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OB 4TI B B iE M (unsupervised domain adaptation, UDA) SLiE7E AbFE 4 424048 40 A7 2 7 i A7 75 I s
TEXS AR A R« ARSI IERFIESZ 38 B8 7076 PRAE 0] /0, 3R T — Pl T3 FAxd 40 AT 1 M B 08 5 1 6 s Bk B
i&E M. (UDA based on asymmetric adversarial learning and self-supervised enhancement, UDA-2A2S) H k., % ki@
FINA R 5 TR R 500 45 B (54 R ) B T 4 4 At b R () OO A1 72 e, I 45 G T 0 0 5 SR s B 7 R B R A X 5
PRI, DA IIE T R 2RSS 5. eAh, Bout TR TR TN I B B A ST AL, AN E ARITE AR B A
PRIEAE I B S 45 115 B, 33— P IR T (W RRIE 22 ) e SIS BT R e ). SEUR 45 SR B, 7E Office-Home 71
DomainNet Z:#E£i 54 I, UDA-2A2S J7 i3 V- HER 373 HIL B 72.4% M 46.2%, 53 T BUAT T3 UDA J7ik, %
UE T BT BRI AR B, BT A ST R L TR R T R .
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An Unsupervised Domain Adaptive Algorithm with Asymmetric

Adversarial and Self-Supervised Enhancement
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(a. School of Computer and Information Engineering; b. School of Economics and Management; c. School of

Intelligent Manufacturing and Control Engineering, Shanghai Polytechnic University, Shanghai 201209, China)

Abstract: To address the limitations of existing unsupervised domain adaptation (UDA) algorithm in handling complex domain distri-
bution differences, including the insufficient fine-grained feature alignment and limited ability to extract potential features in the target
domain, the study proposed an UDA based on asymmetric adversarial learning and self-supervised enhancement (UDA-2A2S) algo-
rithm. The proposed UDA-2A2S is used to capture fine-grained domain feature differences by introducing a synergistic mechanism
of global and local domain discriminators, and dynamically adjusts the feature alignment strength in combination with a progressive
alignment strategy to better apply to complex task scenarios. In addition, a self-supervised learning mechanism based on rotation pre-
diction was designed to mine potential image instance structure information from unlabeled data in the target domain to further enhance
the feature learning capability and cross-domain migration ability of the model. The experimental results show that the UDA-2A2S
method has an average accuracy of 72.4% and 46.2% on the Office-Home and DomainNet benchmark datasets, respectively, which is

significantly better than the existing mainstream UDA methods, demonstrating the superiority of the algorithm and providing a new
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solution for cross domain transfer learning.

Keywords: unsupervised domain adaptation; asymmetric adversarial mechanisms; self-supervised enhancements; transfer learning
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R JE il 22 ) 2% 5 R AE R A 98 LB U
F)BLOH AR B S AL G vk BN S 4 b E
137 T LA 2 s, B R AL 5T
HRE SR, RS EESanEoR. filhn, Eid
ImageNet £ 45 4 (4 K 5 B, R 5 2% o) B Y
FETH SN L A PR A BUR 7 R BUAS T 35 R,
WK HES]) 1 1% SR ) PR K e . SR, TR E A B
N ZRARUR AR s, T B ARy #E I H A &
o P NFIX — ) 1, B E 3E B ) (unsupervised
domain adaptation, UDA) $& it | —FfH ik ik 12,
FoAZ 0 SRR A s A Fm v s 22 H drdsi
ARARVE B, 38 RFAEIT RS O F0 0 A o0] 55 g 17,
W —A B 7E H brig LRI 5 RAY . XA s
sl SI TV AR ) 73 A i 7% ) R AR 1 E
Gy

