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DLSR based inductive transfer learning method

JIANG Zhi-bin"*t, PAN Xing-guang?, ZHOU Jie'2, ZHANG Yuan-peng®, WANG Shi-tong">>
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Laboratory of Digital Design and Software Technology, Jiangnan University, Wuxi 214122, China; 3. Department
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Abstract: Since the effectiveness of traditional machine learning methods depends on a large amount of effective training
data and it is difficult to satisfy, transfer learning has been widely studied and become a hot research in recent years.
In order to meet the challenge that the classification performance is degraded due to the serious shortage of training
data in current multiclass classification scenarios, a discriminative least squares regressions (DLSR) based inductive
transfer learning method (TDLSR) is proposed. The proposed method starts with inductive transfer learning, and transfers
knowledge from source domain to target domain through knowledge leverage mechanism. It combines the knowledge of
source domain and data in target domain for model learning, which improves classification performance and ensures the
security of source domain data. The TDLSR inherits the advantage of the DLSR, which is better applicable to multiclass
classification tasks by enlarging the distance between different classes, and injects transfer ability for the DLSR to adapt
to the challenge of training data shortage. It can be well applied to various complex multiclass classification tasks.
Experiments on 12 real UCI datasets verify the effectiveness of the proposed method.

Keywords: multiclass classification; DLSR; inductive transfer learning; knowledge leverage mechanism; security
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ST, Ko B 5 1R 2 1E F A A 3 s il & 22 o)
J7 B2 1 4n: 3E# SVM (support vector machine) 5.
RO IT # Adaboost 5280, DL K BT 45 M 1
MMD (maximum mean discrepancy) &£ R
P SCHR (5], 388 5 2] J7 V6 R BRI LA 3 R 2K A4
. (inductive) i #% 77103 B #E 3 (transductive) i #%
77 vRUA F TG W B (unsupervised) i £ 7 vEUS), 244K,
WA AR R N5 Lk 3 KRETF D AT 4
2K B F REK (instance-based) i £ J7 LU0 JE TR
fiE (feature-based) iL#% 77417 5 T 2 4 (parameter-
based) if #% 77 ¥EU8 FI & T ¢ &-%0 iH (relation-
knowledge-based) I #% 77 1A, AL EOF H 40
#2277 1%, I 52 Deng F520V (1 )3 &, F FH — F &
BT A AL, AR AT 7 R0 IR I 25 6 B bR 4L
i FH T2 SRR, DT AE DR AIE P BE O it b 5 47 3
PRAF R I 122 A k. B T2 T R AT A B H g
I 2 21 77548 FH 1) 2 Y 303K A5 1) H1R (Al 8
(RS 2500, T A S L A5 FH U 4 ) 2504, i i o 1)
JTEAE LRI A 1 22 A Ve U7 Th BA MR A,
JEH R W R B AL DR B 1 3 5% (U 2= 2 5l B2
S)BLAPIT A H0, 2 0r AR S AE 7 R — EH 2T
43 B BRI ST T R, B )2 ORVE. SR R T IE R A 2
TEZ 5 FAE55 BRI TR IR ANGE 78 73, o il /2 S b
. R, AR SO 243 R AT S5 kAT IH AN T 2
AR,

LSR (least squares regression) [Al H X Z 45 7 A7
B R DL A OGS v EOR 1 52 B, AL A8
> AR =R ) A ) — AN LR Tk, DT 2
Fe R RPN H BT A R 2 3 T LSR 1 77 5 42
tH, 545 WLSR (weight least squares regressions)?!,
DLSR(discriminative least squares regressions)?!! Fl
RLR(regularized linear regression)!?3 &5, ixX &6 75 VA 7F
PR B ) 2R3 2 R ) LA ST
% EARR] T B R RN, I I H B 3 N
PE. Horb 72 2 43 285 2] 3, DLSR i 38 K AN [F) 25
2 [B) F [R] B 453 1) 5 L 1R 3 I A R 32 A0 1, BRI I 4 T
ZORVE. R, M ET I s R ER T EA L, 2 3
DLSR v 15 A 8, Jo v PR E 43 28 M RE. AL
1 & B DLSR 7E % ¥z 5t b 104G 2k, 78 H R E 4
i 7 5 DSLR (A9 2 %% 21 7572 (DLSR based
inductive transfer learning method, TDLSR), PA N X} 1)I|
CRBUHE ™ EE A AR kA @ AR 124 E L UCT
B AR L AT (M SE IR 50 IR 1% 7 L B A R, R B H e
i FH N 2R 204 A 2 1) 3 5t AR SO BTk 32 2244

