
Original Article   Mid-West University Journal of Engineering & Innovation      Vol. 1      December, 2025 

Published by Graduate School of Engineering, Mid-West University, Nepal  1 

 A Comprehensive Review of Reinforcement Learning 

Ramesh Ghimire
1
, Devendra Kumar Labh Karna

2
 

1
Instructor, Midwest University, Graduate School of Engineering 

2Asst. Prof. Midwest University, Graduate School of Engineering 

Correspondence Email: ramesh.ghimire@mu.edu.np 

Keywords:  

Reinforcement Learning, 

Deep reinforcement 

learning, Q learning, 

Offline reinforcement 

learning 

 

 

 

 

Received: 1 November 2024 

Revised: 28 November 2024 

Accepted: 7 December 2024  

 

 

ISSN: 3102-0763 (Print) 

           3102-0771 (Online) 

 

Copyright: @Author(s) 2025 

Abstract 

Reinforcement Learning (RL) is a paradigm of machine learning in which an agent 

learns optimal behavior through trial-and-error interactions with an environment 

guided by feedback in the form of rewards. This survey provides a comprehensive 

overview of Reinforcement Learning (RL), beginning with fundamental concepts 

(Markov decision processes, policies, value functions, and reward signals) and 

progressing to the prominent categories of RL algorithms: value-based, policy-

based, actor-critic architectures, and model-based. We categorize and explain 

these families and highlight representative algorithms (from Q-learning and Deep 

Q-Networks to policy gradient methods like REINFORCE, proximal policy 

optimization, and more). We then summarize recent advancements, including the 

deep RL revolution that combines neural networks with RL to solve high-

dimensional problems, the emergence of offline RL for learning from fixed 

datasets, progress in multi-agent RL for complex, competitive, and cooperative 

systems, and hierarchical RL for temporal abstraction. Key real-world 

applications are reviewed in domains such as robotics (where RL enables 

autonomous control and manipulation), game playing (where RL has achieved 

human- and superhuman-level performance in video games and board games), 

finance (for algorithmic trading and decision-making under uncertainty), and 

healthcare (for treatment planning and medical decision support). 

 

Introduction 

Reinforcement Learning (RL) is a core branch of artificial intelligence in which an agent learns to 

make sequential decisions by interacting with its environment and receiving evaluative feedback. The 

agent's objective is to maximize cumulative reward over time, which it achieves by learning from trial-

and-error experience rather than direct supervision [2]. The foundational idea dates back to the 1950s 

when Richard Bellman's work on dynamic programming formalized how optimal decisions in a 

Markovian system could be computed recursively (the Bellman optimality principle) [2]. Over 

subsequent decades, researchers built on these foundations with methods such as temporal-difference 

(TD) learning, which enabled learning value functions from raw experience rather than requiring a 

known model [2]. Pioneering algorithms, such as Q-learning (introduced by Watkins in 1989), 

provided a simple yet powerful way for an agent to learn optimal action values from delayed rewards, 

even without a model of the environment [3]. By the late 20th century, RL had developed a solid 

theoretical basis, but its practical impact was limited to relatively small-scale problems. 

The early 21st century brought increased computational power and new algorithms that greatly 

expanded RL's capabilities and scope. In particular, the integration of deep learning with RL – Deep 

Reinforcement Learning (DRL) – in the 2010s enabled agents to handle high-dimensional state spaces 

(like raw images) and learn complex policies end-to-end. A landmark achievement was DeepMind's 
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Deep Q-Network (DQN), which combined convolutional neural networks with Q-learning to reach 

human-level proficiency on a suite of Atari 2600 video games using only pixel inputs [4]. This 

breakthrough demonstrated the potential of RL to tackle problems that were previously intractable, and 

even more striking successes soon followed it. Notably, in 2016, the AlphaGo program, which 

incorporated a decade ahead of its time and a significant milestone for artificial intelligence, deep 

neural networks and Monte Carlo tree search vanquished the human world champion in the game of Go 

[6].  In the years since, RL agents have achieved superhuman performance in various challenging 

domains, including complex strategy games (e.g., AlphaStar in StarCraft II, which reached 

Grandmaster level and surpassed 99.8% of human players [7]) and continuous control tasks in robotics. 

These developments highlight the importance of RL as a generic paradigm for sequential decision-

making and have sparked a great deal of interest in both basic and applied research. 

Fundamental Concepts of Reinforcement Learning 

Reinforcement Learning (RL) is a branch of machine learning in which agents learn to make sequential 

decisions through trial and error to maximize cumulative rewards over time. In RL, an agent interacts 

with an environment, performs actions, and receives feedback in the form of rewards or penalties [21]. 