A 48 IR TBC J7 V%, T ARG AR 22 X 2% (do-
main adversarial neural network, DANN)[®!, i i X} 41
I ZRSEBLIEIR S H bR AR 73 A1 B0 55, 72808 5
&N R A T Tz N SR, X T VA
PG EL— A ) &, S DA P 42 )R 5 TR I RRAAE B 2R
FE 72 s AE B ARIBUE AR B0 A0 22 e 3 N, HRHE
FARNWPEA L, FEER TR,

N TR B R, BT AR T AR AR
LA B B g ) ) UDA 9% (UDA based on
asymmetric adversarial learning and self-supervised en-
hancement, UDA-2A2S). & T4 48 DANN HEZE 5] A
T AKX BRGNS B o AR TR, S R AE XS
F+ 77 AANIG 5 H PR URFIE 7 > RE

AT FE TR

(1) FIN T — MR FRR AL - 85 4 )= A
Jaa A ) 4 B B I 4 P, 47l 0 A0 R P AT Ik
5t A AW 55 RN S A R A 55 R, PATE
NS SRAT Y5 .

(2) FIN T —Fh B W s A i 5 e e T
155, I H FRITC i Bt P2 s e a5 i (5 12, 1
SEARFALE AR R B R PR AN 5 T 6

(3) FEPI N # 5 4 (Office-Home F1 DomainNet)
IR T A SO R R A, FR i v Rk st 5
B2Vl T AR TR DTk -

1 HxIME

1.1 ETJuExI5T) UDA 757%

AT 5T & 22 B ) UDA il v 5 &, JE it ek /b
AU T PR 2 A 22 e R SR BN R . 191 4, DANN,
Ben-David %5 101 $i& 4 F X il 25, 5dad 51\ itk
Iy R G E L, SEBURFIE R 5%, 2% 21 U A
AR RN BT FAFEXT P 4% (conditional domain
adversarial networks, CDANSs) 5%, Long %5 1] 45 &
I 2R A5 B TR 55 O 55, B — P AR TR
fE 3 AT — Btk SR, XTIk R ERE T 2R
QPO 55, 200 17 Jag e AL A s 7 o ) B AR
o
1.2 ETHEBREFINTEEER

AR, H B 2142 T35 UDA [k
fig. Caron &5 ['2 X HIVK B T2 (Deep Cluster) $2 7+
RHIERAE R 8 M Lee 55 U381 IR F AU il ah
S RN RS ARk =3 N W sy B i O N oy W E )
B3, DORFRVEEE b 42 9 v 78 1 BB S A9 S5 )
A5 B, 78 H bRER M G O 00 T S AR T 1
Rz Ak, SR, XLT7E% A IS ST dE
B, SRZ P EIHLA, HH I E T R RS Ry
(RS2
1.3 ETAXFRIHAEIR L

ANKERRAT UL H 3 1 BT 2 500 HT g, 32Tt
T T B e T B, BT AR AR S T KRR
fiE N AL (backprop-induced feature weighting, BIFW)
J51%, Westfechtel %5 M @ i [F] 44 4) 2845 22, 501 &
BURFAE IF 9355 70 IAFAE, T S 30 5K B 1) S04kt
FF o T 10 Al 2R X H1 5% 2 777 (margin-based ad-
versarial learning for domain generalization, MADG),
Dayal 5 191 j@ 3 e /M — AN JE T30 Bt 2 1) 72
FE B R I AR A o SR IX S T VR 0 R 55 3R
WA T RS, (HIL L BRI G A &, 8=
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2 ETAXNIME B REEET
HEEBBENIESR

2.1 UDA-2A2S ¥{KiEBIZEH

UDA-2A2S %3778 DANN HEZEEEnt > |, Wf
i bR 2 IR I (2, ) € Ds MEHRZE ) H A5
WA (x:) € Dro ZI7EE 1 ANFRAE SIS M
% Gy 1 ARATIEE L G, A1 AMHIHIEE Gy
MG R Hod, Gy U N FE A I
HAFER R f = Gy(x), Gy 2T IZRFEIAT 20 25
W, G g WA 5T AR SR 0L 2 H bRk 155
DANN AR AL B A5 2 FEAFAE 2 ] HR S8 2 AN T T Y
ST 181 — 7 T a5 R ) 4 AR Ok DA T
PRI o R, 55— 7 TE I R B I A S A
Wk, 18 G ¢ BB RFAE7E 3802 T e DL X 43 Y535
B H bRk, M SE B ES AL 43 A1 5 5

