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Abstract  Batch Reinforcement Learning is an important branch in the field of reinforcement
learning. As the need to rely on historical data for reinforcement learning became more and more
pressing, offline reinforcement learning was not systematically proposed until 2020. Therefore,
offline reinforcement learning, also known as batch reinforcement learning, is an important
research topic in the field of deep reinforcement learning. By utilizing behavior policies to generate
static datasets and without online interaction with the environment, this approach successfully
converts large datasets into powerful decision engines. The rise of offline reinforcement learning
has not only accelerated the development of decision engines but also provided researchers with a
stable and efficient training framework. In recent years, offline reinforcement learning methods
have received extensive attention and have undergone in-depth research, achieving remarkable
results in practical applications. Currently, these methods have been used in recommendation
systems, navigation, driving, natural language processing, and robot control, as well as in the fields
of healthcare and energy, and are considered one of the most promising technology approaches for
applying reinforcement learning in the real world. In this paper, we first introduce the background

and theoretical basis of offline reinforcement learning. Secondly, starting from the solution idea,
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the offline reinforcement learning methods are classified into three major categories: model-free,
model-based, and transformer-based. In the meantime, we analyze the research status and development
trends of each method. Specifically, these methods do not share the same focus and aim to address
distinct challenges, achieving incremental improvements in handling distribution shifts. Model-free
offline reinforcement learning methods focus on policy evaluation and improvement by directly
utilizing trajectory information from static data. In contrast, model-based offline reinforcement
learning methods aim to learn dynamic environment models from static datasets to optimize policies.
Recently, transformer-based offline reinforcement learning methods have attracted prominence
due to their superior sequence modeling abilities, showing exceptional performance in managing
complex environments and long-term sequential data. Thirdly, we compare the three most popular
experimental environments D4RL, RL Unplugged, and NeoRL. They offer rich datasets and
standardized evaluation metrics to compare the effectiveness and stability of various offline
reinforcement learning algorithms. D4RI. and RL Unplugged are biased towards simulation
platforms, while NeoRL is biased towards practical applications. Specifically, D4RL includes
navigation, manipulation, and locomotion tasks. RI Unplugged includes manipulation, locomotion,
and game tasks. NeoRL includes industrial benchmarking, a stock exchange simulator, and city
management tasks. Then, we introduce the applications of offline reinforcement learning in multiple
real-world fields. These applications demonstrate the potential and value of offline reinforcement
learning in solving real-world problems. Finally, we provide prospects and summaries for offline
reinforcement learning, to promote more research in this field. In the future, with a deeper
understanding of the theory of offline reinforcement learning and further technological advance-
ments, it is anticipated that this field will continue to attract increasing research attention. Offline
reinforcement learning combines the advantages of deep learning and reinforcement learning and is
expected to provide smarter and more efficient solutions to various complex tasks.

Keywords  artificial intelligence; reinforcement learning; deep reinforcement learning; offline

reinforcement learning; batch reinforcement learning
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fibp ) W LA AR 3% B2 v B 2k RL 3 AR A9 3 5 AR .

(o) FET ACHERL ) SFm b L
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A 7 Ak A N7 ] 3 A 0 BRE I SRAE A% ) R
R AT P RE L B8 AT RN A P AE pR B L R R
i R AR R 22 )
4.1.1  EhERIE

SN AEFRAE Y B b5 2R i b 1w 2 30 A 2 [a) i S
PR AE AL =5 18] o DA T B ARG 2l 1 25 8] 19 52 2% 1 . A
TEMERIE R B & RL J5 3558 5 % ) 2 0% 4% - i 15
i 2 AL (0 B G b A I Bl AR Y N TERRALE

Fujimoto % A" 52 2| 4% 43 H 3l 4 4 255"
(Variational Auto-Encoder, VAE) Z8 ¥4 i) )3 & . ¥
AR Bk RL A S & JF 4R M — Rl it i 20 0
Q % 2] (Batch Constraint Q-Learning, BCQ) & %,
LR AT LA XS SR m AT BRI . H AR U i
FALTAT RS 7, 16 15 1Y 3h A R 20 3R 4 i 9 27
M 2

n(s)= argmax Q,(s,a; +&(ssa; ,®))

a; t6(sa;,®)

H,a,~G, () i=1,2, 0, G, () It 1%
oAb R L & Csa, » @) NI B R HAR T
17 R g mpfliit . A LBEAE R —F B AR, %5
PAE R B 2 RL S IR O M TAE 2 —  ASHR
THMERZE S R R AL T e B4R RL [R] 81
I T % o LR Z5 R R F . fE Gym-MuJoCo j% 4L
WEE T BCQ B 124 ) M Be L HoAth B R 57k R g

(6)

HAF ARJE R S AE R TC R R 3 1 DQN PEBER Y .

W5, 583 1T AE ALE 3BT i B BCQ Bk .
Bk BCQ i 1Y VAE 53 sh B R il 1 4 M
PRIE I ) {81 AH X F — 22 OOD (IR 25-3h 1 X JE %
RAF A . Kumar 58 N5 437 FL 5L 48 2k F
DR &7 R EAURE B8 77 A A 28 1% 22 (Bootstrapping
Error) , Jf4& ) — R/ { 2815 22 1 R (Bootstrapping
Error Accumulation Reduction, BEAR) %3 S A% IF
AT A A~ RS A B R R e A AR DR . A
R RE S VAE BRI I 51 A SCHR UL D
(Support Matching) i) # & K 5w 3 A FR ) 7 1
GRoy A 0 SRR P 4 Z AT BCQ Bk, T
BCQ EE2&—f /> fi PLAL (Distribution Matching)
07 3o J3 A VE FC 29 R 2 ) SR 19 23 A 5 47 S SR g
FHVCTC » T S 445 DE TC 29 oI 4 27 >0 SR I i % 1) 8l A
PR 7E Fh AT Sy SR 8 9 1) Sl A ) SRR R N o b
BEAR fiff i — il & SR A 14 5 K 3918 22 5% (MMD)
HIORE S IZHIURE A Ry R B R OR 2 RO . 7E BEAR
P R BIRE T ZE R R R R, A2
1EJ5 25— H i 4 1) DARL v, BEAR 53k R 31

AR BCQ Hk . H-5¢ H I B AT A, BEAR 512 i) 52
WS 2 EARNE SRR XS 2 % L X B RE I AN

H TR SR e BIR 1] 7 Bdle S35 4R i BEAR B
AR B AUt e OOD BifE, Wu 58 ANV T 32
R WAk (Supported Policy Optimization, SPOT)
SRR R AR 4 B B e 5 45 (Condi-
tional Variational Auto-Encoder, CVAE) 3k BH #fi fi
TRIEAE I 47 o %5 8 38 B B R HUE I H
bio BE4h . SPOT i 1E AL 350 AT L 4 A 21 AT A 7 5
B RL Bk, SR, £ Gym-MuJoCo 1 AntMaze
551, SPOT K fg it 5 = 11 55 Pk .

ANIFTFRA RS Zhou 458 N $ WV TE B A 23
[a] K W% (Policy in the Latent Action Space, PLAS) %
P AL CVAE X478 R us b A7 F d, @i
il CVAE KRS WS 2 AT O 23 6] v o DT feff
b2 20 B AT SRy SR W SN B RE T . A A A AR
t, CVAE AT Sl AT Ao 5 T47 Jy S 1) b 25 15
T 23 2ok i KA A A AR KL HIORE Ok o7 2]
AR R . R, A2 BEAR f VAR 55 55 g R i
TEBAR M AR HE N . 5 BEAR kA, 5
2R — R B =X 29 5, O 3 2o v 7E Bl AR 2 I 250K
W o X A0 T7 2 00 R TE T B AT DR A A TR A ()
Rk B b 3 AR L O LS 52 o Bk A 9 4 1 AR
& TRl IS AN 32 47 S0 S 23 A 1) BR ) S 2 2R 3R
B .76 R4y Gym-MuJoCo fF % T . PLAS % 4k
T BCQ #l BEAR 5 i PERE . AL R 55 B H]
TEIELSEALAS A, vl DL RO ML &8 AR BOR & A
RERMHESIE.

