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ABSTRACT
Social dilemmas illustrate situations where individual interests con-
!ict with collective welfare, often leading to outcomes that harm
the group while being rational for individuals. Despite this tension,
real-life observations suggest that cooperation between individuals
naturally emerges and is key to the development of human soci-
eties. However, despite signi"cant progress, current multi-agent
reinforcement learning (MARL) methods consistently fail to repro-
duce the emergence of stable cooperation between AI agents, as
seen in human societies. This is especially true in decentralized,
limited-information settings, where reliance on simpli"ed assump-
tions - such as perfect information, centralized training, and rigid
communication structures - suggests that current approaches may
miss key mechanisms underpinning human-like cooperative be-
haviour. In this paper, we address this gap by introducing a novel
mechanism that equips a population of multi-armed policy gra-
dient bandits with partner choice in decentralized environments,
enabling socially aligned decision making even when information
sharing is limited or non-existent. As we show, by rewarding par-
ticipation and penalizing isolation within the population, stable
cooperation can be naturally induced among learning agents across
a wide range of repeated social dilemma scenarios. Crucially, this
emergence of cooperation does not require common knowledge of
the game or direct rewards for cooperative action, demonstrating
the power of partner choice in sparse-information settings.
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1 INTRODUCTION 1

Social dilemmas [25] are economic models of social interactions, 2

or games, which emphasise a dichotomy between individual and 3

collective interests. These games are principally appealing because 4

they provide a general medium through which to study how, and 5

why, humans can, and do, act towards the bene"t of a collective 6

good, even when it may not seem to be in their own interest to 7

do so. This issue, termed the dilemma resolution problem [12], has 8

raised questions about the adequacy of classical game-theoretic 9

concepts, such as the Nash Equilibrium, which often fail to align 10

with empirical observations [7, 14, 18]. 11

Seminal contributions have been made, by using social dilemmas 12

as the primary model of interaction, to model the origins of, and 13

incentives behind, human cooperation, spanning "elds such as: 14

evolutionary biology [29, 30, 33, 40], game theory [3, 16, 31, 36, 38], 15

psychology [9] and social science [20, 34]. 16

More recently, the explosion of research in Arti"cial Intelligence 17

(AI) has produced interest in designing autonomous agents also 18

capable of cooperative, human-aligned, behaviour. Here, agents 19

are expected not only to replicate human-like cooperation but to 20

do so under learning dynamics and informational constraints that 21

mirror real-world conditions. As such, Multi-Agent Reinforcement 22

Learning (MARL) agents have gained substantial interest as subjects 23

for the dilemma resolution problem, sparking the integration of 24

classical models of cooperation into AI systems leading to ideas 25

surrounding reward shaping [26, 43], formal contracts [8], social 26

norm learning [41] and population diversity [27]. 27

Despite this progress, current methods consistently struggle to 28

reproduce the emergence of stable cooperation among AI agents, 29

particularly in limited-information environments. To this end, we 30

explore partner choice, a natural means of approaching the dilemma 31

resolution problem within the multi-agent reinforcement learning 32

setting. The partner choice model borrows heavily from dynamical 33

networks [6, 38], network reciprocity [23, 31], assortment [11], dy- 34

namical linking [32] and biological markets [2, 4, 5]. The core idea is 35

to introduce a population of alternative agents from which individ- 36

uals may, or may not, choose to interact with. When playing social 37

dilemmas, this has the e#ect of making cooperators desirable as 38

they yield the highest rewards for their opponents. Moreover, given 39

the ability to discriminate against one’s opponents allows coopera- 40

tors to unify into highly productive cliques, ostracising exploitative 41

defectors from the group [37], providing a strong foundation for 42



the social forces underpinning the emergence of cooperation in43

society.44

Recent work has demonstrated the promise of partner choice45

for producing cooperation amongst MARL agents in the repeated46

prisoner’s dilemma [1, 22]. However, a core feature of these works47

is to encode information from opponents’ action histories directly48

into a state space that agents’ policies are then conditioned upon.49

The use of this information allows agents to reproduce recipro-50

cal strategies similar to Tit-for-tat [3] which essentially directly51

respond to opponents based on whether they have recently co-52

operated or defected. While a common assumption in the game53

theoretic literature, perfect observability of an opponents’ recent54

action history in this way has severely limited applicability in more55

general settings and often relies on making strong assumptions to56

translate complex patterns of behaviour into convenient notions of57

