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Reputations are critical to human societies, as individuals are treated differently
based on their social standing'?. For instance, those who garner a good reputation by
helping others are more likely to be rewarded by third parties®>. Achieving widespread
cooperation in this way requires that reputations accurately reflect behaviour® and
thatindividuals agree about each other’s standings’. With few exceptions®™,
theoretical work has assumed that information is limited, which hinders consensus™
unless there are mechanisms to enforce agreement, such as empathy?, gossip™ ™ or
publicinstitutions. Such mechanisms face challenges in a world where empathy,
effective communication and institutional trust are compromised” . However,
information about others is now abundant and readily available, particularly through
social media. Here we demonstrate that assigning private reputations by aggregating
several observations of anindividual can accurately capture behaviour, foster
emergent agreement without enforcement mechanisms and maintain cooperation,
provided individuals exhibit some tolerance for bad actions. This finding holds for
both first-and second-order norms of judgement and is robust even when norms vary
within a population. When the aggregation rule itself can evolve, selectionindeed
favours the use of several observations and tolerant judgements. Nonetheless, even
wheninformationis freely accessible, individuals do not typically evolve to use all of
it. Thismethod of assessing reputations—‘look twice, forgive once’, in a nutshell—is
simple enough to have arisen early in human culture and powerful enough to persist

as afundamental component of social heuristics.

The theory of indirect reciprocity helps explain how cooperation can
arisewhenindividuals lack ashared history of social interactions>**.,
Without personal experience, we often decide how to interact with
someone based on our information about their past interactions with
others®. In the simplest model, everyone engages in pairwise inter-
actions through a one-shot donation game (a simplified prisoner’s
dilemma) between a potential donor and a recipient. The donor can
either cooperate, paying a cost to provide a benefit to the recipient,
or defect, incurring no cost and generating no benefit. Donors can
act unconditionally by always cooperating (ALLC) or always defect-
ing (ALLD), or they can condition their behaviour on the recipient’s
reputation (discriminate or DISC), donating only if they perceive the
recipient to have good social standing. The donor’s action may result
in the donor gaining a good reputation in the eyes of a third party, so
that the donor may expect to receive donations from the third party,
hence the termindirect reciprocity.

Inmost models, reputations are binary (good or bad)***, and they are
assigned to anindividual by observing and assessing a single previous
action (out of many), anassumption we refer to as ‘limited information’.
To assess whether an action is good or bad, observers use a shared
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social norm. The simplest normiis called scoring . This first-order
norm uses only the donor’s action to assign a reputation, assessing
cooperative actions as good and defections as bad. However, scoring
has a weakness that eventually leads a population to defection*®?:
discriminators will choose to defect against defectors, who have bad
reputations, butinso doing, they receive bad reputations themselves.
In contrast, unconditional cooperators pay no such reputational cost,
so they outcompete discriminators. Once unconditional cooperators
are common in the population, they will, in turn, be outcompeted by
unconditional defectors. Thus, DISC can be invaded by ALLC, which
opens the door for ALLD to invade (Fig. 1a). This weakness is called
the scoring dilemma?¥, and it can be addressed using higher-order
social norms?®,

Higher-order norms incorporate more information to help distin-
guish between justified and unjustified acts of defection®. For example,
second-order norms—such as the three we consider: stern-judging,
simple-standing and shunning (see Methods for definitions)—assess
adonor using the donor’s action and the recipient’s reputation. Thus,
defection may sometimes be judged positively®: for example, under
stern-judging, someone who defects against arecipientinbad standing
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Fig.1|‘Look twice, forgive once’ solves both the scoring and the
punishment dilemmas. a-f, Simplexes show the dynamics of competition
amongthestrategies ALLC, ALLD and adiscriminator strategy under scoring
(a,c,e) and stern-judging (b,d,f). Arrows represent evolutionary dynamics.
Filled (empty) points represent stable (unstable) equilibria. Discriminators use
eitherasingle observation (DISC; a,b) or several observations (DISC, ,,; ¢-f) to
assignreputations. a, DISCis stable only inmixed equilibria thatinclude some
ALLC.b, ALLD dominates (the only stable equilibrium). ¢,d, ALLD dominates.

earnsagood reputation®. Although higher-order norms avoid the scor-
ing dilemma®®, they have a significant drawback: a donor’s defection
will appear justified to an observer only when the observer and the
donor agree on the recipient’s reputation. Thus, under higher-order
norms, cooperation depends on population-level agreement about an
individual’s reputation. Agreement is ensured when reputations are
broadcast publicly, for example, by an institution or through rapid
gossip” . However, when each observer forms anindependent opinion
of every donor, so that reputations are held privately, two individu-
als may disagree about the reputation of a third simply because they
observed the third individual in different interactions (for example, if X
observesZinteracting with AwhereasY observes Zinteracting with B,
then X and Y may form different opinions of Z). This weakness of private
reputations is further exacerbated by errors in either the execution
of the strategy*? or the assessment of the action®>*, which can cause
disagreement even when two observers judge the same interaction.
In the absence of agreement-enforcing mechanisms, disagreement
propagates and leads people to judge each other harshly, eventu-
ally causing cooperation to collapse’*** (Fig. 1b). This weakness of
higher-order norms—that they can sustain cooperation only when
people agree about each other’sreputations—is called the punishment
dilemma?®.

Although agreement-enforcing mechanisms exist, they are vulner-
able whenempathy, communication and trustininstitutions are com-
promised'>'**, This vulnerability adds to the two dilemmas above
to paint a bleak picture for cooperation maintained by reputations.
Fortunately, the assumption that reputations are based on limited
information is decidedly unrealistic nowadays, when ample informa-
tion about others is freely and publicly available, especially through
social media. Although social interactions are public, the assignment of
reputations remains private, as observers can (and do) differin how they
use and evaluate all this information. So, it is both timely and urgent
to ask how predictions change when individuals can make more than
one observation.
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e, ‘Looktwice, forgive once’ (DISC,, ,) outcompetes ALLC and is stable, with
thelargestbasin of attraction. At this equilibrium, the rate of cooperation (the
fraction of cooperativeinteractions) isover 99.8%.f, ‘Look twice, forgive once’
(DISC,,,) outcompetes ALLD when common and s stable, with a substantial
basin of attraction. At this equilibrium, the rate of cooperation is over 99.8%.
Forall panels, the benefit-to-costratiowas b/c =5, with error rates of
assessment and executiona =0.02and £=0.02, respectively. Corresponding
results for simple-standing and shunning are shownin Extended Data Fig. 1.

