FEHERE SR Vol. 40 No. 5

Journal of Tianjin University of Science and Technology Oct. 2025

40 HsH
2025 4£ 10 H

DOI:10.13364/j.issn.1672-6510.20240002
MK E A B 2024-09-30; MK A http:/link.cnki.net/urlid/12.1355.N.20240930.1252.005

ETANIMERTHRBERTBUFITTIE

TRE, Wk, &EE, KRk, £ 48
(RHRME R N TR RE2:BE, KHE 300457)

W OE: AR RBAFIZERRERAFE T ARG M EHAETEN, AR EME R IGERAHMK 2L
BAZOFM A TEIRE—ETRELEBRERPE BEAGETFEIZENHEELATLERXRERAR ALY
158, B Z TR, Fvf R GG B A2 AL AR ) o KSR B T — AP R T A S AE R 09 Rk R iR 1L 5 3T 7 ik TAR-
PPO (task-relevant action representation learning based PPO) . 1% | B-VAE 4k 4 5 3] sh4E A w e 404 , I N = aR Fm AL A
WA BNEETIRIRE I %, B A XA TRIRERRE| 52540 % 00 EmAf B HEE 8, BT 1E
F T T R I S AR A GG A Ao 1A A o 2 MountainCar-v0 ER35 P 64 xhpb 2045 R £ B K U sk A 45 A
KEESMAGHIERE, AR THET @GR —FRE R T REF TR &G, B R RRiET AL %

) B F
KA. eSS E,; EFROR; ELLEEASE]; BEREN; AREER R, R R ibae > hk
hE452ES . TP391 XHERFRER: A XERS: 1672-6510(2025) 05-0057-09

Strategy Search Reinforcement Learning Method Based on
Effective Action Representation

WANG Xinxue, HUANG Jiaxin, ZHAO Tingting, CHEN Yarui, WANG Yuan
(College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China)

Abstract: The strategy search reinforcement learning method is an efficient learning paradigm in the field of deep re-
inforcement learning, but it has problems such as complex model structure, long training cycle, and poor generalization ability.
Representation learning can alleviate the above problems to a certain extent, but traditional representation learning methods
contain a large amount of redundant or irrelevant information in their action representations, lacking interpretability, which
affects the performance and generalization ability of the system. This article proposes a strategy search reinforcement learn-
ing method , namely task-relevant action representation learning based PPO (TAR-PPO) based on effective action representa-
tion. In this method, with the use of f-VAE as a component for learning action representation, a reward prediction model is
introduced to assist in the training of effective action representation extractors, helping them extract more effective action
information related to the task, enhancing the interpretability of action representation, and improving the performance and
generalization ability of the model. Through comparative experiments in MountainCar-v0 environment, the results showed
that our method could effectively capture task related action information, which is conducive to further exploration of action
space and improves the learning performance of the strategy. Finally,the significant advantages of our method were va-
lidated through ablation experiments.
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Fig. 1 Basic framework of reinforcement learning
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Horizon (T) 256
Learning rate (Adam) 4x10*
Num. epochs 10
Minibatch size 128
Num. parallel environments 32
Discount () 0.99
GAE parameter (1) 0.95
Clipping parameter ? 0.2
VF coeff. c; 0.5
Entropy coeff. ¢, 0.01
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