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A Computational Laboratory for
Evolutionary Trade Networks
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Abstract—This study presents, motivates, and illustrates the use
of a computational laboratory (CL) for the investigation of evolu-
tionary trade network formation among strategically interacting
buyers, sellers, and dealers. The CL, referred to as the Trade Net-
work Game Laboratory (TNG Lab), is targeted for the Microsoft
Windows desktop. The TNG Lab is both modular and extensible
and has a clear easily operated graphical-user interface. It permits
visualization of the formation and evolution of trade networks by
means of real-time animations. Data tables and charts reporting
descriptive performance statistics are also provided in real time.
The capabilities of the TNG Lab are demonstrated by means of
labor-market experiments.

Index  Terms—Agent-based computational economics,
buyer-seller trade networks, C++ class framework, compu-

software for building multiagent interactive systems, but their
primary appeal is to more experienced programraers.

A computational laboratory (CL) is a framework that per-
mits the computational study of interactions among autonomous
structurally differentiated entities by means of controlled and
replicable experiments.CLs represent a middle ground be-
tween authoring tools and fully customized application soft-
ware. A CL can present a clear and easily manipulated graph-
ical-user interface (GUI) that allows an inexperienced user to
test systematically the sensitivity of a system to changes in a
wide variety of key parameters without becoming immersed in
implementation details. On the other hand, a CL can be de-

tational laboratory, evolution, labor-market experiments, Signed to be both modular and extensible. Thus, as users gain
network animation. more experience and confidence, they can begin to experiment
with alternative module implementations to broaden the range
of system applications encompassed by the CL.
I. INTRODUCTION

) . .. . This study presents a particular CL designed for the study of
A GENT-BASED computational modeling is gaining in+aqe network formation in a variety of market contexts. The CL,
"\ creased acceptance among social science researcherge@sred to below as the Trade Network Game Lab (TNG Eab),
evidenced by the growing number of journal articles and books,mprises buyers, sellers, and dealers who repeatedly search for

desigl_ﬁatgd conferences, and formally.institgted resegrch_groHpéferred trade partners, engage in risky trades modeled as non-
that highlight this methodology for social science applications,qgperative games, and evolve their trade strategies over time.

A key stumbling block, however, is that many social scientists 11,4 top layer of the TNG Lab consists of a GUI that permits

do not know how to get started with computational modeling,e \;ser to systematically test changes in key market parameter
because they lack a programming background. _ values, e.g., number of traders of each type, capacity constraints,
Languages such as Starlogo are simple and easily leamggye hayoffs, transaction costs, inactivity costs, learning param-
but they are not powerful enough for many social and €coNOMiars “and number and length of trading periods. The effects of
applications. Java and C++ are powerful general-purpose 13fase market parameter settings on trade network formation are
guages, but they are difficult to master. Authoring tools such gg; 5jized through a real-time animation and the user is able to
AgentSheets, Swarm, and Ascape provide useful repositoriegf animation physics parameters to control this visualization.

In addition, data tables and charts are provided that report var-

ious market performance measures in real time. This top layer

ived _ is supported by three lower layers consisting of a general class
(e_?ﬁa'}ffg:&gg;\'/iseﬁg;?"en Canada Inc., Calgary, AB T2T 0A7 Canaga, oy ork, extension classes, and an event model. These lower
D. Stewart is at Box 28, 545 South Road, Gabriola, BC VOR 1X0 Canad@yers are extensible and modular, permitting more experienced

(e-[niilr ?etrqn@_diregactﬁ)- Denartment of & 5. lowa State Uni _users to support a much wider range of applications than re-
. lesratsion 1S wi e Department of Economics, Iowa State Universigy,
Ames, lowa 50011-1070 USA (e-mail: tesfatsi@iastate.edu). tnECted by the current TNG Lab GUI.
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The basic objective of this study is to explain the architecture

. | introduction t based ational social sci of the TNG Lab and to demonstrate its capabilities and useful-
or a general Introauction to agent-based computational socCial scien . . . . .

see [1]. The onlineJournal of Artificial Societies and Social Simulation ﬁ%ss by means of illustrative experiments. Another objective,

JASSS)freely available at http://jasss.soc.surrey.ac.uk/, regularly provides ) . . .
:(surveys)of onéoing work in com‘:)uzational social s)c/:ience. Seegalso){hg Websitésee http.//www.econ.|astate.edu/tesfat5|/acecode.th for an annotated list of
on agent-based computational economics (ACE) at http:/www.econ.i inters tq these and other softwarg tools for constructing muItlagenF sy§tems.
tate.edu/tesfatsi/ace.htm. ACE is the computational study of economiedThe felicitous phrase “computational laboratory” was apparently first intro-
modeled as evolving systems of autonomous interacting agents. The extendiged and formally defined by Dibble [2], a strong advocate for the use of CLs
resources available at the ACE website include surveys, an annotated sylldBy!man geography.

of readings, software, teaching materials, information on conferences andFor research papers, tutorials, user instructions, source code, and executables
special journal issues, and pointers to individual researchers and resegettaining to the TNG Lab, TNG/SimBioSys, and SimBioSys, visit the TNG
groups. home page at http://www.econ.iastate.edu/tesfatsi/tnghome.htm.

1089-778X/01$10.00 © 2001 IEEE
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NG Lab I1l. SIMBIOSYS
As detailed in [3], the SimBioSys class framework is de-
TNG/COM signed to handle simulations comprising the following four fea-
tures:
TNG/SimBioSys 1) aworld defining the virtual environment where the simu-
lation occurs;
SimBioSys class framework 2) populationsof agents inhabiting the world;

3) programsdriving the behavior of the agents;
4) evolutionary mechanisnesnulating natural selection that
act on the agents’ programs.

_ Agents are entities capable of displaying some kind of ac-
however, is to use the example of the TNG Lab to encourage, 3tonomous behavior. A population of agents of a partic-

the_routine _construction gnq use _of CLs_for_sociaI scie_nce a_pqﬂ—ar type is represented as a population of computer programs.
cations. This second objective will require increased interdisgf; 5 qdition to multiple populations of agents, the world can also

plinary efforts between social scientists and programmers intgfz|de passive entities such as spatially distributed trails, ob-
ested in evolutionary computation, efforts which could prove {Qcjes and energy sources

be highly stimulating and beneficial for both groups.

Fig. 1. Architecture of the TNG lab.

At the highest level, SimBioSys represents the simulation
as an abstract base class, bioSimulation. This class contains

IIl. OVERVIEW OF THETNG LAB ARCHITECTURE member functions and data for the construction of a world, one
The TNG Lab is constructed in a four-layer architecture. Thiy more populations of agents that inhabit the world, and instru-
architecture is illustrated in Fig. 1. ments for the design and control of the user interface.