’cooperate’ and ’defect’ [21].58

Therefore, the key limitation we address in this paper is to as-59

sume that agents are unable to reason about opponents’ action or60

reward histories at all. This introduces a strong mechanical limi-61

tation in that agents are unable to condition their own behaviour62

on the action or reward histories of their opponents (a necessary63

requirement for reciprocal strategies), making our approach partic-64

ularly adequate for decentralised MARL settings. To counter this65

we introduce an intrinsic reward that fully captures the interaction66

structure induced by partner choice which 1) reinforces actions67

that demonstrably lead to new partnerships and 2) punishes the68

loss of current partnerships. Our results demonstrate that using69

participation as a proxy objective, rather than relying on character-70

ising cooperation, is su$cient to encourage cooperation, even in71

large populations of learning agents.72

Our contributions are as follows:73

(1) A partner choice methodology that is able to induce strong74

cooperation within populations of independent learning75

agents conditioned purely on agents’ local information of76

the social dilemma being played.77

(2) The introduction of a dynamic intrinsic reward methodol-78

ogy which indirectly reinforces cooperation via participa-79

tion and allows the population to self-regulate, even in low-80

information settings.81

(3) An extensive empirical study, demonstrating that ourmethod-82

ology greatly improves agents’ willingness to cooperate,83

even when agents have little to no prior information about84

the game being played, leading to a generalised approach to85

the dilemma resolution problem.86

2 RELATEDWORK87

Most closely related to our work is [1], who consider a partner88

choice model that achieves cooperation in repeated Prisoner’s89

Dilemmas by learning Tit-for-Tat [3] style reciprocal populations90

via Deep Q-Learning [28]. As such, agents’ policies are directly91

conditioned on the action histories of their opponents. Building on92

these results, our method preserves the positive e#ect of promoting93

cooperation through partner choice while, crucially, relaxing strong94

informational requirements: agents still select interactions that95

yield high rewards and avoid unpro"table or exploitative partners,96

but rely solely on locally available information without needing 97

access to opponents’ internal states or action histories. 98

Also closely related, [22] consider a similar setting where initial 99

partnerships are formed randomly. Agents can subsequently “opt 100

out” of interactions with partners who have previously defected. 101

As in [1], agents’ policies depend on opponents’ action histories. 102

Extending this approach, our work implements a request/reject 103

protocol, where agents actively send and respond to partnership 104

requests. This allows us to leverage the evolving network struc- 105

ture to reinforce cooperation through active reward/punishment 106

of behaviours that create/break partnerships. By relying only on 107

local information signals (own rewards), our method enables the 108

applicability of partner choice to more general settings. [35] study 109

cooperation in populations arranged on a "xed square lattice, where 110

agents interact only with their von Neumann neighbours. Unlike 111

approaches such as ours and those of [1] and [22], which gener- 112

alise "xed network methodologies, this spatially constrained setup 113

enables cooperation to emerge through social learning, o#ering in- 114

sights into how "xed local structures shape prosocial behaviour but 115

omits discussion about how, more real-world aligned, dynamicism 116

in network structure can a#ect cooperation. 117

Finally, recent studies such as [19, 27] induce cooperation with- 118

out partner choice, via static reward shaping mechanisms based 119

on economic and socio-psychological concepts like inequity aver- 120

sion [13] and social value orientation [15, 24]. While e#ective in 121

speci"c settings, these approaches typically attempt to agglomerate 122

agents’ individual reward functions which not only poses coor- 123

dination challenges in more complex environments, but relies on 124

directly altering the payo# structure of the game being played. In 125

contrast, our methodology assumes only that agents are reward 126

maximisers and that they value gaining and maintaining partner- 127

ships. 128

3 PRELIMINARIES 129

Normal-form games model outcomes of social interactions based 130

on actions chosen by participating agents. Formally, a normal-form 131

game can be written as a tuple 𝐿 = (N , {A𝐿 }𝐿→N, {R𝐿 }𝐿→N) where, 132

N = {1, . . . ,𝑀 } is a set of agents (players), A𝐿 is a "nite set of 133

actions (strategies) for agent 𝑁 → N , and R𝐿 :
⨌N

𝐿=1 A𝐿 ↑ R is a 134

reward (utility) function for agent 𝑁 → N . 135

In this paper, we consider social dilemmas: a two-agent sub- 136

class of normal-form games as de"ned in [25]. Speci"cally, a so- 137

cial dilemma is a normal-form game with 𝑀 = 2 agents, where 138

A1 = A2 = {𝑂,𝑃}; that is, either cooperate (𝑂) or defect (𝑃). 139

Agent 𝑁’s reward function R𝐿 : A𝐿 ↓A 𝑀 ↑ R is de"ned over the 140

joint action space as 141

R𝐿 (𝑂,𝑂) := 𝑄, R𝐿 (𝑂,𝑃) := 𝑅 ,
R𝐿 (𝑃,𝑂) :=𝑆 , R𝐿 (𝑃,𝑃) := 𝑇 , 142

where the following inequalities hold, 143

𝑄 > max {𝑅, 𝑇}, 2𝑄 > 𝑆 + 𝑅 , (𝑆 > 𝑄) or (𝑇 > 𝑅).

