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Flow Matching-based Policy Optimization for Offline Reinforcement Learning

LIU Teng-Long' XIE Xu-Hui' HUANG Jia-Cheng' GUO Dao-Jie! LAN Yi-Xing' XU Xin'

Abstract Offline reinforcement learning aims to optimize agent policies using pre-collected behavior datasets. Its
central challenge lies in the distribution shift between the iteratively optimized target policy and the behavior policy
that generated the dataset. Existing methods typically employ policy regularization to mitigate this issue; however,
they struggle to adaptively adjust the strength of the constraints during learning according to the quality of the be-
havior data, and they have difficulty effectively modeling the complex multimodal distributions of behavior policies.
To address these issues, this paper proposes flow matching-based policy optimization (FMPO) for offline reinforce-
ment learning. FMPO leverages a flow matching model to characterize the behavior policy distribution, and selects
high-advantage actions from the flow matching policy to form an adaptive constraint that guides the learned policy
to be optimized within the neighborhood of the behavior data distribution. Meanwhile, actions generated by the
flow matching policy are incorporated as prior conditioning inputs, exploiting the behavioral prior to facilitate effi-
cient policy learning. Through this flow matching-based policy optimization mechanism, FMPO is able to achieve a
dynamic balance between policy improvement and adherence to the dataset distribution constraint. Experimental
results demonstrate that FMPO achieves strong performance on the D4RL benchmark tasks, significantly outper-
forming existing mainstream offline reinforcement learning methods.
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forcement learning, Offline RL).
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A R SRS IR R T, HAE TD3M J5ik BdiAT
e, AR SRR R T B AR B U 5 NAT N SR
T2 B AR 5RBE 54T N 5 2 [A] I FE BS, AG 20h
GHR T A I L AR TD3 + BC TR
(et {H 2 AR SRS 25 ) (PR e A AR HE AN
R A, R Fi I KL (Kullback-Lei-
bler) #{% . Fisher 8% UL i KIYMEH Z 5+ (maxim-
um mean discrepancy, MMD) &7 VAf#15 H Ax 5k
W S AT e 2 T AT O SR WG DL SGZ R oy A e % TR R
Jaques 500 @ T Pk b H AR SRS 54T N SRS 2 18] 1Y
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I RS B T AT R SRS, TS o A A% . B
SRR RTTIE RS G o A A%, (R 2 JL T I 45 SR g
FEIKBE 7755 0 SR 29 AU BE DR sy IR ) R, AT PR )
7RSSR TSR], JUH IR AT RIS U AR B
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T e A 1A ORI AT, oA H AR 2 5] — N REfig M
L SR s 3 A IAE ) S A0 SR S A (VD TR S5 P 3. 2
ACLT- 7 G T T e A= s 7 5, 98 DG i 5% g 3 ok
58 SL—AN B TR)E A B G 20 A, SEILMBEHLh 1
S A B B B A 50 A3 (0 B AR 4. AN TR AL B2
SR Tof P 7 2% L B SR A A 1T 2 [ 4 R 1
SR 25, T IC T S S 3 Sok 2 5] — AN TR A 9 4%
PR 3, LA SR S 3 A 0 N I 4 R B 3% S
it HARH, JRUCE SRS 2 T — N TOIRE s,
N ap BV E] ¢ P0IEEI vo(ay, s, t), FH TR R
W A0 AT AATRG BE AL 5 AT (W75 43 A ) 825 T i) H A
O (AT R HEWE AT . IX — 1 FE R RE AT R R N 1
IR

d

&at =vg(at, s, t) (9)

Hrp a, RORTER ZI ¢ IENTEREAR.

N T SZE Y, R VGEC 5R M AE I SR BO
BEHLRBEFEA € FAT ARIESNVEREAR o Z (B HEAT
18, 18I B/ MU ALV LT 2R SR AL AL SR X 265 S 40

Lrnp (0) = Eunit(o, 1)), [Hve(at, s, 1) — (a— 6)”;}

(s, a)~D,
e~N(0, I)
(10)
Hrb, ap = (1 - t)e + ta FoRBITESRE SR, ISR
e, 4558 AEPRES s, BRI B o 7 1
PG> A R ) SRS AE AR, ST MAATT 463 BEATL SR 21 g
P E SRS )T AL

