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Significance 

People’s cooperative intentions 

are often shaped by the social 
norms of their community. These 

norms determine how people 

ought to act and how their 

actions affect reputations. 
However, models of evolutionary 

game theory suggest that such 

norms can only sustain 

cooperation when people agree 

on each other’s reputations. Prior 

research has thus explored 

mechanisms that people use to 

reduce disagreements, such as 

gossip or empathetic 

perspective-taking. Here, we 

describe a more immediate 

mechanism. When observing a 

donor’s action, people not only 

revise the donor’s reputation but 
also the recipient’s. We show that 
such dual reputation updates 

strongly align reputation 

judgments within a community. 
This alignment in turn facilitates 

the evolution of social norms 

previously deemed unstable. 

People often cooperate out of concern for their reputation. The corresponding theory of 
indirect reciprocity predicts that such cooperation can only evolve if people’s opinions 
of each other are sufficiently correlated. This correlation, however, can be difficult 
to achieve when individuals form their opinions independently from one another, 
as in private assessment models. In that case, errors can generate disagreements 
that propagate throughout a population. Here, we identify a simple mechanism 
that mitigates this problem. Most prior work assumes that observers revise only the 
reputations of donors—the individuals who choose whether to cooperate or defect. 
We instead allow observers to also revise the reputations of recipients—the individuals 
affected by the donors’ choices. Using analytical calculations and simulations, we show 
that such dual reputation updates help synchronize opinions and facilitate cooperation. 
To demonstrate this approach, we focus on a particularly simple rule, which we call 
Recipient Image Scoring (RIS). Under RIS, recipients are assessed as good whenever 
donors choose to cooperate with them. We show that this rule for judging recipients 
effectively complements the classical leading-eight rules for judging donors. Our results 
establish dual assessment as a simple mechanism for cooperation that relies only on 
directly observable information. 

evolutionary game theory | social norms | indirect reciprocity | evolution of cooperation 

Cooperation is at the core of many of our daily social interactions. Yet how it emerges and 
is maintained—especially in large and anonymous populations—remains a key question 
in evolutionary biology and the social sciences (1, 2). One mechanism that may explain 
the remarkable extent and scale of human cooperation is indirect reciprocity (3, 4). This 
mechanism highlights the role of social norms, which prescribe how people should act 
in order to maintain a good reputation (5). This literature regards good reputations as a 
valuable commodity. Indeed, several experiments confirm that people with a reputation 
of being cooperative are more likely to receive help or monetary benefits in future, even 
from third parties they have never interacted with (6–8). As a result, people become more 
cooperative when their actions are observable (9–12). 

To explore the effect of reputations on cooperation formally, researchers analyze social 
dilemmas in evolving populations (13–15). These models assume that at each time 
point, two population members are selected randomly. The first member (“donor”) then 
decides whether to cooperate with the other (“recipient”). This decision is observed by 
the remaining population members, who may use this information to update the donor’s 
reputation. The updated reputation depends on the donor’s action, the social norm in 
place, and the observability of the interaction. In the most basic setup, reputations are 
binary (good or bad), and interactions are observed by everyone. Observation errors, 
if they occur, affect all observers identically (16). For this so-called public assessment 
regime, it is possible to determine all social norms (of a certain complexity) that sustain 
cooperation (16, 17). The corresponding “leading-eight” norms have become a baseline 
in the field. They all have in common that cooperating with a good recipient ought to 
be evaluated as good, and that defecting against good recipients is bad. They disagree, 
however, on how to evaluate actions toward bad recipients; see Table 1. Subsequent 
work has explored several extensions, including when these norms are evolutionarily 
stable (18, 19), the role of costly punishment (20–22), and models with nonbinary 
reputations (23–25). 

While the public-assessment assumption greatly simplifies analytical calculations, it 
can be unrealistic. Under this assumption, all population members are assumed to hold 
the same view of third parties. For example, if Alice deems Bob bad, all others must agree, 
including Bob himself. This remains true even in noisy public-assessment models: Errors 
may lead everyone to assign the wrong reputation, but they do not induce disagreements 
across observers. In everyday life, however, such disagreements are widespread. They 
naturally arise when people differ in the information they have or in how they interpret 
a given interaction. Models that allow for such “private assessment” suggest that, once 
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Table 1. The leading-eight social norms 

(G, G) (G, B) (B, G) (B, B) 

S R1 (C ) R1 (D) S R1(C) R1(D) S R1(C) R1(D) S R1(C) R1(D) Type

L1 (standing) C 1 0 D 1 1 C 1 0 C 1 0 I 
L2 (consistent standing) C 1 0 D 0 1 C 1 0 C 1 0 II 
L3 (simple standing) C 1 0 D 1 1 C 1 0 D 1 1 I 
L4 C 1 0 D 1 1 C 1 0 D 0 1 I 
L5 C 1 0 D 0 1 C 1 0 D 1 1 II 
L6 (stern judging) C 1 0 D 0 1 C 1 0 D 0 1 III 
L7 (staying) C 1 0 D 1 1 C 1 0 D 0 0 I 
L8 (judging) C 1 0 D 0 1 C 1 0 D 0 0 III 

The top row (X , Y ) indicates the reputations of the donor and the recipient, respectively. For example, (G, B) denotes a good donor who interacts with a bad recipient. The entries S, 
R1 (C), and R1 (D) specify the prescribed action (cooperate or defect), how a donor is evaluated when they cooperate, and how they are evaluated when they defect, respectively. An entry 
of 1 means that the donor is assessed as good; an entry of 0 means that the donor is assessed as bad. Columns highlighted in bold are those in which the leading-eight norms differ. In 
the rightmost column, we classify the norms into three types according to their evolutionary stability properties under private assessment, following ref. 32. 

individuals disagree about how they view others, these dis-
agreements tend to proliferate over time, even when the error 
rate is arbitrarily small (26–29). For indirect reciprocity to be 
effective, however, individual opinions need to be sufficiently 
correlated (30). Therefore, most leading-eight norms cease to be 
stable under private assessment (31, 32). These findings shift the 
focus of research on indirect reciprocity. Instead of asking “How 
can social norms help sustain cooperation?,” the relevant question 
becomes “How can communities avoid disagreements?.” 

