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General route of machine learning app.

Alg. Para.
Problem | | Model —2> | Train | —— | Test

” A A

Data

70% (50%train+20%cv)

| 30% (testing)

!
2018/9/29 Condition: Independent Identical distribution (i.i.d.)!! 5
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Scenarios of Non. i.i.d.

Data of Heterogeneity Text Text
(language, blur, etc.)

Data of Heterogeneity | JJ Text
(Media) Mage

Data of Heterogeneity :
(background, viewpoint, pose Image — Image
, modality, etc.)
2018/9/29 3
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Weak Learning (555 >)

The concept of “weak learning” originates from the era of Boosting and
AdaBoost (30 years ago).

NG "’f /g k ? Learning Intelligence & Vision Essential (LiVE) Group _8'

Amazingly, the past “weak learning” is equivalent to “strong learning”. There is a
sentence:
“A problem can be weak-learned if and only if it can be strong-learned.”

Currently, the weak learning is really a weak problem instead of strong
problem.

1. Weakly-supervised learning (i & 6)-AN584, ANATT. ANHERH (label)
2. Transfer learning (#7752)-14 2 734t . 2856417041 (data vs. label)
3. Domain adaptation (Kate Saenko)-%&1i7 3t = (data)

WEEEERER. BHEEREHIE, REX (AndrewNg) “SEBEIGSRHKBBESZ BT —/MHIR%EY
2018/9/29 BNV ERIHHIEESh /1”7 , NIPS'16. 4
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Problem Proposal: Transfer learning is everywhere!

£
rJ q Modeling

Classifier?
i Feature?

5 N

Target data

Transfer data

Source data Conventional Transfer learning Problem!

2018/9/29 5
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Problem Proposal: Transfer learning is everywhere!

£
ral q Modeling
2 >

L B + ‘ Classifier?

3 Feature?
Big Source data Transfer data

Target data

Big Data Conditioned Transfer learning Problem!
2018/9/29 6
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Transfer learning

OWhat is transfer learning? 7

OWhy transfer? -human like learnting

CIHow to transfer

2018/9/29 7
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What is transfer learning?

Model parameters (classifier, neural
network, transformation etc. )

Knowledge

P(A) + P(B)
Related but different domain

2018/9/29 8




2
"’f /g k ? Learning Intelligence & Vision Essential (LiVE) Group

CHONGQING UNIVERSITY

Why transfer learning (domain adaptation)?

O The data (feature) probability distribution generated from Task A and Task B is different, such that
the learning parameters in raw data space are not “generalized” (e.g. computer vision).
O The implied basic assumption of machine learning is that the training and testing data should hold

R

similar distribution, i.e., independent identical distribution (i.i.d), which is violated.

_______________

P(A) # P(B)

2018/9/29
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How transfer learning? Categorization: TL/DA

Instance
eighting

2007 »2018

2018/9/29 10
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Adversarial
transfer

Feature- Deep

models

Transfer
learning/
Domain
adaptation

Classifier
-level

Instance-
level

2018/9/29 From 2007 to 2018 11
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=
( Adversarial )
transfer
Feature- Deep
level Transfer models
/ learning/
Domain §
N adaptation
Classifier
-level

Re-weighting

2018/9/29 ' - From 2007 to 2018
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How to transfer learning (domain adaptation)?
O [Instance Level] Learn instance weights, such that Task A an Task B have less data disparity
(Jiang and Zhai, ACL 2007; Huang et al. NIPS 2007).
Generally, a learning model minimizes expected risk:
R[Pr,8,l(z,y,0)] = Eq ypr [[(2.y.0)]

But the training data only comes from a subset, so the average
empirical risk is minimized:

Task A (source) Task B (target)

L I
\'/ . . ) E‘Hl [Z 6 l E y 9 l EL Jl
Instance re-welghtlng P Z
Iearning Rreg[Zﬂal(Ivy:Q)] = emp[Z:H:l(I:y;Q)] + )\Q[Q]

% Actually, we focus on the performance of testing data
: Knowledge transfer | R[Pr’,0,l(z,y;,0)] = B yiury [l y,0)] = B yj<br %/(1 Y. H)J
=0(x,y)

RicslZ.3,1(2,1.,0)] Zﬁz i, i, 0) 4+ AQ[0]
2018/9/29 13
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Adversarial
transfer

Transfer
learning/
Domain
adaptation
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N

Instance-
level

From 2007 to 2018

2018/9/29
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Deep
models

|

Delta function
Zero padding
Low-rank constraint

14
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How to transfer learning (domain adaptation)?
O [Classifier Level] Learn a common classifier on Task A, by leveraging a few labeled/unlabeled
target samples from Task B. (Yang et al. ACM MM’07; Duan et al. CVPR’12, TPAMI’12; Wang et al. ACM MM’18)

Assumption: There exists a delta function between the auxiliary
classifier (source) f, and the new classifier (target) f.

na

=Y ) 3 )

DIST,(DA, D) =

na= N
— f4 — f@ T, P M
f(x) = (%) + Af(x) = ["(x) + W o(x) 700 =3 A0 + 3 ) on(3) 4 b
p= m=1
‘ N MMD, MKL A0
min % Iwil* +C> & Standard SVM _
w = AMKL: l
st & >0, yw! ¢(xi) > 1 =&, Y(xi,y:) € D} win G(d) = O (d) + 07(d),
N s
] 1 wher
min 3 [WIF+C3 6 ASVM here
i=1 M n
st. & >0 J(d) = wiﬁ%};@% (MZI [ Wi | +A||ﬁ|2> +C;§i,

yif (%) + yw d(xi) > 1= & st pfTx) > 1= 6.6 >0,

Jun Yang, Rong Yan, A.G. Hauptmann, Cross-Domain Video Concept Detection using Adaptive SVMs, ACM MM, 2007.
2018/9/29 L. Duan, et al. Visual Event Recognition in Videos by Learning from Web Data, IEEE TPAMI, 2012. 15
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How to transfer learning (domain adaptation)?
O [Classifier Level] Learn a common classifier on Task A, by leveraging a few labeled/unlabeled
target samples from Task B.

Representative work (zero padding feature augmentation, low-rank solution and delta function):

@® Daumélll, et al. ACL’07(Frustrating Easy Adaptation, EA) ®) Li, et al. TPAMI’18 (LRE-SVMs)
@ Li, etal. TPAMI’14 (HFA) @ Zhang, et al. IEEE Sens.’17 (MFKS)

d*(z) = (z,2.0), &' (z)={(x.0,z) RyeglW, 1(Xs, X7, W)] = zRemp[Wi'l(XSrXTfWi)]

D*(z) = (@(z), ®(x), 0) ﬁnenze Hllwy, wa, -+, wp]l.

t —
¢(z) = ((2),0. 9(z)) ® Joachmis, ICML’1999 (T-SVM)
(® Yang, et al. ACM MM’07 (ASVM)

Examples in Re-ID (WeiShi Zheng and Jianhuang Lai): (7 Duan, et al. TPAMI’12 (AMKL)
View-specific transform for Re-ID (IICAI’15, TPAMI’18) Duan, et al. TPAMI’13 (DTSVM, DTMKL)

Deep zero padding

F(x) = £ (x) + Af(x) = f*(x) + W' d(x)
2018/9/29 16
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Adversarial
transfer

Manifold alignment

Subspace unification }
Subspace reconstruction

Deep
Transfer models
learning/
Domain

adaptation

Classifier
-level

Instance-
level

2018/9/29 From 2007 to 2018
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How to transfer learning (domain adaptation)?
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O [Feature Level] Learn a common subspace on both Task A and Task B with domain
discrepancy minimization. (Pan et al. TKDE’10; TNNLS’11; Hoffman et al. IJCV’14; Kan et al. IJCV’14)

General paradigm:
Ryeg (W, (X5, X7, W)] = Remyp (W, [(Xs, X7, W) ]+Q[W]

—Marginal distribution consistency

P(p(Xs)) ~ P(p(X1)) .@i%e

Conditignal distribution.consistency
P((Xs)lys) ~ P(¢(Xr)lyr),i=1,,C

2018/9/29
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How to transfer learning (domain adaptation)?
O [Feature Level] Learn an aligned subspace on both Task A and Task B with alignment.
(Gopalan et al. ICCV’11, SGF; Gong, et al. CVPR’12, GFK; Fernando, et al. ICCV’13, SA)

®(0)T

© = (D(:t)T X H® w (2 Z.Im)

o) z° =16

(© 0 X
© || %ty

construct kernels along the geodesic path

find some intermediate representation along the F(M)=||XsM — Xr||

geodesic path

M* = argmina (F(M))

SA

2018/9/29 learn the linear mapping M that makes the subspace closer 19
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How to transfer learning (domain adaptation)?
O [Feature Level] Learn a common subspace on both Task A and Task B with domain
reconstruction and representation. (Jhuo, et al. CVPR’12, RDALR; Shao, et al. IJICV’14,

LTSL; Zhang et al. TIP’16, LSDT; Xu et al. TIP’16, DTSL)
J/n}r}z F(W) +R(Z) + Q(E)

st f(Xp) = fF(X$)Z + E

Source domain X Target domain X Source domain X Target domain X Source domain Xg
S g T s

y {1 e P & ______ F(.) is subspace learning fun.
Subspace learning (¢.g. PCA, LDA, etc.) ‘ ,' f() iS tranSformation fun_
S S5 U § S
! ’
1 7/
A trirti b bs LR ’ For better basis:
wx,  EIEEE wx, | ) Domain adaptive dictionary
____________________ | . ,
T PCA or LDA subspace 7 Sharedspace (Rgma Chellappa. CVPR’13, SDDL)
() RDALR ) LTSL (© LSDT

LRR: strength(better locality of data, block-wise structure, neighbor to neighbor reconstruction )
2018/9/29 weakness(strong assumption of independent subspaces and sufficient data, easy to get trivial solution) 20
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Adversarial
transfer

Fine-tune
Feature- { MMD-regularized
Domain confusion
Transfer
learning/
Domain “ 3
adaptation

Classifier
-level

Instance-
level

2018/9/29 From 2007 to 2018 91
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How to transfer learning (domain adaptation)?
0 [Deep models] Learn general feature representation with CNN models

