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ARTICLE INFO ABSTRACT

Dataset link: https://doi.org/10.5281/zenodo.1 Ecosystem models can support understanding, monitoring, and management of ecological dynamics across
9221981 space and time. Yet many existing animal-behavior simulations depend on manually specified rules, which
Keywords: limits scalability, transferability, and realism. We present a flexible agent-based modeling framework that
Agent-based modeling leverages deep reinforcement learning to generate adaptive animal behavior without hand-coded decision
Deep reinforcement learning rules. As a case study, we construct a model of an Alpine ecosystem comprising wolves, chamois, and
Ecosystem modeling vegetation, and evaluate it using Pattern-Oriented Modeling. The resulting simulations reproduce key ecological
Pattern-oriented modeling patterns, including long-term coexistence across multiple landscapes, predator—prey dynamics, and behavior
Sustainable decision-making qualitatively consistent with that of the modeled species. We further show how the model can be used to

explore ecosystem resilience under scenarios of habitat degradation, game hunting, and heat stress. Finally, we
compare our machine-generated model to a rule-based, hand-crafted model and observe that it outperforms
the latter. While ecosystem modeling with deep reinforcement learning remains nascent and experimental,
our approach provides a scalable step toward more flexible computational ecosystem models for exploring
ecosystem responses to disturbance.

1. Introduction 2022; Weiskopf et al., 2022). Some of these, referred to as “digital
twins”, combine data, models, and expert knowledge in continuous
Ecosystems and their species provide us with goods and services alignment with the real world (de Koning et al., 2023), enabling
such as food, clean water, and materials for buildings, clothing, and human interventions to trigger particular outcomes, such as avoided
medicine (Daily and Matson, 2008). However, more than a million population collapses or local species extinctions. Modeling approaches
species are estimated to be threatened with extinction, which means have also been applied to study ecosystem dynamics (Geary et al., 2020;
that without radical policy changes, the contributions of nature to Vieira et al., 2022) and to explore the consequences of human activ-
people may soon be disrupted, with profound consequences for bio- ities, such as agriculture, forestry, urban development, and tourism,
diversity and human communities around the world (Antonelli, 2022). from the planning stage onward (Strannegard et al., 2024a), providing
The urgency of addressing the biodiversity crisis has been recognized in decision-makers with input to reduce negative environmental impacts
landmark international agreements that call for major improvements in or maximize the positive impact, e.g., in a restoration project.

As an example, ecosystem models have been used to predict biomass
variation (Brigolin et al., 2009) and ecological interactions, including
predator-prey dynamics and the effects of ecosystem changes driven by
climate change and human activities (Geary et al., 2020).

One of the most promising approaches to ecosystem modeling is
agent-based modeling (ABM) (Wilensky and Rand, 2015; DeAngelis

global protection of nature (Hughes and Grumbine, 2023). Part of our
ability to address this crisis depends on understanding ecosystems and
predicting biodiversity dynamics.

Recent research has highlighted the potential of ecosystem models
to guide the development of science-based policies that protect biodi-
versity while supporting long-term human prosperity (Silvestro et al.,
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and Grimm, 2014; Crooks et al., 2019; Rollins et al., 2014), where
animals are modeled individually. Although agent-based ecosystem
models are highly flexible, their full potential remains unrealized (Siek-
mann and Osborne, 2023). A central limitation is the difficulty of real-
istically representing organism behavior across diverse environmental
and physiological conditions. Animal behaviors—such as movement,
feeding, and resting—must respond to complex external and internal
inputs (DeAngelis and Grimm, 2014). These behaviors are often hand-
coded using “if-then” rules grounded in behavioral ecology, but this
approach is inherently limited (DeAngelis and Diaz, 2019). Organisms
respond to multiple interacting sensory and physiological cues, making
it nearly impossible to construct exhaustive and accurate rule sets (Kaul
and Ventikos, 2015).

Ensuring ecological stability is another major challenge, as models
must allow functional groups to coexist in a dynamic equilibrium un-
der favorable conditions (Walters and Christensen, 2007). In addition,
both hand-coded and supervised learning approaches require detailed
empirical behavioral data, which are often scarce (LeCun et al., 2015).
Finally, reliable population data for all functional groups are needed to
define initial conditions and validate model outcomes.

The rapid rise of artificial intelligence has led to emerging powerful
alternatives to rule-based approaches, proving highly successful in
areas such as protein structure prediction (Jumper et al., 2021) and
weather forecasting (Price et al., 2025). In this paper, we propose using
reinforcement learning rather than hand-coding to construct behavioral
models for agent-based ecosystem simulations. Our strategy for ecosys-
tem modeling relies on three key ideas: (i) animals are modeled as
deep reinforcement learning agents that make decisions based on their
perception of the environment and their internal homeostatic variables;
(ii) the agents are rewarded for maintaining homeostasis and thus,
indirectly, for surviving by eating, drinking, avoiding predators and
navigating efficiently in the landscape; and (iii) the agents are trained
across multiple environments with varying ecological conditions, so
that they become flexible enough to survive in models of diverse
geographical areas.

We first present our strategy for agent-based ecosystem modeling.
Then we use this strategy to construct an ecosystem model of an Alpine
ecosystem featuring wolves, chamois, and three types of vegetation.
We then use Pattern-Oriented Modeling (Grimm et al., 2005; Grimm
and Railsback, 2012) to evaluate the ecosystem model against seven
ecological patterns reported for Alpine ecosystems:

1. Long-term persistence: Stable wolf-chamois coexistence over
decades; populations remain within empirical bounds.

2. Predator-prey dynamics: Coupled predator-prey fluctuations
consistent with Lotka—Volterra-type dynamics.

3. Spatial distribution: Emergent habitat selection and space use
are consistent with efficient use of resources.

4. Life-history statistics: Survival and fecundity of chamois and
wolves are within reported ranges.

5. Behavioral patterns: Chamois track resources and avoid preda-
tion risk; wolves track prey and avoid barriers.

6. Landscape generality: Coexistence across multiple Alpine land-
scapes.

7. Disturbance resilience: Persistence and recovery under moder-
ate environmental pressure in the form of hunting, heat stress,
and habitat degradation.

