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Abstract: Objective Accurate segmentation of colorectal polyps in colonoscopy images is essential for the early diagnosis
and prevention of colorectal cancer. However, colonoscopy images often exhibit blurred boundaries, irregular shapes, and
large-scale variations, making automated segmentation highly challenging. Conventional convolutional neural network
(CNN)-based methods struggle to capture long-range dependencies, often leading to inaccurate boundary localization and
missed detection of small lesions. Although Transformer-based models improve global context modeling, they present qua-
dratic computational complexity and high memory consumption when processing high-resolution medical images. The
Mamba architecture, built upon selective state space models, has recently shown strong potential for efficient sequence
modeling with linear computational complexity. Despite its advantages, directly applying Mamba-based models to polyp
segmentation remains challenging due to its limited capability to extract local features and insufficient multiscale feature
interaction. Aiming to address these issues, this paper proposes a multilevel and multiscale feature fusion enhanced net-
work based on the Mamba architecture (MMF-MambaNet) , which intends to improve segmentation accuracy while main-
taining computational efficiency. Method MMF-MambaNet adopts an encoder-decoder architecture and employs the visual
state space model, a variant of Mamba, as the backbone to efficiently capture long-range contextual dependencies. Aiming
to enhance feature diversity and robustness, a local sequence-wise style transformation augmentation module is integrated
into the backbone. This module performs stochastic re-parameterization by perturbing the mean and variance of feature dis-
tributions, thereby improving model generalization under varying imaging conditions. Three specialized modules are also
incorporated to strengthen multi-scale representation and boundary perception. First, a cross-scale aware self-attention
(CASA) module is introduced to facilitate hierarchical feature interaction by using deep semantic features to refine shallow
features. By combining channel and spatial attention mechanisms, CASA effectively fuses multilevel features while preserv-
ing fine boundary details. Second, an adaptive detail enhancing module (ADEM) is designed to improve structural repre-
sentation across different scales. Using an anchor-scale fusion strategy, this module adaptively integrates information from
different scales to construct highly comprehensive detail representations of polyps, thereby enhancing boundary structures
and improving the segmentation of small lesions. Third, an adaptive global-local integration (AGLI) gating module is intro-
duced in the decoder stage. This lightweight mechanism adaptively combines global semantic features with local detailed
features from skip connections, enabling the model to emphasize reliable regions while suppressing background interfer-
ence. Furthermore, MMF-MambaNet introduces a reverse feature fusion pathway that progressively combines deep seman-
tic features with shallow spatial information through upsampling and feature aggregation. A pyramid pooling module is also
employed to capture multiscale global contextual information, thereby improving semantic consistency in the segmentation
results. The model is optimized using a hybrid binary cross-entropy and dice loss, which balances pixel-level classification
accuracy with region-level overlap while alleviating class imbalance in medical image segmentation. Result Extensive
experiments were conducted on five publicly available colorectal polyp segmentation datasets: CVC-300, CVC-ClinicDB,
Kvasir-SEG, CVC-ColonDB, and ETIS-LaribPolypDB. The proposed MMF-MambaNet was compared with eight state-of-
the-art segmentation methods, including PraNet, VM-UNetV2, and Polyp-Mamba. Experimental results demonstrate that
MMF-MambaNet achieves competitive and stable performance across multiple datasets. Compared with the VM-UNet base-
line, MMF-MambaNet improves the mean Dice coefficient (mDice) by 1. 1%, 5.0%, 4.2%, 9.1%, and 2. 6% on the
CVC-300, CVC-ClinicDB, Kvasir-SEG, CVC-ColonDB, and ETIS-LaribPolypDB datasets, respectively. On the challeng-
ing CVC-ColonDB dataset, the proposed model further outperforms VM-UNetV2, achieving improvements of 4. 6% in
mDice and 6. 2% in mean intersection over union (mloU). Visual comparisons show that MMF-MambaNet can accurately
delineate polyp boundaries even under challenging cases, such as low contrast, irregular shapes, and small lesion sizes. In
addition to segmentation accuracy, the model also demonstrates favorable computational efficiency. With 18. 84 M param-

eters and 5. 74 GFLOPs, MMF-MambaNet maintains a relatively lightweight architecture while achieving an inference
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speed of 57. 58 frames per second. Ablation studies further confirm the effectiveness of the proposed modules, revealing

that CASA, ADEM, and AGLI each contribute to enhanced segmentation accuracy and improved boundary preservation.

