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People are agents too: A review of the use of agdrdsed systems as

descriptive models of human cognition and group dyamics

Eric Dimperio

People and groups of people have been studieciny whifferent branches of scientific
inquiry (psychology, sociology, cognitive scienaathropology). Psychology and cognitive
science have traditionally had the goal of invedtigg how an individual thinks by investigating
behaviors of the individual. Anthropology and sdogy have long studied collections of people
by looking at patterns of behavior in those groupsvelopments in the computational sciences
have given rise to newer methods of inquiry forshely of both individuals and groups. Agent-
based computational simulations allow scientiststtaly individual cognition by observing
behaviors at the group level, as well as to studyg dynamics by identifying behaviors at the
level of the individual. This essay is intendedak at how traditions of studying individuals
and groups are coming together to provide new ntsignto each other’s respective domains.
There will be an emphasis on the usage of agemdoa®deling (ABM) to facilitate this
convergence and how it relates to other work bdomge.

Cognitive scientists like to think of a persoreasnit of cognition. Human behavior can
be thought of as the result of some processingat@airs given some set of input stimuli (input
stimuli — cognition— behavior). Research in the area of cognitive psipgy generally
consists of controlling the stimuli presented tbjeats and measuring the responses. Cognitive
modelers develop descriptions of the cognitive gsses that occur within the subjects that
would yield the observed responses given the stipnabented. Many models have been
presented that have provided much insight into lpsipgical concepts of memory, learning,

attention, language, and many others. Even thowghave learned much from this style of



investigation, it does have its limits. Humans soeial animals. Many of our behaviors only
make sense in the context of a social environniggytond that, many of the cognitive
accomplishments achieved by mankind cannot bdatéd to cognition by the individual.
Certain cognitive processes seem to be the pradw@st individual and its environment, which
may include one or more other cognitive agents¢hins, 1995). To get a true understanding of
human cognition, one needs to understand somed#fiagt group behavior.

Group behavior has traditionally been the domésoaciologists, economists, and
anthropologists. Mathematical sociology tends tp o@ equation-based modeling (Sawyer,
2003). In equation-based modeling (EBM), modelsd@fened by a set of equations that are
evaluated to provide descriptions/predictions dféhor. These types of models are often the
most appropriate when the unit of decompositiaihnésmacro-level observable variable.
Unfortunately, some of the EBM techniques rely tiitsassumptions that can lead to bad
science (Moss, 2006; Sawyer, 2003). Often, EBM risodeeconomic behavior assume that
actions are taken by perfectly rational agents ¢kengh human often act irrationally. This may
be useful in trying to determine what sort of derisshould be made to achieve some result, but

it is not useful when trying to understand humagnition.

A new breed of science

Science has usually relied on two methods of rdagdo reach conclusions about a
subject of interest (Axelrod, 1997; Sun 2006). @kductive method begins with the
specification of a formal model from which conseoges are derived. The EDM methods
mentioned from economics tend to use this apprdachgreat when you understand the basic

axioms of a situation and want to know the implimas$ of those axioms. The second method is



the inductive method. The inductive method gengiallolves the observation of empirical data
from which generalizations can be formed. This métis widely used in sociology, where a
large number of observations of group behaviorlead to qualitative descriptions of categories
or to the identification of patterns of behavior.

Though both of these methods have their merigsetexists another form of study that
has been gaining in popularity. Agent-based sinananodeling bridges the gap between
deduction and induction. It begins with a formaldabas in deduction, but uses the model to
generate data from which patterns can be observsihilar fashion to the inductive method. In
its most basic form agent-based modeling involveating a model of an individual and placing
many instances of that individual into a virtuaVanment and watching the behavior of the
group unfold over time. Because the individualsdefned by mathematical and computational
formalisms, the results are clear, qualitative, aijctive (Goldstone & Janssen 2005).
Although this might not yield results as concretesed-form mathematical equations, they
allow for the investigation of complex non-lineaodels.

