Doctoral Consortium

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

Reputation As a New Route to Cooperation in Multi-Agent
Reinforcement Learning

Roman Chiva Gil

University of Amsterdam
Amsterdam, Netherlands
r.chivagil@uva.nl

ABSTRACT

While the field of cooperation in mixed-motive multi-agent rein-
forcement learning (MARL) has seen substantial growth in recent
years, fundamental challenges remain. One such challenge is scal-
ability to large and diverse populations of agents. My doctoral
project investigates how indirect reciprocity (IR), an extensively
studied mechanism in evolutionary game theory, can be adapted
to populations of learning agents. IR enables agents to condition
their cooperative behavior on reputations assigned by third-party
observers according to social norms. In my thesis I start by studying
the dynamics of Markov games augmented with reputation sys-
tems through minimalist MARL models, prioritizing interpretability
while retaining representative emergent behaviors. Addressing pre-
vious pessimistic findings regarding the effectiveness of reputation
systems in MARL, we demonstrated that the choices of learning
algorithm and state representation play a crucial role in enabling
cooperation. Through the systematic investigation of these design
choices, we identified key principles governing when and how
reputation mechanisms can effectively promote cooperation in pop-
ulations of learning agents. Building on these insights we plan to
expand our scope to more complex environments while consid-
ering the practical limitations of applying reputation systems to
real-world problems. A central focus is the relaxation of common
assumptions such as perfect observability, centralized reputation
assignment and homogeneous populations with the goal of devel-
oping practical, robust mechanisms for fostering cooperation in
realistic multi-agent systems.
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1 INTRODUCTION

Human cooperation has been extensively studied from a game the-
oretic perspective across various disciplines. It is generally agreed
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upon that, although we do possess some intrinsic motivations to
cooperate (e.g., empathy)[9], cooperation is primarily sustained
by evolved social mechanisms and institutions that facilitate trust
and mutual aid[2, 13]. However, the effectiveness of these institu-
tions now being tested as we integrate adaptive autonomous agents
into systems previously formed exclusively by humans. As these
domains transition into hybrid or possibly fully autonomous envi-
ronments, the social mechanisms that governed human behavior
are being outpaced. Autonomous agents can operate at scales and
speeds that defy traditional human oversight [12]. Thus, like human
societies evolved specific social mechanisms and institutions to sus-
tain cooperation, we must now develop their analogs to ensure
robust cooperation in autonomous multi-agent systems|3, 6, 21].
This has been one of the central research areas in multi-agent RL
over the last decade.

We propose that Indirect Reciprocity (IR) and reputation sys-
tems offer a promising novel framework for sustaining cooperation
in large, decentralized populations of autonomous agents. In hu-
man societies, these mechanisms serve as promoters of cooperation
and trust and are prevalent in forms ranging from informal gos-
sip networks where word spreads about who is trustworthy and
who is a cheater, to the sophisticated rating systems used by e-
commerce platforms like eBay[19, 22]. Our motivation is that by
incorporating a reputation system into environments with interact-
ing autonomous agents, we can create a self-regulating system. In
such a system, agents are incentivized to cooperate not through di-
rect oversight or intrinsic motivations, but because their reputation
becomes a valuable asset.

2 BACKGROUND

Indirect Reciprocity: IR enables cooperation through reputation-
based discrimination, where agents cooperate based on their part-
ner’s reputation rather than direct interaction history[18]. Social
norms govern the system by mapping an agent’s action and their
recipient’s reputation to a new reputation assignment for the ac-
tor, typically encoded as 4-bit binary strings covering the four
cases: defecting/cooperating against bad/good reputation recipients
(D — B,D — G, C — B, C — G). This creates incentives where
maintaining a good reputation yields long-term benefits exceeding
immediate cooperation costs. For example, the Stern Judging norm
(1001)[20] assigns good reputations when agents cooperate with
good-reputation partners or defect against bad-reputation partners,
and bad reputations otherwise, effectively distinguishing justified
punishment from unjustified defection and thereby sustaining co-
operation.

