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ABSTRACT
In social dilemmas, cooperation leads to desirable collective out-
comes, yet agents are incentivized to defect. Designing independent
learning agents capable of cooperating in such settings remains a
critical challenge. Reputation systems and reciprocity are poten-
tial mechanisms to incentivize cooperation; however, their practi-
cal implementation raises key difficulties, including how to assess
agents in partial-information settings where only actions, rather
than strategies, can be observed, and how to dynamically adapt
reputation assignment rules to changing environments. To study
these challenges, in this work-in-progress paper we develop a rein-
forcement learning environment grounded in evolutionary game
theory in which a centralized agent learns to select reputation
rules that maximize cooperation within an adaptive population of
strategic actors. This environment captures a fundamental control
problem applicable to domains such as human cooperation, content
moderation, and multi-agent reinforcement learning, and poses
three major challenges: (i) the agent’s reward stems from the collec-
tive behavior of the population, which depends only indirectly on
the agent’s actions, (ii) the population’s adaptation induces strong
non-stationarity, and (iii) the agent lacks access to the population’s
strategy distribution, relying on a finite number of interactions
for inference. We provide initial numerical and experimental re-
sults showing that belief formation, and therefore policy learning
and cooperative stability, benefit directly from an increased num-
ber of observations. Our preliminary results also reveal a trade-off
between information availability and learning difficulty.
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INTRODUCTION
Cooperation is fundamental for successful multi-agent systems,
from biological populations to societies of artificial agents. Whether
it involves humans tackling climate change, a fleet of autonomous
vehicles, or human-AI hybrid systems such as content modera-
tion in social media, cooperation presents an inherent conundrum:
agents must often incur a personal cost to provide a collective ben-
efit. In the absence of stabilizing mechanisms, strategic actors are
incentivized to free-ride, leading to the "tragedy of the commons"
[55]. While various mechanisms help promote prosocial behavior
[30], Indirect Reciprocity (IR) stands out as a primary driver of
cooperation in large-scale decentralized systems [32].
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Under IR, agents aim to maintain a "good" reputation, as those
with high social standing are more likely to receive future benefits,
creating a robust incentive for cooperation [2]. These reputations
are governed by social norms — rules that dictate how an observer
should judge an agent’s action within a specific context. While
social norms have been extensively studied through the lens of
human evolution [35], the rise of artificial agents (AAs), including
social bots, large language models (LLMs), and recommendation
and moderation algorithms, has brought forward new applications
of reputation systems and norms [1, 15]. In this capacity, AAs act
not just as cooperators or defectors, but as mediators, judges, and
influencers of the normative landscape [23, 53].

Under these positions, artificial agents actively shape social dis-
course and shift moral judgments in humans [4, 24] and artificial
societies [40]. However, recent evidence suggests that the latent
norms within AAs, such as current LLMs, are often inconsistent
and, if adopted by a population, could actively compromise cooper-
ative stability [42]. Given their systemic reach, it is important to
determine if artificial agents can learn to select and promote social
norms that sustain cooperation within adaptive populations.

Solving this problem is non-trivial from a learning perspective.
An adaptive learning agent deciding how other actors must judge
each other faces a unique control problem characterized by three
distinct challenges. First, the agent is not a participant in the game
but an influencer; it must derive its reward signal entirely from the
observations of others’ behaviors. Second, the environment is non-
stationary and adaptive: other agents adjust their strategies over
time based on evolutionary pressures, often operating on a different
timescale from the learning agent. Third, and most critically, the
environment is only partially observable. While an AAmay observe
the outcomes of interactions (who helped whom), the latent inten-
tions and strategic distribution of the adaptive population remain
hidden. Furthermore, artificial agents may only have access to a lim-
ited sample of interactions, creating a bottleneck in estimating the
strategic landscape of the population. Our research aims to directly
address these problems, for which we pose the following research
questions: 1) Can a reinforcement learning agent learn to promote
cooperation via indirect reciprocity under limited observability by
selecting which social norms a population of adaptive agents should
use? 2) How do observational constraints impact the agent’s ability
to infer strategies? 3) How do observational constraints impact the
agent’s ability to promote cooperation?

To answer these questions, in this work-in progress paper we
integrate insights from evolutionary game theory to define a par-
tially observable Markov decision process (POMDP) [5, 61]. We
define an environment containing a population of adaptive agents
(representing humans or artificial agents) who update their strate-
gies based on social learning. These agents repeatedly pair to play
donation games, deciding to cooperate (C) or defect (D) based on



reputations assigned following the present social norm. The rein-
forcement learning (RL) agent acts as a centralized observer and
norm governor, defining the social norm used to assign reputations
based on a limited batch of observed interactions, and is rewarded
solely based on the realized cooperation levels within the popu-
lation. Our environment is illustrated in Figure 1. We provide a
mathematical analysis of this environment, linking the number of
observations to the entropy of the agent’s belief state regarding the
population’s strategy. Our results demonstrate that: 1) An RL agent
can successfully learn policies that sustain high levels of cooper-
ation; and 2) These policies are highly sensitive to observational
limits and are fundamentally constrained by the information they
convey. We show that reduced observations lead to large regions
of uncertainty and noise, requiring the agent to adopt conservative
norm-setting strategies. We also study different learning regimes,
connecting experience collection during learning with policy qual-
ity. This framework contributes to the intersection of RL and social
dynamics, offering a scalable method to extract cooperative poli-
cies for multi-agent systems under realistic observation constraints.
Importantly, our method can be easily applied to specific contexts,
such as defining social norms in human or MARL systems [15] or
content recommendation and moderation [38, 48].

RELATEDWORKS
Indirect reciprocity and social norms Indirect reciprocity is a
well-established mechanism underlying human cooperation, sup-
ported by extensive experimental [47] and evolutionary game-
theoretical [35] evidence. Central to IR are social norms, which
determine how individuals assign reputations based on observed
actions and contextual information, thereby largely shaping coop-
erative outcomes [33]. Their effectiveness depends on their con-
textual complexity [51], but also on what social norms previously
existed [62], and their robustness to errors in strategy execution
or reputation assessment [13, 17]. More recent work highlights the
importance of information constraints: limited gossip or partial
observability can cause mismatched reputations, which lead to un-
justified punishment, disagreement accumulation, and cooperation
breakdown [21, 43]. These results emphasize that cooperation under
IR is not only norm-dependent, but also fundamentally constrained
by information availability.

