5571 S F oo Vol. 52 No.7
2024 4E7 H ACTA ELECTRONICA SINICA Jul. 2024

k& Z WA Transformer g 57ELL A H 27 > 1Y
L DRI o SR 3 2 AR

Zrm,rER L ERE, FEF, BEEC, KR
(1B AT K25 B AR BE  VIPURG B 330013 52, 1B 43530 K A4k 24 ¢, TP G B 330013)

#OE: IR WAEE . R — A FLIR I B UG S P AR AR B BB R 45 Tk SR 4
J&) IR 3C, 1 Transformer /S BE A 185 38 Jm 3 4010 . A SCHE 6 & 2 LA Transformer 4% 5 72 2k fll & 5.5 > 9 2LAR
JEE 8 T R AR 4 2555 8 (Multi-View Transformer Online Fusion Mutual Learning , MVT-OFML). ¥ ] ResNet-50 (Residual
Network-50) $2H E G R ERRFAF , B 11 Z2 90 Transformer i iS B i 2k G TP 42 )5 1R 30 B A Logits Al (AR 1R 2
F 7 OFMLHESE , SE P ResNet-50 5 Z2 H0 A1 Transformer 2 A5 e (0] X i) % 36 TR, 41 2 A4 W0 28000 380 %0 L 52 i LR R
PHPR 02 . SCIFRH , 7E BreakHis Al BACH 2038 4E |, MVT-OFML () HER 3R Fb i i 2L 26 20 B $E T 0.90% #12.26%, F,
VME R B 53 B4R T 4.75% F13.21%.

REIE: FLIRIE MR 25 s Z A Transformer s BRI N 45 FEL AL & B2 )

EEWHE: ERAKREFHRES (No.62161011) s VT4 5B & -0 5 0550 B (FB5EEDD) (No.20223BBE51036) 5
ILT9 4 B SR B2 2 4 (No.20212BAB202006 ) 5 71 75 45 # BL #L K 10 H (No.22TQO1 ) 5 V174 4 #0 & /T B+ Wi H
(No.GJJ200628,No.GJJ2200639) ; TLTE 4 5T £ GHT 4 4 (No.Y €2022-s546)

HESES: TP39I XHEARIREE: A XEHS: 0372-2112(2024)07-2369-13
L F 3 URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20230305

Breast Cancer Pathological Image Classification Model via Combining
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Abstract: Breast cancer is the most common cancer in women. The single neural network used in breast cancer path-
ological image classification has the following defects: the convolutional neural network (CNN) lacks the ability to extract
global context information while the Transformer lacks the ability to depict local lesion details. To alleviate the problem, a
novel model, named multi-view Transformer coding and online fusion mutual learning (MVT-OFML), is proposed for
breast cancer pathological image classification. First, ResNet-50 is employed to extract local features in images. Then, a
new multi-view Transformer (MVT) coding module is designed to capture the global context information. Finally, a novel
online fusion mutual learning (OFML) framework based on the Logits and middle feature layers is designed to implement
the bi-directional knowledge transfer between ResNet-50 and the MVT coding module. This makes the two networks com-
plement each other to complete breast cancer pathological image classification. Experiments validated on BreakHis and
BACH show that compared to the best baseline, the performance improvements of accuracy are 0.90% and 2.26%, respec-
tively, whereas the corresponding improvements of average F, score are 4.75% and 3.21%, respectively.
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JEE DX AR A0 7 i 78 48 B 9 o) 240 A 2 A A T A
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TR FH A& TR A AL 354 , CNN 2 2 B EMG T iy
&R E TN XFEER.
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ARAL AR i S O RRAIE , AR A O R AR BARAE . TR
[ 0 £ 22 0 ) B i 4 5 AN [] , 5 4 AN ) 24 2 %) PR A
TEAR 52 BIAH R 4 B2, #5052 5 FAE 2 FEA TRl G . BT
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H (SR
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MSA (Muti-head Self Attention) J& £ 3k ¥ & J7 #L
He LN R KR IH—4k, MLP (MultiLayer Percep-
tron) J& 22 JZ AN, © A48 2 MM BGE AR
1055 PREY GELU (Gaussian Error Linear Units ) g FFHEZ .
MZ 2B RAF R L RE R
3.2 EL&BMAEFES
TERSZE KD | Y20 -2 A 0 28 75 15k 2 BRI it
FAMGIIVERE T RE . SEZ KD AHLL, 7EZ KD B A
WY P34, 00~ A= I 248 R [ I S it 28 TR 454 . b
TAEEK G Logits 2 .t ] R7AE 2 2k 42 48 5 14 CNN Al
Transformer 75 [8] 1) B AM7 &, MVT-OFML 454 2 /4~ ¥
40 I 12 Logits i A S M RRAE B RS (5 S, 72
G35 H S I 2 22 [) P g BT e [ W I 2 011 4
BN 2 SR 48 22 TR A 2R 3 SR &R
TELR G v A8 24> S 3 I 2% 56 iUAH
2 AT ResNet-50 E 8 £ M4 1,5 3.1 12
LA Gt Transformer VE R T W25 2. & m P il N5k
TR EURFEA Ty X ={x, }, HFEABR SRR Ry Y=y, }, H
,yel, 2, -, m},i=1,2,3, -, N. ResNet-50 1 Z 1 £
Zi i Transformer i H FEAS x, 14 m 25 0 BRALAE 2R 430l o
SR (6) F(T)
exp(z)'/T)
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z exp(zy'/T)

