Chapter 1: The Landscape of Reinforcement
Learning
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Chapter 2: Implementing RL Cycle and
OpenAl Gym
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Chapter 3: Solving Problems with Dynamic
Programming
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Chapter 4: Q-Learning and SARSA
Applications
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Chapter 5: Deep Q-Network
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Chapter 6: Learning Stochastic and PG
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Chapter 7: TRPO and PPO Implementation
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Chapter 8: DDPG and TD3 Applications
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Chapter 9: Model-Based RL
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Chapter 10: Imitation Learning with the
DAgger Algorithm
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Chapter 11: Understanding Black-Box
Optimization Algorithms

Population

[64]



Selection

Evaluation

(©)

Crossover

lood) looo) 000)

)
l0oood ) G009
Goooo) oo

[0000d

lood) Goo) l009) \
L 4 00000 l0000d)
A
36008 E looood

[000)
(00000
(00000

00000 (00000
©000d) (0000

Mutation

00000 00000

@000d)

[65]




i

(©0000)

(©@000O0)

>

Mutation

(©0000)

(©0000)

Q)

(0000

(0000

O

Crossover

ﬁ

ﬁ

(e]e]e)ele)

(©0000)]

Ar

(e]e]e)ele)

(©0000)

[66]




/WorkerN\

/ Worker 0

Evaluate
i candidates

NN A

Optimize

‘\

)

/

Candidate Return Batch returns
Candidate Seed Batch seeds

Main Process

[671]




Score

300

200

100

-100

—-200

-300

— ES

0.5M 1.0M 1.5M 2.0M
Number of steps

2.5M

3.0M

3.5M

4.0M

[68]




Chapter 12: Developing the ESBAS
Algorithm
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Chapter 13: Practical Implementation for
Resolving RL Challenges
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