As such, the unique social optimum (most reward e$cient) joint 144

action is given by mutual cooperation however it’s stability is un- 145

dermined by the fact that (𝑆 > 𝑄) or (𝑇 > 𝑅). The goal of dilemma 146

resolution is thus to encourage agents, who value maximising their 147



Mechanism 1 partnerChoice(F𝑁 , 𝑈)
1: Input: F𝑁 = ↔𝐿,P, {𝑉𝐿

𝑁 }𝐿→P↗, threshold 𝑈
2: 𝑇𝑁 ↘ ≃
3: for all 𝑁, 𝑊 → P, 𝑁 ω 𝑊 do
4: if 𝑉𝐿

𝑁 ( 𝑊) ⇐ 𝑈 then
5: agent 𝑁 sends a request to agent 𝑊
6: 𝑋 ↘ random
7: if 𝑉 𝑀

𝑁 (𝑁) ⇐ 𝑈 or 𝑋 ⇐ exp(⇒𝑉 𝑀
𝑁 (𝑁)) then

8: 𝑇𝑁 ↘ 𝑇𝑁 ⇑ {(𝑁, 𝑊)}
9: Output: matched agent pairs 𝑇𝑁 // Set of partnerships

Mechanism 2 rewardShaping(F𝑁 , 𝑇𝑁 , 𝑌)
1: Input: Partnerships 𝑇𝑁 , opponent memories𝑉𝐿

𝑁 ( 𝑊),𝑉
𝑀
𝑁 (𝑁), and

intrinsic reward 𝑌.
2: for all partnerships (𝑁, 𝑊) → 𝑇𝑁 do
3: Sample actions: 𝑍𝐿𝑁 ⇓ 𝑎𝐿

𝑁 , 𝑍
𝑀
𝑁 ⇓ 𝑎 𝑀

𝑁
4: Observe rewards:

𝑋 𝐿, 𝑀𝑁 ↘ R𝐿 (𝑍𝐿𝑁 ,𝑍 𝑀𝑁 ), 𝑋
𝑀,𝐿
𝑁 ↘ R 𝑀 (𝑍 𝑀𝑁 ,𝑍𝐿𝑁 )

5: Update 𝑁, 𝑊 ’s opponent memories:
6: 𝑉𝐿

𝑁+1 ( 𝑊) ↘𝑉𝐿
𝑁 ( 𝑊) + 𝑏𝐿𝑂 [𝑋 𝐿, 𝑀𝑁 ⇒𝑉𝐿

𝑁 ( 𝑊)]
7: 𝑉 𝑀

𝑁+1 (𝑁) ↘𝑉 𝑀
𝑁 (𝑁) + 𝑏 𝑀

𝑂 [𝑋 𝑀,𝐿𝑁 ⇒𝑉 𝑀
𝑁 (𝑁)]

8: Compute partnerships 𝑇𝑁+1 for round 𝑐 + 1 using updated op-
ponent memories

9: if 𝑁’s request was accepted at 𝑐 but rejected at 𝑐 + 1 then
10: 𝑋 𝐿𝑁 ↘ 𝑋 𝐿𝑁 ⇒ 𝑌 // Penalty for losing partnership
11: if 𝑁’s request was rejected at 𝑐 but accepted at 𝑐 + 1 then
12: 𝑋 𝐿𝑁 ↘ 𝑋 𝐿𝑁 + 𝑌 // Reward for gaining partnership
13: Output: updated rewards and memories.

own rewards, to undertake mutually cooperative behaviours de-148

spite risks and temptations to deviate. We study social dilemmas149

in their repeated form, where the dilemma is played over a "nite150

horizon T . In contrast to the classical game-theoretic assumptions,151

which support reciprocal strategies such as Tit-for-tat [3], we study152

the setting where agents do not possess the ability to directly con-153

dition their behaviour on the action or reward histories of their154

opponents.155

4 METHODOLOGY156

4.1 Setting157

We consider the learning setting of repeated social dilemmas as is158

standard in the related literature [1, 22, 35] however, we loosen the159

assumption of full observability by not allowing agents to access160

their opponents’ action or reward histories. As such we construct161

the learning environment as a repeated matrix game [21] in equiva-162

lence with a single-state Markov game.163

4.2 Agent Model164

At any given timestep 𝑐 → {1, ...,T }, each agent 𝑁 will be engaged in165

𝑑𝐿𝑁 partnerships. For each partnership they will play a single round166

of a social dilemma (i.e., agent 𝑁 plays 𝑑𝐿𝑁 dilemmas at time 𝑐 ). Agent167

𝑁 takes an action by sampling from it’s policy 𝑎𝐿
𝑁 , a distribution over168

actions, which is parameterised by the tuple 𝑒 𝐿𝑁 =
(
𝑒 𝐿𝑁 (𝑃), 𝑒 𝐿𝑁 (𝑂)

)
→ 169

R2. Agent 𝑁’s policy parameters𝑒 𝐿𝑁 (𝑃), 𝑒 𝐿𝑁 (𝑂) can be said to represent 170

the agent’s preferences over choosing the defect (𝑃) or cooperate 171

(𝑂) actions, respectively at time 𝑐1. The agent’s policy, 𝑎𝐿
𝑁 , then 172

derives a distribution over the action space of the dilemma via a 173

standard softmax transformation over the policy parameters 174

𝑎𝐿
𝑁 (𝑃) ⇔ exp(𝑒 𝐿𝑁 (𝑃)), 𝑎𝐿

𝑁 (𝑂) ⇔ exp(𝑒 𝐿𝑁 (𝑂)).