Finally, we compare our model with a traditional rule-based ecosys-
tem model.

2. Previous work
2.1. Analytic ecosystem models
Ecosystem dynamics have traditionally been described with an-

alytic models such as the Lotka-Volterra (Lotka, 1925) and Arditi—
Ginzburg equations (Arditi and Ginzburg, 1989). These models describe
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predator—prey dynamics using systems of ordinary differential equa-
tions valued for their ability to capture population interactions over
time. Their strength lies in modeling species interactions and biomass
fluctuations across multiple generations, thereby contributing to our
understanding of energy and mass flow within ecosystems (Swartzman,
1979). However, analytically modeling organism behavior in complex
and realistic scenarios remains challenging—for instance, when mul-
tiple functional groups (e.g., carnivores, herbivores, and primary pro-
ducers) interact and when spatial features or environmental variables
influence ecosystem dynamics (Geary et al., 2020).

2.2. Simulation-based ecosystem models

Another approach to modeling ecosystems is computer simula-
tion (Soetaert and Herman, 2009; Grimm and Railsback, 2013), which
helps address problems for which analytic solutions are impractical or
unavailable—for example, ecosystems with multiple functional groups
that go beyond simple predator—prey dynamics, or those that explicitly
incorporate spatial features. Several simulation models have been
developed to generate realistic representations of biological systems,
including population-based models, which represent organisms at an
aggregated level (Royama, 2012; Colléter et al., 2013; Silvestro et al.,
2022; Hagen et al., 2021; Saraiva et al., 2014), and agent-based models,
in which certain organisms are represented individually (Wilensky
and Rand, 2015; DeAngelis and Grimm, 2014; Crooks et al., 2019;
Rollins et al., 2014). In agent-based models, each agent typically has a
decision-making mechanism that governs its actions, such as movement
and feeding, within a spatially explicit environment. Thanks to these
characteristics, agent-based models have proven useful in wildlife
management (McLane et al.,, 2011), fishery ecology (Lindkvist et al.,
2020), and even evolutionary contexts (Hagen et al., 2021).

2.3. Ecosystem model validation

Real ecosystems and their models can be compared along multi-
ple qualitative and quantitative dimensions. Accordingly, any claim
about model validity or biological plausibility should explicitly spec-
ify to which dimensions the claim refers (Rykiel, 1996). Even with
these clarifications in place, model validity and biological plausibility
are seldom crisp, binary properties; rather, they typically admit de-
grees and depend on context. A range of validation frameworks for
ecosystem modeling has been developed to structure such compar-
isons, from broad integrative approaches such as the IPBES conceptual
framework (Diaz et al.,, 2015) to applied toolkits such as InVEST
for ecosystem-service assessment and decision support (Nelson et al.,
2009).

A common limitation of purely quantitative validation approaches
is data scarcity: biomass estimates for relevant functional groups at
sufficiently fine spatial and temporal resolution are often unavailable,
and collecting them can be prohibitively expensive. Moreover, no single
dataset is typically sufficient to rigorously validate complex ecological
models, particularly when models are used to project dynamics under
novel environmental conditions for which no empirical data exist.

Pattern-Oriented Modeling (POM) (Grimm et al., 2005; Grimm and
Railsback, 2012) addresses these limitations by integrating quantita-
tive and qualitative validation through the use of multiple observed
ecological patterns as simultaneous criteria for model development,
calibration, and evaluation. By requiring models to reproduce sev-
eral independent patterns rather than a single target dataset, POM
constrains both model structure and parameterization, reduces the
risk of achieving accurate predictions for incorrect reasons, and in-
creases confidence that underlying processes are sufficiently realistic
for explanation and scenario-based forecasting.
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2.4. Deep reinforcement learning

Reinforcement learning (Sutton and Barto, 2018) is a paradigm in
artificial intelligence that enables an agent to interact with an environ-
ment and learn behavior through trial and error. The agent engages
with the environment by making observations and performing actions.
It receives feedback in the form of a reward signal—a real number
that, at each time step, quantifies the positive or negative effect of the
interaction on the agent. Reinforcement learning algorithms optimize
models that encode how agents behave in their environment to max-
imize their reward. These models, called policies, map observations to
actions. A common way to represent policies is with policy networks:
artificial neural networks that take observations as input and return
actions as output. This is the basis of deep reinforcement learning (Mnih
et al., 2015).

Deep reinforcement learning has been applied in domains such as
robotics, autonomous driving, finance, natural language processing,
and healthcare (Sutton and Barto, 2018). It has also been used to
develop agents that perform at high levels in games such as Pac-
Man (Badia et al., 2020), Go (Silver et al., 2018), and Minecraft (Hafner
et al.,, 2025). In environmental sciences, reinforcement learning has
been applied to select optimal areas for biological conservation (Sil-
vestro et al., 2022, 2025) and to assess the impact of economic ac-
tivities (Strannegard et al., 2024a), among other topics (Zhang et al.,
2021).

While reinforcement learning has been applied to predator—prey
simulations in maze-like environments (Sunehag et al., 2019; Yamada
et al., 2020) and to environmental decision models (Andrew et al.,
2024), its use for generating animal behavior within spatially explicit
agent-based ecosystem models remains largely unexplored. Here, we
investigate how deep reinforcement learning can be integrated with
spatially explicit agent-based ecosystem modeling. Specifically, this
work contributes: (1) a framework for learning behavioral policies in
agent-based ecosystem models using deep reinforcement learning; (2)
integration with Pattern-Oriented Modeling for ecological validation;
and (3) a case study demonstrating ecosystem-level dynamics emerging
from learned behaviors.

3. Materials and methods
3.1. Modeling strategy

Given a set of ecosystems and ecological phenomena to be mod-
eled, we first define an ontology that contains the building blocks of
our ecosystem models. An ontology consists of (i) a set of functional
groups, divided into decision-making and non-decision-making groups,
where decision-making groups (e.g., wolves and chamois) are modeled
individually as agents, and non-decision-making groups (e.g., different
kinds of vegetation) are modeled collectively; (ii) a set of agent proper-
ties, such as age, weight, maximum speed, maximum age, energy level,
hydration level, position, observation space, and action space; and (iii)
a set of cell properties, such as biological properties (e.g., abundance of
each functional group), physical properties (e.g., altitude and tempera-
ture), and landscape properties (e.g., land-cover class, with values such
as rock, field, sand, or water). Cell properties may also include smell
intensity of different functional groups and of organisms associated
with land-cover classes.