In the context of artificial agents, non-explicit social norms may
also emerge naturally through communication [41] or behaviors
[10]. Different LLMs also exhibit a wide range of social norms, many
of which are inconsistent and incapable of promoting cooperation
[42]. As such, there is a growing interest in the implementation and
selection of concrete social norms to moderate reputation systems
that foster cooperation among learning agents, which typically
relied on internally defined social norms [3, 46] or decentralized
emergent norms [44, 45].

Normative governance and influence The capacity of arti-
ficial agents to influence human actions [14, 36], beliefs [8], and
norms [16, 19, 60] is well-documented. These agents participate in
society in various capacities as mediators, advisors, partners, and
role models [23], exerting distinct influence dynamics at both the
individual and societal levels. Even when not interacting directly,
the systemic reach of AI allows agents to influence the spread of

information and behavior through network-level interventions [48].
By altering the topology of interactions and the visibility of actions,
these systems effectively shape the social norms, observability, and
reputation dynamics that are fundamental to the stability of co-
operation. The emerging behaviors and norms of these systems
have been referred to as "machine culture" [7], including their
unique spreading dynamics by artificial agents. Importantly, these
influences also extend to systems of artificial agents [15], posing
challenges to cooperation.

Learning social norms and social influence Despite the rec-
ognized capacity of artificial agents to influence social norms, learn-
ing to leverage this influence in socially beneficial ways remains
largely understudied [9, 54]. Existing work primarily focuses on
structural or strategic interventions rather than the explicit gover-
nance of norms. For instance, notable work by McKee et al. [28]
applied deep learningmodels trained through simulations to rewrite
interaction networks among humans playing cooperation games.
Even when trained on networks of artificial agents, their model
learned to identify agents based on their behaviors, clustering coop-
erators and isolating defectors. RL has also been applied to promote
cooperation by learning social norms and behavior influence in
human–AI settings through human-generated data [18, 26], and
among societies of artificial agents [58]. However, to our knowledge,
no prior work has applied learning algorithms to sustain coopera-
tion in multi-agent systems through the selection of explicit social
norms in the context of indirect reciprocity, or considered the chal-
lenges of limited strategic observability.

THE INDIRECT RECIPROCITY ENVIRONMENT
We consider a population of 𝑍 adaptive agents, representing any
learning or evolving population (e.g. humans, artificial agents) [11].
In our model, agents repeatedly take part in donation games, play-
ing any of the three canonical roles (Donor, Recipient, andObserver).
In any game, two agents are randomly chosen as donor and recip-
ient, and the donor has the option to cooperate (C), providing a
benefit 𝑏 to the recipient at a cost 𝑐 to itself, where 𝑏 > 𝑐 , or to
defect (D), providing no benefit to the recipient, at no cost. All other
agents observe these interactions and assign a reputation (either
good, G, or bad, B) to the donor following a common social norm.
At every timestep, the learning agent observes a finite set of inter-
actions and selects the social norm the population will use for the
next interactions. We first describe the population’s evolutionary
dynamics under a static social norm, followed by the transitions be-
tween norms, which define the environment on which the learning
agent will act. Finally, we formalize the environment as a POMDP
[20].

Population dynamics
At any time, each adaptive agent adopts one strategy, which dictates
when to cooperate or defect depending on the reputation of the
receiver. A strategy is defined as a tuple 𝑠 = (𝑠𝐺 , 𝑠𝐵), where 𝑠𝐺 and
𝑠𝐵 are the probability of cooperating with a G and B individual,
respectively. We define three strategies: ALLC (1, 1), which always
cooperates; ALLD (0, 0), which always defects; and DISC (1, 0),
which only cooperates with G individuals, defecting otherwise. We
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Figure 1: Overview of the environment. Each state is composed of a number of agents using each strategy under a specific social
norm. At a given state and timestep, the agent will observe 𝐿 interactions sampled from the state, and will be rewarded by the
fraction of cooperation the strategy state produces. The agent then selects which social norm should be adopted. A social norm
defines which of the possible interactions (Cooperate or Defect with a Good or Bad recipient) are considered good or bad. Given
the new social norm, the payoffs of all strategies are calculated and an evolutionary step of social learning or mutation may
occur, transitioning the population to a new state. The total state space is represented by a triangular simplex for each possible
norm, where the corners represent monomorphic states where the population uses a single strategy.

also consider execution errors: a choice to cooperate may result in
an unwanted defection with a probability 𝑒𝑒 [12].

Reputation Dynamics. Agents update their reputations following a
social norm. We consider second-order social norms [29, 51], which
account for the donor’s action and the recipient’s reputation to
determine the donor’s new reputation. These norms are encoded
as a 4-bit tuple 𝑑 = (𝑑𝐺,𝐶 , 𝑑𝐺,𝐷 , 𝑑𝐵,𝐶 , 𝑑𝐵,𝐷 ), 𝑑 ∈ [0, 1]4 = D, rep-
resenting the probability of assigning a good reputation in each
of the four possible observation scenarios (e.g., 𝑑𝐵,𝐶 denotes the
probability of assigning G to a donor cooperating with a recipi-
ent perceived as B). This yields 16 second-order norms, including
norms well-known to support cooperation [33, 34, 56], such as Im-
age Score [31], 𝑑 = (1, 0, 1, 0), where cooperation is always good
and defection always bad, and Stern Judging [37], 𝑑 = (1, 0, 0, 1),
where cooperation with good recipients and defection against bad
recipients is good, and other actions are bad. Assessment errors are
also included: with probability 𝑒𝑎 , an agent will assign the opposite
reputation indicated by the social norm.

Under a social norm 𝑑 , the probability that an observer assignsG
to a donor using action𝑌 ∈ {𝐶, 𝐷} facing a receiver with reputation
𝑋 ∈ {𝐺, 𝐵}, considering errors, is given by 𝑃𝑋,𝑌 [22]:

𝑃𝑋,𝑌 =

{
𝑑𝑋,𝐶 (𝜖 − 𝑒𝑎) + 𝑑𝑋,𝐷 (1 − 𝜖 − 𝑒𝑎) + 𝑒𝑎 if 𝑌 =𝐶

𝑑𝑋,𝐷 (1 − 2𝑒𝑎) + 𝑒𝑎 if 𝑌 = 𝐷,
(1)

where 𝜖 = (1 − 𝑒𝑒 ) (1 − 𝑒𝑎) + 𝑒𝑒𝑒𝑎 is the probability that both errors
occur or neither occurs.

