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Abstract

In group-structured populations, altruistic cooperation among unrelated group
members may be sustainableeven when the evolution of behavioral traits is gov-
erned by a payo�-based replicator dynamic. This paper exploresthe importance
in this dynamic of two aspects of group structure: interaction in a public goods
gameand the cultural transmissionof behavioral traits. Agents are paired with
othersto play the gameand (independently of this) to learn from a cultural model.
Where pairing is global, one'sgamepartners and cultural model are drawn from
the entire population. Or pairing may be local, in which caseone'sgamepartners
will be the samefrom period to period, and one'scultural models will be drawn
from one'sgamepartners. To clarify the underlying dynamic I derive an extension
of the Price equationfor the decomposition of changesin the population frequency
of a binary trait and analyzethe e�ect of di�erent structures of social interaction
on within- and between-groupvariancesand on the evolution of cooperation

The simulations reported below usea geneticalgorithm to explorea largestrat-
egy spacefor this problem, and to study the dynamicsof this population. I show
that of the four population structuresgiven by global and local learningand global
and local gameinteraction, local interaction with global learningprovidesthe most
favorable environment for the evolution of cooperation. This occursbecausethis
combination of learningand interaction structuressupports a high level of between
groupvariancein the frequencyof cooperative types,sothat most cooperatorsben-
e�t from being in groupscomposedmostly of cooperators. However neither global
learning nor local interaction is su�cien t by itself to support high levels of co-
operation. Learning globally and playing locally are thus highly complementary:
global learning in the presenceof global interactions or local interaction in the
presenceof local learning, makeslittle contribution to the evolutionary successof
cooperative traits.

JEL codes: B52, C72, D64



1 In tro duction

Altruistic cooperation among genetically unrelated individuals is frequently ob-
served in human societies(Boyd and Richerson,2003). Many experimental studies
of public goods gameshave shown that a higher degreeof cooperation takesplace
in laboratory settings than is expected by standard economictheory (SeeDawes
and Thaler, 1988;Fehr and Gachter, 2000; for review). When cooperation is so-
cially bene�cial but individually costly, it is a form of altruism, the evolution of
which haslong beenregardedasa challengingpuzzleand oneof the most intrigu-
ing issuesin socio-biologicaldebate. Furthermore, in social interactions in which
many peopleare engaged,the problem becomesmore puzzling becausewe cannot
rely solelyon the repetition of the gameand the possibility of retaliation to explain
the evolution of cooperation (Boyd and Richerson, 1988). In this regard, many
studieshave suggestedthe needto investigatevarious social structures that serve
to attenuate the selectionpressureoperating against altruistic cooperators (Boyd
and Richerson,1990,1992; Axelrod, 1986; Boyd, Gintis, Bowles and Richerson,
2002;Bowles,Choi, and Hopfensitz,2002).

In this paper, we analyzea strategic situation involving more than two players
and investigate the e�ect of di�erent structures of social interaction on the evo-
lution of cooperation. We particularly examinethe e�ects of di�erent structures
of social interaction (global interaction vs. local interaction) and di�erent modes
of strategy-updating (global learning vs. local learning). We usean agent-based
model in which agents interact with others under thesedi�erent social structures
to seewhich combination of learning and interaction structures providesfavorable
conditions for cooperative behavior. In the model, each agent is characterizedby
a strategy and culturally updates his or her strategy by using adaptive learning
behavior. We also introducea geneticalgorithm technique (Holland, 1992;Miller,
1996;Albin and Foley, 2000) to evolve strategiesunder di�erent social settings.

Our computer experiments identify which of thesesocial structures of interac-
tion and learning favors cooperative behavior. The basic insight illuminated by
the model is that the group with whom one interacts either cooperatively or not
(for example,in the economy) is often not the samegroup from whom onedraws
examplesof alternative types of behavior, and which is therefore critical to the
processof cultural transmission. Individual engagedin a very localizedexchange
processmay nonethelessbe exposedto cultural models from a much wider pop-
ulation. Conversely individuals whoseeconomicactivities lead them to interact
with large numbers of others, may adopt their behaviors in responseby copying
successfulmember of their own small ethnic or other group while ignoring other
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cultural models.
To clarify the underlying dynamic, in section 2 we derive an extensionof the

Price equationfor the analysisof the e�ect of di�erent social structures on within-
and between-groupvariancesand on the evolution of cooperation. In section 3,
we construct an agent-based model in which agents interact with others under
di�erent social structures. In section4, we report the simulation results and show
that the combination of local interaction and global learning supports high levels
of cooperation by supporting a high level of between group variance. The last
part of this paper (section 5) investigatesthe possibility that the social structure
favoring the evolution of cooperation can itself evolve along with cooperation.

