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Abstract

Significantamountof work has been
devoted recently to develop learning
technigueghat can be usedto gener
ate partial (shallav) analysisof natu-
ral languagesentencegtherthanafull
parse.In this work we setoutto evalu-
atewhetherthis directionis worthwhile
by comparinga learnedshallav parser
to one of the bestlearnedfull parsers
on tasksboth canperform— identify-
ing phrasesn sentencesWe conclude
that directly learningto performthese
tasksasshallav parserdo is adwanta-
geousover full parsersdothin termsof
performanceindrobustnesgo new and
lower quality texts.

1 Intr oduction

Shallav parsingis studiedas an alternatve to
full-sentenceparsing. Ratherthan producinga
completeanalysisof sentencesthe alternatve
is to perform only partial analysisof the syn-
tactic structuresin a text (Harris, 1957; Abney,
1991; Greffenstette 1993). A lot of recentwork
on shallaw parsinghasbeeninfluencedby Ab-
ney’s work (Abney, 1991),who hassuggestedo
“chunk” sentenceto baselevel phrases For ex-
ample,the sentencéHe redwonsthe currentac-
countdeficitwill narrow to only $ 1.8 billion in
Septembel wouldbechunledasfollows (Tjong
Kim SangandBuchholz,2000):

[NP He] [VP reclons] [NP thecurrent
accountdeficit] [VP will narrav ] [PP
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to] [NPonly $ 1.8billion ] [PPin] [NP
September]

While earlier work in this direction concen-
trated on manualconstructionof rules, most of
therecentwork hasbeenmotivatedby the obser
vation that shallav syntacticinformationcanbe
extractedusinglocal information— by examin-
ing the patternitself, its nearbycontext andthe
local part-of-speeclinformation. Thus, over the
pastfew years,along with advancesin the use
of learningandstatisticalmethodsfor acquisition
of full parsergCollins, 1997; Charniak,1997a;
Charniak,1997b;Ratnaparkhil997),significant
progresshas beenmadeon the use of statisti-
cal learningmethodsto recognizeshallav pars-
ing patterns— syntacticphrasesor words that
participatein a syntactic relationship (Church,
1988; Ramshw and Marcus,1995; Argamonet
al., 1998;CardieandPierce,1998;Munozetal.,
1999; Puryakanokand Roth, 2001; Buchholzet
al.,1999;Tjong Kim SangandBuchholz,2000).

Researcton shallav parsingwas inspiredby
psycholinguisticeaguments(Geeand Grosjean,
1983) that suggesthat in mary scenarioge.g.,
conversationalfull parsingis notarealisticstrat-
egy for sentenc@rocessin@ndanalysisandwas
further motivated by several agumentsfrom a
naturallanguage=ngineering/iewpoint.

First,it hasbeemotedthatin mary naturalan-
guageapplicationst is sufficient to useshallav
parsinginformation; information such as noun
phrase¢NPs)andothersyntacticsequencebave
beenfound usefulin mary large-scaldanguage
processin@pplicationsncludinginformationex-
tractionandtext summarizatiofGrishman1995;
Appeltetal., 1993). Secondwhile trainingafull
parserrequiresa collection of fully parsedsen-
tencesastraining corpus,it is possibleto train a



shallav parserincrementally If all thatis avail-
able is a collection of sentencesannotatedfor
NPs,it canbe usedto producethis level of anal-
ysis. This canbe augmentedaterif moreinfor-
mationis available. Finally, the hopebehindthis
researchdirection was that this incrementaland
modularprocessingmnight resultin more robust
parsingdecisions,especiallyin casesof spolen
languager othercasesn whichthequality of the
naturallanguagénputsis low — sentencew/hich
may have repeatedvords, missingwords,or ary
otherlexical andsyntacticmistales.

Overall, the driving force behindthe work on
learningshallav parsersvasthedesireto getbet-
ter performanceandhigherreliability. However,
since work in this direction has started, a sig-
nificant progresshas also beenmadein the re-
searchon statisticallearningof full parserspoth
in termsof accurag andprocessingime (Char
niak, 1997b; Charniak, 1997a; Collins, 1997,
Ratnaparkhil997).

