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Abstract  Support Vector Machine (SVM) is a statistical learning method based on the principle
of minimizing structural risk. It provides an intuitive geometric interpretation and rigorous math-
ematical derivation, showing the unique advantages in handling nonlinear, few shot, and high
dimensional problems. SVM has garnered significant attention and widely applied in various fields
such as image recognition, fault diagnosis, and text classification. SVM is a classical supervised
machine learning algorithm designed to train the learner using samples with complete, unique,
and unambiguous ground-truth labels to ensure the generalization ability. However, as real-world
application tasks become increasingly complex, creating such a sample set is laborious and
difficult. On the one hand, it requires a significant amount of time and cost for data collection,
cleaning, and debugging. For specific domains, especially in the medical field, experts often need
to combine domain knowledge to process and label the samples. On the other hand, learning tasks in

the real world often undergo changes and evolution. For example, data annotation criteria, annota-
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tion granularity, or downstream use cases may frequently change, requiring the re-labeling of sam-
ples. Consequently, a large amount of samples in real-world applications lack complete and unambig-
uous labels for the high cost of sample labeling. Moreover, samples in most practical task scenari-
os may exhibit polysemous, that is, a sample can be associated with multiple labels at the same
time. Therefore, standard SVM struggles to achieve satisfactory performance in weakly supervised
scenarios such as incomplete supervision, inexact supervision, and polysemous supervision.
Weakly supervised scenarios are contrasted with supervised scenarios. Unlike the latter, learning
algorithms in weakly supervised scenarios are designed to train the learner using samples that may
be limited, ambiguous, or only roughly labeled. From the perspective of weakly supervised sce-
narios, this survey systematically reviews the current research status and development of SVM
algorithms. Firstly, the concept of weakly supervised scenarios and the basic mathematical prin-
ciple of SVM are briefly introduced. Secondly, the existing SVM algorithms in weakly supervised
scenarios are divided into three categories according to different learning paradigms, namely, the
semi-supervised learning based methods, the multiple instance learning based methods, and the
multi-label learning based methods. Specifically, the semi-supervised learning based methods can be
further subdivided into clustering assumption based approaches and manifold assumption based
approaches according to data assumptions. The multiple instance learning based methods can be
further classified into instance level based approaches, bag level based approaches and embedded
space based approaches according to problem solutions. The multi-label learning based methods can
be further refined into problem transformation based approaches and algorithm adaptation based
approaches according to processing ideas. This survey provides a detailed introduction to the repre-
sentative methods within these categories, summarizes and analyzes their characteristics and short-
comings, offering a basis for selecting different SVM methods in various task scenarios. After
that, the performance of some representative algorithms is evaluated and analyzed by carefully
conducting experiments on publicly available datasets. Finally, potential research directions for
the future development of SVM algorithms in weakly supervised scenarios are discussed, such as
data imbalance, weakly supervised regression, mixed weakly supervised learning, large-scale
deep-level tasks and learning problems for open enviroment.

Keywords  weakly supervised scenarios; support vector machine (SVM) ; semi-supervised learning;
multiple instance learning; multi-label learning
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&G LP SR FIAE 2~ 48 T RAKEL %%,
B TER B R/ R B/ NBENL T B ISR
LP 732685 0k 75 B AR 2 Z 18] 1Y 16K, ik 1 LP i3t
R ZER. Yapp % N LRG0T T RIR AR
iR . BR,CC,ECC,CLR fl RAKEL 7 'Y ff
B PR FN R DUt H | SRR AL SRR A R R W
SCAR o) i HLTE X TR (0] UG H S b BE SRR B 4 Y
I3 RAPERE.
3.3.2 FUEHENM

SR A IE N TR AR e W A S

il 2 0 H F 2 hn e B A B 2% 2. Elisseeff 4§
AR b P B 2 11 R 56 7 7
SR T B BE A 1 67 2 b i i 4 2%
B 157 BELIE 4 HE P 0 56 1 o L 2 00 012 L B T —
B 70 40 10 S 45 i B HLET o RankSVM. %50
A B AR 5 B /b 12 5 5CTE U0 K b
e R A A S 4 5 R 2 2 i 1 2 (3
St B/ HE I 45 % 16 £ A0 5 B 45 1) HE P 4875 T4
A5 H b . RankSVM 55 52 i e B F A 1 1y

???%2"“‘k"2+c2y,lyi 2

i=1 Gy €Y, XY,

it

17
{<UJ,’ ,x,»>+/)]*<wk ,xi>*bk21*8}k .
s. t.

