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Abstract—Domain adaptation is one of the most common
problems in transfer learning. The purpose is to map the data
from source domain and target domain to a feature space, so
that their distance in the space is minimized. In this report, we
use Office-Home dataset [1] as our dataset, and try traditional
methods (DIP, TCA, SA, CORAL, SGF, GFK, KMM) and
deep learning methods (DAN, Deep Coral, DANN, CDAN) to
do domain adaptation and evaluate the performances of them.

1. Introduction

In this project, we implement several domain adaptation
methods, covering traditional methods and deep learning
methods. The traditional methods we tried are DIP, TCA,
SA, CORAL, SGF, GFK, KMM, and the deep learning
methods we tried are DAN, Deep Coral, DAN, CDAN, 11
methods in total. For each method, we apply the obtained
domain adaptation results into the SVM classifier to evaluate
the performance. For some traditional methods, we also use
t-SNE to do the visualization to see the data distribution.
Based on the results, we give our analyses and make some
comparisons.

The remainder of this paper starts with the illustration
of the principles of domain adaptation methods, followed
by the statement of the procedures and results of our exper-
iment. At the end of this paper, we give the conclusion of
our experiment.

2. Traditional methods

2.1. Domain Invariant Projection (DIP)

The purpose of DIP [2] is to achieve invariance, which is
that classifier trained in the source domain performs equally
well in the target domain. We try to find a projection that
minimizes a distance metric between the two distributions.

Suppose X, = [@},--,@?] to be the D x n matrix
containing n samples from the source domain and X =
[a:%, Sy w@”} to be the D X m matrix containing m samples
from the target domain. We want to find a D X d projection
matrix W, such that the distributions of the source and

target samples in the resulting d-dimensional subspace are
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as similar as possible. DIP measures the distance between
these two distributions with the MMD.
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where ¢(-) maps samples from R” to the high-dimensional
RKHS H.
Then we get the optimization problem:

min D? (WX, W'X,)
w
s.t. W'wW =1,

where the constraints enforce W to be orthogonal. Such
constraints prevent our model from wrongly matching the
two distributions by distorting the data.

The MMD in the RKHS #H can be expressed in terms
of a kernel function &(-, -). In particular here, we exploit the
Gaussian kernel function, thus, the objective function is:
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The Egs. 3 can be computed efficiently in matrix form as
D* (WX, ,W"'X,) =Tr (KwlL) 4)
K K,
h Kuvw — 8,8 s, e R(77,+7n,)><(n+m) , and
where Kw [ K., K., } an
1/n? ,j €S
Lij = 1/m2 1,] € T
—1/(nm)  otherwise.

Thus the optimization problem Eq.1 can be rewritten as:
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e r(Kwl)

5
st. Wiw =1, ©)



2.2. Transfer Component Analysis (TCA)

Based on the inputs {zg, } and outputs {yg,} from the
source domain, and the inputs {z 1, } from the target domain,
our task is to predict the unknown outputs {yr, } in the target
domain. We attempt to find a common latent representation
for both Xg and X7 that preserves the data conguration
of the two domains after transformation. Let the desired
nonlinear transformation be ¢ : X — H. Let

X‘/g - {x{g'} - {¢ (xsi)} ’Xéj = {‘T/Tu} = {d) (xTi)}

and X’ = X§ U X/, be the transformed input sets from the
source, target and combined domains, respectively. Then, we
desire that P’ (X§) = Q' (X7).

Assume that ¢ is the feature map induced by a universal
kernel. Using MMD shown in Eq. 2, the distance between
the two distributions P and Q can be empirically measured
by the (squared) distance between the empirical means of
the two domains:
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Assume that P # Q, but P(Ys|¢(Xg)) =
P (Yr | ¢ (X)) under a transformation mapping ¢ on the
input.

