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Multi-source Domain Adaptation of Weighted Disentangled Semantic Representation

CAI Rui-Chu, ZHENG Li-Juan, LI Zi-Jian

(School of Computer, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Recent years have witnessed the widespread use of domain adaptation. Thought having achieved significant performance in
different fields, these methods are hungry for a large amount of labeled data, which requires unaffordable cost to meet the data quality and
quantity and hinders the further application of deep learning model. Fortunately, domain adaptation, which not only relaxes the I.I.D
assumption between the source and the target domain but also uses the labeled source domain data and the unlabeled target domain data
simultaneously, is beneficial to achieve a well-generalized model. Among all the domain adaptation setting, multi-source domain
adaptation, which takes full advantage of the information of multiple source domains, are more suitable to the real-world application. This
study proposes a multi-source domain adaptation method via multi-measure framework and weighted disentangled semantic
representation. Motivated from the data generation process in causal view, it is first assumed that the observed samples are controlled by
the semantic latent variables and the domain latent variables, and it is further assumed that these variables are independent. As for the
extraction of these variables, the duel adversarial training schema is used to extract and disentangle the semantic latent variables and the
domain latent variables. As for the multi-domain aggregation, three different domain aggregation strategies are employed to obtain the
weighted domain-invariant semantic representation. Finally, the weighted domain-invariant semantic representation is used for
classification. Experiment studies not only testify that the proposed method yields state-of-the-art performance on many multi-source

domain adaptation benchmark datasets but also validate the robust of the proposed method.
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2.6.2 FET4rAi PE B i B Wasserstein distance [ 5 & 7714

Wasserstein distance!™*V it F T ft 19 /1 4317 2 ) (10 88 110 8 e, 24 0 4 S o A o R A0 40 I 4 35 il AN
AT, SR T Wasserstein distance F5E & 53, A EGT 2 T W IR &9 B 210 )7, TE R AN W] 49 A1
Z IR JEASFFE A e, 2% BAF ] Wasserstein distance J& 12 80038 [A] {14 25 () J DRI 7 T AR A5 28 v A (] 4088 11 18 S
[ A R N 22 4k v 20 A, AR L4 A Wasserstein distance 11 24 B i AS [F] 49 A () T B A B 5K . Wasserstein
distance JE7E—/MEEE AR b X, HPRIORES TS SEHIFI IR 2 R 4L, e T PRI T O,
flAr1 2 ] f¥) Wasserstein distance 32 XK
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W,(P.0)= (ﬂei}},f,,g) ] p(x,deu(x,y)f’J ®)

o, MP,O)EAESE S MxM WL P R Q Ky %oy Ai G4 20 Aii. th Kantorovich-Rubinsteint*! 5 B ] 411, 4 M
FE 57 2 [P A%, Wasserstein distance fig % F DL AR 2 M 2% B 5 380K
W(P,0)= ”H(:Pgu E oH(G)]-E,. [H(G(x))] )]

Hort, [[fll<) /2 Lipschitz 213, gAK@y 5, 4TI S FEB HI T, z) ~N(.), z; ~N(), T

WP, B)= sup  E, [2]-E; [z] (10)

H@Ge
tF Lipschitz 230 r] 8 i #4383 0 — A6 2 /05 okl 2, I A RQ)-AR(S), T8 E L S TR H bs
T 2 [8] ] Wasserstein distance 7] PLFE 7/~

L,y 2T = %st HGG) = niZX HGG)) (1n

3 TR RERD

AICAE 3 AN TFFREME Office-Home S i 42 Fl Office-311" 442 4 L) % Image-CLEF %4 82 0E4T T 5206 1
W, JITA 1 S50 A8 FH e 2 A R PP Fe bR, 5 SR AR B R 2 e i, T LEVA R Resnet 50 15 A W 4%
B AL 2 048 HEMRFAE. P E0H A SE 0 1 2 ) 2RI UCE N 0.015, EARIKECR 100 000 I, AR AR FE
/KN A 128, $FHF BT MIER 7 0 A SO T AR R B 2 8. 4 21 S 56 AR S0y B D 5 AN AN [ 9 B AL
o G I i 0 s 3G 45 . JLrby, 0BG AR0V0% (9008 2 0N 10 W) T35 47 ) DR 2 1 S sl AR A o e A D 1 152 0T
R Y 13847 2R B0 5 GTX1080 ) GPU, Intel 7700K CPU 1 32 GB N 7%.
3.1 Office-HomeS:3&

