Computer Science and Application HHE 1Rl 5 M, 2026, 16(4), 498-510 Hans X
Published Online April 2026 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2026.164148

ET A RFAIMERSAERENAIFEEID
FiasmBlAE

g
PRI KRR S G, R T
Yok HI: 20264F3 H24H; sk HMA: 20269F4H22H; KA HIA: 20264F4H30H

R

AR HDINTS-TMO, —ME AT M ER ST ESEMMILIEIDF 55 EHESRE. 43T BFENAS
FHEEREEGRTB 2SR E TR HE, DINTS-TMOXFDINTSH A IMER AR IIME S
¥, FIIATEIERL(TMO)ILE], BEXSFITIEFETHRERE, EEEMBRRNARMENES
LS ER . ETSTS-ToothFHERN FEM AT XKLL R, DINTS-TMOZEROITFE LEA
T BAHIDSCRIHDS, fEIntegrity ¥4 FER T &AMHMIDSC, [BEDFRFES B LA ESBEER . 5L
RERRE, ZHEERBEIDF LN SEESFREBRBENRES ), HAGEANASE LR EEIRMET
—ﬁ”ﬁfﬁ‘ﬁ%o

eI 40!

3DFEE, WEE, #HERHER, FWEEN, WEHERL

Semi-Supervised 3D Tooth Segmentation via
Differentiable Topology Search and Trusted
Momentum Optimization

Zefeng Lin

School of Mathematics and Statistics, Guangdong University of Technology, Guangzhou Guangdong

Received: March 24, 2026; accepted: April 22, 2026; published: April 30, 2026

Abstract

We propose DiNTS-TMO, a semi-supervised 3D tooth segmentation framework that combines differ-
entiable topology search with Trusted Momentum Optimization (TMO). To address the sensitivity
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of NAS to noisy pseudo labels, DiINTS-TMO uses DiNTS to automatically discover network topologies
and introduces an alignment-gated TMO mechanism to filter unlabeled gradients, jointly constrain-
ing the updates of network weights and architecture parameters during search. Five-fold cross-val-
idation on two STS-Tooth subsets shows that DiNTS-TMO achieves the best DSC and HD95 on the
ROI subset and the best DSC on the Integrity subset, while still leaving room for improvement on
boundary-distance metrics in the full-scan setting. These results indicate that DINTS-TMO is a com-
petitive approach for low-label 3D tooth segmentation and provide a practical route to combining
NAS with semi-supervised learning.
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DiINTS-TMO Framework for 3D Tooth Segmentation
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Figure 1. DINTS-TMO semi-supervised 3D tooth segmentation framework
[E 1. DINTS-TMO 3 I5E 3D FFif 57 BIHESR
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Table 1. DINTS microscopic operation search space
7 1. DINTS W BRIEH R =18

E] AR BRI E
0 kK % 322 (Skip Connection)
1 3D HH 3x3x3
2 s 3D HHA(P3D-A) 3x3x1->1x1x3
3 k 3D % (P3D-B) 3x1x3->1x3x1
4 {5 3D & F(P3D-C) 1x3x353x1x1
[— - = SKip === 3X3X3 =P P3D 3x3X1 i P3D 3X1X3 =P P3D 1Xx3X3 ‘

Figure 2. The architecture searched by DINTS-TMO on the ROI (top) and Integrity (bottom) subsets
[& 2. DINTS-TMO £ ROI (L)#0 Integrity () F& L8R B EIRZH
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Rugs = 3. [ ~ply 00 B, +10°) (1 B, o (- pi, +10°)] ®
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Pram ~ (7)
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SNSRI, TR DR ME— BRIk . RIS, 2R BB g, A 2
SHRHHOTHIIAT EMA T, SEAT UM BUR, BEARNRIMUSEE, SRS,
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(ER S S01, AR Mean Teacher [8]Fist, 0T 2%t ¥k 25010 i 50 9 T4 (EMA) BT,
BB 0.00, R RLIIE 5—BIERKS s

Liotar = Lo + 4 (t) Loons (19)
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4. KR
4.1 YERESMALE

