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W B AEGHTELHNES T, BABERFIRMFTREOKR. Adme TAINGEIRRERERE, 124
B8 7 AR, 72 B BEAR B3 K 00 3038 T M AR AR VASF BARAE. B BB AL 38 T s 4 A RSB AR IR 4915 &, £ ARG

B ARSI A W A, TRAKT BRAR GG 3 T Az RS . ATt BRI AR, 3k — APy AR A R R KAL) B KR
3] 7 i% (offline reinforcement learning with diffusion models and expectation maximization, DMEM). % 7 %18 i 4 X

AR 3t A HA PR R KA AT B AR 4K, AR Rk LA BB A2 A0 YRR SN R P P AR R AR AR, 38
% R ) JARAE ARG R A B AN B R 1) 64 A LA B0 = )3 EATIME R, 51N — AN E RN FOT A
A, DMEM B A T — A7) B AR ZmE S+, KR, 5 A2 86 & &iky 3 7 kA,

DMEM ' 4% £ EA7 8 K 694k 4.

KA B RIRALE T VP HEAL R S AR; B0 w3 R KA

hENEDES: TPIS
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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.

Key words: offline reinforcement learning; diffusion model; advantage function weighted; expectile regression; expectation maximization
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#4L2 3] (reinforcement learning, RL)! A% 2% =3 ATk Hh 1) — b 5535 10 2% 50 U5 k. 383 DL 5 AR AT R uk st A
(Markov decision process, MDP) SR FE /R IR BE (5 . IR 381K 3] (deep reinforcement learning, DRL)LKF I 5 2
] (deep learning, DL)P5 RL 145 &, 34 DL ({5 RUBANEE J1R1 RL (0w SRl 68 7, T Bl oty 2113 1) 58 B
AER Y. B2kl 2 2] (offline reinforcement learning, ORL)[4]zEé—5’§1)C%;J H— AN AR B, 5 28 B0 B AL o) SVEEE
TRPE B AL 2 S BOER TR SRS SR 4R b, TN ZRIRT B0 T SRS B B i B, 78 SRS~ S NS 7 BAE I (R A2 T
fEH T R FUELE 28 TN S5 PR 1) R, e/ 1 U SRR

H 1T ORL 2 3 b 2% =) S 0 707 [ 22—, I T2 WSO AR P R RIS i 25 508 4R SR VI i A 2% S0 2 e A . HoAZoO
B B2 E 8] 58 B S EVIZRH — AN R SRS, BRLERENEEE 70 i E0E  FRIL R I (HAEX P ERAEEN, T4k
WA, 2= E 0w, iy shEiR 22, BN ORL 32 22 a) 8. ff W ANER 2 10 7 KRBT Lo A 4 24
SRS B BR HE I ) R Al R AR A 51 . Fujimoto 25 N PR OURE I I B Aff i Mk SR A
3% (twin delayed deep deterministic, TD3)!" "y 5EAE I, 42 1 7 HEE 2 FRIFE Q 2% 1 517% (batch constrained deep Q-
learning, BCQ), \IR it FARRE T IEELSAT S5, FMHEIRZE D0 i B8] LA e dn e Y Bk 42 Hh ) AL 52 20 SRORIR
FHEPAN R R S HEIR ZE . B R AR RIS, X A e LA H ) B AR 7 o 5 . IR U7 v R R B AR B R
il 7 B 2R B A A0 AT b, M8 4 B O 1H s A 20 A #h sh A/ B 1) . 1 PR 1 Q %% 3151k (conservative Q-learning,
CQL)!" B HFE O {1 bR B S A AR 0 — A TE NI, A5 754 T AR BB B AR S S, TR O fE ik O BR i, 42 1
X MG AT VTS I RE . N T BETE /0 A A (B A2 S BI04 1R 4 40, T 18 1) B 28 SR i AR A0 5% (model-
based offline policy optimization, MOPO)!" /7 56T 46 70 () J7 vk Ze i b, W8I0 1 — /N ih A8 S 050, 4R 1A R (92 4k
fi£ /7. Kostrikov 5 A\ MR B X Q 2% 31 773 (implicit Q-learning, IQL), >R SARSA J7 2R ¥ [a] V3 75 V5 ¥ 7
ERE, E3EE O E A BEE A RS E A4k, H18 BhBEALBNZAS X ARk 4 Rk AT T3y, H— 5 s i (8 ek
BOPAY, B 515 T2 A ZEEE, 55— 7 A SARSA 77 2UHIBE NI AL, 32 s o ms 172 AL Re

TZACRE TR PR B AR B B SR 8 DL s B SR I 75 B R nm Ak A% ST U, A5 B ik T 2R A AR AT
Sk, RIZ A Re 0 B o JC A B V2 AP e 22 3 2 i DR A0 4 048 40 A B R 4006 56 il . L IR T R
FEHE G5 U A 5] VR 2 o1 VO )53k, Wang 28 AR A 3 BRI IR A SR AR BEHL RIS %
TR E VLGRS, AR 2k 22 2 e R 20 AR I AS 1) ) 81 3@ i 6P IR A HEAT B 3 5, AN K T BB L R, i
Bm TR AR A, BT BE T BRI A A 22 ST SRS Qiao 25 N USHR Y T BN T B 4R R AL 22 ST B (soft
adversarial offline reinforcement learning, SAORL), i ot B8 ORL H X 707 451 ity B o 56 B R 25 ST B i 9. x4
GBI T T Wasserstein B2 M, 4 STHORPT 0 1 5 1R A0 7 R, 42 v 85 e A e I 100 T (32 Ak e
JTABLERGER AL IR T, 288 ORL BUVLHIIG A o858 TR Ja MhREFEMR. THELRAHY InaG Al L. [A] Bk, 76 B2k
PR ST IIIREE T, AR B SR AT 2002 A AT A2 ro A A e 10 M i

