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Abstract: Twin support vector regression is a regression algorithm based on statistical learning theory. It employs the
theoretical principle of structural risk minimization; by appropriately selecting a subset of functions and obtaining the dis-
criminant functions in that subset, it minimizes the actual risk of the learning machine, ensuring that the small test error of a
classifier obtained on a limited training sample remains small on an independent test set. Twin support vector regression en-
sures better generalization performance because it maps linearly inseparable samples to a high-dimensional feature space,
making the mapped samples linearly separable within that high-dimensional feature space. The algorithm of twin support
vector regression is based on the twin support vector machine, and the geometric meaning of twin support vector regression
is to make all sample points as far as possible between the upper (lower) insensitive boundaries of the two regression hyper-
planes. The final regression result is then obtained by averaging the regression values of the two hyperplanes. In twin sup-
port vector regression, it is only necessary to solve two small-scale quadratic programming problems (QPPs) to obtain two
regression hyperplanes with small fitting errors. Hence, its training time and fitting accuracy are higher than those of tradi-
tional support vector regression. Moreover, the dual problems of two QPPs have a globally optimal solution, and this makes
it harder for the algorithm to become trapped in local optima. Hence, twin support vector regression has become a popular
field of machine learning. However, there is still room for further improvement in the generalization performance, solution
speed, matrix sparsity, parameter selection, and dual problem of twin support vector regression. In this paper, the mathemati-
cal models and geometric meanings of two types of twin support vector regression are presented; then, the following com-
mon improvement strategies for twin support vector regression are summarized:

(1) Weighted twin support vector regression

Because each training sample in twin support vector regression receives the same penalty but has different effects on
the hyperplane, noise and outliers can degrade the performance of twin support vector regression. It is more reasonable for
training samples at different locations to be given different penalties; thus, the introduction of a weighted factor in each
QPP of twin support vector regression has been proposed to give training samples at different locations different degrees
of penalties.

(2) Lagrange twin support vector regression

The inverse matrix of the semi-positive definite matrix in the dual problem of twin support vector regression may not
exist. Even if it does, the dual problem is not a strictly convex function and may have multiple solutions. Thus the use of
the 2-norm of the slack variables to replace the original 1-norm has been considered to make the dual problem simpler and
easier to solve.

(3) Least squares twin support vector regression

Twin support vector regression needs to be solved in dual space, and the obtained solution is approximate. Hence, a
method was proposed that transforms the inequality constraint of the original problem into an equation constraint using the
least squares method so that the original problem can be solved in the original space. This substantially reduces the compu-
tation time and improves the generalization performance without loss of accuracy.

(4) v-twin support vector regression

This approach introduces a set of parameters v, and v, to control the maximum error that a particular part of the train-
ing sample can cause to the two regression hyperplanes. This adapts the hyperplanes to the structure of the given data and

improves the fitting accuracy of the twin support vector regression.
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(5) e-twin support vector regression

A regularization term is introduced into the original formulation of twin support vector regression to minimize the
structural risk so that the dual problem is transformed into a stable positive definite quadratic programming problem. The
dual problem is solved by successive over relaxation (SOR) method to speed up the training.

(6) Twin parameter insensitive support vector regression

This method overcomes the effect of parameter selection on twin support vector regression, making the algorithm
well suited for data sets that contain heteroscedastic noisy data as well as enhancing training speed and generalization per-
formance.

This paper also systematically analyzes and summarizes the mathematical models, improved algorithms, and applica-
tions of the above algorithms; analyzes the regression performance and calculation time of the above algorithms on nine
UCI benchmark datasets through experiments; and analyzes the root cause of each algorithm’s performance and time con-
sumption at the level of model structure. This paper also summarizes other improved twin support vector regression algo-
rithms and applications of twin support vector regression that are not easy to categorize. Overall, the least squares twin sup-
port vector regression performs the best in terms of performance and computation time. Lagrangian twin support vector re-
gression and v-twin support vector regression both obtain the next best performance and have similar computation times.
Weighted twin support vector regression, e-twin support vector regression, and twin parameter insensitive support vector
regression do not perform well, but have similar computation times. The purpose of this paper is to provide readers with a
deeper understanding and perception of the similarities, differences, advantages, and disadvantages of different improved
algorithms based on twin support vector regression, so that they may apply better improvement strategies to twin support

vector regression. Moreover, this paper aims to eventually provide a clear idea for further improving the performance of
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twin support vector regression and expanding its range of applications.
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BT — AT, Tanveer 5 AR 1T X Hessian
P55 AGH RECRAL L. Gupta a5 NS BT pin-
ball 4 2% % & # A X% FK LTSVR (Robust Asymmetric La-
grangian v-TSVR  Using Pinball Loss Function,
URALTSVR). HX 12 X ICATAT L9 5, H pinball 451 2%
BRIRSCAT LA SR A BRI G A TP A A A A X BRI P LA K
HORME AR TS M IE Pl GTG IR IE & R, A
i3 5512 Ak RE . Balasundaram 25 A% LTSVR (1) %
i T it b B Sy T 24 SR AR i X0 5 T B 1 ik
PSR, B2 T — B I8 29 H™ 4L TSVR (Uncon-
strained LTSVR , ULTSVR) , 12 %8 1 i) X1 n) J30 2 70 B
TR E AT RLE, SR T X Hessian 35 G T PR AR
Newton-Armijo 2 B 48 R 53 4055 1k A1) 3545 HX i
[") R i .
3.2.3 HREABZFEAE XL EDOEYIA A

Ganaie 4§ OV — Fh i HE Y TSVR (Improved
TSVR,ITSVR) , SEBL 1 4544 XUR fie /MU SR b4 1
R R0 BT, A SOR SR A , 1 FH T i 4 8 ki -
3.2.4 HIREAHZEAZFFEELERMRGRS

