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Abstract—In this research, we propose that the graph based ~graphs are developed correspondingly [3]. Therefore, by the
KNN (K Nearest Neighbor) should be applied to the text motivations, in this research, we encode texts into graphs

summarization tasks. The text summarization tasks may be  5nq modify the machine learning algorithm into its graph
interpreted into the binary classification tasks, and sentences based version

or paragraphs may be encoded into graphs as well as articles. : . .
In this research, we encode sentences or paragraphs into graphs ~ Let us mention what we propose in this research as some
under the view of the text summarization tasks into the task agenda. Instead of numerical vectors, we encode texts into
where they are classified into essential parts, or not, modify  graphs each of which consists of vertices indicating words
the KNN into the graph based version where each graph is 54 edges indicating their semantic relations. We define
given as its input data, and apply it to the classification task SoE . .
which is mapped from the text summarization. As the benefits the §|m|Iar|ty measure between graphs which have dlfferent
from this research, we expect the more compact, graphical, Vertices and edges as that between texts. We modify the
and symbolic representations of sentences or paragraphs and KNN (K Nearest Neighbors) into its graph based version
the improved text summarization performance. Therefore, the  ysing the similarity measure, and apply it to the text summa-
goal of this research is to implement the text summarization iz ation which is mapped into the binary classification task.
system with its improved performance and representations of L . .
data items. The graphs which indicate texts are undirected weighted
graphs and are represented into adjacency matrices in the
implementation level.

Let us consider some benefits which are expected from
this research. From using the proposed KNN version, we
expect the better text summarization performance than from

Text summarization refers to the process of selectingusing the traditional version. By encoding texts into more
essential parts in each text. Each text is partitioned intgraphical forms, we expect more transparency where we are
sentences or paragraphs by punctuation mark or carriaggble to guess the text contents only by their representations.
return, respectively and the task is viewed as the binaryVe expect also more compactness in encoding texts into
classification of partitions into the essence partition orgraphs than in doing them into numerical vectors; it causes
remaining. Each sentence or paragraph is encoded into itee more efficient text processing. Hence, the goal of this
own structured form and sample sentences or paragraphesearch is to implement the text summarization system
which are labeled with the essence part or the remainingvhich satisfying the benefits.
are prepared. By learning sample ones, we construct the This article is organized into the four sections. In Section
classification capacity, classify novice sentences into one af, we survey the relevant previous works. In Section I,
the two categories, and present the sentences or paragraphe describe in detail what we propose in this research. In
which are labeled with the essences as the summary. W8ection IV, we mention the remaining tasks for doing the
need to distinguish the summarization by system from onéurther research.
by human, in that text summarization by human is the
process of rewriting a text into its brief version.

Let us mention some points which become the mo- Let us survey the previous cases of encoding texts into
tivations for doing this research. The problems such astructured forms for using the machine learning algorithms
huge dimensionality and sparse distribution are caused btp text mining tasks. The three main problems, huge dimen-
encoding texts into numerical vectors in using the traditionakionality, sparse distribution, and poor transparency, have
machine learning algorithms as the approaches[1]. Graphsxisted inherently in encoding them into numerical vectors.
are used as the popular representations of knowledge &n previous works, various schemes of preprocessing texts
information in the name of ontology or word net [2][3]. In have been proposed, in order to solve the problems. In
recent works, various types of algorithms which manipulatethis survey, we focus on the process of encoding texts into
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I. INTRODUCTION

Il. PREVIOUS WORKS
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alternative structured form&® numerical vectors. In other I1l. PROPOSEDAPPROACH
words, this section is intended to explore previous works on Thjs section is concerned with encoding words into
solutions to the problems. graphs, modifying the KNN (K Nearest Neighbor) into the

