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O




HFERFS

Gy = Rey1 + YRey2 + V?Reyz + - = Rppq1 + ¥V (St41)

V(St) <« V(S) + a(Rt+1 + YV (St41) — V(St))

! T

WHE  XIRSRRYEN
O MEED AEERENE B 75>
O MEFEER AR T OEEHE T 20
© FEEMCGRIN S /RARARI BRI/
O @idbootstrapping , BIFED NAFTER R EHZS
0 FRESD EFSprulEfEz ZErfETT Rit R (IFEHE )
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1o rig vs. IFEZES (MCvs. TD)

HERAIBR - N FRVEL RSV T
O BEMHITEXFERBERE (MC)

- BEFTERE (S &R ZEIT G,

V(Sy) < V(Sp) + a(G, —V(Sy))

O XERNNFESFIFE (TD)

« B#EV (SHEZBE ST E TRt + ¥V (Se41)

V(Sy) < V(Sp) + a(Rey1 + ¥V (Sez1) = V(SY)
© BFEEDERR : Repr + vV (See1)

© BIFEDIRE © 6 = Repr ¥V (Se11) —V(Sp)
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'Ij(:u (éj\%q]) |E—l_] }J\'lj_ & Hj-|E—|_|
BHE] 0 30 30
FHABE
o 5 35 40
=5/\
%F;; BA 20 15 35
RFEEIRE 30 10 40
DI
AP 40 3 43
el
#I) 43 0 43
45 -
actual
outcome
Predicted 407
total
travel  35_
time
. A RRE S
ey A 0 Breay et o 53




St g (MC) fIlIFEZES (TD ) BIAER=

RERD : BEBENERERER ZRHITES
B REDBeisE
SRS , BERIEITREIER

RRFES : b R RS R T2
T R BEB RSB RR B ]
-8 B SR ch S
A RS S) TEESS, ( ) TR T T
SRR BETE R ERILAS ( ) TSR I/E



{RZ ( Bias ) /3% ( Variance ) RIfN{Es

O RIHRMG, = Reyq + YReyz + -+ + YT R BV (S TARIELT
O MFRERELEITR 1 + YV (St )RV (ST Rkt
0 BIFFZED HITRe + vV (Ser) BV (SORIBRiELT

\_'_I
SEMELT

O FED BinEBLLRIT R E (TS =
-« RUREI—BURTZ 206 a0F | Z 200 M= 220
© WFRED Bin——BRT LM | BN SEEE 222 )
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St g (MC) fIlEFEZES (TD) BILER= (2)

MC: TD:
V(Sy) « V(Sp) + V(St) « V(Sp) +
a(Ge = V(Sp)) a(Res1 + YV (Ser1) — V(S))

S rcEERRnE , KRE WEZoBERnE  GRE

- RIFAIUTEIER - BREIEFRERSEINEM
. [P RAOR AT RIALILL - B EEE S ERIAEIV ™ (S,)
XYW EA B - (B{FERRELIUFARRELT

- BT EMRER S S SN E R
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B—R) @) ~—0=—0~—6—n

Estimated
value

0.8
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0.2

start

?7

true
values
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FEHLibFERYGIF

0.25 -
0.2 |\%:

RMS error, 0157
averaged
over states  0.1-

0.05 =

Walks / Episodes
V(Se) <« V(S + “(Rt+1 + YV (Set1) — V(St))
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=

5

+igRMEIERE ( Backup )

V(Se) « V(Se) + a(Gt — V(St))
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BIFZES RRAIERE ( Backup )

V(St) « V(Sy) + a(Rt+1 + YV (St+1) — V(St))
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BRI =& ( Backup )

V(Se) « E[Rty1 + ¥V (Sea1)]

S
(U




READN

KO0 RN L g BY e 1=

G RS =iy

SR FE IR
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NSHRK
(ERREYLTT
TIRBUEHI X
SEULEREL

I7|<J

RESHEE

AEBRUTFS - MERE

I7|<J

AERUFS) - RIELA




MHIBIT A2 , {1330

MFRIEHAZFRY - AATVT™(S)

V(S:) <« V(S + “(Gt - V(St))

V(S « V(Sp) + a(Rer1 + ¥V (Se+1) — V(Sy))

ETVREL , WS TEI ?

m(s) = argmax z Psa (s)V (s")

s'es

BEER R
BT QHREL , ANTERFATE) ?

n(s) = arg max Q(s,a)

