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Abstract

Support Vector Machine has always been an important tool to deal with binary classification
problems, and is used in many fields widely, such as machine learning, image processing, and bio-
logical information. Since the proposal of Vapnik and Cortes in 1995, after years of development,
rich research results have been produced at home and abroad. In order to further broaden the re-
search on SVM issues, this paper sorts out the development of SVM in recent years from two as-
pects: model and algorithm.
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R EAL(Support Vector Machines, SVM)J& —Fh LAGE T 22 B8 DA K 25 74 AU 5 /N 1 5 2 Sy L Ay
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CHEIA AL (Support Vector Machine) i Ji 38 & T4 — ANl /2 7 SR BRI fe A 7 S5 P 1, (145 108 P
T AN BEAE CRAIE 7> S IR 14, 3w DAfSt 8 P 1 9 00 ) 2 1 DX 3 Rt o 1% i B R 500 5 Rk B id
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i), ik 1.
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Figure 1. Data is linearly separable
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&N O T A, AT B R P T SRR S, (HIRATIR A S T A, RIRAS B
HaRTE, B ERAR I H R EOy
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Figure 2. Data is non-linearly separable
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Figure 3. Data is mapped to high-dimensional
space separable
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WANKIZA B TIRZ (055 77, ARSI EAAS TARKIEE R, A SCHIXPIJT T 53 ) BEAT B

3. 1RE

S )AL RIS TR 73 Ay s 1] R A T B P el B S o 0 S R IR Bl B BT AR IR A ST
RLVERI R AR A R, BRI RE PR AR R R Z e AT b D g, IR EAEBEIR . Seds KA
Il PR 2 A A Y
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i=1
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HPUSCFF BN AR, 2 NIEGRAEAWT R SGEBUR T, i A2 38 1 AN Wt 5T B 2K R Ok 7 A2
BB o XL IR 45 O R BOR B 9 T ek O AR T e B S . T R BOR AR 2 5, T LR
W FERCR AR T B R T R b TR, T RO R AT A S, JUH AR PR
MO BL, Qkbsy, ST, UIHESIHESE O A E A TR AL AR AR AT R TR, B DA AR
BE TR BRI AR ™ R A T o 3R RA SO A AN T P 2K B 0 — e 22 ST 5 RS R 23 30 JEE 0T o

3.1 KRB AR

1995 4 Vapnik Al Cortes Ui Hi Hinge $7JB %, Bl 1, (1) = max{0,t}, Ve R, AL =0
E—fANA, R R SRR ENLR . $E R B A 7Tt > 0 MR, HEEIX
BRI E R BEIE ST B0 FEAS, 2013 4E V. Jumutc A1 X. Huang %5 A%5 T Pinball #15<&i%1[3], HEAAEA N
1% o (£) = Max {t,—7t},0 < 7 <1, A BB AT HAE T 2, (EL b — A BOBOR 7 6 2 A B 4T
PUETTFTAFEAS, FIFZ R EEEIL T Pegasos 528 A4 H FR. 2008 4F L. Wang 1 J. Zhu 5 A\ & k48
I (t) = max{0,t =7} - (max {0,2/2-t*/2c} ~t°/2) . = >0 RiAI{E SVM M50 564 th[4], B AL Ak
AbTT . R % R S B T R DR [ B DA K o R KN — i FE A DS A B R AR ARl — R i Bk . B
AT LA AT 74552 BB e () =t 5 AELTRAVIJIAEE 5 /0N 30 S/ 1 ALK B0 o 1 S5 6 LRI R 75 A
U, R IRIX — RS I T INBUR N ISR A AL, AT N IR ER R B A E R — T AR &
RKHMESS, I H AR & HErE . KILAE 2014 4F X, Yang AT L. Tan 4 7 B % AL SR H T —Fh
SRR N ISR B R B R L, R B SRR IS oA T B R R [5]
2000 4 J. Friedman 1 T. Hastie #2132 45 51945 2k s (6], T HOGHEIPERT, X — Rt N
T MRE MR R AL, RIS A A XSS R A 5 2 L, MR £ .

BT DL B A e, BT DO R SVM RS At R AR 25 55, (2, FRATAE WP E 2
FEBEE LA, Hodn BB B)axX B R EnT LUK I L0 2 TG SR ek 2, 10 A 2 5 B0X S6 47 2% oR H50nt
BEh A B e, N T T IRIX— A A, 2003 4 F. Perez-Cruz £ Z[7]Hh X i 2k BB B — 14
AT AT, FHAE e BRE A, A, RO AR T AR, AT T IR 1]

DL ESE B2 — e Wk R A, it 2R, AW IRE E A, B R U R
Bt O At TR, KT HREHtha KBRS, X BEHESIRENRE], Az 28, Tk,
SFEATE Z (T O BAE AR RO T, R I ERATT AR R R BRIk AT A

3.2. KR AR

[FFE, BT et 7 REMIEN RS, e R A28 .

