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The data from experiments with the Voluntary Contributions Mechanism suggest five stylized facts, including
the restart effect. To date, no theory has explained all of these facts simultaneously.Wemerge our Individual Evo-
lutionary Learning model with a variation of heterogeneous other-regarding preferences and a distribution of
types to provide a new theory that does. In addition, our theory answers some open questions concerning the
data on partners–strangers experiments. One interesting feature of the theory is that being a conditional coop-
erator is not a type but arises endogenously as a behavior. The data generated by our model are quantitatively
similar to data from a variety of experiments, and experimenters, and are insensitive to moderate variations in
the parameters of the model. That is, we have a robust explanation for most behavior in VCM experiments.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

The voluntary contributions mechanism (VCM) is often used to
decide how much of a public good to produce and how to fund it. Be-
ginning with the pioneering work of Marwell and Ames (1979), Isaac
et al. (1985) and Kim andWalker (1984), there have been an amazing
range of experiments involving the VCM in linear public goods envi-
ronments. In this paper we focus on the experiments that involve re-
peated play. Five well-known1 stylized facts from many experiments
are:

1. Average contributions begin at around 50% of the total endowment
and then decline with repetition, but not necessarily to zero.

2. There is considerable variation in individual contributions in each
repetition. Some give everything. Some give nothing. The individual
contributions also show no consistent monotonic pattern over time.
Some increase, some decrease, and some have a zig-zag pattern.

3. Increases in the marginal value of the public good relative to the
private good lead to an increase in the average rate of contribution.
This is particularly true in later repetitions and for small groups.

4. Increases in the size of the group lead to an increase in the average
rate of contribution. This is particularly true in later repetitions and
for small values of the marginal value of the public good relative to
the private good.

5. There is a restart effect; that is, if after 10 periods the subjects are told
the game is restarting, then contributions in period 11 increase over
those in period 10.

It has not been too hard to come up with a reasonably sensible
theory that explains one or two of the qualitative features of these
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stylized facts, although most of the effort has been spent on
explaining just the first. It has been hard to come up with a theory
that explains all five facts. It has been even harder to match the quan-
titative findings of the various experiments and experimenters. Stan-
dard game theory provides no help in understanding these facts. In
linear experiments, contributing zero is the dominant strategy in a
one-shot game. Solving backwards, one finds that zero contribution
is also the equilibrium in games with multiple rounds. If one believes
that all subjects care only about their own payoff, then one cannot ex-
plain positive contributions in VCM experiments, except perhaps as
serious mistakes. There have been many suggested modifications to
the standard theory in an attempt to explain the experimental data.
Holt and Laury (2008) do an excellent job of summarizing much of
the earlier literature.

More recently, there is a developing consensus that the levels of
contributions seen in VCM experiments are due to conditional coopera-
tion on the part of some players. As Chaudhuri (2011, p.56) summarizes
in his excellent survey article: “…many participants in linear public
goods games are conditional cooperators whose contributions to the
public good are positively correlated either with their ex ante beliefs
about the contributions to bemade by their peer or to the actual contri-
butions made by the same." But this still leaves open the question as to
the theoretical basis for this behavior. There have been two basic
dimensions in which the literature has carried out the search for a
good theory. The first dimension involves the characteristics of the
agents, their preferences and attitudes. The second involves the behav-
ior of the agents, how they play a game.

Characteristics. While it is a bit of a simplification, two main
approaches have been taken in defining the characteristic of an
agent: other-regarding preferences and reciprocity. The idea behind
the other-regarding preference approach is simple. The experimenter
controls the payoff to each subject, but subjects also care about the
distribution of the experimental payoffs. Each subject has a utility
function that depends on others’ payoffs and that is not controlled
by the experimenter. Those taking the other-regarding preference
approach2 include Fehr and Schmidt (1999), Bolton and Ockenfels
(2000), Charness and Rabin (2002), and Cox et al. (2007, 2008)).

The reciprocity approach also comes in several flavors. It is some-
times assumed that there are agents who are hard wired as conditional
cooperators; that is, these agentswill behave as conditional cooperators
no matter what. It is in their nature. See, e.g., Ambrus and Pathak
(2011). At other times it is assumed that agents have a taste for reci-
procity behavior; that is, they get direct utility from cooperating with
a cooperator or direct disutility from cooperating with a non-
cooperator. In these theories, they cooperate because they like to. See,
e.g., Charness and Rabin (2002). Those taking the reciprocity approach
include Rabin (1993), Dufwenberg and Kirchsteiger (2004), Wendel
and Oppenheimer (2007), and Ambrus and Pathak(2011). Charness
and Rabin (2002) mixes both other-regarding preferences and
reciprocity.

Behavior. The second dimension considers the dynamics of the re-
peated game problem and how this affects the observed behavior of
the agents. Again it is a bit of a simplification but the literature
seems also to have split into two approaches here: strategic or learn-
ing. In the strategic approach, agents are assumed to follow some
game theoretic equilibrium behavior when they play the repeated
VCM game. This requires agents to have a serious base of common
knowledge, that subjects rarely have, about the rationality and behav-
ior of others as well as about the parameters of the games. As early
example of this for prisoner dilemma games is found in Kreps et al.
(1982) who introduce the possibility of an altruist, one who always
cooperates in prisoner dilemma games.3 Under an assumption of

common knowledge of Bayesian beliefs, reputation can then induce
selfish types to cooperate, i.e. to mimic the altruist, for some number
of periods.

Those taking this approach with other-regarding preferences in-
clude Anderson et al. (1998), Fehr and Schmidt (1999), and Andreoni
and Samulerson (2006). Those taking this approachwith reciprocity in-
clude Ambrus and Pathak (2011).

In the learning approach, it is usually assumed that subjects are
reacting to past choices of others in some kind of best response way.
This requires no common knowledge among the agents. Those taking
this approach with reciprocity include Wendel and Oppenheimer
(2007). Those taking this approach4 with other-regarding preferences
include Anderson et al. (2004), Cooper and Stockman (2002), and
Janssen and Ahn (2006).

1.1. Our approach

We take a very standard and simple approach to modeling. We
merge other-regarding preferences and learning. We provide a com-
mon functional form for the utility received by each subject from the
outcome of an experiment. Combined with their initial endowments
and the rules of a VCM experiment, this will define a game. We also
provide a theory about how subjects will play such games.5 We do
not assume they are fully strategic, but instead they learn how to play.
Whether they learn to behave selfishly, altruistically or as conditional
cooperators arises endogenously as a result of the combination of the
parameters of the game and their preferences.

Characteristic. In our model, agents have other-regarding prefer-
ences (ORP) over outcomes. They neither know nor care about the in-
tentions or preferences of others. Each subject's utility depends on
their own payoff, the average payoff to the group, and the amount by
which their payoff is less than the average payoff to the group. These
three pieces reflect, respectively, a personal preference, a social prefer-
ence, and a preference for fairness to self. Since the experiments are for
relatively small stakes, we further assume as a local approximation that
each subject's utility function is linear in its variables. To complete the
utility formulation, we assume that an agent's two utility parameters,
their marginal utility for altruism and their marginal disutility for
envy, are independently and identically drawn from a probability distri-
bution. That is, although there is a common functional form for the util-
ities, there is heterogeneity among agents in the parameters of that
function.

All three pieces of the payoff are important and necessary to ex-
plain the contributions in linear public good experiments. Without
the fairness component, in the stage game equilibrium contributions
will be either to give nothing or to give everything. While both of
these behaviors are observed in experiments, this would imply
there are no conditional cooperators leaving contributions between
all or nothing to be explained by confusion. Without the social com-
ponent, equilibrium contributions in the stage game would be zero
for everyone, which is clearly inconsistent with the evidence. As we
will see, with all three pieces we can explain the existence of three
types of equilibrium behavior: giving nothing, giving everything and
conditional cooperation.6

2 We further discuss these papers below in Section 2.2.2.

3 It is possible to compare prisoner dilemmas with voluntary contribution mecha-
nisms by thinking of the strategy in a prisoner dilemma as the probability of
cooperating and comparing that to the strategy in a VCM which is the percent of en-
dowment contributed.

4 We further discuss these papers below in Section 2.3.1.
5 It is important to emphasize that we are not describing how subjects should play

the games. Instead we want our theory to tell us how they behaved in the experiments
they were in and how they would change their behavior if we changed the parameters
of the experiments.
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It is important to note that we do not assume anything about reci-
procity. Instead, reciprocal strategies emerge as an endogenous feature
of the model. It is not necessary to force conditional cooperation by
assuming it as an exogenous fact or as something one gets utility
from. Other-regarding preferences can provide a natural economic
foundation on which conditional cooperation is based.

Behavior. In our theory of behavior, we accept that not only are re-
peated gameexperimentswith 10 ormore periods too complex for sub-
jects to be able to compute anddeploy equilibrium strategies of the kind
required to sustain the type of behavior seen in experiments, but also
those equilibrium strategies would require a common knowledge of
beliefs and common knowledge of rationality that is simply not possible
to induce and control for in the laboratory.7 Ourmaintained hypothesis,
therefore, is that there is no strategic component to the behavior ob-
served in repeated VCM experiments and that behavior is built entirely
out of reactive learning.8

Our behavioral model is Individual Evolutionary Learning (IEL). In
IEL, agents retain a finite set of remembered strategies. After each
iteration, they update this set through experimentation and replica-
tion. Experimentation involves replacing, with low probability, some
of the elements of the set with a strategy chosen at random from
the entire strategy space. Experimentation introduces strategies that
might otherwise never have a chance to be tried. Replication goes
through the set of remembered strategies and, using a series of random
paired comparisons within the set, replaces the strategies which would
have provided a low payoff in the previous period with copies of those
thatwould have yielded a higher payoff. Over time the remembered set
becomes homogeneouswith copies of the “best reply" strategy. To gen-
erate their strategic choices, individuals choose strategies from the set
of remembered strategies, at random, proportionately to the payoff
they would have received had they been played in the last round. The
end result of IEL is a Markov process in strategies where the remem-
bered set of each agent co-evolves with the sets of all other agents.

Summary of findings. Our model generates behavior similar to that
found in various experiments by various experimenters. We show in
Section 2.2.1 that conditional cooperation arises naturally and endog-
enously as a behavior. The data generated by our model replicate all
five of the stylized facts from above. We show in Section 5.2 that, con-
trary to conventional wisdom, a simple learning model can reproduce
the restart phenomenon. A sophisticated strategic model is not neces-
sary. We are also able to provide an explanation in Section 5.1 for the
previously confusing data on partners versus strangers.

The data generated by our model are quantitatively similar to that
from a range of different experiments and different experimenters.
We compare data generated by our model to data from experiments
by Isaac and Walker and by Andreoni. In those experiments, both the
number of people in a group and themarginal rate of return for the pub-
lic good are varied systematically. Our data compare very favorably to
theirs. We find that the average contributions generated by our model
differ from those in the experiments by only 3.4% to 6.6%.