FLE |, (51T QRERIEZEITE (=4 ) BERIMER

@ KSs , 1T Ea

C

T
) BBETF— RS

@ &', FUTEEa
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SARSA

O X TFIARRBHPITRIEAD IS 2 E-ZR-IE-a01F ) Tl
Ws , FITEEa
WEZIZZ B

BRI F—RESs

Ws' , PATa0E

O SARSAEFRZE-ZHFERET
Q(s,a) « Q(s,a) + a(r +yQ(s',a’) = Q(s,a))
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{{EFSARSARYEISRHERE ]

Starting Q
Qe T

Q@
45’%\6 —_— 1
o _|aremaxQ(s,a) REFHEER 1 1-e
, =

UQ,lAl)  REHER: e
B EELK
REEITE : SARSA Q(s,a) « Q(s,a) + a(r +yQ(s',a’) — Q(s,a))
SRESEUH : e-greedyRERSUH
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SARSARi%

Sarsa: An on-policy TD control algorithm

Initialize Q(s,a),Vs € §,a € A(s), arbitrarily, and Q(terminal-state,-) = 0
Repeat (for each episode):
Initialize S
Choose A from S using policy derived from @ (e.g., e-greedy)
Repeat (for each step of episode):
Take action A, observe R, S’
Choose A’ from S’ using policy derived from @ (e.g., e-greedy)
Q(S,A) + Q(S,A) + a[R+~Q(5", 4) — Q(S, A)]
S+ S A+ A

until S is terminal

T FEFEEFRED RS (on-policy TD control ) ER=RIZEES AT EAR
. BP, SARSAEEZRRIF "A" &R EIZI%EN
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SARSAZfI : Windy Gridworld

s G +

standard
moves

O 001 1 1 2 2120

FERIRED = -1 , ERIEREUMIRIA BiRk1E
kil

67



SARSAZfI : Windy Gridworld
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Q-learning

SR FEBERE 0(s,a) € R, REELASHS
—FSETE ( ) 75

REREREY , —RRZRLEERIRES | u(l s, ) € R

T
HWE=SiE) , a ~ A
Q(se, ap) = z VtR(Str ac),a; ~ p(se) -
t=0

RZHIEREL , R(sp,a.) ER

ERT Q(st,ar) = R(sg,ar) + vQ(Set1, Ary1)
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FeRliEs

a7 REFS

O BHireREg n(als) FHTERETES (VT(s)EQ™ (s, a) )
O ?‘j’?ﬂ%ﬁ% ,Ll(CllS) q&%ﬁ&?& : {Slr aq,12,S2,0az, "'JST}NM

AT AERRREESFS

O ERRZ (exploration ) FIFIA (exploitation)
O B WERAREE MM EREARF IR

O ERIHREATERER

0 BEEREFRBIZEI &R

O BRE—RBEZEI SRS

O ESIHMSRIAFETH— M+ ( xboxERHESRF )
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Q-learning

THRERMEXRE (AHA7?)

HRIBITRESISIEDNE a~u( |sy)

TRIE BRI R EEEE 'y~ (- |se)
B#RQ* (st ar) = 1t +vQ(St41, At41)

EFQ (st an) HHELLBIT BARIAE-2FE

Q(spar) « Q(spap) + 0‘(7"1:+1 + YQ(St41, Ap41)| — QCSt, at))

ap 1 NREETHIZUE | TIAFSRESu
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{EFQ-learningf) R RHEIE|

TRV T HSRIEF] BARCRRS AR TosH
BiRcREgT 2R TQ (s, o) IR RER

(St+1) = argmax Q(sg+1,a)
TR URRTQ (s, a)He-BAILIRES
Q-learning B EAT LAE{L

Te41 T VQ(St41, A1) = Te41 + ¥Q(Se41,arg gl,aX Q(St+1, At11))
t+1

= Tt+1 Ty max Q(St41, Ats1)
Att1

Q-learningE# AT,

Q(spar) « Qs ap) + a(reyr + y max Q(Seqq, Atr1) — Q(sp, ar))

A1



Q-learningiZHI&ELX

R&s , FUTEERa
I WZR Ffr

/%g\iﬁzéw—qms'

®@ O O IS, PToHF arg max Q(s’,a’)

Q(spar) < Q(spar) + a(reyr +vy HELE}X Q(st41,a") — Q(st, ar))

I : Q-learningiZHIW SR ERICIA - EERREL
Q(s,a) - Q*(s,a)

BAUERBIEN : https://hrl.boyuai.com/chapter/1/BFEDBiE
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Q-learningiZHI&ELX

R&s , FUTEERa
I WZR Ffr

/%g\iﬁzm—qms'

®@ O O IS, PToHF arg max Q(s’,a’)

Q(spar) < Q(spar) + a(reyr +vy Hzf,lx Q(st41,a") — Q(st, ar))