2 An n-P erson Public Go ods Game

2.1 Pla ying Games, Learning Behaviors: The Price Equa-
tion Revisited

We start with the generalconditions for cooperation to evolve in human societies.
Considera population where there are N agents and T groupswith the same

group sizen (= N=T) who play the following game. Each member in a group can
incur a cost,c, to contribute oneunit of e�ort to a public project. The total amount
contributed to the public project is multiplied by b (b > 0) and equally distributed
to all membersof the group. To make the gamestructure re
ect a social dilemma,
assumethat making a contribution is individually costly (i.e., � c + b

n < 0) and
socially bene�cial (i.e., b� c > 0).

Consider two strategies: cooperation (contributing) and defection (not con-
tributing). Let pj bethe frequencyof cooperatorsin the j th group(j = 1; 2; : : : ; n),
and � C

j and � N
j be the payo� of a cooperator and a defector in the j th group, re-

spectively. Then we have

� C
j = � c + bpj

� D
j = bpj

Now consider the following learning process. After playing the public goods
gamedescribed above, each individual has a chance to update his or her strat-
egy. To update his or her strategy, each agent copiesthe strategy of a cultural
model (parent, teacher or religious leader) from the pool of models. Initially we
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assumethat the pool is globally formedin the sensethat each agent can learn from
model(s) selectedfrom the whole population. Assumethat when agent i selects
cultural models,the probability that agent k from the pool is selectedto be agent
i 's teacher is equal to agent k's relative payo� comparedto the total payo� of
the pool (i.e., � k=

P M
m=1 � m , where M is the sizeof the pool and, in the caseof

the globally-formedpool, M = N )1. Then, without updating errors, the expected
population frequencyof cooperators in the next period, p0 is equal to probability
that cooperators are selectedascultural models,which simply becomes

p0 =
P T

j =1 � C
j pj n

P T
j =1 � C

j n +
P T

j =1 � D
j (1 � pj )n

(1)

Sincecurrent population frequencyof cooperators p is
P T

j =1 pj =T, we have

� p = p0 � p =
P T

j =1 � C
j pj

P T
j =1 � C

j pj +
P T

j =1 � D
j (1 � pj )

�
P T

j =1 pj

T
(2)

It can be shown that (seeAppendix A for the derivation)

p0 � p =
� 1

�

�
2

4
TX

j =1

pj (1 � pj )( � C
j � � D

j ) +
TX

j =1

pj

TX

k6= j

(1 � pk)( � C
j � � D

k )

3

5

=
� 1

�

�
2

4
TX

j =1

pj (1 � pj )( � c) +
TX

j =1

pj

TX

k6= j

(1 � pk)( � c + b(pj � pk))

3

5

(3)

where� = T
P T

j =1 � C
j pj + � D

j (1 � pj ).
Equation (3) shows the replicator dynamic of the game. It is obvious that

� C
j � � D

j always hasa negative value, � c. That is, by free-riding, non-cooperators
always receive a higher payo� than cooperators within the samegroup. However,
the sign and the magnitude of � C

j � � D
k depend on pj and pk . When a cooperator

happens to be assignedto a group in which there are many other cooperators,
he or she receives \group bene�ts" (high bpj ). This group e�ect may be strong
enoughto o�set the negative \individual e�ect" (� c). Therefore,a cooperator in

1This processis analogousto the so-called`spinning roulette wheel' in a genetic algorithm.
For details, seeMitc hell (1996).
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a group with a high frequencyof cooperatorshasa high chanceof beinga cultural
model, despite the fact that the few defectorsin that group have an even higher
probability of being a model.

Let aij be a variable which hasa value of 1 if agent i in group j is a cooperator
and 0 otherwise. Then we can decomposeequation (3) into within-group variance
and between-groupvarianceterms (seeAppendix B for the derivation).

p0 � p =
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!

[(� c)E(var(aij )) + (b� c)var(pj )] (4)

where
 = (
P T

j =1 � C
j pj + � D

j (1 � pj ))=T, the averageof the whole population.
Equation (4) shows that the evolution of cooperation dependson the relative

magnitude of within group variance and between group variance. We call this
equation the intra-demic version2 of the Price equation. The equilibrium condi-
tion shown in the equation (4) is var(pj ) = E(var(aij )) = 0, or if var(pj ) 6=
0; E(var(aij )) 6= 0, then

var(pj )
E(var(aij ))

=
c

b� c
(5)

Equation (4) and (5) show the condition for the evolution of cooperation.
var(pj ) is the term for between-groupvarianceand E(var(aij )) represent the av-
erageof within-group variance. As the original Price equation suggested(Price,
1972),high between-groupvarianceis essential for the selectionpressureacting on
groupsto o�set the pressureacting on individuals.