Finally, the precise values of the few parameters of our model do
not matter very much. IEL has 3 parameters: the size of the remem-
bered set, and the rate and range of the experimentation. ORP has 3
parameters: those that determine the probability distribution on
types. We show that the differences between our model and experi-
mental data change very little as we change the 6 parameters over a
fairly wide range. This suggests that if one wants to transfer our
model to other VCM experiments or to other experiments like auc-
tions in a private goods world, there will be little need to re-
calibrate the parameters. In fact, the IEL parameters we end up
using here are essentially the same as those in call market experi-
ments in Arifovic and Ledyard (2007) and Groves–Ledyard experi-
ments in Arifovic and Ledyard (2004, 2011).

We believe we have a robust explanation for a wide range of ex-
periments. We now turn to a fuller description of our approach and
the research findings.

2. VCM, IEL, and ORP: the theory

We begin with a description of a classic experiment with the vol-
untary contributions mechanism (VCM) in a linear public goods envi-
ronment. We then describe the other-regarding preferences (ORP)
utility model. Finally, we describe the individual evolutionary learn-
ing (IEL) theory of behavior. After we have described our full theory,
we discuss its relation to other models and experimental evidence in
the literature.

2.1. The VCM in linear environments

A linear public good environment consists of N agents, numbered
i=1,…,N. Each agent has a linear payoff function πi=pi(wi−ci)+y,
where 1/pi is their marginal willingness to pay in the private good
for a unit of the public good, wi is their initial endowment of a private
good, ci is their contribution to the production of the public good,
where ci∈ [0, wi], and y is the amount of the public good produced.
The linear production function is y=M∑ j=1

N cj where M is the mar-
ginal product of the public good.

The VCM in a linear environment creates a simple game. There are
N players with strategies ci∈ [0, wi] and payoffs πi(c)=pi(wi−ci)+
M∑cj In what follows, we will only consider symmetric VCM prob-
lems.9 We will assume that pi=1 and wi=w for all i. For symmetric
linear VCMs, it is easy to see that if Mb1 then each i has a dominant
strategy of ci=0. It is also true that if M>(1/N), then the aggregate
payoff is maximized if ci=w, ∀ i. When (1/N)bMb1, there is a tension
between private and public interest that is the basis of the standard
commons dilemma.

To illustrate the type of experiments seen with the VCM we look at
the classic experimental design of Mark Isaac and James Walker that
has served as the jumping off point for much of the experimental
work that has gone on since. They ran a number of experiments in
which subjects use the VCM to decide public good allocations.10 In an
experiment,N individuals are gathered together. Each individual begins
each period with w tokens. Each individual chooses how many of their
tokens to contribute to a group exchange with a total group return of
NM∑ci. After summing the cj, the per capita individual return, M
∑ci, is calculated and each individual receives this amount. Each indi-
vidual also receives w − ciw−ci from their individual exchange. Thus
the payment received by i for this round is πi(c)=w−ci+M∑cj.

Isaac andWalker (1988) used a 2×2 designwithN equal to 4 and 10
andM equal to 0.3 and0.75. They structured the experiment as a repeated
game, with no re-matching, played for T=10 periods. We display, in

6 Our approach with respect to other-regarding preferences is very similar to
Andreoni and Samulerson (2006) who analyze a two period prisoners’ dilemma. In
their model, agents have utility functions with a single parameter, α. If αb0 then the
prisoner is an unconditional cooperator, if α>1 then the prisoner is an unconditional
defector, and if 0bαb1 the prisoner is a conditional cooperator.

7 Ambrus and Pathak (2011) run an experiment where they first run subjects
through a session which they use to identify conditional cooperators. They then run
a session of the repeated VCM in which the identity of the conditional cooperators is
common knowledge. But in the standard VCM experiments we are concerned with,
subjects have no such information about each other. In fact, in the modern computer
based lab, a subject usually only knows the others as numbers with no basis for any
prior common knowledge about their characteristics.

8 We actually believe that subjects in repeated VCM experiments do follow some
types of strategic behavior, especially when there are only 2 or 3 periods left. But in this
paper we are focusing on just how far one can get with only learning. See Section 7 for
more on adding strategic features to our model.

9 We will indicate in the appropriate places how our theory applies more generally
to asymmetries in pi and in wi.
10 See for example, Isaac et al. (1984), Isaac and Walker (1988), and Isaac et al.
(1994).
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Table 1, the average rate of contribution, ∑t∑icit= 10Nwð Þ� �
for each of

the 10 periods for each of the 4 treatments in that set of experiments.11

There are six observations per treatment, all with experienced subjects.
These Isaac and Walker (1988) data are consistent with and repre-

sentative of the first four stylized facts listed in the introduction. But
what behavior are the subjects really following? The standard full ratio-
nality, game theory prediction is that subjects will use their dominant
strategy, ci=0.This is obviously inconsistent with these data. So we
need a new theory.

2.2. Other-regarding preferences

Some have suggested that subjects bring other-regarding prefer-
ences into the lab which the experimenter cannot control and which
cause the subjects to behave differently than predicted if one ignores
these preferences. Fehr and Schmidt (1999), Bolton and Ockenfels
(2000), Charness and Rabin (2002), Cox and Sadiraj (2007) and Cox
et al. (2008) are among those who have taken this route. We introduce
such an assumption by adding a dash of social preference and envy to
some, but not all, agents.

In the experiments, each agent receives a payoff πi cð Þ ¼ w−
ci þM∑cj. We take social preference to be a preference for higher
values of the average payoff to all agents,12 �π ¼ ∑πi=N ¼ w− �c þ
MN�c where �c ¼ ∑ci=N. We take (one-sided) envy to be a disutility
for being taken advantage of13 which happens when �π cð Þ > πi cð Þ. That
is, i loses utility when i's payoff is below the average payoff in this
group.14 Finally because payoffs are small, we assume utility is linear.
We model subjects as having a utility function

ui cð Þ ¼ πi cð Þ þ βi�π cð Þ−γi max 0; �π cð Þ−πi cð Þ
n o

ð1Þ

with βi≥0 and yi≥0.
It is clear from experimental data that there is considerable hetero-

geneity in the population with respect to levels of other-regarding be-
havior. Also the experimenter can neither observe nor control for each
agent's values of (β,γ). We model the heterogeneity by assuming that
subject i comes to the lab endowed with a particular value (βi,γi). We
model the lack of control by assuming each (βi,γi) is distributed inde-
pendently and identically in the population according to a distribution
F(β,γ). We will be more precise about the functional form of F(·)
below.

2.2.1. Equilibrium behavior with ORP
It will be useful later to know what the one-shot Nash Equilibrium

levels of contributions are for any particular draw of subject parameters
(β,γ). With linear other-regarding preferences (Eq. 1), given (N,M) and
heterogeneity across (β,γ), there are only three types of Nash Equilibri-
um strategies: free riding (ci=0), fully contributing (ci=wi), and

conditionally cooperating ci ¼ �c ¼ ∑ici
� �

=N
� �

. In equilibrium,

ci ¼
0
�c
w

8<
:

9=
;if

0≥ M− 1
N

� �
βi þM−1

� �

γi N−1
N

� �
≥ M− 1

N

� �
βi þM−1

� �
≥ 0

γi N−1
N

� �
≤ M− 1

N

� �
βi þM−1

� �

8>>>>>>>><
>>>>>>>>:

9>>>>>>>>=
>>>>>>>>;

ð2Þ

The ratio
1−M
M− 1

N

, acts as a differentiator between 0 contributions and

positive contributions in equilibrium for VCM. This is also true in non-
linear utility approaches to other-regarding preferences as found, for
example, in Cox et al. (2007, 2008) and Cox and Sadiraj (2007).

A key point to remember as one reads this paper is that knowing
an agent's parameters (βi,γi) alone is not enough to determine
whether they will behave selfishly (i.e., give nothing), altruistically
(i.e., give everything), or as a conditional cooperator (giving some-
thing which depends on the contributions of others). Which strategy
a particular agent uses depends both on that agent's parameters
(βi,γi) and on the parameters of the environment (N,M). That is, al-
truism and conditional cooperation are behaviors that arise from
other‐regarding preferenceswhen the environment provides the setting
for it. A subject may act altruistically when M=0.7 but act selfishly
when M=0.3. For example, consider a subject in an experiment
with N=4 and with ORP parameters γ=4 and 5bβb14. In equilibri-
um, this subject will contribute everything if M=0.7 and will contrib-
ute nothing if M=0.3.

To compute the equilibrium for a particular draw of parameters, one
first counts how many types there are who will give nothing, those for

whom 0≥ M− 1
N

� �
βi þM−1. Let Nfr be the number of these types

who will act as free riders in equilibrium in this environment. Next
one counts how many types there are who will act altruistically and

give w in equilibrium, those for whom γi N−1
N

� �
≤ M− 1

N

� �
βiþ

M−1. Let Na be the number who act altruistically in this environment.
In equilibrium, the average percentage contribution is �c=w ¼ Na=

Na þ Nfr
� �

. If Na=Nfr=0, then there is a continuum of equilibria

where ci ¼ �c;∀i. But this is rare in the data.
One should note that the fact that subjects have other‐regarding

preferences does not eliminate the fundamental social dilemma.
First, for the preferences in Eq. (1) it is still optimal for everyone to
give everything and yet the equilibrium (as long as there is at least
one player with 0 > M− 1

N

� �
βi þM−1) is that many give less than

that. Second, playing the equilibrium (Eq. 4) in every period is a
sub-game perfect Nash Equilibrium for the finitely repeated game.
So the SPE allocation remains less than optimal even if some agents
have other-regarding preferences.

Finally, it is straight-forward to do comparative statics on this
equilibrium. In particular, for any specific realization of the parame-

ters, ∂Nfr/∂M≤0 and ∂Na/∂M≥0. So ∂
�c
w
=∂M≥0. Further, ∂Nfr/∂N≤0

Table 1
Average rate of contribution (%) per subject by period.

t=1 2 3 4 5 6 7 8 9 10

M=.3 N=4 34.3 29.5 17.6 10.1 7.7 9.0 7.1 4.2 2.3 5.8
M=.3 N=10 46.3 39.5 32.2 26.9 33.0 33.0 30.3 20.8 21.9 8.6
M=.75 N=4 54.7 56.3 62.3 57.3 62.3 49.5 45 47.7 33.3 29.2
M=.75 N=10 47.5 56.2 57.8 53 51.7 40.0 51.0 43.7 33.8 29.8

Source: Isaac and Walker (1988).

