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ABSTRACT

Multi-agent systems often operate in dynamic and uncertain environments, where
agents must not only pursue individual goals but also safeguard collective func-
tionality. This challenge is especially acute in mixed-motive multi-agent systems.
This work focuses on cooperative resilience—the ability of agents to anticipate,
resist, recover, and transform in the face of disruptions—a critical yet underex-
plored property in Multi-Agent Reinforcement Learning. We study how reward
function design influences resilience in mixed-motive settings and introduce a
novel framework that learns reward functions from ranked trajectories, guided
by a cooperative resilience metric. Agents are trained in a suite of social dilemma
environments using three reward strategies: (i) traditional individual reward; (ii)
resilience-inferred reward; and (iii) hybrid that balance both. We explore three
reward parameterizations—linear models, hand-crafted features, and neural net-
works—and employ two preference-based learning algorithms to infer rewards
from behavioral rankings. Our results demonstrate that hybrid strategy signifi-
cantly improve robustness under disruptions without degrading task performance
and reduce catastrophic outcomes like resource overuse. These findings under-
score the importance of reward design in fostering resilient cooperation, and rep-
resent a step toward developing robust multi-agent systems capable of sustaining
cooperation in uncertain environments.

1 INTRODUCTION

Multi-agent systems often operate in dynamic and uncertain environments, where disruptions
threaten overall functionality Topolewicz et al. (2023); Yildirim et al. (2019). In particular, in mixed-
motive multi-agent systems, agents must do more than simply optimize individual performance, they
must collectively adapt and recover from disruptions to preserve system-level well-being. Disrup-
tions, whether internal (e.g., system failures), external (e.g., environmental shocks), or adversarial
(e.g., targeted attacks), can compromise system performance, underscoring the need for adaptive
recovery mechanisms Topolewicz et al. (2023). This motivates recent studies of resilience in multi-
agent systems Chacon-Chamorro et al. (2025); Shraga et al. (2025), in particular the concept of Q3 R.

FUejcooperative resilience, defined as the ability of agents to sustain system-level well-being by an-
ticipating, resisting, recovering, and transforming under disruption Chacon-Chamorro et al. (2025).
Unlike traditional notions of stability, equilibrium, or robustness, cooperative resilience captures
the dynamic, temporal, and distributed nature of multi-agent systems operating in uncertain and
failure-prone environments.

Cooperative resilience represents a critical yet underexplored dimension in Multi-Agent Reinforce-
ment Learning (MARL). Conventional MARL methods, including value factorization approaches
such as QMIX Rashid et al. (2020) and policy gradient methods such as PPO Schulman et al. (2017),
rely on the specification of a coherent reward function. This reward must capture the interdependent
nature of the joint task shaped by agents’ interactions. However, how the reward design influences
the ability of agents to cooperate, adapt, and persist under adverse conditions is still not sufficiently
understood. This limitation becomes particularly evident in mixed-motive settings, where agents
must balance individual goals with collective outcomes, making the design of effective incentive
mechanisms especially challenging Nie et al. (2024); Leibo et al. (2017).
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In this work, we address this challenge using Inverse Reinforcement Learning (IRL) Goktas et al.
(2025); Ashwood et al. (2022); Wu et al. (2022), a principled framework for inferring reward func-
tions from observed agent behavior. IRL recovers latent reward functions that are assumed to have
generated trajectories exhibiting desirable or near-optimal responses to disruptions. This approach
enables the discovery of incentive structures that support emergent properties such as cooperative
resilience, without requiring explicit encoding of such behaviors in the reward design. This perspec-
tive is complementary to recent work on group resilience through collaboration protocols Shraga
et al. (2025), which seeks to improve resilience by designing mechanisms and interaction structures
that make agents more robust to perturbations. In contrast, our goal is to infer a reward function
that captures cooperative resilience directly from behavioral evidence. Protocol-based approaches
enrich agents’ capabilities, while resilience-aligned reward inference uncovers the underlying incen-
tive structure that can support resilient collective behavior. Q3

R.FUej

Building on this idea, we introduce an approach for learning reward functions from ranked agent
trajectories scored with a cooperative resilience metric. This metric quantitatively evaluates how
well trajectories preserve collective welfare in the presence of disruptions. By using it, we generate
preference rankings over observed behaviors and feed them into a preference-based IRL pipeline to
infer reward functions that implicitly encode cooperative resilience. In this way, our main contri-
bution is a reward function design method that leverages cooperative resilience to infer a collective
reward component, steering agents toward sustained system performance under disruptions. The
learned reward is, in principle, compatible with different MARL algorithms, since it can be used as
a drop-in replacement for the underlying reward signal. In this sense, our framework offers a flexible
reward-design component that can complement existing methods. C3 R.

FUej

We validate our approach in a mixed-motive social dilemma inspired by the Commons Harvest sce-
nario from Melting Pot Perolat et al. (2017); Agapiou et al. (2022). The environment captures the
tension between individual incentives to maximize resource consumption and the collective need
to preserve shared resources. Our results show that resilience-inferred rewards foster adaptive be-
haviors under disruption, extending sustainability and improving collective outcomes compared to
baselines PPO and QMIX. To assess scalability, we extended the evaluation to larger multi-agent
environments with more agents and resource limitations, where our method enhanced cooperative
resilience and, beyond that, improved overall system behavior by extending sustainability and col-
lective well-being over time, without sacrificing individual task performance. This highlights our
broader insight: reward functions can be treated as a form of a priori knowledge, extracted from
trajectory analysis under a system-level cooperative resilience metric.

The remainder of this paper is organized as follows. Section 2 reviews related work, Section 3
presents our framework and Section 4 details the experimental setup and key results. Section 5
concludes with a summary and future directions. The appendix provides implementation details,
extended results, and reproducibility information for experiments.

2 BACKGROUND AND RELATED WORK

2.1 COOPERATIVE AI AND RESILIENCE

Cooperative AI studies the design of multi-agent systems that achieve outcomes benefiting the group
as a whole Dafoe et al. (2020); Hammond et al. (2025). In mixed-motive environments, where
agents must balance individual objectives with collective welfare, designing mechanisms that foster
cooperation is particularly challenging Hammond et al. (2025). Standard reinforcement learning
approaches often emphasize individual performance, which can lead to selfish behavior and the
degradation of shared resources, especially in the presence of social dilemmas Rios et al. (2023);
Strümke et al. (2022); Du (2022); Leibo et al. (2017).

The introduction of disruptions, such as resource scarcity, unsustainable behaviors, or abrupt en-
vironmental changes, further complicates cooperation Jasper (2004); Orner et al. (2025). In these
contexts, resilience becomes essential to sustain joint welfare. We focus on cooperative resilience
Chacon-Chamorro et al. (2025), similar to the concept of group resilience Shraga et al. (2025), a
system-level property that quantifies how well a group of agents can maintain collective well-being
under stress. Building on approaches from ecology, infrastructure, and economic networks Ayyub Q3 R.

FUej(2014); Cimellaro et al. (2016); Gerges et al. (2022), the methodology in Chacon-Chamorro et al.
(2025) evaluates resilience by comparing disrupted vs. baseline performance across indicators of
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collective well-being, producing a score of this property. This score provides a quantitative basis
for comparing systems and analyzing the behaviors and incentives that lead to resilient outcomes. It
can also inform the design of new agents and reward structures that promote both cooperation and
robustness.

2.2 MULTI-AGENT REINFORCEMENT LEARNING

Traditional Reinforcement Learning (RL) optimizes single-agent behavior through trial-and-error,
but in multi-agent settings strategic interdependence makes learning more complex, giving rise to
coordination, competition, and equilibrium. To address these challenges, MARL algorithms such as
QMIX Rashid et al. (2020) and COMA Foerster (2018) tackle credit assignment, while social reward
shaping methods Jaques et al. (2019); Hughes et al. (2018) encourage cooperation and mitigate
free-riding by rewarding agents for influencing others’ actions Jaques et al. (2019). More recent
incentive-exchange mechanisms, such as peer reward Lupu & Precup (2020); Yang et al. (2020),
norm formation through sanctions Vinitsky et al. (2023), and mutual acknowledgment protocols
Phan et al. (2024), enable agents to deliberately influence the rewards of others, thus promoting
pro-social behavior through structured interactions. These methods operate by designing incentives
or communication protocols that induce cooperation. C1

R.YJon

However, all of these approaches presuppose the availability of a coherent reward structure. In
mixed-motive environments, this becomes particularly challenging: the reward must balance indi-
vidual and collective welfare, and under disruptive conditions the relevant system-level property is
cooperative resilience. Designing such reward functions directly is difficult. This motivates the use
of inverse reinforcement learning (IRL), where rewards are inferred from observed behaviors rather
than engineered. C1

R.YJon

2.3 INVERSE REINFORCEMENT LEARNING

Inverse Reinforcement Learning (IRL) is a framework for infering reward functions from behavior
Adams et al. (2022); Metelli et al. (2023); Arora & Doshi (2021). A major limitation is its reliance
on demonstrations being optimal, which is rarely true in practice Brown et al. (2019); Goktas et al.
(2025); Poiani et al. (2024). Extending IRL to multi-agent settings (MAIRL) introduces further
challenges such as joint action spaces and equilibrium-based formulations Natarajan et al. (2010);
Littman (1994); Çelikok et al. (2024), which become intractable in complex or disrupted domains
Goktas et al. (2025). Alternatives like swarMDP Šošić et al. (2017) learn local rewards but struggle
to generalize. To address this, we adopt preference-based IRL Brown et al. (2019); Willis et al.
(2025), which learns from trajectory comparisons and is well-suited to cooperative resilience, where
behaviors can be naturally ranked.

