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Abstract. The Polyagent is a new modeling construct thatessmts each
entity in the domain by a set of agents. A singesfstent avatar maintains the
system’s overall model of the entity in questiondagenerates a stream of
transient ghosts to explore various issues of ésteio the agent. These ghosts
may be applied in a variety of ways. We have ubethtextensively to explore
alternative futures that the avatar may follow, they can also be used to
evaluate plan structures, compare the usefulneaftevhative organizations of
documents for retrieval by different analysts, erfprm other combinatorially
challenging domains. A common thread behind vari@applications of
polyagents is that the ghosts explore differentii@n" scenarios that guide the
decisions made by their avatar. Each ghost explbomsssible trajectory for the
avatar, which then chooses its behavior basedeaxheriences of its ghosts.

1 Introduction

People often support decisions by thinking throtigh consequences of alternative
courses of action—in effect, by simulating them ta#iy. In fact, one of the major
uses of simulations is as decision-support aids.

Software agents can also use simulation to guidie ttecisions. That is, they may
run a model of the world to see what might happenleu various decision
alternatives, then make the decision that leadhdomost desirable outcome. Such
simulation can be either equation-based or agese¢baOur focus here is on agent-
based simulatioh,in which software agents representing the domaitities are
situated in a representation of the environmentiatetact with the environment and
with one another, acting out a possible trajectdrthe future. The agent responsible
for making a decision activates an agent-basedlation of the domain, and chooses
an action based on the evolution of that simulation

This approach to decision-making is complementarg humber of other decision
mechanisms. By way of contrast, consider severeth soechanisms that are popular
in research on Al and autonomous agents.

1 Elsewhere [40] we discuss the benefits of agesethamodeling over simulation-based
modeling; more recently, see [44].
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Derivational methods, such as rule-based reasoning and thearimgp, derive
consistent conclusions from axioms and inferendesrsuch as modus ponens or
modus tolens. These methods require translatingah®ain into a set of well-formed
symbolic expressions with truth values that are raab&e to formal manipulation.
This translation process, an aspect of knowledggnerring, can be time-consuming
and error-prone.

Constraint-based methods also work with sets of statements aboutdtdmain,
but in this case the emphasis is on finding vafoesariables in these statements that
satisfy certain conditions, rather than on derivingw statements from them.
Constraint-based methods fall into two broad caiegoConstraint satisfaction seeks
a set of assignments to the variables that makesf ahe statements true, while
constraint optimization associates a cost funotigh conflicts among statements and
seeks a set of assignments that minimizes the lbecest.

Both derivational and constraint-based methodsrfavstatic world, in which the
truth values of the statements on which they raly lbe assumed to remain constant.
By contrast,game theoreticmethods explicitly model the interaction betwewo t
adversarial reasoners. They evaluate the distinategy choices on each side, but
require enumeration in advance of all possible ad®i and make two assumptions
about the adversaries that may not be true: tleatittversaries know the payoffs of
the various options, and that they make their damtésrationally. Iterated game-
theoretic methods can be viewed as a version afilation, but one that focuses on
the players’ strategies and minimizes the impat¢hefenvironment.

These approaches are valuable tools in the deesaker's kit. But they have
certain fundamental limitations that agent-basetuiation can avoid.

1. Spatial irreducibility recognizes the intractability of logical analysit spatial
constraints on a domain-independent, purely qusigaepresentation of space or
shape [7, 8]. While sophisticated representatidnspatio-temporal information
are available (e.g., [29, 46]), relevant reasorabgut geometrically constrained
problems still requires direct measurements onatiadpmodel. Such reasoning is
much more natural using a simulation whose enviemnembeds the required
topological structure.

2. Process irreducibility [14] means that for systems beyond a certain (Veny
[52]) level of complexity, direct emulation is thmost efficient approach to
predicting their evolution. Formal logical systerage rife with intractability
barriers [9] that require either restricting thapplication to small problems or
weakening the expressiveness of the underlyingcédgiormalism. Simulation
works with an iconic representation of the domaither than a symbolic one, and
avoids the formal logical operations that leadntoactability.

3. Dynamic uncertainty means that nonlinear interactions among domairtiesti
can generate uncertainty, even if the states anfigewation of the entities are
precisely known. Two successive runs of the sarseesy may not yield the same
outcome. The problem is not external noise or ntardenism, but the sensitive
dependence of an iterated nonlinear system onalinitonditions. Classical
reasoning methods are either deterministic or pyaf the uncertainty in the
inputs through to the outputs. Simulation can emeuthe generation of dynamic
uncertainty and estimate its impact, if it includas explicit model of how the
environment actively integrates the actions of masientities [26].
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These issues make simulation a valuable tool faistm-making. The agent
facing a decision runs a simulation of the domaimg consults its results to inform
the choice that it makes.

This chapter describes a particular construct farltimgent modeling, the
polyagent, that encapsulates the technique of aiioalbased decision-making. The
construct is highly imitative, drawing from concggtom a number of disciplines,
including computer science, biology, and physiosthe next section, we define the
polyagent. In Section 3, we describe its use irsghapplication domains. In Section
4, we outline directions for further research, aodclude in Section 5, summarizing
the multidisciplinary inspirations for the polyagen

2 The Polyagent Model

In spite of the benefits of simulation as a decidimol, it faces a significant challenge.
This section articulates this challenge, motivates basic principles involved in the
construct, then outlines in detail the polyagemh#aecture and the environment in
which it operates, and discusses related research.

2.1 A Challenge for Simulation-Based Decision Makg

Simulation faces an important challenge compareth wiore traditional decision
mechanisms. The logical formalisms on which thogemanisms are based impart a
certain generality to their conclusions. A run ddimulation is just that, a single run,
with no way to generalize it. Particularly if thensilation permits the generation of
dynamic uncertainty, multiple runs must be madsample the possible outcomes of
the scenario. The necessary number of runs is rhigtter than one might initially
think.

Imaginen + 1 entities in discrete time. At each step, eafity interacts with one
of the othem. Thus at time its interaction history(t) is a string im". Its behavior is
a function ofh(t). This toy model generalizes many domains, inclggiredator-prey
systems, combat, innovation, diffusion of ideasl disease propagation.

It would be convenient if a few runs of such a sgstold us all we need to know,
but this is not likely to be the case, for threasans.

1. We may have imperfect knowledge of the agentsritatiestates or details of the
environment (for example, in a predator-prey systiésa carrying capacity of the
environment). If we change our assumptions abagelunknown details, we can
expect the agents’ behaviors to change.

2. The agents may behave non-deterministically, eitrerause of noise in their
perceptions, or because they use a stochastidateeigorithm.

3. Even if the agents’ reasoning and interactions degerministic and we have
accurate knowledge of all state variables, nontitiea in decision mechanisms
or interactions can result in overall dynamics thae formally chaotic, so that
tiny differences in individual state variables céend to arbitrarily large
divergences in agent behavior. A nonlinearity canab simple as a predator’s
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hunger threshold for eating a prey or a prey’s gynéhreshold for mating. This
process is responsible for the generation of dyoamcertainty.

An equation-based model typically deals with aggtegobservables across the
population. In the predator-prey example, such oladdes might be predator
population, prey population, average predator gnésggel, or average prey energy
level, all as functions of time. No attempt is mademodel the trajectory of an
individual entity. This aggregation can leads tdaes errors in the results of such a
model [44].

An ABM explicitly describes the trajectory of eaegent. In a given run of a
predator-prey model (for example), depending on tdyedom number generator,
predator 23 and prey 14 may or may not meet at 85 If they do meet and
predator 23 eats prey 14, predator 52 cannotdsteounter prey 14, but if they do not
meet, predator 52 and prey 14 might meet latgprdfiator 23 happens to meet prey
21 immediately after eating prey 14, it will not lbengry, and so will not eat prey 21,
but if it did not first encounter prey 14, it wilonsume prey 21. And so forth. A
single run of the model can capture only one sehafily possible interactions among
the agents.

