1R 53]2024
F71
W RFNRE

REBIES, REQRIL. MEILEIRE,
REEIERISEE, U RIS B3

L LA

SRFEA — _LIEAEAF



LRI : BEFREBREAFES

BFRERINHSHL!

O BIEX V(s) = R(s) + maxy Nres Poa(s IV (s

O SRESIEM m(s) = arg max Yoreg Poa(s)V (")

O FEERIBSIT RIS V(sy) « V(sy) + a(G — V(sp))
O (&SRR R ED V(st) « V(s + “(Tt+1 + YV (st41) — V(St))
O fERIgRTFE7 SARSAES]
Q(se ar) « Q(s, ar) + a(reyr + ¥Q(St+1, arv1) — Q(St, ar))
0 B&RBHNEFEED Q-F3
Q(seyae) « Q(sg ar) + a(resr + )’HLZ}XQ (Str1,a) — Q(sp ar))
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NE—2 , BREECEINEMSE
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« EEHETIGEN , MERESHALRERES
qu (s¢)

b pta(rn V() = Vo(s)) =g
THHE

- @idlikelihood-ratioF5i% , ATLAHadvantageXyRERHIS AT TES

0/(6) dlogmg(als)
96 lmo [ 6 D
TR

» Actor-critictEZREIRT S TANMEREFIRES | BITMEREEIQ (B
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imElimiEt=F >

%
e (1B45) W id-level features _ i classifier

T EHR B (c.c.DPV) " Bl Tec svvy
! Felzenszwalb ‘08
o,
REFS Al tf:‘fi., T TRk e = ﬂ
E\‘\ L s T . i cat
Tynx

e (1E45)
SR TS

ore features ? linear policy -
-~ > —
e oOrvalue func.

%E}Eiﬁ{‘b?g a2 ° :!:f:\:‘ . “fl‘ = \,, E:-fﬂ(u 3’\.":‘:'\13 . [dense l..\.} ﬂ -

Max
298
\ Max Mn pooling 4956 4086
" hn
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Slide from Sergey Levine. http://rail.eecs.berkeley.edu/deeprlcourse/static/slides/lec-1.pdf 8
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Volodymyr Mnih, Koray Kavukcuoglu, David Silver et al. Playing Atari with Deep Reinforcement Learning. NIPS 2013
workshop.
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Q F3J [

AEZEHRE
BETERNGE
Q FIFEFI—H 6 {FASEHIREL Qo (s, a)

TargetHy = +vy max Qo(St+1,a’)
SEFTTIE Qo (st ar) « Qo(sp,ap) + a(r + Yy max Qo(St+1,a") — Qo (st ar))
e A=k
1
0" « arg min> Z (Qo(sp ar ) — (r+ Y max Qo (St+1,a")))?

(st,.at)ED TR RE

15



A= QML (DQN )

O ERMEZEMNEFIER LA Qy(s,a)
- BIEARE
© EESRESEINY {(sp ar, Se41, 1)} NREIRIZDT0,
© {(sp ap, Ser1, 1)} TRES-IHE-T—IRZS-[EIHREIA..
* Qp(s,a) HBAETEH,

fRRRIE
0 RIG[ERY

O ERNRREN - TEMES ( evaluation network ) F1E#RK
#8 (target network )

“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)

16



] )5

0 ZIG[E]H
- EEIGISRHPIIE— e, = (sp ap, Sevr, ) THURE D o, RAERIIR
M5,

O EErnE
- LA Q REVES Target (ERNERREHEFZIANE , AD
pe = |re + VIT}la,XQg (st+1,a") — Qo (s, ap)
o NTEZHEREBNNSBEREE | 70 e = (50 an, Seen, 7o pe + €).
O JEHPRIBER
C B e, WETHHIER P(D) = o2

N
Zk=1 Pk

0 BEMREFE (Importance Sampling )
- ER @y = PO

max wj
l

“Prioritized Experience Replay” , Schaul et al. (2016 ) 17
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Algorithm 1 Double DQN with proportional prioritization

1: Input: minibatch k, step-size 7, replay period K and size /N, exponents « and 3, budget 7'

