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Why use reinforcement learning?
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Why use reinforcement learning?
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▪ What is reinforcement learning and why is it useful?

▪ When can/should I use reinforcement learning?

▪ How do I set up and solve a reinforcement learning problem? 

Key takeaways
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▪ Introduction to reinforcement learning

▪ Deep dive: Teach a robot to walk! (with hands-on exercises)

– Defining environments and reward functions

– Creating policies and agents

– Training, testing, and deploying policies

▪ Wrap-Up and Additional Resources

Agenda
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Type of machine learning that trains an agent through trial & error 

interactions with an environment

“AI for decision-making”

What is reinforcement learning?
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Reinforcement learning vs. machine learning
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Reinforcement learning vs. machine learning
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Reinforcement learning vs. machine learning
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Reinforcement learning vs. machine learning
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Reinforcement learning vs. machine learning

Deep Learning

Complex reinforcement learning problems typically need deep neural networks

[Deep Reinforcement Learning]

What about deep learning?
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What can reinforcement learning be used for?

What could you use reinforcement learning for?
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Reinforcement learning works through trial and error, like training a pet.

Fetch!

Let’s try 

this…

Yay!

Here is 

your treat!

AGENT

Reinforcement 

Learning 

Algorithm

Policy

ENVIRONMENT

ACTIONS

REWARD

OBSERVATIONS

Policy update

How does training work?
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POLICY

ENVIRONMENT

ACTIONSOBSERVATIONS

After training, only trained 

policy is needed

How does training work?
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Reinforcement learning workflow

Environment Reward Training DeploymentAgent

▪ Large number of simulations needed

▪ Parallel & GPU computing can speed up training

▪ Select training algorithm

▪ Policy architecture 

▪ Tune hyperparameters

▪ Numerical value that evaluates goodness policy

▪ Reward shaping can be challenging 

▪ Simulation models or real hardware

▪ Virtual models are safer and cheaper

▪ Trained policy is a standalone 

function

Testing

▪ Simulation, SIL, PIL, HIL…
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Reinforcement learning workflow

Environment Reward Training DeploymentTesting

Redesign

Agent
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Reinforcement Learning Toolbox provides

▪ Built-in and custom reinforcement learning algorithms

▪ Seamless integration with Simulink

▪ Visual interactive workflow with Reinforcement Learning Designer

▪ Deploy trained policies to embedded and production systems

▪ Reference examples for getting started

Reinforcement Learning in MATLAB
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▪ Introduction to reinforcement learning

▪ Deep dive: Teach a robot to walk! (with hands-on exercises)

– Defining environments and reward functions

– Creating policies and agents

– Training, testing, and deploying policies

▪ Wrap-Up and Additional Resources

Agenda
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Reinforcement learning workflow

Environment Reward Training DeploymentTestingAgent
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Real vs. simulated environments

☺ Accuracy

 Risk

☺ Training speed

☺ Flexible simulated conditions

☺ Safety

 Model inaccuracies
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Reinforcement learning workflow

Maximize profit

Maximize score

Environment Reward Training DeploymentTestingAgent
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Reward functions

There are no restrictions on creating a reward function. 

They could be

▪ provided at each time step

▪ provided at the end of an episode or after long periods of 

time (sparse rewards)

▪ calculated based on some logic or a function

▪ …

Reward is a function that produces a scalar number that represents the 

“goodness” of an agent being in a particular state and taking a particular action.
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Problems with sparse rewards

With sparse rewards, the goal you want to incentivize comes after a long sequence

of actions

The chance that your agent will randomly stumble on the exact action sequence that produces

the sparse reward is very unlikely.

10 meters
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Reward shaping

You can improve sparse rewards through reward shaping. For example, provide 

smaller intermediate rewards that guide the agent along the right path.

Reward shaping comes with its own set of problems

A poorly shaped reward function might cause your agent to converge on a solution that is not 

ideal, even if that solution produces the most rewards for the agent.
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▪ Unlike a domain-expert, the untrained agent is like a newborn baby

▪ Reward shaping is the perfect opportunity to deliver domain-specific

knowledge to the agent

Reward shaping
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Exercise 1: Defining environments and reward functions

Environment Reward Training DeploymentTestingAgent
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Environment Reward Training DeploymentTestingAgent

Reinforcement learning workflow

Policy Algorithm



29

Representing policies

A policy is a function (mapping) that takes in observations and outputs actions.

It represents the decision-making strategy of the agent.

