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HEARSIE N H IV, FRACTT REAREY 3 3] Az A0 AE ) A ad A BRI, 4R —FF i AR 1 R KAy B LR
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AL IR 3T BCHA L TR KA 37 B AR R4, 18 RS B B ez bt B SR I AN RS P&, AR ¥ RE 4R, 38
% R0 ) FARAE ARG R A B AN B R 18] 64 A LA B0 = )3 EATIME R, §IN— AN E AT FOT A
L. ¥ DMEM Z R T — 27| B AMHALMES T, KRR, 526 B LR F T ik,
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KIBIA): B AR T AR B FBOAR; =2, R KA

HEESTES: TP18

s A R, B, D25 IO A B iR AL I B 2R A 2 ST U, SRR, 2025, 36(10): 4695-4709. http://www.jos.
org.cn/1000-9825/7296.htm

F3C 5| F#% % Liu Q, Yan J, Wu L. Offline Reinforcement Learning Method with Diffusion Model and Expectation Maximization.
Ruan Jian Xue Bao/Journal of Software, 2025, 36(10): 46954709 (in Chinese). http://www.jos.org.cn/1000-9825/7296.htm

Offline Reinforcement Learning Method with Diffusion Model and Expectation Maximization

LIU Quan'?, YAN Jie', WU Lan'
'(School of Computer Science and Technology, Soochow University, Suzhou 215008, China)

*(Jiangsu Provincial Key Laboratory for Computer Information Processing Technology (Soochow University), Suzhou 215006, China)

Abstract: Offline reinforcement learning has yielded significant results in tasks with continuous and intensive rewards. However, since the
training process does not interact with the environment, the generalization ability is reduced, and the performance is difficult to guarantee
in a discrete and sparse reward environment. The diffusion model combines the information in the neighborhood of the sample data with
noise addition to generate actions that are close to the distribution of the sample data, which strengthens the learning and generalization
ability of the agents. To this end, offline reinforcement learning with diffusion models and expectation maximization (DMEM) is proposed.
The method updates the objective function by maximizing the expectation of the maximum likelihood logarithm to make the strategy more
generalizable. Additionally, the diffusion model is introduced into the strategy network to utilize the diffusion characteristics to enhance the
ability of the strategy to learn data samples. Meanwhile, the expectile regression is employed to update the value function from the
perspective of high-dimensional space, and a penalty term is introduced to make the evaluation of the value function more accurate.
DMEM is applied to a series of tasks with discrete and sparse rewards, and experiments show that DMEM has a large advantage in
performance over other classical offline reinforcement learning methods.
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#4L24 3] (reinforcement learning, RL)! A% 2% =3 ATk Hh 1) — b 2535 10 2% 50 J5 k. 383 DL S R AT R pk st A
(Markov decision process, MDP) SR FE /R IR [)(5 . IR 581K 3] (deep reinforcement learning, DRL)PLKF I & 2
] (deep learning, DL)*5 RL 1454, 34 DL ({5 RSN GE 71 A1 RL (0 Wk SRl 68 70, T BTl s S35 1) 8 B
AER G, Bkl 2 2] (offline reinforcement learning, ORL)[4]zEé—5’§1)C$;J H— AN AR B, 5 28 B0 B AL o) SVE S
TRPE B AL 2 S BOER TR SRS B AR b, TN ZRIRT IR0 T SRS B B WA B, 7E SRS~ ST NS 75 BAE I (R A8 T
FEH T R FUAELE 28 TN S5 PR D 1) R, /b 1 U SRR

H 1T ORL A2 3 b 2% =) s R0 707 [ 22—, I T2 WSO AR 1A R RIS e 25 508 4R SR VI i A 2% 2D 2 e A . HoAzo0
B B2 1E 8] 58 B S EVIZRH — AN R SRS, BRLERENEE 70 0 B0 & ERIL R I (HAEX P IAEEN, T4k
P50 AR F, 2r= A0 A fm ke, g AMER 22, BCh ORL 1 =5 B2 i 3, iR vl A 4135 22 10 5 vk R 8aT LAy o 4 25
S L) B BR R I ) R Al VR AR A D5 1. Fujimoto 25 N PR SOURE IR I B A Mk SR A
3% (twin delayed deep deterministic, TD3)!" " 5EAE I, 42t 7 HEE 2 FRIFEE Q 2% ) 513% (batch constrained deep Q-
learning, BCQ), \IR it FARRE T IEELSAT S5, FMHERZE DI i B8] LA T e Y Bk 42 Hh ) AL 2 20 SRORI R
FEP AR R R A HEIR ZE . B R AR RIS, X A i LA H B i A 5 o 5 . IR U7 R R B AR R R
il 7 B 2R B A A0 AT b, AT 8 S B O 1H s A 20 A A sh A/ B R0 . 1 AR5 1 Q %% 3151k (conservative Q-learning,
CQL)!" B HFE O {1 bR B S B A AR 0 — A TE TV I, A5 754 T A4 S0 2R B AR B S A, TR O fE i P BR i, 42 7
X MG AT IEVTAS I RE . N T BETE /0 A A (I BIAE AR 2 S BI04 1R 4 40, 2T 18 1) B 28 SR i AR A0 5% (model-
based offline policy optimization, MOPO)!" /£ 3 FHE I ) J7 ik 3tk b, AN T — AN 8T 000, 42 m 7R iz 1k
fiE /7. Kostrikov 25 A\ MR B X Q 231 734 (implicit Q-learning, TQL), >R SARSA J7 2R ¥ [a] V3 75 V5 ¥ 7
ERE, EHME O E A BEE A RS E A4k, F18 BhBEALBNZAS X Ak 4 Rk AT T3y, H— 5 s i (8 iR
BOTAY, B 55T 2 A ZEEE, 55— 7 A SARSA 77 2UHIBANLIEARE AL, 32 s o ms 172 AL Re

TZACRE TR R B AE B B SR 8 LT R s B SR I 75 B R nm Ak A% ST U, A5 B kT 2R A AR AT
Sk, RIZ A e 0 B o U A B . V2 AP e 22 3 2 i DR A0 4 48 40 A B R 4006 56 il . 5 L R T R
FEHE G5 UYL A o) VR 2 o1 VO )5k, Wang S8 N UTRR A 3 BRI IR SRR BEHLRIE %
TR EVEAGETIC, AR 2k 22 B e AR o0 A5 AL 10 ) 81 3@ i 6P IR A HEAT B 3 5, AN K T BB L, i
Bm TR AR A, BT BE T SR TE A R 22 ST SIS Qiao 25 N USHR Y T BN T B 4R R AL 22 S B (soft
adversarial offline reinforcement learning, SAORL), i ot B8 ORL H X 707 151 ity B0 o 568 B R 25 ST B oo 9. x4
Gt iR tH T T Wasserstein FIZIH, 4 STHORPTR 0 1 5010 40 7 R, $2 i 89 Re A4 AR e NI 100 T (32 AL e
JIABLERGER AL IR T, 280 ORL BUVLHIIG A oM 58 TR Ja MEREFEMR. I EBLRAC IS 6 Al . [A] Bk, 72 B2k
PR ST HIREE T, AR BRAR SR AT 2002 A AT A2 mo A A e 10 M i