P 1= 2P (7)
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Hodr |z J& ResNet-50 [ Softmax JZ ##1E , 27 & Z LA
Transformer A MLP JZ4F4E , T R 28R, THE A, Xt R
14 RS M S 0 A B . DRI, 8 AR B (A L L)
i B ARAL A Bl T AU AR S B ) R 42 4t B &
AP E B BRI, $2 T FUAR s B IER 0 28062 . h
TR BRI A 2R TE IR ARG B2 T HE SR A A

TAINERES  H T2 ETFRG B
P BB A& 1R 7R B A ZE AR Logits
AT

_4Lty
=5 (8)

AR IR B 28 SRR S TR
L= 2, >, 1y, m)log(p? (x,. 1)) (9)

i=lm=1

TERF U ZRh , B I3 2 4544 ResNet-50 F1 2 £
Transformer 2 % 2% 59 [ 06 FE AR 52 B Al & o0 25 48
I AR PR SR B RO R A R IR % % (Ensemble Patho-
logical Knowledge Transfer, EPKT) , H:45t 2 fif F KL 1% B
R IR

Ze

Lepgr =Dy (P.llpy) (10)

X F 2530 24 5%, ResNet-50 F H brdit 2 iR E0E X

S BMARSS 5 IR Z 8] A 52 SUR 2K L, PR R

B HAAHEGE T 2 T 2% 1 BAIR S Rl G r 26

O BN B AR A 0 e 6 32 R 2% S RS o 26 AR

BUPERE XA USRI . TR 5 70 2R 45 00 i S = p 42

P 252 3 R JT) KLU A p, I p 2 11 22 52 (B
Dy (plp ) KA T

N

M
Ly = 2, 2, 13- mlog(py (x.. D)
. Sy, pr(x;)
LFPKT—DKL(I’1|IPf)— ;;Pc (xi)Ing,ln (x)
L1:Lllml+T2><L;PKT (11)
XL TR — bR R, HoE R
Ly,=m
0, y,#m

L, ResNet-50 1 50451 25 pREL, FH ResNet-50 [ L),
PR ANl 5 53 AT Ly TR LR . Ly 935 S0
W 265 A A AR RRIE I AR A P RE . RG4S
A v )RR )22 B 2 8 g AR AR 45 A~ =T M 4%
o A I GBS 3T RO, i FE AR A A B
HEEFL (Fusion Pathological Knowledge Transfer, FPKT) ,
W Rl 53 AR 09 SR AL E S8 00 A1 1R 3 B B A T I 25
PR T M 45 Logits i tH 1R F RlG 43288 2% 1Y 9 260
T APk RE

[ 2, Z2 P £f1 Transformer Z fith 2 1Y G4 2% pREICER
A (13):

Llp=> > 1(y.mlog(py (x,. 1)

i=lm=1
Yoy o Pl (x,)
Lir =Dy (pallp)=> > pl(x,)log =

P> (x,')

i=1lm=1
Ly=Li+T* % Lipkr (13)

