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1. Introduction: Why study strategic thinking?

Strategic thinking pervades human interaction.

As soon as children develop enough “theory of mitodfhodel other people as
independent decision makers, they mudiaoghtto look both ways before crossing one-
way streets—suggesting that they instinctively myrationality assumptions to predict
others’ decisions.

Adult attempts to predict other people’s responisascentives are shaped by similar—
though usually more subtle—rationality-based infees.



Yet from a behavioral point of view, strategic tkimg has been downplayed in economics
and game theory.

The canonical model of strategic thinking is thengaheoretic notion of Nash
equilibrium, defined as a combination of strategoe® for each player, such that each
player’s strategy maximizes his expected payotfegithe others’ strategies.

(Equilibrium can be defined and applied withouerehce to its interpretation, but it is
best thought of as an “equilibrium in beliefs,viich players who are rational in the
decision-theoretic sense have beliefs about eddr’'ststrategies that are correct, given
the rational strategy choices they imply.)



In games, rationality alone seldom restricts betramnough to be useful.

Even common knowledge of rationality implies orat players’ strategies are
rationalizable (Bernheim 1984 and Pearce 1984 );hvlgiaves behavior completely
unrestricted in many games.

Equilibrium makes more definite predictions by aegting rationality with the
“rational-expectations” assumption that playerdidis are correct.

Because many interesting games have multiple egailiequilibrium is often further
augmented by refinements, with the goal of derivingque predictions.

The structure equilibrium and refinements add teefseoften gives a precise and
plausible account of strategic behavior; and theegaity, simplicity, and tractability of
equilibrium analysis have made it the method ofihm strategic applications.



Although equilibrium is almost always assumed iplagjations, it is better justified in
some than others.

When players have abundant prior experience witfepiy analogous games, both
theory and experiments suggest that under mildgsisons about cognition and
behavior, learning has a strong tendency to comvergquilibrium.

(In reinforcement learning, for example, playersdaot even know that they are playing
a game. My statement omits qualifications thatusmienportant for normal-form games.)

If only long-run outcomes matter, and if equilibnius unigue or if there are multiple
equilibria but selection does not depend on thaildedf learning, then such applications
can safely rely entirely on equilibrium, and thex@o need to study strategic thinking.



However, in many settings players’ current intacachas only imperfect precedents, or
none at all, so that the learning justification éguilibrium is unavailable.

Then, if assuming equilibrium is justified, it mus# via strategic thinking rather than
learning.

The literature on epistemic game theory providesltmns under which reasoning based
on iterated knowledge of rationality and beliefsuses rational players’ beliefs on a
particular equilibrium, even in their initial respses to a game.

But in many games such reasoning is complex entugiake the thinking justification
for equilibrium behaviorally implausible.

Even people who are capable of equilibrium thinkimay doubt that others are capable,
and therefore be unwilling to play their part ofequilibrium.

Assuming equilibrium is then less justified fortial responses than when learning is
possible.

(Note that there is no plausible “as if” thinkingsfification for equilibrium: If players’
models of other players do not accurately refleetrtthinking, equilibrium will predict
their decisions in general games accurately onlghance.)
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In other applications eventual convergence to daquwiin is assured, but initial as well as
limiting outcomes matter (e.g. the FCC Spectruntiang:

In still other applications convergence is assuaned only long-run outcomes matter, but
the long-run outcome is selected from multiple Bloa via history-dependent learning
dynamics. (My lecture slides on learning give dethexamples of this.)

(Analyses of “long-run equilibria” study ergodicridmics that rule out the history-
dependence that is evident in the data by assum@ia so do not solve this problem.)

All such applications depend on reliably predictinijal responses to games.

And in games where the thinking justification fgudibrium is behaviorally
implausible, this may require a non-equilibrium rabdf strategic thinking.



Modeling strategic thinking more accurately promiseveral benefits.

It can establish the robustness of conclusionscbasequilibrium in games where
empirically reliable rules mimic equilibrium.

(The robustness then resembles that establishaddiyonalizability-based analysis, but
better models can add useful structure, and thatsaway deviate from equilibrium-
based conclusions.)

It can challenge conclusions based on equilibriumefinements in games where
equilibrium is implausible without learning.

It can resolve empirical puzzles by explaining diegiations from equilibrium that some
games evoke.

It can also elucidate the structure of learningrfimperfect analogies, where
assumptions about cognition determine which anafogetween current and previous
games players recognize and elucidate the strucfuearning, where assumptions about
cognition distinguish reinforcement from beliefssbd and more sophisticated rules.
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But even those who grant the desirability of impngvupon equilibrium models of initial
responses may doubt its feasibility.

How can any model systematically out-predict aoradl-expectations notion such as
equilibrium?

And how can one identify simple models that allawlsimprovements among the huge
number and variety of logically possible non-eduilim models?

Applications of game theory usually assume equuliareven when its learning
justification is unavailable or implausible.

When equilibrium is assumed in such cases, or wirescope of its learning justification
IS overestimated, it may be because analysts apedquilibrium will still be correct on
average, or fear that without equilibrium there bamo basis for analysis.



Experiments

Yet there is now a large body of experimental resethat studies strategic thinking by
eliciting initial responses to games with a varietystructures, which suggests that in
many applications neither the hope nor the fearmentioned is justified.

(Although most empirical work in economics has usednometrics to analyze field
data, experiments have played a leading role inrmapwork on behavior in games.
Such behavior is notoriously sensitive to the detfithe environment, so that strategic
models carry a heavy informational burden, whicbfien compounded in the field by an

inability to observe all relevant variables.

Experimental methods allow a control that ofteregiexperiments a decisive advantage
in identifying the relationship between behaviod &éime environment.

| discuss clear evidence from field data below vawven possible, but the bulk of my
discussion focuses on experimental data.)

1C



The experimental research shows, with progressinehlgasing clarity, that people’s
initial responses to novel games often deviateesyatically from equilibrium.

Importantly, the results also show that the devratihave a large structural component
that can be modeled in a simple way.

This is possible because subjects’ thinking systeally avoids the fixed-point or
indefinitely iterated dominance reasoning that Eguum sometimes requires.

In Selten’s words:

“Basic concepts in game theory are often circulghe sense that they are based on
definitions by implicit properties.... Boundedly m@tial strategic reasoning seems to
avoid circular concepts. It directly results inragedure by which a problem solution
Is found.”

To paraphrase: “Real people don’t use fixed-paasoning to decide what to do.”

(This Is not to say that with enough experienca gtationary setting, learning can’'t make
real people converge to steady stateswigat/ould need fixed-point reasoning to
characterize, just that such reasoning doesn’tityrdescribe people’s thinking.)
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If the structural component of subjects’ thinkingpias fixed-point or indefinitely
iterated dominance reasoning, then what does gisbaf?

Much of the experimental evidence suggests thgestshtend instead to follow rules of
thumb that anchor beliefs in an instinctive reatto the game and then adjust their
beliefs via a small number of iterated best respsns

These rules of thumb—called “types” in this contiexthistorical accident; no relation to
private-information variables!—are cognitively silmpand have strong intuitive appeal.

Although subjects’ thinking is typically heterogens, their types are drawn from a
stable population distribution concentrated on tndree best-response iterations.

The results identify a class of “leviel-or “cognitive hierarchy” (“CH”) models that
share the generality and much of the simplicity &adtability of equilibrium analysis,
but which in many settings can systematically aedpct equilibrium.
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Although levelk/CH models are alternatives to equilibrium analy#isy generalize
equilibrium rather than replacing it.

Levelk types are rational in the sense of best-resportdisgme beliefs; they depart
from equilibrium only in that their beliefs are dexd from simplified, non-equilibrium
models of other players.

Levelk typek (though not its CH counterpart beyadkd 1) respectg&-rationalizability,
the condition that corresponds in two-person gaméise result ok rounds or iterated
deletion of dominated strategies.

In sufficiently simple games, the low-level typbattdescribe most subjects’ behavior
mimic equilibrium strategy choices, even thougtyttieviate from equilibrium thinking.

But in more complex games, some or all such typmg aeviate systematically from
equilibrium choices.

Importantly, a levek/CH model not only predicts that such deviationls sametimes
occur.

Given estimates of the population type frequendiedso identifies which settings are
likely to evoke deviations; what forms they wilkeg and with what frequencies.
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Although levelk/CH models predict a sizeable fraction of deviatifnom equilibrium in
many settings, by no means do they predict allatens in all interesting settings.

They seem to predict half or more of the deviations majority of normal-form settings.

This should not be disappointing: It is encouragmaj such simple and tractable models
can predict half or more of anything as elusivel@gations from equilibrium.

Moreover, the experimental results also suggestlieastrategic thinking-related
deviations that level# CH models danot predict have little discernable structure.

Thus, levelk/ CH models generalize equilibrium analysis in a waat is likely to be
useful in settings where deviations from equilibriare important, while ignoring little
that cannot reasonably be modeled as errors.

Viewed this way, there is a strong case for adtBrgl«/CH models to our toolkit.
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Folk GameTheory

Throughout the lectures | will link the experimdrggidence to clear informal
descriptions of strategic thinking that | will cédlk game theory, which vividly illustrate
the need for non-equilibrium models of strateginoking, the issues that a successful
model must address, and the range of potentiaicabioins.

| use the term folk game theory to suggest an gyatoth folk physics, untrained
people’s intuitive beliefs about the laws of phgsic
Why study folk instead of “real” game theory?

Folk physics yields insight into human cognitionf bnly limited insight into real
physics.

Just as folk physics is an imperfect reflectiomezfl physics, folk game theory is an
imperfect reflection of traditional game theory.

But unlike folk physics, folk game theory has adtrand important influence on its
observable counterpart, the part of behavioral gidumery that concerns strategic
thinking and initial responses to games.



The lessons about strategic thinking from folk gahs®ry reinforce the lessons from
experiments that study strategic thinking in maryeventional ways.

This close correspondence is powerful further ewieefor levelk/CH models.

The instinctive reactions people use to anchor tidiefs follow different principles in
different settings, as | will illustrate:

e uniform randomness (reflecting either the prirgeipf insufficient reason or payoff
sampling uninformed by strategic structure) in nmastmal-form games

e attraction to salient labels or payoffs in contekiere these are important

e truthfulness in games where players can communicat

The finite iteration of best responses by whichgbeadjust their beliefs is common to
all settings, although the number of iterations many across people and/or settings.
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These lessons are representative of folk gameytheor

One can also find clear informal descriptions dditstgic thinking that reflect one or two
steps of iterated (strict or weak) dominance inrtbemal form, or of one or two steps of
iterated (weak) dominance via forward or backwadlction in the extensive form.

But it is difficult (counterexamples welcome) tadi descriptions involving more than
one or two steps of iterated dominance.

It is more difficult (impossible? counterexampleg®jind descriptions that illustrate the
fixed-point reasoning that underlies equilibriung@ames without dominance.
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Organization

The rest of these lectures follow the outline giagethe start, interweaving experimental
evidence with strategic and economic applicatiansl, ordering topics by strategic rather
than economic issues.

(Levelk/CH aficionados will see that the topics are gralipg the principles used to
specify the anchoring0 type—uniform randomness for topics 3-8, attractmsalience
for topics 9-10, or truthfulness for topics 11-T8e topics are also ordered to facilitate
teaching non-aficionados how the models work aed gconomic implications.)

| assume throughout that players have accurate Immofithe games and that, except for
errors, their strategy choices are rational resp®ts some beliefs about others’ choices.

| also focus on normal-form games, including exitesr$orm games only to study
communication.

Finally, | focus mainly on two-person games.
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2. Alternative Models of Strategic Thinking

Until recently, the choices for modeling non-eduilim initial responses to games were
guite limited, but now there are several alterresgiv

This section sets the stage by reviewing themr tognitive requirements, and how they
are implemented in applications.

The leading models of strategic thinking all allplayers’ strategy choices to be in
equilibrium, but do not assume equilibrium in ainges.

The models to be discussed include:

e equilibrium plus noise

e finitely iterated dominance andrationalizability (Bernheim 1984 and Pearce 1984)
e uantal response equilibrium (“OQRE”; McKelvey dpdlfrey 1995)

e levelk models (Nagel 1995, Stahl and Wilson 1994, 1995t&&Gomes, Crawford,
and Broseta 2001, Costa-Gomes and Crawford 2006)

e cognitive hierarchy models (“CH”; Camerer, Ho, &ldong 2004)
e noisy introspection models (“NI”; Goeree and HzD4).



A. Equilibrium plus noise

Any notion that is to be taken to data must allowetrrors in some way.

Equilibrium plus noise adds to equilibrium predcts mean-zero noise with a payoff-
sensitive error distribution (usually logit) and @stimated precision parameter.

Although a player’s error distribution is sensitieethe payoff costs of errors, those costs
are evaluated assuming (unlike in most other matietsissed here) that other players
play their equilibrium strategies without errors.

In games with multiple equilibria, equilibrium plasise is “incomplete” in that it does
not specify a unique (even if probabilistic) preshn conditional on the values of its
behavioral parameters (in this case, the precgavameter or parameters).

To put equilibrium plus noise on an equal footinghwhe other models to be considered
here, which with one exception are usually complete can add a coordination
refinement such as Harsanyi and Selten’s (198k) oispayoff-dominance, or possibly
maximin behavior, which in symmetric coordinatiaamges functions like a refinement.
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In many games equilibrium plus noise describesmiesebehavior well.

But even in games with unique equilibria, equililoni plus noise sometimes misses
systematic patterns in deviations from equilibrium.

Such deviations are often sensitive to out-of-éopiiim payoffs, in ways that

equilibrium plus noise can account for only viaag@ff-sensitive error distribution.

But this channel is limited by its assumption thatlayer’s deviation costs are evaluated
assuming that other players play their equilibretnategies without errors.

QRE and levek/CH and NI models each seek to track the sengitbfideviations to a
richer set of a player’s payoffs, in different ways
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B. Finitely iterated (strict) dominance andk-rationalizability

Finitely iterated strict dominance akdationalizability are incomplete models, yielding
set-valued restrictions on individual players’ &ttpes that capture the implications of
common knowledge (sometimes now called common fpeliaterated knowledge of
players’ rationality without further restrictions ¢heir beliefs.

k-rationalizability reflects the implications &flevels of mutual knowledge of rationality.
The more familiar notion of rationalizability is @galent tok-rationalizability for allk.
(Equilibrium and QRE, by contrast, restrict tieéationshipamong players’ strategies.)
(Finitely iterated strict dominance akdationalizability are equivalent in the two-person

games | mostly focus on, and their differencesHperson games are unimportant here.

A 1-rationalizable strategy (the sets R1 on thd skde) is one for which there is a
profile of others’ strategies that makes it a lbesponse; a 2-rationalizable strategy (the
sets R2 on the next slide) is one for which therste a profile of others’ 1-rationalizable
strategies that make it a best response; and so on.
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R1,R2,R3 T
R1,R2,R3,R4 M

R1 B

Rk forallk T
Rk forallk M

Rk forallk B

Each game has a unique equilibrium (M, C). In tret §ame M and C are the only

R1,R2 R1,R2,R3,R4
L C R
0 5
7 0 0
0 2
5 2 5
7 5
0 0 7
Dominance-solvable game
Rk forallk Rkforallk Rkforall k
L C R
0 5
7 0 0
0 2
5 2 5
7 5
0 0 7

Unique equilibrium without dominance

rationalizable strategies; in the second gamdrallegjies are rationalizable.
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Equilibrium reflects the implications of common kviedge of rationalityplus common
beliefs: Any equilibrium strategy lsrationalizable for alk, but not all combinations of
rationalizable strategies are in equilibrium.

In games that are dominance-solvabl& munds k-rationalizability implies that players
have the same beliefs—with a qualification for nabsgrategy equilibrium (that a player
may know more than others about his own pure gjyatinat is unimportant here—so

any combination okk-rationalizable strategies is in equilibrium aghe first game above.

In other gamek-rationalizability and rationalizability allow deations from
equilibrium, as in the second game above, whemre tsea “tower” of beliefs, consistent
with common knowledge of rationality, to supporyaombination of strategies.

(But except for the equilibrium beliefs (M, C), tteaver beliefs differ across players.)

As we will see, finitely iterated dominance dadhtionalizability are often consistent
with systematic patterns in subjects’ deviatiomsrfrequilibrium.

Importantly, the beliefs that support many ratiaradle outcomes are behaviorally
implausible in that (as in the tower above) thest oa rationality-based inferences at
unrealistically high levels and/or they vary froevél to level in an implausible way.

A possible remedy is to combine rationality withpncally based restrictions on
beliefs, as in the levedlCH models discussed below.
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C. Quantal response equilibrium (“QRE”) and logit QRE (“LQRE")

QRE seeks to capture the payoff-sensitivity of deons from equilibrium that
equilibrium plus noise sometimes misses by allovangayer’s deviations to respond to
a richer set of out-of-equilibrium payoffs with are nuanced model of their likelihoods.

In a QRE, as in equilibrium plus noise, playergatgy choices are noisy, with the
probability density of each choice increasing snaxpected payoff.

A QRE is a fixed point in the space of choice piolig distributions, with each player’s
choice distribution a noisy best response to otlkssibutions.

Thus, unlike in equilibrium plus noise models—otamelk or, usually, CH models—the
payoff costs of deviations are evaluated takingnihsiness of others’ choices into
account,



A QRE model is closed by specifying a responseidigion, which is logit in almost all
applications. E.g. for a matrix game, “logit QRE™0QRE" implies:

erp(AEU;(FP_;))

Fj = >k exp (AR U (FP_;))

whereP; is the probability of player i choosing strategg;(P -1)) is the expected
utility to player i of choosing strategy | giveratiother players are playing according to
the probability distributiod® _;, andAi is the logit precision parameter.

As A—0, players play each strategy with equal probgbiihd as.—«, players’
strategies approach a particular equilibrium (oftetm clear implications for equilibrium
selection).

The resulting logit QRE or LOQRE for short impliesae distributions that respond to out-
of-equilibrium payoffs, often in plausible ways.
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In applications LQRE'’s precision is estimated ecoatrically or calibrated from
previous analyses.

Like equilibrium plus noise, QRE is a general manfedtrategic behavior, applicable to
any game, with a small number of behavioral paramet

With estimated precision, LQRE’s sensitivity taeher set of out-of-equilibrium payoffs
and its more nuanced model of their likelihoodgfallows it to fit subjects’ initial
responses better than an equilibrium plus noisesnod

But in some settings LOQRE fits worse than equilibrj even making systematic
gualitative errors.
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A LQRE player faces the greatest cognitive diffigidmong players in the models
considered here.

He must both (noisily) best respond to a probabdistribution of other players’
responses, and find a generalized equilibriumighatfixed point in a very large space of
possible response distributions.

If equilibrium reasoning is cognitively taxing erghuto make equilibrium behaviorally

implausible in a game, then LQRE reasoning is dotdding.

From the analyst’s point of view, the mathemataahplexity of LQRE means that it
must usually be solved for computationally andasusually easily adapted to
theoretical analysis.
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By contrast with levek and CH models, QRE’s structure is not directlyugieed in
experimental evidence.

Moreover, Haile, Hortacsu, and Kosenok (2008) henavn that QRE’s distributional
assumptions are crucial in that without such assimmg a distribution can be constructed
to make QRE exactly fit any given dataset with ohservation per game-player pair.

The associated sensitivity of QRE’s mean predistimndistributional assumptions stems
from the fact that—unlike in quantal response mea¢lindividual decisions or (aside
from NI) other models of strategic thinking—QREIsoice probabilities respond to
players’ expected payoffs evaluated taking theiness of others’ decisions into account.

As Goeree, Holt, and Palfrey (2008) note, QRE d@e® some distribution-free testable
implications within certain games and across game.

Yet in the vast majority of applications, which alve games and datasets with one
observation per game-player pair, QRE’s power sxdee deviations from equilibrium
rests on distributional assumptions which thetétie theory to guide and which Haile,
Hortacsu, and Kosenok’s critique shows are untéstab

The almost universal use of the logit in QRE aredyisas been guided more by fit and
custom than by evidence.



D. Levelk models

A different class of models treat deviations frogquiébrium as an integral part of the
structure rather than as errors or responsesdoserr

Although the number of possible non-equilibriunustural models seems daunting, both
experimental evidence and folk game theory areddyaansistent with, and sometimes
directly suggest, a class of models called léwgledels.

