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abstract We investigate the following data mining problems from the document retrieval: From a large data
set of documents, we need to find documents that relate to human interest as few iterations of human testing or
checking as possible. In each iteration a comparatively small batch of documents is evaluated for relating to the
human interest. We apply active learning techniques based on Support Vector Machine for evaluating successive
batches, which is called relevance feedback. Our proposed approach has been very useful for document retrieval
with relevance feedback experimentally. In this paper, we adopt several representations of the Vector Space Model
and several selecting rules of displayed documents at each iteration, and then show the comparison results of the

effectiveness for the document retrieval in these several situations.
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1. Introduction

As progression of the internet technology, accessible infor-
mation by end users is explosively increasing. In this situ-
ation, we can now easily access a huge document database
through the WWW. However it is hard for a user to re-
trieve relevant documents from which he/she can obtain
useful information, and a lot of studies have been done in
information retrieval, especially document retrieval [1]. Ac-
tive works for such document retrieval have been reported
in TREC(Text Retrieval Conference) [2] for English docu-
ments, IREX(Information Retrieval and Extraction Exer-
cise) [3] and NTCIR(NII-NACSIS Test Collection for Infor-

mation Retrieval System) [4] for Japanese documents.

In most frameworks for information retrieval, a Vector
Space Model(which is called VSM) in which a document is
described with a high-dimensional vector is used [5]. An in-
formation retrieval system using a vector space model com-
putes the similarity between a query vector and document
vectors by cosine of the two vectors and indicates a user a
list of retrieved documents.

In general, since a user hardly describes a precise query
in the first trial, interactive approach to modify the query
vector by evaluation of the user on documents in a list of
retrieved documents. This method is called relevance feed-
back [6] and used widely in information retrieval systems. In
this method, a user directly evaluates whether a document is

relevant or irrelevant in a list of retrieved documents, and a



system modifies the query vector using the user evaluation.
A traditional way to modify a query vector is a Simplé learn-
ing rule to reduce the difference between the query vector
and documents evaluated as relevant by a user.

In another approach, relevant and irrelevant document vec-
tors are considered as positive and negative examples, and
relevance feedback is transposed to a binary classification
problem {7]. For the binary classification problem, Support
Vector Machines(which are called SVMs) have shown the ex-
cellent ability. And some studies applied SVM to the text
classification problems [8] and the information retrieval prob-
lems [9].

Recently, we have proposed a relevance feedback frame-
work with SVM as active learning and shown the usefulness
of our proposed method experimentally [10]. Now, we are
interested in which is the most efficient representation for
the document retrieval performance and the learning perfor-
mance, boolean representation, TF representation or TFIDF
representation, and what is the most useful selecting rule for
displayed documents at each iteration. In this paper, we
adopt several representations of the Vector Space Model and
several selecting rules of displayed documents at each itera-
tion, and then show the comparison results of the effective-
ness for the document retrieval in these several situations.

In the remaining parts of this paper, we explain a SVM
algorithm in the second section briefly. An active learning
with SVM for the relevance feedback, and our adopted VSM
representations and selecting displayed documents rules are
described in the third section. In the fourth section, in order
compare the effectiveness of our adopted representations and
selecting rules, we show our experiments using a TREC data
set of Los Angeles Times and discuss the experimental re-

sults. Eventually we conclude our work in the fifth section.
2. Support Vector Machines

Formally, the Support Vector Machine (SVM) [11] like any
other classification method aims to estimate a classification
function f : X — {+1} using labeled training data from
X x {£1}. Moreover this function f should even classify
unseen examples correctly.

