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Abstract Reinforcement learning is an important branch of machine learning. With the development of deep learning.deep rein-
forcement learning research has gradually developed into the focus of reinforcement learning research. Model-free off-policy deep
reinforcement learning algorithms for continuous control attract everyone’s attention because of their strong practicality. Like Q-
learning,algorithms based on actor-critic suffer from the problem of overestimations. To a certain extent, clipped double Q-lear-
ning method solves the effect of the overestimation in actor-critic algorithms, but it also introduces underestimation to the lear-
ning process. In order to further solve the problems of overestimation and underestimation in the actor-critic algorithms,a new
learning method, randomly weighted triple Q-learning method is proposed. In addition, combining the new method with the soft
actor critic algorithm,a new soft actor critic algorithm based on randomly weighted triple Q-learning is proposed. This algorithm

not only limits the Q estimation value near the real Q value,but also increases the randomness of the Q estimation value through
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randomly weighted method, so as to solve the problems of overestimation and underestimation of action value in the learning

process. Experiment results show that,compared to the SAC algorithm and other currently popular deep reinforcement learning

algorithms such as DDPG,PPO and TD3,the SAC-RWTQ algorithm has better performance on several Mujoco tasks on the gym

simulation platform.
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Table 1  Number of steps executed under Mujoco tasks

Mujoco Task Steps

HalfCheetah-v2 1000000
Hopper-v2 1000000

Walker2d-v2 4000000

Humanoid-v2 10000000
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Table 2 Parameters of SAC and SAC-RWTQ
Parameters Value
Discount Factor ¥ 0.99
Target Smoothing Coefficient ¢ 0.005
Learning Rate 0.0003
Temperature Parameter « 0.2/0.05
Batch Size 256
Replay Buffer Size 1000000

4.2 ELIGIRE

ARATHE gym Y S - A Mujoco ™! B 1 FR 5E Y Half-
Cheetah-v2, Walker2d-v2 , Humanoid-v2 Fil Hopper-v2 {F %5 I
175255, WA 5Ca) fiF s , HalfCheetah-v2 T 45 &1k — 4 24k 1
TEFIPLAS A FAR IS AT REPL L U AT 55 1T LA A e /s 4% T 5
2 2] SR Y 22 575 W EL 5 (b) TR , Hopper-v2 1T 55 /&
= T PR AL BRI REPR; WK 5 (o) PR » Wal-
ker 2d-v2AE 45 1k — 4~ 4k i SUBR AL 2% AR AT RE P b i) /T E .
WA 5(d Frs , Humanoid-v2 1T 45 2 ik — A4~ = 4k 19 XUBE BL 4%
NFEARTE B B A5 O T R Al BB DL 10 BT B . X 4 ME S
Humanoid-v2 T 55 skl . — R LH LG L Bm % .

(a) HalfCheetah-v2 (b) Hopper-v2

(c) Walker2d-v2

(d) Humanoid-v2

& 5
Fig. 5
4.3 LWHER

N T BE SAC-RWTQ 553 1 vl A7 M 0 i &Lk L 8 55 46
Iy R,

B S W SAC-RWTQ 88k 12 S JUR 5 SAC
#: \DDPG 8% \PPO 5k L K TD3 B8 19 2 > 3 R db 47
Xif L, SEEG 25 B 6 B, B A S M Rl 4 2 &t
WA,

Mujoco F 5z 111 4 AT 455

Four tasks in Mujoco environment



340 Computer Science THEHLELZ  Vol. 49,No. 6,June 2022
" " 4 A~ Mujoco 1 %5 7, SAC-RWTQ 2 5 J= 1 W S8R
Su : K0 T IR SAC B 2% U WT SAC-RWTQ W] LA47 4 3 e 75
:%5— Eo SAC Bk iy B G = A A 7], JF 48 SAC Bk i
5 <XE B,
ERE E £ HalfCheetah-v2 {55 . 3 7ft il HL A 32 3% 29 0 T

