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Abstract

Cooperation among independent learning agents is desirable
as it enables reaching collectively rewarding states. Recent
work has shown that artificial agents can learn to act pro-
socially without the need for predefined cooperative prefer-
ences or behavioural heuristics, provided that they can ob-
serve others’ actions or policies and select them as partners
accordingly. This paper relaxes this constraint, studying re-
inforcement learning (RL) agents operating with only mini-
mal information about others’ behaviour. We propose a novel
‘Observer Model’, where agents gain insights from direct
experience and limited, indirect observations. We show that
direct experience alone cannot sustain cooperation, particu-
larly in large societies. However, even minimal observations
of third-party interactions, allowing as few as one observer
per gameplay, lead to significant improvements, enabling the
population to achieve and sustain robust cooperation across
varying population sizes. Through numerical analysis, we
show the co-evolution of strategy and interaction structure
and disentangle how learning happens under various settings.
Analysing the partner selection graph, we identify the rea-
sons for cooperation to emerge, and we explore how different
learning and exploration rates affect the outcome of social
dilemmas played among RL agents.

Introduction
Over the past decade, there has been a significant and grow-
ing effort to design AI agents capable of cooperative be-
haviour, particularly in the context of social dilemmas (SD)
(Fatima, Jennings, and Wooldridge 2024). This has moti-
vated a variety of learning heuristics to avoid the uncoop-
erative suboptimal outcomes that typically arise in such set-
tings (Peysakhovich and Lerer 2018; Bazzan, Peleteiro, and
Burguillo 2011; Fan et al. 2022).

Reinforcement Learning (RL) agents augmented with
partner selection mechanisms have been shown to success-
fully learn cooperative behaviour in social dilemmas, oper-
ating in a fully decentralised fashion (Anastassacos, Hailes,
and Musolesi 2020). This holds true even when partner se-
lection capabilities are minimal (Leung and Turrini 2024)
and under challenging, network-constrained interaction set-
tings (Leung, Lenaerts, and Turrini 2024). These findings
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rest on the assumption that agents can observe the past be-
haviour of others. The ability to identify and preferentially
interact with past cooperators serves as a powerful heuristic
for forming stable, cooperative groups (Santos, Pacheco, and
Lenaerts 2006). Moreover, after partners are selected, track-
ing others’ actions enables direct reciprocity: strategies such
as Tit-for-Tat (Axelrod 1984) can further discourage selfish
behaviour and promote cooperation.

Although information on past interactions can be used to
select partners, accessing prior behaviours of agents, without
having interacted with them directly, is challenging in real-
world settings: interactions can be private (Hilbe et al. 2018;
Perret, Krellner, and Han 2021), individuals might refuse to
share their experiences (Santos, Pacheco, and Santos 2018),
and direct observability can be limited to narrow settings.
This raises a critical question: can cooperation still emerge
when agents lack such observational capabilities? Exploring
what happens when agents are limited to their own direct
experiences, or otherwise constrained in their ability to ob-
serve others, is a crucial step toward developing a robust and
generalizable theory of cooperation in learning agents.

Contribution. In this paper, we study independent RL
agents playing a social dilemma and capable of selecting
other agents to interact with. In contrast with the literature,
these agents, which we model as epsilon-greedy Q-learners,
can only rely on limited observations and experiences about
the others’ behaviour. We show that direct experience alone
is insufficient for the emergence of cooperation, particularly
in large societies. We propose a novel Observer Model, al-
lowing as few as one observer per gameplay, and show that
this enables the population to achieve and sustain coopera-
tion across varying population sizes. Through the analysis
of policies’ evolution under different levels of observability,
we trace the co-evolution of strategy and interaction struc-
ture and disentangle how learning happens under various
settings. By inspecting the interaction graph, which agents
form by repeatedly selecting other agents to interact with,
we identify key reasons for cooperation to emerge, and we
explore how different learning and exploration rates affect
the outcome of social dilemmas played among RL agents.