In a levelk model players follow rules of thumb (called “typg#iat anchor beliefs in an
instinctive reaction to the game and then adjustthia iterated best responses.

Type Lk anchors its beliefs inl2D type, and then adjusts its beliefs via thought-
experiments with iterated best respon&dsbest responds 10, L2 to L1, and so on.

(The fact that.k is assumed to best respond.tel rather than a distribution of lower

level types is the main difference between ldvahd CHmodels, and | will use the term
“level-k” as shorthand for this distinction.)
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Like equilibrium playersl.1 and higher types are rational in that they chdoes
responses to some beliefs, and have perfect mofiie game.

LK's only departure from equilibrium is in replaciig perfect model of others’ decisions
with a simplified non-equilibrium model that avoitihe complexity of equilibrium.

L1 and higher types make undominated decisions, d&nkdk Lk (though not a CHLK
beyondk = 1) respect& rounds of iterated dominance aadationalizability.

On the other hand, in games that are not dominaalk&ble LKk's choices can oscillate
forever ak increases, with no tendency toward increasingmatity (unlike a CHLK).

(Such comparisons may have limited relevance, hewdecause empiricalkyseldom
exceeds 3.)

31



In applications it is usually assumed thatand higher types make errors, which are
often taken to be logit with estimated precisiastjas in LORE.

Unlike in an LQRE, however, drk type does not respond to the noisiness of others’
choices.

Instead the probability density of a type’s chagancreasing in its expected payoff,
evaluated using the type’s model of others’ deosibk makes errors whose distribution
IS sensitive to the payoff costs of deviations,|@ated assuming other players akel.

Despite types’ failure to respond to the noisirafssthers’ choices, the deterministic
structure of a levelk-model captures the sensitivity of players’ deviasiérom
equilibrium to out-of-equilibrium payoffs as illuated below.
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Levelk models allow behavior to be heterogeneous, buhasshiat each player follows
a rule drawn from a common distribution oudrtypes.

The population type frequencies are treated asvimlahparameters, to be estimated
from the data or translated or extrapolated froavimus analyses.

The estimated population type distribution is t@llic fairly stable across games, with
most weight orL.1, L2, andL3.

The estimated frequency of the anchoilu@gype is usually small. ThugQ “exists”
mainly asL1's model of otherd,2’s model ofL1’'s model of others, and so on.

(Low freqguencies oL0O are an important sign of health for a lekehodel, in that high
frequencies o0 would reduce the model to a parameterized distohudf responses,
thus describing the data rather than explaininQmly when the strategic iteration of best
responses plays a role can the model yield a usgfildnation of the data.)

Given these empirical regularities, a lekatiodel limits the radical variation of beliefs
from level to level that rationalizability allowsijthoutrelying on the behaviorally
Implausible cross-player interactions that drivesegmic justifications of equilibrium.
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Even though O normally has a low frequency, its specificatiomhis main issue Iin
defining a levek model and the key to its explanatory power.

As illustrated belowl.0 needs to be adapted to the setting, and the atisgreactions
that define it may follow one of several princigleach as uniform randomness,
attraction to salience, or truthfulness.

There is an emerging consensus about how to sddeify particular applications.

By contrast, the definition dfl, L2, andL3 via iterated best responses allows a simple,
reliable explanation of behavior across differesitisgs.
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Like equilibrium plus noise and QRE, levemodels are general models of strategic
behavior, with small numbers of behavioral paramsete

Becausd_k complies withk rounds of iterated dominance ardationalizability, a
distribution ofLk types realistically concentrated on low levelkafimics equilibrium
In games that are dominance-solvable in a few reund

But such a distribution may deviate systematiclthyn equilibrium in more complex
games, in predictable ways.

These features allow levklmodels to capture the sensitivity of deviationgrfro
equilibrium to out-of-equilibrium payoffs, withoassuming that players respond to the
noisiness of others’ choices (and so avoiding Hélletacsu, and Kosenok’s critique).

Like LQRE and CH, levekmodels often fit initial responses better than Eouwm plus
noise.



Levelk (and CH) models are cognitively much simpler thd&@EQnodels, both for the
players and for the analyst.

Instead they have a simple recursive structureghvavoids the common criticism of

LQRE that finding a fixed point in the space oftdimitions is too taxing for a realistic
model of strategic thinking.

Further, levek models make point predictions that depend onl{:@and the estimated
type distribution.

Thus, unlike the other models discussed here exaepguilibrium plus noise, levéd-
models’ predictions do not depend on distributicasdumptions or estimated precisions.

The fact that levekmodels can provide structural, distribution-fre@larations of
deviations from equilibrium is an important advaygaver the alternatives.
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E. Cognitive hierarchy (“CH”) models

CH models are close relatives of lekahodels in which k best responds not tk-1
alone but to an estimated mixture of lower-leveley, and the type frequencies are not
unrestricted, but instead are treated as a paramegtd®oisson distribution.

For an outside observer modeling behavior econacadir, this estimated-mixture
specification seems more natural than the I&sgecification.

But recalling that people often use rules of thuhdi are simpler than econometric
models, which specification better describes pésgheategic thinking remains an
empirical question (on which the jury is still aut)

(The fact that.k is assumed to best respond to a distribution oéfdevel typesather
thanLk-1alone is the main difference between CH and l&mbdels, and | will use the
term “CH” as shorthand for this distinction.)
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A CHL1is the same as a levklL1, but CHL2 and higher types may differ.

A CH L1 and higher types make undominated decisions, dikeuevelk types, a CH
Lk might not comply withkk rounds of iterated dominance ardationalizability.

A CH Lk type (unlike a level-kk type) becomes progressively more rationgt as
iIncreases, in that as the population frequencypdd with the same or highledeclines
its beliefs converge to correct beliefs.

The increasing rationality of CEk types is important in some settings, as illustrate
below; but because empiricakyseldom goes above 3, | view tkeationalizability of
level-k types as the more important notion of sgat rationality in practice.
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Unlike in a levelk model, in a CH moddll and higher types are usually assumed not to
make errors.

Instead the uniformly randoirD, which necessarily has positive frequency in noiar
estimated Poisson distributions, doubles as am stmacture folL1 and higher types.

A CH model makes point predictions that depend onli,0 and the estimated Poisson
parameter.

Like a levelk model, given the Poisson distribution a cognitiverarchy model makes
point or mean predictions that do not depend oagtsnated precision.

But unlike a levek model, and to some extent like QRE, the form efdlstribution
Influences the model’s point predictions.

In some applications the Poisson constraint, impa@sea simplifying restriction, is not
very restrictive and the CH model fits as well ds\eelk model (typically estimated with
unconstrained distribution); but in others the Bamsconstraint seems overly restrictive.
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F. Noisy Introspection “NI” models

Although LQRE has so far been the most popular toidaitial responses, not all
researchers consider it suitable for that purpose.

McKelvey and Palfrey (1995) suggest using LOQREDmth initial responses and limiting
outcomes, Iin the latter case with precision inarggsver time as a reduced-form model of
learning.

But Goeree and Holt (200GEB suggest using LQRE for limiting outcomes, instead
proposing an NI model for initial responses.

NI relaxes LQRE’s equilibrium assumption while maining its assumption that players
best respond to a probability distribution of o#ieesponses:

Players form beliefs by iterating best responsaghty as in a levek-model, but with
higher-order beliefs reflecting increasing amouwftsoise.
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For a given noise distribution, NI makes probabdigredictions that depend on how fast
the noise grows:

In the extreme case in which the noise does nat gnth the number of iterations, NI
mimics LOQRE.

Other extreme cases of NI mimic le\etypes:
If the noise jumps immediately g, NI beliefs ard.0.

If the noise is zero for one iteration and thenggmmmediately too, NI beliefs ard_1;
and soon.

Thus, in a sense, NI nests lekadhd LORE (see also Rogers, Camerer, and Palfre§)200

(Although Goeree and Holt motivate NI as a kinchoisy rationalizability, because it
builds on iterated best responses it is more a@kiavelk and CH models.)
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In applications GH assume that the noisiness dfari@rder beliefs grows geometrically
with the number of iterations, which yields belisimilar but by no means identical to
LK's; slower noise growth is like a highler

The resulting NI model is more flexible than LQRiad cognitively less taxing because it
requires no fixed-point reasoning.

But it is more taxing than a levkler CH model because players’ choices are indefinit
iterated best responses to noisy higher-orderfedléthough for computational purposes
Goeree and Holt truncate the iteration to ten reund

By contrast with levek and CH models, NI's structure, like LQRE'’s, is datectly
grounded in experimental evidence.
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3. Keynes’ Beauty Contest: Experimental Evidence ém Guessing
and Other Normal-Form Games

“...professional investment may be likened to thos&spaper competitions in which the
competitors have to pick out the six prettiest &altem a hundred photographs, the prize
being awarded to the competitor whose choice meatiyicorresponds to the average
preferences of the competitors as a whole; soethet competitor has to pick, not those
faces which he himself finds prettiest, but thosech he thinks likeliest to catch the
fancy of the other competitors, all of whom arekiog at the problem from the same
point of view. It is not a case of choosing thoseah, to the best of one’s judgment, are
really the prettiest, nor even those which ave@geion genuinely thinks the prettiest.
We have reached the third degree where we devotatelligences to anticipating what
average opinion expects the average opinion tébe there are some, | believe, who
practice the fourth, fifth and higher degrees.”

—John Maynard Keyneshe General Theory of Employment, Interest, anddyion



“...iImagine you are partners in a private businesh wiman named Mr. Market. Each
day, he comes to your office or home and offellsuy your interest in the company or
sell you his [the choice is yours]. The catch is, Market is an emotional wreck. At
times, he suffers from excessive highs and at stisencidal lows. When he is on one of
his manic highs, his offering price for the busseshigh as well.... His outlook for the
company is wonderful, so he is only willing to sghu his stake in the company at a
premium. At other times, his mood goes south ahldeasees is a dismal future for the
company. In fact... he is willing to sell you his paf the company for far less than it is

worth. All the while, the underlying value of thempany may not have changed - just
Mr. Market's mood.”

—Warren Buffett’s intellectual hero Benjamin Grahf&whGraham and Dodd’s
Security Analysis in Graham’sT he Intelligent Investor
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The Keynes and Graham quotations evoke simultan@owgn-person guessing or
perhaps “outguessing” games, possibly with multegeilibria.

Like the folk game theory quotations below, tloeyncern games played without clear
precedents.

The key issue Is anticipating others’ strategipoeses, for Keynes to a “landscape” of
personal judgments about prettiness, which is wtiserpayoff-irrelevant; and for
Graham to the psychology of a representative umméad investor’s reaction to news.

Equilibrium is not very helpful in anticipating @is’ responses in such settings.

Instead the quotations explicitly suggest thougbtesses in which players anchor
beliefs in a model of others’ instinctive reacti@ml then iterate best responses a finite
number of times, processes whose heterogeneitfiratahess closely resemble a lekel-
or cognitive hierarchy model.

Keynes’ “fourth, fifth and higher degrees” is sonfwmore than the evidence suggests
IS realistic, but it may be only a coy referencénuoself.
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There is now a large body of experimental resetrahstudies strategic thinking by
eliciting initial responses to games with a varietytructures.

The most important studies of normal-form compiaftermation games with neutral
framing include Stahl and Wilson (1994, 1995); Nd@695); Ho, Camerer, and Weigelt
(1998); Costa-Gomes, Crawford, and Broseta (2@d3ch-Domenech et al. (2002);
Camerer, Ho, and Chong (2004); Chong, CamererHan@005); Costa-Gomes and
Crawford (2006); and Costa-Gomes and Weizsacké&g)20

| first discuss Nagel's (1995); Ho, Camerer, and \&¥'g)(1998); and Bosch-Domenech
et al.’s (2002) analyses ofperson guessing games directly inspired by Key(i€x36,
Chapter 12) beauty contest analogy, which givenplg introduction to the evidence.

| then discuss Costa-Gomes and Crawford’s (200&lyars of two-person guessing
games, whose design is more powerful and comesatlts letting the data reveal
subjects’ thinking directly, without an econometimaiddleman’”.

Costa-Gomes and Crawford’s (2006) conclusions ansistent with and representative
of the conclusions of other carefully done studiemitial responses to normal-form
games with neutral framing, just more precise. VEdiustments described below, their
conclusions are also consistent with those of sgudf the other kinds of games.
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A. Nagel's (1995); Ho, Camerer, and Weigelt's (1998and Bosch-Domenech et al.’s
(2002) experiments

In Nagel’'s and Ho, Camerer, and Weigeltperson guessing gameassubjectsii = 15-
18 in Nageln = 3 or 7 in Ho, Camerer, and Weigelt) made sinmadtas guesses
between lower and upper limits (0 and 100 in Na@eaind 100 or 100 and 200 in HCW).

In Bosch-Domenech et al. (2002) essentially theesgames were played in the field, by
more than 7500 volunteers recruited from subsaibéthe newspapeFnancial Times
Spektrum der Wissenchabtr Expansion

In each case the subject who guessed closesatget p = 1/2, 2/3, or 4/3 in Nagei =
0.7,0.9, 1.1, or 1.3 in Ho, Camerer, and Weigaltp = 2/3 in Bosch-Domenech et al.)
times the group average guess won a prize.

There were several treatments, each with identcgéts and limits for all players and
games. The structures were publicly announcedistitfy comparing the results with
predictions based on complete information.
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For definiteness, consider Nagel’s leading treatmen
e 15-18 subjects simultaneously guessed betwee@(dp,1

e The subject whose guess was closest to a taKgel/2 or 2/3, say), times the group
average guess wins a prize, say $50.

e The structure was publicly announced.

If you are one of the few people in the world wiawvd not already done so, please take a
moment to decide what you would guess, in a grdufmon-game-theorists:

o if p=1/2,

o if p=2/3.
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Nagel's games have a unique equilibrium, in whiklplayers guess 0.

The games are dominance-solvable, so the equitiocan be found by iteratively
eliminating dominated guesses.

For example, ip = 1/2:
e It's dominated to guess more than 50 (because 1.0< 50).

e Unless you think that other people will make dosiaa guesses, it’s also dominated to
guess more than 25 (because 1/2 x20).

e And so on, down to 12.5, 6.25, 3.125, and evelyttalO.

The rationality-based argument for this “all-0” édpuium is stronger than many
equilibrium arguments, because it depends onlyeyated knowledge of rationality, not
on the assumption that players have the same felief

However, even people who are rational are seldatainghat others are rational, or that
others believe that others are rational.

Thus, they won'’t (and shouldn’t) guess 0. But wdh@{should) they do?
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Although Nagel's and Ho, Camerer, and Weigelt'sjsctis each played a game
repeatedly, their first-round guesses can be vieagaditial responses if they treated their
own influences on future guesses as negligiblechvis plausible for all but Ho,

Camerer, and Weigelt's three-subject groups.

Bosch-Domenech et al.’s subjects played only once.

The results vividly illustrate the failure of eghrium as a descriptive model of initial
responses, and the heterogeneity and discretehssategic thinking.

Nagel's subjects never made equilibrium guesséaligi Ho, Camerer, and Weigelt's
rarely did so, and Bosch-Domenech et al.’s (whorhadh more time to reflect, and who

could consult with others) fairly rarely did so.

In each case most subjects’ initial guesses respdéam O to 3 rounds of iterated
dominance, in games where 3 to an infinite numbenaeded to reach equilibrium.

Here we reproduce part of Nagel's Figure 1 and Bd3omenech et al.’s Figure 1,
which illustrate these points most clearly.
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Figure 1. Bosch-Domenech et al.’s (2002) Figure 1
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These data resemble neither equilibrium plus nomgeequilibrium taking noise into
account” as in QRE (for any reasonable error distion, though by Haile, Hortacsu, and
Kosenok’s (2008) result we could make the dataxacteQRE for an unreasonable one).

They do suggest that subjects’ deviations fromldayuuim have a coherent structure.

In each case the distributions of guesses havesfiilat track 58 for k = 1, 2, 3 across
the targetp in various treatments, thus respecting 0 to 3 rewridterated dominance.

Like the spectrograph peaks that foreshadow tretende of chemical elements, these
spikes are evidence of a partly deterministic $tmag one that is discrete and
individually heterogeneous.

It is already clear that no model that imposes hgemneity of strategic thinking (as all on
our list but levelk and CH do) will do justice to subjects’ behavior.

(Allowing heterogeneity of thinking is essential fhe explanations proposed below of
Kahneman’s Entry Magic, Yushchenko, Lake Wobegaod, lduarongdao.)

Also, subjects do not respect indefinitely iteratmninance or indefinitely iterated best
responses; instead their decisions resipeationalizability for at most small values lof



But what about the spikes, whose consistency isnih& remarkable part of the results?

Many theorists have interpreted Nagel’s resultsvadgence that subjects explicitly
performed finitely iterated dominance, the way w&ch students to solve such games.

In this interpretation, which | will caDk, a player doek rounds of iterated dominance
for some small numbek,= 1 or 2, and then best responds to a uniform jower other
players’ remaining strategies (completkgationalizability by adding a specific
selection): thus in Nagel's gamb& guesses ([0+1@]/2)p = 50p~.

But there is another interpretation of the spikdsch has the same implications for
choice behavior in Nagel's game but which can difi@amportant ways in other settings,
and which I shall argue is very likely the correxterpretation.

In this interpretation, called “levéd-or “Lk,” a player starts with a uniform pri€©O over
the strategy space and then iterates best resplohsess, withk =1, 2, or 3: thus in
Nagel's game&k+1 guesses [(0+100)/21", which equals ([0+108]/2)p = 50p*.

Note that it id-k+1 that isDk's cousin, not.k. The difference in indices is only a quirk of
notation, without further significance.

Both Lk+1 andDKk yield k-rationalizable strategies, though not always #mesones in
other games. In games without dominabéek = 1,2,... coincides with.1.
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Aside on specifying.0

A uniform priorLO follows an emerging consensus in the le/€lH literature for
normal-form games with neutral framing. Why is tteasonable?

First, it can be viewed literally, a4 having a uniform prior about his partners’ choices.

But it may be more plausible to take it as an aalygnoring strategic considerations,
and therefore invoking the principle of insufficierason regarding partners’ choices.

It can also be viewed as a plausible approximaiidhe outcome of a player’s randomly
sampling his payoffs for various strategies, utisied by partners’ choices.

(Later | discuss experiments on normal-form gamiés mon-neutral framing or
incomplete information, and on extensive-form gamghk preplay communication, in
which the levek/CH literature has used different, also naturatspations ofL0.)

5t



Another issue arises in specifying a lek&lr CH model, to which | shall return later.

In these lectures | focus mainly on two-person garbat inn-person games like those
discussed here it matters wheth@ns independent across players or correlated.

The limited evidence that is available (Ho, Camesiad Weigelt 1998 and Costa-Gomes,

Crawford, and Iriberri 2009) suggests that mosppebhave highly correlated models of
others.

In analyzing Nagel's data, in keeping with the &lale evidence and the literature, |
simply takelLO to directly model the distribution of all othees’erage guess.

End of aside
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But the complete lack of separationl@'s andLk+1’'s guesses in Nagle’s design shows
that the inference that subjects performed finitedyated dominance is premature.

In other experiments, including some of Ho, Camard Weigelt's and Costa-Gomes,
Crawford, and Broseta'§k's andLk+1’s guesses are weakly separated, and the results
are inconclusive on this point.

But in Costa-Gomes and Crawford’s experiment disedsextDk’'s andLk+1’s guesses
are strongly separated, and the results very dirdagor Lk+1 overDK rules.

Thus, subjects’ guesses resgecationalizability for smalk not because they explicitly
perform iterated dominance, but because they fofldes that implicitly respect it.
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B. Costa-Gomes and Crawford’s (2006) (“CGC”) expements

Nagel's and related designs are distinguished by leege strategy spaces, which greatly
Increase the informativeness of their results.

But from the point of view of studying strategiartking it is a weakness that a subject
played only one game (although there was betwebkjeats variation across treatments).

Even though most subjects played their game reggataeir later choices confound
strategic thinking with learning, so there wasflie& only one observation per subject.

(Recall that first-round choices can still be viehMas initial responses to a game played
as if in isolation if subjects treat their own udhces on future choices as negligible.)