We use spatial models to represent ecosystems at a given time. A
spatial model consists of a grid of cells, where each cell has its own
properties and a set of agents, each with its own properties.

A behavioral model consists of the following components for each
decision-making functional group: (i) an observation space; (ii) an ac-
tion space; and (iii) a policy network computing a function from the
observation space to the action space. We use one policy network per
decision-making functional group to compute the actions of each agent,
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based on the properties of the surrounding cells and its own internal
state (Fig. 1).

A dynamic model is a mechanism that takes as input a spatial model
and the decisions (actions) of all its agents and outputs an updated
spatial model. Dynamic models are typically defined by update rules
specifying how primary producers grow, the consequences of locomo-
tion and feeding actions, and how the physical properties of the cells
develop over time.

Given an ontology 2 and a dynamic model D, we use reinforcement
learning to construct a behavioral model B. Specifically, we fix an
architecture for the policy network of each decision-making functional
group and train their parameters (weights and biases) using deep
reinforcement learning. The reward signal evaluates the impact of the
agent’s actions—for example, actions that improve energy levels yield
positive rewards, while actions that result in the agent’s death yield
negative rewards. The goal of training is to optimize the parameters of
the policy network to maximize cumulative reward over the long run.

The policy networks of all decision-making groups can be con-
structed simultaneously as follows: (i) Define a class of spatial models
S suitable for training; (ii) Initialize the parameters of the behav-
ioral model B using randomization; (iii) Repeat for a fixed number
of iterations: For every spatial model S € S, use B and D to run a
simulation starting from S for a fixed number of steps, then update B
using reinforcement learning. Training B on a class of spatial models
S, rather than on a single model, promotes generalization (Cobbe
et al.,, 2019). When defining S, one may also consider synthetic data,
which have been used successfully in both supervised learning and
reinforcement learning when real data are scarce (Liu et al., 2022).

An ecosystem simulation proceeds by iteratively applying the be-
havioral model to compute agent actions and the dynamic model to
update the environment. Thus, we can define an ecosystem model to
consist of an ontology, a spatial model, a behavioral model, and a
dynamic model.

3.2. Alpine model

We constructed a general model targeting Alpine ecosystems in
northern Italy, more precisely the Rhaetian Alps. Accounts of the flora
and fauna of the Rhaetian Alps are provided in Lenoir et al. (2012),
Gentili et al. (2010), Gazzola et al. (2007). A more detailed description
of the model in the ODD format (Grimm et al., 2020) can be found in
Appendix A.

Ontology

Our ontology includes three functional groups: vegetation, chamois
(Rupicapra rupicapra), and wolves (Canis lupus). Vegetation represents
primary producers at different altitudes and is modeled collectively at
the cell level, while chamois and wolves are represented as individual
agents.

The landscape consists of land and water cells. Agents perceive
environmental conditions within a local neighborhood, together with
internal physiological variables such as energy and hydration. Based
on these observations, they select movement actions through a neural-
network policy, which therefore maps environmental observations to
movement actions, specifying direction and speed.

For simplicity, all agents within the same functional group share the
same behavioral model. In our implementation, a single policy network
is used for both the chamois and the wolf agents, with functional
group identity included as an input variable. The inputs to the policy
network also included the agent’s internal state and properties of the
surrounding 3 x 3 cells, for a total of 144 inputs. The purpose of using
a shared network instead of two separate networks was to simplify
and potentially speed up the training process, while including the
functional group identity as part of the input ensured that the networks
could reach diverging outputs even under the same environmental
observations. The output of the network is a triplet of real numbers
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Locomotion x-direction

Locomotion y-direction
Locomotion speed

Fig. 1. Interface of a shared policy network for chamois and wolf agents. The agent observes its internal state (left), consisting of its functional group and current
energy and hydration levels, as well as the properties of the surrounding 3 x 3 neighborhood (middle), including the abundance of each functional group, terrain
type, and smell signals. From these observations it can infer nearby resources, obstacles, predators, and competitors. The policy network then outputs a movement

action (right), represented by a speed and two values specifying direction.

(4x, Ay, v), specifying movement in the direction (4x, Ay) with speed v.
The speed v is a number in [0, 1] representing a fraction of the agent’s
maximum speed.

In our experiments, we used policy networks with a fully connected
architecture and two hidden layers of 64 nodes each, using tanh as the
activation function (Fig. 1).

Dynamic model

The dynamic model specifies how agent actions modify the environ-
ment and how agent states evolve over time. Key processes include veg-
etation consumption and regrowth, predator—prey interactions, hydra-
tion at water sources, reproduction conditional on energetic thresholds,
and mortality from starvation, dehydration, predation, or age.

Agents move in continuous space, although the environment itself
is represented as a grid of cells. Movement actions generated by the
policy network determine the direction and speed of each agent, subject
to species-specific limits on maximum movement speed.

Vegetation biomass regenerates after grazing, and wolves gain en-
ergy by killing chamois occupying the same cell. Reproduction occurs
probabilistically when agents exceed species-specific energy thresholds.
Environmental signals, including simplified long-range cues indicating
the proximity of water or predators, are recalculated at each simulation
step.

Behavioral model

To train the policy network described above, we used the re-
inforcement learning algorithm PPO (Schulman et al., 2017) from
Stable-Baselines3 (Raffin et al., 2021). Moreover, we opted for a home-
ostatic reward signal, defined as a quadratic function of the agent’s
energy and hydration levels (Fig. 2). Thus, the policy network was
optimized to maintain energy and hydration above a threshold of 80%
of maximum values.

During training, agents interact with synthetic landscapes generated
using Perlin noise (Perlin, 1985). Each training episode consists of a
randomly generated 50 x 50 environment populated with chamois and
wolves placed at random locations (Fig. 3). Episodes last 4000 time
steps, and the full training process comprises multiple episodes totaling
approximately four million simulation steps.