Reputation dynamics are coupled to the population’s strategy
distribution, with the payoff of each strategy depending on the
current reputation distribution. We assume that reputations evolve
faster than strategies [17, 50], so that for any strategy state 𝑛 =

(𝑛𝐴𝐿𝐿𝐶 , 𝑛𝐴𝐿𝐿𝐷 , 𝑛𝐷𝐼𝑆𝐶 ), with 𝑛𝑠 representing the number of agents
using strategy 𝑠 , and 𝑛𝐴𝐿𝐿𝐶 + 𝑛𝐴𝐿𝐿𝐷 + 𝑛𝐷𝐼𝑆𝐶 = 𝑍 , reputation dy-
namics are considered to have converged.

In a well-mixed population at a strategy state 𝑛 under a so-
cial norm 𝑑 , the probability that an agent using strategy 𝑠 ∈ 𝑆 =

{𝐴𝐿𝐿𝐶,𝐴𝐿𝐿𝐷, 𝐷𝐼𝑆𝐶} is considered good, 𝑟𝑠 (𝑑, 𝑛), is given by the
following set of ordinary differential equations [39]:

𝜕𝑟𝑠 (𝑑, 𝑛, 𝑡)
𝜕𝑡

= 𝑔𝑠 (𝑑, 𝑛, 𝑡) − 𝑟𝑠 (𝑑, 𝑛, 𝑡), 𝑠 ∈ 𝑆 (2)

where 𝑔𝑠 (𝑑, 𝑛, 𝑡) is the probability that an agent using a social
norm 𝑑 will assign a good reputation to an agent using strategy
𝑠 , at time step 𝑡 , given the distribution of strategies 𝑛. These are
strategy dependent, and given by [21]:

𝑔𝐴𝐿𝐿𝜆 (𝑑, 𝑛, 𝑡) = 𝑟 (𝑑, 𝑛, 𝑡)𝑃𝐺,𝜆 (𝑑) + 𝑟 (𝑑, 𝑛, 𝑡)𝑃𝐵,𝜆 (𝑑)

𝑔𝐷𝐼𝑆𝐶 (𝑑, 𝑛, 𝑡) = 𝑞𝑔𝑃𝐺,𝐶 (𝑑) + 𝑞𝑑
(
𝑃𝐺,𝐷 (𝑑) + 𝑃𝐵,𝐶 (𝑑)

)
+ 𝑞𝑏𝑃𝐵,𝐷 (𝑑)

(3)
where 𝑟 (𝑑, 𝑛, 𝑡) =∑

𝑠∈𝑆 (𝑛𝑠/𝑍 ) · 𝑟𝑠 (𝑑, 𝑛, 𝑡) denotes the average rep-
utation in the population, 𝜆 ∈ {𝐶, 𝐷}, 𝑟 (𝑑, 𝑛, 𝑡) = 1 − 𝑟 (𝑑, 𝑛, 𝑡), and
𝑞𝑔 and 𝑞𝑏 represent the probabilities that two agents agree that a
focal agent is perceived as good or bad, respectively. Conversely,
𝑞𝑑 denotes the probability that the two agents disagree in their as-
sessment. Before any gossip occurs, when reputations are entirely
private [59], these probabilities are given by:

𝑞𝑔 =
∑︁
𝑠∈𝑆

𝑛𝑠

𝑍
𝑟𝑠 (𝑑, 𝑛, 𝑡)2, 𝑞𝑏 =

∑︁
𝑠∈𝑆

𝑛𝑠

𝑍
𝑟𝑠 (𝑑, 𝑛, 𝑡)2,

𝑞𝑑 =
∑︁
𝑠∈𝑆

𝑛𝑠

𝑍
𝑟𝑠 (𝑑, 𝑛, 𝑡)𝑟𝑠 (𝑑, 𝑛, 𝑡) .

(4)



We consider 𝑘 rounds of gossip, where at each round a randomly
selected agent adopts the reputations assigned by another agent
[21]. To account for population size, this is normalized as the gossip
duration T = 𝑘/𝑍 . At T = 0, reputations remain fully private, and
disagreement is maximized; conversely, as T → ∞, reputations
become public and coordinated. After gossip, the agreement and
disagreement probabilities are given by 𝑞𝑔 = 𝑞𝑔 + 𝑞𝑑 · (1 − 𝑒−T ),
𝑞𝑏 = 𝑞𝑏 + 𝑞𝑑 · (1 − 𝑒−T ) and 𝑞𝑑 = 𝑞𝑑 · 𝑒−T .

Strategy Adoption Dynamics. Strategy adoption is modeled via
a birth-death process, incorporating mutations (probability 𝛾 of
switching to a random strategy, akin to exploration) and social
learning, modeled through the pairwise comparison rule [57]. In
the latter, the probability that an agent using strategy 𝑠 imitates an
agent using strategy 𝑠′ is given by 𝑃𝑠→𝑠′ (𝑑, 𝑛) = (1 + 𝑒−𝛽Δ𝐹𝑠,𝑠′ )−1,
where Δ𝐹𝑠,𝑠′ = 𝐹𝑠′ − 𝐹𝑠 is the average fitness difference, and 𝛽 is
the selection strength. The limit 𝛽 → +∞ yields near-deterministic
evolution, while 𝛽 → 0 approximates random drift.

The average fitness of a strategy combines the benefit 𝑏 received
as a recipient and the cost 𝑐 of donating: 𝐹𝑠 (𝑑, 𝑛) = 𝑏𝑅𝑠 (𝑑, 𝑛) −
𝑐𝐷𝑠 (𝑑, 𝑛), where 𝑅𝑠 (𝑑, 𝑛) is the probability of receiving,

𝑅𝑠 (𝑑, 𝑛) = (1 − 𝑒𝑒 )
(𝑛𝐴𝐿𝐿𝐶

𝑍
+ 𝑛𝐷𝐼𝑆𝐶

𝑍
𝑟𝑠 (𝑑, 𝑛)

)
, (5)

and 𝐷𝑠 (𝑑, 𝑛) the probability of donating,

𝐷𝑠 (𝑑, 𝑛) = (1 − 𝑒𝑒 )
(
𝑟 (𝑑, 𝑛) 𝑠𝐺 +

(
1 − 𝑟 (𝑑, 𝑛)

)
𝑠𝐵

)
. (6)

Given the computed average fitness for each strategy state, we
construct a Markov chain encompassing all possible strategy states
to analyze the evolution of strategies over time under a given social
norm [49]. This state space is defined as M = {𝑛 = (𝑛𝑖 , 𝑛 𝑗 , 𝑛𝑘 ) |
𝑛𝑖+𝑛 𝑗 +𝑛𝑘 = 𝑍∧𝑛𝑖 , 𝑛 𝑗 , 𝑛𝑘 ∈ [0, 𝑍 ]}, comprising |M| =

(𝑍+2
2
)
states.

