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Research Progress in Deep Learning Algorithms for Skin Lesion Segmentation

WANG Xing-Hao, LIU Jing, QIU Da-Wei
(School of Medical Informational Engineering, Shandong University of Traditional Chinese Medicine, Jinan 250355, China)

Abstract: The rapid development of computer-aided diagnosis technology has significantly improved the efficiency of
skin lesion screening. However, the automatic segmentation of skin lesion remains challenging due to various interfering
factors in dermoscopic images. Models based on Skip-Connecting have demonstrated strong performance in segmenting
small targets and fuzzy boundaries, and those utilizing Atrous-Convolution excel in handling large-scale and multi-scale
lesion segmentation, establishing these as two predominant approaches in skin lesion image segmentation. Furthermore,
the Transformer model, renowned for its powerful global modeling and long-distance dependency capture capabilities, is
poised for deeper integration with the traditional deep learning model to further optimize the segmentation performance.
Accordingly, this review systematically outlines the application progress of the Skip-Connecting model and the Atrous-
Convolution model in skin lesion segmentation and the improvement strategy of their derivative network. It focuses on
analyzing the application paradigm of the Transformer model in this field and its coupling method with traditional models.
Exploratory research on emerging frameworks, such as the visual state space model (Mamba), the generative con-
frontation network, and the diffusion model, is also examined. Finally, in light of the limitations in clinical research and
the underlying causes of suboptimal segmentation effect, corresponding solutions are proposed, and future research
directions are prospected.
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Bagheri %! — - — — — — 0.8004
CzajkowskaZ™*! — — 0.8985 0.8749 0.9651 0.9418 0.8004
Zafar&* — 0.9591 0.9048 — — 0.9591 0.9048
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3 Transformer 7£ [ k52 B8 7 #1178
Transformer FE 3 B Z 06 54 /) B SC
BEBE 7, M I B A B AL TR R, O
{EAE TR U kLT SRR . TR AR J 55 A 3 2%
Pi%. Transformer 224 (WK 4 FoR) MO T BE
=ML (self-attention), il i B FF 41 P9 oG 2 (6] 7Y
2R MROC R R T BRI R L. AL
%, S NS Se R 7 WA E & (1) patch, JF2&
PR NEFIE R AN X € RVP (N N patch 3 &, D A%
FELERE). H VR I HLEE I ] % S 5 FE W, Wk, Wy €
RP* ¥4 X WLB N ] (query, Q) # (key, K). 1H
(value, V) R~
0=XWg, K=XWk, V=XWy )
Predictions

i Feed-forward
network

Norm

i [ Feed-forward
network

' £

v Norm '

\ | NxLayers
NxLayers| N

’

' Masked
+ | multi-headed
1 | self-attention

Positional
encoding

Positional
encoding

Embeddings/
projections

Embeddings/
projections

Source sequence Shifted
target sequence

Kl 4 Transformer 15 %142y
VE R BRI 46 S R 5, Softmax JH— A5
5 v ImpeR AL

Attention(Q,K,V) = Soﬁmax(Q—KT) \% 3)
o Vi

ZALH RS patch B8 5 2 B BT A patch #57
BRI R, A R RACTRAO.

Transformer & F1I#5 87 B JR 3 48 X 3573 1) o 1 E
FH = E 9 W2 B— Transformer 4844 (B H240 2 &
By, 562X CNN) 5 CNN-Transformer # 4
BE (456 CNN JRiBRr L H S Transformer 42 )7
RT3,
3.1 Transformer 22904 it

