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Deep Reinforcement Learning (JRE ik
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At last — a computer program that
can beat a champion Go player PAGE 484

ALL SYSTEMS /l

David Silver

\‘
LS ,‘?\ "‘ “
bt

Deep Reinforcement Learning: Al = RL + DL
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 Textbook: Reinforcement Learning: An Introduction
e http://incompleteideas. net/sutton/book/the-book. html

e Lectures of David Silver

e http://wwwO0. cs. ucl. ac. uk/staff/D. Silver/web/Teaching. html (10
lectures, around 1:30 each)

e http://videolectures. net/r1dm2015 silver reinforcement learning
/ (Deep Reinforcement Learning )
e Lectures of John Schulman
e https://youtu. be/aUrX-rP ss4



s E IR

Observatiog . } Action (#hfE)
State ' - Change the
CIRZED environment

Agent

Reward
CEJh)

<

Environment
(A1)



gﬁ%%‘é;‘l %ﬁ% RHEE K BUTE), Pk

CRCEENE D7)

Observatiog [ Action
State | Change the
environment
Agent

Environment




m

il

?&~A 4

| Actor/Polic ,
Observation . Action
> Ad%1on = .
Function Function
' t output
inpu ( - F\
ObSeMvd't ton )
Used to pick R q
the best cwar
function

| <
Environment




Jdh

o] T H A

Observatiog Action
|

19 10 19
18 18 18
17 17 17
16 16 16 @
15 15 15
14 14 14
13 13 13
12 12 12
n 11 1
10 10 10
9 g g
E] 8 8
7 7 7
5 g | 5
5 | 5
4 4 4
3 3 3
2 2 >
1 1 1
A B ellp E B & H M LmMiN o Pplo & s T A B C

R R S o e R o o SO S DL e T e i e

& B £ BB CF 6 H ¥ KL M:NDB P R 5 F

R W B o o - W



Jdh

A (QEEES/ R ETE DS =N

(GRS

Observatiog Action

:0+ AlphaGo

Reward
reward = 0 in most

. cases '
If win, réeward =
If loss, reward
AlphaGe! | _ﬂ|1

Environment



Next move:
14 3_3 2

" Next move:
14 5_5 »
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e https://www. youtube. com/watch?v=0J1.04]] jocc

H 7)) 25 I

e https://www. youtube. com/watch?v=0xo01Ldx3L5Q

Plas A

e https://www. youtube. com/watch?v=370cT-0AzzM

o Ak FDeepMind4X 5] A N T RE Fl 98 154 F, 2

e http://www. bloomberg. com/news/articles/2016-07-19/google—
cuts—its—giant—electricity—-bill-with—-deepmind—-powered—-ai
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e https://www. youtube. com/watch?v=pbQ4qe8EwLo



f5-f-: Playing Video Game
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f5f-: Playing Video Game

RandomAgent on Spacelnvaders-v0

Gym is a toolkit for developing
and comparing reinforcement

learning algorithms. It supports
teaching agents everything from
walking to playing games like

'Pong or Pinball. i




f5-f-: Playing Video Game

o Wi de 1 y S @ODEI‘IAI Research~ APl~ ChatGPT+~ Safety Company~ Search Login~ Try ChatGPT ,1.
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Start with

observation s Observation s; Observation s3
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observation s; Observation s» Observation s3

This is an

After many Came Over .4
IIIIIIWTHSIIIII» (—%}&%%&)

Obtain reward rr

Action ar




|—a
-
L&

"

|

(b2 57 iy

=
o=

E; .

—a

Cf 3 72

j_LA

FHEIRER, HABEE 5 1R 0 IR
EL AT A £ X R,

7
i e A= AR T

5

t

R
ZREVIE

K
L

NG
N

mEYd =
2 X
1P R
e
IR
K T
RNz S
i B
W R
< KRR 223K

Rl

g Rl

S

s R S

~BH .

= MR A

K
I

= g \mt]
|

@LIVIA LTI S—RK

i

M-I B

N
b

UN e =
r_//muﬁﬂvlm

KL L

=

!
v

iR

Ve

3
o PRI
Fit%

Xl

g, ELEELD K

i ﬁﬁ E ZEjJ 7 .“/.E

Qi AL
HRE ENEEE T NG

E
X

{

/j—\‘\

B, B

o AR,
TG B by




Outline Alpha Go: policy—based +

value—based + model—-based




Policy—based Approach

[Learning an Actor
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Value—based Approach

[Learning a Critic



Critic
e CriticiBft4ale? CriticHASIBIRMINGLERG BEERR, &

B PEAE — Mctor IR, FHActoreHCritichhi, Q-
S S IR T

http://combiboilersleeds. com/picaso/critics/critics—
4. html
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* State value function V™(s)
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V™(s) is large V™(s) is smaller
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Deep Reinforcement
[Learning

Actor—-Critic



Actor—Critic
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Actor—Critic

* Tips

 actor m(s) and critic VT (s) BYZZLEE#E 1L
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D emo oO f A?) C https://www. youtube. com/watch?v=0xo1Ldx3L5Q

e Racing Car (DeepMind)
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Asynchronous

Source of 1mage:

https://medium. com/emergent—
future/simple-reinforcement—
learning—with—tensorflow—part—-8-

asynchronous—actor—critic—agents-—
adc—c88f72abe9f2#. 68x6bna7o9

Policy r(s)
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