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Abstract

This thesis investigates whether tabular Q-learning can serve as a useful modeling approach
for predator-prey ecosystem simulation in the context of environmental policy design, and
compares an RL-based multi-agent simulator against classical Lotka-Volterra and Rosenzweig-
MacArthur ordinary differential equation baselines. An alternating training protocol is used
to produce learned predator and prey policies, which are evaluated across 50 random seeds
and 2000-step simulations. The results reveal a structural trade-off: policies that produce
ecologically plausible distributed predation behavior consistently fail to maintain population-
level coexistence, while the policy achieving the strongest aggregate coexistence metrics does
so through an MDP exploitation strategy driven by the geometry of the grid boundaries
rather than by ecological balance. Fitting ODE models directly to the RL population
trajectories shows that this best-performing checkpoint operates in a qualitatively different
dynamical regime: the fitted predator equilibrium is approximately 120 times higher than
the value predicted by the RL-calibrated baseline under uniform-mixing assumptions, and
the oscillations visible in the RL trajectories are stochastic demographic noise rather than
deterministic ecological cycles. The overall finding is that tabular Q-learning can approximate
some classical predator-prey signatures at the aggregate level, but cannot combine ecological
realism, robustness, and stable coexistence within a single learned solution. Q-learning in
the presented setup is therefore not yet sufficient for policy-oriented ecological modeling, but
provides a complementary diagnostic framework for exposing structural failure modes that
aggregate models cannot represent.
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1 Introduction

1.1 Context and motivation

Environmental policy creation increasingly depends on decision-support tools that can organize
ecological knowledge, structure uncertainty, and assist experts in evaluating alternative courses
of action. In this context, ecological decision support systems (DSSs) have been used to support
environmental management by combining scientific models and data to help expert judgment
guide planning and intervention [10]. Traditionally, these systems have assisted with tasks such as
resource management, conservation planning, environmental monitoring, and impact assessment;
they provided a structured way to connect ecological understanding with a more practical decision-
making process [10, 35]. Their value lies not in replacing human expertise, but in improving
the consistency, transparency, and scalability of environmental decisions in settings where many
interacting variables must be considered.

However, the need for stronger and more flexible DSSs has grown as environmental problems
have become increasingly complex. Contemporary ecological challenges are rarely isolated or
static; instead, they emerge from tightly coupled human-environment systems shaped by habitat
loss, biodiversity decline, land-use change, climate change, and long-term human pressure. As a
result, environmental policy must often be designed under uncertainty, limited observability, and
even changing ecological dynamics. These are conditions that make simple or rigid support tools
progressively less adequate [35, 13, 7]. In other words, policy-makers need systems that perform
better at capturing dynamic interactions, anticipate indirect effects, and remain useful even when
ecological relationships are nonlinear, context-dependent, or only partially understood [13, 11, 4].

This challenge has motivated increasing interest in the use of artificial intelligence within eco-
logical decision support. AI methods can process large and heterogeneous datasets, identify hidden
patterns, and support adaptive decision-making in complex environments [28]. In biodiversity
conservation and environmental management, AI has already been proposed to improve prioriti-
zation, monitoring, and long-term planning, especially in problems where uncertainty and scale
make purely manual analysis difficult [28, 19]. Among AI methods, reinforcement learning is
especially relevant because it is explicitly designed for sequential decision-making under uncertainty.
Rather than only fitting patterns from static data, reinforcement learning allows an agent to learn
policies through interaction with an environment, making it a particularly promising framework
for settings in which decisions influence future ecological states over time [19, 6]. For this reason,
reinforcement learning is increasingly being considered as a useful foundation for next-generation
environmental DSSs, especially in domains where adaptation, feedback, and long-term consequences
are central to the problem itself [23, 24, 28].

1.2 Problem statement

Ecological systems are inherently difficult to model; their behavior emerges from many interacting
processes that are often nonlinear, context-dependent, and variable over time. Population growth,
species interactions, resource competition, and environmental feedback, among others, do not
usually evolve in simple proportional ways. Instead, small changes in one part of the system can
generate disproportionately large or delayed effects elsewhere [13, 7, 11, 33].

Traditional ecological modeling approaches have consistently provided an essential foundation for
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understanding these systems, mainly through equation-based methods such as ordinary differential
equation models, logistic growth models, and predator-prey systems. These approaches are
valuable because they are mathematically interpretable, analytically tractable, and often useful for
capturing broad population-level tendencies. However, they rely heavily on assumptions that, in
real ecosystems, are often only partially satisfied, which limits the extent to which classical models
can fully represent complex ecological behavior [13, 8, 4].

These limitations become particularly important when those ecological models are used to
support policy design. Environmental policy decisions are rarely made in stable and fully observable
contexts; therefore, their usefulness as a decision-support tool is reduced. In such cases, policy
recommendations may become overly sensitive to hidden assumptions, may fail to anticipate indirect
or delayed consequences, or may inadequately reflect the adaptive nature of ecological systems
themselves [13, 11, 4].

This motivates the exploration of more flexible modeling approaches that can better accommo-
date stochasticity, partial observability, and adaptive ecological dynamics. In particular, models
that learn from interactions with the environment rather than depending entirely on pre-specified
analytical structure may offer a useful complement to classical ecological methods [33, 9, 7].

1.3 Research objective

The objective of this thesis is to investigate whether reinforcement learning can serve as a useful
modeling approach for ecosystem simulation in the context of environmental policy design. More
specifically, the thesis aims to evaluate whether an RL-based predator-prey simulation can comple-
ment or improve upon classical ecological models. Traditional ecological approaches, particularly
equation-based models such as ordinary differential equation (ODE) systems, remain highly valuable
due to interpretability and analytical clarity, but struggle to capture the full complexity of real
ecological systems [13, 7]. Reinforcement learning, by contrast, offers a framework in which agents
learn through interactions with the environment, making it especially relevant for systems in which
behavior, feedback, and environmental variability are central components [6, 24].

Accordingly, this thesis focuses on the development and evaluation of an RL-based ecosystem
simulator centered on predator-prey dynamics. The study is designed around a comparison between
two modeling paradigms: classical ecological baseline models based on ODEs, and a grid-based
RL environment in which predator and prey agents learn and interact under partially observed
conditions. Through this comparison, the thesis seeks to determine not only whether reinforcement
learning can reproduce meaningful ecological dynamics, but also whether it may provide a stronger
basis for policy-oriented ecological simulation [28, 19, 24].

In this sense, this thesis’s contribution is dual. First, it develops a computational framework
for studying predator-prey ecosystems through reinforcement learning. Second, it evaluates that
framework against established ecological modeling approaches to assess its scientific and practical
relevance for environmental decision support. Rather than treating reinforcement learning as a
replacement for classical ecological theory, the thesis explores whether it can act as a flexible
complementary tool for simulating ecological systems whose dynamics are difficult to specify fully
in advance [10, 28, 24].
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1.4 Research question and sub-questions

Based on the motivation and objective of this thesis, the central research question is:

How effective are reinforcement learning methods, compared to classical ecological
models, in supporting ecosystem policy design?

This question reflects the main purpose of the study: to evaluate whether reinforcement learning
can provide a useful and scientifically meaningful alternative or complement to equation-based
ecological modeling in a policy-relevant context. The comparison is not only concerned with
predictive performance, but also with the ability of the models to represent adaptive ecological
behavior, remain robust under environmental variability, and generate insights that are relevant for
conservation-oriented decision-making [28, 13, 24].

To operationalize this broader question, the thesis addresses the following sub-questions:

1. How accurately can Q-learning agents reproduce population dynamics in a preda-
tor–prey ecosystem compared to classical models?

2. How robust are the RL-derived population policies under noisy or perturbed
environmental conditions, and how do they align with conservation objectives
such as species survival?

Together, these sub-questions structure the empirical part of the thesis. The first focuses on
whether RL-based simulation can replicate meaningful ecological dynamics relative to established
baseline models, while the second examines whether the learned behaviors remain useful when
the system is subjected to uncertainty or perturbation. This distinction is important because,
in ecological policy settings, a model must not only produce plausible dynamics under idealized
conditions, but also remain informative when the environment becomes more variable and less
predictable.

1.5 Scope of the thesis

This thesis examines the use of reinforcement learning for ecosystem simulation in a policy-relevant
ecological setting. The work includes the design of a grid-based simulation environment, the
implementation of Q-learning agents, and a comparison between this RL-based approach and
classical ecological models based on ODEs. Within this scope, the thesis evaluates whether RL can
reproduce meaningful ecological dynamics and provide useful insights for decision-support [28, 13].

At the same time, the thesis does not aim to produce a fully realistic ecological model of
natural systems, nor does it aim to deliver direct policy recommendations for specific environmental
cases. The simulator is intended as a research-oriented approximation rather than as a complete
ecological forecasting or management tool. Likewise, the work does not attempt to cover all possible
ecological relationships, species types, or environmental processes, but instead restricts itself to a
predator-prey setting to keep the study analytically and computationally manageable. Although
the broader reinforcement learning literature includes more advanced multi-agent methods, this
thesis is primarily centered on tabular Q-learning as a first comparative framework.

These boundaries are intentional and appropriate to the aims of the study. As a bachelor’s thesis,
the project is designed as a focused comparative investigation rather than a complete ecological
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decision-support platform. Its purpose is to test whether reinforcement learning can serve as a
meaningful complementary modeling approach in a controlled ecosystem setting, and to evaluate
this potential against established classical baselines. By limiting the study to a clearly defined
interaction structure, selected benchmark systems, and a manageable RL implementation, the
thesis aims to maintain both methodological clarity and practical feasibility while still contributing
to the broader discussion on AI-supported ecological modeling and environmental policy design
[10, 28].

1.6 Thesis structure

Section 2 presents the theoretical background and related work relevant to the study. It introduces
classical ecological modeling approaches, including predator-prey and population-dynamics models,
discusses their main limitations in complex ecological settings, and reviews the foundations of
reinforcement learning and its use in ecological and environmental applications. Section 3 describes
the methodology of the thesis, including the overall comparative framework, the classical ODE
baselines, the reinforcement learning setup, the case-study orientation, and the evaluation criteria
used in the analysis.

Section 4 describes the experimental setup, including the simulation settings, training con-
figurations, benchmark scenarios, and comparison procedures. Section 5 reports the results of
the experiment, focusing on the behavior of the RL-based ecosystem simulation, its comparison
with classical ecological models, and its robustness under different conditions. Finally, Section
6 discusses the implications of the findings, the main limitations of the study, and the extent to
which reinforcement learning can contribute to ecological modeling and policy-oriented simulation.
Section 7 concludes the thesis by summarizing the main results, answering the research question,
and outlining directions for future work.

2 Background and Related Work

2.1 Classical ecological modeling

2.1.1 Population dynamics

Population ecology is concerned with understanding how and why the size of biological populations
changes over time. At its core, the field studies processes such as birth, death, competition,
and resource limitation, and seeks to describe how these processes shape the growth, decline, or
stabilization of populations. The development of population ecology was closely tied to the rise of
theoretical and mathematical ecology, in which ecological systems began to be represented through
formal quantitative models rather than only descriptive biological observation [18].

One of the foundational ideas in this development was that population growth cannot continue
indefinitely. Early simple models of growth often assumed that the rate of increase of a population
was proportional to its current size, which yields exponential growth. In its simplest continuous
form, this can be written as:

dN

dt
= rN (1)
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where N denotes population size and r is the intrinsic growth rate. This equation describes
unrestricted growth, meaning that the larger the population becomes, the more rapidly it grows.
Although useful at first approximation, such a model is ecologically unrealistic in most natural
systems.

The introduction of natural constraints led to one of the most influential ideas in population
ecology: the logistic growth model. Rather than assuming unlimited exponential increase, the logistic
model incorporates the idea that growth slows as the population approaches an environmental
limit. This limit is known as the carrying capacity, commonly denoted by K, and represents the
maximum population size that the environment can sustain under given conditions [17, 5]. The
logistic model is typically written as:

dN

dt
= rN

(
1− N

K

)
(2)

This equation introduces density dependence into ecological modeling. When N is small relative
to K, the term 1 − N

K
is close to 1, and the population grows approximately exponentially. As

N approaches K, the term becomes smaller, slowing growth until the net rate of change tends
towards zero. In this sense, the logistic model captures the idea that population dynamics depend
not only on intrinsic reproductive potential, but also on environmental limits and feedback from
population density itself [17, 5].

As population ecology developed further, these basic models became the starting point for more
elaborate frameworks. Researchers extended growth equations to account for more realistic ecological
settings, including delayed feedback, migration, structured populations, and interactions between
multiple species. In this sense, the logistic model was not the endpoint of classical ecological
modeling, but rather the beginning of a broader tradition in which ecological processes were
expressed through differential equations and analyzed as dynamical systems [18, 7]. Modern studies
continue to show that density-dependent growth remains a useful conceptual and mathematical
tool, even though real ecological systems often depart from the simplest assumptions of constant
carrying capacity or homogeneous population structure [5].

2.1.2 Predator-prey models

While population dynamics models describe how a single population changes over time, many
ecological systems cannot be understood by studying species in isolation. In nature, populations
are embedded in networks of interaction in which the growth or decline of one species depends on
the presence of others. Among these interactions, the predator-prey relationship is one of the most
central and widely studied in ecology. Predator-prey models aim to capture how the consumption
of prey by predators influences the dynamics of both populations, often generating oscillatory or
cyclic behavior over time [29, 18].

A useful way to represent these models is to extend the single-population growth framework
into an interacting two-population system. Let N denote the prey population and P the predator.
A general prey-predator interaction can be expressed as:

dN

dt
= f(N)− g(N,P ) (3)
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dP

dt
= h(N,P )−m(P ) (4)

Here, f(N) represents prey growth in the absence of predation, g(N,P ) represents prey loss
due to predator interaction, h(N,P ) is predator growth supported by prey consumption, and
m(P ) represents predator mortality. This formulation is deliberately general, but it shows the key
conceptual shift from single-species population ecology to interaction-based: population change is
no longer determined only by internal reproduction and resource limitation, but also by cross-species
dependence.

Predator-prey models became important not only because they explained ecological cycles,
but also because they provided a mathematically tractable way to study regulation, instability,
coexistence, and extinction. In many cases, they serve as a minimal framework for analyzing how
local interactions can produce system-level ecological behavior [29]. Over time, the basic predator-
prey framework has been extended to include more realistic assumptions, such as resource limits,
migration, nonlinear response functions, stochasticity, and even role reversal or context-dependent
interaction structure, all of which reflect the fact that real ecological systems often deviate from
the simplest assumptions of early models [15, 29].

2.1.3 Lotka–Volterra and related ODE approaches

The most influential classical formulation of predator-prey dynamics is the Lotka-Volterra model,
which became one of the foundation systems of theoretical ecology. Building on the broader
development of population ecology, Lotka-Volterra equations provided a compact mathematical
description of how two interacting populations can influence one another over time. Their importance
lies not only in their historical role, but also in the fact that they established the basic equation-
based framework through which predator-prey interactions have often been analyzed ever since
[18, 29].

In its standard form, the Lotka-Volterra predator-prey system assumes that the prey population
grows exponentially in the absence of predators, while the predator population declines exponentially
in the absence of prey. The interaction between the two populations is then modeled through a
bilinear term representing encounters between predator and prey. The classical equations are:

dN

dt
= αN − βNP (5)

dP

dt
= δβNP − γP (6)

where N denotes prey population, P predator population, α the prey intrinsic growth rate,
β the predation rate coefficient, δ the predator conversion efficiency (the fraction of consumed
prey biomass converted into predator growth), and γ the predator mortality rate. Together, these
equations describe a simple feedback structure: prey increase supports predator growth, while
predator pressure reduces prey abundance.

One of the main reasons for the enduring influence of the Lotka-Volterra model is that it math-
ematically captures cyclical predator-prey dynamics. It provides a clear baseline for understanding
how interaction alone can generate oscillatory behavior, and it helped establish the idea that
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ecological systems can be studied as dynamical systems governed by coupled differential equations
[18, 29].

For this reason, many related ODE approaches have extended the Lotka-Volterra framework to
incorporate more realistic ecological behavior. One common modification is to replace unrestricted
prey growth with logistic growth, thereby introducing carrying capacity into the predator-prey
system:

dN

dt
= rN

(
1− N

K

)
− βNP (7)

dP

dt
= δNP − γP (8)

This extension is important because it connects predator-prey dynamics to the density-dependent
reasoning introduced earlier in population ecology. By including the carrying capacity K, the prey
population is no longer assumed to grow without bound, which makes the model more ecologically
plausible in many settings [5, 29]. Other extensions have further modified the framework to include
migration, alternative functional responses, heterogeneous interaction structure, or more complex
stability conditions, reflecting the fact that classical ecological modeling has continuously evolved
beyond the simplest two-equation system [32, 1].

These related ODE approaches remain highly relevant because they provide interpretable
and widely accepted ecological baselines. They allow researchers to study equilibrium behavior,
oscillations, and stability in a transparent mathematical framework, and they continue to serve as
a reference point for more complex ecological models.

2.2 Limitations of classical ecological models

Classical ecological models have played a central role in the development of theoretical ecology as they
provide interpretable and mathematically structured representations of population and ecosystem
dynamics. By reducing ecological systems to a manageable set of variables and relationships, they
make it possible to analyze growth, interaction, equilibrium, and stability. However, this same
abstraction also creates limitations. Ecological systems are not only complex but also often shaped
by feedback mechanisms, uncertainty, and context-specific interactions that are difficult to capture
fully within simplified equation-based frameworks. As a result, classical models are highly valuable
as conceptual and analytical tools, but their descriptive and predictive power may weaken when
they are applied to real systems whose behavior departs from the assumptions on which these
models are built [13, 8, 7].

One major limitation is that ecological interactions are frequently nonlinear. In real ecosystems,
the effect of one variable on another is rarely constant across all conditions. Species interactions can
also vary over time, meaning that ecological relationships are often dynamic rather than stationary.
This poses a challenge for classical models that rely on fixed functional forms and stable parameter
assumptions. Although such formulations are mathematically convenient, they may fail to capture
the changing structure of ecological interactions observed in practice [11, 33, 9].