Decompose K as (KK ~1/2) (K‘l/QK). (n1 + ng)xm
matrix W transforms the corresponding feature vectors to a
m-dimensional space. In general, m < ni + no. Then the
resultant kernel matrix ! is

K= (KK—WW) (W/TK—UQK) —KWWTK (7)

where W = K—1/2|) ¢ R(mtnz)xm [y particular, the cor-
responding kernel evaluation of k£ between any two patterns
x; and x; is given by

k(xi,x;) = k; WWTk;wj 8)

where ky = [k (z1,2) ...,k (Tp,in,, 2)] | € RMTN2,
Hence, the kernel k in (6) facilitates a readily parametric
form for out-of-sample kernel evaluations.
Moreover, using the definition of K in (5), the distance
between the empirical means of the two domains can be
rewritten as

Dist (X4, X7) = tr (KWW K) L)
T (€))
= tr (W KLKW)

The kernel learning problem for domain adaptation then
reduces to:

miny tr (rWTW) + ptr (WTKLKW)

st. W KHKW =1 (10)

2.3. Subspace Alignment (SA)

Rather than working on the original data themselves, SA
handles more robust representations of the source and target
domains and learns the shift between these two domains.
First, transform every source and target data in the form of
a D-dimensional z-normalized vector. Then, select for each
domain d eigenvectors corresponding to the d largest eigen-
values using PCA. These eigenvectors are used as bases of
the source and target subspaces, respectively denoted by Xg
and X7 (Xg,Xp € RP*?). X{ and X/ are orthonormal
and X g and X are used to learn the shift between the two
domains.
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Figure 1: SA

SA suggests to project each source (Ys) and target (y)
data (where ys,yT € R™P ) to its respective subspace
Xg and Xp. Then, learn a linear transformation function
that aligns the source subspace coordinate system to the
target one using a subspace alignment approach, so that we
can compare source and target samples in their respective
subspaces without unnecessary data projections. Align basis
vectors by using a transformation matrix M from Xg to Xr.
M is learned by minimizing the following Bregman matrix
divergence:

F(M) = | XsM — Xr||7 (11)
M* = argmin,;(F(M)) (12)
where || - ||% is the Frobenius norm. Then obtain a simple

solution of Eq. 12 in closed form. Because the Frobenius
norm is invariant to orthonormal operations, we can rewrite
Eq. 11 to:
2 2
F(M) = [ XsXsM = XgXr|p = M — Xs X7y ;
(13)
In order to compare a source data ys with a target data
YT, we need a similarity function Sim (Ys, Y1) defined as
follows:
Sim (ys,y1) = (YsXsM*) (y1X1)" = Ys Xs M* X7y
= ysAyT
(14)
where A = XgX¢XrX/}. We use Sim (Ys, yT) directly to
perform a k-nearest neighbor classification task.

2.4. Correlation Alignment (CORAL)

The difference between DIP and CORAL is that,
DIP aims at aligning first-order information and CORAL



aims at aligning second-order information. More concretely,
CORAL aligns the distributions by re-coloring whitened
source features with the covariance of the target distribution.
The only computations it needs are (1) computing covari-
ance statistics in each domain and (2) applying the whitening
and re-coloring linear transformation to the source features.

Suppose we are given source domain training sam-
ples X, = [x{,x5,...,X3 ], and target data X, =
[xi,%5,...,x, |. Suppose C,,C, are the feature vector
covariance matrices. To minimize the distance between the
second-order statistics (covariance) of the source and target
features, a linear transformation A is applied to the original
source features and the Frobenius norm can be used as the
matrix distance metric:

)és - CtHi = min [ ATC,A - clt  as

min
A

where és is the covariance matrix of ATX,, and C, =
U, Ul c,=uU, ,UT.
The optimal solution of A is

A*=U, ;%UzUt[lzr] t[l:r]%Ut[lzr]T, (16)

where r = min (rank (Cy) ,rank (C;)). After obtaining A*,
use A*T' X as the source domain training samples and target
data remains the same.

2.5. Geodesic Flow Kernel (SGF)

SGF attempts to identify potential intermediate domains
between the source and target and learn the information they
convey about domain changes.