2.2 Within-group Variance vs. Bet ween-group Variance

The condition represented by equation (5), however, seemsvery unlikely to hold.
It hasbeensuggestedthat \group selection" is likely to be only a minor in
uence
on evolution because,in the absenceof special conditions supporting levels of be-
tweengroup variancegreater than that resulting from random grouping (Wilson,
1977;Wilson and Sober, 1999;Boyd and Richerson,1990), the left hand side of
equation(5) tends to becomesmaller than right hand sideof the equation. There-
fore, for group selectiontheory to be a plausible explanation for the evolution of
cooperation, the theory should show that the ratio of between-groupvariance to

2We interpret the deme as a cultural parental pool from which all the members select their
cultural model.
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within-group varianceshouldbelargeenoughto makethe left handsideof equation
(5) greaterthan c

b� c. To resolve this theoretical limitation, researchershave identi-
�ed institutions which serve as important mechanismsto slow down within-group
selection. According to this line of thinking, if group competition has allowed for
the evolution of cooperation throughout human history, someinstitutions must
have played important roles in reducing the speedof within-group selection. Ex-
amplesof such institutions includesecond-orderpunishment (Boyd and Richerson,
1992 ; Axelrod, 1986; Boyd, Gintis, Bowles and Richerson, 2002), cultural con-
formism (Boyd and Richerson,1985),segmentation (Bowles,Choi and Hopfensitz,
2002), food-sharing (Kaplan and Gurven, 2003), and consensusdecision-making
processes(Boehm, 2002).

In this paper, we investigate another possibility. We suggestthat between-
group variance is also a�ected by social factors such as how individuals interact
amongoneanother, how they form groups,and from whom they learn. In section
3, we examinehow di�erent social structures a�ect the relative sizeof between-
group variance,which, in turn, a�ects the outcomeof the public goods game.

3 Structural Basis for the Evolution of Cooper-
ation

3.1 Four Di�eren t Social Structures

To seethe e�ect of social structure on the evolution of cooperation, weconsidertwo
di�erent social interaction structures. Agents can either interact with a random
group (global grouping) or with the samegroup (local grouping).

� Global Interaction: In each round, each member is randomly assignedto
a group. After each round, they update their strategiesand are randomly
assignedto another group to play the samegame.

� Local Interaction: Onceeach player is assignedto a group, heplays the game
only with members of that group. Unlike under global interaction, players
interact only with the samemembers even after playing one round. After
updating their strategy, each agent returns back to his or her original group.
This mode of interaction is characterizedas an interaction with persistent
membership.

In addition to interaction structure, we also consider di�erent learning pro-
cesses.To update strategies,agents can learn from cultural models selectedfrom
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Table 1: Four Di�eren t Social Structures
Global Interaction Local Interaction

Global Learning Spot Market Market without Mobilit y
Local Learning Globalized Peer Group Isolated Village

the whole population (global learning) or from memberswhom they interact with
(local learning).

� Global Learning: Each individual is paired to his or her models from the
whole population and learnsfrom them (in the manner described in section
2.1).

� Local Learning: Each individual is paired to his or her models drawn from
his or her gamepartners.

Table1 suggestsreal life interactionscorrespondingto the social settingsidenti-
�ed. Wecharacterizethe �rst combination asa \mark et," sincerandominteraction
with global learning is oneof the main characteristicsof a social-interaction based
on the market. The secondpair can be seenas a \mark et without mobilit y" or
\mark et with persistent membership." This social setting is partly basedon a
market, in the sensethat a global level selectionpressureis still operating. How-
ever, asthe nameindicates, the agents in this setting play the gamewith the same
group of members without changing membership. Many economicorganizations
(e.g., �rms with long-term employment policies)provide structures similar to this
setting. For example,individuals working in a company usually interact with the
samemembers of the group for a long time, but they learn from others outside
their group. The third pair of this combination is characterized as \globalized
peergroup". This setting is characterizedas globalizedinteraction with a narrow
vision. In each period members are assignedto di�erent groupsand interact with
new members. When updating their strategy, they only learn from those whom
they interacted with. The last pair is termed \isolated small village" or \island
without any outside interaction". Onceagents are assignedto a group, they play
only with the members of that group and learn only from the members of the
group.
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3.2 An Agen t-Based Mo del of The Evolution of Coopera-
tion

In this work, we ran several computer experiments3 under the four di�erent social
settings described in the previous section in order to seewhich social structures
favor the evolution of cooperation. Even if we could derive a generalcondition
for cooperation to evolve (from equation (5)), we can say little more than that
between-groupvariance should be high enoughfor the evolution of cooperation.
After taking into account the e�ect of social structures and the role of chance
events, the processbecomesfar too complexto be modelledanalytically. To know
which social structures favor the cooperative behaviors, or under which parameter
valuesthe answer is still relevant, agent-basedmodelling is helpful.

