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TOM TAT - Trong bai bdo nay, chung toi dé xuadt mot mé hinh may hoc véc-to hé tro cuc b moi dwa trén may hoc véc-to
hé tro (SVM) va gidi thudt gom cum diF lidu (clustering), goi la kSVM, ding dé phan 16p phi tuyén dit liéu lon. kSVM sir dung gidi
thudt k-means déphdn hoach dit liéu thanh k cum (cluster). Sau do, voi méi cum kSVM huadn luyén mot mé hinh SVM phi tuyén dung
d‘éphdn lop dir liéu cua cum. Viéc hudn luyén cac mo hinh SVM trén tung cum hoan toan déc lap voi nhau, vi thé ¢6 thé dwoc thuc
hién song song trén cdc mdy tinh multi-core. Gidi thudt song song de) hudn luyén kSVM nhanh hon rat nhiéu so véi cdc gidi thudt
SVM chudn nhw LibSVM, SVMLight trong bai toan phan I6p phi tuyén dir liéu 1om. Két qua thwe nghiém trén cdc tdp dir liéu cia
UCI va 3 tdp dir liéu nhin dang ky tw viét tay cho thdy dé xudt cia ching t6i hiéu qud hon mé hinh SVM chudn.

Tir khoa - May hoc vécto hé tro, may hoc véc-to hé tro cuc bé, phdn lop phi tuyén dir liéu lom.
I. GIOI THIEU

Trong nhitng nim gan day, mo hinh may hoc vécto hd trg (SVM) [1] va cac phuong phap dya trém ham nhéan
(kernel-based methods) da cho thay dwoc tinh hop 1y ctia nd trong cac bai toan phan toan, hoi quy va phat hién phén tir
méi. Cac img dung thanh cong cia SVM da duoc cong b trong nhidu linh vire khac nhau nhu nhan dang mit nguoi,
phan 16p van ban va tin-sinh hoc [2]. Cac phuong phép ndy di tré thanh cac cong phan tich dit liéu phd bién. Mic du
s¢ hitu nhiéu vu diém, SVM van thich hop khi xtr 1y dir liéu 16n. Loi giai cta bai toan SVM 1a két qua bai toan quy
hoach toan phuong (QP), vi thé do phuec tap tinh toan cua cac giai thuat SVM it nhit 1a O(m?) v6i m 14 s6 phan tir trong
tap huén luyén. Hon nita, do yéu cau bd nh¢ 16n nén viéc st dung SVM tré nén kho khan hon khi d6i mat véi dir lidu
16n. Pidu nay dan dén yéu cdu mo rong kha ning xir 1y (scale up) cua cac giai thuat hoc dé co thé xur 1y cac tap dit liéu
16n trén cac may tinh ca nhan (PCs).

Chung t6i dau tu dé xuat mot giai thuat song song cho bai toan SVM cuc bg, goi 1a kSVM, nham giai quyet bai
toan phan 16p phi tuyén céc tap dir liéu 16n. Thay vi xay dung mot mo hinh SVM toan cuc nhu cac giai thuat co dién
(rat khoa khi xtr Iy dir li€u 16n), gidi thuat kSVM xay dung mét tdp cdc md hinh SVM cuc bo. biéu nay co thé dugc
thuc hién rat d& dang béng cach ap dung giai thuat SVM chuén trén céc tap dir liéu nhé. Giai thuat kSVM thuc hién
viéc huén luyén qua hai giai doan. Trong giai doan dau, sir dung giai thudt k-means [3] phan hoach tip dir liéu huén
luyén thanh k cum (cluster). Trong giai doan thir hai, véi mdi cum dir liéu xay dung mot mo hinh SVM phi tuyén dé
phén 16p dit li€u cho cum.

