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Abstract
In this paper, we present a novel approach to relevant sen-
tence extraction, especial ly using only positive examples for
training . Our approach applies a methodology of Support
Vector Machines (SVM s) for one-class classi�c ation called
one-class SVMs. The idea is to transform the data into the
feature space corresponding to the kernel, and then separate
them from the origin with maximum margin. We also ex-
amine a method for analyzing on a subset of features that
appears to be the best discrim inate indi cators. Experiments
on two di�er ent text corpora, including newspaper articl es
and technical papers, show that our approach gives reason-
able results.

1. Intr oduction
Relevant sentence extract ion can be of great value for

automati c text summarizat ion. Tradi ti onally, text summa-
rizati on is the problem of condensing a source text into a
shorter version preserving its inform ati on content . It can
be broadly classi�ed into two approaches: abstract ion and
ext racti on. In cont rast to abstraction that requires using
heavy machinery from natural language processing (NLP ),
includi ng grammars and lexicons for parsing and generation
[7], extract ion can be easily viewed as the process of select-
ing relevant excerpt s (e.g., sentences, paragraphs, etc.) from
the original document and concatenating them into a shorter
form. Thus, most of recent works in this area are based on
ext racti on [5]. A wide variety of research has consideredthe
use of stati stical learning to extrac t text for summarizat ion
[12][4]. These approacheslearn by combini ng stati stics from
a t raini ng data.

In a supervised learning task, we can address text summa-
rizati on in the simplest form of classi�cati on problem that
determines whether a given sentence is a member of rele-
vant or non-relevant sentences. This task needs a number of
labeled t raini ng examplesto learn accurately. One can iden-
ti fy the positive examples (relevant sentences) that can be
manually produced by humans or automatically generated
by a sentence alignment method [2], but it would be hard
to ident ify representati ve negative examples (non-relevant
sentences). Unfortunatel y, using the remaining sentences
that are not relevant sentencesas the negative examplescan
cause the unbalanced trai ning data problem on some data
sets. Work by [14] employs a simple st rategy by selecting
a random subset of negative examples to form the balanced
trai ning data set. However, randomly selecting the negativ e
examples may hurt classi�er perform ance if the represen-
tat ive negative examples are removed. More sophisticated

approaches for thi s problem are suggestedin [11].
In this paper, we present a novel approach in order to

ext ract relevant sentences, especially using only positi ve ex-
amples for trai ning. Wealso examine a method for analyzing
on a subset of features that appears to be the best discrim-
inate indi cators. Our approach applies a methodology of
Support Vector Machines (SVMs) for one-class classi�ca-
ti on [17]. We refer to this approach as one-class SVMs. The
idea of one-classSVMs is to transform the data into the fea-
ture space corresponding to the kernel, and then separate
them from the origin with maximum margin. Recentl y, thi s
idea have been successfully applied to other tasks, such as
text categorization [13] and genepredict ion [10]. An earl ier
approach to sentence ext racti on with SVMs was proposed
by Hirao et al. [8], which is quite di�eren t from our work.
Whereas we consider sentence extract ion as one-classclassi-
�cat ion that uses only positi ve examples for trai ning, they
consider the same problem as two-class classi�cat ion that
trai ns a classi�er by using both positi ve and negative ex-
amples. They conducted experiments with Japanese text
documents, which is extremely di� cult to compare wit h our
approach.

The remainder of the paper is organized as follows. Sec-
ti on 2 reviews some important concepts of one-class SVMs.
In Section 3, we describe how to represent sentencesin the
form feature vectors, and our feature combinati on stra tegy
are presented. Sectio n 4 provides detail s of our experiments,
includi ng data sets and evaluat ion metri cs. In Section 5, we
discussexperimental results. Finally, conclusion and future
work are given in Section 6.