Let X = {z; 1N:11 € RY denote data from the source
domain pertaining to M categories or classes and y; €
{1,2,3,... M} denote the label of z;. Assume that the
source domain is mostly labeled. Further assume that all
categories have some labeled data. Let X = {7;} 1% € RN
denote unlabeled data from the target domain corresponding
to the same M categories. Let S7 and S denote generative
subspaces of dim®> N x d obtained by performing principal
component analysis PCA on X and X respectively, where
d<N.

Figure 2: SGF

By viewing Gy 4 as a quotient space of SO(N), the
geodesic path in Gy g starting from S; is given by a one-
parameter exponential flow: ¥ (') = Q exp (¢ B) J, where

exp refers to the matrix exponential, and Q) € SO(N) such

I

that Q7S = J and J = ¢
at Q' S an On—aa
matrix, and B is a skew-symmetric, block-diagonal matrix

T

of the form B = _OA ft , A e RIN=d)xd where the
superscript 1" denotes matrix transpose, and the submatrix

A specifies the direction and the speed of geodesic flow.
The key problem in SGF is to obtain meaningful inter-
mediate subspaces on the geodesic path between S; and Ss.
Compute the direction matrix A using inverse exponential
mapping and then use U (¢') to obtain intermediate sub-
spaces between S; and S>. We now model the information
conveyed by S’ on X and X to perform recognition across

domain change. The details are shown in Alg. 1.

. I is a d x d identity

Algorithm 1: Algorithm for computing the expo-
nential map, and sampling along the geodesic

1 Given a point on the Grassmann manifold .S; and a
0 AT
—-A 0
2 Compute the N x N orthogonal completion ) of
S
3 Compute the compact SVD of the direction matrix
A=V,0V;
4 Compute the diagonal matrices I" (¢') and X (¢')
such that ~; (¢') = cos (t'6;) and
o; (t') = sin (¢'0;) , where ¢ s are the diagonal
elements of ©
VAT (')

s Compute U (¢') = Q V3 (¢
—Va
values of ¢’ € [0, 1]

tangent vector B =

) ) , for various

2.6. Geodesic Flow Kernel (GFK)

The main idea behind GFK is to explicitly construct
an infinite-dimensional feature space H° that assembles
information on the source domain Dg, on the target domain
Dy, and on "phantom"domains interpolating between those
two. Inner products in H°° give rise to a kernel function that
can be computed efficiently in closed form. Therefore, GFK
can be readily used to construct any kernelized classifiers.
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Figure 3: GFK

GFK consists of following 4 steps:

o determine the optimal dimensionality of the subspaces
to embedded domains;

« construct the geodesic curve;



o compute the geodesic flow kernel;
« use the kernel to construct a classifier with labeled data.

Let Ps,Pr € RP*d denote the two sets of basis
of the subspaces for the source and target domains. Let
Rs € RP*(P=4) denote the orthogonal complement to P,
R%Ps = 0. Using the canonical Euclidean metric for the
Riemannian manifold, the geodesic flow is parameterized
as :te€0,1] - (t) € G(d,D) under the constraints

(0) = Ps and (1) = Py. For other ¢
(t) = PsU, (1) -

RsU, (1) (17)

where U; € R¥*d and U, € R(P~Dx*d are orthonormal
matrices.

For two original D-dimensional feature vectors x;
andx;, we compute their projections into  (t) for a contin-
uous ¢ from O to 1 and concatenate all the projections into
infinite-dimensional feature vectors 27 and z7°. The inner
product between them defines our geodesic-flow kernel

1
o0 oo T
(2°, 25 >:/ ( ) z:) ( (t)Ta:j) dt = x] Gx;
0
(18)
where G € RP*P is a positive semidefinite matrix and
can be computed in a closed-form from previously defined
matrices:

G=| PsU; RsU, ]{ ; 2 } { UERE
(19)
where 1 to 3 are diagonal matrices, whose diagonal
elements are
sin (26;) cos (260;) — 1 sin (26;)
)\11 =1+ 201 )\21 - 291 7)\31 =1 20,
(20)

2.7. Kernel Mean Matching (KMM)

KMM utilizes the availability of unlabeled data to direct
a sample selection de-biasing procedure for various learning
methods. It accounts for the differences between source
domain and target domain by reweighting the source domain
samples such that the means of the training and test points
in a reproducing kernel Hilbert space (RKHS) are close. The
intuitive effect of KMM is shown in the Figure 4.

