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Abstract

1 Introduction

In this project, we survey traditional and deep learning-based domain adaptation methods, evaluate
and analyze their performance on the Office-Home dataset [9]. We select BDA [11], CORAL [7],
TCA [5], KMM [3], SA [1], JDA [4] for traditional methods and Deep CORAL [6], DaNN [2] and
DDC [8] for deep learning-based methods. The report is organized as follows: Section 2 introduces
the domain adaptation methods surveyed in the project, organized into two categories: traditional
and deep learning-based; Section 3 introduces the Office-Home dataset and present the performance
(with our analysis) of each method on the dataset.

2 Methods

2.1 Traditional Methods

2.1.1 BDA

Balanced Distribution Adaptation (BDA)[11] solves the transfer learning problem by adaptively
minimizing the marginal and conditional distribution discrepancy between domains, and handle the
class imbalance problem.

The mathematical formulation of BDA is given as follows. Given a labeled source domain
{xsi , ysi}ni=1, an unlabeled target domain {xtj}mj=1, and assume the feature space Xs = Xt, la-
bel space Ys = Yt but marginal distributions Ps(xs) 6= Pt(xt) with conditional distributions
Ps(ys|xs) 6= Pt(yt|xt). BDA aims to minimize the discrepancies between: (1) Ps(xs) and Pt(xt),
(2) Ps(ys|xs) and Pt(yt|xt). Specifically, this refers to minimizing the distance

D(Ds,Dt) ≈ (1− µ)D
(
Ps(xs), Pt(xt)

)
+ µD

(
Ps(ys|xs), Pt(yt|xt)

)
(1)

where µ ∈ [0, 1] is a balance factor. When µ → 0, it means the datasets are more dissimilar, so
the marginal distribution is more dominant; when µ→ 1, it reveals the datasets are similar, so the
conditional distribution is more important to adapt.

In order to compute the marginal and conditional distribution divergences, BDA adopts maximum
mean discrepancy (MMD) to empirically estimate both distribution discrepancies.
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2.1.2 CORAL

CORrelation ALignment (CORAL)[7] performs second-order feature alignment on the source and
target domain. It transforms the data distribution in the source domain in an unsupervised manner. It
is a simple yet effect method for unsupervised domain adaptation.

The mathematical formulation of CORAL is given as follows. Suppose we are given source-domain
training samples DS = {~xi}, ~x ∈ RD with labels LS = {yi}, y ∈ {1, . . . , L}, and the target data
DT = {~ui}, ~u ∈ RD. Here both ~x and ~u are D-dimensional feature representations φ(I) of input I .
Suppose CS and CT are the feature vector covariance matrices.

To minimize the distance between the second-order statistics (covariance) of the source and target
features, we apply a linear transformation A to the original source features and use the Frobenius
norm as the matrix distance metric:

min
A
‖CŜ − CT ‖

2
F = min

A
‖A>CSA− CT ‖2F (3)

where CŜ os the covariance of the transformed source features DSA and ‖ · ‖2F denotes the matrix
Frobenius norm. The intermediate derivations and proofs are omitted in this report. We only show a
compact version of the whole algorithm in Alg. 1.

Algorithm 1: CORAL for Unsupervised Domain Adaptation
1 Input Source Data DS , Target Data DT ;
2 Output Adjusted Source Data D?

S ;
3 CS = cov(DS) + eye(size(DS , 2));
4 CT = cov(DT ) + eye(size(DT , 2));
5 DS = DS ∗ C−0.5S ;
6 D?

S = DS ∗ C0.5
T

2.1.3 Transfer Component Analysis (TCA)

TCA [5] tries to learn some transfer components across domains in a Reproducing Kernel Hilbert
Space (RKHS) using Maximum Mean Discrepancy (MMD). In the subspace spanned by these transfer
components, data distributions in different domains are close to each other.
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)
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)
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Similar to kernel Fisher discriminant (KFD), the solution of W is the eigenvectors corresponding to
the m leading eigenvalues of(I + �KLK ) � 1KHK , where at mostn1 + n2 � 1 eigenvectors can
be extracted.

2.1.4 Kernel Mean Matching (KMM)

Unlike previous work, KMM [3] infers the resampling weight directly by distribution matching
between training and testing sets in feature space in a non-parametric way. account for the difference
betweenPr(x; y) andPr0(x; y) by reweighting the training points such that the means of the training
and test points in a reproducing kernel Hilbert space (RKHS) are close.

