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Abstract

Crossing critical climate tipping points can trigger large-scale ecological collapse with severe
consequences. Mitigating such an outcome requires coordinated efforts from global stake-
holders, such as countries, major corporations, and cities. Yet achieving such cooperation
is hindered by short-sighted incentives. Moreover, individual willingness to contribute is
complicated by uncertainty about others’ responses and limited awareness of ecosystem dy-
namics. Despite a growing body of research on this global collective action problem, the role
of information in shaping outcomes remains poorly understood. In this thesis, I implement
a game-theoretic framework to systematically evaluate how access to social and ecological
cues shapes long-term cooperation under the threat of ecological collapse. I find that ecolog-
ical information is essential for sustaining cooperation, whereas social information alone is
largely ineffective in the settings examined. However, adding social transparency alongside
ecological awareness can be double-edged: it can either promote or hinder cooperation, de-
pending on the context. This study advances the theoretical understanding of how various

forms of information influence cooperative behaviour under climate risk.
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Chapter 1

Introduction

1.1 Sustainability as a Collective-Action Problem

The Earth system is approaching critical thresholds due to human activities that destabilise
ecological and climatic processes [2]. Crossing certain Earth system thresholds could initiate
irreversible changes with impacts that unfold over millennia. These consequences include
intensified heatwaves, rising sea levels, large-scale biodiversity loss, disruption of food and
water systems, thus heightening risks to livelihoods and life across the globe [16] . The
challenge is immediate: there needs to be stewardship policies that must be established
in the coming years to steer the Earth system away from such destabilising pathways and
instead retain the Earth within a safe and habitable state, where societies can sustainably

balance ecological balance for long-term well-being [31], [35].

A robust body of scientific evidence demonstrates that reducing carbon emissions and
adopting sustainable practices can effectively mitigate these risks [I5]. However, the benefits
of coordinated efforts, such as a stable climate and resilient ecosystems, are shared globally
and manifest only in the long term, whereas the costs of clean energy investments or re-
strictions on resource exploitation are immediate and borne by individual actors. From a
self-interested economic standpoint, actors could free-ride, making others bear the costs of
emission reductions while still benefiting from the resulting improvements in environmental
quality [8].This situation is known as a social dilemma [I1], as what appears as rational to

the individual is at odds with what is good for the collective. Appropriate action, such as



investing in clean energy research or enforcing regulations on resource use, often involves
short-term economic costs. These efforts are further undermined by short-term pressures,

such as election cycles causing myopic decision making. [17]

The ongoing overuse and degradation of the Earth’s resources is a case of ‘tragedy of the
commons’ [I4], where self-interested actions of individuals is ultimately leading to ruin of
all. Averting large-scale ecological collapse and achieving effective stewardship of the Earth

system requires a large-scale shift human behaviour away from the current status quo [10].

This requires recognising humanity as embedded within a complex adaptive system with
by dynamic feedbacks and co-evolutionary processes between social and ecological compo-
nents [32]. Effective interventions must therefore be grounded in an understanding of these
feedbacks and designed to leverage mechanisms that foster and sustain long-term cooperation
[20]. Insights into these mechanisms are relevant to collective risks across domains. These
include the overharvesting of fisheries, the spread of pandemics where effective collective

responses require overcoming short-term costs to secure long-term shared benefits

1.2 Literature Review

There has been a growing body of research on drivers of cooperation under the risk of climate
change, through both theoretical models and laboratory experiments [37]. For instance,
Milinski et al. [2I] experimentally demonstrated that a higher perceived risk of collapse
substantially increases cooperative investments in mitigation. Barfuss et al. [6] modelled
climate change as a dynamic game and showing that stronger concern for the future can
promote cooperation. Barrett and Dannenberg [9] demonstrated that ambiguity about the
location of ecological tipping points discourages contributions to mitigation. Recent work
has extended game-theoretic models by integrating behavioural insights on fairness [13] 25]
and loss aversion [41].Pacheco et al. [29] showed how social interaction structures modulate

cooperation under climate risk.



1.3 Research Focus: Information as a modulator of co-

operation

While there has been substantial progress in research on the climate dilemma, the role of
information in collective-risk dilemmas remains underexamined. Decision makers rarely
act in isolation [33, [38]; they draw on feedback from two sources: ecological information
(signals about environmental states and transitions) and social information (signals about
others’ behavior). Deciding to engage in sustainable practices first requires understanding
that ecological system is degrading, and understand potential impacts [39]. Although such
awareness has grown over recent decades, understanding remains uneven across societies,
and the planetary crises are not yet fully recognised by all stakeholders. Climate policy
choices are further shaped by broader social and political contexts [18], particularly by how
actors perceive the efforts of others [26]. At the international level, climate agreements rely
on mutual expectations and reciprocity: countries’ willingness to adopt necessary mitigation
targets often depends on whether others are seen to contribute their fair share. This holds
true for individuals as well as firms, whose motivation contribute depends both on their

understanding of ecological degradation and on information about how peers are responding.

Independent lines of research have highlighted these mechanisms in how they influence
cooperation. Kleshnina et al. [I9] show that access to environmental state information
in dynamic games can alter cooperative behaviour depending on the underlying transition
structure. [22] has demonstrated that noisy in perception of of the environmental state can
influence cooperation. Likewise, social cues are essential for direct reciprocity a long estab-
lished mechanism to support cooperation [3]. Building on these insights, we hypothesize that
combining social and ecological information fosters cooperation more effectively than either
source alone. Parks et al. [30] has experimentally examined how signals of others’ behavior
and environmental cues shape cooperation in a collective-pool harvesting game. However,
a unified theoretical treatment that jointly examines ecological cues and social feedback in
coupled socio-ecological systems is still missing. Identifying the minimal information require-
ments for sustaining cooperation can be very useful for effective stewardship. Our analysis
could also have policy implications, as it clarifies how different measures, such as promoting

environmental awareness and monitoring individual actions, affect outcomes.



1.4 Objectives
This thesis addresses the following research question:

How does access to social and ecological information influence the emergence of

cooperation in collective-risk dilemmas?