T 7E ORL 48 L[4 2% SIAT45 v, 3885 T IR 20 300 45 EL ARG 6 22 Bl (1 il i, B ZE — MBI D8 9, R LA
)0 FT LAAS B4 5. H Al 7E #1622 >, Rengarajan 25 A UHE S 26 4 G 7 252 ] 5714 (learning online with
guidance offline, LOGO), {4 F 5 £ 8 /R 5040, 1 5K s SOdh P IR S 54 ) SRS 48 S AP IR A I, DLIRAR s 18 10 2% =) 3%
s, [ SR A 2 ) N e A SR Liu 25 N PO T 40 B 1 A B 4R HR K% 3] (hierarchical safe offline
reinforcement learning, HSORL), F|H 73 /2 i AL 24 STHE SR, T8I FH 43 J2 SRS XS AN 22 44T N AT 2488, SR 1 Famn 1k
)L b PR WO I BB, AN 22 A BRIRES - B/ E X I8 H S M I, PR AR T 4. B 1 48 3 SR A 3 J= Bk
23540, Lin 25 N\ PUSR BB 548 S 88 503 (switch trajectory Transformer, SwitchTT), 3% /& — it lidi A8 15 25 1)
ZATSY R, FI R MG BLROE Y, SR B AIRAE 2 AT 55 B LAY 22 S P (W T H B RAR, (RN SR ) 43 A U2 (B A T 28 R 32 v
TEFRER AL I35 T SRS (R P 8. A3 51 AP HICHE AL, ™ BB 24 1 KA BT R 4F i, S5 A B FE AR 1 4B 3E 2, Sk
e Al ET

PR (diffusion model, DM)P AT A B 78 MR s rh A= ple B0 B AR, R 2% ) BHs o0 A i — Rl i, B
PURFEBIRFEAS, I BEHLE 7S i T 2 e 28 245, A i H AR 43, DM 25 & 80 A AR 1) B85 2, ZER 2
JhEIREE T, RIMEANBETT 2 T — RS 00 2285, tas s o S X, A il BE AR EO0E B4, S8 AR A
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X 4> 50 I BOBLE) 1R R K ALA) B K SRALE T ok 4697

FHRRZR. AR T BB R R 52, SR TR, U0 AR 75 K S A (RN B AR, I8 8 46 LI s 2R s Ak 2
SIRE TR B AL

ZE LTI, AR SCHR T — i T o Y A A A KA B £k 54k 52 3] (offline reinforcement learning with
diffusion models and expectation maximization, DMEM) J5i%. %7751z FI 3 HUR AL i 48 7 22 =) SRIE I R 48 45 44,
1) FH JEL 000 0 75 ) 480 2D B 20T, AR R E AR A T A S B e KA, Sl A I R 2, RO A X 5 feh
SRR AR S50 RIS, 408 B8 500 58 3 468 P WA 2 [V R SARSA B892, B BRI Bm S e B s 1B, 10 A2 Bl 1)
EFANE B KB, 45 T 508 TE 2 1z A Re 77, Mok, i 7E A [F BEHLRR T A0 F PR BT T S ier, 25 R 1,
DMEM 75 B A Fase B a vk pe.

AR DTIR E AR LT 3 A7

(1) BINT RS MG R 2%, 1) P 122 0 28 Sk Tl 2 Mg 2 4, I3 i A0 34 i BOIASUI B8 i DR A 11 7 3250 B3 SR, i
TRATE AR B S B AT 1) 1) AL, G ROt iR i T REAR Iz A P R

(2) A4 0 £ 4R H — Mo FH 300 58 [ U1 530 S (L B 0P Dk @I AN — AN AT, G2 T e 4 R i oK
FEAS 22 (1 1) R 53 A0 NBEE b, UF B T B4R 4 B0 B 51 2% sk 2 5.

(3) ¥ DMEM J57: S H T Antmaze FFEE 6 ANFEAESLIG b, dlid b5 28 (1) B AR 5 S SRR EL, Bk 1 i
HER IR,

1 MxIE

1.1 B Q¥

B TR RS SR TE R RCRAR . SRR B RUAR W S5, R T S i ST 1= 28, BB BN
A5 5 ) AR AT AL TE 2R RL 0, SRBE 1% 20 5 VPAS 8 0E F — AN O 00 i A SR 4. TR LG 38 A7 1E 4 A I
7, BIYIZRSEME RIAT A SRME AN — B0 I f. QL Sy HL e > e A 4 B 3 A (OOD), A A 4 R CL AN IR & -3)
FEXTHEAT 2 21, 9 OOD 53R O {EL i Al 1] AR AN 4> A7 W F% il /L. {5 IQL S5V A7 7E — bl 2, AR AR A AL
T U0 B AR v DA B M SO B A B TR AR R T O RS BRI AT ), W R B R B e A
YO AN AT, AT RE 220 BE B R, Ak, W RN SR B rh AAAE M A5 B 22, TQL LML T B 22 T I 0L F XU,
BT B I SR L SE B R HR R AN

Hong 25 A\ BHE B gE— AL 5295 (beyond uniform sampling, BUS), i id %5 ¥ EL IR 77 - e 2% =] 5%, FR
1] SR I 38 R B B R << I, AN SR ST BT AT (R B . X R SRR SR B A A A — A B R (AR, fiR vk
TR S R AN T R I 0L, 8 2 A 2 S0 X LA 2% o 5 [ 417 S 1 ) 7. Xu % N P9 IR Q 2% ) (sparse
Q-learning, SQL) Fl$&%#% Q 2% >J (exponential Q-learning, EQL), A iR N M B REA A 24 2] Ju 2010 TAE R, K1
SO E IE AR T SR . 224 8 2R B3 45 10 S AR, R M 2 i e a0 22 O B T BE A RAT A, AT
VRN BE. Garg 28 A\ PR AR Q %) 1 (extreme Q-learning, XQL), 7E 5 K415 B 1 B G 1T B AR I 1E
SRR, T A T B A SR R ORAE . AR AR A E B (EVT)PY, I Gumbel 37 i R A5 O bR KA T 22 (1) 1) R A SC
PRI TE QL Bk AL T M RE ISRt b, X VM B BT 20, 32 s T AN R B00PAy 1A RS e 0 Bk i e
1.2 HREMES

