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Two Stage Domain Adaptation Learning
TIAN Lei'”, TANG Yonggiang'”, ZHANG Wensheng'”

ABSTRACT  Aiming at minimization of the joint distribution difference between source domain and
target domain in domain adaptation, a two-stage domain adaptation learning method is proposed. In the
first stage, the discriminative information of sample labels and the data structure are considered, and a
shared projection transformation is learned to minimize the difference of marginal distribution in the
shared-projected space. In the second stage, an adaptive classifier with structural risk is learned by the
labeled source data and unlabeled target data. The classifier minimizes the difference of conditional
distribution of source domain and target domain as well as maintains the manifold consistency underlying

the marginal distributions. Experiments on three benchmark datasets show that the method achieves better

results on average classification accuracy and the Kappa coefficient.
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Fig. 1 Framework of the proposed method
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Table 3  Classification accuracy of 13 methods on Office-Caltechl10 dataset

%

BE  f£%  1-NN SVM TCA GFK JDA SA ARTL CORAL DICD JGSA MEDA DICE TSDA
A—W  29.8 31.9 359 37.0 38.0 38.3 33.6 44.4 45.1 45.8 53.2 46.1 57.3

A—D  25.5 36.3 35.7 40.1 39.5 36.3 36.9 39.5 38.9 47.1 45.9 48.4 46.5

A—C 26.0 35.6 42.0 40.7 39.4 44.3 39.7 45.1 42.4 41.5 43.9 43.8 47.6

W—A  23.0 37.5 30.5 27.6 32.8 36.3 38.3 35.9 34.1 39.9 42.7 38.6 33.4

WD 59.2 80.9 91.1 85.4 89.2 83.4 87.9 86.6 89.8 90.5 88.5 86.0 93.6

W—C  19.9 33.9 31.5 24.8 31.2 33.2 29.7 33.7 33.6 33.2 34.0 34.7 36.8

SURF D—A  28.5 34.3 32.8 28.7 33.1 39.4 34.9 37.7 34.5 38.0 41.2 47.7 42.3
D—W  63.4 78.0 87.5 80.3 89.5 85.1 88.5 84.7 91.2 91.9 87.5 84.7 87.5

D—C 26.3 32.1 33.0 29.3 31.5 34.3 30.5 33.8 34.6 29.9 34.9 37.7 37.5

C—A 23.7 42.9 46.0 43.1 44.8 54.8 44.1 54.3 47.3 51.5 56.5 56.7 61.0

C—>W  25.8 34.6 39.3 37.0 41.7 44.4 31.5 38.6 46.4 45.4 53.9 51.9 60.0

c—D 25.5 33.8 45.9 40.8 45.2 45.2 39.5 36.3 49.7 45.9 50.3 44.6 56.7

SEEME 31.4 42.6 46.2 43.1 46.3 47.9 44.3 47.6 49.0 50.0 52.7 51.7 55.0

A—->W  74.6 79.0 74.2 70.9 83.1 76.6 88.5 74.2 81.4 81.0 88.1 79.7 90.5

A—D 80.3 87.9 81.5 82.2 86.6 87.3 85.4 84.7 83.4 88.5 88.1 90.5 96.2

A—C 83.7 85.0 82.6 79.2 85.0 85.0 87.4 83.6 86.0 84.9 87.4 85.8 88.0

W—A  77.1 75.7 84.1 76.8 91.1 83.6 92.3 72.1 89.7 90.7 99.4 93.1 92.8

W—D  100.0 99.4 100.0 100.0 100.0 99.4 100.0 100.0 100.0 100.0 99.4 100.0 99.4

W—C  74.8 72.0 80.4 69.8 85.3 74.3 88.2 67.4 84.0 85.0 93.2 82.9 88.2

DeCAF, D—A 85.7 87.1 89.1 76.3 91.0 85.6 92.7 83.8 92.2 92.0 93.2 92.6 93.2
D-W  99.7 98.6 99.7 99.3 99.7 96.9 100.0 97.6 99.0 99.7 97.6 99.0 98.3

