
 

7/6/2007 Copyright © 2007, TTGSI. All Rights Reserved. Page 1 

Emergent Behavior in Modeling 
H. Van Dyke Parunak, Ted Belding, Sven Brueckner, John Sauter1 

 

1 The Questioner’s Dilemma 
“Ah, but a man’s reach should exceed his grasp,  
Or what’s a heaven for?”  
Robert Browning, “Andrea del Sarto,” 1855. 

In our quest for knowledge, we face a frustrating dilemma. We want to engage with reality—
to anticipate its future behavior, and either adjust it, or adjust our behavior to accommodate it. 
Yet we are fundamentally limited in our freedom to manipulate reality. Our limitation may stem 
from our finite resources: we can seed a cloud, but we can’t change the whole weather system. 
Or it may result from the inexorable flow of time: we can’t change the past, or know the future. 

One tool that we repeatedly use in attempting to break these shackles is modeling. Though we 
can’t change reality, we can build and modify artificial structures that correspond with reality. 
By experimenting with these structures (or “models”), we can gain insight into how the real 
world behaves. The final test of our ideas is to engage them with the real world, but a model can 
let us try out a wide range of ideas that we could never afford to implement physically, so that 
when we do invest in the costly task of manipulating reality, we have a high chance of success. 

Extensive use of modeling became common with the spread and reduction in cost of digital 
computers. As people began to develop models in various fields, they repeatedly encountered 
unexpected results: the whole is often more than the sum of the parts. When they composed a 
model of a system out of models of its individual components, the system as a whole exhibited 
behavior that they had not programmed into the components. We call such behavior “emergent 
behavior.” Clearly, if we are to use computer models responsibly, we need to understand this 
phenomenon.  

Some researchers take a defensive posture, and seek to constrain the system to avoid such 
dynamics [34]. One such article is even entitled, “Emergent Behaviours Considered Harmful” 
[16]! This approach might make sense in an engineered system (though even there, we suggest it 
is misguided). But an increasing body of data suggests that emergent behavior is a characteristic 
of the real world. To the extent that we choke it out by constraining our models, we may in fact 
reduce their fidelity and delude ourselves. Our posture is more offensive. We seek to understand 
emergent dynamics in computer models and exploit them to improve the usefulness of our 
models. 

In Section 2 of this chapter, we introduce the basic concepts of emergent behavior and 
modeling, and suggest some benefits of understanding and exploiting emergent behavior in 
modeling. In Section 3, we review models in five different areas, to illustrate the value of our 
emergent approach. In Section 4, we pull together lessons from this broad experience and offer 
some general conclusions and recommendations. 

                                                 
1 The work reported in this paper was made possible by the Agent-Based and Complex systems (ABC) group, 

notably Steve Brophy and Bob Matthews. 
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2 The Concepts 

2.1 Emergent Behavior 
A classic example of emergence is Conway’s Game of Life [1], which 

operates on a 2-dimensional lattice like a chess board. Each location, or cell, in 
the lattice can be either on or off (1 or 0). Each cell has 8 neighboring cells 
(Figure 1), which can be thought of as the cells to the north, south, east, west, 
northeast, southeast, northwest, and southwest of it, respectively. Each cell in the 
lattice is initially set to be either on or off. At each timestep after the initial one, 
the cells are each updated based on three very simple rules, which can be simulated either by 
hand or on a computer: 

1) A cell that is on in the current timestep 
remains on in the next timestep if 
exactly two or three of its neighbors 
are on in the current timestep. 

2) A cell that is off in the current 
timestep turns on in the next timestep if exactly three of its neighbors are on in the 
current timestep. 

3) In all other cases, a cell is off in the next timestep. 
 
Despite the extreme simplicity of these micro-level rules, 

complex behavior emerges at the macro-level. For example, the 
configuration in Figure 2, known as a “blinker”, oscillates between 
two states, while the configuration in Figure 3, known as a “block”, 
remains fixed in one state (a 2x2 square). 

A more complicated configuration, known as a “glider”, is shown in Figure 4. This emergent 
object will travel forever diagonally down and to the right, as long as it doesn’t run into any cells 
that are on.  These gliders can be produced continuously by objects known as “glider guns”; they 
can be combined with other objects to produce even more complex structures. In fact, it has been 
shown that gliders can be manipulated by other objects that implement the Boolean logic 
functions AND, OR, and NOT, where the gliders represent “true” or 1, and an absence of gliders 
represents “false” or 0 [1]. This implies that the Game of Life is Turing-complete and could be 
programmed to do anything that a standard PC can do, including running Microsoft Windows 
(albeit much more slowly).  

As with other emergent phenomena, the emergence in the Game of Life can be viewed as the 
result of non-linear interactions between the micro-level rules. One cell alone cannot determine 
the future state of its neighbors; this depends on the interactions among a cell’s entire 
neighborhood. Furthermore, there is no simple linear rule that determines whether a cell is on or 

 

 
Figure 1: A 
cell in the 
Game of Life 
and its 8 
neighboring 
cells 

 
Figure 2: An oscillating Blinker in the Game of Life 

 

 
Figure 3: A Block in the 
Game of Life, which 
remains fixed 

 

 
Figure 4: A Glider in the Game of Life, moving 1 cell down and to the right over 5 timesteps 
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off, as would be the case if the rule were simply “The probability that a cell turns on increases 
with the proportion of its neighbors that are on.” A cell’s behavior changes nonlinearly as the 
number of neighbors varies from 0, to two or three, to more than three. 

Even simpler systems, such as one-dimensional cellular automata, can also exhibit emergent 
behavior, and achieve computational completeness [33]. Since emergence occurs in such simple 
systems, it is likely to be the rule rather than the exception in real-world systems. 

2.2 Modeling 
The proliferation of inexpensive digital computers has enabled the development of a wide 

range of models [7]. Some focus on the states that the system can take on, and the transitions that 
convert one state into another. Others focus on discrete functions within the system and how 
these functions transform one variable into another in a cascade of data flows. Still others 
concentrate on the entities that make up a system and how they interact with one another and 
with the environment in which they are embedded. Our research focuses on entity-based models, 
but all of these different perspectives can yield emergent behavior, as long as they share two 
basic (and common) characteristics. 