A AREEEEEREE ?
AT RS- A BT R R A E R
S AR T S TR ISR T

74



READN

O oo N bhwhH

G RS =iy

R E I AEES
H/RAIRIRRITFE
NSHRK
(ERREYLTT

ForREY

=R

SELIEHRE

RESHEE

REBREES - INMERX
RNERUFS - RIELA




MMERSBEIEE

D« akEEHE - iEATEAE



SEULERENE

MESEUL (TFEIN ) RECRITMEREL

OBIRUREIRISE , LB B FEIHITE

Vo(s) = V" (s)
QQ(S' Cl) = Qn(sr a)

SEUR A ERFIE T RS ZHRIRE RS E

Vo (s) Qo (s, a) — L6 pRIETIA
(—h%BY ) ZiHiRE
T T LS P 288

R

ISR

/\/\ /\/\ B2/
A {IERER

(—ARAY ) ZetEREY

SHY , AFIRIZ[E) 73 FRYEY

]|

6
fERLZ 2%
T T T B IR EREESEIE
S a
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BFFEtNEEE TIE ( SGD ) RIERZIRM

Bir : RIS EIH/IMUEREITIVMESELEZERNIGIRE

J(6) = Ealz (V() ~ Vo))
RN

_ 9O _
80

ERORKALIHITHEN B TP

avV,
El(V7(5) — Vo(5)) o)

d/ ()
a0

=0+ a(V”(s) — Vg(s))

0 —0—a

dVp(s)
a6




HIHCIRS

}Eﬁ_/\ '?IEHE%ET'V(IU

O LAEFH=H a9
- 3DfE
- 3DIRE (ERIRMLE )
- 3DINEE (1EENZEHE)
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S IEIRSEBENEL

PR IE A S =B R
Vo(s) = 8Tx(s)

1
J(0) = Ex |5 (r7(s) = 0"x())’|
RTTREHVE R R AES AT 2 BB e |

aJ(0)
0 —0—a Y

=0+ a(V”(s) — Vg(s))x(s)

Sk WURE FHIEE
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i r i IASERENE{

0 <6+ a(V”(s) — Vg(s))x(s)
BAIARV ™ (s)FRELRIBIRNMEREL

£ "IgEER" AR EFIXMEREH TN
(51,G1),(S2, G2), ..., (ST, GT)

X FENEUEER(s,, Gr)
0 « 0+ a(G, —Vg(s))x(se)

ERS RS T EAR =l el N b = n:

EMMERENZMERER T LS EI £ BRI
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RFERSIASEREZE

0 <6+ a(V”(s) — Vg(s))x(s)
R FREDEIZNBITR . + YV (Ser) BELZBIRMMEV, (s B R

T &L LR EES
(51,12 +¥Vo(52)), (s2, 73 + ¥YVo(53)), -os (ST, 77)

X TFENEORER (s, re41 + ¥V (Se41))
0«0+ a(rt+1 + ¥V (St41) — VG(S))X(St)

LB TFEDFS (1R ) BB
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RS- FEREHE{

XU E-AEMERREOH T

QB (Sr Cl) = Qn(sr Cl)

&/MYTIRE

1
J(0) = B |5 @7(5, @) - Qo(s, @)’

TEREA D TRE R E TN bE

0/(8)

0—p—
YT 50

=0+ a(Q™(s,a) — Qg(s,

a))

aQQ (S, Cl)

00
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ZIE RS- FERZNEL

FfFHERERTSAS-sEXY
x1(s,a)
x(s,a) = [ : ]
X (s, a)
ZEBER T, SEEREN
Qo(s,a) = 0Tx(s,a)
A FERE R R PR

a/(0)
26
=0+a (Q”(s, a) — 0Tx(s, a)) x(s,a)

0 —60—a




BIFESIRS- s EEERENEV

5Q9 (S a)

0« 60 +a(Q"(s,a) — Qo(s, @)

NTFREFEFS , BIin2RITRAG,

0 )
)) Qea(; Cl)

YNFIRFRERDFES , BinErie: + ¥Q0(St+1, A1)

0 —0+a(G,—Qq(s,a

aQQ (S' Cl)

0«0+ a(rt+1 +vQp(St+1,ar+1) — Qo(s, a)) 00
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BIFESIRS- s EEERENEV

Starting @

m = e—greedy(Qp)

SREGIHE - ITURES(EQe = QT
SREQISUH © e T SRERHSUZ
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HEFESFISHEmMIE