DL /MU S BN B, DANN (3 A1k H
B FVsE

min max L(G¢,G,,Gg) =
GGy Ga ( Yy d)

E(I,ys)GDs [Ly(Gy(Gf(xs»,ys)]_

AE,e(psupry[La(Ga(Gf(x)))] (D
X, an{i(r;lq max J& 48 A AR R ) B 1 1 g =0
o 7B RS 7 B A ML, T S ) 98 7 R AL
Pk WAk, A R as e /MBS R DL IR B )
o) 2, ) ) e R A i X0 B R, o T g
B IE BT 58 N Zhe Ly, R IRR S B R 1
Gy AR (GEE RS XOM); L =2 38R0 4 2% (i
AN A X B B R 5 ) A AL S
$. UDA-2A2S BERZAINIE 1 FioR.
22 FXMRIFIARR

HET DANN 24, 5] ANASKFFREJi 160 L i) A

T o} 5 SR o AT FE T A A Sl B8 40 Sk 5 A R R
1 5 R #BHRAE, DAEE 0% 48 DANN Hhon) 5K s £ el
. H OO 5 AR R I 2 s
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1 UDA-2A2S HE{A 0 2% 54
Fig. 1 The overall architecture of UDA-2A2S framework
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layer
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Fig. 2 The improved architecture of asymmetric adversarial
module

B G, NERIEHIRIE, Gag 29)REBFIHIES o
& JRy I ) 4 Xk BEARARFALL 73 A BEAT SR X 0, T SR 74
S 30 5 U B S AR A (14 2 1) R AR iy Bt
17X 0, DR ANRL L (K 22 7 BRI, 4 )R A Ry s
HFINIRR

LE*"™ (G, Gy) =
Eyre(psupry[—dlog(Gay(Gy(z)))—
(1 —d)log(l — Gay(G(x)))] 2)
Lg®(Ga, Gy) =
Epe(psunyy[~dlog(Gai(GF (2)))—
(1 —d)log(1 — Gau(GF(2)))] 3)

S, Gl WA AE R M AER R o T
RS BB . B 0P 2 IR

Li(Gayg, Gat, Gy) =

aLg" (G, Gy) + (1 — a) LYY (Gay, Gy) (4
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A, o WRESH.

5 0 E B,y S BT R R 5 SRS, 51 N ]
B 3% AR A BORH 0% 10 S R B A (¢), A O 3 0 B
FEAT I 5L 5 98059, AR A AR B 5 78 4 x5
Gy A, FIEO0 AR B AR EOR AR AE 2 ). A(t) '
Ty — AN B ZREE B ¢ 39N 38 25 A8 {b B B A
At) =2/(1+e ) — 1, Hr y AT SH.

B 2R B bR B S T

min max L(G¢, Gy, Gqq,Gai) =
G1.Gy Gy G ( frMys 290 7)

E(ﬂﬁs,ys)eDs [Ly(Gy(Gf(xe))u ys)]_
A(t) Eve(psunri Ly (Gag, Gai, Gp)] - (5)

2.3 B EEERERR

FETC MBI E TE N 5, H bR sk =2 AR A
73055 HURS 5 3 UGRAE R H A BE F1. e 51 A Db
NG B W G R, USRI H ARSI A B
X THEST. 3K BLEK) B B 0 5 R FA% 4 A e % il
1T LR AT M TEAR RS a2 A A BT 5
PR AE . Hooos 5 AR 3 ZAU A 3 fos.