This paperinvestigateshe questionof whether
work on shallav parsingis worthwhile. That
is, we attemptto evaluatequantitatvely theintu-
itionsdescribedbose — thatlearningto perform
shallav parsingcouldbemoreaccurateandmore
robust thanlearningto generatdull parses.We
do that by concentratingon the task of identify-
ing the phrasestructureof sentences— abyprod-
uct of full parserghat canalsobe producedby
shallav parsersWe investigatawo instantiations
of this task, “chucking” and identifying atomic
phrases. And, to study robustnesswe run our
experimentdothon standardennTreebanidata
(partof whichis usedfor trainingtheparsersand
on lower quality data— the Switchboardiata.

Our conclusionsare quite clear Indeed,shal-
low parsersthat are specifically trainedto per
form thetasksof identifying the phrasestructure
of a sentenceremoreaccurateandmorerobust
thanfull parsersWe believe thatthis finding, not
only justifieswork in this direction,but mayeven
suggesthat it would be worthwhile to usethis
methodologyincrementallyto learna morecom-
pleteparserif needed.

2 Experimental Design

In orderto run a fair comparisonbetweenfull
parsersandshallav parsers— which could pro-

ducequite different outputs— we have chosen
the task of identifying the phrasestructureof a

sentence.This structurecan be easily extracted
from the outcomeof a full parseranda shallav

parsercanbetrainedspecificallyon this task.

Thereis noagreemenvnhow to definephrases
in sentences. The definition could dependon
downstreamapplicationsand could rangefrom
simple syntacticpatternsto messageaunits peo-
ple usein cornversations.For the purposeof this
study we choseto usetwo differentdefinitions.
Both canbeformally definedandthey reflectdif-
ferentlevelsof shallav parsingpatterns.

Thefirst is the oneusedin the chunkingcom-
petition in CoNLL-2000 (Tjong Kim Sangand
Buchholz,2000). In this case,a full parsetree
is representedn a flat form, producinga rep-
resentatiorasin the exampleabove. The goal
in this caseis thereforeto accuratelypredicta
collectionof 11 differenttypesof phrases.The
chunktypesare basedon the syntacticcatejory
partof thebracletlabelin theTreebankRoughly
a chunk containseverything to the left of and
including the syntactichead of the constituent
of the samename. The phrasesare: adjectve
phrasg(ADJP),adwerb phrase(ADVP), conjunc-
tion phrasg({CONJP),interjectionphraseg(INTJ),
list marler (LST), nounphrasgNP), preposition
phrase(PP), particle (PRT), subordinatectlause
(SBAR), unlike coordinatedphrase(UCP), verb
phrasgVP). (Seedetailsin (TjongKim Sangand
Buchholz,2000).)

The seconddefinition usedis that of atomic
phrases An atomic phraserepresentshe most
basicphrasewith no nestedsub-phrasest-or ex-
ample,in the parsetree,

( (S (NP (NP PierreVinken), (ADJP
(NP 61years)old) ,) (VP will (VP join
(NP theboard)(PPas(NP anoneecu-
tive director))(NP Nov. 29))).))

Pi erre Vinken, 61 years, the board,
a nonexecutive director and Nov.
29 are atomic phraseswhile other higherlevel
phrasesrenot. Thatis, anatomicphrasedenotes
a tightly coupled messageunit which is just
above thelevel of singlewords.



2.1 Parsers

We perform our comparisornusing two state-of-
the-artparsers. For the full parser we usethe
onedevelopedby MichaelCollins (Collins, 1996;
Collins, 1997) — one of the mostaccuratefull

parsersaround. It represents full parsetreeas
a set of basicphrasesand a setof dependenc
relationshipsbetweenthem. Statisticallearning
techniguesare usedto computethe probabilities
of thesephrases@ndof candidatedependencre-
lations occurringin that sentence.After that, it

will chooseahecandidatgarsereewith thehigh-
est probability as output. The experimentsuse
the versionthat wastrained(by Collins) on sec-
tions 02-21 of the PennTreebank.The reported
resultsfor the full parsetree (on section23) are
recall/precisiorof 88.1/87.5Collins, 1997).

