To appear in: Simulating Organizations: Computational Models of Institutionsand Groups. MIT Press 1996.Fluctuating Efforts and Sustainable CooperationBernardo A. Huberman and Natalie S. GlanceDynamics of Computation GroupXerox Palo Alto Research Center3333 Coyote Hill RoadPalo Alto, CA 94304AbstractWe show that when individuals confronted with a social dilemma contribute to thecommon good with an effort that fluctuates in time, they can make the group generate anaverage utility that actually decreases in time. This paradoxical behavior takes place inspite of the fact that typically individuals are found to be contributing at any given time.This novel phenomenon, which we verified in a number of computer experiments, is theresult of an intermittent effect, whereby unlikely bursts of defection determine theaverage behavior of the group. Besides providing a dynamical theory for the lognormaldistribution found in some sociological data, these results show that the typical behaviorof individuals comprising a group can be inconsistent with its average properties.

IntroductionSocial dilemmas are at the heart of the problem of generating cooperation amongindividuals confronted with conflicting choices. As such they have been studied for anumber of years within the context of rational choice theory. As shown originally byOlson (1965), individuals having to choose between producing a public good and freeriding on the effort of others face a dilemma when the benefit to be accrued by overallcooperation offsets individual costs, since rationality on the part of each individual leadsto failure in achieving the common good (Hardin, 1968, Schelling, 1978, Hardin 1982,Glance and Huberman 1994.) The resolution of such dilemmas underlie successfulattempts at ongoing collective action, such as the functioning of large organizations(Bendor, 1987, Glance, 1993), the mobilization of political movements (Taylor, 1976,Oliver, 1988 ) and the adoption of new technologies.Beliefs and expectations are at the core of human choices and preferences. They arisefrom the intentional nature of people and reflect the way the future as well as the pastenter into decisions that are made at present. Thus, individuals acting within the contextof a larger group may take into account the effect of their actions both on their personalwelfare and on the welfare of the group. In other words, individuals form their ownmodels of how the group dynamics works based on some set of beliefs that color theirpreferences. Within this context, we have recently shown that for a broad set of beliefsand group characteristics cooperation can appear spontaneously in non-cooperative anddiverse groups after long periods of time if delays in information are not important(Huberman, 1996). Moreover, cooperation or defection appear suddenly andunexpectedly, with diversity acting as an additional source of uncertainty, thus shorteningthe time to an outbreak (Huberman, 1993).Traditionally, studies of social dilemmas have made assumptions that not always reflectthe behavior of realistic groups of people, such as the existence of a utility function thatis the same for all individuals, or the constancy of the benefits and costs over longperiods of time. Concerning the latter, it is well known that since cooperation is based ona person’s effort, one never implements precisely the amount of cooperation that oneintends to. There are always a number of reasons for this to be the case. An individualmay be late returning from a meeting, and so can give less time for a cooperativeendeavor than he had planned. Or, in situations where the production of the collective good demands some physical effort, it is reasonable to expect that individualcontributions will vary over time. The same applies to cases where intellectual effort isrequired, such as clerical work in an organization. In those circumstances, it can be safelyassumed that the benefit from cooperation will fluctuate around a mean value, with adispersion determined by the variance of the appropriate distribution.In this paper we study the effects of such fluctuating benefits on the possibility ofobtaining sustained cooperation from a group of individuals confronted with a socialdilemma. In spite of the fact that this is the optimal case for either small groups or whenindividuals have long outlooks even in equilibrium some members of a cooperatinggroup will occassionally choose to defect due to misinformation as to what the othermembers are doing(Glance, 1993). If in addition individual efforts also fluctuate, thebenefit obtained by members of the group during those switchings could either encourageor discourage further switchings. Nevertheless, since these fluctuations lower the utilityof the group, one expects that after a short period of time the group will revert tospontaneous cooperation.If variations in individual output are normally distributed around an average value,fluctuations away from the fixed point should lead to a small and random modulation ofthe group’s utility in time. Moreover, if the fluctuations have a vanishing time average,the average value of the utility to the group might be expected to remain constant overtime. A careful study of the resulting dynamics however, shows that this is not the case.Instead, variability in effort has a dramatic effect on the overall behavior of the system.We will show that a cooperating group of individuals can generate an average utility thatdecreases in time, even though the fluctuations in effort are small and with zero mean.This striking and paradoxical behavior is the result of a social intermittency effect,whereby unlikely bursts of defection determine the average behavior of the group, inspite of the fact that individuals are typically found to be cooperating at any given time.These predictions will then be verified through a number of computer experiments.This effect, although exhibited here within the context of social dilemmas, is likely to beencountered in many other social situations characterized by equilibria punctuated withfluctuations. In certain cases it might even be possible for a large group of defectors togenerate a utility that increases in time. Intermittency implies that in situations where theonly available data is some average utility or other productivity measure, the inferencethat the individuals comprising the group act in ways consistent with the average behavior might be incorrect. If one had to summarize these findings in a simplevernacular sentence it would read : "what you see is not what you get".At a different level, these results provide a dynamical theory for the lognormaldistribution found in some sociological data, while showing that the typical behavior ofindividuals comprising a group can be inconsistent with its average properties.

