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Abstract

We present a generative distributional model for the
unsupervised induction of natural language syntax
which explicitly models constituent yields and con-
texts. Parameter search with EM produces higher
quality analyses than previously exhibited by un-
supervised systems, giving the best published un-
supervised parsing results on the ATIS corpus. Ex-
periments on Penn treebank sentences of compara-
ble length show an even higher F1 of 71% on non-
trivial brackets. We compare distributionally in-
duced and actual part-of-speech tags as input data,
and examine extensions to the basic model. We dis-
cuss errors made by the system, compare the sys-
tem to previous models, and discuss upper bounds,
lower bounds, and stability for this task.

1 Introduction

Thetaskof inducinghierarchicalsyntacticstructure
from observedyieldsalonehasreceivedagreatdeal
of attention(CarrollandCharniak,1992;Pereiraand
Schabes,1992; Brill, 1993; Stolcke and Omohun-
dro,1994).Researchershave exploredthis problem
for avarietyof reasons:to argueempiricallyagainst
thepoverty of thestimulus(Clark, 2001),to usein-
ductionsystemsasa �rst stagein constructinglarge
treebanks(vanZaanen,2000),or to build betterlan-
guagemodels(Baker, 1979;Chen,1995).

In previous work, we presenteda conditional
modelover treeswhich gave the bestpublishedre-
sults for unsupervisedparsingof the ATIS corpus
(Klein andManning,2001b). However, it suffered
from several drawbacks,primarily stemmingfrom
theconditionalmodelusedfor induction. Here,we
improve on that model in several ways. First, we
constructagenerativemodelwhichutilizesthesame
features.Then,we extendthemodelto allow mul-
tiple constituenttypesand multiple prior distribu-

tionsover trees.Thenew modelgivesa13%reduc-
tion in parsingerroron WSJsentenceexperiments,
including a positive qualitative shift in error types.
Additionally, it producesmuchmorestableresults,
doesnot requireheavy smoothing,andexhibitsare-
liable correspondencebetweenthe maximizedob-
jective andparsingaccuracy. It is alsomuchfaster,
not requiringa �tting phasefor eachiteration.

Klein andManning(2001b)andClark(2001)take
treebankpart-of-speechsequencesasinput. We fol-
lowedthis for mostexperiments,but in section4.3,
weusedistributionally inducedtagsasinput. Perfor-
mancewith inducedtagsis somewhat reduced,but
still givesbetterperformancethanpreviousmodels.

2 Previous Work

Early work on grammarinductionemphasizedheu-
ristic structuresearch,wherethe primary induction
is doneby incrementallyaddingnew productionsto
an initially empty grammar(Olivier, 1968; Wolff,
1988).In theearly1990s,attemptsweremadeto do
grammarinductionby parametersearch,wherethe
broadstructureof the grammaris �x ed in advance
andonly parametersare induced(Lari andYoung,
1990;Carroll andCharniak,1992).1 However, this
appearedunpromisingandmostrecentwork hasre-
turnedto usingstructuresearch.Note thatbothap-
proachesare local. Structuresearchrequiresways
of decidinglocally whichmergeswill produceaco-
herent,globally goodgrammar. To the extent that
suchapproacheswork, they work becausegoodlo-
calheuristicshavebeenengineered(Klein andMan-
ning,2001a;Clark,2001).

1On this approach, the question of which rules are included
or excluded becomes the question of which parameters are zero.
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EndSpan Label Constituent Context
〈0,5〉 S NN NNS VBD IN NN � – �

〈0,2〉 NP NN NNS � – VBD

〈2,5〉 VP VBD IN NN NNS – �

〈3,5〉 PP IN NN VBD – �

〈0,1〉 NN NN � – NNS

〈1,2〉 NNS NNS NN – VBD

〈2,3〉 VBD VBD NNS – IN

〈3,4〉 IN IN VBD – NN

〈4,5〉 NN NNS IN – �

(a) (b) (c)
Figure 1: (a) Example parse tree with (b) its associated bracketing and (c) the yields and contexts for each constituent span in that
bracketing. Distituent yields and contexts are not shown, but are modeled.