3 PROBLEM FORMULATION AND METHODOLOGY

We consider multi-agent environments where agents interact under mixed-motive conditions and
share access to common resources. The environment is modeled using the standard joint-state, joint-
action formulation of a Markov game (or multi-agent MDP), defined by the tuple (S,A, P,R, γ),
where S is the global environment state, A = A1×· · ·×An is the joint action space, P is the transi-
tion function over the joint state–action space, R denotes the reward structure, and γ is the discount
factor. This formalization is consistent with the multi-agent decision-process models presented in
Littman (1994); Boutilier (1996). Each agent executes its own decentralized policy πi(ai | s).. C2

R.YJon

In this setting, standard reward functions R often prioritize short-term individual gains, which can
undermine collective welfare, especially under disruptive conditions. This motivates our central ob-
jective: to learn a reward function that promotes cooperative resilience. To this end, we propose
a two-step methodology: (i) ranking trajectories using a cooperative resilience metric (see Subsec-
tion 3.1), and (ii) learning a reward function from preferences using one of two methods—margin-
based optimization or probabilistic modeling (see Subsection 3.2).

Figure 1 summarizes the proposed learning pipeline. The process begins with a system of interacting
agents operating in a mixed-motive environment, as illustrated in panel (a). In this example setup,
agents harvest resources from a shared apple tree in a grid-world, balancing individual consumption

3
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with long-term sustainability. Panel (b) presents the reward learning pipeline. First, agent trajec-
tories are collected and evaluated using a cooperative resilience metric. This evaluation induces a
ranking over trajectories based on their resilience scores. Next, this ranking is used as input to a
preference-based IRL module that learns a reward function aligned with resilient behaviors. The
learned reward is then integrated into the agents’ policy learning process, guiding behavior in future
interactions with the environment.

3.1 RANKING TRAJECTORIES BY COOPERATIVE RESILIENCE

A trajectory τ = (s0, a0, s1, a1, · · · , sT ) is defined as a sequence of states and joint actions over a
time horizon T , where st ∈ S and at ∈ A denote the state and joint action space at time step t,
respectively. Let D be the set of trajectories generated by agents interacting with the environment
under a given policy. We adopt the methodology from Chacon-Chamorro et al. (2025) to compute a
resilience score ρ(τ) for each trajectory τ ∈ D. A score of ρ = 1 indicates alignment with a baseline
without disruption, values below 1 reflect loss of resilience, and scores above 1 suggest exceptional
recovery or improved performance after disruption.

To rank these trajectories, we assign a resilience score ρ(τ) to each τ . This score is based on a
set of performance curves derived from four types of collective well-being indicators: Cumulative
consumption, computed per agent (yielding one curve per agent); Resource availability, measured
as the total number of apples present in the environment; Gini index of the consumption distribu-
tion, capturing inequality; and a Hunger index, estimating the delay between successive accesses
to resources. The indicators we employ should be viewed as an instantiation of a more general tem-
plate: the framework remains applicable as long as practitioners define the dimensions of collective
well-being that matter for their particular domain. C3

R.Yjon

Each indicator is measured under two conditions: a baseline scenario with no disruption, and a dis-
rupted scenario. Let Ik(t) denote the indicator k over time, td be the disruption time, tf the time of
worst degradation, and tr the recovery endpoint. In practice, td is common to all indicators, while
tf and tr are computed independently for each indicator to capture their distinct degradation and re-
covery dynamics. Consistently with Ayyub (2014) formulation, we set tf = argmint≥td I

disrupted
k (t)

within the considered window, and take tr as either the end of the horizon (single disruption) or the
last timestep before the next disruption (multiple disruptions). Q1 R.

Wodu

We define the failure and recovery profiles as: FailureProfilek =
∫ tf
td

Idisrupted
k (t)(Ibaseline

k (t))−1dt,

RecoveryProfilek =
∫ tr
tf

Idisrupted
k (t)(Ibaseline

k (t))−1dt, and denote the durations ∆tf = tf − td,
∆tr = tr − tf . Using these quantities, the resilience score for indicator k is computed as:

ρk =
td + FailureProfilek ·∆tf + RecoveryProfilek ·∆tr

td +∆tf +∆tr
.

Finally, we aggregate the indicator-specific resilience scores into a global resilience score using

the harmonic mean ρ(τ) =
(

1
K

∑K
k=1

1
ρk

)−1

, which balances contributions across indicators by

Ranking Trajectories by Cooperative
Resilience

Learning Reward Functions for
Cooperative Resilience

Integrated the Inferred Reward
into the Learning Process

Agent
Trajectories 

Learning Process
Performance

Ranking

Optimization Problem

Derived Reward Function

Reward Function Parameterization

New Reward Functionb)a)

Margin-based
Preference Learning

Probabilistic
Preference Learning

Figure 1: (a) Mixed-motive environment used throughout this study. Two agents interact in an 8× 8
grid with a central apple tree containing 16 apples. (b) Overview of our proposed reward learning
pipeline. This figure illustrates the full loop from data collection to policy learning.
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penalizing low values, thus ensuring that system resilience is not dominated by a single dimension.
Ultimately, this methodology captures cooperative resilience by contrasting system behavior with
and without disruption, deriving failure and recovery profiles for each indicator, and aggregating
them through the harmonic mean Chacon-Chamorro et al. (2025).

Once the scores are computed, we induce a preference ordering over the trajectories: a trajectory
τi is preferred over τj , if it exhibits a higher cooperative resilience score. Formally, the preference
relationship can be expressed as τi ≻ τj if only if ρ(τi) > ρ(τj), where ρ(τ) denotes the cooperative
resilience score of the trajectory τ . This preference structure provides the basis for learning reward
functions aligned with cooperative resilience, as discussed in Subsection 3.2.

3.2 LEARNING REWARD FUNCTIONS FOR COOPERATIVE RESILIENCE

The next step is to learn a reward function R̂ : S → R that aligns agent behavior with cooperative
resilience, as indicated by the trajectory rankings. A crucial design decision at this stage is the
parameterization of reward function. We assume that the reward function depends on a feature
representation of the state, denoted as ϕ(s) : S → Rn, where n is the dimensionality of the feature
space. The most commonly used parameterizations include handcrafted linear functions, state-based
linear functions, and nonlinear models such as neural networks.

In handcrafted linear functions, the reward is modeled as R(s) = ϕ(s)⊤w + b, with w ∈ Rn, b ∈ R
learnable parameters, and the feature representation ϕ(s) is manually designed to capture properties
related to the system’s objective, in our case, the resilience outcome. Relevant features may include
metrics such as resource availability, fairness indicators, or inter-agent distances. This approach
offers high interpretability and simplicity, but heavily depends on the quality of the handcrafted
features.

In state-based linear functions, the feature representation is set as ϕ(s) = s directly using the raw
state variables. This approach removes the need for feature engineering but may struggle to cap-
ture complex relationships when resilience-relevant properties are nonlinearly entangled in the state
space. Nonlinear models, such as neural networks parameterized as R(s, θ) offer greater flexibility
by capturing complex, nonlinear dependencies between the state and resilience outcomes. However,
they typically involve high-dimensional parameter spaces and require larger datasets and longer
training processes to achieve good generalization. Moreover, the optimization landscape becomes
more challenging, increasing the risk of convergence to suboptimal local minima instead of the
desired global optimum.

Once a parameterization is chosen, we formulate the preference-based learning problem using the
trajectory rankings induced by cooperative resilience scores. We explore two approaches to learn
a reward function from these preferences: (i) Margin-based Preference Learning (MPL), and (ii)
Probabilistic Preference Learning (PPL).

3.2.1 MARGIN-BASED PREFERENCE LEARNING

This approach aims to learn a reward function such that more resilient trajectories accumulate higher
total reward than less resilient ones. Given a pair of ranked trajectories (τi, τj), where τi ≻ τj
indicates that τi is more resilient than τj , as measured by an external cooperative resilience metric.
Then the learning objective is to ensure that

∑
s∈τi

R(s; θ) >
∑

s∈τj
R(s; θ).

To model this preference, we introduce a margin δij > 0, which can be fixed (e.g. δij = 1,
as in traditional MPL) or dynamically set to reflect the resilience gap between trajectories δij =
|ρ(τi)− ρ(τj)|.
We then formulate the optimization problem as

min
θ

∑
(τi≻τj)

max

0, δij −

∑
s∈τi

R(s; θ)−
∑
s∈τj

R(s; θ)

 .

When R(s, θ) is a linear function of state features, this problem is convex. For nonlinear models
(e.g., neural networks), the objective becomes non-convex, and the optimization must be approached
using iterative methods with appropriate regularization. Another important factor in optimization is

5
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how trajectory pairs are selected, as different sampling strategies influence convergence and the type
of preferences captured. We evaluated three approaches: random, ranked (adjacent in the resilience
order), and mixed (a probabilistic combination of both). The margin-based formulation thus yields
six variants, combining the two margin definitions (δij = 1 or δij = |ρ(τi)− ρ(τj)|) with the three
sampling strategies. Full implementation details are provided in Appendix A.4.

3.2.2 PROBABILISTIC PREFERENCE LEARNING

In PPL, we define the probability that the trajectory τi is preferred over τj as a function of their
cumulative rewards. The learning problem is then formulated as a maximum likelihood estimation
over the observed preferences. Equivalently, the objective can be expressed as the minimization of
the negative log-likelihood:

min
θ

−
∑

(τi≻τj)

log

 exp
(∑

s∈τi
R(s; θ)

)
exp

(∑
s∈τi

R(s; θ)
)
+ exp

(∑
s∈τj

R(s; θ)
)
 .

This formulation is convex when R(s, θ) is a linear function of state features, and allows efficient
optimization using standard convex solvers. Compared to MPL, this approach provides smooth gra-
dients, which can lead to more stable convergence and better handling of noisy or uncertain rankings.
However, it may be computationally more expensive due to the use of exponential operations over
each trajectory pair. Data sampling strategies are analogous to MPL case (see Appendix A.4).

