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Abstract As a representative of the automation and intelligence era, robot technology has become the
focus of the intelligent control research, Various robot intelligent control technologies have been devel-
oped, Robots are more and more used to achieve some complex contact-rich interaction tasks. This paper
chooses robot complex contact-rich interaction tasks as a topic, combining the research of robot rein-
forcement learning, to make a survey of research about the robot contact-rich interaction tasks based on
reinforcement learning. We review some representative researches of implementing reinforcement learn-
ing in robot contact-rich interaction tasks, analyze the existing problems in these researches, summarize
the optimization methods of solving these problems to improve the experimental effects, and finally

make a prospect on the future of robot contact-rich tasks.
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Fig.1 Examples of robot contact-rich manipulation (a) Robotic

door opening[®?) (h)Robotic surface wiping™®’J (¢) Robotic assembly
of gear*!! (d)Robotic assembly of part!*2] (e)Surgical robot 3]
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Fig.2 The perception-action-learning loop of reinforcement learning
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SCHRC41 TR I 245 GPS Bk Al 45 il g 4
AL NSRS B U 8 e BO AT 55, 1 45 il 2 AE DL A
N Bl 77 2 Sy 1 8 Ikt ML A A ) 3
g A5 2 2Tt SRR 5 TEOT I 32 H o AR v i
A0 778 A TR RG B 1A 8 26 TC P AH BT Gk ST
%5 1 BEA GPS 53k, JLRER B 6020 ~100 %6 11 1k
Ty 35 Tkt 2% e ) R 1) £ 4 1) I A2 i #E Sem N R R
Az AEAE R SCE R SO Y IR B AE T AT LA
1 SR b AL R fk i i A I B IR AE SR o, DL S B
e TC AZ B e BE TR O e 2 2] 3 9 SR

SCHR33 158 Fl SAC Bk & 14 il o i it
et as N A FLAT S5, [RIEE R B PD 5 il R BH 47 4 il
(SCHRE15 ] 4.2.2) 5 Ffr g 42 i HE 42 5 58 1k 2 2T )1 25
L FRAAES A M Y 2R S 38 2 A58 X L
SE T T 47 o HE 2 1) e R0 38 2% S B T AR R 0
BB ALES A SR AT 55 B BEAR A AT 0 1 SR W, 76
28 H R A5 B AR IE 1 55 T R DI AT kG
FLAERAAT 55 %07 B R R AE T LA A 2% 2T J5 1 o
B B AR T 4 ) 2 R S B R L T DL R A
PR P31 B N V7S Sk AR B e A0 44 i 45 7 S 4

SCHR[ 727 4R H 45 & DDPG 55335 A Al 748 B bt
J )y vk M A T 2 T 2 M AT 55, R AR B BT 4 o — Fp
FE PR PR ) SE Al B 25 G 5R A2% 20 1 8 O ik (4.2,
2. CHRL73,74]) 38 K B BT 3 25 0 A 5 46 2 ) 3y
VEZS [E] v, LR BL A N BEAR 8 AT 55 B B AS W] R B i A
Ivi) B9 0D R P 3% T A DL 2% N AE R 3R 85 B 9%
HEAT R 1 B ol 22 HL AR T iR AL 2T VIR bR

Nz ) AR T — fie A [ BHL T 8 ol 7 95 R BLAR B
HATEEE , fe 2o 2] Hh SR 19 2 Dl 70 Koo A - 20
T AR R IR o] g 3R AT T 1 AR LA L e S
JNEL » 7552 E PR B A i ERIE W JE | 5 )™ A ) B 4
FIANTA) B 52 AT 55+t 68 R A5 1 249 {8 B e 1) 22 .
SCHRL75 Jak 4 3 i ] A% B BT 45 i 7 3 BT 7E S0 i
HEHLaw A b DL B Pl e A SE PR 5 BEAR 2 3)
AR 2 18] B R B R 22 R ) 58 LT RN 4R e R
1 PSS H At

SCHkL42]riz A IS Y DDPG 53k 454 77 fil
A% S o i DR B 28 N AL A )L, SCRL 76 ] vh iz
I TD3 533 0 i 5 PO 42 1 BIL i N 552 B 4 258 45 4
FHXS 52 2% B 28 Bl S LA R I T b B9 ik s 4%
AR AR S5 5 B (K ), A R AR 1 2 BLAR
BA NS AL A ST HE SR vh A% 05 WA T A % B
I E P17 0 T BE A LA e B 2 R i A U R AR
Gy iod it Sl o A AL g A 1 B B S P ) o, F AR AR
AN VTR Y 1 b AR A R 22 5 SCHRL77 b R RE R 25
TD3 53 K fih v AL J& e 52 AL NP1 4 il it
R A fih o A2 SR e R 0 TR T B ke 17 o >
S LA AT 1T Sl R A 3 T 1] 5 A v RE 8
PG BT AT ik v A SRR AR b i BT, N 2 L ik T
B DLORUE B 4 1) 9TCHR A2 58 1k A E — S0 I 1] 46
ES

control pose - FT sensor
SENSOT POse & ‘ i - Y, ’ gripper

member pose

target pose

timber
members

P8 2 il B A% R A HUR R B2 M HLES M T 442

Fig.8 Prototype of robotic gripper equipped with tactile sensor*?]
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