BT SRR B RS A, 3 T T A R 2l ) ) L B AR B AR A R, R BN AR AT 45 s B o R
KA ¢ A 5. B BRI IS ) R K A 27 =) i P 2% — R R T Sk A s A I 2 o), @l A S
AR R, AT SURAR AR F 2R A 20 B, R SO, SR A BRAESOIRAS . KBE T b3 & 2
i) BB 7. PP A B v R A ST RE T, — AR B T R ) B G R Bl POV A S L TR
TS0, bean gy J2 sk 2] PO R 22 J2 UK 25K SR 2 SR [ 2 IR I S, Mg T ROIRAS . K PR
Ze vl f. A B TR AL I 75, A — N T 2R AR B SR T 22 X1 A FAth SEAA FRIAT Dy, AT B B8 A A b T 00
K RIS RNAT g, I T 2 A i i 2 fly I B,
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PR A KA R, B8, S5 SRR A5 I, A RO AR A A 10 . Wang 25 A PP
H 8L Q 2% > ik (diffusion Q-learning, Diffusion QL), 5| A¥ BUE F 2% 3, & H Y B8 AR $iAT SR g 15 W18 1
J7 i TERG 52 5 RS, R OB S i, R R S A, B IR SR A A UE L H AR Kang 25 A BY
P H R B S Y2: (efficient diffusion policies, EDP), K H shEIL L7772, B E33R S iy g — AN B4R
I, XA B ACSIAE AT AR AN HOTE B8 B v 2B . X Fh 7 v AR AR AN 250 B vh T 35 B0 1o 1 7 U ) 24 14 AT
— YRTRIN, AATTG 2 35 46 07 IR ), 38 5 T B A SRR FE. Chen 25 A BY4R H (1 AT A fiade A rp b A7 428 0005
(selecting from behavior candidates, SFBC), K T —Fl A= sz 1 77 v, H52% 33 B H SR MG A N 3B 40 RIBMEAE Ik
AT B FIAT BN PPN BRI Fh ARk G 1 % o) BAA A AR R U B A S HU R ISR R, i3F— 30 i £
FEARAMUATED, 38 T THERIRE. FIRY BT s, 8 20 STHOE B 20 A0, AT AR R i 2 5 1) i) R

2 HRAA

2.1 B/RAIRRKRITIE

SRS ST 518 SR PR R R SRR, 8 SO — AN 68 M = (S, A, PR, y), FeH S RARIIIRSE
B, ARAMBIZNEE. P: S xAXS - [0, 1] ZAREHEBHEIL, RS XA - RAZREALFIREL, v € [0, 11 AHTH0H T
TER TR 2], B ReARAS B — A AT AR m, BRI FR S EE S D = ((59,a9, 5O, roNY AR d*(s,a) /& K0
m IS BUR S SIE A, WA (59,a0) ~ d™(-,-), 5@ ~ P(|s?,a®), 1 = R(s?,a®). B2k RL I H br &3 3 — 4> 5%
i AXS — [0, 1] 7 15 ) SO AGH WEE BAR LR, B E R G, = ZTI (s, a;) VE BRI 5 A5l F b, Forp
si~d (), a;~n(-| ) B s; ~ P(-| s;,a;). /R AT RS FE A 0 BA R [B1 4G B R0 2R 3R R 025 8 SCIRES 1A R 3L
NTERE s AL TG SNE 7 T3 BRI ER V,.(s) =BG, | S, = S), S ERBONIEIRES s AT ENME a, BG5S
7 FTF EI B ER O,(s,a) =BG, | S, = S,A, = A). AT 485 5 1) 2 2] 2 I/ T7 22, W5 SRms AR 34 s e X
T An(5,a) = Qn(s,a) — Vi(s). (BTCIRAE MR8 BR 4505 >0 Sk, #2742 00D 173). BRILAH 1R £ 7732, tnskeg 4y
W AE MR EE ML SR AR U OOD vl .
2.2 HAEE[E)3

B HA B B U3 5 FE o 22 e R P A, AR BRI 5 ST

E(yi) = x; B +D; (D

Horb, BRSR x, = (0 X0,...,X5,), BNRBUAE, B=(81,B2....B,)", by NRZET. BHF AR y, AR ZE U [F) 77 2 1N
— AN SE A A T TR AR (BT E O3 A AT DAL y, O3B, 3 AT DAL y, O BEANGA. TT DL [R5 R 2 AN [ AR
SRR RNRR, R T o2t K 2% [E A 4 S BURAY (s 22 (14 7] 85

RS T AT LA 5 SR
o) = argmin > W)=y @)
mn i=1
o, B U
wor={

s, HIEE A VB R — N IBCEIE, ARG T y,, A EA S BT FRKF w e (0,1), HF w=05
(K A8 i 22 7 i A 2R
2.3 RERES)

2] AR RIS I H AR, 20 B R AR AT I [FHR J () e KAk,

i Y

=0

J(ﬂ) = Es~dn(x)Eu~n(a\s) (4)
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SLr, dy(s) Fom IS 3L AR LI AR 4010, y € (0, 1) AT, r 3B

di(s)= )" ¥p(si=9) ®)

TQL B V335 7 S50 P 25 o 75 0 522 0 0 s A 9053 1 SRR T A2 L6 P A Y B KO R 7 53 B AR

fy Q BHL. IQL ik FAATFRE €, #1005 51 W o KL, 35 AT A Rt MR A SR OB B O M Akt WA

iRt @ 23 T % y:
minE,,,-pllr - F((Q(s,) ~ V(s)) < 0 (Qs, @) = V(s))’]

{inn Bla-pl(r(5,0) +yV(5) = Q5. @))’] ©

SLrtr, R R RSB SR A B 98 R RO A S, T VAR o e 1 O A

w1 = Bisapllogmi(a | $)exp(B(Qa(s,a) = Vy(s)))] @)

Forh, B e (0,00) R NI E K, PR 157 A9 3 e O A 2 ST 060 E L SR 0 ST B AR 95 R A s, ) =
O(s.a)— V(s), T M KIUE KO IEERIITE, HAviRas s Mhfk a AR B # S HURED.

