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ABSTRACT

Several explanations have been proposed in order to explajnin
public goods games, cooperation does not collapse. In tieeses
free-riders enjoy the benefits of other individuals who dbnte in
benefit of a community. In the present work we address a public
goods game where individuals have the choice between battri
ing to a sanctioning institution and to a sanction-free olmethe
former there is a possible sanction for those who do not irig.
Our results show that individuals who contribute to a samitig
institution are better off after several repetitions of gane, de-
spite the costs associated with sanctioning. This repesitesults
found in experiments with human subjects, which point toaadv
tages of sanctioning measures as a factor for the stalmiizaf
cooperation.
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1. INTRODUCTION

In Al in general and in multiagent systems in particular,
decision-making by individuals (micro level) is highly edfted
by the group (macro level). This micro—macro effect is damai
dependent, has many facets, and is not well understood. lilamu
gent systems, not only the decision-making issue regarddigd-
ual agents is key to the performance of the system, but aéstuth
damental question that coordination among the varioussibeci
makers is necessary. This issue arises in multiagent etersure-
cause each agent faces the results of others’ actions.
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The agent-based approach has proven to be effective tozanaly
macro behavior arising from micro rules in classical sciesaof
social sciences. Specifically, we are interested on ageseebsim-
ulation of public goods games. In these games, individuedsria
cost to create a benefit for a group. Just think about blooé-don
tion, recycling, and so on. They are problems because fdegsr
do enjoy the benefits created by the group without contmiguti
themselves. Because free-riders are attracted by the tseart
proliferate, one may expect that eventually cooperatioih coi-
lapse. However, human societies have somehow managed/& sol
this kind of problems. Therefore, there has been a greateisite
in public goods problems or dilemmas, and many researches t
contribute to an understanding of the nature of these pnubl&he
most popular explanations are based on signaling, repuotadind
sanctions. We discuss the latter here; see [6] for an oweraie
further references.

Authors in [4] report laboratory experiments witlumansub-
jects playing the public goods game when two subjects catisel
among two institutions to contribute. Their work is the lsafair
ours and also supplies the experimental results we wantpro+e
duce with a computational model based on learning agents. Th
main question the authors pose is the following: empiricalence
shows that the possibility of sanctions stabilize humarpeoation
while in their absence cooperation collapses. On the othad h
the costs of punishment, for both those punished as well as pu
ishers (for these incur into costs when punishing) mighd keethe
conclusion that people, if given a choice, would always aptaf
sanction-free institution. The usual argument in favor af pun-
ishing institutions is that these are the rational choioeespayoffs
are higher in a sanction-free institution as no extra cob{suo-
ishment are involved. However, recent experiments showtkiga
proliferation of strong reciprocators, which are indivadiwilling
to reward fair behavior and punish unfair ones even if thep ga
nothing with it, can be evolutionary stable [2].

What would happen however in a mobile environment, where
newcomers from a noncooperative millieu are attracted ley th
higher payoffs? Will the number of strong reciprocatorsagiog
sanctioning institutions grow enough to keep cooperatiohi? is
investigated with the experiments, where people could nfi@ra
one institution to the other.

Besides experimental results, there has been also studige o
public goods game which rely on simulation and/or analyfice
mulation. In [8], the authors describe the evolution of dyias of
the relationship among agents who are locally constraimeshn-
ing that each agent has relationship with the two closeghheirs.
The contribution by agents is modulated by a binary variablkd



“motivation" which is based on the actions of their nearesgh-
bors. This was later extended in [7] where the authors hankest
the changes in persistence when agents are no longer lacally
strained; rather, they interact in a small-world scend¥ioally [1]
is a step towards an investigation about what happens puytiids
games when agents are spatially distributed in grid-likecstire
and can select betweémwo goods.

Here, we depart from the idea that evolution of the coopenati
and the dynamics of the game are based on the motivatiorblaria
as proposed in [8]. Rather, we allow agents to learn whetheo
to contribute, how much to contribute, and especially, tectene
"community“ or group to join, namely either the sanctionimthe
sanction-free one. In what follows we use the term “insiitoit
(instead of community) to follow the terminology used in.[4]

The goal is to formulate a learning-based approach thatlés ab
to simulate human subjects playing the public goods gameat-a
ting similar to [4]. This is important for two reasons. Fjisis not
obvious how and whether all human beings use learning-hased
cesses while participating at such experiments. Some @eoptx-
perimentations that are not grounded on any rational behavot
even bounded rational. Thus, it is an interesting questibetier
an explicit learning-based approach can replicate theatztarved
in [4]. Second, if some theory can be formed on how to repicat
those results, other closer settings can be simulated wither-
forming the actual experiments, which are both time conagmi
and expensive. The idea is that once we have a well calibbated
sic model to at least partially replicate the experimentscan use
it in more interesting settings (as discussed in the coraiyis

in a set of actionsd;; = (au,...,am), @ learning rule is a rule
that specifies the probabilitids ; = (p1, ..., pm) as a function of
the payoffs obtained by playing those strategies in the. pEisis
means that, in the future, each strategy is selected acgptdia
probability based on the reward.