First, we have defined emergent behavior as system-level behavior that is not explicitly 
encoded in the components. This definition presumes that the model is compositional, assembled 
from smaller parts. Human cognitive limitations ensure that most models are compositional. For 
a system of any size, we simply can’t get our heads around the entire structure all at once, so we 
naturally try to identify its parts, model them, and then define the relations among them. 

Second, not all compositional systems exhibit emergent behavior. The mass of a basket of 
peaches is equal to the sum of the individual masses of the basket and the peaches. We can 
understand cases like this without needing to build a model. When we resort to modeling, it is 
usually because nonlinearities in the interactions among the components keep us from simply 
adding up the parts. As the previous section suggests, these very nonlinearities can generate 
emergent behavior. They may be as simple as feedback loops (in which one of the inputs to an 
entity is a function of its output), or thresholds (such as an upper limit to some variable), or a 
mathematically nonlinear function (an entity that outputs the square of the sum of its inputs). We 
run the model because we can’t simply add up the parts, and emergent behavior is simply the 
difference between what we see and what we would have gotten if the model were additive. 

2.3 The Promise 
The previous section suggests that emergent behavior in models, far from being an isolated 

phenomenon, is unavoidable. We only bother to model systems that we can’t understand 
additively, and that non-additivity is the essence of emergence. But we shouldn’t be discouraged. 
Emergence need not be a threat to our endeavors. It has several desirable features. 

First, repeated experience shows that it is a characteristic of the real world, not just of our 
models. If the purpose of our models is to help us understand the real world, those models need 
to support the same kind of emergence that we see in nature. Emergence-free models will 
inevitably be inaccurate models. 

Second, the same cognitive limitations that lead us to construct composable models out of 
smaller components can also be helped by emergence. Emergence lets us achieve system-level 
behavior that is more complex than what we build into the individual components. An ant-hill 



 Emergent Behavior in Modeling 

7/6/2007 Copyright © 2007, TTGSI. All Rights Reserved. Page 4 

has behaviors that are much more complex than those of any individual ant, but emergence 
means that we can build a faithful model of the ant-hill just by building models of ants and 
letting them interact.  

That last claim almost sounds too good to be true. We’ll only get realistic system-level 
behavior if we get the individual behaviors and their interactions right. The third desirable 
feature of emergence is that it follows general principles that transcend any individual problem 
area, and we can use those principles to help us construct parts with the desired collective 
behavior. One important tool in this program is the branch of physics known as statistical 
mechanics. For over a hundred years, physicists have been studying how the properties of matter 
at the level of our daily experience (such as the temperature of the room, or the stiffness of a 
beam, or the melting point of ice) result from the nature and interactions of individual atoms and 
molecules. Many of the concepts and principles that they have discovered continue to be 
applicable when we move from atoms and molecules to robots and people and sensors. We are 
beginning to understand and exploit these common principles to enable us to engineer 
emergence.  

3 Examples 
Let’s consider several applications of modeling in which emergence has proven useful. In 

each of these examples, we explain the real-world system being modeled and the reason for 
modeling it, identify the emergence involved, and note what we learned in the course of the 
activity about identifying and managing emergence. 

3.1 Manufacturing Scheduling 

3.1.1 Modeling Motives and Mechanisms 
In summer 1998, there arose the following task in the ESPRIT LTR project MASCADA: 

Given a segment of a transport system of arbitrary layout in discrete high-volume production 
composed of unidirectional line-buffers (e.g., conveyors) and multi-input multi-output sequential 
routing devices (e.g., rotation tables, lifts), and assuming that the workpieces sent through the 
segment are all of one product but may be differentiated on the basis of the value of one product 
parameter (e.g., color); how may the segment be controlled in a decentralized manner so that the 
outflow of workpieces occurs in batches of workpieces of the same product parameter value with 
the average batch size of the outflow being significantly higher than that of the inflow? 

Taking the inspiration from insect coordination mechanisms, the following simple but 
effective solution to the batching problem was found. Each sequential router is assigned a 
Router-agent. A Router-agent acts completely autonomous without even directly communicating 
with other agents. The simple task fulfilled by each Router-agent is to take workpieces 
sequentially from the entries of its router to the exits. Therefore, an agent needs to perceive the 
workpieces waiting at the entries and the current state of the exits (blocked or free). To achieve 
the required batching property at the level of the control system made up of these agents, a 
Router-agent has a simple memory. There it stores for each exit the value of the product 
parameter of the last workpiece that has passed the exit. 

With multiple entries and multiple exits a Router-agent has to decide when to take which of 
the available workpieces to what exit. The decision is taken in a sequential execution of the 
following three simple rules, starting at rule one: 
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Sorting Rule (1).—IF at entry X there is a workpiece with a product parameter value of p and 
there exists a free exit Y whose related product parameter in agent memory has a value of p too, 
THEN take the workpiece from X to Y immediately and restart at rule one. 

Extension.—IF there is currently more than one such action possible, THEN select one of 
them randomly. 

Blocking Rule (2).—The ratio of free entries to the overall number of entries determines a 
probability PB to pause the routing operation for a fixed time TB. The higher the ratio, the higher 
is the probability to pause. After pausing restart at rule one. 

Random Rule (3).—Select one occupied entry X and one free exit Y randomly, route the 
workpiece from X to Y, and then restart at rule one. 

These rules are based on the assumption that every workpiece may be routed from any entry 
to any exit at each router. As a consequence, the following two requirements for the layout of the 
transport system are set: 

“Open” Layout.—In the segment of the transport system under consideration, every entering 
workpiece must be permitted to leave through any exit. 

“Directed” Layout.—There must be no cycles in any path from an entry to an exit of the 
segment.  

There exist extensions to the Router-agent behavior that provide an explicit global routing in 
addition to the sorting of workpieces. But these extensions are outside of the scope of this 
discussion. 

