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Abstract: In semi-supervised lesion segmentation, the performance of the teacher network is
poor, making it difficult for it to guide the student network to perform effective segmentation. To
address this issue, an efficient semi-supervised medical image lesion segmentation method was
proposed, employing the medical segment anything model (MedSAM) , which exhibited
superior feature extraction capabilities, as the teacher network. A lightweight student network
based on Mamba was constructed, and its segmentation performance was enhanced through
knowledge distillation. To address the semantic mismatch caused by feature alignment across
heterogeneous networks, a perturbation-consistent cross-architecture knowledge distillation
method was introduced. This approach mapped teacher features to the student feature space and
aligned perturbation responses, thereby improving the student network’ s feature representation
ability and improving segmentation performance. Additionally, to tackle the challenges of
diverse lesion morphologies and low foreground-background contrast, leading to poor
segmentation consistency, a distribution-based self-supervised loss was proposed for
optimization. Experiments on multiple types of medical image lesion segmentation datasets
demonstrate that the proposed method in this paper outperforms existing methods in segmentation
performance. Meanwhile, the student network has only 1. 34 M parameters, which significantly
improves the model efficiency.
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Fig.1 MedSAM network structure
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Fig. 3 Semi-supervised medical image lesion segmentation network framework based on MedSAM
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Fig. 4 Cross-architecture knowledge distillation module
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Table 1 Comparative experimental results on MSD
brain tumor segmentation dataset

1k E%Jiﬁ Dice/% T HDMZ%E |
Baseline U-Net 100 80.28 15.24
10 64. 48 20.53
20 66. 01 19. 31
UA-MT 10 70. 12 17. 65
20 72.29 16. 18
SemiSAM-MT 10 72.47 15. 34
20 74. 88 13.97
SASSNet 10 70. 04 19. 58
20 71.61 17. 66
URPC 10 67.43 18. 01
20 70. 07 15.26
MC-Net+ 10 72.89 15.52
20 73.27 13. 86
BCP 10 81.48 14. 01
20 82.21 13.57
CauSSL 10 80. 18 14.25
20 81.93 13.87
BaPC 10 80.29 13.96
20 81.47 13. 08
CPC-SAM 10 81.73 12. 16
20 83. 68 11.59
Ours 10 83. 46 13. 60
20 85. 65 12. 34
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Table 2 Comparative experimental results on
HAM10000 skin disease dataset

bRt

ik W% Dice/% T HD/M&ZE |
Baseline U-Net 100 78.57 10. 24
10 72.47 16. 16
20 74.54 14. 02
UA-MT 10 79.15 15. 45
20 81.84 12.30
SemiSAM-MT 10 79. 81 14. 84
20 82.05 12.43
SASSNet 10 82.93 15.75
20 83.36 11. 61
URPC 10 77.48 14. 26
20 79. 69 11. 84
MC-Net+ 10 83.71 12. 62
20 84.24 11.04
BCP 10 85.65 12.20
20 87.03 11. 15
CauSSL 10 86.25 11.52
20 87.56 10. 36
BaPC 10 85.87 13. 84
20 87.40 11.28
CPC-SAM 10 86. 15 11.79
20 87.91 10. 35
Ours 10 87.58 10. 06
20 90. 32 9. 84

R LR 78 AR SC 4 1) 43 BRI, 72 MSD
i B e i 4 B EAT T AT ARAR AT, LA T AR SC
725 % T AE 10% F120% A AR 508 H ) R
(o El a5 S R TizBdE & i A EHE
PR (ground truth, GT) i He 7 i 11 T 4%
SEFNAR SOy 1 B T 25 5 . MSD fisi it 9 FLATR A5
A G TR 0F LG BEAIR . 25 0 o, ) b vk
TEAE Z Rl R) B 78 10% FI1 20% A5 bR 506 T, U-
Net Fl URPC i 73 # L4 )™ 8, JoHAE 10% £
LA T g A X 38 % K 388 £ s UA-MT il SASSNet
FEROR 31 5 Ab 15 30 B 5, e 0 A AR 1 EE )
B W 2% ; MC-Net+, BCP, CauSSL #1 BaPC 7
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% 47 %

