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Abstract

e Purpose. Web search engines, such as Google, Bing, and Yahoo!, hendet of documents
retrieved in response to a user query and represent eachéatld in S using a title and a snip-
pet, which serves as an abstract/af Snippets, however, are not as useful as they are designed
for, i.e., assisting its users to quickly identify resulfsrderest. These snippets are inadequate
in providing distinct information and capture the main @nis of the corresponding documents.
Moreover, when the intended information need specified iraach query is ambiguous, it is
very difficult, if not impossible, for a search engine to idBnprecisely the set of documents
that satisfy the users intended request without requirddit@nal information. Furthermore, a
documenttitle is not always a good indicator of the contétit® corresponding document either.

e Design/methodology/approach. We propose to develop a query-based summarizer, called
Qsum In solving the existing problems of web search engines whgshtitles and abstracts in
capturing the contents of retrieved documerd®s.,.,, generates a concise/comprehensive sum-
mary for each cluster of documents retrieved in responseuseaquery, which saves the users
time and effort in searching for specific information of irgst by skipping the step to browse
through the retrieved documents one by one.

e Findings. Experimental results show théts.., is effective and efficient in creating a high-
guality summary for each cluster to enhance web search.

e Originality/Value. Our proposed query-based summarizgy,.., is unique based on its search-
ing approach.Qs. is also a significant contribution to the web search commusince it
handles the ambiguous problem of a search query by creatmmaries in response to different
interpretations of the search which offer a “road map” tashsssers to quickly identify informa-
tion of interest.
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1 Introduction

Current web search engines rank retrieved documents bagbdiolikelihood of relevance to a user query
@ and represent each document using a title and a snipple¢. snippet, however, is (i) often very similar
to others created for documents retrieved in respongeand (ii) generated using sentences/phrases in the
corresponding documeri? in where the keywords i@ appear, which may not capture the main content
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A snippet of a documenb is treated as a summary &f.



of D. Consider the top-5 results retrieved by Google (on Felpriéy 2015) for the query “First man to
walk on the moon” as shown in Figure 1. The titles and snippe&tise results show the same information,
i.e., Neil Armstrong was the first man to walk on the moon. K tlser who submitted the query was
interested in specific information, such as the shuttle dseithg the mission, astronauts that accompanied
Neil Armstrong, length of the journey, etc., the user muahgbirough the retrieved documents one by one,
since there is no indication in which retrieved documentitamhal information might be included, which

is a time consuming and tedious process. A solution to thdblpm is to create aummaryof documents
belonged to a subject area, i.e., topic, relevant to the gsery that captures the main content of the
documents, which allow the users to quickly draw a conclusio a topic or its summary that includes
materials satisfying their information needs.

Document summarization systems have emerged which altathacreate a summary of a docu-
ment or set of documents based on a search query. In theselspsrd summarization systems, a sum-
mary is generated on (each of) the td§=> 1) documents retrieved by a search engine in response te a use
query, which allows ordinary web users, as well as profesdimformation consumers and researchers, to
quickly familiarize themselves with a large volume of reted information. If such a system generates a
single summary on multiple documents, it ig@ery-based multi-document summarization system

A multi-document summary offers a brief review of the subgea covered in a set of documents
SD by (i) extracting mutual content across the documents vehitgding repetition (ii) capturingunique
(related, respectively) information isiD, (iii) providing an overview of various subtopics, if theyist,
of the subject area, and (iv) identifying the events thatvevover time. However, developing a fully-
automated multi-document summarization system is a caigillg task, since the system must (i) elim-
inate redundancy i.e., same or similar information presented in differeatuments should be filtered,
(ii) account for thetemporal dimensiani.e., a new piece of information should override out-datédr-
mation, (iii) choose an ideadompression ratido ensure that a summary includes sufficient contents of
the corresponding documents in a reasonable length, (ngee a (near-) completeoverageto capture
the essential contents of the documents, and (v) resolvectneferencassue of documents by detecting
various references on the same item.

In this paper, we introducequery-based multi-document summarjzaled( s, which enhances
web searchQ s, allows novice, as well as expert, users to post a q@eand quickly locate the desired
information captured in the summary of a clustered set attdly-related documents) s...., queries three
major web search engines, Google, Bing, and Yahoo!, ugiragsigns retrieved documents (based on their
topics) to labeled clusters, and creates a single summaggabf cluster of documents.

A summary of clustered documents is useful, since typicdl s&arch queries ashort and often
ambiguousn meaning [21]. For this reason, existing web search esgioasider various interpretations
of the intended information needs of a user qu@rgind retrieve documents that cover related topia9 of
During the process of answeriig, Qs..., creates a cluster label and a summary on the corresponding se
of clustered documents in capturing the main contents ofitiee@ments. For example, if the search query
is “tiger,” the retrieved documents can be various in terfrheir contents, which might discuss the Mac
OS, afish, the golf player Tiger Woods, etc. A cluster sumnaisiinguishes the content of the clustered
documents from other cluster summaries on different stlajeas, and a summary can serve as a cluster
label surrogate when a user’s confidence on the cluster islmst.