For any pair of states that differ by the strategy of a single agent,
the transition probability is the likelihood of either a mutation or
imitation occurring that switches that agent’s strategy from 𝑠 to 𝑠′:

𝑀𝑠→𝑠′ (𝑑, 𝑛) = (1 − 𝛾)𝑛𝑠
𝑍

𝑛𝑠′

𝑍 − 1
𝑃𝑠→𝑠′ (𝑑, 𝑛) + 𝛾

𝑛𝑠

2𝑍 . (7)

Each entry𝑀𝑎,𝑏 (𝑑) in the transitionmatrix of the strategyMarkov
chain𝑀 (𝑑), representing the probability of moving from state 𝑛𝑎
to state 𝑛𝑏 , is given by

𝑀𝑎,𝑏 (𝑑) =



𝑀𝑠→𝑠′ (𝑑, 𝑛𝑎) if 𝑛𝑏𝑠 = 𝑛𝑎𝑠 − 1
∧𝑛𝑏

𝑠′ = 𝑛
𝑎
𝑠′ + 1

∧ 𝑛𝑏
𝑠′′ = 𝑛

𝑎
𝑠′′

1 −∑
𝑠≠𝑠′ 𝑀𝑠→𝑠′ (𝑑, 𝑛𝑎) if 𝑛𝑏 = 𝑛𝑎

0 otherwise

, (8)

where 𝑠, 𝑠′, 𝑠′′ ∈ 𝑆 and 𝑠 ≠ 𝑠′ ∧ 𝑠 ≠ 𝑠′′ ∧ 𝑠′ ≠ 𝑠′′.

Defining the POMDP
We next define the state space navigable by the learning agent, as
well as the transition probabilities between states, and each possible
observation. In our model, the learning agent repeatedly observes
interactions and selects the social norm to be used by the population
in the next interactions. Crucially, we assume that after selecting
the social norm, one step of the strategy Markov chain is taken

(see Strategy Adoption Dynamics section), where the reputation
dynamics converge and imitation or mutation might take place for
a single randomly selected individual. After this step, the learning
agent receives the next observation and selects another action.

We consider a state space S = { (s𝑑 , s𝑛) | s𝑑 ∈ D, s𝑛 ∈ M},
where at each state the population is using a social norm s𝑑 and
is in a strategy state s𝑛 (alternatively, states can hold reputation
distributions instead of s𝑑 ). At each state, the learning agent ob-
serves 𝐿 ∈ N>0 interactions sampled from the state. A higher 𝐿
corresponds to lower noise and lower uncertainty regarding the
actual strategy distribution; the limit of 𝐿 = 1 represents a setting
where the learning agent only observes a single interaction before
acting, maximizing noise. As such, the set of observations is

Ω𝐿 =

{
k
𝐿

���k ∈ Z4
≥0,

∑︁
𝑜

k𝑜 = 𝐿

}
, (9)

where k𝑜 , 𝑜 ∈ O = {𝐶𝐺, 𝐷𝐺,𝐶𝐵, 𝐷𝐵}, corresponds to the frac-
tion of times observation 𝑜 was seen at that timestep.

In a state s, the probability that an agent donates is given by
𝐷 (𝑑, 𝑛) =∑

𝑠∈𝑆
𝑛𝑠
𝑍
𝐷𝑠 (𝑑, 𝑛). The probability of observing each donor’s

action considering the receiver’s reputation is given by

𝑂𝐺,𝐶 (𝑑, 𝑛) = 𝐷 (𝑑, 𝑛) · 𝑟 (𝑑, 𝑛),
𝑂𝐺,𝐷 (𝑑, 𝑛) = (1 − 𝐷 (𝑑, 𝑛)) · 𝑟 (𝑑, 𝑛),
𝑂𝐵,𝐶 (𝑑, 𝑛) = 𝐷 (𝑑, 𝑛) · 𝑟 (𝑑, 𝑛),
𝑂𝐵,𝐷 (𝑑, 𝑛) = (1 − 𝐷 (𝑑, 𝑛)) · 𝑟 (𝑑, 𝑛) .

(10)

As such, the probability of observing a set 𝑙 of interactions after 𝐿
observations is given by the multinomial probability mass function
O(s, 𝑙) = 𝐿!

∏
𝑜∈O

𝑂𝑜 (s𝑑 ,s𝑛 ) 𝑙𝑜
(𝑙𝑜𝐿)! .

After an observation, the learning agent selects the next social
norm 𝑎 ∈ D. After this action, the payoffs of each strategy change,
and a timestep of the Markov chain associated with the new social
norm takes place. The probability of a next state 𝑠′ is given by
T (s, 𝑎, s′) =𝑀s𝑛 ,s’𝑛 (𝑎), and the reward is given by the actual level
of cooperation in that state, R(s, 𝑎, s′) =∑

𝑠∈𝑆 𝐷𝑠 (s′𝑑 , s
′
𝑛)

s′𝑛𝑠
𝑍
.

We model the system as a POMDP P = (S,A,𝑇 , 𝑅,Ω,O), where
the state space is S = D×M and the action space isA = D. Tran-
sitions depend only on the action and strategy state, 𝑇 (s, 𝑎, s′) =
𝑀s𝑛 ,s′𝑛 (𝑎) and,

𝑅(s, 𝑎, s′) =
∑︁
𝑠∈𝑆

𝐷𝑠 (s′𝑑 , s
′
𝑛)

s′𝑛𝑠
𝑍
. (11)

Observations lie in Ω𝐿 = { 𝑘
𝐿

| 𝑘 ∈ Z4
≥0,

∑
𝑜 𝑘𝑜 = 𝐿} and are

distributed as

O(s, 𝑙) = 𝐿!
∏
𝑜∈O

𝑂𝑜 (𝑑, 𝑛)𝑙𝑜𝐿
(𝑙𝑜𝐿)!

. (12)

NUMERICAL PROPERTIES OF THE
ENVIRONMENT
The learning agent cannot observe the strategies used in the pop-
ulation it aims to guide. Instead, the agent relies on a finite set
of interaction observations. This poses a significant challenge to
selecting the actions optimally, as social norms (i.e., actions) that
may be highly effective in a given strategic distribution, such as



one with many unconditional defectors, may be ineffective in other
scenarios, such as one with many conditional cooperators. To quan-
tify the impact of limited observability, we quantify how a finite set
of 𝐿 observations leads to a belief distribution over the state space.

