Computer Science and Application HHE 1Rl 5 M, 2026, 16(3), 709-724 Hans X
Published Online March 2026 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2026.163097

T (=) Je B 38 B RO IE ) S AL AR 4R BY

WAL TAR R 5 TAR A, TRl HS

Weks H . 20264F2 110 FHER: 20264F3H9H; & A HI: 20264F318H

R

7o M BHGE R B 7R A AR A TR ATR R TR RUAE TOAR S H AR BRI RRE . AR, BE T ERE KM
SRR FERE ST RA KL, W s AT Hha: AR B R RE7E 75 IR BUR WAE IR 454
BAmATE S IFBNFWE, URSERTERMENESE. st EREE, ASCRH—METY Bt
FIRMRIEN R MRE. H%, BTV BIREEESEAETRLEA LA, 8RS
5 BAMBRAFERE, T SEBLN B (8] B o AR A A A R i . LK, FE H AR B 513G
PRI, DOESRRAIN S AN P RIVER . B, SINRRGHIE R TR 7850 5 A A 18] B A]
R, ZFAREARITRIGHENRE RILAAE. SRR RSN R, ASCRAMLEISPG
FIEHITRAORR . 85, R RBERARLE RS0 KE, HESHAATTEENEIRSE 3T LRVP,
MAEBER . R HEENF15HB UM RERETEME, TRERRY, ASFrRER
REA RIRTH B IR K, HERBERWB 5XHNATE B 2K E.

X in
TMEBEN, RUfem, JEmA, GRES, MiEu

A Sparsity-Regularized Optimal Transport
Model for Unsupervised Domain Adaptation

Yixuan Lj, Litao Ma*

School of Mathematics and Physics, Hebei University of Engineering, Handan Hebei

Received: February 11, 2026; accepted: March 9, 2026; published: March 18, 2026

Abstract

Unsupervised domain adaptation aims to leverage labeled knowledge from a source domain to
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improve model performance on an unlabeled target domain. However, most existing methods rely
on global distribution alignment to learn domain-invariant features, commonly facing the following
challenges: similarity measures fail to adequately account for the intrinsic manifold structure of
data; they are sensitive to domain distribution imbalance, which leads to biased alignment; and the
interpretability of the alignment results remains limited. To address these issues, this paper pro-
poses a diffusion sparse-regularization optimal transport. Specifically, a diffusion process is em-
ployed to measure cross-domain sample similarity on the underlying data manifold firstly. And then
source domain label information is incorporated to construct the cost matrix, enabling accurate
characterization of cross-distribution similarities in non-Euclidean spaces. Furthermore, a mar-
ginal constraint penalty term is introduced into the objective function to enhance robustness under
imbalanced data scenarios. In addition, a sparsity regularization term is imposed to improve the
interpretability of sample alignment and to mitigate noisy mismatches caused by dense transport
plans. To efficiently solve the proposed non-smooth optimization problem, a simplified spectral
projected gradient (SPG) algorithm is adopted. Finally, a classifier is trained based on the obtained
transport plan, and extensive experiments are conducted on three public domain adaptation da-
tasets. Quantitative evaluations in terms of accuracy, precision, recall, and F1-score demonstrate
that the proposed method consistently improves cross-domain classification performance and ef-
fectively alleviates classification bias induced by domain shift and class imbalance.
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B, ficy D )M Webcam (M FEAGSCKR AR IR, iic o W), SO EHURAET 5. Jul A #i 3
T HAFAE R E . T AT W R D 35 O 4 Sel s BT 55, DR L 4 400 4 A E A TR
BAH bR, w4 ANEFREES: A=W, A—~D. W—A UL D—A.
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g, T 2R R AR COIL20 a4k, W H HE I 1024 4 m s AE BB ; 25 RS 3 Office-
31 5 RS Hi & KA L& S S, FIH CLIP B ZAE AL ¥ Vision Transformer B4 4nf4%(37]
PRE 512 4Ei8 AL REAE N A N, R & B0 e 5 VRS8R BN 25ds, 78 B AR
HEATVPL o AT SRR RS, A SCR FHERR 2R (Accuracy) K2 (Precision). # [712 (Recall)Fl F1 43
HAE NV FE R . Forr, WERR 48 IR0 TN RE AR 7 SREAR K LA, T A A [ R AR 43 SR IR 3R
RSB 2 9 TR A TE SRR At S BRON IE SR B8], S BB Tl TE SR R AR R 5 s A Iml 2 2 SEBm R TR 2R
PRV AS o 43 TR FO0I () LU A9, AR IR ARG TE S I B 42 B8 /0 FL r BON RS i 32 5 1 [ 2 10 R AP 3 3
TGP = vERe, JUHAEEHE 5 A AN i iy S aE A v PAn . BAR A R

