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Gradual dual alignment for source—free unsupervised domain adaptation
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Abstract: The principle task of source—free domain adaptation is to transfer a pre—trained source model from the source domain to
the target domain by only using unlabeled target domain data. The deep clustering—based methods mine the auxiliary information
from the self — supervised learning process to regulate the feature distribution alignment. However, the noise in the auxiliary
information always misleads this alignment. Besides, the adversarial learning—based methods, conducting a probability distribution
alignment, are sensitive to the constructed pseudo source domain. Aiming at the two shortcomings, this paper proposes a new
gradual dual alignment (GDA) approach, which performs deep clustering where the errors in pseudo—Ilabels are alleviated by a
domain alignment. Specifically, this hybrid framework adopts the classical paradigm to perform deep clustering. As for the domain
adaptation, a dual alignment including probability distribution and feature alignment is developed: First, a pseudo—source domain is
constructed by hyper —nearest neighbor sample generation to overcome the problem of the invisible source domain; followed the
adversarial learning is used to achieve initial alignment of the probability distributions of the two domains; At the end, deep feature
alignment is introduced to further enhance the alignment effect. Experimental results on two public datasets demonstrate its
effectiveness.
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AR UDA A3 5 5l 9 B9 % B, %oF 1740t
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PR AT S TR

WA fir ke SFDA JE% FE 23 Rl — 2 AER
JEXIS (Deep Clustering, DC) BYHEZL T 42 4 5l B 15
B B S TR 7S 18] 52 90 DA E A Ja 1 P 3 )
REOESN A X 5%, SCHR[ 4 ] 32 1 7 IR IR 78 07 ik
(Source HypOthesis Transfer, SHOT) KRR EH
A5 B A KAk (Information Maximization, IM) 254,
S H AR RRIE 23 A RN AR 0 55 SCER[S T R
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fiE, FFIRE R bE A7 T SO 5

i/ NDNsE S EE W N iR SR 2 € S (ER e
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Hxl e X,y eV, ,x, € X,n, ® n, 5353 A
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B DI B , L REARAS — A~ B PR AS Y1 25 iy B A
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1.2 THEE SFDA B8R BB EKAEL

T [n] SEDA YR RIS — Mt 27 > i
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AL K—means 3287 15 )1 B bRl 850 P8 Oh bR 25 4
Brs q FORNBRES y, BOAAGIED 5 g, FORTEHS k25
RS, (o 1 ARRIERZEA, AR 4e R 0,

TR 1] SEDA 9 B AN (UM FH 226 52 U Y
A BRI L, R AR T T 1%
KAk £, 8% i B RRREAS RN 57 U AR SCTE
SEATRIE BRI S IR & 2 T HESR T HEAT
AL

2 GDA #RE

2.1 HHEXER FIES

GDA R Witk 2SR AT A Y 1T 25 . L) A A
AR BE, T R R F ) LA
BrBE E, X AR FOpI gk, J R0 AT T
MNP BL, LT A IIZRI Berb BB 4 kg — 2, 0
K1 AR, 16 E, J Bl ghRRl FA & —ANEEE
PEWS £, R b, 326N b, XU £ 2
FORL P, RYRAESR IS | i O s e ply — B
J& K 16] |2 ( Gradient Reversal Layer, GRL) Fl— -4
FIEE G A,

El1 GDA #EEI%H
Fig. 1 The architecture of GDA
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7 — Tl R AR RIS 2R G 1) A A 1 PR
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D,
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FREATIER A £, e D, % WFEW x,
BT P EAS , H R0 W U R AEA R x,, A x, 3|
x, M RS BRAERE S A P T, (BRI R LA
S BT BRSO D M 2, = {23 1, T
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B RE , F R RAEAS, AW ST E T
D, . AWrEE“FHR—HIWr L5 T e &,
HEFHKAWERT D, .
2.3 GRS A

RNV D, J5 A DR BE 2 2 %) 558 A
HARi, ASCEM T —A8H 588 G R 55
fIEE A T O IR B0GA 2 H ARk, 123880 1) 5 38 o — F
il 3 45 R X AT X 43 DR AR i 1, H
PRI AR 2215 0, JE T O I 88 1 O H e 4k H

L, (f3b,56:D:D,) = Bz [n G, (f(x,)) ) ] +
.o [In(1 = G(b,(f,(x)))) ] (6)
FEAY GDA A6 B B 1] 2 GRL 5 B e KAk 4k

