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Machine learning methods are increasingly used to analyze
complex systems in both natural and social environments. In this
papet, we present an overview of selected types of machine
learning (reinforcement learning, supervised learning, and
unsupervised learning), and discuss their applicability to
environmental monitoring and simulated social environments.
Supervised learning methods are shown to support prediction
and classification tasks based on labeled environmental and social
data, while unsupervised learning enables the discovery of hidden
structures and patterns without prior labeling. We present
reinforcement learning as a framework for adaptive decision-
making, allowing agents to learn optimal behavior through
interaction with dynamic environments. We provide illustrative
examples, including weight updates in neural networks and Q-
learning updates, to clarify the learning mechanisms. The
presented approaches demonstrate the practical relevance of
machine learning for modeling, analyzing, and understanding

socio-environmental systems.
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1 Introduction

Machine learning methods are increasingly applied in two major environmental
contexts: the natural (ecological) environment and the social environment. In
the natural environment, machine learning supports the analysis of complex
environmental data such as air and water quality measurements, climate variables,
satellite imagery, and biodiversity indicators. These data sources are typically high-
dimensional, noisy, and heterogeneous, making traditional rule-based approaches
insufficient. Machine learning models enable automated pattern detection,
prediction of environmental changes, and early warning systems for pollution,
extreme weather events, and ecosystem degradation (Reichstein et al., 2019; Rolnick
et al., 2019).

In environmental monitoring, supervised learning is commonly used for tasks such
as air pollution forecasting, land-use classification, and detection of environmental
hazards from remote sensing data (Zhu et al., 2017). Unsupervised learning helps to
discover hidden structures in climate and ecological datasets, for example, by
identifying climate regimes, anomaly patterns, or clusters of similar ecosystems
(Ghaderpour et al., 2021). Reinforcement learning has recently been explored for
optimizing energy management, smart grid control, and sustainable resource
allocation, where agents learn policies that minimize environmental impact while

maintaining system efficiency (Vazquez-Canteli & Nagy, 2019).

In addition to natural environmental systems, machine learning is increasingly
applied in the social environment, which encompasses interactions among
autonomous agents, human-like behavior, and emergent social structures. In
simulated social environments, agents are typically equipped with internal states such
as goals, memory, beliefs, and social relationships. Rather than relying on explicitly
scripted rules such as finite state machines or decision trees, agent behavior emerges
dynamically through interaction with the environment and other agents
(Wooldridge, 2009). Game-based environments provide controlled experimental
settings in which such properties can be systematically studied (Yannakakis &
Togelius, 2018).
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2 Methods

This study is based on a literature review focusing on selected paradigms of machine
learning and their applicability in natural and social environmental contexts. The
search was conducted using combinations of keywords such as machine learning,
environment, reinforcement learning, unsupervised learning, neural networks,
agent-based simulation, and Al sustainability. Priority was given to peer-reviewed
journal articles, survey papers, and influential monographs published between 2015
and 2025. Eatrlier foundational works (e.g., Mitchell, 1997; Sutton & Barto, 2018;
Russell & Norvig, 2021) were included to provide theoretical grounding. The
selection process consisted of three steps: initial screening based on title and abstract
relevance, full-text evaluation of articles focusing on environmental applications, and
classification of selected works according to the three primary learning paradigms:

supervised learning, unsupervised learning, and reinforcement learning.
3 Machine learning in environment

Machine learning represents an area of artificial intelligence (Fig. 1) focused on the
development of algorithms that enable computer systems to learn patterns from data
and improve their performance without being explicitly programmed for every
task (Russel and Norvig, 2021). Instead of using fixed rule-based logic, machine
learning models derive relationships directly from data, making them particularly

appropriate for domains such as cybersecurity and environmental monitoring.