Conclusion This study presents MMF-MambaNet, a Mamba-based network that integrates multilevel and multiscale fea-

ture fusion mechanisms designed for colorectal polyp segmentation. By combining efficient sequence modeling with adap-

tive feature interaction strategies, the proposed method effectively addresses the challenges such as blurred boundaries and

scale variations in colonoscopy images. Experimental results demonstrate that MMF-MambaNet exhibits strong segmenta-

tion performance while maintaining lightweight computational complexity, making it a promising approach for computer-

aided colonoscopy diagnosis and assisting the early detection of colorectal cancer.

Key words: Mamba; multi-scale; multi-level; polyp detection; deep learning
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Fig. 3 Illustration of the VSSDG Block
((a)VSSDG Block; (b)LSA)
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K, 1O A F87R BB, 455 N S LT Il 1, 2844
ANIESE N 00 jRFINL B j o N AL B 07, P
AERS LA, BRIN 0. 75,

Ky R 2 RV (S FEAEBE DTG ) |, f i T
BRTLIRA S (x) S, (x, ), 15 2 I 2 Sy il 3 i
fiE et (o, ), B
Srei(a) = (e ) OMP™ + f(2,)O(1 - M+)(12)
L, © RRBICR I, I TR 5 FRE K
BFEACEAMT, 5 ER A IR L (x,) 1D
Jr g R0 EE YA R 2D 25 [ AR [ RE <V

FORFEFR IO O 2 L R T I 287 51 Hh s AR
BEDLIG e B, B A R E 45 4 52 38 M A O R Y
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B HAR RBERAAE 2 03 FRR XS 55 (/R R A ) (B TR

b B A AR A e S S A E R R B A
IS RS

[ swerrie —{ convi3

(e —{  sapm

[ wwerE —{ sapm

[ A ERHE ]—»[ SADM

(a) ADEM

BLANE , ADEM 1 J6 38 2 P47 3 x 3 B AL
PR ROEERRAE . a0 & 4 (b) 25 8] [ 3 N 207 98 il 7
B (spatial adaptive detail modulation, SADM) , %}
AR R AE , A Lo R 3 e N, 28 BRI
sigmoid FIE A AN T HERD M, 2] 012 RO AR R E R
BENROLE B BERHEX, &2 A B GR W, 5
5P AR e R W HE RS % 0 2 AR I, d 2 H i
BRIEY, e SRR AN

Y, =W,(X,) (13)
M=o (W(X) iza  (14)
Y = YﬂHM,- (15)

AP, Y, e RO R AR 226 i 5 AR AOR i 0 4
lRFAE , a 5l IR G, X1 D % 57 2 E U
FRFAIE o

ADEM H-# XU {5 B sh B 7 - 2 i 0 9 R
Bl E I, TRIZRHAE S LTS X515 sk iE L — 20X
Bl VR ZHE B TR BRAETE AR, TR E AL
AR o AR 1 o ) S AR AT IR, B G [ E 4
P Je B , S B2 e 1 i, 28 H Bs i 55 4T/
S5 AR TG R TU A . SE R I], ADEM 35 $2 7t
TRE TR 52 2% 5 Al HHE Y 3 5 A A Gk R B S AR
FEVRSZRE T , i 1 o0 405 3R 00 300 RS 5 4k —
2tk
2.2 fREDIE

AR B fif i AR R R HZ f et B e
2 it h i ) ) 22 RUBE SRR RS A0 Rl 5 IR A 23 (1) 23
AR B R R B R A R

AR ERIE
i ERFIERES
HiERFIE R

m
o

(b) SADM

K4  ADEM Bibefity 4]
Fig. 4 Illustration of the ADEM module((a) ADEM; (b)SADM)
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TG RS RS HE U2 CASA KB4l 4L B2 Trans-
layer [ 4E 5 922 RBEFEE(f,, f., £, f.) 1835 ADEM
B DL Al A SR M R 5 5 RS B AE 4 MR
6] 73 BE R R Bl SRR AR (fs fors fors fu) o Horb B R
JZ A FEE £, 2 e 4 ) & FIE WAL (PPM) | 3
it 22 ROBE i AL B ARl 2k 4 Jmy 1 S, R iE L —
Hok

