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PART 1
Reinforcement Learning

[*B3-Geron] Aurelien Geron, Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow, O'Reilly, 2022.
[*B3-Raschka] Sebastian Raschka, Yuxi Liu, and Vahid Mirjalili, Learning with PyTorch and Scikit-Learn: Develop machine learning and deep 
learning models with Python, Packt Publishing, 2022. 
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Reinforcement Learning (RL)

• RL - “science of decision making” or “the optimal way of making decisions”
• When an infant plays, waves its arms, it has no explicit teacher, but it does have a 

direct sensorimotor connection to its environment. Exercising this connection 
produces a wealth of information about cause and effect, about consequences of 
actions, and about what to do in order to achieve goals.

• RL is centered around the concept of learning by interaction.

• RL - a branch of AI where an agent (typically a software program) gradually 
learns to make decisions intelligently through interaction with its 
environment.

• With RL, the model (also called an agent) interacts with its environment, and 
by doing so generates a sequence of interactions that are together called an 
episode.
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RL essence 

• In RL, we cannot or do not teach an agent, computer, or robot how to 
do things.

• We can only specify what we want the agent to achieve. Then, based 
on the outcome of a particular trial, we can determine rewards 
depending on the agent’s success or failure. 

• This makes RL very attractive for decision making in complex 
environments, especially when the problem-solving task requires a 
series of steps, which are unknown, or hard to explain, or hard to 
define.
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Example Applications

• Autonomous Vehicles

• Robotics

• Financial Trading

• Game Playing

• Precision Healthcare Optimization

• Advanced Natural Language Processing for Diverse Languages

• Resilient Supply Chain Optimization

• Eco-Friendly Smart Grid Management

• Multimodal Learning for Robotic Assistants
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Examples

9See more applications at:
https://kenndanielso.github.io/mlrefined/blog_posts/18_Reinforcement_Learning_Foundations/18_1_Fundamentals_of_reinforcement_learning.html 

Key Idea

10

• An environment which represents the outside world to the agent 

• An agent that takes actions, receives observations from the environment that 
consists of:
• {a Reward for his action, information of his New State} 

• That reward informs the agent of how good or bad was the taken action

• The observation tells him what is his next state in the environment.

• The agent tries to figure out the best actions to take or the optimal way to behave in 
the environment in order to carry out his task in the best possible way.
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Key Idea… a bit more formally

First exposure to some terminology and 
Several central concepts to RL
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Simulated Environments 
Intro to OpenAI Gym
• NOTE: See updated chapter in A.Geron’s book:

• https://github.com/ageron/handson-ml3/blob/main/18_reinforcement_learning.ipynb   

• One of the challenges of RL is that in order to train an agent, you first need to have a 
working environment. 
• If you want to program an agent that will learn to play an Atari game, you will need an Atari game 

simulator. 

• Cannot speed up time either—adding more computing power won’t make the robot 
move any faster—and it’s generally too expensive to train 1,000 robots in parallel

• Training is hard and slow in the real world, so you generally need a simulated 
environment 

• OpenAI Gym is a toolkit that provides a wide variety of simulated environments 
(Atari games, board games, 2D and 3D physical simulations, and so on), that you can 
use to train agents, compare them, or develop new RL algorithms
• https://github.com/openai/gym 
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Gymnasium

Example – CartPole Environment 

14

• Classic control task
• 2D simulation in which a 

cart can be accelerated 
left or right in order to 
balance a pole placed on 
top of it
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Policy search 
A policy, 𝜋, determines the probability of choosing each action, a, while the 
agent is at state s.

Neural Network Policies

• Neural network will take an observation as input, and it will output the 
action to be executed

• More precisely, it will estimate a probability for each action, then we 
will select an action randomly, according to the estimated 
probabilities

• For CartPole environment
• There are just two possible actions (left or right) - only need one output neuron

• It will output the probability p of action 0 (left), and the probability of action 1 
(right) will be (1 – p)

• For example, if it outputs 0.7, then we will pick action 0 with 70% probability, or 
action 1 with 30% probability.
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• You may wonder why we are picking a random 
action based on the probabilities given by the 
neural network, rather than just picking the 
action with the highest score. 