Table 1: Main types of machine learning

Input Aim
- n . . Maximize future rewards
Reinforcement learning state-action pairs . -
across multiple time steps
X .
g : ( - 3) . Learn the function to map
Supervised learning x: values of input attributes R
X J
y: label Y
X
Unsupervised learning values of attributes Learn the underlying structure
no labels

Source: own table inspired by Russell & Norvig, 2021
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Formally, a machine learning system learns from experience E with respect to a class
of tasks T and a performance measure P, if its performance at tasks in T, as measured
by P, improves with experience E (Mitchell, 1997). This definition highlights the
adaptive nature of machine learning systems and their ability to generalize knowledge

from observed data to unseen situations.

In recent years, the availability of large-scale datasets, increased computational
power, and advances in learning algorithms have significantly expanded the
applicability of machine learning. Machine learning methods are commonly
categorized into three main groups according to the type of learning process they
employ: supervised learning, unsupervised learning, and reinforcement
learning (Table 1). Each of these paradigms addresses different problem settings
and is suitable for distinct types of tasks in both natural and social environmental
contexts (Russell & Norvig, 2021).

Deep learning

Machine Learning

Artificial Intelligence

Figure 1: Position of Machine Learning in Artificial Intelligence

Source: Own diagram

31 Reinforcement learning

Reinforcement learning focuses on learning optimal behavior through interaction
with an environment. An agent obsetrves the current state, selects an action, and
receives a reward that reflects the quality of the chosen action (Fig. 2). Over time,
the agent learns a policy that maximizes cumulative reward (Sutton & Barto, 2018).
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Figure 2: Agents interacting with environment
Source: Russell & Norvig, 2021

One of the most widely used reinforcement learning methods is Q-learning, a
model-free algorithm that learns the value of taking a specific action in a given state.
The learned value function, called the Q-function, estimates the expected cumulative

reward for each state-action pair (Russell & Norvig, 2021).

At each time step, the agent observes the current state S, selects an action @, receives

a reward 7, and transitions to a new state S". The Q-value is updated according to

the following rule:

Q) « Qsa) +ar+ymaxQ(a) ~ Q)]

where a is the learning rate, ¥ is the discount factor, 7 is the received reward, and we

compute the estimated optimal future reward in the max part of equation.

In the natural environment, reinforcement learning has been applied to optimize
energy management systems, control smart grids, and manage renewable energy
resources. For example, a reinforcement learning agent can learn how to balance
energy supply and demand in order to minimize emissions while maintaining system
stability (Vazquez-Canteli & Nagy, 2019).
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In the social environment, reinforcement learning can model adaptive human or
agent behavior in simulated societies. Reinforcement learning agents can represent
individuals or institutions that learn how to cooperate, compete, or respond to
environmental policies. Such simulations help analyze how social dynamics influence
sustainability outcomes and collective decision-making processes (Yannakakis &
Togelius, 2018).

Consider a simulated social environment in which an agent represents an individual
deciding how to behave in a group with respect to environmental cooperation. For
example, the decision whether to cooperate (e.g., follow environmental regulations)
or defect (e.g., ignore rules for personal benefit). Each agent observes a simplified

social state, such as the level of cooperation in its neighborhood.

We can use the following states, actions, and rewards:

States (S): {low cooperation, high cooperation}
Actions (a): {cooperate, defect}

Rewards (I): +1 if cooperation improves social welfare; —1 if defection causes social

harm

First, we will define our environment:

State (s = low cooperation): the current level of cooperation in the agent’s

neighborhood

Action (a = cooperate): The agent’s behavioral choice to follow environmental rules
Reward (r = 2): positive reward for contributing to collective welfare

Next state (s" = high cooperation): The observed social state after the action.

Learning rate: a = 0.1
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The learning rate a controls the extent to which newly acquired information
overrides previously learned estimates. A value of @ = 0.1 provides a balance
between stability and adaptability of learning.