Prior research has described several mechanisms that increase 
the correlation between individuals’ opinions. These mechanisms 
include empathy (33), gossip (34–36), pleasing (37), and public 
institutions (38, 39). In addition, several studies describe the 
positive effects of more nuanced social norms, which go beyond 
mere good-or-bad characterizations (40–42). The present study 
highlights a more elementary source of opinion synchronization. 
Our approach emphasizes the role of shared observations of recent 
interactions. We argue that after a donor decides to cooperate 
with or defect against a given recipient, observers may not only 
update their opinions of the donor, but also of the recipient. 
Although recipients are entirely passive, there are at least two 
reasons why an observer may still find it sensible to reevaluate 
the recipient’s reputation. First, the interaction may provide 
observers with information about how others see the recipient. 
For example, if Alice defects against Bob, Charlie may infer that 
Alice considers Bob to be bad—a judgment Charlie may want to 
copy. Second, the observer may learn that a previous wrongdoing 
has already been sanctioned. For example, if Charlie considered 
Bob to be bad to begin with, he may regard Bob’s reputation as 
restored after Alice’s defection, reasoning that Bob has suffered 
enough for his wrongdoing. Indeed, empirical evidence suggests 
that how people evaluate or treat a person can be influenced 
by how others treat that person, even when the person has 
taken no action (43–45). Such “dual reputation updates” have 
a comparatively minor effect in public assessment models (18). 
Interestingly, however, we show that under private assessment, 
they have a major effect on opinion synchronization, making 
them particularly relevant for the evolution of cooperation. 

Among the many possible assessment rules for updating a 
recipient’s reputation, we identify a rule that combines strong 
performance with a particularly simple structure: Recipient Image 
Scoring (RIS). Similar to classical Image Scoring (IS) (46, 47), 
RIS associates cooperation with a good reputation and defection 
with a bad one. However, unlike IS, which is used to assess 
the donor, RIS is used to assess the recipient. Recipients are 
judged as good if they receive cooperation, and as bad otherwise. 
This rule can be interpreted as a form of conformity (48), in 

the sense that observers change their evaluations and behavior 
toward a recipient to match the response of the donor. We 
find that norms that combine the leading-eight (for assessing 
donors) with RIS (for assessing recipients) tend to be more 
cooperative and stable compared to the classical leading-eight 
without recipient assessment. More generally, our analysis shows 
that incorporating dual assessments generates a large, hitherto 
understudied class of social norms that naturally facilitates the 
evolution of cooperation. 

Model and Results 

Modeling Indirect Reciprocity. Our model builds on previous 
work on indirect reciprocity under private assessment (26–28). 
We consider a well-mixed population of N individuals, which 
we refer to as players. In each round, two players are randomly 
chosen: a donor and a recipient. The donor decides whether 
to cooperate (C ) or to defect (D). Cooperation incurs a cost c 
for the donor and results in a benefit b for the recipient, where 
b > c > 0. Defection yields a payoff of zero for both players. In 
the main text, we consider the case of perfect observation: The 
donor’s choice is observed by all other population members; see 
Fig. 1A for a schematic illustration (in SI Appendix, we discuss 
an extension to imperfect observation, where only a fraction of 
population members observe any given interaction). The above 
process is iterated for many rounds, with a new donor-recipient 
pair drawn each time. 

During this sequence of donation games, players form private 
opinions about each other. The opinion that player i holds about 
player j is denoted by mij. Players also hold opinions about 
themselves. Opinions are binary, either good (G) or bad (B), and 
they can change over time. We refer to M = (mij) as the image 
matrix. It collects all players’ views of each other at a given time 
point in an N × N table. Row i summarizes how player i views 
all others; column j summarizes how all others view player j. 
In previous studies of private assessment, each observer updates 
only their opinion about the donor. By contrast, we study dual 
reputation updates (18, 49). Here, observers can also revise their 
opinion of the recipient; see Fig. 1B. This approach is related 
to previous work where observers update their assessment of 
either the donor or the recipient (50). However, it differs in that 
observers can update both players’ reputations simultaneously. 
As we show below, dual updates have major implications for the 
resulting reputation dynamics under private assessment. 

The Space of Social Norms. To make their decisions in these 
pairwise games, players follow a social norm. The norm consists 
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A B 

Fig. 1. Indirect reciprocity with dual private assessment. (A) In each round, 
a donor and a recipient are randomly drawn from the population. Then the 
donor decides whether to cooperate (C) or defect (D) based on their opinion 
and their action rule S. All other players observe this interaction and privately 
update their opinions about both the donor and the recipient. The updated 
opinion depends on their assessment rules R1 and R2. (B) After the interaction 
has taken place, the columns corresponding to the donor and the recipient in 
the image matrix are updated accordingly, depending on the revised views of 
the population members. Each cell is shaded if the opinion is good (G) and left 
white if the opinion is bad (B). When opinions are updated, assessment errors 
for the donor and the recipient may occur independently with probabilities 
𝜇1 and 𝜇2, respectively. In the depicted case, all population members view 
the donor as good, whereas most of them view the recipient as bad. 

of three components, (S, R1, R2). The first component S is the 
“action rule.” It determines whether players cooperate when 
acting as a donor. The chosen action aij ∈ {C , D} of donor i 
against recipient j may depend on their own and the recipient’s 
reputations (from the viewpoint of the donor). Hence, the action 
rule is a function aij = S 

� 
mii, mij 

 
. It assigns to any pair of 

reputations in {G, B} × {G, B} a response in {C , D}. 
Social norms also determine how players update their opinions 

over time. With dual assessments, there are two such “assessment 
rules”—one for the donor (R1) and one for the recipient (R2). 
To describe them, suppose observer k witnesses an interaction 
between donor i and recipient j. Then the observer’s updated 
views depend on their previous view of the donor mki, their 
previous view of the recipient mkj, and the donor’s action a. 
We allow the updated reputations to be stochastic (18, 51). The 
corresponding function R1(mki, mkj, a) gives the probability that 
the observer’s updated opinion of the donor is good. Hence, 
it is a function from {G, B} × {G, B} × {C , D} into the unit 
interval [0, 1]. Analogously, the observer assigns a good reputation 
to the recipient with probability R2(mki, mkj, a). 

