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Abstract:

In physical models it is well understood that #ggregate behaviour of a system is not in
one to one correspondence with the behaviour oftleeage individual element of that system.
Yet, in many economic models the behaviour of aggpes is thought of as corresponding to that
of an individual. A typical example is that of pitboods experiments. A systematic feature of
such experiments is that, with repetition, peopbmtgbute less to public goods. A typical
explanation is that people “learn to play Nash'something approaching it. To justify such an
explanation, an individual learning model is test@daverage or aggregate data. In this paper we
will examine this idea by analysing average andviddal behaviour in a series of public goods
experiments. We analyse data from a series of gafesntributions to public goods and firstly
to see what happens, if we follow the standard@gapr and test a learning model on the average
data. We then look at individual data, examine ¢hanges that this produces and see if some
general model such as the EWA (Expected Weightath&tion) with varying parameters can
account for individual behaviour. We find that orvee disaggregate data such models have poor
explanatory power. Groups do not learn as suppdked, behaviour differs markedly from one
group to another, and the behaviour of the indi@iswho make up the groups also varies within
groups. The decline in aggregate contributions ctaie explained by resorting to a uniform
model of individual behaviour.
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1. Introduction

The topic of this paper is one which is centraétonomics. We frequently build models
based on hypotheses about individuals’ behaviodr taen test these on aggregate behaviour.
The assumption is that the aggregate can reasobaligken to behave like an individual. Thus,
if we cannot reject our individual based modelhat aggregate level, then we conclude that it is a
valid model of how people are behaving. We will mkae data from a series of experiments on
contributions to public goods and show that while average behaviour seems to correspond to a

reasonable individual model, neither the groupstheiindividuals playing the game do so.

Public goods games are useful in this respect sugcbave some well established stylised
facts concerning them. Indeed, there is a wealtimfofmation from public goods experiments
showing that, with respect to the Nash equilibriahthe one-shot game people initially over-
contribute to public goods but that, with repetitiothey contribute less. Although these
experiments have too few rounds, in general, to enaleaningful statements about the
“convergence” of the total contributions they daldes towards the Nash equilibrium. What the
players in these experiments are faced with isiefirepeated game which can be solved by
backward induction. The solution in the standangédr model is one of a dominant strategy in
which people contribute nothing. However, it is Wedtablished that this is not what actually
happens. Indeed since individuals do not play im wWay from the outset, we cannot attribute the
observed behaviour to that associated with an ieguin of the finite repeated game.
Furthermore players do not establish the cooperativ socially optimal outcome and indeed, in
general, move collectively away from such a sohuti®o, a typical explanation, for the observed
behaviour, is that people “learn to play Nash” @amsething approaching it. In this paper we will
examine this idea by analysing average and indalidiehaviour in a series of public goods

experiments.

There are two very different views of learning enges. Population learning suggests that
the configuration of strategies in a population gamil converge towards some limit, which may

or may not be a solution of the one-shot game. Haw happens is explained typically by



arguing either that a certain proportion of playei adopt strategies which are performing
better than average, or that some of the playdrbaireplaced by others ,who are identified with
more successful strategies. This literature dodsdisruss the mechanism that leads to the
expansion of successful strategies nor that whaetse less successful strategies to fade. But this
is the sort of idea invoked in literature where sowlassified certain people, from their
behaviour, as Nash and found that at the beginafnipeir public goods experiments 50% of
players were Nash and, at the end 69% fell inte ¢htegory. This makes it tempting to believe
that the population was evolving towards Nash. tBig raises an important question. Is it true

that that the people who switched had “learnguldag Nash”, and if so, how and why?

This last question suggests a second and verydaliffeapproach which is to model the
individual learning process and to see if observetaviour, particularly that in experiments,
corresponds to such a model. Here again theredistiaaction to be made. One approach is to
assume that all individuals learn in the same way #en to test the learning model on the
average observed data (see Erev and Roth [1]).i3 kesry common practice and often gives rise
to rather convincing results. However, as Cametre.g2] point out, the estimated parameters
for the representative individual may not coincidéh the average parameters of the population.
Furthermore, this approach is fundamentally flawkal.assume that the average player behaves
in a certain way is to give way to the same tenmmtaas that offered by the “representative
agent” in macroeconomics. It is not, in generaldally consistent to attribute the characteristics
of an individual to average behaviour, even iftla#i underlying individuals obey the assumptions
made about their behaviour. If all the individuadsre indeed identical then this objection could
be overruled, but in this case, how do we knowyefreject the model, whether we are rejecting

the model itself, or the hypothesis that all agan¢sidentical?

