Chapter 1: What is Reinforcement Learning?
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Chapter 2: OpenAl Gym
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A pole is attached by an un-actuated joint to a cart, which
moves along a frictionless track. The system is controlled by

applying a force of +1 or -1 to the cart. The pendulum starts

upright, and the goal is to prevent it from falling over. A reward
of +1 is provided for every timestep that the pole remains
upright. The episode ends when the pole is more than 15
degrees from vertical, or the cart moves more than 2.4 units

from the center.
Episode 0

CartPole-v0 defines "solving™ as getting average reward of 195.0 over 100
consecutive trials.

This environment corresponds to the version of the cart-pole problem
described by Barto, Sutton, and Anderson [Barto83].

CartPole-v0 Evaluations

ALGORITHM EPISODES BEFORE SOLVE SUBMITTED

nltry's algorithm writeup 85.0 11 days ago
mbalunovic's algorithm  writeup 306.0 11 days ago
ruippeixotog's algorithm writeup 933.0 12 days ago

ruippeixotog's algorithm writeup 961.0 13 days ago



algorithm on DoomDefendLine-vO

@ Writeup 5 months ago

Learning performance Episode Total Reward ¥ Episode v

Solved after 205 episodes. Best 100-episode average reward was 18.42 + 0.76.
(DoomDefendLine-v0 is considered "solved” when the agent obtains an average reward of
at least 15.0 over 100 consecutive episodes.)

Episodes to solve Total episodes Soived Time to solve Download Tweet




Chapter 3: Deep Learning with PyTorch
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Chapter 4: The Cross-Entropy Method
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Chapter 5: Tabular Learning and the Bellman Equation
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Chapter 6: Deep Q-Networks
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Chapter 7: DQN Extensions
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Chapter 8: Stocks Trading Using RL
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Chapter 9: Policy Gradients — An Alternative
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Chapter 10: The Actor-Critic Method
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Chapter 11: Asynchronous Advantage Actor-Critic
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Chapter 12: Chatbots Training with RL
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Shmuma

/bot how are you?

rl_bot_ch12

very well, thank you.

Shmuma

{/bot are you going to enslave humanity?

rl_bot_chi12

yes ... i don't know.

Shmuma

{bot are you sure?

rl_bot_ch12
yeah.

Shmuma

/bot why?

rl_bot_chi12
because i want to.




Chapter 13: Web Navigation
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Click on Tab #3.

Luctus dictum ipsum,
obortis morbi justo, non,
eros. Dodor netus aliquam.
Aliquam quisque gquam
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Press the button that correctly
denotes how many sides the
shape has.

3456@

Press the button that correctly
denotes how many sides the
shape has.

3@56?

Press the button that correctly
denates how many sides the
shape has.

@456?

Press the button that correctly
denates how many sides the
shape has.

O
JIBEQE

Press the button that correctly
denates how many sides the
shape has.

@456?

Press the button that correctly
denates how many sides the
shape has.

3@56?
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Chapter 14: Continuous Action Space

I X Bullet Physics ExampleBrowser using OpenGL3+ [btgl] Release build
File  ienw

Explorer

Params

nthetic Camera Depth data

nthetic Camera Seg

camTargetPos=0,00,0,00,0,00, dist=1.00, pitch=-320.00, yaw=0,00 Status: OK
episode_steps reward_100 test_reward test_steps
0.600
400 800
0.400
300 600
200 0.200 400
100 0.00 200
0.00 -0.200 r 1 0.00 |
0.000  4.000M  8.000M  12.00M 0.000  4.000M 8.000M 12.00M 0.000  4.000M 8.000M 12.00M 0.000 4.000M 8.000M 12.00M

[




Actor network

Actions
TTanh

Linear
300 -> actions

T RelU

Linear
400 -> 300

T RelU

Linear
obs -> 400

!

Observations

Critic network

Q-value

)

Linear
300 -> 1

1ReLU

Linear

400 + actions -> 300

ReLU/

Linear

obs -> 400

1

Observations

AN

Actions

episode_steps

1.00e+3
800

600

400

200
0.00

0.000 1.500M  3.000M

ro
[ ——

4.500M

loss_actor

-0.200

-0.600

-1.00

-1.40

0.000

ra -
La =

1.500M  3.000M  4.500M

loss_critic
8.000e-3
6.000e-3
4.000e-3
2.000e-3

0.00

0.000 1.500M 3.000M 4.500M

ro
[ ——




reward_100
4.00
3.00
2.00

1.00

0.000 1.500M  3.000M  4.500M

test_reward

0.000

DEQ

1.500M

3.000M

4.500M

test_steps

0.000 1.500M  3.000M  4.500M

&=

ra
[

1.00e+3
800

episode_steps

ey

loss_actor
0.200
-0.200
-0.600
-1.00

-1.40

0.000 600.0k 1.200M 1.800M

loss_critic

4.00

0.000

600.0k

1.200M

1.800M

0.000 600.0k 1.200M 1.800M

DEX

10.0

6.00

reward_100

//MWM

0.000 600.0k 1.200M 1.800M

=

test_reward test_steps
10.0 600
6.00 400
2.00 200
-2.00 0.00 ‘
0.000 600.0k 1.200M 1.800M 0.000  600.0k 1.200M  1.800M
DEE DEO




Chapter 15: Trust Regions — TRPO, PPO, and ACKTR
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Chapter 16: Black-Box Optimization in RL
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Chapter 17: Beyond Model-Free — Imagination
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Chapter 18: AlphaGo Zero
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Luklusik: won=31, lost=9, draw=e
best_©8088_02500.dat: won=8, lost=8, draw=©
Shmuma: won=6, lost=6, draw=0
best 819 11300.dat: won=2, lost=4, draw=0
best_B815_09280.dat: won=2, lost=4, draw=©
best_ @085 _01980.dat: won=2, lost=6, draw=©
mbilan: won=2, lost=3, draw=80
best @87 _02400.dat: won=1, lost=@, draw=80
Roman8i: won=1, lost=3, draw=0
best_010_05900.dat: won=1, lost=0, draw=0
best 0081 _0@800.dat: won=1, lost=2, draw=0
best_©814 @8600.dat: won=1, lost=08, draw=©
best @04 _01600.dat: won=1, lost=0, draw=©
best_@@89_@5700.dat: won=1, lost=2, draw=0
best 082 00900.dat: won=1, lost=5, draw=0
best_B822_12280.dat: won=1, lost=5, draw=©
best_©861_34100.dat: won=0, lost=2, draw=0
None: won=8, lost=1, draw=80
best @47 22000.dat: won=0, lost=2, draw=80




