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Reinforcement Learning Algorithm Based on Belief Projection and
Maximum Entropy

DU Zhibin, YU Xuebing
(School of Artificial Intelligence , South China Normal University , Foshan 528225, China )

Abstract: In traditional reinforcement learning environments, the information of the next state and the reward of the current state depend only
on the previous state and the actions of the agent. However, in many environments, the information of the next state depends not only on the
current state and actions, but also on the state and actions of a period of time ago. This delayed feedback characteristic makes it difficult to
train traditional reinforcement learning algorithms. This article proposes a reinforcement learning algorithm that combines belief projection and
maximum entropy. The belief projection module is used to handle the state information and reward problems faced by the algorithm in environ-
ments with delayed feedback, enabling agents to effectively train in environments with delayed feedback characteristics. By applying the prin-
ciple of maximum entropy, intelligent agents are able to conduct more extensive searches and acquire exploration capabilities to ensure that
they can search for more optimal strategies in complex environments and avoid falling into local optima. The experimental tests were conducted
in several environments with delayed feedback in OpenAl Gym, and the results showed that compared to traditional reinforcement learning al-
gorithms, algorithm has significantly improved exploration ability and performance in delayed feedback environments.

Key Words: deep reinforcement learning; Markov decision process; delayed feedback; twin delayed deep deterministic policy gradient algo-

rithm; maximum entropy reinforcement learning; belief projection
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Table 1 Specific parameters of the experimental environment
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HalfCheetah-v3 17 6
Humanoid-v2 376 17
InvertedDoublePendulum-v2 11 1
Reacher-v2 11 2
Swimmer-v3 8 2
Walker2d—v3 17 6

A AR W 28 AR 2 F PyTorch HEZL N A9 2, - 7E B A
RTX 3060 Ti [ i 55 #% 58 SE 56 o 5L 56 v fr FH Y B AR
PEAREE UL 2 s AR B IR 3 T o

Table 2 The hardware environment of the experiment
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F3 ZWEREIRE

A it B
BiERS Ubuntu 18.04.6 LTS
FEZR PyTorch 1.12.1

3.2 MEREXTEE

T B BPME $5 3 8 SiE 3R Sz (53 90358 v B A b A
OpenAl Gym A9 6 1~ H A3 %38 52 5 B9 MuJoCo 1T 55 #3555 h
JESLE, 56 BPME 5 R 3 48 55 9% ——TD3 1 SD3 ( Soft-
max Deep Double Deterministic Policy Gradients ) 3357 T
PEREXT LE 2, SCI60 45 KW, BPME 76 5T A {155 ¥y =
R E TR T

3 /R T BPME TD3 1 SD3 7 6 A~ H A7 4838 S B 1

MuJoCo fT: 55 PR 455 v (1 Il e il £k, L v JE 3R S 5 g [R] 254
d =6, "LLEW, T, BPME £ K 25T 5
FIF LT TD3 Al SD3, o HIE eI 241 30] , BPME RE %
TP b AR B AT 55 TP A DG R SR M sBE R T B A R R AL L B
UE T BPME 7] LA R0 Ak BB 3 3R S 45 AT 45 . 9,
1 HalfCheetah—v3 1T 55 ", BPME 7 VIl 25 47 3 B 3¢ 2 i 0
W TERE L, A B = T TD3 MISD3. JE i,
1E Swimmer—v3 1T 455 1, BPME (191543 i £ 1A 24y T TD3 I
SD3 Z I+, F B AL AT 55 P i 2% B8 1 3R s 1 £k g
T

T4 R T YIABE P IR S it R 2K d = 6 B,
BPME ,TD3 F1SD3 3 F 553 78 6 AT 55 H 4k 45 1) B i 4 4k
R HFRE R o ARSGHE—5 R T B R AEASFT 55
ZMERE. WTLUR 7T 155 T, BPME B =45 533
B T TD3 F1SD3, J# 51 52 #E HalfCheetah—v3 Fl Humanoid—v2
1E45 H, BPME 915536 43 51 HE TD3 &5 4 3 870.7 #1219.2,
L SD3 =5t 3 870.6 F11232.7, X —&5 5B, BPME 7 4b B
FESR R AT 45 i A TR A ER R AE 1 At RE
3.3 HEhscIe

16 2B R S it BR8E H , BPME 85341 Fb TD3 fc B 8 10 45
FURESIA T R TE SRS DAL 2 E AT
FEIR BB A . AN A AE 3R S 5 s A 2P K (d)
T BETOIRAS I 28 b R 8] i R g o A SR AR
SCAE HalfChetah—v3 FR35 th 47 1 HAT AN [A] ZE 38 Ji 15t i) (1]
AL, H AT T AN RS R R  e [) 25 R R
REAYRE M o 322207 P02 ¢ [81 5 BPME B33 b 19 d5 R0
e AU AT SR R A ) 2E R S, T ad U Gt AR
S 15 Fe Hobp fE 22 AT VEAL . @ik 40 LLE
BPME A4V BE Fifi 25 S [ () 3R S A5 st ] 25 i AR Ak . SR



48 AR 2026 4
HalfCheetah-v3 Humanoid-v2 InvertedDoublePendulum-v2
4000 700 140
3000 600 120
500
2000 400
1000 300
0 200
100
0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000
o Reacher-v2 Swimmer-v3 Walker2d-v3
-10 i 40 350{ —*— BPME(Ours)
3001 —— SD3
-20 20 250{ —¢— TD3
-30 560 ot
0
i
-20
-50 50
60 —iD 0 A ks
0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000

Table 4 Score data for BPME, TD3,and SD3 in 6 delayed feedback

Fig.3 Performance comparison of BPME,TD3,and SD3
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