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Abstract
Ultrasound image analysis plays a critical role in modern medicine, but precise segmentation
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remains one of its major challenges. Although existing deep learning models like SAM perform well
on natural images, there is still a performance gap in medical image segmentation. This study pro-
poses a contrastive learning-enhanced LoRA fine-tuned SAM-Med3D ultrasound image segmenta-
tion model (USCL-Med3D) to improve the accuracy and efficiency of 3D ultrasound image segmen-
tation. We designed a semi-supervised pseudo-label dataset training method to automatically ob-
tain annotated data, reducing annotation difficulty while ensuring annotation quality. Additionally,
a contrastive learning architecture was introduced to enhance the model’s ability to extract contex-
tual information from 3D ultrasound images. Furthermore, we fine-tuned the SAM-Med3D model
using LoRA, effectively incorporating the feature representation abilities of the 3D ultrasound da-
taset. Our method achieved excellent segmentation performance on the 3D ultrasound dataset and
several publicly available 3D medical imaging datasets.
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NPT S B4R . CLIP [15)8 ALE 7 K EiE T - BG LR, R4t 7 — st G 5 A,
BRI PR R A MG IR E S 2 T % LRI (4. DALLES [18]3E T KM AR e 85 20k I 25, JEBH
T ERSCAR B ER A e /7. DINOV2 [16]7E K & EHG Bt kAT Tl g, DA% ) SR AR e, G
T AA () W B B AT A 22 B BRI AN 73 B 2% b R I tH SRR VR RE . SegGPT [L41KE AN R] ) 43 1 B e
R SR R, AZ R BTSS0I 7 i Jrik . SEEM [1713R4E T —Fhaxfe ik, AR
PR — U2 B FIR 55 B S AT 05 H . SAM BERLE I AR A 10 AR ETRNZR, BN T —
ANZ &R VM, H T 3R 5, S RS R 72 NENREZI N EE AR RE
SAM TE8 1 TR I, TR AR . Py AR [10) 5580 A SRR 4, JF HiXE VEM R+
1B 5 AR o b B B

7E 3D &5 A B ik, L&A 220 H B A4l X SAM (Segment Anything Model) [5]12444
BEATHOR . SR1, XS TTERIEE M AR 2D HELE YA FEANGEOR 3D Bl X ATRETCIE 7 0 AU 3D A
G IEAE IR S B o B, —Sehif 70 L2 @& e A A B B/ 4 5 1 2 2 7 B B 4 X SAM 3k
ATHRUR, AEX B T7 3 AT 6 3D 8 A UG AR R PR AT R4 [8] [20] . A, AT —2E77ik{H ] 3D 42
Pkt 3D BT IS, BTEEA SR G S R0, 1XLET5757E 3D A B4 PR R
A NI AIVERE, W RE EH T BR = E1 0 75 IR 8 AL BB AR 1 2 AR AN &2, BRI TS (32 4k
REJI[21] [22]. [RIRFAEAERMZ, —18 3D Jrikfe s G o %) EIUS TEMAFRBEMSE R, (HdH 7%
522 (3R 5, IR G5 SEBR N S R T BRI R A . M EEZ R, SAM-Med3D [11] 1K1 52 B &8 7 1 Bt g 1
REMETE B D 1R s B L T HR it ey g . R nitk, BIH AT AL, SEBA T 7 R ok
SAM ZLH 5K T Re 5 3D A UG b I AR TR SRARSS &, Rl 28 s 80 28 B4 #) B4R sl b
ST, B4R, BIRTER SAM BT 3D @/ B H i H Ca B 7R, (H40 75 26808 LU
D IAE HAT RORI 3D Hida 1) A A1 1 ik