An alternative approach is to assume that indivgllsehave according to the same
learning model but differ in their parameters. Thisthe approach adopted, for example, by
Camerer et al. [2]. In this case one must trynd & model that is general enough to encompass a
number of basic learning rules and this is indéeel goal of the “experience weighted attraction”
model (E.W.A.) used by the authors just mentionadl iatroduced by Camerer and Ho [3]. This

avenue is appealing for a number of reasons. dinvallfor heterogeneity among the agents and



also allows one to detect whether there are clisieEplayers who concentrate around some of
the special cases covered by the general modete ®ne two such fundamental classes of rules:
those which focus on learning from experience,hm $ense of reinforcement and those which
focus on anticipating what opponents will do, givikweir previous behaviour. There are two
classic classes of rules which, were previouslysiered as rival .The first of these are the
“reinforcement” models in which strategies are updan the basis of their results in the past,(an
approach based on the work of Bush and Mostellgr 4ée e.g. Roth and Erev [5] and
Mookerjhee and Sopher [6]). The second are thealeec belief* models in which agents
update their anticipation of their opponents' bétavon the basis of their previous behaviour,
fictitious play being a good example (see e.g. Rbdey and Levine [7]). Both of these classes
are included within the EWA learning rule. Howewielis worth noting that the basis of EWA is
still exclusively backward looking and nothing &d about how agents might learn to reason in
a forward looking way. Thus although rather genetatould be argued that EWA is still not
general enough. However the difficulty of findingrae which also encompasses this sort of

learning is clear. Camerer [8] and Camerer elafe pursuing work in this directidn.

Another possibility is not to find a rule which @mpasses others as special cases but to
allow for different rules and simply to try, on thasis of observed behaviour, to assign agents to
rules. This is the procedure followed by Cheung Bnedman [10], Stahl [11] and Broseta [12].
There are at least two problems with this sort ppraach. Firstly, the rules specified are
necessarily arbitrarily chosen, and secondly, #mst are not very powerful since, in such

situations, the number of observations is, in ganeot very large.

Our objective in this paper is to analyse data febiseries of games of contributions to
public goods and firstly to see what happens, if faow the standard approach and first
determine the trend of contributions and then @egsarning model on the average data. We next
look at group and then individual data, examine hbis changes the results and see if some
general model such as the EWA with varying parameatan account for individual behaviour.

Our case is rather favourable for this sort of teisice, by telling agents how much was

1 We are grateful to John Ledyard for pointing this.



contributed to the public good in total, at eachpstwe allow them to know how much they
would have obtained from foregone strategies. Hwgids a fundamental problem raised by
Vriend [13] as to how agents can update the weighy put on strategies which they have not
played if they do not know how much these would engaid. We find that, nevertheless,

behaviour differs across groups and individual b&ha is not easily categorized.

It is worth recalling that, in this type of expeent, individuals are divided into groups
who play the game for a fixed number of periodsud'the groups are unaffected by each others’
behaviour. Yet the whole population seems to l@aansimple way, while the separate groups do
not learn as supposed, and their behaviour diffeeskedly from one group to another.
Furthermore, behaviour of the individuals who maige the groups also varies within those

groups.

The usual explanation for some of the discrepaniciegrategies in the early rounds of
public goods games, as Ledyard [14] explains, & tonfusion and inexperience play a role.
Indeed, this is one of the basic reasons why mapethas become standard practice in these
experiments. Yet, as we will see, this would notebeugh to explain some of the individual

behaviour observed in our data.

We will now turn now to the particular choice of de made for the experiments and the
rest of the paper will be structured as followssty we will explain the particular features of
our model and their advantages. Then we will gheedetails of the experiments we ran. We will
then describe the data from the experiments. InfétHewing section we will perform some
simple tests on the average data for the whole Ipbpn, for the group averages and finally for
the individuals. Having pointed out the differentetween these, we proceed to an analysis of
the performance of the EWA rule on individual datel compare this with our previous results.

We then conclude.