33— AR R E R AU BEERLFE S

IO B B KA B £ i Ak 2 2] U7 i (DMEM) Z5 R [, a1 B, KeRpe i) — A idiafe s 0 M v
W28, FH TP SR I 268 BRSO R BRS 3 FSORE R O 45 2R g, XL PR BB VA — S O AR T, (A5 DAt R BE RS 1.
73— 77 B 2R AR PR AR 9 OB RO RN, AL ™ OB Y R I A 25 e R R i, S . LS5 A B PR 4R
(RIPP Al R, T 5 SR 00 226 (14453 2% BRI K, [R5 P /I Ao 453 5 B i 77 2K, 68 SRS o P8 000 B SR o 2%, BRIV
RO rh R 1 R 2 S [ HAGE F de/ 35  o HCE  ( oR B 4 RD PP R X 45,

<
e i
({127 T T g Sl A R I SRNGC /I PR B
ay~p(0) W g 7

s

| M 451 R M
o,V
(o ) omew )

LR MR (Mr—r)> s B B B ‘

0. I % \ VR4

K1 DMEM ity

SRS 2%

3.1 ERBHEE

AR AR [ A, e s 2, £ TR SRR el T TR [ VAR A /s IR MESE, Rk L
A3 H RN AR GE Y 5 A & B AR T 1T RN 5 A R B A . LG QL B, Al T — A 4EREN LR B 1
ARSI, ASOR TR [ AR, (5T — AN 4RSS E 2 R B, H9l N — AN E IO I8 7 =T 1E
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I ZRAE. A IQL SRS E B U LS T, W0 — ST, 1 Al T o 17 B 4, A5 7 EL S U i S Ry
(¥ 8 KA.
MR DA AR, v (8 s OB E A

Vy = BanlL5(Qa(s,a) = Vy(s) —cH(a| s))] ¥

o, Qo(s,a) — Vy (s) RANME KB AR ZE 5, H(a | s) 2 ISR AR 34 2T b, SR s BOADIR A8 s HUE SON:
O(s,a) =E[R, | s, = s,a, = a] )
V(s)=E[R,|s, = s] (10)

B B AL, A2 B A E AT IRES ., SR a, WA BB A S 0 2 R PR A, 0 R A 2T

ARAS T, U5 EL A BRI, A B 2 RV T U FL 4k, ELARIFLRSAR, T LS AR (1) AR (12):

Qs ) =r+y ) pls' | @)V i(s) (11

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

Hp, p(s' | s.0) RRSHAS s 8L B2 IQL SEH) VA B BCE T A s H 2 Ou(s.a) - Vi(s), B O F R Al AR

AHR MR TR LA MR 1, WA 35 08 20y T 5 B iR A3 16 2 Ao 7T LU S 5 AR (13), AU A =
ek KAk

O(5,@) = Vils) = ﬁ 1D 0+ ) P | s.0Vi ()] = D @l )[r+y Y pls' | s,a)Vis(s))]

1A] 1Al

1
=r+y|m Z;Zm' | w)—Zn(ai 19) )" p(s | 5,09 | V(s) (13)

Horb, A B ESREL. TR I AR R S A TG

|Aly; — m,,(x) (14)
FH, () = muxy +mxa R IR BN 1R A ] 4 R o A R VERE, SR AR v E R BCE R A A, T
MY — A RAEIIERI n(a | 5), b VA PRECEATIE 24 (K 5ET.

AN RS 9 AR AIAN (U RE e HE X AR SR 5 BTN, 38 RS O (B0 o Kok iy i v ) W A 2 24 i
W& s B, VEREUZ —ADEEE. A (a | s) B ERARN, FEARW v E & EOR O (5 R 300 Z2 5 (4415
W n(a | s) MBI, # O HRBOLRAG T, O(s.a) —cH(a | s) WSS VT2, AT VETEIZIR
AN ETRRRTRENE, 3 5 08 PR B A A PERE, HETT BT T NGRS AT RE. H R ¢ DRI AR, X R
(RISAIR AT UL 4.3 45 SKUGH0 57

O i R BN SOHT R A A 93246 77 2 (MSE) J7i%k. i T R RSP A B VB R, EH B S — a2
BIAFECK O (E R SR SCE, BT MUT SARSA FLVEAl, BB AR T:

Li(Q) = Easr-nl(r+yVy(s) = Qa(5,@))’] (15)
3.2 HEURE

PSRRI A A S AT O R, S 2 m e R O SR RS, AT 5
A J& T AU mCIRFAE. 7 HOBE AL I 5 1) X B K R A

Bl 2 7R T T BB RS AE W SRR B 3 55 R 22 MR A L . 20 AL e 078 7 O IR, SR T 2 A KRS L £
FRL TR R A, B B AR o, I AR E RS R, S SNERIE
BRI 2, KT A L (R R E R A SARSA SUSE BT A3, 4525 27 11 B bR HOE Bl S A PE A (i
B, T A A B P S

I BB — AN A AR A, A AR PR S SRR, B S S N g, A AR IR A R
A 5E AR HE R A D RFEAEFEA g0 1, BEHLREE— AR X ~ g(v). 3 BOE R AT RS A, W2 T
YRS S8 o ST TR P IR, L o IS 1 — 1 IR 9%, 266 S KT R BRI, 8 00 A (o, | 2, AL
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XA 5 FRAEA B R KAAY B KSR ) ik

