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Abstract

This studyexamineghe usefulnes®f common
off theshelfcompressiosoftwaresuchasgzip
in enhancingalreadyexisting summariesand
producingsummariedrom scratch. Sincethe
gzip algorithm works by removing repetitve
datafrom a file in orderto compressit, we
shouldbeableto determinewvhich sentencem

a summarycontainthe leastrepetitve databy
judging the gzippedsize of the summarywith

the sentencecomparedo the gzippedsize of
the summarywithout the sentenceByY picking
the sentencehatincreasedhesizeof the sum-
mary the most, we hypothesizedhatthe sum-
marywill gainthe sentencavith the mostnew
information. This hypothesisvasfoundto be
true in mary casesandto varying degreesin

this study

1 Introduction

1.1 The connection between text compression and
multidocument summarization

A standardway for producingsummariesof text docu-
mentsis sentencextraction. In sentencextraction,the
summaryof a document(or a clusterof relateddocu-
ments)is a subsetof the sentencesn the original text
(Mani, 2001). A numberof techniquedor choosingthe
right sentence® extracthave beenproposedn thelitera-
ture,rangingfrom word counts(Luhn,1958),key phrases
(Edmundson,1969), naive Bayesianclassification(Ku-
piec et al., 1995), lexical chains(Barzilay and Elhadad,
1997),topic signaturegHovy andLin, 1999)andcluster
centroidg(Rade etal., 2000).

Most techniquesfor sentenceextraction computea
scorefor eachindividual sentencealthoughsomerecent
work hasstartedto pay attentionto interactionshetween

sentences.On the other hand, and particularly in mul-
tidocumentsummarization somesentencesnay be re-
dundantin the presenceof othersand suchredundang
shouldlead to a lower scorefor eachsentencepropor
tional to the degree of overlap with other sentencesn
the summary The Maximal Marginal Relevance(MMR)
method(CarbonellandGoldstein,1998)doesjust that.

In this paper we aretaking the ideaof penalizingre-
dundang for multi-documentsummariesfurther. We
want to explore existing techniquesfor identifying re-
dundantinformationandusingthemfor producingbetter
summaries.

Asin mary areasn NLP, oneof thebiggestchallenges
in multi-documentsummarizatioris decidingon a way
of calculatingthe similarity betweentwo sentencesr
two groupsof sentences.In extractive multi-document
summarizationthe goalis, ontheonehand,to selectthe
sentencewhich bestrepresenthe mainpoint of thedoc-
umentsand,on the other, to pick sentencesvhich do not
overlap much with thosesentencesvhich have already
beenselected.To accomplishthe task of sentenceom-
parison,researcherhave relied on stemmingandcount-
ing n-gramsimilarity betweertwo sentencesSo, for ex-
ample,if we havethefollowing two sentences:The dogs
gototheparks”and“The dogis goingto thepark; they
would be nearlyidenticalafter stemming:“the dog [be]
goto thepark; andary word overlapmeasuravould be
quite high (unigramcosineof .943).

In someways,gzip canbethoughtof asaradicalstem-
mer which alsotakesinto accountn-gramsimilarity. If
thetwo sentencewerein afile thatwasgzippedthesize
of thefile would be muchsmallerthanif the secondsen-
tencewere“A catwandersat night” (unigramcosineof
0). By comparinghesizeof thecompresseflles,we can
pick that sentencavhich is mostsimilar to what hasal-
readybeenselectedor the summary(high compression
ratio) or the mostdifferent(low compressiorratio), de-
pendingon whattype of summarywe would prefer



Onamoreinformationtheoreticbasis,asBenedettcet
al. obsene (Benedettcet al., 2002a),comparingthe size
of gzippedfiles allows usto roughlymeasurg¢hedistance
(increasen entropy) betweera new sentencandtheal-
readyselectedsentencesBenedetteet al. (Benedettcet
al., 2002a)find that on their taskof languageclassifica-
tion, gzip’s measureof information distancecan effec-
tively be usedasa proxy for semantiadistance.And so,
we setout to seeif we could usefully apply gzip to the
taskof multi-documensummarization.

