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Robot Arm Task Imitation System Based on RNN
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Abstract: To simplify the complex motion planning problem of robot arm and make the robot arm have
the generalization ability to adapt to the new task, a robot arm task imitation system based on recurrent
neural network( RNN) was researched and implemented in this paper. First, the original task was taught
by the teacher, and the teaching data was collected. Second, by constructing RNN to train the original
teaching data, the control strategy of the robot arm imitation was obtained. Then, when the task changes,
the movement of the new task was observed and the movement information was collected. Finally, the
motion information was generalized via the robot arm control strategy based on RNN, and the control
information of robot arm of imitating the new task was obtained, completing the imitation. Experimental
results show that the method can obtain strategy simply and efficiently and has preferable generalization
ability, which make the robot arm not only can imitate the original task, but also can imitate the new task
when the task changes.
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Fig.1 Implementation process of task imitation system
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Fig.2 Recurrent neural network
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Fig.4 Wiring diagram of four-wire system

AN CEAE T AL T A 55 75 BOn, FURUE oK i
FIZR BT 5512 s i 23 (8l & B, B LART LA i >R
EENUME AR ImAE S % AR R T 1Y iz 5 Bk AR
WORFUL S5 18 s BB A5 B, 16 SEB0E Thot HUME
HebRZR AR S BT,

Wit Thot MU | USERE 5 2 4 Hh 0 b AR g it



1404 d = T Wk Kk % % R

¥ 0

i
5 7bot HLARE AL bR F

Fig.5 Coordinate system of 7bot
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Fig.7 Demonstration of original task
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Fig.8 Training Process of simple tasks
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Fig. 14 Training Process of complex tasks
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Fig. 17 Imitation of generalization task 1

HUBUE RHZ A AT 55 1 B0 2 AL B 5 I R A
BERIE R d R 5. 83 mm, i i 9 B S 25 AT DL
S AT 55128 Sl BB R SR AR R U T 5532 B LAk
(1) 22. 9% LANET , R 48 0] LLSCHIHZ AT 55 AL

CAAESS 1 (38 sh s 5 IR b s 2B a2
It RNN X UG 7R BO80HE 2 > 15 2 A 5w mT DLk
TR Bz SR, 1T EL SR B T s 0800 R —
o3 A B, B — R BE) /B DT, T AT Ll i o
WS P2 Aty A5 B8 Sk A 1 O B AR S, (L
BRE AT DASEBGHZ ARAT 55 1 [ Asf)s .

K62 EARMEXEET TS 2 MR E Bz ik
b AR A AR R 48 UM B X 55 2
(IR, el 18 Ffs.

& 18 A5 2 Bytsf)s

Fig. 18  Imitation of generalization task 2

HUBE Xz AT 55 2 B IFE S d =9. 84 mm),
W PRSI AE SR T LIS, M2 AT 55 i3 s
TE SRR 7N FUT: 5512 ShE I AMP) 22.9% ~ 36. 8% i,
RG] LIS BHZ AT 55 A

R3S 3 LR E Bz ik
b AR AR B 48 UM 80 X5 3
AR, an sl 19 7.

B XHZ AT 55 3 B AR ES d =17. 46 mm,
W PSR A5 R N IR, M2 AT 552 shiu
TESR IR 7R 2T 5532 sh s FEI AN 36. 8% LA 1), HLAK
TR A 55 W 358 1 26 5 0 55 T ER A6 8 1 P g A
K, ABESLIXHT 55 AT

