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Abstract—Numerous approaches have been introduced to
automate the process of text summarization, but only few can be
easily adapted to multiple languages. This paper introduces a
multilingual text processing pipeline integrated in the open-
source ReaderBench framework, which can be retrofit to cover
more than 50 languages. While considering the extensibility of
the approach and the problem of missing labeled data for
training in various languages besides English, an unsupervised
algorithm was preferred to perform extractive summarization
(i.e., select the most representative sentences from the original
document). Specifically, two different approaches relying on
text cohesion were implemented: a)a graph-based text
representation derived from Cohesion Network Analysis that
extends TextRank, and b) a class of submodular set functions.
Evaluations were performed on the DUC dataset and use as
baseline the implementation of TextRank from Gensim. Our
results using the submodular set functions outperform the
baseline. In addition, two use cases on English and Romanian
languages are presented, with corresponding graphical
representations for the two methods.

Keywords-extractive summarization; spaCy framework;
submodular functions; TextRank; Cohesion Network Analysis;
Word Mover’s Distance

L. INTRODUCTION

Text summarization is the process of compressing one or
more documents to about 20-30% of the original text(s), while
maintaining the main ideas and without significantly
modifying the main points and the fidelity of the content. As
online data is constantly increasing in size, information
indexing and searching has become more costly in terms of
performance and complexity [1]. Moreover, people tend to
easily lose their interest when searching for key information
in long text. Thus, making available shorter, compressed text
containing the most relevant ideas considerably reduces
reading time and increases success rates for identifying the
desired information [2]. Increased time to search for
information is crucially important in the commercial sector
wherein information on the Internet can take time (and thus
money) to search and digest. Web page summarization can
lower costs by reducing the time to understand and search for
information [3].
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Despite the benefits of summaries, it is impossible to
manually create summaries — there are simply far too many
texts online to summarize. Automated summarization offers a
viable solution [4]. Extractive summarization is the process of
choosing the most important sentences from a target text,
which collectively summarize the text. Most of these
automated programs, however, solely target the English
language. As such, our objective is to develop an automated
program that can be retrofit to cover multiple languages — in
essence, any language, any text, any time.

II.  STATE OF THE ART

Text summarization methods are generally classified into
two different types based on the output: extractive and
abstractive. The extractive method is the easiest and most
frequently employed summarization approach. The common
practice of extractive summarization involves compiling the
most important sentences of the text. The topic words method
[5] was one of the first approaches of this type. Its principal
tactic is to identify the topic words (words best describing a
subject, usually identified by counting) and to classify the
sentences in a text by quantifying the presence of these words.
It was subsequently improved with probabilistic patterns [6],
and more complex formulas for score computation such as Tf-
Idf (Term Frequency — Inverse Document Frequency).

An alternative approach for summarization consists of
selecting the most representative sentences from the
document. Latent Semantic Analysis (LSA) [7] provides the
means to perform such a selection of representative sentences
[8]. LSA is an unsupervised method widely used in Natural
Language Processing, originally introduced for information
retrieval systems (i.e., Latent Semantic Indexing — LSI). LSA
creates a vector space that maps the texts and words in a high-
dimensional semantic space using a matrix factorization
known as Single Value Decomposition (SVD), followed by a
projection on the most representative & dimensions. The
summarization is usually constructed by choosing the most
relevant sentence for each concept/topic enriched with
different heuristics.

Further methods of extractive summarization rely on
graph representations. Most of underlying algorithms for
graph-based summarization are derived from PageRank [9].
The central idea of graph-based ranking is bringing the text
to a graph representation. Depending on context, text units of
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various sizes can form the vertex set. The connections
between any pair of vertices are weighted by similarity
scores. In such a way, the extractive summary is assembled
by identifying the most important units in a text. TextRank
[10] is one of the most renowned unsupervised extractive
summarization algorithms that relies on graph-based model.

