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Abstract  Reinforcement Learning has been developed for nearly 40 years since it was proposed.
In recent years, with the breakthrough of deep learning, reinforcement learning has achieved
many achievements, such as AlphaGo, AlphaZero, DouZero, and so on. Reinforcement learning
has become one of the most promising paths to strong artificial intelligence. More and more
researchers are trying to apply reinforcement learning to solve sequential decision-making tasks in
their specific fields. However, practice studies show that applying classical reinforcement learning
algorithm does not directly meet the practical needs. There is still a great challenge for researchers
and engineers to design efficient reinforcement learning algorithms for real world decision problems.
There are still three problems for reinforcement learning applications: (1) What is the optimal
solution? (2) How to ensure the stability of the algorithm? (3) How to speed up the convergence
of the algorithm? In recent years, reinforcement learning has grown rapidly with the rise of deep
learning, and a dizzying array of algorithms, techniques and tools has emerged. There is an urgent
need for researchers to view the latest reinforcement learning techniques from a unified perspective.
From the unique perspective of the fixed point, reinforcement learning algorithm design includes

value function-based reinforcement learning and policy gradient-based reinforcement learning. Since
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there is relatively little research on fixed points for policy gradient-based reinforcement learning, this
paper focuses mainly on the fundamentals of value function-based reinforcement learning algorithm
design: (1) the optimal solution problem and feasible solution construction for value function estimation.
(2) The stability problem of the algorithm, i. e. , whether convergence is guaranteed. (3) How
quickly the algorithm converges. To this end, this paper summarizes the design principles of
reinforcement learning algorithms from a fixed point perspective. First of all, this paper introduces
the reinforcement learning model, analyzes the optimal solution of the value function reinforcement
learning algorithm and the feasible solution of the value estimation reinforcement learning algorithm,
and summarizes and compares the key conditions for the convergence of reinforcement learning
algorithms under different value function types. Then, the stability of the reinforcement learning
algorithm based on the table value function and various improved algorithms are summarized.
After that, the stability principles of reinforcement learning algorithms with linear value function
estimation is proposed, and the differences between same-strategy reinforcement learning and
different-strategy reinforcement learning in terms of design ideas and convergence key conditions
under linear value estimation are summarized. Later, the stability principles of nonlinear value
estimation and various improved algorithms are summarized. Furthermore, the research progress
of nonparametric value estimation algorithms is presented. Moreover, various improvement ideas
to improve the accuracy or speedup convergence are interpreted from the perspective of the bias

and variance control of the fixed point. Finally, future improvement directions on reinforcement

learning are prospected.
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1 Double Speedy Q-learning 2 37, 2021 4F, Zhu
N % Double Q-learning LA & I 7 | %38 Y
Target network EUAR 5@ 1o XF W5 /> {8 oK B4 ok 47 46
. $2H T A % IE Q-learning .7 (Self-Correcting
Q-learning)!,

A By i WA & FRAE (R SR A 2% 2D S5 T
& 48 WS 1k B, AR A S DR IE. BT A 32
SRR REAR B % BE Ay AT LG M RS A T L TE
SRR B s R RO 1 2, 2§ MDP ) — 22 %
BT Wk B ] 7 X e R MR R 4y mT
PECO ARRRAS Y AR Y T R ] R R AR A R
RARE IR S FEA S ML 3Tk AT
A TR TS TS A TRk 2= .

4 HMHEREUELFES

BT RS L ACRR R f (e, T8 H AT LA 2 A

WA DR EUNT 1R 4 i S s SR R R 4R
AT EAC R AR f (o) 5 s ToiR & 2k pR AR Al it s b
Je AR M R B T A A KR B BE AR IE /D T
10080t o AS R P P B S s s FEE B 2k
PEAE AR T 58 b 2% > Bk i Fe e k.

4.1 ZMERAULEINEEEFRE

BIA—N KB «(0<<a<<D), Wi B E LT+
SN Ry AT 3R A DT PR TE SR A 3 B 2 AR R
B f Co ) R A kW BUNT 13 f () B 2, +
ag () BB EE b s T R i eR B BEE AR 2,0 =
x, Fag ). Wl EAE AT LU AL S 3l ) CH L)
Ty AR

() =g(x(t))
Horp ¢ R 2 ]

TEIE 2. ZHEE I (Lyapunov) 55 —H| & .
ARG 2 (1) =g () TE x= 2 /B — VA5 51 A AEAE
Lyapunov B4 L: R"— R, £ (1D L(x) =0, {XTE
x=x, AbFS BT () X FaFx, , — I FE L)<
0. TN 28 52 ¥ 32 e S50 38 - 4

I 25 R 38 5 5 B ) 1 K — A R G
WS I H 7 7 T H B 5 3E 19 Lyapunov pRi %K.

it 1. KMRZEREE. REHER A ZIE
SEFERE RS 0 (D= —A0) +b Wi FasE.

JEEA. % LyapunovBRZXL(0())=(—A0() +
DT (=AW +b) /2,4 5 KAIF

(DL Z=0,{LLE 0() =A""b Wb E 5 15T

(2) — B T3

L)) =(—A0()+b) (—A0 ()

=—(A0()+b)"A(—AO(D+D),
T 0(F#A b, (—A0(H) +b) 70, 3 HARYEIE &
FE R E SLLL(0())<<0. # 4§ Lyapunov 2f — H| &

(23)

RGPS E A D, HEEE.
2tk 2 g8 W A R R AR
Top1=U—aA)x, +ab (24)

BB R kW BN [T —aA || o | - | AR R W
A VR R T R 30 5 L AR (2D ik
SIPEE R | T—A | <<1. UM . A 2 1F 52 & 1
B o(A) HHL R A 3 E 2. Bk, B K 0<<a<<

K7%‘)&151.
ZR A R G0 I Y BE AL 2 % U2

Ty =x,ta,(ba,—a,ax,+M, ) (25)

Horpr AR BUTE a2 HEFE A P BEDLEE BRI 5 ¢«

.o, Rl b RS e A 6 TR R A AU aca,
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IS T IEEHFEA ) BElaa, ]=A;{M,} &
{2 0,75 250 S W& 7 51 5 BL I, R 1 A2 i i i
SR o, ) iR 0<<a, <1, AEEHE. H D o, =

o A a0 AT A EN AT, b 2E B AR (25)
AT T M, AR 4B Kolmogorov 72 B a,M, .,

S T A B S P S B B L K B
Lo TR S0 5 — A 2 P S < oo WML
YAt a,a ] B E A T O S R IEA AT 45 a2

RTEL S BOR 25 2 2 3 AR A Ok T O 25 AR X AN Oy
20605 AT 2 e U S

He ok 32 B AR E TR A B 4y )k [ O
W SR A 2 2] BV S R R A A ) B AT VR A Y
B B4
4.2 KHEERKREELFES

F A BN T35 R R A 3h Rk ik
SICME DR IE 14 G5 2% 2 10 58 0 B A B 5% 25 B 5 o
SYBTRLEGE T 2 Mk 1 Ak 31 04 ) SR ms 5tk Ak 2 )
k.

