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Nang cao hiéu ning phan lop di liéu trén co s cdi tién thudt todn SVM

MG DAU

1. Ly do chon dé tai

Dé giai quyét bai toan phan loai mau, nhiéu thuat toan da duge
x8y dung dé nhan dién cdc miu khéc nhau trén co s§ cdc mau thi
da duge huén luyén. Mot ki thuat phan loai c6 giam sat néi tiéng 1a
thuat todn SVM (SVM). SVM duge van dung vao céc bai toan nhu:
nhan dang hinh 4nh, chi viét, am thanh, sic thai giong néi... Nhan
thady SVM van dang 1a mot van dé thai sy clia cong dong nghién citu
hoc thuat vi valy chiing t6i chon dé tai “Nang cao hiéu ndng phan lop
dit liéu trén co sd cdi tién thuat todn SVM” dé nghién ciu.

2. Dong luc nghién ciu

Trong qué trinh nghién cttu SVM va cac huéng phat trién, co
thé ké dén mot vai bién thé tieu bidu ctia SVM nhu: SVM xap xi
(PSVM), SVM xéap xi thong qua tri rieng suy rong (GEPSVM), SVM
song sinh (TSVM), SVM song sinh ¢6 cau tric (S-TSVM), SVM song
sinh diing binh phuong t6i thiéu (LSTSVM).
Déi v6i dang dit lidu ¢ cAu tric phiic tap, noi ma mdi 16p gdm nhiéu
cum, mdi cum c6 xu huéng phan phdi riéng bigt. SVM va cac bién
thé chua khai thac day du cac thong tin vé sé luong diém dit lieu
trong mdi cum, thong tin ciu tric ciia timg cum. Diéu nay cé thé
anh hudng dén hiéu ning (do chinh xac, thoi gian) phan 16p dit ligu.
D6 chinh 1a doc lic dé luan an tap trung nghién ctu va dé xuat méi
cac giai phap nang cao hiéu nang phan l6p dit lieu ddi v6i dang di

lidu c6 cau tric phiic tap.
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3. Dbi tugng va pham vi nghién citu
Déi tugng nghién cttu 13 cic thuat toin hoc may, bai toin phan
16p dit lieu.
Pham vi nghién cttu 13 hoc may c6 giam sat, cai tién SVM d6i
véi loai dit lidu c6 cau tric phiic tap.
4. Muc tiéu cua luan an

Dé xuét cidc phuong phip méi nhim nang cao hiéu nang phan
16p dit lieu d6i v6i dang dit lieu c6 cau tric phic tap, trén cd sd cai
tién thuat toan SVM. Khai thac dudce thong tin vé ciu triic clia tiing
cum va thong tin vé s6 lugng diém dit liéu ciia mdi cum trong cac

16p.
5. Phuong phap nghién citu va giai quyét

e Cac phuong phap toan hoc

Phuong phdp nhan t@ Lagrange, hé KKT (Karush
- Kuhn - Tucker).

Phwong phdp duang binh phwong tbi thiéu.
e Cac phuong phap xit 1y véi dit liéu c6 nhiéu cum
Khai thdc lop-dbi-cum.
Khai thic cum-doi-lop.
e Phuwong phap thuc nghiém khoa hoc.
6. Y nghia khoa hoc va thuc tién
Y nghia khoa hoc
Nhitng déng gép chinh ctia luan an vé khoa hoc:

e D& xuét cac thuat toin phan 16p nhi phan véi dit lieu c6 cau

tric phic tap, st dung chién luge 16p-ddi-cum.
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e D& xuét cac thuat toin phan 16p nhi phan véi dit lieu c6 cau

tric phiic tap, st dung chién luge cum-déi-16p.
Y nghia thuc tién
e (6 thé giai quyét dugc cac bai toan phan 16p véi dit lidu c6 cau
tric phiic tap hodc dit lieu khong can bing.
e Luan an c6 thé dugce sit dung lam tai lieu tham khao cho cong

dong nghién citu dé tai vé phan 16p dit lieu.
7. B6 cuc ctia luan an

Ngoai phan mé dau va két luan, luan 4n gdm 4 chuong:

e Chuong 1: la kién thiic b6 trg vé bai todan Quy hoach toan

phuong QP va co s toan hoc cia thuat toan SVM.

e Chuong 2: 1a cac cai tién tieu biéu ctia SVM dugc trinh bay mot
cach ngin gon, cac két qua cé cach tiép can st dung hai siéu

phang dé phan loai hai 16p dit lieu.

e Chuong 3: 1a phuong phap 16p-dbi-cum véi hai thust toan mdi:
SVM c6 céu triic ¢ trong s6 (duge goi 1a WS-SVM) va Cai tién
ctia SVM diing binh phuong téi thiéu (duge goi 1a ILS-SVM).

e Chuong 4: 1a chién lude cum-déi-16p véi thuat todn méi: SVM

diing binh phuong t6i thiéu c6 trong s6 (dugc goi la WLS-SVM).

Cac két qua clia luan an dude cong b trong 05 cong trinh khoa hoc
duge dang trong cac hoi nghi va tap chi chuyén nganh trong va ngoai nude.
Trong d6 c6 01 bai ding trong chuyén san hoi thao qubc gia, 01 bai diang
& hoi thao qubc té, 01 bai dang & tap chi Khoa hoc vd Cong nghe, Dai
hoc Khoa hoc Hué, 01 bai ding & tap chi Ki thuat va Céng nghe, Dai hoc
Hué, 01 bai diang & tap chi Tin hoc v Diéu khién.
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CHUONG 1.

CO SO TOAN HOC CUA SVM

1.1. Ham toan phuong.
Ham toan phuong dudi dang chuan
1 T T n
Qx) = X Gx+g'x+a; x€R”,

Ham @ 16i khi v& chi khi G 1 ma tran nita xac dinh duong. Hon nita, khi

G x4c dinh duong thi @ 14 ham 16i chit.

1.2. Bai toan quy hoach toan phuong.
Dang ma tran tong quat

Qx) = %XTGX +gTx 4+ o — min,
(QP): ¢ Ax > b,

Cx =d.
Khi ham muc tiéu @ 16i, ta c6 bai toan quy hoach toan phuong 16i.
1.3. Diéu kién t6i wu cta bai toan QP
Dinh 1y 1.1 (Diéu kién t6i uu).

(a) Gid st x* la nghiém cia bai toan QP. Khi dé ton tai cdc b hé s6

A= (AL A €R™, wr = (..o, ) € RF thod man:
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m k
Gx* +g= Z)\fai +Z,u;cj,
i=1 j=1

alx* >b;, \f >0, iel,
N (alx* —b;) =0, iel,
clx* = d; jed.

He trén duoc goi la hé KKT (Karush— Kuhn —Tucker) cida bai toan QP,
x* dugc goi la diéem KKT, va cic hé sé N*, p* dugc goi la cdc nhan tu
Lagrange tuong ing vdi x*.

(b) Néu bai toan QP la loi, x* la mot diem KKT cung vdi cic nhan

ti Lagrange N*, p*, thi x* ciing la nghiém cia bai todn QP.
He KKT c6 thé viét lai dudi dang ma tran nhu sau:

Gx* +g=A"X 1+ CTp*,

Ax*>b, A" >0,

AT (Ax* —b) =0,

Cx* =d.

