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Dynamic Programming
a. Policy iteration
b. Value iteration
Monte Carlo method
Temporal-Difference Learning
a. Sarsa
b. Q-learning
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Dynamic Programming

a. Policy iteration

b. Value iteration

Monte Carlo m
Temporal-Diffe
a. Sarsa
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rence Learning

b. Q-learning

A0kl 2y 2

= % e TgI2el3 HigtA AT

DQNZ 0I2¢ 2/2X|Is 4#HOKRRIL TE1I

Model-based

Model-free

Deeplearning
+

RL
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Dynamic Programming
a. Policy iteration

b. Value iteration

Grid world

Monte Carlo method

Temporal-Difference Learning
a. Sarsa

b. Q-learning
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Before Deeplearning

Tabular
A B G D

1 |Program Region Period Viewers

2 Bat Man North Q1 91
3 Bat Man South Q1 87
4 Bat Man West Q1 99
5 Bat Man East Q1 102
6 Ben Ten South Q1 125
7 BenTen West Q1 140
8 BenTen East Q1 107
9 BenTen North Q1 133
10 Bob The Builder West Q1 79
11 |Bob The Builder South Q1 85
12 \Bob The Builder East Q1 91
13 |Bob The Builder North Q1 73
14 |Mr Maker East Q1 49
15 |Mr Maker North Q1 50
16 |Mr Maker West Q1 51
17 'Mr Maker Snnth 01 gQ

After Deeplearning
Image,text,voice...

Il N

O

—




Classic RL + DeeplLearning = |




DQN

Q-learning + CNN -> DQN
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Curiosity-driven Exploration by
Self-supervised Prediction

University of California, Berkeley

ICML 2017



https://2017.icml.cc/

AlsKlz

rir

https://github.com/wonseok jung/KIPS_Reinforcement

Code + Jupyter Notebook F41 + AX|E RS XIS
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Review

Markov Decision Process




Review

Return of Episode

Episode SQt ReturnZ! Reward 2| &

= Rip1+ Repo + Ry + -+

+ R




Review

Discounted Return
Discounted factor1t 2! Reward?2| &

®. @)

Gi = Riy1+vRiqio + ’72Rt+3 + ... = YR+ k41

k=0




Grid World Environment

MDP B2l 5 x 5 Grid world




Grid World Environment

o :
MDPOIAIRI 5 x 5 Grid world Stote

State : 22IE9| ZIE

Actlon -
4—I—> Action: &, of, 2L 2

Reward : ,SX =1

Transition Probability : 1

Discount factor : 0.9

Reward
+1




v (8)

Review

Stote-value function

(PolicyZ [OI= state-value function)

= Ex[G: | Si=s] = IEW|:Z’Yth+k+1
k=0

St=s] , forall s €8




(s, a)

Review

Action Value function
(PolicyZ 2 action-value function)

= IEW[Gt | St=S,At=G,] = ]E'n'[

o0
Z v* Ryt 41

k=0

Si=s,Ai=a




Review

A Fundamental property of value
function

vr(s) = EGt | Si=s]
= Ex[Rt 1 +7Giy1 | Si=s]

_ Z m(als) Z Zp(s’, r|s,a) [7’ + YEAGt41|St41 :3’]]

— Zw(a|s) Zp(s’,ﬂs, a) [r + 'yfv,,r(s')], for all s € 8.

Bellman equation !




Optimal Policy -state

ValueE ZI0HZ !

Optimal state value function

V«(8) = Max Uy (s)




Optimal Policy - state action

ValueE ZI0HZ !

Optimal state-action value function

g« (s,a) = Max g (s,a)




Bellman Optimality equation

Bellman optimality equation v*

- - axX (gr, (S,
0 (s) = max g, (5,0

=max]Em[G’t | St=8, At=CL]
= mg.x]E,r,[RtH +7Gi+1 | St=s,Ar=a]
= mf'XE[RtH + 0« (Se41) | St=s, Ar=a]

= max zp(s', r|s,a)[r + yv.(s)].