2: Initialize replay memory H =0, A =0,p; = 1

3: Observe Sy and choose Ay ~ 7y (Sp)

4: fort =1to T do

5 Observe S;, R, V4

6:  Store transition (S;_1, A;_1, Ry, V¢, St) in H with maximal priority p; = max;<; p;
7 if t=0 mod K then

8 for j =1to kdo

9: Sample transition j ~ P(j) = p$/ >, pf

10: Compute importance-sampling weight w; = (N - P( j))_’B / max; w;
11 Compute TD-error 0; = R; + ¥ Quarget (Sj, argimaxg Q(Sja a)) — Q(Sj—la Aj—l)
12: Update transition priority p; < |,

13: Accumulate weight-change A <~ A 4+ w; - 9, - VoQ(S;-1,4,-1)
14: end for

15: Update weights 6 < 0 + 7 - A, reset A = 0

16: From time to time copy weights into target network Oyarger < 0

17:  end if

18:  Choose action A; ~ my(St)

19: end for

“Prioritized Experience Replay” , Schaul et al. (2016 )
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0 BRI Q- (s, a)
- ([FRKIARSE, 128 0~ , BiR ¢ SMIEMEHSHELE IR,
- BURERANRKRELS

Ll(gl) = ]ESt,Clt,St+1,T't,pt~D [E wt(rt + 14 rrzla'X QQI_ (St+1' a,) - le’(st’ at))zl

F=A| )

p
@E@"—é’ \

“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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L2 ¥

1 WEREHRE © (£ e—greedy SRESHITIRER | HERRPINSINFE
(S, g, Sey1, 1) TRANETGMH ( replay-buffer)

2. KtE : NEHERETXRF k T PIRGA

3. EEFTMIZS
- FREERIRVEUELTE Loss
- BT Q REES 6
© 8 COREN ( EFQREMLS ) B —IXBIRMLS 6

“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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Gopher

Pong

Kung-Fu Master
Freeway
Time Pilot

Fishing Derby
Up and Down
Ice Hockey
Q'bert

Battle Zone
Wizard of Wor

Bowling

Private Eye
Montezuma's Revenge

normalized performance

DQN score — random play score

human score — random play score

At human-level or above

§§z¥§:|3!!!.ll!!!.lll.lll!llll!lll'|k#"

Jo%

Below human-level

The performance of DQN is
normalized with respect to a

Best linear learner

T T T T
100 200 300 400

o

“Human-Level Control Through Deep Reinforcement Learning”

professional human games
500 tester (that is, 100% level)

, Mnih, Kavukcuoglu, Silver et al. (2015)

) )
T
1,000

I 1
600 4,500%
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Q-learning RS S {&it

QEREAIS Sfthit
Target(H y, = 7 +y max Qp(Se+1, a')

max BR{ERE1S Q REANE

Kk BEESTHELME
IS ETHRE

wea Qo' (St4+1,a’) = Qgr(Se41,arg max Qo' (Se+1,a))

ItEAhIFEERY e ATRER T Q REGE RIS S E TS

“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al. (2016)
“Double Q-learning” , van Hasselt.(2010)

23



Q-learninghNd S{&it

0 QRENI SLITEEREIRE TaIERAERS

S E

Lo - maxaQ(s a) — Vi(s)
= 1.0 (s,argmax,Q(s,a))
o
“ 05

0.0 ﬁ

Yo P 2y S B
P o 2;

number of actions

0 B, (s, a) — V.(s)IRNAE[-1,1]1X[E85 5%
O Q'EREE B —HIRIN|ZREVMERREL

“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al. (2016)
“Double Q-learning” , van Hasselt.(2010)

— Vi(s)
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Q-learninghid {hitAYHIF

