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Attention Fusion
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Abstract Transformer has gradually become the preferred solution for computer vision tasks, which has promoted
the development of its interpretability methods. Traditional interpretation methods mostly use the perturbation mask
generated by the Transformer encoder’s final layer to generate an interpretable map. However, these methods ignore
uncertain information on the mask and the information loss in the upsampling and downsampling processes, which
can result in rough and incomplete positioning of the object area. To overcome the mentioned problems, a
Transformer explanation method based on sequential three-way and attention fusion (SAF-Explainer) is proposed.
SAF-Explainer mainly includes the sequential three-way mask (S3WM) module and attention fusion (AF) module.
The S3WM module processes the mask by applying strict threshold conditions to avoid the uncertainty information in
the mask from damaging the interpretation results, so as to effectively locate the object position. Subsequently, AF
module uses attention matrix aggregation to generate a relationship matrix for cross-layer information interaction,
which is used to optimize the detailed information in the interpretation results and generates clear and complete
interpretation results. To verify the effectiveness of the proposed SAF-Explainer, comparative experiments are
conducted on three natural image datasets and one medical image dataset. The results show that SAF-Explainer has
better explainability. This work advances visual explanation techniques by providing more accurate and clinically
relevant interpretability for Transformer-based vision systems, particularly in medical diagnostic applications where
precise region identification is crucial.
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KL(P|Q)) = Zmbf_. 10

3 A (10) 8 B Br 5 M, e BND S TH) KL #
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JEE AR, 0 e DA /DN 81 K A P B I . B0 o A R 1
KL 8% {8 5 5/ 0 #E15 M LA POS. KL HUEE K Y
e S5 A UG T RESR 210 22 7 K, U]z e ns A
RS, AR TR B B SO R RS B, I KL K
JEE /N 114 45 5% D00 T DA A A B D G RS T R R AE L ket
F KL #lEE L F v (] B A 865, B T R A S A
B FAS B 2. O T 3k fo 33X Bl AS B M o fige R 4 SR
A E, FATE A NEG Hh:
POS 5(KL) ={M; € BNDI(KL(f (DIl f(M;®
D) <6 VKL(f(DIf(M;0D) >

NEG(KL) = {M; € BNDI5 < KL(f(D)|
fM;oD)) <1-4}, (12)

Hoh ol BIE, M, e BNDIRTE45 1 56 = 3 s o
TR 321 5 S A A

i i e B = SR SR e i, AR A e A0 B
E%%Mpos = {Ml,Mz,'”,Mp}s ;H: ’:F' p jﬂfﬂ*&*@ﬁ%% ':F'
R 1B 6 T A RS T R AR R x B2
(EL T 030 o %o 348 % M5 A TR X6 7 2 ) ¢ Y
it £ (Mo D), AR A, I B DA 5 48 0 3 2 (5
E(Mpo,) BRI

> LM oD) M(x)

_ =l
S(x) = EM) , (13

Horp () FRFRE T B ¢ IR, EC) A B4 {E R AL

ed, N T8 TR AF B8] i B4l Rt AT
b, X SHEATIH—fh Ak B

S —Suin
Smax = Smin

S3IWM #5 He B8 bk WAV 1 7.

BE 1L 7 SRR (SSWM).

A HERD AR Mc, B A BRI BRifE VIT AL £,
(54 (. B, 7.0}

. WL RS S.

@ POS = NEG = BND = @; [*¥] 14k 3 I/

@ POS (.5 (f) = {M; € Mc|(B < f(1- MO

D<a)A(f(M;oD) > a);
@ NEG,)(f) = {M; € Mc|(f((1-M)ol) <
YV F(M;0I) <y}

@ BND,,.)(f) = Mc = POS . 5(f) = NEG,)(f);

® POS = POS UPOS (, 5(f);

© BND = BNDUBND_(, s,(f);

@ POS (KL) = {M; € BND|(KL(f(D|| f(M;©

D) <o) V(KL(f(DIl f(M;® D) > 1-0)};

S = (14>

NEG(KL) = {M; € BND|5 < KL(f(I)||
f(M;oI)) <1-46};

© POS = POS UPOS 5,(KL);

10 $=0;

@ for M, in POS do/* 7| JFI B HE A% JInAS 2R A/

@ S=S+f(M.oD -M;

@) end for

@ S =S/E(POS);

