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Abstract

Universal heterogeneous domain adaptation aims to transfer knowledge from a source domain to
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a target domain with distinct data distributions and partially overlapping label sets. However, most
existing methods rely on homogeneous feature space assumptions or global alignment, making it
difficult to achieve precise semantic matching and private class rejection under universal heteroge-
neous domain scenarios. To address these issues, this paper proposes a partial fused optimal
transport model for universal heterogeneous domain adaptation. First, to directly measure cross-
domain distances in heterogeneous spaces, a keypoint-guided mechanism is introduced to con-
struct a semantically consistent cross-domain relational cost function. Building on this, the Gromov-
Wasserstein distance is incorporated to preserve intra-domain geometric structures, enabling dis-
tribution matching across heterogeneous feature spaces and guiding geometric alignment of cross-
domain samples at the structural level. Second, to accurately align common classes and reject pri-
vate classes under partially shared labels, a partial optimal transport formulation is adopted, which
restricts the total transported mass to selectively match only common categories, thereby effec-
tively rejecting private-class samples in the target domain. Third, we introduce a label-based group-
sparsity regularization, inducing structured sparsity in the transport plan at the category level to
further suppress private-class mismatches. Finally, we formulate a unified optimization model that
integrates geometric structure alignment, semantically guided matching, and private-class rejec-
tion. Then an efficient solver based on the Majorization-Minimization framework combined with
the Frank-Wolfe method is designed. Experiments on three cross-domain datasets show that the
proposed model outperforms competing methods in both public-class classification and private-
class detection, demonstrating its effectiveness for general heterogeneous domain adaptation.
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Figure 1. Domain adaptation types

B 1. miE AR

TEMCEERE b, SRl G bR 2 o e S AR D AR %S, Zhou S5[11 1@/ Ehnid H bR ISR A 5 S5
AN A2 2], IS A R R RS 0 T I S AT 5 2T AT SR b I T AR RS 1 S IR T 2 e
s T S B SRR 25 () A He, 7RI IR) 22 S K IN 25 5 S BRI E Bk, HRZ RA W MMD
G JRG I FEVTECAEN], A DAZ R A ) QR BE X RIOG &, (RN AR5 R IR IS A B AR AR AL A 20 B
o

DRI L AL A5 (B AR, 30 AR 3 SN B AR AL 4l (Optimal Transport, OT)RL A &, X7
FA 3R 1) P 90 A1 9% RBEAT ERAR [ 12]-[14]. B40, Yan Z5[12]3@5d 5] N4 IE AL ) Gromov-Wasserstein (GW)FE
R B AIFEAR I 70 A 22 5, AT 2 6 2 X B RRAE B, s sont S it 7 o Bk . bk, dmedl
R B A WA R, R nT T A 3 P 0 B S B B S B A R 5

5 [E e, EF X 83 B (universal domain adaptation, UniDA)% 5, #WFRENINZ A A H TR
WTE. FIREMETAE You &[5 EMFEARL PITH MR BB KN AILRIFHELRAIEAR. 5
SRRt — A F AR A X —HELE, Yin SF[16]52 tHEE T v G i Bs 8075, i iy @ i 2 1n) &
BATA, I A LR EBOR A S I . Saito FF[17]0) 7 FERAZ, LI ZR— X} 2 5 s 2 2 Pk
W/ NIRRT EE B, DA B 38 R e H AR “ SRR FN BIE, RS TN s E BUE AR
EME. A — R BRB R E T A E @A 5N, Fu SE[18]F8H, MEMEIIIFT K2 UniDA 1
TS, MM AR Z AE ol BEE. —8UE) B E RS AN M T B ARE
Chen SF[ 1910 S LT mi 5] SHO IS X LA 2], S GRemAME R, BIERHY ) “Rma7 5
H.