To investigate this, we develop an idealized model in which access to social and ecological
information can be systematically varied. This design allows us to isolate the effects of each
information type and examine their combined influence on cooperative behavior. Specifically,

our alms are to:

(i) compare the relative effectiveness of social and ecological information in fostering co-

operation;
(i) investigate the interaction between the two types of information; and

(iii) examine how these effects depend on underlying incentive structures and ecological

dynamics.



Chapter 2

Preliminaries

2.1 Multi-Agent Markov Environment

We model interaction among the decision-makers as a multi-agent Markov environment [I]

Formally, in such a system there are N agents, where each takes action a' from the
action set A" = A% ... A%,. M denotes the number of possible actions. The environment
has Z possible states S = {S,...,Sz}. The environmental dynamics are defined by the

probability to transition from state s to s’
Teus = P(s' | s,a) €[0,1]

where a denotes the joint action of all agents. The transition probabilities over all possible
current states, joint actions, and next states can be represented with a transition tensor T
with dimensions Z x M x --- (N times) --- x M x Z.

The assumption that the next state only depends on the current state and joint action
makes the system Markovian. The rewards obtained by the agents across all possible transi-

tions are represented by a reward tensor R with dimensions ZxM x--- (N times) ---xM x Z.

The strategies (also referred to as policies or behavioural profiles) of all agents can be
combined into a single object called the joint policy tensor, which serves as the dynamical

variable of the system.



The strategy of each agent i at s:

X; = [X;al’ X;ag’ s X;aM}
where X!, = P(a | i,s) is the probability of agent i selecting action a in state s. The
individual strategies (also referred to as policies or behavioral profiles) of all agents can be
combined into a single object called the joint policy tensor, with dimensions N x Z x M,
which serves as the dynamical variable of the system. In the simplest case, the strategy
is a fixed probability distribution p;(a;) over the possible actions a; € A;. More generally,
an agent’s strategy uses information available to them such as including actions taken by

previously, or the current state of the environment.

The rewards for each agent depend on the depends on the actions chosen by all players

and the state transition

Rs,al,.,,an,s/ or Rs,a,s’ in short

where, s and s’ are the current and next state respectively.

Joint
Action

Transiti
-

Environment

Policy
Update

State 's’

R!

sas’

Figure 2.1: Schematic representation of a multi-agent Markov environment: N agents select
actions according to their behavioral profiles X’ . The resulting joint action determine the
transition of the environment from state s to s’ according to the transition probability T,
with rewards R’ assigned to the agent, depending on action and the state transition. The
policy is a dynamical variable, updated with time.



2.2 Partially Observable Environments

In many systems, agents do not have direct access to the true state of the environment.
Instead, they receive observations that provide only partial information about that state
[40]. Let O be the set of possible observations. Since agents have an incomplete perception
of the environment every observation o € O , corresponds to a distribution over possible true
states of the system. O(o | s) is the likelihood of receiving observation o when the true state
isses

In the case of deterministic partial observability, which is the scenario we consider in our
current analysis. The agent has a limited perception of the environment with |O] < |S].

Here, we can define a projection function
w:8—0,

which maps each true state s € S to a corresponding observation o € O. The observation

model can be expressed as

O(o ] s) = (o, w(s)),

where w(-) denotes the observation (or projection) function, and  represents the Kronecker-
delta. Here the agent’s policy X is defined over its observations rather than true states, i.e.
X!, = P(ali,o) with Y, X!, =1 for each agent i and observation o € O.



Joint
Action

Transiti
-

Environment

Poli
Upd

State 's'

Figure 2.2: In a partially observable multi-agent environment, the underlying system still
evolves over states S = {Sj,...,S,}, which transition according to the agents’ joint actions.
However, each agent perceives only partial information, observing the current state and its
transitions through a reduced observation set O = {Oy,...,Or}. While the true system
reward R’ , reflects the actual outcome of the state transition, the effective reward signal

R! ., available to the agent is observation-based and serves as the learning signal for policy

updates. In this case, the policy is maintained over observations X,,, which is iteratively
updated.

2.3 Games: Fundamental Concepts

A game is a formal representation of strategic interactions [28]. A game specifies a set of
players, where rewards depends on the actions chosen by all players. It is said to be in

normal form when all players choose their strategies simultaneously.

We can also consider repeated games, where the same game is played multiple times
and rewards are accumulated over successive rounds. In a stochastic game, however, there
are multiple environmental states which change probabilistically, each with its own reward
structure. Note that the mathematical object of a stochastic game is synonymous with a
multi-agent Markov environment described above, the former term being more common in

economics and mathematics literature, while the latter is more widely used in dynamical



systems and machine learning.

2.4 Model: Ecological Public Goods Game

Public Goods Game The Public Goods Game is a classic model that captures the tension
between individual incentives and collective welfare [34]. It has been widely used to study
situations involving shared resources, ranging from neighborhood cleanliness to national
welfare schemes. In this game, each player decides whether to contribute to a common pool
or to free-ride on the contributions of others. The total contribution is multiplied by an
enhancement factor, which is > 1, to reflect the collective benefits of the contribution. The
resulting amount is distributed equally among all participants, regardless of their individual
contributions, reflecting the nature of a public resource. The socially optimal outcome
occurs when everyone contributes; however, from an individual perspective, withholding
one’s contribution while benefiting from the efforts of others yields a higher personal payoft,

leading to the social dilemma

The model we use in study is the Ecological Public Goods (EcoPG) Game [6]. This model
is an extension of the standard Public Goods Game by incorporating an ecological tipping
element to reflect that environmentally harmful actions is not only socially suboptimal but
could lead to catastrophic consequences in the future. The actors in this framework may
represent individuals, cities, corporations, or even countries. For simplicity, we begin with a

two-actor case, although the model can be generalized to larger groups.

Each actor has two available actions: Cooperation (C) and Defection (D). Cooperation
corresponds to climate-friendly actions, such as lowering carbon emissions and investing
in renewable energy. Defection, on the other hand, represents opting for business-as-usual
behavior that pollutes the environment. Cooperators bear a cost ¢ while adopting of sus-
tainable practices. The collective benefit for the group of f - X¢;, which is divided among
the 2 agents.