@ 8 = (S = Sumin)/(Smax = Smin); /I —AL*/

@ return S. /IR [A] 4] 45 i 25 S +/
2.3 AF %R
231 HEBNMEEZLH

2 AL A% 0 D) g 2 S B 4 R s B 28
BRI, EV] RN T Re G, DAAEX AR
B BRI 55 A 22 A B T2 1 A R4, 22 1 15 4 %2
B LA RN T A R, DU ik = X T D AL A R
€L R A TR ) b TR E Ry =Wy INi i i
HAb AN T AR e X, f— S HERTEN T Z
] (9 15 )8 58 BP0 AN 4 iR, AT R 3 4 N
AEBAT, IR EATARIC AT R e SR S,
PAE HEAT 3R 40 5 T

th2.12 W87 o] &1, %6 [ JZ Transformer % 15 #3
2T IR Sl AO e RN Sy fiE T 43
FRATTRE 0 7 46 B AE S 38 5 1) b O, O 22k
A S, FLHEJE R Nx N, 54T 278 24 1 1845 e xf
HAAEGHI N R, mE 4 B, A5 56 H
T 55 AR S T S 6 A AR BT . 1A 4
(a) (b) 55 1 91 J5idh KR, U B U) S ib B4 5
Rl 43 A i s G B L 8 s R SRR 2 R B, 14D 4
(a) (b) W55 2~4 3] 43 5| 7] 4L T 4 — /2 Transformer
ST 25 T A A S UG L SRR Sh G UG ST
FoAx UG SR - X 7 8 0 4388, P88 2 5 3RO X i
SRR T 15080, 56 3 9 3R 015 s R By
T 08 8 4 ) KR M T G RS B i i = 4y
B, WLEE S S F I, I DX e 10 TR B B 0 R R X
SR ARG5S v B O T B B A G B 2 J2 B NI, X3
S DX ST B B T, E X S DX G T R ¢
B 1 S X A PRI AR e o 3 5 DXl AR 0 O
TR, H R 2 E0 N, X AT 5 X RN i 2% X 4
O B TR T w0 kX ) G B X 30 21X 3k
TR LARFRAR 5 10 S VE B, X 7Y 5 IX o6 1 A, S
1 X A3

IX 4 L 4 K fefE AT R T sk 28 v R 0 AR R AR AR
KA R, I S50 B 45 R SHlA, DO A i
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Fig. 4 Results of information interaction analysis of self-attention mechanism
K4 AEBEHISIE BT TS
h
2 ML B A R Al A 0 G B B AL aE A, it Z'i
*i{}éﬂﬂﬂﬁﬁfﬂﬂqﬁﬁ@*%fn%,ﬁibkﬂi@fﬂﬁu’pﬁﬁ@*%fn E(r)= =1 — (18)
o
2
N ;H\: E A U} y [0y Ei “3‘3%’:\ S VTN
232 X ZE EP (r)?i%’iﬁ%f@TKlﬂ( 773K BB — i
P 5 2R BT A R

F & — PR VIT BB, FoEL 36 )2 9 i 4%

A b R Sk TR AT LR P A AR r - B R AR BIER . TR L&A

S BT TR, O 2R A AT B A e RIPVY,
N T AN TR g T 4% 2 R O UAE B, AT E B R
AIAERE b AT R4 m?%lfﬁﬁ%%ﬁ}:’ﬁﬂifﬁl%
il ) T SCAR R, T R i — )2 o T 8 )22 1 0 A R
T, RIEFX 22, BERTI-2Z:

-1

> (Ai-E4)y
_ =2
r——l_2 , (15
-1
>4
=2
E(A) = TG (16

o E(A) AT LR A O 2% 38 T S [A] 20 B 4 )2 1) — e
)@%E‘JE%)‘J%EIEF

MM A - EATHR AT LIS BRI 5t A%
BB OC R 25 5, r e RUVVR IR 18T 15 9 5 5%
J2 1R 56 F 0 P MRS SOk (28], RSk HiERE 1L R
[F) 14 Sk 8 S T A T AN (), R ATTR B AR SR e %o e 3k
Fr R 1 B R A 1 G R R:

h
> (ri—E®Y

R= i=1

— an

BIX IR E 5T, Re RVVER R EE 251 C R4
W, BEAT 2R T G S 5 AL R Z M E R,
F AR, FBH 2 A MR Z A i 56 R D).
FATHENLRAE T H 431 5% 15 5 HLA S RS
I3 RS e 755 72 6 R AR R vt L (47 #5475
SRBRAE, WS 5 1 F TR, 1E T T H ok SRR Y i 55
FUZR B, R Bk R 1 3 2k RUR B, = M8 Bl ok
FERITS B RG B, [ 5 TR e 2~4 51 2 IR AT 5 L
B RGO b S R R S5 R R, 3 R A
G B 5 1 B A TR A RS B G R % b, [R) )
5 B M () JE e 1 O b AR B A7 7E — 5 1K R

