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ABSTRACT

The primary aim of this dissertation is to identify channels through which economic
agents use social preferences such as proclivities towards fairness and inequality to
make choices in one-shot and repeated game environments. I am particularly inter-
ested in economic situations of strategic interaction that support multiple equilibria.
When faced with such situations, economic agents often coordinate on a set of salient
outcomes that are smaller than the set of all possible equilibrium outcomes. There is a
lack of broad consensus on what makes certain payoff outcomes salient in the minds of
agents, while others are ignored. The human decision making involved in this equilib-
rium selection process interests me, because a better understanding of this mechanism
can help us make sharper predictions about the plausible outcomes we should expect
to see. I believe models that incorporate social preferences, learning, and bounded
rationality are likely to make better predictions in these scenarios than models that

assume economic agents are infinitely rational.

To examine the questions of how economic agents go about the equilibrium selection
process, I use a combination of theory, computation, and laboratory experiments.
Each of these three approaches has unique benefits, and complements each other. 1)
Economic theory allows us to focus on a specific problem and prove general theorems
that hold in all situations that the assumptions allow. Specifically, I am interested in
theoretical models that allow for a combination of personal and social preferences for
economic agents that weight notions of efficiency, selfishness, and fairness in personal
and joint payoff outcomes when undertaking the equilibrium selection process. 2)
Computation allows us to run simulations of models that may not have closed-form
solutions, or ones that are difficult to grasp analytically. 3) Experiments allow us to
test whether outcomes that agents arrive at after undergoing the equilibrium selection
process are context dependent, and change based on the nature of the information
available to them. They help examine human behavior in a controlled environment,
allowing us to focus on the specific aspect of the decision making process in which

we are interested. The combination of theory, computation, and experiments helps
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us look into the black box of the decision making of economic agents undertaking the

equilibrium selection process.
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Chapter 1

SOCIAL PREFERENCES IN INFINITELY REPEATED (GAMES

This paper investigates a learning model where players have attractions towards
efficiency, equality, fairness, and selfishness in the payoff outcomes of indefinitely re-
peated two-player two-action games. Using simulated outcomes, the model explores
one-state and two-state automata as potential strategies in games such as Battle of the
Sexes, Prisoner’s Dilemma, Stag-Hunt, and Chicken; and explains the high frequency
of alternation between Nash equilibria outcomes in the Battle of the Sexes games, and
the high degree of cooperation seen among experimental subjects in other games. The
model adjusts naturally to games with asymmetric payoffs; or games where players
have limited information about their opponents’ payoffs. The tendencies of experi-
mental subjects in various information and payoff settings can only be explained by
weighting the considerations of efficiency, equality, fairness, and selfishness differently.
Depending on the context, different strategies become focal in the minds of subjects,
and any one of these considerations by itself fails to account for many patterns seen

in laboratory results across different information or payoff treatments.
JEL Codes: C51, C72, C92, D03, D§S.

Keywords: Reinforcement learning, Repeated game strategies, Adaptive models, Fi-

nite automata, Prisoner’s Dilemma, Battle of the Sexes, Stag-Hunt, Chicken
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1.1 Introduction

An extensive body of literature has attempted to explain the learning process in
settings with repeated interactions between agents. However, many of these models
do not focus on explaining how this learning process adapts to changes in payoff, or
information settings. Using simulated outcomes, I explore learning in indefinitely re-
peated two-player two-action games such as Battle of the Sexes, Prisoner’s Dilemma,
Stag-Hunt, and Chicken using a model that adapts naturally to changes in payoffs,
or changes in information settings. The learning model depends on two separate and
equally important phases. Although these phases are motivated by different prefer-
ences; they complement each other and cover a range of situations that are common in
an economic setting. In the first stage, henceforth referred to as the ‘pre-experimental’
phase, players form attractions towards repeated-game strategies based on the effi-
ciency, equality, fairness, and selfishness of long-run average payoff outcomes. Since
these attractions are innate and pre-existing, this stage is completely independent of
the history of play. These attractions instead reflect the players’ pre-game ‘good in-
tentions. In the second stage, henceforth referred to as the ‘experimental” phase, these
attractions are updated after every round of play based on the history of the oppo-
nents’ actions, and reinforcement dynamics that reflect one’s own stage-game payoffs.
Thus, this phase can be thought of as the players’ pre-game ‘good intentions’ coming
into conflict with the ‘reality’ of actual play. The first stage is a modified version of
the Quantal Response Equilibrium (QRE) idea introduced by McKelvey and Palfrey
(1995); the second stage borrows from the reinforcement learning literature pioneered

by Roth and Erev (1998).

The behavior of human subjects in repeated games has been widely analyzed (see the
references cited in Shubik (1982)). Axelrod (1984) conducted two tournaments that
used computerized strategies, submitted by participants from a variety of backgrounds,
to explain the behavior of laboratory subjects. His analysis showed that subjects have
preferences for strategies that are both effective and simple. His analysis is compatible
with research that has been conducted since; evidence clearly suggests that subjects
adapt to outcomes in the laboratory and learn to play repeated games in an adaptive

manner.
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Models created to explain adaptive learning in games have existed since Cournot
(1838), which assumes that players choose the best-response to their opponent’s ac-
tion in the previous round. Brown’s (1951) fictitious-play model asserts that players
choose the best response to the average of all previous observations of their opponent’s
play, not just the most recent. Both can be considered examples of ‘belief based’” mod-
els, in which subjects use the history of their opponent’s choices to form beliefs about
what actions their opponent is likely to play next, and choose actions that are the best
responses to these updated beliefs. Roth and Erev (1998) capture the idea of reinforce-
ment learning, in which players’ propensities to choose particular actions increase or
decrease based on the resulting payoff. Both belief-based and reinforcement learning
models are special cases of Camerer and Ho’s (1999) experience-weighted attraction
(EWA) model, which reinforces actions both taken and not taken; based on perceived
payoffs. All these models can be classified within the ‘attractions towards actions’
literature, and most papers in this vein differ in their claims about how attractions

are initially formed; and updated throughout the game.

Cheung and Friedman (1997) posit a critique of the ‘attractions towards actions’
literature, claiming that empirical learning models should be sensitive to the insti-
tutional context, individual differences among players, and account for the decision
process. Learning models should naturally adjust to changes in the payoff matrix
(whether symmetric or asymmetric), or the level of information that players have
regarding their opponents’ payoffs. They ask and attempt to answer the following
questions:. Do some payoff matrices encourage players to take a short Cournot view,
while others encourage a longer fictitious-play view? Are institutional details impor-
tant, such as what players can observe about their opponents’ strategies and payoffs?
They propose a flexible three-parameter model that changes naturally based on the

institutional context.

The common thread running through all the adaptive models in the ‘attractions
towards actions’ literature is that initial attractions are provided exogenously (or as in
the case of EWA, selected to maximize overall fit), and players only learn about their
attractions towards stage-game actions, rather than repeated-game strategies. While

these models have been quite successful in accounting for observed behavior in some
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coordination games, they struggle to replicate behavior in others.!

A new class of models in the ‘attractions towards strategies’ literature extends the
action-oriented models by assuming that players are learning about the appeal of
repeated-game strategies rather than the appeal of stage-game actions through each
round of game play. These models typically employ endogenous initial attractions,
and assume that players are exploring tendencies towards a finite set of strategies with
bounded complexity. Romero and loannou (2014) explore the strategies played in
repeated games of Battle of the Sexes, Prisoner’s Dilemma, Stag-Hunt, and Chicken.
They use a generalized belief-updating model, where each player uses a fitness function
based on the historical play of her opponent in order to update her beliefs about what
strategies her opponent is using. The fitness function is used 1) to measure how closely
an opponents’ choices fit their potential strategies and then, given perceived strategies,
2) to choose strategies that maximize expected payoffs. The authors find that ‘strategy
learning’ models outperform ‘action learning’” models when making predictions in many

repeated games.

Hanaki, Sethi, Erev and Peterhansl (2005) have a reinforcement model where the
initial attractions towards strategies are updated through reinforcement of payoffs.
Relative to the ‘action learning’ models, they can better account for subject behavior
in environments where fairness and reciprocity play a significant role. The authors
do not explicitly use the idea of fairness in their model, but think that social prefer-
ences could explain behavior such as alternation of Nash equilibria outcomes in the
Battle of the Sexes game. They point out that, “One could conceivably account for
the disparity between experimental findings and the predictions of learning models by
arquing that subjects care not just about their own monetary payoffs, but also about
the payoffs obtained by those with whom they interact. Several recent attempts have
been made to identify a richer class of preferences that are able to take such interde-
pendencies into account in a manner consistent with experimental behavior. From this

perspective, payoff functions must be appropriately transformed before learning models

'For example, these models cannot explain the well-established pattern of alternation between
Nash equilibria outcomes in a Battle of the Sexes game. Arifovic and Ledyard (2015) find that,
on average, 46% of subjects exhibit some pattern of alternation between Nash equilibria outcomes.
However, this alternation ratio is sensitive to changes in payoff and information settings.
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can be properly tested or compared. While this is an important and promising direction
for research, there is as yet no consensus on the precise manner in which monetary
payoffs should be transformed in order to conform to ‘social preferences.” ”

The model presented in this paper uses an appropriate transformation of payoff
functions in a way that captures social preferences as well as inclinations for efficiency.
The parsimonious learning model predicts experimental play routinely observed in the
laboratory and also accounts for differences based on changes in payoff structures,
and information settings. As such, my attempt is to provide an analog to Cheung
and Friedman (1997) in the ‘attractions towards strategies’ literature. I find limiting
attractions on strategies that explain alternations between Nash equilibria outcomes
in Battle of the Sexes, and mutual coordination outcomes in Prisoner’s Dilemma,
Chicken, and Stag Hunt games for symmetric payoff matrices. I also find limiting
attractions on strategies for these games once payoffs are asymmetric, or even payoft

information is limited.

Is there a sound basis for considering fairness, or social preferences, as a consid-
eration for attractions towards strategies in a repeated game? One-shot games such
as Dictator and Ultimatum games that test notions of fairness find that people be-
have in a manner consistent with other-regarding preferences as expressed in Fehr and
Schmidt (1999) among a host of other papers.? For repeated games, the evidence is not
as comprehensive. Bhaskar (2010) shows that, for finite repetitions of the symmetric
Battle of the Sexes game, as well as for the infinitely repeated game with discounting,
among all symmetric equilibria of the game, those and only those that promise equal
continuation payoffs at the history at which symmetries are broken are (Pareto-) ef-
ficient. All other equilibria yield lower ex-ante expected payoffs. Kuzmics, Palfrey,
and Rogers (2014) follow up on Bhaskar’s results, and ask that when symmetries are
broken, how inefficient are other equilibria with asymmetric continuation payoffs, es-
pecially as players get infinitely patient? They find significant inefficiencies in the
payoffs received by players for any non-egalitarian symmetric equilibria. They also

find that when choosing across all symmetric equilibria, players are attracted towards

2See outcome-based distribution models such as Charness and Rabin (2002), and Bolton and Ock-
enfels (2000), or belief-based reciprocity theories explored in Rabin (1993), Dufwenberg and Kirch-
steiger (2004), and Falk and Fischbacher (2006).
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‘focal’” strategies, which are both Pareto-efficient and simple. Rabin (1997) introduces
the idea of a ‘fairness equilibrium’ in a finitely repeated game environment, but the
idea does not easily generalize to indefinitely repeated games, eliminating some mutu-
ally cooperative outcomes in the Prisoner’s Dilemma. Duffy and Munoz-Garcia (2012)
study a Prisoner’s Dilemma game where they allow for social preferences like envy and
guilt, and find that a high weight on social preferences can support cooperation for
subjects with lower discount factors than agents with purely self-interested preferences.
Thus, a preference for inequality can act as a substitute for patience when supporting
mutual cooperation as an equilibrium outcome. Finally, Binmore (2010) lays a non-
technical claim that while the folk theorem shows the possibility of multiple equilibria,
society needs an equilibrium selection device in order to operate successfully. He fur-
ther argues that fairness is evolution’s solution to the equilibrium selection problem,
and cites the food-sharing aspect of our ancestral game of life as an example of such

a selection process.

The paper is organized as follows. In the next section, I explore the model by
first introducing the repeated-game strategies available to agents, then developing the
random utilities associated with each strategy, and identifying the equilibrium for
agents showing the strategies that agents are attracted towards. Section 3 provides
experimental results for the long-run payoffs attained by subjects in a range of different
games in different information settings. This section also shows comparisons between
simulated and experimental subjects to identify the weights that agents assign to
notions of efficiency, absolute fairness (equality), relative fairness, and selfishness in
repeated games. Section 4 considers three alternate models to provide robustness

checks for the central assumptions of the model. Section 5 concludes.

1.2 Learning Model

In this section, I describe the learning model that aims to capture behavior among
experimental subjects in two-player, two-action games such as Battle of the Sexes,
Prisoner’s Dilemma, Stag Hunt, and Chicken. I follow an ‘attractions towards strate-
gies’” approach similar to Hanaki et al (2005), and Romero and Ioannou (2014), where

an algorithm is used to generate initial attractions towards each of a finite set of
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strategies, and these attractions are updated during repeated rounds of game-play.
The learning taking place in two stages. The ‘pre-experimental’ phase generates the
initial attractions towards strategies, while the ‘experimental’ phase updates the at-
tractions during rounds of game-play. The exact way in which this learning occurs,
and how attractions are updated, are presented in the following sections. The finite
set of strategies being considered contain all one-state, and two-state automaton or

Moore machines.

1.2.1 Finite Automata

A finite automaton is a mathematical model of a system with discrete inputs and
outputs, and can be used to represent repeated-game strategies. The system can be in
any one of a finite number of internal configurations or “states,” similar to the states
in a repeated-game strategy. The state of the system summarizes the information
concerning past inputs that is needed to determine the behavior of the system going
forward. The specific type of finite automaton used in this paper is a Moore machine.
A Moore machine for player i, M;, in a repeated game G = (I,{A;}icr, {gi}tier) is
a four-tuple (Qi, qo;, fi, 7:) where @); is a finite set of internal states of which ¢o; is
specified to be the initial state, f; : ; — A; is an output function that assigns an
action to every state, and 7; : QQ; x A_; — @), is the transition function that takes a
players’s current state and the opponent’s action, and returns the next state in the
player’s system. It is pertinent to note that the transition function depends only on
the present state and the other player’s action. This formalization fits the natural
description of a strategy as i’s plan of action in all possible circumstances that are
consistent with ¢’s plans. In contrast, the notion of a game-theoretic strategy for ¢
requires the specification of an action for every possible history, including those that
are inconsistent with ¢’s plan of action. It is important to highlight that to formulate
the game-theoretic notion of a strategy, one would only have to construct the transition
function so that 7; : QQ; X A — @, instead of 7; : Q; x A_; — @; . In the first period,
the state is gp;, and the automaton chooses the action f;(go;). If a_; is the action
chosen by the other player in the first period, then the state of i’'s automaton changes
to 7;(qo, a—;), and in the second period, i chooses the action dictated by f; in that

state. Then, the state changes again according to the transition function given the
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other agent’s action. Thus, whenever the automaton is in some state ¢, it chooses the
action f;(¢q), while the transition function 7; specifies the automaton’s transition from

q to a new state in response to the action taken by the other player.

1.2.2 Restricting the strategy space

Even though the action-space being considered in the four games is finite, allowing
for mixed strategies gives us a very large number of potential strategies that can be
chosen in these games. For any ‘attractions towards strategies’ learning model to have
predictive power, the space of potential strategies allowed has to be limited. One way
to restrict strategies is only considering those that can be represented as a Moore
machine, and in this paper, I only consider strategies that can be represented by

one-state and two-state automaton or Moore machines.

There are two possible states for an automaton and two possible actions by the
opponent. The transition function thus maps four different possibilities of (own state,
the opponent’s action) pairs into the set of two states to be taken in the next period.
This generates 2 = 16 cases in total. Since each of these 16 cases can have one of
two initial states, there are 32 possible automata. Four of these always play the first
action, and another four always play the second. Elimination of non-unique automata
yields a total of 26, of which two are one-state and the rest are two-state automata.

Appendix Al contains a complete listing of these.

One advantage of using only these 26 one-state and two-state automata to represent
potential strategies in a game is that it naturally represents the concept of bounded
complexity. It is unlikely that players are able to consider all possible strategies,
and will consider a restricted set. Given that it is practically impossible to update
attractions if the set of possible strategies is unboundedly large, I have chosen to

restrict attention to less-complex ones.

The evidence that subjects in the laboratory only use low complexity one-state and
two-state automata as strategies in indefinitely repeated games is somewhat mixed.
Fudenberg, Rand and Dreber (2012) estimate that for treatments without noise (i.e.

with perfect monitoring), 40% of strategies used needed more than two states to be
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captured. When public monitoring is imperfect, an even higher percentage of subjects
use strategies that condition on more than just the last round to support coopera-
tion. However, these results are much higher than the proportion found in Dal Bo and
Frechette (2011), Frechette and Yuksel (2013) or Dreber, Fudenberg, and Rand (2008).
Aoyagi and Frechette (2009) study a slightly different setting with imperfect monitor-
ing, but still find that subjects only use memory-zero and memory-one strategies. It
is possible that settings with noise and imperfect monitoring require a broader set of
strategies, but the restriction on the strategy space is not prohibitive in the settings

studied here.

1.2.3 Measurement metrics for strategies

The 26 strategies explored in the model are evaluated on four measurement metrics -
efficiency, absolute fairness (equality), relative fairness, and selfishness. These metrics
are calculated based on the long-run average payoff outcomes of following these strate-
gies in a repeated game. The strategies that lead to payoff outcomes that maximize
the joint payoffs of both players receive high efficiency scores. Strategies whose payoft
outcomes minimize the payoff difference between the two players receive high absolute
fairness (equality) scores. Many games have payoff functions where the entire convex
hull of possible payoffs is very far away from any possible equality of payoffs. I develop
a game-specific notion of relative fairness for such games that is described below, and
all 26 strategies also receive a relative fairness score. Finally, strategies that maximize

an individual’s payoffs receive high selfishness scores for that individual.

A generalized payoff function for a set of two-person, two-action games, where an
individual’s action set belongs to {A, B}, involves payoffs u'(A, A) = a',u'(A, B) =
¢, u'(B,A) = b, u'(B,B) = d'. Table 1.1 below shows the generalized payoff function.
The restricted strategy set is represented by M = {Al, A2,..., A26}. Both players
choose strategies from M, and play repeatedly against each other for 1,000 periods in
the ‘pre-experimental” phase. I calculate the long-run average payoffs received by the
player for each strategy pair choice, denoted as (u*!,u*?). There are 676 such payoff

pairs, given that both players have access to 26 strategies each.
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Table 1.1: Payoff Table

[ A [ B |
Alal,ad® | ctc?

B| o', 07 | d', &

For each long-run average payoff pair, I use the algorithm described in the sections
below to generate efficiency, absolute fairness (equality), relative fairness, and self-
ishness scores. The methodology for generating these scores for a randomly selected

generic game (whose payoffs are shown in Figure 1.1) is described below.

Figure 1.1: Game Example
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Efficiency

The efficiency of a payoff outcome is measured by how close it comes to maximizing
the sum of payoffs received by both players. Graphically, we can envision a series of iso-
efficiency indifference curves perpendicular to a 45 degree line from the origin. Figure
1.2 shows the iso-efficiency indifference curves passing through the least, and most,
efficient payoff outcomes in this generic game. Payoff outcomes on the iso-efficiency
indifference curve that passes through the point that minimizes (maximizes) the sum
of payoff outcomes for both players receive an efficiency score of zero (100). For any

generic payoff outcome (such as point ‘¢’ in Figure 1.2), we can define the iso-efficiency
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indifference curve that it lies on. We then calculate the distance from this curve to
the most efficient indifference curve, relative to the distance between the two extreme

indifference curves, and generate an efficiency score on a scale of zero to 100.

Figure 1.2: Efficiency

.l Efficiency = ad/ab

Player 2 payoffs
- =

0.0

T T T T T T T T
0.0 1.0 2.0 3.0 4.0 5.0 6.0 7.0 8.0

Player 1 payoffs

Absolute Fairness (Equality)

The equality of a payoff outcome is measured by how close it comes to minimiz-
ing the difference in payoffs received by both players. Graphically, we can envision a
series of iso-equality indifference curves parallel to a 45 degree line from the origin.
Figure 1.3 shows the iso-equality indifference curves passing through the least, and
most, equal payoff outcomes in this generic game. Payoff outcomes on the iso-equality
indifference curve that passes through the point that minimizes (maximizes) the dif-
ference in payoff outcomes for both players receive an inequality score of zero (100).
For any generic payoff outcome (such as point ‘¢’ in Figure 1.3), we can define the
iso-equality indifference curve that it lies on. We then calculate the distance from this
curve to the most equal indifference curve, relative to the distance between the two
extreme indifference curves, and generate an inequality score on a scale of zero to 100.

Absolute fairness (equality) scores are calculated by subtracting the inequality score

from 100.
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We use a notion of absolute fairness where outcomes that equalize payoffs are re-
garded as being perfectly fair, and the payoff outcome within the range of possible
stage-game payoffs with the greatest level of inequality labeled as the most unfair out-
come. All other payoff outcomes are measured in relative terms between these two
extremes. The idea that fairness concerns are partly based on the range of possible
outcomes can be justified by patterns seen in Dictator games studied in List (2007),
where introducting the possibility of taking away money from receivers made Dicta-
tors less generous in their giving. In that one-shot non-strategic setting, expanding
the payoff possibility space changes which payoffs agents come to regard as fair. Here,

we extend this notion to a repeated game with strategic interactions.

Figure 1.3: Absolute Fairness (Equality)
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Relative Fairness

There are a number of laboratory studies that provide evidence that people have
a natural aversion to inequality. People view equal distribution of resources as a
moral good, and are likely to express dissatisfaction towards subjects that benefit
from unequal distributions. In fact, subjects are willing to take costly actions to
potentially achieve more equitable outcomes in one-shot Dictator, gift exchange, and

public good games (Camerer (2003) and Schokkaert (2006) provide an overview). On



27

the other hand, when people are asked about the ideal distribution of wealth in their
country, they actually prefer unequal societies, as explored in Norton and Ariely (2011).
Thus, people prefer equal distributions between a small group of people in laboratory
situations, but prefer unequal distributions between large groups of people in the reaal
world. It is difficult to reconcile the strong preference for equality in laboratory studies

with a preference for societal inequality in political and behavioral economic research.

Starmans, Sheskin, and Bloom (2017) posit that the puzzle can be reconciled by
focusing on the difference between equality and fairness. People will agree to unequal
distributions if the underlying mechanism for generating the distribution is perceived
to be fair. Akbas, Ariely, and Yuksel (2016) study two factors that subjects may
use to determine the fairness of the distribution mechanism. To be perceived as fair,
a distribution mechanism must have the following properties: procedural justice (so
that subjects face equal prospects ex-ante), and agency (so that subjects have similar
ability to determine their payoffs). There are many games where players do not face
similar opportunities ex-ante, or similar payoffs. Thus, their notions of the fairness of
a payoff outcome within a game may be determined by the range of possible outcomes

that are theoretically possible ex-ante.

The notion of relative fairness of payoff outcomes is captured by transforming the
entire convex hull of possible ex-ante payoffs. The payoff outcome determined by
randomizing play (u; us) = ((a1+b1+c1+dy)/4, (ag+ba+co+ds)/4)) is shifted so that
it represents the new origin, as depicted in the transformed game represented in Figure
1.4. The fairness of a payoff outcome is measured by how close it comes to minimize the
difference in payoffs received by both players in this transformed game. Graphically,
we can envision a series of iso-fairness indifference curves parallel to a 45 degree line
from the new transformed origin. Figure 1.4 shows the iso-fairness indifference curves
passing through the least, and most, fair payoff outcomes in this generic game. Payoff
outcomes on the iso-fairness indifference curve that passes through the point that
minimizes (maximizes) the difference in payoff outcomes for both players receive an
unfairness score of zero (100). For any generic payoff outcome (such as point ‘¢’ in
Figure 1.4), we can define the iso-fairness indifference curve that it lies on. We then

calculate the distance from this curve to the most fair indifference curve, relative to
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the distance between the two extreme indifference curves, and generate an unfairness
score on a scale of zero to 100. Relative fairness scores are calculated by subtracting

the unfairness score from 100.

Figure 1.4: Relative Fairness
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Selfishness

While the efficiency, absolute fairness (equality), and relative fairness scores of a
payoff outcome are the same for both players, selfishness scores are different. The
selfishness of a payoff outcome is measured by how close it comes to maximizing the
payoff received by each individual player. Graphically, we can envision a series of
iso-selfishness indifference curves that are vertical (horizontal) for Player 1 (Player
2). Figure 1.5 shows the iso-selfishness indifference curves for both players passing
through the least, and most, selfish payoff outcomes in this generic game. Payoff
outcomes on the iso-efficiency indifference curve that passes through the point that
minimizes (maximizes) the payoff outcome for each player receive a selfishness score
of zero (100). For any generic payoff outcome (such as point ‘¢’ in Figure 1.5), we
can define the iso-selfishness indifference curve that it lies on. We then calculate the
distance from this curve to the most selfish indifference curve, relative to the distance
between the two extreme indifference curves, and generate a selfishness score on a scale

of zero to 100.
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Figure 1.5: Selfishness
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The methodology for how the efficiency, absolute fairness (equality), and relative
fairness scores are calculated for the symmetric payoff versions of the four games
studied in this paper (Battle of the Sexes, Prisoner’s Dilemma, Chicken, and Stag
Hunt) are presented in Appendix A2. Note that when payoffs are perfectly symmetric,

absolute fairness (equality) and relative fairness notions coincide.