The simple fact that an observer can make several observations ofa
focalindividual’s behaviour before forming a judgement should pro-
duce more informative reputations: actions that might appear bad if
consideredinisolation (for example, amistake) can be assessed in the
context of the actor’s broader behavioural pattern, so that one bad
action will not automatically yield a bad reputation. Previous studies
have shown that when several observations are available under the
first-order norm scoring, it is possible to find evolutionarily stable
discriminators or mixtures of two discriminators®’. In other words,
formingjudgements from several observations could solve the scoring
dilemma. However, it remains unclear whether stable discriminators
will be favouredinadynamic, evolutionary setting or whether individu-
als will actually evolve to use the information, even wheniit is freely
available. Moreover, it remains unexplored whether using more than
one observation to judge others’ behaviour can have wider-ranging
consequences, for example, by resolving the punishment dilemma
under higher-order social norms.

Here we investigate the evolution and social consequences of form-
ingjudgements from several observations. Asin previous studies®*,
each observer makes M >1observations of agiven donor before assign-
ing themareputation. To assign abinary reputation based on several
actions, each of which is assessed as good or bad according to the
observer’ssocial norm, the observer must aggregate suchinformation.
We define an aggregationrule as a pair (g, M), where Mis the number of
observedactions and gis the minimum proportion of those actions that
must be good to assign a good reputation to the donor, an approach
reminiscent of direct reciprocity strategies like tit-for-m-tats®. The
parameter g, thus, serves as a strictness threshold in the aggrega-
tion process. For example, g =1/M corresponds to the least strict (or
most tolerant) discriminator because a single good action out of the
M observations is sufficient to assign a good reputation. Conversely,
q =M/M corresponds to the strictest discriminator because a good
reputation is awarded only when all observed actions are assessed as
good. We denote as DISC, ,, the aggregating discriminator strategy



thatuses the (g, M) aggregation rule. DISC, , is the ‘classic’ discrimina-
tor strategy*, which relies on a single observation. Additionally, we
allow for errors in strategy execution and in the assessment of each
observed action®?**, The dynamics are governed by a payoff-biased
imitation process®**,

We first investigate the simplest case of M =2 observations and
explore whether an aggregating discriminator fares better than the
classical, single-observation discriminator against unconditional strat-
egies when the whole population subscribes to the same, fixed social
norm. When aggregationis strict, one bad actionis enough to assigna
bad reputation; so, intuitively, we expect that the strict discriminator
(DISC,,,) willnot perform better than classical discriminators. Infact,
regardless of the norm (and of the number of observations M > 2), strict
discriminators fare worse against unconditional strategies than classi-
caldiscriminators do, because observing more interactionsincreases
an observer’s chance of seeing an isolated bad incident (Fig. 1c,d and
Extended Data Fig. 1). However, if individuals show some tolerance,
thenaggregating several observations could change outcomesin com-
petition against unconditional strategies. Under the scoring norm, we
confirmthat such ‘tolerant discriminators® (DISC,, ,) are evolutionarily
stable against unconditional strategies and, furthermore, that they
have alarge basin of attraction (Fig. 1e). This isbecause a discriminator
who looks twice and forgives once will overlook some bad actions and
can, therefore, view other discriminators as good and cooperate with
them. ‘Look twice, forgive once’ can thereby build a reputation that
is good enough to receive cooperation while maintaining the ability
to defect against (punish) someone with abad reputation, which pro-
tects it against invasion by unconditional cooperators and resolves
the scoring dilemma.

In addition to rescuing reputations under this first-order norm,
‘look twice, forgive once’ can also maintain cooperative outcomes
under higher-order norms, even when reputations are held privately
without any agreement-enforcing mechanisms. For example, under
stern-judging with private reputations, ‘look twice, forgive once’ is
stable and has a substantial basin of attraction when competing against
unconditional strategies (Fig. 1f). This is because tolerant discrimina-
tors can find some common ground and cooperate with each other
when they agree on the reputation of at least half of the recipients.
Such agreement does not help when the population consists mainly of
ALLD, as a fraction of them end up with good reputations and receive
donations without reciprocating. So, a rare ‘look twice, forgive once’
mutant cannotinvade ALLD. However, when ALLD is rare, discrimina-
tors find more good individuals to cooperate with and, by looking
twice and forgiving once, they improve their own reputations; it then
becomes easier to distinguish the unjustified defections of ALLD and
reach astable equilibrium.

In summary, ‘look twice, forgive once’ is a stable evolutionary
outcome with a substantial basin of attraction for both first-order
and second-order social norms, which solves both the scoring and
punishment dilemmas. The size of the basin of attraction depends
onthenorm (Extended Data Fig.1). However, regardless of the norm,
when the populationis at the ‘look twice, forgive once’ equilibrium, a
large fraction of interactions is cooperative, so that the equilibrium
sustains a high rate of cooperation. Thus, using M =2 observations
and beingtolerant can promote cooperation across all social norms
considered.

Although these results are promising, allowing M >1 observations
creates a larger strategy space comprising M possible aggregating
discriminators. We must, therefore, evaluate the evolution of discrimi-
nating strategies in the context of this full strategy space. To do this
for M=2,we consider the dynamicsin the three-simplex (tetrahedron)
whose vertices correspond to the four strategies ALLC, ALLD, ‘look
twice, forgive once’ (DISC,,,) and the strict discriminator (DISC,,,).
We find that, regardless of the norm, there is still a substantial basin
ofattractiontowards aggregating discriminators (Fig. 2 and Extended

Data Fig. 2) for a wide range of benefit-to-cost ratios (for example,
b/c=1.5t010),iferror rates are not too high (Extended Data Figs. 3 and
4).Inthe full strategy space, the stable equilibrium can sometimes be
amixture of types, with a majority ‘look twice, forgive once’ coexist-
ing with a small fraction of strict discriminators (scoring in Fig. 2 and
simple-standingin Extended Data Fig. 2). When this happens, the pres-
ence of strict strategies at equilibrium may seem like adisadvantage, as
itdecreasesthe basin of attraction towards aggregating discriminators
under all norms except simple-standing (Extended Data Fig. 2). How-
ever, such coexistence hasimportantimplications for the robustness
of aggregating discriminators. For example, classical DISC and pure
aggregating discriminators can beinvaded by a strategy that cooper-
ates unconditionally with probability p and defects otherwise. However,
amixture of aggregating discriminators can be stable againstinvasion
by such strategies (Extended Data Fig. 5).

