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1 In tro duction

Over the last decade,research topics such aslearning,heterogeneity, networks, di�usion, and
externalities, have moved from the fringe to the frontier in the social sciences.In large part
this new research agendahasbeendriven by key tools and ideasemergingfrom the study of
complexadaptive systems.Research is often inspired by simple models that provide a rich
domain from which to explore the world. Indeed, in complex systems,Bak's (1996) sand
pile, Arth ur's (1994) El Farol bar, and Kau�man's (1989) N K systemhave provided such
inspirations. Here we introduce another model that o�ers similar potential|the Standing
Ovation Problem (SOP). This model is especially appropriate given the focusof this special
issueon complex adaptive social systems. The SOP has much to o�er as it (1) is easily
explainedand part of everyone'scommonexperience;(2) simultaneouslyemphasizessomeof
the key themesthat arise in social systems,such as learning, heterogeneity, incentives,and
networks; and (3) is amenableto research e�orts acrossa variety of �elds. Thesefeatures
makeit an idealplatform from which to explorethe power, promise,andpitfalls of complexity
modeling in the social sciences.

The basic SOP can be stated as: A brillian t economicslecture ends and the audience
begins to applaud. The applausebuilds and tentativ ely, a few audiencemembers may or
may not decideto stand. Doesa standing ovation ensueor doesthe enthusiasm�zzle?

Inspired by the seminalwork of Schelling1 (1978), the SOP possessessu�cien t structure
to generatenontrivial dynamicswithout imposing too many a priori modeling constraints.
Like Schelling's work, it focuseson the macro-behavior that emergesfrom micro-motives,
and relies on models that emphasizeagents driven by simple behavioral algorithms placed
in interesting spatial contexts.

Though ostensibly simple, the social dynamics responsible for a standing ovation are
complex. As the performanceends,each audiencemember must decidewhether or not to
stand. Of course,if the decisionto stand is simply a personalchoicebasedon the individual's
own assessment of the worth of the performance,the problem becomestrivial. However,
peopledo not stand solely basedupon their own impressionsof the performance.A seated
audiencemember surroundedby peoplestanding might be enticed to stand, even if he hated
the performance.This behavioral mimicry could be strategic (the agents wants to sendthe

1Schelling's work represents one of the �rst examplesof a style of theorizing about social systemsthat
naturally arisesusing computational models|not withstanding the notable absenceof a computer.
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right signal to the lecturer), informational (maybe the lecture was better than he thought),
or conformal (he stands so as to not feel awkward). Regardlessof the sourceof thesepeer
e�ects, they set the stage(so to speak) for interesting dynamic behavior.

The SOPadmits a variety of modeling strategies.Over a four year period, we confronted
graduate students entering the Santa Fe Institute's summer workshop in computational
modeling and complexity with the SOPand found the problem to be rich in possibilitiesand
insights. Fundamental to the successof the SOP is its abilit y to force modelersto confront
the core methodological issue in complex adaptive social systems,namely, how does one
model a system of thoughtful, interacting agents in time and space. Moreover, the SOP
forcesmodelersto take the details seriously. Thesedetails include: How do agents in
uence
one another? How sophisticatedare agents? How does information spreadamong agents?
In what order do events occur? At what time scalesdo events occur?

Methodological perspectives can be deeply ingrained. Prior to presenting the SOP to
graduatestudents in economics,we tested it on Cal Tech undergraduates.Though Cal Tech
undergraduatesare hardly a random sample,we did �nd that their modeling e�orts di�ered
in fundamental ways from those of graduate students in economics. The undergraduates
assumedthat individuals sat next to closefriends (or, even went to the lecture with dates).
In contrast, very few economicgraduatestudents included the possibility of friends in their
models. This di�erence might be a re
ection of the social life of budding economists,but we
remind you that the comparisongroup here is Cal Tech undergraduates. We suspect that
the divergencein assumptionsis much more due to the emphasison individual choice that
pervadesmost of modern economictheory, rather than social di�erences between the two
groupsof students.

The SOP is an apt metaphor for social situations in which agents make binary decisions
and interact spatially. It applies to a wide ranging set of phenomenasuch as whether to
sendchildren to public or private school, to commit crimes(Glaeser,et al., 1996),to violate
the law (Picker, 1997),to riot (Granovetter, 1978),to search for jobs (Menczerand Tassier,
2001),to retire (Axtell and Epstein, 1999),to vote for a particular party (Mayer and Brown,
1998),to experiment with drugs, to engagein unprotectedor premarital sex(Durlauf, 1997),
to pay your electricbill, or evenwhether to decorateyour housewith strandsof multi-colored
bulbs during the holiday season.Thesevarious phenomenaall shareelements of the SOP:
peopleare socially in
uenced, they have varying degreesof sophistication, and information

o ws over a network.

