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Robust distance metric learning algorithm based on nongreedy solution

Zeng Fanxia, Zhang Wensheng
1. Institute of Automation, Chinese Academy of Sciences, Betjing 100190, China;
2. University of Chinese Academy of Sciences, Beijing 100049, China

Abstract . Objective Distance metric learning, which is task dependent, is an essential research issue in machine learning
and image processing. As a usual preprocessing step for classification and recognition, distance metric learning method
enhances the performance of machine learning methods, such as clustering and k-nearest neighbor. This kind of method
aims to learn the underlying structure of distribution given the semantic similarity or labels of samples. The optimization goal

of distance metric learning is to shrink the distance between similar pairs and expand the distance between dissimilar pairs.
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With the development of machine learning, many distance metric learning methods have been proposed and applied success-
fully. These methods use 1.2 distance to measure loss. However, the 1.2 distance amplifies the influence of noise with the
square operation, because of the unavoidable noise resulting from the complex application background. This situation may
make the observed dissimilar and similar pairs respectively appear to be further apart and closer than in fact, which mis-
leads the learning. Thus, the existence of noise leads to the poor performance of distance metric learning in machine learn-
ing and pattern recognition. Existing robust distance metric learning methods usually adopt L1 distance rather than 1.2 dis-
tance, aiming to diminish the distance scale of pairs simultaneously and thus reduce the influence of noise. However, by
adopting a kind of loss for similar and dissimilar pairs, these methods neglect the different optimization directions between
intra- and interclasses. Therefore, a robust distance metric learning algorithm based on 1.2/1.1 loss with nongreedy solution
is proposed. This method adopts more discriminative loss and improves the recognition performance in the presence of fea-
ture noise. Method Based on marginal Fisher analysis (MFA) method, the proposed model adopts 1.2 and L1 distance to
measure the loss of similar pairs and dissimilar pairs, respectively. In details, it considers the influence of noise on intra-
class and interclass scatters separately. Affected by noise, the observed similar pairs may be closer than the truth, and the
observed dissimilar pairs may be further apart than the truth, which may leads that the punishments on pairs is not enough.
Adopting [2/L1 loss, L2 distance gives more punishments on similar samples than L1 distance does, and L1 distance gives
more punishments on dissimilar samples than 12 distance does. However, the model is nonconvex, which is involved with
both minimization of 1.2 norm and maximization of the .1 norm. Hence, the existing solution for trace ratio problems are not
suitable for the objective function. This makes the object difficult to solve, thus a nongreedy solution is derived. First, the
objective function, which is a ratio, is transformed into a difference of two convex functions during each iteration. This
process makes the object easy to solve. Then, inspired by the idea of the difference of convex function algorithms (DCA) ,
an iterative algorithm with nongreedy solution is derived to solve the object, and a projection matrix is learned. Analyzing
the algorithm, in fact, an auxiliary function of the object is generated during the iteration, which makes sure that the value
of objective function decreases. Lastly, a theoretical analysis of the iterative algorithm is performed to ensure the conver-
gence of the proposal. Result Synthetic experiments are conducted on five UCI ( University of California Irrine) datasets
and seven face datasets with noise. The nearest neighbor classifier based on the learned matrix is used to compare the per-
formance of related methods. The proposed method outperforms other methods in terms of accuracy. First, when 5% ,
15% , 25% , and 30% feature noise is added on five UCI datasets, MFA-L2/L1 achieves the best performance and exhibits
robustness against noise. In addition, the accuracy of MFA-L2/L1 is 9% higher than the second-best method. Second,
during the accuracy comparison with varying dimension of projection based on AR dataset, the proposal beats MFA, which
validates that using the L1 loss for dissimilar pairs makes the proposal more discriminative. During the accuracy comparison
with varying dimensions of projection based on FEI dataset, the proposal beats LDA-Ngl.1 (non-greedy L1-norm liner dis-
criminant analysis) , which validates that using the 12 loss for similar pairs makes the proposal more discriminative. Lastly,
based on five face datasets with noise, MFA-L2/L1 behaves better than other methods in terms of robustness. Conclusion
This study proposes a robust distance metric learning method based on 12/L1 loss, which adopts different losses for similar
pairs and dissimilar pairs respectively. To solve a nonconvex object, the object is transformed into a difference of two con-
vex functions during each iteration. By virtue of the idea of DCA, an iterative algorithm is derived, which generates an aux-
iliary function decreasing the object. The convergence of the algorithm is guaranteed by a theoretical proof. Based on the
public datasets, several series of experiments with different levels and types of synthetic noise are executed. Results on dif-
ferent datasets show that the proposal performs well and is robust to noise based on the experiment datasets. Future research
will focus on local distance metric learning in the presence of label noise, because the label noise makes the observed distri-
bution deviate from the true distribution more than the feature noise does.