1.4. Bai toan dbi ngau

Gia st bai toan QP 16i, ta c6 ham Lagrange clia bai toan 1a
L(x, A\, ) = %XTGX +g7x - AT(Ax — b) — pT(Cx — d),
véi cac bién (x, A, p) € R™ x RT x R*. Tit phuong trinh ding
Vil(x, A\ p) =Gx+g—ATA-CTpu=0,
ta c6 bai toan déi ngiu:

—LA"A+CTp—g) TG ATA+C p—g)+ A" b+pTd — max,
AERT; peRM
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1.5. Bai toan phan 16p dw liéu

Xét bai toan phan loai nhi phan c¢6 tap dit liéu duge ki hiéu bdi ma
tran C C R™*", bao gom m diém (mdi diém la mot hang ctia C) x] € R™,
1 < j < m. Gia st ring, y; € © = {—1,1} 1a nhan cla diém di ligu x;.
Lép {+} gdm m 4 diém va dugc ki hieu bsi ma tran A € R™4*" 16p {—}
gom mp diém dugc ki hieu béi ma tran B c R™5x",

Diém dit lieu x; duge xép vao 16p A néu tuong dng ta cb y; = 1, va duge

xép vao 16p B néu y; = —1. Bai toan dat ra la: can tim mot ham phan 16p

f:R® = {—1,1} théa man: f(x;) =y;, Vie Q:={1,2,...,m}

1.6. Ham phan 16p tuyén tinh
Khi dit lieu hai 16p 13 tach dudgc tuyén tinh ta gidi bai ton t6i uu sau:
. 1 2
min g wll®,
st 1—y(whx; +b) <0, VieQ.
1.7. Siéu phing 1é mém
Khi dit lieu hai 16p bi chdong 1an mat phan, ta gidi bai toan sau:
min - g|wl* + e300, &
(w.b.€) !
st. 1T—g(wlx; +b) =& <0,6>0,Vi €Q.
1.8. Ham phan 16p phi tuyén

Cho anh xa ® : R® — R™ sao cho:

D(x) = (a191(x), a2pa(X), ..., amem(x)) € R™.
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Ta can tim dnh xa ® sao cho hai tap ®(A) va ®(B) (trong R™) la tach

duge tuyén tinh. Nghia la ton tai cap (w,b) € R™ x R sao cho:
yi(wld(x;) +0) > 1, VieQ.

Ap dung ki thuat phan 16p tuyén tinh trong khong gian R bing phuong
phap ham Lagrange vi dua vé bai toan déi ngau:
max —3sA"DA+ Ae,
()
st. A>0, Ay=o,

trong d6 D 1a ma tran vuong v6i Dy; = vy, P(x;)T ®(x,), e € R™ 1a véc-to

véi tat ca cac thanh phan bing 1.

1.9. Ham phan 16p cé trong sb
Ta sé dua thém cac bién phu & vA gidi bai toan t6i vu sau:
min  LIWIZ + S cn 06 + S en 06
(W,b,€) 2 x; €A 7 x;€B ?y
st y(wixg+b)>1-6,VieQ.

Tuong tir bai todn 1& mém, bing phuong phap nhan t& Lagrange, ta giai

bai toan bang cach dua vé bai toan déi ngau.

1.10. Tiéu két chuong

Nhu vay, tu tudng toan hoc ctia SVM thyec chat 1a tim cach tach cac
16p dit lieu bdi mot sieu phing c6 khodng cach dén caic tap dit lieu la
16n nhat. Lai giai cho cac trudng hop tit don gidn dén phic tap da duge
trinh bay bing mot phuong phap nhat quan 1a st dung quy tic nhan
t1t Lagrange. Trong chuong tiép theo, luan an cung cip ngin gon vé céc
phuong phap sit dung hai siéu phang, song song hoic khong nhét thiét

song song dé phan 16p dit licu.




Nang cao hiéu ning phan lop di liéu trén co s cdi tién thudt todn SVM

CHUONG 2.

CAC BIEN THE CUA SVM

2.1. SVM xép xi (PSVM)

PSVM (Proximal Support Vector Machine) tach hai 16p dit liéu bing

cach gidi bai toan toi uu
min IR + HwTw 4+ 12)
st D(Cw-+eb)+&=e.

V6i D € R™*™ la ma tran dudng chéo nhan gia tri 1 hodc —1 tuong ting

P ~ 2 ~, . a .
v6i nhan cta diem di liu x;,i =1,...,m.

2.2. PSVM thong qua cac tri riéng suy rong (GEPSVM)

GEPSVM (Proximal Support Vector Machine Via Generalized Eigen-
values) tim hai siéu phang khong nhét thiét song song:
o fi(x)(=wix+by)=01agin véiloép {+} va cach xa lép {-},
o f(x)(=wlx+b_)=0la gan v6i I6p {—} va cach xa l6p {+}. Viec
tim siéu phing f, (x) = 0 tuong duong véi bai toan t6i wu

|Aw +eabe |2/ (wE, bo)?
(w1 0]|Bws + epby | P/][(wT, by )2

2.3. SVM song sinh (TSVM)

TSVM (Twin Support Vector Machine) tim hai siéu phéng:
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f+(x)(= wlx +by) = 0 la gan véi 16p {+} va dé 16p {—} vé mot phia,
f-(x)(=wTx+b_)=0la gan véi 16p {—} va dé 16p {+} vé mot phia.

2.3.1. Trudng hgp tuyén tinh

Trong trudng hop hai 16p dit lieu 1a tach dude tuyén tinh, TSVM tim

hai siéu phang bing cach giai hai bai toan QP 16i nhu sau:

min %||AW+ + eAb+||2 + c+e££,
wy,bi €

st. —(Bwy+tepby)+€>ep, £>0,

min  3[|Bw_ +epb_|* + c_eln,
w_,b_,n

s.t. (Aw_ +esb_)+m>es, n>0.

2.3.2. Trudng hgp phi tuyén

Dit @ : R" — S = span(®(CT)). Trong S, sieu phing ®(x7)h+b =0
6 thé duge viét lai dudi dang @(x7)®(CT)u+b = 0, u € R™. Dinh nghia
d(xT)®(CT) = K(xT,CT), K 1a mot kernel xac dinh trude. TSVM xéc
dinh 2 siéu phéng: K(x*, CT)uy + b, =0 va K(xT, CT)u_ +b_ =0
bing cach giai hai bai toan QP 16i:

min  $||K(A,CT)uy +eaby|> +cieké,
ug by €

st.  —(K(B,CT)uy +epby)+&>ep, £€>0,
mbin 1[|K(B,CT)u_+epb_|*+c_eln,

—90—

st (K(A,CT)u_+eab_)+n>eas, n>0,

2.4. TSVM diing binh phuong tbi thiéu (LSTSVM)

LSTSVM (Least Squares Twin Support Vector Machine) cling tim hai

siéu phing bing cach giai hai bai toan QP 16i véi rang buoc dang thiic
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min  L[|[Aw; +eabi | + ic €7€,
Wby

st. —(Bwy+epbi)+€=ep,

Jmin - 3[Bw_ fepb_|*+ 3c.n'm,

st. (Aw_ +esb_)+n=-eyu.

LSTSVM dugc mé rong cho trudng hgp phi tuyén nhu TSVM.

2.5. SVM song sinh cé ciu tric (S-TSVM)

Tré lai bai toan phan loai 6 Muc gia sit ¢6 k cum trong 16p {+},
cum thtt ¢ gdm m 4y diém duge ki hieu béi ma tran A; C R™4iX" ¢6 |
cum trong 16p {—}, cum thit j gdm mp; diém duge ki hieu bdi ma tran
B; ¢ R™5*" S-TSVM (Structural Twin Support Vector Machine) tim
hai siéu phéng bing cach giai hai bai todn

win})? 5% [AW 4 +eaby|*+erefétgus ([wel?+03)+ 3 wiZiwy,

st.— (Bwy +epby)+&>ep, £>0,

min HBw_—+epb_||>+c_eln+ip_([w_|?+02)+ir_wliZ w_,
w_bo,m

st.(Aw_ +eqb_)+mn>eus, n>0.

S-TSVM ciing dé& dang dudc md rong cho trusng hgp phi tuyén.

