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Abstract—This paper focuses on abstractive text summa- anaphoraphenomenon, i.e., when the pronouns in a sum-

rization. Our aim is to explore to what extent new sentences mary do not refer to their correct antecedent. Consequently
generated employing a word graph-based method (which either , rqer to solve these limitations, research into abstract
compress or merge information) are suitable for producing . ’

abstracts. Moreover, in order to decide which of the new methods_ IS need_ed [71, [8]_’ [91- _
sentences should be included in the abstractive summary,  The aim of this paper is to conduct an analysis of the
an extractive text summarization approach is developed (i.e., potentials and limitations of word graphs for generating
COMPENDIUM ), so that the most relevant abstractive sentences gpstractive summaries. We first propose a method for com-

can be selected and extracted. As shown by the results obtained, -, .o oging and merging information based on word graphs, and
this task is very challenging. However, preliminary experiments

carried out prove that the combination of extractive and €N we generate summaries from the resulting sentences.
abstractive information is a more suitable strategy to adopt ~ This allows us to quantify how feasible it is to produce

towards the generation of abstracts. abstracts directly. The results obtained give clear prdof o
Keywords-Human Language Technologies, automated retrieval the difficulty of the task, and the challenges it presents.
and mining, automated content summarization, abstractive tech- ~ However, in a preliminary experiment, we show that a more
niques, graph-based algorithms. appropriate strategy would be to combine extractive and
abstractive information, improving the performance of the

|. INTRODUCTION resulting summaries considerably.

. . The remaining of the paper is structured as follows:
Currently, the necessity of having good systems and toolgection 11 introduces previous work in abstractive tech-
capable of dealing with all the information available in an niques. Section Il describes the word graph-based method
efficient and effective manner is crucial to provide usetthwi o, compressing and merging sentences. Further on, how
the specific information they are interested in. In lightteét  gpstractive summaries are produced is explained in Section
Text Summarization (TS) is of great help since its main aimyy section V provides all issues concerning the experiment
is to produce a condensed new text containing a significardnd evaluation. Additionally, Section VI shows a prelimina
portion of the information in the original text(s) [1]. analysis of two proposed strategies in an attempt to sokve th
The process of summarization can be divided into thregimitations found in the approach. Finally, the conclusion

stages [2]: topic identification topic interpretation and  of the paper together with the future work are outlined in
summary generationExtractive summarization relies on gection VIL.

the selection of the most important sentences in order to
produce the summary. As a consequence, only carry out I
the topic identification step is carried out. In contrast,
abstractive approaches require a more elaborate process,n this section, we explain previous work on recent
involving sentence compression, information fusion, and/ abstractive summarization, and we stress our novelty with
language generation. In these cases, all the stages of thespect to other similar approaches.
summarization process are taken into account. An approach for combining different fragments of infor-
Due to the difficulty associated to the generation ofmation that have been extracted from one or more documents
abstracts, most approaches only focus on the first stage (i.@s suggested in [10]. From a predefined vocabulary (e.g.,
topic identification), producing extracts as a result [&],[ to addresy the algorithm is able to decide which of these
[5], [6]. The main problem of extractive summarization, expressions is more appropriate for a sentence, depending o
though, concerns the coherence of the resulting summariethe content and the partial abstract generated. Using machi
since the sentences contained may not be properly linkedearning techniques and experimenting with different g/pe
and most of them will suffer from the well-knowatlangling  of classifiers, results showed that the best classifier,dbase

. RELATED WORK
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on summarization features was able to correctly predict 60%wvords are mapped into the same node only if they have the
of the cases. same part of speech by using TreeTagger [22]. It is important
Furthermore, sentence compression [11], [12], and serto stress that stop words are not mapped together; otherwise
tence fusion [13], [14] are techniques that have also beethe real meaning of the sentence could be changed when
applied to abstractive summarization. In particular, rap generating the new sentence. In the future, we plan to use
based algorithms used for such purpose have been proven semantic knowledge in order to be able to map concepts
be very successful for producing multi-document summariesnstead of words.
[15], [16]. On the one hand, regarding sentence fusion, In addition, we have to define a weighting function
in [15], related sentences are represented by means &V (e;;.1) for each edge, in order to determine how relevant
dependency graphs, and then the nodes of such graphs dahe edge is. The proposed weight takes into account the
aligned taking into account their structure. Then, Integeffrequency of occurrenceFfeqRe) of two words together
Linear Programming [17] is used to generate a new sentenc# the document, as well as the importance of the words
where irrelevant edges of the graphs are removed, and ahemselves, which is determined through their PageRank
optimal sub-tree is found employing structural, syntacticvalue PR) [23]. Therefore, the weighting function can be
and semantic constraints. On the other hand, for sentenamputed according to Formula 1.
compression, Filippova [16] suggests a method based on
word graphs, where the shortest path is computed to obtain 1
a very short summary (only one sentence) from a set of Wieiir1) = @)