Parametersearchis alsolocal; parameterswhich
are locally optimal may be globally poor. A con-
creteexampleis theexperimentsfrom (Carroll and
Charniak,1992).They restrictedthespaceof gram-
marsto thoseisomorphicto a dependency grammar
over the POS symbolsin the Penntreebank,and
thensearchedfor parameterswith theinside-outside
algorithm (Baker, 1979) startingwith 300 random
productionweightvectors.Eachseedconvergedto
a different locally optimal grammar, noneof them
nearlyasgoodasthe treebankgrammar, measured
eitherby parsingperformanceor data-likelihood.

However, parametersearchmethodshaveapoten-
tial advantage.By aggregatingoveronly valid, com-
pleteparsesof eachsentence,they naturally incor-
poratethe constraintthat constituentscannotcross
– the bracketing decisionsmadeby the grammar
mustbecoherent.TheCarroll andCharniakexper-
imentshad two primary causesfor failure. First,
randominitialization is not alwaysgood,or neces-
sary. Theparameterspaceis riddledwith local like-
lihoodmaxima,andstartingwith averyspeci�c, but
random,grammarshouldnot be expectedto work
well. We duplicatedtheir experiments,but useda
uniform parameterinitialization whereall produc-
tionswereequallylikely. This allowed the interac-
tion betweenthegrammaranddatato breaktheini-
tial symmetry, andresultedin an inducedgrammar
of higherqualitythanCarrollandCharniakreported.
This grammar, which we refer to asDEP-PCFG will
be evaluatedin moredetail in section4. The sec-
ondway in which their experimentwasguaranteed
to be somewhat unencouragingis that a delexical-
ized dependency grammaris a very poor modelof
language,even in a supervisedsetting. By the F1

measureusedin theexperimentsin section4, anin-
duceddependency PCFGscores48.2,comparedto
a scoreof 82.1 for a supervisedPCFGreadfrom
local treesof the treebank.However, a supervised

dependency PCFGscoresonly 53.5,not muchbet-
ter thantheunsupervisedversion,andworsethana
right-branchingbaseline(of 60.0).As anexampleof
the inherentshortcomingsof thedependency gram-
mar, it is structurallyunableto distinguishwhether
thesubjector objectshouldbe attachedto theverb
�rst. Sincebothparsesinvolve thesamesetof pro-
ductions,bothwill have equallikelihood.

3 A Generative Constituent-Context Model

To exploit thebene�tsof parametersearch,we used
a novel modelwhich is designedspeci�cally to en-
able a more felicitous searchspace. The funda-
mentalassumptionis a muchweakenedversionof
classiclinguisticconstituency tests(Radford,1988):
constituentsappearin constituentcontexts. A par-
ticular linguistic phenomenonthat the systemex-
ploitsis thatlongconstituentsoftenhaveshort,com-
monequivalents,or proforms, which appearin sim-
ilar contexts and whoseconstituency is easily dis-
covered (or guaranteed). Our model is designed
to transferthe constituency of a sequencedirectly
to its containingcontext, which is intendedto then
pressurenew sequencesthat occur in that context
into beingparsedasconstituentsin the next round.
Themodelis alsodesignedto exploit thesuccesses
of distributional clustering,andcanequallywell be
viewedasdoingdistributionalclusteringin thepres-
enceof no-overlapconstraints.

