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Abstract

The significance of network structures in promot-
ing group cooperation within social dilemmas has
been widely recognized. Prior studies attribute this
facilitation to the assortment of strategies driven by
spatial interactions. Although reinforcement learn-
ing has been employed to investigate the impact of
dynamic interaction on the evolution of coopera-
tion, there remains a lack of understanding about
how agents develop neighbour selection behaviours
and the formation of strategic assortment within an
explicit interaction structure. To address this, our
study introduces a computational framework based
on multi-agent reinforcement learning in the spatial
Prisoner’s Dilemma game. This framework allows
agents to select dilemma strategies and interacting
neighbours based on their long-term experiences,
differing from existing research that relies on preset
social norms or external incentives. By modelling
each agent using two distinct Q-networks, we dis-
entangle the coevolutionary dynamics between co-
operation and interaction. The results indicate that
long-term experience enables agents to develop the
ability to identify non-cooperative neighbours and
exhibit a preference for interaction with coopera-
tive ones. This emergent self-organizing behaviour
leads to the clustering of agents with similar strate-
gies, thereby increasing network reciprocity and
enhancing group cooperation.

1

The emergence of cooperation is fundamental to human civi-
lization and evident in various biological and multi-agent sys-
tems [Rand and Nowak, 2013; Kramar et al., 2022]. How-
ever, maintaining cooperation in social dilemmas is challeng-
ing due to the conflict between individual interests and col-
lective welfare [Sigmund, 2010]. A key focus in cooper-
ation research involves understanding the conditions under
which individuals favour altruism over self-interest, with reci-
procity identified as a crucial element. In this context, reci-
procity is examined through repeated interactions limited to
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direct neighbours due to physical or social constraints, where
the behaviours of individuals are shaped by the actions of
their counterparts [Perc et al., 2013]. Studies using evolu-
tionary game theory (EGT) demonstrate that network struc-
ture can promote altruistic behaviour through spatial reci-
procity, clustering similar strategies and reducing exploita-
tion by free-riders [Santos et al., 2006; Wang er al., 2013].
Furthermore, considering individuals’ capability to interact
with neighbours selectively, recent research emphasizes the
significance of dynamic interaction mechanisms in the evo-
lution of cooperation [Su et al., 2022; Rand et al., 2011;
Sylwester and Roberts, 2013]. Such neighbour selection be-
haviours notably transform learning dynamics, thereby allow-
ing agents to modify their interaction structures in response to
evolving cooperative scenarios.

Despite advancements, explanations for the spontaneous
emergence of cooperative behaviours and selective interac-
tions remain limited. Traditional game theory and EGT em-
phasize social learning, where agents imitate nearby success-
ful strategies [Sigmund et al., 2010; Li et al., 2016], overlook-
ing learning through trial-and-error [Metcalfe, 2017]. Addi-
tionally, empirical studies employing experience-based learn-
ing face challenges in developing enduring strategies, partic-
ularly due to the complexities encountered in large popula-
tion iterations [McKee et al., 2023]. To unravel the intricate
coevolutionary dynamics of agent behaviours, there is an in-
creasing interest in leveraging advanced deep reinforcement
learning (RL) algorithms [Perolat et al., 2017; Du et al., 2023;
Willis et al., 2023]. These methods are not only used to exam-
ine agents’ decision-making processes but also to investigate
the emergence of their behaviours [Koster er al., 2022]. How-
ever, RL agents typically optimize personal policies, which
may lead to a reduction in global optimization [Lowe et al.,
2017]. Although studies introducing mechanisms like rep-
utation [Anastassacos et al., 2020] and moral rewards [Ten-
nant et al., 2023] to address these issues, these specialized ap-
proaches exhibit restricted applicability. Therefore, it is cru-
cial to have a deeper understanding of the learning dynamics
of agent behaviours and encourage cooperation.

