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An Effective Action Representation basedPolicy Search Reinforcement

Learning Method

WANG Xinxue, HUANG lJiaxin, 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
reinforcement 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 learning method TAR-PPO (task advance action representation learning based PPO) based on
effective action representation.Using B -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 show that our method can 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 validated through ablation experiments.

Key words: latent space;action representation ; continuous action space ; reward prediction; effective action representation

extractor; policy search reinforcement learning method
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Fig. 1 Basic framework of reinforcement learning
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Fig. 3 Structure diagram of effective action representation learning model in reinforcement learning
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Fig. 4 MountainCar_ VO Task Diagram
MountainCar_VO {F:55 (1355 fH P A 32 ZL2H i
SRR R L — B AN RN FAESS
H bR e T8 S mE 2 ), {15/ N R RE S 345 05 11
3771, I EIIET Z A5 L3 - B ARALE
MountainCar_VO FPRA (] S J&—> Z4Ed 4
), HANELE LA E x e[-1.2,0.5] Flid
x € [-0.07,0.07] ¥k, NERIZ fisbT X =0.45 4L,
HEASE A W — A —4EES S EAS |, SRR
WA FEITEL-1, 11208, 3L T-[-1,0) 2 AR R4
NN R A B 77, A TF[0,1]2 TR 45 7N 26 it i 1]
FHITT
—(a) *0.1+100, x,,>0.45

SR { —(at)Z*O.l, otherwise ©)

KhemFn=X (9) Frx, XPEEEN 7N

J@ L PRI ME B o n SR /N 2 A A AN ) A TR b 1 3 2%

R A BREAR L2 1R DA S5 A SR R IR FF NS,
Xk /N B B2 v Re .

£ MountainCar_VO0 {15591, SCEGHF 2 H 7E

THUEfE A B-VAE BB S ahER R G, Gl

ARMELEE R

[ i I A TR A 3% () A R B LR B E AR AL
Jii S BB AR SRS 2 ) R 2
32 REE¥S
321 ZBRKE

1E MountainCar V0 P35 HH A FH A SC B ) 2 T
A BNE R R 1) RS 2R 5 Ak 5 ) 7 VAT S
o ARATX LR BRI VL (1) VAE-PPO: JRlH
VAE % ) sERm 715, 3T PPO Tkl T3
g 25091, (2) TAR-PPO: fEA TR HIE JEE
FoRZ AR L, R PPO Skt 47 Seng 2
1o

T IESEARITTE, B a2 R WA 2 R
GRS, RIPRERR. HE, HREERRHE
BN, ZAASR A T PPO k. PPO 23
g S E R EOE A FE s Mg g5k, Hi—14
5 32 MA TTIN A TE R G Z 4 . AR (Bl 71
ALYV e AT 55, SRR ALY 22 115 2 (W 30 1E
FKoniB A BEAMER R IE AT — DR, 58
7 AR5 BE AR IR G INER NP IR-E. &
X —B U, [HR T & s E s fE £ R .
%, FIH B -VAE HARFER A RSER RS K
SEBRENE, FEAEUT v SRS P FIE R 5 B R SE R
W& )25 > o SIS FEANUAREL T X s R oR % 2 Ji ik
FIBIET N, R T B RS 4k sh/E R o LA T
R SR 2 ) BE JT ] BE 1 o AL R B AR S M e 5
Fim o

5 TAR-PPO J5 EMEIAMILRLEHY
Fig. 5 The overall network structure of TAR-PPO method
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P fig
Horizon (T) 256

Learning rate (Adam) 4e-4
Num. epochs 10
Minibatch size 128
Num. parallel environments 32
Discount (y) 0.99
GAE parameter (4) 0.95
Clipping parameter ? 0.2
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