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Abstract

Due to the large changes in facial features, the correct recognition rate of the original face is low.
In view of the phenomenon, this experiment proposed a hybrid self-attention block structure for
recognizing faces with facial features changes. For this reason, 26 kinds of micro-plastic surgery
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small sample image data sets were made by ourselves. Integrating self-attention into the bottle-
neck block of the residual network improves the ability of the hybrid self-attention block to cap-
ture the features of each region of the image. The experiment on the small sample micro-plastic
data sets shows that the hybrid self-attention network proposed in this experiment has a higher
correct recognition rate: 89.70%, the correct recognition rate increased by 2.65% compared with
ResNet50, and the correct recognition rate of the hybrid selfattention model with improved con-
nection increased by 1.12% compared with the hybrid self-attention model without improved
connection, and the network performance was also improved.
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1. 5|18

NI FARAE B F7 224 AR . BIRIB B A S iy YOIESE 7 T R ¥EE EEAE A . ok, “IR
BEFS]” I BAER] T A AR, EN T RESUR(Artificial Intelligence, AL, FATTHLAR AIER B2 ]
(Deep Learning, DL)J& JS B0 ik 5 #4) 1) 22 J2 X 2 S ke, FL 2 ) R iy BEASEATT 17 N Ixss S0 A R ) B AR ik
2, M E T RIGE, BN — R AT Al B3R . IREE
SIEEE A2 H bR AR S5 3 ) ST 55 R 22 STRIARAR[ 1], 78 R EIR 22 2 A2 B R iR 0 0 X 24 B A
HEFARZ M 2%[2] (Convolutional Neural Network, CNN)/Zi%Z —. 7 CNN 224 BE & W 4% 2 1 IR
A DLAREUE 2 5 TR B AR S ., X %38 P 2% (Plain Network)ili &, BE% CNN M2 ZHhnie, HE LA
RARA I BE N SR, IF IR N I RE 2B P 1Bk, HARAS B DR g 2 B IR 2 2 IR INIR Bk Bt 2%
B Nk, AL BAAE 8 X 28 R R At BT T AR ZE 48 [3] (ResNets), TEIRJZ M4 Him Nk 22 &
it TRLEE 5 ZE B (Residual Block) [4 1S RAAL S PERE, A6 BEH 2K i) AT 3 1 ik

ResNets 7Eid 2 JUFERIR B 2 5 ez, (HRRAE S ERE N, ResNets 111 5 18 i i #
25 JE2HORBE AR T S i Bk T T LAE, BE A B FRiE R JIHLI(Self-Attention) [5]7E H 2815 5 AL 2 (Natural
Language Processing, NLP) [6]80U HH &Nk #y, WAL E AT ZH Self-Attention I35 dz FH 2 v AT 5
(Computer Vision, CV) [7], BFFCH T UL 38 BAERGRE 1) — L SR . 2liyd = /I8 SANet [8]F1
Axial-SASA [9], AT Self-Attention ] LA/E A RBUBHLINIG 3R, LUK 55— FhI5 [0 VR i i S0
R AA-ResNet [10]41 BotNet [11]/2% CNN 5 Self-attention 45 & 7EBANH ), AR H T —ANHW A
B TR AF = 1 5 4518 (Hybrid Self-Attention Net, HSANet): f Self-Attention % #: ResNet50 Blotteneck
B conv3x3, N conv3x3 FTE T Identity 42 b, FHE Relu WE R AR BIRAb, Hid 785128
81T Blotteneck Hf¥J A% Self-Attention 3.

2. tHXHH
2.1. CNN #F{E[0)n
TE T W B S B K 22 8 ONIN B T s 5 VA B 5 A3 30 3 AR B 8 48 B kiR, S o) T 3 B AR e
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CNN s SEIE I IR 28 JZH0, SRR EAHAIREIE. CNNs MeERUERERT, BRGMEMI GRS
Hih B R AR E IR, 1T ERERAE I i8S (Filter) R BEIRBUR EE R, B EZZI)Z
EARBRAT JE A B B A% X I RS AR RIS K