Key words: distance metric learning; robustness; non-greedy algorithm; marginal Fisher analysis ( MFA) ; classification

and recognition; 12/L1 loss
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A, x; 5 MFA 7E30(2) Fragse SCHIA], 2ok B A
IREALE S, AR Dy, 2w - ) R
ARRPHE FEIGE A ok A AUREALE S, 14T 1
x; MR A T Sk A A EEALE D, (97710
o MR B o S T OTEFOR MR RN R
ny xny, BB C, € SCH R FEVE L (cll, =

Y Y lc, | bR REECE N, B

/M 12 JEECR B R AL L Y54, MFA F1 LDA-
NeL1 (RS A IS A, o T ok
TEAR R SRAR ) R, AR SORF 4 5 — Fh A ST AR Y Ak
SR SEPUB R MR AR , O 8 ) SR A
2.2 KEEEE
5 MFA 1 LDA-L1 #BUAH b, MFA-L2/L1 1) H
PR B R R P AU TR . 2 A LAE
(Wang 55, 2014) Hyg 3l 1 FUE R 2 J5 %, HARPRAL
K (5) mTfedeh
W, = arg Wr?“i]nIG(W) - A L(W) (6)
XA, G(W) = u(W'A'AW) | L(W) = |BW|, ,
A S e - D REBGEAEE W, SR B AR
BREE, BAAK
o - tr(W_A"AW,_))
T Bw
M F(W) R G(W) — A, L(W)
arg min F(W) =
arg minIG( W) — A, L(W) (8)

wiw =

(7)

WL B AR R (8) Bl AL, A,y TEEACRAE W,
B E B A E S b, Bk, itk F(W) 1
SR GOW) 1 L(W) PAS M R B 22, %
DCA ( difference of convex functions algorithm) ( An
1 Tao 2005 ) HUVAEE & , 7255 ¢ AR g W, B,
FE A ERR k FRORK AR W, B R AR B,
EHMEEAREL ¢ K55, Al A A2 f P 81, B eh
[l AS LS YRR AR RS W Bl
Y e oL(W")
W' = arg min G(W) — A, [L(W') + (9)
r((Y)(W-W))]
X, YOS L(W) A W' R UOB B
IWH(W, W) = ((Y)" (W -W)),
LW + (Y (W -W)) = L(W) + H(W,
W) & L(W) ££ W' Gbi— B Taylor JEIF3L, *fF
JPH(9) AR E R
R E A (9) gy W
F(WH) < F(W') 1807,
WEW i F Y L(W) 7 W' AR R RBE I, A
L(W) = L(W") +A_ H(W,W") 55, il A
F(W™Y) = G(WH'Y — A, L(WH) <
GIW™') — A [L(W") + HW™' W) ] <
G(W') — A, [L(W") + HHW' Wh)] =
G(W') =\, L(W") = F(W")

e Rdxm {ﬁﬁ%

HERE
MER LA H, g 7850 (9) w43t — R 50 H
W14 H AR R F (W)
151 (9) HE 500 iz H AR e (8) B AR
%
{Yk = Bsign(BW")
W' = arg min tr( WA"AW) — A, H(W,W")

(10)
A, sign( - ) R THEMZ TR 1 A%, HAK R
sign(x) = { bx=0
-1 x<0

FEFFAIE(10) i, & F W R B0 L(W) B
2 . RS (10) H SR AR B3 W
HirsR Bk T2 WRS, IIFLSBNE, A
2ATAW — A, Y =0 SRfEA1E

W= %(ATA) Y (11)
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WAL S, nTA SIS T YT R WA B i %
Rt B (10) ALK L EARL R )
B WS ¢ GOEBER I W, SRETRA W,
ASRAG A, o

