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HEFBIUEERSFRHL I (Similarity metric based convolutional neural networks, SMCNN)
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FmEFIRHiESMCNN

MIBEGREE SHHEFRIMBSEAHIRTERANR T, FHEERNEE AL AR

D (X, X2) = ||G(X1) — G (X2)l]

737 B X IE AT, IR & BHESHANIE R AR E 1SRRI IR R ER

(Contrastive loss):
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A5t/ i%: Two-Stream Shared AdvKin Approach
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R i%: Two-Stream Shared AdvKin Approach

EF %I DRITIHR IR K

BB E FMMD

MDY 0= sup [Ex[()] - Bl ()] B FNMMDEY B X

& SRR RS SR RIS, | | N
IR SIER ST SR RIS 2, L ity 3ot et) o)

ST T Z BRI 2
‘ | oot ofot) o)

¢ ZGANREMANGINELR, BUEE

EZJ:MMDE:'QJ?VEXﬂmﬁi | NMMDIREE, BINESHHE)
min Lo = 5 3200 =33) o () ~o(+}),
A ® SEFIHREALSHHHRAECURLES, (2
- (0 2 3) o (1) —o() [, SRS B S IR

¢ [FRARFEEEESHER, HRS
MERAR—EL

20



R i%: Two-Stream Shared AdvKin Approach
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A5t/ i%: Two-Stream Shared AdvKin Approach
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A5t/ i%: Two-Stream Shared AdvKin Approach
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A5t/ i%: Two-Stream Shared AdvKin Approach
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IMIEESS | SLAMEREELER

KinFaceW-I KinFaceW-II UB Cor
F-S | F-D | M-S | M-D | Mean F-S | F-D | M-S | M-D | Mean 0-1 | 0-2 | Mean -
Human A [32] 62.0 | 60.0 | 68.0 72.0 65.6 63.0 | 63.0 | 71.0 75.0 68.0 - - - -
Human B [32] 68.0 | 66.5 | 74.0 75.0 70.9 720 | 725 | 77.0 80.0 75.4 - -
MNRML [2] 725 | 66.5 | 66.2 72.0 69.9 769 | 743 | 77.4 77.6 76.5 673 | 66.8 67.1 71.6

Methods

5%% MPDFL [32] 735 | 675 | 66.1 | 73.1 70.1 773 | 747 | 77.8 | 78.0 77.0 | 675 | 670 67.3 71.9
ESL (HOG) [33] 839 | 76,0 | 73.5 | 81.5 78.6 81.2 | 73.0 | 75.6 | 73.0 75.7 - - - -
D-CBFD [35] 79.6 | 73.6 | 76.1 81.5 776 | 79.0 | 742 | 754 | 713 78.5 - - - -
SMCNN [15] 75.0 | 75.0 | 68.7 | 72.2 727 | 75.0 | 79.0 | 78.0 | 85.0 79.3
;;TQJ'E‘_ DKV [25] 718 | 62.7 | 66.4 | 66.6 669 | 734 | 682 | 71.0 | 72.8 71.3

CNN-Points [26] 76.1 | 71.8 | 78.0 | 84.1 71.5 89.4 | 819 | 899 | 924 88.4
DDMML (All) [56] | 86.4 | 79.1 | 81.4 | 87.0 83.5 874 | 83.8 | 83.2 | 83.0 84.3

AdvKin 75.7 | 783 | 77.6 | 83.1 78.7 | 88.4 | 85.8 | 88.0 | 89.8 88.0 | 75.0 | 75.0 | 75.0 | 814

ESP [27] 746 | 749 | 783 | 86.0 76.8 | 923 | 845 | 90.3 | 94.8 90.2
WGEML [43] 785 | 739 | 80.6 | 819 78.7 | 88.6 | 774 | 834 | 81.6 82.8 -
E-AdvKin 76.6 | 773 | 784 | 86.2 79.6 | 91.6 | 852 | 90.2 | 924 89.9 80.4
Note: The best results are highlighted in bold type, and the second-best results are underlined.
1. AdvKinffeF-RRF TSN 4. AdvKinzZiZBIi T ASKEIHEER,
EEFINGTHIETE, 5. E-AdvKinftFAdvKin, ELALUES
2. AdVKInfiFETREFIHIAL patchiYEERL S I EIE SR RIS EIE
RB75E, REFLE.