Let us mention the popularity of encoding texts into graph based version and applying it to the text summariza-
numerical vectors, and the proposal and the application dfion, and consists of the three sections. In section IlI-A,
string kernels as the solution to the above problems. In 2002ye deal with the process of encoding texts into graphs. In
Sebastiani presented the numerical vectors are the standagdction 11I-B, we describe formally the process of computing
representations of texts in applying the machine learninghe similarity between to graphs. In section IlI-C, we do the
algorithms to the text classifications [4]. In 2002, Lodhi et graph vector based KNN version as the approach to the text
al. proposed the string kernel as a kernel function of ransummarization. In section IlI-D, we focus on the process of
texts in using the SVM (Support Vector Machine) to the applying the KNN to the given task with viewing it into a
text classification [5]. In 2004, Lesile et al. used the versionclassification task.
of SVM which proposed by Lodhi et al. to the protein .
classification [6]. In 2004, Kate and Mooney used also théo" Text Encoding

SVM version for classifying sentences by their meanings This section is concerned with the process of encoding a
[7]. text into a graph as illustrated in Figure 1. The graph is de-

It was proposed that texts are encoded into tables instea{med into the two sets: vertex set ar!d edge s_et. Vert_|ces gnd
of numerical vectors, as the solutions to the above problemse.dges gorrespond_ fo words and their seman_t|c relationships,
In 2008, Jo and Cho proposed the table matching algorithrﬁeSpfaCt'Yely' In this rgsearch, the gr:_aph which represents a
as the approach to text classification [8]. In 2008, Jo appliegieXt IS given as a we|ghted apd u.ndlrect(.ed one. Therefore,
also his proposed approach to the text clustering, as we this section, we 'WI|| describe in detail the process of
as the text categorization [12]. In 2011, Jo described aLepresenting a text into graph.
the technique of automatic text classification in his patent
document [10]. In 2015, Jo improved the table matching
algorithm into its more stable version [11].

Previously, it was proposed that texts should be en- Word
coded into string vectors as other structured forms. In . . Vertex Simifarrity
2008, Jo modified the k means algorithm into the version Definition  H -, mputation
which processes string vectors as the approach to the text
clustering[12]. In 2010, Jo modified the two supervised
learning algorithms, the KNN and the SVM, into the version
as the improved approaches to the text classification [13]. In
2010, Jo proposed the unsupervised neural networks, called
Neural Text Self Organizer, which receives the string vector
as its input data [14]. In 2010, Jo applied the supervised

Edge

Definition

]

neural networks, called Neural Text Categorizer, which gets Figurel. The Process dencodingText into Graph
a string vector as its input, as the approach to the text ) ) _
classification [15]. Before encoding a text into its own graph, we need to

Each text is indexed into a list of words and it is associated

and sfring vectors as representations of texts, in order tﬁlith its own list of its included words. Each word has its
solve the problems. Because the string kernel takes ver

) . ; ) . \X/eights and posting information as its relationship with
much computation time for computing their values, it was

. . a text. A text is indexed basically with the three steps:
used for processing short strings or sentences rather th%kenization stemming, and stop-word removal

texts. In the previous works on encoding texts into tables, We need to define vertices which are followed by edges

only table matghmg algonth'm was proposgd; therg IS NQy, encoding a text into a graph. The vertices correspond to
attempt to modify the machine algorithms into their tableIist of words which are included in the text. Some of them

ba_sed version. In the previous works on _encodmg text_s '_m%re selected by their weights as vertices; they are notated as
string vectors, only frequency was considered for definin ollows:

features of string vectors. In this research, we propose that D(v) = {vi1, vin, -, vim}
texts should be encoded into graphs, and modify the KNN s

into the version which processes graphs instead of numeric&lfe consider the ranked selection where a fixed number of
vectors, as the approach to the text summarization. texts is selected by ranking them and the score based one
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where the texts whoseeightsare greater than or equal to where|T;| is the cardinality of the sefl;. The similarity is

a threshold are selected as the selection schemes. A set afvays given as a normalized value between zero and one; if

vertices which indicate words is extracted through indexingtwo documents are exactly same to each other, the similarity
We need to define the set of edges as well as that dbecomes 1.0 as follows:

vertices for representing a word into a graph. We compute _ 2T, N T}

similarities of all possible pairs of vertices which indicate sim(ti; 1) = 1T + T3] =10

words. We construct the similarity matrix whose entries are . ' ’

similarities among words from a corpus. We select word@nd if two words have no shared texts; N 7; = 0 the

pairs whose similarities are more than the given threshold?'m'larIty becomes 0.0 as follows:

and define the set which consists of edges as follows: 2/T;NT;|

D(e):{eilaeiQ;"' 76in} |/111|+|/I’j| . .. . .
The moreadwanced schemes of computing the similarity will
The process of building the similarity matrix and computing be considered in next research.
the similarity between texts will be described in section From the text collection, we buildV x N square matrix
1-B1. as follows:
Let us consider how to represent a graph into its structured