The bottom and most fundamental layer of the TNG Lab is An abstract base class, bioWorld, is responsible for the
the SimBioSys class framework, a general C++ toolkit for d¢gghysics governing the virtual environment of the simulation.
veloping simulations involving the evolution of populations oPerived class instances of bioWorld implement specific envi-
autonomous agents [3]. The basic features of SimBioSys &g@ments, such as a rectangular grid or a torus. An abstract base
outlined in Section Il. The SimBioSys class framework impleclass, bioPopulation, identifies general data and operations
ments a design pattern for evolutionary simulations, controllifgquired for the initial construction and genetic reproduction
overall dynamics of the system, but it does not specify any def the agent populations that inhabit the world. For example,
tailed or specific behaviors. To create a useful application, thioPopulation includes the size and average fitness of a pop-
framework must be extended by subclassing several key classégtion as data members and it defines member functions for

The second layer, TNG/SimBioSys, provides extensigetting the size of the population and for sorting the population
classes that implement the market protocols and behavidpalfitness.
rules of the trade network game (TNG) [4]. This layer forms An abstract base class, bioThing, represents all of the inhab-
a complete application sufficient for generating interestinéants of the world. These inhabitants are either passive entities
research results [5], [6], but it lacks a friendly interface. Corr active autonomous agents. The bioThing class identifies cer-
figuration data is read from an input file and simulation result&in general operations common to all inhabitants and provides
are captured in output files. The basic features of the TNG afat the storage and retrieval of the current positions and orien-
the TNG/SimBioSys layer are described in Sections IV and \tations of the inhabitants.

The third layer, TNG/COM, wraps the simulation function- An abstract base class, bioAgent, is a derived bioThing class
ality in a Microsoft component interface that allows it to béhat represents the subset of world inhabitants who are agents.
called and controlled by external programs. The component iFhis class sets general protocols for communication and inter-
terface also introduces an event model that enables interactietions among agents and for interactions between agents and
applications. This layer is described in more detail in Section \f)assive entities. Each derived class instance of bioAgent con-
The drawback of using the Microsoft component model is thatructs a program that allows the represented agent to perceive
the framework is no longer platform-independent at this levats local environment and to act in response to this perception.
This tradeoff was considered acceptable given that ultimatélyie program, thus, acts as the agent’s brain. An abstract base
we are targeting the Microsoft Windows desktop. class, bioProgram, sets general protocols for the communica-

The fourth and final layer implements a GUI for the simution between an agent and its program. One advantage of sep-
lation. Simulation parameters can be entered in a form-baswating the function of the program into the class bioProgram
screen, although they can also still be saved and read fromigtthe ability to substitute different program implementations,
inputfile. An animation screen and a physics screen allow the m4ch as finite-state machines (FSMs), artificial neural networks,
searcher to visualize the simulation dynamics while they evoleed Turing machines, without changing any other aspect of Sim-
and to fine-tune this visualization to the application at hand. BioSys.
results screen displays simulation output in a table format whileFinally, an abstract base class, bioGType, identifies the basic
a chart screen displays the same data graphically, both in relitism, recombination, and mutation operations used in the ge-
time. These aspects of the TNG Lab are explained and illusetic reproduction of agent populations. These operations act di-
trated in Sections VIl and VIII. rectly on agent genotypes, which are intrinsic characteristics of
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in; mairlx 0{ d and | selection pressures induce the TNG traders to engage in con-

itiali t tions; . : ; : ;

F‘;'r‘?(;‘zi‘gif.’c;ﬁa;ff“{ popt /"/ i generation cycle loop. tinual open-ended experimentation with new rules of behavior,
For (E = 0,...,.EMax-1) { // Enter environment cycle loop. i.e., the TNG traders coevolve.

For (A = 0,...,AMax-1) { // Enter action cycle loop.
Do agent actions;

Fourth, starting from given initial conditions, all events in the

b TNG are contingent on trader-initiated interactions and occur
! Bnvironment Step; in a path-dependent time line. Consequently, the market system
Evolution Step; described by the TNG develops over time in a manner analogous
}Remm 0; to the growth of a culture in a petri dish.
¥ The TNG accommodates three distinct trader type§ie)
buyers who only engage in buying activities; g)ure) sellers
Fig. 2. SimBioSys simulation cycles. who only engage in selling activities; and @&alers who can

engage in both buying and selling activities. Buyers can only

agents expressed as bit strings. Derived class instances of biBe. from sellers or dealers and sellers can only sell to buyers or
Type implement operations for specific genotypical forms, cilealers, 'but dealers can buy from sellers, sell to buyers, or buy
ther haploid (single bit string form) or diploid (double bit string®" S€ll with each other. _ _
form). A class derived from bioAgent, bioPType, stores an in- Alternative market structures are imposed in the TNG by
stance of bioGType that is used by bioPopulation to constrRESPecifying the number of traders of each type, together with
an agent’s program before the agent is added to the world. their capacity (.resogrce) constraints. For example, a two-sided
As depicted in Fig. 2, applications built using the SimBioSyg‘arka is obtained if _the number .of dealers is set to zero, an
framework typically execute three nested simulation loops: geftermediary market is obtained if all three trader types are
eration cycles contain environment cycles, which in turn contaiiesent, and an “endogenous-type” market is obtained if every
action cycles. In each action cycle, every agent in the simufi@der is a dealer Who_ can_swnch from buying to sel_llng or vice
tion is given the opportunity to make a single move based §gSa as the currentsnuatlpn warrants. In the two—S|d_ed r_na_rket,
its current state and its perception of the environment. Afterl® buyers and sellers might represent workers with limited
set number of action cycles, an environment step gives the erfaounts of labor time and employers with limited job open-
ronment an opportunity to change the state of the world. AfteigS® In the intermediary market, the buyers might represent
set number of environment cycles, an evolution step is executggders (bond purchasers) with limited funds, the dealers might
during which each agent's relative fitness is evaluated and n&gpresent financial firms with limited service capacity, and the
populations of agents are separately generated (by type) bas@liers might represent borrowers (bond suppliers) with limited

on the previous populations. It is this last step that introducggllateral. In the endogenous-type market, the traders might be
evolutionary change into the simulation. resource-constrained agents who must each decide whether to

become a firm (hire workers) or to work for others.
Each trader in the TNG is modeled as an autonomous agent
with internalized social norms (market protocols), internally

This section briefly outlines the basic features of the TNG. Atored state information, and internal behavioral rules. Al-
more extensive discussion of these features can be found in fapugh each trader has this same general internal structure,
The TNG models the formation and evolution of trade nettader types can differ from each other in terms of their specific
works among heterogeneous buyers, sellers, and dealers stimgyket protocols, fixed attributes, and initial endowments and
gically interacting within a market context. The TNG differgach trader can acquire different state information and evolve
in four essential respects from standard market models in ediferent trade behavioral rules over time on the basis of its own

nomics. unique past experiences.

First, the TNG is a process model whose structure at eachfctivities in the TNG are divided into a sequencegefner-
point in time is given by the internal states and behavioral rul@§ons Each trader in the initial generation is assigned a rule
of the traders rather than by a system of demand, supply, dreersonality”) governing its behavior in its trade interactions,
equilibrium equations. The TNG traders must act in accordange initial expected utility assessment for each of its potential
with physical feasibility constraints and accounting identities fjade partners, and a capacity constraint on the number of trade
construction. However, the only equations that explicitly appegffers it can make or accept at any given time depending on the
in the TNG are those used by the traders themselves to reprede@sier's type. The traders then repeatedly engage in three types
aspects of their world and to implement their behavioral rule®f activities for a certain specified number of rounds: 1) a search

Second, the TNG traders continually adapt their behavior i@r, and determination of, preferred trade partner matches on
response to interactions with other traders and with their en¥iie basis of current expected utility assessments; 2) trade inter-
ronment in an attempt to satisfy their needs and wants. Thatastions with trade partners, modeled as noncooperative games;
behavioral rules are state conditioned and the traders coacripf 3) an updating of expected utility assessments to take into
their behavior in an intricate dance of interactions. The TN@ccount any newly incurred search costs, inactivity costs, and
can therefore exhibit self-organization. trade payoffs. The traders of each type then separately evolve

Third, the evolutionary process is represented in the TNG as
natural selection pressures acting directly on trader attributesrp;s example is used in Section Vil to demonstrate the capabilities of the
rather than as population-level laws of motion. These natumG Lab.

