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Abstract ; Multi-label learning has attracted a great deal of attention in recent years and has a wide range of
potential real-world applications, including image identification and text categorization. Although great effort has
been expended in the development of multi-label learning, two main challenges remain, i.e., how to utilize the
correlation between labels and how to tackle large-scale multi-label data. To solve these challenges, based on the
multi-label hypernetwork ( MLHN) algorithm, in this paper, we propose a Spark-based multi-label hypernetwork
ensemble algorithm ( SEI-MLHN) that effectively utilizes label correlation and can deal with large-scale multi-label
datasets. First, the algorithm introduces cost sensitivity to enable it to adapt to unbalanced datasets. Secondly, it
improves the hypernetwork evolution learning process, optimizes the loss function, and reduces the inherent time
complexity. Lastly, it uses selective ensemble learning to enable it to adapt to large-scale datasets. We conducted
experiments on 11 datasets wit different scales. The results show that the proposed algorithm demonstrates excellent
categorization performance, low time complexity, and the capability to handle large-scale datasets.
Keywords ;: multi-label learning; hypernetwork ; label correlations; Apache Spark; selective ensemble learning
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Table 1 Multilabel data sets used in experiments

Bynde  HEARR RYERC BRSR BRSNS

emotions 593 72 6 1.869 Music
Scene 2407 294 6 1.074 Images
Yeast 2 417 103 14 4.237 Biology

Medical 978 1 449 45 1.245 Text
Enron 1702 1 001 53 3.378 Text
CAL500 502 68 174 26.044 Music

19 348 5 000 201 2.213 Text

Eurlex-sm

Eurlex-de 19 348 5 000 412 1.292 Text
Mediamil 43 907 120 101 4.376 Video
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Table 2 Comparison of algorithms used in experiments

RS SR E

BRSVM! Fe2p 2] Al AN SRR I L
ML-KNN! smooth=1.0, ¥T4F%C=10
CLRSVM'® et S M SRR R AL
RAKEL™’ PREME k=3, M K/N= 2¢
I L5 A SRR R AL
LR/ =50
IBLR'* A= 10
COCOA™ k=10
S-CoMLHN!* 4% =20,7=0.01
SI-MLHN A% =10, =0.01

R3 ZIEBATLARE
Table 3 Experimental environment
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Table 4 Configuration in clustered environment

SRR B A
BAERSE Cent 086.5
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Scala A< 2.10.4
Hadoop JiiA% 2.5.2
Spark JiiAs 1.5.1
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Table 5 Experimental results of each comparing algorithm ( mean rank) on five evaluation metrics

Hamming Loss 1

ik CAL500 emotions medical  enron scene yeast  eurlex-sm mediamill eurlex-dc  AveR
BRSVM 0.137(1)  0205(6) 0.012(2) 0.046(1.5) 0.11(8) 0.202(7.5) 0.006(4.5) 0.031(5) 0.002(6.5) 4.67
CLRSVM 0.141(3.5) 0206(7) 0.022(10) 0.046(1.5) 0.111(9) 0.201(6) 0.008(9.5) 0.035(10) 0.003(9)  7.28
RAKEL 0.170(8)  0.262(10) 0.014(7) 0.058(10)  0.141(10) 0.254(10) 0.008(9.5) 0.0307(5) 0.002(6.5) 8.44
ECC 0.141(3.5) 0200(4) 0011(1) 0.047(3)  0.092(6) 0.202(7.5) 0.005(1)  0.0302(2) 0.002(6.5) 3.83
IBLR 0.232(10) 0204(5) 0014(7) 0.057(9)  0.087(4) 0.199(3.5) 0.007(8)  0.032(8) 0.006(10)  7.17
COCOA 0.173(9)  0216(9) 0.013(4) 0.053(8)  0.094(7) 0212(9) 0.006(4.5) 0.034(9) 0002(1)  6.72
MLKNN 0.140(2)  0209(8) 0.014(7) 0.049(7)  0.091(5) 0.199(3.5) 0.006(4.5) 0.032(7) 0002(2)  5.11
S-COMLHN  0.142(5) 0.169(2) 0017(9) 0.048(4.5) 0.078(2) 0.196(1) 0.006 1(7) 0.030 5(3)0.001 9(4) 4.17
SI-MLHN 0.147(7) 0.159(1) 0014(5) 0.049(6)  0.082 (3) 0.200(5) 0.006(4.5) 0.031(5) 0.002(6.5) 4.78
SEI-MLHN 0.146(6) 0.163(3) 0.013(3) 0.048(45) 0.075(1) 0.198(2) 0.006(2) 0.030(1) 0002(3)  2.83
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Ranking Loss |