Social DilemmasIn a general social dilemma, each individual can either contribute (cooperate) to theproduction of a common good, or not (defect). While no individual can directly observethe effort of another, each member observes instead the collective output of the group ororganization and can deduce overall group participation using knowledge of individualand group functions. In this process there is an amount of uncertainty in the relationbetween memberÕs efforts and group performance. There are many causes for thisuncertainty; for example a member may try but fail to contribute due to unforeseenobstacles. Another type of uncertainty might arise from the fact that individuals act withbounded rationality, occasionally making suboptimal decisions.In a simple, but general limit, collective benefits increase linearly in the contribution ofthe members, at a rate b per cooperating member. Each contributing individual bears apersonal cost, c. If

ki

denotes whether member i is cooperating (

ki

=1) or defecting(

ki

=0) then the utility at timet for member i of a group of size n is given by (Bendor,1987)

Ui(t) = b Ãnc(t)n − cki

(1)From knowledge of the functional form of the utility function, each individual can deducethe number of individuals effectively cooperating at some time t by inverting thisequation and obtaning an estimate of the value of

Ãnc

, or alternatively, by evaluating

Ãfc(t) = Ãnc(t) n

, the fraction of individuals effectively cooperating at time t. Since theinformation available is not perfect, this estimate will differ from the actual number ofindividuals intending to cooperate.When all members contribute successfully, each individual receives net benefits

bn n − c = b − c

, independent of the group’s size. The production of the collective goodbecomes a social dilemma when

b > c > b n

. Thus, although the good of all is maximizedwhen everybody cooperates (

b − c > 0

) the dominant strategy in a one shot interaction is

to defect since additional gains from personal participation is less than the privatecost(

b n − c < 0

).This logic changes when the interaction is ongoing since future expected utility gains willjoin present ones in influencing the rational individual’s decision to cooperate or not inthe production of the collective good. In particular, individual expectations concerningthe future evolution of the game can play a significant role in each member’s decisions.The barest notion of expectations comes from the economic concept of horizon length.The horizon length is how far an agent looks into the future, or how long the agentexpects to continue interacting with the other members of the group. Within thisframework, agents believe that their present actions will affect those of others in thefuture. In particular, individuals expect that defection encourages defection andcooperation encourages cooperation[Quattrone and Tversky]. But the degree to whichthis belief holds depends on the size of the group and the present level of production.In earlier work we stated the benefits and costs to the individual associated with the twoactions of cooperation and defection, i.e. contributing or not to the social good. We alsoallowed for diverse beliefs and expectations about other individuals’ actions in the futureto influence each member perception of which action, to cooperate or defect to take(Glance, 1993). Using those preference functions, we showed that if