Here, the action with a relatively higher preference value is, in- 175

tuitively, more likely to be selected. Each agent’s learning goal is 176

to learn parameters which maximise their expected cumulative 177

reward over time 178

𝑎𝐿
↖ := argmax

𝑃𝐿
E ↙𝑃

[∑T
𝑁=0

𝑄𝐿𝑁
]
,

where 𝑄𝐿𝑁 =
∑

𝑄𝐿𝑀
𝑋 𝐿𝑁 is the sum over agent 𝑁’s rewards 𝑋 𝐿𝑁 → {𝑄,𝑆 , 𝑅, 𝑇} 179

obtained from all 𝑑𝐿𝑁 games played at time 𝑐 . 180

Parameter updates. Given the complex, multi-agent, nature of 181

our setting, reward distributions tend to be highly non-stationary. 182

As such, each agent’s policy parameters 𝑒 𝐿𝑁 are updated according 183

to, a batch version of, the gradient bandit update [39]: 184

𝑒 𝐿𝑁+1 (𝑂) := 𝑒 𝐿𝑁 (𝑂) + 𝑏𝑅 [𝑎𝐿
𝑁 (𝑃)𝑄𝐿,𝑆𝑁 ⇒ 𝑎𝐿

𝑁 (𝑂)𝑄𝐿,𝑇𝑁 ],
𝑒 𝐿𝑁+1 (𝑃) := 𝑒 𝐿𝑁 (𝑃) + 𝑏𝑅 [𝑎𝐿

𝑁 (𝑂)𝑄𝐿,𝑇𝑁 ⇒ 𝑎𝐿
𝑁 (𝑃)𝑄𝐿,𝑆𝑁 ],

(1)

where, 𝑄𝐿,𝑇𝑁 and 𝑄𝐿,𝑆𝑁 are the sum of the rewards the at agent 𝑁 185

received when playing defect or cooperate, respectively, over all 186

games at time 𝑐 and𝑏𝑅 → (0, 1] is the learning rate. The gradient ban- 187

dit algorithm is used due to it’s nice convergence guarantees, even 188

under non-stationary distributions, and it’s theoretical relations to 189

other, more complex, policy gradient algorithms. It’s simplicity is 190

also of bene"t here as it ensures the complexity of our learning set- 191

ting, namely that agents’ policies may not be directly conditioned 192

on any information other than their own reward observations. 193

4.3 Partner Choice 194

Algorithm 1 Partner Choice with Participation Incentives

1: Initialise: time horizon T , partner choice framework F =
↔𝐿,P, {𝑉𝐿 }𝐿→P↗.

2: for all agents 𝑁 → P do: initialise
3: policy parameters 𝑒 𝐿 randomly.
4: opponent memories:𝑉𝐿

𝑁 ( 𝑊) ↘ 0, ∝𝑁 ω 𝑊 → P.
5: for 𝑐 = 1, . . . ,T do
6: 𝑇𝑁 ↘ partnerChoice(F𝑁 , 𝑈)
7: {𝑋 𝑁𝐿 }𝐿→P ↘rewardShaping(F𝑁 , 𝑇𝑁 , 𝑌)
8: for all agents 𝑁 → P do: update policy parameters
9: 𝑒 𝐿𝑁+1 (𝑂) ↘ 𝑒 𝐿𝑁 (𝑂) + 𝑏𝑅 [𝑎𝐿

𝑁 (𝑃)𝑄𝑆𝑁 ⇒ 𝑎𝐿
𝑁 (𝑂)𝑄𝑇

𝑁 ]
10: 𝑒 𝐿𝑁+1 (𝑃) ↘ 𝑒 𝐿𝑁 (𝑃) + 𝑏𝑅 [𝑎𝐿

𝑁 (𝑂)𝑄𝑇
𝑁 ⇒ 𝑎𝐿

𝑁 (𝑃)𝑄𝑆𝑁 ]
11: set: 𝑒 𝐿𝑁 ↘ 𝑒 𝐿𝑁+1 and𝑉

𝐿
𝑁 ↘𝑉𝐿

𝑁+1
12: Output: updated policy parameters and opponent memories

{𝑒 𝐿 ,𝑉𝐿 ( 𝑊)}𝐿→P .

1For readability, we may write 𝑅 = (𝑅𝑁 ,𝑅𝑂 ) when the agent 𝐿 and time 𝑁 are clear
from context.



