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FHZ A/ AN FEII Qe ¥ tlojEle Ao AN AEE vE &8 EAT
7] Wil 7129 dlelejuteld Altheoll AEE A& (batch processing) WAl &ie]E
AL 4 gA Ak mebA 7P A8 sl AsoF sk Al 7129 oy 7HA] ZATSEEH
9] go) E101] AL 4 Qe = BAAE (distributed processmg)E T3 FEI duEES
dele Zojgt B 4 Qth. B =RdAe EREACA Zdute A AWE 714 (support vector
machines) 9] o3| ¢nejFS Av RNz} sty 53] 9] o] EREAC] 83 AoR dqitE =
ia}‘ﬂ ety duE|E ME A gaegel vt Afsta, olEs duesEe] 4 ¥ AU

= AP EF s BoAE S F

X o to 4y

Fo 8o BAAE, 289 dueE, dFA e, g,
1. A&

o Hel 1 (big data)ol] tht ¥lo] ZxHT Jed], FAA FFAA A dolse} dHd
8 ARFEE:E ¥ dlojEl A&E 5 Jdx B4 2] /N AR (social network) 52 A
2 Fe9 X]'fi«] A e e 5= & F Atk 53] 9 HolEE olgelA WEsERe] Ak
S SHHo W elo] 22 AT 4 g7 wiEel 71&9] vlolEuteld Althell JiE d&A e (batch
processing) 419 &S AT = QU k. webA 7P AlFE] s dsloF = A 7129
ofg] 747 ZIASSHEE ¥ ol A8 + J=F B4HA ] (distributed processing) S 435}
= JF83 4 EE AL Zolzt £ 4 Sl

9 glojE E£4L % F2 HEHL FAAE (train data)9] RS BE 253 3 dBAe 4
g5S Aotke W, 42X eSS HEE s N, 223 FRARE S (F2
AR BLog) ‘@]—%%}»‘5 2219l &1 EE (online algorithm) $o2 FES 4= St} o] o8 J
ZHE% WA (parallel processing) 3 2849l sk Ae]ZE So] AAHo 7 W Holg EA
o omde= HIHWog AARAL HZ AXHME 7] A (support vector machines)+= H]HAFZ QI AT
o] B (Park, 2011), =% W@ (Pi 5, 2011), 719 £4F A& (Park 5, 2012) 5 T}st 258
Ao A ZHgka ek, B =FolAe AAHE A o7 712 3+d dagEE AHE I, 9 o]

tol =Be 201205 AR (Z8H7]eR)e] AYoz FFATAT] A AL wo} £ 7] 2AT
A9 (No. 2012R1A1A2004901)
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EREA 88 Aeg JAEE Shalev-Shwartz 5 (2011)2] 22}l €¢] &12]Z9 PEGASOS
(Primal Estimated sub-GrAdient SOlver for Support vector machines) ¢} Forero 5 (2010)°]4 A
td B8 dueES afst, BAARE St dugEEY] AAEES AHE At gt

BAHQ =2 A WHE/EAE Aol 0] folE S| aAsiat. ASHRES oY JPeE
2MA HEA o= Aol e (consensus)ehal st PSS o2 Ader 2NA WEA
23k F$ol= &7 (sharing)gkx st} Forero 5 (2010)9A] 83 ADMM (alternating direc-
tion method of multipliers) %'{-2 B53 A3l tfate] Fojo} - WAl HEA e dnejFS =
3=, Forero 5 (2010)2 9] w4 ADMMe|| #43F due&g /dsigct. 2 =RoA=
H )4 Forero 5 (2010)¢] ¢ilgjE5e ADMMOe® Ra7]2 gy d¥bAQl ADMMe| thg 2pA| gk
AFEHE Boyd S (2010)2 213}17] nheich.

2 =vf 7S v 2ok 280 s AAHE 7 AG) o2 7HA] A darelEe dudn 33
oAM= B dlole EAo A3 22kl B9 PEGASOSe WE ¢ue]E¢ ADMM £ &
4380 ME APEFo| et BAPE Bt TR BF AET ARA F ¢uEEY 45
Fan % (2005)7F AI9K8 AAME 7| A B Ael QA LueiFel skl LIB-SVMz v
npAEte 7 5= B =FS 91 El

259 ofe] Aheko] thato] ol Bt

2. AAHE 7| A gl E
2.1. A AHE7]1A

Cortes®} Vapnik (1995)0]] &3t A AW E 7| A= olg] 712 BRFEA AN EF277} v]¢ Ags
ol2] Jej A5 thete] AL-o] 7hs3t vf {FASH (flexible) Wi do] P ATt o] AollX= 4
HI3 28] 2 XCRP I Y={£1} < oA FEAN A S AR HAE 7] Aol vt A7) gtet.