PE—4, BRI W IEscHE AR WW = 1
n] 3 33 1F 32 58 38 — 2] 8 (orthogonal procrustes
problem ) ( Green,1952) W = arg Wr?vinln wW-W|, %k

figegk, gy W= UV, Hr, UR VIR KN
Hod x bk, Rk, xom B IEASHE, YR B W, 195 0
43§t (singular value decomposition, SVD) |k, ZIEFE
A ER N B UL E AT, MFA-L2/L SR 1Y
ST HARSIRIT

WA X = [x,x,,x,] e R™" HUBH4
YEPRE m | SAEARRE T, [ E A, A AR S AR
ML IEIRE € o

i BOVHE W

I : BRI R AL BSE A6 RE W, |, (i 2 1
MWW, =1 %1 =1,

D) #(7) BEHT AL

D)4 k=1,W =W,_;

3) # B (10) T 1 AT R Y

A FIRAR LD HEH Wk =k + 1

5) Krr N ER 41 5 (10) J2& 15 3l 2 i AU 1k 5%
P 2 A U B s e ) AR AR B T A,y ISR Y
W, s AN IR PR 3)

6) HHE KT W, B8 S8 /3, SRS ¢« YA AR
B W, = UV

7))t =t+1;

8) A A A5 W M S ke > T
o AT R UL [m] 25 B 1) 5 o 1 U oAk AL, g

AW,

MAEARTRRIIHT , JTH Y AR A — > %
T bR (8) A48 B e& %, B3 X (10) Hh oG
T W H b ek B, 75 78 2% A0 72 b H Ar eR g
X (8) TRE, BN FAGL XS W k47 B AR
fift, & T AR B ARGk, DR Bk LU 38 ) 2 1) B 4
AT NERE
2.3 BEERWSEES T

EERRE T KA W, I8 A R AR
a W, FA, PSS 5 B S A R R BIE o

ERL2 B AR HERR A (S) TR

WER: G e (w,), FoR X W, 1955
AR, b FOREE B 105 AT R
i B AT =N 1, o

b' .

H 7“)!,:1 | R sign(b'w,) (H450E:HK 0 B, 4

Hog 1), AT By o el 7, W, 4% Hbs F(W) T
e,

2<w,>;“A“A<w,>, -
S e () B ()

/\t—l Z

=1 ‘bi(wl)t—l‘

2 (wl);r—lATA<wl)t—1 -

Yo (w) L (D) B (W),
DYDY PN ()
FRAE A P —iti BU 25 AN 5550, 750« IRkt S
B0 -1 YGERZ ], MR RE W BES e
w.A
(b'(w) )"0 (w), ., < |6 (w,),| b (w),,|

=

(13)
YR B 1 n, MmN, WA
(b'(w),)'b' (W), B ; -
2 ‘bl(wl)t—l‘ ZL, ‘b(wz>;‘\
(bi(wl)l—lyl‘bi(wl)t—l i
. - i =0
D e e LA A

(14)

XFFBOE A W) m DG )R T
A (14) A(12) 7533
2 v ATA(w), = A 2L [B(w)), Il <

z (w) L AA(W), = A, Z HB(Wz)H I, =0
=

=1

(15)
e, 5
> lAaw), |2 > lAw) IR
<A, = (16)
; ‘B(wl)z‘ ; ‘B(w[)t—l‘

A
r(W,A'AW,) _ (W ATAW, )

IBW, ||, e T IBW,_, |,

(17)
P, FAReR B (5) fE AU R R T e IEER
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R T B EAS SO I B R A O, SE gy
HFE 5 4~ UCI( University of California Irvine ) 45 £E
(Dua F1 Graff,2019) #1 7 4~ A £ dfi 4 i ImAIq]
FRJE AR GRS | AR SC RO AUR MR - AT X T o
ORI A TR, B S5 TR I Gk A rh g
A AR MR R, 2 5 BT R AR
R PR AR SR AR E A AT 202
3.1 UCI#iR&E LHskie