In our general model, during a run of lengtkeach entity will experience one tf
possible histories. (This estimate is of coursesivoase, since domain constraints
may make many of these histories inaccessible.)pbpailation ofn + 1 entities will
samplen + 1 of these possible histories. It is often thsecthat the length of a run is
orders of magnitude larger than the number of nextlehtitiest( >> n).

Multiple runs with different random seeds offer yml partial solution. Each run
only samples one set of possible interactions.l&ge populations and scenarios that
permit multiple interactions on the part of eaclerstgthe number of runs needed to
sample the possible alternative interactions thgihbu can quickly become
prohibitive. In the application described in Seot®3,n ~ 50 and ~ 10,000, so the
sample of the space of possible entity historigsadly sampled by a single run is
vanishingly small. We would need on the ordert ains to generate a meaningful
sample, and executing that many runs is out ofjtiestion.

We need a way to capture the outcome of multiplesinbe interactions among
agents in a few runs of a system. Polyagents aeesofution to this problem. In
essence, each agent uses a lower-level multi-aggsiem representing itself to
explore alternative futures in guiding its decision

2.2 Two Big Ideas

The next few sections explain the polyagent modetionstruct. To help motivate it,
we begin by introducing two concepts that it embsdienvironmentally-mediated
interactions, and continuous short-length predictio

2.2.1 Environmentally-Mediated Interactions

Because of dynamic uncertainty, we need to explor@ny possible futures.
Computational expense is a major obstacle to sxphoeation with conventional
agent-based models, and much of this expense isodilre cost of computing direct
agent-to-agent interactions.
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Social insects achieve complex coordination taskh wery limited processing
resources, by means of stigmergy [11] (coordinatltoough a shared environment
rather than by direct interaction). Many insectcige deposit and sense chemicals,
known as pheromones, in their environment. A spenight have a vocabulary of
several dozen such chemicals. The strengths ofrekelting fields reflect the
frequency with which individuals that deposit thbave been at the deposit location,
and are sufficient to generate a wide range of emtjve behaviors among the
organisms, including generation of minimal pathweeks and construction of
complex three-dimensional nests [30].

Insects construct their pheromone fields using dbalsy in a physical
environment. We use a digital pheromone field, wstimg of scalar variables
localized in a structured digital environment. Tfigdd reflects the likelihood that the
class of agent that deposits that particular flasgsopresent at a given space-time
location. Each agent’s field is generated by a swaf representatives, or “ghosts,”
that build up the field by their movements and m#ieir own decisions on the basis
of the fields generated by other agents. Thus abelecisions take into account a
large number of possible interactions in a single of the system.

2.2.2 Continuous Short-Range Prediction

Pierre-Simon Laplace was confident that to an ofesewith enough information
about the present and sufficient computing cagsbitio detail of the future could
remain hidden [24]. His optimism foundered on thasstivity of nonlinear processes
to initial conditions. Nonlinearities in the dynaraiof most realistic systems drive the
exponential divergence of trajectories originatifmse to one another.

In many applications, we can replace a single lamge prediction with a series of
short-range ones. The difference is between drigirgr in the daytime and at night.
In the daytime, one may be able to see severabrdibevn the road. At night, one can
only see as far as the headlamps shine, but dieckeadlamps move with the car, at
any moment the driver has the information needednsike the next round of
decisions.

In physical systems, one typically describes thetesys with vector differential

equations, e.g.}LX: f(x)- At each moment,
dt

we fit a convenient functional form fdrto - L(\
the system’s trajectory in the recent past, and ..~~~ "; \

then extrapolate this fit (Fig. 1, [20])| |/ - ¢ % \-\(c\
Constant repetition of this process provideg a; | : %
limited look-ahead into the future. The| =~ Q
process can be applied in reverse as w
allowing us to project from a series @
current observations into the past to recover
likely his.torical ante.ceden.ts of the cur.rethig. 1. Tracking a Nonlinear Dynamicdl
state. This program is straightforward with Asystem.a = system state space; b|=

Jid
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system  described  numerically.  Thesystem trajectory over time; ¢ = recent
architecture described in the next fewmeasurements of system state; d = shprt-

sections applies it to agent behavior. range prediction.
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2.3 The Architecture

Each polyagent represents a single domain entityorisists of a singlavatar that
manages the correspondence between the domaimhanmblyagent, and a swarm of
ghoststhat explore alternative behaviors of the domaitityenSometimes it is useful
to consider the swarm of ghosts in their own rigist,adelegate MASLet’s discuss
each of these concepts in more detail.

2.3.1 Avatar

The avatar corresponds to the agent representing an entity éonventional multi-
agent model of the domain. It persists as longtaeitity is active, and maintains
state information reflecting its entity’s states tomputational mechanisms may range
from simple stigmergic coordination (coordinatiomat is mediated by a shared
environment) to sophisticated BDI reasoning. A ¢gbipolyagent model incorporates
multiple polyagents, and thus multiple avatars.

The avatar observes its ghosts to decide on its agtions. Depending on the
application, it may simply climb the aggregate mmeone gradient laid down by its
ghosts, or evaluate individual ghost trajectoriesélect those that maximize some
decision criterion. For example, in a military apagtion, it may select the trajectory
offering the least risk, or the greatest likelihaddsuccess. (The two are often not the
same!)

Avatars may also deposit digital pheromones diyed¢tbr example, in a military
application, an avatar modeling a target will eentarget pheromone that attracts the
ghosts of units seeking to attack that target, dfehe target avatar does not use
ghosts to plan its own movements (a situation thiatains when the target is
stationary).

2.3.2 Ghosts

Each avatar generates a streanglofst agentsor simply ghosts Ghosts typically
have limited lifetime, dying off after a fixed ped of time or after some defined
event to make room for more ghosts. The avataralenthe rate of generation of its
ghosts, and typically has several ghosts concuyrantive.

Ghosts explore alternative possible behaviorsHeirtavatar and generate a digital
pheromone field recording those possible behavmrseference by other agents. The
field is a function of both location and time, iaesing as ghosts make their deposits
and decreasing through a constant background eatmorthat removes obsolete
information. Each ghost chooses its actions stdidadly based on a weighted (not
necessarily linear) “combining function” of the estigths of the various pheromone
flavors in its immediate vicinity, and deposits ibsvn pheromone to record its
presence. A ghost's “program” consists of its cammig function, the vector of
weights defining its sensitivity to various pheramo flavors, and any other
parameters in its combining function. The ghostgyntlimbs the gradient defined by
the output of the combining function.

Having multiple ghosts multiplies the number ofeiatctions that a single run of
the system can explore. Instead of one trajectoryeéch avatar, we now have one
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trajectory for each ghost. If each avatar lhasoncurrent ghosts, we explote
trajectories concurrently. But the multiplicatianin fact greater than this.
The digital pheromone field supports three fundifih 31]:

1. It aggregategdeposits from individual agents, fusing informat&cross multiple
agents and through time. In some of our implemantatof polyagents, avatars
deposit pheromone; in other, ghosts do. Aggregadfopheromones enables a
single ghost to interact with multiple other ghoatsthe same time. It does not
interact with them directly, but only with the pberone field that they generate,
which is a summary of their individual behaviors.

2. It evaporatepheromones over time. This dynamic is an innoeagiernative to
traditional truth maintenance in artificial intgléince. Traditionally, knowledge
bases remember everything they are told unless hla@g a reason to forget
something, and expend large amounts of computaitiorthe NP-complete
problem of reviewing their holdings to detect insstencies that result from
changes in the domain being modeled. Ants immegiabegin to forget
everything they learn, unless it is continuallynferced. Thus inconsistencies
automatically remove themselves within a known qukri

3. It propagatepheromones to nearby places, disseminating infiioma

This third dynamic (propagation) enables each gtiosense multiple other agents.