T 1 i 22 A o E ), 7E 10% B L i R o
Y EIBG NS AR ARSI A 2 gk
I Lo N RIS A = R —
5, RO, R E B 3E /D . CPC-SAM £
10% 1 20% A7 H B4 L4511 R SAM g /DA
2 2 FAE LB /R e ms , Hoor F e 18 T U-Net #1
URPC,, {H P X B8 7 A7 B BURK , DA 25 e s B i
S B0 FEARE A AR 4 e AL T 4 TR) R
SemiSAM 1 B4k T UA-MT H1 SASSNet, {H 75
PER AL FUAN I ARAR T L) BT 1 5 iR 4
P2 IR AE A B A L AR SO R T
X6, i ORGSR MR R /D
TR LY 0 38 3 A7 76 T o3 %1 ko 81 L AR
TN S R ) AT D N AR R, A
AR LB R BAE .

#*3 FEKvasir-SEG#iE&E LT LE LR
Table 3 Comparative experimental results on
Kvasir-SEG dataset

brife

Tk % Dice/% T HD/E%E |
Baseline U-Net 100 83.79 6.84
10 69. 52 11. 64
20 73.27 7.01
UA-MT 10 81.39 11.55
20 83. 84 8.95
SemiSAM-MT 10 81. 64 10. 48
20 83.46 9.77
SASSNet 10 79. 24 10. 76
20 81.44 9.94
URPC 10 78. 04 16.97
20 79.58 13.58
MC-Net+ 10 83.49 9.55
20 84.75 9.07
BCP 10 81.32 10. 12
20 83.12 9.53
CauSSL 10 84.19 12. 68
20 85.36 10. 36
BaPC 10 84.95 8.94
20 85.73 8.01
CPC-SAM 10 83. 68 10. 24
20 85.07 9. 64
Ours 10 87. 63 7.59
20 88. 45 6.36

2.4 H@ZIE
RRIEAS S5 TR A& A B A R AE MSD

Jiki 9 \HAM 10000 7 ik #11 Kvasir—SEG 4 42
(20% A3t £ 4in ) B H#EAT T I mh SE 5, o A
MedSAM Tl YIl 2k GE 7 | 85 H2 44 1 1R 7% 18 A B
(FPKDM) FIlTii #5 5 J7 22 ¥4 {8 (FBVM) 41 2k 1 51
k. 2 SR T RIS B T Y Dice f1HD &5 4%,
e wio” R B BT N ZH A, “w/o MedSAM” 7R
JHARTINZR ) SAM 24 MedSAM.

R4 ARG EESE LML ER
Table 4 Comparative experimental results on
performance of different methods

DiRrS Para/M | MACs/G |
MedSAM 37.50 116. 38
U-Net 3.27 12. 54
URPC 1.82 11.02
UA-MT 3.27 13.76
SASSNet 3.27 11.71
MC-Net+ 3.21 15.26
BCP 5.69 16. 61
CauSSL 4.36 15.92
BaPC 7.63 11.47
Ours 1.34 10. 01

1 2% 5 B0 AT 61, MedSAM )1 24 J2 45 0
REMAZ O S BB BRI, 20 DS e 50R i A 5
HAEARY 5T B TR, Rk 7 HEE =R mm
PUXT Oh AR 25 5 i A SR B AE . F — 2 R BR
FPKDM I}, #5 RU %F 42 Jay 1 F SCHERERE 77 0855
JCHAEIE A Z R kb b th B0 B S ot A B0
TP B FF R T AT RS RO A Rk e Ah B
B AT S 4 24K (FBVM) Ji , IR 6] He B X 45,
()i 43 F1 R T, 38 B0 K oR B0 Ao 1 9 T
S SR, WERT T e e
Ji A 3 A B AR B Y IO e, R
MedSAM I 1l Il Z5: g 71 .FPKDM Fl FBVM [
[/ FH AL [ 42 T T 43 %14 B . MedSAM T Il £k
PHE T B AR 2, FPKDM SE 8L 1 AR i
%, FBVM M3 T i 508 5000 8, = FH i — A
ALY Al S 24 SR E BH AR SCT R O vk Y A B
FBL e () 4 50