LTSVR 3R fiff 1) 2% A P A 7 o, 730 |-
AARRIH . HA LS IE AR AT B, PR R 47
AR A, B LAAH HC %58 TSVR A X1 0] 58505 5 R figg , oK
ff i L T . AR, LTSVR AN 52032 AL P RE I REAE 4%
AR YINZRIN ] N S A /N i 22 . {H LTSVR i A% &
TR0 AR T A 7 RS XU e /MK L TFE T SVR bR
R 18 YA 5 v IR /N 5 28 6 RS B A PRt
FERLEE 0T ] BB F B L5 50 R BE -0 3 Jay i d
DA . I, LTSVR I BeAT B o WTSVR i 1E 5E
HFE GG YR A A R XE R )L
3.3 RMZFRFEEZFEREEAN
3.3.1 B/N_EEAZFHFEmMELAVEBFER

FEANTERS e/ > ek 5 28 A SRR 1) d [ I AL 2
AR R A T PIRIE R, RIZRA: /N 3fe A ]
[5] 5 HL (Twin Least Squares Support Vector Regression,
TLSSVR) " il i /1N 3¢ 25 Az 32 45 1] 2 [0 U5 HL (Least
Squares Twin Support Vector Regression, LSTSVR) . 1
AT Ge— T e/ AR AR SR [l AL R AR
FRIX RIS . T T A 205X PP IR L i B A A
3.3.1.1 TLSSVRH##iER

TLSSVR i Zhao % A T 2013 4F 48 115 & 9% 1T
JEUAEUR R T i /N 3¢ S A ) gt 9] I AL (Least Squares
Support Vector Regression, LSSVR). fEIELER LT,
TLSSVR ZER 1 QPPs 2y
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min B"wl [+ %Clv}:f}

w.b eR
st. Y=Aw +eb, +¢ +&,, &20 (21)
Jmin |3+ Seote]
st. Y=Aw,+eb,—e,+&,, &20 (22)
Horbr v Flv, R AL AR B & N E, AR .l AE
2D (22) g | ARk B H e+, aTA3 40T f# -

{O ‘i}[bl}:[ 0 ] (23)
e K |la, Y—eg,

K K}[Z} i) (24)

Hdr o, fla, 51 AT H T, v, Flv, 15E L
mr.

(25)

=

pr-a; <0 pr-a,<0

vl:{l,alzo’ _{1,112;0

ot p, Rl p, WEME K, =K (A.4,) +6,mCpk=12,

5,= {(1) ;j iR IO RTE A f, (x) =a K (A,x) +

by Ffy(x) =a; K (A.x) +by, Horb , K R REL, e 2 1Y)

] I 84K 9K th =X (6) 375 . 70/ LB 5 K MBS SR 45
S AE A T TLSSVR (A R S550%

3.3.1.2 LSTSVRHE =158
LSTSVR f1 Huang % A\ T 2013 4E42 1. LR PETS
LT, fie/ N e m A S R MU ALK AR Y QPPs oy

min [%” Y—ec,— (Aw, +eb)) ”2+ %CléTf}

w.b eR (26)
s.t. Y- (Aw1+eb1) =ec,—& £20
. 1 2 ]
min, | 5[ ¥vee,= (vt [+ 5 Con'n| (27)

s.t. (Aw2+eb2) —-Y=ee,—n, =0

4 G=[Ael].f=Y-ec ,h=Y+ee,, I\ (26) fi
K (27)WEF u, = [w; b,] = (C'G+ol) G fHlu,=
[wy: b, ] = (G"G+ol) G h, Wi B 155K 15 W5 A~ 2 F
1. PR AR, R (26) M= (27) 1y LAt T
L A=K (A,A"), BRI R4S BT A1, b KO R e
B, e Il E AR B 2 (6) AR A5 . SEIR 45 SR U]
LSTSVR Lt SVR, LSSVR FI TSVR A% 2% /N, H i}
(i) B b 407
3.3.2 RNZHEFEZFEEOEANKKEREE

Zhang % NP0 p {405 A LSTSVR, 42 1 —Fh I,
HE 4 LSTSVR (L,-norm LSTSVR, PLSTSVR) , i 7€ fie/]h
A5 4 JRS: 1) TR) ) eI I s bR B8 SR A AEJE . Huang 55
PR — Fb 43 4T %8 £ LSTSVR (Feature Selection-
LSTSVR, FS-LSTSVR) , ¥ LSTSVR 1 i) H b b 5 5% 1k

SRR ELME LR (Linear Programming, LP) , J A4 & T %
2= (8] Y L TR, SR )5 2R I S Newton A R . Gu
& NS B /N 3 4% 5 TSVR (Least Squares Twin
Projection Support Vector Regression, LSTPSVR). % %
W B BAE 1T 2288 B H AR ek b, T 785K i 2t
T3 PR Ik AR bR e AR i S EOHE Y 2256 P D7 25 FIAE G
EX YN S0P R il R e e S YN N T
ARG A LSTSVR DARG s AR AL (1472 AL VERE , [ 5] A
W SHE i B ok BT 1 I e A B SR T BE AL, i T RO
fx /N 7€ K 18] BB TSVR (Least Squares large interval
Fuzzy TSVR, LSFTSVR). 1557k B 6% AR 47 b Sz e il 25
Bl B A NS A, S R S e I SRR . ER
A NPT T — g B 24 7 LSTSVR (Incremental
Reduced LSTSVR, IRLSTSVR) 5% 12 . 1% 55 vk I FI 24 i
T — 8 FEAAE Sy SCRp I 1 P AT 5 AR S5 1 %
LB PR Aok 70 B R R SR 38 7 ks e 23S L, R
TS 100 00 (1 ) F 38 2 AR PR RE . Feng 458 A PS
T L T S AR SR /N AR A 3 % S Al SVR
(Isolation Forest-based Least Squares Twin Margin Distri-
bution SVR, IFLSTMDSVR ). %533 1l 1 B 23 2R Aok B
EIRTER S (8, IR R B0 B3l Y S (B0 5, LA
G LSTSVR X 5 W (H AU R AR . W %8508
TR AER.
3.3.3 s/N_FEFELEZFHFEEDEVIAER