Next, we investigate the evolution of aggregating discriminators
in the full strategy space of all discriminating strategies, for fixed
M >2,along withthe two unconditional strategies. As before, all indi-
viduals follow the same, exogenously fixed social norm. To simplify
the narrative, henceforth we focus on two norms: the first-order
norm, scoring, which is the simplest norm, and one second-order
norm, stern-judging, which sustains cooperation when reputations
are public but fails when they are private. We find that aggregating
discriminators maintain a basin of attraction against unconditional
strategies regardless of the number of observations (Fig. 3a). As was
the case for M =2, aggregating discriminators evolve either in pure
stable equilibria or in mixtures of two. Mixtures appear for both
norms, but they are more common under scoring, where the poten-
tial for evolutionarily stable mixtures has previously been shown®
(Supplementary Information Fig. 1). These results are qualitatively
robust across a wide range of benefit-to-cost ratios and error rates
(Extended Data Figs. 3 and 4), but the tolerance level that evolves
depends on parameters: discriminators evolve to forgive more
(lower @) when individuals are more error-prone or cooperation is
less costly (higher benefit-to-cost ratio); conversely, they evolve to
forgive less when assessments are more accurate or cooperation is
costlier. The advantage of a certain level of tolerance g can be under-
stood by considering how different thresholds view the rest of the
population (Fig. 3b). The more tolerant the discriminator, the more
readily it assigns good reputations, which allows it to cooperate and
be reciprocated with when error rates are higher. Conversely, the
stricter the discriminator, the less likely it is to assign good reputa-
tions, which allows it to defect more and gain an advantage at low
benefit-to-cost ratios. Moderately tolerant discriminators are more
discerning, whichis optimalin the remaining regimes (Extended Data
Figs.3and 4).

Under both scoring and stern-judging, discriminators have alarger
basin of attraction when individuals make more than two observa-
tions (M >2), compared to when they make exactly two observations
(Fig.3a). Theseresults suggest that increasing the number of observa-
tions might be better for cooperation. However, they do not guarantee
that individuals will actually evolve to use more observations, given
the choice. Toinvestigate the evolution of M, we assume that informa-
tion is freely available and that there are no cognitive constraints on
using more observations. We fix gand allow Mto vary, whichresultsina
strategy space consisting of several discriminators DISC, ,,, along with
ALLD and ALLC. When we allow Mto evolve by the same payoff-biased
imitation process, we find that, regardless of the norm, the population
evolves to use fewer observations than there are available (Fig. 3c).
In fact, the population generally evolves to use the lowest number
M =2 of observations available; occasionally, there is coexistence of
discriminators using the two lowest values of Mavailable. These results
are qualitatively robust across a wide range of benefit-to-cost ratios
and error rates (Extended Data Figs. 6 and 7), although larger values
of Mmay evolve for very high error rates or high benefit-to-cost ratios.
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Fig.2|For M=2observations, aggregating discriminators evolve even
when considering the full strategy space. We show the dynamics on the
three-simplex (tetrahedron) whose four vertices correspond to the two
unconditional strategies (ALLC and ALLD) and the two discriminating strategies
(DISC,/,,and DISC,, ,). Thefirst panel on each row (corresponding to different
norms) shows the dynamics on the faces of the tetrahedron. The volumes of the
basins of attractionwithin the three-simplex (middle panel) are summarized in
abar, asshownby the arrow. The basins are estimated by numerical integration
of 975 trajectories fromevenly distributed initial frequenciesin theinterior of
the three-simplex (Methods). The bars are formed by concatenating horizontal

When we fix g = 1/2 and not-too-high error rates and benefit-to-cost
ratios, the only stable discriminating equilibrium is pure ‘look twice,
forgive once’ (DISC,,,), regardless of the norm.

Our findings suggest that when individuals have the option to tune
the number of observations they make, they do not generally evolve
to use all available information. This outcome is counter-intuitive,
especially because information is costless to harness in our model.
Indeed, a more informed strategy can more accurately distinguish
betweenjustified and unjustified defections, so it assignsitselfahigher
reputation, leading to more self-cooperation (compare the three discs
inFig.3d). Nevertheless, greater accuracy comes withaninherent cost:
it makes a more informed strategy (higher M) weaker against strate-
gies with a coarser view of the world (lower M). To see why, consider
the competition between two such strategies with a fixed g: the more
informed strategy is more likely to assign good reputations (Supple-
mentary Information Fig. 2), which allows the less informed strategy
to defect occasionally withoutincurring areputational cost (see solid
curves in Fig. 3d). Thus, there is a trade-off between the benefit of
cooperating frequently with one’s own strategy, which depends on
theaccuracy of judgements, and the cost of being too forgiving towards
coarser discriminators. This trade-off divides the parameter space
into two primary outcomes. For error rates and benefit-to-cost ratios
that are not too high, the lowest possible M > 2 evolves (for example,
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slices, each corresponding to the steady statereached fromone of the
975initial conditions. Horizontal slices with one colour correspond to pure
equilibria; horizontal slices with two colours correspond to mixtures, with
equilibrium frequenciesreflectedin the colour proportions. Note the
difference between the dynamics on the faces (amongtriplets) versus the full
strategy space. Therate of cooperation at the equilibria where the population
consists entirely of discriminator strategies is 99.5% for scoring and 99.8% for
stern-judging. Parameters: b/c=5,a=0.02and = 0.02.See corresponding
results for simple-standing and shunning in Extended Data Fig. 2.

M=2when g=1/2); when either error rates or benefit-to-cost ratios
are high, there are regions where consecutive values of M coexist,
separated by small regions in which only one M dominates (Extended
DataFig. 8).

So far we have studied the evolution of the aggregation rule (g, M)
by fixing one of its elements (g or M) and varying the other. We now
allow both g and Mto evolve simultaneously. Due to computational
complexity, we do soin arestricted strategy space: we pair M =2 with
oneof M=4,6 or 8. Wefind that look twice, forgive once’is still selected,
typically in a mixture with strategies that use more information and
are stricter (M >2 and g > 1/2). These strategies are, by themselves,
unstablein competitionagainst ALLC and ALLD. However, when ‘look
twice, forgive once’is present, their mixed equilibriumis stable against
invasion by unconditional strategies (Extended Data Fig. 9). In these
cases, some portion of the population will use the maximum amount
of information available, while the rest will continue to use only a
fraction of it. Although our theoretical result that individuals do not
alwaysevolveto use all freely available information may appear broadly
counter-intuitive, it is supported by experimental literature*° that
emphasizes that humans waste information obtained by observing
others or by communicating with them.

