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ABSTRACT

In this paper, we present the support vector machines algorithm using the
stochastic gradient descent for classifying very large datasets. To reach
the sparsity in the solution, the support vector machines algorithm uses the
hinge loss in classification tasks. Thus, the direct optimization using the
stochastic gradient descent is difficult due to the differentiation of the
hinge loss. Our proposal is to substitute the hinge loss used in the problem
formula of the support vector machines algorithm by the smooth ones to
improve the convergence rate of the stochastic gradient descent. The
numerical test results on two large textual datasets (RCV1, twitter) show
that our approach is more efficient than the usual hinge loss.

TOM TAT

Trong bai viét, ching téi trinh bay gidi thudt giam gradient ngau nhién sir
dung trong may hoc véc-to hé tro  cho phan 16p dit liéu lom. Mdy hoc véc-
1o hé tro sik dung ham hinge loss trong phdn 16p nham dat dwgc tinh chdt
thua trong loi gidi. Tuy nhién, do ham hinge loss khong kha vi la nguyén
nhan lam chdm hoi tu dén loi gidi khi ap dung giai thugt giam gradient
ngau nhién. Chung t6i nghién ciru thay thé ham hinge loss dwoc sir dung
trong van dé toi wu cua giai thudt may hoc véc-to hé tro bang cdc ham xap
xi, kha vi nham cdi tién toc do héi tu ciia giai thudt giam gradient ngau
nhién. Két qua thuc nghiém trén 2 tdp dir liéu van ban lém (RCVI, twitter)
cho thdy hiéu qua cia dé xudt sir dung ham xdp xi so v6i ham hinge loss.

1 GIOI THIEU

hoach toan phwong. D¢ phirc tap t6i thiéu huan

May hoc véc-to hd trg (SVM (Vapnik, 1995))
14 16p mo hinh may hoc hitu hiéu dé giai quyét cac
van d& phan 16p, hdi quy, phat hién phan tir ca biét.
May hoc SVM da duoc ap dung thanh cong trong
rat nhidu ung dung nhu nhan dang médt ngudi, phan
loai vén ban, phan loai bénh ung thu (tham khao tai
(Guyon, 1999)). Bing viéc két hop véi phuong
phap ham nhan, may hoc SVM cung cap cac mod
hinh hi€u qua chinh xac cho cac Vén dé phan 16p va
hoéi quy phi tuyen trong thyc té. Mic du co duoc
nhing wu diém ké trén, viée huén luyén cia giai
thuat may hoc SVM rat mat thoi gian va tiéu ton
nhiéu khong gian bo nhé do phai giai bai toan quy

98

luyén cua giai thudt may hoc SVM ludn 1a bac 2 so
v0i 80 luong phan tir dir liéu (Platt, 1999). Do 4o,
can thiét phai co nhimg cai tién dé giai thut hoc
SVM c¢6 thé xu Iy dugce cac tap dir licu véi kich
thudc 16n vé sb phan tir ciing nhur s chiéu.

Dé cai tién viéc hudn luyén giai thuat may hoc
SVM cho cac tdp dit liéu lon. Cac cong trinh
nghién curu trong (Boser et al., 1992), (Chang &
Lin, 2011), (Osuna et al., 1997), (Platt, 1998) da
chia bai toan quy hoach toan phuong gdc thanh cac
bai toan con dé giai quyét. Nghién ctu cua
(Mangasarian, 2001), (Suykens & Vandewalle,
1999) da thay doi bai toan quy hoach toan phwong
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phirc tap cia giai thudt may hoc SVM chuin vé
giai hé phuwong trinh tuyén tinh don gian hon.
Nghién ctru cia (Liu ef al., 1999), (Poulet & Do,
2004) da dé nghi xdy dung giai thuat hoc ting
truong, chi nap dir liéu timg phan rdi cap nhat mo
hinh theo dir liéu ma khong can nap toan bg tap dir
liéu trong bo nhd. Cong trinh nghién ctru cua (Do
& Poulet, 2004), (Do & Poulet, 2006), (Do &
Poulet, 2008) dé nghi giai thuat song song dé cai
thién téc do huin luyén. (Tong & Koller, 2000),
(Do & Poulet, 2005) dé nghi phuong phéap chon tap
con dir liéu thay vi phai hoc trén toan bd tap dir liéu
gbc. (Do & Fekete, 2007) két hop boosting (Freund
& Schapire, 1999), arcing (Breiman, 1997) dé cai
thién toc d6 xdy dung moé hinh SVM chi tip trung
vao nhitng mau khé phan 16p.