Ay A 7)Aol EFE4 (classification function)E f(x) = (w,z) + bE YR AR
A8E olgdte] 73 FAXNE we b= YEW, 2HY EF3S

= {(zi,y) Yisa 2k sbab &4 %
f@) = (,2) + b= Jebd & Qov] Az 4nse] g aoll tiste] sign(f(2))2 A2 5 U
"ot BE F-ASAH] f(x) =00 93] Foj=]= A3 =39 (linear hyperplane) ol &]3to] £33
e A, &, BEv i = 1,00l tetd g f(z:) > 05 B5H= f7F EX5k= A& 287t
53t 7% (separable case)2}1l dh, 18R] ¢k A= 2ElE7H53 4-F (nonseparable case) 2k
gttt 72+ B9S2 Figure 2.1 A o] glrt.

w'x+b=0 w'x+b=0

margin margin

(a) Separable case (b) nonseparable case
Figure 2.1 Illustration of the linear support vector machine.
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¢ ARAer Belrbset Aol tiste] dREAL o] Feole E{: TEA RS 3] Zelst
Y SR F5 wol EAlsteR 47‘@} 47%1]/‘1 °H7P l wol EAlskE AR

2 1A (margin) < FHUls}sl= v‘f‘%?}ﬁ‘—% —%—?']—7{] au.
max% subject to y; f(z;) >1,i=1,...,n

ol& 73l (hard margin) A X HE 7| Agta FEct. 2t AA EREA A A8 Ee7bssithe
7HE FAdA)A RetrR, ol Aro] FAARY] SLEFE 85 nilE Hdde= A 17
A "t o]& <R (soft margin) AAME 7| Alg} BE2w T} 22 YDA] (primal form) 2 A3}
TAR 7A€

N Y
min (zlwl +n;€i> (2.1)

subject to & > 1 -y f(z:),& >0,i=1,...,n

A7IA {&} i = oS (slack variable)2t 20 (w, ) + b = £ 23] AHeol==
o] X vUHe TAARREY AgE veRdth I vE2 4% THeAR B 5
713HuHRl (geometric margin) 9] J4=2] AlFol| vldldhe |jw|*<} TH L] AdiH v&S
zgRpolty. Be7bestA] 92 4ukdQl A9 nEshe ikl AAWEHZ|AE &3] AAHEH7
Azt ek

Zu 2 A3} (method of penalization) oA B (2.1)2 th2-2] A3} &AL 5X] ot}

AZNA l(w; s, y:) = (1—yif(z:))+ = max(1—y; f(2:),0)< A HE4 (hinge loss) oW J[f] = |Jw]|?°]
t}.

daeFol webds 9A A3 2AE 2ol e Pl shARE YRR vt 22 Btag=
4ol ol FE5E A (dual form) H A3} £AS F}.

mo%n <1 ZZyzy]a aj (i, x;5) ZO“) (2.3)

=1 j=1

subject toZyiai =0,0<a; <Cyi=1,...,n
i=1

A7IA4 C = 1/(nA)elth. BAEA (2.3)9 3 qi,i = 1,...,nE 42 KKT 27 (Karush-Kuhn-
Tucker condition) Q2 HE & = > 7" | diyir: &+ b Aira 2= %lD]— AEA L FEHA S Hr} =}
Mgt AHEE Park 5 (2013)9] 1475 Fastr] vigith 222 39 59 ByoAe BE 47
EAE ol8st BRFTE Foke B, AAHE 7| AN = TEAREF q > 00 H3H = &9 A
AE et FAAERAET] BFET| Zoddths S0 Ak AAWE 7| AR ol AAE A
A E g gofdl 7] A%t
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AAME 71 A L] FEE A5 YA e A HAH3} 249 e Foke Aer Addnt. AEA
(2.3)dAM = WS AR tAllehs 29 AYEY (kernel trick) & o] &3 94A v ER= &%
o] 7hssithke Aol itk WHA AAIEA (2.1)2 ZARIE th7] dstths Aol Ak o714 &
Ao Qoll ek e Akl 2+