XT3 41 S A SR AT A A RT LAAS Sl
— YR AR R 11z AL RE A R, XTI



114

T 4. T RNN NS S 805 250 1407

E 19 ZAES 3 A

Fig. 19 Imitation of generalization task 3

SRBHIE G R P B | SR AT B I AR X
YIZRE I B S B B8 5w 32 AL ROR 23 Bi  BE
B KRR, a2 o) 45 3 ) R s R BRI
IR R RLAEE T2 AU SN ZRE0 B B e,
(18 ) — A A T 2 22 5 S50 s 0z A B30 1 T %
AE IR, 508 2 e m s ol . H— 12 fe s
FEVNSRREAS X IR] Y, S 032 A A 25 R
o iz AR B PR B I R8s o 95 L, SR g2 Ak 2k
WL, R 265 B 235 A FRISE 2o XA AR = = 15 58] ) SR s S 5
M 285 SR i R 28 (A SO e () R G, e R B2
DR 2B | B UOR 2015 2 A B A RE R AE K Nz
Bl 7S 8] o AR, AR AR A R — 20 A5 1932 B
23 () HR R T L 2512 ARAT: 45 112 ) 5 7R 302 B
) P 25 G, R 2 () A DD P Al ) | 3 ok 2 > 7
2 BB AN BE S 2 B 1432 Bl 45 ] v
3.3 5 BP HEZMERITEXWHR
3.3.1 T BP WRLA/R HAT 55 B0

T FEARYE I SRS A BP 2 2%y 2-
10-3 454 5t AR 7s 802 R 5 B (s, ,s,,) i
U S S R (ay,, ay,, ay, ), SRJE T ER VI
Y, AT R A B, VI 2R FE A 20 Prs.

1# F KRB 0.068 3
108 \ -
— g
102 - E’ﬁlEB%%
— Wi
= oo R
210!
=
10°
oL EN
=
-2 I 1 L ]
10 0 5 10 15 20 25
IEAUEL

K20 JET BP By ZRid A2
Fig.20 Training Processing based on BP

] 25 I 2k AR B A 25, SREM A e Aty 3 B A
PR IS HESE 19 YEAR I ZRAT ) MSE 4 0. 068 3,
MG AR AR A . IR SE RS 15 25T BP M

2 IR 2% f18) 425 1) SR s
RNN 5 BP 7EJRUR /R 20z sy 256 v 5 X kb
ZERNE 2 iR,

&2 RNN 5 BP #1TRIGTHESEMHIT EE
Table 2 Comparison between RNN and BP for the

imitation of original task

miH RNN BP
VIESSAel € 14 25
MSE 0.0525 0. 068 3

Xt G 7R BT 55 BB b FE DI 2Rk AR S
SR SR IBORE BE 5 THT , RNN #0408 T BP #2214
3.3.2 JLTF BP MIZALAT S5 AL

RNN 5 BP 7EIZ AT 55 32 Slie s S 50 v i %o [
SERUNER 3 K.

%3 RNN 5 BP #1Ti5 {LE SAE0FBR B MR b
Table 3 Comparison of distance between RNN and BP

for the imitation of generalization task

155 RNN BP
1 5.83 8. 94
2 9.84 15.65
3 17. 46 19. 69

FEXT 3 Iz AT S5 IR S g rh , 55 T RNN /Y
BUBBE X2 A AT 55 BEA TR 05 S BRI BE 25 48/ T BP,
454 RNN 5 BP 76 J5 i /s B0 55 15245 52 56 v 4 %
LA SR 015 35T RNN ML (5545005 22 42 vl LA
A B5CH 58 AT 55 A5 A

4 Zit5RE

1) SEHeEs R LM, 2T RNN A9 LA AT 45 5
15 RG] LI IR bR R BT 55 5 52 2241 55, W
AL DATE— 5 Y10 ] PN 38 32 A 8T 4 55

2) dE i FHETF R HO O 2R DL b AT AR
55 N LA R AR S B | S AILBRURE AT 55 155405 5 s
AR AR R L S 47

3) RGXNZAAE S5 AR 32 B — € xR 2
W 292 AT 5542 33 B A SR AR 7 AT 5532 sl [l
AR 22. 9% LA, 5 F RNN B HLARE AT 55 155405
RG] LASEIZ AT 55 BR324 72 A AT 5512 Bl
J L TE JRUR R BT 45 42 sh e B AR 22.9% ~
36. 8% W} Iz AL iR 2ZEHI K, L08R — i iz b AE:
5512 Bl 7R IR AR 7R 20T 4532 S LAY 36. 8%