® A positive samples ® A positive samples

® A negative samples

® A negative samples

Qurce / target

the closer to target domain, the higher the weight

Figure 4: KMM

Suppose we are given source domain training sam-

ples X, = [x§,x5,...,x5 |, and target data X, =
[x4,x5, ..., ], the reweighting process can be defined
as:
1 &
d (X, X,)? = . X! 21
(Xa: X Z¢ - ;w @
1) Step I:
RS
I%l_an*Zﬁi(b( - *Z¢ 9N )
' 8 =1
2) Step 2:
minwpe,  3IW[2+CY; BRE
s.t. yi (W (X;)+b) >1-¢&, Vi (23)

3. Deep Learning

3.1. Deep Adaptation Networks (DAN)

DAN is a domain transfer learning method which com-
bines the deep learning and traditional ideas and Figure
5 shows the architecture of DAN. As we can see, DAN
not only needs to minimize the classification loss based on
the source domain training data, but minimizes the distance
between the feature of source domain data and target domain
data by using MK-MMD loss.
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Figure 5: Deep Adaptation Networks

The multiple kernel variant of maximum mean discrep-
ancies (MK-MMD) between probability distribution p and ¢
is the reproducing kernel Hilbert space (RKHS) distance be-
tween the mean embedding of p and q. It can be formalized
as Equation 24. In our cases, ¢ can be a feature map.

di(p,q) = || Eplo(2*)] = Ejlo(a)]]l,,. 29

Therefore, the loss function of DAN can be formalized
as Equation 25. The first term refers to classification loss
while the second term is the MK-MMD loss. D' is the
I*" layer hidden representation for the source and target
examples. A > 0 is a penalty term, while the layers between
[y and [y are affected by the regularizer.

) u8) 4+ A Z (D', DY (25)

=1 = l]_



3.2. Deep Coral

Deep Coral is another domain adaptation method which
combines deep learning and traditional ideas. Coral is tra-
ditional domain adaptation method, whose motivation is
aligning the covariance matrix between source samples and
target samples. Deep coral draws on the idea of coral and try
to align the second order information between feature maps
of source samples and target samples. The architecture of
Deep Coral is shown in Figure 6.
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Figure 6: Deep Coral

Therefore, firstly, Deep Coral defines CORAL loss
which describes the distance of the second order information
between the source domain and target domain in a certain
feature map. Suppose Cg and Cr are the covariance matri-
ces of source domain feature maps and target domain feature
maps, CORAL loss can be formalized as Equation 26, where
X3 7 denotes the squared matrix Frobenius norm.

lcorarL = @ |Cs — Cr|% (26)

Suppose the feature map of source domain training samples
is Dg, while the feature map of target domain unlabeled
samples is Dp. ng and np denotes the number of source
data and target data samples. The covariance matrices can
be further formalized by Equation 27.