Gzip is a compressionutility which is publicly avail-
able andwidely used(www.gzip.og). Benedettoet al.
(Benedetteetal.,2002a)summarizéhealgorithmbehind
gzip anddiscussits relationshipto entropy andoptimal
coding. Gzip relies on the algorithm developedby Ziv
andLempel(Ziv andLempel,1977). Following this al-
gorithm, gzip readsalonga string andlooksfor repeated
substringsif it findsa substringivhichit hasalreadyread,
it replaceghe secondoccurrencewith two numbersthe
length of the substringandthe distancefrom that loca-
tion backto the original string. If the substringlength
is greaterthanthe distancethenthe unzipperwill know
thatthe sequenceepeats.

In our framework, we usean off-the-shelfextractive
summarizeto produceabase summaryWe thencreatea
numberof summariegontainingpreciselyonemoresen-
tencethanthe basesummary If |S| is the total number
of sentence theinput cluster andn is the numberof
sentencesalreadyincludedin the base thereare|S| — n
possiblesummarief lengthn + 1 sentences.One of
themhasto be chosenover the others. In this work, we
compresseachof the |S| — n candidatesummariesand
obsenetherelativeincreasen thesizeof thecompressed
file comparedo the compressethasesummary The ba-
sicideais thatsentencesontainingthe mostnew infor-
mationwill resultin relatively longercompressedum-
maries(afternormalizingfor theuncompressekngthof
the newly addedsentence)We will discusssomevaria-
tionsof this algorithmin the next section.

Therearetwo issuesvhichmustbekeptin mindin ap-
plying gzip to problemsbeyond datacompressionFirst,
becausef the sequentiahatureof the algorithm, com-
pressiontowardsthe beginning of the file will not be as
greatasthatlaterin thefile. Secondthereis a 32k limit
on the length of the window that gzip considers.So, if
“abc” appearsat the beginning of a string, andthenalso
appears33klater (but nowherein between)gzipwill not
be ableto compresghe secondappearanceThis means
that our processs “blind” to sentence the summary
which happen32k earlier This could potentially be a
drawbackto our approachput in practice givenrealistic
text lengths we have notfound a negative effect.

The impetus for our approachis (Benedettoet al.,
2002a;Benedettcet al., 2002b)who reporton their use

of gzipfor languageclassificationauthorshigattribution,

and topic classification. In their approach,they begin

with a set of known documents. For eachdocument,
they measurethe ratio of the uncompressedlocument
to the compressedlocument. Thenthey appendan un-

known documentto eachknown documentcluster and
compressthesenew documents. Their algorithm then
choosesvhichever documenthadthe greatestompres-
sionin relationto its original. As (Goodman2002)ob-

senes, using compressiortechniquedor thesetasksis

not an entirely new approachnor is it very fast. Never

thelesswe wantedto determinethe efficacy of applying

Benedetteet al’s methodgo the taskof multi-document
summarization.

2 Description of themethod

Theaim of this studywasto determindf gzipis effective
asasummarizationool whenusedn conjunctiorwith an
existingsummarizerWe choseMEAD?, apublic-domain
summarizatiorsystemwhich canbe downloadedon the
Internet(Rade etal., 2002). Theversionof MEAD used
in this experimentwas3.07.

To producea summaryof a tamgetlengthn + 1 sen-
tenceswe performthefollowing steps:

1. First,getMEAD to createa summaryof sizen sen-
tenceswheren is specifiedin advance. This sum-
marywill becalledthe base summary

2. Compresghe basesummaryusinggzip. Let [y be
thelengthof the basesummarybeforecompression
andlj, bethesizein bytesof its compressedersion.

3. Createall possiblesummarie®f lengthn + 1 using
theremainingsentencem theinputcluster

4. Compressll summariesisinggzip.

5. Pickthesummanthatresultsn thegreatesincrease
in sizein F, whereF is oneof a numberof metrics,
asdescribedn therestof this section.

Example: if a clusterhad five sentencesotal, and a
userwantedto createa summaryof one sentencdrom
MEAD andonefrom gzip, thenthe programwould start
with the onesentencgyeneratedyy MEAD andaddeach
of thefour remainingsentence® make atotal of five ex-
tracts. Four of theseextractswould have two sentences
andonewould have the onesentencereatecby MEAD.
After theseextractshave beencreatedhey arecorverted
to summariesindthe numberof charactersn eachsum-
maryis calculated Thenthedifferencan lengthbetween
the summarieswith the one extra sentencendthe orig-
inal MEAD-only summaryis computedandstored. The

*htt p: // www. sunmari zat i on. com



next stepin the processs to gzip all of the summaries
and computethe differencein size betweenthe sum-
marieswith the extra sentenceandthe original MEAD-
only summaryand store this changein size. After all
thesestepshave beenexecutedwe have alist of all pos-
sible sentencesthe numberof characterghey contain
and the size increasethey produceafter being gzipped
with therestof the summary Basedon this information,
we can choosethe next sentencan summarydepend-
ing on which sentencencreaseghe size of the gzipped
summarythe mostor which sentencénasthe bestsizeto
lengthratio.