2. The model



2.1. The basic public goods game:

In the basic game of private contribution to a pugbod, each subject (i=1,..,N) has to
split an initial endowmerk into two parts: the first part (EG) represents his private share and
the other parCi represents his contribution to the public goode Phayoff of each share depends

on and vary with the experimental design, but irsh@xperiments is taken to be linear (Andreoni
[15]). The total payoffrz , of individuali, in that case is given by the following expression

mi=E —Ci+6’ZN Cj
=1
This linear case gives rise to a corner solutionfdct, assuming that it is common
knowledge that players are rational payoff maximsissuch a function gives a Nash equilibrium
(N.E.)for the one shot game at zero and full contribuais social optimur(S.0.) The dominant
strategy for the finite repeated game, is to cbote zero at each step. Nevertheless,
experimental studies show that there is generalr-contribution (30 to 70% of the initial

endowments) in comparison to tNeE.

Attempts to explain this difference between theothgcal and the experimental results
are the main subject of the literature on privaiatibution to public goods. To do so, several
pay-off functions with different parameters haveréested in various contexts to try to see the
effect of their variation on subjects’ contributeo(for surveys, see Davis and Holt [16], Ledyard
[14] and Keser [17]).

In the linear case, given that tiNE. is at zero, and giving that subjects could not
contribute negative amounts to the public goodhrecan only be an over-contribution. To test
the error hypothesis experimentally, Keser [18]fqmened a new experiment. She proposed a
new design in which the payoff function is quadratnd the equilibrium is a dominant strategy
in the ‘interior of the strategy spaceWith such a design, undercontribution becomessiie
and error on average could be expected to be Thdl.results of Keser's experiment show that in
each period, contributions are above the dominakitien, which leads to the rejection of this

error hypothesis.



Another way to introduce an interior solution isuse a linear payoff for the private good
and a concave function for the public one. Seftoth &teinberg [19] compare these two possible
payoff structures. They call the first one “the Doamt strategy equilibrium treatment” and the
second “the Nash equilibrium treatment.” The resghlow that “average donations significantly
exceed the predicted equilibrium under both treatsmefalling roughly midway between the
theoretical equilibrium and optimum... Donationg &ss variable under the dominant strategy

equilibrium treatment than under the Nash equiliforireatment.”

2.2. Our Model:

The theoretical model and design used for the @xeats we report in this paper are
those used in Hichri [20] and concern a public gogdme with a “Nash equilibrium treatment”
[19]. The individual payoff function is

1/2

N
ﬂi:E—ci+6(Z Cj)
j=1

The Nash equilibrium(N.E.) and the social optimun¢S.O.) also called Collective
Optimum (C.0O.) corresponding to this payoff structure are natidfisolutions but in the set of
the possible choices. The Nash equilibrium for vidlials is not a dominant strategy for the
finite repeated game. Indeed the solution for ¢faeme poses problems for a simple reason. There
is a unique Nash equilibrium in the sense thatafor Nash equlibrium the group contribution is
the same. However, that contribution can be obthimg several combinations of individual
contributions. Since there are many Nash equilibolathe one-shot game, precisely what
constitutes an equilibrium for the repeated gamendear. Calculations show that for a group of

N subjects, at th€.0, the total contribution is given by the followiegpression:

and at the\.E. is equal to:



where y* is the symmetric individual Nash equilibri.

With such a design, the Nash equilibrium and th@as@ptimum vary with the value éf
We shall see whether there is any difference betwke evolution of indivdual and aggregate

contributions under the different treatments.and fa@ll learning models explain this evolution.

The original purpose of the experiments, from witloh data is used here, was to test the
effect on the level of the social optimum and & Mash equilibrium of varying. Clearlyd may
be considered as a measure of the productivith@fprocess which transforms the private into
the public good. The marginal value of an individeantribution varies positively with. To test
if modifying 6 has, in fact, an impact on contributions, we gaéveur different values, which
gives four levels for the social optimui@.O.) By varying this value, we vary then t8eO. and
the N.E. levels. The following tables summarize for eactihaf four treatments (Low, Medium,
High and Very High, named respectivdly M, H and V.H) the different levels of interior

solutions for each group of fouN€4) personstéble 1) and for one subjet{21] in each group
(table 2:

Valu€ of ¢

Treatment Endowment Symmetric NE CcO
4 L 280 4 64
5.66 M 280 8 128
6.93 H 280 12 192
8.94 VH 280 20 280

Table 1: The NE and the CO values for the fourttresats for one group.

