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Abstract

Automated summarization methods can
be defined as “language-independent,” if
they are not based on any language-
specific knowledge. Such methods can
be used for multilingual summarization
defined by Mani (2001) as “processing
several languages, with summary in the
same language as input” In this pa-
per, we introduce MUSE, a language-
independent approach for extractive sum-
marization based on the linear optimiza-
tion of several sentence ranking measures
using a genetic algorithm. We tested our
methodology on two languages—English
and Hebrew—and evaluated its perfor-
mance with ROUGE-1 Recall vs. state-
of-the-art extractive summarization ap-
proaches. Our results show that MUSE
performs better than the best known multi-
lingual approach (TextRafkin both lan-
guages. Moreover, our experimental re-
sults on a bilingual (English and Hebrew)
document collection suggest that MUSE
does not need to be retrained on each lan-
guage and the same model can be used
across at least two different languages.
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with on a daily basis (Filippova et al., 2009), as-
sist in the automated classification and filtering of
documents, and increase search engines precision.

Automated summarization methods can
use different levels of linguistic analysis:
morphological, syntactic, semantiand dis-
course/pragmatic(Mani, 2001). Although the
summary quality is expected to improve when
a summarization technique includes language
specific knowledge, the inclusion of that knowl-
edge impedes the use of the summarizer on
multiple languages. Only systems that perform
equally well on different languages without
language-specific knowledge (including linguistic
analysis) can be considered language-independent
summarizers.

The publication of information on the Internet
in an ever-increasing variety of languageslic-
tates the importance of developing multilingual
summarization approaches. There is a particu-
lar need for language-independent statistical tech-
nigues that can be readily applied to text in any
language without depending on language-specific
linguistic tools. In the absence of such techniques,
the only alternative to language-independent sum-
marization would be the labor-intensive transla-
tion of the entire document into a common lan-
guage.

Here we introduce MUSE (MUItilingual Sen-
tence Extractor), a new approach to multilingual
single-document extractive summarization where

Document summaries should use a minimumy,mmarization is considered as an optimization or
number of words to express a document's mairy search problem. We use a Genetic Algorithm
ideas. As such, high quality summaries can sigiGa) to find an optimal weighted linear combina-
nificantly reduce the information overload manytjon of 31 statistical sentence scoring methods that
professionals in a variety of fields must contend, e 4 language-independent and are based on ei-
"We evaluated several summarizers—SUMMA, MEAD, ther a vector or a graph representation of a docu-

Microsoft Word Autosummarize and TextRank—on the DUC Ment, where both representations are based on a

2002 corpus. Our results show that TextRank performed —

best. In addition, TextRank can be considered language- 2 Gulli and Signorini (2005) used Web searchegsrulif-
independent as long as it does not perform any morphologicéderent languages to estimate the size of the Web as of the end
analysis. of January 2005.
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word segmentation. of which use the vector space model for text repre-

We have evaluated our approach on two monosentation and a set of predefined or user-specified
lingual corpora of English and Hebrew documentsweights for a combination gfosition frequency
and, additionally, on one bilingual corpora com-title, andcentroid-based (MEAD) features. Gold-
prising English and Hebrew documents. Our evalstein et al. (1999) integrated linguistic and statisti-
uation experiments sought to cal features. In none of these works, however, did
- Compare the GA-based approach for singlethe researchers attempt to find the optimal weights
document extractive summarization (MUSE) tofor the best linear combination.

the best known sentence scoring methods. Information retrieval and machine learning
- Determine whether the same weighting model idechniques were integrated to determine sentence
applicable across two different languages. importance (Kupiec et al., 1995; Wong et al.,

This paper is organized as follows. The next2008). Gong and Liu (2001) and Steinberger and
section describes the related work in statisticalezek (2004) used singular value decomposition
extractive summarization. Section 3 introduceqSVD) to generate extracts. Ishikawa et al. (2002)
MUSE, the GA-based approach to multilingualcombined conventional sentence extraction and a
single-document extractive summarization. Sectrainable classifier based on support vector ma-
tion 4 presents our experimental results on monoehines.
lingual and bilingual corpora. Our conclusions Some authors reduced the summarization pro-
and suggestions for future work comprise the fi-cess to an optimization or a search problem. Has-

nal section. sel and Sjobergh (2006) used a standard hill-
climbing algorithm to build summaries that max-
2 Related Work imize the score for the total impact of the sum-

