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Solving Multi-instance Learning Problem with Evaluating the Importance of Concept in Instances

GAN Rui  YIN Jian
(School of Information Science and Technology,Sun Yat-sen University, Guangzhou 510006, China)

Abstract In multi-instance learning, the training set is composed of labeled bags,each of which consists of many unla-
beled instances,and the goal is to learn some classifier from the training set for correctly labeling unseen bags. In the
past, some researches about multi-instance learning aim at improving single-instance learning algorithms to meet the
multi-instance representation,and others try to propose some new methods to find the relationship between instances

and bags and use the result to solve the problem. This paper started from adapting the representation of the bag and

proposed a new algorithm concept evaluating algorithm, First, this algorithm uses a cluster algorithm to cluster all
instances into d group, here each group can be treated as a concept in the instances. Then, it uses the TF-IDF (term fre-
quency-inverse document frequency)algorithm to get the importance of each concept in the bag. Finally, each bag is re-
represented as a d dimensional vector——concept evaluating vector, the ith value in this vector is the importance of the
ith group in the bag. Because after re-representing the data set is not “multi” again, some propositional single-instance
learning algorithms can be used to solve multi-instance learning problem effetely.
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FEX BRI A A R DURB D & L @ s a gl Y
2R R, 5 H FIIZ 48 1 45 5ok A vk 22 71 1 % X [ A
B0, R E (Diverse Density, DD Bk # AR  BL
MR B REES, HAT & 327 s F0E iy 8 e 2s fe) h
BIRABRKEHEEERPH. EXH, BEEEER
—Fp R, AR —> S M B B IE B2, T R AR 4] H
BAGRIE , IR A KRB R R K, BB AT, ST A
XA SENSEACRRICH ., EEEEEEEERT
R REE BERORML. B BRI R B S b
B A5 B— R A B W EE SR BS,  T
KAME THREESEERAAEHRARI 2 RERE, IR
GERPIFRE B MBI BA R ER, MERERELR K
W B K B ME S BF (Expectation Maximization Diverse Den-
sity, EM-DD)Y & #7854 T EM B 5 5 BAR RN W SR
FEEESCR M B GHAT T B, B RAFTERA—EMN
Bt [E] A BEFR I B B A 45 2R .

FEETRMEA . AEMRERRBEL R NETH
7B B MBS 2 S B g AT W] DA S R R A FE T AR
PR B2E S [ RE , 0 Citation kKNNUI B EE kB3 ke iE 4R
SPRB W —M S, ZEE AN — MR IC A B B XA
AV B IRE » BN i T IX 0 2 M 4R s AR S fu ok
. EIRAWESH, ZERERARNMEREZRER
(minimum Hausdorf{ distance) k#8546, 2 [B] W IEST,
A BfE B A% 48 5 BR G BE & Ceuclidean distance), B F|WTE,
Citation-kNN B 3:4K IH B Ak 25 22 B 1) 2277 B B s v A 2 0021
MXBRFHEEZ — HRERBEAR, XLREEE A
BRYZHEEEEEML, RERERCEFEA THAN
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HABAREREETE NS SERA AT REE; FEH
YA ZRPH TF-IDF (Term Frequency-Inverse Document
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ARFIESEEERABEEL, AR ETHEEQT RN
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BAEMBT.
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Bag, =[TF-IDF(i,1) , TF-IDF(i,2) ,++*, TF-IDF (i, d) ]
K, TF-IDF G, ) Fniliad TF-IDF FEERB0E j MEE
Bag; R EEN,
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#2 HEITEERORG

1A% & # 7% (concept evaluating algorithm)
Concept_ Evaluating (B_Train,B_Test,d, Cluster, Classfier)
Input:B_Train: A train set of m bags {(B1,y1)+***,(Bmsym)}
B_Test: A test set of n bags {B1,+,B,}
d: The number of cluster