The SOP can be used to explore someintriguing policy questions. We often posethe
following questionto our students: supposeyou can placesomeshills in the audience,where
would you place them, and how should they act in order to maximize (or minimize) the
probability of a standingovation? Other policy questionscanalsobeaddressed,for example,
considerthe architecture of the performancehall. Doesthe presenceof a balcony alter the
probability of an ovation? Of course,whether the Phantom of the Opera receivesa standing
ovation is of little (or no) global concern, but if we interpret standing as taking drugs,
committing crimes, abstaining from dangeroussexual practices, or attending school, then
wecanattach much morenormativesigni�canceto our abilit y to prevent and createovations.

Along with policy prescriptions, thesetypesof models often provide other insights. For
example,supposewe lower the overall level of satisfaction with the performancewhile in-
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creasingits variance|in tuitiv ely, this type of changewould seemto lessenthe probability
of an ovation. However, in many models, the opposite occurs. On its own, this is a cute
insight, but given the tendencyof social scientists to rely on meansit suggeststhat we may
easily miss somekey drivers of social systems|when social in
uences are present, the tail
(of the distribution) may wag the dog.

2 The Metho dology of Agen t-Based Mo dels

A computational, agent-basedmodel includesinteracting agents who rely on (possiblyadap-
tive) computer algorithms to determine their behavior.2 Agents can interact in both space
and time, creating dynamic patterns, and potentially perpetually novel behavior. Compu-
tational models neednot be bound by the limits of analytic tractabilit y, though the usual
modeling desiderataof eleganceand parsimony still apply. The models also permit hetero-
geneity in not only agent preferencesbut also their behavior. The behavior of agents in
these models might be \tunable" in several dimensions,ranging from hyper-rational and
hyper-informed to simple and naive.

The computational approach to theorizing discussedhere has beenhighly successfulin
the physical sciences;Notwithstanding this success,the inherent elements of social systems
potentially combine to create a much more di�cult modeling task. Models of interacting
carbon atomscanignoresomeof the most perplexingissuesthat arisein systemsof evenmin-
imally intelligent social beings|carb on atoms do not (as far aswe know) form expectations
about their world or strategize about their behavior. Even in simple social environments
like the standing ovation, issuesof expectationsand strategy can quickly begin to dominate
the analysis. Of course,there is always the possibility that a limited description (which is
the essenceof good modeling) might still be able to capture these key elements of social
interaction.

Note that the way we limit the descriptionsof our models is closely tied to our tools.
Mathematics requiresa di�erent set of re�nements of the world than computation. Whether
constructing a mathematical or a computational model, the tools at our disposal partially
determine the simpli�cations that we, as scientists, must imposeon the world. Even the
most advanced mathematical models of social phenomena,such as those used in general
equilibrium theory, exhibit the residueof this trade o� (for example,in market models the
absenceof a compelling story of how pricesform).

In modeling the SOP, onemust explicitly account for many aspectsof social interaction.
Here, we shall discussjust three: the spreadof information, the timing of events, and the
behavior of the agents.

Computational modelsallow for a variety of assumptionsabout information transmission.
Information canbeassumedto emanatefrom a singlesourceand 
o w to the agents according
to a distribution asin many mathematical models. Alternativ ely, information canbe given a
moreexplicit micro-structure. For example,agents canhave friends and can get information
from their friends, from their friends' friends, and soon. This enhancedmicro-structure can

2Rather than give a full treatment of computational, agent-basedmodelshere, we refer interested readers
to papers by Holland and Miller (1991), Judd (1997), Tesfatsion(1997), and Page(1999).
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leadto interestingdynamics,especially in the caseof standingovations wherethe agents that
cancommunicate their information best|those in the front row|ha ve the worst information
about what others are doing.

Timing often plays a critical role in computational models(and, onesuspects,in the world
in general). Economistshave long recognizedthe importanceof timing, for example,consider
the di�erences arising between the Stackelberg and the Cournot outcomesin an oligopoly
model or the strategic issuesthat emergein extensive versusnormal form games.Yet, much
of current modeling ignores timing issuesby concentrating on equilibria and asymptotic
behavior. Such a focus doesindeedmake timing irrelevant|to the model|but it doesnot
eliminate such issuesfrom the real world. Seeminglyirrelevant timing constructions can
lead to drastically di�erent outcomes.What happens,when, matters. Speci�cally, whether
agents make decisionsand take actions synchronously, asynchronously, or endogenouslycan
lead to important di�erences in model behavior (Glance and Huberman, 1993; and Page,
1997). The notion of processis largely ignored (or, at the very least, assumedto be of
a particular form) in a lot of current modeling. Early computational results suggestthat
processmay be a much more important determinant of behavior than previously assumed.