UEAh, WHFREATE ZRE A 5 RET L, DI X EISRR A 254 I . Saito 55201455 H
WA HIR R SR, AT ESBEANE T, B REA I BN ES ), JEETRIE
X FBIELERE A . Li S [2] B —20, FIHBIRARRX 5 A B E Z TG K, e mdiT
XI5 IEMAL, MRS B BB I IER R . Ma ZE[21]5I AF 32 06K, @l i 2 A% S e
AT IR N SR SRNE , (B PRARE A N ECE I IB0E B 5 R 25 HElT . AT EE, FdKRZ
BT A R R RRAE 25 (8] rh A, H DU R A A3 R S 2 OR) F RS ) e B AR 2845 B AT R L5 =
TR0 S A 00 SN, LR SRR 0 A0 AR A U R A . BRI IR B 8 [ 22| FF IR IR RAE T IS R 2 158 5
ARSI A R FH B AL AT S SR A 38 2 1), (EARTENY OT J532: S ARRAE UniDA 37 55 A THI i 79 K O
Phll: 5L, BT BRI S R FR A S5 R, X AT BT B E AR A B R 5 BE TG R RIS
Fls Hk, B EEAAERERG RN, RBTEAE LS 2R “oRE” FEAIR 3 2 A

DOI: 10.12677/5a.2026.153056 68 Gt 58


https://doi.org/10.12677/sa.2026.153056

]

pro

Wi, DEnH

=

F b, IMET 1 UniDA PIBEARAESS HAw o

U, ASCAE OT FRVBHESL N4t — Fol 10 [va) 388 FH e AL 330 32 PR30 20 S R A A Y, AR R AE e i 2
() I [ B S 3 2 FE S ) RRS R T 55 5 R S8 A 8GR o BLRTT &, X e ) = TR) o DA S5 3 2
B, 5] N\ Gromov-Wasserstein #725[23]. 5 Wasserstein i 25[24] (W BEE)ANE, GW [ S5l i B3k
PIREAR AN (R 2546 00 RAHAUNE, AR 8 AL BRAFAE 2% (8] S A IR0 554 55« 1% UniDA IS B brisd st
IR, AR ALY R o AR H[25] [26], IS BRSAE TR, DO AN R
AFLRR AT IR SRR T, T SEIU0T H PR IRFAA AR 4E . Ak, A obritE OT 208 I B hr%
IR, SINFETARZE A RN, HIREENE B R AR ARt i, 51 984 Bk A 2
FOR B BRI I B, A R 2

i b, ARCEETTERWIT:

(1) %54 Gromov-Wasserstein £ 555 G5 f1 5] 306 R ORFFAAM R 2L, W Rl & AL AR A RE, H
T S R S S v R P A A 1 5 S ) R

(2) FINFETARERAIENMLIT, - AL RITEVREE N 4L R, AT LA 2R
Z NP N

(3) L I AL o B L RO AR AE RS 4 R D o3 e U0 AT B i, AT AT 280 B 30 i v e
o H AR A S KA SRR A B AR R .

(4) Wit T #i& Majorization-Minimization #E42 5 Frank-Wolfe Hyk FISRfESHE, 1€ Office-31 =4
B m AR TR ISR 1 AR AR SF A 3 I8 FH S A I B I P A AR

2. IR
2.1. Wasserstein FE 5

F &P HHE A, BRIV X = {x}=1 FE AR SR Y = {yj.}';:1 , B X My EHEWAZK

5 (p.q)e L, <, Hhp=3" po, Mq=3" q06, » EKREL, ML, HHREA |p|=m f|g|=n1
XA E T AR BT EIZ [T AT BE IR &2 T p,q) & XN:

H(p,q)={7[€RTX” |zl, = p,7l, :q} €))

H, za—MEAHRE.