X MMD 5 29 35 1) BEAR T
BEETE AR HMTE 55 BRI Ui RE . BT,
Chen 58 A" 76 PLAS LRl 1 £ H 18 78 25 ] 8 35 m
ALK B4k (Latent-Space Advantage- Weighted Policy
Optimization, LAPO) & &, iZ B k% TIREA &
TR o 1 1512 5 W R 8 DV A 23 8] 19 5 30 43 A1 p R
FELDUE R L sl 7E . Besh . LAPO Fi e I 25 1 —
A VAE BB, DL ) A= i 20 150 25 808 1 47 o R
W o TESEI AR 4 R B R AL HE & 7E DARL
thHEAT TR RE UL AR SRS AT AT TR,
R B B2 RL 2 4IE T —For i 8% .

T EE R M 2 ) RO S I Bl A s TR R B
RL L4, Gu 58 NI T —Fpah /E 9 17k i it
(Behavioral Metric of Actions, BMA)HEZE , iZHEZE
M7 SEZ AT Ry 2 R AEE - i X R B TE
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2% EAMALY S BF Sk 1

BB A AT DRy X B 5 5 el 14 AR DL BE L 38 2o 3 4 G
s, LA B W7 X ) s s 27 ) B sh
R LSRR & RL kMG, LR H
g3 ZREZEA A £ B A A 55t | 1R RE L b
B UE 1A B T A R

TEE L RL o fRSy MU AL THE s 8BS 20 . B
B TR ST 1) SR W AR R AR Rl R ) T eR B 1z Ak
P B T4 R 2 RL A B IZ AL RE T, Lyu
iz \ LR R B AR SF Q 2% 2 (Mildly Conservative
Q-Learning, MCQ) & 7% . %5 3% i 45 OOD zh{E
W5 A B Q ER HEAT ISR % Q (E 8 Fl e K
Q (B L — A IEAH - DUBA PR TE 9 fR 57 PE I T4
FETHZALRE Ty . RAEZFIEF T CVAE KX 0
FREME AT A AT 4% AT RE T B OOD 45 i1 ] . 4%
1M FIs B T MCQ A T47 s BE TR TR g
BEARS I A S il OOD gk,

Lou % AMF 3 T — R F H A5 B A B 4 RL
(Offline RL Mutual Information, ORL-MI) & &,

A B A B e R 4R e B R RL R 2 AR 1k

T R FH s AR i A S E 55 700 X6t 3 48 308 47 4 1) 7 i
ft  NERR 2 T 1 {8 oR BCE VR D =S (6] iz Ak g
TR IR T N ETFHEEISNME R, £
55 #8 4 » ORL-MI 7£ Gym-MuJoCo 1T 45 H iy 4 2 1k
T 0 IE 2 55 56 45 S IF AU M R 7R A 2 an el
HATIZ AR .

JE T BE T G B - B 4% SR 1) 1 L R AR
KRZRM T VAE FHAT AR, 3% B AL HI 2L
SR BRI 8 43 SR FLSE B 43 A o IR I L RE AR
B B SO 0L A . AL 2R SRR A R
WA b~ o) B s o A O B Ghad B o ie e . BT
I Akimov 2 AR GRS A E AL It (Conservative
Normalizing Flow,CNF)%& &, I T #4824 RL
A BT B AE 25 8] o 38 3 76 P 25 8 AL 1 B Js — )2
VN IA] O B Tanh, V5 78 S0 AT LA S 43 1) ]
AR ],

il it . Wang 5 A QB ol 4 SO R 5| AT
B RLP Y H Q%> (Diffusion Q-Learning,
Diffusion-QL) B i , 155 1 F 1 A% 1 A s 2 o 3%
IR . AR B i AR T 2 2 B A (MLP) 11
22 R P HAE SR A (DDPM) YA Ky S . — J 1 9%
Jih A O R 55 0 2R 4 v 43 A1 AR TR Y 3 AR AT SR
B o5 —J7 X Q B WS AF HEAT R AE . 5L 50 45
W, 78 DARL 5256 35 85 vf, Diffusion-QL & 0]
DIARIS HAF (P RE o [FIET ZSE T HA 5 T VAE

5 CVAE 54 iU B B 4k RL 39k b, ik it
7T 2R W T BB B X T 2 838
55 0 S B RS AT LA AL B s A L Y
BlAEAS 6] i ELX T 38 43 ] WL i R3S A B Y
PERE o HJE AT RE T %2 81 22 10 SE 30 ok i — A0 B ik H Al

T B A, % 425 Ak 2 2] (Safe Reinforcement
Learning, SRL) 4T B8 T % & 1932k & . Dong 28 A1
1A SRL WM& IF AR O 5T M 45 (Generative
Adversarial Network, GAN) Zft BCQ & & F 19
VAE AL 2 T SGBCQ B k. MB k¥ %
RRRBI AR B L RL L ik TR BB IR & 42
P, DT 38 B, DR 2 58 A ) 2 M B0 B AMT . )
B R FEAS [ 1Y 55 T GAN BT A2 J7 86 PE g - A=
BFER . H 2 H T GAN A 5 5| R 8 4
R o W 32 30— 20 X 2 ) el 48 M A ok T vk o AL i
TAVETE NeoRL P4 ip #E 47 9250 IR BA 1 A B
4.1.2 REFRIE

AR RAE R H AR &5 2 —Fh 7R 7 %, LU 2
IBE i A B o A I TU A R A A5
VA BB % B G b, LA R0 0 T AN [] 7 B 455

T B A R 4% 177 AE 1, Weissenbacher
g \F R R S T Q 22 2 (Koopman Forward
Conservative Q-learning, KFC) % ¥, 1% % 3% #| [
AR By ) 2 b B BR MR 51 S B B 5 g L O 7
I 2535 1a) 0] e A5 K s AR R AT e . KFC Bk T 3 2854
il 28 58 X8 FR AR X AR 0 B8 1) BB &5 2R L DY i
T HA AT ORS00 R e f B PR 258 11
PR A (Y R GE . SR, X AT ok T — 28 Jqy BR
P, 38 KEC Joik I AN 3 28 AT 55 75 L3 &84
KFC AMYAE DARL $5E s k47 1 4 0 A9 35 90F . 38 7E
MetaWorld"" Fil RoboSuite” ¥ 55 F #4713,

HY T 5 AN B0 A DR /N 0 0 o i B A R DA
HEXLI Y 5 2 R A TR AR AR — 1 A
PR Y 1), Sk B 63X — Bk % - Mazoure 4§ AT
P T — ) SCAHRIYE R (Generalized Similarity
Functions. GSF) 87k . 12515 F X 27 7 e Il 25
TS s LA H2 25 58 R T AT B BRI R PR 10 ROk AT
N o PEFEBE BB AT P E 1 AT AR R
Bio T IEAG B LR RL 5 72 T REAZ AL Jr 1o i) 7
fie . Mazoure 25 A &3 T B LA 1Y Procgent™ 2
B . i 5B AIE S8 GSE 7R AL 3UHAG Pk Bk 0y T
15 1 T AT 55 1 2 B A sohk:

B RL LA AUHE LA 2 A B 1 1= 4k 203
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o
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ol LA % 22 3l A5 ) B A58 o) L 58 iy T
A AE B - 2 — 20 e T A R0 2% 1 B =X 2 8
PEAS JE m) B, Sk T B % 3 26 ] L, Zang S5 W4
—Fh 47 R e 88 FE (Behavior Prior Representation,
BPROJE 5 o S0 0] AT S SR R 2 1 IR FR R
T AN A 45 22 R 0 11 i M o 3 ok 7 B0 4R 47 S AR
e PR R IR IR LRI € £on bl A AT AT BLA 1)
B RL ok IZRng . 48 BPR Bk TE 2 ) 4
P T AR 5 4 2 78 J7 TR B T A R B2 )
SRIFEE 5 VAN PBE A7 AE 35 2% St HOZ A AR
ity S — AR .