/
s',r




Bellman Optimality equation

Bellman optimality equation q*

q*(s, a) = E[Rt+1 + ’YHL%}X Q*(St-l-la 0/) ‘ St =s58,A; = a]

> p(,rs,a) [r +ymaxq.(s',a') |
al

/
s’,r
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Return Episode
M DP Return Epsisode(discount)

Bellman optimal equation <:| BellmanEquation

(L

Bellman Equation H&

State-value function
Action-value function

v

Optimal Policy




Dynamic Programming




£

’_l Agent :
reward
R,
R...

. | Environment

State, Reward, Action

®




£

’_l Agent :

action

Environment ]4—

Transition Probability
CEH ZO{CH

p(s',r| s, a)




Dynamic Programming

Dynamic programming®| Key ideal

Value functionE AFZ20H0{ ECt LI2 Policy

= 2119061 FESHARID HRI4

Ct.




Dynamic programming

V(S) < E,[R,, +7V(S,)]




Grid World Environment

5 x 5 Grid world0ilA Dynamic Programming




Grid World Environment
5% 5 Grid world

1
Cf=_sfafe
g_}.’_‘lﬂ state Stote : 22|E9| 21X

Act{on | IZI_ Action : &, ot ., X1, 2

(12 state Reward : 2T =

Transition Probability : 1

Discount factor : 0.9

Reward
+1




Update Rule

Bellman equation= AtZ20H0{ LGI0IETHCE

Vg+1(8)

Eq[Riy1 + vk (Sts1) |

State!

Z 7(als) ,Zp(s’, rls,a) [’r + ’yvk(s’)]




Optimal Value functions

State Value

= marE[Rip1 +y0.(Sia) | St = s, Ar =

_ mga:Zp(sl, rls,a))r+yv.(s)]

2
Bellman optimality equations &&




q+(s, a)

Optimal Value functions

Action Value

= E[Ri1 + 7772,51,:1:IE[RH1 + Y. (Sii1) | S¢ = s, Ay = al

= Zp(s’, r|s,a)lr +ymazq.(s', a')]

s'r N
Bellman optimality equations =&




Dynamic Programming

XI1™ Value function

State-action Value function

q.(s,a) = E[Ry11 + q,-""rrzg.:vE[Rt+1 + Y0, (Sts1) | St = s, Ap = d

- Zp(sla r I Sy CL) [7“ + Wmaxq*(sl’ CL/)]



Dynamic Programming

Policy |teration
Value lteraotion




Policy iteration

1.PolicyZE [ig} state-valueE HIAMGHKH

2I1X9| Policy=
3218 S

L p.5.

Policy Evaluation

2. £2 PolicyE &1xH

Policy Improvement




Policy iteration- Policy Evaluation

Uk+1(8)

Value update

Update RuleZ AI206t0 Evaluation= THCL,

2.

a

m(a|s) E}D(s r|s, a)[:

Ex[Ris1 + yvk(Sis1) | Si=$]

+

Y (s’ )] |

Policy Transition  Reward

Probability

Next State
estimated value




Policy iteration- Policy Evaluation

PolicyZ [i2t state-valueZ H|AHHKH
1. BE stateE V(s) = 0 22 X%t AIRICH,

2. A stateE Update RuleZ AF2510{ V(s)E GI0IE SHCL,
> n(ale) 3 ple' s [+ yu(s))]

3. MOI0IESHH V(s)el ”4§}E*OI 0HS ZH=0H LOI0IEE =L




Policy iteration- Improvement

PolicyZ [t2} Value function2 HIAMCH 0I1QE= O LI2
PolicyE &1I2IGHAMOICE,

Greedy Policy

m'(s) = argmaxgqr(s,a)
a

argmax E[R;11 + Yvr(St+1) | St=s,Ar=a]

argmax Z p(s’,r|s,a) [7' + YUr (3’)] ;

/
s’',r




Policy iteration- Improvement

Greedy Policy HE

Urr(8) = mgx]E[RHl + YV (St41) | S¢=s, Ay=a]

= | max[>p(s rls, @)+ o ()]
s’ ,r :




Policy iteration

Policy iteration2 Optimal policyE AZIHTHXI

Policy Evaluation2} Policy Improvement

2 U206t

= b "™

Ct.




