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1. Introduction
In this project, we need to conduct the domain adapta-

tion experiments in different source and target domains. We
pick up ten traditional methods and eleven deep methods to
compare and improve. Specially, we have also tried GAN
based method. At last we give the accuracy rank among all
listed methods and got the conclusion that MEDA performs
the best.

2. Traditional methods
Let P (XS) and Q(XT ) (or P and Q in short) be the

marginal distributions of XS = {xSi} and XT = {xTi}
from the source and target domains, respectively. In gen-
eral, P and Q can be different. Our task is to predict the
labels yTis corresponding to inputs xTis in the target do-
main. The key assumption in most adaptation methods i
that P 6= Q, but P (YS |XS) = P (YT |XT ).

2.1. Transfer Component Analysis (TCA)

Most domain adaptation methods assume the P 6= Q
but P (YS |XS) = P (YT |XT ) until [13]. In fact, in
many real-world applications, the conditional probability
P (Y |X) may also change across domains due to noisy or
dynamic factors underlying the observed data. In this paper,
we use the weaker assumption that P 6= Q, but there exists
a transformation φ such that P (φ (XS)) ≈ P (φ (XT )) and
P (YS |φ (XS)) ≈ P (YT |φ (XT )).

Given the source domain data set DS =
{(xSi , ysrci)}

n1

i=1, and target domain data set
DT =

{
xTj
}n2

j=1
. The method steps of computing

the transformation matrix W are as follows.

1. construct kernel matrix K from {xSi}
n1
i=1 and

{xTi}
n2
j=1 based on

K =

[
KS,S KS,T

KT,S KT,T

]
∈ R(n1+n2)×(n1+n2) (1)

Construct the matrix L from

max
K�0

tr(KL)− λ tr(K) subject to constraints on K

(2)

2. Eigendecompose the matrix

(K(L+ λ)LK + µI)−1KHK̃yyHK

Then select them leading eigenvectors to construct the
transformation matrix W .

The kernel learning method requires only a simple
and efficient eigenvalue decomposition. This takes only
O
(
m (n1 + n2)

2
)

time when m nonzero eigenvectors are
to be extracted.

2.2. Geodesic Flow Kernel (GFK)

Geodesic Flow Kernel was proposed by [5], The ap-
proach consists of the following steps:

1. Determine the optimal dimensionality of the subspaces
to embed domains.

2. Construct the geodesic curve. Let PS ,PT ∈ RD×d
denote the two sets of basis of the subsapces for the
source and target domains. Let RS ∈ RD×(D−d)

denote the orthogonal complement to PS , namely
RT
SPS = 0. Using the canonical Euclidean metric for

the Riemannian manifold, the grodesic flow is param-
eterized as Φ : t ∈ [0, 1]→ Φ(t) ∈ G(d,D) under the
constraints Φ(0) = PS and Φ(1) = PT . For other t,

Φ(t) = PSU1Γ(t)−RSU2Σ(t) (3)

where U1 ∈ Rd×d and U2 ∈ R(D−d)×d are orthonor-
mal matrices. They are given by the following pair of
SVDs.

PT
S PT = U1ΓV

T, RT
SPT = −U2ΣV

T (4)

Γ and Σ are d × d diagonal matrices. The diagonal
elements are cos θi and sin θi for i = 1, 2, · · · , d. Par-
ticularly, θi are called the principal angles between PS
and PT :

0 ≤ θ1 ≤ θ2 ≤ · · · ≤ θd ≤ π/2 (5)

3. Compute the geodesic flow kernel. For two original
D-dimensional feature vectors xi and xj , we compute
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their projections into Φ(t) for a continuous t from 0
to 1 and concatenate all the projections into infinite-
dimensional feature vectors z∞i and z∞j . The inner
product between them defines the geodesic-flow ker-
nel,

〈
z∞i , z

∞
j

〉
=

∫ 1

0

(
Φ(t)Txi

)T (
Φ(t)Txj

)
dt = xT

i Gxj

(6)

4. Use the kernel to construct a classifier with labeled
data.

2.3. Subspace Alignment (SA)

Subspace Alignment was proposed by [3] for the situa-
tion where the source and target domains are represented by
subspaces spanned by eigenvectors. SA seeks a domain in-
variant featre space by learning a mapping function which
aligns the source subspace with the target one. The algothm
step is as follows.

1. Transform every source and target data to a D-
dimensional z-normalized vector.

2. Using PCA select for each domain the d eigenvec-
tors corresponding to the d largest eigenvalues. These
eigenvectors are used as bases of the source and target
subspaces.

3. Project each source (yS) and target (yT) data (where
yS,yT ∈ R1×D to its respective subspaceXS andXT

by the operations ySXS and yTXT , respectively.

4. Learn a linear transformation that maps the source sub-
space to the target one. To achieve this task, align basis
vectors by using a transformation matrix M from XS

to XT (M ∈ Rd×d). M is learned by minimizing the
following Bregman matrix divergence:

F (M) =
∥∥∥XSF (M)=‖XSM−XT ‖2F

M −XT

∥∥∥2

F
(7)

M∗ = argminM (F (M)) (8)

5. Define Sim(yS,yT) as follows:

sim (yS,yT) = (ySXSM∗) (yTXT )
′

= ySXSM∗X ′TyT

= ySAyT′
(9)

where A = XSX
′
SXTX

′
T .