TELLF LA 7T :

1) A7 T AR T B 2 ) HRE AR 1, H
L FERAT FE AL, B T A F i 5 s 8
AR 2 AT TR 2 5 3 4 MR R P
AT ) AR AT IR 2 5, DA T 78 AR HE RE 1
LT BRI AR R O 1 2 A

2) 7537 A DLSR My SRR T # 5 =1, 6 B
W53E I T % 49 4T 45 1 DLSR 6 JR i B — 2 i
2 318 3 10 5 M 7 2=, RN 4k 7K T DLSR f45 1, ifi
L 5 1R 4 0335 P -0 5 e R S
VIEZ =759
1 FiEsE

LT SR T 1 A g 3T 2 1 (1 3 oA S 3 4
& 1

=D{R i

= vk

E1 EFARAFNANREREIERRE
1.1 discriminative least squares regressions (DLSR)

X T2 53 FAT 55, 78 Un A~ d GEFEA T FL s h5 (R
{(zg,y) Yo, Hod 2, € Ry, € {1,2,... ¢}, 7[R
5 25 SR 0t B ) kB R SRR Y. LR A 4
AR B Y 5 AN REAS 9, s 5 M REAS 2R
PR BN 4,2,3, 1,2, M ZHERIARHERE Y 58 LR
(000 1]
0100
Y=10010]. ey
1000
0100]

Y R AT RO R, 5 AR RS 5K Y
FiMERBETH RN SN E TR AL AR E
TLER I NO.

X B TR AR AERE Y AT S 2R AT [A]
BRI V2. T K I T Fr TR B, SRR 210 A4
[ DLSR, ¥ e #4535 NLSR, 375 & 2 A0, 2 it 1
— R ERR 2 0 RAT S5 KR AR B AR A
FE— MR RE B, 51N J0 3R By #0€E LA F:

]-7 2:17
BU:{ Y )

—1, otherwise.
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R B )R — A0 R R IZFEA 0 LI bR
fiks J7 1.
AR AR, X Y 1R — AN e s AT e hasth, IF
R st B e A7 A AEAE B M . i, 453 Y DLSR (9 H
ZNZEE
min [ X A+ent” — (Y + B O M)|fE + A A7

s.t. M > 0. 3)

Horb: X O GREHREE, Y ot Nk bR 2 Hi R A
N WIS R, ¢ R WSR2 Ok &, B A M 430 e dE s
FEREARA R e, = [1,1,...,1]T € R* N4
1 8917 =, © A Hadamard iz B.55, A N IENAL S5

FE IR DLSRE M AR AL 1] 7, {F 2 50 07k AR AL
SRAR. SCHR 211 52 4 1 — sk fig B %, R FH A2 B Ak
HEW, HAARE R — AR B — AN P X, Bk o F

1) Jelfile MR Rt A 452 M, %D =
Y+ Bo MA@ TUESR

J(A,t) = argmin | XA+ et — D||% + M| A|%.
At

4
WRIGHRACAL TS, X ¢ R m S, A
OJ(AY) _
ot
AT XTe, + tegen —DTe,=0=
T, _ ATyT
t:(D €n AXen)' 5)
n
e, A, A
aJ(A)
o4 07
2XTXA - 2XT (et — D)+ 20A=0=
T T
XTXA—XT (enM—D)+AA:O N
n

T T
X7 (1= 2 ) x A= X" (1, - 22 ) D4 aa=0 =
n n
A= (X"HX + X, 'X"HD. (6)

2) € AR, RIGKME M. 455 ARt % P =
XA+ent™ =Y, M AL A Ia] 8 o sk e 15 5
argmin ||P — B ® M||%;

