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ABSTRACT 

Domain adaptation methods aims to improve the accuracy of the target predictive classifier while using the patterns 
from a related source domain that has large number of labeled data. In this paper, we introduce new kernel weight 
domain adaptation method based on smoothness assumption of classifier. We propose new simple and intuitive me-
thod that can improve the learning of target data by adding distance kernel based cross entropy term in loss function. 
Distance kernel refers to a matrix which denotes distance of each instances in source and target domain. We efficient-
ly reduced the computational cost by using the stochastic gradient descent method. We evaluated the proposed method 
by using synthetic data and cross domain sentiment analysis tasks of Amazon reviews in four domains. Our empirical 
results showed improvements in all 12 domain adaptation experiments. 
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1. INTRODUCTION 

Recently, supervised learning algorithms has shown 
great performance due to deep learning algorithms and large 
scale dataset. Unfortunately collecting labeled data for ma-
chine learning model is expensive and time-consuming 
process. Obtaining labeled data is hard, but it may be still 
possible to transfer the knowledge from well-known training 
data to unlabeled data set. However, this approach suffers 
from difference in the data distribution because traditional 
machine learning procedure assumes that training data and 
test data come from an equal distribution.  

Domain adaptation has received recent attention in 
order to build a robust classifier that could be applied to 
different domains. Domain adaptation considers an envi-
ronment that training data and test data are from different 
distributions (Glorot et al., 2011). It considers training 
data from source domain and test data from target domain. 
The purpose of domain adaptation is to build a predictive 
classifier for target domain by utilizing the knowledge in 
source domain. 

There are two approaches to solve the domain adap-
tation problem. The first approach is feature based do-
main adaptation. It aims to find common feature structure 
that can link two different domains for domain adaptation 
(Pan and Yang, 2010). Glorot et al. (2011) conducted a 
study which used stacked marginalized auto-encoder to 
extract common feature between different domains. 
Ganin et al. (2016) used the idea of adversarial training to 
extract the common features that cannot discriminate be-
tween the source and the target domains. Bousmalis et al. 
(2016) suggested domain separation networks that could 
learn the representation which is unique to each domain.  

The second one is instance-based approach. This ap-
proach focuses on revising the training of the classifier by 
adding various terms in loss function. There has been 
researches using importance weight to reweight the la-
beled instances from source domain (Shimodaira, 2000). 
Also there were researches that estimated importance 
weights that are used in instance based domain adaptation 
(Bickel et al., 2009; Sugiyama et al., 2007; Gretton et al., 
2009).  
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Although latest deep learning based approach ex-
tracts the transferrable representation that can be applied 
to source data as well as target data, we will focus on in-
stance based learning approach that could improve the 
performance after the representation leaning phase. 
Therefore, in this research we will assume that common 
feature that is relevant on source and target data is already 
extracted, so we focus on instance based domain adapta-
tion algorithm. 

In this research, we propose new instance-based do-
main adaptation approach by using distance kernel based 
loss function. By adding distance-kernel based cross en-
tropy in loss function, we could train a model that fits 
well in target domain by using the source input data, 
source label data, and target input data. 

2. LITERATURE REVIEW 

Instance based Domain Adaptation approach is most 
based on importance weighting algorithm. Let’s assume 
that we have sN source data s 1 1 2 2D {( , ), ( , ), ( ,

s
l s s s s s

Nx y x y x=
)}

s
s
Ny and tN unlabeled target data t 1 2D { , , , }.

t
u t t t

Nx x x= …  
We construct predictive function θf ( )x  for conditional 
probability ( | ; ).p y x θ The loss function ( , ( ))i il y f x  below, 
denotes cross entropy loss between predicted ( )if x  and 
the label .iy  The empirical risk minimization using la-
beled source data can be written as follows.  
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Since Domain Adaptation doesn’t assume train set 
and test set belong to equal distributions, empirical risk 
minimization isn’t consistent (Shimodaira, 2000). In Do-
main Adaptation setting we want to learn a model that can 
minimize the following equation.  
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Since target data’s labeled data doesn’t exist in this 
settings, we need to use the knowledge of source data in-
stead. Let sp and tp  be the probability density functions 
related to source and target data respectively. We can 
change it to following equation.  
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Therefore, if we estimate the ratio between source 
data and target data (importance weights) in all data spac-

es, we can solve the domain adaptation problems (Shimo-
daira, 2000). 