1(y;,m)= (12)
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HRAE (13)6 7 3 LUAR R A il -5 BRI TE S 4
2, PR AR AL 38 00 AT W 4 i 1/ T2, S, B AR
SE B
L=L+L,+T* XL e (14)
20 F T P R 43 SR 2 R B I R, FLA )
MG At ATE BRI A 8 1) 45 T 20 B vh O B 2R A
Ykt B, 1Za B2 AR P2 o e B 15 5L . TRl Rl
53 3K RG B R A% BB T 2% 30K
1 il ResNet-50 F1 22 #0 f Transformer 2 i 25 M S5 ¥4 14
o ] RP AR J2 27 2] S8 228 (I BRI L T a0 2K
B A 32T 7 A T2 e RN TR [ 4% B Rl
S, RN A G Ay AR N k.2 A T ZE 1Y Logits
iy H TR 28 1R RN AT B T DR B T i B 0 2 A 1 )
AEJD, 20 T W28 FIR & 73 S 8 A B  HoA AR ST
Sy PREG o3 247 4 08 H1H

4 SWERMIFESH

4.1 HIEE

AR SCAEFH 2 A4~ FL R0 A ok 50 R AR T B A v R
B BARETEAI PR

(1) BreakHis : ‘& A3 4 Fl A [R] (549 Bl K A% 5, £ 45
40 175 . 100 1% . 200 1% F11 400 175 , & 7 FL IR 20 20 B 2
EI14 4 31 RGB il i& , 51> RGB i i85 /& 8 i i fa IR
JE . 45K 3R EIE R 700x460 14 % . BreaKHis B 1 4
£ 45 2 408 5K [ P b J8 518 R 5 429 5K I M i g (5]
1% . ik EMR R AR IC N LT 8 FllE 7 2 — .« 2L BRI
(A) EF4E 95 (F) (IR (PT) VIR BRIE (TA) L &
B (DC) /NIEE (LC) B (MC) AL Sk MR
(PC). AR 353 BI4AAT BreakHis 40 45 2 43 25 1 8 43 2%
SEH . Mixup 5535 6 UG B0 4E DR AT 4 £ RGO
RE AR AU o 400 RURS: . 3 1 )2 Mixup 3 58 J5 9 Break-
His ¥4 408 4 0 A 135 00 .

(2)BACH : BACH AR 4fg B4~ K& v i 32 2298 i 2K
R ¥ B3 R AR e S IE F (Normal ) | R 4 (Benign) |
JEAE I8 (Insitu) FETE I (Invasive )4 285 . i B2
FNG IEH R R 25 0 A e BRE A 480, g D A7 R i
PREEA A i 2 B S 42 7% 400 5K RGB 3 3 8 ]
B AR E R G A R AR BT 3 . Ak R R
2 048x1 536182 K R FE RE N 0.42 pm X 0.42 pm. %2
25 T Mixup 3438 J5 1 BACH Bl 45 70 1 15 10 .

F1 25 Mixup HHRIR 2 S8 Break His BB E S 158

S i

HR RPEIRIR | G | kR | B
D B 4 1736 3 800 744 1629
BSR4 6 944 15 200 744 1629

F2 23 Mixup HIEIEE 2 FHBACHEIIEESHIER

HIE M
Ml - | B g | 2
IEH | R | Ao . TEH | B | R A .

JEIEEEgE | 70 | 70 | 70 70 | 30 | 30 30 30

SRBOESE | 280 | 280 | 280 | 280 | 30 | 30 | 30 | 30

R 2B AR ARG Ay PR T AR K
25, Bl G LT J 52 55 A7 By T 0 4 M 55 i MVT-OFML
AR (e
4.2 ST

AR SCAE AL FL F PyTorch W S0 BE, 91 76 £ % 2 B
GTX3080Ti ) 1= P RE Ml 55 #% L 58 L A3 2% . o 173K
PR Ac A PERE , 1 F Adam TRALES , 91 UR 24 2 R Bl &2
S E S 0.01.,0.8, B 08 R 5x107* 412 sR i iy
AR L TV E N 4. LR h B & 0T 22 2] A Bk A
MR 284 Mixup 3458 J5 1328 40 ROST Ry 224%224 g A
FERY IE DA 64 FHEIR /NI ZR 300 58 UK . YINZREE RN
EWE N T3, T WA A, AR SO A AE R %
AUC K505 A R AN F S5 A FE PR
4.3 XWHER
4.3.1 7EBreakHis##E&E FHILIER

