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Abstract

In this paper, we present our online summarizasigstem of web topics. The user defines the topia lsgt of

keywords. Then the system searches the Web foeteeant documents. The top ranked documents armesl

and passed on to the summarization component. dmenarizer produces a summary which is finally sheevn
the user. The proposed architecture is fully maddlais enables us to quickly substitute a newigersf any

module and thus the quality of the system’s outpilit get better with module improvements. The calici
module which extracts the most important sentefroms the documents is based on the latent semantilysis.

Its main property is independency of the languafjthe source documents. In the system interface, @am

choose to search a news site in English or Czehh. résults show a very good search quality. Moghef
retrieved documents are fully relevant, only a fe®ing marginally relevant. The summarizer is corapke to

state-of-the-art systems.

Keywords: Information retrieval; searching; summarizatiateht semantic analysis

1. Introduction

Searching the web has played an important rolaiman life in the past couple of years. A user eithe
searches for specific information or just browsgsds which interest him/her. Typically, a userezgta query
in natural language, or as a set of keywords, asdaach engine answers with a set of documentshvdrie
relevant to the query. Then, the user needs tchigmugh the documents to find the information thmeriests
him. However, usually just some parts of the doausieontain query-relevant information. A beneditthe
user would be if the system selected the relevassgges, put them together, made it concise amdtfland
returned the resulting text. Moreover, if the résgl summary is not relevant enough, the user efine the
query. Thus, as a side effect, summarization caridweed as a technique for improving querying.

Our aim is to apply the following step after reaéof the relevant documents. The set of documients
summarized and the resulting text is returned ¢ouser. So, basically, the key work is done bystimamarizer.

In the past we created a single-document summasilzieh extracted the most important sentences a@imgle
source document [1]. The core of the summarizercoasred by latent semantic analysis (LSA — [2DwWNwe

are experimenting with its extension to processtiplal documents — a cluster of documents concerttieg
same topic. Several new problems arise here. Fonpbe, because the documents are about the sarogthay

can contain similar sentences. We have to ensatdtth summary does not contain this type of redoog

In this paper, we present the SWEeT system (Suraeraof WEb Topics). A user enters a query in the
system. That query should describe the topic helovike to read about (e.g. “George Bush Iraq Waihe
system passes the query to a search engine. leasisuith a set of relevant documents sorted byagiee to the
query. Topn documents, wheneis a parameter of the system, are then passad ummarizer, the core of the
system. The created summary is returned to the toggather with references to the searched docusbat can
help him to get more details about the topic.

The structure of the paper is as follows. In Secfipa quick overview of our SWEeT approach is
presented. We then go deeper into the technicallsi¢Bection3). We describe the architecture of the system
and then we briefly mention the function and apphoaf each module. Then, in Sectidnwe discuss the
evaluation results, which can give an idea of tharching and summarizing quality. Moreover, we stow
couple of resulting summaries and system screesishiothe end, we discuss our vision of the systefurther
extensions and improvements.
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2. Approach Overview

Until we go into more technical details, we willpdain the approach firstly in a simple way. Aftaet
user submits a query it is passed to a search enigianswers with a set of relevant documentsiridantents,
together with some additional information, e.g.edatf publication, are extracted and passed on & th
summarizer.

The first task for the summarizer is to extract thest important sentences from the set of documents
Our approach follows what has been called a tersedastrategy: find the most important informatiarthe
document(s) by identifying its main terms, and thextract from the document(s) the most important
information (i.e., sentences) about these terms\i8feover, to reduce the dimensionality of thentepace, we
use the latent semantic analysis [2], which castelusimilar terms and sentences into ‘topics’ lua lbasis of
their use in context. The sentences that contannibst important topics are then selected for thensary.
However, in this step, we have to be sure thastimemary does not already contain a similar sentempesvent
redundancy. The vector of the sentence that iadryd be included in the summary is compared witsé¢ of
the sentences already included in the summary bipesimilarity.

