i S BT AR 1)

iz
2018.5.24



Q >

‘ L AR BRI
‘ (AW =3i IR

e




@ -

‘ L AR BRI
‘ (AW =3i IR

e




AL NZRAT A — & =, fi
THEHT AR — R =

gt X BRS8NI
ENEL D

A}







A 4 RS2 3] 7

<& ) e«

= PiC K R 9 5
=R EAREERPAPI /TR S

Bz

E=SEE

Visual Genome ElEEEE

VisualTw BEEEE =

COCO EEEEg v

SUFR EEEEE

ILSVRC 2014 IE5EE ( ImageNeth—3Fa )
PASCAL Visual = Object Classes 2012 EliEEiE =
PASCAL Visual = Object Classes 2011 E&EEE =

PASCAL Visual = Object Classes 2010 El&EiE =

80 Million Tiny @ Image ESEIE o [EEEZXMUENE] o

ImageNet [EHEAANENE] o

miroEEE

COIL-20 Efg2EE o
COIL-100 EsEEE o
Caltech-101 EEEE
Caltech-256 BE{EEGE =
CIFAR-10 Ei&EGE =
CIFAR-100 EEEEE
STL-10 BeEnE o

BNESHE

RCV1 = E=iF v FFEEGE

20news EEHTEIEEE o

First Quora = Release Question Pairs [EE£EE =

JRC Names = EEE=EF5=kER o

Multi-Domain = Sentiment V2.0 =

LETOR EE=FEE

Yale Youtube == Vedio Text » EMEEAEEHE = [KagglefiE] «
EEESEEEE = [KagglefdE] =

NIPSEN I EEEEEE ( 1987-2016 ) [Kaggle(iE] «



AT RTEB %] ?

<2 A
= bRid K= R PR 3R
~ fAEWZ EH AR RS

7 P — B A TR S 5

w TR, RS R

> RIRHREA ? 7 7
Au[4T! ! !

A BFIEEE]. RirERER




FA AT ?

<2 A ;.
= bRid K= R PR 3R
~ fAEWZ EH AR RS

7 AR a0 A [F) US4 2 T8 73

FHEZA] . REFZEEPER? 7 7

E#2%>] (Transfer Learning )



BT 7

o ZANF B A) A
= IERAT AT (FR)
= e RE? (55)
« fTHFIERE? (155
< VUFPSRRE (FH):
= FF KT S
« BT AT
« ETFZHHITR ]
= HTFLEANITR S




“TBFAEFEFI () F!”

“TEBF R AE T

—,  “S—
.

R l52%)

M

—AEEF L 7

e —

success.”
N Andrew Ng,
Y NIBS2016 tutorial

‘

~ iz
1R



Q >

Q-
‘ ARSI

e




2R B IRE B ?

TR ) H5igi@E N, (Domain Adaptation)

(DA) is a particular case of transfer learning (TL) that leverages labeled data in one or more related source
domains, to learn a classifier for unseen or unlabeled data in a zarger domain. In general it is assumed that
the task is the same, i.e. class labels are shared between domains. The source domains are assumed to be

Csurka G. Domain adaptation for visual applications: A comprehensive survey[J]. arXiv preprint arXiv:1702.05374, 2017.

< SHIEIE N (Heterogeneous Domain Adaptation)
X #= X, BTHIIEGE R, ( Domain Adaptation ) i) il
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[1] Csurka G. Domain adaptation for visual applications: A comprehensive survey[J]. arXiv preprint arXiv:1702.05374, 2017.
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Figure 1. lllustration of symmetric (a) and asymmetric (b) feature transformation [1]

[1] Day O, Khoshgoftaar T M. A survey on heterogeneous transfer learning[J]. Journal of Big Data, 2017, 4(1): 29.
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<»* Max-Margin Domain Transforms [,
< Type: asymmetric transformation.

“+ Objective function: )

. 1
min - 116113

W.,0.b
6] > 1 :

AT
st. Yy ([:1:11]

[1] J. Hoffman, E. Rodner, J. Donahue, K. Saenko, and T. Darrell. Efficient learning of domain-invariant image representations. In ICLR, 2013.



