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MDP, Bellman Equation
Function Approximation

DON




1. 3getg A X W




212 AlQ] &2 Ak

1. AlphaGo
2. Robot arm manipulation
3. Walking & Running

2 5% 7I= : Deep Reinforcement Learning




XlA! AlQ) 22 Al : AlphaGo

AreEl & 72]% : Policy Gradient with Monte-Carlo Tree Search

https.//www.youtube.com/watch?v=ga7p0GysSlw




Al1A! Al2] 2 Al : Robotic Manipulation

Collective Robot Reinforcement Learning with Distributed Asynchronous Guided Policy Search

https.//www.youtube.com/watch?v=ZBFwe1gFOFU
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https://blog.openai.com/openai-baselines-ppo/

It might
look goofy ...

https://www.youtube.com/watch?v=gn4nRCCOTwQ
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Reinforcement Learning = Reinforcement + Machine Learning
Reinforcement & F-4017}7

Machine Learning & F-4i°17}7
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Machine learning is a field of computer science that gives computers the ability to learn

without being explicitly programmed

g0 - "!"‘Dd—

Machine learning is a field of computer
science that gives computers the
ability to learn without being explicitly
programmed
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Explicit Programming Machine Learning
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Machine Learning®| &
I.  Supervised Learning : Jg°o| 3= Hl|oJg &&
2. Unsupervised Learning : Ho]g] A}A|e] EA s+

3. Reinforcement Learning : EAIC 2 2§ st&
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Reinforcement = S22}
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I. Reinforcement Learning = Reinforcement + Machine Learning
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J3tergo| 1At st= A : Sequential Decision Problem

=A|of Tzt 8 Ad9] @ Markov Decision Process

MDPE& AAIC 2 = HMH : Dynamic Programming

MDPE ¢r& oz = HIH : Reinforcement Learning

AYEfE27to] 231 AFHo] =2 moff A= HH ¢ Function Approximation

HI £t 7H2 EX51 o =4S E+= WY - Deep Reinforcement Learning







2-1. Sequential Decision Problem
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7rsper&o| E31AF o= 24| - Sequential Decision Problem

2R thist £38HA A9l @ Markov Decision Process

MDPE& AAIC 2 = HMH : Dynamic Programming

MDPE ¢r& oz = HIH : Reinforcement Learning

ATEf-g7to] 231 AFHo| =2 o A= ¥ Function Approximation

HI £t 7H2 EX51 o =4S E+= WY - Deep Reinforcement Learning
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Sequential Decision Problem2} MDP O]s}

MDP ZA|E &7| /8t DP(Dynamic Programming)

DP2| FA|et o] slEstr| fI7F otolt|ef (Planning - Learning)

oto|tjoie] L 12|E2t : Q-Learning




Sequential Decision Problem

http://www.chevrolet.co.in/vehicles/cars.html




Sequential Decision Problem
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Sequential Decision Problem

S oA =2 Mel ZHX|SF “Decision Maker!”

an autonomous, goal—-directed entity which observes and acts
upon an environment — £J7|T|Tt|ot

e WS YEote At S E AR FA-F=HA




Sequential Decision Problem
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Markov Decision Process

1. Sequential Decision Problem& £38H80 2 A9
2.  MDP(Markov Decision Process)?| =#+ rewards Z|tljZ}

3. Markov Process - MRP(Markov Reward Process) 2 MDP(Markov Decision Process)

Andrei Andreyevich Markov




2-2. Markov Decision Process
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Markov Decision Process

ARl whet Bist= IRV i AR S oM s Alols TollolRET I itk

https://en.wikipedia.org/wiki/Markov_decision_process
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Markov Decision Process

MDP = {S, 4, R, P, v} 2 RoJ= tuple
MDP2| AL A
o S AH|(state)

e A: 3=(action)

e« R: HA(reward)

Pl A HEIFH S-S (state transition probability)

ik
o

.« y: 1-&-(discount factor)
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# Policy Hteration
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Evaluation Improvement Move




MDP 1: AEl

AYEY : EA] AFERS LERYE A B (observationThe] ZHA))
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MDP 1: AEH