For a candidate state 𝑠′ ∈ M, we define the belief weight as
b̃(𝑠′) = E𝑙∼O(𝑛,· ) [O(𝑠′, 𝑙)], where the expectation is approximated
by Monte Carlo sampling and the resulting belief distribution is
normalizated as b(𝑠′) =

b̃(𝑠′ )∑
𝑠′′ ∈M b̃(𝑠′′ )

. This belief does not cor-
respond to a Bayesian posterior for a realized observation, but
rather to the expected likelihood of each state under observations
generated from the true state. Given the belief at each state 𝑠 ,
we measure its overall uncertainty using the Shannon Entropy
[25], 𝐻 (b) = −∑

𝑠∈M b(𝑠) log b(𝑠). We also measure the expected
structural dispersion of the belief distribution using Rao’s Qua-
dratic Entropy [6]𝑄 (b) =∑

𝑠∈M
∑
𝑠′∈M b(𝑠) b(𝑠′) dist(𝑠, 𝑠′), where

dist(𝑠, 𝑠′) = 1
2
∑𝐾
𝑘=1

��𝑠𝑘 − 𝑠′𝑘 �� is half of the Manhattan distance, cor-
responding to the minimum number of agents that must change
strategy for state 𝑠 to match state 𝑠′.

In Figure 2, we report these entropy metrics as a function of the
number of interaction observations 𝐿, evaluated at each strategy
state and averaged across social norms (results per norm are pro-
vided in Appendix B). On average, entropy decreases as 𝐿 increases,
indicating that additional observations concentrate the belief dis-
tribution over fewer and more similar states. At the same time,
increasing 𝐿 amplifies the heterogeneity of entropy across states:
under noisy observations, beliefs tend to spread over many distant
states, whereas with more precise observations the informativeness
of observations becomes highly state-dependent, yielding varying
levels of uncertainty across strategy states.

Figure 2: State entropy metrics at varying number of interac-
tion observations. Left: Shannon Entropy. Right: Rao’s Qua-
dratic Entropy. Each point corresponds to an entropy mea-
sure in a strategy state and social norm pair. We observe that
the average entropy decreases in both metrics as the number
of observations increases, while also increasing the differ-
ence in entropy between states. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

PRELIMINARY EMPIRICAL RESULTS
We trained a variety of PPO-based learning agents under different
observation counts 𝐿 and training regimes. A significant challenge
in this environment is its gradual dynamics: agents often become
trapped near the ALLD monomorphic state for extended periods.
This generates batches of homogeneous experience, which can
lead to catastrophic forgetting (see Appendix D.1). To mitigate this
and encourage experience diversity, we investigated four training

regimes: One Worker No Resets (OWNR), where a single agent
collects experience continuously, One Worker with Resets (OWR),
where a single agent will reset to a random strategy state after some
timesteps, Parallel Workers No Resets (PWNR), where multiple in-
stances of the agent collect experience parallel, and ParallelWorkers
with Resets (PWR). For each setting, we conducted a parameter
search and trained agents for 2 million timesteps of experience
(see Appendix C for implementation details and Appendix D for
learning curves). In this environment, the immediate reward (coop-
eration at a state) is a noisy proxy for policy quality, as it does not
reflect the policy’s capacity to promote cooperation across the state
space. As such, we employed an exhaustive evaluation procedure:
the policies of each setting were tested across all initial strategy
states for 2000 timesteps and we report the average cooperation
level measured during the last 1000 steps.

Figure 3 summarizes the evaluation results per learning regime
and number of observation (𝐿). We observe a general trend where
increasing 𝐿 results in higher cooperation, though this increase is
sometimes non-monotonic. This reflects the added challenges of
additional observations, discussed in the numerical analysis: more
observations can increase entropy in a small subset of states, increas-
ing the importance of selecting the correct norm at each timestep
and thereby increasing learning difficulty. While all regimes reach
non-trivial cooperation, methods utilizing parallel workers achieve
higher average performance. A comparison with baselines employ-
ing fixed or randomly selected norms is presented and discussed
in Appendix 6. To clarify the impact of initial conditions, Figure
4 presents the average cooperation level obtained starting from
each state for the OWNR and PWR regimes (see Appendix D.3 for
the remaining learning regimes). Our results show that increasing
𝐿 significantly expands the region of strategic states from which
the agent can guide the population towards cooperation: At 𝐿 = 1,
the agent is only able to sustain cooperation from a narrow set
of initial states, while at 𝐿 = 1000 this region is larger and with
higher overall cooperation. Nevertheless, a region composed pri-
marily of ALLC and ALLD agents sees no improvement, suggesting
a norm-independent tendency towards the ALLD equilibrium.

Number of observations, L
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Figure 3: Evaluated cooperation for each training regime for
different number of observations (𝐿). We observe that, rela-
tive to 𝐿 = 1, higher number of observations result in higher
average cooperation. Training regimes based onmultiple par-
allel workers also benefit more from an increased number of
observations. Black bars indicate a single standard deviation.
Environment parameters are identical to Figure 2.



Finally, to understand how observations shape the resulting poli-
cies, Figure 5 shows the most common norm employed by trained
agents in each state, for the OWNR and PWR regimes (see Ap-
pendix D.4 for the remaining learning regimes). We observe that
under low 𝐿, agents tend to apply the same norms across broad,
undifferentiated regions of the state space, indicating a limited abil-
ity to distinguish between strategy states. As 𝐿 increases, policies
becomes more granular and deploy norms that are better suited to
local strategy distributions. Furthermore, the policies apply more
norms known to sustain cooperation [33, 34], implying higher qual-
ity decisions that increase the resulting cooperation.

Overall, our results suggest that training effective normative
governance agents requires multiple samples of interactions to
ensure awareness of the strategic landscape, although at a cost
of increased learning complexity. This problem also benefits from
training procedures that ensure experience diversity.

Figure 4: Average cooperation obtained after starting in each
strategy state for the one worker no reset (OWNR) and paral-
lel workers with resets (PWR) training regimes, for different
numbers of observations (𝐿 = 1, 𝐿 = 1000). We observe that
more observations result in a larger strategy state region
from where it is possible to guide the population towards
cooperation, with higher overall levels of cooperation. Envi-
ronment parameters are identical to Figure 2.