R4 ETHUETHAHNRRMBUZIEE

ok A "k Ay 1E € % 2
1988 TD(0)l44 E[6¢1=0 Aon | v —v=| /(1—yl62]
Fif 1988 TDO E[se]=0 A, v —v | /(A—y(1—2/Q—ya))l62]
#l 1994 NTD(0) L6 E[6¢]1=0 Ao, v —v=|/Q—yle
Eﬁ 1994 N'I‘D(/\)[“]’ ) E[de]=0 A; v —v || /(—=y(A—=1 /A=yt
s 2011 Accelerated-TDL7? E[s¢]=0 I || nmv: —v- H /(1—y)kez]
[£3 2014 True TD(O™ E[oe]=0 A, IV —v= || /(1= y(1—2)/(1—ya)) o]
2021 GCTDL2] E[se]=0 A, v —v | /(1—y(1—2)/(1—ya))l62]
1996 LSTD() 67 E[s¢p]=0 Aoy v —v= | /(1—yls2]
1996 RLSTDL™ E[o¢]=0 Aon v —v | /(1—yls2]
1996 LSPE(Q)H0] E[de]=0 C A, IV —v=| /(1—y(1—2)/(1—ya))H3]
2002 LSTD() 73] E[de]=0 A, |Iv:-—v=|/(Q—y(1—2)/(A—ya))k62]
B 2002 RLSTD() 7] E[de]=0 A, | IIv:—v | /(1—y(1—2)/(1—yx))L6]
i 2003 LSPIL7] E[8¢(s,a)]=0 | Q= —Q~ | §(1215>2L"U
x 2006 iLSTDL] E[6¢ =0 |Iv-—v~| /1=yl
2007 iLSTD(O) L™ E[de]=0 A, v —v || /A—y(Q—n/Q—ya))Hke
2009 HLSTD8! E[8(¢p—wyd ) ]=0 Ay ¥
2015 Forgetful LSTD(A)L7 E[de]=0 A, lmv:-—v=||/a—y(Q—n/Q—yr))e
2020 Uncorrected LSTD(3) (8] E[de]=0 A, |V —v«|/(Q—y(1—2 /01—yl
19884, Sutton$ i TDQ) ik . 4 H T TD(0) " , . . b
B M CSCPES . Horh R AE ¢t TE AL — €
SRR WSO TE BT e, TD (o) Wi 8530 A 3l a5 et i,

Vo=HTV,, KL E K E. Lo ]=0 I9#%,
WA S TIE BH 17 DG B8 1 7E F 7] SR % Conepolicy) ™, B A7
R 5 H AR SR s A [ (AR S A SRE R
HWERG 2 A5 d, =P d, . i v 45 1F 8 40
An=E,[(¢:— v, ]=® D, (I—yP") D (26)
1997 4F, Tsitsiklis & AGEB T TDQO B35 AR 1
WL BN AN B s Vo =II T " Ve, H AW I A h 5 72
E[oe]=0 Ffif . 15 S i G B B 28 A8 F 10 i B
A =E.L(p—rdi)e ] 2n
[ EIE B T 256 220 IR0 7 77 0 2 PR 400 e df» 244
T TDOO A Y Vi
1—y(1—20 /=y
1994 4F EFXHRRIE RAGE R (> D R BE LR 5 kKl
F ) 2, Bradtke 7€ 18 4 B8l 38 SCH £ T R AE 1E )
611 NTD(A) 357 (Normalized TD) , 33 F TD(0)
WS UE B 3l i A 2 20 SRUEH] T NTDQO B ¢

R — AN IE B S TR A R T A R
1996 4, Bradtke SR F f5c /)y — 3 125 A1k I fie /)y — 56
Xt R A0=b H TR
0.=A,'b, (28)
Ay 58] LSTD(Least Squared TD) % Fil RLSTD
(Recursive LSTD) 89k, HUi7 w] 33 M 4] % , B a] 4iF
B LSTD Bk s, BN 05 — B &R A
2% NEEFE TS0, 1996 4F, Bertsekas 45
N&EAZ LB E T LSPE() % 3 (x-Policy It-
eration) ™" HH AR 5 LSTD A, A% g
F Jacobi ik,
0,.,=0,+aC, ' (—A,0,1+b) 29
BE— 25, 2002 4F . Boyan £5 5 2 20 [l 4. 48 ) T
LSTDQO L. 2002 4F . Xu % N i A 24 4R 42
H 7 RLSTDQO SR Y. 5 TD B kA L. LSTD
REE WA G EATRY R D 5 5 A B R 5L
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AL
=B

ARPBEHSIE O®) 1 TD KA B 40 1158 5 % i Fl A7
i 24 HR S O(n). 2006 4E , Geramifard 2§ A\ & %}
RFASLREAE 25 (8], SR FH 970 18 #5720 8 B iR 25 e
(0 RF AR TTURE L 1Y) 2 80 (A9 B 2D B A A I
J9 O(n) , 433 iLSTD (incremental LSTD) % y:,
2007 4, Geramifard 8¢ N 55 245 [l 4l . LA KA1
FRAEZEREBLH] . 2 1 7 iLSTD By ek ik iLSTD (D) %
2 IR T BE HLRRAE S FE AL R L ILSTD (O 5k
I S5CHET™ . 2003 4, Lagoudakis % A K &1 )4k
SMEWAL Y LSTD # 2PIR S S EE AL LSTDQ
SV IR TR 3R Ay 2 SR L 75 3 PR IE e 8%
1 LSPI(Least Squared Policy Iteration) & 3.
2009 4, Johns &8 A 13 % TD A 3f 555 BR A3l &4
HEAT A A8, I FH Je /s —3fe i ik A7 oK g 45 ) HLSTD
(Hybrid LSTD)™ 83k , Ho v S5 J 14y
A”ZE”[(([)_}’([)/)(([)—wygb/)T]
=@ (I—wyP™) D, (I—yP))d (30)
2011 4F, Ueno i 1 & LT X A9l 11 08 %, XF TD,
TDOO RG BIEAM T B2, IF 5 X IE 2 46 BE A T 1&
. BLTD gl
0...=0, A, 5.4, (31)
iR 2] T Accelerated-TD & 307, 2014 4F, van
Seijen 55 AR FH# W7 2 25 [l iz, 3F B T RS 1) 20 £
LM HOF (True) (9 TD () 8 B8, 2015 48,
van Seijen 58 AR50 BIHCAA L B B T i B S5
Xf f /N 3 T vk Al T e ik, 4% 3] Forgetful LSTD
(O ,2020 4E, Osogami R #E True TD() {4 BLAH ,
X LSTD () # 47 Bt @k, #8 8 T Uncorrected LSTD
(OFY. 2021 47, Wang % A M B #2132 1T 3F W%
300 A B B T OB B A B 22 4y GCTD 2% 3 8%
#: (Gradient Compensation TD)?,
4.3 ZMHEERRBELES
S W (Off-Policy) 48 iy J2& 71 53 IR R 4T M 3K
W FEBR SRS o A — R S A B L T
AT B A = 2 W7 T 19

11 e ALy F AR SR BB T s, v a0 s, B9 BE

241 aﬂﬁ%
L n(s,a
E.lpz 1 |S1*5]*Z”(s’a)y(s,a
:Zﬂ(s,a)z;ﬂ

:]En:[zl+l |S1 :5]
i RN 5

)Z
) t+1

(32)

Ap.off:Eyl:‘O/¢z (¢/ _7¢,+1 )‘ ]
:Zd”(s)E”[p,([), (o =) ]

:Edy(.s>E”[¢l<¢,fy¢l 0]

=@'D,(I—yP)® (33)
B TR B o0 A0 ANl R R A B d, <P, HE
A, o TR IE 2 1 0 5 SR g TD 3 AN fig
UE .