Sim(ti,tj) 0.0

. . . . S11 512 S1d
form in the implementation level. We may mention the So1 Szp Sog
adjacency matrix where vertices correspond to its rows and S = ]
columns and entries indicate the edge weights. We regard : : :
the linked list where vertices are given as nodes and edges Sd1 Sd2 .- Sdd

are given as pointers between them as another representatian individual words which are contained in the collection

of a graph. A graph is represented into a list of edges whiclgorrespond to the rows and columns of the matrix. The entry,
are given as pairs of vertex identifiers and each weight IS, is computed by equation (1) as follows:

associated with its own weight. In this research, we adopt ‘
the third scheme where a graph is represented into a set of sij = sim(t;, t;)

edges. The overestimation or underestimation by text lengths are
B. Graphs prevented by the denominator in equation (1). To the number
T o _ _ of texts, N, it costs quadratic complexity)(N?), to build
This section is concerned with the operation on graphs anghe above matrix.
the basis for carrying out it. It consists of two subsections | et uys characterize the above similarity matrix, mathe-
and assumes that a corpus is required for performing thghatically. Because each column and row corresponds to
operation. In section Ill-B1, we describe the process ofits same text in the diagonal positions of the matrix, the
constructing the similarity matrix from a corpus. In section diagonal elements are always given 1.0 by equation (1).
l1l-B2, we define the operation on graphs mathematically|n the off-diagonal positions of the matrix, the values are
Therefore, this section is intended to describe the Similarit)a|ways given as normalized ones between zero and one,
matrix and the operation on them. because o6 < 2|T; NT;| < |T;| + |T;| from equation (1). It

1) Similarity Matrix: This subsection is concerned with s proved that the similarity matrix is symmetry, as follows:
the similarity matrix as the basis for performing the semantic
y P 9 AT, NT;| 2T, N Ty

operation on string vectors. Each row and column of the sij = sim(t;, t;) = =
similarity matrix corresponds to a word in the corpus. The T3l + T30 || + | T3
similarities of all possible pairs of words are given as = sim(t;,t;) = 555

normalized values between zero and one. The similarityl_
matrix which we construct from the corpus is the x N
square matrix with symmetry elements and 1's diagona
elements. In this subsection, we will describe formally the
definition and characterization of the similarity matrix.
Each entry of the similarity matrix indicates a similarity
between two corresponding words.. The two wardand
t;, are viewed into two sets of texts which include théf,
andTj. The similarity between the two words is computed
by equation (1),

herefore, thematrix is characterized as the symmetry
[natrix which consists of the normalized values between zero
and one.

The similarity matrix may be constructed automatically
from a corpus. TheN texts which are contained in the
corpus are given as the input and each of them is indexed
into a list of words. All possible pairs of words are generated
and the similarities among them are computed by equation
(1). By computing them, we construct the square matrix
which consists of the similarities. Once making the similarity
matrix, it will be used continually as the basis for performing
the operation on string vectors.

_ 2N T}

sim(t 1) = 7T g
? J

1)
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2) Similarity between GraphsThis sectionis concerned Let us characterize the operation for computing the sim-
with the scheme of computing a similarity between twoilarity between graphs, mathematically. If the two graphs,
graphs. Words are encoded into graphs where vertices argé; and G5, are identical to each other and all edges are
text identifiers and edges are the similarity between textsweighted with 1.0 valuesy;,w(e1;) = 1.0, andw(eg;) =
We assume that each graph is a set of edges and considef), the similarity between the two graphs becomes 1.0.
the three cases for computing the similarity between graphs: 1
both coincidence, either coincidence, and no coincidence. sim(evi, e2i) = 5 (w(e1;) +w(ezi)) = 1.0
The similarity between graphs is computed by averaging
similarities among edges and is always given as a normalized
value between zero and one. Therefore, this section is
intended to describe formally the process of computing the
similarity between graphs.

