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Enhance exploration with self-generated expert samples
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Abstract: In order to further improve the exploration ability of the deep reinforcement learning algorithm in the con-
tinuous action environment, so as to obtain a higher level of reward value, an algorithm named enhance exploration with
self-generated expert samples is proposed. First of all, to satisfy the self-generated expert samples mechanism and learning
in the continuous action environment, on the basis of twin delayed deep deterministic policy gradient algorithm, we set
up two experience replay structures and build the overall framework of the deterministic policy algorithm. Meanwhile, a
combined policy update method is proposed. The approximate on-policy learning process is added to the internal loop of
the episode. The agent completes the heuristic exploration of the parameter space in this process. Secondly, a demonstra-
tion mechanism based on the self-generated expert samples is proposed. Expert samples are generated by the agent’s own
selection, while the criteria are continuously adjusted according to the update of parameters, which could form dynamic
screening criteria. After that, the agent will imitate these expert samples for learning. Simulation experiments in 8 envi-
ronments in the OpenAl Gym show that the proposed algorithm can effectively improve the exploration ability of deep
reinforcement learning.
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VR R B, 2R T R d AR M 1Y) 2 Actor-Critic &
F S 0-100,

AH X T Bl AL 25 1 (stochastic policy) 1l &, #fi &
4 %% i (deterministic policy) 52 i 8 7 E % HHa =
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Jili 5 18 R B R T EU T 3% B AR AR I AR N T FAEA
b, SR 5 B REAARAE T O AR M b EAT BE ALK AE, 3K
R/ B AL DL AT 53 & 27 3] . A SCAEOpenAl
Gym AT T 8 ZH S5, SR HIR FE 7 o2 1 S & (deep
deterministic policy gradient, DDPG)?! R X 4iE 1R V4 &
1ff 5 P SR B 150 FZ 5.9 (twin delayed deep deterministic
policy gradient, TD3)!?2 [F]SGESHE 47 X} L, T2 56 45
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2 Actor-CriticZ 4 H

SEA 2% 3T 0] R AT LR 1 R AT R 2 (Markov
decision process, MDP). MDPH JG41 (S, A, P, r,v)3%&
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SR FH R T v T 0 MR SR 7 v, NTQIE T &
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18— 8 KT B T R SRS 1 Bl 4R AE, FT DT A 55
W 147 SR AR I i S T AR AE R QA 1 5, X T
BAEQEQ™ (s,a)F: Q*(s,a) > Q(s, a;w). BT
ﬁSQNE@?ﬁﬁi@ﬁﬁl
L = By o nenl5 (R = Qs a;w)) P, AD
HA(), = max(-,0). 4 R 2 {E K TQHE, /Y

TR EZH 0

Q*(s,a) = R > Q(s, a;w), BT FEARA NI
BLSILYE R T T AASQNM Bl b, @ 7 —Fhm] A
SRS IR TS REAR B EVE, SR IX Fh 7 vk e A
& T e v e, ELE AR o R T A2 T R A
XA F5 FE AR REAT 2 2T W, 230 s 20 4 8 7 B
HT R 2T AR T FEAS AR, IR KRR B 45
NT B REPR IS, A& U IR ST, T
AT B IR 5T P KIS TR I 2, IR 1R 77 92 R R
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Pendulum-vO¥f 3 41 K- SGES 5 PPO2+(SIL 5 PPO2
BRSO g By it A7 5 b, 45 R an B2 .

THE R M S5

—— e

R ZH 0

Kl 1 SGESH LR
Fig. 1 Flowchart of SGES
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— AN S, AR K2V, (s), —
AN 28 T 3R] B A PR AME B AL 225 (E U DL
IRE TR AR
Q" (s,a) = E[ry + vV, (s¢41)]- (12)
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(IR B2, BT CATEAT B Zskb Ve (s) RV H(s") 2
[ () 22 BE #RAS B I K, B CART DAAS V(") B K
IEAARIRVE(s). [FIET, SHPEME R HQ (s, a) A& G AR
AL shb R ISNAE a T BE 3R B il (1) ~F- Y48, B
PAA S 48 I Q (s, a3 w) FTR, X L SR e 35 A AR,
SGESHIE AR R 1.

% 1 SGESH ik 1h K45
Table 1 Pseudocode of SGES

WA, w1, wa, 0, Wi, wh, D, G, v, T,w, M, N

for each episode do:
HIGEACIRZS sFIBE L 5 w
for each step do:
A (55 0M) + e RIS Ea, 7 (s, a, 8", 1)
end for
RIEMAFER (s, a, s, ) FERI D
1% = M7 +9Q(S, p(s; 0);01) = Qs, aswn)]
w1 + argmin [°"
w1

M
Vo o ~ M1 21 [VaQ(st, at;w1)Vou(s; 0)]
t=

0 + arg min Vo J°"
(&)
WHDHHMSZIMR, = > v rey g, Kol L bk

k=0
PIFEARAENG
D+ 2,0 e9,w2,w’1,w'2 — w1
MGHBENLRAEN N (s, a, 8, 7)
a=u(s';0") +e

y=r+v min Q(s', & w})
i=1,2

N
T = N71 S [y — Q(st, a;wy))?
=1

w; + arg min [°ff
wi

N
Voo ~ N7 32 [VaQ(sts ariwn) Von(sts 0)
t=

0 < arg min V4 J°T

W e Tw4 (1 =7

0 10+ —-1)0
end for
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S, DO BME 2 M 22, S 0 30R SR AR
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k2 M 5RAEHEE
Table 2 Settings of networks and hyper-parameters

B WE
Critic-Actor’# > % 0.01/0.001
CriticB&m = M4 o 400, 300
Actorf2 2 P& T 400, 300
Critic B s PR %L ReLU, ReLU, ReLu
Actoriiis B EL ReLU, ReLU, Tanh
P Ty 0.99
WO R A 0.005
Bl LI 75 o [-0.5,0.5]
BERGTBORIHAE M 2000
Batch-size N 100
BB 200
LR AdamPV
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Fig. 3 Experimental results in classical control environments
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