H 5B % 2] (Self-Supervised Learning, SSL)¥ H BN s T = 4k = 24 G o BT 40issk [23]-[26], 45531
SR AR, BT ST RAE IR AN A I 7, B 7S U T I AR Pk AR . SSL ikREE TR K E T
EVE BRI RE M = L8 75 B 16 5 2 S5 40 T 24 31 [27] [28], 3X 88 593538 B M T R A B N B A2 A 1) J L AT Al
R SCR R MITAAT 5 [29] [30]. 1E = 4R 50 AR M0 50 T, SSL Tl FH 152 ) T A2 AL B0 & R Ui
RS G RRAE . B0, R[N [2413X A 1) 77 2538 3k 45 5565 398 R FH 25 FUBE IR S R0 ) LART ARV BL P 27 2T Sk M=
MG S IR . SRT, X EE TR T BRI S A B0 S HOE AR R R AT AL, A G0 A )
SR RN 0 o0 2 2 R A AT (7 B AR O SSL 7 vk DR R, A Hl 75 AR s o SRR 3D
X5 B TR T AR B AE B R HESE i () b R SO BB B . PR TE T b R A B s h A A
FIUTRFR, XK R AT ReAME A g 7 2Ok —34[32]. /R4 SSL fEEE =Bt h B/, 2
SRR GBI e 7 3R N FH T = 4 7 BRI S AT SR AP 22 00 . AT 1 b 1 oK 8 A ER 2R 75 25080 11 4
Tz, A9 FE SR SR AR AR LA K 75 B i s PR RS 7 BR 2B BB 75 3R [33]-[35] - Ak, R
B X = o s PR ) e R B B S I SSL 7V < X B vk BARAE AN A (R i 4 H B T — 2 IR
BE2H TR Z oA HEEST . SAM R HATAE TR BIR BRI HAE ), (HlHT3A R s b
TOUEREMEES, FEUXLEVETE 3D HA AR FRURAE(E 1),

T GRfE LR, AT USCL-Med3D B!, X TUTAEISTRRA = AN 7T 1) S T —Ff
18 B S A SR B O R S AR SR VR J7 i, ABRK T 3D B SRR bR, [FIRR
UE T — B PIARERCR . 2) SRR NBERDIM KT L2 3] 28k, i L B A4 HY 3D A 218 B R SO B
BES1, AR TR ALTE 3D A A R R — 2 3D RyT AR AE RIRIM . 3) XA —wiEH 3D RER
By EIBEJIH) SAM-Med3D BBt 1 R 77k, A XCHH SAM-Med3D MK & BT #odls_EIlZRpT3ies
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2.1.1. BRIREN

FEMPE LT A GRS T, REIPR Okt T R S A R B A%
EALTE TR S, SRS TR E 39 44 5 1 500 MARUE A 14, I8 B R L AN IR
RIRBORAE . 9 T B PR AR i) AT PEAN AR, X REASRISIEAT 1 ARSIk 7). 25 44 B B4 T i
JEARBLET LI, JE L BRI A SR T, AR R A RS PRSI F R T 534k 14 44 5B SR e R ks
BB LG I AR, R BADEE R T BURIRPIRDL, IEBME & 7R WU SRR =k
SRS, TR TGS TR % R B SR A A B . 1 1 R T BRITREEMARIE 11X ) LA 4
o IREREE R ERA T KBEA R AR, A BTG 2 WG T 3R AR HER (S 2.

Figure 1. Six distinct sets of ultrasonographic images obtained through standardized probe manipulation by board-certified
physicians, accompanied by their respective diagnostic annotations
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Figure 2. The methodological framework for generating pseudo-label data using SegGPT
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2.2. USCL-Med3D: ETFXIELE SJH#E3EM LoRA RMIBRBA IR 9 EIHER

2.2.1. SAM-Med3D

SAM-Med3D %%+ Segment Anything Model (SAM)FI G Bk, &y 3D B 22 BG4 EF 55 %
o IZBALET 5 N 5E 4] 22 3T (1) 3D 4244, ST T SAM JR 4G 2D ZERIYEAREE 3D P2 FEG A I R PR A,
30 TR 3D B 5 82 H) 6 R K E L, SAM-Med3D (LI AT 43 N =AMZO LA, AN EALEET
ET%t 3D HdE AbFR AT T R

3D K4 4wt as: SAM-Med3D f#H 3D BFZ, ZZ & TAMMANAZRRN T . 454152111 3D
“axihr B Ymi%(PE), K 2D PE MESY R B =4k, B REME gm0 KR IR BRI B . Swid 5 1 N B
JEidd 3D VER I PUAT AR E, IX LR R I HUE A 3D AN PE SRAHHETEAH ) A% [RAFAE o

