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Abstract

Headine summaizaion is a diffi cult tak
becatse it requires maximizing text con-
tent in short summarylength while main-
taining grammaicality. This paper
de<cribesour first atemp toward solving
this problem with a system that gererats
key headine clustersand fine-tunesthem
using templates

1 Introduction

Producing headine-length summaries is a chal-
lenging summarization problem. Every word be-
comes importart. But the need for
grammaicaltyN or a leag intelligibilityN
someimesrequires the inclusion of non-content
words. Forgoing grammaticality, one might com-
pose a OleadineOsummary by simply listing the
most important houn phrases one after another.
At the other extreme, one might pick just one
fairly indicaive sertence of appropriate length,
ignoring all other matrial. Idealy, we want to
find a balance betweenincluding raw informaion
and supporting intelligibility.

We experimernted with metods that integrate
conternt-based and form-based criteria. The proc-
ess consists two phases The keyword-clustering
component finds headine phrases in the begn-
ning of the text using a list of globally selected
keywords. The temgate filter then usesa collec-
tion of pre-specified headine templates and sub-
sequently populates them with headine phrases
to producethe reaulting headine.

In this paper, we de<ribe in Section 2 previ-
ous work. Section 3 describesa study on the use
of headine temgates A discussion on the proc-

ess of selecing and expanding key headine
phrasgsisin Secton 4. And Section 5 goesback
to the ideaof temgdateshbut with the help of head-
line phrases Future work is discussedin Secton
6.

2 Reated Work

Seweral previous systemswere developed to ad-
dress the needfor headine-style summaries

A lossy summarizer that OtanslatesD news
stories into target summaries using the OIBM
styleGstatistical machine trarslaion (MT) model
was shown in (Barko, et al., 2000). Conditional
probahlitiesfor a limited vocatlulary and bigram
trarsition probalhilities as headine syntax ap-
proximaion were incorporated into the trarsla-
tion model. It was shown to have worked
surprisingly well with a stand-alone evaluation of
guartitative aralysis on contert coverage. The
use of a noisy-chamel model and a Viterh
searchwas shown in another MT-inspired head-
line summarizaion system (Zajic, et al., 2002).
The method was auomaticaly evaluated by Bi-
Lingual Evaluation Underdudy (Bleu) (Papnen,
et al., 2001) and scored 0.1886 with its limited
length model.

A nonstatistical system, coupled with linguis-
ticaly motivated heuistics using a parse-and-
trim approach based on parse trees was reported
in (Dorr, etal., 2003). It achieved0.1341 on Bleu
with anaverage of 8.5 words.

Even though human evaluations were con-
ductedin the pag, we still do not have suffi ciert
material to perform a comprehensive compara-
tive evaluation on a large enough scale to claim
that one method is superior to others.

3 First Look at the Headline Templates



It is difficult to formulate a rule set that defines
how headines are written However, we may
discover how headines are related to the tem-
plates derived from them using a training set of
60933 (headline, text) pairs.

3.1 Template Creation

We view each healline in our training corpus a
potertial temgdate. For any new text(s), if we can
select an appropriate temgate from the set ard
fill it with contert words, then we will have a
well-structured headine. An abstract represerta-
tion of the temgates suitade for mathing
against new material is required In our currert
work, we build temgates at the part-of-speech
(POS) level.

3.2 Sequential Recagnition of Templates

We teded how well headine temgdates overlap
with the opening sertencesof texts by mathing
POS tags sequentially. The secand column of
Tabe 1 shows the percertage of files whose
POS-level headine words appeared sequertially
within the context describedin the first column.

Text Size Files from corpus (%)
First sentence 20.01
First two sentences 32.41
First three sentences 41.90
All sentences 75.55

Tabe 1. Study on sequertial temgdate matching
of headine against its text, on training data.

