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Abstract

In order to produce a good sumiary, one has
to identify the most relevant portions of a given
text. We describe in this paper a method for au-
tomatically training topic signatiures-sets of related
words, with associated weights, organized around
head topics -and illustrate with signatures we cre-
ated with 6,194 TREC collection texts over 4 se-
lected topies. We describe the possible integration
of topic signatures with ontologics and its evalunaton
on an automated text smmmarization system.

1 Introduction

This paper describes the antomated creation of what
we call topic signatures, constriuets that can play a
central role in automated text sunmarization and
information retrieval. Topic signatures can be used
Lo identify the presence of a complex concept—-a
concept that conusists of several related components
in fixed relationships. Restanrand-visit, for examnple,
involves at least the concepts menu, eat, pay, and
possibly waiter, and Dragon Beat Festival (in Tai-
wan) involves the concepts calomus (2 talisman 1o
ward off evil), moxe (something with the power of
preventing pestilence and sirengthening health), pic-
tures of Chung Kuei (o nomesis of evil spivits), eggs
standing on end, cte. Only when the concepts co-
occur is one licensed to infer the complex concept;
cot or mozae alone, for example, are not suflicient. At
this time, we do not consider the interrelationships
among the concepts.

Since many texts may describe all the compo-
nents of a complex concept withont ever explic-
itly mentioning the underlying complex concept—-a
topic—-itself, systems that have to identify topic(s),
for summarization or informaton retrieval, require
a method of inferring complex concepts from their
component words in the text.

2 Related Work

In late 1970°s, DeJong (Dedong, 1982) developed a
system called FRUMP (Fast Reading Understand-
ing and Memory Program) to skim newspaper sto-
rics and extract the main details. FRUMP uses

a data structure called shetchy seript to organize
its world knowledge,  Each sketehy seript is what
FRUMP Lknows about what can ocenr in particn-
lar situations such as demonstrations, carthguakoes,
labor strikes, and so on. FRUMP sclects a partic-
ular sketchy seript based on clues to styled events
in news articles. In other words, FRUMP selecis an
enpty template! whose slots will be filled on the fly
as FRUMP reads a news article. A simmary is gen-
erated based on what has been captured or filled iu
the template.

The recent succoess ()f illf()l'lllilti()ll (!Xt-l’il(',t‘l()l] re-
scarch has encouraged the FRUMYD approach. The
SUNMONS (5UMAMarizing Online NewS articles)
systemn (McKeown and Radev, 1999) takes tom-
plate outputs of information extraction systems de-
veloped for MUC conference and gencrating sum-
miaries of innltiple news articles. FRUMP and SUM-
MOXNS both rely on prior knowledge of their do-
mains.  However, to acquire such prior knowledge
is labor-intensive and time-consuming.  For exam-
ple; the University of Massachusetts CIRCUS sys:
rent used in the MUC-3 (SALC, 1998) terrorism do-
main required about 1500 person-hours to deline ex-
traction patterns® (Riloff, 1996). In order to malke
them practical, we noed to reduce the knowledge en-
gincering bottlencek and improve the portability of
FRUMD or SUMAMONS-like systems,

Since the world contains thousands, or perhaps
millions, of complex concepts, it is important to be
able to learn sketchy seripts or extraction patterns
auntomatically from corpora -no existing knowledge
base contains nearly enough information. (Riloff and
Lorenzen, 1999) present a system AutoSlog-TS that
generates extraction patterns and learns lexicat con-
straints antomatically from preclassified text to al-
leviate the knowledge cngineering bottleneck men-
tioned above. Although Riloff applied AntoSlop-T8

LWe viewed sketehy seripts and templates as eguivalent
constructs in the sense that they specifly high level entitics
and relationships for specific topics.