H.— Transformer Z& 8 7E B¢ o 22 75 3 v 1 ik =)
BT BB 2 BB, Wang 25142 ) BATransfor-
mer, 5 A FHEE 1T AR R GE E J E 5) SARRR
FEROR I FL, (RAE 10 AR FE AR B TP 55 T R AL
i, Xu U ) SkinFormer U6 FE 5| 045
THEE PR S AL SO AE, IR0 I M 2 Gt 1 S0 HE 1 5
Transformer fil & 2 JRE S iHE L, (HHE K2R E
R, A DLERRE X A T AR . Xin SR
th SapFormer (45#4 4011 5 Ffi7R): SR 2R & Transfor-
mer Jwtd 4l IK 2 KB AL B ARFE, 2T Transformer fif
T 2485 1) 3 B A ME 22 30 7 A A B A 2 5 Ak
XIS AR 70 A, B &5 0 52 % HL & 73 P R 405 a3 e
715% IR, Yang &3t — 357 & MSPMformer: DL PVTv2
NG AR I 2 R AL 22 RO BN HL i i R
LA TR R AR AR A e € 22 1) L 4 Jy B O A AR
Pah G0 TUAR, AEARYERFAE 2 520 4 R & RIAY
Rl
3.2 CNN-Transformer 55 R

H TS ERMAa Mg EmRe/m LI UEET
T F) [ e PR A, Wu S5 T — Rl T & S g i
5 - fR A 2% 2R TR BT B R AE & B Transformer 2%
FAT-Net, 7Ff# ¥ 2 g1 CNN 424 ()[R S A% T — N4
AN Transformer 73 3¢, DA R R0 2 AR 8 0C Z AN
&R B E R, i G485 B CNN Fl Transformer
53 3, AT LASE R & 1) JR SR AR, 38 mT DA 3R E 2
f)4 R R 3C0E B % CNN-Transformer #5577 7] )
Ja %, Li 258t SUTrans-NET, % CNN #1 Trans-
former AT XU i 45 45 44, 7E 45— 2 AT )7 2 Bl
G EUGE B T EA A S T CNN R R E S HL
fig 711 Transformer F)4 Ja) M2 B e 77, (HAE AL B R
E Il DR I LN A AE B s B R AN B R ORI, BT
Uk, Wu 2P L 58 05 116 B R B 4 R 22 EL I
HorUNet #5844, - 7E Bk BRIE BB 40 i\ 2 4R & B,

7
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JE B MHorUNet A5 8 844 53 U5 1345 AR 1 = B 22 E AL
A EA Transformer IR RE R, M HARE T
HBIRAR G RRrE. SLIGEE R, Z k2 A8

bR BRI AL, IXUESE 1 iz R AE B2 2 R 7 BE 55
HH B 2B RS HERA K 20 S0 5, IR DR s L K R
i B B SR Kz AL fiE

-

(a) SapFormer for skin lesion segmention

\

LN Tmage En! En, Eny En,
‘ _— hy?rld hybrid hybrid hybrid
o Transformerl Transformer?2 Transformer3 Transformer4
,/'
.
. . Sap Sap Sap Sap
Skip connection | blockl I block2 block3 block4
Mask | I Upsample Upsample Upsample Upsample
fusion block1 block2 block3 block4 /
/ Splt into ﬂ ﬂ \
NxN grids ﬂ ﬁ :
En, ® p : ﬂ
Positional encoding p ﬂ ﬁ((i)(;llfla E Multiplication
Multi-scale [k Masked K Multi-head .
weight query& O multi-head ?\ﬂﬂ_ﬁ O  cross- ’?\Iid_i‘l FFN C“rve;er}zlitt;iipac;&tlonal Mask
bias query V_self-attetion y___attetion g
Positional encoding

-

(b) Sap block

K5  SapFormer £ % 45 #) [

NP CNN-Transformer Y& & 22 ¥4 B 35 AR 20,
Azad ZEPHR T TransDeepLab, —Fit Fl 2 22 B8 7
357 7 DeepLab-Transformer 2244, FAA Sk, 128
KR B AR AL 5 1114 )2 Swin-Transformer K3 J&
DeepLabv3, JEXT Atrous 7 [A] 4 F- WAL L 47 2
Bi. Swin Transformer 5| A% 14k HiE & /7 (window-
based multi-head self-attention, W-MSA) S5# A7 % O HL
#1] (shifted window MSA, SW-MSA). W-MSA ¥4 4514E K
R MxM AEEE D, AER DN EERE D, &
HRPEF%E ON):