TEHE T RAL 2 2T 185 & RL o, 8 3 ] AR
BRI 2 2] RIS WS A R 7 o o 78 W 7 =[] rp 42
o X SE TR R 6% A= BURT BIR AS A 4 . H R,
TR R = T A R B A 5 VAE,GAN Jii #5
B Y HOBERY LA KB AT 0 A 28 b A Y, X 26 R Ak
5 2] 7 A B TR BE AR A o) BRI b A0 45 AL R
AT 412 5 SR W 114 - A
4.2 WHBEFES

Al 20 J 18 N S R B Th e ) Ll

)RR M P AR, 2 o B T & KRG

XA )] & R R 2 2 M e RL B B &
AIREAS S5, By 2 >0 T W A PR R AL, — oo FL %
N GRS [ B v 2 2] SR (AT Ry e (Be-
havior Cloning, BC) J7 ik, 7 —Fhill it % F R TG AL
oA 22 T R B 9 5 Ak 2 ) 5 (Inverse Reinforce-
ment Learning,IRL) J7i%.

HHl, — M H1 J7 26 26 BC AR 5] A B £
RL 2z v HAZ O N 28 2 005 7 O SR 0 BC 7
20T LIOKS ff 3t 52 1) 3 26 SR L O HL2E T /o
SR 5 AT by SR W A R ORI T K g, B
min DGy (e |s)am, (o | ), Herp D M EF g E &, 2
JELTEBIZR RL b H 35 U5 0] & A7 2 R ug 2 AR I M
7, N B A R B E B K SR Pl BE R B A RAT
Ho T AR RAT Ry, Bk TR05 2 ) I B & RL
J5 oy H R R AR AR
4.2.1 HES IR

T I R v R AR T N EE AR B BR R RAT
N BB BAT Jy o 1 ik DR 3 [ 8L 38

L PRI e 3077 1 A 0t 8 M8l 4 i AN AT O

40 ) L bR BT A B A B i o i O HLIE$E =

Jox g 1) B AT N o JR e X 2 A KR

Redn R BRI s A P R R A M E AT R .
Chen 5 \" 2 e SRRl 2 2] (Best Action

Imitation Learning, BAIL) & ¥, & T fifb f 4 5
PEBE I 30 ok 2 T AR S AE R V (o) SR e £ PERE
R BIAE A R AEARDS - ) Bk ik Q iR
Heo ma R VO U B8 E S R AT L AL %% (Upper
Envelope) , AT AT AL 99 /2 DL 7K 2 07 7 14 B G AL i
o FRE g RAT R BC J7 120k I 25 5 g k4
2%, LE AR R W] BAIL 78 Gym-MuJoCo {1 55
TRy RER BCQ'Y il BEAR™™ B4 271, (H
& BT TS AR A B e AR B E T vk B R R
PE. 78 OpenAl By 2K H A 2H ALE B8 71—
SRR

Siegel 45 NN R FINALAT Jy 4 A ( Advantage-
Weighted Behavior Model, ABM){E A kAL )5 56 5K
W& 4K (Maximum Posterior Policy Optimization,
MPO) 5655 75 ¥ . 42 it T ABM-MPO 5. %5
T2 TRV TR 3 AR U R TE SR PR A B B X AR A -
SIAEAE eR B AT PRl . 78 SR W i B B e e
M PR IE T 5 B AU 0 A S AT RE BRI . 2 B A
2ok A Z ML 55 2 PR 58 LRI I BT LB XS AN
[Fi) P9 2913208 {6l P AS ) KSR ) 00 3% o 280 AT 9 2 4t
By o R R AL 25 WL o D0 3 e RO H B R AL
53 H

N—1
A" Gaa) =Dy 'r Cspaa) N TV (53) =V () (D)

7=t

|zl
J Oun) =Be.up| 2, logm,, (al$) f(A™(55a)) | (8)
=1

Horp, £ R —A R R 3 K80 T TR A [F A
PHRBUAFAE, X B f=1[A"(5,a)>0],
1E27 2] ABM Jeie 2 J5 o ffi 1] MPO Sk Bk 2% > % g
mos it KL B A RS r,, . LI RFY A
Gym-MuJoCo {T: %t , ABM-MPO 5% 1 1] LU T K
FR o LB 19 27~ P BE L OF B 5 BL 2l Lt H 1 fiE
AT I Ah 38 5 B — A Sawyer LA L 52
W T HEZAT 55 A G TP RS A R R nY H s . 250l
Wang 55 AN 42— Bl 01 36 5 1E ) 4k [ 03 (Critic
Regularized Regression, CRR) &1, Z B B4R
FHAR 3 o8 800 Al 1B 7R B8 5 by BC i £ 05 1
FE BB AR E.CRRBERELET /=
exp(A™(s,a) /) A fin B M A L4 ki % . CRR 553
AR GE B 1) 2 iR AT F AR T TSI A T —
FRPEIE ZIMBUR i% (CWP) 7 AR, I 2% 2 31 1 7
RS AT . 2 AE RL Unplugged 52565 36
Bi N TSR B R R BRI Y R B A m 4R
- VEZ R BT 55 . JF HLA 8500 FRAGST 3 450a0 4



14 5
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4.2.2  FOFHRIEATY

BT AR B 1 — PN 2L RAT N
J7E AT DLOE B A o7 o) SR . SRR 5 35 B AR S
R A SRS Ay — A A5 PR 20 A AL AT 3R
HrCarlsisw) o FH o IBIRBE %00 B o ~
SCo o) o AL BC % 2 S AR AT R w8, I H
N R QN

J :Eprw->.1munaf(l,H>.wm‘/<‘ ENT DOg?To(az [sisw) ]
' D)

Horp, Unif (1, H) g ¥ 5) o0 A o ] & SCId 24 19 45
RPREL [ B ), AR S, A AR AT
55 (AR E i SR FITECHE £R B 4Re AIE e 5 5 3 Y pRI %

A TR EE R RAT 975 Emmons
R RN B 3 W L T — R
30 o W B 2 ) SE P Y (RL via Supervised learning,
RvS) B . A R F P A AN ] B 2% 1 SR s B AL
— & H AR 25 SR L5 R R

Flwlzn) =Unif(s, 01 08,1250 s5) (10)
TR AW A5 R R R

H

f<w\T,,H>:1[w=H%t+1[§)r<srf,a,f>] (1)

—,

Sue 25 R WY B bR AR SR AT LA ATl S R
WAL $F 32 . K L AE AntMaze 5 FrankaKitchen
55 T IRORE AT o SR 2 Dl 55 1 R W AE X 26 52 %
WP R IAEH 2 (H7E Gym-MuJoCo T %5 F £
MR GE . MeAh A B R A F P2 MLP ¥
28 5 IE WAL AT AR RE B HAT A I B
PSR AR 35 . SR . RvS B3 /7 AE — 2 1Y R B
PE . 7E Gym-MuJoCo 1T: 55 &, &t %t Fifi 1L %k 41 9 550 1%
A RIFAHA ,

N T A T R AR E E RZ AeE , Xu AR N
P — R 5 A BT 2 RL(Policy-guided Offline
RL,POROI ¥ . LR L G 4 RL i KAk
5 il SR AR B — A i T SR R — S PA T SR . TE I
St AR b, DL B AR 00 =X 0 fET R e A A A
Hh I O O o7 o) 48 T R B A PRA T SR . TE DA I R
w4 RN T S A AT SR IS R e B S 1, AT B R
TEX il . AR 52 50 45 R R F L POR £E Gym-MuJoCo
il AntMaze 1£: 55 T 09 PE 68 $2 F+ I A B I . {H 1 %
AT 55 I 300 2 i 0 1 5 XRT DAL SR TR T SR
DA /D B 1158 % 5 58 WUAT: 55 RS