Nghién ciru cta ching t6i trong bai viét nay
nham phat trién tir y tuong st dung giai thuét giam
gradient ngiu nhién (SGD) dé giai tryc tiép van dé
t6i wru ciia may hoc SVM, duge dé xuit bai (Bottou
& Bousquet, 2008) va (Shalev-Shwartz et al.,
2007). Tuy nhién, van dé t6i wu ciia may hoc SVM
c6 ham hinge loss khong kha vi 1a nguyén nhén
anh huong dén hiéu qua cua giai thuat SGD. Chiing
t6i dé xuat thay thé ham hinge loss bang cic ham
xap xi, kha vi (Rennie, 2004) dé cai tién téc do hoi
tu cua giai thuat SGD. Két qua thuc nghiém trén 2
tap dir liéu van ban 16n RCV1 (Bottou & Bousquet,
2008), twitter (Go et al., 2009) cho thiy hiéu
qua cta dé xuit sir dung ham x4p xi so véi ham
hinge loss.

Phan tiép theo ciia bai dugc t6 chic nhu sau.
Phan 2 s& trinh bay tom tit v& may hoc SVM, giai
thudt SGD su dung trong SVM va thay the ham
hinge loss bang cac ham xép xi kha vi, cai tién toc
dd hoi tu cta giai thuat SGD. Két qua chay thu
nghiém s& dugc trinh bay trong phan 3 trudc khi
két thuc bang két luan va huéng phat trién.

2 GIAI THUAT GIAM GRADIENT NGAU
NHIEN CHO VAN PE PHAN LOP CUA MAY
HQC VEC-TO HO TRQ

2.1 Phan 16p véi may hoc véc-to hd tro

Xét vi du phan 16p nhi phan tuyén tinh nhu
Hinh 1. Cho m phan tir x;, x2, ..., X, trong khong
gian n chiéu voi nhin (16p) ca cac phan tir trong
ung lay, ya, ..., ymcO gid tri / hodc -/. Nhan y; = 1
khi x; thuoe 16p +7 (16p duong, 16p ching ta quan
tam) va y; = —/, néu x; thude 16p —1 (16p 4m hay
cac 16p con lai). SVM tim siéu phing t6i wu (xéac
dinh béi véc to phap tuyén w va do 1éch cua siéu
phing b) dwa trén 2 siéu phang hd trg cua 2 16p.
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Céc phan tir 16p +/ ndm bén phai cua siéu phing
hd trg cho 16p +1, cac phan tir 16p -/ ndm phia bén
trai ctia siéu phang hd tro cho 16p -1. Nhimg phan
tir ndm nguoc phia véi sidu phang hd tro duoc coi
nhu 16i. Khoang cach 18i dugc biéu dién boi z; > 0
(v6i x; nam ding phia cia siéu phing hd tro cia né
thi khoang cach 16i twong tmg z; = 0, con ngugc lai
thi z; > 0 1a khoang cach tir diém x; dén siéu ph.'?mg
hd tro tuong umg cua no). Khoang cach gitra 2 siéu
phang hd tro duoc got la 12. Siéu phang tbi uu
(ndm giira 2 siéu phang hd trg) tim dugc tir 2 tiéu
chi 1a cyc dai hoa 18 (18 cang 16n, mé hinh phan 16p
cang an toan) va cuc tiéu hoa 16i. Van dé dan dén
viéc giai bai toan quy hoach toan phuong (1):
min ¥w, b, z) = (1/2) ||wlf> + ¢ D zi
i=1

S.1.

(M
yiw.xi—b) +z; > 1
zi 20 (i=1,m)
hang ¢ > 0 sit dung d@é chinh do réng 1é va 16i

Giai bai toan quy hoach toan phuong (1), thu
dugc (w, b). Phan 16p phan tir x dya vao biéu thirc
sign(w.x - b).

Mic du giai thuat SVM co ban chi giai quyet
dugc bai toan phéan 16p tuyén tinh, tuy nhién néu ta
két hop SVM véi phuong phap ham nhén, s& cho
phép giai quyét 16p cac bai toan phan 16p phi tuyén
(Cristianini & Shawe-Taylor, 2000).

(Platt, 1998) chi ra rang cic giai thuat huan
luyén dugc dé& xuit trong (Boser et al., 1992),
(Chang & Lin, 2011), (Osuna et al., 1997), (Platt,
1998) c6 do phirc tap tinh toan 1oi giai bai toan quy
hoach toan phuong (1) tbi thiéu 1a O(m?) trong d6
m 1a sb luong phan tir dwoc ding dé huan luyén.
Diéu nay lam cho giai thudt SVM khéng phu hop
v6i dir liéu 16n.
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Hinh 1: Phan 16p tuyén tinh v6i may hoc SVM
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2.2 Giai thuit giam gradient ngiu nhién