/ Deep transfer \

. Domain discrepancy Domain
Fine-tune - e — .
minimization confusion
Data-driven Model-driven Model-driven
l Pre-train l l
ImageNet L = LCls(XS: Y) + Rymp (S, T) L= L (XSr Y) + Lconf(Sr T)

Objective: Small-sample learning problem in big data (X ZdE 1 1]/ A 2 2] [a] 1)

2018/9/29 22
T _—
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Deep learning belongs to Transfer learning

O [Deep models] Learn general feature representation with fine-tuning (AlexNet, NIPS’12)
Example: General deep learning (self-contained multi-source data)

e . - A, > - — e : o
T RN T\ o B e o R e o —
o —> - -.— - .—= ' —

= e )

2018/9/29 23
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Deep learning belongs to Transfer learning

NIPS’12)

tuning (AlexNet,

0 [Deep models] Learn general feature representation with fine

3 fully-connected
layers

4096 4096

5 Convolutional layers
/\

Xaeep(fy)

Xdeep(fs)

Classifiers

Max pooling

Max pooling

| AL AV VWV
-"'-"ﬂ-’-"-'-'-—‘"
V ANT1HNL AN NN RRRRRRRL
| AMWY AL VT

~
=1 Sz
2 B T
25 EQS o
oz o
z= Nm..vm_m
WC 8 S s
£ S =328

24
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Deep learning vs. Transfer learning

O Deep transfer learning (learning general feature representation)

- . : e N ) A y ,.4
T T e &
o R IR T

R e

Stransfer

s “ i
o 4
| - 9l
i ' ]

New fields with limited
training data (i.e. medical,

" o \r ""\i_c" ("n

.‘,: satellite, agriculture,
P smart grid)
ImageNet: Large-scale Visual Recognition Challenge
26
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Deep learning vs.Transfer learning

ImageNet | Prerain ' yGGNet (Oxford
RESEARCH ARTICLES Liauiion Univ)

Human-eye view TFine-tune

ECONOMICS

Satellite Images

Combining satellite imagery and (330,000 images)
machine learning to predict poverty

Neal Jean,"** Marshall Burke,”***{ Michael Xie,' W. Matthew Davis,*
David B. Lobell,** Stefano Ermon'

Bird-eye view

2018/9/29 Satellite Images for Poverty Prediction in Africa (51X, IEREBIIZ) 27
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How to transfer learning (domain adaptation)?
0 [Deep models] Learn general feature representation with domain discrepancy

minimization in supervised manner (Tzeng, arXiv’14; Long et al. ICML’15, NIPS’16; Yan, et al.
CVPR’17; Rozantsev et al. CVPR’18)

Domain Adaptation
6 —\ || j learn O learn O learn O learn ‘ é .%
. . . ; (&)
ol [0 [0 9] [o] 9] 4516116 ] el
ource
O frozen O frozen O frozen O fine- O fine- O ouree fmages Il p:);?;s I} plaar‘g?l:s I p;;ari?;s [ ]
tune tune output —
O + [ ] » [ ] » L ] » L ] 9‘ L ] MK- MEK- MK- — £
® ] L] L] L] IM IM. e = = e £
O b e . e . ;(rrrlifn; Parameter ‘% D % D ‘% |:| g
O O O O O O O o o l"‘ transfer _‘-3” '?7: § — a
. . . - & £ £ |
O . O O O O O _ : + : + = l’ ‘.l p:;ﬁ:s pl:r;?;s p:?':uell;s
U input convl conv? conv3 convd convs O feb O fe7 O fe8 s Target
- - — - - . images —
One-stream (shared, Long ICML’15) W‘ g

ixe class 1sc Two-stream (not shared, CVPR’18)
2018/9/29 -
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How to transfer learning (domain adaptation)?
O [Deep models] Learn general feature representation with domain confusion maximization in

supervised manner (Ajakan et al. NIPS 14, DANN; Tzeng et al. ICCV’15, DDC; Murez et al. CVPR’18)

convi

shared

convi

convs fcé

3 3

ol ©

% %
convb fcé

2018/9/29

fe7
source data

,+1 domain
8% _ confusion
s loss
g
@

. | domain

"\ classifier

loss
fe7 |/
labeled target data

softmax
8 |l—>»

L(rs.ys.r1, YT, QD;Hrepr: Oc) =

shared

Lo(rs,ys, 2T, yri Orepr. Oc)
+ )\ﬁconf(JJSa xrT, QD; Qrepr)
f + Vﬁsoﬂ(x’fa yr, Qrepra 9(‘)
8

Goal: learning domain-invariant representation

29
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Feature- h Deep
level Transfer models
/ learning/
\ Domain §

adaptation
Classifier
-level

Instance-
level

2018/9/29 From 2007 to 2018 30
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How to transfer learning (domain adaptation)?

O [Adversarial transfer] Learn feature generation model with domain confusion (Ganin et al.
JMLR’16; Tzeng et al. CVPR’17, ADDA; Chen et al. CVPR’18, RAAN; Saito et al. CVPR’18, MCD; Pinheiro, CVPR’18)

{2 - <>
g:: Eclass label y
of o[>l 21217
—)\9La
a+@

Y
feature extractor Gf(-;0y)

Q n
B0,

forwardprop  backprop (and produced derivatives)

Ganin et al. IMLR’16, Gradient Reversal (GradRev)

2018/9/29 31
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How to transfer learning (domain adaptation)?

O [Adversarial transfer] Learn feature generation model with domain confusion (Ganin et al.
JMLR’16; Tzeng et al. CVPR’17, ADDA; Chen et al. CVPR’18, RAAN; Saito et al. CVPR’18, MCD; Pinheiro, CVPR’18 , Cao
etal., ECCV’18)

Adversarial Adaptation 1 -
~ - a B8 Class Predictions
source images ) w\) . — _ Discrepancy Loss
. E Source K Cross Engl'Et;py Loss Target sample ‘Pl ‘E Pl(y|xt)\
W, - i
.- .
- § domain Xt _d(Pl(ﬂXt)spz(}"Xt))
. = label M -
target images E X H—) R s - )/'
E Domain Discriminator Loss FQ E pg(y\xt
Target [a) — =
CNN I I
\ y “ Fix Update !
ADDA RAAN MCD
Adversarial Discriminative Domain Adaptation ~ Re-weighted Adversarial Adaptation Network Maximize Classifier Discrepancy

Note: TL/DA in pose, identity face/person synthesis in Face Recognition/Re-ID are not included here
2018/9/29 32
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Maximum Mean Discrepancy (MMD)

Gretton et al. NIPS’06, NIPS’09, JMLR’12 from MPI, Germany proposed MMD. A non-
parametric statistic for testing whether two distributions are different.

By using smooth functions “Rich” and “Restrictive”.
1. MMD vanishes if and only if p=q.
2. MMD empirical estimation can easily converge to its expectation.

In MMD, the unit balls in universal reproducing kernel Hilbert space are used as smooth

functions.
Gaussian and Laplacian kernels are proved to be universal.

http://www.gatsby.ucl.ac.uk/~gretton/mmd/mmd.htm
2018/9/29 33
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Maximum Mean Discrepancy (MMD)

Definition 2 Let F be a class of functions [ : X — R and let p,q, X, Y be defined as above. Then
we defipe the maximum mean discrepancy (MMD) and its empirical estimate as

MNMD [F. p,q] == sup (Exnplf(@)] = By f(0)]) . (1)
Arbitary Function Space: = , m , "
MMD [F, X, Y] = s (— ; fla) =~ ; f(ya) : 2)

Theorem 3 Let & be a unit ball in a universal RKHS H, defined on the compact metric space X,
with associated kernel k(-,-). Then MMD [F, p, q| = 0 if and only if p = q.

Using p[X] := = 3", é(x;) and k(z, 2’) = (#(x), #(2’)), an empirical estimate of MMD is

1

RKHS: m m.n n 2
1 2 1
MMD[F. X, Y] = | — E 1'%(%',%') - E 1 k(i yy) + — E 1 k(@/i»?fﬂ)] :
ij= ij= ij=

http://www.gatsby.ucl.ac.uk/~gretton/mmd/mmd.htm
2018/9/29
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Maximum Mean Discrepancy (MMD)

Publications with MMD:
Classifier Feature-
-level level

Duan, et al. TPAMI’12 (AMKL,DTSVM) Zhang

et al. CVPR’17 (JGSA)
Wang et al. ACM MM’18 (MEDA)

Long, et al. ICCV’17 (JDA)
Ghifary et al. TPAMI’17(SCA)
Deng et al. TNNLS’18 (EMFS)

Other distribution measures other than MMD:

Deep
transfer

Tzeng, et al. Arxiv’14 (DDC)

Yan, et al. CVPR’17 (WDAN)

Wu, et al. CVPR’17 (CDNN)

Long, et al. ICML’15,17 (DAN, JAN)
Long, et al. NIPS’16 (RTN)

1. HSIC criterion (Gretton et al. ALT’05; Yan et al. TCYB’17, Wang et al. ICCV’17, CRTL)
Bregman divergence (Si et al. TKDE’10, TSL) W = arg min F(W) + ADy (P, || Py)

Vs
3. Manifold criterion (Zhang et al. TNNLS’18, MCTL): WeRmd
4,

Second-order statistic (Herath et al. CVPR'17, ILS; Sun et al. arXiv'17, CORAL) , _ 1s Wis.w, wis,w,)

2018/9/29
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Our Recent Works
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Table of Contents

Part I: Classifier-level Domain Adaptation

[1] L. Zhang and D. Zhang, IEEE Trans. Image Processing, 2016.
[2] L. Zhang and D. Zhang, IEEE Trans. Multimedia, 2016.

2018/9/29 37
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Cross-domain Classifier Model (EDA, TIP’16)

Common Classifier Learning: Semi-supervised Joint empirical risk for domain sharing.

