A2 % 43 T (= Hl ¥ 1 Vol. 42 No. 3
2019 4 3 H CHINESE JOURNAL OF COMPUTERS Mar. 2019

— M 2R AR B 5 5 #0256 [O] A% 0 32 7Y
ENE B R TEsitFs=EE

1.2).3).4) ) 1).3).5) N 3).4).6) > D.2) B D
# 9 P =R RFEET OERKE
VORI R AR S HOR 2 BT L0 SR 215006)
DO AT AR BT S LR 5 TR AT TR W 2155000
DOEMKEF S A SR T RAFTMEALRE  KF  130012)
D OFMNBHE R AT U B R E SRR E TLOR SR 215006)
D AR ARG P A B A L FERC 210000)
OGP R T SHEATREBE L4 B 215006)

W FE AT AIE (Actor Critic, B AR AC) Bk IE IR AL 2 2] B LS ME G — R H B HOR I i 45 4
27 SR W BT SR W 1) T B R A AR T BORE AR (R O TR R ) R T T AR 2 5 0 5 56 [ B 11
IEMAE B 8% AC 4 #: (Regularized Natural AC with Model Learning and Experience Replay, faj #f RNAC-ML-ER).
RNAC-ML-ER ¥ Agent 5FRBETELAS H 7™ Az M FEAS T T2 21 5 48 3l 245 14 X 07 14 £k 4 468 Y 1S3 5 28 36 0] e A7k
i N 2 VAR B 7 AR A DU A TR 22 36 ] TS A s A AR AS 1 Dy ZE LR A R b S, S R o L I A o R O
WS 1) B BT SRy T R T A AR AE B B[R] 2D AN R TR g T R 2 R o M B A R R A T AT R (D e
HRAR TD-error MR 2 /NI X 28 56 [0 50 A7 i 4% rb B AR AS SEAT [0, S 1 R AV SRE B 2 Al o 109 07 22, 51 AR 34 R
B S B0 o o P A R BT 2R M T AL PR R B0 B BB A ¢, - Y BGHEAT TE DN Ak L 038 o O ek B0 B
7R X SR Wb TR L DL B UL B ol BRI B 4 WSS TR S 1 P A BB RS W A 4R L S A 38 A3 TR T T R
i RNAC-ML-ER Ry esitt. 76 4 A58 4k 2% 2 1 28 i a) S8 R0SP A4 /N2 10l 80 S7 4B A R R AL 3 A X RNAC-
ML-ER S35 $E A7 5256 » 5 3R 32 W i . 550 0k B 78 MR 482 oy % AR 2803 A 27 ~J o 56 1 [m) AR 4 28 o 9 S8

RTINS B A o) 5 22 50 1D B U0 W 5 IE AL s B AR BRI
HEESES TPIS DOI S 10.11897/SP.]J. 1016. 2019. 00532

A Regularized Natural AC Algorithm with the Acceleration of
Model Learning and Experience Replay

ZHONG Shan”'®?#*  LIU Quan”®® FU Qi-Ming”*"® GONG Sheng-Rong”® DONG Hu-Sheng"”

D (School of Computer Science and Technology , Soochow University , Suzhou, Jiangsu 215006)
D (School of Computer Science and Engineering , Changshu Institute of Technology . Changshu, Jiangsu 215500)
3 (Key Laboratory of Symbolic Computation and Knowledge Engineering of Ministry of Education, Jilin University , Changchun 130012)
Y (Jiangsu Province Key Laboratory of Intelligent Building Energy Ef ficiency, Suzhou University of
Science and Technology . Suzhou, Jiangsu 215006)
» (Collaborative Innovation Center of Novel Software Technology and Industrialization, Nanjing 210000)
) (College o f Electronic & Information Engineering s Suzhou University of Science and Technology s Suzhou, Jiangsu 215006)

Abstract  Actor Critic (AC) algorithm serves as an important method for solving problems with

continuous action space in reinforcement learning (RL),where the actor corresponds the policy
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and the critic refers to the value function. However, this separate representation structure of the
policy results in that enormous samples are required to achieve the convergence for policy. To
address this problem, a regularized natural AC algorithm with model learning and experience
replay, called RNAC-ML-ER, is proposed, where the value function, the advantageous function
and the policy are updated in on-line learning, planning and experience replaying so that the optimal
policy can be found as soon as possible. The linear model with respect to the system dynamics is
learned and the memory of experience replay is filled in on-line learning, via the samples collected
from the interaction between Agent and environment. After the linear model is learned, it can be
used to generate amount of simulated samples. The actual samples generated during learning, the
samples stored in the memory as well as the simulated samples corporate together so as to update
the value function, the advantageous function and the policy further. In order to improve the updating
efficiency, the prediction error the model is computed at each time step, but it is used for planning
only when the prediction error does not exceed the threshold. Furthermore, the samples in the
memory are replayed according to their TD-errors. To reduce the variance of the estimated
gradient and accelerate the convergence of the policy, two tricks are employed here. One is that
the advantageous function is also linearly approximated, where the ¢,-regularization as the
smooth method is introduced to the goal function of optimizing process, and the other is that the
policy gradient is update by using the learned parameters of the advantageous function. Theoretically,
RNAC-ML-ER is analyzed from two aspects such as the time and space complexities analysis and
the convergence analysis. The time and the space complexities are O(SW(TE+TY+1)d) and
OM), where S, W, T, T™, d and M represent the number of episodes, the maximal steps in
every episode, the updating times of the samples in the memory, the planning times, the dimension
of the parameters and the capacity of the memory, respectively. The convergence of RNAC-ML-ER
is analyzed by proving three theorems under the predefined two assumptions. RNAC-ML-ER is
implemented on four typical benchmarks such as the pole balancing problem, the mountain car
problem, the inverted pendulum problem and the acrobat problem. RNAC-ML-ER is not only
compared in performance with the discrete and continuous methods, but also compared with the
non-linear deep network models. The performance mainly concerns in the convergence rate, the
sample efficiency and the stability. The experimental results show that RNAC-ML-ER has
the best performance compared the other methods nearly in all operated experiments. It also
demonstrates that the application of the model outperforms the method without using model in
sample efficiency. Therefore, one of the next work will be that introducing the linear model to

the deep-network-based approximation to speed the learning of the value function and the policy.
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Background

Reinforcement learning aims at finding an optimal policy.,
mapping from states to actions, via maximizing the cumulative
numerical rewards. As a class of important model-free
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algorithm and its variants have weakness in the efficient use
of samples. This paper proposes a novel method, called
RNAC-ML-ER, to improve AC using real samples, simulated
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