T 7E ORL 48 L[ 2% ] 4145 v, 3805 T IR 20 300 45 EL R 0 22 Jal (1 il 8, B PE — /MBI D8 9, R LA
120 FT LAAS 42 il H Al 7E #1622 > b, Rengarajan 25 A\ UHE B8 28 4 G 75 2522 5] 571% (learning online with
guidance offline, LOGO), {4 F 5 £ 8/ 040, 1 SR s Sudh P IR S04 ) SR 48 AP IR A I, DLIRAR eS8 10 5% =) 3%
W&, [l S RE % #E A 2 ST AR S 0 3K IS . Liu 25 N POHRHN T 2 B 2 & B 4k 94k 22 5] (hierarchical safe offline
reinforcement learning, HSORL), F|H 7 /2 i A6 24 STHE SR, I8 3 FH 43 J2 SRS XS AN 22 44T N AT 2488, SR 1 a1k
) b PR WO I BB, AN 22 A BRIRES -SRI H R M I, PR AR T . B 1 48 3 SR R 3 S Bk
23540, Lin 25 N PRI B 548 88 503 (switch trajectory Transformer, SwitchTT), 3% /& — it 2828 15 25 1)
ZATSY R, FIRIMR BLROE Y, SR B AIRTE 2 AT 55 B ZRAR R 22 S P (W T H B RAR, (R SR ) 43 A 2B A T 23 R 32 v
TEFRER AL I35 T SRS (P 8. A 51 NP HICBE AL, 3 BB 24 1 KA BT R 4F i, S5 A B FE AR 1 4B 3E 2, Sk
SR FRRR BT i ) ) R

P B (diffusion models, DM)PABL T 25 AR AL, MR P r A pl i RE AR, 2 2 S0 B0 3 A5 (0 — b 7 3. B
PURFEBIRFEAS, I REHLE 7S, i o 2 e 28 240, A i H AR 43, DM 25 &30 A 1) B85 2, ZEM 2
JhEIREE T, RIMEANBETT 2 T — RSB0 3225, tas s o S X, A il FE AR EOHE B4, S8 AR A
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FHRE, BRI T BB R (1 50923, SRAE T AR, I i 72 75 22 K& R ARV BRSO, i@ 4 SN B 2k b
>R R AL

ZE LTI, AR SCHR T — i T O Y A B A KA B 4 54k 52 3] (offline reinforcement learning with
diffusion models and expectation maximization, DMEM) 7792, 1% /77518 F 4 HOBE I 5048 T 2% 31 SRS R I 28 45 440, I
)P L T e 7 ) S ST R A, AR R B AR . A IR A KA E B2, G I S R B 2, RO A e
SRR AR 45 RIS, A (8 BR 000 5634 FH BB [R5 A SARSA 53%, BLEEARYR 209 25 B a1, TAS 2 ok il 11
EFEANE R B KB, 46 T RIS TE 2 Iz ALRE 77, AL, I8 7EAN [ BEA LR FOAS R PR B TR Y S, 25 SRR,
DMEM J5 i B AT e B s v Re.

AR TR EEAFELLT 3 ANT71H.

(1) BN ISR B X 2, 1) 12 00 28 SR Tt 2 12 25 40, I 385 000 55 R 5o AU B2 fi AN IR 77 16 R BB SRS, fié
VRRE AR B A ST AR R 1D 10 8, A A B e TR R AP R

(2) M\ I A P 8 Hh — 0 ) P A B2 T 0 002 T S A R P g 2. Sd e R I — AN B T, R AR T e 4 R ok
FEA i ZE 1 10 . 53 7 ERE L, R T S 2 B X A 453 % eR B s

(3) ¥ DMEM J5 %R T AntMaze 351 6 AN S0 A, Gl i 55 28 ML (1 15 2R 5 Ak 2 > S5 B, BRAIE T %
RPRINGy W

1 MxIE

1.1 B Q%3

T VR BE SR ) AR RF AR 5 IREEAC LA i A5 i, RS T S 2R mi A ST =2k, BLIZ T AL
A2 S OB P LA L TER 2k RL TR, SRS 1 2% 21 5 PPAN #A8 F — AN KRS0 i 25 B 4. DR LG 388  A77E 20 A D
%, BV SR M FOAT N Mg A — B0 10 R IQL BEA B #2527 A S I B0 (OOD), FH U 5 b B AR ES -3
PEXSHEAT 5 20, b OOD i K1) O AF i i i) AN 43 AT R 1] A, 5 IQL BE L AETE — Lok i, BIEFEALRAL.
T HA AR DA S W SAOH B RS A5 TR R A T O B R & AT 5 2, W SRR R A = B 7 i
YO AN AT, T RE S s BE B R, Ak, W RN SR B sh A AE M S B 22, TQL HEE T B 22 T I 4004 1 XU,
FEUIT S B RS AE LR R R A

Hong 25 A\ BHE S — AL 5292 (beyond uniform sampling, BUS), i id %5 ¥ EL AL 7 1 i eE 2% =] S5 %, BR
1) Sl S Ik R A B rh B B, T AN SR 2 S0 A IO . X SR SR AR AG 2 S — A B R B, figd vk
TR A R AN T R I 0L, 8 2 A 27 >0 X LA 2 o 5 [ 4 S 1 ) . Xu %5 N P32 R Q 2% ) (sparse
Q-learning, SQL) 5% Q 2%>] (exponential Q-learning, EQL), 58 IR N M B M i A P 24 ST VE A0 TAE IR B, 5 B
UM E IR UGS T S, 22 B 2 B0 4 4R 10 o s LMK, R itk 2 i JE B R O B T BE RIS RAT A, AT 4
SR BE. Garg 25 N PR AR Q 2231 5¥k (extreme Q-learning, XQL), 7F ft Ak 3 B B 3 Al i i e i
BRH, AN 7 2 SRS b SRR MR AR AE e 3 (EVT)PY, FI ] Gumbel 734 fift vk 3B O BR B0 115 2 1 il fl, A< e
FEHTE IQL Bk R itk RE R BEAE b, XF v A BREdE AT 205R, 381 708 B BO0PAl IR v ff 1 AN RV R AR e .
1.2 HREMES

FERTASCRR B PRI A T e A R 2 ) 1) R B AERR R AL S R PRI R, R B A AE AT 45 5 B G B A
RAERTZE H NS 5. B BT ORS00 SRS 2] 7R PR S — R B oSO R B A 2 2T, i O A e
B A MRS ., T SO AT 2R R 2R B, % SO AR Y, SR A TUAE JOIRES . KBE 2 0] b #E AT 2%
W) B 7. R A B v B B A ST RE , — AR B T R ) PO G R sl POV g R L i
T30, Bt gy 2 sk 3] PO I 22 J2 U 5K SR 2 SR [ 2 TR I SR, fgoe 17 ROIRAS . KahfEasa PRI R
Ze v f. A B TR AL 75, 38 A — N T 2R AR B SR T 22 X1 A FAth SEAA FRIAT Dy, AT B B8 A A b 000
K RN RNAT g, I T 2 A R i 2 fly I B,
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P HOB R LA KA BT E, SR B, 45 A REARSRIRINAE 1B, A BN R A KR 4 A B . Wang 25 A PR
98 Q % 15k (diffusion Q-learning, Diffusion QL), FIAFHE 747 21, $ H FI 4 B RLRAAT HEm% IE ML
J7 i TR 5 R BT, R OB S i, RS IR A A, B IR SR A A A UE AL R AR Kang 25 A Y
Pt A B S S92 (efficient diffusion policies, EDP), R ZIEIT AT 4. BRI S8R Bl 1E g it — > B4R
NAE, XA BB E T LU I AE SR 52 P A2 . X P AR E AN I 25D TR b R 5 T st Mg 7 0 D9 2% AT
— RTINS 4 T IR T, 38 G T B SRA I AR, Chen 25 A BB H I AT I ide N g AT 3 B8 S0 E
(selecting from behavior candidates, SFBC), K] T — M Az i s 77 1%, K27 = B S AR A TR 8 72 RIB VA i
AT R BFIAT BN PPN B I Fh A G 1 2 o) B 3 P ARk U B A S S R B Y, gk — 0 B it ¢
FEARSMIAT BN, $Rim 1 TH S BRI RY BUIAT 5, 2805 S 10 23 A0, AT A Db e 2 B4 1) e 8.