6. Use the matrix A to construct the kernel matrices via
Sim(yS,yT) and perform SVM-based classification.

2.4. Importance Weighted (IW) Classifier

Importance weighted classifier assign each sample
weight which represent its “importance”, then it make the
classifier fit the distribution of target domain better. Impor-
tance weighted classifier includes a series of methods, we
use Kernel Mean Matching (KMM) [7] as an example.

In general, the estimation problem with two different dis-
tributions Pr(x, y) and Pr′(x, y) are unsolvable, as the two
terms could be arbitrarily far apart. In particular, for arbi-
trary Pr(x, y) and Pr′(x, y), there is no way we could in-
fer a good estimator based on the training sample. Hence
KMM makes the simplifying assumption that Pr(x, y) and
Pr′(x, y) only differ via Pr(x, y) = Pr(y|x) Pr(x) and
Pr(y|x) Pr′(x). In other words, the conditional probabili-
ties of y|x remain unchanged (this particular case of sample
selection bias has been termed covariate shift).

KMM begins by stating the problem of regularized risk
minimization. In general a learning method minimizes the
expected risk

R[Pr, θ, l(x, y, θ)] = E(x,y)∼Pr[l(x, y, θ)] (10)

of a loss function l(x, y, θ) that depends on a parameter θ.
However, since typically we only observe examples (x, y)
drawn from Pr(x, y) rather than Pr(x, y), KMM resorts to
computing the empirical average

Remp[Z, θ, l(x, y, θ)] =
1

m

m∑
i=1

l (xi, yi, θ) (11)

To avoid overfitting, instead of minimizing Remp di-
rectly KMM often minimizes a regularized variant
Rreg[Z, θ, l(x, y, θ)] := Remp[Z, θ, l(x, y, θ)] + λΩ[θ]
where Ω[θ] is a regularizer.

The problem is more involved if Pr(x, y) and Pr′(x, y)
are different. The training set is drawn from Pr, however
what we would really like is to minimize R

[
Pr′, θ, l

]
as we

wish to generalize to test examples drawn from Pr . An
observation from the field of importance sampling is that

R
[
Pr′, θ, l(x, y, θ)

]
= E(x,y)∼Pr0 [l(x, y, θ)]

= E(x,y)∼Pr

Pr′(x, y)︸ ︷︷ ︸
:=β(x,y)

l(x, y, θ)


= R[Pr, θ, β(x, y)l(x, y, θ)],

(12)
provided that the support of Pr is contained in the sup-
port of Pr. Given β(x, y) , we can thus compute
the risk with respect to Pr using Pr. Similarly, we
can estimate the risk with respect to Pr′ by computing
Remp[Z, θ, β(x, y)l(x, y, θ)].
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2.5. Joint Distribution Adaptation (JDA)

[10] proposed transfer featrue learning with Joint Dis-
tribution Adaptation. In JDA, to achieve effective and ro-
bust transfer learning, we aim to simultaneously minimize
the differences in both the marginal distributions and condi-
tional distributions across domains. The JDA optimization
problem is

min
AτXHXTA=I

C∑
c=0

tr
(
ATXMcX

TA
)

+ λ‖A‖2F (13)

Where λ is the regularization parameter to guarantee the
optimization problem to be well-defined. Based on the gen-
eralizaed Raleigh quotient, It is one thing of minimizing

tr
(
ATXM0X

TA
)

(14)

tr
(
ATXMcX

TA
)

(15)

such that whether maxATA=I tr
(
ATXHXTA

)
is maxi-

mized or is fixed.
The JDA algorithm is as follows,

1. Construct MMD matrix M0 by

(M0)ij =


1

nsns
, xi,xj ∈ Ds

11

nsnt
, xi,xj ∈ Dt

−1
nsnt

, otherwise
(16)

set {Mc := 0}Cc=1.

2. solve the generalize eigendecomposition problem to

XHXTAΦ (17)

and select the k smallest eigenvectors to construct the
adaptation matrix A, and Z := ATX.

3. Train a standard classifier f on
{(

ATxi, yi
)}ns
i=1

to

update pseudo target label
{
ŷj := f

(
ATxj

)}ns+nt
j=ns+1

.

4. Construct MMD metrices {Mc}Cc=1 by

(Mc)ij =



1

n
(c)
s n

(c)
s

, xi,xj ∈ D(c)
s

11

n
(c)
s n

(c)
t

, xi,xj ∈ D(c)
t

−1

n
(c)
s n

(c)
t

,

{
xi ∈ D(c)

s ,xj ∈ D(c)
t

xj ∈ D(c)
s ,xi ∈ D(c)

t

0, otherwise
(18)

5. Go back to step 2 until convergence. Then we get an
adaptive classifier f trained on {Axi, yi}nsi=1.

It is obvious that TCA can be viewed as a special case of
JDA with C = 0. With JDA, we can simultaneously adapt
both the marginal distributions and conditional distributions
between domains to facilitate joint distribution adaptation.
A fascinating property of JDA is its capability to effectively
explore the conditional distributions only using principled
unsupervised dimensionality reduction and base classifier.
Thus JDA can be easy to implement and deploy practically.

2.6. Transfer Joint Matching (TJM)

[11] proposes Transfer Joint Matching. TJM complete
procedure is as follow.

1. Compute MMD matrix M by eq. (16), and kernel ma-
trix mathbfK by Kij ← K (xi,xj) where K(·, ·) is
a predefined kernel. Set M←M/‖M‖F ,G← I.

2. Solve the generalized eigendecomposition problem
KHKTAΦ and select the k smallest eigenvectors to
construct the adaptation matrix A, and Z← ATK.