3.1.2 Emergence in Manufacturing  
The inspiration for the design of the Router-agents came from the coordinated nest 

construction of ants, termites, or bees. The basic principle that governs the coordination is 
sematectonic stigmergy. In stigmergy in general, there are mechanisms that trigger individual 
work (Greek: „ergon“) through signs (Greek: „stigmata“) in the environment. If these signs are 
aspect of the task itself (e.g., form of an arc in a termites nest) then it is the sematectonic form of 
stigmergy. In sign-based stigmergy on the other hand, the task fulfillment is coordinated through 
additional markers (e.g., pheromones). Stigmergy requires agents to act upon changes in their 
environment that are caused by the agents themselves. These repetitions in space and time of 
small-scale activities in the environment result in a stable and self-organized system-level 
behavior. 

A Router-agent takes decisions on the current configuration of its local environment. Through 
its actions it changes not only its own environment, but also the environment of other 
downstream and upstream Router-agents is changed too. The emergence of coordinated system-
level behavior (here batching) requires the individual activities to be repeated as often as 
possible. As a consequence the quality of the task fulfillment by the agent system depends on the 
individual behavior as well as on the structure of the stigmergetic interactions as it is given by 
the layout of the transport system. Good batching behavior emerges if the following 
requirements for the layout are fulfilled: 
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“Alternative” Layout.—
There are many possible paths 
from an entry to an exit of the 
segment and these paths 
should intersect as often as 
possible to provide a large 
number of local routing points. 

“Homogeneous” 
Layout.—Most sequential 
routers have the same number 
of entries and exits to permit a 
homogeneous setting of agent 
parameters. 

The Router-agents have 
been implemented and they 
have proven themselves in 
several different layouts. One of the most effective layouts for batching is the matrix layout 
shown in Figure 5. The illustrated segment has only one entry (lower left) and one exit (upper 
right). The different shades indicate different product parameter values. The distributed control 
system self-organizes to sort a random inflow into a high-quality outflow. 

3.1.3 Lessons Learned 
The design of a self-organizing control system that creates batches in an initially random 

material flow was at that time spontaneous and intuitive. But its success raised the question 
whether there is a systematic approach to the design. What underlying (bio-)logic has to be 
employed to successfully engineer an agent system of industrial strength that yields global 
properties comparable to those of complex natural systems? What specific support may be given 
to an engineer who eventually implements such an agent society? Finally, in addition to the 
engineering aspect, the analytic aspect also comes into play. Is there a way to support the tuning 
and the evaluation of coordination mechanisms that give rise to emerging global properties? 

Insect societies and the coordination mechanisms they employ have evolved to yield an 
optimal colony behavior. It is not the single insect behavior that is evaluated for its fitness 
because the individual cannot survive without the colony. The “goal” of the optimization process 
is to achieve the best system-level properties in the given environment by tuning the individual 
behavior only. The ordering force of self-organization supports the process [11]. 

The engineering of agent systems follows the same goal – the resulting system is evaluated by 
its global properties. Hence, engineering could also try to design all required properties into a 
homogeneous set of agents, employing, for instance, artificial evolution. But more intuitive, and 
hence easier to realize and to change, is it to split the system into clusters of different agents, 
each cluster providing different aspects in the overall system-level behavior. 

When considering the general requirements for modern manufacturing, two different kinds of 
system-level properties are identified. Primarily, the operation of the manufacturing system must 
be robust, agile, and flexible in the face of changes and disturbances. But, when these primary 
goals are reached, the system is also required to fulfill the production goals as good as possible. 
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The clustering in the design of an agent system for manufacturing control may occur following 
such a distinction of properties. Therefore, the following question is raised: How should one 
design the interplay between the agents that achieve robustness and flexibility and those that seek 
to optimize the operation according to external production goals? 

3.2 Robotic Coordination 
The DARPA JFACC program developed automated tools for planning air campaigns. The 

planning algorithms were adaptive in that they were able to react to changes in the battlespace 
and revise the plans during execution. Our approach used a highly adaptive swarming algorithm 
[26] to control air combat missions with special emphasis on unmanned air vehicles. These 
algorithms were continuous: updating plans continuously during their execution in response to 
new information. They were also any-time: they provided an initial answer any time after new 
information was given to the system and continually refined those plans as time went on. 
Reaction time to new information was measured in seconds, which was sufficient for all but 
immediate pop-up threat avoidance maneuvers.  

The algorithms were extensively evaluated in two subsequent studies by the Office of the 
Secretary of Defense (OSD) Joint Forces Command (JFCOM) J9 and NII [25, 28]. A number of 
experiments were executed by JFCOM and the Space Missile Defense Battle Lab, evaluating 
these algorithms in several militarily realistic scenarios. In all experiments the swarming 
algorithms demonstrated a significant improvement in force effectiveness over traditional 
approaches. The projects culminated in a hardware demonstration with swarming algorithms 
controlling two UAVs and four ground robots in a simulated exercise at Aberdeen Proving 
Grounds in October 2004. 

3.2.1 Modeling Motives and Mechanisms 
In the DARPA JFACC program multiple unmanned air vehicles (UAVs) needed to negotiate 

a dynamic and uncertain threat field in order to find and engage targets of interest. A single agent 
called an avatar represented each UAV. The avatars employed multiple ghost agents to 
continuously plan safe and efficient 
paths to targets of interest. The ghosts 
planned paths using a variant of the ant 
path planning algorithm based on digital 
pheromones. The avatars then followed 
the path planned by the ghosts. The 
digital pheromones were maintained in a 
spatial grid representing the battlespace. 
The algorithms were able to solve 
certain difficult planning problems that a 
centralized potential field path planning 
algorithm was unable to solve such as 
planning a path through a gauntlet of 
threats depicted in Figure 6.  

The ghosts regularly deposited two 
flavors of pheromone: GNest pheromone 
while they were looking for targets, and 

 
Figure 6: Ghost agents continually plan to find the 
safest path around a gauntlet of air defense threats 
(radar icons) to reach the target (house with a "C" 
icon) deep in the throat of the gauntlet. 
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GTarget pheromone when they were returning back to the "nest" after having found a target. 
Targets and Threats, once they were discovered also deposited pheromones. The ghosts used an 
evaluation equation that determined the effect that these pheromones had on their movement 
decisions. Initially the parameters weighting the impact of each pheromone on the ghost's 
decision were tuned by hand. It took one skilled engineer over three months of experimentation 
to get the ghosts to plan paths consistently. Eventually a genetic algorithm was used to tune the 
parameters online during the execution. Within a few minutes the genetic algorithm was able to 
outperform the hand-tuned algorithm by an order of magnitude. While observing how rapidly the 
ghosts were improving their performance the engineer commented, "I felt I should turn off the 
computer before the ghosts got smarter then me!" 