Abstractive methods are more sophisticated and resemble
to a higher degree human approaches of building summaries.
The obtained summary consists of phrases and sentences that
are generated in whole or in part based on the model’s
understanding and representation of the original text. The key
aspect of abstractive summarization is to remember previous
information. In this respect, Recurrent Neural Networks
(RNNs, including LSTMs or Long Short-Term Memory cells
[11]) are renowned for their capability of learning on data with
long temporal dependencies. Encoder-decoder architectures
can be designed to address the challenges of abstractive
summarization; however, large datasets of manually created
summaries are required. Notably, however, the process of
manual summarization is not only time consuming, but also
subjective from the human point of view, as two summaries
are unlikely to be completely similar when they are written by
different individuals. It is challenging to reliably discriminate
whether a given summary is better or worse, more or less
comprehensive, or more or less comprehensible than another
one. Moreover, and most important here, these methods do not
generalize well on new types of input documents or on larger
texts, and cannot be applied on texts in different languages.

III.

Our solution was inspired from the presumption that
extractive summarization should be facilely applied on
various kinds of documents, including those written in
languages other than English. Moreover, we set out to
methodically meet the requirements of extractive
summarization, without using a very large volume of input
data or computational power, while still preserving the
characteristics of a well composed summary.

Taking into consideration these constraints, we introduce
two different approaches, wherein the primary focus is to
capture the semantic relations between sentences. Thus, we
rely on Cohesion Network Analysis (CNA) [12] to maximize
the extent to which the central text elements from a semantic
point of view are captured within the extractive summary.
CNA combines text cohesion computed using various
semantic models with Social Network Analysis. CNA
generates a cohesion graph that reflects links between various
text units (e.g. word, sentences, paragraphs, etc.) [13]. In our
case, the sentence selection task for summarization is reduced
to defining a set of rules to be followed for retrieving the most
relevant vertices in the cohesion graph.

THE CURRENT STUDY

IV. METHOD

We introduce two multilingual approaches: a) CNA
TextRank, an extension of the initial implementation [10],
which now uses newer semantic models and the CNA graph
representation, as well as b) summarization with submodular
set functions. Both models are implemented using Python

162

v3.7 and are integrated in the open-source ReaderBench
framework [14].

A. Corpus

Although the proposed method can be adjusted to any
language, it requires pre-trained word embeddings for the
prespecified language and an annotated dataset to fine tune the
hyper-parameters. Finetuning the hyper-parameters is
important due to its large impact on the results; this process
should be performed on all languages for which annotated
datasets exist. The evaluations in this study were performed
on two DUC datasets, namely: DUC 2001 [15] and DUC 2002
[16], both written in English. The hyper-parameters from the
English model were also used for Romanian since, to our
knowledge, there are no annotated datasets currently
available.

B. Text cleaning and preprocessing
Our algorithm requires cleaned, pre-processed inputs.
First, every document is split into sentences (i.e., a process
known as sentence tokenization), and each sentence is
processed independently using the following common steps:
e remove section labels, if applicable;
remove punctuation marks;
remove non-alphanumeric characters;
remove sequential spaces;
remove digits.

The second text preprocessing stage is more complex and
language oriented. The central elements of this phase consist
of reducing inflected words to their dictionary forms (i.e.,
lemmatization), followed by computing the sentence
embeddings. Stop words and lemmas having fewer than two
characters are eliminated. In addition, a good heuristic that
improved our results was to retain sentences with more than
three distinct content words. Taking into consideration the
multilingual aspect of the summarization process, it was
mandatory to find a versatile solution for language
manipulation.

spaCy (https://spacy.io) is a free open-source library
written in Python and Cython used mainly for Natural
Language Processing (NLP). In addition to the wide variety
of functionalities, it also provides support for many languages
(53+ languages including Romanian). Text processing in
spaCy is done using a standardized pipeline (see Fig. 1). The
text is passed through several sequential stages of pre-defined
operations until the final result is obtained. By default, spaCy
uses a restricted model to perform faster computations, but the
larger models should be used for additional features, such as
word embeddings. In case of a new language, spaCy can
provide a pre-trained model if the language is supported by
the developers; alternatively, a custom user-trained model can
be integrated.

The desired outcome of this initial step is the removal of
less relevant words so that the text’s overall coherence is not
greatly impacted. Therefore, stop words are eliminated, and
lemmatization is applied to increase the similarity score
between structures containing words with different
inflectional and derivative forms.