We need to consider the similarity between two individual!f the two graphs(y, and G, are so with different weights,
edges,¢ and ¢;, which is notated byim(e;, ¢;), and each the_ similarity between the two graphs is the average over
weighted edge consist of two nodes and its weight adveights of two graphs as follows:
follows:

sim(e1;, Go) = maxj_;sim(ey;, eax) = 1.0

sim(G1,Gs) = %Zsim(emGz) =1.0

=1

. 1

ei = {vi1, vio, w; } simfei, e2i) = i(w(e“) +w(ea))
. . 1

and the edge weight is notated bye;) = w;. If no node  sim(e1;, G2) = max}_;sim(eq;, eax) = §(w(€1i)+w(€2i))
is shared by two edges likéA, B,0.2) and (C, D,0.4),
the similarity becomes zero. If only one node is shared by ) 1 . 4
two edges like(4, B,0.2) and (B, C,0.4), the similarity sim(Gy, Gz) = %Z;(w(e“) +w(ez))
becomes the product of two weights as follows: =

n

If there is no shared edge between the two graphs, the
sim(e;, e;) = wle;)w(e;). similarity becomes zero as follows:

If both nodes are shared, the similarity becomes the average sim(e1s, Ga) = maxy_,sim(e1;, ear) = 0.0
of the two weights as follows: L
sim(G1,Ga) = — Z sim(e14, G2) = 0.0

sim(ei, €5) = 5 (wlei) +w(e;)). =

2
. . . . The similarity between the two graphs is always a nor-
It is assumedhateach weight between edges is always given olized value between zero and one as proved from the

asTr;‘orTallzed Vsllg bet\:jvczfn zero and one(.j into the t mathematical characterization.
€ WO graphstr andtr, are expressed Into the tWo ) ot us consider the complexity of computing a similarity

sets: between graphs to the number of edges in both graphs.
Gi={ei, €12, et The number of all possible pairs becom@@;—l) to the

number of edges;. Thesimilarities of all possible pairs are

computed by the above proce@é??;l) times.We derivethe

and it is assumed that both graphs have same number gliadratic complexityD(n?), for computing the similarities.

edges. All possible pairs of edges are generated from the twbherefore, we need to optimize the number of edges for

graphs. For each edge in one graph, its similarities with theepresenting a word into a graph by controlling the threshold

edges in the other are computed, and the maximum amorigetween the reliability and the computation speed.

them is obtained as the similarity between an edge and 8 Proposed Version of KNN

graph, by equation (2).
This section is concerned with the proposed KNN version
sim(e1;, G2) = mazj_ysim(eu;, eax) (2)  asthe approach to the text categorization. Words are encoded
into graphs by the process which was described in section
Qi-A. In this section, we attempt to the traditional KNN into
Ythe version where a graph is given as the input data. The
version is intended to improve the classification performance
1 <& by avoiding problems from encoding texts into numerical
sim(Gr, Gz) = n Z sim(e1i, Giz) () vectors. Therefore, in this section, we describe the proposed
i=1 KNN version in detail, together with the traditional version.
Because the weights efigesare always given as normalized  The traditional KNN version is illustrated in Figure 2. The
values, the similarity between graphs is always so. sample words which are labeled with the positive class or the

G2 = {ea1, €22, -+ , €2}

The similarity between the two graphs is set by averagin
over the maximum similarities of edges with the other b
equation (3),

