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RESEARCH ON REINFORCEMENT LEARNING
METHODS IN OFFLINE ENVIRONMENT

ABSTRACT

Reinforcement learning is a paradigm of machine learning where an
agent learns policies through trial and error. Through continuous attempts
and learning, the agent eventually makes optimal decisions. In this
process, the agent is guided by the rewards from the environment's
feedback, without the need for preset labels to judge the correctness of
decisions. Reinforcement learning provides indispensable assistance in
solving complex decision-making problems, such as in robot control,
autonomous driving, and personalized recommendation, where it has
shown remarkable performance. However, as the application scenarios
and demands for reinforcement learning algorithms become increasingly
complex, issues such as the high risk of environmental interaction and the
long time required for real-time sampling hinder the further development
of reinforcement learning.

Reinforcement learning algorithms in offline environment have
garnered widespread attention due to their low cost without real-time
sampling and high utilization of training samples from offline datasets.

Reinforcement learning in offline environment focuses on how to train
11
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agents to obtain optimal policies using only offline datasets, which is
essentially offline reinforcement learning. However, the quality of
decisions in offline reinforcement learning is closely related to the quality
of the offline datasets. If the distribution of the offline dataset used for
training differs from the actual data distribution during deployment, it can
lead to distributional shift problems, causing the agent to overestimate
unknown actions with adverse consequences. If the offline dataset is of
mixed quality and ignores the safety issues arising from environmental
uncertainties, the agent may not be able to balance high rewards with
safety requirements during deployment, leading to a preference for high-
risk decisions. To address the aforementioned issues in offline
reinforcement learning, the following two methods are proposed:

(1)To solve the problem of distribution shift caused by the difference
between offline dataset distribution and actual data distribution, a double-
layer offline reinforcement learning framework (Diffusion-DA) based on
data augmentation is proposed. The core idea of Diffusion-DA is to train
the agent using datasets with different information entropies, helping the
agent to learn the original data distribution while capturing high-quality
trajectories. The agent first samples the original dataset with low entropy
stability to learn the stability policy, and then uses the high entropy
diffusion dataset for training and adjustment to enhance the robustness of

the policy. The diffusion model carries out data augmentation to generate
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diffusion dataset, which is close to the original data distribution and
increases the diversity of samples. A large number of experiments
conducted under the D4RL benchmark indicate that the algorithms' agents
under the Diffusion-DA framework perform excellently.

(2) To address the safety issues arising from the mixed quality of
offline datasets and the neglect of environmental uncertainties, a safety
policy improvement algorithm for offline reinforcement learning based
on double Q guidance (SPI) is proposed. The core idea of SPI is to use a
diffusion model to fit similar data distributions while guiding the
generation of high-reward actions that satisfy safety constraints. First, the
algorithm remaps the offline dataset to enhance cost attributes. Then, it
couples the diffusion model, action Q-value function, and safety Q-value
function to encourage the generated actions to converge to a distribution
that complies with safety constraints. Extensive experiments under the
DSRL benchmark show that SPI outperforms relevant baselines in most
tasks.

KEY WORDS: offline environment, reinforcement learning,

diffusion model, distributional shift problem, safety issues
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RN
13X ERRAR

VAR, SR I TERR I A Ve SR I B 7 TV AR T BT, SR ZE LRI
2R REAAR 1) B SRAEAH A0 i JRURG AT SR 2 PELRS SR Ak 2 31 %5 B PR CE B S thE LT T3 o
PR F PR, X AR T 0 BRI T A 21 VR R . i i n] B R R
Bi N (5 Ak 2 S BEBUIR BEAT 00T, A O A A 3B I SR mg e A AN L 2%
YA 1) EEATRE TS, $E XS R 7 . WO LR E AR N ] 1-1 o,
LT BT

(1) BEIEN PR GG SRR SR 7T . BHox B S8 £ 00 A1 15 S b e dta
G AT AN R ) 43 AT A )8, 42 H T — Pl T 0 1 i ) XU B 2R AL 2 )
HEZZ Diffusion-DA. % HEALIE AR BA I SUZ A sl o R R B PN Z
B RE AR AL S SR I [, e — e iz AR T . (R EEE USSZ i
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Figure 1-1 Framework diagram of the research idea of the dissertation
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Figure 2-1 Agent interacting with the environment
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T 0N, BREARSEM “TIEA] ", ERIRATAIRI 225, 4y ia T 1,
BRI “aiEmig”, EEAORITEAE R . (R I AT ()25 2 s
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PRAF T B8 25 1O S AT PR T (1 H A i B, G PR R 4 P B L R A
S H N RIAFFITE R .