FIR B G AIMUEHAESRIRE £ A0 b, , (IR

HARRIRAE , 3 3o 3R B 20 07 58, 450 GDA

2 515 T BRI | BTS2 30 T SR Ak

HIME A % 3¢

2.4  FUBHEHEXTF
1 T ST SR, AR SCH B ARRE A (AT

St TS PR AT AT i — 2B 0 5 B TR T

AR T AR AR 0 56 400 5k bR, SCHR [ 11 ] 48 1

SN L1 B TE SR AR e AR T L1 0 12,

ARSCR T L1 2k SR 56, FLA I (7)

iR -

0.5 (Vi _;;i)zy if ‘vi _‘A"i‘ <:8
L, (f36,3D5D,) =

"ty

v, - ;i | = 0.5 %3, otherwise

(7)

v, v,o= b, (f,(x) ) M FBRBEAR 20 5o e 25 B
Pe b, JEHIREE; v, = b,(f, (x,) ) HXF I A g
(R SIT AT 1 SR A 22 it IR AR BB b, I BRI 38 h
AT,

WAL AR SCR O PRI AT RO R BRI T
SRV (EL LI 2 v LA 537 i S — 5 B2
(T AR 7 B R R A O B, AR SCHR T4
St IR B A 1 155 L A A 2 R B £, A
DRI A A T B0 AR LS A R, Lk gk
TRR(B)

L, . (F;iD)= L,(Fi;D,)+L,(F;D,) (8)

GDA 1ETRIE BRI | AT AR R4 55
fEXCE X5, 2560 (1) K (6) ~A(8),GDA M
2 R BT 2655 20 (9) +

Loy = Lgygor + @ Ladl!(f;;bz;G;D;Dps) +
n L,(f,;6,;D;D,) + L, (F;D,) (9)
Hb, o HESH
2.5 EiEHKR
GDA ELUAH SEBANT5 N5k 1 iR,
Hi%1 GDA FikiIgkid e
MmN TR EONGER P (B b, M
h,), Jobr%ZE BRI D, LA BN B, Y 2558
BT
Wi HAEE F (S .6, AR,
s i F WItRAE F) 5 BEDLRI AR AL
s G,
fori =1 to T do:
BRIE W B ObRAE B NZRAE U M,
PRltal A 1 3d 2k 28 2 (5 ) AR IO I 17
IESRIGSRAEAS  Ha O IR
forj=1toM;
BRI B A FEAS ; DR IR S
T B3R B A~ B AR AR A I 1 T 4R
HERRAEAR ;
REE R il A (1) YNk
WUEE X} 55
BTN 55l A (6) YIS R
FIHEE G
FHIEXSFF B A7) FIAR(8) VIR F 5
end
end
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3.1 ZRHEE

AR SR WA 12 1 FH 1) UDA A o i L
P REE GDA BYA w5k,

Office—31 J&— A~ 32 I FH 4035, FH 8 1 (&
1853 AT 55 )/ N BB 4 ) it Amazon ( A)  Webcam
(W) DSLR (D)3 AR, 155 31 A2 51385
4652 5k R, Hodr A BRUE Rk I H b s 2 817
gk, WS Fr M2 B35 S 3045 795 7K, D A A
P ARMLAITIAE 498 5K, 3 ANk, A R 6 41T R
%, 3 0& A—>D A—>W DA D>W WA L
K W—D, %F Office-31 $i¥aERE TS F
B AR Office—31 H¥ S % S2 56 7 vk ik
T PR RIE

VisDA-C J& — A~ KRS0 3, 1 38 1o /115 432
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Bnde LT MR B B AR R, 3631 12
AR RAT S5, P IR (T) K [ 1 G 3D AR
AN 152 397 kA RS, HAREL (V) B
%, 4 & 55 388 ik & A, ok A T i Bk OJT IR
MSCOCO ¥i#lifE . %2 Office—-31 Hii 4, VisDA-C
A ER S SRR Z M 2E 5 T B
Ko ARCAEF VisDA-C 64, ALBEE X GDA
FERFAEE T FLI 25 S R () 380 1 e ) 2R 47
AL, 1M ELRE 7873 & R AR (48 )
3.2 EIEE

FEVEAS RN 18, AR SCAER SRR P A A i
BHE D, , SR FHZHLE Softmax 38 XU H b5 BRACSE EE TR
BORL FopgINZR, S TEEETIRRERL A I A ST
it P R 2 - A 28 SRR BRESCRARAL. F