α

is the rate atwhich individuals reevaluate their choices, and H is the horizon length that determinesthe discount of future returns, there is a strategy such that an individual will cooperate ifthe observed fraction cooperating exceeds a value

fcrit

, which is given by

fcrit = nc − b

Hα (b − c)

(2)Thus, individuals engage in conditional cooperation, cooperating when the fractionperceived as cooperating is greater than a critical amount, and defecting when it is lowerthan the critical amount. Although the precise functional form of

fcrit

can depend onspecific sets of beliefs, there is a wide range of preference functions for which a criticalfraction appears as the determinant of cooperation (Huberman, 1994).The dynamics of cooperation is determined by the equation governing the fraction ofagents cooperating at a given time. This equation was derived earlier, and it is given by(Glance, 1993)

d Ã f_c(t) dt = − α { Ã f_c(t)− 1 2 [1+ erf( (< Ã f_c(t) > − f_{crit} ) σ 2 )]}(3)where erf denotes the error function,

< Ãfc >= pÃfc +(1− p)(1− Ãfc )

, with p the probabilitythat an agent intending to cooperate does so successfully, and

σ

determines the level ofuncertainty in the system. This uncertainty is made up of two parts. One is related to theconnection between intent and action that we just stated. The other refers to the variancein individual characteristics that make individuals have a diversity in their outlooks or intheir benefit-cost ratios(Huberman, 1993).The fixed points of this equation, which are obtained by setting the right hand to zero,give the critical sizes beyond which cooperation can no longer be sustained. In our earlierwork we showed that there is a sharp upper limit, n*, to the size of a group which cansupport cooperation. Even if all members of a group larger than this size startedcooperating, after a long time the whole group would switch to defection. Moreover, theoutbreak of cooperation is sudden and unpredictable, taking place over a very shortperiod of time. These predictions were observed in a number of computer experimentssimulating social dilemmas.

Fluctuating EffortsAlthough in the equilibrium state the number of cooperating agents does not change intime, occasional fluctuations take place whereby individuals might switch fromcooperation to defection for short periods of time. These random events are due to theuncertainty that individuals have about the behavior of the others. This uncertainty cancause an individual to mistakenly perceive the amount of cooperation to be different thanits actual value. Because of this misperception, an individual might act against theequilibrium condition of mutual cooperation or defection, causing the system to moveaway from the fixed point. The more uncertainty there is in the system, the more likely itis that there will be fluctuations away from the equilibrium state.The situation becomes more complicated if one allows for the fact that individual effortsat contributing to the common good vary from time to time. This implies thatsuperimposed on the occasional switchings from cooperation to defection and fromdefection to cooperation, there is an extra source of randomness stemming from the factthat benefits fluctuate in time, thus potentially creating a complex dynamical scenario.When fluctuations take place, the group recovers in time according to an equation thatgoverns the dynamics of fluctuations away from the equilibrium state. This equation canbe obtained by performing a linear stability analysis of Eq. (3) around the fixed point,which we will denote by

Ãfo

. For the sake of simplicity, in what follows we will considerthe case where the equilibrium corresponds to overall cooperation, so that

Ãfo ≅1

.That isthe optimal situation for the case of small groups or when individuals have long horizons.The opposite case, that of a large group of defectors, can be treated by similar methods.Denoting a small deviation from the fixed point by

δc

, the fraction of individualscooperating at any given time will be given by

Ãfc(t) = Ãfo − δc(t)

(4)with

δc << Ãfo

. Replacing this expression in Eq. (3) and performing a linear stabilityanalysis around the fixed point, yields an equation for the dynamics of fluctuations

around the cooperative equilibrium. As shown in Appendix A, in the case of largeuncertanties due to diversity one obtains

dδc(t)dt = − α δc(t)[ ′A − 2σ 3 2π fcrit ]

(5)with

′A =1+ 1σ 2π ( 12σ 2 − 1)

.If the parameter values do not change with time, the expression inside the bracket of Eq.(5) becomes a constant and the solutions of this equation correspond to exponentialrelaxation of any initial fluctuation to the state