2 An analysis of the experiment at the individuakiis presented in Hichri [21].
3 These are approximate values. The exact valueseapectively : 4 , 5.6568542 , 6.9282032 and 8.9492

We choose these values such thatQt@. corresponds respectively to 64 , 128 , 192 and 280



Value oft Treatment Endowment Symmetric NE CcO
4 L 70 1 16
5.66 M 70 2 32
6.93 H 70 3 48
8.94 VH* 70 5 70

Table 2: The symmetric NE and the CO values fofdbetreatments for one subject.

The set of possible group contributions in our nhaglgery large. In fact, given that each
one of the four individuals of a group is endoweithwO tokens, each group can contribute an
amount that varies between zero and 280.

We then added two other features and we again tbokeonly at the effect of variations
in 6 but also at the variability of individual behavieuln the first variant, we replicated the same
experiment as before with the introductionppbmisesbefore the decision period relative to the
contribution to the public good. The four treatnsewith promises are callédP., M.P., H.P. and
V.H.P.

In the last experiment, we introduce as a parantieéeinformation about the contribution
of some members of one group to the public gooded&hreatments were compared to the
treatmentH. This treatment is used as a benchmark (no-infbomareatment) and is chosen
because it allows us to keep BeO. in the interior of the strategy space but, atghtével. The
three new treatments with information are “one hiea”, “one partner’” and “two neighbors”
(respectively calledl.N, 1.P. and2.N) and have the same theoretical design as treathhent

(sameC.O. andN.E). In fact, information is introduced after the eofdthe one-shot game and
has no effect on the theoretical solutions.

While in treatment individuals are informed only of the sum of cobtriions of their
group, in treatment.N. each one of the four individuals in a group knawshe end of each
period the contribution of his right neighbour, addition to the sum of contributions of the

group. In treatment.P, each two individuals in one four persons grouphaxge information



about their own contributions. These Partners hee dame for all the periods of the game.
Finally, in the last treatmen2(N), for each individual information concerns two dlgours, the

right one and the left one. The following figufiggre 1) depicts these four treatments:

2 % T %
)4 ) o )% 4 > %
Treatment H Treatment 1IN
W e W L QP
#* > ¥ r > %
Treatment 1P Treatment 2N

e Individual
Age— B A receives information from B

Figure 1: Information about neighbours contributgwith a treatment H Design



In all treatments, and from a period to anothdgrmation given to individuals concerns

always the same persons.

The data of these three new treatments is also teséet the learning models at the
population, group and individual level. This allows to see whether the results in our reference

framework are robust to different “institutionahfneworks.”

The following section presents the experimentalltegelative to the four treatments of
both experiments with (treatmeritd., M.P., H.P. andV.H.P) and without (treatments, M, H
andV.H. promises and those of the three new treatmertksimformation (treatments.N, 1.P.
and2.N).

Note that the total number of treatments is 11.hEawe is played by six independent
groups of four persons and for 25 periods, whictamsethat each treatment is played by 24
individuals. The total number of players is thert 2696 of them have played four treatments
without promises, 96 have played four treatment$ wromises and 72 have played the same

treatment but with different information).

3. The experimental results

Our initial analysis will be at the aggregate lewdlere we have for each treatment the
average contribution of the six groups compareth¢oaggregat®l.E. and to the aggrega®O.
These results are reported in figures 2 for the foeatments without promises, in figures 3 for

the four treatments with promises and in figuredtfeatments with information.

3.1. Basic results without promises:

The first thing we observe when analysing the exrpamtal results is the fact that the

average group contributiofY) decreases over time. In fact, the Very High treainp= 8.94),
has 133.33 and 91.5 as values of the first andas$teperiods (seéigure 2. In the case of



treatmentdH andM, the average group contributiovl) decreases during the 10 first periods and
stays at a steady level during the rest of theodsrof the game. In the last treatménthis
average group contribution starts at 67.67 andedses steadily during the 25 periods of the
game until finishing at 7.16. The decrease of ¢butions is however less evident in treatment
V.H. Generally, if we do not consider the first fiveripds that could be assimilated tedrning
periods” contributions are almost steady over the twdast periods for treatmentd, H and
V.H.

Our results show that contributions vary with tlodlective optimum(C.O.) level. There
is overcontribution in comparison to tNeE. This overcontribution increases with t8e0. level
in absolute value. Nevertheless, average contabstremain proportionately as far from the
C.O. as the level of the latter gets high. Computingséh contributions in relative values by
calculating an overcontribution index that taket® iaccount théN.E. and theC.O, shows that,

except in treatment.H., this ratio is constant.