Discount factor: y = 0.9

The discount factor y determines the importance of future rewards relative to
immediate ones. With y = 0.9, the agent strongly considers long-term outcomes,

which is particularly suitable for social and environmental decision-making

scenarios.

Current Q-values: Q(s, a) = Q(low cooperation, cooperate) = 5

Initially, Q-values are typically initialized to zero or small random values. Through
repeated interaction with the environment and exploration of available actions, the
agent updates these estimates based on received rewards, gradually learning more
accurate Q-values for each state—action pair.

For the next state §’, the agent estimates the Q-values of available actions:

Q(s’, cooperate) = 7

Q(s’, defect) = 4

max{Q(s’, cooperate), Q(s’, defect)} =7

Now, we can update the Q-value base on Eq. (1):

Q(low cooperation, cooperate) =5 + 0.1 [2 4+ 0.9 * 7 — 5]
Q(low cooperation, cooperate) = 5.33
After this single iteration, the estimated value of choosing cooperation in a low-

cooperation social context increases from 5 to 5.33, reflecting the positive social and

future rewards associated with cooperative behavior.
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At the beginning of the learning process, the agent has no prior knowledge about
the environment or the consequences of its actions. Therefore, Q-values are typically
initialized to zero or to small random values for all state—action pairs. This neutral
initialization prevents biased behavior and ensures that the agent does not prefer any

action before gaining experience through interaction with the environment.

During learning, the agent explores the environment by selecting actions and
observing the resulting rewards and state transitions. Exploration strategies such as
the e-greedy policy are commonly employed to balance exploration and exploitation,
allowing the agent to try different actions while gradually favoring those that yield
higher rewards. Each interaction provides new experience that is used to update the

Q-values according to the Q-learning update rule.

Over repeated iterations, the Q-values increasingly reflect the expected long-term
cumulative rewards associated with specific state—action pairs. Actions that
consistently lead to favorable future outcomes are assigned higher Q-values, while
less effective actions receive lower estimates. As a result, the agent progressively
improves its policy and learns to select actions that maximize long-term social or

environmental benefits, even in the absence of an explicit model of the environment.

Using Q-learning, each agent updates its behavior based on social feedback. When
many neighbors cooperate, the effort becomes more rewarding due to social trust
and shared benefits. If defection dominates, agents may adapt to protect their own
interests. Agents learn policies that reflect emergent social norms, such as increased

cooperation when long-term collective benefits outweigh short-term gains.
3.2 Supervised learning

Supervised learning is based on labeled training data, where each input sample is
associated with a known target output (Fig. 3). The objective of the learning
algorithm is to approximate a mapping function that can accurately predict outputs
for unseen inputs (Mitchell, 1997). Typical supervised learning tasks include

classification and regression.
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In the natural environment, supervised learning is widely used for air quality
prediction, climate variable forecasting, water pollution assessment, and land-cover
classification from satellite imagery. For example, neural networks and support
vector machines can predict concentrations of pollutants such as PM10 or NO,
based on meteorological and emission data. Similarly, supervised image classification
is applied in remote sensing to detect deforestation, urban expansion, and changes

in vegetation cover (Zhu et al., 2017).

W24

Figure 3: A neural network with two inputs and one output unit
Source: Russell & Norvig, 2021

In the social environment, supervised learning supports the analysis of human
behavior, public opinion, and social responses to environmental challenges.
Applications include sentiment analysis of social media posts related to climate
change, prediction of pro-environmental behavior, and classification of survey
responses regarding sustainability policies. These models help policymakers
understand societal attitudes and design more effective environmental

communication strategies (Lazer et al., 2009; Salganik, 2017).

In simulated social environments, supetrvised learning can be applied to model and
predict agent behavior based on observed internal states and interaction histories.
Consider a game-based simulation in which agents possess attributes such as goals,
memory, beliefs, and social relationships, and their actions are recorded during
repeated interactions (Wooldridge, 2009; Yannakakis & Togelius, 2018).
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To illustrate the learning process in supervised learning, consider a simple neural
network used to predict agent behavior in a simulated social environment. Let the
input vector represent an agent’s internal state, for example cooperation tendency
and social influence, and let the target output indicate whether the agent cooperates

or defects in a given situation.

