HA3E 10 T (= Hl ¥ Eid Vol. 43 No. 10
2020 4F 10 A CHINESE JOURNAL OF COMPUTERS Oct. 2020

4

TERAMEENITIHEITRRE

% £ jﬁ; D j‘lj /—i\l).Z)VS).hl) ﬁﬂ %j % D
VORI R AR S EOR 2B L9 S50 215006)
P ORMIATLIR A TG BAL BB R 5L 00 VL5 590 215006)
DOEEMREF GRS MR TREAFTHEALEE K& 130012)
D ORIEFHEAR SR E B s R 210000)

B OFE TS E IR RAE D SRR L R R IR I R B v A 3l 5w G B AL DL AR UE R R SR Y
BEBLEE Agent RERS 3 JT BT A S AF  FJ 238 18 (E pR K0 AR A0 i 1 32 i 3803k ) Wig S50 52 45 i . BT 0T 08 s B 2 o ot
R0 T JU 05 A £ A1 A TR0 AL, $i2 5 K09 48 1E (Maximum-Entropy Correction, MEC) 53k, %55 1% A P A~ 45 5 -
(L) ) J R 75 16D BRI 55015 508 W R 800 3 — IR 285 30 415 80 B B0 AO) A 3+ )3 PR 25 3 495 10 PR R 6 250 52 (B o K500 2 A
(2) ¥ DUIR 2 R O J5 5 00 3 IR 25 S0 A B R 0 2 6 1 o MIEC B30k 1) b 6 50 S5 {6 FH B 19 L A 6 50 MEC 55
T BT L g gl i P S5 O TE DU 00 R (i PEBE R B S ANER . O T IR SRR O AR R SRR O B SR R A B 1k
VAR AR HAT 30 5 W8 KB Atari 2600 7 3%-F 5 2547 UL SE 0. SC g 45 R R W1 MEC 76 ek 1 BE 0 ) i 42 5 1
L IR E T

KR AT IR AT B VIR A R R A
hEESES TPIS DOI 2 10.11897/SP. J.1016. 2020. 01897

Actor-Critic Algorithm with Maximum-Entropy Correction

JIANG Yu-Bin” LIU Quan"®?*  HU Zhi-Hui"

D (School of Computer Science and Technology s Soochow University , Suzhou, Jiangsu 215006)
2 (Provincial Key Laboratory for Computer Information Processing Technology, Soochow University, Suzhou, Jiangsu 215006)
2 Y 8 8y 2 8
D (Key Laboratory of Symbolic Computation and Knowledge Engineering of Ministry of Education , Jilin University , Changchun 130012)

Y (Collaborative Innovation Center of Nowvel Software Technology and Industrialization, Nanjing 210000)

Abstract  In recent years, Deep Reinforcement Learning (DRL) combines deep learning with
reinforcement learning, and has become one of the research hotspots in the field of artificial
intelligence. Deep learning combines intensive learning with amazing results in robot control,
Atari 2600 games and more. The first algorithm that combines reinforcement learning with deep
learning is TD-Gammon, which surpasses professional chess players in the problem of backgammon.
Then there is a series of algorithms from Deep Q-Network (DQN), which has achieved extraordinary
performance in Atari 2600 games. But limited by the value function method, DQN cannot be
applied to continuous motion tasks. Therefore, the Actor-Critic (AC) algorithm is widely used in
DRL because of its excellent scalability. It consists of two parts: the actor and the critic. Usually,
the critic uses value function methods to evaluate the action, and the actor uses policy gradient

methods for the action generation. This means that the AC method can be applied to continuous

Wk H 4. 2018-11-28 s fE L & A H T - 2019-11-04. A PRSIG B] [F 5 1 AR B4 £ 4 T H (61772355.61702055, 61472262, 61502323,61502329) .
VLIRS 2 B AR R 9% T K H (18KJA520011. 17KJA520004) . MR M S H B 5MiIl THRATHES LR E R A
(93K172014K04,93K172017K18) M 7 1 FBLRIAIF 7% 1R Tl 384> (SYG201422) VL 950 s A e #ep B i TR W Wi B % 0. 2= E 3
W oE A, WG 10 A2 T R L2 . E-mail: 562058113@qq. com. X £ GRE/EH) 16+, 8 W H4 S0, pE
TR AL 2 (CCP) M & By, R GO A8 5 B AL B . A s B AIHLEE % . E-mail: quanliu@suda. edu. cn. #3% &, @ L 055 4
T T T 0 iR A S IR R AL



1898

Y,
&

it B il

motion and discrete motion tasks. Researchers have proposed many AC algorithms, such as
Asynchronous Advantage Actor-Critic (A3C) using asynchronous updates, Advantage Actor-Critic
(A2C) using multi-agent updates, and Proximal Policy Optimization (PPO) with guaranteed policy
improvement. One of the core challenges in reinforcement learning (RL) is how to balance the
exploration and exploitation. In order to ensure a high return, the algorithm needs to find those
actions that expect high returns in the experience explored in the past. The Immediate rewards
for certain actions are high but their expected return is low., and the Agent needs to explore all
untraversed actions to prevent the policy from entering local optimum. In other words, the Agent
must use the previous experience to obtain higher expectations, and on the other hand must
explore to find better action options. In the policy gradient, the maximum entropy regularity term
is usually used to increase the randomness of the policy to ensure exploration. The randomness of
the policy enables the Agent to traverse all the actions but it will cause the underestimation of the
value function and affect the convergence speed and stability of the algorithm. In order to solve
the underestimation problem caused by the maximum entropy regular term in the policy gradient,
the Maximum-Entropy Correction (MEC) algorithm is proposed. The algorithm has two characteristics:
(1) constructing a state action value function estimation using state value function and policy
function, the constructed state action value function satisfies the distribution of the real value
function; (2) The Berman optimal equation is combined with the constructed state action value
function as the objective function of the MEC algorithm. The performance degradation and instability
caused delete u the maximum entropy regular term can be solved by using the new objective function
MEC algorithm. In order to verify the effectiveness of the algorithm, the algorithm was compared
with PPO and A2C on the seven Atari 2600 games: BeamRide, Breakout, Enduro, Pong, Qbert,
Seaquest and Spacelnvaders. Experimental results show that MEC improves the stability of the
algorithm while improving performance.

Keywords reinforcement learning; deep learning; actor-critic algorithm; maximum entropy; policy
gradient
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the Maximum-Entropy Correction (MEC) algorithm is proposed.
The state action function and the objective function of MEC
are constructed by the existing state value function and the
strategy function. Experimental results show that MEC
performs better than A2C and PPO and is more stable on
seven Atari 2600 tasks.
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