SN - oo EZE IVE Th5 7 AJEISl A

JejEdEo] AEf 1 s = {(1,1),(2,1),(1,2), -+, (5,5)}

. 21n | &N | &1 | 651

R: -1
1,2 | @2 ‘ 4, 2) (5, 2)

R:-1 R:1

1.4 | @249 | G4 | 49 | 549

1.5 | @5 | G5 | @45 | 553)
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MDP 2 : YIS

AoEZL & 4 U= W& AY + A = (%] of=h, &, #}

RFeF A, = & 2f 4 3, DoA (4, D= 277

o Ae] W3} d5 0] uet o=} Stochastic Grid




MDP 2 : YIS

1= = (1) discrete action (2) continuous action

discrete action X

continuous action
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MDP 3: 84t
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e E  JH solM EE oS W T HH S'eE 7 HE

I/
ssr = P[Sty1 = 5'|S¢ = 5,4, = al

model or dynamics of environment
JEHEIZE 2 T model-based
* Dynamic Programming
ATEHRIRI S-S R ETHH | model-free
« Reinforcement Learning
JERRtElE-S SHERITHH @ model-based RL

* Dyna—-Q




MDP 4 : AlEjiZI2tE

P& = P[Siiq = S’|5t =s,4; = a]

Learning
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MDP 5 : 29!

Aol 0of|A 1 Atole] Zk
y € [0,1]
drlje] ARE t2 B2 E kRHE ALt & whe HARO| )| 7]

Vk_lRt+k

# Policy Iteration

1.0

:1.0

Evaluation

Improvement

Move

Clear




Evaluation | Irnprcwernentl Move | Clear

12| =EHE FAolAe] MDP
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: A (Policy)

(als)

3. % 7h| Sefe] A

o oY

. AF =

& = BHCTH) > YA A (explicit) 34

A R HD) > WA (implicit) 74

? Value Iteration — (] pd
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2-3. Bellman Equation
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MDP =Xl £0| L

oter5o0| E11At st= =4l  Sequential Decision Problem
MDP : Sequential Decision Problem®] £&3rA #9]

MDP2| 2 H = A[rjjo] BEAFS vr= 7
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> off el AEalt) % Meo] 7% HAF

DP #A| &°| 3%

Dynamic Programming : @73 ¢f tfet H= JHE

Reinforcement Learning : 2H3 32| 49
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MDP OlI0ITES| WS MEM

ofo|MEQ} 279 At AFL (Value—based)
(1) o] A E} A= T2t

(2) ojw gt 7] ol whet &5 Al

(3) A 0 g HE] HARS HES

*oju el 7| L 7hR9b, ©8E A1) ¢ greedy action selection

(1) ool Ex v Bt aslinint HAbS o ol Zos ¢

(2) 9718 B TefTThE A5 Fae] =T 4 987

o

« Problem 1: sparse reward

« Problem 2: delayed reward




Sparse Reward

UH E]'?:],/_\.E{EU]-E]- E_/E)]'O] L]—Q_x] A E]_D:]?
Ex) HF=

CHEE22| 3L HA0] sparse sHA| oA

THE ULTIMATE GO CHALLENGE
GAME 1 OF 3

23 MAY 2017

AIphaGo Ke Jie

Wlnner of Match 1

RESULT W+0.5

http://www.ibtimes.co.uk/alphago-defeats-worlds-best-go-player-ke-jie-humans-prove-no-match-ai-again-1622960




Deloyed Reward

HE AEiRt 5ol Tttt B2 delay®|ojA] ofolHEAA| FojRiTt
>Z7k2 BARGE TesA AdstE o | WFo] 2L WFoIEA Bt o2l g

1

- “credit assignment problem”
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TV BARE e wief 24

(1) Sparse reward (2) delayed reward

71 Byl ol Alg ATEiRE 5of ikt A7IMel 22

1 1
A7 BAS ofEA Lol & 277
(1) wratgk(Return)

(2) 7}A&<4=(Value function)
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AR oo ES) $HH9| Ao ahg2 ol vhe EANS o]%
« Unbiased estimator : AA| &7 o2 H g gre ZF