For SV learning machines that implement linear discrimi-
nant functions in feature spaces, the capacity limitation cor-
responds to finding a large margin separation between the
two classes. The mafgin o is the minimal distance of training
points (x1,v1),- .., (X, %), % € R,y € {1} to the separa-
tion surface, i.e. ¢ = min;=1,... ¢ p(2:, f), where z; = (xi,¥:)
and p(z;, f) = yif(x:), and [ is the linear discriminant func-

tion in some feature space

/4

) = (w - B() +b =Y auwa(®(x) - 2(x)) +b, (1)

i=1

with w expressed as w = Zl

o=

1 a:%i®(x:). The quantity @
denotes the mapping from input space X’ by explicitly trans-
forming the data into a feature space F using ® : X — F.
(see Figure 1). SVM can do so implicitly. In order to train
and classify, all that SVMs use are dot products of pairs of
data points ®(x), ®(x;) € F in feature space (cf. Eq. (1)).
Thus, we need only to supply a so-called kernel function
that can compute these dot products. A kernel function k
allows to implicitly define the feature space (Mercer’s Theo-

rem, e.g. [12]) via
k(x, %) = (B(x) - B(x2))- 2

By using different kernel functions, the SVM algorithm can
construct a variety of learning machines, some of which co-
incide with classical architectures:

Polynomial classifiers of degree d: k(x,x;) = (k- (x -
x;) + ©)%, where &, ©, and d are appropriate constants.

Neural networks(sigmoidal): k(x,x;) = tanh(x - (x -
xi) + ©), where x and © are appropriate constants.

Radial k(x,x;) =

i . .
— 2=} | where o is an appropriate constant.

basis function classifiers:
exp (

Note that there is no need to use or know the form of @,
because the mapping is never performed explicitly The intro-
duction of ® in the explanation above was for purely didacti-
cal and not algorithmical purposes. Therefore, we can com-
putationally afford to work in implicitly very large (e.g. 10*°-
dimensional) feature spaces. SVM can avoid overfitting by
controlling the capacity and maximizing the margin. Simul-
taneously, SVMs learn which of the features implied by the
kernel k are distinctive for the two classes, i.e. instead of
finding well-suited features by ourselves (which can often be
difficult), we can use the SVM to select them from an ex-
tremely rich feature space.

With respect to good generalization, it is often profitable
to misclassify some outlying training data points in order to
achieve a larger margin between the other training points (see
Figure 1 for an example). This soft-margin strategy can also
learn non-separable data. The trade-off between margin size
and number of misclassified training points is then controlled
by the regularization parameter C (softness of the margin).
The following quadratic program (QP) (see e.g. [11], [13]):
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leads to the SV soft-margin solution allowing for some errors.

In this paper, we use VSMs, which are high dimensional



Fig. 1 A binary classification toy problem: This problem is to
separate black circles from crosses. The shaded region
consists of training examples, the other regions of test
data. The training data can be separated with a mar-
gin indicated by the slim dashed line and the upper fat
dashed line, implicating the slim solid line as discriminate
function. Misclassifying one training example(a circled

white circle) leads to a considerable extension(arrows) of

the margin(fat dashed and solid lines) and this fat solid
line can classify two test examples(circled black circles)

correctlv.
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Fig. 2 Image of the relevance feedback documents retrieval: The

gray arrow parts are made iteratively to retrieve useful
documents for the user. This iteration is called feedback

iteration in the information retrieval research area.

models, for the document retrieval. In this high dimension,
it is easy to classify between relevant and irrelevant docu-
ments. Therefore, we generate the SV hard-margin solution

by the following quadratic program.

min [lwif?

, )
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3. Active Learning with SVM in Docu-
ment Retrieval

In this section, we describe the information retrieval sys-
tem using relevance feedback with SVM from an active learn-
ing point of view, and several VSM representation of docu-
ments and several selecting rules, which determine displayed
documents to a user for the relevance feedback.

