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Introduction

Reinforcement Learning (RL) is a subfield of Machine Learning (ML) that 
focuses on developing algorithms and models that enable an agent to learn from 
its environment through trial and error, by maximizing a numerical reward signal. 
In other words, RL is an approach to AI that allows an agent to learn how to 
behave in an environment by interacting with it, in order to achieve a specific 
goal. This goal can be anything from winning a game to controlling a robot arm. 
The basic idea behind RL is to create an environment in which an agent can learn 
by taking actions and receiving feedback in the form of rewards or punishments. 
The agent's objective is to maximize the cumulative reward it receives over 
time. The agent does this by learning a policy, which is a mapping from states to 
actions that maximizes the expected cumulative reward. The policy can be either 
deterministic or stochastic [1]. 

Description

Let's take a closer look at each of these components. The agent is the entity 
that interacts with the environment. It takes actions based on the state of the 
environment and receives feedback in the form of rewards or punishments. The 
goal of the agent is to maximize the cumulative reward it receives over time. 
The environment is the external system that the agent interacts with. It can be 
anything from a simulated world to a physical system. The environment provides 
feedback to the agent in the form of rewards or punishments. The state is the 
current configuration of the environment. It is a snapshot of the environment at a 
given time. The state can be either observable or partially observable. In the case 
of observable state, the agent has full access to the state of the environment. In 
the case of partially observable state, the agent has limited access to the state 
of the environment. The action is the decision made by the agent based on the 
current state of the environment. The action can be discrete or continuous. In 
the case of discrete action, the agent can choose from a finite set of actions [2]. 

In the case of continuous action, the agent can choose from an infinite set 
of actions. The reward is the feedback provided by the environment to the agent. 
It can be positive, negative, or neutral. The goal of the agent is to maximize the 
cumulative reward it receives over time. The policy is the mapping from states to 
actions that maximizes the expected cumulative reward. The policy can be either 
deterministic or stochastic. In the case of deterministic policy, the agent always 
chooses the same action given a particular state. In the case of stochastic policy, 
the agent chooses actions randomly based on a probability distribution. Now that 
we have a basic understanding of the components of RL, let's take a look at some 
of the key algorithms and techniques used in RL [3].

Q-Learning is a popular RL algorithm that uses a value function to estimate 

the expected cumulative reward of taking an action in a given state. The value 
function is used to update the policy by selecting the action with the highest 
expected cumulative reward. Policy Gradient is a technique used to learn a 
stochastic policy by directly optimizing the expected cumulative reward. The 
policy is updated by computing the gradient of the expected cumulative reward 
with respect to the policy parameters [4,5].

Conclusion 

Actor-Critic is a hybrid RL algorithm that combines elements of both 
Q-Learning and Policy Gradient. It uses a value function to estimate the expected 
cumulative reward and a policy function to select actions. Deep Reinforcement 
Learning (DRL) is a variant of RL that uses deep neural networks to represent 
the value function and policy function. DRL has been successfully applied to a 
wide range.
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