The central components of RL include the agent (decision-maker), the environment (the system in 

which the agent operates), states (the agent‘s current situation), actions (possible decisions), and 

rewards (feedback from the environment). 

RL problems are typically formalized as a Markov Decision Process (MDP), defined by the tuple (S, A, 

P, R, γ) [21], where S is the set of states, A is the set of actions, P(s'|s,a) is the transition probability 

from state s to s' given action a, R(s,a,s') is the reward function, and γ ∈ [0,1] is the discount factor for 

future rewards. The agent interacts with the MDP in discrete time steps, observing the current state s_t, 

selecting an action a_t, and receiving a reward r_t while transitioning to the next state s_{t+1} ~ 

P(s'|s_t,a_t). The Markov property ensures that the next state and reward depend only on the current 

state and action, not on prior history [21]. 

A policy π defines the agent‘s strategy, mapping states to actions. Deterministic policies select a 

specific action for each state, while stochastic policies define a probability distribution over actions for 

each state [21]. The objective of RL is to find an optimal policy π* that maximizes the agent‘s long-

term cumulative reward (return). Value functions measure expected future rewards: the state-value 

function Vπ(s) is the expected return from state s following policy π, and the action-value function 

Qπ(s,a) is the expected return from taking action a in state s and then following π [22]. 

The Bellman equations provide a recursive relationship for value functions. For the optimal policy, the 

state-value function satisfies: V*(s) = max_a ∑{s'} P(s'|s,a) [R(s,a) + γV*(s')] and the action-value 

function (Q-learning) satisfies: Q*(s,a) = ∑{s'} P(s'|s,a) [R(s,a) + γ max_{a'} Q*(s',a')].  

These equations underpin many RL solution methods. In practice, since the agent does not know the 

MDP‘s transition probabilities or rewards, it must learn from experience. Temporal-Difference (TD) 

learning methods, such as the Q-learning update: Q_new(s,a) ← Q(s,a) + α [r + γ max_{a'} Q(s',a') − 

Q(s,a)], allow the agent to iteratively improve value estimates using observed transitions, where α is the 

learning rate [1]. Q-learning is off-policy and can converge to the optimal Q-values under certain 

conditions. 

A fundamental challenge in RL is balancing exploration and exploitation. The agent must exploit 

current knowledge to obtain rewards while exploring unknown actions or states to discover potentially 

better strategies [1]. Common exploration strategies include ε-greedy (choosing a random action with 
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probability ε), SoftMax, or Boltzmann exploration, while more advanced methods use intrinsic rewards 

or uncertainty estimates to encourage exploration. 

In summary, RL provides a framework for agents to learn optimal behaviors through interaction with 

the environment, guided by value functions, policies, and a careful balance between exploring new 

possibilities and exploiting known rewards [1]. 

Major RL Algorithm Families 

Reinforcement learning (RL) focuses on training agents to make sequences of decisions by interacting 

with an environment and maximizing cumulative reward. Although many algorithms exist, most can be 

grouped into four major families: value-based methods, policy-based methods, actor-critic methods, 

and model-based methods. These families differ in how they represent knowledge, update policies, and 

whether they leverage a model of the environment. 

Value-Based Methods aim to learn the expected value of actions in given states, enabling the agent to 

make decisions by choosing actions with the highest estimated reward [4]. Q-learning is a foundational 

example, updating its action-value estimates via temporal-difference (TD) learning and selecting 

actions that maximize Q-values. SARSA, an on-policy variant, updates values based on the actual next 

action taken, providing a more conservative estimate [1]. Value-based methods are advantageous due 

to their simplicity and general applicability, particularly in discrete action spaces. However, they 

struggle with continuous actions or stochastic environments because deriving optimal actions may 

require computationally expensive optimization at each step. Modern advances, such as the Deep Q-

Network (DQN), combine Q-learning with deep neural networks to handle high-dimensional states, 

demonstrating remarkable performance in tasks like Atari games [4]. Despite limitations, value-based 

methods remain a cornerstone of RL due to their conceptual clarity and broad utility. 

Policy-Based Methods take a different approach: instead of estimating values, they directly optimize 

the agent‘s policy [21]. Policies are parameterized (often as neural networks), and algorithms such as 

REINFORCE adjust these parameters in the direction that increases expected returns. Unlike value-

based methods, policy-based methods are naturally suited for high-dimensional or continuous action 

spaces and can model stochastic policies, which helps with exploration and optimality in complex 

environments. Recent advancements include Trust Region Policy Optimization (TRPO) and Proximal 

Policy Optimization (PPO), which improve training stability by constraining policy updates or using 

clipped objectives [4,5]. Policy gradient methods thus provide a direct path to learning optimal policies 

in domains where value maximization is difficult. 

