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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 inducinghierarchicakyntacticstructure
from obseredyieldsalonehasrecevedagreatdeal
of attention(CarrollandCharniak,1992;Pereiraand
Schabes1992; Brill, 1993; Stolcke and Omohun-
dro, 1994). Researchersave exploredthis problem
for avariety of reasonsto algueempiricallyagainst
the poverty of the stimulus(Clark, 2001),to usein-

ductionsystemsasa rst stagein constructingarge
treebankgvanZaanen2000),or to build betterlan-

guagemodels(Baker, 1979;Chen,1995).

In previous work, we presenteda conditional
modelover treeswhich gave the bestpublishedre-
sults for unsupervisegarsingof the ATIS corpus
(Klein and Manning, 2001b). However, it suffered
from several dravbacks, primarily stemmingfrom
the conditionalmodelusedfor induction. Here,we
improve on that modelin several ways. First, we
constructageneratie modelwhichutilizesthesame
features.Then,we extendthe modelto allow mul-
tiple constituenttypesand multiple prior distribu-

tionsover trees.Thenew modelgivesa 13%reduc-
tion in parsingerroron WSJsentencexperiments,
including a positve qualitatve shift in errortypes.
Additionally, it producesmuchmorestableresults,
doesnotrequireheary smoothingandexhibitsare-
liable correspondencbetweenthe maximizedob-
jective andparsingaccurag. It is alsomuchfaster
notrequiringa tting phasedor eachiteration.
Klein andManning(2001b)andClark (2001)take
treebankpart-of-speecisequenceasinput. We fol-
lowed this for mostexperimentshut in section4.3,
we usedistributionallyinducedtiagsasinput. Perfor
mancewith inducedtagsis someavhat reduced but
still givesbetterperformancehanprevious models.

2 PreviousWork

Early work on grammarinductionemphasizedheu-
ristic structuresearchwherethe primary induction
is doneby incrementallyaddingnew productiongo
an initially empty grammar(Olivier, 1968; Wolff,

1988).In theearly1990s attemptsveremadeto do
grammarinductionby parametesearchwherethe
broadstructureof the grammaris x edin adwance
andonly parametergreinduced(Lari and Young,
1990; Carroll and Charniak,1992)! However, this
appearedinpromisingandmostrecentwork hasre-
turnedto usingstructuresearch.Note that both ap-
proachesarelocal. Structuresearchrequiresways
of decidinglocally which megeswill producea co-
herent,globally good grammar To the extent that
suchapproachesvork, they work becausayood|o-

calheuristicshave beenengineeredKlein andMan-
ning,2001a;Clark,2001).

10n this approach, the question of which rules are included
or excluded becomes the question of which parameters are zero.
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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.

Parametessearchis alsolocal; parametersvhich
are locally optimal may be globally poor A con-
creteexampleis the experimentsrom (Carroll and
Charniak,1992). They restrictecthe spaceof gram-
marsto thoseisomorphicto a dependencgrammar
over the POS symbolsin the Penntreebank,and
thensearchedior parametersvith theinside-outside
algorithm (Baker, 1979) startingwith 300 random
productionweight vectors. Eachseedconvergedto
a differentlocally optimal grammay none of them
nearlyasgoodasthe treebankgrammay measured
eitherby parsingperformancer data-likelihood.

However, parametesearchmethodsave apoten-
tial advantage By aggrgatingoveronly valid, com-
plete parsesof eachsentencethey naturallyincor
poratethe constraintthat constituentscannotcross
— the bracleting decisionsmade by the grammar
mustbe coherent.The Carroll and Charniakexper
iments had two primary causedor failure. First,
randominitialization is not alwaysgood, or neces-
sary The parametespacss riddledwith locallik e-
lihood maxima,andstartingwith avery speci c, but
random,grammarshouldnot be expectedto work
well. We duplicatedtheir experiments,but useda
uniform parameteinitialization whereall produc-
tionswereequallylikely. This allowed the interac-
tion betweerthe grammaranddatato breaktheini-
tial symmetry andresultedin aninducedgrammar
of higherqualitythanCarrollandCharniakreported.
This grammaywhich we referto asDeP-PCFG will
be evaluatedin moredetail in section4. The sec-
ondway in which their experimentwasguaranteed
to be somevhat unencouragings that a deleical-
ized dependenc grammaris a very poor model of
languageevenin a supervisedsetting. By the F;
measuraisedin the experimentdn sectiord, anin-
duceddependenc PCFGscores48.2,comparedo
a scoreof 82.1 for a supervisedPCFGreadfrom
local treesof the treebank. However, a supervised

dependency PCFGscoresonly 53.5, not muchbet-
ter thanthe unsupervisedersion,andworsethana
right-branchinghaselingof 60.0). As anexampleof

theinherentshortcoming®of the dependencgram-
mar; it is structurallyunableto distinguishwhether
the subjector objectshouldbe attachedo the verb
rst. Sincebothparsesnvolve the samesetof pro-

ductionsbothwill have equallikelihood.