ISBN 979-11-88428-00-7 ICACT2018 February 11 ~ 14, 2018



International Conference on Advanced Communications Technology(ICACT) 442

negativeclassare encoded into numerical vectors. The sim-Instead of a fixed humber of nearest neighbors, we select
ilarities of the numerical vector which represents a noviceany number of training examples within a hyper-sphere
word with those representing sample words are computedhose center is the given novice example as neighbors. The
using the Euclidean distance or the cosine similarity. Thecategorical scores are computed proportionally to similarities
k most similar sample words are selected as the k nearestith training examples, instead of selecting nearest neigh-
neighbors and the label of the novice entity is decided bybors. We may also consider the variants where more than
voting their labels. However, note that the traditional KNN two variants are combined with each other.
version is very fragile in computing the similarity between We need to define more operations on graphs for modify-
very sparse numerical vectors. ing other machine learning algorithms into their graph based
- Cosie Smiaty versions. In this research, only if we def?ne the similarity
Training Examples or measure between graphs, we can modify the KNN. For
Fucldean Distance modifying the k means algorithm, we need to define one
R [af1=-"”fd]?<): more operation which build prototype graph as representa-
tive among ones. For modifying the perceptron or the MLP
[ty — (Multiple Layer Peceptron) where both input and weights
........ :> - are given as graphs, we need the update rule of graphs. In
order to define more advanced operations on graphs, we need

Ay oy el : )
lm e I)IJ to do more theoretical research on operations based on the
:> L 1=+ ' raph theor
[a.r\'w---ﬂ[\q/]— - ["" ]_ |::> or grap y.

K most similar ) D. Application to Text Summarization

vectors

This section is concerned with the scheme of applying the
proposed KNN version which was described in section III-C
Separately from the traditional one, we illustrate theto the text summarization task. Before doing so, we need to

classification process by the proposed version in Figure éransform the task into one where machine leaming algo-
y rithms are applicable as the flexible and adaptive models.

The sample texts labeled with the positive or negative cIas§ve repare the paragraphs which are labeled with ‘essence’
are encoded into graphs by the process described in section brep paragrap

[lI-A. The similarity between two graphs is computed by the or .not as the sample data. The paragraphs are engoded |_nto
. . . . . string vectors by the scheme which was described in section
scheme which was described in section 111-B2. Identically to

o . ) . lI-A. Therefore, in this section, we describe the process
the traditional version, in the proposed version, the k mos : . . :
R .~ of extracting summaries from texts automatically using the
similarity samples are selected, and the label of the novice . : T
roposed KNN with the view of text summarization into a

one is decided by voting ones of sample entities. Because t c(?assification task.

sparse distributions in graphs are never available inherently, The text summarization is mapped into a binary classifi

the poor discriminations by sparse distributions are certainly . I o ;
overcome in this research. cation, as shown in Figure 4. A text is given as the input,

and it is partitioned into paragraphs by carriage return. Each

Training Examples Graph Similarity paragraph is classified into either of the two categories:
‘essence’ and ‘not’. The paragraphs which are classified into
‘essence’ are selected as the output of the text summarization
system. For doing so, we need to collect paragraphs which

@3 + are labeled with one of the two labels as sample examples,

:> ......... @b in advance.

Figure2. The TraditionalVersion of KNN

5P
|

S0
:

— [ — Essence
— _ |::> or — Classifier
[— - _ Not
K most similar -
vectors Text
Figure3. The Proposed afsionof KNN Figure4. View of Text Summarization into Binary Classification

We may derive some variants from the proposed KNN As sample examples, we need to collect paragraphs which
version. We may assign different weights to selected neighare labeled with one of the two categories, before summa-
bors instead of identical ones: the highest weights to theizing a text. The text collection should be segmented into
first nearest neighbor and the lowest weight to the last onesub-collections which are called domains, by their contents,
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manually or automatically. IRachsub-collection, texts are [3] D. Allemang and J. HendleiSemantic Web for the Working
partitioned into paragraphs, and they are labeled with one Ontologies Mrgan Kaufmann, 2011.
gf the two gatttegorlltes,_thm?hnually- We ahSS'_gn_tC'aSS'f'er to 3?‘3“4] F. Sebastiani, “Machine Learning in Automated Text Catego-

oma!n and train it wi . Q paragrap S_m Its corresponain rization”, pp1-47, ACM Computing Survey, Vol 34, No 1, 2002.
domain. When a text is given as the input, we select the
classifier which corresponds to the domain which is mos{5] H. Lodhi, C. Saunders, J. Shawe-Taylor, N. Cristianini, and C.
similar as the text. Watkins, “Text Classification with String Kernels”, pp419-444,