Authorized licensed use limited to: ASU Library. Downloaded on September 14,2023 at 16:37:13 UTC from IEEE Xplore. Restrictions apply.



C. Text cohesion D. Summarization with CNA TextRank

In contrast to the simple similarity function from the Derived from the original TextRank [10] algorithm, the
TextRank algorithm that relies on common token overlap  proposed method replaces the standard similarity function
[10], we use word embeddings. Word embeddings translate ~ with estimates of text cohesion derived from the CNA graph.
words into a vector representation within a semantic space, in Starting from the execution schema of the TextRank
which similar terms are in the same proximity. For example, algorithm in Figure 2, the major difference for our semantic
word2vec [17] assigns a vector of real values to each word as version lies in the computation of sentence vectors and the
an output of a neural network. Besides cosine similarity, the  construction of the similarity matrix. The preprocessing stage
Word Mover’s Distance (WMD) [18] can be used as a  remains the same, as it was described in a previous section.
weighted semantic distance function. WMD is a semantic The WMD pair distances between sentences are used to adjust
editing distance that calculates the minimum distance to be ~ the weights of specific links from the CNA graph, more
traveled from one set of word embeddings to another, given a specifically intra-textual links between sentences. WMD
pre-trained semantic space. Accordingly, the distance  distances are implemented by adding a new component in the
between two sentences is the minimum cumulative distance  spaCy pipeline, while the resulting scores are used to populate
that all words from the first sentence need to “travel” to match ~ the similarity matrix. The NetworkX v2.2 package [19] was
the second sentence. used for graph generation and PageRank computation.

. Dependency Document
Input text > Tokenizer > Tagger > parser > NER > embeddings >

Figure 1. Text processing pipeline from spaCy.

Combined Text Sentences Vectorization Similarity Build Sentence s
Articles splitting matrix Graph ranking ummary

Figure 2. TextRank execution steps.

function usually violates it. Thus, the quality of a summary is

E. Summarization with submodular set functions described by the following linear combination:

Submodular set functions have been successfully applied

in game theory, economy or graph theory, and more recently F(S) = L(S) + AR(S) (1)
there is an increased interest in using these functions in
domains such as artificial intelligence and machine learning.  \yhere [,(S) calculates the similarity or the fidelity between

Some important benefits of using submodular functions reside
in their capability of solving difficult computational problems,
as well as their property of diminishing returns (i.e., a decrease
in the marginal/incremental output of the function).

In the context of document summarization, the text needs
to be perceived as a set of separate sentences. Having this
setup, the summarization problem is reduced to a submodular
function maximization, under the constraint of a given
summary size, which is known to be an NP-hard problem.
Fortunately, there is a polynomial time solution with a good L(S) = ey ies Sim, ; )
approximation of (1 — 1/e)OPT, where e is the base of the 1eV.Jes 2L
natural logarithm and OPT the value of the optimal solution,
if the function is monotone [20]. In view of previous
definitions and arguments, the solution to the summarization _ VK ] Iy i,
problem consists %f finding a submodular function that also R(S) = Zi=s \/ 2 €PRNS N Liey St ®)
satisfies the property of monotony.

A good summary considers two central properties of the ~ where sim; ; is the sentence similarity function between i and
target text sentences: relevance and non-redundancy [21]. jand P, k = 1,..K is a partition of V.

Usually, these two properties are calculated individually and Our summarization algorithm implements the above
gathered under the same function, by promoting the first and submodular functions, as they were defined in the study of Lin
penalizing the second. Lin and Bilmes [21] proposed a  and Bilmes [21]. One unique aspect of our implementation
solution that no longer penalizes redundancy, but encourages  resides in hyperparameters tuning, namely A — the trade-off
diversity. With this approach, the monotonicity of the  coefficient and K — the number of partitions or clusters. The
objective functions can be better preserved, as the redundancy ~ text partitioning was achieved using the k-means clustering

algorithm. The most ideal summaries for our dataset were

the summary and the original text, R(S) is the diversity
reward function, and A is a trade-off coefficient.