The power of these simulations is that we carpséiernsemerge at the group level that
were never programmed in at the individual le@e of the defining characteristics of a
complex adaptive system is the procesenadgence. Although the exact definition of
emergence is often debated, we can see it wheeeveater flowing down stream and forming
vortexes as it passes over obstacles. None of dlerwolecules in the flow are following a rule
that tells them to join in on this circular dantieey only respond to local interactions.
Nonetheless, when billions of the molecules inteiathe stream, whirlpoolemerge and
describe the behavior of water, which is just geagrouping of water molecules. See Panzarasa

& Jennings (2006) for more complete definition ofexgence.



There are several characteristics that are oftend in multiagent systems. These have

been adapted from those given by Goldstone & Jan28€5):

1) Computational description at the level of agents — The rules of the models are coded at
the level of the individual

2) Local interactions — Agents can only directly communicate with othiéegt are limited
to a certain spatial distance, or a communicaiigaih a network. All other
communication takes place as stigmergic interastidhese interactions involve
making changes in the local environment that caoldserved by other agents who
occupy a similar region of space in the future.

3) Autonomy of agents — Agents are not forced into action by other ergjtbut instead
act in response to their environment. They opesdtte out intervention from external
systems.

4) Agents exist in some environment — Agents have some environment that they can sense
and/or act upon. This is usually a 2D or 3D spaialironment, but may also be a

network, or a game/market environment.

Multiagent systems became a viable method of sitioman the 1990’s due to advances in
computing technology. Agent-based models are bemigraced in many fields of social science
as well as computer science, complex adaptive mgstartificial life (Jennings, 2000; Holland,
1995; Epstein & Axtell, 1996). These fields focusrmof the theoretical side of ABM. Many
researchers are exploring these models to seebehatiors they produce rather than trying to

yield specific observed phenomena. Most work thitizes ABMs to explain group behaviors



have been done so in reference to animal beh&wobrooling fish, swarming ants, and herding
livestock have been studied in great detail (Keyr&dberhart, 2001). Even though it
represents a small portion of the work done in ABiWre exists a significant body of work
where researchers have modeled collections ofishay humans to describe or predict

behaviors in groups of people.

Modeling what we see

Agent-based modeling really began with seekindamaiions for phenomena observed
in groups we see in our everyday life. By creatlmgse models, researchers can investigate the
properties of the individuals that give rise to@ted group dynamics. This applies to groups in
specialized environments (Farkas & Vicsek, 200G d&xeau, 2002), groups in everyday
activities (Helbing, Molnar, Farkas, & Bolay, 2004nd entire societies (Schelling, 1971). In
fact, the use of ABM techniques in social scierre®sains most popular in the investigation of
such observed behavior.

Thomas Schelling (1971) was one of the first redesrs to use a multiagent model to
gain better insight into something he observedaiety. Although primarily motivated by racial
segregation, Schelling wanted to see how individigdriminatory behaviors (rather than
organizational differences or imposing forces)uafice segregation regardless of the nature of
the separation. Beginning with a simple linearribstion of +'s and O’s, Shelling gave each
one the same ability to shift positions based errétion of same/different neighbors within a
distance of 2 spaces. Schelling saw that a sligdfepence for living near others like you leads to
large segregated groups. He was able to see hee tieups changed as a function of the initial

ratio of different types as well as the limitatiasrs movement of agents. In the more realistic



two-dimensional simulations, Schelling was ablsde influences of varying degrees of
‘tolerance’ for other ‘races’ as well as the des$meintegration. He was able to formulate very
explicit relationships between these factors jumtnftesting the simulations, an amazing feat
given the lack of computing power in 1975. In f&chelling asks his readers to verify his results
using paper separated into grids and a coupleabt#ferent coins. Although Schelling was

able to see the relationships in his simulatiois Very difficult to test the external validity of
these findings. This ground breaking study reprisskow many sociologists use ABM today.

Researchers can still make useful conclusionpite sf this lack of external validity by
sticking to the KISS (keep it simple, stupid) piple. Schelling’s model involved extremely
simple agents with simple rules about how to m&Ve.can be still reasonably confident that
this represents a simple model of at least onaentte of racial segregation in human societies if
we believe people have preferences for being néar®of the same race.