F True label

€1
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X e X

/ Lmt
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Gradient output /
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K3 Bodt)E i B B 2

Fig. 3 Improved self-supervised model architecture

¥y, = argmax. p(y = clz,) TENIFREE, F44
(00, 1) UONDOREEA A Dy 643 ERE A T3 Dy b
G PN

LY = Ew,ynepy Ly(Gy(Gy(z1)),51)  (6)

b, Ly, WO SRR . S8 20 1 Dibnas
LA LT TR, R VI 250 5 NG 2 BB B 7 fE, A
BOR DU AR ZE IR W] SEHE

FEA AR 22 (K RN, 51N e 5% T4 Dy B I
BT 55, 0 H bn Ik B 5 i in B AL e % I )1 A
R W e e M I, 51 FARFEIR AR A I E R E L A2
SE MRF AL o U FR) e A TUI 453 2 W 5 O

Lrot(Grot7 Gf) =

E:DtEDT |: - Z

7”6{0,90,180,270}
1ogp0J::rKam<ch¢“>»} @

e (v = r) A7 LRI M r 1504 (B
FEFT one-hot FR28); p(r' = 1)Grop (G (25°0)) RAR A
Xof e 1 FEE TR A 2%

T I d5 AN TR 2K Lo, JRATARLAY 22 2]
X JUART A% e AN U IR 8 FHRRAE . 45 & Db 25 s Y,
A B THE TG B SR T 345 AR HLSE B i #2 g
JIHIFFIER TR .

SR, AR I 4 HAR ] Ros N2 ER
TR IIAS SR AR 2

Lot = L+ Ap((1 — 0) LS 4 L)+

cls adv adv

ApseudoLipseudo T AsstLirot (8)
A Lo MIRIR K BK; LEP™ 5 Llogal 435N
22 JR AR AN IR Lpsendo N H FRIBANAR S
BARRS Loy N E B TR Ap, a, Apseudos
Nsst SIMH BLALE 2800 5 ik 2 R R 1, B AR T %
AR JAEAS RN ZRF B () e 77 B . @it B &
ARAL B bR b5 SRes, BALAS DL TG i B H & N 3
s Rt HAR R b 2% o) B B ISR 82 . H AR T HE
S HHRFE TR o
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1% FH R4 45 v Office-Home 1 DomainNet %
e .

Office-Home {4k 4 & — /™ HI i 0 i B 4 B
NS, AR RE 4 AU EB RN 2
A (art, A) BYIGE] (clipart, C)« 7= i B4 (product,
P) I & szt 5L &4 (real-world, R). idi &+ it
65 AN, WA I 5 S E I E WA, B
19 2 3 UK R 22 57 . Office-Home #5576 VP A
tlodE AT (1 B T A% 8] R R B T T B
HEME

DomainNet £ #55 /2 — N KR 2 sk i o
o B I R R O AR, W T 6 AN R RS 1
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HoE 35 BTG (clipart, C)« Z i (sketch, S). £
(painting, P). 314 (real, R). E#5 (infograph, I)
S (quickdraw, Q). HHE 4 1 ILF 345 25,
f5 I H & 5 B Zh PR B SR 5 S 2 FEA AR B

B (C)

H5 (Q) 2221 (P)
DomainNet

HIYMHA (R)

PO SEE i R S T8 N1 E A £ SN - | PSS
DomainNet 44672 F T IFA5 I B & R B TR 2
BIRAZ B hriddg 5 TR 5z ae J1. N5
PEER R E 4 Frs.

v e R

P (C) LA (A) R (P) HIEHER R)
Office-Home

K4 Blasmn

Fig. 4 Introduction to the datasets

312 SENEE
SEOIGIAES A B S HOE IR 1,
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Tab. 1 Experimental environment and hyperparameter settings