Let us consider the process of applying the KNN to the Journal of Machine Learning Research, Vol 2, No 2, 2002.
text summaflzanon whlch_ is mapped into a clg§5|f|cat!on.6 C. S. Leslie, E. Eskin, A. Cohen, J. Weston, and W. S.
A text is given as the input, and the classifier which  “Noble, “Mismatch String Kernels for Discriminative Protein
corresponds to the subgroup which is most similar to the Classification”, pp467-476, Bioinformatics, Vol 20, No 4, 2004.
given text with respect to its content is selected. The text is _ i
R. J. Kate and R. J. Mooney, “Using String Kernels for

_pe:rtltlloned mt? par?lgrtr,:lp: = t?]nd (Tachfpara_lg;]aph 'S Classr:léa] Learning Semantic Parsers”, pp913-920, Proceedings of the
'”9 essence or nq y e Ca,SSI 1er. € paragrapis - 51 |nternational Conference on Computational Linguistics and
which are classified into ‘essence’ are extracted as results the 44th annual meeting of the Association for Computational
from summarizing the text. Note that the text is rejected, if Linguistics, 2006.
all paragraphs are classified into ‘not'. .
Even if the text summarization is viewed into an instancel8 T- J0 and D. Cho, “Index based Approach for Text Catego-
f text cateqorization. we need to compare the two tasks rization ,In_ternatlonal Journal of Mathematics and Computers
0_ Y ’ ; _p A in Simulation, Vol 2, No 1, 2008.
with each other. In the text categorization, a text is given
as an entity, while in the text summarization, a paragraph i§9] T. Jo, “Single Pass Algorithm for Text Clustering by Encoding
done so. In the text categorization, the topics are predefined Documents into Tables”, pp1749-1757, Journal of Korea Mul-
manually based on the prior knowledge, whereas in the fimedia Society, Vol 11, No 12, 2008.

text §qmmanz_aﬂ0n, the two categorles,_ ‘es_sence’ and ‘nOt’[lo] T. Jo, “Device and Method for Categorizing Electronic Docu-
are initially given. In the text categorization, the sample  ment Automatically”, Patent Document, 10-2009-0041272, 10-
texts may span over various domains, whereas in the text 1071495, 2011.
summarization, the sample paragraphs should be within a _ _ _
domain. Therefore, although the text summarization belongE-1l T. Jo, “Normalized Table Matching Algorithm as Approach

e . - . to Text Categorization”, pp839-849, Soft Computing, Vol 19,
to the classification task, it should be distinguished from the 4, 2015.
topic based text categorization.

[12] T. Jo, “Inverted Index based Modified Version of K-Means
IV. CONCLUSION Algorithm for Text Clustering”, pp67-76, Journal of Information
Let us mention the remaining tasks for doing the further Processing Systems, Vol 4, No 2, 2008.

research. .We apply and validate t_he proppsed re;earch LT3] T. Jo, “Representationof Texts into String Vectors for Text
summarizing technical documents in specific domains such categorization”, pp110-127, Journal of Computing Science and
as medicine or engineering rather than news articles in Engineering, Vol 4, No 2, 2010.

various domains. We define and characterize more advanced )

operations mathematically on graphs which represent text&l“}]\l T. JO{( fNTSTO (Nglural Text Selfs(l)rggnlier): AI N(;}WNNeurE;,(l
We modify more advanced machine learning algorithms Network for Text Clustering’, pp31-43, Journal of Networ

. . . . - Technology, Vol 1, No 1, 2010.

into their graph based version, using the more sophisticated

operations. We implement the text summarization system a@5] T. Jo, “NTC (Neural Text Categorizer): Neural Network for

a system module or an independent software by adopting Text Categorization”, pp83-96, International Journal of Infor-
the proposed approach_ mation Studies, Vol 2, No 2, 2010.
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