IV. TRADE NETWORK GAME
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bioSimulation bioThing bioProgram | | bioPopulation bioGType
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Fig. 3. TNG/SimBioSys class structure.

(structurally modify) their trade behavioral rules based on the class tngTradeBot
past net payoff outcomes secured with these rules and a new

generation commences Internalized Social Norms:

Market protocols for communication;
Market protocols for search and matching;

V. TNG/SmMBIOSYS Market protocols for trade interactions.
. . . . L Internal Behavioral Rules:
This section briefly outlines how the activities of the TNG My rules for gathering and processing information;
traders are implemented with the support of SimBioSys. A My rule for determining my trade behavior;

more detailed discussion of the resulting TNG/SimBioSys class My rule for updating my expected utility assessments;
My rule for measuring my utility (fitness) level;

framework. can be found in [5]. o . My rules for modifying my rules.
The static structure of TNG/SimBioSys is expressed through Internally Stored State Information:

definitions and relationships for three principal classes: My attributes;
: - : . L My endowments;
1) tngSimulationwhich manages the overall simulation; My beliefs and preferences;
2) tn9P0pU|ati0m which manages the evolution of the Addresses I have for myself and other tradebots;
traders; Additional data I have about other tradebots.

3) tngTradeBat which simulates a single trader (either a b
buyer, a seller, or a dealer). _
These classes are derived from the SimBioSys abstra +

base classes discussed in Section lll. Specifically, as depicted ) o
in Fig. 3, tngSimulation is derived from bioSimulation, tngMentations can differ from one tradebot to another both within

Population is derived from bioPopulation, and tngTradeBot f#1d across tradebot types. These differences can occur both
derived from bioPType, which in turn is derived from bioAgemt_hrough tradebot-specific initial configurations and through evo-
TNG/SimBioSys constructs a single instance of tngSimuIatioW,tionary change. Third, each tradebot stores addresses for other
which in turn constructs a single instance of tngPopuIatioH?‘debOtS- This permits each tradebot to identify itself to other
and tngPopulation then constructs a collection of traders %adebots it interacts with and to pass messages to other trade-
tngTradeBot instances. bots at event-driven times.

The key aspect of TNG/SimBioSys is the representation ofIn principle, all of the behavioral rules of a tradebot could
each trader as @adebot i.e., as an instance of the class tngP® Subject to evolutionary selection pressures. As developed to
TradeBot. A schematic description of the internal structure ofd@t€, however, TNG/SimBioSys only permits the evolution of
tradebot is given in Fig. 4. Three features of this description af@ch tradebot’s rule for determining its trade behavior.
of particular interest. The dynamic structure of TNG/SimBioSys is depicted in

First, social norms (market protocols) regarding the detemﬁig.- 5. The simulation b_egins with an initializ_ation step during
nation of trade partners and the conduct of trades are expres¥8igh each tradebot is constructed, assigned a randomly
as member functions of tngTradeBot that are commonly inh&pecified trade behavioral rule, and configured with various
ited and implementated by all tradebots of a given type. Secosger-supplied parameter values according to its type (buyer,
additional aspects of the trade behavior of each tradebot are g&l€r, or dealer). For simplicity, in the current implementation
pressed as individualized behavioral rules, i.e., as member fuRETNG/SImBioSys, it is assumed that traders of each type are

tions of tngTradeBot inherited by the tradebots whose impliélentically configured. Thus, all buyers are configured with
the same parameter values and similarly for all sellers and

6As developed to date, TNG/SimBioSys does not exploit the capability prajl dealers. The tradebots then enter int(generation-cycle
vided by the SimBioSys abstract base class bioWorld to situate the trade

OtS 1c1 . [ ”
in a virtual spatial environment subject both to biological processes (e.g., pliﬂpplcompr's'ng three types of events: a trade-cycle loop,” an
growth) and to physical laws (e.qg., conservation of energy). “environment step,” and an “evolution step.”

Internal structure of a tradebot.
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int main () { int main () {
Init(); // Construct initial tradebot Init();
//  populations (buyers, sellers, FireSimRunning();
// and dealers) with randomly For (G = 0,...,GMax-1) {
//  specified trade rules, and FireGenerationBegin();
//  configure each tradebot For (A = 0,...,AMax-1) {
//  with user-supplied parameter FireTra,(ieéycleBegin()‘
//  values (initial expected MatchTraders(); ?
// utility levels, capacities,...). Trade(); ’
For (G = 0,...,GMax-1) { // Enter generation cycle loop. U date}%‘,x 03
// Generation Cycle: FP Trad g ’l End():
For (A = 0,..,AMax-1) { // Enter trade cycle loop. ireTradeCycleEnd();
//  Trade Cycle: R
MatchTraders(); /! Determine trade partners, AssessFitness();
// given expected utility E'\/olveGen().;
// levels, and record search FireGenerationEnd();
/7 and inactivity costs.
Trade(); // Implement trades and FireSimFinished();
// record trade payoffs. Return 0;
UpdateExp(); // Update expected utility levels }
// using newly recorded
// costs and trade payoffs, . . . »
// and begin new trade cycle. Fig. 6. TNG/COM main loop pseudocode with event firing.
//  Environment Step:
AssessFitness(); // Tradebots assess their fitnesses.
EvolveGen(}; Evolution Step: .
0 % Tradebot pfpulmms separately At the end of the evolution step, each evolved tradebot up-
/[ evolve their trade rules, and dates its initial expected utility assessment for each of its poten-
// a new generation cycle begins. i J . .
tial trade partners. It does this by taking a weighted average of
} Return 0; the expected utility it assigned to this potential trade partner at
the beginning of the latest generation and the expected utility it
Fig. 5. TNG/SimBioSys simulation cycles. currently assigns to this potential trade partner. The memory of

each evolved tradebot is wiped clean apart from its tag identi-
ier (hame) and its updated initial expected utility assessments

. r its potential trade partners. The three evolved tradebot pop-
successive trade cycles. In each trade cycle, the tradebots un P P pop