To ensure tractability in this setting, we impose the following195

restrictions on our partner choice protocol:196

(1) Agents are restricted to one game, per opponent, per round197

(timestep). For example, given a population N = {1, 2, 3}, at198

timestep 𝑐 , agent 1 may play a round of the dilemma against199

agents 2 and 3 at most once.200

(2) Self-play is not allowed as it undermines the social dilemma201

by reducing it to a noisy, single-player, two action game where202

cooperation is dominant.203

Given these restrictions, we formalise partner choice as follows:204

De!nition 4.1 (Partner Choice Framework). A partner choice frame-205

work is a tuple F := ↔𝐿,P, {𝑉𝐿 }𝐿→P↗, where,𝐿 is a game (as de"ned206

in Section 3), and P is a population of agents, where each agent207

has an opponent memory𝑉𝐿 : P ↑ R.208

The opponent memory𝑉𝐿 provides agent 𝑁 with a model of the209

pro"tability of play against a given opponent. This memory is re-210

called to make decisions about future partnerships and it is, in part,211

through the opponent memory that agent 𝑁 can avoid conditioning212

her decisions directly on her opponent’s actions, as is necessary213

in previous literature. While the notion of an opponent memory214

is general (it can be any computable metric over interactions with215

one’s opponents), in our experiments, we de"ne it as the iterative,216

non-stationary, mean of the rewards received when playing against217

opponent 𝑊 :218

𝑉𝐿
𝑁+1 ( 𝑊) :=𝑉𝐿

𝑁 ( 𝑊) + 𝑏𝐿𝑂 [𝑋 𝐿, 𝑀𝑁 ⇒𝑉𝐿
𝑁 ( 𝑊)], (2)

where 𝑏𝐿𝑂 → (0, 1] is a "xed parameter that serves as a discount219

factor and 𝑋 𝐿, 𝑀𝑁 is the reward observed by agent 𝑁 at time 𝑐 given R𝐿
𝑁220

when playing against 𝑊 . A key observation, which underpins our221

use of the opponent memory, is that the structure of the an agents’222

individual reward function in a social dilemma R𝐿 is descriptive223

enough to be used to meaningfully discriminate against opponents.224

Partner choice mechanism: We utilise a request-reject procedure225

when computing agent partnerships. Agents send and receive part-226

nership requests based on the value of the respective 𝑉𝐿
𝑁 ( 𝑊) as227

compared to a scalar threshold 𝑈 → R. In this way, the opponent228

memory acts as a kind of reputation mechanism [17, 42]. This229

threshold can be learnt, as is demonstrated in Section 6, or speci"ed230

as a hyperparameter. In our initial experiments we set 𝑈 as the231

lowest payo# each player can guarantee in the game known as232

the safety level (or max-min payo" ) of the game. Intuitively, this233

results in agents who are amenable to partnerships with opponents234

who demonstrably yield rewards at or above what they can force235

their opponents to give them. Regardless of its computation, 𝑈 ulti-236

mately represents the minimum reward an agent requires from an237

opponent to be guaranteed to favour mutual interaction. Given this,238

partnerships are formed as follows: At the start of each timestep239

every agent 𝑁 requests partnership with every other agent 𝑊 for240

which𝑉𝐿
𝑁 ( 𝑊) ⇐ 𝑈 . Agent 𝑊 will be guaranteed to accept a request241

from 𝑁 if 𝑊 thinks that 𝑁 is a favourable opponent—or, more precisely,242

if𝑉 𝑀
𝑁 (𝑁) > 𝑈—otherwise 𝑊 will accept the request with probability243

⇔ exp(⇒𝑉 𝑀
𝑁 (𝑁)). In our experiments we obtain this probability ac-244

cording to 𝑅 (𝑉 𝑀
𝑁 (𝑁) ⇒ 𝑈) where 𝑅 (·) denotes the standard sigmoid245

function. The use of a sigmoid here is not critical. A detailed listing246

of this procedure can also be found in Mechanism 1.247

4.4 Intrinsic Rewards 248

The partner choice model punishes defectors by denying future 249

interaction opportunities, thus, reducing their long-term rewards. 250

However, given the learning setting, this long-term reasoning re- 251

quires contextual information—such as opponents’ action histories— 252

which may be intractable to directly condition upon. Alternatively, 253

one could simply provide a "xed reward bonus for taking cooper- 254

ative actions, or penalty for defecting, but this logic quickly dete- 255

riorates when notions of cooperation and defecting become less 256

well-de"ned (e.g., in complex, sequential environments). To over- 257

come this limitation, we leverage the partnership structure induced 258

by partner choice via an intrinsic reward mechanism which mim- 259

ics humans’ instinctual preferences towards social acceptance and 260

against isolation [10]. Here, actions that result in a change in an 261

agent’s partnership structure are dynamically reinforced indirectly 262

incentivising cooperation by using group participation as a proxy 263

objective. 264

Intrinsic reward mechanism: More formally an intrinsic reward 265

𝑌 → R is used to alter agents’ rewards as follows (see Mechanism 2): 266

Consider the case where agent 𝑊 has accepted partnership with 267

agent 𝑁 at timestep 𝑐 . 268

(1) Both agents make reward observations 𝑋 𝐿, 𝑀𝑁 , 𝑋 𝑀,𝐿𝑁 at time 𝑐 , respec- 269