O
O
IA
S
H*
+
™

< J*‘-']’t 2 Foldtt & z* = argmin, Q(x) It}
TE171AS] 78 dngE2 AFAA B, Al H A3 24 719k 3, A H 23 24
Zlhke] v S o7 s 4 gt AEA ‘%}‘ﬂ_@_i—“f A EA| S o] A A (quadratic program-
ming) 22 A F+= #HI Platt (1999)¢] SMO (se q uential minimal optimization)%} SVthht?ﬂ
e HppAs AN FE S0l Utk AEAL WAEL Adeo] v
o HGTAAL 29 229 et B4 Aol T4 ALE HHRE A
AWEF 2] A3} BA|Z F+= Hsieh 5 (2008)2] Fx 733t &d1glE (coor-
dinate descent algorithm)3} Smola 5 (2007)2] HE (bundle)‘ﬂc}t‘ﬂ Sol gxAolth. YAl H A3} +
Aol 71wkt o 2= PASro 54 A 73} (stochastic gradient descent) €a1g]E EFJS
Z 2 Zol| 2701 Shalev-Shwartz 5 (2011)2] PEGASOS, Bordes 5 (2008)2] SGD-QN (stochas-
tic gradient descent with a quasi-Newton), Duchi®} Singer (2008)¢] FOLOS (FOrward LOoking
Subgradient) Fo] Ut L Hol] $19] Al Mo £547] b o R A BAEsE Wdot
7t Z A 3}8= Forero 5 (2010)2] ADMM ©]u Franc®} Sonnenburg (2008)2] OCAS (Optimized
Cutting plane AlgorithmS) 5-©] It}

3. 9] dlole] R4 A7 AAME A FnelE
3.1. PEGASOS

Shalev-Shwartz 5 (2011)9] PEGASOSE &7 ZHAF 43t dueglgez B 4 9ltf. Bottoust
Bousquet (2008)ol|4] 2| A3t vke} o] it & ShGE A& SARIEE S8 £ 524 (pre-
diction error) & 45 & 7] Wl H Az A vl FZ3 S E 3] H5) B =S
o] Z w7t gl & Atk I olfr thad Zo] AR 4 Ut} SFEA A H A o3l sE
& uj 01]?_1_1%: AR A} (approximation error), 573 22} (estlmatlon error), Z Z3}2 2} (opti-
mization error) 2 B E}. AL = 5 e Sk FEE s UEHH, A A= 9]

o s o A Ben SR e, AATEAE A GerEd Ao 3
£ A 1% S, EAAEA D) G 2H AR SAE T B A AF 58 @
e ABHEANE AU A5 B WolAAW F BT LuASS AEFoA o Be
AR T sigote] 2 9AE ol Aol B BEAY & Yoke Aoltk. HT HEH AN ot @
NEE $2 98 P AU oIAT SE7) ohe w2s] el o e ARE AP 5 3T

N,

r

Be

mebd o $2 S Tt ARG el viste] 2HLAE RA £ 4+ Uk E e BHL 2
ekl Ehle] Sigell A astehs Aoltt.

ARE JAH S0 AT W) TE AA nle] ARE st BoE Aave) vy

3 ohah 5 A9RA J = 1o]W 2ebel B uFOR T = nolth. 1HW JAH S5eke

PEGASOS &1 g&2 vy} zt}.
1
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2. ¢ Tl tiste] thE& WHE gt
() || = J& BFde AR L C {1,...,n} S APsA A3

(b) 4] (2.2)&
2l + 3t by, 1) (3.1)

icl,
2 2AE.
(¢) 2AF EFg (3.1)9 MEIHYAE (sub-gradient)

Ve= A( " ) = > I ) +b') < 1) ( yii )
0 i€l Yi
(d) 3] )FZL n, =1/(M)E 3} HS

thrl wt
( e | e ) TV
= AAT

(e) AFAHA!: w'tt min{lv Hw”ll\}w

3. A& wh T

AGEAL HEFs el WAE WA 1/VAY T2 ABeh Fu Y
GASOSS| ABAZE O(d/(A) 2= FeiA QIeh. & di 00] ohd ABdel g us

9 ATE
vehdch FrEAE APATe] EAARS A7)0 oEsHA] k= & 4 Ak HAdE AT oy
F BERZ 2 9 F=HAdof thet XM S A2 Shalev-Schwartz 5 (2011)& #=3}7] vighch