After obtaining the summary sentences, we try toawe unimportant clauses from them. (In other
words, we perform a second-level summarization.) d&signed a set of knowledge-poor features that imel
deciding if the most important information contadrie a sentence is still present in its compressgdion (see
Section 3.7, [4]). These features are used by thesifier, which makes a decision on whether thetiqudar
clause isf/is not important. The shortest of the m@®sed versions that still contain the main sesten
information is selected to substitute the full ek in the summary. Further, the summary sentévaeasto be
ordered. Our method uses the fact that two sensethes are to appear next to each other in thé sunamary
should be connected by occurrences of the saméesntiThe last step of our approach is to corrbet t
problematic occurrences of entities brought byamting sentences without their context. (E.g. thee be a
pronoun which the reader could not interpret.) @pproach is to substitute each of these problematic
expressions (e.dne) with the full noun phrases (e jgresident George Bujfb].

3. System Architecture

The crucial part of the system is the summarizerweler, state-of-the-art summarization is still far
behind human-written summaries. So we designed dulap system to quickly enable us to improve the
summarization process (see Figure 1).

search engines 1 servers with
{. 1 B ‘ found documents
references references
keywords to relevant to relevant documents
user types documents  documents
a query
query keyword keywordf- searching - CO?ter:,t
! | exraction 1 module references | - raction
=] and parsing
to relevant
A documents
final ) . . . contents
Summarization pipeline and
summary "
metadata
L 4
reference sentence sentence sentence zfrztftzf: entity
correction [ ordering < compression | extracton [ markup < markup

Figure 1: System architecture

The first stage of the process is to pass the gieesysearch engine. We use the widely used Google
search engine. Moreover, the search engine caradily énstructed to search a single domain or gploof
domains. Thus, e.g., we can search just certairs ig@mains to get a summary of a news topic. Afetigg the
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cluster of relevant documents, their source URitlest dates of publication (if available) and then texts are
extracted. The cluster is saved in our designed Xiimat.

After getting the XML with the searching detailsetlsummarization pipeline starts. This pipeline
consists of several modules. Their aim is to creheefinal summary XML node whose content is fipall
returned as the system answer. The first moduletates entities (e.g., persons, organizationsepjawhich
appear in the text. This would be needed for sest@ndering and entity occurrence correction. Later plan
to use a complex co-reference resolution systemtha task (e.g. Bart [6]). The next module tries t
automatically annotate the sentence clause steuethich is needed for sentence compression. Thierssmn
extraction module is the main one. Its goal isalest the summary sentences. Our LSA-based methosed
here. After this step, the XML file contains tharsuary node with selected sentences. Then, it isuttmeof the
sentence compression module, which removes unimpodiauses from the summary sentences. The next
module orders the sentences in the summary anhshenodule corrects the entity occurrences. Thedtage
takes the content of the XML summary node and mitssi¢ to the user. The modules are discussedén th
following subsections.

3.1 User Query Processing and Keyword Extraction

The first stage after submitting the query is toraot significant terms from it. The resulting sdt
keywords is then used in the searching module tifiertask we need a list of “stop words”, i.e. weottat do
not carry any information — prepositions, conjuocst, etc. If the module finds a stop word amongdgtery
terms, it ignores it. Further, we need to convig terms into their basic forms (lemmatization). \W&e a
dictionary where for each term we can get a lemfitaus, we get a set of lemmas that hold the query
information that is passed on to the searching neodu

3.2 Searching by External Search Engine

The aim of the searching module is to find documestevant to the query. So far, the system has
searched just a single pre-defined domain (for iBhgt is nytimes.com and for Czech it is novinky).cWe use
well-known external search engines to guaranteehitjieest searching quality. The first one is Googlese
performance cannot be doubted. However, we nesddrch just a singidomainand thus we use the modifier
“site:domairi. For searching in the Czech news site novinkyvez directly use their search engine. It is based
on the Seznam engine, one of the most widely usgthes on the Czech Web. Thus, good searchingtgusuli
also guaranteed in the case of searching the Gmak domain. Nevertheless, the modular architeenables
us to use other search engines as well.