Ry T DR GRS AR ST Y A £ B 43 )
TR RN N A S G T 5 (D B IEL K
TV F IR 5 i B A% 52 3 DO V-1 i i3 % 2 )5
() Bellman J7 B2 BE BT 5 (2) 20 A W7 1E B AR & 40
P A, o JC I DR UIE IE 7 P ] A8, R FH 40 A 7 1B 1 7 2
S A0 1E )5 A AR PR A DR I 2 5 (3) R4 Wi, SR
106 8 WS IR 2 AR AR I IR e AR 5 TE B
Bk s (O TR %, AROHIE EAR RS0
MOk HIEEESCR il R i W U, 3R 5 F 2 X
R A PE [R] R, 43 531 D SR A 1) AS Bl AL TE 8 B Ak
TR FNR 25 B EE L 43 B F1EES T TE AR A B
RIS R W i Al 2 o) Bk

B &L, 1995 4, Baird AN T — 4 TD &
AN BEMS SR 7 - 287 B NI Ak A BE 4 S T Bk 2%
6 BE 2 3k (Residual Gradient, RG)M™ . Bellman %%
ZEVE A RAIE W BN R ZE A B f Ve =IIx TV . 5 L
IR IE T B [6(p— v ) 1=0 Hyfift. Hobh . H
W I=0(@ (I—yP)'D®) '®' (I1—yP) D™,
Horr, Bellman % 22 15 08I0y 56 B IR 2 A6 F IFE &
yiel

A =B, [ (¢ —7d) (d— 7)) ] (34)
Ak Baird 48 A 45 & Bellman 5% 22 3 (9 Ui SiCHE A1
TD B3k i PR 3 2 >0 e 50 R AL 5246 B2 R B Ak
752 R AR B w. 7E TD 5 RG [A] 4] B i
£ TD.7E TD 5 RG A m i, 4 —4~5 TD Jy i fix
EIFH 5 RG i BERG/INT 90° 1Y J5 1) #E 47 58 87, 159 3|
T2 B 1 (Residual) ™. Residual 535 10 5 i 84
HITE IR B [0(p—wyd ) ]=0, 35X HL“ {7
8 1Y AR B AR XE B XA B TR IR B B R A
2008 4, Sutton % N AR B 5 K0 HORES s M5
ARIRZS 5" RN 57 119 4 A . I 58— A LBy

A =EL(¢—7¢) ¢, ] (35)
SR ME AR ELLop 1=0 B T R
A0=Db.idl 3t f /M NEU(O) =E,[6¢ ] E,[o¢ 173
SR YL 84 GTD(Gradient TD) &3k, HAZ 0
BEF N I E RRE
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RS ET&UETHANERBBEAFZIEE

e B A 1F 5 4 B etk J7 % RS

1995 RGL83) E.[6(p—ry¢ ) ]=0 Arg [ HLAS B T % I

1995 Residuall$?] Eu[8(¢—wypH)]=0 A A HE B T R

2008 GTDL8] E,[o¢1=0 AcTp R AL B

2009 GTD2037 Bul[o¢]=0 At Pl BLAS B T B

2009 TDL E.[6¢]1=0 AliC Ay Fifi HLA BE T B

2010 GQ() (86 Ey[de]=0 Alc14, Wil B B
201 AB1 E.[6¢]=0 A g1 Ao Aoit FE AL T B
J;; 2011 HybridGQM! E,[5¢]=0 AlAT Aot Rl ML A6 8 T B
{; 2013 TDGQL] E.[o¢]=0 Nl Bl LA B B

2016 GTD-MPL?] E.[6¢]1=0 Actp I 3 Ak

2016 GTD2-MPLo2] E.[6¢]=0 AcToz 3 v fE Ak

2017 ATD() %] Eu[de]=0 (Ay+eD 1A, Bl AL BT B

2017 RTDL Bu[8(¢p—wyp ) ]=0 Agtp FEALBG B T I

2019 RLSTDC Eu[0¢]1=0 Agi+el N9

2019 RC(A)L9%) Eu[ce]=0 A, Fel /e

2020 TDRCI5] Eu.[o¢1=0 Al CT Ay Vil AL B R
N 2001 IS-TD() 7 Eu[de]=0 A, BEWLBEE R | IV —V ™| /(1—y(1—20 /(1—ya))[e2]
#2014 WIS-LSTD() Eu[oe]=0 BN oV —ve /Ay =0 /A=yt
B 2015 WIS-TD %" Ey[de]=0 BELBREE T RE IV —Ve | /A=y —0/A =)t
016 ETD() 82 Eu[6e]=0 o' MU—pPro  BEHMETE |ov-—v«|/a—v/yad—n/ad—am "
g 2009 LSTD() 58] Byl de]=0 Nt I
WS 2016 ETDGO) E,[oe]=0 o MU—Poo  HIBETHE nv-—v-|/a—/yd—0/d ) "

- TT AO oy (T BOhpie g TEHERFEHCH] o =70
off

2009 4, Sutton % A 7€ U Al b, 3@ i & /b 1k
MSPBE(®) = |V, —IITV, |, =E,[o¢ ] E[¢:p. ]
E,[0¢ 11854 (RIE IS GTD2 fil TDC(TD with
Gradient Correction) & 3P, Hitp, GTD2 4 ik
SR A% 0 B 28R TE 2 R B

C Ao
Ao = ﬁ ! (37)
_AIH 0

TDC FIE S A% OB R N IEEHFE A C Ay s
C=E[¢:. ¢, ]. Bellman 5% 2= 5 MSPBE (1) JLfi] 5& R 4N
Kl 2 iR MSPBE & Vy 5TV, 1E @, D V-0 5% 1)
FE L BT LA R B 0. 2010 4F, Maei 58 A MR &S
B 1E Option i X TDC kT T & 481 T 5%
s GQOOFIESY Z BRI S B4 5% A Bellman AN
Bl Qy=ITT,°Q, » BT UG B E[de ]=0,3 1 e, =

?,.D

B 2 Bellman 5% 225 5 MSPBE" [ JL{a] 3¢ &

B :S—>[0, 1]4/R B AR RS 52 &L BT R A, =
ACs) 03 FIEIE Q [H R AW TD %22, 2010 4,
Yu i1 e-chains®* ™ {EB] TS5 6=A 'b 1 A FI
b WSS AT 25 T S SR g LSTD QO Sk 75
— A TR GF BRSSO IR BT g
TDC B S 4% 0 & , 2013 4F Hackman 7E il
B e ST R AT O E AR R C AN R
WESE P AN M WSS AN Bl o AFL AT LA 3 A S50k
JEVO MR T R e kL R AT B R 2 AB
BEA Hybrid-GQ Bk, 308 € B e A7 hy 5K mg
B IE B A, s BIA AL (— A0+ b)), 5 = R 5
e TDGQ 53k AR M7 b emk 5 H br e mk
) 1E$E — B R ] On-Policy #y TD #4722, &N
[ Bf DU 2R T Gradient TD 589K >k 5587, DA it fin 38 i
S R T R I SGH T L 2016 4R Liu A
i 3 8 H AR e % NEU Hil MSPBE 8 b i 5, 7] 1

rr;inmflx<L(0,y)=<b—A0,y>—%|\yH§4) (38)
38 18 35 v A B (Proximal Gradient) 4k J5 7 43 i 45 2]
GTD-MP(Mirror-Prox) il GTD2-MP 44 02100100
Hr ,NEU ' M=I,MSPBE ' M=C=E[¢:¢.].

