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Abstract— The major conjecture in traditional machine
learning process is both the training data and test data. The
future test data must have same dissemination and it should
contain same feature space. This identical conjecture may not
be applicable to many real world applications. The identical
conjecture might be infringed when a new data emerges from
another new domain while the older domain has their own
labelled data. One of the domains may contain classification
task and ample training data may persist in another domain
and also the last-mentioned data may exist in different feature
space and different data distribution concept is followed. The
method of labelling is more expensive and the process of
transfer learning can be applied to become cost effective. The
learning performance can be improved and the labelling
efforts can be reduced by transfer learning concept. The
Boosted Transfer Learning (TrAdaBoost) concept is
established and the users are permitted to exploit only a few
amounts of recently labelled data to hold the old data to
produce the accurate classification model for the new data
with high quality. The Boosted Transfer Learning is
compared with inductive transfer learning, transductive
transfer learning and unsupervised transfer learning to prove
that TrAdaBoost effectively transfers the knowledge from old
to new data.
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I. INTRODUCTION

The techniques such as classification, regression and
clustering are the notable technologies achieved in Data
Mining as well as Machine Learning. The concept of machine
learning is possible in two cases: i.e. both training and test
data are taken from similar feature space and distribution. The
conjecture in classification learning method is to have an
identical data distribution. This classification method goes
wrong when this identical data distribution doesn’t takes
place. When there is a change in data distribution, then most
of the factual models needs to be reconstructed from expunge
utilizing the new training data [1]. Reorganizing the training
data is costly and reconstructing turns to be impossible. The
effort and requisite to reorganize the training data can be
effectively reduced by transfer learning method.

Most of the applications such as web mining, this
type of learning may not be possible since there is a frequent
change in the web content. The web page classification model
gets antiquated due to the frequent changes and labeling the
new data is very expensive. Even though, few data items can
be reused when the training data gets antiquated. The new
data classifier can be trained by the knowledge learnt from
the training data. Those data can be found by recruiting a few

amounts of labeled recent data that helps to select the features
of old data and this procedure is called same distribution of
training data. The training data is said to be different
distribution when the antiquated training data comes under
the diverse distribution of new data.

Consider the indoor Wi-Fi localization problem by
which the user’s exact location can be determined from
formerly collected Wi-Fi information. In large scale
environment, measuring the Wi-Fi data in a building is
expensive because large amount of Wi-Fi data signal needs
to be labeled. The building localization model constructed in
one period of time may affect the performance in another time
period and hence the estimation effort needs to be reduced.
The efforts taken to measure the Wi-Fi data can be reduced
by adapting the building model constructed at one period of
time (source data) to new model at another period of time
(target data).

In order to adapt this localization model, a transfer
learning technique must be implemented to transfer the
knowledge from old data to new data. The survey is done by
comparing the three transfer learning techniques: inductive
transfer learning, transductive transfer learning and boosted
transfer learning and the boosted transfer learning model is
examined to be cost effective. The boosted transfer learning
TrAdaBoost is based on Probability Approximately Correct
(PAC) method. The motive of this method is to refine the
different distribution training data that is extremely different
from same data distribution by instinctively modifying the
weights of training data. The rest of the different data
distribution is the supplementary training data that helps to
boost the effect of learned model even though the same
distribution data is inefficient [15]. The boosted transfer
learning framework model is developed to produce this type
of high performance simple learning model.

The remaining sections are categorized as follows:
section 2 demonstrates the work related to transfer learning;
section 3 gives the overview of transfer learning; section 4
demonstrates about the existing methods — inductive,
transductive and unsupervised transfer learning methods;
section 5 demonstrates the proposed model — boosted transfer
learning; section 6 deals with result analysis based on data
sets; section 7 gives the conclusion about transfer learning.