(a) MAHTS 1 R A E AT

7 \
G

(b) WEEA I 5B 5% R HE I R

Fig. 5 Visualization result of relation matrix
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X — L RAIE T IRATTE 2.3.1 5SS,
233 HEEAEE

Hi T 00 20 fif B 4521 S Re 8 A RUE L W AR
AT LRI RERNELES SRG . B Akm
&L AT K S e RV RFERE VNx VNG TN
IXN, HEHE AR e R, i= 1,2, N5 S B A LA
FEAE R 55 i A R B i B O 4

S‘R, .
= ||S||||R,-||’l:1’2’ >N, (19>
HE b P AT DL BRAE A AR A R B oI X 5 ) R
AL E A BRI SCRE L. 2S5 A MR By w5 (R R R
I, 23 R IBCES R 1Y B RS 40 45 1 R B i
G KR LI, 150 23 b T e A8 7KF5 2455 i A R B
T SRR PR, 2 3R IR A o A )

Wt BRI R S E MG PeRY, K
A L E I VN x VNI R A2 Hx W RSE, 3%
5 SHATIEITTR A, B R EEMEE v

V(x) = P(x) OS(x). (20D

AT AR S 56 K R S B A5 R SR, T EE
il 77 A 1 R S 23 BT LU R T T R A A R 4
R E L AE

SAF-Explainer [ 5¢ % 1 #2 40537k 2 PR,

iR 2 TR S A AEE R AR
Transformer fift B 7 15

A ARG L

i R R V.

O X=Get Output(I);

@ Mask=Upsample( Reshape(X) ) ;

(3 M=Agglomerative Clustering(Mask) ;

@ S=S3WM(M_); /*35 BUH) A fige T 5 SR %/

(® A=Get Attention(I);

© r=0;

@ for A, in A do /*R A 1B S HEFE*/

r=rt+square(A,— E(A) );

@ end for
0 r=r/(1=2); /*Bi LA Z BB */
@ R=0;

@ for head in r do /* 3R 45 Hz LR Z HEL B/
@  R=R+square(head — E(r));

end for

© R=R/h;

P=dot(S,R)/(norm_2(S) -norm_2(R) );
@ Vv=PosS;

return V. /* 3R Ui 2 i B 45 S */
3 XWIEERERDW

AT E Sk T HR B B9 SAF-Explainer 2244 5 HA
B2 DR A 5 VAL AN 3 BT 55 B EAT LLAR, LA
JIE F A MM 5 75 25 451 SAF-Explainer P 85 B AR B E 47
TH il S50, 56 T SR 4G v T B RS B 1 A Sk
31 XWiIEE

ALY AT FH 4 A BHE SR HEAT R TR i PE A

1) ImageNet 2012 (i 56 4F £, 3K F 1 000 4~
A5 J7 ik EUR 2 AL =2 T U0 UE VIT SLRLTE H 4K
B4 0] il R RE 7).

2)COCO 2017(Microsoft common objects in context
2017)™ B UEE, AL 555K 11 80 A AN [ 24 51 Y 5000 A4
TR Y 43 E R

3)BraTS 2023 (brain tumor segmentation 2023
Kds 4R, BraTS 2023 I Zp Bl S0 15 1251 4 %2k,
BAZ I E WA KA 4P F R RS R
3D AR DA T1; @XF S TUANAL G T2 AL
(@ T2 Y A 3 ol B e R A, 3 SR AL 7™ A% X 5%, O DA
1 mm x 1 mm x 1 mm 45 1] [7] 1 53 B 256 507 R A, i
A 3D IR B /N A 240 x 240 x 155, F AT 38475 SC ik
[43] Ay b B 7 ik, A WY 2 YD R RS AR R L
3L 177 175 4> 2D GOk Bl ab B . h T8
J7 5 A % 55 R B AR v I LS Ay AR A, AR
BraTS Yl kB 4E 8 4% 9« 1 0| 70 Ml Sk 8 5 Bk 46,
Y ZRE T VIT 53 B8 i 1 25, 36 uk 48 T 55 ik
SAF-Explainer 1% 75 = 2% (% 1 %) 0T fige ek

4)VOC 2012(pascal visual object classes 2012"") %
PR, Ak B 20 2850 0 1 449 A G A i T8 B
Vi lIUE el S

30 S 3 4 A il TR 4t R G o (B AT A
T 143 H0 25 3L, 38 3 AR 43 51048 B of A7 1 A5 B PE R«
D% 2 e 1 2 (pixel accuracy, PA); 2)F-#28 It
(mean intersection over union, mloU) ; 3) & i A LI &R
44 (dice similarity coefficient, DSC).