3. Update the sub-gradient matrix G by

Gii =


1

2‖ai‖ , xi ∈ Ds,ai 6= 0

0, xi ∈ Ds,ai = 0
1, xi ∈ Dt

(19)

4. Go back to step 2 until convergence. At last we get an
adaptive classifier f trained on

{
ATki, yi

}ns
i=1

.

2.7. Balanced Distribution Adaptation (BDA)

Transfer learning methods often seek to adapt both the
marginal and conditional distributions between domains.
Specifically, this refers to minimizing the distance

D (Ds,Dt) ≈D (P (xs) , P (xt))

+D (P (ys|xs) , P (yt|xt))
(20)

However, simply matching both distributions is not
enough. Existing methods usually assume they are equally
important, and that implicit assumption does not hold. [18]
was proposed to adapively adjust the importance of both the
marginal and conditional distributions based on each spe-
cific tasks. Concretely speaking, BDA exploits a balance
factor µ to leverage the different importance of distribu-
tions:

D (Ds,Dt) ≈ (1− µ)D (P (xs) , P (xt))

+ µD (P (ys|xs) , P (yt|xt))
(21)

where µ ∈ [0, 1]. The whole algorithm of BDA is as follow.

1. Train a base classifier on Xs and apply prediction on
Xt to get its soft labels ŷt.
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2. Construct X = [Xs,Xt], initialize M0 and Mc by
eq. (16) and eq. (18). Specially, another method W-
BDA based on BDA has different Mc which is defined
as

P(y(c)s )
n2
c

, xi,xj ∈ D(c)
s

P
�
y
(c)
t

�
m2
c

, xi,xj ∈ D(c)
t

−

r
P
�
y
(c)
s

�
P
�
y
(c)
t

�
mcnc

,

{
xi ∈ D(c)

s ,xj ∈ D(c)
t

xj ∈ D(c)
s ,xi ∈ D(c)

t

0, otherwise
(22)

3. Solve the eigendecomposition problem in XHX>AΦ
or for W-BDA,

min tr
(
A>X

(
(1− µ)M0 + µ

∑C
c=1 Wc

)
X>A

)
+λ‖A‖2F

s.t. A>XHX>A = I, 0 ≤ µ ≤ 1
(23)

use d smallest eigenvectors to build A

4. Train a classifier f on
{
A>Xs,ys

}
5. Update the soft labels of Dt : ŷt = f

(
A>Xt

)
6. Update matrix Mc using eq. (18) or eq. (23)

7. Go back step 2 until convergence. At last we get the
classifier f .

2.8. Correlation Alignment (CORAL)

Correlation Alignment was presented by [14], which
is a simple yet effect method for unsupervised domain
adaptation.CORAL minimizes domain shift by aligning the
second-order statistics of source and target distributions,
without requiring any target labels. In contrast to subspace
manifold methods, it aligns the original feature distributions
of the source and target domains, rather than the bases of
lower-dimensional subspaces. It is also much simpler than
other distribution matching methods. The algorithm steps
of CORAL are shown as fig. 1.

2.9. Manifold Embedded Distribution Alignment
(MEDA)

There are two significant challenges in existing meth-
ods, i.e. degenerated feature transformation and uneval-
uated distribution alignment. there had been no previous
work that tackle these two challenges together until [19].
MEDA learns a domain-invariant classifier in Grassmann
manifold with structural risk minimization, while perform-
ing dynamic distribution alignment by considering the dif-
ferent importance of marginal and conditional distributions.

Figure 1. Illustration of CORAL for Domain Adaptation: (a) The
original source and target domains have different distribution co-
variances, despite the features being normalized to zero mean and
unit standard deviation. This presents a problem for transferring
classifiers trained on source to target. (b) The same two domains
after source decorrelation, i.e.removing the feature correlations of
the source domain. (c) Target re-correlation, adding the correla-
tion of the target domain to the source features. After this step, the
source and target distributions are well aligned and the classifier
trained on the adjusted source domain is expected to work well in
the target domain. (d) One might instead attempt to align the dis-
tributions by whitening both source and target. However, this will
fail since the source and target data are likely to lie on different
subspaces due to domain shift.

Also, MEDA is the first attempt to reveal the relative impor-
tance of marginal and conditional distributions in domain
adaptation.

MEDA consists of two fundamental steps. Firstly,
MEDA performs manifold feature learning to address the
challenge of degenerated feature transformation. Secondly,
MEDA performs dynamic distribution alignment to quan-
titatively account for the relative importance of marginal
and conditional distributions to address the challenge of
unevaluated distribution alignment. Eventually, a domain-
invariant classifier f can be learned by summarizing these
two steps with the principle of SRM. fig. 2 presents the main
idea of the proposed MEDA approach.

Formally, if we denote g(·) the manifold feature learning
functional, then f can be represented as

f = arg min
f∈
Pn
i=1HK

` (f (g (xi)) , yi) + η‖f‖2K

+ λDf (Ds,Dt) + ρRf (Ds,Dt)
(24)
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Figure 2. The main idea of MEDA.1
 Features in the original
space are transformed into manifold space by learning the man-
ifold kernel G. 2
 Dynamic distribution alignment (by learning
� ) with SRM is performed in manifold to learn the �nal domain-
invariant classi�erf .

wherekf k2
K is the squared norm off . The termD f (�; �)

represents the proposed dynamic distribution alignment.
Additionally, we introduceRf (�; �) as a Laplacian regular-
ization to further exploit the similar geometrical property of
nearest points in manifoldG. �; �; and� are regularization
parameters accordingly.