A second limitation concerns stochasticity and uncertainty. Many classical ecological models
are deterministic, meaning that the same initial conditions always produce the same trajectory.
Natural ecosystems, however, are influenced by random fluctuations in weather, resource distribution,
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disease, migration, and demographic events. These stochastic components can substantially alter
population outcomes, especially over long time horizons or in systems with sensitive interaction
structures. This is particularly problematic when the model is used to support ecological inference
or policy-relevant decision-making, since environmental decisions often must be made precisely
under uncertain and changing conditions [13, 33, 11].

Classical ecological models also struggle with hidden assumptions, heterogeneity, and context
dependence. Many equation-based formulations implicitly assume homogeneous populations,
simplified interaction mechanisms, or fixed causal structure. What appears to be a general
ecological law in one setting may fail in another because the underlying structure of the system has
changed. Banitz et al. argue that model-derived explanations are often constrained by assumptions
that remain hidden beneath the formal structure of the model, which limits how confidently such
explanations can be generalized beyond the conditions under which the model was developed [4].

These issues become even more significant when ecological models are considered as tools
for environmental policy support. Policy design requires models that remain informative under
incomplete information, uncertainty, and perturbation, and that can help decision-makers reason
about long-term consequences rather than only idealized system behavior. If the model cannot
represent shifting dynamics, stochastic influences, or adaptive ecological responses, then its usefulness
for decision support is reduced. This does not mean that classical models should be discarded;
rather, it means that their strength in interpretability and analytical clarity must be weighed against
the fact that they may not adequately represent all the features that matter in policy-relevant
ecological systems [13, 4, 11].

For this reason, the limitations of classical ecological models motivate exploring better-suited
complementary approaches to dynamic, uncertain, and partially observable environments. In
particular, there is increasing interest in modeling frameworks that can adapt to feedback from the
system itself rather than relying entirely on prespecified equations and fixed interaction structures.
This is one of the main motivations for considering reinforcement learning in ecological simulation:
not because classical ecological models lack value, but because more adaptive approaches may
represent certain ecological features more flexibly in settings where complexity and uncertainty are
central to the problem.

2.3 Reinforcement learning foundations

2.3.1 Markov Decision Processes

A large part of reinforcement learning is built on the formalism of the Markov Decision Process
(MDP), which provides a mathematical framework for sequential decision-making under uncertainty.
In contrast to static prediction problems, where a model maps inputs directly to outputs, reinforce-
ment learning considers settings in which an agent repeatedly interacts with an environment over
time. At each step, the agent observes the current situation, selects an action, receives a reward,
and then transitions to a new situation. The objective is not simply to maximize immediate reward,
but to learn a sequence of decisions that yield high cumulative reward over time. This makes the
MDP framework particularly suitable for problems in which actions have delayed consequences and
the quality of a decision depends on how it affects future system states.

Formally, an MDP is typically defined as a tuple.
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M = (S,A, P, R, γ) (9)

where S is the set of possible states, A is the set of possible actions, P is the transition function,
R is the reward function, and γ ∈ [0, 1] is the discount factor. The state space S represents all
situations the agent may encounter, while the action space A contains all actions available to the
agent. The transition function specifies how the environment evolves after an action is taken, and
the reward function quantifies the immediate utility of a state-action transition. The discount
factor determines how much future rewards are valued relative to immediate rewards.

More precisely, the transition dynamics are defined through conditional probabilities of the
form:

P (s′ | s, a) = Pr(St+1 = s′ | St = s, At = a) (10)

which describe the probability of moving to state s′ after taking action a in state s. This
probabilistic formulation is essential because many environments are stochastic: the same action in
the same nominal state does not always produce the same outcome. Similarly, the reward function
may be written as

R(s, a, s′) = E[Rt+1 | St = s, At = a, St+1 = s′] (11)

so that rewards depend on the state, the chosen action, and optionally the resulting next state.
Together, these elements define the dynamics of the decision problem.

A policy specifies the behavior of the agent. In general, a policy is a mapping from states to
actions, or more generally, to a probability distribution over actions. A deterministic policy may be
written as

π(s) = a (12)

while a stochastic policy is written as

π(a | s) = Pr(At = a | St = s) (13)

Reinforcement learning aims to find a policy that maximizes the expected cumulative reward.
This cumulative reward is usually expressed as the return

Gt =
∞∑
k=0

γkRt+k+1 (14)

which is the discounted sum of the future rewards from time step t onward. Discounting serves
two purposes: it makes the infinite-horizon sum finite when rewards continue indefinitely, and it
encodes a preference for rewards obtained sooner rather than later.

The defining assumption of an MDP is the Markov property, which states that the future
depends on the present state and action, but not on the full history beyond what is already encoded
in the present state. Formally, this means

Pr(St+1, Rt+1 | St, At, St−1, At−1, . . . , S0, A0) = Pr(St+1, Rt+1 | St, At) (15)
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This assumption is central because it allows sequential decision problems to be represented
compactly: if the current state contains all relevant information, then an optimal decision can be
chosen based on that state alone. In practice, however, many real systems are only approximately
Markovian. The quality of the MDP formulation, therefore, depends on whether the chosen
state representation captures enough information about the environment to make future outcomes
predictable in this restricted sense.

In reinforcement learning, several important quantities are defined relative to a policy π. The
state-value function gives the expected return from a state under that policy:

V π(s) = Eπ[Gt | St = s] (16)

Similarly, the action-value function gives the expected return from taking action a in state s
and then following policy π:

Qπ(s, a) = Eπ[Gt | St = s, At = a] (17)

These functions are fundamental because they provide a quantitative basis for comparing
different actions and policies.

2.3.2 Q-learning

Among the classical reinforcement learning algorithms, Q-learning is one of the most important
and widely used model-free methods. Its significance lies in the fact that it allows an agent to
learn an effective decision policy directly from experience, without requiring prior knowledge of
the transition probabilities or reward dynamics of the environment. Instead of solving the MDP
analytically from a complete system model, Q-learning estimates the values of taking a given action
in a given state through repeated interaction with the environment [36].

More precisely, Q-learning seeks to approximate the optimal action-value function Q∗(s, a),
which represents the maximum expected return obtainable by taking action a in state s and
thereafter following the best possible policy. This function satisfies the Bellman optimality
equation:

Q∗(s, a) = E
[
Rt+1 + γmax

a′
Q∗(St+1, a

′) | St = s, At = a
]

(18)

This equation expresses a recursive relationship: the optimal value of a state-action pair is equal
to the immediate reward plus the discounted value of the best action available in the next state. In
principle, if Q∗(s, a) were known exactly, then an optimal policy could be obtained by selecting the
action with the highest value in each state:

π∗(s) = argmax
a

Q∗(s, a) (19)

The challenge is that Q∗(s, a) is generally unknown in advance and must therefore be learned
from interaction. Q-learning addresses this by iteratively updating a table or function approximation
of action values based on sampled transitions. Given a transition (s, a, r, s′), the Q-learning update
rule is

Q(s, a)← Q(s, a) + α
[
r + γmax

a′
Q(s′, a′)−Q(s, a)

]
(20)
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where α ∈ (0, 1] is the learning rate, r is the reward observed after taking action a in state s,
and γ is the discount factor. The term inside the bracket is knows as the temporal-difference (TD)
error:

δt = r + γmax
a′

Q(s′, a′)−Q(s, a) (21)

This error measures the discrepancy between the current value estimate and a one-step bootstrap
target formed from the observed reward and the estimated value of the next state. Intuitively, if
the observed transition suggests that the chosen action was better than expected, the Q-value is
increased; if it was worse than expected, the Q-value is decreased.

An important feature of Q-learning is that it is off-policy. The update uses the value of the
best next action through the maximization term maxa′ Q(s′, a′), regardless of which action the
agent actually follows during behavior. This means that the policy used to generate experience
may differ from the greedy policy learned. In practice, this is particularly useful because the agent
must continue to explore the environment while also improving its value estimates. A common
strategy is the ϵ-greedy policy, in which the agent selects a random action with probability ϵ and
otherwise selects the action with the highest current Q-value:

π(a | s) =

{
1− ϵ+ ϵ

|A| , if a = argmaxa′ Q(s, a′)
ϵ

|A| , otherwise.
(22)

This exploration mechanism is essential because the agent can only learn accurate action values
for state-action pairs that it visits sufficiently often. If the policy becomes greedy too early, it may
converge to suboptimal behavior simply because it has not explored enough of the environment.
Conversely, excessive exploration may slow convergence. The balance between exploration and
exploitation is therefore one of the key practical issues in applying Q-learning.

For this thesis, tabular Q-learning is particularly appropriate as an initial reinforcement learning
framework. First, it provides a transparent and interpretable baseline that fits well with the
comparative nature of the study. Second, its update mechanism is mathematically simple and
directly grounded in the MDP formalism introduced earlier. Third, it allows the behavior of
predator and prey agents to be analyzed through explicit action-value estimates rather than
through a less interpretable black-box model. In the EcoSim environment, Q-learning is used
to allow agents to learn ecological behavior from repeated interaction with a grid-based world,
where state representations encode local environmental conditions, and rewards reflect ecological
objectives such as survival, resource acquisition, and system stability. In this sense, Q-learning
serves as the first step in evaluating whether adaptive agent-based learning can provide a meaningful
alternative or complement to classical ecological equation-based modeling.

2.3.3 Multi-Agent reinforcement learning

While standard reinforcement learning is typically formulated for a single agent interacting with an
environment, many real systems involve multiple decision-making entities whose behavior affects
one another. In such settings, the environment is no longer passive from the perspective of each
agent; part of the environment consists of other agents, each of which may also be learning and
adapting over time. This gives rise to the framework of multi-agent reinforcement learning (MARL),
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in which several agents simultaneously interact within a shared environment and learn policies
based on individual or collective reward signals [16, 14].

Formally, MARL extends the reinforcement learning setting by introducing multiple agents
i ∈ 1, . . . , n, each with its own action and potentially its own observation, reward, and policy.
At time step t, the system is in some global state s ∈ S, and each agent selects action ai ∈ Ai.
Together, these form a joint action

a = (a1, a2, . . . , an) (23)

which determines the next state and the rewards received by the agents. The transition dynamics
can therefore be written as

P (s′ | s, a1, a2, . . . , an) (24)

Similarly, each agent may receive its own reward function Ri(s, a, s
′), or in cooperative settings,

agents may share a common reward. The main difference from the single-agent case is that the
outcome of an action now depends not only on the current environment state, but also on the
simultaneously chosen actions of the other agents.

This creates one of the central challenges of MARL: non-stationarity. In single-agent reinforce-
ment learning, the environment is typically assumed to have fixed transition and reward dynamics.
In multi-agent settings, however, the effective environment faced by one agent changes as the
policies of other agents change during learning. From the perspective of any individual learner, the
transition dynamics therefore appear non-stationary, even if the global system itself follows fixed
rules [16, 14]. This makes convergence substantially more difficult, since an agent must learn in an
environment whose behavior is itself evolving.

A common formalism for MARL is the stochastic game, also known as a Markov game, which
generalizes the MDP to multiple agents. A Markov game can be represented as a tuple:

G = (S,A1, . . . ,An, P, R1, . . . , Rn, γ), (25)

where S is the state space, each Ai is the action space of agent i, P is the transition function
over joint actions, Ri is the reward function for agent i, and γ is the discount factor. In this setting,
each agent seeks to optimize its own expected discounted return, which may depend strongly on the
evolving behavior of the others. The policy of agent i can be written as πi(ai | oi), where oi denotes
the local observation available to the agent. This is especially important in partially observable
environments, where agents do not directly observe the full global state.

Although many modern MARL methods rely on deep neural networks, the conceptual foun-
dations also apply to tabular settings. In a tabular multi-agent setup, each agent may maintain
its own value estimates and update them through local experience, even though the environment
dynamics depend on the joint behavior of all agents. This kind of setup is particularly appropriate
for a proof-of-concept ecological simulator such as the one developed in this thesis, where predator
and prey agents interact repeatedly in a shared grid-based environment. Each species learns from
local outcomes, but the ecological dynamics emerge from the collective interaction of all agents. In
this sense, MARL provides the formal bridge between standard single-agent Q-learning and the
adaptive predator–prey ecosystem simulation used in this study [24, 16].
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2.4 Agent-based ecosystem simulation

Agent-based simulation provides an alternative modeling paradigm to aggregate equation-based
ecological approaches by representing ecological systems from the perspective of individual entities
and their local interactions. Instead of describing population change only through global state
variables and differential equations, agent-based models (ABMs) represent systems as collections of
autonomous agents that perceive, act, and interact within an environment. System-level ecological
behavior then emerges from the repeated local decisions of these agents. This bottom-up perspective
is especially useful in ecological settings where spatial structure, local interaction, heterogeneity,
and adaptive behavior play an important role in shaping overall dynamics [21, 37].

A central strength of agent-based ecosystem simulation is that it allows ecological complexity
to be represented more explicitly at the micro level. Individual organisms can differ in location,
internal state, behavior, or access to resources, and these differences may influence how the larger
system evolves. In contrast to classical population models, which typically describe populations as
homogeneous aggregates, agent-based simulation can preserve variation between entities and thereby
represent ecological processes that depend on local conditions or decentralized interaction. This is
particularly important in ecosystems where movement, neighborhood effects, spatial exclusion, and
resource competition contribute significantly to population-level outcomes [37, 20].

Agent-based models have become increasingly important in ecology because they are well-suited
for representing systems in which global dynamics arise from local ecological rules. Rather than
imposing a single equation for the whole population, the model designer specifies behavioral rules
for individual agents and environmental processes, and then studies the emergent consequences of
those repeated interactions. This makes ABMs especially relevant for ecosystems with adaptive
organisms, spatially distributed resources, and complex feedback loops, where aggregate equations
may conceal the mechanisms through which ecological patterns actually arise [21, 20]. In this sense,
agent-based simulation is not simply a computational alternative to classical ecology, but a different
modeling perspective that prioritizes process, interaction, and emergence.

The concept of emergence is particularly important in this context. In ecological systems, many
large-scale patterns are not directly imposed, but arise from repeated local interactions among
organisms and between them and their environment. Population cycles, clustering, competition
effects, and spatial self-organization may all emerge from simple rules operating at the level of
individuals. Levin emphasizes that ecological complexity is often the result of self-organization across
scales, meaning that system-level regularities cannot always be understood solely by examining
aggregate variables in isolation [20]. Agent-based simulation is especially valuable precisely because
it provides a way to study such emergent behavior computationally.

For ecological applications, agent-based simulation also offers a natural way to incorporate
spatial and behavioral realism. Agents may move across explicit environments, consume resources
locally, compete for territory, reproduce under local constraints, or respond to nearby threats. These
features make ABMs particularly suitable for predator-prey systems, where ecological outcomes
depend strongly on encounters, movement, local density, etc. As a result, agent-based ecosystem
simulation has become a useful framework for studying ecological dynamics that are difficult to
represent cleanly through fully aggregated equations alone [21, 37].
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2.5 Reinforcement learning in ecology and environmental management

Reinforcement learning has become increasingly relevant in ecological and environmental research
because many problems in these domains can naturally be framed as sequential decision-making
under uncertainty. In environmental systems, decisions often have long-term consequences, must
be taken with incomplete knowledge of future conditions, and involve trade-offs between short-
term gains and long-term system stability. This makes RL especially attractive since its central
objective is to learn policies that maximize cumulative reward through repeated interaction with
an environment rather than through static one-step prediction alone [19, 23].

A major reason for this relevance is that ecological and environmental management problems
are often dynamic and feedback-driven. Conservation planning, natural-resource management,
ecosystem monitoring, and intervention design all involve actions whose effects unfold over time
and may alter the future state of the system. Unlike classical optimization methods that assume
a fixed decision context, RL explicitly accounts for the fact that current decisions shape future
opportunities and constraints. This makes it well-suited to settings where management must adapt
to changing system states, uncertain outcomes, and nonlinear ecological responses [28, 19].

Within ecology, more specifically, RL has been proposed not only as a tool for management
and policy support but also as a framework for studying adaptive behavior in ecological systems
themselves. The idea of ecological reinforcement learning emphasizes that learning agents and
ecological environments are deeply connected: the structure of the environment, the distribution
of resources, and the costs and rewards of behavior all affect what strategies are learned and how
adaptation unfolds over time [6]. From this perspective, RL is not merely a computational technique
applied to ecology from the outside but a framework capable of representing ecological interaction,
adaptation, and feedback in a formally consistent way.

This becomes especially relevant in predator-prey systems, where the behavior of one species
directly shapes the strategic environment of the other. Recent studies have shown that reinforcement
learning can be used to simulate prey-predator interaction in a way that produces adaptive and
ecologically meaningful dynamics. Park et al., for example, model predator and prey populations as
learning agents and show that co-learning can generate oscillatory population behavior resembling
classical ecological cycles [24]. Such work is important because it suggests that RL-based ecosystem
simulation may capture aspects of ecological interaction that are difficult to specify fully in advance
through fixed equations alone, especially when behavior depends on repeated feedback from the
environment.

At the same time, reinforcement learning has also attracted interest in environmental manage-
ment because it can support decisions in settings characterized by uncertainty, delayed outcomes,
and limited resources. In conservation, for example, RL has been used to study action selection
under budget constraints and uncertain ecological dynamics, showing that learned policies may
provide flexible alternatives to static intervention rules [19]. More broadly, AI-based methods have
been proposed as tools to improve biodiversity protection by supporting prioritization, prediction,
and decision-making in complex systems where the scale of the problem exceeds what can easily
be handled through just manual analysis [28]. In this sense, RL stands at the intersection of two
important developments, the use of AI and the implementation of learning-based simulations.

Nevertheless, RL in ecology and environmental management remains an emerging area rather
than a generally used field. Many RL approaches still face challenges related to interpretability,
scalability, reward specification, and ecological realism. In addition, the success of RL models
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depends strongly on how the environment is formulated, how objectives are encoded, and how
closely the simulation learning problem reflects the ecological system of interest [6, 24]. These
limitations are important, but they do not diminish the value of RL as a research direction. Instead,
they highlight the need for comparative studies that evaluate the feasibility of its use.