The net reward for each agent is simply the Benefit - Cost. For the two agent case, we

will have three cases

e Both defect: No one contributes, so there is neither cost nor benefit, and each receives



R=0

e One cooperates: The cooperator pays a cost ¢ while the total benefit fc is shared

fe _

D) c and Rdef = %

equally, giving Reoop =

e Both cooperate: Each contributes ¢, and the benefit 2 fc is shared equally, yielding
R = fc — c. for both agents.

The above scenarios apply as long as the Earth remains in the relatively safe operating
zone, which we term the ‘prosperous state’. Defection also carries with it another prob-
abilistic risk of crossing a planetary tipping point, pushing the system into a ‘degraded’
state (corresponding to the Hothouse Earth scenario [35]). The probability of collapse grows
marginally with each additional defector, at rate ¢./IN. Once the system enters the degraded
state, all actors suffer a negative environmental payoff m < 0, irrespective of individual be-
haviour at that point. Cooperation can marginally increase the chance of recovery, although

it may take substantially longer.

10



Prosperous
state Agent 1
Co-
operate

Defect

f*C-C, f*C-C [f*C/2-C, f*C/2

f*C/2, f*C/2-C

Figure 2.3: The Ecological Public Goods Game (EcoPG) for two actors. Unless otherwise
specified, the parameters are set as: f = 1.2 (enhancement factor), ¢ = 5 (mitigation cost),
¢. = 0.02 (probability of collapse), and ¢, = 0.0001 (probability of recovery).

For a comprehensive analysis of the Ecological Public Goods Game, see Barfuss et al. [6].
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2.5 Multi-agent Reinforcement Learning (M ARL) Dy-

namics

Multi-agent reinforcement learning (MARL) models how multiple agents learn and adapt

their strategies through interactions within a Markov environment [1}, [36]

This framework allows us to formalise how agents adapt in complex environments [7].
The agents take actions, experience reinforcements in the form of rewards, and iteratively
adjust their policies to improve performance. Through this process of trial and error, agents
aim to optimize their policies to maximize their expected cumulative (or average) rewards.
Note that this optimization is taking place in a non-stationary environment; i.e., the reward
each agent receives depends on the evolving policies of others. Nevertheless, each agent learns
in an independent manner without any central coordination. Our goal is to understand how
agents adapt their strategies over time and under what conditions such adaptation gives rise

to cooperation.

Formally, each agent has an objective function, called the return (G) that it seeks to

maximize through interaction with the environment.

WE

B
Il

0
which is the exponentially discounted sum of future rewards starting from time ¢.

where 7;(t + k) is the reward received by agent i at time ¢ + k, and §; € [0,1) is the
discount factor. The discount factor determines how strongly the agent values the future
relative to the present: 9; — 0 makes the agent myopic, favoring immediate rewards, whereas

0; — 1 makes it far-sighted, giving nearly equal weight to long-term outcomes.

2.5.1 Temporal Difference Learning Updates

The class of algorithms we use is temporal-difference (TD) learning [36]. TD learning is

particularly suitable for our framework, as the policies are updated continuously in the

12



learning process, allowing us to track the evolution over time. It is a model-free method,
meaning that it does not require making explicit assumptions about how agents perceive their
world. There is also research suggesting that TD learning approximates learning mechanisms

in humans [27]

We present here the actor-critic algorithm, a specific implementation of Temporal Differ-

ence Learning. Alternate implementations such a Q-Learning or SARSA can also be used

2.5.1.1 Actor Critic Learning

In the actor-critic learning framework, there are two coupled components: the actor, which
updates the agent’s policy, and the critic, which evaluates the current policy by estimating

the value function and providing feedback via TD errors on how the policy should be adjusted.

13
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State/ T
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Environment [

Figure 2.4: Schematic representation of the Actor—Critic algorithm. The actor updates the
agent’s policy, while the critic estimates the value function. The reward received from the
environment after taking an action in a given state (or observation, in the case of partial
observability) is used to compute the temporal-difference (TD) error, which provides a feed-
back signal to update both the value estimates and the policy.

Critic We first define a state-value function
vs(X) =E[Gy | Si = 5],

the expected return starting from state s and under policy X.

However, since the agent does not have prior knowledge of the environment’s transition
dynamics or reward distributions, it cannot compute vs(X) directly. Instead, the agent
maintains estimates. V(s) is used as an estimate of the true state-value vs(X). The estimates
are successively updated by comparing the prediction for the current state with a more
informed prediction obtained after an interaction step. This difference between successive

estimates is called the temporal-difference (TD) error.

14



The TD error D!, (t) for a given state and action policy is:

Di(t) = Ripawssny + 0V (st +1)) = V(s(t)). (2.1)

Intuitively, R ), )s(ei1) T 0V (s(t + 1)) is the target estimate i.e. the immediate reward
received upon taking action a at state s, combined with the estimated value of the next

state. V(S;) is the current estimate of the value of the present state.

Deterministic Limit In the standard critic updates, error are estimated after each
individual experience. Alternatively, we can imagine that agents interact with the environ-
ment many times before updating their estimates. The number of interactions here is called
the batch size. If the batch size tends to infinity, then the randomness of individual samples
averages out. This yields the deterministic limit of temporal-difference (TD) learning [5],
where the learning dynamics become fully deterministic maps rather than stochastic updates,
making them more tractable for analysis. Conceptually, this corresponds to introducing a
separation of timescales - The agents explore and gather experience on a fast timescale, while

updating their behaviour on the slow timescale.

This gives us equations for each possible state and action, with the single-sample rewards
and next state value function replaced by their averages given the polices and transition

probabilities under this deterministic limit.

D, = (R)., + 6 nextVQo(X) -— VIHX) (2.2)
N ~———— N——
avg. immediate reward avg. next-state value avg. current-state value

<R> - Z X;zi_i Z TSGG—@'S, Riaa_is’ (23)

As there are an infinite interactions before an update, the expected reward for agent i,
taking action a at time ¢ can be expressed as an average over the current policy of other
agents X ', the transition probabilities 7', and the reward function R’ for each possible joint

action and resulting state transition.