Definitions of these functions may vary, as long as their
monotony property is met. Lin and Bilmes [21] also propose
several variants of submodular set functions for text
summarization. For example, the coverage and the diversity
reward function of summary S, in respect to text V, are
defined as follows:
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obtained by having A = 4 and K = 10% X N, where N is the
number of sentences from V. These hyper-parameters were
experimentally determined using a grid search technique on
the DUC 2001 dataset, with 2 <A1 <7 and 0.1N < K <
0.3N. The same tuned values from English were maintained
across the experiments performed in other languages.
Moreover, a saturation margin was also considered when
computing L in order to avoid overfitting.

Having defined the submodular monotone function F, the
next step involves extracting the final summary.
Mathematically, this translates into solving a maximization
problem under the size constraint. In other words, the
generated summary considers the following equation:

max F(S), such that |S| < B 4

with B being the length of the expected summary. This
problem can be solved in polynomial time with an improved
approximation of 1 — J—le by using a greedy heuristic approach
where at each step the greatest ratio of function gain to scaled
cost is being selected [22].

V. RESULTS

A. DUC Validation

The assessment of a summary is complex because it must
consider multiple issues such as coherence, cohesion,
grammar, intelligibility, and text content. The principal
method of evaluating a system summary is by comparing it
with a human reference. Since most dedicated datasets for
automated summarization contain reference models, the

quality assessment of a summary reduces to finding the
appropriate comparison criteria.

To this end, ROUGE-N scores [23] reflect the similarity
between the automatically generated and the genuine
summaries in the dataset (see Tables I and II for recall — R,
precision — P and F-score — F)). Simply put, in the context of
ROUGE, recall refers to how much the reference summary is
covered by the system generated summary, whereas the
precision measures how much of the system summary was
necessary to capture the content. In this case, the most relevant
score was ROUGE-1 which refers to the overlap of unigrams
(individual words).

This study focused on the DUC 2001 and DUC 2002
datasets. The model summaries were generated by three
algorithms: CNA TextRank, the algorithm based on
submodular  functions, and a baseline TextRank
implementation from Gensim v3.4.0 library [24].

The results obtained for the two datasets are summarized
in Tables I and II. These results indicate that the submodular
functions provide slightly better scores than the other two
methods while the CNA TextRank surpasses the Gensim
version of summarization in terms of recall. A diminished F-
score is noticeable for each method resulting from lower
precision, which may be explained by differences in the size
of the summaries, but also by an incorrect partitioning of the
text that specifically influences the diversity function in the
case of submodular functions. The partitioning is important
for the diversity function because as soon as a sentence is
selected from a cluster, the other candidates from the same
cluster stat having diminished gain [21]. The diversity is
amplified by the trade-off coefficient A = 4, whose value was
exhaustively searched through the DUC’01 dataset.

TABLE L ROUGE-N SCORES FOR DUC 2001

L(S) R(S) L(S) +R(S) CNA TextRank Gensim TextRank

P R F P R F P R F P R F P R F
ROUGE-1 334 589 401 319 .563 381 325 574 .388 318 .563 .380 .339 .556 .385
ROUGE-2 .149 255 .176 136 226 158 .140 233 162 137 230 .160 .150 231 .165
ROUGE-3 .095 .159 111 .086 136 .098 .088 .140 .100 .087 139 .099 .096 141 .104
ROUGE-4 .071 117 .082 .063 .098 .071 .065 .101 .073 .064 .100 .072 .072 .102 .076

TABLE 1L ROUGE-N SCORES FOR DUC 2002

L(S) R(S) L(S) + AR(S) CNA TextRank Gensim TextRank

P R F P R F P R F P R F P R F
ROUGE-1 408 539 441 .393 .523 425 400 531 432 .389 523 423 424 .505 427
ROUGE-2 .188 241 .199 176 225 187 .181 230 191 176 227 .188 .197 223 193
ROUGE-3 119 .150 125 11 .138 116 115 142 .119 113 .141 119 126 138 121
ROUGE-4 .087 .108 .091 .081 .099 .084 .083 .102 .086 .083 .102 .086 .092 .099 .087