2.6 Research gap and positioning of this thesis

The literature reviewed in the previous sections shows that two strong but only partially connected
traditions currently exist. On the one hand, classical ecological modeling provides a long-established
mathematical framework for describing population dynamics, predator-prey interaction, and ecosys-
tem regulation through interpretable equation-based models [18, 29, 13]. On the other hand, recent
work in RL has demonstrated that adaptive agents can be used both to study ecological interaction
and to support environmental decision making under uncertainty [6, 24, 19, 28]. However, despite
the promise of this second line of work, there is still a limited amount of research that directly
compares RL-based ecosystems and the opportunities that the new technology brings to the classical
methods in a grounded and relevant way.

More specifically, much of the classical ecological literature prioritizes interpretability, analytical
tractability, and population-level description, but often struggles with adaptive behavior, partial
observability, non-stationarity, and context-dependent interaction. Conversely, RL-based approaches
offer flexibility, feedback-driven adaptation, and the ability to model decentralized interacting agents,
but they are often studied either in abstract learning environments or in highly application-specific
management problems rather than in explicit comparison with traditional ecological baselines
[13, 4, 24]. As a result, an important gap remains between the theoretical strengths of RL and a
sequential decision-making framework and its evaluation as a scientifically meaningful alternative
or complement to well-established ecological modeling practices.

A second gap concerns the intersection between ecosystem simulation and environmental
policy support. Existing work on ecological decision support systems and AI for biodiversity
protection suggests that environmental decision-making increasingly requires tools that can deal
with uncertainty, dynamic feedback, and long-term consequences [10, 35, 28]. At the same time,
RL research in ecology has shown that learning agents can generate adaptive system behavior,
particularly in predator-prey settings [6, 24]. Yet there remains relatively little work that explicitly
asks whether RL-based simulation can help bridge these two domains: that is, whether it can
function not only as a computational learning method, but also as a plausible modeling framework
for ecological systems whose behavior matters for policy reasoning.

This thesis is positioned precisely within that gap. It does not attempt to replace classical
ecological theory, nor does it claim to build a fully realistic policy-ready ecological DSS. Instead,
it investigates whether reinforcement learning can provide a useful complementary approach for
ecosystem simulation by comparing an RL-based predator-prey model against the classical ecological
ODE baselines in a controlled setting. The focus on predator-prey dynamics provides a tractable,
but non-trivial, ecological context, while the comparison with equation-based models makes it
possible.
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3 Methodology

3.1 Research design overview

This thesis adopts a comparative modeling design to study predator-prey ecosystem dynam-
ics. It compares a classical ecological baseline, based on ordinary differential equations, with a
reinforcement-learning-based ecosystem simulator in which predator and prey agents interact within
a spatial environment and adapt their behavior. The purpose of this design is to assess whether a
learning-based simulation framework can provide a useful complementary perspective to classical
ecological modeling [13, 19].

The study is both comparative and exploratory. It is comparative because both modeling
approaches are examined within the same general predator-prey setting. It is exploratory because
the thesis does not assume in advance that one modeling paradigm is universally superior, but
instead investigates the kinds of ecological behavior each can represent and the assumptions under
which those behaviors emerge [6].

Overall, the methodology should be understood as a concept validation framework for examining
the role of reinforcement learning in ecosystem simulation. It does not attempt to replace classical
ecological models or to construct a fully realistic environmental decision-support system. Rather,
it provides a structured way to study whether an RL-based predator-prey simulator can capture
relevant ecological dynamics and offer useful insight alongside a classical aggregate baseline [17, 29,
24].

3.2 General comparison framework

The comparison is carried out in a predator-prey context and is organized around two distinct
modeling setups. The first is a classical ODE baseline that represents predator and prey populations
using continuous state variables and fixed interaction terms. The second is an RL-based simulator,
which represents the same ecological setting through individual agents, local interactions, and
learned decision-making.

The framework compares these two setups under matched ecological conditions as far as possible.
The goal is not to force exact equivalence between two practically different techniques, but to
evaluate how they differ in the dynamics they generate and in the assumptions they take.

The comparison includes both quantitative and qualitative elements. Quantitatively, it examines
outputs such as population trajectories, persistence or extinction behavior, and other measures
related to system stability. Qualitatively, it considers the overall character of the resulting dynamics,
including oscillatory behavior, coexistence patterns, and the extent to which the RL-based model
generates adaptive ecological interaction that is not directly imposed by the baseline equations
[26, 3].

3.3 Classical ecological baseline

3.3.1 Selected ODE models

The classical ecological baseline in this thesis consists of two deterministic predator-prey ODE
models implemented separately from the RL simulator. The first is the standard Lotka-Volterra
model, used as the simplest aggregate benchmark for predator-prey interaction. In this formulation,
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prey growth is modeled as exponential in the absence of predators, while predator decline is modeled
as exponential in the absence of prey. The implemented system is given by:

dN

dt
= αN − βNP (26)

dP

dt
= δβNP − γP (27)

where N denotes prey population, P predator population, α prey birth rate, β the predation
rate coefficient, and γ the predator mortality rate. This model serves as the most basic classical
reference because it captures cyclical prey-predator interaction while remaining mathematically
compact and interpretable.

The second implemented baseline is the logistic-prey model, corresponding to the Rosenzweig-
MacArthur-style extension of Lotka-Volterra. This formulation introduces prey carrying capacity
and is therefore more directly aligned with the ecological constraints built into the RL simulator.
The implemented system is

dN

dt
= rN

(
1− N

K

)
− aNP (28)

dP

dt
= eaNP − dP (29)

where r is the prey intrinsic growth rate, K the prey carrying capacity, a the attack rate, e the
predator conversion efficiency, and d the mortality rate. Relative to the standard Lotka-Volterra
system, this model adds explicit density dependence on the prey side and therefore provides a more
ecologically constrained baseline.

3.3.2 Assumptions and parameters

The ODE baseline is built on a set of assumptions that distinguish it clearly from the RL-
based simulation. First, both models are formulated in continuous time and solved numerically
deterministically. Second, predator and prey are represented as homogeneous populations, rather
than individuals. Third, the interaction coefficients are fixed throughout each simulation, so the
models do not represent adaptation, local decision-making, or time-varying ecological behavior.
Finally, spatial structure, environmental stochasticity, and individual heterogeneity are absent from
the ODE formulation. These assumptions are appropriate for a classical benchmark, but they also
delimit the ecological mechanisms that the baseline can represent [13, 8, 7].

The parameters of the two models follow their standard biological interpretations. In the Lotka-
Volterra system, the fitted parameters are prey birth rate α, predation rate β, predator conversion
efficiency δ, and predator mortality γ. The logistic-prey system shares the fitted parameters, but
with the introduction of the prey growth rate r and the prey carrying capacity K. In addition
to these ecological coefficients, the ODE analysis also specifies numerical-simulation parameters
such as solver type, tolerance settings, number of output points, initial conditions, and simulation
horizon [29, 5].

Parameter selection in the implemented ODE analysis follows two different strategies. For the
historical hare–lynx and Isle Royale case studies, parameters are obtained by numerical fitting
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using differential evolution, with model quality assessed through trajectory fit and information
criteria. For the RL-calibrated ODE scenario, parameters are instead derived analytically from
the RL simulator configuration, using approximate translations from grid-world quantities such
as carrying capacity, action radius, step horizon, and energy decay. This produces an illustrative
ODE parameterization grounded in the simulator design rather than in historical ecological data.

Methodologically, several limitations of these parameter choices are important. The logistic-prey
model does not always behave as a substantively distinct model from standard Lotka–Volterra,
since fitted carrying-capacity values can collapse toward the optimization boundary, effectively
removing the logistic constraint. Likewise, some ecological regimes, most notably the Isle Royale
wolf crash, cannot be reproduced well by either deterministic ODE model because they reflect
structural breaks outside the scope of fixed-parameter aggregate equations. Finally, the RL-
calibrated ODE parameters should be interpreted as approximate scale translations rather than as
validated ecological estimates. For this reason, the ODE baseline is used in the thesis primarily
as a classical comparative benchmark rather than as a fully realistic ecological forecasting model
[25, 30, 31].

3.4 RL-based simulation approach

3.4.1 Environment design

The reinforcement-learning-based ecosystem simulator is implemented as a discrete two-dimensional
grid-world environment in which predator and prey agents interact over time. The spatial substrate
consists of a bounded grid of size 150 × 150, where each location corresponds to a discrete cell
identified by integer (x, y) coordinates. The environment is not wrapped toroidally; instead, all
movement and lookup operations are constrained by hard spatial boundaries, so agents cannot move
beyond the limits of the grid. This design makes the simulator explicitly spatial while retaining a
relatively simple and computationally tractable structure.

At the substrate level, the environment currently implements a simplified tile-based resource
system. The two operative tile types are grass and empty. Grass tiles provide consumable energy
to prey agents and regenerate after depletion according to a fixed regrowth delay, whereas empty
tiles provide no resources. Resource regeneration is deterministic and local: once a grass tile is
consumed, it becomes unavailable for a fixed number of steps before becoming edible again. This
produces a renewable but spatially distributed food source that constrains prey movement and
survival.

The simulator advances in discrete timesteps, and ecological change occurs through repeated
update cycles. At a high level, each step consists of agent action, environmental update, and
post-action ecological processing. In the single-agent training wrapper, the main learning agent acts
first, followed by the background agents; after all actions are applied, resources regenerate, dead
agents are removed, reproduction is processed, and episode termination conditions are checked. In
the multi-agent training wrapper, all currently alive agents are first collected and randomly shuffled,
after which each acts once during the step. Resource regeneration, epsilon decay, dead-agent
cleanup, and reproduction are then processed in sequence. This means that the environment is
not dully synchronous in the strict game-theoretic sense, but rather sequential and order-sensitive,
with randomization used in the multi-agent setting to reduce systematic update bias.

Episodes begin with an environment reset, during which both the ecological substrate and the
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agent population are initialized. The tile map may either be generated procedurally according to
a predefined tile distribution or loaded from a test map. Agents are placed at random, discrete
positions on the grid. The environment supports both a single-agent training configuration, in
which one focal learning agent is embedded in a larger ecological population, and a multi-agent
configuration, in which all active agents are learning agents. Episode length is bounded by a fixed
step horizon, and episodes terminate either when the maximum number of steps is reached or when
the relevant death conditions are satisfied, depending on the wrapper used.

From an implementation perspective, the environment stores ecological state through several
coordinated data structures. These include the tile grid itself, an occupancy grid, a flat list of agents,
and a position-indexed mapping that associates grid cells with the agents currently occupying
them. Importantly, the environment allows multiple agents to occupy the same cell, meaning that
movement does not enforce exclusive spatial occupancy. Local ecological interactions are resolved
through local spatial lookup rules on the discrete grid. As a result, the environment should be
understood as a discretized spatial ecosystem with local lookup rules rather than as a physically
realistic continuous-space model.

At the ecological level, the environment incorporates several key mechanisms relevant to predator-
prey dynamics. These include renewable food sources, random initial population placement, local
offspring placement during reproduction, immediate death and removal when agents expire, and
direct predation events when predators successfully consume prey. Reproduction depends on
threshold and neighborhood conditions, while predation and death are processed directly at the
environment level to maintain consistency of the population state. Taken together, these mechanics
define the ecological substrate within which learning takes place: the RL agents do not act in an
abstract benchmark environment, but in a spatially explicit world with resource renewal, mortality,
reproduction, and species interaction.

One important methodological implication of this design is that the environment deliberately
prioritizes controlled ecological abstraction over full biological realism. The world is bounded
and discrete, resources are modeled in a simplified tile-based way, and interactions are local but
not physically continuous. These simplifications are appropriate for a proof-of-concept ecosystem
simulator because they make agent learning and population dynamics computationally manageable
while preserving the core ecological elements required for predator-prey simulation. At the same
time, they also define part of the methodological scope of the study, since any results obtained from
the simulator must be interpreted relative to this simplified but explicit environmental structure.

3.4.2 Agent types

The RL-based ecosystem simulator implements three agent classes: a shared base class, Agent,
and two species-specific subclasses, Prey and Predator. The base class defines the common
structural elements of all agents, including position, energy state, movement behavior, and the
general observation interface, while the two subclasses implement specific feeding, reproduction,
and interaction logic. There are no distinct non-learning or background subclasses; instead, both
prey and predator agents may optionally be assigned a reinforcement-learning object through a
reference field, allowing the same ecological agent class to function either as a learning agent or as
a non-learning agent depending on the training setup.

At the shared level, each agent is defined by a unique identifier, a discrete spatial position, a
species label, and an internal energy value. Agents also store a vision radius, a speed parameter, a
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reward bookkeeping field, and an optional pointer to a Q-learning object used externally by the
training system. In addition, both prey and predator agents maintain a reproduction cooldown,
which is decremented over time and constrains the frequency of reproduction events. The effective
internal survival dynamics of agents are therefore driven by energy and reproduction-related
variables rather than by a full dual-resource metabolism.

The two species differ primarily in movement speed, feeding mechanism, and reproductive
constraints. Prey agents consume grass resources from nearby tiles and use the corresponding energy
gain to maintain survival and enable reproduction. Predator agents instead consume prey agents
directly through local predation events, gaining a fraction of the prey’s energy after a successful
kill. Predators also move faster than prey, which creates an asymmetric interaction structure
consistent with their ecological role. Reproduction is implemented for both species through a sexual
pairing process requiring a nearby mate, sufficient energy, a reproduction cooldown expiry, and
a free nearby location for offspring placement. In addition to these shared constraints, the prey
population is further limited by a carrying capacity boundary that is computed as a function of the
size of the grid, approximating the constraints of a real ecosystem.

At the lifecycle level, all agents lose energy over time and through movement, and they die when
their energy falls to zero or below. Death is handled explicitly by removing the agent from the
environment’s population list, spatial position map, and occupancy grid, thereby preventing dead
agents from influencing the simulation state. When reproduction succeeds, offspring are created
as new instances of the appropriate subclass and initialized with species-specific offspring energy
values. This means that the simulation models ecological population turnover directly at the agent
level rather than through aggregate birth-death rates alone.

From a methodological perspective, the agent design reflects the hybrid character of the simulator.
Ecologically, the agents represent individual predator and prey organisms with local interaction
rules and explicit survival constraints. Computationally, they serve as the carriers of the RL
behavior when linked to a learning module. This separation between ecological embodiment and
learning control is important because it allows the same underlying ecosystem to be used under
different training configurations without redefining the species logic itself. At the same time, it also
implies that the biological realism of the model is bounded by the simplicity of the implemented
agent state, particularly in the absence of richer physiological or behavioral variables beyond energy,
spatial position, and reproduction status.

3.4.3 State representation

The reinforcement-learning agents in the simulator operate under partial observability. Rather
than accessing the full ecological state of the environment, each agent receives a compact local
observation vector derived from its own internal state and from nearby ecological features. This
design means that the RL state does not encode the complete simulator configuration, such as
global population counts, distant agents, or the full tile map. Instead, it provides a species-specific
local summary intended to support tractable decision-making.

In the current implementation, the observation vector has dimensionality six and follows a
shared structural format for both species:

o = [e, d, ∆x, ∆y, Itarget, c] . (30)

Here, e is the normalized energy level of the agent, d is the normalized distance to the nearest
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ecologically relevant target, ∆x and ∆y are normalized direction components, Itarget is a binary
target-detection indicator, and c is a binary context variable whose interpretation depends on the
species. Although the vector structure is shared, the ecological meaning of the target and of the
final dimension differs between prey and predator agents.

For prey agents, the observation uses conditional encoding. The prey vector can be written as:

oprey = [e, dprimary, ∆xprimary, ∆yprimary, Ifood, Ipred] , (31)

where (dprimary, ∆xprimary, and ∆yprimary encode either the nearest food source or the nearest
predator, depending on context), Ifood indicates whether food is sufficiently close to be considered
locally detected, and Ipred indicates whether a predator is locally detected. When Ipred = 0, the
primary distance and direction variables encode the nearest grass tile, and the prey is in foraging
mode. When Ipred = 1, the same variables encode the nearest predator, and the prey is in evasion
mode. This conditional encoding allows the same state dimensions to support both food-seeking
and directional escape behavior without increasing the size of the tabular state space.

For predator agents, the target is the nearest prey agent. The observation is therefore oriented
toward local hunting behavior. The predator vector can be written as:

opred = [e, dprey, ∆xprey, ∆yprey, Iprey, Idensity] , (32)

where dprey is the normalized Manhattan distance to the nearest prey, ∆xprey and ∆yprey encode
prey direction, Iprey is the corresponding detection flag, and Idensity is a binary prey-density indicator
that distinguishes between sparse and prey-rich local neighborhoods. Thus, both species use all
dimensions of the observation vector, but the final context variable captures different ecological
information for prey and predator agents.

Observation values are computed from local spatial queries and then normalized to the interval
[0, 1]. Energy is scaled by the maximum agent energy. Distances are computed using Manhattan
distance (|dx|+ |dy|) and then normalized by twice the vision radius. Direction components are
linearly mapped from signed offsets to the unit interval. Detection indicators are binary, but the
thresholds used to determine detection are not fully symmetric across species. Prey food detection
depends on whether the nearest grass resource lies within the action radius, whereas predator target
detection depends on whether the normalized prey distance is below a threshold of 0.5. Prey-side
predator detection is also binary and determines whether the observation is interpreted in foraging
mode or evasion mode.

Before learning, the observation vector is converted into a discrete state by the tabular Q-learning
component. Discretization is applied uniformly across both species and maps the six continuous or
binary observation components into a tuple of discrete indices. The implemented discretization
scheme is:

• energy: 5 bins

• target distance: 3 bins

• direction x: 3 bins

• direction y: 3 bins

• target detected: 2 bins
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• context variable: 2 bins

This yields a theoretical discrete state space of size:

|S| = 5× 3× 3× 3× 2× 2 = 540. (33)

The same discretization mapping is used for prey and predator agents; species differences arise
only in the way the observation vector is populated before discretization. As a result, the RL
system uses a shared tabular state architecture with species-specific ecological content.

Methodologically, this state representation provides a compact and computationally manageable
abstraction of the local ecological situation. It captures survival-relevant variables such as energy,
target proximity, coarse direction, and—for prey—an explicit predator-danger signal. At the same
time, the representation remains intentionally coarse. It excludes most global ecological information
and compresses directional information into only three bins per axis. The current design is therefore
best interpreted as a simplified local ecological state abstraction suitable for tabular learning rather
than as a complete state description of the full ecosystem.