4 EXPERIMENTAL VALIDATION

4.1 ENVIRONMENT DESCRIPTION

We evaluate our approach in a simplified version of a social dilemma inspired by the “Commons
Harvest” scenario from the Melting Pot suite Agapiou et al. (2022); Perolat et al. (2017). The
original environment is defined as partially observable. In this work, we deliberately adopt a fully
observable variant. This is consistent with many fully observable Markov games used in cooperative C4

R.Yjonand mixed-motive MARL. The environment consists of a discrete 8× 8 grid where 2 agents interact
C2
R.Yjon

and harvest resources from a shared tree containing 16 apples, located in the central region of the grid
(see Figure 1). Apples grow probabilistically, with regrowth chances increasing as more apples are
preserved—encouraging sustainable behavior. This creates interdependence: while agents benefit
from consumption, overharvesting reduces future availability and harms collective outcomes. This
setting naturally captures a mixed-motive scenario: agents must balance individual consumption
with the long-term collective benefit of preserving the resource pool.

4.2 TRAJECTORY COLLECTION AND RESILIENCE-BASED RANKING

To initialize the reward inference process, we collect 500 trajectories generated by agents following
a random policy, each lasting 1000 steps. At timestep 500, a disruption removes apples from the cen-
tral tree with fixed probability, ensuring that at least one remains so the episode can continue. These
trajectories are then ranked according to their cooperative resilience score, computed from the in-
dicators introduced in Subsection 3.1. The resulting ranking serves as input to the preference-based C4 R.

YjonIRL algorithms described in Subsection 3.2 to infer a reward function that promotes cooperative
resilience. Full details of the experimental setup and configurations are provided in the Appendix
(Appendix A). C4 R.

Yjon

Note that the cooperative-resilience score is used to construct the trajectory rankings and, as dis-
cussed later, as one of our evaluation metrics. This does not introduce direct circularity, since agents
never receive the resilience score during training and are instead guided only by the inferred reward
function, which is a function of the state rather than of the trajectory-level metric. Q1 R.

FUej

6
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4.3 REWARD INFERENCE CONFIGURATIONS

Building on the trajectory ranking, we evaluate multiple reward inference configurations to deter-
mine which best support collective well-being. We consider two main approaches: (i) resilience-
based, where a unique reward function R̂ is inferred and shared by all agents, and (ii) hybrid, where
R̂ is combined with a consumption-based individual reward. In the hybrid setting, each agent re-
ceives a reward composed of the shared resilience term and its own consumption signal.

Both approaches are tested with three parameterizations of R̂: handcrafted, state-based linear, and
neural network, and two optimization methods: Margin-based Preference Learning (MPL) and Prob-
abilistic Preference Learning (PPL). MPL yields six variants, from two margin schemes and three
sampling strategies, while PPL yields three, resulting in 27 total configurations (see Appendix A.6).

The inferred rewards are injected into PPO agents, which are trained for 500 episodes of 1000
steps and evaluated under the same disruption protocol used in trajectory ranking, where a subset
of apples is removed from the central tree at step 500. Figure 2 reports the metric associated with
the consumption of the last remaining resource, comparing the best configurations of each reward
parameterization and both optimization approaches.

In selecting these best configurations, we did not rely on resilience alone. Several PPL variants
achieve high resilience scores (e.g., PPL-R and PPL-K), but do so by inducing overly conservative
policies with low average rewards, preserving resources at the cost of individual task performance.
To avoid such undesirable behaviors, we adopted a multi-criteria selection rule: high resilience,
high cumulative reward, low last-apple consumption, and low variance across episodes. Under
this joint evaluation, the MPL–M1 Hybrid with handcrafted features consistently dominated the
alternatives. We adopt this reward configuration, hereafter referred to as our hybrid strategy, as the C2 R.

Wodu,
and C2
R. FUej

reference for comparison against baseline methods under the new disruption protocol introduced in
Subsection 4.4. Appendix A.5.3 provides additional metrics and plots for all configurations.

It is important to note that our chosen hybrid strategy relies on a handcrafted reward parameteriza-
tion. Its strong performance is partly explained by the fact that its features encode meaningful prior
structure about the domain, making it the least general and the most dependent on expert knowl-
edge. At the same time, our preference-based IRL procedure must still learn appropriate weights for
these features to obtain resilient, low-selfishness behavior; without the resilience-based rankings, the
same features do not automatically yield suitable policies. By contrast, the linear and neural models
operate directly over the full joint state and are therefore more data-hungry; with only 500 ranked
trajectories in a high-dimensional, spatially structured environment, they are likely underpowered
rather than fundamentally flawed. Q2 R.

Wodu

4.4 EVALUATION METRICS AND EXPERIMENTAL RESULTS

We have implemented an expanded disruption protocol for evaluation, applied to agent trained with
hybrid strategy. Evaluating algorithms under the same disruption protocol used during training
may risk overfitting to known conditions, thus limiting the generalization claims of our method.
To address this, the new protocol introduces three temporally distributed and qualitatively distinct
disruptions, each lasting 5000 steps: (i) resource removal at step 1250, (ii) a temporary reduction in
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Figure 2: Percentage of episodes (out of 500) in which agents consumed the last remaining apple
for the best configurations under each reward parameterization and optimization method. (a) Agents
trained exclusively with resilience-aligned rewards. (b) Agents trained with hybrid strategy.
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apple regrowth rate starting at step 2500, and (iii) an agent failure simulation, where one agent loses
control and moves randomly from steps 3750 to 3900. C4

R.Yjon

In these evaluations, we consider three baselines: a random policy, PPO with a standard reward
scheme (+1 for consuming an apple, 0 otherwise), and QMIX. For QMIX, the individual reward
function is also defined using the +1/0 scheme, but in practice this leads agents to converge toward
regions without apples. To mitigate this, we increased the reward to +10 for consuming an apple.
Using this modified reward, the trained QMIX agents were evaluated with ϵ = 0 under the disruption
protocol. These baselines are contrasted against our hybrid strategy, implemented as PPO with the
resilience-informed reward learned through our method.
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Figure 3: Performance metrics over 500 episodes. (a) Cooperative resilience. (b) Average total
apple consumption per episode across both agents. (c) Episode length. (d) Last-apple consumption
frequency, indicating the occurrence of social dilemma failures.

Figure 3 summarizes performance metrics across 500 evaluation episodes. Panel (a) shows that
cooperative resilience is consistently higher for the hybrid strategy, with both mean and median
values shifted toward the upper end of the scale relative to all baselines. Panel (b) indicates that
hybrid strategy achieves the highest average cumulative consumption across agents, demonstrating
that sustainability is attained without sacrificing productivity. Panel (c) further reveals that episode
lengths are significantly extended: under hybrid strategy, resources typically remain available until
the simulation horizon (5000 steps), indicating more efficient and balanced exploitation. Finally,
panel (d) shows that the social dilemma of last-resource depletion is substantially mitigated: the last
apple is consumed in only 13.2% of episodes.

To statistically validate these findings, we applied the Mann–Whitney U test for each metric, with p-
values corrected using the Benjamini–Hochberg procedure (FDR, α = 0.05). Bonferroni-adjusted
p-values are reported in Appendix A.8.1. Results confirm that, for cooperative resilience, hybrid
strategy significantly outperforms Random and PPO, while no significant difference is found rel-
ative to QMIX. In contrast, for both cumulative consumption and episode length, hybrid strategy
outperforms all baselines after correction.

To further interpret agent behavior, we visualize the position frequency maps over 500 evaluation
episodes (Figure 4). Agent 1 is shown in shades of green and Agent 2 in purple, with apple posi-
tions marked in red. Under the random policy, agents spread almost uniformly across the grid, with
no clear coordination. With PPO rewards, both agents cluster in the bottom-left corner, strongly
overlapping and competing for the same apples. QMIX produces an alternative but still subopti-
mal pattern: agents remain concentrated in the opposite corner without diversifying their movement
across the grid. By contrast, the hybrid strategy shows a complementary specialization: Agent 1 ex-
plores a wider area, while Agent 2 remains anchored along the right boundary, harvesting resources
with little movement. This emergent division of roles could avoids redundant visits and illustrates
how cooperative behavior can arise from differentiated strategies. For additional visualization, Ap-
pendix C includes disaggregated position maps. These plots represent, with circles, the locations
where each agent spent the most time, together with individual maps per agent to highlight their
distinct spatial behaviors.
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Figure 4: Position frequency maps for Agent 1 (green) and Agent 2 (purple) under four training
configurations: (i) random policy, (ii) PPO with standard rewards, (iii) QMIX, and (iv) hybrid strat-
egy. Each heatmap depicts the spatial visitation density over 500 evaluation episodes, with apple
locations marked in red. Agents were randomly initialized at the start of each episode and evaluated
under the same protocol with three disruption events.

4.5 EVALUATING SCALABILITY

The initial evaluation of our approach was conducted in a simplified setting with few agents. Several
extensions remain to be explored, including more complex and partially observable domains. To
assess the scalability of our pipeline, we implemented a larger 16 × 16 grid-world with 4 agents
and 3 apple trees (see Appendix A.8.2). In this environment, each tree disappears permanently once
all surrounding apples are harvested, introducing a localized resource depletion mechanism and
stronger interdependencies among agents. Moreover, resources can only regenerate up to a much
lower threshold (16 apples in total, instead of the initial distribution), effectively limiting regrowth
to the equivalent of a single tree.