It is instructive to consider two examples. First, suppose a 
donor defects against a recipient. Suppose further that, prior 
to the interaction, an observer views the donor as good, the 
recipient as bad, and that the observer’s assessment rule satisfies 
R1(G, B, D) = 1 and R2(G, B, D) = 0. After the interaction has 
taken place, the observer thus again views the donor as good and 
the recipient as bad—both with certainty. As another example, 
suppose R2(x, y, a) = 𝛿y,G for all x, y ∈ {G, B} and a ∈ {C , D}. 
Here, 𝛿x,y is the Kronecker delta: It is equal to one if x = y, 
and equal to zero otherwise. This rule implies that the recipient’s 
reputation is always left unchanged. We thus recover the classical 
single-update model of previous studies (16, 46). 

Assessments can be noisy. We assume each assessment is 
flipped with probability 𝜇1 > 0 for donors and 𝜇2 > 0 for 
recipients. These errors occur independently across observers and 
the two targets. In addition, we allow implementation errors. If a 
donor intends to cooperate, they instead defect with probability 
𝜇e ≥ 0 (e.g., due to a lack of resources). In line with the literature, 
we assume intended defections are implemented correctly. Noisy 

assessments are not only more realistic; they also make the 
reputation dynamics ergodic. Given the players’ social norms, 
their (average) views of each other are guaranteed to converge to 
a stationary state, independent of their initial views. 

In total, there are 28 = 256 deterministic assessment rules for 
each of R1 and R2. However, in the main text, we primarily focus 
on those R1 that belong to the leading-eight (Table 1), since 
they are evolutionarily stable under public assessment (16). For 
R2, we first focus on two rules (Table 2). The first is the above-
mentioned R2(x, y, a) = 𝛿y,G , where the recipient’s reputation 
remains unchanged. We refer to the social norms incorporating 
this rule as “base norms.” The second is the RIS rule: R2(x, y, a) = 
𝛿a,C . Here, the recipient is assessed as good if the donor cooperates 
with the recipient, and as bad if the donor defects against the 
recipient. When a leading-eight R1-rule is combined with the 
RIS R2-rule, we refer to the resulting norms as L1-RIS, …, 
L8-RIS; when it is combined with the base R2-rule, we refer 
to the resulting norms as L1-base, …, L8-base. Collectively, we 
denote these norms as Lx-RIS and Lx-base, respectively. We 
discuss a comprehensive analysis of the full space of possible 
norms (S, R1, R2) further below. 

Exploring the Possible Reputation Dynamics. To get an im-
pression of how dual assessments affect reputations, we start 
with some examples. To this end, we consider homogeneous 
populations in which everyone adopts the same norm. We assume 
that players adopt one of the four leading-eight norms L3, L5, 
L6, or L8; for the remaining four norms, see SI Appendix. We 
focus on these norms because they cover the three different 
types of leading-eight norms described in the literature (32, 52). 
These types differ in how they evaluate cooperation with bad 
recipients, and therefore in how easily disagreements spread 
under private assessment. Type I norms (L1, L3, L4, L7) are 
the most lenient, with R1(G, B, C ) = 1. Here, good donors who 
cooperate remain good, regardless of the recipient’s standing. 
This not only helps maintain a high number of good opinions 
but also helps resolve occasional disagreements. Type II norms 
(L2, L5) instead have R1(G, B, C ) = 0 but R1(B, B, C ) = 1. 
These norms are more sensitive to disagreements, because the 
evaluation of cooperation with bad recipients depends on the 
donor’s reputation. Finally, type III norms are the strictest. 
They have R1(G, B, C ) = R1(B, B, C ) = 0; hence, cooperation 
with bad recipients is judged negatively. Here, if a donor 
and an observer disagree about the recipient’s reputation, the 
donor’s action appears justified to the donor but unjustified to 
the observer. The observer may then assign the donor a bad 
reputation, which not only increases the number of bad opinions 
but also allows an initial disagreement about one individual 
to spread to another. Consequently, populations of type III 
show comparatively low cooperation rates, and they tend to be 
evolutionarily unstable (26–28). 

These differences among the three types can also be seen 
in Fig. 2A. Here, the left column shows snapshots of the 
population’s image matrix M = (mij) after a sufficiently long 
time (for Lx-base). For type I and type II norms, we observe 
that most individuals are viewed as good. Moreover, opinions 
are largely correlated (each column of the matrix is either mostly 
colored or mostly white). In contrast, the image matrices for 
type III norms show a different pattern. As the Top Left panel 
of Fig. 2A shows, “Stern Judging” (L6, 53–56), is particularly 
prone to disagreements (26–29). Here, the fraction of good 
opinions approaches one half, and opinions are completely 
independent. This independence is problematic as it renders 
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Table 2. Representative rules for recipient assessment 

(G, G) (G, B) (B, G) (B, B) 

R2(C) R2(D) R2(C) R2(D) R2(C) R2(D) R2(C) R2(D) 

Base 1 1 0 0 1 1 0 0 
Recipient image scoring (RIS) 1 0 1 0 1 0 1 0 
Good-donor trusting (GDT) 1 0 1 0 1 1 0 0 
Always good (ALLG) 1 1 1 1 1 1 1 1 

The top row (X , Y ) indicates the original reputations of the donor and the recipient, respectively. The entries R2(C) and R2(D) give the updated assessment of the recipient when the 
donor cooperates (C) and when the donor defects (D), respectively. An entry of 1 means that the recipient is assessed as good, whereas an entry of 0 means that the recipient is assessed 
as bad. The base rule corresponds to the classical single-update model; here, the recipient’s reputation remains unaffected. 

conditional cooperation unstable: Even if Alice views Bob as 
good, cooperating with him does not help her to improve her 
reputation, because her view is not indicative of how others view 
him. We also observe largely uncorrelated opinions in the image 
matrix for the other type III norm, “Judging” (L8); but here, the 
proportion of bad entries is even larger. 