We originally consideredix evaluationmetricsto use
in this study When choosingthe next sentenceor an
existing summary all possiblesentencesvere addedto
the summaryone at a time. For eachsentencethe in-
creasen length of the summarywas measuredand the
increasen size of the gzippedsummarywas measured.
From thesetwo measurementa/e derived six policies.
Thetop_sizespolicy pickedthesentencevhich produced
the greatestincreasein the size of the summarywhen
gzipped.Thebot sizespolicy pickedthe sentencavhich
producedthe smallestincreasein the size of the sum-
mary when gzipped. The top_lengthspolicy picked the
sentencdhat increasedhe numberof charactersn the
summarythe most. The bot lengthspicked the sentence
that increasedhe numberof the charactersn the sum-
mary the least. The top_ratios picked the sentencehat
hadthe greates{sizeincrease)/(lengtincreaseandthe
bot ratioswasthe sentence¢hathadthe smallest(sizein-
crease)/(lengtlincrease).All policiesexceptbot ratios,
top_lengths,and top_sizesdid not shov promisingpre-
liminary resultsandso arenotincludedin this paper In
addition,thetop_lengthspolicy doesnotreally needgzip
atall, andsoit toois omittedfrom this paper Moreinfor-
mationaboutthe policiesis givenin the policiessection.

2.1 Theclustersused

We performedour experimentson a seriesof clusters.A
clusteris agroupof articlesall pertainingto oneparticu-
lar eventor story. Therewereatotal of five suchclusters,
andthe samesetof testswascarriedout on eachcluster
independentlfrom the others.All of ourtestswerecon-
ductedonfive differentclustersof documentsteferredto
hereasthe 125 cluster 323 cluster 46 cluster 60 cluster
and1018cluster Thelengthsof eachof theseclustersin
sentencesvas 232,91, 344, 150, and 134, respectiely.
Clusterswith suchdiverselengthswere purposelycho-
sento determineif the quality of the summariesvasin
ary way relatedto the lengthof the sourcematerial. The
variousarticleswere taken from the Hong Kong News
corpusprovided by the Hong Kong SAR of the Peoples
Republicof China(LDC catalognumber.DC2000T46).
This papercontainsl8,146pairsof paralleldocumentsn

Englishand Chinese,in our caseonly the Englishones
wereused. The clusterswere createdat the JohnsHop-
kins University SummerWorkshopon LanguageEngi-
neering2002.

2.2 Anexample

Figure 1 shavs a 5-sentencesummary produced by
MEAD from Cluster 125 of the HK News Corpus.
The uncompresseténgth of this summaryis 797 bytes
whereasts sizeaftergzip compressioris 451 bytes.

(1) To ensurebroadlythe sameregistrationstandardso
beappliedto all drugtreatmenandrehabilitation
centresMrs Lo saidthe proposedegistration
requirementso beintroducedfor non-medicabrug
treatmentndrehabilitationcentresvould be similar to
thoseprovisionsof Ca.165which currentlyapplyto
medicaldrugtreatmen@andrehabilitationcentres.

(2) Youths-at-Rislof Substancé\buseandFamiliesof
AbusersGivenPriority in This Years BeatDrugsFund
Projects

(3) he Action CommitteeAgainstNarcotics(tACAN) Research
Sub-committedhasdecidedto commissiortwo majorresearch
ontreatmentandrehabilitationfor drugalusersn Hong
Kongin 1999.

(4) New Initiatives DespiteFall in Numberof Reported
Drug Abusers

(5) BeatDrugsFundGrants$16 million in Supportof 29
Anti-Drug Projects

Figurel: “Base”MEAD summaryconsistingof five sen-
tences.