In the OSD studies, ghosts were not used. The applications focused on coordinating the 
movements of multiple UAVs to accomplish surveillance, sensor cueing, target identification, 
and target tracking. The avatars deposited and reacted directly to the digital pheromones in the 
spatial grid.  

There were several characteristics of these applications that relied on modeling to evaluate the 
system effectively: 

• Dynamic – In JFACC targets and threats could move in addition to the UAVs. 
Planning was dynamic since the algorithm continuously updated its plans, refining 
them as time went on and adapting them to new information that arrived about the 
battlespace. In the OSD studies targets and threats were mobile, areas of interest 
could change, and surveillance priorities might change. These factors were 
represented in a modeling environment so their effects on the behavior and 
performance of the system could be determined.  

• Diverse – in both the JFACC and OSD programs many kinds of entities were 
represented. We routinely needed to model between a half dozen to several dozen 
different kinds of units in the battlefield. An agent-based modeling environment 
provided a convenient mechanism to describe the behavior and capabilities of each of 
those units so they could participate in the scenarios.  

• Partial, Uncertain Information – In both JFACC and OSD, not all targets or threats 
were known ahead of time, nor were all target locations known. Once a target or 
threat was discovered, it might be lost again if it was mobile and was not 
continuously tracked. In OSD, multiple sensor acquisitions were sometimes required 
to confirm a target identity. The modeling environment maintained the ground truth 
while the swarming algorithms received partial information about the environment 
through a sensor model. The accuracy of the world models built by the algorithms 
from the partial information could be calculated using the model's ground truth. The 
impact of varying levels of sensor information on the performance of the algorithm 
could also be evaluated through the modeling environment.   

• Stochastic – In all the applications the behaviors of the entities (targets, threats, and 
the UAVs) were modeled stochastically. Stochasticity in the targets and threats 
represented the inability to predict exactly what an enemy unit might do in the future. 
This included if and where they moved, when and how they decided to attack, as well 
as their ability to hide and deceive. Stochasticity in the sensor model represented the 
variability in the sensor's ability to detect a target. Stochasticity in the UAVs was 
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used to represent the normal variations in response to a control command found in 
real-world vehicles and error rates in communications channels.  

In JFACC an open source agent based modeling environment called Swarm was used to 
model the entities and their behaviors and Java was used to model the swarming avatars and 
ghosts. In the OSD project both the Extended Air Defense Test Bed (EADTB) and System 
Effectiveness Analysis Simulation (SEAS) simulation platforms were used to model the 
battlefield simulations. A Java-based model of the UAV platforms and environment was 
developed for running controlled experiments on the swarming algorithm. This model was used 
to characterize its behavior under various conditions and tune the algorithm.  

3.2.2 Emergence in UAV Control 
There were several examples of emergent phenomena that were identified in these projects, 

but one example stood out from the rest. In the JFACC project the ghosts were never able to plan 
the shortest path to the target for the gauntlet problem (Figure 6). As can be seen in the figure, 
the path moves away from the line of air defense threats before entering the mouth of the 
gauntlet. At first we considered this to be a shortcoming in the algorithm until one Subject 
Matter Expert (SME) looked at the result and asked, "How did you program the ghosts to plan 
such a path?" He informed us that air defenses can be linked so that information about an 
incoming target missed by one air defense unit could be passed to the next unit down the line 
giving it a better chance of taking out the target. In other words, the threat effectively increases 
as you move further down the line of air defense units. The safest path is to move further out 
beyond the threat envelope of the air defense unit exactly as the ghosts had done. Upon closer 
examination, the ghosts were simply reacting to the accumulation of threat pheromones from the 
multiple air defense units in the area and choosing a path around that higher concentration of 
threat. This integration of the threat pheromone was effectively implementing the more advanced 
threat avoidance concepts articulated by the SME. This is an example of an unplanned emergent 
phenomenon that was beneficial.  

3.2.3 Lessons Learned 
Getting the desired system level behavior in JFACC was not easy. Though the basics on ant 

path planning algorithms had been published by others, we found that it took numerous attempts 
to get the ghost agents to behave like respectable ants. Sometimes they would get stuck on a 
pheromone hill that might build up between the nest and the target and then end up going back 
and forth making the hill all the larger, but never completing the path back to the nest. 
Evaporation rates of some pheromones made it difficult to establish paths to far away targets. 
With multiple parameters that could be tuned, it quickly became apparent that some kind of 
automatic tuning method was needed. For this particular application a simple genetic algorithm 
proved to be highly effective. Through the objective function we could evolve behaviors that met 
several high level command objectives. Did you want the safest or quickest route? Did you want 
to focus on high priority targets or service multiple targets in an area? By indicating the 
commander's preferences in these high level terms, one could adjust the objective function 
automatically to evolve ghosts tuned for those particular preferences. At the same time, such an 
approach is not a panacea. In other applications we have found that identifying suitable objective 
functions can be challenging and commander's intent is not always easy to capture as a simple 
preference that can be described in an objective function. Still this seems to be a very promising 
aspect of the use of evolutionary techniques in tuning swarming algorithms.  
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One of the experimental questions posed at the start of the J9 experiments was the amount of 
effort that would be required to adapt the algorithm to new scenarios and applications. How 
much would the algorithm have to change when it was given differing tasks? How much tuning 
would be required for changes in the parameters of the same scenario? The answers to these 
questions turned out to be quite promising. A wide range of applications was investigated: 
surveillance, reconnaissance, target tracking, target trailing, sensor cueing, plume detection, 
mapping, and monitoring, and ad hoc communications network support. Different unmanned 
systems needed to cooperate with humans and other sensors in the battlefield. Varying number of 
units, varying threats, varying environments (urban, mountainous, and mixed), and varying 
threats had to be accommodated. Yet despite the diversity of the scenarios and the UAV 
taskings, the same algorithm effectively managed the UAV swarm to accomplish the mission 
more effectively than traditional approaches. At most a new task required the addition of a new 
pheromone into the equation and some slight hand tuning. For all the scenarios a maximum of 
three pheromones was all that was required to accomplish all the functions. Tuning the system 
proved fairly straightforward since the performance of the system was robust against large 
changes in individual parameter settings.  