tively. 270

(2) Their opponentmemories are updated:𝑉𝐿
𝑁 ( 𝑊) ↑𝑉𝐿

𝑁+1 ( 𝑊),𝑉
𝑀
𝑁 (𝑁) ↑ 271

𝑉 𝑀
𝑁+1 (𝑁), respectively (See Section 4.3). 272

(3) Partnerships for the next timestep are then computed with 273

𝑉𝐿
𝑁+1 ( 𝑊) and𝑉

𝑀
𝑁+1 (𝑁) (See Mech 1) and used to assign intrinsic 274

rewards as follows: 275

(a) If 𝑊 maintains 𝑁’s partnership request at 𝑐+1 then 𝑁’s reward 276

at 𝑐 remains unchanged. 277

(b) If 𝑊 instead rejects 𝑁’s partnership request at 𝑐 + 1, then 𝑁’s 278

reward at 𝑐 is penalised by 𝑌: 𝑋 𝐿𝑁 ↘ 𝑋 𝐿𝑁 ⇒ 𝑌. 279

In the case that 𝑊 has denied partnership with 𝑁 at 𝑐 but play between 280

them resumes regardless (See section 4.3), agent 𝑁’s reward 𝑋 𝐿𝑁 is 281

instead reinforced via 𝑋 𝐿𝑁 ↘ 𝑋 𝐿𝑁 + 𝑌 if 𝑁 gains partnership with 𝑊 by 282

acting in such a way that leads to 𝑊 ’s acceptance of a request at 283

time 𝑐 + 1. For a detailed listing of this process see Mechanism 2. 284

5 RESULTS 285

5.1 Experimental Setup 286

Recall that a social dilemma is de"ned on the reward variables 287

𝑄,𝑆 , 𝑅 and, 𝑇 (see Section 3). We obtain a diverse range of dilemmas 288

by "xing 𝑄 = 1, 𝑇 = 0 and varying 𝑆 and 𝑅 such that 0 ′ 𝑆 ′ 3 and 289

⇒1 ′ 𝑅 ′ 2 with a step-size of 0.05. 290

Unless otherwise stated, we set population size 𝑀 = 100, policy 291

learning rate 𝑏𝑅 = 0.1, opponent memory discount factor 𝑏𝐿𝑂 = 292

0.9,∝𝑁 → P, training time horizon T = 1000 and, intrinsic reward 293

𝑌 = 1. Agent policies 𝑒 𝐿𝑁 are initialized from N(0, 1) (the Gaussian 294

distribution) and results are averaged over 10 independent runs for 295

robustness. 296

Our main evaluation metric is the average cooperation proba- 297

bility in the population: 1
𝑈

∑𝑈
𝐿 𝑎𝐿 (𝑂), where 𝑎𝐿 (𝑂) is the cooper- 298

ation probability for agent 𝑁 after learning is completed. We say 299

cooperation is induced by a methodology if: 1) the majority of the 300

population exhibits a high average probability of defection under 301



Figure 1: Heatmaps of the average cooperation probability induced by di!erent learning settings across a range of social
dilemmas. Each cell represents a distinct payo!matrix, with colour indicating the average cooperation rate learned by the
population under the corresponding setting. Cell position re"ects the relative payo!s 𝑅 and 𝑆 (𝑄 = 1, 𝑇 = 0 throughout).
Bounding boxes highlight regions corresponding to speci#c social dilemma types; unboxed or grey-shaded cells violate the
formal de#nition of a social dilemma (see Section 3). Subplots denote distinct learning settings: (a) random partner formation
(baseline); (b) our method with as applied to a population of 10 agents; (c) as in (b) but with a population of 100 agents; (d) as in
(c) with increased selectivity by adding a small 𝑓 to the selection threshold.