W-MSA(Z') = Attentionyindgow(Z') + 2 4)

SW-MSA I I AL G 1 SEIES & F5 B A8 HL:

SW-MSA(Z"") = Attentionghiied-window (shift(Z' 1)) + 21!
(5)

X RA BT E R R 2R 52 2% P52 1) [R] B s B4
JR R, RSB r BIR AL T m R T . Tl
Pt 2R B RFAEAL 9 91, A HAR R R AE

8

W& (query), iMHH 5B G HRFER M E (key)
) ARG BVE B B (B R AREC R, &
Softmax VA—4 NBLE 5 IMBURE & E W& (value), &
AR A R TR ST B BRRFIE R AR L A AR A
REFSHERE B LS IR W HAR E S AR R, (HEA
M LLZEAT K PR B ARRAE 25, H ST Transformer ALY
FEAEA R RVE R ERAE B, AT 3 B0 TR B2 AR,

N T AR EIR L Peng SR T — R LA
Transformer A1 U-Net HJ X 43 32 M 4% DBTU-Net, F|
R ) E ) U-Net KA 92 7 M FRAE, I K AL
Transformer X FG K B 6 5C 22 7= 30 07 Rk 23 %k
HEAT SR, AT ST R 3 RN 4% R R AE (R 25 A SR AL vE
B JTESE U-Net 35— N = H @ G1ER B, %5
HUnT S B BT L 98 P RN I8 T 4 B2 YRR AE, 5 B)) U-Net
7 3 T8 A RN~ [A) B 2 TR R A B A5G &R . U-Net 1
B0} 25 AR 38 S5 ) MR BELAG: 17 JE A 0 0] T 7 = 2 BT AR
oy #I 2 o E B BE B AR OC R IR 7). LN, U TE
S0 52 3 G b 2 R AR 2% 2 TA) i SRR ) FHAS.
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J T, Eskandari 2P N@E S it —Fp R R BT
SCRE J7 V25, A2 S 28 1R BN B B A P = A O
K H & B A G AN B B R S, Sl S kol i
FE g A v Al A ) SR R DG R DR 8 2 R, (R
WP A ABA B2 B I v B AR T AR, HL sk = 5 i B
25 H) 6 RS, 1 6F U2 1), Cad Z5 I T — b
J5T Transformer U-Net 1) 57 Jik g FGORE  3X 3 9 H1 45
B, -y BIADATU-Net, & 7] 48 J ¥)7F #& 7 Trans-
former FIX a] 33 & JJ B AL B F U-Net Hr. Zfilh &5 840
P BA G R 1B a] A2 4 7= /7 Transformer, 7t

VR H G B2 2] 4 JR AR AR
3.3 Transformer B E N

Transformer B 45 {5 H 5 ORI 42 Ry AR RE /0, A9
BRI AR 73 R 1B AR LR AR, A1 B — Trans-
former 2244 5 CNN-Transformer #4528 A J7 A,
CRR T HAE R R R A BIh iR, ARF
¢ Transformer ZREVE AR UG MERER I, A A
TS hRY T ERATTEREARR S SRR, FFEEX 6
LR T 2R E B TEAYERR TR AR, N e S AT
PR T SEURMKHE 50 L AL

25 T ERPIRZ 7 E K] Transformer HiE%T L

P TT % B 1A

PR

BRI

FINILFER AT, I RO 10 5

BATransformer™  Transformerf LA AL 3R A1 171 5

TER I SE A R R A R R I R A

e FEE R AL U ] TR A, FE AR LR E
ST YA TS5 T 5 R

3, RTA T FIRE

SkinFormer* 374 X 48 ) G - SUBR AR FIF 220

BOHERES R T, BB AT, BRI THSAE, ZRGRA =R R
W ST SR A S R, BRI S

EAEZER

oy R DU R ) B B A
Hi%5R

SapFormer

oA

Bevth O B AL E R ARG A, A A RALE SHEAR, HEITE K, s S HlH] S5
HMRSH; BREBEERR, A IRFE YIZRA TG E 5 XA 4 Gl Jm) 5 45 A1E 1RO 3 31224

FHR

MSPMformer™! .
KT

2 R ERHER A BCERAR, 525 2R RAB: AR AT, 2R EEM V55 2 B w6 AR R 38 1 R i 4 4
R A TCARAE, 52 RUZ R &

SRR

£ GE NN DL R A5 2 25 4,

B —TransformerZE 1) 5 % SR #B
PR x
A

FAT-Net™®!