3. EEBHEURERNSEET, A5 6. ALUBEMARIRBIZERBRRIGIEES
ZRIMERE RN EUTEMSE, RIS RIZE R,
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Methods KinFaceW-1 KinFaceW-II UB Cor
' F-S | F-D | M-S | M-D | Mean E-S | F-D | M-S | M-D | Mean 0-1 | 0-2 | Mean -
CL 747 | 776 | 724 81.1 76.5 85.8 | 85.8 84.0 83.8 84.9 58.3 | 60.0 59.2 76.2

ML+CL | 77.3 | 746 | 78.0 | 83.6 784 | 858 | 84.6 | 86.6 | 88.0 86.3 598 | 610 | 604 | 783
AdvKin | 75.7 | 783 | 77.6 | 83.1 78.7 | 88.4 | 85.8 | 88.0 | 89.8 88.0 | 75.0 | 75.0 | 75.0 | 814

. 1
‘ CL: min Lc = Tv Z((S (}a}? — yi)dz

¢ ML (EFMMD) :

N
. | | 2 1 2 :
min Lyvp = N E (5 (}’,., = yn) qu(xn) o ¢(Xf?) Hh
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Methods KinFaceW-1 KinFaceW-II
F-S | F-D | M-S | M-D | Mean | FE-S | F-D | M-S | M-D | Mean
PDFL (LE) [32] 68.2 | 63.5 | 61.3 69.5 65.6 77.0 | 743 | 77.0 | 77.2 76.4
CNN-Basic [26] 7577 | 70.8 | 73.4 | 794 74.8 84.9 | 79.6 | 88.3 88.5 85.3
DDML (LPQ) [56] 83.8 | 77.0 | 78.1 | 86.6 81.4 84.8 | 82.6 | 794 81.8 82.2
WGEML (CNN) [43] 77.0 | 69.1 | 78.8 | 78.7 75.9 83.4 | 752 | 80.2 | 79.9 79.7
AdvKin 757 | 783 | 77.6 83.1 78.7 884 | 858 | 85.0 | 89.8 88.0

MPDFL (Fusion) [32] | 735 | 675 | 66.1 | 73.1 | 70.1 | 773 | 74.7 | 778 | 78.0 | 77.0
CNN-Points (Fusion) [26] | 76.1 | 71.8 | 78.0 | 84.1 | 77.5 | 89.4 | 81.9 | 89.9 | 924 | 884
DDMML (Fusion) [56] | 86.4 | 79.1 | 81.4 | 87.0 | 835 | 874 | 83.8 | 832 | 83.0 | 843
WGEML (Fusion) [43] | 78.5 | 739 | 80.6 | 81.9 | 787 | 88.6 | 774 | 834 | 81.6 | 828
E-AdvKin (Fusion) 76.6 | 77.3 | 784 | 862 | 79.6 | 91.6 | 852 | 90.2 | 924 | 89.9

& [ DDMML 4}, AdvKin £ KinFaceW-| _EESEIURAMEFEAE S E
& E-AdvKin FMHERF (89.9%)
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88./.____'\;/‘\ ”
286 1 286}
g g
S 84} S 84
= <
£ 82 { =82 -
= == KinFaceW-I = == KinFaceW-I
S <KinFaceW-1I| | Sgol -KinFaceW-II| |
= =
3 s
> 78T > 78| -
76 : : ' : 76 : : - :
0.1 0.5 1 1.5 2 2.5 0 0.2 0.4 0.6 0.8 1
Bandwidth o> Loss Weight A

¢ L5788 1.0 B, AdvKin 3R18 7 RAEMRE

¢ = | I®EN 0.2 B, AdvKin 3k18 7 BiE4eEe
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1. AdvKin

_ _Residual _
: |
| ' I~ Sofmax |
s FC 1 g FC e L_ED_SSl__!
A A4
EEU)\{% A f Adversarial ? Contrastive *
22 2 2 Sh@trc Share Loss Share Loss Share
4 x 4 " A + Jl: +
| I” Softmax |
| > ’H ' ’ ‘*%' | Los2 |
' |
e B 4
Residual

TREIEE
2. E-AdvKin

= —————————

Distance . =
WVenﬁcanon

|
1 - -—
_ _AdvKin@L) _ _|
————————— |
|
M- 07—
_ _AdwKin(3L) _ _|
____________ |
| |
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: _ AdvKin(3L deeper) _ _|
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|
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L
!
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|
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g=irel

=

AR BRRGIHESEUES FIW [9]:

¢ EEE 1001 zEERY 12 000 £

EPT TR

¢ O CHERXR: T =
F-D R%. F-SRXF. M-D & m m EE
7. M-S §F. SIBS {HZa m b& iy
ik, B-B s, S-S iEEk 2