3D FEongulihas: %A B IEARE 3D B2 EG H G B (A HE) R AL (FERD) PR « R M 3D
R B mIGERTR, 7 HEE 0 = 4R, A SR @ 3D AL, ARt 3D 7 (A 40 1T BURK R ik
No

3D YL #s: SAM-Med3D H¥) 3D FERD RIS A 45 M SAM I il e & ik, f# A 3D #%
BBATRAEE FRAE . RS2 i S EHAT H S 3D A AME B RHRAE, B U 7 B S
FINEUZE) 3D bR SC—8. MRRGE Rt B 5 80 0E 2 2 R IR AN A (MLP)BEA T4k, 7= AR fe 28 1) oy HI
o EAERMZ, SAM-Med3D ISR th A& AR . RN, BllZrd sl = mg0s s B
HPAAS T SAM-Med3D T FIEAE S (1R

2.2.2.VCL-Head: #ETXX{IEFERMA SAM-Med3D

HESR SAM-Med3D £ 3D &2 EUE /ST S h R I . (2 i T 5= WREA 4 BUE 2 R S fE
EIRET), SAM-Med3D 7 3D i/ 28 8 dE ERIMAE . N T 82 SAM-Med3D 6t = 28 E T SUF B
REJJANAE 3D M A SRR AR HIZ AWRE I ZE I R R, AR SCH HH USCL-Med3D #5748, USCL-Med3D #4244
WK 4 fizR. USCL-Med3D #8 d AR 43 4k 1) Al VCL-head 4 3D B A G T & 10 L F 05 R
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Figure 3. The video frames and segmentation masks are organized into three-dimensional data
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X SR FE RSB AE Image Encoder #1 Mask Decoder H7 ik (RI4FAE . ZadiX AN &6 43 4L F#E, USCL-
Med3D #EA4A] DUR It R B 5 528 1 RSB B, JF7E 3D A 8 8 s EAS R .

3D A AR A AR — 20 B S EAS B BEAFRSS B 2 W — 2L E R . B SAM-Med3D
AT @A 3D FAME EEE ST, {2 SAM-Med3D (1) 3D ZE[E B R ER Z R U BAE S, FEOLE
3D A AGEIE BRI . N T S4B AR TR B UEE, SRRk I T Voco 1
HFEE 2R S T, FRER T VA3 TIE AL SAM-Med3D MBI, %4 oA4 VCL-head. 1% 5 ki@ i A = 4k
FEUE A FER T Z WA — 20 BRSO EE R, SE TAE TSR B2 2] —8UiiE R, 8 5 @
7~ A VCL-head $2 X = 4L /5 280 B R UE BRIk iR . BRI &, B e WA AEFR AN [F] 7 B 78
o ANAE S B4R (Base Volume), 38 iR S BER AR 2 (B FRFAE 22 5 1, LA AN [R] X 48
Fa e BEJE, BENLEEYT4F(Crop Volume), JFiE i A [F R AR A AR AUEHEAT X EE, X L
FRFLL T WA X3k, BIFTAS A AR R SO B o iX — i Rl i — AN SCARAT 55 (Pretext Task) Fe =X
b BT S B i dm s B A R s h, A AR TR MERE

VCL-head £ T3 73 S E AR 533 o F90 53 3 FH 3 0000 AS [RI 3 BTAR AR 2 [A) () R SO B OG0
TEDA 3 S DU A T G B AS [F) R A AR Z [ R RRAE 22 e, DA ST S BRI ME AR IE R R . B, 1XEe2
SRR IE L #8431 ImageEncoder ) LoRA JZH1.