11 We thank Mark Isaac and James Walker for providing us with all of their data from
the 1984, 1988, and 1994 papers.
12 We considered having preferences depend on the sum of payoffs to all, ∑πj, but
that swamps everything else when N becomes larger, which does not seem to be con-
sistent with the data.
13 We considered having preferences depend symmetrically and 2-sidedly on
�π−πi

� �2
, as in Ledyard (1995), but that produced behavior that is inconsistent with

the data since the decline in contributions over time predicted by the model is too slow
under this hypothesis.
14 Since we are dealing with a class of experiments in which subjects know only the
sum or average of others’ contributions and not the individual amounts, we only con-
sider utility functions which depend on the average of others.
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and ∂Na/∂N≥0.So ∂
�c
w
=∂N≥0. If the distribution of the parameters,

F(·) is continuous, then the comparative statics of the expected

value of
�c
w

all hold with strict inequality. That is, this model of

other-regarding preferences is consistent in equilibrium with the
stylized facts 3 and 4 at the beginning of this paper.

2.2.2. Relation to other ORP models
Others have proposed other-regarding preferences before us,

suggesting a variety of functional forms and parameter restrictions.
Eq. (1) is intimately related to those of Fehr and Schmidt (1999),
Bolton and Ockenfels (2000), and Charness and Rabin (2002). The dif-
ferences in functional form are to some extent irrelevant (particularly
in their linear forms). All are equivalent up to linear transformations
of the other, and equivalent utility functions will yield identical
behavior for a wide range of behavioral models including Expected
Utility Maximizing and our learning model below.

The Fehr–Schmidt asymmetric fairness utility function is:

uFS ¼ πi−ζ i max �π−1−πi
;0

n o
−ηi max πi−�π−1;0

n o
ð3Þ

where �π−i ¼ 1
N−1∑j≠iπ

i.
To see the equivalence notice that �π−i−πi

� � ¼ N
N−1

�π−πi
� 	

and that

max πi−�π ;0

 � ¼ πi−�π

� �þ max πi−�π

 �

. So uFS ¼ π 1−Δð Þ þ Δ�π−

Γ þ Δð Þmax �π−πi;0

 �

, where Γ ¼ N
N−1

ζ and Δ ¼ N
N−1

η. Given uFS,

let β ¼ Δ
1−Δ

and γ ¼ Γ þ Δ
1−Δ

. Then it will be true that uAL=ΛuFS where

uAL is our utility functional form and Λ ¼ 1
1−Δ

. Also, given uAL, we can

derive uFS ¼ 1
1þ β

uAL.

Our functional form, Eq. (1), is also equivalent to that of Charness
and Rabin (2002), if one removes the retaliatory term that adjusts for
bad behavior. Their utility function is:

u ¼ χ þ θqð Þ�π−i þ 1−χ−θqð Þπ i if π i ≥ �π−i and
u ¼ ξþ θqð Þ�π−i þ 1−ξ−θqð Þπi if π i≤ �π−i:

ð4Þ

where q=−1 if the others have misbehaved and q=0 otherwise.
This is the same as Eq. (7) if η=χ, ζ=−ξ, and θ=0.

Finally, Eq. (1) is also equivalent to a linear version of ERC from
Bolton–Ockenfels. The version of that used in Cooper and Stockman
(2002) is ui ¼ πi−γi max 0; �π−πi


 �
. Let βi=0 in Eq. (1).

Given the equivalence of the varied functions, it is instructive to
compare and contrast our restrictions β≥0, γ≥0 with those of
Fehr–Schmidt and Charness–Rabin. We all pretty much agree on β

and ζ ¼ N−1
N

β
1þ β

. Our assumption that β≥0 implies 0≤ζ≤N−1
N

which implies their restriction that 0≤ζ 1. But we differ in our re-

strictions on γ and η ¼ N−1
N

γ−β
1þ β

. Fehr–Schmidt focus on difference

aversion with the restriction that η≥ζ. Charness–Rabin consider several
parameter constellations but focus on social welfare preferences with
the restrictions that η+ζ≥0 and −1/2≤ηb0. Our restriction that γ≥0

is equivalent to η+ζ≥0 when β≥0, since ηþ ζ ¼ N−1
N

γ
1þ β

.However,

differences arise over the rest. The restriction that η≥ζ is the same as
γ≥2β while the restriction that η≥−1/2 is the same as γ≥ 1=2ð Þ
N−2
N−1

β− N
N−1

� �
. As we will see, these latter two are a little tenuous

when confronted with data from VCM experiments.
The linear multiplier converting Fehr–Schmidt and others to (Eq. 1)

and vice versa does depend on N. That is not a problem from an

individual decision theoretic point of view, sinceN is never a choice var-
iable of any agent. However, the fact that N is involved in the transfor-
mation does matter when one carries the functional form across VCM
experiments with different size groups. If the distribution of types is in-
dependent of N then how N enters the utility function does affect how
average group play changes as N changes. An example of this can be
seen in the, perhaps unintended, implication of the Fehr–Schmidt,
Charnes–Rabin preference model that equilibria for the VCM are inde-
pendent of N. It is easy to show that, in an equilibrium of their models,
an agent will be a free rider if ζ≤(1−M), will be conditionally cooper-
ative if η≥M−1 and ζ≥(1−M), and will be altruistic if η≤M−1 and
ζ≥(1−M). So, unless the distribution of types (η,ζ) is dependent on
N, an assumption they never suggest, their models imply that the aver-
age rate of contributions in a VCM experimentwill be independent ofN.
But this is not consistent with the data. For example, in the Isaac and
Walker (1988) data for M=0.3, contributions are significantly higher
for N=10 than for N=4. Our ORP model picks up this variation.

We believe that the principles of social preference and fairness that
lie behind the Fehr–Schmidt and Charnes–Rabin other-regarding pref-
erences, are sound and fundamental. However, because their functional
forms and parameter restrictions conflict with the data from VCM
experiments, we believe a new functional form is necessary. We pro-
pose Eq. (1) as the natural alternative.

But the static equilibriummisses two key features in thedata: awide
variance among contributions and declining contributions over time.
Other-regarding preference by itself is not a sufficient explanation for
the behavior observed in experiments.

2.3. Individual evolutionary learning

Given the ORP utility function of each subject and the rules of the
VCM experiment in a linear public goods environment, one has a
game. The next step is to provide a model for how subjects play this
game. Our model, IEL, is based on an evolutionary process which is
individual, and not social. In IEL, each agent is assumed to carry a collec-
tion of possible strategies in their memory. These remembered strate-
gies are continually evaluated and the better ones are used with
higher probability. IEL is particularly well-suited to repeated games
with large strategy spaces such as convex subsets of the real line. We
first describe it for general experiments. In the next section we indicate
how it is specialized for VCM.

An experiment can often be modeled as a repeated game (G,). The
repeated game has a stage gameG and a number of rounds, T. The idea
is that Gwill be played for T rounds. In G ¼ N ;X ;p; If g, N is the num-
ber of subjects, Xi is the action space of i, vi(x1,…,xN) is i's payoff if the
joint strategy choice is x, and Ii(xt) describes the information reported
to subject i at the end of a round. These are all controlled by the exper-
imenter. In round t, each subject chooses xti∈Xi.At the end of round t,
subject i will be told the information Ii(xt) about what happened. Then
the next round will be played. A behavioral model must explain how
the sequence of choices for i, (x1i ,x2i ,…,xTi) is made, given what i knows
at each round t.

The primary variables of our behavioral model are a finite set of
remembered strategies for each agent i at each round t, At

i⊂Xi and a
probability measure, ψt

i on At
i. At

i consists of J alternatives. A free pa-
rameter J can be loosely thought of as a measure of the processing
and/or memory capacity of the agent. In round t, each agent selects
an alternative randomly from At

i using the probability density ψt
i on

At
i and then chooses the action xt

i=at
i. One can think of (At

i,ψt
i) as in-

ducing a mixed strategy on Xi at t. At the end of each round t, agents
are told r(xt). At the beginning of the next round t+1, each agent
computes a new At+1

i and ψt+1
i . This computation is at the heart of

our behavioral model and consists of three pieces: experimentation,
replication, and selection.

We begin at the end of round, t, knowing At
i,ψt

i, and Ii(xt).
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Experimentation comes first. Experimentation introduces new alter-
natives that otherwise might never have a chance to be tried. This
insures that a certain amount of diversity is maintained. For each
j=1,…,J, with probability ρ, a new contribution is selected at ran-
dom from Xi and replaces aj,ti . We use a normal density, conditional
on Xi, for this experimentation. For each j, themean value of the nor-
mal distribution is set equal to the value of the alternative, aj,ti that is
to be replaced by a ‘new’ idea. That is the newalternative a~N(aj,ti ,σ).
ρ and σ are free parameters of the behavioral model that can be
varied in the simulations.
Replication comes next. Replication reinforces strategies that would
have been good choices in previous rounds. It allows potentially bet-
ter paying strategies to replace those thatmight pay less. The crucial
assumption here is the measure of “potentially better paying strate-
gies". We let vi(ajti | Ii(xt)) be the forgone utility of alternative j at t
given the information Ii(xt). This measures the utility i thinks she
would have gotten had she played aj in round t. vi(aj | Ii(xt)) is a
counter-factual valuation function and must be specified for each
application.
Given a forgone utility function, vi, we can describe how replication
takes place. For j=1,…,J, aj,t+1

i is chosen as follows. Pick two mem-
bers of Ati randomly (with uniform probability) with replacement.
Let these be ak,t

i and al,t
i . Then

aij;tþ1 ¼ aik;t
ail;t

( )
if

vi aikt
���Ιi xtð Þ

� 	
≥ vi ailt

���Ii xtð Þ
� 	

vi aikt
���Ιi xtð Þ

� 	
b vi ailt

���Ii xtð Þ
� 	

8<
:

9=
;:

Replication for t+1 favors alternatives with a lot of replicates
at t and alternatives that would have paid well at t, had they
been used. So it is a process with a form of averaging over past
periods. If the actual contributions of others have provided a fa-
vorable situation for an alternative aj,t

i on average then that alter-
native will tend to accumulate replicates in At

i, (it is fondly
remembered), and thus will be more likely to be actually used.
Over time, the sets At

i becomemore homogeneous as most alterna-
tives become replicates of the best performing alternative.
Selection is last. Each contribution ak,t+1

i is selected with the fol-
lowing probability15:

ψi
k;tþ1 ¼

vi aik;tþ1

���Ii xtð Þ
� 	

−εitþ1

∑J
j¼1 vi aij;tþ1

���Ii ctð Þ−εitþ1

� 	� 	

for all i∈{1, …, N} and k∈ {1, …, J} and where16

εitþ1 ¼ mina∈Ai
1þ1

0; vi a Ii xtð Þ
��� 	� o

:
n

We now have a complete description of the way that an IEL agent
moves from At

i and ψt
i to At+1

i and ψt+1
i . The only remaining thing to

pin down is the initial values, A1i and ψ1
i .

Initialization. We use the simplest possible initialization. It is very
naive behavior but this has proven successful in our previous work
and we see no need to change it now. We assume that things begin
randomly. We let A1

i be populated randomly with J uniform draws
from Xi. We let ψk,1

i =1/J∀k.
We now have a complete model of behavior for a general repeated

game. The two determining components of IEL are A and v(a | I(x)).The
three free parameters are (J,ρ,σ).