Actor-Critic Methods combine the strengths of value-based and policy-based approaches [16]. These 

algorithms include an actor, responsible for choosing actions, and a critic, which estimates the value of 

those actions. The critic guides the actor by reducing variance in policy gradient updates, while the 

actor optimizes the policy directly. Classical examples date back to the late 1990s, and modern deep 

RL has produced notable actor-critic methods like Deep Deterministic Policy Gradient (DDPG) and 

Asynchronous Advantage Actor-Critic (A3C) [4,16,17]. These methods are flexible, can handle 

continuous actions, and typically train faster and more stably than pure policy gradients due to the 

critic‘s feedback. 

Model-Based Methods explicitly leverage knowledge or a learned model of the environment‘s 

dynamics, including the transition function and sometimes the reward function [1]. By simulating 

future interactions, these methods improve sample efficiency and allow planning. Classical planning 

techniques, such as dynamic programming or tree search, are often integrated with model-based RL. 
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Examples include Monte Carlo Tree Search (MCTS) used in AlphaGo and AlphaZero, which combine 

learned value networks with lookahead search for decision-time planning [6]. In scenarios where the 

model is unknown, it can be learned from experience, as in Sutton‘s Dyna architecture, which performs 

―planning updates‖ using simulated transitions alongside real experiences [1]. Even imperfect models 

can accelerate learning by generating additional training samples. 

In conclusion, these four families provide complementary tools for reinforcement learning. Value-

based methods offer simplicity and foundational principles, policy-based methods enable direct policy 

optimization in complex spaces, actor-critic methods blend both for stability and efficiency, and model-

based methods enhance sample efficiency and planning capabilities. Together, they form a versatile 

toolkit for tackling a wide range of RL challenges, from discrete games to continuous control in real-

world applications [1,17,21]. 

Recent Advancements in Reinforcement Learning 

In the past decade, reinforcement learning (RL) has seen rapid progress driven by advances in 

computation, function approximation via deep learning, and the increasing complexity of application 

domains. Four key areas—Deep Reinforcement Learning, Offline RL, Multi-Agent RL, and 

Hierarchical RL—have notably extended the frontiers of RL, enabling agents to tackle increasingly 

complex problems and opening new research challenges [4]. 

Deep Reinforcement Learning (Deep RL) integrates deep neural networks into the RL loop, enabling 

agents to learn directly from high-dimensional inputs like images or sensor streams. This paradigm 

eliminates the need for manual feature engineering and allows generalization across large state spaces. 

A milestone was the Deep Q-Network (DQN) by Mnih et al. (2015), which achieved human-level 

performance on Atari games by combining Q-learning with convolutional neural networks and 

stabilizing techniques such as experience replay and target networks [4]. Beyond DQN, Asynchronous 

Advantage Actor-Critic (A3C) leverages deep policy networks with a value function critic and multi-

threaded training to rapidly master a range of tasks. Algorithms like Trust Region Policy Optimization 

(TRPO) and Proximal Policy Optimization (PPO), when combined with deep networks, have been 

successfully applied to simulated robotics, Dota 2-playing agents, and robotic hand manipulation, 

demonstrating both policy stability and scalability [13]. Deep RL has also been applied in autonomous 

driving, industrial control, data center optimization, and nuclear fusion reactors, showing its capacity 

for high-stakes, real-world decision-making [6,18]. 

Offline Reinforcement Learning (Batch RL) focuses on learning optimal policies solely from pre-

collected datasets, without interacting with the environment during training. Offline RL must address 

limited coverage and distributional shifts: policies may propose actions not represented in the data, 

leading to unreliable value estimates. Approaches such as Conservative Q-Learning (CQL) penalize 

out-of-distribution actions, while Batch-Constrained Q-learning (BCQ) generates only in-distribution 

actions. Policy regularization methods, including BEAR (Batch Ensemble Actor-Critic) and BRAC, 

constrain learned policies to remain close to the behavior policy that generated the dataset [14]. 

Benchmarks like D4RL have emerged to evaluate offline RL algorithms across control and dataset-

based tasks, and modern algorithms like Implicit Q-Learning (IQL) advance state-of-the-art 

performance by avoiding unsafe extrapolation [4,14]. Offline RL expands the applicability of RL to 

areas such as education, healthcare, and robotics, where live exploration may be costly or unsafe [14]. 