YT —NIN x, e R?#488  Fefg HARBI AL 4 NMAE S PIEEAAT, WK 5 Fin. BEEa AR
NEFM%, X E 2 SAM-Med3D 1) ImageEncoder, i H 4miB44iE base™ o SRJ5, 4%I82 At SSL LAE
[36] [37], fd I EA LR E HIM ST R Bkt base™) $ S BB EAHE b ey SRJF, BEHLER BT — MARUE K 5L
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AN T AERFAE 2 (A ) o T4 B LB P T A BE LB B (0 R B B AE . SRR 15
b 1 ) 2 A AR logits, 1™, 4R RTR:
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I'(Xi)=CosS|m(fsm(c ),fm(bi ))+CosS|m(ft9a(c ),fstu(b, ))
' 2
ERH, (%) R o (X) T X SN T 28 025 A RIS . R, 7EEAT () 20, 27
AR S RO BOT AR 28, WT

, ien. 1)

Pheacher = mx Preacher + (1_ m) x Pstudent » (2)
HZH m 0.9, 732 logits ZJ&, THEIMD SRR L, . EIEIHE logits ABREE y 2 18] (113 -
di(xi) _ yi(Xi) _|i(Xi) Jien, ©)

| [FR AR SEE, RIRITHE L,
L) = —%%}Iog (1-0). @)
MEW EF, AR EEAER 0 2 WA R R, WEXIRGE (25, Bk, bz
R KA R 2 W A 2 5. A, Wit IENEHE L, SRBORAR R R4 AR b0 22 ] (e AiE 2%
S, B e EAS RIS AR 2 [A) B AR DL -

b -b.
S = CosSim(bi,bj): ||bl||||bj. " i,jen,i=j, (5)
([
AR s; 5, L, L s; ik 0 yH R
=23y ©)

" n(n_l)i,jen,#j
T X PRI 7%, VCL-head AMY iy 1 AR 75 s b R SCfE B HERE 77, T H 6 & 3 om 148
TUTE J5 84T 25 1 SRR A
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Figure 4. The overall architecture of USCL-Med3D
B 4. USCL-Med3D RIZE{ASH
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2.2.3. {&H LoRA {8 SAM-Med3D

ImageEncoder 1 MaskDecoder £ 4 SAM-Med3D #2408 i KHIEE 5, TEMORA I AR o 5o UG it
BAT AR EH T ERERTHEITE . T B0 AR LR I AR5 B G dm g a4, 51
LoRA TR, HAfkUE, JeifRsh ImageEncoder 14540, 1EA VCL-head [¥) backbone, fi#if LoRA
T o IXAS D BR AT DU 28 25 S PE S A1 45 i 4 PG dm i 2% (B 28k, % FE 31| ImageEncoder 1
Mask Decoder 5 25X} 3D i 5 £ s 24T i AR5, 75 24 ImageEncoder Al MaskDecoder #1454~ Trans-
former HVER I ESINGOM LoRA |2, DAL FF4miid 25 FIARRD 2R RTRFIE L, anlE] 4 Fos.

LoRA {if FH 4t 35 — fFAG 2 25 A6 XA B ST it DIMIRRR 203K o BRI ZR iR BB, /N T
WIZRRR S A R E N B Transformer 18 RS — )2 BAAKREL, 25 € — AT ZRIBUERE W, e R™,
LoRA Bl 7 —XT L mhid 2 W, , W, , BIRTIZRAIRR o fRAEFE . W, FTW, 3 2 IRBY 203, W, e R™,
W, e R, r<min(a,b). £ SAM-Med3D ', VERJJZHIIERALESH h=Wyx &:

h =Wyx +W,W,x (7)

BT LoRA i, TERITFHLREY SAM-Med3D JE A I EMG gD, $EoRgmiDFH e gt i RIS 51
ANZRIE 3D M G EIRRFIEIRE 1, LW T 5 EETE 3D A B4 L3R T FH AR .
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Figure 5. The VCL-head is utilized to extract contextual information from three-dimensional ultrasound data
[# 5. £/ VCL-head RN =4 A KRN L TXIER
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3. LIy
3.1. XfEESEie