Importance weight based domain adaptation ap-
proach requires distribution in source and target data to 
calculate importance weight in all samples. However, in 
many real data sets, distribution of target and the source 
data in unknown and therefore it is not easy to estimate 
the importance weights.  

There were several approaches to estimate impor-
tance weight in source and target data. There was ap-
proach by Sugiyama et al. (2007), which used kernel den-
sity estimation between source and target data. Then re-
searchers focused on directly estimating the importance 
weights without estimating source and target data distri-
bution. Bickel et al. (2009) suggested using kernel logis-
tic regression method and an exponential model classifier 
for covariate shift. Sugiyama et al. (2008) estimated im-
portance weight by finding the weight that minimizes 
Kullback-Leibler divergence from the source density and 
the estimated density. Gretton et al. (2009). They sug-
gested Kernel Mean Matching (KMM) method that 
matches covariate distributions between source and target 
sets in a high dimensional feature space. They solved this 
problem by changing it to quadratic problem.  

However, kernel density estimation has to estimate 
the density of the data and then estimate again the impor-
tance weights, but it suffered from curse of dimensionality. 
Rather than estimating the distribution or the importance 
weight, we thought we could directly use the label of the 
source data by using the kernel based similarity.  

3. PROPOSED METHOD 

3.1 Unsupervised Domain Adaptation 

In unsupervised domain adaptation settings, we have 
only labeled data in source datasets. Therefore, following 
the notation in section 2, the empirical loss for source data 
will be given as:  

( ) ( )( )
1

1;
tN

l l s s
s i i

t i
L D l y f x

N θθ
=

= ∑  (1) 

However, the above empirical loss cannot reflect the 
difference between training and test distribution. In most 
covariate shift methods, although this problem was ad-
dressed by introducing importance weight, they needed to 
assume that the support of source distribution contains the 
support of target distribution. 

In this paper, we introduce new kernel weight do-
main adaptation method based on smoothness assumption 
of classifier, which means that similar inputs have similar 
class distributions (LeCun et al., 2015). 
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The kernel weighted loss is defined as follows: 

( ) ( ) ( )( )
1 1

1 1, ; ,
s tN N

u l u s t s t
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s t i j
L D D k x x l y f x

N N θθ
= =

= ∑∑   (2) 

where ( , )k x x′ 	is kernel function of the inputs x and .x′  
Since kernel function is a kind of similarity function, the 
more similar the inputs are, the larger the kernel function 
value of them becomes. We used popular kernel function 
rbf kernel 2( , ) exp( || )k x x qx x′ ′= − − in our metric. This loss 
makes prediction of a target input that resembles true la-
bels of source data depending on the input similarities.  

In unsupervised domain adaptation, we jointly mi-
nimize (1) and (2), and prediction function is learned not 
only to fit the source data but also to utilize source labels 
for target prediction based on kernel weights of source 
and target inputs. Because the kernel weighted loss har-
nesses smoothness assumption, it is necessary to train the 
model with equation (1) when using equation (2). 