That means that an increase @®. level leads to, a proportional increase in indinad

and hence, total contributions.

In treatment., the average group contribution seems to decraadeo tend steadily to
theN.E. value (which is 4). For this treatment, where €h®. level is very low, subjects seem to
tend to the theoretical predicted value for the-simet game. The difference between the
theoretical prediction and the experimental ressligss evident in this framework as the game
proceeds and indeed, such a result is rarely obdarvthe experimental literature relative to
public goods. It seems somewhat paradoxical thajests contribute less and learn to play the
NE value when th€.0.is low. For this is precisely the case in whice@O.is easy to reach in
the sense that it does not require a large cotiitbuFor high levels of th€.0, it is, in fact,
risky for one subject to cooperate and to try tchethe social optimum by contributing a large
amount to the public good. Taking such a risk caadl one subject to share his or her
contribution with other subjects that choose notdatribute, and, in so doing, to lose, most of
his or her private payoff. Thus the risk when faeeth “free riding” behaviour is higher as the

C.0O.increases.



total contribution in the VH treatment without promises
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Figure 2 : Average total contribution in treatmensl, H, M and L without Promises



The other side of the coin is that the gains tdvé@ from contributing more collectively
are higher when th€.0. is higher. One natural interpretation of somevithlial behaviour is
that individuals make generous contributions ifiitito induce others to do the same. This is, of
course, not consistent with optimising non-coopeeatoehaviour but has been evoked in

considerations of non-equilibrium behaviour.

3.2. Results with promises:

Promises are introduced in the public goods ganstegspreceding real contributions. In
each group, and in each period, individuals aredsk announce their intentions as how much
they will effectively contribute in the considerpdriod. The sum of these intentions is revealed
to the members of the group. Thus this informati@mtome common knowledge before the
beginning of real game where individuals annourear teffective contributions that will be
considered when calculating their gains. Intentians considered as promises that are “cheap
talk,” seeing that the gains are not affected leyitiroduction of promises. Also, theE. and the

C.0.of the game are the same than in the game wifiroatises.

As expected, and in concordance with findings ipesxnental literature, the introduction
of promises increases contributions to the puldiody although this increase is not very marked.
Consequently, the average group contributions lx®ecto the Nash equilibrium in treatments

without promises.

What is interesting from our point of view is tliae main difference between treatments
with promises and those without promises is obwioube heterogeneity of groups and
individuals behaviour when promises are allowedadtt, the data permits to isolate in treatments

with promises different strategies that does nitex treatments without promises.
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Figure 3: Average Total Contribution in treatmeMislP, HP, MP and LP with Promises



3.3. Results with Information:

While the introduction of promises increases contions to the public good, information
about the contribution of the other members of gnoeip seems to have no effect on the decision
of contribution of individuals. In fact, as shown the following figure figure 4, where we
represent average total contribution for the threatments with information and for treatméht
(already given infigure 2, the experimental results show that there is ifierdnce between
contributions with information and contributions tkout. The aggregate behaviour is very
similar in the four treatment: overcontributioneigident during all the experiment and decreases

over time, as contributions become closer ta\tHe

250 -
5 200
E —&— Treatment H
g == 1N
‘g 150 - —0=— 1P
ﬁ == 2N
2 —>=CO
5 100 -
e —/—=NE
<

50 A

1 23 456 7 8 91011121314151617 18 192021 22 2324 25
Periods

Figure 4 : Average Total Contribution in treatmehts1N, 1P and 2N



Note that in all treatments, contributions startdmgreasing and are very close to G©.
in the first periods of the game. Also, averagaltobntribution is almost the same for three of

the four treatment in the last peridable 3summarises the results for these four treatments:

Treatment | First Average Last Max. Min. St Dev.
Period over 25 Period
periods
H 145.33 93.87 58 145.33 58 21.98
1.N. 167.83 94.12 31.83 187.67 31.83 42.97
1.P. 129.33 93.51 33.33 150.5 33.33 327
2.N. 149.17 97.74 32.83 178.17 31.83 43.64

Table 3 : Average Total Contribution in treatmeHts1N, 1P and 2N

These results are in concordance with other exgerisnwhere information is introduced
in some way in a public goods game. For examplédason and Khan [22], the standard design
of a public goods game is compared to a new oneenihéormation about group’s contribution
is given every 6 periods (imperfect monitoring)piresence of face-to face communication. The
authors expected lower contribution levels undgsarfect monitoring, but found no difference
between both. They also found that communicatiosuess high levels of contribution under

both information treatments.