2. One­ClassSupport Vector Machines
In thi s section, we describe some important concepts of

one-classSVMs. Based on the struct ural risk minimizat ion
princ ipl e from stat istical theory [22], SVMs have been ap-
pli ed to a wide range of real-world tasks. The formulat ion
of SVMs can be consideredas a simple linear classi�er, nor-
mall y using both negative and positive examples for trai n-
ing. In thi s situati on, they separate a given set of binary
trai ning data wit h a maximal margin hyperplane. They can
perform with nonlinear separation by using the technique
of kernels, which realizes a nonlinear mapping to a feature
space. Sch•olkopf et al. [17] have extended SVMs to one-
class classi�cat ion problems. Their approach is to const ruct
a hyperplane that is maximally distant from the origin with
all data lying on the opposite side from the origin. Another
approach to one-class classi�cati on problem has also been
proposed by Tax and Dui n [18]. Their approach is called



the support vector data description (SVDD). The idea is
to �nd a hypersphere to enclosea data set in feature space
with mini mum volume. Here we limit ourselvesto Sch•olkopf
et al.'s approach. We now give detail s of the algorithm for
trai ning one-class SVMs.

Given trai ning data x 1 ; : : : ; x l 2 < N , where x i is a fea-
ture vector, we would like to estimate a functio n that takes
the value +1 in a \small " region capturing most of the data
points, and -1 elsewhere [13]. Formall y, we writ e the func-
ti on as follows:

f (x ) =
�

+1 if x 2 S ,
� 1 if x 2 S ,

(1)

where S and S are a simple subset of the input space and it s
complement, respectively. Let � : < N ! F be a nonlinear
mapping that maps the traini ng data from < N to a feature
spaceF . To separate the data set from the origin, we solve
the following prim al opti mization problem [17]:

minimize: V (w ; � ; � ) =
1
2

kwk2 +
1
� l

lX

i =1

� i � � (2)

subject to: (w � �( x i )) � � � � i ; � i � 0 , (3)

where � 2 (0; 1) is a parameter for control li ng the t radeo�
between the number of outl iers and the model complexity,
and � is the margin. When we solve the problem, we can
obtain w and � . Given a new data points x to classify, a
label is assigned according to the decision funct ion that can
be expressed as:

f (x ) = sgn((w � �( x i )) � � ) . (4)

Intro ducing Lagrange multi pli ers � i and using the Kuhn-
Tucker condit ion, we set the deri vativ es with respect to the
prim al variables equal to zero, and then we can get:

w =
X

i

� i �( x i ) , (5)

where only a subset of points x i that li esclosest to the hyper-
plane hasnonzerovalues� i . Thesepoints are called support
vectors. Instead of solving the pri mal opti mization problem
direct ly, one can consider the following dual program:

maximize: W (� ) =
1
2

X

i; j

� i � j K(x i ; x j ) (6)

subject to: 0 � � i �
1
� l

;
X

i

� i = 1 . (7)

K(x i ; x j ) = (�( x i ); �( x j )) are the kernels (the dot prod-
ucts between mapped pairs of input points). They allow
much more general decision functi ons when the data are not
li nearly separable, and the hyperplane can be represented
in a feature space. The kernels frequentl y used are polyno-
mial kernels K(x i ; x j ) = (( x i � x i ) + 1)d and Gaussiankernels
K(x i ; x j ) = exp(�k x i � x j k2=2� 2). From equation (4) and
(5), we can eventual ly writ e the decision function as:

f (x ) = sgn
� X

i

� i K(x i ; x ) � �
�

. (8)

3. SentenceRepresentation
3.1 FeatureVector

As we consider sentenceext racti on asa classi�c ati on prob-
lem, we must decidehow to represent an indi vidual sentence

in terms of a feature vector. The goal is to �nd features
that wil l help discriminate between relevant sentences and
non-relevant sentences as much as possible. We use the N -
dimensional binary vector, x = (x1 ; : : : ; xN ), for represent-
ing a speci�c sentence. In our curr ent work, we employ seven
common features. These features are outli ned as follows.

Absol ute Lo cat ion: Teufel [19] notes that the struct ure
of an arti cle hasthe absolute spatial organization of inform a-
ti on. To extract this feature, the document is evenly parti -
ti oned into 20 segments. Then thesesegments are collapsed,
yieldi ng in 10 di� erentl y sized segments. The segmentat ion
technique tri es to follow the structure of ideal documents.
As a result, the segment size is smaller in the beginning and
end of the document, while the segment size is larger in the
middle. Each feature x i for i = 1; : : : ; 10 equals 1 if the
sentence occurs in the corresponding segments, respectively.