3.2.1 Strategies

Although the public goods game is an extension of the two-person prisoner's
dilemma game, there are signi�cant di�erences between the two games. One of
the main properties of the public goods gamestructure is that players have only
limited information about the outcomeof previousinteractions; they do not know
who cooperatedor defectedin the previousstage,but only know how many players
cooperated in the group. Consideringthat one of the main keys to support high
level of cooperation in the two-personprisoner'sdilemma gameis the potential of
retaliation by the partner, one can imagine that the evolution of cooperation is
much less likely in a public goods gamestructure in which multiple players are
simultaneously engaged.

Supposeeach player repeatsthe public goodsgameR times in his or her group
with group sizen (We call this an R-stagepublic goodsgame). Also, supposethat
agents have limited memory, sothat they decideto cooperateor defectbasedonly
on the outcomeof the previousstage.

Wecanrepresent the R-stagepublic goodsgamestructure asan extensive form
gamewith information sets. In t � 1th stage,every member in a group can either
cooperate or defect,which reachesoneof 2n possiblestates (or nodes). However,
sincethey only have incompleteinformation (they do not know who cooperated in
the previousstage,but only know how many memberscooperated), the interaction
in t � 1th stageendsup with 2 � n information sets(Figure 1).

3The program was written in Borland C++ Builder by the author. The code is available
upon request.
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Figure 1: Reduced Game Tree and Information Sets for Each Stage.
P

yt � 1 is the
number of cooperators in this group at previous stage. Sinceeach member remembers whether
he or shecooperated or not and how many members cooperated in the previous stage,he or she
knows that which one of 2 � n information sets was attained in the previous stage (where n is
the group size).

 Agent i on (t-1)th stage 

Syt-1=n-1 Syt-1=1 Syt-1=0 Syt-1=n Syt-1=2 Syt-1=1 

D C 

� �  � �  

Therefore, at the beginning of each stage t (t 6= 1), members know which
one among2 � n information setsthey have just reached, depending on whether
they themselves cooperated or not at the t � 1th stageand how many members
cooperated. Assumethat an agent has a complete plan of action that indicates
which action heor sheshouldtakeat any information setof the gametree. Then, a
strategy consistsof (2� n)+ 1 action plans: oneplan is for the �rst stage,and 2� n
plans for each information set. Then each player's strategy can be represented as
a seriesof binary strings as follows. Let 1 indicate \cooperate" and 0 \defect."

S = f s1; Sc; Sdg

wheres1 2 f 0; 1g and Sc and Sd are (1 � n) vectorswhoseelements are 0 or 1,
respectively.

For exampleif the group sizeis 5 and an agent hasf 1, f 0,1,1,0,1g,f 1,0,1,1,0gg
(see�gure 2), this agent cooperateson the �rst stage,as the 1 in the �rst element
indicates. The �rst vector (Sc) controls this agent's action whenshecooperatedon
the last stageof the game. The �rst element of the vector is the plan of her action
when the number of cooperatorson the last stagewas1, the secondelement is for
when the number of cooperators was 2, and so on. Therefore if she cooperated
on the last stage,shecooperateswhen the number of cooperators was 2, 3, or 5,
and defectswhen the number of cooperatorswas1 or 4. By the sametoken, if she
defectedon the last stage,sherefersto the secondvector (Sd). The �rst element
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Figure 2: An Example of the Strategy Mak e-up.
P

yt � 1 is the number of cooperators in
this group at the previous stage. Supposethe group size is 5. The �rst element of the strategy
indicates whether the agent should cooperate or defect in the �rst stage. Each element in the
�rst and the secondvector indicates what the agent should do in each information set. The �rst
vector in the strategy is the plan of actions when the agent cooperated in the previous stageand
the secondvector is the plan when the agent defectedin the previous stage.

 

If this agent 
cooperated in the 
previous stage 

If this agent 
defected in the 
previous stage 

Syt-1=1 Syt-1=n Syt-1=0 Syt-1=n-1 

{1,         {0, 1, 1, 0, 1} ,            {1, 0, 1, 1, 0} }  

of this vector is the plan of her action when the number of cooperatorson the last
stagewas0, the secondelement is for when the number of cooperatorswas1, and
soon. Thereforeif shedefectedon the last stage,shecooperateswhenthe number
of cooperators was 0, 2, or 3, and defectswhen the number of cooperators was 1
or 4.