CONCLUSION
We have formalized a reinforcement learning environment where
an agent influences social norms to promote cooperation in multi-
agent systems under indirect reciprocity. Grounded in evolutionary
game theory [5], this framework addresses the challenge of se-
lecting effective social norms under realistic constraints of limited
strategic observability of an adapting population. Our initial nu-
merical and empirical results demonstrate that without information
about the population’s strategy distribution, learning optimal social
norms becomes challenging. This limitation can be mitigated with
repeated observations. However, added observations also lead to
more complex learning dynamics, as observations become more
sensitive to the selected norms. Despite these challenges, our ini-
tial results show that standard reinforcement learning regimes can
sustain high levels of cooperation in an adaptive population, par-
ticularly when using learning regimes that diversity the collected

Figure 5: Average policy per state under the one worker no re-
set (OWNR) and parallel workers with resets (PWR) training
regimes, for different number of observations (𝐿 = 1,𝐿 = 1000).
Each color represents the most used social norm in the
trained policies at that state. We observe that, under a low
𝐿, the same norms are used in broader regions of the state
space, indicating less ability to distinguish between strategy
states. Environment parameters are identical to Figure 2.

learning experience. By studying learned policies across varying lev-
els of observability, we show that the number of observations plays
a crucial role in determining the selected social norms, with less
observations resulting in less targeted and adaptive social norms.

These results highlight the critical role of understanding inten-
tions and strategies in prosocial AI. Furthermore, the integration
of evolutionary game theoretical models in reinforcement learning
remains novel and underexplored. We offer a versatile framework
for domains where artificial agents may govern or influence social
norms, such as artificial multi-agent systems, as well as human-AI
hybrid systems such as content recommendation and moderation
[38, 48]. Future work should aim to provide new mechanisms for
conveying and inferring agent intentions to AI systems beyond sim-
ple interaction outcomes, including techniques such as recurrent
learning architectures [52]. Expanding on the complexity of the
environment itself is also relevant, by allowing more strategies (e.g.
Paradoxical discriminator) and studying the effects of population
size, errors and gossip. Another promising direction is the intro-
duction of multiple independent influencers [15], which presents
new challenges in coordination and multi-agent alignment.
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A FIXED-NORM BASELINES
We next present the cooperation evaluation results when the norm-setting agent does not learn, and instead selects either a fixed norm, or
randomly selects a social norm to use at each timestep. We test two fixed social norms: Image Score (𝑑 = [1, 0, 1, 0]), a first-order norm where
cooperation is always good and defection is always bad, and Stern-Judging (𝑑 = [1, 0, 0, 1]), a second-order norm where only cooperating
with a good individual or defecting with a bad individual is considered good. For these evaluations, we follow the evaluation protocol
described in the main text, averaging the cooperation level obtained by starting the agent across the population strategy space.

Figure 6 presents the cooperation level of each baseline, showing that a randomly selected social norm achieves substantially lower
cooperation than the tested fixed social norms. Comparing these results with our learning agent, we observe that 𝐿 = 1 makes the problem
of promoting cooperation particularly hard, resulting in cooperation comparable to a randomly selected norm. Similarly, even under a high
number of observations, learning cooperative social norms is still difficult and the resulting cooperation is not as good as a cooperative fixed
social norm.
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Figure 6: Evaluated cooperation for a randomly selected social norm and two fixed norms: Image Score (𝑑 = [1, 0, 1, 0]) and
Stern-Judging (𝑑 = [1, 0, 0, 1]). We observe that cooperation under a randomly selected social norm is particularly low, while
fixed norms achieve moderately high cooperation. Environment parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01.

B BELIEF ENTROPY MEASURES
In the main text, we presented both the Shannon entropy and Rao’s Quadratic entropy measures across all pairs of strategy states and
social norms. We next expand on this analysis by presenting these results split by what social norm was used in each strategy state. These
are presented in Figure 7 for Shannon entropy and Figure 8 for Rao’s Quadratic entropy. We observe that an increase in the number of
interaction observations (𝐿) generally results in a significant reduction in both entropy metrics. This suggests that increased observations
generate less distant and more condensed belief distributions over the current strategy state. The entropy metrics are highly norm specific,
with patterns of regions of high entropy becoming more apparent as the number of observations increases. This suggests that the previously
used norm plays a crucial role in dictating which strategy states become easier to identify in the next timestep.
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(c) 𝐿 = 1000
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(d) 𝐿 = 10000

Figure 7: Shannon entropy metric at each state under each social norm, at varying numbers of interaction observations (𝐿).
Environment parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.
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(a) 𝐿 = 1
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(b) 𝐿 = 100
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(c) 𝐿 = 1000
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(d) 𝐿 = 10000

Figure 8: Rao’s Quadratic entropy metric at each state under each social norm, at a varying number of interaction observations
(𝐿). Environment parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

C IMPLEMENTATION OF EACH LEARNING REGIME
Our implementation is based on the standard implementation of PPO in PureJaxRL [27], which we extend for a total of 4 variants of the
learning algorithm exploring different numbers of parallel workers and the reset logic of the environment. The 4 variants are introduced
together with a discussion of their parameters, the parameter selection method and a discussion of the impact of the different learning
parameters in our environment. In addition to performance on the learning problem, the different training regimes are motivated in terms of
their feasibility for practical applications given the assumptions they make about the environment (eg, Assume periodic resets or multiple



workers in parallel). Table 1 reports the design choices and parameters of our implementation. After introducing the different schemes, the
hyperparameter search results are presented together with a brief discussion on the most influential hyperparameters.

Table 1: PPO Implementation Details

Network Architecture
Shared trunk 3 × 256 units, tanh activation
Actor head Linear layer→ 16 logits (softmax)
Critic head Linear layer→ scalar value
Initialization Orthogonal:

√
2 (hidden), 0.01 (actor), 1.0 (critic)

Fixed Hyperparameters
Optimizer Adam with constant LR (no scheduling)
Max Gradient Norm 0.5
Value loss coefficient 𝑐𝑣 = 1.0
Training Duration 2 × 106 environment steps

Optimized Hyperparameters (Grid Search)
Learning rate 𝛼 ∈ {0.001, 0.01, 0.05}
Batch size ∈ {128, 256}
Rollout length 𝑇 ∈ {512, 1024}
Update epochs 𝐾 ∈ {10, 20}
PPO clip range 𝜖 ∈ {0.2, 0.4}
Entropy coefficient 𝑐𝑒 ∈ {0.01, 0.05, 0.1}
Discount factor 𝛾 ∈ {0.95, 0.99}
GAE lambda 𝜆 ∈ {0.95, 0.99}
Reset frequency ∈ {1, 5, 10} rollouts (OER/MER only)
Parallel Environments ∈ {8, 32} (MENR/MER only)

Environment Parameters
Number of observations 𝑍 ∈ {1, 10, 100, 1000}

Implementation
Framework JAX + Flax (JIT compilation)

C.1 One worker no resets (OWNR)
This training regime assumes the environment cannot be reset during deployment: the initial state of each training episode follows directly
from the final state of the previous episode. Furthermore, experience is collected by a single worker. This setup reflects many practical
applications in a social system, where multiple environmental states cannot be explored simultaneously and the environment cannot be
reverted to previous states.

