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Study of robot demonstration learning based on the Dirichlet process clustering

Wu Xiaomin,He Miao, Liu Tundong,Zhang Xinyue ,Shao Guifang

(School of Aerospace Engineering, Xiamen University ,Xiamen 361005, China)

Abstract: A composite dynamic movement primitives algorithm based on Dirichlet process clustering and Gaussian mixture model is
proposed to address the problems of low efficiency of parameter estimation and insufficient generalization ability in demonstration
learning. To achieve the real-time estimation of Gaussian mixture model parameters, the Dirichlet clustering algorithm based on the
distance threshold is used to perform online clustering of demo trajectory points, and the Welford formula is introduced to update the
parameters to improve the efficiency of parameter estimation. After obtaining the trajectory distribution characteristics, the Gaussian
mixture regression trajectories are encoded by using the dynamic movement primitives to improve the trajectory generalization. To
evaluate the effectiveness of the algorithm, trajectory reachability and similarity metrics are introduced to evaluate the learning
generalization ability of the algorithm, and demonstration learning experiments based on handwritten letter trajectories and robot
kinesthetic demonstrations are designed. Experimental results show that the average parameter estimation time of the proposed composite
dynamic movement primitive algorithm is only 0. 052 ms, which has the ability of fast trajectory reproduction and generalization.
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Table 5 Comparison of generalization indicators

Y X B R &S ES

A7
x/m y/m z/m x y z

TEZ8 DP+DMP 0.003 3 0.0025 0.001 3 0.993 0.998 0.995
B2 DP+DMP 0.0033 0.0025 0.0013 0.993 0.998 0.995

EM+DMP 0.004 1 0.0022 0.0017 0.991 0.995 0.996

K9 B AP AL EE R . IR R AT LA 2
AR s A LR AR AR, DMP BEOR 35 U J5UA 4 il 58 GEUR
fE55 0z AL, RA TR PUE E RE ST

-—— EEEFE —— DMPEZALBLE K HiRALE
—— DMPHEIAHZE o WikiE

1.0
0.8
0.6
047
0.2

0.3
/m 06 0.9 -0.9

K9 %4 DMP 3z ik
Fig. 9 Composite DMP trajectory generalization

3 R EE E AT 10 YR - 24 I [R) A RS E M 0
& 10 s, Hrp ,TT-% DP-means , B2k DP-means 1 EM
LR B AT 23502 0. 052,321 131 459 ms, A
VIE 2T DP-means S EUG TR IETLISELBITE
HELIAT AR T ERCE, TEM Bk 2
BAS M EREFAL T GMM By 25, 9F B kR
SR AT R A DR B e R 2 R R G A, B
WSO ALK 2 2 PR

<104
335 i
0.060 il :
1 34
330 ;
f 33
0.055 i 15
£ H 32
0.050 : 320
1: : 3.1
+ 315
0.045 i 30 i
310 Y i
(a) fELRDP (b) B§£DP (c) EM
(a) Online DP (b) Offline DP (¢) EM

K10 LB TN

Fig. 10 Algorithm runtime comparison

XL SE EM B S HUG T BORAR Y 0] B, A S
H—FhEF DP-means B GMM TEZ S50 th i85 1, e %
UEBILI S A B A R, Sk T EM 5895 2 B v 1)
(SRR 7RIS N2yl TR )11 SO S /e =12 BT 3P e
J1, BEMHE T T2 & DMP Bk 7ER 153 & iR & 1
WS DMP ZEAT R ) 5z A, G T T
FE R F R S R SLBRALES A IRIS AT 55 1 52, 45
REW,E 4 DMP Bk R  JF A DMP (94
IZALRE S I GMM (¥ 28I 4 i i
B2
(1] 5kA%, W6, 1%, 45 Rid LSTM A1 PPO 53k
B A AL T]. I 55 R,
2022, 36(8) . 132-140.
ZHANG Y, FENG W, WANG W J, et al. Visual
navigation of mobile robots based on LSTM and PPO
algorithms [ J]. Journal of Electronic Measurement and
Instrumentation, 2022, 36(8) : 132-140.

[ 2] KROEMER O, NIEKUM S, KONIDARIS G. A review of
robot  learning  for  manipulation: Challenges,

representations, and algorithms [ J]. The Journal of

Machine Learning Research, 2021, 22(1) . 1395-1476.



%1

SR % LT IR 1 BRSSO BLAR AR > D 273

(3]

[4]

[5]

[6]

(7]

[8]

(9]

[10]

[11]

(12]

RAVICHANDAR H, POLYDOROS A S, CHERNOVA S,

et al. Recent advances in Ttobot learning from

demonstration[ J]. Annual Review of Control, Robotics,
and Autonomous Systems, 2020, 3(1) :297-330.

W, MR, 20k, . AN-HLas AB ARG e ot it
JE[T]. Ashfk244, 2019, 45(10); 1813-1828.
ZENG CH, YANG CH G, LI Q, et al

skill

Research

progress on human-robot transfer [ J ]. Acta
Automatica Sinica, 2019, 45(10) ;1813-1828.

RWIsE, dhEWe, XWAR. B TR B nY SR L et
NSRS AT T AT RS [T ], AUER AR 23,
2020, 41(1) : 71-83.