In his ground breaking research on cooperatiobhelRoAxelrod (1997) used agent based
models of an iterated Prisoner’s Dilemma (IPD) taskxplore strategies for promoting
cooperation in international politics. The Prisosd®@ilemma is a game in which 2 players are
faced with a binary choice. According to the stofyhe problem, the two players are prisoners
being questioned about a crime. They have the ehoicooperate with the other player and
keep quiet or defect and implicate the other playbe payouts are arranged such that defecting
is the dominant strategy (regardless of what thergblayer does in any particular turn, the
dominant strategy yields a higher payoff). Howewdering multiple iterations of the game
between two players, they can both gain larger resvii they mutually abandon the dominant
strategy and cooperate with each other. Table lJodstrates the payoffs in the Prisoner’s

Dilemma game.



Table 1: Payoffs in a Prisoner’'s Dilemma task listed éndfder A,B

Player B
Player A Cooperate Defect
Cooperate 3,3 0,5
Defect 50 11

Axelrod initially studied the success of differettategies by having leading scientists and
computer hobbyists submit strategies to a regulaechament (Axelrod, 1984). It was found
that a simple strategy called TIT-FOR-TAT (TFT) wviae most successful. The TFT strategy
involved initially cooperating, but every successiiove matched the opponent’s previous
move. The prisoner’s dilemma task is a simple emvirtent that captures the tensions of selfish
behaviors that provide immediate gratification andperative behaviors that provide long term
benefits (Axelrod, 1997). For this reason, theaited prisoner’s dilemma task is a great
environment for studying how people deal with tiesision.

Wedekind and Milinski (1996) have shown that peamed one of two different
cooperative studies. The first is a generous TFategy that is similar to TFT, but cooperates
with some probability when the opponent defecta hoisy situation where mistakes can be
made, this generous strategy reduces the risksefias of retaliations until another mistake is
made. The second strategy used is basically a Y&in-sose-change strategy that has been
nicknamed Pavlov. Using evolutionary algorithmswsé & Sigmund (1992) demonstrated the
generous TFT strategy emerges as the dominaregyrathen players of the Prisoner’s dilemma

make simultaneous moves. When a more natural ghaleemnating games is played, the Paviov



strategy emerges as dominant (1993). In the huxperienents, the generous TFT strategy was
observed in 30% of the subjects tested while therof0% used a Pavlovian strategy. This
distribution was observed regardless of wheth@émaltaneous or alternating game was being
played. However, those that adopted a generoussiraliegy were more successful in the
simultaneous game, whereas those using the Paviiegy had greater success in the
alternating game.

The work on cooperative behaviors shows how sitimria inspired the observation of
humans. It is also possible for observations ofat@ehaviors in the environment to inspire
modeling efforts to explain observed group dynamise such phenomenon is walking.
Pedestrian movement is easy to observe in citresiginout the world. Moreover, we can
observe how specific changes in environment cdnante pedestrian movement. Helbing et al.
(2001) used an agent-based simulation to explani@usly observed self-organization
phenomena in pedestrians. These phenomena intladpontaneous formation of directional
lanes, the oscillation of the direction of pedestrilow at bottlenecks, and the formation of lanes
when stationary pedestrian crowds need to be aloB&slestrians were modeled as fairly simple
agents reacting to the environment in a fairly matic way. They were treated as particles
flowing in response to behavioral forces. Thesedsiincluded a desired velocity, border
avoidance, pedestrian avoidance, and social atteafttrces. Parameters for the optimal
behavior were learned using an evolutionary stgatAthough the details about the motion of
any individual was meaningless in the absenceadfdestination and time constraints, the flow
of large populations of pedestrians could be mataNithout any assumptions of strategic
considerations, communication, or imitative behaiiahe simulations, the self-organization of

agents was observed (see figure 1). Although edefowere programmed as symmetrical in



respect to right-hand and left-hand, the non-symmgrmation of lanes was observed.

Although there may be a cultural preference for side over the other, no preference is needed
to initiate the division. In simulated bottlenectuations where groups of simulated pedestrians
need to go through a single opening from both tiwaes, the direction of the flow of agents
through the opening oscillated back and forth. Wiwemopenings are present, each opening was
utilized by the simulated pedestrians walking sirggle direction. The last significant

observation of the spontaneous formation of rouadapatterns when pedestrians intersected at
a four-way intersection. All of these observatiohshe simulation have analogous patterns that

have been seen in groups of real pedestrians.