3.3 Content Extraction and Parsing

References to top retrieved documentsare passed from the searching module to contdraation
and parsing. The documents pointed to by the nefeieare then downloaded and parsed. The parsgs teee
know what parts of the HTML structure have to b&aoted. This cannot be done automatically for EiyviL
structure. Fortunately, each portal has its owrfoumi format. We created a simple configuration &ach
domain in which we run searching. This configunattells the parser where it should find the titlee date of
publication and the own text in the HTML structutiéhe resulting texts, together with titles and otheeta-
information, are converted into our own XML formathich is passed, and updated, through the sumatiniz
pipeline.

3.4 Entity Markup

Entity markup starts the summarization pipelinectEmodule of the pipeline adds some information to
the XML data. The first two modules add a markihagttis utilized by other modules further down tlygefine.
The entity markup module tries to mark all entitibst occur in the text (persons, institutions, graphic
names, etc.). Here we have to use a natural laegpagger. This component cannot be language indepéen
For English we use the Charniak parser [7] anddpech we use a parser from PDT 2.0 (Prague Dependen
Treebank — [8]) which is based on the Collins paf8f Both these tools can mark noun phrases @) with
a little effort we can get heads of the RF&rom these noun phrases we create co-refereiescifwo NPs are
added to the co-reference chain if they containsdme noun. With this approach we can put toggtheases

! In our experiments we used 10 most relevant doatsnéowever, this constant will be able to beiseghe
advanced searching settings in the next versidheo$ystem.
2 E.g., the head of the noun phrase “the blue saftar”.
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like “president George Bush”, “Bush”, “the presitlear “George”. On the other hand, “the Czech pest”
and “the U.S. president” will be bound by mistakefuture we plan to use a complex co-referencelutisn
system [6] that would resolve other anaphoric esgioms like pronouns. In the XML data file the gnti
occurrences are wrapped in tags and the identififre entity chain is contained in its attribufde information
about entities is later used in the modules foteswre ordering, reference correction and sentemegpi@Ession.

3.5 Sentence Structure Markup

After finishing the entity markup, the sentenceisture markup follows. Its aim is to identify semte
parts (clauses). For this task we again use theralaanguage parser’'s output. It can derive aesed tree
structure like the one in Figure 2.

German reunification needs a strong, growing west German economy
to finance the subsidisation of eastern Germans' living standards

edgt/ Nde 2

As the western german until there is a sustained
population is now aware upswing in the east
edge 3

even if at the cost of higher German inflation
than the Bundesbank would wish

Figure 2: Tree structure of an example sentence.

The knowledge of sentence structure is later ugdtidsentence compression module. In the XML
file, the clauses are wrapped in tags as in the chsentity marking.

3.6 LSA-based Sentence Extraction

This module is the core of the pipeline. It idemsfand then extracts the most important senténoces
the retrieved documents. The algorithm is basedwrLSA-based single-document summarization mefthbd
It was extended to work with a set of document§.[10

LSA is a fully automatic mathematical/statisticechnique for extracting and representing the
contextual usage of words’ meanings in passagesocburse. The basic idea is that the aggregatel dfe
word contexts in which a given word does and dagsappear provides mutual constraints that detegrthie
similarity of meanings of words and sets of wor&&ch other. LSA has been used in a variety dicgtipns
(e.g., information retrieval, document categorizatiinformation filtering, and text summarization).

The heart of the analysis in the summarization gamknd is a document representation developed in
two steps. The first step is the creation of a tbyasentence matrix, where each column represkata¢ighted
term-frequency vector of a sentence in the setoofithents under consideration. The terms from a gsery
get higher weight. The next step is to apply Siagialue Decomposition (SVD) to matrix A:

A=UZ V", (1)
whereU = [u;] is anmxn column-orthonormal matrix whose columns are caiédsingular vectors¥=diag(s;,
oy . . . ,0q) IS annxn diagonal matrix, whose diagonalements are non-negatigéngular valuessorted in

descending ordeN = [v;] is ann x n orthonormal matrix whose columns are caltight singular vectorsThe
dimensionality of the matrices is reduced tmost important dimensions and thusism x r, Zisr x r andV'
iST X n matrix.