We have seen that tolerant judgements based on several obser-
vations produce robust agreement and cooperation, regardless of



a b
(o2}
£ kel
5 g
>
()]
©
z
3
2 S
.g’ o
=
£
2
%)
2 3
Number of observations (M)
c T mm d
2 1
2 03 m4 73;
S M8 =6 :g - 5
o 9 9 =
@ W10 | g
o
[0}
B o
-
(o))
c
=)
e
=3 B
£ =
2 =
a &
B
1/4 1/3 1/2 2/3

Tolerance threshold (g 2

Fig.3|Aggregating discriminators evolve for any number of observations
M = 2,but, given the choice, individuals do not evolve to use all available
information. a, The evolution of tolerance (g), with all the possible
aggregating discriminators for a fixed number of observations (M). Each bar
summarizes the steady states reached by numerical integration from100
different randominitial conditions, for competition between unconditional
strategies (ALLCand ALLD) and a set of aggregating discriminators. White
labelsindicate the aggregating discriminators (pure or mixed) that are stable
againstinvasion by unconditional strategies. The rate of cooperation at the
discriminating equilibriumranges from 99.2% t0 99.9% for both norms. b, The
probability that an aggregating discriminator assigns agood reputation to
someone after sampling M observations (equation (6)) as afunction of the
probability thatasingle random observationis assessed as good (equation (4)).

the social norm a population adopts for evaluating behaviour. How-
ever, disagreements could still arise—especially in a multicultural
society—from variation in norms*. To study the effects of norm het-
erogeneity, we analysed the co-evolution of strategies and norms.
Anindividual’s type is given by a strategy and a norm; during imita-
tion, an individual can copy either the strategy or the norm of the
role model. Interactions remain well mixed (Fig. 4a), and an indi-
vidual’s norm is unknown to others (individuals cannot condition
their behaviour based on the recipient’s norm). Competition occurs
among the eight types resulting from pairing one of the four strate-
gies (ALLC, ALLD, ‘look twice, forgive once’ or DISC,,,,) with one of
the two norms (scoring or stern-judging; see Extended Data Fig. 10
for all other norm pairs). Regardless of how often individuals imitate
norms versus strategies, we find that aggregating discriminators still
have a substantial basin of attraction (Fig. 4b). When norms evolve,
they cannot coexist indefinitely*?; so, norm heterogeneity is transient.
Notably, however, even when norm heterogeneity is exogenously fixed
and, thus, the potential for norm-induced disagreements persists
indefinitely, aggregating discriminators still have substantial basins
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normwith M= 6 observations. ¢, Evolution of the number of observations (M),
with severalaggregating discriminators using the same strictness threshold (g)
butdifferentnumbers of observations (M). For each threshold, we analysed all
integers 2 < M <10 thatare multiples of 1/g. Squares show the specific values of
M competing for each fixed g. The rate of cooperation at the equilibriawhere
the population consists entirely of discriminator strategies ranges from 99.4%
t099.9% for both norms. d, The reputations that two discriminators with
tolerance g =1/2butdifferent values of M (aresident using Myand aninvader
using M,) assign to each other under the scoring norm. Continuous (dashed)
linesrepresent the resident’s (invader’s) views of others. Discs indicate the
resident’s view of itself. For all panels, b/c=5,a=0.02and e = 0.02.

of attraction. Intuitively, disagreement arising from norm variation
is not fatal to aggregating discriminators because both norms agree
that it is good to cooperate with a good person and bad to defect
against a good person; so, there is some agreement between norms
and, whenat first they disagree, asecond, forgiving look canfacilitate
reconciliation.

Overall, we have shown thatboth fundamental dilemmas of indirect
reciprocity—the scoringand punishment dilemmas?—can be solved if
individuals assign reputations by aggregating more than one observa-
tion, but not too many, while having some tolerance for bad actions.
‘Look twice, forgive once’is the simplest example of such an aggrega-
tionrule. Such rules evolve for two reasons: on the one hand, they are
tolerant enough to forgive mistakes and some intentional defections,
which allows them to outperform classic discriminators and outcom-
pete unconditional strategies; on the other hand, they are informa-
tionally coarse enough to defect a few times against themselves and
againstmore informed strategies withoutincurring reputational cost.
Notonly dosuch strategies evolve, but they withstand challenges from
norm heterogeneity.
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Fig.4|Aggregating discriminators evolve even when there are several
socialnorms ofjudgement. a, Example of a populationsnapshot. Each
individual (circle) hasboth astrategy (reflected by its hue) and asocialnorm
(differentiated by its saturation; dark hues correspond to scoring and light
hues correspond to stern-judging). Interaction and imitation are both well
mixed. At eachimitation step, anindividual copies either the strategy (with
probability w) or the social norm (with probability 1 - w) of arole model. b, The
result of strategy and social norm co-evolution when aninitial fraction of the
populationuses scoring and the remainder uses stern-judging (for example,
0.1 means that10% of the populationisinitially assigned the scoring norm).

These results have broader implications. Although our work was
partly motivated by the dramatic increase in publicly available infor-
mation, especially through social media, the mechanism we uncov-
ered may be evolutionarily very old. This is because the mechanism
works even under a simple, first-order social norm and because
individuals ultimately evolve to use just a fraction of the available
information, even whenit s freely accessible. In other words, astrat-
egy like ‘look twice, forgive once’ may have played a significant role
in promoting cooperation even in small, early human groups that
lacked complex rules for moraljudgement or publicinstitutions. As
social groups became more sophisticated and complex social norms
beganto emerge--and even as groups became larger and harboured
variationinsocial norms, --this simple heuristic could have continued
to sustain cooperation under private information, without recourse
to enforced agreement by a publicinstitution. Altogether, these find-
ings suggest that looking more than once and showing some toler-
ance may be fundamental components of social heuristics, which
could have evolved early in human culture and persisted over time.
This offers some hope for times when empathy between individu-
als and trust in institutions are eroded and norm heterogeneity is
unavoidable: some cooperation and social function might, none-
theless, be maintained because, when all else fails, individuals may
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Eachsetofthreebars corresponds toafixed probability of strategy imitation w
(forexample, w=0.9 means that 90% of the time individuals imitate strategies
and theremaining 10% they imitate social norms; w=1means thatindividuals
only copy strategies and so norm heterogeneity persists indefinitely). Each bar
summarizesthe steady states reached from 975 differentinitial conditions, by
numerical integration of competition among eight types—four strategies
(ALLC,ALLD, DISC,,, or DISC,,, ,) paired with either scoring or stern-judging.
Therate of cooperation at the equilibriawhere the population consists entirely
of discriminator strategies exceeds 97.5% in all cases. Parameters: b/c =5,
a=0.02ande=0.02.