We have evaluated the quality &s,,.,-generated summaries using the DUC dataset and compared
the summaries against (i) those created by existing sfateeeart query-based multi-document summa-
rization tools, and (ii) snippets generated by Google imtepf the time required to locate desired in-
formation. Furthermore, we have conducted several cdatra@xperiments to analyze the quality of a



Apollo 11 - Wikipedia, the free encyclopedia
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The MESA failed to provide a stable work platform and was in shadow, slowing ... Here
men from the planst Earth first set foot upon the Moon, July 1969 AD. We ...
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08 — Apalle 11's mission was to land two men on the moon. They also ... On
July 20 1969 Meil Armstrong became the first human te step on the moon. ... Equal
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Figure 1: The top-5 results retrieved by Google for the quEmst man to walk on the moon”

Qsum-generated summary in terms of grammar, anti-redundaetgtantial clarity, coverage, and struc-
ture and coherence. Experimental results show@hat,, is highly effectiveandefficientin generating a
concise and comprehensive summary for a cluster of docsmetnieved for a web query.

Qsum is a contribution to the web and information retrieval conmity since it (i) creates summaries,
one for each relevant topic derived from a user query, whscimissing in existing popular web search
engines, (ii) provides the user with an unbiased infornmasiource on a particular topic, since the creation
of each summary is fully automated, without any subjectumn&n intervention, (iii)) enhances web search
by eliminating redundant retrieved information, while &siing high coverage and helping the user quickly
locate desired information, and (iv) establishes, as arbgirt, a new source of information for answering
users’ questions, since a summary which contains signifiafmrmation from various documents likely
contains the answers to the related questions.

Qsum IS Unique, since unlike snippets generated by current walcls@ngines which may not reflect
the main contents of their respective retrieved documepts,,, creates a summary for a collection of
retrieved document€’ that captures related information of the subject area aidit by the cluster label
of C'. Moreover,Qs..,, does not require training/learning in creating summasgesgrit ofQ s, -

We present our work as follows. In Section 2, we discuss iegjshulti-document summarization
methods. In Section 3, we detail the desigrgf,.... In Section 4, we present the performance evaluation
of Qsum- In Section 5, we give a concluding remark.

2 Related Work

Qsum extracts sentences from documents to create a summary. M&&marization.com/mead), an ex-
tractive summarization method, scores sentences usitgreenlevel and inter-sentence features. NeATS
[13] is a multi-document summarizer based on SUMMARIST, rglg-document summarizer. MEAD



and NeATS consider the sentence space but ignore topicsecbiredocuments. Sentence position, term
frequency, and topic signature have been considered fects® important content from documents for
summarization, which are analyzed &y, for creating a summary of documents in a cluster.

The authors of [6] score sentences based on the representdteach sentence in the latent topic
space provided by a trained Probabilistic Latent Semantiglysis model. Arora and Ravindran [4] em-
ploy Latent Dirichlet Allocation to create multi-documesummaries by selecting sentences from the topic
with the largest likelihood. Compared with the summaratapproach of)s..., these systems neither
perform anyredundancy checkingor achievehigh coveragesince they focus on sentences addressing the
same topic.

The graph-based PageRank algorithm [2] determines thersse¥ that are the most salient in a
collection of documents and closest to a given topic. Giagged methods, however, do not account for
multiple topics within a document. Leskovec et al. [12] domst a document graph using subject-verb-
object triples, semantic normalization, and co-referems®lution and consider node degree, PageRank,
and Hubs to generate statistics for the nodes, which remiresatences, to rank the sentences. Amini and
Usunier [3] present a transductive approach that learnsathieng function over sentences in retrieved
documents using labeled instancé€k.,,,, does not require labeled instances, since no training dvied
in its summarization and thus minimizes the overhead ankdeasame time avoids the system scalability
problem.

3 The Summarization Approach

As stated in Section 1, titles and snippets created by egistieb search engines may not capture the
contents of their corresponding documents. A summary otistetC', which consists of search results
retrieved in response to a query submitted by dseaddresses the problem of titles and shippets. (De-
tailed design and performance evaluatior)gf,,,.-createdabelsand theirclustersof retrieved documents
generated in response to a user query can be found in [14.Fi8are 2 for a sample of cluster labels and
cluster of documents.)

Summarization is a promising approach in dealing with tledlam of ineffective snippets and infor-
mation overload, since it provides a summary (abstract)itichudes the key concepts covered in a (subset
of clustered) document(s). An ideal text summary of a (gisenof) document(sy (i) includesunique
but excludes extraneous and redundant, information pregém (various documents irfy (as discussed
in Section 3.2.4), (i) must be coherent and comprehensitiéch can be achieved using natural language
processing to handleo-referenceand thetemporal dimensiomf information (to be introduced in Sec-
tions 3.2.2 and 3.2.5, respectively), and (iii) is apprafgiin length, since gery briefsummary is likely
to exclude some important information i) whereas aery detailedone is likely to repeat the same or
include non-essential information #(addressed in Section 3.2).

3.1 Multi- Versus Single-Document Summaries

Multi-document summarization of a set of documeftgan be created by concatenating the summary
of each document it¥. This approach, however, can yield a summary with poor tyuakor example,
the same referencing expression “president” in two diffelocuments may not necessarily refer to the
same person. Moreover, useful pieces of information coalijbored due to the temporal ordering of the
documents when newer information override older ones irstimmary. Six issues have been addressed
and emphasized in the design of a (query-based) multi-dentisummarizer [16] as compared with the
design of a single-document summarization method:



() Redundant informatianA multi-document summary is expected to eliminate semgng a set of
topically-related articles that convey the same piece ffrination, which is much higher than its
counterpart in a single article.

(i) Temporal dimensianA multi-document summarization approach orders sengeinca given set of
documents partially based on their publication dates.

(iii) The lengthof a summary is smaller for a collection of dozens/hundrdd®mically-related docu-
ments than for concatenated single-document summaries.