II. MAY HQC VECTO HO TRQ

Xét bai toan phan 16p nhi phan nhu Hinh 1, v6i m phan tir x; (i = 1, 2, ..., m) trong khong gian n chiéu, R". Mdi
phan tir c6 nhan twong ing y; € {-1, +1}. V&i bai toan nay, giai thuat SVM [1] ¢b giang tim mot siéu phang t6i wu (biéu
dién bang phéap vécto w € R" va d léch b € R) tach cic phan tir thanh hai phan twong tng voi nhin cta ching. Siéu
phing t&i wu 14 siéu phang cch xa 2 16p nhit. Bai toan nay tuwong dwong vdi viée cuc dai hoa khoang cach hay con goi
1a 1& (margin) gitta hai siéu phéng hd tro cia mdi 16p (x.w — b =1 doi v6i 16p +1 va wx — b = -1 déi véi 16p -1).
Khoang cach gitra hai siéu phing hd trg bang 2/||w|| trong d6  [[w]| 1a d6 1én (2-norm) cuia phap vecto w. Truong hop dix
lidu khong kha tach tuyén tinh (linearly separable) ta xem mdi phan t&r nim sai phia so véi mat phang hd trg trong ing
voi 16p cua chung 1a 16i, khoang céch tir phan tir 16i dén siéu phang hd trg duge ky hiéu z; (z; > 0). Vi the bd phan lop
SVM phai dong thoi cuc dai hod 1& va cyc tiéu hod 16i. M6 hinh SVM chuén mé hinh ho4 bai toan t6i wu nay vé bai
toan quy hoach toan phuong (1).
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trong d6 C 1a hang s6 duong dung dé diéu chinh do 16n cua 1& va téng khoang cach 16i; K <x,., x/.> 1a ham ahan tuyén

tinh K<xi,xj>=<xi Oxj>.
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Hinh 1. T4ch tuyén tinh cac phin tir thanh hai 16p.
Giai bai toan quy hoach toan phwong (1), ta thu dwoc ; (i = 1, 2, ..., m). Cac phan tir x; twong (mg v6i ¢; > 0

dugc goi la cac V’éCtO h5‘trq. Chi can cac vécto néy ta c~() thé dung lai dugc céc‘siéu phéng hd trg va tim dugce siéu
phang phan 16p t6i vu (nam chinh gilta hai siéu phang ho trg). Viéc phéan 16p phan tr méi x véi mo hinh SVM dugce
cho boi:

predicty,,, (x)=sign Ey I.O(I.K<x, xl.> -b )

i=1

Céc bién thé cua giai thuat SVM sir dung cac ham phan 16p khac nhau [8]. Dé ¢6 thé c6 ham phan 15p khac, ta
khong can thay doi giai thudt ma chi can thay doi ham nhan tuyén tinh bang cac ham nhan khac. Bang cach nay ta thu
dugc cac mo hinh phan 16p dua trén cac vécto ho trg khac nhau. Hai ham nhan phi tuyén pho bién la:

e Ham da thirc bac d: K<xi, xj> = (<xi : xj>+1)d
I

e Ham co s& ban kinh (Radial Basic Function — RBF): K <xl., xj> = e%‘xrxj

_Mb hinh miy hoc SVM cho két qua cao, 6n dinh, chiju dung nhiéu t6t va phu hop véi cac bai toan nhu: phan
16p, hoi quy va phat hién phan tir ngoai lai. Nhi€u trng dung thanh céng cia SVM da duoc cong bo bao gom nhiéu linh
vuc: nhan dang anh, phan loai vdn ban va sinh-tin hoc [2].

III.GIAI THUAT SONG SONG CHO MAY HQC VEC-TO HO TRQ CUC BQ

Nghién ctru trong [9] da chi ra ring do phirc tap tinh toan ciia SVM it nhat 1a O (mz) trong d6 m 1 s6 phan tir

trong tap huén luyén. Diéu ndy lam SVM tr& nén kho st dung trong cac tap dit lidu 16n. Huén luyén mot md hinh SVM
toan cuc trén mot tap dir liu 16n 1a mdt thach thirc do d6 phirc tap tinh todn cao va can nhiéu bg nhd.
A. Hudin luyén cic mé hinh SVM

Giai thuat kKSVM cua chung t0i str dung giai thuat k-means[3] dé phan hoach tap dir licu huén luyén thanh k
cum, va sau do huan luyén mot mé hinh SVM phi tuyén trén moi cum. Hinh 2 minh hoa két qua ciia moé hinh SVM
toan cuc (hinh tréi) va 3 mé hinh SVM cuc b¢ (hinh phai), sir dung ham nhan RBF véi y = 10 va hang s6 dung hoa C =
10°.
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Hinh 2. M6 hinh SVM toan cuc (trai) va cac mo6 hinh SVM cuc bd (phai).