If n avatars deposit pheromones, each ghost’'s actiensffwenced by up to other

agents (depending on the propagation radius), &owh are exploring in effect*k

interactions for each entity, of*k interactions overall. If individual ghosts deposit
pheromones, the number of interactions being egplds even greater, on the order

of K". Of course, the interactions are not played ouhéndetail they would be in a

conventional multi-agent model. But our empiricalperience is that they are

reflected with a fidelity that is entirely adequétbe the problems we have addressed.
Pheromone-based interaction not only multipliesrthenber of interactions that we
are exploring, but also enables extremely efficexgcution. In one application, we
support 24,000 ghosts concurrently, faster thahtirea, on a 1 GHz Wintel laptop.
The avatar can do several things with its ghogtgedding on the application.
It can activate its ghosts when it wants to explalternative possible futures,
modulating the rate at which it issues new ghostsldétermine the number of
alternatives it explores. It initializes the ghostgeight vectors to define the
breadth of alternatives it wishes to explore.
It can evolve its ghosts to learn the best paramef@r a given situation. It
monitors the performance of past ghosts againsediimess parameter, and then
breeds the most successful to determine the pagasnaftthe next generation.
It can review the behavior of its swarm of ghostptoduce a unified estimate of
how its own behavior is likely to evolve and whag range of likely variability is.

2.3.3 Delegate MAS

The avatar-ghost relationship encapsulates themati an agent’'s using simulation
to inform its decisions. An avatar's ghosts ardaict conducting a simulation of the
domain to inform the avatar's next decision. Theasw of ghosts is a multi-agent
system in its own right. Because it performs a iservor its avatar, it can be
described as a “delegate MAS” [12, 13]. Fig. 2 swariges the unification of the
polyagent and delegate MAS model, discussed in mer&l elsewhere [37].
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2.4 The Environment

. . Polyagent

The stigmergic
coordination among 1 !
ghosts requires an
environment within which 1.% 7 consistsof  consists of ™\ 1
they have a well-defined Ghost  L1=* L] Delegate [1.% T avatar
location at any time. The T MAs

consists of is controlled by

importance of the

environment is not limited| _. ) o
Fig. 2. Each Polyagent is the combination of an Avatar|and

to swarmlngf agents.tEverlone or more delegate MAS. Each delegate MAS mayereg
more complex agents arg specific service for the Avatar, and the Avatar mesge g

limited by the active role|compination of delegate MAS to handle a single ohéts
that the environment playq concerns.

in integrating their actions,
and inattention to this detail can lead to erroseoesults [26]. In addition, the
topology of the environment enables agents to liméir interactions to a subset of
other agents, and thus to avoid the computatioredplosive task of interacting with
all other agents.

The simplest environment for stigmergic agents imsamifold, such as the surface
of the earth. This is the environment in which lh@ogical antecedents of stigmergy
first developed. It offers a number of benefitglinling uniformity in the structure of
the topology seen locally by agents (typicallyatite), and the existence of a well-
defined metric.

Manifolds are natural environments for polyagerist by no means the only
feasible topologies. The factory scheduling apfilices discussed in Section 3.1 use a
process graph, in which the nodes are process atepthe links indicate the order in
which they may be performed. In such a structuifégrént nodes may have different
numbers of successors, so that an agent’s looal ofiehe topology changes from one
node to the next. In addition, there may be no-defined metric on such a graph. In
spite of these shortcomings, our experience shdwas polyagents can function
effectively on such a structure.

In our current implementation, the environment ¢stssof a “book” of pheromone
maps, one for each time step of interest. Thusttength of the pheromone from an
avatar's ghosts at a given location on a given pafjects the collective estimate of
the avatar's ghosts that the avatar will be at tbattion at that time. In some
applications, this period includes the recent pastvell as the future through which
prediction is desired. As ghosts move ahead in,titmey advance from one page to
the next. All agents share a single book, sincepheromone maps are the only
means available for ghosts of different agentsiteract with one another.

2.5 Related Work

Our polyagent bears comparison with several previowlti-agent paradigms, two
varieties of enhanced simulation, and three otkes wf the term “polyagent.”
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2.5.1 Polyagents and Multi-Agent Paradigms

Polyagents are distinct from the common use of sgenmodel different functions of
a single domain entity. For example, in ARCHON [5ftfje domain entity is an
electrical power distribution system, and indiviluagents represent different
functions or perspectives required to manage tls&esy In a polyagent, each ghost
has the same function: to explore one possible \behaf the domain entity. The
plurality of ghosts provides, not functional decamsition, but a range of estimates of
alternative behaviors.

Many forms of evolutionary computation [17] allowuhiple representatives of a
single entity to execute concurrently, to compartfitness. In these systems, each
agent samples only one possible series of interagtivith other entities. Pheromone-
based coordination in the polyagent construct psredch ghost to adjust its behavior
based on many possible alternative behaviors efrahtities in the domain.

Similarly, the multiple behaviors contemplated iatifious play [23] take place
against a static model of the rest of the world.

Like the polyagent, ant-colony optimization [5] sggheromones to integrate the
experiences of parallel searchers. The polyaganhsnce is the notion of the avatar
as a single point of contact for the searchersesgmiting a single domain entity.

2.5.2 Polyagents and Simulation

The need to consider multiple possible futures idely recognized. Polyagents
address, in a more systematic fashion, three stionléechniques that have been used
by others: repeated stochastic simulation, recersivulation, and multitrajectory
simulation.

Reference [45] cites an unpublished study at thiweysity of the German Federal
Armed Forces showing that repetitions of a stodbastodel offer comparable
accuracy to a deterministic model. This approadtects the stochastic nature of
ghost reasoning, but each entity in a run stillezignces only one possible trajectory
of the other entities, rather than the distributmrer possible trajectories that the
digital pheromone field presents to polyagents.

Recursive simulation [10] occurs when one simufafiovokes another in support
of a local decision. Previous implementations @ thea invoke recursive simulation
only in support of some agent decisions, and tkeeitdevel simulation is another
instance of the same simulation model that invakesith restricted scope. Polyagent
avatars base all of their decisions on lower-lesghulations, which run in a
stigmergic world of reduced dimensionality to ematbmputational efficiency.

Polyagents compute multiple futures concurrently isingle run. This technique,
called multitrajectory simulation, has also beeplesed by Gilmer and Sullivan [18].
Their approach evaluates possible outcomes at bemhch point stochastically,
selects a few of the most likely alternatives, andpagates them. This selection is
required by the high cost of following multiple paf but avoiding low-probability
paths violates the model's ergodicity and compresiiaccuracy [19]. Polyagents
avoid this problem, in three ways. 1) They sample futures it extends from the
distribution of all possible futures, and so doest mutomatically prune low-
probability paths. 2) The highly efficient numeti@xecution of ghosts lets them
explore more paths than can qualitative simulat®yNewly developed methods for
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analyzing the effective state space of a polyageodel let us monitor the model’s
coverage dynamically and correct it if it becomiesnged.

It is important to situate the polyagent constwith regard multimodels [6, 53],
which Fishwicket al. [6] define as employing “more than one model, edetived
from a different perspective, and utilizing correspondinglistinct reasoning and
simulation strategies” (emphases ours). The sewghabkts representing a single
avatar are identical, other than (possibly) the&ight vectors. When the weight
vectors vary, one might view the ghosts as haviitjeérent perspective(s),” and thus
as forming a multimodel. However, they all use saene “reasoning and simulation
strategies,” and (unlike multimodels) can be deptbwith identical weight vectors,
in order to explore alternative futures that caisearfrom trajectory divergence.
Multimodels emphasize differences within the modaksmselves, while polyagents
emphasize differences in behavior resulting fromlinearities in interactions among
the agents. This difference corresponds to thederodistinction between systems of
multiple BDI agents, where the intelligence residiesthe individual agents, and
swarming systems, where the intelligence emergem finteractions among the
agents.