Grid World Environment

5 x 5 Grid world




Grid World Environment - Policy iteration

5 x 5 Grid world
Goal
State : 22|E°| X2
Actlon
1"”1""’ Action: &, ot, 2, @

Reward:

Transition Probability : 1

Discount factor : 0.9

Goal




Grid World Environment - Policy iteration

Vk

k=0 O (X172

Greed Policy

4

4

¢>

<=

«I_N_I_H{H{.

<T><
.

R

T
R




Grid World Environment - Policy iteration

k=1
Vk Greed Policy

A
- 4_1_.41.41.

R
R




Grid World Environment - Policy iteration

k=2
Vk Greed Policy

A
<

v

<« |« <T><T>
v | v

t

R
A
A
o [




Grid World Environment - Policy iteration

Vk

k=inf

Greed Policy
D D D
TJ“‘W@
T“T“I"r’¢
TT_._.r.¢
L o = —




Policy iteration

AR + IEXY




Dynamic Programming

Policy |teration
Value lteration




Grid World Environment - Value iteraotion

Vk

k=AEI6Has

Greed Policy

D D D
TJ“‘W@

T“T“I"r’¢
TT_._.r.¢
L o = —




Value lterotion

Uk+1(8) max B[Ry 1 + vk (Sit1)|| Si=s, Ar=d

State, Action!
= maxY_p(sr]s,a) |7+ yels)],

/
s',r




Value iteraotion

Al + IEXY
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Model0l SICH2A??

HYUS RN 2D ATERS GHOFSHCL,




Monte Carlo method




Monte Carlo

Monte Carlo method= Dynamic programingXi2
D= HEUE 2D AR ot= 401 Ok
AITI2 HYS 6HH 2HuDF ATZIRS B




Monte Carlo

A2 U 6lH HIRE YHH0| £Z2 =2 environment?l
"*E’IF“O'IE AlITI2 B2 6HH optimal behavior2 01F1|
=2

[




Monte Carlo

Monte Carlo= episode-by-episodeZ UI0IE BHCH

HIIAE2| OIXIZ ABIOIE terminal state TIHXI
TEA 24CI0IE BHCL

Monte Carlo= H¥E 6HH return & sample= 0126104
state-action valueE B=26t0{ GI0IETHCL.




Monte Carlo-GridWorld

ZTHKI 125 Update




Monte Carlo

AlR + IEXY




Temporal-Difference Learning




Temporal-Difference Learning

QoF URISISS (HEE £ U= 0HOICIOTF UCHH 2
NZ TD(temporal-difference) learning & X0ICt.

-Sutton




Temporal-Difference Learning

Monte Carlo + Dynamic programming

Monte Carlo X& @ Q10| HYS E6101 valueE ESX6HH
DPXE ZMX| Xl L0t ZEM=ED valueE estimatedt=XN01 s




Temporal-Difference Learning

Monte CaroloBlA12] G+= totor iEn0iE s -
V(St) < V(St) T o [Rt+1 + ")’V(St+1

BTl statellA] actionS MEHGIHH &2 Reward 2 CH2 Statelll discount factor1t =
state voluee estimoteOHH updateLtCE.

V(o)

I—




TDC| &

1. Monte CarloQ| L&Q! 2Hyo| Qo= oY) RIS AIETHs
2. Dynamic programming0lAl X121 On-line &¥&0ICH,

3. =Xl 1ICHIX] 240k, S U= update Tt SO0 episodeTt
0501 2HLE 22 continue?! modellilAl AF26H1| ECH




TD2| 0+0ICI04

Temporal-Diffrenece Learning0| Sarsat Q-learning®l HFE} 0t0ICI01 1} SIRACH.

Temporal-Diffrenece Learning

On-policy
Sarsa

Off-policy
Q-learning




Temporal-Diffrenece Learning

Sarsa
Q-learning



on-policy

Sarsa

2HE AIZ6l= Sarsa

state-value function CHA! action-value functionS &8

—G)

oK

A;

t+1 St+l

Rt+2@\ Rt+3 6\

. 4 @ . 4
I+2 +3
At+1 U At+2 U At+3




Sarsa

CI2 time step OIM statelt actionE ECt AF2610{ action valueE estimateTHCt.