M
st. M > 0. 0
T B ) F-YE 80T R AT AR R AT R A, X
(7) W] DL AE SR nox e A 0] 7, A — A1 ) iRy 3R
fif#Te 3 M, B
1}14151 (P — BijM;;)*;

s.t. Mij 2 0. (8)

Horr: Py R By 4 BIONHFERE P AN B S i T3 54
JCE, B = 1. WA

(P;j — BiMy;)? = (B Py — M;;)°. 9

MR M 18— IeE My > 0,5 LA H R (9)

Mij = maX(BijPZ-j, ) (10)
A7) ) M 28 mT LUE I AR A
M = max(B ©® P,0). (11)

k1 DLSREE.

BININGHEARX = [21,29,...,2,] € R
HXF R FERy; € {1,2,...,¢c},i = 1,2,... n,HH

z; € RY(i=1,2,...,n), BAIERKES.

B - LB A AR R A 1 Bt

step 1: AR5 20 (1) H1(2) 73 7 K S AR HE B Y A
FRL I HE N5 BE B,

step2: VIUHIL A" = 0,t = O,M = 0, X BESH
A s=1;

step3: IMH R = (XTHX + \;) "' XTH;

PG

step4: IHHEFRHEMED =Y + B© M;

step 5: HRHE T (5) F1(6) 73 A 15t A1 A;

step6: TFH P = XA+ e tt —Y;

step 7: ARAE K (11) TS SEARFA S M

step8: HHTA = AMs = s+ 1, HF
|A" — Al|% <107%8s > S.
1.2 ETFDLSRMAEAMNRITREI A

K2 AN T RS 2 21 07 VR B 4 DR SR A
i 2% 2. Deng %20V SR FH T — FioRe ) 1) 5 3, BRI
AR R T R B AR A B LA SE B g SO B 2
> IR PRI VL RS SEIL E AR I A AR I AR ) &
A, LR E AR, R R A SR 22K
I3 AT 55 T s i Bk K, 45 & DLSR FIAE £ 2 ), $2 1
ML T DLSR (A4 T #% % ) 771 (TDLSR).
1.2.1 TDLSR{EIFE ¥

PR 5 T AR A g 2GS 5 STREZE DL R R IA
DLSR, fJ L1753 TDLSR K H 7 58 $0hn

min [ X7Az + en,t7 — (Yo + Br © Mr)||5+
THtT

MAz|% + BllAr — Asl|3;

s.t. My > 0. (12)
Hrp: Xy € RNTIR Y, 43 950 8 H br Il 2 51
P HE R 7 (1) — 33k ) AR B B, A At 43 9 R oR
H A 35 ) L Bsf 66 o2 R Bk B i A% % &, 1 B A1 Moy 53
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7 H AR I8 7 i R AR ot B B, A g 2 1
DLSR M JE A SR A3 B A6 B ey, = 1,1, ..,
1T 2R H ARSI ZREE 40 1 )50 ) &, A F B R 4R
JE I IE A 22

M TDLSR i H 475 of 0] LA H, 5178 502 F A
DLSR A8, Xof H bRIgrt A AT Bt 2 20, 55 3 T A
TUEIHIR As WIRIEE] B ARk I 4%, v UG
tH, TDLSR & — i ) B 5 338 6 AT I T 42 1) FH Utk
e 8 gy A 5 5 g5 ik, HLAREE A R H bRl
EACTTRN B E BNV Al e SR ie e Y Rit

b2 (3) #1 (12), 7T LA H A (3) =2 (12) i — A
Bl (4 8 = O, sk, TDLSR(EI =X (12)) 1B 1k
DLSR(HI = (3)). [A 1, TDLSR & — 3£ T DLSR [
HRIEGN AGE R 2 21 751k, '€ 75 DLSR [ 52 At L 38 in
ORISR T R AR, B DLSR B A 5 4 ()&
R 1.