+ Heterogeneous Feature Augmentation 1,

< Type: symmetric transformation. Q Q
“* Feature augmentation: . ;;

x* xt Px* Qx* \@/
Ps(x%) = [ x°|, @ (x") = Ogq| s(x®) = x% |, pe(xt) = 04,
Od xt Odt xt

<» Objective function:
. . 1 2 — s - t
win min o |wl +C(;£i+;&),
sty (Wes(x)) +b) 21§, & = 0;
yi(Wei(x;) +b) > 1= &, & > 0;
P17 < A, 1QIF < Ags

[1] L. Duan, D. Xu, and I. W. Tsang. Learning with augmented features for heterogeneous domain adaptation. In ICML, pages 711-718, New York, NY, USA, 2012. ACM.



“* Semi-supervised Heterogeneous Feature

Augmentation 1,
< Type: symmetric transformation.

< Objective function: = i
. 1 2, 42
min > (Wi +8%) =
s gl el
S eny @ )+ S e
Z i=1 I i=1 | 2 i=1 |

st. (W) +b) > p — &,
yi(w' o) +b) > p — £
v W (x) +b) > p — &,
1y, =38, [Pl < Ap, [QIF < Aq.

[1] Li W, Duan L, Dong X, Tsang IW. Learning with augmented features for supervised and semi-supervised heterogeneous domain adaptation. IEEE Trans Pattern Anal
Mach Intell. 2014;36(6):1134-48.




<» Generalized Joint Distribution Adaptation!il.

< Type: symmetric transformation. Q Q
» Objective function: : ;

Ts Tr

E©)
AI;HJE Emar AS& AT + Z Ond(ASs AT

+ 2 (JlAs]? +||AT||)
st. XHX' =1,
— [AST»XSaA;XT] H - !’”Sﬂ'ﬂT _ n lﬂs+ﬂT

ns+nrt

[1] Y. T. Hsieh, S. Y. Tao, Y. H. H. Tsai, Y. R. Yeh, and Y. C. F. Wang. Recognizing heterogeneous cross-domain data via generalized joint distribution adaptation. In ICME,
pages 1-6, July 2016.



<+ Objective function'

min B, (As, A7) + Z EY) (

As.Ap cond AS’ AT)

+ 2 (lAs]® + A7)

1 ns 1

éEma,fr AS, AT = —_ ATXZ T

Fnar (s Ar) = 13- AT
.-...(...) ...................................... ;;g ................................
Econd(ASS AT) — ”_S ZA;—XEC _ ZA;X%’:’ ||2

Applying the Maximum Mean
Discrepancy (MMD) [1] to
measure the distance between
marginal distributions.

Applying the modified MMD to

| measure the distance between

conditional distributions.

[1] A. Gretton, K. Borgwardt, M. Rasch, B. Schélkopf, and A. Smola. A kernel method for the two-sample-problem, December 2006.




<+ Algorithm:

Algorithm 1 Generalized Joint Distribution Adaptation

Input: Source-domain data Ds = {x%,y%}.5,, labeled target-
domain data Dy, = {x%,y}}"L,, unlabeled target-domain data
{x};}7Y,, dimension d, and parameter A
Initialize A s, A7 in (7) using Ds and Dr,

: while not converge do
Learn linear SVMs using projected labeled cross-domain data

l:
2
3
4:  |Update pseudo labels {9, } -7,
5
6

Calculate {M; };—o and solve (7) for updating A s, Ar
: end while |
Output: Ag, Ar,and {7 }Y,




» Label and Structure-consistent Unilateral Projection 1.

< Type: asymmeltric projection.

< Objective function: ®_. " 4.®

< 1 e T i,c 1 a 1,C 2
min (=Y AT~ x| +AJA]
e=11 % i=1 L =1
s T
+ ZZw” ||AT ‘ —AT:{]H
1 =1
{ exp (— %% — :«:-ﬁ”2 /0'2) if {x¢,x?} € X§
wi; =
0 otherwise

[1] Tsai, Y.H.H., Yeh, Y.R., Wang, Y.C.F.: Heterogeneous domain adaptation with label and structure consistency. In: ICASSP. (2016) 2842—-2846.
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