3.2 fiH3ISHRTRERS S

BEHT, OVF 2 Fh AR s BB 51 N B 2R 3 1k 2 5]
S, BT NG AT AL S Ak, B0 SFBC.
IDQL A1 FQLP, 2R, XA MRS K
W 221K e ) 2 18] G AR B R p) P BRI
SfBC 1 IDQL Ji sk 4 HiUise 24 5 Bodfs 48 H AT N 3R
W AT 2 3] RS YRR R H A R 1) SR Rk e
73, AEX 2 0 7 T A e A0 2 T g 2K e AR
BG5S XFE, NS REE R iHEFaE K.
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S 52 &

FQL M T UL RE A B BT B 2302 ], {1
SHCRE S 240 T 3 T A 47 30 1 S B,
B 4 3043 0 R A, M 23601 G 1
ARSI, M AT A BN I N K AR, W1 5
W SRR

BERE i LR, A 4R AR 3 51 S R
RS0 5 1 Jy ik, %07 EE AR A T DA L B AT
4 e 5 UG WG 2 ST AR, T AR 0 54 B 5
LR WS 5 1 46 2, SR MR LA
BT S B AT i e, M TR Bt
BT 9 W, I SRR TR O 25 B %M
43] 5 A3 DL FE0 22 1 7 He i ME BA TR 2
ST AL
{aww>:En&m4w@,@|w—wa—enﬂ

11
w(s, a) = wy - 1(14(5, a) > 0) ( :

Hrb 1(A(s, a) > 0) & MEREEL, 2 A(s, a) >0
WL, BIEL 05 A(s, a) RoaniBH e %, HTH&
ENPEARRS TP B KPR ARG w A— S
. w(s, o) RonaENE, LA, Hlarm]
DA Q E AT B A BUR % 8 70 A0 L w(s,
a) = exp (Q (s, a)/B) /Eampu(als)lexp (Q (s, a)/B)] (B
NI Z 5, F TR d R HOm AL A 8 AR
JEE), ] DLgd it LS ek B 21 B AR DB R w (s,
a) = max(A(s, a), 0).

KO0 o B S R UL AC SR AL AR &5 5, AT g
5 78 70 A FE IR UL C I 53 K SR SRk e 7), Tl HL
I 1(A(s, a) > 0) EFERLH AR, AT ASEHLRS
HH LI J3E 3 R B 5 ST A B 3, i DG B SR
W% FT AR P R AR O ) v AR B A, AT AR 21—
AN R AT R,

3.3 ETRIEEAE RS T E

B FE T 51 3 A UL BC SR o 2] T 72T A
752 — AR K AT g, R IERE . b AR
H AL G 5 S 2% 1 51 S B SRS AL AL k. — 5,
He TS5 51 T 1 Ut UL BT SR s AR 24 T SOt AT U SR
%, BEfS R 2 BAT GRS BE; 55,
i DAY D e SR 2% A ) SRS AL AL DU L 3k
PRI SRS 2D o), BE05 78 70 A FH R UL e s 5 T Kicdis
RSB I RN R RG] S 5, S 11 SR 4
WG ST Z 1A 50 &, £ DRAIE MG 20 TR [A] I
S v R SRS AR T

ML 5] R UG e S s A0 Kb S h L % BAY
B mzn

a = arg A(s, a) (12)

max
a€{a, mo(s)}

EX 1. R s, LLURILEC SIS 7 (K500
mo(s) VERZRATFRIN BN 7y, , € SCN

ar~my(-| s, mo(s)) (13)

Hrmy Uhmg(r) fEIRES s PRI HAERNEI RG-S,
F T2 SR & 2 8] A B 27 2] 3R AR AT D SRR (1) 56 3
W omy PN MEEBENLIE TR X, 3 gy e SR
wg, BTN a = m4(s, mo(s)). 7y NHILELS]
FHME (flow matching guidance policy), H H Az A&
FEVL VL BT SRS AE B 260 o A kAT 5% 2, IHEH
FRAT 55 Hh S0 B vy 25 1Y) SR 4 T
HIE— AR g(s, a), R R ANE
a FHRUCEC 5| 3 50 7y (s, mo(s)), B8 e 24 I SR
51531k a
{a =g(s, a)a+ (1 —g(s, Ez))m,(s, mo(s))