Ryegl8,1(x,y,0)] = Remyp[0, L (x, v, 0)]+Q[6]
! ’ l Task A (source) Task B (target)
v i
Rreg [6,1(x,y,0)] = Remyp [0, ls(x,y,0)] + UR ey [6,1r(x,y,0)]+Q[6] Cross-domain i
classifier ““Borrow” auxiliary data

Graph manifold | ‘_1’ _______________
preservation i Knowledge transfer |

Label correction Classifier Level

2018/9/29 [1] L. Zhang and D. Zhang, IEEE Trans. Image Processing, 2016 38
T _—
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Cross-domain Classifier Model (EDA)

By formulating a least-square loss function and a

category transformation,

. Ng 2
mmI|g e "ff‘; '5# ‘Ef& p ||IB||2,1 + CE’ z;:l

;
55‘2

2 3
+C:2H5¢|ﬁ, Hzﬂ j© -1

+r z Ny

+ A tr(FTLF)

“'r':l"u|'8¢'x.l
Hfgﬁ:ts_ﬁr‘g, ‘iZI-;---.,ATS
5.1, Hirﬁ_(";)‘o@_g‘;,|£,@1 JZI,,NLJ‘{

k k
H‘Tuﬁ ¢'51 Tu é.‘:ru|.31¢p’ k= ]1"'1NTU
|[F =Hp

2018/9/29
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Mv-EDA (Multi-view extension)

minﬁlugp.a“gg JEh U,‘E%” zv—l ”‘80 ”'ﬂ 1

IO I

Nre 2
LLOINID WY AT
v 5
+7 ZD: an @y — I %
Ny
z Z _] ]‘Hﬂlﬁuad)_p H
'L.-’
A -tr (ZU:] a;FjLUFU) (22)
Hgauﬁuztg—%_o, i=1,...,Ng
5By = (tf) °®, — &} 1s, 0, J=1..... Ny
St ‘Tuuﬁv_qﬁp Tu g]‘uuhﬂn.é;s k=1,..., Ny,
u == Huﬁu
v
z a, =1, 0 <a, <1
n=|
[r > 1,y,4,7,C8,Cq =0
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Algorithm 3 Complete EDA

Input:

1: Training samples {X; o Tw} = {_xé- . is U} ,of the source domain § w.rt.
the v-th modality, v = 1, -

2: Labeled guide samples {Xj-.,_., Tg-.,,] = {xj-—,v, t;’;JU}M’ of the target domain T
w.rt. the vth modality, v = 1,-,V;

3: Unlabeled samples [Xq—ﬂv, T_f,—m,} = {xh o thw]ﬁ'?“ of the target domain T
w.rd. the v-th modality, v = 1, -,V

4: The trade-off parameters;

Output: f, and a, (v =1,-,V)

Procedure:

Stage 1. EDA Network Initialization.

5: Initialize the EDA network of L hidden neurons with randomly selected input
weights W and hidden bias B with 0-1 uniform distribution;

Stage 2, EDA Feature Mapping and Graph Construction.

6: Calculate the hidden layer output matrix Hg,, Hy,, Hyyp as Hg, =
H(W- Xy, +B), Hy, = H(W+ Xy, + B) and Hy,, = H(W Xy, + B),
respectively;

7: Compute H,, w.r.t. all the instances in target domain;

§: Compute the graph Laplacian matrix £,;

Stage 3. Learning algorithm.

9: if }<2 then

10: Call Algorithm 1.

11: else Call Algorithm 2.

12: end if
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TABLE 11 . -
MEAN AVERAGE PRECISION (%) OF THREE CASES WITH DIFFERENT NUMBER OF LABELED TARGET TRAINING DATA (m= 1,3, 5.7, 10)

# m Methods | SVM T | SVM ST FR MKL DTMKL | A-MKL | EDA %, | MvEDA | Improvement
SIFT 38.8+4.8 | 49.4+32 | 473x04 | 43.9+2.4 | 48.7x1.4 | 51.6=1.4 | 51.9+1.0 - 0.3%
I ST 273+3.8 | 23.9+1.2 | 28.8+2.1 | 35.1+1.9 | 33.4+1.0 | 37.6+1.7 | 38.7£1.6 - 1.1%
SIFT+ST | 36.9+7.3 | 33.9=1.8 | 43.9+3.4 | 453+2.1 | 48.8+1.6 | 52.2+1.0 - 56.0+1.4 3.8%
SIFT 42355 | 53.9£5.6 | 50.0£5.6 | 47.2£2.6 | 52.4+1.9 | 57.1£2.3 | 57.24£2.1 - 0.1%
3 ST 32.6£2.1 | 24.7£2.2 | 28.4=2.6 | 35.3£1.6 | 31.1=2.6 | 37.2£1.6 | 39.0+1.8 - 1.8%
SIFT+ST | 420449 | 36.2+34 | 44.1+3.6 | 46.9+2.5 | 53.8+2.9 | 58.2+1.9 - 60.3+1.8 2.1%
SIFT 46.844.1 5494+5.2 | 53.34£5.9 | 49.048.1 | 54.8+7.6 | 57.449.0 | 57.4+8.1 - 0%
> ST 35.443.6 | 25.1=2.1 | 29.6+2.2 | 37.7+2.3 | 33.3+3.1 | 41.6+7.0 | 43.1+6.4 - 1.5%
SIFT+ST | 48.4+3.4 | 39.2+2.4 | 48.844.3 | 44.2+6.0 | 58.1+8.4 | 57.7+9.0 - 62.4+7.9 4.7%
SIFT 66.5+2.7 | 71.843.9 | 71.9+3.8 | 62.1+2.2 | 71.6+4.5 | 72.6+4.4 | 72.8+3.5 - 0.2%
! ST 422432 | 24913 | 30407 | 46.3£2.0 | 37.4+1.6 | 41.0£2.6 | 49.8+4.6 - 3.5%
SIFT+ST | 63.842.5 | 54,0040 | 67.842.3 | 58.443.7 | 72.944.5 | 73.2+4.6 - 76.5+4.4 3.3%
SIFT 68.7£2.7 | 73.3£3.5 | 74.0£3.8 | 66.0£2.9 | 73.6£2.6 | 74.4£2.3 | T4.7+2.5 - 0.3%
10 ST 46.0+4.7 | 252434 | 30.5£3.0 | 45.6+4.0 | 39.243.9 | 42.0+8.2 | 48.0+£3.5 - 2.4%
SIFT+ST | 66.0+5.6 | 59.7+2.3 | 69.1+£2.5 | 58.5+4.0 | 76.5+2.2 | 74.9+2.1 - 77.3+2.9 2.4%
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Results For Object Recognition on 4DA Office Dataset

TABLE V
RECOGNITION ACCURACIES (%) FOR ALL METHODS ON THE 4DA EXTENDED Office DATASET WITH LOW-LEVEL SURF FEATURE

2
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Method SVYVM S | SWM T | LandMark SGF GFK HF A ARC-t Svymm MMDT EDAgy | Improvement
C—D 35.6+£0.7 | 55.8209 57.3 50.2+0.8 | 57.7+1.1 | 51.9+1.1 | 50.6=0.8 | 48.6=1.1 | 56.5+£0.9 | 59.0&1.2 1.3%
C—W 30.8+1.1 | 60.3£1.0 495 5424009 | 63.7H0.8 | 60.540.9 | 55910 | 50.5+1.6 | 63.8+1.1 | 67.3+0.8 3.5%
C—A 35.9£0.4 | 453209 56.7 42.0£0.5 | 44.7+0.8 | 45,5409 | 44,1=0.6 | 43.820.6 | 49.4+0.8 | 53.5+0.5 -
A—C 35,1203 | 32.0=0.8 45.5 375204 | 36.0£0.5 | 31106 | 37.0=04 | 39.120.5 | 36.4+£0.8 | 43.8£0.4 -
AW 33.9+40.7 | 6242009 46.1 542408 | 58.641.0 | 61.8+1.1 | 55.7+0.9 | 51.0+1.4 | 64.6+1.2 | 68.9£1.0 4.3%
A—D 35.0+0.8 | 55.9=0.8 47.1 46.9+1.1 | 50.7+0.8 | 52.7£0.9 | 502=0.7 | 479=14 | 56.7+1.3 | 57.6+1.0 0.9%
W 313204 | 304207 354 3294007 | 311206 | 294406 | 31.920.5 | 34.020.5 | 322408 | 38.6x0.5 3.2%
W—A | 357404 | 456207 40.2 43 4407 | 44,1404 | 45.9+0.7 | 434205 | 453.7£0.7 | 47.7£09 | 52.4+:0.9 4,7%
W—D | 66.6£0.7 | 55.1=0.8 75.2 78.6£0.4 | 70.5+0.7 | 51.7£1.0 | 71.3=0.8 | 69.8=1.0 | 67.0£1.1 | 73.8+=0.8 -
D—(C 31.4+0.3 | 31.7+0.6 - 329404 | 329405 | 31.04+0.5 | 33.5=04 | 34.9+04 | 34.1+0.8 | 38.0+0.4 3.1%
D—A 34.0+0.3 | 45.7=0.9 - 44.9+0.7 | 45.7+0.6 | 45,8109 | 42.5=0.5 | 42.70.5 | 46.9£1.0 | 50.4+0.8 3.5%
D—W T4.340.5 | 62.1=0.8 - TROE0.4 | 7505 | 62.1£0.7 | 783205 | 784209 | 74.1£0.8 | 84.1x0.6 5.5%

Average | 40.0£0.6 | 48.5=0.8 50.3 49.7£0.7 | 51.0£0.7 | 47408 | 49.5=0.6 | 48.7£0.9 | 52.5£1.0 | 57.3+0.8 4,8%
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Counterparts

Subspace Transfer Reconstruction Transfer

e SA, Fernando et al., ICCV’13; e LTSL, Shao et al., [[CV’'14;

* TCA Panetal, TNNLS'11; *  RDALR, Jhuo et al., CVPR'12;

* MMDT, Hoffman et al,, IJCV’'14; . DTSL, Fang et al., TIP'16;

e Kulisetal., CVPR'12;
 SGF Gopalan et al., ICCV'11;
* GFK, Gongetal., CVPR'12;
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Our Work

O CDSL: Cross-domain discriminative subspace learning (T-IM’17)

O LSDT: Latent sparse domain transfer learning (T-IP'16)

O DKTL: Discriminative kernel transfer learning (Info. Sci/17; [JCNN’16)
O CRTL: Class-specific Reconstruction transfer learning (ICCV’17)