T 288,248 # 0B, TDLSR 1] BLM 53R
BRI A T B8 52 5] an ST # 1 s S #,
A LLR AT B G FRERIE 0 LA S T A8 an AT R 1
PUR LS, AT BAIE 249K 8 ARG L A% 1) Aot
H A& s 2/ AL DR, 38 e 38 21 1B Ak S 40 6,
AERS PRIE TDLSR A H T A2 4 H  ATR A T H A
5 2] PRAIEL RS 2% ST B T4 T .

1.2.2 kiR

28R, TDLSR /& — AN ™ A4k in) /8 HLJG 7% B #%
PRAG SR M. PRtk A SR FH 28 B DLSR 28 & ik 77
EIAT R . BRI

1) Jelfl & My, SR G Rt F Ap. 4552 My, 3755
Dy =Yy + By @ Mp, U (12) 7] LB 5N

J(AT,tT) = argmin ||XTAT + eNTt; - DTH%‘_’_

T,tr

MAz|% + BIlAr — Asl|7- (13)

HR 4 F AR AL ER S, X ¢ SR 3, B
OJ(Arp,tr)

otr
AijXrZrl:eNT + tTe]TVTeNT — D%QNT =0=

(DgeNT — A;"XTT“‘BNT)

=0=

tr = N . (14)
HETT, AUl F
9J(Ar) _
oA, 0=

2XT X1 Ar — 2X 7} (enpty — Dr) 4+ 20\ Ap+
2ﬁ(AT — As) =0=

(G%T DT —B%TXTAT)
Nr

X%XTAT—X% <€NT _DT>+

Mt + B(Ar —As) =0 =

XT(I ENrCNT) ¥ AL (Ot B)A
T NT—TT) 1A + (A + B)Ar—

BAg — XT (I NNy
S T Nt NT

Ar=(X7 Hr Xr+(A+8)1a) " (X7 Hr Dr+ 3 As).
(15)
2) PRI E Ap M tr, K My, 4558 Ar Ftg, &
Pr = XqAr + engty — Yo, W My AT LB R HRAL
i R SR A4 21

argmin |Pr — Br ® MT||2F;
Mt

s.t. My > 0. (16)

FABADLSR M #) sk fig 77 2, 2 (16) W) Moy 5%

Zem] DR T 2R i
My = max(Br ® Pr,0). 17

1.2.3 HEH#R

MR4E b — B HES, A8/ 1545 tH TDLSR 5%
ity

B N AR 2 1 NI S AR B ) AR Ags B AR
BMNAHEA Xr = [v1,22,...,28,] € RV K
HxtNEbry; € {1,2,...,¢},i=1,2,..., Np, Hrh
z; € RYi=1,2,..., Npy B RIEARIRELS.

gy s BRI WS R R A AN RS [0 & ¢ .

step 1: FR4E = (1) F1(2) 73 ) W4 8 SR Yo
FH R () $8 7~ FE B Brs

step 2: WIUAAL H ARSI AL = 0, = ORI My =
0. KESHN BHls =1,

step 3: 73wl iHE

R = (X;HrXr+ A+ B)1y) "' X7 Hr,
U =B(XFHrXr + (A + B)I;) ' As.

PG

step 4: T EFRHEFE Dr = Yr + Br © My

step 5: ARHE 3 (14) F1 (15) 2 5T H 5t A1 Ages

step 6: W15 Pr = X7 Ar + enpth — Yo,

step 7: AR 3 (17) T ISR FA 5t B Mo

step8: HHT AL = Arfls = s+ 1, HF
|AL — Ap|2 < 1074 8s > S.
2 SEIHEA

AR ICAFE T 12 /> H SE UCK 445 45 % TDLSR
HBEAT SLEG DLSS UF B M e, IR TDLSR 8% 5
SVMPP4, KNNI23| LSRI?6!, DLSR[!, RLR?! Al
TrAdaboost!®! 75k EAT LUEE, 45 H S 56 45 SR04 4T

)DT=O:>
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21 XWRE
2.1.1 SEIEIE

AATRA T 124 UCT SR AR R 1 H
THPEEE.

