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Kinship Recognition Based on Self-attention Mechanism
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Abstract: At present, convolutional neural networks (CNNs) based on local attention mechanism have yielded sound
results in feature extraction of kinship recognition. However, the improvement of backbone models based on CNNss is not
obvious, and few researchers employ self-attention mechanisms with global infermation capture ability. Therefore, an
S-ViT model based on a convolution-free backbone feature extraction network s proposed, which is to adopt Vision
Transformer with a self-global attention mechanism as the basic backbone feature extraction network. By constructing a
twin network and a CNN with a local attention mechanism, the traditional classification network is expanded for research
on related issues of kinship recognition. The final experimental results show that compared with the leading method of the
RFIW2020 Challenge, the proposed method has performed well in the three kinship recognition tasks. The first task ranks
second with verification accuracy of 76.8%, and the second and third tasks rank third. As a result, the feasibility and
effectiveness of the method are improved to propose a new solution to kinship recognition.
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AT LAY R 3 ANMESS
1) SR8k RUE: F T T00 25 5E 1) P4 e Ik
M AARERR, BT Z02Km .
2) ZFEMAEBIUE: A THE M TFREE MR
B K.

3) AW AR E: H bR e B E AR = R
FRERL R, ZAR S T RERN R AR

FEFURBE 2 ST 7R, & AR 7T 3 B 55 R R
R, I B B MBI b 2 o B R R R
AiE, FEXTIR BERFAEHEAT 40 AT, AT 45 3155 J8 O¢ F Rl 45
R HAT, BRRAHE ML (convolutional neural network,
CNN) H TFFAE5 BULE o LR 52 S S 1 4 A g
H I TR B 2 ST I NS J8 IR Bl 7 vk, K2
AL BA R BT = I ALHT ) CNN AR 9 R R 52 3=
M2, 5% VGGFace-ResNet50 ZEFF1--L5 CNN
s R G4 . Tk R Bt FIw |, 5
JB IR R IAENE BEREIAH 80%!, TEAF S A 3 p 45 FH 5%
JEBRAVUNEE, BRTWRIERELA RS RAR
PR LI CNN BEAR RRAR & Hh B2 O K B 5 s
Ao & (Wil %, $0ER), AR BGARA 7 & 1 4 /i X
5 B> 1E 2020 4, A7 # 12 Vision Transformer
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BT EHIA AR, VIT ZER 2B RERT
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XF 5% JE R AE TR S BESE T A K B2, [N, AR DA B 7

2 I8]
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S5 T R B DR AE AR T 9 2% T 45 2R 1)
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Fiizx, PCPVT @it ¥ CPVT rhfi Y i 2% A7 B 4wt Y
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A7 E g, CPE JHid A 4w i AE 2% (position encoding
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5 1) encoder.
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FE SN Y B, HE 0 AR AN x (RC)

T
Attention(Q,K,V) = Softmax( ) \% (2)
\ dhead
head ; = Attention(QW2, Reduce(K)WX ,Reduce(V)WV)

3)
SRA(Q,K,V) = Concat(heady,--- ,heady;) 4
HARMIHE SRR 2 KT S 1R, 55 R H

Attention TP EFHRH AN IR ESH L HRQAK 2 |A]
B PEFARALEE. W2, WK, WY 35l 2 Q, K AV [ 2614 #%
WS NAAEIM BOE R ER kL R )5, TR
AN SR VE R ) BUR BB R T B 41 SRA
Fith. R, SRA & — b SHA TR I E, Refg
bR S oy R E REAE B, (R B BRI T SR N A ROA
PVT (1) 4 2 — MRHIE A &, 7] DU A\ 2] Siamese
W2, F TR 8 o< R ) AT 55

%

o=

e  input XER"is a sequence of embeddings of dimension d of length L

e  output YE R has the same shape as input
e  project X into 3 matrices of the same shape
o query X9 =WXX
O key X*:=W*X
O value X V:=‘ /40'¢

5

X

4 ’ .
e calculate “soft sequence-wise nearest neighbor search”
B

¥

o  “search” all LxL combinations of sequence elements of X* and X¢

o for each sequence position m: output more of X, the more is X% similar to X9

o this is done by weighting the value with a softmax of a dot-product and summing the

values

o in pseudo-code: Y=matmul,(Sofimax,(matmul, (X,, X})), X,)

o inequation: Y=Softmax(QK")V

e  results are added to the residual connection and normalized
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FI T A2 2 P 2% 25 S BB U AR LB FE AR, X Fly RoR
SIS NI RVRFAE, FRAERL& 77 KA x+y. x—ys
xeys 1/2(x+p)iX 4 Bl M0 S-VAT 32 THREEHZHUR 2% 5
ANH 224x224 KNI —5F NGBS, S i H 0 L ARRAIE
] FE I feature fusion BIEBHAT ARG, 15 2011 4 4k
AR