The situation changes markedly once the leading-eight norms 
are combined with RIS (Right panels in Fig. 2A). For example, 
while opinions under L6-base had been completely uncorrelated, 
they become highly correlated under L6-RIS and most players 
regard each other as good. Only occasionally is a player regarded 
as bad by almost everyone, corresponding to the white vertical 
stripes. These stripes arise from rare disagreements (27): If Alice 
mistakenly views Bob as bad and hence defects against him, the 

A B C 

Fig. 2. Comparison of the base and RIS norms. From top to bottom, 
we consider four different donor-assessment rules, R1 ∈ {L6, L8, L5, L3}. 
In addition, we consider two different recipient-assessment rules: base 
and RIS. (A) For each combination of rules, we consider a homogeneous 
population (N = 50) and simulate its reputation dynamics. Assessment and 
implementation errors occur at rate 𝜇1 = 𝜇2 = 𝜇e = 0.02. The panels depict 
a snapshot of the image matrix after a sufficiently long time. Each cell is 
colored (G) or left white (B) according to the opinion mij . The first variable 
i (corresponding to a row of the matrix) represents the player holding the 
opinion; the second index j (corresponding to a column) represents the 
player being judged. (B) Whereas the previous image matrices are random 
snapshots, which may not be fully indicative of the average goodness of 
players, here we display how often players cooperate on average. (C) In 
addition, we depict for which b/c values the respective resident norm is stable 
against ALLC and ALLD mutants. Since L6-base and L8-base do not have any 
stable b/c region, the respective areas are left blank. 

other players, who view Bob as good, evaluate Alice’s defection 
as bad. However, these white stripes need not render cooperation 
unstable, as long as opinions remain sufficiently correlated (30). 
A similar conclusion holds for L8. While L8-base results in 
many bad and largely uncorrelated opinions, L8-RIS leads to 
a large proportion of good, correlated opinions (see the second 
row in Fig. 2A). For the other two norms L5 and L3 as well, 
the RIS regime yields more good and more correlated opinions 
than the base regime, although the difference is now smaller 
(because already in the base setup, opinions tended to be good 
and correlated). 

This positive effect of RIS on assigned reputations has direct 
consequences on how often individuals cooperate, as shown in 
Fig. 2B. These “self-cooperation levels” are systematically larger 
for RIS, as one may expect. We can also use these results to 
compute for which range of b/c values the respective resident 
norm would be stable against either ALLD or ALLC mutants; 
see Materials and Methods. These two mutant types have been 
chosen because they often serve as natural baseline competitors 
in models of indirect reciprocity (e.g. refs. 27 and 57–60) (for 
a stability analysis that systematically considers all mutants with 
different action rules, see SI Appendix). For each leading-eight 
rule applied to the donor, we observe that the respective range of 
b/c values is larger when recipients are judged according to the 
RIS rule; see Fig. 2C . Note that for L6 and L8, the base norm is 
unstable for any benefit-to-cost ratio. 

After discussing these special cases, a natural question is how 
RIS compares to other assessment rules for recipients. Fig. 3 
shows simulation results for all possible deterministic R2 rules, 
with the previous four R1 rules fixed. In each case, we depict a 
norm’s self-cooperation level (on the x-axis) and the minimum 
benefit-to-cost ratio required for the norm to be stable against 
ALLD (on the y-axis). Well-performing norms are those toward 
the Bottom Right corner of each panel. In each case, we find 
R2 = RIS (orange squares) to be among the best rules. Consistent 
with previous observations, the effect of the RIS rule is most 
pronounced for L6 and L8, where the base R2 rule performs 
poorly (and is thus invisible in the figure). 

To further highlight the effectiveness of Lx-RIS, we also show 
results for another recipient assessment rule. The “good-donor 
trusting” (GDT) rule is a hybrid: It adopts the RIS rule when the 
donor is perceived as good, and the base rule when the donor is 
perceived as bad; 

R2(x, y, a) = 

 
𝛿a,C if x = G 
𝛿y,G if x = B 

[1] 

In Fig. 3, the Lx-GDT norm is indicated by purple triangles. For 
L6 and L8, this rule does not improve performance compared 
to the base rule. In fact, in both cases, the Lx-GDT norm does 
not allow for evolutionarily stable cooperation at all. For L5 and 
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Fig. 3. Cooperation levels and stability against ALLD across recipient-assessment rules. We pair each donor-assessment rule, R1 ∈ {L6, L8, L5, L3}, with all 
possible deterministic recipient-assessment rules, R2. For each pair, we consider a homogeneous population, in which everyone applies the respective norm. 
For that population, we compute its self-cooperation level (x-axis) and the critical b/c ratio above which the norm is stable against ALLD (y-axis). Points toward 
the Bottom Right corner of each panel correspond to norms that perform well with respect to both dimensions. We highlight four particular recipient-assessment 
rules: base, RIS, GDT, and ALLG. For L6 and L8, there is no b/c region for which the respective base or GDT norm is stable; hence, those points are not shown. 
The population size is N = 50, and the assessment and implementation error rates are 𝜇1 = 𝜇2 = 𝜇e = 0.02. 

L3, too, the performance of Lx-GDT is similar to that of the 
base norm. Overall, the GDT rule yields no advantage, despite 
its intuitive appeal. Another interesting R2 rule is the ALLG 
rule, under which the recipient is always regarded as good. 
Although this rule yields the highest self-cooperation level, it 
requires larger b/c ratios to be stable against ALLD mutants than 
the RIS rule. Overall, RIS strikes a good balance between being 
generous enough to allow for cooperation and being strict enough 
to prevent exploitation by ALLD. 

Recovery Analysis of Opinion Disagreements. To gain some 
analytical insight into why RIS leads to more aligned opinions 
compared to the base rule, we perform a recovery analysis (27). To 
this end, we consider a homogeneous population where everyone 
adopts the same norm. Additionally, we assume errors to be rare, 
such that 𝜇 → 0 for all error rates. Initially, we suppose everyone 
regards everyone as good, with a single exception: Player 1 regards 
player 2 as bad. Given this initial state, we analyze how long the 
population takes on average to revert to a state in which everyone 
is regarded as good, depending on the norm in place. This kind 
of analysis provides insights into how robust different norms are 
with respect to initial disagreements. 