These algorithms were able to manage a large and diverse population of entities, they proved 
to be remarkably adaptable to a wide range of applications, and they were robust against failure 
demonstrating gradual degradation in system performance as the size of the swarm decreased. 
All this was accomplished with very simple agents essentially driven by a single equation and a 
few pheromones.  

3.3 Battle Prediction 
The DARPA RAID program [12] constructed a system that provides military commanders 

involved in urban combat with near-term predictions of what the adversary will do and 
recommendations of how to proceed with the battle. The program employed several different 
predictive mechanisms, including Bayesian belief networks [24] and game theory [15, 29]. Here, 
we focus on the BEE (Behavioral Evolution and Extrapolation), a component that evolves a 
swarming model of the engagement and uses it to learn the adversary’s decision rules and then 
extrapolate them into the future [22]. 

3.3.1 Modeling Motives and Mechanisms 
The Prussian military strategist von Clausewitz characterized war with two metaphors from 

daily life, “fog” and “friction” [30]. For von Clausewitz, the “fog of war” referred not only to the 
incomplete information available to commanders, but also to the distortion and unnatural 
appearance of the information that is available. The “friction of war” describes the deviations of 
the evolution of the battle from idealized causal models that do not take into account the stresses 
that war places on decision-makers.  

Because of fog and friction, abstract reasoning about how a conflict will evolve is of little use. 
To understand a battle, one must fight it. Yet, in keeping with the dilemma we discussed in 
Section 1, actually engaging in a battle is far too costly to undertake, just to see how it will turn 
out. 

As a result, models have long been used by military commanders to understand the battlefield 
and explore options before entering combat. Even before the days of computers, commanders 
would reconstruct battlefields on a sand table, or even on the ground in the field (Figure 7), so 
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that they could 
visualize the relative 
locations of friendly 
and enemy forces and 
the consequences of 
possible actions on 
either side. In 1916, 
F.W. Lanchester 
published a set of 
differential equations 
that expressed how the 
change in strength of 
each side in a conflict 
varies with the current 
strength of the other 
side [13]. Game 
theory, originally 
developed for 
economic analysis 
[31, 32], after WWII 
became a central tool 
for military planning. 
More recently, agent-based models such as EINSTein [10] and MANA [14] allow commanders 
to study the interactions of individual units. 

To predict the course of an urban battle, RAID’s BEE maintains an agent-based simulation of 
the battlefield similar to EINSTein and MANA. Each unit is represented by a software agent that 
acts out the unit’s likely behavior in interaction with the environment and with other agents.  

We know the doctrine taught to friendly troops, so in principle we could program their agents 
accordingly. But the friction of war has the effect of warping that doctrine in practice, and we do 
not have even a theoretical knowledge of our adversary’s doctrine. So BEE learns a unit’s 
decision rules by observing its recent behavior. Figure 8 illustrates the basic mechanism. The 
software structure that represents 
each unit actually consists of 
several agents, a “polyagent” 
[19]. A single persistent avatar 
generates and modulates a 
stream of ghosts. It generates a 
“guess” (initially, a random 
guess) as to the decision rules of 
the ghosts, inserts them into the 
simulation of the battle (which 
runs faster than real-life) some 
distance into the past, and 
evolves their decision rules 
against their observed behavior 
to learn what their rules (their 

 
Figure 7: Manual battlefield model.—Marines view a sand table representation of 
the operating area of Exercise Desert Punch constructed on the desert floor near 
Yuma, Arizona [17]. 
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“personality”) actually are (left-hand side of Figure 8). Then it allows the fittest ghosts to run 
into the future to generate predictions (right-hand side of Figure 8). In extensive wargames, these 
predictions have proven more accurate than those generated by game-theoretic mechanisms, and 
also than those generated by experienced military officers [18]. 

3.3.2 Emergence in RAID 
RAID’s BEE exhibits emergence both in the evolution of unit personalities and in the 

extrapolation of agent behavior to form predictions.  

We do not code an agent’s personality by hand. That personality is the result of an 
evolutionary process that observes how many different ghosts representing the agent traverse the 
recent past, and how their behavior compares with the observed behavior of the real-world unit. 
Each ghost has a single personality. The personality finally adopted by the avatar is a 
combination of many ghost personalities. The combination is not simply a sum or average of all 
ghost personalities (a linear operation). It favors the personalities that are fittest in terms of best 
matching the unit’s observed behavior when the personality is exercised against the constraints 
imposed by the environment (including the agents representing other units) in the recent past. 
These constraints are highly nonlinear, reflecting the fog and friction of war. In fact, since the 
initial ghost decision rules are largely random, the successful rules that result really reflect the 
environment, not the initial state of any ghost. The personality discovered by the BEE is a 
nonlinear function of that environment. 

Similarly, the prediction generated by an avatar emerges from the nonlinear interactions of 
many different units. As the fittest ghosts of an avatar run into the future, they interact with the 
ghosts of other avatars, representing other units. Depending on each ghost’s decision rules, these 
interactions may result in engagements and fatalities, or in evasive behavior leading to diversion 
of a unit from its objective.  

3.3.3 Lessons Learned 
BEE was designed and constructed on the hypothesis that warfare is essentially an emergent 

process, and is best predicted by emergent mechanisms rather than logical analysis of the most 
rational actions for adversaries to take at each step. BEE’s model of rationality (the decision 
rules used by the agents) are extremely simple, consisting of a vector of weights that indicate 
how strongly a unit is attracted to or repelled from various environmental stimuli. At the level of 
a single agent, such a mechanism is more appropriate to an ant or a termite than to a human. 
However, we hypothesized that the complex interactions of fighting units would so dominate the 
evolution of the battle that a simplistic model of rationality combined with a mechanism for 
exploring rich interactions would yield superior predictions to the more sophisticated rational 
models embedded in game-theoretic predictors.  