2) % 4 A G RRE PR R — N A B IR N
M %% (full connection, FC), i% FC H 3 M &ERZE. W
A ReLU G B AU — A Sigmoid G EM K. N T
W/ FCZHHEE, S-VIT MBI 1 EMFH 2R
F R4k (global max pooling, GMP) 535 2 = 4%
P 45, SR 5 P 4 R A5 2 3% NHE T 3 2
. N

3) i@t Sigmoid R HUEE 15 BIAH U VE 5, LA
Wr N G 2 A SRR R R,

image 1 —| PCPVT *ﬁi
image 2 — PCPVT Aﬁé

B3 S-VIiT A4

FK 1 PCPVT RFAFHEH T 92 i B 405

)
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Feature fusion
\______‘),_______

(

Stage Output size Layer name PCPVT
Patch embedding P=4; C=64
Stage 1 EXE Ri=38
4 4 Transformer encoder with PEG Ny =1 |x3
E1=38
Patch embedding ' Py=2; C,=128
5
Stage 2 —><E F b . Ry=4
8 Transformer encoder with PEG N> =2 |x3
E, =8
Patch embedding P3=2; C=320
Stage 3 —><K . Ry =2
16 16  Transformer encoder with PEG N3=5 |x6
E;=4
Patch embedding P4=2; C4=512
w _
Stage 4 X — . Ry=1
32 32 Transformer encoder with PEG Ny=8 |x3
Es=4

M S-VAT 94 25 4530 40 56 05 (1 4 i, R 2E
ImageNet ##fs 41 21 T 2511 PCPVT RRAESRHK
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FR) e SR ATV G0 8], 38 5 2] B ARl L 3T 8 A [RI{H AH
R BRI R B R R URORAR 5y H b2 o) #4E H b b
O 3L, SRE T AR/ 4 1 e S Ak KB sk
H i RO I SR A fe 0 R4S N R BE 2 1)1 SUAE
£, T A ORI A £, 3 FLAERS B A
I

3.2 ik E s

Softmax PR 3= B H T fif ¥ £ 43 J5 1718, Softmax
BT 3R A5 1 45 SRAR R B N B o B — R =R
Softmax loss & Softmax Fl cross-entropy loss' > 41411
Y35 2% BR B, Softmax loss 4% 1E i 25 B X B ) i HY
Softmax fHi i KAL.

ASCHEH A Softmax #1285 H O3 2k (center
loss)!"* AT IR A W 2 >, IRy A 0 U RO WAL,
38 R S 1) i 5 £ (7] B gk /I 2 P R B, A8 I 4% A R 3R 1S
FRRFAIE LA B3R 2 0 e 7). BB Softmax i 2k 5
DK (center loss) B WIZ (5) Fis: \

T -
RUSPRY

1 m (i) 1 m 5
L=—Z Zlog P +§;“x,~—cy,.”2 %)

i—1 Wl
2.

-1

Horb, mBIRFEARANEL, wA W EE R, xR ik
B RFEAE, y RS, o, R %Rk B v BT Ig 43 28
FRAEAE A PO AFHRSP AT 2 MR BR AR, B id A 3%
A BT 3G SR 0 2% R RRAE 2 B8 7T, 2A=0 I, YIIZRIN 45
BN A Softmax i 2 B 24 5.

4 SEEmEeh R
41 XWFES5SH

LIS IS N Windows 10 64 Fi#1E R4 . WAF
16 GB. Python ZWf21% & « TensorFlow ¥4 & 2% 2J HE
ZE. NVIDIA GeForce GTX 1650 Al Intel(R) Core(TM)
i7-10700F CPU @ 2.90 GHz (16 CPUs). %} S-ViT $E
FREEY = X 4 T A 2 1 45 4 B, I R 4 i
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BE SR SRR, 18 2 2] R I 95 epochZk 1 T B&
(7735, LABA 1k 2 > 26 0d K5 BUE W S 3 30 4 R i
A B SR R B 3, %48 10 A epoch 5, 15 5 K5
UEHS BEBA BEFHI, % 3] B — 2. S S0k B
2 Fs.