H5E, ¥ MVT-OF MLELAYAE Break His g4 172
YR8 432, 5 T FL I PR RS o AU E
R LT R . AT HMER R AE0R R A B3R F 3 AL
X AR BR R AT AN R B A sl IR AR, 75 2 7028 bk
AEXT EL AT EAIES L nZR 3ONE i A ) s

N3 TR Al ) MVT-OFML A E 40 1% 2 43 84T
5 Wik 3 99.77% (R B AL HERR R, 5 fe s ViT-DeiT
A EE , MVT-OFML B AU 75 4 A48 b5 v 24 B B 0, DL
THE 0T & Y, MVT-OFML #8558 5 5 00 KRR 40 L 5
0.25%~1.53% , 3% ¢ B MVT-OF ML #5873 2% 0l 35 L i
T R oy SRR . T I, AR RO A 4L
T, MVT-OFML B RUREL T 5 APEge , (XA a5 T2 40
£fi Transformer ZfiB s BEI . T HURAEEL, 2B &4 5
P GUEER S 2 S = sl d T T L U ON e GRS a5
% 3k & , IDSNet (Intrusion Detection System Network) .
DCET-Net . RANet-ADSVM , ViT-DeiT £ 5143 5| BUA5 i
YIHERG 2N £ 90.98% .98.79% . 94.29% F1198.72% , MVT-
OFML #5 % I U158 T 99.64% 1) - ¥4 Ut i %%, MVT-
OFML A HAFE bR OB 23 4 R AN F, 23400 /-1
PEREAR AL, A T UE B T AR g e fa e R e

5 B AR IDSNet HL A, MVT-OF ML B AU 7E 40 7%
T RHER R KSR H R F B BT T
8.27% .9.28% .8.71% F19.23% , 1% 1% 25 T MVT-OFML £
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£ 3 BreakHis H#E&E F MVT-OFMLAER 55 75092 4 2 MEREXT EE

Eo MU T WiRs KRy ONERA GRS TR 2/% K 2/% Al /% F 53 80%

40 91.50 90.55 91.00 90.54
100 90.40 91.23 90.56 90.78

IDSNet ! 2020
200 95.30 95.33 95.66 95.39
400 86.70 89.35 88.42 89.47
40 99.00 99.47 97.38 98.41
100 98.08 94.79 98.91 96.81

DCET-Net '® 2021
200 99.34 97.66 97.82 98.82
400 98.72 98.22 97.65 97.93
40 91.96 93.83 94.91 94.36
100 96.83 98.52 98.30 98.32

RANet-ADSVM ¥ 2022
200 98.05 98.92 99.15 99.13
400 90.30 93.17 93.56 93.35
40 99.43 99.38 99.46 99.40
100 98.34 98.31 98.51 98.35

VIT-DeiT!"" 2022
200 98.27 98.32 98.27 98.23
400 98.82 98.57 98.78 98.65
40 99.77 99.75 99.71 99.77
100 99.56 99.74 99.54 99.44

MVT-OFML 2023
200 99.76 99.65 99.43 99.62
400 99.45 99.30 99.69 99.33
40 0341 0377 0251 0371
N 100 1221 1431 1031 1091

PEFHE L

200 14017 1331 1.16 7 1397
400 0637 0731 0.96 1 0917

TRV LI X 26 S5 K 70 43 1) P S5 ) D9 286 22 (1] ) B 4P
95 BN R . 5 0BRSS A VIT-DeiT #H H , MVT-OFML 7E
400 15 T BUERA R SRR F RN F 4350430 42
T+7T0.63%.0.73% .0.91% F110.68%. VIT-Dei T AL F] JH %
J& 1 Logits %t , 1 18] 2 Ba0 37 A0 BR AR AE K 78 20 ]
JH . # )2, MVT-OFML $T 38 T % #4 CNN HI Transformer
B A () “ 8387 B IS Logits J2 AR 2 R ASE
8 5 F4) CNN il Transformer #5574 [0] () B 4ME B, 7850 &
PR B S B L 0 (o B R R A . 25 1, 5
BRI TTIEM L, A ST MVT-OFML & S A 1Y
Ak, P 4(a) & Break His BdE 4 524325 ROC HH
2. & 4(a) 7R , MVT-OFML A 5 ROC th 4 E# 4%
VT (0,1) 5, FFIL B ARSI AY 450 XFFA Lk R AUC T IA
#]0.998 7. L5 H ROC Hh £k EVE R T MVT-OFML
TR T8 43 % #% CNN Fl Transformer B B 7E 2% H HFAE 24 2]
FR A, SRR 2 [ (1 B A MR B A, SR B
FL 0 95 R MG R RAE R O AR AR ) 45 PR RE AR A, T
X FLEERTBR R I 2 70 AT 55 2 e S Y . AR
T MVT-OFML A FE 4 B[R HORAS % _E AR R MR
TEM R bR RS T Bl gE , HE—20E R T MVT-OFML