Eipn =0, 1<<i<{m
Ho YORREAR AR5 Y O HAME . ¢ FRBEA bR
BHH.

BEAh  RankSVM 8 75 22— AN H A 2% > D IR, %
B R AL (o) = (w o f (o)) +o i w € RV
BUE 1 B f () = (f(xay) s f(aays) s f(as
YD ERZIEYET L0 € R &l . RankSVM
A o 2 P /I A T R SR il T I S B

min D> (w's £ (x))+0"—s(x, ) (18)
twrb*}i=1

Forp s G B BB O —A> SE R TA]
s(x,)zaragergin( [y | vi €Y, flxivy)<<a} |+
‘ { ‘yk e?,,f(x,,y,)za} ‘ )

R . A 75 Z R0 00 26 e

h()={y; | (w;»x)>+b,>w", f*(2))+b6",1<;<q}
20
RankSVM A AL AF 76 4 i 19 3H 53 52 2% L Tl
HEA E SO bR 2 19 B8 % . BF X 31X A ] L
Xu 2 ANM 2 RankSVMz 823 i 0 3 i — 4>
FHR AR AH AR 28 FASAH R 2 23 B T e LT
— BT B HE R BRI B TR A T R A ) RankSVM
B35 73 Hb %53 2R ] Frank-Wolfe J5 2k 5K i A1
AR B R, I e A 28 P R ) 0] R 5E ok — XF 2 4 il
FRAN 53— F BT[] 5 A 2 35 AR, Sy i
— itk RankSVMz 53 il i 7 L Xu 2 A1
PEMIHE 7 RankSVMzR 53k & ] ] Bl AL B AL
5 FREENY B RankSVMz H11 Frank-Wolfe 7
B RPN 28 1 45 X2 o 3l o — X 2 4 i H R
K RS — YRR 1) J8E 3 ik J— 2R 91 /N RIS — B
R F )80, A 4028 SVM w1 )32 i) 7 ) i
AN BV R AT RA b A TR A S Tl SE B T L

(19)
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RankSVMz 5% iy o 1] 52 2% B 158 47 1) 43 28 PE g
H1 T RankSVM AS B8 M B & 4 5] 21 64 70 4% 45 4k
X 5 R, Wang 58 AMUER T — R A
Pinball 44 2% 1) # &3 58 1 B 4% 2 F5 i RankSVM 5.
2 pin-ENR Sk 42 #5310 1 5 i 5535 F) H Pinball
SRR AR BT O o B IR X M 7 A 1 R L )
B SR FH 4 0 3L 1 T 28 1 DU AR AR L2 i 4500E Wl 4k
SEIAE R AN, O T pin-ENR/EH T
J H A R BRI B bR ok O R M M R T — A
B A P AR I TR 28 6T T B3 00 D0 ke s 8 925 1) I 2 5k
Tt 38 5 AE I 25 N B O dt =l 0 Sl R A R AR 28 4], 7E
ANHT A S S B P A TRD IR R TR I B OR.
Wu 85 ANMA N RanSVM. [ 2 > 22 F2 b 5 {4k
(14 3 By X B 3 U DR B, AT BRI e 2 o R
e T —FB Y 2 AR A RBRL, BER A
BR 5K BE AL A B it A RankSVM )2 > i 7,
[vi) B 1) 2 500 B ) I Bk 24 o 0 — 25 42 i A 2 A 6
PR 5 53 A o 38 5 0 U v A BE Ok A ROCR R B o
O AR T BR A AE 28 A - 17 (5] 850 22 W6 s 2
FH PR Bl 5, 3R 8 % T RankSVM o ik 55 5 {4 2
2R AT B R AE Q0 B A DR R ASE (] R4S AR
RBRL 53 i I (4 Bk % » Zhong % AR T —Fb
FHF RBRL (45 8] i 326 B0 00 F fin 28 SR g 2o A L 42
H T SSR-RBRL, 3 A — Fft 3 51 [ 1 i 0 2% 78 %
FCI AR 2 1 i i AR . HL AR MU, 7E B9 R K AR
Hh S o B fife R o A 1 AR R B T SR A A R oK
Z AR BTN F 25 0] X0 A5 T B R A [a) Y
FUBLRENS 25 08/ N s R Tk — 2D 4R SR A B B L FEAS
=S SR I S e X (51 1) | B i 2
PR L A R