Gt , f A 2S% FH 4 2% DecoderBlock 47 25 I
R LAt Ak PPM AR BRJS 1) £, A MRS £y o
LBt AGLIT TH AL Rl G 2 40 19 F-AIE , R AR
i B S PS5 oy BE R T TS BB U=
52 SIHLER R AR . B 238 3 final_conv Hii Y
Sy EIZE S R 5 AR B, X P R AE A T
BIFIA G, E— D4R T B B

ARG E o 2 R RS 4R BT S
FOE B WU S5 G AE IR I 25 () 405 1 W] B O s
T SC—BE AR A e B 2E R v B A i B
W RUEE 22 AR S )

2.2.1 EFRMAE(PPM)

ffE A 2% b B A AL B R (PPM) B AEE I 2
FUBE B SC AR 348 5 R AIE 19 4 Jm 1 SRR fig
(Zhao %5 ,2017) o IZALHAL & 24 I047 57 3, A
43 SR AN 6] RUBE 9 38 0 F Y5 3t Ak 5 4 (an
bins = (1,2,3,6) ) , B i ARHE K53 51 AL 2 A 7]
AHER LSRN 2 R B R i 2 )2 BN SUE R .
B L x 1 SRR A 4E 5 e 3 — e
ReLU S0 & , 30 5 WUk P A (i SR A 2 s A RRAIE R
sEL SRR RRAE B PR E i 2 ROBEFRRAE Al A R o
B, W 1 x 1 FUE R B E A
SEFRTANR] RS HARSE #4018 X — B A, X —
BT SR T 24 AE R 25 18] 43 W AR T 20
L E AN JE (0], 3 3 B 4 R LR R 5 Rk
YT HRRAE , R TR R X A b H AR X )
Oy ERE B S AR e e
2.2.2 HBEMNER—RE A B (AGLD

PSRRI BE , A0 A] 3 2508 5 Gt TG 45 114 240 15 REAIE
5 2 (3 SCRFIE 2 R BR AR . M B ] A AGLI,
WS iR, HBEH 5 % AttentionU-Net [ ] 5 LI
A AL 4579 (Oktay %5, 2018) , 5 7638 3 1 2 1ML
SRRk R A 2 O S A0 B Bh A LA

AGLI 2 i 5 25 11 Jay 5 240 75 e AIE X ., 5 A5
JE 42 JRy i SURFIE X 0 B SIS 1 x 1B BURIE &

IH—14k (batch normalization, BN) X% 4 37 %y A #4174
JiE 45— S e S BIBIS BOARE X, F X . o
AN 28 ReLU 6 5 , P38 2 1 x 1 45 BURN sigmoid
PRI AP T R ) A R wORE S 0~1)
FH T 200 ) Jr HREAE 45 07 B A BB . me A RS
Al

A

X, = BN(Con\?) (X)) (16)
X, = BN(Com\) (X,..)) (17)
h=ReLU(X, + X,) (18)
¥ =0, (Con\’) (h)) (19)
Y =X, + POX,., (20)

X, © FRBEICFE A, 8 i B P e O B
5 A2 JRy T B0 R A T, 4 e e IR TR

2N

Fi.oho

AGLI T HLA AT B 38 R 3 7 J5 -5 4 JR R ik
FlE L o T SC— B SR AT AR B B A
P, BT F AR G i e P 5 T SR — Bt I
DU R4 b S B AR LT 515, 9B R Rl 5 B9
AT W2 B it g R AR i SO S i AU
DX 38, BT+ 20 F o S 0 R BE T

SRR

SJRHIE

softmax]—-[ Convl x 1 ]——[ sigmoid] o—

® BETTE AL
© ZTLFEAEIMN

K5 AGLIFLHREE
Fig. 5 Illustration of the AGLI module

2.3 RKREH
AR SR 00 58 A — % 1 4 G 4 2% (Bee-
DiceLoss ) X} B ARG HEAT W 2R s8Rl & 17
TG X (binary cross entropy, BCE) 512k # Dice
P DL, BEAE W] IO 1 15 3R G 38 7 A1 1 DX Js
RS EE R R W EUES IR AR
Qb B 5% 5 K R] S AN A TR R, 4 TN s
JEDXIR ) 0 FIRERE . S E SO
(21)
Y, Ly, 1 Ly, 73 512678 Z 5058 U525 1 Dice 451
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K o Bee-DiceLoss il 2 FCE Z 4L w, F1 W, I8 55 P A
PR A STHR L) (2B P &N 1) o Ly, 8 5
R ME R A BN AL A5 AR A 22 5, 51 A
T 2f AR RPN A 5 Ly, T BN X IR 5
DIl ) i P TR, B O /I R XA 53 58
PEo PIRA R H ) B RS TN 45 258, G o X Y
ELSRR A