3.2.2 The Algorithm for Computer Exp erimen ts

We assumethat each agent plays the public goods gameten times in each round
(We call each game a stage game). After playing the game ten times, players
update their strategies.As described in section2.1, we usea geneticalgorithm to
evolve strategiesand interpret the processas a cultural learning process. In the
learning process,we assumethat the top 50% of agents who did well in the last
round keeptheir strategy without updating and the bottom 50%of agents choose
two cultural models (in the way described in section 2.1) and copy the models'
strategies. The pool can be formed either globally or locally (see section 3.1).
When copying the models' strategies, a learner divides his or her strategy into
two parts and copiesthe �rst part from one model and the secondpart from the
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Figure 3: Basic Parameter Set

Group Size=10
The Number of Groups = 20
The Cost of Cooperation (c) = 1
The Coe�cien t for Bene�t from Cooperation (b) = 3
Mutation Rate = 0.05
Updating Frequency= Every One Round (After 10 Stages)

Figure 4: Basic Algorithm
1) Create an initial random population of 200 agents.
2) Assign each agent to one of 20 groups with group size10.
3) Let all the agents play the public goods gamewithin their group.
4) Form a new population of 200 agents.

(a) Top 50% of agents keeptheir strategy without updating.
(b) Bottom 50% of agents choosetwo cultural models and learn from them.

(i) Select two parents from the parental pool.� The probabilit y that agent
k becomesa cultural model of agent i is � k=

P M
j � j (where M is the

sizeof the parental pool).
(ii) Copy strategy from both cultural models.��

(c) Apply mutation to each player's strategy.
5) Repeat 2) through 4) (global interaction), or 2) through 3) (local interaction).

* Parental pool can be formed either globally or locally.
** This is the sameprocessas biological crossover. A learner divides his strategy into two parts
and copiesthe �rst part from one model and the secondpart from the other model.

other model.4 We also apply a small chanceof updating error5 to newly-learned
strategies.After updating strategies,agents are randomly assignedto new groups
(global interaction), or they return to their previousgroup (local interaction). The
parametervaluesfor the computerexperiments are given in �gure 3, and the basic
structure of the algorithm is depicted in �gure 4.

4This processis the sameone as biological crossover. We applied a crossover processto our
learning processto generatea wider range of strategies.

5This is the sameprocessas mutation in biology.
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Table2: Di�eren t Social Structures and Supp orting Co op eration. Averagefrequencies
of cooperators (%) over 30,000rounds. High level of cooperation is observed when interaction is
local and learning is global.

Global Interaction Local Interaction

Global Learning 1.71 95.36
Local Learning 0.42 0.59

4 Results

Table 2 shows the results from our computer experiments. Except for the local
interaction/global learning case,each caseshows the typical result of a prisoner's
dilemma game. \Defecting" appears to be always the best responseand coop-
eration does not evolve in these cases. While mutations repeatedly impact the
system,their impacts are mostly insigni�cant and the return to the \all-defection"
equilibrium occursvery fast. Cooperation | socially bene�cial behavior | simply
becomes\non-adaptive" and subject to extinction.

However local interaction, when combined with global learning, has a huge
e�ect on the evolution of cooperation. Under the parameter set we used, the
averagepopulation frequencyof cooperatorsover 30,000rounds was95.36%. Lo-
cal interaction/global learning appears the critical condition for the evolution of
cooperation.

4.1 The Fate of Cooperation under Lo cal Learning

That cooperation doesnot evolve when learning occurs locally is not surprising,
becausecooperators are more likely to switch their types to defection if they are
always paired to cultural models drawn from their gamepartners among whom
defectorsalways have higher payo� than cooperators. Defectorsare lesslikely to
switch their types for similar reasons. Therefore within a given group, the less
cooperative types will tend to have a disproportional share of the payo�s and
hencebe overrepresented amongthe cultural models.

It might be interesting to seewhat happensif agents learn locally or globally
with a certain probability. To seethis, let � be the probability that an agent
locally updates his or her strategy. That is, when agent i in group j updates his
or her strategy, with probability � he or sheselectscultural model(s) with whom
he or sheinteracted (i.e., locally-formedparental pool) and with probability 1� �
from the whole population (i.e. globally-formed parental pool). The expected
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population frequencyof cooperators in the next period is, therefore,

p0 =
1

n � T

TX

j =1

n((1 � � )
P T

j =1 � C
j pj n

P T
j =1 � C

j n +
P T

j =1 � D
j (1 � pj )n

+ �
� C

j pj

� C
j pj + � D

j (1 � pj )

= (1 � � )
P T

j =1 � C
j pj

P T
j =1 � C

j +
P T

j =1 � D
j (1 � pj )

+
1
T

�
TX

j =1

� C
j pj

� C
j pj + � D

j (1 � pj )

Sincep =
P T

j =1 pj =T, we can show that (seeAppendix C for the derivation)

p0 � p = (1 � � )

 
1



!