Speci�cally, reweighting coef�cients� can be obtained by solving following QP optimization
problem:
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Once we estimate the reweighting coef�cients, we can directly use them in learning algorithms such
as SVM:

minimize�;�
1
2

k� k2 + C
mX

i =1

� i � i

subject toh� (x i ; yi ) � � (x i ; y) ; � i � 1 � � i =� ( yi ; y) for all y 2 y; and� i � 0

2.1.5 SA

SA (subspace alignment) [1] tries to “align” the subspaces of the source and target domains. The
subspaces are formed by dimensionality reduction with PCA and denoted by the projection matrices
X S (for source domain) andX T . SA wishes to �nd a matrixM � that minimzes the difference
betweenX S andX T , represented by the Bregman matrix divergence:

M � = arg min
M

jjX SM � X T jj2
F

which has a trivial solutionM = X T
S X T . GivenM � , the source domain data are projected into the

target aligned source coordinate system, denoted by the projection matrixX a = X SM � , which has
been “aligned” with the target domain subspace. The target domain data is projectde into the target
domain subspace withX T , after which an SVM can be directly learned. The algorithm is given in
Algorithm 8.

A similarity A matrix can also be constructed to facilitate the use of KNN:

Sim(yS ; yT ) = ( ySXSM � )(yT X T )T = ySX SM � X T
T yT

T = ySAyT
T
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Algorithm 2: SA algorithm

1 Input: S source domain data,T target domain data,L S source domain label,d subspace
dimension

2 Output: predicted target labelsL T
3 X S  PCA( S; d)
4 X T  PCA( T; d)
5 X a  X SX T

S X T
6 Sa  SXa
7 TT  TX T
8 L T  Classi�er( Sa ; TT ; L S )

2.1.6 JDA

JDA (Joint Distribution Adaptation) [4] can be viewed as a generalized version of TCA. Let the set of
all labels bef 1; 2; : : : ; Cg andD (c)

s be the set of samples of classc in the source data. We generate
pseudo labels for samples from the target domain data with some base classi�ers like SVM or even
TCA to form the setsD (c)

t for target domain. The optimization target is the MMD distance between
the class-conditional distributionsQs(xs jys = c) andQt (x t jyt = c).
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The �nal optimization problem is

minimize
CX

c=0

tr( AT XM cX T A) + � kAk2
F

subject to AT XHX T A = I

Borrowing notation from Section 2.1.3,M 0 = L in TCA. It is obvious that TCA is a special case of
JDA whenC = 0 .

2.2 Deep Learning Methods

2.2.1 Deep CORAL

Deep CORAL[6] is an extension of CORAL which aims to learn a nonlinear transformation that
aligns correlations of layer activations in deep neural networks. The mathematical formulation of
Deep CORAL is given as follows.

Suppose we are given source-domain training examplesDS = f x i g; x 2 Rd with labelsL S =
f yi g; y 2 f 1; : : : ; Lg, and unlabeled target dataDT = f u i g; u 2 Rd. Suppose the number of source
and target data arenS andnT respectively. Here bothx andu are thed-dimensional deep layer
activations� (I ) of input I that we are trying to learn. SupposeCS andCT are the feature vector
covariance matrices. The author de�ned the CORALloss as the distance between the second-order
statistics (covariances) of the source and target features:

L CORAL =
1

4d2
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wherek � k2
F denotes the matrix Frobenius norm. The covariance matrices of the source and target

data are given by

CS =
1
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�
(5)
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�
(6)

To enable end-to-end learning, the overall loss can be divided into two parts. One is the classi�cation
loss, and the other is the CORAL loss.

L = L CLASS + � � L CORAL (7)

Figure 1 shows a sample Deep CORAL architecture based on a CNN with a classi�er layer.

Figure 1: Sample Deep CORAL architecture based on a CNN with a classi�er layer.

2.2.2 Domain Adaptive Neural Networks (DaNN)

DaNN [2] is a variant of the standard feed forward neural network. This model incorporates the
Maximum Mean Discrepancy (MMD) measure as a regularization in the supervised learning to
reduce the distribution mismatch between the source and target domains in the latent space. By using
such a regularization, they aim to train the network parameters such that the supervised criterion
is optimized and the hidden layer representations are encouraged to be invariant across different
domains.