Q(St, At) + Q(S:, At) + « [Rt+1 + YQ(St+1,

A1) — Q(S:, At)]




Sarsa-pseudo code

Sarsa (on-policy TD control) for estimating Q ~ g.

Algorithm parameters: step size a € (0, 1], small € > 0
Initialize Q(s,a), for all s € 8*,a € A(s), arbitrarily except that Q(terminal,-) =0

Loop for each episode:
Initialize S
Choose A from S using policy derived from @ (e.g., e-greedy)
Loop for each step of episode:
Take action A, observe R, S’
Choose A’ from S’ using policy derived from Q (e.g., e-greedy)
Q(S,4) + Q(S,A) + a[R+1Q(S", 4") — Q(S, 4)]
S+ S, A« A
until S is terminal




Sarsa-pseudo code

CI2 time step OIM statelt actionE ECt AF2610{ action valueE estimateTHCt.

Q(St, At) < Q(St, A¢) + « [Rt+1 + YQ(St+1,lAt+1) — Q(St, At)]




Sarsa-gridworld

SIS

Q(St, A¢) + Q(S:, At) + o [Rt+1 + YQ(St+1, Ar41) — Q(St, At)]




1

Sarsa-gridworld

104

otX| 242 AHIOIES| &1} QLCH.




Sarsa-gridworld

2{H HEMH action-valueE HI0IETHCE
Policy= On-policy




Sarsa
AlSd + A C MO

e O




Temporal-Diffrenece Learning

Sarsa
Q-learning



Q-learning

Q-lerning0I2t2 E2l= off-policy TD control2!ol LTI&01 LXG6H= HITHEIUCEH
-(Watkins, 1989)

Q(St, Ar) + Q(St, Ar) + Ol[Rt+1 + 7 max Q(St+1,a) |— Q(S:, At)]

explorationt exploitationE 20| SHCt.




Q-learning-pseudo code

Q-learning (off-policy TD control) for estimating 7 ~ .,

Algorithm parameters: step size a € (0, 1], small € > 0
Initialize Q(s,a), for all s € 8", a € A(s), arbitrarily except that Q(terminal,-) =0

Loop for each episode:

Initialize S

Loop for each step of episode:
Choose A from S using policy derived from @ (e.g., e-greedy)
Take action A, observe R, S’
Q(S,4) « Q(S,A) + a[R+ ymax, Q(S',a) — Q(S, A)]
S« 9

until S is terminal




qlearning-gridworld

Argmax@

Q(S:, At) < Q(St, Ar) + [Rt+1 + 7 max Q(St+1,a) — Q(S:, At)]




1

Q-learning- gridworld

104

otXl

ore A

L o =

HIOIEL| Z=1} SLCt.




Q-learning- gridworld

i GHEM action-valueE 2HI0IETHC
Policy= Off-policy




Q-learning

AlR + IEXY
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Deeplearning

Simple Neural Network Deep Learning Neural Network

7

R éw\:s‘?

3=
Sy
SOAKISEN N KN
R 7 N S S
SRS SR

i”'.ﬁ'o"(‘).'& - éz 'A‘.§

o~ ‘\\" J .. 4 v oy § ‘\: 2
ﬂ\\'%\\% > //’I o I .
: A AN A g
N~ AAA

@ Input Layer () Hidden Layer @ Output Layer

Deeple

https://goo.gl/images/VA89CC




Deeplearning@ & ol

Classification ] ) Instance
+ Localization

Classification Object Detection

Segmentatlon

CAT, DOG, DUCK CAT, DOG, DUCK

- AN J
Y Y

Single object Multiple objects

AIRIS inputQ2 BH=210] SOl

https://chaosmail.github.io/deeplearning/2016/10/22/intro-to-deep-learning-for-computer-vision/