Assume a single neuron with input x, weight w, and output ¥’ = w - x. Given a
labeled training example with true target value Y, the prediction error can be

expressed using the squared error loss function:

L =050y = ¥ )2 )

During training, the weight is updated using gradient descent to minimize the loss:

oL

W o W 1] o 3

where 7 is the learning rate. For a single training step, the gradient is given by

L Y = ) X “

ow

and the weight update becomes

We WD =Y )X o (5)

Through repeated exposure to labeled examples, the network gradually adjusts its
weights so that predicted agent behavior aligns more closely with observed
outcomes. In the context of simulated social environments, this enables the model
to learn how internal agent states influence social actions such as cooperation or
defection, providing a transparent and interpretable mechanism for behavior

prediction.
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3.3 Unsupervised learning

Unsupervised learning operates on unlabeled data and aims to discover hidden
structures, patterns, or relationships within the dataset. Common techniques include

clustering, dimensionality reduction, and anomaly detection.

In the natural environment, unsupervised learning is used to identify climate regimes,
detect environmental anomalies, and group ecosystems with similar characteristics.
For instance, clustering algorithms can reveal spatial patterns in temperature or
precipitation data, while anomaly detection methods can identify unusual pollution
events or extreme weather phenomena. Such approaches are valuable for

exploratory analysis and early warning systems (Ghaderpour et al., 2021).

In simulated social environments, unsupervised learning can be used to analyze
emergent behavioral patterns arising from interactions among autonomous agents.
Consider a game-based simulation in which agents are characterized by internal
states such as goals, memory, beliefs, and social relationships. During the simulation,
agents interact repeatedly without explicitly predefined social roles or group
memberships (Wooldridge, 2009; Yannakakis & Togelius, 2018).

To illustrate unsupervised learning in a simulated social environment, consider a set
of agents observed over multiple time steps in a game-based simulation. For each
agent, a feature vector is constructed from behavioral statistics such as frequency of
cooperation, number of interactions with other agents, and average response time.

Importantly, no labels or predefined social roles are provided.

A clustering algorithm, such as £-means, is applied to these feature vectors in order
to group agents with similar behavioral characteristics. Let x; denote the behavioral
feature vector of agent I, and let k represent the centroid of cluster k. During each
iteration of the algorithm, agents are assigned to the nearest cluster centroid, and the

centroids are updated as the mean of all agents assigned to the cluster Cy:

1
Ui < ﬁzxieck et e i ie e (6)
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Through repeated iterations, the clustering process converges to a pattition of the
agent population into behaviorally coherent groups. These clusters may correspond
to emergent social roles such as cooperative agents, dominant influencers, or socially

isolated individuals, despite the absence of any explicit role definitions.
4 Discussion and conclusion

The comparison of machine learning paradigms highlights distinct advantages and
limitations in environmental contexts. Across all paradigms, common challenges
include: data scatcity and imbalance, limited interpretability of deep learning models,
sensitivity to environmental non-stationarity, transferability issues across geographic
regions (e.g., Mitchell, 1997; Sutton & Barto, 2018; Russell & Norvig, 2021).

This paper presented an overview of selected machine learning methods and their
applicability in both natural and social environmental contexts. Through illustrative
examples, the paper demonstrated how supervised learning enables prediction and
classification tasks based on labeled data, how unsupervised learning supports the
discovery of hidden structures and emergent patterns, and how reinforcement
learning allows agents to adapt their behavior through interaction with dynamic
environments. Special attention was given to simulated social environments, where
machine learning methods provide a data-driven framework for modeling agent

behavior and analyzing social dynamics without relying on predefined rules.
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