Our hypothesis was vindicated in realistic wargames. Repeatedly, BEE yielded more accurate 
predictions than game-theoretic predictors, and even out-predicted human military experts. In 
RAID, emergence is not just an ancillary feature of a model. It is the basis of the model and the 
key to its predictive success. 
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3.4 Clutter Agents 

3.4.1 Modeling Motives and Mechanisms 
Military operations unfold within the constraints of a particular physical environment. 

Operational effectiveness is a product of the joint “system” of the military operations and their 
environment. These emergent dynamics often vary widely as the state of the environment varies, 
to the point where the dynamics and thus the outcome of particular military operations may be 
completely dominated by the environment in which they are embedded. 

One aspect of the environment is the presence of non-combatants, which have to be included 
in realistic models of urban combat. But, the number of non-combatants is typically much larger 
that that of the combatants and one cannot assume detailed entity-tracking information to be 
available from representative real-world scenarios. Therefore, the approach to modeling this 
particular dynamical aspect of the environment of the combat operation must de-emphasize the 
individual and focus more on the resulting group-level behavior. 

The emergent patterns of non-combatant movements in the area of combat operations are a 
function of the dynamics of the combat operation, the constraints of the physical environment, 
and the internal parameters (e.g., personality model) of the agents that comprise the population. 
Furthermore, the individual response to a particular situation (as presented by the graph and local 
pheromone concentrations on it) is non-deterministic and thus, the population is a system with 
non-deterministic dynamics too. 

To analyze these emergent dynamics, we cannot rely on formal methods, because those 
typically break down in the face of the complexity of the system under scrutiny. Rather, we need 
to rely on visual inspection and systematic simulations that will provide us with the empirical 
data necessary to make analytic statements about the system-level behavior with relative 
(statistical) confidence. 

We model non-combatants as simple software agents simultaneously embedded in “physical” 
environment simulated by the Army’s Combat-XXI (CXXI) platform as well as a shared 
dynamical information environment maintained by our extension to CXXI – the Agent Runtime 
Environment (ARE). The software agents guide the movement of their associated CXXI entity 
(here of type INFANTRYMAN) based on the local state of the information environment, which 
in term is influenced by the unfolding combat operation. 

Figure 9 illustrates the flow of information (i.e., state and control) between the CXXI 
simulation of the combat operation and our model of 
the non-combatants. The information environment 
represents the current state of the world in a spatial 
structure that captures the movement constraints of 
the non-combatants (road network in urban 
environment). Non-Combatant (NC) agents access 
their local world state and make movement decisions 
based on their Personality Model (see below). They 
translate these decisions into movements of their 
associated INFANTRYMAN entity in the CXXI 
simulation. In the simulation, these entities interact 
with the other entities modeled to represent the 

Information
Environment

NC-Agent

CXXI

INFANTRYMAN

ARE

MAROP Model
of Non-Combatants

Standard CXXI
Combat Model  

Figure 9. Information flow between combat 
and non-combatants models. 
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combat scenario in the CXXI 
Playboard. The ARE regularly 
queries the Playboard for the state of 
all entities in the simulation as well 
as for particular simulation events 
(e.g., Munition Launched) and 
updates the information environment 
accordingly, which, in turn influences 
the decisions of the NC agents. 

3.4.1.1 The Information 
Environment 

The information environment provides an abstraction of the specific sensing and information 
sharing processes that occur among real-world non-combatants and it enables us to greatly 
reduce the complexity of the NC agents below that of the other entities in the CXXI simulation. 
Through the information environment, the NC agents learn directly about their movement 
options at a particular location, and they are provided with a pre-processed representation of the 
state of their local environment tailored to the specific needs of their decision process (Figure 
10). 

The information environment has a graph structure, comprising nodes and (bi-directional) 
edges among them. This graph structure compiles the constraints of the physical environment of 
the non-combatant entities into a set of discrete movement options (edges) available at a certain 
location (node). Thus, we reduce the reasoning process about where an agent could go next from 
complex (simulated) sensing operations to a table lookup. 

In our current implementation, the graph structure is static – we do not represent dynamic 
terrain changes. At the initialization of the model, we read the graph structure (node locations 
and edge relationships) from a text file that has been generated by our GIS preprocessing tools.  

Each node in the graph manages local state information accessible to the agents located at the 
node or at one of its immediate neighbors. We represent the local state of the simulation as 
concentrations (scalar numerical values) of a set of pheromone flavors. Pheromone flavors are 
data items that the non-combatant agents can identify and they form the “vocabulary” of these 
agents in their sensing of the state of the world. In our final demonstration scenario, we 
distinguish between seven different flavors. Six communicate the presence of alive or dead 
entities of the three sides (RED, BLUE, GREEN) and the seventh one indicates the nearby 
occurrence of a weapons fire event. The implementation of our CXXI extension allows us to 
define pheromone flavors and their specific characteristics easily in the setup of the model. 

3.4.1.2 The NC Agent 
Our model of non-combatants interacting with an unfolding combat operation distinguishes 

between the entity’s physical body (a CXXI simulation entity) and its agent “brain” that guides 
the movement of the entity. This distinction allows us to reduce the complexity of the agent 
further, since it does not have to concern itself with the actual “execution” of the motions. We 
have successfully applied this principle in other projects. For instance, it allowed us to develop 
an agent-based control system for a team of unmanned vehicles based on a simplified simulation 
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Figure 10. The information environment couples the NC-
agents' decision process with the state of the simulation. 
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of the avionics control of the target platform, which was 
then replaced without changes to the agent code with the 
real platform during deployment [27]. 

The NC agent (the “brain”) suggests short moves 
(~10m) to its CXXI entity, which allows it to reassess the 
state of the world at fairly regular intervals to respond to 
changes in its environment. In each such decision cycle, the 
agent first determines which node in the graph of the 
information environment its current location is associated 
with. The node selection is based on the shortest distance to 
the coordinates defined as the center of the node. Once the 
agent determined its current node, it then defines its 
movement options as the set of immediate neighbors of its 
node as well as the current node itself (no-move option).  