3.4.4 Action space

The RL-based ecosystem simulator uses a discrete action space of size ten, shared by both predator
and prey agents. The action set consists of eight movement actions, one feeding action, and one
idle action. Formally, the action space can be written as:

A = {a0, a1, . . . , a9}, (34)

where a0 to a7 correspond to directional movement, a8 corresponds to eating, and a9 corresponds
to idling. The movement component is eight-directional, including the four cardinal directions
and the four diagonals. This gives agents a richer spatial control scheme rather than a purely
four-neighbor grid model and allows both predator pursuit and prey avoidance to emerge through
directional movement in a spatially explicit environment.

More specifically, the movement actions correspond to up, down, left, right, up-right, down-right,
up-left, and down-left. These actions are implemented uniformly across species, but their ecological
consequences are not fully identical because predators and prey differ in movement speed. Prey
agents use the default movement speed of 1, whereas predators move at speed 2. Since movement
energy cost scales with speed, predator movement is more expensive, reflecting the greater energetic
cost of faster locomotion. Movement actions are not pre-masked at the policy-selection stage when
they would lead outside the grid boundary; instead, such actions are allowed to be selected and
simply fail harmlessly at execution time if they would take the agent out of bounds.

The two non-movement actions are eat and idle. The idle action represents deliberate inaction
for a single timestep. The eat action is shared as an action index across both species, but its logic
is species-dependent. This is an important design choice because it preserves a common RL control
structure while still allowing species roles to differ through their interaction with the environment.

Notably, the actions do not include reproduction explicitly. Rather than being action-directed,
reproduction is handled automatically by the environment when the conditions are met. This means
that the action policy directly controls survival-oriented behavior, while longer-term population
turnover is only indirectly shaped by what the learned policy enables.
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The action-selection mechanism also includes limited action masking. In particular, the eat
action is removed from the valid action set when the discrete state indicates that no target is
currently detected. This prevents agents from repeatedly selecting the eat action in states where
no food or prey is locally available according to the observation model. No analogous masking is
used for movement actions, which means that spatially invalid movement choices remain possible
and are filtered only during execution.

Methodologically, the action space is intentionally compact. It contains enough structure to
support ecologically meaningful local behavior, movement, feeding, and inactivity, without becoming
too large for tabular Q-learning. At the same time, its simplicity also imposes limitations. Since
reproduction is not an explicit action, the agent cannot learn reproductive timing as a direct policy
choice. The action space should therefore be understood as a simplified ecological control interface
suitable for proof-of-concept spatial predator–prey learning rather than as a complete behavioral
model of real organisms.

3.4.5 Reward design

The reward system of the simulator is formulated as an event-based per-step reward function
designed to combine individual survival incentives, species-specific ecological interaction signals,
and reproductive success. At each timestep, the reward returned to the learning agent is not a
single monolithic quantity, but the sum of several possible terms activated by the agent’s action
outcome and by the ecological state observed after the action. In general form, the step reward can
be written as:

rt = rstept + reatt + rdetectt + rreprt + rdeatht (35)

where rstept is a generic step penalty, reatt is the feeding-related reward, rdetectt is a species-specific
detection term, rreprt is the reproduction reward, and rdeatht is the terminal death penalty when
applicable. Not every term is active at every step, but this decomposition describes the logic of the
implemented reward structure.

Let λs < 0 denote the generic step penalty. The base event contribution can be written as

rstept = λs (36)

This term acts as a weak pressure against inefficient behavior and encourages agents to avoid
unproductive action sequences. In addition to this base cost, the reward system includes species-
specific feeding terms. For prey agents, eating grass yields a reward proportional to the energy
gained from the consumed resource. If Egain

t denotes energy gained from food consumption and λe

the energy-reward scale, the prey feeding reward is

rpreyt,eat = λeE
gain
t (37)

For predators, successful predation yields a reward based not on the prey’s full energy but on a
fixed transferred fraction of that energy. Let Ikillt ∈ {0, 1} denote whether the eat action resulted in
a successful kill. If Eprey

t denotes the prey’s energy before consumption, then the predator’s feeding
reward is

rpredt,eat = (λe (0.25E
prey
t ) + λh) I

kill
t (38)
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where λh is the hunting success bonus, applied only when a kill occurs.
The reward system also includes species-specific detection shaping. For prey, nearby predator

detection introduces a penalty, whereas for predators, nearby prey detection introduces a bonus.
Let Idett ∈ {0, 1} denote the relevant binary detection signal. Then the detection term can be
written as

rpreyt,detect = λpI
pred det
t , λp < 0 (39)

rpredt,detect = λdI
prey det
t , λd > 0 (40)

For prey, this means that being locally exposed to predators is penalized. For predators, it
means that successfully locating prey is rewarded even before a kill count. This makes the reward
sensitive not only to consumption events, but also to ecologically meaningful awareness states.

Death is treated as the strongest negative event in the system. If the learning agent dies, a
fixed negative terminal penalty is applied. In mathematical notation, this reward can be written as

rdeatht =

{
λdeath, if the agent dies at step t,

0, otherwise
λdeath < 0 (41)

A reproduction reward is also defined using Ireprt , which denotes a successful reproduction event,
and its contribution can be written as

rreprt = λrI
repr
t , λr > 0 (42)

Combining the above components, the implemented prey and predator rewards can be summa-
rized as

rpreyt = λs + λeE
gain
t + λpI

pred det
t + λrI

repr
t + rdeatht (43)

rpredt = λs + (λe (0.25E
prey
t ) + λh) I

kill
t + λdI

prey det
t + λrI

repr
t + rdeatht (44)

These expressions represent the intended effective reward structure at the learning level, with
the note that not all terms are activated at every step.

3.4.6 Learning Algorithm

The learning component of the simulator is based on tabular Q-learning. As mentioned earlier, both
prey and predator agents use the same Q-learning class, and each learning agent is associated with
its own Q-table. States are represented as discrete tuples derived from the observation discretization
already described, and each state maps to a vector of action values over the ten-action space.
Unseen states are initialized lazily through a zero-valued default structure, which makes the learning
system sparse and state-driven [36].

The implemented update rule follows the standard off-policy Q-learning form. For a transition
(st, at, rt, st+1), the value update is

Q(st, at)← Q(st, at) + α
(
rt + γmax

a′
Q(st+1, a

′)−Q(st, at)
)

(45)
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with the bootstrap term removed when the next state is terminal. Here, α denotes the learning
rate and γ the discount factor. Action selection during training is performed using an ϵ-greedy
policy, while evaluation uses greedy action selection with exploration disabled. The implementation
also includes action masking for the eat action, which is removed from the valid action set when
the discretized state indicates that no target is currently detected.

Although the core method is standard Q-learning, the implementation contains a few additional
mechanisms that affect learning dynamics. First, when a state has no exact Q-table entry, the
policy can fall back to the nearest known state as a heuristic for action selection. Second, the
broader training setup supports policy persistence through save/load functions based on serialized
Q-tables, allowing learned policies to be reused across training phases or experimental runs. These
elements make the implementation more than a purely textbook tabular baseline, even though its
core learning rule remains standard Q-learning [16, 14].

From a methodological perspective, this choice of algorithm is appropriate for the thesis because
it provides a transparent and interpretable reinforcement learning baseline that can be directly
linked to the discretized ecological state representation. At the same time, it should be noted that
some of the theoretical convergence assumptions of single-agent tabular Q-learning are weakened in
the multi-agent setting used here, since the effective environment may become non-stationary when
multiple agents learn simultaneously. The algorithm should therefore be understood as a tractable
proof-of-concept learning method for ecological simulation rather than as a guaranteed-convergent
solution method in the full multi-agent case [36, 14, 16].

3.5 Multi-agent training setup

The training setup used in this thesis consists of two implemented protocols. The first is a 1v1
dual-agent setting in which one prey agent and one predator agent learn simultaneously in a minimal
environment. The second, and primary, protocol is an alternating training setup in which only
one focal agent learns at a time while the remaining agents act with frozen policies. This second
protocol is used to produce the final policies analyzed in the study.

In the 1v1 setting, both predator and prey maintain separate Q-tables and update them
independently after each step. The environment contains exactly one prey and one predator,
with no background population. Turn order alternates across episodes so that neither species
systematically benefits from acting first. This protocol is used as a controlled warm-up stage in
which basic pursuit and survival behavior can emerge in a simplified setting.

In the alternating training setup, learning is organized into cycles with two phases. In the
first phase, the prey agent is the only learner, and the predator population is frozen. In the
second phase, the predator agent becomes the only learner, and the prey population is frozen. The
learning environment contains one focal agent together with background prey and predator agents.
Background agents do not update their Q-values during the phase. Opponent agents use the frozen
policy inherited from the previous phase, while same-species background agents use a frozen copy
of the local learner’s policy taken at the start of the phase. This design reduces non-stationarity
during training by ensuring that only one policy changes at a time [2, 27].

Each episode follows the same basic structure. The environment is reset with a deterministic
seed, actions are executed, ecological updates are applied, reproduction is resolved, and the focal
learner performs a Q-update using the full reward returned for that step. This reward includes
action-related terms and, when reproduction occurs, the reproduction bonus as well. Episodes
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terminate when the focal agent dies or when the predefined step limit is reached. Exploration
follows an ϵ-greedy schedule, with ϵ decaying once per episode rather than once per step. During
evaluation, exploration is disabled, and the learned policy is run greedily without Q-updates.

Methodologically, the alternating protocol is the main mechanism used to make tabular Q-
learning tractable in a predator-prey setting. By freezing the opponent and same-species background
agents within each phase, the focal learner experiences a more stable environment than it would
under fully simultaneous multi-agent learning. This does not remove non-stationarity completely
across the full training process, but it reduces it substantially and makes the learned policies more
stable and interpretable for comparative analysis [2, 14].

3.6 Case studies/datasets

This thesis uses two historical ecological datasets and one synthetic calibration scenario. The
historical datasets are used exclusively for the ODE baseline, while the RL simulator is trained
and evaluated in procedurally generated environments rather than on empirical ecological records.
As a result, the case studies serve primarily as a classical reference system for parameter fitting,
qualitative comparison, and analysis of the limits of aggregate ecological models.

The first case study is the Hudson Bay hare-linx dataset, consisting of annual predator and prey
population counts from 1900 to 1920 [30, 31, 34]. This is the main empirical benchmark used for
fitting the Lotka-Volterra and logistic-prey models, and it provides the strongest classical baseline
in the project because both models can reproduce its oscillatory behavior reasonably well. The
second case study is the Isle Royale wolf-moose dataset, consisting of annual counts from 1959
to 2011 [25, 22]. This dataset is also used for ODE fitting and analysis, but mainly as a stress
case that highlights the limitations of deterministic predator-prey models under real ecological
perturbations and structural breaks.

In addition, the project includes an RL-calibrated synthetic scenario in which a logistic predator-
prey model is parameterized approximately from the simulator configuration. This scenario is
not fitted to empirical data and is not used for direct benchmarking. Its role is only illustrative;
it provides a rough ODE-scale translation of the RL environment in order to examine how the
simulator’s ecological assumptions would look in a classical aggregate formulation.

Methodologically, these three cases play different roles. The hare-lynx dataset provides the main
empirical ODE benchmark, Isle Royale is used to expose model limitations, and the RL-calibrated
scenario serves as an approximate bridge between the classical and simulation-based parts of the
thesis. None of them is directly used for RL training, which remains fully simulation-based.

3.7 Evaluation Metrics

The evaluation metrics used in this thesis are grouped into three categories: ODE model diagnostics,
RL simulation diagnostics, and cross-model comparative metrics. These metrics are not identical
across the two pipelines. Instead, the ODE models and the RL simulator are first evaluated within
their own methodological context, after which comparison is performed through post-hoc fitting
and diagnostic interpretation [3, 26].

For the ODE baseline, evaluation is based primarily on model fit, model selection, and dynamical
analysis. Model fit is quantified separately for predator and prey using root mean squared error
(RMSE), while model selection between Lotka–Volterra and Rosenzweig–MacArthur is performed
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using the Akaike Information Criterion (AIC). In addition, the ODE analysis includes equilibrium
and local stability analysis through Jacobian eigenvalues, phase portraits with nullclines, and
parameter sensitivity analysis around the coexistence equilibrium. Together, these metrics are used
to assess both empirical fit and qualitative dynamical structure [26, 12].

For the RL simulator, evaluation focuses on learning performance and long-horizon ecological
behavior. During training, cumulative episode reward and episode outcome are logged to monitor
convergence. After training, frozen policies are evaluated over long-horizon runs using per-step
records of prey and predator populations, births, deaths, predation events, extinction status, and
coexistence score. The coexistence score is a normalized metric in the interval [0, 1] that combines
prey viability, predator viability, and the balance between the two populations; in practice, it is
used as a time-averaged indicator of whether both species remain present in a reasonably stable
ecological proportion over the evaluation horizon. From these trajectories, additional summary
metrics are derived, including population coefficient of variation, oscillation period, survival fraction,
extinction step, demographic rates, and mean individual lifespan. Here, survival fraction denotes
the mean fraction of the 2000-step evaluation horizon during which both species remained alive,
averaged across all evaluation seeds. These metrics are used to assess whether the learned policies
produce stable and ecologically meaningful dynamics beyond short-term reward maximization.

Cross-model comparison is performed by fitting discrete Lotka–Volterra parameters to RL-
generated population trajectories. This allows RL dynamics to be expressed approximately in
the same aggregate parameter space as the classical ODE models. The resulting fit provides a
quantitative basis for comparing trajectory shape, oscillation behavior, and equilibrium tendency,
even though the ODE and RL pipelines do not share a fully unified evaluation metric set.

3.8 Limitations of the methodology

This methodology has several limitations that should be made explicit when interpreting the results.
First, the classical ODE baseline and the RL simulator do not represent the ecological system at
the same level of abstraction. The ODE models are deterministic, population-level, and spatially
homogeneous, whereas the RL simulator is discrete, spatially explicit, and based on individual
agents. As a result, the comparison is necessarily between two different modeling paradigms rather
than between two directly equivalent implementations of the same ecological process [13, 8].

The ODE baseline is limited by its aggregate structure. It cannot represent local spatial
interactions, within-species heterogeneity, or adaptive behavior. Its parameters are not fitted to a
fully empirical ecological field setting, but are instead derived from simulator-based calibration
or estimated from synthetic trajectories. This means that the ODE analysis is best interpreted
as a benchmark for aggregate ecological dynamics within the project rather than as a biologically
validated population model [13, 4].

The RL simulator is also a strong simplification of real ecological systems. Agents act on a
coarse local state representation, the action space is intentionally limited, and the environment is
procedurally generated rather than based on an empirical landscape. In addition, offspring inherit
parental policies directly, which improves population continuity in the simulation but reduces
biological realism. The resulting system is therefore suitable for studying learned predator-prey
interaction in a controlled setting, but not for making strong claims about real ecosystem behavior
[21, 37].

The learning setup introduces further limitations. Although alternating training reduces non-
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stationarity by freezing opponents within each phase, it remains only an approximation to the
full multi-agent learning problem. Background agents do not adapt during a phase; same-species
background policies can lag behind the focal learner, and no formal convergence criterion is imposed
beyond the fixed training budget. Moreover, training and long-horizon evaluation are not conducted
under exactly the same interaction structure, which introduces a distributional gap between learning
and final assessment [16, 14, 2].

Finally, the comparison methodology itself remains partly indirect. The ODE and RL pipelines
do not share a single common metric set, and there is no exact temporal alignment between
continuous ODE time and discrete simulation steps. Cross-model comparison, therefore, relies on
post-hoc fitting, trajectory interpretation, and qualitative dynamical correspondence rather than
on a perfectly unified quantitative benchmark. For this reason, the results of the thesis should be
interpreted as evidence about the comparative usefulness of two modeling approaches in a controlled
experimental setting, rather than as a definitive one-to-one validation of one approach against the
other [26, 3, 12].

4 Experimental setup

4.1 Experimental goals

The experiments in this thesis are designed to evaluate the behavior of the RL-based predator-prey
simulator and to compare it with the classical ODE baseline under controlled conditions. More
specifically, the experimental setup serves three main goals. First, it assesses whether the learned
predator and prey policies generate coherent population dynamics over time, rather than only
maximizing short-term reward at the individual level. Second, it examines whether these learned
dynamics display ecologically meaningful properties such as persistence, oscillation, collapse, or
coexistence. Third, it evaluates to what extent the resulting RL population behavior can be related
to, approximated by, or contrasted with the dynamics produced by the classical ODE models.

The experiments are therefore not intended merely as a benchmark of predictive accuracy.
Instead, they are designed to study the extent to which reinforcement learning can function as a
useful ecosystem modeling approach in its own right. In this sense, the goal is twofold: to evaluate
the internal quality of the RL simulator as a learning-based ecological system, and to assess its value
as a complementary modeling framework relative to the more interpretable but more constrained
classical ecological baseline.

At a practical level, this means that the experiments focus on three types of outcomes. The
first is learning performance, including whether agents improve their policies over training. The
second is ecological performance, including the stability and structure of the resulting predator-prey
dynamics during long-horizon evaluation. The third is comparative performance, including the
extent to which RL-generated trajectories can be interpreted in relation to fitted Lotka-Volterra-type
population dynamics.
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4.2 Compared setups

4.2.1 ODE baseline

The ODE baseline used in the experiments consists of two classical predator-prey models: the
standard Lotka-Volterra system and the logistic-prey extension corresponding to the Rosenzweig-
MacArthur formulation. These models serve as the classical reference setup against which the
RL-based simulator is interpreted. Their role in the experimental chapter is not to reproduce the
full agent-based dynamics of the simulator, but to provide aggregate population-level benchmarks
for trajectory fitting, equilibrium analysis, and dynamical comparison.

Experimentally, the ODE baseline is applied in three contexts. First, both models are fitted to
the historical hare-lynx dataset, which serves as the main empirical benchmark for predator-prey
oscillatory dynamics. Second, both models are also fitted to the Isle Royale wolf-moose dataset,
which is used as a more difficult case, highlighting the limitations of deterministic aggregate models
under real ecological perturbations. Third, an RL-calibrated synthetic scenario is constructed by
translating selected simulator parameters into approximate ODE coefficients, allowing the aggregate
implications of the RL environment design to be examined in classical form.

