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Efficient Q-ensembles diffusion policy for offline reinforcement learning

ZHANG XU, ZENG Yu-ting, ZHANG Feng!
(College of Mathematics and Information Science, Hebei University, Baoding 071000, China)

Abstract: Offline reinforcement learning datasets are often collected by mixtures of different behaviour policies,
resulting in complex multimodal action distributions. Diffusion-based policy methods can effectively model such
offline action distributions; however, their action generation relies on multi-step reverse diffusion, which results in high
inference latency, becoming a significant bottleneck for practical deployment. Additionally, while the generated actions
may still fall within the distribution's support, the inherent uncertainty can lead to overestimation of Q-values, thereby
compromising policy stability. To address the challenges, we propose an efficient O-ensemble diffusion policy (E2DP).
The E2DP significantly reduces the computational cost of action generation through a two-step reverse diffusion
mechanism. Meanwhile, ensemble O networks with variance regularization are employed to improve uncertainty
estimation under a small ensemble size, and a lower confidence bound constraint is incorporated during policy
improvement to balance in-distribution actions and high-risk candidates near the data support. Experimental results on
Bandit and D4RL benchmark demonstrate that the E2DP achieves an inference speedup of approximately 2.5% while
maintaining distribution modeling capability comparable to existing diffusion-based policies, and obtain improved
normalized performance across multiple tasks.

Keywords: offline reinforcement learning; diffusion policy; two-step inference; Q-ensemble; lower confidence
bound

5l HEC SR EE R SE RS KIS SNE I RE R
384k~ 3] (reinforcement learning, RL) /& —Fi@  RL CZEHLEE A3 ek e, G ahmmt™ o

(13

BRSNS L BTSRRI 2] SUES T R FH IR, AR IR R T R 52

Wris BEA: 2025-10-29; FF HHA: 2026-02-26.

EEWA: FHEMESPIRIIH (2022YFE0196100): U H HMEMESELIH (HZKY20220256-202200417).
RERE: UL

HA{Z{F . E-mail: fengzhang@hbu.cn.

AR SC PR AT LT SR SO, R SRARTIE N “TRIRBHE” X B AT T 2kl Y


https://doi.org/10.13195/j.kzyjc.2025.1127
mailto:fengzhang@hbu.cn

2 = % 5

*OR

FxE

FEZ RL WA SR 2R IR, FLA2 B A v B H
PR AN R AR ) 22 4 K. A, FE BN 77 AR
RERZ BB LS R, IR 5 59
I FH 220 52 31 R

2 28 5 AL 2% 3] (Offline Reinforcement Learning,
ORL) """ 388 3o S A0 50 T91 S A 2 A e A A SR AT 5
W5 21, FETC T 5 B HBEAZ HL ) 564 N e AL AL,
M SRR R XS -4 T 5040 1) FH R0 SR,
B2k RL [ I A% O Ph R TE T 0 A s )l 2
> SRS AE LA R rhn] R AR R H B SRR I L)
IRE-31EXF (Out-of-Distribution, OOD). H - iX &k
FEA R Z H 2 IR 20, FA B Af TR R £ S 4
SR, JEAERT P 2 0y (TD) BRI E 281 T 4z 0
UK, 433 Q [ RG A il 5 Hg 1t BRiR AL

BUA I 72 3 3 SRS 2R i s 2%
J7 1R SR fif o3 A A% 1) R Forh, SFEm& 29 SR 7 vk A i
FOW. TRESEHLAME RS, H S FmAEL RL HE (n
SAC™, TD3") ez, BN 4RI B4 RL SR
BT T3 AL SR, 2 RN 20 RT3 B s B 4 8
Y5 B 53 A7 g B U B3I o) B e 4y A5, 24 Lk K
W Z PN E I e AR H R AT N SRS TR & R4
I, SR AT IE R R0, 4 HARXRRIY B 2845
He). LI, A 458 SN 240 SR 7 2 v i FH ) ] B0 A g 2
(i CVAE") i FHEIBR AL, 25 H I Bk
87 LG, BRI M B E & T 2 AN o A AS 1 3
B X8, T 32 DX AT 8 T 2 A K 7 A 1AK% T
98 N 1 i s 0 1) 1 R 2 R 58

I B 5% W (Diffusion Policy) ", #4311
YE SRS B Z AR X, 3 HUR IS BEA A&
H VR B AT A SREE 7 AR [ S Ak B VR 45 1), 7E DARL 2
RS EHUS T RE T 26427 H9Rigas (CVAE)
Je T 58 Pk S S5 A G S 8k 05 I e RN, SR T, 4
BRI 1 3h /2 B T 22 20 108 i) 7 A B L A,
TR LR 15y, HE LA 2 SN N 7 3K Bl A
Gy TARAE S & — 25 A AR A SRR T S 4E A B
TE, SR, IR LEAE ALK B R A Bl 7538 o B A
SEVER LGS, FEAL BB 4 5 B A IS, T e
PR AR R A T BERR 1) 1 27 =) SEmE O P .

Uk, B R A BRI A — g R 3G o |
Xf B 2B AE 73 A B B 0, 3 HUKR S LE 41 PR B
Az BRI B AEATS T R ¥ N Bt SCHE AN R XK. A SO
ZXIFENEFR N Semi-O0D B, & 18 & Ar T 5 2844
PEBNVES AT AR, H T S AR AR B R, Horp
B> SR AT BE S by b & T B S W AT AT 9 oA, AH

5T e 4w S A s 43 AT (1) 00D B AE B Bg e A
SR, Q P48 AT A 0 I L H 48 SR A R 1 B 1 77 2R
ot B AR AR E A T

SE K =R R S 4 Xy v Rl [ M 2
[F) 306 5% L SEANE BRI BN, 4 T BUR IR L
MU, HEBAERRB L7 5T I e R it
I, A E G T Q W4 FEAT 5 N e i H s s AN
AT, I T 4 T B8 42 5 A 2 = v SR A0 Ak ) e
Ln s

AR K G ] R, A ST R LT o 2K
Uk T VE, A B RN AR S R, TR AT
MEFE R

1) $2 H — P b HEEE L, 7E B R Y
SR HE TR [R] I, A R ER R X 2 BB R o AT
1) % AL G5 HE) A e ).

2) Wit TR TR Q M4 1~ B A5 (lower
confidence bound, LCB) 5| S HLH#l], 7£ Q M &%l Zk
SINBEHLTT 22 IR WAk, G R AR R Q LS I 2 AEME. 72
BUNBL B R Q W8 Hh, L Al 8 44 HH KA
B s P 1R BAS R, IWTAE 73 A0 N s E ST E =
W8 g 1de 2 TR T B RIORL A

3) 7F Bandit il DARL & AT 5% b 1) 5256 3% 1,
E2DP 2 4 Tt 1 HEFL AR, FRAEM B 22 il KRR
%I () Antmaze 1155 H 3RS AR IH— 045 7, eI T
TEE I 5 N ke YA B I 7

1 HRIAE

AT (] Jo B8 2 Ak 2 o B FE AR, A pr H
BERRER S AR M AR v 7 R, I E RN A HUOR RS AR
B R AL A > R I LA AR,
L1 B&EES

B R 2] R AL S I I E Ay . SRR
AL ST AN ], B 4R B A 2 S AN MRS S IR IR 3 A8 T
M 2 B4 A — AN TS WSO8 I i A s AR 2R AT 5% 2.
AR HRES SE RIS 25 A S e IS i —
WREAR: D = {s,a,r, s}, BRI HALE R —
TS B A RIS USRS, T S vh 1 B 52 R AR R
A IREE A 2 M BRI I 2 PR 2 0, JL P AN ] REAE 75
WES BT A T RER) OIRS-BIE” A B R 7
KR, HIAERIEL RL & T “BHEHAEINE" 1
DR 2 ¥ (Bellman Operator) oy BELEZAH A, 254k
SR AL 2 510 K 2406 DUR 8 55 7P (Empirical
Bellman Operator, it. 8 1) SR HT Q pR%, H4L



