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Abstract: Reinforcement Learning (RL) is a machine-learning approach for problems in which 

decisions are made repeatedly and their quality becomes clear through feedback. Instead of depending 

on a fixed collection of labelled answers, an RL agent interacts with an environment, observes its 

changing state, receives rewards or penalties, and improves its decision policy through experience. 

This review examines the basic RL framework and discusses deep reinforcement learning, offline 

learning, multi-agent systems, and human-guided learning. Applications in robotics, games, education, 

finance, healthcare, and autonomous systems are considered. The review also identifies sample 

inefficiency, computational cost, instability, delayed rewards, limited generalization, and safety as 

important challenges. The paper concludes by identifying research opportunities for efficient, reliable, 

explainable, and adaptable RL systems. 
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I. INTRODUCTION 
Machine learning has changed the way computer systems process information and make decisions. Traditional machine 

learning approaches generally learn patterns from previously collected data. Reinforcement Learning, however, follows 

a different learning principle: an agent improves its decision-making ability through interaction with an environment. 

In a reinforcement learning system, an agent observes the current situation, selects an action, and receives feedback 

from the environment. The feedback may be positive or negative depending on the outcome of the selected action. 

Through repeated interaction, the agent gradually learns which decisions are more useful for achieving a particular 

objective. 

This makes RL especially suitable for problems in which decisions are sequential and the consequences of an action 

may appear later. Examples include robot navigation, game playing, resource allocation, autonomous control, 

recommendation systems, and scheduling. 

The development of deep learning has further expanded the capabilities of reinforcement learning. Deep Reinforcement 

Learning combines reinforcement learning principles with neural networks, allowing systems to handle complex and 

high-dimensional inputs. This development has contributed to significant progress in robotics, games, autonomous 

systems, and other decision-making applications. 

However, reinforcement learning also introduces important challenges. Training may require a large number of 

interactions, computational resources can be substantial, and inappropriate reward designcan lead to undesirable 

behavior. Therefore, research is increasingly focused on making RL more efficient, stable, safe, interpretable, and 

adaptable. 

 

II. METHODOLOGY 

The review process was organized into the following stages: (1) topic identification, focusing on reinforcement learning 

as a machine learning approach for sequential decision-making; (2) conceptual analysis of state, action, reward, policy, 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                             International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 1, October 2026 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-38763   490 

www.ijarsct.co.in  

 
 
 

ISSN: 2581-9429 Impact Factor: 8.2 

agent, and environment; (3) literature examination covering conventional RL, Q-learning, deep reinforcement learning, 

offline learning, and application-oriented studies; (4) application analysis across robotics, education, healthcare, 

finance, games, and autonomous systems; (5) identification of challenges such as sample inefficiency, computational 

cost, delayed feedback, instability, and generalization; and (6) research synthesis to identify directions for developing 

reliable and efficient RL systems. 

 

III. LITERATURE REVIEW 

Reinforcement learning has its roots in several research areas, including artificial intelligence, operations research, 

behavioral psychology, and control theory. Sutton and Barto provided one of the most influential foundations for 

understanding reinforcement learning as learning through interaction and reward. 

Early reinforcement learning research established important concepts such as value functions, policies, 

temporaldifference learning, and Q-learning. These approaches demonstrated that an agent can improve its behavior 

without being explicitly provided with the correct action at every step. 

Kaelbling, Littman, and Moore presented a broad survey of reinforcement learning and highlighted the relationship 

between RL and decision-making under uncertainty. Their work helped establish RL as an important area of artificial 

intelligence research. 

The emergence of deep learning produced another major development. Deep Reinforcement Learning uses neural 

networks to represent policies or value functions. This allows RL systems to operate in environments where the state 

space is too large for conventional table-based methods. 

Research in Deep Q-Networks demonstrated that reinforcement learning could be combined with deep neural networks 

to learn complex tasks directly from high-dimensional observations. Subsequent research expanded the field toward 

policy-gradient methods, actor–critic architectures, model-based methods, multi-agent learning, and offline 

reinforcement learning. 