1.2.4 Initial attractions towards strategies (Pre-experimental Phase up-

dates)

McKelvey and Palfrey (1995) introduce the idea of a Quantal Response Equilib-
rium (QRE), which uses statistical methods for predicting subject choices in a game-
theoretic setting. Players best-respond to expected payoff utilities received by choosing
particular actions, given their beliefs about the probability distribution of their oppo-
nent’s actions. However, best responses are not played with certainty given that the
expected payoff utilities calculated suffer from ‘errors’ which represent the bounded
rationality of players. The best-response function is probabilistic in nature, which
eventually converges to a fixed point. The learning model presented here has similar
properties, but is slightly non-standard because I only allow for players to access a
restricted set of automaton strategies, and so bound the strategy set in a specific way.

I construct beliefs that players have regarding the probability distribution of their op-
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ponent’s strategies using the logistic version of the QRE, and find that the algorithm
leads to a fixed point. The intent here is not to explain how players learn to acquire
mutually consistent beliefs, but rather to fit laboratory data to an equilibrium model

incorporating noisy rational expectations.

As described above, the learning model contains 26 initial strategies considered
by both players, represented by one-state and two-state automata. For the ease of
exposition, let M; and M; denote the sets of 26 strategies available to Players 1 and
2 respectively.® For all 676 potential strategy pairs, I calculate the long-run average
payoff for both players. The 26 x26 matrix of potential payoffs has rows that denote
the strategy choices of Player 1 and the columns denote the strategy choices of Player
2. Using the formulae for efficiency, absolute fairness (equality), relative fairness, and
selfishness, I construct 26x26 matrices for these four indices. These are combined to
form a composite matrix, denoted as H; which is the composite matrix for Player 1.
Similarly, I also construct a 26x26 matrix of composite scores where the rows denote
the strategy choices of Player 2 and the columns denote the strategy choices of Player
1, denoted as Hs.

The elements in Hywhere Player 1 chooses strategy ¢ and Player 2 chooses strategy

J, is given by:

Hl,i,j = 04E17i7j + 6AF171'7]' + 5RF17Z'7]' + (1 — O — 5 — 5)81,1',]'

The parameter a captures the propensity that players have towards efficient strate-
gies, while S captures the propensity towards strategies that lead to equal payoffs,
and § captures the propensity towards fair strategies, while the parameter (1 — a —
 — 0) captures propensities towards strategies that maximize selfish payoffs. For
a given parameter value of (a,3,9), the matrices H; and H, are stationary. Let
P1 = {P11,P125 - PLi> Prjs - D126} and po = {Pa1, P22, --Pais P2y -+, Pa26 ) denote the
initial probability distribution (propensities) that Player 1 and Player 2 have towards
playing the 26 different strategies. If Player 1 believes that Player 2 is playing strate-
gies based on a probability distribution py = {p21, P22, -2, D2, --» P2,26}, then the

3This is only for the sake of exposition. Both players actually have access to the same set of
strategies.
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expected composite score for playing strategy ¢ for Player 1 is given by:
Hi; = (Huyj* pay)-

Expected utilities for players are constructed from these expected composite scores. I
assume (as in the QRE model) that the bounded rationality of players leads to ‘errors’
in the calculation of these expected composite scores, such that u,,;, = F[Li + 6172'.4
I further assume that the errors €;; are identical and independently distributed and
have an EV(1) distribution. In addition, I have the behavioral assumption that players
choose strategies that have higher expected composite scores. Thus, Player 1 has a
behavioral tendency to select a strategy i if uy,; = u xVk € M. Similarly, Player 2
has a behavioral tendency to select a strategy j if us; = U2, Vk € M. Given the EV1
distribution of the errors, for an initial (p1, p2), Player 1 and Player 2’s can recalculate
their propensities towards their strategies using the following formulae for the logistic
version of the QRE:

S exp(A(ti1,:)) s exp(A(d2,5)) 56
Dii = S e, (capOr i 2) and pa ; = > enr, €@P(A(2,))

The parameter A\, which is greater than or equal to zero, captures the scaling effect,
and sensitivity towards the composite scores. In this logistic transformation, it rep-
resents the extent to which strategies with higher attractions are favored in strategy
choice. When A = 0, all strategies are equally likely to be chosen, regardless of their

attractions. As A increases, strategies with higher attractions become disproportion-

4There are a number of interpretations of these ‘errors’ as discussed in Haile, Hortacsu, and
Kosnenok (2007). It is not necessary to take these ‘errors’ in composite score calculations literally. It
is simply possible that players use strategies that are ‘arbitrarily close’ to a best-response rather than
‘always fully optimal’ This interpretation has an intuitive appeal, especially given the challenging
assumption of completely rational expectations about opponents’ behavior that exist in all optimal
best-response game-theoretic models. These deviations from ‘always fully optimal’ best-responses can
also be viewed as a way to ‘smooth out’ best-response functions so as to obtain more robust predictions
as in Rosenthal (1989). McKelvey and Palfrey (1995) suggest that these ‘errors’ have natural economic
interpretations. These ‘errors’ can simply reflect unmodeled costs of information processing involved
in calculating ‘always fully optimal’ best-response strategies. It is also possible that the ‘errors’
reflect unmodeled determinants of the players’ utilities. This interpretation is appealing in many
applications since a fully specified theoretical model can, of course, only approximate a real economic
environment.

5T rescale values such that maz; (D, Ha ;i % p1,i) and ma:vi)\(zj H, ; j *p2,;) has a value of 700,
because the algorithm cannot calculate values above exp(700).

6It is an empirical question whether the logit, probit, or power forms fit better (adjusting for
degrees of freedom). Previous studies show roughly equal fits of logit and power (Tang (1996), Chen
and Tang (1998), Roth and Erev (1997)), or better fits for the logit form than the power form
(Camerer and Ho (1998).



32

ately more likely to be chosen. In the limiting case A — oo, the strategy with the

highest attraction is chosen with probability one.

Thus, for any initial point (p;,pe) in the [0,1]*X [0,1]?° simplex that satisfies
>ipii = land Y;po; = 1, I have a mapping that generates a new point (py, p2)
in the same simplex. The mapping routine continues until the following convergence

criterion for the simulations is satisfied.

mazicalpri(m) — pri(m — 1)] < € and maxjealpsj(m) — paj(m —1)| < e for € =

0.00001 for iteration m.

While the existence of the fixed point is guaranteed?, in principle, it is possible to
have a simulation run that does not satisfy the convergence criterion if € is very small.
However, I obtained convergence in all cases, with one caveat. For some parameter
groups («, 3,9, \), the covergence algorithm reaches an alternation between two points,
back and forth in succession. For the sake of exposition, let us label these points (1, po)
and (P1, o). For all such situations, I introduce a parameter v € [0, 1], and consider
linear combinations of the two probability distributions as the final fixed point. So, the
final fixed points I consider are (py,p2) = v(P1,P2) + (1 — ¥)(P1, P2) , normalized such
that (p1, po) still satisfies the properties of a probability distribution. I evaluate possible
values of v ranging from {0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.8, 1.0}, thus considering
linear interpolations of the two probability distributions between which the algorithm

is cycling.

It is important to note the mapping is not a contraction, so the fixed point is not
unique. The fixed point reached at the end of the convergence algorithm depends on
the starting probability distribution selected. I choose a natural starting point, where
both players assume a uniform distribution over the opponent’s likelihood of playing
strategies. Thus, the initial starting point for (p;, p2) is a uniform distribution across all
26 strategies for both players. A natural question is whether the choice of a uniform
distribution as a starting point might be restrictive. 1 have run simulations using

100,000 randomly chosen starting probability distributions, to check if they converge

7As shown in Appendix A3
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to different fixed points. A small set of fixed points could suggest that there is a
relatively small universe of player ‘types’, whose ‘pre-experimental’ preferences are
represented by these converged fixed points. For all four games, I find a small set of
limiting distributions, and in most cases, the payoff outcomes when starting from the
uniform distribution is a reasonable representation of all possible ‘types’ of players’
‘pre-experimental’ preferences. The payoff outcomes for both players, when using this

set of limiting distributions, is presented in Appendix A4.

The converged fixed point when starting from a uniform distribution probability
distribution for both players represents the initial attractions that players have towards
strategies, developed in the ‘pre-experimental’ phase of game-play. These fixed points

are similar to a QRE, but with important differences described above.

1.2.5 Updating attractions towards strategies (Experimental Phase up-

dates)

The previous few sections show an algorithm where the players’ attractions towards
efficiency, equality, fairness, and selfishness help determine the initial attractions they
have towards each strategy from the set of 26 strategies representable by one-state
and two-state automata. One interpretation of these attractions is the tendencies that
players ‘bring into the lab’, prior to playing any of the rounds in the laboratory. For
a repeated game setting, it is important to model how these initial attractions are
updated after each round. In any appropriate learning model, players must update
their attractions in a way to best-respond to the outcomes of observed play. To incor-
porate a sense of ‘best-response’ to observed play during the different rounds, I add
the payoffs generated from each round to the expected composite scores being used to
calculate attractions towards strategies. Thus, the updating of the initial attractions

of strategy learning is done through reinforcement of payoffs as in Hanaki et al (2005).

Before the first round, Player 1 has a 26 x26 composite score matrix H; and Player
2 has a 26x26 composite score matrix Hy. Let py = {P11,P1.2, -, P1.is D1y, - P1,26}
and po = {Pa1, P22, --Pai, P2,j, -+, D226} denote the converged fixed point probability
distribution (propensities) that Player 1 and Player 2 have towards playing the 26
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different strategies. The expected composite score for playing strategy i (strategy j)
for Player 1 (Player 2), is given by:

ﬁm = >;(Hy;j * p2,;) and f{Q,j =i (Haji*pP1s) -

In the repeated game, for any round, let Player 1 choose strategy i and let Player
2 choose strategy j, and let the payoff for both players be a; and as respectively. 1
update the expected composite score for Player 1’s strategy ¢ by adding in the payoft:
H i = H 1i + a1 , while all the expected composite scores for the other strategies re-
main unchanged. Thus, the expected composite score for the strategy that the player
chose in a particular round is updated to reflect the effects of that choice (i.e the
payoffs), while the expected composite scores for all other unchosen strategies remain
unchanged. Similarly, for player 2, I update the expected composite score for Player
2’s strategy j by adding in the payoft: ijg,j = ﬁg,j + ay , while all the expected com-
posite scores for the other strategies remain unchanged. After every round, attractions
towards strategies in the next round are then re-calculated using the logistic algorithm
described in the earlier section. Updating propensities in this way means that if the
payoffs from choosing a particular strategy in a particular round are larger, then it
increases the likelihood of players choosing that strategy in future rounds by a larger

amount. Draws taken from these constantly updated propensities are used to simulate

play between players.

The learning model described here is flexible enough to easily adapt to an asym-
metric payoff setting since the values for efficiency, equality, fairness, and selfishness
update naturally based on the geometry of the payoff space. The model also deals well
with restricted information environments. If a player is only aware of her own payoffs,
then she has no notion of efficiency, absolute or relative fairness. In this circumstance,
the matrices E, AF amd RF take on a value of zero, and players’ composite scores

only consider their selfishness concerns.
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1.3 Results

The model attempts to capture behavior seen in the laboratory for repeated games
such as Battle of the Sexes, Chicken, Prisoner’s Dilemma, and Stag Hunt. These
games represent a broad class of scenarios with different kinds of cooperative and non
cooperative equilibria. A model that attempts to understand behavior should be able
to predict behavior in a wide range of games. The four 2 X 2 games, though simple,
capture important aspects of everyday experiences, such as cooperation, coordination
and reciprocity. In the Prisoner’s Dilemma, for most payoff matrices, the dominant
action of the player is to defect. Thus (B,B) is theoretically predicted to be the
most common outcome of the game. Meanwhile, the Battle of the Sexes has two
pure-strategy Nash equilibria denoted by (A,B) and (B,A) respectively. Alternating
between the two Nash equilibria in a deterministic way can lead to outcomes that are
Pareto efficient but also give both players equal payoffs. The Stag-Hunt game has two
pure-strategy equilibria denoted by (A,A) and (B,B). However, outcome (A,A) is the
payoff-dominant Nash equilibrium. The Chicken game has a mixed symmetric Nash
equilibrium and two pure-strategy Nash equilibria (A,B) and (B,A). However, the
mutual co-operation outcome of (A,A) yields higher payoffs than alternating between
the two pure-strategy Nash equilibria. Thus, the four games cover a range of different

scenarios and the model attempts to capture behaviour in all of them.

1.3.1 Experimental subjects

All four games are played in three treatment settings, by changing the payoffs,
or providing subjects with differing levels of information. The three treatments are

described below.

Full Information, Symmetric Payoffs

In this treatment, subjects have full information about their own payoffs, as well as
their opponents’ payoffs. Payoffs are symmetric, so the payoffs for playing a particular
strategy depend only on the strategies employed, not on who is playing them. The
experimental data for this treatment is sourced from Mathevet and Romero (2012),

who studied a total of eight games. The payoffs of the subjects in the four games that
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are the focus of this paper are reported in Table 1.2. The experimental sessions were
run at the Vernon Smith Experimental Economics Laboratory at Purdue University.
Subjects interacted on computers using an interface that was programmed using the z-
Tree software (Fischbacher, 2007). Subjects’ final payoffs consisted of the sum of their
earnings from all periods of the experiment. With the completion of the experiment,

subjects were paid their cash earnings in private. The average payoff was $16.85.

Table 1.2: Full Information, Symmetrics Payoffs Matrix

A B |[ [A[B]
Al3,3] 1,4 |[[A]3,3]0,2
B|41] 2,2 |[B|20]11

(a) Prisoner’s Dilemma (b) Stag Hunt
A B Jl [A]B]
A|1,1] 2.4 |[A]3.3]1,4
Bl42| 1,1 |[B|41]0,0
(c) Battle of the Sexes (d) Chicken

The game-play consisted of a fixed matching protocol. There were a total of 16
sessions consisting of 314 subjects. In each session, subjects played a total of three
supergames. Subjects never played the same game twice, and were never matched with
another subject twice. At the beginning of each supergame, each subject was randomly
paired with one other subject and they played a 2 X 2 game repeatedly with the same
partner. After all pairs had finished their supergames, subjects were rematched with
a new partner that they had not been matched with before, and played a game that
they had not played before. The length of the supergame was determined using the

following termination rules :

e T30 - 30 rounds were played with certainty, and then starting in the 31st round,

the continuation probability 0.9, so the expected length of each supergame was 40.

e TO - Starting in the first round, the continuation probability was 0.99, so the

expected length of each supergame was 100.

In each round, subjects were asked to select a choice (A or B). The payoffs were

displayed in a table, and players roles were always the same (i.e. they didn’t have
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to switch between row and column player). The final experimental data consists of
70, 70, 70 and 50 observation pairs in the Prisoner’s Dilemma, Battle of the Sexes,

Chicken and Stag Hunt game, respectively.

Full Information, Asymmetric Payoffs

In this treatment, I perturb the payoff matrix in Mathevet and Romero (2012) so
that payoffs are no longer symmetric. Subjects are still fully aware of both their own
payoffs, as well as those of their opponents. The experimental sessions were run at
the Economic Science Laboratory at the University of Arizona. Subjects interacted
on computers using a Google Chrome interface that was programmed using Python.
Subjects’ final payoffs consisted of the sum of their earnings from all periods of the
experiment. With the completion of the experiment, subjects were paid their cash

earnings in private. The average payoff was $15.2.

Table 1.3: Full Information, Asymmetric Payoffs Matrix

A1 B |l | A |B]
A[3,251,35|[A]253](0,2
Bl45 1] 2.2 |[B] 20 | 1,1

(a) Prisoner’s Dilemma (b) Stag Hunt
| A [ BJL [ A]B ]
A 1,1 |2,45|[A 25 31,45

)

B[352 1,1 |[B[35 1] 0,0
(c) Battle of the Sexes (d) Chicken

The game-play consisted of a fixed matching protocol. There were a total of 7
sessions consisting of 100 subjects. In each session, subjects played all four supergames.
Subjects never played the same game twice and were never matched with another
subject twice. At the beginning of each supergame, each subject was randomly paired
with one other subject and they played a 2 X 2 game repeatedly with the same partner.
After all pairs had finished their supergames, subjects were rematched with a new
partner that they had not been matched with before, and played a game that they
had not played before. The length of the supergame was determined using the following

termination rules :
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e TO - Starting in the first round, the continuation probability was 0.99, so the

expected length of each supergame was 100.

In each round, subjects were asked to select a choice (A or B). The payoffs were
displayed in a table, and players roles were always the same (i.e. they didn’t have to
switch between row and column player). The final experimental data consists of 50
observation pairs in all four games. The instructions for this treatment settings are
available in Appendix A6, while a screenshot showing the interface seen by subjects is

available in Appendix AT7.

Dark Information, Symmetric Payoffs

In this treatment, I use the same payoff matrix as in Mathevet and Romero (2012),
but subjects can only see their own payoffs and their opponents’ action choices, but can-
not see their opponents’ payoffs. The experimental sessions were run at the Economic
Science Laboratory at the University of Arizona. Subjects interacted on computers
using a Google Chrome interface that was programmed using Python. Subjects’ final
payoffs consisted of the sum of their earnings from all periods of the experiment. With
the completion of the experiment, subjects were paid their cash earnings in private.

The average payoff was $15.1.

Table 1.4: Dark Information, Symmetric Payoffs Matrix

L [A] B [ [A[B]
A3 ] 1, A3 ]0,
B4 | 2 B2 |1,
(a) Prisoner’s Dilemma (b) Stag Hunt

(Al B J| [A]B]
AL 2 INERE?
B4 | 1, B4, |0,

(c) Battle of the Sexes (d) Chicken

The game-play consisted of a fixed matching protocol. There were a total of 12 ses-
sions consisting of 100 subjects. In each session, subjects played all four supergames.

Subjects never played the same game twice, and where possible, were never matched
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with another subject twice. At the beginning of each supergame, each subject was ran-
domly paired with one other subject and they played a 2 X 2 game repeatedly with the
same partner. After all pairs had finished their supergames, subjects were rematched,
where possible, with a new partner that they had not been matched with before, and
played a game that they had not played before. The length of the supergame was

determined using the following termination rules :

e TO - Starting in the first round, the continuation probability was 0.99, so the

expected length of each supergame was 100.

In each round, subjects were asked to select a choice (A or B). The payoffs were
displayed in a table, and players roles were always the same (i.e. they didn’t have to
switch between row and column player). The final experimental data consists of 50
observation pairs in all four games. The instructions for this treatment settings are
available in Appendix A6, while a screenshot showing the interface seen by subjects is

available in Appendix A7.

Ezxperimental Data Patterns

There are many interesting patterns observable in the experimental data. The first
result is that there is a clear treatment effect on the actions of subjects. The best
illustration of this is provided in Figure 1.6 below which shows the heat map with the
relative frequency of each payoff combination over the last 20 periods of game-play for
the experimental subjects. The relative frequency of a payoff combination is denoted
by a circle located on the coordinates that correspond to that combination; the larger
the circle, the higher the (relative) frequency of that combination. I also display the
set of feasible payoffs. Across the three treatments, the patterns in the final set of
outcomes are not entirely captured by the Nash equilibria outcomes, but also do not

support the entire set of Folk Theorem payoffs.

There is remarkable coordination on alternation between pure Nash equilibria out-
comes in the full information, symmetric payoff setting of Battle of the Sexes (37%
of subjects), an outcome that promotes both efficiency and fairness. However, this

coordination breaks down when payoffs become asymmetric with only 12% of subjects
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alternating, and 15% of subjects ending up at each of the two pure Nash equilibria
outcomes. Subjects are clearly acting more selfishly when payoffs become asymmet-
ric. Finally, if subjects only have information about their own payoffs, this notion of
selfishness becomes even more potent with 36% of subjects ending up at each of the

two pure Nash equilibria outcomes, with only 4% of subjects managing to alternate.

In the Prisoner’s Dilemma, there is a tension between the dominant strategy of
defection against the payoff-dominant situation of mutual cooperation. In the full
information, symmetric payoff setting, although there are some subjects (23%) that end
up at the mutual defection outcome, a large number (46%) are able to coordinate on
the efficient and fair mutual cooperation outcome. However, this coordination breaks
down when payoffs become asymmetric, with 42% of subjects mutually defecting, and
only 8% of subjects ending up at the mutual cooperation outcome. This breakdown
is further exacerbated once payoff information becomes limited, with 62% of subjects
ending up at the mutual defection outcome, and no pair successfully coordinating on

the mutual cooperation outcome.

Although the game of Chicken has three potential Nash equilibria outcomes, most
subjects in the full information, symmetric payoff setting (56%) end up at the pay-
off dominant mutual cooperation outcome, which is not a Nash equilibria outcome.
Once payoffs become asymmetric, this coordination breaks down (only 22% of sub-
jects), while 4% of subjects end up at each of the two pure strategy Nash equilibria
outcomes. This breakdown is further exacerbated once payoff information becomes
limited, with only 10% of subjects ending up at the mutual cooperation outcome, and
29% of subjects ending up at each of the two pure strategy Nash equilibria outcomes.
The notion of selfishness becomes more potent once payoffs become more asymmetric,

or payoff information becomes limited.

Although the game of Stag Hunt has three potential Nash equilibria outcomes, the
mutual cooperation outcome is payoff dominant. Not surprisingly, an overwhelming
number of subjects in the full information, symmetric payoff setting (86%) end up
at this outcome. Once payoffs become asymmetric, this coordination breaks down

slightly (only 58% of subjects), while 10% of subjects end up at the mutual defection
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Nash equilibria outcome. This breakdown is not as bad in the limited payoff informa-
tion setting, because selfishness by both players also leads to the mutual cooperation
outcome. 66% of subjects ending up at the mutual cooperation outcome, and 16% of

subjects ending up at the mutual defection Nash equilibria outcome.



Figure 1.6: Experimental patterns across different treatments
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1.3.2 Simulated subjects

The learning algorithm described in Section 2 is used to simulate play between pairs

of players. I have run a grid search over different parameter values, with

a €{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},
g €40,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},
9 €{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},
A €{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},

and v € {0,0.1,0.2,0.3,0.4,0.5, 0.6, 0.7,0.8,0.9, 1}.

For most parameter values, the converged fixed points for the initial attractions
follow a pattern where most of the probability weight is on a few well-known strate-
gies. For example, Figure 1.7 shows the histogram of the probability distribution
for the converged initial attractions for both players across all four games in the
full information, symmetric payoffs treatment, when considering parameter values

(@=02,3=0,6=08X=05=0.7)
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Figure 1.7: Converged initial attractions for the two players in each of the four games
(full information, symmetric payoffs treatment)
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To simplify the discussion, I focus on strategies with limiting probability weights
greater than or equal to 5%. These strategies are, in a sense, the principal strategies

that players ‘bring to the laboratory’ for the ‘experimental” phase.

Battle of the Sexes

Strategies A11 and A24 mechanically alternate between two states, but have different
initial states. Strategy A12 or the ‘co-ordinate once’ strategy starts by playing action
A and regardless of the opponent’s action, switches to state B. It stays in this state if
the opponent plays B; otherwise it returns to state A for one round before returning to
state B. Strategy A18 or the ‘punish once’ strategy is qualitatively identical to strategy
A12, with the role of the two actions reversed. Strategies A4 and A19 are ‘tit-for-tat’
strategies, where players match the action taken by the opponent. Strategy A3 is a
‘punish once’ strategy, which starts by playing action A and remains in that state until
the opponent plays B. At this point, the strategy plays B once before returning to play
A irrespective of the opponents’ action. Strategy A25 or the ‘co-ordinate once’ strategy

is qualitatively identical to strategy A3, with the role of the two actions reversed.

Note that strategies A3, A12, A18 and A25, when matched with any of the other
strategies having significant weights, eventually achieve perfect alternation between the
two pure strategy stage-game equilibria. Since these ‘flexible’ strategies are among the
ones that have the highest weights, players in the ‘experimental’ stage will eventually
learn how to use them even if initial actions are not coordinated on the equitable and

efficient outcome.

Prisoner’s Dilemma

For both players, strategies obtaining high limiting probability weights are ‘always
play A, ‘punish once,” ‘tit-for-tat,” ‘quick B, then A,” ‘BA triggers A,” and ‘BB triggers
A’, respectively. The ‘always play A’ strategy prescribes playing the action A forever
in all scenarios. The ‘quick B, then A’ strategy starts at action B and and then
mechanically moves to state A and stays there forever after. The ‘BA triggers A’
strategy starts at action B and stays at at that state as long as the opponent plays B.
As soon as the opponent plays A once, the strategy dictates playing A forever after.
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The ‘BB triggers A’ strategy starts at action B and stays at at that state as long as the
opponent plays A. As soon as the opponent plays B once, the strategy dictates playing
A forever after. When most of these six strategies are played amongst themselves,
the observed history of actions will involve mutual cooperation in all periods. The
set of strategies with limiting probability weights are similar to the ones predicted in
Hanaki et al (2005) and Dal Bo and Frechette (2015), which consider finite repetition

of rounds, and bounded complexity of strategies respectively.

Chicken

For both players, the strategies ‘punish once,” ‘tit-for-tat,” ‘win-stay-lose-shift,” ‘BB
triggers A,” and ‘suspicious punish once’, respectively are the ones with the high prob-
ability weights. The ‘win-stay-lose-shift’ strategy dictates that players will continue
playing their current action if they receive a payoff higher than their opponent, and
will shift to the other action if they receive a payoff lower than their opponent. If
these strategies are played only among themselves, we expect to mostly observe only

the efficient and fair outcome as both players continue to play action A.