TEF L TR AT REUR IR T, R EIROBE 7 B A = B R 4 . A%
LT AR A EG, S8R T RE 39 4 B 500 MR A, X058 H R A FIFEE
MARIBIRIE . N T B ORECE 1 A R AR, SRR ASRIEEAT T 48R 7). 25 44 B3 8RS b T
s AR (R RN, e ek R T s i fls TeE AR T, 4 R PR RS AR R SR T 3 ok 14 44 B8 B 60 2 s
TR SRR B R A AR, XS BAGER TRRAPIRGL, ERIME R 7. XU SR IX =G
BRI 2R, DTN BETEIA 7R 8 R S ) 5 B4R R . 18 1 o 1 R ITSR AR FIRRYE B J LR £
o IR LR RS T R S SR A AR &, A B TSR 2 W AR T IR SEHER IR S

#1451 T FastSAM3D. SAM-Med3D Fll USCL-Med3D 7£ = 4 75 5218 Bs 6 55 _E it AE e br o
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SEEGER A, R =4 2 58 dE X SAM-Med3D #EAT 10 1) USCL-Med3D 748 7 £ b i I B4R
T SAM-Med3D . [iti 5 & 71~ 55 B2 381, USCL-Med3D 7F #5287 5 I 1) R BBk AR T SAM-Med3D,
MR MR 10 B, USCL-Med3D 75 % 28705 -F3545% SAM-Med3D J7i% 23.14% Dice 704, &
KHEEP) &, USCL-Med3D 7EA A I s A F iR 4 id FastSAM3D 1 SAM-Med3D. IX7E—EfE % I
WEB, USCL-Med3D %% =) T =4 fAAR 0 b Bl = AR 43 7 S0 T A S TR 732 B AE AR 6 B 4k PN 38 1)
X [ARFAE, f# USCL-Med3D 71 =4k /5 Hii 5 F3kA8 TR BRI .

Table 1. A comparative analysis of the proposed methodology with other approaches on the 3D ultrasound dataset
= L WA ESHEMAEE 3D BEMIEE LAIXttE

Method Points Pleural effusion Seroperitoneum Liver Spleen Kidney
1pt 12.19 11.54 13.73 12.51 14.42
3pt 14.22 13.17 15.71 16.04 16.53
FastSAM3D
5pt 17.38 17.52 18.15 17.28 20.42
10pt 2331 22.62 24.15 23.04 25.72
1pt 13.85 14.54 16.5 16.85 17.41
3pt 19.3 21.54 22.04 22.66 25.72
SAM-Med3D
5pt 32.74 33.28 39.64 42.51 46.31
10pt 38.24 37.41 54.73 47.58 54.68
1pt 21.03 24.97 30.85 25.46 26.31
3pt 23.17 26.43 32.94 27.89 29.53
Ours
5pt 66.22 63.58 71.02 63.38 68.29
10pt 70.28 66.08 74.2 66.39 71.41

N T 38AE USCL-Med3D TEESISEIREE iz e, {1 AMOSdataset [13]%5 A JF AR &£ 317 I,
XG0 TF AR S i IR AN B P AR B , SR 45 R 2 s o R3S RUBUD I, USCL-Med3D
AT HoAth 2D 59240 FastSAM3D, {H3% 5T SAM-Med3D, {HFE#E R S AR, USCL-Med3D iz
45/NT 5 SAM-Med3D R, {EHR A %EAN 10 B, USCL-Med3D 7 AMOSdataset b (R B #E T T
SAM-Med3D, X A G/ B T3 B N, 2R mA B KIS 35y 38 50 i 43 A /2 = 4 7 5550
PEAEN SRR 20 (1) bR SC X a8, ImageEncoder AEE # 3 5A8 = 4k A G SR 1 BN SOk R, T
AT T AT IR I

Table 2. Comparison of the proposed method with other methods on the 3D u dataset (CT, MRI)
2. FRRAESEMAEE =4S GBIRE(CT, MRI) EAIXTEL

Method AMOS TotalSegmentator BraTS

1pt 3pt 5pt 10pt 1pt 3pt 5pt 10 pt 1pt 3pt S5pt 10pt

SAM 4.9 93 114 145 20.2 27.9 311 34.8 10.8 192 217 237
MobileSAM 4.1 56 6.3 7 14.9 17 18.2 21.2 7.9 132 156 186
TinySAM 49 77 89 101 171 225 243 26.2 10.3 165 187 212
SAM-Med2D 9.7 12.7 129 132 8.3 8.1 10 12.8 10.3 7.6 8.2 8.4
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SAM-Med3D 319 694 711
FastSAM3D 273 368 402 437 25 37.8 445 51.9 33.3
29 67.7 703 716 27.2 69.1 72.4 73.8 33.1

