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Abstract: In this paper, inspired by the support vector machines for classification and the small sphere and large
margin method, the study presents a novel large margin minimal reduced enclosing ball learning machine
(LMMREB) for pattern classification to improve the classification performance of gap-tolerant classifiers by
constructing a minimal enclosing hypersphere separating data with the maximum margin and minimum enclosing
volume in the Mercer induced feature space. The basic idea is to find two optimal minimal reduced enclosing balls
by adjusting a reduced factor parameter q such that each of binary classes is enclosed by them respectively and the
margin between one class pattern and the reduced enclosing ball is maximized. Thus the idea implements
implementing both maximum between-class margin and minimum within-class volume. Experimental results
obtained with synthetic and real data show that the proposed algorithms are effective and competitive to other
related diagrams.
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B0 B AR A B AU SRR A 2 3] — A3 2588 HAZ A 8% 7 0 RSk B0 B R flvz Ak i 12 2%
Vi) T3] o T 288 P Py 2R A A2 g i 43 S 488 43 S P 1 TR0 VB o o 22 IR % 98 O 288 () ) o N B vy 28 A SRS I A T 40 2K e
I (04 2L B A 2 b TR A0 M0 v B v e 7 5 4 KU 3 A (SR 8 - 11 5 i i
Hl(support vector machine, fii i SVM)! K AR S48 0 A H i s B 2 20 2K 10 3 iz — L0 7 Se sl A dotss
R, SVM MY — A P R AR 2 A 2 20 T, T AL R VC 4 i

2
VCyu = min{Dm%i_ :|,m}+l,

Horh D 484 55 I A RE A 1) S5 /N ER IR ELAT, Af T S (8] (¥ 8] B, m i AE AR 4 45 Rk, b T 4873 VC 4R s d5 /ML,
T [E Il A3 AR R ALAT D BB T S 20 SYM J7 kMR S SVM s B RRCAS, BT Bk SVM, BFR
gap-tolerant 43 ALY — i ke i3t 7 A BRI B8 20 A (8 A A% o K S35 BRO 50405 20 A ) 1% 40 T gap-tolerant
OrRHUR T LR A4 MU EAT S ™ M 1) S BLSVM AT 58 38 (1 A8 S 3 MR E DI L () 1k A 2 B, 0 1o 5 K
P 1) i) 5 SR 32k 1 8532 Ak 6 7 0 WL 27 ST RS UL A0 49 2 T )3 1 1 R 2L,
kT ff v —2 4K (one class classification, & #k OCC) il i, Tax 24 A 152 21 3 55y AL R 3 H —Fh
o ) R B3 4 34 (support vector data description, fii#8 SVDD)RIER 22 S ML, LT3k — N5 BT H AR EEAR B &%
INFBBRAR, A B T2 P9 SR S 1 B K AL SR [10]4% HY 4 BB BR 455 T8 (seperating  hypersphere, i #% SH), H:
AR SVM 1) 28 (] (8] i £ AL AT SVDD F 28 A SR S8 d KA 1) SRR Aty SR FH 2R AL S RE ) S ML 1) el B 25 44
JIEGE T — MBI PR REAR S SCER 110 SH AT ok it 45 B B K ) B 3K B S HE 1) B ML
(maximal-margin support vector machine,fijFX MSSVM), B84 S I 1F F 28 28 a] 8] [ 1 54 0 1 2828 Y ARFE 9k
N BT 25 1 ISR R 9N, BIAS BB 4 1 £ IS 00 2 S A 2 0 0F 03 A AN 3 288 ) 3 77 4 A K T VR G T i
PERLRE 0E, SCRR[21Z ] SVM JEABEE A1 SVDD 8 ER 45 40, 42 Hy — Foft S5 K W) I 55 /I % B R R S 4 1) R L
(maximal-margin minimal-volume hypersphere support vector machine, & # MMHSVM), 344 3E PFAS KN A— 11
[ 0 B, /N R BRCHS LE R AR ZE I rh DR B 5 SR AN R TE AP . MMHSVM. BER H s o £ 0 A4 73 A 88 3K 1]
B, [ I SEZ B0 49 28288 PO AR B R 4 /8 SCRR[12]75 SVM A SVDD FRIEERIL b 4R Hy —Fft T T 25 20 00 1) e /N0, 48
55 & KHE & (minimum enclosing and maximum excluding machine, fij % MEMEM) () Bk 7 23 81, A i _E ok
B, MEMEM 5 MMHSVM 77 A1 [, HE MMHSVM K 7 K1) B8 AR Ye 25 A8k 4 SVDD Ay /N ik i
A1 OCSVM(one class SVM)MI e (i ki 7 AR, 32 H — Foft B 5010 % ke OCC il AL 14 /N BK 44 1K [l i (samll sphere
and large margin,f&jFK SSLM) J5 %, 1% /7 VETE I ZRAE A th R /b & 3 FE AR5 EL.SSLM 78 SVDD Jy i &4l F 51
ANZH v DAL 230 5,2 v=0 I, SSLM 22 % SVDD, i SSLM J&t SVDD J5 i [f)— M2t AR
ik gap-tolerant ERAZ 43 FEHL S 5 At —2K3EF SVM (1K 8] [ /N BR A4 0 07 95, BISR F — A (B0 AN B /M
7R KR A K AT R b A P 2R A R SR AT B b AT T A, AN T S SR ) o DR L R R T
U SERRL 2 S I 5 TN N 3 4 DT B P R K TR R e /S s 4 L 1% BK (large: margin and minmal
reduced enclosing ball,fii#k LMMREB)~= > HL, H A 5t b2 18 3o 1 15 4 5 BRI 45 IR 7 5 3Rk AN [R) O 1) B3 /s TR 4
A0 BR, LAA AL B A TR] Il 2 o0 i 55 i e s 4 1 R D 0 ) ol g KAk A6 5285 1) i) B RN 288 7y
DA B M [T I e KA, T 3 5 gap-tolerant 23 23832 1kt . S LA U vk EABAH LG BT 4R U7 VI B8 2 b 7E T
(1) SINEGE R LIRS 752 LMMREB  MEMEM,MMHSVM 1 SSLM 45 5 it 4
1) 0 1) B A D — AN 55 PR 40 PR 7 A % (9 w0 B TR 5 IR RS 2 39 T LMMREB %A [ 43 2 il
FEI) Y
(2) BIAN—ATRSE v R 5 J10 A AE B 5 5 5 I s/ s 44 6, 5 3k ) i) o8 g K A0, AT i
% ) AR ) oy S T ) () B 22, 3 — D4R T+ T LMMREB Jiik iz 1L fg
(3) TEWN R — IS HAR e 4k R (W 46 Bl 7 g=1 = (F1)v=0) F,LMMREB /5 ik n] %44 SVDD,
MEMEM,MMHSVM F1 SSLM % gap-tolerant J7 k.

