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Multi-instance Learning with Instance-Level Covering Algorithm

Dong Lulu', Xie Fei’, Zhang Cheng’

(1. Management Centre of Anhui Continuing Education Online Campus, Anhui Radio and TV University, Hefei, 230022, China;
2. Department of Computer Science and Technology, Hefei Normal University, Hefei, 230601, China;3. College of Computer Sci-
ence and Technology, Anhui University, Hefei, 230039 ,China)

Abstract: In multi-instance learning, the core instances play an important role on the prediction of bags’
label. And if two instances have different numbers of instances with the same category around them,
they have different levels of representative. In order to improve the classification accuracy, multi-instance
learning with instance-level covering algorithm (MILICA) is proposed by which we could select the most
representative instances to form the core instance set. Firstly, with the max Hausdorff distance and the
covering algorithm, the initial core instance set is constructed. Then, the final core instance set and the
number of instances in a cover are obtained. Finally, a similarity measure function is used to convert a
bag into a single sample for classification. Experimental results on two-category datasets and multi-cate-
gory image datasets demonstrate that the proposed MILICA method has perfect classification capability.

Key words: multi-instance learning; covering algorithm; core instance set; similarity measure function
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F1 WERYEEENEFEHARGR *2 AEgETMILICAEZEREHBEE LN FHEE
Tab.1 Detail information of two-category data- E
sets Tab. 2 Average classification accuracy of MILICA over different
B Ea/ s TROREIE/ A 4 values of g on benchmark datasets %
Musk1 47/45 5.17 166 g Muskl Musk2 Elephant Fox Tiger
0 90. 7 88.6 83.9 61.2 80.5
Musk2 39/63 64. 69 166
e / 0.2 87.9  86.5 82.3 58.5  85.1
Elephant ~ 100/100 6.96 230 0.4 88. 6 88.0 78.7 58. 1 77.3
Fox 100/100 6. 60 230 0.6 88. 4 91.4 80. 2 60. 4 78.0
) 0.8 87.6 87.8 83.6 65.9 77.1
Tiger  100/100 6.10 230 1.0 88.6 876 8.0  62.6  75.9
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R3 ARMILEZEREHEELNSEERER

Tab.3 Comparison of the performance of various MIL algorithms on benchmark datasets %
Bk Muskl Musk2 Elephant Fox Tiger
MILICA  90.7.[89.8,91.1] 91.4:[90.4,92.1] 85.0:[84.6,85.5] 65.9:[64.8,66.2] 85.1:[84.4,86.2]
MI-TWSVM 93.6 88.2 83.5 62.5 79.0
MILDS 75.0 86. 1 84.8 64.3 81.5
MILD B 88.3:[86.2.89.6] 86.8:[85.1.87.9] 82.9:[81.6.83.9] 55.0:[54.4,56.3] 75.8:[74.3.76.5]
MILIS 88.6:[85.8,91.5] 91.1.[89.4,92.8] n/a n/a n/a

MILES 86.3:[84.9.87.0] 87.7.[86.3,89.1] 84.1:[82.8.85.3] 63.0:[62.4,65.2] 80.7:[78.6.82.9]
DD-SVM  85.8:[84.1,87.6] 91.3:[90.4,92.8] 83.5:[82.3,85.2] 56.6:[55.2,58.0] 77.2.:[76.5,78.7]
mi-SVM  87.4:[85.7,89.3] 83.6:[82.2,84.8] 82.0.[80.6,83.5] 58.2:[56.8,59.6] 78.9:[80.2,80.4]

[S1EN]

MI-SVM 77.9:076.7,79.0] 84.3:[82.8,85.8] 81.4:[78.3,84.5] 59.4:[58.2,60.5] 84.0:[82.5,85.6]
DD 88.9 82.5 83.0 65.5 74.0
EM-DD 84.8 84.9 78.3 56.1 72.1
MissSVM 87.6 80.0 n/a n/a n/a
MI-ELM 88.2 85.0 82.6 62.7 84.6
Average 85.7 78.0 82.6 60. 3 78.1

HISEHR 25 SR T LA . 5 At MIL 5535 M be . MILICA S5k R B 7 S 45 19 70 R PR BE . B0 ik 1T
MILICA F3 35 A6 fif TR 22 718 ] 2 > (U 10 1) A 280tk o 98 HOsE P L 2 2002 MILICA e 4R U B U1
B 7 1] I LB i B s 101 K0 RE A 200 3 7 3 S ] AR R T
3.2 ZEREKSE

PG 53 2 0 22 7 191 2 2T B 2 4 1o T 4B 2 — o Sy M AR SO 12 7 28 7 ) TR A8 2 b B PR L AR
TLE e 20 28 JPEG 4% Uiy R 4 4328 100 I . 3431 2 000 15 . 345k B COREL BSR4 i 15115
VB DRg— A0 A R 9 725 1) BID AL P45 DX SRy i 19 885 8 A i SRR A — > 9 4 9 R AIE ) R R
F AL T COREL BUREMIEANER .

