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Slide from Sergey Levine. http://rail.eecs.berkeley.edu/deepricourse/static/slides/lec-1.pdf 6
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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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AEEEFRE
BETHERIGE
Q FITEFI—1H 0 FASERIRZEL Qo (s, a)

TargetlE y; =1 +y max Qo (S¢11,a")
SR Qo(sear) « Qo(sp,ar) + a(ry +v max Qo(st+1,a") — Qo (se ar))
KR A=
1 :
0" « arg minz 2 (Qo(spar) —(r+vy max Qo(St11,a")))?

(st,at)ED LA TR E
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A=QMILE (DQN)

O ERRFEMERIEIT LR Qg (s, )
- BIEARRRRE
o EELERIFBRINY {(se, ag, Sev1, 1)} FREIRIID .
© {(st, ap, Ser1, 1)} TPRS-IHE-T—IRZS- BRI
* Qo(s,a) HUMETEF.

RRRIE
0 ZIG[EEYT

O (ERNMREA: HEKES (evaluation network) FBTRM
2% (target network)

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

- TFHE) RIS RRRINE—E e = (se, ap Sean, 1) TEURE D 1, REEATAR
NEEH 7.

O EEinE
© LA Q RERYES Target (BRIERKREEFIRINE, AP
pe = |re + yn}f’,‘XQO(st+1r a’) — Qo(se, ar)l
© ATESEREENSBERE, 7 e = (oan Sern 700 + 6)s
0 BErhROIER
© R e, WEEREOEN PO = FL
0 BEMEE (Importance Sampling)
© NEH w = (vxp@)”

max wj
l

"Prioritized Experience Replay” , Schaul et al. (2016) 15
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Algorithm 1 Double DQN with proportional prioritization

1: Input: minibatch £, 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 7 do

5. Observe S;, R, V¢

6:  Store transition (S;_1, A;_1, R¢, V¢, St) in H with maximal priority p; = max;-; p;

7. if t=0 mod K then

8: for j = 1to Lk do

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

10: Compute importance-sampling weight w; = (N - P( j))_’3 / max; w;

1l:  Compute TD-error §; = R, + 7, Qurget (S arg max, Q(Sy, ) — Q(Sy—1, Ay—)
12: Update transition priority p; < |4 e e =
13: Accumulate weight-change A <~ A +w; -6, - VoQ(S,;-1,4,-1) Importance sampling

14: end for o 4 B R 9uniform distri.
15: Update weights 6 <— 60 +n - A, reset A =0

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

17:  end if

18:  Choose action A; ~ 7y (St)

19: end for

"Prioritized Experience Replay” , Schaul et al. (2016) 16
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0 BiRMEE Qp-(s, a)
- FRARIBISEL, 128 6-, B8R ¢ LAIENBISEELZ—IR.
© BURIERBURKERES

1
L;(6;) = ]Est,at,st+1,rt,pt~D [5 we(re +y H}E}X Qei‘ (s¢+1,a") — Qei(st; a;))? |

target

p3SSI),
2

9 # \Qe—

“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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1. WEHHE: £ e—greedy REEFHITIRZRFIR, SERIRVINSER
(Se, g, Se41, 1) BINELGIE (replay-buffer)

2. XKtk MEIRETRE K T PRESE

3. EEFRLE
- FIRHEERIBEUREITE Loss.
- BBHT Q REL 6,
- B CORER (FHORHNE) EF—XEIRNE -,

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

Kung-Fu Master
Freeway
Time Pilot

Up and Down
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Private Eye
Montezuma's Revenge

“Human-Level Control Through Deep Reinforcement Learning”
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1
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, Mnih, Kavukcuoglu, Silver et al. (2015)
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Q-learningRRYid{&it

QR S b1t
TargetlH y, = ¢ +y max Qp(se+1, @)

max EREES 0 RERIER
kK, EEESTHEXE

EEETTHIRRE
RLBEMEYTIEE X1, X,, B E[max(Xy, X;)] = max(E[X,], E[X,])
292,’4‘ Qo' (Se+1,a’) = Qgr(Se41,arg n}f}X Qo' (St+1,a"))
= E[R|s¢+1,argmax Qg: (s¢+1,a'),6']
> max(E[R|s¢y1,a1,0'], E[R]S¢41,a2,0'],-),a; EA