In this study, we construct a computational model using
deep Q-learning (DQN) [Mnih et al., 2015] to explore how
agents can simultaneously learn both interaction and dilemma
strategies from their long-term experiences. These agents,
modelled as artificial neural networks, learn behavioural poli-
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cies and obtain rewards in a spatial Prisoner’s Dilemma Game
(PDG) setting within a multi-agent reinforcement learning
(MARL) environment. Unlike previous studies that depended
on predefined social norms or explicit external incentives, our
approach highlights the significance of temporal factors and
historical information in influencing agent decision-making.
Initially, agents have no prior knowledge regarding the ac-
tions or game states, hindering their ability to assess the con-
sequences of their actions and respond effectively. Through-
out the training process, they must learn the causality between
their actions, observations, and rewards from local environ-
ment observation. To aid this learning process, we introduce
a utility function that integrates self-learning and social learn-
ing, reflecting the interplay of personal preferences and the
influence of others in shaping human behaviour.

The experimental results demonstrate that RL agents
trained in our framework effectively differentiate between co-
operative neighbours and those who are free-riders. Their
preference for building connections with cooperators bolsters
network reciprocity, contributing to the formation of strat-
egy clusters in network-structured populations. This finding
aligns with existing EGT research, emphasizing the impor-
tance of strategy assortment in promoting cooperation. More-
over, the trained agents achieve superior cooperation levels
and greater average payoff compared to the EGT baseline.
Further, we observe that increased efficiency in learning is
correlated with the length of memory experiences. For a
detailed comparison between our RL model and EGT ap-
proaches, refer to the Supplementary Information (SI) A.2.

Our work offers three key contributions. Firstly, it reveals
the coevolutionary dynamics of cooperation and interaction
strategies within a spatial PDG framework, demonstrating
that RL agents can learn effective interaction mechanisms to
enhance network reciprocity and cooperation. Secondly, it
sheds light on how extensive long-term experiences positively
influence group cooperation. Finally, the MARL training en-
vironment we developed sets the stage for future explorations
into diverse aspects of pro-social cooperative behaviour.

2 Related Works

2.1 Evolutionary Game Theory

EGT is crucial for exploring the evolution of cooperation
among self-interested individuals. It expands on traditional
game theory by considering extended interactions and strat-
egy dynamics, exploring the emergence and stability of co-
operative behaviours. Notably, Nowak [2006] identifies five
mechanisms central to understanding cooperation evolution.
One vital aspect noted is the emergence of cooperation on
network structures, wherein individuals predominantly inter-
act with their immediate neighbours [Perc et al., 2017].
Inspired by the dynamic nature of social interactions, nu-
merous studies have explored the coevolutionary dynamics
of cooperation by integrating strategy evolution with network
changes. In this domain, the concept of network assorta-
tivity has been highlighted, revealing that agents with simi-
lar strategies often connect, thereby boosting group coopera-
tion [Tanimoto, 2013; Ren and Zheng, 2021]. Research like
Su et al. [2022] explores how cooperative strategies evolve
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and spread, particularly in unidirectional interactions, shed-
ding light on shaping social interactions to promote cooper-
ation. However, these often neglect the self-learning aspect
of agents, which is crucial in real-life where directly copying
strategies is impractical. To address this gap and accurately
depict cooperation emergence, we applied the MARL frame-
work, enabling agents to learn both dilemma and interaction
strategies through environmental observation independently.

2.2 Human Experiments

While EGT is essential for examining evolutionary trajec-
tories and conditions favouring cooperation, incorporating
empirical data brings psychological nuances to these mod-
els [Kobis er al., 2019], which focus on imposed interaction
structures and psychological mechanisms beyond laboratory
settings [Rand and Nowak, 2013]. Surprisingly, behavioural
studies indicate that participants in structured settings tend to
randomly change strategies instead of copying higher-payoff
neighbours [Traulsen ez al., 20101, disrupting the clustering
process and rendering cooperation less advantageous. Ad-
dressing this, Rand et al. [2011] found that dynamic interac-
tions enhance multilateral cooperation by encouraging links
with cooperators over defectors, promoting strategy cluster-
ing. However, such laboratory experiments often encounter
challenges in terms of scalability and struggle with complex,
larger-scale, or long-term scenarios [Moffatt ef al., 2009].