2017 4, Pan ¢ A\ % J& MSPBE iy 54

1

— 5 VMSPBE(@)=A'C 'E,[oe] (39
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AL
=B

H Hessian FiMER H=A'C ' AL [F i o o 87 24 X
H A H 3R T A ATDOO B, 2017 48,
S N T i R B 19 5 e s RTD™ 4
i (Residual TD), & AT AR die S5 2] — B A B 5% 52
Bellman A~ 3y 55 fi# . B} V, =IIx TV,, B
KNEL0(p—wrg )] =0, Jhofr, FHELR W MLy,
(@' (I—wyP) ' D®) '@ (I—wyP) ' D, 5 8L
AR AZ O B R 2 I T

Vp—w)I 0 (I1—w Ay
AR’[‘]) - 0 ﬁw[ wA rg (40)
*(I*w)A;H 77,UA;; 0

2019 4, Song 5 A R 2 T 38 M fe /)N 3 (1 04 1] )5
SR f# B #7 bR %t MSPBE, 18 %] RLSTDC % 7 (RLSTD
with Gradient Correction), 3 Z¢ & £ # [8l ik 15 3
RCQOFED . Horpr, 2 3 2
E.L¢(p—r¢ ) +I]=E,[¢(p—7¢ ) ]+l
=At+el 41)
2020 4F , Ghiassian ¢ A 38 13 K 1F & 5 FE C 2 e i
CHpI KRHEHHE A28, 15 % TDRC(TD with
Regularized Corrections) 5., F S 8 p #i#il 55 —
NS TT 2 A AFE H TDC Pl s
SHIFIE. 2001 4F, Precup % NAE 5] A H 2 M
KRR FEA b B[R] 25 0 4G 40 i A 3 B R
FEREAT T B HRE A i d d s
# A, i=®D,(I—yP") D AL B IE B AR AL, =
@' D, (I—yP") @, IS EARIIE T TR 1S-TD(0)
BRSNS RS R IE A RS £
A AR L 153 SR 1S- TDQO B e stk 45 1 5
TDOOAHIF]. i F 3% T 51 & 1 #8 K Jr 2. 1S- TDQO 5%
2 B S 2 3 T BRI AE Episode AT B B %
Xof B SR AT B % e i L T DL — AR R
MRBEE I 7 2257 B Ah 3 2o 5 A EE A E B R R
R WIS-TDQ . 7] LA 0 FEAR J7 22 32 m I 8l
JEWT 5 2001 4F Precup 5 ACKEAT Oy SR (R ZS 43
i d, 5% A H AR SRS RS 40 A d AN TR 2014 4R,
Mahmood 4§ A M W 2% > ff B2 1) B bR sR 0 & )
LT A SR R A Y B MR R Y R ()
ZAb S IF AR e T AR R R R B
WIS-LSTD () 8% . ol S0 B2 AH [ 2009 48 FI
2010 4F off-policy LSTDQO & 4 B F 1 5. [
FEBE Tl A 1 B PE SR AR 22, 2015 4, Mahmood
N T WIS-TD(V) . WIS-GTD()) , WISTO-
TD(A) . U-TD (0, U-TO-TD (n) & & 31, 2016

A, Sutton il A 5| ABUE f'=d, (T—yP™) " RHALTH
Jo ik I IE & M Y A B A,),orf:@TDu(I*)’P")q)
I (T —yP™) , R R BT RE T A 0SSO Y IE
i
A =E,[Fop(p—r¢") ']

=®' FUI—yP)® (42)
PrAs 2/ ETD (0) 53k Il 88 19 A 3l 52 7 2
E.[Foo¢ 1=0 Mfi" . Horp JEBE F & f o0 %t
LR XS FAAE PR f () =d, () lim B, [F, | S, =
s1.F,=ypF,_, +1.F,=1. 28/ ETD &
R /7 (L0 - JEAIRAE U k= min2 (R
FE4E e 5 IR B, nf LA 2] ETD 80k i i 2 B2
%] 7 25 45 2 25 [l 4k 79 ) A
IEMCE ETD QO 835 ETD () 55 36 sk i ¢
R R EEE N @ MU —P) @, 803 1 A 3l
SIE R ELoe =0 Mfit. e, =p (v.A, e, 1+
M) M,=2i(s)+A—2)F ,F.=p ,y,F,_ +
i(s). ZFRIE 4 B ETD (0) 2 ¥ 1Y it 2% 7 2
v —v-| e
Y=/ —an
FE4mEE. 2009 4F, Bertsekas 55 A4 i 5 5 %

LSTDQORLTE Ay ma,x'%<1 <3 o N |

BN AGRE DR AIE 1IE € . 15 T T8 — A 15 4 e
S5 DT A5 380 30 By e SSCHE ORBIES . 2015 4F L Hallak
SENUEW] ETD QO 55 1% 0 2 T 48 W IR 5 i 1 iR
2 007

TR EMBRAER. 7RI st
(i) 70 2 v ey BE Al G 0 S T SR N ARG 8] 7R 2
[ 5, Baird Bg-G BRI  Tsitsiklis 46077, 4510 . F
TR AT DL ORE W S5 i 0 0l A S 2 B B AN
BEVR T A 2] RS HEE TR AR DR S PR SR I AR
AP TR . H WA Q-learning HREK & KA &
SRTE TR SR R S SR 1 Al e S5 E
SRR, R AL — S TR R % (D) iEAT
Ry R N B SR R AR AL B DR S R Y R
WHETF IR SE AU 22 56 Wi 45 (2) 16 S5 B 48 vh
L b AR ] A5 R R

HE. M 0F - 8ESEMEM TIERE
AT A I 2 DA WS BIOPE A B X6 S SR SRR TR AT TR
AFEVF. 2014 4, van Hasselt 28 A% True on-policy
TDQOE WA F] Off-Policy True TDO) & 3£,

17
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2014 4, Sutton % N\ #E— 25 HE T 3 45 i 0] 81, 2 i
T PQQOE N, 2017 4£, Devraj 45 A J5 2 298
fR £ B2 & M4 Newton-Raphson J5 i3 7 i
Wik 5 220 Zap QQO SR HE, HAT RIS = R 2
8 3 ) 3 {1 ) TE S AR . 2017 4F, Mahmood %
NFEH T 225 TD It AN T B 31 B MR AR R 1 ABQ
B e =Ay 00 T HiH A =8 %;1’@
2018 4F. Yu & AN 8 T 3 F )~ ¥ Bellman % =
LSTDOO ™ Hl Sl ELde ] =0, Hth.o =
o (R, A711Vo(s,00) = Vo (s,)) e, =X, T s A, =

C .
min{)’f,ofl ,|’]|’|} 2018 4F, Dalal % A%} GTD,
€12

GTD2,TDC 4§ X B [A] R BE B AL 38 3 55 2% (Two
Timescale Stochastic Approximation) fif T A& FR #£
ARG 2019 4L Gupta S 6 XCEE ] R B
HILAE 58 A 1 ] o 2 20 2 0 BRI 1] 43 B L O 4
T AN B R A 2 R AL AT DA R 4R e i S
BEEEN. 2020 45, Dalal 5 AU i) R B AL
R W SOR AT 3 — 25 4 L 2021 4L Xu
B R RIS (] R JE 38 S MR A B R kAT T
SRR

L {E oK BN T R IR 25 R 35 3 X 1
TEAA 5 ACE S 2 P A0 508 24 =Xy 3 22 T DL
FCE SR ok T A R T St 4 . IRk, K
Z I LA B2 M R B T 6 202 3 AL 2 ) P R
BR A BIE AT I UL 24 L K 45 ) HL A G ) R IR R AL
B, 40 2048 gk A9 N-Tuple FFE, Tetris Jifxk 1)
DT HAENY 2% P (E R 500 1 0 8000 2 0 sk
(. SR > S BRAT 55 2 B AR L 3F b = 48 Rl 0k B K
AR XEFl 4 H G (0 R AE PRV S0 1 L BE B TR
P P [ R N R R N L S S E AP S