A4 LI 43 BB 4 AT L 43 0 AR 10 263641 1 000 @ A1 436 20 25353t 2 000 I B 45 2847 DIl 25 A0
M, e, AR ER AR T BEHLEE IR 50 70 I FUINSR, AR ik, S8R A 5 IR 2-fold CV 7
LT B UG I R SR o WA AR A AN [R) A AZ 0o s 1 4 L B0 5 S8 SUSG UE 25 SR 1) - S (R Oy e 4 1Y
g, 25 gy i MILICA WA g (i X B -2 70 K MERR EE . 3% 6 Oy MILICA A At 10 7553 1) °F
P07 J v R HE R 95 00 A DX ) B bo AR . e P AR TR i 4 2R 40 I SRR 12.13.16.17,19~21,
3545 M e 4 2R o 6 8 R IR R T TR0 i B 4R B REAE 3 D 3 R s e 3 T R 4] R IR
SRR T4 2~7 A7 A7 1 B2 U6 0 B T80 8~ 11 A7 o B A% SCOA vk =2 A1 1 JH A B30 1 A 4% > U0 4R
B 3 53 8 R B A S (EL X I T S — AT Average 9fEL. 5 IR 6 FOMLIR T O b R AF 10 2

WL S KB, g=0.2 Ml g=0. 8 iF, MILICA 43 5 7E 1 000 WAl 2 000 i &1 15 L 4% 2 5 & 19 70
RNEIE T 86. 9V 72. 606 .3 2 (MR BE & T 3R 5 1 I H A 2R 4912 > Bk

MF 6 1A MILICA B35 AE 2 000 i B4R B 2r JEMER BZ AR T 1 000 W& . X2 AT & 3% 73
2 WGP 7 1) (8 B RO s 91 A e 52 B0 400 DT 55 4 17 20 S T Ay 5 2R o TRD I 25 4 531 g T
BAFAEAR Z A58 b AL 3 S S IR DX 3sk 491 4n Y038 L LU T 0938 A 24 5 A K B2 AR 0 S A L

NS5 45 538 W] LU H L 3 T 7 91 2 BRSBTS A b ) v R 2 o T A s 48 i IBUSE
T X UL I 358 IR 7 491 68 268 53 9 T 0 0 BT AT S 4 . MILICA FE i 1 000 i A1 2 000 i P15 | )
P E 3 e R X s TR 6 i HA BT A Bk L L RGO B TR A O S S (B A i e 7. 4000 8. 506
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FHIE Y 95 20 1B AR DX ) /8 T3 6 o At 35 vk . X R WA SR H i MILICA 553k 8 0 1 1 fif ke
227 W TR A 22 S TR 28 R b o A7 A

4 SLEBRRERRNBINFEH RGO R5 TFE gfET MILCA 7 Corel Bl& #iE&E LT H 4
Tab.4 Average numbers of instances extracted RERE
from each kind of image Tab.5 Average classification accuracy of MILIA over differ-
Y B P& 45 5 42 T Ik OA) ent values of g on the Corel datasets %
0 e U+ 2 R 4,84 g 1 000 i K 1% 2 000 1 K%
1 75 3.54 0 84.2 69. 6
0.2 86.9 65.6
2 4t 3. 10
ERY 0.4 79. 8 70.3
3 RIS 7.59 0.6 78.2 71.0
4 2y 2.00 0.8 81.2 72.6
5 S 3.02 1.0 85.5 67.2
6 i 4% 4. 46
; ') _ *6 AEHEETE Corel EBRHEIFEE LMD LLERIER
- ' Tab. 6 Comparison of the performance of various MIL algo-
8 Lt 3.38 rithms on the Corel datasets %
9 Sy 7.24 - — —
e Tk 1000 1R 1% 2 000 W%
10 Ll 3.80 MILICA 86.9.[85.5.88.4] 72.6:[71.4,74.1]
11 f7 15 2. 80 MKSVM-MIL 85.2:[84.1,86.3] 71.3:[70.1,72.5]
12 i 5 5.19 MILDS 83.0 69. 4
y e 5 oy MILD B 79. 6 67.7
0 MILIS 83.8:[82.5,85.1] 70.1:[68.5,71.8]
14 ALIES 4.93 MILES 82.6.[81.4,83.7] 68.7:[67.3,70.1]
15 B A 2.56 DD-SVM 81.5:[78.5,84.5] 67.5:[66.1,68.9]
16 FH 2.30 mi-SVM 76.4:[75.3,77.5] 53.7:[52.2,55.2]
MI-SVM 74.7.[74.1,75.3 54.6:[53.1,56.1
17 KR 1.32 _ [ J [ ]
MissSVM 78.0:[75.8,80.2] 65.2:[62.0,68.3]
18 e 3.34 Kmeans SVM  69.8:[67.9,71.7] 52.3:[51.6.52.9]
19 bR 3. 65 Average 79.5 64.1

M 2 FIR 5 AT L 7E 2B SE FIFAEY ¢ =0 5 1. 0 I IO 05 4 19 2808 | G o A T HE B E A2
HH A AR L ) 3 T 2 R A SRR Y 7 1 ) T8RS R

4 LERIE

AR SC NSO 4 18 22 B AU e 5 A D s B O % L 3 1 MILCA Sk %00k 8 Je M T B g
PR &L Hausdorff Al CA #4358 01 A% 0o 78 Bl 46 SR (8T CA B335 T 305 28 75 f91) 119 AR 3R A 2 Ik G AR I 91
X3 SR (8 R W & I A B g 28 A% L s 1 48 5 i i ) A o s 491 42 oK 2 A8 i 1 i 9 12 20 AT o 2
AN 2 B D W R o o) o SRR AR AR5 B A I Z R ] 2] Tk AR B MILCA 5L Ui 1 3¢
TR RR o AR R B AR S I 5 0 ] S A A5 8 BB B s 491 O X AR IR A 7R B AR AT 2T L DA B 2
FoAt 7 33T 5 R OR B AR AR S L 0 LR T 2 R Bl 2 AR 2824~ .
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