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Abstract: Transfer learning is a method that studies how to identify the useful kageland skills in the previous tasks, and uses
them to the new tasks or domains. At present, the research on trarsféntemostly focuses on the field of long texts. However, the
source data should be given for the transportation from long texts to thieies, and the priori probability distribution of the data
should be given at the same time. In order to solve the problems, thétlahlgavhich is called FSFP (Free Source selection Free Priori
probability distribution) is proposed. It can transfer knowledge fromdhg texts to the short ones. Latent semantic analysis is used to
extract the key words as seed characteristic sets, which are semamgtatibyl to the long texts from the target domain. And then the
graph structure of online information is built. With the help of the improvedaepn Eigenmaps, the feature representations of high-
dimensional data are mapped to a low-dimensional space. Lastly, teédatg are classified in the constraint of minimizing the mutual
information between the instance and the feature representation. Ténegptal results on large data sets show the effectiveness of
the new algorithm.

Keywords: transfer learning, latent semantic analysis, Laplacian Eigenmapé, grapual information

1 Introduction long text appears in the network earlier; their classifarati
technology is more mature. If we can learn knowledge and

Transfer learning, which the researchers have paid morélassification techniques from the long texts, to classiéy t
and more attentions to recently, is a new mode of machinghort data will become easier.
learning. It relaxes the traditional machine learnings The previous works on transfer learning form long
requirement that the data from source field and the targetext to long text may get well effect. But as the different
domain must be under the same distribution. When thedata structures between long text and short text, if we
training data, especially the labeled training data in theapply transfer learning method of the long text domain to
target domain are too insufficient to produce an accuratéhe field of short text directly, it hardly to get satisfagtor
classifier model, transfer learning studies how to transferesults. Some algorithms achieved the goal that transfers
useful knowledge from the related auxiliary data, which knowledge from long texts to the short. However, in their
can enrich the characteristics of the target domain, to helpvork, a major assumption is that source data are provided
learning task on target domainp, 3]. by the problem designers. The problem how to get the
With the rapid development of science and technology,right source data puts a big burden on the designer. Whats
the internet information becomes more diverse and shortnore, some solutions to transfer knowledge from long
texts. Weibo, QQ news, online advertising and so on, playtexts to the short demand to know the datas prior
an increasingly important role in the network application. probability distribution, which is hardly to get.
As short text data have few keywords and lack of context  In this paper, we propose a novel algorithm called
information, its high-dimensional sparse representaton FSFP. For simplicity, firstly we enter tags as keywords
hardly to express the contents of the texts completely anextracted from target data to a search engine, and select
accurately. When the short texts as target data have only the first few pages of the web as the most relevant data.
small amount of labeled data, it is difficult for data anadysi By using the algorithm of latent semantic analysisit can
and classification. Compared with the short text, long textsextract semantics keywords as seed feature sets from the
carry more contexts and subject relevant keywords. Andsource domain which is associated with the target domain
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data. Then build undirected graph of the social mediaalgorithm. As the source and target domain are related,
online. Tags make its nodes. We can get the Subgraph thabere may be some common topics, which can be used as
contains all feature seed sets. By improving the algorithma bridge to connect the two areas. From the source
of Laplacian Eigenmapsmap, each node is mapped to domain, transfer the useful information, similar to the
low-dimensional space. We can get new featuretarget subjects to the target field and help the target
representations of the short texts. Finally, minimizing th classification task; Long et al.4] proposed a GTL
mutual information between the characteristics of the dataalgorithm, which think that the document is a collection
and the target labels as a constraint, we can get aof hidden topics and has its inherent geometry between
accurate classifier on the short text data. keywords and the document. By extracting the potential
In summary, three main contributions are as follows: common themes between source domain and target
1) The proposed algorithm does not need to be giverdomain, optimizing maximum likelihood function, and
source data in advance and does not need to know thmaintaining the geometric structure of the documents as
priori probability distribution of the data ; 2) We use the same time, it can make the process of transfer learning
online information as the auxiliary data which are smoother; The above algorithm is mainly used in the
data-rich, comprehensive, easy to get; 3) The algorithmsame language of the text fields. When the languages of
has strong scalability. When the target domain data othe two fields were different, Ling et al7] found that
tasks change, the algorithm can still be used. although the data has a different text feature, but it may
have a great relevance on semantic. Therefore they
proposed an information bottleneck model. First of all,
2 Related Works the Chinese web pages were tran_slated into Englis_h. Then
put these web pages and English web pages into the
o . information bottleneck model for information coding.
2.1 transfer learning in the domain of long text Finally filtered out the common information in the two
areas and solved the problems of translation inaccuracy,
In this section, we summarize our previous representativéabel drift and so on. It made cross-language transfer
work on transfer learning. Dai et al9][ proposed a learning possible.
Tradaboost algorithm, which improved the boosting Al these algorithms above are transfer learning
technology in order to create an automatic weightmethods in long text domain. It may get good results
adjustment mechanism. It can filter out most of the datayhen transfer knowledge from long text to long text. But
Similar to the tal’get areas from the source f|e|d SO that |qt is not app”cab|e for Short text as there are too many