Related Work. Understanding why self-interested indi-
viduals cooperate is a key question for many fields of sci-
ence, such as economics, evolutionary and social psychol-
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Figure 1: General payoff matrix (left side) and a concrete in-
stantiation (right side) of the Prisoner’s Dilemma. The pay-
offs need to be such that T > R > P > S and 2R > T +S.

ogy or biology (Nowak 2006; Kollock 1998; Sigmund 2010;
Van Lange et al. 2013; Bowles and Gintis 2013). Var-
ious studies, empirical (Barclay and Willer 2007; Rand,
Arbesman, and Christakis 2011; Wang, Suri, and Watts
2012; Zhang et al. 2016) and theoretical (Segbroeck et al.
2009; Sylwester and Roberts 2010; Zheng et al. 2017; San-
tos, Pacheco, and Lenaerts 2006; Bara, Turrini, and An-
drighetto 2022; Graser et al. 2025), have shown how the ca-
pacity of individuals to choose reliable partners is key for
this to happen. In computational social science, agent-based
simulation models are widely used to study the emergence of
cooperation in social dilemmas (e.g., (Gilbert 1995; Salazar
et al. 2011; Santos and Pacheco 2005)), typically featuring
agents governed by heuristic decision-making rules.

RL has become a key paradigm for studying the emer-
gence of cooperation among autonomous learning agents
(Sandholm and Crites 1996; Dafoe et al. 2020; Dasgupta and
Musolesi 2025; Leibo et al. 2017; Smit and Santos 2024;
Barfuss et al. 2025). Breakthroughs have been achieved in
scenarios involving the exploitation of common resources,
particularly through the development of trust mechanisms
among agents (Pérolat et al. 2017; Leibo et al. 2017; Ten-
nant, Hailes, and Musolesi 2024). Partner selection has
emerged as a key mechanism driving cooperation among
independent Q-learners in SDs (Anastassacos, Hailes, and
Musolesi 2020; Leung and Turrini 2024; Leung, Lenaerts,
and Turrini 2024). However, these studies typically rely on
global information, assuming that agents can access the most
recent behaviour of all potential partners prior to making
their selection, an assumption that we remove in this paper.

The importance of studying mechanisms that achieve co-
operation in the presence of imperfect and noisy information
is widely acknowledged. Reputation and indirect reciprocity
have long been recognised as key mechanisms (Sabater and
Sierra 2002; Pujol, Sangüesa, and Delgado 2002; Perreau de
Pinninck, Sierra, and Schorlemmer 2010; Perret, Krellner,
and Han 2021; Santos, Pacheco, and Santos 2021; Ren et al.
2025). (Anastassacos et al. 2021) show that when RL agents
adopt a shared social norm to assign reputations, cooperative
behaviour emerges within the population. While reputation
typically relies on a shared understanding of what consti-
tutes good/bad actions (Santos, Pacheco, and Santos 2018),
in our study, agents base their decisions solely on the most
recent observed actions of others.

Preliminaries
Social Dilemmas. Social dilemmas (SD) are a bench-
mark model for the emergence of cooperation between au-
tonomous agents, with the Prisoner’s Dilemma (PD) serving

as the main example and the hardest to solve. The PD is a
2-player symmetric game where both players can choose to
Cooperate (C) or Defect (D). Players receive a payoff based
on the game outcome: R (mutual cooperation (C,C)), P
(mutual defection punishment (D,D)), S (being cheated on
(C,D)), or T (cheating (D,C)), from Player 1’s perspec-
tive. The payoff matrix is presented in Figure 1. While mu-
tual cooperation provides the best collective outcome, defec-
tion is the dominant strategy, leading to a Nash equilibrium
of mutual defection, encoding the tension between societal
and individual interest that is typical of social dilemmas.

Partner Selection. Following the partner selection mech-
anism introduced in (Anastassacos, Hailes, and Musolesi
2020), each agent has the opportunity to select another agent
to interact with at each round. Once selections are made, ev-
ery resulting pair plays a Prisoner’s Dilemma, after which
agents update both their game and partner selection strate-
gies based on the obtained payoffs. Note that while every
agent participates in at least one game per round, some may
play multiple times if repeatedly chosen as partners.