FxH

K AT O MR RT ERES]F 0988 % 3

(I7"Q)(s,a) =r+
VE 5,010 QS )] (1)
Horr, ARSI B ARG, v 24T 7, AL
i B 22 il 5 AR AL E M, Q(s, a) RARAEIR
B sPATIME a )i, HAE G 820k 5 T2 OB A1 S
P EE RARHT 2L, Horh R 1Ay, p(-|s,a) N
LIRS ME. uT RIS 4 RL HE 2 R
ALV (Actor-Critic) 244, H A Critic W 4% 38 5
1B75 Q-learning [ H %% (bootstrapping) 5 #T HLi, B
I AR E A v T — 20 5% ) H bR, 3 52 -Hit
PR b EET R i (2)
Qs = argminE oo [((T7Qu)(S' )~

Q(Sa a))2]7rk+1 =
arg maXEst,aNﬂ'(-\S) [Qk+1 (87 (I)] (2)

He (IQy)(s', ') N HAx Q Mg fili it 446 DR
BH, k> 0RmiEEEL

EFELERE T, %5 52 HbRSERS (37 215K
W) TEA A R rh A R HH AR B SCRFVE L ) B
i, RIF= A2 43 4ii 4 (out-of-distribution, OOD) AR A3l
PEXT. HT-3X Bo 5/ 7 B9 2 K4 4 vh i = 30 52 (Bl 4
290, FANEAG T 32 EEAK 6 oK HOE T 3 1 A A IR
7E Actor—Critic fE4L T, X RAMEM T SBIL R T H
25 (I P Z 43 (temporal difference, TD) HHT# x &
FAE2E ) B bR, ITTIZE L BOR M THR 22, A& 25
Critic 7E73 A AMX 387 4 R G0 FIUME = Al (O HER
7). 1% e Ak — 0 R 3 SRR S U ), 2 5] SR
i 1) TR B SRS SR AR B B R VAL D = A (B
A, HET 51 A R AR A B 2 I 2R AN R e DN o A
T ¥ o) fR. 9 2% fie b ) @, A I T 32
%) W (Actor Regularization)” " I it {& 29 % (Critic
Regularization)!""* W AN 77 ] fi& I
1.2 SRERZIR

M 2 R T7 8 i R 1] 27 > S AT SR
g3 A K9 /> 00D B 1B . #1705 47 9 v B
(Behavioral Cloning, BC)™", BC g W27 =] B Ha
15 5088 T Zh A 2 A, 2R, BC S8 &G AR AL,
R Z 2 ARE T, AR IRAT S5 It REAT R, v siie AR £
Sk, BCQ™ BI A48 4y F 4 i # (Conditional
Variational Autoencoder, CVAE) %] il 17 ) 8 1 43
i H4iE QEmik, (HIERAIT NRIE FE I E
Z W53 A0 T, CVAE 55 5528 Ui 8 5y B “A =0
57 A TR NG B X 8, 3 SRR BRICE
5 FEBhAE, B Il 5 A A A% XU . DA 438 i w2 2C
R AR R [ 4 i, BEAR! " SR F i K3 22 5

(Maximum Mean Discrepancy, MMD) ¥ & % % 7 45
PR, Jf a8 i 2 7 R B A T B 2 R I AT N
TR 1) B 0 Af . {5 MMD 115 5 44 S I 2 1 2
J3 3 0 K R L OB AR T &Y. TD3+BC K
HYCEE fa7 3 (6 JB R 7E TD3 SvE!" i s 58357 H bmvh
TNAT 2 v i TE DU T, {6 5% W 6 A A e KA 5 B AT
AT AR 2 (R B~ BT 07 VR S T 5 R
FafE, CURCN B £ 5 b 2% 2] I 20 SR 28 (ELE TH X =
JE 22 A5 Bl i 4 il 1) B BRI, HL SR R 1T
AR,

AR, B A USRI R R, Al R TR IR &R
B R PR A A L Diffusion—QL[m] S TAERAY #
R Ry SRS D 4%, Jd e 3 20 2 M B A B R 1)
HESN A, FAE DARL FEHEAT 45 IS T B E M T
& G5 A R (0 VAE!T., RealNVP™) (R B, Ji&
N T BUS AR SRR L R R TV E TR I ).
1.3 HrELR

UIKIERAN W Rr St bR af =37 St N O NPk € ks g )
OOD FEMK T AR KA, 84 5] T S W T fe e 4%
AN EE B E . QL™ i it I N 1E I 35 5K #% 1k
OOD Zh{E K] Q 18, i3 i THE I H L Q I F
FEARF G B E AR 10, SRS 9 #LE OOD
BN AR, 22t FE Jay BT 59 2 s 11 v 8 P2 IX 33, o
2B 59 SR AL RE Sy, 6f ik, TQLM™ it 11 2 (] U )|
GRIRS M E R LV (s), FHAE SRS R B B TR 35
I AT Dy e B kAT AR, SO E i 43 A 9 1 3 1k
THEALHy, 1 I 10 F5 A EE 42 ) HEE 0 A [7) )4 1)
U X Fh vk BEEE 9 OOD BhAE B & fily, 38 0
7oA N AR R AR T S — ISR 2 R v
TR Q WS I ANH 52 1 51 5 53, it
Z A~ Critic 44 2 8] 1K) 22 5 R S AL A il o1 AN
5E M, AT SEBLAR 57 51 5. EDAC™ 7 SAC HLik
FINZ AL Q 2%, R F Aof 5 A ALLE 785 31 ok 4id
FE 28 B Sr 1, 454 Clip-Q FiAR 42 & M H i
Pt T AT SEVE, TSR TH SEIE I R AR E 1. BExf 2
Q % $L =2 H AR 5 S E0st B 01 1) 1, MSG™! 3k
— DRI BT H AR LB AR A R R A5 B0 IR
W% SCORE™ fEHE AR Q WAL 1) H A5 bR KH 51 A\
577 Z MR H T, |55 00D k5w Q 1B 1)
REBF %M. SRTT, SCORE %R K AT A 7% (BC) )
MRS HAE A AR AR5 B M AR b 1 3 P 1 32 38 PR
i), JF B € 2 0 7 22 18 WA TG VE AT 0
Q MIZE [ Z AR, A AR Al Q WX 48 0 1 AN 72 1
(1) B AR RATI SR M B P B



4 ¥ # 5

*OR

FxE

1.4 FHURES

SR W A Sy 30T 4 SR 2 S 1) SR 24 3R 7 923, A
Y B 5 K () A Rk B 1 R B S h R
I (1B 1 4 A AT AT, B Bl e e 4% 40 SR A 4R
SECHEVEE N, A R AR R 5 ) SRS 54T h SR (1)
o A i B 51K A0 HE R 22 ) L REEM TAER
Diffusion-QL"", EDPQ"”, EDP **, IDQL""".