Zhang 5 A 42 th B AT 5 05 25 55 17 M 5 /%) TLSSVR
(TLSSVR of Heteroscedastic Gaussian Noise Model,
TLSSVR-HGN) ' F1 L A5 [l J5 2% o 447 M 75 (1) TLSSVR
(TLSSVR of Homoscedastic Gaussian Noise Model,
TLSSVR-GN)"™", LI#R 4P TLSSVR HAFEAE A AL . Yan %5
AR p-LSTSVR (PLSTSVR) Y 54t T —Fh k0
2R fif e PLSTSVR AP AR ) B2, [8] i {8 FH P A e J
AL AL PLSTSVR 19250, T B0 22 38 I ik
$odi . Wang f# ] LSTSVR FiUi 54 M AE 46 b5 (Key Per-
formance Indicators, KPIs) fa1], Zhang %)\Mﬂﬁ% H—Fh E
H 55 2% v W A Y 28 A I 3 LSSVR (Twin Proximal
LSSVR Model Based on Heteroscedastic Gaussian Noise,
TPLSSVR-HGN). %5718 TLSSVR 25 1 Il 2Rt i |
ZACRE S FITUINORS B . Hazarika 58 N H T3 F /)
A% B9 LSTSVR, Bl Morlet /)N i 4 LSTSVR Il Mexican
hat /N A% LSTSVR, F-F KU F .
3.3.4 RNZFREFEAZFEEEEAVAMLRS

/N e 2R AR SR 1) B [l A ALK TSVR /B 5 bR
b iR R LR A R XY, DRI B & Y i 2
T T JRL A (6] P SR i AN Gty R AL R AT R e 4k
B2 DR R (515 /T /NN = = L T O 3 5.2
e A5 AE SR ) A BRIz AR PR BT TR A T
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/N YN BT, TR FE , FE Ak P o A JRAS 4L
P L A I T A A &8 . (H R0 S A AR e
1o, R IS S AR R R S RO M REAME
3.4 v-EFEZFEREEEN
3.4.1 v-EELFHEER PN EFET

TE Shao 2 N H Y e- 25 A2 57 45 1) 5[] 09 AL
(£-TSVR,&-TSVR) Hl Peng 25 NS H 4 v-25 1 3 5 (i) 4
HLO-TWSVM, v-TWSVM) LK 7E Bi 25 A48 H i ey 2t
WHES B T, Rastogi N F 2017 4E 2 1 T v-
TWSVM HIE & X E BRI, B v-28 A4 5255 1) &
[|] 9 HL (v-Twin Support Vector Regression, v-TWSVR).
TELRIERT AT ,v-TWSVR FFESR AR QPPs

min, | 3w [+83) + 3] ¥- (m,ven,) [

w,b eR

+C,

} (28)

v,e,+ %eTé‘

st. Y- (Aw1+ebl) z—ec,— ¢

min {%Q(” w, ”2+b§) + %”Y— (Aw,+eb,) Hz

w,.b,eR
1
vy, + leTq)]

s.t. (Aw2+eb2) -Y=>—ee,—n
Hr v,v,,C,C,,C,, C =0 W HEAE E RIS EL, ERy
Jknab s g RN GREREAR. A G=[Ae], 5] ATL
& W H I+ a 1 g, w15 2K (28) A (29) B X6 i) ]
Bapilibs

min BaTG(GTm CI) G'a-Y'G(G'G+C,I) Ga

+C, (29)

ac

+YTa} (30)

st 0<a< %e, e'a<C,v,
. 1 -1 1
%1£[EﬁTG(GTG+C3I) G'B+Y'G(G"G+C,I) G'B

1
—YTﬂEu;Qzuz—rzTuz] (31)

st 0<f< %e, e'p<C,v,

K% a Fp 5 BT u, = [w,; b, ] = (G"G+C 1) G (Y-
@) 5 uy=[wy; b,] = (G'G+C,I) G"(V+p) B AT 5 %)
v-TWSVR Vi 9 250 . X TAELR S, H B
(28)~(31) Ay HLl B4 A=K (A,A4"), B R A5 BiAS 187
T, Fo i KO AZ SR SR [ E 2R A 20 (6) 3R A5
SEHG R W v-TWSVR AR N LA 4 K UCTHEHERUE 4R 1
MR T e-TSVR.

3.4.2 v-EFEZFEEER AV EE

Xu 258 N — PR % R v-TSVR (Asymmetric v-
TSVR, Asy-v-TSVR). Asy-v-TSVR FJ $2 1} 2 F TSVR 1
ANJETWSVR, A3 i 5] A pinball #12% s& %L, 2% 21 1|
GRREA Y 53 A0 245 T A0 T A RIAL B I 2R AR [ 72
BYFEST . Asy-v»-TSVR 1] LI i 35 88 v 5 p IS B 3L
BHBLA IR RS Z AR T . Gupta 28 A FE Asy-v-
TSVR A&l b 351 A —Fift 56 T itk 1 U A i 12 4% 1)
H 3% A% T pinbal -5 26 (U BGHE KRS T H Asy-
v-TSVR (Improved Regularization based Lagrangian Asy-v-
TSVR using Pinball Loss Function, LAsy-TSVR). 3 4§
327 IR FiA% B H vk 328 H] T RS AR A i R AL
AHS IR) R 4 JR Fme DG AR . 1) L s o 5 b 45 o e 2 2 0 4k
TR R S S PSR f) 45 1 XU S /M s U] . 2L T
LTSVR , 1% J7 5 0 X5 i ] i n] LU A6 2, AT af
DA 3 15 B 2 RS SO R R AT BRI 5 A T
Xue % N0 v-SVR 5 v-TWSVR 254 42 i T HLES -
TWSVR (Rough v-TWSVR). Rough v-TWSVR i T v-
TWSVR R FAR A A s AL, o 1) B8 22 64 1
ZRREA IR B AR VI ZRREAS 5 AL Bl A [ A AR AR
K 1] U 28 77 A2 SR R 5200 . Rough v-TWSVR % [£ 5] & A
TEURR R BT BB 237 AR e HUL B (R LA S v-TWSVR Hhokf
A N GRFEAER AT R RE 0 BE A AR S i [l i, 51T
HLRE B2 FHI0 L 52 B0 45 #4) JRUBS: 35 /MK . Wang %8 AP0 7E
v-TWSVR # H #5 b8 B F 51 A WT LU I 2R A AS i 4k
B G IATE ) A 700 L2 45 i 45 4y A IRURS: I 3.1 75 B ik
B IR 7 ¥ X6 AN R 67 B AR AR EA T A [ A 5TT B 2%
PR T WT 5 AL v-TWSVR (Wavelet Transform-
based Weighted v-TWSVR, WTWTSVR).
3.4.3 yv-FEZFEEMEEYIHE R