AW FEAE ] STS-Tooth $4E M T SLIRIGIE[19]. ZER AL — N2 b, T T 0BT Ko EK
3D CBCT EEHHBHIRE. NRG BN FEIE 5 R ItERe, TA L BZEURE MRG0T,
W FRN 5 A TR AT 250

STS3D-ROI-Subset: % 14117 ROI (Region of Interest)#: 875 i) 4 th CBCT #t#&, 1 130 4~ 3D F
IREA M R, o 22 MEEARCNERREEE, HA 108 MEANTIRELE, FRENT R0 —H G
FOAUF 1) - ROI #8752 % CBCT H4fi H HR AL 27 5 14 1) H A DX 3k (8 HE 2 143 119w )38 7 B0 X 35K)
RETHF WA AA MK, BT RKRELRE RE L.

STS3D-Integrity-Subset: 1% 86 & B i AR, B 241 MEATF A 565 3D CBCT H
IR, o 10 MEA AR, HR 231 MEANTARESE . ZTHERE T EB T REGHEER,
I TIPSR A LR e B 5L R T BE

NIRRT AT SE AR AL RE ) B HERR VT AL, P T AR 5 3728 X0 TIE SR me gh A7 455 2
WAl o 6T B st e, FrE riEY R MR L1 bRvECRPREZIE YL, BIFERAS fold i, 25
WZRHIRARERE AR & 1 1% fold A FRENZAEARBER 165, DMRIEAF 7754 T — 801 B s
o BT E RS
42 EWGE
4.2.1. LIS

AHF 73T PyTorch 2.7 [20]/1 MONAI 1.5 [21]HEZESZH . FiT A SEIR 4 7E AL % NVIDIA RTX 4090 GPU

(24 GB BA7) I TAEv, Edk T, XtF 4B 5% (UNet [1]. DynUNet [4]. Attention U-Net [22]. UNETR
[23]. SWINUNETR [24]. SegResNet [25]. VNet[3]), K SGD flifb#s, #I4H2E>I2 K 1x 104, 1)IIZk 200
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2|P NG

psc=< 2
[P[+[G]

(21)
Horh P FORTIIN X3, G FRE AR XIH . DSC BUATEE N[0, 1], 1Bk R 7 BB T .
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HDO5 X 57 {58 4%, HDO5 (/N ka2 FL R v A

V35 3% [ 5 25 (Average Surface Distance, ASD)H T & Tl i 5t 5 B Sl 2 [ PP w22, 58 X
erspd (X’ SG)—"—ZyESGd (y'SP)

|Se|+[S6]

ASD = (23)
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NBAEAR SRR A T HAMES B R E TR, AWK T 2MER 3D B EIE 55N
RIS FHA PR HAR N R RE . A JESEM R I B8 TR, BAIRATEX . % 2 R T &J7
¥E7E STS3D-ROI-Subset 11 STS3D-Integrity-Subset #5114 E () 5 #7538 X3 iiE 25

2 R T 2P EIR 3D BRI R L AEN D BRI ST P I A R . 454 DSC A HD95, #]
DRCED N IN-PYE =

e, H&RTEIESE R CNN St 78R r R4 fE. SegResNet 55 Attention U-Net 7 />
THE LIS SRR ARE  7E ROI T4, H DSC 4351l 87.63%71 87.62%: 1E Integrity T4, SegResNet
(1) HD95 4y 6.84 mm, 1A LB I VET R IF LRI EE R —.

HIR, Transformer ZEH7E AT ACARE B E N ARRILH B B8 % . UNETR 5 SwinUNETR 7E Integrity
T4 L) DSC 430 84.72%F1 49.90%, kT2 % CNN JE2k, Uil 7E Mar B s fml &1 F, &
Ja EE B SRR AT 55 R 3G LA AT 75 3 — P IR .