LA XOR Y Z ARSI C = (C, ) e R™ . 3k €, = c(x,,,) X e e MRHBIAL,
BEEAN X, Ay, ZIEMFT5 Ly B e tiAk i 5 AE MR ok an o CLE NI AS, g — DR A p Fetb oh 5
—MEF A g KA. p 5 q AR NEAA Wasserstein FREY, 7€ SN :

W(p,q) = minﬂen(p,q) <C,7Z'>F = minﬁn(p’q) izn: C,7; (2)

i1 j=1
X HL(.,-) IR Frobenius WA
2.2. Gromov-Wasserstein FE 25

BB S g Ay, AL AN R R A (RN, B BB AT 1) (1 P 30 sk = A AR, ik,
Gromov-Wasserstein (GW)#E 2 # 51 ANME N2 # Wasserstein F7 25 (1K) —F i R IE R B AT B8 5 5 2
() () B R RS, T A2 30 I P AR AT sl PR 3505 25 1 110 S 2 4 ) RD P R O ) >R SIS B A ) PR SUXF 55
HARKYL, BUEEI AR C° = (Cl.fk ) eRY™, Hh €, FoRUEIREE 51 x, M x, Z AR, DAL H R
B AR AR R CF = (Ci,) eRY", Hh ¢ FoR BARISEME iy, A1y, Z 1B RIBEE, W GW ERES[27]3E

DOI: 10.12677/5a.2026.153056 69 Gt 58


https://doi.org/10.12677/sa.2026.153056

TR, DI

D&/

. « s 2
GW (p,g)=min_p, > Y 7, 7, |c,.,k —c;.,,| 3)

ik=1j,I=1

23. Bt

AL R R R B s G0t 0<s <min(|p|, ], ) EPIAME p A g 2 113
B 45 R E RO, JFE A R . HHETR A

POTv (p9 q) = min;rel_[:(p,q) <C’ﬂ>F (4)
Horb € R RARSERE, AT L, (pag) UM
Hs(p’q):{ﬂERinxn|”lnSp’”—rlmgq’llﬂllz:s} (5)

SRR B AR 1, 51 A RE UL 28] [29] 3 M FLAE Ak bRt i A o i A . LA 35, AF
YRR B Bt A BB I — R X v BERSAON g, -5~ o], -5 o B CHEEERES N
MEEB N C,,,, =C =& (Vi=Loumyj=1n) Cpppp =2E+4, HHTES0, A R—AF5 KIEL
FH T BH LE B 0L 05 ) AN A AR B o 37 B8 I (T BA By«

_ {c £l }
C=| ¢ (6)
ElN 286+ 4

FRENSHEAT=[p"a,~s] - T=[a"|p], 5] » FEMCIERL L, AR AL @)
ARt bR v A 1A
minopy(p.9) <5’ d >F ™

SCAU AR AL - VI SREAS 1 B R | p, — s PR B, VRS ) BRI SR A Ay
lal, s B B

3. 5k

ARSCRE B — b R 1 15 U 3 e A A 2R, 2 TR g R T TR 240 BRI S 2R O B A R A 2
T GW FRES (AR R B T8 LAY, IR N T HRa8 AL IE DR A 2 F AR e . R i T
G N, BRG] N AR BT R PR ], R Y RO S Ui, R BT AR ROR AR

3.1. A SREMANER

3.1.1. KBRS
AL TR RO B, AR SC TN B AR OC BRE mN ] R IR AR [29] 0 5 5E M dLREE R T
K={i,j,} » iU RRE R AR, I 1 ={i,) g ={j,)" FRUEEA H bR i
IR G5, MR (4, /) e K BILAS, MPREOHE A x, KIITA UL AU M2 Hbrsoctnl y, » H
v, BRSO x, ALt =
EAARIS L R OB RUMITRC G R BIN ZeHERDAERE M e (0,11 o FERDHERE M BRI AT -
L, #(i,j)ekK
0, #HielH(i,j)eK
M, . =
Moolo, EHjeJH(ij)eK
1, At

(®)

DOI: 10.12677/5a.2026.153056 70 Gt 58


https://doi.org/10.12677/sa.2026.153056

LR, DI

UL, feikl 7, WROUHRLAE M = (M, ) e R™ 556 7 R™ ) Hadamard 768, )
F=MOx., b, 7, =M, x,, . B ] SO AR i AT R B SO

i,j%%,7 °

H(p,q;M)z{;zeR;”*w(Mo;z)ln:p,(Men)Tlmzq} 9)