2.6. Tiéu két chuong

Nhu vay, cac bién thé ciia SVM déu diing hai sieu phidng dé phan hai
16p dit lieu. Cac thuat toan trén chua khai thac duge thong tin ciu tric
va s6 luong diém dit lieu trong mdi cum. Trong chuong tiép theo 13 céc két
qua da dat dugc tir viec khai thac cac théng tin trén vao huidn luyén mo

hinh, vé6i chién luge 16p-ddi-cum.

10
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CHUONG 3.

PHUONG PHAP LGP POI CUM

Chuong 3 va Chuong 4 1a nhitng cong trinh chinh tap trung vao phan
16p dit lisu c6 ciu tric, tic 1a mdi 16p c6 nhiéu cum dit lisu, méi cum
c6 thé c6 s lugng khac nhau va cau tric khac nhau. Chuong nay 1 hai
thuat toan véi chién lugce 16p-ddi-cum: SVM C6 Cau Tric C6 Trong S6
(WS-SVM, cong trinh [2) v Cai Tién cia SVM Dung Binh Phuong Téi
Thiéu (ILS-SVM, cong trinh [3).

3.1. SVM cé ciu tric cé trong s6 (WS-SVM)

Xét bai toan phan loai hai 16p nhu & Muc WS-SVM (Weighted
Least Squares Support Vector Machine) xac dinh (I + k) siéu phéng, mdi
trong chiing 14 gan v6i mot 16p va cach xa mot cum trong 16p khac. Cu thé,
tim [ siéu phang sao cho siéu phang thit j, f;4+(x) = wﬁ_x—i—qur =(0lagan
v6i 16p {+} va cach xa cum B; ctia 16p {—}; tim k siéu phang sao cho siéu
phing thi i, f;_ (x) = wl x+b;_ = 012 gan v6i 16p {—} v& cach xa cum A;

ctial6p {+}. O day w,,,wi_ € R b b € R i=1,... kj=1,...,1
Bo phan loai duge chon la:

) = argmin( £ (x), /().

l k

Fe0) =30 TPl F- 0 = D0 A e (o)l

Mot diém dit lieu méi x duge phan loai vio 16p {+} hodc 16p {—} phu

thudc vao fi(x) 1a bé hon hay 16n hon f_(x).

11
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3.1.1. Truong hop tuyén tinh

Khi dit lieu hai 16p 1a tach duge tuyén tinh, WS-SVM xéac dinh (I + k)
siéu phang bang cach giai (I + k) bai toan QP nhu sau:

W'ﬂi'ri 2||AW]++eAb]+||2+C+eBJ£ +#+(||WJ+||2+b?+)+ 2 WJ+E+WJ+7
Faakhe/inakicl ]

st.— (Bjwji +epjbji) +§; > ep;; §;20,

. _ A
wiff}jliljmé||BWi7+eBbif||2+Cfe£mi+“7(||wif||2+b?_)+7W¢T_27WH
S.t.(AiWZ‘_ +eAibi—) +m; > eq; n; > 0.
G=1,. L vai=1,.. k.

Bing phuong phap nhan ti& Lagrange ta c6 nghiém
zjr =Wl by ]" =—HH+p I+ F ] 'Glay, j=1,...,1,
zi =Wl b T = [GTG+pu I+ A_F_|'H v, i=1,... k,
trong d6 a;,y; 1a nghieém ciia cac bai toan déi ngau
max egja] la G GHTH A T+ A Fy )™ 1Gfaj,

o 2

s.t. 0 < a; <cyepj,

max 4,y = 37 Hi( GG + p T+ A F )~ H v,

S.t. 0 <7, <c_ey,.

_ .0
Voi H = [A,eq], Fy = Gy = [ijij]v G = [B,eg|, F_ =
0 0
Y_ 0
, H; = [A;,e4;] va Ila ma tran don vi bac (n + 1).
0 O

12
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3.1.2. Truong hop phi tuyén

WS-SVM xéc dinh [ siéu phing: K(x”, CT)u;; +b;; = 0 1a gan véi
16p ®(A) va cach xa cum ®(B;). Xéc dinh k siéu phing: K (x”, CT)u;_ +
b;— = 0 la gan vé6i 16p ®(B) va cach xa cum ®(A;) bang cach giai (I + k)
bai toan QP nhu sau:
ujfll)i-ri,ﬁ,-%”K(A’ Ch)ujt+eabs | +epep €+ 5 [Iwr, b4
+5ul, o(C)£2D(C)Tuyy,

st. — (K(B;,C"uy +epjbjy) +&; > epj, & >0,

min 5| K(B,CT)ui—+epbi—|*+e_elm;+ 5 [[[wi-, bi-]|?

u;—,bi—,m;

ul o(C)220(C)Tu;_,
s.t. (K(Ai,CT)ul-, +eqibi)+mn, >ean, n, >0,
3.1.3. Thuc nghiém
3.1.3.1. Tap di liéu gia 2 chiéu

Thuc hién céc thuat toan trén cac tap dit lieu gid c6 s6 luong lén dé

so sanh vé thai gian huin luyén giita cic thuat toan.

3.1.3.2. Cac tap dw liéu cua UCI

So sanh vé thoi gian huén luyen, do chinh xéc kiém thit, do chinh xé4c

tham dinh chéo 10-1an trén céc tap dit lidu cta UCL

3.2. Cai tién LSSVM (ILS-SVM)

ILS-SVM (Improvement Least Squares Support Vector Machine) (cong

trinh [3) s dung chién luge 16p-ddi-cum va céc rang budc déng thic, giai

13
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bai toan truc tiép bing cach diing binh phuong téi thiéu.

B0 phan loai dugc chon la

f(x) = argmin(f4 (x), f-(x)),

)

l k

=2 g frv(005 £ = 3T ()

j=1 i=1

3.2.1. Truong hop tuyén tinh

ILS-SVM x4c dinh (I + k) siéu phiang bing cach gidi (I + k) bai toan

. J T L

min %||AWj++eAbj+”2+%—£j §j+}7+(‘|wj+||2+b?+)v
Wj+*bj+7£j

s.t. (Bjo+ + ijbj+) + Ej = €Bj,

Jmin o dIBwenbi |+ el m (w40,
i—0i—,T;

s.t. (Aiwi, + eAibif) +n, = e,

j=1,...,lvai=1,..., k.

Bing cach thay thé cac rang budc ding thic vio ham muc tieu, giai

cac phuong trinh dao ham bang 0 ta c6 cac nghiem
-1
Zj = [Wﬁ,7 bj+]T = {éHTH + G?G] + %I} Gfija

zZ;,_ = [W;-ll, bi,]T

1
[LGTa+HIH, 1) H e

TI"OIlg do H = [A,QAL Gj = [Bj,ij], j = 1,...,l, G = [B,eB], Hi =
[Aj,eai],i=1,...,k vd Ila ma tran don vi bac (n + 1).

14
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3.2.2. Truong hop phi tuyén

Khi dit lieu phi tuyén, tuong ty nhu Muc (8.1.2)), ILS-SVM x4c dinh
(I + k) siéu phang bang cach gidi (I + k) bai toan QP 15i chat nhu sau:

min SIE (A, CTuy+eabi [P+ €] &+ 5 (lup |2 +02,),

w;i5b54,€;
8.5 (K(Bj, CTuyy +epjbjy) +§&; = enj;

L 5|K (B, CT )i tenbi P4+ Sl n e (i [P0,
s.t. (K(A;,CT)ui- +eaibi-) +m; = ea;

u R j=1,...,lvau,_ e R", i=1,... k.
3.2.3. Thuc nghiém
3.2.3.1. Tap di liéu gia 2 chiéu

Thuc hién cac thuat toan trén cac tap dit liéu gid 2 chiéu c6 s6 lugng

16n dé so sanh vé thoi gian huan luyen.