From an NLP perspective, what SVD does is to deitivelatent semantic structure of the document
represented by matriR: i.e. a breakdown of the original document intbnearly-independent base vectors
which express the main ‘topics’ of the documentDS3An capture interrelationships among terms, abtérms
and sentences can be clustered on a ‘semantics baisier than on the basis of words only. Furtheemas
demonstrated in [11], if a word combination pattersalient and recurring in the document, thigguatwill be
captured and represented by one of the singulaorgecThe magnitude of the corresponding singuiues
indicates the importance degree of this patterrhimithe document. Any sentences containing thisdwor
combination pattern will be projected along thisgsilar vector, and the sentence that best repset@stpattern
will have the largest index value with this vecté&ssuming that each particular word combinationterat
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describes a certain topic in the document, eadjuian vector can be viewed as representing suoipia f12],
the magnitude of its singular value representirgdégree of importance of this topic.

The method selects for the summary those sentevitese vectorial representation in the mafrix' "
has the greatest 'length’. Intuitively, the idedadshoose the sentences with the greatest combiaight across
all important topics.

In [10] we proposed the extension of the methogrticess a cluster of documents written about the
same topic. Multi-document summarization is a oriep smore complex task than single-document
summarization. It brings new problems we have fl déth. The first step is again to create a tegysbntence
matrix. In this case we include in the matrix @&hgnces from the cluster of documents. (On thé&raon in the
case of single-document summarization we incluthedsentences from that document.) Then, we rureseat
ranking. Each sentence gets a score which is cadpat the same way as when we summarized a single
document — vector length in the mat&xv " (LSA score). Now, we are ready to select the bestences (the
ones with the greatest LSA score) for the summary.

However, two documents written about the same fepént can contain similar sentences and thus we
need to solve redundancy. We propose the follovgraress: before adding a sentence to the summeey, s
whether there is a similar sentence already irstimemary. The similarity is measured by the cosimélarity in
the original term space. We determine a threshetd.hThe extracted sentence should be close tastrequery.

To satisfy this, query terms get a higher weighthiminput matrix.

3.7 Knowledge-poor Sentence Compression

Naturally, long sentences with many significantrterare usually selected for the summary. However,
they often contain clauses that are unimportanhftbe summarization point of view. We try to idéntihese
clauses and then remove them. Firstly, we needeate& a set of possible compressed forms of eatimauy
sentence. We call them compression candidates (@Ghis step we use the knowledge of sentencetsirme
obtained by the sentence structure markup modubngple in Figure 2). If we cut the tree on an edgeget a
compressed sentence (CC) where all subordinatsedanf the edge are removed. And moreover, we wahe
tree more than once - in a combination of edgethitnway we obtain a set of CCs.

After obtaining the set of CCs, we try to select thest candidate within the set. In some of the
candidates some important information is removeéwan its sense is changed. We designed sevetatdea
that can help in deciding whether the crucial infation is retained or not in the particular cantdtar he final
decision is left to a two-class classifier. Thersbst candidate within the positive ones is setktbesubstitute
the original sentence in the final summary.

3.8 Sentence Ordering

After obtaining sentences (or their compressedimes$ which the final summary will consist of, they
have to be ordered somehow. Our idea for resolthiggproblem is that two sentences that occur dossach
other should deal with the same entities. The §itep is to select the first summary sentence. Eaokence is
assigned by a score that describes to what extetiould start the summary. From the entity mankapget
entity co-occurrence chains, but moreover, for edekin and document we get one NP that startshhi én
that document. Usually, each entity is introducedhie document with the full NP (e.g. “presidentoGme
Bush”). Sentences are then scored according t@ te@ures — the number of entities occurring emnththe
number of entity introductions, and finally, thetelaf the publication of the document in which gemtence is
contained. A sentence from the oldest documentdfeped to start the summary. When we have seldbe
first sentence it is time to select the next orfee $entence that contains the same entities ggdhous one is
preferred to continue the summary. Thus againsémences are scored according to the slightlyggdhthree
features: the number of entities occurring in thevhere the entities that occur in the previous exsre are
emphasized (multiplied by a weight), the numbeenfity introductions, where again the entities thetur in
the previous sentence are emphasized (multiplied yeight) and finally, the date of the publicatiohthe
document in which the sentence is contained. Aesmat from the oldest document is preferred as Wl
process is repeated until we have ordered allehteaces.