reflexively fallback onasimple and successful heuristic like ‘look twice,
forgive once’.
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Methods

Model description

Interactions. We consider a well-mixed population of individuals
engaged in pairwise, one-shotinteractions that take the form of dona-
tion games, also known as the simplified prisoner’s dilemma. In each
interaction, oneindividual is the potential donor of acooperativeact,
andtheotheristherecipient. Adonor caneither cooperate (C), provid-
ing a benefit b to the recipient at their own cost ¢ (0 <c < b), or defect
(D), incurring no cost and providing no benefit to the recipient.

Strategies. The donor’s action is determined by their view of the
recipient’s reputation. We model such reputations as binary values O
or1, which werefertoasbad (B) or good (G), respectively. We describe
the strategies by the tuple s = (s®, s%), where s® represents the decision
to donate or not to arecipient with reputation R € {B, G}. We consider
threetypes of strategies: individuals who always cooperate (ALLC) with
Sauc = (1, 1), individuals who always defect (ALLD) with s, , = (0,0) and
individuals who discriminate by cooperating only with those in good
standing (DISC, ) with spgc | =(0,1).

Errors. We allow errors in the execution of the strategy and in the
assessment of each observed action®. With probability £, anintended
cooperative act is executed as defection, whereas an intended defec-
tionis always executed correctly (equation (3)). With probability &, an
observerincorrectly evaluates an action (equation (5)).

Replicator dynamics. We describe the dynamics of strategy competi-
tioninthelimit of aninfinitely large population using replicator equa-
tions’®. Let f; represent the frequency of strategy i. The evolutionary
dynamics under payoff-biased imitation follow the equations

df ~
@ [n,- ZLHSJ. <1>

SE€S

Here Sisthe set of all strategies, and /7,is the average payoff of strat-
egyi,computed as

M= z f:/ (baj, - Ca,'j), (2)

JES

where ba;is the benefit of the donation made by,jand received by i,and
cayis the cost of the donation made by i and received by j. The term a;;
is the expected action of a player with strategy i towards a player with
strategyj, given by

a;=(1-€)(s;A-r}) +sr7), (3)

where r};is the average reputation of strategy j in the eyes of i at the
equilibrium of the reputation dynamics, as described below. Because
rj is an average, it may assume any value between 0 and 1, unlike the
individual views of others’ reputations, which are binary.

Reputation updates. After everyone has played the game with every-
oneelse, individuals update their views of every population member.
Reputations are tracked according to a solitary private monitoring
system, whereby all individuals observe and update their views of
others independently”®. To assign reputations, individuals observe
the actions of others and assess each action as good or bad according
toasocial norm.

Social norms. We describe asocial norm by a vector d = {d., dcs, dpc,
dps} €1{0,1} (ref. 4), where the entry d,, denotes whether an action A €
{C, D} towards someone with reputation R € {B, G} is considered bad
orgood. Forexample, d.; = 1means that cooperating with good recipi-
entsis perceived asgood, and d.; = 0 means that cooperating with bad

recipientsis considered bad. Previous studies have shown that social
norms that foster cooperation and are evolutionarily stable share the
principle of rewarding cooperation and punishing defection towards
goodindividuals®. We explore the social norms that follow this principle
but vary in their assessment of actions towards individuals with abad
reputation: scoring®? (d ={1,1,0,0}), stern-judging®*** (d={1,0,0,1}),
simple-standing?*® (d = {1,1,0,1}) and shunning™® (d = {1,0,0,0}).
Observations. To assign abinary reputation based on several observed
actions, each of which is assessed as good or bad according to the
observer’s social norm, the observer must somehow aggregate infor-
mation across observations. We study an aggregation rule defined by
anumber of observations Mand astrictness threshold g € [0,1], which
determines the minimum number of good actions ([gM] out of the M
observed) needed to confer a good reputation.

The probability that an observer with strategy i assesses as good a
single randomly selected interaction between a donor with strategy j
and arecipient with strategy kis

Py = Gy (g + (A-ry)deg) + (- ay) (Gdpg + (1= ) dpp),  (4)

whered,,is prescribed by the socialnorm, a, is the action of the donor
and r, is the reputation of the recipient in the eyes of the observer.

Then, the probability that an observer with strategy i assesses as
good anaction of adonor with strategyjtowards arandomly selected
recipientis

p;=a+(1-2a) Zﬁ(pijk. )
kes

An observer assesses M actions of a donor and assigns the donor a
goodreputationifatleast gM assessments are good. We let (g, M;) be the
aggregationrule correspondingtostrategy i;in other words, astrategy-i
observer makes M;observations and uses a tolerance threshold g,. Given
that the M;observed interactions are chosen uniformly atrandom and
withreplacement, the probability p; that astrategy-i observer assigns
astrategy-jdonoragood reputation—whichis equivalent to the prob-
ability that the observer assesses at least g;M, actions of a strategy-j
donorasgood—is given by

M; M
py= 2 ("jp.’-"(l-p~-)’”"”"- (6)
Y metgmy \MSY Y

Asis common in the literature on indirect reciprocity, we assume
that reputation updates occur at a faster timescale than strategy
updates, so that reputations equilibrate before individuals update
their strategies®***’. In an infinitely large population, the change in
average reputationsryis very small after asingle interaction, sowe can
approximate their dynamics using the ordinary differential equation*
(see ‘Reputation updating’ in the Supplementary Information for a
detailed derivation)

dr;

a =p[_.’. - I;J (7)
Note from equatzjons (4-6) that p;isafunctionofr;. The equilibrium

valuesrj;such thatg =0areusedinequation (3)and tointegrate

ry=ry
the replicator equations (equation (1)) numerically.