OO0 MCTL: Manifold Criterion Guided transfer learning (T-NNLS’18)
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AX-.
CDSL Model o |
e S
O CDSL: Cross-domain discriminative subspace “’/’\W P
learning (T-IM’17) O W P
('l;?\s )‘ o Target d:;nl:;‘tl'l?. N.‘!“ : -

Class discrimination (Y3 25 (7] 4] 5 14:)
Energy preservation ( H ik & ds & Eﬁ%)
Domain mean discrepancy (3k[8] #7102 F 5 /)N)

Y, A

Tr(P'S3P) + 4o -Tr(PTX;rXTP)
max
POTe(PTSHP) + A M w4 0PI — o > PTxE

Classifier/Decision

gt -
center Y
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CDSL Model
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Tr(PTS3P) + 4o - Tr(PT X7 XTP)

max
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— -
P Tr(PTSfVP) + 4 Zfil wj H;\Lfs Zjil PTXg - ﬁ
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Results for Cross-system Application

TABLE III
COMPARISONS OF RECOGNITION ACCURACY ON Two TASKS (SETTING 1)

Cross-domain
task
Source domain —
target domain |
Source domain —
target domain 2

SVM | PCA | LDA | LPP NPE | NCA | MDS | LFDA | GFK | SGF SA 0sC DS GLSW | CDSL

S51.97 | 51.97 | 51.97 | 5395 | 53.62 | 41.28 | 51.15 61.84 33.88 | 55.10 [ 41.10 | 3438 | 45.00 40.46 71.88

60.59 | 60.59 | 56.77 | 57.81 | 54.69 | 33.85 | 5851 | 61.63 | 32.81 | 5749 | 31.12 | 3646 | 42.62 | 53.65 71.88

TABLE V

COMPARISONS OF RECOGNITION ACCURACY ON SETTING 2 (TASK 1: SOURCE DOMAIN — TARGET DOMAIN 1) WITH A DIFFERENT NUMBER OF
LABELED TARGET DATA PER CLASS

No. of labeled target data
per class (k) 1 3 5 7 9 Average

SVM 59.14 63.22 62.80 70.49 70.76 65.28

PCA 59.14 63.39 65.40 70.49 70.76 65.84

LDA 67.77 7136 74.22 75.09 76.17 72.92

LPP 65.46 69.83 7145 72.08 71.48 70.06

NPE 64.78 64.07 63.49 71.55 71.84 67.15

NCA 52.49 50.85 53.81 50.00 63.00 54.03

MDS 61.13 64.75 65.57 70.32 72.92 66.94

LFDA 62.13 67.12 71.63 76.86 74.91 70.53

GFK 33.39 34.07 35.81 37.63 38.45 35.87

SGF 66.61 66.95 67.13 70.14 72.74 68.71

SA 19.67 58.64 59.69 58.83 6191 5775

0SC 41.03 4525 45.85 43.29 45.13 44.11

DS 54.69 62.56 59.78 59.09 59.49 59.12

GLSW 52.99 51.69 69.90 60.42 59.75 58.05

2018/9/29 CDSL (M-1) 72.76 77.97 79.07 81.80 83.21 78.96 48
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LSDT (TIP’16)
Latent Sparse Domain Transfer (LSDT) Target domain X

Difference from:
RDALR, Jhuo et al., CVPR'12;
LTSL, Shao et al., [JCV’'14;

RDALR:
min rank (Z) +a ||E||,
W.Z.E -

NG ’{' /§ k ? Learning Intelligence & Vision Essential (LiVE) Group

st WXg=X7Z+E, WWI=1

Source domain X

LTSL:
gnin F (W, Xs) + Zarank (Z) + A2 [Ell2,5 O
st. WIXy = WIXGZ +E, WIU,W =1 :

: J Shared space

EERIBREF, FIXATZN Idea of LSDT

2018/9/29
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LSDT (TIP’16)

1£1i[1)1 N\ZIl, + 41 |IPX7 — P[XS,XT]Zn[%

2

+ 72 |[Xs, Xy 1 = PTP[Xs, X7

LSDT stPPT =1, 1 v Z=1) . Zygtii =0,
Vi=1,---,Nr

2
(«bTﬂcT _®"KZ HF

min |[|Z|; 4+ 41
7.9

NLSDT + T ((l _ <I>¢I>T‘J<I)T K (l _ <1><1>T:1<:))

st @TKke =1, 15, Z=1}
ZNerii =0 Yi=1,---, Nr. (14)
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LSDT (TIP’16)
Model Solution:

Ease Implementation
€ Solve Z: ADMM algorithm

Variable alterngting optimization Iteration

€ Solve ®: Eigenvalue decomposition algorithm

4

€ Converge (over)
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LSDT (TIP’16)
Pipeline of our LSDT

Latent space Domain transfer Training phase
o )
)

Sparse reconstruction Train ﬂ ol -
| | /i g

1 @m il
w1 AR i

——————————— I Recognition results
\

; Latent space I
Em mlfﬂ ...... mrfmJ :Tezting phase

jTarget domain: testing set
G s e e e e e e e e e s, s 4
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Cross-domain Experiments

] B

\\\ § N~ i | 'V;;'

Consumer videos & YouTube videos:
olole|d|o|o|z] o OIODI0ICIOD]
BONDEny innmninmnmn
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HEHEIBEEEE EEKE] k]
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SE15 S 515
BARGDBEEAD ZAINAEE-
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BOEanNGEE asikiciEivie

Handwritten digits
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Experiment on Multi-task Object Recognition

Domains Compared methods Our method
Source Target ASVM  GFK[10] SGF[8] SA[41] RDALR LTSL- LTSL- LSDT NLSDT
[12] [2] PCA[1] LDA[1]
Amazon Webcam 42.2+0.9 46.4+0.5 45.1+0.6 48.4+0.6 50.7+0.8 49.8+0.4 53.5+0.4 50.0+1.3 56.3%0.7
DSLR Webcam 33.0+0.8 61.3+0.4 61.4+0.4 61.8t0.9 36.9t1.9 62.4+0.3 54.4+0.4 69.410.7 69.910.3
Webcam DSLR  26.0+0.7 66.3+0.4 63.4+0.5 65.7+0.5 32.9+1.2 63.9+0.3 59.1+0.5 72.6+0.9 74.6+0.5
Amazon+DSLR Webcam 30.4+0.6 34.3+0.6 31.0+1.6 54.4+0.9 36.9+1.1 55.3+0.3 30.2+0.5 69.0+0.8 66.110.7
Amazon+Webc DSLR  25.3#1.1 52.0+0.8 25.0+0.4 37.5+1.0 31.2+1.3 57.7+0.4 43.0+0.3 67.5+1.8 65.7+0.9
am

DSLR+Webcam Amazon 17.3+0.9 21.7+0.5 15.0+0.4 16.5+0.4 20.9+0.9 20.0+0.2 17.1+0.3 22.0+0.1 23.2+0.6
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Experiment on Multi-task Object Recognition (AlexNet)

Method Layer A-D C->D W-D A-C W->C D->C D->A W->A C->A C->W D->W A->W
SourceOnly i 80.8+0.8 76.6+2.2 96.1+0.4 79.3#0.3 59.5+0.9 67.3+1.2 77.0+1.0 66.8£1.0 85.8+0.4 67.5t1.6 95.4+0.6 70.5%0.9

f, 81.3+0.7 77.6+1.1 96.2+0.6 79.3x0.3 68.1+0.6 74.3+0.6 81.840.5 73.4+0.7 86.5+0.5 67.8+1.8 95.1+0.8 71.6%0.6
NaiveComb fe 94.5+0.4 92.9+0.8 99.1+0.2 84.0+0.3 81.7+0.5 83.0+0.3 90.5#0.2 90.1+0.2 89.9+0.2 91.6+0.8 97.9+0.3 90.4+0.8
f, 94.1+0.8 92.8+0.7 98.9+0.2 83.4+0.4 81.2+0.4 82.7+0.4 90.9+0.3 90.6+0.2 90.3+0.2 90.6+0.8 98.0+0.2 91.1+0.8
SGF [8] fe 90.5+0.8 93.1+1.2 97.7+0.4 77.1+0.8 74.1+0.8 75.9+1.0 88.0+0.8 87.2+0.5 88.5+0.4 89.4+0.9 96.8+0.4 87.2+0.9
f, 92.0+1.3 92.4+1.1 97.6+0.5 77.4+0.7 76.8+0.7 78.2+0.7 88.0+0.5 86.8+0.7 89.3+0.4 87.8+0.8 95.7+0.8 88.1+0.8
GFK [10] fe 92.6+0.7 92.0+1.2 97.8+0.5 78.9+1.1 77.5+0.8 78.8+0.8 88.9+0.3 86.2+0.8 87.5+0.3 87.7+0.8 97.0+0.8 89.5+0.8
f, 94.3+0.7 91.9+0.8 98.5+0.3 79.1+0.7 76.1+0.7 77.5+0.8 90.1+0.4 85.6+0.5 88.4+0.4 86.4+0.7 96.5+0.3 88.6%0.8
SA [41] fe 94.2+0.5 93.0+1.0 98.6+0.5 83.1+0.7 81.1+0.5 82.4+0.7 90.4+0.4 89.8+0.4 89.5+0.4 91.2+0.9 97.5#0.7 90.3+1.2
f, 92.8+#1.0 92.1+0.9 98.5+0.3 83.3+0.2 81.0+0.6 82.9+0.7 90.7+0.5 90.9+0.4 89.9+0.5 89.0+1.1 97.5+0.4 87.8+1.4
LTSL- fe 94.6+0.6 93.4+0.6 99.2+0.2 85.5+0.3 82.0+0.5 84.7+0.5 91.2+0.2 89.5+0.2 91.3#0.2 90.2+0.8 97.0+0.5 89.4+1.2
PCA [1] i 95.7+0.5 94.6+0.8 98.4+0.2 86.0+0.2 83.5+0.4 85.4+0.4 92.3#0.2 91.5+0.2 92.4+0.2 90.9+0.9 96.5+0.2 91.2+1.1
LTSL- fe 95.5+0.3 93.6+0.5 99.1+0.2 85.3+0.2 82.3+0.4 84.4+0.2 91.1+0.2 90.6+0.2 90.4+0.1 91.8+0.7 98.2+0.3 92.2+0.4
LDA [1] f, 94.5+0.5 93.5+0.8 98.8+0.2 85.4+0.1 82.6+0.3 84.8+0.2 91.9+0.2 91.0+0.2 90.9+0.1 90.8+0.7 97.8#0.3 91.5+0.5
LSDT fe 96.410.4 95.4+0.5 99.4+0.1 85.9+0.2 83.110.3 85.2+0.2 92.2+0.2 91.0+0.2 92.1+0.1 93.3+0.8 98.710.2 92.1+0.8
f, 96.010.4 94.6+0.5 99.330.1 87.0+0.2 84.210.3 86.2+0.2 92.5%0.2 91.7+0.2 92.5%0.1 93.5+0.8 98.310.2 92.9+0.8
NLSDT fe 96.4+0.4 95.710.5 99.5#0.1 85.8+0.2 83.3+0.3 85.3+0.2 92.310.2 91.1+0.2 91.910.1 92.9+0.7 98.6+0.2 94.210.4
f, 96.0+0.4 94.4+0.8 99.410.2 86.9+0.2 84.3+0.3 86.2+0.2 92.510.2 91.9+0.2 92.3+0.1 93.2+0.8 98.1+0.3 94.11+0.4
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CLASSIFICATION ACCURACY (%) OVER 6 VISUAL EVENTS WITH DIFFERENT NUMBER OF LABELED TARGET VIDEOS PER EVENT