2 BHREA

2.1 BIRAKRRKERE

SRS ST 518 B R P R SR B HIR, 8 SO — AN FIGH M = (S,A, PR, y), 3 S A RIIRSE
£, A RHMRPIINELE. P:SxAXS — [0, 1] BREHBBI, R: S xA - RIZHIE2HIREL, € [0, 1] AFTHIE T
TE BRI S T, B REARTF B — A AT RS mp IR ESEEREE D = ((59,a9, 50, rONY, R d7(s,a) & 5%
x IS BUR S SIE A0, WA (59,a0) ~ d™(-,-), 5@ ~ P(|s?,a®), r® = R(s?,a®). B2k RL I H br2 3% 5 — 4> 5ng
i AXS — [0, 1] 75 B 15 ) BRI MR BN AR, B R G, = ZT] (s, a) VEBUR R 5 2 5l Fa b, Forp
5i~d (), a;~ (-1 s;) B s; ~ P(- | sp,a;). By /R 0] RGeS0 o 1) 30 22 [l 40 A W R A8 R B R T s SCIRAS (B R BT
NTERE s ARG MG 7 TS BRI IR V,(s) =BG, | S, = S), SEERBONEIRES s AT ENME a, BG5S
n TR B IR 0,(s,a) = Ba(G, | S, = S, A, = A). 9T B2 50& (152 2] F I8N 7 72, K SE IR 35 sk B L
0 An(5,a) = Qn(s,a) — Vi(s). BTCIRAE FH MR8 BR 4505 21 S, #2742 00D 173)). RIILAH 1R £ 773, tnskeg 4y
W A R EE LSRR AR e OOD il .
2.2 HAEE[E)3

5 BB (Bl JA 5 FE o £ e R M T A, AR SR IA = SN T

E(y) = x;B+b; (N

Horb, B R x; = (X0 X0, .05 ), BARKAE, B=(B1.60,....8,)" by NRZET. I8 H AR B y, FIRZE T F 7 2 VA
—ANRERE S 1T AR R A O, AR AT DUy, (0 S B, SR T DAL y, BB A0A. T DATRI I 2% R 2 A 1 AR
SRAFREZ AR R, TR T = Ia2e M N 25 Fe AN 4 T 5 B0BE A (w22 1) 1] 41

TR T AT B SN
mo(y) = argmin " W, ()0 = m,)’ 0)
Hoop, B 5 SOA:
w, ify; >m,
W) = { . 3)
1-w, ify, <m,

Fos, WEAE AT LUEAE — AN INBCP3E, HACEIR Ty, S EF AT ANFRAK T we 0,1), HTw=05
B 8 7 iR 22 7 R 45 2R
23 REEES

B3] — AR SRR 1 H AR, 258 REAR R S0 B T (o) KA.

=0

J(ﬂ) = Es~dn(x)Eu~n(a\s) (4)




XA 5 JRAEA B R KALAY B KSR ) ik 4699

S, d,(s) Fo 00 7 3R ARFRE R ATILRAS M1, € (0, 1) RATANBEE, r 2223 iR 5
di(s)= )" ¥p(si=9) ®)
TQL 573235075 T2 S V25 o 70500 5. 3 1 D0 LA 9 50 A 9 e, T A 5L R R A 3 MR ke 50 St AR
9 Q WL TQL SR AR AT I &, 1K1 W bR, ST LGt MR A S R 3 8k 0 (A A, M
K © % T AT 25 :
min B, pllr — F(Q(s.®) - V(s) < 0(Q(s,)~ V(5))*]
minE ..o l(r(5.0) + YV(5) = Q(s.))']
ool ARG B 0BRSS SO 38 B MO OO B0, A Ve R o R I B I 5 A
Tyt = B nllogm(a | $)exp(B(Qy(s,a) = Vi(s))] ™
FLHt, B (0,00) A —AIIRLE ML, FFSRE V4T Sl A S5 2 =T 0 L T S 1 SR £ B 28 86 5 A G, ) =
O(s, @)= V(s), i 0 RO KOR SRR, JLrAviRas s RISh{E o HRR B A HURE D.

33— AR R E R A UBEEERLF S

IR AR B B KA R 2 s AL 2 51 T 10 (DMEM) S5 47 i I, &l 1 pos. FeRper) — il as o M v
A2, P PG SRS IR0 2% (KD ROCR. RIS 37 BB R (R 45 2R o, L BR BB VP Al A — 5 IR AR T, 15 0P At 38 R SIS T
I3 07 B 2R A PR AR g SO R RO RN, AR ™ OB Y R A 25 MR R R i, St . LS5 A B PR 4R
(RIPP Al 2R, T S SR 00 226 1453 2% BR KL, [R) I (o P i /I Ao 453 2 B i 77 2K, 68 SRS 2 B0 T SR o 2%, BRIV
BRI R r 2R ) 0 2% 2 0. [ 41 s P /) P45 O o K T R X 2% BT AR R X 25,

6

-
R R
o (1127 BEHL ] Bl e il i e Ll g |
: arp(0) W I
s ; HECS SN
o
(e ) ( feem )
- | e
LT C:T s WH ¥ O % ‘
] 0
} @

0, M%% v /%%

K1 DMEM &5

3.1 ERBHILE

A SR AR [ AR, e s 2, B TR 2R, R TR [ AR A A /N IR MESE, IRk L
A3 E RN AR EE Y 5 A & B AR T T S RN 5 e R A . LG QL B, Al T — A 4EREN LR B 11
ARSI, A SOR TR [ AR, (5T — AN 4RSS E 2 R B, H9I N — AN E IO I 7 =T 1E
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) RG] A IQL B S E B UL T, WS — ST, 10 Al T o 17 B 4, 5 7 EL S U i S R
(¥ 8 KA.
MR DA AR, v (8 s OB E A

Vy = B anlL5(Qa(s,a) = Vy(s) —cH(a| s))] ¥

Horb, Qa(s,a) =V (s) RAMERECZ IR ZE R, H(a | s) 2B R34 2 b, SR s ERUIR A s EoE SO
O(s,a)=E[R,| s, = s,a,=a] (©)]
V(s)=E[R,|s, = s] (10)

BEA BRI, R B IRTE M RTIRAS T, M a, WA B B0 S I35 0 2 SRS 00 B, 0 B AE 240

ARAS T, A ELBUL A BT, 3/ B AL T DA LR A, ELARELIS AR, W EAR B AR (1) AR (12):

Ous, @) =r+y ) pls' | ,a)Vii(s) (1n

Vis)= Y @l s)[r+y ), p(s’ | s.a)Vi ()] (12)

SEih, p(s | s,0) R ASHERS B 00 TQL FIE 0 v {8 B MU 2 B0 Qus.0) — Vo), ¥ © B AR AT MR

A FE R Te DA S P 1, DU AT 0038 B ™ SRR AR IR A B 2 A s T LAHE S 304 5% (13), TR B —
TR .

0i(5,@) = Vils) = ﬁ D10+ > ps sV )] = D @l )| r+y Y. pls' | s.apVie(s))]

1Al

1 J
=r+y WZZW | S"’)—Z’T(“f 1)) p(s | 5,a) | V(s)) (13)

|
o, (A SR BN EEEL. Al 3L A R ik A
|Aly; = m,,(x) (14)
o, my(x) = Xy + oy + . - X TEEBREE BN S 18] (0 4E R SRR N B, SR IBTE VR BCE R A U,
Y — G RKEAERER IR n(a | 5), T V{8 R HOHEATE L9185,

IN—ANE BN 1 38 TA AN RE A 3 6] A SR e SR 1A 4 BE TR, 3 RE2R A7 O R 50 v il v 1A e . 76 4 i
WA s T, VIEHRERE—AEEE. MERT n(a | s) MR ERE, FA VB RN O [HREIMZ ;124
I 71(a | s) BERAERRR, 25 O (HRFGE =i, O(s,a)—cH(a | s) WSS vV AERRZ, WS VA7 ZIR
AT ETHR TR, SR BT G RE, BEMRIRTE T ISR sCR FvE e, Hoh ¢ iR E K% XHNME R 2L
FISZIR AT L2 4.3 55236364

O 18 BRI ST = H I 77 2 (MSE) J73%. T N —IRESMIT 2458 v s sk, LHEHE T —hER
EAF K O 18 1) . FEREAR I S b, B 7 AT SARSA BIE VAL, B AT

Ly(Q) = Egaer-nl(r+yVy(s) = Qa(5,@))] (15)
3.2 EUER

P BOR AL FR Y BUR N SR S AR E B AR BOE R R, T 2 B R S A R AR B, i o
A& T TR S DRRIE. BRI 2R 00 G Ji i .