1
ns—l
1

anl

1
Cs = (DEDS—EEQTDgﬂfj%D

27

Cr = (DFDr — (17 DF)A" Dr))
T
As we mentioned above, Deep Coral needs to minimize
the classification loss of source domain samples and the
Coral loss between the feature maps of source domain and
target domain, thus, the total loss function can be formalized
as Equation 28, where )\ is a weight that trades off the
classification performance and the ability of adaptation. Too
small A will lead to the overfitting of source domain and
poor performance on target domain while too large A will
project both source domain and target domain data into a
single point.
t
I =lorass + 3 Ailcorar (28)

=1

3.3. Domain Adversarial Neural Network (DANN)

DANN is a domain adaptation learning algorithm which
applies the idea of adversarial learning. The basic idea of
DANN is to train a domain classification model as well
as a label classification model. As Figure 7 shows, the
green part is the feature extractor, the blue part is the label
classifier, and the red part is a domain classifier. The goal
of DANN is to train a powerful feature extractor which can
not only do label classification but also fool the domain
classification and make it can’t distinguish the image from
source domain and target domain. Therefore, there are two
terms in loss function, which are label prediction loss and
domain classification loss. And three parts of the model
have different optimization goals. Specifically, the feature
extractor wants to minimize the label classification loss
and maximize the domain classification loss, the domain
classifier wants to minimize the domain classification loss
while the label prediction part wants to minimize the label
prediction loss. Therefore, DANN designs a gradient rever-
sal layer shown in Figure 7 to meet the require of different
optimization direction between feature extractor part and the
domain classification part.
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Figure 7: Deep Adversarial Neural Network

3.4. Conditional Domain Adversarial Adaptation
(CDAN)

Adpversarial learning is widely used in domain adaptation
area. The basic idea of adversarial learning is to learn a
discriminator to separate the data from source domain and
target domain, while the feature extractor tries to fool the
discriminator, which is equivalent to make the feature maps
of source data and target data undistinguished. Therefore, it
is actually a minimax problem.

However, CDAN claims that there are three problems in
modern adversarial domain adaptation methods as follow:

1) It’s insufficient for us to align the feature maps without
aligning the labels.

2) Discriminator will be fooled and can’t distinguish the
data domain even after converging if the data distribu-
tion is a complex multi-modal structure.

3) Assign the same weight to different samples for dis-
criminator may cause some problems due to some
samples are difficult to transfer.

Regarding the issues mentioned above, CDAN firstly
proposes that feeding the information combined with the



feature map and the label to the discriminator as Figure 8
shows. And there are two competitive terms in the minimax
problem of CDAN:

S(G) = IE(xis,ys)m'Ds‘L (G (Xf) 7y:) (29)

S(Dv G) = _EX?NDS IOg [D (fis7 gf)]
~Bxgop, log [1 - D (fL.g!)]
where G is the source classifier, D is the domain discrimi-

nator, f is the feature map and ¢ is the label prediction. The
minimax game of CDAN is

(30)

ming £(G) — AE(D, G)
minp (D, G)
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Figure 8: Conditional Domain Adversarial Adaptation

And then, CDAN uses the multilinear map f () g instead
of linear map f € g to deal with complex data distribution,
as multilinear map enables manipulation of the multiplica-
tive interaction across multiple random variables. Therefore,

we can reformalized £(D, G) with:
E(D,G) = —Exsp, log [D (T'(h7))] 32)
~ B, log[1 - D(T(h]))

where h = (f,g), and T(g) = f Q) Q.
Moreover, CDAN uses entrophy

c
H(g) = - Z gclo.g(gc)

to represent the uncertainty of prediction, which can be used
to adjust the weight between different samples. Therefore,
finally, the minimax optimization goal of CDAN can be
formalized as Equation 33.

MinE e o) L (G (X), V)
FAExz~p.w (H (97)) log [D (T (h7))]
+Ext~pw (H (95)) log [L = D (T (h))]  (33)
maxByep,w (H (97)) log [D (T'(h7))]
HEsg o, (H (9)) log [1 = D (T (N)
4. Experiments and Results

In this section, we explain our experimental process and
detail the methods we adopted. We also show the results of

different methods and make some analyses and comparisons.

4.1. Dataset

In this project, we use Office-Home dataset [1] as our
domain adaptation dataset, which consists of 65 categories
of office depot from four domains: Artistic images, Clip
Art, Product images, and Real-World images. We conduct
domain adaptation experiments using several algorithms in
the following three settings: Art to Real-world (A — R),
Clipart to Real-world (C — R), and Product to Real-world
(P — R).