Li % APV T OFDM RS 3ET v-TWSVR (15
A TS . v-TWSVR T A S8R ) B /b 50536
i Tt 0 2 B S R A THAREE D
3.4.4 v-FEZFEEEENHLRS

v-TWSVR A Lhid i 45 5 i 2 8y, 5 v, A S5 ¢,
55 &, BYME LAFE VI ZRAE A 1) BE L2 R 5 T840 %0 1 ()il
S 10T A 4 I i i AR B K58 22, DRt AT AR 45 o 4K
I 0 S5 A AR A B R USRS (B S A X e AN U
By B CF) Bl gy, H2% & B CT) S 1 B iy
AR 525 5 F BTG . Ak, 7E v-TWSVR 1, Jir
A VI RFEABR G A T MR AR, 58 R R A
AN BT A 25 RS S [) (1 52 0 . 3K P e 2 e T IR RS 1)
S T P AR RE .
3.5 eFEZFFEEDAN
3.5.1 e ZFAEZFEEDENHFEER

g-”? A7 %5 ] & [l 5 HL (e-twin support vector re-



o4 W
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gression , &-TSVR ) B Shao & A T 2013 4F #& el
e-TSVR il 13 >R ff I A~ 2L F SVM 11 [m] 804 45 3] — X
e- AN UG 2 T pR K, BV B OF Th . AR Rk AT
T, e-Z84 S Hp ) im PUE AL EESR % B9 QPPs

min BQ(” w, ||2+b§) + %§*T5*+cleT§}

w,b eR

(32)
s.t. Y— (Aw1+eb1) =&

. 1 2, l . .
Jmin, | S e[wa o)+ Lot et .
s.t. (Aw2+eb2) -Y=y"
Hrp,C\,C,.C,, Cpe, e, YINAETINSEL. 4 G=[A4e],
SRR I H T a Ay, 115 2 (32) A2k (33) 4

[R5 551 Ay

min [iaTG(GTG+ CI) G'a-Y'G(G"G+C,I) Ga

aelR 2
+(eTel+YT)a} (34)
st. 0<a<C,e

min ByTG(GTm C,I) Gy+Y'G(GG+C,I) Gy

+(YT—eTez)r} (35)

sit. 0<y<Cie

KA e Moy, w=[w; b ]=(G"G+
CI) G (Y=-a)Fu,=[wy b,] = (G"G+C, 1) G'(¥+
) BIAT 45 3 e-TSVR FEF Wi A S50 X FARL AR 0,
R e (32)~(35) Y BLRE 14 A=K (A4,4"), BRIk 45
PRI P T, HH KA A% bR B, B 2 1Y 1 H 8AR K 1
A (6) 215 . 95 Uk WA 4L T TSVR, LSSVR KA I
e-SVR, e-TSVR ] LL7E 55 1) Y1 ZR ik (] N B 2 42 & 1
ML PERE .
3.5.2 eFAENHFEEEFYMBHE X

Ye % N4 5 BT il L1580k L T8
&5 e-TSVR BZ AL RE J7 , M4 1S L, 5% e-TSVR (L -
norm &-TSVR, L,-e-TSVR). Ye % N33R gk — 4006 3.1 47
3.2 5 B (4 A ik 5 B s B H 454 %1 e-TSVR
FEHEH TS B H e-TSVR (Weighted Lagrangian -
TSVR with Quadratic Loss Functions , WL-e-TSVR). AR
T4 T AR FREAAS [ 9 A T AU(E DA B ] 228 1 i F
AT T 52 I, A BT H 3k ARt A B () 2 Y8R S
Fe AR e-TSVR iy 17885, RIS kit 2k eR 850 5 1A
A St {8 T 0 SR ik TE 2 AR Ak ) BRI T 4 v
TUNHE
3.5.3 e ZFAEZHFEEDENARA

5 7K 45 PR AR 5 G 4F e-TSVR (Dependency

Nearest Neighbor e&-TSVR, DNN-¢-TSVR) 3 FH F i il iz
T i AR 5 14 B K
3.5.4 FAEXFREOEFNBRLERS
e-TSVRAEH U Rl 5 LA T IE AR P LA B 25
e RIS e /N AR B H IR 58 1 X T 80 £ 19 1E E
TR TR, DA i e FLPERE . 55 A, e-TSVR G i
SOR 75 ¥ 3K fff Xof 45 [) 20, DA i bR 7 ) 2 i B2 . {5
e-TSVR 1 LA L, {55800 B8 0 5 i 0 vT A AE KR 2
IR LR U R B4 | [, 5 v-TWSVR 26481,
HI T 5 (B 52, BT A RE AR 48 T AR TR A9 A5 3
23 PEAR [l I A 1T O P g
3.6 FESHAEZFEEDEEN
3.6.1 EESEHAHBRIFEEEFNABFER
25 SRS FF 1) 12 [P A AL (Twin Parametric
Insensitive Support Vector Regression, TPISVR) H Peng
S5 T 2012 4F 48 5 TPISVR LA vie B8 A 5 A
TR AR 22 5 3R & . TEARAMEIE LT 2R A S
BB S 1) 15 [PA BT 2K A% 1 QPPs

min {%”wl ||2— %eT((p(A)wﬁebl) + %eﬂf}

w.b eR (36)
stY=e(p(A)w +eb)) —& E20
oL TVt G or
wir[}}relk[z‘|Wz ” +e ((D(A)w2+eb2)+ ;e TI} (37)

stY<e'(p(A)w,+eb,) +n, n>0

Horp v v, C,C,>0 AR EMSEL. 51 AR
Hfe 1 a il g, AT (36) FI=(37) 7T LTS 5]

min %aT(p(A)(p(A)TaH-YTa—%eT(/)(A)(p(A) a
i c (38)
st. 0<a< Tle, ela=v,

min| 5 a0 (A)p(A) @+ ¥'a- el (A)p(4)'a

c (39)
st 0<f< Tze, e f=v,

1ER15 a MBS , DI S w =0 (A4) (v, /Ixe—a),

wzz(p(A)T(ﬂ_vz/lxe), blzmean( z (Yi—go(A,.)wl)),

ieSV,

15 3], HoHh mean 8 322K F

bzzmean( z (Yi—go(Ai)wz)

ieSV,
PIRREL, SV, ML o € (0,C/1),i=1,2, -, [ HYFEA 55
HISE A, SV, T IE B, e (0,C,/1),i=1,2, - L FEA 55
MRS | IR EE AR A, Y, 00 G rp ot i
AN a5 B G R AR B KO A% PR B A [l I 2% R
TRFRA
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£ = F (A +A)) = 3 poas M1V