KERFS
CAL500  emotions  medical ~ enron scene yeast  eurlex-sm mediamill eurlex-dc  AveR
BRSVM 0.498(10) 0.286(9) 0.165(10) 0303(9) 0.179(9) 0.324(9) 0273(9) 0.229(9.5) 0.288(9)  9.28
CLRSVM 0207(7) 0.162(4) 0.124(8) 0.075(1) 0.080(5) 0.170(4.5) 0.127(7) 0.105(7) 0.035(3) 5.17
RAKEL 0472(9) 0315(10) 0.150(9) 0306(10) 0.209(10) 0.353(10) 0.342(10) 0.229(9.5) 0.292(10) 9.72
ECC 0.195(3)  0.165(5) 0.059(7) 0.130(8) 0.081(7) 0.182(8) 0.143(8) 0.177(8) 0.175(8)  6.89
IBLR 0442(8)  0.170(7) 0.058(6) 0.111(6) 0.078(4) 0.171(6) 0.058(6) 0.054(4) 0.126(7) 6
COCOA 0202(5) 0.168(6) 0.038(3) 0.084(2) 0.073(2) 0.170(4.5) 0.015(1) 0.046(1) 0.021(1) 2.83
MLKNN 0.186(1) 0.181(8) 0.050(5) 0.086(3) 0.082(8) 0.172(7) 0.022(2) 0.056(5) 0.033(2) 4.56
S—-CoMLHN 0.191(2) 0.114(3) 0.032(1) 0.095(4) 0.071(1) 0.168(1) 0.030(3) 0.049(2) 0.046(5) 244
SI-MLHN 0202(4) 0.104(1) 0.045(4) 0.113(7) 0.080(6) 0.169(2) 0.048(5) 0.049(3) 0.046(4) 4
SEI-MLHN 0204(6) 0.112(2) 0.033(2) 0.107(5) 0.078(3) 0.170(3) 0.045(4) 0.057(6) 0.068(6) 4.11

One-error |

Bk
CAL500  emotions  medical  enron scene yeast  eurlex-sm mediamill eurlex-de  AveR
BRSVM 0.394(8) 0.336(9) 0314(8) 0339(8) 0357(9) 0.258(9) 0271(8) 0.203(6.5) 0408(7) 872
CLRSVM 0233(6) 027(4) 0.642(10) 0212(1) 0248(8) 0.23(2) 0447(10) 0.261(10) 0.897(10) 7.17
RAKEL 0.777(9)  0417(10) 0.319(9) 0.499(10) 0.435(10) 0.272(10) 0.387(9) 0.203(6.5) 0.42(9)  9.39
ECC 0.143(2) 0272(5) 0.169(1) 0252(7) 024(7) 0244(8) 0.157(2) 0.17(2) 0281(3) 5.67
IBLR 0.867(10) 0.293(6) 0219(6) 03985(9) 0.228(5) 0.238(5) 0257(7) 0.181(4) 0413(8) 6.6
COCOA 0.15(3) 0296(7.5) 0.179(2) 0247(6) 0.224(4) 0234(3) 0.13(1) 0.157(1) 0.208(1)  3.17
MLKNN 0.118(1) 0.296(7.5) 0206(4) 0232(2) 0239(6) 0241(7) 0.161(3) 0.179(3) 0264(2) 5.17
S-CoMLHN 0287(7) 0210(3) 0271(7) 0.235(3) 0.196(2) 0.237(4) 0.195(6) 0217(8) 0.324(5) 5
SI-MLHN 0202(5) 0.166(1) 0215(5) 0.239(5) 0203(3) 0241(6) 0.184(5) 0.231(9) 0.325(6) 5
SEI-MLHN 0.170(4) 0.183(2) 0.186(3) 0.237(4) 0.183(1) 0.229(1) 0.173(4) 0.185(5) 0282(4) 3.1