Stag Hunt

For both players, strategies obtaining high limiting probability weights are ‘punish
once,’ ‘tit-for-tat,” ‘quick B, then A,” ‘BA triggers A,” and ‘BB triggers A’ respectively.
If these five strategies are played amongst themselves, the observed history of actions

will likely involve mutual cooperation in all periods.

After examining the strategies with high limiting probability weights from the first
phase, I expect that efficient and fair outcomes are preferred in the ‘pre-experimental’
phase in the full information, symmetric payoff setting. The limiting probability
weights for the other two treatments are provided in Appendix A5.

1.3.3 Comparison between simulations and experimental subjects

Full Information, Symmetric Payoffs
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The experimental data has 70 observation pairs for the Battle of the Sexes game.
For each observation pair, I note the number of rounds played, and simulate play
for the same number of rounds between a ‘simulated pair,” using a parameter group
(e, 8,9, \,7y) to generate propensities towards strategies. I then calculate average pay-
offs for the experimental subject pair in the last 20 rounds, and also calculate average
payoffs for the simulated subject pair in the last 20 rounds. Finally, I calculate the
Euclidean distance between the two average payoffs. Note that for the Battle of the
Sexes game, [ have 70 experimental subject pairs and 70 simulated subject pairs. These
pairs have to be matched to each other in a way that globally minimizes the sum of
the Euclidean distance across all 70 pairs. I use the Kuhn-Munkres algorithm (also
known as the Hungarian assignment problem algorithm) described in Kuhn (1955) to

perform this objective.

The grid search over the different parameter groups (o, 3,4, A, ) attempts to find
parameters that minimizes this Kuhn-Munkres distance across all four games. The pa-
rameter values (« = 0.2, =0,5 = 0.8, A = 0.5, = 0.7) minimize the errors between
average payoff points between experimental subject pairs and simulated subject pairs
across all four games. Figure 1.8 below shows the heat map for the computational
simulations and the experimental results with human subjects using parameter values
(¢ =0.2,6=0,0 =0.8,A= 0.5y =0.7), and shows the relative frequency of each
payoff combination over the last 20 periods of game-play. The relative frequency of a
payoff combination is denoted by a circle located on the coordinates that correspond
to that combination; the larger the circle, the higher the (relative) frequency of that
combination. I also display the set of feasible payoffs.

The model slightly over-predicts the level of alternation between pure Nash equilibria
outcomes in the Battle of the Sexes, and slightly underpredicts the mutual defection
outcome in Prisoner’s Dilemma, but for the most part, does a good job of predicting

the outcome patterns of subjects in the four games.
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The grid search shows that both efficiency and fairness measures are important, but
selfishness is not a significant concern when attempting to minimize errors across all
four games in this treatment. Parameter values that highlight selfishness concerns
may perform well for one or two of the games individually, but perform very poorly
when attempting to explain behavior in all four games simultaneously. Table 1.5 be-
low present the error rate for different parameter combinations when placing either no
weight, or all the weight, on the considerations of efficiency, fairness, and selfishness®.
The error rates are significantly higher when efficiency, or fairness, measures are ig-
nored. The closest fit to the experimental dataset places no weight on selfishness, and

a much higher weight on fairness relative to efficiency.

Table 1.5: Full Information, Symmetric Payoffs Error Rate

. . . Global
Efficiency | Equality | Fairness | Selfishness | QRE Scale | Gamma Euclidean
@ | @ | @ [Y5 » | @)| Distance
1 0 0 0.8 0.2 0.9 0.6 154
2 1 0 0 0 0.3 0.2 291
3 0 1 0 0 0.7 1 323
4 0 0 1 0 0.9 0.4 238
5 0 0 0 1 0.1 0 508
6 0.2 0 0.8 0 0.5 0.7 133

Full Information, Asymmetric Payoffs

The experimental data has 50 observation pairs for the Battle of the Sexes game.
For each observation pair, I note the number of rounds played, and simulate play
for the same number of rounds between a ‘simulated pair,” using a parameter group
(av, 8,9, A, 7y) to generate propensities towards strategies. I then calculate average pay-
offs for the experimental subject pair in the last 20 rounds, and also calculate average
payoffs for the simulated subject pair in the last 20 rounds. Finally, I calculate the
Euclidean distance between the two average payoffs. Note that for the Battle of the
Sexes game, [ have 50 experimental subject pairs and 50 simulated subject pairs. These

pairs have to be matched to each other in a way that globally minimizes the sum of

8Note that in the full information, symmetric payoff setting, absolute and relative fairness measures
are the same, so we should think of (§ + J) as the combined weight on fairness
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the Euclidean distance across all 50 pairs. I use the Kuhn-Munkres algorithm (also
known as the Hungarian assignment problem algorithm) described in Kuhn (1955) to

perform this objective.

The grid search over the different parameter groups (a, 3,9, A,7y) attempts to find
parameters that minimizes this Kuhn-Munkres distance across all four games. The pa-
rameter values (o = 0.3, =0,6 = 0.6, A = 0.3,y = 1.0) minimize the errors between
average payoff points between experimental subject pairs and simulated subject pairs
across all four games. Figure 1.9 below shows the heat map for the computational
simulations and the experimental results with human subjects using parameter values
(¢ =03,8=0,6 =0.6,\ = 0.3,y = 1.0), and shows the relative frequency of each
payoftf combination over the last 20 periods of game-play. The relative frequency of a
payoff combination is denoted by a circle located on the coordinates that correspond
to that combination; the larger the circle, the higher the (relative) frequency of that

combination. I also display the set of feasible payoffs.

The experimental data for Battle of the Sexes is spread out pretty uniformly over
the entire convex hull of potential payoffs, and the model does a poor job of capturing
this, and overpredicts payoff outcomes close to uniform randomization. The model also
slightly overpredicts the mutual cooperation pattern in Prisoner’s Dilemma. However,
the model does a good job of predicting a high rate of mutual defection in Prisoner’s
Dilemma, a small rate of mutual cooperation in Chicken, and both the mutual co-
operation, as well as the alternation of the mis-coordination payoff outcomes in Stag

Hunt.
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The grid search shows that efficiency, selfishness and fairness measures are all im-
portant, but equality is not a significant concern when attempting to minimize errors
across all four games in this treatment. Parameter values that highlight equality con-
cerns may perform well for one or two of the games individually, but perform very
poorly when attempting to explain behavior in all four games simultaneously. Table
1.6 below present the error rate for different parameter combinations when placing ei-
ther no weight, or all the weight, on the considerations of efficiency, equality, fairness,
and selfishness. The error rates are significantly higher when efficiency, fairness, or
selfishness measures are ignored. The closest fit to the experimental dataset places
no weight on equality, and a much higher weight on fairness relative to efficiency and

selfishness.

Table 1.6: Full Information, Asymmetric Payoffs Error Rate

Efficiency | Equality | Fairness | Selfishness | QRE Scale | Gamma ES;}EB:;D

@ | @ | @ Y5 o | @ | Distance
1 0.3 0.3 0.4 0.6 0.1 194
2 1 0 0 0 0.1 0.3 254
3 0.3 0 0.6 0.1 0.3 1 164
4 0 1 0 0 0.2 0.4 355
5 0.3 0.5 0 0.2 0.4 0.9 207
6 0 0 1 0 0 0.9 358
7 0.3 0.1 0.6 0 0.3 0.5 192
8 0 0 0 1 0 0 362

Dark Information, Symmetric Payoffs

The experimental data has 50 observation pairs for the Battle of the Sexes game.
For each observation pair, I note the number of rounds played, and simulate play
for the same number of rounds between a ‘simulated pair,” using a parameter group
(e, 8,9, A, 7y) to generate propensities towards strategies. I then calculate average pay-
offs for the experimental subject pair in the last 20 rounds, and also calculate average
payoffs for the simulated subject pair in the last 20 rounds. Finally, I calculate the
Euclidean distance between the two average payoffs. Note that for the Battle of the
Sexes game, [ have 50 experimental subject pairs and 50 simulated subject pairs. These

pairs have to be matched to each other in a way that globally minimizes the sum of
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the Euclidean distance across all 50 pairs. I use the Kuhn-Munkres algorithm (also
known as the Hungarian assignment problem algorithm) described in Kuhn (1955) to

perform this objective.

The grid search over the different parameter groups (a, 3,9, A,7y) attempts to find
parameters that minimizes this Kuhn-Munkres distance across all four games. Since
the matrices F, AF' amd RF take on a value of zero in this treatment, the exact
values of a, f and d are not relevant, and the only parameter of interest is the weight
on selfishness concerns 4 = 1 — a — f — §. The parameter values (p = 0.1, =
0.7, = 0.6) minimize the errors between average payoff points between experimental
subject pairs and simulated subject pairs across all four games. Figure 1.10 below
shows the heat map for the computational simulations and the experimental results
with human subjects using parameter values (= 0.1, A\ = 0.7, = 0.6), and shows
the relative frequency of each payoff combination over the last 20 periods of game-play.
The relative frequency of a payoff combination is denoted by a circle located on the
coordinates that correspond to that combination; the larger the circle, the higher the

(relative) frequency of that combination. I also display the set of feasible payoffs.

The model does a good job in predicting the mass of subjects ending up at the
two pure Nash equilibria outcomes in the Battle of the Sexes, mutual defection in
Prisoner’s Dilemma, the two pure Nash equilibria outcomes in Chicken, and both the
mutual cooperation, as well as the alternation of the mis-coordination payoff outcomes

in Stag Hunt.
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The grid search shows that lower weights on selfishness perform better when at-
tempting to minimize errors across all four games in this treatment. Table 1.7 below
presents the error rate for different weights on selfishness. The error rates are signifi-

cantly higher with higher weights on selfishness.

Table 1.7: Dark Information, Symmetric Payoffs Error Rate

Selfishness QRE Scale | Gamma | Global Euclidean
(1—a—-p-9) (A) (7) Distance
1 0 0.6 0.8 255
2 0.1 0.7 0.6 232
3 0.2 0.3 0.4 239
4 0.3 0.3 0.6 272
5 04 0.2 0.3 259
6 0.5 0.3 0.7 292
7 0.6 0.2 0.5 329
8 0.7 0.2 0 361
9 0.8 0.2 0.4 368
10 0.9 0.2 0.5 413
11 1 0.1 0 445

1.4 Robustness Checks

The learning model described in the sections above captures tendencies that players
have towards efficiency, absolute fairness (equality), relative fairness, and selfishness
of long-run average payoffs in choosing initial attractions in the ‘pre-experimental’
phase before players actually start playing the game, and augments them by consid-
ering preferences where players react to stage-game payoffs received in every round
to update tendencies towards strategies. During the rounds of the game, players get
more and more attracted towards strategies that grant them higher stage-game pay-
offs, even if they initially started with ‘good intentions’, where they based their initial
attractions towards strategies taking fairness and efficiency concerns into consider-
ation. It is clearly a modelling choice to consider efficiency, equality, fairness, and
selfishness concerns of long-run average payoffs to calculate initial attractions in the
‘pre-experimental’ phase, and then augment them with stage-game payoff related con-
cerns in the ‘experimental’ phase. To ensure that this modelling choice is not the key

driver behind the results in the following section, I also three alternate specifications.
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e Standard QRE - This specification eliminates the efficiency, equality, fairness,
and selfishness considerations, and instead only uses the long-run average payoffs for
the players from following the automata strategies to generate attractions towards
strategies. The rest of the model, with the fixed points as the ‘pre-experimental’ at-
tractions augmented by stage-game payoffs in the ‘experimental” phase, is kept exactly

the same as the original model.

e No Second Stage - This specification eliminates the stage-game payoff related
concerns in the ‘experimental’ phase. In this specification, only the ‘pre-experimental’
phase using efficiency, equality, fairness, and selfishness considerations of long-run

average payoffs are used to generate attractions towards strategies.

e Attractions towards Actions - This specification uses attractions towards the two
actions, rather than attractions towards the 26 repeated-game strategies. The rest
of the model using efficiency, equality, fairness, and selfishness considerations of long-
run average payoffs to generate attractions towards actions, augmented by stage-game

payoffs in the ‘experimental’ phase, is kept exactly the same as the original model.

I compare all three alternate specifications against the findings of the original model
for the Full Information, Symmetric Payoffs setting. I find that all three alternate
specifications perform worse than the original model used, with only the ‘no second
stage’ model coming close to the performance level of the original model. Table 1.8
shows the comparison between the global Euclidean distance for the different models.
Thus, we can verify that three of the key ingredients of the model, namely 1) using
attractions towards repeated-game strategies rather than attractions towards stage-
game actions, 2) utilities that weigh considerations of efficiency, fairness, and selfishness
of long-run average payoffs rather than simply using the long-run average payoffs, and
3) augmentation of stage-game payoffs to update attractions towards strategies, are

all required to improve the accuracy of the overall model.
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Table 1.8: Global Euclidean Distance Table

’ \ Global Euclidean Distance ‘

Standard QRE 293

No Second Stage 168
Attractions towards actions 268
Model 133

1.5 Conclusion

The experimental patterns about subject behavior in repeated games found in Math-
evet and Romero (2012) show trends that are similar to many earlier studies such as
Rapoport and Chammah (1965) and Rapoport et al (1976). Most learning models, es-
pecially the ones that follow an ‘attractions towards actions’ method to analyse initial
attractions have had limited success in explaining phenomena such as the high degree of
cooperation in the Prisoner’s Dilemma and the alternation between two pure-strategy
equilibria in the Battle of the Sexes game. As discussed earlier, an ‘attractions to-
wards strategies’ method to analyse initial attractions is likely to have greater success.
However, given the large number of possible initial strategies, an estimation of initial
attractions can be challenging. Both Hanaki et al (2005) and Romero and Ioannou
(2014) overcome this by restricting their analysis to strategies that can be analysed

using one-state and two-state automata.

The learning model studied here follows a similar restriction on the strategy space,
but uses weighted versions of efficiency, equality, fairness, and selfishness scores to
evaluate attractions that players have towards strategies. The model adjusts naturally
between symmetric and asymmetric payoffs, and also adjusts naturally if there are
changes in the information structure of the game (e.g if players only know their own
payoffs in the payoff matrix but do not know the payoffs of the opponent). Experi-
mental treatments show that asymmetry in payoffs, or lack of information about the
opponent’s payoffs, leads to a much higher rate of mis-coordination among players.
The learning model captures these trends by placing greater emphasis on efficient and
fair strategies when considering experimental subjects in the full information, symmet-
ric payoff setting, and placing more weight on selfishness in treatment settings where

payoffs are asymmetric, or information is limited. The tendencies of experimental sub-
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jects in various information and payoff settings can only be explained by weighting the
considerations of efficiency, equality, fairness, and selfishness differently. Depending
on the context, different strategies become focal in the minds of subjects, and any one
of these considerations by itself fails to account for many patterns seen in laboratory

results across different information or payoff treatments.

One of the remaining challenges is isolating the motivations behind individual ac-
tions in these 2 X 2 games. For example, players mutually playing the cooperative
action in Chicken leads to payoff outcomes that are simultaneously efficient, equal,
and fair. Similarly, players mutually cooperating in Stag Hunt also leads to payoff
outcomes that are simultaneously efficient, equal, fair, and selfish. It is difficult to
disentangle the motivation that preempted a particular action taken by a player in
this class of games. It will be interesting to study this learning model in a setting with
more actions, where each action highlights each of these motivations individually. 1

am aiming to study this in greater detail in future work.
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Chapter 2

INFINITELY REPEATED GAMES : SELFISHNESS,

EFFICIENCY, OR FAIRNESS?

This paper investigates a learning model where players have attractions towards
efficiency, fairness and selfishness in the payoff outcomes of an infinitely repeated two-
player three-action game. The payoffs are chosen so that one of the players’ actions
emphasizes their attempt to maximize their own selfish payoffs, another action empha-
sizes the maximization of joint payoffs, and the third action emphasizes payoff parity
between both players. We consider both an attractions towards stage-game actions,
and an attractions towards repeated-game strategies learning model to ascertain the
relative weight that players place on these motivations when making decisions in in-
finitely repeated games. We find that 32% of all subject pairs settle on the Nash
equilibrium outcome, while another 12% of subjects pick outcomes that equalize pay-
offs between subjects. The learning models used here show that players value notions

of efficiency and fairness more highly than selfishness.
JEL Codes: C51, C72, C92, D03, DSS3.

Keywords: Reinforcement learning, Repeated game strategies, Adaptive models, Fi-

nite automata.
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2.1 Introduction

Infinitely repeated games have been studied in a wide variety of settings. Games
such as Prisoner’s Dilemma, Battle of the Sexes, Chicken, and Stag Hunt, which have
different kinds of cooperative and non cooperative equilibria, have been studied ex-
tensively. Such games help capture important aspects of everyday experiences such
as cooperation, coordination and reciprocity. While the Folk Theorem shows that a
broad range of payoffs can be supported as equilibrium outcomes in such infinitely
repeated games given that players are sufficiently patient, a host of experimental stud-
ies show that players usually coordinate on only a few of the feasible payoffs. Some
of the payoff outcomes are ‘focal’, and players use certain criteria as an equilibrium
selection device to arrive at these payoff outcomes. The identification of these criteria
is an open research question. In this paper, I posit efficiency (maximization of joint
payoffs), fairness (parity in payoffs), and selfishness (maximization of personal pay-
offs) as potential criteria that players use when selecting equilibrium outcomes. Using
a three-parameter model, I attempt to identify the relative weight that players place
on these three criteria when choosing stage-game actions, or repeated-game strategies,

in an infinitely repeated game.

In order to make these criteria salient in the minds of players, I construct a two-player
three-action game where each action highlights one of the three concerns: A ‘selfish’
action that maximizes each players’ individual payoffs relative to the other two actions,
a ‘fair’ action that equalizes the payoffs for both players, and an ‘efficient” action that
maximizes the joint payoffs for both players, relative to the other two actions. Table
2.1 below shows the payoffs for all three actions available to both players. Given the
construction of the payoffs, the game has a single Nash equilibrium where both players
play the ‘selfish’” action. A key point of note is that for Player 1, her ‘efficient’ action is
more unfair than her ‘selfish” action because it generates a higher mismatch in payoffs
between the two players. On the other hand, for Player 2, her ‘selfish’ action is more
unfair than her ‘efficient’” action. This highlights the asymmetry in the incentives for

the two players as they progress through the game.
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Table 2.1: Selfishness, Efficiency and Fairness Game Payoff Matrix

| s [ F [ E |

S | 40, 30 | 25, 25 | 50, 22

F | 35,35 | 20, 20 | 35, 35

E | 32,40 | 25,25 | 45, 35
SFE Game

2.2 Efficiency, Fairness, and Selfishness
2.2.1 Efficiency

The efficiency measure utilizes the payoffs of both players. If both players choose
their most efficient action, their joint payoffs are maximized at 80, denoted on the
diagram below as point (a). On the other hand, point (d) represents the most inefficient
joint payoff for both players, with a joint payoff of 40, when both players choose the
fair action. Graphically, we can envision a series of iso-efficiency indifference curves
perpendicular to a 45 degree line from the origin. Figure 2.1 shows the iso-efficiency
indifference curves passing through the least, and most, efficient payoff outcomes in
this generic game. Payoff outcomes on the iso-efficiency indifference curve that passes
through the point that minimizes (maximizes) the sum of payoff outcomes for both
players receive an efficiency score of zero (100). For any generic payoff outcome (such as
point ‘e’ in Figure 2.1), we can define the iso-efficiency indifference curve that it lies on.
We then calculate the distance from this curve to the most efficient indifference curve,
relative to the distance between the two extreme indifference curves, and generate an

efficiency score on a scale of zero to 100.
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Figure 2.1: Efficiency Score
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2.2.2 Fairness

The fairness measure utilizes the payoffs of both players. Actions that perfectly
equalize payoffs between players, represented by the 45 degree line, are considered
fair. On the other hand, when Player 1 chooses her selfish action and Player 2 chooses
her efficient action, the realized payoffs are the most unequal. The distance from this
outcome, represented as point (b) in Figure 2.2 below, to the 45 degree line represents
the largest level of unfairness that can be achieved. The unfairness measure is the
ratio of the distance of any payoff combination to the 45 degree line, divided by the
distance of point (b) from the 45 degree line. The fairness measures are calculated on
a scale from 0 to 100, with point (b) representing a fairness score of 0, and points on

the 45 degree line representing a fairness score of 100.

We use a notion of fairness where outcomes that equalize payoffs are regarded as
being perfectly fair, and the payoff outcome within the range of possible stage-game
payoffs with the greatest level of inequality labeled as the most unfair outcome. All
other payoff outcomes are measured in relative terms between these two extremes. The
idea that fairness concerns are partly based on the range of possible outcomes can be
justified by patterns seen in Dictator games studied in List (2007), where introducting
the possibility of taking away money from receivers made Dictators less generous in
their giving. In that one-shot non-strategic setting, expanding the payoff possibility

space changes which payoffs agents come to regard as fair. Here, we extend this notion
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to a repeated game with strategic interactions.

Figure 2.2: Fairness Score

Unfairness = ef/gh

Player 2 payoffs

Player 1 payoffs

2.2.3 Selfishness

The selfishness measure for each player only considers their own payoff. For each
player, the selfishness measure is the ratio of the difference between their received
payoff and the minimum of all their possible payoffs, divided the difference between
the maximum and the minimum of all their possible payoffs. Selfishness measures are
calculated on a scale from 0 to 100, with point (b) representing a selfishness score of

100 for Player 1, and point (c) representing a selfishness score of 100 for Player 2.

Figure 2.3: Selfishness Score

Player Two Selfishness = ij/ik

Player One Selfishness = fg/fh

Player 2 payoffs
o
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Table 2.2 below shows the matrix, with payoffs transformed into efficiency, fairness,

and selfishness scores.

Table 2.2: Selfishness, Efficiency and Fairness Game Transformed Matrix

| [S[F]E] [ [S[F]E
S| 7525 80 S |1643]100| O
F|75] 0|75 F | 100 | 100 | 100
E | 80|25 | 100 E | 71.4 | 100 | 64.3

(a) Efficiency (b) Fairness
[ s[F|E] [ [S[F]E ]

S | 66.7 | 16.7 | 100 S| 50 |25] 10

F | 50 0 50 L7 0| 75

E | 40 | 16.7 | 83.3 E 100 25| 75
(c) Player One Selfishness (d) Player Two Selfishness

2.3 Attractions towards actions

In this section, I describe the learning model that follows an ‘attractions towards
actions’ approach, where an algorithm is used to generate initial attractions towards
each of a finite set of actions, and these attractions are updated during repeated rounds
of game-play.! The learning taking place in two stages. The ‘pre-experimental’ phase
generates the initial attractions towards actions, while the ‘experimental’ phase up-
dates the attractions during rounds of game-play. The exact way in which this learning
occurs, and how attractions are updated, are presented in the following sections. Note

that there are three possible actions available to each player in the game studied here.

2.3.1 Initial attractions towards actions

The learning model helps identify and update the propensities that players have
towards each of the three actions available to them through the course of the game.
For the ease of exposition, let M; and M, denote the sets of three actions available

to Players 1 and 2 respectively.? For all nine potential action pairs, the payoffs are

!The learning model used here is similar to the one used in Bose (2018).

2This is only for the sake of exposition. Both players actually have access to the same set of
actions, {S, F, E'}.
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transformed using the formulae for efficiency, fairness and selfishness. The transformed
3x3 matrices of efficiency, fairness and selfishness indices are combined to form a
composite matrix, denoted as H; for Player 1 where the rows denote the actions of
Player 1 and the columns denote the actions of Player 2. Similarly, I also construct a
3x3 matrix of composite scores where the rows denote the action choices of Player 2

and the columns denote the action choices of Player 1, denoted as Hs.

The elements in Hywhere Player 1 chooses action ¢ and Player 2 chooses action j,

is given by:
Hy,j=0aF,;,;+bF,;j+(1—a—703)S;

The parameter a captures the propensity that players have towards efficient ac-
tions. The parameter [ captures the propensity that players have towards fair ac-
tions, while the parameter (1 — o — ) captures propensitives towards selfish actions.
For a given parameter value of o and [, the matrices H; and H, are stationary. Let
p1 = {p11,p12,p13} and pa = {p21,p22,p23} denote the initial probability distribu-
tion (propensities) that Player 1 and Player 2 have towards playing the three actions
they have access to. If Player 1 believes that Player 2 is playing actions based on a
probability distribution py = {p21,p22,p23}, then the expected composite score for
playing action ¢ for Player 1 is given by:

I:IM = > (Huiij* p2j).

Expected utilities for players are constructed from these expected composite scores.
[ assume (as in the Quantal Response Equilibrium (QRE) model discussed in McK-
elvey and Palfrey (1998)) that the bounded rationality of players leads to ‘errors’ in the

calculation of these expected composite scores, such that u;; = HLZ- + 61,1'.3 I further

3There are a number of interpretations of these ‘errors’ as discussed in Haile, Hortacsu, and
Kosnenok (2007). It is not necessary to take these ‘errors’ in composite score calculations literally. It
is simply possible that players use actions that are ‘arbitrarily close’ to a best-response rather than
‘always fully optimal’ This interpretation has an intuitive appeal, especially given the challenging
assumption of completely rational expectations about opponents’ behavior that exist in all optimal
best-response game-theoretic models. These deviations from ‘always fully optimal’ best-responses
can also be viewed as a way to ‘smooth out’ best-response functions so as to obtain more robust
predictions as in Rosenthal (1989). McKelvey and Palfrey (1995) suggest that these ‘errors’ have
natural economic interpretations. These ‘errors’ can simply reflect unmodeled costs of information
processing involved in calculating ‘always fully optimal’ best-response actions. It is also possible that
the ‘errors’ reflect unmodeled determinants of the players’ utilities. This interpretation is appealing
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assume that the errors €;; are identical and independently distributed and have an
EV(1) distribution. In addition, I have the behavioral assumption that players choose
actions that have higher expected composite scores. Thus, Player 1 has a behavioral
tendency to select an action @ if uy; = w1,V &k € M;. Similarly, Player 2 has a behav-
ioral tendency to select an action j if Uy ; = Ugy, Vk € My. Given the EV1 distribution
of the errors, for an initial (p;, ps), players can recalculate their propensities towards
their actions using the following formulae:

~ exp(A.U1,4) ~ exp(A. Uz ;) 45
;= Y and po i = o
P = S cany e O i) SN P20 = 5 ean(h )

The parameter A\, which is greater than or equal to zero, captures the scaling effect,
and sensitivity towards the composite scores. In this logistic transformation, it repre-
sents the extent to which actions with higher attractions are favored in action choice.
When A = 0, all actions are equally likely to be chosen, regardless of their attractions.
As X increases, actions with higher attractions become disproportionately more likely
to be chosen. In the limiting case A — oo, the action with the highest attraction is

chosen with probability one.