74.2 29.3 70.8 73.6 75.9 358 703 728 755
401 421 445

Ours 68.6 703 727

3.2. Ak
USCL-Med3D 1 SAM-Med3D 7E =48 /& s A% 2t b5 #7028 H s i T 40 B vl A4k 25 S an i 6

N, P REIRT USCL-Med3D E=4E R4 LI FRI. WLIEH, SAM-Med3D R RFEA —

ARG 738, (HXE DRI I 2 B E5 R . MHEEZ T, USCL-Med3D REWS MR 1032 7 H Am X 4K

Figure 6. A visual comparison between the proposed method and SAM-Med3D on the three-dimensional ul-

trasound imaging dataset
[ 6. 1RE757EH SAM-Med3D £ = 4B A GBS LA LR EL

3.3. jHRYSELE

N T BHIE USCL-Med3D B R AN [RIRSE AN AN [F] 2 50k B R AR, 16 = 4E 8 75 s 8 8 5 BadkAT
MEfIRTIS

WZRTTHE . USCL-Med3D #5714 AL 3% P AN i FZE ) Il ZR 58 - VCL-head b T S A5 B F2 BT SAM-Med3D
BRI . 2 5 B T4 VCL-head 74 3D Image Encoder 3 N = 4B 5 LR 5805, # 3D
Image Encoder 3£ A\ SAM-Med3D Z2#J, F1 3D Mask Decoder —#2fifl, A8 =4EE A iAG R4 LT
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TR &5 B AN AE SAM-Med3D 224 1%} 3D Image Encoder #11 3D Mask Decoder #E47 i il 45 5. 5256
gERR I, [ F VCL-head 42445+ 3D Image Encoder 3E4T Ak i AH LA ] SAM-Med3D 2244 #E47 i ,
TE =Y 75 AR B 4 L AR AR IR T T 3.16%. IX7E—EFE¥ LIER] VCL-head k47 3 3D Image
Encoder 3RHU T =4 A 2GR LR UER, 38T 7B R I

Table 3. The impact of fine-tuning the ImageEncoder alone versus fine-tuning both the ImageEncoder and Mask Decoder on
the proposed method
52 3. %98 ImageEncoder/Fn#%3/8 ImageEncoder + Mask Decoder Xi& 3t 75 % A0 820

Fine tuning Module Using VCL-head Dice
J 64.13

ImageEncoder
X 62.47
J 60.72

Mask Decoder
X 61.29
J 69.67

ImageEncoder + Mask Decoder

X 66.51

AR . SAM-Med3D #5284 (1) P9 A~ H B 20 Bl 4432 3D Image Encoder 11 3D Mask Decoder. A<
ARV X PSR ) TR . 7 3 i ROR TEIZR G B, BVRHIEXS R B B, {431 3D Image Encoder, Y
Wi 3D Mask Decoder A1 [F] B fl i MO (1) S50 45 5 . f b mT DLW 3, A4 3D Image Encoder, 7]
AEff 3D Mask Decoder JiiZx} 3D Image Encoder #ifith ()4FAE3EAT IE i figfS, 5L A W] §E 42 3D Image Encoder
£ VCL-head IZRM B BT RORIFIEN 7 =450 A 28R B R SOCRRFHME, FF2 88 3D Mask
Decoder {iZ I BEXT g iR AR AT IR MRS . 11X 44iH 3D Mask Decoder, BEAYMERERZE, HENZH T
W HFRA—, S8 VCL-head JI1Z:75 51 3D Image Encoder Hl2k 1 %t = 48 75 5245 34T 1 70 2|
HIRE . 45 BTk, 3 [E A 3D Image Encoder £ 3D Mask Decoder 3% 55 = 2 #8 75 8 A% B 411k
() g i 5 AL