(x,le 1) =N(x; v 1-Bx.-1,81
Horp, g R M AR SEL SIN—ANBENLAR R € ~ N(O, 1), FEAS £ B %0 x, Rl — 1 BFZ) x_, WA A

Xt = \/Etxt—l + v _Qrfr—l
H, o, =1-,. HT LB A0 e IeE, x, 7T EHEH x Mo £
Xy = \/C_Y_,X0+ Vl_@lf

4701

(16)

a7

(18)

Hr, @ = e, y..on THESE B RBEE T W 2038 KTHE G, o WEEHE I EE K. oy 2 RIIE xp 505 W E 7

2N 1 HbRAE R A

S Set g

:
X

%%
@

®

K2 Maze P85 T Hl KMt i

w1 G B M, TR OGBS AN B MRS T gy | x) BB XA R R I,

HAERE B — A CAI AR pjy(x,-) | x) B (x| x). ATE SN
DoKXy | X)) = N(x-y3 g (X0, ), 80
RHWTTREISE B, R NTT AT EM A LA T RS ETH R EME TS 22 & 2 ) DU 72 5
P(AB) = P(A)P(B| A)
JULEE LT o A x, BT DL T, ATHES: M

q(xi1 | x0)
q(x, | x)

q(X,_l | x;,%0) = q(xt [ X1, %0)

P = e

V2no

RANA @), FHa T A
q(xiy | X1, x0) = exp (—0.5 ((ﬁ + 1_ )xil — (2 @x, + 2 O:IH xo)x,_l + C)) = exp(—O.S(ax2 +bx+c))
ﬁl 1-a., ﬁ 1_0’14
2/, Va, .
EEP a__ 1— ’b:_( \/axt"'ﬂ ) mJE%B:_—ﬂiﬂ{jﬂ
:B/ l_az—] ,3 1_(1671
e L 13,
A=,
ML x50 =~ TR
~ \/E,(l—@,,]) \/f t \/at(l _a'z—l) \/K t —
ﬂt(xnxo): 1—(_1, + 1—(;, 0= 1—(_% X+ \/C_l_,(l]—d’,)(xr_ Vl_a’t—l,r)
— L(x A l-a §)
a, t ,—1 —%, t

© EBEERE R

(19)

(20)

2n

(22)

(23)

(24)

(25)
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TEIZRIN, {65 FE B RALASR A, SRBEA B B8, 72 TH ST ORI, 8 KL B R MSE 73565, iH5 00 p A1
A g Z IR ZESE. B p B g HOMRAMERIT 40 A, FLJT 2558 A 4. T4 N AR AL — % I 2 1A 22, 208k
EEES TS T

L4(®) = Beno.nx-n0.0.5~D [”f —§¢(xnt)llz]
= B von-pws-p [ = £ (VX0 + V1=, 5,01 (26)
LB EE R W7 IR MR B L

OB N — A ZEAS TR Al — BT RE AR, FL 0010 5 S S 00 43 A A IR, T W 3 /S il S 2040 H
ok, AT 5 050 B 0 R, 4 MR S 2 ST 45 4 O A ARSI 15 5, SR VM AR T O 211, B KA
FO S . 7K LA 8 A ORI A1, e S I T 2 1 B0t B, AT 5 1 S5 o0 45 1 5 0 R s
P 4 OB B LSRR R I 1 R

Bk LR AR A R

BINRE s;
i ShAE aq.

WA BN g, BEIRE n,, BSEUB, € (0, 1)), HAEHELE D
AT AR (AR g ):

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

a,=1-8,

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

a, ~ q(a, | ap) = N(as; Na,ap,(1-a)I)
. end for

B (F2):

Aforr=n,n—-1,..., 1do

10. & ~é&yant,s)

1L =1 ya (@, —~B,/NT=&E)

12, o= T-a/1-a P,

13, a.y =p+e"57g,

14. end for

TEYHUS R R S RASE B BIE 158 AT, WIia b R 4 240, [RIRS 75 ZETAa 04 B0 B 18] 7P 14 B
A RGN LK S A (0 5 7. B 1 58 2-T AT, SRR AL s e 7 A5 B8 B TR 3 A (R A SRR
RN, IR S 6 4T HIAS, BRI T IR B 1 58 814 47, BN J5 BN TESN 2245 &, o, S 24 i
£ BT 20 00 (0 7 B T T M R TR B A 1 ZE ANSA A, SRS ARYE A AN Oy 22, 13 L S 103
1B, WAt -1 B2 EhE. B T IR, BEfHIE a.
3.3 DMEM &%

£ DMEM &3, P45 (1 50 R TOIRZS(E s BRI s (R (A s 3. Fo, O(s, ) M E B B BRI 3 1E, T3
T R A K (6), FAW R, SIEFRESHZ R T HAEUEE. FIb L F 5 EEIRESMYT 00D B1E, kfh
SXof I R B 5 A0 . R SARSA TV BB VAL WA 4%, T At BB B KB 1E Q 1H, 45 T S T £z A
AR

TR ASE AL, 76 IQL BVER) v AE T H J7 sUMFEAh L, &1 X s 4 B 0 8, 3047 7 W M ek S 3.1 Wit Sl
2, 158 n(a | s) 2 V(s) MMIT O(s,a) FI—ANEBEFR K. Sk, i I1— M RIS E B3NV I E AR I [ A