Thus, for any initial point (py, p2) in the [0, 1*X [0, 1]® simplex that satisfies 3>, p1; =
land }°;po; = 1, I have a mapping that generates a new point (p1,p2) in the same
simplex. The mapping routine continues until the following convergence criterion for

the simulations is satisfied.

maziealpri(m) —p1i(m—1) < e and maxjea|ps;(m)—p2j(m—1) < e for e = 0.0001

for iteration m.

While the existence of the fixed point is guaranteed®, in principle, it is possible to

have a simulation run that does not satisfy the convergence criterion if € is very small.

in many applications since a fully specified theoretical model can, of course, only approximate a real
economic environment.

41 rescale values such that mazjA(Y"; Ha j; * p1,;) and max; (Y ; Hi i j* p2,j) has a value of 700,

because the algorithm cannot calculate values above exp(700).

°It is an empirical question where the logit, probit, or power forms fit better (adjusting for degrees
of freedom). Previous studies show roughly equal fits of logit and power (Tang (1996), Chen and
Tang (1998), Roth and Erev (1997), or better fits for the logit form than the power form (Camerer
and Ho (1998)).

6As shown in Appendix B3
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However, I obtained convergence in all cases, with one caveat. For some parameter
groups («, 3, ), the covergence algorithm reaches an alternation between two points,
back and forth in succession. For the sake of exposition, let us label these points (1, po)
and (P1, o). For all such situations, I introduce a parameter v € [0, 1], and consider
linear combinations of the two probability distributions as the final fixed point. So, the
final fixed points I consider are (pq,p2) = v(P1,P2) + (1 — v)(P1,P2) , normalized such
that (p1, po) still satisfies the properties of a probability distribution. I evaluate possible
values of v ranging from {0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.8,1.0}, thus considering
linear interpolations of the two probability distributions between which the algorithm

is cycling.

The initial starting point for (p1, p2) is a uniform distribution across all three actions
for both players. The converged fixed point when starting from a uniform distribution
probability distribution for both players represents the initial attractions that players
have towards actions, developed in the ‘pre-experimental’” phase of game-play. These

fixed points are similar to a QRE, but with a restricted action-space.

2.3.2 Updating attractions towards actions

For a repeated game setting, it is important to model how initial attractions are
updated after each round. In any appropriate learning model, players must update
their attractions in a way to best-respond to the outcomes of observed play. To incor-
porate a sense of ‘best-response’ to observed play during the different rounds, I add
the payoffs generated from each round to the composite scores being used to calculate

attractions towards actions.

Before the first round, Player 1 has a 3x3 composite score matrix H; and Player 2
has a 3x3 composite score matrix Hy. Let Py = {p1.1, P12, P13} and pa = {Pa1, P2,
Pa3} denote the converged fixed point probability distribution (propensities) that
Player 1 and Player 2 have towards playing the three different actions. The expected

composite score for playing action i (action j) for Player 1 (Player 2), is given by:

f;[u = > (Hyj % p2,;) and [:[2,]' =Y i(Haji*Pri) -
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In the repeated game, for any round, let Player 1 choose action ¢ and let Player 2
choose action 7, and let the payoff for both players be ajand as respectively. 1 update
the expected composite score for Player 1’s action ¢ by adding in the stage-game payoft:
ﬁu = f[u + a1, while all the expected composite scores for the other action remain
unchanged. Thus, the expected composite score for the action that the player chose
in a particular round is updated to reflect the effects of that choice (i.e the payoffs),
while the expected composite scores for all other unchosen actions remain unchanged.
Similarly, for player 2, I update the expected composite score for Player 2’s action j by
adding in the payoff: FIQ,J- = 1:127]- + as , while all the expected composite scores for the
other actions remain unchanged. After every round, attractions towards actions in the
next round are then re-calculated using the logistic algorithm described in the earlier
section. Updating propensities in this way means that if the payoffs from choosing a
particular strategy in a particular round are larger, then it increases the likelihood of
players choosing that strategy in future rounds by a larger amount. Draws taken from

these constantly updated propensities are used to simulate play between players.

The initial propensity that players have towards their actions is a tuple (p;,p2) in
the [0, 1]°X [0, 1]* simplex that satisfies >; p1; = land 3, ps; = 1. After every round,
I have a mapping that generates a new propensity (p1, p2) in the same simplex. Thus,
the attractions that players have towards each of their three actions are being updated

after every round of game play.

The learning model described in the sections above captures tendencies that players
have towards efficiency, fairness and selfishness in choosing actions during the course of
a repeated-game. During the rounds of the game, players get more and more attracted

towards actions that grant them higher payoffs.

2.3.3 Simulated subjects (Grid Search)

The learning algorithm described above is used to simulate play between pairs of

players. I run a grid search over different parameter values, with

a €{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},

g €40,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},
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A €{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},

and v € {0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1}.

For most parameter values, the converged fixed points for the initial attractions
towards actions follow a pattern where most of the probability weight is on a subset
of the three actions. Figure 2.4 shows the histogram of the probability distribution for
the converged initial attractions towards actions for both players, when considering

parameter values (« = 0.1, =10.9, =0.0,A =0.1,7 =0.9).

Figure 2.4: Converged initial attractions for the two players in the SFE game (Actions)
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2.3.4 Simulated subjects (Maximum Likelihood Estimation)

In addition to using the grid-search technique to identify parameters that best de-
scribe the experimental data patterns (described in later sections), I also use a max-
imum likelihood estimation model. The maximum likelihood estimation method for
estimating the o, 5, A and 7 parameter values in the attractions towards actions model

will include the following steps:

1. Players are denoted as i € {1,2,....., N}, where —i denotes the matched partner

for player 1.

2. Each player has J; actions available to her, with actions denoted as j € J;.
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. There are t € {1,2,....., T} total rounds

. We are attempting to identify the likelihood of Player i choosing action j in

round t.

. The log likelihood function is given by

T

b)) log(a;"jt()\,a,ﬁ))l(%%t) where o}, (A, a, B) is the
0 Js

Ji

N
log LN, ) =3 ¥

=1 j=1 t=T-2
probability that Player ¢ chooses action j in round ¢, and the indicator function

Z7j7t

ensures that only actions that were actually chosen are added when calculating
the log likelihood, and we only consider the likelihoods for the last twenty rounds,

to keep consistent with the grid search method.

. The probability that Player ¢ chooses action j in round ¢ is given by the multi-
nominal logit probability distribution adapted from the QRE in McKelvey and
Palfrey (1998). 7. ,(\, a, §) = =22 @)

i:jzt i _
Y exp AT k)
k=1

J_i
. The average utilities for Player 7 choosing action j in round ¢ is given by z; ;; = &

Af sy 0% 1A, B) where A, is the attraction that Player i has towards
action j in round ¢ when Player i¢’s matched partner plays action k, and

0" ki—1(A, @, B) is the probability that Player i’s matched partner played action
k in the previous round. Let A;,;, denote the vector of attractions that that
Player ¢ has towards action j in round ¢ across all k£ possible actions played by

Player 7’s matched partner.

. The attractions that Player i has towards action j in round ¢ is given by A, ;; =
A1+ 1(8ije-1) - mi(Siji—1,S—ikt—1) Where attractions that Player ¢ has to-
wards action j in round ¢ is the same as the attraction that Player ¢ has towards
action j in the previous round, unless Player ¢ selected action j in the previous
round, in which case the payoff received by Player ¢ in the previous round is
added to the attraction for action j from the previous round. The indicator
function indicates that Player i chose action j in the previous round, while the
function m;(.) denotes the payoff that Player i received in the previous round

after choosing action j.

. Since attractions towards each action in every round is dependent on the attrac-
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tions towards each action in the previous round, we must define the initial attrac-
tions formed before the first round. The attraction that Player ¢ has towards ac-
tion j at the start of the game is given by 4; ;o = aF; jo+8F; jo+(1—a—p)Si 0
where the parameters a and [ capture the relative weight that players give to the

average efficiency and fairness metrics, relative to the average selfishness metric.

10. The average efficiency and fairness metrics are determined in the following way:

_ J_i
Eijo =% Elo.0f0A\ () where Ef, is the efficiency score for Player i
k:l 2 W 2

choosing action j when her matched partner chooses action k, and o} j,O()" a, f3)
is the attraction that Player ¢’s matched partner has towards playing action &

J_; — J_q
at the start of the game. Similarly, F; ; :k§:]1 E‘lfj,o 070\ @, B8) and S 5o :kzzjl

Sii0- 0550\, B) provide similar analogs for fairness and selfishness metrics.

11. T assume that both players assume that their opponent is using a uniform distri-

bution as starting probabilities across all three actions available to them. Thus
Ui‘,j,o(%oz,/i) is just (%7 %7 %)

12. The values of EF. | FF. . and S{fj are different depending on whether Player 7 is

Z?] ’ 17] ’

a row player or a column player, as displayed in Table 5.

Figure 2.5 shows the histogram of the probability distribution for the initial at-
tractions towards actions for both players that has the highest maximum likelihood
when matched against the experimental data, with parameter values (o = 0.11, 8 =

0.89,9 = 0.00, A = 0.10,y = 1.00).
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Figure 2.5: Converged initial attractions for the two players in the SFE game (Actions
MLE)
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2.4 Attractions towards strategies

In this section, I describe the learning model that follows an ‘attractions towards
strategies’ approach similar to Hanaki et al (2005), and Romero and Ioannou (2014),
where an algorithm is used to generate initial attractions towards each of a finite
set of strategies, and these attractions are updated during repeated rounds of game-
play. The learning taking place in two stages. The ‘pre-experimental’ phase generates
the initial attractions towards strategies, while the ‘experimental’ phase updates the
attractions during rounds of game-play. The exact way in which this learning occurs,
and how attractions are updated, are presented in the following sections. The finite

set of strategies (represented by automaton or Moore machines) is described below.

2.4.1 Finite Automata

A finite automaton is a mathematical model of a system with discrete inputs and
outputs, and can be used to represent repeated-game strategies. The system can be in
any one of a finite number of internal configurations or “states,” similar to the states
in a repeated-game strategy. The state of the system summarizes the information
concerning past inputs that is needed to determine the behavior of the system going
forward. The specific type of finite automaton used in this paper is a Moore machine.

A Moore machine for player i, M;, in a repeated game G = (I,{A;}icr, {gi}tier) is
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a four-tuple (Qi, qo, fi, i) where @); is a finite set of internal states of which go; is
specified to be the initial state, f; : @; — A; is an output function that assigns an
action to every state, and 7; : QQ; x A_; — @), is the transition function that takes a
players’s current state and the opponent’s action, and returns the next state in the
player’s system. It is pertinent to note that the transition function depends only on
the present state and the other player’s action. This formalization fits the natural
description of a strategy as i’s plan of action in all possible circumstances that are
consistent with ¢’s plans. In contrast, the notion of a game-theoretic strategy for i
requires the specification of an action for every possible history, including those that
are inconsistent with ¢’s plan of action. It is important to highlight that to formulate
the game-theoretic notion of a strategy, one would only have to construct the transition
function so that 7; : QQ; X A — @, instead of 7; : Q; X A_; — @; . In the first period,
the state is ¢p;, and the automaton chooses the action f;(qgo;). If a_; is the action
chosen by the other player in the first period, then the state of ¢’s automaton changes
to (o, a—;), and in the second period, i chooses the action dictated by f; in that
state. Then, the state changes again according to the transition function given the
other agent’s action. Thus, whenever the automaton is in some state ¢, it chooses the
action f;(q), while the transition function 7; specifies the automaton’s transition from

q to a new state in response to the action taken by the other player.

2.4.2 Restricting the strategy space

Even though the action-space being considered in the game is finite, allowing for
mixed strategies gives us a very large number of potential strategies that can be cho-
sen in these games. For any ‘attractions towards strategies’ learning model to have
predictive power, the space of potential strategies allowed has to be limited. One way
to restrict strategies is only considering those that can be represented as a Moore ma-
chine, and in this paper, I only consider a subset of strategies that can be represented

by three-state, three-action automaton.

I consider automata where there are three possible states and three possible actions
by the opponent. The transition function thus maps twelve different possibilities of

(own state, the opponent’s action) pairs into the set of three states to be taken in the
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next period. This generates 3'? = 531,441 cases in total. Since each of these 531,441
cases can have one of three initial states, there are 1,594,323 possible automata. A
large number of these are non-unique since they prescribe the same set of outcomes
under any combination of opponent’s actions. Eliminating non-unique automata leaves

us with a total of 173,913 unique possible automata.

Constructing a probabilility distribution that measures the attractions that players
have towards each of 173,913 possible repeated-game strategies (modeled as automata)
is both analytically difficult, and also does not provide any significant weights for any
automata, thereby providing us with little insight into the strategies that players are
actually attracted towards. I use a clustering technique to identify a smaller set of
automata that are representative of the behavior of the larger set of automata. The
following sections describe the clustering process used to identify this smaller set of

representative automata.

Similarities between automata

The overall goal in any clustering technique is to maximize the similarities between
each automata and the exemplar (or cluster centroid) it is assigned to, so that each
automata is assigned to a cluster to which it is most 'similar’. A natural question in
this context is how are we defining similarities? If we look at data points that can be
visualized in R,,, and can construct a metric that helps capture the notion of ’distance’
between data points, then the similarity could simply be the negative value of this
‘distance’. For example, the goal of the clustering technique can be set to minimize
the Euclidean distance between each data point and the exemplar it is assigned to.
In this case, the similarity is equal to the negative of the Euclidean distance between
each data point and the exemplar it is assigned to. Here, we do not have a metric that
denotes 'distance’ between automata. Instead, we use an input string of actions taken
by the opponent, and have each automata ’play’ against this input string to generate a
series of output actions recommended by the automata when faced by this input string
of opponent actions. Since we are considering three-state, three-action automata here,
an input string of length nine is required to ensure that the automata will traverse

all its three states. An input string of length nine will generate an output string of
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length ten, with the first element displaying the action recommended by the output
function of the start state, and the following nine elements displaying the results of the
transition and output functions based on the input string. I test each automata against
all possible combinations of opponent action input strings of length nine. There are
3% = 19,683 possible combinations of these input strings of length nine, generating a

total output string of length 196,830.

The similarity of two automata is a measure between zero and one, based on how
many of the elements out of 196,830 on which they recommend the same action. For
example, if two automata have output functions that recommend different actions in
the start state, then it is necessarily true that they will differ on at atleast 19,683
elements, and cannot have a similarity score greater than 0.9. Based on the similarity
measure, we can construct a 173,913 X 173,913 similarity matrix where each element
S;,; takes on a value between zero and one denoting how similar automata ¢ is to

automata j in terms of reactions to various possible input combinations.

Affinity propagation clustering technique

The affinity propagation clustering technique” described below uses the measure of
‘similarity’ described in the previous section. Let the set of all 173,913 automata be
denoted as K. The affinity propagation clustering technique includes the the following
steps:

1. The diagonal elements of the similarity matrix Sy, will be equal to 1 for all values
of k € K because each automata is perfectly similar to itself. When the values
on the diagonal are equal to 1, each automata becomes its own exemplar, and the
final number of clusters is equal to the total number of automata (173,913), and
there is no clustering. To avoid this, all diagonal values in the similarity matrix
are replaced by a value chosen at the discretion of the modeler. If the chosen
value is close to the minimum value of the elements of the similarity matrix (close
to zero in this case), then each automata has a very small likelihood of ending

up as an exemplar, and there will be a fairly small number of final clusters. If

"Introduced by Frey and Dueck (2007) to identify a clustering technique where the choice of the
final number of clusters is endogenous.
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the chosen value is close to the maximum value of the elements of the similarity
matrix (close to one in this case), then each automata has a strong likelihood of
ending up as an exemplar, and there will a large number of final clusters. The
default mechanism is to select a value equal to the median value of the elements
of the similarity matrix, which has been followed here. Each automata initially

has an equal chance at becoming an exemplar.

. Once the diagonal values of the similarity matrix are updated with the me-
dian values of the elements of the similarity matrix, 'responsibility’ messages
are sent from each automata to candidate exemplar automata that are com-
peting to become exemplars. The message goes from each automata 7 to the
candidate exemplar automata k£ € K and helps exemplar automata compete
for ownership of automata 7. The messages sent from automata 7 to the can-
didate exemplar automata and itself respectively are provided below: R(i, k) =
S(t, k) —mazy,{ A K )+ S (i, k') } and R(4,1) = S(i,9) —mazy{S(i,7)}. Ini-
tially, the value of A(i, k") is zero for all automata, so we will ignore that for now.
At the start of the algorithm, most automata will send negative responsibility
messages to automata that are far away from it, and will send a responsibility
message of zero to only the automata most 'similar’ to itself. Since all automata
initially start with the same value of 5;;, the responsibility message each au-
tomata sends itself will be positive only for automata that are relatively far

away from all other automata.

. The next set of messages, known as ’attractions’ messages. is sent from each
candidate exemplar automata k to all the other automata i € K announc-
ing their legitimacy, and their candidacy. The messages sent from aspiring
exemplar automata k to every other automata and itself respectively are pro-
vided below: A(i, k) = min{0, R(k, k) + Xy gqx maz{0, R(i'k)} and A(k, k) =
Sz max{0, R(i',k)}. Thus, for each candidate exemplar k, the message it
sends to all the other automata i is the initial level of responsibility it has to-
wards itself, along with the sum of any positive responsibilities it has received
from other automata i’ € K. Since most responsibility messages are initally

close to zero, these attraction messages take on values that are usually nega-
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tive. Only candidate automata that have been receiving many responsilibility
messages from other automata will take on enough attractions to get to an at-
tractions value close to zero. The attraction that candidate exemplar automata
k has for itself is simply the sum of all the positive responsibilities it has received

from other automata.

4. Thus, candidate exemplar automata that do not initially receive a lot of re-
sponsibilities start to have negative attraction values, and start dropping out
as candidates in the 'maximum’ race in the responsibility message formula, and
eventually stop remaining viable candidates as exemplars. On the other hand,
candidate exemplars who initially receive many positive responsibilities have at-
tractions that have values that are close to zero, so they are more likely to keep
winning the 'maximum’ race in the responsibility messages formula for automata
that are ’similar’ to them, and the responsibility scores between them and au-
tomata that are ’similar’ to them remain somewhat constant. These automata
start accruing many positive responsibilities, and have higher attraction scores

for themselves.

5. After every round of responsibility and attraction messages, for every automata
i, we can find the exemplar automata k that maximizes the value of {R(i, k) +
A(i, k)}. For some automata, ¢ will be equal to k, and these automata will become

their own exemplars, and thus the centroids of their own cluster.

6. After every iteration, the set of exemplars is identified and the automata that
belong to each cluster are identified. If the set of exemplars and the automata
in each cluster remain the same from one iteration to the next, the algorithm is
said to have converged, and the final set of exemplars identify the clusters into
which the 173,913 automata have been classified. Here, we undertake this entire
procedure twice. In the first instance, 173,913 automata are classified into 8,039
clusters. Then we perform the entire procedure again using only the exemplar

centroids from these 8,039 clusters, and finally identify 440 clusters.

Thus, I restrict the analysis to the 440 repeated-game strategies (modeled as au-

tomata) that are the representative automata of the clusters identified after the affinity
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propagation clustering technique. I follow the same algorithm to identify the initial
attractions and the same methodology for attractions in later rounds as the ’attrac-
tions towards actions’ model, but use the 440 repeated-game strategies (modeled as

automata) instead of the three actions.

2.4.3 Simulated subjects (Grid Search)

The learning algorithm described for the attractions towards strategies estimation
method is used to simulate play between pairs of players. I have run a grid search over

different parameter values, with

a €{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},
g €4{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},
5 €{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},
A €{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1},

and v € {0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1}.

For most parameter values, the converged fixed points for the initial attractions
towards strategies follow a pattern where most of the probability weight is on a few
strategies. For example, Figure 2.6 shows the histogram of the probability distribution
for the converged initial attractions towards strategies for both players, when consid-
ering parameter values (o = 0.3,5 = 0.7, = 0.0,A = 1.0,y = 0.8). To simplify
the discussion, I only show strategies with limiting probability weights greater than
or equal to 1%. These strategies are, in a sense, the principal strategies that play-
ers ‘bring to the laboratory’ for the ‘experimental’ phase. The automata that have a

weight greater than 1% are presented in Appendix Bl.
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Figure 2.6: Converged initial attractions for the two players in the SFE game (Strate-
gies)
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2.5 Experimental subjects

The payoff matrix used in the experiments in the same as shown in Table 2.1.
Subjects can see the entire payoff matrix as they play along, so they are fully aware of
both their own payoffs, as well as those of their opponents. The experimental sessions
were run at the Economic Science Laboratory at the University of Arizona. Subjects
interacted on computers using a Google Chrome interface that was programmed using
Python. Subjects’ final payoffs consisted of the sum of their earnings from all periods of
the experiment. With the completion of the experiment, subjects were paid their cash
earnings in private. The average payoff was $13.2 for sessions that lasted approximately

an hour.

The game-play consisted of a fixed matching protocol. There were a total of 5
sessions consisting of 100 subjects. In each session, subjects played the SFE supergame
a total of ten times, but here we are only analysing the choices made in the first
supergame. Subjects were never matched with another subject twice. At the beginning
of each supergame, each subject was randomly paired with one other subject and they

played the 3 X 3 game repeatedly with the same partner. After all pairs had finished
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each supergame, subjects were rematched with a new partner that they had not been
matched with before, and played the game again. The length of the supergame was

determined using the following termination rules :

e T0 - Starting in the first round, the continuation probability was n = 0.98, so

the expected length of each supergame was 50.%

In each round, subjects were asked to select a choice (A, B or C). The payoffs were
displayed in a table, and players roles were always the same (i.e. they didn’t have to
switch between row and column player). The final experimental data consists of 50

observation pairs in the game.

Ezperimental Data Patterns

There are some interesting patterns observable in the experimental data. Figure 2.7
shows the heat map with the relative frequency of each payoff combination over the
last 20 periods of game-play for the experimental subjects. The relative frequency of a
payoff combination is denoted by a circle located on the coordinates that correspond
to that combination; the larger the circle, the higher the (relative) frequency of that
combination. I also display the set of feasible payoffs. The patterns in the final set of
outcomes are not entirely captured by the Nash equilibria outcomes, but also do not

support the entire set of Folk Theorem payoffs.

About 32% of subjects end up playing the Nash equilibrium outcome with both
players selecting their ’selfish’” action. Another 12% of subjects end up at the payoff
outcome of (35, 35) which is reached either by a combination of Player 1 playing the
fair’ action while Player 2 plays the ’selfish’ action, or by a combination of Player 1
playing the ’fair’ action while Player 2 plays the ’efficient’ action. The other subjects
end up at a broad range of outcomes, but no more than one pair of subjects end up

at any other payoff outcome.

8The actual draw for the length of the supergames was made prior to the start of the sessions
using the geometric distribution with X ~ Geom(1 — n), and the first supergame lasted 89 rounds.
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Figure 2.7: Experimental Patterns
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2.6 Results

The model attempts to capture behavior seen in the laboratory for repeated games
where the three actions are motivated by efficiency, fairness, and selfishness concerns.
The payoffs are structured such that the game has a single Nash equilibrium with both

players playing their ‘selfish’ action.

2.6.1 Comparison between simulations and experimental subjects

The experimental data has 50 observation pairs for the SFE game. For each ob-
servation pair, I note the number of rounds played (89 rounds), and simulate play
for the same number of rounds between a ‘simulated pair,” using a parameter group
(c, B, A,7y) to generate propensities towards actions and strategies. I then calculate
average payoffs for the experimental subject pair in the last 20 rounds, and also cal-
culate average payoffs for the simulated subject pair in the last 20 rounds. Finally, 1
calculate the Euclidean distance between the two average payoffs. These pairs have to
be matched to each other in a way that globally minimizes the sum of the Euclidean
distance across all 50 pairs. I use the Kuhn-Munkres algorithm (also known as the
Hungarian assignment problem algorithm) described in Kuhn (1955) to perform this

objective.
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The parameter values that minimize the errors between average payoff points be-
tween experimental subject pairs and simulated subject pairs in the SFE game using

the three estimation methods are presented below:

Attractions towards actions (grid search): (o« = 0.1, =0.9,0 = 0.0, A = 0.1,y = 0.9).

Attractions towards actions (maximum likelihood estimation): (o = 0.11, 5 = 0.89,
d =0.00, A = 0.10,v = 1.00).

Attractions towards strategies (grid search): (o = 0.3, = 0.7,§ = 0.0,A = 1.0,y =
0.8).