the natural dynamics of the game and 2) when learning under our302

methodology, the majority of the population switches to a high303

average cooperation probability.304

Defection bias. To aid exposition, we adopt the notion of dilemma305

strength from [35], which we refer to as defection bias. Defection306

bias captures a population’s attraction to defecting strategies, which307

increases with higher 𝑆 and lower 𝑅 values. For example, a game308

with 𝑆 = 3, 𝑅 = ⇒2 has a stronger defection bias than one with309

𝑆 = 1, 𝑅 = 0—as the bene"ts of defection, and risks of cooperation,310

are higher in the former than the latter, and thus requires stronger311

incentives to promote mutual cooperation.312

5.2 Inducing Cooperation in Social Dilemmas313

Panels (1a)–(1d) of Figure 1 illustrate the average cooperation prob-314

ability in the population for each game under di#erent partner315

choice settings.316

Random pairing (baseline). When agents are paired randomly317

(Figure 1a), they learn behaviours strongly aligned with the theoret-318

ical equilibria of each game. In Prisoner’s Dilemma settings (𝑆 > 1,319

𝑅 < 0), populations exhibit very strong defecting behaviour. In Stag320

Hunts (𝑆 < 1, 𝑅 < 0), agents are subject to equilibrium selection321

pressure and tend to converge to coordinated strategies (mutual322

cooperation or defection), resulting in homogeneous policies within323

each run. The likelihood of cooperation here naturally depends on324

the game’s defection bias: lower 𝑆 or higher 𝑅 encourages coop-325

eration. Finally, in Chicken Dilemmas (𝑆 > 1, 𝑅 > 0), we again326

observe more cooperation as defection bias decreases. However, as327

anti-coordination games with o#-diagonal Nash equilibria, Chicken328

Dilemmas naturally support more diverse populations resulting in329

a smoother policy transition across payo#s.330

Introducing partner choice. When agents are matched via partner331

choice and receive behaviour reinforcement through our intrinsic332

reward mechanism (as illustrated by Figure 1b), the emergence of333

cooperation is evident across the space of social dilemmas. Here334

we show our results under a population of 10 agents. We observe a 335

marked shift toward stable, mutually cooperative behaviour in the 336

majority of Stag Hunt and Prisoner’s Dilemmas. This demonstrates 337

that our method can reliably induce prosocial learning without 338

requiring full observability or using reciprocal strategies. However 339

some pain points still remain, namely, cooperation probability in 340

chicken dilemmas remain moderately defecting as the max-min 341

payo# becomes dependant on the sucker payo# in these games. 342

Intuitively, the population becomes less discriminative towards ex- 343

ploiters and, hence, they receive less punishment from the intrinsic 344

reward. Also, as 𝑅 approaches 0 in the prisoner’s dilemmas, it is 345

clear that the smaller window with which agents yield an accept- 346

able payo# to their opponents has a strong a#ect on the number of 347

games that occur, limiting the populations ability to self-regulate. 348

(Figure 1c) shows how an increase in population size results in 349

outcomes that mirror that of lower populations but which has a 350

positive e#ect on the dominance of a particular strategy. This is 351

illustrated by the reduction of noise in cooperation probabilities, 352

especially around boundaries between cooperation and defection. 353

Finally, (Figure 1d) illustrates how slightly increasing the value 354

of 𝑈 above the safety level of the game, and hence the standard of 355

opponent demanded by the population for acceptance, has a strong 356

positive a#ect on the population’s tendency to cooperate. This is 357

e#ective as the safety level only weakly separates defectors from 358

cooperators. As such, we increase the value of 𝑈 by some small 359

𝑓 where, in our case, 𝑓 = 0.2 if 𝑅 ′ 0, otherwise 𝑓 = (𝑄 ⇒ 𝑅)/5. 360

This 𝑓 increases discrimination by requiring opponents to explicitly 361

demonstrate their ability to produce a surplus beyond safety level 362

play. Additionally, 𝑓 acts a kind of bu#er which ameliorates noisy 363

selection originating from the stochastic process of learning.We add 364

that the precise value of 𝑓 is not critical: we observed qualitatively 365

similar results across a range of small 𝑓 values. The only restriction 366

here is that 𝑈 + 𝑓 remains above the safety level and below 𝑄. From 367

this point forward, unless otherwise stated, all experiments utilising 368

our methodology utilises a 𝑈 + 𝑓 threshold. 369



Figure 2: The e!ect of intrinsic rewards on the learning of a 10 agent population with𝑆 = 2, 𝑅 = ⇒0.5. (a) Cooperation probability,
over time, for a single agent with intrinsic rewards (solid blue line). The same agent training without intrinsic rewards (solid
red line). Dotted lines indicate where +𝑌 (green) or ⇒𝑌 (red) was applied due to gaining or losing a partner respectively (see
Mechanism 2). (b) Average cooperation probability over time, across the population. Bold lines represent population average
cooperation probability, shaded regions show ±𝑔 . (c) Histograms showing application frequency of +𝑌 (green) and ⇒𝑌 (red)
intrinsic reward incentives.

Figure 3: Network plots demonstrating clique formation, in our method, over time in the prisoner’s dilemma with 𝑆 = 1.95, 𝑅 =
⇒1.05 and 𝑀 = 10. Agents are represented by nodes with node colour indicating the agent’s policy type. Edge darkness and
thickness represents in teraction frequency, over time, with darker, thicker edges signifying more interactions. Network
structures between 𝑐 = 300 and 𝑐 = 1000 are not shown due to a lack of signi#cant further change. Average reward over agent
types is also displayed, showing the reward dominance of mutual cooperation.