2.3 Experiments on Public Goods Game

As mentioned before, authors in [4] wanted to investigatatwh
would happen in a mobile environment where newcomers from a
given institution are attracted by the potentially higheygifs of
another.

In order to do this, authors have performed experiments 84th
individuals who played 30 rounds of the game. The game was com
posed of three stages: S0, S1, and S2. In the first one paritsip
were told to choose between a sanctioning and a sanctienifre
stitution. In stage S1, they were given 20 monetary units i
tokens and could contribute between 0 and 20 to the common pub
lic good. The total amount contributed was collected, mli&d
by a positive rate: (r > 1), and distributed equally among all par-
ticipants, no matter how much each individual contribut€dose
tokens not put in the public fund remained in the personabaict
of the individual.

In the third and final stage participants are informed abbet t
contribution of each member of his institution. If they bejato a
sanctioning institution they may then reward fair behagippun-
ish bad behavior. In the first case each rewarded MU goes to the
rewardee and costs the payer that same amount. Those who pun-
ish spend; MU'’s, but those punished have to pay 3 MU'’s for each

In the next subsection, we present the public goods game andMU from the punisher. At the end people are informed about the

our learning-based model. Section 4 discusses the sceramth
details of the simulation settings, as well as our prelimimasults.
Section 5 reports some preliminary conclusions.

2. BACKGROUND

2.1 Overview of the Public Goods Game

In its original formulation, this game deals with public spe
ing on some work for the comunity: roads, libraries, etc.yBia
are offered the opportunity to contribute to a common poehés
fits (obtained from tolls, membership fees) are equallyritisted
among all participants irrespective of their contribuso@learly it
would be “fair” for people to pay the same quantity for thaseris.
However individuals are different, as they have differaial and
economic conditions and different stances which meansstirae
contribute less than others. This being common-knowledigee
assumes each player as rational s/he would default andimastr
nothing. However this is not what occurs in reality.

2.2 Experimental Economics

A classical concern in Al is the use of rational behavior asd i
relation to the prediction of patterns of behavior appratgrio goal
achievement. A rational behavior emerges when the prefeseof
the participants of a system (regarding the several cortibireof
actions) can be described via an utility function, and whecheof
these participants can analyse the outcome of every pessitibn
available and select the one which maximises its expeciéty.ut
Due to cognitive limitations of individuals, the actualiact selec-
tion and the rational model do not match each other.

A more coherent explanation about how players select aaracti
is to assume that they are able to extrapolate from what taeg h
observed in past interactions. In general players can tessalect
the best action. This can be done by analysing the payoffrgot f
each rule used to select strategies in the past. Accordirfg]to

performance of both institutions. Their results indicdtattpeople
prefer punishing institutions, even if their payoffs ar¢ ashigh as
in a non-sanctioning one.

The existence of strong reciprocators, which remain always
small in number, allied to a conformist behavior of the miajor
lead to a high level of cooperation which tends to stabilieedys-
tem. People conform to the established norms even when tleese
not lead to maximum payoffs.

3. MODEL

In experimental economics, players have to make repeated
choices. This indicates that a kind of learning or at leasipéeat
tion is used. In [4] it is stated that humans have an abilitysfial
learning and this supports the competitive advantage aftisaning
institutions. This points to a learning process going oreast at
the collective level.

The aim in our experiments with an artificial population oéats
is to test whether a naive learning approach can lead to tasine-
havior. Itis not clear how human subjects decide. One thisahat
the decision is not purely rational (otherwise to defaultigldoe the
outcome). Rather, people have an idea of fairness that igghto
to the interactions. It is not easy to model this notion ofrfess,
especially because it changes from individual to individu#dso,
in these experiments, participants may be bounded ratiobaly
social norms etc. By performing the experiments with human s
jects, one can analyse real decision-making, and possibofpare
this to what comes out from the theory of rational decisicaking.

