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Offline Reinforcement Learning Based on Prioritized Sampling Model

GU Yang'! CHENG Yu-Hu' WANG Xue-Song'

Abstract Offline reinforcement learning algorithms realize the approximation of learned policy to behavior policy
by reducing the distribution shift, but the data distribution of offline experience buffer often directly affects the
quality of learned policy. In this paper, two offline prioritized sampling models including temporal difference error-
based and martingale-based are proposed to improve the training effect of reinforcement learning agent. The tem-
poral difference error-based sampling model enables agents to learn more experience data with inaccurate value es-
timation, thus deals with possible out-of-distribution states by estimating more accurate value functions. The mar-
tingale-based sampling model enables agents to learn more positive samples beneficial to policy optimization and re-
duces the impact of negative samples on value function iteration. Furthermore, the proposed offline prioritized
sampling models are combined with the batch-constrained deep Q-learning (BCQ) respectively, to propose tempor-
al difference error-based prioritized BCQ and martingale-based prioritized BCQ. Experimental results on D4RL and
Torcs datasets show that the proposed two offline prioritized sampling models can be targeted to select the experi-
ence data that are conducive to value function estimation or policy optimization, so as to obtain higher rewards.
Key words Offline reinforcement learning, prioritized sampling model, temporal difference error, martingale, batch-
constrained deep Q-learning (BCQ)
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POQ(s) = argmax Qg (s, a; + &4 (s, ai, ®))
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(a) Schematic diagram of the environment

(b) HAAE R
(b) Heatmap of the optimal value function
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Fig.1 Experimental diagram of grid-world
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(a) ZRALIK 1
(a) Training batch 1

(b) MZALX 2
(b) Training batch 2

2 HERECEHAE

Fig.2 Heatmap of value function updating
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KA. WIS 7 N RE-BERT (s, a) BERAFER
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HEIL 1. IR E RN, AR S
15320 1 SRS A ME 2R AN B Lo 20 5 vh 1) S P SR S

MERR. BRI 50 F, K0 R A 1]
N Rs (s, a), WG B F 5 gt 1115 2 1)~ 1E A

Rp (s, a). FNRE-FEXS (s, a) PRFEHIMEZ N

PE (s, a, B, 7). WAEFHFPIRES s 7, FFERDNAF T

REBNEXT (s, am) T (s, an) WE Rp (s, am) >

Ri(s, an), I B AWM ZE RE (s, am) ITTER]HE

BT (s, an) B, B, NZEEIM Q HRECN:
Qs (s, a) =E[Rp (s, a)] =

PZ (s, a, B, ) Rg (s, a) (9)
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BZEE[V (') |s] = V (s) IEAHZR.

MERR. WAESE & DNIEAE, 8 R B R 2
N AV, = Vigr (8) — Vi (s), 8 SRS R T
HArE, WA

AV =71(s) +vE[Vi (s') |s] — Vi (s)  (10)

AT ) RSN RO [l (s) 2 — 83, H
v KT 0, BHIHAE:
AVy o E[Vi (s) [s] = Vi (s) (11)

WER AV, AR, W50 BA 24 1 PR A T TR A
THAE (s, a, r, "), PRAEF T XAEHE 7] LLLE R
AR BRACI 7 ), FE ] 78 bl b 5 v )
FOAERE 1) AV, AH45 8> HE0K 1) & — AN B 1) 7 1)
KIE. R, WR AV, AR/, W3R (s, a, 1, §)
FE I R B AT R B R R S B 2 B B Bk
AR /NERYERF JFAE, AR TSR B R4k O

WL 2 RLEE R B A FE T, B 255
F 2] EV(s)]s] — V(s) BEE & A (s, a, 7, 8),
I PR HOE I IR R R AR 2. 8 SE PRl ZRid
T, ST IGINA MY T2 B[V (s) |s]A V (s)
2 LRSI, WAL =5 R A — Pl AL Ay i (s o 55 7
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Sof 2, ) T2 58 KAk O R 3 T L R A 9 1) b B SRR A
i =BV ()] - Vi (s) = ) P
1 3) B Q EHMSEEI Ay PN % S5
GV ()] =7 (s @) (14) A,
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He, p=1/1—~) AKTFTo./PMT1HFEH, &
LW E AN AN G FEE L EgV (s)]/8—
7 (s, a) FIR/NIEFA G, 8 bR B0 T A7 78 1R 2T
Es[V (s)]/8 — 7 (s, a) FMESIR/N, B ARESR
AR, MECADX 4y, W] RAIE— 204 S

u=Eg[V(s)] —7r(s,a)xa (15)
Rl HER 3 BROT. O

ZE PR BT ) SRR AR A AT B T A
SR TE B v BERAFEHIRE R
—0, Uy, =0

p(v) = {uv, ol

Hrb, o AR E I R E, T8 o FEAS 1R
BER5E4 0.

4 ETB&MERFREN BCQ

W4 FE T I P 22 1 22 I SRR R 2 B %
FER A 53 5] 5 BCQ FHEE &, 15 2 Fh Bs £k b 2
31777 TD-PBCQ Al M-PBCQ. NEARJ5{H, &
%1 451 BCQ MDA,

®i%1.BCQ
BN, REERLIRKDN m, ERRUIZRIRE T, BS54
™, By, RAMESH 0, HARETIHSE N, REIIED
Hon, BAZRBHB.
PIER AT H =0, Ag=0,A4 =0, pr =1,
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%% ¢4, VAE M2 VAB, = {Euy, Duy}, BFEME Qg
Quy ~ Corn BHTH 0, 01, 0, 02, & 6.
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MG Tt B FENLRAFE m A
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(16)

T Q EMBSHIHETIE Ay

0; < 7(0+n-Dg)+ (1 —7)0]|i=1,2, Dg =0
TN S HOHETIE A,
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end for
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¥ BCQ ARG IR 1), 2). 3) BN
%2 R ER, BiRT{32] TD-PBCQ It 1RAD.

&% 2. TD-PBCQ

1) WEEEERBERE: w; = (& 55w )
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KIS py |6, + o

3) BB Q % ZEUEM Ap RIIENNE BEEM Ay
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