2.3.1. Relation to other learning models
Andreoni andMiller (1991) use the replicator dynamic to simulate

behavior in linear public goods VCM environments. They show that
the replicator dynamic will produce decay towards free riding over
time as more cooperative strategies will be replaced by those that
give less to the public good, although the decay seems much slower
than that occurring in the experiments. Given sufficient time, the entire
population will use the strategy that does the most free riding. The
decay to free riding is slower the larger the group size and the larger
the marginal return. But the decay always goes to zero which is incon-
sistent with the higher rates of contribution seen in experiments with
high marginal value of the public good. Any learning rule that searches
for and finds better paying strategies will have this problem as long as
individual preferences are selfish. Since contributing zero is a dominant
strategy, it is always better paying andwill eventually be found. So con-
tributions will always converge to zero. Learning by itself is not a suffi-
cient explanation for the behavior observed in experiments.

Three papers have taken the obvious step and combined other-
regarding preferences and learning.17 Anderson et al. (2004) intro-
duce a learning model “in which agents adjust their decisions toward
higher payoffs, subject to normal error." This dynamic does converge
to the equilibrium with errors described earlier. But it is a continuous
time model and it is not clear how one would calibrate its time pattern
to a repeated experiment where contributions, and therefore informa-
tion, come in discrete intervals.

Cooper and Stockman (2002) merge a Bolton and Ockenfels (2000)
type utility function with the Reinforcement Learning (RL) model of
Roth and Erev (1995). Janssen and Ahn (2006) merge a Charness and
Rabin (2002) type social utility function with the ExperienceWeighted
Attraction (EWA) learning model of Camerer and Ho (1999). In both
cases, the authors are reasonably successful in generating behavior sim-
ilar to that observed in their respective experiments. But, in both cases
there are some problems with their approaches.

One drawback is in the utility functions they use. The utility function
used by Cooper and Stockman ignores altruistic motives. This is not a
problem for the environment they study—a 3 playerminimal contribut-
ing set (MCS) game. However, as wewill see below, the data from VCM
experiments reject the hypothesis that there is no social preference in-
volved. The utility function used by Janssen and Ahn has the property
that individual equilibrium contributions are independent of the size
of the group. However, as we will see below, the data from VCM exper-
iments rejects the hypothesis that the size of the group does notmatter.

Another drawback is in the learning models they use. Both Rein-
forcement learning used by Cooper and Stockman and the EWA learn-
ing used by Janssen and Ahn are ill suited to repeated games with
strategy spaces that are a continuum. The models generate learning
behavior that is generally much slower than that of experimental

15 An alternative selection model would change the probabilistic choice function to

ψ ak
� � ¼ e

λvi akð Þ
∑j e

λvi akð Þv. We have found (see Arifovic and Ledyard (2004)) that the behavior

predicted for any λ differs very little from that generated by our proportional selection
rule. This is because the set A tends to become homogeneous fairly fast, at which point
the selection rule is irrelevant. We therefore use the proportional rule since it elimi-
nates another parameter.
16 This implies that if there are negative foregone utilities in a set, payoffs are normal-
ized by adding a constant to each payoff that is, in absolute value, equal to the lowest
payoff in the set.

17 A paper by Wendel and Oppenheimer (2007) uses an agent-based model as we do,
but they take a much different approach to learning and fairness. Agents’ preferences
include the other-regarding component that can be dampened by a ’sense’ of exploita-
tion, i.e. a sense of contributing more than the average. The sensitivity to the average
contribution (that can change over time) makes preferences ’context-dependent’.
Agents make probabilistic decisions given their utility functions in each time period.
We prefer to maintain the approach of game theory and model utility separately from
strategy. By doing so we believe the model will have broader applicability than to just
VCMs.
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subjects.18 This does not seem to bemuch of a problem for the research
reported in each of the papers, but it would limit transferability tomore
complex environments.

2.4. Merging VCM, IEL, and ORP

In applying IEL and ORP to the VCM experiments, the key choices
one needs to make are the set of strategies, A, the forgone utility func-
tion, ui, the form of the distribution of types, F, and the parameters of
IEL J, ρ, and σ.

The choice of A is easy. In the VCM experiments subjects are given
an endowment, w and told to choose at each iteration how much of
that to contribute to the public good. That is, their contribution ci

∈ [0, w]. Let A=[0, w] and let Ii(ct)=μti where μti can be computed

from ĉt ¼ ∑jc
j
t because i also knows cti and ui ¼ ĉt−ci

N−1
.

For the choice of ui, we assume that a subject will use the linear
utility (Eq. 1) in evaluating their foregone utility. We can write i's
foregone utility as a function of i's strategy, ci, and the average of
the others’ contributions, μi.

ui ci
���μ i

� 	
¼ M−1ð Þ þ βi M− 1

N

� �
−γ�i N−1

N

� �
ci

þ M þ βi M− 1
N

� �
þ γ�

N

� �
N−1ð Þμ i þ 1þ βi

� 	
w

ð5Þ

where

γ�i ¼ γi

0

 �
if

�π ≥ πi

otherwise

 �
:

It is this function, ui(a | Ii(ct)=μi), we will use in the replication
and selection stages of the IEL simulations.

For the distribution of types F(·), we assume first that P% of the
population are purely “selfish"; that is, they have the type (0,0). The
rest, (1−P)% of the population, have other-regarding preferences
where the (βi,γi) are distributed identically, independently, and uni-
formly on [0, B]×[0, G]. We began with just a uniform distribution on
β and γ but that did not fit the data at all, since it generated too few
subjects who were free riders in equilibrium. So we added the atom
at (0,0). One would ultimately like to have a distribution that would
hold up over a lot of experiments and not just VCM experiments,
but this will clearly require a lot more data.

The last choice to make when using IEL is which values of J, ρ, and
σ to use. We will show, in Section 6.2, that the precise values of these
parameters are of little importance. So, in this paper we will set
J=100, ρ=0.033, and σ=w/10. These values are similar to the num-
bers we have used in our other IEL papers.

For the rest of this paper, we will refer to the model that combines
IEL, ORP, and VCM as IELORP.

3. VCM, IEL, and ORP: the data

In this section we pin down the parameters of the distribution of
preferences, examine the closeness of the fit to some experimental
data, and discuss the implications for the distribution of types in the
population.

3.1. Estimating (P, B, G)

In our model of other-regarding preferences, we assumed hetero-
geneity in the parameters (β,γ) of the utility functions. In particular
we assumed that they were distributed identically and independently
according to a distribution where the probability that (β,γ)=(0,0) is

P and the rest of the distribution is F(β,γ)=U([0,B])×U([0,G]) where
U(D) is the uniform density on the interval D. To provide an estimate
of these subject population parameters (P,B,G) we calibrate our
model to the data from Isaac and Walker (1988) described earlier.19

Using IELORP, we generated a number of simulated experiments
varying the treatment (M, N) and the parameter triple (P,B,G). We
used the same pairs of (M, N) as in Isaac andWalker (1988). We varied
P from 0.1 to 1, in increments of 0.1, and did a finer local search in the
increments of 0.01. We varied B and G from 0 to 60, in increments of
1. We did not vary the IEL parameters (J, ρ, σ) since, as we will show
in Section 6.2, such variation is really unnecessary.

For each treatment and for each parameter triple, we conducted
40 trials. Each trial involves a draw of a new type from F(·) for each
agent. Those types were selected randomly as follows. Each agent be-
came selfish with probability P. If his type turned out to be selfish,
then his utility was based only on his own payoff. That is, βi=γi=0.If
the agent did not become selfish, then we drew values of βi and γi

uniformly and independently from the ranges [0, B], and [0, G]
respectively.

After running all of these simulations, we followed a standard ap-
proach to determining a good choice of (P, B, G). We chose the values
that best fit the Isaac and Walker (1988) data. In doing so we did not
want to "force" the fit to be too tight. That is, we wanted the fit to be
not only good but also robust so that it has some chance of serving for
other experiments. To determine a loose fit, we computed the aver-
age contribution over all agents and over all simulations for all of
the ten periods, �c10IEL, as well as the average contribution over the
last 3 periods, �c3IEL. We then computed the squared deviations of
each of these measurements from the same measurements computed
for the Isaac and Walker (1988) experimental data. The objective was
to find the minimum of the sum of these squared deviations, MSE, i.e.:

Min
XR
r¼1

�c10exp rð Þ−�c10IEL
� 	2

rð Þ þ �c3exp rð Þ−�c3IEL
� 	2

rð Þ
� �

ð6Þ

where r is a particular treatment for a given (N, M) and R is a total
number of treatments. For the Isaac and Walker (1988) data, R=4.
Since we want to be able to compare these results to other experi-
ments where R will be different, we normalize the MSE and report
the normalized mean squared error, NMSE which is given as:

NMSE ¼
ffiffiffiffiffiffiffiffiffiffi
MSE
2R

r

In our comparison of IEL with other-regarding preferences to the
Isaac and Walker (1988) data, the probability distribution of (P, B, G)=
(0.48,22,8) generates the lowest value of mean squared error equal to
0.9347. The normalized measure is given by

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:9347=8

p ¼ 0:341. One
can get an intuitive feeling for the goodness of fit by noting that the
measurements, such as �c10IEL, used to compute the NMSE belong to
[0, 10]=[0,w]. That is they are the average contributions for an endow-
ment of 10 tokens. So a NMSE of 0.34 means that there is an average
error of only 3.4% in our fit across the 4 treatments in Isaac and Walker
(1988).

To provide a visualization of the high quality of the fit to the Isaac
andWalker (1988) data, in Fig. 1 we present the average contribution
in IELORP* simulations for N=4, for both values of M. We also pre-
sent the time paths of the experimental sessions for the same param-
eter values. In comparing the IELORP* and experimental averages,
keep in mind that the experimental results are the average of 6 obser-
vations while the IELORP* results are the average of 40 observations.
It is thus not surprising that the IELORP* curves are smoother than
those from the experimental data. Fig. 2 presents the paths for N=10.

18 See Arifovic and Ledyard (2004). 19 We will show later that this will also be a good calibration for other subject pools.
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For the rest of this paper we will refer to the particular version
of IELORP with parameters (J, μ, σ)=(100,0.033,1) and (P, B, G)=
(0.48,2,8) as IELORP*.20

3.1.1. Statistical analysis
Since IEL generates a Markov process on the sets At

i, and not on the
actions, ati, standard statistical techniques for testing the validity of
learning models are difficult to use. We have indicated how low the
NMSE is for the averages but that gives little indication of the distri-
bution of those averages. To give a more precise idea as to how well
IEL corresponds to the data we take a bootstrapping approach.21 For
each treatment in (N,M), using IELORP* we generated 10,000 simula-
tions. We kept track for each simulation what the average group con-
tribution was over all 10 periods and for the last 3 periods. We
collected these in bins of size 1 each. This gives us a density function
of C10, and C3 for each treatment.

