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Abstract –The advances of modeling and simulation as well as agent 
systems have been phenomenal. The premise of the agent paradigm, 
its related theory and methodologies together with advances in multi-
level modeling of complex systems are opening new frontiers for ad-
vancing the studies of the physical, natural, social, military, and 
information sciences and engineering. This survey paper provides a 
comprehensive analysis of the evolution of the synergy of modeling 
and simulation and agent systems and their applications to various 
fields. The analysis framework explores the evolution of the applica-
tion and technology of agent-directed simulation. We present a uni-
fied and comprehensive perspective regarding the broad range for 
the synergy of simulation and agents. In drawing the trace of the evo-
lution of agents and simulation to a close, we offer comments on three 
aspects. The first involves the breadth and extent of agent simulation 
applications; the second relates to the role of agent simulation in 
computational experimentation and exploratory analysis; and the 
third pertains to the future of the use of agents in simulation, as well 
as simulation for agents. 
 
Index Terms – agent-directed simulation, agent simulation, agent-
based simulation, agent-supported simulation, agent technology 
 

1. INTRODUCTION 
 
1.1 Background 
 

Simulation offers a very reach paradigm and has many 
aspects. So far as purposes of applications of simulation 
are concerned, simulation can be summarized by double E, 
namely, Experimentation and Experience. In fact simula-
tion is used: (1) to perform experiments by using a model 
of a dynamic system (for several types of decision support, 
understanding, and education) and (2) to provide expe-
rience for entertainment and for training; the last type of 
use is to enhance three types of skills, i.e., motor, decision 
making, and operational skills. A comprehensive and inte-
grative view of simulation is given by Ören [60]. 

Recent trends in technology as well as the use of simu-
lation in exploring complex artificial and natural informa-
tion processes [11] have made it clear that simulation 
model fidelity and complexity will continue to increase 
dramatically in the coming decades. The dynamic and dis-
tributed nature of simulation applications, the significance 
of exploratory analysis of complex phenomena [41], and 
the need for modeling the micro-level interactions, colla-
boration, and cooperation among real-world entities are 

bringing a shift in the way systems are being conceptua-
lized.  

Using intelligent agents in simulation models is based 
on the idea that it is possible to represent the behavior of 
active entities in the world in terms of the interactions of 
an assembly of agents with their own operational autono-
my. The emergent need to model complex situations 
whose overall structures emerge from interactions between 
individual entities and cause structures on the macro level 
to emerge from the models at the micro level is making 
agent paradigm a critical enabler in modeling and simula-
tion of complex systems [16]. This survey article provides 
a comprehensive analysis of the evolution of the synergy 
of simulation and agent systems.  

 
1.2  Innovation Paradigm 

 
We would like to analyze the evolution of the synergy 

of simulation and software agents within a larger paradigm 
of innovation processes in technical communities and ela-
borate on different elements that were influential within 
these processes. As it was stated in a previous publication:  

"If the state-of-the-art, in any field, is satisfactory, 
it may be worthwhile to preserve it. But, no advance-
ment is ever possible by preserving the status quo. Fur-
thermore, for a creative mind, the world view 
pertaining to a topic cannot be limited by the current 
state-of-the-art. Generation of new ideas which might 
lead to a worthwhile change, i.e., innovation, requires a 
rare ability to conceive and perceive reality from radi-
cally different perspective(s). Modes and characteris-
tics of innovation are summarized in Table 1 where the 
possibilities range from innovate to oppose, passing 
through support, pseudo-support, and ignore. There is 
no substitute to the intellectual disposition to innovate. 
Furthermore, to increase the value of innovative think-
ing, the ideas have to be transformed into wealth pro-
duction through generation, promotion, and distribution 
of appreciated products and/or services in a timely and 
competitive way. To be able to achieve these goals, the 
philosophies of institutions (academic, commercial, 
and governmental) as well as countries need to be nur-
tured to promote both innovative thinking and the 
transformation of ideas into wealth production. In 
doing so, the agencies should also realize that innova-
tion is a highly non-linear phenomenon." [53] 

Figure 1 is a schematic representation of the in-
novation processes in technical communities. The in-
novation processes consist of three components which 
are: technical contributions or factors, applications, and 
organizational factors [9]. 
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Table 1: Modes and characteristics of innovative thinking 
(from Ören [53]) 

 
Modes Characteristics
Innovate - Intellectual disposition to perce-

ive and conceive reality from radi-
cally different perspective(s) 

Support - Intellectual disposition 
- Commercial or other benefit(s) 

Pseudo-
support 

- Support or follow anything fa-
shionable 

Ignore - Uninformed 
- Not realizing consequences 
- Unrelated field 

Oppose Due to: 
- Mental inertia 
- Commercial or other interests 
- Not Invented Here syndrome 
- Opposite views 

 
The technical factors pertain to contributions made by 

individuals that produce creative solutions to problems. 
Such technical factors induce novel variations in the do-
mains and constitute the scientific culture. Existing or an-
ticipated applications motivate technical contributions and 
can be realized trough selection and transmission of know-
ledge by organizational factors. Organizational factors 
may stimulate technical factors which in turn contribute 
for evaluation by organizational factors and can be in-
spired from application domains to evaluate and stimulate 
technical factors. Even though organizational factors are 
important to stimulate technical innovations, they may also 
be hindering them; hence causing lost opportunities. See 
for example [90], for a reported case of the importance and 
influence of corporate culture with reference to: "Why 
didn't Sony invent iPod?" As it is explained in [90]: "There 
is a story in Japan that some engineers came up with a 
concept similar to that of the iPod, but management would 
not permit it to go forward because it would cannibalize 
sales of the existing product (the Walkman)" 

In addition to mutual relationships of these three com-
ponents, as can be seen in Figure 1, there are two feed-
forward cycles –worth exploring– among them. 

We are going to present the evolution of the synergy of 
simulation and agents in terms of interactions between the 
technical, organizational, and application factors which 
have been affecting them.  

 
1.2 Innovation Paradigm for the Synergies of  
       Simulation and Agents 

 
Technical factors pertain to the contributions made by 

individuals or groups that produce innovative solutions 
leading to advancements in modeling and simulation, ad-
vanced computational paradigms –including agents and 
cognitive informatics– and their mutual contributions. We 
elaborate on them in section 3.  

    
 

Figure 1: Innovation process: Components and relationships 
 

Applications (1) can benefit by adopting relevant ad-
vanced knowledge / products / services, (2) can motivate 
technical innovations – by raising their standards, and (3) 
the existence of technical contributions may influence the 
requirements of applications. Elaborations on advanced 
applications are given in section 4.  

Organizations and communities of interest help stimu-
late technical factors and contribute to the development of 
the scientific domain. As such, active communities in si-
mulation that focus on the use of agent technologies are 
overviewed to clarify their role in advancing the state of 
the art. Realization, acceptance, and declaration of the im-
portance of modeling and simulation are important steps to 
benefit from the relevant advances. One of the important 
organizational factors is funding agencies. For this reason, 
even 30+ years ago, it was stated [50] that "Grant officers 
responsible to screen simulation language realization (de-
finition / development / implementation) projects should 
take the time to familiarize themselves with the importance 
of simulation techniques and the related challenging im-
plementation problems. As Bell, who explains that in post-
industrial societies the methodologies are abstract theories: 
models, simulation, decision theory, and system analysis, 
states it: 'The key political problems in post-industrial so-
ciety are essentially elements of science policy' [3]. Of 
course, in the 21st century, the emphasis of "simulation 
language" should be replaced by other concerns. However, 
in mid 1970s, even the definition of CSSL, the most in-
fluential simulation language –at that time– was severely 
flawed by grammatical errors [49]. 

US Congress, set an important example by its resolu-
tion in 2007 [87]. We hope that several countries and re-
gions having knowledge-based economies –including 
European Union and P.R. of China– will pass soon similar 
resolutions to raise modeling and simulation to the right 
level. 