Bay gio ta s€ xem xét (16 phure tap cua viéc xay dung k mdé hinh SVM cuc bo voi giéj thu~é1t kSVM. Toan bd tap
dr liéu huan luyén gom m phan tr dugc phan hoach thanh £ cum (gid st can bang). Vi theé, moi cum c6 khoang m/k

s 2 Le
phan tir. B phtic tap tinh toan cia £ m6é hinh SVM cuc bd 1a O(k (%) ) = 0(’"72) Viéc phan tich nay cho thay rang

hudn luyén k mé hinh SVM cuc b trong giai thuat kSVM nhanh hon huén luyén mot mé hinh SVM toan cuc (d6 phtrc
tap 0 (m2 ) .

) Can phai chu y rang tham s6 k dugc sir dung trong mé hinh kSVM dé di}éu chinh sy dung hoa gitra kha nang
tong quat hoa va chi phi tinh toan cua giai thuét. Trong [10, 11, 12], Vapnik da dé cap dén sy dung hoa gitra kha nang
tong quat hod va so phan tir trong tap hoc. Trong ngir canh cia mo6 hinh kSVM (k SVM cuc bd), diéu nay ¢6 thé hiéu
nhu sau:

e Néu k 16n, thoi gian huén luyén cia giai thuit kSVM giam déng ké (d6 phirc tap ciia kSVM la 0('"72)) va

kich thuéc ciia cac cum (cluster) nho. Tinh cuc bé sé ting va kha ning tong quat hod thap.
e Néu k nho, thoi gian huan luyén cta giai thuat kSVM giam khong dang ké. Tuy nhién, do kich thudc cia cac
cum 16n nén kha ning tong quat hoa cao.

Diéu nay cho thiy rang ta can phai diéu chinh k sao cho kich thudc cua cac cum di 16n (vd: 200 nhu dé nghi
trong [11]). Hon nita, do kSVM huin luyén k mé hinh doc 1ap tir k cum dit liéu nén ta c6 thé song song hoa qua trinh
huin luyén kha d& dang. Day 1a mot tinh chét rit tuyét voi cia kSVM. Giai thuat kSVM song song tan dung wu diém
clia cac hé thong tinh toan hiéu ning cao nhu may tinh da nhan hay hé thong tinh toan ludi. Viéc cai dar giai thuat
kSVM song song don gian nhit 1a st dung mé hinh lip trinh da xir 1y str dung b nhé chia sé openMPI [13] trén céac
maéy tinh da nhan. Cac budc co ban cia qué trinh huan luyén kSVM song song duwgc md ta trong giai thuat 1.

Giai thuat 1: Giai thuat may hoc vécto hd trg cuc bd kSVM
Pau vao:

Tap dit liéu hudn luyén D
S6 mo6 hinh cyc bo k
Siéu tham s6 v

e Hings6C

Piu ra:
e K mo hinh SVM cuc bd
Bit diu
Ap dung giai thuat gom cum k-means 1én tap D
thu dugc k cum Dy, Dy, ..., Dy va cac tdm tuwong tng ¢y, Co, ..., Ck
#pragma omp parallel for
fori=1tokdo
/* Hu4n luyén mo hinh SVM cyc b trén cym D; */
lsvm; = svm(D;, v, C)
end

return kSVM = {(c,,Isvm, ), (c,, Isvm, ),..., (c, , Isvm, )}
Két thic




550 PHAN LOP PHI TUYEN DU LIEU LON VOI GIAI THUAT SONG SONG CHO MO HINH MAY HOC VECTO...

B. Phdn I6p phin tir méi bang cdc mé hinh SVM cuc bj
Mb hinh ASVM = {(c1 Jsvm, ), (c1 JUsvm, ),. ‘e

Trudc hét, ta tim cum gan vai x nhét (tim cum c6 tAm gan véi x nhat).