4.2. Baseline

In order to observe the effect of domain adaptation on
image classification better, we first perform SVM on the
dataset without domain adaptation, with source domain as
the training set and target domain as the testing set. We tune
the hyperparameter C' to 0.0001, 0.001, 0.01, 0.1 and 1, and
the results are shown in Table 1.

Table 1: Performance of Baseline

ATR CIR PEIR
C=0.0001  43.18%  52.64%  63.66%
C=0.001 65.54%  64.39%  73.30%
C=0.01 7459% 66.92% 74.10%
C=0.1 7447%  65.08%  71.81%
C=1 72.89%  61.98%  70.29%

We also perform t-SNE on the dataset without domain
adaptation to visualize the data distribution. The results are
shown in Figure 9.

(a) source domain (from left to right: A ¥
R)

(b) target domain (from left to right: A ¥ R,C ¥ R, P ¥
R)

Figure 9: The visualization of the original data distribution
(from left to right: A - R, C —+ R, P — R).

4.3. Traditional Methods

4.3.1. DIP. In this experiment, we set the d of D x d
projected matrix W to 200 and 1000 so that features can



be projected into 200-dimensional and 1000-dimensional
subspaces respectively. To test the performance of DIP, we
choose linear SVM and train the classifier on the obtained
projected source domain and test the classification accuracy
on the projected target domain. We tune the hyperparameter
C of SVM to 0.0001, 0.001, 0.01, 0.1 and 1 in order to
achieve the best accuracy. The results are shown in Table 2.

From the results, we can see that it is not the higher
the dimension of the subspace the better the classification
performance. The SVM results shows that when the source
domain is Art, the best accuracy appears in 1000-dim when
C = 1. When the source domain is Clipart, the best
accuracy appears in 1000-dim when C' = 0.1. When the
source domain is Product, the best accuracy appears in 200-
dim when C' = 0.01. The best accuracy appears in higher
dimension is understandable, for the higher dimension saves
more information, which is helpful to improve the ability of
the classifier. However, since the source and target domains
are different, the distance between the source and target
domains may not be necessarily smaller if dimension is
higher. In this case, the best accuracy may appear in lower
dimension.

In order to observe the impact of domain adaptation on
data distribution more intuitively, we use t-SNE to visualize
the projected source and target domains, and the dimension
of the subspace is the the one with the highest classification
accuracy. The visualization results are shown in Figure 10.
The first row is the source domain is Art and the target
domain is Real-world, the second row is the source is Clipart
and the target is Real-world, and the last row is the source
is Product and the target in Real-world. The first column is
the visualization of the original source domain, the second
column is DIP source domain, the third column in the
original target domain, and the last column is DIP target
domain. It can be seen that after domain adaptation, the
distributions of the source and target domains are closer
than the original. However, the classification performance
is not better than baseline, which may be because the
projection process is projecting the original data into a lower
dimensional subspace, which may lose some more detailed
information.

Table 2: Experiment results of DIP

ATR CIR PEIR
dim=200
C=0.001 31.70%  55.96%  65.83%
C=0.01 56.90%  64.61% 73.44%
C=0.1 68.58%  65.85%  73.12%
C=1 70.78%  62.84%  70.92%
dim=1000
C=0.001 3539%  53.98%  60.52%
C=0.01 61.76%  64.54%  69.08%
C=0.1 7037%  66.05%  70.97%
C=1 7207%  64.24%  69.38%

()P ¥R

Figure 10: The visualization of the DIP transformed data
distribution (from left to right: original source domain, DIP
source domain, original target domain, DIP target domain).

4.3.2. TCA. In this experiment, we get kernel from source
domain and target domain data, then based on the kernel
data, we train the D x d projected matrix W where d = 200
and d = 1000. With W, according to Eq. 7, we get K and
do Z-score normalization.