3. Deep domain adaptation methods

3.1. Deep Domain Confusion (DDC)

The intuition of the DDC [16] model is that if we can
learn a representation that minimizes the distance between
the source and target distributions, then we can train a clas-
si�er on the source labeled data and directly apply it to the
target domain with minimal loss in accuracy.

To minimize this distance, we can consider the standard
distribution distance metric, Maximum Mean Discrepancy
(MMD). This distance is computed with respect to a partic-
ular representation,� (�). In our case, we de�ne a represen-
tation,� (�), which operates on source data points,xs 2 X S

and target data points,x t 2 X T . Then an empirical approx-
imation to this distance is computed as followed:

MMD ( X S ; X T ) =




 1

jX S j

P
x s 2 X S

� (xs) � 1
jX T j

P
x t 2 X T

� (x t )







(25)

Not only do we want to minimize the distance between
domains (or maximize the domain confusion), but we want
a representation which is conducive to training strong clas-
si�ers. Such a representation would enable us to learn
strong classi�ers that readily transfer across domains. One
approach to meeting both these criteria is to minimize the
loss:

L = L C (X L ; y) + � MMD 2 (X S ; X T ) (26)

where L C (X L ; y) denotes classi�cation loss on the
available labeled data,X L , and the ground truth labels,

y, and MMD(X S , X T ) denotes the distance between the
source data,X S , and the target data,X T . The hyperparam-
eter � determines how strongly we would like to confuse
the domains.

The network architecture, which is shown in �g. 3, con-
sists of a source and target CNN, with shared weights. Only
the labeled examples are used to compute the classi�cation
loss, while all data is used from both domains to compute
the domain confusion loss. The network is jointly trained
on all available source and target data.

Figure 3. The architecture of DDC optimizes a deep CNN for both
classi�cation loss as well as domain invariance. The model can
be trained for supervised adaptation, when there is a small amount
of target labels available, or unsupervised adaptation, when no tar-
get labels are available. We introduce domain invariance through
domain confusion guided selection of the depth and width of the
adaptation layer, as well as an additional domain loss term during
�ne-tuning that directly minimizes the distance between source
and target representations

3.2. Deep Adaptation Networks (DAN)

Denote byH k be the reproducing kernel Hilbert space
(RKHS) endowed with a characteristic kernelk. The mean
embedding of distributionp in H k is a unique element
� k (p) such thatEx � pf (x) = hf (x); � k (p)i H k

, � k (p)i H k

for all f 2 H k . The MK-MMD dk (p, q) between proba-
bility distributionsp andq is de�ned as the RKHS distance
between the mean embeddings ofp andq. The squared for-
mulation of MK-MMD is de�ned as
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d2
k (p; q) ,




 Ep [� (x s)] � Eq

�
�

�
x t �� 



 2
H k

(27)

DAN [9] adopts the idea of MK-MMD-based adaptation
for learning transferable features in deep networks.

In standard CNNs, deep features must eventually transi-
tion from general to speci�c by the last layer of the network,
and the transfer ability gap grows with the domain discrep-
ancy and becomes particularly large when transferring the
higher layersfc 6 � fc 8. In other words, thefc layers are
tailored to their original task at the expense of degraded per-
formance on the target task, hence they cannot be directly
transferred to the target domain via �ne-tuning with limited
target supervision. In DAN, the CNNC is �ne-tuned on the
source labeled examples and require the distributions of the
source and target to become similar under the hidden rep-
resentations of fully connected layersfc 6fc 8. This can be
realized by adding an MK-MMD-based multi-layer adapta-
tion regularizer to the CNN risk.

The network structure is shown in �g. 4.

Figure 4. The DAN architecture for learning transferable features.
Since deep features eventually transition from general to speci�c
along the network, (1) the features extracted by convolutional lay-
ersconv1conv3 are general, hence these layers are frozen, (2) the
features extracted by layersconv4conv5 are slightly less transfer-
able, hence these layers are learned via �ne-tuning, and (3) fully
connected layersfc 6fc 8 are tailored to �t speci�c tasks, hence
they are not transferable and should be adapted with MK-MMD

min
�

1
na

n aX

i =1

J (� (xa
i ) ; ya

i ) + �
l 2X

` = l 1

d2
k

�
D `

s; D `
t

�
(28)

where� > 0 is a penalty parameter,l1 andl2 are layer
indices between which the regularizer is effective.

3.3. Joint Adaptation Networks (JAN)

In unsupervised domain adaptation, we are given a
source domainDs = f (x s

i ; y s
i gn s

i =1 of ns labeled exam-
ples and a target domainDt = f x t

j gn t
j =1 of nt unlabeled

examples. The source domain and target domain are sam-
pled from joint distributionP(X s; Y s) andQ(X t ; Y t ) re-
spectively,P 6= Q. JAN [12] is a deep neural network

y = f (x) which formally reduces the shifts in the joint dis-
tributions across domains and enables learning both trans-
ferable features and classi�ers, such that, the target risk
Rt (f ) = E(x ;y ) � Q [f (x) 6= y ] can be minimized by jointly
minimizing the source risk and domain discrepancy.