(c,Isvm, )} dugc ding dé phan I6p dit ligu méi, x, nhu sau.

w = argmind(x,c) 3)
c
trong d6 d(x, c) 1a khoang cach tir phan tir x dén tim ciia cum c.
Sau do, str dung m6 hinh SVM cuc bd [svm ay (tuong ung véi Cyy, ) dé du bao 16p ciia x.
predict(x, kSVM )= predict(x,lsvm,,;) 4

IV. PANH GIA

Chung t6i quan tAm dén hiéu qua cta giai thuat SVM cuc bo song song duge dé xuét (goi 1a kSVM) cho bai
toan phén 16p. Ching t6i da cai dat giai thuat kSVM bang ngdn ngit C++ sir dung thu vién OpenMP [13]. Dé so sanh,
ching t6i str dung thur vién SVM chuén 1libVM [14]. Panh gia higu qua phan 16p dugc thuc hién trén hai tiéu chi: 6
chinh xac phan 16p va thoi gian hudn luyén. Chung t6i quan tim dén viéc so sanh higu qua giai thuat kSVM va
libSVM.

Tét ca cac thi nghiém dugc chay trén may tinh cé nhan, cai h¢ diéu hanh Linux Fedora 20, bd vi xu 1y Intel®
Core 17-4790, 3.6 GHz, 4 nhan va b nhé RAM 32 GB.

Thi nghiém dugc thuc hién tren 4 tap dir liéu UCI [4] va 3 bd dir liéu ky tu viét tay chuén hai bd cii: USPS [5],
MNIST [6] va mot bo dit lidu ky tu viét tay moi [7]. Bang 1 trinh bay m6 ta cua cac tap dir liéu thuc nghiém. Nghi thuc
kiém tra danh gia dugc chi ra trong cot cudi cia bang. Dir liéu da dugc chia thanh hai tap: huén luyén (Trn) va kiém tra
(Tst). Chung toi su dung tap huén luyén dé huan luyén cic mo hinh SVM. Sau d6, sir dung cac mé hinh SVM thu duoc
dé phan 16p dir liéu trong tap kiém tra.

Chung toi dé xuét sir dung ham nhan RBF trong ca kSVM va SVM chuén vi tinh téng quat va tinh higu qua ctia
no [15]. Ching t6i cling diéu chinh siéu tham s6 gamma cua ham nhan RBF (ham nhan RBF cua hai phan tir x;, X)) va
tham s6 C (tham s6 dung hoa 15i va do 1on cua 1é SVM) de c¢6 dugc két qua cao nhéat. Hon nita giai thuat kSVM ciia
ching t6i c6 sir dung thém mot tham sb k. Chiing t6i dé xuat chon k sao cho mdi cum dit liéu c6 khoang 7000 phan tir.
Y tuong chinh 14 tao ra mot sy dung hoa giira kha ning tong quat hoa [12] va chi phi tinh toan. Bang 2 trinh bay cac
siéu tham s duoc str dung cho kSVM va SVM.

Bang 1. Bang mo ta tap dir liéu thyc nghiém
ID Dataset S6 phén tir S6 thude tinh | S6 16p Nghi thirc kiém tra
1 Opt. Rec. of Handwritten Digits 5620 64 10 3832 Trn - 1797 Tst
2 Letter 20000 16 26 13334 Trn - 6666 Tst
3 Isolet 7797 617 26 6238 Trn - 1559 Tst
4 | USPS Handwritten Digit 9298 256 10 7291 Trn - 2007 Tst
5 A New Benchmark for Hand. 40133 3136 36 36000 Trn - 4133 Tst
Char. Rec.
6 | MNIST 70000 784 10 60000 Trn - 10000 Tst
7 Forest Cover Types 581012 54 7 400000 Trn - 181012 Tst

Bang 2. Cac siéu tham sé ciia kSVM va SVM

1D Dataset Y C k
1 Opt. Rec. of Handwritten Digits 0.0001 100000 10
2 | Letter 0.0001 100000 30
3 | Isolet 0.0001 100000 10
4 | USPS Handwritten Digit 0.0001 100000 10
5 | A New Benchmark for Hand. Char. Rec. 0.001 100000 50
6 | MNIST 0.05 100000 100
7 Forest Cover Types 0.0001 100000 500