We applied our full pipeline in this extended environment, including the computation of resilience
indicators and reward inference using hybrid strategy. For reward inference, we relied on 400 ranked
trajectories generated from random agent behavior (see Appendix A.7). The evaluation protocol
consisted of 50 episodes, each lasting 2000 steps, with a disruption introduced in 300 timestep by
removing apples from the environment. In this setting, we directly transferred the hybrid strategy
process identified in the smaller environment. Thus, the results here should be interpreted as a
practical workflow in which configuration searches are performed in small environments and then
the scalability of the larger ones is evaluated. Q5

R.KjM8

The algorithm was compared against a random policy and PPO with the traditional reward scheme.
As summarized in Table 1, our hybrid strategy achieves higher average cooperative resilience, longer
episode durations, and a reduction in social dilemma failures. To further evaluate robustness, we
applied the Mann–Whitney U test with Benjamini–Hochberg corrections when comparing hybrid
strategy against standard PPO. The results suggest that, although the improvement in average re-
silience is not statistically significant in this setting, resilience-based rewards during training lead
to significantly longer episodes and higher cumulative rewards. These findings indicate enhanced
system survivability and sustained agent performance, consistent with the intended goals of coop-
erative resilience. Additional results and statistical analyses for this environment are provided in
Appendix A.8.2

Table 1: Comparison of algorithms in the extended 16×16 environment with four agents.

Method Cooperative Resilience Apple Consumption Episode Length Last Apple

Hybrid strategy 0.889± 0.395 22.93± 4.77 1923± 263 6 / 50
PPO (reward +1/0) 0.814± 0.469 16.74± 4.50 1450± 625 25 / 50
Random policy 0.274± 0.293 14.51± 3.47 760± 361 50 / 50

4.6 DISCUSSION OF RESULTS

Our experimental findings show that cooperative resilience can be improved through the proposed
framework. Agents trained with the hybrid strategy outperform baseline policies, achieving higher

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

cooperative resilience and more structured behaviors even when trained from random demonstra-
tions. Incorporating individual incentives through the hybrid strategy preserves cooperative perfor-
mance, demonstrating that individual and collective goals can be successfully aligned. Notably, the
handcrafted margin-based approach offers a balance between interpretability and impact.

Under this strategy and in the evaluation protocol with three interruptions, the percentage of episodes
with last-apple consumption, a proxy for selfishness, drops to only 13.2%, while maintaining apple
consumption levels higher than those of the baseline methods. This confirms that agents can achieve
task effectiveness while promoting fair and prosocial behavior. Moreover, spatial maps further re-
veal that the hybrid strategy promotes complementary behaviors: one agent explores the environ-
ment while the other remains anchored along the boundary, consistently harvesting resources and
supporting sustainability. These patterns are consistent with the handcrafted reward design, which
incentivizes proximity avoidance and presence in resource-rich areas without direct competition (see
Appendix B). An illustrative example is provided in the supplementary video.1

Our comparisons are restricted to random policy, PPO and QMIX, leaving out more recent coop-
erative MARL baselines. Nonetheless, we emphasize that the proposed contribution is not a new
MARL algorithm per se, but rather a reward learning framework for identifying useful incentives
in mixed-motive settings. Such rewards could in principle be integrated into a wide range of exist-
ing MARL methods. Regarding scalability, we acknowledge that fully scaling to larger populations C1

R.KjM8remains a central direction for future work. Scaling the framework to more complex environments
will likely incur higher computational costs, suggesting caution when generalizing our findings and
motivating further exploration under more realistic and scalable conditions. C5

R.Yjon
and C3
R.FUej

5 CONCLUSION AND FURTHER WORK

We introduced a framework for learning reward functions from ranked trajectories using a cooper-
ative resilience metric in mixed-motive environments. By inferring a collective reward component
and integrating it into MARL training, our method consistently improved system-level performance
over baselines such as PPO and QMIX with traditional rewards. Agents trained with our pipeline
sustained functionality under disruption, achieved longer episodes, higher cumulative consumption,
and stronger cooperative resilience. Moreover, these agents developed structured spatial behaviors
that reflect an alignment between incentives and collective outcomes. Scalability tests in larger en-
vironment further confirmed these benefits, underscoring the potential of our reward design as a
principled approach that can complement existing MARL methods.

This work opens several directions for future research. First, extending the framework to the full
version of the social dilemma environment under partial observability, as commonly encountered by
agents, would provide a more realistic testbed for cooperative resilience. Future work should also
explore larger and continuous state spaces, as well as adversarial settings, to evaluate the robust-
ness of the approach under more demanding conditions. We acknowledge that fully scaling to more
agents and to additional Melting Pot scenarios remains an important direction for future work. An- C5

R.Yjon
and C3
R. FUej

other promising direction is to expand the set of baselines, incorporating recent cooperative MARL
algorithms. Since our contribution is not a new algorithm but a method for inferring useful re-
wards, these inferred incentives could be integrated into diverse MARL approaches to analyze how
resilience-oriented signals shape their performance.

Additionally, integrating human-generated trajectories as preference signals may offer valuable in-
sights into natural resilience strategies, enabling the design of artificial agents that better align with
human values and cooperative norms. This human-in-the-loop perspective could strengthen the ap-
plicability of cooperative resilience learning in real-world settings.

REPRODUCIBILITY STATEMENT

Source code and experimental configurations will be released in an anonymized GitHub repository
to ensure reproducibility (see Appendix F). The main paper describes the environments, reward
inference methods, and evaluation protocols. Additional implementation details, extended results,

1See supplementary video: https://youtu.be/4AdLDhyKqKY
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and statistical analyses are provided in the Appendix. A copy of the source code is also included as
supplementary material as a compressed .zip file.
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risks from advanced ai. arXiv preprint arXiv:2502.14143, 2025.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Edward Hughes, Joel Z Leibo, Matthew Phillips, Karl Tuyls, Edgar Dueñez-Guzman, Antonio
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Belzner, and Claudia Linnhoff-Popien. Emergent cooperation from mutual acknowledgment ex-
change in multi-agent reinforcement learning. Autonomous Agents and Multi-Agent Systems, 38
(2):34, 2024.

Riccardo Poiani, Curti Gabriele, Alberto Maria Metelli, and Marcello Restelli. Sub-optimal experts
mitigate ambiguity in inverse reinforcement learning. Advances in Neural Information Processing
Systems, 37:85778–85823, 2024.

Tabish Rashid, Mikayel Samvelyan, Christian Schroeder De Witt, Gregory Farquhar, Jakob Foerster,
and Shimon Whiteson. Monotonic value function factorisation for deep multi-agent reinforcement
learning. Journal of Machine Learning Research, 21(178):1–51, 2020.

Manuel Rios, Nicanor Quijano, and Luis Felipe Giraldo. Understanding the world to solve social
dilemmas using multi-agent reinforcement learning. arXiv preprint arXiv:2305.11358, 2023.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. arXiv preprint arXiv:1707.06347, 2017.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Ilai Shraga, Guy Azran, Matthias Gerstgrasser, Ofir Abu, Jeffrey Rosenschein, and Sarah Keren.
Collaboration promotes group resilience in multi-agent RL. In Reinforcement Learning Confer-
ence, 2025.
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Inga Strümke, Marija Slavkovik, and Vince Istvan Madai. The social dilemma in artificial intelli-
gence development and why we have to solve it. AI and Ethics, 2(4):655–665, 2022.

Katarzyna Topolewicz, Sorin Olaru, Ewa Girejko, and Carlos ET Dórea. On impact of disturbance
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A EXPERIMENTAL SETUP DETAILS

In this section we provide additional details for reproducing the experiments described in Section 4.
This includes hyperparameters, environment dynamics, and disruption protocols. All experiments
were conducted using Google Colab with access to standard GPUs (e.g., NVIDIA T4) and 12–16
GB of RAM.

• Episodes: Each evaluation was performed over 500 episodes.
• Disruption: Each episode consisted of 1000 timesteps, with a disruption consistently in-

troduced at timestep 500.
• Agents: All experiments use 2 agents. Scalability to more agents is discussed as limitations

due to computational costs.
• Learning: PPO was used as the underlying RL algorithm.
• Framework variants: Three types of rewards were tested — standard individual reward,

resilience-inferred reward, and a hybrid of both.

A.1 PPO AGENT ARCHITECTURE

The PPO agent used in our experiments is implemented with a shared-encoder Actor-Critic archi-
tecture. The model, defined by the ActorCritic class, consists of:

• A fully connected input layer with 128 hidden units and ReLU activation.
• An actor head that outputs a probability distribution over discrete actions via a softmax

activation.
• A critic head that estimates the scalar state value.

During inference, the model outputs both the action probabilities and a value estimate for a given
state.

Agent Configuration: The PPOAgent class wraps this architecture and includes the training logic:

• Optimizer: Adam, learning rate of 1× 10−5.
• Discount factor: γ = 0.99.
• Clipping threshold: ϵ = 0.01 for the PPO surrogate objective.
• Replay buffer: A deque storing up to 1000 transitions, each as a tuple
(state, action, reward, next state, old probability).

A.2 PPO TRAINING PROCEDURE

Training is triggered once the buffer reaches at least 200 transitions. The loss function combines: (i)
The clipped PPO surrogate objective using the ratio between new and old action probabilities. (ii)
A value loss term, implemented as the squared advantage.

The final loss is computed as:

L = −min(rtAt, clip(rt, 1− ϵ, 1 + ϵ)At) + 0.5 ·A2
t

where:

• rt =
π(at|st)
πold(at|st) is the probability ratio between the new and old policy for the taken action.

• At = Rt−V (st) is the advantage, computed as the difference between the observed return
Rt and the critic’s value estimate V (st).

• The first term ensures conservative policy updates using the clipped surrogate objective.
• The second term is the squared advantage, acting as a value loss.

This implementation does not use Generalized Advantage Estimation (GAE) or entropy regulariza-
tion, favoring simplicity and efficiency for compact environments.