XJFTD(0) , FRESFZINBIRE
IWSBERREL

0«0+ a(V™(s) —Vy(s)) Ve (st)

a0
=0 + a(r1 +yVo(ser1) — Vo (s))
o E-IKS{ERRIEN
0«0+ a(Q"(s,a) — Qq(s,a))

an (St)

aQB (S, (l)
20

=0+ “(Tt+1 +¥Qo(St41, Arp1) — Qp (s, a))

aQe (S a)

BRERFESFINBIRFPEHIN , BERNAAFTETEBIR
ERERIBE. BEXZENTA?
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SRR

AR5 15 RIS S EHL
mg(als)

SRERETLAZHHE ERY

a = mg(s)
AT LAZREHAY
nmg(als) = P(als; )
0 ERIBHISEY
B RIS Z A BIRFRVAS L
XEFETICHRTEEREFS

89



BT REERIEAFS

ENEZEIFIBR , BIRXURESAYEIE R
BEEEFAIKESIMER

EEHEREEEENI LA EERY
REENRER | ETERSNGL  BEEENREAE

BEtE = > LH BB RIS

BRSNS RERAMmIFERERA
THME— P RIBBEBERNEESIFEERKRISZE ( variance )



sREGHEEE

O 33 FhEtLoRREme (als) = P(als; 6)

0 B EBAINIZ
- PRSI A AL R IR E LIRS
. RS M/ R R E IS
0 — NGRS R SR T
1. ¥19a1K06 3. IRIERISIEEE RO 5. {RIESRISEEEEHT0
e e e
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IIIIIIIIIIII 11
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2. KENEMEA2 4. KENEIEAS
WEREIERYEZIAD PSS AN E )
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B DRARRRIIEPRIREEEE

EE— NERRLS SR RRRIIE
IR s ~d (s)
RRIFEEHI T RRIFER |, FRIGRIMENI,

SRESHIMN{ERAEE

J©) = Egylr] = ) d(s) ) mp(als)rg

SES acA

0](9) Z ()zaﬂe(aIS) o

SES acA




{LAPAEL (Likelihood Ratio)

IAREERI AU IE

dmg(als) 1 dmg(als)
00 mo(als) mg(als) 06
dlogmg(als)
= mg(als) Y:

)EEL\)\%H]%E/‘JﬁI\{EHHtEEEJL\)\%IEE

J©) = Enylr] = ) d(s) ) g @l

SES acA

a](9) Zd( )Zaﬂe(GIS) o

SES aceA .

=>4 Y motalsy L @i a

SES Q€A 0 rmmmmTmEemeeeeeo-s

- Ologmg(als) | m—smarilmis Md(s)-hRaERA RO
mo 00 U camreanreasERilEt
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SREGEEE EIE

O RIS EEIEEALLRHESII IR Z R Z Z S/RAT SRR RITIE
© FKEARUNMERER Q™ (s, o) NERIERIBHATIIED 754
O SRESEEEEES
- RIS EIRRE, IR BIREE Jwr  FIFMEBRTREEL oy

O EiE
. ?%}?E%fﬁﬁﬁﬁlﬁ’ﬂﬁ%ﬂ% mg(als) , (ERCRESHIBIREREL ) = J1, Javr Javy + ELEREG
S

6](9)_IE dlogmg (als)
0 e 00

Q"0(s,a)

IR IEIEE=:
1. Rich Sutton’s Reinforcement Learning: An Introduction (2" Edition)38 135
2. hFFEAFSIRIRERERIMISRE https:/hrl.boyuai.com/chapter/2/5 RS AR E%
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1o riaeriatbE ( REINFORCE )

I FRREY R _EFr a4y
M RIS E e
MARITRENEGAF/9Q™ (s, ) TTIRKAE

dlogmg (as|st) G
FL) t

A9t=a

REINFORCEEZ

initialize 6 arbitrarily
for each episode {sq,a{,ry,...,ST_1,ar_1, I'T}~Tg do
for t=1 to T—1 do
0«0+ a:—glogng(atlst)Gt
end for

end for
return 6



1o riasriatpE ( REINFORCE )

dlogmg (a¢|st) G
30 ‘

0O A@id 2R roll-outflG I EREITQ (s, ar)

A9t=a

St a;

96



[E][i% : REINFORCE f={E/Y|n)H
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BEBRT , FREES , REINFORCEZ 8eE##ITE R 140
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(REWEF AR
SCfRAR , REINFORCEFHE )| 5E0E
BlERE ( )
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Actor-Critic

0 Actor-CriticRyE8 28
- REINFORCERMEHREE : A= SR ER AT (se, a)BYEC,
© T AREL— AN ENZRRHERERQ o RERX MEITHIRE ?

0 &R (Actor ) FIiFigsR ( Critic)