3.3 Filling Templateswith Key Words

Filling PCS temgdates sequertially using tag-
ging informaton alone is obviously not the most
appropriate way to demamstrate the concept of
headine summarization using temgdate abstrac-
tion, since it completely ignores the semariic
informaion carriedby words themselves

Therefore, using the sameset of POS headine
temdates we modified the filling procedure.
Givena new text, each word (not a stop word) is
catgorized by its POS tag and rarked within
eachPOS cakegory according to its tf.idf weight.
A word with the higheg tf.dif weight from that
POS category is chosento fill eachplacefolderin
a temgdate. If the same tag appears more than
oncein the temgdate, a subsequent placetolderis

filled with a word whose weight is the next high-
eg from the same tag catiegory. The score for
eachfilledtemplate is calculated asfollows:;

N
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Scorgt,) = _ 1=
|desired_length# template_length|+1

where ¢; denotes the total score assigned to tem-
plate i and w; is the tf.idf weight associated with
the assigned word. This scoring mecharnism pre-
ferstemgdateswith the most desrabe length. The
highed scoring tempate-filled headine is chosen
asthereault.

4 Key Phrase Selection

The headines gererated in Secton 3 are
grammatcal (by virtue of the temdateg and re-
flectsome content (by virtue of the tf.idf scores.
But thereis no guaranee of semaric accuracy!
This led us to the seach of key phrases as the
cardidates for filling headine temdates Heal-
line phrasesshould be exparded from single seed
words that areimportart and uniquely reflect the
contents of the text itself. To select the beg seed
words for key phrase exparsion, we studied sev-
eralkeyword selection models, described below.

4.1 Model Sekction
Bag-of-Words Models

1) Sertence Position Model: Serence position
informaion haslong provenuseful in idertifying
topics of texts (Edmundson, 1969). We believe
this ideaalso appliesto the selecion of headine
words. Given a sentence with its position in text,
what is the likelihood that it would contain the
first appearance of aheadine word:

M N

Count_Pos = Y » P(H, [W))

k=1 j=1

Count_Pos

Q
"' Count_Pos,

i=1
For each sertence position i over all M texts in
the collecion and over all the words in the M
headines (each containing up to N words),
Count_Pos recads the number of times where
senterce position i hasthe first appeararte of any

headine word. P(H, | W) is a binary feaure.

P(H [Pos) =



This is computed for all sertence positions from
1 to Q. Resllting P(H | Pos;) is atabe on the
terdercy of each sertence position containing
one or more headineswords (without indicaing
exactwords).

2) Healine Word Position Model: For each
headine word 7, it would most likely first ap-
pearat senternce position Pos;:

CouniPos,W,)

P(Pos [W,) =5
" Coun(Pos,,W,)
i=1
The difference betweenmodels 1 ard 2 is that
for the sertence position model, statistics were
cdlected for each serntence position i; for the
headine word position model, information was
calleciedfor each headine word W,,.
3) Text Model: This model capuresthe correla-
tion betweenwords in text and words in head-
lines(Lin and Hauptmam, 2001):

1’2/'# (doc_tf (w, j)" title _tf (w, }))
P(H, |T,) =22

M

# doc_tf(w,j)

j=1

doc_tf(w,j) derotesthe termfrequency of word w
in the /" documert of all M documerts in the col-
lecion. title_tf(w,j) isthe term frequency of word
w in the j’h title. H,,and T,, are words that appear
in both the headine and the text body. For each
instarceof H,, ard T, pair, H,, = T,,.

4) Unigram Headline Model: Unigram prob-
ahilities on the headine words from the training
set

5) Bigram Headline Model: Bigram probahili-
tieson the headine words from the training set.

Choiceon Model Combinations

Having thes five models, we needed to deter-
mine which model or model combination is bes
suited for headine word selecion. The blind data
wasthe DUC2001 ted set of 108 texts. The ref-
ererce headinesare the original headineswith a
total of 808 words (not including stop words).
The evaluation wasbased on the cumulative uni-
gram overlap between the »n top-scoring words
and the refererte headines The models are
numbered asin Section 4.1. Tabe 2 shows the

effectiverness of each model/model combination
on thetop 10, 20, 30, 40, and 50 scoring words.