(iv) The co-reference problemA summarization approach must identify whether two refees in two
different sentences address the same object. A multi-dentisummary may contain sentences
extracted from several documents, which may include a prondgthout its preceding referent.

(v) Achieving goodcoveragein multi-document summaries is difficult, since there areuanber of
informative sentences in topically-related articles ttat be selected for creating a summary due to
the variety of “subtopics,” whereas a single document téadscus on a few subtopics.

(vi) User interfacemust be simple, easy to use, and allow the user to view theexioaf the original
document by clicking the corresponding sentence in the sanyim

A multi-document summary has several advantages oveesdwiument summaries, since the former
(i) provides an overview of various subtopics, if they exist a particular subject, (ii) gives the user
more information about the subject while eliminating conmimformation across many documents, and
(i) identifies a subject or research topic that evolvesrdirme. We have chosen the multi-document
summarization over the single-document summarizationogmh forQ s...,., since its advantages outweigh
its complexity.

Two of the commonly-used multi-document summarizationhoé$ are extractive and abstractive
summarizationExtractive summarizatioassigns saliency scores to units, such as sentences orggrag
in a document, such that each assigned score reflecghiécanceof the corresponding unit in capturing
key concepts presented in the set of documsiidsto be summarized and units with the highest scores are
extracted, whereaabstractive summarizationvhich requires information fusion and sentence reformula
tion, rewrites sentences $D to be included in the summary so that they are readable amghgatically
correct.(Q s.m adopts the extractive summarization strategy at the semtemel.

3.2 Qsum-Generated Summaries

Given a user query), Qs Creates a summary for each clustérof documents by (i) downloading
and preprocessing the top-33 documents retrieved by edble tiiree web search engines, Google, Bing,
and Yahoo! for@ (discussed in Section 3.2.1), since a collection of 100 osus is arideal set for
generating clusters and summaries [8], (ii) identifying associating all (pro)nouns in the retrieved doc-
uments with their referents (detailed in Section 3.2.2), gdssigning each sentenégin documents inC'

a score, denote®.S, which reflects theelative significanceof S in capturing the key concepts covered
in documents inC' according to a set of features (defined in Section 3.2.3tigpsing the topg/ (> 1)
sentences (based on théliS scores) from the documents @, such that ;' L;) < 9 x Size and
(Zf‘il L;) > 9 x Size, whereL; is the number of words in a sentenci C and Size is approximately
10% of the total number of wordsn C, (v) clustering thel/ sentences to yieldentence clusterssing
the Hierarchical Agglomerative Clustering (HAC) algoritibased on word-correlation factdrid 7] (as

2The Text Analysis Conference (TAC) (nist.gov/tac) recomtd®ea multi-document summary with the lengthSste.
3Word-correlation factorgjuantify thesimilarity (degree of closenepssf two words in terms of their semantic meaning.



presented in Section 3.2.4), (vi) selecting the féBentences (based on thélS scores) from each sen-
tence cluster created in Step (v) such t@jﬁ_‘ll L; < Size and Zf\il L; > Size, and, if desired, (vii)
re-weighting the selected sentences based on their tehgboransions to capture the flow of events (as
explained in Section 3.2.5). If the number of sentendeto be selected for a summarylessthan the
number of createdentence clusteisf C, the NV sentences (one from each tdpranked sentence cluster)
with the highestR.S score are chosen.

Qsum Starts with9 x Size words in creating a cluster summary, since Schlesinger. §2@] claim
that9 x Size words are required to generate a sufficient, distinct-cargemmary. Eacl)s...,-generated
multi-document summary (i) extracts mutual content actbesdocuments while avoidingpetition (ii)
capturesunique(related respectively) information in the documents, and (iiipals aclick on a sentence
in the summary to view the corresponding document.

3.21 Document Preprocessing

The set of 99 documents retrieved from Google, Bing, and ¥hlaoe first preprocessed, where each re-
trieved document is in HTML format. We consider HTML pagesdieating multi-document summaries,
since (i) other formats are complex to process and requid@iadal overhead time and (ii) over 99% of
the documents retrieved by Google, Bing, and Yahoo! are iMHTormat.

Each one of the 99 retrieved documemiisis parsed to remove surplus data, which include links
to other documents, advertisements, and non-textual datdn as images and videos, and retain only
textual information, i.e., title, text, date, and the URLI®fwhich are converted into uniform XML format
for easy data lookup. Text in each document is segmentedsaritences using a short list of end-of-
sentence punctuation marks, along with regular expressmmndetecting decimals, email addresses, and
ellipse, to ensure reliable identification of sentence blanies?. Hereafter, each sentence is parsed into
a sequence of word tokens using the Connexor Parser (Witpw/connexor.com/nlplib/?g=demo/syntax).
For each word token, itSoc(ument)iD, Sent(ence)D, word form(in the text),stem(generated using the
Porter stemming algorithm), aregdeation dateof the corresponding document are stored. Dive_ID and
SentID identify the document from where sentences are extractédrenrelative positions of sentences
in the corresponding document, respectively, stesmof a word is used in differensentence/document
similarity formulas, and theateis for re-weighting the sentences in a summary based onttdrajporal
dimension

3.2.2 Solving the Co-Reference Resolution Problem

Co-reference resolutiorefers to the problem of determining which (common) (pre)mghrases refer
to which real-world entity as given in a document. Consitiergentence, “I study computer science. Itis
a very demanding major.” In solving the co-reference pnoblhe pronoun “It” is replaced by “Computer
science”. In summarization, it is required to replace a)powan in a sentence with its referencing entity,
since sentences in the summary can lose their original ®raied yield a false indication of what the
(pro)noun refers t0.Q s USES an open source package (markwatson.com/opensdarceérforming
co-reference resolutiom solving the co-reference problem to begin with.