 High variance : A7t t o] %o -5 o] B A st=Aofl w2} gho] 24 =3




A B2 3 KL

d

BRI SR sollM ol &= A=ist=Alof het th&

7HRIY e AJH s2RE SR

9
7|9 = AR ] Sl 782 RS Lotory

1 O—




MK 40| N

« Hot 7|f] BFAAl(Bellman expectation equation)?] S =
U (s) = Ex[G¢|S; = 5]
Un(s) = Eq[Res1 + YReqo + - |Sp = 5]
Vr(8) = Ex[Res1 + Y(Reyo + ) |Se = 5]
Un(s) = Eg[Rey1 + VExr(Regz + ) IS¢ = 5]
U ($) = Eq[Riy1 + YER(Gey)IS: = 5]

vn(S) — En'[Rt+1 + yvﬂ(5t+1)|5t — S]
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q"(s,a) = max|qr(s)]

Al (optimal policy)

n*(s) = argmaxgealq*(s,a)]

Greedy policy : 7ts




BIOF X| X4 HIXIA)

[ — N — Ly |

olul ARl | 7px|EHA o} F8tA Alole] THA

T o T

U (S) = En[CIn(S'At)lst = 5]

ARG o ZEAIY et 73R Abole] A
*

v'(s) = max|q”(s, a)|S; = s]

v*(s) = max E[Ri 11 +yv*(Se41)|S: = s]




s,A; = a]

v*(s) = max E[Ryyq + Y07 (St41)1S:

s,A; = a

E[R 1 + Yy max, q°(Se41, a’) |S¢

q (s, a)
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LR RA > A
 Sparse reward & delayed reward
C TS & A
2. Hob 7|l 9PAAl (Bellman Expectation Eqgn.)
* Vp(s) = Ex[Reyq + ¥V (Se4 ISt = s]
* qn(s,a) = ExlRey1 + ¥ qn(Se41, Aer)ISe = 5, Ap = a
3. Hiob x& 8- Al (Bellman Optimality Eqn.)
« v*(s) = mO;LAXE[RHl + yv*(Se41)|S: = 5, A = al

* q°(s,a) = E[Reyq +ymaxy 47 (Se41,0) |Se = 5, A = al
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J3tergo| 1At st= A : Sequential Decision Problem

=A|of Tzt 8 Ad9] @ Markov Decision Process

MDPE AAIC 2 = HFH : Dynamic Programming

MDPE ¢r& oz = HIH : Reinforcement Learning

AYEfE27to] 231 AFHo] =2 moff A= HH ¢ Function Approximation

HI £t 7H2 EX51 o =4S E+= WY - Deep Reinforcement Learning
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DP(Dynamic Programming)
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Dynamic Programming

Iz

OF

= A ot (Kg n2RE AESIA nre F517)

o WAA 7 : Value Iteration

« YAIA 1 1 Policy Iteration

A

r2 “ET‘K-“ ¢ Ty = M4q (1

Ao D
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Rt

I
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a

S L IEN

[teration)

[ & = ¥ Bellman Eq. (7]t or #R)
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Dynamic Programming

QHlo|ES| BF=A Akt
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SE= ol 7R olBE A= T 42| GH|olE

*k

Vg D>V D Vpy D VU3 > >V

lteration =k

lteration = k+1

Vi(S1)

Vk(S2)

Vi (S3)

Vi+1(51)

Vik+1(S2)

Vi+1(S3)




Value |teration

. MDPE /0t meoh v 8 8 2 > 9% 24 P

v*(s) = mC?XE[Rt+1 + YV (Ses)ISe = 5,4 = a]

3. Wgh 2d WPAS B8 FHAIEA S UEoIE > FHXE4Tt 2stel greedy policy 2 Al

RZ + yz: P vy (s’)]

aeA

V+1(S) < max
a




Value |teration

lteration 1% : BE Afefol csh Wt 1% WA B3 el 1

1 O O™

R +y z P .1 vy (S’)]

acA

fors € S, v;441(s) « max
a

| f/ é A A
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Value |teration

- A BgAE SOl 7RI 4 GTlolESHT RSt P& Fotord

= v o

- DP7} model—-based ¢ ©]F : learning®] ©}'d Planning

RZ + yz P 1 vy (s’)]

aceA

Vk+1(5) < max
a

o
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|
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ok
offt

o Zte= A el thsliAl 1, LtoA] 00]2tal 71
o s’ aZfright™ A A=ollA LEZ| Q= AH

Vg +1(S) < m;\x[Rgl + YR (s)]