BC J7 B4y BL it i B0 2% > 5 AN AU {7
B IR H G T, L TC T Bt 2 2% 10 22 Jil R %
XAFAFIZ T VA A — AT 55 b 3R R A7 R il & A wT

PAARAS K0 75 7 S0 D SR 1 40 T L K28
BETHA B L RL A A i ol BC J7
SR o ZOTETE S S R B rh A T S A
(ERERVT YN SN DR €1 aB i e e e s AP
2 RL a5 R B 6 2o 8 45 AR 3l 4 19 O 125, 51 A
FAALGE R W 18003 75 5 BB 2k . B, Kumar 25
AU PR L R & KB H T . &
& RL Jri2 i b BC Jr ik T GH T BE n) . 52
B 25 RER W AEA R B L R T B4k RL 5
AL SE PR () U E ARG T BC, JU HAE v i %
il A RS I I e R b B RL 5 ik R
T BC,

TEHE TR0 % ) B B2k RL 3l 08 = o
T PEAT U GR AT A SOk Sl 2k ad B R A R E
PRI SO [ T, DA T 52 85 25 ~J 2580 38 I £ 11 4
PE o AHJRIZ 7 7 B2 A PR RAT 8L, an 2Rk o
T 3RAT R4 e o 1R S ) M R 52 B BR A
4.3 REEHEE

SR o 2 — b 22 L 1) SR AR T O 1 B A
FREL TR W S 5 0 B2 L LA 5 Mg 09 B8 5 2 B
RAR S FFAH I 3 58 W 2 0 B RS T R
w7 S5REHLSE IR 4 (Random Ensemble Mixture,
REM) % 45 5 {5 bR 50 14 55 16 AR L » 56 5w 6 2
MBI RL J7 aad A S ) A S 4 iy Wi ik
SR AEVF 22 52 W B S 37 5 v SR T2 2 Wi S 30
Je FR i DA o BT I ) A, DRL B33 3 8 DL 48 i RL
iy AC HEZR g JEflt E AT 40 e o [R) R M, 76k T
WS AR L B4 RL Jidirp , AC HEZE J& — i T Y
JIEJZ T o ZREAR ] 73 Dk T AT 3 32 1 SR R 2% 5
BT VR KM (A P 2% . I HLI S A B b 5305 1 R
HORRE S bR R O TR B SR . R 0 i B i LA
— AP TR R D BORE TR A R 4 L
AT Tk B MR TE MRS ) 2% B R AT
WO R O T AR B E Y B R RL Tk
4.3.1  FRWEM 2%

Xof SR W R AT IE U A A Al AC HEZR | it oK
W O 4% T LA fel A5 B 0 B I RS s R A L I ITTTE S B
VRGN S DN E (S

Wu 55 NS AT O E AR AT B E e R O
#: (Behavior Regularized Actor-Critic, BRAC) ., i%
FVER R AT IE A 0 O s E A PR — 2
TE BB P A FE 5135 ( Value Penalty, VP) ; — 2 7F
W& s A IE ) 301 (Policy Regularization, PR) , I
Hh IR 4 TS G 0 B EE 5 0 o MMD KL,
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fWasserstein™" , 3 47 T 4 T 1) 8 2 0 UK
Bro SLE 45 R KRB BRAC-VP 72 R Z 80 1% 00 T 197
REME {1 T BRAC-PR. T 4 Ff B 5 B2 %8 4 22 5 R
K,.MMD 5 KL H7E Hopper-v2 1L 5 H 4 T

AL . BRAC T2 102 X Je i N 28 1 B 45 S5 5T 1L

H T AR A& RL 519 &2 2= P . Fujimoto 4§
APV — R T TD3+BC Bk . Bk AE TD3
AR ESIA T — M7 A e BE I 2 (s) —a, 38
LT —FhBE 25 20T, LIS s S0k i PR RE . FESE R
X HFFATIRS H — 4k . TD3 + BC 52 A L 45 4
BT ELAR GBS 2k RL J7 %, e IR [ 50
AT A S b 15 24 7 B ) A

1 TD3+BCHE L&A E . Ran 28 A4 T 5
TRUIRAE 29 0 1 5K % 1E ) 4L (Policy Regularization
with Dataset Constraint, PRDC) 8%, 18 W 3 45 &
RS B SR I 32 S TE B A R I R 5 G
RSB AVE R e BT W FEAS 3 R T ZAE A 1 sV BR
il S m o B g /N AR 2530 4 Xk A BN B 2 ) A F
LM IE B
Loc() =B, —p[d5(s.my(5))]

:E,.ND[Vm)i?DH (39) Dy () — (EHDa ] (12)
Horp @R R ) & P4 p = kT 10K 25 R0 3 AR
2SS E WAL R KD-Tree J5 ik 2
FW TN S a5 R R W] PRDC Bk
Gym-MuJoCo fl AntMaze £ 45 th FEIHRM R

BT RWRSHSE 3047 80 ilE , Peng 48 AW 4
T — BB =X 20 o) P A A Bl 15 Advantage
Weighted Regression, AWR) 8 i, Hia .0 B4R & F%
SR I A AL T2 LA A AR SR A 31 1) 8. 2% 5 vk il
T R A 2 B SR I ST L A5 2 H AR s KO

T =E, % [Euw,,ym,\) [A" (s a) ]+
77(€_DKL(7T/)(' ‘s) smp (e ‘s)))] (13)
R PR o SR 5« B 45 B I AR W 7

m (a| S):%Kﬁ(d \ s)exp(%A”(hd)) 14

Ju AL SRR T B B R T RS RS AT G R
B TR -SE MR Q (sva) BT ISR T, 5
AWR B 28B1, Nair 2 A 3 W 40mALs 7 8h & -
PFIE % (Advantage Weighted Actor-Critic, AWAC)
Bk mAE S AWR Z[a] i 5C B X AE T 0 (B Al
AT . AWR G 3 5245 R ¥ 5N 22 20 R Al 147
h R B AR S R AWAC Wi i A 28 kAl T
UHIT SR AR S-SR M R A, AR A M Eh AKR,
{EFE S I8 B BT AT AT 55 - AWAC B9 1Y R AR 55 R

BmET AWR, HAh G2 2 S it 17— ke 5 iy 7
LA 5 T B R PRI e 2 i B i X
1E 1F WAL AT 2 18 48 71097 (Regularized Behavior
Value Estimation, R-BVE) (9§ 2L il I, Brandfonbrener
SNSRI s 4 A (One-Step) 535, 3
WIT R T B RL A £ 20 (Multi-Step) J7 125 18
iljﬁ’]ﬂjfcb%ﬁ F] ] (Iterative Error Exploitation) %§¢
R N ERIE TJ5 vE R AT — AT R SR 1 DA ﬁ
#ﬁ YRR W BRCHE SR 0 T 220 A 1 iE
ANt 2% A H B B A . BCQ Fi CQL %ﬁ%%ﬁ%ﬁ
1 2220 AR SR AT SR W VA 5 SR s Rt R
XF L AR T % . B0 O7 B O T B D SR 2 AR B
RT3 05 05 KOs 47 S 5K W 19 1 (L e 500k 47 40
B Bl R P AR A 500 5K o 53— J7 T, B AP T
] DLSE 4 skt A P A {6 o 280 T 02 >R AT O v B
9 H AR o 107 080 2 2T AT O SR 8 A0 eR B
T 0 1 R KR gl B 1 A o0 A Ab Y S . R TE
Ab PR B IR 3 R b, B O YR T Dyl .
SR o 2228 J5 i 0 3 2o 22 U3k AR AT 5L I /Y 3l 25 41
R Y B AL A B A R R L ) RS T
AR ] B PSR o DRI TR T A A S A
KEMG T, 2807 idE .
4.3.2 M {EM%Z
(] A9 b, T D) A 45 5 AR 3 AT LA T 7E (B eR R A
TE b X (R R BCHE AT A T A — o R B R
Mg [ 265 B G 1t BEORT L 5 I FSORH Bl A Y O AR
Hh T — P RS Kumar 58 AWK 5 A
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45 F . 1IQL B ikTE DARL FREEh HA R 4F R ERE
JUHAEZIA B T ) AntMaze F1 Adroit T 55 H £ B
AL SO T S R PR AR . IQL BIE N A A
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MDP Hr, 3 Ffr AN 4 7 PR AG T 7T R SaE e 307 2o 7
A YR T R 2 1) A, T (8 R D 2 ) 5
Gk,