PA S A S0 E B R 3R OSSR R A
Bz, © b T RE AT, W] LA B 0 S g3
EN LSRR, PA A AR

>

PA = ) QD

2.0 m

i

) [40-42]
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For, g2 2850 i BT 5 j B AR R AKL nah
FFR R R (R As T 57).

TR DX SR R S5 DX I A A AR L T X A
DI 4 I 46 7T UG 2 52510 T 1Y ToU, J8 5 1 H30
BRI T ToU BCFEI R AT 53] mloU:

mloU = L 22>

njj
Plels E :nij"' E :"ji_"ii
J

J
DSC A 5 2 A48 A A RUEE 9 48 b, & 8 ot 3t
SRS TR T 45 SR 5 B IR A 2 (] R B R Ok B
AL A RGP Y LS [0, 1], {08 O 18 B AR 2 731
W25 5 55 90 hR 25 AH DL 8, A B ROR 4. DSC
R RN/ W E
2Xny
DSC"2Xnﬁ+§:nﬁ+§:nﬁ' (23)
Jj#i J#i
AR S H 1E HHE S Bla =098, B=0.1, y=0.01,
§=0.15,d =0.1, AR 5L 557 5 24 PC(13th Gen
Intel® Core™ i9-13900K @ 3.00 GHz), & & NVIDIA
GeForce RTX 4090, NAfE45 4 64 GB, Windows10 &)l
W R 1E 22 45, JF & T. E. N JetBrains PyCharm 2022.2.1
LV iR, 18 Python i 5 S EE S 56 A AH G B B
FE 3.2 1R 3.3 4 H, AT SAF-Explainer 15 Raw
Attention™, T-Attribution”™”, Grad-CAM®", ViT-CX"* 4

T-Attribution

JE & Raw Attention

L AT L.
3.2 EETEG

AT TmageNet 2012 [ 2R US54 45 52 A1 BraTS
P 27 FGBE AR kA7 2 PEPPAl. 18] 6 J 7R T SAF-
Explainer 5 Al 58 28 J7 1k AE 5200 B AR R L 14 ff
Fegh . Grad-CAM Fl Raw Attention JL-F- G 1 52 v 3
% v i) AR ER Y, T-Attribution B 4% 7] DL E {7 8 &
A, (B H R A o XA A1 e o 3 34K 50%, 1
i, e A OG AR 5 AR A B G B A - i Sk, mxE
T B PR 43 G e /b, T ik 4 T e A AR ) e
fiE J1. SAF-Explainer BE % S 88 55 o 1E ) 1) 52 167 3508
XA 48 T SIWM B He i BB #E 14) 1) OC BEAE . R A
VIT-CX BE % % 7 KB 43 FARXT G2, (035 5t KA1
AL R E MR (5 B B2 IR 20 4i 5 B, LAk
ARG, TOEHER AR YR B . BT AF £
Hext i % B e i fh Rf 2 7, SAF-Explainer 7F — 44
25 4 38T T 3R BTG, A A i 2 0O P i L
T BE VAR A0 1) JBR 0 40 0 5 40 49 TE Sl . W] B, VR
IRl A X S AR SR AE B AT A B, R R T
HaRhas RS ER.

SAF-Explainer Fl1 3 & 75 7 % 7 22 25 51 [ 5% K%
B fif B 5 RNl 7 FIF 7R . Raw Attention 2815 iU 45 5 5
HHITR, 15k E R b 2 AR Y 26 551 25 A A [R] 1Y
fift B, IR R BB T AEMLIE . Grad-CAM 4R g

SAF-Explainer

Grad-CAM ViT-CX (A30)

Fig. 6 Interpretation results of single-category natural images
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SAF-Explainer
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Fig. 7 Interpretation results of multi-category natural images