Diffusion-QL 4 HUB B AE Ay S & Y 4% 5] N 25
4 RL, &5 51T A ENI RS Q 5] %, /£ DARL &
WEAT 55 EROUR . AE I ZRI B A AT S 7 B 45 2
B [ B L 0 [ 7 HCRE HE B B Ak ik B 1 4R, HF
I Q it 4T 2 W ACRAE e & B 1. &5 1R H
DDPM (14 BRI BEAT S S Hdb, P15 43 A 4
e S SHER AR, Fsz s T =5 3 e,
T UK W Re % A HE S 1 20 A 10 % W 2 14 A, R A
LIRS 41 A2 SR AR P58 110 2 A 2. R b, HLBVE AN
FAGRAE . 7E LR R H, 37 BRI () HE AR
20 0T 1 1) OC 8 K] & . EDP(efficient diffusion
policy)™™ 3 i 27 =] i 17 Jin W 2% 1] v 16 4% 2 55, LA
D B S AR A, 3 PR R AR (H
1E 5 5 2 B 50T, 50 Wi Xk LLZ B AE O A2 i
E, T 5 EOAS [F) R AS 7 0 75 23 [F) 515, AT 1) 95 0T
7% IG5 6 1) 221 E LA P I S 4 FE AT 45 R T L 0
.

MY EOSECN S I, §EUR RS BRI 2 2
BS54, A A] B A A X B0 SR R A A BR AW 471
BT A0 XIS AR OB AR N “2F: 43 A5 b 3))
E (Semi-O0OD)Y” , Fi T i 4™ it 55 s 5 1% 2L sh 1F ==
1) 1 () B 7R A R AE . Semi-O0D - Al 2 S5 20 1R 5]
0, T A F AR 8 2R A A 2 3T PP 7 1 40 A A
N SAST IS 5 & 1 SRS K (T
B 7E B A S R RIAT: 55 AT e R R
EDPQ 5| NI T ¥{E-FEHLIM 5> 77 #% (SDE) ¥ i
BT, JEEE AR Q M4 K Q 1) LCB ik
ANATEEENAE. 1% TT VAR R M b S T S R R T
BEMRIET, (B AR AR KAR B EAH T 5 &
Q M4 1. IDQL™ #4 IQL (ke st Q L H ML
RN HOR I HEZE, F O 34 AL 147 9 e e 0 1)
MM E ) Semi-O0D Zh1E, {H VLT84 3% 11 i
F&AK. EDPQ Al IDQL ) Sz 45 SR 3 B, 7E Hi 45 i ik
KRR 5 R, i BRI EANE 0 A 2
PEECOR S5 ISR AL, 04 5w A B B 7 EAT
AR, A B TR T ORI 7E 2 2T 55 R I %
PRI,

N, ASCHEH R T Q SRR T B S A

S By 5K B (Efficient Q-Ensemble Diffusion
Policy for Offline Reinforcement Learning, E2DP), 1%
Tk DL ER HE S 45 BN BE A, Yot B D FAS
B, BERE IR FRAL G BIOK IS 72 B 2% 3 F 70 A o
2 2 SRR RE 7, SCRE 23 e R BN [A]; 51N
FT BB R B 7 22 IE AR 9 ANH 58 1R 2
HEINAE A Q W25 I 22 e, I T A 3 BE AT S Y
LCB {1, FI T U4 s 537 A0 51 S sl AR de . AT F
R R DK S B ol 1 A . ST 6 25 SRS IE T P B 1Y
E2DP J7 AT 4 A Q M4, RIFTFE A N Bl 1E 5
B SR I I PRV A v A (B 30k 2 B) T R 80RLA,
FE L BEAN TH 530 22 1) SE B SE ARG 1445 . Bandit 7T 41
WSRIRUGAUE 1 P A HE B G 20 A5 v B 45 1) P A A

7E D4RL JEHE(E 55 b, E2DP fEAR-FF 5 T Bk g
AR ERRITERE KT T, B3 B 7 THEIT 4.

2 ET QMBERTEGHSIFHERT

SR

KRN BRI AIHET Q ML AN T B A5
51 S & Y BUE G (E2DP). 1% 7 V18 BRAR Y ik
WS L 5 1 [ B, R o B A S AR 5 LR,
AR 25 1F T AE ) Semi-O0D Zh{E#E T & L)
WEFH, IR F 5 BOR B ZER B 223 KA R
G RAT S R REAR R I
2.1 BB mEhEHERE

DAY BOR R E I 0 JR 4 SR EE AT —
IRBE RN I F2, 38 0 44 B0 A i A8 e 9 il A v
B A ar ~ N0, 1), %3 FE R Al 1 3 it
PRI 23 A1 SR 5 M A v 37 23 A1 v B LR A 1k 75 )
VEER, 8 S5 A0 ) B i =R HE RS BB (PR
NAREER I FR). B O R T A A A

T
q(ay. rlag): = H q(a:la; 1),
t=1

q(a]a_1) = N(v/1 = Bia,_y, B1) 3)

te{1,... TYRRY BUL R 025, o, KRY

HIO 2 A I 7S M BIAE, a ~ p(ao), B FRTIE X
(2%, SR BOb $oe 28R,

o O e A A A B 2 5 £ e AR B AR 1
E4E T 7 (ELBO), #E S i an (5) ANHu 4 s, 7
HEZHHE T, Wt = Tt = 015D, REfEiT
ABLIA 5 H DR 4 4 1) 43 A . ELBO O Ak ik
3 (4), VE4EHET S35 SCHR [30].



ki oA F AT O RSE AT BIEH 60 A s 5
FLBO — B log P00.1) | _ 558 75 1 5 A5 DA DG P8 052 0 42 88 4 A o A 2
e 0 gy, 1 ao) (4) HE S B 1 50 BT AT DB, KL B0 TR i -

Eq(a1|a0) [Inge(GO‘al)]_
Dir(gq(ar|ao) || plar))—

T
Z Eyaran [Drr(q(ailas, ao) || poai-ila))l,

: @

Po(ao. ) = N(aT;O)I)Hpe(at—l | a,). (5)

B W 1 33 A1 Hh BE W LSRR e 75 2

TERHE, ar ~ N(0,1), i85 56401 ) 3 #EE =X (6)
KAERRAT 2B

mo(a | s) = polao. » | s) =
N(aT;O,I)Hpg(at,l | a,s). (6)
H H Po(@i_y | @, 8) ~ N(a,_1;up(ar, s, 1),

Ze(at,s,t)), ﬁ%?ﬂze(atﬁi)
i (3) TR

WA B i 0 4 B FE o At R, BAA SR
(5) FEHIR bR I 0B 40 A B ARG R, {H L HE R
SREN ST HOP T LM R, RIHEEELR (8] B8
FBUP T TN, AT R, R R Sl
B RS BE B BAE a3 A Yk 2, AR A 0] B A Bl A 0 B
MR LN AR T R B THEOT B, A
S U 2] SRR T H AT B SRS £E T HL
BNRIB R, 2 BNS BCQ(f# ] CVAE) —F£ 1)
AP R BE. DR, AR T UG AR AT 25 R R &
GB T A E R, B 2Rk 5 ) B N OSTESAE
A ) % W 2 A A K AR e

BT B WLEE, AL — Fh A5 3 m) HEFE AL
i, W4 S5 2 DA HOHE B R R 48 A0 AR R L
i 7E 2 2 PR I M RIS, LR BE T SR 0 A (1)
KRG RIFFAE, 9 BRI ER/N BB E T
VIR 22 2 % Z BN E1E A, NAERER S
FIERE )2 18] S P A

PO  3E B KA E S T A (Bvidence
Lower Bound, ELBO) i& i1 Jif 45 24 70 A, (B 1E &5
oAb 2y serh, 208 00 m 3 O SR 4 BT
B4 R N S B SRS 52 DDIMPY 5 Consistency
Model ** % TARI 5, AN SCAEAR R BN 1R B R 0 A —
BT HE T, B2 ) OB B[R] 25 2 [A] () A G
O, BATD Y HOE L) ELBO AT T H T
3B, DARE B i AR S A O A