Il. RELATED WORK

The transfer learning has become an upcoming feature in all
the fields. Schmidhuber in 1994 said that the transfer learning
view is very complex as well as dynamic procedure. The
model was constructed for transfer that classifies the content
based on training and context. This contains the
characteristics of far and near transfer [10]. Adams found that
the learning response in one domain may have impact in
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another domain in 1987. The transfer would prevail as the
large method and procedure, but the learning task should have
similar characteristics like transfer task. The generalization
concept could support the similarity in terms of learning and
transfer tasks. The generalization of transfer tasks should be
similar to learning task and this was found by H. Al-Mubaid
and S. A. Umair.

Huang, J., Smola, A., Gretton, A., Borgwardt, K. M.,
& Sch'olkopf, B in 2007 established the concept of
generalization that permits the people to act to the new cases
because of the similar tasks associated with the familiar
features [6]. Gagne in 1965 recommended the lateral and
vertical transfer process. The skills can be applied to another
type of domain which has the same level of difficulties and
the transfer is called lateral transfer. The same set of skills can
be applied to other domain which contains more complex
features. Baldwin and Ford organized the works regarding
training inputs that includes training features, design and task;
training outputs includes knowledge transfer required during
training in the year 1988. The solution is provided for the
available transfer task and future enhancements. Rouillier and
Goldstein in 1993 defined the transfer as situational cues and
consequences.

Schmidhuber in 1994 introduced the concept of
“how to learn”, Thrun and Mitchell in 1995 introduced the
concept “learning one more thing” and Caruana in 1997
introduced “multi task learning” in 1997 [3]. Ben David and
Schuller in 2003 have given the proof for multi task learning.
Wu and Dietterich in 2004 invented the image classification
algorithm that uses both insufficient training data and poor
quality auxiliary data. Some enhancements have been done
by auxiliary data. But they failed to provide quantitative study
on auxiliary data. Liao et al introduced the active learning to
improve the learning with auxiliary data in 2005.

Rosenstein et al in 2005 proposed the new idea on
transfer learning using Naive Bayes approach using auxiliary
data to improve its performance. Zadrozy in 2004 found the
associated task learning in sample selection bias system or co-
variate shift method where the labeling is done for same data
distribution. The sample selection bias method was corrected
by Heckman in 1979. The concept of spam filtering domain
was coordinated with corrected sample selection bias by
Dudik et al in 2006.

I11. OVERVIEW OF TRANSFER LEARNING

The statistical models used in machine learning and data
mining algorithms anticipate the future data based on the
trained labeled or unlabelled data. Using the labeled and
unlabelled data, the classification problem can be minimized
by semi supervised classification method. The previously
obtained knowledge can be intelligently applied to resolve the
new issues or to afford new solutions to the problem. The
concept of transfer learning is termed as “life long learning”
because it preserves and reuse the previously gained
knowledge.

The transfer learning became familiar in the year
1995 and it has different names like incremental/cumulative
learning, knowledge transfer, inductive transfer, knowledge
based learning and multi task learning. In these methods,
multi task learning is closely connected to transfer learning

concept where the multiple tasks are learnt simultaneously.
Based on the common characteristics, the individual task gets
benefited.

The new mission about transfer learning was given
by Information on Processing Technology of DARPA
(Defense Advanced Research Projects Agency). The mission
was developed to admit and implement the well-read
knowledge from old tasks to new tasks. The knowledge
applied to the target domain is the knowledge obtained from
the source domain. The multi-task learning method gives
more importance to both target domain and source domain
whereas transfer learning is attentive only towards target
domain. The comparison between traditional machine
learning and transfer learning methods are illustrated in figure
1. In traditional machine learning, the knowledge is obtained
from the deleted data while the knowledge is obtained from
source domain and applied to target domain in transfer
learning.

Learning Process of Traditional Machine Learning

Different Tasks

(A) Traditional Machine Learning

Learning Process of Transfer Learning

&
]

| ) (o]

(B) Transfer Learning
Fig. 1: Comparison between Traditional Machine Learning
and Transfer Learning

A. Notations Used in Transfer Learning

The domain attribute D contains the feature space A and its
probability distribution is P (A), where A= {a,....an} € A. If
the learning task is classifying the document then every term
is considered as binary feature, then A is the space vector
feature. The attribute a; is the i vector associated to few of
its documents and A is the particular sample in learning data.
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The diverse feature space or different probability distribution
occurs when the two domains are from different areas.