Q-learning
We train our agents using Q-learning (Watkins and Dayan
1992), a well-established reinforcement learning algorithm
that operates within the framework of a Markov Decision
Process (MDP). Each agent i learns its policy independently.
At each time step, the agent observes the current state of the
environment, denoted as st ∈ S, where S is the set of all
possible states. The agent then chooses an available action
at ∈ A(st), where A(st) returns the set of available actions
in st. We denote the corresponding Q-value as Qi(st, at),
estimating the expected accumulated discounted reward of
choosing action at at state st. After performing the action,
the agent receives an immediate reward rt ∈ ℜ and enters
the next state st+1 ∈ S. The Q-value of the chosen action of
the agent is updated as follows:

Qi(st, at)← Qi(st, at) + α[Gt −Qi(st, at)], (1)

where Gt = rt + γmaxa′Qi(st+1, a
′) the estimated accu-

mulated discounted reward, α ∈ [0, 1] is the learning rate,
and γ ≤ 1 is the discount factor.

An exploration mechanism aims to strike a good bal-
ance between exploitation and exploration such that the
performance of the agent is maximised during learn-
ing while ensuring that desirable convergence guaran-
tees are met. Epsilon-greedy exploration is a commonly
used mechanism, where the stochastic policy πi(s) =
(π(s, a1), ..., π(s, a|A|)) ∈ ∆ is evaluated as:

π(s, ak) =
ϵ

|A|
+

1{ak ∈ argmaxaQ
i(s, a)}

|{argmaxaQi(s, a)}|
(1− ϵ) (2)

where 1{·} denotes the indicator function, ϵ ∈ [0, 1] is the
exploration rate.

Deep Q-learning. Function approximation is adopted
when the state space is large and standard Q-learning be-
comes infeasible. The deep Q-network (DQN) proposed by
(Mnih et al. 2015) utilises a neural network to approximate
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Figure 2: The percentage of mutual cooperation (C,C)
across episodes with agents acting based on different prob-
abilities pG of utilising global information. The cooperation
rate rises with pG. Local means pG = 0 and Global pG = 1.

the Q-value Q(st, at; θ
i), together with the idea of experi-

ence replay and target network, has achieved remarkable re-
sults. The parameters update under DQN is as follows:

θi ← θi + α[Yt −Q(st, at; θ
i)]∇θQ(st, at; θ

i), (3)

where Yt = rt + γmaxa′Q(st+1, a
′; θi−), and θi− are the

parameters from the target network updated periodically.

Observability and Cooperation
In this section, we study how the capacity of agents to ob-
serve what others have done affects their capacity to learn
cooperative strategies. We do so through our Observer
Model, which encodes the agents’ observability mechanism.
Before doing that we show that observation is essential for
cooperation and local models, even when accelerated by mu-
tual learning, fail to achieve it.

Restricting Agents’ Observability
Partner selection was shown to enable cooperation in pop-
ulations of decentralised self-interested RL agents (Anas-
tassacos, Hailes, and Musolesi 2020). This and follow-up
works (Leung and Turrini 2024; Leung, Lenaerts, and Tur-
rini 2024) implicitly assume that interactions happen pub-
licly, and everyone has observed what their current partner
last did. In this section, we remove this assumption com-
pletely, assuming that agents can only count on their own
direct experience when evaluating others.

In this ‘local’ information setting, each agent is able to
recall the last action an agent played against them. As soon
as the agent interacts with the same agent twice, only the
last action is recorded. Such records are the only informa-
tion used to decide what to do when facing them or whether
to select them as partners. We refer to the model in (Anas-
tassacos, Hailes, and Musolesi 2020) as the Global Infor-
mation Model, and this local restriction as the Local Infor-
mation Model. To better illustrate how the availability of
global information can alter the convergence towards coop-
erative policies, we conducted experiments in settings com-
bining the Local and Global Information models. To this

Figure 3: Percentage of mutual cooperation (C,C) across
episodes with mutual partner selection policy update. Mu-
tual policy update corresponds to a higher cooperation rate.

end, Figure 2 plots the percentage of mutual cooperation
(C,C) across episodes with different probabilities pG. We
can see that cooperation is hindered under the Local Infor-
mation Model (pG = 0) and that its rate rises with pG.
When up to pG = 0.3, cooperation pairs emerge and sta-
bilise around 85%. Further increasing pG will speed up the
convergence rate. When pG = 0.8, we retrieve the coop-
eration rates from the literature, under the Global Informa-
tion Model (Anastassacos, Hailes, and Musolesi 2020). The
availability of global information plays a key role in promot-
ing cooperation, yet the full availability seems unnecessary,
a key finding to motivates the Observer Model introduced.