T2 2548 D T, A SCR FH TmageNet | Fil Y1 25
(5% 25 M 2% ResNet AE W RFAESEEGE , i AR 2 )3
h2 048 FEAERE L — A 2R S — AR A —
fkJZ ( Batch Normalization, BN) #4 i%, % H 4 &
256; 3kt Sk I A e dn  — D R EHE 5 — AL
HIH—4b)Z ( Weight Normalization, WN) #4 1%, i H 4
JE K 5 BFRIIIATSAHIC 0 504 Sk RSO0 ip B
SRR 2 A0 F bR AL i — A R )
FHURTRRE RS A T8, R, S 1A LR,
YE AR FEEER Y ResNet 76 R B0E 4 bR FHAS [
TR EESERE 7 Office—31 [ fdi 1] ResNet—50 1 4%

fEFEEES | MAE VisDA-C _[{#FH ResNet—101,

FEVN A0 T3, H AR AL B 3l 0.9 ki
BV T BRIV R 2803 Ay 107 30 BB M 245 S 40, 35
FIHIER G TR0 BB Epoch 1
E A 12, batch_size Y EH 64,@%‘2& o BH1 ,M
R 0.5, K+ B A 1, AL R Pytorch
1.6.0 YR HEDR | SRR N Python3.7 , 3208 1T
55K ubuntu18.04 £4¢, GPU NTITAN RTX, BAEH
24 GB,CUDA JfiA&H 11.4,

3.3 xttkAE

T UERH GDA BYA R, A8 SCHEHC 15 Fh i g
TrBAERXT L XS L T LAY R LAF 3 Fhis s,

— AR R SRR SR AR | AL B VR R 4R
IS 195% 22 2% ResNet—50  ResNet— 101 F1 Y5 45 %)
(Source only) ;

TRAES UDA 7%, 4346 DANN  CDAN, iX
SE7 1 A% S R AT B ) VR SRS A A AR

RN TR SR BOHE A9 SFDA 5 ik, AL 4R
SHOT ,N2DC . MA . GKD . PS . CPGA, H: 1 SHOT ff
AT FELL  MA PS .CPGA il (5 T X427
A PRS0 )5 B, GKD il N2DC 25l i 3 T
TR RIS RESR W 71k
34 KWERSW

GDA 7£ Office=31 5 VisDA-C 1243251515,
ERIEE IR 1 FI 2,

R1 7E office-31 HIRE LHTWER
Table 1 Classification accuracy ( %) on Office—31

Ji ik A—D A—>W D—A D—-W W—A W—D Avg.
ResNet-50 68.9 68.4 62.5 96.7 60.7 99.3 76.1
DANN 79.7 82.0 68.2 96.9 67.4 99.1 82.2
CDAN 92.9 94.1 71.0 98.6 69.3 100.0 87.7
Source—only 80.7 71.0 60.8 95.1 62.3 98.2 79.0
SDA 92.2 91.1 71.0 98.2 71.2 99.5 87.2
SHOT-IM 89.4 90.6 73.1 98.4 70.8 100.0 87.1
N2DC 93.9 89.8 74.7 98.6 74.4 100.0 88.6
SHOT 94.2 90.2 74.1 98.5 74.7 100.0 88.6
GDA (ours) 94.8 90.7 74.9 98.0 75.3 99.8 88.9

Y52 1 AJ 1, GDA 7E Offie-31 /NS S Y
3ANEBAES DA A—-D 5 WA FEAE T R
(25 RT3 D7 v SHOT, 20 I3 1 0.8.,0.
6.0.6 1 E 43 15 HXFF SOTA ( State of the Art) J7
2:,N2DC 43945 7 0.2.0.9.0.9 N E 43 A, FH Y
Hi, GDA 76 V¥ 53 HEif 21k 3] 88.9, 8 Z SHOT

55 SOTA, #4= T 0.3 N E 43w

HRHEZ% 2 W1, GDA 7E VisDA-C KAVEHESE |-
[ REHUAS T R i a5 5 AU 7712 19250 B 3T
THE O EAEE MR R E RS AR, TR
YR 7 A28 4 A2 BRI TR 48 SHOT,
“car” RIETH T 12.1 AN E AL, “meyel " KEET T
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10.9 NHE 434, “bus” F1“ person” 2253 I $E T+ T 5 4>
53 R 4.8 A 43 a5 WRERKE B KB, GDA TEHE
R PR T T 2.4 a0, S A
B AR IR Y GKD AH LG, 32T T 2.1 N E 40K,
5 BRI PR PR e PR U B s A 288 D 1 %) I I M
A5 [ 38 G 7 EE A L, GDA {18kl T PS I
CPGA I8 T 1 AN A4