True value and an estimate All estimates and max Bias as function of state Average error
2 2 ; 7 \\ max, Q:(s, a 1 max, (Q;(s,a) — max, Q.(s,a) L0.61
0 o \\\ - -\\..\ .0 _
== \‘\\p’ -1 D () estimat )
-2 -2
5 9 max, Q;(s,a) ] max, Q¢(s,a) — max, Q.(s,a) L0.47
. 0 W 2
0 0 (f\_.\—/(_,// \\:\\_‘ ’:—“ -1 Double-() estimate
! Qt(s,a) ! : ‘| maxg Qt(s,a)l’ ||
2 2 ! \ ‘/!\~ N ! 35
d N\ N Y L ¥ 17
0 — 0 Xl - Jaick ‘ —0.02
Q.(s,a)
-6 -4 =2 0 2 4 6 -6 -4 =2 0 2 4 6
state state
O iﬁ% XERIRE |, 10MRIEITE) ; RE2ELIMEREL  ER2)I4k
R B2 aRNERE
O FEFIRRI0OMNMTENRYQ. (s, )fhit , EBmaxfg , SESLQ. (s, a)EIEKK
“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al. (2016) 25



Double DQN

O SERAARRRIMNZERGEFIRSR

DQN y: =1 +yQo(S¢+1,arg H}f}X Qo(St+1,a"))

Double DQN Yt =1tV

Qo

=

3%l 1Z5]

(St+1,arg n}f}X Qo(St+1,a’))

pali

“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al. (2016)
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o MEMLITHRE

Space Invaders

Value estimates

Time Pilot

Zaxxon

’\1

0 50 100 150 200 0 50 100 150 200 0O

Training steps (in millions)

1 Atari Performance

DQN estimate

ouble DQN estimate

Double DQN true value  Name This Game
DQN true value

50 100 150 200

no ops

human starts

DQN DDQN

DQN DDQN

DDQN
(tuned)

Median 93% 115% 47% 88%

117%

Mean 241%  330% 122%  273%

475%

normalized performance

DQN score — random play score
human score — random play score

“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al

Video Pinball
Atlantis | ——— ]
Demon Attack Bemmmmmmm———————
Breakout | ——
Assault EEE——_—_—_—,,,,,,,,
Double Dunk -
Robotank
Gopher
Boxing

Star Gunner
Road Runner
Krull

Freeway
Pong

Frostbite
*+Skiing++
Bowling

Centipede

Alien B

++Yars Revenge«»
Amidar

Ms. Pacman
#+Pitfalls«
Asteroids
Montezuma’s Revenge
Venture

Gravitar

Private Eye
#+Solaris«« [

uRUIng|

BN Double DQN (tuned)
] Double DQN
H DON

. (2016) 27






Dueling DQN

BRI HEREIRMEN D

Q(s,a) ~ N(u,0)

B V(s) =E[Q(s,a)] = p

BHE : Q(s,a) = u +e(s,a)

T mE

AUEHEIAR e(s,a)? — &(s,a) = Q(s,a) —V(s) — tBFRIIAdvantageFE

“Dueling Network Architectures for Deep Reinforcement Learning” , Wang et al. (2016) 29



Dueling DQN

Advantage EREY

A™(s,a) = Q™(s,a) —V™(s)
Q™(s,a) = E[R;|s; = s,a; = a, ]

VE(s) = IEa~7‘t(s) [Q™(s,a)]

AEIAdvantageR &

Q(s,a;0,a,8) =V(s;0,B) H(A(s,a;0,a) — meﬂﬂA(S’ a’; 6,a))

Q(s,a;0,a,8) =V(s;0,B) +|(A(s,a;0,a) — IAIZ A(s,a’; 0,a))

“Dueling Network Architectures for Deep Reinforcement Learning” , Wang et al. (2016)
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“Dueling Network Architectures for Deep Reinforcement Learning” , Wang et al. (2016)
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VALUE ADVANTAGE

ALAEARE EEMF
RS2 S FUdFriHiZ
IRESHITFIA,
& X _
(Sa“ency ma ps) VALUE ADVANTAGE

AT LGEERERIEERE
advantagezz&= R
agentERIE FRIRHRS
JIIEEESSwE

“Dueling Network Architectures for Deep Reinforcement Learning” , Wang et al. (2016) 32



IFEST : IS

O ZEEFIE CORRIDOR ENVIRONMENT
© RIS
e I = N = ) .