© HEBEERAET hipd/ www, jos. org. cn



1460 Journal of Software #kfF24% \Vol.23, No.6, June 2012

1 LMMREB

11 #HX#R
T IR LMMREB, % 2551 A
EX WS EERSLERE). L E LA T={(Xuy0),- ...y T X e geRYL< i< my+my=N) Jy iy A 5L
Woryie{+1, -1 K br %, B2 1<i<my I y=1;24 my+ L<P<SN B y;=—1 B P — 28 (BE 3 28) & my M,
I3RS B AT my M W Bk N AN AT 43 2 0 ) BURR D 243 28100 Q(my,my,d).
EX 2(BER). X T A B A B Q(my,my,d), A AL ks Py
B-(a-,R.) ={xeR":|x-a_ [F<R%},
Horprace b AL BRERA R=>0 g AL S BR AP A2 |- |48 i dt A R Y 280 ) 2, o SCAME 5 8Kk
B-(a,R.)={xeR* I x-a. [’=RZ},
Horbas e gAML B BREROD R=>0 D A & R AR Y AL 75 BR S AN 3 SRR AL 1 Bk
EX 3(EHEEER). T ADWETIR B(as,Re), H [0 H 45 40 37 BR (PR A H 4 £ 75 2K) BL (a,RL, Q)
BL(a.,R%,0) ={x e R* | x—a. [*< qR%},
Hrp,9e(0,1], RE W A IS4t & BR AR, g =§—é A AL ERIE AR .24 =1 I, BZ(a-,RZ,q) = B_(a-,R.) .[A1 2,

5 AL R B (8- R=) I Lo F 45 40 7 BR (SRR O e 44540 55 5K) BL (8, RL, p) b
BL(a-.RL,p) ={x eR" || x—a. |'= pR},

ot p=1, RE Sk Ah HE G0 4 BT R B T p:% p=1 I, B (a_,R", p) = B_(a,R.) . J4 i b 7 R Ly 4 e

YL B ERGEAR g 46 £ B k.

F A DA b SC AT 5| an R e B

EI L X T - ANSMLEER Bo(a-,Ro) R4 5 5K B (au,RL, p) (p=1),B=(a=,R=) 1T ELEHIh — A4 [0
AL 3R, H BL (s, RE, p) D12 A3 BRI [0 s 4 6 5 3K

PR IE | LI A BRI 8 e o < e WA 55 AT F X ) B-(a- RFT R

TN I DRI AT 3 R, WO F B (@, Ra) BT AL 8 X33 A I A7 i3 A7 A0 06 I (A5 X A4 s 2 A X
{x’ eRY X —a, P< 12} =B_ {az,lj,
R R

SO S 2 T AT A Bg[aZ,Rl

=

Jyg 15 B (@, R LI I 2 .
HAFAEXT fix—x 143 B-(a=,R=) 5 AL 455 5k Bg{aerl

=

J . Bg[ag,;] B 0 i 5 R00

>

B;(aB,Rl,q’] 4 q'=%(p>1),%1ﬁﬁ%>‘( 3

B;[az,;,q'}{x'e RY X -a. |P< §2}={xe R*:[|x-a_ = pR2}=B.(a_,R", p).
B Bg[ag,Rl] F4) [ 4556 2 Bk B (8, RL, p) WA T 5 BT 0
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oK % 2 31 79 © R N T L8822 3T 1 2 AN ) 05 T 06 T AN E IO 23 1)y 9 R AN IE
1% BR KK g gr—> 90, N 255 T v ) B30 A o o ok S 80— A v B AR AE 25 1) LB () 29 A 280 F A B S, DU X 5 11
U,Ve 7, K(UNV)=(B(U), g(V)). A SCIRTEAZ 2 > J5 3 A0 i e AE 2 ) F b 3 5 B (ol 4 0 45 k) 28 o, 45 B R (k0
1.2 (a1 EHA

MR X2, FE LA T 3 R o

(1) M a-=a- H R#R-Itf, WAMLE ER A0 H R AR A A MMHSVM B4 2% R 1

(2) % a-=a-H R=R-f, AL Bk .0 ALER HE 4 .SVDD,SSLM,MEMEM 25 5 7% J& T 1% Ff g i, X th

S H TR 2 BRE 2 S HLR A0 15 7

(3) M a=za- i, ML BRANIE] O, AT T B A 58 45 FH 5 1B 5 R BR . DG B Bk 2% 3T FL (twin support

vector hypersphere, ##% TSVH) Bl & T3 B i e [,

AL TTIERET EIRE Q)P ac=a-=a H R<=R-
=Ry T R L, R SR R () BRORT AN B (R BR 4
TR b A 55 () BR.

S A B 5 JS L LMMREB B 1E 3 4ERRAIE
HHF hFE R —AmAESHEER Bo(a,R)(azeF),f#
£ RS o A T A R D TR 4 R R ER
BL(a,R%,q) (qe(0,1)) A1 BL(a,RL, p) (p=1) A, HL{# 4 A 45
43 0 5 T 8 s 4 5 R Bk [R) e /1S [B) g e KAk

1 {78 i LMMREB J5 i 1) = 4 JL AT iRt S v s 2k
# 8 B<(a,R)(B B=(a,R)),H &k & 5l b W5 A [ 0 JE 45
1% Bk BL(a,RE,0) (9e(0,1) A BL(@,RL, p) (p=1),0° K
Ry i R A A e kU] e /N TRD B L S B BR B

(a,R)(2k B-(a,R)) L5 He 4 £ 7 5k 1] 18] B 43 5 b (1-g)R. Fig.1  Ilustration of LMMREB in 2D
R' TR +2(1- 1 LMMREB M =4 JL{ 7R 3
tg=FefgrpRe REX2aR , o
R R R
FeF DL E AR ZE A Mercer AZ WS 1) i 4EERAE 25 18] F,LMMREB JR 46 i) 31 ] $iliik
my N
min f(R,p,&,8)=R* =1’ +C, D &+C, Y & 1)
i=1 j=m+1
s.t.
| gxi)-al’ <qR?-p*+&,1<<i<m, (2)
| 4(x)-all’ = (2-q)R*+p°~&,m+1<j<N (3)
5=0,1<k<N (4)