T 3 3P A Tiny-MUNet 76 4 B a7 2
27 v 3 2 A S A8 2R I 5 0 ) B 1 B AR ) 2
i), AR SCAE 3 AN B08E 45 (20% A FR B0 ) R4 1
AlsE g, A RN 2561k (10,20,30,40) T 1Y
PERE , I 5 AN AT 00 18U 25 (Ours) #EA7 X 1L . 52
K AE RN 6 R .
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Fig.5 Comparison of segmentation results of different methods on MSD datasets

%5 MSD hxfhE . HAM10000 2 Bk % #0 Kvasir-SEG ##E &£ iH R LI 45 R
Table 5 Ablation experiments results on MSD brain tumor, HAM10000 skin disease, and Kvasir—-SEG datasets

. (Dice/%)/(HDAZE)
ik MSD HAM10000 Kvasir-SEG
w/o MedSAM 57.12/30. 82 70. 34/27. 96 60.21/20. 48
w/o FPKDM 82.47/13.95 85.25/13.47 84.51/15. 63
w/o FBVM 83.50/13. 12 87.33/11. 04 87.97/13.27
Full 85. 65/12. 34 90. 32/9. 84 88. 45/6. 36

#6 Tiny-MUNet #1314 A8 42 2Y 22 N0 AY 7 Bl SE 18
Table 6 Ablation experiments on influence of Tiny—
MUNet initial performance on model

‘ (Dice/%)/(HD/f§ %)

e ,
MSD HAM10000  Kvasir-SEG

10 85.54/13.02  88.74/10.18  88.31/6.77

20 85.58/12.79  88.76/9.97  88.40/6.54

30 85.51/12.71 88.84/10.01  88.47/6.39

40 85.59/12.28 89.97/9.93  88.43/6.40

0(Ours) 85.65/12.34  90.32/9.84  88.45/6.36

5645 B B R |, Tiny—MUNet F %) 16 1 GE X
AE 1Y 42 T80 0 A BR . Dice 1 HD ) 2
R AR PR HAE R Z B OUT
e IR IR A T 1 R I E AU A P17
AU ZR Y 25 3 . 31X % B I % Tiny-MUNet 9 9] 45
PEREI- A Ok B W PERE I 45 , AE L LL s O R &
2 0] Bt T B A VIR ROCR, | R e B 7R %)
WGk RE AR E 5 55 | BB AE 7E JC 5 &2 4= Il 2
AIAE O, 8 I A R B 27 2] B8 o 2 A gk
A5 BEAR T I Zioash R v %) B o A AR, R SR
I PR AL T K Ay (s )

i
R
J&

345 i

BEOXE 1 2 PG e 2 0 I s T Bl i K

I kLI 25 52 2 RN A S5 15 SR B IR S X, AR 3¢
PEH Tl R 2 ST HESR 456 MedSAM 1Y Tl
Y25 AE 1 5L T Mamba 280 (1) 52 1 43 ) 9 4%
Tiny-MUNet, i& i FPKDM F1 FBVM, £ R4 fift
T EIRIR MedSAM (TIN5 68 S 42488 T 7 R
HNFR% , FPKDM SE80 T /AT FS , FBVM $4 5
T RIS 54y B HE T, Tiny-MUNet (9 56 2 b %
THNIREEAR T S80I IR TR RCR . SLm s )
FH ATy 15 AE MSD B i s . HAM10000 £ Jik
Yo Fll Kvasir—-SEG $4l 48 E 3445 1T O0 5 PERE . LA
20% A7 brEictE A ), A SO A MSD SR 4E 1)
Dice ik 85.65%, HD 4 12.34 14 2 ; /£ HAM10000
i % Y Dice 15 90.32%, HD 4 9.84 14 & ; 7&
Kvasir-SEG % #f ££ I (1) Dice ik 88.45%, HD Wy
6.36 142 % , WE T X Lk Il S g ok — 4
WE T 4 LR A Sk, S 80 3 R R 4y
BEZE T 05 i R i A L 35 AR SO A4
G EDRS FE FBCR B[R B BEAR T hR 752K, B
B F AR BRI R 5 S, R B 2 G b
PR AL TR RO D B AR T i — IR A
CIEZ eIy LRI ASE