Sect ion Structu re: Sentences in a section (e.g., Intro-
ducti on or Conclusion) are disti nguished according to their
occurrences. Each feature x i for i = 11, 12, or 13 equals 1 if
the sentence occurs in �rs t , middle or last third of section,
respectively.

Par agraph Struct ure: Similar to the sectio n structure,
each feature x i for i = 14, 15, or 16 equals 1 if the sentence
occurs in �rst, middl e or last third of paragraph, respec-
ti vely.

Cue P hrases: This feature is depend on the document
genre, which can be ext racted from a traini ng corpus. The
technique for gathering the cuephrases was discussedin [20].
In our work, weonly used the �xed cue phrasesthat occurred
in gold standard sentencesof the t raini ng data. On the cor-
pus of technical papers, the cmp-lg, we found a number of
frequently occurred phrasesin the t raini ng data, which were
ext racted as the cue phrases. For examples, these phrases
are \In this paper", \The paper presents", \In summary",
etc. However, on the corpus of newspaper artic les, the Zi� -
Davis, we did not found useful phrases. Consequentl y, thi s
feature did not be used on the Zi�-Da vis data set. The fea-
ture x17 gets score 1 if the �x ed cue phrase occurs in the
sentence, and otherw ise 0.

TFIDF: In inform ati on retri eval, TFIDF (Term Frequency
Inverse Document Frequency) is a well-known term weight
technique measuring [16]. The TFIDF weight can be calcu-
lated as follows:

wi; k = tf i; k � idf k = tf i; k � log(D =nk ) , (9)

where tf i; k is the frequency of occurrence of term k in doc-
ument i , nk is the tot al number of documents with term
k assigned, and D is the tot al number of documents in the
corpus. We selected top 10 scoredterms in our experiments.
Given a set of ranking sentences by TFIDF weight ing, the
feature x18 of top 40 sentences gets score 1, and otherwise
0.

Title Terms: Terms occurring in the tit le usuall y re-
veal the speci�c concept of an arti cle. After removing stop
words, each sentence is assigned the score according to the
frequency of the ti tl e term occurr ences. The feature x19 of
top 15 sentences receives score 1, and otherwise 0.

Senten ce Length : Given a threshold (20 tokens includ-
ing punctuati on), The feature x20 gets score 1 for all sen-
tences longer than the threshold, and otherwise 0.

Using all of these features for represent ing each sentence,
we �nal ly obtain 20-dimensional binary vector, and the clas-
si�er can be performed.



Property Zi� -Davis cmp-lg
number of docs 6942 179
average length of docs (word) 970 3947.8
average length of abstracts (word) 123 120.1
average length of extract s (word) 283 196.4
compression rate (abst ract/do c) 17.86% 4%
compression rate (extract /do c) 34.70% 6%

Table 1: Prop erties of da ta sets.

3.2 FeatureCombination
In [1], a batch feature combinat ion technique was used to

identi fy potenti al contri buti ng features. They experimented
extensively to obtain the best feature combinati on. The pro-
cessof �ndi ng the optim al feature combinati on can be very
expensive. For thi s reason, our technique here is based on
Recursive Feature Eliminat ion (RFE) for feature selection
with SVMs. More details of RFE can be found in [6]. The
idea of RFE is to t rain the classi�e r, compute the ranking
criterion for all features, and remove the feature with small-
est ranking crit erion. By it erating thi s procedure, we gener-
ate nested subsets of features that provide the best possible
separation.

For the case of li near SVMs, the ranking crit eri on of the
features can be est imated from the weight w multipl ying
the inputs of a given classi�er. The RFE method can also
be extended to the nonlinear case. Given a data set con-
sisting of features f x1 ; : : : ; xk ; : : : ; xN g, we start by com-
puti ng its objecti ve function. De�ni ng the matrix H as
(H ) ij = K(x i ; x j ), equation (6) can be wri tten as W (� ) =
(1=2)� T H � . We �rst �nd the change in the objecti ve func-
ti on H (� k) caused by removing each feature xk . We then
calculate its ranking criteri on by the following equation:

	 (xk ) =
1
2

(� T H � � � T H (� k)� ) . (10)

The feature corresponding to the smallest di�erence 	 (xk )
wil l be removed. The RFE procedure can be processed to
carry out ranking crit eri on by keeping the � unchanged.