We computed Kolmogorov–Smirnov goodness of fit statistics be-
tween the simulated cumulative distribution functions and the empiri-
cal distributions generated in the IW experiments. For the average of
the final 3 periods these are 0.28 for (N, M)=(4,0.75), 0.26 for (4,0.3),
0.45 for (10,0.75), and 0.43 for (10,0.3). Since there are 6 observations
for each of these, they are all within a critical value of α=0.15,
d=0.45, where α=1−Prob(Dn≤d) and Dn is the K–S statistic.

We also did this for the 10 period averages and got statistics of
0.21, 0.67, 0.25, and 0.58.

3.2. Implications for the distribution of types

The parameters (P, B, G) determine the distribution of types (β, γ)
which in turn determines the expected average equilibrium rate of
contribution for a particular value of (N, M). In Section 2.2, following
Eq. (2) we saw that for any specific draw of individual parameters the

equilibrium rate of contribution is
Na

Na þ Nfr
. Therefore an approxima-

tion of the average equilibrium rate of contribution in equilibrium is

�ce ¼ Qa

Qa þ Qfr
where Qa is the probability that an agent will act altru-

istically (contribute w) and Qfr is the probability an agent will act as a
free rider (contribute 0). The probability an agent will act as a condi-
tional cooperator is Qcc=1−Qfr−Qa. We can easily compute these

probabilities. Let Φ ¼ 1−M
M− 1

N

and Ψ ¼ N−1
NM−1

. Then from Eq. (2):

Qfr ¼ prob β≤Φf g ¼ P þ 1−Pð Þ Φ=Bð Þ
Qa ¼ prob β≤Ψγ þΦf g ¼ 1−Pð Þ Φ−:5GΨð Þ=B if B−Φ−ΨG≥ 0

¼ 1−Pð Þ :5ð Þ B−Φð Þ2=BGΨ if B−R−ΨG≥ 0:

In Table 2 we provide the values of these probabilities for the
Isaac–Walker treatments for the parameters (P, B, G)=(0.48,22,8).
We also include in that table, the expected average contribution for
each of the four treatments based on those probabilities and the actual
average contributions for the last three periods from the Isaac and
Walker (1988) experiments.22 IELORP* is providing a good equilibrium
prediction about the rate of contributions to which the IW88 experi-
mental groups are converging. The average difference between the pre-
diction of IELORP* and the data is 4.26% of the endowment, w.

The numbers in Table 2 highlight the fact that in the ORPmodel, free
riding and altruistism are behaviors and not types. This may provide an
explanation for the disparity in reports on the percentages of heteroge-
neous types in other experiments. For example, Kurzban and Houser
(2005) report they find 63% conditional cooperators, 20% free riders,
and 13% altruists. Burlando andGuala (2005) report 35% conditional co-
operators, 32% free riders, 18% altruists, and 15% unknown. Fischbacher
et al. (2001) find 30% free riders, 50% conditional cooperators (with a
selfish bias), and 20% hump-shaped. It is interesting that they did not
identify any altruists. From Table 1 and Fig. 2 of Muller et al. (2008),
there are, in the second period of a 2 period situation, 6% altruists, 24%
free riders, 53% conditional cooperators, and 17% hump-shaped. It is
possible that some of these differences are the result of different envi-
ronmental parameters (M, N) in their experiments. Whether a particu-
lar subject acts altruistically or selfishly will depend on the situation in
which they find themselves—the number of participants and the mar-
ginal benefit of their choices. Higher M really brings out the altruistic
behavior in an ORP agent, especially when there are few participants.
Higher N also brings out altruistic behavior in an ORP agent especially
when M is low. It could also be an artifact of small numbers which
could lead to different draws in the parameter (β, γ).
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Fig. 2. P=0.48, B=22, G=8, N=10.
Experimental data source: Isaac and Walker (1988).

20 Interested readers can find Matlab codes for the computational model in the folder
demo.zip at www.sfu.ca/ arifovic/research.htm.
21 We thank Nat Wilcox for suggesting this direction.

Table 2
Probability of equilibrium behaviors and average contributions.

N=4 N=10

Qfr, Qa, Qcc, �ce , �c3 Qfr, Qa, Qcc, �ce , �c3

M=0.3 0.81, 0.01, 0.18, 1, 4 0.56, 0.11, 0.33, 17,17
M=0.75 0.49, 0.37, 0.14, 43, 37 0.49, 0.38, 0.13, 44, 36

Qk = the probability of behavior k in equilbrium.
�ce = the expected average % contribution in equilibrium given Q.
�c3 = the average contribution in the last 3 periods in Isaac and Walker, 1988.

22 We are implicitly assuming that the average contributions in the last 3 periods are
an estimate of where the group is converging to, the equilibrium of the group.
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Fig. 1. P=0.48, B=22, G=8, N=4.
Experimental data source: Isaac and Walker (1988).
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Onemightwonder howour distribution on types differs from that in
Fehr and Schmidt (1999). There it is suggested in their Table 3 on p.843
that a discrete distribution on (η, ζ) where the prob(η=0)=0.3,
prob(η=0.5)=0.3, prob(η=1)=0.3, prob(η=4)=0.1, prob(ζ=0)=
0.3, prob(ζ=0.25)=0.3 and prob(ζ=0.6)=0.4 will explain much of
the data. What would these imply for the probability of each behavior?
First, with η≥0, the probability of altruistic behavior is 0. In the Fehr–
Schmidt model, an agent behaves altruistically iff η≤M − 1b0.So if
η≥0 there can be no altruism. This is not consistent with the data
since there are those subjectswho contributemost or all of their endow-
ment even in round 10. Second, for their proposed distribution on types,
the probability of type does not depend on N. This is not consistent with
the data for N=4. Third, it is true that for the Fehr–Schmidt distribution
we should expect to see different dynamics as M varies. For M=0.3 in
their model an agent is selfish if and only if ζ≤0.7.So the probability of
selfish behavior is 1. For M=0.75, in their model, the probability of
free riding is 0.6 and the probability of conditional cooperation is 0.4.
But without some altruistic behavior to pull up the contributions of
the potential conditional cooperators, the equilibrium is that all contrib-
ute 0. With learning, in later periods, the average rate of contribution
goes to 0 no matter what M is. This is also not consistent with the data.

4. Transferability

How excited should one be about the results above? There are
number of challenges one can make. In the next three sections we
look at three. (a) Is IELORP* transferable? That is, is it consistent
with data from other experiments and other experimenters without
re-calibration of the parameters? (b) Can IELORP* explain outstanding
puzzles in experimental data? (c) Is IELORP* sensitive to the parameters
chosen? That is, how robust are the results to small parametric changes
in either ORP or IEL?

In this section we ask what happens if we use IELORP* to generate
simulations to compare with data from other experiments. We begin
with a classic, well-know experiment of Andreoni (1995) and end

with other Isaac–Walker experiments. The key finding is that without
changing any of its parameters, IELORP* fits all of these.

4.1. Andreoni (1995): kindness or confusion?

To check the transferability of our model to other data sets, we
began with Andreoni's (1995) experimental data. His Regular treat-
ment corresponds closely to the Isaac and Walker (1988) experimen-
tal design with two exceptions. First, he used only one treatment of
(N, M)=(5,0.5). Second, in the Isaac–Walker, each subject was put
into a group at the beginning of a session and remained in that
group through the ten rounds. In Andreoni, twenty subjects were
randomly rematched in each round into groups of size N=5 with
M=0.5. In checking our model and parameter values against his data,
we modified our IEL simulations to reflect the random matching treat-
ment.23 Thus, in each simulation, we randomly select the (β, γ) for 20
IEL agents. In each period of the simulation, we rematch these agents
randomly into groups of N=5.We used Andreoni's data set on average
contributions per round (also 10 rounds) to do another grid search for
the values of (P, B, G) that minimize the mean squared error. We
found that (0.39,36,20) resulted in the minimum NMSE of 0.41. This is
a bit off of our values of (0.48,22,8). But the difference is really slight.
Using our values, IEL generates a NMSE of 0.49, virtually the same as
the minimal value of 0.41. In Fig. 3, we present the pattern of average
contributions for Andreoni's data and for IEL simulations using our
parameters (4.48,22,8).

Andreoni (1995) also reports on another treatment called Rank. In
this treatment, subjects are paid not on the value of πi, but on the
basis of where their πi ranked with others. Andreoni uses a payoff of
Vi=Vi(πi,…,πN) where Vi depends only on the relative rank of πi.
Note that Vi(π)=Vi(w−c1,…,w−cN). That is, it is only the selfish
part of the payoff that is important. Let us see how agents with utility

of ui ¼ πi þ β�π−γmax 0; �V−Vi
n o

would behave in the Rank experi-

ment. Here, ui ¼ Vi w−cð Þ þ β �V−γmax 0; �V−Vi
n o

. Note that �V is

known and constant over all choices of c and so can be ignored in any
IEL computations. Therefore, the foregone utility for i is u c ctj Þ ¼ð
Vi cijct
� �

−γ 0; �V−Vi cijct
� �n o

The analysis is easy if γ=0. Here ui(c)>

ui(c′) iff w−ci>w−c′i. The agent only cares about w−ci, so Rank
should produce IELORP* results equivalent to those that would be
generated when all types are selfish; that is when βi=γi=0 for all i.
But when γ>0 this becomes more interesting. Now ui cð Þ ¼
Vi w−cð Þ þ γmax 0; �V−Vi cð Þ

n o
. If i's rank payoff is higher than average,

then this is just like γ=0.However, if i's rank payoff is lower than aver-
age, then i will have stronger incentives to push ci to zero. So Rank
should produce IELORP* results below the purely selfish IEL.

Table 3
Partners vs. strangers.

Partners Partners Partners Partners Partners Strangers

Run Group 1 Group 2 Group 3 Group 4 Average %

1 (4,0,1) 0% (0,1,4) 100% (3,0,2) 0% (3,1,1) 25% 31.25% (10,2,8) 16.67%
2 (2,3,0) 60% (1,0,4) 0% (4,0,1) 0% (2,1,2) 33.3% 23.33% (9,4,7) 30.77%
3 (1,3,1) 75% (3,0,2) 0% (3,1,1) 25% (3,0,2) 0% 25.00% (10,4,6) 28.57%
4 (2,1,2) 33.33% (1,3,1) 75% (1,3,1) 75% (5,0,0) 0% 45.83% (9,7,4) 43.75%
5 (4,1,0) 20% (3,1,1) 25% (3,1,1) 25% (3,1,1) 25% 23.75% (13,4,3) 23.53%

Data are: (#selfish, #altruistic, #conditional cooperators) equilibrium contribution %.