2.3 Multi-agent Reinforcement Learning

Recent RL applications also focus on understanding the emer-
gence of cooperation by integrating spatial and temporal dy-
namics relevant to realistic scenarios [Ren and Zeng, 2023;
Vinitsky et al., 2023; Tennant er al., 20231, moving beyond
traditional matrix games through the fusion of complex in-
centive structures [Leibo et al., 2017; Jaques et al., 2019;
Abeywickrama et al., 2023]. Studies have applied the intrin-
sic trial-and-error learning characteristic of RL to reformu-
late agent interaction strategies. For instance, Anastassacos et
al. [2020] demonstrate that RL agents can learn an interaction
strategy akin to Tit-for-Tat when partner selection is present,
aiding in the maintenance of cooperation. Meanwhile, Mc-
Kee et al. [2023] used a graph neural network-based agent
as a social planner, demonstrating the ability of deep RL to
foster coordination and cooperation in a group.

Concurrently with our work, Ueshima [2023] employed
two distinct Q-networks for each agent, differentiating inter-
action and dilemma strategies. However, our approach varies
as follows: (1) we extend the model to allow each agent to
interact with four potential neighbours, unlike their paired in-
teraction focus; (2) we incorporate environments with an ex-
plicit interaction structure, considering network reciprocity;
(3) they consider single-round observation input, while we
take into account the agents’ long-term experiences.

3 Background

3.1 Prisoner’s Dilemma Game

The PDG is a fundamental paradigm in EGT [Rapoport et al.,
1965], representing a typical decision-making scenario where
agents balance individual benefits against collective welfare.
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Fundamentally, the PDG is characterized as a symmetric ma-
trix game, representing interactions between pairs of individ-
uals within a population. Each participant faces a choice: to
cooperate (C), incurring a cost ¢ while providing a benefit b
to others, or to defect (D), avoiding the cost while exploiting
those who cooperate (with b > ¢ > 0). The corresponding
payoff matrix can be summarized as

R S
T P

where mutual cooperation yields a reward R = b — ¢, while
mutual defection result in P = 0. Unilateral cooperation
against a defector incurs a cost S = ¢, wherease the defector
gains T' = b. This payoff matrix forms four classical game
structures [Wang et al., 2015]: PD, chicken, harmony and
stag hunt, each defined by specific payoff inequalities. In the
PD, the conditions 7" > R > P > S and 2R > T + S hold.
Our model employs a weak PDG with 7' = b (1 < b < 2),
R =1,and P = S = 0 [Nowak and May, 1993]. Here,
the parameter b directly assesses the strength of the dilemma,
given ¢ = 0. In a single-shot PDG, defection is the dominant
strategy, leading to a Nash Equilibrium of defection, despite
cooperation could yield a Pareto improvement. Considering
that players often engage in repeated iterations with the same
counterparts, the conventional PD can be extended to the it-
erated prisoner’s dilemma (IPD) format. In this work, the
dilemma strategy of agent ¢ at timestep ¢ is represented by a
two-dimensional unit vector ag, (t), with ag, = [1,0]% indi-
cating cooperation and a4, = [0, 1]7 signifying defection.

3.2 MARL Markov Game

Within MARL, the IPD is conceptualized as a multi-agent
extension of Markov decision processes (MDPs), termed
partially observable general-sum Markov games [Littman,
1994]. Here, agents have observations limited to their local
environment. Formally, a N-player MDP is defined by the
tuple M = (S,{A,}icn, 7,7, R), where S is a set of joint
states for all agents, A4, ..., Ay represent joint actions, and
R is the reward function. The function O : Sx{1...,N} —
R? maps each player’s d-dimensional view of the state space.
In a given state, each agent ¢ selects an action from A4;,
and the dynamics of MDP are determined by the stochas-
tic transition function 7 : & X A; X --- x Ay — A(S),
where A(S) represents the set of discrete probability dis-
tributions over S. The objective of each agent ¢ is to learn
a policy m; : O; — A(A;) to maximize its extrinsic re-
ward r;(s,a',...,a N ) based on the agent’s own observa-
tion, simplified as 7(a’|o’). This optimization is conducted
while adhering to the joint policy of all agents. The long-
term ~y-discounted payoff for agent ¢ under the joint policy

= (m1,...,mn) from an initial state sy can be defined as:

Mp = [ (1)

T
V¥ (s0) = Ea—zN?(O(st)),sm~T(su,—a’t)[Z V'ri(se, @)

t=0
2
where v € [0, 1] represents the temporal discount factor, and
T denotes the time horizon. Policies are optimized using
trial-and-error interactions within the MARL environment to
maximise cumulative long-term rewards.
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3.3 Deep Q-Network