3 (4) H, KL #5082 0 DA i Bl A 43 A 306 [

= B 914

AT IA) 4 BSOS 2 0 B 2R A R MR R . IX R E IR
XV G BL T, FRATT AL 38 300 e HE LI AR N, B AR
ANEAEIZ D I MR IUAL I 2, ao AR AT AR A 252
. 38 I 5540 T3% 25 1) 2 Hh 8] 35040 1) KL 3, AT
F3d H Moar Bl ay BI04 q(aq|ar, ao), NZS i
HE S HAWAT B a,, T (4) AT75 2 PL R AL
ELBO ~ E, (4, a0 [l0g Do (ao|a,)]—
Dy(q(a,lao)) [l plar))—
Eytariao [Drr(q(ai]ar, ao)l|ps(ailar))].  (7)

%M A q(an|ag, ao), R DL B B0, A
q(at|a1,a0)q(a1|ao), T (3) &, &
q(a:|ao)

IIHES H q(aq]ay, ao) BRAMANT (1 & 3770 A

N(as; 0%, V_““ + Yo,
1 61
[ 1 -1

=) - (8)

l1—«

Q(a1|at7 ao) =

Q(allata%) =

O'f\tI)7 O-f\t = (

1-a,,
K E SR T

S et Y o)

¢Zﬁ. )

Hra,= Hai’ aoH fo(ay, t; )M 8, f,(a,t;s)
HbRERED:
Ldiff(¢) = EtNu,ewN'(O,I),(s,ao)ND

llao = fo(vVaiao + V1 —ae,t,5)[|]. (10)
FERAFH A E MR o, 5, FATHE X ELBO 1 H AR 1
AT AR, LARE G DRI AL 51 N () i 22 56 A5 28 36 0k e
J1R A IR Ak, X T (11) A28 I, JE A i
[ 47 HIC P e P O B 2B (e, ) IRIR A (3) AT IR 9
B, TRUE A ao B a AT TR0 47 B0 FE AT AR T30 (1)
AT R IUE, (4, |ao) [108 Po (a0 |ay ) AR
1k, #1 DDPM H i A0 A, K H 2 Ak i el 77 =X
¥a, GRS TN fo(ar, t; 8), BB LN Ea,.

a, = fy(ai,1;s). (11)
1F_ LR VP E R, E2DP AH L AR HEY SR S 7 HE i
2 T S 15 BB 1) PR ARG S 55, o o7 L 3ok T R T 44
2.5 fi5. 2 (12) B EARE B HE T WP % A.
22 ETER QMK TERESR
TE IR W SR FH /N 20 B3B8 o 28 AL 2 11 1
T, 2B BN AE EERATY AL T B 2R B o A ) v R X
5, AR5 shE B BUs AN E 1, B Semi-OOD )




6 = % 5

*OR

FxE

fE. BTz IX sk Z 78 70 B S8, HAME A T 2
R Q PILg A HESS B . 7E Actor—Critic HEZE 1, 1% 4
R 2 5yl TD B 28 T oK, #E1m 51 A A 1H
FE Al I 0 I S S A R KU

R AE A ) e A ) [ IS DR B AT AR R BB, A
KA T4 Q M4 LCB J7 kX shiE N 247
VAL FHACT BN AR <3 551, LCB F FH 3 B 571
V] PRI AT T 22 S 200 1 A1 AN 0 2, DR SR BB 42 fit
AR 5] SR HE. BRI

KIS Q M4 R LS B4R 1k, JF 4
HEC B ASLH H AR Q M4 (Target Q). ff fRAE K
XF A — SRR B Al THEERI A LR BAAE & 3 22 5,
A 58 R 2% ik ) 5 A T 8 B B0 SR LA A
2 Sk — B, 188 00D h{E 5 e Q 14 i R
FISEHE, Rl — DR TR Q M4 10 2 R, AL
7 Q MIZS N LRI B NEE T8 BT 22 AN E MR A
SR IE AT, 4532k s B0 sk (17) Bros. 1%
BN IE A T A F Q M4 1) TD 5B Br, ANH &
P A 1 2 R B A O R IS 3 50 3 A X T]
[0,1] W BEHLRAEIIE. Z ¥ Al /N Q &R RSk
PR S5 N B2 5, 8% Q M2l Rl Sl 3
e L AR R A, AT TH AN 58 1A v f0 A7 51k

JQ(W) = Esi,ai,m,usD[me(sia a;)—

Y (ri, Siv, o)
y"r =+ VEaiHN%QEm(SHh az’+1)_

EA/ Vens[@Qym (8, @)]. (12)

Hoepr, o FIY" 4RI m A Q M4 K H Bz Q M
U SR, kPR E SR Vo Q| TR
25— A5 R F AR R Q IR 44 110 35 18 15 b o 22 g i
Q IR BASHAN U1, J45 T SEm% 50k 15 3 1R ik
., Kt (14) s,

QL = Fop[Qun (5,0)] — €/V.r[Quu (s, 0))
(13)
HABEI L., [Qyn (s, a)] S B B 28 X B 14
{EL ) BEAR VT A, B fE 22 T B A A o (0 AN B 0 1R
BIERHE > 0. |4, 4545 (17) ¥iE E2DP )%
USTES
Lw(¢) = Ldiff(¢) - )\ES~D,a0~7r¢, beB- (14)
A, X =n/Eqo~ol|Q0 0 QY47 H— 4L
TP R I R
I DL Rt SR Q M4 I 2 A 22 e b Ty
7 5 AL T B AN AN B E A T, 38O 12 B
LCB fH 5| 3 SR W& 587 5 SR & s ik 4%, RIATAE S A1

PN Bl 55 Bl SRR B AR 7 A v 8 Mk a8 22 TR TR B
AT RBOT. FAR E2DP MSNARURE NS 1 P,

#¥1 E2DP

BIN: BRI RE P, BCE R R A, RO RE T, BASE
ZH B, N ETEIE S &

WA 7y, 750 {Qum, Qm M WA AT S H

lfori=1,..., N do

2 KR MEEEEIE{ (s, a7, 8")} ~ Dina

3 #HEMQMZIZR

4 MRAE10)&(12) Actorffi B E al + 7, (|s")

5 ARHE(13) BT EE B Critic I 4% S8 {pm )M,

6 HERME I £5 I 25

7 M1, MACREE, RAER)K, K a MBI F] q,,
WRIEAD NG £, (ar, t;5)

8 Rffar ~N(0,1)

9 M4 (10)(12) Actorfii th I 1E a) « m,(|s"), M4
(1HRHF QB FHBIL(15)F ¥ BUEK KIS H ¢

10 #5507 HARM 2%

1 g7+ (1—-7)¢

12 m—rYm+(1—7)Y", me{l,...,M}
13 end

3 &2 B

3.1 SERAIEN

B HET DARL FE#E ) Gym-MuJoCo #£:H%
Hil{E % 5 AntMaze # 85 %2 i) 5 Wi AT 55 IF & . 3978
Ubuntu20.04 % 4. NVIDIA RTX 3090 GPU ] ik 55
#F G LSeR. SEIRRT S EO B R 1

xk1 BEHERE
e il
GELET = 2
REISE =Y 256
ke Adam
WO R Mish
)& 3e-4
AN e MRS [0,0,5]
BIEEESHE 2
HIE3sSiS e le6
LR K /IN(Batch-size) 256
Priney 0.99
B A 0.005
PR RS T 10

Gym-MuJoCo {145 & B 28 5k 2% =] v F 1%
SRy AN SR, B T FLRA AL A, 2L R 2
S Bl A R AR R, & TPl BRI A



FxH

K AT O MR RT ERES]F 0988 % 7

g 5 R 5 2] e 1 5z AR RE . AR STk L
HalfCheetah. Hopper 1 Walker2d =~ #AT- 55 34T
S8, FHAEREAMESS B4 IR = Rl AN [R5 & 1 L
P& 4E: medium. medium-replay(m-r) Il medium-expert
(m-e). HH1, medium H4E 4R 55 RE SAC HERG I
Srad R I EE B P X RS SRAE 100 TP R mer
AR M SAC HH FEHLWT 46 10 2= Wi Sl i 78 1)
ZZ IR IXRAE 100 528, AT M504 2 FEE T s mee 250
48 H medium #9855 L X B G 5 ERIF R
100 J5 25 K R, B0 55 4 v P e S AR B00E . AN R 4
0 AR T A B TS R e S &
BEPE.