5.3 Population Development Over Time370

The e"ect of participation incentives. Figure 2 illustrates the learn-371

ing dynamics of a 10 agent population in a Prisoner’s Dilemma in372

which cooperation is induced (with 𝑆 = 2 and 𝑅 = ⇒0.5). Figure 2a373

demonstrates the cooperation reinforcement under our intrinsic374

reward mechanism. We see clear examples of the reinforcement375

of cooperation between 𝑐 = 190 and 𝑐 = 215. We further observe376

that intrinsic rewards do not reactionarily shift policies towards a377

higher cooperation probability as demonstrated between 𝑐 = 220378

and 𝑐 = 230. This suggests that our intrinsic reward mechanism is379

indeed an aid to the development of, but not a rigid prescription380

to, mutually cooperative populations. This narrative is further re-381

inforced by the minimal application of intrinsic rewards, despite a382

higher propensity for defecting, as observed between 𝑐 = 230 and383

𝑐 = 290 where the agent has largely been rejected by the popula-384

tion’s cooperators and, thus, has few opportunities to improve its385

policy.386

Figure 2(b) illustrates our intrinsic reward mechanism’s average387

e#ect, over time, on the learning of a population. Training is shown388

both with and without intrinsic reward incentives. The population389

begins with identical policy parameters and the same random seed.390

Figure 2(c) illustrates the frequency with which intrinsic rewards 391

are applied during the training of the population. The majority 392

of this intervention happens in the early phases of training and 393

tapers o# as the population becomes more cooperative. This demon- 394

strates that our methodology e#ectively identi"es, and reinforces, 395

cooperative opponents through the proxy of opponent memories. 396

Clique formation. When the learning dynamics, under ourmethod- 397

ology, do not decisively converge toward a homogenous population, 398

we observe the formation of cliques; subsets of agents that prefer- 399

entially interact with certain individuals while excluding, or being 400

excluded by, those outside the clique. Cliques typically form when 401

intrinsic rewards are strong enough tomitigate penalties of exploita- 402

tion, but not to cancel out the bene"ts of exploiting others. As a 403

result, clusters of defectors are able to persist within the population, 404

sustained by occasional exploitative interactions with cooperators 405

who, in turn, are not su$ciently penalised to deviate from their 406

policies. Figure 3 demonstrates the development of cliques, over 407

time, in a Prisoner’s Dilemma with𝑆 = 1.95 and 𝑅 = ⇒1.05. We also 408

observe the reward dominance of cooperating cliques, especially 409

once partnerships are well established. 410



Figure 4: Heat-maps with average cooperation probability
across social dilemmas where 𝑈 is inferred exclusively from
agent’s observations in a pre-training phase of learning. (a) 𝑈
is inferred from the set of agents collective pre-training ob-
servations. (b) each agent in the population infers their own
𝑈 exclusively from their own individual set of pre-training
observations.

6 ROBUSTNESS TO EXTREME INFORMATION411

LIMITATIONS412

Our previous results demonstrate the e#ectiveness of our methodol-413

ogy in an idealised setting in which the underlying game’s max–min414

payo# is known and can be used to inform the partner selection415

protocol through 𝑈 .416

In Figure 4 we instead assume that this information is unavail-417

able and that an appropriate value for 𝑈 must therefore be inferred.418

This is done through a pre-training phase within which the popula-419

tion learns a kind of baseline joint policy (similar to that of Fig 1a).420

The intuition here is that this joint policy will be su$cient to char-421

acterise the underlying dynamics of the given game, replacing our422

reliance on knowing the min-max payo# of the game beforehand. 𝑈423

is inferred by measuring the average payo# wrought by a series of424

rounds, 100 rounds in our case, played with these pre-training poli-425

cies. Finally, the pre-training policies are discarded and agents learn426

their "nal policies under our full partner choice methodology using427

the inferred 𝑈 informing the partner choice protocol. Figure 4(a)428

shows our results when agents’ pre-training reward observations429

are centralised and used to determine a single, shared, 𝑈 . Figure 4(b)430

shows our results when each agent infers an,individual 𝑈𝐿 using only431

their own observations in the pre-training phase. This constitutes432

the most general setting where agents are 1) given no information433

about the dilemma beforehand and 2) where the only assumption434

made is that agents are able to communicate requests/rejections.435

We see that in both cases populations are able to learn to cooperate436

e#ectively in games with low defection bias with this becoming437

more di$cult in the decentralised case as agents have a lower vol-438

ume, and diversity, of experience to draw from in the pre-training439

phase. However this comes at the cost of a#ecting performance in440

non-dilemmatic settings as demonstrated by the noise introduced in441

games where𝑆 < 1 and 𝑅 > 0 (which itself originates from the high442

value of 𝑈 inferred in this setting) demonstrating the di$culties443

that arise from such a general setting. Despite this, these results444

exemplify our methodology’s main scalability and generalisabil-445

ity gains over the current literature, namely in it’s independence446

from large, complex and abstract state/action histories and detailed 447

communication dependencies. 448

7 CONCLUSIONS 449

Social dilemmas constitute a central research problem in coopera- 450

tive AI. They model complex social interactions where individual 451

agents are incentivized to act sel"shly, despite the collective bene"ts 452

of cooperation. While current approaches have made progress in ad- 453

dressing such dilemmas, they often rely on restrictive assumptions 454

or fall short of the adaptive, self-regulating behaviours observed 455

in human societies. In this paper, we proposed a method based 456

on partner choice to address these limitations. Using only agents’ 457

own reward signals, our approach allows populations of agents to 458

regulate the behaviour of their opponents via an intrinsic reward 459

mechanism which avoids reliance on reproducing reciprocal strate- 460

gies. Based on the psychological e#ects of social acceptance and 461

rejection, this mechanism indirectly reinforces the emergence of 462

cooperation by incentivising participation. We showed that popu- 463

lations promoting social cohesion are better equipped to navigate 464

social dilemmas. Our "ndings also demonstrate the robustness of 465

our method across a range of dilemmas. These results establish a 466

benchmark for extending the partner selection framework to social 467

dilemmas that are both temporally and spatially complex, as mod- 468

elled by Markov games, where the theoretical underpinnings and 469

the distinction between self-interested and prosocial behaviours 470

present substantial challenges. 471
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