————————————————————————————————————————————————————————

 ER me(als) TSR Q0 (s )
v SREGEHEEITES E/EE%EL‘I'IA E
BRI EERR RERHEFTRINE
; e ERETE :

———————————————————————————————
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Actor-Criticill&

FFEZKCritic: Qo (s, a)
FoERETTSRE QRS ( ) B9EEINE
Qo(s,a) =1(s,a) + YEg (' s.a).a’ ~mp(a’ sy Qo (s’ a')]
yEActor: mg(als)
S SREECriticHERIEE
J(0) = Esepnylme(als)Qo(s, a)]

0J(6) _ . [dlogme(als)

9 ~Em |7 g9 Celsd)
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A2C : Advantageous Actor-Critic

O B8 : BERE— " EERECRINECTeRAIFI o
- BEERES | BERRENMENR | RERIEHEHR
- H—ELRESE
O fLEBEREL ( Advantage Function)
A™(s,a) = Q" (s,a) — V" (s)

A T
6 3
5 2
: : "
1 I I ) I P T
0 ] -2
A1 A2 A3 A4 A5 -3
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A2C : Advantageous Actor-Critic

RS- EFMRERRZL

Q™(5,0) =7(5,@) + VEgr (s aya’~mp(a’|s") [Q0 (5", @")]

=r(s,a) + YEs p(s'is,a) [V*(s")]

RN R BRSNS ERECRIN G I REL

A"(s,a) = Q™ (s,a) —V™(s)
=r(s,a) + YEs p(s'|s.a) [VT(s") — V(s)]
~ r(s,a) + y(V”(s’) — V”(s))

SREET— MRS
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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

REBAEIFERUFEIE /f ﬁJzLJ\Jr”Fﬁ:zéUJﬁﬁE'JH RS LY n)R

Slide from Sergey Levine. http://rail.eecs.berkeley.edu/deeprlcourse/static/slides/lec-1.pdf 104
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RIERESFS (DL) #8MLFS (RL) E6E—RBEREMFA?
MBI RETIAETE A T R
R e
HELMRRE 145
SRS
EEARIHIE
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AR FS - i{EREDQN

AEQMEZS (DQN )
FIFREHEMEZIHITQ (5, ) RETHIUTIA
EIBEQ (s, ORETERMNTE . DQNMBIRIEHMANAs , BWH AT aINE

Convolution Convolution Fully connected
v - -

'n
(=
<
8
S
5
@
Q
Q
@
o

o | O

oof | E ) B ! :
BE-oeos -0 (o

o]  E\= :

o ] @ b

ANOAANOAAN z
+ 8+ ++R+R+ R+t ¢ 6 * 9
CEEEEEEREEL L]

Volodymyr Mnih, Koray Kavukcuoglu, David Silver et al. Playing Atari with Deep Reinforcement Learning. NIPS 2013
workshop.
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A= QML (DQN )

O EREHAERMERKIER EIA Qy(s, a)
- BIEARE
o TEEERIFBRIBY {(st, ar, Se41, 1)} BRI DT,
* {(sg,ae, Se41,11)} yg){k%lt\_ﬁ]1,E_—F_)lk%§_lﬁH:Eiﬁj)\o
© Qg(s,a) BIBAEEF.

O 2I8[EIHY - FE)ISIRZFRIE— e = (S ar, Sea1, 1) TEX
1&@EE D F , KEFRTIRMIIS S0,

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

“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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- ERRIASEL, B3 0~ , BfE ¢ ZAIGMNENSERE—IX.

© BURIERRIRK R

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

2

—

=+

—

’
st

o

0

-

Qo-

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

1 WEREHRE © (£ e—greedy SRESHITIRR | BIERRPINSINFE
(Se» g, Sey1, 1e) TRANETGH ( replay-buffer)

2. KtE  NEHERESXRF k T PIRGA

3. EEFTMIZS
- FARESRIRVEUELTE Loss
- BT Q REES 6
© 8 COREN ( EFTQREMLS ) ER—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 PR it

QREREHIE Sfdit
TargetlE y; =1, +v max Qo(St+1,a")

max BR{ERE1S Q REANE
Rk , EESTHESLE

JEETHRE

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) 111



Q-learning PR it

0 QRENII SLITIEEBEEIRE TN ERARSEE

15 — maXaQ(S a) — Vi(s)
= 1.0 mm Q'(s,argmax,Q(s,a)) — Vi(s)
=
© 05
0.0 ﬁ
P o P CRIN7
A

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) 112
“Double Q-learning” , van Hasselt.(2010)