Another area for investigation is the behavioral assumptionsof our agents. In compu-
tational models, agents tend not to be fully rational. Of course,there is no a priori reason
why fully rational agents cannot be used in such models, and the fact that these models
do not usesuch agents is more likely a re
ection of the 
exibilit y of the tools and a desire
to investigatenon-optimizing agents. If agents rely on non-rational rules, then the question
arisesof how best to be human. While there may be only oneway to be smart in the world,
there are many ways to be lessthan perfect. If each modeler implements a di�erent way to
be lessthan perfect, and if each of theseways leadsto a di�erent model behavior, then the
basis for a scienceof adaptive agents is lost. However, strong evidencehas emergedfrom
computational modelsthat there may be large equivalenceclassesof adaptive behavior, and
thus we may indeedbe able to formulate a scienceof adaptation. This equivalenceappears
to hold in the SOP. The SOP solutions formed to date might be metaphorically thought of
as cars in a show room: they di�er in their trim packages,but they all respond roughly in
the sameway to similar inputs.

Operationally, we advocate including several typesof agent behavior and emphasizingre-
sults that appearinvariant to such choices.For example,in Kollman, Miller, and Page(1992)
we �nd that political parties tend to convergeto the center of the platform spacewhether
they userandom search, hill-climbing, or a geneticalgorithm to locate new platforms. We
also experimented with other behavioral rules, and found that they all generatedsimilar
convergence. Many others have commented on the need for robustnessin computational
models. Holland (1988) makes the important point that we need to avoid \brittleness."
Though at one level the notion of avoiding brittleness in modelsseemsobvious, a lot of our
current theories in the social sciencesseemmore concernedwith modeling unicorns than
horses.

To someextent, robustnessrests in the eye of the beholder. Computational modeling
allows the researcher to easily alter the assumedbehaviors and parametersin an e�ort to
identify the key factors driving the results. One way to search systematically the spaceof
alternatives,proposedby Miller (1998), is calledActive Nonlinear Tests(ANTs). ANTs use
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automated, nonlinear algorithms to search over a model's parametersand assumptionsin
an e�ort to break the model's conclusions. The fact that models (computational or not)
can be broken should not be a surprise|in teresting models must be responsive to outside
forces.The inherent 
exibilit y of computational modeling necessitatesa careful exploration
of brittleness, and tools like ANTs facilitate such an e�ort.

3 Mathematical Theories

Using the standing ovation problem as a backdrop, we can comment on several distinct
mathematical research agendasthat concerndi�usion, information aggregation,conformity,
information cascades,and growth. We cannot overstatethe importanceof continually trying
to link the variousinsights gainedfrom di�erent modeling tools to each other. Advanceson a
particular theoretical topic (like, understandingstanding ovations) may require coordinated
e�orts that involve many di�erent tools (say, pure mathematicsand computation) that can
exploit each tool's comparative advantage and the various \insight" externalities amongthe
methods.

The peer e�ects in a standing ovation might exist for many reasons: audiencemem-
bers may gain utilit y by matching their behavior to that of surrounding agents (Durlauf,
1995; Bell, 2002; and Bernheim, 1994), agents may interpret standing as a discrete signal
of quality and want to sendthe right signal themselves(Banerjee,1992),or they may want
to collectively sendthe correct signal. Each of thesetypesof peer e�ects has beenstudied
in depth mathematically. Taken as a group thesemodels create a convincing analysisand
demonstratethe abilit y of mathematical theory to provide novel and powerful insights. They
also, however, leave one wanting, as what they produce doesnot have the \lo ok and feel"
of standing ovations, as they do little to uncover the relevant spatio-temporal dynamics. In
short, they leave the auditorium door ajar for computational approaches.

3.1 Information Cascades

In the simplest approach to the SOP audiencemembers can sendoneof two signals: stand
or sit. The inabilit y to expressintensity of preferencecan lead to ine�cien t herding, often
referred to as an information cascade. In an information cascade(Banerjee, 1992; and
Bikhchandani, et al., 1992),agents receive information sequentially and make binary choices,
for example, buy or don't buy. Agents know both their own signal and the choices of
previousagents. The simplestmodelsinclude a two-stateworld, GOOD or BAD, and agents
who receive one of two signals, HIGH or LOW. If an agent receives the signal HIGH the
probability that the true state of the world is HIGH equalsp, wherep > 0:5. Similarly, if an
agent receivesthe signal LOW, then the probability that the true state of the world is BAD
is p. Signalssatisfy independenceand agents receive them sequentially . Upon receivingher
signal, an agent must chooseeither GOOD or BAD. If she is correct, then she obtains a
utilit y of one,otherwiseshegetsnothing.