HHSH 15
GPU 5 NVIDIA RTX 3090
CPU H = Intel Core i9-10900K
WA 64 GB
HEZE R A PyTorch 2.0
R Adam
WIS 1% 0.001
AR 0.000 1
HE RN 64
WrEe % 100
Pibris B A5 e WI4E 0.9, 3FHi FEAT
HRSH 0.05
H B e 0°. 90°. 180°. 270°

3.2 xfEEidEg

PO Ane AN iR R L K W ek = 2 A = B A
1155 . Xt Office-Home Eda4E, MR BY NG 1] (C). 7=
an EUE (P) AR S A ER (R) FIZAR M (A)d M
DA oAt 3 AN 3803k A7 38k B o B, AN 45 R FH AN
[E] FIBEALAr I 3 UK, FFECF A . SR 12 IREE
55 1P ¥ e 2ok R IB IR AL I BEAR VT AN

Yl Z5 DomainNet (45 05 6 MR, £ T
Horp A F1 B AN HoA B s 2 57 0K, I HAEAE
F Resnet50 154 2 T I 1% L T 1R HE 3R 15 58 4 1 ¢
fESR Ik, Rl ROE BRI 4 AN (s B

(real, R). %[ (painting, P). &1 (sketch, S). Bk
H (clipart, C)) 34T 5 Office-Home #H [7 ()i .
SARTEANFEARAT R 12 XTS5 1T S ff 6. Hosk
WA RUIER 2 Fin.

Spig 2k R BH, A5 (Ours) 7E Office-Home
12 NMEBATL S I T A R, P38 Bk
72.4%, T Meta-Align(71.3%) 1 ToAlign(71.8%).
f£ A2P. C2A. R2A ZEARS LA &, Joiik 7 HAE
FHEFEEL 308 N5 40 AT 55 IR G R SR

MEBARITFAT 5 R IKFE, £ C2A P2C 561
ZE AT S, BB R FF R S AR R, R RIF &
BEPE; 7E P2R R2P 55 fi] BT 55 HHHERA 25030 1 83%
S UL b, A I SE AR B R AR 55 5 R RE T . B AR
SEIRICAUE T A X FRO P55 B 3 5 L R A 2%
. % 3 fT7n N domainNet EiE B2 38k H 1& B 1 45 5 .

SEIG g5 R, A 57k (Ours) 7E DomainNet
B LRSI BT % LRARIE TIA T
F I & N, RS B IR B 46.2%, HE T
ToAlign ] 45.4%. {F P2R F1 S2C %55 % FATL %
I EAR T 58.7% F1 56.2% [IHERIZE, JF7E R2S M
C2S {E55 R HUE T 40.2% 1 42.3% KRR, B3
1T DANN. PANDBO 2L 2B R R 35 0 5 AN [|] X
AT UG R B 21038 B RE 70 BE 5

SEHG 5 R, X ARXT TS R 5 1 4%
G R IEACE AN T IR BARE A 2 7, 112
P72 BAREHBIE B, 1F 2 Rl AT 5% R B
R B I S R M, IR T T VAR S
S R A U S T2 38 .
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#* 2 Office-Home X bbSEG 25 B3R
Tab. 2 Office-Home comparison experiment results table
Office-Home #(#E 4