δc = 0

, i.e. overall cooperation. Thecharacteristic relaxation time is given by the inverse of this constant bracket times theevaluation rate,

α

. The situation changes drastically however, when the cooperativeoutput that an individual can produce fluctuates in time, making the utilities changeaccordingly. In what follows we will assume that the cooperative output is given by

b(t) = b +β(t)

(6)where

b

is the time independent benefit that results from cooperating, and the fluctuatingcomponent,

β(t)

, is a Gaussian random variable such that

β(t) = 0 β(t)β(t©) = 2σ ©δ(t − t©)

(7)where

σ ©

denotes the variance in effort. Notice that the Gaussian character of thefluctuations implies that for all practical purposes the probability of observing anindividual contributing a benefit above or below

b

by an amount exceeding threestandard deviations is vanishingly small.As shown in Appendix B, fluctuations in benefits translate into a time dependent criticalfraction that is given by

fcrit (t) = fcrit − β(t)Hα (b − c)

(8)

with

f crit

given by Eq. (2), but with b replaced with

b

. Substituting this expression inEq. (5), we obtain the equation governing the dynamics of fluctuations away from thecooperative fixed point. It is given by

dδc(t)dt = − Aδc(t)+ B(t)δc(t)

(9)where

A= α A©− α fcrit σ 3 2π

, and

B(t) = − β(t) / 2πHσ 3(b − c)

. It also follows that

B(t)

is a Gaussian random variable with zero mean and with autocorrelation equal to

B(t)B(t©) = σ δ(t − t©), with σ = σ ©/( 2πHσ 3(b − c))

.With these properties of the random function

B(t)

, Eq. (9) is a stochastic differentialequation. In what follows we will obtain an exact solution of this equation and calculatethe behavior of all the moments of

δc

.

Bursts of DefectionIn order to study the role of fluctuations around the overall cooperative state, we nowsolve the stochastic differential equation given by Eq. (9) by standard methods (Arnold,1992). Since the fluctuations in

B(t)

are Gaussian, we can use the Stratonovichformalism (Stratonovich, 1967) to find the time evolution of

δc

. It is given by

δc(t) = δc(0)e− At+wt

(10)where

δc(0)

is the initial value of the fluctuation and

wt

is a Wiener process such that

B(t) = dwtdt

, and with the property that

wt = 0 wt2 = σ t

(11)As can be seen from Eq. (10), typical fluctuations away from the cooperative state relaxexponentially fast to the fixed point, a result to be expected in the case of small groupsand large horizons.A paradox appears however, when computing the moments of

δc(t)

, which are given by

[δc(t)]m =[δc(o)]m e− (At+wt )m

(12)where m is the mth moment and

δc(0)

is the initial configuration of the fluctuatingsystem. Using the fact that

emwt = em2σ t

this equation becomes

[δc(t)]m =[δc(o)]me− Amt+m2σ t

(13)From this expression, it is clear that the higher moments grow in time with increasingorder, at a rate given by

m(mσ − A)

. This happens while typical realizations of the

fluctuations relax exponentially fast, as indicated by Eq. (10). In particular, the averagefraction of defecting agents, which is given by the first moment (m=1) of

δc(t)

, increasesin time when the fluctuations in individual efforts exceed the value of A, which amountsto the condition

σ > α σ 2H(b − c)(σ 2π − 1)

(14)This behavior takes place in spite of the fact that typical fluctuations decay to zero, asshown by Eq. (10). Even more striking, the average utility to an individual, which isgiven by

Ui(t) = bÃfc(t) − cki

decreases in time as

Ui(t) = b[1− δc(0)e(σ − A)t]− cki

(15)Therefore, a measurement of the utility over a given time interval would lead to thewrong inference that defection is the prevalent strategy, for most inviduals arecooperating, as follows from Eq. (10). Conversely, an increasing average utility might notnecessarily signal increasing levels of cooperation in a large group.In order to understand this paradox, it is useful to remember that the higher moments of