23 As is explained in more detail below in Section 5.1, simulations with this Strangers
treatment of random rematching are significantly different from the Partners treat-
ment with no rematching. So the structure of the experiment is important in what data
are produced.
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Fig. 3. Average contributions, N=5 (total of 20 subjects) M=0.5.
Experimental data source: Andreoni (1995).
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As we did for Andreoni's Regular Treatment, in each simulation of
the Rank treatment, we generated 20 IEL agents, and randomly
matched them into groups of 5 in each period of the simulation. A
grid search over different values of (P, B, G) resulted in the minimum
NMSE of 0.39 for (0.31,4,12). Using our parameters, (0.48,22,8), to
generate the data yields a NMSE of 0.41 for Andreoni's rank data.
We plot average contributions (over 40 simulations) for (P, B, G)=
(0.48,20,8) and compare it to the experimental data from Andreoni's
Rank Treatment in Fig. 3.

So it seems that IELORP* transfers without problems. The data gen-
erated by IEL, using exactly the same parameters that we used in the
Isaac and Walker (1988) simulations, produces data similar to that of
the Andreoni experiments in both the Regular and Rank treatments.

4.2. Other Isaac–Walker small group experiments

At this point in the paper, it is important to recognize a problem
with small sample sizes. If our model of IELORP* is correct, then we
should be very careful about small samples for at least two reasons
that are not generally raised. First, consider an experiment with
N=4 and T=10. The particular outcome for one such experiment de-
pends on the configuration of the (β, γ) draws. With 3 equilibrium
behaviors (free riding, altruistic, conditional cooperation) there are
16 possible configurations ranging from all behaving altruistically to
all behaving selfishly. The equilibrium average contributions for
these groups will range from 100% to 0%. Of course, with the probabil-
ities as shown in Table 2, the probability of any extreme is low. If the
sample size is small, it is very possible that the observed behavior will
not coincide exactly with the average predicted by the theory. This is
even more true as N increases to 5 or 10. Second, even if the configura-
tion of types were constant across all observations (a very unlikely
event), if subjects experiment and learn and play somewhat randomly
then any one observation may not look at all like the average contribu-
tions even if the theory is correct. For these reasons, we will ignore
those experiments for which there are very few replications. And we
suggest caution even if there are 6 or more replications. With that in
mind, we turn to other Isaac–Walker experiments.

Isaac and Walker have conducted a number of other VCM experi-
ments beyond those on which we have focused so far. In their seminal
paper, Isaac andWalker (1988) varied experience,marginal rate of substi-
tution, and the number in a group—a total of 8 treatments. Unfortunately,
there is only one observation for each treatment. In Isaac et al. (1994),
they created and ran some experiments with N=40 and N=100. They
ran a 2×2 design with M=0.75 and 0.3, and N=40 and 100. There
were 3 observations for each cell. But the subjects were not paid in
money. Instead they were paid in grade points. They worked to justify
this by running some sessions with N=40 and M=0.03 where they
paid subjects in cash. But there were only 3 of these too. Again we feel
there are too few observations here to work with.

As Isaac and Walker were providing experience for their subject
pool for the experiments reported in Isaac and Walker (1988) exper-
iments, they conducted six sessions with M=0.3 and N=4 and inex-
perienced subjects. We did compare our model to these data. The
NMSE for the difference between the average contributions from
these data and those from IELORP* is 0.66. This represents a 6.6% dif-
ference between IELORP* and the averages from these data. This com-
pares favorably with the NMSE of 0.34 for the Isaac and Walker, 1988
data with experienced subjects. Therefore, inexperience is not some-
thing that we need to control for in our IELORP* model. It also com-
pares well with the NMSEs of 0.49 and 0.41 for the Regular and
Rank treatments of Andreoni (1995).

5. Two puzzles

Can IELORP* explain outstanding puzzles in experimental data? One
way to understand whether a new theory has any benefit is to ask it to

explain some facts that previous theories have had trouble dealingwith.
In this sectionwe look at twowell‐known puzzles: the restart effect and
partners–strangers data. Using the same parameters for IELORP* as in
the previous sections, and without adding any new common knowl-
edge or strategic components, we are able to provide explanations for
both.

5.1. Andreoni and Croson (2008): partners versus Strangers

In their 2008 article on partners versus strangers, Andreoni and
Croson report that out of 13 studies of repeated play (Partners treat-
ment) versus random re‐matching (Strangers treatment), “four studies
findmore cooperation among Strangers, five findmore by Partners, and
four fail to find any difference at all."(p.777). What explains this? They
consider several explanations for the data but are unable to really pin
things down, although they point to Palfrey and Prisbrey (1997) and
Croson (1996) to suggest that the best explanation is that “Strangers ex-
hibit more variance in their contributions."24 This of course leaves open
the question: why?

We think that the explanation lies in another idea in Andreoni and
Croson (2008); that there may be something about the Partners con-
dition that makes learning easier. We think that is especially true if
subjects have other-regarding preferences. If our model is correct,
then subjects in an experiment session would play one of three
types of equilibrium strategies: free riding, altruism, or conditional co-
operation. The altruists and free riders will learn essentially the same
way whether they are in the Partners treatment or the Strangers treat-
ment. They have a dominant strategy and who they play with is irrele-
vant. But the conditional cooperators have a problem. How much they
contribute in equilibrium depends on the proportion of types of the
others in their group. If that is changing from round to round, as it
does in the Strangers condition, then they are trying to learn a randomly
moving target. In essence they must learn to play against the whole
group of 20 (in expectation) and they only see information on 4 others
per round; they have partial feedback. Conditional cooperators in the
Partners treatment have it much easier. They need only learn to play
against 4 others and the feedback they get is more precise. It should
be no surprise that there is more variation in the Strangers data.

This explanation also implies that convergence to equilibrium will
be slower for Strangers than Partners. We can see the results of this in
Figs. 4 and 5. There are displayed the average contributions from 5 sim-
ulated sessions with Strangers (randomly rematched groups) and 5
simulated sessionswith Partners (no re‐matching). In each run, 20 indi-
vidual subjects are drawn at random from the IELORP* distribution of
preferences using the parameters (P, B, G)=(0.48,22,8). For ease in
comparison, the draws are identical in run k of Partners and run k of
Strangers for k=1,…,5. We used the Andreoni Regular parameters
with N=5 and M=0.5 to simulate the experiments.

With the exception of one session (run 4), average contributions
in the Partners treatments all decline and converge to between 30%
and 25%. But in the Strangers treatments, the results are more dis-
persed. Run 4 is similar to run 4 of the Partners treatment. But the

24 It is possible that Palfrey–Prisbrey used an incorrectly specified model to analyze
their data in a way that would lead to a conclusion of “more variance” when there
wasn't. Their experiment was a similar to the linear public goods experiments of others
with one exception: subjects were paid πi ¼ pi w−ci

� �þM∑cj where pi was randomly
assigned. The model they used assumed an ORP utility function with ui=πi+Wici

where Wi was a parameter to represent “warm glow.” This gives a cut point where if
pi>Wi+M then the subject gives nothing and if pibWi+M the subject gives every-
thing. Palfrey and Prisbrey used the experimental data to estimate the Wi. If our form

of ORP is used, there are two cut points: Wi
1 ¼ NM 1þβið Þ

Nþβi and Wi
2 ¼ NM 1þβið Þ

Nþβiþ N−1ð Þγi
If pi>W1-

i then iwill contribute nothing in the stage game equilibrium. If pi>W2
i then iwill con-

tribute everything. When W1
i bpibW2

i , i will be a conditional cooperator. One gets the
Palfrey–Prisbrey model if and only if W1

i =W2
i ; that is, if and only if γi=0. So if there

are conditional cooperators, then their maintained hypothesis that W1
i =W2

i would
be incorrect.
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other four end up at 35, 31, 25, and 22. If you were an experimenter
who wanted to test Partners vs Strangers and ran just one of each
with new subjects each time, and if subjects behave according to
IELORP*, you could get data consistent with Partners contributing
more than Strangers or with Partners contributing less than Strangers
or Partners contributing the same as Strangers. This is true even if you
rule out a draw like run 4. These results are certainly consistent with
the observations of Andreoni and Croson in the opening sentence of
this section.

A closer look at the simulations can provide some more insights
into the Partners and Strangers data. What data one observes is de-
pendent not only on the characteristics of the 20 subjects drawn,
but also on how they are allocated to groups. In Table 3, we provide
the basic data from the 5 runs: the number of each type and the im-
plied equilibrium % contribution rates for each group in the Partners
treatment and for the total group in the Strangers treatment. The im-
portance of the distribution of subjects to groups can be most easily
seen by referring to runs 1 and 2. In run 1, the distribution causes
the average equilibrium contribution rate to be 31.25% in the Partners
treatment and 16.67% in the Strangers treatment, almost half as
much. In run 2, the distribution causes the average equilibrium con-
tribution rate to be 23.33% in the Partners treatment and 30.77% in
the Strangers treatment, almost 50% more. What one observes also
depends on the characteristics of the subjects. Consider run 4 and run
1. In run 4 there are 7 altruists and 9 selfish agents. In run 1 there are
10 selfish agents (about the same) but only 2 altruists. The rate of con-
tribution in group 4 is obviously higher than that in group 1.

Finally, with respect to rates of convergence the simulations are
mixed. In both cases groups 4 and 5 seem to converge by 10 rounds.
For each of the other 3, the Partners condition seems to be closer by

10 rounds than the Strangers. This confirms the intuition that the
Strangers condition makes it harder to learn. We believe that the main
reason for the difference in runs 4 and 5 and in groups 1–3 is the num-
ber of conditional cooperators. Altruists and selfish individuals have
little to learn since they have a dominant strategy. It is only the condi-
tional cooperators who need to figure out what the average contribu-
tion rate is for their particular group. The more of them there are, the
harder it seems to be. We leave a more detailed theoretical analysis of
this to future research.

Overall IELORP* seems to account for many of the previously con-
fusing features of Partners vs. Strangers data. To confirm this, a lot
more experiment data are needed to overcome the randomness
from the distribution of types, from the allocation of types to groups,
and from decisions while learning. This also awaits future research.

5.2. Andreoni (1988): the restart effect

In his 1988 paper, Andreoni presents the results of an experiment
designed to determine whether the data from repeated VCM games
are the result of learning or strategic behavior. The key new finding
was a restart effect. In those experiments, subjects were initially
given the standard instructions for 10 rounds. At the end of those
10 rounds, however, they were given a surprise announcement by
the experimenter that they would play another game of 3 rounds.25

There was one configuration with Partners and one with Strangers.
Andreoni had 20 subjects in his strangers configuration, divided into
4 groups of size 5, M=0.5. His Partners configuration had only 15
subjects divided into 3 groups of size 5. He ran each configuration
twice. Croson (1996) reports on a replication of Andreoni's experi-
ment, where the session ran for 10 more rounds after the restart.
Croson had 12 subjects per configuration. Both configuration divided
the subjects into 3 groups of 4 players, with M=0.5 and the length
equal to 10 periods. She also ran each configuration twice. The key
finding was that average contributions increased after the restart
but then began to decline again. A second finding was that the effect
was larger in the Partners configuration than in the Strangers config-
uration. It has been argued by some that this must mean that subjects
are strategic.26 We, however, have found an explanation within the
context of our IELORP* model where strategic elements are largely
absent.