Our model of the non-combatants’ decision process 
(Figure 11) defines a “personality” that is shared (to a first-
order approximation) by all members of the population. 
The personality of the non-combatants describes their quantitative response to the proximity of 
certain entities or events on the battlefield. The specific stimuli that are incorporated into the 
personality model can be configured in the setup of the model. 

An Attraction operates on one particular pheromone flavor. For a given Option Set – a 
collection of nodes accessible to the agent – the Attraction samples the current concentration of 
that flavor at each node, normalizes it across the set (add up to one), and then exponentially 
amplifies the resulting value with a filter value between plus and minus one (exp[af*qf], with af 
the response filter in [-1,+1] and qf the normalized concentration of the flavor f at a particular 
node in the Option Set). The resulting response scores are again normalized across the Option 
Set, which thus defines the probability to select a particular node form the Option Set from the 
perspective of a particular pheromone flavor. 

The MovementDecision object, which holds the Attraction objects that make up a particular 
personality model, averages the probabilities assigned to a particular node and then uses a 
tunable probabilistic selection mechanism (weighted roulette wheel with noise filter) to 
determine the target node for the next move. The actual move that the agent suggests to its CXXI 
entity is into the direction of the center of that target node, but limited to a short distance. 

3.4.2 Emergence in MAROP 
The individual NC agent probabilistically integrates the locally perceived and dynamically 

changing state of the combat operation (e.g., presence of fighters, firefights) and the topology of 
the urban landscape (e.g., road network) with its internal personality model. As this local process 
is repeated across the entire population placed into the combat zone, reasonably realistic patterns 
of non-combatant distributions emerge. These patterns reflect a particular population’s (i.e., 
implicitly aggregated population “personality”) response to a given conflict. For instance, a 
population that is somewhat sympathetic with one side may actually be more likely to “get in the 
way” of the operation than one that is only interested in “self-preservation”. 

graph
structure

a)
e)

d)b)
c)

 
Figure 11. Agent Decision Cycle. a) 
Actual entity location determines b) 
associated node in graph structure. 
Pheromone concentrations on nodes in 
Option Set and personality model result 
in selection probabilities c). Probabilistic 
choice picks target node d) and thus 
determines direction of actual move with 
limited speed e). 
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3.4.3 Lessons Learned 
Our model of non-combatant behavior in combat operations reinforces two general insights 

that are important to the design of large-scale entity-based systems with emergent properties: 

1) Abstraction of Information Acquisition.—While it is important to represent the 
detailed sensing capabilities of individual entities in small (3-5) agent systems, 
replicating these capabilities in large-scale systems is not only prohibitive (requires too 
much computation), but also unnecessary. MAROP demonstrated that we can achieve 
realistic population patterns even though the individual entities sense only numerically 
encoded abstract state information through synthetic pheromones. 

2) Probabilistic Personality Model.—Just as in regards to modeling the details of the 
information acquisition process, modeling the detailed process of responding to this 
information is only necessary (and possible) in small-scale systems. Thus, traditional 
AI-based agent models are only useful in systems comprising only a few agents. 
MAROP demonstrated that a simple probabilistic response model to external stimuli is 
sufficient to produce the desired population behavior. 

3.5 Resource Allocation 
The DARPA ANT program explored innovative mechanisms for allocating resources to tasks 

(for example, assigning maintenance facilities and spare parts to military aircraft to maximize 
mission readiness, or assigning sensors to incoming targets to maximize coverage) [6]. The 
program’s acronym refers to “Autonomous Negotiating Teams,” and reflects a focus on using 
agent-based models to address this complex problem. 

3.5.1 Modeling Motives and Mechanisms 
Resource allocation is a textbook example of an NP-complete problem [8]. The number of 

possible combinations of resources and tasks, and the nature of their interactions, is so large that 
problems of realistic size cannot be solved exactly in any reasonable period of time. 

The problem would not be nearly so difficult if resources could be allocated to tasks in a 
linear fashion. Allocating several billions of gasoline molecules to hundreds of aircraft is not a 
complex problem. One simply adds up all the fuel and divides by the number of aircraft. NP-
complete problems are hard because they are nonlinear. One common type of nonlinearity is a 
threshold: an aircraft needs a fixed whole number of engines, so assigning three engines across 
four single-engine planes is not as simple as giving three-quarters of an engine to each plane. 
Another nonlinearity results from kitting. Each bolt needs a matching nut, and a solution that 
assigns all the bolts to one aircraft and all the nuts to another won’t work. Because of these and 
other nonlinearities, successful patterns of allocation usually cannot be predicted analytically, but 
must be generated and tested, leading to emergent effects. 

Our contribution to the ANT program focused on exploring these emergent effects, using 
tools and concepts inspired by statistical mechanics.  

One of the models we explored is the “minority game” [4]. In the simplest form of the 
minority game (MG), N consumers (N odd) repeatedly seek access to C = N – 1 resources 
distributed evenly across G = 2 suppliers. In each turn of the game, each consumer selects one of 
the suppliers. Because C < N, one supplier will be overloaded. A consumer receives a point if the 
supplier it selects turns out not to be overloaded, and nothing if its supplier is overloaded. Each 
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consumer makes its choice with a look-
up table, or “strategy,” mapping from 
vectors of m past system states to 
supplier choice. The larger m, the larger 
the space of strategies available to 
consumers, and the more of the past 
history each consumer can take into 
account in making its decision. Each 
consumer has two such tables. After each 
turn, it computes which strategy would 
have yielded the greatest payoff 
throughout the history of the game, and 
uses that strategy on the next turn. The 
objective of the game is to maximize the 
total points awarded to all consumers. 
The most points that can be awarded 
in any one turn is C/2, which happens 
when the population of the two 
suppliers differs by the least possible 
(one consumer). Thus a useful metric 
for the system’s overall behavior is the 
variance in the population of either of 
the suppliers, normalized by the 
number of consumers, σ2/N. Because 
this metric varies inversely with total 
reward, it measures system 
inefficiency. 