Multi-Agent Reinforcement Learning: Sustaining coopera-
tion in mixed-motive environments is a difficult challenge in MARL.
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Figure 1: (a) Schematic of the indirect reciprocity environment (b) Learning curves under different social norms for 500
Q-learners (c) Cooperation rates across benefit-to-cost ratios for different algorithmic variants under Stern Judging

The field has seen significant progress over the last decade [8], with
methods such as Opponent Shaping [5, 10, 15] or Intrinsic Reward
design [16, 17, 25] demonstrating great promise in fostering cooper-
ation. However, many open questions remain [7]. Of these, we point
out how reputation systems could provide an answer to scalability
to large populations without assuming that agents are inherently
rewarded for being prosocial. Instead of requiring control over an
agent’s reward, the system broadcasts reputation as external, public
information and treats cooperation as a strategic choice. Agents
can choose to integrate this information into their decision making
if it provides a competitive advantage. By researching how to most
effectively broadcast information, this approach has the potential of
creating a self-regulating environment where cooperation becomes
the most rational strategy for self-interested agents.

3 PRELIMINARY RESULTS

The first objective of our project was to develop a detailed under-
standing of cooperation and reputation dynamics under RL adap-
tation and what factors determine the effectiveness of reputations
in promoting cooperation under RL. In doing so, we demonstrated
that reputation systems can be substantially more effective in pro-
moting cooperation than previously reported [1, 24]. We developed
a minimalist population game environment that abstracts away en-
vironmental complexity representing a typical indirect reciprocity
setting[23]: A large pool of agents engages in one-shot interactions
with random members of the population. Each agent is assigned a
reputation, and at each timestep, agents are paired to play a one-
shot prisoner’s dilemma game. Agents observe their own reputation
and their opponent’s reputation to condition their actions. A so-
cial norm centrally assigns reputations by judging agents based on
their actions and their opponent’s reputation. A schematic of the
environment is provided in Figure 1a.

Figure 1b shows learning curves illustrating how different so-
cial norms impact the emergence of cooperation in a population
of 500 Q-learners using an e-greedy policy. Consistent with EGT
models[23], Stern Judging and Simple Standing enable agents to
converge to cooperative equilibria where they adopt discriminatory
strategies, cooperating selectively based on reputation. Under other
norms, populations consistently collapse to mutual defection. Both
successful norms exhibit tipping-point behavior: initially, discrimi-
natory and defection strategies compete, but once a critical mass
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of agents adopts discriminatory strategies, the population rapidly
shifts toward cooperation. The threshold for this tipping point is
norm-dependent, with Stern Judging requiring fewer discriminators
to trigger the transition.

We find that in addition to the social norm, the likelihood of
converging to the cooperative equilibrium largely determined by
how the agents’ learning dynamics navigate the competing incen-
tives of immediate defection payoffs and the long-term benefits of
maintaining a good reputation before defectors dominate. By com-
paring several algorithmic variants, we identified specific features
that more effectively promote reaching this tipping point. Figure
1c shows a selection of tested variants under the Stern Judging
norms across benefit-to-cost ratios. We found that stochastic pa-
rameter updates and frequency-adjusted updates (where learning
rates effectively depend on state-action visitation frequencies, as in
Sequential Batch Q) better facilitate coordination. These findings
align with prior work on cooperation emergence among RL agents
in two-player iterated prisoner’s dilemma [4, 14].

4 FUTURE STEPS

While our initial work used stylized models to align with EGT, we
plan to relax these assumptions to bridge the gap with realistic sys-
tems. Specifically, we are addressing the challenge of environmental
complexity and temporally extended interactions, which is effec-
tively captured by Sequential Social Dilemma (SSD) benchmarks
like CoinGame or Cleanup [11]. In these environments, cooperation
vs defection is no longer a binary choice but a time-extended pro-
cess. This requires the development of sophisticated social norms
capable of evaluating sequences of actions within their environ-
mental context. Furthermore, since SSDs require agents to master
environmental competence alongside strategic interaction, we must
investigate how to best integrate reputation data into agent obser-
vations to provide a clear and effective learning signal. Finally,
we intend to relax the assumption of a centralized reputation sys-
tem and decentralizing the evaluation process. By introducing a
communication layer where agents exchange messages about peer
behavior, we explicitly incorporate the dynamics of gossip into
the model. This shift allows us to investigate how cooperation
can survive when reputation information is shared through noisy,
subjective, or even potentially dishonest channels.
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