To understand the effect of the surprise announcement, it is impor-
tant to recognize the role of the experimenter in the process. Without
the announcement, the experiment would just be a standard 20 period
experiment. Instead, with the announcement, it is two 10 period exper-
iments with a “surprise" interjection by the experimenter between
them. It is our view that such an announcement triggers some reflection
and rethinking by the subjects.27 Normally our models do not account
for this possibility since the experimenter is viewed as something
outside the model. We model the reaction by allowing the subjects,
between the 10th and 11th round of the simulation, to ask “Have I
been getting it right?" and to reconsider. To model this reflection and
re-computation, we modify IELOPR*. At the time of the experimenter
interjection between periods 10 and 11, we have the IELORP* subjects
repopulate their “possible strategy set" with random strategies, before
experimentation and replication. Everything else remains the same. In
particular, in period 11 subjects remember what was played in period
10. It is this simple thing that connects the first 10 periods with the
second 10. It is also the only thing that differentiates the periods after
the announcement from a new 10 period experiment. Finally, we

25 The restart ended after 3 periods, due to budget constraints.
26 See for example Ambrus and Pathak (2011) who work hard to generate the restart
effect in equilibrium.
27 We are agnostic about whether this is a “demand effect" where subjects infer that
they have done something wrong, a signal that they are now in a “new" experiment, or
something simpler.
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Fig. 4. Strangers—IEL–N=5, M=0.5.
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emphasize thatwehave introduced nonew strategic elementswith this
modification.28

For each of the strangers and the partners configurations, we con-
ducted two sets of trials. One simulation, following Andreoni, used 20
agents, N=5, M=0.5. The other simulation, following Croson, used
12 agents, N=4, M=0.5. Each set consisted of 40 trials. We used the
usual values of (P, B, G)=(0.48,22,8) In Fig. 6, we display the average
contributions over 20 periods for both their data and the IEL simulations
for the Partners configuration. In Fig. 7,wedisplay the average contribu-
tions over 20 periods for both their data and the IEL simulations for the
Strangers configuration. Before we discuss these results further, we re-
mind the reader of the observations we made in the previous section.
For the strangers configuration, the Andreoni and Croson data represent
just two observations, whereas ours represents 40. The situation is a lit-
tle better in the partners configuration where both the Andreoni and
Croson data represent six observation. Our simulations of partners rep-
resent 120 observations. As we noted earlier, this means that one
should not expect all of the curves to lie right on top of each other.

Nevertheless, there are some conclusions one can draw. First and
foremost, IELORP* is capable of generating the restart effect without
sophisticated strategic assumptions. In period 11, the average contri-
bution jumps up to higher level than the one from period 10, and that
higher level is below the original starting point in period 1. Second,
our simulations do not generate the conclusion of Andreoni and
Croson that the effect is smaller in the strangers configuration. In
order to understand what the cause of the differences might be, let
us look at each configuration separately.

For the Partners configuration with no re-matching, see Fig. 6, we
highlight three thoughts. One, the average initial contributions in pe-
riod 1 for Andreoni and Croson are close to the average for IELORP*.
Two, the average contributions after the restart in period 11 for
Andreoni and Croson are close to the average for IELORP*. Three, to
us the only disturbing difference between the Andreoni and Croson
and the IELORP* data is found in periods 6–10 and periods 17–20
where the average contributions in the experiments lie below the av-
erages from the simulations. One possibility, since there are only six
experimental observations for each of Croson and Andreoni, is that
the difference is due to the random effects of a small sample size. A
more reasonable conjecture, however, is that the populations that
they (particularly Andreoni) drew from contained a few more types
who would be selfish in these environments. This would explain the
steeper drop in contributions than predicted on average by IELORP*.

For the Strangers configuration with re-matching, see Fig. 7, we
highlight three thoughts. One, as with the Partners data, the Andreoni
and Croson data seem to have a few more agents behaving selfishly
than IELORP*averages would predict. Two, clearly the Croson and
Andreoni restart average contribution in period 11 is less than that
predicted by IELORP*. Three, both one and two could be due to the
fact that their data are really only two observations. It is entirely possi-
ble that this is due to the randomness caused by a small sample size in-
stead of a fundamental difference in the underlying distribution of
types. That is, with more observations we could observe other data
which stayed at higher levels of contributions and for which the restart
average in period 11would be higher than 40%. Of course, ourmodifica-
tion of IELORP* could just bewrong about the reason for a restart effect.
More data are clearly needed to distinguish the possibilities.

6. Sensitivity

Is IELORP* sensitive to the parameters chosen? In this section, we
ask; if we change a parameter value, will the contributions generated
change dramatically? If the answer is yes then one might worry that

new data sets from new experimental situations might require new
simulations to re-calibrate those parameters, rendering any particular
results, including the ones above, as less interesting. On the other
hand if there is a significant range of values of the parameters (J, ρ, σ)
and (P, B, G) over which IELORP generates data consistent with the
experimental data, then one should be a bit more excited.

There are two sets of parameters of interest. For IEL there are (J, ρ,σ)
and for ORP there are (P, B, G). We will take up each in turn. But before
we do so, it is interesting to note that the two sets will affect the simu-
lated behavior, the choices of cti, in fundamentally different ways. The
population parameters (P, B, G) are crucial in determining the type of
behavior any agent will adopt. The particular parameters that agents
take into a session will affect the contribution levels to which a collec-
tion of agents will converge. The utility parameters will have relatively
little effect on the rate of convergence. So the distribution of the ORP
parameters should affect the average of the last three contributions
more than the average of all ten. The IEL parameters (J, ρ, σ), on the
other hand, have little to do with determining the equilibrium and
very much to do with the rate and direction of learning. We would
expect changes in the IEL parameters to affect the average of ten periods
of contributions but not the averages over the last three.

6.1. Changes in ORP parameters

We consider two types of changes in the parameters of the popula-
tion type distribution function: changes in the parameters (P, B, G) and
changes in the form of the distribution function.

28 It should also be noted that we modify the model in exactly the same way, whether
it is a Partners treatment or a Strangers treatment. This does not mean the effect will be
the same, just that the cause is the same.
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The results of our grid search in Section 3.1 indicate that there is a
wide range of the values of B and G for which the value of NMSE is
equal or below 0.5. This is illustrated in Fig. 8 which plots NMSE as
function of combinations of G (given on the x-axis) and B (given on
the y-axis). The extensive blue colored valley is the region where
NMSE reaches its minimal values below 0.5. A good approximate re-
lation for the B and G that are at the bottom of this valley is
G=0.5(B−6) for B>6. That is, if you pick any B⁎>6 and we then
pick G⁎=0.5(B−6) and group simulations, drawing (β, γ) from the
distribution of (0.48,B⁎, G⁎), we will generate data with an NMSE of
less that 0.5 from the Isaac and Walker (1988) data.

In Table 4 we list the values of average percentage of contribution,
Ce, for values of (P, B, G)=(0.48, B, .5(B−6)) where B takes on a va-
riety of values. We do this for 8 combinations of (N, M). The key fact
one should take away from this table is that, for a given (N, M),
there is very little variation in Ce as we vary B. So the equilibrium
changes little as we vary B and, thus, the NMSE relative to any data
set will vary little as we change B as long as G is adjusted accordingly.

To illustrate how similar the behavior generated by IELORP* is for
a wide range of population type distributions, we plot some results
from 40 simulations for each in Fig. 9 with (N, M)=(10,0.3). There
are 3 curves varying (B, G) for P=0.48. B groups from 8 to 58 with
the appropriate G. There is virtually no difference. The NMSEs are
0.34, 0.42, and 0.44. There is one curve for the Beta distribution
with P=0. The NMSE for this is 2.8, much larger than the other
NMSEs. But, there is not much difference in the average rate of contri-
bution until t=7 at which point divergence occurs. This highlights
the point that the probability distribution affects the point to which
contributions converge. It also indicates that in some cases behavior
with an NMSE of 2.8 is not that far off of behavior with an NMSE of
0.34. Finally, to illustrate robustness with respect to P, there is one
curve for P=0.3 which again lies pretty much on top of the baseline
model with P=0.48. The NMSE for this is 0.37.

Finally, one can ask what happens if we use a distribution other
than the uniform distribution. We considered the Beta distribution
proposed by Janssen and Ahn (2006). They jointly estimated, for
each individual, EWA parameters and the parameters of Charness–
Rabin other‐regarding preferences. Based on these individual estima-
tions, Janssen and Ahn propose a Beta distribution that best fits the
distributions of the parameters ρ and ξ from Eq. (4). They suggest
that ρ~beta(2,0.75) and that ξ~−9+10*beta(3,0.5).We take their
suggestions for the Beta distributions of ρ, call its cumulative H1(ρ),

and ξ, call its cumulative H2(ξ), and convert these to distributions

on β and γ. The distribution on β is then F1 βð Þ ¼ H1 β
1þ β

� �
. The dis-

tribution on γ is F2 γjβð Þ ¼ H2 β−γ
1þ β

� �
.Note that the distribution on γ

will no longer be independent of β.29 We ran 40 sets of IELORP simu-
lations using F1 and F2. The NMSE from the Isaac–Walker data for
those data is 2.8, a much larger number than is desirable. The model
with the Janssen–Ahn Beta distributions coupled with IELORP does
not fit the data very well.

To try to attain a better fit of the Beta distribution, we added an
atom of probability for selfishness as we did for the uniform. So
when a type is to be drawn it is first decided, with probability P,
whether a subject is just selfish. If yes, then (β, γ)=(0, 0). If no,
then (β, γ) is drawn from (F1, F2). We tried different values30 of P
and obtained the best fit for P=0.32. The value of NMSE that we
get in this case is 0.47. This is fairly close to that attained by our
best fit with IELORP*. This is also plotted in Fig. 5.

We conclude that there is a wide range of probability distributions
that generate behavior close to that of economic experiments, although
the range is certainly not arbitrary.

6.2. Changes in IEL parameters

How does IELORP perform when we change the IEL parameter
values? How important were our choices of (J, ρ, σ)? We re-conducted
the grid search for two values of J, 50 and 200, and two values of the
rate of experimentation, ρ, equal to 0.02 and 0.067. We also examined
what happens to the NMSE values whenwe changed the standard devi-
ation in the experimentation process.We tried a 10 times smaller, and a
2.5 times larger value of σ along with the values of P, B, and G that gave
the best fit in our baseline model. The results of these simulations are
displayed in Table 5.

The results of these parameter variations are, to us, astounding.
There is virtually no change in the normalized mean square error be-
tween the IELORP* model fit to the Isaac and Walker (1988) data and

GB

Fig. 8. NMSE landscape for P=0.48.