2 An extraction pattern is essentially a case frame contains
its trigger word, enabling conditions, variable slots, and slot
constraints. CIRCUS uses a database of extraction patterns
Lo parse Ltexts [Riloff, 1996).



to text categorization and information extraction,
the concept of relevancy signatures introduced by
her iz very similar to the tepic signatures we pro-
posed in this paper. Relevancy signatures and topic
signatures arc both trained on preclassified docu-
ments of specific topics and used to identify the
presence of the learned topics in previously unseen
documents. The main differences to our approach
arc: relevancy signatures require a parser. They are
sentence-based and applied to text categorization.
On the contrary, Lopic signatures only rely on cor-
pus statistics, are document-based” and used in text
summarization,

In the next section, we describe the automated
text summarization system SUMMARIST that we
used in the experiments to provide the context of
discussion. We then define topic signatures and de-
tait the procedurcs for automatically constructing
topic signatures. In Section 5, we give an overview
of the corpus used in the evaluation. In Section 6 we
present the experimental results and the possibility
of enriching topic signatures using an existing outol-
ogy. Finally, we end this paper with a conclusion.

3 SUMMARIST

SUMMARIST (Hovy and Lin, 1999) is a system
designed to generate summarics of multilingual in-
put texts. At this time, SUMMARIST can process
English, Arabic, Bahasa Indonesia, Japancse, Ko-
rean, and Spanish texts. It combines robust natural
language processing methods (morphological trans-
formation and part-of-speech tagging), symmbolic
world knowledge, and information retrieval tech-
nicques (torm distribution and frequenecy) to achieve
high robustness and better concept-level generaliza-
tion.

The core of SUMMARIST is based on the follow-
ing ‘cquation’

summarization = topic identification +
topic interpretation + generation.

These three stages are:

Topic Identification: ldentify the most imnportant
(central) topics of the texts. SUMMARIST
uses positional importance, topic sipnature, and
term frequency. Importance based on discourse
structure will be added later. This is the most

developed stage in SUMMARIST.

Topic Interpretation: To fuse concepts such as
waiter, menu, and food into one gencralized
concept restaurant, we need more than the sim-
ple word aggregation used in traditional infor-
mation retrieval. We have investigated concept

FWe would like 10 use only the relevant, parts of documents
to generate topic signasures in the future. Text segmentation
algorithms such as TextTiling (Iearst, 1997) can be used to
find subtopic segments in text.
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[(ABCNEWS.com : Delay in Honding Flight 090 Probs to FHI

[ ¥'T5E Chairman James Hall sa
of the investigation inlo the criash @
is turned over to the FUI1L

Nov. 18 - U8 bnvestigniors appear 1o be laaning mure than ever tuwarel
the pussibility 1hat one of the co-pibots of EgyptAir Flight 990 may have
deliberately crashed the plane last month, killing all 217 people on board.
However, LT.S. officinls sny th

Tswnnt 1o review r
ight 030 Lefore the case

myptAr

National Teanaportation Safety Hoace] will
wtinn of the Oct, 31 crash to the FBL - the
agency that would lead a eriminal prabe - for at least o few days. 160 allow

delay transferring the inhves

Egyvptian experts to review evidence in the cns
Suspicions of fou) play were raised after investigators liatening to a tape
from the cockpit vaicr recorde; isolated a religinus prayes ar stateineat
made by the co-pilat just befare the plane’s antopilot was turned off
and the plane began its initial plunge intn the Atlantic Ouvean off Mas-
| sachuserts’ Nantucket island. 5

Over the past week, after much effori. the M F3SH and the Navy succeeded |
in loenting the plane’™s two "blaek baxez,” the cockpit voice recorder and
the flight data recourder.
The tape indicates that shartly after the plane leveled off at its croising
altitude of 33,000 feet, the chief pilot of the aircraft left the plane’s
cockpit, iraving one of the twa en-pilots alone there as the nireraft began
L its deseont

I'igure 1: A Nov. 16 1999 ABC News page summary
generated by SUMMARIST.

conmting and topic signatures to tackle the fin-
sion problem.

Summary Generation: SUMMARIST can pro-
ditce keyword and extract type summarics.

Figure 1 shows an ABC News page summary
about EgyptAir Flight 990 by SUMMARIST. SUM-
MARIST cmploys several different heuristics in the
topic identilication stage to score terms and sen-
tences. The score of a sentence is simply the sum
of all the scores of content-hearing terms in the sen-
tence. These heuristics are implemented in separate
modules using inputs from preprocessing modules
sucli as tokenizer, part-of-speech tagger, morpholog-
ical analyzer, term frequency and tfidf weights cal-
culator, sentence length calculator, and sentence lo-
cation identifier. We only activate the position mod-
ule, the tidf module, and the topic signature module
for comparison. We discuss the effectivencss of these
modules in Section 6.