3 % I

3.1 ZBHIEE

AR SR 2 SIS 5 1 BR A TA ) 5 AN A FF I 25
E B R BIBAR AT R T . B AR A
SRR 4y 7 =R 1 iR . Hid CVC-ClinicDB
B4 45 P Y 550 0E K12 F Kvasir-SEG U5 2 F 1
900 M G AE R YN ZRAEAS , Foax UG AE S AR AR
CVC-ClinicDB $t#i 4y 23 44 5 5 19 31 BOF 1 4
AR R, 5 612 H 73 HE% R 384 x 288 IR R E A
KM% . AHF5E s U 550 M6 T4, HA e R
MAE . Kvasir-SEG 0455405 1 000 iiE B N K14,
STPERIE BN 334 x 48712 FE F 1920 x 1 07014 %,
Hor 900 Mg FHF IR, # A H T, #éh, cve-
ColonDB 5 CVC-300 43627 380 i 1 300 2. A &1
1%, 53 PR A 574 x 50014 % . ETIS-LaribPolypDB
BOHE A 44 A ] B 34 A0 e 51 rp SRR
196 i G 1L, 43 HFE 58— 7 1966 x 966 15 % .
ZEARE T B RIEARE S, 0 BAs RSN, Bl
T ) R 2L 2 g A AR R i B Lk i

&1 BREERFR

Table 1 Dataset information

/i

EICE S FIfggoE Ik Wik Birge
CVC-300 300 0 300 300
CVC-ClinicDB 612 550 62 62
Kvasir-SEG 1000 900 100 100
CVC-ColonDB 380 0 380 380
ETIS-LaribPolypDB 196 0 196 196

3.2 TLTHRREBERSHIEE
AT BT PyTorch SE3, i A 52 56 25 06 F
Linux #24E & 48 (Ubuntu 20. 04 LTS) 58 i, CUDA i

A A 12. 4, PyTorch FiAS 47 2. 1. 0, Mamba-SSM kit 4%
7 1.2.0, f#f F§ NVIDIA GeForce RTX 4090 GPU
(24 GB A7) YN ZAEAY . YN Zrid 2R ] AdamW {15
A% PR 2T R R 2 x 107, R 1 x 1074
S AR (R WA Seg b, R RT3 —pr il
h 352 x 3528 F, HSCHE H 5iR R W AL A% B AL K T
e BEMLIE BN BEHLETY S BEHLSE R /R LR
B I/ INBCE S 16, BRI Rt PRS2 300 46
3.3 iFMIERR

AR 2231 (mloU ) A1 Dice(mDice)
VESRPFH 48 AR o Dice ZREUH HI T 8 WU 25 2R 5
HSARE R R AR HE R, LA G R
IS P DR R B AR 3], SIHRE,
ToU B 3G 74 43 %1 IX 3ol B AR 1) — Bt il o 22 8 IX I
7 AR L BRI B PR fE
3.4 AEEBEMERIEER