) S mary. A summary consists of first sentences from
Extractive summarization is aimed at the selec—the document was used as a starting point for the
tion of a subset of the most relevant fragmentge,rcn  and all neighbours (summaries that can
from a source text into the summary. The frag-be created by simply removing one sentence and

ments can be paragraphs (Salton et al., 1997), SeQyjing another) were examined, looking for a bet-
tences (Luhn, 1958), keyphrases (Turney, 20009er summary.

or keywords (Litvak and Last, 2008). Statisti- Kallel et al. (2004) and Liu et al. (2006b)

cal methods for calculating the re!evanpe SCO%sed genetic algorithms (GAs), which are known
of each fragment can be categorized into sev-

eral classescuebased (Edmundson, 196%ey as prominent search and optimization meth-
’ ", ods (Goldberg, 1989), to find sets of sentences that
word- or frequencybased (Luhn, 1958; Edmund- ( g )

aximize summary quality metrics, starting from
son, 1969; Neto et al.,, 2000; Steinberger antgl yd y g

random selection of sentences as the initial pop-
Jezek, 2004; Kallel et al., 2004; Vanderwende ehl Pop

: ation. In this capacity, however, the high com-
al., 2007),title-based (Edmundson, 1969; Teufel . . . .
’ ’ . ’ ' utational complexity of GAs is a disadvantage.
and Moens, 1997)positionbased (Baxendale P plexity g

_ o * To choose the best summary, multiple candidates
‘139?8,hl_5dtrm:ndzsc;)(;ll, 1?%9’ l_rlrrl]a an% Hgvgl, ﬁQQZ’should be generated and evaluated for each docu-
atoshi €t al., ) arldngthtbased (Satoshi e ment (or document cluster).

al. 200.1)' , . Following a different approach, Turney (2000)
Considered the first work on sentence SCOMNg <4 2 GA to learn an optimized set of parame-
for automatgd _t_ext summarization, Luhn (1958)ters for a keyword extractor embedded in the Ex-
based the significance fa_ctor of g_sentence_ on mt?actor tool®> Orasan et al. (2000) enhanced the
frequency and the relative positions of signifi- reference-based anaphora resolution algorithms

cant words within a sentence. Edmundson (1969Ey using a GA to find an optimal set of values for

:ested dlflf<(_arent Im_ear CO{Eb:jn&thT(S OI_JOW Zen'the outcomes o014 indicators and apply the opti-
ence ranking scoring methodseae key, ttie an mal combination of values from data on one text

position—to identify that which performed best to a different text. With such approach, training

on a training corpus. Linear combinations of sev—may be the only time-consuming phase in the op-
eral statistical sentence ranking methods were alsgration

applied in the MEAD (Radev et al., 2001) and
SUMMA (Saggion et al., 2003) approaches, both *http://www.extractor.com/
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Today, graph-based text representations are béequency of the ternt by ¢f(¢). In the LUHN
coming increasingly popular, due to their abil- method,W; and N; are the number of keywords
ity to enrich the document model with syntactic and the total number of words in tt#é cluster, re-
and semantic relations. Salton et al. (1997) werspectively, such that clusters are portions of a sen-
among the first to make an attempt at using graphtence bracketed by keywords, i.e., frequent, non-
based ranking methods in single document excommon wordé.
tractive summarization, generating similarity links  Figure 1 demonstrates the taxonomy of the
between document paragraphs and using degresethods listed in Table 1. Methods that require
scores in order to extract the important paragraphpre-defined threshold values are marked with a
from the text. Erkan and Radev (2004) and Mi-cross and listed in Table 2 together with the aver-
halcea (2005) introduced algorithms for unsuperage threshold values obtained after method eval-
vised extractive summarization that rely on theuation on English and Hebrew corpora. Each
application of iterative graph-based ranking algo-method was evaluated on both corpora, with dif-
rithms, such as PageRank (Brin and Page, 1998grent threshold € [0, 1] (only numbers with one
and HITS (Kleinberg, 1999). Their methods rep-decimal digit were considered). Threshold val-
resent a document as a graph of sentences intares resulted in the best ROUGE-1 scores, were
connected by similarity relations. Various sim-selected. A threshold of means that all terms
ilarity functions can be applied: cosine similar- are considered, while a value 6f means that
ity as in (Erkan and Radev, 2004), simple over-only terms with the highest rankf( degree,or
lap as in (Mihalcea, 2005), or other functions.pagerank are considered. The methods are di-
Edges representing the similarity relations can b&ided into three main categoriesstructure, vec-
weighted (Mihalcea, 2005) or unweighted (Erkantor-, andgraphbased—according to the text rep-
and Radev, 2004): two sentences are connectedriésentation model, and each category is divided
their similarity is above some predefined thresholdnto sub-categories.
value. Section 3.3 describes our application of a GA to