A B R — LI SVM B 1L BF 58 22 A1
Wit g A ZAhRic >, a4 T RankCVM!Y |
RankLSVM"' MLTSVM!MY 28 ZFri 8 vk Xu 4

AP 5 454 RankSVM Fil#% a] 8 #1 (Core Vector
Machine, CVM) , &3 If S BL— Mg 1) SVM B Z 45
oy R RankCVM, HALLIE X5 CVM #i 1A,
HA DRk B ai T 29 8 2R A Frank-Wolfe
J5 i RankCVM 1A AT 32k AR, rb 8 77 16 fift A ik 70
K UL R — S T AR AR B R 1) A R A R AR
(B 1 328 4 20 30, KRR T RankCVM i Il 5 5
B FEAR T H R Xu &8 A IR T — Fh o A
ALY SVM B 22 5 28 50 vk L 38 3 78 A G AR 8 R AN
A DA 48 2Z 1) L GRS 249 o, 3 7 SC— A>3 AL i)
AR B R B H SRR [ i ALHETT B 2 b
2% RankLSVM, 13 8] — AU HE 1 20 261 1)
FEAR N O )5 O A SRR R A T A
J WS 246 SR W 1) BB ML B A AR e kSR n 3 )1 ko
T kA T — SR 2§ BUHE A R W SRR AR B B
BT A T SRR A R £ B TWSVM i REAH .
Chen %5 AW 788 — AN F 2 AR 22 T Ak
AT E AP SVM 4r 2848 MLTSVM., B il i € 2
AN AT P TR A AR B A iR AR 2 AR R
B[R] ISR ] — b Ry SOR 5386 K fif e MLTS-
VM ) Z BRI i) 55 b A o AR AR AR AS B AN [m] 1
T P B 5 DR 5L T o SR B 50, W L2 0 Ay S A A 4
SE bR 2B ANAUAT LA o M I KAt AR e A RO A7 00 L T
L AT DL ARG 15243 2 1 6 252 ph T 5088 B A 0 45 40 1
BT RS & T I 25 0 26 4% B9 A7 A9 5l 56 9T 00
W, Azad-Manjiri 25 N\ T —Fp T 2 hR %52
>J ) Sl AR die /)N 3 RS F 1) i HLGE 1 MIL-SLSTS-
VM EYJ& T MLTSVM J5 ik o il SR fife — v B0 &)
(1) 780 Ay A s 280 3-8 — A 30 i o - T T 3o 2 P I
R I Z5 R M5 BT o o B s T
Az A T RE Rl A7

e 3 X HT ZHRIC A AT 1 S ) L AT
G5 R L.

£33 ETSHEFINIFRENEELE

g 8 Bk A B o AR
BR-SVMI) R BR WA ATk AEREE I IIRIRE A b AT I 5y 2 bR % 2 ) A B K R G ik i
21, 5 3 1 455 929 X b0 5 26 1 1
£ A 2 ~ 3 N H o 3 f:"<"\JL‘ . — N N o

MLDC-SVM!10t) é;%?;ﬁﬁ?;%mﬁﬁﬁxmﬁ“ PIRIRM IR I S b b 1 U £
- CCSYMIe) R OB AR R A0 RO PRI B0 g g a1 B4
WIOE L qymion MM RIE AR L A R B S S B 2 S b AR KR A
) S SR I R S I P L TR MR
CLRSVMOn  AVA AT R 250 A B P AR SR MR % 0 5 0 R =