Previous work has assumed aunique average reputation equilibrium,
regardless of the initial condition r(¢ = 0) (the average reputation at
the onset of the strategic updates). Here, we find that this is not always
thecase.Instead, in certain parameter regimes, bistability is possible:
different average reputation equilibria will be reached depending on
whether r(0) is closer to O or to 1 (whether individuals start with an
initially pessimistic versus initially optimistic view of the world). For
allour results, we assume that individuals start withan optimistic view.



Before the very first update of reputations, they start by regarding
everyone as good r(0) =1, which is in keeping with direct reciprocity
assumptions that conditional strategies start by being ‘nice™*®. However,
the bistability arises only for M > 3, and thus, the optimism assumption
does not affect the robustness of ‘look twice, forgive once’.

Numerical integration

To numerically investigate the evolutionary dynamics of any set of

strategies, we applied the following procedure:

1. Setinitial frequencies for the strategies (‘Samplinginitial frequencies’
inthe Supplementary Information); set r(0) =1as discussed above.

2. Solve the reputation dynamics at equilibrium (equation (7)).

3. Integrate a time step of the replicator dynamics (equation (1)).

4. Repeat steps 2 and 3 until an equilibrium s reached.

We stopped integration when the absolute value of the derivative
reached was less than or equal to 107'°, at which point we consider the
systemto have reached an equilibrium. To estimate the volume of the
basin of attraction towards each strategy, we concatenated the steady
states reached by the set of initial frequencies. To calculate the rate of
cooperation at each discriminating steady state (equilibria without
unconditional strategies), we solved for the equilibrium reputations
r;;atthe equilibrium frequencies fl.* and computed the weighted sum

N ADYIT/E

Evolution of reputation use in the presence of unconditional strat-
egies. Tostudy the dynamics of competition between discriminating
and unconditional strategies, we uniformly sampled initial frequen-
cies with the three strategies presented (ALLC, ALLD and DISC,,,)
for different strictness thresholds g and numbers of observations
M. Specifically, for M =2, we report the temporal trajectories start-
ing from points in the interior of the two-simplex (triangle), where
each strategy frequency f; € {0.05, 0.10, ..., 0.85, 0.90}. We show the
trajectories on the two-simplexes in Extended Data Fig.1and on the
two-dimensional-projected faces of the three-simplex (tetrahe-
dron) in the first column of Fig. 2. Each triplet of strategies was run
independently.

Robustness of aggregating discriminators against an uncondi-
tional probabilistic strategy. We explored the robustness of aggre-
gating discriminators against an unconditional strategy that coop-
erates with probability p and defects with probability 1 - p, denoted
probC,. To study this, we first considered pairwise competition of
probC, against homogeneous populations of discriminators (DISC,
DISC,,, and DISC,,,,) for p€{0.0, 0.1, ..., 0.9, 1.0}. We sampled 19
uniformly distributed initial conditions from the one-simplex (line)
and integrated until the dynamics reached a steady state (Extended
Data Fig. 3a-c). Next, we allowed for a larger strategy space for M=1
that comprises probC,, ALLD and DISC and for M =2 that comprises
probC,, ALLD and the two aggregating discriminators (DISC,,, and
DISC,,,,) forp€{0.0,0.1, ..., 0.9,1.0}. We studied competition among
such strategies by sampling 171 uniformly distributed initial frequen-
ciesfromtheinterior of the two-simplex (for M=1) and 1,000 random
initial frequencies from the three-simplex (for M =2) (Extended Data
Fig.3d,e).

Evolution of the strictness threshold q. Toinvestigate the evolution
of tolerance, we fixed the number of observations M and allowed g to
evolve (by payoff-biased imitation). The strategy space included the
two unconditional strategies (ALLC and ALLD) and all possible types
of DISC, ,,withthresholds g € {I/M, ..., M/M} for afixed M.For M=2,we
estimated the basin volumes by sampling 975 uniformly distributed
initial frequencies from theinterior of the three-simplex (tetrahedron)
and followed the procedure described above (Fig. 2 right). For larger
numbers of observations M > 2, we estimated the basin volumes by

sampling 100 random initial frequencies with all strategies present
(Fig.3aand Extended Data Figs. 4 and 5).

Evolution of the number of observations M. Toinvestigate the evolu-
tion of the number of observations, we fixed the strictness threshold
g and allowed M to evolve (by payoff-biased imitation). The strategy
spaceincluded the two unconditional strategies (ALLC and ALLD) and
all the aggregating discriminators using numbers of observations
2<M<10thatareinteger multiples of1/q. For example, for g =1/3, we
included three aggregating discriminatorsusingM € {3, 6, 9}, whereas
forg=1/2,weincluded five aggregating discriminatorsusingM € {2, 4,
6, 8,10}. We estimated basin volumes by sampling 100 random initial
frequencies from the interior of the simplexes (Fig. 3c and Extended
DataFigs.6and 7).

Co-evolution of the number of observations M and the strictness
threshold g. To investigate the evolution of M and g simultaneously
(Extended Data Fig. 9), we fixed a social norm and selected a set of
discriminating strategies that used different values of M and g. We
firstidentified the thresholds that evolve for a fixed M € {4, 6, 8} by
running a competition among the possible thresholds for a fixed M.
For example, we simulated the dynamics between the unconditional
strategies and all the possible thresholds for M = 4, and we found that
amix between g =2/4 and g = 3/4 has a basin of attraction (Extended
DataFig. 9a). Then, we included the thresholds that could coexist at
equilibriuminto astrategy space comprising two unconditional strate-
gies (ALLC and ALLD) and the aggregating discriminators that evolve
for M =2.Following our example, we simulated the dynamics between
the unconditional strategies (ALLC and ALLD) and four DISC, ,, strate-
gies: two using M=2 (g=1/2and g =2/2) and two usingM =4 (g =2/4
and g = 3/4) (Extended Data Fig. 9c). We repeated this procedure for
M=6and M =8 (Extended DataFig. 9).