The domain is specified as D = {A, P (A)} and the
task attribute includes the label space feature B and its
predicate function is denoted as f (.) i.e. U = {B, f (.)}. The
value of U is the knowledge obtained from the trained data
but it is not observed anywhere. It also contains the sets {a;,
bi} where ai € A and b; € B. The predicate function f (.)
determines the label and f (a) of the new instance a [8]. The
probability of f (a) is denoted as P (b|a). Consider the example
for classifying the document where B is the group of labels
which tells true value, false value for binary feature
classification task and b; holds the true or false.

Consider the scenario, where the source domain is
given by Ds and its target is denoted as Dy. The domain
source data is specified as Ds = {(as1, bs1), ...... (asn, bsn)} and
asi € As and bsi € Bs where As is the data instance and Bs is
the class label. The term vectors are Dsand its class labels are
true or false in classification of the document [14]. The target
data is represented as Dt = {(ar1, br1), ...... (atn, btn)} and ar;
€ At and bs;j € Bt is the output.

In this approach, the data set is taken and compared
with different transfer learning methods like inductive
transfer learning, transductive transfer learning, unsupervised
transfer learning and boosted transfer learning and the
analysis shows that the errors are less in boosted transfer
learning compared to others.

IV. EXISTING MODELS

A. Inductive Transfer Learning

In this type of transfer learning, the target and source domain
are different. There is no necessity of having same source and
target domain attributes. The labeled training data specified
in the target domain are needed to instigate the predicate
function fr () and depending on different labeled and
unlabelled source data it can be used in the target domain.
When the large amount of labeled data is available in the
source, then the multi task learning method is considered
because the inductive transfer learning method is equal to
multi task learning concept.

The inductive transfer learning concentrates only on
the target domain by performing knowledge transfer from
source domain whereas the multi task transfers the
knowledge between the task and source domains
simultaneously to achieve high performance. When the
labeled source domain data are not available, self-taught
learning method is considered since the inductive transfer
learning performs the actions of self-taught learning method
[7]. The space labeled between source and target tasks are
different in self-taught learning method which indicated that
the back side data of the source task cannot be applied
straightly. This method is also assumed to be the same where
the labeled source data seems to be not available.

In the inductive transfer learning, the source task and
learning task are denoted by Ds and Ts. Similarly the target
domain and its learning task are denoted by Dy and T+. The
learning task of the predictive function fr (.) in target domain
Dr can be enhanced by considering the knowledge obtained
in both Ds and Ts and also the condition says that Ts is not
equal to Tr.

The inductive transfer learning approach is called as
instance transfer approach because the labeled data in target
task are focused and the source tasks are not reused straightly.
The inductive transfer learning helps to identify the exact
feature representations of different types of source task. The
supervised learning approach is used to create the feature data
for the large amount of available labeled data. It is connected
to multi task learning and also called as common feature
learning method. The unsupervised learning approach is used
to create the feature data for the available unlabelled source
data [1].

The supervised learning approach is equivalent to
multi task learning method. The low dimensional data
representation is conveyed across the corresponding tasks.
The errors occurred in the classification or regression
approach can be minimized in the learned representation of
new task. The sparse coding technique is applied in
unsupervised learning approach to use high level attributes
[13]. The first step is to learn the vectors of high level features
on the source task and the second step is to construct the
optimization algorithm on the target task to transfer the high
level features. The discriminative algorithms can be related
to their labels to enhance the classification or regression
techniques in the target task. But this type of method is not
applicable for utilizing the high level attributes of source task
in the target task.