Table III includes the scores of the submodular algorithm
when the semantic distance formula WMD was used to TABLEIIl.  ROUGE-N SCORES FOR CNA TEXTRANK (WMD).
compute semantic similarity. Alt}_lou.gh. recall is lowered, the DUC 2001 DUC 2002

harmonic mean (i.e., the F-score) is similar or even better than 7 2 7 7 2 7

he previou resls du o hgher preckion: i nrese g sy { o v |

SVOI‘dS in the s steJm summar}'/ies ROUGE-2 .149 229 .169 .180 212 185

M ’ ROUGE-3 .095 .143 .107 114 132 116

ROUGE-4 .070 .105 .079 .083 .095 .084
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B. Sample multi-lingual use cases

Tables IV and V introduce two running examples of our
summarization algorithm with bilingual support (English and
Romanian languages), where the proportion of the number of
sentences to be selected from the original text is set to 25%.
Differences in the graph representations of texts can be
observed in either case. This can be explained by the fact that
cosine distance applied on the Tf-1df representation generates
a matrix with widely distributed values across the interval. By
contrast, the semantic distances using WMD and word2vec

TABLE IV.

return matrices with smaller variations, which corresponds to
a tight interval of similarity scores. The small variation is
expected in this case because the integrated transformation
reveals some hidden semantic relations between sentences,
which cannot be outlined by a formula based on mere words
counts. Hence, the visual representation of the text using the
Fruchterman and Reingold [25] force-directed algorithm is
more similar with a complete graph where the selected
candidates reside in center (i.c., centered vertices have the
smallest cumulative distance to the other candidates), which
is the case of CNA TextRank.

ENGLISH EXTRACTIVE SUMMARIZATION

Input

S4: Male African elephants are the largest extant terrestrial animals.

S7: Elephants' large ear flaps help to control their body temperature.
S8: Their pillar-like legs can carry their great weight.

S1: Elephants are large mammals of the family Elephantidae and the order Proboscidea.
S2: Two species are traditionally recognized, the African elephant and the Asian elephant.
S3: Elephants are scattered throughout sub-Saharan Africa, South Asia, and Southeast Asia.

S5: All elephants have a long trunk used for many purposes, particularly breathing, lifting water and grasping objects.
S6: Their incisors grow into tusks, which can serve as weapons and as tools for moving objects and digging.

S9: African elephants have larger ears and concave backs while Asian elephants have smaller ears and convex or level backs.