3.2.3.2. Cac tap diw lieu UCI

So sanh vé thai gian huan luyeén, do chinh xéc kiém thit, do chinh x4c

tham dinh chéo 10-lan trén céc tap dit lieu ctia UCL

3.3. Tiéu két chuong

V6i chién lugc 16p-dbi-cum, WS-SVM (cong trinh [2) chia hai bai toan
QP ban dau trong S-TSVM thanh (I + k) bai todn QP c6 ¢& nho hon va
duge gidi bing phuong phap déi ngau. Ciing véi chién luge 16p-dbi-cum,
ILS-SVM (cong trinh [3)) da khai thac thong tin vé s6 lugng diém dit lieu
ctia mdi cum vao huin luyén mo hinh. Thuat toan duge thiét lap béi cac

rang budc dang thitc va dude giai bing cach sit dung binh phuong toi thiéu.

15
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CHUONG 4.

PHUONG PHAP CUM DOI LGP

Trong chuong nay la thuat toan mdi: SVM dung binh phuong t6i
thiéu c6 trong s6 (dugc goi 1a WLS-SVM, cong trinh , véi chién luge

cum-déi-16p.

4.1. Bién ddi ctia S-TSVM

Stt dung chién Iuge cum-doi-lép, ta co6 thé bién déi hai bai toan QP

cua S-TSVM trong Muc thanh céc bai todn nhu sau (cong trinh .

min - 5[|Aiwiy +eaibiy||? + crefl + A Wi Y wiy,
Wit,bit+,§
s.t. —(Bw;. +egbir)+&>ep; £>0,
min  3|Byw;_ +ep;b; | + c_elin + AWl T w;_,

wj—,bj—,m

s.t. (Aw;_+eabj_)+mn>es; n>0,
véii=1,...;kvaj=1,...,1

Cac bai toan nay dugc giai biing phuong phap nhan ti Lagrange. Y
tudng cia WLS-SVM (Weighted Least Squares Support Vector Machine)
(cong trinh [5)) xuat phat tir cdc bai toan nay. Thay rang, cac bai toan nay
miic dit ¢6 thé gidi dugc, tuy nhién cic rang budc bat ding thic doi hoi
chting ta phai dua vé gidi cac bai toan dbi ngiu, didu nay van tuong dbi
phttc tap. Ching ta c6 thé lam don gidn bai toan hon ma van st dung

chién luge cum-ddi-16p, bing cach ding binh phuong t6i thiéu.
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4.2. LSSVM c6 trong s6 (WLS-SVM)

Quay tré lai bai toan phan loai & Muc Trong truong hgp don gian,
S-TSVM t6 ra hiéu qua trong mo phéng xu huéng phan phéi dit liéu.

IS

Hinh 4.1: S-TSVM trudng hop dit lieu c¢6 ciu tric don gian

Trong trudng hgp dit lieu c¢6 cau tric phic tap, S-TSVM chua hiéu qua
trong mo6 phong xu huéng dit lieu. Hon nita, S-TSVM khong khai thac

thong tin vé s6 lugng diém dit lieu trong mdi cum.

0 2 4 6 [

Hinh 4.2: SS-TSVM bi han ché khi d liéu c6é cau tric phtc tap

Dé khéic phuc han ché nay, WLS-SVM sit dung chién luge cum-doi-

16p va khai thac thong tin vé s6 lugng diém dit lieu trong mdi cum dé tim

17
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(k + 1) sieu phang, mdi sieu phéng 14 gan v6i mot cum ctia 16p nay va dé
16p con lai vé mot phia. Cu thé, tim k siéu phang sao cho: siéu phang thit
i, fir(x) = Wi x+ by = 012 gan v6i cum A; va dé 16p B vé mot phia;
tim [ siéu phéng sao cho: sieu phéang thi j, f;—(x) = wf_x +b;—=01a

gan véi cum B; va dé 16p A vé mot phia (xem Hinh |4.3) va Hinh .

— fl+=0
— 2+=0
— =0
- f1.=0
-- 2_=0
B cumal
W Cumaz
W Cuma3
® CumBl
® cums2

IS

4 5 [ 7

— fl+=0
— 2+=0
— =0
- f1.=0
-- 2_=0
B cumal
W Cumaz
W Cuma3
® CumBl
® cums2

Hinh 4.4: WLS-SVM trong trudng hop dit liéu cé ciu triic phic tap

Bo6 phan loai dugce chon la:

f(x) = argmin(f4 (x), f-(x)),

)

18
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k l

Fe) = 3T (0); () = D0 T ().

Mot diém dit lieu méi x duge phan loai vao 16p {+} hay 16p {—} phu thudc
vao fy(x) 1a bé hon hay 16n hon f_(x).

4.2.1. Truong hop tuyén tinh

Chiing ta xac dinh (k +1) siéu phang trong WLS-SVM bing cich giai
(k + 1) bai toan QP 16i chat nhu sau

min S Aiwiy +eabi |* + 5o €€+ sun([wir |2 +07,),
Wit,bit,§
s.t. (Bw;; +egbi1) + & =ep,

min  3[Byw;_ +ep;bi_|*+ 5e-n"n+ su_(|lw,;_ || +b3),

w;—bi—m
s.t. (Aw;_ +esbj_)+n=eyu,
i=1,..., kvaj=1,..., |. Bing cich thay thé cac rang budc ding thic

vao ham muc tiéu, gidi cdc dao ham bing khong ta cé:

1
ziv = [Wiy, bip]" = [inTHz +G"'G + ‘C‘—II} G'ep,

1
zj— = [wj_.b|" = [C%G]TG]» +HH + ’;—:I] H'e,.
Trong d6 H; = [A;,e;], G = [B,ep|, G; = [Bj,ep;|, H=[A,e4], I la

ma tran don vi ¢8 (n + 1).

4.2.2. Truong hop phi tuyén

WLS-SVM xéc dinh (k + 1) siéu phang bing cach giai (k1) bai toan
QP 18i chat nhu sau:

min %HK(AM ChHuiy +eabir || + %C+§T€ + %M+(||Ui+||2 +b2,),

Wiy bit €

S.t. (K(B,CT)IIH_ +epbiy)+ & =ep;
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, min n%IIK(Bj, Chuy—+ep;bi—|*+5e-n"n+gu-(|u-|* + ),
J—7)

st. (K(A, CT)Uj_ + eAbj_) +1n=eu;

Bing cach lam tuong ty trudng hop dit liéu tuyén tinh ta co:
—1
2is = [Wfy,biy]” = | LHTH, + GTG + 51)  GTep,
-1
z;- =[uj b |" = [C%G}“Gj +HTH + ‘;—:I} H'e,.
V6i H; = [K(A;,CT), e, G = [K(B,CT),ep], I 1a ma tran don vi c&
(m+1), G; = [K(B;,C"),ep;], H=[K(A,C"),eal.
4.3. Thuc nghiém
4.3.1. Tap dit liéu gia 2 chiéu
Thuc hién cac thuat toan TSVM, LSTSVM, S-TSVM va WLS-SVM
trén cac tap dit lieu gid 2 chiéu c6 sd lugng 1én.
4.3.2. Cac tap dw lieu UCI

So sanh vé thoi gian huén luyeén, do chinh xéc kiém thit, do chinh x4c
tham dinh chéo 10-lan giita cac thuat toAn WLS-SVM, S-TSVM, LSTSVM
va TSVM.

4.4. Tiéu két chuong

Nhu vay, vé6i chién luge cum-déi-16p, WLS-SVM (cong trinh [5) da
khai thac thong tin vé s6 lugng diém dit lieu clia mdi cum, thong tin cAu
tric ctia timg cum trong huan luyén moé hinh. Thuat toin té ra hiéu qua
vé moé phéng xu huéng phan phdi clia cac cum dbi véi ca dit lisu c6 cau

trac don gian va phic tap.
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KET LUAN

Trong linh vyc Hoc may, phan loai mau ¢6 giam sat da, dang va sé
tiép tuc phat trién khong ngimg. Trong dé, thuat toan SVM va céc bién
thé cfia n6 van té ra hiéu qua so véi cac phuong phap hoc may khac. Bsi
16, SVMs dua bai todn phan loai mau vé mot bai toan t6i wu, cuy thé 1a bai
toan QP 16i hoac 16i chiit. Luan an da lam sang to ring: tu tudng toan hoc
ctia SVM thuc chat 1a tim cach tach céc 16p dit lieu bdi mot siéu phing c6
khodng cach dén cac tap dit liéu 13 16n nhat, bing mot phuong phap nhét

quéan 13 st dung quy tic nhan ti Lagrange.