2.5.3 The Term “Polyagent”

The term “polyagent” is our neologism for a setsoftware agents that collectively
represent a domain entity and its alternative biensvThe term is used in three other
contexts that should not lead to any confusion.

In medicine, “polyagent therapy” uses multiple treant agents (notably, multiple
drugs combined in chemotherapy).

Closer to our domain, but still distinct, is theeusf the term by K. Kijima [21] to
describe a game-theoretic approach to analyzing sibidal and organizational
interactions of multiple decision-makers. For Kigimthe term “poly-agent” makes
sense only as a description of a system, and datedescribe a single agent. In our
approach, it makes sense to talk about a singleslimgdconstruct as “a polyagent.”
This sense is related to the human systems distosdetp://www.polyagent.org

The term “polyagent” is also used in theoreticahaeology to describe (roughly)
an entity that participates in multiple process¥4.[

3 Some Applications of Polyagents

In this section, we describe some specific appbost of polyagents and delegate
MAS'’s.

3.1 Factory Scheduling and Control

The first application of polyagents was to realdijob-shop scheduling [1]. We
prototyped a self-organizing multi-agent system hwthree species of agents:
processing resources, work-pieces, and policy agéwatars of processing resources
with different capabilities and capacities and axabf work-pieces with dynamically
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changing processing needs (due to re-work) joinimize the flow of material

through a complex, high-volume manufacturing tramspystem. In this application,
only the avatars of the work-pieces actually depitwpsts. The policy agents and
avatars of the processing resources (machineskingte agents in the traditional
sense.

In a job shop, work-pieces interact with one anotie blocking access to the
resources that they occupy, and thus delaying amether. Depending on the
schedule, different work-pieces may interact, iffiedent orders. Polyagents explore
the space of alternative routings and interactamrurrently in a single model.

Work-piece avatars currently loaded into the mactuféng system continuously
deploy ghosts that emulate their decision processemoving through various
decision points in the manufacturing process. Esfcthese decisions is stochastic,
based on the relative concentration of attractiwerpmones in the neighborhood of
the next decision point. These pheromones are lactieposited by the policy agents
that try to optimize the balance of the materialflacross the transport network, but
they are modulated by the ghosts. Thus, an avaghosts modulate the pheromone
field to which the avatar responds, establishingadaptive feedback loop into the
future.

The avatars continuously emit ghosts that emulaé& turrent decision process.
The ghosts travel into the future without the deélaposed by physical transport and
processing of the work-pieces. These ghosts malytfie next likely processing step
and wait there until it is executed physically,tbey may emulate the probabilistic
outcome of the step and assume a new processitggfstathe work-piece they are
representing. In either case, while they are actihe ghosts contribute to a
pheromone field that reports the currently prediatelative load along the material
flow system. When ghosts for alternative work-pgegplore the same resource, they
interact with one another through the pheromonasthiey deposit and sense.

By making stochastic decisions, each ghost explanesiternative possible routing
for its avatar. The pheromone field to which itpesds has been modulated by all of
the ghosts of other work-pieces, and representsipteublternative routings of those
work-pieces. Thus the ghosts for each work-pieqaoea both alternative futures for
that work-piece, and multiple alternative interant with other work-pieces.

Policy agents that have been informed either bydnsgor by other agents of the
desired relative load of work-pieces of specifiates at a particular location in turn
deposit attractive or repulsive pheromones. Thiuxyugh a local adaptive process,
multiple policy agents supported by the flow of ghagents adapt the appropriate
levels of pheromone deposits to shape the futore @f material as desired.

By the time the avatar makes its next routing oboiwhich is delayed by the
physical constraints of the material flow throupk system, the ghosts and the policy
agents have adjusted the appropriate pheromontsatsthe avatar makes the “right”
decision. In effect, the policy agents and the ghoentrol the avatar as long as they
can converge on a low-entropy pheromone conceottr#tiat the avatar can sample.

Factory scheduling has also been a fertile apjpticatrea for delegate MAS'’s [12,
13, 47, 48]. The issuing agents (“avatars” in th@yggent model) are PROSA
(Product-Resource-Order-Staff Agent) [49] agentsAll PROSA agents have
counterparts in reality, which facilitates integoatand consistency (indeed, reality is
fully integrated and consistent). The main PROSAmg in the MES are:
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Resource agents reflecting the actual factory. Tdfégr a structure in cyber space

on which other agents can virtually travel throtigé factory.

Order agents reflecting manufacturing tasks.

Product agents reflecting task/product types.

Both resource agent and order agents issue deldyag A single agent may
have several delegate MAS. Each delegate MAS Bamit responsibility.

Resource agents use a delegate MAS to make theicee known throughout the
manufacturing system. Ant agents collect informati@about the processing
capabilities of resources while virtually travelittgough the factory. Thegeasibility
antsdeposit this information (pheromone) at positionsyber space that correspond
to routing opportunities.

Each order agent is an issuing agent for a deldg#&8 in which exploring ants
scout for suitable task execution scenarios. Intexid each order agent is an issuing
agent for a second delegate MAS that informs tlseuece agents of its intentions:
Intention antsregularly reconfirm bookings for slots at resosr¢€ig. 3). Specific
manufacturing execution systems employ additioredéghte MAS to deliver case-
specific services [47].

I S

e Player Control Area Time Line

o 250 s00

ssssss

Fig. 3. Intention ants notify resource agents about tteniions of their respective order agent
to occupy resources at a specific time slots in nbar future. Resource agents use [this
information to self-schedule.
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3.2 Vehicle Routing

Two pressures require that path planning for r@beghicles be an ongoing activity.
1) The agent typically has only partial knowleddet® environment, and must adapt
its behavior as it learns by observation. 2) Theirenment is dynamic: even if an
agent has complete knowledge at one moment, a lpdgsed on that knowledge
becomes less useful as the conditions on whicla# based change. These problems
are particularly challenging in military applicat® where both targets and threats are
constantly appearing and disappearing.

In the DARPA JFACC program, we approached this lembby imitating the
dynamics that ants use in forming paths betweei tiests and food sources [30].
The ants search stochastically, but share thetodesies by depositing and sensing
nest and food pheromone. Ants that are searchinfpém deposit nest pheromone
while climbing the food pheromone gradient leftduccessful foragers. Ants carrying
food deposit food pheromone while climbing the n@®romone gradient. The initial
pheromone trails form a random field, but quickbjl@pse into an optimal path as the
ants interact with one another’s trails.

The challenge in applying this algorithm to a rabetehicle is that the algorithm
depends on interactions among many ants, whileh&leeis a single entity that only
traverses its path once. We use a polyagent t@sept the vehicle (in our case, an
aircraft) whose route needs to be computed [35, 42}he avatar moves through the
battlespace, it continuously emits a swarm of ghashose interactions mimic the ant
dynamics and continuously (re)form the path in froihthe avatar. These ghosts seek
targets and then return to the avatar. They restmadveral digital pheromones:

RTargetis emitted by a target.

GNestis emitted by a ghost that has left the avatarisuséeking a target.

GTargetis emitted by a ghost that has found a target ametturning to the avatar.

RThreatis emitted by a threat (e.g., a missile battery).

Ideally, the digital pheromones are maintained indiatributed network of
unattended ground sensors dispersed throughowtetiele’s environment, but they
can also reside on a central processor, or evemutiple vehicles. In addition, we
provide each ghost witbist, an estimate of how far away the target is.

