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Altruism may arise from individual selection
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The fact that humans cooperate with non-kin in large groupsor with peo-
ple they will never meet again, is a long-standing evoluticary puzzle with
profound implications.®:2 Cooperation is linked to altruism, the capacity to
perform costly acts that confer benefits on others. Theoretical approaches
had so far disregarded costly acts that do not yield future beefits for the al-
truist, either directly 4 ° or indirectly. =° Recently, strong reciprocity%11i.e.,
the predisposition to cooperate with others and to punish no-cooperators
at personal cost, has been proposed as a schema for understiamg altru-
ism in humans212 While behavioral experiments support the existence of
strong reciprocity,t 13-15jts evolutionary origins remain unclear:*-18 group
and cultural selection are generally invoked to compensatfor the negative ef-
fects that reciprocity is assumed to have on individuald?-23 Here we show, by
means of an agent-based model inspired on the Ultimatum Gangé that selec-
tion acting on individuals capable of other-regarding behaior can give rise to
strong reciprocity. The results, consistent with the existnce of neural corre-
lates of fairness?® are in good agreement with observations on humari$ 13-15
and monkeys?®

Substantial evidence in favor of the existence of strongprecity comes from
experiments using the so-called Ultimatum Gathend from agent-based mod-
els1:23.27(see Refs. 3,12 for summaries). In the Ultimatum Game, uodiedi-
tions of anonymity, two players are shown a sum of money, €8y€. One of



the players, the “proposer”, is instructed to offer any ampfrom 1€ to 100€,
to the other, the “responder”. The proposer can make onlyoffiee, which the
responder can accept or reject. If the offer is acceptednteey is shared accord-
ingly; if rejected, both players receive nothing. Sincedhee is played only once
(no repeated interactions) and anonymously (no reputgi@am), a self-interested
responder will accept any amount of money offered. Theeegfeelf-interested
proposers will offer the minimum possible amount1which will be accepted.

In actual Ultimatum Game experiments with human subjevtrage offers do
not even approximate the self-interested prediction. Gdiyespeaking, proposers
offer respondents very substantial amounts (50 % beingieaymodal offer) and
respondents frequently reject offers below 30 %. Most ofdkeeriments have
been carried out with university students in western caeesitrshowing a large
degree of individual variability but a striking uniformitbyetween groups in average
behavior. The fact that indirect reciprocity is excludedl dhat interactions are
one-shot allows one to interpret rejections in terms ofrgjreeciprocity® 11 A
large study in 15 small-scale sociefi#$ound that, in all cases, respondents or
proposers behave in a reciprocal manner. Furthermore,ethavioral variability
across groups was much larger than previously observede wigan offers in the
case of university students are in the range 43%-48%, innb&seultural study
they ranged from 26% to 58%.

In order to assess the possible evolutionary origins ofettbehaviors, we in-
troduce and analyze here a drastically simplified model.gimaa population of
N players of the Ultimatum Game with a fixed sum of moddyper game. Ran-
dom pairs of players are chosen, of which one is the propaosgranother one is
the respondent. We will assume that players are capablehef-cdgarding be-
havior (empathy); consequently, in order to optimize tlygain, proposers offer
the minimum amount of money that they would accept. Everynblgas her own,
fixed acceptance threshold,< t; < M (t; are always integer numbers for sim-
plicity). Agents have only one strategy: respondents tejag offer smaller than
their own acceptance threshold, and accept offers otheriithough we believe
that this is the way in which ‘empathic’ agents will behaveprder not to hinder
other strategiea priori, we have also considered the possibility that agents have
two independent acceptance and offer thresholds. As wesagllbelow, this does
not change our main results and conclusions. Money sharedcagsequence
of accepted offers accumulates to the capital of each ofrtywhvied players. As
our main aim is to study selection acting on modified desaetsgdnereafter we
interpret this capital as ‘fitness’ (here used in a loosewaan sense, not in the
more restrictive one of reproductive rate). Aftegames, the agent with the over-
all minimum fitness is removed (randomly picked if there aeesal) and a new



agent is introduced by duplicating that with the maximumefis i.e., with the
same threshold and the same fithess (again randomly pickbkdré are several).
Mutation is introduced in the duplication process by allogvichanges oft-1 in
the acceptance threshold of the newly generated playerprithability 1/3 each.
Agents have no memory (i.e., interactions are one-shotharidformation about
other agents (i.e., no reputation gains are possible).