% For example, the depth of the removed clausedrcthuse tree structure can signify how importaatdlause
is (the lower, the less important), or the faltle LSA score of the CC (compared to the LSA sadrihe full
sentence) can show how important the removed irdbom was. For details, see [4].
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3.9 Reference Correction

Anaphoric expressions can only be understood \egpect to a context. This means that summarization
by sentence extraction can wreak havoc with the@rpretation: there is no guarantee that they hélle an
interpretation in the context obtained by extragtsentences to form a summary, or that this iné¢agion will
be the same as in the original text. For examplaoaoun can occur in the summary without any imfaion
about which entity it replaces. Our idea is to aepl anaphoric expressions with a full noun phraseases
where the anaphoric expression could otherwise IEntarpreted. The information marked by the entity
marking module is utilized here. However, we neetbaeference resolver. So far we have experimejuisd
with English and the GuiTAR resolver [13]. For distasee [5].

4. Experiments

There are two crucial parts that affect the perforoe of the system: the quality of searching amd th
quality of summarization. As for searching, we vatesent figures showing its accuracy (how mansenstd
documents were relevant to the user query and hamymvere not). We use manual annotations. The tguli
the summarization is assessed by the widely-used & measure [14, 15]. At the end of the section, we
present a couple of system summaries and we shetersyscreenshots.

4.1 Searching Results

The following tables demonstrate that with the s searching approach we can obtain mostly neleva
documents. Just a couple of documents were cldstis marginally relevant (i.e., the query terms ar
mentioned there in the right sense, but the martuent’s topic is different from the query topiéd).few
documents were irrelevant (e.g., when we subméteglery about a huge accident on Czech highwaytha1,
system returned a document about an accident dwstnian highway). Proper names can increase tberacy
of searching. We analyzed a maximum of the toprégémeved documents. The results are presenteclieTL
(English queries) and Table 2 (Czech queries).

Query Significant terms in query Total | Relevant Marginally Irrelevant
ID relevant
1 China Olympic games protests 10 10 0 0
2 American radar in Czech Republic 10 8 2 0
3 Independent Kosovo 10 10 0 0
4 Polygamy U.S. sect 10 9 1 0
5 Obama Hillary Clinton president elections 1D 10 0 0
6 Soccer stadium security 10 8 0 2
7 Iraq attact U.S. 8 7 1 0
8 Iranian nuclear program 9 8 1 0
9 Mugabe Zimbabwe elections 8 8 0 0
10 Al Queda Osama bin Laden 6 4 2 0

In total 91 | 82(90,1%)| 7 (7.7%) | 2 (2.2%)

Table 1: Evaluation of searching quality on Englishqueries

4.2 Summarization Results

Assessing the quality of a summary is much morédlproatic. The DUC (Document Understanding
Conference — [16]) series of annual conferencetralsithe direction of the evaluation. However, tmy fully
automatic and widely used method so far is ROUGEc#R-Oriented Understudy for Gisting Evaluatioht |
15] which compares human-written abstracts andesysummaries based on the overlap of n-gtams

*An n-gram is a subsequencenofvords from a given text.
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Query Significant terms in query Total | Relevant Marginally Irrelevant
ID relevant
1 PekingCina olympijské hry bojkot 5 4 1 0
2 Americky radar Brdy 10 8 2 0
3 Samostatnost Kosova 9 7 2 0
4 USA polygamni sekta 3 3 0 0
5 Obama Hillary Clinton prezident volby 10 10 0 0
6 Fotbal stadién bezpeost fanousci 5 5 0 0
7 Poplatky u Iék& reforma zdravotnictvi Julinek 10 9 1 0
8 Daiova reforma 10 7 3 0
9 Hromadné nehoda na dalnici D1 10 7 0 3
10 Sraz neonacistPraha 9 5 0 4
In total 91 | 65(80,3%)| 9 (11.1%)| 7 (8.6%)