An important aspect of professionalism in sustainable 
civilizations is to adhere to an appropriate code of ethics. 
Even, as posited by Dowling:"Adherence to a code of eth-
ics is, in fact, a key element in the definition of a profes-

Organizational 
factors 

Applications 
Technical fac-

tors 

stimulate

contribute 
for evaluation

select and 
provide 

knowledge / 
products /

services

influence 

inspire priorities 

 motivate 

Ören and Yilmaz: On the Synergy of Simulation and Agents: An Innovation Paradigm Perspective  5



 
 

sion" [13, p
the users n
hence a cod
agents and d
and even aft
professional
dealing with
agents. 
 
1.4 Organiz

The rest
tion 2, we p
the use of m
and the use
tions 3, 4, 
domains, an
the develop
systems. In 
of the syner
comments o
organization
regarding ag
of future re
agent techno
 

2. SY
 

This sec
tial synergy
tems are d
collection o
man, and lo
tional conte
interaction 
tives that ca
more compr
be used. "T
formation sy
ware agen
Infohabitant
individuals, 
ings, and o
acting on th
for the susta
ities acting 
(or can be) 
[59]. 

Agent-D
unified and
narrow view
specification
comprehens
technologies
tal framewo
agents can b
(e.g., agent

p. 91]. Curren
necessary trus
de of ethics ne
developers of

fterwards, the 
l ethics of the
h any aspect 

zation of the 

t of the article
provide backg
modeling and
e of agents fo
and 5 focus 

nd organizatio
pment of the s

drawing the t
rgy of simulati
on two main a
ns, and emerg
gents and sim
esearch at th
ologies. 

YNERGY OF S

tion aims to p
y of simulation
defined as sy
of goal-directe
ogical softwar
ext to coope
and cognitive

annot be achie
rehensive con
he players in 
ystems are no

nts, but incl
ts of the conne

organization
ther smart sy

heir behalf. He
ainability of th
on behalf of 
implemented

Directed Simu
d comprehens
w of using ag
n metaphors. 
sive in the int
s. In a simula

ork, and simul
be used in su
t-based mode

ntly there is n
st for using a
eeds to be dev
f software age
simulationists

eir own profe
of the synerg

Article 

e is organized
ground inform
d simulation (
or modeling a

on technical 
onal factors t
synergy betwe
trace of the e
ion and agents

aspects: (1) the
gent technolo

mulation and (
e intersection

SIMULATION A

provide a basic
n and softwar
ystems that a
ed and autono
re agents situ
erate via fle
e mechanism
eved by an ind
ncept, i.e., "in

the distribute
ot limited to i
lude infohab
ected informa

ns, smart appl
ystems, as we
ence their beh
he overall sys
individuals an

d as software 

ulation (ADS
sive framewo
gents simply 
Rather, it is 

tegration of a
ation study, the
lator (or behav
upporting mod
ling), behavi

no such code 
agent system
veloped for so
ents. Until suc
s can use the c
ssion [61] in 

gy of simulati

d as follows. 
mation and cate
(M&S) for ag
and simulation

factors, appl
that have infl
een M&S and
volution and 
s to a close, w
e role of appli
ogies on inno
(2) potential a
n of simulatio

AND AGENTS

c overview of
re agents. Age
are composed
omous physic
ated in an org

exible and ad
ms to achieve 

dividual agen
nfohabitant," n
ed and connec
individuals an
bitants in g
ation systems i
liances, smart
ell as virtual 
haviors are im
tem. The virtu
nd organizatio
agents (and a

) is promote
ork that exten

as system or 
posited that A

agent and sim
e model, expe
vior generator
del conceptual
or generator

to give 
ms [13]; 

oftware 
ch time 
code of 
studies 

ion and 

In sec-
egorize 

gents in 
n. Sec-
lication 
luenced 
d agent 
growth 

we offer 
ications, 
vations 

avenues 
on and 

f poten-
ent sys-
d of a 
cal, hu-
ganiza-
daptive 
objec-

nt. Even 
need to 
cted in-
nd soft-
general. 
include 
t build-
entities 

mportant 
ual ent-
ons are 
avatars) 

d as a 
nds the 

model 
ADS is 

mulation 
erimen-
r) [108] 
lization 
design 

(e
the
su

mu
de
[5
the
clu
sim
no
are
He
co
gr
fo
sy
tar
co
tha
ab
co
cu
ha

 

   
2.1

ph
inv
dis
al
ag
ob
ism
ca
all
at 
ag
de
ism
pr
su

.g., agent-bas
e context wi

upported simul
We start ex

ulation and ag
er a unified fr
5], [98]. Age
e integration 
uding models 
mulations, an
ology to devel
e subsequentl
ence, as show

onsists of thre
rouped under 
r agents (agen

ystems in engi
ry application

omprises two 
at deals with t

ble computer a
ognitive capab
uses on the us
avior in a simu

F
A u

                
1. Agent Sim

Agent simul
hors in develo
volves the use
screte-event, a
dynamics of 

gents that func
bjectives. Age
ms independe
ation protocol
location, coor
varying level

gent simulatio
erstanding the
ms, and tech
rinciple aspect
ues of action, 

ed simulation
thin the expe
lation). 

xploring the ev
gents by categ
amework, cal
nt-directed si
of agent and
that use agen

d by also inc
lop simulation
ly applied, ei
wn in Figure 
ee distinct, y
two categorie

nt simulation)
ineering, hum
ns etc. (2) A

possibilities:
the use of age
assistance in p
bilities; and ag
e of agents fo
ulation study.

Figure 2: Agent-d
unified and comp

ulation 

lation is the u
oping simulati
e of simulation
activity scann
agent systems
ction in paral
ents possess h
ent of the prob
s and mechan
rdination of a
ls of sophistic

ons. Simulatin
e basic princi
hnologies un
ts underlying 
cognitive asp

n), as well as t
erimental fram

volution of th
gorizing the u
lled Agent-dir
mulation is c
simulation te

nts to develop
cluding the us
n techniques 
ither with or 

3, agent-dire
yet related ar
es as follows
), namely, sim

man and social
Agents for si
: agent-suppo
ents as a suppo
problem solvi
gent-based sim
or the generati

directed simulatio
prehensive framew

use of agents 
ion models. A
n conceptual 

ning) to simula
s and incorpo
llel to achieve
high-level inte
blem being so
nisms for inte
ctions, and co

cation are prim
ng agent syste
iples, organiz
derlying such
such system

pects in decisi

the realization
me (e.g., age

he synergy of
use of agents 
rected simulat
omprehensive
chnology, by 
 domain-spec

se of agent te
and toolkits t
without agen

ected simulat
reas that can 
s: (1) Simulat
mulation of ag
l dynamics, m
imulation wh
orted simulat
ort facility to 
ing or enhanc
mulation that
ion of model 

on: 
work 

as design me
Agent simulat
frameworks (e
ate the behavi

orate autonom
e their goals a
eraction mech
olved. Commu
eraction via t
onflict resolut
mary elements
ems requires 
zational mech
h systems. T

ms include the 
ion making [9

n of 
ent-

f si-
un-
tion 
e in 
in-

cific 
ech-
that 
nts. 
tion 

be 
tion 
gent 
mili-
hich 
tion 
en-

cing 
fo-
be-

 

eta-
tion 
e.g., 
ior-

mous 
and 

han-
uni-
task 
tion 
s of 
un-

han-
The 

is-
93], 

6  INTERNATIONAL JOURNAL OF INTELLIGENT CONTROL AND SYSTEMS, VOL. 14, NO. 1, MARCH 2009



 
 

interaction, and adaptation. Organizational mechanisms for 
agent systems include means for interaction. That is, 
communication, collaboration, and coordination of tasks 
within an agent system require flexible protocols to facili-
tate realization of cooperative or competitive behavior in 
agent societies [92]. If agents are used as design metaphors 
in model conceptualization and realization, this is called 
agent-based modeling. 
 