Rational agents do not simply follow their signalssince the choicesof previous agents
contain information. If an agent's signal would lead him to buy, and he seesthat the eight
agents in front of him all chosenot to buy, then he may rationally concludenot to buy.
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An information cascadeoccurswhen at somepoint all agents ignore their signal and simply
chooseaccordingto the actions of the previous agents. It can be shown that cascadesare
inevitable (Bikhchandani, et al., 1992). If the �rst few agents all make the samechoice the
others follow like lemmings|rational lemmings,but lemmingsnonetheless.

This simplemodelcanbegeneralizedto allow for di�erent mathematicalstructuresfor the
information. Thesegeneralizationsyield several counterintuitiv e insights: public information
can be ex ante utilit y decreasingfor someagents and the probability of an incorrect cascade
can increaseif the �rst agent decidesto becomebetter informed.

The standing ovation problem di�ers from information cascademodels in three respects.
First, decisionsneednot be made sequentially . Second,agents can changetheir decisions.
Thus, an agent who initially decidesnot to stand may opt to get on her feet on the basisof
later information. Third, agents get an initial signal of the reaction of others within their
sight lines. This, as we shall show, can prevent cascades.

Taken together, thesedi�erences imply that an information cascadeshould be lesslikely
to happen in a standing ovation than in a sequential, binary-decisionherding model. Con-
sider a stylized examplewith six audiencemembers. We will show how sequential updating
can lead to a cascade,and that this cascadewould not occur in a standing ovation model.
Supposethat the signals(HIGH and LOW) and statesof the world (GOOD and BAD) are
as before. Assumethat agents 1 through 3 are in the front row, agents 4 and 5 are in the
secondrow, and agent 6 is in the back row.

Agent 1 Agent 2 Agent 3
Agent 4 Agent 5

Agent 6

Assumethat agents in the front row can look to their left and right, and that agents in
rows two and three can seeall agents in front of them, but cannot look to their left or right.
Supposethat the initial signalsare as given below:

GOOD BAD GOOD
BAD BAD

BAD

To seethat sequential decisionsby rows would leadto a cascade,let row oneupdate until
reaching an equilibrium. Initially , agents 1 and 3 stand, followed by agent 2. Imagine that
agents in row two have beenblindfolded until the �rst row reachesan equilibrium. When
their blindfolds are removed, they can surmise that with equal probability either two or
three agents were standing initially; therefore, their optimal decisionis to stand. Agent 6's
decisionreliesupon identical logic. If all �v e agents are standing, then sheintuits that either
two or three of the agents in the �rst row werestanding initially . Shecanmake no inferences
about the signalsof the secondrow, and her optimal decisionis also to stand.

In a standingovation, agents neither makedecisionsor receive information in a prede�ned
sequence.Agents 4 and 5 have information that two of four signalswere HIGH. Assume
that they randomizein this environment. One quarter of the time, they would both stand.
Even if both agents 4 and 5 stand, agent 6 will not. Her information, which in this example
is complete, is that four of the six signalswere LOW. The fact that information improves
with row number stemsthe cascade.
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3.2 Demo cratic Ovations

In democracies,agents care about outcomesand not their individual votes. This concern
with outcomesprevents ine�cien t cascadesin noiselessenvironments.

A number of recent papers construct models whereagents receive private signalsabout
candidatequality. Each agent hasa prior probability over which decision(GOOD or BAD)
generateshigher utilit y, receives a signal, and updates her prior accordingly. The models
rely on either Nash or Bayesian-NashEquilibrium as the solution concept (Austen-Smith
and Banks, 1996;and Feddersenand Pesendorfer,1998),and generateprovocative �ndings.
First, in equilibrium an agent may vote insincerely, that is the opposite of how shewould
have voted if she were the only voter (Austen-Smith and Banks, 1996). Second,with a
large number of agents and the possibility of abstentions, electionsaggregateinformation
e�ectively, nearly always obtaining the correct outcome(Feddersenand Pesendorfer,1998).
Third, information cascadesdo not occur if agents only care about the outcome of the
election and not about their individual vote in a noiselessenvironment (Fey, forthcoming).

Thesemodelswould seemto say that standing ovations occur only if they should occur,
but this conclusionmust be tempered. First, even though agents are rational, they are op-
timizing only in a limited sense.Here they only make one decisionat one time, and since
thesedecisionsare a Nash Equilibrium, no onewants to changeher decision. Nevertheless,
in the context of the problemsthey are addressing,this limitation sti
es much of the inter-
estingbehavior. For example,a jury makesdeliberative decisionsthat allow for multi-p eriod
signaling (Coughlin, 1998)similar to the SOP. Jurors may at �rst vote not guilty and then,
basedupon the signalsof others, switch and decideto vote guilty. The overlapping, inter-
acting signalscannot be captured easily by a static Nash analysis. The abilit y to delay the
switching of a vote to relate intensity of preference,a common feature of both juries and
standing ovations, plays an important role in information aggregationthat is absent from
the previousmodels.