Co-evolution of strategies and social norms. To study the
co-evolution of strategies and social norms (Fig. 4 and Extended Data
Fig.10), we allowed individuals to imitate strategies and social norms
independently. At eachimitation step, anindividual might copy either
the strategy of the role model, with probability w, or the norm of the
rolemodel, with probability 1 - w (‘Norm dynamics’ sectionin the Sup-
plementary Information). For both Fig. 4 and Extended Data Fig. 10,
we simulated competition among the eight types obtained by pairing
one of the four strategies (ALLC, ALLD, DISC,, , or DISC,,, ,) with one
oftwo norms (scoring or stern-judging). We estimated the volumes of
the basins of attraction by sampling 975 initial strategic frequencies
and following the procedure described above. We considered four
different values for the probability of strategy imitation w € {0.1, 0.5,
0.9,1.0}. For Fig. 4, we considered three different values for the initial
fraction of the population using scoring (10%, 50% and 90%), with the
remaining fraction using stern-judging. Extended Data Fig. 10 shows
analogous results for every pair of norms, with each norminitially used
by 50% of the population.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
There are no empirical data associated with this study.

Code availability

The code for generating the numerical calculations in this study is
freely available at Zenodo (https://doi.org/10.5281/zenodo.12795781)*
and through GitHub at github.com/michel-mata/IRMO.jl.
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Extended DataFig.1|‘Look twice, forgive once’ is stable and facilitates
cooperative outcomesregardless of the social norm. We show the dynamics
betweenALLC,ALLD, and adiscriminator strategy usingM=10orM=2.The
classical DISC(M=1)is unstable for allnorms, and the cooperative outcomes
forscoring and simple-standing are vulnerable toinvasion by ALLD. When
DISC,,,uses M =2 observations and is strict (g = 2/2), the outcomes of the
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presence of ALLCand ALLD (left of dashed lines); and for the full strategy space
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of dashed lines). Each panel corresponds to afixed, shared social norm.
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integration from 100 differentinitial conditions. White labels indicate the
aggregating discriminators (pure or mixed) that are stable against invasion

by unconditional strategies. The rates of cooperation at the discriminating
equilibriarange from 69.2%t0 99.9%. Of the 99 steady states shown in this plot,
only1llarebelowarate of cooperation of 90%.
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under stern-judging. Panels show the competition of aggregating indicate the aggregating discriminators (pure or mixed) that are stable
discriminators using all possible thresholds g for a fixed number of againstinvasion by unconditional strategies. The rates of cooperationat the
observations Minthe presence of the unconditional strategies, for varying discriminating equilibria range from 30.1% to0 99.9%. Of the 76 steady states

values of the benefit-to-cost ratio (b/c) and of the assessment (a) and execution ~ shownin this plot, only Sare below arate of cooperation of 90%.
(¢) errorrates (with @ = ). Each bar concatenates the steady statesreached by
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ExtendedDataFig.5|Anunconditional strategy probC,caninvade classical
DISCand pureDISC, ,,, but not mixed equilibria. a-c, Competitionbetween
probabilistic unconditional cooperator (probC,), classic discriminators (DISC),
and aggregating discriminators (DISC, ) under scoring. The horizontal

axis shows multiple values of probC,’s probability of cooperation (p = 0 being
ALLDandp=1being ALLC). The vertical axes represent the frequency of
discriminators. Arrows show the flow of the evolutionary dynamics along the
vertical axis. Filled-in circles represent stable equilibria; open circles represent
unstable equilibria.a, probC,caninvade and coexist with the classic single-
observationdiscriminator (DISC) when the probability of cooperatingis large
enough (p>0.3). Atlow values of p < 0.3, coexistence becomes bistability.

b, When competing against ‘look twice, forgive once’, only a narrow range of
high probabilities (0.8 <p <1.0) allows probC, toinvade. Atlower p < 0.8, we
find bistability. ¢, probC, is also able to invade strict discriminators and coexist
withthemforp>0.1, withalarger fraction of probC, at this mixed equilibrium
aspincreases. d-e, Effects of probC,when more strategies are present. The bars
show theresults of the competition between probC,, ALLD, and DISC (for M=1);
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probability that probC cooperates

and the competitionbetween probC,, ALLD, tolerant aggregating discriminator
(g=1/2),and strictaggregating discriminator (g = 2/2) (for M=2).d, When
discriminators use asingle observation, the outcomes are very similar to the
classicscenariowith ALLC:if pislarge enough (p > 0.3), thereis coexistence
between probC,and DISCwith the same weakness of the ‘scoring dilemma’
(i.e.ALLD caninvade and take over). e, With multiple observations, for all values
of pwetested, amixture of tolerant and strict discriminators can coexist, have
anon-trivial basin of attraction, and resistinvasion by probC,and ALLD. This is
because having afew strict discriminators in the mix effectively increases the
overallstrictness of the population compared to ascenario where only DISC, , ,
ispresent. Asaresult, the overall ‘effective population tolerance’ becomes
g.>1/2.This higher level of strictness enables the population to more
successfully identify and punish probC,whenrare. As pincreases, the basin of
attraction towards such mixed discriminating equilibrium decreases. For all
panels, the benefit-to-cost ratiois b/c = 5, with error rates of assessment and
executiona=0.02and e=0.02, respectively.
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Extended DataFig. 6 | Robustness of the evolution of the number of
observations under scoring. Panels show the competition of all possible
numbers of observations (2 < M <10) for afixed strictness threshold gin the
presence of unconditional strategies, for varying values of the benefit-to-cost
ratio (b/c) and of the assessment (&) and execution (¢) error rates (with a = €).

Eachbar concatenates the steady statesreached by numerical integration from
100 differentinitial conditions. The rates of cooperation at the discriminating
equilibriarange from79.2%t0100%. Of the 88 steady states shown in this plot,
only 3 are below arate of cooperation of 90% (marked with adashed line).
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Extended DataFig.7|Robustness of the evolution of the number of ratio (b/c) and of the assessment (a) and execution (g) error rates (witha =¢).
observations under stern-judging. Panels show the competition of allpossible  Eachbar concatenates the steady states reached by numerical integration
numbers of observations (2 < M <10) for afixed strictness threshold gin the from100 different initial conditions. The rates of cooperation at all 76

presence of unconditional strategies, for varying values of the benefit-to-cost discriminating equilibriain this plot range from 92.4%t0100%.
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Extended DataFig. 8| Conditions for the evolution of anumber of
observations Munder afixed strictness threshold g. a, The panelillustrates
thecriteriadetermining how aresident discriminator, which aggregates M,
observations, canresistinvasion by adiscriminator thataggregatesalarger
number of observations (M, > M;). The criterion for eachresident type is shown
by distinct curves. Below each curve are the conditions where the resident
discriminator successfully resistsinvasion, while above the curvesindicates
vulnerability toinvasion by discriminators aggregating alarger number of
observation. The spacebetween adjacent curvesisacoexistencezone, where
bothresident andinvading discriminators can stably exist together. Lower
numbers of observations are favored by lower benefit-to-cost ratios. As error