AntMaze 1T 55 4 #iL B 5 i 42 Jah 5 0 8k o, A
B RERRIIL H bRAr B I 25 7 21 22, HAR IR B
R, I R AR T BRI R SR
D4RL H1 )75 F AntMaze 0 5, 1% 2K 5 B 7 N
umaze(u). medium(m) 1 large(l) =35, 535 24 /&
WRVKIEB I, F5 T /3 AT 451 59N play(p) 55 diverse(d)
PR play HodE 48 G5 N 2 A [ e 2 A B[ E H bR
HIBEE, oA FHATEE R diverse Hi 42 A0 2 B AL
RSV ERAE, IRE&-SHERERE). HT
R g HLAN RS 75 52 PR, 2 AT 55 Re S A Aok e
EER R E &5 PR ) SaE .

AR T BT LA R R &4 55 B TERE,
PRS- 1393 8 H— 4L 2 [0, 100], 11577 -

H—455> = 100

(PR — ZEFENLER) ‘ (15)
(ZH LR — ZHFHLEHR)

HZEE /B DARL FEHEE 5 E
R X, WK 2.

=2 D4RL EENHAESZSELRIEA

1% LKk i INEE
Walker2d 4592.3 1.63
Hopper 32343 —20.2
Halfcheetah 12135.0 —280.1
Antmaze 1.0 0.0

3.2 bandit f£5%5 FHISEREE R 59T

N HTAS [ SR W T 22 5 3 11 43 A 4SS B A 15
ST B B I, A SCTE MR S B 1
bandit 37 5t o #4 i AT AAL SE 6. 1% SR [ R IR s,
N A [ 5 I AE M R 460 R RO Sh PR o A
2 Zh VB DY AN SR 3 0 A TR A RS 3, TR
R AL 2 BEEE R (B 1(a).

1 B30 R T AR A ATAT Ao

e By 50oF B8 2k AR 23 AT A A 45 2. BC-MLE T
U 1T AL X LA 21 ) 22 1S 45 ) BB BC TEBUNY HOP
KT B 4340 2 W R, B T 38 KT %0 K R 2 A
A5 LI GIR T A PR D B R i iR 22, ik
W gr A sk

1 R R BB s iR 5] N [RGB,
FCEAN R 7B AEAN A 51 5 T B SR & et 4 A ] BL
WEZH], TD3+BC [ SRS H 8 784 Diffusion-QL
FET = 20 BENS — B R bR e BUR A S E 38
S B2 Ay A ARSI, o ik B T S LS )
{E, T = 5A75%F 8 43 U AR AS 43 e — a2 S HUME =5 B
HET = 500N, IR AVRAELE. ML R,
E2DP 7E{CK D HEFR I 2640 F, I 45 R Q
KGR BER (LCB) 51 %, i b e g+
oo (RS, I8 35 D o AR Bh 1 iR .

SEIG R B, TS stk 2 ) e, ARG AH I3
T 43 A FUh B 5 00 SR 1 SR T ARG 1) SRS TR 35, T 45
WA 51 T 3% B A EAT 07 e X F 4 T o S A e 1k
FsES
3.3 D4RL EHJIRER 507

9 b EEAS [A) B B0 W I TE B R, R S AE
AntMaze-medium-v0 ¥35% I, X} Diffusion-QL. EDPQ
5 E2DP 1 255 HE BR8] 13047 DE AL . I B[] DA
5} epoch(1000 VX 538 134 wall-clock I 8] £t it;
A FEL S 6] 38 3 Y B 100 4> episode [ 32 AT
B B 47 7. | T AN [R) 7 VA AR A R R 58 5 PR PR
IE4T, PREEAC EL AT R AN TR F 4 B A — 5, DRI R A
N R] f 22 7 3 S Bt 1 SR B BN AR AR Rl (RP HE 3R B
B A A =

TIMEREMY,, AT EEHT, EDPQ
H1F K H] SDE &30, Bb o 5 45 1 e B U Il
PG Ny B, DR A I 1R] BB A T Diffusion-QL.
E2DP i it ik /b HEB D O HEBR 254, R VIR S
HEF P B3 0 2 BT ST, S A i 1t e
KRG, BeAk, IATLE E2DP Rt b T AR N 4 gk
Q M %%, {5 Diffusion-QL —FE I Q W 4% 45 44
A B I 2RI 1] 5 DA e 1) & SRR I, A AR Al Q Y
289 4 W, I ZRIT R L 2 52 T T 4.5%, PEAL I
EIFFRSEETE T 1.1%, XKW, E2DP H FH A H R 1)
Q WA Z% 4 Bk BE SR 15 B B O 1k B4R TE, (HIFAS &7
SRR R4,

N7 AT VEAL E2DP BtERE, AT H 5 S
A 5 > U ) 22 PR AR M T iR AT R B, A FE
2 7 (BC. BCQY. TD3+BC", 1QL"Y., QL[



#= # 5 *x K Fxk
Ground Truth (a) BC-MLE (b) BC-Diffusion-T=2 (c)
1.00-_|,| i i‘ 5 f 1.00 f
0.50 | 1L 0.50
>~ 0.00f >~ or . >~ 0.00f
-0.50 | . -1 -0.50 |
—1.00-.*’ . . . '. 2. s ~1.00 £, . . . .
-1.00 -0.50 0.00 0.50 1.00 -2 -1 0 1 2 -1.00 -0.50 0.00 0.50 1.00
X X X
BC-Diffusion-T=5 (d) BC-Diffusion-T=50 (d) BC-E2Diffusion (e)
1.00 f 1.00 } ) 1.00 f
.. -
0.50 | 050 ° 0.50
>~ 0.00f >~ 0.00f >~ 0.00f
. e
-0.50 | -0.50 | -0.50 g
-1.00 |, , , , , *1.00-.* . . . ‘ -1.00 , . . . .
-1.00 -0.50 0.00 0.50 1.00 -1.00 -0.50 0.00 0.50 1.00 -1.00 -0.50 0.00 0.50 1.00
X X X
Add Reward TD3+BC Diffusion-QL-T=2
1.00 } 1.00 F K 1.00 t
’ "o )
0.50 | 0.50 | 0.50
e r~N(3.0,0.5) ®
~N(0.0,0.
~ 0.00} LS| = oo} = 0.00}
o r~N(5.0,0.5)
-0.50F -0.50 p -0.50 A3
4 @
~1.00 £, ' . . . .". ~1.00 |, AU 3 R OO L ~1.00 L, . . . . .
-1.00 -0.50 0.00 0.50 1.00 -1.00 -0.50 0.00 0.50 1.00 -1.00 -0.50 0.00 0.50 1.00
X X X
Diffusion-QL-T=5 Diffusion-QL-T=50 E2DP
1.00 } 1.00 f 1.00 f
S e
0.50F o 0.50 | 0.50
>~ 0.00f >~ 0.00f >~ 0.00f
-0.50 | i -0.50 s -0.50
5 . o, ¥ ° aog, ) ‘
-1.00 |, , , , , -1.00 |, , , ‘ -1.00 , . . . .
-1.00 -0.50 0.00 0.50 1.00 -1.00 -0.50 0.00 0.50 1.00 -1.00 -0.50 0.00 0.50 1.00
X X X

E1 bandit (FSATIRILER
=3 YV EUCRREERINGTT S IR G T 5

HE B (5T VIER ] A 1]
Diffusion-QL 5 16.94s 3.61s
EDPQ 5 16.56s 3.06s
E2DP 10 12.04s 1.82s
E2DP W/O Q-4 10 11.52s 1.80s

MSG™™)., ¥ il s s 25 )72 (Diffusion-QL!"”., EDP™,
ACDP™), 4 Hoki 2 )1 2k 5 2548 10 773 DTQL™.
DLz JE T — 20 A i &Y Consistency model ) 5 14

CPIQL"™.