The transfer approaches related to inductive transfer
learning is the related tasks of individual models that share
the features of hyper parameters. The multi task learning
method includes the concept of regularization and
hierarchical Bayesian framework. The multi task learning
focuses on source and target task learning whereas the
transfer learning concept focuses on enhancing the
performance of target data by using the source data [2]. In
multi task learning method, the weights calculated for the loss
functions are appeared to be the same for both source and
target data. In transfer learning approach, the weights
calculated for the loss function are appeared to be different
for diverse domains. Hence the large amount of weight value
is assigned to the loss function to attain high performance in
target data.

B. Transductive Transfer Learning

The transductive transfer learning was invented by Arnold
where the source and target tasks are similar but the domain
appears to be different. The source and the target data domain
are dissimilar in transductive transfer learning but the task
data appear in the source and target are the same. A huge
amount of labeled data is available and the labeled data are
not available in target domain [15]. The transductive transfer
learning technique occurs where the feature space is not the
same in target and source domain and it is denoted as As is
not equal to Ar. The second type is the feature space are the
same in source and target domain i.e. As = Ag, but the
probability distributions of source data are not the same
where P (As) is not equal to P (Ar).

It is also to be noted that, all the data that are not
labeled will be present at the training time and to attain the
marginal probability these unlabelled target data are needed
during training time. The concept of transductive transfer
learning is different in traditional machine learning because
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the test data are needed at training and the learned data cannot

be reused for the new data. In the process of transfer learning,

the task data can be similar but there exists an unlabelled data

in the target domain.

The notations used in transductive transfer learning are:

— Ds - Source domain

— Ts—> Associated learning task

— Dt~ Target domain

— Tt > Associated learning task

—  Fr (.) = Predicate function of target can be improved by
the knowledge obtained in Ds and Ts.

Where Ds is not equal to Dt and Ts = T+ condition
holds and few of the unlabelled data of target domain may
occur during the training time. This concept is termed as
“domain adaptation” method since it is similar to traditional
machine learning that effectively utilizes the unlabelled data
for learning [4]. The unlabelled target domain data is taken
for the purpose of classification. The definition states that the
similar source and target data are used to accommodate the
learned predictive function and target domain and this is
applicable with the help of unlabelled data of target domain
[12].

The steps in transductive transfer learning are:

—  Setting the sampling based method

— Assess the empirical risk minimization problem

— The optimal model is learnt for reducing the expected
risk in target domain

—  The model is learnt from the domain source data because
of the unavailability of labeled data in the domain target
and solved by optimization

When source domain data is not equal to target
domain data then the optimization can be revised with the
ability of high generalization attributes in target domain

Hence the overall performance can be greatly
improved by combining the features of source data with target
data. The quality is generated by a trained source
classification. Still this method may have computational
burden and this can be overcome by boosted transfer learning
process with minimum errors [11].

C. Unsupervised Transfer Learning

In unsupervised transfer learning method, the labeled data are

not seen in both source and target domain during training. The

methods like self-taught clustering (STC) and transfer

discriminative analysis are initiated to reduce the

dimensionality transfer and transfer clustering [7].

The notations used in unsupervised transfer learning are:

— Ds = Source domain

— Ts—> Associated learning task

— Dt > Target domain

— Tt > Associated learning task

—  Fr () > the unsupervised transfer learning applies the
knowledge in both Ds and Tsto improve the predicate
function of target domain.

—  The condition holds: Ts is not equal to Tt and Bs and Bt
are not noticeable

The steps involved in unsupervised transfer learning are:

— Clustering is performed by combining both the
unlabelled data of target domain with the source domain

— The common feature space data are learnt to perform
clustering and can be solved by optimization
— Apply the transferred discriminative analysis to reduce
the dimensionality transfer
The advantage of unsupervised learning is to
perform clustering in order to reduce the dimensions [15].
Still the error ration is higher and it can be resolved by
boosted transfer learning. The different types of transfer
learning techniques are analyzed and depicted in figure 2.
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Fig. 2: Types of Transfer Learning Models

V. METHODOLOGY — BOOSTED TRANSFER LEARNING

The transfer learning can be enabled by using some parts of
labeled training data with the same distribution to construct
the classification model and the model is called as same
distribution training data, but it remains insufficient for
constructing the classification model. The test data and the
training data distribution are different because they are old
model and it is called as different distribution training data.