WJE, ACERAINE THINRIMBBGRTES . BMEAGI RIS, SRS RIHMEN
backbone i , t17E ROl ¥4 [ H 45 f A% HD95 (3.85 mm), F-7E Integrity T4 L H{ 453 #% & DSC (91.91%).
KR, BAEIRE A6 MY R B0 9 AT SR AT R R SE A
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Table 2. Performance comparison of fully supervised segmentation based on different network architectures
= 2. TEIMERENEITE 2E 1 EEXTEE

: STS3D-ROI-Subset STS3D-Integrity-Subset

ke DSC (%) HD95 (mm) DSC (%) HD95 (mm)
UNet 87.43 +1.56 10.82 +4.80 89.45 +0.92 22.66 +20.41
Attention U-Net 87.62 +2.54 7.68 £4.78 91.65 +0.97 11.61 +£12.00
VNet 87.32+2.15 10.92 + 3.66 53.54 +6.20 180.71 + 24.55
nnUNet 87.73+£2.98 16.61 +£11.21 90.46 £1.37 16.54 £ 19.67

SegResNet 87.63£1.75 7.94 £5.39 91.53+1.10 6.84 £ 2.62
UNETR 85.92 +2.18 16.32 £5.02 84.72 +1.97 75.08 + 46.41
SwWinUNETR 86.69 +2.18 27.85+9.78 49.9 +1.60 200.07 + 30.55
DiNTS 8744 +3.17 7.32+7.33 91.31+0.90 20.23+13.98
DINTS-TMO 87.95+1.98 3.85+£7.74 9191+1.84 11.98 £26.30

Bl 3 TS R S E R 4510 — 8. V-Net 55 SWinUNETR FE#73FEGI o H B T 50 HH S (91 B R 20
F, AR RN 4G DINTS FFUIAEE E R0l HOSEARRE, W BT 5T R E B A f HiR 7 1 5E

GT DiNTS-TMO DiNTS 3D U-Net V-Net Attention U-Net UNETR SwinUNETR SegResNet DynUNet
q SR I SEE I HE -

G U e
@ W @ q}. f

Figure 3. Visual comparison of 3D tooth segmentation results using fully supervised methods
& 3. 2575 ER 3D TN EIERATMILxtte

v,
.. -

STS-ROI
Case 016

STS-Integrity
Case 005

4.4, FWEBHFEIIEE

HESUEASCEE H ) DINTS-TMO A %1%, A& 17K DINTS-TMO 5 3UA - la B = 2 18 4 &1 7 ik it
I7xPH. % 3878 7 UA-MT [9]. CPS [10]. MetaSSL [11]. CCNet [12]#1 DINTS-TMO 7£ STS3D-ROI-
Subset F1 STS3D-Integrity-Subset # M4 -1 5 758 IR IESE H .

% 3 IR, DINTS-TMO fEM A 4dE 15 E 2 I A F M RERF AL. 7£ STS3D-ROI-Subset |,
DiNTS-TMO [Fi BXUAG 1 #5 1 [Y) DSC (87.95%) FH iR AIC ) HD95 (3.85 mm), #iPH{EZ IS ROI #EBY. B &1
PeHIRT 242 103 5 b, DINTS #RAFIIR NG TMO FRINUSS 1145 5 3 BENS 7] I o 36 [X dsk B Aid g
RkEFE. 5 CPS. CCNet 25 /7 vEAHEL, DINTS-TMO 7E1% 14 b iRk 2 5 o 1

7t STS3D-Integrity-Subset I, DINTS-TMO 3R | 5 =i DSC (91.88%), FHHZ T IETE TR T 51
R H AR X I A B R RO TR 4 (HI HD95 Jy 11.98 mm, Fi§7% J5 T CCNet (11.76 mm). iXij
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Table 3. Comparison of segmentation performance of different semi-supervised methods
= 3. PRIFIEEHEN T EIEREXTEL

STS3D-ROI-Subset STS3D-Integrity-Subset

e DSC (%) HD95 (mm) DSC (%) HD95 (mm)
UA-MT 73.99 +5.64 20.80 +5.78 71.28 +3.36 165.13 +51.09
CPS 87.05 + 4.46 7.34 +8.26 90.36 +2.24 19.27 +34.22
MetaSSL 81.27 +5.30 1450 +7.95 86.10 + 2.97 42.35 +39.23
CCNet 85.59 + 4.29 5.51 +7.87 88.56 + 2.25 11.76 + 11.58
DiNTS-TMO 87.95 +1.98 3.85+7.74 91.91+1.84 11.98 + 26.30