AR 3C MMF-MambaNet #5275 55 8 fift o 9 77 1k AT
%, 2 F5 MSNet (Wu 45, 2020) . PraNet (Fan £,
2020) . Polyp-PVT(Dong %5 ,2021) , Polyp-Mamba (Xu
% ,2024) . VM-UNet (Ruan 5% , 2025) . VM-UNetV2
(Zhang &5 2024) . SAM-Mamba (Dutta 45 , 2025) .
SSformer+0D (1i %, 2025) . H. o, Polyp-Mamba ,
VM-UNet, VM-UNetV2 Lk & SAM-Mamba J& % T
Mamba B &L AY . MSNet il 15 5% TH L H.00 L 4
FIE L R R A e LossNet Wi Bk th F5 A fl 5 T A%
[1] {8 5 PraNet i 32 JF- 17 &8 43 fi#% i 2% (parallel partial
decoder, PPD) R4 5 2R AE A8 Bl 4 Jmy b (8] L B2 1)
132 1 (reverse attention, RA)BEHAZIE N H LR,
VIR 7 %51 245 17 55 K115 8. A ; Polyp-PVT 2K H Trans-
former Zii i 2% , IF 51 A ZLHK Fil & B B (cascaded
fusion module, CFM) . 14 %% {5 B #5 Hhe (camouﬂage
identification module, CIM) FITAH{LEE A #EH (simi-
larity aggregation module, SAM) , ff fk 5 )2 5 1iF @l
A AR AR R DL SR R AEBE T 5 Polyp-Mamba
F5T Mamba CIRAS 25 LAY ) | 38 2 ]ORE SN 18 SASE
P (SAS) #ff #1215 RO MO 1 42 Jm 3 SC T A BBE B
(global semantics injection module, GSD 4/ N /5
JRIEB IR SC2EHE IR SAS SE LS KRB RFIE R s VM-
UNet B K4 H 4R TR 2 [RS8 (SSM) Y U JE 42
¥, DA SE RS 25 8] (VSS) e hy FE Rl A B FH F = 2%
P15 4331 ; VM-UNetV2 5 VM-UNet A 11, B BR 3% 42
AR T i 5 4115 1 A (semantics and detail infu-
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sion, SDI) A B | 38 55 {1 57 J2 SR AE il 5 ; SAM-Mamba
TE SAM 4 {28 5] A Mamba-Prior 5 H LI 42 43 #1
¥ 1 5 B REARZ AL RE 771 5 SSformer+0D £ SSformer f5
BUEER B 5T Rl 2 2] 1 m) 20 (OD) , i i il 42
B R 5 FAE Ty W FIEE S A5G R I A A g 1
SRR [ R 3 o i1 B X UREAE . MSNet , PraNet
VM-UNet 5z VM-UNetV2 {52 56 45 5 3 3 T A SCRT
B 1Y L9 SRS IR AT 5045, Polyp-PVT,
Polyp-Mamba ,SAM-Mamba F1 SSformer+0 D 152 74 %) 51
B 45 S B 5 | A AR L SCHR H ) 4 B R SR Y
YIRS 5 A SC—5

Nz 2 r7s , MMF-MambaNet L4 95. 1% [ mDice
F191. 1% B9 mloU (855 1, 06 F AT &f LAY . AH
BT 40 CNN A AY | H mDice # MSNet , PraNet 43 5]
FETF 3. 0%.5. 2% ; #H % F Transformer S Polyp-
PVT, mDice .mloU 733 §& 7 1. 4% . 2. 2%, 7E 5T
Mamba [ #5  H MMF-MambaNet 7£ P~ $8 b5 4
BUEAEF, mDice ¢ Polyp-Mamba , VM-UNetV2 .SAM-
Mamba 735 #2 7} 1. 0% .0. 8% .0. 9% ; mloU % Polyp-
Mamba . VM-UNetV2, SAM-Mamba 43 ] $2 7t 1. 5%,
1. 8%.2. 4%, HL# 2024 4F £ H} i) Mamba 5 VM-
UNet & 7} 80 122 %5 o 1X 3 B MMF-MambaNet ) 2
W2 RIEFHERG S BT UL, A 8EE T T
BN FEIRS L JUHAE I RO 757 N R

%2 CVC-ClinicDB ##E% F REIHEHILR

Table 2 Results of different algorithms on the
CVC-ClinicDB dataset

Bl DiReS mDice/% mloU/%
MSNet 92.1 87.9
PraNet 89.9 84.9
Polyp-PVT 93.7 88.9
Polyp-Mamba 94.1 89.6
CVC-
ClinicDB VM-UNet 90.1 81.9
VM-UNetV2 94.3 89.3
SAM-Mamba 94.2 88.7
SSformer+0D 92.0 87.0
MMF-MambaNet (74 3) 95.1 91.1

23 B8 T MMF-MambaNet 5 Kvasir 2045 5
(1 R, I HE AR T A LB A
4 B8 T MMF-MambaNet 7& CVC-ColonDB %%

#x3 KvasirHiIEE L RAREEZHNER
Table 3 Results of different algorithms on the

Kvasir dataset

Bl Tk mDice/% mloU/%
MSNet 90.7 86.2
PraNet 89.8 84.0
Polyp-PVT 91.7 86.4
Polyp-Mamba 91.9 86.7
Kvasir VM-UNet 89.1 80.8
VM-UNetV2 91.3 84.2
SAM-Mamba 92.4 87.3
SSformer+0D 91.6 86.4
MMF-MambaNet (4<30) 93.3 87.4

4 f By £ B 5 Polyp-PVT. Polyp-Mamba #l
SSformer+0D # 4% IT , (H B AR 7 i A5 TR
TR Polyp-PVT #5040 Phe UL, W] 41X
HAT R ST 3k — B AR el 1 e e I
F MMF-MambaNet.