Office-Home V¥4 45 i1 4 NMERIK A W R BG4k, 2R . FEHA/ECE AR L, SI05m: 85 m,
FEbh T s EHR A S A AARUR R R, S BRIREARSCE 730k 2 427, 4 365, 4 439,
4 357. Holn S i B R4 T Python 9925 1C HUBCEE 9, 12 0 4% TC HUE 3 22 A8 22 5 1 3 RN 72 26 1% H Stk 4T Ie
M. ST IR T K 120 SRS, JEER T T 100 000 B AS 7] 2K 50 AU K R, AR5 KX gk
PG 0o 8 LA DR BT 75 6 A6 6 v, X SR AT T 0 vk, DA RN RO b B — e BE I EG. EH
AR B AL oK H 65 MANFEIZEA L 15 500 5K EE.

A I rp, b T 2 R 2 YR AR [ 5E B 7 vk, Hh 4 dE DANND CDANTY M3SDAM R MDANM,
TXEEH LG A A LR T AR BT R IR ) A, L AT JE TR A AR ISR R T AN FT B
PR RN BCEE, FEAS 2 2T AR I35 SCRRAE. R BS Oh T SR I A 3C 20 R A 17 3@ B J7 v Ak, st by H
T L AR AT I BAYR AU 53 R 1K 5 15, AL DANNES, DANM CDAN+EY, CDAN+BSPM!, SAFNMILL f7
FDAN-UDAPY, Meta-DANNPY | Meta-MCDPYFI MOSDANET i 84 #5397 0 77 25, MR 40 % 4040 45 9 4 i e 1K,
B A S A T A AU A G VR Al I AR H BRI B R o R UE A M (R Pk B, XSRS A A 43 A Clipart
Product. RealWolrd—Art, Art. Product. RealWolrd—Clipart, Art. Clipart. RealWold—Product il Art. Clipart.
Product—RealWold, JH—> 1 1 1) 52 B 43 i) A& 3 PR A0SR B b A
3.2 Office-31521%

Office-3 1169V ] - 92 b AME3E W AT 45 (1038 I B 4. & B T 31 ANRBII 4 110 sk E G4k, B
WE 3 AL, B4 5 A TE 2 35h (9 vk (Amazon k). 25 5545 Sk (Webcam 38)F1%f8 SLR AHHL(DSLR )
W EG. BRI AT, Hodh, A b 2 817 ik EE, W IR 795 5K KM%, D b 498 5K K14,

FEAL SR, B T 50T 20 M PR LR AT 138 B 2 ) VR B W A 143 4 BT TCAOT I GFRMOZ ob, %
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ToAistFadrm, s T DANFI, DDCEY, RevGrad®., RTNPHI DRCONPX 46 32 i 409 DL K % 3T )
ResANP). VR4, [ & % J7 10 %67 Bt 7 DCTNE3 sSFRAMEM2 . MDANM  MDDAPY A & #5% #7 ¥ LtC-MSDAP!
Jiid ARFEZEAL e~ BIL I RE S AR R IR AR H bR UK.