Grid worldOIA Value Iteration

Vi+1(8) < mle[Rg + Y (s)]

« ‘AP 10409 x0=0

« 8} 10409 x0.5=045
T « " 10409 x1=09

—A—Qo ¢« ‘211409 x0=1

X Vi +1(s) = max[0, 0.45,0.9,1]

V=05 * =1




Vi4+1(S) < mc?x[Rg + Y (s)]

# Value Iteration

00 00 00 00
A

00 00 10 00 00
AG©®

00 10 00 10 00

00 00 10 00 00

n 0.0 0

00 00 00 00
A

00 00 10 09 00
AO©®

00 10 00 10 09

00 09 10 09 00

n 0.0 0

culat licy ear ?

Grid worldOlIA Value Iteration

o
T

:0+4+09 x0=0
:04+09 x1.0=0.9
:—=14+09 x1.0=-0.1
:0+09 xX0=0

Vi+1(s) = max|0,0.9,—0.1, 0]

=09




Grid worldOlIA Value Iteration

Vg +1(S) < mC?X[R? + Yy (sh)]

¢ Value iteration - D X
00 00 00 00 00
0.0 0.0 1.0 00 00
0.0 1.0 0.0 1.0 00
00 00 1.0 00 00
nn nn nn 00 0

Calculate Print Policy Move Clear ?

¢ Value iteration - D X
00 00 00 00 00
0.0 0.0 1.0 09 00
0.0 1.0 0.0 1.0 09
00 09 1.0 09 00
nn nn na 00 0

Calculate Print Policy Move Clear ?

2

¢ Value iteration - D X
00 00 00 0.81 00
0.0 0.0 1.0 09 0.81
0.0 1.0 0.0 1.0 09
081 09 1.0 09 081
nn n a1 na 0.81 0
Calculate Print Policy Move Clear ?

3




Grid worldOlIA Value Iteration

Vg +1(S) < mglx[Rg + Yy (sh)]

¢ value Iteration “ - O X
00 00 07 081 07z
00 00 10 09 081
073 1.0 00 1.0 09
0.81 09 1.0 09 0.81
n 74 n a1 na 0.81 7:
Calculate Print Policy Move Clear T

¢ value Iteration “ - O X
00 06 07 081 07z
06 00 10 09 081
073 1.0 00 1.0 09
0.81 09 1.0 09 0.81
n 74 n a1 na 0.81 7:
Calculate Print Policy Move Clear T

¢ value Iteration - O X
05 06 07 081 07z
06 05 10 09 081
073 1.0 00 1.0 09
0.81 09 1.0 09 0.81
n 74 n a1 na 0.81 7:
Calculate Print Policy Move Clear T

K
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S

6




Grid worldOlIA Value Iteration

sdo] AT} 20| FpK|e4

n*(s) = argmax, e E[RT + yv* (s')]

? Value lteration had — O X
» = o a
¥ 059 06 073 ¥ 0381 ¥ o7°
-
¥ 009 ¥ 081
- «
10 09
1+ 1+
» » - -
081 09 10 09 081
+ * +* T+ +
» » -« -«
n 77 n K1 na 0.81
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Calculate Print Policy Move Clear
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1.  Dynamic Programming

T 2AIE 22 BA R, HHEEE A1 a& A stHA sl
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2-5. Q-Learning




J2es e

J3tergo| 1At st= A : Sequential Decision Problem

=A|of Tzt 8 Ad9] @ Markov Decision Process

MDPE& AAIC 2 = HMH : Dynamic Programming

MDPE &0 2 L= v Reinforcement Learning

AYEfE27to] 231 AFHo] =2 moff A= HH ¢ Function Approximation

HI £t 7H2 EX51 o =4S E+= WY - Deep Reinforcement Learning




DP2} Reinforcement Learning

Dynamic Programming
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Walking, Running

Dynamics ---777? = Reinforcement Learning : Z2Ig0] vi-A}!

https://blog.openai.com/openai-baselines-ppo/




Model-free RL

Reinforcement Learning : ofo|REZ} 241} A AroAk8
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Model-free Learning : samplingS £3f &5