Figure 2.8 below shows the heat map for the computational simulations and the
experimental results with human subjects using these parameter values, and shows
the relative frequency of each payoff combination over the last 20 periods of game-
play. The relative frequency of a payoff combination is denoted by a circle located on
the coordinates that correspond to that combination; the larger the circle, the higher

the (relative) frequency of that combination. I also display the set of feasible payoffs.
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The strategies model slightly over-predicts the level of Nash equilibria and the (35,
35) outcome, while the actions model using both methods does a very accurate job.
We can present some examples of repeated-game strategies using only two-state two-
action automata that can sustain the (35, 35) outcome. For example, if Player 1
responds to Player 2 playing the fair action by playing the selfish action, but plays
the fair action if Player 2 plays either the selfish action. This is just one example of
a repeated-game strategy that can help explain the (35, 35) outcome, and there are

many other three-state three-action automata that can sustain this outcome.

The grid search for the attractions towards actions model shows that both efficiency
and fairness measures are important when attempting to minimize errors relative to
experimental data. Table 2.3 below presents the error rate for different parameter
combinations when placing either no weight, or all the weight, on the considerations
of efficiency, fairness, and selfishness. The error rates are significantly higher when all
the weight is on only efficiency or only selfishness. The closest fit to the experimental

dataset places high weights on efficiency and fairness.

Table 2.3: SFE Game (Actions) Error Rate

Efficiency | Fairness | Selfishness | QRE Scale | Gamma Elcl}clﬁzin

(o) (8) (I—a-p) (N () Distance
Only efficiency 1 0 0 0.1 0.6 15
Only fairness 0 1 0 0.6 0.8 20
Only selfishness 0 0 1 0 0 26
No efficiency 0 0.8 0.2 0.1 0.1 10
No fairness 1 0 0 0.1 0.6 15
No selfishness 0.1 0.9 0 0.1 0.9 7

The grid search for the attractions towards strategies model shows that both effi-
ciency and fairness measures are important when attempting to minimize errors rela-
tive to experimental data. Table 2.4 below present the error rate for different parameter
combinations when placing either no weight, or all the weight, on the considerations of
efficiency, fairness, and selfishness. The error rates are significantly higher when all the
weight is on only efficiency, fairness or selfishness. The closest fit to the experimental

dataset places high weights on efficiency and fairness.
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Table 2.4: SFE Game (Strategies) Error Rate

Efficiency | Fairness | Selfishness | QRE Scale | Gamma ESCIEE:;H

(o) (8) (I-—a-p) (M) (7) Distance
Only efficiency 1 0 0 0 0 25
Only fairness 0 1 0 0 0.8 22
Only selfishness 0 0 1 0 1 23
No efficiency 0 0.5 0.5 0.7 0 13
No fairness 0.5 0 0.5 0.5 0 15
No selfishness 0.3 0.7 0 1 0.8 12

2.7 Conclusion

There are a number of experimental papers (Mathevet and Romero (2012), Rapopo-
rt and Chammah (1965), Rapoport et al (1976) among others) which show that cer-
tain payoff outcomes become focal in the minds of subjects when playing indefinitely
repeated games in the laboratory. I see a similar pattern in the SFE game, with 44%
of all subject pairs coordinating on only two payoff outcomes possible in the game.
To better account for the experimental patterns seen among laboratory subjects when
playing this game, I use three different learning models to test if incorporating so-
cial preferences into the utility function for subjects over long-run payoff outcomes
helps account for experimental behavior that cannot be captured by just the Nash
equilibrium outcomes. In addition, I allow subjects to respond to their beliefs about
opponent actions with noise, using a quantal response equilibrium framework, rather
than assuming that players are infinitely rational. Finally, the model allows subjects
to learn through the reinforcement of state-game payoffs as they progress through the
game. Combining these three elements allows us to use three estimation techniques -
‘attractions towards actions’ models using the grid search technique and a maximum
likelihood estimation technique, as well as an ’attractions towards strategies’” model

using the grid search technique.

The learning model studied here has a restriction on the strategy space, but uses
weighted versions of efficiency, equality, fairness, and selfishness scores to evaluate
attractions that players have towards actions and strategies. The tendencies of ex-
perimental subjects can only be explained by placing high weights on efficiency and
fairness, but no weight on selfishness. The consistency of this pattern across all three

models suggests that subjects use actions and strategies that lead to efficient and fair



outcomes, relative to selfish outcomes in this game.
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Chapter 3

THE LEGITIMACY OF STATUS, AND ITS EFFECTS ON

OTHER-REGARDING PREFERENCES

This paper investigates how legitimacy of status affects other-regarding preferences
towards peers in the absence of ex-ante inequality. We use modified Dictator games to
study the impact that players’ beliefs regarding the legitimacy of their own and their
partner’s endowments have on other-regarding preferences. While there is a consensus
that some conditionally altruistic motives like reciprocity are driven by players’ beliefs
about their partner’s actions and utilities, we investigate whether alternate channels
of conditional altruism are driven by players’ beliefs about the legitimacy of their
status. We find that the connection between prosocial behavior and ‘deservingness’
of receivers seen in the presence of ex-ante inequality is not replicated when that
inequality is absent. However, there is a negative relationship between the legitimacy
of one’s own claim to an endowment (or one’s own ‘deservingness’) and the level of

prosocial behavior towards others.
JEL: C70; C91; D63; D64

Keywords: Ezxperimental Economics; Dictator Games; Altruism
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3.1 Introduction

Identifying underlying primitives that determine the magnitude of prosocial behavior
in economic agents has long been a focus for economists. A large portion of the
literature encompassing social preferences addresses situations in which agents have
unequal status (usually through unequal endowments), and investigates generosity
from the rich to the poor. Two broad classes of motives have been used to explain
redistribution behavior in such cases. The first is unconditional altruism, where payoff
inequalities motivate the rich to help the poor, irrespective of receiver intentions or
other characteristics. Models in this class include simple altruism (Becker (1974)),
warm-glow altruism (Andreoni (1989)), and preferences for egalitarianism (Fehr and
Schmidt (1999)). The second class refers to conditional altruism, through which giving
is based on the giver’s perception of what the receiver ‘deserves’. Past actions of the
receiver (Oxoby and Spraggon (2008)) or demonstrated need (Fong (2001)) affect the
extent of conditional altruism displayed by privileged subjects (in payoff terms) to

disadvantaged receivers.

Consider the following example: Imagine a situation where we are approached by a
stranger who claims to a veteran and asks for a handout. In another situation, we are
approached by a stranger who makes a similar claim but is dressed in Army fatigues.
Are we equally likely to give the handout in both situations? If yes, are we likely
to give similar amounts? Conditional altruism models predict higher levels of giving
to a disadvantaged veteran in fatigues, as compared to a disadvantaged stranger with
claims that cannot be visually verified. Conditional altruism suggests that antecedents
can directly affect giving behavior from advantaged populations to disadvantaged pop-
ulations. Moreover, the example illustrates that one way antecedents affect this giving
behavior is by changing our perceptions regarding the ‘deservingness’ of the disadvan-

taged receiver.

In contrast to the example above, the focus of this paper is on investigating the
determinants of conditional altruism towards peers, rather than disadvantaged popu-
lations. In the absence of inequality, unconditional altruism is unlikely in situations

where agents have non-zero levels of endowment. However, conditional altruism could
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still play a role in determining prosocial behavior towards peers. Consider the follow-
ing motivating example: Peers working at the same designation level within a firm
are usually paid the same wage levels. This is especially true in white-collar jobs in
established offices, oftentimes mandated by laws such as the Fair Labor Standards Act
of 1938, or the Equal Pay Act of 1963. However, levels of productivity are likely het-
erogeneous across these peers at the same designation level. More productive workers
may feel that a larger share of their overall wage income is being determined by skill
and effort, while their peers who are not as productive are enjoying the same levels
of fruit, but largely as a result of luck rather than skill because the pay at a certain
designation level is uniform by mandate. This perception about the ‘deservingness’
of their peers can lead to ill-will within groups, and it is useful for firms to under-
stand (and possibly measure) the level of dissatisfaction that this perception causes
among the more productive employees. It should be noted that many firms mitigate
this concern either by using bonuses that are proportional to productivity levels, or
by firing employees within the designation level whose productivity levels are below
certain thresholds. However, both these methods require management to have clarity
and observability of effort and skill, and the direct connection between effort provision
and productivity levels. This is often not the case in firms with many employees, and
also cannot address situations where the gaps between employees’ productivity levels

are not significant enough to be obvious to management.

This paper studies how the altruism of economic agents is driven by their beliefs
about the legitimacy of their own endowment status, as well as those of their peers.
Specifically, we study how these beliefs affect their other-regarding preferences to-
wards peers in the absence of ex-ante payoff inequality. We propose a theoretical
model of incomplete information, where Dictators are unsure about certain parame-
ters of their own utility functions. In this framework, players’ utilities are influenced
not only by final payoff outcomes, but also by players’ beliefs at various history nodes
as they progress through the game. Specifically, we use a utility functional form bor-
rowed from Cox, Friedman, and Gjerstad (2007), that imagines a marginal rate of
substitution between one’s own and other players’ welfare in the utility function. Our

model assumes that agents are uncertain about this marginal rate of substitution in



90

their utility functions, and their beliefs about this parameter generates differing levels
of other-regarding preferences. The model predicts that signals which can influence
these beliefs, such as signals showing the ratio of initial endowments that are a result
of effort rather than luck, will have an influence on altruistic behavior in later scenar-
ios where agents can express generosity towards their peers. This is also true when
considering a version of the model that incorporates elements of reference dependence

and gain-loss aversion like Koszegi and Rabin (2006).

We test the predictions of the model by running experiments involving modified
Dictator games. The experiment consists of two stages. In the first stage, all subjects
are involved in a combination of real effort tasks. Their effort levels in the first tour-
nament stage determine their role as either the Dictator or the receiver in the second
stage. Through an effective randomization, subjects are paired in a way that their first
stage earnings are a combination of luck and effort, and subjects within a pair have
the same total first stage earnings. Previous experiments are commonly structured so
that income is either completely earned in a contest, or attained solely through lucky
randomization, but is rarely a combination of the two.! An interesting facet of the
Alesina and Angeletos (2005) model exploring cross-cultural generosity trends is that
luck and effort both play a role in the determination of income. Inspired by this, the
experiment is set up so that earnings at the end of the first stage are a result of the
combination of luck and effort, with differing ratios for subjects within a pair that
have equal amounts of total first stage earnings. In the second stage, Dictators can

distribute a new set of payoffs between them and their matched partner.

The main results of the paper show that giving levels in the Dictator stage of the
experiment are not correlated with the ratio of receiver’s first stage earnings that
are a result of effort, rather than luck. The relationship is statistically insignificant,
suggesting that the effect of antecedents on giving levels witnessed in setups where

advantaged groups give to disadvantaged groups is not replicated among subjects that

LAn exception is Stoddard, Lefgren, and Sims (2016) where income is a combination of luck and
effort/skill. However, their experiments do not allow effort levels to be a choice variable, while we
do not place any such constraints in our sessions. Some other studies allowing for income to be
a combination of luck and effort include Cappelen, Hole, Sorensen, and Tungodden (2007); Erkal,
Gang?dhar)an, and Nikiforakis (2011), Rubin and Sheremeta (2016), and Ray-Biel, Sheremeta and
Uler (2018).
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are peers in payoff terms, in the absence of ex-ante inequality. However, there is a
statistically significant negative relationship between giving levels and the ratio of the
Dictator’s first stage earnings that are a result of effort rather than luck. Dictators who
can legitimize their own claims to an endowment are less likely to show benevolence
towards matched partners, even when distributing a new set of payoffs. The experiment
is carefully calibrated to control for receiver’s beliefs about her first stage earning levels,
and also controls for the Dictator’s beliefs about the receiver’s expectations. Thus, our
results are not driven by psychological game theory channels like reciprocity or guit
aversion. This is supported by the fact that we find no relationship between receivers’
performance levels in the first stage, and their expectations of receipt amounts in the
second stage. There is also no statistically significant relationship between Dictators’
beliefs about receiver’s expectations of giving levels, and the receiver’s expectations of
receipt amounts in the second stage. Thus, we claim that prosocial behavior towards
peers that is independent of beliefs about peers’ expectations of prosocial behavior,
is also independent of subjects’ perceptions of the ‘deservingness’ of their peers, but
does depend on their own level of ‘deservingness’. Finally, we also find that wealthier
Dictators (subjects with higher total endowment levels in the first stage) give lower

amounts in the second stage.

Section 2 summarizes the literature that is closely related to the concepts studied
here, Section 3 covers the details of the experimental setup, and Section 4 covers our
main hypothesis and the theoretical framework underlying the predictions. Sections 5

presents all the experimental results, and Section 6 concludes.

3.2 Related Literature

The paper makes a contribution to a few different strands of literature. Foremost,
it contributes to the vast and ever-expanding literature regarding social preferences by
agents in non-strategic interactions. An extensive number of experimental studies have
found that subjects in the laboratory make choices inconsistent with the maximiza-
tion of purely material self-interest. Such actions have been rationalized in theoretical
models by assuming other-regarding preferences (in addition to self-regarding prefer-

ences), where subjects are thought to care not only about their own payoffs, but also
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the payoffs of their partners. Various modifications of Dictator games have been used
to study the existence and properties of these other-regarding preferences since the
game was first popularized by Kahneman, Knetsch, and Thaler (1986). The canonical
Dictator game has a simple structure where one party (the Dictator) is asked to split
a sum of money between themselves and another party (the receiver). While self-
interested subjects should keep the entire pie for themselves, experimental subjects
regularly give about 20 to 30 percent of the pie to the other party. Maximization
of one’s own material payoffs is a poor predictor of how experimental subjects play
in a number of other contexts, such as Ultimatum games, Investment games, Public
Goods games with voluntary contributions, and experimental labor markets. Fehr and
Gachter (2000) summarize the experimental evidence on the economic motives beyond

purely self-interested payofs.

The laboratory data, and some suggestive field data, have led to the development of
theoretical models that explicitly incorporate other-regarding preferences as a source
of utility for agents. These models have appealed to concepts such as altruism, ‘warm-
glow’ effects, fairness, reciprocity, justice, inequality aversion, and adherence to social
norms, among others to capture the nature of other-regarding preferences. The litera-
ture covering these models falls broadly into two main categories. First, there are the
outcome-based models that focus on the relative payoff, or distributional outcomes, of
the material payoffs in the game. Theories of fairness and inequity aversion have the-
orized that players feel a disutility from receiving amounts that are disproportionately
higher (or lower) than the amounts received by their matched partners (e.g., Fehr and
Schmidt (1999), Charness and Rabin (2002), and Bolton and Ockenfels (2000)). These

models posit that players only have preferences over final payoff outcomes.

The main alternatives to the outcome-based distributional preference models are
intentions-based reciprocity models, where subjects are motivated by their beliefs
about the expectations of their matched partners and are also influenced by their
perceptions about the intent behind their partners’ actions, irrespective of the final
outcomes. Intention-based reciprocity models predict that reciprocal behavior can
help explain giving behavior in Ultimatum games, where the receivers are allowed to

reject the offered split and generate a zero-payoff for both parties (e.g., Rabin (1993),
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Dufwenberg and Kirchsteiger (2004), Falk and Fischbacher (2006)).

Both outcomes-based distributional preference models and intentions-based reci-
procity models are driven by actions taken during the course of the game or beliefs
updated through the course of the game. More recently, research has shown that the
importance of other-regarding preferences is often influenced by antecedents. This is
another strand of literature to which this paper helps contribute. Antecedents such
as the exogenous variation in the action set (i.e., expanding or decreasing the possible
amounts that the Dictator can give or take) as in List (2007), as well as exogenous
variations in the endowment set, lead to differences in levels of giving. These variations
have sometimes been attributed to framing effects. Dufwenberg, Gachter, and Hennig-
Schmidt (2011) show that labeling a game with the same payoffs as a “Community”
or “neutrally framed” game changes the subjects’ behavior. Similarly, they find that
public goods games where subjects are endowed with money and can contribute to a
public good, when described as “give-some” or “take-some” games, generate differing
levels of contribution. Hoffman and Spitzer (1985), and Hoffman, McCabe, and Smith
(1994) compare situations where individuals earn their roles in an experiment (e.g.,
earning the role of seller or first mover) to standard Dictator games. They find that
subjects that earn their advantaged positions are more likely to retain greater amounts
for themselves. Participants appear to legitimize their entitlement to better outcomes
once they feel they have earned the right to influence these outcomes, which in other

circumstances might be considered unfair.

Cherry, Frykblom, and Shogren (2002); Cherry (2001); and Ruffle (1998) find that
levels of giving in Dictator and Ultimatum games are also influenced by the source of
wealth: individuals that earn assets and can claim to have legitimate claims to those
assets keep larger shares for themselves when compared to baseline cases where assets
are unearned. Oxoby and Spraggon (2008) consider treatments where the endowment
to be distributed in Dictator games is earned by the Dictator or earned by the matched
partner, and find that giving behavior is higher if the source of the endowment is the
earnings of the matched partner. In summary, individuals’ perceptions of fairness and
extent of concern about the payoffs of others are influenced by the factors leading up

to a decision environment and the characteristics of that decision environment. This
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is also true when the receiver of the redistribution is a charity, rather than another
subject in a laboratory environment. Reinstein and Riener (2012) show that the
levels of giving in the laboratory towards other subjects is replicated when considering
charities as receivers. Similar outcomes are seen in Fong (2001), as well as Fong and
Oberholzer-Gee (2011) where different levels of information regarding the receiver’s

need or ‘deservingness’ has strong effects on the level of charitable giving.

The specific antecedent we study in this paper is the nature of earnings earned
through effort, as opposed to luck. Benabou and Tirole (2006) and Alesina and An-
geletos (2005) posit models that suggest that differences between support for redis-
tribution rates between the United States and Western Europe is driven by divergent
beliefs about the role of luck vs effort in the accrual of earnings. As a result, the paper
also contains aspects of the literature exploring how differences in the sources of income
affects support for redistribution using lab experiments. The key takeaway from this
literature is that the results are mixed, and very context dependent. Papers such as
Balafoutas, Kocher, Putterman, and Sutter (2013), Durante, Putterman, and Weele
(2014), and Stoddard, Lefgren, and Sims (2016) find that there is greater support
for redistribution when income results from luck rather than performance or effort.
Stoddard, Lefgren, and Sims (2016) compare a treatment where inequality of payoff is
directly proportional to effort with a treatment where inequality of payoff is not tied
to effort level, and find that support for redistribution is higher when inequality is
unrelated to effort. When redistribution decisions are made before individuals know
their actual ex-post income, they find greater support for redistribution when income
is randomly assigned than when income is assigned by zip code, Tetris skill or score
on a quiz. Ku and Salmon (2013) find the opposite result where there is less support
for redistribution when income in randomly assigned than when income is based on a

skill task, specifically the SAT test.

Finally, this paper also contributes to the literature on personnel economics and
specifically, the impact of pay compression within hierarchical levels within an organi-
zation. An element of the choice of compensation is whether, within a firm, the pay for
individuals should have less variance than the variance in their performance levels. The

often-stated objective of a compressed pay structure is to make pay more equitable,
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and create a fair environment which promotes harmony among workers. While people
do seem to value equity and fairness as shown in Baron and Kreps (1999), what hap-
pens in situations where output results from choices about effort rather than inherent
differences in ability? If co-workers are exhibiting lower levels of effort, but enjoy-
ing similar levels of pay, this can cause dissension within the ranks. In general, pay
compression reduces the incentives to engage in sabotage or other noncooperative be-
havior that is induced by the prisoner’s dilemma style payoff structure (Lazear, 1989).
However, this result could be context-specific depending on how closely teams have
to work together to provide joint output, which requires a higher level of bonhomie

within members of similar ranks.

Our study is most closely related to two recent papers - Gee, Migueis, and Parsa
(2017), and Sheremeta and Uler (2018). Gee, Migueis, and Parsa (2017) study the
interaction effect between levels of inequality and the support for redistribution when
incomes are generated by effort, rather than luck. They find that support for redistri-
bution is higher when incomes are a result of effort as compared to luck when initial
levels of inequality are low, but support for redistribution is lower when comparing
effort and luck incomes when initial levels of inequality are high.? Our experiment
complements their findings by studying settings where there are no initial levels of
inequality, and improve the design by controlling for higher-order beliefs of subjects
that may affect giving levels. Sheremeta and Uler (2018) study how giving depends on
income and luck, and cross-cultural differences in how this relationship changes when
subjects are given information about how much of their incomes are a result of effort
and luck. They find that US and Spanish subjects give similar amounts when they are
fully informed about the source of income (effort vs luck), but US subjects give signif-
icantly smaller amounts in the absence of this information. Our study complements
theirs by covering situations where only Dictators are fully informed about the source
of income for them and receivers, so we additionally control for any expectations that
receivers may form based upon this information. In addition, we find results similar

to theirs in situations with no ex-ante inequality.

2In contrast to their results, Krawczyk (2010) finds that going from a low inequality setting to a
high inequality setting leads to an increase in support for redistribution when the income is a result
of effort as compared to luck.
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We explore the effect of players’ beliefs about the legitimacy of their relative status
by changing the legitimacy of their own and their matched partner’s endowments. By
leveraging a modified version of the reference-dependent utility framework explored
in Koszegi and Rabin (2006), we explore how antecedents shift a ‘fairness’ reference
point that participants place on the marginal rate of substitution between one’s utility
and the matched partner’s utility. Our hypothesis in this paper is that antecedents
change the importance participants give to the utility of others by shifting this ‘fairness’
reference point. Given this effect, antecedents affect the reference point of allocations

against which Dictators evaluate all potential payoffs.

3.3 Experimental Setup

In this section, we discuss the experimental setup used to study the predictions of
our model discussed in Section 4. All participants received a basic show-up fee of
$5. In addition, their performance in the experiment was rewarded with Experimental
Currency Units (ECUs), and the conversion rate for ECUs was 20 ECUs = $1. The
experiment was conducted in two stages, with a combination of effort tasks in the first
stage used in a tournament style. Subjects were randomly matched at the end of the

first stage, and then a modified Dictator game was played in the second stage.

The first stage involved all participants participating in effort tasks. The nature
of the effort tasks was chosen so as to successfully separate the effect of effort from
ability. We used two different kinds of effort tasks that can help identify effort (as
separate from ability) with varying degrees of success. The first effort task used is
the Slider Task proposed by Gill and Prowse (2011) where subjects were presented
with forty-eight sliders on their computer screen, with a range of integer values from
0 to 100, initially at 0. They were asked to use their mouse to position the slider at
50. Once the slider was adjusted, the value of its position was shown to the right of
the slider. If the number did not read 50, subjects were able to adjust the position
again. There was no limit on the number of attempts per each slider. Subjects had
two minutes to correctly position as many sliders as they could. Subjects’ performance
was measured by the number of sliders correctly positioned in two minutes, and they

received 1 ECU for each slider correctly positioned. The second effort task was the
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Grid Task, where a 15 by 15 grid with randomly distributed Os and 1s appeared on the
screen, and subjects were asked to count the number of zeros in the table. They had
two minutes to solve as many grids as they could, and if they had three unsuccessful
attempts, a new table was generated. In this task, which is similar to the one used by
Abeler, Falk, Gotte, and Huffman (2011), subjects’ performance was measured by the
number of grids correctly solved, and subjects received 3 ECUs for each successful grid.
The subjects alternated between the two effort tasks five times each. Thus, the total
length of completing all effort tasks was 20 minutes. This stage was constructed with
a special emphasis on requiring a significant effort level from participants, in order to
create strong feelings of property rights to endowment levels, and stimulate notions of

‘deservingness’.

After the first stage, subject were randomly matched into pairs. The subject within
a pair with the higher score in stage one was assigned to Group A (who played the role
of Dictators in the second stage), while the subject within a pair with the lower score
was assigned to Group B (the receivers in the second stage). Subjects then received
a stage one bonus, determined partly through randomness, and partly based on the
group they were assigned to.®> A random draw was made over a uniform distribution
from zero to twenty ECUs to determine the stage one bonus for Group A participants.
The difference between the total stage one earnings for the Group A subject within a
pair (their stage one earnings through the effort task plus the stage one bonus) and
the stage one earnings through the effort task for the Group B subject within the pair
was assigned as the stage one bonus to the Group B participant in the pair. This
ensured that both subjects within a pair had the same level of earnings at the end of
the first stage, but had different ratios of how much of their stage one earnings was

earned through effort, rather than luck.

In the second stage, participants in Group A were provided a table showing the
breakdown of the stage one earnings through the effort task and bonus stage one

earnings earned by them, and their matched partner. They were also provided a

3Subjects were informed of this setup for the stage one bonus in their written instructions before
starting the session, to avoid any notions of deception. The exact instructions were “The Stage One
Bonus has a completely random component, and a deterministic component that depends directly on
whether you are in Group A or Group B
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new endowment of 120 ECUs that they were asked to split between them and their
matched partner. They were reminded that their partner did not know the breakdown
of their stage one earnings, and also would not learn their stage two earnings. The
only information that Group B participants received was the total ECUs earned as
a combination of stage one and stage two earnings. This design helped control any
expectations that receivers may have had given their effort levels in the first stage, and
ensured that Dictators did not need to take these expectations into consideration when
distributing ECUs in the second stage. This setup also helped Dictators obfuscate the
level of generosity that they were showing to their matched partners, which provided
an avenue for displaying more selfish levels of giving than situations where receivers

would know the exact level of generosity shown by their matched partners.

After the second stage ended, Group B participants were incentivized to provide
an accurate belief of how many ECUs they expected to receive in the second stage,
and Group A participants were incentivized to provide an accurate belief of how many
ECUs their matched partner expected to receive. This helps us accurately determine
what beliefs and expectations subjects had, and what effect the accuracy of their beliefs

had on the levels of giving in the second stage.