Multi-Agent Reinforcement Learning (MARL) addresses environments with multiple interacting 

agents, which may cooperate, compete, or mix both dynamics. MARL introduces challenges like non-
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stationarity, credit assignment, and combinatorial growth of the state-action space. Successful 

applications include AlphaStar, which reached Grandmaster level in StarCraft II by leveraging a league 

of agents, and OpenAI Five, which trained multiple neural network agents to defeat top human teams in 

Dota 2 [7,14]. Algorithms like MADDPG (Multi-Agent Deep Deterministic Policy Gradient) manage 

continuous action spaces in mixed cooperative-competitive settings using centralized critics during 

training. MARL research continues to focus on scalability, stability, and effective credit assignment in 

multi-agent environments [14]. 

Hierarchical Reinforcement Learning (HRL) addresses tasks requiring long-term planning or sparse 

rewards by introducing temporal abstraction. HRL decomposes tasks into sub-tasks or options, 

allowing agents to plan and learn at multiple time scales. The Options framework formalizes 

temporally extended actions, while Feudal RL uses higher-level managers to assign goals to lower-

level controllers [16]. Modern methods include Hierarchical DQN (h-DQN), which employs a two-

layer architecture of high-level goals and low-level policies, and Option-Critic, which learns option 

policies and termination conditions end-to-end [16]. HRL improves exploration, aids sparse-reward 

problems, and allows reuse of sub-task solutions, making complex problems more tractable. By 

incorporating intermediate goals and intrinsic rewards, HRL provides additional guidance in tasks 

where rewards are delayed, mirroring human problem-solving strategies [16]. 

In summary, these advancements have significantly expanded RL‘s capabilities. Deep RL enables 

learning from raw, high-dimensional data; Offline RL facilitates safe learning from static datasets; 

MARL allows agents to operate in multi-entity environments with complex interactions; and HRL 

introduces temporal abstraction for long-horizon tasks. Together, these developments highlight the 

versatility, scalability, and real-world applicability of modern reinforcement learning, while also 

motivating ongoing research into stability, efficiency, and interpretability [4]. 

Applications of Reinforcement Learning 

Reinforcement Learning (RL) has emerged as a versatile tool across numerous domains, where 

sequential decision-making and long-term optimization are central. Its ability to learn from interaction 

and adapt to uncertain environments has enabled advances in robotics, gaming, finance, and healthcare, 

though each domain poses unique challenges. 

A. Robotics and Control 

Robotics provides a natural setting for RL, where problems such as navigation, locomotion, and 

manipulation can be formulated as sequential decision tasks. Unlike traditional control methods, which 

rely heavily on precise models, RL allows robots to learn policies directly from experience, handling 

complex dynamics, contacts, and uncertainties. 

One of the most influential results was Google‘s QT-Opt algorithm, which enabled robot arms to 

achieve a 96% grasp success rate on novel objects by combining large-scale data and simulation-to-real 

transfer [19]. Beyond grasping, RL has been applied in multi-robot coordination, drone navigation, and 

legged locomotion, showcasing adaptability in unstructured environments. A notable industrial 

deployment was Google‘s RL-based data center cooling system, which significantly reduced energy 

consumption [18]. Similarly, RL has been used in nuclear fusion experiments for plasma control, 

outperforming human experts in managing magnetic confinement [18]. Challenges remain, particularly 

regarding sample inefficiency and safety—as trial-and-error learning on real hardware can be costly or 

damaging. Hybrid approaches combining offline RL and simulation pre-training (with algorithms such 

as PPO) are increasingly used to ensure safer deployment [14]. 
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B. Games and Decision-Making 

Games have historically been RL‘s primary proving ground due to their well-defined rules, abundant 

data, and structured objectives. They serve as excellent testbeds for algorithmic innovation. Early 

successes include TD-Gammon, which reached expert-level backgammon play through self-play in the 

1990s. In the 2010s, DeepMind‘s Deep Q-Network (DQN) achieved human-level performance across 

dozens of Atari 2600 games using raw pixel inputs and score-based rewards [4]. 

Board games marked another milestone: AlphaGo defeated world champions in Go [6], while AlphaGo 

Zero and AlphaZero learned superhuman play in Go, Chess, and Shogi through pure self-play without 

human demonstrations. Real-time and imperfect-information games expanded RL‘s scope further. 

AlphaStar achieved Grandmaster level in StarCraft II by combining multi-agent training and league-

based competition [7], while OpenAI Five defeated professional players in the complex multiplayer 

game Dota 2 [8]. RL has also been applied to poker (DeepStack, Libratus) and physics-based games 

such as Hide-and-Seek, where agents discovered tool use and novel strategies.  

These achievements underscore RL‘s ability to generalize, strategize, and even discover creative 

solutions. Games continue to provide an accessible benchmark for pushing RL methods toward 

scalability and robustness. 