) o L lfions then enter into a new generation cycle and the whole
take three basic activities: 1) a search for and determination ;grocess repeats
preferred trade partners, given current expected utility levels; )As seen by comparing Fig. 2 with Fig. 5, a generation-cycle

trade mtere'\cnons with trade 'partners, modeleq as Noncoop{k p in TNG/SimBioSys corresponds to a generation-cycle loop
tive games; 3) ano_l the updating of expected Ut.”'ty Ieve_ls basl% imBioSys and a trade-cycle loop in TNG/SimBioSys corre-
on any new cos_ts 'T‘C“”ed and(or payoffs received during traglgonds to an action-cycle loop in SimBioSys. However, there
pazpt?]red:rﬁzrg'?hig'gg;:i trc?g'lg?)' the tradebots enter into is no environment-cycle loop in TNG/SimBioSys. Rather, for
y P, N0 AR ch generation, there is in effect a single environment cycle

environment stegn this step, each tradebot assesses its ﬁme%%hsisting of a trade-cycle loop, an environment step, and an
measured as the total payoff (net of costs) that it earned du”@\%lution step ’ '

the preceding trade-cycle loop.
At the end of the environment step, awolution steps exe-
cuted. In this step, each member of each distinct tradebot pop- VI. TNG/COM
ulation (buyers, sellers, or dealers) evolves its trade behavioraln the two-layer implementation (TNG/SimBioSys), the cy-
rule. Specifically, in addition to engaging in inductive learningles are executed without interruption, generating a batch output
by experimentation with the use of new trade behavioral rulesf, simulation results. One challenge of wrapping the function-
each tradebot also engages in social learning by mimicking agity in a component layer was to introduce an event model into
pects of the behavioral rules used by more successful tradelthtscycle dynamics that would enable a graphical front-end ap-
of its own type. Experimentation and mimicry for each tradebglication to display simulation results in real time and interac-
type are currently implemented by means of a genetic algoritttively.
(GA) involving standardly specified elitism, mutation, and re- The introduction of the event model was accomplished by
combination operations. replacing the main SimBioSys loop with another implementa-
tion that fires events at key points in the hierarchy of cycles.
“As currently implemented, all buyers in TNG/SimBioSys have identice{?SGUdOCOde for the TNG/COM main loop with event firing is
structural attributes apart from their evolving trade behavioral rules, agtepicted in Fig. 6. For simplicity, the events that signal that

similarly for sellers and dealers. Social learning is then implemented Bje simulation has been paused or stopped have been omitted
having each tradebot mimic the trade behavior of other successful tradetEts . . .

of the same type. Since each tradebot in TNG/SimBios is uniquely tagg om Fig. 6. In the actual TNG/COM code, the inclusion of
and tracked throughout each simulation run, however, more general structifi@se events is accomplished by splitting the main() function
specifications and learning implementations are possible. Note that the useftg event handlers.

ness of mimicry as a learning mechanism is substantially reduced in marke . . .

contexts in which the traders within each trader type have distinct structural | N€ Calls to FireXxx() raise a corresponding event Xxx,
attributes (e.g., differentiated capacities, payoffs, or costs). Consequently, Wohich is (optionally) handled by a controlling program, in this

such applications, the current implementation of TNG/SimBioSys should p&yse the TNG Lab. Other substantially different interactive
modified to permit the tradebots to engage in individual learning on the basis_ .’

of their own unique past experiences. applications could also be built on the TNG/COM.

The trade-cycle loopconsists of a user-specified number of
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Fig. 7. TNG lab GUI settings screen.

When the events fire at the TNG/COM level, control is passedarket structure, payoffs, FSM representation for trade rules,
back up to the higher level application, giving it an opportuand the form of the GA learning mechanism. A screen shot of
nity to update its interactive displays and/or act on user inptlte settings screen for a two-sided market simulation run with
such as a menu selection or a pushbutton press to pause the eomal numbers of buyers and sellers is shown in Fig. 7.

ulation. As can be observed in the Fig. 6 pseudocode, an apas seen in Fig. 7, the market structure parameters include
propriate event is fired at the beginning and end of each maige total number of buyers, the total number of sellers, the
cycle. The SimRunning event is fired after the simulation hagtal number of dealers, the buyer quota level (for buyers and
been initialized to allow the controlling application to do necgealers), and the seller quota level (for sellers and dealers).
essary initialization based on the configuration parameters. Thge payoff parameters include four trade (prisoner’s dilemma)
corresponding SimFinished event gives the controlling applicgayoffs, an initial expected utility assessment, a refusal payoff,
tion a chance to clean up and to carry out and report any fingl inactivity payoff, and an experience gain parameter. The

calculations. initial expected utility assessment is the assessment used by
each tradebot for each potential trading partner at the start
VII. TNG LAB GRAPHICAL-USERINTERFACE of the first generation. The refusal payoff is a nonpositive

The TNG Lab GUI consists of five distinct screensseéttings transactions cost incurred by a buyer whenever one of its offers
screenpermits the user to set key market parameter values.Iabuy is refused. The inactivity payoff is the payoff incurred
results screemermits the user to view simulation performanc®y & tradebot who neither makes nor accepts offers during the
data in tabular form in real time. ghart screerpermits the user course of a trade cycle. The inactivity payoff can be positive,
to view simulation performance data in graphical form in re€ro, or negative depending on the application. For example,
time. Ananimation screepermits the user to view the evolutionthe inactivity payoff might be positive in the context of a market
of trade networks in a real-time animation. Finallypaysics With welfare support. The experience gain parameter is the
screenpermits the user to set animation physics parametersW§ight that each tradebot applies to its most recent experiences
control the network visualization. The TNG Lab GUI opens ivhen updating its current expected utility assessments at the
the settings screen. The user can then use tabs to enter or@3it of an evolution step in preparation for the start of a new
each of the other screens as desired. generation.

More precisely, the settings screen permits the user to sefAlso, the FSM parameters include the number of internal
key market parameter values for each TNG/SimBioSys simstates for the FSM representation and a memory parameter con-
lation run. As will be illustrated in the context of a concretérolling how many past moves of a current trade partner are re-
labor-market application in Section VIII, these values contralalled (along with the current FSM state) to condition the choice
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Fig. 8. TNG lab GUI results screen.

of a currentaction. The GA learning parameters include the totaid red for all tradebots. Only charts for tradebot types actually
number of generations, the total number of trade cycles per ggnesent in a current simulation run are activated.
eration, a mutation rate, and an elite percentage separately spe&ig. 9 shows a screen shot for one of the charts provided
ified for each tradebot type (buyer, seller, and dealer). In addiy the chart screen for the two-sided market simulation run in
tion, a seed value has to be set to initialize the pseudorandBig. 7. This screen shot was taken at the end of the simulation
number generator. run and uses color-coded line charts to depict the average fitness

The results screen permits the user to view fitness data fevels achieved by buyers and sellers in each generation.
the tradebots as each simulation run proceeds. Mean and staff-he animation screen was introduced to allow researchers an
dard deviation calculations for the fithess of each tradebot typpportunity to gain insight into the dynamics of trade network
and for all tradebots together are provided in separate columftgmation by watching the tradebots interact with each other in
The key columns of interest are the four columns that provideal time. The abstract game simulation modeled in the lower
average fitness data for buyers, sellers, dealers, and all tradgers of the architecture (TNG/SimBioSys) is modeled as a
bots together. These key columns are highlighted in colors thitysical simulation in the top layer (TNG Lab).
are used consistently throughout the TNG Lab GUI: namely, Each tradebot is represented in the animation screen by a
blue for buyers, yellow for sellers, green for dealers, and red fpoint mass and is displayed as a letter with a numerical sub-
all tradebots together. Only columns for tradebot types actuafigript. The letters “B,” “S,” and “D” stand for “buyer,” “seller,”
present in a current simulation run are activated. and “dealer,” respectively. The numerical subscript serves to dif-

Fig. 8 shows a screen shot of the results screen for the twWerentiate tradebots of the same type. The letters with numerical
sided market simulation runin Fig. 7. This screen shot was takeubscripts are color-coded in conformity with the results screen
at the end of the simulation run with the results screen scrolladd the chart screen, namely, blue for buyers, yellow for sellers,
to data for the final generations. and green for dealers.