15



nextVy, (X) = > ) X Taa_ o vi(X) (2.4)

a_; s

In other words, the next V, represents the average of the true state values under the given
distribution in the infinite-interaction limit. For the simulations, to compute this quantity,

we make use of the fact that v(s) satisfies the so-called Bellman consistency condition [36].

The current value estimate remains constant across actions, so it can be safely set to zero

for tracking the policy evolution.

For a detailed derivation of the temporal difference updates under this deterministic limit,

see Barfuss et al. [5]

Actor The actor represents the policy X, which is adjusted according to the critic’s

estimated error.

We define Q' (t) as the state—action value, representing agent i’s estimate of the expected
return obtained by taking action a in state s and subsequently following its policy. In other
words, Q°,(t) quantifies how rewarding each action is expected to be in a given state. The

behavioral policy of agent ¢ is thus modeled as a softmax distribution over these Q)-values:

o exp(B' QL)

>y exp(B Q4 (t))
The parameter 3¢ is the intensity of choice, which controls the exploration—exploitation
trade-off.

XI (1) (2.5)

The Q values are updated using the same temporal difference error computed by the
critic,

wlt +1) = Qa(t) + ' Dy (1). (2.6)

where o' € (0,1) is the learning rate.

On substituting (2.6)) into (2.5)), we get

16



XL (t+1)

X!, (t) exp(a’f'Di, (1)) (2.7)
(T

T Y, X5 (t) exp(aiBDL (1)

This expression governs the learning dynamics.

2.6 Learning Dynamics in Partially Observable Envi-

ronments

In a partially observable environment (Section [2.2)), the policy is defined over observations
rather than states i.e as X,,. However, the rewards and transition probabilities are still
dependent on the effective state policy. We derive the effective state policy Yga] by averaging

the observation-based policy X7(0;,a;) over the observation likelihood for each state:

YS{lj = Z O](OJ|8) ngaj (28)

OjEOj

This allows us to obtain policy-averaged transition kernels T :

Tss’ = Z }/Sia Tsas’ (29)

To relate observation-based actions to rewards, we further compute a posterior distribu-
tion over system states for the given observation. The posterior B(o, s) is defined according

to Bayes’ rule.

_ O(ols) P(s}
> ues O(olu) P(u)

where P(.) is the stationary probability of states under the current joint policy, serves as the

B(o, ) (2.10)

prior.

This stationary probability is computed using the normalised eigenvector corresponding
to the eigenvalue-1 of T'ss’ (2.9) for the given policy.
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Using equations [2.10] and [2.8] we can reformulate rewards and transitions over observa-

tions rather than states.

Réai = Z B(O7 3) (HZJ(h) TSULS/ Rias’ (211)

o Yy
5,04, JF

Lo = Y Blo,s) <Hy) Tou O'(]5) (212

gl ‘L
S,a_4,s J#

Intuitively, the rewards and transition probabilities of the observations corresponding
to the observations are derived by averaging over the posterior state distribution B(o, s) and

the effective state policies Y7 (s, a;).

Value functions and temporal-difference updates follow the same formulations as derived

in Section [2.5.1, except with observations substituted for states.

Under partial observability, the learning dynamics are thus:

_ Xou(t) exp[af Doa(t)]
Xoa(t+1) = >y Xov(t) explaB Doy (t)]

Please see [4] for a detailed explanation of learning dynamics under partial observability.

Remark: Non-Ergodicity If all states s that map to an observation 6 have stationary
probability zero, the posterior belief P(s | 6) is undefined. Computationally, however, in
such a case, P(s | 0) is treated as 0 to avoid such errors. This results in the expected reward

and transition distributions for that observation (6) reducing to zero as well

E[R|o] =) Blo,s)R(s,) =0, E[T|o]=> Blo,s)T(s,~-) =0,

which implies that no effective learning occurs for that observation. In other words, the

agent’s learning dynamics completely ignore any observation if it isn’t observed in the steady
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state.

2.7 Simulations (Illustrative Examples)

To provide a reference for interpreting the phase portraits and learning trajectories in Chap-

ter [4 we first outline the learning dynamics in simpler games.

2.7.1 Single-State Game (Repeated Prisoner’s Dilemma)

To illustrate the basic dynamics, we begin with the simple case of a repeated Prisoner’s

Dilemma. This is a single-state, two-player game with the following payoff matrix:

e D
C1(0.8,08) (—0.5,1)
D|(@,-05) (0,0

The entries show the payoffs in the form (Player 1, Player 2). In this setup, for both
players, unilateral defection yields the highest payoff. However, mutual cooperation is better

than mutual defection.

In this game, the learning trajectories tell how agents adapt their strategy based on the
reward feedback. The evolution of agents’ strategies with time based on the learning updates

described above can be visualising as a phase portrait.
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Figure 2.5: Learning update phase portrait: Prisoner’s dilemma

Each point in Fig. [2.5] represents a unique joint strategy, in this case, defined by the
cooperation probabilities of the two agents (p!, p?). The arrows depict the TD errors: their
direction indicates how each agent’s cooperation probability is updated during learning, while
their length reflects the magnitude of the update. The purple trajectory shows an idealised
learning path starting from randomly chosen initial conditions. Over time, these trajectories

converge towards the attractor of the system, in this case complete mutual defection (zero

cooperation).

The attractor corresponds to the stable Nash equilibrium, as neither agent has any in-

centive to unilaterally deviate.
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Figure 2.6: Learning update phase portrait: Prisoner’s dilemma. Projections for each of the
4 states are shown separately.

2.7.2 Multi-State Game (Repeated Prisoner’s Dilemma -Memory-

1)

We now consider a version of the Prisoner’s Dilemma with the same payoff matrix, but in
which the agents possess memory, allowing them to adopt distinct strategies for different
interactions. Since each agent could have either cooperated (C') or defected (D) in the pre-
ceding round, the system comprises four possible states CC', C'D, DC, and DD representing
all combinations of the agents’ prior actions. Accordingly, the learning problem is defined

over the 4-dimensional state space.

