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datasets of MIL techniques are reviewed. Then, many popular MIL algorithms are also introduced in detail by using real-
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world applications based on image semantic analysis. Meanwhile, based on their machine learning mechanisms, related MIL

Abstract: Multi-instance learning(MIL) has been recognized as the fourth machine learning framework, and has been widely

used in the image semantic analysis. Firstly, the concepts such as development history, characteristics and many useful testing

algorithms are divided into a variety of categories, which highlights the processes and dominant features of different MIL
algorithms. Finally, the trends and possible outputs for further researches are discussed in details.
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Wang 252415 k- 141 (ANN) S35 0047 T4 R, 4f
HIM& 1E 1) Hausdorff #H 25 R J& & 22 7 5] 40 2 [A] /¥ A1
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R B SVM 9%, MI-SVM #1443 1f) SVM 8.3k, 7
MIL fi1] 780 rf, g A Ak 34 1 ) A2 1 mh o 491 P A 2,
DR A AAS A T e P A A 2 /b — AN L EIE s, (R 9F
ANFTEWRAN B R LA 78 ST IE K. MI-SVM 5%
FE BN IE AL TP H — N IR IE 7R, DAk 2 IEREAR,
T G A I A 7 B R AS TR/ — 2 T SVML i
TIN5 25 3% 1M mi-SVM S 4 RN IE A TR R
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MI-SVM 53216 H br R 5

1
min Sl + CZJ:&;

st. VI Yi({w,z;)+b)>1—¢&1, 6120 (7)
X (6) F(T) P w, bR IR SVM I 4 K-V 24 &
FoR SVM A B 25 s, i 73 0l s AL ) 7 451
INBIRRRE 1, Y 7 iRm0 5 A i ARAs. A EL EPIAS
H br B8 0T K1, mi-SVM 7775 ) 5 KA margin 25T
AL AN FEAR T, 7EJECR I SVM Rl 5T N T X6
PIFRAE L0, REER P NS — AL B IEFEA,
T AU R Y 4 SRR, MI-SVM J7 V25 1) margin /& 3
TR, BN AL I PR A A T AL N IE AR d K
RIFEAR.

ZRTTIRIA R BT SVM I H b ek 2503k
ATE M, F TR g MIL )@, BA R 2 ke 7 i
INFEA 2R SR D). HL SO SR AR Y H s ek 02
— AR AR A ) R, ok SR LA, TR
R R Ak AL AT I8, IRk, HAR
W 5% JRy S AR AE () 52 . X I, Gehler 25281% H #ff 22 4
1B I T7 5 SR AR IX AN EAK 1] 7L, Bunescu 2512901 i
FEDUAE H b e E b 5 | OB AR Bt AR &, 18] ] CCCP
(concave-convex solver) AT SR AR, S8 I 250 5K 5 47
442 FETEME

FESRI1 SVM 2% 2] I A% 2 8 A AN FRAE A
Z TA] 1, M Gartner 5500 B 441 2 /- i A 2 W) ST
¥, FH K B A 2 ) R AR ABL P, 4240 ML ] i 4 A
J SVM 2% 2] [l AT SRt LBt T s 2054

) et

keet(B,B) = > k(x,2); ®)
zeB,x'eB’
2) Giil %
kstat (B, B') = k(s(B), s(B)). )

Horh: B, B %R 2RI o, o Foronil; s(B) 2R
WAL PR 1 — A G, T 90 A B
BMEE. . 7E R ML, A

$(B) = (minzq, -+ ,min &, maxxy, - , Max ),
x€B rxeB reB zxeB

10)

Horba(i=1,2,--- ,m) Romasil o (155 & Doy A
GRTAEMIL e EARAE 2 /A 2 8] S
pREL, FH SVMSK A MIL 7] i, HATIRGF Az AL g J1 A
AINFEASESTRE ST Lk s W% e B E A o AT
S 22 7R A Z 1) IR RH AL, S RORRABL A TE 725 S e MIL

HEZL A IR A D — AN IE R, ot 4t SR
AR BT A ) 3K 46 i R, Kwok S50 T i %
(R, Zhou ZF32M H T EIRZ, e 1150 g AN EL IR 9 8
Gk b s 2 R A TN R ARABLRE . [R5 7 2R Sk
B, SR TTVE 73 JERG B v
4.5 ETFxHIEMIL Bix