Mutual Update of Partner Selection Policy
When agents choose each other to play the game, they hold
Q-values that reflect their opinion about the current partner.
In our model we assume that once a pair is formed and in-
teracts, both agents learn from that experience. This is an
addition to the partner selection model studied in the litera-
ture (Anastassacos, Hailes, and Musolesi 2020), where only
the selecting agent updates Q-value, while the selected agent
does not. Besides being a reasonable addition, which is in
line with what happens for the gameplay strategies, where
both agents learn from direct experience, this also ends up
accelerating learning and improving overall performance. To
see why this is the case we conducted the experiments on
the Local Information Model with mutual update on part-
ner selection. Figure 3 presents the percentage of mutual co-
operation (C,C) across episodes with mutual partner selec-
tion update. When mutual update is implemented, the overall
learning effectiveness for partner selection improves, and the
percentage of mutual cooperation has risen from below 20%
to above 40%. This finding will play a crucial role in our
results, but it also demonstrates that mutual update alone is
insufficient to foster cooperation; it must be complemented
by a degree of limited observability, as we explore next.

The Observer Model
Building on the previous findings, we propose the Observer
Model, which constrains the observability of agents’ inter-
actions while retaining the ability to achieve cooperation.

29523



Algorithm 1: The Observer Model
Input: learning rate α, exploration rate ϵ, number of rounds
per episode nR, number of agents nA

1: for each episode do
2: for each round do
3: for each agenti in population do
4: sPSi ← agenti.memory.oLastActions

5: aPSi ← agenti.partnerSelect(sPSi)
6: agentj ← mapping(aPSi)
7:
8: agentk ← selectObsever(population)
9: sPDi

← agenti.memory.oLastActionsj
10: sPDj

← agentj .memory.oLastActionsi
11: aPDi

← agenti.gameSelect(sPDi
)

12: aPDj
← agentj .gameSelect(sPDj

)
13: ri, rj ← playGame(aPDi

, aPDj
) (Fig.1)

14:
15: agenti.StoreAndTrain(sPSi , aPSi , 0) (Eq.3)
16: agenti.StoreAndTrain(sPDi , aPDi , ri) (Eq.1)
17: sPSj ← agentj .memory.oLastActions

18: aPSj ← mapping(agenti)
19: agentj .StoreAndTrain(sPSj

, aPSj
, 0) (Eq.3)

20: agentj .StoreAndTrain(sPDj
, aPDj

, rj) (Eq.1)
21:
22: agenti.memoryUpdate(j, aPDj

)
23: agentj .memoryUpdate(i, aPDi

)
24: agentk.memoryUpdate(i, aPDi

)
25: agentk.memoryUpdate(j, aPDj

)
26: end for
27: end for
28: end for

Consider a population of nA agents learning to play sev-
eral rounds of the Prisoner’s Dilemma (PD), where each
agent can select a partner to play with in every round. The
agents’ goal is to earn the highest payoff across nR rounds
of the game. The best outcome for the population (in terms
of total rewards of all agents) is achieved when all agents
cooperate every time. However, such an outcome is hard to
achieve since the immediate reward for defection is higher,
especially in a highly cooperative society. With the partner
selection mechanism, an agent has to choose between the
immediate reward of defecting against its cooperative part-
ner and the future rewards generated by stable cooperation.
The Observer Model is described in Algorithm 1.

Each round of the game comprises two stages. In the first
stage (partner selection, Algorithm 1 lines 4−6), each agent
i can choose a partner whom they would like to play with.
The decision is made based on the last actions in the PD of
other agents stored in the memory sPSi ∈ {oC , oD}nA−1.
The agent cannot select itself, and the selected agent j can-
not refuse to play. No reward is received at this stage. During
the second stage (gameplay: line 8− 13), agent i and j will
play a PD (aPDi

, aPDj
), where aPDi

, aPDj
∈ {C,D} and

receive their rewards (ri, rj). The decisions are made based
on the last actions in the PD of their partners, stored in their
own memory sPDi, sPDj ∈ {oC , oD}. During the game-

play, a third agent is randomly selected as the ‘observer’ to
witness the actions played by the pair and record such ob-
servation in their memory.