For the standard case when donors are assessed according to a 
leading-eight rule, and recipients according to the base rule, this 
recovery analysis was carried out in ref. 27. That study reports 
two results. i) For four norms, recovery is not even guaranteed 
(L4, L6, L7, L8). The recovery probability is lowest for L6 and 
L8, for which it is 1 − 1/N . ii) The expected time until recovery 
(conditional on recovery occurring) is ⎧⎨ ⎩ 

O(N ) for type I norms (L1, L3, L4, L7), 
O(N log N ) for type II norms (L2, L5), 
N · HN − N for type III norms (L6, L8). 

[2] 

Here, O(·) is the Big-O notation and HN = 
N

k=1 1/k is the 
N -th harmonic number. In particular, recovery is fastest for type I 
norms, followed by type II norms. 

In the following, we sketch how to perform a similar recovery 
analysis for L6-RIS (see SI Appendix for details). Instead of 
considering all possible 2N 2 

configurations of the image matrix, 
it turns out that the state space can be simplified considerably. To 
this end, we first note that at any given point in time, there can 
be disagreement about at most one player’s reputation. This is 
because after any interaction, all players agree on their opinion of 
the recipient (due to the assumption of rare errors). Therefore, the 
number of disagreements cannot increase. In the following, we 

distinguish between player 1 and the “remaining players.” For 
L6-RIS, one can furthermore show that the remaining players 
always agree on how they assess any given player. 

As a result of these considerations, we can characterize the 
state of the image matrix by a triplet (𝛼, 𝛽, 𝛾). Here, 𝛼 ∈ {0, 1} 
indicates whether the remaining players consider player 1 as 
good. The next entry 𝛽 ∈ {0, 1, . . . , N − 1} indicates how many 
remaining players are considered good, from the viewpoint of 
the remaining players. Finally, 𝛾 ∈ {0, 1, −, +} indicates where 
the disagreement exists (if there is any). If 𝛾 = 0, there is no 
disagreement in the opinions of player 1 and the remaining 
players. If 𝛾 = 1, they disagree about player 1: Either player 1 
considers player 1 to be good whereas the others do not, or vice 
versa. If 𝛾 = −, they disagree about one of the remaining players, 
say player j. Here, while player 1 considers j as bad, the remaining 
players consider j as good. Finally, 𝛾 = + corresponds to the 
opposite case: While player 1 considers j to be good, everyone 
else considers j to be bad. Interestingly, this final case never occurs 
during recovery. 

For this small set of states, we can explicitly compute 
the transition probabilities from any state to any other. For 
sufficiently small N , this allows us to compute the recovery time 
exactly (without simulations). Moreover, for large N , we prove 
that the expected recovery time is of order O(N ), and therefore 
faster than that of L6-base. 

Fig. 4 shows simulation results for the recovery time of all 
Lx-base and Lx-RIS norms, as a function of population size N . 
We observe four distinct curves, with the following regularities. 
i) For each leading-eight norm, an Lx-base population takes 
longer to recover than an Lx-RIS population. ii) For each R2 
rule, type I norms recover faster than type II norms, which in 
turn recover faster than type III norms. The only exception 
occurs for type II-RIS and type III-RIS; they recover equally 
fast. Moreover, the analytical calculation for L6-RIS matches 
the numerical results, which is reassuring. Overall, we find 
that compared to the base rule, RIS improves the performance 
of all leading-eight norms, as disagreements are resolved more 
quickly. 

For the above analysis, we have studied recovery from a state 
with a single disagreement. However, a similar recovery analysis 
is feasible for more complicated initial configurations. In SI 
Appendix, we explore recovery from an image matrix in which 
initial opinions are assigned randomly, taking Stern-Judging (L6) 
as an example. For L6-base, we find that populations typically do 
not recover at all, even when there are no further errors (𝜇 → 0). 
For L6-RIS, on the other hand, recovery is guaranteed, and it 
happens relatively quickly (SI Appendix, Fig. S6). 
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Fig. 4. Recovery time as a function of population size. We explore how 
quickly a homogeneous population recovers from a single disagreement, in 
the limit of rare errors. Initially, all players consider everyone good, except 
for player 1, who considers player 2 bad. The expected time it takes to 
reach a state where all players are considered good by everyone depends 
on the adopted social norm. Simulations suggest that among the sixteen 
norms considered, there are four distinct cases. For L6-RIS, we also compute 
recovery times analytically. The respective results are indistinguishable from 
the numerically derived values. 

What Makes RIS Particularly Effective. To a large extent, the 
previous results are driven by one of the key properties of the 
RIS rule: Assigned reputations only depend on the donor’s 
action. This property facilitates opinion synchronization because 
observers typically agree on which action was chosen, even if 
they disagree on the prior reputations of the donor or the 
recipient. However, RIS is not the only rule with this property. 
Unconditional rules or other rules depending only on the 
observed action might be equally effective (i.e., zeroth- or first-
order norms). For instance, the above-mentioned ALLG with 
R2(x, y, a) = 1, Always Bad (ALLB) with R2(x, y, a) = 0, and 
Anti-RIS with R2(x, y, a) = 𝛿a,D would achieve similar levels of 
opinion synchronization. Still, these alternative rules are inferior 
to the RIS rule, as we argue below. 

To understand why, consider an idealized scenario where all 
players share the same opinion about each other: the public 
assessment model. In that case, it is possible to explicitly derive 
a necessary and sufficient condition for a dual assessment norm 
to be a cooperative ESS (18). When R1 is a leading-eight rule, 
the corresponding condition reads as follows (see SI Appendix for 
details): ⎧⎨ ⎩ 

R2(G, G, C ) = 1 
R2(G, B, D) + R2(B, G, C ) > 0 
b/c > 1 + R2 (G, B, D) . 

[3] 

Among the unconditional or first-order rules discussed above, 
only the RIS rule satisfies these conditions for b/c > 1. The 
other rules fail because they either reduce self-cooperation (ALLB 
or Anti-RIS), or because they require a higher b/c ratio to 
be stable (ALLG requires b/c > 2). Thus, RIS is particularly 
effective because it balances simplicity, which facilitates opinion 
synchronization, with the requirements for mutual cooperation 
and stability. 