In addition to constraining signaling, thesemodels do not include communication net-
works. Within a jury, all agents receive all signals,so the criticism doesn't apply. However,
for electionswith a largenumber of voters,assumingthat agents' decisionsarenot correlated
with those of the agents with whom they are in communication, ignoreshow information
spreads. Information doesnot emanatefrom a giant sun; Instead, it passesthrough a vast
information network consistingof newspapers, television, radio, friends, books, and public
�gures. Someof thesesourcesmay resemble the audiencemembers in the front row, as they
may have great visibilit y but little to say,3 while other sourcesmay have much to say, but no
visibilit y.4 Regardlessof the speci�c topology of in
uence, information and behavior should
be strongly correlatedwith respect to theseconnections.

Standard gametheoretic modelsmake an aggregative assumptionabout information and
ignore the details for the sake of tractabilit y. The art of modeling hingeson when to focus
the microscope and when to misplaceone'sspectacles.The omissionof communication and
information networks, though often acceptedwithin the social sciences,biasesthe investiga-
tion of social phenomenasuch as information aggregation. Part of the reasonfor ignoring

3Celebrities cometo mind.
4Academicscometo mind.
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communication networks hasbeena lack of analytical tools, though recent advancesin com-
putational techniquesmake such investigationspossible.

3.3 Pure Conformit y

The standing ovation can also be interpreted as pure conformity and not as a strategic
attempt to signal. In many situations, peoplemodify their behavior to match their neighbors,
peers,or friends (Bernheim, 1994). Evidencesuggeststhat many other speciesalso imitate
the behavior of their neighbors (Galef, 1976). Standing ovations might be causedby this
preferencefor conformity. E�ciency becomesirrelevant under pure conformity. If everyone
prefersto act identically to everyone else,then either all standing or all sitting are e�cien t
outcomes.

Creating a standing ovation model with preferencesfor pure conformity requires little
work, and, not too surprisingly, eventually either agents all stand or all sit. However, the
interesting part of thesemodels is not the asymptotic behavior that is so well illuminated
by the mathematical models,but rather the dynamicsthat take us to that state. As in life,
the journey is often more interesting than the destination.

3.4 Gro wth and Coordination

Durlauf (1995) constructsmodelswhereagents can take oneof two possibleactions. These
agents resideon a giant lattice and the actionsof their neighbors in
uence their own choices.
The distinction betweenthesemodelsand conformity modelsis subtle. In Durlauf 's models,
the actions of others determine an aggregatevariable that in turn in
uences the costsand
bene�ts of the two actions. So, instead of choosing A becauseher neighbors choseA, an
agent choosesA becauseher neighbors' actions make A lesscostly than B.

Using random and mean�eld theory, Durlauf (1995)shows that their can be up to three
equilibria, of which two can be stable. Unlike the pure conformity case, the two stable
equilibria can be Pareto ranked. Supposewe have two actions A and B, and attach greater
personalsatisfactionwith A (for example,A might represent staying in school, choosingnot
to do drugs,or acquiringnewtechnology, while B might denotedropping out, usingdrugs,or
sticking to existing technology). As in conformity models,neighbors on the lattice in
uence
payo�s. The two equilibria can be interpreted as good or bad neighborhoods, schools, or
growth rates. This classof models suggeststhat decentralized interaction neednot lead to
the preferredoutcomeas the agents can all coordinate on the wrong action.

3.5 Di�usion Mo dels

A standing ovation might also be modeled like the spreadof a new product or technology.
Two assumptionscan be made in the SOP so that it accordswell with models of di�usion
(seeLave and March, 1975). First, the decisionto stand must be irreversible. Second,agents
must becomemore likely to stand asmore other agents stand. This could occur if either the
costsfall or the bene�ts rise as more peoplestand.
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Assumefor the moment that people stand to conform with others. In this case,the
bene�ts of standing (or costsof remaining seated)increasewith the number of peoplewho
stand. Typical di�usion models assumerandom mixing, while here, the spatial structure is
an important determinant of the dynamics.

A main result from di�usion modelsis that the number of peoplewho take the action �ts
an S-shaped curve. Thus, at �rst only a few peopletake the action, but as the bandwagon
gets rolling, more and more agents join them. Eventually, almost everyone is taking the
action, and the rate of adoption falls.

4 Reactions to the SOP

We intentionally frame the SOP very loosely. When students �rst discussthe problem, they
typically emphasizeseveral featuresthat they would like their models to embody. First, in
deciding whether to stand at the end of a performance,audiencemembers should balance
their desireto provide an honestsignal of their enjoyment level of the performanceagainst
the pressureto conformto others. Such conformity may bestrategic, informational, or purely
preferencebased.The natural focuson agents modifying their behavior basedon the actions
of their neighbors makes the interdependenceof the agents quite salient to the students,
and forcesthem to directly confront oneof the most fundamental issuesin modeling social
agents.