4End-of-sentence punctuation marks, such as periods,ionesarks, and exclamation points, are less ambiguous asfend
sentence indicators. However, as a period is not exclysig®d to indicate sentence breaks, which may indicate aewhbion,
a decimal point, parts of an e-mail address, etc., a list ofrnon abbreviations, such as “i.e.”, “u.s.”, and “e.g.”, ara@intained
to minimize the detection errors.



3.2.3 Ranking Sentencesin Clusters

Each sentencé in a document clustef’ is assigned aveight denotedR.S, which indicates itselative
significance in capturing the contents of the documents.iifo compute theveight(i.e., RS) of S, Qsum
utilizes the followingfeatures

(i)

Title Frequency(T'i F) is the number of words i§' that appear in theluster labelof C.

(i) As a summary of the documents i reflects the content of’, it should contain sentences that

include frequently-occurredsignificant wordsn C'. We define thesignificance factgrdenotedS F,
of S based on significant words [7] ii, denotedS F'(.S), and is defined as

_ |signi ficant words|?

SF(S) = S

(1)

where|S| is the number of words I8 and|signi ficant words| is the number of significant words
in S. Awordw in C'is significantin C' if

7 if 25 < Z < 40 @)

7-01x(25—-2) ifZ<25
fC,w >
7+0.1 x (Z—40) otherwise

wheref¢,,, is thefrequency of occurrencef w in C, Z is the number of sentencesdh and 25 and
40 are the predefined low- and high-frequency cutoff valtespectively.

(iii) The similarity scoreof a sentence; in C, denotedSim(S;), indicates the relative degree §f in

(iv)

capturing the overall semantiontentof C. Q g..,,, computesSim(S;) using (i) theword-correlation
factors (wcf) [17] of every word inS; and words in each remaining senterftein C and (i) the
Odds ratio= % [14].

|C| n m
N _ _qwef(wg, w
Szm(SZ) _ Zj_é:?,;éj Zk—nl Zl—; f( k l)
1 - Zj:l,i;éj > k=1 2a1=1 wef (we, wy)
where|C| is the number of sentences @ n (m, respectively) is the number of words i (S;,

respectively)wy. (w;, respectively) is a word ity; (S;, respectively), and th@dds ratiois applied
to theodds of (non-)occurrencef keywords inS; andC.

®3)

Label-Sentence Similariy/.5S) measures thsimilarity betweenS in C and thecluster labell. of
C, and is computed using the VSM (Vector Space Model) as faiow
N . .
LSS(S) = sim(L, S) = 2z Wiss X Wil (4)
\/Zf\il wzs X \/Zz‘]\il wi2,L

wherew; s (w;, 1, respectively) is the weight of wordn S (L, respectively) and is defined ag s =

tf(i,S) xidf (i) (wi,r, =tf (i, L) x idf (i), respectively)idf (i) = logg%, whereN; is the number
of sentences i’ that includes word, and N is the total number of distinct keywords . The
higherthe LSS value of S is, thehigheris the degree of in reflecting the topid” covered inC,

sinceL capturesl” of the documents id'.



(v) Named Entity(/V E) is thename-entity weighaf S in C, which is defined as

DY)

NE(S) = S5 (5)
where a named entity is an atomic element, which can be the méra person, an organization,
a location, etc.|E| is the number of named entities B f(E;) is the frequency of occurrence
of entity F; in C, and f(FE) is the sum of the frequency of occurrence of all named estitie
C. A sentence that contains a named entity usually capturee oseful information in a doc-
ument than sentences that do not [15)s.,, employes the Stanford Name Entity Recognizer
(http://nip.stanford.edu/software/CRF-NER.shtml) etetting name entities in a document.

(vi) A penalty is given to each short sentence (with less tharwords) or long sentence (with more
than 30 words) [19], sincehortsentences often require some introduction, referencéutesg or
some kind of interjection, wheresng sentences often cover multiple concepts that can be found
elsewhere in single sentences(in Qs..,, computes th&entence LengtllenotedSZ, of S as

_f -1 if|S|<150r|S| > 30
SL(S) = { 0  otherwise ©

where|S| is the number of (stop)words ifi.

(vii) It has been shown that thirst sentence of thdirst paragraph and thiast sentence of théast
paragraph contain the most important words (informationg idocument [5].Q s defines the
Sentence Positiof P) value toS as

SP(S) = paragraph in any document @ @)

1 if Sisthel! sentence of the! paragraph or thiast sentence of thiast
0 otherwise

Using theStanford Certainty Factojl4], Qs... computes theelative degree of significandgtS) of
S in capturing the contents @f based on the features introduced above.

 TiF(S) + SF(S) + Sim(S) + LSS(S) + NE(S) + SL(S) + SP(S)
~ 1— Min{TiF(S),SF(S), Sim(S), LSS(S), NE(S), SL(S), SP(S)}

RS(S) (8)

SinceTiF'(S), SF(S), Sim(S), LSS(S), NE(S), SL(S), andSP(S) are in different scales, they are
normalized to the same range using a logarithmic scale &&f6x.S) is computed.