As an extension of Q-learning, DQN stands out as one of
the most popular off-policy Deep RL algorithms, which uti-
lizes an independent deep neural network to estimate Q-
values [Mnih er al., 2015]. Departing from the traditional
tabular representation for Q-values of state-action pairs, DQN
utilizes a parametrized Q-function Qy(s,a) to approximate
Q-values. Each Q-network is parameterized by 6, represent-
ing the weights of the neural network. This approach incor-
porates the utilization of a replay memory buffer D to store
past experiences and a target Q function @ to mitigate the risk
of overestimating Q-values. The learning process for the op-
timal action-value function Q* involves minimizing the loss.

£9 = E(s,a,r,s’)ND[(r + ’YH}ZB;XQ(S/7 al> - Q(Sa a))z]' (3)

DQN can be directly extended to a multi-agent setting by
having each agent ¢ learn an independent Q function denoted
as Q; : O; x A; — R. In line with the traditional Q-learning
approach, DQN also adopts an e-greedy policy to promote
exploration. The policy for the i-th agent is parameterized as:

with probability 1 — e
with probability e

arg maxy, e, Qi(s,a)

mil) = {U<Ai>
“4)

where U(.A;) signifies a sample drawn from the uniform dis-
tribution over the action space A;.

4 Methodology

This model employs value-based optimization utilizing the
DQN approach within a MARL environment. Throughout
the training, agents interact with neighbours, exhibiting co-
operative or defective behaviours across various episodes. As
illustrated in Fig. 1, each agent ¢ aims to learn a joint policy
m; concerning dilemmas and selection actions, informed by
their local observations and long-term experiences. A com-
prehensive explanation of our methodology follows.

4.1 Game Environment

Agents in our experiment are situated within an L x L square
lattice with periodic boundary conditions. They are placed
at specific spatial coordinates and can engage in interactions
limited to their von Neumann neighbourhood. The graphical
representation employs vertices to denote agents and edges
to indicate the relationships between an agent and its four
neighbours. The action space for each agent encompasses
two strategies: the overall dilemma strategy and the specific
interaction selection strategy. This dual contributes to the for-
mulation of the agent’s policy 7; expressed as:

(&)

where 7, refers to the interaction selection policy dictat-
ing whether to interact with its neighbours, while 7, is the
dilemma policy that guides the agent in choosing between a
cooperative or defective strategy.

ﬂ-’i = (ﬂ-si bl Trdl)

'Code: https://github.com/itstyren/InteractionMARL-Coop
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Figure 1: Training framework for developing dilemma and in-
teraction strategies. Each iteration involves agent ¢ choosing a
dilemma strategy and selecting neighbouring agents for PDG en-
gagement. Each agent uses two Q-networks: the dilemma pol-
icy network, which processes long-term actions in dilemmas by
the agent and its neighbours, and the interaction selection network,
which assesses neighbours’ dilemma actions alongside the agent’s
previous interactions. The agent calculates the utility of its actions
based on the rewards accumulated from past encounters.

Interaction and Dilemma Actions

During each timestep of an episode, agents participate in mul-
tiple pairwise interactions within the IPD game framework,
consisting of two phases: neighbour selection and dilemma
strategy determination. In the first phase, agent ¢ chooses
game partners through an interaction selection action denoted
as as, € {0,1}*, informed by previously observed game ex-
periences with its neighbours. This selection action a’ is rep-
resented by the following bitstring of size 4:

) (6)

Specifically, a bit value of 1 for agi signifies agent 7 choos-
ing to interact with neighbour j, whereas a 0 implies no in-
teraction. For example, a selection action of a; = (1,0,0,1)
implies interaction only with the first and last neighbours. Im-
portantly, actual interaction occurs only when both players
decide to interact with each other, i.e., when af = aqu =1.

In the second phase, each player selects either coopera-
tion or defection as their dilemma strategy. Following the
interaction phase, paired co-players engage in one round
of PDG pairwise, utilizing the action pair [ag,,aq,] Where
aq € |C, D]. Critically, the chosen binary dilemma strategy
remains consistent across all interacted neighbours. In other
words, a player cannot cooperate with one neighbour while
defecting against another neighbour simultaneously.

