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Imbalanced Multi - label Learning Algorithm Based on Classification Interval En-

hanced

CHENG Yusheng!'?, CAO Tiancheng®

(1. University Key Laboratory of Intelligent Perception and Computing of Anhui Province(Anging Normal University), Anqing

246133, China;2. Innovation Team of Anqing Normal University, Anqing 246133, China)

Abstract: Traditional multi-label learning algorithms generally do not consider the label imbalance, so the
impact of label imbalance on classification is not ignored. However, statistics show that the current multi-
label datasets have the problem of label imbalance, and a few kinds of labels are often more important.
Based on this, this paper proposes an imbalanced multi-label learning algorithm based on classification
interval enhanced (MLCIE), which aims to enhance the learning efficiency and improve the quality of the
sample label by using the reconstruction of each label classification interval, so as to reduce the impact of
multi-label imbalance on the learning accuracy of the classifier. Firstly, the uncertainty coefficient of each
label is calculated by using the density and conditional entropy of each label; Then the enhancement matrix
of classification interval is constructed, so that the unique density information of each label is integrated into
the original label matrix to obtain the balanced label space; Finally, the limit learning machine is used as
the linear classifier for classification. In this paper, the proposed algorithm is compared with other seven

multi-label learning algorithms on the 11 multi-label standard datasets. The results show that the proposed
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algorithm can solve the problem of label imbalance.
Key words: multi-label learning; label imbalance; classification interval; label density; extreme learning
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R T AR SCHR T R T SIS 8] B 1 SR NP 2 45 48 2% 2] 5512 (Imbalanced multi-label learn-
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3.3 XMHEE55HLE Computer 2000 3000 33 681  IHEMLICA
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Entertainment 2000 3000 21 640 AR
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ARICEFE T T4 Zh %7 T FEER
XF AR 40 Ry« T KT AR VAR Y 2 45
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1 £ b7 % % 2] 7% ML-KELM (Multi-la-
bel KEML )™ Bt 4% ] 3L R 30 19 2 F1r 28 2% > 553 ML-RBF (Radial basis function neural network based
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-label learing with label specific features) ), #£Ax CH ¥k MLCIE H, F ¥ S % s = 0.001, F 1 1L 2 5
a=2,IEM R U =1, R Bk RBF S8 0 1. 78 ML-KNN B84 k= 15, F il S8 s =
1o 76 IMLLA iz 484 k= 15, 7E RankSVM H AR S 808 1, % o6 %0k ) RBF . £ ML-KELM
HOIE WA R AR 1, % R ECE ] RBE, B S 80 7E[ 1, 10018 . 7 ML-RBF &% S8 7E[ 1, 1001 N -
TELIFT HFi 280 0.1, 25 B B0 T 5503 i w] A7 Pk R 1, O 0/ 152 22 1 7 A, 25 % L B iR 7E
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x4 BEEEUNANBIEELHAPAE
Table4 AP 4 values of each algorithm on 11 data sets
LYEITE S MLCIE ML-KNN IMLLA RankSVM ML Nel.t- ML-RBF LIFT
KELM NLS
Art 0.624 9(1) 0.569 7(7) 0.488 5(8) 0.5705(6) 0.614 3(3) 0.624 6(2)  0.606 6-0.001 8(4) 0.606 04-0.002 8(5)
Business  0.889 6(1) 0.8822(4) 0.8717(8) 0.8718(7) 0.8829(3) 0.886 8(2)  0.880 54-0.001 2(6) 0.882 0+-0.001 4(5)
Computer  0.7112(1) 0.662 0(6) 0.6153(8) 0.6157(7) 0.700 9(3) 0.707 2(2)  0.696 04-0.002 6(5) 0.697 90.002 7(4)
Education  0.647 4(2) 0.608 2(6) 0.528 5(8) 0.553 0(7) 0.637 9(3) 0.648 0(1)  0.621 140.002 2(5) 0.632 9-0.003 0(4)
Entertainment 0.692 1(1) 0.621 8(7) 0.549 7(8) 0.642 1(6) 0.684 7(4) 0.6920(2) 0.679 440.003 0(5) 0.686 44-0.003 0(3)
Health 0.793 4(1) 0.756 2(6) 0.669 8(8) 0.674 5(7) 0.782 4(4) 0.7914(2) 0.781240.001 2(5) 0.782 64-0.001 7(3)
Recreation  0.634 1(1) 0.5613(7) 0.412 7(8) 0.570 6(6) 0.628 7(3) 0.6328(2)  0.620 1+0.002 6(5) 0.621 8--0.002 7(4)
Reference  0.717 3(1) 0.682 0(6) 0.5859(8) 0.624 8(7) 0.708 7(4) 0.717 2(2)  0.709 64-0.002 1(3) 0.701 4+-0.003 2(5)
Science  0.596 4(3) 0.548 9(6) 0.4452(8) 0.503 5(7) 0.596 8(2) 0.603 2(1)  0.583 04-0.002 0(5) 0.590 00.002 1(4)
Social 0.774 3(1) 0.7555(6) 0.6914(7) 0.6899(8) 0.7719(3) 0.7722(2) 0.764 4+0.001 5(5) 0.768 640.002 8(4)
Society  0.6458(1) 0.618 1(6) 0.5858(8) 0.593 0(7) 0.636 4(3) 0.643 8(2) 0.627 440.001 2(5) 0.634 2-40.002 9(4)
- HE 1.27 6.09 7.91 6.82 3.18 1.82 4.36 4.09
x5 EEENTEHHRF
Table 5 Average sorting of algorithms
PP EFE  MLCIE  ML-KNN  IMLLA  RankSVM  ML-KELM NeLC-NLS ML-RBF  LIFT
AP 1.27 6.09 7.91 6.82 3.18 1.82 4.36 4.09
OE 2.27 6.00 7.36 7.55 3.18 1.55 3.45 4.64
RL 1.00 3.59 7.81 4.55 5.45 2.64 7.09 3.86
CV 1.00 3.27 7.27 4.27 5.73 3.82 7.73 2.91
HL 1.18 5.82 7.09 7.91 2.95 5.09 2.27 3.68
JXiN 1.344 4.954 7.488 6.220 4.098 2.984 4.980 3.836
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Fig.2 Performance comparison of each algorithm