B 7 2250 A RIS R

B R0 0 e B, (AL S5 Sl R Rl A, OF 452

AN NG IR. VIT-CX X 2 A~ 2500 ) 45 J 2 B AP, A 2K 3R FHTE ImageNet 2012 T 25 4 VIT 16 B 5
AE S e 28 1 45 o O R L T-Attribution J7 B AT L Rl b, o g LR A% M e 8 B dE SR EAT 2 p KT
2 AN R R A R (B R B Z A5 0. 2F T B RS A N IE R RS 5 B b G, O T
#H /%, SAF-Explainer 7] LIy 2 B HEMER MR B 2% ) S I VIT B HEAT W] ff B MR 1T A . 151 8 JB R

SAF-Explainer
JEE Raw Attention T-Attribution Grad-CAM iT- FrilE %

Fig. 8 Interpretation results of medical image
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T SAF-Explainer 5 HAth 3 £ J7 1 78 5 24 E% 19 i
BeaE R, P s 7 5 Sy IR Ay BIAR RS R TR
FIGEE SR 30N, R 2807 Bk LU= 26 R 47 1Y ff R
2k B Raw Attention < BE 3 1 i 952 37 B, T-Attribution
A VIT-CX 4R 76 K e 1 000 T v L A7 g, {H FEXT
R VA W N N T o O 2 e 0 VA 133 L B R VA
B, H M ] K 1H 77 7E . Grad-CAM 1 FE 2D 501
BT RE S 22 o7 Bl RS 4 & . A H 2, SAF-Explainer A
1S BE % o T 52 57 i 98 00 B, 3 BE % AT Skl /b 23 ] g
L, I AR R REROR.
33 S EIEW

AT VOC 2012 #5444 il COCO 2017 £ 4%
BEIAT oy B A VAL . i TR i KRS £
AR TR, IRATHE VAR B R BT A R
Xt G B0 B AR S, R K T A T vk 0 3R R Pk BE 4R
FRIEAK. 4505 - AE VOC 2012 %45 5 . COCO 2017 %
PRAE Loy Bl R bR AN 1 ISR 2 iR

Table 1 Comparison of Segmentation Performance of Each

Method on VOC 2012 Dataset
F1 FFHEEVOC 2012 HI|E L EIMEREXSLE %

VRS PA mloU DSC

Raw Attention 62.15 39.61 33.49
T-Attribution 74.01 50.64 46.89
Grad-CAM 65.32 41.25 30.59
ViT-CX 63.39 44,92 48.60
SAF-Explainer ( Z<30) 74.12 52.72 50.30

T RAB(HFR RILER.

Table 2 Comparison of Segmentation Performance of Each
Method on COCO 2017 Dataset

K2 BHAERIECOCO 2017 IEE Lo EItEaexttk %

Tk PA mloU DSC

Raw Attention 62.02 40.10 33.38
T-Attribution 68.95 46.36 39.95
Grad-CAM 65.20 41.55 30.56
ViT-CX 56.30 37.73 38.98
SAF-Explainer ( 4<3C ) 69.73 46.59 40.25

T BASRRRILER.

M 1 H Al LA i, Raw Attention, Grad-CAM,
VIiT-CX 7E VOC 2012 ¥48 % 11 PA Fl mloU 3£ PLAH
%2 JR RAE T Raw Attention B difH T AIE = S
{5 K., Grad-CAM XA 455 AU A B2 A% L, 1 VIT-CX AL
fift PR i 1 5 L, XS R —fF RS R DR 4
I [ fif BE. T-Attribution 25 & 1 1 & J1 15 B M 5

B UG T A A RICR (R AE G 415 Ak 38 T AT 4R
TAEA . SAF-Explainer 18 1o @il & 45 AY i B A1 33 =
JIE B, PA, mloU, DSC $8 AR ¥35 8] T Fe 4G, 4351
74.12%, 52.72%, 50.30%, #BiL WM J5% 0.11 A~ E 43 4.
2.08 N E AL 1T AE S

¢ 2 Al 1, COCO 2017 ¥4 4 th T2 5 W £,
S B R BE  T HY 2 F R B A L VOC 2012 i 4k
AP E BE. SR R BORLE B 5 A SRR TH 8%
#, SAF-Explainer 7E PA, mloU, DSC $& #1 b 43 5l 35 5
69.73%, 46.59%, 40.25%, ¥ i AR {H 0.78 1~ A 43 4. .
0.23 A~ H 43 4. 0.3 1~ 43 . T-Attribution 75 45 48 A1
R RLGR IR L, X FERER T ESA R TR
EERSHEENGE. SAE 6T ULEW, i T T-
Attribution X f# FE 4019 () A BN A2, A R i R 2 R
i FARSF, VIT-CX Az 0 fife J8 1 BRSR mT DD Ao 3] 32
PR, (H iy T = 41 X5 VIT F5 2k a9 4 38, 77 76 K&
[ 45 [B] W 75 . SAF-Explainer B8 % o K5 i 2 17 & 14
o ) AL, R AE AR G A A 4 R
e, HAL B (28 ] e 7R
34 HBLLIS