Chuong 1 13 cung cip cac khai niém va két qui co ban vé toan. Cu
thé d6 1a ham toan phuong, bai toan QP, diéu kién t6i wu ctia bai toan
QP, bai toan dbi ngau clia bai toan QP 16i. Tiép d6 1a co sé toan hoc clia
SVM trong ky thuat phan 16p dit liéu, cho cac trudng hgp khéc nhau, ti
don gidn dén phtc tap. Truong hdp don gian nhat 13 ham phan 16p tuyén
tinh, tiép theo la ki thuat siéu phing 1é mém cho bai toan khong tach
dudc tuyén tinh, trudng hop ham phan 16p phi tuyén va cudi cting 13 phan

16p c6 trong sb.

Chuong 2 trinh bay ngin gon mot sé bién thé cia SVM. Dau tiéen la
cach tiép can diing hai sieu phang song song dé phan 16p dit lieu (PSVM),
sau d6 1& cac phuong phap phan 16p dit liéu bang cach s dung hai siéu
phéng khong nhat thiét song song (GEPSVM, LSTSVM, S-TSVM). Chiing
toi da chi ra wu nhugc clia cac phuong phéap trén, khi dit lieu hai 16p ¢6

cAu tric phic tap.

Chuong 3 va chuong 4 13 cac két qua mdéi ma ching toi da cong bd. Cu
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thé, Chuong 3 1a hai thuat toan phan loai stt dung chién luge 16p-ddi-cum:
SVM c¢6 cau tric c6 trong s6 (duge goi 1a WS-SVM, cong trinh [2)) va Cai
tién ctia SVM dung binh phuong t6i thiéu (duge goi la ILS-SVM, cong
trinh . B6 phan loai ctia hai thuat toan nay déu dya vao trung binh c6
trong s6 céc khoang céch tit mot diém dit lieu dén céc sieu phing gan véi
mdi 16p. WS-SVM sit dung thong tin cAu tric theo cum va duge giai thong
qua bai toan ddéi ngdu, con ILS-SVM st dung binh phuong t6i thi¢u dé

tim ra nghiém cia cac bai toan QP.

Chuong 4 1a bién ddi ctia thuat toan S-TSVM (cong trinh |4)) v thuat
toan SVM dimg binh phuong t6i thiéu cé trong s6 (duge goi la WLS-SVM,
cong trinh [5)) cho bai toan phan loai véi chién luge cum-déi-16p. Bo phan
loai dira vao trung binh cé trong sé cac khodng cach tit mot diém t6i cac
siéu phing gan véi cac cum. Thuat toan WLS-SVM dugc giai bing cach
stt dung binh phuong t6i thiéu. Cac thuat toan déu géom hai bude: Bude
thtt nhat 1a phan cum trong méi 16p bing phuong phap lién két ctia Ward;

Buéc thit hai 13 huén luyén moé hinh.

Déi v6i cac bai toan cé dit lieu 16n va méi 16p chita nhidu cum cé xu
huéng phan phéi khac nhau, phuong phap cum-déi-16p té ra hiéu qua hon
trong mo phéng xu huéng phan phdi ciia cac cum va do dé dat duge do
chinh xéc cao hon trong phan loai. C6 thé phuong phap nay khong phit
hop cho bai toan phan loai nhiéu 16p, tuy nhién né c¢é thé hieu qua déi véi
bai toan phan loai nhi phan véi dit lieu khong can bang. Két hop phuong
phap 16p-ddi-cum va cum-déi-16p c6 thé gidi quyét dugc bai todn phan
loai nhiéu 16p hay khong. Day ciing 1 mot trong nhitng huéng nghién ciiu
dang dé cong dong hoc thuat quan tam t6i. Ngoai ra, c6 thé 4p dung mot
trong cac phuong phap trén véi cac ki thudt x& 1y tin hieu am thanh dé

xay dyng tng dung nhan dang sic thai giong noi.
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Enhancing data classification performance based on improving the SVM algorithm

INTRODUCTION

1. The reason for choosing the subject of dissertation

The objective of sample classification is to find the rules based
on outside observation to assign one object into exactly some class.
Many algorithms have been constructed to recognize different sam-
ples based on trained samples base of them. The famous super-
vised classification technique is the support vector machine algorithm
(SVM). SVM is applied to problems such as image recognition, hand-
writing, sound, speech emotion... Since this is a topical problem of
academic research community, so we choose the subject “Enhancing
data classification performance based on improving the SVM algo-

rithm” to research.

2. Research motivation

When researching SVM and development directions, there are some
typical variations of SVM can be mentioned such as: Proximal SVM
(PSVM), PSVM via generalized eigenvalues (GEPSVM), Twin SVM
(TSVM), Structural TSVM (S-TSVM), Least Square TSVM (LSTSVM).
For complex structured data, where each class consists of many clus-
ters, each cluster tends to have a distinct distribution. SVM and its
variants have not fully exploited the information about the number
of data points in each cluster, and the structure information of each
cluster. This may affect the performance (accuracy, time) of data
classification. That is the motivation for the dissertation to focus
on research and propose new methods to improve data classification

performance for complex structured data.
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3. Object and scope of dissertation

The object of research is machine learning, the data classifica-

tion problems.
The scope of research is supervised learning, improving SVM for
complex structured data.
4. Purpose of dissertation

Propose the new methods to enhance data classification perfor-
mance for complex structured data, based on improving SVM algo-
rithm. Exploiting information about the structure of each cluster,

and the number of data points of each cluster in classes.
5. Methods of dissertation

e Methods of mathematical

The Lagrange multiplier method, KK T system (Karush
- Kuhn - Tucker).

The least squares method.

e Data processing method with many clusters
Exploiting class-vs-cluster.

Exploiting cluster-vs-class.
e Scientific experimental method.
6. Scientific and practical significance

Scientific significance

The main contributions of the dissertation on science:

e Proposing binary classification algorithms with complex struc-

tured data, using class-vs-cluster strategy.
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e Proposing binary classification algorithms with complex struc-

tured data, using cluster-vs-class strategy.
Practical significance

e Can be solving the classification problem with complex struc-

tured data or unbalanced data.

e The dissertation can serve as a reference for academy research

community to carry out the data classification topic.

7. Structures of dissertation

The introduction, conclusion, and four chapters:

Chapter 1: is a foundation about Quadratic Programming (QP)
problem and the mathematical basis of the SVM algorithm.

e Chapter 2: is typical improvements of SVM are briefly pre-
sented, the results having an approach using two hyperplanes

to classify two data classes.

e Chapter 3: is class-vs-cluster strategy and two new methods:
Weighted structural SVM (called WS-SVM) and Improvement
of least squares SVM (called ILS-SVM).

e Chapter 4: is cluster-vs-class strategy, together with a new al-

gorithm: Weighted least square SVM (called WLS-SVM).

The results are published in 05 scientific works, which are published in
domestic and foreign conferences, and specialized journals. Which, there is
01 article in the National conference journal, 01 article in the International
conferences, 01 in the Journal of Science and Technology, Hue University of
Sciences, 01 in the Journal of Techniques and Technology, Hue University,

and 01 article in the Journal of Computer Science and Cybernetics.




Enhancing data classification performance based on improving the SVM algorithm

CHAPTER 1.