®1 MARESENFERER

Hom e RHESL eSSk A
Ecolil 7 5 327
Glass 9 6 216
Iris 4 3 150
Landsat 36 6 2000
Led24 24 10 3200
Letter 16 26 5000
Penbased 16 10 10000
Pendigits 16 10 7494
Segment 18 7 2310
Texture 40 11 5500
Vowel 10 11 528
Wine 13 3 178

79 1 % TDLSR 7E 2 43 2 v AN [ 37 55 T R B
PEHEAT BR F0, 75 AT 1 52 50 8 B Hpoxd 3 S HOH Ak
17 7RI AL 22, DL 3 B 2 175 5% TDLSR &R L
T AT 25 S, W A BRI £ 1 R 70 90 R
5. 30 %0 >y H AR LG R 53, IR 34T e
FEECI AL B, DR S H AR A [ O o A R
Ji, ¥ BB REAAN 2 75 8 5 3 000 K A8 S %1 73 A

H I 5 BB B AR IR T ke Bk B 1A
HNFEARANHEUNT 3000 H Ecolil « Glass. Iris. Landsat.
Segment. Vowel 1 Wine £ #E 48, ¥ H br s B ¥ 42 1R
20 Yo Y| Z5 5 1 80 %o M 1A 14T Rl 73 FH T S 58, 55 2
ZHNFEARAEK T 3000 ) Led24 . Letter. Penbased.
Pendigits 1 Texture #4542, BEAL M B ARISH &4 255)
LS, 10 K1 15 DM FEAAE A GREE, e RAEARAE N
MRS T 5258
2.1.2 PFOMIEAR

KPR E B ) 22 03 e bront SEI6 45 SR 34T 1F
A, 3l XN

3 RIETHBIREARA 2
A = — T x 100 %, (18
COMACY = R FE A BT S
c
Z F-score;
MacroF-score = =1 x 100 %. (19)

C
Hodr: 0 XK K £ F-score; KRR @ MKW
F-score.
213 SHRE
TDLSR 5.3k 5 6 fpxf b 5k ¥k 4T 7 2 80k
H. o SVM Al TrAdaboost K i 4% (K (4, 25) =
exp(—||lz; —x;||?/20%)) BEAT LS. BT J5i%35 R M
A R g DL € I LS4 AR S8 G e R
2.

#x2 BHENMSHNEE

i S
SVM EfezHC e {27%,275,...,2°, 21 ... 25 2% i miiivio € {276,275, .., 20 21 ... 25 2}
KNN ENkSH k € {2,3,4,5,6,7,8,9,10}
LSR ENEZ% A € {0.0001,0.001,0.01,0.1,1.0,10.0, 100.0}
DLSR ENk 2%\ € {0.0001,0.001,0.01,0.1,1.0,10.0, 100.0}
RLR IENMEZ ¥ € {0.0001,0.001,0.01,0.1,1},0 € {276,275, ...,20, 21 ... 25 26}
TrAdaboost EfezHcC e {27%,275,.. ., 20 2t 25 2%} mi o € {276,275, ..., 20 21 ., 25 2%}
TDLSR ENZ% N € {0.0001,0.001,0.01,0.1, 1.0, 10.0, 100.0}, B3 € {0.000 1, 0.001,0.01,0.1, 1.0, 10.0, 100.0}

22 LWERSHH

R TR SIS 45 BN IR, BT A SEie 3 A 20 4k, I
Vg S50 25 AR I UF PR AT 4 il . X T2
ZH #4 FE 1) Accuracy Fll Macro F-score LA FE T 2
B R, i 2 AL 3 s, i T 55— ) SE R, 45
TR VAR S A S X R FR bR I S E AN bR A 22,
IF BB e d i 25 SR 2o, 45 BanaR 3 MR 4 .

AR5 B 2 R 3, 7T A H B R

1) ¥4k &, o7& Accuracy I8 & Macro F-score,
TS 1 4LAR 5 |, TDLSR (3R IR, 1M KNN (2%

R 2. X2 H TR TRAMEARA 155, 18
TSR T Re a8 R T B ARSI 73 S RE.