can enrich the training data to improve the accuracy of theyjfferences such as data structures, forms et al. between
classifier; Mei et al.§] proposed a WTLME algorithm. It the two domains.

bases on maximum entropy model, using instance
weighted technology. The algorithm transfers model
parameters studied from the original field to the target
domain. It can reduce the time of re-collection and . .
marking a large number of target data as well as the timez'2 transfer learning from the long text domain
of training model, achieving domain adaptation; Hong ett0 the short

al. [6] proposed a TrSVM algorithm. It requires weak

similarity, which is defined by themselves, between two

fields meeting certain constraints. Contact this condtrainMost existing works focus on this kind of transfer
with the target classification, and embed the source data ikearning that transfer knowledge from long text to the
into the support vector machine training. These transfedong. Although rarely, there also some people did the
learning algorithms are based on instance, which can getork that transfer methods or skills form the long text to
a good result, but requires that the source data and ththe short. For example, Jin et al] proposed a DLDA
target data must be very similar. When the Source fieldmodel. It extracted two sets of topics from the source and
and target area have a big difference, at the characteristitarget domains and used a binary switch variable to
level, there are often some intersections which will control the forming process of the documents. As it
become a bridge to connect two different domains,allowed the two areas share the topic structures,
helping realize the knowledge transfer. Dai et dl0][ transferring part related and useful data from the long
proposed a CoCC algorithm, in which the co-occurrencetexts to the target domain. However, in the algorithm, the
of words in the source field and the target domain weresource data were required to provide before, and the priori
used as a bridge. The tag structures of the source field angrobability distribution of the data were also needed.
the target domain were collaborative clustering at theSource data would affect the target task. It put a great
same time. By minimizing the mutual information burden on the designer to find the right data. How to filter
between words and samples, it can achieve the goal thahe similar, relevant, and useful data, and how to
transfer the tag structure of the source domain to theaccurately calculate the datas prior probability
target domain; Xue et al.8] proposed a TPLSA distribution became a big problem.
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3 Free Source selection Free Priori In the formula () U, Vare orthogonal matrix. (
probability distribution (FSFP) U™ = W' = 1),5 = diaga,ap, -, &,...,a) (

ai,az, - ,a,...,a are the singular values dfl)is a
3.1 Problem Definition Diagonal matrix.