3.1.2. XARFKNBH
HE— DR O SRR R A S S RS A Z KRR . I 5 x, e X, H 5RO
5 x, M RAHE L2910
e—c;yt.u/r
3 e

Hof o Pl Z 1000 L PR, RESH e = pxmax,, {C) ) o MM, FARSEHR y e, H5
AR y, 109 RHUE SUA:

R, = Vi el (10)

7CI/ /r'
e sJu
R, =——— 7.l (11)
sJu ZU e—C]'ju /‘r
u=1
R, ¢, Ry My, ZIAK L, B, r'=p><maxj7,{Cj’.y,} .
AR =Ry, R, oo Ry ) FORVBISACHE x, SOCHERIMCR IR, R = (R LR, o, R) ) BN HAR

Hi il y, 5RBE AR R MR RAERRIE S EERIIREGE — )BT oS8 R, W R, 5 Ry ML
ik, SIS = (Vk,) eRY", Hrhy,, = d(R,f,R,’) »d B Jensen-Shannon /5 7 & A AHALEE .
Zr b, BT HWAR KA RERN R L, (7):
L, ()2 (MozV) (12)

F

3.1.3. EF W EERNR N RS
P T VRO A x, A E AR 2y, BT ARSI, 1N GW BAL. R GW BREIE L, SIA
A AL, (7)

n

‘ 2
=G| (13)

L, (7)= i ik

1
ji=l

ik=
3.2. ETHRERYLAIENIR
TG B LA S O HOBRE A IR (R FE RS, S T REAS R AR A, 7T REHRS H AR FEAC R R M 5 2]

TESCAHIRRGIEE A, TR T B &RV RE . i, ASCHE— 25 5] AL T AR R AR B 1E W I 30], B
IR F

Q(m) =2 Xl (1) (14)
Horb H QIR SHL 1, < {1, m) FORIEEP I h REAR SR A, #(1,,)) AfEMmitRIFERE ~
58 j ARk R b T e BRI R A R TR b U AR AN B RREE AL R BRI B, |, 91,

H ZIENICRA 6 =1/2 AR ES, R IR B BE T iAottt ARt mgile, 15
A FARAEA B B PR A, AT SR AR A ) T S B

3.3. EEEREERKERS RMIEEER
NIE Tl ISGE R 5t K IR O o s AR A, RHEIRS H AR 1 A AT 5

DOI: 10.12677/5a.2026.153056 71 Gt 58


https://doi.org/10.12677/sa.2026.153056

TR, DI

FEMBGE T, SRS Rl I 3 e AR A -
min F (z)=min, g . &L, (7)+(1-a) L, (7)+1Q(7) (15)

R LIH

Hs(p,q;M)={7r eR™[(MOx), < p,(MO;z)T 1, <g,1 (Mo, =s} (16)

b2 a . AHBIRE GW BB TERA BRI i T &5 LI AL EMGUR R, s Fom A 3L
B I L, BRI T TR R A R

SET(16)3h, 5 31 AL A S0 AL TR B A (AR . VRSN T GW BB, e I
SURP A AERE C* e R™™ . €' e R™ , 7 BN BUACKERELLST R4 . 5 2.3 4507, 7EUR
S F AR5 TR — A L 3y o 3y SO S AL RS SR MR BN C = O =8
(Vizlyommsj=Lon), JoF &> 0, BRI [ G BEE i SCH 0, 4 RS MISBRA H A A 16 f1 k6

TN
@:{C; ‘flm} Et:{ctr ‘fln} (17)
oo alooo

SRT, AESERRN I A B, T GW BR BEARE T oW R T, 2 B H AR Hh LR AR
SEXI, FeIEAGER Ty W BRI — AR L A R 14 77 2Rk 3 BR ) R UL 5 SR a2 A A ) H
[28]o BRIk, AMETRAM6), ACHE AR K Frank-Wolfe fEALHESE, FERRUCEA, H R i) UL
W — A BTy W RS T e, 3k T P e R UL T PR A, SRR AL 3 ST T R ) £ i )
ENILP