Even with very large strategy spaces, one observgtelds limited information, and the
results leave considerable ambiguity of interpretategarding subjects’ types.

By contrast, Stahl and Wilson’s (1994, 1995) desigave the great advantage of series
of different but related games, run to suppressieg and repeated-game effects.

But Stahl and Wilson’s games have small strateggeg, only three choices per player.
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CGC'’s design combines the variation through a sarfid@ifferent but related games of
Stahl and Wilson’s designs with the large stratgggces of Nagel's design.

Subjects were randomly and anonymously pairedap alseries of 16 different two-
person guessing games, with no feedback.

The profile of a subject’s guesses in the 16 gdomess a “fingerprint” that helps to
identify his strategic thinking more precisely thampossible by observing his responses
to a series of games with small strategy spacassorgle game with large strategy space.

The design suppresses learning and repeated-géentsab elicit subjects’ initial
responses, game by game, studying strategic tlgrikimcontaminated” by learning.

(“Eureka!” learning was possible, but it was tedt@dand found to be rare.)
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In CGC’s guessing games, each player has his owarland upper limit, both strictly
positive to make the games finitely dominance-dallva

(Players are not required to guess between timaitisli Guesses outside the limits are
automatically adjusted up to the lower or downi® tipper limit as necessary: a trick to
enhance separation of information search implicatimot important for this discussion.)

Each player also has his own target, and his payoféases with the closeness of his
guess to his target times the other’s guess.

The targets and limits vary independently acroagqrs and games, with targets both less
than one, both greater than one, or “mixed”.

(In Nagel's and HCW'’s previous guessing experimémestargets and limits were always
the same for both players, and varied at most ketwsebjects across treatments.)
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CGC'’s guessing games have essentially unigue bgailf‘essentially” due to the
automatic adjustment), determined (but not alwasexcty) by players’ lower (upper)
limits when the product of targets is less (gredtean one.

The discontinuity of the equilibrium correspondemdesn the product of targets equals
one enhances the separation of equilibrium froreratypes and stress-tests equilibrium,
which responds much more strongly to the produtamfets than alternative rules do.

(It also reveals other interesting patterns; seavtard 2008.)
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Consider a game in which players’ targets are Qdr1a5, the first player’s limits are
[300, 500], and the second’s are [100, 900].

The product of targets is 1.05 > 1, and the equuirb is therefore determined by players’
upper limits. (When the product is < 1, the equililn is determined by the lower limits.)

In equilibrium the first player guesses his uppartlof 500, but the second player
guesses 750 (= 500 x his target 1.5), below higulmit of 900.

No guess is dominated for the first player, but gngss outside [450, 750] is dominated
for the second player.

Given this, any guess outside [315, 500] is iteedyi dominated for the first player.

Given this, any guess outside [472.5, 750] is dameith for the second player, and so on
until the equilibrium at (500, 750) is reached a2 rounds of iterated dominance.
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CGC’S data analysis

As suggested by previous work, CGC'’s data anagsssimed that each subject’'s guesses
were determined, up to logit errors, by a singfeetyin all 16 games.

This assumption was tested and found reasonab&rfmst all subjects.

Most of the analysis restricted attention to adidbehaviorally plausible types:
e LO, L1, L2, andL3 as defined above, with0 uniform random between the limits
e D1 andD2 as defined above

e Equilibrium, which makes its equilibrium decisions (becaus€@G@ames are all
finitely dominance-solvable, traditional equililann refinements are not relevant)

e Sophisticatedwhich best responds to the probability distribns of others’ decisions,
estimated from the observed frequencies (an idealijded to learn if any subjects
have an understanding of others’ decisions thasttends mechanical rules.)

The restriction to this list was also tested adarpd below, and found to be a
reasonable approximation to the support of subjjdetssion rules.



CGC'’s large strategy spaces and the independaatigarof targets and limits across
games greatly enhance the separation of typesiaatfins, to the point where many
subjects’ types can be precisely identified fromirtiguessing “fingerprints”:

Types’ guesses in the 16 games, in (randomized) ercplayed

L1 L2 L3 D1 D2 Eq. Soph.

1 600 525 630 600 61125 750 630
2 520 650 650 617.5 650 650 650
3 780 900 900 838.5 900 900 900
4 350 546 3185 4515 423.15 300 420
5 450 315 4725 3375 34125 500 375
6 350 105 1225 1225 1225 100 122
7 210 315 2205 2275 2275 350 262
8 350 420 367.5 420 420 500 420
9 500 500 500 500 500 500 500
10 350 300 300 300 300 300 300
11 500 225 375 262.5 2625 150 300
12 780 900 900 838.5 900 900 900
13 780 455 709.8 6045 6045 390 695
14 200 175 150 200 150 150 162
15 150 175 100 150 100 100 132
16 150 250 1125 1625 13125 100 187
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Of the 88 subjects in CGC’s main treatments, 43awackesses that compliesactly
(within 0.5) with one type’s guesses in from 7 €dI the games:

2011, 1212, 3L3, and 8Equilibrium.

For example, CGC'’s Figure 2 (next slide) shows‘timgerprints” of the 12 subjects
whose guesses conformed most closely2s.

Of these subjects’ 192 guesses, 138 (72%) werd bRajiesses.
0
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CGC'’s Figure 2. “Fingerprints” of 12 Apparent L2 Subjects
(Only deviations from L2's guesses are shown.)
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The size of CGC’s strategy spaces, with 200 to@iXsible exact guesses in each of 16
different games, makes exact compliance powerfdlesice for a type:

If a subject chooses 525, 650, 900 in games 1tdfiwrely and econometrically we
already “know” he’s am.2.

(By contrast, there are usually many possible reagar choosing one of the strategies in
a small matrix game; and even in Nagel's largeesgsaspaces, rules as cognitively
disparate aBk andLk+1 yield identical decisions.)

Further, because CGC'’s definitionld? builds in risk-neutral, self-interested rationglit
we also know that a subject’s deviations from elguum are caused not by irrationality,
risk aversion, altruism, spite, or confusion, bytiss simplified model of others.

(Even so, doubts remain about the subjects with Bigact compliance witkquilibrium,
who appear to be following hybrid types that onlyyme equilibrium in the games with
targets both less than one or both greater tharn one

That the levek model isdirectly suggested by the data for half of CGC’s subjectihér
than via data-fitting exercises) is an importantaadage over alternatives.
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CGC'’s other 45 subjects made guesses that confdassdlosely to a type.

But for all but 14 of them, violations of simplerdmance were comparatively rare (less
than 20%, versus 38% for random guesses), suggekantheir behavior was coherent,
even though less well described by the types.

And econometric estimates of their types are canad onL1, L2, L3, andEquilibrium
in roughly the same proportions.

TABLE 1 —SUMMARY OF BASELINE AND OB SUBIECTS’ ESTIMATED TYPE DISTRIBUTIONS

Econometric from

Apparent Econometric Econometric from Econometric from guesses and
from from guesses, guesses, with search, with
Type guesses guesses excluding random specification test specification test
Ll 20 43 37 27 29
L 12 20 20 17 14
L3 3 3 3 l ]
D1 0 5 3 | 0
D2 0 0 0 U U
Eq. 8 14 13 11 10
Soph. 0 3 2 | l
Unclassified 45 0 10 30 33

Note: The far-right-hand column includes 17 OB subjects classified by their econometric-from-guesses type estimates.

CGC'’s Figure 1.
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Aside on CGC'’s specification test

For the 45 subjects whose types must be estimatatbenetrically, there is some room
for doubt about whether CGC'’s specification om#ievant types and/or overfits by
including irrelevant types.

To test for overfitting and omission of relevanpdg, CGC conducted a specification test,
which compares the likelihood of each subject’secoetric type estimate with the
likelihnoods of estimates based on@&udotypesach constructed from one subject’'s
guesses in the 16 games.

For a subject's type estimate to be credible,atikhhave higher likelihood than at least
as many pseudotypes as it would at random: wittp&g, assuming approximately i.i.d.
likelihoods, this makes 87/811.

Some subjects’ type estimates do not pass thisaledtso they are left unclassified in
columns 5 and 6 of CGC’s Table 1.



With regard to omitted types, imagine that CGC baufted a relevant type, say.

The pseudotypes of CGC’s estimatgtisubjects would then outperform the nah-
types estimated for them witl2 omitted, and make approximately the same guesses.

Finding such &luster, CGC diagnosed an omitted type, and studied whatubjects’
guesses had in common to reveal its decision rule.

CGC found five clusters involving 11 subjects, winere also left unclassified in Table 1.

The paper’s online appendix discuss what thesellijests seemed to be doing; most of
it appears quite idiosyncratic.

Because a cluster must contain at least two suhjech larger sample there might be
more clusters; but because such clusters did aohrihe two-subject threshold in a
sample of 88, they unlikely to be more than 2%rof Erger sample.

CGC concluded from these tests that the types atdhto be in the population are truly
relevant and that omitted types are at most 2% efpbpulation, so not worth modeling.

End of aside
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Lessons for modeling strategic behavior

CGC’s 2006AERanalysis reinforces the conclusions already reafrioed Nagel’'s and
related analyses:

No model that imposes homogeneity of thinking wdl justice to subjects’ behavior.

Subjects do not respect indefinitely iterated damae or indefinitely iterated best
responses; instead their decisions reskeationalizability for at most small values lof

To these we can now add:

There are few if any nDk subjects. People respect iterated dominance texteat that
their Lk types do, not because they explicitly perform it.

(This is reinforced by CGC'’s data on subjects’ skas for hidden payoff information
(Crawford 2008) and their data on “robot/trainetjeats,” which show that most
subjects are capable of learning to follDk;, but suggest that they firidk rules far less
natural than the analogolk rules.)

There are n&ophisticatesubjects. Even the most sophisticated subjects seémor
rules of thumb over less structured strategic thpKthe jury is still out on the extent to
which this conclusion generalizes.)
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A hybrid levelk or CHmodel with a uniform randoiinO and onlyL1, L2, L3, and,
possibly,Equilibrium subjects explains a large fraction of subjectsial®ns from
equilibrium in their games. In particular:

Although about half of CGC’s subjects’ deviationsnf equilibrium remain unexplained

by such a model, the specification test suggeatstiie deviations have little discernable
structure.

Thus it may still be optimal to treat the remaind®yiations as errors, and the part of the
structure that can be identified can provide aebasis for unbiased modeling of initial
responses to games.

| stress that although CGC'’s evidence and anadysisnore precise than previous
studies, their conclusions are consistent withréisalts of earlier studies.
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Model comparison: levelk versus equilibrium plus noise or LQRE

CGC'’s econometric analysis allows enough heteragetwenest equilibrium plus noise,
represented by tHequilibrium type, with logit errors.

Only 11 of the 88 subjects in CGC’s main treatmanésestimated to dequilibrium,
and there is clear evidence that even they amfolg rules that only mimic
Equilibrium, and that only in some of the games (CGC, pp. 4774331).

Aside on CGC'’s “nearEquilibrium” subjects

Focus on the eight subjects whose fingerprintcksest to equilibrium, and order the
games by strategic structure, with the eight gam#ssmixed targets on the right.

CGC'’s Figure 4 (next slide) then shows that thedgests’ deviations from equilibrium
almost always occur with mixed targets.

Thus it is nonparametrically clear that these sttbjevhose equilibrium compliance is
off the scale by normal standards, are actuallpfohg a rule that only mimics
Equilibrium, and that only in games without mixed targets.

Yet all the ways we teach people to identify edquidi (equilibrium checking, best-
response dynamics, iterated dominance) work aswillor without mixed targets.

Thus, whatever these subjects are doing, it's dumgtve haven't thought of yet.
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69 (54%) of these subjects' 128 guesses were Egadibrium guesses.)

End of aside
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Model comparison: levelk versus equilibrium plus noise or LQRE continued

In CGC'’s design, LQRE choices are weakly separfted equilibrium plus logit noise
choices. (CGC'’s (footnote 34, p. 1763) “median votesult shows that they coincide
except for small asymmetries in the payoff funcilue to automatic adjustment).

For CGC’s 77 norkquilibrium subjects, LQRE misses clear patterns in the data, a
equilibrium plus logit noise did.

But these subjects’ “errors” neither center on Oexdibit the sensitivity to deviation
costs assumed in a logit specification, perhapaussthe errors are cognitive or
structural, reflecting misspecification rather treameffort-accuracy trade-off.

Instead the errors have a clear deterministic gtracwhich is well described by the
levelk model that emerges from CGC’s estimates.

The evidence also suggests the absence of expas tike Stahl and Wilson’s (1995)
Worldly that best respond to estimated mixtures of otprs, some of them noisy with
estimated precisions (CGC 2006, Section I1.D).

This is indirect evidence that the best-responsghers’ noise aspect of QRE is unlikely
to be empirically reliable.



Model comparison: levelk versus CH

Partly by a quirk of CGC'’s design, leMebnd CH types’ choices are not separated:

e Levelkand CHL1's are identical by definition

e By CGC'’s (footnote 34 and 36, p. 1763) “mediarevbtesult (which stems from the
piecewise linearity and symmetry of the payoff fuma), for empirically plausible type
distributions, a CH.2 andL3 are both identical to CGCI<.

However, CGC'’s subjects’ searches for hidden papbédirmation (Crawford 2008) are
much more consistent with the implications of a&eldvmodel than a CH model.
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Further, to fit the data a CH Poisson parame(ssughly, the averag® must be
approximately 1.5, which constrains the frequenfcyto 0.22.

By contrast, CGC’s and other unconstrained estisnat@ost always assidi®) a far
lower frequency, usually O.

This is a good sign, in that high frequencies woelilice the model to a parameterized
distribution of responses, thus describing the dattzer than explaining it.

Only when the strategic iteration of best respopéags a role can the model yield a
useful explanation of the data.

The Poisson constraint is strongly binding in CG@dasaset, and with comparable error
structures (though possibly not with the popular SIidcture in which a randoh®
doubles as the errors for higher types), léseil have an advantage in fit over CH.

Estimating an unconstrained type distribution aa ievelk model also provides a useful
diagnostic: If the data can only be fitted by andeype distribution—non-hump-shaped
(in a homogeneous population) or with implausilhhfrequencies of higher types—
then the explanation is not credible.
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Model comparison: Levelk versus NI

Given that NI is a flexible parameterization thatludes LQRE as a special case, Halile,
Hortacsu, and Kosenok’s (2008) critique applies &ofortiori.

Preliminary analyses suggest that Goeree and H2®34) favored NI specification, in
which the noisiness of higher-order beliefs growsmetrically, the model is heavily
overparameterized, yielding a range of possiblesa®ts spanning levedtypes as well
asEquilibrium.

NI may therefore risk overfitting even in datagé&t span multiple games.
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4. M. M. Kaye’s Far Pavilions:
Responding to Payoff Asymmetries in Outguessing Gaes

“...ride hard for the north, since they will be sym will go southward where the
climate is kinder....”

—Koda Dad* to Ash/Ashok itM.M. Kaye’s The Far Paviliong1978, p. 97)

*played by Omar Sharif in the HBO miniseries
(his greatest contribution to game theory)

| now work through a simple example that illustsadg@plications of levat-models.

Early inThe Far Pavilionsthe main male character, Ash/Ashok, is tryingsoape from
his pursuers along a north-south road.

Both Ash and his pursuers must choose between aondisouth. Although Ash moves
first, the pursuers must make their choice irrebbcaefore they learn Ash’s choice, so

their choices are strategically simultaneous.

South is warm, but north lie the Himalayas, witmi@r coming.
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Imagine that if the pursuers catch Ash, they gam tinits of payoff and Ash loses two,
and that they both gain one extra unit for chooSlogth whether or not Ash is caught.

This yields the payoff matrix:

Pursuers
South Q) North
South () 3 0
-1 1
Ash
North 1 2
0 -2

Far Pavilions Escape

Examples like this are as common in experimentalegheory as they are in fiction, but
fiction sometimes more clearly reveals the thinkoetnind a decision.

Ash’s mentor Koda Dad advises Ash to ride northttie reason given in the quotation.

Ash overcomes his fear of freezing and follows #usice, the pursuers unimaginatively
go south, and Ash escapes.
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Koda Dad is advising Ash to choose tt8eresponse to a uniform randd:@.

(L3 ties my personal bektfor a clearly explained levddtype in fiction. | suspect even
postmodern fiction may have nothing higher th&nit wouldn’t be credible.)

If the pursuers expect Ash to go south becaus&itisler”, they must be modeling Ash
as arnL1 response to a uniform randd:.

For, the payoff asymmetry on which this inferenests is decisive only if north and
south do not differ in the probability of being géd, which is more important.

Thus, Koda Dad must be modeling the pursuet2asd advising Ash to choose thg
response to a uniform randd:.

We could take the inference that Ash will go sdaglesause it's “kinder” literally as a
response to a uniform randd:.

But there is a behaviorally more plausible intetgiten in which the inference is a model
of the pursuers’ model of Ash’s instinctive reantignoring strategic considerations, and
given this, plausibly based on the principle olifisient reason.

In a more complex game a uniform randb@could plausibly approximate random
sampling of payoffs unstratified by the other playstrategy choices.
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How does the levdt-model compare in predictive success with an equilih model?
Escape has a unique equilibrium in mixed strategieshich
3p+1(1-p) =0+ 2(1—-p) orp=1/4, and
—1g +1(1 —qg) = 0g —2(1 —q) orqg = 3/4.

Thus Ash’s Pr{South}p* = 1/4, and the Pursuers’ Pr{Soutlu}; = 3/4.

This equilibrium responds to the payoff asymmegtneen South and North in a
decision-theoretically intuitive way for Pursuebge¢ause] = 3/4 > the 1/2 of equilibrium
without the payoff asymmetry) but counterintuityyébr Ash (becausp = 1/4 < 1/2).

In equilibrium the novel’'s observed outcome {Ashrtkio Pursuers South} has
probability (1 49*)g* = 9/16: much better than a random 25%.
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By contrast, the levdt-model implies decisions as follows:

Type Ash Pursuers
LO uniformly random Uniformly random
L1 South South
L2 North South
L3 North North
L4 South North
L5 South South

Lk types’ decisions inFar Pavilions Escape

Thus the levek model exactly predicts the outcome provided thelt & eithet 2 or (as
we know from the quotatior)3, and the Pursuers are eithhdror (as Koda Dad
believes).2.



Applications seldom come with an omniscient namréting us how players think.

Even so, if the game is clearly defined and we ltmata, we can specify a leMemodel,
derive its implications, and use them to estimlagetype frequency distribution.

Alternatively, we can calibrate the model usingvipas estimates from similar settings.

Suppose, for example, that we calibrate a I&wabdel by assuming that each player role
in Escape is filled from a 50-30-20 mixtureldfs, L2s, andL3s and there are no errors.

Then the predicted frequency with which Ash goegiN®s 1/2 and the frequency with
which the Pursuers go South is 4/5.

Assuming independence, this implies that the oleseoutcome {Ash North, Pursuers

South} has probability 2/5: less than the equiliomipredicted frequency of 9/16, but still
noticeably better than a random 25%.
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More importantly, the level-model gracefully explains a puzzling divergenceneaen
observed aggregate behavior patterns and equrtigonedictions.

In outguessing games like Escape, and in clos@&yet perturbed Matching Pennies
games, the unigue mixed-strategy equilibrium redpda the payoff asymmetry between
South and North in a decision-theoretically inttgtivay for the Pursuers’ rolgX{= 3/4

> 1/2, the probability with which Pursuers go somtkhe analogous game with no north-
south payoff asymmetry); but in a counterintuitway for Ash’s role p* = 1/4 < 1/2).

Yet experimental subjects’ aggregate choices traimesponses to games like this reflect
decision-theoretic intuition in both player rol@&sh’s counterintuitive choice would not
contradict this pattern if he were a subject, beedus revealed type is in the minority.)

In such games the levkland CH models’ predictions “quasi-purify” somethiogighly
like a mixed-strategy equilibrium via the predideabeterogeneity of players’ strategic
thinking, while avoiding some implausible implicats of equilibrium.



Consider the perturbed Matching Pennies gamesawsitihtervailing payoff perturbations
in both roles studied in Rosenthal, Shachat, anlk&/a (2003) experiments.