2) HARG B 50 1 20 b A SR i 45 SR I AR 4R
Fr Accuracy I, TDLSR Fi7E Vowel. Landsat Z(#5£E 1)
LA b £ T TrAdaboost, F 42 35 3 I & ££; 1 /£ 758
#%Macro F-score [, TDLSR & 1F Ecolil. Vowel I 4
RRRAAE ¥ AR 45 R iX R B TDLSR 73 5 1 B
4, JCH I B LSR AR K 7 v B AL R PR RE R .

3) % E TDLSR 1 DLSR [ 45 & $8 b5 7] LLE H,
HAERE L DLSR AR K42 . iX &t T 2= 2 15
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100
N SVM
mm KNN
90 mm LSR
= == DLSR
- == RLR
80 — _ = TrAdaboost
N £ ADLSR
<70}
> M =
(o]
s 60 M M M -
5 =
3
< 50F
401
30
20
Ecolil Glass Iris Landsat Segment Vowel Wine
Datasets
2 FABEFREES | ABIEE EMSTIEL R (accuracy)
100
. SVM
= KNN
90 [ mmm LSR I
mm= DLSR M
=3 RLR =
80 [ == TrAdaboost
© 1 ADLSR
S 70¢ .
1) -
Lm) ] — —
o 60
o
S 50t _
p=
40t
30t
20
Ecolil Glass Iris Landsat Segment Vowel Wine
Datasets

3 ERrBEEES 1 ARIEE ERSLIELE R (Macro F-score)

A BRI I T 5T #2 5 AR, 6 B bR 2R
Fe AL A IE 1 /E . 25U, TrAdaboost 1 A — Fft 3k
T SVM BJAA RO #2252 21 J5 i, HVEBEAH L SVM 1
BRI,

4) M %2 LSR. DLSR. RLR F1TDLSR [] £ 5 ]
DL BN, J5 3 Rl 7 45 %8 LSR ()1 BE #1A A [5) F2 B 1)
P XA T, X 3 A 7753 ALLSR H k FEAE Hi ik
519y NI N | Bl TR T N E 7 N e B R R 5
fE. T TDLSR R R AEIX 4 07 7% e AL, H s R 2 e
AR T SN Ba T B BTN T XIS F1 Rl

MR8 2 3 R 4 {250 25 3L, v DAAS o F W
%2

1) SAR KT, AN T B ()~ S (BRI AR o 2 ] LA
RN, AE 55 2 HH¥E 45 b, TDLSR [ M BEAK SR 2 B I
[, T SVM I R0 o 223X 3R W 7R 45 K 45 |, 24
TE B I GRS T E A SR I, A% G 00 R A P R A ik AR
7. {H TDLSR R AL #% 2% > AR A5, 5 % 1) A s 80T
B AR AN ZR B AN 2 1 5 55

2)TDLSR 7£ 5 /> S 56 H 45 52 (1 AN [/ A £ H A
BN GRAE AR I 5256 S RE SR AN R BN 40
— ¥ 42, TDLSR 75 24 48 (Led 24, Penbased Al
Texture) b #1384 Accuracy 45 F2 0% 1h 5T TrAdaboost
B, KNN; 1] 7E £ 4 45 Led 24 Penbased. Pendigits #/l
Texture _F {1343 Macro F-score $5 b A< i& Bl 5 410 45
SR ik, TDLSR 73X e 5 4m 48 b 1) 4 B bL oAt
JT LT

3) % 128 2 R B, Al S W E B AR A
AN [F A BN ZRAE AR A AN [F] (1) 17 S idE 47 52 560,
DAL EEAN [R)AN B 1) B ARSI SR A% 08 %5 Fh 7 v g

VRO AR EIR —HlE AR b BEE B AR A
M3 2, A TTIERMERE A AN RIFEFE )92 7. Btk
AL, N ZRFE AN Bon 7 ik PR R e B K, HoAR
BT AEREAA R I 5 5] Y L 2. HoHh TDLSR
W A TR 2 ) AR, AR AR BUR D I,
Re R I IHAES.