NI BT AS SCRETEA [R) R P MR A5 T B PERE
2 SE 8% KL F Statlog ( Heart ) | Parkinsons ( Little £,
2007) .Seeds .Sonar £l Wine &5 > UCI %38 4E (Dua
I Graff ,2019) JEATJ5 35 % oo UCH Z4m 4 5 8.
TR, R RRIE RUEE 5 RUBEA — 02 R
SERPPANY R B A DR IE AR B A REAR AL R 1,
AR MRS (1 SC, LS IO 3 FEAS 1Y 3 03 45
AR N 0 B¢ 1 AERAEME R, 235 A F iR 5%
15% \25% F1 30% Fe A7 BT , 3507 L P 5 AR
X REABCRIARFAE BB | B AL 358 BORT 107 5 i A AR
FNAERE AR o N RAEFIMHAE W B 7 ¢ 3,
ZX A EAE 100 W BOE AR s

x1 UCIHIEERER
Table 1 Characteristics of UCI datasets

LIG/RE S AR ERRIR ek
Statlog ( Heart) 270 13 2
Parkinsons 195 22 2
Seeds 210 7 3
Sonar 208 60 2
Wine 178 13 3

YEF] LDA-L1 ( Zhong 1 Zhang, 2013 ) . LDA-
Nell (Liu Z,2017) . MFA-NgL1 . MFA ( Xiong %,
2014 ) FiI DNS ( discriminative null space) ( Zhang %%,
2016b) 1R % e J5 o AT MFA-NgL1 B A, 78
MFA BIREARSGER T RIS LDA-NgL1 AH[R Y L1 46
L5, LDA-L1  LDA-NgLl ,MFA-NgLl F14% 3¢
MFA-12/L1 Jg T340 % 15, MFA #1 DNS J§ T-3F %
R#IE . LDA-LL BB DA 0. 01, Hofdy i #4438
TEIEOT IR BCE . RS ¢ DA MFA-12/11

Fea) 2 (10) iR B 1 = 1, i T LDA-
NgL1 Fll MFA-NgL1 SEFF %5 ¢ UGk AR TR,
i SR e 1Y IR AR UCER, PR I 8 R AR B
100, GHEFESIEARRE ¢ > 100 BRI 2
AWl
ar

i AE A AL

18 100 YHEAT 33 B h 1ok AT T A [a] B BEAIL
T, & BIETE R — BEALA T T ORFR IRl — B LG R
SE G A% F 2 804343 B (principal component anal-
ysis, PCA) THEEH 95% BTlR 3 19 Lo M4 p , $80%
FEMFAEEBCE yp + 1o SRIENHES PERES R
Srmlange 2 A 2 fiR .

x2 FHEEUCIHEE FHXKHAZ
Table 2 Ranking of different algorithms based

on UCI datasets experiment

Bk 4
LDA-NgL1 ( Liu %£,2017) 2.75
MFA-NgLI 3.15
LDA-LI ( Zhong I Zhang,2013) 4.60
MFA ( Xiong %,2014) 3.70
DNS( Zhang %£,2016b) 5.40
3¢ (MFA-12/11) 1. 40

T L A IR g 2R

MFE 2 FE 2 0l DUA ) AR RS T
MFA-12/1.1 )3 B H 45 17 00 E 8 1 , 7E Parkinson |
Seeds Fl Wine %45 4 I iy 14 BE 4 2 B HC Al X L
Jitk. HAE Wine $4i4E b, A SO M HER 2 5
RAGTTHE LDA-NgLL 4 22 53 00 B ., 24 e 7 7 i
AT 15% ~ 30% I, It 4 5 vk i ME A %6 L LDA-
NeLl 5t 9% o 7E 2 (a) oY, AR SCT7 36 B AR AE
Heart F1 Sonar 504545 [ i1 EBS I T LDA-NgL1 |
MFA-NgL1 1 LDA-L1,{HE 2(b)— (d) .~ , Ffi Mg
FERREE T, MFA-L2/L1 (9 P B 720 W7 i ik At 77
25, 57 B 22 S L B W i K. Mg 4 A
I Z 18] Y 722 4, Bl M 7 R 14 i, MFA-1L2/1L1 L
AR PR, ZRa SR R ], MFA-L2/
L1 FEAS Y S 56 00 T W 5 di 4 B3R B — 2 i &
Bt
3.2 AR¥IFEE LHXE