14
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A.3 DISRUPTION PROTOCOLS

• Trajectories for reward learning.
To generate the trajectories used in the reward inference process, we introduced a single
disruption event at timestep t = 500 of each episode (episodes lasted 1000 timesteps). This
disruption simulated a sudden and unexpected loss of resources in the environment.
Specifically, a fixed proportion (40%) of the apples present in the grid at the moment of
disruption was randomly removed. To avoid trivial cases, this removal was only applied
when more than one apple was available.

• Test environment for evaluation.
To evaluate the generalization and adaptive capacity of the agents under unseen adverse
conditions and to avoid overfitting to the single disruption trajectories used during train-
ing, we designed a more challenging disruption protocol with three distinct disruptions per
episode. Each test episode lasted 5000 timesteps, and three disruptions were distributed
temporally as follows:

– (1) Resource removal. At step t = 1250, we applied the same partial removal mech-
anism as in training (random deletion of 40% of apples currently present).

– (2) Regrowth rate reduction. From steps t = 2500 to t = 2600, the apple regrowth
dynamics were altered. In the standard environment, At each timestep t, the probabil-
ity of regrowth for an available site is given by

pregen(t) = r
A(t)

τ
, (1)

where r is the base regeneration rate fixed at 0.05 in the original environment, A(t) is
the number of apples currently present in the grid, and τ is the saturation threshold.
During the disruption, the rate was reduced to r = 0.01, causing a temporary slow-
down in resource replenishment.

– (3) Agent failure. From steps t = 3750 to t = 3900, both agents temporarily lost
control and executed purely random actions, simulating a failure or malfunction sce-
nario.

Figure A.1 illustrates the temporal distribution of disruption events in both training and testing set-
tings. It highlights the occurrence of each disruption and the corresponding failure and recovery
windows.
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Figure A.1: Timeline of disruption events used in training (top) and testing (bottom).
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A.4 DATA SAMPLING STRATEGIES

In preference-based reward learning, the optimization problem is solved iteratively by presenting
trajectory pairs to the optimizer. The way these pairs are sampled strongly affects convergence and
the type of preferences captured. We consider three strategies:

• Random Sampling: trajectory pairs are drawn uniformly at random. This is akin to
stochastic gradient descent and introduces noise that may help escape local minima.

• Ranked Sampling: trajectory pairs are selected from adjacent trajectories in the resilience
ranking, emphasizing fine-grained preference boundaries.

• Mixed Sampling: with probability p, a close-ranked pair is selected; otherwise, with prob-
ability 1−p, a random pair is used. This balances exploration with sensitivity to the ranking
structure. In our experiments, we set p = 0.9.

A.5 EVALUATION LEARNING CONFIGURATIONS

To analyze the performance of different reward learning strategies, we evaluate a combination of
reward objectives, reward parameterizations, and preference learning losses.

• Reward Objectives: We compare two types of learned reward functions:
1. Resilience-based reward, this reward is inferred exclusively from ranked agent tra-

jectories using a cooperative resilience metric, without relying on any direct task or
consumption signal.

2. Hybrid, which balances individual consumption incentives with resilience-based re-
ward.

• Reward Parameterizations: Each reward function is trained using one of the following
models:

1. Handcrafted (linear weights over manually designed features),
2. Linear (using raw state vector as input),
3. Neural Network (nonlinear function over the raw state).

• Preference Learning Methods: We compare Margin-based Preference Learning and
Probabilistic Preference Learning models to infer the reward from ranked trajectories.

Each configuration is evaluated over 6 simulations for Margin-based Preference Learning (with vari-
ations in sampling and margin values) and 3 simulations for Probabilistic Preference Learning (with
different sampled rankings), yielding a total of 54 experimental runs.

In the following, we present quantitative results for each configuration, including: Mean and stan-
dard deviation of the resilience metric. Mean and variability of agent rewards (individual and av-
erage). Percentage of episodes with the social dilemma outcome (Last Apple consumption). These
results are grouped by reward objective (Resilience-only or Hybrid) and organized per reward pa-
rameterization (handcrafted, linear, neural network).

The following nomenclature is used throughout the tables for clarity and consistency.

Baseline Configurations:

• Random: Agents select actions uniformly at random.
• Standard: PPO agents trained with a standard individual reward based on apple consump-

tion, without preference learning or inferred rewards.

Margin-based Preference Learning Configurations:

• MPL-R1: Margin-based Preference Learning with random trajectory sampling and a fixed
margin of 1.

• MPL-Rk: Margin-based Preference Learning with random sampling and a variable margin
k, computed as the cooperative resilience difference between the two trajectories in the
ranked pair.
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• MPL-K1: Margin-based Preference Learning with k-best sampling and margin = 1.
• MPL-Kk: Margin-based Preference Learning with k-best sampling and margin = re-

silience difference (k).
• MPL-M1: Margin-based Preference Learning with mixture sampling (random + k-best)

and margin = 1.
• MPL-Mk: Margin-based Preference Learning with mixture sampling and margin = re-

silience difference.

Probabilistic Preference Learning Configurations:

• PPL-R: Probabilistic Preference Learning model with random sampling.
• PPL-K: Probabilistic Preference Learning with k-best sampling.
• PPL-M: Probabilistic Preference Learning with mixture sampling.

Column headings used across tables:

• Config: Name of the training configuration or baseline.
• Res.: Mean resilience score.
• AvgR: Average reward across both agents.
• R1 / R2: Individual rewards for Agent 1 and Agent 2.
• Res. SD / AvgR SD / R1 SD / R2 SD: Standard deviations over episodes, reflecting vari-

ability.
• Last %: Percentage of episodes in which the last apple was consumed (indicator of social

dilemma severity).

Highlighting: Values highlighted in red indicate best performance within a given table (e.g., highest
resilience, lowest variability, or lowest last-apple occurrence) for each loss function.

A.5.1 RESILIENCE-BASED REWARD RESULTS

This section reports the results of resilience-based rewards, where the inferred reward is derived
solely from cooperative resilience. The same reward function is shared identically across all agents.

Table A.2: Performance metrics under handcrafted reward parametrization.

Config Res. AvgR R1 R2 Res. SD AvgR SD R1 SD R2 SD Last %

Random 0.74 62.98 63.80 62.16 0.49 25.12 27.15 26.66 59.75
Standard 0.85 66.37 83.32 49.41 0.39 19.29 26.95 16.80 28.50

MPL-R1 0.88 69.21 67.33 71.09 0.36 18.05 21.11 21.10 24.25
MPL-Rk 0.85 67.73 72.50 62.96 0.39 20.25 24.24 21.67 29.50
MPL-K1 0.79 64.87 72.33 57.42 0.49 24.19 28.52 23.24 41.75
MPL-Kk 0.86 67.14 69.47 64.81 0.41 20.47 24.41 22.17 30.75
MPL-M1 0.77 65.46 67.92 63.00 0.49 23.50 26.08 25.04 46.00
MPL-Mk 0.95 70.97 66.10 75.85 0.26 14.47 16.94 19.20 15.75
PPL-R 0.97 58.37 58.82 57.92 0.17 10.11 14.18 14.77 5.75
PPL-K 0.97 58.15 72.25 44.05 0.15 9.23 15.23 12.98 5.75
PPL-M 0.84 67.36 61.18 73.54 0.42 21.12 21.34 25.55 36.25
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Table A.3: Performance metrics under linear reward parametrization.

Config Res. AvgR R1 R2 Res. SD AvgR SD R1 SD R2 SD Last %

Random 0.74 62.98 63.80 62.16 0.49 25.12 27.15 26.66 59.75
Standard 0.85 66.37 83.32 49.41 0.39 19.29 26.95 16.80 28.50

MPL-R1 0.86 66.94 70.67 63.22 0.37 19.47 23.09 20.81 31.25
MPL-Rk 0.97 63.53 105.24 21.82 0.16 10.41 18.51 9.23 6.50
MPL-K1 0.94 61.51 60.98 62.03 0.25 13.30 16.88 17.63 11.50
MPL-Kk 0.90 66.55 61.17 71.94 0.33 17.43 19.85 22.18 19.50
MPL-M1 0.94 71.41 91.79 51.03 0.25 14.41 21.86 14.54 14.00
MPL-Mk 0.96 62.28 93.21 31.34 0.18 11.49 20.36 10.47 7.75
PPL-R 0.86 67.16 50.46 83.86 0.39 19.04 16.93 26.94 26.25
PPL-K 0.89 68.23 81.09 55.37 0.37 19.42 25.67 19.05 24.25
PPL-M 0.92 70.13 42.04 98.22 0.32 16.69 12.97 24.99 18.25

Table A.4: Performance metrics under neural network reward parametrization.

Config Res. AvgR R1 R2 Res. SD AvgR SD R1 SD R2 SD Last %

Random 0.74 62.98 63.80 62.16 0.49 25.12 27.15 26.66 59.75
Standard 0.85 66.37 83.32 49.41 0.39 19.29 26.95 16.80 28.50

MPL-R1 0.89 68.20 83.56 52.85 0.35 17.71 24.03 16.63 26.25
MPL-Rk 0.97 55.27 64.17 46.37 0.18 10.28 16.23 12.24 5.25
MPL-K1 0.92 69.36 79.54 59.18 0.31 15.81 21.96 17.27 14.50
MPL-Kk 0.83 65.00 56.58 73.41 0.41 21.77 22.59 26.45 36.50
MPL-M1 0.95 62.74 85.75 39.73 0.24 12.24 19.56 12.62 9.75
MPL-Mk 0.82 66.93 80.42 53.43 0.44 22.16 29.68 20.19 34.00
PPL-R 0.93 68.87 59.01 78.74 0.32 16.04 17.54 21.35 16.00
PPL-K 0.96 65.83 71.43 60.22 0.20 12.09 17.42 15.76 8.50
PPL-M 0.91 70.46 55.20 85.72 0.34 18.52 17.87 26.74 23.00

A.5.2 HYBRID REWARD RESULTS

This section presents the results of hybrid rewards, where each agent receives the traditional
consumption-based reward (+1 for consuming an apple, 0 otherwise) combined with the previously
inferred resilience-based reward.