Cluster125includes10 documentwith atotal of 232
sentencedn ourexample afterfive of themhave already
beenincludedin the 5-sentencsummary therearestill
227 candidatedor the sixth sentenceo includein a 6-
sentencsummary As in therestof the paperwe will be
comparingsummarief equallength producedby two
differentmethods either(a) all sentencearechoserby
MEAD, or (b) somesentencearechoserby MEAD and
thentherestof the sentencesntil thetargetlengthof the
summaryareaddedby gzip.

Figure 2 shavs somestatisticsaboutthese227 sen-
tences.

Figure 3 containsthe list of sentenceicludedin the
five-sentencbasesummary

Figure4 shaws the candidatesentence$o beincluded
by the differentpoliciesin their six-sentencextracts.

3 Experimental setup

To testthe benefitof gzip in the summarizatiorprocess,
extractswerecreatedusinga combinationof MEAD and
gzip. Theseextractscontainedpointersto the actualsen-
tenceghatwould beincludedin the summarybut notthe
sentencethemseles.A numberof extractswerecreated
with varyingamountsf sentenceper extract. For these



DOCUMENT SENTENCE | LENGTHORIG+1 | SIZEORIG+1AFTGZ | DELTALENGTH DELTASIZE RATIO
D-19990729008 1 847 505 50 54 1.08
D-19990729008 2 1014 573 217 122 0.56
D-19990729008 3 1200 664 403 213 0.53
D-19990729008 4 1039 601 242 150 0.62
D-19990729008 10 1012 579 215 128 0.60
D-19990729008 5 1006 588 209 137 0.66
D-19990729008 11 1064 600 267 149 0.56
D-19990729008 6 999 580 202 129 0.64
D-19990729008 12 942 533 145 82 0.57
D-19990729008 7 922 541 125 90 0.72
D-19990729008 13 1102 629 305 178 0.58
D-19990729008 8 1112 621 315 170 0.53
D-19990729008 14 1008 570 211 119 0.56
D-19990729008 9 930 543 133 92 0.69
D-19990729008 15 926 542 129 91 0.71
D-19990729008 16 1013 578 216 127 0.59
D-19990729008 17 938 547 141 96 0.68
D-19980430016 37 927 512 130 61 0.47
D-19980430016 38 1071 570 274 119 0.43
D-19980430016 39 962 550 165 99 0.60
D-19980430016 20 1162 625 365 174 0.48
D-19980430016 21 883 503 86 52 0.60
D-19980430016 22 878 520 81 69 0.85
D-19980430016 23 1019 564 222 113 0.51
D-19980430016 40 951 563 154 112 0.73
D-19980430016 24 915 502 118 51 0.43
D-19980430016 41 944 538 147 87 0.59
D-19980430016 25 988 555 191 104 0.54
D-19980430016 42 905 537 108 86 0.80
D-19980430016 26 1005 570 208 119 0.57
D-19980430016 27 977 541 180 90 0.50
D-19980430016 1 864 499 67 48 0.72
D-19980430016 2 971 534 174 83 0.48
D-19980430016 3 849 505 52 54 1.04
D-19980430016 10 924 543 127 92 0.72

Figure2: A subsebf the227candidatesentenceffrom two document®utof atotal of ten)to beincludedassentence
numbersixin asix-sentenceummary LENGTHORIGis thelengthin bytesof thesummaryconsistingof theoriginal
five MEAD-generatedentenceplusthis candidatesentenceheforecompressionSIZEORIG+1AFTGZs thelength
in bytesof the compressedummary DELTALENGTH is the differencein uncompresseténgth (which is alsothe
lengthof the candidatauncompressedentence) DELTASIZE is the changein compressedize. RATIO is equalto

DELTASIZE dividedby DELTALENGTH.

