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Machine Learning Category

B Supervised Learning

- Input: {(x;, ¥}y
- Output: Mapping function f: x; - y;

B Semi-supervised Learning

- Labels (y) exist for some input x

B Unsupervised Learning

- Input: {(x;, )}y

- Output:

A Typical Convolutional Neural Network (CNN)

Output
Convolution Pooling Convolution Pooling
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Input Image Featured Pooled Featured Pooled Flatten

maps Featured maps maps Featured maps  layer

Feature Maps Fully connected layer

Feature Extraction Classification Probabilistic
distribution

Source: https://blog.lukmaanias.com/2024/12/18/convolutional-
neural-networks-cnn-an-in-depth-exploration/

Output

- Learning “underlying hidden structure” Input Raw Data

» Clustering, Dimensionality Reduction,

- Anomaly/Outlier Detection

Source: https://Imw1119.tistory.com/entry/Machine-Learning-
UnSupervised-Learning%EB%B9%84 %EC%A7 %80%EB%8F%84-
%ED%95%99%EC%8A%B5
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Reinforce Learning

@ Intuition Behind the Images

B Another Approach! Deep Learning
- Framework for learning how to make

sequential decisions

- Learning what actions to take over time Learning from labeled data Learning through interaction

Deep Learning learns from data, Reinforcement Learning learns from interaction.

to achieve the best outcome

. HOW lt WOI‘kS? Sequential decision making Trial and error with reward Deep RL = RL + Neural Networks
- Agent takes an action
- Environment responds with a new state/reward

- Agent updates its behavior based on the feedback

Deep Learning

Bl Deep Reinforce Learning?

- Reinforcement Learning + Neural Networks

- Neural networks are used to handle complex inputs such as images, high-dimensional states, or

continuous control problems.
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Main Differences

Supervised Learning Reinforcement Learning

Teach by example Teach by experience

Learn from labeled examples. Learn from interacting with the
environment and receiving feedback.

Learn from interacting with the
environment and receiving feedback.

B o — —
Environment | OO\ - 4 o .
m‘ SamM‘ 040 ‘ o ¥ o iCEOLH Reward

A A

Representation

E/ncod o Representation - Encoder
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Machine Learning Categories

« Machine Learning (ML) is an extremely complex
area of computer science that unfortunately
cannot be limited to one straightforward definition.

Big Data Visualization
Meaningful Compression
Structure Discovery
Feature Elicitation

Recommender Systems

Dimensionality Reduction Targeting Mackoung

Unsu perVised Learning Clustering Customer Segmentation
Idenity Fraud Detection

Classification Image Classification

=—Supervised Learning s’ Customer Retention
RErcson Diagnostics

Advertising Popularity Prediction
Weather Forecasting

Market Forecasting

Estimating Life Expectancy

Skills Acquisition Population Growth Prediction

Reinforcement Learning | Real-time Decisions

Robot Navigation

Learning Tasks

Image from https://ida : es-of-machine-learning-out-there
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RL Components

Goal
? Observe state
0) )

oV ) Execute action
g’ 1 -_, =

/ s Receive reward

(8 =
Agent (Model)

Neural Net
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Open Problems

Not ease to go real world from simulation!

Simulation World

2ststs =2

Reality Gap
® Sim-to-Real Qap

[ssues 1. How to improve Transfer Learning

[ssues 2. How to improve Simulation
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Problem Formulation

Input: An agent interacts with an environment that provides reward signals.
Result: The agent learns which actions (policy) maximize cumulative reward.

Goal: Learn the best actions (policy)

 Agent |

Reward 17 Design RL? .
State S Objective, State, Action a;

Next State S;, 4 Action, Reward

{ Environment }
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Wait a moment here! (RL vs. Greedy)

Q Explores Options
)
Handles Uncertainty

max, 't

/\ Immediate Reward

Focuses on Present

- L:* Fixed Rules
/i//

\ﬂ No Exploration

,,  Avoids Risk
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Problem Formulation - Example #1

Robot Locomotion

Design RL?
Objective, State,
Action, Reward

Objective: Make the robot move forward.
State: Joint angles and positions of the robot.
Action: Torque applied to the robot joints.

Reward: +1 if the robot moves forward without falling.
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Problem Formulation - Example #2

Atari Games

Design RL?
Objective, State,
Action, Reward

e S ———

—— . ——

Objective: Finish the game with the highest possible score.
State: Raw pixel inputs from the game screen.
Action: Game controls (Left, Right, Up, Down).

Reward: Change in score at each timestep.
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Problem Formulation - Example #3

Go Game (Alpha Go)

Design RL? Y N
Objective, State, B 6% eSieee |
Action, Reward o M= 326 +.

g | | 2B
%’5*&1‘ = Q
| “" 7 e ' ( = ‘ tC )

A
|
‘i B A‘ 2
II T T TOe \’ i

Objective: Win the game.
State: Board configuration (positions of stones in 19 x 19).
Action: Choose where to place the next stone.

Reward: 1 if the game is won, O if lost.
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What is the most import component in RL design?

Design RL?
* Objective
 State

e Action

13

— Important

} Extremely Important
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Reward Design Excercise

ﬁ Goal: Learn actions to

Actions: Up, Left, Right <j O [> maximize cumulated reward!

Policy: Shortest Path, and
Environment: 3 X 4 grid with constraints avoid "Up" around —1

Obstacle -1

Start
Apply Stochastic Model to Environment:
 Up: 80%
*  Left: 10% Reward Design?

* Right: 10%
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Reward Design - Case #1

Reward Design?
Reward: —0.02 for each step

ARSI I
~ -
« e

Green arrow: Risk Avoidance

Policy: Shortest Path, and avoid "Up" around —1
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Reward Design - Case #2

Reward Design?

Reward: —3 for each step

N

st

N

N

N

ﬁ Obstacle »

»

Green arrow: Speed first than Risk Avoidance

Policy: Shortest Path

1b

2ZEQQ 24 g

| =Y w4 | Hongik University




Reward Design - Case #3

Reward Design?

Reward: +0.01 for each step

B

s@ﬂ

-

-

-

+1

@ Obstacle <

-

s

Policy: Longest Path

[N
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Critical Points

Note: Policy shown assumes stochastic transitions

Reward: —0.02 Reward: —3 Reward: +0.01

Slolola] o]y
B e
Olalalal [ s

Policy: Shortest & Safe Path Policy: Shortest Path Policy: Longest Path

LLessons Learned

* Design State (Environment): Important
but usually given from problem

* Design Reward: Extremely Important!!
RL results depend on your own
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Game: Coast Runners

Humman

]

=, e ®®®

Source: https://youtu.be/8ZfPefdt5UU

Finish the boat race quickly
and (preferably) ahead of
other players

19

Source: https://youtu.be/tIOIHko8ySqg

CoastRunners does not directly reward the
player's progression around the course,
instead the player earns higher scores by
hitting targets laid out along the route.

https://openai.com/index/faulty-reward-functions/
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Reward Hacking

Optimizing the reward,
not the intention.

max E z yir,
i z

Al7} L2|7F o| =5t
=57} ofLz}

A 0| B|E"2
JEETE=PS:T

22| HA

« Reward: HX| ZA
- Al HX 252(2
CIAl Ha
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