Students also tend to be very cognizant of the underlying complexity of the SOP. This
complexity arises in information, expectations, and actions, and may make applying tra-
ditional solution conceptsdi�cult at best. Students often struggle with employing either
rational (RATs) or rule of thumb (ROTs) agents. Under ROTs, the modelsneednot assume
that all agents rely on the samebehavioral rules. For example,someagents may care only
about the two peopleon either side of them, while others may try to calculate (given their
�eld of vision) the percentage of audiencemembers standing. Students often endow agents
with limited and diverseinformation. While most students assumethat peoplesitting in the
front get lessinformation than peoplein the back, somestudents createmodels in which a
portion of the audiencechoosesto turn around and scanthe theater beforedecidingwhat to
do. In either case,audiencemembers obtain di�erent information as a result of micro-level
assumptionson the informational 
o w. Such micro-level 
o wsmay not bewell approximated
by the more typical assumptionsof information emanating from a central sourcewith an
exogenousparametric distribution.

Finally, students strugglewith the appropriate level of elaboration in the model. Students
usually start from a skeletal model and over time ratchet up the level of realism. Theselater
modelsmay vary the typesof peoplesitting in the varioussectionsof the theater (for example,
peoplewho sit in the front might be predisposedtoward enjoying the performance),rely on
continuous signalslike the decibel level and length of applause,or allow peoplethat get up
to leave or grab their coats to cancelout an emergingovation.

SOP belongsto a rich classof problems|decentralized dynamical systemsconsistingof
spatially distributed agents who respond to local information. Such models force students
to contemplate the interplay between the micro-level rules of agents and the macro-level
behavior of the system. On the one hand, subtle changesin agents' behavior can have
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unanticipated and large e�ects on �nal outcomes. On the other hand, somemacro-level
events prove to be invariant to a large classof micro-level rules. Even in thosecaseswhere
the end states do not di�er (for example, if everyone in the �rst three rows stands then
many models lead to the entire audiencestanding), the dynamics leading to those states
often does.

5 Some SOP Results

We now formally describe a particular approach to modeling the SOP. This description
resembles several models constructed by students. Agents are seatedin a rectangular au-
ditorium with R rows and C seatsper row. At the conclusionof a performance,whether
academic,musical, or comical (or all three), each agent makesan evaluation of the perfor-
mance'squality. Let qij 2 Qij = [0; 1] represent the quality signal received by the audience
member seatedin the i th row and j th seat. Higher valuesof qij represent greater perceived
quality. For the moment, valuesmay be thought of as either private or common with id-
iosyncratic noise,or someconvex combination of the two. Each audiencemember possesses
an exogenousthreshold level in addition to his or her quality evaluation. The threshold level
for the agent in the i th row and j th seat, Tij , equalsthe minimal quality required for that
agent to stand immediately. Thus, if an audiencemember's private valueweakly exceedsthe
threshold, that is if qij � Tij , shestands immediately. If not, sheremainsseated.

Let st
ij 2 f 0; 1g denote whether or not the audiencemember is standing (st

ij = 1) or
sitting (st

ij = 0) t time periods after the completion of the performance,and let St be the
total number of audiencemembers standing at time t. Therefore,

S0 =
CX

j =1

RX

i =1

s0
ij

equals the number of agents standing immediately. In interesting cases,only a fraction
(0 < S0 < R � C) of the audiencestands immediately. With a portion of the audience
standing, thosewho remain seatedmust decidewhether to stand, and thoseaudiencemem-
bersstanding must decidewhether to remain standing or to sit. Both decisionsrely on local
information|p ossiblythe number of neighbors standingor the percentageof audiencemem-
berswithin sight who are standing|as well asthe initial quality appraisalof the individual.
For example,someoneseatedsurroundedentirely by peoplewho arestandingmost likely will
stand, unlesssheabhorred the performance.Similarly, unlessshefelt that the performance
was stupendous,an isolated standing personmay decideto sit if her neighbors do not join
the standing ovation quickly.

The behavior of an audiencemember at a particular point in time can be represented
by a heuristic that maps her information and quality appraisal into an action, either sit or
stand. Periods are consideredasdiscreteunits. The continuoustime caseshall be addressed
later in the discussionof random asynchronousand endogenousasynchronousupdating. Let
K ij be the seat assignments visible to the audiencemember in the i th row and j th seat.
De�ne a behavioral rule at time t > 0 by F t : K t � Qij ! f 0; 1g for t � 1. Recall that in
period 0, the decisionto stand dependsonly on the agent's threshold and qij .
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As formulated, the behavioral rulesmay dependon the time period. An audiencemember
may require fewer neighbors to stand initially than in later periods in order to be induced
to stand herself. Suppose,for example, that audiencemembers can observe the actions of
everyoneseatedin the row in front of them but are incapableof observingany other agents.
Supposethat everyone in the front row stands immediately and that no other members of
the audiencedo so. Considertwo scenarios.In the �rst, the behavioral rule of each agent is
to stand only if all visible agents are standing. It follows that in the �rst period, the second
row stands,in the secondperiod the third row stands,and soon until the R � 1 period when
the entire audienceis standing. In the secondscenario,supposethat an audiencemember
stands only if all visible agents are standing prior to the end of the third period. With
this rule, the �rst through fourth rows will stand, but then the standing will cease.These
scenariosdemonstratethe interplay betweenthe micro-level rules of the audiencemembers
and the resulting macro-level phenomenawhich forms the coreof this inquiry.