[(� c)E(var(aij )) + (b� c)var(pj )]

+ �
1
T

TX

j =1

(� c)
var(aij )


 j
(6)

where
 j = � C
j pj + � D

j (1� pj ), the averagepayo� of groupj , and 
 = (
P T

j =1 � C
j pj +

� D
j (1 � pj ))=T, the averagepayo� of the whole population.

Equation (6) shows the negative e�ect of local learning on the evolution of
cooperation. It is obvious that cooperation cannot evolve whenonly within-group
selection operates (i.e., when � =1). For cooperation to evolve, between-group
variance should be sustainedat a higher level as � becomeshigher. However it
becomesmuch harder to sustain high between-groupvariance when � becomes
higher. The right hand panel in �gure 5 shows the e�ect of � on the evolution of
cooperation when interaction is completely local. The horizontal axis of the �gure
shows the probability of global learning (i.e. 1-� ). Only with a high probability of
global learning (upto � = 0:15), cooperative outcomeis possible.When � becomes
greater than 0.2, cooperation is unlikely to evolve.

4.2 The E�ect of Lo cal In teraction

Local interaction/global learning provides a striking result. The localization of
social interaction combined with global learning successfullysupports a high rate
of cooperation. When a cooperator happens to be assignedto a group in which
there are many cooperators, he or she receives \group bene�ts." If thesegroup
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Figure 5: Co op eration is Favored by Lo cal In teraction and Global Learning . Each
point in the �gures show the average level of cooperation (%) over 30,000 rounds. � is the
probabilit y that learning occurs locally and � is the probabilit y of local interaction. For the left
�gure, we set � = 0 (i.e., global learning). We ran 10 di�eren t runs for each value of � . For the
right �gure, we set � = 1 (i.e., local playing) and ran 10 di�eren t runs for each value of 1 � � .
Therefore, there are 10 points corresponding to each � value and 1 � � value, respectively. The
�gure shows that the evolution of cooperation becomesunlikely as interaction becomesglobal
and learning becomeslocal.

bene�ts are su�cien tly large to dominate the individual cost, the strategies of
the cooperators in thesegroups are likely to be learned by the globally learning
members of other groups in which members receive low payo�s due to frequent
defections(seeequation (3)).

Local interaction successfullysupports high between-groupvariance, because
oncea group(group j ) hasmany cooperators(high pj ), pj in the next period is also
expectedto be high due to persistent membership. Thereforeit becomespossible
for a cooperator, onceassignedto a group with many cooperators, to bene�t from
continuous interaction with highly cooperative groups (i.e.,high pj ) in successive
periods. This situation cannot take placein the caseof global interaction. In such
a case,at the beginning of each period agents are randomly and newly assigned
to another group, and the large group e�ect disappearsat each round. In other
words, the localization of interaction providesthe condition under which between-
group variance stays su�cien tly high for cooperation to evolve. Figure 6 shows
the movement of within- and between- group variance over time as well as the
levels of between-groupvariance that supports cooperation. Compared to panel
(a) (global interaction), panel (b) shows that between-groupvarianceis sustained
at high level in the caseof local interaction. Here,we observe that the population
frequencyof cooperators,p, rosefrom the beginning,accompaniedby the increase
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Figure 6: The Ev olution of Co op eration and Bet ween-Group Variance When Learn-
ing is Global. The panel (a) (global interaction) shows that between-groupvariancestays near
zero level while the panel (b) (local interaction) shows that the population frequency of coop-
erators, p, rose from the beginning accompaniedby the increase in between-within variances
ratio.
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in the ratio of between-groupvariance to within-group variance. In the caseof
global interaction/global learning, between-groupvariance remains at zero and,
as a result, the system mostly stayed near the \all defection" equilibrium. We
also identify three equilibria in the right panel of �gure 6: (i) \all defection"
equilibrium, (ii) \all cooperation" equilibrium and (iii) the equilibrium shown in
equation (5). In �gure 6, when p stayed around 0.6 for 1,300rounds beforegoing
to �xation, the between-within variancesratio 
uctuated around 0.5 (or slightly
above 0.5). This is the samevalue that we expect from the equilibrium condition
in equation (5) with our parametervalues( c