1408 dom Tk K AR 2018 4
DL BB AR K R G T SE AT . learning[ J]. Auton Robot, 2009,27(1) : 25-53.
4) ARG ZATE T @ ot B OR [7] ARGALL B D, CHERNOVA S, VELOSO M, et al. A
%I’T%@J Eﬁé&ﬁi&d T i 2 ) 5 R S WS S fiE survey of robot learning from demonstration [ J]. Robotics

A8 Bl 7S [ B LA, SHZ AT 55 A nl K BE A
@.T#%%IW%Eﬁ%&?ﬁW%?ﬁﬁﬂ
Jﬁ$§fﬁﬁﬁﬁﬁk&7ﬁ%Mﬁﬂﬁﬂﬁ$

HEFTA4 2T Aoy 2T 45 31 (0 3R W XA 55 HL AT TR A 1 4
i

SE .

[1] SCHAAL S, ATKESON C. Learning control in robotics
[J]. IEEE Robotics & Automation Magazine, 2010, 17
(2):20-29.

[2] RILEY M, UDE A, WADE K, et al. Enabling real-time
full-body imitation :
movement to humanoids [ C] // Proceedings 2003 IEEE
International Conference on Robotics and Automation
Piscataway : IEEE, 2003 ; 2368-2374.

[3] OTT C, LEE D, NAKAMURA Y. Motion capture based

a natural way of transferring human

human motion recognition and imitation by direct marker
C] // TEEE-Ras International Conference on
Piscataway : IEEE, 2008 : 399-405.

[4] HERZOG D, UDE A, KRUGER V. Motion imitation and

recognition using parametric hidden Markov models[ C] //

control [

Humanoid Robots.

IEEE-Ras International Conference on Humanoid Robots.
Piscataway : IEEE, 2008 . 339-346.

[5] SCHAAL S. TIs imitation learning the route to humanoid
robots? [J]. 1999, 3(6):
233-242.

[6] RATLIFF N D, SILVER D, BAGNELL J A. Learning to

functional

Trends in Cognitive Sciences,

search ; gradient techniques for imitation

(8]

(9]

[10]

[11]

and Autonomous Systems, 2009, 57. 469- 483.

BRMG, XU, Ak, S R AR 912 3l 5 200 i
B LR AR 5207, MLEs A, 2012, 34(2) : 85-90.
CHEN P, LIU L, YU F, et al. A geometrical method for

inverse kinematics of a kind of humanoid manipulator[ J].

Robot, 2012, 34(2): 85-90. (in Chinese)

MRl BRAesl, . FET M MK LS ABRVET
IKP KERRSRABLT]. HlLEs A, 2002, 24(2) . 130-133.

CHEN X S, CHEN Z L, XIE T. An accurate solution to
the inverse kinematic problem of a robot manipulator based
on the neural network [ J]. Robot, 2002, 24 (2). 130-
133. (in Chinese)

MELL, E5, BT, BT WO A 22 0 25 Sk i LA
ANWRLT]. AR R 4R (T2 i), 2008, 38(5) -
72-76.

MEI H, WANG Y, ZHAO R Q.

kinematics of a robot based on an ant colony-neural

Study on inverse
network algorithm [ J ]. Journal of Shandong University
(Engineering Science Edition), 2008, 38 (5) . 72-76.
(in Chinese)

FRRLIE ) BENY ) NI, 4E. 6R HLAN A JE Bh2r R i
Hizshul s 5 1], MW R2E2EWR (TREBM)
2015, 47(6) : 185-190.

HAN X G, YIN M, LIU X G, et al. Solution of inverse
kinematics and movement trajectory simulation for 6R
robot[ J]. Journal of Sichuan University ( Engineering
Science Edition) , 2015, 47(6) : 185-190. (in Chinese)

(RHESHHE  Bir)