0.10

ratesincrease, the benefit-to-costratiorequired by aresident to resistinvasion
decreases exponentially. The dashed line shows b/c =10 as an example, with
different markers indicating specific values of the error rates. b, Panel shows
the outcomes of the competition between multiple aggregating discriminators
usingM e {2,4,6,8,10} in the presence of the unconditional strategies. Each

bar correspond to each of the markers of panel a, showing the steady states
reached by numericalintegration from100 different initial conditions. The
steady states confirm the criteria of panelaand show that, as error rates
increase with afixed benefit-to-costratio, larger numbers of observations
evolve. Forall panels, we set g =1/2 and fixed scoring as the social norm.
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Extended DataFig. 9| Coevolution ofthe number ofobservationsMandthe Me{4,6,8}inthepresence of unconditional strategies. Such dynamics result

strictness threshold gunderscoring. a, Estimated basins of attraction after innew mixed equilibria, which always contain ‘look twice, forgive once’and an
competitionof all possible thresholds for M € {4,6,8} and the two unconditional ~ aggregating discriminator from larger M. Specifically, the strict discriminator
strategies. The mix between two moderately tolerant discriminators has the with M =2isoutcompeted by less strict discriminators but with larger
largest basin of attraction regardless of M. b, Estimated basins of attraction Me1{4,6,8}. Therates of cooperation at the discriminating equilibriaareall
after competition of all possible thresholds for M =2, withalarge basin of >99.5%. For all panels, the benefit-to-costratiois b/c = 5, with error rates of
attraction towards the ‘look twice, forgive once’ and strict discriminator mix. assessment and executiona =0.02and £=0.02, respectively.

¢, Competition between the mix of M=2and the mixes that evolvein larger
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Extended DataFig.10|Coevolution of strategies and social norms, for all
pairsofnorms. Each table cell shows the outcome of the competition among
theeight types obtained from pairing one of the four strategies (ALLC,ALLD,
DISC,, ,and DISC,,, ;) with one of the two social norms. The initial proportion of
the twosocialnormsissetto 50%. The four different barsin cell represent
different probabilities of strategy imitation (w) versus social normimitation
(1-w). Eachbar summarizes steady states reached by numerical integration

from 975 uniformly distributed different initial strategy frequencies. Hues
representstrategies; the brightness of each hue (lighter or darker) indicates
thesocialnorm. Therate of cooperation at the equilibria where the population
consists entirely of discriminator strategies exceeds 97.5% inall cases. For all
panels, the benefit-to-costratiois b/c =5, with error rates of assessment and
executiona=0.02and e=0.02, respectively.



Corresponding author(s):  Corina E. Tarnita

nature portfolio

Last updated by author(s): Jul 28, 2024

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
Confirmed

|:| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

|:| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

D The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] A description of all covariates tested

|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

X XX X XX 5

D A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

D For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

X X X

|:| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Custom code in Julia v1.8.5 to generate the time trajectories and steady states of the evolutionary dynamics of different sets of strategies.
Custom code in Mathematica v14.0 to plot such trajectories.

Data analysis Custom code in Julia v1.8.5. Code DOI [10.5281/zenodo.12795781] and available at the URL: https://github.com/michel-mata/IRMO.jl

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

There are no empirical data associated with this study. All synthetic data generated are available at the URL: https://github.com/michel-mata/IRMO.jl/

>
Q
Q
c
@
O
]
=
o
=
—
®
©O
]
=
S
(e}
wv
c
3
3
Q
<




Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or  N/A
other socially relevant

>
QO
L
c
)
e,
o)
=
o
=
—
@
S,
o)
=
>
Q
wv
C
3
3
QO
<

groupings

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences |:| Behavioural & social sciences Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description Theoretical model and numerical analysis and simulations.
Research sample N/A

Sampling strategy N/A

Data collection Data generated by custom code in Julia v1.8.5

Timing and spatial scale  N/A

Data exclusions N/A
Reproducibility Custom code in Julia v1.8.5. Code DOI [10.5281/zenodo.12795781] and available at the URL: https://github.com/michel-mata/IRMO.jI
Randomization N/A
Blinding N/A

Did the study involve field work? [ yes No

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.




Materials & experimental systems Methods

=)

n/a | Involved in the study n/a | Involved in the study Qér
|Z |:| Antibodies |Z |:| ChIP-seq @
O

|Z |:| Eukaryotic cell lines |Z |:| Flow cytometry ®}
3

|Z |:| Palaeontology and archaeology |Z |:| MRI-based neuroimaging Ei‘
|Z |:| Animals and other organisms o
X|[] clinical data 5
XI|[] pual use research of concern _8
=

XI|[] plants s
(@]

wv

c

=

Plants =
<

Seed stocks N/A

Novel plant genotypes  N/A

Authentication N/A




	The evolution of private reputations in information-abundant landscapes

	Online content

	Fig. 1 ‘Look twice, forgive once’ solves both the scoring and the punishment dilemmas.
	Fig. 2 For M = 2 observations, aggregating discriminators evolve even when considering the full strategy space.
	Fig. 3 Aggregating discriminators evolve for any number of observations M ≥ 2, but, given the choice, individuals do not evolve to use all available information.
	Fig. 4 Aggregating discriminators evolve even when there are several social norms of judgement.
	Extended Data Fig. 1 ‘Look twice, forgive once’ is stable and facilitates cooperative outcomes regardless of the social norm.
	Extended Data Fig. 2 For M = 2, aggregating discriminators evolve versus unconditional strategies.
	Extended Data Fig. 3 Robustness of the evolution of tolerance thresholds under scoring.
	Extended Data Fig. 4 Robustness of the evolution of tolerance thresholds under stern-judging.
	Extended Data Fig. 5 An unconditional strategy probCp can invade classical DISC and pure DISCq,M, but not mixed equilibria.
	Extended Data Fig. 6 Robustness of the evolution of the number of observations under scoring.
	Extended Data Fig. 7 Robustness of the evolution of the number of observations under stern-judging.
	Extended Data Fig. 8 Conditions for the evolution of a number of observations M under a fixed strictness threshold q.
	Extended Data Fig. 9 Coevolution of the number of observations M and the strictness threshold q under scoring.
	Extended Data Fig. 10 Coevolution of strategies and social norms, for all pairs of norms.