B 2 R T SO A R WD Bk B 37 50 N BRI, Zad ML e S e S, SR T 24 A1 RS L
G ST AR AN AR S A, BRCRE AR B AR R R R, I S AR S IE R BRI E R, 45 A RIS
R 720, 3K TP HR 9 L 1R R A A A A SARSA ST HT AL SA, 184524 ST B R 350 Bl S A Mk B B
B, T2 A — A AT Y SR

PR AR — A A Y I — N o AR i — AN ELSE I EOR . 1 SR BRI g 7 SRR B A R —
AN TEABEALEE R A— A RABIRFEAR g(x) 1, BEHLRFE— N E x ~ q(x). §BUSES 0wi I A2, WE T
DO EE xo VS D0 v e 78 I A2, L ¢ I ZI0 S 1 — 1 A 96, 856 /R TRV, B/ 70 q(x, | x,,) T 2
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q(x | x) = N NT=Bix Bl (16)
Hep, g, BB BHL 3N AR B £ ~ NO, D), FEAS ] %0 x, B — 1 I %0 x,_, 7T LA A
X = Naxa + 1-aé a7
P, q, = 1 - B, BT I0ST BT A0 (0TI, x, T BB x A 0 T
x = Vo + 1-aé (18)

Hr, @ = e, y..on THESEB RBEE T W 2038 KTHE G, o WG I EE K. ar 2 RIIE xp 505 W E 7
ZEN 1 bR AE R A

TORYIrTIe

:
X

®

K2 Maze P85 Tl KMt i

TR RN T RCE — AN, Y BRI S 2, ST R B T g(x, x,) IR A 2 R R,
HEE B — N A MR p,(xy | x) ZIERL g(x,_yx,). T E XOR:

PoChir 1 %) = Nty 1y (5 1),8,) (19)
KT BB B, RN BT A LERS b SRR 7 2 7 P ) A 5t

P(AB)=P(A)P(B|A) (20)
WIE BT xy 1 x, HORSL T, TT4E S s

Gt | 50 30) = G, | 3yp, 20y L1 20) @1
q(x/ | Xo)

4 5 75 404 M 3 B B

p(x) = —e 03 (22)

V2no
WA 21, B2 T A

q(x,_1 | x:,x0) = exp (—0.5 ((%’ + 1_ )xil - (2 @x, + 2 O:ZH xo)x,_l + C)) = exp(—O.S(ax2 +bx+c)) (23)

t l_af—l ﬁ l_a/ffl
. 1 2 /e, 2+a,- .
siob, =% L :_( fx,+l—Z' )mm%ﬁ,——mgwﬁa;
' — @ — G-
B _ 1- a/, ]ﬁ, (24)
1-a,

ML x50 =~ TR
\/az(l—d',,]) 4 \/a [ \/Ez(l_a'z—]) + \/ﬁ I ()C— W )

1-a, & 77 1-a Va,(1-a,)
1 1-a,
=— (x,— < f,) (25)

ﬂt(-xn Xo) =
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FENZRRT, A8 PR USRS T, SRR (S50, (8 TH AR RRT, (31 KL $U¥ sk MSE J7ik%%, HH 5456 p M
A q Z MBI ZER AR p Mg MMM B, Bo7 2w e e R B ERA = HBE 2 M ZE, Lk
X £ ST T AT R R A

Ly(#) = Beno.namnon.s~D [”f —&4(xs, l)”z]
= Bevon-pwns-p [ = £ (VX0 + V1=, 5,01 (26)
T BE BT s MR R R

P OB M — AN AR AR P, AR R ANEREAR, o005 S 56 HE 4 A1 M ). T XA B S B0 AS R ST 211 45 R
T4, AT B0UR 0 fo A0 1) R ™ SO TR Sk 2 ST W 7, 25 B 00 e AR IR M5 S, Sk bR T B o A, B HE
FAJBR B, 7 R w38 R OB TR ) ()25, R BN v 0 140 2 30 25 g B2, AT i 17 1 S 19N 6% 1) s o R A
SETE.

3.3 DMEM &%

£ DMEM Bk, PPAl (¥ SR T DR A8 ok BOR B VR (B sk 8. b, O(s, @) UME s B R R A 3518, 55T
TR A (6), KW RITTER, SIEFIRESHZ RIE T HSYEESE. BRI HFEIEHIEEIMY OOD F1E, #h
XoF I PR R A 1) R R SARSA J7 3 BB HVEAG 45, T A BB FR i KaME Q 8, 4 T RIS 220
REJT.

TR ASE B AL, 75 TQL ByEfY VB 58 3y aQR J it b, %o 4 1 vl J, 3047 7 4 M8 ER 3.1 Fi#E ST
2, 155 n(a | s) & V(s) ML O(s,a) FI— N HBEFR K. Xk, i I0—NE SR MOE B30 E ISR, [ A
SR BN BOBE Y T 4 IR rp ) SR 20 (0 SR IS A BR B V() B RS BE T RS HO R I R .
R EH R V() FITEHT A XN:

Ly() = By -2 (Q(s,a), V(s)[Q(s,a) = V(s) - s log(n(s)) ]’ 27
Horp, ¢ B—ANH L, P 0 1E 7R 0 B B By s i MSE 7 iR B Ok bR £, A 5 TOE V(s) RIS FR
18 Q(s,a) Z B AR 72, 256 JAEE 0] U3 ) SEAEL, S50 2% FE 401 2R X ok 05 1) ). 48 s a1 B85 1 B ity Oy Nk AT
etk

7t DMEM B39, H ¢ SRS NS n(a | s;¢), 1EFET SR R sa 022 IR, 51 N— 23R, H T & )
Mg YN SRl FE ) H AR, B X DMEM Mg 22 > () H b 5 #0A:

J(x) = By [exp(61(Q(s, @) — V(s)|logn(a | $)+6>Lu(@) (28)
Hrf, O(s,a) BRFNMEM AL, V(s) FaREE K S DMEM SN 2 5 T 5808 24 ] 1, BT HI 500 27 3] B U 3R
B I S B f AR 2 3T SR, O(s,a) — V(s) AR BB, 1R NI BRI — BB 2R, 6, ol o 2 e B TR R
H. exp(6,(Q(s,a) — V(s)) AT LABEAE —MBLE, J& 50K . 2 20 o KIBUEE, FISRAE B SRR (IR IR. La(0) 72— AT
T, Fl R AT e S S B IR ZE. 6, NI RIRE S 4, 13 ) SR 52 ) 5 iR 722 2 ] AL .
SR B — 25 MDP Il {8, FIALSR LG5 SRS S5 A
V(@)= Y d(s) ) my(al )V, logmy(al $)r (29)

ses
o, S RSB RO 8 4 B0 4 MDP, N AR BB 203 7, i K S0 S92 81, T LA P £ o
OCsa) HEAULIIFR. (EAELERS B 7 25 1 1AL, SR HE S 7 2 ) SR, BDF-48) O 00 25 908 14 L 433 (4 4
OB (T EE, USRS 6 FE
Vo J(9)= Y d(s) ) my(al 5)V,logmy(a] $)[Q(s,a)~ V(s)] (30)