10°X Time Steps

(a) HalfCheetah-v2

T
0 10 20 30 40
10°X Time Steps

(b) Walker2d-v2

E E 94 B o
3 3 A
3 g R
& 4 v P
P P A/:I}:M‘__‘,'/v
g & e -
] 5 Algorithm
4 4 -4- SACRWTQ
f f -8~ SAC
L) el o P
=] S pgggegel D%PG
-~ TD3
T T R T T T B R
0 2 4 6 8 10 0 2 4 6 8 10
10°X Time Steps 108X Time Steps
(c) Hopper-v2 (d) Humanoid-v2
El 6 SAC-RWTQ &M AMH AL Mujoco 1145 L i # R Mh £k
Fig. 6 Performance curves of SAC-RWTQ and other algorithms

on Mujoco tasks
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Table 3 Experimental data on Mujoco tasks

T LLE H .4 A Mujoco T 45 H 14 A — Bl 53 19 7 3 [ 45
FC IS, SAC-RWTQ SHILTE 4 AME 55 h 33045 T B AR i
SRR AE A R I ] 25 1 1 BT . SAC-RWTQ $3k 1) °F- 3
[l 2 1 W S 244 T iR L33 SAC,

B TSI W SACRWTQ Bk 124 I BUR 5 SAC
Bk SAC-RW2Q &7k . SAC-RWAQ &1k 1 2% 3 U #E4T 1L
B SLIAE RN 7 s . Hd SAC-RW2Q B R T R ML
AL 8 Q= I L MPAT H- TP R A k. BN —
QP BbMEAH 24 QAN ER/NMES 24 Q
A T A F 35 1 00 A7 B AL AT 3. SAC-RW4Q B ik j2 %
AT HEHLMANE Q 23 FEMPATsh H- PR AL, b
HUIMAL Y Q 2% 3] b, BARE 4 A QAT IHE Y B /IME
5 BE AT LA

] 2
E E
& &
o
X X
g E
—— - T
0 2 4 6 8 10 0 10 20 30 40
109X Time Steps 10°X Time Steps
(a) HalfCheetah-v2 (b) Walker2d-v2
é 2,1
39 LN
~ &
5 g fo7® -
e g H Algorithm
< 14 <37 i -4- SAC
X X ] —=- SACRWTQ
S ] ) 0] o SACRW2Q
-+ SAC-RW4Q
T T T T T T LI T T T T T
0 2 4 6 8 10 0 2 4 6 8 10
109X Time Steps 105X Time Steps
(c) Hopper-v2 (d) Humanoid-v2
Kl 7 SAC,SAC-RWTQ.SAC-RW2Q L)}z SAC-RW4Q
FE Mujoco 1T 45 I 1) 14 Rk il 2k
Fig. 7 Performance curves of SAC,SAC-RWTQ,SAC-RW2Q

and SAC-RW4Q on Mujoco tasks

Task Algorithm Mean Value  Maximum Value

SAC 10709.93 11237.76
SAC-RWTQ 11380.58 11786. 80
DDPG 2713.98 3116.91
HalfCheetah-v2 PPO 1506. 34 1715.42
TD3 5063. 66 5342. 82
SAC-RW2Q 11322. 30 11697. 48
SAC-RW4Q 11299. 84 11601. 23
SAC 5284.16 5487.08
SAC-RWTQ 5633.46 5809. 92
DDPG 2876.67 4969. 16
Walker2d-v2 PPO 1482.81 3230.07
TD3 4959.61 5292.69
SAC-RW2Q 5257.34 5652.01
SAC-RW4Q 5222.29 5493. 32
SAC 3323.42 3481. 39
SAC-RWTQ 3372.52 3559. 88
DDPG 1217.13 2648. 66
Hopper-v2 PPO 2079. 46 3048.79
TD3 2891. 64 3440. 67
SAC-RW2Q 2634.42 3405. 89
SAC-RW4Q 3046. 30 3570. 60
SAC 7938.33 8246.74
SAC-RWTQ 8975.51 9646. 28

DDPG 72.17 81. 34

Humanoid-v2 PPO 579.93 645. 80
TD3 6575. 25 7069.56
SAC-RW2Q 7566. 84 9307.77
SAC-RW4Q 8096. 29 8896. 04
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