(14)
g(s, a) = 1(A(s, a) > 0)

Hrf 1(A(s, @) > 0) 2 MERREL 4 A(s, @) > 0
WPE 1, IR 0. 5Eng 51 S S ERIE L o i Bh &
VA, REf LI O B RIS 2R, I HLE TR UL AC
(1 A X SR A A B e e /N DA 45 2K R 5 S
{£(¢) =E, D [=AQy (s, @) +wa(a —a)?]
ac{a, a
a=my(s, m(s))
(15)
Horb Qu(s, a) NV 38 W28 XPIRAS-BEXS (s, @)
IVEN A =aN /Y, . Qsi, ai), st NHESH,
N RRAIR KN @ = argmax; e, 6y A(S5 @);
wy FTNESH. AT W TV RERE A8 H A5 S 0g 5
FHHABERB R IETT AT 2] [, B
% 2l 25 H ST 17 SR s B2 T AN SR S DR S R 3 2 AT IR R
AR AR RAE VLT FENE 1) S Rk BE J), UL
P 51 3 A g SR A B 2 () SR B0 AR DA S| 3 HLEAT 2k
[ SR SR T

3.4 BUUMAE

AT ) B 2R AL A S 5VE TD3 +
BCM, $ th —Ff 5L it UL S 1 A= s semg A 7
V5. AZJTEAE TD3 + BC EARESE R, 5l AT
Fic SR LA SE BN SR T 1L R 1 g 51 5. BT
F, Q EMIZE. UL AT SR R 45 | VLA 5] 5 SR LA
FAMEME RIS E AIEN ¢, 0, ¢, w. Hh, QE
W2 605 ISR R 28, S H 0008 ¢1 5 s,
XA H AR Q MBS HON ¢f 5 ¢y; HARTRILHE
Sl FHIEIZHAC N ¢

N T AEHIE ST 5 SR DR < 1k 2 5] HUAS B4
AT, ASOR SIS ST Q B AR KL ITEAT T
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H— AL AL EE. H i, SERE ST B Ak B B R 2
A RN N: L(¢) = Es, a,al—AQy (s, m4(s, ma(s))) +
(4 (s, mo(s)) —a)?].

TEARWE T, HRGARAL B bR 75 ZEARRE L 55 ek 4
BEATENAS S, AR 35 s B RS 1 5 ) G EL 2L
ARSI [F A 2 Q R A 1E oR EOR (] B RS
PR B A TE, AN J5 B2 1) SRS AL A S A48 2.
Hr, MAEM L V, (1) S Hw 8 &/ MECLT i
e RHOHAT AL

Ly (W) = E(s, a)o[(Qu, (s, @) = Vi(s))?]  (16)

Q 1E M 45 1) 240« Wi i e /MK LU T B 7 2
43 (temporal-difference, TD) & 2 K FHEAT AL
‘CQ(wl) = E(s, a, s')~D, [(T(Sa CL) + ’ynlland;; (S/, CL/) -
o'~ f(s")
Qu. (s, a))?] (17)

Horb, Qu Fon AR QEME, i € {1, 2}; f(s) =
clip(mg (s', mo(s')) + €0, —A, A), €9 ~ clip(N(0, 6?),
—c, o), M o RHATHRRENHESHL
MAREL A(s, a) ATEIT Q BKEL Qy, (s, a) H1H
BB V() 022 AR5
A(s, a) = Qy, (s, a) — V,(s) (18)
I bk 77 ARSI R K, K T 3
51 S VALV T SR 2 ) DL R T U T E A 2 e X ok
W& LA R rh . 7R SRR S S B B, I UL G SR R T
DE s R B S I & N B A SIS L1, AT A Rk gz
fife 1 3k T SR 20 TR 3 B DR AT ) R DA R SR 0 e
FIAS R W18 RE 6% SE I R SR g 3 T, BTk
S Dy AR DL 1.