< ?xmlversion="1.0"encoding="UTF-8"2>
<!DOCTYPEEXTRACT SYSTEM
"/clair/tools/mead/dtdseract.dtd”>

<EXTRACT QID="" LANG="" COMPRESSION="SYSTEM=""
RUN="">
<SORDER="1"DID="D-19980430016.e"SNO="17"/>
<SORDER="2"DID="D-19990425009.e"SNO="1" />
<SORDER="3"DID="D-19990829012.e"SNO="2" />
<SORDER="4"DID="D-19990927011.e"SNO="1" />

< S ORDER="5"DID="D-20000408011.e"SNO="1" />
</EXTRACT>

Figure3: Thelist of sentence/documeliDs for the five
sentence thebasesummary

extracts,the numberof sentencesontributedby MEAD
wasincrementediy ten startingat zeroandthe number
of sentencesontributed by gzip wasincrementedrom
oneto ten, on top of the MEAD sentences.So for ary
randomlychosengxtractof sizeS, |S| (mod 10) indi-
catesthe numberof sentencesontributedby gzip. Soan
extractof fifty-six sentencesontaindifty sentencefom
MEAD andsix from gzip. In thisway, atotal of 110ex-
tractswerecreatedor all clustersexceptCluster323,for
which only 80 extractswere createdbecauseherewere
only 91 sentencesotal in that cluster For clarification,

the 110 sentenceextract for eachclustercontained100
MEAD sentenceand10 sentencefrom thechosergzip
policy. The10sentencextractfor eachclustercontained
0 MEAD sentencesnd 10 sentencedrom the chosen
gzip policy. In orderto have abenchmarko comparehe
gzip modified extractsto, extractscontainingan identi-
calnumberof sentencewerecreatedusingonly MEAD,

soa 110 MEAD extract hasall of its sentenceshosen
by MEAD. Relative utility wasrun on all typesof gzip
extracts,aswell asonly MEAD extracts.

3.1 Evaluation methods

We usethe Relative Utility (RU) method(Rade et al.,

2000)to compareour varioussummaries.To calculate
RU, humanjudgesreadthroughall sentenceé a docu-
mentclusterandthengive scoresfrom 1 (totally irrele-

vant)to 10 (centralto thetopic)to eachsentencdasedn

theirimpressiorof theimportanceof eachsentencdor a
summaryof the documents.Eachjudge’s scoreis then
normalizedby his or her otherscores.Finally, for each
sentencethejudges’scoresaresummedandnormalized
againby thenumberof judges.Thenafinal scoreis given
for asummarnyby summingthe utility scorefor eachsen-
tencewhichwasin thesummaryandthenfactoringin the



bot_lengths.extract

< ?xmlversion="1.0"encoding="UTF-8"2>
<!DOCTYPEEXTRACT SYSTEM
"/clair/tools/mead/dtdseract.dtd”>

<EXTRACT QID="125" LANG="ENG”
COMPRESSION=""SYSTEM="MEADORIG”
RUN="Mon Mar 24 18:34:382003™>
<SORDER="1"DID="D-1998043Q016.e"SNO="17"/>
<SORDER="2"DID="D-19990425009.e"SNO="1" />
<SORDER="3"DID="D-19990802006.e"SNO="1" />
<SORDER="4"DID="D-19990829012."SNO="2" />
<SORDER="5"DID="D-19990927011.e"SNO="1" />
<SORDER="6"DID="D-20000408011.e”"SNO="1" />
</EXTRACT>

bot_ratios.extract

28 ORDER="2"DID="D-19980430016.e"SNO="12" />

bot_sizes.extract

< S ORDER="3"DID="D-19990802006.e"SNO="1" />

top-lengths.extract

28 ORDER="3"DID="D-19990425009.e”"SNO="7" />

top_ratios.extract

< S ORDER="1"DID="D-19980306007.e"SNO="16"/>

top-sizes.extract

< S ORDER="3"DID="D-19990425009.e”"SNO="7" />

Figure4: The document/sentend® picked by eachof
thesix policiesto bethe sixth sentencén the summary

upperbound (highestutility scoresgiven by the judges)
and lower bound (utility scoresfrom randomlychosen
sentences).We usethis methodbecauseas (Rade et

al., 2002)find, PrecisionRecall,andKappameasuress
well ascontent-base@valuationmethodsare unreliable
for shortsummarie45%-30%)andespeciallyin thetask
of multi-documensummarizationwheretherearelik ely

to be several sentencesvhich would contribute the same
informationto a summary

4 Reaults

4.1 Performance of Bot_Ratios

Whenthis projectwasin itsinitial stagestheratiospolicy
wasdesignedn the hopethatit would producethe high-
estquality sentencesHowever, it wasnot the bot ratios
policy whichwasexpectedo succeedbut thetop_ratios.
Top_ratio sentencesreideally the sentencesvhich pro-
vide the greatestincreasein gzip size, for the smallest
increasaén summarylength.Logically, thesearethe sen-
tencesthat would appearto enhancethe summarythe
mostfor thesmallestcost. Bot_ratio sentenceareessen-
tially the sentencesvhich provide the greatestincrease
in summarylength,for the smallestincreasen size. In
mary cases,they are simply the longestsentencese-
mainingto be used.The bot ratiospolicy wasoriginally

