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1. Introduction to Reinforcement Learning (RL)
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Related Seminar
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Introduction to Reinforcement Learning (RL)

«* Definition of RL
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Introduction to Reinforcement Learning (RL)

% CartPole Game
o SICHZ|7F MISIE HEHZ A0 ARHE|H HOXIX| 4= 20| SH! A/
- Benchmark Game: Thgt B} Z7F, ALZXO0|X| 42 s 37t EFot Ee 4ls
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Introduction to Reinforcement Learning (RL)

* RL Components: Agent, State, Action, Reward
e Agent: 1 MSRIESH= FH|0|Xt QI3 K |5 E2|0]0
«  State: SEQZRH BE=J{EO| 2IX|, 7}EQ| £, WITHY |9 2 LY (9| ZIEE HE
«  Action: Z, 2 0|5

*  Reward: Zt timestepOiC} 2FAO 22| Hi= AZIE} gt
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Introduction to Reinforcement Learning (RL)
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Introduction to Reinforcement Learning (RL)

action

Environment

/7

< Definition of value function s | |

S BN QL SN BSS 4361 20| LKL S X FHol= B

KIOPHET} 5 SEH0IA AlXfol0] 78 0| 2t S o= U= Ol +5

Value function

1. State-value function
2. Action-value function
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Introduction to Reinforcement Learning (RL)
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«» State value function & Action value function
o MEH 7tX| S HEH S0 MR £ MEH(S)0IA] Of01MET L BIS 4= Qle =X 242 -6k 8l

EA-
T

© S TIR| S £ A S0l TR S HEHE)0IM SEet ASS FRUS [ 010
X

S S el B
State value function Action value function
Ve (S) ¢(s, )
= E[G|S; = 5]

= En[GlS; = 5,4¢ = a]

E; [Tegq + VT + V203 Tps . |Se = s
w et FVTev2 £V T34 T 1S = 5] = Ep [t + Vi + Va3t 1e4s 1S = 5,4, = al

= Ep [fi41 + Y2 + VT3 ty P14 IS = 5] 5
= Eq [Te41 + V(g2 + V13t Tigs IS = 5,4 = ]
= Ep 141 +VGeialSe = 5]
= Ep [1i41 +VGrialSe = s, A = a]
= E; [1e41 YU (Se4)(S: = 5] "

t+1 A0 EE= reward = immediate reward L> future reward

= Eq [1t41 + ¥ (Sts1, Qe+ )1S: = 5, A = a]

t+#1 A|R0|| EE= reward = immediate reward L future reward
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Introduction to Reinforcement Learning (RL)
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% Model-Based vs Model-Free Algorithm

*  Model-Based: E&f gla=(r") &E MO| EE QRS )S Y1 U= S0 ZN HHMS Sk5dk= 2IE
*  Model-Free: HAF Si4e(r%) ME] FO| 2+g(pa 2 P2 AN £ HAS SEESH | st Y2E
Model-Based Model-Free
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Introduction to Reinforcement Learning (RL)
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% Model-Based vs Model-Free Algorithm
*  Model-Based: 24 8l4(r%) AlEH 0| S22 YT QU= MEI0|M 2K MRS SiEdH= d12|E

*  Model-Free: 2&f (") &E| TO| 2E(p)S 28 = JEUM 2 RS ShEop| et Yu2E

-1 O

Model-Free Of|A] =51 HALS Z|CHSI5H= K& &17| 95t HieH

~ 2 HIKMC, TD) e

J A I \.

1. MC control

2. TD control = SARSA / Q-Leaming
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Introduction to Reinforcement Learning (RL)
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% Temporal Difference (TD)
Monte Carlo?} 71X = HILIAET 26| S= &= MDPUA2H 7FS0lth= efAIS A

SEH 0|7+ 2ol = Hi=Z O ARHS| 19| 71XIE &7t

Vr(Se) = En [Tep1 T YU(Se41)|Se =] — TD: V(sp= V(sp+a*(res 1+ V(ser1)- V(sp)