Mo SR, R AR R SR E 5 & R BT

oy SCRFAEAR fo] L, S Z RS AL

TransDeepLab[Sz] . NN
KRR IR BE )

BRI IR AL 2 SRS 732 Swin-TransformeriH B E BRI £ % B0 H BER TR RE R, BAEHEME
TV S R v R U 4 R A

R xRS o FIRS A

DBTU-Net"*" -
KR AR-R R A

DUA BB AL 5 8 e ST P A e T W EE IO o A 4 2 - T A
I VITH ) 3h & DA 5% X ARk

BRI R I At H 0B, 22 ROBERMIE XS 55 fE
J189; VE R IR YR IE B A [ 2 B R R
AiE, /N BLAR HIRS LB K

£ RPEZRAAERE A M5 K, 51 R%

ISCFUTR
AR 10 W

g 15

BRI SN P BRI AR AR R T R A SR A S AR SEAALLEE, Toidd
FERFIE; BACH BRER AT, 2 ek D i - W AN E AL AE (Rl A AR 4R UL, BE i Bk

TSN

55 E R I HUH S R A2 T8 A 1 N

. a [
BIADATU-NE™ . e gpish o R BUR 2

JRi- R AR AR S

AR B B R, G R LRSI e 4 B B L0071 AN 22 Mk R ) o B SRR AL
A2 55 G 107 B MUY 3055 ASPPBSTER I I BT LU AR, 2R

fiE PEREA
% 6 Transformer AH < 5% RE Xt EL
. b PN FEAR
ik Hfin e — — —— .

Sensitivity TIoU Accuracy Specificity Dice Jaccard

BATS! ISIC2017 0.8938 0.8107 0.9652 0.9801 0.8955 —

ISIC2018 0.9046 0.8218 0.9522 0.9676 0.9022 —

SkinFormer™*! P’ o 87.4 B o 927 -

ISBI2018 — 87.6 — — 93.2 87.9

SapFormer® ISIC2017 — 0.864 0.943 — 0.926 —

P ISIC2018 — 0.894 0.957 — 0.943 —
MSPMformer'*” ISIC2018 — — 0.9623 — 0.9296 0.8760

ISIC2017 — 0.7653 0.9326 — 0.8500 —

Nel49]
FAT-Net ISIC2018 — 0.8202 0.9578 — 0.8903 —
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it E RGN http://www.c-s-a.org.cn sk A 5wk 35 4 JY]
6 Transformer #H &5 LM REXT L (40)
; ” R EL
Hik Bl s — — — .
Sensitivity TIoU Accuracy Specificity Dice Jaccard
ISIC2017 0.8971 — 0.9705 0.9886 0.9239 —
TransDeepLab!* ISIC2018 0.8756 — 0.9654 0.9889 0.9122 —
PH? 09161 — 0.9657 0.9896 0.9456 —
ISIC2017 0.9005 — 0.9680 0.9837 0.9168 —
DBTU-Net™ ISIC2018 0.8939 — 0.9647 0.9818 0.9093 —
PH? 0.9471 — 0.9623 0.9690 0.9401 —
ISCFUTE" IS1IC2017 0.9321 — 0.9698 0.9793 0.9257 —
ISIC2018 0.9284 — 0.9630 0.9723 0.9136 —
PH? 0.9496 — 0.9687 — 0.9463 0.8998
BiADATU-Net™™ ISIC2017 0.8727 — 0.9618 — 0.8990 0.8270
ISIC2018 0.9137 — 0.9626 — 0.9008 0.8343