KB I3 J5 1% IR S 6 45 R A8 7 s B L LR 18 S

fE DARL 3 b (3R 5148 (4643 )7 %2 % 1DQL™
WO R R AL R, Seig i 2 o E2DP R H 5
ANBENURPFASTIEAT, 8 FHUR G 10 251l 1Y

BE, BRI AR 4FME S, F2BRT
E2DP 54 MLy 5k i 75 2 Diffusion-QL. K FH4E Ak
Q BUAR MY Bk mE 5 1 EDPQ 7£ Gym-Mujoco 1F 55
medium Jii B HHEE ERR 5 LT, 456 3K 4-5
5B 2 R, st

1) /£ Gym-MuJoCo 1z 3155 1, K2 87 :AE
4 i 2 55 medium-expert 1 medium-replay £
BRI R, (HAEA S K E R F) medium



% xH Ko F AT O MBERT EEHBI]F09 888 R % 9
#4 Gym-MulJoCo EHEHIFA—F 5Ttk
Gym Tasks BC TD3+BC CQL QL Diffusion-QL EDP CPIQL IDQL DTQ ACDP E2DP
walker2d-m-v2 753 83.7 72.5 78.3 87.0 86.9 88.4 82.5 89.4 75.86 88.7+1.3
walker2d-m-r-v2 26.0 81.8 77.2 73.9 95.5 94.9 95.0 85.1 88.5 93.18 92.7+1.3
walker2d-m-e-v2 107.5 110.1 108.8 109.6 110.13 110.2 112.3 112.7 110 110.31 111.54+0.2
hopper-m-v2 52.9 59.3 58.5 66.3 90.5 81.9 101.5 65.4 99.6 99.39 100.7+1.5
hopper-m-r-v2 18.1 60.9 95.0 94.7 101.3 101.0 101.7 92.1 100.0 100.78 101.3+0.3
hopper-m-e-v2 52.5 98.0 105.4 91.5 111.1 97.4 113.4 108.6 109.3 101.02 112.3+0.6
halfcheetah-m-v2 42.6 483 44.0 47.4 51.1 52.1 55.3 51.0 57.9 53.8 58.5+0.7
halfcheetah-m-r-v2 36.6 44.6 45.5 44.2 47.8 49.4 49.8 459 50.9 48.68 53.4+1.4
halfcheetah-m-e-v2 55.2 90.7 91.6 86.7 96.8 95.5 90.2 95.9 92.7 96.59 95.5+£0.5
Average 51.9 75.3 77.6 77.0 88.0 85.4 89.7 82.13 88.7 86.6 90.5
Hopper-medium-v2 Hopper-medium-v2 Hopper-medium-v2
41 3F L - g - i - k=
- 2 7 ~ . —L‘/\x#— . 6 _.._-"—.——-—-—_.s‘_‘::_
S 3¢ ’ o - “ o
= ; =2 = 4f
R 214 R R
& ; — T2DF SR — D7 € 2 — P07
1r / —= - Diffusion-ql )y —= - Diffusion-ql —= - Diffusion-ql
A -+- EDPQ . -+- EDPQ ok -+- EDPQ
0k £t

0.2 04 06 0.8 1.0

INGRECIR/ (1073 166 25)

02 04 06 08 1.0
WL TR/ (10°3: 1e6 )

0.2 04 06 0.8 1.0

IGER/(10°3 166 )

B2 #ARIRET57EE Gym-MuJoCo ' medium FREHIBEES LG THLZ

oo BYEREW] R R ML Y BORBE K07k (W
Diffusion-QL 11 ACDP) T g% AR s E ) 2 A5 43
i, B AE B A o A b 5t T R I XS AL 5% E2DP 1E
Fr A medium {155 th S U LR TR RE (35 82.6),
Z 0T Diffusion-QL(76.2). iX — I # 3= EJH T 45 25
PR 7E SR AR ST A B A 2 AT I e % (R B 2 B A,
A 4 G JE R Q WIZS 11 R B 5 38k (LCB) fiiit, 51 %
B IEAE AT N 5 Semi-O0D F1F 2 8] SE LA
R, AT AR BCEE AL I B4 . EPQE 38 In T # 41
IR B HLS], BARIEF LTS LRI =, (H T3
BRI AR, 25 5 3o Rk PR 2R 5 Ml SR s M
ACDP 38 it #4529 o 5 4 vy [ i e LS 1
R, (EAZ AL B ARG 24 iR B 8 2 205, AL
~, E2DP J# i B T AN E A T R B A E 5] 2,

TEFRZR Semi-O0D 3{E 5 H H = 8 40 A Wah1E 2
() S I 5 B PRSP 48, I A e B O A )
medium FHE 5 FILHAE N EE.

2) 7£ AntMaze £ %5+, BC £ umaze I i A] 3
157, {B1E medium A large 375t HPERERF &
W%, 3 B ARy J7 v DL KA B B3 22 il T 1)
FRAEPFE 0 R E2DP £ /N WUE 55 o i DO 101 HAS i
FESS R (P 83.78), JUHAE f APk AL 1 antmaze-
large-diverse-v0 {55, H~F 35 0 — {015 40 & 74.4,
EERT Diffusion-QL(56.6) 1 MSG(71.4). Diffusion-
QL ERFEY OB AL (1 A= il v HL 28 2 5 75 WL Bl A
YA ), B BRI % A8 7 7R AntMaze %X
o5 078 25 R P, (R R R 45 A A S0 mr A s AR T
WML, A BB 7 3 AT AR 1 A0 35 Ak o Sz B ke

%5 AntMaze F)3— LS o3It
AntMaze Tasks ~ BC ~ TD3+BC CQL IQL MSG Diffusion-QL EDP  IDQL ACDP DTQ  EDPQ E2DP
antmze-u-v0 54.6 78.6 74 875 918 93.4 96.6 940 9728 948 990 99:0.70

antmaze-u-d-v0  45.6 71.6 840 622 818 66.2 695 802 87 788 675 66.5+3.7
antmaze-m-p-v0 0.0 10.6 612 712 896 76.6 0.0 845  89.64 796 840  89.6£3.04
antmaze-m-d-v0 0.0 3.0 537 700 886 78.6 6.4 848 8680 822 854  89.8+4.08
antmaze-1-p-v0 0.0 0.2 15.8 39.6 72.6 46.4 1.6 63.5 46.28 52.0 72.6 83.4+7.92
antmaze-1-d-v0 0.0 0.0 14.9 47.5 714 56.6 4.4 67.9 35.28 54.0 65.9 74.4+7.09