25 W 20 bR 28 03 S AL D A 2 HE ) R wI7

RAKEL-SVMLC!06] .
LP Rk E 4

G54 LP SRS AL 2 > W =5 1 b 2 [] B9 A 26 1 ] I [ A1 T

BB 2 5 T 4R /N T RE 2 MR B
HA R E T
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CHE
5 K ik 4 R ¥ A X R
P I8 TR O ATROCLR M RS sty gy xpot s
RanksuMos EXCHTIHEF K i /b T RankSVM B0 T B4R SRR Frank-Wolfe % % 2%
ankSVMz il Frank-Wolfe 2% 1 i W€ 7 -4 i 74047 R AR
RankSVMzR(109] i%f;l_,: };BCDM iJllfﬁﬁ(f*ﬁ?rﬂJﬂﬁFEH:H‘JEZT#IEJ%EQ\ﬂ'ﬁ’E yﬂfﬂﬁij’%fﬁ’ﬁﬁ%ﬁ
A BE FEAIR
60 U 0 A B L2 90050 0 fb O 3 0 1 A7 0 i ‘ .
PinENRI R FLER U FH A Pinball BUKBEG A DR T e IR LR TR
F HLE 5 (X W 75 1 >
4542 BR Al RankSVM 30T — 351 % % T30 2 B AU sy oo o ot iy s e e o
RBRL15 B2 e 2 A 2 e R R it by I TSR
. 7 VKA RO SR A :
A L SR O P 26 P 2 I A R K 5 R I T s
SSRRBRLIT A 4/ I MR HLOK 3 AKE MO 5 (660 R S 00k e ) S0 %

o — A Rk A

RankCVM!'?] g4 CVM 1 RankSVM., H A7 Y/ 4 32 1) ik L 137 52 2% B2 T AR

BPAK # Frank-Wolfe 3548 15, it
HOAHPIRRK

RankL.SVM[116]

) LSVM #3822 b5 2878 2 T2 T e =Xl 4 36w 1) B
WLH A B3 W 5 3 A SRR B0 » FLAT e M i S0k 2

Ine] 32 £ B AL 2 5L

™ TWSVM Hit H 2 b3 808 2 il 8 2 2 A P47 7 1l

MLTSVMIT Skt ATEREAR 19 2 AR5 (5 6 Bt — B BB I O B IR B e %
BRI i AR
MLSLsTSVMe  FIE T IIGHEA MR R R R AR BB o oo

PLBE Iy s A7 B

4 HESWHLR

T 3T M B R S R 482
PERE AT RS 3 15400 10— SE RS IAT A
AL SC 30 OB FEAFREE Intel(R) Core(TM)
15-8300H CPU@2. 30 GHz, 4GB RAM.

41 EEEES

B R W 2 20 T SR DL 3 90 i
T H 4 B 1 B 07 3 A 5 A UCT B0 it
FFW R 0B 8 L% 4.

x4 UCILHEIESE
B FEARL FHIEEL CArics
Australian 690 14 69
CMC 1473 9 147
German 1000 24 100
Ionosphere 351 34 35
WDBC 569 30 57

R PR AE S 55 X FE 8 A] SE M L B UCT 34 48 LA
7+ 3 1 B R A3 Sy U 2 AR R AR L R AR I R 4R 1
KT A A8 SRR 1 A% 8 R A X S 5T ik
P A B R ] RBE &% ek 8, HH A 2 80 i
WG R H{2°,27°,:,2°,2°). MeanS3VM-iter,
MeanS3VM-mkl,CS4VM F1 WELLSVM #[J& T %
TR L B SVM Jrik iz kB n 18

SHOE R T ARG 2 B A bR g R AR 5 R AR
WCHEATECERENST PS8 45 & ey 1MoL,
CSAVM 3 F IE 8 1 A 19 45 43 A0 0 19 2 B0
4 1. LapSVM, LapTSVM, LapTSVM, LapPPSVM,
HGSVM #iI fast HGSVM #8J& F 3 T i AR & 1Y
B SVM ik IZ KB RN ELESHEMN T
il 43 S A AE P AE A A R A0 R 23 ] v AR i T2 454
55 2% FE A IE U Ak 2 880 S 800 3k G TR 2
W2 5,2 7,,27,2%), fastHGSVM H i R 3
B 2 A 0. 8. AT R 2 W 2= 2] rhow RN
FRARMER 2 ace RPN AN W 55325 i M RE.
TP+TN
" TP+TN+FP+FEN
Hr, TP FoRIEFE AP T R IERWECH . TN %
TN SREAS B T Ry 1 2 B H L FP 3R TR A 9k
T A IE 2R ECH - FN 2678 1E #4410 oy £ 2
EH.