Figure 1: Simulations showing emergent patterns such as lane formation (upper left), oscillation of flow direction
through a bottleneck (right), and rotational flow at 4-way intersection (bottom left). Adapted from Helbing, Molnar,
Farkas, & Bolay, 2001.

Another readily observable example of self-orgatan is that of the Mexican wave.

The Mexican wave refers to the systematic standimdysitting of spectators in a stadium so as to



cause a wave of standing to travel around the addtteough the event seems as simple as
having many individuals merely stand up with theims above their heads slightly after a
neighboring fan, the Mexican wave is much more demarkas & Vicsek, 2006). For
instance, what does it take for a stable waveadstWhy does the wave always go in one
direction, though not always the same directionk&a& Vicsek investigated the phenomenon
and generated a model to try to answer such guessfitney first began by observing video
recordings of 15 different waves and collectingpmsses about the wave from an online survey.
The videos showed waves that were one-directiohakr&7 propagated clockwise and 8
propagated counter-clockwise around the arenastliheys suggested that the relative position
of the initiators as well as obstacles near theistapoint influenced the direction of the wave.
Farkas & Vicsek concluded that participants inwae relied on local cues (their neighbors) as
well as distal cues (the wave as a whole) wherddegiwhen to stand and cheer. Utilizing an
excitable medium model (Farkas, Helbing & VicseB02) the authors concluded that it is the
influence of global observations that support pggtien in a single direction and stifle the
wave’s movement in the opposite direction. Althotigga model only required a small group of
about 10 individual agents to initiate the wavega wave requires strong social cues that are

not fully modeled.

How useful are these models?

It is completely fair to question the usefulnefa simulation that merely recreates
patterns we observe in groups of people. Can weabigtconclude anything about human
cognition from these recreations? Later on | wilih out how these simulations are being

combined with laboratory experiments to make mafindive conclusions. However, even



without experimental manipulation, these typesimiusations are being used in many different
ways. Civil engineers, event coordinators, the N@sk Stock Exchange, and several large
corporations rely on similar simulations when makangnificant job related decisions (Helbing,
2001; Bonabeau, 2002). Placing many instanceswdael in the environment and then
observing simulated group dynamics that match eeskedynamics in the real environment can
boost confidence in the model of the individualatidition, when the group is a complex,
adaptive system, the nonlinearities inherent instregem make it difficult to predict without
simulation. With confidence in your simulation, yoan see how the people respond to changes
in the environment that would be too costly to attjutest.

Civil engineers utilize the predictions from tiafsimulators to design roads and
highways that minimize traffic congestion (ErolMye &Wentworth, 1998). Poorly planned
roadways can also be extremely expensive. Becduke aonlinear dynamics, sometimes
changes to an environment lead to non-intuitiveltesWith an accurate simulator, engineers
can see the effects of additional lanes, changsgéerd limits, additional onramps, etc on a
particular road system. They can also simulatedéfit times of day with different densities of
motorists. These observations lead to more confidacisions and more productive tax dollars.
A team at the Los Alamos National Laboratory hansgeveral years developing the very
detailed TRansportation ANalysis SIMulation Syst@RANSIMS) software package
(Bonabeau, 2002). Using detailed census data,nasra were able to simulate a 25 square mile
region of the Dallas/Fort Worth area. Results satggkthat improving local arterials would
better improve congestion than adding lanes tditjeway. A larger simulation of a region of

Portland, OR is now being conducted.



When panic overruns a large group of people adddes a stampede, individuals can
easily get crushed or trampled to death while grymescape. When faced with danger, people
often moved faster than usual and tend to follosvidbhavior of others. This often leads to
overlooked secondary exits and clogged doorwaytb(ktg Farkas, and Vicsek, 2000). Helbing,
Farkas, and Vicsek (2000) built a simulator thatld@account for many of these dangerous
situations. They were able to make predictions qoantitative theories of group dynamics
failed to make. The model is a variation of theagahzed force model they used to describe
pedestrian movement. For the escape panic modediqath forces like friction and body force
were introduced. A detailed model allows for thelexation of ways to alleviate the dangers of
escape panic. Real-life experiments of such a speous and dangerous event are not practical.
Limited evidence exists regarding human escape franic situations in small groups of 4 to 7
people (Kelley, Condry, Dahlke, & Hill, 1965). Bamgse of a lack of real-life data, the group
behavior of the simulation can not be quantitayiwedrified. Nonetheless, as will be further
explained later, specific flows and counter-flovigpedestrians in normal conditions and in time
sensitive situations have been observed in coattaettings (Helbing, Buzna, Johansson, &
Werner 2005).