C.2 One worker with resets (OWR)
While maintaining a single worker, this training approach assumes an episodic environment that is occasionally reset to a new state. We
introduce a training parameter: Reset Frequency, which controls how many rollout-update cycles the agent completes before the environment
resets to a randomly sampled initial state. Given the environment dynamics, the agent often spends extended periods in a limited portion
of the state space (In particular near monomorphic states, where most of the population adopts ALLD or DISC), developing a policy that
overfits to that region. This leads to catastrophic forgetting, where the network shifts its representational capacity to focus predominantly
on these frequently visited states. By occasionally resetting the environment to a randomly sampled state, we force the agent to explore
different portions of the state space, exposing it to a broader range of experiences and breaking the cycle of repeated updates on the same
subset of data.

C.3 Parallel workers no resets (PWNR) and parallel workers with resets (PMWR)
These training regimes introduce several parallel workers, each collecting experience in separate copies of the environment instantiated
simultaneously. Experiences from all workers are then combined to perform each update step. We introduce the parameter Number of
Environments, which specifies how many parallel workers are instantiated. The initial states for different workers are sampled randomly,
creating a more diverse pool of experiences for computing parameter updates. By drawing from this diverse pool, we avoid over-prioritizing
certain portions of the state space during updates. However, a potential issue is that all parallel workers might converge to similar states
over time (eg, all collapsing to ALLD). To address this, we introduce a variant with resets similar to the OER approach, where all workers are
reset to randomly sampled states after a specified number of rollout-update cycles determined by the Reset Frequency hyperparameter.



C.4 Parameter Selection
Parameter selection was guided by a non-exhaustive grid search over a representative set of hyperparameters. The goal was to identify
trends and understand the impact of key parameters, rather than optimize each configuration to high precision. We sought to identify
representative parameters that highlight the strengths of each training approach, enabling meaningful comparison between them.
We created a parameter grid as specified in Table 1. For each parameter combination, we ran 40 independent trials with different random
seeds: {1, 2, 3, . . . , 40}. During each trial, we collected training metrics (episode rewards, policy and value function losses, and policy entropy)
and periodic evaluations (at quarter intervals of the training run to track global behavior, as reward alone can be an unreliable signal). To
measure the performance of a given parameter combination we average the results of the final evaluation (as described in the main text)
over the 40 random seeds. Finally, given the number of observations radically changes the structure of the learning task, the process is
repeated keeping everything fixed but varying the number of observations sampled in the environment for 𝐿 = {1, 10, 100, 1000}.

Figure 9: Best performing parameter configurations for One Worker No Resets, when 𝐿 = 1. Environment parameters: 𝑍 = 100,
𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 10: Best performing parameter configurations for One Worker with Resets, when 𝐿 = 1. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

Figure 11: Best performing parameter configurations for Multiple Workers no Resets, when 𝐿 = 1. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 12: Best performing parameter configurations for Multiple Workers with Resets, when 𝐿 = 1. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 13: Evaluation distribution for the parameter search using One Worker No Resets, when 𝐿 = 1. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 14: Evaluation distribution for the parameter search using OneWorker with Resets, when 𝐿 = 1. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 15: Evaluation distribution for the parameter search using Multiple Workers no Resets, when 𝐿 = 1. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 16: Evaluation distribution for the parameter search using Multiple Workers with Resets, when 𝐿 = 1. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

C.4.1 Hyperparameter Sweep Results: 𝐿 = 1.



Figure 17: Best performing parameter configurations for OneWorker No Resets, when 𝐿 = 10. Environment parameters: 𝑍 = 100,
𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

Figure 18: Best performing parameter configurations for One Worker with Resets, when 𝐿 = 10. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 19: Best performing parameter configurations for Multiple Workers no Resets, when 𝐿 = 10. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

Figure 20: Best performing parameter configurations for Multiple Workers with Resets, when 𝐿 = 10. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 21: Evaluation distribution for the parameter search using OneWorker No Resets, when 𝐿 = 10. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 22: Evaluation distribution for the parameter search using One Worker with Resets, when 𝐿 = 10. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 23: Evaluation distribution for the parameter search using Multiple Workers no Resets, when 𝐿 = 10. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 24: Evaluation distribution for the parameter search using Multiple Workers with Resets, when 𝐿 = 10. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

C.4.2 Hyperparameter Sweep Results: 𝐿 = 10.



Figure 25: Best performing parameter configurations for One Worker No Resets, when 𝐿 = 100. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

Figure 26: Best performing parameter configurations for One Worker with Resets, when 𝐿 = 100. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 27: Best performing parameter configurations for Multiple Workers no Resets, when 𝐿 = 100. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

Figure 28: Best performing parameter configurations for Multiple Workers with Resets, when 𝐿 = 100. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 29: Evaluation distribution for the parameter search using OneWorker NoResets, when 𝐿 = 100. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 30: Evaluation distribution for the parameter search using One Worker with Resets, when 𝐿 = 100. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 31: Evaluation distribution for the parameter search using Multiple Workers no Resets, when 𝐿 = 100. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 32: Evaluation distribution for the parameter search using Multiple Workers with Resets, when 𝐿 = 100. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

C.4.3 Hyperparameter Sweep Results: 𝐿 = 100.



Figure 33: Best performing parameter configurations for One Worker No Resets, when 𝐿 = 1000. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

Figure 34: Best performing parameter configurations for One Worker with Resets, when 𝐿 = 1000. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 35: Best performing parameter configurations for Multiple Workers no Resets, when 𝐿 = 1000. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

Figure 36: Best performing parameter configurations forMultipleWorkers with Resets, when 𝐿 = 1000. Environment parameters:
𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 37: Evaluation distribution for the parameter search using One Worker No Resets, when 𝐿 = 1000. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 38: Evaluation distribution for the parameter search using One Worker with Resets, when 𝐿 = 1000. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 39: Evaluation distribution for the parameter search using Multiple Workers no Resets, when 𝐿 = 1000. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.



Figure 40: Evaluation distribution for the parameter search using Multiple Workers with Resets, when 𝐿 = 1000. Environment
parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

C.4.4 Hyperparameter Sweep Results: 𝐿 = 1000.

D COMPLETE EMPIRICAL RESULTS
We next discuss the our empirical results from training agents under different learning regimes (Section D.2), and their resulting evaluated
cooperation level (Section D.3) and policy (Section D.4) across different number of observations.