3.1 Constituents and Contexts

Unlike a PCFG,our model describesall contigu-
ous subsequencesof a sentence(spans), including
emptyspans,whetherthey areconstituentsor non-
constituents(distituents). A span enclosesa se-
quenceof terminals,or yield, α, suchasDT JJ NN.
A spanoccursin a context x , suchas�–VBZ, where
x is theorderedpair of precedingandfollowing ter-



minals(� denotesa sentenceboundary).A bracket-
ing of a sentenceis a booleanmatrix B, which in-
dicateswhich spansareconstituentsandwhich are
not. Figure1 shows a parseof a shortsentence,the
bracketing correspondingto that parse,and the la-
bels,yields,andcontexts of its constituentspans.

Figure 2 shows several bracketings of the sen-
tencein �gure 1. A bracketing B of a sentenceis
non-crossing if, whenever two spanscross,at most
oneis a constituentin B. A non-crossingbracket-
ing is tree-equivalent if thesize-oneterminalspans
andthe full-sentencespanareconstituents,andall
size-zerospansaredistituents.Figure2(a) and(b)
are tree-equivalent. Tree-equivalent bracketings B
correspondto (unlabeled)treesin theobvious way.
A bracketing is binary if it correspondsto a binary
tree. Figure2(b) is binary. We will inducetreesby
inducingtree-equivalentbracketings.

Our generative model over sentencesS hastwo
phases.First, we choosea bracketing B according
to somedistributionP(B) andthengeneratethesen-
tencegiventhatbracketing:

P(S, B) = P(B)P(S|B)

Given B, we �ll in eachspanindependently. The
context and yield of eachspanare independentof
eachother, andgeneratedconditionallyon thecon-
stituency Bi j of thatspan.

P(S|B) =
Y

hi, j i2 spans(S)
P(αi j , xi j |Bi j )

=
Y

hi, j i
P(αi j |Bi j )P(xi j |Bi j)

The distribution P(αi j |Bi j) is a pair of multinomial
distributionsover thesetof all possibleyields: one
for constituents(Bi j = c) and one for distituents
(Bi j = d). Similarly for P(xi j |Bi j ) and contexts.
Themarginal probabilityassignedto thesentenceS
is givenby summingoverall possiblebracketingsof
S: P(S) =

P
B P(B)P(S|B).2

To inducestructure,we run EM over this model,
treatingthesentencesS asobserved andthebrack-
etings B as unobserved. The parameters2 of

2Viewed as a model generating sentences, this model is defi-
cient, placing mass on yield and context choices which will not
tile into a valid sentence, either because specifications for posi-
tions conflict or because yields of incorrect lengths are chosen.
However, we can renormalize by dividing by the mass placed on
proper sentences and zeroing the probability of improper brack-
etings. The rest of the paper, and results, would be unchanged
except for notation to track the renormalization constant.
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(a) Tree-equivalent (b) Binary (c) Crossing

Figure 2: Three bracketings of the sentence in figure 1: con-
stituent spans in black. (b) corresponds to the binary parse in
figure 1; (a) does not contain the h2,5i VP bracket, while (c)
contains a h0,3i bracket crossing that VP bracket.

the model are the constituency-conditional yield
and context distributions P(α|b) and P(x |b). If
P(B) is uniform over all (possiblycrossing)brack-
etings,thenthisprocedurewill beequivalentto soft-
clusteringwith two equal-priorclasses.

Thereis reasonto believe that suchsoft cluster-
ings alone will not producevaluabledistinctions,
even with a signi�cantly larger numberof classes.
Thedistituentsmustnecessarilyoutnumberthecon-
stituents,andso suchdistributional clusteringwill
resultin mostlydistituentclasses.Clark(2001)�nds
exactly thiseffect,andmustresortto a �ltering heu-
ristic to separateconstituentanddistituentclusters.
To underscorethedifferencebetweenthebracketing
andlabelingtasks,consider�gure 3. In bothplots,
eachpoint is a frequenttag sequence,assignedto
the (normalized)vector of its context frequencies.
Eachplot hasbeenprojectedontothe�rst two prin-
cipal componentsof its respective dataset.Theleft
plot showsthemostfrequentsequencesof threecon-
stituenttypes.Evenin justtwo dimensions,theclus-
ters seemcoherent,and it is easyto believe that
they would be found by a clusteringalgorithm in
the full space. On the right, sequenceshave been
labeledaccordingto whethertheir occurrencesare
constituentsmoreor lessof the time than a cutoff
(of 0.2). The distinction betweenconstituentand
distituentseemsmuchlesseasilydiscernible.

