F43k F2M it E® O R % Vol. 43 No, 2
2016 £ 2 B Computer Science Feb 2016
—METROEMIFSHTHNESREASHEESEE R
BRgR' THTE® WIEIE SiEK BARFE X ®

(BRA¥GBREERRIEF¥R B 264025 (LAIWF¥REESRTIR¥R WE 264005)
B E 3FHIREFIR—HHVONBEIER. ESTHEREFIFT HAROHBX AL, —NOB 3
ANTHIR, FHAFEE AL, BN EFHEFELIFAT . AFAAOTHTHRBRIEASAH ¢, 21X
REEREATRAERIENG, ATHRAOTFHGMENKE RET —HATFALERIES A4 S 76 54
BokFk, BHREAAGH A I HABEEATHOATHNERALRZ, EMASTHEY—MAEABREREF; R
BHEIETRE R ARE M4 62 2 REH B3| R E AR L6 TR =t 5 R Bl 62 S 2, 3I N 3 453 T Mg 59
GHNRRFERRNG EHESVMH LR, BRI AREE IO TRLEREAN, ZEEXRARGTEREI LY
AP,

X@A SFAFEI . SFHEIREFI,FOEBRIRASH, SHFET

hEESEE  TP181 SCRRARIRES A DOI 10. 11896/j. issn. 1002-137X. 2016. 2. 060

Multi-instance Multi-label Learning Algorithm by Treating Instances as
Non-independent Identically Distributed Samples
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Abstract Multi-instance multi-label learning (MIML) is a new machine learning framework. In this framework,an ob-
ject is represented as a bag which is decomposed of multiple instances and labeled with multiple labels, Previous studies
on MIML typically treated instances in the bags are independently identically distributed. However, it is difficult to be
guaranteed in real tasks, Considering correlation features of instance in a bag,a multi-instance multi-label learning algo-
rithm by treating instances as non-independent identically distributed samples was proposed. Firstly, instance correla-
tions are considered by establishing an affinity matrix. By this means each bag is represented with an affinity matrix.
Then, kernel functions based on the affinity matrix in different scales are established. Finally, considering predictions of
different kinds of labels are corresponding to different kernels, multiple kernel learning is introduced to construct and
train the MKSVMs, Experimental results on image data set and text data set show that the proposed algorithm greatly
improves the accuracy of the image multi-label classification compared with other methods.
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