In the previousexample,peoplein the front rows have moresignalingpower than people
in the rear. While people in the front can be seenby nearly everyone, people in the rear
cannot. If the entire front row of audiencemembers were to stand at the conclusionof a
performance,they make their preferencesknown to everyone in the audience.In contrast, if
the peoplein the back row were to stand, their preferencesmight only be known to people
in the one or two rows adjacent to theirs. The large in
uence of the front rows becomes
especially important when consideringthe seedingof standing ovations.

6 A Computational Mo del of Standing Ovations

We now construct a computational model that approximates the formal model described in
the previoussection. Each audiencemember usesa majorit y rule heuristic|if a majorit y of
the peoplethat sheseesare standing, shestands, if not shesits. Previously, we discussed
a variety of issuesthat we can addresswithin the SOP. Here we considertwo of them: the
timing of updating and the information structure.

Computational modeling allows great 
exibilit y in the implementation of timing and
process. To demonstratehow timing can be implemented and, more importantly, how it
can make a di�erence to the predictions,we considerthree possibleproceduresfor updating:
synchronous,asynchronous-random,and asynchronous-incentive-based.Under synchronous
updating all agents update simultaneously, under asynchronous-randomagents update one
at a time basedon a random order (capturing the spirit of continuous time updating), and
under asynchronous-incentive-basedthe order is not random but depends upon incentives
(Page1997). For this latter case,we assumethat thoseagents surroundedby agents taking
the opposite action are the �rst to update.

Synchronous Up dating: At the start of each discrete time period, all agentsupdate in
unison.
Async hronous-Random Up dating: Within each discrete time period, the agents are
permuted into a random order and updated in that order.
Async hronous-Incen tiv e-Based Up dating: Within eachdiscrete time period, the agents
update one at a time based on an explicit ordering rule that hasagentswho are least like the
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people that surround them move�rst.
The secondissue concernsthe information structure imposed by the neighborhoods.

At one extreme, audiencemembers might seethe behavior of the entire audience. This
corresponds to the assumptionof global information. At the other extreme, a personmay
observe only a limited neighborhood, say, the three peopleimmediately aheadand the two
on either side. We shall considertwo neighborhood structures. In each diagram below, X
denotesthe agent and F denotesa visible neighbor.

Fiv e Neigh bors: Agents look at the two neighbors on either side and the three agents
directly ahead of their current location.

F F F
F X F

Cones: Agentslook at the two neighbors on either side of them, the three agentsin the row
directly ahead, the �ve agentstwo rowsahead, and so on.

F F F F F F F
F F F F F

F F F
F X F

The model proceedsas follows. We assumea squareauditorium with 400 seatstotal.
Initially , audiencemembers make their decisionsbasedsolely on perceived quality. We let
each audiencemember's initial quality assessment lie in the interval [0; 1]. Each individual
has an identical standing threshold of 0:5, and thus she will stand initially if and only
if her perceived quality exceeds0:5. After the initial ovation, each agent decideswhat
to do entirely on the basis of what other audiencemembers are doing. An agent stands
if and only if a majorit y of her neighbors are standing.5 Admittedly , this is an extreme
transition in behavior betweenthe initial and subsequent periods|it is likely that someone
who standsinitially , won't immediately sit if barely lessthan a majorit y of her neighbors are
standing. Nevertheless,this assumptionis su�cien t to generatesomeinteresting results,and
the symmetry inducedby the useof identical rules for sitting and standing greatly simpli�es
the analysis.

We introducethree measuresto compareoutcomesunder the di�erent scenarios.Number
of Iterations (NI) denotesthe number of periods until a steadystate is achieved. For incen-
tive basedupdating, we let one period equal 400 agent decisions. Stick in the Muds (SM)
equalsthe percentage of peoplethat do the opposite of the majorit y in the steadystate and
Informational E�ciency (IE) equalsthe percentage of the time that the majorit y of agents
in the steady state takes the sameaction as the majorit y did initially . The higher IE and
lower SM, the better the information aggregation.