2.2. Agent-based Simulation 
 

Agent-based simulation is the use of agent technology 
to generate model behavior. This is similar to the use of AI 
techniques for the generation of model behavior (e.g., qua-
litative simulation and knowledge-based simulation). De-
velopment of novel and advanced modeling and simulation 
methodologies such as multisimulation and multimodeling 
[42], [63], [97] suggests the use of intelligent agents as 
coordinators of behavior generation, where run-time deci-
sions for model as well as simulation run staging and up-
dating take place to facilitate dynamic composability of 
models and simulations. Agents are often viewed as design 
metaphors in the development of models and scenarios for 
simulation and gaming. Yet, this narrow view limits the 
potential of agents in improving various other dimensions 
of simulation. A special issue edited by Yilmaz and Ören 
[98], followed by an article published by Yilmaz et al. 
[101] aimed expanding horizons on the synergy of simula-
tion and agents. It is clarified in [101] that sometimes a 
term is used to denote different concepts. For example the 
term Monte Carlo simulation is used to mean stochastic 
simulation as well as the use of probabilistic techniques to 
solve deterministic problems such as integration problems. 
Another example is the term "computer simulation" which 
is used to mean simulation of computers as well as "com-
puterized simulation." Similarly, the term "agent-based 
simulation" is used by many, to mean simulation of sys-
tems described by agents. Similar to AI-supported simula-
tion and AI-based simulation, the terms "agent-supported 
simulation" and "agent-based simulation" can be used as 
explained in the unified and richer framework of Agent-
directed simulation. Based on this new perspective, Yil-
maz has organized the first meeting of the Agent-directed 
Simulation conference series in 2005 [95] to provide a fo-
rum to bring together researchers and practitioners from 
diverse simulation societies within computer science, so-
cial sciences, engineering, business, education, human fac-
tors, and systems engineering. The involvement of various 
agent-directed simulation groups enabled the cross-
fertilization of ideas and development of new perspectives 
by fostering novel advanced solutions, as well as enabling 
technologies for agent-directed simulation. The use of 
agents in contributing to the theory and methodology of 
modeling and simulation is a noteworthy impact of the ex-
tended view is advocated by Agent-directed Simulation. 
 
2.3. Agent-supported Simulation 

Agent-supported simulation deals with the use of 
agents as a support facility to enable computer assistance 
by enhancing cognitive capabilities in problem specifica-
tion and solving. Hence, agent-supported simulation in-
volves the use of intelligent agents to enrich simulation 
and gaming infrastructures or environments. The distinc-
tion between agent-based simulation and agent-supported 
simulation becomes clearer in the context of systems engi-
neering where simulation systems are defined in terms of a 
collection of hardware, software, people, procedures, facil-
ities, and other factors organized to accomplish a common 
objective. In this perspective agents associated with com-
ponents external to simulation software play critical roles 
to sense, perceive, and understand the environment to steer 
the simulation, while providing facilities to collect, ana-
lyze, and visualize data to support decision-making. With 
these potential support mechanisms in mind, agent-
supported simulation is used for the following purposes: 

(1) to provide computer assistance for front-end and/or 
back-end interface functions; (For example, in aug-
mented reality, agent support may be useful in select-
ing pictures in photosynth applications where pictures 
have to be selected from 100s of pictures with different 
version and zooming [100].) 

(2) to process elements of a simulation study symbolically 
(for example, for consistency checks and built-in relia-
bility); and 

(3) to provide cognitive abilities to the elements of a simu-
lation study, such as learning or understanding abilities. 

 
3. TECHNICAL FACTORS AFFECTING  

SYNERGY OF M&S AND AGENTS 
 

The evolution of the synergy of simulation and agents 
lies at the intersection of: modeling and simulation (includ-
ing system theories, complex adaptive systems, emergence, 
systems engineering, and control theory); artificial intelli-
gence (including distributed artificial intelligence); agents, 
and the emerging cognitive informatics discipline. These 
core disciplines have been giving direction to technology, 
languages, and possible applications, which then influ-
enced the evolution of the synergy between simulation and 
agents. A comprehensive coverage of the evolutions of 
these disciplines and their contributions to each other 
would be interesting. However, due to space limitations, 
we would like to limit the highlights of their developments 
and elaborate on the main traits of the synergy.   

 
3.1 Modeling and Simulation  

A milestone publication in the evolution of modeling 
and simulation has been [65] where simulation is promoted 
as a model-based activity and the need for the specifica-
tions of models and experimental conditions (experimental 
frames) were pointed out. 

Documents on history of M&S differ on whether they 
concentrate on application areas or tools, techniques, or 
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methodologies. Some references are given in the sequel: 
Nance and Sargent (2002): Perspectives on the evolution 
of simulation [45]. Zobel (2000): A Personal history of si-
mulation in the UK and Europe, 1964-2001 [109]. Hol-
locks (2006): 40 years of discrete-event simulation–A 
personal reflection [26].  Nance (1993): A history of dis-
crete simulation programming languages (and several early 
references) [44]. Robinson (2005): Discrete-event simula-
tion: From the pioneers to the present, what next? [71]. 
Mack (2005): 30 years of lithography simulation [37]. 
Several other references exist on the history of simulation 
in flights, in health care, etc. Several researchers and ad-
vanced user communities pointed directions to advance 
state-of-the-art, e.g. [12]. 

 
3.2 Computational Paradigms 

 
One way to conceive the synergy of modeling and si-

mulation and agents is to consider the spectrum of compu-
tational paradigms [100]. In Table 2, three types of 
knowledge processing can be identified: procedural, inten-
tional, and goal-directed knowledge processing. In each 
type, the roles of people and the computational systems are 
different and the more advanced systems take over more 
computational responsibilities. There are still tremendous 
possibilities for progress along this line. 

Procedural knowledge processing is exemplified by 
algorithmic computational paradigm which includes un-
structured, structured, and object-oriented programming. 
Modeling and simulation has been involved with all types 
of procedural knowledge processing. 

In intentional knowledge processing, computational pa-
radigm is declarative and the role of the user is to specify 
the problem. In the case of simulation, this corresponds to 
the specification of the model; than a program generator 
generates the program. Simulation has been the first dis-
cipline to free the users of writing programs. In both inten-
tional and procedural programming, the whole program 
(written by the user or generated by the system) is acti-
vated for execution.  

Three main categories of goal-directed knowledge 
processing are possible. They are: interactive (or event-
based); AI-based (heuristics, rule-based, or frame-based); 
and agent-based computational paradigms.  

- In interactive (event-based) programming, user acti-
vates functions to be performed hence indirectly activates 
the module(s) to be executed. (In discrete event system si-
mulation, events can be created, scheduled, and activated 
by other events.). System executes only the modules thus 
activated. 

- In AI-based computation, user specifies the goal and 
the facts (initial conditions); than the system determines 
the order in which the rules have to be executed and ex-
ecute them in this order. Even before the advent of soft-
ware agents, synergy of simulation and artificial 
intelligence was at a very mature level. Some details will 
be elaborated in the sequel. 

- In agent-based computational paradigm, problem is 
specified in agent-based modeling and the user specifies 
the goal and delegates finding a solution of the problem to 
agents. In this paradigm, agents: (1) process the goal (iden-
tifies sub-goals, sequence them, and determine  additional 
knowledge requirements); (2) perceive their environments; 
(3) perform goal-directed knowledge processing; and (4) 
decide which (other agent or non-agent software module(s) 
to activate or sub-delegate the task(s).  