Q-learninghid {hitAYHIF

True value and an estimate All estimates and max Bias as function of state Average error
2 2 ' ax. O:(s.a) — max s
1 \ Max, Qg(s,a _ 1 max, (Q¢(s,a) max, (0.(s,a) L0.61
V — \\ \ P -k‘\\\
. A P~ A . :
0 0 ~ _;/ SN 4 0 —0.02
—p - _1 [) ) t1imait
-9 =2
9 9 maxaQ ( ) 1 max, (:(s,a) — max, (')_{\_:/l L0.47
- — -—
N 7 7 N\ ~ 0 - — e
0 0 g N N Double-Q estimat
4 s o !
Q¢(s,a) ! \ maxg Q:(s,a)l 1
¢ - -~
- B ! LIV N | ! 35
N Y L ¥ 17
0 N 0 el - oeiok { -
Q.(s,a) 2
-6 -4 =2 0 2 4 6 -6 -4 =2 0 2 4 6
state state

O iﬁ% XHANRE , 10M&IE(TE) | RERELMNERE , FRZ
R, RSN EREL

O FEFIRERIONMTEIQ. (s, a)fhit , FEBmaxfg , SE3LQ. (s, ) EIEAK

74 AN

“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al. (2016) 113



Double DQN

O SERAARRRIMNZERGEFIRSR

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

=

Double DQN ¥yt =1t + V¥

(St+1,arg n}f}X Qo(St+1,a’))

3%l 1Z5]

pali

“Double Reinforcement Learning with Double Q-Learning” , van Hasselt et al. (2016)
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£ Atari IHIEHRRYSCISEE R

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) 115



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) 116



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) 117
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0O QMBS EEXRER/NEPIRTS
O RSERFNZIRAEN | — IRSERERTNZ 1N AdvantagelRE]

IRESMEREL AdvantageRE

VALUE

ADVANTAGE

ALAEARE EEMF
RS2 S FUdFriHiZ
IRSBITFIR,

EEXE

(saliency maps)

A LRERFRIEE M
advantagex&£ R
agentERIB I IES
IEEERSI
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£ 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) 120
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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) 121



READN

O o0 Noyn bk W=

G RS =iy

SR FE IR
H/RAIRIRRITFE
NSHRK
(ERREYLTT

ForREY

=R

SEULIEREN

RESHEE

REBREES - INMERX
A FS - SRR




853 . chsthEEE

O RIS EEIEEALLRHESII IR Z R Z Z S/RAT SRR RITIE
© FKEARUNMERER Q™ (s, o) NERIERIBHATIIED 754
O SREBBEEEET R
- RIS EIRRE, IR BIREE Jwr  FIFMEBRTREEL oy

O EiE
. i%&%fﬂ?%ﬁﬁ’ﬂﬁ%ﬂﬁ mg(als) , (ERCRESHIBIREREL ) = J1, Javr Javy + ELEREG
S

6](9)_IE dlogmg (als)
0 e 00

Q"0(s,a)

1FHUERRIS 2152 Rich Sutton’s Reinforcement Learning: An Introduction
(2" Edition)5513%
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SREGRILERIEEE

XITFBENLRRES , —RRRERIE— M TaRIEiERE SoftmaxsLil
efo(sa)

Za, efo(sa’)

mg(als) =
Hrehf, (s, ) BAIRS-1TaIIF T o REL , RHoSEUL |, XAILAES—
FEEE ) 25 S SCHR
Hlogex\AIHE S

dlogmg(als) 0dfs(s,a) 1 fo(sa dfg(s,a’)
= _ z efo(sa
00 a0 Za, efO(S,a’) a' 00

e fo (s, @)
= EYe a'~mg(a'|s) EY:
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SREGRILERIEEE

0 HlogtER
0logm(als) _ dfy(s.@) 0fo(s,a)
90 T 96 a'~mg(a'ls) | " g
O ERERREIEE R
9)(®) _ [dlogr(als)

K S a)]

(0fa(s,a) 9fo(5, a0\
5[0 o[22 o)

e —
RAEBEERE = AR B
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RIS EFIQ-learningAIXIEL

- Q EIFEFI—1H 0 EASERIREL Qo (s, )
« LB As/IMETD error

1
J(0) = E [E (Tt + yn}la,lx Qo' (st+1,a") — Qo (st at))zl
- BETOTE 31(6)
0<0—a 50

=0+ ak_ [(Tt + )/Hzlé}X Qo' (St+1,a’) — Qo (s, at))

aQQ (S) Cl)]

- RIEHEEFI—1H 0 EASERIRIET (als)
. (AL EFREIRERSRRSAONME (LS ENER )
max J (6) = Ey,[470 (s, @)]