Each agent maintains two policies for action selections,
πPS for partner selection, πPD for the action selection in
the PD game. The policies are updated based on the Q-
learning algorithms discussed in Section 2 (Algorithm 1,
lines 15 − 20). In line with (Anastassacos, Hailes, and Mu-
solesi 2020), we adopt DQN for partner selection and stan-
dard Q-learning for the PD. For DQN, the neural network is
parameterised with one hidden layer of size 256 with the
ReLU activation function1. The policies are generated by
epsilon-greedy exploration with ϵ = 0.01, the learning rate
α = 0.005, and the discount rate γ = 12. Finally, the players
i, j and the observer k will update their memory of the last
actions performed (Algorithm 1, lines 22− 25).

Experimental Results
In this section, we present our experimental results, show-
ing how cooperation can emerge under the Observer Model.
We then identify four phases of the population strategy’s de-
velopment, characterised by different outcome distributions
in the PD. We analyse the types of strategies that are learnt,
both during the game stage and the partner selection stage.
We then look at the robustness of the model under varying
population size, as well as modifying classical Q-learning
hyperparameters such as learning and exploration rates.

Emergence of Cooperation
Under the Observer Model, full cooperation emerges and
stabilises. Figure 4 compares the percentage of outcomes
in PD across episodes between the Observer Model and the
Local Information Model. The results are averaged over 20
simulations for a population of 30 agents. Under the Ob-
server Model, the outcome of mutual cooperation (C,C) is
slightly less popular than unilateral exploitation (D,C) at
first. After episode 12, 500, cooperative behaviour begins to
dominate. On the other hand, under the Local Information
Model, the outcome of exploitation (D,C) becomes domi-
nant quickly after the 5, 000 episode, whereas there is still
some level of mutual cooperation (C,C) and mutual defec-
tion (D,D) throughout the learning. Note that this is not
equivalent to the result we will get under random match-
ing, where mutual defection (D,D) prevails (Anastassacos,
Hailes, and Musolesi 2020). This reflects the fact that some
agents have learnt to be a cooperator when partner selection
is allowed, yet the unavailability of the global information
has prevented this group from further growing.

Zooming in on the result in sub-Figure 4a, we notice
four different phases of learning, characterised by different
outcome distributions in the PD game, under the Observer
Model. Each phase corresponds to the development of a pop-
ulation strategy as follows:

1The replay memory size is 160, batch size 32, target network
update interval 100, optimised over multiple configurations.

2We optimise the hyperparameters through a grid search, with
α, ϵ ranging from 0.001 to 0.05.
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(a) Observer Model (b) Local Information Model

Figure 4: The mean and standard deviation of the percentage of outcomes in PD across episodes under the Observer Model and
the Local Information Model. When agents can only make decisions based on local information, the outcome of exploitation
(D,C) quickly dominates. With the Observer Model, the outcome of mutual cooperation (C,C) is slightly less popular at
first, and starts to take over after 12, 500 episodes. The population size is 30, and the results are averaged over 20 simulations.
Vertical dashed lines represent distinct phases of learning discussed in our Results section.

Figure 5: Box plots representing the number of agents adopting different policy types across learning phases. The policy types
are quite even in the earlier phase, whereas later on TFT agents start to take over, consequently pushing up the ALL-C agents.

• Phase 1 (episodes 0 to 1, 000): Exploitation (D,C) is
popular, followed by mutual cooperation (C,C) and then
mutual defection (D,D).

• Phase 2 (episodes 1, 000 to 12, 500): Mutual defection
(D,D) has significantly dropped, mutual cooperation
(C,C) and exploitation (D,C) are fairly balanced.

• Phase 3 (episodes 12, 500 to 17, 000): Mutual coopera-
tion (C,C) grows sharply while exploitation (D,C) and
mutual defection (D,D) decrease.

• Phase 4 (episodes 17, 000 onwards): Cooperation
emerges and is sustained, as over 90% of interactions re-
sult in mutual cooperation (C,C).