δc(t)

are related to the probability of very unlikely events. The fact that the momentsgrow in time indicates that the behavior of the system is dominated by occasional burstsin which the number of individuals suddenly found to be defecting is very large, so largethat the probability of their occurence would be practically zero if the fluctuations wereGaussian in nature. These intense peaks of defection happen in spite of the fact thatfluctuations in effort are normally distributed around a mean value

b

.If these intermittent burst are non-Gaussian, we need to compute the quasistationarydistribution of fluctuations that results from their evolution over a long time period. Inorder to so, divide both sides of Eq. (9) by

δc

and integrate over a time interval T, toobtain, up to a constant,

lnδc(T) δc(0) = Bn0T∑

(16)

where the integral of B(t) over time has been replaced by a sum over discrete time steps,at each of which the random quantity B(t) acquires the value

Bn

.Since the values of

Bn

are normally distributed random quantities with zero mean andvariance

σ 2

, the sum of the right hand side can be evaluated by invoking the CentralLimit Theorem. Therefore, the logarithm of

δc

will be normally distributed with zeromean and variance

σ 2

. In other words,

δc

is log-normally distributed according to

Prob[δc]= 1δcσ 2π e− (log δc)22σ 2

(17).With the mean value of

δc

,

μ

, given by

μ= eσ 2

, and its variance by

μ2(eσ 2 − 1)

.This probabiity density function, with mean 1.0 and standard deviation 1.0, is shown inthe figure, along with the Normal one with the same mean and standard deviation.

As can be seen, the log-normal distribution differs from the Gaussian one in twoimportant aspects. The first one has to do with the fact that, unlike the normal distribution, the log-normal is quite asymmetric. Thus, typical realizations of the systemdo not coincide with its average behavior. Second, the tail of the log-normal distributionextends much further out than that of a normal distribution with comparable mean andvariance. This can seen by the fact that for the parameters used in the Figure, the ratio ofthe log-normal to the normal distribution at six standard deviations is 33000, implying afinite probability for events which, when described by a normal distribution would havevanishing probability of occurring.If fluctuations around the fixed points of the cooperative solution to social dilemmas aredistributed in a log-normal fashion, they should be observable in computer simulations.But since in this case the average is dominated by rare intermittent events, care has to beexercised in the analysis of such simulations. If the simulation runs for a relatively shorttime, it would only sample a small fraction of the total number of possible states of thesystem. Thus, one would then detect the typical, or most probable, value of theobservable. It is only when simulations run for long enough times so as to sample a finitefraction of all the states of the system that the measurements will converge to the trueaverage of the observable.

Computer ExperimentsWe now describe a number of computer experiments that were performed to test thetheoretical predictions made above.The theory presented in this paper predicts that the distribution fo the number ofindividuals cooperating over time is lognormal in certain domains. In order to test thisprediction, we ran experiments on the evolution of cooperation in a number of differentgroups characterized by different sizes, horizon lengths, uncertainty levels, andmagnitudues of time fluctuations in the efforts. The algorithm that we used is describedin Appendix C.The experiments consisted of event-driven Monte Carlo simulations that were conductedin asynchronous fashion, with each agent reevaluating its choice to cooperate or defect ata rate

α

. The agent decides whether to cooperate or defect based on the fraction,

fcrit

, itobserves cooperating and the choice criterion given by Equation (2). That is, when thefraction observed cooperating is greater than

fcrit

, the agent will choose to cooperate;otherwise it will defect. As we pointed out above, the fraction observed cooperatingdiffers from the actual fraction intending to cooperate in a way that depends on theamount of uncertainty in the system. Because the benefit of cooperation fluctuatesstochastically in time,