Evolutionary Dynamics of Social Norms. In our analysis so far, 
we have taken the players’ social norms as given and fixed. This 
has allowed us to explore how a social norm affects the resulting 
reputation dynamics. This analysis, however, tells us little about 
the dynamics when players differ in their applied social norms, 

or when they can choose which norm to apply. To explore such 
a setup, in the following, we let players’ social norms evolve. 

To this end, we study a pairwise comparison process (61). 
We assume players update their social norms on a slower time 
scale than they play their games. In each time step of the updating 
process, one player, say i, is randomly chosen. With probability 𝜖, 
player i’s norm is updated by a “mutation.” In that case, player i 
randomly adopts one of three strategies: ALLC, ALLD, or the 
focal norm. With the remaining probability 1−𝜖, player i draws a 
random role model j from the population. Player i then compares 
its own long-time average payoff 𝜋i with the role model’s payoff 
𝜋j. Depending on the payoff difference, player i adopts player j’s 
norm with probability given by a Fermi function (62), 

𝜙 = 
1 

1 + exp[−𝜎(𝜋j − 𝜋i)] 
. [4] 

The parameter 𝜎 ≥ 0 is the intensity of selection. It regulates 
how sensitive players are to payoffs. When 𝜎 = 0, payoffs are 
irrelevant and imitation occurs randomly. For larger values of 𝜎, 
more profitable strategies are increasingly likely to be imitated. 

In the following, we study this evolutionary process when 
mutations are rare (63–66). In that case, the population is 
typically monomorphic. Only occasionally is a mutant norm 
introduced. This mutant norm either reaches fixation or goes 
extinct by the time the next mutation happens. This allows 
us to describe the evolutionary process as a Markov chain 
between monomorphic populations, as described in Materials 
and Methods. 

Fig. 5 shows the results. In each panel, players can choose 
among ALLC, ALLD, and one of the previously studied norms 
of the form Lx-base and Lx-RIS. As reported earlier, none of the 
base norms is particularly successful (27). L6-base and L8-base 
prove ineffective as they are quickly invaded by ALLD. L3-base 
is vulnerable to invasion by ALLC, which in turn facilitates the 
subsequent invasion by ALLD. L5-base is more robust than the 
other three. However, once the population moves toward ALLD, 
this norm has difficulty reinvading; since R1(B, B, D) = 1, 
L5-base players frequently assign a good reputation to defectors, 
which renders this norm ineffective in a pairwise competition. 

In contrast, all four Lx-RIS norms considered are stable against 
ALLD and most of them evolve naturally (Fig. 5, Bottom row). 
Only L3-RIS hardly evolves, because ALLC mutants can invade 
through neutral drift. A more comprehensive analysis including 
all deterministic R2 rules is shown in Fig. 6. Here, the x-axis 
shows a norm’s self-cooperation level if adopted by everyone. The 
y-axis shows how often the norm is adopted in the long run, when 
competing with ALLC and ALLD. Therefore, in each panel the 
Top Right corner contains those norms that are successful both 
in terms of cooperation and evolutionary performance. When 
donors are assessed according to the norm L6, L8, or L5, again 
RIS is among the most successful norms. Only for L3 does there 
seem to be a trade-off. Here, social norms that yield high self-
cooperation levels are less stable, as they are more easily invaded 
by ALLC. 

We discuss the remaining leading-eight norms in SI Appendix. 
Interestingly, for some of these norms (L1 and L2), RIS is no 
longer superior. Their action rules prescribe cooperation when 
a bad donor interacts with a bad recipient, so under RIS, even 
ALLD players may be assigned a good reputation. But also in 
these cases, one can identify recipient assessment rules for which 
the resulting norm outperforms the base norm in terms of self-
cooperation, evolutionary performance, or both. Moreover, if 
we consider variants of L1 and L2 in which the action rule is a 
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Fig. 5. Evolutionary competition among the focal norm, ALLC, and ALLD. We compare the base and RIS rules for recipient assessment across four donor-
assessment rules: L6, L8, L5, and L3. The numbers near the arrows indicate the evolutionary transition probabilities, and the equilibrium fractions are denoted 
in the circles. Parameters: Population size N = 50, assessment and implementation error rates 𝜇1 = 𝜇2 = 𝜇e = 0.02, intensity of selection 𝜎 = 1, and 
benefit-to-cost ratio b/c = 5. 

simple discriminator, RIS again becomes superior, underscoring 
the robustness of our main findings. 

Beyond the Leading-Eight. In the analyses above, we have varied 
the updating rule R2 for recipients (e.g., Figs. 3 and 6), but 
we have assumed that donors are always assessed according to 
a leading-eight rule. We provide a more comprehensive analysis 
in SI Appendix. There, we first explore the case when donors 
are assessed according to the “secondary-sixteen” rules, another 
class of social norms that are evolutionarily stable under public 
information (18). Compared to the leading-eight, we find that the 
secondary-sixteen are generally less effective, since they require a 
larger b/c ratio to resist invasion by ALLD (SI Appendix, Fig. S4). 

Second, we used a supercomputer to explore the space of 
all social norms (S, R1, R2) where the action rule is fixed to 
S = DISC (i.e., donors cooperate with good recipients and 
defect against bad ones). For each of the 256 × 256 = 65,536 
possible combinations, we recorded three quantities: i) the 
norm’s self-cooperation level, ii) how often the norm is adopted 
in an evolutionary competition with ALLC and ALLD, and 
iii) whether the norm is stable with respect to all possible 
deviations in the norm’s action rule (for b/c = 2). We find that 

even within this larger space, Lx-RIS norms are among the best-
performing norms in terms of cooperation level and evolutionary 
stability (especially when R1 is either L2, L5, L6, or L8, see SI 
Appendix, Fig. S9). 