Emergent Policy Types
In our setting, the agents’ decisions are only based on the last
recorded PD action performed by their partner. Therefore,
there are only two states and four Q-values in the gameplay
stage. By analysing the Q-values for different states, we can

categorise the agent’s policy into distinct policy types. For
example, if the Q-value of the cooperation action C is larger
than that of defection D regardless of the partner’s last ac-
tion (Q(C|oC) > Q(D|oC), Q(C|oD) > Q(D|oD)), we
classify the agent as adopting the Always-Cooperate strat-
egy; if the Q-value of the cooperation C action is larger
than that of the defection action D when the partner cooper-
ated last, but reverse it otherwise (Q(C|oC) > Q(D|oC),
Q(D|oD) > Q(C|oD)), we classify the agent as adopt-
ing the Tit-for-Tat strategy; and so forth. Thus, the agents’
policies can be classified into four policy types: (1) Always-
Cooperate (ALL-C), (2) Tit-for-Tat (TFT), where the agent
copies the partner’s last recorded action, (3) reverse Tit-for-
Tat (R-TFT), where the agent does exactly the opposite, and
(4) Always-Defect (ALL-D).

To analyse how the gameplay strategies develop and sta-
bilise within the population, we created a box plot to show
the number of agents that adopted each policy type during
the training across various learning phases (Figure 5). In the
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(a) Observer Model (b) Local Information Model

Figure 6: Average Out-Degree and In-Degree of the unweighted partner selection graph across episodes by policy types under
the Observer Model and the Local Information Model. The figures reflect the number of distinct agents an agent selects actively
or is selected passively in one episode. For the out-degree, agents’ partner selection under the Observer Model is constantly
more dispersed than that of the Local Information Model in all policy types. For the in-degree, the ALL-C agents receive more
selection under both models. The selection received by TFT agents is significantly higher under the Observer Model.

first phase, the learnt policy types are essentially uniform in
the population. Agents have to spend some time identifying
the ALL-C agents at the beginning, thus we can see a higher
number of mutual defections (D,D) in the interaction. In
the second phase, the distribution of learnt policy types has
changed slightly. We can observe that the outcomes of mu-
tual cooperation (C,C) and exploitation (D,C) are equally
popular, showing that partner selection is learnt effectively.
During the period, ALL-C and TFT agents are able to iden-
tify and cooperate with each other, ALL-D and R-TFT agents
are able to identify the ALL-C agents and attempt to exploit
them. Thus, the number of ALL-C agents has slightly de-
creased. In the third phase, the number of TFT agents starts
to rise. This is in line with the observation that mutual co-
operation (C,C) grows sharply. When agents are switching
their policy type during the learning, it appears that TFT
agents are getting an advantage with respect to the other
policy types, which contributes to the rise in the number of
TFT agents. In the fourth phase, the number of TFT agents
becomes predominant, followed by the ALL-C agents. As
agents cannot infer others’ policy types through observation,
the increase of TFT agents has largely affected the payoff of
ALL-D agents, and this drives the defectors to cooperate over
time; thus, cooperation emerges and is sustained.

Tracing the Interaction Graph
In this subsection, we compare how the partner selection
dynamics evolve between agents interacting under the Ob-
server Model and the Local Information Model. By exam-
ining the partner selection graph in a representative simula-
tion (please refer to the Technical Appendix for a graphical
representation), we observe that partner selection is more di-
verse under the Observer Model, whereas in the Local Infor-
mation Model, agents frequently choose the same partners.
In the Local Information Model, limited information about
others leads agents to adopt a more conservative strategy,
often preferring to select the partner they have already inter-
acted with. This becomes a disadvantage when their partner

Figure 7: Percentage of mutual cooperation (C,C) across
episodes with different population sizes. The percentage
slightly deteriorates as population size increases. The per-
centage drops to about 85% for 50 agents. It rises back to
90% when we increase the number of observers to 2.

switches policy type. When the information becomes less
reliable, the majority of agents will choose to defect. Under
the Observer Model, each agent has a chance, on average, to
become an observer at every round and thus receives two ad-
ditional observations of others’ actions. This additional in-
formation encourages agents to select different agents dur-
ing the partner selection stage; therefore, we can see that the
partner selection graph assumes a more regular structure.