In general, ghosts are attracted to RTarget phemenamd repelled from RThreat
pheromone. In addition, before they find a targhgy are attracted to GTarget
pheromone. Once they find a target, they are attdao GNest pheromone. A ghost's
movements are guided by the relative strengthdedet quantities in its current cell
and each neighboring cell in a hexagonal lattiteoinputes a weighted combination
of these factors for each adjacent cell and selothastically among the cells, with
probability proportionate to the computed value.

Each ghost explores one possible route for theclehihe avatar performs two
functions in overseeing its swarm of ghosts.

1. It integratesthe information from the several ghosts in theiplerations of
alternative routes. It observes the GTarget phenastrength in its immediate
vicinity, and guides the robot up the GTarget geati GTarget pheromone is
deposited only by ghosts that have found the tamyed its strength in a given
cell reflects the number of ghosts that traver$ed ¢ell on their way home from
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the target. So the aggregat
pheromone strength estimates th
likelihood that a given cell is on g
reasonable path to the target.

2. It modulatesits ghosts’ behaviors
by adjusting the weights that th¢
ghosts use to combine th
pheromones they sense. Initially
all ghosts used the same han
tuned weights, and differences i
their paths were due only to th
stochastic choices they made i
selecting successive steps. Whe
the avatar randomly varied the
weights around the hand-tuned values, system pedioce improved by more
than 50%, because the ghosts explored a wider raingeites. We then allowed
the avatar to evolve the weight vector as the gystperates, yielding an
improvement nearly an order of magnitude over hamed ghosts [41].

We tested this system’s ability to route an aitcirasimulated combat [35]. In one
example, it found a path to a target through a tewuof threats (Fig. 4). A centralized
route planner seeking an optimal path by integgatinoss function and climbing the
resulting gradient was unable to solve this probieithout manually introducing a
waypoint at the gauntlet's entrance. The polyagericeeded because some of the
ghosts, moving stochastically, wandered into thangat, found their way to the
target, and then returned, laying pheromones ti@tr ghosts could reinforce.

Another experiment flew multiple missions throughchanging landscape of
threats and targets. The figure of merit was th& ®urviving strength of the Red and
Blue forces. In two scenarios, the aircraft's avdlew a static route planned on the
basis of complete knowledge of the location of dtseand targets, without ghosts.
The routes differed based on hoy
closely the route was allowed t
approach threats. A third case us
ghosts, but some threats were invisibj| 7 .
until they took action during th
simulation. Fig. 5 compares these thr
cases. The polyagent's ability to de
with partial but up-to-date knowledg
both inflicted more damage on th
adversary and  offered highe
survivability than preplanned script
based on complete information.

Route 'plannlng shows  how Fig. 5. Real-Time vs. Advance Planning.—
polyage_nts gh(_)sts can  explor ‘Script” is a conservative advance route bgsed
alternative behaviors concurrently, ang, complete knowledge. “Script narrow” ig a
integrate that experience to form Bmore aggressive advance route. “Ghost” is| the
single course of action. Since only ongesult when the route is planned in real tjme
polyagent is active at a time, this workbased on partial knowledge

rkig. 4. Gauntlet Routing Problem

Equal Weapons

Red Total

@
=)
L

Blue Total

Total Remaining Strength
=
E

Script Script Narrow Ghost
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does not draw on the ability o
polyagents to manage thg
space of possible interaction
among multiple entities.

In a similar vein, delegate]
MAS’s have been applied tg
the problem of traffic control
for conventional vehicles [16,
50], in an experimental traffic
control system that proactively
tries to predict and avoid road
congestion. Each car in the
system is represented by a task
agent, while road segments and
crossroads are represented by
resource agents. Task agentgig 6. A car at the circle (at the bottom right) has éjre
use resource agents to book |dossible routes: straight ahead, left, and straighand
certain road in advance tryingthen right. In the current situation, the car folfothe
to avoid road congestion{route straight ahead, which has the minimal cost.
Three types of delegate MAS
are used: (i) resource agents issue feasibilitg émtgather information about the
underlying environment (which roads lead to whiakstthations). (ii) task agents
issue exploration ants to gather information akibet costs of possible routes; (iii)
task agents issue intention ants to book the besdilple route. A booking must be
refreshed regularly to maintain the reservation.

The delegate MAS approach has been applied to ¢omdrd crossroad, a well-
known Belgian congestion point between the BrusRéalg and the E411 Motorway
(Fig. 6). Tests for a realistic morning peak scenahow a reduction of 26% of
congestion time for an increase of only 4% of exiaaeled distance.

"2

3.3 Prediction

The DARPA RAID program [22] focuses on the problerh characterizing an
adversary in real-time and predicting its futuréndéor. Our contribution to this
effort [38] uses polyagents to evolve a model afheeeal-world entity (a group of
soldiers known as a fire team) and extrapolatdetsavior into the future. Thus we
call the system “the BEE” (Behavior Evolution andrapolation).

Fig. 7 is an overview of the BEE process. Ghosts tin a timeline indexed kty
that begins in the past at the insertion horizod ams into the future to the
prediction horizont is offset with respect to the current timeThe timeline is
divided into discrete “pages,” each representirspecessive value df. The avatar
inserts the ghosts at the insertion horizon. Incurent system, the insertion horizon
is att -t = -30, meaning that ghosts are inserted into @ pagresenting the state of
the world 30 minutes ago. At the insertion horizthre avatar samples each ghost's
rational and emotional parameters (desires andosiispns) from distributions to
explore alternative personalities of the entityrépresents. The avatar is also
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Fig. 7. Behavioral Emulation and Extrapolation. Each avgemerates a stream of ghosts that
sample the personality space of its entity. Theglwav against the entity’s recent obseryed
behavior, and the fittest ghosts run into the feitiorgenerate predictions

responsible for estimating its entity’s goals (gsabelief network) and instantiating

them in the environment as pheromone sources thradt@in and guide the ghosts’

behavior. In estimating its entity's goals and betately modulating the distribution
of ghosts, the avatar reasons at a higher cogréixad than do the pheromone-driven
ghosts.

Each page between the insertion horizon fardt (“now”) records the historical
state of the world at its point in the past, represd as a pheromone field generated
by the avatars (which at each page know the acitzie of the entity they are
modeling). As ghosts move from page to page, thesract with this past state, based
on their behavioral parameters. These interactio@an that their fithess depends not
just on their own actions, but also on the behavigir the rest of the population,
which is also evolving. Becaugeadvances faster than real time, eventutlky t
(actual time). At this point, the avatar evaluagash of its ghosts based on its location
compared with the actual location of its correspogdeal-world entity.

The fittest ghosts have three functions.

1. The avatar reports personality of the fittest gioseach entity to the rest of the
system as the likely personality of the correspogdentity. This information
enables us to characterize individual warriorsrassually cowardly or brave.

2. The avatar breeds the fittest ghosts geneticalliyramtroduces their offspring at
the insertion horizon to continue the fitting prese

3. The fittest ghosts for each entity run past theanapresent into the future. Each
ghost that runs into the future explores a diffeqgossible future of the battle,
analogous to how some people plan ahead by mesiatiylating different ways
that a situation might unfold. The avatar analythesbehaviors of these different
possible futures to produce predictions of enenhabi®r and recommendations
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for friendly behavior. In the future, the pheromdiedd with which the ghosts
interact is generated not by the avatars, but kyghosts themselves. Thus it
integrates the various possible futures that tretegy is considering, and each
ghost is interacting with this composite view ofatlother entities may be doing.

The first and third functions are analogous toithegrating function of the avatars
in route planning, while the second is analogoufi¢omodulation function.