2.2. BRELHINE

B 7= Bt (Residual Block) /& VR 2 M 48 2 1 %8, PREEEHE (Shorteut Connections) [12]F1E 55 il 4
(Identity Mapping) [13]/25k Z R R34, HA ESEBUE 2 IR 28 2 %O, BRZE S50 /0 AR 22
HeBM N NTATHER R, ¥R ez 458, Wik 1 A 3 x 3 ERZE, A 2 B1x1+3x3+1x1
PIEFUZ B4, HABA convix1 73 51 56 4R 46 AL S5 4E R (1) TAE, R kk 4 1 BE B v Ok, 1HIRE
W2 (1 REAS 2 1 BT KER. W& 2 PoRmaifg, FREOAEN(Bottleneck) 454, IX Fhhk 22 45 4 S 30 1 il
TEE 56 gk PR 3G

H 5 W B 2 H bR R B L SR IR [14], EPAR(DFR RS M S TAERRE, ARQ)M 34
53 T 7 A2 R 1E S5 L 1R B 28 H BR 1 70 20 ik

X
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Figure 1. Residual structure
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Figure 2. Residual bottleneck structure
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Figure 3. Self-attention mechanism workflow summary
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(O.K,V) = Softmax \Q/I;_: Vv @)
b" = Za{ﬂivi ®)

Self-Attention »& & T & ] [A] & Query (FTH Q Bl ¢ ). & Key (WH K 8L k =) FIE Value
E(TH V8 y Zom) = ANE R AR . ARG RMANE o 5EHMME w MHIEHFH ¢,
GFGS)5REG)FM . Wi AR6) T EM ] ST EA M o, IR L R TR (Vd 24
1), 2383 (7) Softmax AL EAE G 0 o 225 v g, BRINBRIE R, WKk EHEES R AR
(Q)IE R B DR BRE 1) B”

3. S
3.1. BIEER

I python Xf A ZR AT AAIRIR, b TR EK Ot 26 (LA, Y 12 N, 14 A, FA
10 25K, L2835k, IAF —LfERAM O ATFM ARG E 3L 378 7K). WE RSN 224 px x 224 px,
R RN BB OOETE N RGB)H, MWL R AT Bdis e, BN RUANL a4, RAL
BB B . PHZSEI B BUN, KR B E R B 2 8:2 Rl ARG, LI
2549 B I RAEAS B RAE & Log SUIHFHL.

S E: A B R, b5 ) 0T A6 Ir = 0.005, alpha=0.25, expansion =4,
I LA batch_size 4 4 Y%k 50 4> epoch. I8 I Hitfs 18 5ok s 4 B BEAT REALEEY . BEALZC A e AiE i
XF B HEAT Y, BRI SCHRBE, ISR R AE R AL . AR A i D5

BN AINEE AR 2R A SR A R U YR B VR 1R TY HSANet %2 Bottleneck Transformer J5 %, UL
D7 T B 1) B+ ResNet50 Bottleneck H1 3 x 3 5 FH B # ik Self-Attention; 2) Identity %42 F ) x
B 3 < 3 B Wil 4 Fros i) ot fE iR & Y 5 S ) S on i AR .
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Figure 4. Working principle of hybrid self-attention block
4. BRABBERHBRTRIERIE

BRI 4 () iRy, FIATEL MR convix1 JG, HifarH ik Self-Attention H, [FI convlx1 J&
f% L HE N Tdentity 821 conv3x 3, Identity SE%H Self-Attention JZ )5, HLEMEFKZER A Self-Attention
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et BEAT ARAE S, SR AR convix 1 B R, W a5 % HHEAT Relu BOSBREL. Wn1%] 4 452K (b) &P
g, FLJREAE 4 Frid M ZET L. BITLRMER N convix1 535 HAFIEE] x: HxWxC, HxW 25
JE IR B, C ZIEIE, x 3N Self-Attention ML, ¥ k 55 g FH3fe nJ 45 = S AH 40 B
HxWxCx(KxKxCh) WAHa , CRKMS, T KxK WX E Position(P)5 q HiFFAHAe S,
REBMEEMAMBERE, BTk SEBMERMAMER BT, E8A C @E%EE FiT
Softmax #HAEMFER M 4, REBFMERNTAEENC,ANREERENEME, 45V REFR%
3 Yo {E CV i Self-Attention JyE15 A7 B 2 A ¥ 5Bk o