Ferp g() M B F I RZ L ae FLR>0 43 5l A BB ERVR [ BR O 242 &= 61, &, . ST ARSI BC,Co AN IE
W RG0e(0,1) kAR Bk Hs 48 AT 2 W] 2 A8 2 2 (L) TP AR Bk R /I AT A6 5 B R T AR BRUR W] g i, [
I 2B X I ) LT Rt A [0 B B AT T3 R 8, 24 ) I A% o BSCIT  TT PD J5 Ay ) R (1)~ o (4) 5 2
28 SVM ARAETE R LA SCHR[L3]H (R PR AG T 207 B 2 2008 AR S AR AL, AT v DU 36, B sk T 00 48 H A
R SR SR At 3 ) L

EIE 2. LMMREB () FE 45 M BR 77 AE BANIE—

IEEA 1T LMMREB VI 258 — 2 (sl 1k 3 28) HUA A B (o) S5, RE S SR 31— MU & Bk B<(a,R) AL,
BT IX — 2 (BUE H ) FEA AR @ S 3,5 TR ERE4E R 7 qe(0,1), 4775 % 0 7 BR 1K R 45 6 5 Bk
BL(a,RL,q), HLEEA o fH R 1484k, 12 46 2 5K B & N AR 4k i AT %0, LMMREB 1) R 46 BB 2R A7 75 H A ME—. O
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1.3 LMMREB& %
Ty 5 TR T (L)~ 1) JE(4) 1) %) 4 i) 78, 51 N Lagrange 26 %

L(R.p.a,¢a,p) =t +Zl‘,0!i(ll¢(xi)—allZ —QR*+p*=&) = Daj(l4(x)-al ~2-qR* - p*+&)-> B & (5)
i=L j=my L k=1

Horh,;=0,5=0 435k Lagrange &7 1] & AT o) 75340 5 3
EEE 3. m A

N N N
minlzzaiajyiyjK(Xivxj)_ZaiyiK(Xi'Xi) (6)
aeR" A i=1 j=1 i=1
s.t.
0<g<Cy1<i<m, @)
0< ¢ <C,m+1<j<N ®)
N
>a=v 9
i=1

IEATF S Mercer 451 1H14% R 5k
W LR, pa, & an BA) T R 43 AT R, poa, E5 T IR A8 0 SR Al 3 40, 7T 45

oL it N
—=2R l—ani+(2—q) Z a; |=0 (10)
oR i=1 j=m+1
oL L1 N N
=2p|V+Y o+ D a; =0 o=V (11)
op i=1 j=my+1 i=1
oL
a—é:cl—ai—ﬂizo (12)
oL
a—gj:Cz—aj—ﬂjzo (13)
oL N N
= Zazai Yi— zzai Yig(x)=0 (14)
oa i-1 i-1
WA (L0)~2 K ADRNTTFE () 15 2 R AR P04 ) (L)~ ) 85 (4) P A T 2
i 1 N N N
mlqzzzaiajyiyjK(thj)_ZaiyiK(Xirxi) (15)
aeR i=1 j=1 i=1
s.t.
0<Qi<C1,1<i<m1 (16)
Osg<C,m+lsjsN 17)
A=Y ay, -1+ d-ay (18)
i=1 1
Zai =V (29)
=
Hrp A8 AR (10). AR L& T A28 L, FAIE. O

S A8 =X (6)~ X B =X (9) S — A Rl 18] B, 5 AR AE IR v-SVMEELAT A R A4k T 2, BRI, LMMIREB fig %
FLEER AR v-SVYM [ 3AER SE B 4615 LMMREB 532 S 3 15 5 77 4. )OG5 72 20(6)~ X8 X (9) T LU HY  7E
—EMSEZ LA ,LMMREB 1 43l ¥ 46 4 Xt N i) SVDD,MEMEM,SSLM F1 MMHSVM %5 gap-tolerant
Tk
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458 (18) 15 AR A T S ey = 2 0) 1) B

i=1

SV, = {x,
sV, = {
Xi€

s K KT AN 6 FHA

My
Do = —((2 Qv+1),0<e <CLI<i<m,
i=1

—_—

f(vq 1),0<a; <C, 1+m1\j<N}
jm1+l

sVi(I<sismy), AR @)L H— M A i E =% T 0 1!
l|4(x)-all’=qR*—p", 1<<i<m.
AL T %€ SVo(my+1<j<N), 2 2l (3) B 28 il 2
|I¢(Xj)—aII2=(2—Q)R2+p ,m1+1<j< N.
W N1=[SV4|,np=SVol, || R 7R 5 A R4 W T AR A AL B k20

o 1 1 2
R =2{m X,eSVl( | p(x) — a||]+maxxjesvz[ﬁ|l¢(xi)_a|l H

WA 14). AXA8) T LR a™H
1+(l Qv gl a;Yip(%).

AL 2 ) 18] B
w 1 N y - *
= E[mlnxiesv1 (gR 24 [[(x)—a ”2) + mmx-esvz ( ¢(X) _a ”2 —(2-q)R 2)]

ERAZ R EUE S I ERIE 25 18), 2 7 AR A R S0 s x B8 2800 LMMREB 75 4 ) H 2 B pli e /s A
ErER AL S B LMMREB 1% 58 56 30E UK

(9 =son(R - | ()~ ) =sgn[R*2 —[K(x.x)—jiaiyiK(x,xm}ZaiajyiyjK(xi,xj)B.
i=1 i

2 BIEN

2.1 ZkEEA DR

Jr$E 7715 LMMREB G i 51 N — AN 1T 8 (160 & BR R 46 R 7 q, 1844 4t gap-tolerant 43 2L A7 — A5 1] 7] [
Al — AT S BRI 4 T g AT AS R 2(0%+(1-q)R)(0<q<<1).H:t R #§ LMMREB 4y #HBER 4%, o7 K
TR BT s A BRI LR R B SVML A T B i 22 R e T A T R I AR 2 e PR
20 +2I(31rinQ)R2)mm —‘,d}Jrl ALH D oA E ST R
I/ NEEBR Y E A2, R 3§ LMMREB 1 43 ##EER - 12,0<q<1,d FREEAR 4R 4L

IS 1 R EIGEEALE T LMMREB [f VC 4k LA 3% q F1 v HeE.