FERBBR AL ORI, IQL SHVARE T S FZ 5007 SRG 0 2%, HLMI A SARSA J7 35S HEAN W45, T A2 E %
WHIRNBIE O (8. AR JER Y B AL S, 2 51 S I 4. RIFEASREAS B SL R B A IE AL, tRgdEnd
SBIIIE D, HE SR EHE (0 A, 3 HIO R (4 I AR, a0 3.2 19T, T OB TR ) SRR AR R RIS AR, P DASF )
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LB o Y BB 5 . 1) DMEM L S50 4 S50 75 1 18 s U AT 2 -
Li($) = Bexonsan-p [I€ =& Vaay + 1= aé), 5,0l 3
Horh, & Ry BT R RS L. £ ~ N(O, I) IR MM — /T MLERI B0 307 201 &, 2205 2, 4 e ) 4500
{5 BB AT T Vay+ VT g BERE ¢ 22U IME S 1K RE A Bl . R R85 25 B4R SR 5L, T30 Hh 4 T 1
F0 B4 SR 2B
¢ MR BRI ZHL, th I DMEM S0k o S 0190 46 24 FE0™ OB 0338 i R o, &, S 37 OB 25 > T
HE IR TSR TE SRS my(a | ) PPN PSR AR S MRS, W33 4 L 085 SRR, AR SCB R R, (E 7 2 2 1)
W DU B He, SLREH 0 AT b
ay=p+e7E, (32)
oo, 908 p WAR (25), FZE o AR (24).
MU DMEM 32 S WS 1 5324 B bR HCA:
Lo(¢) = Bio-p [exp(6,(Q(s,@) = V(s)|log(a | ) + 6, Benonan-p [ — £o(Vaao + I-aé).s.0IF]  (33)
HH, Bpoop [exp(6,(Q(s, a) — V()] log m(als) i3 HTEE s KAV R =) SKgs, ) PN B B B0 B SRS B IF3R. Bevioy sa-p
[l —&0(Viao + VT=@€). 5.0l | 3L 577745 22 K WA 8 P 25 51 (0352 22 W 19 BRSO BEHL B 2 B 7
REHT ).
i FLEE T8 R IR EORS B ITBUT 420, SRKCE T L b Q %5
6; — 76, + (1 -1)F; (34)
Ho, 7 KNS RIGR R E P, 7 A/NEHTEN, S0 SR KB,

BiR LY B R CR AR

BN RE s
i th: ZME ao.

IR KRN £, RIS n,, BBSH(B, € (0, 1)), E&HHESE D
AT AR (AR ):

- ap ~q(a), g(a) ~D

o =1-p

forr=1,2,..., n,do

a, ~ q(a, | ap) = N(a,; Va.a,(1-a)l)
. end for

AR (FR):

fort=n,n—1,..., 1do

10. & ~&4(ant,s)

1L =1/ @, (a, B,/ NT=a&)

12, o= -G /1-a B,

13, a_y =p+e"7¢

14. end for

© NN AW N

FEY OB h, IR 2. 505 158 14T, VIR AL Wi 8 S50, (7] 55 SR AR A0 IO I 1 2 B B
SRR UL R R B AT T3 22 SR 15 2T AT, S s E AN I BE AL R 7 M5 iR SR R 2 A 1A K R SRR
RENE, RAEEE 6 1T ASK, RPN T 8. 530 1 55 8-14 47, K Ja MIZhE N e 2% £, v, 2450
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¢ IS 20 T R 7 e U R A, TR U e A K 7 ZE A AR, RS AR BB AN T 22, 49 R R 1 B)
15, WAt o — 1 NZIBE. ER T X, wE Mt aiE a.

&£ 2. DMEM 4.

N BEREIEE D, REEYEN, iR
L. WIiatk: SRMEPLE (- | -5 ), IR VI V,, TP Q %% 0, F1 Q,,, BARTFIE Q W% O | -;6/) and O(- | ;6)
2. for £51%4% do
3. MEHRLEE D RFEN X (s,a,r, ) FEAR
MRS 7(- | s) HRAEBNE a,
R v Mg, AR 27)
BEHT Q 2%, W3 (6)
for &5 1%4X do
B SRmE 2%, WL A3 (33)
end for
10, EEHTHEMZ, WA (34)
11. end for

A S R I o

f£ DMEM 1, N2 JR 280t BEHL MR RAEFEA N B LT3 RE 55 1 AT WAL SRS R 2% . PRAG I 2%
AEHARRIZE. 5% 2 55 3, 4 17, BEVLRFE N HFEA, 75 ¢ ZHUL T SRS FEE1E. 55 5, 6 17, RIS S HHIE
. Q BN EX S HU SR AN SR SR A RIS, 5V B P25 Z 80 ST, I BRI R R sl WA 2 58
8 AT, A ILA LT B 4 77 2T SRS, SR S ) ST T SR G T ik (B R B D SR BB OB, RN SN
IR TR 7 (R 22 B m O T HARIM AR I 28, WEE 2 55 10 17

4 KSR

4.1 SCURIREE

DARLPIH G F 2K F 5 | 13% Gym-Mujoco. AntMaze. Adroit 2. i MuJoCo &4 % 42375 AT 55 1) °F
. AntMaze F 85 32 R T ARG BR 250 T0 MR 2 A 55 550805 in) /L 00 7 & . BRI R s i B LI 48 H bR B, 2851
FATERIZS A BT s 7 B R AE ). AntMaze 52— N SRUESS, H H AR IZ—A TR 8 fedk, iR R A5 Hix
AR, IR AR E 4 E T LL4) A: umaze. medium. large 3X 3 Fh, 4118 3 Fiow.

(a) Antmaze-umaze-diverse (b) Antmaze-medium-diverse (c) Antmaze-large-diverse
B3 Uk TR

TEBA K e MG OU T, A4 S B AL B H AR B BENLE, 7T 8 3 25 e EE M BN E SR E.
play. diverse. H: 71 Play & fi #1258 A7 B [ 5, (E 2 1 B 1 B bR HL. Diverse A2 T 9 45 %6 3 11 25 2 o B A



X 4> 50 I BOBLE 1R R K ALA) B K RALE T ik 4705

B brfr B BE ALk B MR EA 6 AT B, HATZ) 7 A48 9 8, MWRAE BAE LA 8 AN, MalEREKE
RATRERIEEHE, K/ANME-1 B 1 ZI0]. FE A% JR AN HE Ak g S 00T, 2 ) 4 B 2 27, % R M {8 P S [R] S o 42
RECAF s E. fE2S A 4E R EAH LT Maze2D £ 7 8 AN H B, B — 47 T 2% 8] b7+ ) =4, {1545 5% 56 0
Tk
42 TLWKE

A BEIBAMES, #EELT 5 AN PFELFT, BALEAT. BAMES BRI EIZ T 100 /525,
5 Ji 0Vl 100 ARG THE. SEUG B I SELR 2 50 5 RS R T3 PR R 45 L. Sk B I BH s U2 1l
SRR ZE G L B s A0 3 R AR 2R B2 I R o 1, v BB O R e bk 22

DMEM 55 AL 547 ISR 06 D0 28 RN P10 X N 45 477 IR mes v 60,5 g o RERN 26 A%, b b ad A2 AN 2 )
HSH. R RE TG 4 B MSS, YR Mish BREUE B0E B3 Forh 75 BN [R) 4 0 1) ok 22 ) 2%, i
FHIE 5Z 15 ] 8Kk A Bt SinusoidalPosEmb R EU{R B LTI [R5 S, B2 &ML Mm%, — Ik Mish 2R HUIE.
PPIR K M4 E 3 Z ALk M W 2%, ¥R ReLU 1E i8S R 2. SRS 28 F13E8 X 9 28 #48 F Adam {E
R, VIR TR BRI SO 45 540 DMEM HiE A SR E, 1k 1 k.