WRES BT R B E RS G aT B LM br . RSME B/ A DR
RIEFTS, AREFREMZR 10 DL TR

P[S..,| S1=P[S, . S;,-,S,] (2-3)
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2.1.1 B S) BRI EZHIR AR
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Figure 2-2 Monte Carlo trees
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sz(s’a-)iIE‘:’;z[Gtr IS, =s,A =2]

(o (2-6)
:Eﬂl:zj/thH({LlSt :SaA :a},fora" SES

REYHME R E Y, () H T 3R IR AE I3 45 TR 2 AT I A IRAES N a8 243047 3K g
PRI 2R EE [l . RS UHE R BNK P IR AL, TR A ERA RS
V,(s) = IE’;;[Gtr | S, =]

k=0 (2-7)
=E”[Zyle+k+1|St :s}, forallsesS
B EENE K (Q MED HREMERE (V KD WHERANS
T, PTRAESI P Z AR &R
V,(s)= D #(als)Q,(s,a) (2-8)

acA

Q.(s,a)= Z p(s’,rls,a)r+V.(s)) (2-9)
FEA A RS 25, PTUER DURZ IR TR VURSZ IR TR
S [ml AR A I 8] 2 REAT R 23, R RS (B e B h 1 08 o B30 58 D el RV 22
SN AN AR A il PRI IR ¥ 3
V() =E,[R + V(1) [ S, =5]

= x(al s)(r(s,a)ﬂxz p(sl s, a)V”(S')j

acA

(2-10)

Q"(s,a) =E,[R +7Q"(S,,, Al S, =s,A =4]
=r(s,a)+y >, p(s] s,a)Z;;(a’l $)Q7(s,a)

PR AR BRI, AR e A PN B T AU A B S AR AR, AR A 2
e 2 IR R BEARSAT B E )R, 27 AR IR S AT XS AH IR ) 2 il sl

BoIRAs. Bl PL=P[S,, =] S, =s, A =a] FI FHUAEIRA S T8I E s,

(2-11)

RASHIBERE: 1M RS =E[R .| S =s, A =a] I FHIMAERE s FHATSIEa)E, %
SR

AR AL o A5 S PEARE L, AL ST R AR AL 7 o AR AL AR AR Y
SRR AR A B AT X U 58 BE RS MR AR R IS, B RE A TT DUAR
PE A A AU, RS SR XS AR Ja 40D AT REAT HERf 0 LR, SR
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Figure 2-3 Classification of reinforcement learning algorithms
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MALEA B AR, X THd, SEEARTE, FERRUR LA ] 45 1) 22 4248
[50,51]

AR A ) R R AR S IR A8 T AR S a Ak s STARABL,  (HEREE X e
a5 T 1 S AR . i 2-6 s .

ZATRAE SR TP . RE R R FAEE. R S SEAM A iRk
FoIMRE, AR .

