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Introduction 
Environment 
Agent 
Reward 
Policy
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Reinforcement Learning:  Towards human level : 

   control ((Finding the optimal way of doing a given task)

   prediction 

   Adaptation (Robots That Can Adapt like Animals, Nature)
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Motivation

Built 
new 
moves



Some Applications
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Source : Deep Mind
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Environment/system 

Agent/controller

Agent and Environment 
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Environment/system 

Agent/controller

Agent and Environment Interaction 
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Environment/system 

Agent/controller

Agent and Environment Interaction 



Boundary between Agent and Environemnt 
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State v/s Observations 
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Rewards and Reinforcement Learning

Rewards :

 functions-à chosen by user, problem dependent.

  scalar feedback signal 

 indicates how well the agent does

Agent’s mission: 

 maximize the cumulated reward

Reinforcement learning : 

 finding best way ( optimal way) to maximize the cumulative reward. 

 finding optimal “policy” or strategy to achieve the goal in an optimal manner.

 sequential decision-making problem.  
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Markov Decision Process (MDP) 
Markov process
Markov Reward Process
Markov Decision Process
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Markov Decision Process (MDP)
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All process è MDP! ( Fully observable!) 



Environment: Transition Function
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Environment: Transition Function
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Environment: Reward Function
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Agent:

• Policy 

• Value function
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Agent: Policy
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Agent: Policy
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Agent: Value Function

• Return 
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Agent: Value Function

• Return 
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Agent: Value Function

• Return

• Value Function 
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Agent: Value Function

• Value function
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Value Function: 
Assessment of “Importance” of being in a state.

Helps to make a choice in taking actions while being in a state. 
 



Dynamic Programming 
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Bellman Equation
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Bellman Equation
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applied over all states and policies!! 



Bellman Equation
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Bellman Equation
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Bellman Equation
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Bellman Equation
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Dynamic Programming :
Iterative Policy Evaluation
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Policy Improvement
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Value Functions è V-functions and Q-functions
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Bellman Equation
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Policy iteration algorithm

 = 
Policy evaluation 
+
Policy improvement
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Policy Iteration
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Principle of Optimality
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Model-free Prediction
Temporal Difference (TD)
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Learning : on the fly 
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Temporal Difference TD (0) Algorithm
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Monte Carlo Learning
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Temporal Difference TD (0) Algorithm
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Differences between TD (0) and MC methods and other variants
1. TD can learn from episodes of experiences

2.  TD is model free: No knowledge of MDP required.

3. TD leans by bootstrapping 

4.  TD can learn from incomplete episodes

Learn from experience , under policy 
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Dynamic Programming Backup



Model-free Control
TD control (On-policy SARSA)
TD control ( Off-Policy) Q-learning  
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Model Free Control
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V-function is good for theory development, but policy extraction requires MDP! 
(model knowledge) 

So, we use Q-function , in place of V-function!
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Discrete vs Continuous states
Temporal Difference (TD)
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Discrete Space vs Continuous Space

128Mayank JHA, mayank-shekhar.jha@univ-lorraine.fr



129Mayank JHA, mayank-shekhar.jha@univ-lorraine.fr

Discrete Space vs Continuous Space
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Discrete Space vs Continuous Space
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Discrete Space vs Continuous Space
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Approximating States/Action….using Neural Networks!
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Approximating States/Action….using Neural Networks!
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Function Approximation States/Action….using Neural Networks!

State Value Approximation State-Action Value Approximation State to different Q Values Values
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Function Approximation States/Action….using Neural Networks!

What we want: Close approximations of true functions

Parametrized by weights w 
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State Value Approximation

How to map state, 
weights to value function? 
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State Value Approximation
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State Value Approximation
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Q-Function Approximation Action vector approximation
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Q-Function Approximation Action vector approximation
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Q-Function Approximation Action vector approximation
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Any Non-Linear Function Approximation
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Q-Networks
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Q-Networks
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Q-Networks
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Deep Q-Networks (DQN)
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Deep Q-Networks (DQN)
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Deep Q-Networks (DQN)
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Deep Q-Networks (DQN)
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Deep Q-Networks (DQN)
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Deep Q-Networks (DQN) Algorithm
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Deep Q-Networks (DQN) Algorithm
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Actor Critic Approach to Solve RL using Q-functions
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Neural Networks:  To approximate Value and Control Law 



1 Actor –Critic approach 
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2

Actor –Critic approach 
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Actor –Critic approach 
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4
Actor –Critic approach 
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5

Actor –Critic approach 
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Deep Deterministic Policy Gradient (DDPG)
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Deep Deterministic Policy Gradient (DDPG)
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Basic Steps of DDPG
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Basic Steps of DDPG



JHA Mayank , Email:  mayank-shekhar.jha [at] univ-lorraine.fr
171

Algorithm DDPG  
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