To simplify training and maintain computational stability, popula-
tion sizes remain constant during training: when an agent dies it is
replaced by a new individual of the same functional group. This was
motivated by computational efficiency in the training process; however,
in our subsequent simulations based on the trained models, population
sizes were allowed to vary. At the beginning of each training episode,
a new Perlin environment was generated. The purpose of training in
multiple Perlin environments was to produce relatively versatile be-
havioral models, enabling the chamois and wolves to survive in a wider
range of environments. After training, the learned policy networks were

Reward

1.000
0.875
0.750
0.625

0.500

Hydration

0.375

0.250

0.125

. T T 0.000
0.0 0.2 0.4 0.6 0.8 1.0

Energy

Fig. 2. Reward signal used for training the policy network, defined in terms
of energy and hydration. Agents with energy and hydration levels above the
saturation threshold of 0.8 do not receive additional reward from further
increases.

Algorithm 1 Training process for policy networks.

1: Initialize the policy network z, with random parameters 6
2: for counter n < 1 to 25 do
3: Generate a new 50 x 50 Perlin environment

4: Spawn 40 chamois and 10 wolves

5: for time ¢t < 1 to 4000 do

6: for agent i < 1 to 50 do

7: Sample action a;, ~ 7y(a;, | s;,) for each agent

8: end for

9: Update environment based on actions performed by the
agents:

10: Update energy and hydration levels of all agents

11: Kill agents based on predation, starvation, or age

12: Spawn new agents to replace dead ones and maintain 40
chamois

13: and 10 wolves

14: Update the policy network z, using PPO

15: end for

16: end for

evaluated in simulations based on real Alpine landscapes. The training
procedure is summarized in Algorithm 1.

The main design choices underlying the behavioral model are dis-
cussed in Appendix B. Unlike conventional agent-based ecological mod-
els, where behavioral rules are explicitly specified by the modeler, the
present framework learns behavioral policies through reinforcement
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Fig. 4. Maps of ten areas in the Rhaetian Alps with 100 x 100 pixels. Light blue represents water; gray, rocks and bare soil; lilac, snow; yellow, sparsely vegetated
areas; light green, pastures and grasslands; dark green, shrubs and tree-covered areas; and red, buildings and artificial settlements.

learning. Instead of defining detailed rule sets governing movement,
foraging, or predator avoidance, agents develop behavioral strategies
through interaction with simulated environments and a reward sig-
nal capturing basic physiological needs. As a result, the policy net-
work replaces the rule-based decision mechanisms, allowing behavioral
strategies to emerge from the training process.

3.3. Landscape model

We used land-cover maps of ten non-overlapping 4 x 4 km areas
near Stelvio National Park in the Rhaetian Alps. The maps were derived
from multiband satellite images from 2023, collected by the Copernicus
Sentinel-2 fleet and discretized into 100 x 100 cells (Fig. 4). We used
these ten maps and the Alpine model to construct several ecosystem
models, including the Stelvio model (Fig. 5). The Stelvio model was
populated with the three vegetation types, distributed according to
land-cover class and initially set to 50% of their maximum biomass
in each cell. Moreover, 100 chamois and 25 wolves were randomly
spawned on the land cells of the model.

4. Results

In this section, we assess the extent to which the Stelvio model
reproduces the seven ecological patterns introduced above. Because
high-resolution time-series data for the study area were unavailable,
validation is based on qualitative comparison of ecological patterns
rather than statistical calibration. Thus, the model is evaluated us-
ing Pattern-Oriented Modeling rather than through direct quantitative
comparison with empirical datasets.

4.1. Long-term persistence

We ran a relatively long simulation with the Stelvio model to
evaluate whether chamois and wolf agents (hereafter, the chamois and
wolves) could coexist for several decades in the absence of external
disruptions. The simulation lasted 10,000 time steps, corresponding to
20 wolf lifetimes. The results show that chamois and wolves were able
to coexist throughout the simulation (Fig. 6). The number of chamois
alive at any given time during the simulation ranged from 64 to 267,
whereas the number of wolves ranged from 7 to 35. Let us compare
these population fluctuations to empirical data about wild chamois and
wolves. Chamois and wolves have coexisted in the Rhaetian Alps for
centuries, if not millennia (except for one period in the 20th century
when the wolves were hunted to extinction and later repopulated the
region) (Group, 2024; Gazzola et al., 2007).

Recent census data reported 82 wolf packs and 16 wolf pairs in
the Italian Alps (Group, 2024), while other estimates quantified the
chamois population in the Italian Alps at ~137,000 individuals, with an
average density of 4.6 individuals per km? (Soglia et al., 2010). We did
not have access to specific data for the Stelvio area, but these densities
suggest that both chamois and wolf populations were larger on average
in the simulations than in reality.

4.2. Predator-prey dynamics

Lotka-Volterra dynamics emerged during the simulation with the
Stelvio model: chamois population surges were followed by wolf surges,
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Fig. 5. (a) Aerial photograph (2020) of the Stelvio area in the Rhaetian Alps. (b) A spatial model of the same area with 100 x 100 cells. Blue represents water,
and three shades of green represent vegetation types, with darker green indicating faster-growing vegetation. White and gray dots represent chamois of different
ages, red dots represent wolves, and brown indicates vegetation recently grazed by chamois.

Population

100 125 150 175
Years

Fig. 6. Relative abundance of the functional groups during simulation with the Stelvio model. The curves show normalized amounts of vegetation (green),
chamois (blue), and wolves (red) during a simulation. The value 1.0 on the y-axis represents 35 wolves, 267 chamois, and vegetation amounting to 100% of the

carrying capacity. The value 0.5 on the y-axis represents half those quantities.

which triggered chamois declines and subsequent wolf declines before
the cycle restarted (Fig. 6). Despite the noise, the curves suggest
alternating peaks in chamois and wolves. Cross-spectral analysis using
Welch’s method (Welch, 1967) revealed a peak coherence of 0.834 at
the dominant frequency, indicating strong coupling between predator
and prey dynamics. Both species show a periodicity of ~500 time steps
(about ten years) with a temporal offset of ~160 steps (about three
years). Notably, these dynamics were not hand-coded but arose as
emergent properties of the model.