TP+TN

Accuracy = (10)
TP+TN+FP+FN
-, TP
Precision = (11)
TP +FP
Recall = TP (12)
TP+FN
Fl=2x Precision x Recall (13)

Precision + Recall

KA~(13)F EAEbnTH A XA S IRE R B ARG T &8 LW R : TP (True Positive) 85 24 1F 4 il
NIERRIFEARE; FP (False Positive) WAB Y R TN A IE R F1 288 A% & FN (False Negative)fg 1
RUEEAR TN T 25 ) IE 2RAE AR TN (True Negative) AR 7R 1E 8 TN A 61 R I REA i i

4.2.2. MELEWHERS 7

NIGUEA SCHE AR R, ¥ NA 1ERFEL 7k, R BRI B RIS A I 2R ) 2 28 88 % H briglidt
17952 $L BRI IR BT LR L7 vk A S BTGt B R N 5 iR T AR ik . Ho,
BTSRRI SA[38], EId A% ) Ze VAR Sl U IR H bR IR R AE T2 A1 3EAT X 555 TCA[5], @
T S MRS B ARIEAE T AR A A AR S (B R R 0 A 22 R, 5 ) — DA SR I PR4ERFIE 2 (7] s CORAL [6],
T T} S RIS E AR oA P 7 ZE R R, R NIERIE) 25 S R T B AR HI K J7i%:: Sinkhorn OT [29],
I 1E W e AR 710 OT-L1L2 (9], FETFIIEMIA [, — 1, BERR BT I W B AL AL OTDA [9], 3T/ 1E 1 F1
FKIEM M AL 7% IDOT [17], BRA s tifE 4 J7i%:: OT- Sparsity [39], A Mibn £ K (1) F A%
5. FEXRTHESEEG T, FTANEESH P TR R URA R ESHE, RS
FEEE R . R o R RE X BB DA 4, Ge— R INN 2R3 T I, AR I0 S B8 B & 15
BT RE T

SRR ZE RN | R, AL RIMEREXT LE, NA MPERER IR 2, R\ B bR ErE 7
Mz SR, HEEBEA S SECEE MR N, MmN E 7T EOE N LB, SR C R
R RbR . JE TS5 B 5 AR ] BT 55 B (COIL20 HdE 48 M NA JELl R B0 e 5E H vk RE4R TF,
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Table 1. The accuracy of the DSOT on various datasets (%)
= 1. DSOT FE R HIEE _LAEFRE(%)

COIL20 Office3 1 RS

J7:  Cl-C2 C2-Cl AW AD W-A DA AR AU UA UR RA RU

NA 8167 8264 77.61 7490 69.58 69.19 77.19 78.50 8833 7822 79.87 84.46
TR SA 8472 8444 7145 7220 6670 6805 82.63 80.80 83.50 8214 8132 8531
lggggﬁ TCA 8806 8722 6591 71.89 67.80 67.63 7483 82.80 8487 80.57 81.81 83.54

CORAL 87.92 8403 7862 7590 7224 72.10 8748 8370 8607 86.63 8222 84.08
£ TR séiiér 8778 8597 8352 8293 7458 7497 8603 8580 90.62 89.11 85.61 8723
i OT- ge47 8611 8453 8313 7554 7519 8611 8780 9196 9136 8677 88.00
FiE L1L2

OTDA  90.00 8847 8692 8494 77.07 77.00 8722 8850 9270 92.18 89.07 88.61
jipp JDOT 8833 8653 8616 8394 7543 7536 89.04 9100 9252 9157 8997 8831
ttf??ﬁ s;iihy 86.67 8597 7333 68.88 67.84 6648 6592 76.60 7950 7551 6499 66.92
JE U DSOT 9319 9444 8994 8655 8413 8101 $885 9370 9343 98.02 93.64 9592