- ENRE/MIERER T _
- A LEABEKRIIERERH

0 QREIHEIIGIR o H
BEESHTEIRE AEY
5 ACTIONS 10 ACTIONS 20 ACTIONS

10°

1 1 1

No. lterations

No. Iterations No. Iterations

“Dueling Network Architectures for Deep Reinforcement Learning” , Wang et al. (2016) 33



£ Atari IRHIRYSCISZR R

Atlantis - I, 296.67%
Tennis - 180.00% .
Space Invaders - I 164.11%
Up and Down - I ©7.90%
Phoenix - I ¢4 .33%
Enduro - I 56.35%
Chopper Command - I 52.20%
Seaquest - I 50.51%
Yars' Revenge - I 73.63%
Frostbite - I 70.02%
Time Pilot - I 69.73%
Asterix - T 63.17%
Road Runner - I 57.57%
Bank Heist - I 57.19%
Krull - I 55 .85%
Ms. Pac-Man - I 53.76%
Star Gunner - I 48.92%
Surround - I 44.24%
Double Dunk - I 42.75%
River Raid - I 30.79% ,
Venture - . 3360% .
~ Amidar - . 31.40% .
Fishing Derb% . . 28.82% ,
Q*Bert - . 27.68% .
Zaxxon - I 27.45% , _ DQNXj'tb
Ice Hockey - . 26.45% .
Crazy Climber - . 24.68% .
entipede - B 21.68%
Defender - I 21.18%
Name This Game - Bl 16.28%
Battle Zone - Hl 15.65%
Kung-Fu Master - Wl 15.56%
Kangaroo - Bl 14.39%
Alien - W 10.34%
Berzerk - W 9.86%
Boxing - W 8.52%
Gopher - B 6.02%
. Gravitar - N 5.54% .
\'/szard gfttWokr . = 5.24% 1 d f
emon Attack - 4,78%
Asteroids . 3 451% normalized perrormance
H.gl.(R_.O. . 1231% .
iing - | 1.29% !
Pitfall! - 0.45% , 1
Robotank e ~agent score — baseline score
ong - | 0.24% ==
fontezuma's Revenge - | 0.00% . .
Privgte Eye [ 201% max{human score, baseline score} — random play score
Tutankham - 1-3.38% !
James Bond - 1 -3.42%
Solaris - W -7.37%
Beam Rider - W 9.71%
Assault - W -14.93%
~ Breakout -  17.56%
Video Pinball -68.31%

y I
Freeway I -100.00%

“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al. (2016) 34
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Asterix -

Space Invaders -
Phoenix -
Gopher -
Wizard Of War -
Up and Down -
Yars' Revenge -
Star Gunner -

Berzerk

_ Frostbite -
Video Pinball -
Chopper Command -
Assault -

Bank Heist -
River Raid -
Defender -
Name This Game -
Zaxxon -
Centipede -
Beam Rider -
Amidar -
Kung-Fu Master -
utankham -
Crazy Climber -
Q*Bert -

Battle Zone -
Atlantis -
Enduro -

Krull -

Road Runner -
Pitfall! -

Boxing

Demon Attack :
Fishing Derby -

) Pong
Private Eye -
Montezuma's Revenge -
Tennis -

Venture -
Bowling -

Freewa
Breakou

Asterojds -

Alie

E.R.O. -
Gravitar -
Ice Hockey -
Time Pilot -
Solaris -
Surround -
Ms. Pac-Man -
Robotank -
Seaquest -

Skiin
Double Dun

James Bond -

Kangaroo

Pl T

Wi o O =
w e .
ES

>
o

3
P

1097.02%
457.93% ,

281.56%

" 5Prioritized Double DQN3IEL,

normalized performance

agent score — baseline score

max{human score, baseline score} — random play score

“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al. (2016) 35



S3Z2mNFREERAFITE

DQN : —REIAZ MToIQERE. BHinkE., FEHRFER
Ve =1t +vQg(S¢s1,arg max Qo' (St+1,a"))

“‘Human-Level Control Through Deep Reinforcement Learning”, Mnih, Kavukcuoglu, Silver et al. Nature 2015.