7E Identity %42 F 1 E conv3x3 MILHATET, Identity E#2 I conv3x3 5 BN AJ LL4E Bottleneck H4%
4. FH Self-Attention 5 # 2% 1t W25 FR AR ZH P conv3x 3, S [H T H— AN E 458 2 A —4E &1 TAE,
FEAROHMIC R AE 1) 507, DRIt 2 $ i v R R AR B B

% SEIG AR I 0 ResNet50 B W 28 (¥ 5k 22 S 2 ORI B2, (EFR 2R ) B 3R B )
conv3x3 ] Identity 42, 15 2% IR A2 B 33 = 88 HSANet.
3.2. SEHER

N TSR G BRI B TR AR A B R R U RO, A A I 25 158 ResNet50
G e R 25 458 HS ANet(x) PA S HSANet (3 x 3) (B Rl L YR A #E 2 Tdentity 42 IS0 E 797l =2
x Mlconv3x3) 3 T EAERIHEAT 0T EE, FT-IZR 3 M2 (R S 80 B — BUH R BEAH [F] . 4n il 5~8
FT 7 /INEEAS ok B 25 B0 45 1 3 JIAE ResNet50. HSANet(x) A1 HSANet (3 x 3) b AR B RER

tr-loss
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Figure 5. Loss comparison diagram of training set

& 5. MZRERFREITLEE

5 FHYRALFR tr-loss AR ZREIR K, BiALFR epoch, B HHZE R-tr-loss 37~ ResNet50 HI Il 45357 5%,
Mx-tr-loss F%7x Identity 822 x 1 H RIER RGP UIZK, M-tr-loss 7~ Identity EH 2 3 x 3
) BRI E R AR . WE 6 FHRIRT 20 4 epoch 7] LA B M-tr-loss HIZ8 T8 25 R FEHR, 5
30 4™ epoch 1 M-tr-loss I KA LEBL/NIBRFE

Kl 6 AR tr-ace RN IR IEMIRGIZ, BEAAPRZ epoch, BH HIZE R-tr-ace %7~ ResNet50 [ 1E
BRI, Mx-tr-ace 7 Identity 842 x 1 H FyFE B TR SR ZREHIR A2, M-tr-acc 7~ Identity
L 3 x 3 B RIER IR ARG IERIR R . 78 B AT 20 4~ epoch 7] LR IR A4 % HSANet (3
x 3)F1 HSANet (x) IEAf 1R 5 % (ace) E T PRI HIEHIIR B &, Hd M-tr-acc (Bl Identity 472 3 x 3
) BRI B IR AR K IE MR IR R R R R . = AR 1P E IE AR R B R (Avg ace) Al & IE i
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P2 7 (Max acc) A: R-tr-ace H) Avg acc & 89.0350%, Max acc & 98.1418% , Mx-tr-acc HJ Avg acc /&
91.7801%, Max acc A& 98.7654%, M-tr-acc Avg acc 5& 94.4301%, Max acc J& 98.7757%.
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Figure 6. Comparison graph of correct recognition rate of training set

& 6. NZREEFRIRBIZEXTLLE
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Figure 7. Loss function comparison diagram of verification set

7. BEUESRANIR S R Ex EE

E 7 s ARR 2 val-loss FRANIIEEDR, BIAARRAE epoch, TEHHT 20 4~ epoch T] LUK IR G AR 1Y
(Mx-val-loss Fl M-val-loss [ A2 H FyF: 5 IR ROV R BRBC R B R, 7EJ5 10 4> epoch FRARX T3
i 2 MK EREL, M-val-loss (R Identity B4/ 3 x 3 () HIRIER JTRA BRI R RAKH .