b� c = 1=2).
To examinethe e�ect of localization of social interaction moreclosely, we inves-
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Figure 7: Pla y Lo cally , Learn Globally Each coordinate shows the level of cooperation cor-
responding to the degreeof localization of interaction and learning, respectively. The horizontal
axis represents the degreeof local learning (from completely global (� =0) to completely local
(� =1)), and the vertical axis represents the degreeof local interaction (from completely global
(� =0) to completely local (� =1)). To obtain the averagelevel of cooperation, we ran 10 di�eren t
simulations, each of which had 30,000rounds. White squaresindicate that the averagelevel of
cooperation is less than 10%; gray squares,between 10% and 70%; and black squares,higher
than 70%.
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tigate another situation where the degreeof localization varies continuously. Let
� be the probability of local interaction and � be the probability of local learning.
After updating strategies,agents return to their previous group with probability
� or join a new group with probability 1 � � . When agents update strategies,
they arepaired to cultural modelsfrom the globally-formedpool (with probability
1 � � ) or from their referencegroups (with probability � ). Figure 7 shows that
as interaction becomesmore global (random groupings), defection becomesthe
norm. When agents tend to stay within the samegroup, cooperative outcomesare
much morelikely to occur if selectionis global. Again, local interaction with global
learning turns out to provide the most favorable environment for the evolution of
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cooperation.

5 Evolving Population Structure

So far, we have investigatedthe possibility of the evolution of cooperation under
di�erent social structures. Local interaction, whencombined with global learning,
appearsessential for the evolution of cooperation.

The last problem we explore in this paper is whether the social structure that
favors the evolution of cooperation can itself evolve alongwith cooperation, when
the propensity of local interaction is an individual characteristic6 We start from
the most favorable situation, in which every agent learnsglobally (i.e., � = 0) and
assumethat � (the probability that agents return back to the previousgroup after
updating) is an individual characteristic. That is, after a strategy-updating, agent
i returns to the previous group with probability � i , and joins a new group with
probability 1 � � i (where � i 2 f 0; 1

15; 2
15; : : : 14

15; 1g). In addition to the strategy
make-up introduced in section 3.2.1, each agent is assumedto have S� vector
controlling his or her propensity of local play. Now, we have the following strategy
make-up.

S0 = f s1; Sc; Sd; S� g

where s1 2 f 0; 1g, and Sc and Sd are (1 � n) vectors whoseelements are zero or
one, respectively. S� is assumedto be a (1 � 4) vector whoseelements are zero

6The propensity to learn globally (� ) does not evolve in the same way as that to interact
locally. In the caseof the propensity to learn globally, whether an agent learns locally or globally
doesnot a�ect his or her payo�, rather it increasesthe probabilit y that agents becomecooperators
and, hence,contribute to the expectedpayo� of the others with whom theseagents interact. We
cannot expect a certain trait to evolve basedon payo�-based replicator dynamic if the trait does
not a�ect agents' payo�s. In this sense,the propensity of global learning is only likely to evolve
as group characteristic or population characteristic, rather than individual characteristic. By
contrast, in the caseof the propensity of local interaction (� ), whether an agent is a local player
or a global player a�ects the agent's performance(or payo� ). The reasonis that if a cooperator
is a local player (having high � ), when he or sheis assignedto a highly cooperative group (with
high pj ), he or shewill play in the samegroup in the next round and continuously enjoy \group
bene�t" resulting from high pj . If he or she is a global player (having low � ), he or shecannot
enjoy the \group bene�t" in the next round due to random grouping. Therefore we can assume
that the selection pressureacts on di�eren t degreesof local playing and that the propensity
evolvesas individual characteristic.
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Figure 8: The Ev olution of Co op eration with Ev olving Lo cal In teraction . This �gure
shows the �rst 25,000rounds. The population frequency, p, stays at 1 for another 20,000rounds
after 25,000th round.
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or one. If S� = f 0; 0; 0; 0g, the probability of local interaction is 0/15=0, and if
S� = f 1; 1; 1; 1g, the probability is 15/15=1.

In the computer experiment, agents play a ten-stagepublic goods gamewith
other membersof the group and update their strategy basedon the global learning
processdescribed before. In the next round, each agent remainsin the samegroup
with probability � i or leaves the group and joins a new group with probability
1 � � i . When agents learn from their models, they learn � (i.e., the S� part in the
strategy) as well as the other part of the strategy (s1; Sc, and Sd).