Compared methods Our methods

m | Feature Naive | DTSVM | A-MKL GFK LTSL-PCA | LTSL-LDA
Comb [16] [17] [10] SGF[8] | SA[41] (1] (] LSDT | NLSDT
SIFT 55.4+0.5 | 50.9+0.9 | 57.0:0.8 | 24.040.4 | 31.4+3.6 | 43.5t1.4 | 57.8+0.8 55.7+0.5 | 56.3+0.2 | 58.3%0.1
1 ST 43.1+0.3 | 453402 | 49.2+0.4 | 29.7+0.9 | 40.5+0.4 | 45.5+0.6 | 482+0.3 475+0.1 | 48.4+0.4 | 49.2+0.3
SIFT+ST | 46.840.6 | 52.840.4 | 57.7=0.8 | 21.4+1.0 | 42.2+2.1 | 46.0+1.1 | 59.6+1.3 60.7+0.7 | 60.8+0.8 | 62.0+0.6
SIFT 59.1+1.2 | 56.0£05 | 61.4=13 | 323+1.6 | 43.6=1.6 | 503425 | 62.3%0.9 61.3+04 | 58.2+0.6 | 63.81.1
3 ST 452409 | 45.4+0.7 | 48304 | 264+0.7 | 44305 | 443405 | 49.3+0.1 48.4+0.3 | 49.3£0.3 | 49.7+0.2
SIFT+ST | 51.2£1.6 | 55.4+0.0 | 61.5=1.0 | 27.0£1.6 | 40.124.2 | 46.4+0.6 | 62.8+1.0 60.5:0.6 | 61.8£1.2 | 67.1%0.6
SIFT 63.842.0 | 60.0£1.6 | 65.02.2 | 34.210.9 | 36.5£2.5 | 60.4+2.9 | 64.7+1.0 63.0:1.8 | 63.3£1.3 | 67.9+1.8
5 ST 48.7+1.4 | 47.020.6 | 51.5+0.8 | 26.4+0.9 | 42.4:0.0 | 459+03 | 50.8+0.5 51.3£0.3 | 51.440.2 | 51.5+0.3
SIFT+ST | 57.5+1.8 | 58.8+0.6 | 65.3+22 | 27.6+0.9 | 47.9+2.4 | 53.2+2.8 | 62.3+0.7 64.1+2.1 | 66.1£1.3 | 71.4+2.0
SIFT 66.9+23 | 62.9+1.9 | 67.3+23 | 442+1.0 | 36.5+3.7 | 54.2+1.8 | 65.7+1.4 67.3+23 | 67.3£1.7 | 70.0+2.1
7 ST 47.8+1.3 | 482+12 | 49.71.0 | 31.4+0.8 | 43.120.1 | 45.8+0.6 | 51.6=0.4 51.6+0.3 | 51.9+0.4 | 52.3+0.4
SIFT+ST | 57.9+1.5 | 60.5+1.2 | 67.7=2.4 | 36.0+0.9 | 50.8+2.8 | 53.2+2.9 | 68.6+1.8 66.9+24 | 70.3£1.5 | 73.0+2.4
SIFT 72.4+2.1 | 67.3+2.3 | 72.4+22 | 46.9+1.6 | 46.0=1.3 | 64.2+2.8 | 72.9+22 73.5+2.1 | 78.3+1.4 | 76.7+2.3
10 ST 51.5+0.8 | 48.3+1.5 | 51.7=1.3 | 32.7+1.1 | 46.6=0.5 | 48.9+0.6 | 53.4+0.7 52.7+0.6 | 54.4+0.6 | 54.2+0.8
SIFT+ST | 65.0£0.9 | 67.2£1.7 | 72.4=23 | 41.0£1.1 | 54.7£2.0 | 56.5+2.3 | 69.6+1.0 75.1£1.9 | 80.9+1.7 | 79.0+1.5
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Experiment on Cross-pose Face Recognition (FBZESARKIRE)

COMPARISON WITH OTHER METHODS FOR FACE RECOGNITION ACROSS POSES

Domains Compared methods Our method
) ASVM SGF GFK SA LTSL- LTSL-

T&Sks Source Tat‘gcl Naich{}mb [12] [8] [10] [41] PCA [1] LDA [l] LSDT NLSDT
Session 1 frontal 60°posc 61.0 57.0 53.7 56.0 51.3 55.7 56.0 597 63.7
Session 2 frontal 60 pose 62.7 62.7 55.0 587 | 62.7 58.7 60.7 63.3 70.7

Session 1+2 frontal 60 pose 60.2 60.1 53.8 | 563 | 617 57.8 60.7 61.7 67.5
Cross session Session 1 Session 2 93.6 943 92.5 96.7 98.3 96.7 96.7 95.8 09.4
Source (frontal) ~ Target (pose)  Aligned ~ Residual
‘ - . -
i —aa —
~- l-‘ - -

2018/9/29 e e e e e e s o mn e s e Ew e s e o e .
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Discriminative Kernel Transfer Learning (DKTL, InfoSci’17)

O Idea:

The key idea behind is to realize robust transfer by simultaneously integrating discriminative
subspace learning based on the proposed domain-class-consistency (DCC) metric, kernel
learning in reproduced kernel Hilbert space, and representation learning between source domain

and target domain via I, ,-norm minimization.

» Domain-class-consistency (DCC)----maximization:
Domain consistency: measure the between-domain distribution discrepancy;
Class consistency: measure the within-domain class separability;

\ 4

» Subspace Transfer Reconstruction
For domain adaptation, source data is used to reconstruct the target data

» Kernel mapping for handling nonlinear transfer

Reproduced Kernel Hilbert Space
2018/9/29

» Domain-class-inconsistency
(DCIC)----minimization:

“\\

| — | dissimilar r’ .:“
LA )
: 7 ‘ |
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N
T

.
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Y
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DKTL (AT BEI)
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Source domain A Target domain
.'" -\‘;-
N / - q -\; /.--\\
& m - A T { . )
<
l" ® " = | X \‘ outlier
TN \ [ ] o N m )
(@ & ..: = o m o
B ® @ | A - AA [ )
® ,, A |
A A A ¥ c;, A
¥
A Aca ____________ 8
RKHS { A }\ /,
_____ \
€= (] \\ //a’7
=9 N
~~* 7 \\‘ 7
P A )
- _
H . |
e m N\ s 2N
,,,,, H ,
N ® .&Z /@ !Outlier removal
@ A @
N ®e o . 3 |
N \
Discriminative subspace A A A
A A A

Schematic diagram of the proposed DKTL method

2018/9/29

R

DKTL model:
min E(Xs,X;,P,Z)+4-Q(P)+7-R(Z)

st.P'P=1,14,r>0

where E(-) represents the domain-inconsistency
term (i.e. cross domain representation or
reconstruction error), Q(-) denotes the class-
inconsistency term (i.e. discriminative regularizer)
among multiple domains,R(-) represents the model
regularization term of the representation
coefficients with robust outlier removal
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DKTL model:

min E(Xs,X;,P,Z)+4-Q(P)+7-R(Z)

st.PTP=1,1,r>0

Suppose P be represented by a linear combination of the
transformed training samples @(X) = [p(Xs), p(X7)] via

@(-), as P ¢(x)q)

E(Xs X1, P, Z) = HPT(D(XT )— PT(P(

Xs)7;

)" o(X1)-@To(X)" o(X

The second term Q(P) pursuits a discriminative subspace

where the domain-class-inconsistency (DCIC) is minimized
2018/9/29

o7 o(x 2.
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R

- i P (s )-PTpluk ]‘

Tolus l
e{S,T e k=1,c=k
2

J-@To(X)" plut

2

oP)= iHPTgo(pg )-p
= i“¢T¢(X)T¢ s
T3 ool )T ol |

te{S,T}c,k=1,c=k 2

2

2

where

oug )=

NCZE(/)(X%J) and ¢(u%)=N%Z:\IT¢(XT.)