4 ‘Topic Signatures

Before addressing the problem of world knowledge
acquisition head-on, we decided to investigate what
type of knowledge would be useful for summariza-
tion. After all, one can spend a lifetime acquir-
ing knowledge in just a small domain. But what
15 the minimum amount of knowledpge we need to
cnable cffective topic identification as illustrated by
the restewrant-wvisit example? Qur idea is sinple.
We would collect a set of terms? that were typi-
cally highly correlated with a target concept from a
preclassified corpus such as TREC collections, and
then, during summarization, group the occurrence of
the related terins by the target concept. For exam-
ple, we would replace joint instances of table, moenu,
weiter, order, cat, pay, tip, and so on, by the single
phrase restaurant-visit, in producing an indicative

lorms can be stemmed words, bigrams, or trigrams.



summary. We thus defined a topic signature as a
family of related terms, as follows:

Trs

I

{topic, signature}
{topic, < (1,1}, (tyvwn) >} (1)

f

where topic is the target concept and signature is
a vector of related terms. Each ¢, is an term highly
correlated to topic with association weight w;. The
number of related terms n can be set cmpirically
according to a cutoff associated weight. We deseribe
how to acquire related terms and their associated
weights in the next section.

4.1 Signature Term Extraction and Weight
Estimation

On the assumption that semantically related terms
tend to co-occur, one can construct topic signa-
tures from preclassified text using the y? test, mu-
tual information, or other standard statistic tests
and information-theoretic measures. Instead of v?,
we usce likelihood ratio (Dunning, 1993) A, since A
is more appropriate for sparse data than x* test
and the quantity —2logA is asymptotically x? dis-
tributed®. Therefore, we can determine the confi-
dence level for a specific —2logA value by looking up
x2 distribution table and use the value to select an
appropriate cutoff associated weight.
We have documents preclassified into a set. R of
relevant texts and a set R of nonrelevant texts for a
given topic. Assuming the following two hypotheses:
Hypothesis 1 (H,): P(R|t;) = p = P(R|t;), ic.
the relevancy of a document is independent of
t.

Hypothesis 2 (Hy): P(RIt;)) = p1 # p =
P(R[t;), i.c. the presence of £; indicates strong
relevancy assuming py; > pa.

and the following 2-by-2 contingency table:

TR R
Lt | O | O
ti | O | O

where Oy is the frequency of term ¢; occurring in
the relevant set, Ops is the frequency of term ¢; oc-
curring in the nonrelevant set, O is the frequency
of term #; # t; oceurring in the relevant sct, Oy is
the frequency of term £; # t; ocanring in the non-
relevant set.

Assuming a binomial distribution:

b(kyn,x) = (;i):lrk(l — g)in=h (2)

5This assumes that the ratio is between the maximum like-
lihood estimate over a subpart of the parameter space and the
maximum likelihood estimate over the entire parameter space.
See (Manning and Schiitze, 1999) pages 172 to 175 for details.
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then the likelihood for 1 is:

L(H1) = b(O1; O11 + O12, p)b(Oa1; 02y + Oa2, p)
and for H, is:
L(H) = b(O11; 011 + O1a,p1)b(0a1; 021 + O3, pa)

The —2logA value is then computed as follows:

L(HY)
L{t2)

= —2log

O 01 + Q. p)b(Oay: 0a) + Ono. p)

= -l

THO11 0 4+ 00, p )00 00y + Oay, pa)

= =2{{O0)1 + Oa1Mog p + (012 + OooMog (1 — p) — (3)

(yyleg py + Oyatoyg (1 = py) + Oaylog po + Onateg (1 — pa)))
= 2N X (M(R) - H(R|T)) ()
= 3N X I(R;T) (5)

where N = Oqy + O3 + Osy + O»s is the total num-
ber of term occurrence in the corpus, H(R) is the
entropy of terms over relevant and nonrelevant sets
of documents, H{R|T) is the entropy of a given term
over relevant and nonrelevant sets of documents, and
Z(R;T) is the mutual information between docu-
ment relevancy and a given term. Equation § indi-
cates that mutual information® is an equivalent mea-
surc to likelihood ratio when we assume a binomial
distribution and a 2-by-2 contingency table.
To create topic signature for a given topic, we:

1. classify documents as relevant or nonrelevant
according to the given topic

2. compute the —2logA value using Equation 3 for
cach term in the document collection

3. rank terms according to their —2logh value

4. select a confidence level from the y? distribution
table; determine the cutoff associated weight
and the nummber of terms to be included in the
signatures

5 The Corpus

The training data derives from the Question and
Answering summary evaluation data provided by
TIPSTER-SUMMAC (Mani et al., 1998) that is a
subset of the TREC collections. The TREC datais a
collection of texts, classified into various topics, used
for formal evaluations of information retrieval sys-
tems in a series of annual comparisons. This data set
contains essential text fragments (phrases, clauses,
and sentences) which must be included in summaries
to answer some TREC topics. These fragments are
each judged by a human judge. As described in Sec-
tion 3, SUMMARIST employs several independent
modules to assign a score to each sentence, and then
combines the scores to decide which sentences to ex-
tract from the input text. One can gauge the efficacy

6The mutuat information is defined according to chaptor 2
of (Cover and Thomas, 1991) and is not the pairwise mutual
information used in (Church and Hanks, 1990).




TREC Topic Description

{hum) Number: 151

{title) Topic: Coping with overcrowded prisans

(dese) Description:

The dacument will provide information on jail and prisen overcrowding
and how inmates are forced to cope with those conditions; or it will
revenl plans to relieve the overcrowded condition.

{narr) Narrative:

A relevant document will describe scenes of overcrowding that have
become all too commeon in jails and prisons around the country. The
document will identify how inmates are forced to cope with those over.
crowded conditions, and/or what the Carrectional System is doing, or
planning to do, to alleviate the crowded condition.

{/top)

Test Questions

Qi What are name and/or location of the correction facilities |
where the reported overcrowding exists?

Q2 What negative experiences have there been at the overcrowded
facilities (whether or not they are thought to have heen caused
by the overcrawding)?

Q3 What measures have been taken/planned/recommended (etc.)
to accominadate more inmates at penal facilities, e.g., doubling
up, new construction?

Q4 [ What measures have heen taken/planned/racommeandad (etc.)
to reduce the number of new inmates, e.g., moratoriums
on  admission, alternative penalties, programs to reduce
crime/recidiviam?

Q5 What measures have been taken/planned/recommended (etc.)
to reduce the number of existing inmates at an overcrowded
facility, e.g., granting early relense, transfering to uncrowded
facilities?

Sample Answer Keys

(DOCNO) APB91027-0063 (/DOCNO)

(FILEID)AP-NR-10-27-89 O613EDT(/FILEID)

(IST.LINE)r o PM-Chainedlumates 10-27 0335(/1ST_LINE)
{2ND_LINE)PM-Chained Inmates,0344(/2ND_LINE)

(HEAD)Inmates Chained to Walls in Baltimore Police
Stations(/HEAD)

(DATELINE)BALTIMORE (AP) (/DATELINE)

(TEXT)

{QB3)Prisoners are kept chained to the walls of local police lockups for
as long as three days at a time because of avercrowding in regular jail
cells, police said.(/Q3)

Overcrowding at the (Ql)Baltimore County Detention Center{/Q1)
hns farced police to ...

(/TEXT}

Table 1: TREC topic description for topic 151, test
questions expected to be answered by relevant doc-
uments, and a sample document with answer keys.

of each module by comparing, for different amounts
of extraction, how many ‘good’ sentences the module
selects by itself. We rate a sentence as good simply
if it also occurs in the ideal human-made extract,
and measure it using combined recall and precision
(F-score). We used four topics” of total 6,194 doc-
uments from the TREC collection. 138 of them are
relevant documents with TIPSTER-SUMMAC pro-
vided answer keys for the question and answering
evaluation. Madel extracts are created automati-
cally from sentences containing answer keys. Table
1 shows TREC topic description for topic 151, test
questions expected to be answered by relevant doc-
uments®, and a sample relevant document with an-
swer keys markup.

"These four topics are:

topic 151: Ouvercrowded Prisons, 1211 texts, 85 relevant;
topic 257: Cigaretie Consumption, 1727 texts, 126 relevant;
topic 238: Computer Security, 1701 texts, 49 relevant;
topic 271: Solar Power, 1555 texts, 59 relevant.