X TR AR AR 35 Bl S X L A5 L (7 R X LB S RPEAN AR AR ) L S A 218 B A5 AR T4
MO0  MLCIE 5k 5 HALF A B E 25 I HMReE 97X M oL T . 7 APH§4r I ML-
CIE 5% 5 NeLC-NLS Sy A B #2576 CV B | MLCIE 5394 5 LIF T 57 ¥ fil ML-KNN 53 7%
WA B EVEZE R fF HLF8 45 I MLCIE#& i 5 ML-RBF %A 81 2% 7 7F OE 4845 - MLCIE &
%5 NeLC-NLS & % ML _KELM & % ML-RBF Bk %A B E 25 7 RLIER L MLCIE& L 5
NeLC-NLS 7L ML-KNN B & A7 8 F W22 5 . £ SFTF M br it ge I, MLCIE 54U 7E OE 4R
bR AT NeLC-NLS 8.3 , 2 H A48 45 L340 e 500k .

MR GE T RA 56 43 7 AT A, MLCIE Sk PR AR e i, 5 AT b Bk i ks Rl g, ik — 20 0
BT MLCIE 5383 0947 2t DL R 43205 0] I 184 58 0 1 1) & Bk

4 ZERIE

TE 2R 2857 ] R O DD 2 AN S 415 A RS2 ), AR SOH B 28 5 T A B A B & 5 [ o ARG
IrIEAR RN RE . e A SCHIAT 2K ) B R AR G, O B T 0 2AS ) B A YA P 2 A 2
AR B ABOBRTE TR B R R b RS S TEIEAR . LmATR KRN, ML-
CIE LA T — Lo WA 2 hR 252 ) 500k o AR SCHOE BT (9 T U(E T 90 TIE AR 28 A 2448 X0 70 28 250 12 119
SR, DR AP A 288 [ R 96 5 R I 4 g T o R o A o 8 B % B  TR  RE AE  f AR SA
& — A T 5 T RS e IR 2 0 A S A L B — AP R R 0 S I R R R A T IR AR T e AR
T RE .

S E 3k

[1]  ZHOU Z H, ZHANG M L. Multi-label learning[C]//Proceedings of Encyclopedia of Machine Learning and Data Mining. US:
Springer, 2017.

[2] SCHOLKOPF B, PLATT J, HOFMANN T. Multi-instance multi-label learning with application to scene classification[C]//
Proceedings of International Conference on Neural Information Processing Systems. Cambridge, MA: MIT Press, 2006:1609-
1616.

[3] READ J, PFAHRINGER B, HOLMES G, et al. Classifier chains for multi-label classification[J]. Machine Learning, 2011,
85(3):333-359.

[4] ZHANG M L, ZHOU Z H. Multilabel neural networks with applications to functional genomics and text categorization[J].
IEEE Transactions on Knowledge and Data Engineering, 2006, 18(10):1338-1351.