29 A more faithful application of their distributions would have F1 βð Þ ¼ H1 N−1
N

β
1þβ and

F2 γjβð Þ ¼ H2 N−1
N

β−γ
1þβ . But we wanted to preserve the independence from N and so ig-

nored the effect of N.
30 We did not explore the effect of changing the parameters of the Beta distributions.
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those from the variations. The values of B and G that minimize NMSE
for each of the variations are very close to the values, (22,8), that min-
imize NMSE using our baseline model. In fact, the values of (B, G) in
Table 5 satisfy G=0.5(B−6), the relationship discussed in the previ-
ous section.

This means that as long as the parameters (J, ρ, σ) are in the set
[50, 200]×[0.02, 0.67]×[0.1, 0.25] we will get the same contribution
behavior from the IELORP* model.31 Thus if there is heterogeneity
among subjects with respect to computational or memory capacity,
the parameter J, or with respect to the rate and extent of experimen-
tation, the parameters (ρ, σ), then as long as that heterogeneity is
within the bounds above, it should have little effect on the closeness
of the fit to the data.

The insensitivity of IEL to the specific values of (J, ρ, σ), as long as
they are in a reasonable range, in not unique to VCM experiments. We
have used IEL (with standard selfish preferences) in other repeated
games. Notably we have used it to study call markets (in Arifovic
and Ledyard (2007)) and to study Groves–Ledyard mechanisms for
public good allocations (in Arifovic and Ledyard (2004, 2011)). The
parameters for IEL that provided good comparisons to the data in
these papers are essentially the same as those used in this paper.
For call markets (5 buyers and 5 sellers with unit demands or sup-
plies), the parameters were (J, ρ, σ)=(100, 0.033, 0.5).32 For the GL
mechanisms (5 participants choosing actions in [−4, 6]), the best pa-
rameters were (500,0.033,1) but (200,0.033,1) yielded results simi-
lar33 to those for J=500.

While we explore this sensitivity, or lack of it, at some depth in
Arifovic and Ledyard (2011), perhaps a few comments are in order
here. What we have found over and over again across different envi-
ronments is that there is a type of diminishing returns to increases in
J. That is, if J is really small (say 10), it takes a long time to learn. Then
as J increases improvements occur, up to a point. At some point hav-
ing more options under consideration provides no benefits to the
agent. The exact point at which this occurs depends on the game in
which they are involved. For example, if there were 50 simultaneous
call markets it would take a much larger value of J than what is needed
for the VCM experiment.

The parameters ρ and σ affect the rate of experimentation. If they
are very large, then a lot of noise can be injected into the learning pro-
cess. In that case, observed choices have a significantly increased vari-
ance and the learning process slows down. Small values of ρ and σ are
not so much of a problem as long as J is big enough to probabilistically
cover the set of actions in a reasonablemanner. In that case, experimen-
tation, which is designed to add strategies which can be equilibrium
strategies, is not really needed to get learning close to the Nash Equilib-
rium. So if J is big enough then there is a wide range of ρ and σ such that
experimentation is good enough and not noisy.34

So as long as J is big enough and ρ andσ do not inject toomuch noise
through the experimentation process, the type and rate of learning will
be reasonably insensitive to their precise values.

7. Conclusions

Learning alone does not explain the VCM data. Other-regarding
preferences alone do not explain the VCM data. But combining them
in an appropriate way does the job. We have merged our learning
model, IEL, with a modification of standard heterogeneous other-
regarding preferences, ORP. The resulting model, IELORP* is parsimoni-
ous and generates behavior similar to that in many VCM experiments.

In particular,

• IELORP* is consistent with the five well-known stylized qualitative
facts of VCM experiments: average contributions decline with repe-
tition, there is variation in individual contribution rates, contribu-
tions increase with M and N, and there is a restart effect.

• IELORP* is able to explain some puzzling features of data from Partner
and Strangers experiments.

• IELORP* generates average data that is quantitatively similar to the
VCM data of various experiments and experimenters. Using a nor-
malized mean squared error measure (NMSE), we find that the av-
erage contributions generated by IELORP* differ from those in these
experiments by only 3.4% to 6.6%.

• The NMSEmeasurements change very little with modest changes in
the parameters of IEL, the learning model, and the distribution of
the parameters of ORP, the other-regarding preferences model.

IELORP* is a robust and parsimonious explanation for most behav-
ior in VCM experiments.

Some final thoughts. Our study seems to provide evidence for a
learning hypothesis and against a strategies hypothesis. Using a model
grounded in other-regarding preferences and retrospective learning,
without any common knowledge of rationality or information, we are
able to generate conditional cooperation and declining rates of contri-
bution consistent with the experimental evidence. We can explain the

31 We did not explore the limits to which these sets can be pushed.
32 The range of possible actions was [0, 2] so normalizing gives σ=0.2.
33 We refer the reader to that paper for a more precise understanding of the nature of
the similarity.
34 This would not be true if we did replication before experimentation. Since replica-
tion follows experimentation in IEL, really bad ideas generated by experimentation are
eliminated with high probability by replication and therefore are never used. The order
of computation mutes the impact of changes in ρ and σ.
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Fig. 9. Average contributions for different parameter sets using IELORP.

Table 5
Variations in (J, μ, σ).

IEL parameters B G NMSE

IELORP* 22 8 0.34
J=50 16 5 0.35
J=200 23 8 0.35
ρ=0.02 20 7 0.34
ρ=0.067 23 8 0.34
σ=0.1 22 8 0.345
σ=2.5 22 8 0.345

Table 4
Ce for variations in B.

B 10 22 30 40 50 60 100

M=0.3 N=4 0 1 2 3 3 4 5
N=10 16 17 17 18 18 18 19

M=0.75 N=4 45 43 42 42 41 41 41
N=10 46 44 43 43 42 42 42
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restart effect and the differences between Strangers and Partners with-
out resorting to sophisticated strategic considerations.

In our model, conditional cooperation is a strategy and not a pre-
conceived belief or a hard wired characteristic. It is simply the behavior
that emerges from theway thosewith other‐regarding preferences play
the game they are faced with in the laboratory. This also can explain
why some subjects can be a conditional cooperator in one experimental
session and then turn around and be a non-contributor in another. Such
behavior would be consistent with our model if the marginal rate of
substitution were lower in the second session.

One feature of ourmodel, that is very important for its ability to con-
form to experimental data, is the possibility of altruistic behavior from
subjects whose local marginal return from the payoff to the whole
group outweighs both their selfish interests and their envy of others.
If one's theory has no room for social preferences, then the only way
to get conditional cooperation is to either hard-wire it or to create con-
ditions such that it arises out of the strategic behavior of selfish subjects.
In that case, observing conditional cooperation might lead one to
believe subjects are strategic. But if, as in our model, there is room for
a social preference, then conditional cooperation can easily arise even
if subjects are not strategic. This highlights the importance of theory
for interpreting experimental data.

Muller et al. (2008) have a very interesting paper in which they try
to determine whether subjects are strategic or learning in a 2 period
VCM experiment. They conclude that the strategic hypothesis is more
likely than the learning hypothesis because the decline in contributions
from period 1 to period 2 is larger than the decline in contributions
across games. But the first decline could be from learning what type
you are playingwith and how to react to themwhile the second decline
could be from learning how to play the game, independent of what type
you are playing. If learning to play the game is reasonably easy, as it
would be in a two period model, then one might expect little decline
across games. The larger decline between periods could just be condi-
tional cooperators learning to react to selfish types. Again, what one's
theory is will really guide one's interpretation of the data.

Finally, if one is still skeptical about our model and its lack of strate-
gic behavior, one could turn our ORP model into one with asymmetric
information and apply Bayesian game theory to it. Using a model such
as that in Kreps et al. (1982), itwould not be hard to construct equilibria
inwhich selfish individualsmimic conditional cooperators and inwhich
conditional cooperatorsmimic altruists for some number of periods but
then return to type near the end. Of course there would be many repu-
tation equilibria in this model and that would dampen its ability to pre-
dict anything as experimental conditions changed. The only restriction
from the theory would be that dominated strategies are not played.35

Open issues. There are some open questions that remain to be dealt
with in future research.

One question involves the linear nature of the ORP model. It may be
that the individual altruism parameter should depend onN. As we have
modeled it, each agent cares only about the average profit of all agents
and not the total. It may be, however, that agents care about the total
payoff but with diminishing marginal utility as N increases. One
would need a lot of data to tease out the precise relationship.

Another question involves the transferability of the IELORP* model
across widely varying mechanisms and environments. In IELORP*, it is
assumed that subjects come to the lab with their other-regarding pref-
erences built in. That is, it is assumed that nothing in the experiment
triggers the altruistic or conditional cooperative behavior other than
the parameters of the game. If this is true then the IELORP* model
should work36 in environments in which economists typically don't
consider other-regarding behavior. For example, IELORP* should work

in markets. If individuals really do have other-regarding preferences,
then the fact that we don't seem to need those preferences to success-
fully model behavior in, say, continuous markets should mean that
there is no observable difference in the behavior of those with and
thosewithout preferences over altruism and envy. It is an open theoret-
ical question whether this is true or not. For example, Kucuksenel
(2008) shows that in bi-lateral trading with asymmetric information,
the existence of altruism leads to increased trading and efficiency.
Perhaps that explains why some bargaining data violate individual in-
centive compatibility constraints.37

There are some features of experimental designs that IEL is currently
insensitive to.38 (i) There is no provision for communication although it
is well known that can significantly increase contributions. (ii) There is
no provision for experience although it did not appear that experience
mattered in the Isaac–Walker experiments. (iii) In IELORP* we treated
all subjects the same with respect to IEL. That is, we made no provision
for subject pool differences in computational or strategic skills that
could affect the parameters J and μ. One reason this was not necessary
was the relative insensitivity of the performance of IELORP in VCMs to
the values of those parameters. But in more complex experiments this
could be very important.

Perhaps, as conjectured in Andreoni and Croson (2008, footnote 6)
“reputation effects do matter, but it appears that these effects must be
learned." IEL could be improved by having the agents learn more
sophisticated strategies. Now they only learn a response that is naive
but reasonably good. Instead, they could learn 2-period or 3-period
strategies. Or, even more, they could learn to play as automata. Expan-
ding the space of the set of retained strategies A could lead in this direc-
tion. This could be especially important for coordination games such as
Battle of Sexes.

Even without this future research to improve the model, IELORP*
has proven to be a parsimonious, robustmodel of behavior that requires
little calibration to generate observations similar to those of experimen-
tal subjects.

Appendix A. The basics

Voluntary Contributions Mechanism (VCM)

πi ¼ pi wi−ci
� 	

þ y

y ¼ M∑N
i¼1c

i

ci∈Ci ¼ 0;wi
h i

Other-regarding Preferences (ORP)

ui cð Þ ¼ πi þ βi�π−γmax 0; �π−πi
n o

(β,γ)~F(·,·) where F(0,0)=P and otherwise F(β,γ)=U(0,B]×U(0,G]
Individual Evolutionary Learning (IEL)
A⊂X,ψ is probability on A, forgone utility is vi(ati | Ii(at−1))
Parameters are α
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