A C Bl cost C, &M T-#i & Ha & se ik rikshiE 2 2R irE, 5%
JARAEL, FIOMIEEERAUE . AR BAR S KEEARZ MR T AE R 2 2R, K&
i I F b e e )iz NPT S B RSOAS BB 5 8 me A a1 B SE R AR S
RIEAESE, AU RENERGER, FERBIRAERR. k2, HEKk
W AN o TR FR AR IR, 7€ S Iml4l G ] DA & 3 S Bk 1) R it
JEAR o

G =C,, +yC.,+7Cyt= i;/kCHk+1 (2-12)
ko

22 4 WA 2 ST AR AL B AR & 77 =argmax B {iG{ s, = s} st AW KAE,
t=0

TERTETH L — B LRMKAME T, B H R BRI HRE . ARAE L%
AN, AR 20 f R SR % AN AR R o
221 REBUFEINLR
WL SFAT I =38, IR AR T NSRBI GG 70 AN, BRI, HEER
IR BRAWR . ERBLARFAFNS, b Rom 2 2.
Ci(7)=>.Ci(sa,5.4) <b (2-13)

MR R TR A AR PR R, BRI PR AR — B AR RE T 2 L 200
T 20 R EOR B BER ORI AE 0B I, AU 20 22 A I R . ISR O 22 4
ZURER™ M, BRI ISRl ge = ) “ H g™

Ci(r)=P (zci CREREN) RN ] 21 (2-14)
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a6 AT, BB b AR LR o 112 2 5mAk 52 2] P FH 32 BR 1 B 2K Al K%
RAITRE, A LR R R RE PN T ZEA R, X PEL A im o S A
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Figure 3-2 Framework diagram of the TD3-BC algorithm
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Table 3-1 A two-layer offline reinforcement learning framework based on data augmentation
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5. WG (3-4) A1 (3-5) AL B E I B X shVEME M4 Q” BT 5 Hr
6: end for
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14: end for
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Figure 3-4 MUJOCO visual interface
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%% 3-2 Diffusion-DA f JE2E 1 G X bb 45 1

Table 3-2 Diffusion-DA and baseline performance comparison results

Task Diffusion-DA +1QL Diffusion-DA +TD3-BC BC
halfcheetah-medium-v2 49.86 49.79 43.64
halfcheetah-medium-replay-v2 46.66 46.37 40.52
walker2d-medium-v2 88.04 87.31 80.64
walker2d-medium-replay-v2 95.18 94.58 54.41
hopper-medium-v2 76.82 75.36 69.04
hopper-medium-replay-v2 102.48 100.58 77.52
Average 76.51 75.67 60.96

%% 3-3 Diffusion-DA S IEZL M REXT ELgh R (8E%)

Table 3-3 Diffusion-DA and baseline performance comparison results(Continued)

IQL TD3-BC CQL AWAC
48.55 48.23 47.31 49.53
44.83 45.43 46.49 46.43
87.68 86.57 84.87 84.82
89.02 91.36 89.85 87.51
77.37 71.44 71.87 98.11
101.45 98.52 101.11 100.95
74.82 73.59 73.58 77.89

nZ% 3-2 Mk 3-3 fw, @A SRR LA 1QL At nAT y s 29 3R
(1] TD3-BC PizR# LTINS, FrfS Diffusion-DA +IQL A1 Diffusion-DA
+TD3-BC fER 2 L B LRI R . BARTE hopper-medium-v2 1 Average (]
PERELLE T, AWAC B4 T Diffusion-DA +IQL. {HAEHAMEIEET, AWAC 1
1445 T Diffusion-DA +1QL, E[ Diffusion-DA +IQL E A H sk iz Lt

Diffusion-DA i $& AN [F)#4) Bl IR B8 SE 0T Bk 45 7 SCRe, B0 3 9 1)
FEAR SRR S AE IR A6 O 43 AT L Gt A7 Dy AR 2R LA e wI R B Bl 2 |), 17 J5i s
B B AR BEN LR IR R R B SRS AR AL 7 I R WS, W AR AIAE A, AR
BOETE RN R B AR PERE . BC BOETEIZRIT, (7% M 540 4 i 40 A (1
MM, FFARX 3 Fi ke REUE M. %24 BC ik R AR B = IEWEE
BEAT IR, TP AMERE 2 7 Bk TD3-BC Ak BARAE BC Bk i Bt
EAT SRR T IR A SR AR i & 1QL VA1 AWAC S ik it e w240 o B o 4k
AR SIS HEAT AL, AE P B 10X 2% 204 3 UL T V200 2 0 v 4 R 2% B0 10
SRMERIETE K o CQL SLVTHINT 73 A i 7% K FH DR ST 1) S ARG M8 R BOBEAT S8, R
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171 386 13 005 B0 o B0 R A AV T 22 3 A AR B R S B 1
3.3.4 JHRL M REXTEE