For each of these cases, the ODE analysis produces fitted trajectories for predator and prey
populations, together with phase portraits, nullclines, equilibrium estimates, and sensitivity analyses.
In this sense, the ODE baseline provides the experimental reference for classical ecological behavior,
against which the population-level dynamics generated by the RL simulator can later be compared.

4.2.2 RL setup

The RL setup used in the experiments consists of a spatial predator-prey simulator in which agents
interact in a discrete grid environment and learn behavior through tabular Q-learning. Unlike the
ODE baseline, which represents populations at the aggregate level, the RL setup models the system
through individual predator and prey agents whose local interactions generate population-level
dynamics over time. The experimental role of this setup is to determine whether learned policies can
produce coherent ecological behavior, including survival, predation, reproduction, and long-term
coexistence.

Experimentally, the RL setup is based on two training configurations. The first is a simplified
1v1 warm-up setting with one predator and one prey, used to support the emergence of basic
pursuit and escape behavior under minimal conditions. The second, and primary, configuration is
the alternating multi-agent training protocol, in which one focal learner is trained at a time against
frozen background populations. This second setup is the main source of the policies later used for
long-horizon evaluation and comparison with the ODE baseline.

The RL experiments are conducted entirely in procedurally generated environments rather than
on empirical ecological datasets. As a result, the RL setup is evaluated through its internal learning
performance and through the ecological structure of the population dynamics it produces during
long-horizon rollouts. In this sense, the RL setup functions as the experimental learning-based
counterpart to the classical ODE baseline: it is the system through which the thesis studies whether
adaptive agent behavior can serve as a useful complementary framework for ecosystem modeling.
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4.3 Training and evaluation configuration

4.3.1 Hyperparameters

The RL experiments use a common tabular Q-learning configuration together with a small number
of protocol-specific overrides. At the global level, the learning rate is set to α = 0.1, the discount
factor to γ = 0.95, the default exploration schedule to ϵstart = 1.0, ϵdecay = 0.995, and ϵmin = 0.01.
The tabular state representation contains 540 discrete states, derived from the six-dimensional
observation discretization, and the action space contains 10 actions. The standard episode horizon
is 500 steps.

The 1v1 warm-up protocol changes ϵdecay to 0.9985, and a higher ϵmin equal to 0.02. Furthermore,
it also adds a protocol-specific predation bonus of 5.0, which is separate from the hunting success
bonus stated on the predator’s reward function. This protocol also uses a shorter episode horizon
of 350 steps. These values are chosen to make early learning in the minimal predator-prey setting
less noisy and to encourage faster emergence of basic pursuit and escape behavior.

In the alternating training protocol, the default Q-learning hyperparameters are retained, but
two additional exploration settings are used operationally. First, background agents that act with
frozen policies use a near-greedy exploration rate of 0.01. Second, when a checkpoint is loaded
between cycles, its effective ϵ value is capped at 0.3, since exploration is not serialized with the
saved Q-table. This prevents previously learned policies from being reset into full re-exploration at
the start of a new cycle.

The experimental population and environment settings are also fixed. The 1v1 protocol is run
on a 100× 100 grid with one prey and one predator. The main alternating protocol uses a 150× 150
grid with 30 prey and 10 predators. Training is typically organized into 350 episodes per phase,
with the total number of cycles chosen experimentally depending on the run. These values define
the practical scale at which the RL experiments are conducted.

4.3.2 Training settings

Two training configurations are used in the experiments. The first is a simplified 1v1 warm-up
protocol, and the second is the main alternating multi-agent protocol. Together, they provide a
staged training procedure in which basic predator-prey behavior is first learned in a minimal setting
and then transferred to a richer ecological environment.

In the 1v1 warm-up protocol, one prey agent and one predator agent are trained simultaneously
on a 100× 100 grid with no background population and no reproduction. Each episode ends either
when the predator kills the prey or when the maximum horizon of 350 steps is reached. Both agents
update their Q-tables after every step, and the turn order alternates across episodes so that neither
species systematically benefits from acting first. This protocol is generally run for 1500 episodes
and is used to generate an initial checkpoint for the main training stage.

The primary training procedure is the alternating protocol, which uses the full 150 × 150
environment with 30 prey and 10 predators. Training is organized into cycles, each composed of
two phases. In the first phase, the prey agent is the focal learner, and the predator population is
frozen. In the second phase, the predator agent becomes the focal learner, and the prey population
is frozen. Background agents act during every step but do not update their Q-values. Opponent
agents use the frozen policy inherited from the previous phase, while same-species background
agents use a frozen copy of the focal learner’s policy taken at the start of the phase. This reduces
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non-stationarity by ensuring that only one policy changes during a given phase.
Each phase runs for 350 episodes, unless stated otherwise, and the total number of cycles is

chosen experimentally depending on the run. Within each episode, the environment is reset with a
deterministic seed, actions are executed, ecological updates are applied, reproduction is resolved,
and the focal learner performs a Q-update using the full reward returned for that step. This reward
includes both immediate action-related terms and the reproduction bonus when reproduction occurs.
Training does not use early stopping; each run proceeds until the configured episode budget is
exhausted.

This training design combines simplicity and stability. The 1v1 protocol supports the emergence
of basic local strategies, while the alternating protocol makes tabular Q-learning more tractable in
the larger multi-agent setting by freezing the opponent and background policies within each phase.
The result is a training process that does not eliminate non-stationarity, but reduces it enough to
produce stable checkpoints for later long-horizon evaluation.

4.3.3 Evaluation procedure

Evaluation is performed at two levels: within-training evaluation and post-training long-horizon
evaluation. Together, these two procedures are used to assess both short-term policy quality and
the longer-term ecological dynamics generated by the learned predator-prey interactions.

During training, evaluation is carried out in greedy mode with exploration disabled. In the
alternating protocol, a short evaluation is performed at the end of each phase by temporarily setting
ϵ = 0 and running 10 evaluation episodes without Q-updates. The resulting average reward is
logged as a phase-level performance indicator. In the 1v1 warm-up protocol, meaningful greedy
evaluation is performed only after training has been completed.

The main experimental evaluation is conducted after training using frozen prey and predator
checkpoints. In this stage, both species act greedily with ϵ = 0, and no learning updates are
performed. The evaluation is run in the multi-agent environment rather than the single-focal-agent
training wrapper, allowing the learned policies to be tested under full population dynamics. Each
checkpoint pair is evaluated across three independent random seeds, and each run lasts up to 2000
steps.

During long-horizon evaluation, the simulator records per-step information on predator and
prey population sizes, energy distributions, births, deaths, predation events, extinction status,
and coexistence score. From these trajectories, a set of summary metrics is derived, including
population coefficient of variation, oscillation period, survival fraction, extinction step, demographic
rates, and mean individual lifespan. In this way, the evaluation procedure is designed not only to
measure immediate policy performance but also to determine whether the learned policies produce
stable and ecologically interpretable system-level dynamics over extended horizons.

4.3.4 Checkpoint selection

Checkpoints are saved at the end of each phase of the alternating training protocol, with prey
and predator policies stored separately. This means that each cycle produces one prey checkpoint
after the prey-training phase and one predator checkpoint after the predator-training phase.
The saved files contain the learned Q-table together with basic metadata such as the state and
action dimensions, and a small configuration snapshot. The exploration state is not serialized, so
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checkpoints preserve learned values but not the current ϵ level.
In experimental practice, checkpoints are not selected through an explicit model-selection

criterion such as best evaluation reward or best coexistence score. Instead, the final evaluation uses
the most recent completed checkpoint available for each species. In this sense, checkpoint selection
is based on the training stage rather than on post-hoc optimization over many saved models. This
keeps the evaluation procedure simple and consistent with the staged training design.

Checkpoints also play an operational role during training. In the alternating protocol, the policy
learned in one phase is carried forward as the frozen opponent in the next phase. When checkpoints
are reloaded between training stages, the effective exploration rate is manually controlled, since the
saved files do not store ϵ. As a result, checkpoints function both as final experimental artifacts for
evaluation and as intermediate policy carriers within the alternating training process.

4.4 Data collection and logging

The experimental pipeline records data at both training time and evaluation time. During training,
episode-level logs are used to monitor learning progress. These include cumulative reward, episode
outcome, and protocol-specific evaluation summaries. In the alternating protocol, greedy evaluation
scores are also recorded at phase boundaries, providing a compact indication of policy quality
without exploration noise.

For post-training evaluation, data collection is more detailed. Long-horizon runs record per-step
information on prey and predator population sizes, coexistence score, energy distribution statistics,
cumulative births, cumulative deaths, and predation events. These per-step records are written
to CSV files and later aggregated into per-seed summary tables. From the logged trajectories,
additional derived quantities are computed, including population coefficient of variation, oscillation
period, survival fraction, extinction step, demographic rates, and mean individual lifespan.

Model checkpoints are also part of the experimental record. Prey and predator Q-tables are
saved separately at the end of each training phase, allowing policies to be reused, evaluated,
and compared across cycles. Taken together, the logging system supports three complementary
functions: monitoring training behavior, evaluating long-horizon ecological dynamics, and preserving
intermediate and final learned policies for later analysis.

4.5 Reproducibility details

The experimental pipeline is designed to be reproducible through fixed configuration values,
deterministic seeding, and explicit checkpointing. Training episodes use deterministic seed formulas
that vary systematically across runs, cycles, phases, and episodes, so that each episode is distinct
while remaining reproducible. Evaluation is also performed under controlled seeds, with long-horizon
rollouts repeated across three independent seed values.

Reproducibility is further supported through serialized checkpoints. Prey and predator policies
are saved separately as pickle files containing the learned Q-tables, state and action dimensions,
and a configuration snapshot. These checkpoints allow training to be resumed, evaluation to be
repeated, and trained policy pairs to be reused consistently across experiments.

At the same time, some implementation details place limits on strict reproducibility. In particular,
the exploration parameter ϵ is not serialized with saved checkpoints and must therefore be controlled
manually when models are reloaded. In addition, training and long-horizon evaluation are run
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in different environment wrappers, which means that policies are reproduced across experiments
but not always under identical step-order semantics. For this reason, reproducibility in this thesis
should be understood primarily as reproducibility of the experimental pipeline and logged outputs,
rather than as exact identity of all internal simulator conditions across every stage.

5 Results

5.1 ODE baseline results

5.1.1 Historical case-study fits

The ODE baseline results serve two complementary purposes in this thesis. First, they show
how well classical predator-prey models can reproduce known ecological time series under fitting
conditions. Second, they provide an analytical reference point for interpreting the behavior of the
RL-based simulator. To this end, two classical models were analyzed throughout: the standard
Lotka-Volterra (LV) system and the Rosenzweig-MacArthur-style logistic-prey model (RM). These
models were fitted to two historical predator-prey datasets, and the RM model was additionally
parameterized from the RL environment configuration to obtain an analytical baseline under
simulator-inspired assumptions.

The first part of the ODE analysis examined the behavior of the two classical models on
historical ecological data. Two case studies were used: the Hudson Bay hare-lynx series and the
Isle Royale moose-wolf series. These datasets play different roles in the analysis. The Hare-Lynx
system provides a relatively clean benchmark for oscillatory predator-prey behavior, whereas Isle
Royale acts as a more difficult test case in which exogenous ecological shocks and structural changes
are known to play an important role.

For the Hare-Lynx data, both models captured the overall cyclical structure of the observed
dynamics well. However, the Lotka-Volterra model consistently performed slightly better than
the logistic-prey model. Its prey RMSE was 5.20, compared with 5.63 for the RM model, and
its predator RMSE was 3.32, compared with 3.48 for RM. This ranking was also reflected in the
AIC values: LV achieved 84.44, whereas RM achieved 89.37. Since the RM model introduces one
additional free parameter through the carrying capacity K, the lower AIC of LV indicates that the
extra flexibility of the logistic term did not translate into a better fit in this case. In practice, the
fitted RM carrying capacity reached the optimization boundary (K ≈ 600), indicating that the
logistic term contributed little and that the fitted RM dynamics were close to the unconstrained
LV formulation. This is an important result in itself: for the Hare-Lynx series, predator-prey
interaction appears to dominate density limitation within the fitted time window.

For Isle Royale, the picture was very different. Both models fitted the wolf trajectory only
moderately well, but neither model reproduced the moose series satisfactorily. The LV model
yielded a prey RMSE of 336.91 and a predator RMSE of 7.63, while the RM model yielded a prey
RMSE of 342.95 and a predator RMSE of 7.10. Again, LV was preferred by AIC (624.93 versus
628.81), despite RM having the additional prey carrying-capacity term. As in the Hare-Lynx case,
the fitted RM carrying capacity was pushed to the search boundary (K ≈ 5000), which again
implies that the logistic term was effectively inactive over the fitted range. The poor moose fit is
not merely numerical noise, but reflects a structural mismatch between the models and the system.
In particular, the historical collapse of the wolf population around the early 1980s, followed by long
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Figure 1: Historical datasets used in the ODE baseline analysis. The figure shows the raw time
series and corresponding phase-space trajectories for the Hare-Lynx and Isle Royale systems.

recovery dynamics, cannot be represented adequately by a two-dimensional deterministic ODE
with fixed coefficients. The Isle Royale results, therefore, serve less as a successful model fit and
more as evidence of the limitations of classical aggregate models when ecological dynamics are
shaped by strong exogenous disruptions.

These fit differences are summarized in Table 1. The table shows that, in both datasets, the
simpler Lotka-Volterra model slightly outperformed the logistic-prey extension according to both
fit quality and information criteria. This does not mean that LV is a better ecological model in
general, but it does indicate that, within the fitted windows used here, the additional RM structure
did not provide enough explanatory gain to justify its extra parameter.

Table 1: Model comparison for the two historical case studies. Lower RMSE and lower AIC indicate
a better fit.

Dataset Model k RMSE prey RMSE pred AIC
Hare-Lynx Lotka-Volterra 4 5.205 3.318 84.443
Hare-Lynx Rosenzweig-MacArthur 5 5.627 3.484 89.373
Isle Royale Lotka-Volterra 4 336.913 7.635 624.929
Isle Royale Rosenzweig-MacArthur 5 342.952 7.096 628.807

Beyond fit quality, the two models also differ structurally in their local stability properties.
For both case studies, the Lotka-Volterra equilibrium is a neutral centre, with purely imaginary
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Figure 2: Observed population trajectories and fitted ODE trajectories for the Hare-Lynx and Isle
Royale case studies. The LV model slightly outperforms the RM model in both datasets according
to RMSE and AIC.

eigenvalues, implying perpetual oscillations without convergence. By contrast, the RM equilibrium
is a stable spiral in both datasets, with small but negative real parts. For Hare-Lynx, the fitted
RM equilibrium is approximately (N∗, P ∗) = (30.2, 21.0), with eigenvalues −0.016± 0.671i. For
Isle Royale, the fitted RM equilibrium is approximately (N∗, P ∗) = (961.6, 23.2), with eigenvalues
−0.024 ± 0.262i. The negative real parts are small, which means that convergence is slow and
oscillations remain visible over many cycles. This distinction matters for later comparison with
the RL simulator, because it implies that even in the classical model, long horizons are needed to
distinguish transient oscillations from genuine long-run stabilization.

Table 2: Stability summary at the coexistence equilibrium for the fitted historical models.
Dataset Model N∗ P ∗ Stability
Hare-Lynx Lotka-Volterra 30.841 19.501 Neutral centre
Hare-Lynx Rosenzweig-MacArthur 30.178 21.048 Stable spiral
Isle Royale Lotka-Volterra 880.968 22.543 Neutral centre
Isle Royale Rosenzweig-MacArthur 961.601 23.185 Stable spiral

The sensitivity analysis of the RM model provides an additional perspective on which parameters
most strongly determine equilibrium structure. Across both datasets, the strongest effects are
associated with the attack rate a, the predator conversion efficiency e, and the predator mortality
rate d. Increasing either a or e by 10% reduces equilibrium prey density N∗ by roughly 9.1% in both
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Figure 3: Phase portraits, nullclines, and coexistence equilibria for the fitted LV and RM models.
The LV equilibrium is a neutral centre, whereas the RM equilibrium is a stable spiral.

case studies, whereas increasing d by 10% raises N∗ by 10%. By contrast, the carrying capacity K
has almost no effect on equilibrium prey density and only a small effect on equilibrium predator
density. This follows directly from the equilibrium structure of the RM model: prey equilibrium
is set primarily by predation pressure and predator mortality rather than by the environmental
carrying capacity itself. In the context of this thesis, this result is especially relevant because it
indicates that the balance between predation efficiency and predator maintenance cost is the main
structural driver of predator viability, both in the fitted ODE models and in the later RL-calibrated
analysis.

Taken together, the historical case-study fits show that classical ODEs can reproduce predator-
prey oscillations reasonably well in stationary or approximately stationary settings, but struggle
when ecological history contains strong external perturbations. The Hare-Lynx series, therefore,
validates the use of ODEs as a meaningful classical reference, while the Isle Royale series reveals
the limits of that reference. This contrast is methodologically useful for the rest of the thesis:
it shows both why the ODE baseline is worth comparing against, and why a more adaptive
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Figure 4: Sensitivity of the RM equilibrium to a +10% increase in each parameter. The dominant
effects are associated with attack rate, conversion efficiency, and predator mortality.

Table 3: Sensitivity of the Rosenzweig-MacArthur equilibrium to a +10% increase in each parameter.
Dataset Parameter ∆N∗ (%) ∆P ∗ (%)
Hare-Lynx r 0.0 +10.0
Hare-Lynx K 0.0 +0.5
Hare-Lynx a -9.1 -8.7
Hare-Lynx e -9.1 +0.5
Hare-Lynx d +10.0 -0.5
Isle Royale r 0.0 +10.0
Isle Royale K 0.0 +2.2
Isle Royale a -9.1 -7.1
Isle Royale e -9.1 +2.2
Isle Royale d +10.0 -2.4

simulation framework may be needed when ecological dynamics move beyond the assumptions of
fixed-parameter aggregate models.