FOALEAT KA A2 AL RE 1 e K Ak . R, o isi i
MVT-OFMLER FUBRERE BRGSO AT 8000

L2 50 254855, FLAR R B EUR 2 i KA 55 E
PR . B MVT-EFML S B 7E Break His 2048 4 [ #E47
8 /NIy S 4 N 4 CHBLER ISl e LR 45 3 ) B
7. TAVRE (I VERG R RS 0% 43 R A F 430X 44
Fa bR R Al BN [R5 1A I HERE . 18] 4(b) f& BreakHis 204
£ L1338 2 ROC T2k .

AT A A SR R 2R (BreaST-Net)
MVT-OFMLBEAIAEATA] R Fe 1] B R R e A o ek
B GRS REIT IR AT . 40, MVT-OFMLAERIZE 4001757k
KAER T 83241551431 99.63% e HEMERG R . [AIEE,
A TR R AP HER AT , Deep-Net "' AnoGAN>
(Anomaly detection with Generative Adversarial Net-
works) .BHC-Net'?”! BreaST-Net #1123 51| S 1 - Yok
ERE 4 :93.08% .92.78% .93.29% #1193.40% , MVT-OF ML
RIBUAS T 99.36% (1 i B FEAIERRR , HHAFE bR ORSi6% |
A BBRAF 50 FPFEIHERE AT MVT-OFMLEE. X3
B JCIE M A R & T REA R, MV T-OF ML A Y
HOIEAATAY A8 TR T AR S A R il R e
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(b) ZH2AE5 I ROC 2k

€4 MVT-OFMLEL#I{E BreakHis (4R [ ROC 1th 4k

R4 MVT-OFMLEBIZE Break His BB E E S H M E R A XM K MERESTLE

FET MLk ik R ON R HER /% FE 0% /% A ml%/% F 5350 %

40 94.43 95.25 95.55 95.39
100 94.45 94.64 94.64 94.42

Deep-Net"""! 2020
200 92.27 90.71 92.24 91.42
400 91.15 90.74 91.09 90.75
40 99.15 99.64 99.46 99.78
100 97.09 98.07 98.49 98.22

AnoGAN ! 2021
200 87.58 88.19 92.82 90.62
400 87.30 82.77 92.50 88.23
40 94.71 95.25 95.55 95.39
, 100 94.60 94.51 94.64 94.42

BHC-Net " 2022
200 92.35 90.71 92.24 91.42
400 91.50 90.74 91.09 90.75
40 96.00 — — 95.80
100 92.60 — — 92.40

BreaST-Net 1! 2022
200 93.50 — — 93.60
400 91.50 — — 93.20
40 99.19 98.93 98.88 98.46
100 99.05 97.44 98.90 97.77

MVT-OFML 2023
200 99.60 97.88 99.30 99.33
400 99.63 96.19 99.54 98.45
40 3.191 — — 2.66 1
100 6.457 — — 5371

FETHE B

200 6.10 1 — — 5731
400 8311 — — 5251

T " FORAINL TAE AR SRS IR 25 2R

5 {1 3E4E BreaST-Net BB Lb , ZEATA] R A5 %
T, MVT-OFML #5 7] 215 58 B 52 g PR g le . i an , 78
400 fi5 L RAT ZR AT LA SR 5] 8.319% MY R Rk, A5
B T4 A R g S R . R A, MVT-OFML
BEHUTE 200 5 ORAT R T EH T 5.73% B F, 50 Bk .
(AR EE R, 5 AT A0 Lt , 7 400 5 R A%
AT ARG B R RESCHE , MVT-OF ML AR 7 GEAR 47 4b B R