3.2.4 Solving the Redundancy and Cover age Problems

Before selecting sentences for creating the sumrfary, of a document clustetr’, Q s.., clusters the top-

M (> 1) ranked sentences (based on theff scores) inC', where|M | is ninetimes the length obum,
using the HAC algorithm. The HAC algorithm initially assgyeach sentence tosingletonsentence
cluster. Hereatfter, it repeatedly merges sentence ctustgil a specified termination criterion is satisfied.
Since the HAC algorithm relies onsamilarity metricamong sentences in any two sentence clusters for
merging clusterss.., uses the&Simmeasure, as defined in Equation 3 with the first summationvejo

to compute the similarity between any two sentences in tateifnediate) sentence clusters. To determine
the termination criterion for HACY) s..,, implements the algorithm in [1] to define tbgtimalnumber of

8



sentences covered in a set of documents, which dictatadegbbnumberof sentence clusteris C to be
generated by HAC.

In general Qs selects sentences from eazdmtence cluste$sT created by HAC to be included in
the summansSum of C. The first sentenc# to be chosen is from &7 with the highestRS value inC
and the sentence with the highds$ value in each remaining sentence cluster is chosen in oAdtar
the first round of selectionQg,,, chooses the next sentensefrom eachST with the lowest similarity
scorerelative to its first chosen sentenSewhich is computed as theumof the word-correlation factors
between each word i’ andS. Using this selection strateg@s... ensures that selected sentences are
distinctin contents, which avoidedundancyand maximizes theoverageof the information included in
Sum. The selection terminates whenever the length of the neeligeted sentence and other sentences
that are already included iftum exceedsSize.

3.25 Addingthe Temporal Dimension

The information captured in a set of documents on a parti¢afic might have been dynamically changed
over time, such as an incident in news. An updated documenaics the most recent development (i.e.,
information) compared with its older editionsys.,, accounts for theemporal dimensionn a set of
documents by re-weighting each sentence in a document basestimestampthe date when it was last
updated). Thek.S weight of each sentenceis modified based on its temporal dimension weight, denoted
TD(S).

RSr(S) = RS(S) x TD(S) 9)

where S is a sentence in a document clustgrand7'D(S) is a time-based weight &f. Theearlier a
document inC' which includesS is published, thesmallerthe TD(S) is. Sinceexponential averages
extensively used in time-series predicti@p...,, uses thalecay rate formulan computing?’D(.S), which
decreases the sentence weight exponentially baséthe2] and is defined as

TD(S) = DecayRateyTZt (10)

wherey is the current time (i.e., day, hour, and minuta} the publication time of the document including
S.° (y — t) is the time gap in hours, aridlecayRatés a variable experimentally set to 0.5 [22)].

We have made it an option to include (exclude, respectivblg)temporal dimension asf@atureto
computeRS of S and treat it as a separateighting factorin determining the ranking of in C prior to
selecting sentences i to generate the summary 6f. This option is appropriate, since a given set of
documents may not discuss events that override one anothenld information are just as important as
new ones.

3.2.6 Generating Summariesthrough Qg,,-Interface

The uselV who has submitted a que€y can (i) view all the relevant topics (captured by clusteelapof

Q, (ii) click on a cluster label” to examine all the documents clustered unfieand (iii) request) sum

to generate the summai§um of the documents off’. (See, as an example, Figure 2 which shows the
top-10 cluster labels and the top-five documents in the “Wodlkws” cluster.) The created summary is
a collection of sentences, each of which is included in on@®fdocuments in the cluster labelédand
chosen according to the summarization approadd ff,,. By clicking on any sentencg& in Sum, U can

5If a sentence contains a date, then it overrides the puldicéime of the document, since it explicitly states the tiofiche
information presented in the sentence.



Subject Areas
Libya's History Libya Africa Latest News World News Tripoli
Libya Comprehensive Geography  Art Encyclopedia Article

(a) The top-10 ranked cluster labels

Libya | World news | guardian.co.uk
Latest news and comment on Libya from guardian.co.uk

The New York Times - Breaking News, World News & Multimedia
Find breaking news, multimedia, reviews & opinion on Washington, business.
sports, movies, travel, books, jobs, education, real estate, cars & more.

Libya News - Protests and Revolt (2011)
World news about Libya. Breaking news and archival information about its
people, politics and economy from The New York Times.

(b) Top-3 Documents in the “World News” cluster

Figure 2. Cluster labels and documents in the cluster ldb@ldorld News” created and retrieved by
Qsum, respectively in response to the query “Libya”

IWorId Newsl Generate Summag 2" Article

President Obama set forth non-negotiable conditions that he said Libya must
immediately meet to avoid military action to enforce a no-flight zone and bloc

e on civilians and rebels.] LONDON - Britain and France _,
took the lead in plans to enforce a no-fly zone over Libya on Friday, sending
British warplanes to the Mediterranean and announcing a crisis summit in Pari
with the U.N. and Arab allies.]| TRIPOLI, Libya - Libya declared an immediate|
cease-fire Friday, trying to fend off international military intervention after the
U.N. to prevent the regime from striking its own people.|Forces were still shelllng
two cities. |Establishing a no-fly, no-drive zone in Libya will be a complex military|
operation, but the United States and its allies have accomplished similar feats
more than once in recent history.[ Libya is a country in the Maghreb region of
North Africa. 5™ Article

=2

S

rd

()

Figure 3: The summary generated @y.,,, for the documents in the cluster labeled “World News”

view the content of the documem in which S resides, which allow$/ to access detailed information
covered inD, a unique feature afsum-

Example 1 Figure 3 shows the summaSum generated using the documents in the “World News” clus-
ter, along with the titles and snippets of the first six docoteen the cluster as partially displayed in
Figure 2. Sum (i) includesdistinct sentencewith different information such that sentences watlder
dates are ranked towards the bottom, (ii) covers rmobtopicsassociated with Libya in the news, which
include themilitary action, summit meetingpolitical agenda for the events developed in Libya, (iii) does
not include any sentences witimidentified (pro)nounsand (iv) isappropriatein length (10% of the size
of the documents in the cluster).