Figure 8 shows the result from one typical run. Until the 6,000th round, co-
operation sporadically occurred, but due to the low level of localization (low � )
the cooperation was not sustainedfor long. The change in � during this period
wasbasicallydue to drift. When the cooperation level is around zero,no selection
pressureacts on agents' strategies.Therefore� freely 
uctuates. When � becomes
su�cien tly high, cooperation becomesviable in this environment (after the 6,000th
round). Once the cooperation level risesabove the zero level, the \group e�ect"
appears. Since the \group e�ect" operates, the selectionfavors individuals who
have high a � , that is those who have a high propensity to remain in the same
group. Therefore, � tends to be 1 (i.e., those who remain in the samegroup do
better than thosewho switch groupsfrequently). Oncep goesto �xation (p = 1),
� begins to drift. This is becauseeveryone gets the samepayo�s, and therefore
selectionpressuredoesnot act on di�erent levels of � . Sometimesa cooperative
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regime breaksdown (e.g., around the 8,300th round) or is sustainedfor a fairly
long period (e.g., after the 20,000thround).

We ran di�erent runs with di�erent learning modes. The result showed that
the localization of interaction evolved only when learning was su�cien tly global
(� > 0:9). Local learning, even with a low probability, appearsfatal to the evolu-
tion of cooperation aswell as to the evolution of local interaction. If a cooperator
is a local learner, as we have seen,he or she is highly likely to switch his or her
type. Note that if the probability of local learning (1-� ) is 0.1, on average,5% of
the cooperators are subject to switch their type in each period. Therefore, local
learning (with probability higher than 10%) can prevent the emergenceof cooper-
ation. Note that the propensity of local interaction can evolve sincethe existence
of the \group e�ect" makesthe selectionfavor those who have a high propensity
to play locally. Under local learning processes,cooperation hardly evolves and,
therefore, local interaction does not evolve. Therefore, a global learning process
appearsessential to the evolution of local interaction and, by that, to the evolution
of cooperation.

6 Conclusion

Our results bring us to the following conclusions:First local interaction (or per-
sistent membership) is e�ective in sustaininghigh levelsof cooperation whencom-
bined with a \mark et" type learning process.Second,this is mainly becauselocal
interaction is e�ective in sustaining su�cien tly high levels of between-groupvari-
anceand global learning is e�ective for cooperative traits to spreadover the whole
population. This suggestsa way by which human societiescan successfullyavoid
the \tragedy of the commons." Third, local learning appears fatal to coopera-
tive traits. This is for two reasons;one is that the condition for cooperation to
evolve (represented in equation 5) is lesslikely to be satis�ed under local learning
processes.The other is that those who are defectorsand at the sametime local
learnersfacelittle selectionpressuresincewithin any group they always do better
than cooperators. Fourth, the contributions of local interaction and global learning
to the evolution of cooperation are complementary, each enhancingthe positive
e�ect of the other. The reasonthat local interaction has a positive e�ect only in
conjunction with global learning is that if learning is entirely local (as equation
(6) shows) the positive e�ect of the betweengroup di�erences sustainedby local
interaction vanishes.The reasonwhy the positive e�ect of global updating is en-
hancedby local interaction is that if betweengroup di�erences are absent due to
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global interactions, then, local and global updating are indistinguishable,because
the fraction of total payo�s of the entire population enjoyed by cooperators is no
greaterthan the fraction of each group's total payo�s gainedby cooperatorsand so
cultural modelsdrawn from the entire population are no more likely to be cooper-
ators than thosedrawn from local groups. Fifth, local interaction asan individual
characteristic may coevolve along with cooperation under global learning process.
In this caseit is required that agents learn from globally-formedpopulation with
a su�cien tly high probability.

Could human behavioral traits supporting cooperation among large numbers
of non-kin have evolved through the combination of local interaction and global
learning? Any answer is bound to be somewhatspeculative, but the structure of
the mobile foraging bands that made up most of human society for most of our
history could well have exhibited the structures we have identi�ed as favorable
to the evolution of cooperation. Bands were relatively small groupsof frequently
interacting members7; but they formed part of larger ethno-linguistic units with
whom contacts, visiting, and the seasonalmerging of bands into larger units was
frequent. In this setting it is highly likely that cultural models were drawn at
least to someextent from the ethno-linguistic unit as a whole. This structure
seemsremarkably closeto the play locally, learn globally structure identi�ed here
as most favorable to the evolution of cooperation.
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App endix A
From equation (2), we have
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App endix B

Let aij be a variable which hasa value of 1 if agent i in group j is a cooperator
and 0 otherwise. Then we can easily show the following:

TX
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Then we can decomposeequation (3) into within-group varianceand between-
group varianceterms.
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j (1 � pj ))=T, the averageof the whole population.

App endix C

When agent i in group j updateshis or her strategy, with probability � he or
sheselectscultural model(s) with whom he or sheinteracted (i.e., locally-formed
parental pool) and with probability 1� � from the wholepopulation (i.e. globally-
formed parental pool). The expected population frequencyof cooperators in the
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next period is, therefore,
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From equation (2), (3), and (4), the �rst term of the right hand sideequation
is (1 � � )
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