8 AR A val-ace RARIIELE IEHHIR A, BAAPRAE epoch, FLAT 12 /> epoch A LLK IR A 15
I (Mx-val-loss Fl M-val-loss VRS B FE R A IE6f IR 5 2R (ace) b FH8 2 HR IE HIER IR A2 &,
HH M-val-loss (B Identity 822 3 x 3 19 H RIER IR 1) IERHR )% T % St B
R-val-acc ] Avg acc J& 66.8275%, Max acc s& 87.0270%, M-val-acc ] Avg acc & 72.1407%, Max acc
/& 88.6486%, Mx-val-acc HJ Avg acc /& 76.0003%, Max acc /& 89.7011%. M 6~8, 7] LL A& I HSANet (3
x 3V R AR TR 222 3 o 28 v b FRARLY

FHAE IRl 545 fl-score. macor avg Al weight avg, 7E/INFEASTHRE 2 B F B0 45 b 47 4 22 VoGt R sz
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B, XPEL 3 AR RYIZRI SR . RS RR ISR b, HSANet (3 x 3)I#- IR bRk,
N | AR AR 5 X b =R 2 1k e -

val-acc (%)
100

90
80
70
60
50
40
30
20
10
0 epoch
1 35 7 91113151719212325272931333537394143454749
R-val-acc —— M(x)-val-acc —— M-val-acc

Figure 8. Verification set correct recognition rate comparison graph

[ 8. IIESRIE MR A AT ELE

Table 1. Three kinds of network performance

= 1. =MEEIIERE

X 2% fl-score Macor avg weight avg
ResNet50 0.50 0.50 0.50
HSANet (x) 0.53 0.52 0.54
HSANet (3 x 3) 0.60 0.58 0.59

N T UL SIS AT AE Identity E4E B 3 x 3 BF, o FH ol 15 2R & &L 5 7 & J7H HSANet (x)
b, 7EiZS2IeHE S - HSANet (3 x 3)MIZ5MEAEIE T- HSANet (x), 3% LA i) ResNet50 A1 5 i
HSANet (x)IEAT XTI, 7E92 1 W fl-score 2 f1 73 B0 i i = o0 FEBERURE I B2 (1) — R FE AR 16], RIBEAUREH
KNG B2 — A4, macor avg N7 P2 BT A RIG-FIIREHE; weight avg JINBCEI X 72 F 35
[ —Fhk i, 5 REREAN R REA KA B AEAS o RS HEINAL, DRGSR 1 i 110 {2 1 2 7 P 44 A 7
REREATF[17], 3 FhIZEA7 B HSANet (3 x 3) 3 TU4EARHAR I & 5 T o fth 2 Fh A28 A5 70

T LRI, 7E ResNet50 F Bottleneck HV I Self-Attention B, I EIFHIBCE . 2 AN IEsE
I, HSANet (3 x 3)NAE NS H &AL ResNet50 Al HSANet (x)%5 . W14 2 7% = Fbr o] £ A B 76 I o8 25 80
REE R T7 .

Table 2. Benchmark methods of the three networks
< 2. ZHMEREET A

oA 2% ;(;ZVZ?;S/B\Z%() Params size (MB)
ResNet50 286.55 89.88
HSANet(x) 300.76 66.64
HSANet(3x3) 302.35 97.54
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4. B4

BF XIS S B S IR e, A T O A N B R SRS, AR SO AR R R

1) HIFE 26 SR N Hois 4k

2) FJE HSANet (3 x 3R & B T & 1 45 4 A

HSANet (3 x 3)/%Z Bottleneck Transformer 5%, ft ResNet50 ] Bottleneck t{idk (1)7R &8 1 it &=
718t HSANet (3 x 3)BHUFE Bottleneck HH &5 Self-Attention 454, K Identity 342 Ff 1 x 1
UM 3 x 3 B, N T SIVELLEBREE T HSANet (x) Identity ZERAIBRIME RN 1 x 1 %), 7E Identity
R L WE conv3x3 5 BN 0] LU HE R B R 48 ) Bottleneck B, SZEL T HLpN H RER i
M RIRRFIE, S5EEAm IR0 R4S A, R m A o 3R 4 R 15 R N 3k Ak

BRSO IR G2 B BIE R IR, X o AN B R B AR s R R T, A
UFHRFAE AR ARG R T, RIS R AT TAHR A A7 i, BT SRR 28 N iR 5l A 1) = AT 5%
FETERR T PR IR IR N, S D BRI A, i — AR I 2R 1 e

E&WE

[ 5% [ SRR 23 4 T H (62141206); 3838 AR FHEEEE T H (2019D01C337); FHALME K2 25k i 2
RN RAAL(YSXSIS22002);  HHALINYE K LR 5 3 12020 Y SBS005) -

SE 3K
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