• This approach lets the agent find the right 
balance between exploring new actions and 
exploiting the actions that are known to work 
well.
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Exploration/exploitation dilemma is central in RL

Evaluating Actions: the Credit Assignment Problem
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• To tackle this problem, a common strategy is to evaluate an 
action based on the sum of all the rewards that come after it, 
usually applying a discount factor, γ (gamma), at each step. 

• This sum of discounted rewards is called the action’s Return.

Example –
Return
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Big Map of Reinforcement Learning Methods

21

Policy Gradients Algorithms
Directly try to optimize the policy to increase 
rewards
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How to actually evaluate each action?
• A good action may be followed by several bad actions that cause the pole to fall 

quickly, resulting in the good action getting a low return. 

• However, if we play the game enough times, on average good actions will get a 
higher return than bad ones. 

• We want to estimate how much better or worse an action is, compared to the 
other possible actions, on average. 

• This is called the Action Advantage. 

• For this, we must:
• Run many episodes and 
• Normalize all the action returns, by subtracting the mean and dividing by the standard 

deviation. 

• After that, we can reasonably assume:
• Actions with a negative Advantage were bad while 
• Actions with a positive Advantage were good. 

• This strategy is used by (1) Policy Gradients (PG) Algorithms 
23

Policy Gradients (PG) Algorithms
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Keras 
Implementation

25

PG limitations

• PG does not scale well to larger and more complex tasks 

• It is highly sample inefficient 
• Meaning it needs to explore the game for a very long time before it can 

make significant progress. 

• This is due to the fact that it must run multiple episodes to estimate the 
advantage of each action. 

• However, it is the foundation of more powerful algorithms
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Big Map of Reinforcement Learning Methods

27

Different Class of Algorithms 
Agent learns to estimate the expected return for 
each state, or for each action in each state, then 
it uses this knowledge to decide how to act.

But, first we must talk about: 
(A)→MDPs
(B)→More RL terminology
(C)→Bellman equation
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(A)…and before talking about MDPs, we must talk Markov Chains

29
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Markov Decision Processes (MDPs)
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Markov Decision Processes
• Generally, the type of problems that RL deals with are typically formulated as MDPs. 

• The standard approach for solving MDP problems is by using dynamic programming, but RL 
offers some key advantages over dynamic programming.

• Dynamic programming is not a feasible approach when the number of possible configurations 
is large. In such cases, RL is considered a much more efficient and practical alternative. 

31

MDPs - Mathematical Formulation
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Model-free and Model-based RL

Two main approaches for dealing with this 
problem are:

1. model-free Monte Carlo (MC) and

2. temporal difference (TD) methods

33

Generally: environment has stochastic behavior
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(B) More RL terminology:
•Return
•Policy
• (State-)value function
•Action-value function 

35

The Return
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Policy

37

State-value function (or value function)

38

37

38



20

Action-value function

39

Estimating the value function is an essential component of RL methods. 
There are different ways of calculating and estimating the (state-)value function and 
action-value function.

(C) The Belman Equation
• The Bellman equation is one of the central elements of many RL algorithms. 

• The Bellman equation simplifies the computation of the value function, 
such that rather than summing over multiple time steps, it uses a recursion 
that is similar to the recursion for computing the return.
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RL Algorithms

41

1.Dynamic Programming (DP)
• Problem with using dynamic programming is that it assumes full knowledge of the 

environment dynamics. 

• Because of that it is not very practical; but helpful to introduce more 
advanced/complicated RL algorithms.

• Assumptions:

42

• Objectives:

41

42



22

(i)Policy evaluation – predicting the value function with DP
(This is the prediction task)

43

• Notice here that we do not need to interact with the environment.
• Computed value function can be used to improve the arbitrary policy!