8 A relevant document only needs to answer at least one of
the five questions.
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6 Experimental Results

In order to assess the utility of topic signatures in
text summarization, we follow the procedure de-
scribed at the end of Section 4.1 to create topic
signature for each selected TREC topic. Docu-
ments arc separated into relevant and nonrelevant
sets according to their TREC relevancy judgments
for cach topic. We then run each document, through
a part-of-speech tagger and convert cach word into
its root form based on the WordNet lexical database.
We also collect individual root word (unigram) fre-
quency, two consecutive non-stopword? (bigram) fre-
quency, and three consecutive non-stopwords (tri-
gram) frequency to facilitate the computation of the
—2logA value for each term. We expect high rank-
ing bigram and trigram signature terms to be very
informative. We set the cutofl associated weight at
10.83 with confidence level o = 0.001 by looking up
a x? statistical table.

Table 2 shows the top 10 unigram, bigram, and tri-
gram topic signature terms for each topic '°. Several
conclusions can be drawn directly. Terms with high
—2logA are indeed good indicators for their corre-
sponding topics. The —2log) values decrease as the
number of words in a term increases. This is rea-
sonable, since longer terms usually occur less often
than their constituents. However, bigram terms are
more informative than unigram terms as we can ob-
serve: jail/prison overcrowding of topic 151, tobacco
industry of topic 257, computer security of topic 258,
and solar energy/power of topic 271. These auto-
matically generated signature terms closely resemble
or cequal the given short TREC topic descriptions.
Although trigram terms shown in the table, such
as federal court order, philip morris rjr, jet propul-
ston laboratory, and mobile telephone system are also
meaningful, they do not demonstrate the closer term
relationship among other terms in their respective
topics that is seen in the bigram cases. We expect
that more training data can improve the situation.

We notice that the —2logA values for topic 258
are higher than those of the other three topics. As
indicated by (Mani et al., 1998) the majority of rel-
evant documents for topic 258 have the query topic
as their main theme; while the others mostly have
the query topics as their subsidiary themes. This
implies that it is too liberal to assume all the terms
in relevant documents of the other three topics are
relevant. We plan to apply text segmentation algo-
rithms such as TextTiling (Hearst, 1997) to segment
documents into subtopic units. We will then per-
form the topic signature creation procedure only on
the relevant units to prevent inclusion of noise terms.

9We use the stopword list supplied with the SMART re-
trieval system.

107he —2logA values are not comparable across ngram cat-
egories, since cach ngram category has its own sample space.



Topic 10 Signature Terms of Topic 1561 — Overcrawded Drisons
Unigrai —2og\ Higiam —2log) Trigram
il AN county gail T, 274 federal court order
connty TR K21 crarly relense RN Comply comnsent decree
overerowding EEEEED state prison dekabh connty <henff
mmate 234765 Ftate prisanet Lav, 3o trank
Shenift 154 140 Aoy fine Joe Giank harris
stale tat.adn 11l overcrowding [ priconer county gail
prisoner AN TTS court order [T State prison county
prison 115.3068 local jaal B tput prison
ity 133 477 Prison overcrowilding 55 378 county jail 1ate
overcrowded 125 008 centtal facility 52 a0 hold local jail
Topic 10 Signature Terms of Topic 267 — Cigavette Cansumption
Tniarntn ESIRYE) Bicram Z2iogN Trigram TlogX
clgarette ATH SN tubaeco imdustry ROLTHN philip mortiz rjr BRI
tobacen 313.007 hu cigarette n7.429 rothmans benzan hedge RIS
smoking 284108 philip marris 54 073 lune cancer death
smoke IERENEN] cigatettr vear IENIE R qtr firtm chg
rothinans 1566740 rothimans infernational EE RN qtr qtr firnm
osha 148 2 tobacea simoke 4200 bn bn bn
seitn 125 .42) sir patrick 404 consumplion bn cigarette
han 113849 clgatetie company 39 yreat american smaokeout
smoker 104110 cent market 3 lung cancer hear

bat T9.903 tax inciease

36 malavsian singapore company D). 0206

- 10 Signaturs Termas of Topic 258 —

Computer Security

Uhintem Higram —3] Tiigram EEIPYEN
computer computer secusity 214 jet propulsion Jaboratary “3 854
virus gradunte student 178 tahert ¢t mn GR .85
hacker computer syvstem 146.32x cornell university graduate TO.UNT
orris teseatch center 132,413 lanwrence berkeley laboratory T0.051
carnell computer virus 136.033 jet propulsion TO.0RT
Huniversity cornell university university gradunte student TH.0ON]
svstem nuclear weapon lawrence livermaore national G9.105
taboratory military computer livermore national labaratory 69105