Cluster; Clustering algorithm
Classfier; Classifier training algorithm
<@
for Bi & B_Train do
for x€ Bi do
Z<Z U {x}
end of for
end of for
/e ERARGIRE dANE =/
{Groupi -+*Groupd } =Cluster(Z,d)
[ EINEEFHRBERE INE */
Initial Traine—®
for Bi €B_Train do
for k€& {1+++d} do
¥, ~Overlap(B:»Groupk) / * |, R RE B P B FHE Lk A RAK »/
end of for
Initial Train<Initial Train U { <yi1 . 'yii 3
end of for
/* F B TF-IDF % d M EEVNFEFENMTHEEME «/
/* FEEMEREFREBAEERARPA +/
Initial TrainTfidf<Q
for i€ {1++*m} do
for k€ {1+++d} do
(i, k) =CountTF(Initial Train) / * i+ % Groupk ¥ TF {4 % /
idfk= CountIDF(InitialTrain) / * i+ % Groupk & IDF 44 = /
TF-IDF(, k) =tf(i,k) * idfk
end of for
Initial TrainVector<—Initial TrainVector U {{ TF-IDF(i,1)--- TF-IDF
God) vy}
end of for
[« FRABEREWNEENFL LR =/
Classifier. Train(Initial TrainVector)
7@
for B & B_Test do
for x€B; do
Z<Z U {x}
end of for
end of for
/MR EPEALERE A</
Initial Test<Q
for Bi€B_Test do
for k& {1-++d} do
yik<—OVerlap(Bi ,Groupk) / * y’k ATFEB FRTHE kG TAHK »/
end of for
Initial Test<Initial Test U { (yil y‘é) }
end of for
/% || TF-IDF F %t K d NS ERREPENMOHEER «/
[ FEHEMETRAERENBAEER RN «/
Initial TestVector<(
for i€ {10} do
for k€ {1-+-d} do
tf(i, k) =CountTF(Initial Test) / * 3% Groupk ¥y TF & = /
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Musk F#EE EH T. G. Dietterich S AREMETTHTF
RS R IBENALBRE. BEET ML
£, B0 Muskl 1 Musk2, Muskl 4884 47 NIEGEF 45 MR
12, BT E AR F N 2 B 40 A% ; Musk? W& 39
AR 63 454D, B & MR G EON 18] 1044 R
F. XTEAMEEEN AR B RE 3.

#3 Musk ZiBEIF4I5E

A B
KR BE X%  EA%K  RA¥% &%
Musk1 166 92 47 45 476
Musk?2 166 102 39 63 6,598

3.2 BRHIEIHESETHEIERLE

AT REWA BRI I BERES SRS RE %
RSP RAITERET 5 A~f1 Weka B g f 5 BR B I 5
EE RS EMEEN S REE RS EE S M ERE
AP R, 4R L BGX TR B HEAE Muskl #1 Musk2
FE FARMR . RTFX S ABRFEIFERTHAER
%4,

#4 SITEENFERFER

Weka 1354 # #R
A FF ] B/ 3 4k A4 (Sequential Minimal
SMO Optimizationl)) 3% 5 8L 8 % # 1 & AL
(SVMD)
MultilayerPerceptron FAR B % W%
Tbk K- 45 0 K 5%
J48 CA. 5 e i
NaiveBayes JUrt #f (Naive Bayes) 2K 8

X 5 A Bl S B, WA RIS I A UK
BEPHE—OHREE RSB, REHEZAX
SAEERHGISG. LREH T 10 K 10 2 XKIE, &
SR AU 933 BB R A T K-means 8 85t BTA < Bl 1738 3,
BB 40, R 5 B TIX 5 M ERRHI2E T HERTE Musk
BiEs E LB . EXERT bk BEERECR 3 25,
Hofls i A B )% T H AR R UL Weka B2 B BUIMERE
1. ROH/WT 5 MRIMBRPI¥ I HERTE Musk FIERE
EHIBIF I RIEHE.

#£5 SAMHTHIEEL Musk BHER E 10 K 10 IR NBIEH LR

i Muskl b #4% Musk2 4%
ERECD EH &)
SMO 94,5 83.5
MultilayerPereeptron 90.1 87.2
Tbk 87.0 82.5
J48 92.3 81l.5
NaiveBayes 90. 2 65,9

£ 6 5 BMROIEIEHETE Musk BHEE L BIFIFRLR

idfy, = CountIDF(InitialTest) / * 3 Groupk & IDF {f » / Muskl _k #y40% Musk2 I # 4%
TF-IDFG, ky=tf(i, k) » idfy ¥k hE: F3¢79) E#HEN)
end of for MI-SVM 77. 9t&d 84, 308
Initial Test Vector < Initial TestVector |J {¢ TF-IDF(i, 1)+« TF-IDF(i,d)> } Diverse Density 88, 9{2] 82. 5021
end of for EM-DD 96. 8L 96, 0t
/AN GF S X BREBT R RN RE */ Citation KNN 92. 4[4 86. 3L+
Output; Label< Classifier. classify (Initial TestVector) MiBoost 7. 9Le] 84, 0l%J
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M 5 6 R UAE D], 5HF Muskl $IE4E, Yk
MultilayerPerceptron(# 48 W 45 ) 72 Y R B 6, 8 PB4E
B KIERE R 90. 1%, /LK T CitationrKNN F1 EM-
DD R (B HM 3 MR RPIFIBERN SR EHRER.
SF Musk2 B8 £ , [F]#£ 1% # MultilayerPerceptron 7 34 43
KR ST E RN R ERREY 87. 2% ,{LKTF
EM-DD 8, fH tHAh 4 4~ 7R 6112 5 Bk 89 4 8 IE W 2240
BER. XRERXN, FHRMNE R OSIEABRRUE
BHRAE G , — B BR G2 T B R R R R
1% 53 [ B, ARt — B 2 A LR Bl T B R BT .
3.3 EMMERIMEREHRI