This model has proven successful both in charaiterithe internal state of
entities that we can only observe externally, angredicting their future behavior.
[38] details the results of experiments based ortiphel wargames with human
participants. We can detect emotional state oftieatas well as a human observer,
but faster. Our prediction of the future of thetleats also comparable with that of a
human, and much better than a “guessing” baselisedon a random walk.

RAID [32]

4 Future Research

At present, polyagents are an effective technique agent-based modeling and
simulation, but their theoretical foundations offerrich and open field for future
study, and they have the potential for even broagptication.

4.1 Theoretical Opportunities

As with any novel software technology, initial aipgtions of polyagents rely heavily
on experimentation. Our work so far has identif@dnumber of directions for
theoretical and engineering development to makie #pplication more systematic.

Pheromones as Probabilities—Polyagents enable parallel exploration of muttipl
possible behaviors of the avatar because ghossaaitwith digital pheromones laid
down by ghosts of other avatars. These pheromores be interpreted (up to a
normalizing constant) as a probability field ovie tavatar’'s possible behavior. This
interpretation relies heavily on the boundednespharomone fields under constant
deposit and evaporation [1], which makes globalmadization well-defined. In
addition, for many ghost decisions (selecting amaltgrnative destinations), all that
matters is relative probabilities across the neighbod of cells being considered,
which requires only local knowledge of pheromoneasmtrations in those cells.
Further theoretical exploration of the notion oeptmones-as-probabilities will open
the door to integrating polyagents with more tiadial probabilistic reasoning
systems.

Parameter Analysis—Polyagents are rife with parameters, all of whigted to
be tuned. Some can be tuned by the avatar, asdtilates the generation of ghosts.
Others need to be configured when the systemtialimed. Still others may be varied
by the ghosts themselves. A disciplined analysighef kinds of parameters, the
mechanisms available for tuning them, and the seitgiof an application to their
values is an ongoing need. A foundation for thisrata is well-defined metrics that
can be applied to the behavior of ghosts. We haagensome progress in this area in
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defining formal similarity metrics over bundlestodjectories [34], and features such
as the option set entropy over ghost decisions [2].

Dynamics—Any look-ahead mechanism in a highly non-lineamain is subject
to divergence of trajectories, imposing a predicttworizon beyond which further
projection is worthless. We have reported prelimirevidence of such horizons [33],
but much work remains to be done. In particulagrehappears to be some similarity
between the performance of a polyagent over varitoee horizons and the
performance of the minority game, a simple modelredource allocation, over
different history lengths. Understanding this sarity may greatly strengthen our
application of both models. More generally, thedwgon horizon is an example of
an emergent behavior [43]. Such behavior invitesapplication of new methods that
are being developed for its detection and charaetiion [3].

Universality.—The success of low-dimensional field-based imtoas in
predicting the behavior of high-dimensional cogr@étsystems is on first impression
unexpected. We can associate it by analogy withengality in statistical physics, the
observation that when systems with very differemierinal structures are similarly
constrained, their behaviors can converge [36].I18Me have empirical evidence for
such universality, we are far from understandinglétail when it arises and how far
we can exploit it, and its theoretical elaboratioould be extremely valuable.

Hybrid Symbolic-Subsymbolic Reasoning—Ghosts are lightweight, stigmergic
agents, guided by subsymbolic computations. Thelrabior is controlled by their
internal personalities and the environment in whibby are immersed. Symbolic
processes that need to interact with them can ratelthese two points of contact.
This whole matter of the interface between symbdghimcesses (which are
understandable to humans) and sub-symbolic onearifgnwg ghosts) is full of
potential for hybrid systems [39] that combine thenefits of both approaches. In
principle, the polyagent is already a hybrid systeimce the avatar is not constrained
to be stigmergic, and could in principle be a BQéeat with full symbolic reasoning.
In this approach, the swarming ghosts serve thpqgser of the symbolic agent. Other
approaches include mixing ghosts and more complganta as peers, using a
symbolic layer as a user interface to swarming &geor embedding symbolic
structure in the environment that the ghosts maaiplsubsymbolically (discussed in
the next section).

4.2 New Applications

Information Fusion.—In many domains, multiple reasoning mechanisms ar
available, each with its champions who extol itpesiority over its rivals. There is
growing evidence both anecdotal and formal [28]t taacombination of diverse
competent reasoners can often outperform a siegleoner that is superior to any one
of them. Combining mechanisms, such as baggingstimp and Bayesian model
averaging are available for classifiers [4]. Pobyaig offer a mechanism to fuse less-
structured data and reasoners. In fact, our worlbattle prediction (Section 3.3)
offers a static example of this, using a geospatiistical model for threat regions
and a Bayesian net reasoner that identifies likelgmy objectives to modulate the
pheromone field to which ghosts respond.
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Individual reasoners can constrain a polyagent Isition, in one or more of three
ways.

1. Asin Section 3.3, they can deposit digital phernawmat specified locations. A
field dedicated to a specific predictor enablesghests to respond directly to
that predictor.

2. By default, avatars generate ghosts with randorsgoedities and rely on
evolution to find personalities with predictive ual A predictor can speed up
this process by setting default values for ghossqalities directly. If these
default values are correct, the evolution will cerge more rapidly to high-
fitness ghosts.

3. Predictors can change the structure of the sinrlanvironment, adding or
removing nodes and links.

Evolution enables ghosts to prefer the pheromorigsgreatest predictive value at
any moment, thus selecting dynamically among thediptors, and dynamically
adjusts the population to give appropriate weighgittost personalities generated by
various predictors. Thus polyagent information dasiautomatically prefers the
reasoners that can make the greatest contributiding system’s objective at any
moment, based on recent performance, and shiftaher reasoners dynamically as
circumstances change.

While we have demonstrated polyagent informatiosidin for a fixed set of
reasoners, there is ample room for new developteeanhable an open environment
for fusion of an arbitrary set of reasoners inxagidomain.

Swarming over Task Networks—Applications of polyagents to factory control
and traffic flow on highways already demonstratesrtpotential in environments that
do not have the regular structure of a lattice anifold. These networks are flat, and
do not reflect the hierarchical structure impligit many planning tasks. We are
currently exploring mechanisms for using polyagemts develop coordinated
schedules over hierarchical task networks, in paldr those represented in an
extension of the TAEMS formalism [15, 25]. A planneay develop such a network to
express a set of high-level tasks that need todesenaplished and the individual
actions that can support them, but the problemoafrdinating a set of agents to
develop a schedule over this plan (an assignmen¢safurces and times to specific
actions) is combinatorially complex. By embodyimgrplex symbolic relationships
in the environment, we bring the highly efficienbsymbolic processing of
stigmergic agents to bear on intrinsically symbgdioblems. In effect, we have
externalized the symbolic aspect of the problemyvingit from within a single agent
to the space within which agents interact.

5 Conclusion

Polyagents are a thorough-going approach to usimglation in support of agent
decisions. They have been applied successfullyremge of problems, and provide
the stimulus for a rich array of ongoing researopids that we and others are
pursuing.
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Perhaps the most interesting feature of polyagéstsheir multidisciplinary

imitative origin. For example:
Their underlying software structure is based ontragent simulation.
The use of stigmergic coordination is modeled oerpmone systems in social
insects.
The training process used to adapt the ghosts’ Weigctors to the recent
observed behavior of the entity being modeled geretic algorithm, inspired
by biological evolution.
The motivation of considering multiple trajectoriemmes from the realization
in modern physics of the importance of trajectoiyetence resulting from
sensitivity to initial conditions.
The reasonableness of using a low-dimensional modapproximate a high-
dimensional reality is inspired by the phenomenbuariversality in solid state
physics.

The convergence of these various inspirations gialdonstruct of great flexibility
and breadth of potential application.