© ©® NN L AW N~
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T SINY BB, M SO 8 o 1) B2 L S8 IS AME R B V(s) BTE R IR T 2 S50 SR I 2.
R EIHTIE R EL V() TR A8
Ly() = E-pw:(Q(s,@), V()| Q(s,a) = V(s) - slog(n(s))|* 27
Ho, ¢ s —ANuH, 5 B0 VR 7E (8 ok B i (2. Gl IE MSE Jy SR T B R s A, A B T V(s) AR PR
18 O(s,a) Z AR ZE. 456 R (B VA JELAR, SEr 2% R4 2R ML BRSBTS ). S8 i Je e B2 T B 1 7 Ui AT AR
#E DMEM 531, H ¢ ZHNIERE P n(a | s;¢), R T SRBS W R4 SIERS T, SIN— DT, B T8
b 2 SRS AR H AR, 58 X DMEM S8 % 51 (¥ H i3 e 450
J(7) = By~ [exp(6,(Q(s,a) = V(s)]logn(a | s) + 5, La(¢) (28)
Hh, OCs,a) BARSMEEREL, V(s) RARASE R L. DMEM FEHE & 5 T 500E 5% 2 11, B8 PP 5808 2 > 738,
I AR R KA R 2 S R RE, Q(s,a) — V(s) AR EL, TR B AL I — R 2. 6, IR 25 ek BUr IR B &
H. exp(6,(Q(s,a)— V(s)) AT LAEAF —AUE, RIS 70, 52 m IBCE, FIORA B SIS I UFIR. Lo(o) 72— G
T, F AT e 75 SR ST IR 22 6, N IE MU IR S8, 42 SR 5 = L5875 4R 72 2 [B) IR AL .
Z R L1 — 5 MDP Ja) /&, FHABUAA LUt B3 SR 6 A
Vo J(9)= Y d(s) ) my(al s)Vylogmyal s)r (29)

seS
SEo, S ) A BV 22 50 e B2 55 MDP, R A4 B 325, H K900 9 L, T LU (3R 5
Os,a) HOBA AN . AET7 AL BRI 7 2510 0 L, SRR L0 > 75 22 1 KA, RS- O MR 20 (A 0 L33 (8 T 0
OB OB, 0w B e
V(@)= ) d(s) ) my(al s)V,logry(al 5)[QCs,a) - V(s)] (30)

ses
FERGER 2B AT, IQL SRR L T SRMK Ak B B 0T SR mE N 4, BRI SARSA J7 ik SR ITO I0 2%, T AN B4
R KBINE O (8. ASCGEZ BRI BB R 5, 52 ) Kug P 2. BIEA e /R B2 AP 3 B ol T, tHRsdE
BRI AT B, SRR (0 o A B BB O HE SO AR, QB 3.2 FTATIR. BB Y (1 DSBS M AR, T LA )
MRS ¢ Y HUH K 55, ) DMEM S35 SE0E A7 N 75 (1 78 7 100 AT s A
L@ = Benonsan- 1€ =& (Vaao + N1=a8), 5,01 (31)
Forp, &Y BT RIS & ~ N(O, T) BWRAE R — MBI o0 1. &, & KM S 4, B 5 i 4o
FRIBW IR T Vasa, + VT —a,& BR ¢ I ZI 00 5 BRE A B . I 35075 3R 25 TH R BR 4R, 150 H 2% Tl 1)
FM S S RRME R ZE R
¢ (EAEMREZHL, 172 DMEM 505 008 (1 9 25 240 4 O Bl ) i R v, &, S 9 HoBa i 2 2] Fitill
R T S0 @ FE SRR my(a | s) U AR AR SN PERESR, W i HE IR 45 R R], AR I & SCHAN[R). (R 2 2 [
AT AAH LA 4, B4 i) A 20
ap=pu+ eO'S‘rZ&, (32)
Hob, W8 p WA 25), TZE o LA (24).
DMEM kS i 4 B AR R 0
L(¢) = E(y.p-p [exp(6:(Q(s,a) = V(s))]logn(a | 5) + 6:B¢ no.0(s.a0~D [”f—fas( Vaap+ 1-aé).s, l)||2] (33)

H, B op [exp(6,(Q(s, a) — V(s))| log m(als) I HAEE SR AR5 =) SR, I U R B30T 2 3R (RO, By vioy ooy
[Il€ = £ Vo + NT=a.&), s, DI | WIIIE 359 7745 22 R B AR 7 25 O ) DR 22 SRS 1) 1 bk o SO 3o BEHLBES P B ) 75
X HF .
3BT R 1 FR O S B33, SRECE 3T H AR 0 45
0, — 76, + (1 - )b; (34)
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Hor, r RN GrifRa e M, © KNI ZE12, S B0 GRE R KR,
DMEM R RBRnHE % 2 Fios.

&£ 2. DMEM &34

BN BAKIRSE D, REEEE N, P R ¥ T,
1. WG SRS (- | ), VFIE V S v, VI8 Q %% Q,, T Q,,, HARITIE Q M4 O(- | -16;) and QO(- | -;6,)
2. for F:2531%4K do
3. MEUEEE D REEN X (s,a,r,8) FEAR
MK 7(- | 5) FRAEBIE a,
BH Vg, AN 27)
B 0 M, WA (6)
for 55515 do
TR 2%, WA (33)
end for
10, EEH HARM LS, WA (34)
11. end for

f£ DMEM H1, I N R 206t BEALINMCERFEREA BLUSCT I R B 56 1 TR LSRG I 4% . 1A I 45
A EARIALS. 5% 2 5 3, 4 47, BENLRAE N HREA, 1E ¢ ZHUL T ISR IS SR, 58 5, 6 1T, RIFAM S S HHE
Wi Q BB ER SR SR AN KB RSN B AR, 1BV (B W 28 2 800 ST, I8 R SRS e R B, WA 2 58
8 A7, I B K F) T 3SE T S, SRS S Bt SR B T SR B PR TV (B R B D SR SR B, RIS SN
OB TR T MR 7S AR 2. foJm B R H AR I 2 I 2K, LB 2 56 10 47

4 SZIGSTER

e A

4.1 SCIIME

DARLPOB 5 £ Fh 2+ 5, 035 Gym-Mujoco. Antmaze. Adroit 2. Hth MuJoCo &4 i 6235 4T 55 1 °F
. Antmaze I8 ZR H MM ) . T0 A 25580 iR N F & . B s BEHLIL % B AR B, SRS
FH RIS A B SUFP 51 SR A2 . Antmaze & —N R HUESS, H BFFRINZG— U @ 8 Re s, i EHRBE S5 B iR
BRI, IR E 40T LL2) N: umaze. medium. large 3X 3 F, 4018 3 Fiow.