bot_lengths.summary

(3) Anti-drug work poseschallenge

bot_ratios.summary

(2) Takinginto accountheseobsenations the Government
proposesndthe Action CommitteeAgainstNarcotics
supportghataregistrationschemeshouldbeintroduced
for non-medicabrugtreatmengandrehabilitationcentres,
in orderto:

bot_sizes.summary

(3) Anti-drug work poseschallenge

top_lengths.summary

(3) Notableamongsthe appraved projectsfor
youths-at-riskarethe $2 .5 million proposato be
organisedoy the Hong KongFederatiorof Youth Groups
featuringpreventive educatiorandguidancefor 2 500
high-riskyouthsfrom primaryandsecondargchools, as
well asfrom youthcentresn TsuenWanandKwai Tsing
districts;andthe $2 .3 million projectby the HongKong
ChristianServicetamgetingat 3 000 youths-at-risk
includingschooldrop-outsandunemplyedyoungpeople,
with aview to minimisingtheir exposureto socialand
moraldangemwhich couldleadto substancabuse.

top_ratios.summary

(1) Thestudywill becompletedcby 2000.

top_sizes.summary

(3) Notableamongsthe appraved projectsfor
youths-at-riskarethe $2 .5 million proposato be
organisedoy the Hong KongFederatiorof Youth Groups
featuringpreventive educatiorandguidancefor 2 500
high-riskyouthsfrom primaryandsecondargchools, as
well asfrom youthcentresn TsuenWanandKwai Tsing
districts;andthe $2 .3 million projectby the HongKong
ChristianServicetamgetingat 3 000 youths-at-risk
includingschooldrop-outsandunemplyedyoungpeople,
with aview to minimisingtheir exposureto socialand
moraldangemhich couldleadto substancakuse.

Figure5: Thesentenc@ickedby eachof thesix policies
to be the sixth sentencén the summary The numberin
parentheseshowns wherein the summarythis sentence
will be added.For example,thefirst policy, bot lengths,
would insert the short sentence'Anti-drug work poses
challenge’betweensentence® and3 of the basedfive-
sentencsummary

includedin this studyonly to confirm our initial expec-
tationsthat the sentencewith the smallest(increasein
size)/ (increasen length)will notimprovethesummary
agreatdeal. However, we weresurprisedo find thatour
expectationdor this policy werefalse. Upon examining
the experimentalresults,it wasfoundthatthe bot ratios
policy, which is essentiallypicking the longestsentence
in mostcasesactuallyoutperformedheexisting summa-
rizerby aconsiderablenamgin. Althoughthis policy does
not prove arything aboutthe useof gzip in summariza-
tion, the surprisingnatureof its performancas certainly
worth noting. Figure6 shavs scoresfor summariesre-



atedusingbot ratios,top_sizesandscoresor summaries
createdusingonly MEAD.

Cluster | AvgMEAD | Avg.Top_Sizes | Avg.Bot_Ratios
46 0.83205 0.83428 0.83604
60 0.77109 0.77382 0.76641
125 0.79931 0.78399 0.76606
323 0.79569 0.77731 0.81034
1018 0.84819 0.83244 0.84417
Average| 0.80306 0.80169 0.80427