M JEUGE ) (L)~ n) B (4) 7T &1L, LMMREB Jiid 33k — AN/ M ER B(a,R), 45 2 T A &
AN ] 00 i 45 45 75 BR BL (a,RE,q) (qe(0,1)) A1 BL(a,R%, p) (p=1) I, H.Ad P 245 2 73 59 5 1 4 0 1% B[] de /0 )
e KA S AR A 72 BT 1 W] %0, LMMREB 75— 8 FEJE 7850 % 18 7 B2 P 43 A1 45 K40 110 5z /N A0 248 1) 1) Bl 11
A Uk T 5] H e EE 5,

TEIE 5. LMMREB 597 fit [7] i S5 30 288 1] 17 5 Jo K Ak R0 — 258 20308 Py o0 A1 45 4 B /M.

€I 5 7847 UL LMMREB J7 i 2 A7 38 3 1R 852 2000 872 A6 BB 03X m] IER 3 719 (1 236 45 18 1k — 2045 LASGIE.

EI 4. LMMREB 1) VC 43 /£ VC yyres < minﬂ
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22 SRESH

SVM,SVDD,MMHSVM,MEMEM,LMMREB 1) 3K fift #8 VA 45 T B A7 2 4 20 s 4 40 1) IR M R i) R, 28 1k
A SR U R T T A9 A A B I e T R R A R A SO R BRI A B R S A T
LMMREB 53k & 2% 5 1) i B

EI8 6. LMMREB 5 SVM,SVDD,MMHSVM & MEMEM %95 & 2% & [7] 2%,

WA SR ICCHR[2] 7 #55 hic, 0(d,8) s — AN E LY TR M AR Ak 1 5, € (d, ), Cg (d, 5) 43 3l 3 /s b 2 )
IR SR BRI A (A S 2 B Horh od O AR A4 s O e ML R T BEAN B W 2R A%k n, I SVM,SVDD,
MEMEM,MMHSVM,LMMREB &3k (1) 5 24y M & = N

CP(n.2n+1),cP(n,2n+1),CP(n,2n+2),CH (n,2n+2),CH(n,2n+ 2),
P ()0 T 5k S.SCHR[16]50 47 HE,SVM SR A/ 1 i) R )L f) 52 2% B 43 530 2 O(n®) Al O(n?), B
Co(n,2n+1) =0(n%),C§(n,2n +1) =O(n?).

A n=m+1, 047 C{(m+1,2m+3) =O((m+1)*) =O(m°) . EAK4T Ci(n,2n+1) < C{(n,2n+2) <Ci(n+12n+3),
NI C4 (0, 20+ 2) = O(n°) [F) Ff 18 B ] 7S C3 (n,2n + 2) = O(n?) .45 L, 5 FRAHIE. O

R 52 B 6,LMMREB )2 ] 52 4% S R [7) 52 2% B 55 SVM A [, 23 531 b O(n®) it O(n®), bt 45 B A 5 i 484,
I 75 5 6 R el SR AR 0 B A2 2 R T S 8 o ok, T e A/ B BR (MEB) S e T fe A Al s i, L
PRI AR,

2.3 BHEQVEMESH

2 SR SCHR[L3] 7 R AR T8 AR SCFROW B T+ Lagrange -F oi>0 I ZRFEAR xi(L<i<SN) SCHREI = (SV), % B T
Fa AL 5 E>0 M I ZRAEAR x(L<j<<N)FK A 1B 1% 22 (ME).

FEIE 7. 8 mtm o BIFE IE SR 8] R R 22 K, s s TR I SR AN A I S R i B 5 W 2 8 v,q,C4,Cs
[ fEfE R R

+ i _ +
m" < 2, [Q-qv+1]<s (20)
- 1 _
m Sz—cz(qv—l)és (21)
IE A AR KK T4, 4 E>0 B, =0 H1 2 2 (8) 41 og=Cy X JIT A7 1E I [ 15 Z2 B S, D) R X ez :
S - %((2 _gv+D)=m'C, (22)
i=1

53 9b, 1A R (14) 80, A TS B S oy % Tk o, e

i=1

My
S <Cs' (23)
i=1

gt A (22). 2 30(23) T EIE 2 #(20), R HE AT 245t (21). O

SEBL 7 B W], LMMREB &8 v fl g AT A v-SVM S8 v [FAE 5T, B RE [ I 428 41 <2 47 1) R 10 R R0
(] PR ZZ 1 B S 2 B 7 ARSI VRS S EUN AR IR A 1R 3 L.
3 LWHERKDH

RS 5 YRR S N P R 28 A 2 1) T 22 8 R) i, T sk X 22 (OAA) R4 — X —(OA0) %%
TIEAL R 2 A 280 K Ok R pe . T 3 LMMREB. [ 250PE 3 3ok 5 oA LA R 2% ) 77 vEEAT Lhds ok oF
M BT T 1L AR AL RS 2 BIAE NG B 4R R0 UCT L8 % ) B8 2 LA e NG $dis 122 Bk AT T — R 51 SE56, 7 5l
¥ LMMREB 5 v-SVM,SVDD,MEMEM,MMHSVM K SSLM %575y AE — 280 KA — 24328 E AT A b 5%,
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SE 45 R R LMMREB A D04k A = 40 2K Pk fig.

AT 0 B B T [, 13,5250 o A 25 B0 T B 40 22 W B R S5 9538
4517 2 S (RBF): K (x, y)=exp[—;|l x—yllzj,EI\EF,g 21 L I8, P14, P12, P2, P Ay 4 2 L L o,

o N VI ERRE AT B B 1 7 A
%t T v-SVM, B4 v 7E{0.01k,0. 1Kk} 48 2k Y, He b k o 1~9 2 J8] 48 % T SVDD, 2%k C, 7£{0.01,0.05,

0.1,0.5,1,5,10,20,30,40,50,100} H 4 22 4 i ; 5 3¢ C, M {1xml,l><ml,2><ml,4><ml} 1382 4 T MEMEM, 2 5
4 , 2 m, m, m,

C 7£{0.1,0.2,...,. 1} 48 RIEHL, y4:{0.05,0.1,0.2,... 1} F R E X T MMHSVM, HW & 3 Nl Z40:(M,Cy,

Co)l), 422 JESCHR [2] 1 e BT 1 B8 C=Cy=Co, 20 142,22, .. 2" h i 3 B my 7541.1,1.5,2,2.5,3} 1 4R Ik

