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Multi-Instance Multi-Label Algorithm Based on Label Correlation
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Abstract: Multi-Instance Multi-Label (MIML) learning is a novel machine learvning framework in which an instance is
described by multiple instances and associated with multiple labels. This framewérk has become a hot topic in the field of
machine learning because of its excellent expressive ability for pdlysemous objects. The most direct way to solve the
MIML classification problem is the degradation strategyyititakes the multiple instance learning or multiple label learning
as a bridge, transforms the MIML problem into a series of binary classification problems. However, the correlation
information among labels will be lostjin the degradation process, which will affect the classification result. Based on these
problems, this study proposes‘the MIMLSVM-LOC algorithm. The algorithm combines the improved MIMLSVM
algorithm with a local iébel correlation method ML-LOC which considers the correlation information among labels in the
training process. The algorithm first improves the K-medoids clustering algorithm in the MIMLSVM algorithm, and then
uses the mixed Hausdorff distance to transform each instance packet into an instance, which degradate the MIML
problem. Then, the ML-LOC algorithm is used to continue the classification work. In the experiment, the comparison
experiment with other MIML algorithms, the result shows that the improved algorithm has better performance than other
classification algorithms.
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one-error 0.330+0.011 0.354+0.011 0.417+0.009 . 0.386+0.016
coverage 0.958+0.048 1.091+0.045 0.960+0.014 \ . 1.034+0.003
ranking-loss 0.180+0.010 0.200+0.010 0.203+0.005 0.217+0.012
average-precision 0.793+0.009 0.769+0.008 ¢ 0.771+0.012 - 0.750+0.017
X3 URFEAE BB GR
Metric MIMLSVM-LOC . MIMLSVM' MIML-BOOST MIMLSVM
hamming-loss 0.027+0.001 0.033+0.002 0.176+0.002 0.170+0.007
one-error 0.050+0.002 0.060+0.002 0.540+0.008 0.525+0.022
coverage 0.265+0.005 0.27+0.010 1.553+0.054 1.521£0.071
ranking-loss s " 0.017+0.001 0.02+0.003 0.130+0.005 0.135+0.024
average-precisiop i 0.968+0.004 0.96+0.003 0.658+0.006 0.667+0.013
R4 BEIFAAWNEEE ERUIZR ]
MIMLSVM-LOC MIML-SVM® MIML-BOOST MIMLSVM
.. . Scene 9.27+0.07 6.64+0.32 3009.85+59.17 9.18+0.38
Training (minutes)
Reuters 5.46+0.04 0.93+0.02 2994.18+42.26 5.32+0.06

R4 FEET DUAREVELE R N E0E S BT R A TR E
MEEFR 4 W51, BAKEE > MIMLSVM-LOC 5% ke
tt MIMLSVM "HE#S 2, 5 MIMLSVM %5 A H¢
F, iz /N MIMLBOOST 575, Ktk MIMLSVM 54
AR %, MIMLSVM-LOC #1 MIMLSVM %3

PRFERS A ZA K, (B2 0 KRR T MIMLSVM &

5. 1 MIMLBOOST 75 SCAFE A SERERT B4 EUR AR A
AT BT D, AR izesze i T A R, 257 B FTd, MIMLSVM-
LOC BEAE RGN SCAEHESE b, BRI R, i
e iR (R E N EA N
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BT o IR AR SRS R B R RR T SIS B2 R Y e
AT T Bk MIMLS VM 8323 6 sloidt i 592
5 ML-LOC 544, #2H MIMLSVM-LOC. #5
R HR A Hausdorff #5255 3T R IF5 % ML-LOC
FL I B, KR BIREAR R 7 B T, I HF— 4
P ) A — BRI AR e T4, ek ik K ()%
25 6], 2k JE ) MIMLSVM-LOC 532, AU % & 3R
il (1) JUAAT 56 2R R I B 25 e 3 T Rl MPE RS 2, 19>
ST IR W = A, RIS BB AR TR &, oAb =S (e A7,

S B4 Ui B MIMLSVM-LOC 5 &2 Ik T
e MIML 2p 85052, LLBSE A N H T 2 w6 £ brid
v 8. AL, 3 H R T AT AR AR R G ) b

(1) ZHHUE . A0, ZH0ERTIE 2 AE
SR S Z HIR IR S SEEUEXT T LR R A
A — W2, PR, dn o] f S H0RE BE e 2 — 1
A A AL

(2) 1% PR BB IR . A ST 558 Hh i FH 2 o8 B bR
B, TESEBR R, BT REA AN [, A% R 0 3 XA
SR SIS A 25 B IR, AT B A ik B R 2R, A2
B A 5T 77 ).
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