It is now becoming popular for companies to usévsBo study customer flows. Once a
satisfactory simulation exists, businesses can seeknethods of optimizing sales by
influencing when and where customers proceed. Ratel Epstein have generated a simulation
of theme parks for a major theme park resort comgatied ResortScape (Bonabeau, 2002).
The ABM model allows a fast, relatively inexpensimethod of watching what might occur if
particular rides are turned off, how to distribtitkes around the park, when hours should be

extended, or even what type of wait times mightdberated. Because the behavior of any



particular customer is dependent on the actiondasdes of many other people, the actual flow
of customers and the flow of money are emergergeptes within the park. The ABM gives a
natural method to study these patterns.

Another software package called SimStore (www.samhavco.uk) was created (Casti
1997) to model a British supermarket. The modduies optimization routines to try to balance
the customers’ desire for fast shopping and the staner’s desire to encourage impulse buying
by having customers pass by as many products agopmslhe department store Macy'’s hired
PricewaterhouseCoopers to determine what the migimber of salespeople on the selling floor
would be (Bonabeau, 2002). An ABM was produced tlmatonly answered that question, but
allowed users to see the effects of moving aropedific store displays. Also, certain patterns
such as ‘microbursts’ of shopping where someoneshar an outfits then shops for matching
accessories were observed. These types of behaversot visible from traditional spreadsheet
analysis.

The sorts of simulations that have been descsbedr can be used to learn about
emergent group behaviors. Unfortunately, they atadeal for the scientific exploration of
human cognition. They do not allow for experimemtznipulation of variables in a controlled
environment. Behaviors that rely on thousands @ividuals in specialized environment are
difficult to manipulate experimentally. Situatiossch as those dealing with escape panic or even
traffic flow could be dangerous to experiment wittcan be difficult to even gather small
groups of 30 to conduct group experiments. Nonetiselseveral researchers have begun to enter
this field using new experimental methods.

Observations of groups can influence models of indduals



Studying the strategies and decision making methiséd in economic markets are much
easier to study in the laboratory because the tloeguiire the physical space for movement.
Although they do not have the same spatial pattiraiscan be observed, fluctuations and trends
in a market represent emergent behaviors. Suchaements are traditionally studied using
neoclassical economics. Neoclassical economicsreessthat in a given environment, people
always act rationally to try to maximize their rerds (McCain 2003). This assumption of
rationality eases some of the predictions thatbmamade by limiting possible actions. It also
provides an ability of measuring efficiency by carnpg actual behaviors to optimal behaviors.
However, many situations have been observed tlestiqun this assumption of rationality (Duffy
2005, Jager & Janssen 2003). Let's first look atesattempts to use ABMs to deduce necessary
characteristics of agents to produce behaviorsreeden experimental settings. The rational

choice to maximize rewards does not seem to beessary assumption.

KISS — lessons from the double auction

One experimental environment that has been rgcertllored using ABMs is that of the
double auction. In a double auction, sellers giféces at which they are willing to sell a
guantity of a good while buyers offer prices atethihey will buy a quantity of a good. If no
match is made, the players may update their offerhe experiments, participants are told
whether they are a buyer or a seller, and areatfalldeir own valuations and costs, but not given
any information about other participants (Duffy 8D0n most double auctions, only the best bid
and ask prices are shown at any given time. Wheatah is made, goods are exchanged and
those items are not available for the rest of &lking period. The entire history of the auction is

available as public knowledge. The main result tizet been consistently replicated in such an



environment is the rapid convergence to the coriypetquilibrium price. The competitive
equilibrium price is where supply and demand areaéq

Much of the modeling work done in this environmbas been performed by Gode &
Sunder (1993, 1997, 2004). Gode and Sunder orlgihgbothesized (1993) that it might simply
be the rules of the double auction experimentfiteealt led to the fast convergence to the
competitive equilibrium price. To test such a hyyasis, they designed an agent-based
simulation where the agents randomly chose bidsagkg over some range. This simple agent
was dubbed a zero-intelligence (ZI) agent. The kEtan consisted of 6 simulated sellers and 6
simulated buyers. Two variations were run. In ih& tinconstrained variation (ZI-U), agents
randomly selected bids/asks from a uniform distrdouU[0,B] where be was a value exceeding
the highest valuation among all buyer agents. Beersd constrained variation (ZI-C) simply
prevented agents from making unprofitable tradekadwng buyers bid from the distribution
U[O, minimum ask] and sellers ask from the distridu U[maximum bid, B].