+%(bl+b2) (40)

3.6.2 EAESHAFRIHEEERANMKHE X

Gupta 25 N0 3.2 95 B (9 7 k& B3 H 36 51 A
TPISVR Jf#2 H 1 k% W H TPISVR (Lagrangian TPISVR,
LTPISVR). 7E IRl b, Al i] SO LTPISVR i i ks
B H 00 E — 25 ok e R s B H T, B T2 R
LTPISVR (Unconstrained LTPISVR, ULTPISVR) "¢
ULTPISVR " 3% ] | X Hessian ¥ 5 )6 W o8 B ik B
LTPISVR " H 47 o BUAF 16 1 AN G 38 40, BF s B b
B 114 o {18 ) B A Ak TC 2 T TR R . T TR A AT
LSTSVR H i /N 3 BiS 5 TPISVR 45 7, #1101 e
/N "€ TPISVR (Least Squares TPISVR, LSTPISVR) , [d]
B ek i — B oo e & SR AL R R A 1 LSTPISVR (192
. EARIE S NV R O H TPISVR (Smooth TPISVR,
STPISVR). i 5e5| AIE5 pREL, % TPISVR H b o £
AR 2 AR AT TE 2 SRR AR IR A5 vk 5] A CHKS Y
T8 R BORT TE AL 35 %6 TPISVR 3#E4T 1F AR DL K O it
I, DA A A A ol A S 280 2 A A mT AR TE 249 SR Ak 1)
RO, I FH A - BT A R A
3.6.3 FESHAFRTFDEEAV LSS

TPISVR B ¥4~ H b o8 B0 2 VI ZRFEAR B | R A
XF S AR AR B S & T AR AR 5 7 22 M 75 4
B RCPESE . S80I TPISVR Fb SVR, TSVR 25538 1A
SRR A DI 53 R S e 17 AR PERE . {H TPISVR (1) H AR
PRIAICAS S 5 Y, 3K 23 B BURE T RE O A R B 4 )R A
Pefft, HRBHR B R A , B T LG M RE .
3.7 EAETRHEEREANNEMSGHEER N A
3.7.1 BHE®

Peng %5 N2 Y — B b BRI 2 RE A rp g R 5 1Y
TSVR, Fr Z h 25 A= # 5% SVR (Twin Projection Support
Vector Regression, TPSVR). TPSVR 7F H#r R EL A 5] A
T X, DR BN e A i AN B2 i, o] DL R 4
b 3E I I 25 A5 . Chen 25 A4 H — b 2 1 s i 1
TSVR (Robust and Sparse TSVR, RSTSVR) , 5| A 1E M| {k
T A L, 5RO G P MR B . Peng S NS 4R IME T
L, 76 K45 2% 19 TSVR (L -norm Loss based TSVR, L -
TSVR) , HA {8 [ B JEA5 R 3 A R . Peng 25 N2 33
H —F X [8] TSVR (Interval TSVR,ITSVR) , ] T4k B PR
S B DR B . 203 R Hausdorff 5 25 4 Sy (8] Bg
B B 11 P A% B 9T 2 5 3 A% R . Parastalooi 25 A
P2 —Fh I TSVR, T B XN RREA AT R 2 2R
Je B A FEAAE RIS b 1 2% B 5 ARG 7)Y H B bR
. Gupta a5 NI —Fh 3 T Huber 451 25 1 TSVR

(TSVR with Huber Loss, HN-TSVR) & H iF 0 {k iz A
(Regularization based TSVR, RHN-TSVR) , % &f- 3 1) il
RS 5 B AR SR I A TS 3 AT S Y
B, LA 1) R 1 PR, 5 TR fifE . Peng %5 A1
$ M — Fif 7 Jit 25 ] 2% AR f# 9 TSVR (Primal TSVR,
PTSVR) FH— 7 feft FH {7 501 Sz 1] 4006 S o 1% A e Pt
FEAR RO BT 5 J< 5 (9 i B TSVR (Sparse TSVR,
STSVR). Singh % A4 i1} —F & fL. /) TSVR (Reduced
TSVR, RTSVR) , Fl HIRE A A% LA . 3% 0 20 Il 2 i 1]

Balasundaram % P GUE N PN 0 F% Huber $1 2< TSVR.

Singla 25 A28 45 i (1 Hinge 45125 PR ELS | A TSVR LLIR
o PR A 4 R . Lopez %5 AT HE HY —Fh i #E BRI
(Second-order Cone Programming, SOCP) fi*) € 2 #E 42 Jf:
B HP 8 3 TSVR. Wang 28 A 7O48 H — Fp 3£ F 28 70 K
43 (Variational Inequality , VI) A% 22 4= 7 58 800 DA b
TSVR (I Gk B , 3207 125 W PR Sy ik T <22 4 s 3 A0 0]
TSVR (Safe Screening Rule based TSVR, SSR-TSVR). %
) 388 o 7K A QPPs 2Z Hij JC A0 L 2 38— SERR IR IA 3
Ji I 25 B 00, . Chen %5 A7V ER X TSVR 2 56 W
TSVR (Smooth TSVR, STSVR). STSVR 51 A bR £ LA
W5 TSVR X [0] U A6 Ry TC LA AT A T T, AT ok
Newton JER fi# . Balasundaram %/\m]ﬁ TSVR H15] A IE
V)AL I K AN S B 149 0 R B8R 48 DAy DY W 0 {0 R Sl
7SSOk S /IMEZ5 R AR | 5 13 D 2 8] 1) 6 29
R TSVR (Unconstrained TSVR Model in the Primal
Space, UPTSVR). Zhong % A\ ™% TSVR Y H #x b8 5004
Ry 2 LA [e) R, (] e R L, YRR R 46 i iz Ak
BE , B A TT B3 i fa], 52 H 46 1 B 4] TSVR (Linear Pro-
gramming TSVR, LPTSVR). Niu %/\““ﬁfﬁ Huber 1 25
PRBSCH IR B MR P R B B RE AR () 2R . AT
& — B B A i g P Y 2l 2E A i TSVR (Improved
Sparse TSVR,ISTSVR) , id ik 51 ATE W A 35 DL K K 1 25
FEA I T 4R AR 4 AR I S A4 Sk {2 v 5500 i, AT
L e S E R . BRI S N TR —Fp
JtH CHKS TSVR (Smooth CHKS TSVR, SCTSVR) , 7 3¢
BRI71 TR SERE bR FH CHKS G s B0 0 s sigmoid Y6
PREIC A B R ARG 1 . TR SR AR N R AR AR5
1 (Grey Wolf Optimization, GWO) {1k TSVR 8 S 4% .