They considered two versions of such games, orfedeiterministic and the other with
stochastic money payoffs, but constructed to hagesame normal form, with both
player roles playing Left in equilibrium with thame probability, 2/3.

In each case the observed strategy frequencieatddvrom the equilibrium frequencies
In the decision-theoretically intuitive directiom Iboth player roles (Figure 2, p. 281).

Rosenthal, Shachat, and Walker show (2003, Figupe 285) that LQRE with precision
estimated for the same dataset can explain thigiirg pattern qualitatively, but that it
underpredicts the frequency of Left play in botayar roles.

A calculation like that done above for Escape shthasa calibrated level-k model with
a 50-30-20 mixture dfls,L2s, andL3s in each role and no errors can also explain the
gualitative pattern, and even without reestimativgtype frequencies comes
approximately as close to the observed frequenolespredicting the frequency of Left
play in one role and underpredicting it in the othe
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5. Groucho’s Curse:
Zero-Sum Betting and Auctions with Incomplete Information

“I sent the club a wire stating, ‘Please acceptasygnation. | don’t want to belong to
any club that will accept people like me as a manibe

—Groucho Marx (1959, p. 321), Telegram to the Bvdirlls Friar’'s Club

“Son...One of these days in your travels, a guy isgto show you a brand-new deck
of cards on which the seal is not yet broken. Tthenguy is going to offer to bet you
that he can make the jack of spades jump out sfatind-new deck of cards and squirt
cider in your ear. But, son, do not accept this betause as sure as you stand there,
you're going to wind up with an ear full of cider.”

—Sky Masterson, quoting his father in Damon Rum{A934)
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Although most laboratory evidence on strategickimg comes from symmetric-

information designs, most field evidence and ajpilbns involve settings with
informational asymmetries.

It is therefore of great importance to extend whate€an be learned about strategic
thinking in complete-information games to incomeitatformation games.

| now discuss laboratory and field evidence on gamigh informational asymmetries,
focusing on cases where the games allow cleareinées about strategic thinking.
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A. Experiments on zero-sum betting

Experiments on zero-sum betting build on Milgrona &tokey’s (1982) no-trade
theorem, which shows that if traders are weakk-aigerse and have concordant beliefs,
and the initial allocation is Pareto-efficient tela to the information available at the
time, then even if traders receive new privatermi@tion, no weakly mutually beneficial
trade is possible; and if traders are strictly-asterse, no trade at all is possible.

For, any such trade would make it common knowlgtlgeboth traders had benefited,
contradicting the hypothesis that the original @liton was Pareto-efficient.

This result has been called the Groucho Marx thmadrecause its logic resembles that of
our Marx guotation.

By contrast with the conclusions of the theorenecsiative zero-sum trades are common
In real markets. This fact has a number of pos&kfdanations, of which one is
nonequilibrium strategic thinking.

The experiments by Brocas, Carrillo, Camerer, arah§(2009) (see also Camerer, Ho,
and Chong 2004, Section VI) and Rogers, CamerdrPaifrey 2009) we now discuss
have the control required to distinguish betweearhsxplanations and those based on
other factors such as hedging or the joy of gampblin
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Brocas et al.’s design used simple three-statengegames, including this one:

player/state A B C
1 25 5 20
2 0 30 5
Zero-Sum Betting Game

The rules of the game and the information structvgee publicly announced, with the
goal of inducing common knowledge.

Each of two players, 1 and 2, is given informatdrout which of three ex ante equally
likely states has occurred, A, B, or C. As indidaite Figure 1, player 1 learns either that
the state is {A or B} or that it is C; player 2 taa that the state is A or that it is {B or C}.

Once informed, the players choose simultaneoudiydsn two decisions: Bet or Pass.

A player who chooses Pass earns 10 no matter Wwaatdte. If one chooses Bet while
the other chooses Pass, they both earn 10.

If both players choose Bet, they get the payofthetable, depending on which state has
occurred.
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This game has a unique trembling-hand perfect Bagejuilibrium.

In this equilibrium, player 1 told C will Bet becsi20 > 10, and player 2 told A will
Pass because 0 < 10.

Given this, player 1 told {A or B} will Pass, beiplayer 2 will Pass if told A, so
betting given {A or B} yields player 1 at most 519.

Given this, player 2 will Pass if told {B or C}, bause player 1 will Pass if told {A or
B}, so betting given {B or C} yields player 2 at 1stcb < 10.

This covers all contingencies and completes theacharization of equilibrium, which
shows that the game is weakly dominance-solvahilerae rounds.

No betting takes place in equilibrium in any state.
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Despite this clear conclusion, in Brocas et alnid aimilar experiments approximately
half of the subjects bet.

To explain this Brocas et al. proposed a ldvelodel with a specification like those
discussed above, but wikld adapted to allow for incomplete information.

Following Camerer, Ho, and Chong (2004, Section Bitpcas et al. assumed tha#x
bids uniformly randomly, independent of its privatormation.

In judging this specification, bear in mind th#&tis meant to describe a player's model
of the instinctive starting point of others’ st@itethinking, from which point of view it
IS behaviorally plausible th&0 ignores others’ private information.

As in previous levek analyses, Brocas et al. took thieirto best respond to thdio,
and theirL2 to best respond to thdid.

Following Crawford and Iriberri (2007a), we call ehthat best responds to a randbfh
a “randomL1” even though it is not itself random; and we eall 2 that best responds to
a randonil a “randomL2".
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Given this, random1 player 1s will Bet if told {C} because it yields 2010 if player 2
Bets, a randomO player 2 will bet with probability one-half in e#h contingency, and
Betting is otherwise costless.

Unlike in equilibrium, Random1 player 1s will Bet if told {A or B} because it yids 25
in state {A} and a randorO player 2 will bet with probability one-half in {A}it yields
5 in state {B} and a randonO player 2 will Bet with probability one-half in {B}the
two states are equally likely ex ante, so Bettingld {A or B} yields expected payoff
(25 + 5)/2 = 15 > 10.

RandomL1 player 2s will Pass if told {A}, because it yiel@s< 10. Unlike in
equilibrium, randoni.1 player 2s will Bet if told {B or C}, because it yas 30 in state
{B} and a randonL0 player 1 will bet with probability one-half in {B}if yields 5 in
state {C} and a randonO player 1 will Bet with probability one-half in {C}the two
states are equally likely ex ante, so Bettingld @ or C} yields expected payoff (30 +
5)/2=17.5> 10.

Thus, if all subjects were randdms, 100% of player 1s and 67% of player 2s would
Bet, too much in each role; and betting would o@mnly in states B and C, not true in the
data.

Brocas et al.’s data analysis finds clusters cpording to randorhls, L2s, andL3s
(who in this setting correspond Emquilibrium players), and an additional cluster of
apparently irrational players, which mixture of &gdfits more exactly.



B. Auction experiments

There is a rich literature on sealed-bid incompietermation auction experiments,
which despite similar goals and methods has deedltgrgely independently of the
literature on game experiments.

In sealed-bid auction experiments, subjects’ ihiBaponses tend to exhibit overbidding,
relative to the risk-neutral Bayesian equilibriumfirst- or second-price, independent-
private-value or common-value auctions (Goereet,ldold Palfrey 2002, Kagel and
Levin 1986).

The literature on auction experiments has propdgésrent explanations of overbidding
In private- and common-value auctions: “joy of wimgi’ and/or risk-aversion for
private-value auctions, and the winner’s curseconmon-value auctions.

Moreover, these explanations are only loosely edlad explanations that have been
proposed for deviations from equilibrium in othanges.
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Kagel and Levin (1986) and Eyster and Rabin (2@0@bight to unify the explanations of
nonequilibrium behavior in auctions and other games

Also noteworthy, but not discussed here, are Clsaraad Levin’s (2009) experiments on
Samuelson and Bazerman’s (198&Quiring a Compangame.

Kagel and Levin formalize the intuition behind th@se in models in which “naive”
bidders do not adjust their value estimates foinrf@mation revealed by winning
(essentially, randoral bidding), but otherwise follow equilibrium logic.

Eyster and Rabin’s notion of “cursed equilibriunm’ which people underestimate the
correlation between others’ decisions and privafi@mation but otherwise behave as in
a Bayesian equilibrium, generalizes Kagel and Lsvimodel to allow intermediate levels
of value adjustment, ranging from standard equuiorwith full adjustment to “fully-
cursed” equilibrium with no adjustment; and frontgons and bilateral exchange to
other kinds of incomplete-information games.

Both models allow players to deviate from equililoni only to the extent that they do not
draw correct inferences from the outcome. Thug tredictions coincide with
equilibrium in games in which such inferences areralevant, and they do not help to
explain non-equilibrium behavior in independent/pte-value auctions.



Crawford and Iriberri (2007a) propose a lek@nalysis that provides an alternative way
to unify the explanation of results for initial pggises in auction experiments, without
invoking joy of winning or risk-aversion.

Their analysis makes it possible to explore theistiiress of equilibrium auction theory
to failures of the equilibrium assumption, and kel$hes a connection between large
bodies of experiments on auctions and on strategi&ing.

The key issue Is how to specif; in auctions there are two natural possibilities:

RandomL0, analogous to theO in levelk analyses of zero-sum betting, bids uniformly
on the interval between the lowest and highestiblesgalues (even if above own
realized value, in keeping with the view th&represents a player's model of others’
instinctive, nonstrategic responses to the game).

Truthful LQ, which is meaningful in auctions though not inialomplete-information
games, bids its expected value conditional onvits signal.

Crawford and Iriberri build separate type hieragshon these0s: Random(Truthful) Lk

Is defined by iterating best responses fleamdom(Truthful) LO; and allow each subject
to be one of the types, from either hierarchy.
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For a giverLk type, and just as in an equilibrium analysis, thenoeal bid must take into
account value adjustment for the information reseddy winning (only in common-
value auctions), and the bidding trade-off betwtbenhigher price paid if the bidder wins
and the probability of winning (only in first-priGactions).

Crawford and Iriberri show that their leMelmodel allows a tractable characterization of
these aspects of the bidder’s problem, which cjosafallels the equilibrium
characterization.

With regard to value adjustment, Randbindoes not condition on winning because
RandomLO bidders bid randomly, hence independently of thaiues; thus Randoiril
Is “fully cursed” in Eyster and Rabin’s sense.

The other types do condition on winning in variesy/s, but this conditioning tends to
make bidders’ bids strategic substitutes, in thatitigher others’ bids are, the greater the
(negative) adjustment.

Thus, to the extent that Randdrh overbids, Randorh2 tends to underbid (relative to
equilibrium): If it’s bad news that you beat egomlum bidders, it's even worse news that
you beat overbidders.

The bidding tradeoff, by contrast, can go eithey vas in an equilibrium analysis.
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The question, empirically, is whether an estimamxture of Randoni.1 overbidding
and Randonb.2 underbidding fits the data better than alternatnoslels.

In three of the four leading cases Crawford argkehn study, a levek-model does better
than equilibrium plus noise, cursed equilibriumg/an LORE.

For the remaining case (Kagel and Levin’s firseprauction), the most flexible cursed
equilibrium specification has a small advantage.

Except in Kagel and Levin’s second-price auctidns,estimated type frequencies are
similar to those found in other experiments:

Random and TruthfdlO have low or zero estimated frequencies, and ths omommon
types are (in order of importance) Randoin Truthful L1, Randon_2, and sometimes
Equilibrium or Truthful L2.

Crawford and Iriberri estimated large frequenctEs§5%) of randonh1 bidders and
much smaller but significant frequencies of randdh{4-9%), truthfulL1 (9-18%), and
truthful L2 (1-16%).
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C. Field studies: Movie Opening and.owest Unique Positive Integer Games
Similar methods have now been used in innovateld Btudies.

Brown, Camerer, and Lovallo (2010) use field datatudy an incomplete-information
signaling game with verifiable signals.

Film distributors face a choice between “cold opghia movie and pre-releasing them to
critics in the hope that favorable reviews willnease profits.

In perfect Bayesian equilibrium, cold-opening sldonbt be profitable, because
moviegoers will infer low quality for cold-openedimes and the process will unravel.

Yet distributors sometimes cold-open movies, anal set of 856 widely released movies,
cold opening produced a 15% increase in domeskoHba@e revenue, consistent with
the hypothesis that some moviegoers did not iimferduality from cold opening.

However, movie distributors appear not to be ratipsince only 7% of movies are
opened cold despite the profit advantage.

After preliminary tests that rule out more convengl explanations, Brown, Camerer,
and Lovallo try variants of cursed equilibrium dadel/CH models.
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In the latter variantd,k best responds 1ck-1 rather than an estimated mixture of all
lower-level types as it would in a CH model; hltresponds tdk-1's decision noise as
in an LQRE model, a choice that is not standaidvelk or CH models.

Further, LO for moviegoers assumes a uniform dhgtion over the whole range of
possible qualities; although sample-mean qualighinseem more natural here, the
authors say that that does not work well either.

The main findings are that the best fitting cursedilibrium model has moviegoers
almost fully cursed (drawing no inferences regaydiald-opened movies) but studios
not cursed at all; given the specification emplqytbd resulting model is like a partially
“cursed” (moviegoers but not distributors) versar.QRE.

The best fitting levelklCH model again has moviegoers almost fully cufsethe
average k, is 1.12 where 1 is fully cursed, whisfeg the assumed Poisson distribution
for k implies that the population frequency of L®83%) but studios very sophisticated
(t = 8.5). The best fitting levadlCH model has a significant likelihood advantagerov
the best fitting cursed-equilibrium or LQRE model.

Overall, neither model really explains the behawibstudios. This may be unsurprising,
because studio overoptimism is plausible and thasebeen a huge recent trend in the
percentage of cold-opened movies, complicated aypgés in technology.
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Ostling, Wang, Eileen Chou, and Camerer (2009)ystudovel set of field data from a
Swedish gambling company, which ran a competitarafshort period of time involving
a “lowest unigue positive integer” or LUPI game.

In the LUPI game, players pick positive integerd #re player who chose the lowest
uniqgue (not chosen by anyone else) number winga.pr

Except for the uniqueness requirement, the ganselglaesembles a first-price auction.

The game would have complete information exceptdheicipants had no way to know
how many others would enter in a given week.

The authors deal with this by adapting Myerson@(® “Poisson games” model, in
which fully rational players face Poisson-distrisdituncertainty about the number of
players.

The paper characterizes the LUPI game’s unique stnoPoisson-Nash equilibrium,

and compares it to the predictions of versions REand CH models, using both the
fleld data and data from experiments using a seddach version of the LUPI game.
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Both the field and laboratory data show particigaritoosing very low and very high
numbers too often, relative to the Poisson-Nasliiegum, and avoiding round
numbers.

However, participants’ initial responses are sgipgly close to the equilibrium, given
that the setting makes it almost inconceivable tiney could be computing it, and
learning enhances this correspondence over time.

The authors propose a CH model in which the tygss$ tespond to the noise in others
decisions and there is an unusual power errornlaligkon.

This model explains why participants’ initial resiges are so close to the equilibrium,
and tracks some of the other main patterns in dte. d

An LOQRE model, by contrast, gets the pattern ofiaens from equilibrium
gualitatively wrong, but this could be an artifa€different distributional assumptions.
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D. Level-k auction design

A number of recent papers reconsider mechanisngui¢gking a “behavioral” view of
individual decisions or probabilistic judgment, boitdate there are very few analyses of
design outside the equilibrium paradigm.

Yet design inherently involves the creation of rgames, and it may be important for an
application to work the first time.

Further, assuming equilibrium may yield theoreticabtimal designs that are too
complex for confidence in equilibrium behavior.

Replacing equilibrium with a model that better ddses people’s responses to new
and/or complex games should allow us to design maffeetive mechanisms.

It also suggests an evidence-based way to assessistness of mechanisms,
something previously left to intuition.

In a levelk analysis, a “robust” mechanism that implementsrddsputcomes in
dominant strategies or is dominance-solvable inayr@o rounds may have an actual
advantage over a more complex mechanism that theadhe implements better
outcomes, but only in equilibrium.
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Crawford, Kugler, Neeman, and Pauzner (2009) ergloelaxing equilibrium in
mechanism design by conducting a lekakalysis of optimal auction design.

They considered the leading case of an optimaldebaal-revenue maximizing) single-
object sealed-bid auction with two symmetric bidgawho have independent private
values, for which there is a complete equilibriuaséed analysis (Myerson 1981).

To focus sharply on strategic behavior, they maweththe standard rationality
assumptions regarding decisions and judgment.

They modeled strategic behavior via a leketodel that follows Crawford and Iriberri’s
(2007a) analysis of data from leading auction expents, with either a randoh® that
bids uniformly over the natural range of bids drnahful LO that bids its private value.

They assumed that bidders are drawn from a givenlption of levelk types, known to
the designer.

In representative examples, they considered wisatve prices are optimal and how
much revenue they yield in first-price auctions.

They also considered the optimality of auction ferand the use of exotic auctions that
exploit bidders’ non-equilibrium beliefs to excadgerson’s revenue bound.
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Crawford et al. show, trivially and unsurprisingtizat with independent private values,
revenue-equivalence breaks down.

Because a second-price auction makes the equridrid a dominant strategy, level-
bids coincide with equilibrium bids, hence a secpnde auction yields only the
equilibrium expected revenue.

By contrast, levek bidders in a first-price auction can deviate fragaigbrium, and they
give an example to show that such an auction wehitable reserve price can yield
higher expected revenue than the best second-quraien.

Crawford et al. also give examples in which tharogl reserve price is large with
equilibrium bidders but small with lev&lbidders, and vice versa.
Interesting open questions are when a reserve @sdmore aggressive bidding for

equilibrium than levek bidders, and the extent to which this makes optieval-k
reserves higher than optimal equilibrium reserves.
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Finally, Crawford et al. give an example to showattim theory, a designer can use exotic
auction forms to exploit leved-bidders’ non-equilibrium beliefs to obtain verydar
expected revenues.

They note, however, that their formulation of tlesidgn problem takes the level-
model’s specification as given, independent ofauetion design, just as the standard
formulation assumes that bidders will play an efquum for any design.

Although the specification is based on substaet@kerimental evidence, there is reason
to doubt the exogeneity assumption, particularhyefotic auctions that which go beyond
the evidence on which our specification is based.

A general formulation of the design problem muketa position on how the design
Influences the rules that describe bidders’ belvaamal develop new methods to deal

mathematically with that influence.
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Even without such influences, the heterogeneitewd|-k beliefs and behavior greatly
complicates the characterization of optimal au&ion

In the standard analysis there is no loss of géhenausing the revelation principle to
restrict attention to direct mechanisms becausguflibrium is assumed (with a
selection rule in case of multiple equilibria),idder’s private value is all that is needed

to predict his behavior.

Given the restriction to direct mechanisms, thegiegroblem is well-behaved enough
that it is guaranteed to have a solution.

The example given in the paper shows that thi® i®nger the case with levklbidders,
even if their levek types are all the same, and even if this is knmthe designer.
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With a heterogeneous population of types, the pralddecomes more complex.

Bidders with the same private values but diffetenelk types have different beliefs and
will generally behave differently.

It appears that Myerson’s (1981) methods can be taseharacterize an optimal auction
if the designer knows that the population is honmegels, and knows its type; and if the
class of possible designs is restricted to rulelmage that are too exotic for an optimal
auction to exist.

But if the population is heterogeneous the proldbecomes multidimensional and much
more difficult; and the high-dimensional reportimgchanisms one would consider for
this case complicate the specificatior_O0fand the influence of design on behavior.
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6. Kahneman'’s Entry Magic: Coordination via Symmetry-Breaking

“...to a psychologist, it looks like magic.”

—Kahneman 1988, quoted in Camerer, Ho, anch§i2004)

Kahneman’s “magic” refers to the fact that subj@ctsis own and others’ market-entry
experiments (see also Rapoport et al. 1998 andg®aipand Seale 2002) achieve
systematically better coordination ex post thathennatural equilibrium benchmark.

(Thus Kahneman should have said “...tgaane theoristit looks like magic.”)
In these experiments,subjects choose simultaneously between enterlnt) @nd

staying out (“Out”) of a market with given capacity

In yields a given positive profit if no more suldeenter than a given market capacity;
but a given negative profit if too many enter.