The results of the simulation showed that the Zgénts led to extreme volatility in
transaction prices and never converge upon the etitiwp equilibrium. However, The ZI-C
agents did quickly converge to equilibrium. Als@stls only a qualitative similarity, it is
amazing that it comes from agents that have no meofgast events and choose valuations
randomly. A more quantitative measure comes frapkilay at the market efficiency as
calculated by summing the total profit earned @lktrading periods and dividing by the
maximum possible profit. The average efficiencyhoiman subjects was calculated at 97.6%, the
average efficiency of ZI-C agents was 98.7% andhtlezage efficiency of ZI-U agents was
78.3%. It seems as if the restriction imposed leyZRC agents is the source of the main

findings in human experiments. Gode and Sundesitedi this environment (2004) to show that



the ZI-C agents also match human data when a matiFg price ceiling for bids and asks is set
just above the equilibrium price.

Gode and Sunder specifically point out that theyrast modeling human cognition
(1993, 2004). Their work shows that the simpleratéons that exist as part of the environment
can lead to complex emergent behaviors withouh#ezl for intelligent agents. This is an
important lesson for all users of ABMs that maytsymproperly credit agent behaviors for
producing group dynamics. When trying to generatful multi-agent simulation, one has to

balance the need for simplicity with the desiréolow established models of psychology.

Common Pool Resources

Janssen and Ostrom (2006) describe a particuldatnsituation that has been studied in
the laboratory over the last twenty years. The expnts were designed to look at how
members of a society share common resources. Atgigning of an experiment, participants
are allocated a set of tokens that they must akdoatween two markets. The first market has a
fixed return, while the second market has a vahset on the collective investments of the
group. Each person has and endowmeint ahd chooses to place a portigof the endowment
into the second market (the rest x; goes into Market 1). The pay off for Market 2 évlls a
guadratic production function dependant on the etiall participants’ contributions to the
second market. In the common-pool resource expetsneithout communication, it was
observed that the average amount of tokens caflecilbapproach a non-cooperative
equilibrium where no one can change their strat@gjyout receiving a direct penalty. This is
referred to as a Nash equilibrium state and isdbalt when all players of a game are rational

agents and assume the other players are too. WdBaipants are allowed to communicate, they



break from the Nash equilibrium and average haswéstrease to a cooperative level (Ostrom,
Gardener, & Walker 1994). This behavior is not ¢stesit with the use of a rational choice
model of individual behavior.

Several researchers have used multiagent systeexpliare what kinds of models of
individual behavior explain the results seen indbmmon-pool experiments. Deadman (1999)
modeled individuals based on strategies colleat&u £xit interviews during the common-pool
experiments. He was able to reproduce the flucoatseen in Market 2 during real-life
experiments. Communication was added to the simul#dDeadman, Schlager, & Gimblett
2000) so that all agents had a similar view of wgtedtegies worked. This led to investment
levels approaching the optimal level for cooperatiehavior just as they did in the real-life
experiments.

Jager and Janssen (2002) used a more general faaknefapsychological theories to
determine what qualities were necessary to gatehidts seen in the experiments without
communication. They were able to conclude that éilenents of individual cognition were
necessary for the common-pool resource environment.

