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ABSTRACT
Agents are a powerful tool for systems modeling. Instantiating 
each domain entity with an agent captures many aspects of sys-
tem dynamics and interactions that other modeling techniques do 
not. However, an entity’s agent can execute only one trajectory 
per run, and so does not capture the alternative trajectories acces-
sible in the evolution of any realistic system. Averaging over mul-
tiple runs does not capture the range of individual interactions. 
We address these problems with a new modeling construct, the 
polyagent, which represents each entity with a single persistent 
avatar supported by a swarm of transient ghosts. Each ghost in-
teracts with the ghosts of other avatars through digital pheromone 
fields, capturing a wide range of alternative trajectories in a single 
run of the system that can proceed faster than real time.  

Categories and Subject Descriptors
I.2.11  [Artificial Intelligence]: Distributed Artificial Intelli-
gence– multiagent systems. 

General Terms
Algorithms, Measurement, Experimentation. 

Keywords
Multiple futures, uncertainty, BDI, swarm intelligence, digital 
pheromones, dynamics. 

1. INTRODUCTION
The fundamental entity in an agent-based model is the agent, cor-
responding to a discrete entity in the domain being modeled, and 
the fundamental operator is the interaction among agent behav-
iors. The fundamental entity in an equation-based model [9] is 
some system observable, and the fundamental operator is the evo-
lution of that observable. Agent-based models often map more 
naturally to the structure of a problem than do equation-based 
models, have representations that are more naturally constructed 
and explored, and provide more realistic results [8], but have a 
shortcoming. The observables in an equation-based model are 
often averages across many agents, and so implicitly capture the 
range of agent variation (although at an aggregate level). The 

software agent representing an entity in an agent-based model can 
execute only one trajectory in each run of the system, and so does 
not capture the alternative trajectories accessible to the entity in 
the evolution of any realistic system. Good modeling practice 
calls for averaging over multiple runs, but this approach still does 
not capture the range of individual interactions involved. 

A new construct, the polyagent, represents each entity with a sin-
gle persistent avatar and a swarm of transient ghosts. Each ghost 
interacts with ghosts of other avatars through digital pheromone 
fields, capturing a wide range of alternative trajectories in a single 
run that can proceed faster than real time for many reasonable 
domains.We have used this approach in a number of systems that 
we have constructed over the years. The purpose of this paper is 
to articulate the polyagent as a explicit modeling construct and 
provide some guidance concerning its use. 

Section 2 reviews the challenge of adequate sampling in multi-
agent modeling of complex domains. Section 3 proposes a new 
modeling construct, the polyagent, as an answer to this challenge. 
Section 4 discusses systems we have constructed that can be un-
derstood as instances of polyagents. Section 5 concludes. 

2. THE CHALLENGE OF MODELING 
MULTI-AGENT INTERACTIONS 
Imagine n + 1 entities in discrete time. At each step, each entity 
interacts with one of the other n entities. Thus at time t its interac-
tion history h(t) nt. Its behavior is a function of h(t). This toy 
model generalizes many interesting domains, including predator-
prey systems, combat models, innovation and diffusion of ideas, 
and disease propagation.

An equation-based model typically reasons at the level of aggre-
gate or average observables across the agent population (e.g., in 
the predator-prey example, predator population, prey population, 
average predator energy level, or average prey energy level, all as 
functions of time). No attempt is made to model the trajectory of 
an individual entity.  

An agent-based model must explicitly describe the trajectory of 
each agent. In our general model, during a run of length , each 
entity will experience one out of n  possible histories. The popula-
tion of n + 1 entities will sample n + 1 of these possible histories. 
The length of a run is often orders of magnitude larger than the 
number of modeled entities (  >> n).

Good practice recommends that such models be run many times, 
with different random seeds, to explore the range of possible out-
comes. Each such run only samples one set of possible interac-
tions. For large populations and scenarios that permit multiple 
agent interactions, the number of runs needed to sample the pos-
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sible alternative interactions thoroughly can quickly become pro-
hibitive, and the portion of the space of possible entity histories 
actually sampled by a single run is vanishingly small. We would 
need a number of runs on the order of  to generate a meaningful 
sample. Polyagents can capture the outcome of multiple possible 
interactions in a single run. 