[5] ZHANG M L, ZHOU Z H. ML-KNN: A lazy learning approach to multi-label learning[J]. Pattern Recognition, 2007, 40(7):
2038-2048.



528 R E B L Journal of Data Acquisition and Processing Vol. 36, No. 3, 2021

[6] ZHANG L, FU X, LI H, et al. An improved maximum a posterior-based estimation method coping with capture effect for
RFID tags identification[J]. International Journal of Pattern Recognition and Artificial Intelligence, 2020, 34(5):63-67.

[7] LIU B, TSOUMAKAS G. Dealing with class imbalance in classifier chains via random undersampling[J]. Knowledge-Based
Systems, 2020, 192: 105292.1-105292.13.

[8] TSAISC, CHENG T Y, CHEN Y N. Leveraging hierarchical category knowledge for data-imbalanced multi-label diagnostic
text understanding[C]//Proceedings of the Tenth International Workshop on Health Text Mining and Information Analysis
(LOUHI 2019). Stroudsburg, PA: ACL, 2019: 39-43.

[9] PENG Y, HUANG E, CHEN G, et al. A general framework for multi-label learning towards class correlations and class
imbalance[J]. Intelligent Data Analysis, Cambridge, MA: MIT Press, 2019, 23(2): 371-383.

[10] HSUDJ, KAKADE S M, LANGFORD J, et al. Multi-label prediction via compressed sensing[C]//Proceedings of Advances
in Neural Information Processing Systems. Cambridge, MA: MIT Press, 2009: 772-780.

[11] CHENG Y S, ZHAO D W, ZHAN W F, et al. Multi-label learning of non-equilibrium labels completion with mean shift[J].
Neurocomputing, 2018, 321:92-102.

(12] W, BT, ARERAL . 101 BRI S0 A ) BB IC B (T] I EHLOR T 5 & B, 2017, 54(6):1171-1184.

GENG Xin, XU Ning, SHAO Ruifeng. Label enhancement for label distribution learning[J]. Computer Research and Develop-
ment, 2017, 54(6):1171-1184.

[13] LIY K, ZHANG M L, GENG X. Leveraging implicit relative labeling-importance information for effective multi-label learning
[C]//Proceedings of 2015 IEEE International Conference on Data Mining (ICDM). Los Alamitos, CA: IEEE Computer
Society, 2015: 251-260.

[14] HOU P, GENG X, ZHANG M L. Multi-label manifold learning[C]//Proceedings of Thirtieth AAAT Conference on Artificial
Intelligence. Palo Alto, CA: AAAI, 2016:1680-1686.

[15] XU N, LIU Y P, GENG X. Label enhancement for label distribution learning[J]. IEEE Transactions on Knowledge and Data
Engineering, 2019, 33(4): 1632-1643.

[16] HUANG G B, ZHU Q Y,SIEW C K. Extreme learning machine: Theory and applications[J]. Neurocomputing, 2006, 70(1/2/
3):489-501.

[17] ZHANG M L, ZHOU Z H. A review on multi-label learning algorithms[J]. IEEE Transactions on Knowledge and Data
Engineering, 2014, 26(8):1819-1837.

(18] 5ol . — B ZhRic it =7 > L [T] TFREALIR ST 5 4 e, 2012, 49(11):2271-2282.

ZHANG Minling. A new multi label lazy learning algorithm[J]. Computer Research and Development, 2012, 49(11):2271-
2282.

[19] LUO F, GUO W, YU Y, et al. A multi-label classification algorithm based on kernel extreme learning machine[J].
Neurocomputing, 2017, 260: 313-320.

[20] ZHANG M L . MI-RBF: RBF neural networks for multi-label learning[J]. Neural Processing Letters, 2009, 29(2):61-74.

(21] MREME, BORTL, BRI U SB4R 28 =5 (] 4R P AL iR 2 4h 2 19 2 A5 22 2 [J]. SR B 5 N TR BE L 2018, 31(8):740-749.
CHENG Yusheng, ZHAO Dawei, QAIN Kun. Multi-label learning based on unbalanced label completion in nearest neighbor
label space[J]. Pattern Recognition and Artificial Intelligence, 2018, 31(8):740-749.

[22] ZHANG M L, WU L. Lift: Multi-label learning with label-specific features[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2014, 37(1): 107-120.

fEEE AN

BEERM969) ,BIEEE,
TR B A S,
FET7 ) B4 I Rk AR
LA 2% 2 %, E -mail:
chengyshaq@163.com.

R (1995-), B, i+ Hf
S Al L R E ot
i . 4 it % , Email:

641560829@qq.com

(¥ .2 F &)