Y BARH A MFA-L2/L1 I MFA AR T
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Bl MFA-L2/L1 [l LDA-NgL1 IMFA-Ngl.1 [ LDA-L1 [ZJMFA [ ]DNS
1.0

iR

Heart Parkinsons Seeds Sonar Wine

Hidi
(a) 5% LL

Sonar Wine

Heart Parkinsons Seeds

A
(c) 25%ME T L

iR

Heart Parkinsons Seeds Sonar Wine

Yt
(b) 15%ME L

Wine

Heart Parkinsons Seeds Sonar

Hge
(d) 30%MaFs L

B2 4 USRI 7 (0 32
Fig.2  Accuracy on UCI dataset under different levels of noise

((a) noise rate = 5% ; (b) noise rate = 15% ; (c) noise rate = 25% ; (d) noise rate = 30% )

Jriki 2S5t SR AE AR ZdfE 4R (Martinez 1 Kak,
2001 ) b x 9 Ao 5 32 AT X BE L 12 KI5
UN;-AZVIEACITE SR S G V€I TR SN
2 600 MR, It 100 N (F %45 50 ), BN —
2, B 26 M, ALAROL IR A S 7 (Rl AR 5% |
AR IE 15

SRR MR 50 x 40 RERAYIKIE KR,
XSS EHLBE L 6 i B R, B 05 1523 B A

0.95
090}
=085}
=l
0.80 - MFA-L2/L1
© MFA
0.75 : - :
100 150 200
Fig-3
(a) HumgEps

15% LL A BEATLE FIRUER M s P AR 5 A2
A BENLEER 13 5 ERAE A I GRE A, ) 13 E
B RINAAE A . S250 g5 55k AT PCA {7 95%
P TTRREE X BT A FEAR A TRT AL B . 45 07 125 1 52 5
WHES UCT 4900 — 30, e s 1
BEAILYE, 52 B A 10 3, X be T SOV TR
80 ~225 ArZ (A PERERfL, P4 R A&l 3 .

HH I3 AT 1, 7 e S HRe M 75 1 X 1z 1) - 13 ()

095
090} A4 R
8 :::::#I‘==::f§_‘_—}: o—0—
=085
&
0.80F - MFA-L2/L1
© MFA
0'75 1 1 1
100 150 200
pidi S
(b) HEEMERT

K3 78 AR Bdla 4k b MFA-L2/L1 5 MFA 583 1 R 8 0] He 2

Fig.3

Comparison of accuracy between MFA-12/L1 and MFA on AR dataset( (a) patch noise; (b)salt and pepper noise)
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W MFA-L2/L1 () HEREEFT MFA . FEARER 15 75 1 10
XTREAFIE 3 (b) v, MFA )14 BE b6 4 52 3% i & A=
TR TR, Z SR PR RS E s MFA-L2/LL (1) P BE Pl
HEFEIG N LI, I MFA Z J5 DR AR o AT
SCHTIAR , W 7 AR AR 2 SR T L2 R SR K
B, 22 A 2R ML M SO TRl A6 T
MFA-L2/L1 RA L1 $i 25 ¢ R Ta LR, HA B ar
R o PR, 8565 S5 AR A, BT X R R
FH L1 5155, MFA-L2/L1 XF 2R [ AEAR R T 7 8 K i
TEST] FEAR YR S0 AN () 28 B e 75 2 0T 7 P R AR
T MFA J7ik.
3.3 FEI##E&E LXK

HF MFA-12/L1 5 LDA-NgL1 Wi fflE sy 4k 2
PAE UCTFR AR bk vk AE A FF Y FET AR
W AELE ( Thomaz A1 Giraldi,2010) b X P fp 5 5ok
1TH# . FEL AR Bda 4 84E 200 4~ A (5B 44 100
) TEAS A BE A BRIREE T 945 14 16 RGB &%
SEIG [ R HL 6 s 1200 MR G (3 R 1E 1
NI AT IR AN

SEEKE MR 32 x 32 AR R MK E EA .
T TAT 9 S0 5 48 T AN () e 75 7 3 A e 7 2 R g 1
DL, A FUERRE— T e A5 1 100 T 1Y Pk BB AT B 4%
Z:7% Chen 58 N (2018 ) (1) 5 =X, X 454> 28 51| Bl #1126
2 Mg R, 72 BR  BE LRI 25% BIR R A5, 8
HMJEAIE o BIfE R 255 - a VENGEMFS, B4
FABEHLIEE 3 5 T R AE R AR A, A A
BAERINGFEA . FE TR E A 5255, MFA-L2/L1 £
LDA-NgL1 ¥35 A [ (4 55 B0 Ui £k Jr =0Fn 2 AR 48
125 o Syl G 2 36 235 R 1) BB AL , 11 25 4
LR oy TR 10 W, % 4% 2 45 BE AE 100 ~
250 4rZ [al A PEREAE Ak, -3 A5 R A 4 BR .