Following the virtue of MMD, JAN use the Hilbert
space embeddings of joint distributions to measure the dis-
crepancy of two joint distributions to measure the dis-
crepancy of two joint distributionsP(Zs1; � � � ; ZsjLj ) and
Q(Z t 1; � � � ; Z t jLj ). The resulting measure is called Joint
Maximum Mean Discrepancy (JMMD), which is de�ned as

DL (P; Q) , jjCZ s; 1: jLj (P) � C Z t; 1: jLj (Q)jj2

 jLj

` =1 H ` : (29)

Based on the virtue of the kernel two-sample test the-
ory, we will haveP(Zs1; � � � ; ZsjLj ) = Q(Z t 1; � � � ; Z t jLj )
if and only if DL (P; Q) = 0 . Given source domain
Ds of ns labeled points and target domainDt of nt un-
labeled points drawn i.i.d. fromP and Q respectively,
the deep networks will generate activations in layersL
asf (zi )s1; � � � ; zsjLj

i gn s
i =1 andf (zi )t 1; � � � ; t sjLj

i gn t
i =1 . The

empirical estimate ofDL (P; Q) is computed as the squared
distance between the empirical kernel mean embeddings as

D̂L (P; Q) =
1
n2

s

n sX

i =1

n sX

j =1

Y

` 2L

k` (zs`
i ; zs`

j )

+
1
n2

t

n tX

i =1

n tX

j =1

Y

` 2L

k` (zt`
i ; zt`

j )

�
1

nsnt

n sX

i =1

n tX

j =1

Y

` 2L

k` (zs`
i ; zt`

j ):

(30)

The pipeline of JAN is shown in �g. 5.

Figure 5. The architectures of Joint Adaptation Network (JAN).
Since deep features eventually transition from general to speci�c
along the network, activations in multiple domain-speci�c layers
L are not safely transferable. And the joint distributions of the
activationsP(X s ; Y s ) andQ(X t ; Y t ) in these layers should be
adapted by JMMD minimization.

3.4. Correlation Alignmen for Deep Domain Adap­
tion (Deep CORAL)

The network structure of Deep CORAL [15] shown in
�g. 6 shares the same structure with the DDC structure.
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Similarly, it tries to learn a representation that minimizes the
source and target distributions. However, it introduces the
traditional CORAL to replace MMD used in DDC. Theo-
retically, CORAL-based methods could better represent the
similarity between the source(denoted asS) and the tar-
get(denoted asT) than MMD-based methods, as CORAL
not only exploit the “mean distance” information between
S andT, but also exploit the “covariance” between them.

In Deep CORAL, the researchers incorporate CORAL
with deep neural network, and then introduce theCORAL
loss, to measure the difference betweenS andT on a single
feature layer. Given the source-domain training examples
DS = x i ; x 2 Rd with labelsL S = f yi g; i 2 f 1; : : : ; Lg,
and unlabeled target datasetDT = f u i g; u 2 Rd. Sup-
pose the number of source and target dataset arens andnr

respectively, andD ij
S (DT ij ) denotes thej -th dimension of

the i -th source(target) data example,CS (CT ) denotes the
feature covariance matrix. The CORAL loss is then de-
picted in eq. (31).

`CORAL =
1

4d2 kCS � CT k2
F (31)

k � k2
F denotes the squared matrix Frobenius norm. Here for

CS (CT ), we use batch covariances, and the network param-
eters are shared on the source net and the target net.

Figure 6. The network architecture for Deep CORAL.

3.5. Domain adversarial neural network (DANN)

[4] proposed an approach, DANN, directly inspired by
the theory on domain adaptation suggesting that, for effec-
tive domain transfer to be achieved, predictions must be
made based on features that cannot discriminate between
the training (source) and test (target) domains.

The approach implements this idea in the context of neu-
ral network architectures that are trained on labeled data
from the source domain and unlabeled data from the target
domain (no labeled target-domain data is necessary). As
the training progresses, the approach promotes the emer-
gence of features that are (i) discriminative for the main
learning task on the source domain and (ii) indiscriminate

with respect to the shift between the domains. We show
that this adaptation behaviour can be achieved in almost
any feed-forward model by augmenting it with few stan-
dard layers and a new gradient reversal layer. The resulting
augmented architecture can be trained using standard back-
propagation and stochastic gradient descent, and can thus be
implemented with little effort using any of the deep learning
packages. The proposed architecture is shown as �g. 7.

Figure 7. The proposed architecture includes a deep feature extrac-
tor (green) and a deep label predictor (blue), which together form
a standard feed-forward architecture. Unsupervised domain adap-
tation is achieved by adding a domain classi�er (red) connected
to the feature extractor via a gradient reversal layer that multi-
plies the gradient by a certain negative constant during the back
propagation-based training. Otherwise, the training proceeds stan-
dardly and minimizes the label prediction loss (for source exam-
ples) and the domain classi�cation loss (for all samples). Gradient
reversal ensures that the feature distributions over the two domains
are made similar (as indistinguishable as possible for the domain
classi�er), thus resulting in the domain-invariant features.

3.6. Conditional Adversarial Domain Adaptation
(CDAN)

[8] formulate Conditional Domain Adversarial Network
(CDAN) as a minimax optimization problem with two
competitive error terms: (a)E(G) on the source classi�er
G, which is minimized to guarantee lower source risk;
(b)E(D; G) on the source classi�erG and the domain dis-
criminatorD across the source and target domains, which
is minimized overD but maximized overf = F (x) and
g = G(x):

E(G) = E(x s
i ;y s

i ) �D s
L (G (x s

i ) ; y s
i )

E(D; G) = � Ex s
i �D s log [D (f s

i ; gs
i )]

� Ex t
j �D t

log
�
1 � D

�
f t
j ; gt

j

��
(32)

whereL(�; �) is the cross-entropy loss, andh(f ; g) is the
joint variable of feature representationf and classi�er pre-
dictiong. The minimax game of conditional domain adver-
sarial network (CDAN) is

minG E(G) � � E(D; G)
minD E(D; G):

(33)
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where� is a hyper-parameter between the two objectives to
tradeoff source risk and domain adversary.