The shallov parserusedis the SNoWbased
CSCL parser (Puryakanok and Roth, 2001;
Munoz et al., 1999). SNoW (Carlesonet al.,
1999; Roth, 1998)is a multi-classclassifierthat
is specifically tailored for learningin domains
in which the potential number of information
sourcegfeatures}akingpartin decisionds very
large, of which NLP is a principal example. It
worksby learningasparsaetwork of linearfunc-
tions over a pre-definedr incrementallylearned
feature space. Typically, SNoW is usedas a
classifiey and predicts using a winnertake-all
mechanisnover the activation value of the tar
get classes.However, in additionto the predic-
tion, it providesa reliableconfidencdevel in the
prediction,which enablests usein aninference
algorithmthat combinespredictorsto producea
cohereninference.Indeed,in CSCL (constraint
satishction with classifiers),SNoW is usedto
learn several different classifiers— eachdetects
the beginning or end of a phraseof sometype
(noun phrase,verb phrase.etc.). The outcomes
of theseclassifiersare then combinedin a way
that satisfiessomeconstraints- non-overlapping
constraintdn this case— using an efficient con-
straintsatisbction mechanisnthat makes useof
theconfidencen theclassifiers outcomes.

Since earlier versions of the SNoW based
CSCL were used only to identify single
phrases(Puryakanok and Roth, 2001; Munoz
et al., 1999) and never to identify a collection
of several phrasesat the sametime, as we do

here ,we alsotrainedandtestedt underthe exact
conditionsof CoNLL-2000(TjongKim Sangand
Buchholz,2000) to compareit to other shallav
parsers. Table 1 shavs thatit ranksamongthe
top shallav parsersvaluatedthere?.

Table 1: Rankings of Shallow Parsers in
CoNLL-2000. See(Tjong Kim SangandBuch-
holz,2000)for details.

Parsers | Precisionfo) | Recall(o) | Fjg(%)
[KMOO] 93.45 93.51 93.48
[Halog 93.13 93.51 93.32
[CSCU* 93.41 92.64 93.02
[TKSO0Q 94.04 91.00 | 92.50
[ZSTOQ 91.99 92.25 92.12
[Dejod 91.87 91.31 | 92.09
[Koe0Q 92.08 91.86 91.97
[Osb0Q 91.65 92.23 | 91.94
[VBOO 91.05 92.03 91.54
[PMPOQ 90.63 89.65 90.14
[Joh0Q 86.24 88.25 | 87.23
[VDOQ] 88.82 82.91 85.76
Baseline 72.58 82.14 77.07
2.2 Data

Training was doneon the PennTreebank(Mar-
cusetal.,1993)Wall StreetJournaldata,sections
02-21. To train the CSCL shallawv parsemwe had
first to corvert the WSJdatato a flat formatthat
directly providesthe phraseannotations.This is
doneusingthe“Chunklink” programprovidedfor
CoNLL-2000 (Tjong Kim Sangand Buchholz,
2000).

Testingwas done on two typesof data. For
thefirst experiment,we usedthe WSJsection00
(which containsabout45,000tokensand 23,500
phrases). The goal herewas simply to evaluate
thefull parserandthe shallav parseron text that
is similar to the onethey weretrainedon.

IWe note that someof the variationsin the resultsare
dueto variationsin experimentalmethodologyratherthan
parsers quality. For example,in [KMOO], ratherthanlearn-
ing aclassifiefor eachof the11 differentphrasesadiscrim-
inatoris learnedor eachof the (122) phrasepairswhich, sta-
tistically, yields betterresults.[Hal00] alsouses5 different
parserandreportsthe resultsof somevoting mechanisnon
top of these.



Our robustnesstest (section 3.2) makes use
of section 4 in the Switchboard (SWB) data
(which containsabout57,000tokensand 17,000
phrases)taken from Treebank3. The Switch-
board data contains conversation recordstran-
scribedfrom phonecalls. The goalherewastwo
fold. First,to evaluatethe parseronadatasource
thatis differentfrom the training source. More
importantly the goal wasto evaluatethe parsers
on low quality dataandobsenre the absoluteper
formanceaswell asrelative degradationin per
formance.

Thefollowing sentencés atypical exampleof
theSWBdata.

Huh/UH /, wel/UH ,/, um/UH
J,  you/PRP know/VBP ./, 1/IPRP
guess/VBPit/PRP 's/BES pretty/RB
deep/dJ feelings/NNS,/, uh/UH |/,
I/PRP just/RB,/, uh/UH ,/, went/VBD
badk/RBand/CCrented/VBD/, uh/UH
/,the/DTmovie/NN,/, what/WPis/VBZ
it/PRP ,/, GOOD/JJ MORNING/NN
VIET/NNPNAM/NNP./.

Thefactthatit hassomemissingwords,repeated
wordsandfrequentinterruptionsmakesit a suit-
abledatato testrobustnes®f parsers.