3.4. HIEKBRE

EREEHTFHEMTAAZE, BEEA6)NAEMRI . R A B, A SCE#H Majorization-
Minimization (MM)57%[31 1A EEAE M IENTT, JF45 6 Frank-Wolfe 75 vE R Rz H0L ri 3 Wi AL 22 40 4 A£ 5 24
o BARTME, 2 g(s)=s", WAEMNDRRERN:

()= e(l i) 1s)

B f(r)=|a], . AR O=12 . T g MBS, £ AMEEL g(f (7)) NI R RIE .
R T BB g (f () RO AE B H LT RRIF g (OIIhE, T DA/

2(s)<g(8)+Ve(s)(s—3) (19)
Ws=|x(1,.)| - §=|#(1.))|» #RHEvg(s)=05"". H:
e(lw ()= gl (L )+ ol LD (e (2 i, -2 (20 ))) (20)

£G(1,.)=0(|# (1)) +2) W
minne”;(p’q;M) Q(”) = zzh:g("”(lh ’j)nl ) 1)

ATTEORA D9 SR ARGD R LA 15 R 5 /)M
minneHS(P-q:M) Z;G(Ih’j)”ﬂ(lh’j)m (22)

J

DOI: 10.12677/5a.2026.153056 72 Gt 58


https://doi.org/10.12677/sa.2026.153056

U, DR
SERiel,, 2G(i,j)=G(I,,j), WAEQHZEMNN
min_p o (Gol7)) (23)
ERBELR 220, |7|=7. F9E, QOAH HHN T,
minﬂeﬂx(m:M) <(_;’ 7[>F (24)

A (1 i ARG R

MR 1 BB, IR E(D: min_y 00 (Cl7]), STHRAREQ):
minﬂens(p’q;M) (C, 7Z>F HEMRAR R RE.

WEH: &2 AEOMERE, T HREQMREME, HARKEM T 20H 720,

— i, AMER WL 20, 4 (C|7|) <(Cll), . W(C."), <(C.x),, Hia' ERHBQME
IR

i, MEEAATR 220, f(C.7), <(C.x),, BFT20H720, H(C|7]), <(C|]), . W
b 77 R ) R R AL A

gi b, RS FEQ) R RMRFEEE, ArEAHE.

RYEAE 1 AT, (22)523) . Fk, FROLA R AT @ LR AR A :

(1) e 2 it & * iy e 5 AR A R G

(2) SRR LT BRI R M ) L

min__; o0 a@Ly, (m)+(1- a)Lkpg (7)+ A<7z, G >F (25)

AW L=(L,,,, ) e R™™™" b L =(C—Cl,) s R
Lom=((Lox),,)e B, Jert (Lox) =%, Ly uumy - WL, (7)=(Lom,x), o BLBMERES N
DL

min, o, a(Lozr, 7Z'>F +(1—a)<M ®7r,V>F +l<7t,5k >F
=min,_ (o @ (Lo, 7), +(z,(1-)M OV +4G") (26)

—mi (k)
=ming g, a(LOﬂ',ﬂ'>F +<C ,7z’>F

Hrh cf =(1-a)M oV +AG" . X125, R Frank-Wolfe SEBEAT KM . 1250008 T KL AT 1]
S NBET ), JFEE G A BB b, RS2 7 ) U i 40 R SR S A D b 4 B
AL a) B, 2R AT R A 20 Sinkhorn BVESK AR, A ML B /L R . IR ICR B 28 B 9 SR
M&[32]0

Bk 1 JBR T MM-FW 50010 LR 8

Bk 1. MM-FW &
BN LG p.q s IR (1) s 280, .0=1/2,& s SNZBSABELA _outer ; PWIZWSIETE A _inter ;
SMNEERKIERIRB K, 5 PERKIERRE
i AR
1) Wa AR 7 = pg" , INEER k=0,
2) while k<K,
a. MY RS B AERE G* »
WA h =1, H FIGA BFREEAR j=1-,n

DOI: 10.12677/5a.2026.153056 73 Gt 58


https://doi.org/10.12677/sa.2026.153056

TR, DI

N 0-1
ko k koo k
it Sy = E T sWe, = H(Shyj + g)
icl)

