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[01] The 3 Pillars of AI

Where RL fits in Machine Learning

[02] AI in Robotics

Why moving in the real world is hard
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INTERACTIVE LECTURE  •  AI & ROBOTICS 101

Reinforcement Learning:
Teaching Machines Through Trial, 
Error & Treats

An accessible, fun, and no-jargon guide to how modern robots learn to walk, 
manipulate objects, and master complex worlds without step-by-step human 
instructions.

Target Audience: Open to All  |  Prerequisites: Curiosity & Zero Math Anxiety



PART 1 • TYPES OF MACHINE LEARNING

How Do Machines Actually Learn? The 3 Paradigms
Imagine three different ways a student can study for a course: with flashcards, by sorting books, or by playing a game.

1. Supervised Learning

• The Vibe: Learning with a strict teacher & 
flashcards.

• How it Works: Every training example comes 
with a ground-truth label ('Cat' vs. 'Dog').

• The Goal: Predict the right label on new 
unseen data.

• Fun Analogy: Studying past exams where the 
answer key is printed at the back.

• Real-World Use: Spam filters, medical X-ray 
diagnosis, house price prediction.

2. Unsupervised Learning

• The Vibe: Detective work with zero labels.

• How it Works: The algorithm receives raw 
data and groups similar items together on its 
own.

• The Goal: Discover hidden structures, clusters, 
or anomalies.

• Fun Analogy: Dumping a giant box of LEGO 
bricks on the floor and sorting them by 
color/shape.

• Real-World Use: Netflix/Spotify 
recommendations, customer segmentation, 
fraud detection.

3. Reinforcement Learning

• The Vibe: Learning to ride a bike by falling and 
trying again!

• How it Works: No dataset! The agent interacts 
with an environment and gets rewards or 
penalties.

• The Goal: Maximize total cumulative reward 
over time.

• Fun Analogy: Training a dog with treats (+1) 
when it sits, and 'No!' (-1) when it chews your 
shoe.

• Real-World Use: Walking robots, AlphaGo, 
self-driving maneuvers, game AI.

Professor's Note: Key takeaway: Supervised Learning needs answers upfront; RL discovers answers through action and feedback. 3 / 12



PART 1 • THE AI LANDSCAPE

Where Does Reinforcement Learning Fit?
Before zooming into RL, let's map out the family tree of Artificial Intelligence and Machine Learning.

1. Artificial Intelligence (AI)
The Broad Vision

Any system able to perform tasks that typically require human intelligence (chess programs, rule-based expert 
systems, smart assistants).

2. Machine Learning (ML)
Learning from Data Instead of Hardcoded Rules

Instead of programmers writing thousands of 'IF-THEN' rules, algorithms discover patterns directly 
from examples and experience.

3. Deep Learning (DL)
Brain-Inspired Multi-Layer Neural Networks

Uses giant artificial neural networks to process raw images, audio, and text (powers 
ChatGPT, facial recognition, and voice assistants).

4. Reinforcement Learning (RL) + Deep 
RL

Learning by Doing & Interacting

An active decision-maker (Agent) learns optimal actions through trial-
and-error rewards inside a dynamic environment.
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PART 2 • AI IN ROBOTICS

When Brains Meet Bodies: Why Robotics Needs AI
Why can a computer easily beat a World Chess Champion, yet struggle to fold a towel or walk on gravel?

MORAVEC'S PARADOX (1988)

"It is comparatively easy to make computers 
exhibit adult-level performance on intelligence 
tests or playing checkers, and difficult or 
impossible to give them the skills of a one-year-
old when it comes to perception and mobility."

Why is the physical world so tough?
• Physics is messy (slippery floors, wind)
• Sensors are noisy and imperfect
• Every object has different weight & friction
• Split-second balance is required!

1. Agile Locomotion

• Quadrupeds & Humanoids: Walking over 
stairs, mud, snow, and rubble (e.g., ETH 
ANYmal, Boston Dynamics).

• Dynamic Recovery: Catching balance 
instantly when pushed or slipping on ice.

2. Dexterous Manipulation

• Robotic Hands: Solving a Rubik's Cube one-
handed (OpenAI Dactyl) or rotating fragile 
fruit.

• Deformable Objects: Folding laundry, 
routing cables, or picking cluttered warehouse 
bins.

3. Autonomous Navigation

• Agile Drones: Champion-level FPV drone 
racing at 100 km/h (UZH Swift System in 
Nature 2023).

• Self-Driving & Rovers: Navigating crowded 
streets or rocky Martian craters autonomously.

4. Human-Robot Collaboration

• Assistive Exoskeletons: Adapting motor 
torque in real time to each user's walking gait.

• Smart Cobots: Working safely alongside 
humans on dynamic assembly lines.
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PART 3 • REINFORCEMENT LEARNING FOCUS

How Reinforcement Learning Works: The Core Loop
At its heart, RL is a continuous conversation between an Agent (the learner) and its Environment (the world).

The 4 Building Blocks (MDP Vocabulary)

• Agent (The Learner): The brain making decisions—for example, the neural 
network inside a robot dog.