TD target>"8EX|

V(sp)= V(sp)+a*(ri+yV(s)- V(sp))
episode

- * _
SO - Sl - SZ - SS - S4 _)Termina.te V(Sl)_v(sl)+a (1‘2+]/V(SZ) V(Sl))

V(s2)= V(sp) +a*(r3+yV(s;3)- V(s,))

V(s3)=V(s3)+a*(ry+yV(sy)- V(s3))
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2. Deep Reinforcement Learning
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Deep Reinforcement Learning

< Deep Q-Network(DQN)
*  Google DeepMinddilA| S22 2013H, 201501 NeurlSP2F Natureli] 2EE 2=

*  Deep Neural Network®} Reinforcement LeamingsS Z¢gloll 17t £+F9| =2 Ms= ot 21 Y112|E
| EeEEl]
LETTER
L J

oi:10.1038/nature14236

Playing Atari with Deep Reinforcement Learning

Human-level control through deep reinforcement

L]
Volodymyr Mnih ~ Koray Kavukcuoglu ~ David Silver ~ Alex Graves  Toannis Antonoglou learnmg

Daan Wierstra  Martin Riedmiller Volodymyr Mnih™, Koray Kavukcuoglu'™®, David Silver', mdren Rusu, Joel Veness', Marc G. Bel]emare Al Graves',
‘»lartmkledmlller Andrezs K. Ild]eland' (Je::rg Ostrovskd, ‘mg,l’etersen (harlesﬂeane Amir Sadik' oannis \m(:nngk:u

Helen l\mg Dharshan Kumaran', Daan Wierstr, Shane Legg' & Demis Hassabs

DeepMind Technologies
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Deep Reinforcement Learning

< Deep Q-Network(DQN)
«  71E9| Q-Leamning: 2= AEHQ}L HS0]| 25t Q-value functionS At GHOLS!

*  Deep Q-Leamning: Deep Neural NetworkE Q-Leamingt Z2totH 7[Z Q-Leaming2| aHA 7HM

7|Z2| Q-Leaming

QGo,a0) | Qo) | Qso,a2) | Qlso,a3)

All State St Qs ap) | Qsra) | Qbra) | Qlsy, )

. Q(St’ a’t)
All Action a; s, a) | Qza) | Qsziar) | Qlszap)

Qs a0) | sz, a) | Qs a) | Qlss, a3)
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Deep Reinforcement Learning

< Deep Q-Network(DQON)
71Z2| Q-Leaming: 2= EH2} S| 2ot Q-value functionS 7t SHOFR!

Deep Q-Leaming: Deep Neural NetworkE Q-Leamingt 26l 7|& Q-Learning2| oA 7HM

7|Z2| Q-Leaming

Q(So,ao) Q(S()yat)

S ki
All Action a, t Gt

Qlso, a0) Qlsg, @)

SEiREAUE S0] AHE 5 T2 U227t EQ6tI AlZI0| 22l Zel= oA EX)
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Deep Reinforcement Learning

< Deep Q-Network(DQN)
*  7|Z2| Q-Leamning: B= HEH2} S0 25t Q-value functionS Al ohoFet
*  Deep Q-Leamning: Deep Neural NetworkE Q-Leamingt Z2totH 7[Z Q-Leaming2| aHA 7HM

Deep Q-Leaming

All State s,

(st,
All Action a, s, ar)

S Ao} M0 25t Q-valueS ALK 72 TRt 812
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Deep Reinforcement Learning

Target: r + yrr;,axQ(s',a';Q)
< Deep Q—-Network(DQN, 2013)

«  Taget &2 7 M SUSHHERT AL

loss: (r + ymaxQ(s, a';6) — Q(s, a; ))*

v' gradient descent [II2fA] IEO|E(7H ZELX|Y | THZ0]| St YIHS Z0T target 20| EEFE = US > sla =228
input feature vector Q-value
63 | x}
2 o
CNN —>
6 L
22 | Off
32 | X
42 L
CNN — — —
O
52 T
62 | OF2H
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Deep Reinforcement Learning

Target: r + yrr;,axQ(s',a';Q)
< Deep Q—-Network(DQN, 2013)