5 FLMEEREUFES

TELMEAE BB TS B0 T L T AR PR H E 4R
T T ORUEAR E M SR SRR T DA A 22 R 2%
AR AR LA o8 B L B E A R — N E R
ek,

2018 4, Sutton 4§ A5 H AT =041~ . R4
fit (Function Approximation). H %% (Bootstrap-
ping) . 57 % 2% 3] (Off-Policy Learning) , B ITHI4H
AERGFEEEM K. 2018 4E, van Hasselt 2 A
2% DQN KHARF X FET: = Jo 4L il 1 5Lk A 5 . 56

HE T AAMEE (D R E B4 5 Q-learning
LEA IR ZE 5 JCIR K& (2) B bR M4 A B T & it
RH ) AT IE A B T L HG (D 24
[l 4 A B T 28 % 2 1 (5) R H R W& M %4 B T
i B (6) 2% F (Off-Policy) B KB 25 5y & H#L. 9%
1M s van Hasselt [A] i 48 H 3 2822 50 A BE . 1E ff
ST = Jn4l.
5.1 FEMEEREFINREEEFERE

HiL 2. JELMERSEMNREME. B g0()
JERT 0O ™ R A H B 5 g7 (0() 0, W &R
5 0()=—g (0t FaE.

JWE . 3% Lyapunov FR%L

L)) =(—g"(@))) ' (—g @)))/2,
25 Bk

(D L) =0, {LTE g (0() =0 k55 BT 5

(2) —Br '35

L)) =(—g (@) (—g" 00
=(—g @M (— @D (—g O()))
=— (g @) @) (@) (43)

MFeg@) ZEXET O M MEEH —H S
g7 00, — ¢" (9 (1)) <<0, Bl L((1))<<0.
A Lyapunov &5 — H & ¥ 1% R G i Ae & » IF Uk
HE g 0))=0. HEEE.

TE R ™ BRI WSSO 1 5RO IE. SR T L E 2R
F G5 0T P AR ME R Y L I FLE AR .
5.2 ET4&MERBNELES

2016 4F, Yang 5 N$&H T WIB BT 15 55 — B B
SR FEE AT 55 14 W B o >0 TN 25 T vk 2 ) 28 eR 8K
B T Bl B B0 b 2 R 25 48 I O R TR M 2
W28 AT B AL 2L S 45 R R WK T A R T
T 25 I 4 1 s Ak 2 2 B I ST | AR O T ik
Z S PR , LRI R R A0 4 v E A R

BRE. N T MR 2 g AR b B
BT T B A K (B R 28 B A D AT R i S
2009 4, Maei 88 N EF XA MERE YL R F B/ ML
S IR 2N AS B AE L M GTD2 AR TDC
L H EHAR R ORI L 4 Bellman 322z,
Nonlinear MSPBE(@) =

EL5(@)VVe () TE[VV4()VVe(s) ] T EL5(0)VV,(s)]
(44)

FIH—A 2% 0 Y T, = @y (@D ®,) ' @D . 1]
PIEBHEL M GTD2 FdE & tE TDC Ui 83 Jm &6 5
PR 2014 47 Lee 55 A2 H T SR IUE W S 5 )2
22 M 4% 1 Nonlinear Greedy-GQ 2 3181, 2019
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AL
=B

HL,Qu AR T i N LM GTD 5kt
2019 48, Cai % N45 HHAE LM ST MSPBE J24E %
f 5 BT LA 2 B ARy i e D0 B0 B i, B T Ak T 0
1) NTD 53 (Neural TD) iz 55 1% ] DLIRAIE 42 oy i
SUPE. 2019 4, Wang 55 AT b K 58 s 3T 4l [7) 0
B Ak o AR ™ Ay R A X A BR AG K (Finite-Sum
Optimization) [n] & , HJFU 7 ] U AR ™ i X 7
(1) 750 2 i TV 68, R FH 7 22 Wi/ ) £18) B4 ) R B2 Jit Ja %o
BB B 7% B AR A5 5 R i SR L 2020 4R
Wai 8¢ ) MSBE 1 fiz /) Ak 0] 8 % Ak A% /I i R
M in) B, 42 T 5 R B% Neural GTD 553507,
2020 4F,Zhang & N TEAI XTI T TD il BR 551
DL 25 F . JEF I Residual J5 ik 78 WS T 1T
e, I 51 % DDPG J5 ¥ 2 1 S0k (9 B 1) 3% 22
DDPG (Bi-Res DDPG) % 3%, 2021 4E, Yang %5 A
K HIBEALIE & 06 Ak 19 7 2 DQN #E47 sk, 55 5
KWL T H br M %5 525 T DS E
2JHL 2021 45, Cao S8 K43 A B IE JBAE 5 AR
§ik 32t 59 B6IF A ETD-LVC 3% (Emphatic
TD with Lower-Variance Gradient Correction) , i%
R R (R o U E (S T e e s =R VIS
S 2021 4, Wang S5 A K AR £ 1R 95 A4S i i) R
TDC S35 1T 3R 87 k4 43 B0

REEMIE. 57— DR MR L —
TP RAE 7 2 A IR G — 2 10 4P ek EORCE i Al 2
2R BTt B T — R B E HOR U5 k. 2017
AF, Levine 58 A& 1 51 0 8 B 5 Ak 2% 2 B3k 2 8
BT R /N 3 B T B e — 2 A B d /N
# DQN F:3% (LSDQN)*7 . 2020 4F, Ghosh % A&
Xof ) P A B AT 55 R AT R AL 2% >0 N B AT 55 19 H b5
BREUA BE R — 2D A0 AT T e R SR AL A ) B AR E
P R H Schur JE pR $07E — M1 B0 T AR 58 £ IE
WS | A T R B2 B R TR T Krylov 545 8] Y
IEsg SR e e

JLA M /. 2020 4, Brandfonbrener 43 A 3L T
FEL M R B T [R] S g TD 2% > 523k . & ) JL
fR] U8 4 A ) BE S L AR T — A ORI W SO O 3
A — ol 1 SRS S 99 O 5 5 B SR TP B SR AR
2R eRBCRT DA PR TE W S0P o AR A H 2 B R SR g AR
T AR Z5 5 7 R E SO R B X FR AR B R
24 TD Sk m F e,

AR K R HBE. 2019 48, Feng 4 A4 ) 7 1% 401
KRE

Ly (V)=E, . ,[K(s.5)RV(s)RV(s)] (45)
HP RV=TV =V R K(-, «) 28K ™% IE
E I W0 e ST A DRI S s R BRI T A SO TR R
BEAL R 1B GE B W 2 2. X T LR A 200 B0 { G
Qisriss) bicie, AR I AT

£K<vg>=nl—2 S K (s 05 RVa (s RV, (s,) (46)
1=i,j=n

;H\:EP 7kV9(S;):7’;_’_'}/‘/9(.\';)7‘/9(51‘). :,H\:*;EEIEIJ‘:

Vi (Vy) :=n% S K05 RVa (s DTRV, () (A7)

1<i,j<

AR Y S, R R R A O i, S AT SR A
NEU(0). 2020 4, Feng % A4 T 81 5% o 20 1E
AR AT HEZRTR B B A DI

UTAER L TR 5 Al 2 > AR B 1)z SR .
1907 — 2 (9 B AN SR . SR o AR BE SR T 3R
BRI 2 A M B 80 ) 50 A 2 >0 B0 L AR R P 1 BRI K
S5 o BRI W MO SAOPE AR T E A SE AT PR AE
A A S BRAE AT A 15 L R E— AP 52 3%