MEfiel,, #G =w s
b. HIHA R A
C'=(1-a)M OV +iG*;
c. M Frank-Wolfe 5k /MEUIN T HARREL: F(7)=a(Lox,x), +<C("),7z'>
VG R R 1) < 7', WEIERT=0;
while [</
WSS L ORI BAR R F (7)) LA AR EREUBEIE VF (7] ) 5
RBLIE R MUET: 7 argmin”EH(W;MK?F(ﬂ,"),71'>F ;
¥ 7f B E—ATRE S, 33 A

EHHK: g, =2
[+2
B al =(1-p)7 +r.4)
T WS %|F(7z,’il)fF(7zf)|SAiinter , break;
I=1+1;
end

F

d. 7=z
e. HEsNEREL: %‘

f. k=k+1;
end
3) i@@ﬂ_*:ﬂ_kﬂ

k+1 k >
7" —7[‘HF <A _outer B

F(7Z’k+l)— F(ir" )| <A _outer , break;

4. SCOE

AU LE Python P45 T #EAT, HUIKAC % Intel(R) Core(TM) i5-8250U CPU. g4 [ ¥EA% B A A 7
T AL OE AT S R R RE, 7E 2N HSRBE AR BTSRRI, S 2 FOTIET T X AT

4.1. BIREENBREHFE

SR PA R = A R 4E -

(1) Office-31: f1% Amazon (A). DSLR (D)Fl Webcam (W) =AMk, 3t 31 8EM% . yid Mo A iiE
RAESL, BT 11 ARSI, P& H AR A E 10 MR ZRGI. JEE A8 4096 4E DeCAF6 HFAiE,
H ARl i 2048 4E ResNet-50 HEAE, % 9 MBS
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(3) MNIST 5 USPS: Hi 10 BEr 4. ] Mnist [f] 784 ZERFAE R IR IFRZAS BAE AYRIK, Usps
EUZ 1) 256 AERFIEAE N H AR, BOE 4 AN AL, IR B AR A 3 N FRAE 0.

BRSO B B VE WL 1.

I8 FIE B H ITE T IR B 2 8 A FEEFEAR, FRRTIN B ARG EFEA . S50 A FH =N PPAN PR AR [34],
AR AR A LR AR RUERHZE(OS ), KBRS LU ZE(UNK ), LLREANT 0 1A E

0S8 xUNK

HOS =2x————
OS +UNK
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Table 1. Dataset description

F 1. HiESHE

iR gE Office-31 NUS-ImageNet MNIST-USPS
VRIS 4 P 4096 64 784
H PR R e 4 2048 4096 256
NI 11 4 4
VEIFL A 0 HL 10 2 3
H AR A A 25 5L 10 2 3
GW FEFE L o 0.1 0.1 0.6
I NAIES ) 8.0 8.0 0.5

4.2. SKBBER

N ASTHI VAL BB 7 1R I 30, AR SCHE = AN 4 1 5 2R AT T 3% 2~4 2 5IRE T OS
UNK % HOS %5 5 o 35477 15 (Baseline) Sl 5B B B B A 1 - s LU GIREAIE ARG 2, IRAE CFRIC B AR
5 El%— M SVM xtz\;%%éﬁ&'n& e X ITE AR A R 5% CDLS [7]. CDSPP [8].
DDA [9]F1 KPDA [10], HAFAA TR 5 2538 i 45 4 0l B 15 B2 B AR 1— s EL B RARICFEAVE A FAA -1t
AR AR AR AT X EE

Table 2. Classification accuracy of target domain common class samples

2. BAREAHERERS FERE OS

Method Baseline CDLS CDSPP DDA KPDA Ours
AsA 34.63 46.28 53.18 52.89 57.85 57.58

A—D 50.65 50.41 66.40 57.38 69.42 65.37

AW 45.02 45.46 64.73 52.89 75.21 62.34

DoA 34.63 48.76 53.77 60.33 58.68 63.64

D-D 50.65 47.11 51.44 69.42 70.25 78.79

Office-31 DoW 45.02 53.72 53.66 4836 7438 75.76
WA 34.63 40.50 55.90 58.68 57.02 66.67