the summarization task.
3 MUSE - MUIltilingual Sentence

Extractor Table 2: Selected thresholds for threshold-based
In this paper we propose a learning approacr?cormg methods
. . . Method Threshold

to language-independent extractive summariza- LUAN 0.9

tion where the best set of weights for a linear com- LUHN.DEG 0.9

bination of sentence scoring methods is found by kLéCN*PR [g'g 10]

a genetic algorithm trained on a collection of doc- KEY DEG [d.é, 1'_0]

ument summaries. The weighting vector thus ob- KEY_PR [0.1,1.0]

tained is used for sentence scoring in future sum- gg&DEG ([)6?7, 0.9]

marizations. Since most sentence scoring methods COV_PR 0.1

have a linear computational complexity, only the
training phase of our approach is time-consuming.

3.2 Textrepresentation models
3.1 Sentence scoring methods The vector-based scoring methods listed in Ta-
Our work is aimed at identifying the best linear ble 1 usetf or tf-idf term weights to evaluate
combination of the31 sentence scoring methods sentence importance. In contrast, representation
listed in Table 1. Each method description in-used by the graph-based methods (except for Tex-
cludes a reference to the original work where thé¢Rank) is based on the word-based graph represen-
method was proposed for extractive summarizatation models described in (Schenker et al., 2004).
tion. Methods proposed in this paper are denote&chenker et al. (2005) showed that such graph
by new. Formulas incorporate the following nota- representations can outperform the vector space
tion: a sentence is denoted By a text document model on several document categorization tasks.
by D, the total number of words i by N, the to-  In the graph representation used by us in this work
tal number of sentences il by n, the sequential 4 ;55 experiments suggest an optimal limit obr 5
number ofS in D by i, and the in-document term non-significant words between keywords.
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Table 1: Sentence scoring metrics

[Name [Description [Source ]
POSF Closeness to the beginning of the documé;nt: (Edmundson, 1969)
POSL Closeness to the end of the document: (Baxendale, 1958)
POSB Closeness to the borders of the documenmd:z(}, njiH) (Lin and Hovy, 1997)
LEN_ W Number ofwordsin the sentence (Satoshi et al., 2001)
LEN_CH  [Number ofcharactersin the sentence
2
LUHN MAT ;¢ {clusters(s)}LCSi}, CSi = JVZ (Luhn, 1958)
KEY Sum of the keywords frequenciegte{Keywwds(s)} tf(t) (Edmundson, 1969)
cov Ratio of keywords number (Coverag :553:555((3“ (Liu et al., 2006a)
tf(t

TF Average term frequency for all sentence woréz‘:feﬁi() (Vanderwende et al., 2007)
TFISF S ies tF () x isf(t),isf(t) = 1 — B2, (Neto et al., 2000)

n(t) is the number of sentences containing
SvD Length of a sentence vector ¥if - V7 after computing Singular Value (Steinberger and Jezek, 2004)

Decomposition of a term by sentences mattix= ULV 7"
TITLE O |Overlap similarity to the title: sim(S, T) = % (Edmundson, 1969)
TITLE J [Jaccard similarity to the titlesim(S, T) = 1557
TITLE .C |Cosine similarity to the titlesim(S, T) = cos(S,T) = |S§|:|Tf|
D_COV_O |Overlap similarity to the document complement new

. oy |SnT|

sim(S, D — 5) = min{|SLID—S[} _—
D_COV.J accard similarity to the document complement (S, D — S) = 4550
D_-COV_C |Cosine similarity to the document complement(S, D — S) = %
LUHN _DEG|Graph-based extensions of LUHN, KEY and COV measures respsctiv
KEY _DEG |Node degree is used instead of a word frequency: words are cogide
COV_DEG |significant if they are represented by nodes having a degree higher

than a predefined threshold

) Deg;