4. Experiments
In this section, we describ e in detail two di�eren t text cor-

pora: the Zi� -Davis and the cmp-lg data sets. The typical
approach for testing a summarizati on system is to create
an \i deal" summary, either by professional abst ractors or
merging summaries provided by multi ple human subjects
using methods such as majori ty opinion, union, or inter-
section [9]. This approach is known as intrinsic method.
However, identifying important units in documents by hu-
mans is a ti me-consuming process. There have been several
works present ing algorit hms for automati c producing gold
standard sentences [2][15]. These gold standard sentences
called extracts can be used for t raini ng and evaluati ng the
summarizat ion systems.

4.1 Data Setsand Experimental Setup
The Zi� -Davis data set is a collection of 6942 newspaper

arti cles announcing computer products, marking important
unit s in each document by Marcu [15]. We used an indi -
vidual sentence that contai ns the important unit as an ex-
tract. The annotati on scheme is based on aligning clauses
in a hand-wri tten abstract with clauses in that text . To
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determine these clauses, the rhetori cal st ructure theory is
applied. The idea is to delete the clauses from the text
and also preserve the correlati on between the abst ract and
the text based on cosine similarit y measure. This process
convergeswhen it can no longer delete the clauseswithout
decreasing the similari ty of the current set of extracts with
the abstra ct. It �nal ly cleans up the generated ext racts us-
ing the rhetorical status of the clauses.

The cmp-lg data set is a collection of 183 papers from
computati onal linguistics wit h abstracts wri tten by the au-
thors [21]. The paper which has no abst ract was removed
resulti ng 179 papers consist ing of abstract-text pairs. We
also removed the reference (or bibl iography) section of the
papers, and replaced mathemati cal equations and headers
by placeholders. In the cmp-lg data set, we produced ex-
tracts from hand-wri tten abst racts by using Banko et al.'s
algorit hm [2]. The algorit hm �rst �nds all the open class
words, which is the stro ngly indi cative words. Then it tags



all the proper nouns and common nouns in the text , and
measures the overlap score between a sentence in the ab-
stract and sentences in the text. The overlap score gains
the ext ra points if a matched token is a proper noun or a
common noun, which is capable of distingui shing between
two sentences much more than a normal token. Finally, the
algorit hm selects a sentence from the text that has maxi-
mum overlap score. These steps are iterated until all the
sentences in the abstract are read.

Table 1 shows properti es of the data sets. The average
abstract lengths on the data sets are nearly the samenum-
ber, while the averagedocument lengths are quit e di�eren t ,
which leads to the smaller compression rat es in the longer
documents. This t rend was also observed in [5], suggest ing
that the summary (or abstract) length is independent of the
document length. Figure 1 and 2 ill ust rate the distri buti ons
of the abstract length on the data sets. It can be seen that
the abst ract length is narrowly distri buted around 100-130
words on the Zi�- Davis data set, but it is broadly dist ributed
around 70-160 words on the cmp-lg data set . The average
rati o between the extrac t length and the abstra ct length is
roughly 2.3 for the Zi�- Davis data set , and 1.6 for the cmp-
lg data set.

Labeling the data sets was st raightforw ard. We trans-
formed the enti re sentences in the text corpus into feature
vectors. The feature vectors corresponding to extracts were
labeled as positiv e examples, and the remaining vectors in
that document were labeled as negative examples. On the
Zi� -Davis data set, this yielded 272784feature vectors. Af-
ter removing dupli cate vectors, the t raini ng data contained
1415 unique vectors. We were �na ll y left with 698 posi-
ti ve examples and 717 negative examples. On the cmp-lg
data set , we obtained 17254 feature vectors. After removing
dupli cate vectors, the trai ning data contai ned 1435 unique
vectors. We were �nal ly left with 368 positive examples and
1067 negative examples. It can be seen that on some data
sets, li ke the cmp-lg, the caseof unbalanced trai ning data
occurs. One signi�can t bene�t of using one-classSVMs for
our task is that it merely uses the positi ve examples for
trai ning, so the redundancy of the negative examples does
not a�ect learning processat all. However, the caseof un-
balanceddata is st il l the challenge in classi�cat ion, sincethe
classi�er has to tackle the noise in negative examples. The
experiments presented in thi s paper were performed using
LIBSVM[3], which can solve the one-class SVM algorithm
based on Sch•olkopf et al.'s approach.