B 6T SSLM, 25 v 7 4% {10,30,50,70,903 1 8 R 2 B vy, v, 754 45 {0.001,0.01} H 2 B 31 %F T+ LMMREB, K

PEEH 7,38 v a'}ilm1\1’%{1,5,10,15,20,25,30,35,40,45,50,60,80,90}rh3@3%@5&;cl:i,c2 _ 1 Hervv A

Vlml V2m2
{0.001,0.013 3 Hy 31 K41 25 % q 10958 IR (0,1), W q 7 [6,1]1X 148 Rk B, He b, 650 — M/ IE B 6 T 230
o I P VA 5 SR AR 5 3.2 FF VIR BT AT 7 R R I AE S R 3 £ S B, S 56 &5 SR 9 4E Matlab2009B 3847 3R
B R IRAS.
3.2 &gV LMMREBZ 45 200
N TR B v 5 LMMREB 43288 B 5200, BE ML A il — 008 280 4 N3 B A4y S236 B0,
WIEAFE q,v Z2HET LMMREB [1) 43 28K B2 AR Ak 2008 SRR AR5 N=200, — 28 FEAH053 7 9 my=98,m,=102, 5%

S8 5 0K, 9K I, 4 1 35k THUE o IR0 96545 0 M 22 1T WAAT 1, q=0.8,v=2 I, LMMREB
S5 43 1 . F BT 0, 2 v AR (06 B AT LMMIRERS 104 R S1 6 (L 360
E T HEIS 1 i SR ISI A 7,5 2 4 v B 5 3.0 T3, IO T A SIS g (03
s,

Table 1  Performance comparisons of LMMREB on different g and v
£1 ZMqv Xt LMMREB 43 2585 B 50

_ =0.05 ¢=0.1 9g=0.2 ¢g=04 g=0.6 =08 =09 g=1
% =16.7) | 1

A (g ) v=12 v=25 v=11 v=9 v=38 v=2 v=3 v=2

5> KK FE (%) 73.5 73.5 75 75 75.5 79.4 75 76.5

N T HE B S8 B BN LMMREB 43 28085 15 1) 5% i, 3 i 58 25 il 2% PRt AE Bl 20 My —
210 o NG s S O S5 B AR AN [F] o 2 H0E DR IS T LMMREB 1) 7 2805 BE AR A T 1 i ZEAE A
#r N=200, 7 iERFEAKL my 7351124 {90,95,100, ...,185}. 5256 v, 70% L A AT by il 541 ) A e A A Sl ik 4 g
E AT 8 X ) [6,1] 8 BEAT 48 R LEHL, 43 0 R 40 4 el /s 31K 1 4% 2R 4 :Go=[£,:0.0001:0.001], 3L H £,=0.0001;
G1=[£:0.01:0.1 0.1:0.1:1], 2 1 £=0.01;G,=[£:0.01:1], £ # £=0.01;G3=[£,:0.001:1], H: ' £=0.001. & & & ,Goc

FR LTI ATE] 4 Ao A 4 B3 3 A (9 B 0 42 00 724 70 R B4, P RN AR S 4% RE R/
MR BPINHER, 73 S HCET 5 A (top-n,n=1,2,...,5) e Koy FERGREAE, FF i 5% T3& 2,30 P 80 v AR S S P A
q {HRHX 5 A SRR £
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Table 2 Performance comparisons of LMMREB on different q searching grid
%2 EARHRETSH g X LMMREB 4r 8K £ M

A Top-n K J¥
Top-1 ¥5/%(q)  Top-2 ¥i/%(q)  Top-3 ¥i/%(q)  Top-4 ¥i/%(q)  Top-5 Hi/%(q)
Go (M=10"% 3.11% (1m) 3.11% (2m) 4.41% (3m) 4.1% (4m) 3.6% (5m)
G1 (n=0.1) 87.1% (8n) 82.36% (7n) 82.31% (6n) 78.3% (9n) 75.5% (10n)
G, 88.54% (0.85)  88.42% (0.86)  88.19% (0.84)  87.73% (0.83)  87.1% (0.82)
G; 88.57% (0.858)  88.57% (0.859) 88.57% (0.857) 88.56% (0.856)  88.56% (0.855)

MK 2 T F AR R4 Gy 5K T LMMREB X T T 47 B0 42 1) 5 v 1 1 3 20K B AR 109, b ] L,
4 qe(0,0.001) i, BT Ji % LMMREB 73 2 45 R 2k 2 5 SR TE T M R 4 L T g (548 TR/ i 4 40 5 Bk
[ 21 At T A /N, JE T e A B 1R — 2R (BE 28) RE AR Bt g T A AR 2 B 7, 2% ST WL IV 43 248 [R) Bl 2 2 4
THEK, T B TR T R 238656 H,Gy SNG4 I M NAR T G, 7 Go HEm& (1 43 2 45 . eh k]
T, q fH 198 2R AR A R AL, o 198 R BUE R AL g (8, 2B B 45 Rt @l iik.G, SRS 3 K5 S G,
TREWE (RIAR Y 2 2 45 JESE A AR 24 (B2 G S (1 I 2RI 8] A2 G SEmE I I 1R 1) 10 4%, G SRS I B ANF K FEAR
IrAE L, MR SC LR T SE SR G, SRS 1Y) q B8R 7 K.
33 ANEHIEE

W il A TR A S BE A K L LMMREB 755 MEMEM I MMHSVM J7 v 1) — 2645 243
1 fie. N B SR A A2 N=1000, 1E 25 $#pos=477, 1 2K £l#neg=523, 1% ik $1 5 £ 9g=28.5: 5 1, 700% 4% 4 Sy Il 5
AR TREARAE N MRR G R 4 2k v e o Bl B 2(a)~B 2(c) s, Hovb, st 2k o % 7k Sk in e &

M 2 BRI E BT A1 (1) XEFARBRTEAR 25 Ai 0B 42,3 FhERYE & I ML BEIUAG IR 4 11 43 28 1k g 3L
AR ST T VR TR T B R A L 1R AR AT AR AR R W R AL T AR B R T (2) S8 v L
I R4 o BT 48 5 VA M 2y R R B0 E T i 1 TR 4 iR,