Table 4. The impact of different fine-tuning methods on the model’s performance across four datasets

4. FRIBAFEIRBAENNBIRESE ERIAIFNT.

Tuning Method 3D US AMOS TotalSegmentator BraTS
Baseline 46.53 74.2 75.9 75.5
LoRA (ImageEncoder + Mask Decoder) on 3DUS 69.67 71.6 73.8 72.7
Full-tuning on 3DUS 88.63 56.1 58.2 57.8
AdaptFormer [38] 61.94 47.9 50.3 52.4

o, % 4 JBIR T RFAEROE T EX T = e A HESE, AMOS, TotalSegmentator £
BraTS a5 R . W HELRA R AE — 4 75 Bs 58 BT 200l R8T & i3RI, Dice 4
Bk F| T 88.63%. (HALIH ™ E M Bz MRS, FEURAIE A TF = 4R 54 (MRI, CT)EilE 5
RGBT E o X2 U FH = 4 S A A O SRR A, S EULZRAEAYJF AT (1 ML A AT A
2 ST RFAEAS S AE SRR AL, S RO A BARRT: T 7R & WU R I, (H 155 TR 8L7E HoAih
AR AZ AR . ERIERCAS AdaptFormer BEATRLUE, i 3 2R AR T 7 = 4 75 A 45 B R BUAH LL S AR
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ML T 15.41%, (EAEATT s 4 R DU bR BB A ™ B . AdaptFormer fi] B f) 45 4 BLAR7E — M
5 (B3, SOAR28) BRIV AT, HX%FT 3D BREMAR T EIX Bl J-T45,  AdaptFormer fij S (145
e JE i 0 PR R = 2458 P e o RO RRAEAE B AN B R SCR R, BB A = 25 P i R B g B
M, IR T ROR e R AL AT R SR BRI AL ERE . (8] LoRA BEBRIMIR JE L R [y 15
Gomas SHEBRID S, SIARIE 3D A RBEBIRR LN LT CR ARG BMARES, HoRMIRT) 1R
FE =Y P Bl SR R B, AE =L R A S AR Dice 70 dRTt 23.14%, JFEF
MIOR B 1 SEL R P 5 1 B R G RE /0, AERTRAE oA A T i) = 4E R A R B M B B BRI R 4F (1
Z AR

Table 5. The performance of the proposed method on the 3D ultrasound dataset under different LORA ranks
2 5. TFE LoRArank T, &it757E7E 3D BAHIESE LRIZR