For interpretable visualisation, we plot the phase portrait projections for each state sepa-
rately. However, the temporal-difference update within a given state depends on the agents’
strategies in the other states. To account for this interdependence while plotting, we ap-
proximate the update by averaging over many randomly sampled strategies in the remaining

states.

In the faint grey arrows represent the raw updates obtained from individual
samples, while the colored arrows indicate the averaged update. The coloured indicate the

expected direction of learning.
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Chapter 3

Methods

In this section, we describe the model implementation along with the treatments, as well as

the simulation procedure for the main outputs we studied.

3.1 Information regimes

In our model, we are interested in how the information available to agents influences the
emergence of cooperation. To capture this systematically, we distinguish between two sources

of information: ecological information and social information

3.1.1 Ecological information

Ecological information refers to the knowledge agents possess about the state of the Earth
system. In the Ecological Public Goods Game (Section , we consider a simplified set-
ting with two possible environmental states: a prosperous state, in which ecological condi-
tions remain favorable, and a degraded state, representing a “Hothouse Earth” scenario that
emerges once planetary boundaries are crossed. When ecological information is available,
agents can adopt strategies that are conditional on the environmental state. This implies
that their adaptation explicitly incorporates the possibility of ecological degradation and re-

covery, making ecological dynamics a factor in decision-making. By contrast, in the absence
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of ecological information, the ecology is represented as a single undifferentiated state.

3.1.2 Social information

Social information refers to the awareness agents have of the behavior of the interaction
between players. Specifically, this information allows an agent to observe the actions taken
by other group members and makes it possible to adopt strategies that explicitly depend
on the actions of others. For simplicity, we restrict our analysis to strategies that depend
only on the most recent round of play. In this case, an agent may assign different proba-
bilities of cooperation or defection depending on its actions and the opponent’s response in
the previous round. An agent’s behaviour depends on the previous interaction—that is, on
the combination of its own action and the action of its partner Since each player can ei-
ther cooperate (C') or defect (D), a two-player interaction yields four possible joint actions:

(C,C),(C,D),(D,C),(D,D).

A strategy in the presence of social information therefore specifies a probability of coop-

eration for each of these four cases. For example, one possible strategy is:

(Po(CC), po(CD), pp(DC), pe(DD)) = [1, 0, 0, 1], (3.1)

where p%(-) denotes the probability that agent i cooperates, given the previous joint
action. This can be read as: agent i always cooperates after mutual cooperation (C'C') or

mutual defection (DD), and always defects if the previous interaction was (C'D or DC).

This is often referred to as a memory-1 strategy. By contrast, when social information is
absent, agents cannot condition on past actions at all. Their behavior is then independent of
social feedback and depends only on other available information, which is called memory-0

strategies in the literature [34].

3.1.3 Experimental Treatments

We employed a 2 x 2 factorial design to systematically isolate and evaluate the effects of

social and ecological information, as well as their interaction. These information modes were
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implemented as distinct regimes within the Ecological Public Goods (EcoPG) framework.
We assumed that the environmental state in the EcoPG game is defined jointly by the

ecological and social contexts. Specifically, we represent the state as

St = (eb ai—la a?—l) (3'2)

where e; € {p,g} denotes the ecological condition - either prosperous (p) or degrade
(9), and a;—1,a;_; € {C,D} correspond to the previous actions of agent 1 and agent 2

respectively.

To implement the different information conditions, we followed the framework of partial
observability where agents lack direct access to the true system state s;, but instead rely
on observations o; (see Section [2.2)). For each information regime r, the observation is

determined by a deterministic mapping,

o = wr(8); wp: S — O, (3.3)

which specifies which components of the underlying state are visible to the agent under

that regime. The probability of receiving o; in state s; is therefore

O(o; | 81) = 6%(0r, wr(sy)) (3.4)

here §* is the Kronecker delta function.
We thus obtain a factorial design with four treatments differing in terms of the informa-

tion the agents possess.

I. Complete:

wCom(eta atl—la a’?—l) = (et7 ai—1, a:t—l)'

In the complete information case, the agent has access to both ecological and social
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cues. This results in 8 (4 action histories x 2 ecological conditions) distinct observations:

{ pt(pros.,CC), pp(deg., CC), pe(pros., CD), pe(deg.,CD),
pi(pros., DC), pa(deg., DC), pi(pros., DD), pg(deg.,DD)}

where “pros.” = prosperous state, “deg.” = degraded state.

I1. Ecological-Only:

1 2
WEeo (€4, y_q,a;_1) = €.

This yields two possible observations of the state: prosperous (p) and degraded (g).

ITI. Social-Only:

wSoc<€t7 aifl) a%—l) = (a’ifla a§71)7

resulting in 4 observations: (C,C),(C, D), (D,C),(D, D), corresponding to possible

joint actions in the previous round.

IV. No Information:

1 2
WNo—Info(eta a;_1q, at—l) = 0Op.

All system states map to a single undifferentiated observation, thus agents receive no

information about the environment or past actions.

The strategies of an agent ¢ under each information regime are shown below (Table .

p4(+) denotes the probability of cooperation given the corresponding observational state.
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Regime Strategy Number of States
Complete Information | {pL(pros.,CC), ..., p-(deg., DD)} 8 (4 prosperous)
Ecological-Only (B (0), Pil0)} 2 (1 prosperous)
Social-Only {Pe(CO), pe(CD), pp(DC), pp(DD)} 4

No Information pL 1

Table 3.1: Strategy representation and number of observable states under each information
condition.

3.2 Simulations

We conducted learning dynamics simulations (Section under each of the four informa-
tion conditions. Each simulation was initialised from a given policy and terminated once
convergence was achieved, numerically defined as successive updates becoming smaller than
a tolerance threshold of 107, i.e., the simulation was terminated after a maximum of 25,000
time steps. The learning rate o was set to 0.05, chosen deliberately small in order to minimize
oscillations during the update process. The converged policy, or the final policy obtained at
the termination of a run, was recorded for evaluation. Note that in our simulations, since our
primary interest was in the adaptation processes that mitigate the risk of ecological collapse,
learning updates were disabled in the degraded states to avoid confounding effects. We show
the phase portraits along with example trajectories for the selected parameter settings in

Section [.1] for reference.