Model
A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg
ResNet-501] 34.9 50.0 58.0 374 419 462 38.5 31.2 60.4 53.9 41.2 59.9 46.1
MCD 2! 48.9 68.3 74.6 61.3 67.6  68.8 57.0 471 75.1 69.1 52.2 79.6 64.1
CDANs/2Y 50.7 70.6 76.0 57.6 70.0  70.0 57.4 50.9 77.3 70.9 56.7 81.6 65.8
ALDA 53.7 70.1 76.4 60.2 72.6 715 56.8 51.9 77.1 70.2 56.3 82.1 66.6
TADA 53.1 72.3 77.2 59.1 712 721 59.7 53.1 78.4 72.4 60.0 82.9 67.6
MDD 22! 54.9 73.7 77.8 60.0 714 718 61.2 53.6 78.1 72.5 60.2 823 68.1
BNM 56.2 73.7 79.0 63.1 73.6  74.0 62.4 54.8 80.7 72.4 58.9 83.5 69.4
GSDA??I 61.3 76.1 79.4 65.4 733 743 65.0 53.2 80.0 722 60.6 83.1 70.3
GVB@4 57.0 74.7 79.8 64.6 74.1  74.6 65.2 55.1 81.0 74.6 59.7 84.3 70.4
E-Mix 57.7 76.0 79.8 63.6 74.1 750 63.4 56.4 79.7 72.8 62.4 85.5 70.6
HDA %] 56.8 75.2 79.8 65.1 739 752 66.3 56.7 81.8 75.4 59.7 84.7 70.9
Meta-Align[2%! 59.3 76.0 80.2 65.7 747 751 65.7 56.5 81.6 74.1 61.1 85.2 71.3
ToAlign 57.9 76.9 80.8 66.7 75.6  77.0 67.8 57.0 82.5 75.1 60.0 84.9 71.8
Ours 60.2 77.5 81.3 67.1 759 774 68.1 57.8 83.0 76.2 62.0 85.8 72.4

7 3 DomainNet H#E £ 45 1
Tab. 3 DomainNet dataset results
DomainNet £ 54

Model
R2C R2P R2S C2R Cc2p  C2S P2R P2C P2S S2R S2C S2p Avg
ResNet-501] 41.6 427 29.6 424 272 321 49.5 325 26.7 38.7 40.8 27.5 35.9
MSTN 27.2 329 24.3 28.1 21.1 24.1 30.7 19.8 22.5 24.3 26.2 23.5 254
RSDA 27.2 35.8 243 36.9 249  31.1 41.3 26.1 24.7 294 26.2 27.7 29.6
McDp2% 36.3 36.5 24.9 40.3 25.8 321 43.6 29.6 25.7 34.1 39.1 26.8 329
DANN®! 45.9 44.5 35.4 46.8 305 36.7 48.0 34.7 32.1 47.1 46.4 384 40.5
CAN?7] 40.7 37.7 33.7 54.9 314 373 51.0 33.6 30.9 52.1 42.1 32.0 39.8
PAN 49.2 48.1 36.4 49.6 332 387 51.8 36.0 329 49.1 50.9 39.8 43.0
CDANs[?Y 50.1 48.3 39.0 50.0 333 393 522 36.4 33.6 48.4 49.2 38.6 432
HDA 2] 46.3 47.5 343 49.9 339 379 552 40.8 32.7 49.0 49.7 40.0 43.1
FixBi[?®! 51.1 49.1 39.6 50.0 345 411 522 36.4 33.6 50.8 53.5 41.6 44.5
ToAlign!?”! 50.8 50.7 35.1 49.5 33.8 414 57.9 43.5 36.2 47.9 55.5 41.6 454
Ours 52.3 51.5 40.2 51.8 352 423 58.7 441 37.0 51.9 56.2 42.8 46.2

3.3 BEUBURMESE Bl ) 57 3] S SRR, WAk 4 Fos.

R 7 X SRER Ah, AR SR AT Tk S BRI
SEES, RGN TR AR S ST B HIE RN
FERBCE A B B R RS R TR
FOEMES BB XS R T &S EON S
T RS 1 B ) s, R SRR A R 2 0%k R
BT H MR .