Cognitive informatics is an emerging discipline and 
applied to agents becomes relevant in the synergy of simu-
lation and agents. In use of simulation for agents, simula-
tion of cognitive behavior is in order. In advanced 
applications of both agent-based and agent-supported si-
mulations, cognitive abilities are needed and should be in-
cluded in the computational abilities of agents. Abilities to 
understand [62] and to learn are two of the important cog-
nitive abilities. Intelligent software assistants are required 
to be task oriented and it is reported –as one of the ten 
emerging technologies in 2009– the position that "In order 
to get a system that can act and reason, you need to get a 
system that can interact and understand" [46]. 

  
3.3 Agents and Computation beyond Turing Machines 
 

Recent research on computational paradigms, as pub-
lished among others in [14], results in the claim that Tur-
ing Machines are inappropriate as a universal foundation 
for computational problem solving. Turing Machines have 
the following properties that model algorithmic computa-
tion: 

(1) The computation is closed, i.e., there is no interaction 
happening with the world. 

(2) The resources are finite, i.e., time and memory are li-
mited. 

(3) The behavior of the computational system is fixed, i.e., 
there is no self-configuration and adaption, but all 
computations start at the same configuration.  

The work of Alan Turing in general, and his well-
known paper from 1936 [84], in particular, led to the 
Church-Turing Thesis. This thesis is still fundamental for 
computer scientists' education. The thesis states that when-
ever there is an effective method for obtaining the values 
of a mathematical function, the function can be computed 
by a Turing Machine. In its strong form, the thesis reads: 
A Turing Machine can compute anything that a computer 
can do. The work summarized in [23] claims that – while 
the Church-Turing Thesis was valid for early computers – 
the introduction of concurrent computing changed the un-
derlying assumptions significantly. Concurrency theory 
positions interaction as orthogonal to computation. If Tur-
ing Machines are extended by adding input and output ac-
tions that support dynamic interaction with an external 
environment, they are transformed into Interaction Ma-
chines. While this is only a small change, it changes the 
characteristics of the machines significantly and increases 
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the expressiveness beyond simple mathematical models. In 
their published work [23], the scientists around Peter We-
gener claim that Interaction Machine behavior is not re-
ducible to Turing Machine behavior. As they furthermore 
claim that computational tasks situated in the real world 
which includes human agents are not solvable algorithmi-
cally, but that interaction theory can support to the solution 
of these problems, they introduce the phrase of Super-
Turing Computing. If these claims are correct, artificial 
agents as representatives of human agents can lead to a pa-
radigm shift in computation. Similarly, agents in simula-
tions can radically change the face of modeling and 
simulation. Adding current developments in the domain of 
supercomputing and massive parallel core technologies, as 
described in [66], the technical developments that we ob-
serve will contribute to the evolution of agents and simula-
tion to a degree surpassing the recent years by far. 

 
3.4 The Synergy of AI and Simulation 
 

The synergy of AI and simulation has been well estab-
lished for some time [51], [52]. The simplest type of AI-
based simulation is knowledge-based simulation (kbSim) 
[70] and qualitative simulation (QSim) [34]. As another 
level of advancement machine learning may enhance the 
associated knowledge base(s). In its simplest form, only 
one behavior generation paradigm (single paradigm) can 
be used and the simulation system may exist as the only 
knowledge generation system. The next step is multi para-
digm simulation systems where two or more of know-
ledge-based simulation, qualitative simulation, and 
numerical simulation can be used. In addition to AI tech-
niques, several types of soft computing (e.g., neural nets, 
fuzzy systems, and evolutionary computing) paradigms are 
also successfully used in modeling and simulation. 
 
3.4.1 AI and Simulation  

Fundamental discussions on the synergy of AI metho-
dologies and simulation can be traced back to Methodolo-
gy in Systems Modeling and Simulation [106] and 
Modeling and Simulation Methodology in the Artificial In-
telligence Era [15]. The discussion as to the benefits of us-
ing AI in simulation continued for the years to follow. As 
one of the earliest advocates of using AI in simulation, [51] 
pointed out how AI could help in model building, specifi-
cation of model behavior, interface design, as well as 
model parameters. Following these early proposals, [91] 
compared AI and simulation in terms of knowledge repre-
sentation, learning, and natural language understanding. 
Based on the promising avenues pointed out by these ear-
lier studies, an idealistic perspective on integrative use of 
simulation and AI techniques to facilitate tasks such as 
model design, input scenario selection, experimentation, 
and result analysis is delineated [76]. A detailed treatment 
of the subject followed in the edited volumes on Modeling 
and Simulation Methodology in the Artificial Intelligence 
Era [15] and AI Applied to Simulation: Proceedings of the 

European Conference at the University of Ghent [30]. Lat-
er, the conference series on AI Simulation and Planning in 
High Autonomy Systems established an annual gathering 
place for researchers, who are active in fields at the inter-
section of AI and simulation. 
 
3.4.2 Knowledge-based Simulation 

A noteworthy development in the AI and simulation 
community, as it relates to the evolution of the synergy be-
tween agents and simulation, is the introduction of Know-
ledge-based Simulation [31]. Given that agents are often 
designed in terms of rule-based decision making and adap-
tation mechanisms such as found in the ECHO system [25], 
the development of Knowledge-based simulation is a sig-
nificant milestone. To this end, Rozenblit and Zeigler [72] 
defined intelligent simulation as a component of a com-
plete conceptual framework for knowledge-based, com-
puter-aided environments for system design. ROSS (Rule-
Oriented Simulation System) [40] was one of the earliest 
knowledge-based simulation languages. It was developed 
by RAND Corporation to be used as a military planning 
simulator. The similarities between specification of objects 
and frames were recognized by Nielsen in 1987, who 
demonstrated the applicability to the modeling process of 
object-oriented paradigm and frame-based reasoning. A 
slightly different approach to the use of objects in simula-
tion was discussed by Robertson in 1986, who proposed 
that object-oriented intelligent simulation could be per-
formed by defining a collection of intelligent agents, 
where each agent has a number of expert rules that support 
its behavior and an agenda that defines its goals. Similarly, 
Spiegel and LaVallee [79] describe the use of an expert 
system to drive a simulation. The expert system is pro-
vided with a number of rules which specify, qualitatively, 
how various simulation parameters affect specific simula-
tion results. DEVS-Scheme [104] is a knowledge-based 
simulation framework based on Scheme. DEVS-Scheme 
uses a declarative representation of the simulation domain 
objects, and uses IF-THEN rules to provide knowledge 
about modeling constraints, objectives, and requirements. 
Using a generate-and-test procedure, DEVS-Scheme 
creates simulation models and families of models, and then 
stores them in a hierarchical, object-oriented model base. 
Models can then be retrieved and reused in other simula-
tion instances [107]. 
 
3.4.3 Endomorphic Models and Simulation 

Distributed knowledge-base that represents for each 
agent the mental model that characterizes beliefs about the 
environment, the self, and other agents in the system is a 
significant requirement for the design and implementation 
of agent systems. For instance, in [18], an illustration of 
the elements of agent systems depicts the need for an ex-
plicit representation in the mental model of an agent of the 
environment, as well as other agents. Zeigler [104], [105] 
used the term endomorphy to refer to objects (systems, 
models, agents) in which some sub-objects use models of 
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other sub-objects. An endomorphic simulation model 
might contain an agent and environment such that the 
agent has, and uses, a model of the environment and mod-
els of (parts of) itself in its decision making. Such self-
embedding agents are termed endomorphic agents. This 
abstraction approach was later used for modeling the con-
text in high autonomy systems [105]. 
 