D.1 Catastrophic Forgetting
The environment is characterized by gradual dynamics, where transitions inside the simplex slow down significantly near the monomorphic
ALLD and DISC states. Unlike other regions, these states can only be escaped through mutation rather than adaptation. Additionally, the



surrounding states point may have a high imitation rate back towards the monomorphic state, resulting in the policy spending large amounts
of time trapped in these regions. This behavior can be observed in the reward curves in Figure 41. This leads to a sequence of training
updates where experience batches contain only a small subset of states. In turn, the network shifts most of its representational capacity to
focus on this limited subset, compromising its performance on the rest of the state space. Eventually, this causes the policy to collapse to the
ALLD monomorphic state, from which it is largely unable to recover thereafter.
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Figure 41: Learning curves showing reward and evaluation for two training runs with OneWorker and No Resets (OWNR) using
seeds: {10, 2}. The policies show catastrophic forgetting whereby updating with several batches of homogeneous experiences
can lead the policy to collapse as seen in both curves here.

.

D.2 Evaluation Learning Curves for Different Numbers of Observations
Each training regime with different observation counts 𝐿 ∈ {1, 10, 100, 1000} was trained across 50 random seeds, with evaluations taken at
regular intervals during training. The learning curves showing average evaluation reward and standard deviation are presented in Figure 42.

We observe that for 𝐿 > 1, there is generally a noticeable increase in the rate of cooperation achieved. However, we also observe an
interesting phenomenon in the broadening of the standard deviation across seeds. As more information is provided through additional
observations, agents are able to form increasingly fine-grained beliefs over the underlying environment state. While this generally reduces
the entropy of the belief distribution over states, it can paradoxically complicate decision-making by concentrating probability mass around
states that are more dissimilar from each other, as evidenced by the increase in Rao’s Q divergence (see Appendix B). This concentration can
happen across decision boundaries and can potentially mislead agents. We hypothesize that which actions are learned in response to these
refined observations become critical in determining whether the learned policy leads to success or failure. The increased variance across
seeds suggests that with richer observations, the learning process becomes more sensitive to initialization and early experiences, as agents
must learn to navigate finer distinctions between states that may require opposing actions.
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(a) 𝐿 = 1

0.0M 0.2M 0.5M 0.8M 1.0M 1.2M 1.5M 1.8M 2.0M
0.0

0.2

0.4

0.6

0.8

1.0

Ev
al

ua
ti

on
 R

ew
ar

d

One Worker No Resets (OWNR)

Mean
±1 SD

0.0M 0.2M 0.5M 0.8M 1.0M 1.2M 1.5M 1.8M 2.0M
0.0

0.2

0.4

0.6

0.8

1.0
One Worker with Resets (OWR)

Mean
±1 SD

0.0M 0.2M 0.5M 0.8M 1.0M 1.2M 1.5M 1.8M 2.0M
Training Timesteps

0.0

0.2

0.4

0.6

0.8

1.0

Ev
al

ua
ti

on
 R

ew
ar

d

Parallel Workers No Resets (PWNR)

Mean
±1 SD

0.0M 0.2M 0.5M 0.8M 1.0M 1.2M 1.5M 1.8M 2.0M
Training Timesteps

0.0

0.2

0.4

0.6

0.8

1.0
Parallel Workers with Resets (PWR)

Mean
±1 SD

(b) 𝐿 = 10
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(c) 𝐿 = 100
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Figure 42: Learning curves for the different training regimes under different numbers of environment observations (𝐿).

D.3 Frequency of cooperation per strategy state across training regimes and number of observations
The evaluated level of cooperation of each training regime after obtaining the optimal parameters is given by the average cooperation
obtained in the last 1000 timesteps of a total of 2000 timesteps by the trained policy of 5 seeds (1,2,3,4,5) at all possible strategy states with a
randomly selected initial social norm. We found this to be a more reliable metric for a policie’s performance than the environmental reward
as it measures outcomes under the policy for all possible initial states. As we can see in figure D.1, Evaluation Reward and Environment
reward can diverge.

In Figure 43, we present these results for the different training regimes, across a different number of observations. We conclude that all
policies have a substantial increase in performance by having more than one observation, leading to a greater strategy state region where the
agent is able to guide the population towards cooperation. Interestingly, the effect of observations is not the same across learning regimes,
suggesting an optimal finite value of observations per training method. Throughout all training regimes and number of observations, we
observe the existence of two separate regions: one from where it is possible to guide the population towards a cooperative state, and one
where the population always goes towards defection. We see that the latter region, composed primarily of ALLD and ALLC agents, is largely
independent of the norm that is used, and as such it is present throughout all training regimes and number of observations. This suggests a
limit in the obtainable average cooperation level when starting from all possible strategy states.



Figure 43: Average cooperation obtained after starting in each strategy state for all training regimes, for different numbers
of observations (𝐿 = 1, 𝐿 = 10, 𝐿 = 100,𝐿 = 1000). We observe that more observations tends to result in a larger strategy state
region from where it is possible to guide the population towards cooperation, with higher overall levels of cooperation. Despite
this, not all learning regimes benefit equally from added observations. Environment parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1,𝛽 = 1.0,
𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.

D.4 Average policy per state across training regimes and number of observations
The average policy of each training regime (after obtaining the optimal parameters) is given by the most commonly used social norm in each
strategy state, obtained after a total of 2000 timesteps by the trained policy of 5 seeds (1,2,3,4,5) initiated at all possible strategy states with a
randomly selected initial social norm. In Figure 44, we present these results for the different training regimes, across a different number of
observations. We observe that the trained policies are highly sensitive to the training regime and the number of observations. Nevertheless,
more observations lead to a generally more targeted usage of each norm. That is, as the number of observations increases, the strategy state
region where a norm is used becomes less noisy and covers a more complex shape of the strategy state. These results align with the entropy
metrics discussed in Appendix B, where more observations lead to a better capacity to distinguish the current strategy state.



Figure 44: Average policy per state under all training regimes, for different numbers of observations (𝐿 = 1, 𝐿 = 10, 𝐿 = 100,𝐿 =

1000). Each color represents the social norm most commonly used in the trained policies at that state. We observe that the
resulting policies are highly sensitive to the training regime and the number of observations. In general, under a lower number
of observations, the same norms are used in broader regions of the state space, indicating less ability to distinguish between
strategy states. Environment parameters: 𝑍 = 100, 𝑏 = 10, 𝑐 = 1, 𝛽 = 1.0, 𝑒𝑒 = 𝑒𝑎 = 0.01, T =∞.
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