D—C 79.2 78.8 82.3 71.4 85.1 76.9 87.3 71.6 86.1 86.2 87.5 87.1 87.6

C—A 90.0 91.4 89.8 88.2 91.0 92.2 92.4 91.2 91.0 91.4 93.4 91.3 93.3

C->W 78.6 80.0 78.3 77.6 82.4 82.0 87.8 80.7 92.2 86.8 95.6 84.1 94.6

c—D 86.6 89.8 85.4 86.6 87.9 88.5 86.6 87.9 93.6 93.6 91.1 92.4 94.9

S 84.2 85.4 85.6 81.5 89.1 85.7 90.7 82.9 89.9 90.0 92.8 89.9 93.1

TEFTA X7, MEDA 5 TSDA %406, #H A HIE R, H3E 3 AT E H, TSDA BHERER M

It ARTL, MEDA # 17 i1 %% 43 4 3% i, AH Lt JDA |
DICD 11 JGSA ,MEDA #47 HiE N 02548272 &
3 A[FH, MEDA fPERER B WAL T LR X ey
B, R R HEAT 10 25 43 A7 18 BC RN A 38 I 43 S48 2
> R T AT 50/ 1] 2 5

AHEE MEDA , TSDA i — 2575 [EREABRZE R 5

T MEDA , 3 3 W RE A 5 28 FEICHs 45 18 40 5147 8
PR AT RE.

TSDA F1 12 FX} Lt 7775 4E MNIST-USPS %dfn £
AR UER RN 4 PR, T4 45 R 51 A Sk
(1S TFISCHR[ 24 ], BT 55 19 S L 45 SR 4 FH R A8k
FhRif.

&4 13 BT ATE MNIST-USPS #iiE 5 b5 2fmE
Table 4  Classification accuracy of 13 methods on MNIST-USPS dataset

%

f£4% 1-NN SVM TCA GFK JDA

SA

ARTL CORAL DICD

JGSA MEDA DICE TSDA

M—U
U—M
Ty

65.9
44.7
55.3

48.8
27.8
38.3

62.3
50.3
56.3

68.6
50.1
59.4

70.6 45.3
60.0 29.5
65.3 37.4

88.8 35.8 77.8
67.7 36.4 65.2
78.3 36.1

80.4 88.2
68.2 67.5
74.3 T77.9

76.9
64.8
70.9

88.4
74.1

71.5 81.3
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P

FH . ARTL, MEDA P REAR$ETF, FHH MEDA 2%
1 RGE R IE RN TE— & B L &R G 8s 5
K. A b ARTL, TSDA B SRt 7F — @ FEE [ ERE

N TN

TAEEAE B (EJ2 T TSDA %5 JEAEA bR A
S5 FRIME B RE S AR PERE RN, X ik — 20
B e 5 S PR B 1 B A

TSDA F 12 F X} bt 75 % 7F ImageNet-VOC2007
BRE LR R UER RN 5 iR, BT 55 0 i
Pegt RAl AR R A k. R W 11, TSDA 76 V
SIS LRI T X ik, 5 2 ME
% LYy FERf Rk B 75. 7% |, eame Xt te oy
BT 1.4%.

F5 13 F7iE7E ImageNet-VOC2007 HEEE b5y 2R E
Table 5 Classification accuracy of 13 methods on ImageNet-VOC2007 dataset

%
f£4% 1-NN SVM TCA GFK JDA SA ARTL CORAL DICD JGSA MEDA DICE TSDA
I-V 65.4 68.2 62.3 61.7 61.8 69.7 64.7 69.9 54.4 65.8 64.7 65.6 66.0
V—1 73.7 80.5 71.1 71.1 68.7 76.4 78.5 78.7 75.8 72.2 76.4 75.8 85.3

FHH 69.6 74.3 66.7 66.4 65.3 73.1 71.6 74.3 70.4 69.0 70.6 70.7 75.7

3.4 Kappa ZEXILt
TSDA Fl 12 F %} b J5 E: 7€ Office-Caltech10 %%

BBUCEAT LT MEDA 25T 2. 6% F1 1. 4% .
22 7] IFE ), Office-Caltech10 1775 %8 B 2 i AE

PEHE L) Kappa RECUNIFE 6 7R, XFF SURF F#1E A [, FE X AP LT, TSDA 75 RE HUAS et
Fl DeCAF, #51F, TSDA 7EFTA LS FIEY) Kappa  BYPEREZIN, E— L 2 TSDA (4 S0k
%+ 6 13 FhF53ETE Office-Caltechl10 #(1E £ F Kappa &%
Table 6 Kappa index of 13 methods on Office-Caltechl10 dataset
%

¥E fE%  1-NN SVM TCA GFK JDA SA ARTL CORAL DICD JGSA MEDA DICE TSDA
A—W 22,1 24.5 33.3 33.4 31.0 31.3 26.1 38.3 39.0 39.7 48.0 40.2 52.6