1 2 3 4
Si7 a’s,- ) as,ia En

as;, = (a

Game Formulation and Reward

According to their selected dilemma and interaction actions,
agent ¢ receives an accumulative payoff at each timestep ¢ by
participating in multiple rounds of the PDGs with its currently
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interacted neighbours, as shown by:

(7

t
j=0

ri(t) = Z agi./\/lpadj

where nf = Yo al x al denotes the number of inter-
acted neighbours for agent 7 at timestep ¢, and (2; is the set of
neighbors. In this model, we incorporate learning from pre-
vious interactions by employing a weighted moving average
of past payoffs [Danku et al., 2019]. Thus, the final payoff of
agents ¢ at each timestep not just based on the current round’s
payoff but also includes payoffs from the past m rounds:

t M m
i+ Y @ Rim
M
14+> 0, am

where « is a parameter that controls the rate of weight decay
with increasing m, indirectly determining the memory length
M. To effectively assess the emergent behaviours, M is re-
stricted by the condition M = min{n | @™ < 0.01}. With
a = 0, agents focus only on the current round, indicating
short memory. Conversely, as o — 1, agent memory extends
to include all previous timesteps, capturing a comprehensive
history of experiences.

In EGT research, the Fermi rule is commonly employed to
model the dynamics of strategy evolution [Szabé and Tdke,
1998], reflecting social learning wherein neighbours tend to
imitate the most successful observed policy. A detailed de-
scription is provided in SI B. To adapt these imitation dynam-
ics to the RL context, we have modified the utility function of
agent ¢ to align with game payoffs, as formulated below:
[wi(ag) + 1] Ri(ag,, af,, 5;) — wi(ag) R(ag, ay)

S5

Y agen, wilag) +1

Ry(t) = ®)

U(t) =

©)
where a4, represents a counterfactual dilemma action, condi-
tion on the actual action a4 taken by agent ¢. The function
wi;(+) returns the number of neighbours performing a specific
action. The term R(a};, a%) denotes the average payoff associ-
ated with the counterfactual action @', across the population at
timestep ¢. Essentially, the agent raises a retrospective ques-
tion: “Would a different past action have led to a more advan-
tageous outcome?” This setting integrates aspects of social
learning and RL, allowing agents to compare global informa-
tion from group about the performance of different actions
with their own localized experiences.

4.2 Training Approach

In our multi-agent PDG framework, the training methodol-
ogy aligns with the well-established DQN approach, typically
used in single-agent tasks. Our focus is on formulating a joint
policy (s, 7q), which utilizes the combined action utilities
to calculate the Q-loss for each policy network, guiding both
dilemma strategy and interaction selection processes. See SI
A.1 for a detailed elucidation of the training procedure.

Network Architecture
Each agent in our independent MARL setup is equipped with
a memory buffer, storing experiences from the last M rounds,
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encompassing a record of both the agent’s own actions and
those of adjacent agents. The agent updates its memory at
each timestep with recent feedback from the local environ-
ment, ensuring an accurate representation of its state. The
selection and dilemma networks process inputs from long-
term neighbour interactions and prior dilemma strategies, re-
spectively. Additionally, both networks consider the dilemma
strategies of four neighbouring agents, with actions repre-
sented through one-hot encoding and sequenced together.

In the selection phase, agents evaluate the state s; €
R2X16xM " and in the dilemma phase s; € R2X5*M,
They operate with two Q-networks configurations, formulat-
ing policies independently and without sharing parameters
across agents. The architecture of each Q-network includes
a dual-layer perception with 32 hidden units and employs the
tanh activation function for nonlinear transformations.

Experiment Setup
During the training stage of our RL experiments, we em-
ploy a centralized training with decentralized execution ap-
proach [Lowe et al., 2017]. This method allows agents to
access global information regarding the average payoff for
potential action in the PDG among the population, thereby
facilitating an effective evaluation of their action utilities.
The training involved 900 agents, each equipped with two
neural networks, ensuring a broad representation of cooper-
ation dynamics at the population level. To generate experi-
ences for agents, 10 parallel arenas were established. In each
arena during every experimental trial, agents engage in in-
teractions with their neighbours over 6,000 episodes, each
comprising 10 timesteps, resulting in a total of 60, 000 steps.
At the end of each episode, sampled trajectories for agents
were aggregated and subsequently forwarded to the respec-
tive learner. We compute the gradient by using the Adam
optimizer [Kingma and Ba, 2014] with a linear annealing
schedule of learning rate. To enhance the efficiency of the
Q-learner in learning from experience replay, we also imple-
ment a common practice known as prioritized experience re-
play [Schaul et al., 2015] within the DQN framework. Addi-
tional details on hyperparameters, please refer to the SI A.2.