3.5 Agent Simulation Frameworks 
 

As the simulation community developed a nuanced un-
derstanding of the theory and methodology of agent-based 
simulation modeling, efforts in developing environments 
and tools for simulation programming ensued. The follow-
ing text presents a selected list of common simulation en-
vironments developed by the simulation community as 
contributions to agent modeling and design. The Swarm 
environment played a critical role in influencing the design 
rationale and development of various next generation tools 
such as RePast [48] and Mason [36]. On the other hand, 
Sesam [32] and PolyAgents [89] are widely used platforms 
in the multi-agent systems community to develop simula-
tion applications. PolyAgents framework introduces a new 
modeling construct, the polyagent, which represents each 
entity with a single persistent avatar supported by a swarm 
of transient ghosts to deal with uncertainty in complex 
adaptive systems. Among the tools that are commonly 
used by the agent simulation community, we realize lack 
of sophistication in specifying and implementing cognitive 
architectures. BRAHMS' Belief-Desired-Intentions 
oriented architecture [9] is an exception, as it provides li-
mited support in representing beliefs and their revision in 
behavior generation. On the other hand, there exist studies 
on integrating cognitive modeling and agent-based social 
simulation [81]. Research on cognitive systems research 
resulted in various tools and architectures such as ACT-R 
[80], Soar [94], and [82], which aim to capture socio-
cultural aspects of cognition and cognitive processes in-
volved in multi-agent interaction. 
 
3.6 Agent Architectures 
 

One of the first agent-oriented programming languages 
is called AGENT-0 [77]. AGENT-0 and its interpreter 
provided a framework that enabled the representation of 
beliefs and intentions of agents. Unlike object-oriented si-
mulation languages such as SIMULA 67 [10] which intro-
duced class and object concepts and is the first object-
oriented language for specifying discrete-event systems, 
AGENT-O and McCarthy's Elephant2000 language incor-
porated speech act theory to provide flexible communica-
tion mechanisms for agents. While DAI and cognitive 
psychology [43] influenced the development of cognitive 
agents such as those found in AGENT-0, Belief-Desires-
Intentions (BDI) framework [69], Procedural Reasoning 
System [21], and control theory provided a basis for the 
design and implementation reactive agents. Classical con-

trol theory enables the specification of a mathematical 
model that describes the interaction of a controller and its 
environment. The analogy between an agent and controller 
facilitated the formalization of agent interactions in terms 
of a formal specification of dynamic systems. The short-
comings of reactive agents (i.e., lack of mechanisms of 
goal-directed behavior) and cognitive agents (i.e., issues 
pertaining to computational tractability in deliberative rea-
soning) led to the development of hybrid architectures 
such as the RAP system [20], and Touring Machines [19]. 
Detailed discussion on various cognitive and reactive 
agent architectures can be found in [43]. In the early days 
–when even the term agent was not used in currently used 
software agent meaning– Andras Javor did pioneering 
work by using demons in M&S. [28] [29]. 
 
3.7  Discrete-event and Activity Scanning Formalisms 
for Agent Modeling 
 

Discrete-event simulation models specify state changes 
in discrete points in time. Computer simulation began dur-
ing World War II in the case of Monte Carlo and conti-
nuous simulation. Discrete-event simulation originated in 
late 1940s [45]. The notion of state changes in reaction to 
events has been found by researchers in the agent commu-
nity as a natural way to capture the actions of agents, as 
well as operations that enable agents to perceive, produce, 
transform, and manipulate objects in the environment. 
While continuous simulation can be used to model average 
behavior in terms of differential equations, the lack of lin-
kage between individual behavior and macro-level proper-
ties and difficulty in modeling actions, as well as 
complexity involved in estimating parameters in conti-
nuous simulations led to the use of discrete-event [48] and 
activity scanning [8] formalisms in agent simulations. 
 
3.8 Systems-theoretic Models of Agents 
 

The development of the DEVS framework [108] led to 
system theoretic principles and formalization of discrete-
event simulation. The influence of system theoretic ap-
proaches started with a seminal workshop on agent-based 
modeling, which was organized by Uhrmacher and pub-
lished by the Proceedings of the IEEE. Besides the intro-
ductory article by Uhrmacher et al. [85], a number of 
system theoretic approaches to modeling and simulating 
agents were presented. For instance, using the DEVS 
framework, Sarjoughian and his colleagues [74] proposed 
a layered architecture for agent-based system development. 
Uhrmacher and her colleagues developed JAMES, which 
is a Java-based agent modeling environment that is based 
on parallel, distributed version of DEVS. Using JAMES, 
[75] presented how planning is carried out using the DEVS 
formalism. On the other hand, in [108], a theory of quan-
tized systems is presented for DEVS simulation of percep-
tion mechanisms for agents. In a more recent article 
Zeigler [103] proposed discrete-event abstraction as a 
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framework for specifying the internal models of complex 
adaptive systems that are used to anticipate the future as a 
basis to select actions to reach desirable outcomes. In prin-
ciple, the proposed approach involves using DEVS formal-
ism to specify predictive models of entities within complex 
adaptive systems. 
 
3.9 Generative Agent-based Modeling 
 

Early adopters in application areas such as engineering, 
business, commerce, industry, logistics, transportation, and 
manufacturing used agent methodologies to develop agent 
simulations. These communities are widely influenced by 
the advances in DAI and emergent agent technologies to 
design simulations through top-down design strategies in 
conjunction with agent design styles that favor deliberative 
and cognitive approaches. On the other hand, social 
science and complexity researchers advocated the use of 
simple rule-based agents to explore the generation of regu-
larities, as well as emergent patterns and behavior based on 
local interactions among heterogeneous and autonomous 
agents [25], [16], [17]. The premise of the strategy, which 
is known as generative social science [16], is consistent 
with Herbert Simon's observation that the apparent com-
plexity of our behavior is largely a reaction of the com-
plexity of the environment [78]. In this view, agent-based 
simulations allow researchers to explore the complexity of 
the environment by removing complexity of constituent 
individuals. The intent is to facilitate understanding the 
minimal conditions, that is, the simplest set of assumptions, 
for a given phenomenon to emerge at a higher level of or-
ganization. Furthermore, while the engineering community 
predicates the value and utility of simulations on their pre-
dictive accuracy and realism, complexity researchers, in 
contrast, view artificial societies in agent-based models as 
highly abstract thought experiments. 
 

4. APPLICATION DOMAINS 
 

The evolution of the synergy between simulation and 
agents is also influenced by various application domains 
that considered agent-based modeling as an instrument for 
research and development. Simulations of agent systems in 
various engineering, as well as social and biological 
sciences are now common. Among these areas are: 
• Management/economy applications: economy, e-

commerce, and management; 
• Engineering applications: manufacturing systems, net-

works, robotics, software, as well as transporta-
tion/logistics; 

• Social systems and human behavior and performance 
modeling applications: social systems, psycholo-
gy/human behavior, physiology, negotiation, and or-
ganization theory; 

• Environment applications: ecosystems, land use; 

• Computational Biology: computational models to faci-
litate understandings of functional biological systems. 

Due to lack of space, we will not overview each and 
every domain; rather, major categories that influenced the 
growth and evolution of the use of agents in simulation are 
reviewed. 
 
4.1. Complex Adaptive and Self-organizing Systems 
 

The science of complex systems is a rapidly evolving 
area [41]. Much of the focus in complex systems is on how 
systems of interacting agents can lead to emergent beha-
vior [63]. A system is characterized as complex, if it is 
composed of diverse, dynamic, and heterogeneous entities 
that interact in nonlinear ways. Complex systems are dif-
ferent than complicated systems. Examples of complex 
systems include behavioral dynamics of voters in elections, 
economy, vehicles in transportation systems, cellular me-
chanisms in a body, disease and culture spread, and tech-
nology diffusion processes. In complex systems the agents 
learn and adapt from their activities, and they operate in 
unstable and non-static environments. Echo system [25], 
for instance, provides a sound basis for demonstrating how 
adaptation of agents to their environment builds complexi-
ty. To signify the role of adaptation, such systems are often 
viewed as Complex Adaptive Systems (CAS). The premise 
of complex adaptive systems is that such systems consists 
of processes that are dynamic, non-linear, path dependent, 
and self organizing, in which global (macro) behavior 
emerges from the local (micro) interactions of entities 
which influence one another in response to influence they 
receive. 