3 T 25 NS B B 2D A TSVR., AR 390 4 B4 )
PR SR IR . BRI AN K KT, B
FMARERE TSVR 1Y H AR ek B A6 R TEL AR AR ) B, JF:
IR R A LA T HE R A7 A A AN T . 32 3 R
25 NSO Y — bl e J5 45 [A] TSVR (Fast Primal TSVR,
FPTSVR) , 7 J5Uh 25 6] i B4R 1 Newton ZE AL TSVR
1) s R ST AN L2 A Sy o {8 [ T, 3kt e M B AL 2

Wang 25 ASUHE L — B T —Ff L -J0 40 TSVR 1945
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fiIE %€ & J7 = (A Feature Selection Method for L -norm
TSVR, L-FTSVR )2k A sl A Kodhs i B Z4F1E
Vg AR % N L, 35 80K TSVR (PN JELIG — Wk MLk
[F] R A Ry 2 P A0 )8, 88 T T L Y580 TSVR
(L,-TSVR). BRZEMS NWE TSVR A SERE EA G TR
A He 02k pREL, LA 38 W AN [R) 370 A IR s
3.7.2 NMH

Mehta 25 A F I LTSVR 2 1T —FhEC7 K % b
197K EPA A 25 . Meng %5 X fif I PSO {1 4L TSVR (1912
B LIS R B 1) 40 AL A RN . Gupta 25 A fifi
FH TSVR 500 45 fl 45 36K 719 B5F 18] 7 1) 45090 . Hazarika 55
NS85 R A TR BRI TSVR LA K HAB ML #5827 > 3k
Sk 0T 9 B DT 674 . Khemchandani 25 A5 4
H— A A 1 bR B H 0 TSVR (TSVR of a Function
and its Derivatives ) , AT 551 B ALE I 22 F1 E1%
A 3SR P N R ) ) R R R L S B sk A S .
Ji) A5 N SOk [ 16 ] Hh 42 1 i) KNNWTSVR T 5 5
TR AP 22 SRR T B A BSORI I B 1. IR 2% S N1 T
35 | A TSVR - H A0 H s ik AL o) 5 g8 A 1)
EWFY F1 2R J) . Wang % NV #8254 97 SVR (Twin
Extended SVR, T-X-SVR) il B T 42 i 1 — b i #0045
TR HE B2 . Cai 55 N2 T — B olg b i) Al 46
STSVR (Improved Nonlinear STSVR, NSTSVR) , Jf- 7 ™
A TGS 19 K S AL 6 NSTSVR 8 S AR R0 R A1 28
PEALBE ST HEAT T SCEG B0 UE 20T . Chen 25 A (i 94
A AL (Adjusted Cosine Similarity , ACS) J7 5 fifi
TEJF IR B 7 9T 79 LI ZR TSVR, H T
0 R S T SRS Y F ) 6 B . Ding %5 N4 B

TANEE S TR 2% 2 S 2Ry 5 TWSVR &5
A 2R T R S AR R I [ R 4 3k T E
BRI RE 7 . Feng 5 A1 il A58 T4k 247 75 A
SR 5 52 78 TSVR RYPERE , T 1 T30 K
TTARR . Gupta %8 ANV T TSVR 5 HAL LA B AR
7 AR TR R B O A AE S . L7l P TSVR
RIS R K& W TE R B (Hydrate Formation Tem-
perature, HFT). I 48 fifl 2 A% fift FH A% il 57 4% 0 M
(Kernel Independent Component Analysis, KICA) $2 B AR
AKFAE , P F TSVR #0051 TSVR A BRYERE T .
TS N 00 0 e M A% R B TSVR A 22 19 30 % bR 8
TSVR T 0 it 2E 5, F 5t 1% 537 (Genetic Algorithm,
GA)FIPSO Ak 2%k . 1A% A" H TSVR Fii 80 t %
PR S B A P B R A R T R A ORI S R
3.7.3 NG

AT 0] 159 1 4518, TSVR A TWSVR f4 H At ol ik
A G A R AT AR ke G i 0L L T AR X A
T¥) 30 P SR A e - 31 e 4 SRy B e it L IR AR AT e 2 8
Xof L TR ) AR R | AR A 3 R R AR 5 e S AR R Y
TP LA S 38 5t gk 110 s PR 4 T TR RS -, DT 34 e A Y
ML A BE 1 2 A PERE LA R B e BRI BRR TR] . AE
TSVR FI TWSVR A Al 7 FH 77 181, 3047 SCHik = 225 H
JCIa & A AT AR A AR Y 4 B8k 15 2R AT i
AR B, 2R FHBCHE T4 R 5 320 8 B A A Y g
7, 3 SR A A G T AE 77 . TR I, R R) ks TSVR R
TWSVR 5 H A ML 2% 27 2J B 7 B 2 2 55 R A0 45 & LA ik
— R TR AR (SRR RE . A SCHIT S B Y 45 Fh etk 1)
TSVR A1 TWSVR A PE k5 5 P L 1.