VE e TR B2k RL (9 T 1 Z A o Ao
PN Ay DR 55 WA i 1) 449 A7 JHG v XU 98 A HE Affy DX 35
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—fy Gl @)
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o
=B

Horpr diseCsoa) JH R A 500K 25 5% B AR AL 22 ] (1) AN —
B, 9 KB AE DARL S5 3858 E Gym-MuJoCo
51 . MOReL 5 H AT R 4F 9P fg . IF 00 T 56
Y CQLIM™ 8k 5 MOPO 513k, {HJE 2 T 41
TZACDRAIE 3258 125 B SR B 19 AT P M 850k D) B SR AE
JoT e LA

Rafailov S N4 H 1 356 08 78 B9 2R B 700 1) O
B& 4k (Latent Offline Model-Based Policy Optimi-
zation, LOMPO) 5 3% o 2 b L, 1% 5035 OB T 4 Ak
FERL TG b i A 1 8 PR RE T . B & RL 97 R 3 5

2 WL 5 WL 55 245 1] (EL 53K X8 T 1 0 0L 5 i L PR AP

1 1 B B 2 2] — A A R G ) i A 14 s
WTER BB T, (- [s,a) 580 A8 40 B, 3F
L 8 AR A s ) A i ) A5 2R 22 ] ) 0 B8O 1k
AN E 1
U,(s,a) =Var({log'1:¢’(s, |So1sa, 1)}
i=1,2,,K
] LOMPO B 52 B AN 1 1 P 4851 52 Dl Ay

(25)

K
F(saa) :%Zf(w =AU (saa) (26

FoH s ~ T, G,y a1 RN 1) 45850 A SR
BE s BN s i=1,2,,K FREEEFIRY.
SCIGEE IR AE A DAL S 5 — DB AL
AT 55 . LOMPO & ik 41 4 T 5 DT e 56 A
PRI B4k RL 7k, 7E Rk TAEH, v LUK
LOMPO ByEp T 245k . sl kA
Z AT 55 0B R I 2R A B, Sy I 2 > 31 B v
(AR S e RS AR TR, DT 4 7 1T 42 R SR AR AR 5z 4k
BE T,

BT M FT S TR A B £k RL J5 2% A7 78 B
AU e 4 5 A w0 P 2 (8] 9 A ] 8T, Yang &%
PR T B4R SR WE i (Pareto Policy Pool, P3)
B o IR LR AN B o PR L A T T A A
H A5 T4 8 — A 3H bR AT 55 . 38 3l i B4R
s 3t A7 SR %, P3 BEAS A5 A5 b AE R 0 R BT v ik B A
IE SR W, WA RS2 T 0 BAEHERE T vk DAREAR
RIEAWY T 1 A . 5L 56 45 R R B, 78 DARL
W Gym-MuJoCo fE %5 ., P3 B3k B {0 F
MOPO #l MOReL &k, EHIR UL, P3 J&—Fh K 1%
LR 2 AT 5 WCE Bk s .
5.2 FREEAR

TG 29 HOA] DUAR AR 2 5 B AG T AT N RS

23X (Explicit) 5% 29 3 5 a2 (Implicit) 56 1§ 2 0,

Horpr, USRS 29 B 28 RL J7 38 0 29 35 /i (9
57 o MG o (LR R] BE M A AT O SR . B SK

MG LR B2 RL 7 AR T X5 47 R SR 7, 14 £
TH AR DU FAE E 1 B AR sREON 7 17 290, 8
AT LR T AR A DAV 7 23 ] e S 3 3/ 25 ]

ATETF MOPO 3% A P-MDP 19 75 1 s Matsushima
SF R AT A O ] B AR A 4E i (Behavior-Regu-
larized Model-Ensemble, BREMEN) & 3%, iZ & ¥
AT 3 0P R ) A Ak RS AT DX o 2 o
FEWE A 217 8 K g . BREMEN ffi ] K MRS
BERSBII T Ce [ soa) (9 86 A LA Al A5 750 ff 2% i
it g BB — BB F, SRR H bR R G AT I
G, XA ERIREDE, F— P HILRE s 5 F—
ANTPIRZS £, (soa) Z 18] 93 05 18 25 e Mk, b T
el 27 3] 1) S W e 3 KA MR WA AT O SR e R
FF KL R 5 E XA . R, 5 KAk H A
BRI EIOCR AR AL SR W
moCals)
my Cals)

so toBr [ Dy (my Co |9 |, Co ) ]<8 (27)
Horp el B AR K0 o B mp AR HEZE R 1
M TR G . & A I KA K A™ (soa) I3 R L,
BREMEN B9 i 0 A& 32 4 1 — A8 00 il 1 25 2
RL B3 1 Ar o B 28 240 (Deployment Efficiency) .
BT DA AR AR 2 > 30 T B 40 50 SR s 1 A2 Ak R B
SLE A5 A R W, BREMEN #] DL ] b 8L 5 3 20
10~20 5B A SO AL RIS . FE7EA BRI
s b WoR R G 45 2R BN, 7E Gym-MuJoCo
1555 Hp s NI 627 > 31 L 2h 1 SR s H s 5~ 10 IR
M FAE S RL Bk kUL, 7T RE TR 24T LA 5
2 JUA T o X AT DLk #2252 5L
FH A B AR F0XURS: o 38 AT DAY /D A3 A 2 2 2
PP EE R A L H R M RUE AN A R
AN AFE LR SAC Bk,

5.3 (EHRIFIEMK

AN TR T 5 2 1Y 7 % s B R BOE AR X AT
hy W AT BRI S W0 IR R g 2 OIS A
TRAF o TEFR3 18 3C Hh 0 (B oR £5 1 U AL Ry 3 s 1
A E A, 5 32 2 RAR RS AE B bR eR B a3 i —
A TEWEI, 7E TR B L RL Hh, CQL A AT R
E 2 — P (E R B AR 5 i o B F I, Yu S AP
P& T IR <7 B kR AU 1Y 5 B A £k (Conservative
Offline Model-Based Policy Optimization, COMBO) ,
G — DR TC | s.0) R T —
AR & 07 23 A7 o I A S5 RO BURUAR Al 1 2E 47
R R Y2k . 2 F I . COMBO 5] A T —A~ 8 #9
MDP, 7 % g PEAl B B B /ME A5 2R R AL

](@H)=arg§naxE),uNWk;¢l[ A”ak(s,a)]
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L(p=
arggninﬂ(]E_\_uNW,u) I:Q¢ (Sva):l _E,-_ump [Q¢ (S 9@)] ) +

LB [(Quss) — (BQ) (5,007 (28)