SIBS

[9] J. P. Robinson, M. Shao, Y. Wu, and Y. Fu, “Families in the wild (FIW): Large-scale kinship image database and benchmarks,”
in Proc. ACM MM, 2016, pp. 242-246.
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& REMEEETE A KD AlgEE. WIESEMNAE (FTiRE)

HEENDE (XD)

llZRER 42458 53974 34828 38312 40846 52482 19286
i 11323 11460 13696 10698 9816 7434 17342 6218

=3 23506 45988 20674 47954 15076 19946 6524

& 1HEiEiR: WS LA EmER
¢ EEXAIEHEE: KTUEE
¢ ESHRE:
1. {f5£28: mini-batch SGD 4. CLABYEE margin: 1
2. YlaE3J=E: 1072
3. #fEEXRN: 22
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Methods M-D M-S S-S B-B SIBS F-S F-D Mean
VGG-Face [40] 65.99 | 58.88 | 74.59 | 71.99 | 64.69 | 64.71 62.87 | 66.25
ResNet-29 [19] 59.55 | 59.08 | 51.74 | 64.81 59.39 | 58.21 56.54 | 58.47

ResNet-22(finetune) [11] | 71.09 | 68.63 | 69.54 | 69.88 | 69.54 | 67.73 | 68.15 | 69.22

E-AdvKin 6993 | 6733 | 7744 | 71.76 | 69.80 | 68.77 | 67.82 | 70.41

1. VGGFace®I{ERA7T VGG-16 {2E7E 2622 FARE AR 260 Hik AKE

& T T T)ER;
2. ResNet-291"9 27F CASIA-WebFace H#iEE Hi)l|4H 29 EESRME
R4 ;

3. ResNet-22 (finetune) 27 FIW Z{EE _AEAFRY ResNet-22 .

[40] O. M. Parkhi, A. Vedaldi, and A. Zisserman, “Deep face recognition,” in Proc. BMVC, 2015, pp. 1-12.

[19] Y. Wen, K. Zhang, Z. Li, and Y. Qiao, “A discriminative feature learning approach for deep face recognition,” in Proc.
ECCV, 2016, pp. 499-515.
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| Index | Loss | Model | MD | M-S | S-S | BB | SIBS | F-S | F-D | Mean |
0 CL AdvKin (CL) 61.06 61.95 62.45 65.35 62.05 61.33 59.18 61.91
1 2L AdvKin (2L) 60.50 64.07 64.17 63.76 61.99 62.23 60.53 62.46
2 3L AdvKin (3L) 64.11 65.65 64.53 65.80 | 6482 | 6342 | 63.18 64.50
3 3L AdvKin (3L deeper) | 63.56 | 66.80 | 65.48 | 65.77 | 65.35 | 64.14 | 63.59 | 64.97
4 SL VGG-Face [40] 65.99 58.88 74.59 71.99 | 64.69 | 64.71 62.87 66.25
1+2+3 Joint E-AdvKin 64.20 67.55 65.71 66.82 66.45 64.78 64.04 65.65
243+4 Joint E-AdvKin 70.07 65.60 77.52 | 71.88 69.72 | 68.79 | 67.56 70.16
1+2+3+4 | Joint E-AdvKin 69.93 67.33 7744 | 71.76 | 69.80 | 68.77 67.82 70.41
L=Lc+ Als+Ls1 + Lsi SL (10)
2L = CL + AL
3L=CL + AL + SL
| CNN | Convl_x | Conv2_x | Conv3_x | Conv4_x | Conva_x H, Convo_x \!| FC1 | FC2 | Softmax |
. .| [3x3.64 3x3,128] _ | 13%3,256] __ | rn_ ... H i
AdvKin 3%3.32 | (37 364 X1 | |3x3.128) %2 | |3 X 3,256 %O [“ X3, ;3“] x3 - il 1024 | s12 | 300
3%3,61 |  3x3 128 " 3% 3,256 " 3x3,512 3 x 3,512 d !
3% 3,64 3% 3,128 3% 3,256 H T
AdvKin (deeper) | X332 | 3364 X1 | [3x3.128] X2 | |3x 3,256 X2 | [3%3,512 i [3%3,512] o4l 1004 | 512 300
v deepen 3x3,64 | ';x 3,128 . gx'a,zéﬁ ) gx's,)!siz [3”’512] ><3 :‘{SXS,!}U ”E
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| Index | Loss | Model | MD | M-S | S-S | BB | SIBS | F-S | F-D | Mean |