Table A.5: Performance metrics under handcrafted reward parametrization hybrid reward.

Config Res. AvgR R1 R2 Res. SD AvgR SD R1 SD R2 SD Last %

Random 0.74 62.98 63.80 62.16 0.49 25.12 27.15 26.66 59.75
Standard 0.85 66.37 83.32 49.41 0.39 19.29 26.95 16.80 28.50

MPL-R1 0.91 68.93 48.41 89.45 0.32 16.25 15.59 23.83 18.00
MPL-Rk 0.79 66.41 65.97 66.84 0.45 23.40 26.69 24.77 42.75
MPL-K1 0.88 68.10 79.09 57.11 0.41 20.32 26.84 19.69 27.25
MPL-Kk 0.82 64.29 69.49 59.09 0.43 21.84 25.28 23.31 33.25
MPL-M1 0.99 62.88 89.80 35.96 0.09 7.68 15.23 9.71 1.75
MPL-Mk 0.91 70.80 58.30 83.29 0.33 18.10 17.89 24.30 27.00
PPL-R 0.86 67.98 68.59 67.37 0.40 20.72 23.34 23.12 30.75
PPL-K 0.96 59.43 88.85 30.00 0.18 10.61 17.11 10.50 5.75
PPL-M 0.94 67.49 46.13 88.85 0.26 13.61 13.41 20.70 12.25
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Table A.6: Performance metrics under linear reward parametrization hybrid reward.

Config Res. AvgR R1 R2 Res. SD AvgR SD R1 SD R2 SD Last %

Random 0.74 62.98 63.80 62.16 0.49 25.12 27.15 26.66 59.75
Standard 0.85 66.37 83.32 49.41 0.39 19.29 26.95 16.80 28.50

MPL-R1 0.87 68.23 67.71 68.75 0.41 21.66 23.54 24.69 33.25
MPL-Rk 0.83 66.98 72.26 61.69 0.42 21.25 25.70 22.31 32.25
MPL-K1 0.99 61.68 83.97 39.39 0.14 9.70 16.23 13.05 4.25
MPL-Kk 0.94 62.52 52.83 72.21 0.31 14.76 16.37 18.78 16.75
MPL-M1 0.94 67.84 65.48 70.20 0.35 16.72 19.11 21.31 23.25
MPL-Mk 0.89 69.13 76.16 62.10 0.35 18.36 22.38 19.54 25.75
PPL-R 0.81 65.90 68.47 63.33 0.44 22.81 25.81 24.04 36.75
PPL-K 0.83 66.17 72.93 59.41 0.45 23.53 29.04 22.61 39.50
PPL-M 0.82 64.24 65.43 63.05 0.43 21.23 23.92 23.60 35.50

Table A.7: Performance metrics under neural network reward parametrization hybrid reward.

Config Res. AvgR R1 R2 Res. SD AvgR SD R1 SD R2 SD Last %

Random 0.74 62.98 63.80 62.16 0.49 25.12 27.15 26.66 59.75
Standard 0.85 66.37 83.32 49.41 0.39 19.29 26.95 16.80 28.50

MPL-R1 0.84 67.70 69.66 65.74 0.37 20.12 23.19 21.82 30.25
MPL-Rk 0.83 63.99 71.88 56.11 0.41 21.68 25.97 21.08 40.75
MPL-K1 0.96 57.55 70.78 44.32 0.23 12.38 16.98 14.44 8.75
MPL-Kk 0.87 67.82 76.37 59.27 0.38 19.71 24.02 20.31 26.75
MPL-M1 0.94 67.80 37.22 98.39 0.26 14.88 12.51 23.93 13.00
MPL-Mk 0.94 65.63 85.25 46.02 0.31 15.23 22.53 15.35 19.50
PPL-R 0.95 67.58 79.66 55.50 0.24 13.24 19.32 14.70 12.25
PPL-K 0.88 67.35 58.51 76.19 0.34 18.13 19.04 22.88 27.25
PPL-M 0.88 68.47 84.19 52.75 0.35 17.75 25.36 17.47 25.50

A.5.3 BEST-PERFORMING CONFIGURATIONS

In this subsection, we report the cooperative resilience metrics and average total apple consumption
per episode (across agents) for the best-performing configurations of both previous strategies. These
results were obtained in the training environment, which served as the basis for selecting the final
models. By including them here, we provide a complete picture of the comparative performance
that guided our choice of the most effective learning configurations.

Figure A.2 summarizes cooperative resilience under both reward strategies. In (a) we found that
resilience-based rewards achieve high cooperative resilience scores, with distributions that are more
concentrated and stable than those of the baselines, despite being inferred from random demonstra-
tions. In (b) we show that hybrid strategies also maintains strong resilience across configurations,
with handcrafted and neural parameterizations under margin-based learning yielding. Overall, these
findings indicate that both strategies can produce resilience-aligned behaviors comparable to those
obtained with standard PPO training.

Promoting cooperative resilience must not come at the cost of individual effectiveness. To ver-
ify that the learned reward functions preserve task completion, we measure the average total apple
consumption per episode, aggregated across both agents. Figure A.3 shows the consumption distri-
butions for both reward strategies. Panel (a) corresponds to resilience-aligned rewards, while Panel
(b) shows the hybrid strategy. Across parameterizations and learning methods, average total apple
consumption per episode remains broadly comparable to the baseline PPO agents.
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Figure A.2: Cooperative resilience over 500 simulations for the best configurations under each re-
ward parameterization and optimization method. (a) Agents trained exclusively with resilience-
aligned rewards. (b) Agents trained with hybrid rewards.

The handcrafted Margin-based Preference Learning configuration in the hybrid strategy, which ex-
hibited the lowest incidence of selfish behavior (last-apple consumption), also maintains stable apple
consumption. These results suggest that resilience-oriented incentives can support cooperative be-
haviors without substantially compromising individual effectiveness.
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Figure A.3: Average total apple consumption per episode over 500 simulations, aggregated across
both agents. (a) Agents trained exclusively with resilience-aligned rewards. (b) Agents trained with
hybrid rewards.

A.6 REWARD PARAMETRIZATION DETAILS

This subsection describes the key characteristics of the three reward function parametrizations used
in our framework: handcrafted, linear, and neural network models. Each parametrization differs in
its expressive capacity, interpretability, and reliance on state representations.

A.6.1 HANDCRAFTED FEATURES

The handcrafted reward parametrization is based on six interpretable features extracted from the
environment state vector s = [x1, x2, y1, y2,m0,m1, ...,m63], where (x1, x2) and (y1, y2) denote
the positions of Agent 1 and Agent 2, and mi ∈ {0, 1} indicates the presence of an apple at cell i in
the 8× 8 grid.

We define a feature vector ϕ(s) = [ϕ1, ϕ2, ϕ3, ϕ4, ϕ5, ϕ6] as follows:

• ϕ1 (Remaining Apples): Total number of apples currently present in the environment.
ϕ1 =

∑63
i=0 mi.

• ϕ2 (Agent 1 Proximity): Euclidean distance from Agent 1 to the nearest apple.

• ϕ3 (Agent 2 Proximity): Euclidean distance from Agent 2 to the nearest apple.

• ϕ4 (Proximity Difference): Absolute difference between the nearest-apple distances of
both agents, i.e., |ϕ2 − ϕ3|. This feature quantifying potential asymmetries in immediate
access to resources.

• ϕ5 (Local Apple Density (Agent 1)): Number of apples located in the 3× 3 neighborhood
around Agent 1, measuring localized resource density.

• ϕ6 (Local Apple Density (Agent 2)): Number of apples in the 3× 3 neighborhood around
Agent 2.
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These features were selected to balance spatial information, resource availability, and local context,
allowing the reward function to encode both global and local incentives relevant to cooperative
behavior.

A.6.2 LINEAR PARAMETRIZATION

In this case, the reward function is a linear model over the full flattened state vector, which
includes agent positions and the status of each grid cell. The state is the vector s =
[x1, x2, y1, y2,m0,m1, ...,m63], where (x1, x2) and (y1, y2) denote the positions of Agent 1 and
Agent 2, and mi ∈ {0, 1} indicates the presence of an apple at cell i in the 8 × 8 grid. This
parametrization does not rely on feature engineering and instead learns directly from raw inputs.
Although less interpretable than handcrafted models, it enables broader generalization by consider-
ing all available state information in a uniform representation.

Remaining Apples

Agent 1 Proximity

Agent 2 Proximity

Local Apple
Density (Agent 1)

Local Apple
Density (Agent 2)

Handcrafted Features

Figure A.4: Diagram of an example of handcrafted features used in the reward function. Agents
(purple and red) estimate their proximity to the nearest apple, and the number of apples in their local
3× 3 neighborhood.

Figure A.4 presents an illustrative example of the handcrafted features extracted from a specific grid
configuration. In this case:

• ϕ1 = 9 corresponds to the total number of apples (in red) present on the grid.
• ϕ2 = 1 represents the distance from Agent 1 (top-left, purple) to its nearest apple, directly

below.
• ϕ3 = 0 denotes the distance from Agent 2 (bottom-right, red) to its closest apple, also

directly above.
• ϕ4 = |ϕ2 − ϕ3| = |1− 0| = 1 captures the absolute difference in proximity to the nearest

apples. In this case, Agent 2 is directly on top of an apple while Agent 1 is one cell away,
indicating a mild asymmetry in immediate access to resources.

• ϕ5 = 0 is the number of apples within the 3× 3 neighborhood centered around Agent 1.
• ϕ6 = 2 is the number of apples surrounding Agent 2 in its 3× 3 area.