The third term R(Z) in Eq.(1) is a robust sparse constraint on
the transfer coefficients Z for regularization. Generally, it can
be formulated as follows

R(2)=|2],,

where ||-||4, represents /, -norm

60




CHONGQING UNIVERSITY

DKTL (AT BEI)

DKTL model;

minfoo(x)" kv )07 p(x)" plxs 2]+ -

iH@Tco(X)T co(u‘é )— @ p(X)" co(u% J

2

2

> i H(DT(/)(X)TcD(u{’)—‘I)Tco(X)T(p(ul‘ ]E +7-[2],,

te{S,Tc,k=1,c=k

st. (I)Tgo(X)T go(X)(I) =1,4,7>0

K =p(X)"p(X) = x(X.X)| [K1 =(X)"p(Xs)=&(X, X7 )

Ks =p(X) o(Xs)=x(X,Xs)| kernel Gram matrix

KS =o(X)" plut )= sl,m2 | [KS,s = o007 plug )= slx.n5)
kernel mean vectors

2018/9/29
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oo, ~0"K, 2" M[ STk s ~@Tk, | -
c=1

C
ﬁ > o Yerks Tk [ JH I2),,

te{S,T}  ck=Lc=k

st.® KD = l,as +a; =1 A, 7,045,071 >0

where there are two variables in the proposed DKTL model,
and it is convex to each variable. Therefore, a variable
alternating optimization method is used

Gaussian kernel function is used in this paper.

x(x,y)= exp(— x| /202)
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Optimization

Update ®:

By fixing the variable Z, the problem with respect to ® then

becomes

2
"’f /‘g k ? Learning Intelligence & Vision Essential (LiVE) Group _8'

2 S T c Tk
— o K, —® K,
C(C _1)te{;,T}atc,k;,c¢k H

St (I)TK(I): I, 0[5 —I—O(T 21,1,053,051— >O

mqinH(I)TKT —QTKSZHE +]"{%2H(DTKZ,S _‘DTKZ,THE -

where

A=A +A-A,— 1A,

A1=(KT KsZ)K; -KZ)'
=—Z( o s K
A =TT Z o Z( KK ke -k, T

teST c,k=l,c#k

Algorithm 1. Solving ®

J

mqin Tr(q)TAq))

St.® KD = |

2018/9/29

Input: kernel gram matrix and vectors, A, d;

Procedure:

1. Initialize ;

2. Compute A, A, and A,, respectively;

3. Compute A;

4. Perform Eigen-value decomposition of (9);

5. Get ® consisting of Eigen-vectors w.r.t. the d smallest Eigen-
values;

Output: ®
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Optimization
It can be easily solved as
Update Z:
TaomT LT T
By fixing @, the problem is transformed into the following L= (qu)q) Ks +T'®) Ks®@® K
problem Algorithm 2. Solving Z
. T T 2 Input: kernel gram matrix and vectors , @;
mIan) K; -® KSZHF 47 - ||Z||21 Procedure:
z ’ 1. Initialize Z =K{K7;
_ T 2. Compute ©;
Eere ||Z||2,1 - TF(Z G)Z) 3. Compute Z;
where ® is a diagonal matrix, whose the i-th diagonal |_Output:Z

element is calculated as -
1 Algorithm 3. DKTL

;i = 2”Zi ” Input: kernel gram matrix and vectors , A, 7, d, T;
2 Procedure:
ﬂ 1. Initialize Z = K{K; and t=1;
2. While not converge (t<T) do

. 2 3. Update ® by calling Algorithm 1;
T T T ’

mzmH(I) KT -P KS ZHF +7 -TF(Z ®Z) 4, Update Z by calling Algorithm 2;

5. Until Convergence;

2018/9/29 Output: Z and @
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Experlments

OObject Recognition Across Domains

OFace Recognition Across Poses and Expressio

OHandwritten Digits Recognition Across Tasks

2018/9/29

64




NG "’f /§ k ? Learning Intelligence & Vision Essential (LiVE) Group _8'

CHONGQING UNIVERSITY

Object Recognition Across Domains

O Results on 3DA data

Tasks ASVM [8] GFK [19] SGF [4] RDALR [22] SA [20] LTSL [21] DKTL
Amazon - Webcam 42.210.9 46.410.5 45.1+0.6 50.7+0.8 48.4+0.6 53.510.4 53.010.8
DSLR - Webcam 33.0£0.8 61.3+0.4 61.4+0.4 36.9%£1.9 61.8+£0.9 62.410.3 65.7+0.4
Webcam - DSLR 26.0+0.7 66.3+0.4 63.4+0.5 32.9%1.2 63.4+0.5 63.910.3 73.310.5

Tasks ASVM [8] GFK [19] SGF [4] RDALR [22] SA [20] LTSL [21] DKTL
Amazon+DSLR->Webcam  30.4+0.6 34.3:t0.6  31.0£1.6 36.9%t1.1 54.4+0.9 55.310.3 60.010.5
Amazon+Webcam—->DSLR  25.3+1.1 52.0+0.8  25.0+0.4 31.2+#1.3 37.5%£1.0 57.7+0.4 63.710.7
DSLR+Webcam—>Amazon  17.3%0.9 21.7+0.5 15.0+0.4 20.9+0.9 16.5+0.4 20.0+0.2 22.010.4

2018/9/29 65
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Object Recognition Across Domains

O Results on 4DA data

Method A->D C->D A->C W->C D->C D—2>A WA C->A C->W A->W
NaiveComb 94.1+0.8 92.8+0.7 83.4+0.4 81.2+0.4 82.7+0.4 90.9+0.3 90.6+0.2 90.3+0.2 90.6+0.8 91.1+0.8
SGF [4] 92.0+1.3 92.4+1.1 77.4+0.7 76.8+0.7 78.2+0.7 88.0+0.5 86.8+0.7 89.330.4 87.8+0.8 88.1+0.8
GFK[19] 94.3+0.7 91.9+0.8 79.1+0.7 76.1+0.7 77.5+0.8 90.1+0.4 85.6+0.5 88.410.4 86.4+0.7 88.6+0.8
SA [20] 92.8+1.0 92.1+0.9 83.3+0.2 81.0+0.6 82.9+0.7 90.7+0.5 90.9+0.4 89.9+0.5 89.0+1.1 87.8%1.4
LTSL[21] 94.5+0.5 93.5+0.8 85.4+0.1 82.6+0.3 84.8+0.2 91.9+0.2 91.0+0.2 90.9+0.1 90.8+0.7 91.5+0.5
DKTL 96.6:0.5 94.3+0.6 86.7+0.3 84.0+0.3 86.1+0.4 92.5+0.3 91.9+0.3 92.4+0.1 92.0+0.9 93.0+0.8
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Object Recognition Across Domains

O Results on 4DA data

Deep transfer models

. AlexNet, Krizhevsky et al., NIPS'12
. DAN, Long et al., I[CML'15;

. RTN, Long et al., NIPS "16;

Table 4
Comparisons with deep transfer learning methods on 4DA dataset.

Method A-D (=D A-C W-=C D-=C DA WA (A (=W A-W Average
AlexNet [19]  88.3 87.3 77.9 77.9 81.0 89.0 83.1 91.3 83.2 83.1 84.2
DDC [38] 89.0 88.8 85.0 78.0 81.1 89.5 84.9 91.9 854 86.1 86.0
DAN [28] 924 90.5 85.1 84.3 824 92.0 92.1 92.0 90.6 93.8 895
RTN [27] 94 .6 92.9 88.5 88.4 84.3 95.5 93.1 94.4 96.6 97.0 92.5
DKTL 96.6 94.3 86.7 84.0 86.1 92.5 91.9 924 92.0 93.0 91.0
2018/9/29 67
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Object Recognition Across Domains

O COIL-20 data: Columbia Object Image

Library (Nene et al.)
The COIL-20 dataset contains 1440 gray scale

Images of 20 objects (72 images with different poses EB.H .“.E
per object). Each image has 128X128 pixels with PSS J =2\l .ﬂﬂ
256 gray levels per pixel. For experiments, the size —

of each image is adjusted as 32 X 32. - ﬂ ﬂ .mgm
The dataset is partitioned into four subsets, i.e. COIL - =

1, COIL 2, COIL 3 and COIL 4 according to the

! iii 1
directions. [0985F, [1809 265, [9002 1759, [270

3559. 360 samples are included for each domain. Several objects from COIL-20 data

2018/9/29 68
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Object Recognition Across Domains
O Results on COIL-20 data (12 settings)

Tasks ASVM [8] GFK [19] SGF [4] SA [20] LTSL (CV’16) DKTL
COIL1 - COIL 2 79.7 81.1 78.9 81.1 79.7 83.8
COIL1 > COIL3 76.8 80.1 76.7 75.3 79.2 79.7
COIL1 > COIL4 81.4 80.0 74.7 76.7 81.4 80.0
COlL2 > COIL1 78.3 80.0 79.2 81.1 76.4 81.1
COIL2 - COIL3 84.3 85.0 79.7 81.9 86.4 85.6
COIL2 - COIL4 77.2 78.9 74.4 78.3 77.2 79.7
COIL3 > COIL1 76.4 79.7 71.1 78.9 76.4 80.8
COIL3 - COIL 2 79.6 83.0 81.1 80.3 79.7 82.8
COIL3 - COIL4 74.2 73.3 73.3 76.1 74.2 75.8
COIL4 > COlL1 81.9 81.1 72.5 79.4 81.9 81.7
COIL4 - COIL 2 77.5 79.2 71.1 72.8 77.8 78.6

COIL4 - COIL 3 74.8 75.6 76.7 78.3 74.7 79.2
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Face Recognition Across Poses and Expression

O Results on CMU Multi-PIE face data

Cross domain tasks NaiveComb  ASVM [8] SGF[4] GFK[19] SA[20]
Session 1: Frontal - 60° pose 52.0 52.0 53.7 56.0 51.3
Session 2: Frontal - 60° pose 55.0 56.7 55.0 58.7 62.7
Session 1+2: Frontal - 60° pose 54.5 55.1 53.8 56.3 61.7
Cross session: Session 1 - Session 2 93.6 97.2 92.5 96.7 98.3
2018/9/29
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LTSL [21]
61.0
62.7
60.2
97.2

DKTL
66.0
71.0
69.5
99.4
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Handwritten Digits Recognition Across Tasks
O Results across datasets

Cross domain tasks
MINIST - USPS
SEMEION - USPS
MINIST -> SEMEION
USPS - SEMEION
USPS - MINIST
SEMEION - MINIST

2018/9/29

NaiveComb A-SVM [8]

78.8%10.5
83.610.3
51.9+0.8
65.3x1.0
71.7£1.0
67.6+1.2

78.310.6
76.810.4
70.5%0.7
74.5%0.6
73.2+0.8
69.30.7

SGF [4]
79.2+0.9
77.5%0.9
51.6+0.7
70.9+0.8
71.1+0.7
66.910.6

GFK [19]
82.610.8
82.710.6
70.5%£0.8
76.7+0.3
74.910.9
74.5+0.6

SA [20]
78.8+0.8
82.51+0.5
74.4+0.6
74.610.6
72.9+0.7
72.9+0.7

LTSL [21]
78.4+0.7
83.410.3
50.610.4
64.510.7
71.2+1.0
66.8+1.2

R

DKTL
88.010.4
85.8+0.4
74.910.4
81.610.4
79.0+0.6
77.310.7
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Class-specific Reconstruction Transfer (CRTL, ICCV W17)