Wecanturnwhatat�rst seemsto bedistributional
clusteringinto tree inductionby con�ning P(B) to
putmassonly ontree-equivalentbracketings.In par-
ticular, considerPbin(B) which is uniform over bi-
narybracketingsandzeroelsewhere.If we take this
bracketingdistribution, thenwhenwesumoverdata
completions,wewill only involvebracketingswhich
correspondto valid binary trees. This restrictionis
thebasisfor ouralgorithm.
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Figure 3: The most frequent yields of (a) three constituent types and (b) constituents and distituents, as context vectors, projected
onto their first two principal components. Clustering is effective at labeling, but not detecting constituents.

3.2 The Induction Algorithm

We now essentiallyhave our induction algorithm.
We take P(B) to bePbin(B), so thatall binary trees
areequallylikely. We thenapplytheEM algorithm:

E-Step: Find the conditional completion likeli-
hoodsP(B|S,2) accordingto thecurrent2.

M-Step: Fix P(B|S,2) and�nd the20whichmax-
imizes

P
B P(B|S,2) logP(S, B|20).

Thecompletions(bracketings)cannotbeef�ciently
enumerated,andsoa cubicdynamicprogramsimi-
lar to the inside-outsidealgorithmis usedto calcu-
late the expectedcountsof eachyield andcontext,
both as constituentsand distituents. Relative fre-
quency estimates(which are the ML estimatesfor
thismodel)areusedto set20.

To begin the process,we did not begin at the E-
stepwith an initial guessat 2. Rather, we beganat
the M-step, using an initial distribution over com-
pletions.Theinitial distributionwasnottheuniform
distribution over binarytreesPbin(B). Thatwasun-
desirableasan initial point because,combinatorily,
almostall treesarerelatively balanced.Ontheother
hand, in language,we want to allow unbalanced
structuresto have a reasonablechanceto bediscov-
ered. Therefore,considerthe following uniform-
splitting processof generatingbinary treesover k
terminals:chooseasplit pointatrandom,thenrecur-
sively build treesby this processon eachsideof the
split. This processgivesa distribution Psplit which
putsrelatively moreweightonunbalancedtrees,but
only in a very general,non language-speci�cway.
This distribution was not usedin the model itself,
however. It seemedto biastoo stronglyagainst bal-
ancedstructures,andledto entirelylinear-branching
structures.

The smoothingusedwas straightforward. For
eachyieldα or context x , weadded10countsof that
item asa constituentand50 asa distituent.This re-
�ected therelativeskew of randomspansbeingmore
likely tobedistituents.Thiscontrastswith ourprevi-
ouswork,whichwassensitive to smoothingmethod,
andrequiredamassive amountof it.

4 Experiments

We performedmost experimentson the 7422 sen-
tencesin thePenntreebankWall StreetJournalsec-
tion which containedno more than 10 words af-
ter the removal of punctuationand null elements
(WSJ-10). Evaluationwasdoneby measuringun-
labeledprecision,recall, and their harmonicmean
F1 againstthe treebankparses.Constituentswhich
could not be gotten wrong (single words and en-
tire sentences)werediscarded.3 The basicexperi-
ments,asdescribedabove,donot labelconstituents.
An advantageto having only a single constituent
classis thatit encouragesconstituentsof onetypeto
be found even whenthey occur in a context which
canonicallyholdsanothertype. For example,NPs
and PPs both occurbetweena verb andthe endof
the sentence,andthey cantransferconstituency to
eachotherthroughthatcontext.