In the �v e neighbor scenariowe �nd:
5In the caseof a tie, we assumethat shesits or stands with equal probabilit y.
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Five Neighbors
Number of Iterations Stick in the Muds Informational E�ciency

Async-Random 10.3 (0.62) 34.9 (1.01) 72.0 (4.51)
Sync 20.2 (1.45) 25.0 (1.91) 57.0 (4.98)
Async-Incentive 2.3 (0.05) 27.5 (1.57) 53.0 (5.02)

Notice that Asynchronous-Randomupdating leads to a higher IE and more SM than
either of the the other two updating rules. This suggestsa tradeo� betweenthe two measures,
namely that aggregatinginformation e�cien tly requiressomeSM activit y. However, this is
not universally true as SynchronousdominatesAsynchronous-Incentive-Basedupdating on
both counts. It is disappointing that Asynchronous-Incentive-Basedupdating, probably the
most realistic timing assumption,performsworst on both measures.One good thing about
Asynchronous-Incentive-Basedupdating is that it convergesquickly. This is likely the result
of growing regionsof SM. By comparisonSynchronousupdating takesa very long time to
settle down into a steady state. This is becausemembers of the crowd can stand and sit
many times while trying to coordinate.

Under coneneighborhoods we observe:

Cones
Number of Iterations Stick in the Muds Informational E�ciency

Async|Random 8.0 (0.92) 22.9 (0.94) 60.0 (4.92)
Sync 18.8 (1.12) 13.6 (1.61) 51.0 (5.02)
Async|Incen tive 2.0 (0.00) 16.8 (1.45) 51.0 (5.02)

We �nd similar patterns to thoseseenunder the �v e-neighbor scenario. Note, however,
that even though the agents seemoreagents with coneneighborhoods, and thus they should
have better information, the IE is lower. This occurs becausethe agents in the front have
enormousin
uence. Almost everyonecueso� of the behavior of the front row agents, and we
�nd a phenomenonthat is similar to an information cascade.Note aswell that the number
of SM drops considerably.

If we compare these computational �ndings with the mathematical literature, we see
many of the samefeatures: (1) the systemoften convergesto the \wrong" equilibrium, that
is, most peoplecanbe standing even though most did not like the play; (2) greaterpressures
to conform|as captured by the cones|leads to a lesse�cien t aggregationof information;
(3) a plot of the number of people standing over time tends to be roughly S-shaped as
predicted by di�usion models;and (4) peoplein the front can have a large impact.

That said, the mathematical results that we described tend to suggestrather stark out-
comes.The mathematical models (with someaddednoise) imply that all agents eventually
take the sameaction. This rarely happens in the computations (as shown by SM). Also,
with the exception of the cascademodels, the mathematical models typically ignore the
sequencingof updating. Yet, we seefrom the computational models the importance of up-
dating choices. The mathematical models also obscuremany of the interesting dynamics.
Though we do seesomethingthat is roughly like an S-shaped curve, it is relatively easyto
upset this �nding so that the ovation is a more gradual a�air. Moreover, even if we accept
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the S-shaped curve, it only characterizesthe number of peoplestanding, not their spatial
locations. In sum, the mathematical insights do not reveal the full story, but certainly help
us frame and understandthe resultsemergingfrom the computational model. Similarly, the
computational insights can now begin to inspire new directions in the mathematics.

7 Conclusions

The SOP o�ers a platform for consideringworlds with social learning, di�usion, networks,
and heterogeneity. It is alsoa platform for exploring important methodologicalissuesrelated
to computational modeling. We have found that our students �nd modeling the SOP both a
fun and inspiring enterprise|one that is di�erent enoughfrom the usual problemsthey face
to shake them from paradigmatic complacency, yet groundedenoughto key social concerns
to avoid apathy. By simultaneously being normatively benign yet closely related to many
important social issuesof the day (the e�ectivenessof democracies, the spread of crime,
divergencesin growth, and �nancial ine�ciencies), the SOP pleasesboth the puzzlesolvers
and thoseconcernedwith the \real world."

The SOP can be extendedin many directions. As was discussed,onecan add balconies,
introduce variables that allow for continuous signaling, or even include people leaving the
auditorium. Many of these variations have real-world analogs. In a recent workshop, we
put a new spin on the SOP. We encouragedour students to considerthe entrance dynamics
that determinethe initial seatingdecisionsof agents. In such a world, local groupsbegin to
suddenlyplay a big role. Ultimately, the two problemscanbe linked. The entrancedynamics
may imply a very di�erent pattern of seatingthan our usualassumptionsmay imply: people
predisposedto like the presentation may sit up front, groupswith similar tastesmay cluster,
and so on. Such initialization patterns may have a big impact on the ultimate dynamics
of the ovation, and on the complexity of the agent's strategiesand information processing.
Exactly what will happen, we cannot say at this point. We will have to wait until the
performanceends.
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