B 5, A SCHH Office-Home (4l 25 H T &

S R W, BN 2 ) AU R R
RIFHISHM, f£5 2125 0.001. 28 o~ 0.5 B
ARG AR RE (72.4%), BSR4 4L 18 E 1Y
B ZHR KR -
FIR, BRCRIC T o ABALEA XSRS Hiait 2k A )
B s20E, WIS 5 Fros o
LIRSS B IR, ARTFR PR S E o X

15
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Tab. 4 Table of results of hyperparameter experiments on learning rate

Office-Home ##i4E

Lr
A2C A2P A2R C2A C2pP C2R P2A P2C P2R R2A R2C R2P Avg

0.005 54.7 72.3 76.2 61.4 69.8 71.1 61.0 523 77.4 69.2 56.4 79.9 66.9
0.004 56.8 74.2 78.1 63.7 71.3 73.2 63.2 54.1 79.2 71.5 58.7 81.5 68.7
0.003 58.9 75.6 79.8 65.8 732 75.0 65.4 559 81.0 73.1 60.1 83.2 70.3
0.002 59.5 76.7 80.5 66.3 75.0 76.1 66.2 57.0 82.1 74.5 61.2 84.3 81.2
0.001 60.2 77.5 81.3 67.1 75.9 77.4 68.1 57.8 83.0 76.2 62.0 85.8 72.4

# 5 Office-Home S50 45 3
Tab. 5 Office-Home experiment results table

Office-Home ##i4E
afd

A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg

0.3 58.9 76.2 79.8 65.7 74.1 75.3 66.5 56.9 81.4 74.8 61.0 84.0 71.0
0.4 59.4 76.8 80.2 66.0 75.0 76.0 67.2 572 82.1 75.2 61.4 84.6 71.5
0.6 59.8 77.1 80.7 66.6 75.4 76.5 67.7 57.5 82.5 75.6 61.7 85.1 71.8
0.7 60.0 71.3 81.0 66.9 75.7 77.0 67.9 57.6 82.7 759 61.9 85.4 72.1
0.5 60.2 77.5 81.3 67.1 75.9 774 68.1 57.8 83.0 76.2 62.0 85.8 72.4

BERPERE A & F 0. 2 o W05 I, LA SCFE DomainNet His £ HEAT I RS, 7073 2 B AN
Office-Home % ¥ % b HUA5 f & k1 28 72.4%,  0PRROG U4 26 A0 M B g o, O S B 2R 4 e AR Ak
KW T 2R ERBHBENFERERMRE XHEBEMSAREMEE TSR, 7TEE

P AN IR PR RFAEXT 55 5 H AR 8 B Tk, Jf
3.4 HERSELE TR R ASE Y P ES AL ) 0 1A R St R U B A LT

N T DI R  SCREAEB A RE, A SRR 6 R

F 6 IHRLSLI S,
Tab. 6 Ablation test results

DomainNet i34
VH Rl
R2C R2P R2S C2R C2P (C28 P2R P2C P2S S2R  S2C S2P Avg
DANN 459 445 354  46.8 305 367 480 347 321 47.1 464 384 405
AT R 496 483  38.1 492 334  40.1 532 390 348 503 51.0 407 440
+ [ B 50.2 49.1 38.9 50.1 342 410 54.1 40.1 35.7 50.8 520 412 44.8
+ALL 52.3 515 402  51.8 352 423 587 441 370 519 562 428 462

SIS S LR, SRR PR RN W g Tt 5.2% 1 4.6%, I T S5 1S .
RO 14 e () 3 A 2 % Uik AH LL DANN, UEAh, BUINON B IR S, R RIA 44.8%,
FA G| NASKIRRAT 45 R AT AL S0 2% £l 40.5% Tt 5 DANN $& T} 4.3%, Ut BZ AR S 3248 B Ar 808 7E
F 44.0%, 83T 4 5 5 )R HVRE X 55 R R k] ShK, BSRHERAE ). SEREECE (+ALL) B HERRFRIA
I3 AR 72 5, JUHAE P2R . S2C 25 i Mk AT 55 43 T4 46.2%, 35 T mb AR AR PR B B T 2R B P A
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Tab. 7 Model complexity analysis

Model Parames/MB FPS
CAN 12.5 35.2
Fixbi 18.7 28.9
HDA 253 22.4

ToAlign 30.8 18.1
Ours 22.1 31.6
:t. ~
4 én 'l»%
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Fig. 5 Grad-Cam experimental results
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