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Model Prompts? Params. (M) |, DSC (%)t
SAM (Point) [19] v 93.74 39.80
SAM (Box) [19] v 93.74 78.15
SAMUS [24] v 39.65 70.75
MedSAM [28] v 93.74 82.66
SAMed [36] x 1.45 78.00
AutoSAM [30] x 41.56 81.26
AutoSAMUS [24] X 8.86 81.04
TextSAM-EUS (Ours) X 1.69 82.69
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A ELSLAE BB AL RAE— A a5 X T 10 2 i FEAE Y
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AdamW {Ab2% [26] , RCEFERH 0.01, HRHRK
BRI BB T R R kiR . 3R
I H By Dice #12:F1 042 X (BCE) #4181
S AEKEE. BiomedCLIP SCAZRMEAFECE T 4 1
ERSChRICA 12 25 (R R gisde i ET 12 4
Transformer 2 ). A « tumor ” VEH2RLZFR, Bl
MLwniafe B R SchRic (B00E). 1), W LoRA i
TEEEBWOE, Hkh 16, FoAi 18/ Dice #H{LER %L
FH— bR E (7 3 BREWBARZETIHE) W}
4 EIPERE, Z5HDA 0-100 % JEE N IEME + AR
ZWAE, WEmITA NG (AR ¢ A
IS LR T vk 2 (B o HERE . Hod p f < 0.05 FmZE
SIS PR BEM. JIZEE—f NVIDIA A100
GPU (40GB RAM) 5.

3.2, 4yEI4

F 2 BIRTIERE ML i DSC F1 NSD. J5
ERRAEES 3.1 1 W R B T/ 4. TextSAM-
EUS AT EF R & L8 T &= 1) DSC
(82.69 % ) 1 NSD (85.28 % ) (p < 0.05) . ik
() 3 SAM Z5{& (AutoSAM Fll AutoSAMUS) ik,
FATHIALEL 73 B4 T DSC ~ 1.4 % #1 1.65 %, [A]
HHER R S5 % (1.69 M vs. 41.56 M #l 1.69
M vs. 8.86 M). MedSAM F1H zh TextSAM-EUS 75
FJLF-H [ DSC (82.69 vs.  82.66; p = 0.906 ),
i MedSAM 7£ NSD | 5% Hy R s i 3 (85.28 vs.
85.75; p=0.035 ). AR, FEEEME, MedSAM 7£
PR AL 4 T B R, SRR A, FRA
WITAWI LT SAMed [36] , JE# AN LoRA %
VR R e T 28 R0 5 AR A A e, (B {SURT B 2 A i
A MFRATT ¥R T8 1 LR ) B 2 SOA T SCDASR:
FhorEIMERE, SR TURE ORI R A AL . 24 LA B
ST LRI, TextSAM-EUS 315 T 2% 5T
MedSAM () DSC ( p = 0.039 ), KA HAF NSD JTi
H2EFAREE (p=0.801), R NSD M. X
Segk R, FRAT B 3l CARIK D) TextSAM-EUS B
ST A AL, IF HAER & F3hi R i 5 Hb
F R VC i s

3.3. R s

R T TextSAM-EUS s N ook, FoA12E
77 VYT A ZE, A3 AEr X AR 5T (1) LoRA i
WPERR: (2) AI2E2) BR SChRIC K (3) AbPH ik L
FRICHITREE ;s AR (4) A BER B LM R MR . Jir
ARG FIMNIREE E CPIIE £ rifEZE).

R T A S R BT R B AE N R T, FRATTRE
LoRA #M 1 458h%] 16 (W3 3 ). £ r =1 B, %
JeE 2 B B WRHE (44.00 % DSC), TfifE r =4
HPEREA IrE (81.33 % DSC, 83.19 % NSD)., #f—
BPRE] r =16 B4 TRUIMERE G (82.69 %
DSC, 85.28 % NSD), X FRH 24 & Bl g gk 2 M e
() EANAS R, HEE ST

