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Support vector regression with piecewise loss function and

its application in investment decision

HU Gen-sheng, DENG Fei-qi
(College of Automation Science and Engineering, South China University of Technology, Guangzhou Guangdong 510640, China)

Abstract: The selection of loss function plays an important role to the performance of support vector regression
(SVR) model. This paper proposes an SVR model with piecewise loss function, which gives different penalty values for
deviation in different regions. The SVR model is applied in the problem of investment decision to estimate the joint
probability density function of yield vector and the optimal portfolio. Experiments show that its performance is superior

to that of standard SVR method.
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(SVR with piecewise loss function)
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(Analysis of investment decision based on
SVR)

31 B 5 o 2 o O RO O O
(Density function estimation of yield vector in
investment decision problem)
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3.3 HEXRTHAREEHES (Portfolio based on
samples directly)
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4 358 ( Experiments)
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Table 1

22 R BEE R T AR SRS u, A (15)
R/ r I 1 BR.
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Mean value of regression function obtained by using different SVR methods

PLF-SVR
&~ ILF-SVR

-0.3359 -0.2485 ~0.1464 0.1465
-0.2780 -0.2640 ~0.0798 0.0535

0.7030
0.6434

0.5387
0.5910

0.2592
0. 1405
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Table 2 Covariance matrix of regression function obtained by using different SVR method

PLF-SVR g- ILF-SVR
1.0448 0.0234 0.0015 ~0.0111 0.0034 -~0.0028 0.1045| 0.8212 0.1634 0.0683 -0.2294 -0.0440 -0. 1747 -0. 1567
0.0234 0.7308 -0.1669 0.0571 -0.0272 0.0349 0.0777 | 0.1634 0.4390 -0.2048 0.1147 -0.1068 0.1654 0.0525
0.0015 -0.1669 0.9309 -0.0010 0.0895 0.0763 0.0634 || 0.0683 -0.2048 0.7587 0.0433 0.0644 0.1449 -0.0104
-0.0111 0.0571 -0.0010  0.8767 -0.0316 ~0.0205 -0.0357 ||-0.2294 0.1147 0.0433  0.6359 -0.0836 -0.0949 0.0226
0.0034 -0.0272 0.0895 -0.0316 0.9515 ~0.0502 -0.0678 ||~0.0440 -0.1068 0.0644 -0.0836 0.8193 0.0840 0.0686
~0.0028 0.0349 0.0763 -0.0205 -0.0502 0.9502 -0.0411 (|~0.1747 0.1654 0.1449 -0.0949 0.0840 0,7001 -0.0403
0.1045 0.0777 0.0634 -0.0357 -0.0678 -0.0411 0.7782 |[~0.1567 0.0525-0.0104 0.0226 0.0686 -0.0403 0. 5397

5 41 (Conclusion)
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