%4 CVC-ColonDB ##E5E F REEERLE R
Table 4 Results of different algorithms on the
CVC-ColonDB dataset

ol dk Tk mDice/% mloU/%
MSNet 75.5 67.8
PraNet 70.9 64.0
Polyp-PVT 80.8 727
CVC- Polyp-Mamba 79.1 71.3
ColonDB VM-UNet 713 553
VM-UNetV2 75.8 61.0
SSformer+0D 79.2 71.4
MMF-MambaNet (4% 3 ) 80.4 67.2

3¢5 78 T MMF-MambaNet 7£ ETIS-LaribPolypDB
54 | Dice Fl IoU HARBX AL T VM-UNet V2, {H L
B L3 5 ¥ (40 MSNet , PraNet ) , 7E mDice 3545 %%
MSNet £ T} 15 £ 8 10% , 4% PraNet $2 FH2 3 20%, H
B H A IE T Mamba PRI 48 KR T, UEBA H7E
T2 X /I H AR DX BURIRSOR 10 S i B 3 4 0 o

26 78 T MMF-MambaNet 7 CVC-300 % 2 4
AT EE R, HomDice 203K 89. 7%, X A X 48
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Mamba %Tﬂ?%éﬂgﬁféﬁﬁnm’\iﬂﬁﬁiﬁﬁ E' I’Wfﬁ/)ﬂﬂﬂ%

%5 ETIS-LaribPolypDB #iE & FAEEXWER
Table 5 Results of different algorithms on the
ETIS-LaribPolypDB dataset

R6 CVC-300HIEE ERRELMER
Table 6 Results of different algorithms on the
CVC-300 dataset

Y6/ S i mDice/% mloU/% AETES WIR7S mDice/%  mloU/%
MSNet 71.9 66.4 MSNet 86.9 80.7

PraNet 62.8 56.7 PraNet 87.1 79.7

Polyp-PVT 78.7 70.6 Polyp-PVT 90.1 83.3

ETIS- Polyp-Mamba 75.6 66.8 V00 Polyp-Mamba 90.6 84.0
LaribPolypDB VM-UNet 79.8 66.4 VM-UNet 88.6 79.6
VM-UNetV2 83.9 723 VM-UNetV2 92.2 84.1

SSformer+0D 76.7 69.0 SSformer+0D 88.3 81.4
MMF-MambaNet(4<3C)  82.4 70.0 MMF-MambaNet (7% 3 ) 89.7 81.3

R R e o RS 2 5 AR S 5 B 1 49 Ak T A K
L, B —E M TEBELHE . Polyp-PVT  Polyp-Mamba
K 3% BEAY O T MMF-MambaNet , 3t T % £ 27 K415
SAF B AN FRAE LA B9 AL, VM-UNetV2 R I H
—EH

2% 4 CVC-ClinicDB, Kvasir, CVC-ColonDB
ETIS-LaribPolypDB .CVC-300 ik T i S g2 ry % 1
gh I RS Polyp-PVT, Polyp-Mamba F1 VM-UNetV2
FEF 3 H 4 4 v i SR IR UL T MMF-MambaNet , {H
MMF-MambaNet j M:L%ﬂutﬂ TR TERE L AIL
# 7E ETIS-LaribPolypDB iX — & Pk i B £ (/N &

LN GT MMF-MambaNet

(&30

P65

W 275 5 ) P, MMF-MambaNet P fE AR BRI T
VM-UNetV2, {H 7C # MSNet , PraNet 25 45 50 | ]} H 3
w4 1 5 4E CVC-ColonDB £ £E f , MMF-MambaNet
AH# VM-UNetV2 UG T 8 KA #; 7E CVC-ClinicDB
B gE B, H Dice 2B ToU Y58 48 T A Xof HeAR AU
£ 45 Polyp-Mamba . SAM-Mamba 25 5 8 2844 , 5280
fiE 5% 1 ; 7F Kvasir. CVC-ColonDB ., CVC-300 %k # 42
|, HoAZ U8 FRIF EEDL T MSNet , PraNet . VM-UNet 55
ZRER T