Generally, information concerns the endowments @aybffs of other members of one
group and is tested with heterogeneity (same/diffeendowments, payoffs...). This is the case
in Chan et al. [23] where the authors conclude thfirmation has no significant effect on

contributions when subjects are identical (see ladstyard [14]).

In the following section, we will test a simple tegng model both on the aggregate level
to see whether this model suits the experimenttd dad whether it is still available when

applied to individuals.



The data that will be used for these tests is tie af treatmenH without promises,
treatmentH with promises and treatmentsN, 1.P. and2.N. with information. This choice is
based on the fact that all these treatments havsaime theoretical payoff function (high level of
social optimum). As well, the fact that treatmeHtsvith and without promises and treatments
with information (.N, 1.P.and2.N) have the same theoretical solutions allows usotopare
our experimental data with simulations of learnmgdels without having any bias concerning
the eventual difference between both results.

3.4. The group and the individual level:

Although at the aggregate level there is no vatgtiln all treatments, there are at the
group level different behaviours in the same grang@ between groups. The latter are not regular
and we can clearly identify several ways of conttitn. Figure 5shows the contribution of the
six groups in treatmertl without promises and gives us an idea about targation between

groups.

Contribution per group in the H treatment without promises

—&—Group 1
== Group 2
== Group 3
=X==Group 4
== Group 5
—@— Group 6

Contributionnn

periods

Figure 5: Contributions of the six groups in treamh H (without promises).
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Within groups, at the individual level, there is@la difference between the individual
and the aggregate behaviour. In fact, individuabave differently. Moreover, the individual
behaviour is more difficult to classify becausetloé great volatility of contributions of one

subject during the 25 periods of the game.

To have an idea about the different levels of dbuations of individuals, we classify
contributions in 8 intervals of ten each and wespne infigure 6the number of times individuals
make a contribution belonging to each interval. iAseach of the 5 treatments there are 24
persons playing 25 periods, we have then 3000 weésens or decision of contribution. As we

can see ifigure § almost all the intervals are significant:

VAR1
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Figure 6: number of individual contributions for&ainterval for the 5 treatments (3000

decisions).



Also, to isolate the different strategies that doekplain the individual behaviours, we
compare for the 5 treatments and for the 25 dewsa each individual her contribution in
period (t) to her contribution int-1). This allows us to know whether individuals react
response to past contributions. We classify thimgarison into three possibilities: contribution
in t increases, decreases and remains unchanged pagsam to contributions ifi-1). Figure

7 shows that all these strategies are significant:

Contribution in t compared to contribution in t-1
All 5 treatments (120 subjects)

50
45 -
% 40 |
T 35
>
¥ 30 1 /&X_X/** —&— Decrease
8 25 y N/ X —X=Unchanged
& 20 - ——Increase
g 15 |
® 10
5
0 1 I I I I I I I I I I I I I I I I I I I I I I I I

Period

Figure 7: Percentage of increasing, decreasingusathanged individual contributions in t

compared to (t-1) for the 5 treatments (3000 olztems).

When we test econometrically for treatmenthe model:

Ciz=a+8.Ct-1+ &t

We find thatd is significant for the 6 groups while it is not fb3 subjects over 24.



Also, the assumptio? =8i [i=1,..4 is rejected for all the individuals of the 6 gpsu

Then we can conclude that individuals are heteregeas

4. Simple tests of the learning model

After presenting théReinforcement Learning model(R.L.) we will test this simple

model at the aggregate level using the experimeliatal.
4.1. The Reinforcement Learning model:

Two properties of human behaviour in the set afadibns we analyse are mentioned in
the psychology literature. The first one, knownths “Law of Effect” reflects the fact that
choices that have led to good outcomes in the mamare likely to be repeated. The second one
is called the“Power Law of Practice” and announces that learning curves tend to b stee
initially, and then flatter. Another property issal observed, which is “recency,” according to

which recent experience may play a larger role ffast experience in determining behaviour.