For simplicity, Out yields O profit, no matter hanany subjects enter.
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In these games, efficient coordination requireskiregy the symmetry of players’ roles.

But because players cannot distinguish their raies not sensible to predict systematic
differences across roles in behavior.

Thus, the natural equilibrium benchmark is the uaiggymmetric mixed-strategy
equilibrium, in which each player enters with aagivprobability that makes all players
Indifferent between In and Out.

This mixed-strategy equilibrium yields an expeatednber of entrants approximately
equal to market capacity, but there is a positnadability that either too many or too
few will enter.

Even so, subjects in market-entry experiments Bggeematically better coordination ex
post (number of entrants stochastically closer aoket capacity) than in the symmetric
equilibrium.
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A. A level-k Analysis of Two-Person Entry/Battle of the Sexes Games

Camerer, Ho, and Chong (2004, Section lllegplain Kahneman’s magic via a cognitive
hierarchy model, in which the heterogeneity oftsga thinking allows some players to
mentally simulate others’ entry decisions and agoonhate them.

The more sophisticated players become somewhabtdkekelberg followers, which in
entry games Yyields coordination benefits for all.

Here | illustrate their analysis in a two-persoritieeof the Sexes game, which is like a
two-person market-entry game with capacity one vainidh makes the central points as
simply as possible.

For simplicity, | also substitute a levieilmodel for their CH model.

The analysis illustrates the importance of thecstmed heterogeneity of strategic
thinking a levelk model allows.
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Consider a two-person Battle of the Sexes gameawtil.:

In Out
0 1
0 a
a 0]
1 0
Battle of the Sexes

In

Out

The unique symmetric equilibrium is in mixed stoags, withp = Pr{In} = a/(1+a) for
both players.

The mixed-strategy equilibrium expected coordimatiate is P(1 —p) = 2a/(1+a)%, and
players’ equilibrium expected payoffs a€l+a).

This expected coordination rate is maximized waenl, where it takes the value Y.

With a > 1 these expected payoffl+a) < 1: worse for each player than his worst pure-
strategy equilibrium. Aa — o, 2a/(1 +a)* — 0 like 1A.
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Now consider a levef-model in which each player follows one of fouragd_1, L2, L3,
or L4, with each role filled by a draw from the samédraisition.

For simplicity assume the frequencyldfis O, and that0 chooses uniformly randomly,
with Pr{In} = Pr{Out} = 1/2.

Typel g L2 L3 L4
pairings
L1 In, In In, Out In, In In, Out
L2 Out, In Out, Out Out, In Out, Out
L3 In, In In, Out In, In In, Out
L4 Out, In Out, Out Out, In Out, Out
Outcomes in Battle of the Sexes

L1s mentally simulat&Os’ random decisions and best respond, thus, avitli, choosing
In; L2s choose Out;3s choose In; and4s choose Out.
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The predicted outcome distribution is determinedh®/outcomes of the possible type
pairings and the type frequencies.

If both roles are filled from the same distributigayers have equal ex ante payoffs,
proportional to the expected coordination rate.

L3 behaves liké.1, andL4 like L2.

Lumping L1 andL3 together and letting denote their total probability, and lumpibg
andL4 together, the expected coordination ratev(d 2v).

This is maximized at = %2, where it takes the value %%.
Thus forv near %2, which is behaviorally plausible, the camation rate is near %.
For more extreme values the rate is worse, commgngi O asy — 0 or 1.

But because the equilibrium coordination ratea@{2+a)* — 0 like 14, even for
moderate values @ the levelk coordination rate is higher.
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The levelk analysis suggests a view of tacit coordinationqguatily different from the
traditional view, and illustrates the importancdhod heterogeneity of strategic thinking
the model allows.

With levelk thinking, equilibrium and selection principles swEhrisk- or payoff-
dominance (Harsanyi and Selten 1987) play no draetin players’ thinking.

Coordination, when it occurs, is an almost accideftiough statistically predictable) by-
product of the use of non-equilibrium decision sule

Even though players’ decisions are simultaneousias®@ is no communication or
observation of the other’s decision, the predi@digdterogeneity of strategic thinking
allows more sophisticated players such2sto mentally simulate the decisions of less
sophisticated players suchlaks and accommodate them, just as Stackelberg faitowe
would.

This mental simulation doesn’t work perfectly, besaar_2 is as likely to be paired
with anothelL.2 as an_1.

Neither would it work if strategic thinking were inogeneous.

But it's very surprising that it works at all.
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Camerer, Ho, and Chong (2004, Section III.C) andrigh Camerer, and Ho (2005,
Section 2.1) argue that in this context, CH moflelsetter than levek models because
they yield smooth monotonicity of entry rates agkeacapacity increases, as seen in the
data, while a levek-model implies a step function; and because CH nsad®lly
Increasingly rational expectationskascreases, unlike levédimodels which cycle
perpetually in these games.

However in most of the datasets they considerkanii their stylized CH model, there
are congestion effects that allow payoff-sensilnggt errors like those in a typical level-
k analysis smooth things as well.

Further, cycling and the limiting argument for oatality increasing witlk have little or
no relevance when k seldom goes above 3.

One question | do not consider here is whetheveal-lemodel can explain the pattern in
the data that entry rates are too high for low cdieg and too low for high capacities,
which the CH model explains by estimating a higdgérency of a randoixD type.
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6.2. Field Studies: CH Analyses of Entry Games

The same issues arise in field settings such & thtnidied using complete-information
models by Goldfarb and Yang (2009) and Goldfarb diad (2010), which both use CH
models.

These studies provide only limited comparison tdraltive models of strategic
thinking, but they are of particular interest besmthey are among the first studies of
nonequilibrium models of strategic thinking usingld data.

Goldfarb and Yang (2009) apply a complete-informr@aCH model to explain choices by
managers at 2,233 Internet Service Providers ((’5P997 whether or not to offer their
customers access through 56K (versus the stanuemd 33K) modems.

There were two possible 56K technologies: Rock®elhiconductor's K56Flex and US
Robotics’s X2. Thus an ISP manager could make éf@uo choices: (i) adopt neither
technology, (ii) adopt Rockwell’s, (iii) adopt USSBRotics’s or (iv) adopt both.

Controlling for market and ISP-specific characti#rjgGoldfarb and Yang adapted the

CH model to describe the heterogeneity in strategphistication or ability among the
SPI managers in these decisions.
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They assumed (departing from the standard spetifigahat a0 manager
maximizing profits on the assumption that he wdldomonopolist.

An L1 manager assumes that his competitors will@® AnL2 manager assumes its
competitors will be an estimated mixtureldls andL1s, and so on.

Goldfarb and Yang found significant evidence oehegieneity of strategic sophistication
among managers, with an estimatethe averag& in a CH model, of 2.67—a bit higher
than most previous estimates, but reasonable.

The CH model fits no better than an equilibriumsphwise model, but CH estimates have
Interesting and plausible implications.

Managers behaved more strategically, in the sehnisaving higher estimateks, if they
competed in larger cities, with more firms, or iankets with more educated populations.

Those managers estimated to be more strategi®@in (Eways advantageous in their CH
model) were more likely to survive through AprilGQ0

Interestingly, the estimated CH models suggestdii@rogeneity of strategic thinking,
relative to equilibrium, slowed the diffusion oftihhew 56K technology, in that more
strategic managers wdesslikely to adopt, anticipating more competition.
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Goldfarb and Xiao (2010) applied a complete-infaiioraCH model to explain
managers’ choices whether or not to enter locé&.Uelecommunications markets after
the Telecommunications Aof 1996, which allowed free competition in such keds.

They use Goldfarb and Yang’s (2009) specificatibb@®

They found that more experienced and/or betteraddananagers did better, in the
sense of entering markets with fewer competitansaverage; having better survival
rates; and having higher revenues, conditionaluowviaal.

Estimated strategic thinking goes up from 19980022
The CH model fits much better than an equilibridospmoise model in 1998, but only
slightly better in 2002, in keeping with the vielmat models like CH are well suited to

Initial responses to novel situations, but are te®mvant once players have had enough
experience to converge to equilibrium.
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7. Bank Runs: Coordination via Assurance

“A crude but simple game, related to Douglas Diadhand Philip Dybvig's 1983PE celebrated
analysis of bank runs, illustrates some of theassaovolved here. Imagine that everyone who has
invested $10 with me can expect to earn $1, asguthat | stay solvent. Suppose that if | go
bankrupt, investors who remain lose their whole i@stment, but that an investor who
withdraws today neither gains nor loses. What wgold do? Each individual judgment would
presumably depend on one's assessment of my ptsspetthis in turn depends on the collective
judgment of all of the investors.

Suppose, first, that my foreign reserves, abibityrobilize resources, and economic strength are so
limited that if any investor withdraws | will go blrupt. It would be a Nash equilibrium (indeed, a
Pareto-dominant one) for everyone to remain, bakglect) not an attainable one. Someone would
reason that someone else would decide to be caudinadi withdraw, or at least that someone would
reason that someone would reason that someone wahldraw, and so forth. This...would likely
lead to large-scale withdrawals, and | would gokipajpt. It would not be a close-run thing.
...Keynes’s beauty contest captures a similar idea.

Now suppose that my fundamental situation were sugheveryone would be paid off as long as
no more than one-third of the investors chose thdvaw. What would you do then? Again, there
are multiple equilibria: everyone should stay i€swne else does, and everyone should pull out if
everyone else does, but the more favorable eqgaild@ems much more robust.”

—Lawrence Summers (2000).
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Here Summers has in mind aiperson coordination game with Pareto-ranked dartali

In such games models that make unique predictiespitt multiple equilibria have
Important advantages, discussed below.

The traditional path to unique predictions is viadmls of equilibrium selection, in which
players first identify the set of equilibria an@t+—other refinements having no power in
coordination games—discriminate among them viadioation refinements such as
risk- or payoff-dominance (Harsanyi and Selten 3987

A popular modern analog of such refinements is€sarl and Van Damme’s (1993)
notion of “global games” (see also Morris and SI#98), which uses iterated dominance
In a stochastically perturbed version of the odjigame to derive unique predictions,
which in simple games coincide with risk-dominance.

This simple global-games view has been a tractabl&horse model of behavior in Stag
Hunt and bank runs games.

But viewed as a model of initial responses—as e to describe bank runs—its

assumptions are subject to doubt because the pedtigame is arbitrarily chosen and
because indefinite reliance on iterated dominastehaviorally questionable
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By contrast, in leveklCH models players use the same decision rulesdose their
strategies with or without multiple equilibria; ahdth equilibrium and equilibrium

selection are accidental but statistically prediletdy-products of how those rules
Interact with the game.

This makes levelk/ CH models of coordination consistent with the lagdf decisions in
other settings and behaviorally more plausible.

In symmetric coordination games the higher payoffsquilibria attract levek/CH as

well as equilibrium players, so the likely ley@CH outcome is some equilibrium, and
that equilibrium is likely to be the risk-dominaorie in simple examples, just as a global
games analysis predicts.

But a levelk/CH model predicts the likelihood of coordination faduand the forms it
may take, and in more complex games equilibriuracg®in may not follow predictions
based on risk-dominance or global games (Crawfé@b]1Costa-Gomes, Crawford, and
Iriberri 2009).

A level-k/CH analysis also highlights an issue that is not a@red in the traditional
literature, how players model the correlation dfers’ strategy choices, on which the
experimental evidence gives some guidance thattdeipam tradition.

The game Summers describes can be representepaypfh table (not a matrix!):
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Summary statistic

In Out
Representative In 1 -10
player Out 0 0
Bank Runs

The summary statistic is a measure of whether pthorequired number of investors
stays In.

In Summers’s first example, all investors must s$tako prevent the bank from
collapsing, so the summary statistic takes theevhduf and only if all (but the
representative player) stay In.

In his second example two-thirds of the invest@sdito stay In, so the summary statistic
takes the value In if and only if (adding in thenmesentative player) this is the case.

In each example there are two pure-strategy eagailitall-In” and “all-Out”.

(There Is also a mixed-strategy equilibrium in whibe probability that the summary
statistic equals In just balances the benefitei@rd Out; but this equilibrium is
behaviorally implausible.)

What will happen?
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In this example the coordination refinement of ghgominance uniquely favors the all-
In equilibrium, for any value of the populationesiz

This again seems behaviorally unlikely even forlsma

The basic idea of risk-dominance (the precise famaigon is controversial, and is fully
agreed on only in two-action games) is to choosestjuilibrium with the largest “basin
of attraction” in beliefs space.

In 2x2 symmetric two-person games, this amoungelecting the equilibrium that
results if each player best responds to a unif@maiom prior over the other’s strategies
(just asL1 does wher.0O is uniform random).

Thus for population size 2, risk-dominance favties all-Out equilibrium.

In 2x2 symmetric games for populatiorr 2, risk-dominance again favors the
equilibrium with the larger basin of attractiontaliefs space.

Assuming independence, with Summers’s payoff asfongprisk-dominance favors the
all-Out equilibrium for anyn > 2, even if only two-thirds need to stay In.

A global games analysis yields the same conclussomsk-dominance here.
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Now consider a levat-model.

In this context aih.0 in the style of Graham’s Mr. Market is behavioyallausible, but
that would require a complex discussion of marlsgicpology.

To illustrate how the model works, | assume insteahiform randonh.0.

Recall that im-person games it is also possible to define a{ewebdel in whichLO is
correlated across players instead of independent.

(Risk-dominance is usually defined assuming inddpane, but correlation is possible
there too. Correlation is irrelevant in definingyp-dominance.)

In Summers’s first example, where the summarydiatiakes the value In only when all
stay In,L1s decision is Out with independent or correldtéd

In Summers’s second example, where the summairgtgtaakes the value In when two-
thirds or more stay Iri,1s decision is still Out in either case.

In all cased.2 and higher types also stay Out, so if the frequeridy is O, the outcome
IS observationally equivalent to the all-Out edariluim.
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Now consider an example like Bank Runs in whichsihemary statistic takes the value
In whenone-thirdor more of the investors stay In.

If, say,n = 6, then given a choice of In by the represerggthayer himself, the summary
statistic will be In unless all five other playestay Out.

If LO is independent,1 assigns all others staying Out probability°&2.03.

If LO is correlatedl.1 assigns all others staying Out probability %.

In the former casd,1 and therefore all highauk types stay In, and the outcome is
observationally equivalent to the all-In equililbmu

In the latter casd,1 and therefore all highaik types stay Out, and the outcome is
observationally equivalent to the all-Out equilibm.
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In each of these symmetric coordination gamesletied-k model derives the outcome
from strategic responses to instinctive reactiorntfié game.

Unlike traditional coordination refinements, thgdek approach is easy to combine with
richer models of market psychology, vialahin the style of Mr. Market.

And because such &0 is a psychological rather than a strategic concaeigteasier to
extrapolate its specification across games, astifited below.

Again, neither equilibrium nor refinements play aoie in players’ thinking.

And coordination, when it occurs, is again an a&atdl by-product of players’ non-
equilibrium, levelk decision rules.
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Because in these symmetric coordination gandagsponses to a uniform randdu®are
in equilibrium, there is no “magic”:

The levelk model reduces to an equilibrium selection devidactvcoincides here with
risk-dominance, but need not do so in general.

In 2x2 symmetric coordination gamie$ responses to a uniform randdud also coincide
with the equilibrium selected by a global gamedyass

Selecting an equilibrium vigl responses seems empirically more promising, bedause
responses are less cognitively taxing and arettliregggested by experimental
evidence.

By contrast, a global games analysis relies onfimidigly iterated dominance in a game
with payoff uncertainty artificially grafted onttsistructure in a particular way; and the
empirical support even for finitely iterated dommca is weak.
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8. Non-Equilibrium Econometrics:
Structural Alternatives to Incomplete Models

How might the availability of structural non-egbiium models that reliably describe
Initial responses to games change the way we tinokit data?

Although some empirical applications concern gathasare dominance-solvable in
small numbers of rounds, many involve games treanat, and many others involve
games with multiple equilibria.

In games that are not sufficiently dominance-sdialnitely iterated dominance arhel
rationalizability are incomplete in that they dd specify a unique (though possibly
probabilistic) prediction conditional on the valoiethe behavioral parameters.

In games with multiple equilibria, equilibrium plasise but without refinements is
incomplete in the same general sense.

In the empirical literature, such incompletenesslieen dealt with in one of two ways:

e By accepting a theory’s set-valued restrictionthasnodel’s only implications and
testing them (fok-rationalizability—they call it “levek rationality”—in Aradillas-
Lopez and Tamer 2008; or unrefined equilibria im&uque and Komunjer 2009).

e By estimating an unrestricted probability disttion over the set of equilibria
(Bresnahan and Reiss 1991).

129



However, just as experimental results suggestatpaitibrium is too strong to be
descriptive of people’s responses to novel or cemghmes, it also suggests tkat
rationalizability and everationalizability are too weak.

Rationalizability sometimes agnostically allowsiefs that are behaviorally outlandish,
even though consistent with common knowledge obmatity.

Because CGC'’s experimental results suggest thiaetextent that people resp&et
rationalizability, they do so not because they ganffinitely iterated dominance leading
to a set ok-rationalizable decisions, but because they foldolvelk decision rule that
selects a specific such decision, it seems behalyjiaratural to replack-rationalizability
(and equilibrium) by a structural levelmodel that has the advantage of being complete.

In settings where this can be done without risldagous misspecification, it seems
likely to yield significantly more useful econometmodels.
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Aradillas-Lopez and Tamer (2008) provide some mxtievidence on the potential
benefits of structural non-equilibrium models bymaring the identification powers of
equilibrium andk-rationalizability in two-person entry games withou with privately
observed payoff perturbations; and in first-pricetsons with incomplete information
and independent private values.

In entry games attention centers on identificainod estimation of payoff parameters,
which are normally unobservable in the field.

In auctions attention centers on identification astimation of bidders’ value
distributions, which are again normally unobsereahblthe field.

The standard approach assumes equilibrium and sthatvihe parameters of interest are
identified (parametrically or nonparametrically).

Aradillas-Lopez and Tamer show that weakening dajuuim to k-rationalizability

Implies weaker identifying restrictions—sometimegam weaker, for low values &
and that individualsk's are not fully identified.
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In entry games, 1-rationalizability only slightlgstricts the payoff parameters:
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Figure 3. Ideniification set under Nash and 1-level rationality. Shown the identified repions for (@), az) under k = | rationality (&) gnd
Mazh {h). Weset in the underlving modal (o), @2) = (=3, =_3), The modal was simularad assuming Nash with (i, 1) selected with probahility
ana in regions of multiplicity. Nota that in {a), the model only places upper bounds an the alphas, whareas in (b) (@, @2} 2re constrainad to lia
a much amaller se1 (the inner “circla®).

Aradillas-Lopez and Tamer’s Figure 3
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In first-price auctions Aradillas-Lopez and Tameten(following Battigalli and
Siniscalchi 2003) thdt-rationalizability implies only a weak upper bouml bids, which
shrinks withk but for anyk allows bids both above and below equilibrium; with
correspondingly weak bounds on value distributions.

Benjamin Gillen, “Identification and Estimation bévelk Auctions” provides additional
evidence on the benefits of structural non-equiilarmodels.

He shows that in a levé&lmodel (based on Crawford and Iriberri’'s 2G@@del), under a
reasonable (but not completely unrestrictive) agdion on the separation of different
types’ bidding functions, with variation in the nber of bidders the value distributions
and individual biddersks are identified, parametrically or nonparametlycal

The difference arises because Gillen’s ldvatodel completes Aradillas-Lopez and

Tamer’sk-rationalizability model, which with enough datakea it possible to estimate
the levelk model’s additional structural parameters with biddealue distributions.

133



CGC (footnote 42, p. 1766) makes a similar poird ohfferent way.

CGC note that in their maximum likelihood estimatmf a model of subjects’ guesses
and searches for hidden payoff information, thesgumart of the log-likelihood is nearly
six times larger than the search part.

This occurs because their theory of subjects’ dmtssmakes very precise predictions of
a subject’s decisions, conditional on his type.

By contrast, CGC'’s theory of cognition and searapases (via filters described in the
paper) only weak, set-valued restrictions on aestily searches, conditional on his type:

Although CGC'’s theory of decisions is completejithieeory of search is incomplete.