Q REBVERMEERT s, .
o o' THYEIRHAZE(E BAIRIEEEEEIN&EXINE

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

O QRENT SMTEERERIS TINERAZEEE

19 B o, Qs a) — Vi(s)
< 10 = (s argmax, Qs, )
:

)

0.0 HI;

w o P 09 oL cj‘ v
>7 (9237

number of actions

,J:F'Q (s,a) — V.(s)IZNE-11KERSST 5
BRENE B —HIR)IEBINERREL

“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-learning i {&itRIFIF

True value and an estimate All estimates and max Bias as function of state Average error
max, (J);

(s,a) — max, (J.(s,a)

r
I . \maxaQi(s,a) 1 +0.61
0 USRNRY 2~ H“\\_ 0
- e - " N\\J —0.02
b 1 Dion ) t1mat
-2
2 11:|.ax,;l Q:fs a) 1 max, Q¢(s,a) — max, Q.(s,a) +0.47
-~ ’ /;/ *\\ \ , - 0 w £0.02
0 = -~ V= i \—.e—. =\ _1 1bl imaif
4 VR 1 ! 4 max, Q(s, a)—
Q:(s, ! v\ max, Q¢(s,all 1 max, (). (s, a)
2 2 1 VTN 1 2 3.35
™ v Y | s
. - = D LL""-—"" ' — — —“\"'—"“@"F )t 1 n —( N2
Q.(s,a) Double-(Q) estimate e
-6 -4 =2 0 2 4 6 -6 -4 =2 0 2 4 § -6 -4 =2 0 2 4 6
state state state

/

E IR, 10MRIETE);, REEEEMMERE, R
R, FeEariMER SZ

O FEFIERT10MTEIANQ, (s, )i, EBmaxfg, 5ESLQ. (s, a)EHEARKX

\52

“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al. (2016) 23



Double DQN

0 GRS RA ER R

DQN y¢ =1 +yQo(S¢+1,arg max Qo(St+1,a"))

~

Double DQN Y: =1t + VU

(St+1,arg rr}f,lX Qo (St+1,a"))

“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al. (2016) 24
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£ Atari IMIRRRYSEINESSR
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0
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= ++Phoenixss [ ]
S 6 Up and Down =]

o= Sl‘)ﬁt::' Invaders

- 1 James Bond ———
Q

o) ouble DQN estimate Kung-Fu Master E—=—2%
E 2 ’ Wizard of Wor 5

< ——Double DQN true value  Name This Game

> 0 m DQN true value Time Pilot

0 50 100 150 200 O 50 100 150 200
Training steps (in millions)

0 50 100 150 200

Zaxxon L
Fishing Derby
Tennis

1 Atari Performance

human starts
DQN DDQN DDQN
(tuned)
117%
475%

no ops
DQN DDOQN

115%
330%

47%
122%

88%
273%

Median
Mean

93%
241%

Frostbite
+*Skiing#«

Bowling

Centipede

Alien

+*+Yars Revenges«
Amidar

Ms. Pacman
++xPitfalls«

normalized performance

DQN score — random play score

human score — random play score

“Double Reinforcement Learning with Double Q-Learning”

Asteroids
Montezuma’s Revenge
Venture

Gravitar

Private Eyve
s+Solarist= [

, van Hasselt et al. (2016)

BT

I Double DON (tuned)
: Douhble DQ.\'
H DON
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Dueling DQN

BRI HEREIRME D7

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

TR V(s) = E[Q(s,a)] = u

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

T mBE

QHaTHEA e(s,a)? — e(s,a) = Q(s,a) —V(s) — tBFRIAdvantageREl

“Dueling Network Architectures for Deep Reinforcement Learning” , Wang et al. (2016) 27



Dueling DQN

Advantage iR%%

A™(s,a) = Q™(s,a) — V™(s)
Q"(s,a) = E[R[s; = s,a; = a,7]

VT(s) = Eqr(s) [Q™ (s, a)]

AEIAJAdvantageBR &

Q(s,a;0,a,8) =V(s;0,B) H(A(s,a;0,a) — me?mA(S' a’;0,a))