Table 2: Evaluation of searching quality on Czech geries

Suppose a number of annotators created manual siesmahe ROUGE-nscore of a candidate
summary (the summary which is evaluated) is contpatefollows:

> Count,,(n - gram)
ROUGE -n = Cmanualsummarieg n—gram(1C
> Count(n - gram)
C{manualsummarieg n—gram(1C

where Count,ge{n-gram) is the maximum number af-grams co-occurring in a candidate summary and a
manual summary andoun{gram,) is the number ofi-grams in the manual summary. Notice that the ajeama
gram ROUGE scordROUGE-n is a recall metric. It was shown that bigram ed®®UGE-2andROUGE-SU4
(a bigram measure that enables at most 4 unignasigei bigram components to be skipped [15]) besttade
with the human (manual) system comparison.

We present a comparison of our summarizer withahbat participated at DUC 2005 - Tables 3 and 4.
Not all of the differences are statistically sigrdint. Therefore, we show by the letters the midtigystems’
comparison — the systems that share the same (gtténe last column) are NOT statistically sigo#fint. To
summarize these tables: in ROUGE-2, our summamegforms worse than 5 systems and better than 27
systems; however, when we count in significanceenof the systems performs significantly bettemtbars
and 8 of them perform significantly worse. And darly in ROUGE-SU4, our summarizer performs wortsant
5 systems and better than 27 systems; however, wiecount in significance, none of the systemsquar§
significantly better than ours and 11 of them perfeignificantly worse.

4.3 Example summaries

To demonstrate the system output we show two iegudummaries (their desired length is 255 words).
One for English and the query: “Al Qaeda and Osbdma.aden” and one for Czech and the query “amegrick
radar Brdy” (American radar Brdy) — Figures 3 and 4

4.4 System Interface
To get the reader closer to the user interfach®tystem, we present screen outputs. In Figunerg t
is a page where a user submits a query. The lefgtie resulting summary can be selected hereigar& 6

there is a page with searching (and summarizaties)lts. Under the header with the query and thectesl
summary length, we can see the resulted summaryedginces to the original documents below.
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SummarizelD | ROUGE-2 score

15 0.072¢ A
17 0.071% A
1C 0.069¢ A B
8 0.069¢ A B
4 0.068¢ ABC

SWEeT 0.0679: ABC
5 0.067¢ ABC
11 0.064: ABCELC
14 0.063¢ ABCDE
16 0.063: ABCDE
19 0.063: ABCDE
7 0.062¢ ABCDEF
9 0.062¢ ABCDEF
29 0.060¢ ABCDEFC
25 0.060¢ ABCDEFC
6 0.060¢ ABCDEFC
24 0.059% ABCDEFC
28 0.059: ABCDEFC
3 0.059« ABCDEFC
21 0.057: ABCDEFC
12 0.056: BCDEFC
18 0.055: BCDEFGH
26 0.054% BCDEFGH
27 0.054¢ BCDEFGH
32 0.053¢ CDEFGH
20 0.051¢ DEFGH
13 0.049° DEFGH
30 0.049¢ DEFGH
31 0.048’ EFGH
2 0.047¢ F GH
22 0.046: G H
1 0.040: H I
23 0.025¢ |

Table 3: Multiple comparisons of all peers based 0ANOVA of ROUGE-2 recall

SummarizelD | ROUGE-SU4sccare
1t 0.131¢ A
17 0.129° A B
8 0.127¢ AB
4 0.127: ABC
1C 0.125: ABCD