5.1.2 RL-calibrated ODE scenario

In addition to the historical fits, a Rosenzweig-MacArthur model was parameterized directly from
the simulator configuration in order to obtain an analytical baseline for the RL environment
itself. This RL-calibrated ODE scenario is not intended as a precise ecological fit, but as an
order-of-magnitude translation of the simulator’s structural assumptions into a classical aggregate
form. In particular, it provides a way to ask what the current RL parameter regime would imply if
interpreted through a deterministic predator-prey model.

Under the current simulator configuration, the calibrated parameters are r = 0.4, K = 337, a =
0.2793, e = 0.1, and d = 0.7059. These values produce a coexistence equilibrium at approximately
(N∗, P ∗) = (25.3, 1.3), with eigenvalues −0.015 ± 0.511i, indicating a stable spiral with slow
convergence. The forward simulation was initialized at the current RL-inspired population split
(30, 10), which places the predator population far above the equilibrium level. As a result, the
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Figure 5: Forward simulation of the RL-calibrated RM model from the initial population split
(30, 10). The trajectory spirals toward a low-predator equilibrium, indicating structurally weak
predator persistence under the calibrated parameter regime.

ODE trajectory shows a large predator overshoot, a sharp prey decline, and then slowly damped
oscillations spiraling toward a state with low predator abundance. This behavior is exactly what
would be expected from the RM model when a system starts far above its long-run predator
equilibrium.

Table 4: RL-calibrated Rosenzweig-MacArthur parameter set used as an analytical baseline for the
simulator.

Parameter Value Interpretation
r 0.4000 Prey intrinsic growth rate
K 337.0 Prey carrying capacity
a 0.2793 Attack rate
e 0.1000 Predator conversion efficiency
d 0.7059 Predator mortality rate

At the same time, this translation must be interpreted carefully. The attack-rate parameter a is
derived geometrically from simulator settings and therefore represents an upper-bound approxima-
tion rather than an empirically validated encounter rate. In effect, it assumes idealized hunting
efficiency under uniform mixing assumptions, whereas in the actual simulator, predators do not
successfully hunt at every step, prey are not uniformly distributed, and encounter opportunities
depend strongly on learned behavior and spatial clustering. The calibrated ODE should therefore
not be read as an exact macro-level equivalent of the simulator, but as a coarse analytical baseline
under optimistic predation assumptions.

Even with this caveat, the key structural result is robust: the calibrated ODE predicts that the
current parameter regime is unfavorable to persistent predator abundance. A predator equilibrium
of only P ∗ ≈ 1.3 is very small relative to the initialized predator population of 10. In biological
terms, the model indicates that predators must operate under very tight energetic constraints.
Predator mortality is high relative to energy conversion from prey, so predators can only remain
viable if effective predation pressure is sustained at a sufficiently high level. If it is not, the system

38



is drawn toward a regime in which prey remain present, but predator numbers collapse toward
near-extinction levels. This is the most important analytical result of the RL-calibrated ODE
scenario, because it generates a clear structural prediction before any learned RL dynamics are
considered.

This makes the RL-calibrated baseline especially useful for interpreting the simulator results
later in the thesis. The ODE does not explain how predator and prey agents behave locally, but it
does indicate what broad population outcome should be expected if the simulator’s energetic and
interaction coefficients dominate the dynamics in the way assumed by the aggregate model. In that
sense, it functions as a structural benchmark: if the later RL experiments also show low predator
persistence or frequent predator collapse, that outcome is not merely a learning failure, but a
behavior that is already consistent with the underlying system balance implied by the analytical
baseline.

5.2 RL training results

5.2.1 1v1 warm-up training

The first stage of the RL training process consisted of a simplified 1v1 warm-up protocol in
which one predator and one prey agent were trained against each other in isolation. The purpose
of this stage was not to obtain a final ecological model, but to bootstrap basic predator-prey
competencies before moving to the more complex alternating multi-agent setting. In this sense, the
protocol functioned as a controlled pretraining phase in which the agents could learn simple pursuit
and evasion behavior without the added complexity of reproduction, background populations, or
large-scale ecological feedback.

Figure 6: Protocol 1 warm-up training results for run 46 over 1500 episodes. Left: rolling predator
win rate (window 75 episodes), rising from near zero to approximately 15–20% by the final episodes.
The dotted horizontal line marks the 50% baseline for reference. Right: mean episode duration over
training, showing a gradual decrease as the predator improves its ability to terminate encounters.

The training curves show that this warm-up stage produced limited but meaningful learning
progress. As shown in Figure 6, the predator’s win rate increased from almost 0% at the beginning
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of training to roughly 15 - 20% by the later episodes. This indicated that the predator learned to
pursue and occasionally catch the prey, but never became dominant. At the same time, the prey
continued to survive in the large majority of encounters, which is consistent with the intended role
of the protocol: to create agents with basic local competence rather than to solve the predator-prey
problem at this stage.

A similar pattern appears in the episode-length curve. Figure 6 shows a gradual decrease in
average episode duration over training, from values close to the 350-step horizon toward lower but
still relatively high levels. This suggests that both agents became more decisive over time. The
predator improved its ability to convert pursuit into successful captures, while the prey learned
evasion strategies that reduced fully random wandering but still allowed survival in most episodes.

Taken together, these results show that Protocol 1 succeeded as a warm-up stage. It did not
produce a strong predator policy on its own but, instead, produced agents with basic predator-prey
competencies; the predator learned to hunt occasionally, and the prey learned to avoid capture
often enough to remain viable. This made the resulting checkpoints suitable starting points for the
subsequent alternating training protocol, where these local behaviors could be refined in a richer
ecological setting.

5.2.2 Alternating training protocol

The second training stage used the alternating multi-agent protocol and constitutes the main
learning process of the thesis. Unlike the 1v1 stage, this protocol was designed to expose the
agents to a richer ecological setting with background populations, reproduction, and larger-scale
predator-prey interactions. Its purpose was therefore not only to refine local pursuit and evasion
behavior, but also to test whether such behavior could be stabilized into meaningful population
dynamics.

Figure 7: Protocol 2 alternating training results. Left: rolling episode reward (window 40 episodes)
for prey (green) and predator (red) across all six phases of run 48, with dotted vertical separators
at phase boundaries and alternating shaded bands labeling each phase. Prey reward is consistently
higher than predator reward throughout training, with a pronounced increase in cycle 2. Right:
end-of-phase evaluation reward for runs 48 and 50, showing strong prey-side performance in both
runs but a sharp predator reward drop in the final predator phase of run 50.
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The training curves reveal a clear and persistent asymmetry between prey and predator learning.
As shown in Figure 7, prey reward remained consistently much higher than predator reward
throughout the alternating phases of all runs, often by roughly one order of magnitude more. This
indicates that prey policies were generally easier to optimize under the current reward and state
design, whereas predator learning remained more difficult and less stable. In particular, the prey
phase of cycle 2 shows a marked increase in reward.

The same figure also shows that predator improvement was delayed and much weaker. Predator
reward remains comparatively low throughout most of the alternating process and only rises
meaningfully in the later predator phase of cycle 3. This delayed increase is significant because it
indicates that predator competence did improve, but only after the prey policy had already become
relatively strong and stable. In practical terms, this means that the alternating protocol did not
produce balanced co-adaptation at the same pace for both species. Instead, prey learning advanced
earlier, while predator learning lagged behind and only caught up partially in later phases.

A similar pattern appears in the phase-level evaluation rewards shown for runs 48 and 50. Figure
7 shows that run 50 maintained relatively strong prey-side evaluation performance across phases,
while predator evaluation dropped sharply in the final predator phase. This result is consistent
with the later ecological analysis. Although the final run produced strong coexistence metrics
at the population level, the underlying predator policy was not uniformly robust in a general
ecological sense. Rather, it converged toward a strategy that functioned well under the specific
spatial structure of the environment.

Taken together, these results show that Protocol 2 was essential for generating the later
population-level regimes, but they also reveal an important imbalance in the learning process. The
alternating design succeeded in producing continued adaptation after the warm-up stage. At the
same time, the training curves already suggest that the predator-prey system was not converging
towards a single balanced ecological situation. Instead, the protocol produced increasingly specialized
strategies whose strengths and weaknesses became visible only during long-horizon evaluation.

5.3 Long-horizon RL population dynamics

5.3.1 Run 48 cycle 2: fragile coexistence

Run 48 cycle 2 was the first checkpoint in which the alternating training protocol produced sustained
coexistence in a substantial fraction of seeds, but this coexistence remained highly unstable. Across
the 50-seed evaluation, the checkpoint achieved a mean coexistence score of 0.381±0.391, a survival
fraction of 0.836, and 31 out of 50 seeds with both species still alive at step 2000. At the same
time, the large standard deviation, which exceeds the mean itself, indicates a strongly bimodal
outcome distribution: in some seeds, the model produced healthy coexistence, whereas in many
others, the predator collapsed almost completely. This is why the regime is best described as fragile
rather than robust.

The population dynamics of a representative successful seed illustrate why this checkpoint
initially appears promising. As shown in Figure 8, predator and prey populations can settle into
relatively stable oscillatory dynamics, with both species remaining well above extinction levels for
the full 2000-step horizon. This is consistent with the best seeds of the run, in which coexistence
scores reached values above 0.9. However, these successful trajectories are not representative of the
checkpoint as a whole, since 19 out of 50 seeds ended with predator extinction. The main result of
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Figure 8: Population dynamics for a representative successful seed of run 48 cycle 2 over 2000 steps.
Both prey (blue) and predator (red) remain well above extinction levels throughout the rollout,
producing broadly stable oscillatory dynamics. This seed belongs to the 31 out of 50 that retained
both species at step 2000; the remaining 19 seeds ended in predator extinction.

run 48 cycle 2 is therefore not stable coexistence itself, but the fact that coexistence had become
possible without yet becoming reliable.

The density maps in Figure 9 further show that this coexistence did not yet rely on the strong
corner-trapping pattern that later became dominant. Instead, prey and predator activity remained
more spatially distributed across the grid, although still unevenly concentrated. Predation events
occurred across a broad region of the habitat rather than at a single zone. This makes run 48 cycle
2 important in the overall training story: it represents an intermediate regime in which ecologically
plausible interaction patterns begin to emerge, but the learned policies are still too brittle to sustain
coexistence consistently across initial conditions.
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Figure 9: Spatial density maps for a successful seed of run 48 cycle 2, showing accumulated
prey presence (left), predator presence (center), and predation events (right) across the 150×150
grid. Activity is broadly distributed across the habitat with no strong boundary concentration,
distinguishing this checkpoint from the corner-trapping pattern that emerges in run 50 cycle 3.

To sum up, run 48 cycle 2 shows that the alternating training protocol was capable of producing
coexistence-like dynamics, but only in an unstable and seed-dependent way. The checkpoint,
therefore, marks an important transition in learning, yet it does not provide a satisfactory ecological
solution. Instead, it reveals the first side of the central trade-off observed in the thesis: local
predator-prey behavior can become meaningful before ecosystem-level stability becomes robust.

5.3.2 Run 48 cycle 3: ecologically meaningful overhunting

Run 48 cycle 3 produced the most ecologically meaningful local predator behavior observed in the
experiments, but failed to maintain viable coexistence at the ecosystem level. Across the 50-seed
evaluation, this checkpoint achieved a mean coexistence score of 0.370 ± 0.241 and a survival
fraction of 0.716. However, only 4 out of 50 seeds retained both species at step 2000, while the
remaining runs were dominated by prey extinction, predator extinction, or mutual collapse. This
makes run 48 cycle 3 important, not because it solved the predator-prey problem, but because it
reveals a different failure mode from run 48 cycle 2; here, the predator became too effective rather
than too fragile.

The representative population trajectory in Figure 10 shows this pattern clearly. After the
initial expansion of both species, predator abundance rises to a level that the prey population
cannot sustain. Although the prey briefly recovers at intermediate points, it eventually collapses
to extinction near the end of the run, after which the predator population also begins to decline.
This is consistent with the broader seed-level statistics: 8 out of 50 seeds ended with predators
surviving while prey had already gone extinct, and 25 out of 50 ended with both species extinct
before the horizon. The main ecological problem in this regime is therefore overhunting rather than
under-learning.
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Figure 10: Population dynamics for a representative seed of run 48 cycle 3 over 2000 steps. After
an initial expansion phase, predator abundance rises to a level that the prey population cannot
sustain. Prey collapses to extinction, after which predator numbers also decline. This overhunting
pattern characterizes the majority of the 50 evaluated seeds, with only 4 retaining both species at
step 2000.

Figure 11: Spatial density maps for a representative seed of run 48 cycle 3, showing accumulated
prey presence (left), predator presence (center), and predation events (right) across the 150×150
grid. Unlike run 50 cycle 3, activity is broadly distributed across the habitat with no corner
concentration. This distributed hunting pattern is the most ecologically plausible spatial behavior
observed across all evaluated checkpoints.
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The density maps provide the key reason why this checkpoint remains important despite its
poor coexistence metrics. Unlike the later run 50 cycle 3 solution, the activity in Figure 11 is
not concentrated in a single corner or narrow boundary zone. Prey presence remains broadly
distributed across the habitat, predator movement covers much of the grid, and predation events
occur over a wide spatial area. In other words, the agents learned a more distributed and ecologically
recognizable interaction pattern: predators actively tracked prey across the environment rather
than exploiting a fixed geometric artifact. This makes run 48 cycle 3 the strongest evidence in the
thesis that meaningful local predator-prey behavior did emerge under tabular Q-learning.

At the same time, that local behavioral quality did not translate into a stable ecological
outcome. The predator policy became sufficiently effective to destabilize the prey population,
but the state representation remained too limited to encode broader population consequences
of sustained overpredation. Run 48 cycle 3, therefore, illustrates the second side of the central
trade-off in the thesis: when the agents learned more ecologically plausible spatial behavior, they
lost the capacity to maintain robust coexistence.

5.3.3 Run 50 cycle 3: best aggregate coexistence, model overfitting

Run 50 cycle 3 achieved the strongest aggregate performance of all evaluated checkpoints, but it
did so through a spatially degenerate strategy. Across 50 evaluation seeds, it obtained a mean
coexistence score of 0.782± 0.239, a survival fraction of 0.984, and 48 out of 50 seeds with both
species still alive at step 2000. It also showed the lowest variability among the three main regimes,
with mean prey and predator coefficients of variation of 0.173 and 0.398, respectively, together with
a characteristic oscillation period of approximately 8 - 9 steps. In purely numerical terms, this was
the best-performing model produced by the training pipeline.

At the population level, the checkpoint appears highly successful. As shown in Figure 12, the
representative best-case seed produces stable long-horizon coexistence, with both species remaining
well above extinction levels and the prey-to-predator ratio staying close to the target value of 2:1
for most of the rollout. This is consistent with the best seeds of the run, most notably seed 9,
which achieved a coexistence score of 0.949 and never dropped below 0.5 at any point during the
full 2000-step horizon. On the basis of population counts alone, run 50 cycle 3 would be the natural
candidate for a final model.
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Figure 12: Population dynamics for the best-performing seed of run 50 cycle 3 (random seed 51)
over 2000 steps. Both prey (blue) and predator (red) remain well above extinction levels for the
full horizon. The coexistence score for this seed is 0.949, the highest observed across all evaluated
checkpoints and seeds. The prey-to-predator ratio remains close to the target value of 2:1 for most
of the rollout, and cumulative predation events number 3858.

Figure 13: Spatial density maps for run 50 cycle 3 (random seed 51). Prey activity (left) is
concentrated almost entirely in the bottom-right corner of the 150×150 grid. Predator density
(center) forms broad convergent bands directed toward that corner, and predation events (right)
are likewise localized near the boundary. This corner-trapping pattern is the spatial mechanism
sustaining the population-level coexistence metrics and constitutes environment-specific overfitting
to the hard-wall grid structure. 46



However, the spatial analysis shows that this success was achieved through model overfitting
to the environment geometry rather than through ecologically satisfactory distributed behavior.
Figure 13 reveals that prey activity is concentrated almost entirely in the bottom-right corner of
the grid, while predator density forms broad convergent bands toward that same region. Predation
events are likewise localized near the corner. This means that coexistence is not being maintained
through balanced predator-prey interaction across the habitat, but through a corner-trapping
equilibrium in which prey reduce exposure by concentrating at a boundary, and predators learn to
exploit that concentration.

Run 50 cycle 3 also contains a particularly revealing illustrative case showing why final-step
population counts are not sufficient to evaluate ecological success. One representative failure case
ended the 2000-step horizon with 321 prey and 162 predators still alive, which would appear
successful from a final snapshot alone. However, its time-averaged coexistence score was only
0.021, and it produced only 584 predation events over the entire rollout, compared with 3858 and
4381 predation events in the strongest healthy seeds. This shows that two seeds can end with
apparently similar population counts while reflecting fundamentally different ecological regimes.
For this reason, time-averaged metrics are essential in the present setting.

This interpretation is reinforced by the fact that the same spatial pattern appears in other
high-performing seeds (whose summary can be seen in Figure 14), not only in the best individual
case. The result is therefore not a single outlier, but a repeated solution strategy discovered by
the policy. In this sense, run 50 cycle 3 represents the clearest example of environment-specific
overfitting in the thesis: the learned behavior is highly effective inside the current MDP, but it is
not ecologically generalizable.

Figure 14: Summary panel for a second high-performing seed of run 50 cycle 3 (random seed 83,
coexistence score 0.874, 4381 predation events). The same corner-concentration pattern visible in
Figure 13 is reproduced here, confirming that corner-trapping is a consistent policy-level solution
across seeds rather than an isolated outcome of a single initial condition.

A likely explanation for this corner-concentration pattern is the asymmetry introduced by the
hard grid boundaries. In open space, prey can be approached from many directions, whereas at a
corner, the number of effective predator approach directions is greatly reduced. Even though the
state representation does not explicitly encode boundary context, repeated reward optimization
can still favor corner positions because they increase expected local survival. Predators then adapt
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to this prey concentration by converging toward the same region, producing a stable but spatially
artificial coexistence pattern.