Mot cai dat cho giai thuat SVM cua (Bottou &
Boussquet, 2008), (Shalev-Shwartz et al., 2007)
dya trén phuong phap giam gradient ngiu nhién
(SGD), c6 d6 phtre tap tuyén tinh v6i s6 phén tur dit
ligu. Tu cac rang budc (khong xét do 1éch b) trong
(1), c6 thé viét lai nhu sau:

2
3)

Céc rang budc (2), (3) co thé dwoc viét ngin
gon nhu (4):

zi 21 -yi(w.xy)
z >0 (i=1,m)

zi = max{0, I - yi(w.x;)} “)

Bang cach thay théyz,- vao ham muc ti€u cua (1),
vi€c tim siéu phang toi wvu cia SVM co6 thé dugc
thuc hién béi (5):

min ¥(w, x, y) = (4/2) ||w]]” +

(1) S maxi0d -y (wx)} ()

i=1

Phuor}g phép giam gradient (GD) thup hién tbi
uu van dé (5) bang cach cap nhat w tai lan lap thu
(t+1) véi toc do hoc 77;, nhu trong (6):

Wir1 = Wi - (1:/m) ZVWI/I(W,,XI-,)/,-) (6)

i=1

Phuong phap giam gradient ngau nhién (SGD)
thuc hi§n don gién budc cap nhat Wit ‘chi st dung
mot phan tir ngau nhién (x;, y;) tai moi lan lap:

()

C6 thé thay rang giai thuat SGD don gian, thuc
hién cac budc lip, mdi budc lip chi ldy 1 phan tir
ngiu nhién tir tap dir liéu, thuc hién cap nhat w
thay vi phai gidi bai toan quy hoach toan phuong
(1). Giai thuat SGD c6 do phic tap tuyén tinh véi

Weer = Wi - 0 Vow(wy, X1, Vi)
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$6 phﬁn tir cua tap dit liéu hoc, phan 16p dit liéu co

s0 phan tir va so chiéu 16n rat hiéu qua.

2.3 Thay thé ham hinge loss b6i ham xép xi
lién tuc

_ Dai luong 16i z; = max{0, 1 - y(w.x;)} trong véan
de t6i~u'u (5) cia may hoc SVM thuong dugc goi la
ham 16i hinge loss dugc viét dudi dang:

Lhnze(x) = max{0, I - x} ®

Chua ¥ rang ham hinge loss khong kha vi tai
yi(w.x;)=1. Didu nay anh huong dén téc do hoi tu
dén 10 giai cua giai thuat SGD.

Chung t6i dé xuét thay thé ham hinge loss bang
cac ham xe”ip xi kha vi dé cai tién tdc do hoi tu cua
giai thuat SGD. Mot ham xAp xi kha vi cia hinge
loss, dugc goi 1a smooth hinge loss (Rennie, 2004)
c6 dang nhu sau:

%_x if (x<0)
Lshinge(x) — 1(1 _x)2 lf(O <x< 1) (9)
0 if (x2>1)

Ngoai ra, c6 thé st dung ham xap xi kha vi
khac cta hinge loss d6 1a ham logistic loss (logit),
c6 dang nhu sau:

Llogit(x) = log(1 + e*) (10)

Hinh 2 la dd thi cua ham hinge loss so véi
hai ham xap xi kha vi 1a smooth hinge loss va
logit loss.

Quan sat trén d6 thi, co thé the”iy ré'mg ham
smooth hinge loss va logit loss 1a ham kha vi. Nén
khi thay thé cho ham hinge loss c6 thé dam bao
duoc toc dd hoi tu cua giai thuat SGD trong giai
truc tiép van dé (5) cua may hoc SVM. Mac du
logit loss 1a ham tron (smooth) nhit nhung smooth
hinge loss ciing du tron va van duy tri dugc tinh
chit thua trong 16 giai nhw ham hinge loss.
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Loss functions

Loss function(x)

logit(x) ——
shinge(x)
hinge(x)

Hinh 2: So sanh ham hinge loss véi ham xép xi lién tuc smooth hinge loss, logit loss

3 KET QUA THU'C NGHIEM

Chung t6i tién hanh danh gia hiéu qua cia may
hoc SVM vé6i 2 ham xdp xi kha vi cua hinge loss
duoc giai tryc tiép boi SGD. Chung toi di cai dat
giai thuat SVM-SGD sir dung 2 ham xap xi kha vi
(smooth hinge loss, logit loss) biang ngdn ngir lap
trinh C/C++. Ngoai ra, chung t6i ciing can so sanh
véi SVM-SGD gbc sir dung hinge loss (Bottou &
Boussquet, 2008), (Shalev-Shwartz ez al., 2007).
Tat ca cac giai thuat déu duoc thuc hién tren mot
may tinh ca nhan (Intel 3GHz, 4GB RAM) chay h¢
diéu hanh Linux (Fedora Core 20).