In the matrixM, the weight in theth row andj -th
In the target domain we have few labeled data.column represents the relevance of the word iritherow
T ={(x,y)]i =1,2,...,m} , X is the instance of the with text in thej-th column. Setting a threshold valde.
target domain ang; is feature representation of the class When the weight is greater than the keyword can be a
label.C = {Cy/h=1,2,... N} is the labels ofl' . There feature seed.
are a large number of unlabeled data as the same time. The second step of our work is to build a bridge
TU={xj[j=m+1m+2,...,m+n}, mandnare the between the labels. Social media is a website and
numbers of samples, ama< n. technology that allows people to write, share, evaluate,
In this paper, we will solve the problem that how to discuss and communicate with each other. It provides
make use of online information to get a precise targettools and platforms for people to share opinions, insights,
classifier when there is few labeled short texts and noexperiences and perspectives among themselves. Social
source data and no Priori probability distribution. media can be considered as a tag cloud, in which the
co-occurrence labels carry a wealth of information. In the
paper, social media becomes our auxiliary means, which
3.2 Construct the new features representation otan help build the bridge between the source labels and
the target data the target labels. First, each label is viewed as a node and
connects the co-occurrence labels. So all the labels in the
As the target data have a few words, which can onlysocial media would appear in the graph. Then extract the
provide a small amount of labels, the first we have to do issubgraph that contains all feature seed sets from it. This
to expand the target label sets, called feature seed setsan create a bridge between the labels in the source
The algorithm in our paper does not have to preparedomain and the labels in the target domain. Finally, by
source data in advance. In order to get auxiliary datajmproving the algorithm of Laplacian Eigenmapsmap, all
associated with the target areas, similar and useful for thé¢he nodes in the subgraph can be mapped into a
target data, we take full advantage of online information,low-dimensional space. It effectively alleviates the
input keywords extracted from the target field to a searchproblems such as data overfitting, low efficiency and so
engine, and extract the first few pages of web as sourcen, which are caused by the high-dimensional data. The
data that semantically related to the target domain. next will improve the algorithm of Laplacian
The next step is to identify the useful tags for the Eigenmapsmap so that it can comply with the
target task from the source domain. Traditional transferrequirements of our work.
learning methods often use bag of words model to The basic idea of Laplacian Eigenmapsmap is to
represent the source and the target data. And themepresent the features of manifold local structure with
calculate the data similarity. According to the similarity Laplacian. High-dimensional manifolds composed by the
filter the most useful features from the source data.n pointsqg,Xo,....X, , were given mapping in the
Although this method is simple, it views each word just D-dimensional space:
as an individual, ignoring the relationship between the i
texts, especially t%e se?nantic relationsﬁips hidden in f'RD%Rd(d <D) @
context keywords. However, the method of LatentAll the points are embedded in -dimensional space. Then
semantic analysis organizes a text into a space semantio the d-dimensional space, we can get points
structurell2]. It assumes that there is a link, namely a y1,yo,...,Vn.
potential semantic structure between the text and words. The Laplacian Eigenmapsmap algorithml13|
Use the Latent semantic analysis Statistical analysis of assumes that if the points are near in the high-dimensional
lot of text sets, and get the context meaning of the wordsspace, the distances between them should be short when
And then extract the feature seed sets from the sourcembedded into a low-dimensional space. As in the
domain. algorithm, it does not consider the classes information of
First constructed the typical word - text matrix: the samples when calculate the neighbor distance. No
M = [aij]mxn, &jis the logarithmic of the frequency that matter the point inside the calss or outside the class, it
the -th word appeared in theth text. Since each word gives the points same weight if the distances are the same.
appears only in a small amount of tek, is a high-level It is clearly unreasonable for target domain containing
sparse matrix. Then apply the technology of singularboth labeled data and unlabeled data. In the paper, we
value decomposition (SVD) and map words and textsimprove the Laplacian Eigenmapsmap algorithm, using
from a high-dimensional space to a low-dimensionaldifferent methods to calculate the weight of labeled data
latent semantic space. Finally, we can get a new matrixand unlabeled data. And make points distance inside the
M. . . class is less than the distance whose points are outside the
M=USVT~UzVT =M (1)  class.
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First construct the relative neighborhood graph. Usesmaller of the mutual information between the new
the method of unsupervised learning to calculate thefeatures representation and the label, the greater the
distance between the unlabeled data. In the paper, we uskegree of correlation of the data with the class. The