Table 2. AL [E]f¥) 3 HITERELLEL . DSC AIH— LR 2
(NSD) fRtRPASIE + ARt M S Ei R
PR TE PR U IR

Model Name DSC (%) 1 NSD (% ) 1t
UNet-based Approaches
nnUNet 79.94 + 19.96 82.30 £ 20.24
SwinUNet 59.69 + 23.33 10.22 £+ 6.64
Foundation Models
BiomedParse 37.00 £ 37.76 38.92 + 36.81
UniverSeg (16 shots)  42.92 £ 6.55 47.54 £ 6.86
UniverSeg (32 shots)  43.61 + 6.70 48.03 £ 7.00

SAM-based Approaches (Automatic Prompts)

SAMed 78.00 + 16.95 80.62 £ 17.00
AutoSAM 81.26 £ 16.98 83.79 £ 17.19
AutoSAMUS 81.04 £ 16.49 83.80 £ 16.61
SPFS-SAM 60.64 £ 9.69 63.13 £ 9.82
TextSAM-EUS (Ours) 82.69 + 15.14 85.28 £+ 15.21

SAM-based Approaches with Point/Box Prompts (Upper Bounds)

SAMUS 70.76 + 16.60 73.86 £ 16.57
SAMUS (Finetuned) 82.81 &+ 12.56 85.50 £ 12.72
MedSAM 82.66 £ 6.80 85.75 £ 6.28
SAM (Point) 39.80 £ 22.78 41.54 £ 23.83
SAM (Box) 78.15 + 18.06 83.70 £ 18.06
TextSAM-EUS (Ours) 83.10 + 14.13 85.70 £ 14.12

Table 3. 5T LoRA #oxt i $ITEREL IR DI . —BOk
P, HERFkS IR ERE, R 16 HUS T RELER

LoRA Rank (r) Params. # DSC (%)t NSD (%) 1

1 1,043,812 44.00 £ 28.98 46.99 £ 29.34
4 1,172,068 81.33 &+ 16.53 83.19 + 16.66
16 1,685,092 82.69 & 15.14 85.28 & 15.21

3.3.1. B ChRid KRR

FHE A KA T R2EI W BTSRRI KR b, IR
AFRCFR AL T e fER DSC F1 NSD 1545 #hn ] A4~
LT AT E I RMERA T, T 12 M FRid
MBI AL RE , HASER R YA ARIC B R X S 2%
T, — AR T R B bR AT 55 i 2 18
T AT

Table 4. & LN SChR TR IR AE M e H AT 7T -

Context Length (b ) DSC (% ) 1t NSD (% )t
4 82.69 + 15.14 85.28 + 15.21
8 66.74 £ 21.68 68.29 £+ 21.86
12 82.10 £ 15.20 83.99 £ 15.27

3.3.2. FURTEATREE AR

BiomedCLIP A4 g #§ B % 12 4~ Transformer 2.,
POREARE t foR T20AHIHE (218 12) £
TP IR B R R, IR RS, 20 B
N, BEEEIRAALEE, VERERRSE LTV, IR RS
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Figure 2. 7E—PEAMREMR BEUS PIR EAFTETEE, R RH

SIS TextSAM-EUS 194 H 3R T2

TR, G FR NIRRT OERET, B FoR — H R, A THRAMIAE S AR 2,

A BN

Az (t=12 ) BERFBIEE, XUESK T B SC Rl
SRR i A BEA R [

Table 5. &I 7R GERERT 73 HITE RE S Wi A 1 BT 7 o

Layer Depth ( t) DSC (%)t NSD (% )t
1 78.32 + 19.05 80.97 + 19.29
4 76.22 + 19.47 78.60 + 19.67
9 80.52 £ 17.71 82.36 £ 17.85
12 82.69 £ 15.14 85.28 + 15.21

3.3.3. JUHRRTERG B B RUR

F 6 TPAL T AIRATHY SCAS /R TN D SR B
Uik, BRI, JATIHE T H TextSAM-EUS
i H AR BRI S G 2 FAE AT, R 2 U A A
HIFER R B LB B 86— AT AR AE A A )
%QMEM%RTE%MﬁW,WmﬁmMQW%M
AR . BIEREA LTRSS, (OB S R aeis 3
82.00% DSC. WA F HE LAY 21 FLAE Bl Ji 0o 22 — AT DAL
S R et . 24 E S AR A R AT D R R 2R S
HSCARPEREE A, FRATIERE] T =11 DSC Al NSD
IH, I ANA BEAL AT A 2 AR AL