SWEeT 0.1239( ABCZD

5 0.123: ABCDE
11 0.122¢ ABCDE
1¢ 0.121¢ ABCDE
1€ 0.119( ABCDEF
7 0.119( ABCDEF
6 0.118¢ ABCDEFCGC
28 0.118: ABCDEFCGC
14 0.117¢ ABCDEFGCGC
9 0.117¢ ABCDEFC
24 0.116¢ ABCDEFGCGC
3 0.116: ABCDEFCGC
28 0.114¢ BCDEFGH
2¢ 0.113¢ BCDEFGH
21 0.111: CDEFGHI
12 0.1107 DEF GHI
18 0.109* DEFGHI J
27 0.1(85 EFGHI J
32 0.104: FGHI J
13 0.104: FGHI J
2€ 0.102: GHI J K
3C 0.099¢ Hl J K
2 0.098: Hl J K
22 0.097( I J K
31 0.096" I J K
2C 0.094( J K
1 0.087: K
23 0.055: L

Table 4: Multiple comparisons of all peers based cANOVA of ROUGE-SU4 recall
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Even as American officials portrayed the case amljna Canadian operation, the arrests so closédd
United States border jangled the nerves of intetiig officials who have been warning of the coritigy
danger posed by small "homegrown" extremist grouphp appeared to operate without any direct obn
by known leaders of Al Qaeda. These fighters ineléddghans and seasoned Taliban leaders, Uzbek|
other Central Asian militants, and what intelligerdgcials estimate to be 80 to 90 Arab terroripemtives

and fugitives, possibly including the Qaeda lea@sama bin Laden and his second in command, Ayiirah a

Zawabhri. In recent weeks, Pakistani intelligendii@s said the number of foreign fighters in thibal areas
was far higher than the official estimate of 508rh@aps as high as 2,000 today. The area is becom
magnet for an influx of foreign fighters, who natlp challenge government authority in the area, dret
even wresting control from local tribes and spregdiheir influence to neighboring areas, according

several American and NATO officials and Pakistand &fghan intelligence officials. Some American

officials and politicians maintain that Sunni ingents have deep ties with Qaeda networks loyaldanta

bin Laden in other countries. Hussein’s governmeme senior refinery official confided to American

soldiers. In fact, money, far more than jihadistdlbgy, is a crucial motivation for a majority ofirghi
insurgents, according to American officers in sd®mni provinces and other military officials in dravho
have reviewed detainee surveys and other intelligem the insurgency.

Figure 3: Example English summary. Result for the gery: “Al Qaeda and Osama bin Laden”

Rozhovory Spojenych sfats ¢eskou viadou o umi&ti radaru by mohly byt zavrSeny na buktisé&m
summitu NATO na péatku dubna, s Polaky by éhtwashigton dohodu uzé&v do konce volebniho obdol
amerického prezidenta George Bushe, tedy do kasiae Plan Ametani umistit v Brdech protiraketov
radar a v Polsku sila s obrannymi raketami vyvoldd@aéatku odpor ruskychipedstavitel. "NaSe velka sild
neznamend, Ze sittbeme dlat, co chceme a kdy chcemégkl McCain a dodal: "Musime naslouch
(riznym) nazoiim a respektovat kolektivniili nasSich demokratickych spojeintRepublikansky kandidal
uvedl, ze sotasti skupiny nejvysiejSich stai G8 by ngly byt demokratické ze#véetrg Indie a Brazilie.
Podle informaci z ruskych médii nabizi Ardarié Rusm moznost inspekci objaksystému WCR a Polsku,
omezeni moznosti radaru tak, aby nemohl sledosityruzdusny prostor a slibuji, Zze rakety do silolsRu

neumisti do té doby, nez bude zjevné hrozici nebezpoté, co ped rekolika dny v Mosk¢ ameréti

ministti zahranéi a obrany Condoleezza Riceova a Robert Gatedlgrili oficiadlné zatim nezviejnéné

navrhy majici ruské obavy rozptylit, sgepmé ruska strana s existenci systémuigaiNejlepsi zfisob, jak
uklidnit ruské obavy z evropskych prviamerické protiraketové obrany, by ale podighylo vibec radar v
CR a sila pro antirakety v Polsku nestaMnformace z Moskvy potvrzuje nedavné tvrzetdédsedyCSSD,
Ze dohoda Ruska a USA o protiraketové obljama spadnuti. To je ¥#tstvim Ruska, které ovSem nesgtt

—

t

americky radar ¥R a sila s obrannymi raketami v Polsku.