Model(s) 10w | 20w | 30w | 40w | 50w
12345 79 118 | 147 | 189 | 216
2345 74 110 | 145 | 178 | 206
1345 74 116 | 146 | 176 | 208
1245 63 99 144 | 176 | 202
1235 87 122 | 155 | 187 | 223
1234 96 149 | 187 | 214 | 230
345 61 103 | 134 | 170 | 199
245 54 94 137 | 168 | 192
235 82 117 | 148 | 183 | 212
234 67 119 | 167 | 192 | 217
145 55 101 | 126 | 149 | 193
135 84 113 | 144 | 181 | 216
134 97 144 | 186 | 212 | 234
125 70 102 | 146 | 179 | 208
145 55 101 | 126 | 149 | 193
123 131 | 181 | 205 | 230 | 250
45 46 84 117 | 140 | 182
35 72 107 | 134 | 166 | 204
34 58 103 | 136 | 165 | 196
25 62 96 135 | 172 | 204
24 38 80 114 | 144 | 179
23 100 | 150 | 187 | 215 | 235
15 72 98 139 | 158 | 203
14 69 111 | 144 | 169 | 193
13 154 | 204 | 244 | 271 | 292
12 74 138 | 174 | 199 | 232
5 58 84 114 | 140 | 171
4 35 60 87 111 | 136
3 86 137 | 169 | 208 | 227
2 45 94 135 | 163 | 197
1 113 | 234 | 275 | 298 | 310

Tabe 2. Reaults on model combinations.

Clearly, for all lengths greatr than 10, sen-
tence position (model 1) plays the maost importarnt
role in selecing healline words. Selkecting the top
50 words solely based on position informaion
mears that sentencesin the begnning of a text
arethe most informaive. However, when we are
working with a more redricted length require-
mert, text model (model 3) adds advartage to the
position model (highlighted, 7" from the bottom
of Tabe 2). As areallt, the following combina-
tion of senterce position and text model was
used

P(H [W,) = P(H |Pos) x P(Hw, | Tw;)

4.2 Phrase Candidatesto Fill Templates

Secton 4.1 explained how we select headine-
worthy words. We now needto expard theminto
phrases as cardidates for filling temdates As
illustrated in Tabe 2 and stated in (Zajic et al.,
2002), headines from newspaper texts mostly



use words from the begnning of the text. There-
fore, we seach for n-gram phrases comprising
keywords in the first part of the story. Using the
model combination selecied in Secton 4.1, 10
top-scoring words over the whole story are se-
lected and highlightedin the first 50 words of the
text. The system should have the ahility of pull-
ing out the larges window of top-scoring words
to form the headine. To help achlieve grammat-
cality, we produced bigrams surrounding each
headine-worthy word (underlined), as shown in
Figure 1. From connecting overlapping bigrams
in sequerce, one sees interpretabe clusters of
words forming. Multiple headine phrases are
consideredas cardidatesfor template filling. Us-
ing a set of hand-written rules dangling words
were removed from the begnning and end of
eachheadine phrase.

belonging to the same part-of-speech category
canbe matchedinterchangeably, wasused

Headine phrasestend to be longer than most
of the temfdatesin the callection. This reallts in
only partial matches betweenthe phrassard the
temdates A score of fullness on the phrase-
temdate match is computed for each candidate
temgate f#;:

_ length(t,) + matched length(h,)

‘ length(t,) + length(h.)

t; is a cardidate temgdate and %; is a headine
phrase. The top-scoring temdate is used to filter
each headine phrase in composing the final
multi-phrase headine. Tade 3 shows a random
selecton of the reaults producedby the system.