3.34. gk

AT, OB E PSR s A E (r=16
). fAiEmEE s (b=4 ). HWEEREA (t=12) DA

Table 6. ML B R [ TLATHL R RO R

BBoxes Points DSC (%)t NSD(%)1
X X 82.00 &+ 17.40 84.61 £ 17.53
v 1 Random 82.63 + 15.11 85.22 4+ 15.21
X 1 Random 82.50 + 16.04 85.10 + 16.14
v 5 Random 82.65 4+ 14.77 85.25 + 14.87
v Centroid 82.69 £+ 15.14 85.28 + 15.21

Je B0+ RS B AL SR IS HE S BSR4
RS B 2 I FR AL T A AU

B 2 R T —IE BUS BG4 %45 5%, #fh
Tﬁﬁ%ﬂws(amﬁ%m)ﬁW%Exﬁﬁ%E
W) fr. 564 B H nnUNet 7518 5 321 % s A 4o B A
WA E|, (HEHL TextSAM-EUS W#h—2, 4%
M, BT SAM RN T i XI5, (SAM-Point .,
SAMUS-Point . SAMed ), 7EAK 71 AHE T (SAM-BBox
MedSAM) ZE#HH HFR. AutoSAM Hl AutoSAMUS
Wb T N L TAE R, HAE %GR Pk B /N
[) Bk 22 A A

TATEERUESS, TINEF SRR AE SAM HF
L U R — R SO S48, )5 H F 2%
FEEEFIE . AR T SOARB R 2 3 T HiAth SOTA
SAM ¥k AN, TLieRFahk 2 Eshir. Bl
n, SAMUS $—4~ CNN [z SAM (¥ ViT &+ Lk
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) TextSAM-EUS %22, 2, WATMHFIEE, XT
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AR LS, AU T4 CNN 4332115
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UAHE 18 i . Albn2, R PAE AT 24 2] 3¢
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FE AL B0, AT SCAR B T IR AE B T LA 4%
IS SR T TR R . AN, AR TS
TR IR W ARV SR IR AR A I R AR
o TEARER AR, AT RPFIRATHELL Y R3] £
Br |, XA RE RIS R . AR B
Al TextSAM HEZLAE T 2 b AR RARAS LR R BE

4. 4k

MEERE, FAGIAT TextSAM-EUS | X2&%—1
T AR B2 B H] SAM. il FH R
2#>] 5 BiomedCLIP fiI}E:T LoRA Hj SAM ffiE# &,
FRATHHEZEAGHE 1T R 2 B 25001 0.86 % (1.69 M) ihE
2¢2], HICTHE AT T3l LA $E 75 T B2 A 14 ff vy ek g 47
B FEMRARI A LB A EEE L, TextSAM-EUS
BERTHIETFWIAEARNRLEN AN . 4
PALF IR, BB VL 8 AR T e R 5
SR, XU R R TIE S KSR R T AR E )
FIME, IR ] e B B AR 5 2 (W AR P B2
MHFTHTKRIT.

gt

AREF5RAEE T MEDTEQ+ BB, Alpha Tau Medical
A MITACS (%8 #B-0F58 2 TransMedTech
Institute JG 3 —H BT, FEGH T Apogee il
RIS FE SIS R . Y.X 58 TR
H TR 44 (FRQS-chercheur boursier Junior 1) 1
A A AR FE A 25 [34] ISZHE. P.S. 58] ek H
B TR Z B4 (596537) FIELLTE H SRRl
HHEARBI5E 4 (B1X-348625) [31] i3 Hf. T.K. 153
T B AR R S RARIF L4 (B2X-363874) [20]
(13 H. C.S.M. & Alpha Tau Medical [, M.K-
O. 58] 7 b w DA MR &4 2 (FRQS-chercheur
boursier Junior 2) 3.