DeeplearningtReinforcement Learning

Deep Reinforcement Learning

&

Convolution Convglution Fully cgnnecled Fully cgnnect

o | |:1

¢

s Ny
-am om0 i ®:
N VL g

ol  m] \

IEEIEEER EN I B2 1 -)"
OJOJOJOJOJOJOJO 2

https://goo.gl/images/oNu5Gr




Deepmind. DQN

DeeplearningS U2HHS0l 126104, AIEIECH ZeI01E Zol= 23XIsSE

[ S,

uio
oin

Hours of Training

75

Hours

https://www.youtube.com/watch?v=V1eYniJORnk




DQN, Keras(breakout)

Al + 34
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DeeplearningtReinforcement Learning

CIE SHI2'HIME HEZ0] TsSotCH
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22 UN2ISE A20IH2IE, Deeplearning model, hyper parameterS
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Environment

#IH0k2I2 AXI0H

Emulator

212|208 2

Algorithm 1 Deep Q-learning with Experiend]

St WX

Programming Language

Initialize replay memory D to capacity N
Initialize action-value function @ with rand s
for episode = 1, M do
Initialise sequence s; = {1} and prepr|
fort=1,T do
‘With probability € select a random action a;
otherwise select a; = max, Q* (¢(st), a; 0)
Execute action a; in emulator and observe reward 7 and image z;+1
Set s¢41 = S, Gy, Te41 and preprocess dy41 = G(s41)
Store transition (¢, ay, ¢, ¢u41) in D
Sample random minibatch of transitions (¢;, a;, 7, ¢;41) from D

quenced 1 = d(s1)

Sety; = {

i
7+ ymaxe Q(¢5+1,a';0)

for terminal ¢;41
for non-terminal ¢;.1

Perform a gradient descent step on (y; — Q(¢;, a;;))” according to equation 3
end for
end for

Algorithm




Programming Language - Python

- 1: return G

u'.s(.[c’]), }- g reters B

el \nl\)/es ‘W)- ey 1. https://www python org/dawnloads/ = 3.5 version
ST 2, : -Anaconda
3. - TensorFlow

4, https://keras.io/#installation -Keras



https://www.python.org/downloads/
https://www.anaconda.com/download/
https://www.tensorflow.org/install/
https://keras.io/#installation

Emulator -FCUX

/ Emulator \ http://www fceux.com/web/home html

Ubuntu
sudo apt-get update

sudo apt-get install fceux

MAC
https://brew sh/ -homebrew website

Terminal open =) brew install fceux

sudo apt-get install fceux



http://www.fceux.com/web/home.html
https://brew.sh/

OpenAl_Gym

OpenAl_Gym

pip3 install gym

git clone https://github.com/openai/gym.git
cd gym
pip install -e

OpenAl2| GymZ AI26H2! 2Lt & H Leiets A%0] 1HsGICH

o>



https://github.com/openai/gym

OpenAl_Baselines

/ Environment \

Baselines

bt +ps://aithul ! /baseli

pip3 install baselines

git clone https://github.com/openai/baselines.git

cd baselines

pip install -e .



https://github.com/openai/baselines

SuperMario
Philip Paquette

/ Environment \ https://github.com/ppaquette/gym-super-mario
pip3 install gym-pull

import gym

import gym_pull

gym_pull.pull(’ github.com/ppaquette/gym-super-mario")
env = gym.moke('ppaquette/SuperMarioBros-1-1-v0')



https://github.com/ppaquette/gym-super-mario
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‘Q DeepMind

Algorithm \

DEEP Q-NETWORK

/

Algorithm-DQN

Convolution Convolution
v v

Fully connected
v

Fully connected
v
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Stote

State : 22IE9| ZIE

Actlon
A—I—P Action : &} ot, 2}, @

Reward : ,SE =1

Transition Probability : 1

Discount factor : 0.9

Reward
+1




A0 I0IAS| 2+

State

supen State : I

mn“m mms. Action : &, ot , I, @, FE 2201, action?| ZY
| [ | Reward : 228 TXIZIH Reward +1, FIZTHH -1
Transition Probability : 1

Discount factor : Hyper parameter

SAIXIQ! NELO 10| 2o =

rewardS =L
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