Given the labeled source data
n

x ( i )
s ; y ( i )

s

o

i =1 ;:::;n s

, and the unlabeled target data
n

x ( j )
t

o

j =1 ;:::;n t

,

the loss function of a single layer DaNN is given by:
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Notice that MMD is a non-parametric probability distribution distance measure, and this work is the
�rst study to use MMD in neural networks. The idea of DaNN is very similar with TCA, but with
neural network instead of traditional optimization methods.

2.2.3 DDC

DDC (Deep Domain Confusion) [8] works within the framework of Deep Coral (Section 2.2.1)
and, instead of coral loss, MMD loss is used. “A lower dimensional, `bottleneck,' adaptation layer”
is added before the �nal FC layer, because “a lower dimensional layer can be used to regularize
the training of the source classi�er and prevent over�tting to the particular nuances of the source
distribution.” The MMD loss is placed on top of the “bottleneck” layer “to directly regularize the
representation to be invariant to the source and target domains.” The DNN architecture is shown in
Figure 2.

Figure 2: DDC DNN architecture

The �nal loss is

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

where the MMD loss is given by

MMD( X S ; X T ) =
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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.

The objective outlined in is easily represented by this convolutional neural network where MMD is
computed over minibatches of source and target data. We simply use a fork at the top of the network,
after the adaptation layer. One branch uses the labeled data and trains a classi�er, and the other
branch uses all the data and computes MMD between source and target.

After �ne-tuning this architecture, owing to the two terms in the joint loss, the adaptation layer
learns a representation that can effectively discriminate between the classes in question due to the
classi�cation loss term, while still remaining invariant to domain shift due the MMD term. Such a
representation will thus enable increased adaptation performance.
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3 Experiments

In this section, we �ll �rst introduce the dataset we used, and the baseline we adopted. We will explain
the experimental procedure, results and analysis of different domain adaptations in this section. Some
of our codes are adapted from the Github repository transferlearning.

3.1 Dataset

The Of�ce-Home dataset[10] is created to evaluate domain adaptation algorithms for object recogni-
tion using deep learning. It consists of images from 4 different domains: Artistic images, Clip Art,
Product images and Real-World images. For each domain, the dataset contains images of 65 object
categories found typically in Of�ce and Home settings.

In experiments, we used the raw image version1 of the dataset in deep learning methods. However, we
used the 2048-dim ResNet-50 deep learning features of all images2 in traditional domain adaptation
methods. The number of images in each domain is shown in Table 1.

Table 1: Number of images in each domain.

domain Art (A) Clipart (C) Product (P) RealWorld (R)

#images 2426 4346 4438 4356

As is mentioned in the requirements of this project, we only conducted experiments in the following
three settings –i.e. (1) Art! RealWorld, (2) Clipart! RealWorld, and (3) Product! RealWorld. For
simplicity, we abbreviated them as A! R, C! R, and P! R.

3.2 Baseline

Before using domain adaptation methods, we �rst applied SVM with rbf kernel directly, and used
the results as a baseline. More speci�cally, we used deep features in domain X (X2{A,C,P}) as the
training data, and tested the well-trained SVM on domain R. The accuracy of the baseline method
SVM is shown in 2. The numbers in the table corresponds to the accuracy on the RealWorld domain.
We tried differentC and selected the best results as the baseline (bold numbers in the table). We used
the deep features for training and testing without any preprocessing.

Table 2: The accuracy of baseline method SVM on the target domain. We tried differentC and
selected the best results as the baseline. We used the deep features without any preprocessing.

C 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

A! R 27.2% 46.2% 57.8% 64.1% 67.5% 69.9% 71.7% 73.1% 73.9%74.4%
C! R 41.7% 56.0% 59.8% 61.4% 62.6% 63.3% 63.9% 64.3% 64.6%64.9%
P! R 61.2% 70.3% 71.7% 72.3% 72.8% 72.8% 72.9% 73.0% 73.0%73.0%

3.3 CORAL

In this part, we reported the experimental results of CORAL for domain adaptation. One advantage
is that CORAL needs no hyper-parameters. Since CORAL only transforms the source-domain data
using a linear transformation, the transformed data has the same dimension as the raw data. Table 3
shows the classi�cation accuracy on the target domain using the transformed data using CORAL.
Since there is not any hyper-parameter for tuning, we only tested on differentC in SVM. Note that
the SVM used the rbf kernel, which kept the same as the setting of the baseline.