hJ -~ Vg N
2988 # % 5B kR #36%
#=3 FBREAER22ARIEE LSS R (Accuracy) %
EETE S SVM KNN LSR DLSR RLR TrAdaboost TDLSR
5 56.45+ 0.60 53.27+ 0.34 44,574 0.53 48.36+ 0.19 48.93+ 0.13 57.89-+ 0.55 53.28+ 0.33
Led 24 10 67.53+ 0.47 62.72+ 0.38 66.71+ 0.38 69.35+ 0.28 68.90+ 0.20 71.58+ 0.46 77.9415+ 0.31
15 69.67+ 0.50 64.61+ 0.31 79.734 0.27 80.15+ 0.20 81.734 0.17 72.20+ 0.43 85.48+ 0.31
5 60.29+ 0.70 59.99+ 0.91 65.74+ 0.23 68.66+ 0.12 69.16+ 0.33 64.13+ 1.28 71.62+ 0.28
Letter 10 63.12+ 0.64 64.98+ 0.80 79.84+ 0.55 80.79+ 0.59 80.13+ 0.56 68.74+ 0.77 81.80+ 0.42
15 70.03+ 0.34 69.34+ 0.82 80.79+ 0.43 81.79+ 0.23 81.394 0.48 71.80+ 0.87 89.98+ 0.29
5 14.424+ 0.72 90.41+ 0.79 83.934 0.70 86.33+ 0.82 85.87+ 0.86 31.14+ 1.08 87.69+ 0.88
Penbased 10 16.76-+ 0.97 9235+ 0.42 87.50+ 0.67 87.32+ 0.98 87.06=+ 0.64 35.95+ 0.56 89.71+ 0.52
15 20.03+ 0.53 93.06-+ 0.94 88.68+ 0.78 89.12+ 0.73 90.29+ 0.38 37.834 0.63 90.29+ 0.44
5 17.05+ 0.65 85.144 0.43 85.89+ 0.70 84.714 0.39 83.95+ 0.46 17.52+ 0.69 88.89+ 0.44
Pendigits 10 21.46+ 1.04 91.374+ 0.71 87.284 0.67 87.834+ 0.62 87.484+ 0.98 29.48+ 1.15 91.79+ 0.53
15 21.59+ 0.82 91.354+ 1.02 90.10+ 0.54 91.90+ 0.65 91.534 0.86 31.724+ 1.08 92.98+ 0.46
5 85.62+ 0.69 68.20+ 0.26 81.174 0.42 84.80+ 0.38 83.75+ 0.67 89.92+ 0.68 90.21+ 0.27
Texture 10 88.67+ 0.82 71.22+ 0.59 83.88+ 0.98 86.77+ 0.58 85.154 1.90 91.87+ 1.43 91.33+ 0.15
15 90.27+ 0.53 73.03+ 0.23 84.62+ 0.30 88.17+ 0.25 86.04+ 0.37 94.05-+ 1.04 93.94+ 0.28
Ave.Acc 50.86 75.4 79.36 81.07 80.76 57.72 85.13
Ave.Std 0.67 0.6 0.54 0.47 0.6 0.85 0.39
F4 AL EAESE2AHIESE FAISEIREE R (MacroF-score) %
EETE S SVM KNN LSR DLSR RLR TrAdaboost TDLSR
5 35394022 33.20+0.28 32.0140.33 32544026  31.8440.25 35.3040.43 33.3540.27
Led24 10 50.154+036  50.6240.35 51154032 52474039 52194047  52.04+079  57.89+0.42
15 53.68+0.29  52.93+0.14  63.66£0.16  63.54+0.17  63.814£0.17  54.094+0.25  64.1540.32
5 51.13+£0.88  50.61+0.78 51.8240.49  53.5740.31 58.3140.95 51.58+0.91 58.38-£0.43
Letter 10 52364050  52.3040.63 61.05+042  63.074£022  63.104£0.84  53.60+£0.63  63.13+0.51
15 53.6540.51 53974034 62404036 63414029 63234067  54.784+0.74  64.70+0.24
5 16.05+£0.95  73.17+0.85  62.61+£0.53  64.02+0.75 63.84+0.66  32.36+0.59  68.60-£0.90
Penbased 10 20.11£1.09  7547+0.84  68.23+0.78  67.69+0.90  67.6240.83 38.45+1.07 69.50+0.67
15 22664+0.69  76.79+0.70  68.65+0.92 71964093  71.874+1.03 39.674£0.78  71.81+0.69
5 18.45+0.16  63.56+0.13 63.2140.16  63.48+0.18  63.06+0.16  20.75+0.57  68.18+0.15
Pendigits 10 20114024  76.39+0.33  68.50+0.25  68.61+022  68.44+0.23 30.814+0.68  76.09+0.29
15 21.1740.14  76.33+£0.27  7421+0.17 7691049  76.84+0.14  32.824+0.75  76.6940.24
5 70.604£0.70  54.90+0.62 62424046  63.43+047  62.8240.59  70.89+0.80  71.8340.30
Texture 10 73.58+0.90  57.6840.54  63.36+044 67414069  65964+0.64  71.564+1.02  72.0240.22
15 75324046  60.77+£0.62  65.00+0.44  71.69+£0.59  69.86+0.47 73234092  73.364+0.23
Ave.Macro F'-score 42.29 60.58 61.22 62.92 62.85 47.46 65.98
Ave.Std 0.54 0.49 0.42 0.46 0.54 0.73 0.39
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N T k20 o M SIS R TR TV B R, AR X
A D7 AT RS 5 G b