. BQ () =r(s.a) +Q (5" va') s’ ~D.a' ~
wCo | s RIETFREA M LR B 387 SRR A T 4R
SRS -IEX I H 5 B IOIR S-S FE X B ik X

gyt 2 (28) o i g A~ 1E ) Ak 10 RT DL AT O 1

Trabucco 55 A 4 Hh ALK 33 R 1E DU A6 AR 7 28 o x
PovE Ik . 38 145 5 OOD Mk 25 - s Ve X Ay 37k
Jl A RE S 1K B AL 75 T o BEAh s pCsaa) Bl 0 AT
PR RAE DA £ € [0, 112 25 B3 5 v 19 K dle
AP AT DR L PR SY R B o f (MR SRR TE
SRR 4 P AT RRAR S o [N L R 3R A B
SFHY QAT R ZANR . NSEER SRR A 3 A
i B WA AT ALAT O AR 55 . COMBO 303k i 3
R Az AP IR E 1 oAb IR BEAE AN [F) 26 1Y
4 BB 4R b 3 SR B 8 3 3 T HG X A [ 26 R )
Pa e BA G h el COMBO 83k #8 0 1E )
S HTHER T — a5 5 IR B
2 RL J7ikAf b COMBO 5 3% H i Q i eR 2l
Ao TS IF BLREGS o (R HMs A9 S E S TH . X LE
PR F R B 2 RL J7 % COMBO 35 A 2%
THER T AN 58 1R 0 M 22 00 2% 40 &l ok 19 52 R . 5.
& RAETOEAEA R B S P g — S R Hik
A 2 AT AR e AT R 25 A Bk S

5.4 xfLbardr

HE TR J5 ] LS 43 F R AS JE G A
A5 50040 R R A R L R X T R
RL MM & %07 0] LA RO T 8 4504 o DA g 3R
R OB R 5 ik Jo ik R ) A . ) B A B G X B
55 ) A8 A B P R 38 SR BB S B g
EE O 2F B BB AT HE B . A IR A 2 AL RE 7 .
E IR e TR (1) Jy v T B SRS R RS R AR S
Bl 50 7 3 — T L Bk AR M B T4 . b i 7
A = 4 S (8] 5 K B B IR AT A7 A TR

LA BB IE 2 ], 70 5 T RO ) B 4k RL 5
b R TR E AT B IR 66,620, 2 TR
W 249 SR AL BRI 500 IE U 1 B0 2 o 16, 7 06 . ik e B
Xof BRS8N 0 PR Y 25 SR AR SR B a7 A A
o, U HR B T AN 8 PR A T 9 5 3 38 W Wk F 5
M FE 0w AR 28T . LOMPO S35 B B AL T
HoA A (E AR A 2 X S Ty I 7R i o T
RUBG 28 RL [a] LR, 38 F A 2 AH BT, 2 285
28 SUASEFH ARG 58 5 75 R .

3 XA W KRR AR T TR
A 45 H = SO ARG . 3R 4 XA R B
AR FNSE 56 20 55 DA =A% TE 2047 #h 58 U B £ 5
O VRINFILM A TR — . HARW K DARL
1 RL Unplugged ESITESS 7 IR Hr,
e A4 V5 Ry At S5 5 BR 5S4 45 - LOMPO 58 2% fir {iff
H BB I 14T 55 (Sawyer Door Open) , H SEHL

£33 ETHRIEMNEZ RLEZSHTSXLT

ke kA R B A el
MOPOLIS] B B TR G Oy e N B B2k RL L IE B AR 5> SRR B 4k RL &
P 57154 Tl ofe A 58 W 12 3 PATH T I R A A
gy MORU ERESKRERE RREEIRRIREE o geie ook
ik . IS S TR 45 S RS TE R A S 4R O s A A T 2
[20] tr
—— LOMPOS™ e R SOk M8 T e IR B B Bk s
- - FER T — R R IT LT A BT AT R IR FESSIa 4% . T 25 4% 1 55 B0 3R
JRVCHORLA i B BV B A RS T ALTE M B S RS Ay
gk BREMEND:  SEHIEACEAN R R RL SRR TR FOREGE PR f A R
- : {6 P BB AT B0 0 10~ 20 (5 RORRHE A ROR IR SEmS 30 2R SAC Ji3k
1 B 5 COMBOL®] P T — RS R B E VAR SR CQL LIRS WA 5 I L ol R 4 i 0
EL : JEF R ZE 4 (0 Q i 86 B AR 7t T4y EE R T Wh

R4 ETHBEL RLEZHNIBRIRE

D4RL

RL Unplugged

Fk R S Gym-MuJoCo Adroit Franka Kitchen pr=aiie DM iz 3l DM #5 4il ALE it
MOPO('8] 2020 °
MORel.[19] 2020 [
LOMPO!20! 2021 ° ° ° °
p3tzt] 2022 °
BREMENC(22] 2021 )
COMBO!23] 2021 ° °
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2 NFREE A1 ROBELN 31 55 v (1) 3% 8 Jig 55 W) 14 AT s 5 70, RS T LA B1) g A5 00 45 R RE AR AR 5 5 7 AR
% (D’ Claw Screw) ; COMBO 5.3 Jr {di 1 1 AL ki OOD gh1E , Jo 75 i 1 24 98 sl 35 AR 15 K A e S0 4 152

K T4E %5 (Sawyer Door Close), ZRY R, BLAk, R R B 2k RL JC 75 16 28 W 48 K4 #n
SRR ) 4 A A Transformer 52781 78 4b B K
6 E-F Transformer &= ! 7 A ) A ARG RO . I . 3 F Transformer

AU B4k RL J5 ik W1 Mok 1 40 A5 D % 04[]
Transformer" " HA5 3 K ) F 1F 58 1 F1 i 7 MR B s 3R fE7E fif e RL K B 3 CE 3R 2 Jil)
BERE Ty, Hodme B4 T B ARG 5 AL B, AT LA 55 i 2 A 2 ML R R L
Xof 1 SR A 1) e 4 3 A AT R AL A LG TR S HR4E 3 JLAF 3 T Transformer f5 7Y ) 2§ 4 RL
AR AR R R A Y A RIEE A BORKEERE WL P81 i A K 36T Transformer
G5 B 1) K 22 B IR) A Y 4 ) L RL AR BT - Al 2 RERIAHEZE 73y 0142 5[] Y (Return-To-Go) 5 7o
— AN HN P A R, R L B ET i #RF Transformer 50 B (State- Action-Return) . 7E Bl g 5 [ B o,
i TE RL o Z A A TAE G oA A RL SR BHLE )P A FRR WK E R T RS IDEFI] c =
MDP g, I iz F 5 F {8 e/ 5007 2% W By 25 43 s1earsRyvsyva Ry v uspiar s Ry, Hof R 5165
(TD) 5 2 04k 56 W& 5 74 AN 3R w66 B (PG 47 8l MDP g, 3x B8 RS- S5 17 90 4 ¢ B 2 )5
PEFE . RL B U B — D7 51 A2 AT 55 i 5 #i f4) JIT A 22 Jh 2 F0 B TE1 4 1 AR A% 8 MDP o ) B
2 W 4% T 1 i B A Wil o SR ARG LH T 1 A v 2 T I A R Sk AR
FEFET Transformer BRI B 28 R, S67E SRR A9 5 D 2 24 H s A i e 4 2R . It 78
) 2 ] AE B8 A B0 2R — A RS- S PR [ iz S 1) AU B HE At B — SR A iR 2 RS -
BB AR DR ERAN P FES FifE-RlR e dl. B 6 X3 F Transformer #5175
ASAR A TN AE ) 88 55 CAnchor) o 3 B 11 27 32 1) 55 0 & RL By MRl 7 64T T Wb T FE .