The chart screen permits the user to view in separate charts
the average, maximum, and minimum fitness levels aChieVedNetworkvisualization has been an active field of research for over 40 years.
by tradebots of each type and by tradebots as a whole, as eaehanimation physics for the TNG Lab was greatly influenced by previous
simulation run proceeds. The charts for average fitness gk on network visualization for iterated prisoner's dilemma games with

. choice and refusal of partners; see [7] and [8]. For pointers to other work on

color coded using the same colors that were used for the res{jli§,o« visualization, visit the Formation of Economic and Social Networks
screen: blue for buyers, yellow for sellers, green for dealekggbsite at http://www.econ.iastate.edu/tesfatsi/netgroup.htm.
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Fig. 9. TNG lab GUI chart screen.

Each step in the animation coincides with the end of @s a spring with a relatively long rest length and displayed as a
trade cycle. The forces on each tradebot due to bonds witashed line.
other tradebots and repulsion forces are summed up and th&hree additional forces are also introduced in the simula-
resulting vector is applied to the tradebot’'s position in thiéoon in order to enhance the visualization. First, each tradebot
arena. The result of these simple calculations is the emergences as a point charge, repelling every other tradebot with a
of a dynamic trade network visualization. Groups of tradebotsrce that varies inversely with the square of the distance sep-
are seen to make initial deals with each other and to tentativelsating them. This prevents groups of tradebots from overlap-
form a network. One or more of these tradebots may ultimatghyng, which would obscure the visualization. Second, the walls
engage in too many defections, however, breaking the allianoéthe arena (the inside borders of the window containing the
The ostracized defectors then move elsewhere, seeking mangnation) have a repelling effect on each tradebot with a force
profitable trades with new partners. The visual effect is quitbat varies inversely with the square of the perpendicular dis-
compelling. tance separating the tradebot from the wall. This forces pushes

Specifically, at the end of each trade cycle A, the relatiomach tradebot back into the arena when other forces threaten to
ship between any two tradebots who are potential trade partnpush it out of sight. Finally, a frictional force that is propor-
is classified as follows. The two tradebots are itaghed re- tional and opposite to a tradebot’s current velocity is introduced
lationshipif the tradebots have traded with each other at least dampen oscillations.
once in each of the last A/FL trade cycles and if each tradebotEach step in the animation coincides with the end of a trade
currently has a nonnegative expected utility assessment for tlyele. The forces on each tradebot due to bonds with other trade-
other. A latched relationship is implemented as a spring withbets and repulsion forces are summed up and the resulting vector
relatively short rest length and displayed as a solid line. The tigapplied to the tradebot’s position in the arena. The result of
tradebots have @ransient relationshipeither if they have not these simple calculationsisthe emergence ofadynamictrade net-
traded with each other at all in any of the last A/FT trade cyclegork visualization. Groups of tradebots are seen to make initial
or if at least one of the two tradebots currently has a negatigeals with each other and to tentatively form a network. One or
expected utility assessment for the other. Once a relationshipre of these tradebots may ultimately engage in too many de-
between two tradebots is classified as transient, the relationsfaptions, however, breaking the alliance. The ostracized defectors
is not depicted visually and any bond that previously existéden move elsewhere, seeking more profitable trades with new
between the two tradebots is destroyed. Finally, the two tragertners. The visual effect is quite compelling.
bots have aecurrent relationshipf their relationship is neither A screen shot of the animation screen for the two-sided
latched nor transient. A recurrent relationship is implementedarket simulation run in Fig. 7 is shown in Fig. 10. For this
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run, the 12 buyers and 12 sellers manage to self-organize iptusitive integers. Each work supplier is assumed to have the
12 disjoint buyer-seller pairs by about the 20th generation asdme (work) quotd 2, whereW (2 is the maximum number
this network formation then persists throughout the remainirad potential work offers that each work supplier can have out-
30 generations. Fig. 10 gives the still display of the networdtanding at any given tinfe.Similarly, each employer is as-
formation at the end of the final (50th) generation. sumed to have the same (employment) quota whereE(Q is
Finally, the physics screen permits the user to set the filde maximum number of job openings that each employer can
guency theshold parameters FL and FT, the spring rest lenggingvide at any given time.
and strengths for both latched and recurrent relationships, the reAs in Fig. 5, activities in the labor market are divided into
pulsion forces (trader, boundary), and the frictional force. Theaesequence afenerations Each work supplier and employer
physics parameters permit the user to tailor the network visa-the initial generation is assigned a randomly generated rule
alization in the animation screen to the application at hand.governing its worksite behavior, an initial expected utility
screen shot of the physics screen for the two-sided market simssessment for each of its potential worksite partners, and a

ulation run in Fig. 7 is shown in Fig. 11. guota governing its size. The work suppliers and employers
then enter into &rade-cycle loopluring which they repeatedly
VIII. L ABOR-MARKET APPLICATION search for preferred worksite partners on the basis of their

a%lrrent expected utility assessments, engage in worksite inter-
ctions modeled as prisoner’s dilemma games, and update their

periments conducted with this framework are then used to i”u%_pected utility assessments to take into account newly incurred
trate the capabilities of the TNG Lab. These experiments alab search costs, inactivity costs, and worksite payoffs. At the

dress an important unresolved issue in current labor-market fi —dhOf the tratdle-cyclel Ioop,tthetwohk supr:jl!ers t?]nq emplli)y_?rs
search, referred to as the “excess heterogeneity” problem ch separately evolve (structurally modify) their worksite

Briefly, the issue is why observationally equivalent workers and; havioral rules based on the past _net payoff outcomes secured
h these rules and a new generation then commences.

employers have markedly diferent earnings and employme\%kt!\/latches between work suppliers and employers are deter-

histories. . : . : S
mined using a one-sided offer auction. Each work supplier first

This section first outlines a labor-market framework that h
been implemented with the support of TNG/SimBioSys [6]. B8

A. Labor-Market Framework SWhenW (@ exceeds one, each work supplier can be interpreted as some type

The labor market is a two-sided market ConSiStingZ\aﬂ/ ofinformation servicre provider (e.g., brolkerorconsultant) thatis at_)leto supply
services to at modt’ (9 employers at a time or as some type of union organi-