4 BRI R

B4t CNN. Transformer Z844 4k, A2 a5 Ht
25 H IO RTAR o R 2 7 (B AR Y 55500 D 7 vk A Bk
AL o> R 7 S, KRR R AENFEAR S T A
FaAil . AFR A AR S 7 TH J AL R AL 35
4.1 XML (GAN) 157 E

B R BT 2% 38 i A A (generator) 5 ) A%
(discriminator) [FIXF B il 25, BEME 1Y 5 53 F1 X 26 5 9 A2
SR RE ST, XAk R EUE SUON:

LgaN = ExyllogD(x,y)] + Ex[log(1 = D(x,G(x)))]  (6)
Horb, x NEINER, y AESEHEN, G NERSE, DN
FUR . ZAR R AT EE 1 TS ) A A B SRR
XHSCHS TE AR I, 28 2 T [R) B I AR A% G A i B
17 #E G(x) LA H0 28 D, FFIIZRA0 28 D fets
TARB X F 30 G

Innani 25PN U FE T GAN [ 5z JHIps A2 73 i 4 42
Efficient-GAN (EGAN) (£ R4ZLHUN ] 6 Frar), HoAs A

e S . s S i s e e o Y

o

Lo

\ Generator GLSFA-Net: G

BTE R 42 A I AR - 0 48 B . 2E s R 2k
T H il (squeeze-excitation) [ & 4 il 4 2%, i
A A B ) 1) D A A R A AR RRAE ) ) S A
il PatchGAN 4244325 16316 B HK X 4 H S fEfY
5 A RS A2 HE SR 5] N T A 5118 401 2K R B Ak A
WL . R B AL A MGAN £ T MobileNetV2 42
P, AL 2.2M 55, HERER T 13 /s, A 3l 3
AT TR N T i BT EIBER, Zou 20T
P T AT BRI 4 R AR S8 SRR T
(A BN T 2% GLSFA-GAN, - B i 5 7 1. B
fsth, 7E AR AR, BTt T 2 RBE IR SR R B B
A 0 R R, F TR R 401 X 3 ) 2 R
R LTS S hAbh, TEA AR 1 g A 25 AN R 35 2 ]
AORHIAL AL 42 Ry bR SCHE BB R A 3R B 22 26 T
AR ()4 R VR SCRFEAN 2 {5 B 25, X Bl 2556
W58 14 ) 25 9 A1) A S A 25 R oy SR T P, XA BT

B RS P A T R S .
5 ST T T T T T R N
! \'
L. \
\
O“&Q\) |

—» Real/Fake?

S A R P S

Kl 6 EGAN AL &

42 ¥HRERBMERSESER
PHORRE R > BRSSO AN S Y

10

IRV REE, REVE AL BE RS AR A AR 0 o) B R
FoA% 0 BRI SEBL fi] BRI 7 03 A1 B R 2% H AR RS 70
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A Bk Pk, 1o R mT m S ) 2 e
AP B i e aet R O ] SR O A [ B SR VAN N
T TR A I NG HLA A R Al

q(xilxi—1) = N(xs; \/1__ﬁtxt—l’ﬁt1) (7N
Horb, BN R EE S, B REE I (AP K ¢ B FIH
WINZEB,, BT FI Y E 1 W7 VAR N T 26 AR B2 A
B R R o BT 55 T, BT 75 S OR B 0 A2 DX 3 1 4
TSR ARSI 5, B, BT 388 R T AR 5% B2 55 A
XS 9% (1) KWk, ek S AE LAY BOP IR b 5] N s g
SEOCHLRE BT R R K. XM A
77 A B TR JS 2R i LI FE R, RS A K
AR TR R S RN B RS S — A5
B AR BB A 2 AR IS T 453, Jd s 5 — N H R
A REEIZ D £ R | B 4400 I H R o = I o B R
I R I I o 22 D) 28 TN Ak — 25 P AR AT ) M P A
F 5 H AR o fe M 0 g 75 b B S 7S 2 ) 1Y)
Y07 R 22 Il X P S A gk A R, B RO Y AR
P 2 BB 0 1 b e A RO AR S 2% 1 2R A A o0 A
T 5 P57 85 1) B P ) BT 47 2 281099 28 X 3 P kS 4
ST FIAN o 1.