«  Taget &2 7 M SUSHHERT AL

loss: (r + ymaxQ(s, a';6) — Q(s, a; ))*

v gradient descent [C2tA] T2H0|E{7F S2tX|7| IR0 SUGH QIS L0 E target 240| 22t 4= AUS > Sk EQ1EM
input feature vector Q-value

63 x|
2 2

CNN — —_— —_—
6 L
22 | OF2f

Gradient descent loss

32 %}
42 L

CNN —> —_— —_—

@)

52 | T
62 |O2H
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Deep Reinforcement Learning

Target: r + yrr;,axQ(s',a';H)
< Deep Q—-Network(DQN, 2013)

loss: (r + ymaxQ(s, a;6) — Qls , a; 0))*
¢ Target S TE M SUSHHEYT A '

v' gradient descent [II2fA] IEO|E(7H ZELX|Y | THZ0]| St YIHS Z0T target 20| EEFE = US > sla =228
input feature vector Q-value
12 | X}
22 | 2
O
32 T
42 | Of2H
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Deep Reinforcement Learning

Target: r + ymaxQ(s ,a;6")

< Deep Q—-Network(DQN, 2015) s (4 yma),(Q(S,, 06 a0
«  DON2| SHAIE 7141517 | foH target networkE F7Fat a

v X80 =73kt online network?t S5t parameterS 7 F

v YU cstep OICf gradient descent= H|0|E St online network®| parameter= H|0[E

input feature vector Q-value
EEEEECEE 63 %}
2 | o
CNN —>  ——  ——
6 L
— 22 | OF2f
A S online network
12 | %}
22 | R
CNN — — — o
32 | T
42 | Of2H
CHs Al target network
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Deep Reinforcement Learning

Target: r + ymaxQ(s ,a;6")

% Deep Q—-Network(DQN, 2015) oss: -+ ymaxQls, :67) — Qs , 3 07

«  DQNS| StAHIZ 7114517 | IoH target networkE F7 ket
v X20|| x7|3f5t online network®t St parameterS 7

v YU cstep OICf gradient descent= H|0|E St online network®| parameter= H|0[E

input feature vector Q-value
EEETECEE 63 %}
2 o
CNN —>
6 L
| 22 OfaH
SIXH ALEH online network
Gradient descent loss
12 | X}
22 | R
freeze > - freeze — o
32 | ¥
42 | Of2H
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Deep Reinforcement Learning

Target: r + ymaxQ(s ,a;6")

% D _
eep Q—-Network(DQN, 2015) s (- OS2 57) Qo 210
«  DON2| SHAIE 7141517 | foH target networkE F7Fat 2

v X80 =73kt online network?t S5t parameterS 7 F

v YU cstep OICf gradient descent= H|0|E St online network®| parameter= H|0[E

input feature vector Q-value
[ =a2 ] 63 x|
2 o
CNN —>
6 L
. . 22 Of2f
SIXH ALEH online network
12 | A}
22 | R
CNN —>  —_  —_
32 ¢
42 | Of2H
CHS ALEH target network
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Deep Reinforcement Learning

< Deep Q-Network(DQN, 2015) overall framework

i = ez{lealerJSZ}

Store transition - €=1s1,a1,72,52} -
e:{So,ao,rl,Sl} Random —_—) ee__é:;OlZO:thil}j
e={s;, a1, 5} e={s,,a,, 13,53} Sampllng “1°2,92,73,°3
P 6={So,a0,r1,sl}

[
»

e={s0, ap, 71,51}
e={s4,a4,7s, S5}
e={ss, as, 76, Se}

Y

--------- loss: (r + ymaxQ(s; a0~ ) — Q(5, 46 ))?