W—D 50.65 47.93 67.11 73.55 71.07 76.19

WoW 45.02 47.93 61.23 62.81 7521 75.32

Avg 43.43 47.57 58.60 59.59 67.68 69.07
NUS-ImageNet 49.67 50.88 61.69 58.50 58.50 51.00
MNIST-USPS 46.29 54.94 65.37 63.00 65.50 68.57

Table 3. Classification accuracy of target domain private classes

3. BIRERERN S AEHE UNK

Method Baseline CDLS CDSPP DDA KPDA Ours
A—A 58.18 56.36 58.00 74.55 62.73 72.73

Office-31
A—D 81.82 50.91 6491 61.47 67.27 80.00

DOI: 10.12677/5a.2026.153056 75 Gt 58


https://doi.org/10.12677/sa.2026.153056

TR, DI

gk

A—->W 80.91 40.91 61.45 77.27 77.27 78.18

D—A 58.18 5091 57.27 68.18 63.64 80.91

D—D 81.82 43.64 62.00 74.55 67.27 92.73

D-W 80.91 50.00 57.45 59.63 77.27 90.00

Office-31

W—A 58.18 5091 61.09 65.45 60.91 81.82

W—-D 81.82 44.55 64.36 78.18 68.18 90.91

W-W 80.91 44.55 57.45 62.73 78.18 89.09

Avg 73.64 48.08 60.44 69.11 69.19 84.04

NUS-ImageNet 64.00 37.98 49.00 30.00 41.00 67.00
MNIST-USPS 51.33 52.14 56.67 65.33 62.00 71.33

Table 4. Harmonic mean

%= 4. BAFFLHE HOS

Method Baseline CDLS CDSPP DDA KPDA Ours
A—A 43.42 50.83 55.47 61.88 60.19 64.27
A—D 62.57 50.66 65.57 59.35 68.33 71.95
A—-W 57.85 43.06 63.00 62.8 76.23 69.37
D—A 43.42 49.81 55.44 64.02 61.06 71.24
D—D 62.57 4531 55.96 71.89 68.73 85.19

Office-31
D-W 57.85 51.79 55.42 53.41 75.80 82.27
W—-A 43.42 45.11 58.37 61.88 58.90 73.47
W—-D 62.57 46.18 65.64 75.80 69.60 82.90
W-W 57.85 46.18 59.22 62.77 76.67 81.63
Avg 54.61 47.66 59.34 63.76 68.39 75.81
NUS-ImageNet 55.93 43.50 54.62 39.66 48.21 57.92
MNIST-USPS 48.70 53.50 60.53 64.15 63.70 69.93

MAEARNERERT , A SCTTVEAE AR EI AR IR AR AR 2 ( HOS ), £ Office-31 #dfa4E I,
¥ HOS 153 75.81%, BRI 1% KPDA (68.39%)F2 7t 7.42 N 43 mis 7E NUS-ImageNet [ SCA S| E 4
e MNIST-USPS FEHFHIELE b, HOS 73708 57.92%F1 69.93%, [FIFERER TIA %, X
FEYE T B AR GRG RGeS, FEIRFFE S A L0 FKAE R (O0S ) EI, KiEsE Tt
TINE BRI AETR R (UNK Yo BAKTI S, 7F Office-31 &, AL T3 UNK 4 84.04%, i KPDA
(70.04%)F1 DDA (65.23%); = NUS-WIDE-ImageNet #1, X OS  (51.00%){% T KPDA (58.50%), {H UNK
(67.00%) %3 =T KPDA (41.00%), MI7E HOS FHUS e, FRIA VAR H S5 TR AEE
S SR PR B 1 . AR LB R AT S5 MNIST-USPS |, A3 J534E OS « UNK A1 HOS =Tk ks By
A, DA T B R .

