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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")
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© Qg(s,a) BIREEF.

RRRIE
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O (ERENMREA: HEKEZS (evaluation network) FBFRM
& (target network)

Mnih, Kavukcuoglu, Silver et al. Human-Level Control Through Deep Reinforcement Learning. Nature 2015.
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Schaul et al. Prioritized Experience Replay. ICLR 2016.
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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 S and choose Ag ~ 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 kdo

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

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

L Compute TD-error ; = R; + 7jQuarger (55, arg max, Q(Sj,a)) — Q(S;-1, A;-1)
12: Update transition priority p; < |,

13: Accumulate weight-change A <~ A +w; -6, - VoQ(S,;-1,A4,-1)

14: end for

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

Schaul et al. Prioritized Experience Replay. ICLR 2016.
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Mnih, Kavukcuoglu, Silver et al. Human-Level Control Through Deep Reinforcement Learning. Nature 2015.
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1. WEHYE: £ e—greedy RESHITIRR, BEEIRVASIHEAR
(S, Qt, Se41, Te) BINELGE (replay-buffer)

2. XtE: NEUEETXRE k T PIRGA

3. EEHTZR
- FIRHEFBRIBEUREITE Loss.
- BT Q FREILE 6.
© B CREK (EFoREING) FEF—RBIRkE 0,

Mnih, Kavukcuoglu, Silver et al. Human-Level Control Through Deep Reinforcement Learning. Nature 2015.
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Q-learningRRYid{&it

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

max ER{EES 0 RERIER
kK, EEESTHEXE

bR E
RIRBEINZE X,, X,, B E[lmax(Xy, X;)] = max(E[X,], E[X,])
Elr’lg,)q( Qo' (S¢+1,a’) = Qgr(Se41,arg n}frlx Qo' (S¢+1,a))
= E[R]s¢41,arg max Qo' (s¢41,a),0']
> max(E[R|s;41,a1,0'], E[R|Sp41,a5,0'],+),a; EA

Q EREHIEFRMEEIRTE s, .
o)F o' THIEHREAZ(E BA IR EES RIS KINE

Hado Hasselt et al. Deep Reinforcement Learning with Double Q-Learning. AAAI 2016.
Hado Hasselt. Double Q-learning. NIPS 2010.
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Hado Hasselt et al. Deep Reinforcement Learning with Double Q-Learning. AAAI 2016.
Hado Hasselt. Double Q-learning. NIPS 2010.
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Hado Hasselt et al. Deep Reinforcement Learning with Double Q-Learning. AAAI 2016.



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 rrzla,lx Qo (St+1,a"))

25
Hado Hasselt et al. Deep Reinforcement Learning with Double Q-Learning. AAAI 2016.
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Wizard of Wor =

—Double DQN true value Name This Game
T DQN true value Time Pilot
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Value estimates

Zaxxon L

1 Atari Performance

no ops human starts River Raid )
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Median | 93% 115% | 47% 88%  117% Chopper Command B

Frostbite
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Hado Hasselt et al. Deep Reinforcement Learning with Double Q-Learning. AAAI 2016.
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Dueling DQN

BRI HEREIRME D7

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

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

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

T mBE

QIR e(s,a)? — e(s,a) = Q(s,a) — V(s) —— tBFR/IAdvantageRAs]

28
Ziyu Wang et al. Dueling network architectures for deep reinforcement learning. ICML 2016.



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 S

Q(s,a;0,a,8) =V(s;0,B) H(A(s,a;0,a) — mea%A(S' a’;0,a))

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

Ziyu Wang et al. Dueling network architectures for deep reinforcement learning. ICML 2016.
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Ziyu Wang et al. Dueling network architectures for deep reinforcement learning. ICML 2016.
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Ziyu Wang et al. Dueling network architectures for deep reinforcement learning. ICML 2016.
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Atlantis - T96.67%
Tennis - 180.00% !
Space Invaders - 164.11%
Up and Down -
Phoenix -
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Chopper Command -
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Time Pilot -
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Road Runner -
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\Len.té.lre . [ ] !
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FishingQD'%rbr% . [ LRFD J
*Bert - B 27.68% ! o
Zaxxon - W 27.95% . g Q '_5 Q yr-l'tb
Ice Hockey - B 26.45% | Duel | n D N D N
Crazy Climber - R 24584% .
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 - N 5.54% |
Dermon Attack | R lized perf
emaon ac ' L TBY
‘“ﬂ‘%r%‘% _ LT normailized periormance
.E.R.O. - | 2.31% !
Skiing - | 1.29% , .
pital it -agent score — baseline score
Robotank - | 0.32% J
font Revenge - | 0.00% +
ontezuma's Revenge - . , .
Private ;39 | | o max{human score, baseline score} — random play score
awilin - -1,89% !
Turankharﬁ . ] -3.38% .
James Bond I -3.42%
Solaris - H-73T%
Beam Rider - W -3.71%
Assault - Hl -14.93%
~ Breakout - Hl -17.56%
Video Pinball - [ e

Freeway I -100.00%
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Asterix -

Space Invaders -
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Wirard OF War -
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A097.02%
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. 24
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I 21
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normalized performance

agent score — baseline score

" R
i e L B D O L LI P R DD

o3 max{human score, baseline score} — random play score

-58.11%
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- I -7 T.99%
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I 5022 %
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Ziyu Wang et al. Dueling network architectures for deep reinforcement learning. ICML 2016.
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DQOQN: —KAZMTEIQERIL. B, BETIRFRE
Ve =1t +¥Qq/ (St41,arg n}la,lx Qo' (St+1,a"))

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

Double DQN: fEBSITaNEFEAUMEMIT. BRDQNID SE1T A

Yo = 7o +¥Qp (se11, arg max Qg (se41,a"))

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

Dueling DQN: #E4ERMEFITEIAVAEGIRER. ZFhadvantageREGER
1 ,
Q(s,a;0,a,B) =V(s;0,B) + A(s,a;0,a) — mza,A(s, a’; 6,a)

35
Ziyu Wang et al. Dueling network architectures for deep reinforcement learning. ICML 2016.
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Hessel et al. Rainbow: Combining Improvements in Deep Reinforcement Learning. AAAI 2018.
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