3. THE POLYAGENT CONSTRUCT 
A polyagent represents each domain entity with a single avatar
that manages its correspondence with the domain, and a swarm of 
ghosts that explore its alternative behaviors. 

The avatar persists as long as its entity is active, and maintains 
state information reflecting its entity’s state. Its computational 
mechanisms may range from simple stigmergic coordination to 
sophisticated BDI reasoning. Each avatar generates a stream of 
ghosts. Ghosts have limited lifetime, dying off after a fixed period 
of time or after some defined event to make room for more 
ghosts. The avatar controls the rate of generation of its ghosts, but 
typically has several ghosts concurrently active.  

Ghosts explore alternative possible behaviors for the avatar that 
generated them. They are computationally very simple, and inter-
act with one another through a digital pheromone field, a vector 
of scalar values that is a function of both location and time. That 
is, each ghost chooses its actions stochastically based on a 
weighted function of the strengths of the various pheromones in 
its immediate vicinity, and deposits its own pheromone to record 
its presence. A ghost’s “program” consists of the vector of 
weights defining its sensitivity to various pheromones.  

Multiple ghosts multiply the number of interactions that a single 
run of the system can explore. Instead of one trajectory for each 
avatar, we now have one trajectory for each ghost. If each avatar 
has k concurrent ghosts, we explore k trajectories concurrently. 
But the multiplication is in fact greater than this. 

The environment maintains the digital pheromone field, support-
ing three functions [1]: It aggregates deposits from individual 
agents, fusing information across multiple agents and through 
time. Aggregation of pheromones enables each ghost to interact 
with multiple other ghosts at the same time through their phero-
mone field, which summarizes their individual behaviors. It 
evaporates pheromones over time, an innovative alternative to 
traditional truth maintenance in artificial intelligence. Tradition-
ally, knowledge bases remember everything they are told unless 
they have a reason to forget something. Detecting inconsistencies 
is NP-complete. Pheromones constantly forget everything they 
learn, unless it is continually reinforced, so inconsistencies auto-
matically remove themselves. It propagates pheromones to 
nearby places, disseminating information for access by nearby 
agents.  

Propagation enables each ghost to sense the presence of multiple 
other agents. If n avatars deposit pheromones, each ghost’s ac-
tions are influenced by up to n other agents (depending on the 
propagation radius), so that we are exploring in effect nk interac-
tions for each entity, or n2k interactions overall. If individual 
ghosts deposit pheromones, the number of interactions being ex-
plored is even greater, on the order of kn. The interactions are not 
played out in the detail they would be in a conventional multi-

agent model. But empirically, they are reflected with a fidelity 
that is adequate for the problems we have addressed. 

The avatar can activate its ghosts when it wants to explore alter-
native possible futures, modulating their generation rate to deter-
mine the number of alternatives explored and initializing the 
ghosts’ weight vectors to reflect the breadth of alternatives it 
wishes to explore. It can evolve its ghosts to learn the best pa-
rameters for a given situation, monitoring the performance of ex-
isting ghosts against some fitness parameter, and then breeding 
the most successful to determine the parameters of the next gen-
eration. It can review its ghosts’ behavior to estimate the direction 
and likely variation in how its own future behavior. 

The polyagent bears comparison with functionally decomposed 
multi-agent architectures, population-based search, fictitious play, 
and two previous uses of the term “polyagent” (Error! Reference 
source not found.).
Our polyagent is distinct from the common use of multiple agents 
to model different functions of a single domain entity. In a 
polyagent, each ghost has the same function: to explore one pos-
sible behavior of the domain entity. The plurality among ghosts 
provides, not functional decomposition, but a range of estimates 
of alternative likely behaviors.  