tab virus program

computer security expert

teclary west german

security center hethesda

sic 10 Signature Terms ¢

>f

Topic 271 — Solar Power

Thigram Bigram “2logX Trigram

solar solar energy DOR.521 diviston multiple access
mazda solat power V1210 mobile telephane serviee
Ten an il : biitish technalogy group
iricdimm tem earth height mile

pavilion mobile Telophione

finnncial backing iridivm

pound iridium project

lahal mohile satellite

tower 1teal goods

landheld mobile telephone

A06

Lookent scienve patrk

mobile satellite syvstem

inmarsnt 1049.728 solar concentratag

inidiam project

hoydston TR.373 b1s salar

active salar system

Table 2: Top

6.1 Comparing Summary Extraction
Effectiveness Using Topic Signatures,
TFIDF, and Baseline Algorithms

In order to evaluate the effectiveness of topic signa-
tures used in summary extraction, we compare the
smnmary sentences extracted by the topic signature
module, baseline module, and tfidf modules with hu-
man annotated model summaries. We measure the
performance using a combined measure of recall (1?)
and precision (P), F'. F-score is defined by:

(1+8°)PR
PR

-

ja , where

Nine
4/\’ m

-}\ me

# of sentences extrated that also
appear in the model summary

# of sentences in the model summary
# of sentences extracted by the system

relative importance of Roand P

10 signature terms of unigram, bigram,

and trigram for four TREC topics.

We assume equal importance of recall and preci-
sion and set J to ©in our experiments. The baseline
{(position) module scores cach sentence by its posi-
tion in the text. The first sentence gets the high-
est score, the last sentence the lowest. The baseline
method is expected to be effective for news genre.
The tfidf module assigns a score to a term #; accord-
ing to the product of its frequency within a doc-
ument j (£f;;) and its inverse document frequency
(idf; = I()g%). N is the total number of documents
in the corpus and df; is the number of documents
containing term t;.

The topic signature module scans each sentence,
assigning to each word that oceurs in a topic signa-
ture the weight of that keyword in the topic signa-
ture. Each sentence then receives a topic signature
score equal to the total of all signature word scores it
contains, normalized by the highest sentence score.
This score indicates the relevance of the sentence to
the signature topic.

SUNMDMNIARIST produced extracts of the same
texts separately for each module, for a series of ex-
tracts ranging from 0% to 100% of the original text.

Althongh many relevant documents are available
for each topic, only some of them have answer key
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markups.
keys are listed in the row labeled: “# of Relevant
Docs Used in Training”. To ensure we utilize all
the available data and vonduct a sound evaluation,
we perform a three-fold cross validation.  We re-
serve anc-third of documents as test set, use the rest
as training set, and repeat three times with non-
overlapping test set. Furthermore, we use only uni-
graim topic signatures for evaluation.

The result is shown in Figure 2 and Table 3. YWe
find that the topic signature method outperforms
the other two methods and the ifidf method performs
poorly. Among 40 possible test points for four topics
with 10% summary length increment (0% means se-
lect at least one sentence) as shown in Table 3, the
topic signature method beats the baseline method
34 times. This result is really encouraging and in-
dicates that the topic signature method is & worthy
addition to a variety of text snmmarization methods.

6.2 Enriching Topic Signatures Using
Existing Ontologies
We have shown in the previous sections that topic
sipnatures can be used to approximate topic iden-
tification at the lexical level.  Although the au-
tomatically acquired signature terms for a specific
topic seem to be hound by unknown relationships as
shown in Table 2, it is hard to image how we can
enrich the inherent flat structure of topic signatures
as defined in Eguation 1 to a construct as complex
as a MUC template or seript.