Sampling
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Q-Learning
« Value Iteration®]] sampling= 48
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Q-Learning

1. Value Iteration
« AN R57E FFoleka kT T Afol o] TA A9l Wt HH WA o] &
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q(s,a) =q(s,a) + «a (r + Y max q(s’,a") —q(s, a))
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qg(s,a) = q(s,a) + «a (r +y max q(s’,a’") —q(s, a))




Grid world0lIA12] Q-Learning
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MazelllA2] Q-Learning

@ OpenAl Gym - Maze (maze2d_10x10.npy)
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3-1. Function Approximation




Tabular Solution Methods
2= A 9] Q-function table®] JEj 2 A+
= A 9] Q—-functionS 2T wfjntr} sl ol E
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1.  TD-gammon©| &r453 Sl Backgammon®| 7153t state 4

. 10207H

2. AlphaGoZl &35 HI=9| 7153t state 4

. 102707H
3. Possible Camera image?

4. Robot, Drone = Continuous state space

https://www.cyberoro.com/news/new
s_view.oro?div_no=13&num=521047







Function approximation= £ generalization

ties deets= Agstal A2 &A= Large state space
Large state space : W2 9| 2| AAM, Hlolg TR

otAEl QFo] AHH - Good approximate solution

H|23t state— H|S3F function?] outputS 7FY 721 & Generalization!!

o« OFA AT7HA] W73t statesoll et B o2 AA ZA[of Hi5l generalize & 4= UAS7H

Generalizationg 3}7] €8l Supervised Learning?| 7|8-& 7tAct AXH

 Function Approximation : Target function ©] 13! 71 target function= approximate S}

functionS 27|




J28t& 3} Function approximation

Q-Learning©i|A]
Target function : F&4
W2et Aelso] et Z4 > CFE AlEhSe] 3342 generalize

Approximatest—= 42| parameter

de (S, a) ~ CIn(S' a)




J2I8HS 3t Function approximation

1. Table eS| F

A
or4

S0 S1 S2 S3 Sq
Qo q(so, ao) q(s1, ap) q(s2, ap) q(s3, ap) q(s4, ao)
a q(so, a1) q(sy,aq) q(sz,ay) q(s3, a;) q(sq, aq)
a; q(so, az) q(sy,az) q(s2, az) q(s3, az) q(sq, az)
as q(so, az) q(sy,az) q(s2, az) q(s3, az) q(sq, az)
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Mean square error
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o At dl=9] @2} A2 @ Mean square error

o Q2= A HIH-S AA | gradient descent




Mean square error

T840 ZFS continuous = regression
Fer40] 7F2 QoA 1 Atol7} obd > MSE(Mean square error)

F&4+E AHOlE loss function > Bellman Equationo||A|2] TD errorg ©|&

gradient descent

\ 7- qo(s, a)
MSE
JEl s 0

A2

/ / 2
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“Nr+y max qg(s’,a’)
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Q-Learning with function approximation

TD error9| gradientS Tt} F&42] parameters AH|o|E Starting
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>\ lteration 3
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UPES I} Neural Network

1. Nonlinear function approximation = Neural Network
« Neural Network 9] activation function®] nonlinear
2. Neural NetworkE o83 FokL LA}

 qo(s,a)2] 87} Neural Network 2] parameter

.40,-

Propagation)

3. FELe Aol . "
ARSI
« MSE erroro]l Hi2t gradient : \ /\ /\

!/ !/ 2
Vg (r +yma,1xq9(s ,a') —qg(s, a))

« A4+t gradientE backpropagation




Cartpole2t Neural Network

1. Neural network #+£&

build_model( ) :
model c an e

model.add(Dense(

model.summary ()
model.compile( =Adam( lr= .learning_rate))
model

T T T T T T T
0 100 200 300 400 500 600




3-2. Deep Q-Network




Deep Q-Learning

Deep Reinforcement Learning = Reinforcement Learning + Deep Learning

DQN(2013%)

“Playing Atari with Deep Reinforcement Learning” —Mnih, 2013
« DeepMind®] 2%#7] =&

