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Support-vector-machines learning controller based on
small sample sizes for biped robots
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Abstract: Conventional machine learning methods such as neural network(NN) use empirical risk minimization(ERM)
based on infinite samples, which is disadvantageous to the gait learning control based on small sample sizes for biped robots
walking in unstructured, uncertain and dynamic environments. To deal with the stable walking control problem in the dy-
namic environments for biped robots, we put forward a method of gait control based on support-vector-machines(SVM),
which provides a solution for the learning control issue based on small sample sizes. A support vector machine regres-
sion(SVR) method for gait control with mixed kernel functions is proposed, and the proposed method shows superior
performance when compared with SVR with radial basis function(RBF) kernels or polynomial kernels, respectively. Using
ankle trajectory and hip trajectory as inputs, and the corresponding trunk trajectory which guarantees the ZMP criterion as
outputs, the SVM is trained based on small sample sizes to learn the dynamic kinematic relationships between the legs and
the trunk of the biped robot. Then the trained SVM is incorporated into the control system of the robots. Robustness of the
gait control is enhanced, which is advantageous to realizing stable biped walking in unstructured environments. Simulation
results demonstrate the superiority of the proposed methods.
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Fig. 1 Schematic of SVM-based gait control mechanism

2.1 3 TSVM ¥ 5 & #5 %l ¥l #1(Gait control
mechanism based on SVM)
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2.1.1 W ¥ 3k 15 PID #% #l(Joint control in the
internal-loop based on PID)
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2.1.2 AMIRFETF SVM [ 2 #ll(Gait control in
the outer-loop based on SVM)
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2.3 HETHEEBIISVMAL A £ (SVM mod-
eling based on gait control)
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SVM parameters based on gait control)
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2.4 5@ [F]YH(Gait regression)

2.4.1 2 19 8] H B& #(Function of gait regres-
sion)
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2.4.2 BEME S H P (Algorithm of gait learning)
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cording to the ZMP criterion)
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4 {5 EHWF5(Simulations research)
4.1 1jj EL#E & (Preparation for the simulations)
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H 2 366 R B 2R R . R0 ST HIER S, A
LIR30 ) L2 NOPR S AR AK 3 S500) l a2 5R
A, AR e, e HUER 164 KA s R QT A
i 25 R, FARE A L1

A1 FIARBEMX T e EmE A
Table 1 Hip deviation of the biped robot at
the 16th sampling point

Soggm U RAME RRSD
AR AbRm KR EES %
0.5 0213764 0.236005 4.45
0.6  0.181256 0.204477 3.87
0.7 0.158059 0.171805 3.29

4.2 HTSVMB &I KA Rk 5 #r (Bffective-
ness analysis of the proposed SVM-based con-
troller)

UE AR SCITHE T 1 A S50, SE T AT
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2 I (%~ 55T RBFZ HI3F1 SVMI) [l 1% 22 AH LE

B, XK SVM A il 4 I 255 193 28 11 [l A 15 22 A LA
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Kl20] LU H, RBFAZ A 22 00X A% 70 i B A W 35 1)
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EIEARL, BT Rl ——21 .

032
0.28 ;
0.24
0.20
0.16

Y trunk r’f m

6‘_3“.

23

"
e 0750

(a) RBF#

ylrunk /m

(b) 2T

ylrunk /m

(c) WA

2 SRHIAIFIRZ e B A5 (028 25 11
PRELCLAR2, W K0.5m)
Fig. 2 Regression of biped gait using different kernel

functions (gait 2 with step length 0.5 m)

%2 H A2 HFHMSE(H A2, K0.5m)
Table 2 MSE of the regression(gait 2 with

step length 0.5 m )

(AR YZMSE(10~%) JAMSE(10~2)
2, ¢ =2 20.702 1.8088
Z i, ¢ = 25 3.9259 14.543

RBF#%, 0 = 0.1 3.0827 1.8055
RBF#, o = 0.01 0.91712 20.334
BE, g = 20, 2.4666 1.2405
o =0.05a=0.95 — —
WA, ¢ = 20, 2.3659 3.4709
o =0.05, «a=0.3 — —
FRZE W % 1.95179 5.6215

BT RAMSVMI D SRR L E3(c). 5
ZAHLEALI, B3 (a) LRI 3, B3(b)H, BEDC T
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Fig. 3 Walking simulation(gait 2 with step length 0.5 m)

43 X FZMPI¥) 52 € 2% #8 #% 4 HT(Analysis of
ZMP-based stability indexes)
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Table 3 The comparison of ZMP-based performance
indexes

$A&  #HK/m RMSE SM

1 0.5 00611 0.0840
1 0.6 00538 0.0911
e : : :
RSN EF 0.7  0.0566 0.0899
2 0.5 00531 0.0951
2 0.6 0.0550 0.0902
2 0.7 00674 0.0739
1 0.5 04190 0.0050
1 0.6 0.4005 0.0046
1 : 4012 0.0104
- 0.7 04012 0.010
2 0.5 03992  0.0048
2 0.6 04011 0.0045
2 0.7 04308 0.0061

5 %58 (Conclusion)
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