%1 DMEM HSHKE

S HE e e A HUE SRR
D 5000 LR Ly AN Ks 1E-4 I ] 25 W S 20T 26
6 10 IRIEERA GG Ke 2E-2 R = e
& 10 FME R ZERE l 3E-4 S
n 5 T B AL I R 2D A5 T 5E-3 Hbr- T 25
s 0.2 BTV & A B A E w 0.7 B U R

43 LWERSHH

VAT ) DMEM Rk, 5 A B 2 sm A 2% ) 592 CQL A IQL HEAT M REXT b, [FIA 5 29 HUR IS 11
Diffusion-QL S iLHEAT PEREXT Lh. FHo22 3] 2k &l 4 FioR. 74T % Antmaze-medium-diverse Fl Antmaze-large %
AN, DMEM 5L R I 24T CQL. IQL A1 Diffusion-QL. 7EHABAT %5, PERESE M R BANEL W &2, (5
3R T HAR L. FE R Z A4+, DMEM S0 B8040 48 L IQL BRI AR IR, 76 J5 A J2 47 Biome 7Y ok 428 1) )
Sl (TN =8 AW 1SSy & I (IR K= [N i0] R 1D

—— CQL —— Diffusion-QL IQL —— DMEM

80 k ——~——C I
QK 7{'*40_
2 a0} g
= ol "ol \ /V\\,W\

0 I 1 1 1 I I 0 1 I 1 I 1 0 L L L . L
0 02 04 06 0.8 1.0(X10° 0 02 04 06 08 1.0(X10% 0 02 04 06 0.8 1.0(X10°

(a) Antmaze-umaze (b) Antmaze-medium-play (c) Antmaze-large-play
80 [ 80 [
= = = 40 ”
5 60F s 60 X *o*\radl
T a0t T a0t "
20 H 20 F
0 1 / 1 1 1 1 1 0 1 1 3 1 | 0 1 1 1 1 1
0 02 04 06 0.8 1.0(X10% 0 02 04 0.6 0.8 1.0(X10% 0 02 04 0.6 0.8 1.0(X10%
(d) Antmaze-umaze-diverse (e) Antmaze-medium-diverse (f) Antmaze-large-diverse

K4 DMEM AN Ab 2k st 2 5] 5 > h 2k
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F2HWMT 4 NEIELE 6 MES TSI R T BRI E bR 2. K5 R RLEIZ 5 AMFhF RSk L
TR, H AR E bR R Z T T H— A3 DLSAME A de & PF AR v, 20 1R AR 18 35 18 F0 i 22 L [R) 42
il R AR 1A S T R I R (SR IR EE. AT IE I A B, W%EE] DEME J7ETE 6 MES T IPERE, T H
B H M BR e 22 ) F B L8, 76 R80T 45, DMEM J7 v B 253 #2 f RS e PR U, 78 Antmaze-umaze-
diverse Fll Antmaze-large-play H* DMEM Fa g Mtk IQL Bk 2. R EE K Z&: EmmEREL T, A TR
DMEM B3Rz A RE J7, Midlat: T I Zhid 72 v i — 8 o0 Fa e k.

%2 DMEM 5 CQL, Diffusion-QL, IQL B £k 4k 2 > SyF i &t BE X HE

o CQL Diffusion-QL IQL DMEM
FIME ARMERE CPE dRlEeE CPIOME ARERE CPIE ARdEeE

Antmaze-umaze 86.651 14.342 68.454 34.62 86.842 3.145 95.705 1.660
Antmaze-umaze-diverse  68.454 34.620 52.827 18.112 63.092 1.165 68.729 5.254
Antmaze-medium-play ~ 63.314 17.484 -0.73 1.476 68.628 3.861 71.36 2.923
Antmaze-medium-diverse  86.842 3.145 22212 33.041 65.502 10.724 82.97 3.689
Antmaze-large-play 30.284 11.591 10.977 11.918 36.217 1.996 44.184 5.361
Antmaze-large-diverse 41.137 11.063 3.813 7.446 44.61 6.662 52.385 1.447

£ Antmaze 1F55 1) 6 ANIAE L, AR$E DA L SE6 45 R, 363E T DMEM S5 TAE 48 10 B 2k b 22 S k. N1l
HE— DB FE 12 5 00 B S R . AN R O B TR B R B R A, SR B SR,
ST T3 15T e SR R 25 1) 27 ) Fo S I AR, 3BTRS 2, TER 2 Hikdh, B SHOG Fk e AR
PR R B R 7EANE R 25 R s N — /NG00, 3 v VB 48 12 ST R0, N Q [ M ER AT, T A
R AR PR

S AN S BioR, Y6 = 0.2 B, DMEM KM RERIBCAIL R, MBI 5, ¢ BU/M, B = 0.02, B RE1A
FEYIZRANAE oR i AR b, ph T e 40 B 2 180 (9 ), ASEASHAl T I Z2 380K, 2T 1) VR8Tl O EkEe
V) B4 22 A K. 5 B0E SRS BE BT o 44 ) AT 4 B ) SRS 2% ) B 7 1), BRAK T 4 ST BRS¢ BRI o, 1Y
¢ =05 fll¢=0.995 I}, DMEM 7E WS BCRK B (A EE o, 0 (8 V45 s B0 L - A VR H, P2 52 T DEME BE M1
. HAE ¢ = 0.2 IS UL N, RILINZR IR 22 X (0] AR A8, 5 800 138 2410 ¢ X B2 m,

—_—=0.02 — =(.2 ¢=0.5 —=0.995
0.20 |
0.15 |
0 0.10
& 0.05
0 -
—0.05 |
0 0.2 0.4 0.6 0.8 1.0 (X 10% 0 0.2 0.4 0.6 0.8 1.0 (X 10%
(a) Antmaze-umaze (b) Antmaze-medium-diverse

K5 AFEZIERE R E) DMEM 7 3] i 45 5]

MR L 3 SLI a8 R, ATIGAE DMEM JPiRfEAR R ¢ b, TERERI 2 5. ¢ WA, A EmAER], WAMIME R 25 10]
FAE— IS, e S 2 K IR s 2 2. ¢ b, 10 s sh 15 4 B X e M 2% (K4 L, 5
BUUME M 28 ToIEA B R 2, R T VAN A L, AT 5206 SRS 10X 4 1) S o bl AL, 3 24 19 ¢ U 3360 SRR T
PEREAE FHEAIMEH].

N T I EY HOSE R 6 S M BE (I, 1E 8% T Antmaze (1) 3 NIBEHEAT LSRG, XL DMEM HiE5I Y
RO AN AR A i BOS R 2 AR S A VR B SR e & SR 18] 6 o, BLFE 22050 A6 b5, DMEM 5005 45 5L ] 2 A
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TARGIAY BRI 5%, vy O R A Mo 7 Bk APERE. FEUIZRIN 20 7320 T, DMEM HUATERESE T
ERT R GG B A H0E, t bl W B R 3 RE B v SR WS S, I pRASE R (127 2 R0,

® 3 AFEBERE RE DMEM Sk i A kg

£ ¢=0.02 ¢=02 ¢=05 ¢=0.995
Antmaze-umaze 90.870 95.705 86.149 50.572
Antmaze-umaze-diverse 65.624 68.729 60.527 34.173
Antmaze-large-diverse 48.447 52.385 43.711 19.481
——DMEM —— DEME w/o diffusion

= 40 F
K

5
%20}

0 Il 1 1 1 1 0 1 1 1 1 1 0 1 1 1 Il 1
0 02 04 0.6 0.8 1.0(X10% 0 02 04 0.6 08 1.0(X10% 0 02 04 0.6 0.8 1.0(X10%
(a) Antmaze-umaze-diverse (b) Antmaze-medium-diverse (c) Antmaze-large-play

6 DMEM A HUE AL ) DMEM [ 5L720 ooy > ith 28 ]

N T IRUEAE VAR 2% B8 NI A TR S Ve RE S, 1E 3 T Antmaze ) 3 PNIAEEHEAT LLATSEEG.
X DMEM SE AR 51N F 9 DMEM SEARITERE. LI 2 RN 7 o, LLF 22N FE bR, MHELT
RGN DMEM 5%, DMEM 5Lk 85 R AL, AT ML i 17 50 10 27 ) ROR. 12 B SEIR3R 5,
DMEM S A EL DMEM AR 51N EFRIGU /D, o e ] s /R 6 00E B S AR AR E 1.