BUE 1 73 A1 0 5 S (AT Rk . AR

BEEIERBRIMESS T, PRI BON AR 4

T 228 RIS, BERITIEARTHA IR, S R
PEREMR T IRLTTE, YHIHAE LR b AT RS K AT SR, SEREMMERE T . M2 T, BETR
PUrksm 7 T S5 S 5%, RO SRRk, £ S HUES LI TR T o a7 %,

1 ATUAE H, ASCT SRR R A 25 TPF A 45

bR BB T HABTTVE, R HAE AR AL RERI SR A RE 77 X B B RN, s
5 3 813 (R [R] 25 e T3 B2 5 VA AR AR R 20 SR R I A 208 5 1 X SOSEREAR IR RE ST % 2 R T A
[7] ) RS (AN ) 5 R R A e A 1 ) AR R PR AT I 1), R B2 7R W] AR B KA ) L A
AR 5T, SUHRARIRFRREN S, 3 PIIE 1 ik &Rt Sz he
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Figure 1. A comparison chart of the performance metrics of each algorithm on three datasets
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Table 2. Running time of each method under different problem scales (s)

2. FRIEREAUE T &5 EBITHIE(S)

e A
WARrS 720 x 720 2817 x 498 2817 x 795 3410 x 1000 9158 x 1300 8101 x 3870
SA 0.5069 1.1534 1.1711 1.4993 2.0354 2.5829
TCA 17.2687 108.8680 111.0380 283.8470 864.9300 1080.7900
CORAL 40.4410 4.0611 5.2820 6.3150 8.0392 9.0265
OT-Sinkhorn 2.6945 10.0408 14.9931 20.0046 62.2495 79.5516
OT-L1L2 19.0983 83.3099 72.7431 117.6000 136.3580 154.0280
OTDA 3.5802 7.7441 11.9951 16.3141 47.1142 78.7379
JDOT 1749.2100 2045.2200 2137.8200 7600.9900 17944.2000 4048.9800
OT- Sparsity 47.9062 89.9665 160.9500 353.1350 752.2630 5342.4800
DSOT 866.5960 1577.8000 1796.6500 4426.2100 5181.9900 6879.6200

4.2.3. JHRASCIS

DR IR AR SC R B H (9 25 T B EORAS R A  1E U  £ A% B Z (DSOT) & B 1B Rt A TE
Office31 RN D—~A BT S LT THALSRES . FEHER Y (Baseline) K FH 25 B BT AT B A8 /5 i 2k
TR S A SRR . S, ARG IR T4 O RE 1 AR R B W BRI 1, 7R 0 A
MR AE I, DAR R AL o P B 35 4 B AH (R i 2 505 B A B AT I 2R 5 0Pl A DR ELAS
IIPAS S C

Table 3. Results of the ablation study
3. HRLSLIGSE

FHkA LORRERE [ WEEN boA

Accuary F1 Precision Recall
(a) - - - 0.6390 0.6354 0.6643 0.6380
(b) - \/ - 0.6550 0.6577 0.6858 0.6571
(©) - - \ 0.6613 0.6243 0.6841 0.6575
(d) V - - 0.6709 0.6232 0.6937 0.6606
(e) - Y v 0.6752 0.6772 0.7043 0.6774
) V - \ 0.7409 0.7339 0.7495 0.7437
(g V - 0.7916 0.7915 0.8145 0.7928
(h) Y Y N 0.8101 0.8089 0.8290 0.8123

SIRER I 3 PR, Fridrik i) & MR EUE SR TSRV E BT AR 1 HEAEA] . AR S, X
FIN L A BRIE T, B UHEI AR AR = T2 2.00%, H F1 %rm THemhse, R\ L RAEIEREE 702K
A 1R[] IS A5 R AR SR AN T A i R K T 22« B AR A, FE DU £ i 1 DU T B SO A i
A, A AR IS R I A FUER R IO TE, H o FH I FL A0 BARC I B, YR AR S A
AR5 RIS BRI BUSAS T 7T BE T BB 0 D BRI R A E AN 2 o 3t — D SR B
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A, Y