As is shown in Table 3, the improvement is slight. In other words, from the classi�cation accuracy,
we cannot �nd major improvements. We then analyzed the covariance of the transformed source data
and the target data. Table 4 reports the sum of squared error of the covariance matrix on the source

1http://hemanthdv.org/OfficeHome-Dataset/
2https://pan.baidu.com/s/1qvcWJCXVG8JkZnoM4BVoGg
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Table 3: Classi�cation accuracy on the target domain using the transformed data using CORAL.

C 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

A! R
test acc 26.6% 46.6% 58.3% 64.6% 67.2% 69.5% 71.3% 72.7% 73.6% 73.9%
baseline 27.2% 46.2% 57.8% 64.1% 67.5% 69.9% 71.7% 73.1% 73.9% 74.4%

improvement -0.6% 0.4% 0.5% 0.5% -0.3% -0.4% -0.4% -0.4% -0.3% -0.5%

C! R
test acc 42.7% 57.2% 60.7% 62.6% 63.8% 64.1% 64.2% 64.6% 65.0% 65.1%
baseline 41.7% 56.0% 59.8% 61.4% 62.6% 63.3% 63.9% 64.3% 64.6% 64.9%

improvement 1.0% 1.2% 0.9% 1.2% 1.2% 0.8% 0.3% 0.3% 0.4% 0.2%

P! R
test acc 60.1% 70.5% 72.0% 72.5% 72.8% 72.7% 72.8% 73.0% 73.0%73.1%
baseline 61.2% 70.3% 71.7% 72.3% 72.8% 72.8% 73.1% 73.0% 73.0% 73.0%

improvement -1.1% 0.2% 0.3% 0.2% 0.0% -0.1% -0.3% 0.0% 0.0% 0.1%

domain and that on the target domain. We reportedkCS � CT k2
F for comparison. We could �nd that

the covariance matrices becomes similar after the CORAL transformation.

Table 4: Sum of square errorkCS � CT k2
F

A! R C! R P! R

raw 774.06 980.41 880.95
CORAL 49.33 87.59 67.77

To further demonstrate the similarity in an instinctive way, we visualized the covariance matrix, which
is a 2048 by 2048 square matrix. Figure 3 shows that the covariance matrix of the transformed data
becomes similar to the covariance matrix of the target-domain data. This illustrates the effectiveness
of this algorithm.

3.4 BDA

In this part, we reported the experimental results of BDA for domain adaptation. Since the transfor-
mation in BDA is put on both the source and the target domain, we may choose different transformed
dimensions for comparison. In our experiment, we choose from {32, 64, 128, 256, 512, 1024, 2048}
for comparison with the baseline. We set the hyper-parameter� in this method to be 0.5.

Table 5 shows the result. We found that for each task, there is at least one setting of transformed
dimensionality that surpassed the baseline. This shows that BDA performs quite well on this dataset.

Table 5: Classi�cation accuracy on the target domain using the transformed data using BDA.

dimension 32 64 128 256 512 1024 2048 baseline

A! R 70.3% 74.1% 74.8% 74.3% 74.2% 74.2% 74.2% 74.4%
C! R 63.6% 65.3% 65.7% 65.7% 65.5% 65.5% 65.4% 64.9%
P! R 71.70% 73.80% 73.50% 74.10% 74.20% 74.20% 74.20% 73.0%

3.5 Deep CORAL

In this part, we reported the experimental results of Deep CORAL for domain adaptation. In
experiments, we found that the numerical order ofL CLASS andL CORAL is signi�cantly different,
with L CORAL << L CLASS . Therefore, the coef�cient� before the coral loss should be large to
ensure the decreasing ofL CORAL . We also found that when we trained the network from scratch,
the performance was bad. Therefore, in experiments, we set all the parameters in the backbone as
that pretrained on ImageNet. We �netuned the network for 100 epoch after that.

As is mentioned before, the setting of� is tricky. We observed that in the later period of training, the
numerical order ofL CORAL is very, very small (less than10� 6). So we designed an exponentially
increasing setting of� . This means� (e) is a exponentially increasing sequence, wheree denotes the
number of epoch. Table 6 shows the experimental results with different� settings. As we can see, the
exponentially increasing� will lead to slightly better classi�cation results. The experiments in Table
6 all used the ResNet-50 as the backbone network.
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