4.3. Spatial distribution

During the simulation, the wolves were concentrated around the
large lake, while the chamois were distributed more broadly across the
landscape (Fig. 7).

4.4. Life history statistics

Life-history data from the Stelvio simulation showed that many
chamois died young, with few reaching maximum age, here set to
10 years (Fig. 8(a)). Wolves experienced similar high juvenile mortal-
ity, but survivors often lived relatively long lives (Fig. 8(b)).

These simulated data are comparable with empirical observations,
which show that, while wild wolves can live for up to 13 years and
chamois up to 21 years, most individuals in both species die much
younger (Mech and Boitani, 2003; Corlatti et al., 2015).

Recent studies report that the maximum lifetime reproductive suc-
cess for wolves can reach up to 20 offspring per female (Stahler

et al.,, 2024), while it is estimated at ten offspring per female for
chamois (Corlatti et al., 2015). We note that sex was not explicitly
represented in our model, allowing all chamois and wolves that met
the reproduction criteria to reproduce. Yet, these data suggest that the
life-history statistics found in our simulations are of the correct order
of magnitude.

4.5. Behavioral patterns

In the Stelvio simulation, the agents displayed several behaviors
consistent with those of their natural counterparts: chamois moved be-
tween vegetation and water sources, wolves hunted chamois, chamois
fled from wolves, both species traveled along straight paths while
avoiding lakes, and both showed a certain tendency to remain close
to other individuals of the same species (Supplementary Video S1).

4.6. Landscape generality

To test the ability of the chamois and wolves to coexist in different
landscapes, we ran several simulations on each map of ten areas of the
Rhaetian Alps (Fig. 4). Recall that these spatial models were not used
in the training process, which only featured artificial landscapes. Ten
simulations were run on each map, starting from randomly spawned
populations, giving a total of 100 simulations. Each simulation lasted
up to 4000 steps—eight times the maximum wolf lifetime of 500
steps—or was stopped earlier if either species went extinct. In 83 of
the 100 simulations, both species survived; in the remaining 17, wolves
went extinct (Fig. 9).
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Fig. 7. Heat maps of the chamois (a) and wolves (b), showing their spatial distributions during the simulation with the Stelvio model.
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of wolves.

4.7. Disturbance resilience

We ran additional simulations to evaluate the resilience of the ten
ecosystems in the Rhaetian Alps (Fig. 4) under habitat degradation,
heat stress, and game hunting. Thus, we could identify tipping points
where pressures would likely reduce biodiversity.

Habitat degradation—potentially caused by agriculture, forestry,
mining, infrastructure projects, or urban development—was simulated
by replacing areas of fast-growing vegetation with slow-growing veg-
etation. This mimics a shift from productive pastures to areas that
recover biomass much more slowly after grazing. Degradation thus
reduced resources for chamois. We tested degradation levels from 0% to



C. Strannegdrd et al.

Ecological Informatics 96 (2026) 103819

Episode length
S &
g 8

—_
[Sx
el

6
Map

=~
[oe]
©

10

Fig. 9. Results of simulations based on the ten maps from the Rhaetian Alps. Ten runs were performed on each model, starting from randomized agent distributions.
Each run lasted up to 4000 steps but was stopped earlier if wolves or chamois went extinct.

100% of the vegetated area. Each level was run on ten spatial models,
with ten replicates per model, for 1100 simulations in total. The results
indicate a tipping point at ~40% degradation (Fig. 10(a)).

We also explored prolonged heat stress, for example, from climate
change. Increased temperature raises metabolic rates, increasing en-
ergy consumption. We tested eight levels of elevated consumption
(0%-35%) for both species, with ten replicates each (80 simulations in
total). The results show little effect up to ~20% increased consumption,
after which extinction risk rose sharply (Fig. 10(b)). Again, wolves
consistently died out first.

Game hunting was modeled by randomly removing animals at
nine levels of hunting pressure (0%-90% killed every 100 steps).
Wolf and chamois hunting were studied separately, with ten simu-
lations per level, giving 90 data points for each species. The results
show tipping points at ~50% for chamois (Fig. 10(c)) and ~40% for
wolves (Fig. 10(d)), above which extinctions occurred. In all extinction
cases, wolves died out first, even when only chamois were hunted,
highlighting the greater vulnerability of predators.

4.8. Comparison with hand-coded models

We constructed one hand-coded behavioral model for the chamois
and another for the wolf. The code of both models can be found in the
code repository. In essence, the wolf agent follows the food gradient,
avoids stepping into the water, and follows the water-gradient if it is
thirsty, while the chamois agent escapes wolves if they are closer than
a certain distance, follows the food gradient, avoids stepping into the
water, and follows the water-gradient if it is thirsty. The hand-coded
models include a handful of parameters, for example one that indicates
how close the wolf should be before the chamois flee. The parameters
of the hand-coded models were optimized using the TPESampler, a
Bayesian optimization method available in Optuna (Akiba et al., 2019),
a framework for automated parameter search.

Simulation runs were conducted using both the hand-coded model
and the PPO model across the ten maps from the Rhaetian Alps (Fig.
4). In this experiment, the PPO model outperformed the hand-coded
model (Fig. 11).

5. Discussion
5.1. Perception

Our animal agents received two types of input: internal signals
(interoception) and external signals (exteroception). Internal signals

inform agents about their physiological state, here limited to energy
and hydration. External signals provide information about the quantity

and location of food, water, competitors, predators, and obstacles in
the environment.

External signals can be further divided into short- and long-range
cues. Short-range signals provide relatively precise quantitative in-
formation about each cell in the agent’s immediate neighborhood.
Long-range signals, which we refer to as ‘smells’ for simplicity, offer
information about cells that are further away. By comparing smell
intensity across the nine surrounding cells, agents could approximate
both the amount and the direction of the source. In reality, such remote
perception may derive from multiple senses and possibly also memories
of previous observations. Moreover, these smells can be critical to
survival in certain environments (Strannegard et al., 2024b). Smell
intensity can be defined in a number of alternative ways, for example,
by using the inverse square law. To make perception more realistic, one
may consider adding random noise to the signals and including models
of wind and humidity.