M 5 BYSEER 25 H AT DL A L A R 2
B 5 A4 UCK £l 4 B o 25 PR Be 33 A fr 22
St H fast HGSVM B3 7k G 4 9 e, k2
HGSVM 53k 3 9 3 38 T2 1 3 19 J 3k 3 1 i
AR RAEFEA 0T 25 48, 8 43 32 48 1 R A 8] 19 1=
W e e 2, 741 fast-HGSVM & ) 1 31 ke A (1)
J5 ¥R Tk B A R RE A S ] 1 R AR IR AR B
HE— B EE R TR R R T R BB

acc
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L CSAVM RUE B T HE =M AL RBE L.
EEA A SBUE A R AAL A R iC MR AR ICAE
AR AE—E R B4R T S R, A
8 JE/n Tl arf i SVM Jr ik 1 UCT Bdii 4 i
IBATIFE] BT RRBR B AR LR T EAZ
(432 47 8] 107 76 2 T2 R B i 3k LapSVM
AR T D Ias 4TI ) fo 2 HGSVM EIH#E T i

Z iz trif . HGSVM % 8 T 2 AR Z [0 1 £
TCRZR T LapSVM {5 18T A A 22 J] 11 17 %o
K HAH A A 2 R 3E . fast-HGSVM ) FH 1 A
FEAS G L ARARIC » RRGR I T REA 25 1), 125 3 AR
TR A L BRI R D 1 Bk S AT ) L
AR T e BT M B o B3 A — e SR SR o i
RS B 1 2 2 AT 5%

x5 FUEAFEEUCIHBEFHNIRER

BHatE  MeanS3VM -iter MeanS3VM -mkl CS4VM  WELLSVM

Lap SVM  Lap TSVM Lap PPSVM HG SVM

fast-HGSVM

Australian 0. 837 0. 802 0. 838 0. 852 0.652 0. 666 0. 829 0. 868 0. 876
CMC 0. 554 0.574 0.917 0.913 0. 587 0.614 0.776 0.931 0.933
German 0. 652 0.616 0.661 0. 650 0.598 0. 606 0.707 0.713 0.716
Tonosphere 0. 788 0. 883 0. 805 0. 760 0.695 0.730 0. 789 0. 876 0. 884
WDBC 0.914 0. 864 0.941 0. 925 0. 841 0. 864 0.915 0.943 0. 950
. — T 4 F B 15 1 5057 B R e
] ean.s -iter.
1 McanS3VM-mkl — N . . VT <
_E(‘;ﬁg:\/ll\gwm 7~ M A R BE 7 ], DA 2 0 T 43 25 IR UE A R X T
e LapSVM . w .
10'F == %a'g:?‘ﬁ’%vm KI-SVM &3, 7F Musk] $(3E4 | B-KI-SVM & &

) “ | “ | |

0 Australian  CMC  German Ionosphere WDBC
&8 B Oy i fE UCT B gk B iz 47wl [a)

4.2 ZERHIFES

N T HTHE 2 7R B2 2 R SRR BEALRLE 1 4y
FEMERR AT BRI T 2R M1 2 2 BEUERCHE A Musk Xf
WA ELA A B 7 I 2T PR, Musk J2& Dietterich
S5 NFE 1) — ol 245 P 3% o T B 4R LR A R
W3R 6% B 5 43 o W A3 43 - Muskl Fll Musk2,
Ho Musk?2 #4588 Lt Muskl £ 10 4>, {H 7R 1] 5
JEJEH I 13. 8 5 £ . itk Musk2 A2 >J M FE K.
S Y IR E S IR SCHR86 ], A 19 R T UMEf 2 ace K
PEAG A ) 353 1 1 g

T TRIRT 9 MREMETT M JEUER 3,9 Fp
Z 87 B AE Muskl Fil Musk2 4 48 ¥ g A
BRI o> R HERG 3, Horh SMILE 8238153 1 ek 1)
Ay BUERRE 0. 913 F1 0. 916. 3% B e A [l T HoAth 3 5
WINGR A3 IS AR A B TE AL 1 R R s 4] 1Y) 7 %