3.3 Image-CLEFSLL&

Image-CLEF (4542 KT 2014 £ 1) Domain Adaptation Challenge FL 3§, A5 2% i TF AL 56 % &,
A 3 N4, Al ATT43 B2 Caltech-256 (C). ImageNet ILSVRC (I)Al Pascal VOC (P). X/ di 4y
12438, TAEMNEE 50 5kE v

FEARLUSZIG P, B 7O bl — 2 2 30 1 R S5 T 1) SRR AT 1 3@ B2 ) Tk A, BT IR AL A 1 22 YR
38 N EESE 3645 DANM, D-CORALPAI RevGrad®?, FFxF L T & DCTNP 5k, MR ¥E i H s i 40
IER, FTAT SHIRAE 3 FAURAL A N IR PERE. IXUESURA A B8 C P—~1, 1. P~C FI 1. C—P, Hpes”
PRI (0 7 B4 S AR R IR AT A 4k
34 HEBZXRR

N T S AE A (A, AR SCREE T R P AL HT SE

(1) fEREPESN BTS2 56

N T IR E XU K LA )RR R K AR, 1 S U RIS T RR O SR AR R B, B PSSR SR s,
B H B S B BORE N 1 ETEE 30 SR T7. 3B 3 AN B A 4 AT 45 10 22 AT 11 395 I3 S E B0 45 58
BCSERGAE. R 517 Ap UL, BEAE A S AR BT AN T, SEEG O BT BT B, M AR R R
D] Ay T S8 A% kR0 38 958 A% k(1 AR O 2R 0 A R 5 B0 SIS AR v 0, 2 AU . XA SR IE I TR 1)
X AR A R T AR TR A P e

1007 & N
95

- 90 A

= + D

£ 85 W
80
75

1 3 . 5 7

HEE

&5 Office31 Hdin &7 KI5 73 25 B Erf vk

(2) BN EE BRI R

AR T 3R A LR

(a) T FHBCE B AR AL TE L3RI I 2 Y A3 B 15 WY /572 (Ours mean)

S, R SCABRSE A R s ARSI 0] H AR AU 1 5% ) ) R AR A 1Y), A AE ML EEA b, e A U AU ) %
A A3 1) 53 i) R AL 40 2 A S 11

(b) T L2 #F 5 B A I AR A 1 SRR 1) 22 U5 AT [ 38 B 75 704 (Ours L2)

BRI A A [ (93 B 50 3T B H A (9 BE B AN AR ], A 7 B 00 98 H S [ (1 9 4l on) H AR Ak 0 52 e J, A TG T
A —Fh 7k, ARSCHE— DA REAE T L2 B, LARAE g —Fh S5 e g IS ng, MRRAE 1) # FE SR IX 43 AN )
PR AT R A0k e 5% M 2
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% Real-World

*

6 Office-Home i 5 7E K15 43 25 - I HERf Tk

*

1

3
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5

Bl 7 Image-CLEF ¥fladi (e [¥157) 3K L HEmfy

% 12 4

(c) %&T Wasserstein distance 2 25 5 & AL 1) AR 5 SR 1K (1) 22 Y5 A0UK 15 1% Y 5 ¥ (Ours W-distance)

Wasserstein distance 85 & A 4311 (12 T _E SR Al &5 4 L5 H AR s IR A BLRE, 43 A B A AL 1K) - H b
ST R PR AU T B AR e ke 10 B B, AL K. B AR RE B R A SRR 1-R 3 p R
7N, SRR A AT LA HH B R 4

# 1 Office-Home SE46 45 W & Hox T 5256

Standards Models Art Clipart  Product Real-World  Avg.
DANN 63.2 51.8 76.8 70.1 65.5

DAN 63.1 51.5 74.3 67.9 64.2

Single best CDAN+E 70.9 56.7 81.6 71.3 71.7
CDAN+BSP 72.2 59.3 81.9 77.6 72.8

FDAN-UDA 60.6 53.9 71.5 73.1 64.