The characteristics of such system models are as fol-
lows: 
• Agents are autonomous - they interact with little or no 

central authority and they are adaptive rather than op-
timizing. 

• Agents are heterogeneous in terms of their properties, 
actions, and decision making styles. 

• Based on the degree of adaptation, the models are ei-
ther evolutionary or learning. Evolutionary models al-
low rules to evolve and compete for adoption, whereas 
learning models allow agents to learn from experience 
and feedback. 

• Agents are organized into groups or hierarchies. As 
pointed out hierarchic systems are complex systems, 
and the organizational structures influence how the un-
derlying system evolves over time [78]. 

As with any emerging field, there is considerable di-
versity in the application of agent paradigm in studying 
complex adaptive systems, especially those that pertain to 
social systems. In the Proceedings of National Academy of 
Sciences Colloquium on "Adaptive Agents, Intelligence, 
and Emergent Human Organization: Capturing Complexi-
ty through Agent-based Modeling" [4], some approaches 
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take an evolutionary approach, while others use a learning-
theoretic strategy. At the core of most applications of 
agent-based models for complex phenomena is a focus on 
agents interacting on landscapes that consist of two-
dimensional grid. Agents are directed by rules that de- fine 
their actions over these landscapes, which represent diver-
sity in social environments. 
 
4.2. Human and Social Dynamics 
 

Simulation is playing a critical role in advancing the 
understanding of human behavior and performance, as 
well as social and political behavior at the individual, or-
ganization, state, and population levels. Two major emer-
gent areas in which agents are used as design metaphors 
are generative social science and human behavior model-
ing. 
 
4.2.1. Generative Social Science 

With the introduction of Epstein and Axtell's book [17] 
on Growing Artificial Societies: Social Science from the 
Bottom-up, the artificial society modeling as a principle 
scientific instrument emerged as a new form of conducting 
research in social sciences. The basic premise of artificial 
society modeling involves "growing" social structures to 
demonstrate that certain sets of micro-specifications are 
sufficient to generate macro-phenomena of interest. Sam-
ple applications of this new perspective are presented in 
[16]: the history of ancient communities (e.g., Anasazi), 
the emergence of economic classes, the timing of retire-
ment, the evolution of norms, dynamics of ethnic conflicts, 
the spread of epidemics, and organizational adaptation. 
 
4.2.2. Human Behavior Modeling and Simulation 

As a result of increasing use of simulations for training, 
systems analysis, systems acquisition, and decision aiding 
in military applications, a panel study [67] was organized 
by the US National Research Council. In the panel's con-
cluding remarks, it is recommended that models of human 
behavior employed by simulations be based on psycholog-
ical, organizational, and sociological theory. Simulation 
community responded to this call by developing alterna-
tive strategies. One alternative is the cognitive or agent ar-
chitecture, which focuses on emulating the actual human 
decision making processes that involve perception, under-
standing, anticipation, planning, and goal selection. On the 
other hand, profile-based approaches utilize a declarative 
strategy, by which the personality and psychological pro-
file of an individual is captured in terms of variables and 
their update dynamics. Martinez- Miranda and Aldea [38] 
describe an agent model that simulates the human behavior 
in a team. Urban and Schmidt [86] present a reference 
model for the construction of human-like agents. Ghasem-
Aghee and Ören [22] extend on these early studies to 
present a profile-based approach to specify personality in 
agents using fuzzy logic. Others illustrate how models of 
emotion and personality can improve the believability of 

agents [2]. These studies collectively demonstrate how 
agent-based modeling facilitates bridging the gap between 
psychological knowledge about personality and human be-
havior and modeling and simulation. Silverman's contribu-
tion in this volume provides a patent example on 
specifying cognitive human agents. Some additional chal-
lenges are the representation of irrationality in human be-
havior, as clarified by Ariely with ample examples for 
behavioral economics [1]. 
 
4.3. Artificial Life 
 

Artificial life research, which is the study of evolution 
of agents, or in general societies of computer-generated 
simulated life forms in artificial environments, contributed 
to the study of complex systems using mainly the tech-
niques of cellular automata and agent paradigm. Santa Fe 
Institute led the efforts by bringing researchers in com-
plexity science in various Artificial Life Workshops to 
pursue a specific thread of research that revolves around 
the concept of a simulation-based iterative population ap-
proach using generations of agents that can mutate and be-
come fitter over time. The major contribution of the 
Artificial Life community to agent systems simulation is 
the use of basic and extended versions of Cellular Automa-
ta (CA) formalism to model and simulate societies of 
agents and emergent properties in complex systems. CAs 
are decentralized spatially extended systems consisting of 
large numbers of simple and identical components with lo-
cal connectivity [7]. Such systems have the potential to 
perform complex computations with a high degree of effi-
ciency and robustness as well as to model the behavior of 
complex artificial and natural systems. CAs have been 
successfully applied to the simulation of wide variety of 
dynamical systems such as biological processes, including 
pattern formation, urban growth, galaxy formation, and 
most notably in studying fluid dynamics. 
 
4.4. Computational Organization Science 
 

Computational modeling is now widely accepted as a 
scientific instrument in conducting organizational research 
[25]. In defining the basic tenets of computational organi-
zation science and establishing the synergy of organization 
science and multi-agent systems, Carley posits that compu-
tational systems are organizational by nature [5]. Specifi-
cally, she illustrates that entities in organizations are 
distributed, heterogeneous information processing ele-
ments that exhibit adaptive and bounded rational behavior. 
Exploiting these analogies, organization scientists devel-
oped novel agent-based modeling perspectives to study or-
ganizational adaptation, culture and norms [23], 
knowledge diffusion in organizations [33]. Simulation of 
social networks as models of loosely coupled agents in vir-
tual organizations such as Open Source Software commun-
ities [39] resulted in test-beds that facilitated generation of 
hypothesis pertaining to dynamics of user innovation 
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communities. One of the major contributions of the com-
putational organization science community to simulation 
modeling, as well as multi-agent systems domain is the 
conceptual models of organizations in terms of a meta-
level social network of agents, knowledge, resources, and 
tasks [5]. VDT [35] and OrgAhead [6] are two agent-based 
organizational model development environments that have 
sound theoretical basis to study organizational effective-
ness and efficiency. Ferber's work on multi-agent systems 
also demonstrates how such systems can be specified in 
terms of organizational constructs. Ferber [18] also intro-
duces various dimensions of organization analysis in de-
signing multi- agent systems. Similarly, [88] presents 
organizational principles for multi-agent system architec-
tures. The synergy between organization theory and multi-
agent simulation is exploited by others (e.g., [102] to study 
effectiveness and efficiency of team archetypes in software 
development organizations. 
 
4.5. Military Applications 
 

Defense Advanced Research Projects Agency 
(DARPA) is a central and influential research organization 
that provided impetus to the development of agent tech-
nologies and their integration to simulation modeling in-
frastructures. Among the programs that impacted directly 
or indirectly the growth of the use of agents in simulation 
modeling and systems engineering are 

• Control of Agent-Based Systems (CoABS) project 
aims to develop and demonstrate techniques to safely 
control, coordinate and to manage large systems of au-
tonomous software agents. 

• Joint Unmanned Combat Air Systems (J-UCAS) 
project envisions developing a weapon system that ex-
pands tactical mission options and provides revolutio-
nary new air power and penetrating surveillance 
capability. 

• LifeLog is part of DARPA's research in cognitive 
computing. The research is fundamentally focused on 
developing revolutionary capabilities that would allow 
humans to interact with computers in much more natu-
ral and easy ways than exist today. 