Figure 4 shows the F1 scorefor various meth-
odsof parsing. RANDOM choosesa treeuniformly

3Since reproducible evaluation is important, a few more
notes: this is different from the original (unlabeled) bracket-
ing measures proposed in the PARSEVAL standard, which did
not count single words as constituents, but did give points for
putting a bracket over the entire sentence. Secondly, bracket la-
bels and multiplicity are just ignored. Below, we also present
results using the EVALB program for comparability, but we note
that while one can get results from it that ignore bracket labels,
it never ignores bracket multiplicity. Both these alternatives
seem less satisfactory to us as measures for evaluating unsu-
pervised constituency decisions.
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Figure 4: F1 for various models on WSJ-10.
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Figure 5: Accuracy scores for CCM-induced structures by span
size. The drop in precision for span length 2 is largely due
to analysis inside NPs which is omitted by the treebank. Also
shown is F1 for the induced PCFG. The PCFG shows higher
accuracy on small spans, while the CCM is more even.

at randomfrom the set of binary trees.4 This is
the unsupervisedbaseline. DEP-PCFG is the re-
sult of duplicatingthe experimentsof Carroll and
Charniak(1992),usingEM to train a dependency-
structuredPCFG.LBRANCH andRBRANCH choose
theleft- andright-branchingstructures,respectively.
RBRANCH is a frequentlyusedbaselinefor super-
vised parsing,but it shouldbe stressedthat it en-
codesa signi�cant factaboutEnglishstructure,and
an induction systemneed not beat it to claim a
degree of success. CCM is our system, as de-
scribedabove. SUP-PCFG is a supervisedPCFG
parsertrainedon a 90-10 split of this data,using
the treebankgrammar, with theViterbi parseright-
binarized.5 UBOUND is theupperboundof how well
a binary systemcan do againstthe treebanksen-
tences,whicharegenerally�atter thanbinary, limit-
ing themaximumprecision.

CCM is doing quite well at 71.1%,substantially
betterthanright-branchingstructure.Onecommon
issuewith grammarinductionsystemsis a tendency
to chunk in a bottom-upfashion. Especiallysince

4This is different from making random parsing decisions,
which gave a higher score of 35%.

5Without post-binarization, the F1 score was 88.9.

System UP UR F1 CB
EMILE 51.6 16.8 25.4 0.84
ABL 43.6 35.6 39.2 2.12
CDC-40 53.4 34.6 42.0 1.46
RBRANCH 39.9 46.4 42.9 2.18
COND-CCM 54.4 46.8 50.3 1.61
CCM 55.4 47.6 51.2 1.45

Figure 6: Comparative ATIS parsing results.

the CCM doesnot modelrecursive structureexplic-
itly, one might be concernedthat the high overall
accuracy is due to a high accuracy on short-span
constituents.Figure 5 shows that this is not true.
Recalldropsslightly for mid-sizeconstituents,but
longerconstituentsareasreliably proposedasshort
ones.Anothereffect illustratedin this graphis that,
for span2, constituentshave low precisionfor their
recall. This contrastis primarily due to the single
largest difference between the system's induced
structuresand thosein the treebank: the treebank
doesnot parseinto NPs suchas DT JJ NN, while
our systemdoes,and generallydoesso correctly,
identifying N units like JJ NN. This overproposal
dropsspan-2precision. In contrast,�gure 5 also
shows the F1 for DEP-PCFG, which doesexhibit a
dropin F1 over largerspans.

The top row of �gure 8 shows the recall of non-
trivial brackets,split accordingthe brackets' labels
in the treebank.Unsurprisingly, NP recall is high-
est, but other categories are also high. Because
weignoretrivial constituents,thecomparatively low
S representsonly embeddedsentences,which are
somewhatharderevenfor supervisedsystems.