4.2 Evaluation Metrics
Weevaluate our algorithm using a ten-fold cross-validati on

methodology. We conduct ten runs in which we train the
classi�er using 9/10 of our data, and test the classi�e r us-
ing the remaining data. During test ing, a test example al-
ways falls into one of the following 4 categories: false posi-
ti ve (FP ) if the classi�er labels it as a positive whil e it is a
negative; false negative (FN ) if the classi�er labels it as a
negative whil e it is a positi ve; true positi ve (TP ) and true
negative (TN ) if the classi�er correctly predicts the label.
We then refer to recall (R) of the classi�e r as the fracti on
betweenthe number of true positive predicti ons TP and the
number of positive examples in the test set:

R =
TP

TP + FN
, (11)

precision (P ) as the fracti on between the number of t rue
positiv e predicti ons TP and the number of positi vely iden-
ti �ed examples duri ng testing:

P =
TP

TP + FP
, (12)

In order to get a single measure of e�ecti veness, we employ
F1 that is a combinati on of recall and precision calculated
as follows:

F1 =
2 � R � P
R + P

. (13)

5. Resultsand Discussion
We �rs t consider the e�ect of t raini ng wit h di� erent ker-

nels. Experiments were run using all the features as de-
scribed in Section 3.1. One each cross-validati on run, we
used default parameters � and d of LIBSVMfor the Gaus-
sian and the polynomial kernels, respectively. We varied
the parameter � in the range [0:05; 0:50]. All results pre-
sented are the averagesof ten runs using the micro-average.
Table 2 and 3 show results of using di�eren t kernels on two
data sets. Noti ce that for all four types of kernels (li near,
polynomi al, Gaussian, and sigmoid), the one-class SVM al-
gorithm performs well wit h the small values of � . Since the
smaller valuesof � correspond to the smaller number of out-
li ers, this leads to the larger region capturing most of the
trai ning points. It can be seen that the results are very sen-
siti ve to the parameters. On the Zi� -Davis data set, the
one-class SVM algorithm works quit e well wit h the linear
and the sigmoid kernels. However, it yields poor results for
the Gaussian kernel. Furt her experiments are needed for
tuni ng the parameter � of the Gaussian kernel on this data
set . On the cmp-lg data set , the one-class SVM algorit hm
gives the best results with the Gaussian kernel. Th e results
are slight ly di�eren t for other kernels.

We now move on to di� erent feature combinat ions. In
our experiments, we employed a greedy sub-optimal RFE
method that generatesnested subsets of featuresasdescribed
in Section 3.2. Results were carried out using the Gaussian
kernel and � = 0:10; 0:20. On each iterati on of RFE runs,
we used a nested subset of features as a feature combina-
ti on. Let F be the set of the ent ire features. We denote by
Fnf� g a feature which is removed from F basedon it s rank-
ing crit eri on. On both data sets, the TFIDF feature was
eliminated in the �rs t iteratio n, since it yielded the smallest
di� erence of the objective funct ion. After the second and
the thi rd iteratio n, the t itl e term (T T) and cue phrase (CP)
features were removed on the cmp-lg data set, respectively.
For the Zi� -Davis data set, the tit le term feature was also
removed in the seconditerat ion. We then stopped the RFE
procedure, becausewe did not use the cue phrase feature
on thi s data set. Thi s yields four di� erent feature combina-
ti ons. Table 4 shows results of using di� erent feature com-
binations. On the Zi� -Davis data set, classi�er performance
decreases when we use other feature combinati ons. Using
all the features (F) provides the best results. However, on
the cmp-lg data set, the one-class SVM algori thm excluding
TFIDF from the features can slightly increaseclassi�er per-
formance.