3.2. ADMM

Folxl FAAEE JAY BYor Wrie F9E AZe HAL j = 1,...,J0 Hdte] I; C
{1,...,n}= A= wjakel s Belo] @ZHJ?JOB} stAk p > 0= FoiR A % tErdet. Forero
5 (2010)01]H 2 (2.1)00l4 SEete] GaeEE sk, B =wolAs =29 A9 AU
s HAs) (22)8 7keg dueES Ay E o

J J
e . 1 2 . 14 2
minimize §||z|| +C E E Uwj, bj; xs,y:) + 3 E 1 ||lw; — z|| (3.2)
=

j=1li€l;
subject to w; —z=0,b; —b=0,5=1,...,J.

7 BEol Mgl Azl AR AAFES 37 A A0 29 A T (global

gtk W BEgke] Se] PR ARPHE Fold Bt A%

Atk AAZ 919 HA48E A4 Fr Ao ozt Auo| Below £A

Ho] AWBHE 7 Belol Mgl 24 A4 o A groz 2EsH

R oA p/2 Y7 [y - 2|Pe R 49 FHE g g4
2)

(augmented Lagrangian function) (3.2)& HA3gthe Holl 53 27} ity ASGxAo = st
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olN

ol

/\

i
L m

2 A3l defel HAse FAYL 4A € 5 Aok ol AT FIhske ol e A4
st A0 2 3AZAANA s3I A Zou}t Hastie (2005)2] dHAE UE (elastic net)ol]
: WATE e A AN, B 917} A Be 7 289 AL ] ek 248
23] 2 ¥l gholl thato] w5 A &) A 29 Fdde BFY 5 I sk 4T vk 1
grel ADMM €are|soll theh o] 24 <l % Boyd 5 (2010) & 3a1s}7] wpgict.

AAE 71 A ] el EAlOl tig ADMM dare]Ee thedt o] fordth AR =4S
Forero 5 (2010)= #a13}7] wlghch

1. 2713k wj, b}, uj2 AL gk, 2 =0forj=1,...,J.

2. t=1,2,...9 thato] tFSL 45T wj7hA] wE o)

o

RN )
—~ ol

ﬂ'E rl!]o
[e)

(a) j=1,...,J0 thate] ko] AL Eu}.
(!, b5 = arg min ( C Y 1w, biai ) + 7”w I
€15
(b) j=1,...,Jo0 thate] z'+1g} ultl s
t+1 1 J - )
A= g e )
W= it -

Forero % (2010)9A & A AF3E EFof T3l wireless sensor networkse} 242 AP R 7} Q&=
Hatg e ol 2813} vy EFEAC et duejEE AAs . ADMM &

qLE 2 on,
#Hg 29 FTEFA Boyd 5 (2010)94]+= 3 A} BF 5 o] 71 S5EA | )3t ADMM &3
g|Eof st HLekS AAEY, JERSES o EPO= o] AHEshe FfF A4 st =
OF3 ok

4. 2 ojAd

o] oAl AAHEIZ|AY HEAQ d&EA ] eF<l LIB-SVM, 22kl @419 PEGASOS,
ag)x WA A9 ADMME| o&83 THAE RYAPS Bt vudth AsdAde
32719 Foj & zt= HE|F O] (multi-core) A]2EIQ] Dell R7202 ARR3FATE Al2Ele] CPUE Intel
Xeon CPU E5-2690 2.90GHzo]1 W|E &= 192GBo]H &4 A A= 64HE SEE 12.04 Anjo|t}.
LIB-SVM< R 1071 #|7] Ao +HH svm TF4E 0] 231917 PEGASOSS ADMMLE RE A4
Z@319h. ADMMS] A% snow W7 A& o] &3le] o7 Tolz HANelT A} TolE UL A
83 AUtk AYL T o meAE BAZ QoA Shubel molwe ol gtk obbE Aums} AHg
712 T& 7t Fojoll ALt 27]3}eta thA] A2l AAE 7ML= T4l vlge] 2 Zleg B
At AA BEA A= o]2]Ft v &S Sol+ o] HALE F23% FARA AYPS E8FHoE
Tufstar Aglshe A9t Aol itk A7 AAHE 71 A B9 &R AE AdEslof sh=tl A&
7t 2 A5 AR TAREE AR 1007 FEFF ] {275,277, 20 A 5-Fg wAEQ
H (5-fold cross validation) 0.2 33+ & 2520 TAA] TAHH Fro=z /\}%B}S{iﬂ—. ADMMY] 3¢ &
7}_;3'0] \:x/“o] pb_ ;(414—5] = 71—0; J_z-],\]%l 9),_O_E§ p= 104i ’gxé?—ﬂ-?i\:}.
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woude] ARe] AAWS T 2ok $4 SHEE V=418 A4 T, X, X,
NG2/Y, D)3 X, X, ~ NO,1)E S840z gyach 2e9 g9 rje] qeuss