work SuPp"e_rS (“buVerS” of job openings) afdr emplqyers zation that is able to oversee work contracts with at miz€p employers at a
(“sellers” of job openings), wher& W and N E are arbitrary time.
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submits work offers to a maximum &F Q employers it ranks as their disutility of work in the short run by not working as hard as
most preferable on the basis of expected utility and who it judgtseir employers expect and employers can enhance their profit
to be tolerable in the sense that their expected utility is not nég-the short run by not providing benefits their work suppliers
ative. Each employer then selects upi@ of the work offers expect to receive. Offsetting these incentives are factors that dis-
it has received to date that it finds tolerable and most preferalslgurage shirking. Employers can punish shirking work suppliers
on the basis of expected utility and it places these selected wbskfiring them (i.e., by refusing their future work offers) and
offers on a waiting list; all other work offers are refused. Worlwork suppliers can punish shirking employers by quitting (i.e.,
suppliers who have work offers refused then redirect these wdirk redirecting their future work offers elsewhere).
offers to any tolerable preferred employers who have not yet re-These various possibilities are captured by having each
fused them, and the process repeats. Once an employer stoptched work supplier and employer engage in a worksite
receiving new work offers, it accepts all work offers currentlynteraction modeled as a two-person prisoner’s dilemma game.
on its waiting list. The work supplier can either cooperate (exert high work effort)
A work supplier incurs a job search cost in the form of a ne@r defect (shirk). Similarly, the employer can either cooperate
ativerefusal payoffR each and every time that an employer refprovide good working conditions) or defect (shirk). The
fuses one of its work offers during a trade cycle; the employesnge of possible worksite payoffs is assumed to be the same
who does the refusing is not penalized. A work supplier or erfer each worksite interaction in each trade cycle, namely, a
ployer who neither submits nor accepts work offers during @operator whose worksite partner defects receives the lowest
trade cycle receives anactivity payoffzero for the entire trade possible payoffl. (sucker payoff), a defector whose worksite
cycle. The refusal and inactivity payoffs are each assumed tofimtner also defects receives the next lowest paloffutual
measured in utility terms. defection payoff), a cooperator whose worksite partner also
If an employer accepts a work offer from a work suppliecooperates receives a higher pay6ff (mutual cooperation
in any given trade cycle, the work supplier and employer apayoff), and a defector whose worksite partner cooperates
said to bematchedor that trade cycle. Each match constituteseceives the highest possible payHff(temptation payoff).
a mutually agreed upon contract stating that the work supplierThe worksite payoffs are assumed to be measured in utility
shall supply labor services at the worksite of the employer untdrms and to be normalized about the inactivity payoff zero so
the beginning of the next trade cycle. These contracts are riskat L. < D < 0 < C < H. Thus, a work supplier or em-
in that outcomes are not assured. ployer that ends up either as a sucker with payoffr in a mu-
Specifically, work suppliers and employers can each shirk emal defection relation with payof® receives negative utility, a
the worksite to the detriment of the other and can possibly imworse outcome than inactivity (unemployment or vacancy). The
prove their own welfare by doing so. Work suppliers can redugeorksite payoffs are also assumed to satisfy the usual prisoner’s
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dilemma regularity conditiodL + H)/2 < C, guaranteeing of its potential trade partners by taking a weighted average
that mutual cooperation dominates alternating cooperation avfthe expected utility it assigned toat the beginning of the
defection on average. latest generation and the expected utility it now assignsab
Each trader, whether a work supplier or an employer, useth& end of this latest generation. For example, suppose the cur-
simple reinforcement learning algorithm to update its expecteent generation i& > 0, the expected utility assigned byto »
utility assessments on the basis of new payoff informatiat the beginning off wasl/° (&), and the expected utility now
during the course of each trade-cycle loop. Specifically, asigned by to  at the end of generatiofi is U*(G). Then
traderv assigns an initial expected utilify® to each potential
worksite partner: with whom it has not yet interacted. Each U(G+1)=[1-¢] - UNG)+c - U'G) 1)
time an interaction with: takes placey forms an updated i o
expected utility assessment foby summing° together with Where theexperience gain lies between zero and orf.
all payoffs received to date from interactions witlfincluding
both worksite payoffs and refusal payoffs) and then dividin
this sum by one plus the number of interactions with Consider the special case of a labor market with a balanced
The personality of each trader, as expressed in its workspencentration, i.e., a labor market for which the numbé#
interactions, is governed by aorksite (behavioral) rule of work suppliers equals the numbatE of employers. Each
that is maintained throughout the course of each trade-cy®#erk supplier has a quotd’@ on the number of work offers
loop. These worksite rules are represented as finite-memdngan have outstanding at any given time and each employer
pure strategies for playing a prisoner's dilemma game witlgs a quotd@ on the number of job openings it can provide
an arbitrary partner an indefinite number of times. At that any given time. Define the (relative) job capadiyCAP)
commencement of each trade-cycle loop, traders have @lcthis economy to be the ratio of total potential job openings
information about the worksite rules of other traders; eaddY £ - Q) to total potential work offer¢ VIV - W Q). Under
trader can only learn about these rules by engaging otfiBe balanced concentration assumptié@,A P simply reduces
traders in repeated worksite interactions and observing tigethe size ratidsQQ/W Q.
actions and payoff outcomes that ensue. Each trader keepdhis section reports TNG Lab experimental findings re-
separate track of its interaction history with each potentiiprding the effects of systematic variations.Ja’AP when
worksite partner and each trader’s choice of an action intlg labor market consists of twelve work suppliers and twelve
current worksite interaction with another trader is determinédnployers. The primary purpose in reporting these findings is
on the basis of its own past interactions with this other tradtt convey in general terms the capabilities of the TNG Lab in
plus its initial expected utility assessment of the trader. Thigcilitating interesting socioeconomic research. Consequently,
means, in particular, that a trader can end up revealing differéh@ findings will be explained and motivated here at a general
aspects of its personality to different worksite partners due ifgfuitive level. A detailed and rigorous discussion of these and
differences in their interaction histories. For example, a wofRany additional related findings can be found in [6].
supplier may develop a mutually cooperative relationship with Three distinct/C AP treatments are tested by specifying
one employer while at the same time it is shirking on the jolpree distinct settings for the quotés and £ as follows:
with a second employer. 1) WQ = 2andEQ = 1, implying JCAP = 1/2 (tight job
Atthe end of each trade-cycle loop, ity (fitness)of each capacity); 2JWQ = 1 andEQ = 1, implying JCAP = 1
trader is measured by normalized total net payoff, i.e., by tof@alanced job capacity); and 3yQ = 1 and EQ = 2,
net payoff divided by the fixed number of trade cycles constiplying JCAP = 2 (excess job capacity). Apart from
tuting each trade-cycle loop. For work suppliers, total net paydffese quota changes and changes in the seed value for the
is measured by total net worksite payoffs plus the (negative) si¢geudorandom number generator, all other TNG/SimBioSys
of any incurred refusal payoffs. For employers, total net paydiframeters in the settings screen are maintained at fixed values
is measured simply by total net worksite payoffs. throughout all experiments. Fig. 7 displays the settings screen
The work suppliers and employers then separately evoll® a balanced job capacity experiment with the “buyer quota”
their worksite rules by means of elitism, mutation, and recomiit @ set to one, the “seller quot&(? set to one, and the seed
nation operations biased in favor of more successful (fit) trade¥glue set to 19.
Elitism ensures that the most successful worksite rules are relntuitively, work suppliers should be favored whét’ AP is
tained unchanged from one generation to the next. Mutati§#3e. since job openings are then potentially in excess supply.
ensures that work suppliers and employers continually exp&enversely, employers should be favored whi€hd P> is small,
iment with new worksite rules (inductive learning). RecombiSince job openings are then potentially in excess demand. The
nation ensures that work suppliers and employers continuai!owing plausible hypothesis will, therefore, be tested.
engage in mimicry (social learning). Specifically, if the use of a JCAP HypothesisAs JC AP increases, all else equal, the av-
worksite rule successfully results in a high fitness for a trader 8fage utility level (fitness) attained by work suppliers increases
a particular type, then, through recombination operations, OthejfOFor simplicity, it is assumed that all tradebots use the same fixed values for
traders of the same type will tend to modify their own worksitee initial expected utility level7 > (0) and for the experience gain parameter
rules to more closely resemble the successful rule. as specified by the user on the settings screen for the TNG Lab GUI. Eventually,
At the end of the evolution step, each work supplier or e however, it would be interesting to permit individual tradebots to have different

e =V o~ ”ﬂ’”(o) values and to evolve over time on the basis of their own unique expe-
ployerv updates its initial expected utility assessment for eaehnces.