2.3 Representation

We hadto do somework in orderto unify thein-
put and output representationfor both parsers.
Both parserdake sentencesannotatedvith POS
tagsastheir input. We usedthe POStagsin the
WSJand corvertedboth the WSJandthe SWB
datainto the parsers’slightly differentinput for-
mats.We alsohadto convert the outcomef the
parsersin orderto evaluatethemin a fair way.
We chooseCoNLL-20005 chunking format as
ourstandarautputformatandcornvertedCollins’
parsemutcomeinto this format.

2.4 Performance Measure
Theresultsarereportedn termsof precision re-
call, andFg(8 = 1) asdefinedbelawv:

Numberof correctproposedatterns

Precision=
Numberof proposedatterns

Numberof correctproposedatterns

Recall=
Numberof correctpatterns

(3% + 1) - Recall- Precision
(2 - Precisior+ Recall

We have used the evaluation procedureof
CoNLL-2000to producethe resultsbelov. Al-
thoughwe do notreportsignificanceesultshere,
note that all experimentswere done on tens of
thousand®f instancesandclearlyall differences
andratiosmeasuredrestatisticallysignificant.

Fg =

3 Experimental Results

3.1 Performance

We startby reportingtheresultsn whichwe com-
parethefull parserandthe shallawv parseron the
“clean” WSJdata. Table2 shaws the resultson
identifying all phrases— chunkingin CoNLL-
2000(Tjong Kim SangandBuchholz,2000)ter
minology Theresultsshav thatfor the tasksof
identifying phraseslearningdirectly, asdoneby
theshallav parsemutperformghe outcomefrom
thefull parser

Table2: Precision& Recall for phrase identi-
fication (chunking) for the full andthe shallav
parseronthe WSJdata.Resultsareshavn for an
(weighted)averageof 11 typesof phraseaswell
asfor two of the mostcommonphrasesNP and
VP.

Full Parser Shallav Parser
P R Fj P R Fj
Avr || 91.71] 92.21| 91.96 || 93.85| 95.45| 94.64
NP || 93.10| 92.05| 92.57 || 93.83 | 95.92 | 94.87
VP || 86.00| 90.42 | 88.15] 95.50 | 95.05| 95.28

Next, we comparedthe performanceof the
parser®nthetaskof identifyingatomicphrases
Here, again, the shallav parserexhibits signifi-
cantly betterperformance Table3 shavs there-
sultsof extractingatomicphrases.

3.2 Robustness

Next we presenthe resultsof evaluatingthe ro-
bustnes®f the parserson lower quality data. Ta-
ble 4 describeghe resultsof evaluatingthe same
parsersas above, (both trainedas before on the

2As a sidenote— the factthatthe sameprogramcould
betrainedto recognizepatternsof differentlevel in suchan
easyway, only by changingthe annotationf the training
data,could also be viewed as an adwantageof the shallav
parsingparadigm.



Table3: Precision& Recall for atomic phrase
identification on the WSJ data. Resultsare
shavn for an (weighted)averageof 11 typesof
phrasesaaswell asfor the mostcommonphrase,
NP. VP occursvery infrequently as an atomic
phrase.

Full Parser Shallowv Parser

P R Fp P R Fp
Avr || 88.68 | 90.45] 89.56 || 92.02 | 93.61| 92.81
NP || 91.86] 92.16 | 92.01 || 93.54 | 95.88 | 94.70

sameWSJsections)n the SWB data. It is evi-
dentthat on this datathe differencebetweenthe
performancef the two parserds evenmoresig-
nificant.

Table 4. Switchboard data: Precision& Re-
call for phraseidentification (chunking) on the
Switchboarddata. Resultsare shavn for an
(weighted)averageof 11 typesof phrasesswell
asfor two of themostcommonphrasesNP, VP.