Wu Z£P8E () Medical SAM adapter ¥ SAM (seg-
ment anything model) 54 B A 45 &, %0770 &
Be 2 A HUK SAM IR 3 Ze 30 SR IE % 2 2 R 4y
F, ¥ BOS FEB AL A GG HE D, 7£ 30 TR0 5 AL [X
BRI S AR B LM TR S BOH E I EOR, 58
IR 7331 % FH 32 .

NIRTH R, Saharia 50T R T GBS B>
HFIREAY CDS, K FH HAH K5 1R 9 B B 4 i i
FAEARTr HER (64%64) S5 A Tl i 4 i A2 PR AR
WA oy BIHERS, B8 F5 R A 2 2 4 B JOR L 4a ik
ZEDHER (512x512) 8. X — WM E R R U &
(49 IR B KR e 44 1 A BRFERST, ¥ Mo Y 78 = = EA
Sr B ) SEBRECE S AL T A AT B fE IR AR |, Ho
SO — B AR JC 4y A 51 39U A CFG-Diff, il
TR AR R R R BTN RARAS (0 R4 28) 1R %%
5T, 91 SR A il 5 R e K08 B o F 45
R IX A A AL ARG 270 i R P 2 R A
RE 77, o 3 2 501 o A AN B 18T () 15 22 A s AR e 1t T
B HoR R AT
4.3 MRS ZTEHEE (Mamba)

P R 2 TR A Y el PR 8 = ] 7 R A 7 71 4

P, HAZOAE TR — 45 7 41 B AL S FR AL o — AN B
KINE RS, B RS b, SR, Bei8 1 XU
SREE KA & Horf, Mamba 42440 R F i 4%
PEAR S 2 L (selective SSM), i Al 2 >) 3k £ 145
S B
hy = Ah,_1 + Bx;, y, = Ch; ®)

Horh, A =exp(AA), B=AB, AN A K S 3. iX flidk
PEHEALHI T 7 ALY 58 K1) R SO R F7, LR
L AR FER PN 2%, 138 B MoK T 5 58 905 2R A T AR Ok
B XSS B RS Ay, I AT S A T
P, AT TECRAIE =y 00 S R ), 2 3B T T 0 4
PREE R (BRSNS B S B k.

Mamba A5 255 £ 26 M 15 5 4, 7R AL B i o
e e AR TR I 3 1) B A 34, TR ILAE L 5t
FEAHAAT 55, FL o3 FRS B E 1 A& 4t Transformer 42
1. Ma 25U ) U-Mamba #5578 (4589 1L 7) 31\
TRARAS 23 (R HE AL, 83 w5 S S g )
(1 SR 3R T RHIE RIS R

Nt — BRI 2 RN EE @A 1, Wang 251JF K
T Mamba-UNet, K FH /2 AIRAS 2 A 5 15 2 Rl &
BL . 1A L I8 AR AN [ 7 F 2R 2 G B S H ML
ARAS 2 TR, Il Bl AT 2% >0 FRDR 25 e 5 P 41 34t %
AR A H, fi Mamba 75 R FF 28 M 5 44 B 1) [R] I 5K
LT 5 CNN F1 Transformer #H 24 1) £ X EE4FAE HEEX RE
77, (EAS R SERE A (O RE SR, Dao 25 I T
Mamba-2, 55 B PE B AT S50 A 5N
2 SRR BRI R BR 0, AR AN R ) Sk B8 A ST AN ]
AR K. TR X A 2R B e T H)), PR
I E WU AT RAAE SR & X P v A BE 1 A
Z WA IR BB ARAE, B 10 T X B 2 R TR 1)
HBLRE .
4.4 FHEENNEE D

gE L PR, A O BT (GAN) 18R HT Il ZRHL
)6 RO A S B 0, N B R R AL TR
s 3 HOBR AR F R e v, RERS AR AT -5
() 43 B AR, ) A A R Ak B 5 2 PR A PP A T v T TR
#, Mamba BLAY DLZEPE T 508 4% B S T s R 42 )R
WA ASE, y Ab B 4y 1 2 I 2 R R AL T T AT I H
AR5 % X Be Q1 3 [R1HE B A Bz I A8 43 FH A ) 58
R B BRIz AL RS AV AR T R CR B O R R R