0.95

—o—H4
0.90 M
R
= 0.85
0.80 - MFA-L2/L1
-~ LDA-NgL1
0.75 L L
100 150 200 250

YepE

Kl 4 A1f FEI $id54E | MFA-12/11 5
LDA-NgL1 5535 iy HERf A 0] L 4G
Fig.4 Comparison of accuracy between MFA-1.2/1.1
and LDA-NgLl algorithms on FEI dataset

H1 1] 4 ] %01, LDA-NgL1 (-1 e Bl 4 1 19 in & A=
T W MFA-L2/L1 1) VERE B ZE B2 4 i &2 90 |
THEaH AR AERE N I6 2 & T LDA-NgL1 . i T
PR AR SR 1 DX 1) 3 AR TR RS 19 SOA
[&], A% LDA-NegL1 15 ,MFA-12/L1 R 12 ik &
SCENHUE AEASR LS h 3T} 1 SR
3.4 SHONRBRHEEELLNEAEIH

Ny T k2P AR MFA-L2/LL 5 (6] 26 5 v
e RE, bR T #E B LDA-NgL1 , MFA-NgL1 , LDA-L1
MFA F1 DNS LS|, b 2k BT 28 MUy B2 627 o) 5 ik
KISSME ( keep it simple and straightforward metric
learning ) ( Kostinger 45,2012) . H:A#f, DNS F 35\ i
TSR AR A /Y F5 23 () o 2 ) 78 5 [, KISSME
TR NREAS TS FE A P B 7 22 50 R
T LSRRI, PR 7 ik A SO R MR AR o |, oy
WE . I, Sy HAE [ 48T AT b, 58
BB E WA A AN L SR S T — B ks
B R R BERLIE , Y1 258 A 4R 1 R 7 2o B AR
HIZ 10 . T4 3.3 WS R AT PCA AbHE,
S TEREIT JCROR 22 5, SLER AR AR R PCA R
95% HY TR, X T A AEAS EAT RTAR B S S A
Bt S i £ BRI 75 =CanF

1) Senthil $4fa 4k . ZBIEE M S DA 80 &
NI ERAB L, B 45 16 W, SR, S5 4 i K]
BEEH N 32 x 32 AR R MK IR, IR G M B2
SFEALEIR 4 05 EARAE g e AR, JF 555 3.3 1Y
A7 A 20% BOMR R MRS . (e RS20 b BE AL
TEIR 6 WR T RN 2 e s RRAE IR AE AR
P HVE R IAREA . BOZAERE R AE S N 25,

2) Yale (4 4 ( Belhumeur %¢,1997 ) , Z 501G
BERAE T 15 S ARy 165 MK &I, 5 45 11 1,
SCEGI S AR R 32 x 32 AR R K
KI5, SR A S B LI I 3 R 5, I AT AR
ey 15% BOBEHLEME RS o DA A4~ 28551 v B ATL 8 B
5 MR T G AE D U A o6 T B MR 7 &1 4 T
FEBAE R INGRREA . B AR R 4ERE RS Dy 40,

3) ORL ( Olivetti Research Laboratory ) % 4 £&
(Samariafll Harter,1994) . iZBIBERE T 40 1~ A
7 400 WRE A R, B 4510 R SEER N, o 45
i 5 e oy 33 % 28 MR I IKBE R, SR 5 X
AR BEHLIE I 3 MRS, A 15% HY BB i A
YRR REA . BRI AR BERLIE IR S W T4+ 5]
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PRAE AR A TR 0 e 75 P& 5O T i R R A
WIGRFEA . BOZAERE I AEREBEE h 35,