«  Class imbalance induced class-specific Reconstruction (GE AN, 24F 2 )
«  Projected Hilbert-Schmidt Independence Criterion (pHSICH 37 %)
. Low-rank and sparse constraint for global and local preservation

[HSIC]: A. Gretton, et al. Measuring statistical dependence with Hilbert-Schmidt norms. ALT, 2005
[HSICLasso]: High-dimensional feature selection by Feature-Wise Kernelized Lasso. Neural Computation, 2014.
2018/9/29 72
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CRTL (Kb EREBET)

Source Domaimn X, Common Subspace Target Domain X,
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CRTL (K EREBE)

Source Domaimn X, Commeon Subspace Target Domain X,
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; Ja T4c &L - 2
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|
FMZ 2 2]  used R .
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O Experiments
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O Experiments

SourceOnly | Naive Comb | SGF [10] GFK 9] SA [7] LTSL[27] | LSDT(37] ([ CRIL

fe fr fe fr fe | fr fe fr fe fr fe | f7 fe | f7 fe fr

A— D 80.8 &1.3 04.5 04.1 90.5 02.0 02.6 04.3 04.2 02.8 05.5 94.5 96.4 96.0 96.4 95.8
C —D 76.6 77.6 92.9 92.8 93.1 02.4 92.0 91.9 93.0 92.1 93.6 93.5 95.4 94.6 95.2 94.8
W — D 06.1 06,2 09,1 08.9 97.7 07.6 07.8 08.5 08.6 08.5 09,1 98.8 99.4 99.3 99.4 99,3
A—C 79.3 79.3 84.0 83.4 77.1 77.4 78.9 79.1 &3.1 83.3 85.3 85.4 85.9 87.0 86.2 87.0
W — C 59.5 68.1 81.7 81.2 74.1 76.8 77.5 76.1 81.1 81.0 82.3 82.6 83.1 84.2 83.6 84.9
D—C 67.3 74.3 83.0 82.7 75.9 78.2 78.8 77.5 82.4 82.9 84.4 84.8 85.2 86.2 85.5 86.4
D— A 77.0 81.8 90.5 90.9 88.0 88.0 88.9 90.1 90.4 90.7 91.1 91.9 92.2 92.5 92.5 92,7
W — A 66.8 73.4 00.1 90.6 87.2 86.8 86.2 85.6 89.8 90.9 00.6 91.0 91.0 91.7 91.3 92.2
C = A 85.8 86.5 80.9 00.3 8&.5 89.3 &7.5 88.4 89.5 9.9 00.4 90.9 92.1 92.5 92.0 92.5
cC =W 67.5 67.8 91.6 90.6 89.4 87.8 87.7 86.4 91.2 89.0 91.8 90.8 93.3 93.5 92,7 93.1
D— W 054 05.1 97.9 08.0 06.8 05.7 97.0 06.5 97.5 97.5 08.2 97.8 98.7 98.3 98.7 98.5
A—-W 70.5 71.6 90.4 91.1 87.2 88.1 89.5 88.6 90.3 87.8 092.2 91.5 92.1 92.9 92.3 93.0
Average 76.9 79.4 90.5 00.4 87.1 87.5 &87.9 87.8 00.1 89.7 01.2 91.1 92.1 92.4 92.2 92.5

Tasks

Table 1: Recognition accuracy (%) of different domain adaptation over 10 object categories on 4DA-CNN with deep feature
representation
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O Experiments

Tasks SVM TSL RDALR [15] LTSL [27] DTSL [31] LSDT [37] CRTL
Cl—C2 82.7 80.0 80.7 75.4 84.6 81.7 87.0
C2—C1 84.0 75.6 78.8 72.2 84.2 81.5 86.5

Average 83.3 77.8 79.7 73.8 84.4 81.6 \ 86.8 )

Table 2: Recognition accuracy (%) of different domain adaptation on COIL-20

Tasks Naive Comb | A-SVM SGF[10] GFK [9] SAT7] LTSL[27] | LSDT[37] CRTL )
ST (0° = 60°) 61.0 57.0 53.7 56.0 513 56.0 59.7 65.7
S2(0° — 60°) 62.7 62.7 55.0 58.7 62.7 60.7 63.3 69.0
SI+52(0° — 60°) 60.2 60.1 53.8 56.3 61.7 60.7 617 68.5
SI—S2 93.6 94.3 92.5 96.7 98.3 96.7 95.8 98.7
Average 69.4 68.5 63.8 67.0 685 68.5 701\ 755 )

Table 3: Recognition accuracy (%) of different domain adaptation on face recognition across poses

2018/9/29 77
T _—



CHONGQING UNIVERSITY

2
’{' /g k ? Learning Intelligence & Vision Essential (LiVE) Group _8,

O Experiments

Tasks | Naive Comb A-SVM SGF [10] GFK [9] SATT] LTSL[27] | LSDT[37] CRTL
M—U 788 783 79.2 82.6 78.8 83.2 793 §5.4
S=U 83.6 76.8 775 82.7 825 83.6 847 86.2
M~ S 51.9 705 51.6 705 744 72.8 69.1 76.2
U—S 65.3 745 70.9 76.7 746 65.3 674 82.6
U— M 717 732 711 749 729 717 705 820
S— M 67.6 69.3 66.9 745 729 67.6 70.0 78.4
Average 69.8 738 69.5 77.0 76.0 740 735 $1.8

Ne——

50
20
100
150 40
200 60
10 20 30 20 40 60
Z structure of 4DA-CNN 7 structure of PIE
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Manifold Criterion Guided Transfer Learning (MCTL, TNNLS'18)

. A new manifold criterion for measuring domain match is proposed.
. Intermediate domain generation idea is proposed.

Bridging the GAP between Transfer Learning and Semi-supervised Learning!!
Three Assumptions: Smooth, Cluster, Manifold

Def. When manifold criterion is satisfied, domain distribution is matched.
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Manifold Criterion Guided Transfer Learning (MCTL, TNNLS'18)

X i )} . X Local Generative D|screpancy Metric:
' ¥ A
) A

5 Ly g "’(?""’f' ety LGDM(Der, Dr) = Z Wog lo(zgr) — (@)l
—— "%y, ~ g, = I'r(¢(Xer)D(e(Xer)t)
[ae w) GCeneration o ) MC e T
o o ol +1Tr(e(Xr)D(p(X7) ")
ﬂ ﬂ ﬂ —2Tr(p(Xer)W (p(X1)T)
/tﬁrrtr1*r'--Af/Zl:ii::l:lfo',ay‘ /uatamegugie® A
_ _ _ _ Global Generative Discrepancy Metric:
(a) Source domain (b) Intermediate domain (c) Target domain | o7 ‘ R
GGDM(Der. Dr) = E > [PreXan-ex)|
o(Xar) = ¢(Xs)2 =1
— HPT (Xs)Z — o(X7)) 1H2

4)

Llet PT=0Tp(X)"
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Manifold Criterion Guided Transfer Learning (MCTL, TNNLS'18)

Derived MCTL model: Simplified MCTL-s model:
. 1 T T T
min Tr(e " KsZD(® KsZ
®.Z (ng)? ( sZD( s2)°) min —2 ~Tr(®"KsZL(®TKsZ)")
®.2 (nT)
+ L 7@ KD(@®TK.)T) X i :
nr)? X, T ACT = AT nch (KsZ —Kr)1
— S Tr(®TKsZW(®TK )" // ‘ ’\\ / / l | \ \ + M| 2]«
(nr)* , MCTL MCTL-S
+T—(«1>T KsZ — Kr)l
2
+ M| Z]]+
st.PTKD =1

2018/9/29 81




CHONGQING UNIVERSITY

2
"’f /g k ? Learning Intelligence & Vision Essential (LiVE) Group _8'

Face recognition on PIE across poses

Tasks Naive Comb | A-SVM | SGF [35] | GFK [34] | SA [60] | LTSL [40] | LSDT [41] | MCTL
ST (0° — 60°) 61.0 57.0 3.7 61.0 1.3 56.0 5.7 653
52 (0° = 60°) 62.7 627 55.0 587 627 62.7 63.3 70.0
ST+ 52 (0° = 60°) G0.2 G601 53.3 56.3 G1.7 60.2 61.7 683
5T 5 52 93.6 943 325 96.7 933 972 058 987
Average 60.4 63.5 63.3 67.0 63.5 70.3 701 75.6

Handwritten digits recognition on MNIST, USPS and SEMEION

Tasks Naive Comb | A-SVM | SGF [35] | GFK [34] | SA [60] | LTSL [40] | LSDT [41] | MCTL
M —=U 78.8 8.3 79.2 82.6 8.8 83.2 79.3 87.8
S—=U 83.6 76.8 T77.5 82.7 82.5 83.6 84.7 84.8
M— S 51.9 70.5 51.6 70.5 74.4 72.8 69.1 74.0
U—S 65.3 74.5 70.9 76.7 74.6 65.3 67.4 83.0
U— M 7.7 73.2 1.1 74.9 72.9 T1.7 70.5 81.2
S— M 67.6 69.3 66.9 T4.5 72.9 67.6 70.0 74.0
Average 69.8 73.8 69.5 77.0 76.0 74.0 73.5 80.8
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Source Generated
.