Finally, we repeated this analysis for all (S, R1, R2) norms (now 
also allowing for different action rules S). For all 16 × 256 × 
256 = 1,048,576 norms, we recorded the same three quantities 
as before. Based on these computations, we compiled a table 
(SI Appendix, Table S3) that contains all norms i) with a self-
cooperation level greater than 0.8, ii) with an evolutionary 
abundance when competing with ALLC and ALLD greater 
than 0.95, and iii) that are stable against all mutations in the 
norm’s action rule (up to a small numerical tolerance threshold). 
We found 61 norms that meet all criteria. They exhibit several 
interesting patterns. First, all of them have leading-eight R1 rules 
(either L2, L5, L6, or L8) and DISC-like action rules; most use 
the DISC rule, whereas several use its variant with S(B, B) = C . 
Second, all of them require some form of dual reputation 
updating. Their R2 rules are either RIS, combinations of the 
RIS and base rules (i.e., if there is any dual reputation update, it 
is based on RIS), or minor variants of those combinations. Third, 
RIS is the only R2 rule that satisfies all three criteria with all four 

Fig. 6. Cooperation levels and evolutionary abundance across recipient-assessment rules. We sweep over all possible deterministic R2 rules while fixing R1 
and S to be the same as L6, L8, L5, and L3, from the Left to the Right panels, respectively. The horizontal axis shows the self-cooperation levels in monomorphic 
populations. The vertical axis shows the equilibrium fraction of the focal norm in the evolutionary competition among the focal norm, ALLC, and ALLD. Points 
toward the Top Right corner of each panel correspond to norms that perform well with respect to both dimensions. The symbols for norms with R2 = base, 
RIS, GDT, and ALLG are the same as in Fig. 3. Parameters: Population size N = 50, assessment and implementation error rates 𝜇1 = 𝜇2 = 𝜇e = 0.02, intensity 
of selection 𝜎 = 1, and benefit-to-cost ratio b/c = 5. 
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leading-eight R1 rules, L2, L5, L6, and L8. These results provide 
some ex-post justification for our focus on Lx-RIS norms in the 
main text, while also showing that dual reputation updates can 
give rise to a broader class of cooperative and evolutionarily stable 
norms. 

Discussion 

Indirect reciprocity explores how individuals cooperate when 
their actions affect their social image. This mechanism for 
cooperation seems particularly relevant in large communities, 
in which stable pairwise relationships are less relevant (67). 
However, as communities grow larger, individuals are more likely 
to disagree about the reputations they assign to others. As shown 
by several models, such disagreements tend to proliferate (26–29). 
In this way, disagreements are a major obstacle to the evolution 
of indirect reciprocity: The less individuals agree on each other’s 
reputations, the weaker their incentives to cooperate (30). 

Past work has thus highlighted the importance of mechanisms 
that increase the correlation between individuals’ opinions. To 
be effective, these mechanisms often rely on the acquisition 
of second-order knowledge: In addition to forming their own 
beliefs about a target, individuals need to know, or at least infer 
with sufficient accuracy, what third parties think of that target. 
For example, empathic assessment requires observers to know a 
donor’s private view of a recipient’s reputation (33). The model 
of pleasing involves the process of a donor acquiring information 
about how observers evaluate the donor and the recipient (37), 
and models of gossip assume that individuals acquire information 
about how others evaluate a focal individual (34–36). Similarly, 
in the model of public institutions, forming the public reputation 
of a focal individual requires acquiring the private opinions of a 
subset of the population (38). 

In stark contrast, dual reputation updates offer a much simpler 
mechanism that does not require such second-order knowledge, 
which is often difficult to obtain accurately. Instead, individuals 
make use of a different source of readily available information: 
the donor’s action toward the recipient. For example, if Alice 
sees Bob defecting against Charlie, she may revise not only her 
opinion of Bob, as in classical models of indirect reciprocity, but 
also her opinion of Charlie. Through this process, Alice may 
make a relatively complex inference about Bob’s mental state, 
relying on her “theory of mind” [the ability to impute mental 
states, such as beliefs and intentions, to other individuals (68)]. 
For example, she may infer that Bob defected because he perceives 
Charlie as bad, or even because he expects observers to perceive 
Charlie as bad. Crucially, however, Alice need not know what 
Bob or other observers think of Charlie; all she needs is directly 
observable information about what Bob did to Charlie. 

Interestingly, dual reputation updates have a limited effect 
in models of public assessment, where opinions are perfectly 
aligned by definition (18). But here we show that they can 
dramatically enhance opinion synchronization under private 
assessment. Importantly, we do not argue that dual assessments 
render any of the other mechanisms for opinion synchronization 
obsolete. Rather, we believe that these different mechanisms 
might have evolved in tandem, each contributing to the reduction 
of disagreements. 

Among the many rules that can be used to update the 
reputation of passive recipients, we find that one rule is both 
simple and effective when combined with leading-eight norms: 
Recipient Image Scoring (RIS). This rule mirrors the classical IS 
rule, a rule previously used to update the reputation of active 

donors (46, 47). IS has been found to be unstable (69, 70), as it 
undermines a donor’s ability to engage in “justified punishment” 
(withholding cooperation from recipients with a bad reputation). 
This problem occurs because, under IS, any act of punishment 
costs the donor their own good reputation. In contrast, this 
problem does not arise under RIS, because recipients do not 
choose whether to punish others. The combination of leading-
eight norms for donors and RIS for recipients thus allows for 
justified punishment while minimizing disagreements. While 
there are other rules that are simple enough to facilitate opinion 
synchronization under leading-eight norms, RIS strikes a good 
balance between being generous enough to allow for cooperation 
and being strict enough to prevent exploitation. 

Our study points toward several interesting theoretical ques-
tions. First, our study considered two particular sources of noise: 
assessment errors, in which observers mistakenly assign the wrong 
reputation, and implementation errors, in which donors who 
intend to cooperate instead defect. Another relevant source 
of noise is perception errors, in which observers misperceive 
the donor’s action (21, 27). Dual assessment norms may be 
particularly vulnerable to this type of noise, as it simultaneously 
affects the updated reputation of the donor and the recipient. 
Similar effects may arise when players have limited observation 
opportunities (71), a possibility we briefly discuss in SI Appendix. 
A more systematic analysis would be an interesting direction for 
future work. 

Second, understanding the evolution of dual assessment norms 
represents another important challenge. Our study investigated 
evolution in a limited context. We mainly focused on settings 
in which a focal norm competes with two extreme strategies, 
ALLC and ALLD, following the main approach in the previous 
literature (e.g. refs. 27 and 57–60). In SI Appendix, we also 
briefly explore how a focal norm competes with various mutants 
with different action rules. However, many more norms could 
be considered as competitors. For single reputation updates, 
previous work (52) has investigated evolution among all third-
order social norms. Although expanding this framework to 
include dual reputation updates is a natural next step, it will 
be challenging due to the large number of norms. 