There exists a wide variety of learning modelsterdture. We will use a simple learning
model and apply it to our experiments. The modebus the basic reinforcement learning model
used for example by Roth and Erev [5]. There awersé variations of this model. In the one
parameter reinforcement model, each playat timet=0, before the beginning of the game, has
an initial propensity to play histh pure strategy. LetA|i< (O) be this initial propensity. When
a player receives a payoffafter playing hiskth pure strategy at timg his propensity to play
strategyk is updated. The rule of updating these propessit@m a period to another is given by

the following relation:

Ap(t+1)= Ag(t)+ x

The propensity to play the other pure strategae



Ac(t+1)= Ag(t)

These propensities will allow playerto compute the probability that he plays kik

strategies at time Let this probability be

Z exp(A Al (t))

where the sum is over all of playié&s pure strategigs’

There are several variations on this basic reiefoent learning model, as the cut-off

model, the local experimentation model and the expntation model with forgetting.

4.2. The simple test of the reinforcement Learningt the aggregate level:

We will apply the reinforcement learning model be taggregate level of the 5 treatments.
We divide the set of possible contributions ([0PR8nto ten equal intervals ([0; 28)]; [29; 56];
[57; 84];...; [252; 280]). At timet = O, all the possible levels of contribution have #ane

attraction and the same probability to be chosen.

In period 1, the strategy chosen in the data aafgeegate level receives the payo#s
explained above. At each of the 25 periods, theeggge contribution of each treatment of one
given period played in the real experiment is updafhis model is applied to each of the 5
treatments and the average of these results islasd and presented figure 8 This figure

shows that the strategy that is played the mosirdot to the reinforcement learning model is to

* This well known rule is also refereed to as th@uantal response » rule or the « logit » rule amdle justified as
optimizing the trade-off between « exploration # anexploitation ».



contribute an amount corresponding to the fourttervral, that is [85;112]. This result
corresponds obviously to the experimental datangihat we are using this data to update the

observed chosen strategies.
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Figure 8: The average of probability of playing baaf the 10 set of strategies when applying the

Reinforcement Learning model to the aggregate lef/t#e six treatments.



5. The performance of the EWA rule on individual dda

In this section, we will present tf{&xpected Weighted Attraction” (E.W.ALearning
model and we will next apply it to the aggregatd #re individual level using the same data than

the one used in the previous section (the 5 traashdata).
5.1. The E.W.A. Learning model:

The details of theé'Expected Weighted Attraction” (E.W.Amodel can be found in
Camerer and Ho [3,24] and Ho et al. [25]. Suppdgdayers indexed by wherei=1,2,...,N Let

Aij(t) denote the attraction of strategyfor playeri once periodt is played, where

1=1,2,..m . The Attraction of the different strategies in th&V.A.learning model are updated

differently. The chosen strategies receive an ciitna equal to the payoffli playeri receives
as a result of his choice, while the attractionshaf unchosen strategies are updated by adding
only a partd of the foregone payoff. Then, the parameleis the weight one player puts on the

unchosen strategies.

Let SJ denote the strategyof playeri, and S—i(t) be the strategies of all players but

playeri chosen in period. Attractions of strategies are updated accordinthé payoffs these
strategies provide, but also according to the gapat unchosen strategies would have provided.

The rule of updating attractions in periog:

eN({t-1).A (t-D+[0+ (1-0)I( .9 M7 (8.5 (D)
N (1)

A1) =



I(x,y) is an indicator function that is equal to IxiE y and to O if not.m(SJ,S-i(t)) is the

payoff of playeri when he plays strategywhile the other players play the combination of

strategiesS-i(t) .

The parameterg is a discount factor used to depreciate the pusvattractions so that

strategies become less attractive over time.

N(t) is the second variable updated in ®&V.A.Learning model. It is the experience
weight used to weight lagged attractions when #reyupdated\(t) is updated according to the

rule:
N(t)=¢(l-k). N (t-1)+1
wheret> 1.

The paramete controls whether the experience weight depreciatese rapidly than

the attractions.

At t = 0, before the game starts, the two variabﬁé(t) andN(t) have initial values

Aij (O) andN(0).

The probability of choosing a strateigigy playeri in period(t+1) is calculated by using a
logit form:
exp(A Al (1))

Y, exp(d Af (1))

pij(t"'l) =



where A controls the reaction of players to the differebetéween strategies attractions. A low
value of A implies an equal probability for choosing stragsgiwhile a high value supposes that

players are more likely to chose strategies wigihér attractions.