Double DQN : f#EBE1TaNEFENEMATT. BRDQNEI &R

Ve =Tt +¥Qg (St+1,arg Max Qp (Se+1,a))

“Double Reinforcement Learning with Double Q-Learning”, van Hasselt et al. AAAI 2016.

Dueling DQN : fS4HiEEMEFITEIRNARRER. ZHfadvantageRZEER

1
Q(s,a;6,a,B) =V(s;0,B) + A(s,a;0,a) —Wza’A(s,a ;0,a)

“Dueling Network Architectures for Deep Reinforcement Learning”, Wang et al. ICML 2016.
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Rainbow: && k% Value-based DRL} %

DQN

-— DDQN

— Prioritized DDQN

— Dueling DDQN /

200%- — A3C N
v -~ Distributional DQN R
o — Noisy DQN
bl == Rainbow f
(V]
= W
©
E | e
S AR
5 ! 'rfW
| A

€ 100%) | ,Aﬁ*' “"
L | A b
c : \""‘
ke vy
©

..........

| d v |

o/, et i L J
was 7 44 100 200

Millions of frames

Hessel et al. Rainbow: Combining Improvements in Deep Reinforcement Learning. AAAI 2018. 37
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fEtsREE SRE TR

O BENLSREE
XFEEEME

XJFIELEEE

O e s
XITERENE

XJFIELEEE

exp{le (s, a)}
2arexp{Qo(s, a’)}

m(als; ) < exp {(a — Ug (S))Z}

m(als; 0) =

m(s;0) = argmax Qg(s,@) AT

a =rmn(s;0) Bk

40



TREERIEHEE

O AFHITHAS -2 EERNTIE SR ( critic ) 1&RER

Q% (s,a) = Q" (s,a)
Lw) = Egpm g, [(QW(S, a) — Q™ (s, a))zl

O HREN

E ORI

- HEERIREEEE

J(mg) = Eg.pm QY (s, a)]

Vol (1mg) = Espn|Vome(s)VaQ" (s, @)l g=ry(s)]
ELTRES HETEN

D. Silver et al. Deterministic Policy Gradient Algorithms. ICML 2014.
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- O
o o

(x1000)
(x1000)
N~ O
[ o< | o —

.r*

1 {“H'l'L

— COPDAC-Q

-2.00f+ F coPDAC-Q |/

Total Reward Per Episode
w
o

Total Reward Per Episode
o
(@]

-4.0f
_50.1r t--1 SAC 40 t--] SAC
' - offPAC-TD ' F OffPAC-TD
%80 20 40 60 80 100 680 10.0 200 300 400 50.0
Time-steps (x10000) Time-steps (x10000)
(a) Mountain Car (b) Pendulum
00 : : :
- COPDAC-Q: M4AHE 3R HEHaE L% S 50 .‘lrn.,l.a‘\. §EIOCTIINELIC
ERBEBE ( off-policy) 5 -100] 1
- SAC : FEHI#EERES (on-policy ) ‘15‘4
« OffPAC-TD : BBV IEESERS ( off- 3 “II'H coPpac-Q
policy ) g =00 L: (SDQSP;AC-TD
o

2580 10.0 20.0 30.0 40.0 50.0

Time-steps (x10000)
D. Silver et al. Deterministic Policy Gradient Algorithms. ICML 2014. (c) 2D Puddle World
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DDPG : iREHEHRISHE

O M FREIERIRAIIEE

Vo (mg) = [Es~p” Voo (s)VaQ™ (s, a)|a=7t9(s)]

O LR A |, X a s Zurbesiactor-critic/ AEEXIA
ke RS BIRR AT A2 ERY
O REREEREEE ( DDPG) A T EfRE 5= (DPG ) &
At FRVRERTT A
- RIGEIN ( BLRHES )
- BRI
o EEERINABIHREL QLS

© I IEENERE

Lillicrap et al. Continuous control with deep reinforcement learning. NIPS 2015. 44