K 4 R TR =4 B @ s R, nTPLEH, UA-MT 5 MetaSSL B4 5 H IR Y
SRS, CPS 5 CCNet gEfp i Mmle /=, (HEA/D BB R . ML, DINTS-TMO FIF4e
BE5 GT Wiz, fEW/NFEGI TR AR CREE T 38 I 1Y B R se v

CPS MetaSSL CCNet
* "
= o Mer

GT DINTS-TMO

et

Figure 4. Visual comparison of 3D tooth segmentation results using semi-supervised methods
4. FIEHERN 3D Fia 7 EIE R AT LTEE

STS-ROI
Case 016

STS-Integrity
Case 005

4.5. Integrity FEEAIOFRE DT

ik G ERE Integrity F4E | “DSC {2 HDO5 A (HAL” MBI, & 4 %M 784k % T Average Surface
Distance (ASD). ASD HHciERAA TR MMz, 1 HDO5 Xif /b & ity B8 A aT SE AR . BUSVPAL 45 R B
7~, DINTS-TMO [ ASD & 2.82 + 2.07 mm, H&fiLT CPS [ 2.84 + 1.65 mm, JFEHEALT CCNet ] 3.83
+1.81 mm. XiEHMNREAL AT EE, DINTS-TMO 7 k% Hum il b1 PR e 2 3 A%, #—F
(R3Z M) 45 22 8], 7E 10 A Integrity 7], DINTS-TMO & 7 B4 T ik ASD; {H Case 004 5 Case
007 [yl sty 2R W 2% Y 2 v a0 FHEE B 2 A R 38, AT A HD95 AT5 AN AR B4R .
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Table 4. Boundary distance evaluation on the STS3D-Integrity-Subset
5= 4. STS3D-Integrity-Subset _F#YiA R EE ST

WARrS ASD (mm)

CPS 2.84 +1.65

CCNet 3.83+1.81
DiNTS-TMO (Ours) 2.82 £2.07

K5 25 T Integrity 748 ERSEHAICRIER R . Case 004 1, HRBAEFAAF 5 L5
ASIERG, (HAETE EARR AL E L T PIAC W] R B B P fr o SRR AR A BAR R, e
I ifivs ASD 5 HD95, JFxiJa # 7 Af B i i R AR 8. Case 009 M 3 ER I N J&y &l 70 55 5 B %
FAF, Ui B BB i KPR B RERE SR IA T R e AN s At 2 SRR L 2 R T e 7
EAFER I, ARHHBOCE AT LA S 5], DINTS-TMO [ TR 56 7E 3 57 5 B 5 o ) s B i s 7
B8 RITR S HAREAE D BUR AL F AL T REAAAE —E AW ENE. PIIL, Integrity T4 F (010 7B
i ZERR 7 R WERRFE AN, T RE R B RSB RER R AOMAS) . SATI S, DINTS-TMO 7E K23
T LA B B F R, (B i R BRAE X /D PR e DX 3 A T AN A

FEREIA GT i DiNTS-TMO #2E8 FP[FNiRZE&M

Case 004 Axial #180

PRI B £ S HDY5

Case 009 Axial #146
RBRI SRHREEHE

— GT AR DiNTS-TMO 457

Figure 5. Two-dimensional boundary error visualization on the Integrity subset

5. Integrity F&E LRI Z#8 FRIREFL

BB E G 2 I, Integrity TR BIMHINFRE ROI T EIBFEB R 8 R IREET
M EEZ AL block R 1 5 2 JFAT 20 HR 7 RO BE SRR SER XU i85 RS &L XAk B T1E 72 45
i Fh RN 4ERE 8 5 B AL R R A S, K DINTS-TMO 1% 14 B3 5 & DSC, Jf /£ ASD
ERBUNSE /NP R 22 5 (LR R FH A2 S5 0 S i 7t BE 7% 5 1 28 AR iR A A O B A A% 1, T2
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