1) A focused attention on the rewards the entioaigireceives

2) Preferences for particular distributions of ames for everyone

3) Satisfying behavior

4) Exploratory behavior when no change in payaffséen for a number of rounds

5) Heterogeneity of needs among the agents

Environments that depend on markets have beerua fifmeoclassical economics. However,

humans often make economic decisions in situatidrexe the external circumstances include



direct communication with others in a similar sttaa. Neoclassical economics treats people as
if they are responding to a market as a valuedhanges over time. Game theory allows the
same situation to be thought of as a game beingeg@lagainst other people playing the same
game. The combination of our choices determinesdawards we receive. The games derived
and studied under game theory are metaphors fomoomhuman interactions including arms
races, market competition, and environmental poltufMcCain 2003). Studying such games
gives an insight into human behavior that is mudnewealistic. Unfortunately, the analysis
techniques that come from game theory rely on anmption of rationality just like the
neoclassical economics. Although the complexitthefgames allow for the question of what
constitutes rational behavior (maximizing your oreward, or the cumulative reward of a set of

players), this assumption may not be necessary.

Observations of individuals can influence models ajroups

We have just looked as some ways in which ABMsusiel as tools to make some
conclusions about agents based on observed grawprdgs. However, multi-agent simulations
have another use that has yet to be explored tolliggotential. But utilizing established models
of human cognition, we can use MASSs to explore etquegroup behaviors given what we know
about the individual. The applications mentionechsas ResortScape and SimStore are doing
just this, but are not being verified in controlleavironments.

Erev and Roth started with a model of reinforcenteatning, and then tested how agents
following the model behave in multiple environme(isev & Roth, 1998). Reinforcement
learning involves trying to maximize a delayed resvsignal through a trial and error

exploration of action (Sutton & Barto, 1998). Tleénforcement learning model was tested in



three different types of sequential games (a mayiete, a best shot game, and an ultimatum
game). Each of the games has a perfect equilibwhere a single player gains most of the
reward (Duffy, 2005). The agents in the simulatioonvever, displayed much more varied
results. In two of the games, the Nash equilibrpomts were gradually learned over time.
However, in the ultimatum game, the Nash equiliiorjpoint was found right away. This pattern
of behavior was also observed in an experimentiuivg humans (Ochs, 1995).

Helbing et al. (2005) conducted experiments ustagents to verify and enhance aspects
of their social force model of pedestrian dynami€ables were set up to provide paths with
bottlenecks of different lengths to see how thélpénced uni-directional and bi-directional
traffic (see figure 2). They surprisingly foundhthhe bi-directional traffic was much more
efficient when examining the average number of feaple to pass through the obstacle per
time unit. They were also able to artificially ate cross flows at specific angle to investigate
how segregated bands of traffic pass through oathanin a seemingly coordinated fashion.
Even though the artificial environment is not afpetr representation of the walls and more
diversified crowd seen in public streets, the daliected helped to refine parameters in the
social force model originally created by observir@glestrians in public. Simulations initially
made to explore the clogging of bottlenecks by shgwcrowd suggested that the placing of an
obstacle just in front of the entrance can greatityease flow. Although this seems counter-
intuitive, Helbing et al. (2005) were able to verihat prediction in an experiment involving
groups of 20 students placed equidistant from ante@xit and asked to exit as quickly as
possible. In one setup, there was no obstacldewhthe other an obstacle was placed in front
of the exit. The knowledge gained from such simafeg has helped Helbing et. al. (2005) make

specific suggestions to improve designs for pedestacilities. To increase the safety in



situations that are prone to panicking crowds, glings have been set up for exits of theaters,
classrooms, & Lecture halls, as well as stairc@setuding stadium exits), and queues at
entrances. Using a similar simulation, guidelinage been established for the safe evacuation

of a bi-level ship or hotel (Werner & Helbing, 2003

Figure 2: Human experiments testing uni-directional pedestrian flow through a bottleneck (upper left), bi-directional
pedestrian flow through a bottleneck (upper right), bi-directional pedestrian flow through a longer bottleneck (bottom
left), and perpendicular cross flow (bottom right). Adapted from Helbing, Buzna, Johansson, & Werner 2005.