5 Results and Discussion

In this section, we present the outcomes of our experimen-
tal investigations, which provide evidence supporting the hy-
pothesis that incorporating the interaction selection action
with the dilemma action through RL promotes network reci-
procity and cooperation evolution in a spatial PDG setting.

5.1 Experimental Setup

Our experiment employs a square lattice setup, randomly as-
signing agents as cooperators or defectors with equal likeli-
hood. The primary evaluation metric is the fraction of co-
operative agents in the population, representing the achieved
level of overall cooperation. For robustness, we average the
outcomes of the final 10 episodes over the entire training du-
ration. All experiments were replicated five times to ensure
replicability. Unless otherwise stated, a memory weight of
0.6 is assigned, incorporating experiences from the previous
four rounds as network input.
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Figure 2: RL-based training approach (ours) promotes coopera-
tion more effectively than the EGT (baseline) method. The EGT
(orange) represents agents solely calculating cumulative payoftfs and
adjusting dilemma actions through social learning. In contrast, the
implementation of effective dilemma and selection policies, guided
by RL (blue), has significantly enhanced the level of cooperation
within the population. Our RL-based method maintains full cooper-
ation in the population until dilemma strength exceeds 1.2.

5.2 Promotional Effect of RL on Cooperation

To evaluate the effectiveness of our proposed method, we first
train a population to learn a combined policy, including both
dilemma and interaction strategies under various dilemma
strength conditions. Figure 2 demonstrates that the applica-
tion of RL in coordinating interaction and dilemma strate-
gies enables the population to sustain a high cooperation level
successfully. Notably, this approach proves robust, maintain-
ing its efficacy even in scenarios characterized by increased
dilemma intensity. As shown, the MARL system transitions
from a complete cooperation phase to a mixed strategy phase
exclusively, when the dilemma strength b > 1.2.

For comparison, the evolutionary outcomes of conceptu-
ally similar models from existing literature are used as a
benchmark [Danku et al., 2019]. Within EGT framework,
agents evaluate equivalent lengths of past payoffs and emu-
late the most successful dilemma strategy observed in their
neighbourhood (a detailed description of EGT methodology,
refer to the SI B). It is noteworthy that even when the dilemma
intensity is reduced to b = 1.1, only 54% EGT agents opt for
cooperative strategies. Moreover, ablation experiments de-
tailed in SI D.3 demonstrate that agents utilizing RL to learn
dilemma strategies exclusively underperform in comparison
to the model proposed in this study. These results suggest that
lacking selective interaction in the PDG and the mere imita-
tion of neighbouring successful strategies are insufficient to
achieve optimal performance within the population. Addi-
tional MARL-based benchmarks are reported in SI D.5.

5.3 Evolutionary Dynamics of Cooperation

We next investigate the evolutionary dynamics and outcomes
of overall dilemma strategies within the population, focusing
on the evolution trajectories and average payoffs in four rep-
resentative dilemma conditions. Figure 3(a) reveals a rapid
initial decline in the population’s cooperation level as the
dilemma intensity increases. However, RL agents employing
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Figure 3: The evolution of cooperation and associated payoffs
across varying dilemma strengths. In all scenarios, the fraction of
cooperators first decreases and then increases over time, coinciding
with reduced average individual payoffs and increased inequality as
dilemma strength intensifies. The evaluation encompasses evolu-
tionary trajectories of (a) cooperation level and (b) the Gini Coef-
ficient, alongside metrics including (c) average group payoffs and
(d)-(e) payofts for trained cooperators and defectors, with dilemma
strength varying from b = 1.20 to 1.26.

additional interaction strategies exhibit two evident phases in
their learning process, aligning with observations from previ-
ous EGT experiments [Wang er al., 2013]: the END period
and the EXP period. During the END period, cooperative
agents resist the invasion of defectors, and successful cooper-
ators convert those defectors into cooperators in the EXP pe-
riod. In our experiments, the former period is characterized
by a rapid decrease in cooperation levels in the first 3,000
training step, followed by a phase where these levels rise un-
less defectors completely dominate in the early stages. Con-
sequently, at the end of the EXP period, the cooperation level
in the population significantly decreases, falling from 0.987
to 0.294 as b rises from 1.20 to 1.26.