The action set available to the Dictators in Group A was the same for all subject
pairs. They had to allocate 120 ECUs between themselves and their matched partner.
Once the effort task was over, subjects in Group B could no longer take any further
actions to influence the beliefs about reciprocity that subjects in Group A may have, so
these beliefs were the same across all subject pairs. Since subjects in Group A were told
explicitly that their partners in Group B had no knowledge about their performance
in the effort task, we explicitly controlled for their beliefs about the expectations that
their matched partner may have had. Beliefs about guilt-aversion were the same across
all subject pairs. However, across subject pairs, there were differing levels of stage one

receiver earnings that resulted from effort rather than luck.

Both outcome-based distributional preference models and intentions-based
reciprocity models predict the same level of giving across all subject pairs. The the-

ory of fairness and reciprocity proposed by Cox, Friedman, and Gjerstad (2007) also
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predicts the same level of giving across all subect pairs because the relative status
of the two groups remains the same for all subject pairs. However, the beliefs that
participants in Group A have about the legitimacy of the endowments of the matched
partner (how much of their matched partner’s endowment was earned, rather than
given) varied across all subject pairs. Similarly, beliefs that participants in Group A
have about their own legitimacy also varied across subject pairs. We hypothesize that
the updated beliefs about the legitimacy of the endowments shifts the ‘fairness’ refer-
ence point of players, and their giving behavior reflects these new ‘fairness’ reference
points. If we imagine three subject pairs where all the Dictators earned 40 ECUs in
the effort task and received a draw of 10 ECUs as the first stage bonus, but they face
receivers who earned 20, 30, and 40 ECUs in the effort task, we hypothesize that giving
behavior will increase as we move across subject pairs. The conditions summarizing

such hypothetical subject pairs are presented in Table 3.1 below.*

Table 3.1: Subject pairs with differing levels of “deservingness”

Subject Dictator’s Dictator’s Receiver’s Receiver’s Receiver’s
Pair # Earned Bonus Earned Bonus Earned
ECUs ECUs ECUs ECUs ECU %
40 10 20 30 40%
2 40 10 30 20 60%
40 10 40 10 80%

In Section 4, we propose a utility form similar in spirit to the one proposed in Cox,
Friedman, and Gjerstad (2007), and augment it with the reference-dependence frame-
work explored in Koszegi and Rabin (2006). The updating process used to explore
shifting ‘fairness’ reference points helps explain the behavior we expect to see across

subject pairs.

4 Alternately, we could also imagine three subject pairs where the level of earned and bonus ECUs
of the matched partners are equal, but the level of earned ECUs for the Dictator is increasing across
the subject pairs.
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3.4 Theoretical Framework and Predictions
3.4.1 Utility Form

The utility form proposed here accounts for other-regarding preferences but, cru-
cially, relies on uncertainty. Dictators in the game are uncertain about the relative
importance they place on the consumption of their matched partners. Since Dicta-
tors do not know the partners they are being matched against, this uncertainty is
likely. Experimental data in the past, such as Andreoni and Bernheim (2009), show
that audience effects and social norms influence the importance that Dictators place
on others’ welfare. This data somewhat justifies the consideration that players may
be initially uncertain of the value they place on other players’ welfare. Formally, we

introduce the instantaneous consumption utility of the Dictator as:

m(c) = f(eq) + 0 * f(c,) where cq represents the percentage of second-stage wealth
(the ECUs to be distributed) that the Dictator keeps for himself while ¢, represents
the percentage of second-stage wealth that the Dictator gives to the receiver, and 6
represents the relative importance that the Dictator places on the receiver’s outcomes.
Because Cox, Friedman, and Gjerstad (2007) propose € as a function of relative status
and reciprocity, their model is not inconsistent with the claim that € is not initially
fully known to the agent. Similar to CJG, I propose that 6 is a function of relative
status, reciprocity, and beliefs about legitimacy of the status, giving us the functional
form 0(s,r,1). f(.) is a continuously differentiable, increasing, and concave function
that provides diminishing marginal returns in higher shares of the total endowment.
Note that if 6 is known to the Dictator, the optimal choice ¢ must satistfy the following
first-order conditions: 6 = %

6 is unknown to the Dictator, except that she has a prior on the probability distri-

bution that # can take. The model is specified as below:

0 ~ N(u,0°) , p~ Unifla,b]’

To(0l) = Zotzean 55 (0 = )] o) = 725

5In Appendix B1, we also consider a more informative case where y has a normal distribution,
and find similar results.
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In this representation, the Dictator enters the game with a prior probability distri-
bution over the relative importance she gives to the receiver’s earnings. The expected
value of this prior has a uniform distribution between the values of a and b. We propose
that a and b take on the values of zero and two. Thus, we impose that, in expectation,
the Dictator cares equally about her and the receiver’s allocations. At the start of the
game, a signal is sent to the Dictator which influences her beliefs over [, and conse-
quently 6(.). The signal helps the Dictator form beliefs over the legitimacy of her own
or her partner’s endowments, which affects her beliefs over 6. Given this new potential
datapoint of the realization of #, the Dictator uses Bayesian updating to change her
prior distribution over p.

_ Ay — _ Jou@lme(m)
s(ulf = 0) = [ o (@) g(p)du

(ul6 = 8) o Leap(35 (0 — w)?)

s(pl0 = 0) o Leap(sk (- 0)?)

The posterior distribution has a mean equal to the value of the signal received .
As the signal received 0 increases, the distribution of p shifts to the right, which
shifts the expected distribution of 6 to the right. Given the first-order conditions, the
distribution for the optimal choice of ¢ shifts to the right as the signal 0 increases (as

it does across subject pairs in the experiment). We label this condition Proposition 1.

Proposition 1 : As the percentage of earned ECUs in the Receiver’s endowment in-
creases (or as the percentage of earned ECUs in the Dictator’s endowment decreases),
the probability distribution for the optimal choice of ¢} that mazimizes the instanta-
neous consumption utility shifts to the right, and Dictators are likely to give larger

shares to receivers.

In Appendix C1, we consider a more general version of utility by incorporating gain-
loss Koszegi & Rabin type preferences for the Dictator, and find a similar prediction

about levels of giving.
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3.4.2 Hypothesis

Given Propositions 1 and 2,° we have the following hypothesis that is the main

question explored.

Hypothesis 1 : As the percentage of earned ECUs in the Receiver’s endowment in-
creases across subjects (or as the percentage of earned ECUs in the Dictator’s endow-

ment decreases), Dictators give a larger share of the endowment to the Receivers.

We contrast this hypothesis with predictions under outcome-based theories of fair-
ness and inequity aversion, as well as intention-based theories of reciprocity. Since
outcome-based theories remain indifferent to the sources of endowments, the predic-
tion is that the level of giving should be the same for all subject pairs in the ex-
periment. Dictators that are ‘fair’ or ‘inequity-averse’ should remain equally fair or
inequity-averse for all pairs. Intention-based theories of reciprocity consider actions
taken by the matched partner, which are perceived as levels of ‘kindness’. However, in
the experiment, the only choice available to the receiver is how much effort to put into
the task, which has no bearing on the amount of ECUs that the Dictator is splitting
between parties, or the level of total first stage earnings by Dictators. Thus, there is

no notion of reciprocity in our experimental setting.

The belief-based theory of guilt aversion explored in Dufwenberg and Battigalli
(2007) and Charness and Dufwenberg (2006) could potentially affect the levels of giving
in our experiment. If receivers expect higher amounts when the earned share of their
endowments is higher, and Dictators correctly anticipate these increased expectations,
then Dictators will give higher amounts to match those expectations and avoid feelings
of ‘guilt’ However, our experimental structure explicitly controls for the first-order
beliefs of the receiver and the second-order beliefs of the Dictator. Receivers are
not aware of their effort-task performance levels at any stage (including payoff), and
Dictators are explicitly reminded of this fact. Thus, receivers’ expectations should not
differ across subject pairs, and Dictators maintain the same second-order beliefs about

receivers’ expectations. Since guilt-aversion theory predicts that levels of giving should

6As presented in Appendix C1
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depend only on outcomes, receiver strategies, and Dictator’s second-order beliefs of
about receiver expectations, guilt-aversion predicts the same level of giving across all

subject pairs.

3.5 Results

A total of 124 registered undergraduate subjects participated in seven experimental
sessions. The sessions were run at the Economic Science Laboratory at the University
of Arizona in March and April, 2018. The ESL system sent standardized invitations to
students who had voluntarily registered before the experiment. The experiments were
conducted using an interface programmed using Z-Tree (Fischbacher, 2007). Subjects
were assigned computers randomly, instruction papers were handed out, and read out
loud at the start of each session. Subjects had to undertake a quiz in order to ensure
that they understood the instructions, and no one was able to start the experiment
without everyone correctly answering all the quiz questions. The final payoffs consisted
of the sum of earnings from the two stages of the experiment, as well as a $5 show-up
fee. With the completion of the experiment, subjects were paid their cash earnings in
private. The average payoff was $18.3 for sessions that lasted approximately an hour,

with a minimum of $10.2, and a maximum of $25.9.

Table 3.2 below provides summary statistics for the earnings and demographics av-
erages of the 62 subject pairs that participated in the sessions, with details provided
separately for Dictator and receiver subjects. On average, subjects made 206 ECUs
in the first stage, 194 of which were ‘earned’ through the effort task by subjects that
became Dictators, but only 121 of which were ‘earned’ by subjects that became re-
ceivers”. On average, subjects that became Dictators earned a total of 305 ECUs
(about $15) through two stages, but there is a significant amount of variation in earn-
ings. Receivers were expecting an average of 41 out of 120 ECUs in the second stage,
but received a significantly lower 22 ECUs. Both Dictator and receiver groups are
about equally represented by male and female subjects (slighly more females in both

groups). Subjects of both groups are on average, juniors who are about 21 years of

age.

"The conversion rate used in the experiment was 20 ECUs = $1.
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Table 3.2: Summary Statistics

ECU Variables Means (S.D.) Demographic Variables Means (S.D.)
Total Stage One ECUs 206.2 Dictator’s Gender 0.532
(56.39) (0.503)
Dictator’s Earned Stage One ECUs 194.3 Receiver’s Gender 0.548
(57.15) (0.502)
Receiver’s Earned Stage One ECUs 121.0 Dictator’s Age 21.18
(48.47) (1.625)
Stage Two ECUs Given 22.27 Receiver’s Age 21.03
(21.07) (1.639)
Receiver’s Stage Two Expectations 41.05 Dictator’s Academic Year 3.452
(21.22) (1.210)
Dictator’s Total ECUs 305.7 Receiver’s Academic Year 3.065
(64.96) (0.921)
Observations 62

Dictators had 120 ECUs available to them for distribution in the second stage, of
which they distributed about 22 ECUs on average, while keeping the rest. Thus,
on average, subjects gave about a sixth of their available endowment in the second
stage, which is similar to giving levels in past experiments where subjects earned
the right to be Dictators like Hoffman, McCabe, and Smith (1994). However, in
contrast to their results, where over half of subjects that earned the right to become
Dictators give nothing, we find that only about a third of the 62 dictators gave nothing
in the second stage. Only 6 out of the 62 Dictators gave half of the 120 ECUs to
their matched partner. Figure 3.1 provides both the frequency distribution and the
cumulative density function of the amount of 120 ECUs that were given by the Dictator

to their matched partner in the second stage.

3.5.1 Effect of ‘deservingness’ on giving

Result 1 : In the absence of ex-ante inequality, when controlling for beliefs of
receivers, there is no systematic relationship between signals of receiver ‘deserving-
ness’ and prosocial behavior. However, there is a negative correlation between ‘self-

deservingness’ and prosocial behavior.
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Figure 3.1: Giving Levels
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Our central hypothesis is that there is a monotonic relationship between signals
of ‘deservingness’ and prosocial behavior by agents. Our theoretical model predicts
that this relationship should exist independent of any beliefs that receivers may have
regarding their own level of ‘deservingness’, and should exist even in the absence of
ex-ante inequality. We consider three different possible signals of ‘deservingness’ in

our analysis.

The first signal is the ratio of first-stage endowments of the matched partner that
was ‘earned’ rather than a result of luck. While studies in the past have compared cases
where income is either completely a result of effort or luck, we consider a scenario where
endowments are a function of both. Subjects face matched partners with heterogeneous
ratios of their first stage endowments resulting from effort, as opposed to luck. The
experimental setup ensures that there is no inequality within subject pairs at the
end of the first stage. We find that there is no effect of this particular signal of
receiver ‘deservingness’ on giving in the following Dictator games. In the absence
of ex-ante inequality, when receiver beliefs about their own level of ‘deservingness’
is controlled for, prosocial behavior is not monotonically correlated with a signal of
receiver ‘deservingness’ comprising of ratios of endowments that are a result of effort

rather than luck.

The next signal of ‘deservingness’ we considered is the difference in ratios of ‘earned’
first stage earnings between Dictators and their matched partners. Again, we find no
systematic relationship on giving levels in the second round based on this signal of

‘deservingness’ from the first round. This lack of a monotonic relationship is some-
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what surprising given that receiver endowments coming from effort vs luck have been
shown to be predictive of different support for redistribution in previous studies. How-
ever, these previous studies all cover situations with some ex-ante inequality between
subjects prior to the redistribution stage, and also rarely control for receiver’s beliefs
about their own ‘deservingness’. Our experimental results suggest that the monotonic
relationship breaks down in the absence of ex-ante inequality, or relies crucially on

receivers having correct beliefs about their own level of ‘deservingness’.

Our main finding is the negative relationship between the ratio of Dictator’s own
income that was a result of effort to giving in the second round. Dictators whose
endowments in the first stage are more a result of effort than luck legitimize their
claims to future winnings and give lower amounts to matched partners in the absence

of ex-ante inequality.

Table 3.3 provides the results of regression analysis studying the determinants of
the ratio of 120 ECUs that Dictators gave in the second round. Since this variable is
truncated at the lower end at zero (and about a third of the subjects gave zero in the
second round), we show the results of the OLS model as well as the Tobit model. In
our analysis, we control for the gender and age of Dictator subjects, and cluster all
standard errors at the session level. For every percentage point increase in the ratio of
stage one Dictator earnings that results from effort (vs luck), there is a 1.8 percentage

point drop in giving in the second stage.
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Table 3.3: The Effect of Deserving Signals on Ratio of Prosocial Behavior

DV: Ratio of 120 ECUs Given (1) (2) (3) (4) (5) (6)
Receiver’s Earned Ratio 0.0300 -0.0191
(0.101) (0.172)
Dictator’s Earned Ratio -1.288** -1.817***
(0.383) (0.458)
Difference in Earned Ratio -0.0920 -0.0778
(0.117) (0.187)
Gender Controls Yes Yes Yes Yes Yes Yes
Age Controls Yes Yes Yes Yes Yes Yes
Session Controls Yes Yes Yes Yes Yes Yes
Session Clusters Yes Yes Yes Yes Yes Yes
Model Type OLS OLS OLS Tobit Tobit Tobit
N 62 62 62 62 62 62
R? 0.0224  0.129  0.0324

Standard Errors Clustered at the Session level
* p <0.10, ** p < 0.05, *** p < 0.01

Figure 3.2: What Affects Giving Ratio?
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Result 2 : As the level of wealth (as represented by first stage endowment) increases

across subjects, Dictators give a smaller share of second stage ECUs to Receivers.

One interesting result we find is the statistically significant negative relationship
between wealth levels in the first stage with giving in the second round. Wealthier
Dictators are less generous towards their matched partners in later rounds. This
provides a complement to the results in Rutstrom and Williams (2000). They compare
subjects in discrete income levels, and find that Dictators in higher income levels are
less prosocial than those in lower income levels. Our results suggest that these results
in discrete groups also extend in a monotonically continuous way. Table 3.4 provides
the results of regression analysis studying the determinants of the amount of 120 ECUs
that Dictators gave in the second round. Since this variable is truncated at the lower
end at zero (and about a third of the subjects gave zero in the second round), we
show the results of the OLS model as well as the Tobit model. In our analysis, we
control for the gender and age of Dictator subjects, and cluster all standard errors at
the session level. A one ECU increase in the level of overall earnings in the first stage

is associated with a 0.15 ECU decrease in giving in the second stage.

We find that there is no statistical correlation between receiver’s expectations in
the second stage and the amounts they actually received. We also check to see if the
amount (rather than the ratio) of ‘earned’ Dictator ECUs in the first stage is predictive
of the amount (rather than the ratio) of 120 ECUs that were given in the second stage.
We replicate the statistically significant negative relationship that we find between the
ratio versions of these variables. This negative relationship exists even after controlling
for the ratio of receiver earnings that are a result of effort, which serves as a proxy for

receiver ‘deservingness’.

We do find some evidence of a positive correlation between Dictator’s beliefs about
the ECUs that their partner was expecting in the second stage, and the ECUs they
actually gave in the second stage. Since these beliefs are elicited after Dictators
have already chosen the amount of ECUs to give in the second stage, we are unable to
distinguish between some possible explanations for this trend in the data. It is possible

that Dictators are simply exhibiting some wish-fulfilment by saying that receivers were
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expecting lower (higher) amounts if they actually gave lower (higher) amounts in the
second stage. However, we cannot reject the possibiity that Dictators plausibly had
the same beliefs ex-ante, and so the beliefs about their partner’s expectations are
what led to the giving levels in the second stage. We are skeptical of this latter
explanation because there is no correlation between Dictator’s beliefs about receiver

expectations, and receiver’s actual expectations. Furthermore, there is no correlation

between receiver’s expectations, and actual giving levels.

Table 3.4: The Effect of Deserving Signals on Amount of Prosocial Behavior

DV: Amount of 120 ECUs Given

(1)

(2) 3) (4)

©)

(6) (7) (8)

Stage One Total ECUs -0.110* -0.154**
(0.0480) (0.0694)
Receiver’s Earned Ratio -6.571 -6.803 -17.05 -17.42
(6.433)  (6.284) (12.99)  (12.93)
Dictator’s Earned ECU Amount -0.118* -0.167*
(0.0509) (0.0704)
Dictator’s Stage Two Expectations 0.313** 0.563***
(0.0894) (0.158)
Receiver’s Stage Two Expectations -0.0292 -0.0564
(0.130) (0.146)
Gender Controls Yes Yes Yes Yes Yes Yes Yes Yes
Age Controls Yes Yes Yes Yes Yes Yes Yes Yes
Session Controls Yes Yes Yes Yes Yes Yes Yes Yes
Session Clusters Yes Yes Yes Yes Yes Yes Yes Yes
Model Type OLS OLS OLS OLS Tobit Tobit Tobit Tobit
N 62 62 62 62 62 62 62 62
R? 0.0939 0.110 0.163 0.0222

Standard Errors Clustered at the Session level

*p<0.10, ** p < 0.05, *** p < 0.01
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Figure 3.3: What Affects Giving Amounts?
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3.5.2 Effect of effort levels on expectations

Result 3 : There is no positive correlation between the level of receiver’s performance

in the first stage, and Dictators’ beliefs about receiver expectations in the second stage.

Figure 3.4 shows the results for the amount of ECUs out of 120 that Receivers
were expecting in the second stage, as well as the amount of ECUs that Dictators
believed their matched partners were expecting in the second stage. Receivers were
very optimistic, with slightly over a third of all Receivers expecting to receive half of
the 120 ECUs in the second round. Half of all Dictators say that they believe their
matched partner is expecting half the second round ECUs. However, both the Receiver
and Dictator’s expectations of the second round ECUs is completely uncorrelated with

the actual effort levels of Receivers in the first round.
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Figure 3.4: Effort and Expectations
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Note that Dictators only provided their beliefs about their partner’s expectations
after they had already decided the actual amount of ECUs to give in the second stage.
The experiment setup ensured that receivers were not aware of their exact first stage
level earnings, so there should be no effect of the amount of ECUs that they ‘earned’
in the first round on their expectations in the second round. Similarly, Dictators were
reminded that receivers would not know the breakdown of their earnings, so their
beliefs about receiver expectations in the second round should also be uncorrelated
with the amount of ECUs that receivers ‘earned’ in the first round. We find that the
experimental setup to try and control first-order and second-order beliefs in the second
stage was successful, with receiver’s second stage expectations surprisingly having a
slightly negative correlation to their level of ‘earned’ ECUs in the first stage (as shown
in the first column of Table 3.5), and Dictator’s second stage expectations completely
uncorrelated with the receiver’s level of ‘earned” ECUs in the first stage (as shown in

the second column of Table 3.5).
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Table 3.5: The Effect of Effort Levels on Beliefs

(1) (2)
Receiver’s Earned ECU Amount -0.110*  -0.0158
(0.0516) (0.0405)

Gender Controls Yes Yes
Age Controls Yes Yes
Session Controls Yes Yes
Session Clusters Yes Yes
N 62 62
R? 0.0721 0.0107

Standard Errors Clustered at the Session level
*p <0.10, ** p < 0.05, *** p < 0.01

3.6 Conclusion

This paper presents a theoretical model that provides a basis for how antecedents
can affect other-regarding preferences. We posit that signals of self and receiver ‘de-
servingness’ changes the behavior of economic agents by affecting their marginal rate of
substitution between their concern for self-interested and other-regarding utility. This
model can help explain behavior seen in past experimental studies which have used
signals of receiver ‘deservingness’ by considering sources of past income, or legitimacy
of past income. These studies have covered other-regarding preferences through the
lens of proclivity towards redistribution in the face of ex-ante inequality, and contrast
cases where ex-ante inequality is the result of unequal levels of effort, or random luck.
Many of these results can also be explained by psychological game theoretical models
of guilt aversion where receivers may have expectations based on their effort levels in
the past, or different beliefs about their own ‘deservingness’, and redistribution is done
to match these expectations. The theoretical model presented here suggests a chan-
nel outside of receiver expectations, and suggests a monotonic relationship between

prosocial giving and ‘deservingness’ even in the absence of ex-ante inequality.

To this end, we conduct experimental sessions that test this predicted monotonic
relationship. While earlier studies have looked at cases where income is either com-
pletely the result of effort, or completely a lucky outcome, we study a more continuous
distribution where incomes are a combination of effort and luck. We conduct a specific

randomization to ensure that there is no ex-ante inequality between subjects in the
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same pair before there is any avenue for redistribution. We find that, in contrast to
some earlier studies, that there is no monotonic relationship between prosocial behav-
ior and signals of receiver ‘deservingness’ in the absence of ex-ante inequality, when
receiver beliefs about their own level of ‘deservingness’ are suppressed. We do however,
find a statistically significant negative relationship between prosocial behavior and the
level of Dictator’s own ‘deservingness’ This relationship is consistent even when con-
trolling for factors like the age and gender of participants, and also after controlling the
level of receiver ‘deservingness’. Finally, we also find a statistically significant negative

relationship between levels of income and prosocial behavior.

Our results weakly suggest that pay compression in the workforce need not neces-
sarily lead to adverse outcomes or feelings of ill-will within groups who are at similar
designation levels, and receive similar pay irrespective of productivity levels. However,
any ill-will that is generated will be higher for group members who are at the top end
of productivity, because they have the largest claim to legitimizing their income levels.
Going forward, it would be interesting to test the source of the null results we find
in our study regarding the connection between receiver ‘deservingness’ and level of
prosocial behavior. The breakdown in the relationship between giving and the level
of receiver ‘deservingness’ could either be attributed to the lack of ex-ante inequality,
but could also be driven by the fact that receiver beliefs about their own level of ‘de-
servingness’ is suppressed, and hence guilt aversion channels are not being activated.
We plan to study this in further detail in future projects. The key result we present
here is that agents pay more attention to their own level of ‘deservingness’ rather than

those of others when considering the optimal level of prosocial behavior.
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CHAPTER 1 APPENDIX

A1l Repeated Game Strategy Automata

The following diagram shows the 26 strategies evaluated, represented as finite au-

tomata.
Figure A1l: Two State Two Action Automata
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A2 Efficiency & Fairness Metrics

The following diagrams show how the efficiency and fairness metrics are calculated

for the Battle of the Sexes, Prisoner’s Dilemma, Chicken, and Stag Hunt games.

Battle of the Sexes

Played repeatedly, the Battle of the Sexes is a simple, canonical game in which there
is a tension between individual strategies (stage game Nash Equilbria) and coordina-
tion (alternating strategies that share the payoffs). The payoffs satisfy the following
properties: b' > ¢! > a! = d' and ¢? > v? > a® = d*. There are three Nash Equilibria
in the stage game: Player 1 plays action A and Player 2 plays action B, Player 1 plays
action B and Player 2 plays action A, and a mixed-strategy equilibrium. The Pareto
set is {u = (u',u?)|u’ = M'(B, A)+ (1 — \)u'(A, B)}, which is attained by alternating
between the two pure-strategy Nash equilibria. For example, if the two players choose
(B, A) for k rounds and then switch to (A, B) for j rounds and then switch back to (B,

A) and so forth, the average payoffs would be (Cliﬁ;lj : %) with A = % giving us

the alternation ratio. By suitably choosing k and j, one can get many of the rational
payoffs in the efficient set of payoffs, including a A*that equalizes the realized payoffs
for the two players.