2018/9/29




CHONGQING UNIVERSITY

& 3 - /
N AT "{' /‘g Pl ? Learning Intelligence & Vision Essential (LiVE) Group 8,

Table of Contents

Part I11: Self-Adversarial Transfer Learning

[8] Q. Duan, L. Zhang, W. Zuo, ACM MM, 2017.
[9] L. Zhang, Q. Duan, W. Jia, D. Zhang, X. Wang, IEEE Trans. Cybernetics, 2018. in review
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Family and Kinship recognition

AdvNet (ACM MM'17): REEF B RIRE

Gronkowski . Nlcholas II

Warner Curie Grammer Brady Affleck Dutch Royal Elway Wifork Spaln Royal

Sample family photos from FIW for 27 of the

Q. Duan and L. Zhang, “AdvNet: Adversarial Contrastlve Re51dual Net for 1 Mllllon Klnshlp Recognltlon " ACM MM, 2017
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AdvNet:

B For over 1 million data, deep transfer learning is prior considered;
B MMD based Self-Adversarial (HIXfHi) strategy is considered for

discriminative feature adaptation;
= .
5|

B Residual net with Contrastive loss is used.
vl B
S 1N
B-B

M-S SIBS

Challenge Competition on 7 Kinships
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Learning discriminative kin-related features by adversarial loss and contrastive loss

B REERIIN, SEWEREHIEFES

[8] Q. Duan and L. Zhang, “AdvNet: Adversarial Contrastive Residual Net for 1 Million Kinship Recognition,” ACM MM, 2017
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Our proposed AdvNet (X H1 M 44)
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N
1
= 9N Z — yo)d’ 5(yn -+ yn)max(ma’r‘gzn d,0)?)

(2)
where §(condition) = 1 if the condition is satisfied. y,, and
y2 are the family IDs of z,, and z2, respectively.

] N
La =g > (5t = y2)ll60xh) — 601
— 6(ya # y2)llé(xn) — B2 1) 5

2018/9/29

Family ID guided
Contrastive Loss

L =Lc+ALa+ Lsi1+ Ls2

MMD guided
Adversarial Loss
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Experiments

B Dataset: Families in the Wild (FIW)

M Size: 12000 family photos of 1001 families

M [nput: 644,000 pairs of 7 kinship relations

B The dataset Is partitioned into 3 disjoint sets:
Train, Validation, Test (Test is blind)
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Experiments

Table 3: Accuracy of AdvINet with different loss

Loss  M-D M-S S-S B-B SIBS F-S F-D  Mean
CL 61.06 6195 6245 65.35 62.05 61.33 59.18 61.91
2. 60.50 64.07 64.17 63.76 61.99 62.23 60.53 62.46
3L 64.11 65.65 64.53 65.80 64.82 63.42 63.18 64.50

Performance is still not good?!
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Feature Augmentation (Network Fusion: AdvNets+VGG-Face Net)

__________________________________________________

00—

g

AdvNet2 with 3L model |

e

Family ID: 16 istance
A L2-distance , (. No-Kin

Family ID: 16
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Feature Augmentation (Network Fusion: AdvNets+VGG-Face Net)

Table 5: Accuracy of different model, loss and feature augmentation

Index Loss Model M-D M-S S-S B-B SIBS F-S F-D Mean
1 2L AdvNetl 60.50 64.07 64.17 63.76  61.99 6223 60.53 62.46
2 3L AdvNetl 64.11 65.65 64.53 G6G5.80 64.82  63.42 63.18  64.50
3 3L AdvNet2 63.56  66.80 6548 6577 6535 64.14 63.59 64.97
4 SL VGG-Face 65.99 5888 7459 71.99 64.69 64.71 G62.87T 66.25

14+243 Joint  Feature Augmentation 64.20 67.55 65.7 66.82  66.45 64.78  64.04  65.65
24344 Joint  Feature Augmentation 70.07 65.60 77.52 71.88  069.72 68.79 67.56 70.16
14+243+4 Joint Feature Augmentation 69.93 67.33 77.44 71.76 69.80 (877 67.82 70.41
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Feature Augmentation (Network Fusion: AdvNets+VGG-Face Net)

- - 1 1
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Figure 4: ROC curves of different models on 7 types of kin-relation
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Part 1V: Guide Learning (An ambition for TL/DA)

[10] J. Fu, L. Zhang, B. Zhang, W. Jia, CCBR oral, 2018.
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Guided Learning

Guided Learning (GL) is a new, simple but effective paradigm, for domain disparity
reduction through a progressive, guided, and multi-stage strategy, with the main idea of
“tutor guides student” mode in human world.

Goal: “The student surpasses the Master” ( & i} 7 I iy )1t 7 i)

Teaching (P,)
Source N

labeled
Tutor  Feedback (P,and Y,) Student

Target
(unlabeled)
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Guided Subspace Learning (GSL)
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| Teaching Steps

@ Data guide
P.IX,
(1) Subspace guide

' Three elements:

(D Subspace guidance

Optimal Space

Optimal P,

min P, - B|% +||PTX, - PTX,Z||% + a||Z||, + L ||PTX - Y o M|[5,

PS'an:M?Z
sit. M =0

P,
p
V4
X,
X
X
Y
i‘,

Source Subspace
: Target Subspace
: Reconstruction Matrix

Source Data

Both Domains Data

: Target Data
: Source Label Matrix

.+ Pseudo-target-label Matrix

2 Data guidance-domain confusion
@ Label guidance-semantic confusion

(X, Xy
v

Rl
I
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Guided Subspace Learning (GSL)

Teaching Steps

@ Data guide
.

b

(1) Subspace guide

Three elements:

% (D Subspace guidance
P, Y,
\ 4 e _ . .
- P Souroe Stbepace 2 Data guidance-domain confusion
ptimal Space "
P, : Target Subspace e - . q
. 7 - Reconstruction Matrix @ Label gwdance semantic confusion
X, : Source Data
Dtsoel By ‘ . X : Target Data
@@ $ X : Both Domains Data
Y,: Source Label Matrix
i',: Pscudo-target-label Matrix

: 2 T T 2
o i Blo(X)P, = o(X)Pillp + [|0F K — @TKZ]

+a|Z|, + 3 ||®TK —Y oM
2018/9/29 st. M =0

Kernel construction ’2
I
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Experiments on Benchmarks

Data Set Compared TL/DA Methods
NA SA | JDA* | TSL | RDALR | LTSL | DTSL | GFK | JGSA* | CORAL | LDADA* || GSL | NGSL;,,cqr | NGSL, ¢

C—A(l) 50.1 | 544 [ 59.8 | 523 52.5 24.1 533 56.6 55.1 45.9 54.8 56.6 58.7 59.3

C—W(2) | 43.1 | 45.8 | 50.1 40.3 40.7 22.9 45.8 48.1 49.7 37.8 60.2 55.9 59.7 63.4
C—D(3) 47.8 | 40.9 [ 44.1 49.0 45.2 14.6 51.0 429 46.0 31.8 41.5 49.7 49.7 49.0

A—C4) 428 | 448 | 449 | 433 43.6 214 447 443 40.8 37.1 384 454 46.0 45.6

A—W(S) | 370 | 4.1 47.0 34.6 359 18.2 383 4277 59.0 37.9 49.3 41.7 441 45.1
A—D(6) 372 | 37.7 | 442 389 36.9 22.3 39.5 399 494 38.5 39.1 44.0 47.1 47.1
W—C(7) | 295 | 323 | 298 314 28.1 34.6 30.3 32.0 29.7 32.5 31.7 353 379 37.8
W—A@®) | 342 | 43.3 | 420 34.7 31.2 39.5 347 383 34.6 394 35.1 40.7 41.8 42.1
W—D(@9) | 80.6 | 70.3 | 86.3 79.6 83.4 72.6 82.8 78.7 78.5 80.9 74.6 88.5 88.5 89.8
D—C(10) | 30.1 | 31.1 344 33.1 32.3 354 30.7 30.8 30.2 27.8 29.9 31.8 353 37.6
D—A(I1) | 32.1 | 40.8 | 44.6 32.6 33.7 394 332 40.4 39.0 31.9 40.6 34.8 40.6 43.7
D—W(12) | 722 | 744 | 833 72.5 72.5 74.9 76.6 80.3 75.1 69.4 74.7 84.1 85.8 86.1
Average 447 | 46.7 | 509 | 452 44.7 35.0 46.7 479 48.9 42.6 47.5 50.7 52.9 539

Wang et al. ACM MM’18: MEDA 52.7% (The Best)
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MSRC-VOC2007

Data Set Compared TL/DA Methods
NA SA | JDA | TSL | RDALR | LTSL | DTSL | GFK* | JGSA | LDADA | CORAL || GSL | NGSL;;pcqr | NGSL,p¢
M—V(1) | 37.1 | 31.8 | 382 | 324 37.5 38.0 38.0 28.8 38.7 25.1 33.9 41.8 40.7 42.0
V—M(2) | 555 | 46.0 | 59.3 | 43.2 62.3 67.1 56.4 48.9 49.3 432 54.1 66.4 64.7 68.2
Average 46.3 | 389 | 488 | 37.8 49.9 526 47.2 38.9 44.0 34.2 44.0 54.1 527 55.1
COIL-20
Data Set Compared TL/DA Methods
NA SA | JDA | TSL | RDALR | LTSL | DISL | GFK* | JGSA | LDADA | CORAL || GSL | NGSLj;,cqr | NGSL, ¢
Cl—C2(1) | 82.7 | 86.7 | 88.7 | 80.0 80.7 75.4 84.6 72.5 85.1 77.9 84.9 88.8 92.9 92.1
C2—CI(2) | 840 | 906 | 93.1 | 75.6 78.8 72.2 84.2 74.2 83.9 81.5 87.9 89.2 89.3 90.3
Average 833 | 88.7 | 90.9 | 77.8 79.7 73.8 84.4 73.3 84.5 79.7 86.4 89.0 91.1 91.2
Multi-PIE
Data Set Compared Transfer Learning Methods
NA SA | JDA™ | TSL | RDALR | LTSL | DTSL | GFK* | JGSA | LDADA | CORAL || GSL | NGSLy;cqr | NGSL,¢
P1—P4(1) | 51.8 | 428 84.5 46.7 41.7 20.0 81.3 31.2 76.1 35.6 26.0 84.8 83.7 75.1
P4—PI1(2) | 659 | 514 | 80.6 | 39.2 48.1 52.8 79.7 34.2 73.3 39.5 36.6 83.9 83.1 81.1
P4—P5(3) | 52.0 | 47.9 546 | 452 48.8 47.0 71.0 374 553 26.9 40.8 71.8 65.2 67.0
P5—P4(4) | 534 | 43.1 570 | 53.1 445 23.6 66.1 313 64.4 293 30.2 63.2 64.4 70.0
Average 55.8 | 53.8 69.2 51.1 45.8 359 74.5 335 67.3 32.8 334 75.9 74.1 73.3
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Resources/Codes can be found in

http://www.leizhang.tk/publications and codes.html
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