fcrit

does so as well. As a result, the condition for cooperationbecomes more or less severe each time an agent reevaluates its decision to cooperate ordefect.For each experiment we recorded the number of individuals cooperating at discreteintervals. This data was then binned to yield the distribution of the number of cooperatingindividuals over the course of the recorded run. We then used the chi-squared probabilitydistribution to test how well the experimental data could be described by either alognormal distribution or a normal distribution.For a number of experimental conditions, we found that a lognormal distribution couldaccount for the observed data much better than a normal distribution could. Figure 2shows the fit to a lognormal of the distribution of the number of individuals defecting foran experiment in which the group size was n =100, the benefit for cooperating was b=2.5,

the standard deviation in b due to fluctuations=0.25, the cost of cooperation c=1, thehorizon length H=69, and the probability of error p=0.9. In this case, the chi-square testyields the probability 99./4% that the predicted distribution explains the experimentaldata, while a normal fit to the data yields a chi-square statistic of only 4.6%.

While it is impossible to statistically prove a theory, these results show that ourpredictions have a significant higher probability of being correct than a theory whichwould yield a normal distribution of fluctuations in the number of individuals cooperting.

DiscussionIn this paper we have shown how fluctuations in the effort to produce a public good canlead to a new social phenomenon characterized by rare and intense bursts of defectionsuperimposed on a background of overall cooperation. This phenomenon is stochastic innature. It leads to a paradoxical behavior of the average utility accrued by any individual,for it decreases in time in spite of the fact that typically all inviduals are found to becontributing the same average average amount of effort. Conversely, there can be caseswhere an equilibrium group of defectors can generate a utility that increases in time,although the conditions are more restrictive than in the case of cooperation.This paradox was observed in computer simulations of social dilemmas and should alsoappear in real social settings corresponding to equilibria punctuated by fluctuations. Ifcosts or benefits fluctuate, then one would observe the fact that typical, most probable,behavior is not the same as the average. This is also reflected in the nature of thestatistical distribution of the data. Rather than obtaining the familiar bell-shaped curvecorresponding to a normal distribution, one would observe an asymmetric distributionwith a long tail. We emphasize that the detailed form of the critical fraction used in Eq.(2) is not important for the existence of this effect. If the utility function has the generalform given by Eq. (1), then fluctuations in benefits will lead to intermittent bursts incooperation and defection.For the purpose of verifying these predictions, computer simulations have the advantageover social experiments that the variables and parameters can be precisely specified.Although computer simulations are no substitute for real social dynamics, their relativesimplicity and clear outcomes can be used as a sign that this phenomenon can appear inreal social settings, in particular those situations where the average behavior of quantitiesreflecting collective action seems at odds with what typical member of a group are doing.An interesting application of these results is to provide a possible explanation for the so-called paradox of group size in political movements (Oliver, 1988). It has beendocumented that in certain cases (Marwell, 19709) the larger the group the more likely itis to engage in collective action, a result that seems at odds with the common resolutionof social dilemmas. This apparent paradox was explained by Oliver and Marwell (Oliver,1988) by invoking the simple statistical fact that if what is needed to trigger a political movement is a minority of highly motivated individuals, a large group will be more likelyto have such individuals than a smaller one.This paper presents a dynamical alternative to that view. If large temporal variations ineffort exist in a social group, rare bursts of extreme cooperation could lead to an averageutility that increases in time, so that individuals confronted with a social dilemma mightconstrue a level of cooperation which is at odds with what typically everybody is doing.A test of this hypothesis could be performed by measuring the distribution of levels ofeffort in large political groups. Whereas the theory of Oliver and Marwell would predictthat it is normally distributed around some mean value, our theory would lead to anasymmetric, log-normal type, distribution. If this were the case, it would provide atheoretical underpinng to the folk observation that in voluntary organizations ten percentof the people do fifty percent of the work.On a normative vein, these results suggest that in order to secure cooperation within agroup or organization, the requirements of long, diverse outlooks and small groups mightnot be enough. Since fluctuations in the effort of individuals are unavoidable, the choiceof individuals with small variance in their outputs will be more successful at generatingcooperative behavior than having a group of the same size made up of individuals withlarge temporal variations in effort. If that were not possible, the solution would then haveto rely on either making controls and monitoring more efficient, or to organize theproduction of the common good in such a way that the overall utility due to cooperationincreases faster than linear with the number of individuals in the organization. This canbe the case when cooperation is used in the solution of complex problems.[Clearwater,1993, Huberman, 1995].Last, but not least, this paper produces a dynamical derivation of the lognormaldistribution, which has been used to fit data ranging from distributions of income indiverse populations to the size distributions of cities. Even for situations where one has a-priori expectations of normal distributions of data, these results also suggest that outliersthat are routinely rejected might actually signal a deeper regularity, that of an asymmetricdistribution with a long tail underlying the phenomenon being studied. In such cases, notonly is it warranted to include those extreme events in analysis of the data, but also toarrive at average measures that depart from typical behavior, one of the signatures ofintermittent bursts of activity.