As a result, the search restrictions are much riagly than the decision restrictions to
be satisfied by chance, which causes the disparltigelihood weights.
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Turning to games with multiple equilibria, the fodeen that assuming rationalizability or
estimating an unrestricted probability distributmver the set of equilibria can yield
severe overfitting and/or very weak tests.

Costa-Gomes, Crawford, and Iriberri (2009) addteississue for Van Huyck, Battalio,
and Belil's (1990, 1991) coordination games, in \wlaay of the seven pure strategies Is
both rationalizable and consistent with one ofg@een pure-strategy equilibria.

Using VHBB'’s data to estimate an unrestricted pbiliig distribution over equilibria
yields good fits, but it also yields estimates Weaty incoherently across games and don’t
inspire confidence for beyond-sample prediction.

CGClcomplete equilibrium plus noise by adding coordoratefinements risk- or
payoff-dominance (in turn), to put it on a more @&dooting with LORE, levek, CH,
and NI models, which are already complete.
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9. Yushchenko and Lake Wobegon:
Non-neutral Framing in Outguessing Games

“Any government wanting to kill an opponent...woulotry it at a meeting with
government officials.”

—comment, quoted in Chivers (2004), on the poispiihUkrainian
presidential candidate—now ex-president—Viktor Yalsmko.

“...In Lake Wobegon, the correct answer is usually

—Garrison Keilllor (1997) on multiple-choice testgi¢ted in Attali and Bar-
Hillel 2003)
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Both quotations refer to simultaneous-move zero-suoaperson games with unique
mixed-strategy equilibria.

In the first, the players are a government assasginsing one of several dinners at
which to try to poison Yuschenko, only one of whishwvith officials of the government
suspected of wanting to poison him; and an invastigwho has the resources to check
only one of the dinners.

In the second, the players are a test designedidgoihere to hide the correct answer
and a clueless test-taker trying to guess the dpigiace.

Although there is nothing as uniquely salient asdimner with government officials,
psychologists think that with four possible answbéh the a and d end locations and
location ¢ are inherently salient (with the junjl stut on which is more salient; see
Christenfeld 1995 and Rubinstein, Tversky, and éfelB96).
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In each case the key issue is how players redcnung of decisions that is non-neutral
but does not directly affect payoffs.

Equilibrium in zero-sum two-person games leavesoom for such framing to affect
outcomes, but people often react to it anyway.

The thinking reflected by the quotations is plaisisategic, but non-equilibrium:
To the first, for example, any game theorist wdnthsalt would respond, “If that's what

people think, a meeting with government officim®kactly wheré would try to poison
Yushchenko.”

We will see that the quotation can be understoathsught process in which a player
anchors his beliefs in an instinctive reactionh® $alience of the dinner with government
officials and then iterates best responses a smaiber of times.
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Consider Rubinstein, Tversky, and Heller's 19938d,91998-99 (“RTH") experiments
with zero-sum, two-person “hide-and-seek” games wan-neutral framing of locations,
analyzed by Crawford and Iriberri (2007b).

A typical seeker’s instructions (a hider’s instians are analogous):

Your opponent has hidden a prize in one of foueb@{ranged in a row. The boxes are
marked as shown below: A, B, A, A. Your goal ispafse, to find the prize. His goal is
that you will not find it. You are allowed to opemnly one box. Which box are you going
to open?

A || B A|A
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RTH’s framing of the hide-and-seek game is non+adunt two ways:

e The ‘B” location is distinguished by its label.

e The two ‘end A locations may be inherently focal.

This gives the €entral A location its own brand of uniqueness as the tisaient”
location.

Mathematically this “negative” uniqueness is analegjto the “positive” uniqueness of
(11 BH.

However, Crawford and Iriberri’'s analysis shows ilepsychological effects are
completely different.
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RTH’s design is important as a tractable abstramehof a non-neutral cultural or
geographic frame, or “landscape.”

Hide-and-seek games are often played on such lapdsceven though traditional game
theory rules out any influence of the landscapédiy

This is well illustrated by the Yuschenko and L&Kebegon quotations.

Yuschenko’s meeting with government officials iakgous to RTH’s B, although In
that example there’s nothing like RTH’s end locasio

With four possible choices arrayed left to righthe zero-sum game between a test
designer deciding where to hide the correct answdra clueless test-taker trying to
guess where it is, the Lake Wobegon example iselese to RTH’s design.
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RTH’s hide-and-seek game has a clear equilibriuadiption, which leaves no room for
framing to systematically influence the outcome.

The traditional theory of zero-sum two-person garmeele strongpoint of
noncooperative game theory, where the argumenf@dgmg equilibrium strategies are
Immune to most of the usual counterarguments.

Yet framing has a strong and systematic effectihR experiments, qualitatively the
same around the world, witentral A(or its analogs in other treatments, as explained |
the paper) most prevalent for hiders (37% in thgp@gpate) and even more prevalent for
seekers (46%).

In this game any strategy, pure or mixed, is a t@gionse to equilibrium beliefs. Thus
one might argue that deviations do not violatethie®ry.
However, systematic deviations of aggregate chioezpiencies from equilibrium

probabilities must (with very high probability) hkea cause that is partly common across
players. They are therefore symptomatic of systendatviations from equilibrium.
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TasLle | —AGGREGATE CHoicE FreqQuescies in RTH's TREATMENTS

RTH-4
Hider (53; p = 0,0026)
Seeker (62; p = 0,0003)

RT-AABA-Treasure
Hider (189; p = {'?,D{!*E*E}
Secker (B5:p = 9E-07)

RT-AABA-Mine
Hider (132;p = ﬁ,ﬂﬁl?}
Seeker(73; p = 0,0523)

RT-1234—Treasure
Hider ( 187, p= 0.0036)
Seeker (84; p = 3E-05)

RT-1234—Mine
Hider (133; p = 6E-06)
Secker (72; p = 0,149)

R-ABAA
Hider (30; p = 0,0186)
Seeker (64; p = 9E-07)

A

Y percent
|3 percent

A
22 percent

|3 percent

A
24 percent

29 percent

|
25 percent

20 percent

|
I8 percent

19 percent

A
I6 percent

I6 percent

B

36 percent
31 percent

A
33 percent

51 percent

A
39 percent

36 percent

2
22 percent

I8 percent

2
20 percent

23 percent

B
|8 percent

19 percent

A
40} percent
43 percent

B
19 percent

21 percent

B
|8 percent

14 percent

3
36 percent

48 percent

3
44 percent

36 parcent
A

44 percent

34 percent

A

|5 percent
Il percent

A
25 percent
IS5 percent

A
|8 percent
22 percent

4
|8 percent

|4 percent

4
|7 percent

19 percent

A
22 percent
|1 percent

Notes: Sample sizes and palues for significant differences from equilibrium in parentheses: salient labels in italics; order
of presentation of locations to subjects as shown,
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RTH took the main patterns in their data as evideahat their subjects did not think
strategically:

e “The finding that both choosers and guessers ®eldhe least salient alternative
suggests little or no strategic thinking.”

e “In the competitive games, however, the playerpleged a naive strategy (avoiding
the endpoints), that is not guided by valid strategasoning. In particular, the
hiders in this experiment either did not expect tha seekers too, will tend to avoid
the endpoints, or else did not appreciate theegfiatonsequences of this
expectation.”

But strategic thinking need not be equilibrium #ing.
Crawford and Iriberri’'s analysis suggests that R3 Blibjects were actually more than
usually sophisticated (with mahyBs and even somniels, even though in most settings

L1s andL2s are more common)—they just didn’t follow equiiibm logic.

Their analysis suggests that the Yushchenko gootatmply reflects the reasoning of an
L1 poisoner, or equivalently of dr? investigator reasoning about bh poisoner.
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RTH’s results raise several puzzles:

e Hiders’ and seekers’ responses are unlikely todmepletely non-strategic in such
simple games. So if they aren’t following equilibn logic, what are they doing?

e On average hiders are as smart as seekers, $o tadwted to hide inentral Ashould
realize that seekers will be just as tempted t& there. Why do hiders allow
seekers to find them 32% of the time when theyabold it down to 25% via the
equilibrium mixed strategy?

e Further, why do seekers choasmtral A(or its analogs) even more often (46% In
Table 3 below) than hiders (37%)?

Although the payoff structure of RTH’s game is asyatric, QRE ignores labeling and
(logit or not) coincides with equilibrium in the m&, and so also does not help to explain
the asymmetry of choice distributions.
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The role asymmetry in subjects’ behavior and how linked to the game’s payoff
asymmetry points strongly in the direction of ade’'CH model, and is a mystery from
the viewpoint of other theories | am aware of.

In constructing such a model, definib@ as uniform random would be unnatural, given
the non-neutral framing of decisions and th@tlescribes others’ instinctive responses.
It would also maké.k the same aBquilibriumfor k> 0.

But a levelk model with a role-independeh® that probabilistically favors salient
locations yields a simple explanation of RTH’s iiesu

Assume that 0 hiders and seekers both choose A, B, A, A wittbphbalitiesp/2, g, 1-p
— @, p/2 respectively, witlp > 2 andg > Ya.

LO favors both the end locations and the B locatigna#y for hiders and seekers, but
the model lets the data decide which is more dalien
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For behaviorally plausible type distributions (asited 0%4.0, 19%L1, 32%L2, 24%
L3, 25%L4—almost hump-shaped), a leveinodel gracefully explains the major
patterns in RTH’s data, the prevalenceetral Afor hiders and its even greater
prevalence for seekers:

e GivenLO's attraction to salient locationis] hiders chooseentral Ato avoidLO
seekers antl seekers avoidentral Asearching fot.0 hiders (the data suggest that
end locations are more salient than B).

e For similar reason4,2 hiders chooseentral Awith probability between 0 and 1
(breaking payoff ties randomly) ah@ seekers choose it with probability 1.

e L3 hiders avoictcentral AandL3 seekers choose it with probability between ze an
one (breaking payoff ties randomly).

e L4 hiders and seekers both avoehtral A
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TABLE 2—TYPES" EXPECTED PAYOFFS AND CHOICE PROBABILITIES IN RTH'S GAMES WHEN p = 1/2 AND g = 1/4

Expected Choice Expected Choice Expected Choice Expected Choice
Hider payoff probability payoff probability Seeker pavoff  probability payoff  probability
p=<2g p =< 2q p>2q P> 2g p=<2lg p<2g p>2q p>2q
Ld (Pr. r) Lo (Pr,r)
B - d — o B - o — :i'
A - | —p—q - l—p—gq | & - l1—p—gq - 1—p—g
ET (Pr. 5) Li{Pr.5)
A 1 —pé2 = 344 0 | = o2 = 344 0 A P2 14 0 2=l 1LA2
B l —g = 3/4 0 l =g =34 0 B g >= 14 1 g = /4 o
A p+ g>=34 ! p+g>=34 1 A l—p—g = 144 0 l—p—g = 1/4 o
A | — 2 = 374 L) | =2 = 34 0 A P2 14 0 =l 1,2
L2 (Pr, 1} L2 (Pr; 1)
A 1 143 142 L] A 0 0 a L8]
B 0 o 1 1/2 B 0 0 4] L]
A 1 143 1 172 A 1 1 1 1
A 1 143 172 0 A 0 L8] o o
L3(Pr, u) I3 (Pr, u)
A 1 /3 1 143 A 1/3 143 0 a
B 1 143 1 1/3 B 0 0 172 1/2
A 0 ¥ o 0 A 1.3 /3 1.2 1,2
A 1 i3 1 13 A 1/3 173 a 0
L4 (Pr. v) LA (Pr, v)
A 3 O 1 1.2 A 1/3 '3 1/3 1/3
B 1 1 1/2 0 B 1/3 '3 S 1/3
A o | (] 152 0 A 0 (i 0 ]
A 2/3 0 1 12 A 1/3 13 1/3 1/3
Total P=2g P >=2g Total P=2g P=2g
A r 21— ) [ 3 +u3] rpf 24 (I—e ) [/ 3+492] A 21— e} w3 +w3] rpd 24 (1—g) [s 2 +5/3]
+il—riest +(l—rjest i l—rjes [ l—rieM4
rg+ (I—e)[w3+v] g+ (l—e)[t/2+w'3] B ry+ (I—e)[s+v/3 rg+(1l—e) w2+ w3
~il—rig/t i l—riEt =(l—rleMt +H{l—rlie/t
A ril—p—g )+ 1—e s +r3] ril—p—g il —e)[s=r2 A ril—p—gi+i{l—elr+w3d  ril—p—gi+il—s)[r w2
+il—rieit +({1—r)e't =il—riet +{l—rleHd
A rpf 2 (1 —e ) [ 3Fu/3 ] rpd 2+ (1—e w32 A 2 I— e ) [wf 3+ 3] rpf 2+ (1 — e} [s2+w3]
+il—rie4t +il—riet +{l—riest 1 —rlieit




TaBLe 3—PapameTeER ESTIMATES AND LiKELIHOODS FOR THE LEADING MoODELS 1N RTH's GAMES

Model LnL Parameter estimates Observed or predicted choice frequencies MSE
Player A B A A

Observed frequencies H 00,2163 02115  0.3634 02067

(624 hiders, 560 seekers ) 3 (L1821 0,2054 04389 (1336

Equilibrium without —1641 4 H 00,2500 02500 02500  0.2500 (1.00970
perturbations 5 00,2500 0.2500 02500 02500 ™

Equilibrium with —1568.5 gy=gs =,2187 H 0. 1897 0,2085 04122 01897
restricted perturbations = fo = 0,2010 S 01897 02085 04122 01897 UD.00UR4

Equilibrium with —15624 ey =0,2910,f, = 10,2535 H 02115 02115 03654 02115 0.00006
unrestricted perturbations . =10,1539, f, = 0,1539 R 01679 02054 04590 01679 ™

Level-k witha —15644 p>12andg>1M,p>2g, H 02052 02408 (03488 02052 ;0o
rle-symmetric r=10,5=101896,t=103185, § U1rr2 02047 04408 Q1772 T
L0 that favors salience u=102446y=02473. e =1

Lavel<k with a roles —15363.8 Py 1/2and g, < 174, H 02117 02117 03648 02117 0.00017
asymmetric Lo that favors pe=1/2and g; > 1/4, 5 (0, 1800 01800 04600 01800 &
salience for seekers r=10.5=0661=10734,
and avouds it for hiders e=072; u =v= 0 imposed

Level-k with 4 —15625 p<l2andg<li4,p<lg, H 02133 02012 03623 0233 .00
role-symmetric r=0,5=03030,r=00044, § 01670 02111 04549 01670

Lo that avoids salience u=0354,v=01826,g =10

Crawford and Iriberri’'s Table 3
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Note that only a heterogeneous population with suibisl frequencies df2 andL3 as
well asL1 (estimated 0%.0, 19%L1, 32%L2, 24%L3, 25%L4) can reproduce the

aggregate patterns in the data.

(Even though there is a nonnegligible estimategueacy ofL4s, they don’t really
matter here because they never chaesdral A(Table 2 above), hence they are not
implicated in the major aggregate patterns.

For the same reason, their frequency is not weltified in the estimation.)

For example, Crawford and Iriberri estimate (Tabkbove, row 5) that the salience of
an end location is greater than the salience oBtfpe> 20).

Given this, a 50-50 mix dfls andL2s in both player roles would imply (Table 2 above,

right-most columns in each panel) 75% of hidersdmly 50% of seekers choosing
central A in contrast to the 37% of hiders and 46% of sexeldo did chooseentral A
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In Crawford and Iriberri’'s analysis of RTH’s dathe role asymmetry in aggregate
behavior follows naturally from the asymmetry of ipame’s payoff structure, via hiders
and seekers’ asymmetric responses(s role-symmetriachoices.

Allowing LO to vary across roles as in Bacharach and StabDj2@lthough it yields a
small improvement in fit (Table 3), would beg theegtion of why subjects’ responses
were Sso role-asymmetric.

Crawford and Iriberri’s analysis, discussed belalsp suggests that allowinhg to vary
across roles leads to overfitting.
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Aside: Evaluating the model’s explanation: Overfiting and portability

Although prior intuitions about the likely hump gigaand location of the type
distribution impose some discipline in specifyintpaelk model, the freedom to specify
LO leaves room for doubts about overfitting and gmlits, the extent to which a model

estimated from responses to one game can be egtém@eedict or explain responses to
different games.

To see if the proposed leviekexplanation of RTH’s results is more than a “just-story,
Crawford and Iriberri compared it on the overfigtiand portability dimensions with the
leading alternatives:

e Equilibrium with intuitive payoff perturbationsgkence lowers hiders’ payoffs, other
things equal; while salience raises seekers’ gayof

e LORE with similarly intuitive payoff perturbations

e Alternative levelk specifications (for example, with role-asymmetritor anL0 that
avoids salience, as in Table 3).
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Crawford and Iriberri tested for overfitting by estimating each model separately for
each of RTH’s six treatments and using the re-edgthmodels to “predict” the choice
frequencies of the other treatments.

Their favored levek model, with a role-symmetricO that favors salience, has a modest
prediction advantage over equilibrium and LQRE vpénturbations models, with mean
squared prediction error 18% lower and better ptaxis in 20 of 30 comparisons.

LQRE with payoff perturbations (in different casegher gets the patterns in the data
gualitatively wrong or estimates an infinite premmsand thereby turns itself back into an
equilibrium model (Crawford and Iriberri’'s onlingppendix).
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A more challenging test regards portability.

Crawford and Iriberri tested for portability by ngithe leading alternative models,
estimated from RTH’s data, to “predict” subjectstial responses in the two closest
relatives of RTH’s games in the literature:

e O'Nelll's 1987PNASfamous card-matching game, and
e Rapoport and Boebel's 199EB closely related game.

These games both raise the same kinds of stragsgies as RTH’s games, but with more
complex patterns of wins and losses, different ingnand in the latter case five
locations.

| focus here on Crawford and Iriberri’s analysi<iBNeill's game.
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In O’Neill’'s card-matching game, players simultangly and independently choose one
of four cards: A, 2, 3, J.

One player, say the row player—but the game wasepted to subjects as a story, not a
matrix—wins if there is a match on J or a mismaiohA, 2, or 3; the other player wins in
the other cases.

A 2 3 J

1 0 0 1
Ao 1 1 0

, 0 1 0 1
1 0 1 0

. 0 0 1 1
1 1 0 0

, 1 1 1 0
0 0 0 1

O’Neill's card-matching game
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O’Nelll's game is like a hide-and-seek game, extlkat each player is a hider (h) for
some locations and a seeker (s) for others.

A, 2, and 3 are strategically symmetric, and eguum (without payoff perturbations)
has Pr{A} = Pr{2} = Pr{3} = 0.2, Pr{J} = 0.4.

A (s) 2 (s) 3 (s) J (h)
A 1 0 0 1
(h) |0 1 1 0
2 0 1 0 1
(h) |1 0 1 0
3 0 0 1 1
(h) |1 1 0 0
J 1 1 1 0
(s) |0 0 0 1

O’Nelll's card-matching game
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The portability test directly addresses the isdughether levek models allow the
modeler too much flexibility.

With regard to the flexibility o0, first consider how to adapt our “psychological”
specification o0 from RTH’s to O’Neill’'s game.

“Anyone” should agree on the right kind lod:

e A and J, “face” cards and end locations, are mahent than 2 and 3, but the
specification should allow either A or J to be mealient.

That the RTH estimates suggested that their eratitots are more salient than e
label doeshot dictate whether A or J is more salient, thouglors reinforce that they are
both more salient than 2 and 3.

This is a psychological issue, but because it idy'oa psychological issue, it is easy to
gather evidence on it from different settings, andh evidence is more likely to yield
convergence than if it were partly a strategicessu

Further, because all that matters aldduis what it make&1s do in each role, the
remaining freedom to choo&® allows only two models.
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With regard to the flexibility of the type frequees, empirically plausible frequencies
often imply severe limits on what decision pattesrisvelk model can generate.

Discussions of O’Neill’s data (which we did not leavefore we carried out the analysis),
had been dominated by an “Ace effect”™

Aggregated over all 105 rounds, row and columnegiiaplayed A with frequencies
22.0% and 22.6%, significantly above the equilibriR0%.

O’Neill speculated that this was because “...playezse attracted by the powerful
connotations of an Ace”.
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Yet no behaviorally plausible levklmodel can make a row player play A more than the
equilibrium 20%.