JNUER] Diffusion-DA A %, X Diffusion-DA BT IR I B4
H P LEDC KM E k)2, HEDE £ msdad 82 . Mixed Nk E
random BREL, BEATLIE E 2 0T — %A AR AR ISR BUm B B BUZ 0 S
BATUISR . THALSEEG DL TD3-BC Sk N, {f AN FHESL 5 H k17240 4 DR
LA a8, (1) Diffusion-DA & RAFFETLRALAE (2) Diffusion-DA HEZERT

SEALIN RN 2 75 & 3
# 3-4 Diffusion-DA Ji4 fili Sz 6 &5 3
Table 3-4 Ablation experiment results of Diffusion-DA

Task Diffusion-DA Mixed
halfcheetah-medium-v2 49.79 48.86
halfcheetah-medium-replay-v2 46.37 46.51
walker2d-medium-v2 87.31 87.15
walker2d-medium-replay-v2 94.58 94.07
hopper-medium-v2 75.36 72.48
hopper-medium-replay-v2 100.58 97.33
Average 75.67 74.4

7 3-5 Diffusion-DA JH @2t 45 | (8:%)
Table 3-5 Ablation experiment results of Diffusion-DA(Continued)

Diffusion-DA except HEDE Diffusion-DA except LEDC LEDC + HEDE

48.23 49.43 49.3

45.43 46.22 46.48
86.57 87.28 86.22
91.36 94.25 89.88
71.44 74.36 75.16
98.52 98.33 100.27
73.59 74.98 74.55

THR SIS S5 NS 3 4 F15R 35 fra, AT Fd o) i ghAT 15 18
(1) Diffusion-DA . Diffusion-DA except HEDE A1 Diffusion-DA except
LEDC PEEERIVIED], (RBEIR I SUE A s i Bl i 5=y Diffusion-DA i
ft 7 —5E8)77; Diffusion-DA except HEDE i@ it #5 Bh L 40 & JR UG E0 V8 20 A1 S 5,
/D 7% A WS ABAXAE SR a6 B s R HEAT I SR = Hdls 2 A6, SROE Gk
B A A2 205 Diffusion-DA except LEDC 3 i X B 047 7 BOG o R
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%, CRREIE TS L N IRER . HR T TR, EIEREARZ
(RIS, T A 23 AT AR o BRVk A2 B P BB SR, eI ) BIRE A I
BHERAE. HoAh, iR, =F VR SEARER ERA —E MR,

(2) a8 ik G 405 o i SO A s s Bl 3 B2 AT IR A S e, Ok
Diffusion-DA Il 255 #4700 #r. LEDC + HEDE ¥ NG Z P s i, 1
AEN (KT Diffusion-DA. LEDC Bt ¥ B S i A7 42— E e M s i i, 3
BEVRIRVE B SR e S . /E 5482 HEDE RUIZgerh, fetbas D stkaE e
22 NP HE A, MELUS R AR Mixed i AN IR Bt F 804 4R
AT G, FEVLEE AT ST HIZRZ . EIIZRR, ERKRIATERIES
BRI, S EUEA RTS8, Q E R O ET B A RE ) 2 2
SO, B AR A B LS AR b
335 HIEBRE D

J9AIE Diffusion-DA FEUE I sRRCR, FAURE AR WS Z M =i 2 s 9 1t
JZ R T B R AT P 20 M. B halfcheetah-medium-v2 383 4461, #E4T 20 H7 .
Horb il O AR W SOZ B U, By o s R 8=, S O A g
PEBEH T

halfcheetah-medium-v2 SRR X0 17 4, ShE[EN 6 48, ik
14, RE&Z[E 2 [-inf, inf]1) floate4 ELE7S[A], ZEZALZ[-1, 1]1) float32 4k
T . B R R VAT IR RS R H A2 E, R R E XN
forward reward:wfomardx% , BJJ halfcheetah %% x iiE /1A (A7) RBhit 35451

B, Hrw,,, BUFREIRCERIAN 1, axoesfERiERmMA % %2, d A3IE
i ()R] R ER N 0.05. 4%l AR 78 SUA ctrl cost =w,,,, x || actionl? , B X Bl 4E i L 11

WA (D, Hodrw,,, 6 BRASBCEEIA N 1.