We choose linear SVM to evaluate the efficiency of TCA
domain adaptation. The results are shown in Table 3. We
find that TCA performs better when d = 1000. Observe
the best accuracy of these 3 different source domains, we
find that when Product domain is source domain and Real-
World domain is target domain, SVM works best; when
Cilpart domain is source domain, SVM works worst and this
confirms that Product domain is the most closest domain to
Real-World domain.

In order to observe the impact of domain adaptation on
data distribution more intuitively, we use t-SNE to visualize
the projected source and target domains, and the dimension
of the subspace is the the one with the highest classification
accuracy. The visualization results are shown in Figure 11.
The result looks different from others. We think maybe it
is because we get a high dimensional kernel first and when
we project the data into a low dimensional subspace, it may
lose much information and lead to special shapes when we
do visualization. From Table 13, we find that the result of
TCA is not as good as other methods. Nor the visualization
result looks well neither.

4.3.3. SA. In this experiment, we use linear SVM to do the
classification and the results are shown in Table 4. It shows
that when the source domain is Product the best accuracy
appears at 200-dim, and the other two domain adaptation
settings appear at 1000-dim. The reason is mentioned as
above. We can see that the performance of SA is better
than both DIP and TCA, but does not exceed the baseline.



Table 3: Experiment results of TCA

ATR CIR PER

dim=200

C=0.0001 12.52%  14.14%  22.91%
C=0.001 29.73%  35.13%  42.46%
C=0.01 4593%  42.87%  58.96%
C=0.1 61.58%  57.08%  62.58%
C=1 46.77%  41.93%  53.29%
dim=1000

C=0.0001 12.78%  14.41%  23.34%
C=0.001 29.85%  3571%  49.41%
C=0.01 4748%  53.19%  60.76%
C=0.1 62.24% 61.50% 67.07%
C=1 49.93%  51.53%  56.03%

Figure 11: The visualization of the TCA transformed data
distribution (from left to right: original source domain, TCA
source domain, original target domain, TCA target domain).

We also use t-SNE to visualize the data distribution
of source and target domains and the results are shown
in Figure 12. It shows that the data distribution of source
and target domains becomes more similar after domain
adaptation.

4.3.4. CORAL. In this experiment, we first use CORAL to
fit the source domain data, and then train the SVM classifier
on it. Then we feed the target domain data into the classifier
to see the performance. The results are shown in Table 5. It
shows that when the source domain is A, the best accuracy is
72.98% in 1000-dim when C' = 1. When the source domain
is C, the best accuracy is 67.44% in 1000-dim when C' =
0.1. When the source domain is P, the best accuracy is
74.03% in 1000-dim when C' = 0.01. The reason why low
dimension can achieve better accuracy is same as above.
From the results, we can see that the performance of
CORAL is better than DIP. This is because CORAL uses

Table 4: Experiment results of SA

AIR CEIR PEIR
dim=200
C=0.0001 19.23%  35.56%  49.21%
C=0.001 41.50%  56.85%  65.99%
C=0.01 6491%  6530% 73.67%
C=0.1 7333%  66.33%  73.35%
C=1 7427%  63.19%  71.45%
dim=1000
C=0.0001 18.09%  33.88%  47.12%
C=0.001 37.85%  53.38%  64.86%
C=0.01 64.43%  64.710%  73.24%
C=0.1 7271%  66.49%  73.08%
C=1 74.61%  64.13%  71.56%

(c)P I R

Figure 12: The visualization of the SA transformed data
distribution (from left to right: original source domain, SA
source domain, original target domain, SA target domain).

second-order information so it can express more concretely.
However, the accuracy still does not exceed the baseline. We
also use t-SNE to visualize the data distribution of source
and target domains and the results are shown in Figure 13. It
shows that the data distribution of source and target domains
becomes more similar after domain adaptation.