DEG Average degree for all sentence nodéé—?e{”“ﬁ(s”
GRASE Frequent sentences frdmushypaths are selected. Each sentence irbtishy

path gets a domination score that is the number of edges with its label in the

path normalized by the sentence length. The relevance score for acente

is calculated as a sum of its domination scores over all paths.
LUHN _PR |Graph-based extensions of LUHN, KEY and COV measures respBctiv
KEY PR  |Node PageRank score is used instead of a word frequency: werdsesidered
COV_PR |significant if they are represented by nodes having a PageRankirsgbes

than a predefined threshold

PR(t

PR Average PageRank for all sentence nod&?e‘j\,i()
TITLE _E_O |Overlap-based edge matching between title and sentence graphs
TITLE _E_J [Jaccard-based edge matching between title and sentence graphs
D_COV _E_O|Overlap-based edge matching between sentence and a documereroemp

graphs
D_COV _E_J [Jaccard-based edge matching between sentence and a documglieincent

graphs
ML _TR Multilingual version of TextRank without morphological analysis: (Mihalcea, 2005)

Sentence score equals to PageRank (Brin anq Page, 1998) rankaufets n

WS(V;) = (1_d)+d*z\/j€ln(v7;) T L o WS(V;)

Vi €Out(Vy)

nodes represent unique terms (distinct words) an8.3 Optimization—learning the best linear
edges represent order-relationships between two  combination

terms. Thereis adirected edge frofto Bifan 4 \ye found the best linear combination of the meth-
term immediately precedes tfigterm in any sen- s Jisted in Table 1 using a Genetic Algorithm

tence of the document. We label each edge withg a) GAs are categorized as global search heuris-
the IDs of sentences that contain both words in th‘ﬁcs. Figure 2 shows a simplified GA flowchart.

specified order. A typical genetic algorithm requires (1) a genetic

representation of the solution domain, and (2) a
fitness function to evaluate the solution domain.
We represent the solution as a vector of weights
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Language-independent sentence
scoring methods

Structure- Vector- Graph-
based based based
I 1 1
[Position} [ Length } [Frequenc;} ESimilarity} [Degree} EPagerank} ESimilarity}

LUHN_DEG* LUHN_PR*
KEY_DEG* KEY_PR*

COV_DEG* COV_PR*

TITLE_E_O* D_(
TITLE_E_J* D_COV_E

Figure 1: Taxonomy of language-independent sentence scoring rsethod

empirically was proven as a good choice. Each
PR gene is represented by a weighting vectpr=

wr, ..., wp having a fixed number ab < 31 ele-
ments. All elements are generated from a standard
normal distribution, withy = 0 ando? = 1, and
|no normalized to sum up td. For this solution rep-

: resentation, a negative weight, if it occurs, can be
considered as a “penalty” for the associated met-
ric.

SelectionDuring each successive generation, a
proportion of the existing population is selected to
breed a new generation. We use a truncation se-
lection method that rates the fithess of each so-
lution and selects the best fifth(0 out of 500)
of the individual solutions, i.e., getting the maxi-
mal ROUGE value. In such manner, we discard
“bad” solutions and prevent them from reproduc-
for a linear combination of sentence scoringtion. Also, we useelitism—method that prevents
methods—real-valued numbers in the unlimitedosing the best found solution in the population by
range normalized in such a way that they sum URopying it to the next generation.
to 1. The vector size is fixed and it equals to the Reproduction In  this  stage, new
number of methods used in the combination. genes/so|uti0ns are introduced into the popu-

Defined over the genetic representation, the fitfation, i.e., new points in the search space are
ness function measures the quality of the repreexplored. These new solutions are generated
sented solution. We use ROUGE-1 Recall (Linfrom those selected through the following genetic
and Hovy, 2003) as a fitness function for mea-operatorsmating, crossovermndmutation
suring summarization quality, which is maximized |n mating a pair of “parent” solutions is ran-

_Reproduction-

Figure 2: Simplified flowchart of a Genetic Algo-
rithm

during the optimization procedure. domly selected, and a new solution is created us-
Below we describe each phase of the optimizaing crossoverandmutation that are the most im-
tion procedure in detail. portant part of a genetic algorithm. The GA per-