References

[1] Benedikt Boecking, Naoto Usuyama, Shruthi Bannur,
Daniel C Castro, Anton Schwaighofer, Stephanie Hy-
land, Maria Wetscherek, Tristan Naumann, Aditya
Nori, Javier Alvarez-Valle, et al. Making the most of
text semantics to improve biomedical vision—language

2l

(4]

5]

[7]

(8]

(9]

(10]

(1]

(12]

(13]

processing. In European conference on computer vi-
sion, pages 1-21. Springer, 2022.

Victor Ion Butoi, Jose Javier Gonzalez Ortiz, Tianyu
Ma, Mert R. Sabuncu, John Guttag, and Adrian V.
Dalca. Universeg: Universal medical image segmenta-
tion, 2023.

Hu Cao, Yueyue Wang, Joy Chen, Dongsheng Jiang,
Xiaopeng Zhang, Qi Tian, and Manning Wang. Swin-
unet: Unet-like pure transformer for medical image
segmentation. In European conference on computer
vision, pages 205-218. Springer, 2022.

Qinglong Cao, Zhengqin Xu, Yuntian Chen, Chao Ma,
and Xiaokang Yang. Domain-controlled prompt learn-
ing. In Proceedings of the AAAI Conference on Arti-
ficial Intelligence, pages 936-944, 2024.

Dongjie Cheng, Ziyuan Qin, Zekun Jiang, Shaoting
Zhang, Qicheng Lao, and Kang Li. Sam on medical im-
ages: A comprehensive study on three prompt modes.
ArXiv, abs/2305.00035, 2023.

Sedigheh Eslami, Gerard de Melo, and Christoph
Meinel. Does clip benefit visual question answering in
the medical domain as much as it does in the general
domain?, 2021.

Peng Gao, Shijie Geng, Renrui Zhang, Teli Ma,
Rongyao Fang, Yongfeng Zhang, Hongsheng Li, and
Yu Qiao. Clip-adapter: Better vision-language models
with feature adapters. International Journal of Com-
puter Vision, 132(2):581-595, 2024.

Shizhan Gong, Yuan Zhong, Wenao Ma, Jinpeng Li,
Zhao Wang, Jingyang Zhang, Pheng-Ann Heng, and
Qi Dou. 3dsam-adapter: Holistic adaptation of sam
from 2d to 3d for promptable medical image segmen-
tation, 2023.

Shreyank N Gowda and David A Clifton. Cc-sam: Sam
with cross-feature attention and context for ultrasound
image segmentation. In European Conference on Com-
puter Vision, pages 108-124. Springer, 2024.

Yu Gu, Robert Tinn, Hao Cheng, Michael Lucas,
Naoto Usuyama, Xiaodong Liu, Tristan Naumann,
Jianfeng Gao, and Hoifung Poon. Domain-specific lan-
guage model pretraining for biomedical natural lan-
guage processing. ACM Transactions on Computing
for Healthcare (HEALTH), 3(1):1-23, 2021.

Xin Huang, Jin Wang, Yuan Zhang, and Haibo Liu.
Cascade segmentation framework for pancreatic tumor
in ultrasound images. IEEE Access, 8:126806—126815,
2020.

Ziyi Huang, Hongshan Liu, Haofeng Zhang, Xueshen
Li, Haozhe Liu, Fuyong Xing, Andrew Laine, Elsa
Angelini, Christine Hendon, and Yu Gan. Push the
boundary of sam: A pseudo-label correction frame-
work for medical segmentation, 2023.

Fabian Isensee, Paul F Jaeger, Simon AA Kohl, Jens
Petersen, and Klaus H Maier-Hein. nnu-net: a self-
configuring method for deep learning-based biomedical
image segmentation. Nature methods, 18(2):203-211,
2021.

www.xueshuxiangzi.com



[14]

[15]

[16]

(17]

18]

(19]

20]

21]

22]

23]

24]

Maria Jaramillo, Josué Ruano, Martin Goémez, and
Eduardo Romero. Endoscopic ultrasound database of
the pancreas. In 16th International Symposium on
Medical Information Processing and Analysis, pages
130-135. SPIE, 2020.

Chao Jia, Yinfei Yang, Ye Xia, Yi-Ting Chen, Zarana
Parekh, Hieu Pham, Quoc Le, Yun-Hsuan Sung, Zhen
Li, and Tom Duerig. Scaling up visual and vision-
language representation learning with noisy text su-
pervision. In International conference on machine
learning, pages 4904-4916. PMLR, 2021.

