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Require: {x'*}, {x;T)}, D, and A.
Set all w; to 1.
repeat
Calculate weighted covariance matrix of {x§S>} and
{x§T>} based on the fixed {w;}.
Obtain D eigenvectors vq(d = 1, ..., D) corresponding
to D largest eigenvalues of the above covariance matrix.
Set P = {vu, ...7vD}T.
Calculate {w;} based on the fixed P (Eq. (5)-(8) and
(10))
until convergence
return P and {w;}
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Method Bike Head Rider
w/o domain adaptation | 7.45% | 13.82% | 19.68%
GFK 6.85% 15.00% 19.57%
Subspace alignment 7.54% | 13.73% | 19.67%
Proposed method 5.71% | 13.68% | 18.27%
300
Il GFK -
250 ] Subspace alignment
& Il Proposed method
,|§< 200 -
e J—
X 150
ha
=100
V
X 50
"’
0 — — =
Bike Head Rider

4: RAA VISR ORITTE

OTHhHDH, Floy WTHNOFIEIZBWTY, Bike ¥ A7 Ltk
L C Head # A7 =R Rider # A7 TliZ KA A #Ia DN R
DESNAR MEM AR TE 5, iU, FE T —% L
T— 5 OFHEOENOBMESICRINT D EEx N5, K3 %
TR RN Aﬂﬁ@WM%@kBmmwﬁﬁ%@@éwﬁirﬁ
%7@%FT%D AHLEOMAE TR LN SR L
WD DITH L, B%M@M@fmi@mﬁuﬁmﬁmfﬁé_
}:75>/\7Jv260 S ZITEISEVETH D720, T AT DA
FEIC X BIEVNLT 7 4 VT TE 5 & 9 e el Bl Ze
HEWTHD, —FH, EFTCANRIINABNRRI R TH LD, B
AT DREDE N L > TE I N— a 7 EOBMERTLN
BATH, XY, Head # A7 X° Rider ¥ A7 CldiEt)
e RAA HEIGHEELL 720, Bike # 27 L W#ET 5 L A
KINZEDMEMEL Fen T B2 DN D,

+=a
4. =F]

ARTHE, U INVERMNT ERFEEREFH L KA A
VIS TIEERE L, AFETE, EAST LY —RAT—
REB—Ty NT—HORIFBRL AT H LI, o7
A L FHEE A RIREC RO 5, BAZE)— _rroﬁéftﬁlmﬁ
EEATDHZ LIZL-T, iEIND Y — AT —H DI
YU TN ETEHETHRD, WSROI FEEICRBN TS
SOHFETFT—HTHEEETHIENTE D, REOMBEENL
VAT ATHRLNTT — X TEREITV, MEFEICELS T,
BEFTIE L 0 RN KA A VIS EATH 2 LA TE, Bk
B OHHFE ORER N ET 52 & &R Lz, 4%, RBM
<> auto-encoder 7¢ £ OYERE O B IERE Ao RS 2 % -
Bt ORETFIEOFN e 82175,

e PN

[Fernando 13] Fernando, B., Habrard, A., Sebban, M., and
Tuytelaars, T.: Unsupervised Visual Domain Adaptation
Using Subspace Alignment, in IEEE International Con-
ference on Computer Vision, pp. 2960-2967 (2013)

[Gong 12] Gong, B., Shi, Y., Sha, F., and Grauman, K.:
Geodesic Flow Kernel for Unsupervised Domain Adapta-
tion, in IEEE Conference on Computer Vision and Pat-
tern Recognition, pp. 2066-2073 (2012)

[Hinton 02] Hinton, G.: Training products of experts by
minimizing contrastive divergence, Neural Computation,
Vol. 14, No. 8, pp. 1771-1800 (2002)

[Huang 06] Huang, J., Gretton, A., Borgwardt, K. M.,
Scholkopf, B., and Smola, A. J.: Correcting Sample Se-
lection Bias by Unlabeled Data, in Advances in Neural
Information Processing Systems, pp. 601-608 (2006)

[Hull 94] Hull, J. J.: A Database for Handwritten Text
Recognition Research, IEEE Trans. on Pattern Analy-
sis and Machine Intelligence, Vol. 16, No. 5, pp. 550-554
(1994)

[Kanamori 09] Kanamori, T., Hido, S., and Sugiyama, M.:
A Least-squares Approach to Direct Importance Estima-
tion, the Journal of Machine Learning Research, Vol. 10,
pp. 1391-1445 (2009)

[LeCun 98] LeCun, Y., Bottou, L., Y., and
Haffner, P.: Gradient-based Learning Applied to Doc-
ument Recognition, Proceedings of the IEEE, Vol. 86,

No. 11, pp. 2278-2324 (1998)

Bengio,

[Saenko 10] Saenko, K., Kulis, B., Flitz, M., and Dar-
rell, T.: Adapting Visual Category Models to New Do-
mains, in European Conference on Computer Vision, pp.
213-226 (2010)

[Sato 13] Sato, A. and Ishii, M.: Inverse of Lorentzian
Mixture for Simultaneous Training of Prototypes and
Weights., in International Conference on Pattern Recog-

nition Applications and Methods, pp. 151-158 (2013)

[Shimodaira 00] Shimodaira, H.:
ference under Covariate Shift by Weighting the Log-

Improving Predictive In-

likelihood Function, Journal of Statistical Planning and
Inference, Vol. 90, No. 2, pp. 227-244 (2000)

[Vincent 10] Vincent, P., Larochelle, H., Lajoie, I., Ben-
gio, Y., and Manzagol, P.-A.: Stacked denoising autoen-
coders: Learning useful representations in a deep network
with a local denoising criterion, ACM Journal of Machine

Learning Research, Vol. 11, pp. 3371-3408 (2010)