Bl AT RCERBMAUNEXELES
Bt
BN BEEHIEE D, IS o, KK/ N, HHE p,
WEHLSHT.
HWid. AL G FIPAT R S5 6.
L WGt Q A S EL oy, o, TILELE S H 0, Ui
VLHC 5] 5 RHE M8 S5 ¢ DL B RN 4% w;
2. MG HARIES: ) aby, b < o, ¢ — &;
3.fort=1to T do
4. MBREARLERFE (s, a, r, ') ~ D;
VUL LSRG 2 )
MEE (11) BB % 0 10 3
Q BH HEREES:
MBI (17) 530 (16) SEILEEHT;
WILHE 5| FERIEAAL:
10, f/MEER (15) EH S ¢;

© ® N> o

11. BRI EH:

12,y pui 4 (L= p i =1, 2
13. ¢« po+(1-p)d

14. end for

4 SLIGZER

4.1 MREE

FPEAL FMPO fIVERE, SEI01E 25 42 iR ib2s o)
Wiy DARL BT 55 kAT, DARL #2 6t 7 45
IS5 A 2 AL B R 45, £ B 45 HalfCheetah.
Hopper. Walker2d %51z 4% il £ 55 LA & 3 T Ant
PR E FHAES (AntMaze). 7EE0HE & 710, £
X# HalfCheetah. Hopper. Walker2d =381z 5} #% )
1155, D4RL $#24it T medium. medium-replay. me-
dium-expert ZEA AT 8K FIEELE: medium 4
4RI RIS R AE FI R ) medium-replay il 25
BRI R A B RCEE, medium-ex-
pert W B &5 & 1 S5 R IR IS B0 5 & R YURISEL
P VA T .

M T Ant FIRRE SHUESS, RIEKE R Am
&, 43N umaze. medium. large = F35]; HRHIEAT
SVBEE, 43 NI FE S diverse. play =P Horr <[]
JE " S UM AR 2 R M E S Uh A B 3 [ € H AR
LB B e R E e, R B 2 A “antmaze-
umaze-v2”; “diverse” R LR R E R S F
51 SR REAR R BENL R H bR r B T ERE, S E
P 4EA “antmaze-umaze-diverse-v2. antmaze-me-
dium-diverse-v2. antmaze-large-diverse-v2”; “play”
KRB R R MN LIRBFEWIAALE R, 1%
il BE AR BE N AR € 1 H Frir B A B i) i
HFREIEEA “antmaze-medium-play-v2. antmaze-
large-play-v2”. DARL J:HE L4 RN 2 46 5 Ak 5 2
A A A T I A R ) B A, @ T Bk
FEUER BB, AT DL R4 T M DA SREAE I SR A
IR e LA SAE AN TR T 2 KT8 ds Bz At
BEPE.

4.2 FPEEEZE X

HNIEGAE FMPO J5 ka8, AT 7E D4RL 3
e B H 5 8 AN LR BT X L. 8 ANFRLR Bk
43 H19: TD3 + BCM, BCQ™., BEAR!", CQLM,
SfBCP, Diffusion-QL, DTQL, QIPOM). TD3
+ BCM LE 0 55 H bR I AAT N e FE L, @ i
BN BT SR 547 8 S 2 18] IR B AE 20 A7 22 5%,
I 1) SR 65 17 o A A0 X 3801 3 FE A4 BCQPY J@ ik
VAE SEIAT v SR ug @i, Ji i 3 =R 815 B b
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Eitd 52 %

TEWSFE T AT R RS, AT N5 B 200 H Ay R0
BEAR™ i@ it MMD JE B R 200 Y i s g, (1 H A
BRI B CRFFTEAT 9 SR B [ S P A VG L, i JE B
A FEAT AU (A0 KL BU%); CQLM il it £8%
L Q 2= 210 H A e B0b 51N 1E I IR AR & L3k
ERY Q 1A, M2 ) B — MR IIE T 5, A5
fil vk 1B A ) R A RS S BUR I E S Al
85, SFBCE A B 4 Bl B %) 7= A= B 4 (147 N ok
WS HEAT AR, FE2h A5 B E A3 2 H A5 5K ; Diffu-
sion-QLP ¥4 H A5 w45 DUIRES 9 AR 9 Bk
R I 45 A S AE 0 8 e K Ak 00 S IR SR s AL 4L
DTQLP & H USRS S ), i Ik 4 55 AT 4l 45 2k &5
H Y BURI I RIABE 15 B0 SR (W HEBE 240% ) 78
PR FRAR BT 1) R BFFR T T SR IS 2% 2 350%; QIPOM
JEHREE S FURITACHESS, JEF &t T Q At
IR ISP, 3 I A E T 7] 38 DG E 5 s S B 5
s gt

N T PRUE SN B 2, X T AT
(1) FMPO J5i%, BT A 4 ASAS[F ) BE LT
FREAT ISR, FR A B a 10 RAFAS 1 35 14 g
HobRHE R 22, X L LR Bk g RIR T eI | ik
I, ATELSRER g RAE R 1 R, BRI LI S8
WEIENLE 2.