SE Wk

[ 1] Tarvainen A, Valpola H. Mean teachers are better role
models: weight-averaged consistency targets improve semi-



10

AR FFR(A RAFR)

% 47 %

[5]

[6]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

supervised deep learning results [C]// Proceedings of the
International Conference on Learning Representations.
Vancouver, 2018:6-11.

YuL Q, Wang S J, Li X M, et al. Uncertainty-aware self-
ensembling model for semi-supervised 3D left atrium
segmentation [ C ]/Medical Image Computing and Computer
Assisted Intervention—MICCAI 2019. Cham: Springer,
2019: 605-613.

BN, ATERR, EFHE, S A IR A 0 ) 2% 11
B B Ry R[], b [ S G 4, 2025, 30
(2): 575-588.

(Zhao Xiao-ming, Shi Pei-lian, Wang Dan-dan, et al.
networks for semi-

Distribution-aware mean teacher

supervised medical image segmentation [J]. Jouwrnal of

Image and Graphics, 2025, 30(2): 575-588.)

Luo X D, Liao W J, Chen J N, et al. Efficient semi-
supervised gross target volume of nasopharyngeal
carcinoma segmentation via uncertainty rectified pyramid
consistency [ C ]//Medical Image Computing and Computer
Assisted Intervention—MICCAI 2021. Cham: Springer,
2021: 318-329.

2R, FREE . MSMVT: £ RUE fil Z 4114 Transformer
B B PR FIRE SR [T ] TN TR S AT, 2025,
61(2): 273-282.

(Li Fei-xiang, Jiang Ai-lian. MSMVT: semi-supervised
framework with multi-scale and multi-view Transformer for
medical image segmentation|J|. Computer Engineering and
Applications, 2025, 61(2): 273-282.)

Li SL, Zhang CY, He X M. Shape-aware semi-supervised
3D semantic segmentation for medical images[ C |//Medical
Image Computing and Computer Assisted Intervention—
MICCAI 2020. Cham: Springer, 2020: 552-561.

WuY C, Ge ZY, Zhang D H, et al. Mutual consistency
learning for semi-supervised medical image segmentation
[J]. Medical Image Analysis, 2022, 81: 102530.

Bai Y H, Chen D W, LiQ L, et al. Bidirectional copy-paste
for semi-supervised medical image segmentation [ C]//2023
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Vancouver, 2023: 11514-11524.
Chen X K, Yuan Y H, Zeng G, et al. Semi-supervised
semantic segmentation with cross pseudo supervision [ C ]/
2021 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). Nashville, 2021: 2613-2622.
Ouali Y, Hudelot C, Tami M. Semi-supervised semantic
segmentation with cross-consistency training [ C /2020
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Seattle,2020: 12671-12681.
PR, BB, MAES . BT — Bt E W o W
FEB R Dk 1] pEES Y, 2025, 42
(6): 784-790.

(Xu Xin-hui, Zeng Zhi-yong, Lin Zheng-yu.
supervised medical image segmentation method based on

Semi-

consistency regularization [J]. Chinese Journal of Medical
Physics, 2025, 42(6) : 784-790.)

Miao J Z, Chen C, Zhang K L, et al. Cross prompting
consistency with segment anything model for semi-
supervised medical image segmentation[ C ]/Medical Image
Computing and Computer Assisted Intervention—MICCAI
2024. Cham: Springer, 2024: 167-177.

Zhang Y C, Yang J, Liu Y C, et al. SemiSAM: enhancing
semi-supervised medical image segmentation via SAM-
[C]/2024  IEEE
International ~ Conference  on  Bioinformatics  and
Biomedicine (BIBM). Lisbon, 2024 : 3982-3986.