Replay Buffer online network (8) target network (67)
every c step
. 6 =0
envionment < ) == CNN > CNN

action !
Gradient i l l
Descent |
Update |  Action — value: Q(s,a0) Targetvalue: r + ymaxQ(s’, a";607)
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Deep Reinforcement Learning
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< Deep Reinforcement Learning with Double Q-Learming (DDQN)
*  Google DeepMindiiA] H-34CH, 20151 AAAIOM RHE AH=E
«  7|1=DON| target 710] £ XZ10||M overestimateEICH= 24| 24l
v Target valueE FEE [ Q-functionS AFESH=L|, 0| 214 max operator= 215K overestimate EICH T &

v" Overestimation X[x{|7} Z|E k&= HEH0| 24X H

oo
o

Ozl

O

Proceedings of the Thirtieth AAAI Conference on Artificial Intelligence (AAAT-16)

Deep Reinforcement Learning with Double Q-Learning

Hado van Hasselt , Arthur Guez, and David Silver
Google DeepMind
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Deep Reinforcement Learning

< Double Deep Q—-Network(DDQN, 2015)
«  7|Z=DONOA max SIAXIE AFR3H target 242 oIS I overestimation =Ki| SAY

v Target 22 FHE M max K= Q-network? Z01710F & target2 £1& 2L IH| 561 &

DQN

Yo =Tt WW_)

Target NetworkOllA| Ct2 &EH0| Chot sS MEie! T} AiE 7HK|E FEe [ 242 I E Al
=» Overoptimistic value estimate
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Deep Reinforcement Learning

< Double Deep Q—-Network(DDQN, 2015)

o 2U2|E ZHO|A target value FHAI0| max operator? | Ol argmax operatorE A2 - overestimation 7H4

0|

+  DDONOIME target valueE FHE I WSS MEtci T lok= A= 22IAA
v Online network(0)2 AK23H Q-valueE Z|CHaloH= SisS MEH

v Target network(0~ )Z A2dH target valueWiM AKZSH= Q-value &4
DQN

y, - =1, +ymax, Q(s’,a";07)

J'?DQN =1, +yQ(s’, argmax,Q(s’,a’;0);0")
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Deep Reinforcement Learning
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% Dueling Network Architectures for Deep Reinforcement Learmning
*  Google DeepMind0f|A] H=HCMH, 20153 ICMLOIM 2HSH IS
«  7|1=DON2 HELINHAM SHt2| estimatorE S 7H2| estimatorZ £2|5t 70| EA
v Ztestimator= AEH 71| @4(state-value function)2} ATHOY| 2iEXQ1 0|5 &advantage function)2 £

v' Advantage function (A(s,a)): Z=O1Z! HEHOIM £ 3

0°:'

0| LIE WS Lot H E2 X| 203 e

Dueling Network Architectures for Deep Reinforcement Learning

Ziyu Wang ZIYU@GOOGLE.COM
Tom Schaul SCHAUL@ GOOGLE.COM
Matteo Hessel MTTHSS @ GOOGLE.COM
Hado van Hasselt HADO@ GOOGLE.COM
Marc Lanctot LANCTOT@ GOOGLE.COM
Nando de Freitas NANDODEFREITAS @ GOOGLE.COM

Google DeepMind, London, UK
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Deep Reinforcement Learning
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% Dueling Network Architectures for Deep Reinforcement Leamning
« = Z50|A Dueling Network®| O|HS AHol7 | flot MO = Atari®| Enduro HIS &t

v RIS ELRE SEO0IH 23 Tt AlE 71| EIH Ha/HA0[ 1 Xt = 20| 251613 Ha/Hd0l=s S7F S0E= AHlY

=)

(s uRuRule 5.
("N E-NE-y]
A <
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Deep Reinforcement Learning
% Dueling Network Architectures for Deep Reinforcement Learmning
o i 7HX] g2t O|% &0f| 2ot saliency maps &&610] Dueling Network®| OIS Aot A&
. [OIMET} HEHDIC WSS SHEHAM FHok= Q-valueE SFS0IK| EH2T O MEWZ| 7HX| U=K| 2RI 7ts
v 71E0E £ EEI0IM 2= &S0 Tigt Q-valueS FEotHA £X FrS BAGHOF &
ADVANTAGE VALUE ADVANTAGE

s TASION

I |
e ASioN
HYof| o201 = &2 HYO| Hoh=0| U= o2
Dlof, AlEfoL HE & 5 Ol SHIZHE FHE Q-valuell] PAEQ| HEtS FLHM SHiE Q-value /X S TAMSH=G Yl
Dueling Network= HME H7 k= SO10f| SHIE WSS O HEA &gt = US
Data Mining _
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Deep Reinforcement Learning
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Dueling Network Architectures for Deep Reinforcement Learning