Két qua phan 16p cua libSVM va kSVM trén 7 tap dir liéu duoc cho trong bang 3 va cac hinh 3 va hinh 4. Nhu
mong doi, giai thuat kSVM cua chung ti ¢6 thoi gian huan luyén ngan hon nhiéu so v6i giai thuat libSVM. Ve tiéu chi
d9 chinh xac phan 16p, giai thudt cia ching t6i cho két qua cé thé so sanh dugc voi giai thudt libSVM.
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Vé6i 5 tap dir liéu nho ddu tién, cai tién vé mat thoi gian cua kSVM 1a khong dang ké. Tuy nhién véi cac tap dit
liéu 16n, kSVM tang toc dang ké qua trinh hudn luyén. Véi tap dir liéu MNIST, kSVM nhanh hon 1ibSVM dén 33.64
lan. Dic biét, v6i tap dir liéu Forest cover type (dugc xem nhu 1a tap dit liéu khé d6i véi SVM phi tuyér [16, 17]),
1ibSVM chay dén 23 ngay van chua cho ra 16i giai. Trong khi 6, kSVM thyc hién huén luyén trong 223.7 gidy va cho
d9 chinh xac phan 16p 97.06%!

Bing 3. So sanh hiéu qua ctia cic phuong phap theo d6 chinh xéc (%) va thoi gian huén luyén (gidy)

D§ chinh xac (%) Thai gian huan luyén (gidy)

ID | Dataset IbSVM KSVM libSVM KSVM

1 Opt. Rec. of Handwritten Digits 98.33 97.05 0.58 0.21

2 | Letter 97.40 96.14 2.87 0.5

3 | Isolet 96.47 95.44 8.37 2.94

4 | USPS Handwritten Digit 96.86 96.86 5.88 3.82

5 | A New Benchmark for Hand. Char. Rec. 95.14 92.98 107.07 35.7

6 | MNIST 98.37 98.11 1531.06 45.50

7 Forest Cover Types NA 97.06 NA 223.7
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Hinh 3. So sanh thoi gian huin luyén.
Classification accuracy (%)
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Hinh 4. So sanh d6 chinh x4c phan 16p.
V. THAO LUAN VE CAC CONG TRINH CO LIEN QUAN

Dé xuét ciia chung toi lién quan dén cac giai thuat huén luyén SVM trén mot s6 khia canh. Cac phuong phap cai
tién viéc huin luyén SVM dbi vé6i dit liéu 16n bao gdbm cac phuwong phép sir dung heuristic dé phan ra béi toan quy
hoach toan phuong gdc thanh nhiéu bai toan nho [9, 14, 18, 19].

Mangasarian va cac cong sy da dé xuat cai bién bai toan SVM dé c¢6 dwoc ciac md hinh may hoc méi nhu
Lagragian SVM [20], proximal SVM [21], Newton SVM [22]. M6 hinh SVM binh phuong ti thiéu (Least squares
SVM), do Suykens va Vandewalle [23] dé xuat, thay db6i bai toan t6i wvu SVM chuén thanh bai toan SVM khac hiéu
quéa hon (vé mit thoi gian). Cac giai thudt nay chi can giai hé phuong trinh tuyén tinh thay vi phai giai bai toan quy
hoach toan phuong. Piéu nay lam giam dang ké thoi gian huan luyén. Gan day hon, phuong phap gidm gradient ngau
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nhién (stochastic gradient descent) da duoc dé xuit trong [24, 25] dé giai bai toan SVM tuyén tinh trong truong hop dir
lidu 16n. Cac cong trinh ké thira phuong phap nay cling da duge dé xuat trong [17, 26, 27, 28, 29] voi muc dich cai tién
d6 phirc tap khong gian (b6 nh¢ su dung) bang phuong phap huan luyén ting truong. Theo phuong phap nay, dir liu
duogc chia ra thanh nhiéu khéi, giai thuat 1an luot xir 1y timg khdi mot va cap nhat 101 giai. Vi thé khong can phai nap
toan bo dir liéu 1én bo nhé. Cac giai thuat song song va phan tan [27, 29, 30] cho bai toan phan 16p tuyén tinh cai tién
hiéu qua huin luyén trong truong hop dir liéu 16n bang cach chia bai toan thanh nhiéu bai toan nhoé va xu Iy tung bai
toan nho trén nhiéu may tinh, trén hé thong tinh toan ludi, trén may tinh da nhan. Giai thuat SVM song song dé xuat
trong [31] sir dung b xir Iy d6 hoa (GPU) dé ting tdc qua trinh hudn luyén.

