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for data with label noise
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Abstract: Multiple-target regression refers to a set of input variables to estimate its corresponding multiple
continuous attribute values. which has a wide range of applications in the field of data mining. The current research
on multi-target regression tasks is based on the assumption that the label value is accurate. However, in actual
situations, some labels of the data set may not be accurate, that is, some labels have certain noise. In this case, the
traditional multi-target regression methods usually cannot achieve good results. In order to solve the multi-target
regression problem in the above situation, the characteristics of large data samples in big data are used to refine the
correlation between labels, and then the correlation matrix between labels is used to reconstruct the labels. Since the
number of labels in the multi-target problem is usually large, the noise interference of some labels can be diluted to a
certain extent. In addition, low-rank matrix decomposition is used to establish a mathematical optimization problem
for the above ideas, and on this basis, kernel techniques are introduced to improve the nonlinear fitting ability of the
model. Finally, a non-convex approximation method is used to solve the optimization problem, thereby ensuring the
prediction performance of the multi-target regression model. The experiment is compared with 6 existing multi-

target regression models on 18 datasets. The method proposed in this paper has obvious performance advantages in
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scenarios with large sample sizes.
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Tab. 1 Statistics of the dataset

Hlhde BB WAREARLEE PRH I UIEE
EDM 154 16 2 10
SF1 323 10 3 10
SF2 1066 10 3 10
JURA 359 15 3 10
wQ 1066 16 14 10
ENB 768 8 2 10
SLUMP 103 7 3 10
ANDRO 49 30 6 10
OSCALES 639 413 12 10
SCPF 1137 23 3 10
ATP1d 337 411 6 10
ATP7d 296 411 6 10
OES97 334 263 16 10
OESI10 103 298 16 10
RF1 9125 64 8 5
RF2 9125 576 8 5
SCM1d 9 803 280 16 2
SCM20d 8 966 61 16 2
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Tab. 2 Performance comparison when p=0. 1

STL mSVR AKRF MTFL mKKR RFMT LRMFN LRMFG

EDM 75.7 74.6 75.9 86. 3 84.5 74.5 76.5 75.3
SF1 114. 8 103. 7 113.1 112.9 111. 9 105. 1 104. 8 103.2
SE2 115.7 105. 5 114. 4 113. 8 117.5 104. 6 105. 8 103.5
JURA 59.7 62.1 62.6 61.5 64. 2 59.2 59.9 58.8
wQ 91.5 90. 6 92.9 97. 4 93. 4 91.1 90. 8 89.6
ENB 12.5 23.3 25.1 33.6 27.1 12.3 13.6 12.1
SLUMP 69.5 71.9 73.5 68.8 79.5 70. 2 72.8 71.5
ANDRO 61.8 63. 6 63.8 81. 4 64. 8 62.3 63.7 62.2
OSCALES 75.5 78. 6 78.9 169. 5 80. 5 74.2 75.1 73.5
SCPF 84. 9 83. 6 83.8 90. 6 86. 3 84.1 83.8 82.6
ATP1d 38.2 38.8 41.7 42. 3 38.8 38.2 37.9 36.7
ATP7d 53.3 48. 4 54. 2 55.7 49.5 47.2 48. 1 46.9
OES97 53.7 56. 4 59. 4 82. 6 59. 8 53.6 53.5 52.6
OES10 43.5 48.5 45. 4 53.9 49. 6 42.5 42.9 41.7
RF1 12.2 12.9 12. 4 98. 3 18.3 11.2 10.7 9.5

RF2 13.4 16. 6 16. 3 111. 6 14.5 11.9 11. 8 10. 6
SCM1d 37.8 38.7 37.7 45.3 39.5 35.9 36.2 34.1
SCM20d 49. 9 51.8 67.9 66. 8 51.6 46.7 46. 9 45.5

£3 p=0.5BTHIMEREXTLE

Tab. 3 Performance comparison when p=0. 5

STL mSVR AKRF MTFL mKKR RFMT LRMFN LRMFG
EDM 76.5 75.8 77.3 88. 4 86.7 77.8 77.3 76. 3
SF1 115.7 104. 9 115. 3 114.7 115. 6 106. 1 105.7 104.2
SF2 116. 8 107. 3 116. 8 115. 6 118. 9 105. 2 106. 4 104.7
JURA 60. 6 63.2 63.5 62.7 65.3 61. 2 60. 8 59.6
wQ 92.7 91.8 93.7 98.5 94. 3 91.5 91.7 90.5
ENB 13.7 24.2 26. 4 34.8 28.3 14.3 14.9 13.3
SLUMP 71.3 73.7 4.7 69.7 80. 9 70. 6 73.9 72.7
ANDRO 62.7 64. 4 64.7 82. 6 65.7 65.2 64. 5 63.3
OSCALES 76.7 79.8 79.7 170.7 81.4 75.6 76.3 74. 6
SCPF 86. 2 84. 8 84.9 91.7 87.5 85.3 84.7 83.6
ATP1d 39.4 39.9 42.6 43.5 40. 1 38.1 39.7 37.5
ATP7d 54.5 49. 6 55.4 56. 9 50. 7 48.9 49.0 47.7
OES97 55.8 57.9 61. 1 84. 8 62. 4 55.2 54.7 53.8
OESI0 44.7 49.7 47.7 56.5 52.3 45.3 44. 8 43.5
RF1 13.8 14.6 13.7 99.8 19.6 11.3 11. 8 10.6
RF2 14. 8 18.2 17.9 113.8 15. 8 12.2 12.7 11.5
SCM1d 39.4 39.8 39.6 47.6 42.3 36.3 37.8 35.6
SCM20d 51.6 52.7 68. 6 68.5 53.4 48.9 48. 4 47.3

BE Ak g NGE T HE W ) BEIE W] 4 B AE 4 R, SR 4 PRI LUE HE Friedman SEHRHE(E A
RRMSE PERE L0922 5 JATTE e th B Ho: 62, 23, X KT B MKPAE =0, 05 If A Ilfs SHE
FAD N RRMSE PEREAAE W35k 22 5% Bk 2052, IRt fieise Ho i 4. oh 1 v 4f B & S0 1 7
Friedman K300 i BOx g A7 0AE  HAHSCEE R RRMSE PEfE BA7 1 5 P22 5
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Tab. 4 The results of Friedman statistical test

Friedman 348 1 1HFAE SHAE{E
Friedman 4t MR AFE 62.23
BFEHAKF a=0. 05 I iyl S 2.52
GEiHREE SIS 4

H T4 8 7% 7F RRMSE MR8 /A7 B 5 1 2
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Fig. 1 The comparison of algorithm rank
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