5.2. Behavior

During training, agents were directly rewarded for maintaining
homeostasis and indirectly for surviving, since survival enabled further
opportunities to eat and drink, thereby increasing cumulative reward.
Thus, the agents were trained to maintain homeostasis across a wide
range of environments, as real animals must.

Our simulations showed that trained agents were able to survive
in spatial models based on real geographical data—even though they
had been trained only in synthetic environments. For the chamois,
survival required securing food and water, navigating obstacles, and
escaping predation. For wolves, it required locating, chasing, and hunt-
ing chamois. These behaviors, which are qualitatively consistent with
those of their natural counterparts, were observed in our behavioral
simulations (Supplementary Video S1).

Since the animal models perceive each other’s location and species,
some degree of social behavior is possible in their behavioral models.
Empirically, we observed in our experiments a tendency for two nearby
animals of the same species to remain together (Supplementary Video
S1). This observed flocking tendency may arise because co-located
agents of the same species perceive similar environmental signals and,
therefore, behave in similar ways. However, social or aversive behavior
could emerge if there were for instance benefits in hunting success rates
or competitive access to resources.

5.3. Generality

Our framework represents a first step toward using reinforcement
learning for ecosystem modeling and for exploring the impact of inter-
ventions such as habitat degradation, selective hunting, or ecological
restoration.
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The behavioral and dynamic models in our simulations can be
trained to represent different ecosystems in any geographical area,
giving the framework considerable flexibility in biogeographic scope
and the species included. The model can be extended with additional
functional groups (e.g., scavengers or pollinators) to make food webs
more complex and realistic, as well as with further land-cover classes
(e.g., more vegetation types). Once the properties of new species and
vegetation types are defined, the ecosystem models can be trained
through deep reinforcement learning, following the same procedure
used here.

Our agents were able to coexist for multiple generations across
multiple environments, suggesting that the learned policies captured
behavioral strategies that were sufficiently robust to support survival
under varying conditions. The emergence of these strategies indicates
that deep reinforcement learning is a promising approach for modeling
complex social-ecological systems.

5.4. Scalability

There are limits to the number of agents that can be included,
depending on available computational resources and training time. We
used hundreds of agents in our simulations, while other reinforcement
learning studies have scaled to millions (Yamada et al., 2020), leaving
substantial room for expanding the scope of our models.

As the complexity of the ecosystem model grows, for example by
adding more functional groups, environmental variables, and interac-
tion patterns, the complexity of hand-coding behavioral models grows
correspondingly. In such settings, the relative advantages of using
machine-generated behavioral models—with or without optimizers that
help setting the parameters—may become more pronounced.

5.5. Remaining challenges

Although our models and simulations demonstrate the potential
of deep reinforcement learning for agent-based ecosystem modeling,
several challenges remain in making this approach more realistic and
scalable.

Real ecosystems may contain thousands of species, millions of in-
dividuals, and countless known and unknown mechanisms driving
animal behavior and ecosystem dynamics. Ecosystem functioning and
responses to change depend heavily on processes that are not fully
understood and are often modeled as stochastic, such as reproduc-
tion, death, migration, genetic mutation, and climate or landscape
change (Lande et al., 2003).

Because of this complexity, ecosystem models must rely on simpli-
fying assumptions; for example, when defining food webs. The assump-
tions should be chosen with the model’s intended use in mind, whether
to explore ecological patterns, evaluate management interventions, or
predict resilience and tipping points. In our case, assumptions included
a food web limited to a few representative species, imposed spatial
boundaries without migration, and a reproduction model that does not
fully reflect biological complexity.

Although the current temporal resolution allows us to run simula-
tions spanning many generations, it should ideally be finer when cells
measure 40 x 40 meters since wolves and chamois can move much
more than 40 m in a single week. This issue cannot be resolved simply
by redefining the time scale, however. In fact, if a wolf must chase
a chamois for hundreds or even thousands of time steps before being
rewarded, the reward signal may be substantially delayed relative to
the actions that produced it. In such situations, the credit assignment
problem (Sutton and Barto, 2018) may arise, making it difficult for the
learning algorithm to determine which earlier actions contributed to
the eventual reward.

In future developments, calibration with real-world values will be
crucial for increasing realism. This calibration must be performed
individually for each geographical area to reflect its local conditions.
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In particular, empirical knowledge of the energy intake from feeding,
movement costs, reproduction rates, and natural mortality rates plays
an important role in calibration. For some systems, such data may
be available, but in many cases, parameter calibration will likely rely
on approximations. Other features that can be considered in future
developments include probabilistic hunting success, noise in animal
perception, and more realistic reproduction models.

6. Conclusions

We developed a flexible agent-based modeling strategy in which
behavioral rules are not hand-coded but learned from data. We used
this strategy to construct a model of an Alpine ecosystem and ran
multiple simulations, indicating that seven ecological patterns of Alpine
ecosystems were robustly reproduced in the model. We also found
that behavioral models learned through deep reinforcement learning
outperformed the hand-coded models in our simulation setup.

These findings suggest that machine-generated behavioral models
can capture ecologically relevant dynamics in spatially explicit, multi-
species systems. Such models provide a foundation for systematically
exploring the potential effects of human interventions—including habi-
tat degradation, selective hunting, and ecosystem restoration. Although
further validation across ecosystems is needed, integrating machine
learning with agent-based modeling represents a promising step toward
more flexible and realistic ecosystem simulations for conservation and
management.
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Appendix A. Design details

This appendix describes the ecosystem model in greater detail using
the ODD (Overview-Design concepts—Details) protocol (Grimm et al.,
2020).

A.1. Overview

The model is a spatially explicit agent-based ecosystem simulation
in which animal behavior emerges from deep reinforcement learning.
Individual wolves and chamois interact with a landscape composed of
grid cells containing vegetation and environmental features. Instead of
using hand-coded behavioral rules, agents learn movement strategies
through interaction with the environment and a reward signal which
promotes physiological homeostasis.

Purpose

The purpose of the model is methodological: to investigate whether
reinforcement learning can generate ecologically plausible behavioral
strategies in a spatially explicit agent-based ecosystem model. The case
study represents a simplified Alpine ecosystem with wolves (predators),
chamois (herbivores), and vegetation resources.

