a8 H ETW H 3 # % Vol. 48, No. 7
2022 £ 7 H ACTA AUTOMATICA SINICA July, 2022

E TR REgREMITSHENNS AREFIHE

AWK XEAEA ' LIU Steven~  HXE
B E RE-METUGHSIESRGRE M TS0 ARSI 7. WA NSIE ARGt s rykar ld IRk
PR SR IR 2 S KRG A R, (B R AFE 2 = Wi &40 AN B0 X DL B8 e PR AORS B JE vk e ) ) R K] o, AR 4
DUH-H E S HOR AL 0 LA E sh#f 8 A3 40 = AN SRR, SRR 0 3 I R iR A R AR R BEAT W AE L A BEE A H 2
Bl IR R R S R AW, H R R T3S RGN TH 88 U7 v R R e PR RURE BB X DA S i)
Bl B 5, £ LASA ¥4 % F1 Franka-panda L85 A L RISZIGIGIE T Hr J5 1E A R Fn ol s b
KR REES, SRS, WHEEAES R SR SR 2R3 55 5K 3
SRR &UEEE, X% 7R, LIU Steven, iK%, 2T BUshA& KRG i s dLas N RE2E 21 5. Bahtb 4k, 2022,
48(7): 1771-1781
DOI 10.16383/j.a05.c200341

A Robot Skill Learning Method Based on Improved

Stable Estimator of Dynamical Systems
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Abstract This paper presents a novel robot skill learning method based on improved stable estimator of dynamic-
al systems (SEDS). The original SEDS method can ensure the global stability of the learning system through non-
linear optimization. However, it cannot automatically determine the optimal number of Gaussian components and is
difficult to make a trade-off between reconcile the stability and accuracy. Therefore, note that the Bayesian non-
parametric model can be used to determine the appropriate number of components, the Dirichlet process Gaussian
mixture model is applied to perform the initial fitting of the demonstrations in this paper. Then, the stability con-
straints are reformulated by using the parameterized Lyapunov function. The problems of stability and accuracy in
the SEDS method are solved effectively. Finally, experiments on a LASA dataset and a Franka-panda cooperative
robot validate the effectiveness and superiority of the proposed method.
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Fig.4  The reproductions of ~-SEDS method on LASA dataset
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