C. Finance and Economics 

Finance is another field where RL is particularly promising due to its sequential, uncertain, and data-

rich nature. Unlike classical financial models that rely on strong assumptions, RL agents can adapt 

dynamically to changing market conditions. Applications include: 

 Portfolio Management: RL agents adjust asset allocations to maximize returns or manage 

risks, often outperforming traditional mean-variance strategies [2]. 

 Trading and Order Execution: RL policies learn when and how to buy/sell assets to minimize 

costs or maximize profits, outperforming heuristic-based strategies. 

 Market-Making: Agents balance inventory risk and profitability by learning adaptive quoting 

strategies. 

 Derivatives and Option Pricing: RL has been explored for hedging strategies and pricing 

under uncertain dynamics [2]. A significant strength of RL in finance is its data-driven 

adaptability, but challenges persist. Markets are highly non-stationary, meaning policies must 

continually adapt. Exploration in live markets carries real monetary risk, making offline RL 

appealing for training on historical datasets [14]. Moreover, risk-sensitive objectives (e.g., 

Conditional Value at Risk) are increasingly incorporated to ensure agents optimize not just 

profits but also downside risks. As financial markets become more algorithm-driven, RL 

provides a natural evolution, allowing adaptive strategies that classical models cannot achieve. 

D. Healthcare 

Healthcare is a high-impact but challenging domain for RL due to safety, ethics, and interpretability 

concerns. Many clinical decisions—such as treatment planning, drug dosing, and diagnosis—can be 

modeled as sequential processes. RL offers the potential for personalized treatment strategies by 

optimizing long-term outcomes. 

 Critical Care and Chronic Disease Management: RL has been applied to sepsis treatment, 

where agents trained on retrospective ICU data suggested intervention strategies that matched 

or outperformed clinician averages [14]. RL has also been used for insulin dosing in diabetes 

and chemotherapy scheduling to balance treatment efficacy with side effects [15]. 
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 Medical Diagnosis: RL agents can decide which diagnostic tests to perform, balancing cost, 

risk, and accuracy. For example, adaptive test selection policies can reduce unnecessary tests 

while maintaining diagnostic accuracy [14]. 

 Mental Health and Personalized Therapy: Smartphone-based interventions for mental health 

have used RL to personalize therapy recommendations, maximizing patient engagement and 

improvement [19]. 

Despite these opportunities, RL adoption in healthcare faces challenges: sparse and delayed 

rewards (e.g., long-term survival), partial observability (hidden patient states), and ethical 

considerations (unsafe exploration is unacceptable). Interpretability is also critical, as 

clinicians must trust AI recommendations [20]. 

 Nevertheless, progress in offline RL, simulation-based evaluation, and explainable RL is 

making healthcare applications increasingly feasible. The long-term potential of RL in 

medicine lies in its ability to personalize treatments and optimize complex decision-making 

processes. 

Across robotics, gaming, finance, and healthcare, RL has demonstrated remarkable adaptability and 

success. In robotics, it has enabled advanced control and manipulation; in games, it has surpassed 

human performance in strategy and planning; in finance, it offers adaptive decision-making; and in 

healthcare, it holds promise for personalized treatment and diagnosis. However, each domain 

introduces distinct challenges—ranging from safety in healthcare to non-stationarity in finance—that 

must be addressed for RL‘s widespread adoption. 

Current Challenges in Reinforcement Learning 

Over the past decade, reinforcement learning (RL) has achieved spectacular success in domains ranging 

from robotic control to game playing and decision-making under uncertainty. However, despite these 

breakthroughs, RL still faces a set of fundamental challenges that limit its widespread adoption in real-

world systems. Many of these difficulties arise when moving beyond controlled environments—such as 

simulators and games—into high-dimensional, noisy, and safety-critical real-world contexts. Four of 

the most pressing challenges are sample inefficiency, safety, interpretability, and generalization. 

Addressing these is vital for ensuring that RL agents are not only powerful but also reliable, 

trustworthy, and usable at scale. 

A. Sample Inefficiency 

One of the most widely acknowledged challenges in RL is its data hunger. Most state-of-the-art deep 

RL algorithms require massive amounts of experience to learn effective policies. For example, the 

Deep Q-Network (DQN) that popularized deep RL required over 50 million frames of Atari gameplay 

to reach human-level performance [4]. Similarly, AlphaGo Zero, which achieved superhuman Go play, 

trained through millions of self-play games requiring enormous compute resources [5]. While these 

feats are acceptable in simulation-rich domains, they are impractical for many real-world applications. 

Robots, autonomous vehicles, or healthcare systems cannot afford millions of unsafe trials to learn a 

viable policy. 