To facilitatecomparisonto otherrecentwork, �g-
ure6 showstheaccuracy of oursystemwhentrained
on the sameWSJdata,but testedon the ATIS cor-
pus, and evaluatedaccordingto the EVALB pro-
gram.6 The F1 numbersare lower for this corpus
andevaluationmethod.7 Still, CCM beatsnot only
RBRANCH (by 8.3%), but also the previous condi-
tional COND-CCM andthenext closestunsupervised
system(whichdoesnotbeatRBRANCH in F1).

6EMILE and ABL are lexical systems described in (van Za-
anen, 2000; Adriaans and Haas, 1999). CDC-40, from (Clark,
2001), reflects training on much more data (12M words).

7The primary cause of the lower F1 is that the ATIS corpus
is replete with span-one NPs; adding an extra bracket around
all single words raises our EVALB recall to 71.9; removing all
unaries from the ATIS gold standard gives an F1 of 63.3%.



Rank Overproposed Underproposed
1 JJNN NNPPOS
2 MD VB TO CD CD
3 DT NN NN NNS
4 NNPNNP NN NN
5 RB VB TO VB
6 JJNNS IN CD
7 NNPNN NNP NNPPOS
8 RB VBN DT NN POS
9 IN NN RB CD
10 POSNN IN DT

Figure 7: Constituents most frequently over- and under-
proposed by our system.

4.1 Error Analysis

Parsing�gures canonly bea componentof evaluat-
ing an unsupervisedinductionsystem.Low scores
may indicate systematicalternateanalysesrather
than true confusion, and the Penn treebankis a
sometimesarbitraryor even inconsistentgold stan-
dard.To giveabettersenseof thekindsof errorsthe
systemis or is notmaking,wecanlook atwhichse-
quencesaremostoftenover-proposed,or mostoften
under-proposed,comparedto thetreebankparses.

Figure7 shows the10 mostfrequentlyover- and
under-proposedsequences.Thesystem's mainerror
trendscanbe seendirectly from thesetwo lists. It
forms MD VB verbgroupssystematically, andit at-
tachesthepossessive particleto theright, like a de-
terminer, ratherthanto theleft.8 It providesbinary-
branchinganalyseswithin NPs, normally resulting
in correctextra N constituents,like JJ NN, which
arenot bracketedin the treebank. More seriously,
it tendsto attachpost-verbalprepositionsto theverb
andgetsconfusedby long sequencesof nouns. A
signi�cant improvementover earliersystemsis the
absenceof subject-verb groups,which disappeared
when we switchedto Psplit(B) for initial comple-
tions; the morebalancedsubject-verb analysishad
asubstantialcombinatorialadvantagewith Pbin(B).

4.2 Multiple Constituent Classes

We also ran the systemwith multiple constituent
classes,using a slightly more complex generative
modelin which thebracketing generatesa labeling
which thengeneratestheconstituentsandcontexts.
Thesetof labelsfor constituentspansanddistituent
spansareforcedto bedisjoint.

Intuitively, it seemsthatmoreclassesshouldhelp,

8Linguists have at times argued for both analyses: Halliday
(1994) and Abney (1987), respectively.

by allowing thesystemto distinguishdifferenttypes
of constituentsandconstituentcontexts. However,
it seemedto slightly hurt parsingaccuracy overall.
Figure8 comparestheperformancefor 2 versus12
classes;in both cases,only oneof the classeswas
allocatedfor distituents. Overall F1 droppedvery
slightly with 12classes,but thecategoryrecallnum-
bersindicatethat theerrorsshiftedaroundsubstan-
tially. PP accuracy is lower, which is not surprising
consideringthat PPs tend to appearratheroption-
ally andin contexts in whichother, easiercategories
alsofrequentlyappear. On the otherhand,embed-
dedsentencerecall is substantiallyhigher, possibly
becauseof moreeffective useof the top-level sen-
tenceswhichoccurin thesignaturecontext �–�.