R1 BMHBHENEETFEEDRAVNRLRS

Ak Pori 735
WTSVR | iZfLhE s Jovk HdE NALFE GTG I, H AR R BB
LTSVR | SRR [A)JE2 4 ) Ip A5 5 32 L g RB RGN I/ME . GTG USRI AT e 40 BB ARy e
LSTSVR | M2 2l s/ IR S S e, ERBURITIE | 25 Uk
v-TWSVR | H 3RS BRI oL 525 RS
e-TSVR | %P RIRRS R , YR A T XAFTER B 22 B AR A B 48, 52 59 U i AR
TPISVR | iGA fA 75 07 22 W i Budin MELL AR 3] 42 JRy I LA

4 EEYHBEELBHER

A XF TSVR FITWSVR K b il JLAS = Z el b 3
BT AR . TR LI i A R S T AR, S
56 v 2ok 3 a8 SUHIE , 38 15 2885 16 GB AF,
i7-6700HQ 4B %% ,2.7 GHz T4, Windows 8 4 R 45 .
FT AT B Y78 Matlab 2019a |52 LFLEAT . fES286
JIT A A A% bR B Y SR R BT A% bR R (Radial Basis
Function, RBF). S0 & 510, T A S 500 L £ 4%
FH R 38 % 2, Hodr TPISVR A S 50w (93 B A {i

0.05]i=1,2, -, 10}, FiA7 5 P 1 & 5 v-TWSVR th i 2
Bv B {i % 0.1]i= 1,2, -, 10}, Hofib BT A7 S 503
FE A {201i=—5, =8, -+, 19}, T 4 BRI s 1 S 50
BHA] B FVE T 4 C = C, e =6, FTA B AR 52
ISR Z /8 e 73 —1k . ARSCHTR A
UCHEE 4R i LA B Ik 2.

A IR AE S SR LI HERE R IR 3. MAE 3%
7 24 246 X6 1% 2% (Mean Absolute Error, MAE) , RMSE &
AR 1R 22 (Root Mean Square Error, RMSE) , STD 32
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F2 BBERERSE IFE4rh AT LUIFE H, LSTSVR (415 i 1] B 8 A

Kihige BEASK BEA Y FHE A &, 75 QFT,REV, Servo, YH 25 4 N5 g

AutoMpg (AM) 392 6 AR R 2 LRI T 0, 322 R R R ]
Boston Housing (BH) 506 13 AT EAETRAS 2, UK . TSVR B T8 F Maltab
Machine CPU (MCPU) 209 6 B RECR i, BRI T LSTSVR. % ER| LSTSVR 1E 34>
Plastic 1650 2 B LS T RAERAZE R, Bt A JLF-nT Z2 0%

Qsar Fish Toxicity (QFT) 908 6 ATE, A R R B 7 ANk TP R Y .
Real Estate Valuation (REV) 414 6 TPISVR A WTSVRFERTEEH , FLif 7 3 n] £ HL w4
Servo 167 4 Ae2E , WU AP AT 7R A RN

Wine Quality Red (WQR) 1599 11 MR e 3 FI3E 4 09 SE IR 5 3 DL S Sk () AR I
Yacht Hydrodynamics (YH) 308 6 AR I B 2 00 . WTSVR A B YR AR 53 e — 1

7~ RMSE 1R 22 b 2E . R 3 al LA H 7 91~ UCI
BEAE L LSTSVR AVA [R5 2 /M, 78 3 50
B S T SR 45 9L . TPISVR A4 0] 535 24 SR i 35 5%
K. LTSVR F1 v-TWSVR 43 5| 7E Plastic, WQR F1 MCPU,
QFT B4 1R T /N IRl 25, M RE 4 M 3
WTSVR IS4 R AT — i 4 - B AE S S  H Bk
R T TPISVR. R 4J8/R T 4553509 CPU A A]
AN A s, TETERE, TSVR (1) H AR pR £ Matlab PN 8 (1)
TR R BSCR A , LA B 1 H B R B A A
SRR AR HEA TR A, DR HAR 5 1 CPU B[] 32 TSVR AT
BN 302 PR Ry R 110 SR A o B A8 V& A Matlab
PN RS SR PR

FCE, BARN B8 3R TP RS (IS WA 183
AR B, RO 1 A ] LTSVR A TSVR Y
2YUECCR 1R MR bR v TR, iz Ak iR
JUPAZsem B T4/ TR s, A4 R E
LSTSVR oA — & 2250 . LSTSVR % JH 1 388 5 de B 114 d
AN ISR ME IO T SR R 2 B R R AIK
), FERT iR /b . g5 A HmIagE SR S AR R A |,
e 3B AE EYEREC ittt , i HO TR A B E LT
A5, PR AR B, BT 6 T80 42 FUE R
BRI 5t . v-TWSVR AE 8 Fl LTSVR I 511 K AL 19 55
2, — 195 T TWSVR 4T 58 4 MR 3Rl — 215
5T A ohE T S HA AL . R, v-TWSVR 1 5 i) 5l A
FILTSVR A2, HARE W] HE 32 i N, R A 2 —