This interpretation is also supported by the large variation in predation activity across seeds.
In the healthy coexistence seeds, cumulative predation events were typically in the range of roughly
3500–4400 over 2000 steps, whereas the clean collapse case recorded only 26 predation events, and
the deceptive failure only 584. The spread is therefore ecological as well as numerical: seeds with
similar end states may have been produced through very different predation regimes.

The importance of this checkpoint is therefore twofold. On the one hand, it demonstrates
that tabular Q-learning can generate strong population-level coexistence metrics and long-horizon
oscillatory dynamics resembling classical predator-prey behavior. On the other hand, it shows that
these aggregate results can mask a poor underlying ecological mechanism. Run 50 cycle 3 is thus
the best checkpoint numerically, but not the best ecological model conceptually. It constitutes the
clearest expression of the other side of the central trade-off identified in the thesis: when coexistence
becomes robust at the population level, the learned solution may do so by exploiting structural
biases in the environment rather than by producing realistic ecosystem dynamics.

5.3.4 Comparative view across the three RL regimes

Taken together, the three evaluated checkpoints define a clear progression in the behavior learned
by the tabular Q-learning system. Run 48 cycle 2 was the first regime to produce coexistence
in a substantial fraction of seeds, but this coexistence remained sharply bimodal and therefore
fragile. Run 48 cycle 3 produced the most ecologically meaningful local predator behavior, with
predation distributed across the habitat rather than concentrated near a fixed boundary. However,
this came at the cost of ecological instability, since predators became too effective and drove prey
to extinction in most runs. Run 50 cycle 3 achieved by far the strongest aggregate coexistence
metrics, with high survival and sustained oscillatory population dynamics, but this success was
tied to a spatially degenerate corner-trapping strategy.

The comparison, therefore, shows that the three checkpoints should not be interpreted simply
as weak, medium, and strong versions of the same ecological model. Instead, they reveal different
trade-offs within the same learning framework. Run 48 cycle 2 demonstrates that coexistence can
emerge, but not reliably. Run 48 cycle 3 demonstrates that meaningful local hunting behavior
can emerge, but not without destabilizing the prey population. Run 50 cycle 3 demonstrates that
robust population-level coexistence can be achieved, but in this case, through overfitting to the
geometry of the environment.

This comparative pattern is central to the thesis. It shows that tabular Q-learning, under the
current state representation and environment design, does not converge toward a single ecologically
satisfactory solution. Instead, it resolves the predator-prey tension in different partial ways
depending on the checkpoint: through unstable coexistence, through ecologically meaningful but
excessive predation, or through numerically successful but spatially artificial coexistence. For this
reason, run 50 cycle 3 can be treated as the best-performing checkpoint in quantitative terms, but
not as a fully satisfactory final ecological model.

This trade-off strongly suggests that the 540-state tabular representation is not rich enough
to encode the spatial and ecological context required for both robust coexistence and ecologically
realistic behavior.
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Table 5: Comparison of the three main RL checkpoints over 50 evaluation seeds.
Run Cycle Mean coex ± SD Survival Both alive Prey CV Pred CV Oscillation period
48 2 0.381± 0.391 0.836 31/50 (62%) 0.223 0.604 ∼5–6
48 3 0.370± 0.241 0.716 4/50 (8%) 0.487 0.616 ∼6–7
50 3 0.782± 0.239 0.984 48/50 (96%) 0.173 0.398 ∼8–9

5.4 Comparison with the ODE baselines

The comparison between the RL checkpoints and the ODE baselines shows that the relationship
between the two approaches is only partial. At the population level, some RL trajectories resemble
classical predator-prey dynamics, especially when viewed through aggregate counts and oscillatory
behavior. However, once the underlying spatial mechanism is taken into account, none of the
learned checkpoints can be considered a fully satisfactory analogue of the classical models.

Among the three RL regimes, run 50 cycle 3 is the closest to the classical baselines in purely
aggregate terms. Its long-horizon rollouts exhibit sustained coexistence, relatively low population
variability, and oscillatory dynamics that qualitatively resemble the cyclical behavior shown by both
the fitted historical ODE models and the RL-calibrated Rosenzweig-MacArthur formulation. In
particular, the population trajectories in Figure 12 are visually more consistent with the persistent
oscillatory regimes of the fitted Hare-Lynx models shown earlier in Figure 2 than are the more
unstable trajectories of runs 48 cycle 2 and 48 cycle 3. From this perspective, run 50 cycle 3 appears
to provide the strongest population-level correspondence to the classical predator-prey framework.

At the same time, the calibrated ODE baseline highlights an important limitation of this
apparent success. The RL-calibrated Rosenzweig-MacArthur model predicted a low predator
equilibrium and a trajectory spiraling toward weak predator persistence, as shown in Figure 5. The
fact that run 50 cycle 3 instead maintains a large predator population over 2000 steps indicates
that the learned simulation is not reproducing the calibrated aggregate dynamics in any direct
sense. Rather, it is generating a different effective regime, one that depends strongly on the spatial
concentration of prey and on predator convergence toward that concentration. This explains
why the density maps in Figure 13 are essential to the comparison: they show that the apparent
agreement with classical oscillatory dynamics is only superficial, since the mechanism sustaining
coexistence is boundary exploitation rather than distributed ecological interaction.

Run 48 cycle 3 provides a complementary contrast. In that checkpoint, the density maps show
a far more spatially distributed pattern of predation than in run 50 cycle 3, which makes its local
behavior more ecologically plausible. Yet its population dynamics do not align well with the stable
coexistence structure of the fitted ODE baselines. Instead, prey extinction and subsequent predator
decline dominate many runs, indicating that the learned policy produces excessive predation
pressure relative to long-term coexistence. In this sense, run 48 cycle 3 captures something that
the ODE baselines also make clear analytically: predator-prey systems are highly sensitive to
the balance between attack pressure and predator maintenance. However, the checkpoint fails to
stabilize that balance in practice.

Run 48 cycle 2 lies between these two extremes. Its successful seeds demonstrate that coexistence
can emerge, but the large variance across seeds prevents any strong comparison with the classical
models. Rather than matching a coherent ODE-like regime, it represents a brittle transitional
stage in which coexistence is possible but not yet robust. This is consistent with the broader
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pattern observed across the RL experiments: the learned policies do not converge toward a single
stable ecological solution, but instead express different trade-offs between local behavior and
population-level outcome.

To make this comparison more precise, the Lotka-Volterra and Rosenzweig-MacArthur models
were also fitted directly to the RL population trajectories, treating each simulation step as one
unit of continuous time. This fitting was performed for the best-performing seed of run 50 cycle 3
(random seed 51) and for a representative pre-extinction window of run 48 cycle 3 (seed 0, steps 1
to 1843). The results are summarized in Table 6.

Table 6: Lotka-Volterra and Rosenzweig-MacArthur parameters fitted to RL population trajectories,
compared with the RL-calibrated analytical baseline (Table 4). RMSE values are in agent counts.
The dashes in the last row indicate that no fitting was performed: the calibrated parameters were
derived analytically from the simulator configuration rather than from trajectory data.
Checkpoint Model RMSE prey RMSE pred N∗ P ∗ Stability
Run 50 c3 (seed9) LV 68.3 31.5 266.8 143.7 Neutral centre
Run 50 c3 (seed9) RM 34.8 7.7 294.3 158.1 Stable node
Run 48 c3 (seed0, pre-ext.) LV 222.3 129.8 93.4 112.1 Neutral centre
Run 48 c3 (seed0, pre-ext.) RM 80.1 13.6 257.2 150.8 Stable spiral
RL-calibrated RM (Table 4) RM — — 25.3 1.3 Stable spiral

For run 50 cycle 3, the RM model provides a substantially better fit than LV, particularly for
predator dynamics, where the RMSE drops from 31.5 to 7.7 (approximately 5% relative to the mean
predator count of 152.8). The fitted RM equilibrium (N∗ = 294.3, P ∗ = 158.1) is also very close to
the observed trajectory mean (N̄ = 295.2, P̄ = 152.8), and the fitted carrying capacity (K = 322.7)
is close to the actual RL environment value of 337. In this sense, the RM model captures the
mean operating level of the run 50 cycle 3 trajectory well, although it does not reproduce the
short-period oscillations, which reflect stochastic agent-level fluctuations rather than deterministic
ODE dynamics.

The most important result of this fitting analysis concerns the comparison between the fitted
equilibrium and the RL-calibrated analytical baseline from Section 5 (Table 4). That baseline,
derived from simulator parameters under uniform-mixing assumptions, predicted P ∗ ≈ 1.3. The
RM model fitted to the actual run 50 cycle 3 trajectory instead finds P ∗ = 158.1, a difference
of approximately 120-fold. This gap is not a fitting artefact. It is a direct consequence of the
corner-trapping strategy identified in the spatial analysis: by concentrating prey in the boundary
zone, the learned behavior creates a much higher effective local encounter rate than uniform mixing
would produce. The calibrated ODE cannot represent this spatial mechanism, and therefore, it
severely underestimates the predator abundance that the learned behavior can sustain. The fitting
result therefore provides quantitative confirmation that the RL agents operate in a qualitatively
different dynamical regime from the one predicted by the calibrated aggregate model.

For run 48 cycle 3, the fitting quality is substantially worse. The RM predator RMSE of 13.6
is higher than for run 50 cycle 3, and the prey RMSE of 80.1 is almost 2.3 times larger. This
is expected: the pre-extinction trajectory is not stationary, and no fixed-parameter ODE can
simultaneously capture the initial growth phase, the intermediate period of quasi-stability, and the
final prey collapse. The fact that RM still provides a much better fit than LV for the predator
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series (13.6 versus 129.8) confirms that some structure is present, but the high prey RMSE confirms
that the trajectory as a whole is not well-described by either classical model.

Taken together, the comparison with the ODE baselines leads to two main results. First,
the RL system can reproduce some classical population-level signatures, especially oscillation
and coexistence, under selected checkpoints. Second, these similarities do not imply that the
RL agents have learned an ecologically satisfactory version of the classical models. The ODE
baselines remain more coherent and interpretable at the system level, whereas the RL results reveal
that under the current state representation and environment design, population-level similarity
can arise from mechanisms that are spatially artificial or ecologically unstable. For this reason,
the comparison supports a qualified conclusion: tabular Q-learning can approximate classical
predator-prey dynamics at the level of aggregate counts, but it does not yet provide a convincing
ecosystem-level replacement for the classical baselines.

5.5 Summary of findings

Taken together, the results of this chapter show that the comparison between classical ecological
models and the RL-based simulator leads to a mixed but informative conclusion. On the ODE
side, the historical baseline analysis confirmed that classical predator-prey models remain useful
as an aggregate reference system. Both Lotka-Volterra and Rosenzweig-MacArthur reproduced
the Hare-Lynx case study reasonably well, while the Isle Royale case demonstrated the limits of
fixed-parameter deterministic models under structural ecological disruptions. The RL-calibrated
ODE scenario further showed that, under the simulator’s current parameter regime, predator
persistence should already be expected to be difficult at the aggregate level.

On the RL side, the training results showed that the learning system was able to acquire
meaningful local predator-prey competencies. The 1v1 warm-up stage produced basic pursuit
and evasion behavior, while the alternating multi-agent protocol generated progressively more
specialized predator and prey policies. However, the long-horizon evaluation revealed that these
learned strategies did not converge toward a single ecologically satisfactory solution. Instead, the
three main checkpoints expressed three different regimes. Run 48 cycle 2 showed that coexistence
could emerge, but only in a brittle and strongly seed-dependent way. Run 48 cycle 3 produced the
most ecologically meaningful spatial hunting behavior, but this came at the cost of overhunting and
widespread prey collapse. Run 50 cycle 3 achieved by far the strongest population-level coexistence
metrics, yet did so through a spatially degenerate boundary-concentration strategy.

The main empirical conclusion of the results chapter is therefore not that one checkpoint simply
succeeded and the others failed. Rather, the experiments reveal a structural trade-off in the
current tabular Q-learning setup. When the learned policies produced more realistic distributed
predator-prey interactions, they failed to sustain ecosystem-level coexistence. When they produced
the strongest aggregate coexistence, they did so by overfitting to the geometry of the environment.
In this sense, the results suggest that tabular Q-learning under the current state representation is
capable of learning meaningful local behavior, but not of integrating that behavior into a robust
and ecologically convincing ecosystem-level model.

The multi-seed evaluation provides evidence about the sensitivity of the learned policies to
stochastic variation in initialization and rollout dynamics, but it does not constitute a full test of
robustness under explicit environmental perturbations or noisy conditions.

Finally, the comparison with the ODE baselines reinforces this interpretation. The RL system
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can reproduce some classical signatures at the level of aggregate population counts, especially
oscillation and coexistence, but these similarities are not sufficient to claim that it has learned
an ecologically satisfactory analogue of the classical models. The population-level agreement is
real, yet the underlying mechanism often remains spatially artificial or dynamically unstable. The
central finding of the chapter is therefore that tabular Q-learning can approximate predator-prey
dynamics in limited ways, but it is not enough on its own to deliver a fully credible simulation of
ecosystem population dynamics in the present setting.

6 Discussion

6.1 Interpretation of the main findings

The results of this thesis point to a clear but complex conclusion. At a population level, the
RL-based simulator was capable of genuinely generating predator-prey dynamics that, in some
cases, did resemble classical ecological behavior. In particular, only looking at the numbers, run
50 cycle 3 produced sustained coexistence, relatively low population variability, and oscillatory
behavior that appeared broadly consistent with classical predator-prey cycles. At first sight, this
suggests that tabular Q-learning can indeed approximate meaningful ecosystem dynamics.

However, the whole set of results shows that this conclusion is only partially valid. The three
main checkpoints did not converge toward a single satisfactory ecological solution. Instead, they
revealed three different regimes, each solving part of the predator-prey problem, while failing on
another. Run 48 cycle 2 showed that coexistence could emerge, but only in a breakable and strongly
seed-dependent way. Run 48 cycle 3 produced the most ecologically recognizable local behavior,
with predators actively tracking prey across the habitat, but this came at the cost of overhunting
and frequent collapse. Run 50 cycle 3 achieved the strongest aggregate coexistence metrics, but did
so through spatial overfitting on the MDP.

The central interpretation is, therefore, that the learning system did not fail, but neither
did it succeed in solving the ecological problem. The agents clearly learned meaningful local
behavior: predators improved their pursuit efficiency, prey improved their evasion behavior, and
the alternating protocol produced distinct predator-prey regimes rather than random movement.
What failed was the integration of these local behaviors into a robust ecosystem-level solution. So,
the system could learn to act meaningfully at a local scale, but it could not consistently translate
this into ecologically satisfactory long-term population dynamics.

This interpretation is reinforced by the comparison with the ODE baselines. The RL system was
able to reproduce some classical signatures at the level of aggregate population counts, especially
oscillation and coexistence, but it did not reproduce them through the same kind of interpretable
system-level mechanism. The ODE baselines remained analytically coherent, whereas the RL
solutions often depended on unstable or spatially artificial strategies. This means that population-
level similarity alone is not sufficient to conclude that the RL system learned a credible ecological
model. The quantitative fitting analysis makes this concrete: the Rosenzweig-MacArthur model
fitted to the actual run 50 cycle 3 trajectory recovers a predator equilibrium of P ∗ = 158.1,
approximately 120 times higher than the P ∗ ≈ 1.3 predicted by the RL-calibrated baseline under
uniform-mixing assumptions. This gap is direct evidence that the corner-trapping regime is not a
minor departure from the calibrated dynamics, but a qualitatively different effective interaction
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regime, one that the aggregate model cannot anticipate from the simulator’s parameters alone.
Taken together, the main finding of the thesis is not that reinforcement learning is useless for

ecosystem simulation, nor that it clearly succeeds either. Rather, it is that tabular Q-learning in
the present setting lies in the middle: it is strong enough to generate meaningful local predator-prey
behavior and even partial ecosystem-level regularities, but not strong enough to combine ecological
realism, robustness, and stable coexistence within a single learned solution. That alone is the key
result that shapes the rest of the discussion.

6.2 Why tabular Q-learning was not sufficient

The main reason tabular Q-learning was insufficient in this thesis is that the learned policies
operated on a state representation that was too limited to support real ecosystem-level regulation.
The agents were able to learn meaningful local behavior, such as pursuit, evasion, and opportunistic
feeding, but the 540-state tabular observation space cannot contain enough ecological context to
connect those local decisions to long-term population consequences. In practice, this meant that the
agents could become locally effective without becoming ecologically sustainable since they lacked
information of the bigger picture.

This limitation is clear in the comparison between the three main checkpoints. Run 48 cycle
2 showed that coexistence could emerge, but did so on a fraction of the seeds. Run 48 cycle 3
produced the most ecologically recognizable predator behavior, with distributed hunting across
the grid, but the predator became too effective and repeatedly destabilized the prey population.
Run 50 cycle 3 achieved the strongest aggregate coexistence metrics, yet only by exploiting a
corner-concentration strategy tied to the geometry of the grid. These outcomes suggest that tabular
Q-learning was capable of solving parts of the problem, but not of integrating them into a single
robust ecological solution.

The main bottleneck was the observation space itself. With only 540 discrete states, the policy
could encode coarse local information such as energy, target direction, detection, and limited
context, but it could not adequately represent broader ecological conditions such as population
balance, habitat-scale spatial structure, or the long-term consequences of predation pressure. As
a result, predators could learn that hunting was immediately rewarding without being able to
infer that persistent overhunting would eventually collapse the prey population and therefore affect
predator’s reward as well. In the same way, prey could learn that boundary positions increased
short-term survival without representing that this was trapping them against the predator in a
future situation.

This helps explain why the learning system repeatedly resolved the task through partial strategies.
When the predator adopted a more mobile and ecologically plausible hunting strategy, as in run 48,
cycle 3, the prey population was pushed beyond what the system could sustain. When coexistence
became numerically robust, run 50 cycle 3, it was achieved through boundary exploitation rather
than through distributed ecological balance. The issue was therefore not simply that the agents
failed to learn, but that the problem’s representational structure encouraged locally rational yet
globally insufficient solutions.