Euclidean distance calculation method.

likelihood of the data belonging to the class is greater. So

We use the method of supervised learning to calculatehe objective function is:

the distance between the labeled data. As follows:

V1-exp(—d2(x,%j)/B G =Cc;
exp(d?(xi,X;))/B G #Cj

In the formula 8), ¢ andc; are classes of the samplgs
andx;. d(x;,x;)is the Euclidean distance betweeandx;
. ParameteBcan prevenD(x;, Xj) too large wheml(x;, ;)
become larger. It can effectively control the noises. If the
distance between sample pointsandx; is smaller than
the threshold, the two points are neighbor points.

Then calculate the weight matrw. If x; andx; are
neighbor pointdM; =1, elseW; =0.

Finally calculate the Laplacian generalized
eigenvectors and embed them into low-dimensional
space. The problem is to solve that:

{

In the formula &) , Dis a diagonal matrix, . The formula
(4) can be transformed into:

{

In the formulab), L =D —-W

With the improved Laplacian Eigenmapsmap
algorithm, we can get a matrix , each node can map to a
low-dimensional spacg. So each data can get a new
feature representation.

D(xi,xj) = { @)

miny; i [IYi —Yj|wij

st. Y'DY =1 @

argmint(YTLY)

st. YTDY =1 ()

3.3 Generate the target classifier

After getting the new feature representations of the target

data, we can train a target classification with them. To

minlj(yi,cj) (7)

In the formula ¢), y; represents the new feature
representation of data; represents th¢-th class.
Algorithm 1 FSFP
Input the target datd =T' UTY (T' are labeled
data, andr'¥ are unlabeled data), the lab&é<the
number of the labels idN), neighbor valuek ,
feature seed thresholdl , parameter3, feature
thresholde.
Initializek,A B ,¢;
Forc=1,...,N
1. Input the target labels to a search engine.
2. Extract the first 10 pages of data as the data that
the most associated with the target areas.
3. Get the feature seed sets accordiniyltckand
A.

M=USVT~UsVT =M

4. Build the undirected graph of the social media.
5. Extract a subgraph that contains all these seed
feature sets.

6. Filter the features of the target representation
according to tfYTLY), Banck .

{

Output the classification results of the target data
according td.

argmint(YTLY)
st. YTDY =1

p(X,y)

I (P, Q) = Xgpye p(X, y) p(X) p(y)

complete the target task, we use the concept of mutuatt Experimental evaluation

information. Mutual information measures how much a

random variable contains another one. It can reflect thet.1 Data set

relationship between two statistics. The higher the degree
of association become, the greater the mutual informatiorin order to make the results more authentic, we captured
is. Mutual information is defined as follows: the actual data from the network as the experimental data
sets in this paper. We crawled 300 pages randomly from
1(P;Q) = Z; p(X,y) P(x.y) (6) C2C.(cousur.ner to consumgr), which was a shopping site,
£ yEZ) p(X)p(y) and it contained 97535 online advertising. From the the
Sina Web, we randomly crawled 500 pages, in which
Due to the target domain are short texts, containingthere were 24047 weibo. We crawled 35184 QQ news
few characteristics and some may still be useless orandomly and in Taobao, we selected 58542 product
disturbance characteristics, in this paper we proposeeviews comprehensively. We used this online
FSFP algorithm which can transfer usful features frominformation as the target training data, among which the
the long texts to enrich the target characteristics. Thedata with labels were only 5%.
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Since our algorithm did not need to provide the sourcevalue is set too small, that will make the features
data, all the auxiliary data came from Internet. First of all associated with the target domain filtered out.However, if
we extracted all the labels in the target domain asthey are set too big, some useless features would be
keywords and input them into a search engine (here wenixed in, which may exert a noisy influence upon the
used Google). Then we selected the most semanticallfinal classification. From the experiment, we can see that
related keywords with the source domain. Since thesavhen the value oA is about 0.7, and is about 0.5, it can
keywords were used as the feature seeds, it might not bget a better result. That is shown in Fig.2. Asdecides
good if there were too many of them, or it might produce the feature seed sets, it requires a higher relevance for the
too many useless items in the process of these seedsywords; e determines the final characteristics of the
expansion. Not only could it affect the efficiency of the target data, to be set up a small value is beneficial for
experiment, but also affect the accuracy. In the paper, wédiltering possible useful features.
selected the first pages as the most semantically related
with the source data. Then built the undirected graph of
the social media (here we used Delicious website).
Extracted the subgraph according to the feature seed sets.
So we extracted the most relevant characteristics from the
short texts again, keeping the inherent structure of the