DN PEA 5 FETE 38 ) S A OSBRSS B 2E I Gt B, SR Friedman #53545 4 Conover
JEREIG PR AEZE[35]. 7E 11 ANEEIAT S EX 6 FER M RE RBEAT 455 0, B3 MK T8N
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0.05. Friedman #56 H T AW EIEAE LTS LR THMERTHEREZEER, T K NEIELE N MR
B FHEZ SR, Friedman Siit&EE XN:

e S

Hrp R RN | NEIEAE N MR F R FIHES . BREBIBA MR B %R, #—0KRH
Conover-Iman 5 i T W LR . SFAEEMWAFEIL A j, FHE G5

|Rf _Rf|

L=
2N (K -1)S? L Xr (28)
NK-K-N+1{ N(K-1)

Hrr S2 NHEATT %2

J94 I % B R %, R Holm-Bonferroni & 5 2 1E J7 o . 15 e 1) p (8 45 7 1 HE 91
Py < Doy << Py EHG: 5 p, <008/ (m—i+1), Serhm=C2 =15 MR HCRLAHE, WHRZEARERY
BB SRR IER N2 p <0.05 I HBCHBLNF AT B 2657, St A FUBILH 2 #1)
RIS, SRR RN | RN B 2 I BB R, 0 FoR ERE T, SRR, AR
YK SR BT B AR SO B, I T MG LIRS

0SB E 101 UNK B3 100 HOS B3 ML

1.0 1.0 1.0

Baseline  CDLS CDSPP DDA KPDA Ours Baseline  CODLS CDSPP. DDA Ours

Figure 2. Significance test heatmap for three metrics

B 2. ZTUEIRH EE MR RNE

R R S BB MRS ISR, A SCAE Office-31 Bdi4E MM 7 GW BEE (5 EE o 5I1EMIH £
A XA E HOS Wi . 28 a 5 4 40 mifE—EJE B AT BUE(a A 0.1 BUEK 0.1 LR 0.5,
A0 UK 1 LA 10), B MRS RIPEARSHAE ISR, w3, BN o 58BN
o Mo N 0.1~0.2 i, HOSKFNEH(70~75%), X a>03 0, HOS B3E N, i MHE R r LT 25 %t
FREA AR ERE . AHELZ T, A SHHE 2~10 JERE N R BB BT, 16 A =8 Rk RI&EM. &k
SHMENa=0.1,1=8, i HOSIEF] 75.81%.

N H AR, TE Office-31 1] A—W (55 AT T WH@hss, 45 Bk 5 s,

U B S 5] S0, HOS 25 59.73%, SIABEEIENS, UNK M 63.64%38 % 74.55%, HOS Ft
% 67.64%; BEBRS GW S E, OS WE 62.34%, UNK JHE 78.18%, % HOS % 69.37%. iX
R, SCHES T I T TSR R SR AR, 2 IR A R T AT SRR ICED, T GW E B & i
TREE TUR G bt — 4T T A JLRM AN T, =ZF R 7 2 AR 5 AR m 2k il o
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Figure 3. Parameter sensitivity analysis

E 3. SRR M S

Table 5. Ablation study on A—>W
5. A=W jlBhscIg

GW KPG Q(x) oS UNK HOS
V 32.90 4727 38.80
V \ 36.80 60.91 45.88

v 56.28 63.64 59.73
v V 58.44 67.27 62.55

V 61.90 74.55 67.64
S V \ 62.34 78.18 69.37

5. 45ig

ARSCEH T 3 P S A B I e A 2 TR 5 5 ISR S MR, b 17— e o P S 3
TN B AR Y . BT S GW B DLOR BRI N J LT, Sl B 0 i AR A SE B A 3L
MRS 5, IFSIA R RS S SR IENLL, A REETHE LB S RAEINEES . LR
R, BIRAE AL UET R . FAA SAG T RE & HR AT P29 B3P0 T LA T I7E, JCHAE R
AR T T R L R 2 I PR RESR T o TR SRR — DR T R A5 T AMBIENS GW B =
PrEAE P B, S0AIE 1 RR A R

HEUH
AR A 5] Sy B R I H (246Z1825G)

B30k
(1] bAME, 455, REs i, 5 ST BUERISH RE U R BT HORBE AL T oL B 515 B R, 2025, 909)
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