A second limitation is that tabular Q-learning scales poorly when a richer ecological context
is needed. To correct the failures observed here, the agents would likely need access to more
informative observations, such as local density structure, broader population pressure, or boundary
awareness. However, incorporating such variables directly into a tabular state space would cause a
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rapid combinatorial expansion of the number of states, making convergence and learning increasingly
impractical. This means that the weakness of the present approach is not only in the specific
policies learned, but also the fact that the tabular framework itself becomes restrictive once the
ecological problem demands more expressive representations.

A third structural limitation is multi-agent non-stationarity. In the alternating training protocol,
each agent learns against a frozen version of its counterpart, which means the learning target shifts
every time the frozen agent is updated during the different phases. The deployed policies were never
jointly converged: predator and prey were each trained to respond to a fixed opponent, not to a
simultaneously adapting one. This helps explain why the learned strategies are often brittle under
the full joint dynamics of evaluation. Unlike the state-space problem, this limitation cannot be
resolved simply by enlarging the observation space; it requires either concurrent training methods
that explicitly handle non-stationarity or self-play schemes in which both agents adapt together
throughout training.

A further consequence of this representational limitation is that the oscillatory dynamics
produced by the RL system are not the same kind of dynamics as those in classical ODE models.
The Rosenzweig-MacArthur model fitted to the run 50 cycle 3 trajectory yields a stable node,
meaning both eigenvalues are real and negative, which predicts overdamped monotonic convergence
rather than oscillatory behavior. Yet the actual trajectory clearly shows short-period fluctuations.
This indicates that the oscillations visible in the RL population curves are not deterministic
ecological cycles of the type described by differential equation models, but stochastic fluctuations
arising from individual agent births, deaths, and hunting events. Population-level similarity in
terms of oscillatory appearance, therefore, does not imply that the RL system learned the same
underlying ecological mechanism; it only means that individual-level demographic noise can produce
patterns that superficially resemble ODE-type cycles.

6.3 Ecological realism and simulator limitations

The results show that the simulator captures some ecologically relevant ingredients, but remains a
highly simplified ecosystem model. At the most basic level, it includes prey-predator interaction,
renewable resources, reproduction, mortality, and spatial movement on a bounded habitat. These
features are sufficient to generate non-trivial population dynamics and to make the learning problem
ecologically meaningful. In that sense, the simulator goes beyond an abstract reinforcement-learning
environment and provides a structured grid in which population-level behavior can emerge.

At the same time, the ecological realism of the simulator is limited by the way these mechanisms
are implemented. The environment is a discrete grid with hard boundaries, simplified tile-based
resources, and highly reduced agent observations. Predator and prey behavior is driven by a small
number of local cues rather than a richer biological or environmental context. As a result, the
agents do not perceive the habitat in a way that resembles real organisms, nor do they represent
broader ecological pressures such as global scarcity, migration corridors, seasonal variation, or
delayed environmental change.

One of the clearest limitations revealed by the results is the role of boundary geometry. The
corner-concentration regime in run 50 cycle 3 showed that the simulator’s hard walls create an
artificial survival advantage for prey at the edges of the grid. Predators then adapt to that prey
concentration, producing a stable but spatially unrealistic coexistence pattern. This means that
the environment does not merely constrain behavior; it actively shapes which strategies become
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optimal. In this case, the strategy that maximized survival inside the simulator was not a generally
meaningful ecological strategy, but an exploitation of a structural artifact of the habitat.

A second major limitation is that the simulator operates at an ecological scale that is only
partially represented in the agents’ observation space. The agents act in a shared population
system, but their state representation contains no direct encoding of broader population balance,
habitat-wide spatial gradients, or long-term demographic pressure. This creates a mismatch between
the scale of the ecological problem and the scale of the information available to the learner. In
practical terms, the simulator asks agents to solve a population-regulation problem while only
allowing them to perceive a narrow local slice of the system.

The simulator is also limited by its biological abstraction. Reproduction is simplified, individuals
have no age structure, no memory, and no explicit physiological diversity beyond energy and species
type, and environmental dynamics are restricted to a small set of deterministic or weakly stochastic
processes. These simplifications are appropriate for a bachelor’s thesis model, but they matter for
interpretation: they mean that the results describe the properties of this particular computational
setting rather than natural ecological dynamics, and that strategies which appear successful here
may not remain viable under more biologically grounded constraints.

For this reason, the simulator should be understood as ecologically suggestive rather than
ecologically realistic in a strong sense. It was realistic enough to expose meaningful tensions
between local adaptation and ecosystem-level stability, which is a genuine contribution of the thesis.
However, it was not realistic enough to support strong claims about how learned policies would
transfer to real ecosystems. The value of the simulator lies primarily in showing what tabular
Q-learning can and cannot achieve in a controlled predator-prey setting, not in providing a faithful
model of natural ecological dynamics.

6.4 Implications for policy-oriented ecosystem simulation

The results of this thesis have mixed implications for policy-oriented ecosystem simulation. On the
one hand, they suggest that reinforcement learning can be useful for exploring adaptive ecological
behavior in a way that classical aggregate models cannot. The RL simulator was able to generate
distinct predator-prey regimes, reveal tensions between predation efficiency and coexistence, and
expose how local behavioral rules can scale into very different population-level outcomes. In that
sense, RL-based simulation has value as an exploratory tool for studying how ecological strategies
and environmental structure interact over time.

On the other hand, the present results also show that this value is not yet sufficient for direct
policy use. A policy-oriented ecological model should not only produce plausible aggregate outputs,
but should do so through mechanisms that remain interpretable, robust, and ecologically credible.
The current tabular Q-learning setup did not meet that standard.

The comparison with the ODE baselines is especially relevant here. The classical models remain
more interpretable and analytically stable, which makes them more suitable as transparent reference
tools for high-level reasoning. At the same time, it is worth noting that even the classical baselines
are not policy-ready tools in an unconditional sense: the Isle Royale case study in Section 5 showed
that fixed-parameter ODE models fail under structural ecological disruptions that fall outside the
scope of their assumptions. The RL simulator, by contrast, provides richer adaptive behavior but
at the cost of reduced interpretability and weaker ecological control. For policy-oriented ecosystem
simulation, this suggests that RL should not currently be viewed as a replacement for classical
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ecological modeling, but rather as a complementary approach whose main value lies in exploring
adaptive mechanisms, testing behavioral hypotheses, and identifying where aggregate models may
miss important local dynamics.

The broader implication is therefore conditional rather than negative. Reinforcement learning
may eventually contribute to policy-oriented ecosystem simulation, but only if the learning problem
is embedded in a model that better reflects ecological structure at the scale relevant for management.
In the present thesis, that condition was not satisfied. As a result, the policy relevance of the
findings lies less in the learned policies themselves and more in the methodological lesson they
provide: if RL is to become useful for ecological decision support, it must be coupled with richer
ecological observations, more realistic spatial structure, and learning methods capable of reasoning
over broader and longer-term system consequences.

6.5 Future work

The most immediate direction for future work is to improve the representation of ecological context
available to the learning agents. The result of this thesis suggests that the main limitation of the
current system is not the absence of learning altogether, but the mismatch between the ecological
scale of the problem and the narrow local state representation provided to the agents. A priority
would therefore be to enrich the observation space with variables that encode broader population
and spatial context, such as local density fields, boundary awareness, neighborhood occupancy
structure, or approximate prey-to-predator balance. This would allow agents to respond not only
to immediate nearby targets, but also to the wider ecological consequences of their actions.

A second important direction is to improve the learning framework itself. The present study used
tabular Q-learning because it provided a transparent and tractable baseline, but the results indicate
that this approach becomes restrictive once the ecological problem requires richer state information
and more flexible decision rules. Future work should therefore explore function-approximation
methods, particularly deep reinforcement learning approaches, that can scale beyond a small
discrete state space. Methods such as PPO or other actor-critic variants would be especially
relevant if combined with richer observations or continuous movement, since they could support
more expressive policies without the combinatorial explosion of tabular representations.

The spatial structure of the simulator should also be revised. The corner-concentration pattern
found in run 50 cycle 3 showed that the hard grid boundaries introduced an artificial survival
advantage that the agents learned to exploit. A natural next step would be to replace the current
bounded geometry with toroidal boundaries, continuous-space movement, or obstacle-based habitats
that eliminate the trivial refuge effects and force more ecologically meaningful spatial strategies.
Related to this, future versions of the simulator could include more realistic terrain variation,
better-designed patchy resources, environmental obstacles, or heterogeneous habitat regions so that
movement and predation are shaped by ecological structure rather than by grid artifacts alone.

Another important extension would be to evaluate robustness more directly. In the present
thesis, robustness was studied only partially through multi-seed variability. Future work should
include dedicated perturbation experiments, such as sudden prey shocks, predator mortality shocks,
temporary resource depletion, or spatial habitat change. These would make it possible to assess
whether the learned policies remain viable under explicit ecological disturbances rather than only
under stochastic variation in initialization and rollout conditions.

At the ecological level, the simulator could also be made more realistic by introducing richer
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biological structure. Possible extensions include age classes, species-specific life-history differences,
more detailed energy budgets, memory, sex-specific or seasonal reproduction, and variable resource
regeneration. These additions would not only make the ecosystem more realistic, but could also
help distinguish between strategies that are merely optimal in a simplified artificial setting and
strategies that remain viable under more biologically grounded constraints.

Finally, future work should strengthen the connection between simulation and ecological theory.
This thesis took a first step by fitting Lotka-Volterra and Rosenzweig-MacArthur models to the
RL population trajectories, which revealed the 120-fold discrepancy between the calibrated and
fitted predator equilibria. A natural extension would be to apply this fitting procedure across
all 50 evaluation seeds and all three checkpoints, rather than only to individual representative
seeds, so that the correspondence between RL dynamics and classical models can be assessed as a
distribution rather than as isolated examples. Beyond this, future work could study how fitted
ODE parameters evolve across training cycles, whether deep RL agents with richer observations
produce trajectories that are more consistent with classical ecological regimes, and whether the
learned interaction rules can be mapped onto interpretable ecological quantities. The main value of
this direction is not only to improve performance, but to determine whether reinforcement learning
can eventually serve as a genuinely credible ecosystem-level modeling approach rather than only as
a locally adaptive simulation technique.

7 Conclusion

7.1 Answer to the research question

The central research question of this thesis asked how effective reinforcement learning methods
are, compared to classical ecological models, in supporting ecosystem policy design. Based on the
results obtained, the answer is mixed. Reinforcement learning, in the form implemented here, was
effective enough to generate meaningful local behavior and, in some cases, population-level patterns
that resembled classical ecological dynamics. However, it was not effective enough to provide a
robust, ecologically credible, and interpretable ecosystem-level model comparable to the classical
baselines.

More specifically, the study showed that Q-learning could learn partial solutions to the predator-
prey problem. When the learned policies display more ecologically recognizable spatial behavior,
coexistence tends to collapse through overhunting. When coexistence became strong at the aggregate
level, it was sustained through corner-trapping and boundary exploitation rather than through
distributed ecological balance. As a result, the RL system did not converge toward a single
satisfactory ecological solution.

Compared with the classical models, the RL-based simulator offered a different kind of value.
The ODE baselines remained more interpretable, more coherent at the system level, and more
suitable as transparent reference models. The RL system contributed adaptive local behavior
and exposed mechanisms that aggregate models cannot represent directly, but it did so at the
cost of reduced interpretability and weaker ecological control. Therefore, RL functioned as a
complementary exploratory framework whose strengths lay in revealing behavioral dynamics and
failure modes rather than in delivering a superior policy-support model.

Regarding the first sub-question, on how accurately Q-learning agents can reproduce population
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dynamics compared to classical models, the answer is: partially, and with important caveats about
the mechanism. The best-performing checkpoint produced sustained coexistence and oscillatory
population curves, and the Rosenzweig-MacArthur model fitted to that trajectory achieved a
predator RMSE of 7.7, suggesting some classical structure is present. However, the same fitting
analysis found a predator equilibrium of P ∗ = 158.1, approximately 120 times higher than the
P ∗ ≈ 1.3 predicted by the RL-calibrated analytical baseline under uniform-mixing assumptions.
This 120 times confirms that the RL agents operate in a qualitatively different dynamical regime
driven by spatial concentration, not one that follows from the classical model with the simulator’s
own parameters. Furthermore, the fitted model predicts a stable node with no oscillations, while
the actual trajectory shows clear fluctuations, confirming that those oscillations are stochastic
demographic noise rather than deterministic ecological cycles.

Regarding the second sub-question, on robustness and alignment with conservation objectives,
the answer is partial. The multi-seed evaluation across 50 initialization seeds showed that the
strongest checkpoint maintained coexistence across the majority of seeds and displayed lower
population variability than the weaker checkpoints, providing evidence of stochastic robustness
under varied rollout conditions. Alignment with survival-based conservation objectives was partially
demonstrated through the coexistence score and survival fraction metrics. However, the thesis
did not conduct explicit perturbation experiments such as prey shocks or resource depletion, so
robustness under active environmental disturbance remains an open question. The alignment
that was demonstrated is also limited in ecological relevance because the mechanism sustaining
coexistence in the strongest checkpoint was a spatial artifact rather than a generalizable ecological
strategy.

The answer to the research question is that reinforcement learning was only partially effective
in this setting. It showed clear potential for ecosystem simulation, but tabular Q-learning with the
present state representation and environment design was not sufficient to support policy-oriented
ecological modeling in a strong sense. The method is capable of approximating some predator-prey
dynamics, yet it cannot combine robustness, ecological realism, and stable coexistence within a
single learned policy. For this reason, the thesis concludes that reinforcement learning remains a
promising direction for ecosystem simulation, but only if future work moves beyond the current
tabular setup towards richer ecological observation and more expressive learning methods.

7.2 Main contributions and limitations

The thesis makes two main contributions. First, it develops and evaluates a reinforcement-learning-
based predator-prey simulator that is rich enough to generate non-trivial ecological regimes rather
than only trivial survival behavior. The study shows that even a relatively simple RL setup can
produce meaningful local predator-prey strategies, including pursuit, evasion, and feeding behavior,
and can generate population-level dynamics that partially resemble classical ecological oscillations.
In that sense, the thesis demonstrates that reinforcement learning can serve as a useful exploratory
framework for ecosystem simulation.

Second, the thesis contributes a comparative analysis between classical ecological baselines
and learned simulation behavior. By combining fitted ODE models, RL-calibrated analytical
baselines, and long-horizon multi-seed evaluation, the study does not merely report whether the
RL system performed well or poorly. Instead, it identifies a more informative result: the learned
policies produced three distinct ecological regimes, each reflecting a different trade-off between local
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behavior and ecosystem-level outcome. This comparative perspective is one of the main strengths
of the thesis, because it shows both what reinforcement learning can achieve and where its current
limitations become decisive.

Third, the thesis provides a concrete mechanistic diagnosis of where and why RL-based simulation
diverges from classical ecological dynamics. The identification of corner-trapping as the mechanism
sustaining the strongest aggregate checkpoint, and its quantitative confirmation through the 120-fold
discrepancy between the fitted and calibrated predator equilibria, is a specific finding that aggregate
models alone could not have produced. The additional result that the fitted Rosenzweig-MacArthur
model predicts a stable node while the RL trajectory shows oscillations further establishes that
the two modeling paradigms generate dynamics through fundamentally different mechanisms, even
when their population-level outputs appear similar.

At the same time, the thesis has several important limitations. The most significant is that
the reinforcement-learning component relies on a coarse tabular state representation that cannot
adequately encode broader ecological context. As a result, the agents can learn locally effective
behavior without being able to regulate their actions in a way that remains sustainable at the
ecosystem level. This is the main reason why the learned solutions tended to resolve the predator-
prey problem only partially: through brittle coexistence, overhunting, or spatial overfitting.

A second limitation concerns ecological realism. Although the simulator includes predator-prey
interaction, spatial structure, resource renewal, reproduction, and mortality, it remains a highly
simplified artificial ecosystem. The hard grid boundaries, reduced local observations, and simplified
biological assumptions mean that the learned behaviors cannot be interpreted as direct ecological
predictions about real systems. In particular, the corner-concentration regime observed in the
strongest aggregate checkpoint shows that the policies are sensitive to structural artifacts of the
environment.

A third limitation is methodological scope. The thesis provides a robust comparison across seeds
and checkpoints, but it does not fully address robustness under explicit environmental perturbations
such as shocks, habitat change, or resource collapse. Similarly, while the comparison with ODE
baselines was extended through fitted trajectory analysis, this fitting was performed only for
representative runs rather than across the full distribution of evaluation seeds. The conclusions are
therefore strongest at the level of controlled proof-of-concept comparison rather than full ecological
validation.

In conclusion, these contributions and limitations define the thesis clearly. The work shows that
reinforcement learning can generate meaningful predator-prey behavior and can reveal important
failure modes that classical aggregate models do not capture directly. At the same time, it also
shows that tabular Q-learning in the present form is not sufficient to serve as a fully credible
ecosystem-level simulation method. That combination of positive evidence and clearly identified
limits is, in itself, one of the main contributions of the study.

7.3 Final remarks

This thesis began from the question of whether reinforcement learning could serve as a useful
alternative or complement to classical ecological modeling in the context of ecosystem simulation.
The answer that emerged is neither a simple success story nor a simple failure. Instead, the study
showed that reinforcement learning can generate meaningful local predator-prey behavior and
can even reproduce some aggregate signatures of classical ecological dynamics, but that these
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achievements are not enough on their own to constitute a robust and ecologically credible ecosystem
model.

The most important lesson of the thesis is therefore methodological. When reinforcement
learning is applied to ecological systems, the quality of the learned behavior depends not only on
the learning algorithm itself, but on the ecological realism of the environment, the information
available to the agents, and the degree to which local reward optimization is aligned with long-term
population stability. In the present study, tabular Q-learning was able to learn partial solutions,
but the limitations of the state representation and simulator structure prevented those solutions
from becoming fully satisfactory at the ecosystem level.

At the same time, this result should not be understood as closing the door on reinforcement
learning for ecology. On the contrary, the experiments show that RL can be a valuable research
tool precisely because it exposes tensions that are less visible in aggregate equation-based models.
The fact that the learned system produced fragile coexistence, overhunting, and spatial overfitting
is itself informative: it reveals which ecological mechanisms must be represented more carefully if
learning-based simulation is to become scientifically and practically useful. And, honestly, getting
there will require more than a larger Q-table.
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