——DMEM —— DEME w/o penalty

O 1 1 1 1 1 1 0 1 1 1 1 1 O 1 1 1 1 1
0 02 04 0.6 081.0(X10° 0 02 04 06 081.0(X10% 0 02 04 0.6 0.8 1.0(X10%
(a) Antmaze-umaze-diverse (b) Antmaze-medium-diverse (c) Antmaze-large-play

K7 DMEM F¥ A SEMEMR I DMEM [ 57054 L2k =] h 2k

5 B %

ASCHEHY T — P BB S B B KA ) B s A 2 2] 0% DMEM. il 5 M2, 454 Hdls 48305 8, AR
A, B 9R T SRS A2 AL RE AN PRI 2 A . TR A5 T 22 [ JE A0 SARS A J7 32 54 1 R 4, 92 [m] U Ke
T EGEL R B AR IR, AT R T IR ZE, SR TSR S SRR SRR U ORI 6 R
MR AL S5, Bk 7 HIEIITERE. KU S5 RN, A SO th A BAT — IS5 16 R 4% B B M i K b 3h
BT, B S KA T AN OB AR A5 A Pk e K B .

BRI TERER A A 225 R8RSR BF 72 75 170 7T R A YRR SEBLY B 23 IR B A 2 2 I R il i
IR B IE T H AR, DA ORI 57 ST IR EEORIX AT RE 2 08I0 ST TBOIM R AN 25 e 1 TS RRAS, (EL 3R 1A
U/ 3 OO 2 2T BB, T 20 1 T SRR MPERE S BER, JE L By 15y 21, T LUOBN 58 24 Fi 5 s AR R
TR A BIR 2R . ARk S AR AU PR 5 v, S A O AL BR RS, 19 0 R R 45 SR 2 i R SR 52 R, AT 4
e BE AR 5 ST AN T



4708 HAEFIR 2025 5% 36 A5 10 49

References:

(1]
(2]

(3]

(4]

(3]

(6]

(7]

(8]

(9]

(10]

(1]

[12]

[13]
[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

Sutton RS, Barto AG. Reinforcement Learning: An Introduction. 2nd ed., Cambridge: The MIT Press, 2018.

Liu Q, Zhai JW, Zhang ZC, Zhong S, Zhou Q, Zhang P, Xu J. A survey on deep reinforcement learning. Chinese Journal of Computers,
2018, 41(1): 1-27 (in Chinese with English abstract). [doi: 10.11897/SP.J.1016.2018.00001]

LiuJW, Liu Y, Luo XL. Research and development on deep learning. Application Research of Computers, 2014, 31(7): 1921-1930, 1942
(in Chinese with English abstract). [doi: 10.3969/.issn.1001-3695.2014.07.001]

Levine S, Kumar A, Tucker G, Fu J. Offline reinforcement learning: Tutorial, review, and perspectives on open problems.
arXiv:2005.01643, 2020.

Peng ZY, Han CL, Liu YD, Zhou ZT. Weighted policy constraints for offline reinforcement learning. Proc. of the AAAI Conf. on
Artificial Intelligence, 2023, 37(8): 9435-9443. [doi: 10.1609/AAAI.V3718.26130]

Mao YX, Zhang HC, Chen C, Xu Y, Ji XY. Supported value regularization for offline reinforcement learning. In: Proc. of the 37th Int’]
Conf. on Neural Information Processing Systems. New Orleans: Curran Associates Inc., 2024. 40587-40609.

Zhang BL, Liu ZR. Adaptive uncertainty quantification for model-based offline reinforcement learning. Journal of Nanjing University of
Posts and Telecommunications (Natural Science Edition), 2024, 44(4): 98-104 (in Chinese with English abstract). [doi: 10.14132/j.cnki.
1673-5439.2024.04.009]

Moerland TM, Broekens J, Plaat A, Jonker CM. Model-based reinforcement learning: A survey. Foundations and Trends® in Machine
Learning, 2023, 16(1): 1-67. [doi: 10.1561/2200000086]

Fujimoto S, Meger D, Precup D. Off-policy deep reinforcement learning without exploration. In: Proc. of the 36th Int’l Conf. on Machine
Learning. Long Beach: PMLR, 2019. 2052-2062.

Fujimoto S, Van Hoof H, Meger D. Addressing function approximation error in actor-critic methods. In: Proc. of the 35th Int’l Conf. on
Machine Learning. Stockholm: PMLR, 2018. 1587-1596.

Kumar A, Zhou A, Tucker G, Levine S. Conservative Q-learning for offline reinforcement learning. In: Proc. of the 34th Int’l Conf. on
Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2020. 1179-1191.

Yu TH, Thomas G, Yu LT, Ermon S, Zou J, Levine S, Finn C, Ma TY. MOPO: Model-based offline policy optimization. In: Proc. of the
34th Int’l Conf. on Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2020. 14129-14142.

Kostrikov I, Nair A, Levine S. Offline reinforcement learning with implicit Q-learning. arXiv:2110.06169, 2021.

Laskin M, Lee K, Stooke A, Pinto L, Abbeel P, Srinivas A. Reinforcement learning with augmented data. In: Proc. of the 34th Int’l Conf.
on Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2020. 19884—19895.

Zhu ZD, Lin KX, Jain AK, Zhou JY. Transfer learning in deep reinforcement learning: A survey. IEEE Trans. on Pattern Analysis and
Machine Intelligence, 2023, 45(11): 13344-13362. [doi: 10.1109/TPAMI.2023.3292075]

Bhardwaj M, Xie TY, Boots B, Jiang N, Cheng CA. Adversarial model for offline reinforcement learning. In: Proc. of the 37th Int’l Conf.
on Neural Information Processing Systems. New Orleans: Curran Associates Inc., 2024. 1245-1269.

Wang SY, Li XD, Qu H, Chen WY. State augmentation via self-supervision in offline multiagent reinforcement learning. IEEE Trans. on
Cognitive and Developmental Systems, 2024, 16(3): 1051-1062. [doi: 10.1109/TCDS.2023.3326297]

Qiao WD, Yang R. Soft Adversarial offline reinforcement learning via reducing the attack strength for generalization. In: Proc. of the
16th Int’l Conf. on Machine Learning and Computing. Shenzhen: ACM, 2024. 498-505. [doi: 10.1145/3651671.3651762]

Rengarajan D, Vaidya G, Sarvesh A, Kalathil D, Shakkottai S. Reinforcement learning with sparse rewards using guidance from offline
demonstration. arXiv:2202.04628, 2022.

Liu SF, Sun SL. Safe offline reinforcement learning through hierarchical policies. In: Proc. of the 26th Pacific-Asia Conf. on Knowledge
Discovery and Data Mining. Chengdu: Springer, 2022. 380-391. [doi: 10.1007/978-3-031-05936-0 30]

Lin QJ, Liu H, Sengupta B. Switch trajectory Transformer with distributional value approximation for multi-task reinforcement learning.
arXiv:2203.07413, 2022.