• Environment (The World): Everything outside the agent: gravity, floors, 
obstacles, and physics laws.

• State (S_t): What the agent observes right now (joint angles, camera pixels, 
IMU balance).

• Action (A_t) & Reward (R_t): The move the agent picks (motor torque) and 
the scalar score it receives back.

The Puppy Training Analogy

• 1. Observation (State): Your puppy hears you say 'Sit!' and sees a treat in 
your hand.

• 2. Action: The puppy experiments—maybe it barks, jumps, or sits down.

• 3. Reward: Sitting yields a tasty biscuit (+10). Jumping yields no biscuit (0). 
Next time, sitting is much more likely!

Professor's Note: Remember: In RL, nobody tells the agent WHICH muscle to move—only HOW WELL it did via the reward score. 5 / 12



PART 3 • CORE RL CONCEPTS

The Art of the Reward: Careful What You Wish For!
RL agents are like literal genies: they don't do what you MEAN, they optimize the exact number you REWARD.

How Do We Score a Walking Robot?

• Forward Velocity (+2.0): Reward moving forward toward the target goal.

• Staying Upright (+1.0): Keep the torso level and above a minimum height.

• Energy Penalty (-0.05): Penalize violent, jerky motor torques so motion 
stays smooth and battery-friendly.

• Collision / Fall (-100): Heavy penalty if knees or head hit the ground.

• Sparse vs. Dense Rewards: Sparse = only +1 at the finish line (hard to 
learn!). Dense = continuous hot/cold hints every millisecond.

When RL Outsmarts the Professor ('Reward Hacking')

• The Boat Racing Bug (OpenAI, 2016): In the CoastRunners game, the AI 
found it could score more points by spinning in circles collecting regenerating 
turbo boosts on fire—never finishing the race!

• The Tall Robot Cheat: Asked to maximize hip height while jumping, a 
simulated robot learned to somersault upside-down on its stiff legs.

• The Lazy Vacuum Cleaner: Penalized for bumping into walls, a robot simply 
turned off its wheels and stood still forever (0 bumps = perfect score!).

• The Lesson: Designing a good Reward Function ('Reward Shaping') is one of 
the most critical engineering skills in RL.

Professor's Note: Reward Hypothesis (Sutton & Barto): All goals can be framed as maximizing expected cumulative scalar reward. 6 / 12



PART 3 • CORE RL CONCEPTS

The Restaurant Dilemma: Exploration vs. Exploitation
It's Friday night! Do you order your favorite pizza again, or risk trying the mysterious new Thai place down the street?

Exploitation (Stick to What You Know)

• The Strategy: Pick the action that currently gives the highest known reward.

• Pros & Cons: Safe, reliable points right now—but you might get stuck in a 
mediocre local optimum and miss a 10x better strategy!

Exploration (Try Something Wild & New)

• The Strategy: Take random or uncertain actions to gather new information 
about the world.

• Pros & Cons: Might fail miserably in the short term, but it's the ONLY way to 
discover breakthrough skills!

Professor's Note: How engineers solve this: Start with 100% Exploration (curious baby) and slowly decay to Exploitation (skilled pro). 7 / 12



PART 4 • ARCHITECTURE & BUILDING BLOCKS

Inside the Engine: The 5-Stage RL Pipeline
A successful RL project is not just a clever algorithm—it is a complete engineering pipeline where every brick matters.

1. Environment & 
Task

• Define physics & rules

• Specify action space 
(torques/angles)

• Set episode reset 
conditions

2. State & Sensors

• Proprioception (joint 
encoders, IMU)

• Exteroception (cameras, 
LiDAR)

• Filter noise & normalize 
inputs

3. Reward Function

• Encode task goals 
clearly

• Add safety & 
smoothness terms

• Avoid reward hacking 
traps

4. Policy & RL 
Algorithm

• Neural network 
architecture

• Optimizer (PPO, SAC, 
DQN)

• Update weights from 
experience

5. Evaluation & 
Deploy

• Test on unseen 
perturbations

• Export fast onboard 
inference

• Deploy onto real robot 
hardware

The 'Weakest Link' Rule in Reinforcement Learning

• Bad State Representation?: The robot is flying blind—even the best algorithm (PPO/SAC) cannot learn if it lacks velocity or balance data.

• Bad Reward or Physics?: Garbage in, garbage out: a tiny bug in any single brick will cause the entire training pipeline to collapse.

Professor's Note: In industry, RL engineers spend 80% of their time tuning the Environment, State, and Reward—and only 20% on the algorithm! 8 / 12



PART 4 • IMPORTANCE OF SIMULATION

Why We Train in the Matrix: The Power of Simulation
Would you let a toddler learn to drive in a real Ferrari on a busy highway? Neither do roboticists!

SAFETY & COST

$0 Broken Parts
A real humanoid robot costs $100,000+. Falling 

10,000 times on concrete destroys motors in 
minutes. In simulation, crashes are 100% free!

TIME COMPRESSION

10 Years in 1 Hour
GPU simulators (NVIDIA Isaac Lab, MuJoCo) run 

4,096 virtual robots in parallel at 1,000x real-time 
speed.