The same conclusion is supported by looking at the out-
degree of the unweighted partner selection graph. Figure
6 plots the average Out-Degree and In-Degree of the un-
weighted partner selection graph across episodes by policy
types under the Observer Model and the Local Information
Model. The figures reflect the number of distinct agents an
agent selects actively or is selected by in an episode. As for
the out-degree, agents’ partner selection under the Observer
Model is constantly more dispersed than in the Local Infor-
mation Model, and this is true for all policy types. Agents are
selecting on average 4.26 different partners in the Observer
Model, while only 1.5 in the Local Information Model. As
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(a) ϵ = 0.005 (b) ϵ = 0.05

Figure 8: The percentage of outcomes in PD across episodes and the box plots of policy type at the end of simulations under
different exploration rates. A small exploration rate slows the rate of convergence. A large exploration rate promotes the adop-
tion of the ALL-C policy type, limiting the cooperation rate from growing in the long run.

for in-degree, ALL-C agents are selected more often un-
der both models. The average in-degree for ALL-C agents
starts around 10 and gradually drops to 4 under the Observer
Model, where the population is mainly composed of ALL-C
and TFT agents at the end of the simulations. For the Local
Information Model, the average in-degree for ALL-C agents
rises to 18 and then stabilises at around 9, where the popula-
tion is mainly composed of ALL-D agents with a few other
types at the end of the simulations. Selection of TFT agents
is significantly higher under the Observer Model across the
learning period. The successful partnership of ALL-C and
TFT agents is essential to the survival of TFT agents, which
in turn is crucial for punishing the ALL-D policy.

The Effect of Population Size
In this and the next subsection, we study the robustness of
our results, focusing first on the effect of population size in
the Observer Model. We repeat the same experiment with
population sizes of 20−50. Figure 7 presents the percentage
of mutual cooperation (C,C) across episodes with differ-
ent population sizes. We see that cooperation still emerges
even when the population size rises to 50. As the population
size increases, the rate of convergence slightly deteriorates.
The cooperation rate drops to about 85% in the case of 50
agents. We conduct further simulations increasing the num-
ber of observers. When this is increased to 2 (purple line),
the cooperation rate rises back to above 90%.

The Effects of Learning and Exploration Rates
We look at two key hyperparameters: learning and explo-
ration rates. We then test a lower and a higher learning rate
(α = 0.001, 0.01) and exploration rate (ϵ = 0.005, 0.05).

Figure 8 shows the percentage of outcomes in PD across
episodes and the box plots of policy type at the end of
simulations under different exploration rates. The effects of
changing the magnitude of both parameters are quite similar;
for space reasons, we relegate the representation of learning
rates to the Appendix. When agents adopt a lower explo-
ration rate, the rate of convergence slows down. Mutual co-
operation starts to grow at 25, 000 instead of at 12, 500 in

the original setting. On the other hand, when agents adopt
higher learning and exploration rates, we can see that the
convergence rate speeds up. However, the percentage of mu-
tual cooperation is kept below 80%. A high learning or ex-
ploration rate causes more agents to adopt the ALL-C policy,
and limits the capacity of the population to resist defectors.

Conclusions and Future Work
Observability was identified as an important feature to sus-
tain cooperation using Reinforcement Learning. But to what
extent can we reduce it and still achieve socially desirable
behaviour? In our novel Observer Model agents gather in-
formation through direct gameplay with others and by (lim-
itedly) observing others’ gameplays. We show that direct ex-
perience alone is not sufficient for the emergence of cooper-
ation, particularly in large societies. However, allowing as
few as one observer per gameplay leads to significant im-
provements, enabling the population to achieve and sustain
robust cooperation across varying population sizes. By in-
specting different phases of learning, we showed the nu-
anced dynamics of partner selection under limited observ-
ability and how it nurtures cooperation-promoting strategies.

This work demonstrates the key role of information avail-
ability for strategic partner selection geared to the emer-
gence of cooperation. However, many questions still need
to be answered. First and foremost, further robustness anal-
ysis is required, where the game itself is modified, e.g.,
through rewards or allowed selection frequency. Future work
shall theoretically study the exact critical level of observ-
ability required to trigger cooperation. Potential directions
also include investigating alternative observation mecha-
nisms, such as recommendations from third-party, or via
constrained observation networks where agents can only ob-
serve their neighbours. An extension to multi-player dilem-
mas, such as the common-pool resource problem (Pérolat
et al. 2017), is also an important avenue to test the robust-
ness of the Observer Model. Finally, exploring the impact
of long-term observations and their impact on the emergent
strategy types is a natural direction.
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