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Abstract: Intrinsic motivation has garnered significant attention in recent years, empowering both living beings and
robots to learn autonomously and cumulatively, even without extrinsic motivation (rewards from the environment). This
concept, drawing inspiration from psychology and neuroscience, has opened up new avenues in artificial intelligence.
Algorithmic architectures for intrinsic motivation facilitate exploration and the effective acquisition of motor skills in
scenarios where environment rewards are sparse or absent. This is particularly relevant for many real-world problems,
where large portions of the environment offer no explicit rewards. Consequently, intrinsic motivation holds not only
theoretical significance for enhancing artificial intelligence algorithms, particularly in exploration tasks, but also practical
implications for real-world or near-real-world applications. In this paper, we delve into the significance of intrinsic
motivation, providing a brief overview of its origins in psychology. We then systematically categorize and examine
research on intrinsic motivation in artificial intelligence. Additionally, we discuss the reinforcement learning method as
a successful approach for incorporating intrinsic motivation. Finally, we explore the practical applications, limitations,
and future intrinsic motivation research.
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Extended Abstract

1- Introduction

Intrinsic motivation is a foundational concept in the realm
of artificial intelligenc, inspired by human cognition and
behavioral sciences. Unlike extrinsic motivation, which
relies on explicit rewards from the environment, intrinsic
motivation propels agents to engage in exploration and
learning for the sake of curiosity and novelty. This quality
is particularly crucial in environments where external
rewards are sparse or non-existent, challenging traditional
artificial intelligence models to learn effectively. Recent
developments have incorporated intrinsic motivation into
machine learning, aiming to enhance adaptability and
autonomous problem-solving. This paper aims to delve
into the role of intrinsic motivation within artificial
intelligence, tracing its origins, evaluating existing
models, and discussing its practical implications.
Furthermore, intrinsic motivation facilitates continuous
learning and adaptation, allowing agents to refine their
decision-making  capabilities  autonomously.  This
approach is increasingly being explored in unsupervised
and reinforcement learning scenarios to stimulate
exploratory behavior that leads to better generalization and
task performance. The integration of such models has
potential applications across a range of fields, including
robotics, complex system navigation, and cognitive
modeling.

Of course, examining the position of intrinsic
motivation in psychology and intrinsic motivation in
reinforcement learning is also among the objectives of this
review paper. The structure of this paper is as follows: In
Section 2, we show that motivation is a response to the
question of why behavior occurs. Section 3 discusses the
different types of motivation. Next, the position of
intrinsic motivation in psychology and various related
theories are reviewed in Section 4. In Section 5, the diverse
research in this field is categorized, and each study is
analyzed and evaluated. Given the importance and
effective performance of reinforcement learning
algorithms in intrinsic motivation, Section 6 introduces
this method and the intrinsic motivation in reinforcement
learning algorithm. Section 7 examines the limitations,
applications, and future work in this domain. Finally, the
conclusion is presented in Section 8.

2- Methodology

The methodology section provides an in-depth
examination of how intrinsic motivation is modeled and
implemented in artificial intelligence systems. This
involves categorizing existing algorithmic frameworks
that simulate intrinsic motivation through predictive
models, curiosity-driven mechanisms, and novelty-based
exploration strategies. Key methodologies include the use
of self-supervised learning techniques, which enable
agents to build internal representations of their
environment and use prediction errors as intrinsic rewards.
The research also reviews various computational
approaches such as reinforcement learning algorithms

embedded with intrinsic motivation. These algorithms use
auxiliary tasks and prediction models to drive learning,
even in the absence of external feedback. The evaluation
focuses on the impact of these models on learning
efficiency, task performance, and scalability. Theoretical
concepts are combined with empirical results to illustrate
how these models contribute to more effective exploratory
strategies.

3- Results and discussion

Our findings indicate that intrinsic —motivation
significantly enhances exploratory learning, particularly in
tasks where external rewards are infrequent or sparse.
Through experiments involving various intrinsic
motivation  frameworks, we  observed marked
improvements in task performance and learning rates
when compared to models driven solely by extrinsic
rewards. For instance, models utilizing novelty detection
and prediction error as intrinsic signals demonstrated
superior adaptation capabilities in complex and unfamiliar
environments.

The discussion extends to compare intrinsic and
extrinsic motivation models, noting that while intrinsic
motivation fosters better initial exploration, it may require
balanced integration with external incentives for optimal
task completion. Challenges such as computational
overhead and fine-tuning for real-world applications are
also addressed. The results underscore the practical
implications of applying intrinsic motivation in artificial
intelligence, particularly in fields that require adaptability
and independent learning, such as autonomous robotics
and cognitive simulations.

4- Conclusion

The integration of intrinsic motivation into artificial
intelligence systems has proven to be a powerful tool for
fostering exploration and learning in environments where
explicit guidance is minimal. This paper has highlighted
the key methodologies and impacts of intrinsic motivation
in enhancing machine learning models. While promising,
the approach still faces challenges, including the
computational cost of training and ensuring alignment
with specific task goals. Future research should aim to
develop more efficient and scalable models, as well as
explore how intrinsic and extrinsic motivations can be
effectively balanced to enhance performance in real-world
scenarios.

The potential applications of intrinsic motivation span
from robotics to interactive systems, signaling a promising
frontier for adaptive and human-like learning processes in
artificial intelligence. By addressing current limitations
and focusing on advancements in algorithm design and
computational efficiency, intrinsic motivation can
continue to shape the evolution of artificial intelligence,
making it more robust, adaptable, and capable of learning
autonomously.
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