Miao J Z, Chen C, Liu F R, et al. CauSSL: causality-

inspired

assisted  consistency regularization

semi-supervised learning for medical image

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

segmentation [ C]//2023 IEEE/CVF International
Conference on Computer Vision (ICCV). Paris, 2023:
21369-21380.

Wang Y C, Xiao B, Bi X L, et al. Boundary-aware
prototype in semi-supervised medical image segmentation
[J). IEEE Transactions on Image Processing, 2024, 33:
5456-5467.

MalJ, He YT, Li F F, et al. Segment anything in medical
images[J |. Nature Communications, 2024, 15(1): 654-659.
Liu Z, Lin Y T, Cao Y,
hierarchical vision transformer using shifted windows[C 1/
2021 IEEE/CVF International Conference on Computer
Vision (ICCV). Montreal, 2022: 9992-10002.
Hatamizadeh A, Nath V, Tang Y C, et al. Swin UNETR:
swin transformers for semantic segmentation of brain
tumors in MRI images [ C |//Brainlesion: Glioma, Multiple
Sclerosis, Stroke and Traumatic Brain Injuries. Cham:
Springer, 2022: 272-284.

Gu A, Dao T. Mamba: linear-time sequence modeling with
selective state spaces [EB/OLJ. (2023-12-01) [2024-12—
24 . https://arxiv.org/abs/2312.00752.

Gao J H, Cai Y H, Zhao Z K, et al. RGU-Mamba: an U-
Mamba network with region-based training optimized for
domain generalization applied to myocardial scar and edema

et al. Swin Transformer:

segmentation [ C |//Comprehensive Analysis and Computing
of Real-World Medical Images. Cham: Springer, 2025 :
77-86.

Jiao J B, Liu Y, Liu Y F, et al. VMamba: visual state
space model [CJ//Advances in Neural Information
Processing Systems. Vancouver, 2024: 103031-103063.
WuRK, LiuY H, Liang P C, et al. H-vmunet: high-order
vision Mamba UNet for medical image segmentation [1].
Neurocomputing, 2025, 624: 129447.

Fan C, Yu HY, Huang Y, et al. SliceMamba with neural
architecture search for medical image segmentation [J].
IEEE Journal of Biomedical and Health Informatics, 2025,
29(10) : 7446-7458.

Hinton G, Vinyals O, Dean J. Distilling the knowledge in a
neural network [EB/OL]. (2015-03-09) [2024-12-24] .
https://arxiv.org/abs/1503.02531.

Romero A, Ballas N, Kahou S E, et al. FitNets: hints for
thin deep nets [EB/OL]. (2014-12-19) [2024-12-14].
https://arxiv.org/abs/1412.6550.

Sun S Q, Cheng Y, Gan Z, et al. Patient knowledge
distillation for BERT model compression [ EB/OL]. (2019—
08-25)[2024-12-24]. https: //arxiv.org/abs/1908.09355.
Hao Z, Guo J, Jia D, et al. Learning efficient vision
transformers via fine-grained manifold distillation [C]/
Advances in Neural Information Processing Systems. New
Orleans, 2022: 9164-9175.

Zagoruyko S, Komodakis N. Paying more attention to
attention: improving the performance of convolutional
neural networks via attention transfer [ EB/OL]. (2016-12-
12)[2024-12-20]. https://arxiv.org/abs/1612.03928.

Hao Z, Guo J, Han K, et al. One-for-all: bridge the gap
between heterogeneous architectures in  knowledge
distillation[ C ]//Advances in Neural Information Processing
Systems. New Orleans, 2023: 79570-79582.

LiuY F, CaoJJ, Li B, et al. Cross-architecture knowledge
distillation [ J]. International Journal of Computer Vision,
2024, 132(8): 2798-2824.

Zhai S W, Wang G T, Luo X D, et al. PA-seg: learning
from point annotations for 3D medical image segmentation
using contextual regularization and cross knowledge
distillation [J]. IEEE Transactions on Medical Imaging,
2023, 42(8): 2235-2246.