Kl 6 % Bl T MSNet, PraNet, VM-UNet, VM-
UNetV2 5 78 3¢ MMF-MambaNet #5575 75 35 ] [ Bt (1)

d Jd e
e N
‘|s|s/88/a8
99|99

MSNet

¥ v

VM-uNetV2

PraNet VM-uNet

IR XY

Fig. 6  Visualization of segmentation results
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Oy EVCRXT L o DG ST UL, 7 T I 8 A AR T
R IIEE 25 57 RGP AT, A SO BRI 52
RO L PR DX ) R0 5 43 B 55 . RIS 388 1) PR
0,5 R S AR A O BRI I O, s B
5 ISR B A% R 22 0 S5t iz BRI ]
AT ) B RIEE B, SC LB R 515 e 2
RSy, B L ERe e 1 o B M RE
3.5 HRhSEIR

S PFAl MMEF-MambaNet 4542 0o # 5 (94 T, 78
5B BB AE LI RIERSEEE (7)), /0%
% LSA \ADEM \AGLIJ5 , B2 mDice 5 mloU ¥ A A
] B2 B R R . Hod B8 B ADEM 55 B [ i 45 2 3%
(mDice V- ¥ [ 3. 8% . mloU V-4 |5 5. 7%) , H ik &
LSA (mDice “F ¥ [ 1. 6% . mloU “F #J & 2. 6%) 5
AGLI(mDice “F¥J[% 3. 4% mloU “F¥[% 4. 9%) . %
0 3 A4 B R B AT IE 9] BTk, ADEM 7E

KT HBMSKEEERR

Table 7 Results of ablation experiments

LIS Tk mDice/% mloU/%
wlo LSA 91.1 83.6
CVC- w/o ADEM 90.8 83.2
ClinicDB wlo AGLI 91.3 83.9

MMF-MambaNet (4<3¢) 95.1 90.6

w/o LSA 92.0 85.2

w/o ADEM 91.3 84.0
Kvasir

w/o AGLI 91.8 84.9

MMF-MambaNet(Z4=3¢) 93.3 87.4

w/o LSA 79.1 65.4

w/o ADEM 74.9 59.8
CVC-ColonDB

w/o AGLI 77.0 62.7

MMF-MambaNet (4<3¢) 80.4 67.2

wlo LSA 81.9 69.3
ETIS- w/o ADEM 77.1 62.7
LaribPolypDB wlo AGLI 75.4 60.5
MMF-MambaNet(Z=3¢) 82.4 70.0
wlo LSA 89.0 80.2
wlo ADEM 87.7 78.1

CVC-300
wlo AGLI 88.1 79.9

MMF-MambaNet (4~ 3() 89.7 81.3

T “w/o" Fon R BRIz .

Z R FHAE A i A DG BEE , LSA Bl 7 Ry B 4t 4y 23R
5, AGLI S Ak m A% 2 R AE W R, =25 O ) £ o T
MMF-MambaNet 1943 E|VEGE
3.6 REUEHELER

BRPEAG ALY 73 F0RS B2 A1, 8 SO XA [R) AL AL (Y
TR A EEHAT T /04T, LS ik s A7 E AR S8 F
AR . S R A A 2 8 i (Parameters,
Params ) 715 & (floating point operations, FLOPs) &
HEPRFEE (frames per second , FPS)WEMAZ U AL FE xR,
BERINER 8 7R G AR HEA R 256 X 25613 ),
JIT A5 3R 2 7E NVIDIA GeForce RTX 4090 |- 5¢ 1,
Horr, MMF-MambaNet )25 5 1 HEVERER A AL : 1
20 (18,84 M) 555 (5. 74 G) ISR LK
S, A 5 T VM-UNetV2, i & B 3 5 (57. 58 i/s)
2 F T MSNet . PraNet . VM-UNet 52 VM-UNetV2 45
Xf LEASEAL , 5 0 U B R A DR GIE AR Y 5 Al 1 [ 1)
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