AcknowledgmentsThis work profited from useful discussions with Jon Bendor and Mette Huberman. Part ofthe theoretical work was done while one of the authors, BAH, was a visiting professor atCONNECT, which is part of the Niels Bohr Institute, University of Copenhagen. Thewarm hospitality provided by Dr. B. Lautrup and his staff is gratefully acknowledged.

Appendix AWe now present the linear stability analysis of Eq. (3) around its fixed points.Equation (3) can be written as

dÃfc(t)dt = F( Ãf^c )

(A-1)with

F( Ãfc) ≡ − α [ Ãfc − ρ ( Ãfc)]

(A-2)and ρ ( Ãfc ) = 12{1+ erf[(< Ãfc > − fcrit ) σ 2 ]}

(A-3) with

< Ãfc >= pÃfc +(1− p)(1− Ãfc )

, and

0 ≤ p ≤ 1

. The fixed points of this equation aredetermined by

F( Ãfeq)) = 0

and their stability can be studied by performing a linearstability analysis of Eq. (A-1) around them. For the sake of simplicity we will study thefluctuations around the cooperative fixed point,

Ãfo

, which obtains in the limit of smallgroups or for the case of long horizons. Writing

Ãfc(t) = Ãfo − δc(t)

(A-4)where

δc << Ãfo

is the deviating fraction of individuals away from the fixed point,replacing this expression in Eq. (A-1) and performing a Taylor series expansion of

F( Ãfc)

around its fixed point we obtain

dδc(t)dt = δc(t) ′F ( Ãfo )

(A-5)where

′F ( Ãfo)

denotes the derivative of

F( Ãfc)

with respect to

Ãfc

evaluated at

Ãfo

. UsingEqs. A-2 and A-3, and assuming

p ≈ 1

this equation can be written as

dδc(t)dt = − α δc(t){1− 2σ 2π exp[− ( Ãfo − fcrit )22σ 2 ]}

(A-6)

where, since

p ≈ 1

, the uncertainty is mostly determined from diversity of outlooksamong the members of the group.For the case of a cooperative equilibrium with long horizons,

fo ≈ 1

, and

fcrit

is small.Expanding the exponential in a power series and assuming a large uncertainty gives, tolowest order in

fcrit

,

dδc(t)dt = − α δc(t)[A©− fcritσ 3 2π ]

(A-7)where

′A ≅1+ 1σ 2π ( 12σ 2 − 1)

. Appendix BWe now establish how fluctuations in effort affect the time dependence of

fcrit

. Asshown in Eq. (2) the critical fraction is given by

fcrit = nc − b

Hα (b − c)

(B-1)In the case of time dependent benefits,

b(t) = b +β(t)

, so that Eq. (B-1) becomes

fcrit = nc − b − β(t)

Hα (b − c)(1+ β(t)b − c)

(B-2)For small enough fluctuations such that

β << (b − c)

this can be written as

fcrit ≅nc − b − β(t)

Hα (b − c)

(B-3)Or equivalently

fcrit (t) = fcrit − β(t)Hα (b − c)

(B-4)with

fcrit

given by Eq. (B-1) but with b replaced with

b

. Appendix CThe algorithm used in the simulations consisted of the following steps.¥Initialize individual actions.¥While current_time t < final_time:Step foraward

Δt

in time (an exponential random deviate) to next agent reevaluation:

Δt = ln(random number) / α n

, - this simulates asynchronous reevaluation.current_time t = final_time +

Δt

Pick an agent at random for reevaluation.Evaluate time fluctuation in benefits:

b(t) = b + Δb, with Δb = σ *gaussian deviate.