INEHE AN REAR U b S HE IR FE AL AU GDA i 1]

Ui AU 25 , TG A 0H B DU B8 78 70 & 44512 TR A 78 1Y
W7, AR /N 4R Office—31 FRYVERERETHAL
INFREHESE VisDA-C, [FII, GDA 7 P4 i 4
G L [FIB USRI 1 SE IR 25 R IR B T IR R
FEFNRI2E > (IR A 2 > O UL S e 4% H AR A )
O P9 3 40 48 AR A She ) A PR RS8R, I 1A T S %
A3 AT X FF VR AR X 55 A8 AU X6 55 7 AT 3

x2 7EVisDA-CHIEE EHTHLER
Table 2 Classification accuracy ( %) on VisDA-C

Method  plane  bicycle  bus car  horse  knife  meycl person  plant  sktbrd  train  tuck  Avg.
ResNet-101 551 533  61.9  59.1  80.6 179 797 312 810 265 735 8.5 524
DANN 81.9 777 828 443 812 295 651 286 519 546 828 7.8 574
CDAN 852 669 830 508 842 749 881 745 8.4 760 819 380 739
Source—only  62.1 212 488 718  63.1 50 7290 259 661 441 809 53 478
SDA 869 817 846 639 931 914 866 719 845 582 745 427 767
MA 948 734 688 748 931 954 886 847  89.1 847 835 481 816
SHOT 950 875  80.8  57.6 938 939 795  80.5 907  89.8 857 574 827
GKD 953 876 817 581 939 940  80.0 8.0 912 910 869 561  83.0
CPGA 948 836 797 651 925 947  90.1 824 888 880 889  60.1  84.1
PS 953 862 8.3 616 933 957 8.7 804  91.6 909 860  59.5 841
GDA(ours) 959 8.5 858 697 948 912 904 853 919 918 8.6 518 851

3.5 HEREIE

Mo TEEBALS W—A L (8 THIELE Office-31) ,

R T 53T GDA Hh ISUARE 2R 50 A X 5 FURRAE X 5
X AR AT P R 52 W), AR S R 4y sk 194 11 X
MRS 1538 THE VisDA-C 45 H b eR 801 T4 Bl
gEIR UL 3, 5 SHOT # kL, GDA #EARIZE{UN K
IOk kgL £, e 2T T 1.7 D E S
M EBHCT BE B SFDA J7 ik CPGA Fil PS, A SC#
HP ) R P S 480 5 R A A e DRy R R A T M R
SIARXS SRR B . FEIARREXS SR i L,
AR SRRk i £, , J5, GDA FiHY
IRB T EAR R AL SHOT $27F 2.4 N E 4345,

FHEE SOTA 4271 1.0 A 43 A
%3 7 VisDA-C L EBMREHMERER
Table 3 Ablation of losses on VisDA-C

Lsgor L. L, L Avg. /%
v x x X 82.7 (w = 03m = 0)
v v x x 84.4 (w = 13m = 0)
v v v x 85.0 (w = 1I3m = 0.5)
v v v v 85.1 (GDA)

3.6 FILSH
BT 2B EUE GDA WA R, AR SGAFH -
SNE T E XA B B i AR BE RRAE 25 1 ] 94k 43

43R F SHOT 1 GDA #E47 #5380 R 1 5 H A ek
TRIEFEFHE R A 55 BN 2 B, ol LUE 278 2%
I, EARSRECHE oA 5 B A SR ISR e ki
IRAL 3T SHOT Jrikid B Jm , BRI 4 A7 2 01 i
S H M, T I X SR AR 1 28 X 43 R R
PR B 25 5 BE o S RRAE X H AR RO 1T
5325, it GDA BB 5, FRAE 4 A B i B AT X 43
JE WIFSE T GDA J5 A &k

(a) AT (b) SHOT iT®J5 (¢) GDA TH®J5
2 WA ESEBEIEHIESHE
Fig. 2 The feature distribution

AW EBALS I W— A iEBAT 55 TE Y Zhad 72
DR 2 0 E i R 1 A2 AL B AN 3 TR, GDA
[d] SHOT —#¢ , il i 2 U4 K—means 5 0% A B fh
b2 AEIE 5 GDA DhAR % B9 R 40 T SHOT,
VLT T Rl A TR B RS he e S IR G 22 S i i
U SR IR B TR DR 2 R M 7
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