Ho J, Jain A, Abbeel P. Denoising diffusion probabilistic models. In: Proc. of the 34th Int’l Conf. on Neural Information Processing
Systems. Vancouver: Curran Associates Inc., 2020. 6840-6851.

Hong ZW, Kumar A, Karnik S, Bhandwaldar A, Srivastava A, Pajarinen J, Laroche R, Gupta A, Agrawal P. Beyond uniform sampling:
Offline reinforcement learning with imbalanced datasets. In: Proc. of the 37th Int’l Conf. on Neural Information Processing Systems. New
Orleans: Curran Associates Inc., 2024. 4985-5009.

Xu HR, Jiang L, Li JX, Yang ZR, Wang ZR, Chan VWK, Zhan XY. Offline RL with no OOD actions: In-sample learning via implicit
value regularization. arXiv:2303.15810, 2023.

Garg D, Hejna J, Geist M, Ermon S. Extreme Q-learning: MaxEnt RL without entropy. arXiv:2301.02328, 2023.


https://doi.org/10.11897/SP.J.1016.2018.00001
https://doi.org/10.3969/j.issn.1001-3695.2014.07.001
https://doi.org/10.3969/j.issn.1001-3695.2014.07.001
https://doi.org/10.3969/j.issn.1001-3695.2014.07.001
https://doi.org/10.1609/AAAI.V37I8.26130
https://doi.org/10.14132/j.cnki.1673-5439.2024.04.009
https://doi.org/10.14132/j.cnki.1673-5439.2024.04.009
https://doi.org/10.14132/j.cnki.1673-5439.2024.04.009
https://doi.org/10.14132/j.cnki.1673-5439.2024.04.009
https://doi.org/10.1561/2200000086
https://doi.org/10.1109/TPAMI.2023.3292075
https://doi.org/10.1109/TCDS.2023.3326297
https://doi.org/10.1145/3651671.3651762
https://doi.org/10.1007/978-3-031-05936-0_30
https://doi.org/10.1007/978-3-031-05936-0_30
https://doi.org/10.1007/978-3-031-05936-0_30
https://doi.org/10.1007/978-3-031-05936-0_30
https://doi.org/10.1007/978-3-031-05936-0_30
https://doi.org/10.1007/978-3-031-05936-0_30
https://doi.org/10.1007/978-3-031-05936-0_30
https://doi.org/10.1007/978-3-031-05936-0_30
https://doi.org/10.1007/978-3-031-05936-0_30

X 4> 50 I BOBLE 1R R K ALA) B K RALE T ik 4709

[26] Omura M, Osa T, Mukuta Y, Harada T. Symmetric Q-learning: Reducing skewness of bellman error in online reinforcement learning.
Proc. of the AAAI Conf. on Artificial Intelligence, 2024, 38(13): 14474—14481. [doi: 10.1609/AAAI.V38113.29362]
[27] Jin C, Krishnamurthy A, Simchowitz M, Yu TC. Reward-free exploration for reinforcement learning. In: Proc. of the 37th Int’1 Conf. on
Machine Learning. JMLR.org, 2020. 4870-4879.
[28] Racaniere S, Lampinen AK, Santoro A, Reichert DP, Firoiu V, Lillicrap TP. Automated curricula through setter-solver interactions.
arXiv:1909.12892, 2020.
[29] Yin HL, Lin YJ, Yan J, Meng Q, Festl K, Schichler L, Watzenig D. AGV path planning using curiosity-driven deep reinforcement
learning. In: Proc. of the 19th IEEE Int’l Conf. on Automation Science and Engineering. Auckland: IEEE, 2023. 1-6. [doi: 10.1109/
CASES56687.2023.10260579]
[30] LiJN, Tang C, Tomizuka M, Zhan W. Hierarchical planning through goal-conditioned offline reinforcement learning. IEEE Robotics and
Automation Letters, 2022, 7(4): 10216-10223. [doi: 10.1109/LRA.2022.3190100]
[31] Isele D, Rahimi R, Cosgun A, Subramanian K, Fujimura K. Navigating occluded intersections with autonomous vehicles using deep
reinforcement learning. In: Proc. of the 2018 IEEE Int’l Conf. on Robotics and Automation. Brisbane: IEEE, 2018. 2034-2039. [doi: 10.
1109/ICRA.2018.8461233]
[32] Wang ZD, Hunt JJ, Zhou MY. Diffusion policies as an expressive policy class for offline reinforcement learning. arXiv:2208.06193, 2023.
[33] Kang BY, Ma X, Du C, Pang TY, Yan SC. Efficient diffusion policies for offline reinforcement learning. In: Proc. of the 37th Int’l Conf.
on Neural Information Processing Systems. New Orleans: Curran Associates Inc., 2024. 67195-67212.
[34] Chen HY, Lu C, Ying CY, Su H, Zhu J. Offline reinforcement learning via high-fidelity generative behavior modeling. arXiv:2209.
14548, 2023.
[35] Jiang CX, Jiang M, Xu QF, Huang X. Expectile regression neural network model with applications. Neurocomputing, 2017, 247: 73-86.
[doi: 10.1016/J.NEUCOM.2017.03.040]
[36] FulJ, Kumar A, Nachum O, Tucker G, Levine S. D4RL: Datasets for deep data-driven reinforcement learning. arXiv:2004.07219, 2021.
Mt e 3255 SR -
[2] x4, A, oK, B, A £, =08, Mt IR R 22 S 2508 T F LA 4R, 2018, 41(1): 1-27. [doi: 10.11897/SP.J.1016.
2018.00001]

[3] XA, XIWg, ' M. vR B2 I wh st B8 L 3k S LR F B 9, 2014, 31(7): 1921-1930, 1942. [doi: 10.3969/j.issn.1001-3695.
2014.07.001]

(7] FKAAER, XU . BT I A 0 7 B 1 2 B A A 20 BV B S FL R A 2R (B ARRLAE AR, 2024, 44(4): 98-104. [doi:

10.14132/j.cnki.1673-5439.2024.04.009]

X E(1969—), F, [#Ht:, ZdR, i+ 4 S, CCF
e A, EEGF RGO R E S, TR R
23], A e

5Z(1999-), &, Wtg, FEGTRGIR A2 Z
AL, BRI o).

BUE(Q2000—), 2, Wil F BT B
MRALAES].


https://doi.org/10.1609/AAAI.V38I13.29362
https://doi.org/10.1109/CASE56687.2023.10260579
https://doi.org/10.1109/CASE56687.2023.10260579
https://doi.org/10.1109/LRA.2022.3190100
https://doi.org/10.1109/ICRA.2018.8461233
https://doi.org/10.1109/ICRA.2018.8461233
https://doi.org/10.1016/J.NEUCOM.2017.03.040
https://doi.org/10.11897/SP.J.1016.2018.00001
https://doi.org/10.11897/SP.J.1016.2018.00001
https://doi.org/10.3969/j.issn.1001-3695.2014.07.001
https://doi.org/10.3969/j.issn.1001-3695.2014.07.001
https://doi.org/10.3969/j.issn.1001-3695.2014.07.001
https://doi.org/10.3969/j.issn.1001-3695.2014.07.001
https://doi.org/10.14132/j.cnki.1673-5439.2024.04.009
https://doi.org/10.14132/j.cnki.1673-5439.2024.04.009
https://doi.org/10.14132/j.cnki.1673-5439.2024.04.009

	1 相关工作
	1.1 隐式Q学习
	1.2 稀疏奖励任务

	2 背景知识
	2.1 马尔可夫决策过程
	2.2 期望回归
	2.3 策略学习

	3 一种扩散模型期望最大化的离线强化学习方法
	3.1 值函数的设定
	3.2 扩散模型
	3.3 DMEM算法

	4 实验分析
	4.1 实验环境
	4.2 实验设置
	4.3 实验结果与分析

	5 总　结
	参考文献