LoRA rank LoRA tuning Module Dice
ImageEncoder 54.85

8 Mask Decoder 53.39
ImageEncoder + Mask Decoder 65.04

ImageEncoder 64.47

16 Mask Decoder 60.14
ImageEncoder + Mask Decoder 67.81

ImageEncoder 64.13

32 Mask Decoder 60.72
ImageEncoder + Mask Decoder 69.67

ImageEncoder 56.38

64 Mask Decoder 54.72
ImageEncoder + Mask Decoder 69.13

FESH LORA rank [EFXHEAIEREA B 52 . BURA rank 1] B T 8B AL T0TE 78 7 i e 3D 5
SRR S 2R RAAE, T ) rank U AT RE NI 2 (e 7S, SO AYS A O T E BRI LoRA rank,
FATHEAT T 2R S256, WA T ZE RO A [ A B (ImageEncoder, Mask Decoder, ImageEncoder + Mask Decoder)
IO, A FANEI rank {E(8, 16, 32, 64) LIRS . SEIG4h BRI, MHUAMELA ImageEncoder +
Mask Decoder, H. rank Jy 32 v}, #&AI7E 3D A A4 R IM M AE(NE 5). HARUE, 4 rank = 32
i, XEAFEE 3D @A ARRHEE B BT SO RIS 8% 5 D 23 2547 0M, Dice 80k 3| 1
69.67% . 1X Ui W] ¥ € LORA rank = 32 wJ DLAC LT H 5 B AL 42 3D A5 s A8 8 v 2 HERIMRHMIEC &R .
7£ LoRA rank = 32 ISR T RIXTEL, [R5 %44 U6 ImageEncoder B Mask Decoder i, T
ATYIZACE [k, LoRA BEHR [ A R I D AR IE R R P GIN T IUARME A, FEURAERE T . HH
fth LoRA rank {E 45 [r) % b, 7E4X4#0H ImageEncoder 5% Mask Decoder i, rank =16 1A% T H 2 T rank
=32 HSZIR AR rank =8 HI T HUE LK, S LoRA BB LA RO iR L ft i AL b () = AN H b, (B
HR3KA5 T $550T rank = 64 FIBSRRLCEE, 1M rank = 64 H T KIEUE, S5 LORA B R b 5] N T
LR, (R M AR 1L B T rank = 8 (/K. ZE4IH ImageEncoder + Mask Decoder FH;, AJ
DI EZ BRI LORA rank [H 3G N $& =, FELE) rank =64 B, AREAIRIUEIL . 7ERLIARE AL 1F
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e, $H8 7 1M ImageEncoder £1 Mask Decoder RS2 SR i ma A1 JR ] . FIR SEIR R 4MER] T
rank = 32 7ERFIESm AN IR S0fE BARBCZ M EUS T RAF P .

WIZAAE . I LoRA U5, MORHIEEF TR I 23025 GPU RAFFIH % . LoRA TiA7E
PETFHL LR AR Y AE — 8 5 S G R S BRI R, AU M OR R T LAY S 2 AR ). W E epoch =
100 MIEBL T, ~FJUIZRRT K 2.7 AN/ . BROSEEAE, PR EIZ: 38.2 /M. AdaptFormer 1l
G B EMLEMRSEER D, HETHEESA Transformer Bl rbii N P42 1) Adapter
ERCEY, UGS ETIZ KT LoRA i 5%, [Flf, 7E Batch =2 ff5HL T, LoRA FLiAIZRN &5 H
9.6G AT, m/NT A 68.1G AT 5 FH . LORA F 75 iy Sk ) v R 2 R0 B2 3545 2 KM 1 I 5
SRR IR, AR T AAE S FARTIZRET (], R ANE A SR A PRIV EE . LoRA U 7E R 2R 155 1Y
ZACTERE BRI, BEAS PRGNS, R TR RIS AT R
4. BE5

AT 7 USCL-Med3D #iA!, iX & —Fh &%)t % ] fil SAM-Med3D #2841 LoRA T 1387 77
%, AT 3D A B El I B SR IA AR R R 3D M R E A 1) B B BINRE Sy, Hdid
B ONAR B AR D FBFRE I 000, T ZEAR T IA BRI JR PR

SIS 45 KB, USCL-Med3D 7E & 3D i Al & R IR, 153 1 55 1) 4 FIAER PE AR .
Xof B2 ST 51N R 35 B0 1 AR (R PR SR ELRE 77, 1 LORA TC U5 %A FH 7 SAM-Med3D )32 Tyl
SRR, B HERL T 3D A AR RS E Bk

USCL-head MR TR I TR EINLAS 5 T ARG R F UG A G T ). RRIIRZR AT LA
HATE DS 2 W 2 S ME SRR FE A 7R 7 HLAth S R 5 2 A% B3 v 10 F

K4, USCL-Med3D 7EP& % EUZ 7 B4, Rl 255t 3D B B Tr i, RIS . il g2k
SEPR IR B e AR, P i s 2 S e b B2 W ffe P R Ak R Al T Bk
SO

TEARWSCHI e R, BATR 2T V2 AR BhFISCRE, 7R AT T2 7R Sk 2 R B

TRAVEL IR S50 = 1) &AL [ F A MATEERATE BN MR 25 T T #IE AR, HE5RMNS=ZT
AATTIR 0 6 0 LA o e o BT 2 3 L ) 2 7 SR B0 R0 T RS 23 B 7 TR BRI A B, DLRTE W sUiE Bl 2
Hr B I B L

UbAh, FRATERFIRAI K AT A . A TERRA TR = A 45 T T RIC SR SRR i, AR
TIRERE LTI A T AR AT B AR AN S& 2 R FRA TR W AT E 3 1
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