• Mobile Autonomous Robot Software (MARS) aims to 
develop (learning-based) software technologies re-
quired for robust perception-based autonomy. 

Synergistic use of simulation and agents are definitely 
important applications in constructive simulations as se-
rious games, mostly in war gaming. However, in NATO 
parlance, non-article 5 activities can benefit from advanced 
modeling and simulation applications. These activities in-
clude vitally important applications of M&S, or better yet 
agent-directed simulation applications in crisis manage-
ment including peace support training and management 
[47]. 
 

4.6. Space Applications 
 

To reduce the cost of future space flight missions, 
NASA has been investigating autonomous ground and 
space flight systems. These goals of cost reduction have 
been further complicated by, for instance, NASA's plans to 
use constellations and swarms of nano-satellites for future 
science data gathering which may entail large communica-
tions delays and loss of contact with ground control for ex-
tended periods of time. The application of agents in 
support of these objectives, and consequently the use of 
agents in simulated environments to prove the concept and 
feasibility of such ideas, resulted in the Lights-Out Ground 
Operations System (LOGOS) and the Agent Concept 
Testbed (ACT) [73]. Another activity worth mentioning is 
the Mobile Agents Project. Communicating intelligent 
software agents in backpacks, rovers, and other mobile 
platforms can greatly enhance planetary extravehicular ac-
tivity (EVA). The task of the Mobile Agents Project is to 
develop a distributed architecture for simulation and coor-
dination of human-robotic EVA teams, including model-
based control of life support, communications, and spo-
ken-language interfaces to rovers. The system will inte-
grate crew, robots, software agents, and remote operations 
and science teams into coherent work systems, amplifying 
human capability. 
 

5. ORGANIZATIONAL FACTORS 
 

Scientific and technical factors influence and shape the 
methodologies and technologies associated with the syner-
gy of simulation and agents. On the other hand, organiza-
tions act as catalysts to stimulate and filter innovations. 
While some of the scientific societies advocate the im-
provement of the theory and methodology of multi-agent 
systems and associated simulation studies, others focus on 
specific application domains. Some of the societies which 
have been influential are outlined in the sequel: 
 
5.1 Agent Simulation Conference Series  

Agent Simulation Conference Series organized by the 
Argonne National Laboratory has been focusing on mainly 
three major areas: (1) Methods, Toolkits, and Techniques, 
(2) Computational Social Theory, and (3) Social Simula-
tion Applications. The advances promoted by the commu-
nity that annually convenes in this conference series 
mainly revolves around the agent-based modeling para-
digm and its use in social science applications. 
 
5.2 Center for Research in Social Simulation and Eu-
ropean Activities 

The growth of agent-based social simulation field is al-
so advocated by the Center for Research in Social Simula-
tion at the University of Surrey in UK, as well as the 
broader umbrella organization, called European Social Si-
mulation Association (ESSA). The societies that are active 
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in the social simulation domain are facilitating the formali-
zation of behavioral theory in agent models and simulation 
of social phenomena that emerge from interaction of mul-
tiple agents (e.g., evolution of norms and culture).  
 
5.3 North American Activities 

The North American Association for Computational 
Social and Organization Sciences (NAACSOS) has been 
influential in the development of the computational organ-
ization theory by using agent paradigm and simulation 
modeling as scientific instruments in studying organiza-
tions. The evolution of this organization had its roots with 
a small group of researchers who were interested in how 
computational models could be applied to theoretical de-
velopment and empirical analysis in the study of collec-
tives. The early workshops were associated with 
INFORMS. 

The organization has evolved into a formal society 
with an associated journal (Computational and Mathemati-
cal Organization Theory), and it is affiliated with other so-
cial simulation organizations such as ESSA and PAAA 
(The Pacific-Asian Association for Agent-based Approach 
in Social Systems Sciences). Similarly, the Agent-based 
Computational Economics (ACE) society aims to promote 
and advance the studies of economic processes modeled as 
dynamic systems of interacting agents. Following the tra-
dition of NAACSOS, ESSA, and other simulation com-
munities that focus on social sciences, ACE society seeks 
to improve empirical and normative understanding of so-
cial systems, and in particular, economic systems. Theory 
generation through exploration and insight via agent-based 
models and methodological advancements are among the 
objectives of these societies. 

Organized by the Autonomous Agent and Multi-Agent 
Systems (AAMAS) community, the Multi-Agent-Based 
Simulation (MABS) workshop –which is held since late 
1990s– is an important venue that brings researchers from 
the agent system and agent-based social simulation (ABSS) 
communities. The theme of the MABS workshop series is 
based on the observation that: (1) the focus on agents for 
the solution of complex engineering problems related to 
the construction, deployment and efficient operation of 
agent-based systems and (2) the focus of ABSS for simu-
lating and synthesizing social behaviors in order to under-
stand real social systems via development and testing of 
new theories. It is considered desirable that these two 
communities synergistically so as to mutually advance 
their own disciplines. 
 
5.4 Agent-directed Simulation (ADS) Community 
(North America and Europe) 

A recent organizational development to provide inter-
national platforms to share knowledge on the synergy of 
simulation and agents is the emergence of the Agent-
Directed Simulation (ADS) community.  The ADS com-
munity is interested on any one of the three types of the 

synergy of simulation and agents, namely, simulation for 
agents (agent simulation) and agents for simulation –
which consists of agent-based simulation and agent-
supported simulation. Hence, the ADS paradigm is com-
prehensive and integrative. 

The first activities on ADS started in 2000 [54], [55]. 
In 2001, three activities followed [56], [57], [58] them. As 
of 2009, three separate platforms are well established for 
ADS: 

(1) In 2003, the first track of sessions on ADS was orga-
nized, by Ören within the 2003 Summer Computer Si-
mulation Conference (SCSC) of SCS, held in Montreal, 
Quebec, Canada. In 2004, another track of sessions on 
ADS was organized by Yilmaz and Ören within the 
2004 SCSC, held in San Jose, CA. Since then, they or-
ganize –annually– tracks of sessions or symposia on 
ADS within each SCSC. 

(2) In 2005, the first annual symposium on ADS was orga-
nized by Yilmaz within the Spring Simulation Multi-
conference (SpringSim) of SCS [95]. Starting in 2006, 
T. Ören and G. Madey joined Yilmaz as organizers of 
the annual ADS symposium. For 2010, the executive 
committee of the ADS symposium has five members 
and the Call for Papers has a wide scope of relevant 
topics. 

(3) In 2007, Ören organized a session on ADS within the 
European Modeling and Simulation Symposium 
(EMSS) which is part of the International Mediterra-
nean Modelling Multiconference. In 2008 and 2009, 
Ören and Yilmaz organized tracks of sessions on ADS 
within EMSS. Plans are under way to continue to make 
the ADS track of sessions an annual event within 
EMSS. 

The position advocated by the ADS community is that 
while there exist many agent communities, there are not 
many simulation communities where agent and simulation 
technologies are together a central theme. 
It is therefore that the ADS community fills a gap in the 
agent field as well as the simulation community. The 
theme of agent-directed simulation brings together agent 
methodologies, technologies, tools, toolkits, platforms, 
languages, and applications in a pragmatic manner. The 
theme of ADS is based on (1) the observation of the poten-
tial benefits of having a comprehensive and integrative 
conception of the synergy of simulation and agents and (2) 
following premises.    

(1) The growth of new advanced distributed computing 
standards is providing a new context that acts as a criti-
cal driver for the development of next generation sys-
tems. These standards revolve around service-oriented 
technologies, pervasive computing, web-services, Grid, 
autonomic computing, ambient intelligence etc. The 
supporting role that intelligent agents play in the de-
velopment of such systems is becoming pervasive, and 
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simulation plays a critical role in the analysis and de-
sign of such systems. 