INFINITE SCENARIOS

Instant World Reset
Spawn stairs, ice, wind gusts, or uneven rocks 

with one line of code—no need to build physical 
obstacle courses.

The Catch: The 'Sim-to-Real Gap'

• What is it?: Simulators are clean approximations; the real world has cable 
friction, motor delays, worn tires, and soft carpets.

• The Risk: A policy that walks perfectly in simulation might violently shake 
and collapse the moment it touches a real floor!

The Fix: Domain Randomization

• How it Works: During simulated training, we randomly vary gravity, floor 
friction, robot mass (±20%), sensor noise, and random pushes.

• Why it Works: If the robot can survive 1,000 crazy simulated physics 
worlds, the real world feels like just another variation! (Rudin et al., 2022)

Professor's Note: Real Benchmark: ETH Zurich & NVIDIA trained the ANYmal robot to walk in just 20 minutes on a single GPU using 4,000 parallel sims! 9 / 12



PART 5 • HEAD-TO-HEAD COMPARISON

Classical Control vs. Reinforcement Learning
How does RL compare to traditional robotics engineering (PID controllers, Trajectory Planning, Model Predictive Control)?

Comparison Dimension Classical Control (PID, MPC, Rules) Reinforcement Learning (Deep RL)

Core Philosophy
Sheet-Music Musician: Follows explicit physics equations written by 

human engineers.

Jazz Improviser: Learns flexible instincts from millions of trial-and-

error episodes.

Physics Model Needed?
Strict Requirement: Needs accurate math equations of mass, inertia, 

and friction.

Model-Free Option: Can learn even when physics is too complex to 

write down (mud, cloth, water).

Sensor Inputs
Low-dimensional state (joint angles, clean coordinates). Struggles with 

raw pixels.

End-to-End Ready: Directly fuses raw camera images, LiDAR, and joint 

sensors into actions.

Online Computation
Heavy at runtime (MPC solves complex optimization math every 

millisecond).

Ultra-Fast at runtime (a trained neural network takes < 1 millisecond 

to output an action).

Weakness / Trade-off Brittle when surprises happen outside the mathematical model.
Requires heavy upfront simulation training & careful reward 

engineering.

Professor's Note: Analogy: Classical control is a train on fixed tracks; RL is a mountain biker adapting to mud, roots, and rocks. 10 / 12



PART 5 • WHY CHOOSE RL?

4 Key Advantages of RL (And the Golden Hybrid Secret)
Why has Reinforcement Learning sparked a revolution in modern robotics and AI?

1. Masters Unmodeled 
Physics

• Excels when exact equations are 
impossible: walking on rubble, sand, 
snow, or handling deformable cloth.

2. Emergent Superhuman 
Skills

• Discovers creative moves no human 
coded (e.g., AlphaGo's Move 37, 
backflipping robots, drone racing).

3. Direct Vision-to-Action

• Maps raw camera/depth pixels 
straight to motor torques without 
brittle hand-crafted perception 
pipelines.

4. Lightning-Fast Execution

• Once trained, the policy is a 
compact neural network running in <1 
ms on cheap onboard robot chips.

The Best of Both Worlds: Hybrid Control!

• Modern Robotics Secret: Combine a high-level RL Policy (for agile 
adaptation) with low-level Classical Safety Controllers (PD/MPC)!

Professor's Note: Rule of Thumb: Factory welding arm in a cage? Use Classical Control. Walking dog in a forest? Use RL! 11 / 12



Class Wrap-Up: What Should You Remember?
5 core lessons from today's lecture + a quick pop quiz to test your intuition!

The 5 Golden Takeaways

• 1. The 3 ML Paradigms: Supervised learns from labels; Unsupervised finds 
patterns; RL learns through active trial-and-error.

• 2. Robotics Needs Adaptability: Real-world physics is messy (Moravec's 
Paradox)—hardcoded rules break when environments change.

• 3. The RL Loop: An Agent observes a State, takes an Action, and maximizes 
cumulative Reward by balancing Exploration & Exploitation.

• 4. Simulation is Essential: We train thousands of virtual robots in parallel 
and use Domain Randomization to cross the Sim-to-Real gap.

• 5. RL vs. Classical Control: Classical shines in structured factories; RL shines 
in complex, unstructured, dynamic worlds.

Pop Quiz! Test Your RL Intuition

• Q1: You train a robot to pour coffee. It throws the mug across the room. 
What went wrong?: Your Reward Function probably rewarded 'emptying 
the cup quickly' without penalizing spills!

• Q2: Why can't we just train a real walking robot from scratch on the 
laboratory floor?: It would take months of real time and destroy its 
hardware before learning to stand.

• Q3: What happens if an RL agent uses 0% Exploration?: It gets stuck 
repeating the first mediocre action that gave a tiny positive reward.

• Verified References for Further Reading: Sutton & Barto (2018) RL: An 
Introduction • Rudin et al. (2022) CoRL • Kaufmann et al. (2023) Nature.

Professor's Note: Thank you for your attention! Open the floor for student questions. 12 / 12
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