Researchers have explored several directions to improve efficiency: 

 Exploration Strategies: Traditional methods such as ε-greedy exploration often waste samples 

by choosing random actions without structure. More advanced methods—such as count-based 

exploration and curiosity-driven learning—encourage agents to seek out novel states, ensuring 
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that every interaction yields useful information [14]. Such approaches dramatically reduce 

redundant exploration. 

 Off-policy Learning and Data Reuse: Algorithms like DQN and Soft Actor-Critic (SAC) 

benefit from experience replay, which stores past trajectories for reuse. Furthermore, offline 

RL leverages pre-collected datasets—such as human demonstrations or logs from past 

policies—to bootstrap learning [16]. This direction is particularly appealing for real-world 

systems, where new interactions are expensive. 

 Model-based RL: Instead of learning directly from environment interactions, model-based 

methods first approximate the transition dynamics of the environment and then perform 

―mental simulations.‖ This allows an agent to learn policies using synthetic experiences at a 

fraction of the cost [14]. For instance, algorithms like Dyna integrate learned models with 

planning, significantly reducing sample requirements. However, inaccuracies in models can 

lead to compounding errors—known as model bias—which remains an open challenge. 

 Transfer Learning and Meta-RL: Another promising approach is enabling agents to transfer 

knowledge across tasks. Transfer learning allows an agent trained in one environment to reuse 

learned features in another, while meta-RL explicitly trains agents to ―learn how to learn,‖ 

adapting to new tasks with minimal trials. These techniques mimic human learning efficiency, 

where past experience accelerates adaptation to new problems. 

Despite these advances, sample inefficiency remains a bottleneck. Bridging the gap between data-

hungry algorithms and the limited data available in real-world systems will be crucial for the next 

phase of RL adoption [4], [5]. 

B. Safety and Risk Management 

Another major challenge in RL is ensuring safe behavior, both during training and deployment. Most 

RL algorithms optimize for expected cumulative reward, which does not inherently penalize rare but 

catastrophic events. For instance, an autonomous driving agent might achieve excellent average 

performance yet occasionally take a high-speed maneuver that risks human life. Such rare failures may 

be unacceptable in healthcare, aviation, finance, or robotics. 

Key issues in safety include: 

 Exploration Risks: Training often requires trial-and-error interaction. In real-world domains, 

this can be dangerous—e.g., a robot might damage itself, or a medical agent might propose 

unsafe treatments. Safe exploration strategies seek to limit harmful actions while still ensuring 

adequate learning. 

 Constrained Reinforcement Learning: One solution is to extend Markov Decision Processes 

(MDPs) to Constrained MDPs (CMDPs), where policies must satisfy explicit safety 

constraints [14]. Algorithms like Constrained Policy Optimization (CPO) enforce constraints 

such as maximum torque or bounded risk of failure during training. 

 Risk-sensitive Objectives: Standard RL maximizes expected reward, but risk-aware RL 

incorporates objectives such as Conditional Value at Risk (CVaR), focusing on the worst-case 

outcomes. This ensures that policies optimize not only for high average performance but also 

for avoiding catastrophic tail events. 

 Human-AI Collaboration: In safety-critical contexts, RL is increasingly combined with human 

oversight. For instance, policies may defer to humans in high-risk states or be initialized from 

expert demonstrations to avoid unsafe exploration altogether. 
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The field of Safe Reinforcement Learning is rapidly expanding. Garcia and Fernandez [10] provided an 

influential taxonomy, distinguishing between methods that alter the reward structure to encode safety 

and those that modify exploration strategies. More recent research extends safe RL to multi-agent 

systems and human-in-the-loop frameworks, ensuring collaboration rather than blind autonomy. 

Ultimately, safety remains one of the largest barriers to deploying RL in practice. Without robust 

guarantees, industries with strict reliability requirements (e.g., healthcare, aviation) will hesitate to 

adopt RL widely. 

C. Interpretability and Transparency 

A further challenge is the black-box nature of many RL policies. When policies are represented by 

deep neural networks, it is often unclear why a particular action is chosen. This lack of transparency 

undermines trust, especially in domains where humans must rely on or collaborate with RL agents—

such as clinicians working with AI treatment recommendations or financial analysts validating 

automated trading strategies. 

Interpretability in RL can be considered from multiple perspectives: 

 Policy Interpretation: Visualizing the mapping from states to actions helps explain decision-

making. For instance, saliency maps or attention mechanisms can highlight which features 

most influenced an action in a game environment [11]. 

 Value Function Understanding: Analyzing the learned Q-function or value estimates can 

reveal what future outcomes the agent expects. For example, in chess, a value network might 

implicitly encode piece advantages, which can be probed by examining its state evaluations. 