2 [ AR AL T BOR A 7 ) SRR AR S S AR , F1ESS 2 B2, XU MR s 20 R AE U
B RABIATiT BSoE B AR AR DT T B A R . R A LA, TBURA . L b G [ H
BRI =2 P RIMLE], eV BUL BRI SR 2 57, SR TR AR 5 4 3 m F) 2500 4l
AL A DCORBE 1 AN [RS8 500 18] A T i 1, SR i i 1 AR A2 A RE 0 S VL IC R AR B AT R, T OR
KRR R PSR AT B I R R SRIRSE SRR, = AN AR IR AT, R A 25 0
PR TEAR EIIA R AR PERE, S IAE T DSOT M Bt A Bt S RGEEIR

4.2.4. BEHBMEI
HNARGEA R SHE S ERIMERE R, ABFFAE Office31 1Y) D—A F55 EitAT T &S H

Wk R S0 . S, [ Mg IR T 28 A i BUE 36 A8 249[0.001, 0.005, 0.01, 0.05,0.1, 0.5, 1, 5, 10],
L IABRIESI TS HL p (9 EUE TS (S, 10,20, 30, 40, 50, 60, 70]. 4151 —4H (4, p) ZH0, WL FAAIAE
FHRIECE T RIAER S, R ATA 2 R AT T, DUE B LA R S 80k B PR s e % . 45
A RE, Rt RIS RS, SEUA BRI EGIE TE, TOESCIUER: Nk 2

BHE . S50 p iR, BB i il P2 A% DU RCIA bR oA, AT 1 1, TR B BOR,  ffa ) B % 1)
SRR NS SO E RS . Ik, 7 EE B S RN, PR B A R T RO
FEZ AIE P . sl 2 iR, fE D—~AfESH, M a=1,p=5K, BRMERRESIRTL.
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Figure 2. The performance of the model under different parameter combinations
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4.2.5. it REMRE
HNRGIPA AR B 2 R G0 B2, AR RAIES SR, RIess Rl 3 fir.

Hommel Post-hoc Test Significance Heatmap

TCA

Not Significant

CORAL

OT-Sinkhor

OT-L1L2

Significance

OTDA

JooT

Significant (p < 0.05)

OT-Sparsity

DsOT

Figure 3. Hommel post hoc test significance heatmap
[ 3. Hommel /G105 B &4 HE

HSEM Friedman fer 40 X ERLLE 2B S b B AAVE BE 22 S EAT VR Al o 120 iR IE I N B EL
PR AR A SR B P REEEAT HIE 7 O LB T SRR U, 8 S 168 Bl 7 A B AT 3R BUBE - Friedman A5 56045 R 57 »
BIRFEEREZEER( ) =83.7415, p<0.05), RUEDHH MM EAA G R EEX . At —
DU BRI 22 AR A, SR A Hommel 1211 [4113E4T 2 55 FLE 5 1656 - Hommel J5 123 T P 5 o 56 S 2
I YA R KT, AR AR R R R A (FWER < o = 0.05 )[R DR KR ARG 06 77 o 465
el 3 i, ASSCER AR 5 T 6 L5 AR G i R ZE TR (T p<0.05), Bl 7 A SCHE R AR
ARSI AT ST T RE BB H T IA TS, HW LS BA gt w5tk

5. &t

ARICHR I T BSOS (M i 1 U i DA% B R (DSOT), 5 78 il e M 3 7 s 5 H
S MBI AT WAL o 2 TTVEAER R A R, T T BRI LTS R SRR SIS RO T e Ak
PR NAERITIE S, JF R A IR 2515 EOR B E 9m SR A2 A, AT A At B 50 7 10 6 SR oA 12k P
o [, RERR AT R b PR AR S M L AR 45 5 (SRS, o o e 2R A T I ) o I 25 PO
ISR AR, RABCEN & SLhriz St R s UL B BE, B3I TR R A AR . JE L 3 55 B
TRIIERIERE, 2R e LR I DR A REAR T, EM R TS R B e . ), fE
EANTTEGE MR BRI gE REN], DSOT fEZ WFMfabr UG RALIERE, FERIFEE 2K
A5 LB RIS SEBL 1R i 30 45 4 [l R R B R 148, D AT 3 5 0 I Bl A 5 4R 3k T Fhiz AL RE
JI5E A 5 -
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