R T SR TSR A b, AT T 3 A
2B, HAE VOC 2012 F1 COCO 2017 %48 4E 47
Gy RISEE, AR T A SIS 45 AN 3% 3 TR D) “wio
S3WM”, RI 5B 77 51 = SCHERS A5 2) “wio AF”, JfI
SR R AR 3) “w/o SSWM, AE”, RIV[A] s 51
By Tt — SCHE R RN I 2y il G R .

Table 3 Results of Ablation Experiments on VOC 2012 and

COCO 2017 Datasets
£ 3 VOC 20125C0OCO 201 74iBE KR
XIWER %
PA mloU DSC
Tk VOC COCO VOC COCO VOC COCO

2012 2017 2012 2017 2012 2017
w/o S3WM 72.84  67.64 51.02  45.54 47.89  39.93

w/o AF 71.09  69.06 5091  45.78 49.51  39.01
w/o S3WM, AF  69.50 66.86 49.17  44.79 47.63 3897

SAF-Explainer
(A3C)

T BRAEEFR R R AR

7412 69.73 5272 46.59 50.30  40.25

IR 7 51 = SRS B (B w/o S3WM) 5, VOC
2012 Fi1 COCO 2017 %4l 52 1) PA 43 5 T B 1.28 A
A3 IR 2.09 AN 3 AL mloU R [ 1.7 A4S 43 105
AE 4y 5, DSC T [ 2.41 ASH 43 5508 0.32 4 H 45 4.
A L TT LU i, S3WM AR B AT R4 = 1A A X 4 14
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78 B 5E A RE 7. 38 i S3WM R B b 38 5 B R
P ) R, O 25 B AR, I 1) PR 3 2 e A XoF 5145
HEATHR B, AT LA Sk 3 i e A R 1Y) figp R R

W AN, FRATT A 25 m] B 5 R 7 51— S A AR B
SVER SR A B (B wio S3WM, AF). 45 R §K, 3
48 AR AE VOC 2012 F1 COCO 2017 % i 5 F Y 43 %1
Pk fE AR 8 T 2 ph S5 S3WM 5 AF BB if gk — 2 F
R X IR T 2 S N A bk, IF i — 2P Ul
T S3WM A5 B 7 &b B A S5 ek AN P ) R O 3
TR A5 77 18 A FE M. R, B2 B IR R G
Az R 0% R 0 B B A8 A OO AL i B2 SR 5 15 .

4 ZFRERE

Transformer 5 %Y 75 1 5 HL AL B 451 86k 1) 85 20k H
i G0, X AR TR S 5 oA Y AT A R MR T SRt R
P&, SR, BT T Transformer 7] fift BEPE 1Y F 52 A
FR. A< SCHE Y SAF-Explainer, ‘2 3 T i fift B 5 1%
Th, FEAR I T SIWM B, 38 o A Y 5 (E SRR
E RO TR BT R N PR (R R, B T AF B, R
I A B AR B AR G R M, R T R RS
A5 R HE R R Y Te) R, DA A il B 25 SR v i 20 Y fF
B 7£ ImageNet 2012, VOC 2012, COCO 2017, BraTS
2023 e dE e By SRR B, FAT1AYJ7 1 SAF-Explainer
TCiBTE A SR MG S A B2 27 R BRI T HoAth
28 5. T SAF-Explainer &2 1 %F A1 5 40 35 9
Transformer ¥ 1, 75 A K BB 5T, FRATT &5 22 1K 42 Ay
SAF-Explainer £ H: fth i 35k 4n [ 48 15 5 Ab 3 A 2 5138
Sk 4N, E 3 SR T AL Pk, Transformer 5 Y
BN 25 T SCA R 4 2. FRATT AT DA 2o AF a2
PEIE, TR SCAR 45 A 1) 1 X A5 76 T ) BT Rk R
JE . 33X SRR A | T B AR TR Al A T g D A

EERMAER: R AR E T HEEHCBHE, &
HTEEFTE, AREBRFBELL; TEFRET
AR ENERATEALEZECREFZE, BT
THXGEGRF A ER HERTET A EWNE
%, 36 F T LSRG BB TR
F IR R EH A A
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