3.1 Relevance Feedback Based on SVM

Fig. 2 shows the concept of the relevance feedback docu-
ment retrieval. In Fig. 2, the iterative procedure is the gray
arrows parts. The SVMs have a great ability to discriminate
even if the training data is small. Censequently, we have
proposed to apply SVMs as the classifier in the relevance
feedback method. The retrieval steps of proposed method

perform as follows:
Step 1: Preparation of documents for the first feed-
back: The conventional information retrieval system based
on vector space model displays the top N ranked documents
along with a request query to the user. In our method, the
top N ranked documents are selected by using cosine dis-
tance between the request query vector and each document
vector for the first feedback iteration.
Step 2: Judgment of documents: The user then classi-
fiers these N documents into relevant or irrelevant. The rel-
evant documents and the irrelevant documents are labeled.
For instance, the relevant documents have ”+1” label and the
irrelevant documents have ”-1” label after the user’s judg-
ment.
Step 3: Determination of the optimal hyperplane:
The optimal hyperplane for classifying relevant and irrel-
evant documents is determined by using a SVM which is
learned by labeled documents(see Figure 3).
Step 4: Discrimination documents and information
retrieval: The documents, which are retrieved in the Stepl,
are mapped into the feature space. The SVM learned by the
previous step classifies the documents as relevant or irrele-
vant. Then the system selects the documents based on the
distance from the optimal hyper plane and the feature of the
margin area. The detail of the selection rules are described
in the next section. From the selected documents, the top N
ranked documents, which are ranked using the distance from
the optimal hyperplane, are shown to user as the information
retrieval results of the system. If the number of feedback it-
erations is more than m, then go to next step. Otherwise,
return to Step 2. The m is a maximal number of feedback
iterations and is given by the user or the system.
Step 5: Display of the final retrieved documents: The
retrieved documents are ranked by the distance between the
documents and the hyper-plane which is the discriminant
function determined by SVM. The retrieved documents are
displayed based on this ranking(see Figure 4).

3.2 VSM Representations and Selection Rules of

Displayed Documents

We discuss the issie of the term ¢; in the document vec-
tor d;. In the Information Retrieval research field, this term
is called the term weighting, while in the machine learning
research filed, this term is called the feature. t; states some-
thing about word 4 in the document d;. If this word is absent
in the document dj, t; is zero. If the word is present in the
document d;, then there are several options. The first option
is that this term just indicates whether this word 7 is present
or not. This presentation is called boolean term weighting.
The next option is that the term weight is a count of the

number of times this word ¢ occurs in this document d;.
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Fig. 3 Discriminant function for classifying relevant or irrelevant
documents: Circles denote documents which are checked
relevant or irrelevant by a user. The solid line denotes a
discriminant function. The margin area is between dotted

lines.
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Fig. 4 Displayed documents as the result of document retrieval:

Boxes denote non-checked documents which are mapped
into the feature space. Circles denotes checked documents
which are mapped into the feature spa;ée. The system dis-
plays the documents which are represented by black circles

and boxes as the result of document retrieval to a user.

This presentation is called the term frequency(TF). In the
original Rocchio algorithm [6], each term TF is multiplied by
a term log (n—bf) where N is the total number of documents
in the collection and n; is the number of documents in which
this word 7 occurs. This last term is called the inverse docu-
ment frequency(IDF). This representation is called the term
frequency-the inverse document frequency(TFIDF) [1]. The
Rocchio algorithm is the original relevance feedback method.
In this paper, we compare the effectiveness of the docu-
ment retrieval and the learning performance among boolean
term weighting, term frequency(TF) and term frequency in-
verse document frequency(TFIDF) representations for our
relevance feedback based on SVM.

Next, we discuss two selection rules for displayed docu-
ments, which are used for the judgment by the user. In
this paper, we compare the effectiveness of the document
retrieval and the learning performance among the following
three selection rules for displayed documents.

Rule 1:

ture space.