CHI M SH, YAO Y F, LIU Y X. Advances in coexisting
cooperative cognitive robots skill learning approach based
on learning from demonstration[ J]. Chinese Journal of
Scientific Instrument, 2020, 41(1) : 71-83.

IJSPEERT A J, NAKANISHI J, HOFFMANN H, et al.
Dynamical movement attractor

primitives: Learning

models for motor behaviors [ J ]. Neural Computation,
2013, 25(2) . 328-373.

CLEVELAND W S. Robust locally weighted regression
and smoothing scatterplots[ J ]. Journal of the American

Statistical Association, 1979, 74(368) . 829-836.
SCHAAL S, ATKESON C G. Constructive incremental

learning from only local information [ J ]. Neural
Computation, 1998, 10(8) : 2047-2084.
VIJAYAKUMAR S, D’ SOUZA A, SCHAAL S.

Incremental online learning in high dimensions [ J].
Neural Computation, 2005, 17(12) : 2602-2634.
GINESI M, SANSONETTO N, FIORINI P. Dmp + +:
Overcoming some drawbacks of dynamic movement
primitives[ C]. CoRR,2019.

CALINON S, GUENTER F, BILLARD A. On learning,
representing, and generalizing a task in a humanoid
robot[ J]. Man &
Cybernetics Part B, 2007, 37(2) :286-298.

ARDUENGO M, COLOME A, BORRAS ], et al. Task-

IEEE Transactions on Systems

adaptive robot learning from demonstration with Gaussian
process models under replication [ C ]. International
Conference on Robotics and Automation (ICRA) , IEEE,

2021.

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

(21]

[22]

[23]

IODICE F, WU Y Q, KIM W, et al. Learning
cooperative dynamic manipulation skills from human
demonstration videos [ J]. Mechatronics, 2022, DOI.
10. 1016/j. mechatronics. 2022. 102807.

SR XUBUER , £ 4, 4F. HET GMM-HMM BEHL (19 %5 g
TR EE S PN [ )], AR AR #2019,
40(5) :169-178.

SHENG M, LIU SH Q, WANG J, et al. Motion intent
recognition of intelligent lower limb prosthesis based on
[J1.
Instrument ,2019,40(5) :169-178.

GMM-HMM Chinese Journal of Scientific
MOON T K. The expectation-maximization algorithm[J].
IEEE Signal Processing Magazine, 1996, 13 (6):
47-60.

CALINON S, BILLARD A.

Incremental learning of

gestures by imitation in a humanoid robot [ C ].
Proceedings of the ACM/IEEE International Conference
on Human-Robot Interaction, 2007 ;255-262.

EVRARD P, GRIBOVSKAYA E, CALINON S, et al.
Teaching physical collaborative tasks: Object-lifting case
study with a humanoid [ C]. 2009 9th IEEE-RAS
International Conference on Humanoid Robots, IEEE,
2009 399-404.

MUHLIG M, GIENGER M, STEIL J J. Interactive
imitation learning of object movement skills [ J .
Autonomous Robots, 2012, 32(2) . 97-114.

LEE S H, SUH I H, CALINON S, et al. Learning basis
skills by autonomous segmentation of humanoid motion
trajectories [ C ]. 2012 12th IEEE-RAS International
Conference on Humanoid Robots ( Humanoids 2012) ,
IEEE, 2012, 112-119.

DEB P. Finite mixture models[ J]. Partha Deb, 2000,
39(4) .:521-541.

REDNER R A, WALKER H F. Mixture density,
maximum likelihood and the EM algorithm [ J]. SIAM
Review, 1984, 26(2) :195-239.

OHAGAN A. Curve fitting and optimal design for
prediction[ J]. Journal of the Royal Statistical Society :
Series B ( Methodological ) , 1978, 40(1) ;1-42.
FERGUSON T S. analysis  of

A Bayesian some



274 % & L F ¥

a4t

nonparametric problems [ J]. The Annals of Statistics,

1973,1(2) : 209-230.

[24] KULIS B, JORDAN M I. Revisiting K-means: New
algorithms via Bayesian nonparametrics [ C ]. CoRR,
2011.

[25] PIGNAT E, CALINON S. Learning adaptive dressing

assistance from human demonstration[ J]. Robotics and

Autonomous Systems, 2017, 93. 61-75.
EZE B

RERE, 2014 AF FARILK ARG A o
£7,2018 4F T BT R A R A0 22007, B A
JE TR AT AR RS T 1 o Tl
PLER A

E-mail : wuxiaomin@ stu. xmu. edu. cn

Wu Xiaomin received his B.Sc. degree from Northeast
University in 2014, and M. Sc. degree from Xiamen University in
2018. He is currently a Ph. D. candidate at Xiamen University.
His main research interest is industrial robot control.
XIBEZR A 114 , 2003 4FF [ 7

PRI ARG L, UM TR 2
P, AR R0, FEEOF 507 [ o Tolk AL as
N
E-mail ; td@ xmu. edu. ¢n

Liu Tundong ( Corresponding author) received his Ph. D.
degree from University of Science and Technology of China in
2003. He is currently a professor and a Ph. D. advisor at Xiamen
University. His main research interest is industrial robot control

and so on.