Aol g Wolal UmA p —r7le] g4Yuss2 st Aok
Al el B4 Welz eBFEL 0.07870th. 7 %

W59 BE r/pg 0.05,0.10,0.15,0.208] Ul 7HA ol AFEGc Eo &
5000, 10000, 15000, 200009} ¥] 7}A] =F& Fejstgy A@AEE 1000002 A A]
Ao AEdL ghotetr] fiste] ARE AAs £

o,

Table 4.1 Average training times of PEGASOS, LIB-SVM and ADMM over 100 replicates

average of training times (s.e.)

r/p n PEGASOS LIB-SVM ADMM
0.05 5000 0.1719 (0.0001) 2.6960 (0.0012) 1.9110 (0.0017)
10000 0.3459 (0.0017) 11.9400 (0.0267) 3.9230 (0.0041)
15000 0.5195 (0.0009) 32.3990 (0.0415) 5.9690 (0.0032)
20000 0.6984 (0.0029) 60.5570 (0.0855) 8.1120 (0.0049)
0.10 5000 0.1653 (0.0001) 2.6950 (0.0011) 1.9130 (0.0012)
10000 0.3328 (0.0017) 11.8040 (0.0239) 3.9210 (0.0030)
15000 0.4973 (0.0007) 32.2300 (0.0345) 5.9800 (0.0030)
20000 0.6692 (0.0017) 61.5080 (0.0569) 8.1180 (0.0050)
0.15 5000 0.1707 (0.0011) 2.6620 (0.0024) 1.9330 (0.0027)
10000 0.3467 (0.0021) 13.3020 (0.0313) 3.9330 (0.0028)
15000 0.5207 (0.0022) 38.0700 (0.0716) 6.0120 (0.0038)
20000 0.6890 (0.0018) 75.0810 (0.0562) 8.1690 (0.0043)
0.20 5000 0.1698 (0.0008) 2.5950 (0.0018) 1.9210 (0.0021)
10000 0.3459 (0.0022) 11.8010 (0.0208) 3.9280 (0.0027)
15000 0.5111 (0.0014) 32.2560 (0.0427) 5.9940 (0.0031)
20000 0.6875 (0.0021) 61.4860 (0.0638) 8.1590 (0.0056)

Table 4.2 Average test error rates of PEGASOS, LIB-SVM and ADMM over 100 replicates

average of test error rates (s.e.)

r/p n PEGASOS LIB-SVM ADMM
0.05 5000 0.1544 (0.0071) 0.0811 (0.0000) 0.0790 (0.0000)
10000 0.1527 (0.0076) 0.0816 (0.0000) 0.0798 (0.0000)
15000 0.1433 (0.0066) 0.0807 (0.0000) 0.0797 (0.0000)
20000 0.1527 (0.0079) 0.0798 (0.0000) 0.0797 (0.0000)
0.10 5000 0.0809 (0.0000) 0.0822 (0.0000) 0.0783 (0.0000)
10000 0.0818 (0.0000) 0.0822 (0.0000) 0.0802 (0.0000)
15000 0.0808 (0.0000) 0.0809 (0.0000) 0.0798 (0.0000)
20000 0.0798 (0.0000) 0.0803 (0.0000) 0.0792 (0.0000)
0.15 5000 0.0850 (0.0007) 0.0824 (0.0000) 0.0784 (0.0000)
10000 0.0827 (0.0004) 0.0806 (0.0000) 0.0796 (0.0000)
15000 0.0827 (0.0003) 0.0810 (0.0000) 0.0804 (0.0000)
20000 0.0819 (0.0004) 0.0798 (0.0000) 0.0791 (0.0000)
0.20 5000 0.0806 (0.0000) 0.0832 (0.0000) 0.0792 (0.0000)
10000 0.0792 (0.0000) 0.0806 (0.0000) 0.0786 (0.0000)
15000 0.0804 (0.0000) 0.0816 (0.0000) 0.0803 (0.0000)
20000 0.0798 (0.0000) 0.0800 (0.0000) 0.0795 (0.0000)