Initialization GA will explore only a small part formance is influenced mainly by these two opera-
of the search space, if the population is too smalltors. New parents are selected for each new child,
whereas it slows down if there are too many solu-and the process continues until a new population
tions. We start fromV = 500 randomly gener- of solutions of appropriate siz¥ is generated.
ated genes/solutions as an initial population, that Crossoveris performed under the assumption
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that new solutions can be improved by re-usingmarization across two different languages.
the good parts of old solutions. However it is _
good to keep some part of population from one#.2 Text preprocessing

generation to the next. Ogrossovemperator in-  Crycial to extractive summarization, proper sen-
cludes a probability§0%) that a new and different tence segmentation contributes to the quality of
offspring solution will be generated by calculat- symmarization results. For English sentences,
ing the weighted average of two “parent” vectorsye ysed the sentence splitter provided with the
according to (Vignaux and Michalewicz, 1991). MEAD summarizer (Radev et al., 2001). A sim-

Formally, a new vectow will be created from pje splitter that can split the text at periods, excla-

two vectorsv; and v according to the formula mation points, or question marks was used for the
V=A% V1 + (]. — )\) * V9 (We set\ = 05) There Hebrew text7_

is a probability 0f20% that the offspring will be a
duplicate of one of its parents. 4.3 Experiment design

Mutationin GAs functions both to preserve the The English text material we used in our experi-

existing diversity and to introduce new variation. ments comprised the corpus of summarized doc-

Itis aimed at prgventing GA from fal!ing into lo- uments available to the single document summa-
cal extreme, but it should not be applied too ofteny;; 5o ta5k at the Document Understanding Con-
because then GA will in fact change to randomc, .ance 2002 (DUC, 2002). This benchmark
sggrch. Our mutatiop operatpr in_cludes a pro,badataset contains33 news articles, each accompa-
bility (3%) that an arbitrary weight in a vector wil nied by two to three human-generated abstracts of
be changed by a uniformly randomized factor inapproximatelleO words each
th?rrange o_t—()._ZIS_,hO.?)] from '?5 orl?lnal value: For the Hebrew language, however, to the best
ermination € generational process Is r€" of our knowledge, no summarization benchmarks

peated until a termination condition—a plateau of,.«; 14 generate a corpus of summarized Hebrew

solution/combination fitness such that successiv?exts' therefore, we set up an experiment where
iterations no longer produce better results—haﬁuman assessors were giveh news articles of
been 'reached. The minimal improvement in OUye 1o 830 words each from the Website of the
experiments was set to=1.0F — 21. Haaretznewspape?. All assessors were provided
with the Tool Assisting Human Assess¢i®\HA)
software tod! that enables sentences to be easily
4.1 Overview selected and stored for later inclusion in the doc-

The MUSE summarization approach was eVal_ument extract. In totalf0 undergraduate students
uated using a comparative experiment on tWJr_om the Departmen_t of Inf(_)rma.tion Systems En-
monolingual corpora of English and Hebrew textsd "e€MNY. Bfen Gurion L}mversﬂy of the Negev
and on a bilingual corpus of texts in both Ian_pqrﬂmpated in the experlment. Each 'student par-
guages. We intentionally chose English and Heympant was randomly assigned ten different doc-

brew, which belong to distinct language families!MeNts and instructed to (1) spend at least five

(Indo-European and Semitic languages, respec{pinme_S on each document, (2) ignore dialogs and
fully), to ensure that the results of our evaluationquc’tatmns’ (3) read the whole document before

would be widely generalizable. The specific goalsbeglnnlng sentence extraction, (4) ignore redun-

of the experiment are to: dant, repetitive, and overly detailed information,

- Evaluate the optimal sentence scoring models in‘:’lnCI (5) remain within the minimal and maximal

duced from the corpora of summarized documentgummary length cons_tralnts (95 and 100 words, re-
in two different languages. spectively). Summaries were assessed for quality

- Compare the performance of the GA-based muIpy comparing each student's summary to those of

tilingual summarization method proposed in thisaII the other students using the ROUGE evalua-

4 Experiments

work to the state-of-the-art approaches. "Although the same set of splitting rules may be used for
- Compare method performance on both lan-many differentlanguages, separate splitters were used for En-
guages glish and Hebrew because the MEAD splitter tool is restricted