Kernel function: rbf_kernel Kernel function: rbf_kernel
: : 0.8 -

0.6 : 0.6

0.4 % e +0 (training) 0.4 #0 (training)

0.2/ ¢ +0 (classified) 0.2 +0 (classified)

0.0 1 (training) 0.0 * 1 (training)
0.2 1 (classified) —0.2 1 (classified)
—0.4 O Support vectors —0.4 O Support vectors
-0.6 —7, -0.6
-0.8 -0.8

-0.4 0 0.4 -0.4 0 0.4
(a) Classfication accurancy of MEMEM: 80.1% (y=1)  (b) Classfication accurancy of MMHSVM: 81.2% (M=1.5)

Kernel function: rbf_kernel
8 -

0 (training)
+0 (classified)
+ 1 (training)
1 (classified)
O Support vectors

0.4 0 0.4
(c) Classfication accurancy of LMMREB: 83.2% (q=0.9, v=1.5)

Fig.2 Classification results on the 2D artificial dataset
2 NiEHENEIRE R R LR
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3.4 LRREIRE

ARATHRE UCTH Hdls AN B8 AR VE AR BT 52 77 125 23 Sl AE AR HE A v E B0 15 B0 R, 5 v-SVM,MEMEM
S MMHSVM %575 2 10458 20 23 2 1 B L e 1 22 2R 850 4 R I — X — (O A0) J7 3k Fo A ol 224> 2854 2 il
S
3.4.1 UCI $¥Eszi:

A BN

N T VA B4R 7 10 280 Sk B B HK 14 S UCH SR 3s 45 1 91236 Kot 1130, s ity v i S I B0 42 WL 2%
3.5 rp B B AR B AL 23 %) N R A AN DA A AN B A 40 ) SR 06 10 R I IME AR O % B SR B0 4 iR R
A0SR T 3P ITIEAS [ SEI S B R IV 1) 4 SRS 5

Table 3 Binary classification datasets

F 3 oo MR AR

Datasets #pos #neg my m, d
Iris-Setosa 50 100 50 100 4
Sonar-Mines 111 97 111 97 60
Imports 71 88 71 88 25
Ecoli-Periplasm 284 52 284 52 7
Cancer-Wpbc 151 47 151 47 33
Breast 458 241 458 241 9
Heart-Healthy 164 139 164 139 13
Abalone class 1407 2770 1407 2000 10
Glass building 76 138 76 138 9
Glass vehicle 17 197 17 197 9
Arrhythmia 237 183 237 183 278
lonosphere good 225 126 225 126 34
Waveform 0 300 600 300 600 21
Vowel 0 48 480 48 480 10

Table 4 Average classification accuracy rates for binary pattern classification (%)

F a4 TIUBEIR KPR KR (%)
Dataset v-SVM MEMEM MMHSVM LMMREB
Acc. rate (v,g) Acc. rate (9,7) Acc. rate (M,C) Acc. rate (v,q)
Iris-Setosa 98.3% (0.4,0.001) 98.5% (1.7,0.6) 98.6% (1.5,2°%) 100% (2,0.4)*
Sonar-Mines 52.57% (0.3,0.002) 52.5% (8.8,0.8) 54.2% (2.5,2°%) 57.6% (2,0.1)
Imports 63.79% (0.5,0.0005)  73.1% (0.5,0.4)  66.7% (1.5,2") 74.4% (2,0.5)

Ecoli-Periplasm
Cancer-Wpbc

83.2% (0.2,0.002)
86.4% (0.2,0.0001)

98.2% (8.5,0.4)
66.7% (8.5,0.8)

90.9% (2.5,2°)
86.8% (1.5,2°%)

100% (30,0.6)*
87.7% (3,0.2)

Breast 96.5% (0.6,0.003)  98.6% (0.5,0.5)  98.1% (1.5,240) 99.6% (10,0.8)
Heart 73.8% (18,0.7) 79.4% (0.7,0.5)  79.3% (1.1,2'%)  82.4% (8,0.95)*
Abalone class 76.6% (0.8,0.0005)  78.4% (0.5,0.6)  79.1% (2.5,2'%)  80.2% (12,0.7)
Glass building 64.5% (0.4,0.4) 45.6% (0.7,0.5)  65.7% (2,2°) 65% (2,0.3)
Glass vehicle 93.29% (0.06,0.5)  92.2% (0.7,0.01)  90.3% (2.5,2%)  93.2% (16,0.6)
Arrhythmia 68.9% (0.4,0.04)  73.4%(0.5,0.01) 73.7% (1.5,2°) 74.4% (2,1)
lonosphere good ~ 16.67% (0.8,0.004)  73.6% (0.5,0.4)  74.8% (1.5,2)  75.7% (6,0.8)
Waveform 0 75.2% (0.6,0.9) 67.2% (0.4,1) 70.8% (3,2°) 79.6% (1,0.8)*
Vowel 0 88.18% (0.08,0.05) 83.8% (0.6,1) 54.8% (2,2°)  91.6% (18,0.8)*

B. —FBA K

0T PR LMMREB 71 OCC ] @ v 43 2K 1) P g, 512 565K H 8 4~ UCH %4 4K (Ball-Bearing, Delft-Pump, Spectfo,
Liver,Biomed,Housing MEDV,Hepatitis,Diabetes){F g 5 5 B . 42 I SCHR [13] 7P 5256 15 5, 6] 1 26 B £ 43 1) b
B 7006 11 SEARE AR — /N4 S SR A T 5, LU 73 95% U 5B AR I T 11 2K A 5% VI R A8 T 7
P A NREA AR IIAR. 8 A 4L 1 VRIS B LR 5.
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Table 5 One-Class classification datasets

R5 B F A

Datasets Normal examples ~ Abnormal examples  Target(m;) mp, d
Ball-Bearing 913 3237 640 40 32
Delft-Pump 376 1124 263 14 64

Spectf0 95 254 67 5 44

Liver 200 145 140 7 6

Biomed 127 67 90 5 5

Housing 458 48 300 15 13

Hepatitis 123 32 90 5 19

Diabetes 500 268 200 10 8

K H g-means & PEA S BE, BT A S B8 BT AT 10 IR, S 45 R BCE IR R LA T34 B 5 iR R
MEEYERE: g =vat-a- L at Rl a iR IE ISR 5 2 o R BE A% T VR E N A BN S48 H i 4 )
OO RN 18 T 1F 28 5 41 810 43 SR

A S0 F S FL R TR 77 LMMREB 5 SVDD,MEMEM,MMHSVM & SSLM %5755 OCC ﬁjﬂéﬁﬁé
S50 v & S S B WL 23 ) S U1 5 AR R A AN 0 4R 2 Sl SR 10 G SRR N & B SR A i R 6
ST 3 TTIENT 8 AN SERR I AL OCC 43 2K B K HLAH N 5 56 2 50 (.