 Atari game= 2F'HO 2 HE &

3}H-8 high-dimension 2 Deep Learning& A&




DQN2] Wl Xl Key point

Function approximatorz neural networks A2 3L ofo|HET} £86tA] o1l WAL
o] ZAIE siEst ] flsll Al=st5o] YHs N2 > DAN

DQN®| Y| 7IA| E7

CNN

Experience replay

Online learning with Stochastic gradient descent

Target Q-network
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DQN2] Wl Xl Key point

CNN

+ SPHC2RH directZ St o =

Experience replay

« Sample &9 4T HAE 7 > Neural Network®] H94 Q1 sk

« ATt A7]E 7HAl-= memory (FIFO)

Online update with stochastic gradient descent

« 1 2810ttt} replay memory©l| A $&2F mini—batch® Q—function YH|°|E

« HRAH o7 Hol= Q-function®| sl € — greedy policy= W5 A




DQN2] Wl Xl Key point

Q-Learning update
q(s,a) =q(s,a) + a (r +ymaxq(s’,a’) —q(s, a))
a
DQN update : MSE error& backpropagation

MSE error : (r +y I‘r}lé,lX qo-(s',a’) — qg(s, Cl))z

4. Target Q-network

-« 3F7Iottt AAS| network 67 & 62 YH|O|E
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DAN2| Stk

exploration
append sample to replay memory
random sampling, training

target Q-network update




DAN2| Stk

1. exploration
« Jo Fgtpof it € — greedy policy
e £ time-stepo| T2t decay > A 4

» e 1A ARfBiA 0.170A] decay, 0.1 A& /A1 > AEA Y

® o - o

0.55 -0.17 -0.10
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DAN2| St ks

2. append sample to replay memory
.« 9

« ME2 replay memory®l append

O

JAELE ¢ — greedy policyo] Wet AME [s, a, 1, 5’12 AA

« Replay_memory.append(sample)

append_sample(

.memory.append( (

- Replay memory”} tF 2 @ 25 sampleF € s W1 A 22 sample-Z memory©l] 27




DANS| &S

3. random sampling, training

mini batch = random.sample( .memory .batch size)

« Mini—batch 327}) & F&

- MEZHH targetdt® prediction 4k= F-ot7] (3271)
e MSE error: (target — prediction)?
« Target:r+ Y max qg- (s’,a")
« Prediction : qy4(s, a)

« MSE error®]] tj3t gradient backpropagation

4. target Q-network update : ¥ F7|0lt} target Q-networkS A Q-network= AL|o|E
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AR Y= 250IA 1 time-step= 419

S0 2 e ke Aot RS we

Samplingls, a, r, s’ ]2 replay memory©] A%t

Replay memory9j|A] random sampling = mini-batch update

oA =7|ojc} Target network &H|o|E




DANS| HILAr

CNN network
4 images | history
30 no-op

Huber loss
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DANS| MISAFZ

CNN network
ImageE inputl = Hr=

 379] convolution layer(no pooling layer)

build _model( )
model Se H—H+141||
model. af

ﬂddlklﬂ LD{
.add(Flatten())
.add(Dense(

.add{D'ﬂ?;f

.Eummarfkﬁ
model

32 4x4 filters

Fully-connected linear
output layer

256 hidden units
16 8x8 filters

4xB84x84

i G

Stack of 4 previous & o
frames onvolution: ayer

of rectified linear units

Fully-connected layer
Convolutional layer of rectified linear units
of rectified linear units

Network architecture and hyperparameters fixed across all games
[Mnih et al.]
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4. Huber loss

« MSE errorZ7} —13} 1 Afo]¥ =

25

DANS| HILAr

quadratic, TF& 32 linear

20

15 *

Loss
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[ —sE
- | = = = Huber
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24 x7|2} 9l 30 no-op

Historyo| oj2f =& AlE8 (¢ — greedy), € 3f decay

AR 50 = 1 time-step H50lA A1, Tha AE, B4

MZ S &A (h, a, 1, h'), replay memory¢] append

50000 AE ojAt] A replay memoryoA] mini-batch &%

* MSE error : (r + )/rrzlé,lX qo-(s',a’) — qo(s, a))z

10000 AEIOjCt target network LH|o|E
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DQN on Atari
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