 Strategy and Plan Explanation: Sequential decision-making often involves high-level 

strategies. Techniques such as policy distillation into simpler models (e.g., decision trees) or 

extracting temporal logic rules from trajectories allow policies to be expressed in human-

understandable formats [14]. 

 Case-based Explanations: Presenting representative state-action trajectories helps users see 

examples of how the agent behaves and why. For example, a medical RL agent might show 

prior patient cases where it chose similar treatments, along with associated outcomes. 

The emerging area of Explainable RL (XRL) [14] is attempting to integrate these approaches. 

Researchers are exploring symbolic reasoning, hierarchical policies, and human-in-the-loop 

explanations to make RL agents not just powerful but also trustworthy. Interpretability is expected to 

evolve from an optional property to a regulatory requirement in high-stakes applications. 

D. Generalization and Robustness 

A final challenge is ensuring that RL agents generalize beyond their training environment. Unlike 

supervised learning, where generalization is measured via test sets, RL often optimizes performance 

within a single environment. As a result, agents may overfit environmental quirks and fail when 

exposed to new conditions. 

Examples of poor generalization include: 

 Agents trained on a specific initial condition (e.g., a robot standing upright) failing when 

conditions vary (e.g., starting from a crouch). 

 Simulation-trained agents performing poorly in the real world due to sim-to-real gaps in 

friction, sensor noise, or dynamics [12]. 

 Policies memorizing patterns (e.g., game layouts) rather than learning transferable skills, as 

observed in benchmarks like ProcGen and CoinRun [12]. 



Original Article   Mid-West University Journal of Engineering & Innovation      Vol. 1      December, 2025 

Published by Graduate School of Engineering, Mid-West University, Nepal  10 

Several approaches aim to improve robustness: 

 Domain Randomization: Training on a wide range of simulated variations (e.g., lighting, 

textures, dynamics) so that policies generalize better to unseen real-world conditions. 

 Data Augmentation: Inspired by vision, augmenting observations (e.g., image crops, noise) 

reduces overfitting and forces policies to capture underlying state features. 

 Regularization Techniques: Penalizing over-reliance on specific features or enforcing 

smoothness in policy decisions. 

 Hierarchical and Modular Policies: Breaking down tasks into reusable skills improves 

adaptability to new tasks. 

 Meta-learning: Training agents to adapt quickly to new tasks by learning general priors. 

Generalization is critical for real-world RL deployment. As Cobbe et al. [12] observed, ―state-of-the-art 

deep RL agents often generalize poorly between tasks,‖ meaning robustness must become a central 

research focus. Without generalization, even strong policies trained in labs risk catastrophic failure in 

production environments. 

In conclusion, reinforcement learning faces four interrelated challenges—sample inefficiency, safety, 

interpretability, and generalization—that limit its readiness for real-world adoption. While advances 

such as model-based RL, constrained optimization, explainable policies, and robust training methods 

offer promising directions, much remains to be done. Overcoming these hurdles will not only make RL 

more practical but also expand its use into mission-critical applications where safety, reliability, and 

trust are non-negotiable. 

Future Directions in Reinforcement Learning 

Reinforcement learning (RL) has achieved notable success, but significant opportunities remain for 

advancing its efficiency, safety, and applicability. Key future research directions focus on improving 

data efficiency, ensuring safe and ethical behavior, enhancing interpretability, promoting generalization 

and lifelong learning, integrating with other AI paradigms, advancing multi-agent systems, and 

optimizing computational scalability. 

1. Toward More Sample-Efficient and Faster Learning: A major goal in RL research is reducing 

the number of interactions required for effective policy learning. Hybrid approaches combining model-

based and model-free methods, along with offline data utilization, can accelerate learning. Techniques 

such as transfer learning and meta-learning allow agents to leverage prior knowledge or pre-trained 

representations, enabling adaptation to new tasks with minimal trials, akin to human learning. Model-

based planning with learned world models, policy reuse from skill libraries, and meta-RL approaches 

that "learn how to learn" are expected to advance sample efficiency [5][16]. 

2. Safe and Trustworthy RL: As RL is deployed in real-world environments, safety, reliability, and 

ethical behavior are critical. Future research emphasizes algorithms that incorporate safety constraints 

directly, such as through constrained optimization or shielded policies, ensuring bounded or no 

catastrophic failures [14]. Methods like Reinforcement Learning from Human Feedback (RLHF), used 

in large language models to align behavior with human values, represent a path toward RL agents 

capable of optimizing nuanced objectives that balance performance with safety and ethical 

considerations [20][8]. 