3.5.2 Emergence in ANT 
As captured by these abstract models, resource allocation reflects emergence in several ways. 

Two of the most striking are phase shifts [20] and universality [21]. We discuss the first of these 
here. 

A system exhibits a phase shift if some characteristic changes abruptly as a system variable 
increases or decreases. The notion originates in physics, where it describes phenomena such as 
the change of a substance from a liquid (with infinite symmetry) to a crystal (within limited 
symmetry) as the temperature drops through the freezing point. If the change can be 
demonstrated analytically as a mathematical discontinuity, we speak of a “phase transition.”  

Figure 12 plots. σ2/N over the space of N (total demand) vs. C (total capacity). This surface 
shows seven distinct regions. At the extremities (N >> C or C >> N) are two regions in which 
σ2/N is fairly smooth as a function of N and C. As we move toward the diagonal, we pass into 
areas in which the dependence of σ2/N on C and N is rougher. Moving further toward the 
diagonal from either direction, σ2/N decreases and has a smoother dependence on C and N.  
Finally, very close to the diagonal σ2/N increases, reaching its maximum value near C=N.  

Figure 13 shows a slice at constant C = 200 through this peak, as it descends into the left-hand 
valley. In this region, the values of σ2/N for different runs separate into two quite distinct groups. 

 
Figure 12: Mean Variance in Supplier Load.—m = 6. The 
central ridge corresponds to N = C.  

 
Figure 13: Phase Coexistence.—C = 200. Note coexistence of 
both phases for N = 206 and N = 207. 
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For a given C and a range of N, there is a well-defined coexistence region between two very 
distinct phases, comparable to the coexistence of different phases in a physical system. The 
values of σ2/N in Figure 12 at the top of the central peak and at the bottom of the neighboring 
valleys accurately reflect typical behavior of individual runs. But the average values along the 
flanks are atypical; any given individual run belongs either to the high or the low phase.  

Understanding discontinuous behavior of this sort is critical to managing resources. It shows 
that a small change in demand can result in a huge change in the availability of whatever system 
the resources are supporting. As important as these discontinuities are, they are not explicit in the 
behavior of the individual agents. They emerge from the interactions of the agents, and modeling 
is an important tool to discover them.  

3.5.3 Lessons Learned 
Our research in emergent behavior (and phase shifts in particular) in resource allocation led to 

a number of important lessons, concerning both the nature of this behavior and tools for dealing 
with it. 

Three principles are of broad applicability. 

1. Phase shifts are ubiquitous. Using another model of resource allocation (graph coloring), 
we have found such shifts associated with almost every feature of the model [2].  

2. The computational effort required for a system varies as one crosses a phase shift. Phase 
transitions have long been known in decision systems (yielding a “yes-no” answer) [5, 
9], where they exhibit an easy-hard-easy effort profile: highly under- and over-
constrained problems are easier to solve than those near the transition. The conventional 
wisdom is that the profile in optimization problems such as resource allocation is 
monotonic, becoming more difficult as constraints increase. On the contrary, the effort 
profile for optimization depends on the solution method, and we have demonstrated 
easy-hard-easy profiles for optimization problems [20]. 

3. Somewhat paradoxically, while some features of these transitions depend on the nature 
of the solution method, others do not, a phenomenon known as “universality.” The 
interactions of the agents can so constrain the system that their individual decision rules 
are of little importance [21]. 

To manage phase shifts, we have developed a number of tools. 

• Once one recognizes the potential for phase shifts, it is natural to simulate a system 
extensively to identify configurations where they may occur. But searching a system’s 
parameter space exhaustively can require huge amounts of computation. By applying 
evolutionary methods to the search, we can explore the space much more efficiently 
[3]. 

• Real systems are not static. As they evolve, the locations of phase shifts may change, 
requiring the system to adapt dynamically to avoid catastrophic failures. Pheromone 
learning [23] enables individual agents to adjust their parameters incrementally based 
on locally available indicators of system state. 

• Identifying such local indicators for global phenomena such as a phase shift is tricky. 
We have found that the option set entropy, the entropy over the set of choices 
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available to an agent at any moment, is a good candidate for such a local measure [2, 
3]. 

4 Lessons 
These experiences in multi-agent modeling, and others like them, yield several common 

insights. Emergence is real, it has the potential to help our work, and it can be managed to realize 
this potential. 

The Reality of Emergence.—Emergence is not just a feature of the model. It is an integral 
part of the problem domains that we are modeling. Real entities (whether they be manufacturing 
stations, or UAV’s, or soldiers, or civilians, or resources) interact nonlinearly, and those 
interactions produce emergent effects. A model of such domains with no emergence is an 
unfaithful model.  

The Constructive Value of Emergence.—When emergent effects in multi-agent software 
were first noticed, some researchers suggested that they were harmful and should be avoided  
[16, 34]. Given our previous observation, these criticisms are self-defeating for modeling: if the 
world is emergent, our models must be as well. In addition, we have found that emergent 
behavior can yield important benefits. The schedules chosen in our manufacturing example, the 
routes discovered in our robotic example, and the predictions generated in our battle prediction 
example are all emergent outcomes of agent interactions that would not be possible without 
emergence. We could achieve realistic behaviors of clutter agents without detailed knowledge 
engineering because their interactions emergently yielded the same kinds of realistic behavior 
exhibited by real people under similar circumstances. Our experience suggests that recognition 
and exploitation of emergence can greatly reduce the complexity of models while enhancing the 
usefulness of their results. 

Analyzing Emergence.—Realizing the promise of the previous paragraph requires 
developing an array of engineering tools and methods for dealing with emergence. Fortunately, 
many of these are already available in other domains. As our work in resource allocation 
showed, statistical physics is a rich source of techniques that can be applied to multi-agent 
models. Time-delay plots can reveal hidden regularity in apparently random time series. 
Awareness of universality can allow us to simplify models greatly, using simpler agents instead 
of more complex ones without losing the essential system-level outcomes that we wish to 
achieve. Pheromone learning, evolutionary detection of phase shifts, and the notion of option-set 
entropy are all useful tools to detect, monitor, and control emergence so that it enhances the 
promise of multi-agent modeling. 
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