ERE ) dlogry (als)
ogmg(als
0<—0+aW=0+alEﬂe 30 AT (s, a)
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"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC 127
COMPUTATION GRAPHS” , John Schulman. (2016)



AISXIHZRAZ{E4L Trust Region Policy Optimization

TRPOSREEHERIAL B IR

O U BIRRImFAZZC
© B J0) = Erepy) [Ze v r(se ap)]
© EARVT(S) = Eguny(sy[Q™0(s, )] = Eamry(s)| Erepg(m) [Zsp=sax=a ek ¥ (s, a)l]s
© FRLMAACBARRIE ZFZENE 1 J(0) = Egympy(se) [V (50)]

O T : 3k

O s @ YIRIRTS

O s, ap, r(span): t RZIBPRZS , aERIZEHE
O me : EFARVZRRS

O 0 : FKREEATERISE

0O Q™ F1 V™ : IKEE my THY Q BEESIRSERE]

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC 128

COMPUTATION GRAPHS” , John Schulman. (2016)



J(0) = Ezepy [Xevir(se apl

TRPOI4t. BfnBtit = J(0) = Egy (s [V (50)]

J(6") —J(6) =](6") — Esy~p(so) [V (s0)]
= ](9,) - Er~p9/(r) [Vﬂe (SO)]

maksnnts =J/0) —Eiyp YV (s,) — ) ytVTe(s, )]
S6Fc% ’ Z z

=J(@') + Er~p9/(r) Z YE(yV™o(sp4q) —VTE (St))]

=[E

T~p g1 (T) Z ytr(st, ag) |+ [Er~p9/(r) [Z Vt(VVne (Sgp1) —VTO (St))]
Lt=0 t=0

J(@HBIENX

= IEr~p9/(r) Z yt(r(st, ac) +yVme(se ) =V (St))‘

Er~p9/(r) [z Y AT (s, ap)] Q™8 (sr,ar)
t=0
AT0(s¢, ar)
= Q™6 (s¢, ap) =V (sp) A EXRF

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC
COMPUTATION GRAPHS” , John Schulman. (2016)
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(EREEMERE

O EAHEREEMRAE (Importance Sampling )

J(8") = J(6) A™0(s¢, a,)

00 = Q™0 (s¢, ar) —V™ (s¢)
= [ET~p91(T) [Z VtAne (st at)]
t=0

= Eopiy 50 Bagony agls) [V A™ (st a0)]]
t

g (ae|st)
B Z Esi~pgi (s [Eat~ﬂ9(at|8t) [779 (@,]50) ytA™ (s¢, ar)]]
t

/ \

{52872 por BERMERF
( UTfAHRAE )

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC 130

COMPUTATION GRAPHS” , John Schulman. (2016)



BERASDHINER

O SRIEEFRIRRIEZ BN |, BTLASL po(se) = por(se).
- RIR{ERFREMESRE | 23 1y (se) # o (s¢) AIBIER/NTeld
- EREBIRERENSRREE , Ha' ~my (- |Isy) # a~ mo (- |so) BIERNTF bt
© por(sp) = (1 —)pe(sy) + (1 — (1 = )DPmistake (S¢)
* Iper(se) —pe(s)l = (1 — (1 — €)% [Pmistake (St) —Po ()| < 2(1 — (1 — €)") < 2et

T

(1—-e)>1—¢€tforee€[01]

, o (e |St) o
J(0) —J(0) = Xt Espnpysp [Eat~n9(at|8t)[7.[z(a—:|5:) yrAO (st, ar)]]

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC 131
COMPUTATION GRAPHS” , John Schulman. (2016)



TRPOZYSRFERRAIZZ(L

(FERKLEVELIR RIS EFIIRE
mgr(aelse)

/ typgm
0" « arg mﬁxz Esi~pg(se) []Eat~ne(at|5t)[n9 (at|s;) y AT (e adll

t
such that Es, ., (s [D(mgr(aclsy) Il ma(acls,))] < e
o LMERETREREAFEIEERKES Z ( WalFEE=E311.377)

SCPRZZ{#Hconstraint violate as penalty

0’ « arg max E [E [ﬂel(atlst) LA™ (s¢, ar)]]
g o' St"-’pg(St) Clt~7T6(at|St) T[Q (atlst) y tr Yt
t

—A(Dk1 (g (aclse) Il mo(aclse)) —€)

it L3 . 5o’
BT A < A+ a(Dgy (mgr (aelse) Il mg(aelsy)) — €)

"OPTIMIZING EXPECTATIONS: FROM DEEP REINFORCEMENT LEARNING TO STOCHASTIC
COMPUTATION GRAPHS” , John Schulman. (2016) 132
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TRPOZRIEHHHAT R I {RIE