Figure6: AverageRelative Utility Scores

As is indicatedin Figure 6, gzip's botratios policy
outperformedVEAD by a significantmargin in Cluster
323.Thereis anexplanationfor thesescoreswvhichtakes
into accounthefactthatthetop_sizespolicy hadalower
scorethan MEAD for this cluster In a clusterof docu-
ments,mary of the shortsentencesre the mostrepeti-
tive ones,usually simply statingthe eventthat occurred
or subjectof the documentndnot containingary extra-
neousinformation. Most oftenit is the longersentences
which providetheextrainformationwhichmalkesfor rich
summaries.Sincetheratio beingusedin this evaluation
is size/length,mary of the smallersentencesnay have
beeneliminatedfrom being chosenbecauseof reasons
mentionedabove. This leavesonly the longersentences
to choosefrom. Sincethe length of most sentencess
far greaterthanthe sizeincreasevhengzipped,it makes
senséhatmostremainingsentencewould have verylow
ratio scores. In a larger cluster mary of the sentences
subsumeeachothersincethereareso mary similar sen-
tencesput in a smallclustersuchas323thereis a great
deallesssubsumptionlf gzipis picking sentencebased
onthebot ratiospolicy, normallyit would pick mary sen-
tenceshatwereverysimilarbecaus¢hebot ratiospolicy
reliesonagreatersentencdéengthascriteriafor selection
andthesmallchangen gzip sizeprovidedby similarsen-
tencesvould only lowertheratio for a potentialsentence
even more. However, sincethereis lessrepetitionin a
small cluster the bot ratios policy endsup picking sen-
tenceawhich aremoredifferentfrom eachotherthanin a
larger cluster Thesefindingsarequite surprisinganddo
not agreewith our expectations.The ratio policieswere
intendedto balancehefactthatlargersentencewill ob-
viously contain more information. The botratiosrela-
tive utility scoreshowever indicatedthatchoosinglarger
sentencesesultedin bettersummarieswith the excep-
tion of the 125 cluster This contradictsheview thatthe
sentenceawith the greatesincreasein gzip sizeis better
suitedfor a summary The possiblereasongor this con-
tradictionarediscussedn the next section.

4.2 Clustersand their sizes

Figure7 shaws the size of eachclusterin sentenceand
indicateswhetherthe top_sizespolicy performedbetter

thanthebot ratiospolicy.

Cluster | Length | Better Palicy
46 344 equal
60 150 top_sizes
125 232 top_sizes
323 91 bot ratios
1018 134 bot ratios

Figure7: BestPolicy vs. ClusterSize

Oneof thereasonghatthebot ratiospolicy outscored
thetop_sizespolicy in two outof five clusteramaybethat
thesamplesizein theclusteran which bot_ratiosoutper
formedtop_sizeswasnotlargeenough.Thisis illustrated
by examiningClusters125and46. In theseclusters the
top_sizespolicy and bot ratios policy were either virtu-
ally identicalor top_sizesoutperformedhe bot ratiosby
aconsiderablenamgin. It is worth notingthat Cluster46
wasby far the largestusedin this studyat 344 sentences
andCluster125wasthe secondargestat 232 sentences.
The third largestwas Cluster60 with 150 sentencesin
which top_sizesalso beatbot ratios. The fact that the
top_sizespolicy outscoredhebot ratiosin theseclusters
indicatesthatalthoughin smallerclustersalargerlength
indicatesabettercandidatelueto decreasecdepetition,in
a large clusterthe sentencewith largerlengthare quite
repetitve andpickinga sentencéasedn gzippedsizeis
far moreeffective for summarization.

This principle is illustrated on a smaller scalewhen
examining the 46 cluster In the first fifty extracts,
the gzip bot ratios policy outscoreghe top_sizespolicy
forty times. However, in the last 60 extracts,bot ratios
outscoredop_sizesa merefive times. This indicateshat
earlyonthesentencavith thelongestiengthcontainghe
mostusefulinformation,but asthe sizeof the extractin-
creasesthe longer sentencestartto becomerepetitive
and thereforedecreasdhe quality of the extract. One
solutionto this disparity betweenlarge and small clus-
terswould be to alter how sentencesre chosenbased
on clustersizeor the sizeof the existing summary If the
clusteror summarywasasmallone,firstall thesentences
with thetop lengthswould be grouped,andof thosethe
sentenceavith the highestgzip sizewould be chosen.If
the clusteror summarywaslarge, the sentenceould be
choseron gzip sizealone. Figure8 is a tableindicating
scoredfor both policiesandMEAD for this first andlast
ten sentence®f eachcluster For all the clusterswith
the exceptionof 125, our hypothesiswas correct. The
top_sizesmethodwasbetterin thelargerlastextractsand
the bot.ratios prevailed early on in the small 1-10 sen-
tenceextracts.