Cac giai thuat SVM tich cuc dé xuét trong [32, 33, 34, 3SJ chon mdt tap con dit liéu (goi la tap tich cuc) dé xé}y
dung md hinh thay vi phai huan luyén trén toan bg tap dir liéu goc. Cac giai thuat SVM [36, 37, 17, 38] su dung chién
lugc boosting [39, 40] d€ huan luyén céc tap dir liéu 16n trén cac may tinh cé nhan.

Dé xudt SVM cuc bo cua chiing toi ciing lién quan dén céac giai thuat huan luyén cuc bd. Bai bao dau tién [41]
dé xuat sir dung giai thuat EM [42] phan hoach tap huén luyén thanh & cum; v6i moi cum, huén luyén mot mang no-
ron. Cac giai thuat huén luyén cuc bo ctia Bottou va Vapnik [11] tim & phan tir lang giéng ctia mot phan tir kiém tra,
huén luyén mot mang no-ron trén k phén tir lang gleng va str dung mang nay dé dy doan 16p cho phan tir kiém tra. Cac
giai thuat & lang giéng sir dung khoang cach siéu phing cuc bo va k lang giéng sir dung khoang cach 16i duoc dé xuat
trong [43]. Gan hon nita cac giai thuat SVM cuc bo bao gdm SVM-ANN [44], ALH [45], FaLK-SVM [46], LSVM
[47], LL-SVM [48, 49], CSVM [50]. Phan tich vé mat ly thuyet cua cac giai thudt SVM cuc bo nhu thé [10] da cho
thdy rang c6 mot sy dung hoa gitra kha nang tong quat cua giai thuat hudn luyén va sb phan tir cuc bd. Kich thudc cua
tap lang gleng duoc dung nhu mot tham so ty do bd sung dé diéu khién tinh cuc bo cua cac giai thuét hoc cuc bo.

VL. KET LUAN VA HUONG PHAT TRIEN

Chiing t6i vira méi trinh bay mot mo hinh may hoc vécto hd trg cuc bé méi kSVM va mot giai thuat song song
ding dé huan luyén no. Giai thuat dé nghi hiéu qua hon cac giai thudt SVM chuan cho bai toan phan 16p phi tuyén dit
lidu 16n. Giai thuat kSVM bét dau béng viéc phan hoach tap dir li¢u huén luyén thanh k cum véi giai thuat k-means va
xdy dung mot mo hinh SVM phi tuyén cho mdi cum dir liéu. Viée xay dung cac md hinh SVM cho cac cum hoan toan
ddc lap va dugc thuc hién song song. Két qua thuc nghiém trén cac tap dir liéu UCI va tap dir li€u nhan dang ky tu viét
tay cho thay rang dé xuét ciia chiing t6i hiéu qua hon vé thdi gian huan luyén trong khi van gitr dugc d6 chinh xac phan
16p khi so sanh v&i cac giai thuat SVM chuan. Mot vi du vé tinh higu qua coa giai thuat kSVM 1a: thoi gian huén luyén
trén tap dir liéu Forest Cover Types (400.000 phén tir, 54 chiéu, 7 16p) chi c6 223.7 gidy va d6 chinh xac phén 16p tong
the 97.06%.

Trong thoi gian t6i, ching t6i du dinh s& cung cap thém cac thuc nghiém trén nhitng tap dit liéu 16n khéac nita va
so sanh hi€u qua ciia kSVM véi cac giai thudt hoc may khac. Mot trong nhitng hudng phat trién cia nghién ctru nay
trong tuong lai 1a cai tien d§ chinh xac phan 16p cua kSVM.
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NON-LINEAR CLASSIFICATION OF MASSIVE DATASETS WITH A
PARALLEL ALGORITHM OF LOCAL SUPPORT VECTOR MACHINES

Do Thanh Nghi, Pham Nguyen Khang

ABSTRACT - We propose a new parallel algorithm of local support vector machines, called kSVM for the effectively non-linear
classification of large datasets. The learning strategy of kSVM uses kmeans algorithm to partition the data into k clus- ters, followed
which it constructs a non-linear SVM in each cluster to classify the data locally in the parallel way on multi-core computers. The
kSVM algorithm is faster than the standard SVM in the non-linear classification of large datasets while maintaining the
classification correstness. The numerical test results on 4 datasets from UCI repository and 3 benchmarks of handwritten letters
recognition showed that our proposal is efficient compared to the standard SVM.