ASCH H Friedman test %} BT A 77 1512 B A 21
Pa4E L st 2 kAT T 41t/ M7, Friedman test &
— AR S B0k 50 77 v, BRSOk o A 2 AN Tk

R B AP AE 2 35 22 . L LA (M0 2 o LU s
BRI A SR 4 R R T HE4, W B 4 BT
7, Al LU H TDLSR H A S AR 1 BE, T SVM 1 1 R
i 72 CPYHEA RN, TR B RE R AT, IX SR AT A
7L RIVEREAT(E B 2% 2 5. R 75 2 H Post hoc 1
WA B0 oK ELAR A BT P FR 7 VI 1 R R R AFAE B
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F. 1K LR BT A7 VA TDLR 5 Hopthoxs B T7 25 60
PERER AR E Z R

rankings

\Y
s
Methods
4 FiBHENHER

ZS5ERTBIEE Nag; = 0.05 K Post hoc {5
WA 6 5 B, 4 IR 4 rp ST 2 4k 4 B e HES OR
¥ TDLSR). HE 5] LLE H, Y ppa < 0.05 B, FE 44
“TDLSR 5 HAthxf b ik I PERE A 35 22 777X
— %, AT BLAS Y TDLSR f 1 g 2 3540 T HoA
Xty vk

x5 EfEEar.~ = 0.05H) Post hot RIZIILER

i WiRis z PFri Holm hypothesis
6 SVM 5.652692 0 0.008 333 rejected
5 LSR 5.30376 0 0.01 rejected
4 KNN 5233974 0 0.0125 rejected
3 RLR 4.047606 0.000052 0.016667 rejected
2 TrAdaboost  3.349743  0.000809 0.025 rejected
1 DLSR 3.279957  0.001038 0.05 rejected
M
3 & #®

ASCER N TIN5 ™ E A L S E 5 KY)
st M RE PRI Pk K, 45t —FP & T DLSR 195
g 23T #% 24 31 J7 3 (TDLSR). % J7 i3 i 40 IR AT AT
MU, 5 D538 5 U A2 2 H ARt 5 H br sl B )
I AT BB 5 3] AE SR T3 S R 1 (7] B ORI VR 45
HdfF % 4 1. TDLSR 4k 7K DLSR /£ £ 7p RAL 55 3
K5 6] [a] B& A AR %45, HOW DLSRyE AN T iE# 6
fif 22 BE BRI S H bR AN 2 4 B UCT 24 4
SIS IE T TDLSRAE R 28 2 43 KA1 45 LA
P, BRI, A AU e 9F %5 T DLSR T % 24 ) i,
X T AR B TR 3 IR T v SR RO B A& T R
T2 53 REE.
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