4ey
€ = max |A,(s,a)]|

> . max ’ —
J(0") = Lg(8") — C - DZ3**(6,8"),where C a=)2 na

mgr(aelse)

L9 (9’) — ](9) + Z Est~p9(st) [Eat~n'9(at|5t)[n_0 (atlst) ytATlfg (St' at)]]
t

n(e) L(8)-C-KL L(8)

“Advanced Policy Gradient Methods: Natural Gradient, TRPO, and More " , John Schulman. (2017) 133
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Line Search Optimization in Trust Region
(like gradient ascent)

https://medium.com/@jonathan_hui/rl-trust-region-policy-optimization-trpo-explained-a6ee04eeeee9 134



Bl TRPO

0 TRPOfFERKLEUELA R RIS EHAIEE
0' « arg I%E}XZ Es ~pg(se) []Eat~ﬂe(at|5t)[
t

such that Dg; (yr(aslse) Il mg(aglsy)) <€

ﬂe’(at|5t)
mg(aglse)

yrATO(sy, ag)]]

- {EAconstraint violate as penalty

0' « arg max E [E [ng,(atlst) LA™6 (s¢, a)]]
8 9’ se~po(st) at~71'9(at|St) n@(atlst) 14 tr Yt
t

—A(Dg 1 (mgr(aelse) Il mg(aelsy)) — €)

1. =, EFRo’
2 Bl 1+ a(Dgp(mgr(aclse) I mg(aelsy)) — €)

TRPORIAE O BEEMELCAITRIIATTE

O SKAFLIRIUALERRAIEE
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i SRAS UG
PPO: Proximal Policy Optimization

PPOTETRPOET LAY
L &t BiR

conservative
policy iteration

LCPI(H) _ fE\t [ g (atlst)

Al =E,|r(0)A
neold(atlst) ‘ t[ ’ t]

LELP(9) = E¢|min(r (0)A,, clip(r:(0),1 — €, 1 + €)4,)]

A<O

err 270 M TSR
: r LCLIP (g) < [CPI(Q)

#Er = 1R
LCLIP(Q) — LCPI(Q)

—4 |
0 1 1+4e¢ LCLIP

Proximal Policy Optimization Algorithms, John Schulman, et al. (2017) 136



PPO: Proximal Policy Optimization

PPOTETRPOET LAY
L &t BiR

conservative
policy iteration

~ | melaclsy) - =~ A
LCP1(9) = E [ Al = E; | (6)A
‘ neold(atlst) ‘ t[ ' t]

LELP(9) = E¢|min(r (0)A,, clip(r:(0),1 — €, 1 + €)4,)]

2. (NBREAERSEFED

~

Ay =—V(sp) +re+yreps + o+ vy e + vV (sp)
EERERH |, BTLREIEHITN Nactoril EET 2R EIE

IHEE8PRIA, FOLMP () , ¥pkmini-batch
EHFSH0  HEHOo1q < 0

Proximal Policy Optimization Algorithms, John Schulman, et al. (2017) 137



PPO: Proximal Policy Optimization

PPO7ETRPOE il _ERIZuH

3. BEMNAIKLEESTIESE
mg(aclse) - ]

LKLPEN (g) = E, [ A, — BRL[ms, (- 15016 150)]

g 14 (atlse)

AR5
+ HHEKUE d = B, [KLfro,,,C Is)]maC 150

a) WIERd < dearg/1.5 , BHB < /2
b) WNERd > diargX1.5 , EHB < fx2

Proximal Policy Optimization Algorithms, John Schulman, et al. (2017) 138



PPOSEIEXTLL

No clipping or penalty:
Clipping:

KL penalty (fixed or adaptive)

o« TEEHEHIRIIAG

« 34 ‘random seed

- BAEXRIE1007
episode , 2118 ,
EEHE

«  Ex{Escorel3—t 91

A

L{(@) I‘t(H)A[

L:(0) = min(r¢(8) Ay, clip(r¢(0)).1 — €, 1 + €) 4,

Lf(H) = ‘I‘t(9)14t — '3 I<L[Tr0old . T‘l'()]
algorithm avg. normalized score
No clipping or penalty -0.39
Clipping, € = 0.1 0.76
Clipping, ¢ = 0.2 0.82
Clipping, € = 0.3 0.70
Adaptive KL diarg = 0.003 0.68
Adaptive KL di,, = 0.01 0.74
Adaptive KL diarg = 0.03 0.71
Fixed KL, 7 = 0.3 0.62
Fixed KL, = 1. 0.71
Fixed KL, 3 = 3. 0.72
Fixed KL, 3 = 10. 0.69
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