The value of ϕ4 is particularly informative as it reflects potential asymmetries in resource access. A
low value suggests similar conditions for both agents, whereas a higher value would indicate that
one agent has a significant advantage over the other in terms of proximity to resources. This feature
can serve as a proxy for fairness or potential conflict over shared resources.

A.6.3 NEURAL NETWORK PARAMETRIZATION

The neural reward function is implemented as a fully connected feedforward neural network with
the following architecture:

• Input layer of size equal to the state vector dimension (state dim), which includes both
agent positions and the full flattened grid.
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• For Margin-based Preference Learning, the network uses a hidden layer with 32 units
and ReLU activation.

• For Probabilistic Preference Learning, the network uses a hidden layer with 64 units and
ReLU activation.

• Output layer with a single unit, representing the scalar reward.

The network is optimized using the Adam optimizer with a learning rate of 0.001. The loss func-
tion depends on the preference learning method (Margin-based Preference Learning or Probabilistic
Preference Learning). This architecture was selected to provide a balance between expressive power
and training efficiency, enabling the model to learn non-linear reward functions directly from raw
environmental states without requiring handcrafted features.

A.7 DETAILS ON TRAJECTORY RANKING PROCESS

To construct the ranked dataset used for reward inference, we generated a set of 400 trajectories
using agents acting under a random policy. Each trajectory consists of 1000 timesteps, with a
disruption event triggered at timestep 500 following the protocol described in Section A.3.

Each trajectory was evaluated using the cooperative resilience metrics detail in the main paper. These
metrics include:

• Accumulated Apple Consumption (Agent 1): total number of apples consumed by Agent
1 over the episode.

• Accumulated Apple Consumption (Agent 2): same metric for Agent 2.

• Apples Alive: total number of apples that remained alive in the environment at the end of
the episode, reflecting sustainability.

• Equality Index: a fairness measure indicating how evenly the apples were distributed
between both agents.

• Collective Hunger Index: a system-level measure aggregating the number of timesteps
both agents went without eating.

These trajectories were ranked according to their cooperative resilience score, a scalar metric com-
bining the previous indicators to quantify the ability to anticipate, prepare for, resist, recover from,
and transform in the face of disruptive events that threaten the system joint welfare.

Figure A.5 shows in (a) the distribution of cooperative resilience scores across the 400 trajectories,
using a boxplot. Additionally, Figure A.5 present in (b) the distributions of final apple consumption
for each agent.
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Figure A.5: Distribution of metrics in ranked trajectories. (a) Distribution of cooperative resilience
scores. (b) Distribution of agent consumption.

For the 16×16 grid environment with 3 apple trees and 4 agents, we generated 400 trajectories under
a random policy. Each trajectory spans 1000 timesteps, with a disruptive event consisting of apple
elimination introduced at timestep 200. As in the previous environment, we used accumulated apple
consumption by both agents, the number of apples remaining in the simulation, the equality index,
and the collective hunger index to measure resilience. Figure A.6 in (a) shows the distribution of
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cooperative resilience scores across the 400 trajectories using a boxplot. In Figure A.6 panel (b) we
present the cumulative apple consumption of both agents.
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Figure A.6: Distribution of metrics in ranked trajectories in 16×16 environment. (a) Distribution of
cooperative resilience scores. (b) Distribution of agent consumption.

A.8 STATISTICAL SIGNIFICANCE TESTS

A.8.1 EVALUATION PROTOCOL

The system evaluation was conducted under the extended disruption protocol described in Ap-
pendix A.3. Across 500 test episodes, we assessed three metrics: cooperative resilience, average
cumulative agent consumption, and episode length. For each metric, we performed pairwise statis-
tical comparisons between hybrid strategy and the baseline methods: Random policy, PPO with the
standard reward scheme, and QMIX.

Statistical significance was tested using the Mann–Whitney U test, a non-parametric test suitable
for comparing two independent samples. To control for multiple hypotheses, we applied the Ben-
jamini–Hochberg procedure (FDR, α = 0.05) within each family of comparisons (per metric). For
completeness, Bonferroni-corrected p-values are also reported. The detailed results are summarized
in Tables A.8, A.9, and A.10 for cooperative resilience, average agent consumption, and episode
length, respectively. In the tables, stars indicate significance levels (* p < 0.05, ** p < 0.01, ***
p < 0.001).

The statistical analysis confirms that hybrid strategy significantly outperforms both the random pol-
icy baseline and PPO in terms of cooperative resilience (p < 10−60 after corrections). No significant
difference is observed against QMIX, suggesting that both methods capture cooperative patterns of
similar strength. The results for average agent consumption reinforce this finding: hybrid strat-
egy significantly outperforms all three baselines, including QMIX (p < 10−80 after corrections).
Finally, the results for episode length confirm that hybrid strategy produces significantly longer
episodes than all baselines (p < 10−50 after corrections).

Table A.8: Pairwise comparisons of cooperative resilience. Reported p-values from Mann–Whitney
U tests, adjusted within each family of three tests using Benjamini–Hochberg (BH) and Bonferroni.

Comparison praw pBH pBonf. Sig.

Hybrid strategy vs Random Policy 3.53× 10−96 1.06× 10−95 1.06× 10−95 ***
Hybrid strategy vs PPO (reward +1/0) 1.38× 10−62 2.07× 10−62 4.14× 10−62 ***
Hybrid strategy vs QMIX (reward +1/0) 1.40× 10−1 1.40× 10−1 4.21× 10−1 n.s.

Table A.9: Pairwise comparisons of Agent Consumption. Reported p-values from Mann–Whitney
U tests, adjusted within each family of three tests using Benjamini–Hochberg (BH) and Bonferroni.

Comparison praw pBH pBonf. Sig.

Hybrid strategy vs Random Policy 6.95× 10−85 1.04× 10−84 2.08× 10−84 ***
Hybrid strategy vs PPO (reward +1/0) 6.03× 10−18 6.03× 10−18 1.81× 10−17 ***
Hybrid strategy vs QMIX (reward +10/0) 7.52× 10−89 2.26× 10−88 2.26× 10−88 ***
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Table A.10: Pairwise comparisons of Episode Length. Reported p-values from Mann–Whitney U
tests, adjusted within each family of three tests using Benjamini–Hochberg (BH) and Bonferroni.

Comparison praw pBH pBonf. Sig.

Hybrid strategy vs Random Policy 2.15× 10−135 6.45× 10−135 6.45× 10−135 ***
Hybrid strategy vs PPO (reward +1/0) 4.97× 10−84 7.46× 10−84 1.49× 10−83 ***
Hybrid strategy vs QMIX (reward +10/0) 9.80× 10−56 9.80× 10−56 2.94× 10−55 ***

A.8.2 FOUR AGENTS ENVIRONMENT

Evaluation in a more complex multi-agent setting was conducted in a 16×16 grid-world with four
agents and three apple trees (see Figure A.7). In this environment, each tree disappears permanently
once all surrounding apples are harvested, introducing a localized resource depletion mechanism and
stronger interdependencies among agents. Moreover, resources can only regenerate up to a much
lower threshold, as determined by the regeneration rule in Equation 1, where the parameter τ is fixed
at 16. This implies that, regardless of the initial distribution across multiple trees, regrowth cannot
exceed the equivalent of a single tree. This design increases both the spatial complexity and the
consequences of overexploitation, thereby raising the challenge of sustaining cooperative resilience.

Figure A.7: Extended 16×16 grid-world environment with four agents and three apple trees. Each
tree permanently disappears once all surrounding apples are harvested, introducing localized re-
source depletion and stronger interdependencies among agents.

The results of 50 episodes are summarized in Figure A.8 using boxplots for cooperative resilience
metrics, average final agent consumption, episode length, and bar plot for the number of episodes in
which the last apple was taken. As shown, the hybrid strategy achieves higher values in consumption
and episode length, while reducing the frequency of last-apple events associated with social dilemma
failures.

To further assess the robustness of our method, we performed Mann–Whitney U tests for each met-
ric, along with Benjamini–Hochberg and Bonferroni corrections. The detailed results are reported in
Tables A.11, A.12, and A.13 for cooperative resilience, agent consumption, and episode length, re-
spectively. In the Tables stars indicate significance levels (* p < 0.05, ** p < 0.01, *** p < 0.001).
In the Table A.11 the statistical analysis confirms that hybrid strategy significantly outperforms both
the random policy baseline and standard PPO in terms of cooperative resilience. While the strongest
effect is observed against the random baseline (p < 10−9), the improvement over PPO also reaches
statistical significance (p < 0.05 after corrections), indicating that resilience-based rewards provide
a measurable advantage in guiding cooperative behavior. The results for average agent consumption,
reported in Table A.12, reinforce the previous finding: hybrid strategy significantly outperforms both
the random baseline and PPO (p < 0.001 after all corrections).
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Figure A.8: Performance metrics over 50 episodes in the extended 16×16 environment with four
agents and three apple trees. (a) Cooperative resilience. (b) Average total apple consumption per
episode across both agents. (c) Episode length. (d) Last-apple consumption frequency, indicating
the occurrence of social dilemma failures.

Table A.11: Pairwise comparisons of cooperative resilience. Reported p-values from Mann-Whitney
U tests, adjusted within each family of three tests using Benjamini-Hochberg (BH) and Bonferroni.
For 16×16 environment.

Comparison praw pBH pBonf. Sig.

Hybrid strategy vs Random Policy 2.77× 10−10 5.53× 10−10 5.53× 10−10 ***
Hybrid strategy vs PPO (reward +1/0) 2.27× 10−2 2.27× 10−2 4.54× 10−2 *

Table A.12: Pairwise comparisons of Average Agent Consumption. Reported p-values from Mann–
Whitney U tests, adjusted within each family of three tests using Benjamini–Hochberg (BH) and
Bonferroni. For 16×16 environment.

Comparison praw pBH pBonf. Sig.