s Average Precision T

CAL500  emotions  medical  enron scene yeast  eurlex-sm mediamill eurlex-de  AveR
BRSVM 0295(8) 0.725(9) 0.682(9) 0.483(9) 0.765(9) 0.666(9) 0.594(8) 0.501(9.5) 0.557(8) 8.72
CLRSVM 0453(7) 0.8(45) 0416(10) 0.699(1) 0.855(8) 0.757(6) 0.436(10) 0.530(8) 0.236(10) 7.17
RAKEL 0.267(9) 0.682(10) 0.697(8) 0.442(10) 0.718(10) 0.629(10) 0.499(9) 0.501(9.5) 0.548(9)  9.39
ECC 0492(2) 0.8(45) 0.844(4) 0.665(7) 0.858(65) 0.754(8) 0.758(6) 0.601(7) 0.701(6)  5.67
IBLR 0253(10) 0.79(6) 0.814(7) 0.605(8) 0.864(5) 0.758(4.5) 0.752(7) 0.696(5) 0.643(7) 6.6
COCOA 0471(6) 0.789(7) 0.863(2) 0.683(2) 0.868(4) 0.758(4.5) 0.848(1) 0.728(1) 0.827(1) 3.17
MLKNN 0484(4) 0.781(8) 0.833(5) 0.672(6) 0.858(6.5) 0.756(7) 0.815(2) 0.693(6) 0.779(2)  5.17
S-CoMLHN 0496(1) 0.849(3) 0815(6) 0.675(5) 0.882(2) 0.762(2) 0.795(5) 0.704(3) 0741(4) 344
SI-MLHN 0484(5) 0.868(1) 0.850(3) 0.675(4) 0.875(3) 0.761(3) 0.803(4) 0.698(4) 0.740(5)  3.56
SEI-MLHN 0486(3) 0.856(2) 0.870(1) 0.677(3) 0.887(1) 0.765(1) 0.814(3) 0.722(2) 0.772(3) 211
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Bk
CAL500  emotions  medical  enron scene yeast  eurlex-sm mediamill eurlex-de  AveR
BRSVM 0336(6) 0.583(9) 0.657(8) 0534(7) 0.610(9) 0.606(8) 0.642(8) 0.525(7.5) 0.568(7) 7.72
CLRSVM 0252(10) 0.590(7) 0263(10) 0.537(5) 0.618(8) 0.610(7) 0335(10) 0.382(10) 0.087(10) 8.56
RAKEL 0347(4) 0.525(10) 0.678(7) 0497(9.5) 0.549(10) 0.542(10) 0.555(9) 0.525(7.5) 0.552(8)  8.33
ECC 0345(5) 0.635(4) 0720(5) 0571(1) 0.692(4) 0.622(3) 0678(4) 0508(9) 0.614(3) 422
IBLR 032(9) 0.595(6) 0.726(3) 0497(9.5) 0.681(5) 0612(6) 0.658(7) 0532(5) 0573(6) 628
COCOA 0369(1) 0.624(5) 0724(4) 0542(4) 0.66(65) 0613(5) 0721(1) 0554(3) 0.686(1) 339
MLKNN 0323(8) 0.585(8) 0651(9) 0523(8) 0.66(6.5) 0.603(9) 0673(5) 0528(6) 0.584(5) 7.17
S-CoMLHN  0331(7) 0.709(3) 0.688(6) 0535(6) 0.781(3) 0.619(4) 0670(6) 0.546(4) 0525(9) 533
SI-MLHN 0359(2) 0.730(1) 0752(2) 0551(2) 0.785(2) 0.635(2) 0711(3) 0557(2) 059(4) 222
SEI-MLHN 0353(3) 0722(2) 0772(1) 0550(3) 0.798(1) 0635(1) 0.713(2) 0573(1) 0643(2) 1.78

# 6 SI-MLHN 70 SEI-MLHN Z£(#E£ nus-wide-full-cVLADplus 1 nuswide-bow _EEYIEEEFEHR (BT )
Table 6 Classification performance (meanzstd.) of SI-MLHN and SEI-MLHN on nus-wide-full-cVLADplus and nuswide-bow

Example-based

Bk Bk Hamming loss Ranking Loss One—error Average Precision
F,-measure
nuswide-cVLADplus ~ SI-MLHN — (0.0214+1.0)x10™*  0.1007+0.0318  0.3875:0.0147  0.518320.0244  0.3343+0.0184
nuswide-cVLADplus ~ SEI-MLHN  (0.021 7+1.0)x10™*  0.110 620.002 1 ~ 0.390 2+0.001 8  0.5152+0.001 7  0.348 1x0.002 7
nuswide-bow SI-MLHN  (0.023 2£2.0)x10™  (0.098 8+3.0)x10™ 0.449 4+0.001 6  0.467 3x0.000  0.310 1+0.003 6
nuswide-bow SEI-MLHN 0.023 20000 (0.133 7+£9.0)x10™* 0.444 9+0.001 4 (0.456 4+5.0)x10™* 0.308 7+0.003 1

x7 ESREEIERELREEESE FRHETIERE LR
Table 7 Relative performance comparison of multi-label algorithms on data sets

BRSVM(4, ),CLRSVM(4, ) ,RAKEL(A, ) ,ECC(A4, ) ,IBLR(A,) ,COCOA (4, ) ,MLKNN(A, ) ,S-CoMLHN(A; ) ,SI-MLHN(A, ) ,SEI-MLHN(A,, )

Hamming loss

Example based F,

Ranking loss

one-error

Average precision
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Fig.5 Training and testing time of each comparing algorithm on multilabel data sets
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