DDPG : iREHEHRISHE

Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s, a|#%) and actor ;(s|6*) with weights % and 9+
Initialize target network Q' and 1/ with weights 09" «+ 09, 9" +— g~
Initialize replay buffer R
for episode = 1, M do
Initialize a random process N\ for action exploration
Receive initial observation state s; — -
Select actionlat = 1(s¢|6*) + N hecording to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state s;1
Store transition (s, as, ¢, S¢+1) in R o
Sample a random minibatch of N transitions|(s;, a;, 7;, s;41) from R| FEZz50%
Set y; = 7i + ¥Q' (sit1, ' (si41|6")[09) o ",
Update critic by minimizing the loss: L = % >, (y; — Q(si,a;|09))? EEFfrcritichiss ( a,758 185 )
Update the actor poliCy using the sampled gradient:

BHircritickZg

VQM[L

Sq

1
s = N Zan(sya|‘9Q)|s=s,;,a:,u(si)V0“/L(s|9N)

Hiractorf4 EFfractorpyzg
Update the target networks:

09 «— 709 + (1 — 1)
o1 o + (1-— 7)9"/

end for
end for
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Twin Delayed DDPG (TD3)
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TD3 : W {EHRE SRR SEHh

O M FREIERIRAIIEE

Vo () = [Es~p” Voo (s)VaQ™ (s, a)|a=7t9(s)]
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00 Twin Delayed DDPG (TD3)

1. SRIRAVH B ERME | LSRR E R FEI QR EAVIRIR

al,(sl) = Clll) (/'I'thug(sl) + (llp(f‘ —C, C)? a’LO?L‘* (ZH‘iS}h,) ? €~ -/\"r(() O-)

2. ZIWMIQ , FHERBIMERMESIBIR 3. RBZFIEXMUsLBRIReME

max E [Qg, (s, 1g(s
y(r, ' d) = 7+ (1 — d) min Q... (5, (5") 1% 5 106 (5 ()

] .
L(#, D) = (s, i (Qol (s,a) —y(r, s, d))
- : . 4. REESEEFIER
—RZLLQRRENIE1(E | tBEDEQRREN

_ .
L(OQ’ D> B (s (1.7'.5:.(1)«/7) (QOQ (S* (L) - y(r* SI: d)) Eﬁ?ﬁz;ﬂ ! %H%E}fﬁ1 ;X
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Environment TD3 DDPG Our DDPG PPO TRPO ACKTR SAC
HalfCheetah 9636.95 + 859.065 3305.60 8577.29 179543  -15.57 1450.46  2347.19
Hopper 3564.07 + 114.74  2020.46 1860.02 2164.70 247130 2428.39  2996.66
Walker2d 4682.82 + 539.64  1843.85 3098.11 3317.69 232147 1216.70  1283.67
Ant 4372.44 + 1000.33  1005.30 888.77 1083.20  -75.85 1821.94  655.35
Reacher -3.60 £ 0.56 -6.51 -4.01 -6.18 -111.43 -4.26 -4.44
InvPendulum 1000.00 £ 0.00 1000.00 1000.00 1000.00 985.40 1000.00 1000.00
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Fujimoto et al. Addressing Function Approximation Error in Actor-Critic Methods. ICML 2018.

50



R FES B

3"” ""Y features... S

e (1&4e) i i
mexs P P Doctetues | Ineorpoley
H ” {5 . e'\ld;.t.O-eniQ!}__train;ﬂg —_—

RERICES “ "" ----- A e e e ]

b2 | A\\‘ ; ’
| \ P
\ \
\ \ Max
S 2 \ || stride\, pooling
1 \ %
224\ [ e \
N

- HHER | REFI+BHEFES

- RERUZEIERUFIFTZEBLARRiRHI S TR E S0
- BIRLEBF S ERETeMSERRRRIESS

- IR FIMNREZ I SZEEEIIELY L

- ETFMEREBVREREACES
* DON : —IRAZMTeNQERILE. Bink4g. FEiRES
« Double DQN : %ﬁ% ITEMEEF B G, %:F/J&DQNL_EELJHEU
* Dueling DQN : {EAERMMEFRTEIRVARRER. ZFhadvantageREFEIE
» DDPG : SHMERECKNERNSEL , BIRIERETIVURNING RIS SEUCKEIEL
« TD3 : AR MMEREHclipRENTSET  XIREEEHEEES | SRISEFIEE .,



THANK YOU