MATHEMATICAL BASIS OF SVM

1.1. Quadratic function.
The standard form of quadratic function is as follows:

1
Qx) = §xTGx +gl'x+a; x e R",

The function @ is convex if and only if G is a positive semi-definite matrix.
Moreover, if G is positive definite then @ is strictly convex.
1.2. The quadratic programming problem.
The general matrix form of the problem is as follows:
Qx) = %XTGX +gTx 4+ o — min,

(QP): { Ax > b,

Cx =d.

When the objective function @ is convex, QP is a convex quadratic pro-

gramming problem.

1.3. The optimal conditions of QP problem

Theorem 1.1 (Optimal conditions).

(a) Suppose x* is the solution of QP problem. Then 3 coefficients
A = (A], .. AE) €R™, w* = (uf, ..., 1) € RF satisfying the following
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conditions:

m k
Gx* 4+ g= Z)\Zai—FZu;cj,
i=1 j=1

agpx*ZbZ-, AP >0, iel,
Aj(al'x* —b;) =0, iel,
c?x* = dj, jed

The above conditions is called the KK T system (K arush— Kuhn—Tucker)
of QP problem, x* is called a KKT point, and the coefficients X", u* are

called Lagrange multiplier corresponding to x*.

(b) If the QP problem is convex, and x* is a KKT point with Lagrange

multipliers X*, pu*, then x* is also a solution of QP problem.

The KKT system can be rewritten as a matrix as follows:
Gx*+g=A"X"+CTp,

Ax* > b, A* >0,

AT (Ax* —b) =0,

Cx* =d.

1.4. The dual problems

Suppose that the QP problem is convex, the Lagrange function of it
1
is: L(x, A\, p) = 5xTGx +g7x — AT(Ax — b) — u”(Cx — d), with the
variables (x, A, u) € R" x R x RF. From the equation
ViLl(x,Apu) =Gx+g—-—ATA-CTp=0,
we have a dual problem as follows:
A"+ CTp-g) TG HATA+C n—g)+ A" b+pTd — max,

AERT; peRM
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1.5. The data classification problems

Consider a binary classification problem with the dataset, denoted by
a matrix C C R™*™ consisting of m point (each point is a row of C) X? €
R", 1 < j < m. Suppose that, y; € Q = {—1,1} is the label of data point
x;. Class {4} consists of m4 points denoted by a matrix A C R™4*",
class {—} consists of mp points denoted by a matrix B C R™&*"™,
The data point x; is assigned into class A if y; = 1, and is assigned
into class B if y; = —1 corresponding. The problem is: need to find a

classification function

f:R™ — {—1,1} such that: f(x;) =y;, Vi€ Q:={1,2,...,m}

1.6. The linear classifier

To find the canonical decision surface with a maximum margin we

need to solve the following optimization problem:

min %
(w,b)

st 1—y(wlx; +b) <0, Vi€Q.

wi?,

1.7. The soft margin hyperplane

We solve the following problem:
n Lilwl? moc
(in - glwl 4 edim &
st. 1—y(wlx; +b) =& <0,6>0,Vi €Q.

1.8. The nonlinear classifier

Let & : R® — R™ be a mapping such that:

(I)(X) = (alﬁpl(x)a a2§02(x)7 s aamQOm(x)) € R™.
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We need to find ® such that, ®(A) and &(B) (in R™) is linear separable.
That means, there is a pair of (w,b) € R™ x R such that:

yi(wh®(x;) +0) > 1, Vie Q.
Apply linear technique in R™ space and solve the dual problem

max —%/\TD/\ + ATe,
)

st. A>0, )\Ty =0,

where D is a square matrix with D;; = y,y;®(x;)T ®(x;), e € R™ is a

vector with all components equal to 1.

1.9. The weighted classifier

Add the slack variables &; and solve the optimization problem
(‘{anl)%) %”VVH2 + inEA 5+£’L + inEB 5757:7
st y(wix;+b)>1-§,VieQ.

1.10. Chapter sub-conclusion

Thus, the mathematical idea of SVM is essentially to find a way to
separate the data classes by a hyperplane with the largest distance to the
data sets. We have presented solutions for simple to complex cases using
the Lagrange multiplier rule’s consistent method. In the next chapter,
the dissertation briefly provide the methods that using two parallel or

nonparallel hyperplanes to classify the data.
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CHAPTER 2.

THE VARIANTS OF SVM

2.1. Proximal support vector machine (PSVM)
PSVM separates two data classes by solving the problem

min ez [[€]* + 3 (w'w +5%),

20y

st D(Cw-+eb)+&=e.

Where, D € R™*"™ is a diagonal matrix getting value 1 or —1 correspond-

ing to the label of data point x;,i =1,...,m.

2.2. PSVM via generalized eigenvalues (GEPSVM)

GEPSVM seeks two hyperplanes being not necessarily parallel: fi (x)(=
wlx +by) = 0 is closer to class {+} and far away from class {—},
f-(x)(= wIx +b_) = 0 is closer to class {—} and far away from class
{+}. Seeking the hyperplane fi(x) =0 <

Aw, +e by |?/||(WT, b))%
the optimization problem: min | * A +H2/H( ; +)H2
o s0 B+ epbe |2/ l[(wT, b )]

2.3. Twin support vector machine (TSVM)

TSVM seeks two nonparallel hyperplanes: f(x)(=wix+b;)=0is
closer to class {+} and put class {—} to one side, f_(x)(= wlx+b_) =0

is closer to class {—} and put class {+} to one side.
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2.3.1. The linear case

In the case, two classes are linear separable, TSVM seeks two hyper-
planes by solving two convex QP problems as follows:

min - 3[|Aw, +eaby|® +cref,
Wby ,€

st. —(Bwy+epby)+€&>ep, £>0,

min  1[|Bw_ +epb_|* + c_eln,
w_,b_m

s.t. (Aw_ +esb_)+m>es, n>0.

2.3.2. The nonlinear case

Let ® : R" — S = span(®(CT)). In S, the hyperplane ®(x”)h+b =0
can be rewritten as the form: ®(x7)®(CT)u+b = 0, u € R™. Defining
d(xT)®(CT) = K(xT,CT), K is a predefined kernel. TSVM determines
2 hyperplanes: K (x?, CT)uy + b, = 0 is closer to class ®(A) and far
away from class ®(B); K(x7, CT)u_ +b_ = 0 is closer to class ®(B) and
far away from class ®(A).

min %HK(A7CT)U+ +eAb+||2 +C+e££7
uy,by €

st.  —(K(B,CT)u; +epby)+€&>ep, £€>0,

min ~ 1|K(B,CT)u_+epb_|?+c_e’n,

u_,b_,n

st.  (K(A,CT)u_+esb_)+n>es, n>0,

2.4. Least squares TSVM (LSTSVM)

LSTSVM also seeks two hyperplanes sz+b+ =0and wlx+b_ =0

by solving two QP problems with the equal constraints:
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min  L[|[Aw; +eabi | + ic €7€,
Wby

st. —(Bwy +epbi)+€=ep,

min - 5[[Bw_ +epb_|®+ 3cn'n,

st. (Aw_ +esb_)+n=eyu.
In the nonlinear case, LSTSVM has been generalized as TSVM.

2.5. Structural twin support vector machine (S-TSVM)

Come again with the classification problem in the Section[1.5] suppose
that, there are k clusters in class {+}, the i—th cluster consists of m4;
points and denoted by a matrix A; C R™4:*" there are [ clusters in class
{—}, the j—th cluster consists of m ; points and denoted by a matrix B; C
R™Bi*" S TSVM determines two hyperplanes by solving two (QPP)

LJmin gé [AW; +eaby || +erefé+gus ([wil?+03)+ 5  wiiwy,
bt

st.— (Bwy +egby)+&>ep, £€>0,

min 1|Bw_+epb_|?+c_eln+ipn_(|w_|P+02)+iAx_wlX w_,

w_,b_m

st.(Aw_ +esb_)+mn>eq, n>0.