3.2.1 Code Implementation

All simulations were implemented in Python. The game environments and reinforcement
learning dynamics were implemented using the pyCRLD package. Code required to reproduce

the figures will be made open source upon publication.
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3.2.2 Evaluating Cooperation Levels

The quantities of interest from these simulations were the final strategies X* learned by the
agents and the resulting effective cooperation level. The effective cooperation probability
(p%), was taken as an average over the stationary distribution of observational states (ox(0)

) and over the two agents.

5= 5 3 Y pielo) ox (o) (3.5)

7

The outcomes were classified with the following thresholds that allowed classification of

final polices as being cooperative, defective, or mixed with a margin of deviation.

Cooperate if p > 0.95,
Outcome = { Mixed if 0.05 < p < 0.95, (3.6)
Defect it p? < 0.05.

where p*(.) is the average cooperation levels at the final point of the dynamics.

3.2.2.1 Basin of Attraction Size

We simulated N = 500 initial conditions for each of the four information regimes. Initial con-
ditions were generated using Latin hypercube sampling (LHS), a stratified sampling method
for uniform coverage of high-dimensional spaces. This sampling procedure is as follows: for
each dimension, the uniformly distributed range is divided into N equal-width intervals, and
one sample is drawn from each interval. The samples from different dimensions are then
combined using independent random permutations, as in Latin hypercube sampling. In this
case, the total number of dimensions is |O| x number of agents. Because LHS provides an
uniform sampling of the policy space, the size of the basin of attraction for cooperation can
be estimated as the percentage of sampled initial conditions that converge to cooperative

equilibria, expressed as
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N,
Beoop = —2 x 100% (3.7)
N
where Neoop is the number of simulations that converge to cooperative outcomes and N
is the total number of simulations. Thus, B..p represents the fraction of the joint policy
space that evolves toward cooperation, thus serving as a measure of the cooperation levels

under a chosen parameter set.

3.2.3 Strategy Analysis

In addition to cooperation levels, we looked at the strategies that emerged from the simu-
lations to gain a more mechanistic understanding of the dynamics under each information

condition

3.2.3.1 Local Stability Analysis

To systematically identify which policies are stable, we exhaustively evaluated all determin-
istic strategies under each of the four information regimes. In a deterministic strategy, the
probability of cooperation in every possible state is fixed to either 0 (always defect) or 1
(always cooperate). If an information condition has k states, this results in 2% distinct de-
terministic strategies. Since the interaction involves two agents, there are (2;) possible pairs
of initial strategies to test. A strategy X was classified as stable if the learning dynamics,

when initialized with policy X, converged to a final policy X* within a tolerance
stable if | X* — X| < 1072 (3.8)

3.2.3.2 Strategy-Specific Basin of Attraction

We also characterised the distinct strategies that emerged from the randomly initialised
simulations and quantified the frequency of their occurrence. To facilitate interpretation and
visualisation, the strategies obtained from the simulations were rounded to one decimal place

and aggregated. In the only-ecological and complete information case, only the strategies in
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the prosperous state were considered for analysis. Similar to Equation we estimated its

strateqgy-specific basin of attraction s, the basin size is computed as

N
Bs = W X 100%,

where N, denotes the number of simulations whose final strategy matched s, and N is

the total number of simulations for that information regime.

3.3 Comparison across Game Regimes

We repeated the cooperation levels evaluation and strategy analysis across different parame-
ter regimes to ensure that our results are robust. In Barfuss et al. [6], the authors highlighted
that in the ecological public goods game, three distinct regimes emerge depending on how
strongly agents value the future (operationalised as the discount factor): a tragedy regime
where mutual defection is the only stable outcome, a coordination regime where both mutual
cooperation and mutual defection are bistable, and a comedy regime where cooperation is
the only stable outcome irrespective of initial conditions. Using these results as a basis, we
aimed to investigate the role of information across each of these regimes. Note that the
original EcoPG model in [6] did not impose partial observability. Instead, it assumed that
agents had access only to ecological information. This is equivalent to the “only ecological

information” condition in our framework.
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Figure 3.1: Figure reproduced from Barfuss et al. [6]. The plot illustrates the three
regimes of the ecological public goods game as a function of the discount factor (§) and
the collapse impact (m). The blue and green lines mark the transitions separating the
tragedy,coordination, and comedy regimes. The dotted line indicates the fixed collapse im-
pact used for this analysis (m = —6.5), and the marked points show the sampled discount
factors, § € {0.955, 0.965, 0.975, 0.985, 0.995}

In our work, we chose a gradual and uniform sweep across ¢ allows us to examine how
foresight modulates the emergence of cooperation under each information condition. As
shown in the the parameters were § € {0.955, 0.965, 0.975, 0.985, 0.995} for a
fixed m = —6.5. Thus, the first point lying in the tragedy regime, three in different positions

within the coordination regime, and the last in the comedy regime.
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Chapter 4

Results

4.1 Learning Dynamics Visualisation

We first illustrate the phase portraits along with example trajectories from the simulation
in each of the four information conditions (Fig. [4.2)). Note that only the prosperous state

projections are shown for the complete and only ecological information case.
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Figure 4.2: Phase portrait projections for each information regime. Three trajectories (in
purple) are visualized, each starting from a random initial condition, m = —6.5,6 = 0.975
for all four regimes.