K2 BHEE

ZH HUH
Epoch 40
BatchSize 16

Optimizer Adam

Learning rate 0.0001

4.2 LIGHIEE

KA HATERCR S4TSR E IR EHE FIW
Bk, WE sk 11 MoRBR AR AT ARNRRR, 5 )
1A R MG 2 AR I 3 R Hﬁta&%’aﬁ%% (B-
B). f#%k (S-S). 5Ll (SIBS); & 1 7 LA 4
(F-D). 57 (BS)~ B4 (M-D). B (MS); 4 2 fi%
Z4E AT 4 (GE-GD). AT (GF-GS). ML}
fh iz (GM-GD). BT (GM-GS). BLfli 2 [BAH A
MK R, DERTIRE KR FEAR. H KB KR
NI A n P 4 i,
43 ZER55H

FHA ) S-VIT EZ AT FG2020 Bhik ) 3 4
155 BEAT AT (0 5200 . S0 15 2 75 B0 e IEK & 45 2R bR
HOARI ZH AN S-VIT RN BE 1y sg e, &5 5l 5 B

" — Yo

30 |
25 |
20 |
15 |
10 |
0.5}
ol e
S0 5 10 15 20 25 30 35 40

epoch

(a) R M2k

EAES

N HE S iR, A EENAMEA B TR SRR L R
IOUERE B, ZHA M B LS RN 0.003. [RIEF, MK 4
WA LR F, T Softmax 51 2 AT b O3 26 B 4 1
2 )R BRI 5 T8 D% R BRAIE RS FE 2 i T Softmax
AR M 25T (292=0 ). 1=0.003 [N}, #7357 25 i 25
FIEIERE B2 an & 6 firow, i85 I MoKl 7 AL
SR, B B 43RS T 76.8% ISR TERGFE.

&= B A= A
5] -E “ l‘ij“
e B El?ﬂ ..'

K4 FIW i m ok RN E T

g
S 769
g8 765
5 76.1
& 757
8 753
s 749
£ 745
> R I SRS
& ,,J+\ ‘;r\ (\‘;r\ @;r\ 6°+\B°+\B°+\QQ\‘>Q+\@\
Ne 7 NT HT HT AT N
YRCSE-(aR 1))
BSR4 X REHY S-VITHRURIG YRS FE
- -
0.85 a Y ' -
— Validation accuracy

| — Training accuracy

)

0 5 100 15 20 25 30 35 40
epoch

(b) YLK E

Bl 6 S-VIiT FAI45 2k fh 28 F 6 A

43.1 SEJERKRIUEF 73 A

N T BAIE S-VIT #AIMERE, 5 FG2020 ik 3845
(7 VEBEAT ST R, S5 SR WSR3 Fros. MSEE6 45 Sfnr %,
S-ViT B K FE L HE R A Y 1 14%, FEVIHES 56—,

S-ViT JT iSRG AH A 45 . 11 Fh 5K BE 5% F060 [ BAIE

K EEHT R i 7 o, IR 7 ATRUE H, BTig H
S-VIiT JiEAE 25O R AT IGUE I, A LI A 724 A

S BAF AS 2. 72 GF-GS. GM-GS K &%t 1, Frdl
25 [ 7 V2R E BRI, 1% BB D o6 Zonk i [ B
BUD UL R RSN 2 T B0 R, S5 25 AT,
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Frif BT BE 2R EER IVLHIF) S-VIT AR Servkh, BRAETHER ML MY ResNet50 B
3 TIRGF RS FE. 3 4b, 72 LA L FG2020 Bk FE40 VGG £ T4 E PR 48 SR A EE A T,
F3 5 FG2020 BhEGFRA S 7558 JE o8 RIGERS B X T

Methods F-D FS M-D M-S GF-GD GF-GS GM-GD GM-GS B-B S-S SI-BS Avg.
Baseline 061 066 069 0.62 0.66 0.71 0.73 0.68 0.57 0.64 0.50 0.64
Stefhoer 077 080 077 0.78 0.70 0.73 0.64 0.60 0.66  0.65 0.76 0.74
Ustc-nelslip 076 082 075 0.75 0.79 0.69 0.76 0.67 0.75 0.74 0.72 0.76
DeepBlueAl 0.74  0.81 075 0.74 0.72 0.73 0.67 0.68 0.77  0.77 0.75 0.76
S-ViT 075 080 076 0.74 0.77 0.72 0.78 0.67 0.77  0.76 0.76 0.76
Vuvko 075 081 078 0.74 0.78 0.69 0.76 0.60 0.80  0.80  0.77 0.78
\
0.85 -
-
0.80
.. 075
g
3 0.70
E
§ 065
bS]
= 0.60
8
=055 | , A
i —e— Baseline —e— Stefhoer Ustc-nelslip
g Tosof DeepBlueAl —— Vuvko —e— S-ViT
i
0.45