As discussed in (Agirre ct al., 2000), we propose
using an existing ontology such as SENSUS (Knight
and Luk, 1994) to identify signature terin relations.
The external hierarchical frameworlk can be used to
generalize topic signatures and suggest richer rep-
resentations for topic signatures. Automated entity
recognizers can be used to classify unknown enti-
tles into their appropriate SENSUS concept nodes.
We are also investigating other approaches to auto-
matically learn signature term velations. The idea
mentioned in this paper is just a starting poiut,

7 Conclusion
In this paper we presented a proceduore to automati-
cally acquire topic signatures and valuated che eftec-
tiveness of applying topic signatures to extract topic
relevant sentences against two other methods. The
tapic signature method outperforms the baseline and
the ¢fidf methods for all test topics. Topic signatures
can not only recognize related terms (topic identifi-
cation), but group related terms together under one
target concept (topic interpretation). Topic identi-
fication and interpretation are two essential steps in
a typical autamared text suminarization systom as
we present in Section 3.

Tapic signatures can also been viewed as an in-
verse process of query expansion. Query expansion

The nunber of doonments with answor
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intends to alleviate the word mismatch problem in
information retrieval, since documents are normally
written in different vocabulary. How to automati-
cally identify highly correlated terms and use them
to improve information retrieval performance has
bheen a main research issue sinee late 1960°s. Re-
cent advanees in the guery expansion (NXu and Croft,
1996) can also shed some light on the creation of
topic signatures. Although we focus the use of topic
signatures to aid text surmmarization in this paper,
we plan to explore the possibility of applying topic
signatures to perform query expansion in the future,
The results reported are encouraging enough to
allow 15 to continue with topic sipnatures as the ve-
hicle for a first approximation to world knowledge.
We are now busy creating a large number of signa-
tures to overcome the world knowledpe acquisition
problem and use them in topic interpretation.

8 Acknowledgements

We thank the anonymous reviewers for very use-
ful suggestions. This work is supported in part by
DARPA contract N66001-97-9538,

References

Encko Agirre, Olatz Ansa, Eduard Hovy, and David
Martinez. 2000. Enriching very large ontologios
using the www. In Proceedings of the Workshop
on Ontology Construction of the Buropean Con-
ference of AT (KCAQ).

Kemneth Chiurch and Patrick Hanks. 1990, Word as-
saciation norms, muwual information and lexicop-
raphy. lu Proceedings of the 28th Annual Mecting
of the Associution for Computational Linguistics
(ACL-90), pages T6-83.

Thomas Cover and Joy A. Thomas. 1991, Elements
of Informedion Theory. John Wiley & Sons.

Gerald DeJong. 1982, An overview of the FRUMIP
system. In Wendy G. Lehnert and Martin 11,
Ringle, editors, Strategies for noturel languoge
processing, pages 149-76. Lawrence Erlbaum As-
sociates.

Ted Dunning. 1993. Ag¢curate methods for the
statistics of surprise and colucidence. Computa-
tionel Linguistics, 19:61-74.

Marti Hearst. 1997, TextTiling: Segmenting text
into multi-paragraph subtopic passages. Compu-
tational Linguistics, 23:33-G1.

Eduard Hovy and Chin-Yew Lin. 1999, Automated
text summarization in SUMMARIST. In Inder-
jeet Mani and Mark T. Maybury, cditors, Ad-
vances in Automatic Text Summarizaion, chap-
ter 8, pages 81-9:4. MI'T" Press.

Kevin Kuight and Steve K. Lok, 1994, Building a
large knowledge base for machine translation. In
Proceedings of the Eleventh Nationel Conference

on Artificial Intelligence (AAAL94)



0 50000

TR M |
v 2% Lebeiere

Rard o e
TR Nt

0 £0000

D600 {— - x Sro Lo

0 20000

g
i
e

3
»

E-1 Y

o #

S-Manpure

020000

DAGING -

nogron

Figure 2: [-mcasure ve,

Sumensy Lenqgth

GO0 DOS 01D 015 020 025 €30 23% 040 035 050 055 DEC DGy 070 07 330 065 080 085 1.00

summary lenpeh for all four topics. Topie signature clearly ontperform tfidf and

haseline except for the case of topic 258 where performance for the three methods are roughly equal.
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Table 3: Femeasure performance difference compared to baseline method in percentage. Columns indicate
at different. summary lengibs related to full lengeh docnments. Values in the haseline rows are F-measure
scores. Values in the ifidf and topic signature rows ave performance increase or deerease divided by their
corresponding baseline scores and shown in percentage.
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