Crawford and Iriberri’'s 2007b, online appendix TebA3 and A4 show that, excluding
LOs as normally having 0 estimated frequencies astticBng attention to row players
(Player 1s), when A is more salienf 3a < 1) onlyL4 chooses A, and that with
probability at most 1/3 (Table A3); and when Aasg salient (3-a > 1) onlyL3
chooses A, and that with probability at most 1/84[€ A4).

This is logically possible, but in the first cas&ould require a population of 60% or
morelL4s, and in the second case it would require 60%arei3s.)

Thus, despite the flexibility of the estimated tybstribution, the levek model’'s
structure and the principles that guide the speatifon ofLO imply a strong restriction:
that row players play A less than the equilibriudga
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Speculating that O’Neill’s subjectsiitial responses must not have had an Ace effect, we
got the data and found that there was in fact n® &tect for initial responses.

Instead there was a Joker effect, a full order afjntude stronger, in which row players
played J 56% of the time and column players plaiy6d% of the time.

Unlike the putative Ace effect, the Joker effeatl #ime other observed frequencotas be
gracefully explained by a lev&lmodel with arL0O that probabilistically favors the salient
A and J cards, in the spirit of Crawford and Iridsranalysis of RTH’s data.

Equilibrium or LOQRE with payoff perturbations arelvdefined for O’Neill’'s game, but
they both fit significantly worse than our favoregelk model.

Our analysis traces the superior portability oflthelk model to the fact thdtO is
psychological rather than strategic, and thatlitaised on simple and universal intuition
and evidence.

If LO were strategic, it would interact with the strategjructure in new ways in each
new game, and seldom could one extrapolate a gmh from one game to another.

Thus, the definition o0 as an instinctive, nonstrategic response is maieah
convenient cognitive categorization: It is crud@l portability.
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Table A3, Tvpes® Expected Pavoils and Choice Probabilities in O°Neill's Game when 37 - a=< 1

Plaver | Exp. Pavofl Cholee Pr. Exp, Pavoff Chioice Pr, Plaver 2 Exp. Pavoffl Choice Pr.  Exp. Pavefl Chiolce Pr.
A=+ 2f< 1 g I ] a+ 2f > 1 a+2f>1 a I ] as I ] a+ 3> 1 a2

L (Pr. R} L (Pr.r)

A - a - A A - a - g

2 - [ -gr-f 2 - {1-a-f 2 1 - { 132 - {1-u-f)2

3 - { 1-a- )2 - [ 1-a=f 2 3 - { b-a1-f )2 - (1-z-fp' 2

) - f - of J - i - i
LT{Pr. s) Ll (Pr s)

A [-a-f {4 - 0 A =+ 0 =y 1

2 {1+a-f W2 12 (1 +a-fi2 1/2 2 {1-ar+f W2 0 { 1-ar+ W2 0

3 {1+ W2 172 {1 +a-r)2 | e 3 { 1=t W i {F-urt )2 0

d J 0 F { i i-f I -1 0
L2 (Pr. 1) L2(Pr.1)

A { { L 0 A 0 0 { 0

2 { { 1 | e 2 ¥ i 172 H

3 0 0 1 12 3 ¥ o 12 i

J | 1 1] 0 J l | ] |
L3 (Pr.u) L3 (Pr. u)

A { { L 0 A 1 1/3 { o

2 0 0 L 0 2 ! 173 1/2 i

3 Ll 1. 0 1 3 ] 1/3 172 o

J ] ] 1 | J 0 0 ] |
L4 (Pr.v) Ld (Pr.v)

A 2i 3 1/3 L H 0 A ! 173 ] 173

2 243 1/3 0 ] 2 1 1/3 ] 13

3 23 1/3 0 i 3 ] 143 l 173

J { { 1 1 J { O 0 H

Total g+2f = 1 a+2i= 1 Tuotal a+2f < a+3f = |

A ra+{1-£)[W3I] + (1-r) &4 o [ L-r) sl A ra+([-g} [wF+w 3]+ (1-ryad ra( 1-8) [s4v/F]+ (1-ryad
2 A(l-af )2+ (1-5) &3+ 3 ]+ (lrpad r{loa-f )i (1) [$2+0 T+ (-rjadd | 2 All-afl 3 1-g) [wF+wd]=+ (l-rpad Alafy I=+(1-g) [W3]+ (1-r} &
3 Al I ) [8 3w 3] (Ir) & (g T (1) [ 2402 ]+ {1-F)e'd | 3 Al-ag 3 18) 3w 3]+ (-rpad r{l-a-fy 2+ 1-g) [W3]+ (I-r) &4
J Ry+{1-g} [t+u]+ (1-r} & Fit( 1-g) [ ]+ (1-r) &4 J rit{ -8} [s=t]+ (1-r} & Fit{ &) [T+u]+ (1-r) &
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Table Ad. Tvpes® Expected Pavoffs and Cholee Probabilities in O'Nelll’s Game when 3f —a > |

| Plaver 1| Exp. Pavodl | Choice Pr. Plaver 2| Exp. Pavoll | C hioice Pr.
Lit (Pr. R} Li(Pr.r)
A - g A - a
2 - [1-a-f¥2 3 - [ 1-a-fii2
3 - (l-a-¥2 3 - [ 1-aa-fk2
J - i o - i
LI{Pr.5) LT (Pr 5}
A [ L A a+f |
2 (1+a-f)/2 i1 2 (1-r=+flZ H
3 [ L+a-f)2 {1 3 (1-a+il2 H
Jd J i J I 0
L2(Pr. T) L2 (Pr. 1)
A 0 I A 1 I3
2 l 172 - 1 13
3 i /2 3 I 173
J i i o 0 0
LI (Pr. L} LI(Pr. w)
A 2/3 13 A h] 0
2 23 173 2 12 0
3 213 173 3 12 0
J 0 [} o I 1
L4 (Pr. V) Lg (Pr. v}
4, i 0 A 13 0
2 L L 3 13 0
3 I [ 3 13 H
I l 1 o 1 1
Total Total
A Ra=+{1-&)[w3]+ (1-ryad A rat{ -} [s+ 3]+ (1-r) &4
P Al L-ar-f e 2o g Yo 23]+ (1 -r) 84 3 A L-a- 2+ 1-g}[t/ 3] = (1-r}a'd
3 R L-a-fp F+{1-g}[t T+ wI]+ {L-r} &7 3 A -2 - T ]+ (1-r) &'d
J Ri 4+ sl s+v]+ {1-) &4 J riH I -au+v]+ {i-r) &
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We speculated, based on the lelketodel's success in RTH’s and other games, that
O’Neill's subjects’initial responses must not have had an Ace effect.

There was in fact no Ace effect for initial respess

Instead there was a Joker effect, a full order afjnitude stronger (but to our knowledge
never before mentioned in the literature):

e 8% A, 24% 2, 12% 3, 56% J for rows, and
e 16% A, 12% 2, 8% 3, 64% J for columns.

(An order of magnitude stronger because (56 - 48N% (64 - 40)% are respectively
roughly ten times larger than (22 - 20)% and (2206)%.)

Moreover, unlike the putative Ace effect, the Jod#ect and the other observed
frequenciexanbe gracefully explained by a levemodel with an Obama-McCaltD
that probabilistically favors the salient A andalds.

The analysis also suggests that the Ace effettdrimme-aggregated data was an
accidental by-product of how subjects learnedafictlience at all.
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TasrLe 5—Comparison OF THE LEaping MopeELs ix O'NewL's GaMme

Model Parameter estimates  Observed or predicted choice frequencies MSE
Player A 2 3 ]

Observed frequencies | 0.0800 02400 0.1200 05600 -
(25 Player Is, 25 Player 2s) 2 01600 01200 00800 06400 -
Equilibrium without | 0,2000 0,2000 02000 04000 00120

perturbations 2 02000 02000 02000 04000 00200
Level-k with a role-symmetric a> l/dandj>1/4 l 0,0824 01772 01772 0,5631 0.0018

L0 that favors salisnce Y—a<l,a+2i<| 2 01640 01640 01640 05081 0.0066
Level-k with a role-symmetric a> l/Mdandj>1/4 | 0.0000 02541 02541 04919 0,0073

L0 that favors salience d—a<l,a+ 2> 2 0.2720 00824 0,0824 0.5631 0.0050
Level-k with a role-symmetric a<|/Mandj<1/4 | 0.4245 01807 01807 02142 0,0614

L0 that avoids salience 2 0.1670 01807 01807 04717 0.0105
Level-k with a role-asymmetric L0 that a; < L4, j, > 1/4;

favors salience for locations for which as> 14,7, < 1/4 I 01804 02729 02729 02739 0.0291

player is aseeker and avoids it for locations Y—a <, 2 01804 01804 01804 04589 00117

for which player is a hider

a4 <L +jp>1

Crawford and Iriberri’'s Table 5
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Equilibrium or LOQRE with perturbations are well-aefd for O’Nelll's game, but they
both fit significantly worse than our favored lexkaiodel.

As explained in the paper, equilibrium or LOQRE wpirturbations are not even well-
defined for Rapoport and Boebel's game.

A level-k model is well-defined, and explains some but bynaans all of the patterns in
Rapoport and Boebel's data.

Importantly, Crawford and Iriberri’'s analysis trad@e superior portability of the levkl-
model to the fact thatO is psychological rather than strategic, and thigtbased on
simple and universal intuition and evidence.

If LO were strategic, it would interact with the strategjructure in new ways in each
new game, and it would be a rare event when onlel @trapolate a specification from
one game to another as Crawford and Iriberri ddfRTH’s games to O’Nelll’s.

Thus, the definition olL0 as an instinctive, nonstrategic response is maeah
convenient cognitive categorization: it is impottéor portability.

End of aside
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10. Mr. Schelling Goes to Chicago:
Coordination via Payoff Asymmetries and Non-neutralFraming

Perhaps the most famous examples of framing efie@sonomics are Schelling’s
(1960) classic “meeting in New York City” experimgsn

Crawford, Gneezy, and Rottenstreich (2008) paitdxlests to play games with non-
neutral decision labels like Schelling’s, but exdep a game with the payoff symmetry
of Schelling’s games, they used payoff-asymmetaings like Battle of the Sexes.

In unpaid Chicago pilots, they used naturally ooogrlabels, pitting the world-famous
Sears (now Willis”!) Tower against the little-knowdT &T Building across the street.
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Framing the game: the Sears Tower, with the AT&T Bilding on its left
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The salience of Sears Tower makes it easy and ab¥ow subjects to coordinate on the
“both-Sears” equilibrium; and almost all do thigie symmetric version of the game.

Since Schelling’s experiments with symmetric garpesple have assumed that slight
payoff asymmetry would not interfere with this.

As we suspected, although the pilot results ref@at&chelling’s in the symmetric game,
there was a substantial decline in coordinatioih witen slight payoff asymmetry.
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P2 (90% Sears)

Sears AT&T
Sears| 100,100, 0,0
0 ’ ’
P1 (90% Sears) AT&T 0.0 100,100
Symmetric
P2 (58% Sears)
Sears AT&T
Sears| 100,101 0,0
0 ’ ’
Pl (61% Sears)AT&T 0.0 101,100

Slight Asymmetry

Sears

P1 (50% Sears) ATET

P2 (47% Sears)

Sears AT&T
100,110, 0,0
0,0 | 110,100

Moderate Asymmetry
Chicago Skyscrapers
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What's going on?

Even with slight payoff asymmetry, the game poseeva strategic problem because
both-Sears is one player’s favorite way to coor@difmut not the other player’s.

Just as in a society of men and women playing &aftthe Sexes, in which Ballet is
more salient than Fights, there is a tension betvlee “label salience” of Sears and the
“payoff-salience” of a player’s favorite way to edmate:

Payoff salience reinforces label salience in olagga role (P2s) but opposes it for
players in the other (P1s).

This tension may lead players to respond asymnadliriavhich in this game is bad for
coordination.
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To investigate the reasons for the decline in doattbn, we conducted more formal,
paid treatments using abstract decision labelsngiX against Y, with X presumed (and
shown) to be more salient than Y.

Like the salience of Sears Tower, the saliencb®i label makes it obvious for subjects
to coordinate on the “both-X” equilibrium; and thagain do this in the symmetric
version of the game.

But with payoff asymmetry there is again a tenfietween the “label salience” of X and
the “payoff-salience” of a player’s favorite waydoordinate:

Payoff salience again reinforces label saliencé’fts but opposes it for P1s.

This tension again had a large and surprising effec
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P2 (76% X)

X Y
X1 55 | 00
0 1 1
P1 (76% X) vy 00 55
Symmetric

P1 (78%X) é

Slight Asymmetry

P1 (33% X) é

P2 (28% X)

X Y
5,5.1| 0,0
0,0 | 515

P2 (61%X)

X Y
56 | 00
0,0 6,5

Moderate Asymmetry

X

P1(36%X) &

Large Asymmetry

P2 (60%X)

X Y
5,10 0,0
0,0 | 10,5

X-Y Treatments
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Even tiny payoff asymmetries caused a large drdparexpected coordination rate, from
64% (0.64 = 0.76%0.76 + 0.24%0.24) in the symmeafame to 38%, 46%, and 47% in
the asymmetric games.

Perhaps more surprisingly (and unlike in the ungéhecago Skyscrapers treatment), the
pattern of miscoordination reversed as asymme#meas progressed from small to large
payoff differences:

With slightly asymmetric payoffs, most subjectdoth roles favored their partners’
payoff-salient decisions.

But with moderate or large asymmetries, most sibjeacboth roles switched to favoring
their own payoff-salient decisions.

There are two things to explain here:

Why didn’t subjects in the asymmetric games igribespayoff asymmetry, which cannot
be used to break the symmetry as required for aoatidn, and use the salience of Sears
Tower to coordinate?

Why did the pattern of miscoordination reversengsasymmetric games progressed
from small to large payoff differences?

173



Standard notions such as equilibrium plus noisk vatinements and QRE ignore
labeling, and so cannot help.

A level-k model can gracefully explain the patteimghe data, but again it's important to
have arLO that realistically describes people’s beliefs dlmibers’ instinctive reactions
to the tension between label- and payoff- salidhaeseems to drive the results.

Assume thak0 is the same in both player roles, and that itaadp instinctively to both
label and payoff salience; but with a “payoffs bt favors payoff over label salience,
other things equal:

In symmetric gamek0 chooses X with some probability greater than 4.

And in any asymmetric game, (for simplicity onlyh&ther or not label-salience opposes
payoff-saliencel .0 chooses its payoff-salient decision with probapi > 5.

(These assumptions are consistent with Crawfordrdmerri’s (2007b) assumptions,

because their games had no payoff-salience. Howthere remain some unresolved
Issues about how to generalize these assumptions.)
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Under these assumptions abbQfL1's andL2's choices in roles P1 and P2 are
completely determined kyy, the extent oLO’s payoff bias.

Except in symmetric games, even tholi@fs choice probabilities are the same for P1s
and P2s, they impliz1 andL2 choice probabilities that differ across playeesotiue to
the asymmetric relationships between label andfpagbence for P1s and P2s.

Simple calculations show that a le\etrodel can track the reversal of the pattern of
miscoordination between the slightly asymmetric gamnd the games with moderate or
large payoff asymmetries if (and only if) 0.50554/[5.1+5]) <p < 0.545 (= 6/[6+5]),

so that.0 has only a modest payoff bias.

If p falls into this range and the population frequeotl1 is 0.7 and that df2 is 0.3,
close to most previous estimates, the model’s ptedlichoice frequencies differ from the
observed frequencies by more than 10% only inyhesetric game, where the model
somewhat overstates the homogeneity of our supgaait
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11. Huarangdao and D-Day:
Communication of Intentions in Outguessing Games

General Kongming: “Have you forgotten the tacticletting weak points look weak
and strong points look strong’?”

General Cao Cao: “Don’t you know what the militéexts say? ‘A show of force is
best where you are weak. Where strong, feign wesskiie

—Luo Guanzhong’s historical novdlhree Kingdomg§thanks to Duozhe Li)

The quotations refer totao-person outguessing game with complete inforomasind one-
sided preplay communication of intentions via chidio

In the story, set around 200 A.D., fleeing gen@ab Cao chose between two escape
routes, the easier Main Road and the awful HuaRweaqd, trying to avoid capture by
pursuing General Kongmingttp://en.wikipedia.org/wiki/Battle_of Red_Clilfs

Kongming (the sender in this example) waited in asibalong the Huarong Road and
set campfires there, thus sending a deceptivelgftriumessage.

Cao Cao (the receiver), misjudging Kongming’s comimation strategy, inverted the
truthful message and was caught by Kongming (bt lat@r released).
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Consider a simple model of the underlying gameh@uit communication):

Kongming
Main Huarong
Main 3 0
-1 1
Cao Cao
Huaron 1 2
9 1o -2

Huarongdao

e Cao Cao loses 2 and Kongming gains 2 if Cao Caaptured.
e But both Cao Cao and Kongming gain 1 by takingMaen Road, whether or not Cao

Cao is captured: It's important to be comfortakblen if (especially if?) if you think
you're about to die.
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The key issues here are how Kongming should chioissmessage and how Cao Cao—
knowing Kongming is choosing strategically, trytaganticipate Cao Cao’s
interpretation—should interpret Kongming’s message.

In real settings like this, a receiver’s thinkintem assigns a prominent role to the literal
meanings of messages, without necessarily takiq tht face value; and a sender’s
thinking takes this into account.

But a standard equilibrium analysis precludes a fal the literal meanings of payoff-
irrelevant messages (Crawford and Sobel 1982; @&eVer Farrell's 1993 neologism-
proofness refinement, which depends on meanings).

Moreover, there is no equilibrium (refined or nioth zero-sum (or this) two-person
game in which cheap talk conveys information orrgaeiver responds to the message.

In such an equilibrium, if there was informatiortive sender’'s message that the receiver
found it optimal to respond to, the receiver’'s gasge would help him and so hurt the
sender, who would then prefer to make his messagdaumative.

Thus communication can have no effect in any dguim, and as a result the underlying
game must be played according to its unique mixedeg)y equilibrium, as if there were
no communication phase.
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Yet intuition suggests that in many such situations

e The sender's message and action are part of eesintegrated strategy.

e The sender tries to anticipate which messagefoallthe receiver and chooses it
nonrandomly.

e The sender’s action differs from what he woulddénalosen with no opportunity to
send a message.
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Huarongdao is only one datapoint (if that).

But there’s another example in which essential®/dame thing happened.

Consider the Allies’ choice of where to invade tpg@n D-Day (6 June 1944), the

motivating example of Crawford (2003).

The underlying game can also be modeled as an @sggg game:

Germans
Defend Calais Defend
Normandy
Attack 1 -2
. Calais -1 2
Allies Attack -1 1
Normandy (1 -1

e Attacking an undefended Calais is better for thieé&than attacking an undefended

Normandy, so better for them on average.

e Defending an unattacked Normandy is worse folGeemans than defending an

unattacked Calais and so worse for them on average
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Now imagine that D-Day is preceded by a message fn@ Allies to the Germans
regarding their intentions about where to attasknpaDperation Fortitude South
(http://en.wikipedia.org/wiki/Operation Fortitude

Imagine further that the message is (approximatelytap talk.

A “Tank” from Operation Fortitude
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In what sense did essentially the same thing happeath Huarongdao and D-Day?

In each case the deception succeeded, but thersgaden the less beneficial of the two
possible ways to win.

Kongming's message was literally truthful—he ke on the Huarong Road and
ambushed Cao Cao there—but Cao Cao was fooled $ebaumisread Kongming’s
message strategy and inverted the message.

In D-Day the message was literally deceptive bet@&ermans were fooled because they
“believed” it (either because they were creduloubarause they inverted the message
one too many times).

The sender’s and receiver's message strategielsadiefs were different, but the
outcome—what happened in the underlying game—weasdme: The sender won, but
In the less beneficial of the two possible ways.

The quotations tell us why Cao Cao was fooled bgdfoing’s message: with a truthful
LO, his rationale resembl&d thinking, while Kongming’s resemblé< thinking.
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But the quotations don’t tell us why in each cdmedender won only in the less
beneficial way.