To compare the one-class SVM algorithm with other su-
pervised learning algorithm , we chose a method in [12] asthe
baseline method. This method is basedon the independent
assumpti on of Bayes' Rule. First, it determines the char-



Linear Polynomial Gaussian Sigmoid
� P R F1 P R F1 P R F1 P R F1

0.05 0.489 0.926 0.640 0.484 0.704 0.573 0.452 0.439 0.445 0.497 0.962 0.655
0.10 0.491 0.901 0.635 0.474 0.829 0.603 0.457 0.416 0.436 0.507 0.943 0.659
0.20 0.491 0.714 0.582 0.459 0.586 0.514 0.412 0.355 0.381 0.503 0.835 0.627
0.30 0.488 0.699 0.575 0.453 0.567 0.503 0.373 0.309 0.338 0.505 0.765 0.609
0.40 0.493 0.670 0.568 0.440 0.513 0.474 0.340 0.241 0.282 0.515 0.646 0.573
0.50 0.496 0.509 0.502 0.500 0.504 0.502 0.312 0.213 0.253 0.505 0.510 0.508

Table 2: R esul t s of t he one-class SVM algorithm on t he Zi � -Da vi s dat a set.

Linear Polynomial Gaussian Sigmoid
� P R F1 P R F1 P R F1 P R F1

0.05 0.277 0.937 0.427 0.312 0.801 0.449 0.351 0.686 0.464 0.275 0.937 0.425
0.10 0.308 0.872 0.455 0.317 0.773 0.450 0.354 0.691 0.468 0.309 0.874 0.456
0.20 0.331 0.781 0.465 0.333 0.730 0.457 0.377 0.689 0.487 0.329 0.781 0.464
0.30 0.337 0.686 0.452 0.331 0.628 0.434 0.391 0.637 0.484 0.340 0.686 0.455
0.40 0.351 0.596 0.442 0.318 0.462 0.376 0.387 0.642 0.483 0.352 0.596 0.443
0.50 0.342 0.486 0.402 0.308 0.391 0.345 0.408 0.443 0.425 0.346 0.500 0.409

Table 3: R esul t s of the one-class SVM algorithm on t he cm p-lg data set.

acteri st ic properties of features from a text corpus. Then,
each sentence in a test document obtains scores for each of
the features used to estimate the sentence's probabil it y to
be included in the summary given it s feature values. With
thi s approach, it a� ects the evaluati on that the number of
sentencesselected from a test document equals to the num-
ber of ext racts. Thus, precision, recall, and F1 are always
identi cal.

For one-class SVMs, we have to choose a subset of pre-
dicted examples in order to compare results with the naive
Bayes. Consequentl y, the predict ed examplesmust be ranked
according to their distances from the hyperplane. We can
test each of the predicted examples to get its signed dis-
tance from the opti mal hyperplane, which can be computed
as a by-product of evaluating candidates for including in the
classes (t he argument of the sgn in the decision function
f (x i )) . We just rank them in decreasing order and select
top r examples, where r is the number of the extracts in
the test set. Table 5 presents the perform ance of the clas-
si�ers obtained by using two feature combinati ons (F and
Fnf TFIDF g), and �xing � = 0:20. We seethat the perfor-
manceof the one-class SVM algorithm slightl y drops on thi s
evaluati on met ric. On the Zi�-Da vis data set , the one-class
SVM algorithm outperforms the Naive Bayes in all cases.
On the cmp-lg data set, it yields much better results using
only Fnf TFIDF g.

6. Conclusionand Futur eWork
This paper has examined the one-class classi�cati on based

on SVMs for relevant sentence extract ion. Experimental re-
sults indicate that the use of one-class SVM algorithm has
disti nct advantages, especially in the caseof the unbalanced
trai ning data set . We show that the one-class SVM algo-
rit hm wit h appropria te parameters can give reasonable per-
formance. We also apply the RFE method to the feature
combinati on problem. Our results demonstrate that it is
possible to improve the performance of the classi�e rs on by
combining a set of features. We believe that our approach

is capable of performing on real-world data. In future work,
we are interested to explore other features, such as part s of
speech and name ent it ies.
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