A6 Ramp SR BREL, 1 (1) = max {0,t) —max{0,t - u} b 120 0 ZEREAEL =0 Ft = 1 X FHA
MR, (A7E 0 B p Z R AH F . EARB I 2 AAE T EA 2 LENATLE t < 0 1EHEFE
A, KTt > 0 FIIBLEREAR A M AE I, 4 0<t< uith, BURREARSBRIZLMEES, M2Mt> 4 Y
GBIy —PRE B BAE T o TE R DRI B T 0 P P A A5 A o J500T — 16 S (L B 5 LA B R 12 . 2014
A X. Huang 55 NAZ RS SR ENARSE &, 3R T — Pl I SCRem &= 2 K28 8] N T iR fe Gufii
Rt TR s AR TR AW HET, ARMER I8 R0 N BB b (1 RIS, — FloB (0 HE 7 SRR R AL
9], EFIH sigmoid HRKEREL HIBAN 1y (1) =1/(1+exp(-t)), 70 3 1L Z iDL HAR, 5
AR, ESET AR R B S XTI AT ISR, SEhR %R B i AN BRSNS
MR, PTLLA T AR — L 5 SR TAE . SCEE[10]H R AR 5075 21 T — /M RS 5 23 28 38 AE [ IR 46 ek S
] B4 25 4% . 2014 4 X. Shen 55K & 1)L & [11]+4 Truncated pinball 457 25 2 £
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I, (1) = max {0, (1+ 7)t} —(max {0,z (t+k)} — 7k} , 0<z<1FIk >0 SFFIEHUMALE A, Et=0Mt =k
WA IR . XTI K 2t < —k RS ), BRI Z SMET AR AN . R, B30
BB T 01 BUREREL BI2t> 00, 1y, (1)=1, t<Om, I, (t)=0. &Rt =0/ %L, HTe
(FBUER 0 2k 1, FrCAMBEREAIEHEVER B T ARG ORI . FE NIABUES) TSRS A, R
A AR AR B R R i ROl ST B T AR B KKT ks P-RsE mi ok 1
EAERRBL L A UKt AT T ARK ) SR

AR ST TR, R, A REIF IR EA A LR, ik, T EE
MNBESAIR, BAHIR 2%, BF ARG H DGR NI ] o 8 FORMEAR M AT IRA .

4. B3k

PEBSCHF M EAL R SRAE, B B2 SR — AN L) ORI I, 0 SRz — R )
IR LA/, FRATTAT AR I A, anshiinid . W Ak — S Lh i e B i (1) 7 vk ik AT
K, (HBEE REAERARMBR, W B, RS T EEE W A2 s
JEMS . MORAREEN R, T2 N AN FE AT T 2R H AT AR SENT 5T . N A THR A BRI
A Ff BN — Se BRI AT 5126

TR Sk AR H T, SCER[12]7E 1999 Ff F4RHH T SVM M EIZE %, MR A E
—/IEE I IR ENE RRAC B B AR A, R B AR T ) SR I S AT IS A AR S IR, ERIIZR
FEAF5E. IR EIL RN T ] RO BHIGAEARS, B N 22 ) 4 SR b 5T A G138 4 it
AT IS O BRI, 5 2 TERIER A AR e . PR BRVE I — AN S8 AR AT SRR LI 22 ST AN 2
—IREEHATH, T — MR — AR SRS SCE3 R T /i sE, RSk
— AN R B R 10 3 AR A — R BN RBRI - ) R AT IR AR AR, FE R UOEARH T, A kg B
Hafe 74 81— FHEMERINGE, RESRAEERB A ORI 7o 8, 28 EEEH TR
Ff RRIABE ) 850 o EA590 RER SCRR[14] 3 HE 1Y) SMO Sk 2 A iR Sk — M, BRI EF R &F 2
ANFEAR, ARRRT T W ANFEA I Z BRI ] B RE A AT AR, UG S FEAM B 10 8. 1992 4F Boser B E
25 NHEH Chunking 57E[15], B2 @i MIBRFE R R XF N Lagrange IRECNE AT FIHRHEAT, ST T45 €K
FEA, ZEER H A s AR MR AT D HEBR AR R &, X A A 7E T 7] AR RAR B B R AR
IR XS A7 2 A B A B SR . 2013 4 V. Jumute F1 X. Huang %5 A 42 ! Pegasos .32 F ] Pinball 45 2% 1)
R PR R iR T A ) R PR B R ST 1 2 R P W S RS AT ) T BN P A BRUAR 3]

IAER, AR KRR, 12 2 WAL A R SR EAT Bt it , 48 SVM BRI 57
BRAEAIEE A, IR E TFEREE . 2015 4F Bai 5 NEE RGBSR LT T 1 — L IEAREE[16],
SRR AMN A B 5 1) 4 R HERf 2 T HAG SEMR BRI 7 28 4% . 2019 4 Shao &5 NAHRFIEIL %A SR In] S A LAH
i, EIRIES KM FR B TRAEE R, ARG G IEAL, S T 4isCs & U7 e s 17, T
NS FEAFIRRAE R E RS, BT DOZSE G P, 24k BE It s .

DA ESR A AR — 2o U, BEARCRTE, SR ENLIEIE BrE 2 SR i BOR R B
APl 2 5 LA R R B AR FE I 5 IR SR AT, X2 4 J5 AT B RS 55 I 1 7 T
5 B&

A NEE A FE LR T SR EANLRISE R S B0E TSR, FENAT AR E. 2%

FRIRE, ZAERR T RKE R, (R KR R G LR, e A B O 1Y 7
AR, AT A R A, WA, EAREL, 52 UUIRANGE G, AR IR S
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