The first sentence i8um is extracted from the second document, whereas the secotghse is
from the first article in the cluster. As it turns out, tB% to 6! sentences iSum as shown in Figure 3
are extracted from sentences in the sentence clusters aotresponding order
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Table 1: DUC datasets used for evaluating the qualit§) gf,..-created summaries

\ Dataset H DUC 05\ DUC 06 \ DUC 07 \
No. of Clusters 50 50 45
No. of Docs/Cluster 32 25 25

\ Data Source H TDT \ AQUAINT \ AQUAINT \

4 Experimental Results

To assess the performance(®,,,,, we first determined the datasets used for the empiricay stnd chose

the statistical approach that identifies the ideal numbappfaisers and queries required for validating the
grammatical correctness, referential clarity, anti-rethncy, structure and coherence, and responsiveness
quality of Qswm-generated summaries. We have also compared the time tie lndarmation between
Qswm and Google and measured the time for generating summaiies Qs -

4.1 TheDatasets
In this section, we present the datasets used for analyaenguality ofQ s.,,.-Created summaries.

Generic multi-document summarization analysis has beerobthe designated tasks of DUC 2005,
DUC 2006, and DUC 2007, each of which is an open benchmarlselataeated and archived by the
Document Understanding Conference, DUC (nlpir.nist.gmjécts/duc/). We used all three datasets for
evaluating@ s...-generated summaries. Table 1 provides a summary of the tawmsets, where TDT
(projects.ldc.upenn.edu/TDT/) and AQUAINT (ldc.upemtuéCatalog/docs/LDC2002T31/) are corpora
from where the DUC datasets are extracted.

NIST assessors, who organized DUC and created each dasagtwivan in Table 1, selected various
topics and chose a set of web documents relevant to each tGpien a DUC topicT” and a collection
of documentsC' relevant to7', a summarization approach to be evaluated is expected &becaebrief
(approximately 10% of the size @f in our case), well-organized, and fluent summary that ceptthre
key concepts covered i@ onT. The summary is compared with theference summariesf C, which
were created by NIST assessors, to analyze its quality.

4.2 Number of Appraisersand Test Queries Used for the Controlled Experiments

We first determine the ideal number of appraisers and testegu® be used in evaluatings..,, So that
the performance evaluation is reliable and objective.

421 TheNumber of Appraisers

In statistics, two types of errors, Types | and Il, are defifi€]. Type | errors, also known as errors or
false positivesare themistakef rejectinga null hypothesis when it is true, whereas Type |l errors) als
known ass errors orfalse negativesare themistakesf acceptinga null hypothesis when it is false. We
apply the formula in [10] below to determine the ideal numbieappraisersn, which is dictated by the
probabilities of occurrence of Types | and Il errors, to aa# () s..,-Created summaries.

. (Zs + Zp)* x 20* . (Za)?
N A2 2

(11)
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where A is the minimal expected differend® compareQ .., wWith Google, which is set to 1 in our
study as we expe@s.,,, to perform as good as Google in terms of generating highitgualmmaries in
comparison with document titles and snippets created byg@peespectivelyy? is thevariancé of the
generated summaries, which is 3.82 in our study(;3, respectively) denotes the probability of making
a Type | (Il, respectively) error, which is set to be 0.05 ().Bespectively), and 1 8 determines the
probability of a false null hypothesis that is correctlyedpd, and” is the value assigned to the standard
normal distributionof generated summaries. Based on the standard normabdigiri, whena = 0.05,
Zg =1.96, and whers = 0.20,Z3 = 0.84.

We conducted an experiment using a randomly sampled 10@uestes extracted from thaOL
query lod to determine the value @f2. We chose only 100 queries, since thmimal expected difference
andvariance which are computed onsimple random sampl&o not change with a larger sample set of
queries.o? is computed by averaging the sum of the square differenceeest the mean and the actual
number ofusefulsummarie® created for each one of the 100 test queries. We obtained\8t8eh is the
value ofo? for cluster summaries.

The values ofx and 5 are set to be 0.05 and 0.20, respectively, which imply thathexe 95%
confidenceon the correctness of our analysis and thatpgbeer(i.e., probability of avoiding false nega-
tives/positives) of our statistical study is 80%. Accoglio [11], 0.05 is the commonly-used value tor
whereas 0.80 is a conventional value for &,-and a test with3 = 0.20 is considered to be statistically
powerful. Based on the values assigned to the variablesuatiton 11, the ideal number of appraisers for
our study is

1.96 + 0.84)2 x 2 x 3.82  1.962
( 1)2 +— ~ 62 (12)

The results collected from the 62 appraisers are expectbd tmmparable with the results that are
obtained by the actual population [10], i.e., web users wiergweb search engines.