Hybrid strategy vs Random Policy 3.20× 10−11 6.39× 10−11 6.39× 10−11 ***
Hybrid strategy vs PPO (reward +1/0) 4.00× 10−10 4.00× 10−10 8.00× 10−10 ***

Moreover, the results for episode length, shown in Table A.13, confirm that hybrid strategy produces
significantly longer episodes than both the random baseline and PPO (p < 0.001 after corrections).
Together with the resilience and consumption results, this indicates that resilience-based rewards
lead to more sustainable system dynamics, extending the survivability of the environment while
maintaining higher levels of cooperative performance.

Table A.13: Pairwise comparisons of Episode Length. Reported p-values from Mann–Whitney U
tests, adjusted within each family of three tests using Benjamini–Hochberg (BH) and Bonferroni.
For 16×16 environment.

Comparison praw pBH pBonf. Sig.

Hybrid strategy vs Random Policy 4.43× 10−18 8.87× 10−18 8.87× 10−18 ***
Hybrid strategy vs PPO (reward +1/0) 1.72× 10−4 1.72× 10−4 3.43× 10−4 ***

B INTERPRETATION OF LEARNED WEIGHTS

In this section, we analyze the weights learned by the best-performing reward inference configu-
ration, which relied on hand-crafted features, a margin-based preference learning approach, and a
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sampling mixture strategy (MPL-M1). This configuration, referred to as our hybrid strategy in the
main text, achieved the highest cooperative resilience and lowest incidence of selfish behavior, also
offers an interpretable structure by design.

Unlike state-based or neural parameterizations, the handcrafted reward function is explicitly defined
over a set of six domain-specific features (see Section A.6.1), allowing us to directly trace the con-
tribution of each factor to the learned incentive signal. This transparency provides insights into how
the model internalizes resilience, promoting behaviors, and aligns them with measurable aspects of
the environment. The learned weights thus act as a diagnostic lens, revealing which characteristics
of the system were the most influential in shaping cooperative and sustainable agent behavior.

Table B.1: Interpretation of learned weights for the best handcrafted reward configuration.

Feature Description Learned Weight Interpretation

ϕ1 Remaining Apples (to-
tal apples on the grid)

w1 Positive weight → agents are incentivized to
preserve resources. Encourages sustainability.
Negative weight → preference for depleted en-
vironments (possible artifact of training dynam-
ics).

ϕ2 Agent 1 Proximity
(distance to nearest
apple)

w2 Positive weight → avoidance behavior, po-
tentially to reduce competition. Negative
weight→ encourages closer proximity to re-
sources, signaling proactive behavior.

ϕ3 Agent 2 Proximity
(distance to nearest
apple)

w3 Similar to ϕ2. If the sign differs from w2, it
may suggest role specialization or asymmetric
coordination between agents.

ϕ4 Proximity difference
(distance inequality)

w4 Positive weight → penalizes asymmetric ac-
cess to nearby apples. Encourages fairness
and spatial balance between agents. Negative
weight → negative weights may signal toler-
ance for emergent role differentiation.

ϕ5 Local Apple Density
(Agent 1)

w5 Positive weight → encourages Agent 1 to oper-
ate in resource-rich areas. If significantly larger
than w6, may indicate structural bias.

ϕ6 Local Apple Density
(Agent 2)

w6 Same interpretation as ϕ5, but for Agent 2.
Comparing w5 and w6 helps diagnose symme-
try or potential role division.
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Figure B.1: Learned Weights with the handcrafted reward function in hybrid strategy.

Figure B.1 illustrates the learned weights associated with the handcrafted reward function in the
best-performing configuration. The relative magnitudes of the weights provide interpretable signals
about the emergent behaviors favored by the inferred reward.

26



1404
1405
1406
1407
1408
1409
1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421
1422
1423
1424
1425
1426
1427
1428
1429
1430
1431
1432
1433
1434
1435
1436
1437
1438
1439
1440
1441
1442
1443
1444
1445
1446
1447
1448
1449
1450
1451
1452
1453
1454
1455
1456
1457

Under review as a conference paper at ICLR 2026

Among the six features, the highest weights were assigned to Agent 2 Proximity (ϕ3), Local Apple
Density for Agent 1 (ϕ5), and Agent 1 Proximity (ϕ2). Since proximity features encode the distance
to the nearest apple, their high positive weights indicate that agents were encouraged to maintain a
degree of distance from individual resources, possibly to reduce direct competition or avoid over-
exploitation. In contrast, the high weights on local density suggest that agents were incentivized
to remain within resource-rich areas, without necessarily needing immediate access to a single ap-
ple. This combination promotes spatial behaviors in which agents position themselves strategically,
away from direct contention, but still within productive regions.

The feature Remaining Apples (ϕ1) received a smaller positive weight, suggesting that system-level
sustainability was modestly rewarded but not heavily prioritized. Proximity Difference (ϕ4) cap-
tures the absolute difference between the distances of both agents to their nearest apple, quantifying
potential asymmetries in immediate access to resources. A negative weight on ϕ4 might, at first
glance, suggest that the model favors inequality in access to resources. However, in our setting, this
outcome is more plausibly interpreted as the emergence of complementary behaviors, where agents
adopt specialized roles. For instance, one agent may consistently position itself closer to resources
to prioritize collection, while the other remains farther away, potentially exploring. These spatial
asymmetries are not inherently unfair, in fact, they can reflect strategies that enhance overall sys-
tem performance. A detailed interpretation of each feature and its associated weight is presented in
Table B.1.

Interestingly, agents trained under this reward displayed specialized spatial behaviors. One agent ac-
tively explored broader areas of the grid, while the other remained anchored along the right bound-
ary, consistently harvesting nearby resources with limited movement. This emergent division of
roles can be interpreted as a consequence of the learned incentives, which balance the need to ex-
ploit resource-rich zones while avoiding redundant overlap. Such specialization illustrates how the
reward structure supports complementary strategies. See supplementary material for a video exam-
ple of trained agent behavior https://youtu.be/S9UqFlKAgwE.

C ADDITIONAL SPATIAL BEHAVIOR VISUALIZATIONS

In this appendix, we provide additional visualizations of agent positions. Figure C.1 shows disag-
gregated frequency maps for each agent, while Figure C.2 presents circle-based maps where the size
of each circle indicates how frequently a location was visited. The latter makes it easy to see the
specialized behavior in the hybrid strategy, where one agent stays near the boundary and the other
explores more widely.
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Figure C.1: Individual position frequency maps for Agent 1 (green) and Agent 2 (purple) under four
training configurations: (i) random policy, (ii) PPO with standard rewards, (iii) QMIX, and (iv) our
hybrid strategy. Each heatmap depicts the spatial visitation density over 500 evaluation episodes in
an 8 × 8 grid, with apple locations marked in red. Agents were randomly initialized at the start of
each episode and evaluated under the same protocol with three disruption events.
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Random Policy PPO (reward +1/0) Our hybrid strategyQMIX (reward +10/0)
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Figure C.2: Circle-based position maps for Agent 1 (green) and Agent 2 (purple) under the four
training configurations: (i) random policy, (ii) PPO with standard rewards, (iii) QMIX, and (iv) our
hybrid strategy. Circle size is proportional to the visit frequency at each grid location, and very
low-frequency visits are omitted for clarity.

D SOCIETAL IMPACT CONSIDERATIONS

This work contributes to the design multi-agent AI systems that are more resilient to disruptions in
shared-resource environments. By focusing on reward learning aligned with collective welfare and
recovery, the framework promotes agent behaviors that go beyond individual optimization, encour-
aging fairness, sustainability, and adaptability.

Positive Impacts. The proposed approach may contribute to the development of multi-agent AI
systems capable of operating in dynamic environments such as disaster response, resource manage-
ment, and multi-robot coordination, where resilience in support of collective well-being is essential.
Reward functions inferred from resilient behaviors can act as proxies for socially desirable values,
including equity, mutual support, and long-term sustainability—even in systems composed of both
artificial and non-artificial (e.g., human) agents.

Negative Impacts and Limitations If misused or deployed without oversight, cooperative reward
functions could be manipulated to favor specific agents or reinforce harmful coordination patterns
(e.g., excluding certain agents from resources). Furthermore, our method relies on trajectory ranking
heuristics that may not fully capture human values. In real-world deployment, this may raise risks
related to fairness, representation, or trust.

Mitigation Measures. We encourage researchers to incorporate human-in-the-loop oversight
when defining ranking criteria or interpreting resilience-based rewards, especially in domains with
ethical, social, or legal implications. Transparency in how reward functions are learned and applied
is critical for accountability and alignment with stakeholder values.

While this work does not involve direct deployment or the use of sensitive data, its broader applica-
bility to cooperative AI systems calls for careful consideration of potential misuse—particularly in
socio-technical contexts, high-risk domains involving human participants, or settings where agent
decisions directly impact real-world resource management.

E LIMITATIONS

Our results demonstrate that resilience-aligned rewards improve cooperative behavior in mixed-
motive settings. However, the experiments are conducted in a simplified and fully observable en-
vironment with discrete actions and known dynamics. We additionally introduced a more complex
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setting with a larger search space, more agents, and apple trees with limited regeneration, yet the
conditions remain constrained to grid-world environments. Thus, these experiments may not fully
capture the complexity of real-world multi-agent systems, where agents often face partial observ-
ability, larger and continuous state spaces, and dynamic interaction topologies. Additionally, the
resilience metric used to rank trajectories is manually designed for the specific task, which may
limit its applicability across domains.

F REPRODUCIBILITY ASSETS

In addition to the main manuscript, we provide as supplementary material a GitHub repository
containing the source code and experimental configurations used in this study. The repository
will be anonymized during the review process and made publicly available upon acceptance. A
README.md file offers detailed instructions for reproducing the experiments. For completeness, a
copy of the source code is also included with this submission as a compressed .zip file.
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