. . to European languages.
- Determine whether the same sentence scoring ship:/www.haaretz.co.il

model can be efficiently used for extractive sum- °TAHA can be provided upon request
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tion toolkit adapted to HebreWand the ROUGE- rizer, and (3) with the best single scoring method
1 metric (Lin and Hovy, 2003). We filtered all the in each corpus. As a baseline, we compiled sum-
summaries produced by assessors that received awaries created from the initial sentences (denoted
erage ROUGE score belows5, i. e. agreed with by POSF). Table 4 shows the comparative re-
the rest of assessors in less th#% of cases. sults (ROUGE mean values) for English, Hebrew,
Finally, our corpus of summarized Hebrew textsand bilingual corpora, with the best summarizers
was compiled from the summaries of ab@086 on top. Pairwise comparisons between summa-
of the most consistent assessors, with an averizers indicated that all methods (except PBS
age of seven extracts per single docurtenThe and MLTR in the English and bilingual corpora
ROUGE scores of the selected assessors are disnd DCOV_J and POJ- in the Hebrew corpus)
tributed betweeB( and57 percents. were significantly different at th@5% confidence

The third, bilingual, experimental corpus waslevel. MUSE performed significantly better than
assembled from documents in both languages. TextRank in all three corpora and better than the

best single methods COBEG in English and

4.4  Experimental Results D_COV_J in Hebrew corpora respectively.

We evaluated English and Hebrew summaries us- Two sets of features—the full set afl sen-
ing ROUGEA4,2,3,4, L, SU andW metrics, de- tence scoring metrics and thie) best bilingual
scribed in (2004). In agreement with Lin’s (2004) metrics determined in our previous wéfkusing
conclusion, our results for the different metrics@ clustering analysis of the methods results on
were not statistically distinguishable. However,both corpora—were tested on the bilingual corpus.
ROUGE- showed the largest variation across thelhe experimental results show that the optimized
methods. In the following comparisons, all resultscombination of thel0 best metrics is not signif-
are presented in terms of the ROUGHRecall icantly distinguishable from the best single met-
metric. ric in the multilingual corpus — CO\DEG. The
We estimated the ROUGE metric using-fold  difference between the combination of all met-
cross validation. The results of training and testingics and COVDEG is significant only with a one-
comprise the average ROUGE values obtained fof@iled p-value of).0798 (considered not very sig-
English, Hebrew, and bilingual corpora (Table 3).nificant). Both combinations significantly outper-
Since we experimented with a different number offormed all the other summarizers that were com-
English and Hebrew documents3@ and 50, re- pared. Table 4 contains the results of MUSE-
spectively), we have creatad balanced bilingual trained weights for alg1 metrics.
corpora, each with the same number of English Our experiments showed that the removal of
and Hebrew documents, by combining approxi-highly-correlated metrics (the metric with the
mately 50 randomly selected English documentslower ROUGE value out of each pair of highly-
with all 50 Hebrew documents. Each corpus wascorrelated metrics) from the linear combination
then subjected ta0-fold cross validation, and the slightly improved summarization quality, but the
average results for training and testing were calcuimprovement was not statistically significant. Dis-
lated. carding bottom ranked features (up5@), also,
We compared our approach (1) with adid not affect the results significantly.
multilingual version of TextRank (denoted by Table 5 shows the best vectors generated from
ML _TR) (Mihalcea, 2005) as the best knowntraining MUSE on all the documents in the En-
multilingual summarizer, (2) with Microsoft glish, Hebrew, and multilingual (one dfo bal-
Word’'s Autosummarize functidf (denoted by anced) corpora and their ROUGE training scores
MS_SUM) as a widely used commercial summa-and number of GA iterations.

T — ty J danted While the optimal values of the weights are ex-
The regular expressions specifying “word” were adapte : _
to Hebrew alphabet. The same toolkit was used for sumpec'[ed to be nonneggtlve, among the actual re
maries evaluation on Hebrew corpus. sults are some negative values. Although there
“'Dataset is available ahttp:/www.cs.bgu.ac. is no simple explanation for this outcome, it may

ill  ~litvakm/research/
12We reported the following bug to Microsoft: Microsoft be related to a well-known phenomenon from Nu

Word's Document.Autosummarize Method returns differentMerical Analysis calledver-relaxation(Friedman
results from the output of the AutoSummarize Dialog Box.
In our experiments, the Method results were used. Bsubmitted to publication
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and Kandel, 1994). For example, Laplace equ
tion ¢, + ¢y, = 0 is iteratively solved over a
grid of points as follows: At each grid point let