The amount of different distribution data is very large and the

classification model cannot be used to test the data.

Here, boosted transfer learning framework is
adopted called as TrAdaBoost. The classifier model and the
weak learner’s accuracy can be adjusted deliberately.
AdaBoost concept is equivalent to traditional machine
learning methods by making the conjecture that training and
test data are identical [9]. AdaBoost is extended to transfer
learning and this is assigned to the same distribution training
data to frame the foundation of the model. In the case of
different distribution, when the distributed changes made by
the learned data are not correctly forecasted and the most
different data are conflicted to same distribution data.

The steps involved in boosted transfer learning methods are:

— When the different distribution training data is not
predicted correctly and the collected data may have
dispute with same distribution data.

— The training weight and its effect can be reduced by
increasing the weights.

— The different distribution data which are not similar to
same distribution data may have influence on the
learning process.

— After performing the several steps, the different
distribution training data that suits the same distribution
data have larger weights and different distribution data
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that are not equivalent to same distribution have lower
weights.

— By performing the step 4, the weight loss and error
prediction can be determined. The TrAdaBoost helps to
optimize the weight loss as well as to minimize the error
and the algorithm is shown in figure 3.

Input the labeled data
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Hitalize the mital weight
vector
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alporithm

Calculate the error

l

Update the new
weight vector

i

Orutput with mintrmm
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Fig. 3: Steps in TrAdaBoost

The TrAdaBoost minimizes the error ratio on the
same distribution data and the weight loss can be reduced in
different distribution data.

VI. RESULTS & DISCUSSION

The model was constructed for transfer that classifies the
content based on training and context. This contains the
characteristics of far and near transfer. In traditional machine
learning, the knowledge is obtained from the deleted data
while the knowledge is obtained from source domain and
applied to target domain in transfer learning. The inductive
transfer learning concentrates only on the target domain by
performing knowledge transfer from source domain whereas
the multi task transfers the knowledge between the task and
source domains simultaneously to achieve high performance.
The source and the target data domain are dissimilar in
transductive transfer learning but the task data appear in the
source and target are the same. A huge amount of labeled data
is available and the labeled data are not available in target
domain. In unsupervised transfer learning method, the labeled
data are not seen in both source and target domain during
training. In boosted transfer learning, when the distributed
changes made by the learned data are not correctly forecasted
and the most different data are conflicted to same distribution
data and the error rates are compared and the error rates are
minimized in boosted transfer learning and it shown in table
1 and figure 4.
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0.2 —

o Inductive TL
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01 Transductive TL

B TrAdaBoost
0.05

sci vs talk auto vs real vs
aviation stimulated

recvs talk recvs sci

Fig. 4: Error Rate Comparisons

VII. CONCLUSION

The transductive transfer learning is more preferred than
inductive and supervised transfer learning. The basic
classifier model is boosted by performing knowledge transfer
from same distribution to different distribution attributes. The
additional training data are called as different distribution
data for analyzing the labeled same distribution data. The
analysis shows that the boosted transfer learning model first
classifies the same distribution training data and then prefer
different distribution data as supplementary data. Hence the
error rates are smaller when compared to other transfer

Data Set Inductive TL | Unsupervised TL | Transductive TL | TrAdaBoost
rec vs talk 0.222 0.127 0.127 0.080
rec vs sci 0.240 0.164 0.153 0.097
sci vs talk 0.234 0.177 0.173 0.125
auto vs aviation 0.131 0.192 0.188 0.096
real vs stimulated 0.140 0.219 0.210 0.119
Table 1: Error Rate Comparisons
03 learning techniques. Nowadays, the transfer learning

applications are suitable of sensor based features,
classification of text and image, etc. The transfer can be
applicable for video classification in future.
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