6 FSUERZRLEFS]

AE S0 Ak 7 12 T T ZE N 2 i i 5 2 50 4L
B8 RAUG M FRIKEE Ty A AR BT 4 1) 00 4 B
I AESE R B TR R A I R By Sz —.
AL AR R A 2 > ST BRI 2540 T2 5O B
FE S5 AR E TS S U R AL 2 T R
AR TA) S 72 A RO R . AR 55 DA J7 % | TE AL A e o
Y A8 B2 0 500 A 28 A S8 ek B T R F 5
6.1 %A%

2002 4, Ormoneit 58 N H YOK % 07 ¥ 51 A58
2 2312003 4R Engel 55 A K o8 50 45500
Wi P S LM s kiR I T GPTD 5 1%
(Gaussian Process Temporal Differences)™*. 2007
A, Xu 58 K 5 2 3 LSPT 55 15 3] KLSPI
A1k (Kernelized LSPD) , v 4% =7 i ) A 2 4% R
FIFS R 22 B O ) 130 oL 2 PR B i ALD
( Approximate Linear Dependence)™. 2010 4,
Geist 55 A\ KL T o6 ECAY i i e s, R 1 B3
Bmge it &by B H R/ ok e il T
KTD(Kalman Temporal Difference) & 317, 2011
4, Kroemer ¢ A$2EH T HEZS g & & NPDP J7 ik
(Non-Parametric Dynamic Programming) %, 2013
4, Chen S5 AR T35 2% B2 O Go) 18557 70 i 1
NC(Novelty Criterion) J5 ¥ 75 28 #) 22 #% 7 M, FF 2%
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4 TD #3152 OSKTD % i (Online Selective
Kernel-based TD)M"™ . 2016 4F,Song 28 A3 7 3L
TAZ 7 2 0 e/ R B IE TD 55 1 (Kernel-
based Least Square Temporal Difference with Gradient
Correction, KLS-TDC) , H: & F . #) & % H T ALD
1. 2016 4, Barreto 55 AR 48 Bl AL 23 fif 15 25 X
KBRL f§ 1 #t— B R (545 2k it J5 1 & MDP
FEAR 7 I MDP S5 P 9 Fir 42 5 50/, T R R
WUN TR 2020 4L Koppel 45 A T
= A A B R B T P 22 r o 2 PKGTD 8%
(Parsimonious Kernel Gradient Temporal Difference) .,
Horbrey i i 48 3 SR T T % 0E 22 UG S BR B (Kernel
Orthogonal Matching Pursuit) J7 M09, 2022 4%,
Yang 55 A\ $& 1 TR R 07 A OAKTD Hik
(Online Attentive Kernel-based Temporal Difference

Learning) ],

6.2 IEM1L

Bl 2 > v iE AR D 6 A8 F) 1 4 B 406 0 B
ST S O vk R IE E B SE AT RN
5 A By 5O IE 8 A5 B 2009 4F, Kolter 4§ A
it L ENAE JF X MSPBE H A e& £ /N Ak T
B3 T RRE B ) LARS-TD % 1 (Least Angle
Regression)"*Y, Hirh ,LARS-TD % 3 (1) H 475 oA 52
Ano—b|*+2lle|, (48)
Y D5 XS L 2 H AR s EGE T RLE

{wgargmin|R—|—}/d§/0®w [ +A]e].

min |
[0}

ocr” (49)
0 =argmin||@w,—®0|*+1]06],

geR"
2011 4F, Geist 25 A\ 4&H%F LARS-TD i T & 25 % 1F 0
WA T3 2,155 [, -PBR 8 ([, - Penalty Projection
of Bellman ResiduaD ™, H HFRRECUTT :

Jwg =argmin|R+y®'0 — Do ||*
o€R" (50)
10%:ugmmﬂ¢bo—¢ow+mHML

9cR”

2011 4%, Liu 88 N2t 7 5 T AL 52 1 — M Ak &)
T 7 W % 07 B AT LA R M R 4R R AR TR 45
FRLE . 2013 4, Nguyen S A4t 7 2 F 451
FTE 28 7 IE 16 % 58 1 % 2 loreRL 8 3% (RL with
Regularized Logistic Regression)™*). 2016 4F , Gehring
S BT XA R AR B, X AR R Al AT S 20 il 15 3 3
PRy b K Bk LSTD (L) & 35 (increment Allow-
Rank LSTDU)™M. 2016 4E, Li %8 AR THTF £
IENAERFEZE£EY LS-TDC 83 : LARS-TDC 5%
(Least Angle Regression Squares TDC)™, 2016 4,

Farahmand 4§ A SR I 1E W 4 75 ¥ X4 d /) — 3 1 DR
S 5% 2 o MEIEAT TR A5 3 5T O WAL Y 3T
WAL W REG-LSPI & %: (Regularized Least
Squares Policy Improvement) #l REG-BRM % i
(Regularized Bellman Residual Minimization), X}
REG-LSPI 1 Geit 43 #r . I #2431 1 SR m Ak 31 114 152
22 FURY B U WS 1 PR BE 2 L 4R SR W DA 9 1% 22
B REA B — PR /R R R AR OC R 2020 45,
Song 4 N4 7 —Fh T 4, 1F W Ak R0 i 58 R 7
[ 3¢ 7 ( Alternating Direction Method of Multipli-
ers with Proximal Operator) fz/NME MSPBE [ 5
/N T3 B, [-RC #& ¥ (Recursive Correc-
tion) ™1, 2020 4E, Amit % A JB/R T /NI T
B AE A5 R 50 S 0 GE AR 1 A A #2020 4R Li
25 N 3 1 A2 DU R B (Orthogonal Matching Pur-
suit) X LSTDC # 47 47 fiF & $F 19 e i 15 3] OMP-
TDC H LM, 2021 47, Hao 4 AR F i i 45 1 1t
PE Lasso FQI(Fitted Q Iteration) 23 i {8 it &
SEAL AF ) SR HLA T R AR R R 2021 4E,
Song 45 Nl o 32 % 17 Bl LB BE T K 00 18 7 1
BRI LM BT TD 2% 3 k.
6.3 REH

K — B i 8 KRR VA E L T DA R & TR ok
L HAEFERIBEES) I Gk 4L L e 7l AT
wRZ —.

2001 4F Dzeroski %8 A B 3 3 T 9 44 32 55
g F2 (Inductive Logic Programming) ) 5% 2 5% 1k 2%
2 RRL %% (Relational Reinforcement Learning) »
Horp Q- tree &2 13 2 #5 [ A H (Logical Regression
Tree) FE/R M Q (H K%, 2003 4F, Driessens 25 A
R RRL G0 & A PR 5 ) 1 B T 5 50 R 5
51 14 18] 1§ (Incremental Relational Instance based
Regression) . 317" 2004 4, Driessens % A %1 %f
K Z MDP Hb i i 4 Jily 7] B8R 1) S X 56 2 5 4k
2 o] PEAT Nk 2% 2110 2006 4E L Driessens 48 A 42
TR TR A P 5 22 R BORY R T R N Q E BE AT
@I, 2009 4E, Sanner 48 AR 1 T — B MDP 4
SR AR B AR ABATT 22 107E OC R GO AR T 53 42 A
JEE o DUAE S U0 06 Y ST

FHES F R B 5 Ak 2% 2] B o A8 L AR S Mk 5
2 2 RIS AR A S f il (HIXOOF AR E S
AR 5 AL 25 T B K 4. TR B 5 Ak 2 ) G e 2 N e
I 14 T AL ik = T A B I 20 pR EE 5T
QU AT IR AT R AR T R
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Bl
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AL
=B

PR BAR B SR HL A 3 1 R IA 8 T X # h it
b2 2 AT i B SR AR T 38 Ak 2021 48, Liu 48 Gl
TN G T3 I T SRR X R B R Ak 2 ) R AT A R L R
T T ROR P RAMI HEZE (Represent And
Mimic) ™" FRATAHAE « 7T i B 14 5 Ak 2% 206 ol T
— RS ARSI R B & H B — i Z Hl.