Recently, there has been growing interest inzitidj complex models of human
cognition to represent agents in multiagent sinmat West, Lebiere, & Bothell (2006) utilized
the ACT-R architecture of cognition to develop gerat to play the paper-rock-scissors game.
ACT-R is a productions system that maintains sépgmacedural and declarative memory
stores using symbolic representations (AndersoreBiére, 1998). Sub-symbolic processes
govern which procedure and what chunks of declaanowledge will be utilized in an attempt
to complete some goal. These sub-symbolic mecmanigilize learning mechanisms to

increase the chances of successfully reachingdbieedi goal in future trials. Although a fairly



simple model of game play was used, results frggeated trials had similar qualitative results
as human data such as the appearance of randowidreha

Work done by Naveh & Sun (2006) provides anotlxangle of the use of a complex
cognitive architecture in a multiagent system. Tdsk was and organizational decision making
task where members of the organization had toiffeess object as one of three different
categories based on 9 features. Each member ofdgla@ization only received information
regarding 3 of the features. Team structures wekes where all agents were autonomous and
had an equal vote. In addition, hierarchical grstrpctures were studied where agents had a
direct chain of command and the agent at the tapeohierarchy made the final decision. The
model was created within an architecture called RIAN. CLARION is a highly modularized
system that makes a clear distinction between phcgxmemory with a symbolic representation
and an implicit memory with a neural network repr@ation (Sun, 2006). Within such an
architecture, complex models are described by leoge sets and the specific model was not
published. It was shown, however, that both teantshierarchies made up of CLARION

agents closely matched the success levels of humdhe classification task.

Conclusion

Despite the many uses for ABMs in studying humagn@mn, multiagent systems are
not widely used in the field of psychology. Mosttbé examples we have looked at have come
from economists, political scientists, & computelestists, but new tools are changing the
accessibility of ABMs for many new fields.

Experimental psychologists rely on heavily co&dlenvironments to identify sources

of variation in human behavior. Even simple expernits such as those performed by Helbing et



al (2005) to investigate simple walking behaviaes guite complex. It is extremely difficult to
control and experimental environment supportingattgons of many people. Nonetheless, the
explosion of computer network accessibility alldesgye groups o people to interact through
controlled virtual environments. A recent study béiszed a virtual environment to exam
human behavior in simulated foraging and path foieneexperiments (Goldstone, Ashpole, &
Roberts, 2005). Participants control the movemétti@r own agent in a two dimensional world
while searching for food particles. Experimentas control what participants are able to see
(food eaten, all food, other players, etc) as welwvhen and where food will be located. The
initial experiments were done to explore undermatghwhere individuals distribute themselves
such that a smaller proportion of individuals igrid in more profitable regions than one would
expect from an optimal distribution. The environinleas since been used to explore human
behavior in path formation experiments (Goldstaluses, & Roberts, 2006). Previous path
formation data has only come from observationsalstand paths formed by humans in natural
environments. Helbing, Schweitzer, Keltsch, & Mai§1997) developed a model to simulate
these observed patterns. Within the virtual emritent, simulated agents exist in settings that
are much more comparable to humans. Thereforen @oédstone et al. found that the model
makes predictions that are very near to human hefsathey can be more confident in the
model’s accuracy. Virtual environments such asedlveil help psychologists verify group
behaviors in controlled settings. This can be daiiglly, to inductively identify models of
individual behavior that can be tested using amitlgased model of the task, or to test
predictions of group dynamics based on modelsdifiduals.

Agent based simulations also provide an underetppsource for the scientific study of

specific computational models. Agent-based modedgige a novel form of model comparison.



Traditional model comparison compares how closeahbehaviors match observed human
behaviors by means of qualitative measurementeddpnance. Sometimes these measures are
not available, or not appropriate for group intéicats. Comparisons based on maximum
likelihoods can not be used since interacts ddkeep observations as independent measures
(Duffy 2005). Also, whereas two models may prodoebavior that is indistinguishable at the
level of the individual, emergence properties iougr settings may provide clear ways of
differentiating models. Naveh & Sun (2006) usedhaugation of organizational decision making
to compare the performance of a model develop#defCLARION architecture to one
developed in ACT-R.

Multiagent simulations can get quite complex. d&ydanssen (2003) push the need for
a meta-theory of agents that is based on establigfychological theories. The goal is to
provide a common framework that allows researcteedgevelop simple agents to test the
fundamental aspects of social interactions. Vergmthe way Allen Newell (1990) proposed
cognitive architectures as a way to unify modelsagfnition, Jager & Janssen hope to unify
multiagent systems. As agent-based modeling becames accepted as a means to study the
social science, we may see others follow in thetsteps. Until then, researchers will continue

to explore this exciting field in their own uniqueys.
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