The classesfound, as might be expected,range
from clearlyidenti�able to nonsense.Notethatsim-
ply directly clusteringall sequencesinto 12 cate-
goriesproducedalmostentirelythelatter, with clus-
tersrepresentingvariousdistituenttypes. Figure9
shows several of the 12 classes. Class 0 is the
model's distituent class. Its most frequentmem-
bersarea mix of obviousdistituents(IN DT, DT JJ,
IN DT, NN VBZ) andseeminglygoodsequenceslike
NNP NNP. However, thereare many sequencesof
3 or more NNP tagsin a row, and not all adjacent
pairscanpossiblybeconstituentsat thesametime.
Class1 is mainly commonNP sequences,class2 is
properNPs, class3 is NPs which involve numbers,
and class6 is N sequences,which tend to be lin-
guisticallyright but unmarkedin thetreebank.Class
4 is a mix of seeminglygoodNPs, oftenfrom posi-
tionslikeVBZ–NN wherethey werenot constituents,
and other sequencesthat sharesuchcontexts with
otherwisegood NP sequences.This is a dangerof
not jointly modelingyield and context, andof not
modelingany kind of recursive structure.Class5 is
mainly composedof verb phrasesandverb groups.
No classcorrespondedneatly to PPs: perhapsbe-
causethey have no signaturecontexts. The 2-class
modelis effective at identifying themonly because
they sharecontexts with a rangeof otherconstituent
types(suchasNPs andVPs).

4.3 Induced Parts-of-Speech

A reasonablecriticismof theexperimentspresented
so far, andsomeotherearlierwork, is that we as-
sumetreebankpart-of-speechtags as input. This



Classes Tags Precision Recall F1 NPRecall PPRecall VP Recall SRecall
2 Treebank 63.8 80.2 71.1 83.4 78.5 78.6 40.7

12 Treebank 63.6 80.0 70.9 82.2 59.1 82.8 57.0
2 Induced 56.8 71.1 63.2 52.8 56.2 90.0 60.5

Figure 8: Scores for the 2- and 12-class model with Treebank tags, and the 2-class model with induced tags.

Class0 Class1 Class2 Class3 Class4 Class5 Class6
NNP NNP NN VBD DT NN NNP NNP CD CD VBN IN MD VB JJNN

NN IN NN NN JJNNS NNP NNPNNP CD NN JJIN MD RB VB JJNNS
IN DT NNSVBP DT NNS CCNNP IN CD CD DT NN VBN IN JJJJNN
DT JJ NNS VBD DT JJNN POSNN CD NNS JJCC WDT VBZ CD NNS

NN VBZ TO VB NN NNS NNPNNP NNPNNP CD CD IN CD CD DT JJNN JJIN NNPNN

Figure 9: Most frequent members of several classes found.

criticism could be two-fold. First, state-of-the-art
supervisedPCFGsdo not perform nearly so well
with their input delexicalized. We may be reduc-
ing datasparsityandmakingit easierto seea broad
pictureof thegrammar, but wearealsolimiting how
well wecanpossiblydo. It is certainlyworthexplor-
ing methodswhichsupplementor replacetaggedin-
put with lexical input. However, we addresshere
the more seriouscriticism: that our resultsstem
from clueslatent in the treebanktagginginforma-
tion which areconceptuallyposteriorto knowledge
of structure. For instance,sometreebanktag dis-
tinctions,suchasparticle(RP) vs. preposition(IN)
or predeterminer(PDT) vs. determiner(DT) or ad-
jective (JJ), could be said to import into the tagset
distinctionsthatcanonly bemadesyntactically.