I define efficiency and fairness here using the following routine. Since (a!,a?) is
the least efficient payoff outcome in the game, and the Pareto set generates the most
efficient set of payoffs in the game, I draw a line /; from the sink point of the payoffs
(a1,az) to the payoffs on the Pareto frontier passing through the actual payoff point
(u*!, u*?). Efficiency is given by the distance between the actual payoff point and the
sink point, relative to the distance between the sink point and the Pareto frontier. Ar-
ifovic and Ledyard (2015) have a closed form solution for this measure that generalizes
across all symmetric and asymmetric payoff games. The efficiency measure is:

w2 —d2) (B — el — (o —db) (B2 —e2
E = ( (bl—gl))((52—;2;—E62—02()7l(c)1(lid1§ ) x 100

If payoffs are symmetric, the measure of unfairness is given by how far the actual

payoff is from a 50-50 split. With asymmetric payoffs, the routine requires a few
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more steps. Suppose the players were able to coordinate on a 100% efficient strategy;
that is, they alternate in some pattern between player 1’s favorite stage game Nash
equilibrium and that of player 2. Let A be the % of time spent on player 1’s favorite

2

Nash equilibrium. Equal payoffs occur if A = \* = % . Let the point (e, e?)
denote the point where the line from (a!,a?) to the line ; that passes through the
average payoff pair (u*!,u*?). The point (e',e?) can also be represented by \, where
A is the % of time spent on (b',b%) and (1 — \) is the % of time spent on (c',c?).
Unfairness can be measured by how far the value of \ is from the idealized value of

A*. Arifovic and Ledyard (2015) present a closed form solution that generalizes to all

symmetric and asymmetric payoffs.

| (ur—d')(?—d?)—(u?—d?)(c! —d!) _ q
Il _al) (02 _c2) (w2 _a2) (bl _ol
U= == )1_(>\* d<) (b ) % 100

The fairness measure is given by subtracting the unfairness measure from 100. Thus,

all efficiency and fairness measures are on a scale from 0 to 100.

Figure A2: Battle of the Sexes - Efficiency & Fairness
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Player 1 payoffs

Prisoner’s Dilemma

In a repeated setting, the Prisoner’s Dilemma is a game with a tension between
the dominant strategy of defection against the payoff-dominant situation of mutual

co-operation. The payoffs satisfy the following properties: b* > a' > d' > ¢! and
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c? > a? > d* > b?. There is a unique Nash Equilibria in the stage game: (B, B). The

most efficient payoff is the mutual co-operation outcome: (A,A).

I define efficiency and fairness here using the following routine. On the co-ordinate
system, I draw a line from the point (a!,a?) to (d', d?). I denote this line as [;. Then, I
have lines I, and I3 that are perpendicular to line [; and originate from points (b*, b?)
and (c!, c?) respectively. For any point denoting the average payoff of the two players
(u*!,u*?), T can project the point onto /. Denote this point (f!, f?). Efficiency is
given by the ratio of the distance from (a!,a?) to (f!, f?), divided by the distance
from (a',a?) to (d*,d?).

To generate a fairness index, I calculate where the point (u*!, u*?) lies relative to
the line [;. If it lies above the line Iy, I project the point (u*!,u*?) to the line I, and
call this the point (g', g?). The unfairness index is given by the ratio of the distance
from I, to (¢!, ¢%), divided by the distance from I, to (b',b?). If it lies below the line
Iy, T project the point (u',u?) to the line I3 and call this the point (m', m?). The
unfairness index is given by the ratio of the distance from I; to (m!, m?), divided by

the distance from Iy to (ct, c?).

The fairness measure is given by subtracting the unfairness measure from 100. Thus,

all efficiency and fairness measures are on a scale from 0 to 100.
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Figure A3: Prisoner’s Dilemma - Efficiency & Fairness
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Player 1 payoffs

Chicken

Played repeatedly, the Chicken game is a form of anti-coordination game, where
it is mutually beneficial for the players to play different actions. The payoffs satisfy
the following properties: o' > a! > ¢! > d' and ¢ > a® > b* > d%. There are
three Nash Equilibria in the stage game: Player 1 plays action A and Player 2 plays
action B, Player 1 plays action B and Player 2 plays action A, and a mixed-strategy
equilibrium. The most efficient payoff is the mutual co-operation outcome: (A A).
Graphically, the payoff structure in a Chicken game is not very different from that of a
Prisoner’s Dilemma game, and hence the efficiency and fairness indices are calculated

using a similar routine.

On the co-ordinate system, I draw a line from the point (a', a?) to (d', d?). I denote
this line as [;. Then, I have lines [, and I3 that are perpendicular to line /; and originate
from points (b!,5?) and (¢, ¢?) respectively. For any point denoting the average payoff
of the two players (u*!, u*?), I can project the point onto ;. Denote this point (f!, f?).
Efficiency is given by the ratio of the distance from (a',a?) to (f*, f?), divided by the

distance from (a', a?) to (d*, d?).

To generate a fairness index, I calculate where the point (u*!, u*?) lies relative to

the line [;. If it lies above the line [y, I project the point (u*!,u*?) to the line Iy and
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call this the point (¢!, g?). The unfairness index is given by the ratio of the distance
from [; to (g', %), divided by the distance from [; to (b',5?). If it lies below the line
I;, T project the point (u',u?) to the line I3 and call this the point (m', m?). The
unfairness index is given by the ratio of the distance from I, to (m!, m?), divided by

the distance from [y to (¢!, c?).

The fairness measure is given by subtracting the unfairness measure from 100. Thus,

all efficiency and fairness measures are on a scale from 0 to 100.

Figure A4: Chicken - Efficiency & Fairness
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Player 1 payoffs

Stag Hunt

In a repeated setting, the Stag Hunt game represents a coordination game where
there is a tension between the risk-dominant strategy of safety and the payoff-domina-
nt situation of mutual cooperation. The payoffs satisfy the following properties, a' >
bt > d' > ¢! and a® > ¢® > d* > b®. There are three Nash Equilibria in the stage
game: Both players mutually cooperating on action A, both players mutually playing
action B, and a mixed-strategy equilibrium. The most efficient payoff is the mutual

cooperation outcome: (A,A).

I define efficiency and fairness in Stag Hunt games using the following routine. On

the co-ordinate system, I draw a line from the point (b',0?) to (c!,c?). T denote this
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line as [;. For any average payoff pair, (u*!, u*?), I can draw a line from (a', a?) to the
line /; that passes through the average payoff pair (u*!,u*?). The line l; represents
the most inefficient range of payoffs in the game, while the point (a!, a?) represents the
most efficient payoff. Inefficiency is given by the distance between the actual payoff
point and the point (a', a?) , relative to the distance between the point (a', a?) and the
line [;. The efficiency measure is given by subtracting the inefficiency measure from

100.

As a measure of unfairness, if payoffs are symmetric, the measure is given by how
far the actual payoff is from a 50-50 split. With asymmetric payoffs, I come up with a
metric that generalizes to all symmetric and asymmetric games. Let the point (f!, f?)
denote the point where the line from (a!,a?) to the line /; that passes through the
average payoff pair (u*!,u*?). The point (f', f?) can also be represented by \, where
) is the % of time spent on (b',b?) and (1 —\) is the % of time spent on (c', ¢?). Equal

(=c!)

Jprrer—or - Unfairness of an actual outcome of repeated

payoffs occur if A = \* =

play is measured by how far away it is from this idealized result.

The fairness measure is given by subtracting the unfairness measure from 100. Thus,

all efficiency and fairness measures are on a scale from 0 to 100.

Figure A5: Stag Hunt - Efficiency & Fairness
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A3 Theoretical Proofs

I present here a proof that guarantees the existence of a fixed point for propensities
towards strategies, given any starting point of initial propensities. While the games
studied in the paper have two players and two actions, the proof technique is gener-
alised for any finite number of players, with each having a finite number of actions. The
proof is similar in spirit to the one used to show the existence of a Quantal Response

Equilibrium in McKelvey and Palfrey (1995).

Let the game be played by n players, and let each player i € N = {1,2,......,n}
have J; strategies. Initial propensities towards each strategy for player ¢ are given by
pi = (Pi1,Di2, .-y Dig;) such that Ei;lpi,k = 1. Every element p; € A; which is a
simplex of size J;. Taken across all players, I have p = (p1, pa, .., Diy -, Pn) € A where
A = lLienA.

Let s, ; € S; denote strategy j for player 7, an element of all strategies available to
player i. The payoff function maps from the strategy space into R*. The algorithm
defined in Section 2.3 and Section 2.4 then maps from the payoff space into a composite
score H = aF + fAF + 0RF + (1 —a —  —§)S. Thus, I have a function that maps
from the strategy space into the composite score space, which is R*. For each player

1, I have:
gi(si,$—i) = RT where s; € S;,s_; € S_;and S; x S_; =8

I can extend the domain of g; to A which allows probability distributions over

strategies by using the following rule:

gi + S x A — RT where gi(si,s-i;p) = Ysesp(5)gi(s) where p(s) = ILienpi(s:).
Given the probability distribution over strategies being used by other players, player
1’s scaled expected composite score from using strategy 7 is given by
Gij(p) = exp(Agi(si;,p—i)). Finally, I have a function that takes a set of probabilities
for the n players, and returns an updated set of probabilities using the following

algorithm.
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p: ) = gi,j(P) f A
(i) = S35 TP €

Thus, [(.) is a function that maps A into A. Since g;(.) is continuous in p, g; ;(.) is

also continuous in p. Sums of continuous functions are continuous, and % is contin-

uous if f(x) and g(x) are continuous in x, and g(x) # 0. Given these properties, [(.) is

a continuous function in p, and maps A(a nonempty, compact, and convex subset of

R™) into itself. By Brouwer’s fixed point, the existence of a fixed point is guaranteed.
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A4 Converged Fixed Points

In the analysis, the ‘pre-experimental’ phase returns the final probability distri-
butions for both players after a convergence algorithm. The starting point for the
convergence algorithm is assumed to be a uniform distribution across all 26 strategies
for both players. If the players follow this converged probability distribution, the av-
erage payoffs they would receive are highlighted in the following diagrams in large red
circles. As a robustness check, I have run simulations using 100,000 random starting
probability distributions to see if the selection of uniform distributions as a starting
point is restrictive. The 100,000 random starting probability distributions converge to
a small set of final probability distributions, and the average payoffs for players if they
follow these probability distributions is showing in the following diagrams in small red

circles.

Battle of the Sexes

Full Information, Symmetric Payoffs

In the Battle of the Sexes, the 100,000 starting probability distributions converge to
one of four final fixed points. The figure below presents the average payoff outcomes
for both players, if they play strategies as prescribed by these four probability distribu-
tions. The payoffs are concentrated in a small region within a straight line, suggesting
that the four points are likely mixed representations of the two probability distributions
at the ends of this line. The large red circle representing the payoff when starting from
the uniform distribution is almost at the centre of these two ends, suggesting that it is

a good representation of all possible ‘types’ of players’ ‘pre-experimental’ preferences.
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Figure A6: Battle of the Sexes - Full Information, Symmetric Payoffs Multiple Equi-
libria
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Full Information, Asymmetric Payoffs

The 100,000 starting probability distributions converge to one of 8 final fixed points.
The figure below presents the average payoff outcomes for both players, if they play
strategies as prescribed by these 8 probability distributions. The payoffs are concen-
trated in a small region within a straight line, suggesting that the 8 points are likely
mixed representations of the two probability distributions at the ends of this line. The
large red circle representing the payoff when starting from the uniform distribution is
almost at one of the two ends, so it is not an ideal representation of all possible ‘types’

of players’ ‘pre-experimental” preferences, but comes reasonably close.
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Figure A7: Battle of the Sexes - Full Information, Asymmetric Payoffs Multiple Equi-
libria
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Dark Information, Symmetric Payoffs

The 100,000 starting probability distributions converge to one of two final fixed
points. The figure below presents the average payoff outcomes for both players, if they
play strategies as prescribed by these two probability distributions. The payoffs are all
concentrated in a very small region. The large red circle representing the payoff when
starting from the uniform distribution is also very close to these two points, suggesting
that it is a good representation of all possible ‘types’ of players’ ‘pre-experimental’

preferences.
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Figure A8: Battle of the Sexes - Dark Information, Symmetric Payoffs Multiple Equi-
libria
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Prisoner’s Dilemma

Full Information, Symmetric Payoffs

In the Prisoner’s Dilemma, the 100,000 starting probability distributions converge to
one of 20 final fixed points. The figure below presents the average payoff outcomes for
both players, if they play strategies as prescribed by these 20 probability distributions.
The payoffs are all concentrated in a very small region close to the mutual cooperation
outcome. The large red circle representing the payoff when starting from the uniform
distribution is also very close to the mutual cooperation outcome, suggesting that it is

a good representation of all possible ‘types’ of players’ ‘pre-experimental’ preferences.
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Figure A9: Prisoner’s Dilemma - Full Information, Symmetric Payoffs Multiple Equi-
libria

Prisoners Dilemma
4.0 +
wn
b5
3.0 +
z
ot
™ 2.0 +
—
4
&
o
a0+
0.0 T ; T T )
0.0 1.0 2.0 3.0 4.0

Player 1 payoffs

Full Information, Asymmetric Payoffs

The 100,000 starting probability distributions converge to one of 16 final fixed points.
The figure below presents the average payoff outcomes for both players, if they play
strategies as prescribed by these 19 probability distributions. The payoffs are con-
centrated in a very small region. The large red circle representing the payoff when
starting from the uniform distribution is very close to this region, suggesting that it is
a fairly reasonable representation of all possible ‘types’ of players’ ‘pre-experimental’

preferences.
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Figure A10: Prisoner’s Dilemma - Full Information, Asymmetric Payoffs Multiple
Equilibria
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Dark Information, Symmetric Payoffs

The 100,000 starting probability distributions converge to a single final fixed point.
The figure below presents the average payoff outcomes for both players, if they play
strategies as prescribed by this single probability distribution. The large red circle
representing the payoff when starting from the uniform distribution is the only payoff
outcome, suggesting that it is a good representation of all possible ‘types’ of players’

‘pre-experimental’” preferences.

Figure A11: Prisoner’s Dilemma - Dark Information, Symmetric Payoffs Multiple
Equilibria
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Chicken

Full Information, Symmetric Payoffs

In the Chicken game, the 100,000 starting probability distributions converge to one
of two final fixed points. The figure below presents the average payoff outcomes for
both players, if they play strategies as prescribed by these two probability distributions.
The payoffs are concentrated in a very small region. The large red circle representing
the payoff when starting from the uniform distribution is very close to the two payoff
points, suggesting that it is a fairly reasonable representation of all possible ‘types’ of

players’ ‘pre-experimental’ preferences.

Figure A12: Chicken - Full Information, Symmetric Payoffs Multiple Equilibria
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Full Information, Asymmetric Payoffs

The 100,000 starting probability distributions converge to a single final fixed point.
The figure below presents the average payoff outcomes for both players, if they play
strategies as prescribed by this single probability distribution. The large red circle
representing the payoff when starting from the uniform distribution is the only payoff
outcome, suggesting that it is a good representation of all possible ‘types’ of players’

‘pre-experimental’ preferences.
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Figure A13: Chicken - Full Information, Asymmetric Payoffs Multiple Equilibria
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Dark Information, Symmetric Payoffs

The 100,000 starting probability distributions converge to a single final fixed point.
The figure below presents the average payoff outcomes for both players, if they play
strategies as prescribed by this single probability distribution. The large red circle
representing the payoff when starting from the uniform distribution is the only payoff

outcome, suggesting that it is a good representation of all possible ‘types’ of players’

‘pre-experimental’ preferences.

Figure A14: Chicken - Dark Information, Symmetric Payoffs Multiple Equilibria
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Stag Hunt

Full Information, Symmetric Payoffs

In the Stag Hunt game, the 100,000 starting probability distributions converge to one
of 17 final fixed points. The figure below presents the average payoff outcomes for both
players, if they play strategies as prescribed by these 17 probability distributions. The
payoffs are concentrated in a relatively small region close to the mutual cooperation
outcome. The large red circle representing the payoff when starting from the uniform
distribution is also very close to the mutual cooperation outcome, suggesting that it is

a good representation of all possible ‘types’ of players’ ‘pre-experimental’ preferences.

Figure A15: Stag Hunt - Full Information, Symmetric Payoffs Multiple Equilibria
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Full Information, Asymmetric Payoffs

The 100,000 starting probability distributions converge to one of 19 final fixed points.
The figure below presents the average payoff outcomes for both players, if they play
strategies as prescribed by these 19 probability distributions. The payoffs are con-
centrated in a very small region. The large red circle representing the payoff when
starting from the uniform distribution is very close to this region, suggesting that it is
a fairly reasonable representation of all possible ‘types’ of players’ ‘pre-experimental’

preferences.
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Figure A16: Stag Hunt - Full Information, Asymmetric Payoffs Multiple Equilibria
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Figure A17: Stag Hunt - Dark Information, Symmetric Payoffs Multiple Equilibria
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A5 Limiting Probability Distributions
Full information, asymmetric payoffs limiting distributions

Figure A18 shows the histogram of the probability distribution for the converged
initial attractions for the row players across all four games in the full information,

asymmetric payoffs treatment, when considering parameter values (o = 0.3,5 =0, =

0.6, =0.3,v = 1.0).

Figure A18: Converged initial attractions for the row players in each of the four games
(full information, asymmetric payoffs treatment)
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To simplify the discussion, I focus on strategies with limiting probability weights
greater than or equal to 5%. These strategies are, in a sense, the principal strategies

that players ‘bring to the laboratory’ for the ‘experimental” phase.

Battle of the Sexes

Strategies A11 and A24 mechanically alternate between two states, but have different
initial states. Strategy A12 or the ‘co-ordinate once’ strategy starts by playing action
A and regardless of the opponent’s action, switches to state B. It stays in this state if
the opponent plays B; otherwise it returns to state A for one round before returning
to state B. Strategy A18 or the ‘punish once’ strategy is qualitatively identical to
strategy A12, with the role of the two actions reversed. Strategies A4 is the ‘tit-for-
tat’ strategy, where players match the action taken by the opponent. Strategy A3 is
a ‘punish once’ strategy, which starts by playing action A and remains in that state
until the opponent plays B. At this point, the strategy plays B once before returning

to play A irrespective of the opponents’ action.

The highest weights on the ‘tit-for-tat’ and the ‘punish once’ strategies leads to very
little coordination between subjects, and is likely to predict randomization between

payoff outcomes.

Prisoner’s Dilemma

Strategies obtaining high limiting probability weights are ‘punish once,” ‘tit-for-tat,’
‘quick B, then A’ ‘BA triggers A,” and ‘BB triggers A’, respectively. The ‘quick B,
then A’ strategy starts at action B and and then mechanically moves to state A and
stays there forever after. The ‘BA triggers A’ strategy starts at action B and stays at
at that state as long as the opponent plays B. As soon as the opponent plays A once,
the strategy dictates playing A forever after. The ‘BB triggers A’ strategy starts at
action B and stays at at that state as long as the opponent plays A. As soon as the

opponent plays B once, the strategy dictates playing A forever after.

The high weight on the ‘tit-for-tat’ strategy leads to a large number of mutual

defection outcomes.
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Chicken

Strategies A11 and A24 mechanically alternate between two states, but have different
initial states. Strategy A12 or the ‘co-ordinate once’ strategy starts by playing action
A and regardless of the opponent’s action, switches to state B. It stays in this state if
the opponent plays B; otherwise it returns to state A for one round before returning
to state B. Strategy A18 or the ‘punish once’ strategy is qualitatively identical to
strategy A12, with the role of the two actions reversed. Strategies A4 is the ‘tit-for-
tat’ strategy, where players match the action taken by the opponent. Strategy A3 is a
‘punish once’ strategy, which starts by playing action A and remains in that state until
the opponent plays B. At this point, the strategy plays B once before returning to play
A irrespective of the opponents’ action. The ‘win-stay-lose-shift’ strategy dictates that
players will continue playing their current action if they receive a payoff higher than
their opponent, and will shift to the other action if they receive a payoff lower than

their opponent.

The highest weights on the ‘tit-for-tat” and the ‘punish once’ strategies leads to very
little coordination between subjects, and is likely to predict randomization between

payoff outcomes.

Stag Hunt

Strategies obtaining high limiting probability weights are ‘punish once,” ‘tit-for-tat,’
‘quick B, then A, and ‘BA triggers A,” respectively. The ‘BA triggers A’ strategy
starts at action B and stays at at that state as long as the opponent plays B. As soon

as the opponent plays A once, the strategy dictates playing A forever after.

If these four strategies are played amongst themselves, the observed history of actions

will likely involve mutual cooperation in all periods.
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Dark information, symmetric payoffs limiting distributions

Figure A19 shows the histogram of the probability distribution for the converged
initial attractions for the row players across all four games in the dark information,
symmetric payoffs treatment, when considering parameter values (z = 0.1, A = 0.7,y =
0.6).

Figure A19: Converged initial attractions for the row players in each of the four games
(dark information, symmetric payoffs treatment)
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To simplify the discussion, I focus on strategies with limiting probability weights
greater than or equal to 5%. These strategies are, in a sense, the principal strategies

that players ‘bring to the laboratory’ for the ‘experimental” phase.

Battle of the Sexes

Strategies obtaining high limiting probability weights are ‘always play B, ‘grim
trigger,” ‘AA triggers B,” ‘quick A, then B,” suspicious ‘tit-for-tat,” and strategy A26,
respectively. The ‘always play B’ strategy starts at action B and stays there forever.
The ‘grim trigger’ strategy starts at action A and stays at at that state as long as
the opponent plays A. As soon as the opponent plays B once, the strategy dictates
playing B forever after. The ‘AA triggers B’ strategy starts at action A and stays at
at that state as long as the opponent plays B. As soon as the opponent plays A once,
the strategy dictates playing B forever after. The ‘quick A, then B’ strategy starts at
action A and and then mechanically moves to state B and stays there forever after.
The ‘suspicious tit-for-tat’ strategy starts at action B and has players match the action
taken by the opponent. Strategy A26 starts at action B and stays at at that state
as long as the opponent plays A. As soon as the opponent plays B once, the strategy

dictates playing A once before mechanically returning to state B.

The highest weights on the suspicious ‘tit-for-tat’ and strategy A26 leads to players
playing mis-coordinated actions, so players are likely to end up at the two pure Nash

equilibria payoff outcomes.

Prisoner’s Dilemma

Strategies obtaining high limiting probability weights are ‘always play B,” ‘win-stay-
lose-shift,” ‘grim trigger,” ‘quick A, then B, suspicious ‘tit-for-tat,” suspicious ‘win-stay-
lose-shift,” strategy A13, and strategy A26. The ‘win-stay-lose-shift’ strategy dictates
that players will continue playing their current action if they receive a payoff higher
than their opponent, and will shift to the other action if they receive a payoff lower
than their opponent. Strategy A13 starts at action A, mechanically moves to state B,

and stays at at that state as long as the opponent plays A. As soon as the opponent
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plays B once, the strategy dictates playing A once before mechanically returning to

state B.

The highest weights on the suspicious ‘tit-for-tat,” ‘grim trigger,” ‘quick A, then B’

and strategy A26 leads to the mutual defection outcome.

Chicken

Strategies obtaining high limiting probability weights are ‘win-stay-lose-shift,” ‘grim
trigger,” ‘quick A, then B,” ‘BB triggers A,” suspicious ‘win-stay-lose-shift,” suspicious
‘tit-for-tat,” strategy A13, and strategy A26. The ‘always play B’ strategy starts at
action B and stays there forever. The ‘grim trigger’ strategy starts at action A and
stays at at that state as long as the opponent plays A. As soon as the opponent plays
B once, the strategy dictates playing B forever after. The ‘BB triggers A’ strategy
starts at action B and stays at at that state as long as the opponent plays A. As soon

as the opponent plays B once, the strategy dictates playing A forever after.

The highest weights on the suspicious ‘tit-for-tat’, and strategy A26 leads to players
playing mis-coordinated actions, so players are likely to end up at the two pure Nash

equilibria payoff outcomes.

Stag Hunt

Strategies obtaining high limiting probability weights are ‘always play A,” ‘punish
once,” ‘tit-for-tat,” ‘win-stay-lose-shift,” ‘grim trigger,” ‘quick B, then A,” and ‘BB trig-
gers A, . The ‘always play A’ strategy starts at action A and stays there forever. The
‘punish once’ strategy starts by playing action A and stays as the same state as long
as the opponent plays A. If the opponent plays B, then the strategy dictates moving

to state B for one round, before moving back to state A.

If these strategies are played amongst themselves, the observed history of actions

will likely involve mutual cooperation in all periods.
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A6 Experimental Instructions
Instructions

Welcome

You are about to participate in an experiment in the economics of decision-making.
If you listen carefully, you could earn a large amount of money, that will be paid to

you in cash, in private, at the end of the experiment.

It is important that you remain silent, and do not look at other people’s work. If
you have any questions, or need any assistance of any kind, please raise your hand and
an experimenter will help you out. During the experiment, do not talk, laugh or
exclaim out loud and be sure to keep your eyes on your screen only. In addition,
please turn off your cell phones, etc. and put them away during the experiment.
Anybody that violates these rules will be asked to leave and will not be paid. We

expect, and appreciate your cooperation.
Agenda
1. Instructions.

2. Quiz (to make sure everyone understands the instructions). The quiz will consist
of 12 questions. The experiment will not begin until everyone has correctly

answered all questions.
3. Experiment.

4. Survey. After you have completed the experiment, you will be asked to answer

several survey questions using the computer.
5. Payment. After everyone has finished the survey, you will be paid in cash.

FExperiment Overview
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In the experiment today you will be matched into pairs, and will be asked to make
choices. The choices made by you may affect both your payoff, as well as the payoff of
the subject that you are matched with. Similarly, the choices of the subject that you
are matched with may affect their payoff and your payoff.

Ezxperiment Details

e In the experiment today, you will be working with a fictitious currency called

Francs. You will be paid in US Dollars at the end of the experiment.