K3 BEEMPELEREE

Bl TSVR WTSVR LTSVR LSTSVR v-TWSVR &-TSVR TPISVR
#£ | MAE|RMSE| STD |MAE|RMSE| STD | MAE [RMSE| STD | MAE |RMSE| STD | MAE |[RMSE| STD | MAE |RMSE| STD |MAE [RMSE| STD
AM  [0.062|0.087|0.028(0.067| 0.098 [0.0210.057| 0.080 |0.020/0.056| 0.077 [0.015|0.078| 0.105 [0.020|0.074| 0.102 [0.021|0.184| 0.218 [0.028
BH [0.055|0.074 |0.010{0.104| 0.141{0.024|0.130{ 0.179 {0.022|0.130| 0.179 |0.022|0.083| 0.110 |0.0140.076| 0.106 [0.017|0.140| 0.189 [0.022
MCPU |0.077]0.121 [0.096|0.050| 0.097 [0.112|0.064| 0.118 |0.113]0.064| 0.118 |0.113|0.044| 0.085 |0.096|0.045 | 0.086 |0.101{0.067| 0.111 |0.097
Plastic [0.126] 0.154 |0.010[0.124| 0.150 {0.009|0.119| 0.149 |0.010/0.119| 0.149 [0.0100.120| 0.149 |0.0100.131| 0.162 [0.010|0.294 0.335 [0.014
QFT [0.078/0.104 |0.009(0.070| 0.097 |0.010{0.068| 0.097 |0.010|0.068| 0.095 {0.010|0.067| 0.094 |0.009|0.072| 0.104 [0.009|0.113| 0.149 [0.011
REV |0.078]0.100 [0.012|0.055| 0.075 [0.016]0.048| 0.067 [0.009]0.047| 0.067 [0.009|0.049| 0.068 |0.010|0.052 0.073 |0.012]0.112 0.134 |0.012
Servo [0.046|0.070 [0.021|0.112[0.134 [0.025]0.047| 0.069 [0.022]0.045| 0.068 |0.024|0.104| 0.146 |0.032|0.094 | 0.118 |0.032]0.127| 0.178 |0.029
WQR [0.102]0.128 [0.008|0.113| 0.139 [0.012]0.099| 0.127 [0.011]0.099| 0.128 [0.011{0.112| 0.142 [0.011{0.112| 0.139 |0.010|0.134| 0.158 |0.010
YH [0.059]0.071 [0.010/0.093| 0.146 [0.050{0.113| 0.145 [0.028{0.110| 0.147 |0.034|0.186| 0.239 |0.063|0.075| 0.119 |0.035|0.177| 0.239 |0.069
F4 BEXCPUITEREILLE
g/ S TSVR WTSVR LTSVR LSTSVR v-TWSVR &-TSVR TPISVR
AM 3.093 8 114.046 9 52.656 3 0.078 1 50.687 5 106.5313 78.828 1
BH 4.843 8 206.671 9 62.718 8 0.015 6 190.640 6 192.8750 113.328 1
MCPU 1.1719 30.077 0 273158 0.046 8 27.939 8 27.440 6 28.922 6
Plastic 55.265 6 104.328 1 441.859 4 0.062 5 189.562 5 254.968 8 194.937 5
QFT 14.687 5 81.479 3 70.637 3 0.000 0 184.720 8 180.836 4 28.095 8
REV 3.046 9 46.769 1 24.944 6 0.000 0 40.544 7 40.092 3 28.1114
Servo 1.0156 27.393 8 23.0413 0.000 0 20.685 7 25.287 8 242114
WOR 55703 1 290.437 5 415.484 4 0.062 5 358.937 5 359.3750 185.828 1
YH 1.656 3 24.866 6 20.8729 0.000 0 17.643 7 25.833 8 20.826 1
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AT 3 . e TSVR I TSVR & [ AVTE 1 MR
FHUSRAREE R B T e TSVR AR ) 80K, 1 TSVR
A FH Matlab PN & pRECK i, T R, RO TSVR BRI
F &-TSVR. TPISVR X HZ B U, PR 7 Ab 353 4K
PRAER AR 25 |, 350 A A P 5 7 25 M 7 i

5 RESRE

TSVR F1 TWSVR AE AL 8527 27 S 1) — A BB
PRI, HE A RO 5 0 S AR b A B AR R 2 5
e A ], G5 A, BLAC AR UG v T BRSPS
S U B e i 3 s £E AE , TSVR AT TWSVR
VER A 445 A& 50 SVR B3, g K, ]
N A EENTZ . KL, TSVR il TWSVR (1) 8k 7 2
BLER 2% 2 SR I i — DN . ARG T
AER 28 TSVR I TWSVR B = AL st vk . A1
A SR W T T Ay A IR RS B H B/ TR
P T VTR LT e I A R S BN E:  H
S5 YRR AR JIAS X6F 5 ] R0 Hp 77 AN A 3 65 % 178 b
YIREAR B 5T TE WAL IR AS R 2 5500 X6 ]
FIE % o1 BAS ]G4 A B 4 22 bk R S . [ S
T TSVR FI TWSVR A9 1 FH 4820 XA 18 A
5 A e el i sl S 801k I, L TSVR 1 TWSVR
BN FH IR T Bk — 58 3 . LAk, TSVR A TWSVR B4k
eI HE— TSR ZS (/] . ARG IR TG BT
PLR JLASBFSE 77 1) B % TSVR A1 TWSVR i DA 58 3 il
gl

(D INRFEARUE PR AL

EERE A 5 W P T S T Y S e AR R K, S S e
TSVR FITWSVR MEREM — N EZH R . A WA
FHAT A A7 AR ok A 5 1) S Q] S R A 43 B 3 A A
L, UWGT B AR AR 5 M s 43 P 55 /N DRI R i
PR /T 31 5 eR A AR AR T A (14 37 )
AN T PR R RS B R R R S, R ROk
ST — D EEN

(2) JE ) AU A8 4 1 R A

HET, KZ B TSVR FI TWSVR #Y ol 1 2 %6 58 1o
A T SR A . X ) R AR P A ™ AN T
2 T 0 R o TG 3 A o 2 — R O s L Sk el
TR BB R A o T VR S A AR B O i . SRR I
XT3 e AT SBCAS: (14 figp A B st 2 S0 DL A . DT b ey 45 58] 35
") 0 A i D) — A MR R R A EE B N 2

(3) 51 A2 43 228 S 1) dt [l A HIL

Z o AR A S HE I FE AL (Multi class Twin Support
Vector Machines, MTWSVMs) 42 T 4E 3 B9 — > WF 58 #i
SRR L, MTWSVMs A Hm 9. S 41, 23851
TE 22 0 St SR Bl 4 A L o AR T 2K i AR AR S
R ) mUE B BCE R EE 50 IS, XA 65 B0

S RBAR AL A3 . DR T 9% 2288 - T 2R A SRR )
S AL, 456 R I SRR AR AT S B Ak B A 18
Y BR2S , -3 Ao 2 6 - 1T 28 A SR ) [l U ML E A T 4
HHTN, R — A EENE.

(4) ¥ e 22 A 3 H 1)t [ AL 1o P 4035

H i, X TSVR FIl TWSVR (BF 5T 54 th 7 346
5 b, N F AR 5 i R AR BNR AT Z B EE & . TSVR
FITWSVR B] DA FH - XUGH F00 L o 70000 e 37 Ak
TEURVD ST e PR R R | PRI SR U 6 1R
R A K H, g 67 00 45 Z2 A4
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