Q(s,a;0,a,B) =V(s;0,B) +|(A(s,a;0,a) — |A|Z 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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IEEEES

“Dueling Network Architectures for Deep Reinforcement Learning” , Wang et al. (2016) 30
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O ZEEFIE CORRIDOR ENVIRONMENT
© RIS
- {3Eh: k. F. K. B, R -

- ETNAE/NIIERRR
- A LEABEKRIIERERH

O QEETHEINTTIRE u

BZITEIE B0
5 ACTIONS 10 ACTIONS 20 ACTIONS

SE

No. Iterations No. Iterations No. Iterations

“Dueling Network Architectures for Deep Reinforcement Learning” , Wang et al. (2016) 31



{£ Atari HIEHRRYSCIEE R

Atlantis -
Tennis -
Space Invaders -
Up and Down -
Phoenix -
Endurg
Chopper Command -
Seaquest -
Yars' Revenge -
Frosthite -
Time Pilot -
Asterix -
Road Runner -
Bank Heist -
Krull -
Ms. Pac-Man -
Star Gunner -
Surround
Double Dunk -
River Raid -
Venture - [ JEED
- Amidar - . Gl
Fishing E}erbr;; . . e
Q*Bert - . 27
Zaxxon - [ B
Ice Hockey - N 5.
Crazy Climber - N 24.58%
entipede - Bl 21 68%
Defender - N 21.18%
Name This Game - Hl 16.28%
Battle Zone - Hl 15.65%
Kung-Fu Master - Bl 15.56%
Kangaroo - Bl 14.39%
Alien - W 10.34%
Berzerk - W 9.86%
Boxing - W 8.52%
Gopher - B 6.02%
~ Gravitar - B 5.54%
Wizard Of War - g 5.24%
Demon Attack - B 4.78%
Asteroids - I 4.51%
H.E.R.O. - | 231%
Sklmﬂ . | 1.29%
Pitfall! | 0.45%
Robotank - | 0.32%
Pong - | 0n24%
fontezuma's Revenge - | 0.00%
Private Eye - | -0.04%
Bowling - | -1.69%
Tutankham - ] -3.38%
James Bond - 1 -3.42%
Solaris - W -7.37%
Beam Rider - W -3.71%
Assault - Hl -14.93%
~ Breakout - Hl -17.56%
Video Pinball - [ e
Freeway I -100.00%

296.67%
180.00% -
164.11%

5DQN3xJtL

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) 32
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Asterix -

Space Invaders -
Phoenix -

) Gopher -
Wirard OF War -
Up and Down -
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Bowling -
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Time Pilg
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Skiin

Double Dun
James Bond
Kangaroo

S ESC e

' oL .
i e L B D O L LI P R DD

-58.11%
I -50.56%
- I -7 T.99%
- I 13,565
- I 5.7 0%
I 5022 %

A097.02%
437.93%

~ 5Prioritized Double DQNJXitt,

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) 33
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DQOQN: —KAZMTEIQERIL. B, BETIRFRE
Ve =1t +YQq/(S¢41,arg n}la,lx Qo' (St+1,a"))

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

Double DQN: fEESITaNMEFEAUMEMIT. BRDQNIDSE1T A

Yo = 7o +¥Qp (se11, arg max Qo (5e41,a"))

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

Dueling DQN: S4fEIEMMEFNITEIRIRRIRER. ZFfPadvantagerREEER

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

“Dueling Network Architectures for Deep Reinforcement Learning”, Wang et al. ICML 2016.
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©
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Hessel et al. Rainbow: Combining Improvements in Deep Reinforcement Learning. AAAI 2018. 35
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linear policy -
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e« Orvalue func.
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- HHER: REFI+BHFES

- REBUFIERAFITIEREELARERAYT TURRE 2~ )R
- BIRLBHF S BREITESERRRRIESS

- LB CFIMNREZ IS EEEIELY L

- ETMERSERERUES
- DON: —REIANSMTIQERIL. BRkLS. FETIREFR
- Double DQN: fEBEITENEEAIMNMEMTT. BRDQNE &bt aE
- Dueling DQN: fBHHERRMEFITHIERRER. SMPadvantageRiEER
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