Allegations{ of and

have kthis

thaﬂ for decades has

prided itself on a progressive attitude[ toward

and] a reputatim{ for
at Ia

Generated Headlines
First Palestinian airlines flight depart GazaOsirport
Jerusalem/ suicide bombers targeted market Friday setting blasts
U.S. Senate outcome apparently rests small undecided voters.
Brussels April 30 European parliament approved Thursday join
currency mechanism
Hong Kong strong winds Sunday killing 150 / Philippines leav-
ing hundreds thousands homeless
Chileans wish forget years politics repression
Table 3. System-gererated headines A headine
can be concatrnated from several phrases sepa-

rated by ODs

harmony. |The death of [two

raid ]that went awry, followed 10 days

later by a scuffle between police andE

Figure 1. Surounding bigramsfor top-scoring
words.

5 Filling Templateswith Phrases
5.1 Method

Key phrase clustering presrvestext contert, but
lacks the complete and correct representation for
structuring phrases The phrases need to go
through a granmar filterfeconstruction stage to
gain grammafcality.

A set of headine-worthy phrases with their
correponding POS tags is preserted to the tem-
plate filter. All templates in the collecion are
maftched against eachcardidate headine phrase.
Strict tag matching producesa small number of
maftching temdates To circumvert this problem,
amore generaltag-maftching criterion, where tags

5.2 Evaluation

Idealy, the evaluation should show the systemOs
performarce on both content selection and
grammatcality. However, it is hard to measire
the level of grammaitcality acheved by a system
computationally. Similarto (Barko, etal., 2000),
we redricted the evaluation to a quartitative
aralysis on contert only.

Our system was evaluated on previously un-
seen DUC2003 ted data of 615 files For eech
file, headines gererated at various lengths were
compared against i) the original headine, and ii)
headines written by four DUC2003 human as-
sessors. The performance metic was to count
term overlaps between the gereraked headines
ard the teg standards.

Tabe 4 shows the human ageamert and the
performarce of the system comparing with the
two ted standards.

The systemgererated headines were also
evaluated using the auomaftc summarzaion
evaluation tool ROUGE (Reall-Oriented Under-



study for Gisting Evaluation) (Lin and Hovy,
2003). The ROUGE score is a meadure of n-gram
recal between cardidate headines ard a set of
reference headines Its simplicity and reliahlity
aregaining audience ard becaming a standard for
performing auomaic comparaive summariza-
tion evaluation. Tabe 5 shows the ROUGE per-
formarce reallts for gererated headines with
length 12 against headines written by human
asessors.

Human Generated
Unigrams 0.292 0.169
Bigrams 0.084 0.042
Trigrams 0.030 0.010
4-grams 0.012 0.002

Tabe5. Paformarce on ROUGE.

6 Conclusionand Future Work

Gereraing summaries with headine-length re-
gtriction is hard becawse of the difficulty of
squeezing a full text into a few words in a read-
alble fashion. In practce, it oftenhappensin order
to achewve the optimal informatveress, gram-
maical structure is overlooked, and viceversa. In
this paper, we have de<sribed a system that was
dedgned to use two metods, individually had
exhibited exacty one of the two types of unbal-
arnces and integated them to yield contert ard
grammatcality.

Structural abstraction at the POS level is
shown to be helpful in our currert experimert.
However, part-of-speech tags do not gereraize
well and fail to model issueslike subcatgoriza-
tion and other lexical semaric effects. This prob-
lem was seenfrom the fact that there are half as
mary temgdatesasthe original headines A more
refined pattern language, for example taking into
accauint named entity types ard verb clusters
will further improve performarce. We intend to
incorporate additional natural language process-

ing tools to creak a more sophisticatd and richer
hierarchcal structure for headine summariza-
tion.
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Assessors Generated

Original Precision Recall Length (words) Precision Recall
9 0.1167 0.1566
0.3429 0.2336 12 0.1073 0.2092
13 0.1075 0.2298
Assessors 9 0.1482 0.1351
0.2186 0.2186 12 0.1365 0.1811
13 0.1368 0.1992

Tabe 4. Reallts evaluated using unigram overlap.