Average 16.7 273 50.6 63.0 83.6 69.6 29.75 79.1 73.71 73.6 79.0 83.78




10 = % 5

RedRTt, SO e SR R s | KA B A PR
MSG BB A AR 58 T E A T AT R, AR
B ER RN — A S, HZRT
AntMaze 845 LA 5 KRR AR (2 BUIE R TA B
MR A7), FC A RE B T Bl K0 Hs ot 200 200 i 20 3R, X DA
RGP BdE 43 A 1R BR . E2DP i ik 5 A5 HE L g
THER Q M4 LCB MM A 512, 7EIRER Semi-OOD
ANAE 5 HH 4 A W s A8 AR 2 18] 52 I A 28O,
NI A 250 S A o PR o), B 2SI  Fl ek Al e
PrE I AR EE R R /1, IX 5 AntMaze 1155 %} 5
ERORRESR S LG

3.4 JHBRSZIG
341 £ Q TEREHS XTI BRI R
B

RN Q 1 It 2 N 2% PE AL S H I (LAl T BAS P
ANFE TR H 64 A~ Q 45 #43& LCB 5] 3 11 EDPQ,
E2DP 7E Q B3+ 5l N & T B HLAL = (1) 77 2 1
D) T4 N AT S T A 1T, 185 Q IR 4% 7 1 AN o (X
B ZE e, TSR TH AR B2 A, AR A 4 A4
Q 9 4% B A #4053 ) 52 1) LCB i it sbabh, ATIEHE
Diffusion-QL 5 A Frix it 5 Q T EEH I 45
&, W EHR—F Diffusion-QL 7E & 2574155 antmaze-
large-play-v0 FIPERE, 30E T AT 18 B Q AN
I HC I )1 4.

3 %W, 5 EDPQ #f Lk, E2DP 7£ 56 /NE %
BN A B e 1 e HL e B SN R, FRATIE Bt 1
77 72 TE WA IR R, #% % 77 22 1E W35 5, E2DP H i
SRR Q BIANf & P Z1 i g /7 T~ B, S LCB 5l
SRS, YERe SRR M3 B 2 T R

antmaze-large-play-v0

0.8

A

$ 0.6 o E2DP

N Diffusion-Ql

S 04 —— Diffusion-Ql+lcbQ

| —— EDPQ

oo —— E2DPW/O IENL
0.0

200 400 600 800 1000
s/ (3L 1e6 35)

B3 &£k Q TERFESISX T BUREHIIEREF T

BE, AT SRR Q T B ARG 3N
T Diffusion-QL, 7F antmaze-large-play-v0 | & 3% ¢
FHHRI, Bk T 7V A R S TR .
342 £k Q MAHEKIKB

973 M B2DP X 4R A Q I 2% A Ak, 3K
fIT{E antmaze-large-play-v0 P55 F %5 bt 7 A [F Q M

kR Fxt
antmaze-large-play-v0
0.8
&
@ 0.6}
RN
T 04r —— Q%4
uy Q MZ% =16
S 02 —— QM%¥=32
—— Q=64
0.0t . . . . R
200 400 600 800 1000
WEE R/ (G 1e6 )
Eld4 SERMEHEIT E2DP B AR5

I (4. 164 32, 64) FHIF LRI, s256 45 B n
Kl 4 s,

SR S5 RR W, B Q M8 i 1 BGm, SRE I
SRt FE R T BN RR, K ISR OIS BT
BEARANEL A T R B ML 2. SR, 448 BORUAR e ik —
SRR T, T RESE TR B T, H— R ok 2
B EMEKBEA NFEH 4N QMEIEI T,
E2DP LA 315 5 51 R A Sl 24 1~ 3 P e
et

ZA R — /N0 — B0 7RSI NBENLAL
)75 22 R WAL LLSE SR AR i Q I Z FE I AT 2 T,
AN Q B A% L AR 8 S LA H 501 77 B AN s M A
i, T S #E AR E AU LCB Wit LR % FE M A
RINEIH I, A CEERR R —KH 41> Q M
LA N BRI S, T Bls2 o6V WL P S B.

4 & ®

ARSCHEH T — P [ B8 28 5 Ak 2 ST 1) v AU ik
P HL R B (E2DP). FATBvE 1 PR A2 105 [ HE B AL,
4143 E2DP 7E {7 B 4 5K & X SR 46 B A 43 A1 72 WL 25
P A RE 77 11 TR B, 5 BRAR T HE BT SOOT 4N
Bandit SZ5& 45 B, E2DP 1% 75 W 45 HE 3R A Ak 3
PRAED BB B TE B 2 2B o A B IR

7E DARL FEE M A S i 4 Rtk — P IRAE T
E2DP 7F &b 3 & % 3 1 2 (8] I 1 v RO A4 35 itk
Gh, BT QLR 5 ¥ BUR M IR 4 A,
E2DP 7E Q P25 I 5 H 51 N AN s 1 A& i1, 3% 9 4
B Q M4 1 2 FEE, {19 55 Q I LCB H A % 58
TASH 2 1, 5T 1 5] T SR 11 58 37 LA K s B 3)
VERITRIE . SEIL T B8 AR PR PR 28— F LA . 74X
SR 41 Q W& I % 44 T, E2DP 1 RE AL T~ 4K it
64 > Q M 2533 1T LCB #3& ) EDPQ 75 3%, 8L 1
B MR AL SR, E2DP SR TETE — € R R,
P 5 HE R AR 3 ARUL 1) T B ) 58 %5 43 A 405 0 %1 i A
71 X AE— g Foh n EAZ IR, ROk TAEK it — 5 -F
T R ROR SRS AR RE 7, DAIE B SE S 2R R
7759



FxH

K AT O MR RT ERES]F 0988 % 11

SE 3k (References)

(1]

(2]

(3]

(4]

(5]

(7]

(8]

(9]

[10]

(1]

JrREEh, S D, 7, AF BT IR R ST o
EI R sh ML 28 N S L[], $2 ) 5 w5k, 2024, 39(3): 985-
993.

(Hu G M, Cai K W, Wang F, et al. Mapless navigation
based on deep reinforcement learning for mobile
robots[J]. Control and Decision, 2024, 39(3): 985-993.)
IMVEERE, SRS, TR . BT 3 R B AL ) 2
B s NS 3] B[R0 0 SR (1], 428 1) 55 15K, 2023,
38(5): 1420-1429.

(Sun H H, Hu C H, Zhang J G. Cooperative
countermeasure strategy based on active risk defense
multi-agent reinforcement learning[J]. Control and
Decision, 2023, 38(5): 1420-1429.)

S, HHBe R, IRIT, & 28 REAR IR B RAL 2 3] S L
AT 5 AT R AT T LR R [T]. $E ] 5 PR, 2022,
37(12): 3083-3102.

(Yan C, Xiang X J, Xu X, et al. A survey on scalability
and transferability of multi-agent deep reinforcement
learning[J]. Control and Decision, 2022, 37(12): 3083-
3102.)

Wang X S, Zhang J Z, Hou D Y, et al. Autonomous
driving based on approximate safe action[J]. IEEE
Transactions on Intelligent Transportation Systems,
2023, 24(12): 14320-14328.

EmiE, T, ol & B TR R I B 3)
AT N PSRRI FT IR [, Fa ] 5 ek 5, 2026, 41(2):
305-328.

(Wang Y Z, Sun Y, Luo Z B, et al. Review of
autonomous driving behavior decision-making based on
deep reinforcement learning[J]. Control and Decision,
2026, 41(2): 305-328.)

[, FEE PR, EE b, H TR R IR A 1 2k v A
£ 3][)]. Bk 2R, 2024, 50(1): 143-153.

(Gu Y, Cheng Y H, Wang X S. Offline reinforcement
learning based on prioritized sampling model[J]. Acta
Automatica Sinica, 2024, 50(1): 143-153.)