0 CL AdvKin (CL) 61.06 | 61.95 | 62.45 65.35 | 6205 | 61.33 | 59.18 61.91

1 2L AdvKin (2L) 60.50 | 64.07 | 64.17 | 63.76 | 61.99 | 62.23 | 60.53 62.46

2 3L AdvKin (3L) 64.11 | 6565 | 6453 | 65.80 | 6482 | 6342 | 63.18 | 64.50

3 3L AdvKin (3L deeper) | 63.56 | 66.80 | 65.48 | 65.77 | 65.35 | 64.14 | 63.59 | 64.97

4 SL VGG-Face [40] 65.99 | 58.88 | 7459 | 71.99 | 64.69 | 64.71 62.87 | 66.25
1+2+3 Joint E-AdvKin 64.20 | 67.55 | 65.71 66.82 | 6645 | 6478 | 64.04 | 65.65
243+4 Joint E-AdvKin 70.07 | 6560 | 77.52 | 71.88 | 69.72 | 68.79 | 67.56 | 70.16
1+2+3+4 | Joint E-AdvKin 6993 | 6733 | 7744 | 71.76 | 69.80 | 68.77 | 67.82 | 70.41

> ®5| 0. 1. 2, 3F 4 AREIFHE (FTIERE)

> T3] 1+2+3 # 2+3+4 NFREF=TEEAWFIEFHEE—IT, 18
FHIERIHERE ST 1536 (512x3)

> E5| 1+2+3+4 RRIIN WM ESR B RS R HE o

> VGG-Face t2BUEENAVFIEAERE 9 4096
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True Positive Rate

KEINEESS |iERt ot 4354
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FMEERIROCHIZ

1 1 1 1
o | ) o
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w— AdvKin (3L) 4E.a — AdvKin (3L) © =— AdvKin (3L) P — AdvKin (3L)
e AdvKin (3L deeper) == AdvKin (3L deeper)|| = == AdvKin (3L deeper)|| £ == AdvKin (3L deeper)
02 VGG-Face 1502 VGG-Face = 0.2 VGG-Face = 0.2 VGG-Face 1
s B AdvKin s E-AdvKin s E-AdvKin s E-AdvKin
0 * * * = 0 0 0 r r n
0 0.2 04 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
False Positive Rate False Positive Rate Ialse Positive Rate False Positive Rate
(@ M-D (b) M-S (©) S-S (d) B-B
1 . . v . 1 . - . 1 . . . y
o a & L
‘_.E 0.8 ‘g 0.8+ E 0.8
[~ -] -1
206 o6t Z06f
£ 0.4 AdvKin (2L) £ 04t AdvKin (2L) = 04t AdvKin (2L)
2 = AdvKin (3L) P w— AdvKin (3L) w e AdvKin (3L)
E o2 = AdvKin (3L deeper)|| 2 —— AdvKin (3L deeper)| | 2 = AdvKin (3L deeper)
st 0-Z VGG-Face = 0.2 VGG-Face =02 VGG-Face
s - AdVKin e E-AdvKin s - AdvKin
) * 7 . 0 0
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1 0 0.2 04 0.6 0.8 1
False Positive Rate False Positive Rate False Positive Rate
© D @ sigs @ Fs
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Euclidean Distance
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w 1.2 @ @
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& {5 E-AdvKin 1 VGG-Face 1&8Y
& MitEE FRUREEIDERZE DB
M-D 70.66%, M-S 65.22%, S-S 72.10%, B-B 63.59%,
SIBS 66.51%, F-S 63.38%, F-D 64.60%
THEEXRIIHESAI Y ERRE 66.58%, HEZHE=
¢ HFUNENTER "§" BN (FFA) | ACRIEESHE
73 5R9EER
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1.2 ' ' 1 ' ; -
s SMICNN (95) s ResNet-22 (16h)
1 CNN-Points (13s)| 1 0.8 ResNet-29 (20h)| 1
n s A dvKin (13s) n ms AdvKin (20h)
w 0.8 7
e S 0.6
- -
= =
= = 0.4
| S
= =
0.2
i i A 0 : : :
200 400 600 800 2 4 6 8
Iteration Iteration x 104
(a) (b)
IINIREIESE KHMREIESE

& SRR SR E ) | 2R S B AR5 A=
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¢ ETFmEIRE, BE T —MIGRMEEREE AdvKin, BF/WIE
AR FE B X R EIUEES ;

& BE—15 EFZEIDRICL 70 SL HET/ERY AL 7%, T BEXY
MESINH;

¢ RBH7T E-AdvKin, XETRMEHEEELIV: 4N T % (patch-level)
RIS F MRS,

REKREE:

& EEHERPIMARZRENTE, LMEEESZEBXITIEGRIRE
F R R ARSI X D 8ESD;

& EENNFEIPS|INEZEGHEIERIE T,
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