We note that the reinforcement learning model special case of thE.W.A.model. In
fact, when¢g =1, k=1, A=0 andN(0)=1, attractions are updated in the same way thahen t
cumulative reinforcement learning model. Th&V.A.learning model includes the reinforcement

learning model and other learning models as bé&i@fing as special cases (Camerer and Ho

[3]).

5.2. The test of the E.W.A. learning model at thaggregate level :

We ran simulatiorsusing the same theoretical function as that usezli 5 treatments.
We calculate the probability of playing each polesibontribution by updating the initial
propensities of each strategy using Ba&V.A.learning model. The parameters used are those
which best fit the model.

First, we play the public goods game 25 periodsrevtiiee simulation program chooses
randomly in the first period one of the 281 possilelvels of contribution ([0; 280]). This means
that in the first period, all the strategies hahe tsame probability of being chosen. The
propensity of the strategy chosen in the firstqubis updated according to the E.W.A. learning
model. Next, the simulation program calculates dach strategy the probability of its being
played in period 2. Obviously, the strategy choseperiod 1 has a greater probability of being
chosen in period 2. In the second period, the sitiarl program chooses a new strategy using the

new probabilities for being played of each strategy

This program is run for 25 periodsigure 9is an example of 25 strategies belonging to
the interval [0; 280] and chosen by the simulapoogram:

® We are grateful to M.S. Ben Aissa for helpingrusuinning these simulations.
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Figure 9: The probability of each of the 25 chostmategy using the E.W.A. learning model.

We repeat this simulation 1000 times and we caleulze average of the probabilities of

all the chosen strategies. The result is presantiglure 10
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Figure 10: The average of the probabilities of 108peated simulation of the 25 periods
public goods game using the E.W.A. learning model.



5.3. The test of the E.W.A. learning model at thendividual level:

We apply the same simulation program (run 1000 g)nfer a set of possible strategies
that corresponds to the set available to one peptaying the public goods game. This set of
strategies is [0; 70]. The payoff of one playereatefs on his strategy but also on the choice of
the three other players of the same group who laggng the game. The results are presented in

figure 11
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Figure 11: The average of the probabilities of 108peated simulation of the 25 periods public

goods game for one player using the EWA learnindeho

5.4. Comparison with the simple learning model :

The simple learning model predicts that the stratgetihat have the highest probabilities of



being played are those who belong to the intei®aj 112]. The results of simulations applied at
the aggregate level show that high contributiongehihe highest probabilities of being played.
Obviously, this does not correspond to the expeartaiefindings where low contributions are

more likely to be played and where contributionsrdase over time.

Simulating theE.W.A.model for single players playing the public gogdsne shows that
contributions belonging to the interval [40; 60Jvhathe highest probabilities of being played
(figure 11) This is not in accordance with the observed efjias. Furthermore, the.W.A.
model would suggest an essentially monotone ewnlutiVhilst this is observed at the aggregate
level for all treatments, this is far from beingethase for the groups and the individuals. The
behaviour of players seems to differ widely acrostividuals and what is more there is no
convergence to any common behaviour. Players segoay out of equilibrium strategies and

this does not correspond to any simple learningehod

6. Conclusion :

The simple point made in this paper is that whatregeto be rather systematic behaviour
at the aggregate level which persists in varioaatinents of the public goods game, does not
reflect such systematic behaviour at the groupdividual level. People within groups interact
and react to the contributions of the other membgtke group. This may lead to very different
levels of total contributions across groups andr diee. Furthermore, different groups do not
necessarily exhibit the uniform decline in totahtrdoutions which is observed at the aggregate

level across all treatments.

Rather different versions of our basic experimaatdysimilar results so the difference
between the individual and aggregate level caneotttributed to some specific institutional

feature of our experiments.

What it is that causes the variation across indil@ltemains an open question. Simplistic

explanations such as “degrees of altruism” do eeinsto be satisfactory. What does seem to



happen is that some individuals try to signal teeot by means of their contribution. They may
hope, in so doing, to induce higher payments froeirtcolleagues. If this is what they are doing

then they violate some of the simple canons of géumery.

What is clear is that the players do not, in gen@i@nage to coordinate on cooperative
behaviour. Free riding is something which on avermgreases over time but many individuals
do not follow this pattern. To sum up, the behawvioliindividuals varies considerably, but the
complexity of the interaction is washed out in #werage. Nevertheless, this should not lead us
into the trap of attributing individual behaviowr the aggregate nor, and worse, of concluding

from the apparent aggregate learning processirti@iduals are learning in this way.
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