Table 6 Average classification accuracy rates for one-class classification (%)
RO —RE I NG (%)
SVDD MEMEM MMHSVM SSLM LMMREB
Dataset

Acc.rate (g)  Acc.rate ()  Acc. rate (M,C)  Acc. rate (v) Acc. rate (v,q)
Ball-Bearing 96.2% (0.8) 91.5% (0.1) 93.7% (2.5,25g 96.69% (2.5)  96.7% (2,0.95)
Delft-Pump 79.7% (11.5)  80.5% (0.3)  80.2% (2.5,2'%) 80.7% (35) 80.5% (58,1)

Spectfo 75.9% (3.5)  77.8% (0.3)  66.7% (3,2'%  72.73% (2.5)  79.7% (1,0.7)*
Liver 53.5% (11.7)  59.7% (0.4) 61.3% (3,2°%) 68.5% (15)  68.8% (18,0.1)
Biomed 78.7% (2.7)  80.8% (0.8) 80.2% (3,2°) 81.1% (5) 80.6% (1,1)

Housing EDV  79.9% (9.7)  81.1% (0.9)  80.8% (2.5,2%)  81.2% (1.2) 81.3% (1,1)
Hepatitis 56.4% (4.9)  55.9% (0.95)  56.5% (2.52!%)  56.1% (1.5)  56.4% (0.1,1)
Diabetes 69.8% (2.2)  71.6% (0.9) 69.2% (2,2°) 69.9% (1) 71.6% (0.1,1)

3.4.2  ANJRRmI 95

N T RE 2B VR T H 5 VR e AR A R 1 R R R R 2 A bRdE AR B0HE PE:ORL s P (http://
www.research.att.com/facedatabase.html)™!fi1 Yale %4} /% (http://cve.yale.edu/projects/yalefaces/yalefaces.html) !
A Ay TR KR, LA VPAN BT 2 D7 ¥/ e 4 B 4 1 10 20 28 M ik 3L ORL A B S48 5 40 A% 5 19 A Heds,
FEFRAT G AR R ARG 1) 10 7K B 7 # 8 Yale A s 2 (045 15 AN28001 1) 165 WK B 41 5, IRl — 2R AN Rl
TSRO ARG 1 11 5 NG Hio s 4 . 52 36 11, 61 3 G A2 B AT TiAk 21 AL 4 1) 32x32 18 &= K/, B
AME F N 256 IR 5 2 AR % 25 0] A ok BAR i — A 1024 4k ) 2 3601 18] 3(a) F 3(b) 73 il BoR T 4 TiALBE S
] ORL 4 4 H1 Yale $# 4 v 3 — X B i A F 1%

‘@'@ﬂ@t@'@ﬁﬁ@

(a) Yale datasets for one object

ot o T Y

(b) ORL datasets for one object

Fig.3 Samples cropped face image in the face image datasets after being preprocessed
B3 2 i FAL RS 10 A RO R0 o0 B AR 254
7. ORL Nt e h BEHLA N 5 A — 70 K1 %dks 148, /1 ORL.1-2(fi ORL PP 2 1 28158 2 25, U R 28
W),ORL.3-5,ORL.6-1O,ORL.20-32,ORL.18-40.5<3Lﬂ“ﬂ’[‘iﬂlﬂﬁ'?m‘,Fﬁ*ﬂlﬁﬁl 10 NECHE 1 S I8 LA 1 S il
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WA LU S R A 10 AT R E SR P I £ Yale A icdn T BEHLAIER 3 2 K0 Bt 14k,
Bl Yale.3-5,Yale.6-10, Yale.8-12, {15 K 14 b 20 S RSO R B ALK p={2,3,5} 4> Bl (8 Kl 11 o Il 45 1
8 FARHARAE N MR T A S5 PRSPl T RN RN 78 h AR I m AN T 1250 A
GRT BT AT Bl 742 (K 5256 45 20 S 10 FAS IR UE P37 10 5% T ORL i A1 AN ] — 732K
B AR T H S g 4R, 3R 8~ 10 40 5lic 5k T Yale K 72 rh 3 ANBEAIL — 73 SR SR AL IS B I 25 B 4R
Bl T SR A5 R

Table 7 Recognition rate comparison on ORL datasets (%)
&7 ORL Hudls [ 0 P fE LEAL (%)
HUiR 4 v-SVM MEMEM MMHSVM LMMREB (v,q)
ORL.1-2 85.29 88.41 89.72 91.60 (12,0.7)
ORL.3-5 88.82 87.26 89.96 94.11 (7,0.95)
ORL ORL.6-10 90.0 90.37 89.62 93.53 (18,0.9)
ORL.20-32 100 97.90 98.70 99.32 (22,0.7)
ORL.18-40 96.5 97.64 97.72 98.80 (15,0.96)
Table 8 Recognition rate comparison on Yale datasets P2/T9 (%)
8 Yale HHi [ Po/To IR BE LLER (%)
P,/Ty v-SVM MEMEM MMHSVM LMMREB (v,q)
Yale.3-5 60.0 74.28 76.0 82.3 (4,0.68)
Yale Yale.6-10 90.0 89.37 91.12 94.46 (7,0.85)
VYale.8-12 80.0 82.51 82.14 84.74 (11,0.7)
Table 9 Recognition rate comparison on Yale datasets P3/T8 (%)
F 9 Yale Hdi i Po/Tg YU 1 fE LLAL (%)
PalTs v-SVM MEMEM MMHSVM LMMREB (v,q)
Yale.3-5 62.74 78.27 80.33 84.28 (4,0.7)
Yale Yale.6-10 88.33 89.43 91.36 94.74 (5,0.9)
VYale.8-12 78.50 82.62 82.50 84.92 (13,0.75)
Table 10 Recognition rate comparison on Yale datasets P5/T6 (%)
% 10 Yale %4l i Ps/Te R TERELLER (%)
Ps/Ts v-SVM MEMEM MMHSVM LMMREB (v,q)
Yale.3-5 58.89 78.44 81.50 85.15 (4,0.74)
Yale Yale.6-10 76.58 89.48 92.28 95.26 (9,0.98)
VYale.8-12 79.00 82.0 84.42 88.27 (13,0.8)

3.4.3 R4t

T I b 3 S R R A 1) S 56 & AT A0 A T AR A R L RS iR

(1) A UCH B 4 51256 25 ] F o6 T80 JE (48 28 SR — 20 28) il {8, e R AL IE IS 4K q,v 1
S EIHE LN LMMREB X T A Bt 45 35 H AT O T B AT b A 2000 28 M Ak, B 2 o0) T s e i 42 (3% 4 RISE 6 P>
SRR, LMMREB [f) 43 8 e Bl BAR T AH K 5.