DDQNOIAQ] target value FH5k= Sk WHS AL
CNNZ2 1ol LI2 EX HIEE two streams Sol 212t A 71X| §l4=2t 0|5 &2 -5t

EMOR FHE £ US SISIORIM 2 S JHADE0| Q-value £

Fully Connected Layer Fully Connected Layer
[ | [ g

State value function

V(s;6,B)

NIHO 345 4
— 2k50| Q-value . N

7

N7HS| S ==
2r=Z2| Q-value

Advantage function

Convolutional Layer Convolutional Layer

- # of action
A(s,a;0,a)

Single Stream Q-Network Two Stream Dueling Network
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Deep Reinforcement Learning
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% Dueling Network Architectures for Deep Reinforcement Leamning
«  DDQNOfIAMC] target value FHoH= Sk HHHS AR
«  CNNZ Suolf L2 E2 HIKE two stream= Solf 212} e 71X| &4t 0|5 S8 S-S

« HEZXORD FHE TS BRI 2t HE HHA0IZO| Q-value

Q(s,a3;0,0,8) =V(s;0,8) + A(s,2,0,0)
1. Q(s,a;6,a,p)= AX Q0| CHSH DH7H Hps) =l -K|
2. V(s;0,p) E=A(s,a,0,a)7 E2 &2|X01 FHXIZE HI-&;&HZ}E MChol= A2 &=

3. QUM VQIAS Zizt 215t 4 ¢l

Unidentifiable & As 5122 Q&
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Deep Reinforcement Learning
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% Dueling Network Architectures for Deep Reinforcement Leamning

*  Ol={8t unidentifiable EHIS 7101/ | I8t 7 [=HS Plet & 271K KA > 0|5 &+2| 271X &= ALE

®@ A(s,a) =0

if,Q"(s,a)0| 71 2 A2 Efiéb:l_ SH=0tS MEHS|= Z2H = Deterministic Policy

a* = argmax,c,Q(s,a")

@ Equns[A™(s,a)] =0

Q™(s,a) =V™(s) + A™(s,a) +— 2t 2uxts6k= 24 Q

V() = Eqn(s)[Q7 (5, @)] <+ A 71X B0 5 7% 314:0| 20}

V™(s) = Ea~1t(s) [Q"(s,a)] == V(s) = Q(s, a,)

R

Eq n(s) [Q"(s,a)] = Eq n(s) [VE(s)] + Eq n(s) [A™(s,a)]
Ea~1t(s) [Q"(s,a)] = Ea~1t(s) [V*(s) + A" (s, a)]

Ea~1t(s) [Q"(s,a)] = V™(s) + Ea~1t(s) [An(s' a)]
VE(s) =V™(s) + Eqn(s)[A" (s, a)]
EqnslA™(s,)] =0

Q™(s,a) =V™(s) + A™(s,a)

Q(s,a’) = V(s) = A(s,a’)
A(s,a’)=0

Data Mining
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Deep Reinforcement Learning
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% Dueling Network Architectures for Deep Reinforcement Leamning

OII

*  Ol={8t unidentifiable EHIS 7101/ | I8t 7 [=HS Plet & 271K KA > 0|5 &+2| 271X &= ALE

r

@ Ea~1t(s) [An(s’ a)] =0 @ A(s, a*) =0

Q(s,a;0,a,B) =V(s;0,B8) + A(s,a;0,a) Q(s,a;0,a,B) =V(s;0,B8) + A(s,a;0,a)

i |

(saBa,B)—V(sH,B)+(A(sa9a)——ZA(sa 0,a))

il Q(s,a;0,a,8) =V(s;6,p) + (A(s,a; 6,) — maxyg A|A(s, a’;0,a))

= 0 (Optimal action a* AEHSHS IIH)

