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Multi-target Regression Method Based on Hypernetwork

SUN Kai-wei' ,GUO Hao' ,ZENG Ya-yuan' \FANG Yang' and LIU Qi-lie*

1 Key Laboratory of Data Engineering and Visual Computing,Chongqging University of Posts and Telecommunications,Chongqing 400065, China
2 School of Communication and Information Engineering,Chongqing University of Posts and Telecommunications, Chongqging 400065, China
Abstract Multi-target regression(MTR) is a kind of machine learning problem which predicts multiple relevant continuous out-
put targets simultaneously. In MTR, multiple output targets share the same input feature representation, the main challenge of
MTR lies in how to effectively explore and utilize the correlations among multiple output targets to improve the prediction accura-
cy of all output targets. In this paper,a multi-target regression method based on hypernetwork(MTR-HN) is proposed. First, the
k-means method is applied to each output target to divide it into multiple clusters. Then,according to the clustering results, MTR
problem is transformed into a multi-class multi-label classification problem. Finally, hypernetwork model is utilized to model the
multi-class multi-label classification problem,and the final prediction model for MTR is built based on hypernetwork. The main
merits of MTR-HN lie in:1)discretizing the output space.can reduce the risk of overfitting;2) hypernetwork can model the inter-
target correlations more effectively. Comparative experiments on 18 multi-target regression datasets show that the proposed
MTR-HN achieves better prediction performance than existing state-of-the-art multi-target regression methods.

Keywords Machine learning, Multi-target regression,Clustering, Multi-label classification, Hypernetwork
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Table 1  Statistics of 18 MTR datasets
SRS HAKN HiE%Hd REEFHEm
edm 154 16 2
enb 768 8 2
jura 359 15 2
scpf 1137 23 3
sfl 323 10 3
sf2 1066 10 3
slump 103 7 3
andro 49 30 6
atpld 337 411 6
atp7d 296 411 6
rfl 9125 64 8
rf2 9125 576 8
osales 639 413 12
wq 1060 16 14
oes10 403 298 16
o0es97 334 263 16
semld 9803 280 16
sem20d 8966 61 16

4.2 ZWELE

¢ MTR-HN J7 % 5 PUF 5 A48 2 H A [0 5 J7 %
A7 b S 56

(1)Stacked Single-Target™ , fij #k SST. X H £ 5 % 5
Je75 1% BR SR L 4330 S A s E AR DI 2k — A T A R
TE I 2R Y B b B o8 A 00 B o (B VR S AN AL B
JP 5L i AR

(2) Ensemble of Regression Chains’, fij #% ERC., %
2R 5257515 ECC M AR ¥ 24 H 45 Bl ML 4 B — 2% 5%
W B L H A th B bR A R AR S A I A B R B
N FRAE , # — 2% [0 9 254 , I 6 22 2% o1 U9 25 4 1E A7 4 .

(3)Multi-Task Feature Learning™”, fii #x MTFL, ¥ £
55 2 21 vh K AR 2% 1 SR R T 2 22 H A [ ) e,

(4) Multi-layer Multi-target Regression®!, fij & MMR,
R 5 ZAE 55 % 20 PARBR I vk 2R SREm ok 2 2] 2 B Al
rf 25 i bR A T AR TR A S

(5) Multi-target Regression via Quantization"*!, f&j

MRQ. 5ASCH H# MTR-HN 26, 5@ 1 R 3807 vl £ B i
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F 2 MTR-HN KO He Bk 7E 18 A HHe 4 19 52 56 45 51

Table 2 Experiment results of MTR-HN and comparing

algorithms over 18 dataset

HEE SST ERC MTFL MMR MRQ MTR-HN
edm 0. 740 0.741 0.851 0.716 0. 889 0. 656
enb 0.121 0.114 0.316 0.111 0.188 0.114
jura 0.591 0.590 0. 608 0.582 0. 764 0.585
scpf 0.831 0. 830 0. 899 0.812 0. 985 0.788
sfl 1.068 1. 089 1.112 0.958 0. 825 0.787
sf2 1. 055 1.088 1.127 0.984 0.821 0.791

slump 0.695 0. 689 0. 681 0. 587 0.926 0.652

andro 0.579 0.567 0.803 0.527 0. 954 0.364

atpld 0.372 0.372 0.415 0.332 0.474 0.345

atp7d 0.507 0.512 0.553 0.443 0.591 0.492
rfl 0.094 0.091 0.983 0.089 0.251 0. 086
rf2 0.097 0.095 1.103 0.095 0.251 0.091

osales 0.726 0.713 1.682 0.709 0.770 0.686
wq 0.909 0.906 0.962 0.889 1.068 0.902

oes10 0.421 0.420 0.532 0.403 0.507 0.373

0es97 0.524 0.524 0.818 0.497 0.642 0.501

semld 0. 336 0. 330 0.437 0.318 0.455 0.315

sem20d 0.413 0. 394 0.643 0. 389 0.485 0.381

2% 3 Friedman £ 56 (19 48 11 45 3
Table 3 Statistics of Friedman test
Friedman {§ 1% # %
Friedman % it & 65.916
B EMEAKF(=0.05) Tt FhiiERE 2.322
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T #E—2 438 MTR-HN J7 40 50 5 5 A4 e 33 4
T A8 AL . R A Nemenyi A6 56000 43 80 5= 9 95 1] (1)
AEXTMERE 22 5 OR AR 20 (12) B Rk N (A W 3 2 R O
/NI FL{E (Critical Difference,CD),

CD:qm/S(E;D (12)

Hop, S FRBEM AN BRBIEEMADELE «=0.05
i}, g, =2. 850,

U R T A S AE T B A e R 2 2 KT
ST CDAH, RWAW & Z A B &N2ES, B HEF 50
BRI R T MY R B L. MTR-HN 5§
5 AN H L 04 7 ¥ HE P %t e An &l 2 TR, BT LA H MTR-
HN 5 i 19 B0 4 66 B S48 T SST,ERC.MTFL J# ; MTR-
HN ik BEARE MMR FikZ B EA 85 ERES . |
JE MTR-HN 77 3 (¥ 7 5 He 7 5 f /i T MMR 5532, 358 9
MTR-HN {35000 4 B WAL F MMR 5 5, i 1 % 52 46 45 1
HEATGE AT 4007, T LLAS ) MTR-HN J5 & 9% 72 £ H 5 [l 14
[ R AR HG B v S R T S 0

CD=1.502

o
[}
IS

—1o

MTR-HN 1.417

MMR  1.750

SST 3.889
ERC 3.891

MRQ 5.167

MTFL 5.389

2 MTR-HN 575 5 A4 3 70 F Yy b i b
Fig. 2 Comparison of average ranks of MTR-HN and 5
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