4.3 Initial Sizeand RU Scor es

Sincethe sentencehatthe gzip top_sizespolicy chooses
is basedon theamountof informationthatalreadyexists



Cluster Top_Sizes | Bot_Ratios | Greater

46 First10 0.65447 0.66983 | BotRatios
46 Last10 0.87376 0.86959 | Top.Sizes
60 First10 0.78664 0.90190 | BotRatios
60 Last10 0.83311 0.82783 | Top.Sizes
125First10 0.72993 0.51713 | Top.Sizes
125Last10 0.82560 0.82849 | BotRatios
1018First10 0.67481 0.74116 | BotRatios
1018Last10 0.89436 0.89367 | Top.Sizes
AverageFirst10 | 0.71146 0.70750 | Top_Sizes
Averagelast10 | 0.85671 0.85487 | Top-Sizes

Figure8: Top_Sizesvs. Bot_Ratios

in the summary the quality of sentenceghosenshould
depencdbntheamountof existinginformation. Therefore
asthe size of the extractsincreasesthe relative-utility
scoresshouldalsoincreasdor thetop_sizespolicy. How-
everthereis alsoageneratrendin whichall relative util-
ity scoresincreaseas a function of extract size. Soin
orderto determineaf thetop_sizespolicy is working cor-
rectly, we can comparethe differencebetweenMEAD
andtop_sizesfor thefirst twenty andthe lasttwenty sen-
tencef eachextractandthedifferenceshouldbegreater
for thelasttwenty.

Cluster MEAD | Top_Sizes | Difference
46 First20 0.80355| 0.71992 | -0.08364
46Last20 0.85816| 0.87376 0.01559
60 First20 0.70489| 0.78664 0.08175
60 Last20 0.85344| 0.83311 | -0.02034
125First20 | 0.82665| 0.72993 | -0.09673
125Last20 | 0.82617| 0.82560 | -0.00057
323First20 | 0.75653| 0.66482 | -0.09171
323Last20 | 0.83109| 0.84960 0.01850
1018First20 | 0.84229| 0.74229 | -0.10000
1018Last20 | 0.89547| 0.89436 | -0.00111

Figure9: Scoresvs. Sizeof BaseExtract

In four out of five caseqFigure8), the top_sizespol-
icy behaed asit should have, increasingperformance
with increasingsize. In the one caseof cluster60 where
the performanceover MEAD actually decreaseassize
of extractincreasedjt shouldbe notedthat MEAD im-
proved more in this clusterthan ary other cluster So
althoughthe top_sizespolicy still improved with regard
to extractsize,it couldnotimprove asquickly asMEAD
in thatonecluster

5 Conclusion

Overall, there were mary instanceswhen gzip outper
formedMEAD. Thesemainly occurredafterthefirst ten
sentencebecausdor thefirsttensentencegziphadvery
little preliminary datato usein choosingthe next sen-
tence. Figure 11 lists how mary timeseachpolicy beat
MEAD afterthefirst tensentencesf eachclusterandthe

numberof timesthatMEAD beatbothgzip policies.

Cluster | MEAD | Top_Sizes | Bot_Ratios
46 0/100 96/100 93/100
60 77/100 | 23/100 47100
125 50/100 | 33/100 45/100
323 14/80 25/80 66/80
1018 61/100 16/100 38/100

Figure11: Frequenyg of highergzip scores

The generaltrendwasthat both gzip policiesout per
formedMEAD in mediumlengthsummarie®etweer?0-
60 sentencesFurthermorethe top_sizespolicy outper
formedMEAD moresoin large summariesisuallywith
100+sentences.

A noteon performance.Although theoreticallyinter
esting, our methodis too slow for practicalusein fast
pacedsummarizatiorsystemslt takestime roughly pro-
portionalto thesize,N of the summarydesired.Thebot-
tleneckin this processs of coursethegzippingprocess.

5.1 FutureWork

These results indicate that gzip can be usedto en-
hancesummarie®r evenproducelarge summariegrom
scratch.Onemetric lackingin our measurements that
of subsumption.If subsumptiordatawere availablefor
eachof the clustersused,it would mostlikely favor gzip
summariesas being more accuratebecausehe gzip al-
gorithm is designedto remove the very repetitveness
which subsumptiormeasures.Furtherwork remainsto
bedoneon otherclustersof varioussizesandredundang
aswell aswith othersummarizationmetrics,suchascon-
tentbasednetrics(cosine overlap,longest-commosub-
string, etc.). Neverthelesswe have establishedhe po-
tential benefitsfor applying gzip to the task of multi-
documensummarization.
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