SEIG SR B FMPO 7F Gym iashisd| 14
#h 9 ML FIEAE T EfitERE. HAd, FMPO &

halfcheetah-medium-v2 {E5HPERE L N EE, W
27 VAR AL FE 5 T B B B R BRI RE Y. 1R
AntMaze FHESH, FMPO 1£ 6 MK ELESSH
A 3 AR R, fEHAh 3 MES kR
SOTA J5i&, I T RiFrtERe. Hrd, FMPO
1E antmaze-umaze-play-v2 L& R A E I, ¥
PeAk MER) antmaze-large-diverse-v2 T 45+ 2 2 i
BT R, XK FMPO fE R R fe
PSR SRR VERE. SIS BT R A A A T B RT AR AR 2R
B WA 3 FIEK 4.

Mtk B, FMPO 7 Gym £ 4551 AntMaze
(RS RS A 50—, HAERE R T IA
[¥10 Diffusion-QL. DTQL H1 QIPO 55 3 2%
teA, FMPO 7E & BUE S5 P IS 1t aess o, Jif
1E 2 HUT 5 3 7 23R B/ NTE B N, JBos
AR TS SR AR e

4.3 FIRMESEHRMESN

HIEA TR FMPO k(14 RS, A7 DARL
e EX 15 MESAT T 925, 5 AME % i
AARFRBEHUR T E R E47. B 2 BB T 44
W (FMPO 5 3 MEZRSE) 5 9 MOFRIEI %
9% 5T 4, 3 MIELk S TD3 + BC. CQL.
TQLI fy4s HIE T TFUEE CORLP SEBL, e o
] 3 R 4 . ML i LRI T 2 b R

# 1 FMPO JFELLTTELE DARL #di e B ERER I

Table 1  Performance of FMPO and baseline methods on D4RL datasets
1455 TD3 + BC BCQ BEAR CQL SfBC Diffusion-QL DTQL QIPO FMPO (Ours)
halfcheetah-medium-v2 48.3 47.0 41.0 44.0 45.9+£22 51.1£0.5 57.9+0.13 54.16 +1.27 68.70 + 0.26
hopper-medium-v2 59.3 56.7 51.9 585 57.1+4.1 90.5+4.6 99.6+0.87 94.05+ 13.27 100.33 & 0.25
walker2d-medium-v2 83.7 72.6 80.9 725 77.94+25 87.0+£0.9 89.4+0.13 87.61+1.46 90.92 & 1.82
halfcheetah-medium-replay-v2 44.6 40.4 29.7 45.5 37.1+1.7 47.8 £ 0.3 50.9 £0.11  48.04 £0.79 53.34 + 3.29
hopper-medium-replay-v2 60.9 53.3  37.3 950 86.24£9.1 101.34+0.6 100.040.13 101.25+2.18 101.37 + 0.24
walker2d-medium-replay-v2 81.8 52.1 185 77.2 65.1+56 955415 88.5+2.16 78.57+26.09 0594 & 2.46
halfcheetah-medium-expert-v2 90.7 89.1 389 91.6 926+0.5 96.840.3 92.7+0.20 94.45+0.49  97.66 + 0.66
hopper-medium-expert-v2 98.0 81.8 17.7 105.4 108.6+£2.1 111.14+1.3 109.34+1.49 108.02+5.19 112.79 + 0.36
walker2d-medium-expert-v2 110.1 109.5 95.4 108.8 109.8+0.2 110.1£0.3 110.0+0.07 110.87+1.04 112.71 + 0.22
Gym ERIRIHBS 677.4 602.5 411.3 698.5 680.3 791.2 798.3 777.02 833.76
antmaze-umaze-play-v2 91.3 0.0 73.0 84.8 92.0+£21 934+34 9484100 93.62+7.05 97.50 4+ 4.33
antmaze-umaze-diverse-v2 54.6 61.0 61.0 43.3 85.3 4+ 3.6 66.2 + 8.6 78.8+1.83 76.12 +£9.93 82.50 + 19.20
antmaze-medium-play-v2 0.0 0.0 0.0 65.2 81.3+26 76.6+10.8 79.6+1.80 80.00+ 13.66  82.50 & 4.33
antmaze-medium-diverse-v2 0.0 0.0 8.0 54.0 82.0+3.1 78.6+10.3 82.8+1.71 86.42 + 544 80.00 £ 7.07
antmaze-large-play-v2 0.0 6.7 0.0 18.8 59.3 4 14.3 46.6 + 8.3 52.0 +2.23 55.50 + 29.39 57.50 &+ 8.29
antmaze-large-diverse-v2 0.0 2.2 0.0 31.6 45.5+6.6 56.6 + 7.6 54.0 £2.23 32.13 £23.16 62.50 + 8.29
AntMaze EfIBHES 145.9 69.9 142.0 297.7 445.4 418.0 442.0 423.79 462.50
A% BBy 823.3 672.4 553.3 996.2 1125.7 1209.2 1240.3 1200.81 1296.26
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*2 HSHRE