Many forms of evolutionary computation [3] allow multiple rep-
resentatives of a single entity to execute concurrently, to evaluate 
their fitness. In these systems, each agent samples only one possi-
ble series of interactions with other entities in the domain. 
Pheromone-based coordination in the polyagent construct permits 
each ghost to adjust its behavior based on many possible alterna-
tive behaviors of other entities in the domain. 
Similarly, the multiple behaviors contemplated in fictitious play 
[5] take place against a static model of the rest of the world. 
Like the polyagent, ant-colony optimization (ACO) [2] uses 
pheromones to integrate the experiences of parallel searchers. The 
novel contribution of the polyagent is the avatar as a single point 
of contact for the searchers representing a single domain entity. 
“Polyagent” is a neologism to capture the concept of several soft-
ware agents that collectively represent a domain entity and its 
alternative behaviors. The term is used in two other contexts that 
should not lead to any confusion. In medicine, “polyagent ther-
apy” uses multiple treatment agents (notably, multiple drugs com-
bined in chemotherapy). K. Kijima [4] uses the term in analyzing 
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multiple decision-makers. In Kijima’s approach, the term “poly-
agent” makes sense only as a description of a system, and does 
not describe a single agent. In our approach, it makes sense to talk 
about a single modeling construct as “a polyagent.”  

4. EXAMPLES OF POLYAGENTS 
We discovered the value of polyagents as a modeling construct by 
reflecting on several applications that we have constructed and 
observing their common features. The full paper discusses these 
applications, which are summarized in Table 2.  

Our current use of polyagents involves a fair amount of art. There 
is much room for theoretical work to make the technique more 
rigorous. Perhaps the most challenging question has to do with 
the legitimacy of merging pheromones of multiple ghosts repre-
senting agent A into a single field that then guides the behavior of 
agent B. This process enables B to explore concurrently its possi-
ble interactions with multiple alternative realizations of A, but the 
formal legitimacy of this process is open to question. 

Pheromone field strength depends on the frequency with which 
agents visit various locations. It may be viewed as a probability 
field describing (for instance) the likelihood of finding an agent of 
a given type at a given location. If those agents are ghosts repre-
senting alternative futures of an entity’s trajectory, the probability 
field represents the likelihood of different future states. An analo-
gous situation arises in quantum mechanics (Table 3), which we 
are exploring as an intellectual and formal model for engineering 
polyagent systems and interpreting their behavior.

5. CONCLUSION
One strength of agent-based over equation-based modeling is that 
it captures the details of the trajectory experienced by each entity. 
In uncertain domains, this strength is also a weakness, because 
any single set of entity trajectories is only a sample from a space 
of possible trajectories that is much too large to explore thor-
oughly by repeated experiments. Polyagents can sample multiple 
interactions in a single simulation run. An avatar mediates be-
tween the entity being modeled and a swarm of ghosts that sam-

ple alternative possible trajectories. The avatar may employ so-
phisticated cognitive reasoning, but the ghosts interact entirely 
through digital pheromone fields that they deposit and sense in 
their shared environment. The avatar modulates the continual 
generation of ghosts, and interprets their aggregate behavior to 
provide an estimate of its entity’s likely behavior. 

We have applied polyagents to several problems. Empirically, the 
construct functions very well, but it opens a wide range of ques-
tions about the relation between multiple ghosts interacting with a 
pheromone field that represents multiple alternative realizations 
of other entities. The system exhibits several parallels with quan-
tum physics that suggest the latter discipline may be a useful basis 
for a more formal model of polyagents. 

The full version of this paper is available at 
http://www.altarum.net/~vparunak/AAMAS06Polyagents.pdf .
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Table 2: Applications of Polyagents
Domain Avatar Ghosts sample … 

Factory Scheduling [1] Workpiece Alternative routings 
Path Planning for Robotic 
Vehicles [6] Vehicle Alternative paths through 

battlefield

Characterizing & Predict-
ing Agent Behavior [7] Warrior

Alternative personalities and 
interactions with the envi-
ronment

Table 3: Parallels between Quantum Physics and Polyagents
Quantum Physics Polyagents 

Duality between (single, local-
ized) particle and (distributed) 
wave function 

Duality between (single, localized) 
avatar and (distributed) swarm of 
ghosts 

Interactions among wave func-
tions’ amplitude fields model 
interactions among particles  

Ghosts’ pheromone fields can be 
interpreted as probability densities 
that model interactions of agents 

Wave function captures a range 
of possible behaviors 

Swarm of ghosts captures a range of 
possible behaviors 

Observation collapses the wave 
function to a single behavior 

Avatar interprets the aggregate be-
havior of the ghosts and yields a 
single prediction of behavior 
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