Chung t6i st dung 2 tap dir liéu van ban 16n dé
lam thyc nghiém. Tap RCV1 dugc tién xir Iy boi
(Bottou & Boussquet, 2008) theo md hinh tai tu
(bag-of-words), bao gdm 781265 vin ban cho tip
huén luyén va 23149 vin ban cho tap kiém tra, voi
47152 tir, dugc gan nhan 1.

Tap dit ligu twitter dwoc ldy tir (Go et al,
2009), bao gdm 1600000 ¥ kién (800000 thudc 16p
duong va 800000 thudc 16p am). Chung toi st
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dung cong cu BoW (McCallum, 1998) dé tién xur
ly va biéu dién cac y kién theo mé hinh tai tir thu
duogc 244895 tir khac nhau. Sau d6 ching toi chia
ngiu nhién 1066667 ¥ kién cho tap huan luyén va
533333 cho tap kiém tra.

Pé so sanh tdc do hoi tu cia SVM-SGD sir
dung ham hinge loss (hinge), smooth hinge loss
(shinge) va logit loss (logit), chung 61 thuc hién
hudn luyén cac mo hinh véi 200 epochs, mdi
epochs, theo ddi ty 18 15i dua trén tap kiém tra cta
cac md hinh theo tirng epoch.

Két qua phan 16p thu duogc trén tap RCV1 cua
cac mO hinh dugc trinh bay trong Hinh 3. Quan
sat d0 thi, ching ta co thé théy rang SVM-SGD
(shinge) va SVM-SGD (logit) giam ty 1¢ 16i phan
16p on dinh khi ting sd epochs huan luyén cua
cac mod hinh. Trong khi d6, SVM-SGD (hinge) thi
giam ty 18 161 khong dugc nhanh va thiéu 6n
dinh khi ting s6 lugng epochs. Thoi gian huan
luyén cua SVM-SGD (hinge), SVM-SGD (shinge)
va SVM-SGD (logit) twong ung la 1.95, 1.85 va
2.35 giay.
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So sanh ty & 16i phan I&p trén tap RCV1
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Hinh 3: Ty 1¢ 16i phan 16p trén tip RCV1 ciia cic mé hinh theo s lwgng epochs

V6i tap dit liéu twitter, két qua phan 16p thu
dugc tir cac md hinh nhu trong Hinh 4. Quan sat d6
thi, mot 1an nira, chung ta c6 thé thiy ring SVM-
SGD (shinge) va SVM-SGD (logit) giam ty 18 15i
phan 16p rat hiéu qua khi ting sb epochs huin
luyén cta cac md hinh. Khi ting sé luong epochs,
SVM-SGD (hinge) giam ty 1¢ 15i phan 16p cham va
khong 6n dinh khi so sanh véi 2 md hinh sir dung
ham x4p xi kha vi. Thoi gian huin luyén cia SVM-

SGD (hinge), SVM-SGD (shinge) va SVM-SGD
(logit) twong tng 1a 1.94, 2.06 va 2.25 giay.

Véi cac két qua phan 16p nay, ching t6i c6
thé tin ring mo hinh SVM str dung ham xap xi
kha vi cua hinge loss cho phép cai thién hiéu qua
phan 16p tap dir liéu 16n khi giai truc tiép bang giai
thuat SGD.

So sanh ty 1& 16i phan I6p trén tap twitter
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4 KET LUAN VA HUONG PHAT TRIEN

Dé may hoc SVM c¢6 thé phan 16p nhanh, chinh
xac cac tap dir li€u 16n, giai phap hiéu qua la s
dung giai thuat SGD dé giai truc tiép van dé ti wu
cua mo hinh SVM. Tuy nhién, SVM st dung ham
hinge loss khong kha vi, 13 nguyén nhan lam anh
huong dén téc do hoi tu dén 10i giai cua SGD.
Chung t6i da d& xudt thay thé cac ham xap xi kha
vi ciia hinge loss trong mé hinh SVM, nhim cai
thién tdc dd hoi tu cia SVM-SGD. Két qua thyc
nghiém trén 2 tdp di liéu van ban lon RCVI,
twitter cho thdy su hiéu qua cua dé& xudt. SVM-
SGD sir dung (shinge hay logit) ¢6 thé phan 16p
hang tri¢u van ban chi trong 2 gidy trén mot may
PC (Intel 3GHz, 4GB RAM) chay hé diéu hanh
Linux (Fedora Core 20).

Trong tuong lai, ching toi tiép tuc nghién ctru
cac ham xdp xi kha vi khac cua hinge loss. Chiing
t6i s& phat trién giai thuat SVM-SGD song song
cho phép tang toc qua trinh thuc thi trén may tinh
¢6 nhiéu b xir Iy, nhém hay luéi may tinh.
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