Gensim TextRank

CNA TextRank

0.6

0.41

0.2 4

0.01

-

=10 =0.8 =0.6 =04 =0.2 0.0 0.2 0.4 0.6

1.0 1

B

0.0 1

—0.5 1

-1.0 1

T T T T T T T T
-1.00 -0.75 -050 -0.25 0.00 0.25 0.50 0.75

Submodular function sets

=024

0.4 1

—0.6 4

1.0 -

-0.6 -0.4

-0.2

0.0 0.2 0.4
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TABLE V. ROMANIAN EXTRACTIVE SUMMARIZATION

Input
S1: Fenomenul de incalzire globala nu este nicidecum ceva nou pentru planeta noastra.
S2: Perioadele de temperaturi foarte ridicate si cele glaciare alterneaza conform unui ciclu pe care oamenii de stiinta sunt inca departe de a-1 intelege, dar
a carui existentd e sprijinitd de dovezi din ce in ce mai numeroase.
S3: Ca idee, in ultima jumatate de milion de ani planeta a trecut prin nu mai putin de sapte perioade glaciare, iar acum 7.000 de ani am intrat intr-o noua
perioada de incalzire a atmosferei.
S4: Nu e usor de acceptat ideea ca societatea bazata pe utilizarea carbunilor, petrolului si gazelor naturale e de vina pentru incalzirea globala, care anunta
efecte dezastruoase din cauza schimbarilor climatice.
S5: Prin urmare, scepticii schimbarilor climatice contraataca permanent, aducand in discutie o multime de alte posibile cauze care ar putea influenta
incalzirea globala.
S6: Unul dintre factorii naturali majori care pot influenta radical temperatura Pamantului este, evident, Soarele.
S7: Exista posibilitatea ca o explozie solara sa faca ,,ferfenita” atmosfera planetei, iar radiatiile letale sa treaca de bariera cdmpului magnetic al planetei.
S8: Variatia activitatii Soarelui poate duce la o crestere brusca a temperaturii globale.
S9: Niciun om de stiintd nu neaga ca aceste riscuri exista.
S10: Insa aceste scenarii, care pot suna apocaliptic in filmele SF, nu se intdmpla brusc, ci in decursul unor decenii sau, mai degraba, al unor secole.
S11: Iar, in ultimul secol, masuratorile NASA si ale altor institutii aratd ca Soarele nostru a fost ,,cuminte”, iar influenta asupra Pamantului constanta.
S12: Doar pe la mijlocul anilor *50 a avut o activitate ceva mai intensd, dar care, culmea, a coincis cu o scadere temporara a temperaturii medii globale.
Gensim TextRank CNA TextRank
0.75 4 1.00 4
S 0.75 -
0.50 -
0.25 -
0.25 -
0.00 -
0.00 4
—0.25
—0.25 A
“530 1 —0.50 -
-0.75 —0.75 -
-1.00 =1.00 4
O i 0.2 0.0 02 0.4 06 -1.00 -0.75 -050 -0.25 000 025 050 075 100
Submodular function sets
0.6
0.4 4
0.2 4
0.0 4 /‘i
0.2 4 '\‘.g
ST
_0.4 <
—0.6
_0.8 <
_10 »
-1.00 -075 -0.50 -0.25 0.0 0.25 0.50 0.75

In addition, most of the selected sentences were
considered important in two out of three models.
Nevertheless, aside from different underlying graphs as
representations, the resulting summaries are also quite
different. The most striking difference is between CNA
TextRank and submodular summaries because both have the
same representation and distance formula (i.e., both models
rely on the same similarity scores). This is caused by the

Authorized licensed use limited to: ASU Library. Downloaded on Sep

diversity reward implemented in the submodular algorithm,
which forces the selection of centroids from different clusters
of sentences. This behavior is more common when
summarizing longer texts (see Table V).
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VL

In summary, we introduced a multilingual summarization
framework exemplified on two different languages, namely
English and Romanian. Two extractive summarization
algorithms were implemented, a CNA TextRank and an
algorithm relying on submodular set functions. Text cleaning
and preprocessing phases were performed using spaCy, which
provides an easily adaptable pipeline for multiple languages.
Our evaluation considers the comparison of the ROUGE
scores between our implemented solution and the reference
summarization algorithm from the Gensim library.

Intrinsically, there are similarities in the generated
summaries, but the end-goals are different. CNA TextRank
summarization maximizes the selection of central sentences
from a cohesion point of view, while submodular function sets
also account for diversity in sentence selection.

Both algorithms perform text preprocessing and their
complexity is reflected in pair-wise comparisons between
sentence embeddings which are obtained as average word
embeddings. Since the models use pretrained word
embeddings, summarizations for texts of normal size can be
easily performed on personal computers. Longer texts, for
example entire books, should be segmented, and the extractive
summarization algorithms should be run independently on
coherent segments of texts (e.g., sections or subsections).

The envisioned future of work from the methodological
point of view is shaped by two aspects: a) a multi-document
summarization, where the current solution can be extrapolated
from one document to a cluster of documents, and b) an
improved similarity metric with different combined methods.
For example, word2vec embeddings may not yield desired
results if the model is not trained with enough or relevant data
for the domain of the documents. Other techniques such as
FastText [26] and BERT contextual embeddings [27] may
also be fruitful. In addition, the multilingual aspect must be
better put into perspective by using diversified corpora from
different languages; where possible, cross-lingual
comparisons should be performed.

In sum, exploring the use of different similarity metrics is
worth studying more in-depth because each approach has its
own advantages and disadvantages, while results after hyper-
parameter tuning migh change from one language to another.
The particularities of each available model must be considered
in the context of the desired application.

CONCLUSIONS AND FUTURE WORK
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