The model is not intended as a fully calibrated representation of a
specific site. Rather, it is used to assess whether learned behavior can
reproduce ecological patterns characteristic of Alpine predator—prey
systems. Model evaluation follows a Pattern-Oriented Modeling ap-
proach and focuses on long-term predator-prey coexistence, predator—
prey cycles, realistic spatial habitat use, plausible life-history statis-
tics, behavioral patterns, landscape generality, and resilience to distur-
bances such as habitat degradation, heat stress, and hunting.

Entities, state variables, and scales
Entities. Two types of entities are represented.

* Cells: landscape grid cells containing environmental information
such as vegetation biomass, land-cover class, water presence, and
simplified long-range cues (e.g., distance to predators or water).

« Agents: individual wolves and chamois that move, interact, and re-
produce. Vegetation is represented collectively as biomass within
cells rather than as individual plants.

Agent state variables. Animal agents include the following state vari-
ables:

species identity

spatial position (x, y)

+ age

energy level

hydration level

maximum movement speed (age-dependent)
alive/dead status

reproductive eligibility

Sex is not explicitly represented.

Cell variables. Each cell stores:

+ biomass values for three vegetation functional groups

+ land-cover class and water presence

» simplified long-range cues such as distance to the nearest wolf or
water cell

Spatial and temporal scales. Training environments consisted of 50 x 50
synthetic landscapes generated with Perlin noise. Evaluation simula-
tions used a real Alpine landscape, represented as 100 x 100 grids
covering approximately 4 x 4 km (40 m spatial resolution). One time
step in the simulation corresponds approximately to one week. Agents
have a maximum lifespan of 500 steps (about 10 years). Training
episodes last 4000 steps, while evaluation simulations may run up to
10,000 steps.
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Process overview and scheduling

At each time step, agents perceive their internal state and local
environment, compute an action using the policy network, and move
accordingly. Environmental interactions and demographic processes
are then applied. Actions are computed from the state at time ¢ and
then applied synchronously.

The simulation proceeds as follows:

1. Agents perceive internal and environmental signals.

2. The policy network generates a movement action.

3. Agents move according to the chosen action and maximum
speed.

4. Automatic interactions occur: chamois graze vegetation, wolves
kill chamois in the same cell, and agents drink when adjacent to
water.

5. Energy and hydration are updated.

6. Mortality occurs (starvation, dehydration, drowning, predation,
or old age).

7. Reproduction may occur if energetic thresholds are met.

. Vegetation regenerates.

9. Long-range cues are recalculated.

10. During training simulations, reinforcement learning updates the

behavioral policy.

o]

During training, population sizes remain fixed (40 chamois and 10
wolves) by replacing dead individuals. Evaluation simulations allow
population sizes to vary.

A.2. Design concepts

Basic principles. The model combines agent-based modeling with deep
reinforcement learning. Behavioral strategies emerge from optimization
of a reward signal promoting homeostasis rather than from manually
specified rule sets.

Emergence. Population dynamics, predator—prey cycles, spatial habi-
tat use, and ecosystem responses to disturbance arise from interac-
tions between learned behavior, environmental structure, and resource
distribution.

Adaptation. During training, agents adapt behavior through reinforce-
ment learning. After training, the learned policy is fixed during evalu-
ation simulations.

Objectives. The reward function encourages agents to maintain energy
and hydration levels above approximately 80% of their maximum
values.

Learning. A single shared neural-network policy is used for both species,
with species identity included as an input variable. The network con-
tains 144 input variables, two hidden layers with 64 neurons each,
hyperbolic tangent activation functions, and three output variables
representing movement actions. The policy is optimized using Proximal
Policy Optimization (PPO).

Prediction. Agents do not maintain an explicit internal predictive model
of future environmental states. Their actions are reactive outputs of the
learned policy based on current observations.

Sensing. Agents perceive their internal state and environmental proper-
ties within a 3 x 3 neighborhood, along with simplified long-range cues
representing distances from water or the distance between the agent
and a predator.

Interaction. Interactions include grazing, predation, drinking, and in-
direct competition for space and resources. No explicit social rules are
imposed, although clustering may emerge indirectly through shared
environmental responses.
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Stochasticity. Randomness arises from synthetic landscape generation,
initial agent placement, reproduction probability, exploration during
reinforcement learning, and disturbance events in scenario experi-
ments.

Outputs. Model outputs recorded for analysis include species abun-
dances over time, spatial distributions, life-history statistics, episode
lengths, and system responses to environmental disturbances.

A.3. Details

Initialization. Training simulations begin with randomly generated Per-
lin landscapes. The set-up procedure creates 40 chamois and 10 wolves.
The neural-network parameters are initialized randomly.

Evaluation simulations use Alpine land-cover maps, in which veg-
etation biomass initially equals 50% of maximum values. Populations
start with 100 chamois and 25 wolves randomly placed in cells.

Input data. Two types of landscapes are used: synthetic Perlin-noise
landscapes for training and real Alpine land-cover maps derived from
Sentinel-2 satellite imagery (2023).

Submodels. Each agent receives a 144-dimensional observation vector
consisting of internal variables and environmental properties from a
3 x 3 neighborhood.

The actions of the individual agents only include movement, whereas
feeding (grazing or predation), drinking, reproduction, and death are
automatic processes. Cells store simplified signals representing Eu-
clidean distance to environmental features, such as water or other
individual agents, and mediate the interaction between the individual
agents and the conditions in the surrounding cells. With regard to
vegetation, it regenerates over approximately 20 to 200 time steps,
depending on the vegetation type, which is a cell property.

Movement. The neural network outputs (4x, Ay, v) describing move-
ment direction and speed. Coordinates are updated at each time step
according to the equation:

(X415 Yi41) = (x, + 4x - 0, y, + Ay - v).

Maximum agents’ speeds increase during early life, remain stable
during adulthood, and decrease toward maximum lifespan.