Recent literature also emphasizes the limitations of purely trial-and-error learning. Real-world systems may not be able 

to perform millions of unsafe or costly interactions simply to learn an appropriate policy. Consequently, researchers are 

investigating learning from demonstrations, human feedback, historical datasets, simulation environments, and 

modelbased planning. 

The literature also indicates increasing interest in RL for education. Adaptive learning systems can potentially use 

feedback about learner performance to modify educational content or recommend appropriate learning activities. 

However, educational applications require careful consideration of fairness, privacy, interpretability, and the long-term 

effect of automated decisions. 

Overall, previous research shows that RL is capable of addressing complex sequential decision-making problems, but 

practical deployment requires solutions to efficiency, safety, reliability, and generalization problems. 

  

IV. FUNDAMENTAL COMPONENTS OF REINFORCEMENT LEARNING 

A. Agent: The agent is the learning entity that observes the environment and selects actions. It may be a software 

program, robot, or intelligent control system. 

B. Environment: The environment represents the external system with which the agent interacts. It provides the current 

state and responds to the agent's selected action. 

C. State: A state represents the information available to the agent about the current situation. The quality of state 

representation strongly influences the quality of decisions made by the agent. 

D. Action: An action is a decision or operation performed by the agent. Actions may be discrete, such as moving left or 

right, or continuous, such as controlling the speed of a robotic arm. 

E. Reward: A reward is a numerical feedback signal supplied by the environment. It informs the agent whether the 

recent behavior contributed positively or negatively toward the desired objective. 
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V. APPLICATIONS OF REINFORCEMENT LEARNING 

A. Robotics: RL can help robots learn navigation, manipulation, movement control, and task execution. 

B. Game Playing: Game environments provide clear states, actions, and reward signals, making them useful for RL 

research. 

C. Healthcare: RL has potential applications in treatment planning, clinical decision support, resource allocation, and 

personalized care. Healthcare applications require strong safety and ethical safeguards. 

D. Finance: RL can be investigated for sequential decision-making tasks such as portfolio management and resource 

allocation. Financial environments are highly uncertain, so robust evaluation is essential. 

 

VI. MAJOR REINFORCEMENT LEARNING APPROACHES 

A. Value-Based Learning: Value-Based Learning: Value-based approaches estimate the usefulness of states or state-

action pairs. Q-learning is a well-known example in which the agent learns an action-value function and selects actions 

based on estimated future rewards. 

B. Multi-Agent Reinforcement Learning: In multi-agent environments, several learning agents interact with each other. 

Their objectives may be cooperative, competitive, or a combination of both. 

C. Offline Reinforcement Learning: Offline RL attempts to learn a policy from previously collected interaction data 

rather than continuously interacting with the environment. This approach is important in domains where real-world 

experimentation is expensive or risky. 

D. Actor–Critic Methods: Actor–critic approaches combine the advantages of policy-based and value-based learning. 

The actor selects actions while the critic evaluates the quality of those actions. 
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VII. WORKING PRINCIPLE 

The basic RL process can be represented as: Agent → Action → Environment → New State + Reward → Agent. 

Initially, the agent may have limited knowledge of the environment. It chooses an action according to its current policy. 

The environment then changes its state and provides a reward. 

The agent uses this feedback to update its knowledge. If an action contributes toward the objective, the corresponding 

decision becomes more favorable. If an action produces an undesirable result, its estimated value may decrease. 

  

VIII. CONCLUSION 

Reinforcement Learning provides a powerful framework for developing systems that learn decision-making behavior 

through interaction with an environment. Its fundamental elements agent, state, action, reward, environment, and policy 

form a flexible framework for solving sequential decision-making problems. 

The review shows that RL has progressed from traditional value-based methods to sophisticated deep, policy-based, 

actor–critic, multi-agent, and offline approaches. These developments have increased its applicability in robotics, 

games, education, healthcare, finance, and autonomous systems. 
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