4.2.2 TheNumber of Test Queries

To determine the ideal number of test queries to be includetie controlled experiments, we rely on
two different variables: (i) th@verage attention spaaf an adult and (ii) theaverage number of search
queriesthat a person often creates in one session when using a welh segine. As mentioned in [18],
the average attention span of an adult is between twentyrtg thinutes. Furthermore, Jansen et al. [9],
who have evaluated web users’ behavior especially on (iatheunt of time web users spend on a web
search engine, (ii) the average size of users’ queries,i@nh¢ average number of queries submitted by
a user, estimate that the average number of queries createach user in one session on a web search
engine is approximately 2.8. Based on these studies, equhisgr was asked to evaluags;.,., using
threequeries, since evaluating the summaries on the retriewedtseof each one of the three queries takes
approximatelythirty minutes, which falls into an adult time span. We randomlesteld186 (= 62 x 3)
queries from the AOL query log for evaluatitigs,,,.-created summaries.

Svarianceis widely used in statistics, along with standard deviafighich is the square root of the variance), to measure the
average dispersion of the scores in a distribution.

"The logs of AOL (gregsadetsky.com/aol-data/) include Sllieniqueries created by millions of AOL users between 08161
and 05/31/06, and the AOL logs are available for public use.

8A summary is consideregsefulif it is of high quality (4 or 5 on a 5-point scale) as defined by ©.
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4.3 Performance Measures of Qgum

We have developed various applications on Facebook forpipsadsers to evaluate thguality of each
Qsum-Createdsummary Facebook appraisers were used, since Facebook is a setiairk with users
diverse in nationalities, ages, genders, and cultures whgmmvide unbiased evaluations.

Using the DUC 2005, 2006, and 2007 datasets and an evalugtideline, which is a set ajual-
ity questionsdeveloped in 2001 [13], a summary created by a summarizagietem can be evaluated.
These questions address the qualitgEmmaticality non-redundancyreferential clarity, structureand
coherenceandresponsivenessf a generated summary. These qualities are measured omiatSpale
as suggested by DUC. We have posted on Facebook (i) the 18@se&tracted randomly from the AOL
query logs, (ii) their respectiv€) s,.,-Ccreated summaries, and (iii) the set of quality questiansttie
appraisers to evaluate.

We have also considered the ROUGE toolkit (version 1.5.8j¢clvis widely adopted fosummary
evaluation ROUGE measures the quality of a summary by countingaerlappedunits between a
generated summaryum and a set of reference summaries created by DUC experts thairgame set of
documents. Thaigher the ROUGE score is, thieetterthe summarization method that generatesn
performs. The:-gram ROUGE score is defined as

Countyateh (Ngram
ROUGE, — ZRGRefSum Zn—gramGR 2 h( g ) (13)

ZRERefSum Zn—gramGR Count(ngmm)

wheren (> 1) is the size of the (overlapped)}gram,Count,,qtch (ngram) IS the number obverlapped
n-grams inSum and the set of reference summari@sfSum, and Count(ngram) iS the number of
n-grams in the set of reference summaries. We computed RORGiBigram-based and bigram-based
co-occurrence statistics), ROUGE-SU4 (trigram and 4-gbaised co-occurrence statistics), and ROUGE-
BE (all co-occurrence statistics such that matched keysvbiale the same part of speech tag), since
the DUC website includes the ROUGE-2, ROUGE-SU4, and ROWEEscores of 30 multi-document
summarization systems for each dataset, which we comp#newi,,,-generated summaries.

4.4 Performance Evaluation of Qg

In this section, we present the experimental results thaniify the performance afs..,,, On generating
high-quality summaries. A Facebook appraiser evaluaegtAmmar, anti-redundancy, referential clar-
ity, coherence, and responsiveness of a sumrary, whereas the ROUGE score, as introduced earlier,
reflects the amount of information coveredSmnm that address the corresponding query (topic) substan
tially.

We have collected the responses ondhality question®f each(g,,,.-created summary on docu-
ments in the DUC datasets, i.e., DUC 2005-2007, which wereighed by the 62 Facebook appraisers who
reviewed the summaries in response to the 186 test quetiesie$ults are obtained by the comparisons of
contents captured in th@s..»-generated summaries with the ones inference summarieseated by
the DUC experts on the same set of documents. In additionawe also compared the various ROUGE
scores of) s.m-Created summaries with the ones achieved bythilvey automated multi-document sum-
marization systems participated in DUC as depicted in Table

As demonstrated in Table 2)s.,, achieves the highest score nan-redundancysecond highest
on referential clarityandresponsivenessourth onstructure and coherengand fifth onGrammar The
comparatively lower scores on grammar, besides struch@€aherence, among the five quality measures
are due to the fact that the summarization approac &f,,, is extractive which is not sophisticated in
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Table 2: Comparing the quality @) s..,,-created summaries with the reference summaries creattdeeby
30 DUC summarizers

| Achieved byQ .., | Outperformed By| Outperform|

Grammar 4.35 5 25
Anti-redundancy 4.81 1 29
Referential Clarity 4.01 2 28
Structure & Coherencd 3.15 4 26
Responsiveness 4.33 2 28
ROUGE-2 0.12 2 28
ROUGE-SU4 0.17 2 28
ROUGE-BE 0.06 3 27

connecting (i.e., combining) extracted sentences in a saamrithis is not a major drawback, sin€g;,,.
is ranked in the top 5 on each measure among the 30 summarizers

Table 2 also shows thapgs.,, achieves the second (third, respectively) highest ROUGHERQ@
ROUGE-SU4 (ROUGE-BE, respectively) score(s) among thetytlsummarizers involved in the evalu-
ation. This indicates that the information includedd,,.,.-created summaries are of high quality, i.e.,
Qsum-generated summaries address a user query in a substaajiatmmpared with other lower ranking
summarizers. Note that none of the 30 summarizers outpesftine others, includin@ s, in all the
three ROUGE scores.