To restate the puzzle more concretely, for bothdy-Bnd Huarongdao:

e \WWhy did the receiver allow himself to be fooleddgostless (hence easily faked)
message from aenem§

e If the sender expected his message to fool trevec why didn't he reverse it and fool
the receiver in the way that would have allowead to win in themorebeneficial way?

(Why didn't the Allies feint at Normandy and attatkCalais? Why didn't Kongming
light fires and ambush Cao Cao on the Main Road?)
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A level-k analysis suggests that it was more than a coinceldrat the same thing
happened in both cases.

Although Sophisticatedubjects are rare in laboratory experiments, opesithey are
more common in field settings; and it is interegtio see whether a plausible model
allows deception betweeophisticateghlayers.

Accordingly, let Allies’ and Germans’ types be drafkom separate distributions, each
including both levek or Mortal types (as Crawford 2003 called them, in honor afkiPu
In A Midsummer Night’s DreajiAct 3: “Lord, what fools these mortals be!”) aadully
strategically rational oBophisticategdtype.

Mortal types use step-by-step procedures that genera@i§rmine unique pure
strategies, and avoid simultaneous determinatidheokind used to define equilibrium;
recall the Selten (1998) quote above.

Sophisticatedypes know everything about the game, includingdis&ibution ofMortal
types; and so play an equilibrium in a “reduced gabetween possibl8ophisticated
players, takindMortals' choices as given.
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How shouldLO be adapted to an extensive-form game with commuaica

Here a uniform randori0 seems quite unnatural. For sender or receivemsgtactive
reaction to a message in a language one understasat®ly to focus on its literal
meaning, even if one ends up either lying or nkihtathe message at face value.

The levelk model therefore ancholortal types’ messages and responset@nbased
on truthfulness for senders and credulity for reers, just as in the informal literature on
deception.

(The literature has not yet converged on wheltl@areceivers should be defined as
credulous or uniform random—compare Ellingsen astity (2010)—but the
distinction is partly semantic because truthfOlsenders imply thdtl receivers are also
credulous.)
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Mortal Allied types’ simplified models of other playerakeLl or higherMortal Allied
types always expect to fool the Germans, eithdying (like the Allies) or by telling the
truth (like Kongming).

Given this, allL1 or higherMortal Allied types send a message they expect to make th
Germans think they will attack Normandy, and thi#ack Calais.

If we knew the Allies and Germans weéviertal, we could now derive the model’s
Implications from an estimate of the type freques®fMortal Allies who tell the truth
or lie, and oMortal Germans who believe or invert the Allies’ message.

But the analysis must also take into account tissipdity of Sophisticated\llies and
Germans, who know everything about the game, imotuthe distribution oMortal
types, and play an equilibrium in the resulting gam
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To take into account the possibility 8bphisticatedllies and Germans, note that
Mortals players’ strategies are determined independentiaoh other’'s and
Sophisticategblayers’ strategies, and so can be treated aearog (even though they
affect other players’ payoffs).

Plug in the distributions d¥lortal Allies’ and Germans’ independently determined
behaviors to obtain a “reduced game” betw8ephisticatedillies andSophisticated
Germans.

Becauseophisticateghlayers’ payoffs are influenced jortal players’ decisions, the
reduced game is no longer zero-sum, its messagewacheap talk, and it has
iIncomplete information.

The sender’'s message, ostensibly about his intentis in fact read by Sophisticated
receiver as a signal of the sender’s type.

Thus, the possibility ofortal players completely changes the character of theegam
betweerSophisticategblayers, which is what gives the model the abtltexplain the
effectiveness of communication in a zero-sum gamaketlae possibility of deception
betweerSophisticategblayers.
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The equilibria of the reduced game are determineith® population frequencies of
Mortal andSophisticatedenders and receivers.

There are two leading cases, with different impiozs:

e WhenSophisticatedillies and Germans are common—not behaviorallygilde—the
reduced game has a mixed-strategy equilibrium wbassme is virtually equivalent
to D-Day’s without communication.

e \WhenSophisticatedhllies and Germans are rare, the game has antessennique
pure-strategy equilibrium, in whichophisticatedhllies can predicGophisticated
Germans’ decisions, and vice versa.

In the latter, pure-strategy equilibriuophisticatedsermans always defend Calais
(because they know thitortal Allies, who predominate whedophisticatedhllies are
rare, will always attack Calais).

Sophisticatedhllies send the message that fools the most likeld of Mortal German

(feinting at Calais or Normandy depending on whethereMortal Germans believe
than invert messages), and then attack Normandy.
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There Is never a pure-strategy equilibrium in wrsdphisticatedsermans defend
Normandy whileSophisticatedillies attack Calais.

In such an equilibrium any deviation frdsophisticatedhllies’ equilibrium message
would “prove” toSophisticatedsermans that the Allies wekortal, making it optimal
for Sophisticatedsermans to defend Calais.

If in the equilibriumSophisticatedllies attacked Normandy whilgophisticated
Germans defended Normandy, then the Allies’ messageid fool only the most likely
kind of Mortal German—Sophisticatedsermans are never fooled in a pure-strategy
equilibrium, and a message cannot fool ddthrtal Germans who believe and those who
Invert messages—with expected payoff gain equtdédrequency of the most likely

kind of Mortal German times the payoff of attacking undefendedisdmdy.

But suchSophisticatedhllies could reverse both their message and attaxation, again
fooling the most likely kind oMortal German, but now with expected payoff gain equal
to the frequency of that kind of German times tighér payoff of attacking undefended
Calais, a contradiction. Thus in any pure-strategyilibrium, Sophisticatedsermans

must defend Calais no matter what message they hear

Thus, in a sense (resting on a preference for gagegy equilibria), the model explains
why Sophisticatedsermans don’t defend Normandy wh8ephisticatedhllies attack
Calais, even though this would have been moretptoé for the Allies if it succeeded.
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In the pure-strategy equilibrium that exists wis@Ephisticatedillies and Germans are
rare, the Allies’ message and action are partsahgle, integrated strategy; and the
probability of attacking Normandy is much highearthf no communication was
possible.

The Allies choose their message nonrandomly, teemien succeeds most of the time,
but it allows the Allies to win in the less benédiovay.

Thus for plausible parameter values, with no ureereld difference in the sophistication
of Allies and Germans, the model explains vidophisticatedsermans might allow
themselves to be “fooled” by a costless message &8ophisticatecdtnemy: It is an
unavoidable cost of exploiting mistakesMyprtal enemies, who are much more
common.

NonethelessSophisticategblayers in either role do strictly better thanitiortal
counterparts; their advantage comes from the alditavoid being fooled and/or to
choose whiciMortal type(s) to fool.
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In the mixed-strategy equilibrium that prevails wi8ophisticatedhllies and Germans
are commonSophisticategblayers’ equilibrium mixed strategies offset eader’s
gains from foolingMortal Receivers, and in each r@ephisticatedndMortal players
have equal expected payoffs.

This suggests that in an adaptive analysis of yimaihics of the type distribution, as in
Conlisk 2001AER the frequencies @ophisticatedypes will grow until the population
IS In or near (depending on costs) the region aknmstrategy equilibria in which types
expected payoffs are equal.

ThusSophisticatedndMortal players can coexist in long-run equilibrium.
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12. Alphonse and Gaston:
Communication of Intentions in Coordination Games

You FIRST,
MY DEAR X
GASTON!

“After you, Alphonse.” “No, you first, my dear Gast”

—Frederick B. Opper’s comic striglphonse and Gaston
(http://en.wikipedia.org/wiki/Alphonse and Gaston

“What we got here...is a failure to communicate.”
—Paul Newman as the title character in Cool Hanéd_u
(http://www.imdb.com/title/tt006151p/
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If level-k models allow preplay communication of intentionaftfect the outcomes of
Zzero-sum games, it should come as no surpriseiteégptalso allow effective
communication in coordination games.

Ellingsen and Ostling (201@nd Crawford (2007), not discussed in detail hadept
Crawford’s (2003) approach to study different aspet preplay communication of
Intentions in coordination and other games.

Ellingsen and Ostling use a levetmodel to study the effectiveness of a single rooiind
one- or two-sided preplay communication in gamesr@ltommunication of intentions
plays various roles.

Crawford uses a levédimodel to study the effectiveness of one- or mwatind two-
sided communication in games like Battle of theéSebuilding on Farrell’s 198RAND
Jand Rabin’s 1994ETanalyses.

In each case the power of the analysis stems fnemde of a model that does not assume
equilibrium, which is question-begging in this oextt but which imposes a realistic
structure less agnostic than rationalizability.
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13. October Surprise:
Communication of Private Information in OutguessingGames

“...The news that day was the so-called ‘October Bsgpbroadcast by bin Laden. He
hadn’t shown himself in nearly a year, but now rfdays before the [2004
presidential] election, his spectral presence athte every American home. It was a
surprisingly complete statement by the al Qaedaeleabout his motivations, his
actions, and his view of the current American laag®. He praised Allah and, through
most of the eighteen minutes, attacked Bush,...hA&nnd, he managed to be
dismissive of Kerry, but it was an afterthoughhia ‘anyone but Bush'’ treatise....

Inside the CIA...the analysis moved on a diffejémn the presidential candidates’
public] track. They had spent years, as had aairbih Laden unit at FBI, parsing
each expressed word of the al Qaeda leader.... \Wegttlearned over nearly a
decade is that bin Laden speaks only for strat@gisons.... Today’s conclusion: bin
Laden’s message was clearly designed to help tdent’s reelection.”

—Suskind,The One Percent Doctrin2006, pp. 335-6 (quoted in Jazayerli 2008
http://www.fivethirtyeight.com/2008/10/guest-columinll-bin-laden-strike.htm).
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A. October Surprise

The quotation refers to a zero-sum two-person gaitieincomplete information and
one-sided preplay communication of private infonoravia cheap talk.

Only bin Laden knows which candidate he wants; &alk,being cheap, he will say what
it takes to help his candidate win. A represenéafimerican voter knows only that he
wants whichever candidate bin Laden doesn’t want.

A representative American voter knows only thaiaats the opposite of what bin
Laden wants.

The key issues are how bin Laden should relatstatement to what he really wants and
how the American should interpret bin Laden’s start, knowing that bin Laden is
choosing the message strategically.

Once again, the literal meanings of messageskaly lio play a prominent role in
applications, but equilibrium analysis precludeshsa role.

There is again no equilibrium in which cheap tadkweys information, or in which the
receiver responds to the sender’s message.
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Consider, however, a levklmodel in whichLO is anchored on truthfulness for the
sender (bin Laden) and credulity for the receivaenérican).

(Or one could derive credulity for ari receiver and start from there.)

An LO or L1 American believes bin Laden’s message, and therefmes for whichever
candidate bin Laden attacks.

An LO bin Laden who wants Bush to win attacks Kerry,dnit1 (L2) bin Laden who
wants Bush to win attacks Bush to indli€(L.1) Americans to vote for Bush.

Given bin Laden’s attack on Bush, Bbor L1 American ends up voting for Bush, and an
L2 American ends up voting for Kerry.

Bin Laden’s message is always influential, but Beds to choose it to fool the most
prevalent kind of American—~believer or inverter—ta£rawford’s (2003 analysis.

An L2 bin Laden believes Americans drg, so “reverse psychology” will be effective.
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B. Experimental Evidence: Wang, Spezio, and Camerg010)

| now discuss some experimental evidence on conutatian of private information in
discretized versions of Crawford and Sobel’s (19&)der-receiver games.

Sender observes state S =1, 2, 3, 4, or 5, seassage M =1, 2, 3, 4, or 5. Receiver
observes message, chooses action A=1, 2, 34, or

The Recelver’'s choice of A determines the welfdrieabh:

e The Receiver’s ideal outcome is A = S.

e The Sender’s ideal outcomeis A=S + b.

The Receiver’'s von Neumann-Morgenstern utility fiocis
110 — 20|S — Af, and the Sender’s is 110 — 20|S + b ~'A|

The difference in preferences varied across traaisne = 0, 1, or 2.
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Crawford and Sobel’s theoretical analysis charadrthe possible equilibrium
relationships between Sender’s observed S and Wesechoice of A, which determines
the informativeness of communication.

They showed, for a class of models with continugiage and action spaces that
generalizes Wang et al.’s examples (except forelisness), that all equilibria are
“partition equilibria”, in which as illustrated kmk, the Sender partitions the set of states
into contiguous groups and tells the Receiverffiece only which group his observation
lies in.

For any given difference in Sender’s and Receivarderences (b), there is a range of
equilibria, from a “babbling” equilibrium with orgartition element to more informative
equilibria that exist when b is small enough.

Under reasonable assumptions there is a “mosti#tive” equilibrium, which has the
most partition elements and gives the Receivehitjeest ex ante (before the Sender
observes the state) expected payofft.

As the preference difference decreases, the anebumformation transmitted in the most

Informative equilibrium increases (measured eithethe correlation between S and A or
the Receiver’s expected payoff).
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The unambiguous part of Crawford and Sobel’'s cliaraation of equilibrium concerns
the possible relationships between S and A.

Because messages have no direct effect on paycifilsa(p talk”), there is nothing to tie
down their meanings in equilibrium.

As a result, any equilibrium relationship betweeanl A can be supported by any
sufficiently rich language, with the meanings ofssmges determined by players’
equilibrium beliefs.

200



Behaviorally, however, in experiments like Wan@lks with a clear correspondence
between state and message—S =1, 2, 3, 4, or Mandl, 2, 3, 4, or 5—or where
communication is in a common natural languageirttegpretations of messages are
dictated by their literal meanings.

Thus messages are always understood—even if nayalbelieved.

Wang et al.’s data analysis therefore fixes themmggs of Sender subjects’ messages at
their literal values.

Even with this restriction, when b = 0 or 1 in th@esign (Sender’s and Receiver’s
preferences are close enough) there are multiplidil@acp.

Wang et al.’s analysis then focuses on the “mdetmmative” equilibrium.
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When b = 0, the most informative equilibrium hassN$ and A = S: perfect truth-telling,
credulity, and information transmission, as isiintaly plausible when Sender and
Receiver have identical preferences.

When b = 2, the most informative equilibrium has@&s sending a completely
uninformative message M ={1, 2, 3, 4, 5} for arglue of S; and Receivers ignoring it,
hence choosing A = 3, which is optimal given tipgior beliefs, for any value of M.

(A babbling equilibrium also exists when b = 0 obfit then it is not the most
informative equilibrium.)
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When b = 1, the most informative equilibrium has@&ss sending M =1 when S = 1 but
M={2,3,4,5when S =2, 3, 4, or5; and Rees/choosing A=1whenM=1and A
=3 ord4whenM ={2, 3, 4, 5}.

(The Sender’'s message M = {2, 3, 4, 5} is the sagpWay to implement the intentional
vagueness of this partition equilibrium. Anotheryweould be for the Sender to
randomize M uniformly on {2, 3, 4, 5} when S =1.)

Thus, when b = 1 the difference in preferencesasunsisy information transmission
even in the most informative equilibrium.

Importantly, however, the Receiver’'s beliefs onrimgpathe Sender’'s message M are
necessarily an unbiased—though noisy—estimate of S:

In equilibrium there is no lying or deception, omyentional vagueness.

(When b = 1, there’s another, more informative guum, found by David Eil of
UCSD, in which Senders send M = {1, 2} when S 2 bdut M = {3, 4, 5} when S = 3,
4, or 5; and Receivers choose A =2 when M = {1a@fl A =4 when M = {3, 4, 5}. But
this equilibrium is not “robust”, in that Senderbavobserve S = 2 are indifferent
between M ={1, 2} and M = {3, 4, 5}.)
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Turning to Wang et al.’s results, when b = 0 Ses@émnost always set M = S and
Receivers almost always set A = M: The result & riiee perfect information
transmission predicted by the most informative dopium.

Figure 1 shows the Sender’'s message frequencigharreceiver’'s action frequencies
as functions of the observed state S: A circles shows the Sender’'s message

frequencies. A circle’s darkness and the poorlibiasnumbers inside show the
Receiver’s action frequencies.
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Figure 1: Raw Data Pie Charts (b=0)
{ Hidden Bias-Stranger)
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As b increases to b = 1 or b = 2, the amount afrmétion transmitted decreases as
predicted by Crawford and Sobel’s equilibrium conapi@e statics, but there are also
systematic deviations from the most informativegoy) equilibrium, and lying and
successful deception occur.

In Figure 3 (next slide; b = 2 omitted from Wangkts label by accident), in the
essentially unique, most informative equilibrium=M1, 2, 3, 4, 5}, so equilibrium
message distributions would look the same fonad fows; and equilibrium actions
would be concentrated on A = 3.

However, although the observed actions are faldgecto A = 3, message distributions
shift rightward as S increases (going down in #iee); thus:

e Most Senders exaggerate the truth (most messages the diagonal), apparently
trying to move Receivers from Receivers’ idealachA = S toward Senders’ ideal
action A =S + 2 (or 5, whichever is smaller).

e Even so, there is some information in Senders'samgss (message distributions shift

rightward going down in the table, so messagespmstively correlated with the
state).

e Receivers are usually deceived to some extentggeeA usually > S).
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Figure 3: Raw Data Pie Chart, (Hidden Bias-Stranger)
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When b = 1, in the most informative robust equilibr, the Sender’'s messageisM =1
whenS=1and M = {2, 3, 4, 5} when S = 2, 3, A5pand the Receiver chooses A=1
when M =1and A =3 or4 when M ={2, 3, 4, 5}.d3) in equilibrium the distributions
of messages and actions would be the same for,3=2or 5.

By contrast, turning to Figure 2 (b = 1; next sjide

e Senders almost always exaggerate the truth (messdipve the diagonal), apparently
trying to move Receivers from Receivers’ ideal@tth = S toward Senders’ ideal
action A=S + 1.

e Even so, there is some information in Senders'sagss (message distributions shift
rightward going down in the table, so messagepaséively correlated with the
state).

e Receivers are usually deceived to some extentggeeA usually > S).
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Figure 2: Raw Data Pie Chart (b=1)
(Hidden Bias-5Stranger)
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What kind of model can explain results like thisany et al., following Cai and Wang
(2006), propose a levélexplanation based on Crawford’s (20@Bplysis of preplay
communication of intentions:

Anchor beliefs in a truthful Sendk®, which sets M = S; and a credulous Receiver
(which also best responds tola@hSender), setting A = M.

L1 Senders best respondliO Receivers by inflating their messages by b: M =I5(tip
to M =5), so that0 Receivers will choose S + b, yielding the Sendeiésl action
given S.

L1 Receivers (as defined by Wang et al.; the numbasiagconvention) best respond to
L1 Senders by discounting the message, normally gettm M — b, yielding Receivers’
ideal action given M =S + b of S.

The qualification “normally” reflects Wang et alassumption thdtl Receivers take
into account that when b =PR] senders with S = 3, 4, or 5 all send M = 5, wihi@ tesult
thatL1 Receivers, knowing that S is equally likely to he&l 3or 5, choose A = 4 instead
of A=M—-2b =3.
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L2 Senders best respondLltb Receivers by inflating their messages by 2b: M=2b
(up to M =5), so thdt1l Receivers willset A=M —-b =S + b, yielding Sensl ideal
action given S.

L2 Receivers best respondliéd Senders by discounting the message, normally getin
= M — 2D, yielding Receivers’ ideal action givena\5 + 2b of S.

The qualification “normally” reflects Wang et alassumption thdt2 Receivers take
into account that when b =12 senders with S = 3, 4, or 5 all send M = 5, wihi@ tesult
thatL2 Receivers, knowing that S is equally likely to hel 3or 5, choose A = 4 instead
of A=M-2b =3.

L2 Recelvers also take into account that when bl2z&enders with S =2, 3,4, or 5
send M =5, with the result thB2 Receivers, knowing that S is equally likely to h&2
4. or5, choose A=4instead of A=M-2b=3.
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Figure 2: Raw Data Pie Chart (b=1) Figure 3: Raw Data Pie Chart, (Hidden Bias-Stranger)
iHidden Bias-Stranger)

Note that when b = 1,1, L2, andEqall predict M =5 when S =4 or 5; and when b = 2,
L1, L2, andEqgall predict M =5when S =3, 4, or 5.

Econometric estimation classifies 18% of 16 Sesdejects at0, 25%L1, 25%L2,
14% Sophisticatedand 18%Equilibrium (note different type definitions).
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