SAFN 70.9 57.1 81.5 77.1 71.7

SRC 58.5 57.6 74.5 78.2 67.2

Source DANN 58.0 57.7 74.1 78.3 67.0
combine Meta-DANN 70.6 59.1 80.2 82.8 73.2
MOSDANET 62.0 66.0 76.3 78.0 70.5
CDAN 69.21 67.81 78.36 79.34 73.68

M3SDA 64.7 63.2 76.5 78.9 70.8

MDAN 68.7 67.3 81.3 82.9 75.1

Meta-MCD 70.2 60.5 81.2 83.4 73.8

Multi-source MDMN 69.2 68.0 83.0 84.0 76.1
Ours (Mean) 73.0 68.9 84.8 86.6 78.3

Ours (L2) 74.2 71.6 85.8 87.4 79.5

Ours (W-distance) 74.3 71.6 86.2 87.5 79.9

(1) ALV R OL T, AT 758 LA VAU IXUER] Tl Rk 1 o SR A i B AT

4 Bz AL
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(2) Z&ak L2 InBUGENE 51N, ASCH 715 09 PE BEAR LGP 3 A s A3 32 71, 1E— 0 56010 30 3ok RR X BE 29 %6 AN
[F] AT A VR IR B LU B W R IR, TR “ AT A% 1) R il
(3) Wasserstein distance S J BRI ANALAEMEfE LB T 2 army 7k, ER WA FarmFo s i, X

A2 DR R FRAT (1) R AV SRS AR 8 AN = 7 20 A, K Wasserstein distance 7T LUK 47 M-S [RE RS Y AERS H
br [B)FRTER RS, AT K45 50 4 1) 2 G AR
2 Office-31 S0 &5 R S HonS EL s i

Standards Models A D w Avg.
TCA 51.6 952 932 68.8
GFK 524 950 956 68.7
DDC 522 985 950 70.7
Single DRCN 56.0 99.0 964 73.6
best RevGrad 534 99.2 964 743
DAN 54.0 99.0 96.0 729
FDAN-UDA 67.4 92.0 909 834
ResAN 69.1 91.5 914 839
RTN 51.0 99.6 96.8 73.7
Source DAN 67.6 99.6 97.8 88.3
combine D-CORAL 67.1 993 98.0 88.1
RevGrad 67.6 99.7 98.1 88.5
Source only 51.6 982 927 80.8
sFRAME 32.1 545 522 463
MDDA 56.2 99.2 97.1 842
Multi-source LtC-MSDA 569 99.6 97.2 84.6
DCTN 549 99.6 969 838
Ours (Mean) 745 99.6 964 90.1
Ours (L2) 748 99.6 97.1 905
Ours (W-distance) 749 99.6 97.1 90.5
# 3 Image-CLEF S50 45 5 & LR LL 52 56
Standards Models | C P Avg.
Resnet 74.8 915 839 834
DDC 746 91.1 857 83.8
Single DAN 75.0 933 862 84.8
Best FDAN-UDA 92.4 94.0 79.0 88.5
D-CORAL 769 93.6 885 86.3
RTN 756 953 869 859
Source DAN 77.6 933 922 877
Combine D-CORAL 77.1  93.6 91.7 875
RevGrad 779 93.7 91.8 87.8
DCTN 78 95.7 903 87.0
Multi-source Ours(mean) 78.0 959 92.8 88.9
Ours(L2) 785 96.3 933 894
Ours(W-distance) 79.2 96.4 93.3 89.6