source data. This was the second expansion of the dai ! B online edvertising
characteristics of the target domain. wal O Sina Weibo
0.8t B nevs
0.7 O Taobao reviews
- - ; 0 6 =
4.2 Analysis of experimental results g y
o il [
o
We tested some possible factors that might affect FSFF * il
algorithm firstly, and then set appropriate values for them. -3 |
Finally, we compared the novel algorithm with other 0.2 r
algorithms. 0.1t
1) Parameter sensitivity test 0
There are two important parametekgnde. When the 0.3 0.5 0.7 0.9
number of the relevant pages is definite, the parameter of the value of e
can decide the size of the seed feature sets. When we knew Fig.2 Sensitivity testing of

the features seed sets, the parameter a@détermined how

many features we could filter from the social media. In

this paper, we tested the sensitivity of the two parameters

using online advertising for the experimental data. Fifst o ] ]

all, fixing the parameter of , we tested the experimental ~ 2) The extraction of the relevant page in the search
performance whei was set up for 0.3, 0.5, 0.7, 0.9. The €ngine

result was shown in Fig.1. As in this paper, there is no need to provide the source

data, all the auxiliary data come from the online
information. In the traditional transfer learning, the
L ;;?““e adiestisiig quantity of the source data must be much bigger than the
| [= Q;“:ﬂf“’“ target data. In our algorithm, there are two steps to extract
P e — auxiliary data. The size of feature seed sets affects the
I characteristics extraction of the social media tags. The
effect of the size of feature seed sets or the number of
related pages in the search engine are shown in Fig.3. The
experimental results show that the fewer the relevant
pages in the search engine are, the fewer feature seeds it
contains. Further, the features selected in the socialanedi
are fewer which will reduce the final classification
accuracy. However, as it is shown in Fig.3, it is not the
0.3 0.5 0.7 0.9 best to select many relevant pages in the search engine.
the value of A Filtering many useless feature seeds will introduce more
Fig.1 Sensitivity testing ol useless feature items, which can affect the accuracy and
efficiency of the algorithm. Through several tests, to
The value ofA and & which was set too large or too extract about the first 10 semantically related webs, it can
small can affect the accuracy of the experiment. If theget a better experimental result.

accuracy
([ < Y o f o N o B <5 I e R o R

O = N Wk ol O N 0 O =~
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The next experiment, doing on the data of online
1 advertising, studied the accuracies of different algamith
0.8 | . when the target labeled data is constant but the target data
e gradually increased. Suppose the quantity of the target
data wasM in the above experiments. In this experiment,
we would test the result when target data change from
0.1x M to L5x M . The experimental result was shown
in Fig.4. From the figure, we can see that with the gradual
increase of the target data, the accuracy of the algorithms
increased. However, the classification accuracy of our
algorithm proposed in the paper had always been better
o1y S i than the other algorithms. Especially when the target data
0 ' ‘ ‘ ‘ ‘ were very few, the accuracy of FSFP is much higher than
! ® ’ 3 o 2 other algorithms.
the number of the related web pages
Fig.3 The effect of the quantity of the relevant page
extracted in the search engine