7T AHMRREMTEEHRATIEML
FIHE R

TERFIE O 45 8 R T A S s s 00 L Al
Ko S

(1) R B KM BX A B 7

(2) B BB 5 PRl e 87

33X TR X L T A Bl ) i 22 1] A28 SRR A B 125 1Y)
Jr 08 22 S 8T SR 45 A e, 7 22 S8
BCRARTT CSIGH B R ORI TR L IRATTAN
it 2 F0 07 22 455 ) 04 #f) BE T 240 R R 45 28 O i 1 JELARL
HEAJE ik 1 20 A s AN 2R — Mk AT RASK A ELoe I o4
i A7 40 53t & A i 22 F1 5 22 R T
7.1 BATHXMEIIENEE

AR F LR K. PLAF ) R
A SR ST R 43 AT Y TSR AL 2= 2 R i R 2 MDP iy
— R A Z AR I ] 5 E R A DGR I
MSECT W 2. 45 ] it (Experience Replay) 5%
25 b 7 2t £ TR 28 30t b AR AL T 80 A
TAEAS [G] I ST 1 AH G A o PR kg AT LA 253 /)
i 25 . 30K 7E TR JBE P 28 T 24 1) 5 e SR 22 R0 T 8
(1 22 56 L 3 F A Se R 42 56 It 3k A
JZ B 2 56 ] S S A g T A
DC e 17 3 5 M 22 56 Dt L BE T agent SRIK S re-
play 5 W 28 I Ak 1) 28 56 1 | 5 4 0 22 55 (]
Y B TFCAZ RN T B ReF-ER 2256 [l i '™ (5
T A [ R 2 56 T 3 TR 5 A 52 LAY B
BB B T EE L5 B LR %
56 [0 1 B2 2K A AL A B IR AR S TE T B R
S AL F T 28 5 B N JR 8 de A HP A I OR O e gk
o B — A B 2 o) Oy AU W A L B T
TR AR B L [R] I el T B BT A0 SR 5 2 i AT S SR
AN—, ok w1 22 5 (OIf-Policy) F2 B, T g F
BURE WSO P18 L AL

HAREH#HEARERMETEH LEHMEXE. 214
PERESE 1Y 2 BR BN T A8 7 — D AEAS B2 B R0 B
Vi S A = o NP I A 2 S N 1 B Bl 21 B Y

4 A A 5 5 IE 23 ] AT A 2 AR 56 A9 491 40 S ] A A
2Z 1) G S LS A ] B 2 80K 51 AR 2% 5 5 BUR METE
Tt T AR DR ) i R RS AT A B e L
PN R A RS T 1 2 80U AN ] a0 g = 9 s
23k Tile g5  N-tuple W27 RelLU 34 7E bR
B B HL R Dropout™ ™k BB RN M
Sk AR c o I GRRING s F [R
FRETT AR 4 e 5 3] 2wt nT DA D R g I 4% 2
TR DL R 224y 2 iz e 5 TR o6
E R TR
HAEB R AARYAE £ M. 2008 4E 1 2009 4F, Sutton
4 NAR T Gradient TD 83k 1 GTD, GTD2,
TDC YA K5 W GTD2(A) , GQ) 58 vk, A
SRR B/IME B bR ki 5
J@=|Elo¢]]% =@ DTV,~Vy) |4 (51)
HF ,NEU f* M=1.,MSPBE # M=C. [ NEU %

.~ YNEU®) —ELp(¢—7¢") ] ELog]. ik i

W LB P I e AR, SR AR — UOR AR A R
i 10 i 22 . 105 SR T o5 — A i KAl T BLog ], A
JEEOE B REPLER BE R BE L. B, 2015 4£,2016
4£.,2018 4F Liu 58 A4t 1 8 H bR ok 808 A6 il K
e ZINTR) R DTG 5% BT AT A B BIL AR B T e oK
fife 1 10 L, 5 58 I T A BB AR B2 4 B A e
e FAp fE 4k A A 2 18] B9 48 oK 1. 7E T K AN
AL FRATIEE T BR ik B HAr g BLo(¢p—
YD XE o=r+yV(s)—V().¢=¢(s). ¢ =
&) u] LU 316K g 01 R a, [ B o B0 T A 4k
WA ST AT IR b W SRR AR A R Y 7
B AR — VR AE B 2 55k 5 S T 300 o afe B A G
P BT SRR i 2. LAY A TR A R RO TR
BF T B 5 A DR 2 1 AH G5 (H [ B 7 R B
BT 2R I HARK T AL ORI b T A
Yy s, vk i O 2 8 MORE R A5 T 3h A T DL 3R A
T i i 11
HEEFERERUEFZEHBMEXE WE
Bellman &=, Vv (s) = rPean]E[r+ yV*(s)]. M
LB HEF 5705 0 54— R A Bl mmax [+
VG TS E A B o A 7 ik ok bl BL B B
T BSR4 B R RO R i 5 IR 4 8 2 e
K max 3K B, X 5 Bellman 45 5055k B #35K
max 1ESFA S, 51 TR 25, AR5 Jensen AA5FL X
A 22 2 3 R 5 ) o PRLHG E eb Ad 3 BG# A Double
QM Double-DQNM* | Averaged-DQNM | Target-
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TD&E ) T MelloMax B+ 89 MellowMax-
DQNM® ! J T SoftMax B ¥ SoftMaxDQNMH D)
e 36T Rankmax (30570 7 35097,
7.2 HAEEEEL-]SIANKNAE

PEMLEEBE TREE . I R — DA, A
DA SE im0 A 0 R B IR A AR BEARAR L TR
LR I MO R R AT M RE
FRJ7 100 8% 8l 19 AELAE AN R AR A B B8 /4 077 1) 5K B |
S AR E By, DRI, BB AL B BE T I Bk ) L it
SRR R Oy 25 ki R A 3 TR
LRI TR B R SRR RIS R iy
Yyt BE Ty 25 0 B LB B R R LR £
PV bR RO T R W PP A 1 O 25 2 L o Al
CTDM 1 el )y 22 1) VTDH,

HEEEM X/ AW E. 2 5RKRNENES
R/NBER ) J5 22 B8 25 o i K. 38 i %) Tetris 3l 4
23 (A EAT Z2 40 J@ PR ) 20 ) . 64 Tetris 97tk sl 15 1Y
RPN 17 TRER] 4 DA A BRI TR %
MBSk & S

NEGEHRERESIRNFEIES. KT EA
o YN Ghrp 280 2 8 B4 TR B 2 X ) Z R
D AT A2 ) il 2R AR R 5, SR RCE ST ) DL L
b 98 X AR g . B0 T ) 7 22 R T T
(Variance Aware Rewards, VAR),

HEsEXUEFHRESHMANRE. b TRE
SRS ) R R TR AL BE T R 1) 3k A2 o, JE ik ARIIE
T SR B A AL E. T AR R KRB A
IEM B o Z W IRE 2T AR KRNI 2. 4
T+ 30T 56 W 1 42 TH 0 A W] 20, 45 D) B el AR PR i 8
Tt KB R A B L SR m . D UG 7 A R R
FF T o AS R R PR R AAE AT, W R R ITIEA
e-greedy . SoftMax"**" | L F K iy 75 & IR
B b AL ST R AE XA AR Z (i UCRLA |
UCRL2" (UCRL-y™) 3 F {5 B 25 R
B F 8 AR FEME R I R R 4