M 2 R FIEFTUE N  ER LB, HERR
BIREBURL , & R I BE A& 1 B R b 27 AR R RR A=
MPEEE, WTFLRTFEMRSREHRSAREREZ
BIXRAR. XEREHRERZMEEN 23580, A1ES D
BRI B 2T R IS i Musk] $0HE& F 10 %k 10 #i3
XBIEMERGHEBBEZHNXR, B 2 RESTHTEN
Musk2 $r#E4E EHZER .

i B
2 7 1217 22 2732 3742 47 52 57 62 67 72 77

B2 Musk? $iESE HAAREHRESREEZRBRER

M EFEE SR LUE B T A S SR, R R R
HEE, 5 MEARBIZE I B ER O RERRERREE—E
MTE RN BT EE. BEEE S, T LURERX BB R
HEFEMREBIRA MR, BHRERAN, £ RS
AR , X BOR AR B AR AR X R IR B e S S8 vE R R A 5 B
ERBERORR A, £ R SRR Bk L, W RR R
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WEAFEF. K7W EENIEHETT B,

x7 BRBSEESRERRZEAKHLRLLE

Muskl Musk2
Kk 8- 313 BE - $:13
ERE(N) HHE TFHR FHE
SMO 96.8 68~72,77~80 91.2 60~63
MultilayerPerceptron 100 77~80 92,1 80
Thk 93. 4 21 88.1 78.79
J48 93.4 33,37 88.3 69
NaiveBayes 94. 4 80 76.5 46

MR TR S TARK S S ABESR , AR
BRI S BRI M S KB ST B AR R B B
SFEIIY IR IEGRARET , W MR M E RS A AR, TR EAR
IR] ) Jc 8 B LA K AS TR 0 B 82 ST B ok ) 3R 0T
& RBIMNT SRR IAEMES.

GRE FAXNBEEERIAL LR, 454 0 REE A
TF-IDF Sit o7 sk 8 &P B . i B i 5% AR R
SR RIER, EA R, FROZ A PIBEEER T
3 B R BIBAR SR, WY LUF LA A 2 T 80 R 4 B
FABRRMBRERGIZE MR, SRR, BEREHEI
FRBRERAE T BOE, BRI A RBYW, 2R
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2 % X M

[1] Dietterich T G,Lathrop R H,Lozano-Pérez T. Solving the mul-
tiple-instance problem with axis-parallel rectangles[ 7). Artificial
Intelligence,1997,89(1/2):31-71

[2] Maron O, Lozano-Pérez T. A framework for multiple-instance
learning[ M]. Neural Information Processing Systems 10, Cam-
bridge, MA: MIT Press, 1998:570-576

[3] Zhang Qi, Goldman S A. EM-DD: An Improved Multiple-in-
stance Learning Technique{ M. Neural Information Processing
Systems, 2001

[4] Wang Jun, Jean-Daniel Z. Solving Multiple-instance Problem: A
Lazy Learning Approach[ C]//17th International Conference on
Machine Learning. 2000.:1119-1125

[5] Zhang Y,Jin R,Zhou Z-H. Understanding bag-of-words model:
A statistical framework [J]. International Journal of Machine
Learning and Cybernetics,2010,1(1) :43-52

[6] Wikipedia. tf-idf (EB/OL]. http;//en. wikipedia. org/wiki/Tf%
E2%480%93idf

[7] Platt J. Machines Using Sequential Minimal Optimization M]//
Schoelkopf B, Burges C, Smola A, eds. Kernel Methods-Support
Vector Learning, 1998

[8] Andrews S, Tsochantaridis I, Hofmann T. Support Vector Ma-
chines for Multiple-instance Learning[ M ]. Neural Information
Processing Systems 15,2003:561-568

[9] Freund Y,Schapire R E. Experiments with a new boosting algo-
rithm[ C7 // Thirteenth International Conference on Machine
Learning. San Francisco,1996:148-156

o 147 -