The dilemma strength also significantly affects the distri-
bution of individual payoffs, leading to a bifurcated process.
As shown in Figure 3(b), the group Gini Coefficient exhibits a
temporal evolution, initially increasing and subsequently de-
creasing, hinting at a correlation between payoff equality and
the evolution of cooperation. Notably, a large fraction of co-
operators contributes to high levels of group equality. In Fig-
ures 3(c)-(e), the focus is on evaluating the average payoff
for the population, as well as the separate payoffs for co-
operative and defective individuals. There is a general de-
crease in the average payoff as the dilemma increases, which
aligns with expectations, given that cooperators are primarily
the contributors to the group payoff. Cooperative individuals,
however, show greater resilience to tougher dilemma condi-
tions. Specifically, with an increase in dilemma strength from
b = 1.20 to 1.22, the average payoff per episode decreases
from 2.67 to 2.25, but this can be lessened by adopting an ef-
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Figure 4: Temporal evolution of strategy connectivity and actual
link interactions. RL agents demonstrate enhanced interaction ca-
pabilities, increasing connections with cooperative neighbours. (a)
The average connectivity ratio for cooperators and defectors in the
first half of the total timestep. (b) The frequency of actual link con-
nections between dilemma strategies during the first ten episodes.
The dilemma strength is set to b = 1.20.

fective interaction mechanism, resulting in a smaller decrease
in cooperative payoff from 3.52 to 3.41, compared to a sub-
stantial drop for defectors from 1.44 to 1.10. This trend in-
dicates the potential of RL agents to develop interaction poli-
cies for dilemma scenarios, mitigating adverse effects on their
payoff. For detailed information on the average payoff from
the trained population, refer to Table S1 in the SI.

5.4 Efficiency of Learned Interaction Patterns

To elucidate the role of interaction selection in network reci-
procity and cooperation, we analyze strategy connection and
distribution patterns in Figures 4 and 5. Through participation
in PDG with selective neighbours, RL agents develop policies
for distinguishing cooperators from defectors, thereby boost-
ing spatial reciprocity and cooperation. Figure 4(a) depicts
how the disparity in average connections between coopera-
tors and defectors increases during the initial half of the total
timestep. This leads to a preference for forming connections
with cooperators, irrespective of the dilemma strategy chosen
by agents. In Figure 4(b), we evaluate the actual link connec-
tions across different link types during the first 10 training
episodes, signifying frequency where the chosen co-player
reciprocally opts for interaction within the same round. As
illustrated, the occurrence of interaction between two neigh-
bouring individuals who both employ the defective strategy
(DD link) is merely 45.48%. In contrast, interactions between
two cooperators (CC link) can increase to as high as 77.29%.
For measurement metrics of agent interactions, see SI A.3.
We next provide intuitive evidence regarding the previ-
ously described learned interaction policy and its role in en-
hancing spatial reciprocity by illustrating the spatial coevolu-
tion of the dilemma and interaction strategies within the pop-
ulation over time. Initially, in the END phase depicted in
Figures 5(a) and (e), cooperators resist the invasion of defec-
tors by forming small clusters, yet lack an effective neighbour
selection strategy. As training progresses, RL agents learn to
adapt their interaction strategies in response to neighbouring
dilemma strategies, enhancing the influence of spatial reci-
procity in promoting the evolution of cooperation. Figures 4
and 5 (f)-(h) show that, in the EXP phase, individuals within
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Figure 5: Snapshots of the spatial evolution of strategies and
their connections. Cooperative individuals resist defector incur-
sions by forming and expanding clusters. Panels (a)-(d) depict strat-
egy distributions; (e)-(h) illustrate corresponding strategy connec-
tions at identical timesteps. Pixels represent agents as cooperators
(blue) and defectors (red), with strategy connectivity ratio varying
from O (shallow) to 1 (deep). The results are obtained for b = 1.20.
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Figure 6: Average cooperation level and effective connection
for cooperators with varying experience lengths. Incorporating
longer experiences as input enhances group cooperation and coop-
erative interactions. (a) Post-training cooperation levels in the pop-
ulation. (b) Frequency of cooperators participating in PDG across
the initial 20 episodes. These results are obtained for four dilemma
strength scenarios, with memory weight a ranging from 0 to 0.6.