Off-Policy FRJ R £ =, s81L ¥ T H K2
KA AL W A A FEATIRER. W, F A1
KT Off-Policy J7 % IR F M A~ S mg . — 4> 3R
W AE S H bR SR — A SR AR D AT O SRS i T X
P R g 1 AN [R]85 1 AR R Y O 22, Bl i O i
AT E MR PEN GQQOEIES A LSTD() 5
TR R ) BB R AR WIS-LSTD (O Al
WIS-TD (1), WIS-GTD (A), WIS-TO-TD (x) .
U-TDQ) \U-TO-TDQ) % F L (ETD (O™ (4

W AN 11 M R FE 1) Retrace (O B3ED DL K
FHF ) X Bellman 25X LSTDOOM,
7.3 RESHFEMNE

RE-FAEEE. TEREAG I XL TD 5k
5 Monte Carlo(MO) B %, - AT H13E MC 2 o fw 4k
T H I 22 AR KL i TD 5325 2 A D Al 7 22 8¢
JNET I, TDD \LSTD() £ 4 LSTD) M 454
Pl A AU 22 5 05 22 A X P DQN Y A
BT iR 1) R-DQN- 2,

TD iR Z 6. TEREHLAL LT e 5 1 2 A6 B
BT 1] 0 2 ST A RE L SR Y /MR KRR B B
SR 7 22, W0 A i 154 2] 2P TCL(Temporal
Coherence Learning) 132082100 75 % i &6 3 48 e vy,
TR Baseline bCs) B 7 40 0 RE 45 5 16
B A E U 8, HE Actor-Critic 2 X 2844 v, Critic
M{E p% £ 5 Baseline [ A A2 2] 1 3k /N 7 22 B9 1F
FET S WU R S A Baseline A] LAFE B % AQ5
b B A S R INAE Tetris i 3R b (9 5L )
I FHE DA B 228 2 BRI ] Lk ey i A A A
J5 22 B[R] B 7 2R T i 26 S 08 1Y 2 33X 28 08 T R Y
M fg 1 S g1

W EA N KR B ERE IS 2 2 A H bRt
JE PRAESK B 3Z A . I H PR b oK 3. 3 9 e B AR
TRV I MR SO MBS B ) . A S AE T e /M
MJEEW T 2. DB EAR Z ORI, BETE
A HITIEFEIF R XS T7 22 19 oK U5 42 18 25 R A0 B X AR
SE ()8 A A IR I 45 2 530k 10 2207 22 ok IR 2
KA.

8 BHESRE

AR SCAS Bl SRS B T T R AR AN R
A TE 9 Ak 2% 20 S0k 0 RN RS M O DO Bl A AR
18 O 22 R0 5 2 455 00 AR 23 B 1 B OEE B i 1 AR
R RS I A eR B i Ak 2 ) C RS T S AR AR
R RMIFEAS B S T SRk 2 B 1 24 15 i
PR IR, AU

REEA B A LT (E oR B0 R Ak 2E 2 B A
LA A O TR R TR (R O A S
Vo=ITTV, /A8l &, v] LA b {E 2% R 38008 m i A5
PR . AL SR RNy s B T SR B B Y ik k2
SR AL B BB B LT S A E
2020 4F, Ghosh % A A Bl 5 0 1 B 25 T 56 T S g
B BE 3 Ak 2 ) 4 REINFORCER®!! [ PPOMY |
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Hl

¥ e 2023 4F

MPO™! S5 5 5w b B2 58 Ak 2% 2J ] LU Bl
PSR B0 T3 TG PR T R 2 A
2 1o = PLro B9 A 8l 2317 HEWE AN By 100 SR W o
sEALSE I WG IV RE 18T J7 1. 1 PRAIE S 2k A W8
P T I0  T SIC n ] G A R  B E S A H ek i
BT MBS T IR AR AT T A

T XAEREN S AR 4E R 1) R BRI
BlAE A5 6] 5 Ak 27 > 0] RS o |y e 4 5 | A 1 4
GME S TG AR AT ek Bl . 515 G800 M 2
ANTa] 5 Ak 2 2] B AR HOBeE i B 22 55
T T L S R B BV SEE IR S A5 ok R Y T i A
25705 2. 550, i T R 22 50K 2 o6 Bl 1T i
AEZS [ 295, H AT C A ) Y38 3l s i # A J2 e it
i, DL T BT ST AR 3 ) SO Bl R IR BE X
AN T B 5 A 27 2 8] R T SOAS By i i AT R V4R
BCANEAL. T 3 DK Pk 0 e 22 9 A ) BE L4 T B
ARG KA Hd L FBUEEMN TD fil BR £y &
PEAT X L A 22 N — 2 Bellman J7 #2 Ml 25 &5 2 20
Bellman J5 #2 £ BE 47 %F Lt MO A b &, T X
ANl i Bloe 152 WM by WRE I #hBF 5T 25 (H Y, oo
e=yre 1+ (Pp—rp).

A

E[de]=0 ?

E[5¢]=0 E[3@-v$")]=0

TDARZ BRAH £ FaEh
I TH R BT 3R Ak 2% 2 R B s,

ZERFHTHERNS. AHEERE+,
FEAE— 26 £ [ 5 KUBS. B RE IR 7 o KL 2 5 8
LN RPENTE SRS @i [l A DR (o I A ST PR 7S
HE B 122 A 4B E R B R BE R N 2 B
A& (D) IR O SR R A /N 326 o A 480 i 5 119

B 3

B ftmaxminB,., (> 7r,) " b @ R B4

b 4
REMY BT, Q-learning B ¥ 5% A min(Q (s, a,),
roo Ty ngcQ (siorsa DIATFSHEH. 2003 4F,
Gaskett #2117 gAML Q 2 Bk R o +
y((l_ﬁ)inéli‘Qﬁ(“’“ ,a) Jrﬁ?;eirAlQﬁ(s,H sa)) AT
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Background

Reinforcement Learning has been in development for almost
40 years since its introduction. Reinforcement learning is
considered to be one of the most promising pathways to
strong artificial intelligence. More and more researchers are
using reinforcement learning to try to solve sequential
decision-making tasks in their respective domains. However,
practice shows that applying classical reinforcement learning
algorithm does not directly meet practical needs. The design
of efficient reinforcement learning algorithms for real-world
decision problems remains a huge challenge for researchers
and engineers.

With the rise of deep learning, reinforcement learning
has developed rapidly, with a dizzying array of algorithms,
techniques and tools. Many scholars in China and abroad
have produced various types of reviews on reinforcement
learning, but these work mainly categorise or summarise
reinforcement learning from the perspective of specific scenarios
or applications. How to view the latest reinforcement learning
techniques from a unified perspective has become an urgent
need for researchers.

To this end, this paper summarizes the design principles
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of reinforcement learning algorithms from a fixed point
perspective. Firstly, the optimality problem and feasible
solution construction of value function approximation are
analyzed. Secondly, according to Banach fixed point theorem
and Lyapunov’s second judgment theorem, the stability
issues of existing on-policy and off-policy reinforcement
learning algorithms based on tabular, linear approximated,
non-linear, and non-parametric approximated value functions
are analyzed and summarized. Then, various improvement
ideas to improve the accuracy or speedup convergence are
interpreted from the perspective of the bias and variance
control of the fixed point. Finally, future improvement
directions on reinforcement learning are prospected.
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