We enable conditional adversarial domain adaptation
over domain-speci�c feature representationf and classi�er
predictiong. We jointly minimize (1) w.r.t. source classi-
�er G and feature extractorF , minimize (2) w.r.t. domain
discriminatorD , and maximize (2) w.r.t. feature extractor
F and source classi�erG. This yields the minimax problem
of Conditional Domain Adversarial Network (CDAN):

min
G

E(x s
i ;y s

i ) �D s
L (G (x s

i ) ; y s
i )

+ �
�

Ex s
i �D s log [D (T (hs

i ))] + Ex t
j �D t

log
�
1 � D

�
T

�
h t

j

��� �

max
D

Ex s
i �D s log [D (T (hs

i ))] + Ex t
j �D t

log
�
1 � D

�
T

�
h t

j

���

(34)
where� is a hyper-parameter between source classi�er and
conditional domain discriminator, and note thath = ( f ; g)
is the joint variable of domain-speci�c feature representa-
tion f and classi�er predictiong for adversarial adaptation.
As a rule of thumb, we can safely setf as the last feature
layer representation andg as the classi�er layer prediction.

The pipeline of CDAN is shown in �g. 8.

Figure 8. Architectures of Conditional Domain Adversarial Net-
works (CDAN) for domain adaptation, where domain-speci�c fea-
ture representationf and classi�er predictiong embody the cross-
domain gap to be reduced jointly by the conditional domain dis-
criminatorD .

3.7. Domain­Symmetric Networks for Adversarial
Domain Adaptation (SymNet)

Recently, impressive progress is made recently by learn-
ing invariant features via domain-adversarial training of
deep networks. In SymNet [21], a novel adversarial learn-
ing method is introduced. It is composed of two-level do-
main confusion scheme, where the category-level confusion
learning and the domain-level confusion learning are up-
dated by each other iteratively.

Given a deep neural network that is composed of convo-
lutional and fully-connected(FC) layers, the domain confu-
sion method uses the lower convolutional layers as the fea-
ture extractorG and upper FC layers as the task classi�erC.
The domain discriminatorD , which is in parallel withC, is
added on top ofG to distinguish features of samples from

the two domains. Therefore, source classi�cation objective
function is then de�ned by cross-entropy loss in eq. (35).

min
C;G

Etask =
1
ns

n sX

i =1

L s (C (G (x s
i )) ; ys

i ) (35)

Moreover, given the feature representations of different do-
mains extracted byG, we could also learn domain discrim-
inatorD using the following objective in eq. (36)

min
D

Edomain = �
1
ns

n sX

i =1

log (1 � D (G (x s
i ))

�
1
nt

n tX

j =1

log
�
D

�
G

�
x t

j

��
(36)

And with the adversarial learning theory inspired by GAN,
given aD, the domain confusion loss aims to learnG to
maximally “confuse” the two domain. The objective func-
tion of G is then depicted in eq. (37)

min
G

Fdomain =
1
2

Edomain �
1

2ns

n sX

i =1

log (D (G (x s
i ))

�
1

2nl

n tX

j =1

log
�
1 � D

�
G

�
x t

j

��
(37)

Therefore, domain alignment is achieved by learning a do-
main invariantG based on the following adversarial objec-
tive of domain confusion shown in eq. (38)

minG;C Etask (G; C) + � Fdomain (G; D )
minD Edomain (G; D )

(38)

where� is a trade-off parameter.
The overall architecture of SymNet is then shown in

�g. 9

Figure 9. The network architecture for SymNet. It includes a fea-
ture extractorG and three classi�ers ofCs , C t andCst . These
three classi�ers share the same layer neurons.

3.8. Incremental Collaborative and Adversarial
Network for Unsupervised domain adapta­
tion(iCAN)

iCAN [20] is based on the motivation that when learning
domain-invariant features with the recent method DANN,
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some characteristic information from target domain data
may be lost. Meanwhile, the representations at lower blocks
are often low-level features such as corners and edges,
which are expected to be informative for distinguishing im-
ages from different domains. iCAN thereforeproposed
one domain discriminator at each blockin order to learn
domain-informative representations at lower blocks, and
domain-uninformative representations at higher blocks.

iCAN introduced “feature extraction blocks” and “do-
main discriminator blocks” to learn domain-informative
representations and domain-uninformative features sepa-
rately. It then performs a collaborative and adversarial
learning scheme to accommodate the two classi�cation
tasks. In particular, suppose in totalm feature extraction
blocks are used, where each block consists of a group of
CNN layers, iCAN build a domain discriminator after each
block. It also assign a weight� k (k = 1 ; :::; m) for each do-
main discriminator, and automatically optimize the weights
when loss is back-propagated.

Denote� k (k = 1 ; : : : ; m) as the network parameters
before thek-th block, andW k is the parameters of the
domain discriminator at thek-th block. Also, denote the
loss term from a domain discriminator asL D (� ; w) =
1
N

P N
i =1 L D (D (F (x i ; � ) ; w) ; di ). The collaborative and

adversarial learning scheme is shown in eq. (39):

min
� F ;�

L CAN =
m � 1X

k=1

� k min
w k

L D (� k ; w k )

+ � m min
w m

L D (� m ; wm )

s.t.
m � 1X

k=1

� k = � 0; j� k j � � 0

(39)

The overall architecture of the iCAN model is shown in
�g. 10.