By inspecting Fig. 4.2, we gain a qualitative understanding of the system’s dynamics
under different information regimes. When both ecological and social information (Fig
a) are available, we see complex patterns with bistability for c,c, mutual cooperation as the
global attractor for d,d and limit cycles when the agent’s previous actions were asymmetric.
Under ecological-only information (Fig. 4.2b), the system exhibits bistability. When only
social information (Fig. [4.2c) is available, we see convergence towards mutual defection, with
minor local deviations in the flow. Finally, in the absence of information (Fig. 4.2d), the

learning updates are uniformly towards mutual defection, regardless of the initial condition.
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4.2 Comparison of Cooperation Levels Across Infor-

mation Regimes

4.2.1 Baseline Comparison

To illustrate the role of information, we first compare the results for a specific case, where we
assume intermediate collapse impact (payoff at the degraded state, m = —6.5) and moderate
concern for the future ( discount factor § = 0.975), while keeping all other parameters at their
default values as specified in the model description (Section . In subsequent sections,
we also systematically vary these parameters to examine the robustness of the observed

patterns.

Basin of Attraction for Cooperation

100
? 6=0.975
o\ m=-6.5
o 80
N
n
[
‘5 00
4y}
m
S 40
©
S
2 20
(@)
© 1.8% 0.0%
0

Complete  Social Ecological No Info

Figure 4.3: Cooperation Levels Across Each Information Regime. The basin size is calculated
as % of the initial polices that converged to a final policy with average cooperation over 0.95

depicts the relative size of the cooperation basin of attraction. Under complete
information, we have the largest basin of attraction for cooperation, with 61.4% of initial
conditions converging to cooperative outcomes. This indicates that access to both social
and ecological cues promotes cooperation substantially. When only ecological information is

available, the basin of attraction remains large at 52.2%, suggesting that ecological feedback
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alone can sustain cooperation in a significant fraction of cases, albeit slightly less effectively
than under complete information. In contrast, under the only social-information condition,
the basin of attraction is reduced to 1.8%, showing that social cues in the absence of eco-
logical awareness is mostly insufficient to maintain cooperative behaviour. Finally, in the

no-information condition, cooperation does not emerge at all.

4.2.2 Comparison across Game Regimes

As described in Section we compared the cooperation levels for each of the sampled
discount factors § € {0.955, 0.965, 0.975, 0.985, 0.995}
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Cooperation Basin Size Comparison (Across Discount Factors)

m=-6.5
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Figure 4.4: Cooperative basin size across information conditions for different discount factors
(0), with the collapse impact fixed at m = 36.5. Bach panel shows the percentage size of
the basin of attraction for the given parameter choice of the discount factor.



At low values of § (0.955-0.965), cooperation is maintained almost exclusively under
complete information. Under other conditions, we see minimal or no cooperation. With
intermediate values of § (around 0.975), ecological information begins to play a stronger
role—its cooperative basin becomes comparable to that under complete information, both
reaching roughly 50% cooperation. At high § (0.985-0.995), the ordering reverses: ecological
information produces the largest cooperative basin, approaching full cooperation, while it
is slightly lower in case of complete information. Social information contributes minimally
across all discount factors. For the no information case there is no cooperation irrespective

of the discount factors.

Overall, we see two trends: (i) cooperation increases monotonically with higher § when
ecological information is available, and (ii) the relative ordering of cooperation levels under
each information regimes is not fixed: complete information > ecological information at

lower ¢, but for higher 6 the opposite is true.

4.3 Local Stability Analysis

Locally stable strategies

c Complete é Q @ 5 8
= Strategy
©

8 ALLD
§ Only Ecological | €3 8 8 8 O o ALLC
S A WSLS
©
£ Only Social | £3 & & & 8 O lnv.GT
S @+  GT
£

No Info | £3 8 £ 8 & m=-6.5

0.955 0.965 0.975 0.985 0.995
Discount factor (6)

Figure 4.5: Set of locally stable strategies (indicated by different symbols) for each informa-
tion condition (y-axis) and discount factor (x-axis). Each marker corresponds to a strategy
that remains locally stable under that combination of parameters. Blue represents coopera-
tive strategies, while red corresponds to defective strategies m = —6.5.
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Explanation of Strategy Labels To make the strategies interpretable, we refer to several
canonical examples from the literature, [24, 34], by their standard shorthand names. When
social information is present, a deterministic strategy specifies an action (cooperate = 1,
defect = 0) for each of the four possible outcomes of the previous round: (C,C), (C, D),
(D,C), and (D, D) .

Name Policy | Explanation

ALLC (Always Cooperate) 1111 | Cooperates in every possible state; never de-
fects.

ALLD (Always Defect) 0000 | Always defects regardless of the partner’s

previous move.

WSLS (Win-Stay, Lose-Shift) 1001 | Repeats the previous action if the last out-
come was favourable (CC or DC') for the first
agent, and switches otherwise (C'D or DD).

GT (Grim Trigger) 1000 | Cooperates until the partner defects once;

thereafter defects forever.

Inv. GT* (Inverse Grim Trigger) | 0001 | Cooperates only after mutual defection in the

previous round; defects otherwise

Table 4.1: Explanation of legend entries denoting stable strategies for ecological and complete
information. Apart from Inv. GT which emerged as a peculiar outcome in our simulations,
the other strategies are commonly seen in the game theoretic analysis

In the no information case, there is only a single state, and in the ecological-only in-
formation condition, only one prosperous state. In these cases, the only possible outcomes
correspond to uniform strategies either mutual defection 0 or mutual cooperation 1. For
convenience, are still denoted as ALL D and ALL C in the figures.