(943 K WER R L TKI-SSVM & 0. 040, T £ Musk?
s 4 L B-KI-SVM 53k 1 43 28 o g 26 1 T-KT-
SVM 1% 0. 024, %fF MILD %% , 7 Muskl 348 4
[ MILD_T5 #3193 JE M % H MILD_B & 0. 009,
1M 7E Musk2 s 48 B MILD_T 55 1% (% 73 2 iy %2
Ft MILD_B # 0.031. € 9 JB/R T Z /6] SVM 7%
£ Musk $¥54 F 938 170 6] . G182 Muskl if &
Musk2 , MILIS i 5 H 42 17 B 0] 5% 2>, X% F Musk?
$eds 4 MILIS % T MILES #935 17 i 1] i 58
PR 7S f91) 50 i A 22 i o Jon B L 5% i MILES 32 47 3%
R FBEREAE LR 1 0% SVM, AR AL R R
il 2 AR H FER S P IS B0X W A 2 78 I 2R
FAETEMRAKZE S, HA MILISCLD) 1| 25 5 Bt iF
ST X — gL H 1 g SVM A 2 AE I b
S ZZ R I R] B AR E ) MILIS 2 £, mi-SVM Al
MI-SVM 4k b MILES ¢, {545t MILIS 12, 5 %
mi-SVM Fl MI-SVM #f i 76 75 | 25| A ¥ SVM 43
2 ) L AE B EARH  mi SVM T T A iy AR
1E RN GR BT 7R B 7 Ak 25 8] Hh 27 2 SVML MI-SVM
3 o BT A 67 7S 9] R A T A e Y BRAS TE 7R 910
YR ZE AL SVM, Y Sl 4 B A48 & R o o il
IF AT R AS R 3 m.

* 6 Musk #iF&E

o T, - o B
A — - 2 b _ - :

A ALK WK B Wz Ea
Musk1 47 45 92 476 2 40 5.17
Musk?2 39 63 102 6598 1 1044 64. 69
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2 e 2024 4

KT ZRBIFEEMusk HIEE LML ER

R4 mi-SVM I-KI-SVM SMILE MI-SVM B-KI-SVM DD-SVM MILD_I MILD_B MILES
Musk1 0.874 0. 840 0.913 0.779 0. 880 0. 858 0.911 0. 902 0. 863
Musk2 0. 836 0. 844 0.916 0. 843 0. 820 0.913 0. 896 0. 865 0. 876
10°F : — HHAELWRCES —BIEL.
[ mi-SVM
=M 1<
| e MILIS(LD subsetacc(h) :*Z [h(x,=Y)| 24)
Ltk ESMILIS n <
— (5) Average precision ;
- avg prec(h) =
=E 10'f n
10 lz 1 2 |V [rank, (x; ') <rank,(x;,y) .y €Y,|
n=\y, \yeyl rank ;(x;5y)
10° (25)
I SRR AR R I TR B AR VMR VA LA
10" . : ARG 75 A 22 5 i B0 5 - Emotions® | Scene® |
Musk1 Musk2

B9 ZRBITrETE Musk $in % £ B 17 I 7]

4.3 ZHRiEFE3

o T REA ] B[R] I B A Z A PRl R AL 58
Hbpid A iR IR bR E A E T 2Rl I B
B R T T TEZ bRaC 2 2 TR SCHE ) AL
RE » Al ok Z AR iC ST 5 Rl eE I A 6 bR ok
S VFANER 3.3 1 i BB AR R L AT S A
35 Hamming loss . Ranking loss . Coverage . Subset
accuracy \Average precision , 73 W ¥f B T hloss. rloss.
cov, subsetacc avg prec; FoHHT 3 FREEHY 45 Fr BUE K
N DUV PR RE BR G T FS 2 R A 48 B I B
R WL 1 1 AR . (R Z AR IC IR A LR T =
{((x,, YO li=1.2,my Y. € (—1,1})  h(e)
HNERRIC LA, fCoy o) N KL, rank, (o, +)
o HEFF B

(1) Hamming loss : F T 1EAfL FEAS th B FR 38
1 UG L A 1% B

1y 1
hloss(h)=— —||h(x))AY; 21)
w 2Ty |

Horp A RPN EG R PR 2.
(2) Ranking loss : Ffl T VA% A A &b ic i) HE P
15 TR DG AR I A HE P 4% L.
rlOSS(f>_;lin;Yi1Yi (s [ iy =
Fxisy:) s (3532 €Y, XY, | (22)
(3) Coverage: F T VAl B 35 AF A BT A3 A0 6 bR
0T B R AP