3. Better Interpretability and Transparency: Interpretability complements safety by making RL 

decision-making understandable. Research into explainable RL (XRL) aims to produce policies with 

human-comprehensible rationales, such as natural language descriptions, if-then rules, or hierarchical 
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structures [11]. Advances here may borrow from the broader field of eXplainable AI (XAI), helping 

developers and users trust and verify agent behaviors. 

4. Generalization, Transfer, and Lifelong Learning: Developing agents that generalize across tasks 

and accumulate knowledge over time remains a core challenge [16]. Lifelong learning, with 

architectures capable of adapting and growing while retaining previous skills, and memory systems that 

store learned behaviors, are critical for rapid learning in novel environments. Self-supervised or 

unsupervised methods that acquire reusable representations or skills without explicit rewards also 

contribute to generalization. 

5. Integration with Other AI Paradigms: RL is increasingly combined with supervised, 

unsupervised, and self-supervised learning, as well as planning and reasoning. For example, AlphaZero 

demonstrates the integration of RL with search and trajectory optimization. Language models may also 

guide RL, combining high-level reasoning with low-level policy execution. 

6. Multi-Agent and Social RL: Future research will extend RL to complex multi-agent ecosystems, 

enabling cooperation, competition, negotiation, and collaboration among hundreds of agents. Multi-

agent RL may integrate mechanism design to achieve desired collective outcomes and enhance human-

AI interaction, preparing agents to work effectively alongside humans. 

7. Scaling and Efficiency of Computation: Practical RL research will prioritize computational 

efficiency and scalability. Current breakthroughs often rely on massive hardware resources, but future 

work aims for algorithms that learn in real time on edge devices or distributed systems, leveraging 

lightweight architectures, data reuse, and potentially specialized hardware for RL. 

In summary, future RL research seeks to enhance efficiency, safety, interpretability, generalization, 

multi-agent capability, and computational practicality, enabling broader real-world applicability and 

more intelligent, autonomous agents. 

 

Conclusion 

Reinforcement Learning has evolved from its theoretical roots in dynamic programming and trial-and-

error learning to become a cornerstone of modern AI research. This review surveys the fundamentals of 

RL – the MDP framework, value functions, policies, and rewards – and examines how these concepts 

underpin various families of algorithms, ranging from value-based Q-learning to policy gradients and 

actor-critics, as well as model-based planners. We have highlighted how these methods, especially 

when combined with deep learning, have led to remarkable successes: agents that surpass human 

performance in complex games control robots to perform intricate tasks and optimize decisions in 

domains such as finance and healthcare. These achievements underscore RL's significance as a general 

paradigm for sequential decision-making and its potential for a transformative impact. 

At the same time, we have discussed the many challenges that must be addressed to realize RL's full 

promise. Issues of sample inefficiency, safety, interpretability, and generalization limit the deployment 

of current systems in real-world scenarios where data is scarce, consequences are severe, understanding 

is crucial, and environments are unpredictable. Encouragingly, each of these challenges is the subject 

of active research, and progress is being made – from new algorithms that learn more efficiently 

[4][14] to frameworks for constrained and safe RL [arxiv.org] and methods that improve generalization 

across tasks [openai.com]. Moreover, interdisciplinary efforts that connect reinforcement learning with 

fields such as control theory, natural language processing, and causal inference are paving the way for 

more robust and versatile RL agents. 
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Looking forward, the trajectory of RL research points towards agents that learn continually and safely 

in complex, multi-faceted environments and that can collaborate with humans and other agents. By 

incorporating future advances – such as those in representation learning, human-in-the-loop training, 

and multi-agent coordination – reinforcement learning agents are expected to become not only more 

powerful but also more aligned with human goals and norms. The forward-looking topics we outlined, 

including lifelong learning, safe AI, and explainability, will be crucial for ensuring that RL-based 

systems earn trust and find use in high-stakes domains [20][11]. 

In summary, reinforcement learning has matured into a rich field at the intersection of computer 

science, neuroscience, and engineering. It offers a distinctive approach to AI, one that emphasizes 

learning through interaction and the pursuit of long-term goals. The progress to date, achieved through 

a combination of theoretical insight, algorithmic innovation, and continually improving computational 

tools, has validated RL's core principles and demonstrated its efficacy on challenging problems. As 

research continues, we expect RL to play a central role in the development of generally intelligent 

systems and to be increasingly deployed in service of societal needs, from more innovative 

infrastructure and personalized education to advanced healthcare and beyond. To make this vision a 

reality, careful consideration of the challenges and directions discussed; however, the continuing 

advancements suggest that the reinforcement learning community is well-positioned to meet them, 

driving us toward a future where learning agents are ubiquitous, capable, and beneficial. 
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