AN, LI SHOEE N KRR 256, 22t K/ 10000000, FrH0ZE 0.99.
PR L 5000, RIS TD3-BC. fix AHFIA])ZP 1000000, PRAHATZE 10, FEHL
Mk 0.
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Figure. 3-5 Comparison of action space of data used in different training layers
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Figure. 3-6 Comparison of reward space of data used in different training layers
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Figure. 3-7 Comparison of observation space of data used in different training layers
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AR, SPIAERZHUTS IR IS TAHRILLT71%, WEW] SPIFEFRTT 5Eng 22
AT TH A R .

415|5

BSLRARAL E S) R— PN SIS L, R B S e A ok 2 o) SR 1Y X,
HARAL H A5 2 345 i R A B SRR ALl 1) SR 19070 45 85 T A S i 58 B A 7E 4R
SRAE B 2 B AR B ERAE A, IR R AR 2 =) SR W 78 45 B Jn vy 58U FA
Hlo EXPEEATHER] | B Bl 7 ) 7 5 B SRR A e HAB I AU ) 2 AT
flin. )t HedE R e U3 FE R RIS RN AR U6, SR,
FEASE B8 2 Bt B EAT HENE 2 ST, i i d R A S B R ARl I 2 1) B A R Ak
TV B RAE R P AR H BRI R R E L LR B, 1EFHUES
H, HLEON 13RS SHRFERI (A SRR ORI = 2 5, ANt AT AT BB ASY)
KT AT RREZN VR, T2 /R REFFRT . GRS 7 SEBR i i, 23
N BN 22 A T 3 S S A R R A

AR B S e — MR TT R, B LR LN B2l
WAL BAR . IR AR SR AT RS A, R Edoriu s ST L
T ORAE DAk SN N RIS =5 JE 2 A 22 4 Jg e . JRTTD, IR A F 0 Bl 4R T e
Sk H 2 BAAE HARMES AT J 5 ug 0, AT A I8 B U AR A DR BT i R
(¥ = 22 B BN AR RE 8 i 2 22 A 2 . BT LA 32 A v £ QAT £E 39 2 22 4 20 R 1Y)
THI TR B RAENE . R, A LR RA —gRmRE. (1) —MT%kRE

41



S MW N e VAT

Bz X} S A B it n £ AR i dn, FEINA B R Bk A o) S 5N A A
Hae%, i s A 2R AIAT NI AE ST o 30K iR R 1 20 SR B /b Il R A oA
TELIARACA L, [N AN i A2 20 R RG-S EXRT EAT 1R T . (EAEAL B M 4R
AR, A% B H IR B R S ISR R Rl (2) 53— ROk Ak
2 TN E R, A3 22 A PR PP AL SE AN R s B985 IUR 2 E R TR,
FENLE WL N IR, XA BT i s . SR, Sk R B UM 3R
WS R B R ST AR IE o 3o B2 R~ B R Bt ) SRS 2 i o AU A HL vy [ 41
BRSNS o

-\
!
|
ELAIEMB |
0000- | :
|
| |
i , \ i
| | 9
| 3 @)
'\ 1 00 -00-@ @0 s, ;| jrommmm | o
(s : P T g :
; s . R | '
L) 7 _ %5
/

K 4-1 SPI HEZE
Figure 4-1 The framework of SPI
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Figure 4-3 Network architecture used for diffusion
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Table 4-1 Offline reinforcement learning safe policy improvement algorithm based on double-Q

guidance

Hik 1 ETXQ 5 KB LI R RMITREE

TE: RN D, BARBIRES, B8, 1.6
VIsGAL: R e | SIEMEMS Q) , A ML QF

1. for &XIEAR do:

2 # AR AE GO

3 WG (4-2) ANEHEE B T EMREYT BEUEE B
4: # G AR

5. BANLRRE (5,851 %,G) ~ B
6 A (4-8) A AEFHEGE A B (S, 8,5, 1) VI Q)

7 R4 (4-3) 2R (4-9) Al %R A B (S,,8,,S,.4,C) IR QF
8 AR 4-7) KR (s, a) Uike,

9: TR e, SIEMEMZS Q), A MMEMZE QF

10: R4l (4-4) AJIZD,

11: Bt D,

12: # A TR HE L

13: RPE (4-10) AFLH 22 4= 5w
14. end for

Gt Z AR ST R 22 2 AT IR, SPI H AT N 2 4R AR MR ).
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Figure 4-4. Experimental environments and agents
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Table 4-2 SPI1 and baseline performance comparison results

Ours CP
Task rewardt costl rewardt Qcostl
OfflineBallCircle-v0 0.95 5.65 0.66 0.00
OfflineCarCircle-v0 0.71 0.19 0.70 0.00
OfflineCarRun-v0 0.97 0.00 0.93 0.00
OfflineDroneCircle-v0 0.64 6.16 -0.26 0.00
OfflineAntVelocityGymnasium-v1 0.98 0.57 -1.01 0.08
OfflineHalfCheetahVelocityGymnasium-v1 0.97 0.00 -0.22 0.00
OfflineHopperVelocityGymnasium-v1 0.89 4.86 0.03 0.00
OfflineWalker2d\elocityGymnasium-v1 0.79 0.01 0.01 0.00
Average 0.86 2.18 0.11 0.01
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Table 4-3 SPI1 and baseline performance comparison results(Continued)

COptiDICE BEARL BCQL BC
rewardt cost! reward1t cost! rewardt cost!d rewardt cost!
0.69 3.87 0.64 2.64 0.72 2.46 0.63 2.57
0.42 2.37 0.66 0.34 0.56 1.22 0.40 3.94
0.95 0.00 0.42 0.00 0.96 0.00 0.96 0.00
0.27 1.74 -0.26 0.00 0.48 0.35 0.60 4.90
0.97 2.73 -0.51 0.00 0.99 3.85 0.99 6.30
0.69 0.00 -0.27 0.12 0.96 9.89 0.93 1.93
0.40 1.22 0.17 9.44 0.83 9.37 0.70 3.37
0.13 2.43 0.79 0.00 0.80 0.00 0.77 0.02
0.57 1.80 0.21 1.57 0.79 3.39 0.75 2.88
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Figure 4-5. The average reward of each algorithm in the compare experiment
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Figure 4-6. The average cost of each algorithm in the compare experiment
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Table 4-4 Ablation experiment results of SPI

SPI SPI except Q°  SPI except Q"
Task reward cost reward cost reward cost
1 ! 1 ! ) !

OfflineBallCircle-v0 0.95 5.65 0.94 5.88 0.04 0.00
OfflineCarCircle-v0 0.71 0.19 0.93 9.08 -0.01 0.00
OfflineCarRun-v0 0.97 0.00 0.96 0.18 0.95 0.00
OfflineDroneCircle-v0 0.64 6.16 0.56 8.22 -0.26 2.89
OfflineAntVelocityGymnasium-v1 0.98 0.57 1.04 1970 -1.01  0.00

Offl|neHalfCheetah\Xel00|tyGymna5|um- 0.97 0.00 101 599 011 0.00

OfflineHopperVelocityGymnasium-v1 0.89 4.86 0.17 8.26 0.06 0.00
OfflineWalker2dVelocityGymnasium-v1 0.79 0.01 0.17 6.10 -0.01  0.00
Average 0.86 2.18 0.72 7.55 -0.04 0.36
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Figure 4-7 The average reward of each combination in the ablation experiment
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Figure 4-8 The average cost of each combination in the ablation experiment
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Figure 4-9. Average reward of SPI under random parameters
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