IZRE R AR K 2 /- ) 0 B A i B A
A, RV AN RFAE 1) F R R AL R A 2 75 4, AT
MIL #A B A fE fR) B 7 451 2 2] CFF B = o) il it gk
173K AE. Horh & L4 Chen 2542 i 1) DD-SVMIC!
1 MILES (multiple-instance learning via embedded
instance selection)®3 5Lk, ) H T B4 43 25 1) 8. A
DD-SVM §EidiHh, 1 553 T DD e 2R HHU A 1% R
EAG —AME S (x5, w}): k=1,2,--- ,n}, HK
Fit — A~ HAR ). o TAEE I 2 8048 B, = {ay;
J =12, N}, iy Roneh j A7RB, Ny Zom il
i, LU
s g — 27l

_min @35 — 5 |wy

p(B;)=| "= ) (11)

jomin | — a7y

AR D), ¥ B; AR FEA, T2& MIL ] 4%
Bl B — A AR G (A B 24 20 1) R, AT R SVM
HEAT K f#. BT DD-SVM % | DD J5 7 - 6 & A1,
H I 25 3R B AR, Chen 25313047 Y T o0 2L (1)
MILES 540323, 1% 453 faj 80 s A1) U 240 b i B o
A S M A, SR 3 H b2 ). 6 FAT 5 2 s 9l
i, By, HBLRERHEE SN
m(B;) = [s(xl,Bi),s(x2,Bi), e ,s(x",Bi)]T. (12)

e s(zF, By) = maxexp(—Hxij — ka/JQ), xk FTom
BRSO R AT U B
MILES Sk, P 2 (12) 3456 BE R
YEHUR m, FEEIR 2 5 R RIICRE B, Bk
ChenB3:% ] 7 178 $tSVM 3 47 2% =), Bl 75 SVM
FI I, B REE R Dhfe, (0 1352 SVM 1)
21 50 KA A A I 2 JEE SVMB4.

Pt a0, i S BHE H THET AE S R 4
R 5 RO TR U AT B AL T, o MIL #%
TR B 2% 30 A, 1645 YARDSPS, BARTMIPP!,
MICCLLR B8 CCEP 48773, Hiif &l — K9k
AT MIL 5032, 3591 F BUGA 2R ak 43 2 ) j.
4.6 FEERMIL HX

TENGRIEGAE Lo T o a8 i, o 7RI K=ok
b BB OR B i 2 2845 (14 1 8, Rahmani 25104 3T
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Bl B 2 o) 5 MIL A5 4, 38— L T
B MIL S19, B MISSL S35, M T R I B ka2 1)
RO %7 e v L TR AR AL, R TR
ARABUEE B, 0P BRI ELGIN BB IR, A8 2 IR
2 Y R — A AL IR AR A8 1) A b v 1) A o o
JLAPLE R I 2 Re it s 0E U T2k, = 21
e RS, A5 ) AR R B AR A,
TR 45 A I 2.

i 0k 2 b, 18 f Zhou ZEHIHE HY () missSVM 5
5 . Wang 24215 L () GMIL 5592 /1 Zhang 25431
[ 3+ B 4#E X SVM (1) UP-SSMIL 5945, ¥ &+
BTG G R 2R il L.

4.7 His MIL &%

B T LR S LS MIL 895 2 4b, i 4t
FOEAREII NI, 76 b AR {8 52/ 46, Zhang 25144
T AN B 2 R 1R 2 R A, T b T
PREE W 23 1 T 22 7491 27 2, Bt T 22 79w ge ) 4%
B35 Ruffo 551450 £ H T 386 T C4.5 W W7 44 119 MIL 45
1%, Deselaers ZF1460K 40 70 4y 2% 14 Bifi 1. 3% (CRF) 11 17
RGBT RURIRAS, $E T 5T CRF 1 MIL
Hik.

WEAR, AT 5L TR 2% 2 1) MIL SR e
JE (1) SRR B 1 42 12 2] 1) MIL 14050145 i
U6 MIL 53 (1) S AR S AR O FH O A I Las 27 ) U7 vk
fift R 22 7 A5 ) i) g 1451,

5 MILR4S5REYE

AL UG AE SCor AT A Y FH S S5, X HLER 27 2] 4
Sl AT ARG 1) MIL 954 7 LU AR W 253R, Jf
IINT T 4528 MIL 59 1) 32 R 0. MILAE 22 (R 32 1
AMEFEE THLE 2 2 A SCELR, i FLAR 2 58 Fr v
i) AR 3 TR FH ML SR, A7) e 6 1 AT 5.
WAk, BARR 2 %8 80 13X 77 1 R 7T AR, JF
KRR TIRZ OISR, AR A4 R JUR i 8 £ ik —
2T

1) A5 N s 0 30 H RE 53 8 10 6 1) 52 w41 dn:
Musk 2 % 2 Musk 1 £4is 45, £ 7 491 0 455 2= il AR
K, T S5 46 JEF BHUOI81 4 Musk 1 304 48 b PR
JERH iR — 2, PR, OC T R R B 6 ML %
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