Figure[l shows that strong reciprocity, in the form of aktigi punishment, can
be selected for at the individual level in small populatioasging fromN = 10
to N = 10000 agents when selection is strong=£ 1). The initial distribution of
thresholds rapidly leads to a peaked function, with the easfgacceptance thresh-
olds for the agents covering about a 10% of the available.drtes position of the
peak (understood as the mean acceptance threshold) festating the length
of the simulation, never reaching a stationary value fordhwations we have ex-
plored. The width of the peak fluctuates as well, but in a mumhlker scale than
the position. At certain instants the distribution extshitvo peaks (see distribu-
tion at 7.5 million games). This is the mechanism by which ghsition of the
peak moves around the possible acceptance thresholds.rtémihg the typical
evolution we are describing does not depend on the initiatlitmn. In particular,
a population consisting solely of self-interested ageings, all initial thresholds
are set ta; = 1, evolves in the same fashion. The valugof the capital at stake
in every game is not important either, and increasidgonly leads to a higher
resolution of the threshold distribution function.

The success of reciprocators does not depend on the saleat® (although
the detailed dynamics does). Figlite 2 shows the result ahalation with1000
agents in which the removal-duplication process takesptace everg = 10000
games. To show further that the initial conditions are @vaht, for this plot we
have chosen an initial population of self-interested agem{s we may see, the
evolution is now much less noisy, and the distribution isma&er, becoming highly
peaked and immobile after a transient. The value afwhich this regime appears
increases with the population size. The final mean acceptidmeshold at which
simulations stabilize depends on the specific run, but ieiy \generally a value
between 40 and 50. We thus see that the selection rate magpmnsible for the
particulars of the simulation outcome, but it is not a keydador the emergence
of strong reciprocity in our model.

The behavior of our model has to be compared with the restilevious
studies of the Ultimatum Game by Page and No#&a& The model introduced
in those works has a dynamics completely different from otoiéowing standard
evolutionary game theory, every player plays every other iarboth roles (pro-
ponent and respondent), and afterwards players reproditbepmbability pro-
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portional to their payoff (which is fitness in the reproduetsense). Simulations
and adaptive dynamics equations show then that the populetids up composed
by players with fair (50%) thresholds. This is differentrfr@ur observations, in
which we hardly ever reach an equilibrium (only for largeand even then equi-
libria set up at values different from the fair share. Thesogafor this difference
is that the Page-Nowak model dynamics describes the oo limit of our model,
in which between death-reproduction events the time aeegadn all players ob-
tain is the mean payoff with high accuracy. We thus see thatmdel is more
general, in so far as we can study regimes far from the stdr@alutionary game
theory limit. As a result, we find a variability of outcomes fihe acceptance
threshold consistent with the observations in real humaietes® 1% 13 Remark-
ably, another context in which this regime (findeis the relevant one is genetic
algorithms, where in every evolution step only a small faciof the population
interacts®®

To further confirm the differences between our approach age Bnd Nowak’s
one, we have considered the same alternative as they diglysmassign agents a
new strategical variable;, defined as the amount offered by playsvhen acting
as proponent, and subject to the same mutation rules asdéptance threshold;.
While Page and Nowak observed that in their setup, this nuadiifin of the model
led to fully rational players (i.e., in our mode},= o; = 1), except for fluctuations
due to mutations. Figuid 3 shows clearly that in our modebeamics remains
very complicated and equilibria are never reached withéndilration of our simu-
lations. Once again, this is due to the fact that the dynam&gropose does not
remove the fluctuations of the payoff obtained by the plagsrthe limits — oo
does. In other words, in our model the effects of finite timaMeen generations
and of stochasticity play a non trivial role and sustainrgjreeciprocity (existence
of players witht; > 1) even if acceptance and offer obey independent rules. In
connection with this, it is interesting to note that the iptay between randomness
and finiteness of the population leads to changes in the Vide@volutionary sta-
bility of cooperatior2! This and our present report suggest that general approaches
beyond standard evolutionary game theory may provide litsignto the issue of
how cooperation arises.