A—D 17.6 29.3 31.6 29.3 32.5 29.1 30.1 32.8 32.0 41.6 39.8 42.7 40.4

A—C 17.9 28.4 32.3 33.4 32.6 38.1 28.9 38.8 35.9 35.0 37.5 37.5 41.5

W—A  14.3 30.6 22.7 24.2 25.3 29.2 31.5 28.8 26.8 33.2 36.3 31.8 26.0

W—D 55.1 78.6 90.0 86.3 87.8 81.4 86.4 84.9 88.5 89.2 87.1 84.2 92.8

W—C  12.3 26.3 25.4 23.0 23.2 25.6 21.7 26.2 25.9 25.7 26.7 27.5 29.4

SURF D—A  20.8 27.2 25.6 24.5 25.7 29.4 27.7 30.8 27.2 31.1 34.8 41.9 35.9
D->W  59.5 75.5 87.5 82.6 88.3 83.8 87.2 83.0 90.2 90.9 86.0 83.0 86.0

D—C 18.0 24.1 24.6 21.9 23.7 27.7 22.6 26.0 27.3 22.0 27.2 30.7 30.4

C—A 15.6 36.6 39.6 34.5 38.7 49.8 37.9 49.2 41.4 46.1 51.8 51.9 56.6

C—W 17.9 27.1 29.8 34.0 35.1 38.1 23.9 31.7 40.4 39.2 48.7 46.4 55.4

C—D 16.0 26.1 38.7 34.0 38.6 38.7 32.3 28.9 43.7 39.7 44.2 37.9 51.3

YA 23.9 36.2 40.1 38.4 40.2 41.8 38.0 41.6 43.2 44.4 47.3 46.3 49.9

A—-W  71.8 76.6 71.8 75.1 76.3 77.0 87.2 71.8 79.3 78.9 86.8 81.9 89.4

A—D  77.9 86.4 82.9 77.9 78.6 86.4 83.6 82.2 81.5 87.1 86.4 89.2 957

A—C 81.8 83.3 80.8 76.0 82.1 82.8 86.0 81.2 84.4 83.1 85.9 82.0 86.6

W—A  74.6 73.0 77.8 75.3 89.0 83.4 91.4 79.1 88.5 89.7 92.5 89.6 92.0

W—D  100.0 99.3 100.0 100.0 100.0 99.3 100.0 100.0 100.0 100.0 99.3 100.0 99.3

W—C  71.9 68.7 74.6 69.1 82.3 72.1 86.8 72.7 82.1 83.2 86.7 79.8 86.8

DeCAF; D—A  84.1 85.6 84.2 74.8 90.0 82.0 91.9 83.9 91.3 90.7 92.5 90.5 92.5
D—W  99.6 98.5 98.5 98.1 100.0 94.3 100.0 99.2 98.9 99.6 97.4 98.9 98.1

D—C 76.8 76.4 77.8 70.5 83.3 72.2 85.8 74.1 84.5 84.6 86.1 84.8 86.2

C—A 88.9 90.5 88.6 87.8 89.2 90.7 91.5 91.1 90.0 90.5 92.7 89.4 92.6

C—>W 76.2 77.8 76.6 86.4 83.4 84.5 86.4 77.8 91.3 85.3 95.1 82.3 94.0

C—D 85.0 88.5 83.6 84.3 87.8 85.7 85.0 84.3 92.8 92.8 90.0 93.5 94.3

SEH¥ME 82.4 83.7 83.1 81.3 86.8 84.2 89.6 83.1 88.7 88.8 90.9 88.5 92.3
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TSDA F1 12 F%t Ho 5 ¥ 4E MNIST-USPS %45 4
Y Kappa REUNFR 7 Pk,
M7 WA H, TSDA £ U-M 1155 R %

FTXF 2, B X 2 M55 L HIF3 Kappa &
Bk #) 79. 0% , A L B L X L 7 5 ARTL, 42 7+
3.3%.

£ 7 13 FHETE MNIST-USPS ##E4 F Kappa %]
Table 7 Kappa index of 13 methods on MNIST-USPS dataset

%

f£% 1-NN SVM TCA GFK JDA SA

ARTL CORAL DICD JGSA MEDA DICE TSDA

M—U
U—M
FHEIE

61.4
38.4
49.9

43.0
19.7
31.4

57.5
44.9
51.2

64.5
4.5
54.5

66.9 44.9 87.3 44.7 74.9
55.6 21.8
61.3 33.3

77.9 86.6
64.6 63.9
71.2 75.3

74.1
60.9
67.5

86.9
71.1
79.0

64.1 17.5 61.3
75.7 31.1 68.1

TSDA F1 12 F X} b 77 : 7E ImageNet-VOC2007
HAE4E A9 Kappa REANEE 8 Fiw.
H %% 8 FIFE i, TSDA 7F V-1 {155 L L T

X R B 7EX 2 ME S5 E Y14 Kappa R EGA )
68.9% , [t P %F 5 % CORAL 4271 2. 2% , %M
TSDA Byt k.