Full Parser Shallov Parser
P R Fj P R Fj
Avr || 81.54 | 83.79 | 82.65|| 86.50 | 90.54 | 88.47
NP 88.29 | 88.96 | 88.62 || 90.50 | 92.59 | 91.54
VP || 70.61| 83.53| 76.52 | 85.30| 89.76 | 87.47

This is shavn more clearly in Table 5 which
comparesherelative degradatiorin performance
eachof the parsersuferswhenmoving from the
WSJto theSWBdata(Table2 vs. Table4). While
theperformancesf bothparsergoesdovn when
they aretestedon the SWB, relative to the WSJ
performanceit is clearthatthe shallav parsers
performancealegradesmoregracefully Thesere-
sults clearly indicatethe higherlevel robustness
of theshallav parser

3.3 Discussion

Analyzingtheresultsshavn above is outsidethe
scopeof this shortabstractWe will only provide
one example that might shedsomelight on the
reasongor themoresignificantdegradationn the
resultsof thefull parser Table6 exhibits there-
sultsof chunkingasgivenby Collins’ parser The
four columnsare the original words, POStags,
andthephrases— encodedisingtheBIO scheme

Table 5: Robustness: Relatve degradationin

Fj resultsfor Chunking. For eachparserthe re-
sult shavn is the ratio betweenthe resulton the
“noisy” SWB dataandthe “clean” WSJ corpus
data.

Full Parser| Shallav Parser
Fp Fp
Avr .89 .93
NP .95 .96
VP .86 .92

(B- baginning of phrase;l- insidethe phrase,O-
outsidethe phrase)— with the true annotation
andCollins’ annotation.

The mistalesin the phrasddentification(e.g.,
in “word processingapplications”)seemto be a
resultof assumingperhapsdueto the “um” and
additionalpunctuationmarks, that this is a sep-
aratesentenceratherthana phrase. Underthis
assumptionthefull parsettriesto makeit acom-
pletesentenceanddecideshat “processing”is a
“verb” in the parsingresult. This seemsto be
a typical examplefor mistales madeby the full
parser

Table6: An example: a parsing mistake

WORD POS TRUE Collins
Um UH B-INTJ B-INTJ
COMMA | COMMA (0] I-INTJ
Mostly RB (0] I-INTJ
COMMA | COMMA (0] 0]
um UH B-INTJ B-INTJ
COMMA | COMMA (0] 0]
word NN B-NP B - NP
processing NN I-NP B-VP
applications NNS I-NP B - NP
and CcC (0] 0]
COMMA | COMMA (0] 0]
uh UH B-INTJ B-INTJ
COMMA | COMMA (0] 0]
just RB B-ADVP B-PP
as IN B-PP I-PP
a DT B-NP B-NP
dumb JJ I-NP I-NP
terminal NN I-NP I-NP
. (0] 0]

4 Conclusion

Full parsingandshallav parsingaretwo different
stratgies for parsingnaturallanguages. While
full parsingprovides more completeinformation



abouta sentenceshallav parsingis more flexi-
ble, easierto train and could be tamgetedfor spe-
cific, limited subtasks. Several amumentshave
beenusedin the pastto argue, on an intuitive
basis,that (1) shallav parsingis sufiicient for a
wide rangeof applicationsand that (2) shallav
parsingcouldbemorereliablethanfull parsingn
handlingill-formed real-world sentencessuchas
sentencethatoccurin corversationakituations.

While the formeris an experimentaissuethat
is still open thispaperhastriedto evaluateexper
imentally the latter agument. Although the ex-
perimentgeportechereonly comparethe perfor
manceof onefull parserandoneshallav parser
we believe thatthesestate-of-the-arparsersep-
resentheirclassquitewell. Ourresultsshav that
on the specifictasksfor which we have trained
the shallav parser— identifying several kinds of
phrases-theshallawv parseiperformsmoreaccu-
rately and morerobustly thanthe full parser In
somesensetheseresultsvalidatethe researchn
thisdirection.

Clearly thereare several directionsfor future
work thatthis preliminarywork suggestskFirst,in
our experimentsthe Collins’ parseiis trainedon
the Treebanldataandtestedon the lower quality
data. It would be interestingto seewhat arethe
resultsif lower quality datais alsousedfor train-
ing. Secondpur decisionto run the experiments
ontwo differentwaysof decomposing sentence
into phraseswas somevhat arbitrary (although
we believe that selectingphrasesin a different
way would not affect the results). It doesreflect,
however, the fact thatit is not completelyclear
whatkindsof shallav parsinginformationshould
onetry to extractin real applications. Making
progressn thedirectionof a formal definition of
phrasesand experimentingwith thesealongthe
lines of the currentstudy would also be useful.
Finally, an experimentalcomparisonon several
othershallav parsingaskssuchasvariousattach-
mentsandrelationsdetectionis alsoanimportant
directionthatwill enhancehiswork.
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