Table 2 Hyperparameter settings
SRR B
UL AT [A)RAY: 377 Unif([0, 1])
PN UL iR 2 10
IERIREL 1e6
HIRM 4 EH R p 5e — 3
FMPO SR U 0.2
TR N 7 A (-0.5, 0.5)
SR SRR i 2 DTH—X
a1 0.99
PAT RS H 3e —4
ARG ES 3e -4
BT /PPN 25 B2 4 256
PATER PN AR E L 3
CEFA Wi R ReLU
LR 256
LA Adam

®3 KIEFREE

Table 3  Experimental hardware configuration
A BCE
GPU NVIDIA RTX 3090
CPU 12th Gen Intel(R) Core(TM) i7-12900K
R4 ERERAIER
Table 4 Experimental software environment
WAt A
Python 3.9.19
D4RL 1.1
Mujoco 3.1.5
Gym 0.23.1
Mujoco-py 2.1.2.14
PyTorch 1.13.1 + cull.7

AMERBL: 1) FMPO fE5I04E 55 A RAS T e fit
fig, Kr A2 7E halfcheetah-medium-v2. halfcheetah-
medium-replay-v2 Al hopper-medium-v2 R I I
NRH; 2) FMPO 15 2] i 72 s AR A Do il
SKIIRE 7y, 16 R & RAFIRS @I, F5 A2 7E hopper-
medium-v2 Fl walker2d-medium-expert-v2 {£45 7.

N TR FMPO BkARidE— 4 7 #fr, AR5 R
FLE 7B SR A FIRAAE DAL EL HME. IQM (in-
terquartile mean). Optimality Gap - HIE{H, 45
Ranl&l 3 pros. MBI EERRE , FMPO K ALEL
BE LA L TQM # Z 0 T HAl A L 38 FMPO
SOk B se i e, B RAR MR NE. 1Ak,
H Optimality Gap fEAR AT F1: FHEC AR EE 7%,

FMPO HAT /NS v 22 1 10 W 2y > 3 1 5
W& g B R PR S b R e
TESE AT FEEVRAL b, FRATE S T AT E BIkAE
DARL AE%5 ERI R iR An, 4R W 4(a) Br
N, Horb BN — AR 0, N o m TR
B RIE AT Ee g il 2 A7 Bk vy, Ui B ROVEFE A RE
2 FIBENLF T TRk AE AR e SRR B 3 . g R
B LAE H, FMPO K R RE 4 Aii il 2R 4R 247 T
A B 2 am b 2E 31 328 1y, B FMPO SiEES
AN RERE AR EE T m s AT el AR,
TD3 + BC. IQL 5 CQL f4> fii i £& bb & R0 1
HALT FMPO #h4: T 77, Ul B AT Sk S A 1 R
L H B R 2. X R FMPO AMY A A H R
P R, TR R 1 5 e e T A B LA A
PR S 2 B AT UG, FMPO AMYUAEPERE
RS T S A ACE, T AN RT S A
FEFIBENURR R 35028 B H 5 K PR3 B 1 5 i 1k

4.4 ETRBRBINHZHITARERLIILE

N T HE— 2 M i B # flow matching AL
TESRIE LA VR, AR T — N EE TR R
B i T A FE 2R vk Z O TR BRI AL B R B
X Hd A S R REAT I G, AU B IR 13
VEFEARBATAT AT S 2.