2.6. Chapter sub-conclusion

Thus, the variants of SVM use two hyperplanes to separate two data
classes. The above algorithms have not yet able to exploit the structural
information and the number of data points in each cluster. In the next
chapter, we present the results obtained from exploiting the above infor-

mation to train the model, with the class-vs-cluster strategy.

10
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CHAPTER 3.

THE CLASS-VS-CLUSTER METHOD

The Chapter 3, and 4 are the main works, focus on classification with
the data that have structure, which each class consists of many clusters,
may have different number, and different structure. This chapter presents
two algorithms with the class-vs-cluster strategy: Weighted structural sup-
port vector machine (WS-SVM, work , and Improvement least squares
support vector machine (ILS-SVM, work .

3.1. Weighted structural SVM (WS-SVM)

Consider the classification problem as in the Section WS-SVM
determines (! + k) hyperplanes such that each of them is closer to one
class and far away from a cluster of another class. Specifically, seeks [
hyperplanes such that the j—th hyperplane, f;j4(x) = W]-T+x +b;4 =0is
closer to class {+} and far away from cluster B; of class {—}; the same,
seeks k hyperplanes such that the i—th hyperplane, f;_(x) = w]_x+b;,_ =

0 is closer to class {—} and far away from cluster A,; of class {+}.

The classifier is now selected as:

f(x) = argmin(f4 (x), f-(x)),

+ -

l k

Fe0 = 3 TS fo0 = D0 T ()l
j=1 i=1

A new data point x is assigned into class {+} or class {—} depending on

f1(x) is less than or greater than f_(x).

11



Enhancing data classification performance based on improving the SVM algorithm

3.1.1. The linear case

WS-SVM determines (I + k) hyperplanes by solving (I + k) convex QP

problems as follows:

. A
o HIAW e eab [P e o € A (w2 )+ W D
ItV 18;

st. — (Bjw;t +epjbjy) +&; > epy; & =0,

. _ A
o0 g Bwitepbi|[*te-elm+ g (Iwie [P +62) + Fwil Zowi-,
1—50i—,T1;

st.(Aiw;— +eabi) +m; > ea; m; > 0.

j=1...,,vai=1,...k
By using the Lagrange function method we have the solutions
zjr =[wi by ]" =—HH+p I+ M\ F ] 'Glay, j=1,...,1,
zio =Wl b T =[GTG+pu T+ A_F_ | 'H v, i=1,...,k,
where o, 7, are the solutions of the dual problems

max egjaj — lcyszj HH + p, I+ )\+F+]’1G;”-Faj,

(e 2] 2

s.t. 0< a; <cyepj,

max  e};; — 3V H(GTG + p T4+ A F_)"'Hi,,

i

s.t. 0 <7, <c_ey,.

Y. 0
H = [AﬂeA}v F, = ) Gj = [ijij]v G = [BveB]v F_ =
0 O
Y. 0
, H; = [A;, e;], I being the unit matrix of order (n + 1).
0 0

12
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3.1.2. The nonlinear case

WS-SVM determines | hyperplanes: K (x7, CT)uj+ +bj+ = 0is
closer to class ®(A) and far away from cluster ®(B;); k hyperplanes:
K(xT, CT)u;_ 4+ b;_ = 0is closer to class ®(B) and far away from cluster

®(A;) by solving (I + k) convex QP problems as follows:

. T
o, in K (A, C)ujs +eabss || +ereh €+ 50 |fuyr, by ]2
i+505+:8;

+u?, 8(C)220(C)Tuys,

st. — (K(Bj,C)ujs +epjbjy) +& >ep;, £ >0,

min _ 3[|K(B, CT)w;— +epbi_||*+c_elm;+ 5 || [wi-, bi-]”

u;—,b;—m;

+Houl 8(C)229(C)Tu;,
st. (K(A;,C"u;_ +eqibi ) +m; > eai, m; >0,
3.1.3. Experiments

3.1.3.1. The 2-dimensional simulated data

Implement the algorithms on the large scale simulated data to com-

pare the training time between all algorithms.

3.1.3.2. The UCI datasets

Compare the training time, testing and 10-fold Cross Validated (10-
fold CV) accuracy on the UCI datasets.

3.2. Improvement least squares SVM (ILS-SVM)

ILS-SVM (work uses the class-vs-cluster strategy, and equality

constraints, solves the problem directly by using least squares. Specifi-

13
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cally, ILS-SVM also determines (I + k) hyperplanes such that each hyper-
plane is closer to one class and far away from a cluster of another class:
fi+(x) = ijJgH—ijr = 0 is closer to class A and far away from the cluster
B;; fi-(x) = wlx + b;— = 0 is closer to class B and far away from the
cluster A;.
The classifier is selected as:

) = agmin( £ (0. f-(:0)

! m k ma

Bj i
Fr00) =D L f () fo(x) =Y i (x).

m m
j=1 "B =1 A

3.2.1. The linear case

ILS-SVM determines (I + k) hyperplanes by solving (I + k) convex QP

problems as follows:

. T

min 3 Aw;y eab P+ 5] €+ 5 (w2402,
Wit,bit.€;

s.t. (Bjo+ + ijijr) + £J‘ = €pBj,

Cc_

min  3[Bwi+epbi_|*+F 0l m+ 5 ([wi |2+57),

s.t. (A1W74, +eAibi7) + n; = €A,
j=1,...,landi=1,..., k.

By substituting the equality constraints into the objective function,

and solving derivative equations to zero, we have the solutions:
-1
Z;4 = [Wf+7 ijr]T = {iHTH + G?G] + %I} Gfijv
-1
Zi_ = [W;—Z:,bi,]T = [C%GTG + HlTHZ =+ %I] H?eAi'

Where H = [A76A], G] = [Bj,ij], ] = 1,...,[, G = [B,eB], Hl =
[Ai,ea:i],7=1,...,k, and I being the unit matrix of order (n + 1).

14
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3.2.2. The nonlinear case

When the data is nonlinear, by exactly similar way such as Subsection
(3-1.2), ILS-SVM determines (I + k) hyperplanes by solving (I + k) convex
QP problems as follows:

uf}}_fi ¢ SIK (A, CTYuyp +eabj [P+ S €) &+ 5 (lup |2 +02,),

j+505+585

s.t. (K(Bj,CT)uj+ +ijbj+)+£j = epyj;
o min KB, CHui—+epbi—|*+ 50l mi+ b5 (lui- > +67),
s.t. (K (A, CT)ui— +eaibi-) +mn; = ea;

w, €R™ j=1.. . Ivau_€cR™ i=1.. k

3.2.3. Experiments

3.2.3.1. The 2-dimensional simulated data

Implement the algorithms on the large scale simulated data.

3.2.3.2. The UCI datasets

Compare the training time, testing and 10-fold cross validated accu-

racy on the UCI datasests.

3.3. Chapter sub-conclusion

With the class-vs-cluster strategy, WS-SVM (works [2)) splits the two
problems QP originally in S-TSVM into (I + k) QP has a smaller size and
is solved by the dual method. With also the class-vs-cluster strategy, ILS-
SVM (works [3) exploited information about the number of data points of
each cluster in model learning. The algorithm is established by equality

constraints and is solved by using least squares.

15
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CHAPTER 4.

THE CLUSTER-VS-CLASS METHOD

In this chapter, we present a new algorithm: Weighted least squares
support vector machine (called WLS-SVM, work , with the cluster-vs-

class strategy.

4.1. Transforming of S-TSVM

Use the cluster-vs-class strategy, two problems of S-TSVM in the Sec-
tion can be transformed into QP problems as follows (work .

min %HAZWH_ + eAibi+||2 + c+e££ + %)\+W;+Ei+wi+,
Wit,bit+,§
s.t. —(Bw; +epbiy) +&>ep; £>0,
min  3|Byw;_ +ep;b;_ | + c_elin + AW T w;_,
wji—,bj—m
s.t. (Aw;_+eabj_)+mn>es; n>0,

withi=1,...;kand j=1,...,[.