Table 4.15} 4.2% r/p3} n] Zt AAEE 1008 2] WHEo| tjst RojAde] A HF FHAIL
I AP AE HolZErh. PEGASOSS} ADMME A& t}2 Aste] 7jukstnz 2g =9l FaiA)zke
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HiE 2 9n7t A LIB-SVME &8 2Hg 4 vlat 7Fssith JEueEs A48 ds
o] g ZA BAAJe] 7 e FAARY] F7] W AYPAE AP v Aow HArh
PEGASOSS ADMMe] A%l Seiztze] 370 ujet SeA7ke] 27t ek Ado g Z7hsk=
AX ™ HolH, LIB—SVM% Ao Ar= F71se 202 Btk A2 LIB-SVM2 2
Foll 71vtet 1oz A ¥ glojE] EA ol A3A] k2 dneEor A Ut
FTANIFEL2E A F PEGASOS7F 7P whaAwh o582 7bg dojA: 2 & 5 Ak
5 AWE v WS Hlgo] s%E AL Afole TUAET FAUR tE F Y 5L
& 4 Aok 2y PEGASOSY <582 r/p7t Z7}6¥°ﬂ e o2 duelE
&3 v Ne B £ 9gi=d], o= olufE PEGASOS AA|7 £2 H A3} Hrls <271
(stochastic gradient descent) &a1g]&0]7] w&o 27] x]0ﬂ/\ﬂ ZHH;]—O% 22 e 24 H A
te] £83517] wgo] Yehe @A R Btk Ax o] A% A5 oA PEGASOSY] o
ol Aeog ofdHnt. mfe AEe e Fehe deEel LIB-SVMY} ADMM] ¢ 59
r/p«l Hgol 2 Adglol vjwA kg H ez eyttt £3] ADMMY o]&88 243 2lo|A|uk
LIB-SVMol Hl3] o £22 ¢ 5 Aok w2 TAR8Y 277 A4S 4348 gugEes
HE Fohe AW AR E AAT £ O R RWA SE o o] Bk aHelzta & 4 Utk

I

P

©
— PEGASOS b0 ° — PEGASOS
-- LIB-SVM J e ---- LIB-SVM
ADMM o0 ADMM
o” .
©
© |
[
< g
~ q o0 5
S 2
®
§ £
3 £ 9
S’N— ® T ° o 000 000 0 0 oo 0 0 00 0000
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Figure 4.1 Comparison of average training times of PEGASOS, LIB-SVM and ADMM over 10 replicates

=2

Figure 4.19A& SRR F7|o w2 A g5 THAAZ vt oo ZJA3
0.20°J AL tdte] n = 5000,10000, - -- ,1000000] 4 103] =HEAH3 &
HE FoFTh Figure 4.1 (a)& noll tiste] 2 ¢eE]Ee] F¢ FAXTY 2a3S
4% X PEGASOS, ADMM, LIB-SVM <] LIB-SVM< t}2 £ #b o
259 Z7ol uket B S we] SRR Bt Figure 4.1 (b)2 ZF w9
S nlognlZ e & 2OE FH3to] vlust A3E vehdth. ZF daElEY E-AIY
logng 7|%02 v|lws|Hd, LIB-SVMS] T8AI 7S nlognXt} B w27 Z745t PEGASOS
ADMMS®] A%+ nlogn &2 o =8|A S7}sk= 2102 VT

r/p
BTA
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ko]
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%
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5. 48

2 =AM EREAY tizd s A7 A oy dueEs AuE, 9 b
B EFEAlel A 2oz o 28l B9 PEGASOS ¢z MEXe dauesal
ADMME 4788kt £33 o] & d1gES d&A e Bale 73 d1ueE9 LIB-SVM# 294
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Abstract

We cannot analyze big data, which attracts recent attentions in industry and
academy, by batch processing algorithms developed in data mining because big data,
by definition, cannot be uploaded and processed in the memory of a single system. So
an imminent issue is to develop various leaning algorithms so that they can be applied
to big data. In this paper, we review various algorithms for support vector machines in
the literature. Particularly, we introduce online type and parallel processing algorithms
that are expected to be useful in big data classifications and compare the strengths,
the weaknesses and the performances of those algorithms through simulations for linear
classification.
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