" FreqRel(vi,vi11) * (PR(v;) + PR(vi11))
related sentences belonging to different documents. In Figure 1, a fragment of a graph is shown.
Liu and Liu [18] attempt to transform an extractive sum-

marization into an abstractive one in the context of meeting
summarization by performing sentence compression. Differ

ent compression algorithms, such as Integer Programming, National
Markov Grammars [19] or even human compression were A Hurricane
evaluated, with the result that there are certain limitegio

The

88017 26169

Gilbert ¢~ Center

when using only sentence compression for generating ab- swept o S
stracts. With the same idea, Steinberger et al. [20] explore woward 5
different ways to generate summaries from their representa Ly e T
tions through their most important sentences. Their aim is Sunday<
to remove unnecessary words from the original sentences,
and then use a probabilistic approach to try to reconstruct at’ o
them. This approach was found to obtain similar results to latitude § vy
extractive summarization. []e 7 Chl

Our research focuses on studying the applicability of o L
a compression and fusion strategy for producing abstrac-
tive summaries. We rely on word graphs for representing Figure 1. Example of a word graph representation

documents, and we use them to produce single-document
abstracts, allowing the algorithm to compress and merg

. . B. Obtaining New Sentences
information.

In order to produce a new sentence, we employ Dijkstra’s
[1l. USING WORD GRAPHS FORGENERATING NEW algorithm [24] to find the shortest paths between an initial
SENTENCES node and the remaining ones that are directly or indirectly

In this section, we explain the proposed algorithm base@onnected with it. We chose the shortest path algorithm be-
on word graphs for generating new sentences. Such sefause, on the one hand, it has been shown to be appropriate
tences can be either a compressed version of the original onor compressing sentences in previous work [16], and on

or a longer sentence containing information from several. the other hand, the shortest path will also look for minimal-
length sentences that contains information from severagon

A. Building the Word Graph thus allowing them to include more information.

A document is represented as a directed weighted graph Two strategies are proposed for defining a starting node
DG = (V,E), whereV = v;,v;41,...,0i4, is the set 10 apply the searching algorithm over the document’s graph
of nodes corresponding to document’s words, aiid=  representation:
€iit1, €it1,i+2,- -5 Ci—ni+n IS the set of edges, which « The initial node corresponds to thiirst word in
consists of adjacency relations between the words. For the each sentenceThis manner, we ensure that for each
implementation we used Python-graph library [21]. Two sentence in the source document, we have at least one
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derived sentence, so the whole content of the document V. EXPERIMENTAL SETUP

is covered. In this section, we explain the dataset used, the experi-

« The initial node corresponds to tHE) words with  ments carried out as well as the results obtained together
highest tf-idf. Term frequency-inverse document fre- \yith an in-depth discussion.

quency (tf-idf) accounts for frequent terms in the doc-
ument, but not very frequent in the whole collection A. Dataset
of documents. With this strategy, we keep the most As dataset we randomly selected 50 documents of the
important terms and the information related to them. DUC 2002 newswire corpus [26], each document having
500 words on average. Additionally, two model summaries
C. Ensuring Sentences’ Correctness written by humans are also provided for each document.

By applying the Dijkstra’s algorithm over the graph we These summaries have a length of approximately 100 words,

obtain all possible shortest paths between one node and ti{ich corresponds to a 20% compression rate with respect
remaining ones. This leads to a high number of resulting® the source documents.
sentences, which are not equally.good. In fact, some of thg  Experiments and Results
sentences might be completely incomprehensible and not :
In order to test the appropriateness of our suggested
correctly formed. In order to guarantee the completeness : . :
method for generating abstractive summaries, we followed

and correctness of a new sentence, we define three ba%:e same guidelines as in DUC 2002 [27] (i.e., we produce
constraints in order to discard those sentences, which do 9 U P