R 8 13 /557 ImageNet-VOC2007 #1#E 4 Kappa R
Table 8 Kappa index of 13 methods on ImageNet-VOC2007 dataset

%
f£4 1-NN SVM TCA GFK JDA SA ARTL CORAL DICD JGSA MEDA DICE TSDA
I-V 54.6 58.5 50.9 50.3 50.5 60.1 54.9 60.3 54.3 55.4 55.1 55.0 56.4
V=l 66.6 75.2 63.7 63.3 60.7 70.2 73.1 73.0 68.7 65.2 70.5 69.5 81.4
FHHE 60.6 66.9 57.3 56.8 55.6 65.2 64.0 66.7 61.5 62.4 62.8 62.3 68.9
3.5 BHMESWN FLIE I 70 28 d o > B B PEBR IR AN . X5 T 1

AT B e B R IR R AR RN [ 8 N A3 AR
STPIABY B B A B | R 5 30 A A R 45 R BB 245
F AR SO B B Rk

R F 52 A 4 A MBI an R . BB 3 A
B P REHLERE 4 M55 (M Office-Caltech10 %X
JEEERY SURF $F1E  DeCAF, 4FAF  MNIST-USPS %4
FEF ImageNet-VOC2007 % #ig 4 I 4% ¥ ¥ — 1T
%) RIGTEIR B 25 [ Fl « vhiz 4T TSDA. % 9 45 i
BTS00 70 K vE R SRR MR RE B T AOR (1,
REPE RESE TR (2 AR X R T 1 7E C—A {155 -
PEREHR TN (61.0-50.7)/50. 7x100% ~20.3% ).
HERATA A 55 TEARGER G AR M 5 | S REARAR
PERESR T, R4S AR AR BIA SOy ik A R k.

x9 FBRZTEM z PHEEHR
Table 9  Classification accuracy in original space and Z space
%
% kil e PR
C—A 50.7 61.0 20.3
A—D(DeCAFy) 88.5 96.2 8.7
U—M 69.0 74.1 7.4
V—lI 82.3 85.3 3.6

& 4 LSS M R B A AU FE R e
10 45 AR 55 B9 70 2 MERf R FITERESR THRCR. th
RATE W AR S e geid A G 26~ ) 1

EPAHERESE T TE UM AL 55 B4 A =
BH] 59.0% . LRGSR EN] A& N> Hed e T A
k.

F10 REDSHXBEBRENS LIRS LERE
Table 10  Classification accuracy of nearest neighbor classifier
and adaptive classifier

%

5% I Kd AEN RS PERERTE
C—A 50.4 61.0 21.0
A—D(DeCAF6)  86.0 96.2 11.9
U—M 46.6 74.1 59.0
VoI 77.6 85.3 9.9

REARZE TS S5 A4 015 B8 B 1A 5 4
WEANR . AR B3k 4 AMESF Bis i F R AE . A%
188/ ME p I RAEA IR B FIA T 8 e/ ME R R FEAR
PR, SRS RN 11 fros. i3 Al & ) TSDA 78
4 MESF B RYF 2 03 JE R R R, RIIREAHR A
IESCHE 2 R 531 £ 5O B A b
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Table 11 Classification accuracy without consideration of sample

labels or data structure

%
AFIE/ME p AN E EERIME
5 Cwlstekis e ™0
C—A 60.8 55.3 61.0
(Dﬁa% ) 90.4 91.7 96.2
6
U—M 63.2 75.0 74.1
Vol 83.2 85.8 85.3
FIME 74.4 77.0 79.2
—C—»A —U»M — VI
—A—»D(DeCAF,)
— CoAmAL LRI
— U»MEAX LRI
— VUt L 3
— A—»D(DeCAF,)J ffi ti H. 7 51
90

60

10 20 30 40 50 60 70 80 90 100
k

(a)k

—C—»A — U>»M — VI
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— Co AT R
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— VIRt R I
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100
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Fig.2 Sensitivity analysis of k,8,& and A
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Fig.3 Convergence analysis of TSDA
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