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A BSTRACT
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. To solve the domain adaptation problem, we propose
new simple and intuitive method that can improve the learning of target data by
calculating the distance of each instances in source and target domain. We added
distance kernel based cross entropy term in loss function of logistic regression
sentimental analysis classifier. We evaluated the proposed method by using 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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I NTRODUCTION

Recently, with the dissemination of smartphone uses and social network services, sentimental
textual data such as reviews, recommendations, replies are proliferating. By using these overflowing
data, sentiment analysis which determines the sentiment of the writer has been one of the most
popular data application in businesses. There has been various applications in sentimental analysis
in various domains such as movie review (Pang et al., 2002), or amazon product review (Blitzer
et al., 2007).
Since there are large variety of data domains in textual data, collecting labeled data from all
the different domains and building machine learning model for each of them are expensive and
time consuming process. However, because traditional machine learning technologies rely on the
assumption that the training data and the test data are drawn from same feature space and shares
equal probabilistic distribution, it is difficult to build a single sentiment classifier that can be applied
to all kinds of domains. For example, in kitchen domain, words such as ”defective”, ”reliable” are
widely used, and in book domain ”unclear”, ”boring” can be used.
To build a robust classifier that could be applied to different domains, domain adaptation is receiving
attention recently. Domain adaptation considers an environment that training data and test data
are from different distributions (Glorot et al., 2011) and we have only labels in training data. It
considers training data as source domain and test data as 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 adaptation problem. The first one is instance-based
approach. This approach focus on revising the training of the classifier by adding various terms in
loss function. There has been researches by using important reweighting to reweight the labeled
instances from source domain (Sugiyama et al., 2007). The second approach is feature based
domain adaptation. It aims to find common feature structure that can link two different domains for
domain adaptation (Pan & Qiang, 2010). There has been research by Glorot et al. (2011), which
used stacked marginalized auto-encoder to extract common feature between different domains.
In this research we propose new instance-based domain adaptation approach by using distancekernel based loss function. By adding distance-kernel based cross entropy in loss function, we
could train a model fits well in target domain by using the source input data, source label data, and
target input data.
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2

P ROPOSED M ETHOD

The basic cross entropy loss function is shown as (1). It calculates cross entropy with binary classifier f (·) of source input data xs ourcei with its corresponding labelyi . This cross entropy term is
used for ordinary logistic regression.
−

N
1 X
( [(yi ) × f (xsourcei ) − (1 − yi ) × log(1 − f (xsourcei ))]
N i=1

(1)

Therefore, we make revised cross entropy term like in ( 2), where k(·, ·) is kernel function between
inputs. We used radial basis function (rbf) kernel like in ( 3).
−

N M
1 1 XX
[yi × log(f (xtargetj )) − (1 − yi ) × log(1 − f (xtargetj ))]k(xsourcei , xtargetj ) (2)
N M i=1 j=1

k(xsourcei , xtargetj ) = e−

||xsource −xtarget ||2
i
j
σ2

(3)

By adding the term (2), we can approximately calculate the cross entropy error of target data with
source labels by using the distance-kernel. Therefore, we proposed domain adaptation sentiment
analysis method that uses the loss function (4) to train the classifier of target data in spite of the
absence of target labels.
N
1 X
− ( [(yi ) × f (xsourcei ) − (1 − yi ) × log(1 − f (xsourcei ))]
N i=1

−

N M
1 1 XX
[yi × log(f (xtargetj )) − (1 − yi ) × log(1 − f (xtargetj ))]k(xsourcei , xtargetj ) (4)
N M i=1 j=1
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3.1

E XPERIMENT
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. In our data there were large difference in number of reviews in each
domain, and also the number of positive and negative reviews is imbalanced. Therefore, we used
each of 3119 positive and negative reviews in every domain to balance the number of the data used
in our experiment.
3.2

E XPERIMENTAL S ETUP

We conducted 12 cross domain experiments with four domains. Each review test is 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) in our bag-of-words representation. Then we used
linear dimension reduction method (SVD) with source and target domain together for extract the
common features.
We compared three methodologies in our experiment. The baseline is using logistic regression
model with cross entropy loss (1) that is trained on source data, and directly applied to target data.
The goal baseline is using normal logistic model with cross entropy loss (1) by using target data as
training. Finally our proposed model used logistic regression with loss function as (4). The result of
our experiment is shown in Figure 1.

4

D ISCUSSION

Compared to baseline, our proposed method showed better results in every 12 experiments. Moreover in some domain adaptation experiments it showed almost same performance as the goal of our
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Figure 1: Result of our experiments.
research. We expect our paper will contribute to domain adaptation in sentimental analysis when
labeled data in target data does not exist. The proposed methods is intuitive and simple approach
that can apply in various domain adaptation problem.
In our further research we plan to consider combining our proposed loss function with previous
methodologies in domain adaptation. Also conduct more experiments in various settings in order to
find this method can be considered as robust model
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