. ) generic single-document summaries of 100 words each) and
not satisfied all of them: . . .
- we compare our abstractive summaries to the existing model
« The minimal length for a sentence must be 3 wordsgmmaries.
(i.e., subject+verb+object). _ In addition to the two approaches explained in Section IV:
« Every sentence must Contaln.a verb.. Graphs+COMPENDIUM and COMPENDIUM +Graphs, we
« The sentence should not end in an article (e.g., a, the), @efine abaseline, in which we generate the new sentences
preposition (e.g., of), an interrogative word (e.g., who),from the source document and select the first ones to build
nor a conjunction (e.g., and). the abstractive summary, until the length of 100 words is
The remaining sentences after applying the aforemenreached.
tioned constraints will be used for building the abstractiv.  Moreover, in order to broaden this analysis, we exper-

summaries. iment with three heuristics concerning the length of the
generated sentences:
V. PRODUCING ABSTRACTIVE SUMMARIES « ALL: all generated sentences;

« LONG: only those sentences that are longer (in number

In order to use the new generated sentences (Section Il
g ( ) of words) than the average length, and

for building abstractive summaries, it is necessary totifign ,
which of them carry the most relevant information, since *° SHORT: only those sentences, which are shorter than
the length of the summary is restricted (in our case, to the average length.
100 words), thus not being possible to include all of them. In total we analyze 18 types of abstracts: 2 strategies
Therefore, for determining important content we employedfor generating new sentences, 3 summarization approaches,
COMPENDIUM TS approach [25]. and 3 heuristics for selecting sentences with regard tao thei
With the purpose of analysing whether or not it is better tol€ndth, resulting in 900 different summaries (50 documents
generate new information before selecting the most imporX 18 types). _
tant one, or the opposite (i.e., to extract relevant infdiom. For assessing the appropriateness of the generated abs?rac
first, and then generate new sentences from it), we appl§fve Summaries, we compare them to the model summaries
COMPENDIUM in two different ways: employm?1 th;a IIeva.luatlon tpol F:Q%li_lGGi [fS]I.QCI)r1up()3aErt|§uIar(,j
. e use the following metrics: -1, -2 an
1) The hsebt ofdnew segtgnC(rals thalnfed from the wor OUGE-SU4, Whichgaccount for the number of common
?é?gpr']sfngS;e’\fD?UM? the input fOOMPENDIUM unigrams, bigrams, and skip-bigrams with four words in-
2) The important content of the document is first selectedgqe;\;v Sefrr; ?é sTI?sStli orretsh%ec;ttl)\gg C;Ii—sglgj rr|1 ma;(rji elé show the F-
and then the word graph-based method is applied for '
generating new sentences derived from the extracC. Discussion
(COMPENDIUM +Graphs). As can be seen from both tables, results are not very high,
In both cases, the resulting summaries will be abstractdhough they are promising for further research, since they
since they do not reproduce verbatim the sentences of thguantify how far we are from producing abstracts. They also
source document. help us to identify the limitations and the main challenges
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Table |
RESULTS (F-MEASURE) OF THE ABSTRACTIVE SUMMARIES WHEN THE ~ Graph+COMPENDIUM approach performs worse than the

FIRST WORD OF EACH SENTENCE IS USED FOR GENERATING NEW COMPENDIUM+Graph, and on the other hand, we want to

SENTENCES analyze the reasons of the low overall performance of the
Abstractive Approach R-1 R-2 R-SU4 abstractlvg approa_lches. . . .
baseine-ALL 515726 004908 005967 Regarding the first type of analysis carried out, if we use
baseline-LONG 0.19625  0.05029  0.06277 the word graph-based method for generating new sentences
e R o r. St LU L first, and use all of them as input f@oMPENDIUM, this
Graphs€OMPENDIUM-LONG ~ 0.22829  0.06187  0.07446 TS tool can have difficulties in selecting important content
e g This occurs because many of the sentences will start with
COMPENDIUM+Graphs-LONG ~ 0.29022  0.09660  0.10942 the same words (e.g., if we take the top 10 words with

COMPENDIUM+Graphs-SHORT 0.16984  0.04633  0.05565

highest tf-idf), so oncecoOMPENDIUM detects a specific
fragment of information as relevant, sentences containing
Table II the same portion of information that have not been detected
RESULTS(F-MEASURE) OF THE ABSTRACTIVE SUMMARIES WHEN THE as redundant WI” be alSO Selected, |eading to Summaries
TOP LOWORDS WITH HIGHEST TFIDF OF EACH SENTENCE AREUSED  that have not much variation in content. In order to solve
this limitation, besides checking for the correctness @ th