g. lllustrative Experimental Findings
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TABLE |
EXPERIMENTAL FINDINGS FORVARYING JOB CAPACITY LEVELS. (a) TIGHT JoB CAPACITY (JC AP = 1/2). (b) BALANCED JoB CAPACITY (JC AP = 1).(c)
ExcessJoB CAPACITY (JCAP = 2)

D° | % of | AGGRESSIVE | P-INACTIVE P-NICE UTILITY MPOWER
Runs w e w e w e W e w e

1-7 55% 2% 5% 23% 2% 74% 95% 0.87 | 1.38 -38% -1%
%) | %) | 0% | 6% | 11%) | @2%) || (13) | (00) | %) | 6%)
12-14 | 20% 10% 75% 38% 4% 48% 50% 0.88 1.46 -37% +4%
18%) | (43%) | %) | (7%) | (@5%) | (42%) || (21) | (:22) || (15%) | (15%)
24 25% 100% 100% 100% | 100% 0% 0% -0.12 [ -0.02 || -109% [ -101%
(0%) | (0%) | (0%) | (0%) || (0%) | (0%} || (0} | (0) || (0%) | (0%)

@

De % of || AGGRESSIVE || P-INACTIVE P-NICE UTILITY MPOWER
Runs w e w | e w e w e w e

1 5% 0% 0% 8% 0% 100% | 100% 0.45 | 1.37 -68% -2%

. NA NA NA NA NA NA NA NA NA NA
12 70% 12% 31% 0% 0% 85% 85% 1.23 | 1.33 -12% -5%
(26%) | (44%) || (0%) | (0%) || (26%) | (26%) || (19) | (.14) || (13%) | (10%)
13-15 | 25% 63% 33% 13% 15% 48% 67% 1.08 | 0.97 -23% -31%
5%) | (40%) | (4%) | (3%) || (10%) | 35%) || (30) | (:20) || (21%) | (21%)

(b)
D° | % of | AGGRESSIVE || P-INACTIVE P-NICE UTILITY MPOWER

Runs w e w e w e w e w e
0 5% 17% 0% 0% 0% 83% 100% 142 | 1.30 1% -T%
NA NA NA NA NA NA NA NA NA NA
4-6 25% 2% % 0% 0% 98% 38% 1.37 | 1.38 -2% -1%
(3%) (0%) (0%) | (0%) (0%) (0%) (.00) | (.04) (0%) (2%)
14-17 | 70% || 100% 29% 2% 29% 10% 60% 1.74 | 061 |[ +26% | -56%
©0%) | (5% | %) | 0% || @6%) | 32%) || (32) | (27) | (20%) | (19%)

©

and the average utility level (fithess) attained by employers d&5%) for tight job capacity is thé? interval 1-7, the domi-
creases. nant distance cluster (70%) for balanced job capacity igthe
Table | reports findings for each of the three tesi@€dAP level 12, and the dominant distance cluster (70%) for excess job
treatments. For each treatment, 20 runs were generated usiagacity is theD? interval 14-17.
20 different seed values for the pseudorandom number generfhus, for each treatment, the network histogram is spectral
ator. As will be clarified further below, the first two columns ofin form with two or three isolated peaks; there is no smooth
Table | report observed network formation clusters, the next diell-shaped central tendency distribution. Figs. 12—14 illustrate
columns report means and standard deviations for observedthe-three distinct types of networks that arise for the tight job
havioral attributes supported by these network formation clusapacity treatment witdf CAP = 1/2: namely, largely recur-
ters, and the final four columns report means and standard dent relations, a mix of latched and recurrent relations, and fully
viations for observed welfare and market power outcomes sumansient relations. Each figure presents an animation screen still
ported by these network formation clusters. display of the network formation in the final generation of a
The first column of Table |, labelef)?, classifies observed single simulation run. The only change from one run to the next
network formations in accordance with a distance measlisea change in the seed value for the random number generator.
De. The origin zero of this distance measure corresponds toNext, consider the Table | columns labeled “Aggressive,”
a benchmark “competitive” network formation in which anyP-Inactive,” and “P-Nice.” These columns report means and
unemployment is distributed uniformly across work supplierstandard deviations for the behavioral characteristics of work
any vacancies are distributed uniformly across employessjppliers and employers in the final generation of each run. For
and all traders always cooperate (implying all relationshigsach treatment, these behavioral attributes are separately calcu-
are recurrent). By construction, large¥ values imply larger lated for each distinct distance cluster indicated in column one.
deviations away from this competitive network formation. The Aggressive columns report means and standard devia-
The second column of Table I, labeled “% of Runs,” gives thigons for the percentages of work suppliers and employers in
percentage of the twenty runs for each treatment that lie withime final generation who defect against work partners who have
the indicated range db? values. The first interesting aspect tmot defected against them in any previous trades. The P-Inactive
note about the Table | results is that, for eabi AP treat- columns report means and standard deviations for the percent-
ment, the network formations lie in two or three sharply distirages of work suppliers and employers who become persistently
guished distance clusters with one cluster markedly dominatimgctive (unemployed or vacant) by the final generation. Finally,
the others in percentage terms. The dominant distance cluskerP-Nice columns report means and standard deviations for the
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Fig. 12. Network formation under tight job capacity wifbe in 1-7.

percentages of work suppliers and employers in the final genanemployed and 100% of the employers end up persistently va-
ation who become persistently cooperative. cant.

The final columns of Table | labeled “Utility” and “MPower”  The problem in the tight job capacity case is that each work
report means and standard deviations for the utility (fithessiipplier has a hard time finding job openings because jobs are
and market power levels achieved by the final generation starce relative to work offers. Consequently, each work supplier
work suppliers and employers. These levels are separately ¢aids to accumulate many (negative) refusal payoffs during the
culated for each distinct distance cluster indicated in colunjob search process. Moreover, employers have an incentive to
one. Market power is measured in percentage terms as the défect on the worksite, which can induce the evolution of pro-
ference between the utility a trader attains in the experimentattive defecting behavior in work suppliers. If a work supplier
labor market and the utility the trader would instead attain in tlecumulates too many refusals from any one employer or if the
competitive network formation, in ratio to the latter utility. ~ worker and employer are both aggressive and engage in mutual

Now consider the/ C AP hypothesis. Restricting attention todefection in their first worksite interaction, then the work sup-
dominant distance clusters in Table I, it is seen that this hypotblier will cease making work offers to this employer because the
esis receives strong support. The mean utility level attained eypected utility it assigns to this employer will drop below zero.
work suppliers in the dominant distance cluster increases difthis happens for too many employers, the work supplier will
matically as/C AP increases from 1/2 to 2, whereas the meagsimply withdraw altogether from the labor market, preferring
utility level attained by employers declines. unemployment (at inactivity cost zero) to the risk of sustaining