KA AT 24 R 2R 1 56 , Z LA Transformer Zifich
A REAE N ST TR R P O B4 A SO ARE , A
b BRI 5 2 ST B R B, AN B 2= 2 3 2
1145, BUS B 4Pk Lk, MVT-OFML S RUEX 45 Logits
2 A RVRRE 2 TR A $Z 88 544 (Y CNN Fl Transformer 5
RUTA] B B AME B, B B S B W g 5 oo R
CNN I Transformer BRI ZE £ H FFAE2F 2 TP EE Y, $2H)
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4.3.2 7EBACHHESE FMXWER

Y5 BreakHis B48 4241 LU , BACH B 45 P 1 15 43
PeR W m, HINA R S E L R iy R AR
FU SR MRS B2 B AR B 70 26t B HR AR . BOR
TAE BACH BUE £ L obA7 70 JEVERE LA, PRANAY 52 FE 45
AN S FTR . MVT-OFML B 5 F 51 3 i 5L 2% it
17l %% : Patch+Vote™ . Hybrid DNN (Hybrid Deep Neural
Networks)"™' | 3E-Net™ | TransMIL"* | MA-MIDN"
(Multi-view Attention guided Multiple Instance Detection
Network ) Il MSMV-PFENet (Multi-Scale Multi-View Pro-
gressive Feature Encoding Network ).

SUG 4 BRI MVT-OFML #5807 45 2545 48 B3
T AL, 5 IR B2k MSMV-PFENet 4 Lb , LA % |
K e 1 WA F 538058 0 $& F 2.26% . 3.10%
3.03% Fi13.21% , MVT-OF ML B B 3 0 B2 5K (1
o P PG B8 A TR AR 4. RV KRS ) BACH FL AR
S PR IER P AL A R RS L (HR 2 & S A TE
JIHLH Y Z2 40 £f Transformer 2 i A5 He 5E v 1 1 $2 1%
)R R SUE RIS CNN BRI 4 I |

U S SR R I R B, T I P S
TR BRH 2 1) 70 T S ), SIS R e ) RN A 1 32
PERE , X F I MVT-OF ML AU S8 B 1Y . eAh,
TELR RS B I HLHE i T 2 A . ResNet-50 F1£
LA Transformer Ji i 25 HE M T B TEEMIE 24 B L2
AP E AR, AL AR 24 T A 1Y
URIZ IR AR T AL B R G 5332, 50 24 T ZE Y Logits
RN AE ZE TR AR R R A TR o S AR 1 A
1.2 E T MRG58 BN, R F LR 3
FEUR 2592530 0 A, A e 2o 2k

& 6(a) & BACH I MVT-OFML #5584 (1) 43 25 1R 40
. 7K 6(a) ', BACH I 4 MR GBS0 28
PEfE. IEHREUGR R TAREAE D Hor B BR R AT
TFREARIE S R R | R SR T 3E A X LA ) kg
— 2 SR AR B I DR A B g  BE. E6(b)
MVT-OFML#ELRI ) ROC #h4k . #EEI6(b) 1, MVT-OFML
FEATIAS A AUC 4 0.997 6, 31X B MVT-OFML %5 1 2%
BRI TS .

LR A AEFR TN . MVT-OF ML #5558 i 2% 3] 31 &
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JRUSF UM g o B G Hp ) S s 0 M5 8L, 4T 2
P 6 25 HE B LA
&5 MVT-OFMLAEZIZE BACH #{#R 5 E 5 HthFim AR MERETEE

BN %
FT M4 a7k s HERR | RN | HEER | F
-~
Patch+Vote ™ | 2019 | 85.00 86.77 81.91 84.23
Hybrid DNN ' | 2020 | 95.29 94.46 94.43 94.31
3E-Net"! 2021 | 96.68 95.46 95.45 95.46
TransMIL? 2021 | 85.83 86.90 84.69 85.78
MA-MIDN™' | 2021 | 93.57 96.18 94.26 95.18
MSMV-PFENet™ | 2022 | 94.80 95.20 94.89 94.79
MVT-OFML 2023 | 98.94 98.56 98.48 98.67
FETHE L 22617 | 3107 | 3.031 | 3217
40
R 30 0 0 .
30
¥ e 0 0 »
&
5 2
R igitear 0 1 s
10
1w 1 0 2 14 5
0
R R Rtk EE
T AR %
(a) 453 FATSIRIGHEIE
1.0 —
I”,
0.8 ,//
w06 //
g /”’
i,
02 ,//
// —— ROC curve (area = 0.998 6)
0.0