A(s,a;0, )7} o= Of2t0|E{st E| 0 U7 | I 20i| Advantage function2] HEIE MELE HY
=> Unidentifiable 2| 5HZ
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Deep Reinforcement Learning
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% Prioritized Experience Replay (PER, 2016)
*  Google DeepMind0iiA] H+134CH, 20164 ICLROA ZHSHIHEE

oSt
N2
o

o7& YHEN A= Replay Bufferd] H231H transitionS random sampling £13

v ZQ%Hransition0| L BIHSHH| FZ2E|TS Zt transitiondl| S22 0 > O g4

0]
o>

Published as a conference paper at ICLR 2016

PRIORITIZED EXPERIENCE REPLAY

Tom Schaul, John Quan, Ioannis Antonoglou and David Silver
Google DeepMind
{schaul, johnquan, icannisa,davidsilver}@google.com
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Deep Reinforcement Learning

% Prioritized Experience Replay (PER, 2016)
*  Deep Q-Network®| ZH= Deep Neural Network” | Z[& Q-function0il ZAlot= A

- Target NetworkOf|A| =& target 21 Online NetworkOf|A £E2! Q-value 710l X[0|7} 00| £=Hot==

e=1{sy,ay,73,54}

H e=1s , 01,72, 52} .
Store transition <= faverrzazl | Random > | =lso.a0m i)
e [SIJH'IJTQJSZ} E_{Sz,ﬂ’z ,T’3,S'3} Sa I ng e_{sz.azx?‘&sz}
» . & {Sﬂxaﬂx?‘l!‘gl}

e={sq, ag, 11,51}
e={s4, a4, T5, S5}
e=155, A5, T S}

Replay Buffer online network (8) target network (67)
every ¢ step
: ) 97=0
envionment < , T CNN > CNN
action
Gradient l l
Descent ! _ _ . ' ol g
Update | Action-value: Qs , a; 8) Target value:r + yQs”, argmax, Q(s',a":6),87)

loss:(r +yQ(s’, argmax, Q(s’,a";6); 67)— Q(s, 4:6))*
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% Prioritized Experience Replay (PER, 2016)
*  Deep Q-Network®| ZH= Deep Neural Network” | Z[& Q-function0il ZAlot= A

- Target NetworkOllA] &2 target 241t Online NetworkOlIAM FEE Q—-value 7101 X10|7t 00| +=Ei6t==

e=1sy, a3, 15,55}

H e=1s , 01,72, 52} .
Store transition <= faverrzazl | Random > | =lso.a0m i)
e [SIJH'IJTQJSZ} E_{Sz,ﬂ’z ,T’3,S'3} Sa I ng e_{sz.azx?‘&sz}
» . & {Sﬂxaﬂx?‘l!‘gl}

e={sq, ag, 11,51}
e={s4, a4, T5, S5}
e={sz5, Az, 1 56}

Replay Buffer

Replay Buffers A4S M| &H
1. ot S50 ARZSHE H|O|E AR 7t - Data Efficiency
2. 2HI0|EY AFREl= HI0|E] 710f| comelation0] Z05 = varance 2=

SEAQ| MICHE Otel= 7427 =X
> = H0|E{7} TD emorZt AL RIS £ Q)2
S [|0|E{7} task@} 20| QAL QS A 012

TD error7| 2 transitiontf] 24 &=2I5 F0{ol0] O X5 Sf50l AL == o}/ | ot U XA
=> Prioritizing with TD error
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% Prioritized Experience Replay (PER, 2016)
*  Prioritizing with TD error: TD 0f|217} 2 transition= replay buffer22E SMHO = M=2I5k=
v O-eaming 2IHI0|E I3 AJ, TD Of2{0fl HIHISIEE EI0IE
v UEZEITD U347t Y= MER transition] ZSL maximal priorityS X235l H|22|0f| XY

*  SX|ZE olid WE=2 3 71X =X+ EXH

ol

1. HI 2 TD o[4ZE X|H transitionS 7| $IoH replay buffer LH0I 2= transitionS FIXIFHA] SAliSH= HIRE2H| &

MEZ E transition0|Zt TD eror/t HI0|E ZIRY=)=H| O] M HF2 TD 0f|24Z X[ transition2 L34S0 AIZE[X| 25 = U2
2. LO|=0j oIzt
3. TD 0|27} &2 transitionZ XIZ= MZE E|H 5| YEE02F ES5H= 2A| 2 > overfittingO| HIE! =~