Evolutionary explanations of strong reciprocity have badwanced in terms
of gene-culture coevolutiot?~2327 The underlying rationale is that altruistic be-
havior leads to fitness disadvantages at the individual.ld&at why must strong
reciprocators have lower fitness than other members ofgheip? While alterna-
tive compensating factors (e.g., sexual selection) hage beggestetf, our results
show clearly that, in the context of the Ultimatum Game,ugdtic punishmerit
may be established by individual selection alone. Our satais are consistent
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with the large degree of variability among individualé and among societi€s,
and reproduce the fact that typical offers are much largan #elf-interested ones,
but lower than a fair share. While in our model agents haveratigarding behav-
ior (empathy), i.e., agents offer the minimum they wouldegutdf offered to them,
this is not a requisite for the emergence of strong recigorsas the two-threshold
simulations show. The population evolves by descent witdifioation and in-
dividual selection, as the model does not implement cul{other than parent-to-
child transmission) or group selection of any kind. To besure do not mean that
these mechanisms are irrelevant for the appearance andgld@ltruism: what
we are showing is that strong reciprocity (and hence atirpisay arise in their ab-
sence. Observations of strongly reciprocal behavior inicapmonkey$® where
cultural transmission, if any, is weak, strengthens thisctusion. Further support
for our thesis comes from reports of individual, pre-existcceptance thresholds
shown by neural activity measurements in Ref. 25. In thipeets neural mecha-
nisms gratifying cooperation as those demonstrated in 3efmay have evolved
to reinforce behaviors selected for at the individual l@selve are suggesting. The
detrimental effects of unfair sanctions on altruiSiis yet another piece of evidence
in favor of the existence of such individual acceptancer(ifsss’) thresholds. Our
conclusion that altruism does not necessarily have negeatimsequences for indi-
viduals draws such theories nearer to a biological pergedindeed, our results
suggest that, despite its not being self-evident, alicusgtategies may do better in
terms of fitness than selfish ones, even without repeatedatiens or reputation
gain. This conclusion, which would imply that strictly skeway there is no truly
altruistic behavior, may have far-reaching implicationglécision-making models
and the design of public policié$:!8
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Figure 1. Non-self-interested behavior establishes spaatsuly on small popula-
tions. Population size i = 1000, the capital to be shared per gaméds= 100.
Death and birth takes place after every game:(1). Initial acceptance thresholds
are distributed uniformlyt{ = ¢y conditions lead to the same output). Plotted are
the distributions of acceptance threshold at the beginofrige simulation and af-
ter 2, 7.5 and 10 million games. Inset: Mean acceptancehblegss a function of
simulated time, is averaged over intervals of 10000 gamesdoce noise (in the
raw data spikes appear that go above 50 or below 10). Thenedhlithe inset is
the average over all times of the mean, located at 33.45.
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Figure 2: Slow selection rates lead to stationary acceptmeshold distributions
very narrowly peaked. Population sizeNs = 1000, the capital to be shared per
game isM = 100 and selection is weaks (= 10000). Initial agents are all self-
interested #; = 1). Plotted is the distribution of acceptance threshold aid of
the simulation. There are no agents with thresholds outs&lplotted range. Inset:
Mean acceptance threshold as a function of simulated tinte asymptotically
stable mean is very slowly approaching 47.
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Figure 3: Introduction of an independent level for the amamfrmoney offered
by the agents does not change our conclusions. Populatierissv = 1000, the
capital to be shared per gamé&lis = 100 and selection is intermediate £ 1000).
Initial agents are all fully rationalt{ = o, = 1). Plotted are the distribution
of acceptance threshold (red) and offered amount (gre¢ex) B million games
(dashed) and 100 million games (solid). Upper inset: Meaeptance threshold
and offered amount as a function of simulated time. The eff@mount is most of
the time larger than the acceptance threshold, and ocedsimsses lead to a very
slow dynamics until the situation is restored (see the plegearound 62.5 million
games, and corresponding distributions in the lower inset)
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