%able 5: Induced weights for the best linear com-

bination of scoring metrics
Metric ENG  HEB  MULT

o™ 3™ denote then'” iteration as calculated COVDEG  8.490 0.171  0.697
from the differential equation and iteodifiedfi- KEY.DEG 15774 0218 = -2.108
) ) . KEY 4734 0471 0.346
nal value, respectively. The final value is chosen COV_PR 4349 0241  -0.462
aswo™ + (1 — w)d" . While the sum of the cov 10.016 -0.112  0.865
, : : . D_COV.C -9.499 -0.163 1.112
two weights is obviously, theoptimalvalue ofw, D.COV_J 11337 0710 2814
which minimizes the number of iterations needed KEY_PR 0.757  0.029 -0.326
for convergence, usually satisfigs < w < 2 LUHN.DEG ~ 6.970 0211  0.113
) ) : . POSF 6.875  0.490  0.255
(i.e., the second weight— w is negative) and ap- LEN_CH 1333 -0.002 0214
proacheg the finer the grid gets. Though some- LUHN -2.253  -0.060 0.411
: o : LUHN_PR 1.878 -0.273 -2.335
what unexpected, this surprising result can be rig LEN W 15204 0006 1598
orously proved (Varga, 1962). ML_TR 8493 0340  1.549
TITLE_EJ 5551  -0.060 -1.210
TITLEEO -21.833 0.074 -1.537
Table 3: Results of0-fold cross validation DCOVEJ 1629 0.302 0.196
D_COV.0O 5531 -0.475 0.431
. ENG HEB MULT TFISF -0.333  -0.503 0.232
Train 0.4483 0.5993 0.5205 DEG 3.584 -0.218 0.059
Test 0.4461 0.5936 0.5027 DCOVEO 8557 -0130 -1.071
PR 5891 -0.639 1.793
TITLE.J 7551  0.071  1.445
TF 0.810  0.202  -0.650
o TITLE.O -11.996  0.179  -0.634
Table 4: Summarization performance. Mean SVD 0557 0137 0.384
ROUGE4 TITLE.C 5.536  -0.029  0.933
Metric ENG HEB MULT POSB -5.350 0.347 1.074
MUSE 0.4461 05921 0.4633 GRASE -2.197  -0.116  -1.655
COV.DEG 0.4363 0.5679 0.4588 POSL -22.521 0408 -3.531
D.COV.J  0.4251 05748 0.4512 Score 0.4549  0.6019  0.526

POSF 0.4190 0.5678 0.4440 Iterations 10 6 7

ML_TR 0.4138 0.5190 0.4288
MS_SUM 0.3097 0.4114 0.3184

Assuming efficient implementation, most met-
rics have a linear computational complexity rela-
tive to the total number of words in a documentindependent approach, in both Hebrew and En-
R O(n)'. As a r?SUIt’ MUSE. total gomputatlon glish using either monolingual or bilingual cor-
time, given a trained mode_l, 'S also Imea_r (a'_[ faLc'pora. Moreover, our results suggest that the same
tor of the. ”“T“be.r of metrlps n a ComIOInatlon)'weighting model is applicable across multiple lan-
The training time is proportional to the number of

: ) o ... guages. In future work, one may:
QA |ter§1t|ons multlplleql by the n_umber of |nd!- - Evaluate MUSE on additional languages and lan-
viduals in a population times the fitness evaluatio

. . ) nguage families.
(ROUGE) time. On average, in our exp_erlments_ Incorporate threshold values for threshold-based
the GA performed — G iterations—selection and oy 4 (Table 2) into the GA-based optimization
reproduction—before reaching convergence. procedure.

- Improve performance of similarity-based metrics
in the multilingual domain.

In this paper we introduced MUSE, a new, GA-- Apply additional optimization techniques like
based approach to multilingual extractive sum-Evolution Strategy (Beyer and Schwefel, 2002),
marization. We evaluated the proposed methodwhich is known to perform well in a real-valued
ology on two languages from different languagesearch space.

families: English and Hebrew. The experimen-- Extend the search for the best summary to the
tal results showed that MUSE significantly out- problem of multi-object optimization, combining
performed TextRank, the best known languageseveral summary quality metrics.

5 Conclusions and future work
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