Muhammad Uzair Khattak, Hanoona Rasheed,
Muhammad Maaz, Salman Khan, and Fahad Shahbaz
Khan. Maple: Multi-modal prompt learning. In Pro-
ceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 19113-19122,
2023.

Muhammad Uzair Khattak, Syed Talal Wasim, Muza-
mmal Naseer, Salman Khan, Ming-Hsuan Yang, and
Fahad Shahbaz Khan. Self-regulating prompts: Foun-
dational model adaptation without forgetting. In Pro-
ceedings of the IEEE/CVF International Conference
on Computer Vision, pages 15190-15200, 2023.
Muhammad Uzair Khattak, Muhammad Ferjad
Naeem, Muzammal Naseer, Luc Van Gool, and Fed-
erico Tombari. Learning to prompt with text only su-
pervision for vision-language models. arXiv preprint
arXiv:2401.02418, 2024.

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi
Mao, Chloe Rolland, Laura Gustafson, Tete Xiao,
Spencer Whitehead, Alexander C. Berg, Wan-Yen Lo,
Piotr Dollar, and Ross Girshick. Segment anything,
2023.

Taha Koleilat. Transformer les soins de santé grace a
des modeéles de langage multimodaux universels, effi-
caces et évolutifs pour 'analyse biomédicale. https:
//doi.org/10.69777 /363874, 2025. Bourses de doc-
torat en recherche, numéro de demande 363874, Fonds
de recherche du Québec (FRQ).

Taha Koleilat, Hojat Asgariandehkordi, Hassan Rivaz,
and Yiming Xiao. Medclip-sam: Bridging text and im-
age towards universal medical image segmentation. In
International Conference on Medical Image Comput-
ing and Computer-Assisted Intervention, pages 643—
653. Springer, 2024.

Taha Koleilat, Hojat Asgariandehkordi, Hassan Rivaz,
and Yiming Xiao. Medclip-samv2: Towards univer-
sal text-driven medical image segmentation. arXiv
preprint arXiv:2409.19483, 2024.

Taha Koleilat, Hojat Asgariandehkordi, Hassan Rivaz,
and Yiming Xiao. Biomedcoop: Learning to prompt
for biomedical vision-language models. In Proceedings
of the Computer Vision and Pattern Recognition Con-
ference, pages 14766-14776, 2025.

Xian Lin, Yangyang Xiang, Li Yu, and Zenggiang
Yan. Beyond adapting sam: Towards end-to-end ul-
trasound image segmentation via auto prompting. In

[25]

[26]

27]

(28]

29]

(30]

(31]

32]

(33]

34]

35]

(36]

International Conference on Medical Image Comput-
ing and Computer-Assisted Intervention, pages 24-34.
Springer, 2024.

Yifan Liu, Lanfen Jin, Minhao Xie, Kai Wang, and
Xiahai Xu. Semi-supervised segmentation of pancre-
atic tumor in ultrasound images with multi-task con-
sistency learning. Medical Image Analysis, 70:101998,
2021.

Ilya Loshchilov and Frank Hutter. Decoupled weight
decay regularization. arXiv preprint arXiv:1711.05101,
2017.

Yu Lu, Jin Xue, Minhao Xie, Kai Wang, and Xia-
hai Xu. A deep learning framework for pancreatic tu-
mor segmentation in ultrasound images. Ultrasound
in Medicine & Biology, 47(4):968-982, 2021.

Jun Ma, Yuting He, Feifei Li, Lin Han, Chenyu You,
and Bo Wang. Segment anything in medical images.
Nature Communications, 15(1), 2024.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sas-
try, Amanda Askell, Pamela Mishkin, Jack Clark,
Gretchen Krueger, and Ilya Sutskever. Learning trans-
ferable visual models from natural language supervi-
sion, 2021.

Tal Shaharabany, Aviad Dahan, Raja Giryes, and Lior
Wolf. Autosam: Adapting sam to medical images
by overloading the prompt encoder. arXiv preprint
arXiv:2306.06370, 2023.