Feeding and predation. Chamois occupying vegetation cells can feed
on vegetation by consuming plant biomass, as stored in the cell prop-
erties, and gain up to 3% of their own maximum energy. Wolves can
predate and kill chamois that occupy the same cell and gain up to
18% of their maximum energy as a consequence of predation. Drinking.
When interacting with cells that host water, individual agents can drink
and restore hydration to 100%. Reproduction. Agents reproduce with a
probability of 0.1 if energy exceeds species-specific thresholds (95% of
maximum for wolves and 50% for chamois). Death. Agents die from
starvation, dehydration, drowning, predation (chamois), or reaching
maximum age.

Reward and learning. A quadratic homeostatic reward encourages en-
ergy and hydration above 80% of maximum values. Behavioral policies
are optimized using PPO.

Appendix B. Design choices

B.1. Machine learning algorithm

Several approaches could in principle be used to optimize policy-
network parameters, including gradient-free methods such as Approx-
imate Bayesian Computation (Beaumont, 2010) and Adaptive Ran-
dom Search (Mania et al., 2018), as well as gradient-based reinforce-
ment learning algorithms such as PPO, TRPO, and TQC (Raffin et al.,
2021). Because gradient-based methods scale more favorably to high-
dimensional policy networks, we adopted deep reinforcement learning
as our main approach.
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Fig. B.12. Episode lengths for deep reinforcement learning agents on ten
previously unseen Perlin worlds. Each dot represents one simulation and there
are ten dots of each color.

Next, to select a suitable reinforcement learning algorithm, we
conducted a simple study. We trained three policy networks, each with
two hidden layers, using the algorithms PPO, TRPO, and TQC. We
also trained a fourth policy network without hidden layers using PPO,
here called PPO2 (Wong et al., 2024). After training, the four networks
were tested on ten spatial models created with Perlin-noise. For each
network, a 4000-step simulation was run on each of the ten spatial
models. Of the 40 simulations, all but five lasted the full 4000 steps
(Fig. B.12).

We further compared the four networks in a long simulation where
chamois and wolves with different (heritable) policy networks coex-
isted in the same spatial model. In this test, PPO2 agents died out
first (Supplementary Video S2). Based on these results, we chose the
PPO algorithm from Stable-Baselines3 (Raffin et al., 2021). PPO is
a widely used reinforcement learning algorithm that performs above
human level in many video games (Schulman et al., 2017). Among
others, it excels at Pac-Man, where the task is to survive in a maze-like
environment by collecting food and avoiding obstacles and enemies,
somewhat reminiscent of animals navigating ecosystems. PPO enables
effective decision-making strategies to be learned through repeated
interaction with the environment. The algorithm improves the decision
policy step by step based on feedback on how well previous actions
performed, while deliberately limiting how much the policy can change
at each update to maintain stable learning. This is done using a simple
mechanism that discourages overly large updates, helping the system
learn reliably even in noisy and non-stationary settings. PPO separates
the tasks of choosing actions and evaluating their outcomes, which
improves learning efficiency and consistency.

B.2. Reward signal

Many reward signals are possible in the context of agent-based
ecosystem modeling with deep reinforcement learning (Strannegérd
and Engsner, 2025). One possibility is to use a version of fitness (Grimm
and Railsback, 2013). Since fitness only provides relatively sparse
feedback on individual behavior, the sparse reward problem (Sutton
and Barto, 2018) is likely to arise, however.

To select a suitable reward signal, we compared two main alterna-
tives: the homeostatic reward (defined above) and the survival reward,
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Fig. B.13. Episode length at five training stages for agents trained with homeostatic (blue) and survival (orange) rewards. Each dot denotes a test run lasting up

to 4000 steps, with earlier termination in cases of extinction.

which grants +1 for each step as long as no functional group goes
extinct (Supplementary Video S3). The homeostatic reward primarily
encourages eating and drinking, while the survival reward encour-
ages long-term coexistence. The survival reward is quite general, as
it requires no reward engineering and can be applied across func-
tional groups—for example, an anteater might learn to eat ants and
a hummingbird to drink nectar by trial and error, without explicitly
rewarding those actions.

Training with either reward improved the agents’ ability to coexist
in Perlin worlds over time (Fig. B.13). At the end of the training
processes, the mean performance of the homeostatic and the survival
agents was very similar. This similarity may reflect that homeostatic
reward indirectly favors survival (to collect more reward in the fu-
ture), while survival reward indirectly encourages feeding and drinking
(along with predator avoidance and efficient navigation). In the end, we
chose the homeostatic reward since it led to somewhat faster learning.

B.3. Hyperparameter settings

Table B.1 shows the hyperparameter settings that were used when
training the policy network. In most cases, the default settings from the
PPO implementation of Stable-Baselines3 were preserved. Additional
hyperparameters in the dynamic model, such as maximum animal age,
energy intake and consumption, and reproduction probability, also
substantially influenced the population dynamics and were manually
fine-tuned to maintain stable populations.

B.4. Training process

Randomness plays a key role in the training process (Algorithm
1), e.g., when generating training environments based on Perlin noise.
Thus, the behavioral models are partially dependent on random noise.
To test the robustness and repeatability of the training process, we
trained seven different policy networks using Algorithm 1 and ran 190
simulations with each of the seven models. The simulations lasted up
to 4000 steps but ended earlier if some species went extinct. For each
model, we computed the average population size and the average lifes-
pan of chamois and wolves. The results indicate moderate variations
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Table B.1

Hyperparameters used for training the policy network.
Hyperparameter Value
inputs 144
outputs 3
hidden_layers 2
hidden_layer_size 64
activation_function tanh
learning_rate 0.0003
n_steps 512
batch_size 64
n_epochs 10
gamma 0.99
gae_lambda 0.95
clip_range 0.2

between the seven models, with the medians essentially falling within
a 25% margin of the medians of the other models (Fig. B.14). We also
tracked the locations of the chamois and wolves during the simulations
with the seven models and calculated the corresponding heat maps.
The heat maps vary between models, but the animal distributions are
clearly correlated with the resources in all cases (Fig. B.15).

Appendix C. Supplementary data

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.ecoinf.2026.103819.

Data availability

The data and source code supporting the results of this study are
publicly available on Zenodo and can be accessed at https://doi.org/10.
5281/zenodo.19221981. The repository includes the trained policy net-
works, as well as documentation and instructions required to reproduce
the main experiments.
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