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Multi-output support vector regression with piecewise loss function

HU Gen-sheng', DENG Fei-qi?

(1. School of Electronic Science and Technology, Anhui University, Hefei Anhui 230039, China;
2. College of Automation Science and Technology, South China University of Technology, Guangzhou Guangdong 510640, China)

Abstract: Multi-output support vector regression (MSVR) algorithm can be used for the regression of multi-input multi-
output data. An MSVR with piecewise loss function is proposed in this paper. For error values on different interval, the
loss function adopts different forms of penalty functions. By using re-weight iterative algorithm, the iterative formulas of
weight coefficients and bias of regression function are then given. Experiments also show that the accuracy and workload

of this algorithm are superior to that using several single-output SVR algorithms.
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Fig. 1 Comparison of test results based on MSVR and
single-output SVR
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Table 1 Mean-square errors of training and testing
based on MSVR and single-output SVR
(a) (b) (©
SVRll % 0.0034 0.0035 0.0022
SVRI 0.0066 0.0071 0.0047
MSVRIZ: 5x 10712 9x10713 8x 1072
MSVRI, 0.0008 0.0002 0.0009
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Table 2 Mean-square errors of testing based on
MSVR for different 3 values and
standard deviation of noise

T = 0.01 Ty = 0.1 Ty = 0.5

6 =1.01 0.00021 0.0183 0.5366
B=12 0.00022 0.0177 0.5778

B =5.01 0.00023 0.0188 0.4829
£ =10.01  0.00025 0.0191 0.5335
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