From the perspective of kernel density estimation, we 
can see that using kernel weights is related to estimating 
target class with source distribution. Let ˆ ( )p x  be an un-
normalized estimated distribution from data 1{ , , },Nx x…  
then its kernel density estimation is: 

( )
1

ˆ 1 ( )
N

i
i

xp k x x
N =
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Using equation (3), when the binary cross entropy 
loss is used, y |xˆ ( ) f (x)p = + =  and ˆ ( )y |x 1 f (x),p = − = −  
we can represent (2) as follows: 

( ) ( )
( ) ( )( )1

ˆ , log1

ˆ , log 1

t
t tN ss j j

t tt j s j j

p x f x

N p x f x

θ

θ=

⎡ ⎤+⎢ ⎥
⎢ ⎥
+ − −⎢ ⎥
⎣ ⎦

∑   (4) 

where 
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N
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s

s
s s

N
x x N

N
p p−
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number of source data with positive label, and Nୱష is the 
number of source data with negative label. The detailed 
derivation of equation (4) is given in Appendix. The equa-
tion (4) demonstrates the effect of equation (2) that we 
calculate the cross entropy loss with the estimated target 
label from source distribution instead of true target label. 
This equation can be easily extended to multi-class classi-
fication by using cross entropy loss and class probabilities. 

When training the classification model ( ),f x we 
combine the two loss functions (1) and (2) with .γ  

( ) ( )u
t( , ; , ) ; , D ;T l u l l u l

s t s sL D D L D L Dθ γ θ γ θ= +  (5) 

Where γ  is non-negative hyper-parameter adjusting the 
weight between equation (1) and (2).  

While kernel matrix from source and target input, 

s tN N
,K , ( , ),i j i jK k x x×∈ =R  is computed once, the cost of 

computing Loss2 is still high due to evaluating the loss 
function on every example in entire dataset. We disentan-
gle this problem through stochastic gradient descent me-
thod. Instead of updating parameters with entire dataset, 
the parameters are updated with randomly sampled mini 
batch dataset. It can reduce the computational cost and 
converge much faster (LeCun et al., 2015). 

3.2 Semi-Supervised Domain Adaptation 

In our domain adaptation method, we can easily ex-
pand our model to semi-supervised model when l

tN  par-
tial labels of target data are given and there are also few 
unlabeled data in source domain. We denote the labeled 
target dataset as l l

t t

l t t t t
t 1 1 N ND {(x , y ), , (x , y )}= … where lNt ≤

tN  and the unlabeled source dataset as u
s 1 2D { , , ,s sx x= …

}.
s

s
Nx  Using the labeled target dataset l

tD ,  we can add 
two additional loss lL ( )l

tD  and uL ( ),l u
t sD D to equation (5):  
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T
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D D D D
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θ γ
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γ θ γ θ
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 (6) 

where 1 2 3{γ , γ , γ }.=γ  
The combined loss learns the shared prediction func-

tion θf ( )x  which predicts similar class label even if giv-
en similar inputs across domains. 

4. EXPERIMENT 

4.1 Toy Data 

As a first experiment, we examined the proposed 
distance kernel based domain adaptation algorithm on 
the toy data. We wanted to find out similarity based ap-
proach works on intuitive toy examples. We used iso-
tropic Gaussian blobs data which is illustrated in Figure 
1. The black data represents source data, and the mark-
ers O and X represents positive and negative labels re-
spectively. The grey scale data represents target data. In 
this example, the source data and target data distribution 
similar but different. And the distance between samples 
with same label is closer than the other. The results are 
in Table 1. 

As we can see in the Table 1. This problem is not 
easy to transfer the knowledge to source domain to target 
domain, because the baseline algorithm which is based on 
equation (1) is significantly lower than the model trained 
on target dataset. This model will be notated as goal of 
domain adaptation problem, and it can be notated as eq-
uation (7) 
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Our model showed comparable achievement to the 
goal in this toy data. We can conclude that if the distance 
between source and target data with the same label is 
close, our model works well.  

4.2 Real Data 

In this paper, we used amazon review data regarding 
four different domains: Books, DVDs, Electronics, and 
Kitchen. We regarded reviews with rating larger than 3 as 

positive reviews and rating smaller than 3 as negative 
ones. Our review data contained large difference in num-
ber of reviews in each domain, and also the number of 
positive and negative reviews was imbalanced. Therefore, 
balanced 2500 reviews in every domain to balance the 
number of the data used in our experiment. We then used 
500 reviews as test set.  