(2) To facilitate bridging the gap between research and ap-
plication, there is a need for tools, agent programming 
languages, and methodologies to analyze, design, and 
implement complex, non-trivial agent-based simula-
tions. Existing agent-based simulation tools are still not 
mature enough to enable developing agents with vary-
ing degrees cognitive and reasoning capabilities as well 
as assurance of trust between agents and between 
agents and users. 

 
6. CONCLUDING REMARKS 

AND FUTURE RESEARCH DIRECTIONS 
 

In drawing the trace of the evolution and growth of the 
use of simulation for agents and agents for simulation to a 
close, we offer comments on two aspects: (1) the role of 
applications, organizations, and emergent technologies on 
innovations regarding the synergy of simulation and agents 
and (2) potential avenues of future research. In this article, 
we advocate the position that scientific, organizational 
(e.g., community dynamics) and technical factors interact 
to produce advancements at the intersection of simulation 
and agents. Specifically, developments occur when indi-
viduals or groups of scientists/ engineers make changes in 
the scientific domain of their study, which are then trans-
mitted to the organizational domain. However, such 
changes are not adopted unless they are sanctioned by 
some group that is entitled to make decisions as to what 
should or should not be included in the domain. In light of 
this view, we overviewed various technical factors and 
scientific communities that have shaped the growth and 
evolution of the synergy of agents and simulation. The 
contribution, once confirmed and accepted, involves a 
change in the scientific culture. It is useful to think in this 
context about scientific culture as a set of interrelated areas 
shaped by the application domains. As such, we evaluated 
the major domains that are of significant relevance to 
agent system design and simulation. We believe that antic-
ipation of the future developments requires understanding 
of these three components and their synergistic interac-
tions. 

In light of this framework and the elaborated categories 
of the synergy of simulation and agents, we anticipate that 
the use of agents will increase as the technological context 
extends with emerging trends and critical drivers such as 
cognitive informatics, augmented cognition, semantic web, 
web services and service-oriented computing, grid compu-
ting, ambient intelligence, and autonomic computing be-
come more pervasive. Simulation-based design of such 
systems will require seamless introduction of agents and/or 
agent technologies. 

Dealing with inherent uncertainty due to lack of know-
ledge is a significant challenge in simulation studies. 
While experimental designs and statistical decision theory 
have proven useful in controlling variability, exploration 

of open systems with structural and behavioral uncertainty 
is difficult. Variability refers to inherent variation asso-
ciated with the physical system or the environment under 
consideration. Sources of variability can be defined in 
terms of the probability distribution functions that can take 
on values in an established or known range, but for which 
the exact value will vary by chance from unit to unit or 
from time to time. This stochastic variation is used to cap-
ture the characteristics of the factors and parameters of 
both the system and the environment in which it is embed-
ded. Uncertainty, on the other hand, arises due to lack of 
knowledge. Since the cause of uncertainty is partial know-
ledge, increasing the knowledge base can reduce the un-
certainty. This is also known as epistemic uncertainty and 
reducible uncertainty. By increasing knowledge, the bias 
of the simulation can be reduced to improve accuracy. 
However, in the absence of knowledge, a simulation 
should be capable of identifying solutions that are robust 
across variation over uncontrollable factors. Application of 
fuzzy logic is also an important possibility in cases with 
partial knowledge. 

Building on the premise of autonomic computing and 
the promise of agent paradigm, newly principled agent-
based and agent-supported simulation strategies will allow 
knowledge to emerge and be used during a simulation 
study [42]. That is, the ADS perspective, in conjunction 
with autonomic computing principles suggests promising 
directions to develop next generation autonomic introspec-
tive simulation systems [96] that are able to cope with 
deep uncertainty. Applications for which autonomic simu-
lation systems will prove useful for online symbiotic simu-
lation, real-time decision support in asymmetric and 
irregular environments, adaptive experience management 
for training, crisis and disaster management, and dynamic 
data-driven applications. Specifically, experimenting with 
evolutionary and/or contingency models in real-time on 
demand using the autonomic computing metaphor would 
be critical for decision support in unstructured problems 
with the characteristics of (1) deep uncertainty, (2) dynam-
ic environments, and (3) shifting, ill-defined, and compet-
ing goals. The major challenges pertaining to decision 
making in such asymmetric and irregular environments in-
clude the following: 

(1) For most realistic problems, the nature of the problem 
changes as the simulation unfolds. Initial parameters, 
as well as models can be irrelevant under emergent 
conditions. Relevant models need to be identified on 
the fly and instantiated to continue exploration. 

(2) Our knowledge about the problem being studied may 
not be captured by any single model or experiment. 

(3) Dealing with uncertainty is paramount to analyzing 
complex evolving phenomena. Adaptivity in simula-
tions and scenarios is necessary to deal with emergent 
conditions for evolving systems in a flexible manner. 

Systems characterized by non-linear interactions 
among diverse agents often exhibit emergent behavior that 
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may be very different from what the initial conditions of 
these systems would suggest [97]. Traditional simulation 
techniques that rely on accurate knowledge of these condi-
tions typically fail in these cases. Autonomic simulation 
systems will have the potential to enable robust decision 
making in real-time for these problems. Furthermore, the 
insights derived from the autonomic simulation can be 
used to improve the performance of the system under 
study. Likewise, as the system develops, observations of 
emerging conditions can be used to improve exploration of 
the problem space. 

As a final note, we believe that just as there is no single 
agent-based abstraction that is uniformly better on all types 
of problems, there is no one technology (e.g., evolutionary 
computation, artificial neural nets, symbolic machine 
learning, and mathematical optimization) that is sufficient 
to account for the complexity and difficulty of most real-
world problems. Rather, we have to recognize that com-
plex real-world systems are developed using a broader sys-
tems engineering perspective that requires seamless 
integration of appropriate technologies [64], [99]. Along 
this line, the synergy of simulation and agent-directed si-
mulation with systems engineering is becoming relevant 
for two reasons: (1) applications that are becoming large 
scale and complex, necessitate use of systems engineering 
principles and (2) modeling and simulation systems –
including agent-directed simulation systems– are becom-
ing very large and complex; hence necessitate use of sys-
tems engineering principles.  
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Table 2. Spectrum of computational paradigms (from Yilmaz and Ören [94]) 

 
Type of 
knowledge 
processing 

Computational para-
digm 

Role of 

People Computational system 

Procedural 

Algorithmic (un-
structured, struc-
tured, or object-
oriented program-
ming)  

- Analyst develops and algorithm 
- Programmer transforms the algorithm and ge-
nerates a program. 
- User activates the "whole" program. 

- System compiles or interprets user's program. 
- System executes the compiled or interpreted program 
code. 

Intentional Declarative - User specifies the problem. 
- System generates a code (program generator trans-
forms the specification into code) 
- System executes the compiled or interpreted code 

Goal-
directed 

Interactive  
(Event-based) 

- User activates functions to be performed. (Indi-
rectly activates the module(s) of code to be ex-
ecuted.) 

- System assures the execution of the (already-existing 
problem-independent) software modules corresponding 
to the selected functionalities. 

AI-based (heuristics, 
rule-based or frame-
based computation) 

- Knowledge engineer specifies the rules. 
- User specifies the goal and the facts (initial 
conditions). 
- Problem-independent inference engine is pre-
pared only once. 

- System (inference engine) determines the order in 
which the rules have to be executed and  
- executes the rules accordingly until the goal is satis-
fied. 

Agent-based 

- Problem is specified in agent-based modeling. 
- User specifies the goal and 
- delegates finding a solution of the problem to 
agents. 

Agents: 
- process the goal (identifies sub-goals, sequence them, 
and determine additional knowledge requirements), 
- perceive their environments, 
- perform goal-directed knowledge processing, and 
-decide which (other agent or non-agent software mod-
ule(s) to activate or sub-delegate the task(s).  
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