The retrieved documents are mapped into the fea-
The learned SVM classifies the documents as
relevant or irrelevant. The documents, which are discrimi-

nated relevant and in the margin area of SVM are selected.
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Fig. 5 Mapped non-checked documents into the feature space:

Boxes denote non-checked documents which are mapped
into the feature space. Circles denotes checked documents
which are mapped into the feature space. Black and gray
boxes are documents in the margin area. We show the
documents which are represented by black boxes to a user

for next iteration. These documents are in the margin

area and near the relevant documents area.

From the selected documents, the top N ranked documents,
which are ranked using the distance from the optimal hyper-
plane, are displayed to the user as the information retrieval
results of the system(see Figure 5). This rule should make
the best learning performance from an active learning point
of view.

Rule 2: The retrieved documents are mapped into the fea-
ture space. The learned SVM classifies the documents as
relevant or irrelevant. The documents, which are on the op-
timal hyperplane or near the optimal hyperplane of SVM,
are selected. The system chooses the N documents in these
selected documents and displays to the user as the informa-
tion retrieval results of the system(see Figure 6). This rule is
expected to achieve the most effective learning performance.
This rule is our proposed one for the relevance feedback doc-

ument retrieval.
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Fig. 6 Mapped non-checked documents into the feature space:
Boxes denote non-checked documents which are mapped
into the feature space. Circles denotes checked documents
which are mapped into the feature space. Black and gray
boxes are documents in the margin area. We show the
documents which are represented by black boxes to a user
for next iteration. These documents are near the optimal

hyperplane.



4. Experiments

4.1 Experimental setting

In the reference [10], we already have shown that the util-
ity of our interactive document retrieval with active learning
of SVM is better than the Rocchio-based interactive doc-
ument retrieval [6], which is conventional one. This paper
presents the experiments for comparing the utility for the
document retrieval among several VSM representations, and
the effectiveness for the learning performance among the sev-
eral selection rules, which choose the displayed documents
to judge whether a document is relevant or irrelevant by the
user. The document data set we used is a set of articles in
the Los Angeles Times which is widely used in the document
retrieval conference TREC [2]. The data set has about 130
thousands articles. The average number of words in a article
is 526. This data set includes not only queries but also the
relevant documents to each query. Thus we used the queries
for experiments.

We adopted the boolean weighting, TF, and TFIDF as
The detail of the boolean and TF
weighting can be seen in the section 3.. And the detail of

the adopted TFIDF can be seen in the reference [10]. In our

VSM representations.

experiments, we used two selection rules to estimate the ef-
fectiveness for the learning performance. The detail of these
selection rules can be seen in the section 3..

The size N of retrieved and displayed documents at each
iteration in the section 3. was set as twenty. The feedback
iterations m were 1, 2, and 3. In order to investigate the
influence of feedback iterations on accuracy of retrieval, we
used plural feedback iterations. In our experiments, we used
the linear kernel for SVM learning, and found a discriminant
function for the SVM classifier in this feature space. The
VSM of documents is high dimensional space. Therefore, in
order to classify the labeled documents into relevant or irrel-
evant, we do not need to use the kernel trick and the regular-
ization parameter C(see section 2.). We used LibSVM [14]
as SVM software in our experiment.

In general, retrieval accuracy significantly depends on the
number of the feedback iterations. Thus we changed feed-
back iterations for 1, 2, 3 and investigated the accuracy for
each iteration. We utilized precision and recall for evaluat-
ing the two information retrieval methods [15][16] and our
approach. ‘

4.2 Comparison of recall-precision performance
curves among the boolean, TF and TFIDF
weightings

In this section, we investigate the effectiveness for the doc-
ument retrieval among the boolean, TF and TFIDF weight-
ings, when the user judges the twenty higher ranked doc-
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Fig. 7 The retrieval effectiveness of SVM based feedback(using
the selection rule 2) for the boolean, TF, and TFIDF rep-
‘resentations: The lines show recall-precision performance
curve by using twenty feedback documents on the set of
articles in the Los Angeles Times after 3 feedback itera-
tions. The wide solid line is the boolean representation,
the broken line is TFIDF representation, and the solid line

is TF representation.

uments at each feedback iteration. In the first iteration,
twenty higher ranked documents are retrieved using cosine
distance between document vectors and a query vector in
VSMs, which are represented by the boolean, TF and TFIDF
weightings. The query vector is generated by a user’s input
of keywords. In the other iterations, the user does not need
to input keywords for the information retrieval, and the user
labels ”+1” and ”-1”7 as relevant and irrelevant documents
respectively.