1 n
Cov(f):;izggneayf(mn/ef(x,-,y)—l (23)

(4) Subset accuracy : Fi T PEAL 00 4 b 10 45

Yeast? . Enron® | Arts® . Education® , H H. ik {Z &
R 8 FroR. A PR UESE 56 % LU ) AT 1 B a4
Ph3:2 1y Lo Rl 3 S I 2k A R A L T R B T
¥R 0 RBF # R S HCh 1/m G m R8s
SRIFFIERO L 51 A0 R T T TS 28 SCEGUE Y 190 A 48 R
NS B EAT . BR-SVM,CLR-SVM . RAKEL-
SVM #RJ& T4 T [n] M5 45 1) 2 45 ic SVM J5 i, 1%
KA FESHOE M TP e SRR 5 %
JERESI S8 O BGE {21277, -, 27,20 ),
RAKEL-SVM 528 7480 H 3, 70 KA 5 H h
20, Fodp [ AR B8 RBRL F =M S 5080 ik
BHEHE {2,277, 27,20,

x8 ZIREHIESE

BARE  RpIE FRIEEC ARiE 2R A FRig A pRid g S
Emotions 593 72 6 1. 869 0.311 ik
Scene 2407 294 6 1.074 0.179 & 1%
Yeast 2417 103 14 4. 237 0.303 W
Enron 1702 1001 53 3.378 0.064 XA
Arts 5000 462 26 1. 636 0.063 A
Education 5000 550 33 1. 461 0.044  UA

9 IR T 6 MRFRNETT 140 KBOR. X T
MIEHR Subset accuracy , 1F Emotions. Yeast fil Enron
RS I, 1 a8V 5 9 5 7 RAKEL B4R F 3
fth & 3%, T 7 Scene. Arts fl Education 3 g & .,
e TG N Y J7 2 RBRL UG e A0 1 50OR . X T
WM Fr Hamming loss , RBRL fF Scene. Yeast #l
Enron ¥4 % EWG T F L HERE . 72 Emotions $(4E
£ ALK T RAKEL. Xt T3 E M #8 ¥ Ranking loss .
Coverage F Average precision, RBRL 0] £ X 75
M ARiC B 4 ERIE AL, ot n] W, RBRL ¥

@ http://mulan. sourceforge. net/datasets-mlc. html
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R ZREAZESHIEHEELHIRER

B 4 A 45 A BR-SVM CLR-SVM RAKEL RankSVM RankSVMz RBRL
hloss ¥ 0.183 0.182 0.177 0.189 0. 201 0.181

rloss ¥ 0. 246 0. 149 0.192 0. 155 0. 149 0.138

Emotions coverage y 0. 386 0. 283 0.338 0. 294 0.291 0.277
subsetace N 0.313 0.318 0. 356 0. 291 0.292 0. 334

avgprec } 0. 760 0. 813 0. 801 0. 808 0. 819 0. 828

hloss ¥ 0.077 0.078 0. 075 0.092 0.113 0.073

rloss v 0.128 0.061 0. 087 0. 065 0.072 0. 058

Scene coverage ¥ 0.119 0. 064 0. 089 0. 068 0.075 0.062
subsetacc 0. 655 0. 650 0. 696 0.563 0. 500 0.735

avgprec } 0. 834 0. 887 0. 875 0. 882 0. 874 0. 895

hloss ¥ 0.188 0.188 0.195 0. 203 0. 207 0.187

rloss v 0. 308 0.158 0. 244 0.170 0.172 0.157

Yeast coverage v 0. 627 0.436 0. 543 0. 446 0.458 0.436
subsetacc 0. 190 0.194 0. 248 0.156 0.179 0.192

avgprec d 0. 680 0.773 0.727 0. 755 0. 765 0.777

hloss ¥ 0. 052 0. 050 0. 052 0. 051 0. 061 0. 046

rloss v 0.298 0.071 0. 208 0. 081 0. 098 0.072

Enron coverage v 0. 580 0.210 0.472 0.235 0.267 0.214
subsetacc } 0.128 0.131 0. 154 0.119 0. 060 0.137