@ @) (@ @)
o8 o8 o8 o8 o B

[ Transformer ] [ iTransformcr i ]
P06000000 COOLOOOBE
OIS0, () @) &) @) &) i) @) DISLD

(a) IR A 7Y (b) JEH F A
6 FH:TF Transformer BRI B2k RL 19 W Fp 5 =X
6.1 [(ERSmEE St JCRERY B £k RL B3, CQL-™ 4R T %k

[ i A o) 2R — i ok A BOIRAS L B0 R 2 T HA AT g 1) B Oy g A L DT Bz AL BE ) AN 5
[ A ROR LI 4 RL 19 Jy . DA IR Oy 26 56 0 HHEGE T B RL, O Y AL,
PR 5 F AR H bR e& 0k fA T KB, Janner % A5 DT B AHE H— Fh
RE M I AE , 3X 2 e AT B 28 RL 7 vk JCyk s 1 W50 5 e 2% (Trajectory Transformers, TT) 2244,

Chen 48 NP7 —Fp 3 T Transformer #5571 ¥ RL MEUE B A BT 5. 5 DT Bk, —
DR HL H 45% (Decision Transformer, DT) 284y, 0] FER ] 7 HA B A4 LAE J1 19 GPT 4544 K 4=
W B RL WU 5 o 20 P O R 0T 8T Ul . 5, TT 255 IR 1% K (Beam Search)
(o] iz 5 1) Y L A ] GPT B4 B 4000300 43 A1 o 7E I %5 T X fige B B8 AT AR R ALAL . NSETRT T
BBt s/ MEE S B E S W s /E Z R ¥ Jr ik 25, Transformer #1110 HEAE BE 7 2 8 T 56 TAL ALY
TEVEAR B B M40 AT 55 79 30 B2 M B %0 B3 3 47 Ji. £ Gym-MuJoCo {155 F B RL TS 52
TIIFEH 4 LAGA B B AR SE 8 R B 1E ALE, AR R IR 7 A NN S T U A e R
Gym-MuJoCo Fl Key-To-Door"'*!ix 3 MM % 34 (Goal-Conditioned Reinforcement Learning, GCRL)
WG T8 By St . BRI DR UAAR 5 o AR A A DR A 55 TT #IBAS T AR RCR . JF By H B A
G i 5 R 2 R A ) R EL DT R RIS i TR RAEZE A L W] DU RO X 5 2 ) B AT R
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2% EaR A T LRk 175

AEFZIC, T AL B RL A B JC 32 fiff o 1) [ L, {H 5
ERR S ASMRF LA T TT {1 5 KSR
H A5 Il %5 Transformer AL, S H0Z 5 bk ARG T
R A . O TR DT HUE ] T2k RL 1
], Zheng 4 N i Y 7F 28 gk 5 % e & (Online
Decision Transformer, ODT)ZE 4y ¥ B L FI 2L 5
LM TR A % —. ODT Fikgs4& T DT 5k
5 AWACH JBUAH 72 76 6 Wy BORI T T BB 1) R
SR I HE#E N T POMDP #f f, 5056 %
B, 7E Gym-MuJoCo £ 45 H1, ODT A K K@ # DT
2% . (HAE AntMaze {155, ODT Bg b T 220 fE 2k
TR i TQLM Y B3k Uk W% 7 ik HUTE 8 4y 3R 8%
T REFRECR .

itk L SC DT I 2 3 9k Hoz 1k g
J1sFuruta 58 AW 42— R0 1 o 5 15 15 8 DS i
(Hindsight Information Matching, HIM) [f] & 1 8
JH 3K %% e %% (Generalized Decision Transformer,
GDD 3ty , Wt gl A HIMAE A A F )5 3 &
(Hindsight-Inspired) 8 3 19 48 — B 30, 35 GDT
FERTE @ ) DT J7 ik J v 91 it A2 i) Jr =X figg e
AEAR] HIM [}, X6 m] 42 5 o) 22 07 32 6 AT 46T, 4%
= BLDL i (Information Matching) [A] 8 & X K — >
RN nals,2) .

rn”inE;N/,m,TNPgm[D(Ié(r) .2) ] (29)

Hrp, m @ RE s Bl oo = {50 a s,
a1 B HAE B 483 (Information Statistics) &
SCH TGy ) T2 Co) AR s B @ B9 {5 Rgeih . s
U RFE R BSOS B o = {pivdiiiorsdrtod =
DCsia) BIERA o X AL E L ik =17 (o)
B/MEBUE D=0,8Y 2 == i RE - S 1ETF 51 2
AR, (oo z) AT T RL B¢ BC, X S8 5L 75
HIM 5% . SHHE R U0 . R G & sk,
W DT Jrik; AR R A A2 02 MG 8 B L 21T
SR 25 3 B DE AR 19 43 2% DT (Categorical Decision
Transformer) J5 3% ; W B4 #% 5& Transformer, NI 3
T ELZAL 5 B2 > 1 DT (Bi-Directional
Decision Transformer) J5 % . R BREL @ IR A #4510
W —ESE T HIM fr iy 19 (o) g 2 i, GDT
AJ DL 5 IE S B AE pR R @ AR & Ak ok HIM
a] &l
6.2 THSm@E

Bv I o 1 i e A 1 s ol o 9 0 o
BB 0 R 25 -3l - Il i B A STl AT

W K LT A R — o R F AR AR AR A ) 3 XA AT LA
BB G 3t 8 B B 125 5¢ LA W P 91 A

ST F [ 4% 5 1) %), Shang 28 NS Q1) 57 H 42
A0 T R 0 AR A - Bl AR R R A A AT AR
StARformer 2244 , 25815 th D BE 4 4% 5 P 91 i 4
i T B 43 2H B 43 B R A 2D B A Y A AT
B, DR, oAl ) 78 5 [l 4 S 1) YA DX A T2 A
I S e e it B 2 T A TN R R R
XFF RSB B g8 2 L0 o B i 3R
Fric (Token) Z{ 15 FPRA&- S 1F- i R AE g1

gl =FC(LZ{]) e (30)
Horp, [ IR B G N B BRI A e i) H Bk
T BN AUREARIC A KRS B IRA -

by =Conus,) e 3D

SRIG B H B R AE g B0 A i A B AR B B9 Y 51 g 4
a2 AT R P ) L DL B — B IR A
Vi ={gi+hy gy ohy Leeagh ko (32)
PRI Ay %o AR 2 - B - 22 il 1 9] SR BOAS [ B ) S 8, O
F6 A8l MDP 1 g i 28 fii 22 (MDP-Like Inductive Bi-
as) Gl AR G BT AE A LU AL T R4S 5 7 S 3
KA I . IS 56 25 2R R A . StARformer 53
fE ALE PREE AT DM 45 i 2 4 003 b, #0000 T At
KT Transformer #5834 J7 . StARformer A] L)
TEARBEARPERE A 00 T SE BB A 22 il . SR, 76 DT
W AP BT B bR iR BUE I 2 47 S 0 il e A
TR A RE AR B AR
6.3 Xttbor AR
MRSk E, } T Transformer #E R ¥ 5 28 RL
BA BRI RS E R A — 5 i Z AL RE T T i TR
gt RL M LA XS (K 5 40 0] B, (L[] B AN ]
B Ll R TR S B TiC B OR AL T B IH AR R Y
s [) A B % 305 A e 8, 6 L [l g 5 1) Y 5 ST A S 1)
R JE A BT 5 T A b Ak B A U 51 S A ] A
T o 2 RS A T A R S N B AR Z TR Y
K5 DT fe 235 L A D 3 O B 5
5 XA W B B USRS B AT A
A4 H T BEAF SRR G . 6 XA 5 N B
R MR EE LA R AL U AT 4 S U 4 55 “e 7k
ARFEM T R 5. BARYE K& DARL fil RL
Unplugged $F7E5 7 W RITHE . Hod .38 6 9 iy
S Al 2 50 B 05 F 4 - DT 550 3 7 fet 1 1) &2 3 4 AL T
IIE %1% (Key-to-Door) s TT 55 3% 7 6 I 1) £ b5
[E] s 5t LR BT
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% 5 EF Transformer EEI B4 RL EiE W N 53Tt

Rk A k2R BT A5 9]
D200 BEF 4 F B 2k RL Ja) B B BGE & F WHKZIZAWEE S, HiE M T84 RL,
Transformer &b 3 %) )5 %1 [a] 50 T Y AL RL
T i GPT 4242 > YUk 43 A, Il T iR Sk RL XFLL, % il 25 80 90 A 4 o

] 4% 1R 5 5 il 2 AT LRI

BB 1 o EL 1 00 R

%q: 5] )Fj_‘lj N 1 3 )
Transformer T ODT) et S L TR s SRS AT A R
i i
=] P L L 4 vk e N
goren  BRE UM B ODTRRDTERER e veins s
I H R E-5 - [7] 4z P! '8 o 15 S I TA Y
EPE[';ELTL] StARformer28] ﬁ%g%}ﬁ%@u%g%;}%*+ﬁ i B N AN T By ARG B AT 45 R AT SE R 50 F