4.3.5. SGE. Based on the previous experiments, we set
the dimension of the feature subspaces as 1000, and the
hyperparameter C' as 1 in order to save time. The results are
shown in Table 4. It shows that when the source domain is
A, the best accuracy is 70.28%. When the source domain is
C, the best accuracy is 66.72% in 1000-dim when C = 0.1.
When the source domain is P, the best accuracy is 71.80%.
From the results, we can see that the accuracy still does
not exceed the baseline. We also use t-SNE to visualize the
data distribution of source and target domains and the results



Table 5: Experiment results of CORAL

ATR CIR PER

dim=200

C=0.0001 15.72%  3327%  48.49%
C=0.001 33.42%  58.75%  67.92%
C=0.01 58.66%  66.17%  74.03%
C=0.1 69.92%  66.59%  73.98%
C=1 71.03%  64.40%  71.44%
dim=1000

C=0.0001 17.82%  3335%  46.74%
C=0.001 37.67%  60.56%  69.37%
C=0.01 64.73%  65.81%  71.69%
C=0.1 71.01% 67.44%  71.99%
C=1 7298%  65.87%  70.28%

(c)P TR

Figure 13: The visualization of the CORAL transformed
data distribution (from left to right: original source domain,
CORAL source domain, original target domain, CORAL
target domain).

are shown in Figure 12. It shows that the data distribution
of source and target domains becomes more similar after
domain adaptation.

Table 6: Experiment results of SGF

| ATR | CIR | PIR
Accuracy | 70.28% | 66.72% | 71.80%

4.3.6. GFK. In this experiment, we obtain the domain
adaptation data by GFK and then feed them into the linear
SVM to do classification. In GFK, we first train a G' and
calculate X, and X;. We also set dimension as 200 and
1000, and tune hyperparameter C'. The results are shown
in Table 7. It shows that A — R reaches its best accuracy

Figure 14: The visualization of the SGF transformed data
distribution (from left to right: original source domain, SGF
source domain, original target domain, SGF target domain).

when the dimension is 1000, C — R is 200, and P — R is
1000. Only the accuracy of C — R can exceed the baseline.

We also use t-SNE to do visualization, and the visualized
data distribution of the source and target domains are shown
in Figure 15. It shows that the data distribution of source
and target domains becomes more similar after domain
adaptation.

Table 7: Experiment results of GFK

AIR CIR PEIR
dim=200
C=0.0001 62.93%  62.20%  70.80%
C=0.001 68.23%  64.36%  72.20%
C=0.01 72.37%  72.32%  70.18%
C=0.1 63.92%  64.59%  50.03%
C=1 57.03%  61.40%  42.92%
dim=1000
C=0.0001 62.82%  62.18%  70.74%
C=0.001 68.67%  64.56%  72.36%
C=0.01 72.713%  62.80%  71.88%
C=0.1 65.41%  51.09%  51.34%
C=1 5837%  46.89%  46.29%

4.3.7. KMM. In this experiment, we first use KMM to
search the weight for each source domain sample and then
use the obtained weights to adjust the SVM classifier on
target domain. During the SVM process, we found the per-
formance of classification is poor when the hyperparameter
C < 1, so we tune C into a series of values based on
23 and found that the performance becomes better when
C = 512. The results are shown in Table 8. It shows that
A — R reaches the accuracy as 74.38%, C — R reaches






	Introduction
	Traditional methods
	Domain Invariant Projection (DIP)
	Transfer Component Analysis (TCA)
	Subspace Alignment (SA)
	Correlation Alignment (CORAL)
	Geodesic Flow Kernel (SGF)
	Geodesic Flow Kernel (GFK)
	Kernel Mean Matching (KMM)

	Deep Learning
	Deep Adaptation Networks (DAN)
	Deep Coral
	Domain Adversarial Neural Network (DANN)
	Conditional Domain Adversarial Adaptation (CDAN)

	Experiments and Results
	Dataset
	Baseline
	Traditional Methods
	DIP
	TCA
	SA
	CORAL
	SGF
	GFK
	KMM
	Summary

	Deep Learning
	DAN
	Deep Coral
	DANN
	CDAN


	Conclusions