Abstractive Approach R-T R2 R-SU4 sentences once they have been generated and filtering out
baseline-ALL 0.13058  0.03436  0.03957 those ones, which do not satisfy the proposed constraints,
baseline-LONG 0.14590 0.03729  0.04362 .

baseline-SHORT 015916  0.03604  0.04605 we would also need to apply some constraints based on
grapES€°MPEND'UM'f\éLNG tg)-1157676;f§1 %%?535&1 %%55%20 the information sentences contain, optimizing the set of
GraphSSOMPENDILMSHORT 07612  0.04228  0.05234 generated sentences, so that only the best ones with respect
COMPENDIUM+Graphs-ALL 0.20850 0.06210 0.07048 to their content are used.

COMPENDIUM+Graphs-LONG 0.22323 0.06688 0.07647 . .
COMPENDIUM+Graphs-SHORT _ 0.18057  0.05186 _ 0.05770 With respect to the general results of the abstractive

approaches, since the length of the summaries is restricted
to only 100 words, when selecting the most important
sentences before or after generating new sentences, some of
we need to face. A clear tendency is observed in the majorityhe concepts may not be included. Consequently, this affect
of the cases that the best results are obtained when the inthe performance of the summaries, leading to low ROUGE
portant information is first identified and extracted, aneith  results. Contrary to what was expected, longer sentences
the new sentences are generatedNPENDIUM+Graphsg.  do not necessarily lead to better summaries, nor shorter
ROUGE results focoMPENDIUM+Graphs-ALLimprove on  sentences lead to more informative summaries. It happens
average 55% with respect to tf@raphs+COMPENDIUM-  the same problem as before: the concepts in the sentences
ALL approach when the first words of a sentence are useghay not present a great variation, focusing on a few topics,
to generate the new sentences. The same approach butrither than providing an overview of the topics covered in
the case of the top 10 words with highest tf-idf are usedthe document. Finally, it is worth mentioning that produgin
leads to an improvement of 40% compared to the resultpure abstracts is a challenging task, as it is shown also in

obtained forGraphs+COMPENDIUM-ALL. Concerning the previous research [18], where F-measure values for ROUGE-
COMPENDIUM+Graphs-ALL and baseline-ALLapproaches, 1 ranged from 13% to 18%.

the results of the former increase by 80% and 72%, for
the first words or the top 10 words with highest tf-idf, V|- ADDRESSING THELIMITATIONS OF THE APPROACH
respectively. In general, results are lower when the new The aim of this section is to conduct a preliminary

sentences are generated from the words with highest tianalysis of the potential solutions to the problems preslipu
idf values. This is due to the fact that the summarizationidentified.

guidelines we followed together with the model summaries
we had, focused on generic summarization, whereas out- Optimizing the Set of Generated Sentences
proposed strategy for generating new sentences using theAs it was previously stated, one possible solution for
top 10 words with highest tf-idf may be more appropriate toimproving the selection the new generated sentences for
query-focused summarization, since this type of summaryaking part in the summary would be to find an optimization
contains the most important information with regard tofunction that could provide us with the best generated
a specific topic, and consequently, the tf-idf method carsentences. In order to analyze if this could improve the
provide some clues about the relevant topics of a documenfinal abstractive summaries, we carry out a preliminary
Now, by examining the content of the generated ab-experiment assuming an ideal case. We selected the 20%
stracts, we mainly focus on two types of problems. Onof the documents we used for our experiments, and we
the one hand, we try to elucidate the reasons why thenanually select the best sentences resulting from the word
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Table IV

g-raph-bas-ed method. As before, we Ulsed such sentences ROUGE-1RESULTS FOR THE EXTRACTIVE-ABSTRACTIVE

either as input focOMPENDIUM, or we first extracted the SUMMARIES.

relevant content and then we generated the sentences, from _

which we manually selected the best ones. Table Ill shows éptp""':_c" = sicgj" g;e;:"’” 05*47:21

. . . Xtractive summary . . .

the results of this pilot experiment. We perform a t-test gsigraphseompenpium firstwords ideal 0.471 0492 0.480*

to account for the significance of the results for a 95% EE*CGOMPhEND'UM+Graph§firstV(\)/0frgfs_,i§eall 8-422 8-452 8-441
. . . .. . ES+Graphs€omMPENDIUM_top10tfidf ideal .45 45 457

confidence interval (results which are statistically digant ES+COMPENDIUM+GraphstoplOtfidf ideal 0405  0.436 0.419

are marked with a star).