3.5 AIL{LSRE
3.5.1 SER A RS Lo

wlEl 8 iR, WK M 2 MDAN, SR A S IBIAYLE Office-Home 5] #0446 L i1 J500
TR 2k, ARkl office-Home %545 7 ) Art. Clipart Al Product; H brigi A Realworld; 7 A6 JC Ma B
ol 193 IV (1) S 56 BB B0, A FBT AT A ac (K U7 490 R AT A bR 1 H AR 9], SR ResNet-50 15 4 47 iE
SR 25 LUK HO LU B30 MDAN (9 2 $OR L I 00859 A5 11D Ji 43 18 S sl AR v e A5 P F e o, 7 55 0 B 52
AR ) I 2R A2 B i 8 Tl ] 8 AT A LA A i
(1) MEEIRT B PR J7 VR H e e 28 e LU (e, FLWCSIGH e 72 0 AN W B, e 26 1 T F e
(R 45 Ry OGS HEAG Hh, A SCRERAE — e RERE BRI T S AR M .
(2) RIAEASCI 7 M MDAN S 28 H ST ANET I 45 38, (AT e U W) S 1) AR SCIBEZ [ MDAN
(R PERE S INANER T, JOAIE T A SCRERY 1 s
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il
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3.5.2  HEAERTRRAL AT BT
Sh T 5 E AR SC R R B M B 22 R R R E AR DA A R T AR TR R AE A AN AR (¥, 3 A
t-SNE X 82 B R AEBEAT PP S0 B, DA T B8 B I T SR S 5 45 B L ZE e, WAL T 65 AN
A% Office-Home F#H4E 1, SEIILH (1 10 AN2E51, WE 9 iR, 4 MEEGARE T 4 Mk, HhaiETka
3 AR 1A HFREL 10 NEBIIFEA, 40504 Art. Clipart. Product Al Realworld, J:#, MDAN FIZA )
20 48 A A5 AN 28 0 00T s R oy U, SR T AR LF PR RE, AR, A SO K 4 ISR AR I R
gy i, R T ARSI SER M RE SR, BB R T I Aok

%ﬂ - &%
K " MF" -
o ~
%?\ %i?ﬁ?_-.f-‘a Fat
a, B g

‘@ﬂé% ™

. . -ﬁ
P72 -

Bl 9 i Ours (47), MDAN (Z)$2HR MK EHEAEN -SNE n] M4k

3.5.3  RIEHBERTRLAL 2 A

h T BB UE %y VT AR ST RS 1 1) R, AR SO N T AT A TR AR R o AT, SEER g5 Rl 10
7~. [ 10(a) 9 ResNet 50 4325 LA K &1 10(b) ) DANN 75 IR G HFE, P51 10(a). &l 10(b)Ji 7, ResNet 50
5 DANN Jj 4y REF R G DUAEX 8 2, LR AR T B IR AT B AR ME BR AR T H#R LI, 54 38
TR EMGOT R R, A ST 0 3 T8 SO DA AE B, — B AR TR AR AR BB TIC, AT
efik T GT IS, Tl FLEE 10(a) AT 10(b) 2 (7 HE BB 2>, 7T LAt W] DANN BAT IE TR RBCR. 5t
i, DANN Jyiit R4 T HERICE 5 R M ST B IS, A3 B 10(a)F1 &l 10(b) 41 €4, )5 4 Py (1 B 5
W, AL S, ARSCI 7 s g2 i 7 ST 8, W 10(c) TR, HAR ST vE B4R 45 2 Pk REAE X 5T 5
JL AL
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(a) ResNet 50 (b) MDAN (¢) Ours
10 Office 31 H#li £ DSRL 4dsk 1) Jhd i R B /s 25 ]

3.54 sEESHNT

T AEBA AR SCHE I O R BRI TR N A, ARG — DA AR RIS AR B R N AT S, S 4 SR
B BTR, BT LG R 4518 AEARFYEE T, ARSCE 7775 M MDAN J7 % GEAH b A7 09 222 55 H %
R, XU T ASCHR 07k B A R R e k.
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Bl11 ANFIBEAZ YR N MDAN FIA SCH H 5 122 10 20 30K A T

4 HEXRE

AT T R R 2 AR G S T, BN R U 2 i BEAT TN SRR AR SR AR ANy 2K, WT L
PO PRF bR AR 1) W] HErE. AEIXANJERL b, RSO T RO U AR R T, R R RS T
AR BRI AT B S P, G i T T SO AR ISR W 45 4 ok 18 AN [R] Sk 43 SR A K T, e JiE SR
T 2T s R AR B R A SRS 2 ) R AT R OC T 8% B AR AL, SR EUNIRL I il 3815 X RaAs & A T4 28,
1t Office-home. Office-31 LA & Image-CLEF JEHESIR AR EHEAT 1) V2 SES0 R B T ZUM AT 0Pk, 78 SR (W i
FUH, AT R AR R RO A 30 B L B i 1 (1) 22 VR AR
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