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Tab.1 The details of benchmark data sets

A~ ER ERR il AR
Aeh g BIAE R0 B
Musk1H] 166 47 207 45 269

GLEITE S

Musk2!!! 166 39 1017 63 5581
Elephantt8] 230 100 762 100 629
Fox!#! 230 100 647 100 673
Tiger!® 230 100 544 100 676

k2 EREHEELWNILRER

Tab. 2 Experimental results on benchmark data sets

AR/ %
Bk

Muskl Musk2 Elephant Fox Tiger
AR S B : 84.7  86.2 85.0 60.5 82.0
EM-DDL7] 84.8  84.9 78.3  56.1 72.1
mi-SVMCE 87.4  83.6 82.0  58.2 78.9
MI-SVMI8] 77.9  84.3 81.4  59.4 84.2
MICCLLR_SVML?] 86,0  82.2 80.7  52.1 79.1
MICCLLR_Votel2) 91,6  86.1 81.7 56.2 78.5
MICAL?2] 84.4  90.5 80.5  58.7 82.6

N TR R AR SO PR RE L OB B X —
A SCA IR JE R BEAT T I, %S0 AL 45 20
NSRBI BB S th 50 DN IEREAR A 50
A REAR LA, 6 T X SeSOR KR SR B PR A5 B
ATRIB 2 SCHRC12 ] B A SO S SCEkC12] A
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#: (MI-Kernel A1 miGraph) WL 45 RUt4T Tt
B A RN 3 s A SR 1 92 0 45 R AR R
FH 10 WA A5 28 B 6 158 B 45 1 7 YRS B, e
U1 S 50 25 R R . SR 3 AT LI . A S
P RS A A 13 AN B AR LR R
THALPAFE A 1 DR E S miGraph 5
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F AT s 4R B A5 R Y Z AL T MI-Kernel 5395,
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DT HA S 5

£3 XApREEELWERER

Tab. 3 Experimental results on text categorization

3R
PUETTE S
AXMAPE MI-Kernel miGraph
alt. atheism 68. 4 60. 2 65.5
comp. graphics 65.3 47.0 77.8
comp. os. ms-windows. misc 65.0 51.0 63.1
comp. sys. ibm. pc. hardware 59.5 46.9 59.5
comp. sys. mac. hardware 63.7 44.5 61.7
comp. windows. x 72.3 50. 8 69. 8
misc. forsale 59.5 51.8 55.2
rec. autos 64.0 52.9 72.0
rec. motorcycles 79. 4 50. 6 64.0
rec. sport. baseball 71.0 51.7 64.7
rec. sport. hockey 76.0 51.3 85.0
sci. crypt 73.3 56.3 69. 6
sci. electronics 56.6 50. 6 87.1
sci. med 62.3 50. 6 62.1
sci. space 69. 3 54.7 75.7
soc. religion. christian 67.1 49.2 59.0
talk. politics. guns 64.9 47.7 58.5
talk. politics. mideast 76.0 55.9 73.6
talk. politics. misc 64. 4 51.5 70. 4
talk. religion. misc 66. 4 55.4 63.6
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An algorithm for multi-instance learning

based on Logistic regression model and aggregate function
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WANG Xin,
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WANG Zhe-long

( School of Control Science and Engineering, Dalian University of Technology, Dalian 116024, China )

Abstract: Since many real-world problems could be transformed and solved in multi-instance learning

(MIL) framework, the researchers in the field of machine learning have paid more and more attention

to MIL. Based on the Logistic regression model, a new MIL algorithm is developed. Firstly, in this

algorithm, a new likelihood function is defined to build the relationship between the bag's class label

and its instances’ hidden class labels. Then, the aggregate function is used to transform the likelihood

function to a smooth concave function, thereby the problem can be solved by a general unconstrained

optimization method. Experimental results of both the benchmark data sets and a text categorization

problem show that the proposed algorithm can achieve superior performance to the published MIL

algorithms.

Key words: multi-instance learning; Logistic regression model; aggregate function; text categorization