(a) Antmaze-umaze-diverse (b) Antmaze-medium-diverse (c) Antmaze-large-diverse
B3 MR B g
TEBR AR LB E 1 D0, MR 9 25 B A BN B AR BB ALE, AT 2008 3 28 [ E I E B A B H AR AL E
play. diverse. " play J2 & W5 (1) 25 & £ B [l 5, 02 16 F 1 H FRBEAL. Diverse 2 18 W5 Wik % (1) 25 & £ B A
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XA 5 JHAEA B R KALAY B KSR ) ik 4705

Hbnfr B AR BE LGB, MR EA 6 AT B, HATS) T A48 N 8, MWRAE BAE LA 8 A, MalEREE
RATRE B RE, K/ANE-1 B 1 2 0], FE A2 JB AN HE Ak g BB 00T, 2 () 48 8 02 27, 2 R s 8 R S [R] S o 4
RECAF s E. TEZS M 4EE EAH LT Maze2D £ 7 8 AN H B, K — 4P T 25 8] -7+ ) =4, {1545 % 5 0
42 LWRE

A BER AT S, FRIEI T 5 AN E B BENLFT-, BARBNLIEAT. FEAME 5 RRR LB BEIE AT 100 345,
B 5 Ji5 1Tl 100 SR A THE. S2I6 R I se 2 50k 5 ML ZR I T3 e a5 F. s 2k B B 0 B 52 2 1l
SRR ZE G L FTR P B AR B 2R iR e 1, Y0 KRR e e .

DMEM 2608 4 5O e P 28 AN PE 18 2K X 45 7 0T s Hh 0 2 in i ik FE R0 23 e b A, I pomig s R85 B )
SR LR 4 Z LML, 355K Mish 2R BUE 3 eh 50 oAb 75 B B ) 2 A 810 A 22 D 2 1, Al
FH IESZ B [ B R N3 SinusoidalPosEmb R AL £R B U BT RS (0145 5., 4 B E LM A M 4%, — IRk Mish BRH0H0E.
TR R MRS 3 E R A2 A 2 48, 351R F ReLU 1 93 BR . SHEms 0 28 FH SR8 5% M 45 %R 48 ] Adam 1
SO Ak 3%, DIRRRE TR B 5 2 T 4% 2 4. DMEM S0 () KAl S804 8, gk 1 fiow.

%1 DMEM BZHi&E

S HUE SRR S HUE SRR
D 5000 LRl Ly AN Ks 1E-4 ) ] 25 W S 40T 28
| 10 IR Ke 2E-2 BT S 5 R 2
& 10 FME R FERE l 3E4 22 E
m 5 OB R 25 A4 T 5E-3 Hbr-T &5
S 0.2 BT BV () B TR R w 0.7 HAEA [ TR =

43 LWEREHH

FASCHT R ) DMEM 5, 5 H A B 254k 2% 21 5092 CQL Al IQL HEAT PEREXT LL, [R5 2 T4 HUR s 1)
Diffusion-QL HyE#HAT PEREXS L. H2= ST 2k &l 4 PR, 764145 Antmaze-medium-diverse Al Antmaze-large 1%
ANAEE, DMEM S MR S48+ CQL. IQL A1 Diffusion-QL. 7EH AT, MEAEHE m 8 R AW &, {2
P9AR T FoAth 5032 12 K 24145 1, DMEM SE B304 #bL IQL Bk AR K, 57 LR PR 7 Al Bt 43¢ 1
()25 /IS, SRR T SR I 25 M AUR, (RTS8 T VI ZR IR I T AR

—— CQL —— Diffusion-QL IQL —— DMEM
80T \'w;./’\_,v-\,, 60 1
= =
v v 40 [
T 20} n20 \ /V\\M\
ou : : L : : 0 - . - : : 0 - : : - :
0 02 04 0.6 0.8 1.0(x10% 0 02 04 0.6 0.8 1.0(x109 0 02 04 0.6 0.8 1.0(x10%
(a) Antmaze-umaze (b) Antmaze-medium-play (c) Antmaze-large-play
80 [
§ 60 F 5 60 5 aor /J\fh\/
40t e e
B o 5201
20 /
O(I) 0.I2 0.‘4 0.‘6 0.I8 1.0I(><106) 0 0 012 Of4 0f6 0;8 1.(;(><10(‘) 0 0 0.I2 0:4 016 018 l.OI(XIO”)
(d) Antmaze-umaze-diverse (e) Antmaze-medium-diverse (f) Antmaze-large-diverse

4 DMEM HIH At 25 26 34k 7 5] Sk o 5] i 25 18
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F2HWMT 4 NEIELE 6 MES TSI R T BRI E bR 2. K5 FRLEIZ 5 AMFF R 5EaL L
TR, H AR ERbR R Z e T T H— A A3 DLSAME A de & PF AR v, 20 12 AR 1 3518 F0 i 22 L [R) 4%
il R AR 1A S T R IR SR IR EE . ACTIE I AR B, W%2F] DEME J7ETE 6 MES T IPERE, T H
B H MBRHE (i 22 ) F B 8%, 76 R8T 45, DMEM J7 v B 253 F2 f RS s PR UF. 78 Antmaze-umaze-
diverse Fll Antmaze-large-play H# DMEM Fa g Mtk IQL Bk 2. R EE K Z&: EWMm BN T, A TR
DMEM B3Rz ARE 7, Midliat: T I hid 72 v it — 8 o0 Fa e k.