avgprec A 0.482 0.705 0.592 0.672 0. 630 0. 709

hloss ¥ 0. 054 0. 055 0. 057 0.061 0. 106 0. 059

rloss v 0. 344 0.112 0.261 0. 109 0.116 0. 106

Arts coverage v 0.432 0.170 0. 352 0. 166 0. 181 0. 164
subsetacc } 0. 241 0.237 0.319 0.274 0.098 0. 348

avgprec d 0. 445 0.618 0. 557 0.617 0.616 0. 635

hloss ¥ 0.038 0. 039 0. 040 0. 046 0.079 0. 042

rloss v 0. 458 0. 081 0. 358 0.072 0. 081 0.070

Education coverage v 0.518 0.110 0.424 0. 100 0.148 0.099
subsetacc } 0. 250 0. 227 0. 315 0. 249 0.096 0. 349

avg prec 4 0. 376 0. 605 0. 503 0.613 0.578 0. 643

RankSVM il BR 45 & #2725 & AU
T RankSVM 5 & JlURE = 2R B0 Bk AL 38 58 73 42 i
R GE AR 28 25 AT B 8 B s 2 R 56 P AT 42 5
TIr2ENERE.

10 JE/R T Z45id SVM J5 ik 78 2 br i B
£ LR IE AT ] 5 T R B 40 9 T 05 B R T
ES Y NAIS D RFANIEE AL SRAaN (U B F Tl IS /S B S R RN
X 14 5 35 30 3o e £ B R T B R D 2
FRICREA 12 > Tl 1 AR 30 25 (8] 0 52 2% Lo e 4

1

10°¢

m BR-SVM
O CLR-SVM
O RAKEL-S! m
B RankSVM
5 | |EH RankSVMz
10° HHEIRBRL
10
{
=
[ 1
10
10"¢
10

Emotions Scene Yeast Enron Arts Education

Bl 10 ZARICTIIETE Z bR Bl 4 b s 17 ik i)

V0 2% B s I 22 RS 32 1 o A ik T ) A 46 1Y)
J7 i BR-SVM JH #E T 85 /0 1932 47 1 1] A8 Bz 19
Btk feth i 2. #HLZ F .CLR-SVM #il RAKEL-
SVM 5 ] T8 Z (38 17 ), (H 2458102 {1 55 &
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Background

Support vector machine (SVM) is a machine learning
method based on VC dimension and structural risk minimiza-
tion in statistical learning theory. In comparison to artificial
neural networks, SVM effectively avoids the issues of local
optimal solutions and the curse of dimensionality. With its
unique advantages in solving nonlinear, few shot and high
dimensional problems. it has gained significant attention and
widely applied in various fields. As a classical machine learn-
ing method, SVM requires the labels of training samples to
be complete, accurate and unique, so as to ensure the
generalization ability of the learner. However, meeting these
requirements simultaneously often proves challenging in practical
application scenarios, and manual labeling is expensive and
time-consuming, especially in certain specific fields where
professional knowledge is also needed for labeling. Conse-
quently, the labels of a large number of samples in many
practical scenarios are lacking. inaccurate, and even ambiguous.
Standard SVM in such scenarios which can be uniformly
called weakly supervised scenarios struggles to achieve satis-
factory performance. To effectively model SVM in weakly
supervised scenarios using rough labeled samples with less
supervisory information and lower labeling costs, researchers
have proposed many methods based on semi-supervised learning,

multiple instance learning, and multi-label learning, which
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have alleviated the shortcomings of traditional SVM that
heavily rely on manual labeling and achieved more efficient
practical applications.

In this paper, the current research status and develop-
ments of SVM algorithms in weakly supervised scenarios are
summarized. Firstly, the concept of weakly supervised
scenarios and the basic mathematical principle of SVM are
briefly introduced. Secondly, the existing SVM algorithms in
weakly supervised scenarios are divided into three categories
according to different learning paradigms, namely, the semi-
supervised learning based methods, the multiple instance
learning based methods, and the multi-label learning based
methods. The core ideas, characteristics and shortcomings of
the representative methods within these categories are system-
atically introduced, providing a basis for selecting different
SVM methods in various task scenarios. Then some repre-
sentative algorithms are evaluated on some public datasets.
Finally, the future research directions are discussed, including
data imbalance, weakly supervised regression, mixed weakly
supervised learning, large-scale deep-level tasks and learning
problems for open.
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