As shown in [6, Table VI], the/ C AP hypothesis is still sup- additional negative payoffs. The latter situation is exactly what
ported even when, for each treatment, the data for the doraecurs in every run included in distance cludi¥r= 24. By the
nant distance cluster is pooled with the data for less domindimal (50th) generation, every worker and employer has evolved
distance clusters. Nevertheless, Table | shows how misleadingp an aggressive agent who defects against every new worksite
it can be simply to pool data across distance clusters for egudrtner. This mutual defection behavior quickly leads to com-
treatment. For example, in the tight job capacity case reportgléte coordination failure.
in Table I(a), complete coordination failure is seen to occur in Finally, consider the implications of Table | for the “excess
25% of the runs, namely, in distance clusfet = 24. In this heterogeneity” issue highlighted at the beginning of this section.
distance cluster, 100% of the work suppliers end up persistentlige issue in question is why observationally equivalent workers

and employers are observed to have markedly different earnings

1 , _ _ o and employment histories. Recall that, for each treatment re-

The technical meaning of the important qualifier “persistently” is carefull

explained in [6]. The objective is to avoid classifying behaviors on the basis)é_prted in Table 1, "_"" work suppliers have obgervationally iden-
transient attributes. tical structural attributes at the start of the first generation and
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Fig. 14. Network formation under tight job capacity wifbr = 24.

similarly for all employers. The work suppliers and employerare not directly observable by other traders in any given trade-
separately evolve their worksite rules over time, but these rulegcle loop. Consequently, standard labor-market theories pur-
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porting to explain the distribution of wages and profits on the [3] D. McFadzean, “SimBioSys: A Class Framework for Evolutionary Sim-
basis of observable structural attributes would presumably pre-  ulations,”M.Sc. thesis, Dept. Comput. Sci., Univ. Calgary, Calgary, AB,

dict that these work suppliers and employers should be earning,; - hada 1995,
pp ploy L. Tesfatsion, “A trade network game with endogenous partner selec-

approximately similar wages and approximately similar profits.  tion,” in Computational Approaches to Economic ProblgrisAmman,
To the contrary, however, Table |indicates a strong degree of ~ B Rustem, and A. Whinston, Eds. - Norwell, MA: Kluwer, 1997, pp.

LN . . . . 249-269.
path dependency (hyStereS's) in this labor market, resultlng Ir-[5] D. McFadzean and L. Tesfatsion, “A C++ platform for the evolution of

wage and profit distributions that have spectral rather than cen-  trade networks,Comput. Economvol. 14, pp. 109-134, 1999.

tral tendency features. Specifically, for each job capacity treat-[6] L. Tesfatsion, “Structure, behavior, and market power in an evolutionary
din Table I. the lab Keti ble of Vi labor market with adaptive search]’ Econom. Dyn. Controlol. 25,
mentreported in Table |, the labor marketis capable of evolving 5 "3_4 " p. 419-457, 2001.

multiple distinct clusters of network formations with markedly [7] E. A. Stanley, D. Ashlock, and L. Tesfatsion, “Iterated prisoner's
different utility (Wage and profit) levels for work suppliers and dilemma with choice _and refusal c_)f partners,”Antificial Life IIl, C.
. . - Langdon, Ed. Reading, MA: Addison-Wesley, 1994, vol. XVII, Santa
employers. Indeed, as |_n_d|cated by the high sta_ndard deviations o |nst. Studies Sci. Complexity, pp. 131-175.
for some of the mean utility outcomes reported in Table |, there[8] M. D. Smucker, E. A. Stanley, and D. Ashlock, “Analyzing social net-
can be a rather substantial degree of within-cluster variability in ~ Work structures in the iterated prisoner's dilemma game with choice and
. refusal,” Dept. Comput. Sci., Univ. Wisconsin, Madison, WI, Tech. Rep.
wages and profits as well. CS-TR.94-1259 1994,
As indicated in Table | and elaborated in [10], the variability [9] J. M. Abowd, F. Kramarz, and D. N. Margolis, “High wage workers and
inwages and profits (utility levels) observed in the current labor-__ high wage firms, Econometricavol. 67, pp. 251-333, 1999. ,
ket text arises from two sources: network hvsteresis e[{.}O] L. Tesfatsion, “Hysteresis in an evolutionary labor market with adaptive
market contex ’ ) : : Yy search ,” irEvolutionary Computation in Economics and FinangeH.
fects and behavioral hysteresis effects. Regarding network hys- Chen, Ed. New York: Springer-Verlag, 2001, to be published.
teresis effects, temporary shocks in the form of idiosyncratic
worksite interactions can result in persistently heterogeneous
network relationships for traders who have identical observ-

able worksite behaviors and structural attributes. Regarding | David McFadzean(A'96) received the B.Sc. degree

in electrical engineering and the M.Sc. degree in

havioral hysteresis effects, temporary shocks in the form of i computer science from the University of Calgary,
iosyncratic worksite interactions can result in persistently he Calgary, AB Canada, in 1987 and 1995, respectively.
erogeneous worksite behaviors for traders who have identi For the past several years, he has been a Software
. . Developer building decision analysis tools for the
observable structural attributes. Either effect can support p i energy industry. He is currently Vice President,
sistently heterogeneous earnings patterns and employment Technology, for Javien Canada, Inc., Calagary,
tories across employed work suppliers and across nonvacant AB Canada, an Internet startup company that is

developing a next-generation infrastructure for
ployers. distributed collaborative applications. His current
research interests include artificial life and complex adaptive systems.

IX. CONCLUDING REMARKS

This study presents, motivates, and illustrates the use of the
TNG Lab, an agent-based CL for the study of evolutionary trag
networks. In doing so, it constructlvel_y demons_trates how C ON Canada in 1988,
can b.e_used to explore f:omplex socioeconomic processes g He was a Programmer with Merak, Inc., Calgary,
are difficult to model using standard analytical and statisticjgh for the past five years, building C++/MFC Windows
tools. In particular, a CL permits exploration to proceed at thr@& &= applications. He is currently a self-employed Con-

. . . . . " sultant Programmer, Gabriola, BC Canada. His cur-
|e_Ve|5 of ana|y5|5_- 1) mteractlon_pattems (WhO_ IS 'ntera<_3t| rent research interests include artificial life and evo-
with whom and with what regularity); 2) interaction behavior lutionary theory.

(how do agents behave within any given interaction pattern); a

3) welfare outcomes (what consequences arise for individual
agents and for society as a whole as a result of these interaction
patterns). Itis hoped that this study will encourage the increased
use of CLs for serious social science research. v e
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Fig. 1
Architecture of the TNG Lab




Fig. 2
TNG/SimBioSys Class Structure
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Fig. 3
TNG Lab GUI Settings Screen
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Fig. 4
TNG Lab GUI Results Screen
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Fig. 5
TNG Lab GUI Chart Screen
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Fig. 6
TNG Lab GUI Animation Screen
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Fig. 7
TNG Lab GUTI Physics Screen
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Fig. 8: Network Formation under
Tight Job Capacity with D° in 1-7
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Fig. 9: Network Formation under
Tight Job Capacity with D° in 12-14
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Fig. 10: Network Formation under
Tight Job Capacity with D° = 24
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