One important alternative to such an imitative apph is a derivational approach
grounded in mathematical formalism. For exampleifigial intelligence was for
many years closely identified with programming laages rooted in formal logic,
such as Lisp (a direct expression of Church’s laantalculus) and Prolog (based on
Horn clauses). A number of the alternative appreacto agent decision-making
summarized in Section 1 reflect this more formamation.

At base, this distinction reflects the age-old temsbetween “neats” and
“scruffies” in the Al community. Yet in fact the itative nature of polyagents opens
a door to address this tension. The various dis&plthat inspire this construct have
all been the object of some degree of formal madelAs polyagents demonstrate
their value to an increasingly broad range of agpions, these theories become
available to inform design decisions and interginetresults of polyagent models. The
foundation of polyagents is indeed in empirical esce rather than abstract
formalisms, but the mathematics to develop diseguli engineering methods for
polyagents can be drawn from the same disciplifeg inspired the construct
initially, and much of our ongoing research ageisddirected to this end.

References

[1] S. BruecknerReturn from the Ant: Synthetic Ecosystems for Maotufing Control
Dr.rer.nat. Thesis at Humboldt University Berlingfartment of Computer Science,
2000. http://dochost.rz.hu-berlin.de/dissertationen/bknec-sven-2000-06-
21/PDF/Brueckner.pdf

[2] S. Brueckner and H. V. D. Parunak. Informat@riven Phase Changes in Multi-

Agent Coordination. IfProceedings of Autonomous Agents and Multi-Agesitegs
(AAMAS  2003) Melbourne, Australia, pages 950-951, ACM, 2003.
http://www.newvectors.net/staff/parunakv/AAMASO3bfhaseChange. pdf

[3] C.-C. Chen, S. Nagl, and C. Clack. Specifyibgtecting and Analysing Emergent
Behaviours in Multi-Level Agent-Based Simulatiois Proceedings of The Summer




(4]

(3]

(el

(7]

(8]
(9
[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

Polyagents: Simulation for Supporting Agents’ Deci®n Making 21

Computer Simulation Conference (SCSC 200fpages 969--976, 2007.
http://www.cs.ucl.ac.uk/staff/C.Clack/research/Nidvel ABM. pdf.

T. G. Dietterich. Ensemble methods in machimarhing. In Proceedings of
International Workshop on Multiple Classifier Systepages 1-15, Springer, 2001.
M. Dorigo and T. StuetzleAnt Colony OptimizationCambridge, MA, MIT Press,
2004.

P. A. Fishwick, N. H. Narayanan, J. SticklemdaA. Bonarini. A multi-model
approach to reasoning and simulatidBEE Transactions on Systems, Man, and
Cybernetics 24(10):1433-1449, 1994.
http://citeseer.ist.psu.edu/fishwick94multimodehht

K. D. Forbus, P. Nielsen, and B. Faltings. Quaéive Kinematics: A Framework. In
Proceedings of International Joint Conference otifisial Intelligence pages 430-
435, 1987.

K. D. Forbus, P. Nielsen, and B. Faltings. Qe Spatial Reasoning: The Clock
Project.Artificial Intelligence 51(1-3):417-471, 1991.

M. R. Garey and D. S. Johnsd@omputers and IntractabilitySan Francisco, CA,
W.H. Freeman, 1979.

J. B. Gilmer, Jr. and J. S. Frederick. Reagrsiimulation to aid models of decision
making. InProceedings of Proceedings of the 32nd conferend&imter simulation
Orlando, Florida, pages 958-963, Society for Compw®imulation International,
2000.

P.-P. Grassé. La Reconstruction du nid etdesrdinations Inter-Individuelles chez
Bellicositermes Natalensis et Cubitermes kp. théorie de la Stigmergie: Essai
d'interprétation du Comportement des Termites CGoours. Insectes Sociayx
6:41-84, 1959.

T. Holvoet and P. Valckenaers. Beliefs, desirand intentions through the
environment. InProceedings of 5th International Joint Conference Autonomous
Agents and Multiagent Systems (AAMAS 20BGkodate, Japan, pages 1052-1054,
2006.

T. Holvoet and P. Valckenaers. Exploiting tBevironment for Coordinating Agent
Intentions. InProceedings of Third International Workshop on Eowments for
Multi-Agent Systems (E4AMASQ6)akodate, Japan, Springer, 2006.

J. E. Hopcroft and J. D. Ullmaimtroduction to Automata Theory, Languages, and
Computation Reading, MA, Addison-Wesley, 1979.

B. Horling, V. Lesser, R. Vincent, T. Wagnéx, Raja, S. Zhang, K. Decker, and A.
Garvey. The Taems White Paper. 2004. Web site,
http://dis.cs.umass.edu/research/taems/white/

E. Huard, D. Gorissen, and T. Holvoet. Applyidelegate multi-agent sytems in a
traffic control system. CW 467, Katholieke Univéesti Leuven, Leuven, Belgium,
2006.http://www.cs.kuleuven.be/publicaties/rapporten€WA467.abs.html

C. Jacoblllustrating Evolutionary Computation With Matherntat San Francisco,
Morgan Kaufmann, 2001.

John B. Gilmer, Jr. and J. S. Frederick. Altgtive implementations of
multitrajectory simulation. IrProceedings of Proceedings of the 30th conferemce o
Winter simulation Washington, D.C., United States, pages 865-&REIComputer
Society Press, 1998.

John B. Gilmer, Jr. and J. S. Frederick. Studfy an ergodicity pitfall in
multitrajectory simulation. IfProceedings of Proceedings of the 33nd conference o
Winter simulation Arlington, Virginia, pages 797-804, |IEEE Comput8ociety,
2001.

H. Kantz and T. SchreibeMonlinear Time Series Analysi€ambridge, UK,
Cambridge University Press, 1997.




22

[21]

[22]
(23]

[24]
[25]

[26]

[27]

H. Van Dyke Parunak and Sven A. Brueckner

K. Kijima. Why Stratification of Networks Emges in Innovative Society: Intelligent
Poly-Agent Systems ApproacifComputational and Mathematical Organization
Theory 7(1 (June)):45-62, 2001.

A. Kott. Real-Time Adversarial Intelligence &ecision Making (RAID). 2004.
http://dtsn.darpa.mil/ixo/programdetail.asp?pro&id=

T. J. Lambert, lll, M. A. Epelman, and R. Lm8h. A Fictitious Play Approach to
Large-Scale OptimizatiorDperations Resear¢h3(3 (May-June)), 2005.

P. S. LaplaceEssai Philosophique sur les Probabilitd820.

V. Lesser, K. Decker, T. Wagner, N. Carver,@arvey, B. Horling, D. Neiman, R.
Podorozhny, M. N. Prasad, A. Raja, R. Vincent, BaiX and X. Q. Zhang. Evolution
of the GPGP/TAEMS Domain-Independent Coordinaticanfawork. Autonomous
Agents and Multi-Agent Systems  9(1-2):87-143, 2004.
http://mas.cs.umass.edu/paper/268

F. Michel. Formalisme, méthodologie et outils pour la modéisaet la simulation
de systemes multi-agenBBoctorat Thesis at Université des Sciences ehiligoes
du Languedoc, Department of Informatique, 2004http://leri.univ-
reims.fr/~fmichel/thesis/index.php

J. Normark.The Roads In-Between: Causeways and PolyagentiveoNe at
Ichmul and Yo’okop, Cochuah Region, Mexico

2006 Thesis at Goteborg University, Department of Aaeblogy and Ancient History, 2006.

[28]

[29]

[30]

(31]

[32]

[33]

[34]

[35]

[36]

http://arkserv.arch.gu.se/mikroarkeologi/Normarlesis_2006.pdf

S. E. PageThe Difference: How the Power of Diversity Creafstter Groups,
Firms, Schools, and Societi#?rinceton, NJ, Princeton University Press, 2007.