the cooperative cluster show a higher tendency to engage in
the PDG with nearby cooperators, while those at the periph-
ery are more likely to avoid interactions with defectors. This
selective interaction mechanism favours cooperators and lim-
its the payoff obtained from free-riding behaviours. Conse-
quently, defectors gradually switch their dilemma strategies,
leading to the expansion of cooperative clusters.

5.5 Role of Long-term Experiences

In prior experiments, RL agents use experiences from the last
four rounds as network input. Finally, we investigated the
influence of varying memory lengths on their learning dy-
namics, with findings presented in Figure 6. Three mem-
ory weights were assessed, with o varying from 0.6 to O,
representing input scenarios based on observations from the
last, second, and fourth rounds, respectively. Notably, a
positive correlation is observed between the group cooper-
ation level and the memory length of trained agents. Fig-
ure 6(a) illustrates that, for instance, when dilemma strength
increased from 1.2 to 1.22, agents recalling four-time steps
maintained group cooperation effectively. Conversely, those
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relying solely on current information saw a substantial de-
crease in cooperation levels, dropping from 0.64 to 0.19.

Furthermore, Figure 6(b) echoes the findings of Figure
4, demonstrating that successful cooperation benefits from
a preference for efficient communication with neighbouring
cooperators. Moreover, the efficiency of interaction selection
is also influenced by the length of agent memory. Longer
observation inputs are shown to improve the average inter-
action ratio among cooperators in the END and initial EXP
stages, which supports network reciprocity and contributes to
the formation and development of cooperative clusters. In-
terestingly, our findings also reveal that RL individuals con-
sistently and effectively avoid interactions with defectors, ir-
respective of memory length and dilemma intensity (detailed
in SI D.2). Finally, experiments conducted in SI D.4 demon-
strate that the dual Q-network configuration outperforms its
single Q-network counterpart, highlighting the advantage of
our proposed dual network approach.

6 Conclusion

Our computational model enables agents to interact selec-
tively with their neighbours and protect cooperative be-
haviours from antisocial influences by MARL and iterative
trial-and-error in simulations. Unlike existing RL coopera-
tion studies, our approach does not rely on predefined so-
cial norms or external incentives [Ueshima et al., 2023;
Tennant er al., 2023]. By integrating a spatial PDG into the
training environment, we extend focus from paired interac-
tions to those within a spatial structure, enabling a deeper
analysis of how long-term learning impacts the coevolution
dynamics of cooperation and selective interaction.

Our findings reveal that trained agents are capable of dif-
ferentiating between neighbouring cooperators and defectors
by observing information from their immediate surroundings,
which enhances the network reciprocity and the associated
group cooperation. Consistent with theoretical models [Szol-
noki and Chen, 20201, our findings suggest that the perfor-
mance of the learned interaction mechanism in promoting co-
operation is attributed to its ability to help populations form
homogeneous strategic clusters. These clusters are crucial for
resisting invasions by defectors, especially in the early stages
of development. Additionally, we confirm a positive corre-
lation between agent memory length and the effectiveness of
interaction selection, which in turn, aids the evolution of co-
operative behaviors [Park er al., 2022].

In conclusion, we emphasize the significance of under-
standing the learning dynamics in interaction selection and
their contribution to fostering cooperation. These insights of-
fer new insights into the emergence of cooperation within so-
cial dilemmas. Moreover, the computational framework de-
veloped here has broader implications, providing a versatile
tool for investigating and examining mechanisms behind the
evolution of cooperation in spatially structured environments.
Integrating psychological complexity in our training frame-
work emerges as a promising direction for future research.
Understanding these mechanisms may provide solutions to
social dilemmas and strengthen cooperation within both hu-
man societies and artificial intelligence systems.
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