Figure 7 show a recall-precision performance curve of our
SVM based method for the boolean, TF and TFIDF weight-
ings, after four feedback iterations. Our SVM based method
adopts the selection rule 2. The thick solid line is the boolean
weighting, the broken line is the TFIDF weighting, and the
thin solid line is the TF weighting.

This figure shows that the retrieval effectiveness of the
boolean representation is higher than that of the other two
representations, i.e., TF and TFIDF representations. Con-
sequently, in this experiment, we conclude that the boolean
weighting is a useful VSM representation for our proposed
relevant feedback technique to improve the performance. of
the document retrieval.

4.3 Comparison of recall-precision performance

curves between the selection rule 1 and 2

Here, we investigate the effectiveness for the document re-
trieval between the selection rule 1 and 2, which are described
in the section 3..

Figure 8 show a recall-precision performance curves of the
selection rule 1 and 2 for the boolean weightings, after four
feedback iterations. The thin solid line is the selection rule 1,

and the thick solid line is the selection rule 2. Table 1 gives
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Fig. 8 The retrieval effectiveness of SVM based feedback for the
selection rule 1 and 2: The lines show recall-precision per-
formance curves by using twenty feedback documents on
the set of articles in the Los Angeles Times after 3 feed-
back iterations. The thin solid line is the selection rule 1,

and the thick solid line is the selection rule 2.

the average number of relevant documents in the twenty dis-
played documents for the selection rule 1 and 2 as a function
of the number of iterations.

This figure shows that the precision-recall curve of the se-
lection rule 1 is better than that of the selection rule 2. How-
ever, we can see from the table 1 that the average number
of relevant documents in the twenty displayed documents for
the selection rule 2 is higher than that of the selection rule
1 at each iteration. After all, the selection rule 1 is useful to
totally put on the upper rank the documents, which relate to
the user’s interesting. When the selection rule 1 is adopted,
the user have to see a lot of irrelevant documents at each it-
eration. The selection rule 2 is effective to immediately put
on the upper rank the special documents, which relate to the
user’s interesting. When the selection rule 2 is adopted, the
user do not need to see a lot of irrelevant documents at each
iteration. However, it is hard for the rule 2 to immediately
put on the upper rank all documents, which relate to the
user’s interesting. In the document retrieval, a user do not
want to get all documents, which relate to the user’s interest.
The user wants to get some documents, which relate to the
user’s interest as soon as possible. Therefore, we conclude
that the feature of the selection rule 2 is better than that
of the selection rule 1 for the relevance feedback document

retrieval.
5. Conclusion

In this paper, we adopt several representations of the Vec-
tor Space Model and several selecting rules of displayed doc-
uments at each iteration, and then show the comparison re-
sults of the effectiveness for the document retrieval in these
several situations.

In our experiments, when we adopt our proposed SVM

Table 1 ‘Average number of relevant documents in the twenty
displayed documents for the selection rule 1 and 2 using

the boolean representation

No. of feedback | Ave. No. of relevant documents
iterations selection rule 1 | selection rule 2

1 7.125 11.750

2 7.750 9.125

3 7.375 8.875

4 5.375 8.875

based relevance feedback document retrieval, the binary rep-
resentation and the selection rule 2, where the documents
that are discriminated relevant and in the margin area of
SVM, are displayed to a user, show better performance of
document retrieval. In future work, we will plan to analyze
our experimental results theoretically.
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