4.3 Unsupervised Domain Adaptation 

We conducted 12 cross domain experiments with 
four domains. Each review test was preprocessed as bag-
of-words and transformed in to binary vectors by using 
unigram model. We used 6786 sentiment words suggested 
by Baccianella et al. (2010) as dictionary in our bag-of-
words representation. Since bag-of-words representation 
had high dimension (6274) we used linear dimension 
reduction method (SVD) with source and target domain 
together to lower the dimension to 100.  

We compared four methodologies in our experiment. 
The baseline is using logistic regression model with cross 
entropy equation (1) that is trained on source data, and 
directly applied to target data. The goal baseline is model 
based on equation (7). We used Kernel Mean Matching as 
a comparison to out proposed method.  

The results of unsupervised domain adaptation are il-
lustrated in Figure 2. Figure 2 shows mean classification 
accuracy (%) on the Amazon review data set. It illustrated 
performance in the test set of target data set, our proposed 
method was significantly better than baseline logistic 
regression method in all twelve experiments. Also ten pair 
of experiments were better than KMM. Moreover, ours is 
better accuracy than the goal algorithm in five areas, 
which used target data as training. 

4.4 Semi-Supervised Domain Adaptation 

As we have shown in section 3.2, we can easily ex-
pand our method to semi-supervised model. In this expe-
rimental setting, we used 500 data in target data as labeled 

 
Figure 1. Mean classification accuracy (%) on the target test set, which was not used to calculate the kernel distance between 

source data and target data set. 

 
Figure 2. Isotropic Gaussian blobs data. Source positive 

data, source negative data, target positive data, 
and target negative data has their centers in  
(0, -1), (0, 1), (1, -1), and (1, 1) respectively. 

Table 1. Mean classification accuracy (%) for unsupervised 
domain adaptation in toy data. Baseline refers to 
simple logistic regression trained only on source 
data, and Goal refers to logistic regression trained 
on target data 

  Ours Baseline Goal 
Train (Source) 100.00% 100.00% 98.00% 
Train (Target) 95.20% 68.60% 100.00% 
Test (Source) 100.00% 99.00% 99.00% 
Test (Target) 91.00% 67.00% 100.00% 

60.00%

70.00%

80.00%

90.00%

B->K K->B B->D D->B B->E E->B E->D D->E K->D D->K E->K K->E

Unsupervised Domain Adaptation (Test set) 

KMM Ours Baseline Goal
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data. We then trained the model by using 2000 labeled 
source data and 2000 unlabeled target data with 500 la-
beled target data by using the loss function equation (6).  

Figure 3 illustrates the performance of our model in 
semi-supervised setting. It shows higher accuracy com-
pared to KMM significantly in all experimental pairs.  
Moreover, it showed average 2%p higher accuracy than 
the goal which used 2500 samples of labeled target data 
set.  

5. CONCLUSION  

We present in this work a distance kernel based do-
main adaptation model that improves existing importance 
weight based domain adaptation technique. The model 
does so by assuming similar inputs have similar class dis-
tributions and making prediction of a target input that re-
sembles true labels of source data depending on the input 
similarities. Our results on Amazon dataset outperformed 
baseline method and existing method. We expect our paper 
will contribute to domain adaptation in sentimental analysis 
when labeled data in target data does not exist. The pro-
posed method is intuitive and simple approach that can be 
applied in various domain adaptation problem. 

In our further research, we plan to consider combin-
ing our proposed loss function with previous models in 
domain adaptation. Then the average accuracy of the ex-
periments will be better than this research. Moreover, the 
classifier we used in this model can be simply expanded 
to deeper neural network based models which can yield 
better performance. Finally, since we expect we can com-
bine this model to recent deep learning based representa-
tion domain adaptation algorithms, to construct a transfer-
rable classifier as well as fine representation.  
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APPENDIX 

In this section, we induce the equation (4) from equation (2) using equation (3).  
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