0.8 1.0

04 0.6
pER
(b) 453ZAT55 1 ROC 2k

E6 MVT-OFMLAEAIZE BACH #E4E I 1945

4.3.3 HELE

VAl MVT-OFML R 2438 73 52 bR BTk , 4791
Rl o3 BTS2 55 . T Rl 43 B S 56 7 Break His 2408 4R 1 8 43
FAL 5 5. Bty TP AY , 445 : ResNet-50
(#5#0 A) | Transformer (% B) . ResNet-50+Transformer
(FEAY C) . ResNet-50+Transformer+ 22 ¥ £ 4 15 (455 5
D) .ResNet-50+Transformer+ 2 L fi i +EC (BT E ) |
ResNet-50+Transformer+ 2 1 ff1 25 % +AFC (B Y F) |

ResNet-350+Transformer+ 22 i £ % 1% +EC+AFC+Mixup
HR R (5 G) MVT-OFMLEE R Hirp “EC” £R %
By dn , CAFCT ORIl G KAy . LA R ik 6
J7s.

N3 6 7~ , 5 ResNet-50+Transformer (F2%1 C) 4
L, TS0 22 B £ Transformer Zi AR5 | 455 A1 ERf K
M 42 =5 4.81% , 31X F B Z2 0 1 Transformer 2 A% X+ L AR 92
P BRIEMR 03 SR A R . AEREARY D By BEAL E 5303 fm
RIS 4% EC (BEA E) FN3E finfl & 43 26 % AFC (B AY
F), e BE ST B4R T 0.77% F13.08%. XMW, il & 4>
KR G 3R RO AR o e e Bk T A e )
B BRI A G R AT R G, T A AL R S5 A R AE ]
HITCARER | BT LARSERY P RREE TH AR X 385 . AR, 1A
Rl P24 AFC R, —J7 T, B 23 H G I Rl G R H 544 )
ZRINRAE 5 75— D7 T 3 L Fl G BRRIREEHS FPKT, 7857
I KL BB Rl G 53 28 2 B SR 3 43 A1 [l 4% 31 B
FILE . AL 5 G o3 28 R i TUAR B B /b KL
B R, Rl 402 AT LA S I 245 B 1) W B A
S A, SR S TG SR I TR B 2 KL AL
FERRSSH/IN, Al A A8 45 A I 2% () W BHE 5 TR 55, i
I, AR 2% 1Y Logits 4 HH R ELSEARZE I AE SURHR R 2345
S I 25 B R A W . LI A B AR RS
FPKT H1544 R 2% (1 Logits % i 2 2456 5 [ 2% 24, (2 ok
W8P B SR T AR B AT R A Y 2 5

Rl A3 284 i 28 ok A SR I 4 b 1 TR SR e HELE
B A AFC, Z Al Transformer & A5 b 01 o 22
HE REMERR R LR R B KR B 2 R B R SUE R
JE NS4 [RIRRAE J2 2% ) B 2 (8 i 3R . i
S Mixup 508 3G 060 455 780 0,162 3 1 3 45 250CR , Ry
PB4 TE ok A MVT-OFML A A, & Bk 45 2 1 £ Trans-
former Ziht | HE RS 2SR ARG 0 SR TH 0 2 M RE
K, ZE MVT-OF ML th ZZ 30 £ Transformer Ja i
VEER , HUOR Rl G 432 R 264 B J2 Mixup
BRI ERAE . AR A AFC A4 RE HR A RRAE R T3 il
ST R SR REE A G . TR SE S0 TE Break His 5%
S 8 73 AE 5 h o, HAAR S : 7EAEL F(ResNet-50+
Transformer+ 2 0 4 4n 15 +AFC) 19 Al [ 43 51 358 HL
ResNet-50#:FH)Z 1~3 #l Transformer i) 1~3 29 ZE H A
AFC [ [ FFIEL A, 295 : AFC1 (ResNet-50 5 FUZ 1+
Transformer/Z 1) AFC2(ResNet-50 )2 2 + Transformer
JZ2) AFC3(ResNet-50 £:#2 3 + Transformer )2 3). S5
LERANR TR . AER T SRS ResNet-50 FUEERZ 3 11
Transformer J22 3 1 A 1 [B] R AE 5 A Rl 75 70 25 8%, MVT-
OFMLASEAY AT AR U AL 70 JEMERE . S MVT-OFML K75
ResNet-50 [ 45 F1)Z 3 Hl Transformer f 2 3 FRAE A TTE
E2 R S s N B S g S