Under no information, the always defect (ALL D) strategy is consistently the only stable
equilibrium, indicating that cues are necessary for conditional cooperation. With only social

information, the outcome remains similar; ALL D is the only attractor for these parameters.
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Under only ecological information, as shown in [6], we have bistability between cooperative
and defective equilibria at intermediate values (e.g., 0 = 0.965), with transitions toward co-
operative outcomes at higher discount factors. Complete information, which combines both
social and ecological cues, enables the emergence of cooperation even in regimes that would
otherwise favour defection. In this case, ALL C becomes stable for higher ¢ - this indicates
that ecological feedback can reinforce unconditional cooperation that is otherwise prone to
exploitation. In addition to ALL D, both ALL C and WSLS remain stable over a broad
range of discount factors, and at the highest discount factor (§ = 0.995), the inverse Grim
Trigger (Inv. GT) strategy is also a locally stable equilibrium. Inv. GT represents a peculiar
case in which agents cooperate only following mutual defection, leading to oscillatory dy-
namics where the stationary state is dominated by defection with brief cooperative episodes.
Overall, we find that local stability analysis accounts for the patterns observed in the basin

of attraction size trends discussed previously.
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4.4 Strategy-Specific Basin of Attraction

Basin of Attraction - Strategies
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Figure 4.6: Basin of attraction of individual strategies across information conditions and
discount factors (§). Each stacked bar shows the proportion of initial conditions converging to
the basin of a given strategy. Distinct colours represent pure strategies (ALL C, WSLS, GT,
Inv. GT, ALL D), while lighter tints correspond to their “Almost” variants, which are mixed
strategies that can be approximated as to the pure forms by rounding off to the policy to the
nearest integer. Bluish shades correspond to cooperative strategies, while reddish correspond
to defection. Asymmetric or mixed final strategies that could not be approximated by any
of the canonical types are classified as “others” and omitted; consequently, the stacked bars
do not sum to 100 % for the complete and social information conditions.

Here, we have a finer-grained representation of the results observed in the cooperative basin
of attraction. Notice that the strategies with significant abundance are mostly the locally
stable ones. Under complete information, increasing the discount factor ¢ leads to a smooth
redistribution, with the always-cooperate strategy growing steadily, while always defecting
correspondingly declines. Under social information only, apart from (ALL D), we see a
non-trivial fraction of mixed and asymmetric strategies which are classified as “Others”,

this is likely due to the non-ergodic nature of learning dynamics under partial observability

Remark 2.6l
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Chapter 5

Discussion

The results establish information as an important modulator of cooperation in socio-ecological
dilemmas. In particular, reliable access to ecological cues are shown to be essential for sus-
taining collective action. We see a significant difference in cooperation levels observed with
and without explicit environmental feedback; this highlights an important theoretical in-
sight: sustained cooperation arises only when agents actively model the environmental state,

whereas mere implicit penalties associated with environmental degradation are insufficient.

For the parameter combinations examined, when both social and ecological reciprocity
operate, we see a context-dependent pattern. When agents are relatively short-sighted,
social information enhances coordination and promotes cooperative behaviour. But when
agents are sufficiently future-oriented and ecological information is already sufficient, the
same social feedback reduces cooperation levels. This is because of the presence of multiple
attractors across parameters, including cooperative ones (e.g., WSLS, ALLC) and defective
ones (e.g., ALLD, Inv GT). As a result, a fraction of initial conditions with either mutually
high or mutually low levels of cooperation become trapped in their respective attractors. By
contrast, when only ecological information is available, we can have monostable equilibria
(defection at low discount factors, and cooperation at high discount factors) leading to more

extreme cooperation levels.

Our model conceptually aligns with the conditional return game proposed by Kleshnina
et al. [19], though it differs in the transition dynamics. Their analysis indicated that informa-

tion about the ecological state could have either positive or negative effects on cooperation,
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depending on the recovery rate. It would be interesting to test whether we can replicate

similar results in our model by varying the recovery rate

We find that when only social information is available, defection becomes the only stable
outcome, which is a counter-intuitive result, since direct reciprocity is expected to promote
cooperation [23]. We hypothesise that under higher f - the public goods enhancement factor,

access to social information may again allow for the emergence of cooperation,

The results may also offer an alternative yet broadly compatible interpretation of the ex-
perimental findings by Parks et al. [30], who reported that ecological information consistently

supports cooperative behaviour, whereas social cues can increase defection.

In light of these results, our model offers insight into why awareness about climate change
plays a very significant role in collective outcomes. Policies that enhance access to reliable
ecological information—such as transparent indicators of degradation, early-warning sys-
tems for tipping points, or locally visible feedback—should be prioritised to foster sustained
cooperation. By contrast, one could speculate that social reciprocity-based enforcement
mechanisms in international agreements may yield heterogeneous outcomes, i.e. while such
mechanisms can stabilise cooperation among actors who are not sufficiently future-oriented,
they can also undermine trust. In some cases, this may trap parties in cycles of mutual defec-
tion—situations where cooperation might have emerged more easily without social enforce-
ment. This was also noted by [12] who argued that improved transparency in environmental

efforts does not always translate to higher accountability.

Although the present model offers a useful stylised representation, it abstracts from real-
world complexities, for example in asymmetries in leverage and resources among actors. We

discuss potential extensions to address these factors in Chapter [}
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Chapter 6

Future Work

Building on the results presented here, future extensions could refine the analysis and yield
a more comprehensive understanding of cooperative behaviour under the risk of ecological
collapse. The natural next step is to extend the model to larger groups with N > 2 agents,
given that real-world climate dilemmas typically involve many interacting actors. As dis-
cussed previously, varying parameters such as the enhancement factor (which modulates
how favourable mutual cooperation is), the ecological collapse impact m, and the collapse
leverage could be insightful. In the present work, partial observability was implemented
as a deterministic reduction of the state space. We could extend this analysis to include
noisy observations, allowing us to investigate the effects of graded uncertainty, similar to
the approach of Mondal and Chakraborty [22]. Finally, collective action in response to en-
vironmental challenges is complicated by asymmetries among actors in their risk exposure,
resource endowments, and influence over shared outcomes. Incorporating such inequalities
into the present framework could provide insights into how these factors shape the emergence

of cooperation.
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Chapter 7

Conclusion

This thesis extends the Ecological Public Goods framework to investigate how information
availability shapes cooperation in intertemporal collective-risk dilemmas. Using a partially
observable, deterministic limit of temporal-difference learning, we simulated adaptive be-
haviour of agents under four informational regimes: complete, ecological-only, social-only,
and none. We systematically examined the strategies that emerge, their stability, and the

resulting levels of cooperation across these regimes.

For the conditions examined, we found that when agents are short-sighted, neither eco-
logical nor social information alone can sustain cooperation, but their combination can. In
contrast, when agents possess sufficient foresight, ecological cues alone are enough to main-

tain cooperation, while the addition of social feedback could lead to coordination failures.
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