(2) HZ% qEEET 1 LMMREB #0724 f 5 MEMEM,SVDD,MMHSVM K SSLM %5 J5 V540 4.
XHE— 52,2 q=1 B 76— € S HOH W 4&2F F ,LMMREB 77744 5 MEMEM,SVDD,MMHSVM J SSLM
4 gap-tolerant 4328772 O e | H AN S B

EIE 8. 72— E S B4 g=1 5k (F)v=0) F,LMMREB J5i%:% 4T SVDD,MEMEM,MMHSVM Al
SSLM 2% gap-tolerant J7 3.

IE WY g=1 i, LMMREB 25 % 7 MEMEM, )\ 1fi 1] 411 MEMEM & LMMREB J7 7% 1) — A5 451, Bl LMMREB
& MEMEM J5 50— M2 A6 55 48 MMHSVM B #0040 95 A~ 93 5ol 6 15— 288 X 1) e /N0, 45 BRSO — 28 X e
KAk 8], FCRR T AR A R TR BR JBAR, A R=(Ry+R2)/2, 51 R 2 MEMEM F1 MMHSVM [ 73 #1405 8k 42, Ry,
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Ry 43518 MMHSVM [ A Bt/ A & BR 242 7T W, MEMEM fil MMHSVM . ()43 BBk Bl AT — — X R 9% &,
MMHSVM 7 i _E2E 4T MEMEM 7532, At 7] 41 LMMREB #1254 T MMHSVM J57%.SVDD #2& SSLM 7 v=0
NIRRT TR A — R S 544 N LMMREB 4 T SSLM Jri.

BB (R3, P ) h SSLM AR AAR, & R =R+ pl*/2,pf = p* Jei,RL 5 LMMREB 143 I Bk F: 12,
Pl =2p*+2(1-q)R> I LMMREB ({2 0IaIAIG. 2 g=1 I, pf =2p° B p2 =2p° LT 40,24 q=1 I,
SSLM (¥ 43 BIFR P42 — 2880 0] (0] B 4> 3 5 LMMREB (14 B3R 4280 — 288 R 5 3 5 J8 6 45 £ 2 3R i) i)
g —— %%, Bl LMMREB 5 SSLM 4 AL 241

AT AHES, 7530 L — 5 S 3041 =1 5k (F1)v=0) F ,LMMREB J5 %% {ir T SVDD,MEMEM, MMHSVM
1 SSLM %5 gap-tolerant J5¥2:. 1 it 5 #EAHIE, O

& F1 8 3 — 25 UL W, LMMREB 3l i 51 X\ 0] 1 (19 F 46 PRl 1 285 o, LA AH L 304t gap-tolerant J7 7 58 5 [ 2% )
Z Ak

(3) MR LI 45 K (R 7~ 10) ] LA o6 T i 4 £ 23 8 (AN R 1] 2L, LMMREB 75— 5& #2 1%
R RA MG I v-SVM AT R 280 o R B BEE SR R RN Pk RE SR T I LR s X
BT T B AR 3 28 1A i 4 A 42 P &85 ) (R 2500 £, 255 18 50 SIS 1) 00 48 % g K TR B 7 — s P2 % B U R AR 4
bl A R 5 ) SR T T8 T B 2 N 40 A 5 B NG I BRI 2 S WL T VR A T AR O B A i L
PERE, U H AR R T RO 2 N S s i s /ME B LMMREB 77 v B9 AR 5 # g W1 B0 T Ho At J LA AR 56 05 k6
FLAB A U0 (002 AR ST 7 V245 78 53 25 JE AU S 1N 40 A1 5460 e 448 gt /1N A0 R0 288 D) ) % 5 KAk A A7 30 1 76 BT A s
4R RIS T B B 2 BRI P e

(4) M 8~3K 10 W FH H 75 &I RN GRFE AR A B, ol TS BR8-S IRECHE S N 180 90 A1 45 1 1Bk, AN T
S8 4 PO B A SRR R AR M L N AR SO IR E — e R R RIS TR IR
PEBE.BE G 15 280 G AN ZRBOHE B2 /N R 1S 0, B8R (9288 P8 A &5 ) 52 0 52 2% A% 81K v-SVM Jy 2 IR R il Pk e A
IR A Uy A R B EAR A — i R A BT R 0B AR SO VAV R b T BE R S AT U5 B RN A R AR
B Bl AT R ) e e AR 2 M A A SR B Rt T TR 4 S R T RO (2 1 0 A ) R A B /N A R 2K ) ) B
T KA, T BUAR S5 B s AR =X R e

(5) J34h, NF 8~3K 10 I w] LAFG H, It 5 U A A< B 1 348 K 258 P 5080 43 A A Bk T 398 K A4 e 4 6, 75 Bk
BRI R, T 24 g (230 BT,

4 LERIE

% SVM K T AN R A A 502 10 IR R A T — P K T R e /) s 47 0, £ 3R 2 2T L LMMREBL3E S 51—
AT FT A EREAE R 7 g, 2 W gap-tolerant BRTE 43 AEHL IR 40 FS Mk 8. 53 40, 8 L 51N — A4 il 1)
RZENZH vt LA T LMMREB 27 K34 5t 13 LMMREB 11 5/ — 885 2 A SR 10 ) I e KAk
Je1a] (] b, 32 T+ T LMMREB [¥172 44 58 77 .\ T Hds A 55 B 2006 5256 25 SR 2 R LMMREB HAT AH 8 T oA AH ¢
7732 U S B L PR A A 3 P R AR B4 G Ao B A R P T I B 2 g, v ARG, A R 1 — 2B

Buft ARt AT A S AR S T SCRF R SR [RIAT, JE R 257 v e e SR 40 (1 S
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