To show resultsfrom a completegrammarinduc-
tion system,we alsodid experimentsstartingwith
a clusteringof the wordsin the treebank.We used
basicallythebaselinemethodof word typecluster-
ing in (Scḧutze,1995)(which is closeto the meth-
ods of (Finch, 1993)). For (all-lowercased)word
typesin the Penntreebank,a 1000elementvector
wasmadeby countinghow often eachco-occurred
with eachof the 500 most commonwords imme-
diately to the left or right in Treebanktext andad-
ditional 1994–96WSJ newswire. Thesevectors
were length-normalized,and thenrank-reducedby
an SVD, keeping the 50 largest singular vectors.
The resultingvectorswereclusteredinto 200 word
classesby a weightedk-meansalgorithm,andthen
grammarinductionoperatedover theseclasses.We
do not believe that the quality of our tagsmatches
thatof thebettermethodsof Scḧutze(1995),much
lesstherecentresultsof Clark(2000).Nevertheless,
usingthesetagsasinput still gave inducedstructure
substantiallyabove right-branching.Figure8 shows
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Figure 10: F1 is non-decreasing until convergence.

theperformancewith inducedtagscomparedto cor-
recttags.Overall F1 hasdropped,but, interestingly,
VP andS recallarehigher. Thisseemsto bedueto a
markeddifferencebetweentheinducedtagsandthe
treebanktags: nounsarescatteredamonga dispro-
portionallylargenumberof inducedtags,increasing
thenumberof commonNP sequences,but decreas-
ing thefrequency of each.

4.4 Convergence and Stability

Another issuewith previous systemsis their sensi-
tivity to initial choices. The conditionalmodel of
Klein andManning(2001b)hadthe drawbackthat
the varianceof �nal F1, and qualitative grammars
found, was fairly high, dependingon small differ-
encesin �rst-round randomparses.Themodelpre-
sentedhere doesnot suffer from this: while it is
clearlysensitive to thequalityof theinputtagging,it
is robust with respectto smoothingparametersand
datasplits. Varying the smoothingcountsa factor
of ten in eitherdirectiondid not changetheoverall
F1 by more than1%. Training on randomsubsets
of thetrainingdatabroughtlower performance,but
constantlylower over equal-sizesplits. Moreover,
thereareno �rst-round randomdecisionsto besen-
sitive to; thesoftEM procedureis deterministic.
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Figure10 shows theoverall F1 scoreandthedata
likelihood accordingto our model during conver-
gence.9 Surprisingly, botharenon-decreasingasthe
systemiterates,indicatingthatdatalikelihoodin this
modelcorrespondswell with parseaccuracy.10 Fig-
ure 11 shows recall for variouscategoriesby itera-
tion. NP recall exhibits the moretypical patternof
a sharprise followed by a slow fall, but the other
categories,aftersomeinitial drops,all increaseuntil
convergence.Thesegraphsstopat40iterations.The
systemactuallyconvergedin bothlikelihoodandF1

by iteration38, to within a toleranceof 10� 10. The
time to convergencevaried accordingto smooth-
ing amount,numberof classes,and tagsused,but
thesystemalmostalwaysconvergedwithin 80 iter-
ations,usuallywithin 40.

5 Conclusions

We have presenteda simple generative model for
the unsuperviseddistributional inductionof hierar-
chical linguistic structure.Thesystemachievesthe
bestpublishedunsupervisedparsingscoreson the
WSJ-10and ATIS data sets. The induction algo-
rithm combinesthe bene�ts of EM-basedparame-
tersearchanddistributionalclusteringmethods.We
have shown that this methodacquiresa substan-
tial amountof correct structure,to the point that
themostfrequentdiscrepanciesbetweentheinduced
treesandthe treebankgold standardaresystematic
alternateanalyses,many of which arelinguistically
plausible.We have shown thatthesystemis not re-
liant onsupervisedPOStaginput,anddemonstrated
increasedaccuracy, speed,simplicity, andstability
comparedto previoussystems.

9The data likelihood is not shown exactly, but rather we
show the linear transformation of it calculated by the system.

10Pereira and Schabes (1992) find otherwise for PCFGs.
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