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Preliminary

* Domain D
* Including Data and the Distribution that generating data.
* Source domain D, and target domain D,

* Transfer Learning
* A labeled source domain and an unlabeled target domain.
* Distributions are different.
* How to learn the knowledge in target domain with the help of source domain ?
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Related work (based on MMD)
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* =1, uy, = 0 Transfer Component Analysis (TCA). [Pan et al., 2011]
* =1, uy, =1 Joint Distribution Adaption (JDA). [Long et al., 2013]
* u; =1 —pu, Balanced Distribution Adaption (BDA). [Wang et al., 2017]



Introduction

* Compute the discrepancy between two domains by considering the joint
probability distribution discrepancy directly.

* Simultaneously maximize the between-domain transterability and the between-
class discriminability



Introduction

Joint MMD
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Method
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Transferability Discriminability




Method
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Method
Then,

Similarly, we have

. . 1 .
ELf (o) ysP(ye) = — > AT,

: 1
E[f(xe)ys] P (yt) = - > AT,

(12)

(13)

where y; is target-domain pseudo-label estimated from a
classifier trained in the source domain.
Substituting (12) and (13)) into (9)), we have
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Method
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Method

Matrix representation

2
M = ||A"XNe — AT X N[ (17)
where NV, and V; are defined as

Y, Y,
N,=-=2 N,=-t. (18)

Ng T
Ma = ||ATX M, — AT X, M., (20)

where
M, = E, M, = 5 (21)
Ng ¢

Fo=[Ys(5,1) % (C = 1),Ys(:,2) % (C = 2),....,Ys(:.C = 1)],
Fy =[Y4(;,2: C), Y4(:,3: C),.. ¥i(;, O)], (19)
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Method

Matrix representation

min ||ATX,N, — ATX. N[,
A
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Kernelization: ;
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— u|[ATE M, — ATK M|+ M A%
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Method

* Optimizing

D. Optimize the JPDA

Define X = [X,, X;|. We can write the Lagrange function

[25] of (23) as

J = tr (AT (X(Rmin - Hﬁmax)XT + }'I) A)
+tr(nl —A'XHX'A))

where
[ NeNJ —NHN,T]

min — | — N; N;r Ny *R"Tt—r
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(24)

(25)

(26)

Rpax has dimensionality n x n, which does not change with

the number of classes.

By setting the derivative V47 = 0. (24) becomes a

generalized eigen-decomposition problem:

(X(Rmin — pRmax)X ' + M) A=nXHX A

(27)
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Method

* Algorithm

Algorithm 1: Joint Probability Distribution Adaptation
(JPDA)

Input: X, and X;, source and target domain feature
matrices;
Ys, source domain one-hot coding label matrix;
p, subspace dimensionality;
(4, trade-off parameter;
A, regularization parameter;
T, number of iterations.

Output: Y}, estimated target domain labels.

forn=1,....7T do

Construct the joint probability matrix Ry, and Ry ax
by (25) and (26);

Solve the generalized eigen-decomposition problem
in (27) and select the p trailing eigenvectors to
construct the projection matrix A;

Train a classifier f on (A" X,,Ys) and apply it to
AT X, to obtain Y;.

end
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Experiments

* Datasets: Office (webcam, DSLR, Amazon), Caltech, COIL20, Multi-PIE, USPS, MNIST

COIL20 Multi-PIE
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Experiments

Results

TABLE 1
CLASSIFICATION ACCURACY (%) OF THE FOUR ALGORITHMS.

Dataset | Source  Target | TCA JDA  BDA JPDA

Co7 40.76 5881 5820 58.20

09 41,79 5423 5282  66.54

05 C27 5063 84.50 83.03 8288

_ o C29 | 2935 49.75 49.14 49.75
Different poses ] C05 | 41.81 57.62 57.35 6336
I~ C09 | 5147 6293 6275 60.48

~ CO7 C27 64.73 7582 7576 71.53

C29 3370 39.80 3971  47.79

Co5 3460 5006 5135 59.03

. Cco7 4770 5795 5641 61.51

Multi-PTE C09 C27 | 5623 6846 67.86 74.80

29 33.15 3995 4240 5116

Co5 5564 8058 8052 84.21

o7 67.83 82.63 83.06 83.18

C27 C09 75.86 87.25 87.25 86.76

C29 4026 54.66 5453  64.71

Co5 7608 4646 4700 53.39

o7 2000 4205 4322 4985

C29 Co9 2990 53.31 4792 5735

C27 33.64 5701 57.10 59.84

A 3820 4478 4457  48.54

c W 3864  41.69 4034  45.76

D 4140 4522 4522 4586

C : Caltech C 3776 3936 3927 4221
We Web A W 37.63 3797 3797 42.03
: epcam P D 3312 3949  40.76 3694
Office+Caltech C [ 2030 3017 3143 3B.07

A : amazon W A 30.06 3278 3246 33.82
D 87.26 89.17 89.17 89.17

D: DSLR C 3170 3152 3117 34.46
D A 3215 33.09 3319 34.34

W 86.10 8949 8949 91,19

co COIL1  COIL2 | 8847 8931 8944 92.50

S COIL2 COIL1 | 85.83 8847 8833 89.31

USPS  MNIST | 51.05 59.65 5990 5035

USPS+MNIST | ViNisT  USPS | 5628 6728 67.39  69.17

Average | 47.22  57.37 57.18  60.62
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Experiments

Visualization
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Fig. 3. {-SNE visualization of the first three classes” data distributions before
and after different DA approaches, when transferring Caltech (source) to
Amazon (target).
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Experiments
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TABLE 11
COMPUTATIONAL COST (SECONDS ) OF DIFFERENT APPROACHES.

| TCA JDA BDA JPDA

CO5—=C07 258 9446 10747 4534
C—A 293 3l.6l 3473 30.71
MNIST—USPS | 0.75 9.04 13.58 8.26
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Experiments

* Ablation study
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Discussion

* Simple yet effective DJP-MMD for traditional Domain Adaptation

* Extensive experiments and superior performances