O

E||
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% Prioritized Experience Replay (PER, 2016)
*  Prioritizing with TD error: TD 0f|247} 2 transitionS replay buffer22E QMX O Z MEaISH= diH
v Q-leaming HELIO|E T4 A, TD 0f|2{0f| H|ZH[ot== HEI0|E
v BTITD 0247} Si= M=Z2 transition2] 2L maximal priorityS &&5H M2 2|0 Z4xH
X2t oiF WH2 3 7HK| ZH[7H EXH

1. HI 2 TD o[4ZE X|H transitionS 7| $IoH replay buffer LH0I 2= transitionS FIXIFHA] SAliSH= HIRE2H| &
MEZ E transition0|Zt TD eror/t HI0|E ZIRY=)=H| O] M HF2 TD 0f|24Z X[ transition2 L34S0 AIZE[X| 25 = U2

2. O|=of oIzt

3. TDO=7} Z2 transitionTt A= ST E|H So| ZEE02 ESok= ZH| T > overfitting0f #JE = AS

Stochastic Prioritization
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% Prioritized Experience Replay (PER, 2016)

»  Stochastic Prioritization: &3 7|80 2 M £2|1E E0jol= ME2I5

HtH
Oo=2o =

o

Fl'l:
Fl'l:

v" Pure greed Prioritization2} Uniform Random Sampling= E7Fot it

}JE a?t 00f| 7P7I2H Uniform Random Sampling
i - Prioritization Z'= X&slZ= M2 HI|E
Z a

k Pk

(2 rank-based prioritization

P@) =

=]
2=

(@) Proportional prioritization

pi=|6i|+e€

TD emor T

TD error?t 0 [ 00| E[X| 23H| shFr= 22 o=

1

pi=rank(i)

Replay buffer LHO{| TD emor0i| (2t & S I 2¢ transition] &%

g\

OIlAl) OflAl)

Po=12, p1=10, p,=2 TD=12, TD,=10, TD,=2

PO=., P1)=,, PQ)=— Po=1, P2=2, p=3

3

PO)=, P(1)=, PQ)=
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% Prioritized Experience Replay (PER, 2016)

+  71Z DONOjIAM= Uniform Sampling(Random Sampling)2 &3l expectation0l LHSF Uniform Distribution 22
- Correlation &5t

«  SIX|2t, Stochastic Prioritization A2 HSISIE|0] QUX| 27| IHZ0| bias A

- Importance Sampling weights =7t - Prioritizedd | &XA2F UniformS [ME| SHE

Uniform Probability

wi=(H ]2
1 AN/IPG)
Non Uniform Probability

l

10| 717t2 £=5 Uniform distribution 2= 242 Z|CiSH 1

v

= =x0lM= BE =7 R0IM 171X L= ST &

ook
>t
02
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% Deep Reinforcement Learning

*  Deep Q-Network (DON)

v 7| Q-Leaming?| AIES Deep Neural Network®| =IO 2 7HjAi5t
v 2013E=0lAlE T Q-NetworkS AK25101 gradient descent0l] [H2tA SUSH S Hoix Z10|
/1ol OIZ 2FEAIE

HEtX|= eks 2OPHH0| X1 = 2015 0] Target NetworkE

*  Double DON (DDON)
v' 7|Z DQNO| 7IX}= Overoptimistic 2XIZ THA15H | /51 7 1= target valueS T5H= O] AFRE[AE max
ALK} CHAIO] argmaxZE AFEol0] AiddS MEISH T tol= As 2dlet

IR &=t 0= S

*  Dueling Network
He= A2 SEHQ0 | M0 e 7

v A S0 SO T US MBS
kS TQIGI0] RS T ISHs SOI0) SHIZ BSS Cf 2| SHoIs 4

EZE5= two stream Networ

WA &

Prioritized Experience Replay (PER)

S5t transition0| & BIHHGIA| sampling=|A| 57| {sHA 2 HE Xt

1 2|5 5 0ol samplingoh= &

I_I

v
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