C. Parent, S. Spaccapietra, and E. ZimanyatiSpremporal Conceptual Models:
Data Structures + Space + Time. Pnoceedings of The 7th ACM Symposium on
Advances in GlXansas City, Kansas, 1999.

H. V. D. Parunak. 'Go to the Ant: Engineerirgrinciples from Natural Agent
Systems.  Annals of Operations Research 75:69-101, 1997.
http://www.newvectors.net/staff/parunakv/gotoant. pd

H. V. D. Parunak. Making Swarming Happen. fnoceedings of Swarming and
Network-Enabled  C4ISR Tysons Corner, VA, ASD C3l, 2003.
http://www.newvectors.net/staff/parunakv/IMSHO3.pdf

H. V. D. Parunak. Real-Time Agent Characteai@aand Prediction. IfProceedings
of International Joint Conference on Autonomousmgend Multi-Agent Systems
(AAMAS'07), Industrial TrackHonolulu, Hawaii, pages 1421-1428, ACM, 2007.
http://www.newvectors.net/staff/parunakv/AAMASO#ig. pdf

H. V. D. Parunak, T. C. Belding, and S. Brueek Prediction Horizons in Polyagent
Models. In Proceedings of Sixth International Joint Confererm® Autonomous
Agents and Multi-Agent Systems (AAMAS®¥)nolulu, HI, pages 930-932, 2007.
www.newvectors.net/staff/parunakv/AAMASQ7PH.pdf

H. V. D. Parunak, S. Brophy, and S. Brueckr@omparing Agent Trajectories. In
Proceedings of Agent 2007 Chicago, IL, pages 41-50, 2007.
http://agent2007.anl.gov/2007pdf/Paper%204%20--%R0fak CAT.pdf

H. V. D. Parunak, S. Brueckner, and J. Saubggital Pheromones for Coordination
of Unmanned Vehicles. IRroceedings of Workshop on Environments for Multi-
Agent Systems (E4MAS 2008ew York, NY, pages 246-263, Springer, 2004.
http://www.newvectors.net/staff/parunakv/E4AMAS04_2oordination.pdf

H. V. D. Parunak, S. Brueckner, and R. Savitiversality in Multi-Agent Systems.
In Proceedings of Third International Joint Confererare Autonomous Agents and
Multi-Agent Systems (AAMAS 2008)ew York, NY, pages 930-937, ACM, 2004.
http://www.newvectors.net/staff/parunakv/AAMASO4Weisality. pdf




[37]

(38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

Polyagents: Simulation for Supporting Agents’ Deci®n Making 23

H. V. D. Parunak, S. Brueckner, D. Weyns, Toltdet, and P. Valckenaers. E
Pluribus Unum: Polyagent and Delegate MAS Architezs. In Proceedings of
Eighth International Workshop on Multi-Agent-Basegimulation (MABSO7Y)
Honolulu, HI, pages (forthcoming), Springer, 2007.
http://www.newvectors.net/staff/parunakv/MABS07ERdf.

H. V. D. Parunak and S. A. Brueckner. Extragpian of the Opponent's Past
Behaviors. In A. Kott and W. McEneany, Editorédversarial Reasoning:
Computational Approaches to Reading the Opponeltad, pages 49-76.
Chapman and Hall/CRC Press, Boca Raton, FL, 2006.

H. V. D. Parunak, P. E. Nielsen, S. Brueckrard R. Alonso. Hybrid Multi-Agent
Systems. InProceedings of Proceedings of the Fourth IntermsioWorkshop on
Engineering Self-Organizing Systems (ESOA'6fkodate, Japan, Springer, 2006.
http://www.newvectors.net/staff/parunakv/ESOA06 Hgtpdf.

H. V. D. Parunak, R. Savit, and R. L. Riologént-Based Modeling vs. Equation-
Based Modeling: A Case Study and Users' GuideProceedings of Multi-agent
systems and Agent-based Simulation (MABSP8jis, FR, pages 10-25, Springer,
1998.http://www.newvectors.net/staff/parunakv/mabs98.pdf

J. A. Sauter, R. Matthews, H. V. D. Parunakgd &. Brueckner. Evolving Adaptive
Pheromone Path Planning MechanismsPinceedings of Autonomous Agents and
Multi-Agent Systems (AAMASQ2Bologna, ltaly, pages 434-440, ACM, 2002.
www.newvectors.net/staff/parunakv/AAMASO2Evolutipdf.

J. A. Sauter, R. Matthews, H. V. D. Parunathd &. A. Brueckner. Performance of
Digital Pheromones for Swarming Vehicle Control. Broceedings of Fourth
International Joint Conference on Autonomous Ageamd Multi-Agent Systems
Utrecht, Netherlands, pages 903-910, ACM, 2005.
http://www.newvectors.net/staff/parunakv/AAMASO05SwengDemo.pdf

C. R. Shalizi and J. P. Crutchfield. Compuwia#l Mechanics: Pattern and Prediction,
Structure and Simplicity.Journal of Statistical Physics104:817-879, 2001.
http://xxx.lanl.gov/ps/cond-mat/9907176

N. M. Shnerb, Y. Louzoun, E. Bettelheim, andS®lomon. The importance of being
discrete: Life always wins on the surfaderoc. Natl. Acad. Sci. USA97(19
(September 12)):10322-10324, 20@6€p://www.pnas.org/cgi/reprint/97/19/10322

A. Tolk. An Agent-based Decision Support Systdrchitecture for the Military
Domain. In G. E. Phillips-Wren and L. C. Jain, Bds, Intelligent Decision Support
Systems in Agent-Mediated Environment®l. 115, Frontiers in Artificial
Intelligence and Applicationspages 187-205. |0S Press, 2005.

N. Tryfona, R. Price, and C. S. Jensen. ConmpModels for Spatio-temporal
Applications. In T. Sellis, A. U. Frank, S. Grumbaand R. H. Guting, Editors,
Spatiotemporal Databases: The Chorochronos Apprpash 2520 Lecture Notes in
Computer Scienge pages 79-116. Springer-Verlag, 2003.
http://www.cs.aau.dk/~csj/Papers/Files/2003_ tryfdDidS-2520.pdf

P. Valckenaers, K. Hadeli, B. Saint Germain,\ferstraete, and H. Van Brussel.
Emergent short-term forecasting through ant colemgineering in coordination and
control systemsAdvanced Engineering Informatic0(3 (July)):261-278, 2006.

P. Valckenaers and T. Holvoet. The environmehm essential abstraction for
managing complexity in MAS-based manufacturing cantn, Environments for
Multi-Agent Systems,Ii/ol. LNAI 3830, pages 205-211. Springer, 2006.

P. Valckenaers and H. Van Brussel. Holonic ufacturing execution systen@&RP
Annals of Manufacturing Technolady4(1):427-432, 2005.

D. Weyns, T. Holvoet, and A. Helleboogh. Anpatory Vehicle Routing using
Delegate Multiagent Systems. IRroceedings of The 10th International IEEE
Conference on Intelligent Transportation Syste8eattle, WA, IEEE, 2007.




24 H. Van Dyke Parunak and Sven A. Brueckner

[51] T. Wittig. ARCHON: An Architecture for Multi-agent Systerhew York, Ellis
Horwood, 1992.

[52] S. Wolfram.A New Kind of Scienc€hampaigne, IL, Wolfram Media, 2002.

[53] L. Yilmaz and T. I. Oren. Discrete-Event Mafiddels and their Agent-Supported
Activation and Update. InProceedings of The  Agent-Directed Simulation
Symposium of the Spring Simulation Multiconfere(@®IC’'05) San Diego, CA,
pages 63-72, 2005. http://www.site.uottawa.ca/~oren/pubs/2005/0503-ADS
MMs.pdf.