The public goods game haé individuals. As mentioned, in our
case, instead of using an individual motivation to decidetivar
or not to contribute as in [8], agents keep a history of theistp
selections and decide what to do. This decision has threa mai
steps: select which institution to join; decide how much ¢o-c
tribute (in [0,20]); and if in the sanctioning institution, whether
and how much to punish.



In order to give this model a realistic taste, we let agentsrin
act and contribute a random quantity that depends on the'sgen
type or tags. After all contributions are turned public (rabny-
mous), each agent in a sanctioning institution can chooparish
somebody who has contributed an amount less than a threbiaold
the agent thinks is “compulsory”. All these issues may affev
players evaluate the selection of actions the next timeoiishcon-
tribute. As in standard public goods games, the return pamtdg a
function of the average contribution. The profit has a deitgistic
part .9.a fixed interest rate) plus a fluctuating contribution that
comes from the willingness (or not) of agents to contribteus,
the amount which is contributed by each agent is implicitgdd
on the actions of other agents.

In our model we try to keep the scenario as close as possible 12;

to the one described in [4]. There are two choices of ingbitist
to join in step SO: the sanctioning institution and the sanefree
institution. Then, in S1, our players have to select a qtaidi
contribute given that they have received 20 MU. If a high namb
of agents opt to contribute the total quantity of 20 tokehentall
receive a high return as well. On the other hand, many playgrs
opt to contribute a low quantity. Their decisions probab&pend
on the institution they are in. A free rider would probablynjo
a sanction-free institution in the hope to exploit high ciimitors
there. However, these tend to migrate to a sanctioningtunistn
where they can exercise their punishment power.

We haveN = 81 players and not 84 because we use a square
grid of 9x9. At the end of each round, every player gets a rdwar
that is computed based on the total contributed. A negatied-f
back is possible and occurs when somebody is punished. Asgum
that player: punishes playej with ¢ tokens, because the punish-
ment is 3 timeg,, it may happen that's balance gets negative.

In what follows we describe our learning-based model. When-
ever adequate we use the value of the parameters of the queri
tal setting described in [4]. The model is detailed in Algjom 1.

For sake of example the actual value for the parameters dsiuise
the experiment are mentioned in the text below. Howeveriahg
tities can be used.

Initially, agents are created with a tag or type (line 5). Ve u
the two types explicitly mentioned in [4], namely free rid¢FR)
and high contributors (HC), as well as another two tags they t
have not explicitly denominated: we call these T1 and T2.sFR’
who contribute between 0 and 5 tokens; HC's contribute 15to 2
T1 and T2 hence fill the gap: T1 are those who contribute batwee
6 and 9, whereas T2 are those contributing 10 to 14 tokensseThe
types are used to decide which institution agents join in 80.
an agent is a FR then its probability to select the sanctiee-in-
stitution is around 90% (varies from agent to agent) bec#lse
expected that a FR has a low tendency to join a sanctioning ins
tution. This probability decreases for T1, T2, and HC. Nbi&t &

HC has a non zero probability of selecting the sanction-fisgtu-
tion. Conversely the probability to select the sanctionirggitution
is high for HC and low for FR. In the beginning of the simulatio
on average, 50% of the agents select each institution.

Agents then receive each 20 tokens (line 16) and decide how
many tokens to contribute (line 17). This decision is alssella
on the type. As stated, FR contributes between 0 and 5, ete. Th
actual choice is random in those intervals. The total cbated is
then multiplied byr (» = 1.6 in the experiments with human sub-
jects and also here) and divided equally amongXhgarticipants.
Thus the return per agent is this amount less the amountligctua
contributed (line 20) because it has been credited before 16).

Later agents receive other 20 tokens to decide to punish othe
agents. In the experiments with human subjects there wastads

Algorithm 1 Learning-based Behavior in the public goods game

1: INPUT: global variablée,,,. // max. time steps
2: while nott ., do

3. for each agentdo

4 if < has not experienced playing all typiben

5: set type randomly // FR, T1, T2, HC

6: else

7 set type probabilistically according to return of each

type in the past (see Section 2.2 and [5])

8: end if

9: endfor
10:  read global variable // interest rater = 1.6 used
11: for each agentdo

return < 0

13: S0: choose institution according to type // probabitity
selecting Sl: increases from FRto T1 to T2 to HC