441 Qgsum Versus Google

We have analyzed the evaluations provided by 62 Facebodakiapps who have compared ttieme and
extracted resultén locating desired information retrieved 6Ys..,,, and Google, respectively on each one
of the 186 test queries (as described earlier). The evahmghow that it takes a Facebook appraiser an
average of 63 (72, respectively) seconds to locatel#fsgred informatioron Google @ sum., respectively)
based on the test queries.

We created another two Facebook applicatiofigy; and Apps, which include a number of perfor-
mance evaluation questions for another group of Faceboplasers, other than the 62 appraisers men-
tioned earlier. The applications were posted under Fadetmwdhe appraisers to provide their feedbacks.

For App;, the application includes two pages in a panel, léfepage displayed the (traditional)
top-10 results generated by Google on a query arbitrardated by an appraiser, whereas tigit one
is the Qsum-Created summary of the 10 documents shown on the left page.plirpose of this study is
to analyze whethef)s..,..-generated summaries are really useful to its users whodarélwough search
results and enrich their search experiences. After suinigiit query and examine the results displayed on
each (left/right) page, an appraiser responded to eacHlofviog questions:

1. “On which system did you spend less time locating the oeninformation?”
2. “Did the system on the left offer vital information not ¢aimed in the system on the right?”

For the first question, the responses are 12%%@rgle, 6% for Q s, and 82% for the same, whereas
for the2"? question, 27% said ‘Yes’ and 73% said ‘No.’ Based on the nesgs, we conclude that the ap-
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Table 3: Facebook appraisers’ responses to different fasited as queries under Google &hd,.,
| Tasks (Posted as Queries on Googl€)&.,n) | No. of Responses$ Prefer Google| PreferQgun, |

Research a Topic 9 3 6
Find News on an Event 11 3 8
Find Answers to Questions 5 3 2
Find Information on an ltem 17 6 11
Find Tools/Software 8 7 1
Navigate to a Site 8 8 0

praisers have foun@s....-generated summaries to begefulandinformativecompared with the traditional
results retrieved by Google. Altogether, there are 288aesgs tadpp;.

For App-, the application requires the involved appraisers to (8t fitentify a taskthat each one
often performs on a search engine, @ieate a querythat represents the task, (iBubmit the queryo
both systems (Google ar@dgs..,,). Hereafter, the appraisers were asked to answer the guge$iVhich
system helped you perform this task faster?” The tasks (wiere clustered based on their similarity),
the number of responses for each type of tasks, and theireasgw the question are shown in Table 3.
The responses have verified th@t.,,,,-created summaries on results of queries for differentstagire
highly regarded by Facebook appraisers than the resuleraed by Google, with the exception of the
two tasks, “Find Tools/Software” and “Navigate to a Sitelielresults are anticipated, sin@g..,,-Created
summaries include information on products but exclude URkslto download them, which are provided
in the results generated by Google for its users to acceseedver, finding the URL of a websilé” using
its name provided by the user is a strength of Google, whilenansary oni?” offers no such value. There
are 58 responses tpp-.

Even though the empirical study ofpp, reflects thatQs.., cannot handle navigation-type web
queries, an online report published by Wordtracker (hWpuiv.top-keywords.com/longterm.html) on
February 2, 2015 shows that out of the top 500 most popularyckeywords created by web search
engine users, only 51 of them include keywords explicitlgafy a website, such as facebook.com, ama-
zon.com, and ebay.com. The report illustrates that theepémge of navigation-typed web queries is not a
dominating type of commonly-used web queries.

442 Query Processing Timeof Qgsum

We have measured thpeocessing timef creating a summary usings..,, based on the 186 queries from
the AOL query log. The processing time required to generatanamary is less thaB secondon an
average. While &)s.,,,, User is viewing a summary generated for the documents inséec/isummaries of
other clusters are created in sequence behind the scre@h, iwla time-saving process.

Qsum 1S implemented on an Intel Dual Core desktop with dual 2.6&z@kbcessors, 3 GB RAM
size, and a hard disk of 300 GB running under the Windows XPatimg system.

5 Conclusions
Current web search engines offer users a mean to locateedasformation available on the Web. In

response to a user query, current web search engines, s@dogke, Bing, and Yahoo!, retrieve a list of
ranked documents and display each with a title and a snippetip users quickly identify the document(s)
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of interest. However, whenever a user quergrishiguousit is very difficult, if not impossible, for a search
engine to determine precisely the set of documents thatfgdlie user’'s information need. Moreover,
since snippets are created using sentences/phrases iortbsponding retrieved documents in which the
keywords in the user query also appear, they may not capteredcument contents and are similar to
one another and thus are not useful in distinguishing th#&rdnces. To enhance web search, we have
developed?s.,, which summarizes the contents of each clustered set of datsnon a specific topic
related to a query to assist its users in identifying resofititerest. Qs..,, is a contribution to the web
search community, since it handles the ambiguous probleensafarch query by creating summaries in
response to different interpretations of the search whitér @ “road map” to assist users to quickly
identify information of interest. Experimental resultsngswell-known datasets and Facebook applications
show thatQs..,, creates high-quality summaries. The results verify that,, is an elegant web search
tool.

For future work, we plan to exten@gs..,, SO that it can process user queries in multiple languages
other than English. The extension requires t9at,,,, to be equipped with models that recognize natural
language encoding schemes and handle internationatizatio
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