%07 W 2] 2 LA Transformer 45 70 28 Bl .2 21 1Y L RE 09 B 15 4 S Asi Al 2379
6 TEBreakHis HiFE FHER AT LRER i %
oAy Mixup ResNet-50 Transformer | Z W0 ff1 4 EC AFC MR F Y8R
A X J X X X X 86.58 87.26
B X X J X X X 84.33 84.95
C x N v x x x 88.75 88.69
D x v N N x x 93.56 94.07
E x v v v N x 94.33 94.34
F x v v v x N 96.64 96.38
G X v v v N N 97.12 97.00
MVT-OFML N N N N N N 98.65 98.83
F®7 BHEPEHEHEAERINIIRER AT %
TR Mixup ResNet-50 Transformer Z A S EC AFC e F 535
F x N N N x AFC1 95.78 95.01
F x N N N x AFC2 96.31 96.17
F x N N N x AFC3 96.64 96.38

4.3.4 $FFERTHMILER

AR A5 18 -SNE" ™ X 45 50 BT 7= A i 1R J2 AR R4 T
AL N, 8 BreakHis |- 8 3 Z54F 55 5¢ it v Ak 512
¥, G5 RANE T TR

7(a) {7~ ResNet-50 EfieJ 1 )23t Ab )2 DR
Rl R AE B AT A AR 45 L 1 7 (b) S AR S I MVT-
OFML f7EL Al A P AL 4 S . S5 E R G H L , A8 S
A [ 2 ) L A g s B G R A e — B R AR TR 2%
BIREAHEARAR I , A By T E WA 0 P s 1 3 4R T At
RUE o 28R R . R, 28 T ml Ak 45 S vl |, MVT-
OFML A A=A f @l A FRAF 2 B 00 0, 8 B T4
T2 g s BR R o 2R ke
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(b) LA (BreakHis 8 433%)

7 t-SNE A RRfbZE R

A A5 Grad-CAM"™ 3 0] W4k /9 2% 56 13 4 X
B . &8 A T 439l 1 ResNet-50 ., Transformer 1 MVT-
OFML 7F BreakHis Fl BACH &4l 4E ) CAM ] Mk 45
B, E 8(a)~(e) iR .

& 8 fT 7 , 7 ResNet-50 A A] (AL F&] 455750 15
RN SR AR S B, b an & 8 (o) F & 8 (c)
ResNet-50 X 55 3 &5 1 5 o2 BE 1A PR SOo i 32 4
Jafs . . FE Transformer (Y ] L4k 1] Hp | 55780 0 9K ¢ 1
B4 )5 1R SUE R AR SRR A 1 ok s e A, Sk
oI 1 KB B 5T T, L an &l 8 () AL 8 (d).
MVT-OFMLAERSF IRl RAAE iy 42 5 15 8, S
R BRSO I L X S0 o7 . LA, 1] 8 (45 S H A&
—7E ] R, R A B R A I R 2 g 2
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FLIRIER T IR R 53 A AR = 5 14 A A RPALE
W LR A R L 4/ LR CF R . T MVT-
OFML A HI B %: CNN 45 Transformer FH45 4, H. 57 CNN
RETHBUSTRERE , Transformer W 3R 40 2L 55/ 2 &
B4 ey R SCRFIE , 2 SR RRIE R RRIE T B R AR F AR,
B G- 2 YR P B . A, TR A B2
T3 G B UM A RN G 23 S vt — 2D Bt FLI
USRS SERE . LB, MVT-OFMLASAI7E 240 0
Bl FILT EW . Ak TR Z A0 A XU il
AL, LIRS 4= 6 AU B i A BRI
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