These problems can be solved by Lagrange multipliers method. The
main idea of WLS-SVM (Weighted Least Squares Support Vector Machine,
work [5)) comes from these transformed problems. Seeing that, although
these problems can be solved, inequality constraints require us to solve the
dual problems, which are still complex. We can simplify the problem and

still use the cluster-vs-class strategy, by using the least squares method.

16
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4.2. Weighted least squares SVM (WLS-SVM)

Come again to the problem in Section [I.5] In the simple case, S-
TSVM proved effective in simulating the data distribution trends. In the

— =0

=0
B cumal
W Cumaz
W Cuma3
® CumBl
® cums2

IS

Figure 4.1: S-TSVM in the case of simple structured data

case of complex structured data, S-TSVM is not yet effective in simulating
the data trends. Furthermore, S-TSVM does not exploit the information

about the number of data points in each cluster.

— =0
=0
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] B Cuma2
W Cuma3
L] ® amsl
‘Cum B2
5 ()
4
//
3 /
/
g /
2 yd
/
1 ¥ o® _o
™ '
//
o

0 2 4 6 [

Figure 4.2: S-TSVM is limited when data is complex structured

To overcome this limitation, WLS-SVM uses a cluster-vs-class strat-

egy and exploits information about the number of data points in each class
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to find (k+1) hyperplanes such that: each hyperplane is closer to a cluster

of one class and put the remaining class to one side. Specifically, seeks k

hyperplanes such that: the i—th hyperplane, f;y(x) = wg;x +bi+ =01is

closer to cluster A; and put class B to one side; [ hyperplanes such that:

the j—th hyperplane, f;_(x) = W;-,F_x_|_ b

j— = 0 1is closer to cluster B; and

put class A to one side (see Figure and Figure .

IS

%Y

— f+=0
— 2+ =0
— 3+ =0
- fl_=0
-- 2_=0
W cumAl
B cume2
W cumas
® CumBl
® cums2

5 6 7

Figure 4.3: WLS-SVM in the case of simple structured data.
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! — 2+=0
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W Cuma3
® CumBl
® cums2

Figure 4.4: WLS-SVM in the case of complex structured data

The classifier is selected as:

f(x) = argmin(f4 (x), f-(x)),

i
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k l

f4(x) ZZmAlfwr ZmB] fi—(

i=1 j=1

A new data point x is assigned to class {+} or class {—} depending on

whether f (x) is less than or greater than f_(x).

4.2.1. The linear case

We determine (k + 1) hyperplanes in WLS-SVM by solving (k + 1)

convex QP problems as follows:

min  L|Awi +eabis||? + Ser €76+ Sup([[wis |2 +02,),

Wit,biy,&
s.t. (Bw;; +egbi1) + & =ep,
Jmin o HIB ey | deon T+ de (| + B,
s.t. (Aw;_ +esbj_) +n=ey,
i=1,..., kand j = 1,..., [. Substitute equality constraints into the

objective function, solve derivatives equal to zero, we have:
-1
Ziy = [W¢T+, bir]t = [iHZTH2 +GTG + ’;—II} Glep,

-1
z;_ =[w, bj_|]" = [C%Gf(;j +HTH + ‘;—:I} He,.
Where H; = [A;,e4;], G = [B,eg], G; = [Bj,ep;], H=[A,e4], I being

the unit matrix of order (n + 1).

4.2.2. The nonlinear case

WLS-SVM determines (k + [) hyperplanes by solving (k 4 1) convex
QP problems as follows:

min 2 HK(A“ CT)uz+ +ea; l+|| c+€T£ + %M+<||ui+||2 + b?+)7

Wiy bit €

S.t. (K(B,CT)U7;+ +epbiy)+ & =ep;

19
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, min n%IIK(Bj, Chuj— +ep;bi—|*+5e-n"n+gu-(|u-|* + ),
J—7)

st. (K(A, CT)UJ'_ + eAbj_) +1n=eu;

In an exactly similar way to the linear data case, we have

-1
zip = [u,,bi]" = [iHZTHi +GTG + ';fl} Glep,

1
zj— =[uj_,b; |" = L%GJ-TG]- +HH + ‘CL—:I} H'e,.

H; = [K(A;,C"),e4i], G = [K(B,C"),ep], I being the unit matrix of
order (m+1), G; = [K(B;,C"),ep;], H=[K(A,C"),ea].

4.3. Experiments
4.3.1. The 2-dimensional simulated data

Implement algorithms TSVM, LSTSVM, S-TSVM and WLS-SVM on

large scale simulated data.

4.3.2. The UCI datasets

Compare the training time, testing and 10-fold CV accuracy between

algorithms WLS-SVM, S-TSVM, LSTSVM and TSVM.

4.4. Chapter sub-conclusion

Thus, with the cluster-vs-class strategy, WSL-SVM (works [5)) ex-
ploited information about the number of data points of each cluster, and
structure information of each cluster in model learning. The algorithm
proved to be effective in simulating the distribution trend of clusters for

both simple and complex structured data.
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CONCLUSION

In the field of Machine Learning, supervised pattern classification has
been and will continue to evolve continuously. In which, the SVM and
its variants are still effective compare to other machine learning. Because,
SVMs bring the pattern classification problem to an optimization problem,
namely the convex or strictly convex QP problems. The dissertation has
clarified that: the mathematical idea of the support vector machine is
essential to find a way to separate the data classes by a hyperplane with
the largest distance to the datasets, by a consistent method is to use the

Lagrange multiplier.

Chapter 1 provides basic math concepts and results. Specifically, it
is the quadratic function, the QP problem, the optimal condition of the
QP problem, the dual problem of the convex QP problem. Next is the
mathematical basis of support vector machine in data classification tech-
nique, for different cases, from simple to complex. The simplest case is the
linear classification function, followed by the soft margin hyperplane tech-
nique for the linear non-separable problem, the nonlinear classifier case,

and finally the weighted classifier.

Chapter 2 briefly presents several variants of SVM. The first is the
approach using two parallel hyperplanes to classify data (PSVM), then the
methods of data classification using two hyperplanes that are not necessar-
ily parallel (GEPSVM, LSTSVM, S-TSVM). We have shown the advan-
tages and disadvantages of the above methods when the two data classes

has a complex structure.
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Chapters 3 and 4 are the new results that we have published. Specifi-
cally, Chapter 3 covers two classification algorithms using a class-vs-cluster
strategy: Weighted structured support vector machine (called WS-SVM,
work and Improvement least squares support vector machine (called
ILS-SVM, work . The classifiers of these algorithms are both based on
a weighted average of the distances from a data point to the hyperplanes
close to each class. WS-SVM uses cluster structure information and is
solved by a dual problem, while ILS-SVM uses least squares to find the
solution of QP problems.

Chapter 4 is a transformation of the S-TSVM algorithm (work
and the weighted least squares support vector machine algorithm (called
WLS-SVM, work ) for classification problems with the cluster-vs-class
strategy. The classifier is based on the weighted average of the distances
from a point to the hyperplanes close to the clusters. WLS-SVM is solved
by using least squares method. The algorithms have two steps: The first
step is to cluster in each class using Ward’s linkage method; The second

step is to train the model.

For problems with large scale data and each class containing many
clusters with different distribution trends, the cluster-vs-class method proves
to be more effective in simulating the distribution trend of clusters and
thus achieves higher accuracy in classification. This method may not be
suitable for multi-class classification problems, but it can be effective for
binary classification problems with unbalanced data. Combining class-vs-
cluster and cluster-vs-class methods can solve the multi-class classification
problem. This is also one of interesting research directions for academic
community. In addition, can apply one of the above methods with au-
dio signal processing techniques to build an emotion speech recognition

application.
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