F 6 E T Transformer A E 2% RL EX LRI

s D4RL RL Unplugged
ST R Gym-MuJoCo Adroit FrankaKitchen B DM iz 3 DM # il ALE it
DT 2021 o °
TTL2) 2021 ° °
ODT'26] 2022 ° )
GDTL2] 2022 [
StARformer2] 2022 ° °

7 KIIREE

TR 2 2T 19 B 8 AN O R MBSOl 26 119 S8+
XSG R PR AL T R MR FIAR AL A B TR

JEE 27 2] ik o o B SN HER 12 (R RE ) B 5 Ay AR

) F b, B0 B X T B 4k RL Al o ik, & Bk
ETHEL RLALENERMSE. ATNHTIES
Mk 3 AR B & RL 9256 5% . DARLYY [ RL
Unplugged"** fl NeoRL"", #3814 4~ B 855 11
155 g 1 5% 3 LI B AT X L.
7.1 D4RL

D4RL 52 5 35 55 4 4 OpenAl fy 2 7 i 7
Gym-MuJoCo' """ | R I5 YT 457 (Adroit) 58
BT 451 (Flow) (HL#F N2 HNT 4 (Franka-
Kitchen) F1 H 3125 34T 55 (CARLA) () 8 45 4 .

AR Maze2D fil AntMaze, 7] LU &
1B B A 55 o 3X AT 45 1 AS ) 22 b 7 F 7
AntMaze H1, — AN 221 8 A 1 B (8DoF) “ i it
4 NTEHLER ABUR T Maze2D i) 2 4~/hEk, Gym''
YER OpenAl 45 B &, &2 RL A\ A 1y JF

(a) Maze2D

(b) AntMaze

(c) Walker2D-v2

(d) Adroit

BT HA, H, Gym-MuJoCo J&— /> % 2% i JT J&
YRG5 N T8 BLEE TR A A R AT AE
e GEREADL A AU AR N A2 B 2 400 45 P B ) S B
TR RIGEBIEF WS —1 24 A i (24Dol)
AL T R A4 2% I A . Flow $244E 17— 41
PRSI B ST S A W AT 55, i i 5 B 3 Bk A
S A BIR B 4 v T ok PR B O T I TG Y A2 T U
it MLAS AR 55 il — 4> 9 A HiEE (9DoF) i
Franka #l#&s N7EBf 7 SRS rh B8 . A S B BT 5 R
— A S A B R gl A R A
THITT B 1o R T B 8 R R 2 T A

D4RL 52 55 ¥ 45 Fir 95 K 09 &8 53 4% 55 & 7 fv s .
(a) Jyp B F b 9 Maze2Ds; (b) o i & i A iy
AntMaze; (¢) i Gym-MuJoCo H1 1) Walker2D-v2
1155 ARG — D IR AT E R BB (D 2l Adroit
TR T VST T 58RI S BRI x 4 T4
VEAE: 555 (e) 2 Flow Hr 4 il 4 49 5 g J ok 318 38 %
P Y A2 A 5 () 78 5 s 0 58 o o 45 i B 2% A
B b 5 0 S AR T T IT K A e B B e b 4
TWUTFTIF 5 (2) 5 CARLA A e — > /N A A A 4

Rt

(e) Flow

(f) FrankaKitchen

(g) CARLA

Kl 7 DARL SEE3h5E
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7.2 RL Unplugged

RL Unplugged S5 FREE i 4 A W] & 49 £odfa
HEH K, B35 DM 5 4] & (1% (DeepMind Control
Suite) . DM iz 3 & 4% (DeepMind Locomotion
Suite) . HL BLIERL ) (Arcade Learning Environment,
ALE) FIBL stk oAl 2 41 (Real World RL
Suite,RWRL),

DM il £ & — & 1 Gym-MuJoCo H1 52 3]
M AT 55 AR S AL B A B 55 . DM iz g &
PR NIV E % 3l AT 55 FA UL U5 3h AT 55,
Fi 2K B B R g 5 LA o s
A 25 6 o BTS2 — > H 57 4> Atari 2600
Ui A2 L Z REAL B B A K R ik K 4R
RAFAG BB RL 503k . HARE Jyid I i8R 28 il xk
SCEGF- 45, o DRL [ JG AR R 2 2] 11003 - 5 R A
- R )y 2 ) SRR A AR T IR I IR B
XF TS FLE A ) B RIEAG T 9 PR X
L Bk 5 5 v 4R 25 5 3 A A 1) A0 A R L R
GIEIR (ARG H 2 B bR AL B AESF AR M R ER 43 AT
WEEHE

RL Unplugged SZ 55 ¥ 58 B 3 K (4 5 40 4T 55
8 Bz . (a)y DM 2 i 5 1 mp il 2o 47 1] 45 A 4 s
BRILABEEAL 555 (b) 2 DM iz 3 & 1 d B %
& Ji (Humanoid Corridor) /£ % ; (¢) & Atari 2600
TR K as AR # (Space Invaders) £ 55 (d)
S A s AR 27 2] B i KB 47 E (Humanoid
Walk) 1+ %5,

(d) Humanoid walk

(a) Insert ball (b) Humanoid corridor ~ (¢) Space invaders

& 8 RL Unplugged 5% 3 5%

7.3 NeoRL

NeoRL 52 37 35 35 Gym-MuJoCo /£ 4. T
A FEAE (IB) | i 2558 B AL 4 (FinRL) 13k
T4 HL (CityLearn) 538 4 .

LY BB ) Gym-MuJoCo T 4 5 DARL
SIS PR T H S ARL . Tl 5 o 3 e AR A0 5 el ol 4 o
155 oK i R 30 S HHE AL e 9 R O i) A 0 456 v A
AR EZS 8] AE IR 22 Jily 52 Fe i) Mg s A DA e 2
AN B R B e BE AL o B 5 5C B AU 28 AT DAL {5
FLCH R ST 37 O HLPR B Bl A I E) 4 A A7 AR B 3K
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Background

Offline reinforcement learning holds significant impor-
tance in the field of deep reinforcement learning. It involves
generating static datasets from behavior policies without the
need for online interactions with the environment, effectively
transforming large-scale datasets into powerful decision
engines. The rise of offline reinforcement learning has not
only accelerated the development of decision engines but also
provided researchers with a stable and efficient training
framework. In recent years, offline reinforcement learning
methods have garnered widespread academic attention and
in-depth research, achieving notable successes in practical
applications. Currently, this approach is widely applied across
diverse domains, encompassing recommendation systems,
navigation and autonomous driving, natural language processing,
robot control, healthcare, and the energy sectors. Its applica-
tion signifies a pivotal advancement in addressing real-world
challenges in reinforcement learning. This technology is
recognized for its potential to effectively tackle complex
problems and is viewed as a promising avenue for advancing
practical applications of reinforcement learning in real-world
scenarios.

We have presented an exposition on the foundational
underpinnings and theoretical framework of offline reinforcement
learning. Furthermore, we have classified offline reinforcement

learning methodologies into three principal categories, namely

model-free, model-based, and transformer-based. Specifically,
these methods do not share the same focus and aim to address
distinct challenges, achieving incremental improvements in
handling distribution shifts. Model-free offline reinforcement
learning methods focus on policy evaluation and improvement
by directly utilizing trajectory information from static data.
In contrast, model-based offline reinforcement learning methods
aim to learn dynamic environment models from static datasets
to optimize policies. Recently, transformer-based offline
reinforcement learning methods have attracted prominence
due to their superior sequence modeling abilities, showing
exceptional performance in managing complex environments
and long-term sequential data. Subsequently, we have under-
taken a comprehensive examination of the present research
landscape and the anticipated trajectories of development for
each of these delineated categories.
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