3.9. GAN approach–PixelDA GAN

PixelDA GAN (Unsupervised pixel-level domain adap-
tation GAN) [1] has shown competitive results in domain
adaptation. Previous works of DA use a single network that
performs both domain adaptation and image classi�cation,
making the domain adaptation process closely related to the
classi�er architecture. PixelDA assumes that the differences
between the domains are low-level(due to the noise, resolu-
tion, etc.), and it decouples the process of domain adapta-
tion from the process of task-speci�c classi�cation, which
means other classi�cation task could be trained without do-
main adaptation repetition.

PixelDA GAN employ a generative adversarial objective
to encourageG to produce images that are similar to the
target domain images. The generatorG (x s; z; � G ) ! x f

maps a source imagex s to an adapted imagex f . Then this
model is augmented by a discriminator functionD (x; � D )

Figure 10. The overall architecture for iCAN model. Each fea-
ture extraction block consist of a group of CNN layers. Each
Domain Discriminator is composed of several FC layers, which
distinguish which domain each sample belongs to. Each block
Fk ; k = 1 ; :::; m, is followed with a domain classi�erD k in or-
der to learn both domain informative and domain uninformative
features.

that tries to distinguish between fake imagesX f produced
by the generator and the real images from the target do-
mainX t . In addition to the discriminator, the model is also
augmented with a classi�erT (x; � T ) ! ŷ , which assigns
task-speci�c labelŝy to imagesx 2

�
X f ; X t

	
.

The goal of PixelDA is to optimize the following objec-
tive function shown in eq. (40)

min
� G ;� T

max
� D

� L d(D; G) + � L t (G; T) (40)

where� and� are tradeoff parameters, andL d represents
the domain loss

L d(D; G) = Ex t

�
logD

�
x t ; � D

��
+

Ex � ;z [log (1 � D (G (x s; z; � G ) ; � D ))]
(41)

while L t is the task-speci�c loss de�ned by a typical soft-
max cross-entropy loss.

L t (G; T) = Ex s ;y s ;z [ � y s> logT (G (x s; z; � G ) ; � T )

� y s> logT (x s) ; � T ]
(42)

The overall architecture of PixelDA GAN is then shown
in �g. 11

3.10. Extensions­Adversarial Meta­Adaption Net­
works (AMEAN)

In addition to the basic requirements listed in the assign-
ment, we have also done auxiliary experiments on a more
realistic scenery. In practice, our target domain is often
composed of multiple sub-targets implicitly blended with
each other, and the learners could not identify which sub-
target each unlabeled sample belongs to, which is called
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Figure 11. The overall architecture for pixelDA. On the left shows
the overall model structure, while on the right showns the detail
implementation of generator and discriminator components. The
generatorG generates an image based on the inpu of the synthetic
imagexs and a noise vectorz. The discriminatorD discriminates
between the real and the fake images. The task-speci�c classi�er
T assigns labelsy to an input image.

the Blending-target Domain Adaptation(BDTA) scenario.
In this section, we will brie�y introduce the AMEAN [2]
approach on BTDA. AMEAN is coupled of two adversarial
learning processes, which are parallely executed to obtain
domain-invariant features by transferring data from source
S to mixed targetT , which is composed ofk “meta-sub-

targets”
n

T̂j

o k

j =1
.

SupposeC is the softmax classi�er on the transferable
feature space, andF denotes the feature extractor we are to
optimize in the BTDA scenarios. Inspired by GAN, we also
employ a source-target domain discriminatorD st to deploy
an adversarial learning scheme, whereF is trained to match
a source setS and a mixed target setT at the feature level,
while D st is demanded to separate the source and the target
features.

The pure source-to-target transfer is blind to the domain
gaps and category misalignment amongfT j gk

j =1 , which
makes the transfer suffer. AMEAN introduced an unsu-
pervised meta-learner trained to obtaink embedded clusters
as the “meta-sub-targets”, which automatically and dynami-
cally outputs multi-target adversarial adaptation loss to min-
mize the category mismatchin inside the mixed targetT .

The overall pipeline of AMEAN is then shown in �g. 12.

4. Experiments and Results

4.1. Dataset

Of�ce-Home This dataset consists of 65 categories of of-
�ce depot from 4 domains (i.e., A: Art, C: Clipart, P: Prod-
uct, R: Real-World). The size of different domain data is
shown in table 1.

For traditional methods, we use the 2048-dim ResNet50
deep learning features of all images. For deep
learning methods, we process the raw images, which
can be downloaded fromhttp://hemanthdv.org/

Figure 12. The learning pipeline of Adversarial Meta-Adaption
Network (AMEAN). It receives source samples with ground truth
and unlabeled samples drawn from an unknown target mixture to
synchronously execute two transfer learning processes.

OfficeHome-Dataset/ .

Table 1. Size of different domain datasets

Domain Description Size

A Art 2426
C Clipart 4346
P Product 4438
R Real World 4356

The experiment consists of three domain
adaptations:A! R, C! R, and P! R. The visualiza-
tion of the distribution of these three datasets are shown in
�g. 13, �g. 14, �g. 15.

(a) A! R source distribution (b) A! R target distribution

Figure 13. The visualization of dataset distribution in task A! R
usingt-SNE

(a) C! R source distribution (b) C! R target distribution

Figure 14. The visualization of dataset distribution in task C! R
usingt-SNE
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(a) P! R source distribution (b) P! R starget distribution

Figure 15. The visualization of dataset distribution in task P! R
usingt-SNE

4.2. Experiment Procedure

1. Using the 2048-dim ResNet50 deep learning features
or the raw images, for each of these three domain adap-
tation tasks (A! R, C! R, P! R), we get the labeled
source dataset and the unlabeled target dataset.