Table 111
ROUGE-1RESULTS FOR THE ABSTRACTIVE SUMMARIES ASSUMING AN the new sentences from the first words of each original sen-
IDEAL CASE. . .
tence. Consequently, the summary will cover a wide range of

Abstractive Approach Recall _Precision  F, = 1 topics. Moreover, results have improved considerably with
Graphs€OMPENDIUM_firstwords 0.207 0.209 0.208 respect to the ones obtained for the abstracts shown in Table
Graphs€0MPENDIUM_firstWords ideal 0.279* 0.287* 0.283 0 H f i
COMPENDIUM+GraphsfirstWords 0.283 0.291 0.287 I (62/0 on avera,ge)' It is quth mentioning that Wher?
COMPENDIUM+GraphsfirstWords ideal 0.293 0.301 0.296 we take as a basis an extractive summary and we enrich
Graphs€0MPENDIUM_top10tfidf 0.197 0.199 0.198 i i i i i

Graphs£0MPENDIUM_top10tfidf ideal 0.255* 0.263* 0.259* it with abstractive mformatlon generat.ed .f.rom the source
COMPENDIUM+Graphstop10thdf 0271 0.220 0.218 document, F-measure results improve significantly contgpare
COMPENDIUM+Graphstopl0tfidfideal 0.283*  0.292*  0.287* to the initial extract. This is very positive result, sinde i

indicates that we can carry out research into this type of
improveosummarles, improving the quality of them, as well as going

Assuming this ideal case, the results are ) X
beyond the simple selection of sentences.

by 25% on average, with respect to the original ap-
proaches. Furthermore, the improvement is higher for the
Graphs+cOMPENDIUM approach (36% and 31%, for rows
1-2 and 5-6, respectively). As it was previously shown, it In this paper, we analyzed a method based on word
is more appropriate to determine relevant information firstgraphs for generating abstractive summaries. The purpose
by means of an extractive TS approach, and then try t®f the method was to compress and merge information
compress and combine such information. In an ideal casdfom sentences. In order to decide which of the new sen-
results forcoMPENDIUM+Graphsimprove by 5% and 10% tences should be included in the abstractive summary, we
with respect taGraphs+coMPENDIUM when the first words employed an extractive TS approach (i.€QMPENDIUM),

or the 10 words with highest tf-idf values are used forso that the most relevant sentences could be selected and

VII. CONCLUSION AND FUTURE WORK

generating new sentences, respectively. extracted. We analyzed different strategies for genagatin
o ) ) ] abstracts, including the most appropriate way to generate
B. Combining Extractive and Abstractive Information new sentences, the order to select important informatioah, a

Here we want to analyze to what extent the generatethe length of the sentences. The results obtained, although
sentences can be used in combination with extracts correncouraging, showed the difficulty of the task itself, and
sponding to the same documents. Therefore, we again ebrought some insights of the problems with the resulting
perimented with the 20% of the documents and we took as abstracts. In light of this, we conducted two additional
basis the extractive summaries for each of them generated Ipreliminary experiments to analyze how to improve the
COMPENDIUM. Further on, taking also into consideration the resulting summaries. The main conclusion we can draw from
abstractive summaries produced, we combined both types dlis research is that the word graph-based method proposed
summaries, according to these rules: i) if the sentenceein this appropriate to generate abstractive information that ca
extract has one or more equivalent sentences in the abstrabe later used to enrich extractive information, influencing
we substitute the former for the latter; ii) if the sentencepositively in the resulting summaries.
in the extract does not correspond to any sentence in the Nevertheless, there is still a lot of room for improvement,
abstract, we keep the sentence in the extract, and iii) if theo several actions have to be taken for further work. In the
abstract contains some sentences that are not present in thigort-term, we plan to increase the corpus size and carry out
extract, we enrich the extract with these sentences. In thithe same experimentation with more documents, improving
manner, the new summary produced contains both extractivalso the word-graph method. Moreover, we want to verify
and abstractive information. Table IV shows the prelimynar if the proposed strategy for generating new sentencesgakin
results of this experiment. Statistical differences adim@y  into account the words with highest tf-idf could be apprepri
to a t-test are indicated with a star. ate for query-focused summarization. In the long-term, we

As it can be seen from the results obtained, we carare interested in analyzing other methods for representing
confirm that for generic summaries, it is better to generaténformation and how it can be generalized (e.g., concept
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