%2 DMEM 5 CQL, Diffusion-QL, IQL B £k 54k 2 > SyF i &t BE X HE

- CQL Diffusion-QL IQL DMEM

SEEME FRdEmZE CPISME ARdERZE CPIME lEmE CFIME bRdEmE
Antmaze-umaze 86.651 14342 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 3813 7.446 44.61 6.662 52.385 1.447

£ Antmaze 1F55 1) 6 ANIAEE L, IR$E DA L SE6 45 R, 363E T DMEM S5 TAE 48 10 B 2k b 22 S 9k, N1l
HE— DB FE 1% 5 050 E G S N R . AN R R B TR B R B R A, SRS ) SR, A
S T3 5T SR R 245 1) 27 ) Fe S I AR, 3T S 1l 2, TER 2 ik, RS HOG Fk e AR
PR RR B R . FEANE R 25CE 3 R R N — NS0, 3w VB 4 12 ST R0, N Q [ M ER AR, A
R AR PR

SN S BioR, M ¢ = 0.2 B, DMEM KM RERIEBCAIL R, MBI 5, ¢ BUM, B = 0.02, B RE1A
TEYIZRANAE oR i R b, ph T v 40 B 2 T80 (0 e A, ASEASHAl T I Z2 380K, 2T 1) VR 8S SRRl O [ mEe
V) B4 22 i K. 5 B0E SRS BE BT v 44 P AT 4 B ) SRS 2% ) B 7 1), BB T 2 ST BR3¢ BRI o, 1Y
¢ =05 fll¢ =0.995 I}, DMEM 7E WS 02K B (A EE o, M8 V45 s B0 L T A VR A, P2 B 520 T DEME Bk 11
. HAE ¢ = 0.2 MUTEUL N, RILIHZR IR 2E X (0] BB AR A8, 5 8000 138 2410 ¢ X Bz m.

—_—=0.02 — =(0.2 ¢=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 (x10%) 0 0.2 0.4 0.6 0.8 1.0 (x10%)
(a) Antmaze-umaze (b) Antmaze-medium-diverse

K5 AFEZHERE R E) DMEM 7 3] i £ 5]

MR L 3 LIS R, ATIGAE DMEM JPRfEARF ) ¢ b, TERERIZE 5. ¢ WA, A EmAER], WAMIME R 25 17]
TEE— IS, e S 2 R IR e s 2 2. ¢ b, 10 s sh A5 4 B X e M 2% (K4 L, 5
BB M 28 ToIEA BT R 2, R T VFAN 4 L AT 52006 SRS 10X 46 1) S p bl AL, 38 2419 ¢ B 360 SRR T
PEREAE FHEAIMEH].

N T BRSO R SRR (M, 18 T Antmaze (1) 3 NIBEHEAT LSRG, XL DMEM HiE5I Y
BB AN AR AL i BOS R 2L AR SR VR B SR e 4 SR 18] 6 o, BLF #2050 A6 b5, DMEM 5005 45 SR ] 2 A
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TARGINY B 5%, 7T B A Mo 7 Bk APERE. EIIZRIN 20 7320 T, DMEM HIEPERESE T
EHRTARGINY B A SH0E, t bk ar W B R 3 RE B ve SR WS S, I pRASE R (127 2) R,

®3 AFESMERE R DMEM Sidm Ak RE

4% ¢=0.02 ¢=02 ¢=05 ¢=10.995
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 —— DMEM w/o diffusion
& = 40
2 60F %
_E’\_\- 40 £ 20
20
0 1 1 1 1 1 0 1 1 1 1 1 0 1 1 1 1 1
0 02 04 0.6 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°%
(a) Antmaze-umaze-diverse (b) Antmaze-medium-diverse (c) Antmaze-large-play

K6 DMEM %A HUE A ) DMEM X L 2E ) f 2k

N T IRUEAE VAR 2% B2 vh R I Sl A 75 O SV RE RS2, 1685 T Antmaze ) 3 DNIAEEHEAT LEALSLIR.
Xf t DMEM SEAIR 5| AR I 1) DMEM Sk VERE. SEi g R U&7 P, B3R 4 bx, AHEL T
AR GIATER I DMEM 5%, DMEM 5345 R AL, 7 WL A MO i 17 SR I 257 ST ROR . 7811 b S 3 A 85 o,
DMEM S A2 AR E DMEM R 51N AE RIS, B vl R s/ SRR 00A BE fie i S A AR E k.

——DMEM —— DMEM w/o penalty

0 1 1 1 1 1 1 0 1 1 1 1 1 0 1 1 1 1 1
0 02 04 06 08 1.0(x10% 0 02 04 0.6 0.8 1.0(x10% 0 02 04 06 08 1.0(x10%
(a) Antmaze-umaze-diverse (b) Antmaze-medium-diverse (c) Antmaze-large-play

K7 DMEM FIVA Z1E €I DMEM () 50vE T b 2% =7 25 15
5 B %

ASCHEY T — P BRI R S B a5 KA B 1 £ i Ak 5 5] 0% DMEM. il 25 M 24, 45 & Bl aR3A5 8, B
HE R, B9 7 HES A AL RE M B 2 FEIE. RIS (8 SR (81 U A0 SARSA 5925 5 T fe o £, 912 [m] U1 4
AR R B T AE A 18], AT RO T IR 2, SR TSR S ST R SRR U ORI 6
MR AL S5, Bk 7 HIAIITERE. SCIRah BRI, ASCHT I EEBAT — IR FS. 6 R 4% B B M o 2 b 34
BT, IR SR AN BB AL A A5 A e R B2 .

MBI TERERT A A BE 25 RE, ARSR BIIE 72 75 170 7 B A PSR SEELY B 73 JR B A 27 ) I R il i
TR BCE 2 15 H bR, BB BRI S 2] A UCH. BRI AT BE 2 389 ISR ™ BAOIN R A 25 Mg (1 o SR A, (BB A
U/ D3 BRI = 2T BB, T 20 1 SRR TERE S BEOR, JE L Py 5oy 21, l LUOBN 58 24 Fir 5 s AR R
T A HER 2R . FE Bk 7R S AR AU PR 5 v, S A MO AL T B RS, 19 B R SR 45 SR 2 iy PR SR 52 IR, AT 4
e R BE AR S ST AN T
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