2. In X! R settings (X can be A, C or P), we use unsu-
pervised traditional methods or deep learning methods
to achieve the domain adaptation task.

3. For traditional methods, we use SVM classi�er to get
the �nal classi�cation results on the target dataset. For
deep learning methods, we build simple neural net-
works (usually some fully connected layers) to test our
model.

4.3. Settings and Results of traditional methods

4.3.1 SVM (baseline)

For better showing the effect of domain adaptation methods,
we choose SVM as our accuracy baseline. In SVM, we just
regard source domain as our training set, and target domain
as our testing set. In other words, we do not have an adapta-
tion progress, think both domains in the same distribution.
The result of SVM is shown as table 2 and �g. 16.

Table 2. The accuracy of baseline method SVM, without any do-
main adaptation method. the corresponding parameters are given,
too.

Task Optimal Accuracy Kernel C

A! R 0.743342 Linear 1.0
C! R 0.647153 Gaussian 1.0
P! R 0.742195 Gaussian 1.0

4.3.2 TCA

In this sub-experiment, we choose SVM with linear kernel,
C=1 as our classi�er to get the accuracy. The dimension of
projected data is 256 and the results are shown as table 3

The visualization results of t-SNE are shown in �g. 17.

Figure 16. The target domain classi�cation result of SVM, visual-
ized usingt-SNE. Each color represents each category of samples.
From left to right, the sub�gure is from task A! R, C! R, and
P! R.

Table 3. The accuracy of TCA in three tasks

Task Optimal Accuracy

A! R 0.733012
C! R 0.616621
P! R 0.676538

Figure 17. The target domain classi�cation result of TCA, visual-
ized usingt-SNE. Each color represents each category of samples.
From left to right, the sub-�gure is from task A! R, C! R, and
P! R.

TCA can be one of the earliest (oldest) proposed meth-
ods. However, TCA still performs better than the following
method like BDA and CORAL in this dataset. TCA gets the
accuracy under baseline in all three tasks.

4.3.3 GFK

In this sub-experiment, we choose SVM with linear kernel,
C=1 as our classi�er to get the accuracy. The dimension of
projected data is 512. The results are shown in table 4.

Table 4. The accuracy of GFK in three tasks

Task Optimal Accuracy

A! R 0.660468
C! R 0.589991
P! R 0.696740

The visualization results of t-SNE are shown in �g. 18.
For dataset Of�ce-Home, GFK's performance is poor,

which means this kernel is not suitable for distriution of
Of�ce-Home.

4.3.4 CORAL

CORAL needs no hyper-parameters, which is the biggest
advantage of CORAL. As [14] shows, The regularization
parameters� has little in�uence on the �nal result. Our

11



Figure 18. The target domain classi�cation result of GFK, visual-
ized usingt-SNE. Each color represents each category of samples.
From left to right, the sub-�gure is from task A! R, C! R, and
P! R.

experimental result for three tasks and the visualization of
the result is shown as table 5 and �g. 19.

Table 5. The accuracy of CORAL in three tasks

Task Optimal Accuracy Parameters

A! R 0.648531 -
C! R 0.581497 -
P! R 0.684803 -

Figure 19. The target domain classi�cation result of CORAL, vi-
sualized usingt-SNE. Each color represents each category of sam-
ples. From left to right, the sub-�gure is from task A! R, C! R,
and P! R.

As the result shows, CORAL performs pretty badly. Ac-
tually CORAL is the second worst among our all traditional
methods. The accuracy of three tasks is all well under the
baseline SVM especially task A! R. We guess that CORAL
is inherently inappropriate for no-deep models. However, as
[14] mentioned, deep CORAL performs much better than
CORAL, which is also included in our experiments.

4.3.5 BDA

For this sub-experiment, we use the 1NN classi�er after the
projected data is derived. The dimension of projected space
is 256 and the kernel is linear. The experimental results of
BDA are shown in table 6.

Table 6. The accuracy of BDA in three tasks

Task Optimal Accuracy

A! R 0.648072
C! R 0.579201
P! R 0.668274

The visualization results using t-SNE are shown in
�g. 20.

Figure 20. The target domain classi�cation result of BDA, visual-
ized usingt-SNE. Each color represents each category of samples.
From left to right, the sub-�gure is from task A! R, C! R, and
P! R.

As we can see from the results, BDA performs even
worst. The baseline method SVM outperforms BDA on
all the three tasks. While BDA does have satisfying
performance on other domain adaptation dataset such as
Mnist! USPS. We guess Of�ce-Home dataset just might be
too hard for BDA to handle. On the other hand, the exten-
sively extension of BDA, MEDA, actually performs quite
well on this dataset.

4.3.6 SA

For this sub-experiment, we use the logistic regression after
the projected data is derived. The dimension of projected
space is 512. The experimental results of SA are shown in
table 7.

Table 7. The accuracy of SA in three tasks

Task Optimal Accuracy

A! R 0.745638
C! R 0.632461
P! R 0.712351

The visualization results using t-SNE are shown in
�g. 21.

Figure 21. The target domain classi�cation result of SA, visual-
ized usingt-SNE. Each color represents each category of samples.
From left to right, the sub-�gure is from task A! R, C! R, and
P! R.

As we can see from the results, SA perform a lot better
than the previous methods on all three tasks. Compared
with other methods, SA could better explore the invariant
feature space between the source and the target dataset on
“Of�ce-home”.
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