4) Caltech 342 ( Weber,1999) . iZ %155 %
BT 31 ARy 450 iR A B, o 5 2800 Ry
LIEEE, AR BSOS 5 ~ 29 IR A5,
SCEGI, SeR IR R E T O 193 x 162 R AT K
JEEUG ARG R4y 32 x 2T 1R 3R . H BB R
ST R A I S SREAS 8 28 50 4 B A
WP REAS, TEH AR BEAL RIS B P A Ry 1
FOREAS I 3.3 97 A 25% HUIR RIS
BRI BRI — 2 R A T I ZREEAS R R
—2PAEIEAEAS . SRERE 4R R B E S 60,

5) UMIST %4 ##£E ( Graham #{ Allinson,1998) .
EHRERE T 20 DA 575 TR ARG, Bk
L 19 ~ 48 MEANSE , SL I, Sos R i R 5 e
32 x 32 ARFR WKL IEIR , SR 5 X B2 00 B
PLEEI 10 W5 G AE e P e A JF4% 26 3. 3 7
FMA 20% IR R MR o DEEAS 28001 b B IL 128 Hi
A REAS S A T G AE D A, AR Y

W PR AT LR NGRS . BURZHE R 1 4
JEWE N 25,

5 A NI HHE R 1 SL R A5 R AN 3R 3 s, 1 5k
B R IR IR T, MFA-L2/L1 J7 3k A0 F HA O7 3%
£ MFA-12/1.1 \LDA-NgL.1 \MFA-NgL1 #1 LDA-LI JL,
B, LDA-LL BPRRERL 22, U 7E T4 07
LR TSRk, R Z ) SRR 0 5% 05
IEMERERAEE . IZIR TS — 2 i BRIk TR 5T
BEITEM L . X LDA-NgL1 \MFA-NgL1 £ MFA
(25 5, A BLHIT P I B0 AR AL S, BT SCR ]
L1 $58 55 200 18288 P 302 RS [8] J0%E R 58 23 $2 715
TR . DNS J7 3k REAS (2 A9 St DN 7E T K s
S s (W) A PR A LR GR RE T AT R . KISSME J5
5 e g Rz () 2 o) B AR B, R R A AL
ARHELS b , (A PR RE R B, I — ki oA
Liao 2% A (2015) % SCHK H A I EIIE . X FEAS [ 9
BT %, il T MFA-L2/L1 J5 35 FHAS R] 1 4t
SR A ERE RS (8] BROE A6 52 36 1 I P s b
HA — 52 & PRI 3

R3 ESHPARBEELARAEZHNEBENLER

Table 3 Comparison of accuracy among different methods on five face datasets

/%

Senthil Yale ORL Caltech UMIST
WIReS

defE = 25 4EE = 40 HefE = 35 4EfE = 60 dJE = 25
DNS( Zhang % ,2016b) 63.5 77.87 — 83. 81 67. 44
KISSME ( Kisstinger 2 ,2012) 76.0 80. 27 — 94.51 97. 44
LDA-LI ( Zhong I Zhang,2013) 77.25 79.07 90. 5 91.53 78.18
LDA-NgL1 ( Liu 4,2017) 83.0 86. 67 93.2 96. 65 96. 56
MFA-NgLl 82.0 88. 67 93.3 96. 56 96. 74
MFA ( Xiong %,2014) 83.0 87. 87 92.4 96. 65 97.89
A3 (MFA-12/L1) 84.0 90. 27 9.1 97. 02 98. 11

T IR RN ARG R —" TR R T 60% , AT .

BT R M 7 X 2 2] Tk AR, AR SCHE
W7 — R T L2711 45 5% 1Al 9 A A 6 b R
) B R H AR e A T 1 SR A
ko ARSCRRE I 0|75 PR 7 X S A REA RIS A R
AANEPEACT5 1) O 52, (5 o 2 B8 52 A0 B HAT Bty

A . BEXTIEAL FARAR A SR K A IR, HE
T T —FE AU AR AR RSk . 72 S 4> UCT Xt
T AN BT T O FONWRSE 5, 45 R 3%
WY, AR S A A 30 LA 5 ) e M A A
k.

MBS R 58 BB o ) AR T B R A
¢ iPS EYSEANA A PO R TR IS T S P U
00 5 A B LS o0 A B DR P T AR A =0
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