Tables Neural Networks Polynomials



30

Problems with tables

▪ Large state/action spaces

– Slow to learn the value of each state

– A lot of memory required for storage

– Cannot generalize learning to unvisited states

▪ Continuous state/action spaces
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▪ Deep neural networks have many layers

▪ Data is passed through the network, and the layer parameters 

are updated through training

 

Deep neural networks as policy representations

Observations Actions 

(or action values)
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Types of reinforcement learning algorithms

▪ Value-based

– Indirect policy representation

▪ Learning value function (critic)

▪ Policy is extracted

▪ Policy-based

– Direct policy representation

▪ Learning policy (actor)

▪ No value function needed

▪ Actor-Critic

– Combines above two methods

▪ Learning policy (actor)

▪ Learning value function (critic)
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Exercise 2: Creating policies and agents

Environment Reward Training DeploymentTestingAgent
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Reinforcement learning workflow

Environment Reward Training DeploymentTestingAgent
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Updating policies through learning

▪ Policy (direct or indirect) is a function made up of tunable

parameters

▪ There is a set of parameters that produces the optimal policy

Learning is the process of systematically adjusting parameters of the policy

(e.g. neural network weights)
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Improving training performance

Improve policy robustness and performance 

by randomizing environment…

▪ initial conditions

▪ model parameters

▪ simulation scenarios

▪ objectives (e.g. tracking signals)

▪ sensor outputs

…or modifying reward function
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Reinforcement learning workflow

After training, only trained

policy is needed

Environment Reward Training DeploymentTestingAgent
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Deploying policies

Take trained policies to production with automatic code generation
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Closing the “sim to real” gap

Additional training may be required after deployment due to:

▪ Model inaccuracies

▪ Sensor noise

▪ Environment changes not accounted for in training

Domain randomization may limit the amount of training needed after deployment.
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Exercise 3: Training, testing, and deploying policies

Environment Reward Training DeploymentTestingAgent
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Challenges with end-to-end reinforcement learning

Motor torqueMeasurements Reinforcement  

Learning Agent

▪ Black box controller

▪ Lack of performance 

guarantees

▪ Harder to train
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Alternatives to end-to-end reinforcement learning

Motor torqueMeasurements Reinforcement  

Learning Agent Perception

Planning/Scheduling

Control
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Alternatives to end-to-end reinforcement learning

Perception

Planning/Scheduling 

with

Reinforcement  

Learning

Control

(PID, LQR, MPC, …)

References/

Parameters

Manipulated 

Variables

Easier to train

Avoid critical low-level control

Traditional stability and 

verification methods can be used

Measurements
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▪ Introduction to reinforcement learning

▪ Deep dive: Teach a robot to walk! (with hands-on exercises)

– Defining environments and reward functions

– Creating policies and agents

– Training, testing, and deploying policies

▪ Wrap-Up and Additional Resources

Agenda
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▪ What is reinforcement learning and why is it useful?

▪ When can/should I use reinforcement learning?

▪ How do I set up and solve a reinforcement learning problem? 

Key takeaways
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▪ Decision-making problems:

– Controls, scheduling, resource 

allocation, calibration

▪ Application areas:

– Wireless communications, flight 

controls, robotics, automated 

driving, cybersecurity, ...

Reinforcement learning is used in a variety of applications

Documentation provides reference 

examples to help you get started.

Link to RL reference examples Link to demo

https://www.mathworks.com/help/reinforcement-learning/examples.html?s_tid=CRUX_topnav
mathworks.com/help/sm/ug/humanoid_walker.html?s_tid=srchtitle_support_results_3_humanoid%20robot
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Learn more about reinforcement learning

MATLAB Tech Talk on RL

Ebook: "Guide to Understanding Reinforcement Learning"

Videos and recorded webinars

https://www.mathworks.com/videos/series/reinforcement-learning.html
https://www.mathworks.com/campaigns/offers/reinforcement-learning-with-matlab-ebook.html
https://www.mathworks.com/campaigns/offers/reinforcement-learning-with-matlab-ebook.html
https://www.mathworks.com/videos/search.html?q=&fq%5b%5d=product:RL&page=1
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▪ Free, short course on reinforcement learning 

methods for control problems

▪ Hands-on exercises and short video demonstrations

▪ Learn by working through an example of navigating 

a robot through a warehouse

▪ Topics include:

– Simulating with a pretrained agent

– Defining environments and agents

– Creating neural networks

– Training agents

Link to Reinforcement Learning Onramp

Reinforcement Learning Onramp

https://matlabacademy.mathworks.com/details/reinforcement-learning-onramp/reinforcementlearning
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Topic included in this 1-day training:

▪ Set up environment and rewards

▪ Represent a policy and create agent

▪ Training neural networks

▪ Generate code

See detailed course outline

Training: Reinforcement Learning in MATLAB and 

Simulink

https://www.mathworks.com/learn/training/reinforcement-learning-in-matlab-and-simulink.html
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© 2025 The MathWorks, Inc. MATLAB and Simulink are registered trademarks of The MathWorks, Inc. 

See mathworks.com/trademarks for a list of additional trademarks. Other product or brand names may be 
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Thank you
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