0.8 |
0.7 F
0.6 |

0.5

accuracy

—8—ocnline advertising
0.3 | 5 —&@— Sina Weibo
0.2 | —k— Q0 news

0.4

3) Compared Algorithms

In order to verify the effectiveness of the algorithm in
the paper, we compared the FSFP with SVM which was &
classification algorithm without transfer learning,
Tr_SVM which was used to transfer knowledge from the
long texts to the long, and DLDA that could transfer from
the long texts to the short. In the algorithm of WM, C
and C; were set 1.2. In the algorithm of DLDA
V= YA = Vamall = 0.2 V&I = YA = g = 05 . In the

FSFPk was set 7 was set 0.75¢ was set 0.5Bwas set e RN EUSES B B S iad
2 target data (M)

Fig.4 Performance comparison on different quantities of
target data

B —&—SVM
—&—Tr SVM
—&— DLDA
—8—FSEP

accuracy
el i SR
O = N Wk ol & 0O~
— —

This experiment was completed in the environment of
linux, using the C language. In order to make the
experiment not affected by random factors and more
authenticity, we did 10 times of the experiment and took ]
the average of the experimental results. In the traditionaP Conclusions and future works
transfer learning, when the target data was constant, the
guantity of the data with labels can affect the algorithm. Transfer learning is a technique that finds useful
We compared the results of each algorithm by doingknowledge and skills in the previous tasks and apply them
experiments on 4 data sets with different proportions ofto the new tasks or domains. In this paper, we solve the
labeled data. Table.1 showed the accuracy changes gfroblem that transfer knowledge from the long texts to
each algorithm when proportion of the labeled datathe short. Extract the most semantically related keywords
increased from 5% to 15%. From the table, we could sees seed sets from the auxiliary long texts, which was
the classification result of SVM without transfer learning selected online. Then the social media is used as a bridge
is very poor. However, although VM transferred connecting the source domain and the target domain.
knowledge from other domain, it ignored the differencesAccording to the feature seed sets, extract more related
between the long texts and the short, leading to not goodeywords from the long texts which can expand the
result. The algorithms of DLDA and FSFP, took into features of the short texts again. As FSFP dose not have to
account the different data structures of the two fields, theprepare source data before and there is no need to know
quality selecting useful features was higher than otherthe priori probability distribution of data. So it reduced
algorithms. Their accuracy could be up to 70% -80%. Inthe effects caused by the subjective factors. And it can
addition, compared with DLDA, FSFP did not to provide effectively improve the target classifier accuracy, taking
the source data and priori probability distribution of data into account both the semantics and the structure of the
before, so it reduced the influence caused by subjectivéexts. The algorithm of FSFP is highly scalable. If the
factors. The feature seeds are the most semanticallyarget domain is changed, the algorithm in the paper can
related to the target areas, and the expansion of the featuaso complete the target task. In the future, we will
is the most relevant to the feature seeds. It improved themprove our algorithm to achieve more difficult transfer
characteristics quality and increased the accuracy of théearning, for example transfer knowledge among images,
target classifier greatly. texts, voice, video and so on.
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Table.1 The experimental accuracy of the four algorithms(%)
5 10 15
SVM  Tr.SVM DLDA FSFP | SVM  Tr.SVM DLDA FSFP | SVM  Tr.SVM DLDA FSFP
online advertising| 50.2 61.4 70.3 81.2 | 55.3 66.2 75.7 86.2 | 60.1 70.3 80.7 88.3
Sina weibo 51.1 62.3 69.5 76.4 | 55.1 67.1 78.6 87.1 | 61.3 71.4 81.5 86.9
QQ news 49.8 65.1 72.4 78.1 | 52.4 60.7 80.1 88.6 | 64.5 70.1 81.9 90.1
Taobao Reviews| 52.7 60.0 73.6 82.9 | 56.2 62.9 82.2 85.7 | 62.0 74.9 83.6 89.5

Data Set
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