BARME, AT EEHEIEED = {(s, a, 1, )},
TSGR VAT 2% X 28 R R X 28 A 0] B2 L 3 R
B A(s, a). BN A(s, a) > 0 B, SIS A X 2085
EHMERATE, AU H AR T LU b R om e
Lytenc(8) = E(s, ayop [1(A(s, @) > 0) [la —mo(s)]]
(19)
Hob1() RORTEREEL M A(s, a) > 0 B, KBS 7o
XU R TR I SR BEAT BT, 75 T 2R E AR 1%
J71E B FAELZ R A 35 o B 12 Hh B A Ay
B BIBNAEREAS, AT 38E 4 SR B RHEC T AT kAT A
5. MITIEFFE R, 1546 n] DA A A ST
—AMEARRCAS, PR E AR A 35 ek 800 s 3k AT
I, A B — B0 m A B B o AT AT A

L Z R, AH P FMPO 7 iEFIH flow
matching % > S MESNE AR oA, FFIE AR %
TSI O P 4 X Iadh AT A, AT e A6 75 SRS Ak
AR A A R A A B A, AN R PR T AR
BIREF I CAHSIE. Bk, %3 28580 75 B 3A
53 M1 flow matching FEH7E HE A4 SRIEAE 42 A (1) 5Bk
DUk,

SEEGEERWE 5 s, B RS T FMPO 5
IR TR O MURMIAL S Lz k. AT
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80 halfcheetah-medium-v2 halfcheetah-medium-replay-v2 halfcheetah-medium-expert-v2
60 100
60 80
= & 4 =
A 40 B &K 60
S S S
& £ £ a0 —FMPO
g 20 ~tp3spc | & 20 ~-TD3 + BC & / - TD3 + BC
— —CQL — —CQL 20 - —CQL
0 L x leb . x le6 " x 1le6
0 0.25 0.50 0.75  1.00 0 0.25 0.50 0.75 1.00 0 0.25 0.50 0.75 1.00
v NS H B
hopper-medium-v2 hopper-medium-replay-v2 hopper-medium-expert-v2v
100 100 i 125
R \Yas /DL
& 80 & 80 e g%
X K ® 75 //\\//\«/‘”f
= 60 = 60 = P
& & S & s0 o
i 40 % 40 i ——FMPO & N/ ——FMPO
= Ved ~~TD3 + BC 25 N -~ TD3 + BC
— —CQL | — —CQL
20 x 1e6 201 4 -—-IQL % le6 0 -—-IQL % 1e6
0 0.25 0.50 0.75 1.00 0 0.25 050 0.75 1.00 0 025 050 0.75 1.00
s iR I
walker2d-medium-v2 walker2d-medium-replay-v2 walker2d-medium-expert-v2
30 80 LTSRS TSR
S 50 5
& £ 40 ——FMPO £ ——FMPO
& 40 ~tpsepc| B ~~TD3 + BC & - TD3 + BC
— —CQL 20 — —CQL — —CQL
20 -—-1QL -—-IQL -—-IQL
x le6 0 x le6 x le6
0 0.25 0.50 0.75  1.00 0 0.25 050 0.75 1.00 0 0.25 050 0.75 1.00
PlEi%a2d PlE Rz I
2 fE DARL FEHER) 9 MESS LEAT KPR ELERZE
Fig.2  Performance comparison results on nine tasks of the D4RL benchmark
LRE VA1 QM ¥IfE Optimality Gap
FMPO - I I [
TD3 + BC - mmm ] o L
CQL - I I I |
IQL - L | [mn} =
45 60 75 90 60 80 100 45 60 75 90 15 30 45
FRAEAL ALl
K3 T DARL b 15 BUES I AT SEIEIT ML (95% B X))
Fig.3 Reliability evaluation on 15 tasks in D4RL (95% confidence intervals)

DRUESEG H) A1PE, Jk 2 77 5B 3l 4 20 35 5% 4,
HANWSRIEY S FMPO f#5F—80. e s Bk
B, FMPO 7E T A 155t B UG T S0 e 44k
RE, BEARL T3 T 00 5 bR B0 128 10 ] A FE 47 V%
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