Evaluate

fcrit (t) ≡ 1Hα nc − b(t) b(t)− c .

Evaluate number observed cooperating by individual at current_time as a function ofthe number intending to cooperate and the uncertaintyh parameter, p:

Ãnc = binomial deviate(nc,p)+ binomial deviate(1− nc,1− p)

If the fraction observed cooperating,

Ãfc > fcrit (t)

, then individual cooperates; if

Ãfc < fcrit (t)

then individual defects; if

Ãfc = fcrit (t)

the agent cooperates withprobability 0.5 and defects with probability 0.5.

Figure CaptionsFigure 1. Probability densities for both the Log-normal distribution and the NormalDistribution. They were computed for the case of mean 1.0 and standard deviation 1.0.Figure 2. Lognormal fit to the distribution of the number of individuals defecting,sampled 5000 times at regular intervals. The parameters are: group size n=100, benefitfor cooperation b=2.5, standard deviation in b due to fluctuations=0.25, cost ofcooperation c=1, horizon length H=69, probability of error p=0.9. The points representthe experimental data, while the curve is a lognormal fit to the data. The chi-square test,used for testing the difference between the binned data and a continuous probabilityfunction, yields the probability 99.4% that the predicted distribution can explain theexperimental data.

ReferencesArnold, Ludwig. 1992. Stochastic Differential Equations: Theory and Applications. Krieger Publications.Bendor, Jonathan and Mookherjee, Dilip. 1987. Institutional structure and the logic ofongoing collective action. American Political Science Review, 81(1):129-154.Glance, Natalie and Huberman, Bernardo A. 1994. The Dynamics of Social Dilemmas.Scientific American, 76-81, March.Glance, Natalie and Huberman, Bernardo A. 1993. Organizational Fluidity andSustainable Cooperation, in Computational Organization Theory, Eds. K. Carleyand M. Prietula. Lawrence Elrbaum Associates.Glance, Natalie and Huberman, Bernardo A. 1993. The outbreak of cooperation. Journalof Mathematical Sociology, 17(4):281-302, 1993.Granovetter, Mark. 1978. Threshold models of collective behavior. American Journal ofSociology 83(6):1420-1443.Hardin, Garret. 1968. The tragedy of the commons. Science, 162:1243-1248,.Hardin, Russell.1982. Collective Action. Johns Hopkins University Press.Huberman, Bernardo A. and Glance, Natalie. 1993. Diversity and Collective Action.In: H. Haken and A. Mikhailov, eds., Interdisciplinary Approaches to Complex Nonlinear Phenomena. pp.44-64 Springer.Huberman, Bernardo A. and Glance, Natalie. 1995. Beliefs and Cooperation. In P.Danielson, editor. Modelling Rationality, Morality and Evolution. Oxford UniversityPress. 1996.Marwell, Gerald. 1970. Comment on Scott and El-Assal. American Sociological

Review 35:916.Oliver, Pamela E. and Marwell, Gerald. 1988 . The paradox of group size in collectiveaction: A theory of the critical mass. ii. American Sociological Review, 53:1-8.Olson, Mancur. 1965.The Logic of Collective Action. Harvard University Press.Schelling, Thomas C. 1978. Micromotives and Macrobehavior. W. W. Norton andCompany.Schmidt, Steffen, James Scott, Carl Lande and Laura Gausti. 1977. Friends, Followersand Factions. Berkeley. University of California.Stratonovich, R. L. 1967. Topics in the Theory of Random Noise. Gordon and Breach.Taylor, Michael. 1976. Anarchy and Cooperation, John Wiley and Sons.