Figure 4: Example Czech summary. Result for the qug: “americky radar Brdy”
(i.e., American radar construction in Czech Republi-Brdy)

WEeT

Summarizer of WEb Topics

China olympic games protests H atmost 285 wards v

sic in: O czech on cz @ english on WYTIMES. COM,

Example: P ntial campaign in U.§

How it works | About SWEet
Language: Czech | English | by browser

Figure 5: SWEeT’s query form
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WEeT

Summarizer of WEb Topics

|China olympic games protests || atmost255wards ¥

2. O czech on NovinkY.CZ @ English on NYTIMES.COM,

Result for: China olympic games protests

LONDON — Protesters objecting to China’s human rights record clashed with the British police on Sunday as the Olympic
torch was carried through London on its way to the summer Olympic Games in Beijing. In both Tibet and Xinjiang,
indigenous groups have chafed at the arrival of large numbers of Han Chinese, the country's predeminant ethnic group,
who have migrated to western regions with strong government support. Ethnic groups Beijing has sought to pacify with
economic development programs and suppress with a heavy pelice presence appear to be using the coming Qlympic
Games, to be held in Beijing in August, as an opportunity to press their grievances and attract international attention. On
Tuesday, Amnesty International criticized the government for its crackdown on protest in Tibetan areas of China, and said
the country’s efforts to silence dissidents before the Olympics violated Beijing’s pledges to improve human rights before
it hosts the games in August. “The Olympic Games have so far failed to act as a catalyst for reform,” the international
human rights groups said in a statement. “Unless urgent steps are taken to redress the situation, a positive human rights
legacy for the Beijing Olympics looks increasingly beyond reach.” The torch, which was carried by a chain of British sports
heroes and television celebrities, was protected by an inner guard of Chinese security men in blue and white Dlympic
tracksuits and an outer cordon of yellow-jacketed British police officers. LONDON — Shouting “Shame on Chinal” and
waving Tibetan flags, pro-Tibetan demonstrators and others protesting Chinese human rights abuses turnad the running
of the Olympicterch through the streets here on Sunday into a tumult of scuffles.

Used sources:
¢ Changing the Rules of the Games
* Olympic Official Calls Protests 3 ‘Crisis
* Olympic Torch Goes Out, Briefly, in Paris
¢ Protests of China Make Olympic Torch Relay an Obstacle Course
& Protest in Muslim Province in China
# |ssue for Athletes: Protest on Darfur at Olympics
¢ Protests of China Make Olympic Torch Relay an Obstacle Course
¢ China Confirms Protests by Uighur Muslims
* Olympic Torch Draws Clashes in London
# China Confirms Protests by Uighur Muslims

How it works | About SWEet
Language: Czech | English | by browser

Figure 6: SWEeT's result

5. Conclusion and Future Work

Pilot experiments show the solid quality of systsammaries. The future version of the system will
enable advance searching where the user will leetabdelect domains that will be searched, hehwilable to
select a summarizer and set it up. After that, wewerk on multilingual processing. The system lvgikarch in
various languages. The terms will be indexed byEheoWordNet (EWN) thesaurus [17, 18] in an intérna
EWN format — Inter Lingual Index (ILI). As a resulie system’s answer will be multilingual. If theeun
understands more languages, he will get to knowt vgharitten about the topic in different countflasguages.
And moreover, because the same terms in diffe@mjuages would be linked, the summarizer can dse al
documents together to decide what is importanthan topic. The proposed modular architecture hasraév
advantages. We can easily change the search emgihe summarizer or any of its modules. Our sunmaais
based on LSA, which works just with the contextvofrds and thus is not dependent on any particateguage.
We perform experiments with both Czech and Engligbries. Another possible function of the system loa
knowledge-poor question answering. When a usereatguestion, the answer should be found in thenzary.

So far, the basic version of the system has beablest however, some of the modules are still in the
experimental stage and there are many things tmpeved.
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