(ii) Improving the policy - using the estimated value function
(This is the control task)

The policy improvement algorithm:
• First, compute the action-value function, 𝑞𝜋(𝑠,a), for each state, s, and action, a, based on 

the computed state value using value function 𝑣𝜋(𝑠)

• Iterate through all the states, and for each state, s, compare the value of the next state, s′, 
that would occur if action a was selected

• Compare the corresponding action with the action selected by the current policy

• If action suggested by current policy (i.e., arg max 𝜋(𝑎|𝑠)) is different than action 
suggested by action-value function (i.e., arg max 𝑞𝜋(s,a)), then update policy by reassigning 
probabilities of actions to match action that gives highest action value, 𝑞𝜋(s,a) 
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• It can be shown that the policy improvement will strictly yield a better policy, 
unless the current policy is already optimal

• This technique is referred to as generalized policy iteration (GPI), which is 
common among many RL methods. 
• GPI used for the MC and TD learning methods.

• For efficiency reasons: Combine the two tasks of policy evaluation and policy 
improvement into a single step:

45

NOTE: Read the section on the optimal State Value (pp. 701, equation 18.1) in 
A.Geron’s book.

Value iteration Algorithm

46
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Q-value iteration Algorithm 

47
NOTE: See this algorithm applied to an example MDP in Geron’s book.  

A Note on Notations

48
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2.Monte Carlo
• Assume we do not have any knowledge about the environment dynamics

• We do not know the state-transition probabilities of the environment

• Instead, we want the agent to learn through interacting with the environment. 

• Using MC methods, the learning process is based on the so-called simulated 
experience

• MC-based RL methods:
• Define an agent class that follows a probabilistic policy, 𝜋, and based on this policy, 

agent takes an action at each step. This results in a simulated episode.

• Generate simulated episodes.

• From these simulated episodes, we compute the average return for each state 
visited (during an episode).

49

(i) State-value function estimation using MC
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Action-value function estimation using MC

• Extend the algorithm for estimating the first-visit MC state-value prediction.

• Compute estimated return for each state-action pair using the action-value function: 
consider visits to each state-action pair (s, a).

• A problem arises: some actions may never be selected → insufficient exploration. 

• Ways to resolve this:

1. Exploratory start - assumes every state-action pair has a non-zero probability at the 
beginning of the episode.

2. The 𝜖-greedy policy

51

(ii) Finding an optimal policy using MC control
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3.Temporal Difference (TD) learning

53

TD learning algorithm
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(i) Value function prediction

55

Return obtained at time step t --> t+1

TD(0) algorithm can be generalized to the so-called n-step TD algorithm

(ii) Two algorithms for TD control: 
a) An on-policy control – value function is updated based on the 

actions from the same policy that the agent is following

b) An off-policy control – value function is updated based on actions 
outside the current policy 

• Like in the case of dynamic programming and MC 
algorithms, use the generalized policy iteration (GPI) for 
policy improvement
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(ii.a) On-policy TD control (SARSA)

57

(ii.b) Off-policy TD control (Q-learning)
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Q-learning algorithm

59

• Q-learning algorithm is called an off-policy algorithm because the 
policy being trained is not necessarily the one used during training. 
After training, the optimal policy corresponds to systematically 
choosing the action with the highest Q-value. 

• In contrast, Policy Gradients (PG) algorithm is an on-policy 
algorithm: it explores the world using the policy being trained. 
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Exploration Policies

61

Approximate Q-learning and 
Deep Q-learning
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Approximate Q-Learning and Deep Q-Learning

• The main problem with Q-learning is that it does not scale well to 
large (or even medium) MDPs with many states and actions.

63

How can we train a DQN?

64
NOTE: See this algorithm implemented for the CartPole environment in the code of Geron’s book.  
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PART 2
Code Time!

Code Time

66

•See demonstration and discussion in class.

•See also links in the “Code Examples” for this 
lecture assignment.
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Conclusion
Takeaways

Reinforcement Learning with a known vs. 
unknown model
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