Levine S, Kumar A, Tucker G,
reinforcement

Offline
and

et al.

learning:  Tutorial, review,
perspectives on open problems[J/OL]. 2020, arXiv:
2005.01643. https://arxiv.org/abs/2005.01643.

Huang L Y, Dong B T, Zhang W D. Efficient offline
reinforcement learning with relaxed conservatism[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2024, 46(8): 5260-5272.

Fujimoto S, Meger D, Precup D. Off-policy deep
reinforcement  learning  without  exploration[C].
International Conference on Machine
Piscataway: IEEE, 2019: 2052-2062.

Wang Z D, Hunt J J, Zhou M Y. Diffusion policies as an
expressive policy class for offline reinforcement
learning[J/OL]. 2022, arXiv: 2208.06193.

Kumar A, Fu J, Soh M, et al. Stabilizing off-policy O-

learning via bootstrapping error reduction[J]. Advances

Learning.

in Neural Information Processing Systems, 2019, 32:

[12]

[13]

[14]

[15]

[20]

[21]

[22]

[23]

[24]

[25]

(27]

11761-11771.

Fujimoto S, Gu S S. A minimalist approach to offline
reinforcement learning[J/OL]. 2021, arXiv: 2106.06860.
Kumar A, Zhou A, Tucker G, et al. Conservative Q-
learning for offline reinforcement learning[C].
Proceedings of the 34th International Conference on
Neural Information Processing Systems. Vancouver,
2020: 1179-1191.

Kostrikov I, Nair A, Levine S. Offline reinforcement
learning with implicit Q-learning[J/OL]. 2021, arXiv:
2110.06169.

Haarnoja T, Zhou A, Hartikainen K, et al. Soft actor-
critic algorithms and applications[J/OL]. 2018, arXiv:
1812.05905.

Fujimoto S, van Hoof H, Meger D. Addressing function
methods[C].

Learning.

actor-critic
International Conference on Machine
Piscataway: IEEE, 2018: 1587-1596.
Kingma D P, Welling M. Auto-encoding variational
Bayes[J/OL]. 2013, arXiv: 1312.6114.

Ho J, Jain A, Abbeel P. Denoising diffusion probabilistic
models[C].
Information Processing Systems. Virtual, 2020: 6840-
6851.

Geng Z Y, Deng M Y, Bai X J, et al. Mean flows for
2025,

approximation error in

Proceedings of Advances in Neural

one-step generative modeling[J/OL]. arXiv:
2505.13447.

Song Y, Dhariwal P, Chen M, et al. Consistency
models[C]. of the 40th International
Conference on Machine Learning. Honolulu, 2023:
32211-32252.

Pomerleau D A. ALVINN: An autonomous land vehicle

Proceedings of the 2nd

Proceedings

in a neural network[C].

International Conference on Neural Information
Processing Systems. Piscataway: IEEE, 1988: 305-313.
Dinh L, Sohl-Dickstein J, Bengio S. Density estimation
using real NVP[J/OL]. 2016, arXiv: 1605.08803.
Agarwal R, Schuurmans D, Norouzi M. An optimistic
perspective on offline reinforcement learning[J/OL].
2019, arXiv: 1907.04543.

An G, Moon S, Kim J H, et al. Uncertainty-based offline
reinforcement learning with diversified Q-ensemble[C].
Proceedings of the 35th International Conference on
Neural Information Processing Systems. New York,
2021: 7436-7447.

Ghasemipour K, Gu S S, Nachum O. Why so pessimistic
offline RL

ensembles, and why their independence matters[C].

estimating uncertainties for through
Proceedings of the 36th International Conference on
Neural Information Processing Systems. New Orleans,
2022: 18267-1828]1.

Deng Z H, Fu Z 'Y, Wang L X, et al. False correlation
reduction for offline reinforcement learning[J]. IEEE
Transactions on Pattern Analysis and Machine
Intelligence, 2024, 46(2): 1199-1211.

Zhang R Q, Luo Z W, Sjolund J, et al. Entropy-


https://doi.org/10.13195/j.kzyjc.2022.0590
https://doi.org/10.13195/j.kzyjc.2022.0590
https://doi.org/10.13195/j.kzyjc.2022.1375
https://doi.org/10.13195/j.kzyjc.2022.1375
https://doi.org/10.13195/j.kzyjc.2022.1375
https://doi.org/10.13195/j.kzyjc.2022.0044
https://doi.org/10.13195/j.kzyjc.2022.0044
https://doi.org/10.1109/TITS.2023.3292253
https://doi.org/10.1109/TITS.2023.3292253
https://doi.org/10.13195/j.kzyjc.2025.0441
https://doi.org/10.13195/j.kzyjc.2025.0441
https://doi.org/10.1109/TPAMI.2024.3364844
https://doi.org/10.1109/TPAMI.2024.3364844
https://doi.org/10.1109/TPAMI.2023.3328397
https://doi.org/10.1109/TPAMI.2023.3328397
https://doi.org/10.1109/TPAMI.2023.3328397

12

*

R FXH

(28]

[29]

regularized diffusion policy with Q-ensembles for
offline reinforcement learning[C]. Proceedings of the
38th International Conference on Neural Information
Processing Systems. Vancouver, 2024: 98871-98897.
Kang BY, Ma X, Du C, et al. Efficient diffusion policies
for offline reinforcement learning[C]. Proceedings of the
37th International Conference on Neural Information
Processing Systems. New Orleans, 2023: 67195-67212.
Hansen-Estruch P, Kostrikov I, Janner M, et al. IDQL:
Implicit Q-learning as an actor-critic method with
diffusion policies[J/OL]. 2023, arXiv: 2304.10573.

Luo C. Understanding diffusion models: A unified
perspective[J/OL]. 2022, arXiv: 2208.11970.

Song J M, Meng C L, Ermon S. Denoising diffusion
implicit models[J/OL]. 2020, arXiv: 2010.02502.
FEIR, okia s, KAES, 5. & TIRH QRS BORE
H) S 2R 58 Ak 2= 2T [J]. #2115 W3k, 2025, 40(6): 1903-
1912.

(Wang X S, Zhang H R, Zhang J Z, et al. Offline

reinforcement learning based on advantage-constrained
diffusion policy[J]. Control and Decision, 2025, 40(6):

1903-1912.)

[33] Chen T'Y, Wang Z D, Zhou M Y. Diffusion policies
creating a trust region for offline reinforcement
learning[C]. Advances in Neural Information Processing
Systems. Piscataway: IEEE, 2024: 50098-50125.

[34] Chen Y H, Li H R, Zhao D B. Boosting continuous
control with consistency policy[J/OL]. 2023, arXiv:
2310.06343.

fEE®EN

KN (2000-), 5, A A, 32 EEHFIETT A BRAL A 2T,

E-mail: 1183530127@qq.com;

R 4E (2000-), Lo, B A, 32 BT AE T A N B AK A

>J, E-mail: 2743913158@qq.com;

K (1976-), %, W, #f%, A, FZHT

TR RS AR ] . BRI R AR, E-
mail: fengzhang@hbu.cn.


mailto:1183530127@qq.com
mailto:2743913158@qq.com
mailto:fengzhang@hbu.cn

	0 引　言
	1 相关工作
	1.1 离线强化学习
	1.2 策略约束
	1.3 价值约束
	1.4 扩散策略

	2 基于Q网络集成下置信域引导的高效扩散策略
	2.1 两步逆向动作推理
	2.2 基于集成Q网络的下置信域引导

	3 实　验
	3.1 实验初始化
	3.2 bandit任务上的实验结果与分析
	3.3 D4RL基准测试结果与分析
	3.4 消融实验
	3.4.1 集成Q下置信域引导对于扩散策略的性能影响
	3.4.2 集成Q网络数量的依赖


	4 结　论
	参考文献