Our study also opens several avenues for empirical research. 
Previous psychological and economic research has identified com-
mon knowledge, or even sufficiently high “common p-belief,” as 
a crucial proximate factor of cooperation (72–74). Since dual 
reputation updates facilitate opinion synchronization, they may 
also help establish common knowledge. Exploring how dual 
reputation updates occur, and how they contribute to common 
knowledge, would deepen our understanding of the mechanisms 
underlying cooperative behavior. Understanding how passive 
recipients are evaluated may also shed light on negative aspects 
of human social behavior. For example, if people consciously or 
unconsciously apply an RIS-like rule, unfavorable treatment of a 
recipient may lead observers to perceive that recipient negatively, 
even if the recipient has done nothing wrong. As a result, people 
may withhold help from someone in need simply because others 
have failed to help them, as in the bystander effect (43). Similarly, 
people may become more willing to punish a target when others 
do so, as in conditional punishment (44), which may even escalate 
into ostracism (75). Conversely, favorable treatment may lead 
observers to mistakenly perceive a bad recipient as good, thereby 
inflating the recipient’s reputation. These possibilities suggest 
that dual reputation updates may provide a useful framework 
not only for studying the evolution of cooperation, but also for 
understanding broader patterns of social perception and group 
dynamics. 
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Materials and Methods 

Here, we describe how we simulate a population’s reputation dynamics (e.g., 
Figs. 2 and 3) and its evolutionary dynamics (e.g., Figs. 5 and 6). In SI Appendix, 
we show further simulation results, derive Eq. 3, and analyze the recovery time 
of L6-RIS in detail. 

Simulating the Reputation Dynamics. To calculate average reputations, self-
cooperation levels, and the evolutionary stability of a given social norm, we use 
Monte Carlo simulations. To this end, we consider a well-mixed population of 
size N = 50; results are qualitatively unchanged for larger N. Players engage in 
donation games, and they form opinions of each other under private assessment 
with dual reputation updates. In each round, a donor and a recipient are randomly 
selected. The donor cooperates or defects based on their opinion about the 
recipient and the prescribed action rule. All players then update their opinions 
about both the donor and the recipient according to their assessment rules and 
prior opinions. Errors occur at three stages: Assessment errors for the donor and 
the recipient occur with probabilities 𝜇1 and 𝜇2, respectively. Implementation 
errors occur with probability 𝜇e when a donor intends to cooperate. We set 
𝜇1 = 𝜇2 = 𝜇e = 0.02. Results remain qualitatively similar for smaller error 
rates. Each simulation runs for 5×105 rounds, but to reduce the effect of players’ 
initial reputations, we only use the second half of the simulation to compute 
averages. 

For Figs. 2 and 3, we calculate the self-cooperation level pres→res 
c as the 

fraction of cooperative actions during the data collection period. For these 
simulations, we consider a monomorphic population where all N players adopt 
the same norm. To calculate evolutionary stability, we introduce a single mutant 
adopting either ALLC or ALLD into a resident population of N−1 individuals with 
the focal norm. We track cooperation probabilities pres→mut 

c and pmut→res 
c . 

Based on these probabilities, we compute payoffs 

𝜋res = (b − c) pres→res 
c [5] 

𝜋mut = bpres→mut 
c − cpmut→res 

c . [6] 

The resident norm is stable against the mutant when 𝜋res > 𝜋mut. When 
pres→res 

c > pres→mut 
c , this condition is equivalent to 

b 

c 
> 

pres→res 
c − pmut→res 

c 

pres→res 
c − pres→mut 

c 
. [7] 

Conversely, when pres→res 
c < pres→mut 

c , stability requires 

b 

c 
< 

pres→res 
c − pmut→res 

c 

pres→res 
c − pres→mut 

c 
. [8] 

We calculate the ranges of the b/c ratio for which the resident norm is stable 
against ALLC and ALLD mutants. 

Details of Evolutionary Simulations. To explore how players adopt new 
social norms over time, we simulate a pairwise comparison process. At each 
(evolutionary) time step, one player i is randomly selected. With probability 𝜖, 
this player randomly mutates to either ALLC, ALLD, or the focal norm, all with 
equal probability. With probability 1 − 𝜖, the player selects a random role 
model j. Then i imitates j’s norm with probability 𝜙, as given by Eq. 4. 
This probability is monotonically increasing in the payoff difference 𝜋j − 𝜋i. 
Therefore, more successful strategies are more likely to spread. The para-
meter 𝜎 controls the strength of selection. When 𝜎 = 0, we recover neutral 
drift. Larger values of 𝜎 increase the advantage of social norms with a high 
payoff. Following previous work (27), we use 𝜎 = 1. 

We run our simulations in the low-mutation rate limit (𝜖 → 0). As a result, 
the population is typically monomorphic. Mutations either reach fixation or go 
extinct, causing transitions between monomorphic populations. The fixation 
probability of a single mutant with norm p in a resident population with norm 
q can be computed explicitly. It is given by the formula (63): 

𝜌p→q = 
1 

1 + 
 N−1 

l=1 

l 
l=1 exp 

� 
− 𝜎 

 
𝜋q (l) − 𝜋p (l) 

  . [9] 

Here, 𝜋p (l) and 𝜋q (l) are the average payoffs of mutants and residents given 
the population contains l mutants (and hence N − l residents), respectively. To 
compute the selection-mutation equilibrium (as in Fig. 5), we consider a Markov 
chain with three possible states, corresponding to the three monomorphic 
populations (64). The transition probability from monomorphic state p to state 
q = p is Tp→q = 𝜌p→q/3. The stationary distribution of this ergodic Markov 
chain can be obtained by computing the principal eigenvector of the transition 
matrix. 

Data, Materials, and Software Availability. The source code used to 
numerically verify the results and generate the figures in this paper is available 
at: https://github.com/yohm/sim_indirect_dual_priv (76). 
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