DV 5 P & @& P P P W
< RTOQT W & & @ 0@' Q < & W
PSP 0

B 7 11 FlsiE e R0 HBRIERE 2 S 2k

Nt AR i ORI PR R, AR ) S-ViT

Tk, B LI B4 %% VGG16. ResNet50 : Z:

Fil SENet50 153315y S-VAT [ 3 T4 AEHR LY, e on

B i PCPVT RHIESR I E T W%, MR CNN (1 3 o1

R H T 1 BURFIE S I X 25 155 8 22 7 TmageNet k: 0.62"

LT B, RO A M S R B

S-ViT — & KIS R a3k 4 Fron. AE LT, BT . & =

P BT BEREJIHL S-VIT WA RS T i ik

UF (RS B, IRk — 2B UEBE Y S-VIT 4% 1) ) 47 1 g B8 9 sz Im o R UL 5 104 FE % Lt

9 ﬁ‘%)ﬁ%%%ﬁﬁ:ﬁiﬁwﬁﬂ 8 Ao, LA, 5 432 = EARIERMH

FG2020 Pk ik FEAMSG J5 0] L, AS R 36 F1 32 TR iy 114 2 0 B AR T — AN F RS — B

BRI EEA SRR, E TR AT B AU KR AR L B EES 1 —FE, AL AT
1) S-ViT ARG 78Uy MR B, R T o5 IR BAf S A TR <R - T B -T2 A R A R - A,

NI PR AIE A B 538 LA 9. Ak (BT BT S-VIT P4 T 43 4 3 =
F 4 AL TSN 4 R FEXTLE (%) TARRHER IR, X AR - T FRER -1 T HORRAE 20 348
Backbone Ace REZAL, B JE IG5 R IIRB MR 4. Wk S
S oo T, 5 FG2020 HEFEAT =4 L, (36T E R )
ResNet50 75.8 LIS &, FTde S-VIT Hik3k15 T4 NEEK

PCPVT (8-ViT) 768 PEOY, K45 T 55 3 4. Hirh, 78 FG2020 = FAAKEAT
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i H AR SN A

Jivkd, AR R AT B AL 4 ResNet50 Y
VGG 1B T4 AE PR 48 SR A EE A T,

K5 5 FG2020 = ARG UESISE T VETERELLAT

Methods (Rank) FMS FMD Avg.
Baseline (5) 0.68 0.68 0.68
Stethoer (4) 0.74 0.72 0.73

S-ViT (3) 0.76 0.75 0.75

DeepBlueAl (2) 0.77 0.76 0.77

Ustc-nelslip (1) 0.8 0.78 0.79

433 SRRXABMWAKZR

1255 3 W H AR RAERTA K N v (BI4E) ik
FHEZN G (AN ) R, X —1
Z %t 2 4 R G LA 2P 1 IE R % (mean
average precision, mAP) 1 Rank@5 1EHi=, W6 AT
N, S-VIT MEZgRISRAT T 58 3 4, RERWI it S-ViT
RILE S 8 5 R B RIS RAT 55 BAURTAT VAN 2k
JAb, E FG2020 1 i R 241 Jy o, 02 2416
TS P P9 2 5 AP 2 ) 4 31| 5 A T

F£6 5 FG2020 E A R T iEMERE L

Methods (Rank) mAP Rank@5
Baseline (6) 0.02 0.10
DeepBlueAl (5) 0.06 0.32
HCMUS notweeb (4) 0.07 0.28
S-ViT (3) 0.07 0.34
Ustc-nelslip (2) 0.08 0.38
Vuvko (1) 0.18 0.60

5 ZERAIAR K AR
AR EE HER JIHLEIF) Vision Transformer

TENFFIESR I E T4 05 CNN Zi Aok, RaRE s

RN PREAE 7 W S U R T . S e SR8, il i
17k LR IR RS CNN AV, 5 CNN 2
7T DU St 3R BGE J& 58 R\ SRS IR AE, 76 3 J8 %
FAR b 34 B TP A, (R A S0 E T
Vision Transformer F1 CNN A] DL7= 4= AN 5] fr) 2 il 43 2
WA 2. A SCEARBEA X Y S-VAT J7 kb A7 i Al
TH AL SE IS IR, (H R4 R RN T ERIE ), 1
FG2020 Fkik#E 3 M55 EReHE 4 a =.

RERHEA BERJIPLEIR PCPVT fE N ET
REAE S B 28 K ¥ 1 AR U7 (4R, AEATD A — Se i 8 1)
B AL A X I TAE %A e,

1) B2 B A BiE= P Vision Transformer

7] LR ETRESREUM 4%, 11 Swin Transformer' !,
PVTY! & [A i) 7] L& % Vision Transformer F
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