Exchange rate: 1000 Francs = $1.

e This experiment consists of four matches, each of which may have a different

number of periods, and may have different payoffs.

e At the beginning of each match, you will be matched with one other subject that
you have not been matched with before. The random pairing will ensure that
if you have been paired with another participant before, then you will never be

paired with this same participant in another match again.

e You will remain anonymous throughout the experiment. You will not know the
identity of the subject that you are matched with, and the subject that you are

matched with will not know your identity.

e The choices made by you, and the subject that you are matched with, have no

effect on the payoffs of other pairs of subjects, and vice versa.
e You will remain matched with this same subject until the end of the match.

e After you and the subject that you are matched with have finished the match,

please wait quietly for all pairs to finish their match.

e Once all pairs have finished their match, you will be randomly rematched with
another subject that you have not been matched with yet, and the next match

will begin.
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Ezxperimental Interface

e Next, we will go over the experimental interface. The experimental interface

consists of five components:

1. The payoff table is displayed at the top left of the screen. The payoft
table has your choices (the rows, U, and D), and the choices of the subject
that you are matched with (the columns, L, and R). For any combination
of choices for you and the subject that you are matched with, there is a
payoff. Your payoff is on the left, and the payoff for the subject that you
are matched with is on the right. For example, if you choose D, and the
subject that you are matched with chooses L, then your payoff is 6, and
the payoff for the subject that you are matched with is 3. The payoff table
in the experiment today will be different than the one displayed here. In
addition, the payoffs will remain the same for all periods in a single match,

but may change in different matches.
2. The summary of the current period is shown in the top right.
3. The summary of all periods is shown below that.
4. The history of play is displayed in the bottom half of the screen.

5. Finally, the current status is displayed across the middle of the screen. The

current status tells you what to do at any point during the experiment.

Specific Instructions for Each Period
e At any point during a period, you will see one of three status messages:

e Status #1: Please select My Choice (U,D) and your guess for Other’s Choice
(L,R).

— When you see this status message, you need to do two things.

1. Select a row for your choice (in this example either U, or D). Once you
have selected a row, it will be outlined, and the label “My Choice” will

be added. My choice will also be updated on the period summary.
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2. Select the column that you think the subject that you are matched with
will select (in this example either L, or R). Once you have selected a
column, it will be outlined, and the label “My Guess” will be added.
My guess will also be updated on the period summary. If you correctly
guess the choice of the subject that you are matched with in a given
period, then you will earn a raffle ticket. At the end of each match,
one raffle ticket will be randomly selected, and the winner will receive

a bonus of $5.
e Status #2: Please wait for the other subject to finish making their choices.

— When you see this status message, please wait patiently for the subject that

you are matched with to finish making their choices.

— If the other subject makes their choices before you in a specific period, you

might not see this status.

e Status #3: Click on the payoffs for this period (in green) in the game table to

move to next period.

— When you see this status message, all choices for the period have been

made, and you can view the final results.

— The column selected by the subject that you are matched with is highlighted
and labeled “Other’s Choice”. If your guess about their choice was correct,

then the column will be highlighted in yellow.

— The entry of the payoff table that is at the intersection of the row that
you selected, and the column that the subject that you are matched with

selected, is highlighted in green.

— This entry displays the payoffs for the current period. Your payoff for the
period is displayed on the left, and the payoff of the subject that you are
matched with is displayed on the right.

— At this point, the period summary has been updated to include the choice
of the subject that you are matched with, and the current payoffs for this
period. These choices have also been added to the history of play at the

bottom of the screen.
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Finally, the overall summary has been updated to include the total payoffs
including this period, as well as the number of correct guesses you have

made about the choice of the subject that you are matched with.

To move on to the next period, you need to click the payoffs for this period

in the game table, which have been highlighted in green.

Number of Periods Per Match

e The number of periods in each match will be determined randomly using the

following procedure.

Payoffs

At the end of each period, a number will be chosen randomly from the set of

numbers {1,2,3,...,98,99,100}, where each number is equally likely.
If the number is 1, then the match will end.

If the number is not 1, then the match will continue.

The number will always be placed back into the set after it is drawn.

Thus, in any period there is a 1% CHANCE that the match will end, and
a 99% CHANCE that the match will have another period.

Therefore, the expected number of periods in each match will be 100.

This procedure has been performed on the computer before the experiment.
Therefore, you will not see the number selected from {1,2,3,...,98,99,

100}.

To ensure that the length of the match is not dependent on your play, the
number of periods for each match has been written on the board before the

experiment, and will be uncovered at the end of the experiment.

e Your payment at the end of the experiment will contain the following:

1. The $5 show up fee.
2. Payment for all periods of all matches.

3. A bonus payment of $5 if one of your raffle tickets is randomly selected at

the end of the experiment.
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e At the end of the experiment, your earnings in Francs will be converted into US

Dollars and you will be paid in cash, in private.
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The diagrams below show the experimental interface that subjects saw during the

experiment.

Full information, asymmetric payoffs experimental interface

Figure A20: Full Information, Asymmetric Payoffs Interface

Match #1 out of 4

Period 19 Summary:

My Choice Other's Choice: Payoffs:
L (guess) 10 (mme)
D
R (actual 10 (other's)

Overall Summary:
My Match Payoff: 350 Correct Guesses: |3

Other's Match Payoff: 170 My Total Payoff: 350

Click on the payoffs for this period (in green) in the game table to move to next period.

R
U3 250 0 20
D20 o]0 10]2
4 s 6 7 8 9 10 11 12
D D D U D D U U U
L L 1 . L L R L I
20 20 20 0 20 20 0 30 30

0 0 0

0 0 2 25 25

13

U

14 15 16 17 18 19 Period

U D D D D D My Choice
IL IL IL L L R Other's Choice
30 20 20 20 20 10 My Payoff
25 0 0 0 0 10 Other's Payoff
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Dark information, symmetric payoffs experimental interface

Figure A21: Dark Information, Symmetric Payoffs Interface

Match #1 out of 4 Period 18 Summary:

My Choice: Other's Choice Payoffs
L R
L (guess) 10 (mine)
z U
U 40 ) 10 5 R (actual) ) (other's)
3
Overall Summary:
D 10 2 20 ) My Match Payoff: 250 Correct Guesses: ]2
Other's Match Payoff: 7 My Total Payoff: 250
My Guess

Click on the payoffs for this period (in green) in the game table to move to next period.

3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 Period
U D U U U U U D D U D D U U U U My Choice
L R R R R R R L R R R R R R R R Other's Choice
40 20 10 10 10 10 10 10 20 10 20 20 10 10 10 10 My Payoff

2 ) ) ) ) y ) 9 ) ) ) ) ) ) ) ) Other's Payoff
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CHAPTER 2 APPENDIX

B1 Repeated Game Strategy Automata

The following diagram shows the 11 strategies represented as finite automata, that
have a limiting probability distribution larger than 1% in the final fixed point for the
parameter combination : (o = 0.3, =0.7,0 = 0.0, A = 1.0,y = 0.8).

Figure B1: Three State Three Action Automata

A40 - OF100F120S110

A174 - 0S110F121E121

A321 - 0F010F2005100 A435 - OF010F002E001
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B2 Experimental Instructions
Instructions

Welcome

You are about to participate in an experiment in the economics of decision-making.
If you listen carefully, you could earn a large amount of money, that will be paid to

you in cash, in private, at the end of the experiment.

It is important that you remain silent, and do not look at other people’s work. If
you have any questions, or need any assistance of any kind, please raise your hand and
an experimenter will help you out. During the experiment, do not talk, laugh or
exclaim out loud and be sure to keep your eyes on your screen only. In addition,
please turn off your cell phones, etc. and put them away during the experiment.
Anybody that violates these rules will be asked to leave and will not be paid. We

expect, and appreciate your cooperation.
Agenda
1. Instructions.

2. Quiz (to make sure everyone understands the instructions). The quiz will consist
of 12 questions. The experiment will not begin until everyone has correctly

answered all questions.
3. Experiment.

4. Survey. After you have completed the experiment, you will be asked to answer

several survey questions using the computer.
5. Payment. After everyone has finished the survey, you will be paid in cash.

FExperiment Overview
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In the experiment today you will be matched into pairs, and will be asked to make
choices. The choices made by you may affect both your payoff, as well as the payoff of
the subject that you are matched with. Similarly, the choices of the subject that you
are matched with may affect their payoff and your payoff.

Ezxperiment Details

e In the experiment today, you will be working with a fictitious currency called

Francs. You will be paid in US Dollars at the end of the experiment.

Exchange rate: 2000 Francs = $1.

e This experiment consists of ten matches, each of which may have a different

number of periods, but may or may not have the same payoffs.

e At the beginning of each match, you will be matched with one other subject that
you have not been matched with before. The random pairing will ensure that
if you have been paired with another participant before, then you will never be

paired with this same participant in another match again.

e You will remain anonymous throughout the experiment. You will not know the
identity of the subject that you are matched with, and the subject that you are

matched with will not know your identity.

e The choices made by you, and the subject that you are matched with, have no

effect on the payoffs of other pairs of subjects, and vice versa.
e You will remain matched with this same subject until the end of the match.

e After you and the subject that you are matched with have finished the match,

please wait quietly for all pairs to finish their match.

e Once all pairs have finished their match, you will be randomly rematched with
another subject that you have not been matched with yet, and the next match

will begin.
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Ezxperimental Interface

e Next, we will go over the experimental interface. The experimental interface

consists of five components:

1. The payoff table is displayed at the top left of the screen. The payoff table
has your choices (the rows, U, M, and D), and the choices of the subject
that you are matched with (the columns, L, C, and R). For any combination
of choices for you and the subject that you are matched with, there is a
payoff. Your payoff is on the left, and the payoff for the subject that you
are matched with is on the right. For example, if you choose D, and the
subject that you are matched with chooses L, then your payoff is 6, and
the payoff for the subject that you are matched with is 7. The payoff table
in the experiment today will be different than the one displayed here. In
addition, the payoffs will remain the same for all periods in a single match,

but may change in different matches.
2. The summary of the current period is shown in the top right.
3. The summary of all periods is shown below that.
4. The history of play is displayed in the bottom half of the screen.

5. Finally, the current status is displayed across the middle of the screen. The

current status tells you what to do at any point during the experiment.

Specific Instructions for Each Period
e At any point during a period, you will see one of three status messages:

e Status #1: Please select My Choice (U,M,D) and your guess for Other’s Choice
(L,C,R).

— When you see this status message, you need to do two things.

1. Select a row for your choice (in this example either U, M, or D). Once
you have selected a row, it will be outlined, and the label “My Choice”

will be added. My choice will also be updated on the period summary.
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2. Select the column that you think the subject that you are matched with
will select (in this example either L, C, or R). Once you have selected
a column, it will be outlined, and the label “My Guess” will be added.
My guess will also be updated on the period summary. If you correctly
guess the choice of the subject that you are matched with in a given
period, then you will earn a raffie ticket. At the end of the experiment,
one raffle ticket will be randomly selected, and the winner will receive
a bonus of $5. Therefore, the more correct guesses you make, the more

likely you are to win the $5 bonus.
e Status #2: Please wait for the other subject to finish making their choices.

— When you see this status message, please wait patiently for the subject that

you are matched with to finish making their choices.

— If the other subject makes their choices before you in a specific period, you

might not see this status.

e Status #3: Click on the payoffs for this period (in green) in the game table to

move to next period.

— When you see this status message, all choices for the period have been

made, and you can view the final results.

— The column selected by the subject that you are matched with is highlighted
and labeled “Other’s Choice”. If your guess about their choice was correct,

then the column will be highlighted in yellow.

— The entry of the payoff table that is at the intersection of the row that
you selected, and the column that the subject that you are matched with

selected, is highlighted in green.

— This entry displays the payoffs for the current period. Your payoff for the
period is displayed on the left, and the payoff of the subject that you are
matched with is displayed on the right.

— At this point, the period summary has been updated to include the choice
of the subject that you are matched with, and the current payoffs for this
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period. These choices have also been added to the history of play at the

bottom of the screen.

Finally, the overall summary has been updated to include the total payoffs
including this period, as well as the number of correct guesses you have

made about the choice of the subject that you are matched with.

To move on to the next period, you need to click the payoffs for this period

in the game table, which have been highlighted in green.

Number of Periods Per Match

e The number of periods in each match will be determined randomly using the

following procedure.

Payoffs

At the end of each period, a number will be chosen randomly from the set

of numbers {1,2,3,...,48,49,50}, where each number is equally likely.
If the number is 1, then the match will end.

If the number is not 1, then the match will continue.

The number will always be placed back into the set after it is drawn.

Thus, in any period there is a 2% CHANCE that the match will end, and
a 98% CHANCE that the match will have another period.

Therefore, the expected number of periods in each match will be 50.

This procedure has been performed on the computer before the experiment.
Therefore, you will not see the number selected from {1,2,3,...,48,49,
50}.

To ensure that the length of the match is not dependent on your play, the
number of periods for each match has been written on the board before the

experiment, and will be uncovered at the end of the experiment.

e Your payment at the end of the experiment will contain the following:

1. The $5 show up fee.
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2. Payment for all periods of all matches.

3. A bonus payment of $5 if one of your raffle tickets is randomly selected at

the end of the experiment.

e At the end of the experiment, your earnings in Francs will be converted into US

Dollars and you will be paid in cash, in private.
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B3 Theoretical Proofs

I present here a proof that guarantees the existence of a fixed point for propensities
towards actions, given any starting point of initial propensities. While the games stud-
ied in the paper have two players and two actions, the proof technique is generalised
for any finite number of players, with each having a finite number of actions. The
proof is similar in spirit to the one used to show the existence of a Quantal Response

Equilibrium in McKelvey and Palfrey (1995).

Let the game be played by n players, and let each player i € N = {1,2,......,n}
have J; strategies. Initial propensities towards each action for player ¢ are given by
pi = (Pi1,Di2, .- Dig;) such that Ei;lpi,k = 1. Every element p; € A; which is a
simplex of size J;. Taken across all players, I have p = (p1, pa, .., Diy -, Pn) € A where
A = lLienA.

Let s, ; € S; denote strategy j for player 7, an element of all strategies available to
player i. The payoff function maps from the strategy space into R*. The algorithm
defined in Section 2.3 and Section 2.4 then maps from the payoff space into a composite
score H = aF + SAF + (1 — a — (3)S. Thus, I have a function that maps from the

strategy space into the composite score space, which is R*. For each player 4, I have:
gi(si,5_;) = R" where s; € S;,s ;€ S ;and S; x S_; =S

I can extend the domain of g; to A which allows probability distributions over

strategies by using the following rule:

gi + S x A — R where gi(si, s_i;p) = YsesP(s)gi(s) where p(s) = ILienpi(si).
Given the probability distribution over strategies being used by other players, player
1’s scaled expected composite score from using strategy j is given by
Gi.;(p) = exp(Agi(sij,p—i)). Finally, I have a function that takes a set of probabilities
for the n players, and returns an updated set of probabilities using the following
algorithm.

l ) = gi,j(P) f A
(pij) St Gink(p) orpe
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Thus, [(.) is a function that maps A into A. Since g;(.) is continuous in p, g; ;(.) is
also continuous in p. Sums of continuous functions are continuous, and % is contin-
uous if f(x) and g(x) are continuous in x, and g(x) # 0. Given these properties, [(.) is
a continuous function in p, and maps A(a nonempty, compact, and convex subset of

R™) into itself. By Brouwer’s fixed point, the existence of a fixed point is guaranteed.
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CHAPTER 3 APPENDIX

C1 Theoretical Proofs
Normal distribution case for expected reference point

Considering an uniformative uniform prior distribution of u could potentially lead
the Dictator to place too much weight on the datapoint received z, and too little weight
on the prior distribution. We now consider a more informative prior distribution for

w1 and find similar results.

9NN(M7O-2) ) MNN(:MO)TQ)

fo0lp) = ost=exp {27,12 (6- uﬂ L 9(p) = se=eap |55 (1 — o)’

Jolel)o(w)
S0 = 2) = 75 g

s(ulf = ) x Sexp(gs(r — p)?* rewp(g (1 — po)?

s(ulf =) oc eap [ (2 = 2 + 52 = 20+ 20))]

o2 o2 o2

s(lf = ) oc eap [ (4 72 — w2 )

Bo 2
S(u0 = ) o exp [(1 ((-2-42))
T g

Thus, the posterior distribution for p after the Bayesian updating process is as

follows:

0]
B S U
1 1 1
Stz Bt

po N(G +

The posterior distribution has an expected mean that is directly proportional to the
signal received x. Again, the theoretical prediction is that the amount allocated to the

receiver is increasing in the realization of the signal x.
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Gain-loss utility preferences

We further explore a modified version of the reference-dependent utility framework
explored in Koszegi and Rabin (2006). In the original KR model, reference points
are both stochastic and endogenously determined. In our model, we will consider
stochastically determined reference points, but the reference points are not endogenous
other than being a result of Bayesian updating. The utility form in Koszegi and Rabin
(2006) is as follows:

u(c|r) = m(c) + n(c|r) where m(c) represents consumption utility, as covered in
the earlier section. The second term n(c|r) represents the gain-loss utility felt by
receiving an allocation of ¢ when the expectation was to receive an allocation of r,
which represents the reference point. Thus, gain or loss is felt relative to the expected

consumption point. The KR model also has the following form assumption on n(c|r):

n(clr) = ¥(m(c) —m(r)) where ¢(.) follows a Kahneman and Tversky (1979) loss-
utility form. The KT loss-utility form ensures that players feel more disutility from
receiving allocations below the reference point, relative to the positive utility felt when
receiving allocations above their reference point. Formally, we have t(z) = nz for
x > 0, and ¢¥(z) = nAx for z < 0. n > 0 represents the weight attached by the
Dictator to the gain-loss utility, and A > 1 represents the Dictator’s coefficient of

loss-aversion.

The original form of the Kahneman and Tversky loss-aversion expected utility model

is as follows:

U(F|r) = [u(c|r)dF(c) where F(c) represents the probability distribution of all the
possible allocations ¢. F(c) is the Dictator’s belief over all the possible allocations that
she could potentially end up with. Instead of leaving the reference point as a hanging
parameter, or assuming the reference point to be equal to the status-quo point, the
Koszegi and Rabin model argues that the reference point is based on expectations.
Thus, given that the Dictator has a probability distribution G(r) over the possible

values of the reference point, and the overall utility is given by:
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U(F|G) = [[u(e|r)dG(r)dF(c)

The interpretation of this utility form is that players have an expectation about
each outcome becoming the reference point, and then evaluate the gain loss of each
other allocation relative to the reference point, multiplied by the likelihood of each
allocation. Players choose an allocation that maximizes this final utility form. We
note that in this form, the utility is additively separable over the consumption utility

and the gain-loss utility.

In the ensuing analysis, we assume that the probability G(r) over the possible values
of the reference point corresponds to the distribution of the ¢* = (¢%, ¢;) that maximizes
the consumption utility covered in Proposition 1. Given this probability distribution
over the possible reference points, we consider how the Dictator evaluates all other
potential splits against the possible reference points. Consider a particular reference
point r = ¢* = (¢,,¢q). For the Dictator to consider increasing the share of the

receiver by At, it must be true that the Dictator receives a higher overall utility

from the consumption level ¢ = (¢, + At, ¢g — At) than from staying at the reference

A+nN)[f(ca)=f(ca—Ab)] 8
A+ [f (er+At)—f(er)] *

Similarly, for the Dictator to consider decreasing the receiver’s share by At, it must

point. This is only possible if the Dictator expects that 6 >

be true that the Dictator receives a higher overall utility from the consumption level

¢ = (¢, — At, cq+ At) than from staying at the reference point. This is only possible if

: (Ln)[f (catAt) = f(ca)] : :
the Dictator expects that 6 < (IM"A)[JC(;)#(CF&)]. Note that, as the signal x increases

(as it does across subject pairs in the experiment), the expected distribution of 6 shifts

to the right, so Pr(0 > %ﬁ’;;%gféjﬂ;{fi@;étﬁ]) is increasing as the signal x increases, and

(140 [ (cat A —f(ca)]
Prf < N e —feo a0

is true for every possible value of c¢*across the probability distribution G(r) derived

}) is decreasing as the signal x increases. Note that this

from the optimal consumption levels. Thus, when maximizing overall consumption
and gain-loss utility, the Dictator will choose higher amounts of ¢, as the signal 0

increases. We label this condition Proposition 2.

Proposition 2 : As the percentage of earned ECUs in the Receiver’s endowment

increases (or as the percentage of earned ECUs in the Dictator’s endowment decreases),

8Calculations presented below



159

the distribution for the optimal choice of c; that mazimizes the overall consumption
and gain-loss utility shifts to the right, and Dictators are likely to give larger shares to

Tecelvers.

Gain-loss utility calculations

For the Dictator to consider decreasing the share of the receiver by At, it must
be true that the Dictator receives a higher overall utility from the consumption level
¢ = (¢, — At, cq+ At) than from the reference consumption level of r = (¢, ¢4) . Thus,

we must have U(c|r) > U(r|r).

U(rlr) =m(r) = f(ca) + 0 f(cr)

U(clr) = m(c) + ¢(elr) = m(c) + ¢(m(c) —m(r)) = f(ca+ At) + 0% fer — At) +
(fca+ At) + 0 f(c, — At) — f(ca) — 0 f(cr))

Ulelr) > Urlr) = n(f(ca+ At) = f(ca) — 0% nA(f(er — At) = f(e,)) + fleat At) +
0% fler — A) > flea) + 0% f(c,)

(140 [f(ca+At)—f(ca)]
o< (40N [f (cr)— f(cr—At)]

There is a similar calculation for the case where the Dictator considers the case for

the consumption level ¢ = (¢, + At, ¢g — At).
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C2 Experimental Instructions
Welcome

You are about to participate in an experiment in the economics of decision-making.
If you play carefully, you could earn a large amount of money, that will be paid to
you in cash, in private, at the end of the experiment. It is important that you remain
silent, and do not look at other people’s work. If you have any questions, or need
any assistance of any kind, please raise your hand and an experimenter will help you
out. During the experiment, do not talk, laugh or exclaim out loud and be
sure to keep your eyes on your screen only. In addition, please turn off your
cell phones, etc, and put them away during the experiment. Anybody that violates
these rules will be asked to leave and will not be paid. We expect, and appreciate

your cooperation.

Agenda
1. Instructions

2. Quiz (to make sure everyone understands the instructions). The quiz will con-
sist of 6 questions. The experiment will not begin until everyone has correctly

answered all questions.
3. Experiment

4. Survey. After you have completed the experiment, you will be asked to answer

several survey questions using the computer.

5. Payment. After everyone has finished the survey, you will be paid in cash.

Experiment

In the experiment today, you will be working with a fictitious currency called Ex-
perimental Currency Units (ECUs). You will be paid in US Dollars at the end of the

experiment.

Exchange rate: 20 ECUs = $1.
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The experiment consists of two stages.

Stage One Ouverview

In Stage One, you will undertake two types of tasks.

Task One is to count the correct number of zeros in a table. You will have 2 minutes
to answer as many tables as you can correctly. You will receive 3 ECUs for every table
that you answer correctly. You will have three attempts to answer a table correctly,
before a new table is generated. The figure on the next page shows the work screen

you will use later.

Task Two is to move a slider to its middle point, till the number next to slider reads
50. You will have 2 minutes to slide as many sliders as you can correctly. You will
receive 1 ECU for every slider that you move correctly. The number next to each slider
shows the current position of a slider, and you will receive 1 ECU for each slider where
this number shows 50. The figure on the next page shows the work screen you will use

later.
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Figure C1: Task One

‘You have 120 seconds to count as many tables as possible in this phase.
The remaining time is displayed in the upper right comer.
000001011001111
011110000011110 How many zeros are in the table?
010110001100101
—
011101111101100
110001111000001
011000010110100
100111100111011
101111101001011
000011100100001
000101100000111
Figure C2: Task Two
SN
You will receive one point for every slider that you successfully move to 50.
You have 120 seconds to move as many sliders as possible in this phase.
The remaining time is displayed in the upper right corner.

You will alternate between Task One and Task Two for a total of 20 minutes. Thus,
you will perform Task One five times, and Task Two five times. The total number of

ECUs that you earn in the two tasks will reflect your total Stage One score.

Stage Two Ouverview

At the end of Stage One, you will be randomly matched with another player.
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Between you and your partner, the subject with the higher Stage One score will be
assigned to Group A, while the subject with the lower Stage One score will be assigned

to Group B.

At this point, both you and your partner will also receive a Stage One Bonus.

The Stage One Bonus has a completely random component, and a deterministic

component that depends directly on whether you are in Group A or Group B.

Stage Two - Group A Subjects

In Stage Two, if you are assigned to Group A, you will be asked to split 120 ECUs

between you and your matched partner.

You will see a table like the one below, and see the exact values for X1, X2, X3,
Y1, Y2 and Y3. You will have to ensure that you choose X4 and Y4 in a way that
they add up to 120.

Figure C3: Group A Screen

In Stage Two, if you are assigned to Group A, you will then be asked to split 120 ECUs between you and
your matched partner.

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

Your matched partner will not know the breakdown of their earnings, but will only

learn their total earnings after Stage Two.
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You will also answer questions about what you believe about your matched partner’s

expectations of their Stage Two earnings.

At the end of the second stage, you will be notified of the total number of ECUs

you have received during the experiment.

After completing a survey questionnaire, you will receive your payment, and after

that, you can leave.

Stage Two - Group B Subjects

In Stage Two, if you are assigned to Group B, you will no longer be an active

participant.

You will make no choices that can affect your matched partner’s payoftf.

The only chance you will have to affect your own payoffs is by answering questions

about what actions you believe your matched partner will take in Stage Two.

In addition, you will not know the breakdown of your earnings, but will only learn

your total earnings after Stage Two.

At the end of the second stage, you will be notified of the total number of ECUs

you have received during the experiment.

After completing a survey questionnaire, you will receive your payment, and after

that, you can leave.

Payoffs

Your payoff at the end of the experiment will be the sum of the ECUs in Stage One
and Stage Two.

In addition, you will receive a fixed show-up fee of $5 for this experiment.
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At the end of the experiment, your earnings in ECUs will be converted into US

Dollars and you will be paid in cash, in private.
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