11
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ik — 25 R BIF 50 AT SG T IX Ee BE A 1 Wk IR R, AT AE O Ve AN3% 7 PR, IXRRLE G HTA B2 N B P A 73 E i
Fror B LI R, 2 2 3R TR R T S AR 5 B RHTHIEAR R
b
@ g 1 (B, C, H, W, D) ®
Reshape
Linear (B,L,C)
é ™~ r
? SiLU SiLU ‘
1D conv ~N r
Linear Linear
- erol BN iR SR I | Input
atten
T(B, C.H.W.D) -~ 7 | Output
$ U-Mamba block
T S I I Residual block
IN+LeakyReLU ™\ Strided convolution
Conv S r #” Convolution transposed
- --- Skip connection

x2
(8,C,H, W, D)

K7 U-Mamba R

BT OFOM P F A AT

IS HAR B L HARM 3 HARHIR
Mamba: 2 5 £ f ZiONNA: B &fﬁﬁ%fﬁ%ﬁ%ﬁkiﬁi Eio] ﬁF\:f%“/i'%:Xﬂ‘ﬁﬁﬁfﬁ%#ﬂi%&%l’ﬂ%‘%%ﬁﬁlﬁ‘/‘l'%, VR
GAN-+Mamba BE (Do GAN B 52 MAFIG TR BT B X HTIN R 25t
’ R FE 50 6 REAEE: RHTINZET-PeMambalatR 24 f K30 — Btk
THEA S K I 8L S Transformer X E 4
Diffusion+ ¥ BB A B 2 B30T ; Trans- MR AR L2 B %K, Trans- B, W17 5 B A BAS TS
Transformer  former4: R HUALIETR MR AR former 4= o)k HH 1% i 45 A 1 RRAE XS 55 R e : 3 8O 2 1) 2 B[R] 25 R AE 3 LA A1
NjTransformers&E46 A\
R BUAHIC A0 Mambalf) B — FERA M LLFE S R 2= 1)
Mamba+Diffusion Mamba % i 28 52 BURHE ; 7 HURAS Mambari S5 H4 RUHE; 378 £ 8 #i gl 18
AN HERY RS AL T ORFFTFEECR IR B w2 20 00 gt 45 5 A AR 5 25 19 1 25
H b5 e LAY [F]
GAN+Diffusion+ =% 15 Mambaf I 4 58 = % 0038 205 +H e+ 2 gi%gﬁf;@”%%%ﬂ’ SRRk

Mamba W14 H>GANL 4L Rk

SN L AMEE SRS HIY R 2 R

5 Rei5REY

VA B 2 ST AR B T R 3 A [X 3 1 PR
SYE), AL REHRTHE WK, 3 ek B2 A
F I RIIRS ARSI, 5o, Kb B2
s JEE RIAE B ME D A5 81 T 4291, X ARG PR VAT h e 3] 7
AT B AR FH. R b, 4 2 P 44 £ S FF B 5475 R
TEL I 7 2 b 5 R0 2 B, 30 T 0 3 2 T 1) B ok PR 4
BB 50 AR 78 5 3 — 25 52 AR AL, LU g B AT

12

AFLER) IR L, HES B BB 7 BB [ Fr 820

(1) FEHEAT B2 P 22 XA ) 23 i, b B ik i 4=
BRES R, 5 ) XS K/ TS AL B AR AT fiE
AR, XA BE BUE BR AR T R B H AR X
RN A A 52 A A, AT I PR 20 M 7 AR 5

(2) th T R DB B & B RE R, O R EE
BT R FHEG NI EEER, ANIE2ZEEK
24 A0 S 7 S A1 S DL BRI S, DA SRR R 2 ST TR A
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