Pascal Spiegler. Planification automatique de la tra-
jectoire des Electrodes pour la chirurgie de stimulation
cérébrale profonde connectomique. https://doi.org/10.
69777/348625, 2025. Bourse de maitrise en recherche,
numéro de demande 348625, Fonds de recherche du
Québec (FRQ).

Pascal Spiegler, Amirhossein Rasoulian, and Yim-
ing Xiao. Weakly supervised intracranial hemorrhage
segmentation with yolo and an uncertainty rectified
segment anything model. In MICCAI Challenge on
Ischemic Stroke Lesion Segmentation, pages 12-21.
Springer, 2024.

Qi Wu, Yuyao Zhang, and Marawan Elbatel. Self-
prompting large vision models for few-shot medical
image segmentation. In MICCAI workshop on domain
adaptation and representation transfer, pages 156-167.
Springer, 2023.

Yiming Xiao. Améliorer le prognostic neurochirurgi-
cal avec l'imagerie multimodale et a la connectivité
cérébrale. https://doi.org/10.69777 /330745, 2024.
Chercheurs-boursiers, numéro de demande 330745,
Fonds de recherche du Québec (FRQ).

Yan Xu, Rixiang Quan, Weiting Xu, Yi Huang, Xi-
aolong Chen, and Fengyuan Liu. Advances in medical
image segmentation: A comprehensive review of tradi-
tional, deep learning and hybrid approaches. Bioengi-
neering, 11(10):1034, 2024.

Kaidong Zhang and Dong Liu. Customized segment
anything model for medical image segmentation. arXiv
preprint arXiv:2304.13785, 2023.

www.xueshuxiangzi.com


https://doi.org/10.69777/363874
https://doi.org/10.69777/363874
https://doi.org/10.69777/348625
https://doi.org/10.69777/348625
https://doi.org/10.69777/330745

37]

(38]

(39]

[40]

[41]

[42]

Renrui Zhang, Rongyao Fang, Wei Zhang, Peng
Gao, Kunchang Li, Jifeng Dai, Yu Qiao, and Hong-
sheng Li. Tip-adapter: Training-free clip-adapter
for better vision-language modeling. arXiv preprint
arXiv:2111.03930, 2021.

Sheng Zhang, Yanbo Xu, Naoto Usuyama, Hanwen
Xu, Jaspreet Bagga, Robert Tinn, Sam Preston, Ra-
jesh Rao, Mu Wei, Naveen Valluri, Cliff Wong, An-
drea Tupini, Yu Wang, Matt Mazzola, Swadheen
Shukla, Lars Liden, Jianfeng Gao, Matthew P. Lun-
gren, Tristan Naumann, Sheng Wang, and Hoifung
Poon. Biomedclip: a multimodal biomedical foun-
dation model pretrained from fifteen million scientific
image-text pairs, 2024.

Theodore Zhao, Yu Gu, Jianwei Yang, Naoto
Usuyama, Ho Hin Lee, Tristan Naumann, Jianfeng
Gao, Angela Crabtree, Jacob Abel, Christine Moung-
Wen, et al. Biomedparse: a biomedical foundation
model for image parsing of everything everywhere all
at once. arXiv preprint arXiv:2405.12971, 2024.
Zihao Zhao, Yuxiao Liu, Han Wu, Mei Wang, Yonghao
Li, Sheng Wang, Lin Teng, Disheng Liu, Zhiming Cui,
Qian Wang, et al. Clip in medical imaging: A com-
prehensive survey. arXiv preprint arXiv:2312.07353,
2023.

Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and
Ziwei Liu. Conditional prompt learning for vision-
language models. In CVPR, pages 16816-16825, 2022.
Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and
Ziwei Liu. Learning to prompt for vision-language
models. IJCV, 130(9):2337-2348, 2022.

www.xueshuxiangzi.com



	介绍 
	超声胰腺肿瘤分割 
	生物医学领域的VLMs 

	方法与材料 
	SAM 预备知识 

	实验与结果 
	基线模型 
	分割结果 
	消融实验 
	上下文标记长度的影响 
	提示注入深度的效果 
	几何提示在精炼阶段的效果 
	总结 


	结论 