14:  end for

15: for each agentdo

16: return «— return+ MU [l receiveMU to play, MU =
20 used

17: S1: choose contribution amountaccording to type and
contribute

18: end for

19: for each agent do

20: return «— return + 7(21']37‘)” — ¢

21: endfor

22: for each agent do

23: return <« return + MU [/ receive MU to punish;
MU = 20 used

24:  end for

25: for each agent do

26: S2: if in SI, choose whether to punish somebody based
on internal threshold:

27: if ¢; > threshold_to_punish AND in Sl then

28: select whom to punish according to contribution

amount of others in SI

29: decide how much to punish;j randomlye [0, M U]

30: return < return — q;

31: end if

32:  end for

33: for each agent do

34: if punishedreturn « return — 3 x ¢;

35: update reward array for given type

36: end for

37: end while

38: END

possibility of rewarding fair behavior by others in the s@ming
institution. However this was seldom used by the subjecis the
have not implemented it. The decision whether or not to puiss
exercised only in the sanctioning institution of courserd-agents
look at the internal threshold (to punish) they have and amp

with their own contribution level. If the contribution wasgher

than the threshold, then it will punish somebody (line 27@c&use
the threshold to punish is high, normally only individuadsé¢lled
HC or T2 will punish. The actual quantity of sanctigrs decided
randomly (line 29). The agent to be punished is drawn prdisébi
cally based on the inverse of its contribution level. Thogeighed
have their balance decreased®y g (line 34). Agents then update

the array of rewards they keep regarding each type. Aftgrliage

experiences with all types, they start selecting their sypeba-
bilistically and play as described above.



4. SIMULATIONS

In order to evaluate how the simulations match the experispen

tors or high contributors are evolutionary stable and playgiven
the choice between a sanction-free and a sanctioninguitistitopt

we measure the number of agents in both institutions, thex mai for the latter. The goal of this paper was to reproduce theskniys

issue of the experiments reported in [4] (Figure 1). Sineeap-
proach is learning-based, the process takes more time ieaB0t
steps taken in the actual experiments. In our simulatiotekis
between hundreds and thousands of time steps in order tergayv
to a situation with a small number of agents in the sanctier-in-
stitution. However, the simulation cost is much lower thanning
the actual experiments, so that one can afford to run thelation
that long.

In the beginning agents keep experimenting playing thee¥’dl
associated with the different types. There are shifts fromiasti-
tution to the other (which also happen in experiments witman

in a theoretical model based on learning, where agents carseh
to join a sanction-free institution or a sanctioning ingtin ac-
cording to their types.

Our results on the analysis of the number of agents in both ins
tutions show that as the game evolves, agents choose aosangti
over a sanction-free institution. This is in accordancéfie find-
ings of [4] and give it support within that particular contex

It would be interesting to study a situation where agents can
also change their type in a more deliberative way, as opptsed
a reactive, probabilistic behavior. This deliberation|datinen be
grounded on reputation an agent builds in its communitys Hiais

subjects) and on average 50% are in each one. This cannatibe se Peen also studied in the context of public goods games (8]y. [
in Figure 1 because we plot one in each 10 actual choices. By In the setting explored here a reputation-based behavidd cwt
the choice between 10 and 20, almost all agents have experien b€ implemented because agents remained at least partiaiy a

with all four types and start selecting their types prohatidally
according to the return they had in the past. In Figure 1 wesean
a clear, though slow, trend to select the sanctioning urigtit.

mous. However if we relax some constraints that were keptdaro
to comply with the experiments, reputation combined withiph-
ment could be explored. Also, in order to follow the experitse

Hence the learning based model was able to reproduce the ex-With human subjects, we have assumed that the informaty pl

perimental data. It can be used as a starting point to tesftbet
of other configurations and other values for key paramekersin-
stance the conductor of the experiment could play with thdeho
to try to predict what happens wheris higher or varies with time,
sometimes being less than one. Or when there is a high raRR'sf F
It is clear that such a model ceases to be valid if the corditare
too far from those used in the experiments with human subpst
for instance players do not remain anonymous, and so on.

5. CONCLUDING REMARKS AND
FUTURE WORK

Traditional methods of analysis in many-actor systemsigsoc
sciences, economics) are being replaced by approachewable
plicitly deal with decision-making modulated by the intetian
among individuals. This is important in many areas of Al sash
multiagent systems and Alife. However the gap between iddat
rules and macro behavior is not very well studied as thislprob

ers receive is complete. We did not consider loss of infoionat
or people who would simply play randomly. Finally, since wea r
experiments with agents in a grid, we want to explore the tfzat

agents may have information only about their close neighag.

reputation). Therefore, a future direction is to play whbkde ques-
tions in the simulations.
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