3 A Generative Constituent-Context M odel

To exploit thebene tsof parametesearchwe used
a novel modelwhich is designedspeci cally to en-
able a more felicitous searchspace. The funda-
mentalassumptioris a muchwealenedversionof
classidinguistic constitueng tests(Radford,1988):
constituentsappearin constituentcontets. A par
ticular linguistic phenomenorthat the systemex-
ploitsis thatlong constituent®ftenhave short,com-
mon equialents,or proforms, which appeaiin sim-
ilar contexts and whoseconstitueng is easily dis-
covered (or guaranteed). Our model is designed
to transferthe constitueng of a sequencalirectly
to its containingcontet, which is intendedto then
pressurenen sequenceshat occurin that context
into being parsedas constituentsn the next round.
The modelis alsodesignedo exploit the successes
of distributional clustering,andcanequallywell be
viewedasdoingdistributional clusteringin thepres-
enceof no-overlapconstraints.

3.1 Constituentsand Contexts

Unlike a PCFG, our model describesall contigu-
ous subsequencesf a sentencgspans), including
emptyspanswhetherthey are constituentsor non-
constituents(distituents). A spanenclosesa se-
guenceof terminals,or yield, «, suchasbDT JJ NN.
A spanoccursin acontext X, suchas¢—vBz, where
X is theorderedpair of precedingandfollowing ter



minals(¢ denotesa sentencéoundary).A bracket-
ing of a sentences a booleanmatrix B, which in-
dicateswhich spansare constituentand which are
not. Figurel shavs a parseof a shortsentencethe
bracleting correspondingo that parse,andthe la-
bels,yields,andcontets of its constituenspans.

Figure 2 shavs several bracletings of the sen-
tencein gure 1. A bracleting B of a sentences
non-crossing if, whenever two spanscross,at most
oneis a constituentin B. A non-crossingraclet-
ing is tree-equivalent if the size-oneterminalspans
andthe full-sentencespanare constituentsandall
size-zerospansare distituents. Figure 2(a) and (b)
aretree-equwalent. Tree-equalentbracletings B
correspondo (unlabeled)}reesin the obvious way.
A bracletingis binary if it corresponds$o a binary
tree. Figure2(b) is binary We will inducetreesby
inducingtree-equialentbracletings.

Our generatie model over sentencess hastwo
phases.First, we choosea bracleting B according
to somedistribution P(B) andthengenerateéhesen-
tencegiventhatbracleting:

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

Given B, we Il in eachspanindependently The
context andyield of eachspanare independentf
eachother andgenerateaonditionallyon the con-
stitueng B;; of thatspan.

Y

P(SB) = P(aij, Xij | Bij)

h,ji2 spans(S
Y ji2 spans(S)

= hjip(aileij)P(Xileij)

The distribution P(«;j| B;j) is a pair of multinomial
distributions over the setof all possibleyields: one
for constituentyB;; = c) and one for distituents
(Bij = d). Similarly for P(x;j|B;;) and contexts.
Themaginal probabilityassignedo the sentences
is givenby ﬁummingover all possiblebracletingsof
S P(S = zP(B)P(SB).2

To inducestructure we run EM over this model,
treatingthe sentence$ asobsered andthe brack-
etings B as unobsered. The parameters® of

2v/iewed as a model generating sentenceghis 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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012345 012345 012345

Start

g b W N R O
Start

g h W N B O
Start

a h W N B O

(@) 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 I2,5i vP bracket, while (c)
contains a ID,3i bracket crossing that vp bracket.

the model are the constitueng-conditional yield
and contet distributions P(«|b) and P(x|b). If
P(B) is uniform over all (possiblycrossing)brack-
etings,thenthis procedurevill be equivalentto soft-
clusteringwith two equal-priorclasses.

Thereis reasonto believe that suchsoft cluster
ings alone will not producevaluabledistinctions,
even with a signi cantly larger numberof classes.
Thedistituentanustnecessarilyputnumbethecon-
stituents,and so suchdistributional clusteringwill
resultin mostlydistituentclassesClark (2001) nds
exactly this effect,andmustresortto a Itering heu-
ristic to separateonstituentanddistituentclusters.
To underscor¢hedifferencebetweerthebracleting
andlabelingtasks,consider gure 3. In both plots,
eachpoint is a frequenttag sequenceassignedo
the (normalized)vector of its contet frequencies.
Eachplot hasbeenprojectedontothe rst two prin-
cipal component®f its respecire dataset. The left
plot shavsthemostfrequentsequencesf threecon-
stituenttypes.Evenin justtwo dimensionstheclus-
ters seemcoherent,and it is easyto believe that
they would be found by a clusteringalgorithmin
the full space. On the right, sequencesave been
labeledaccordingto whethertheir occurrencesre
constituentamore or lessof the time than a cutof
(of 0.2). The distinction betweenconstituentand
distituentseemsnuchlesseasilydiscernible.

We canturnwhatat rst seemdo bedistributional
clusteringinto treeinductionby con ning P(B) to
putmassonly ontree-equialentbracletings.In par
ticular, considerPyin(B) which is uniform over bi-
narybracletingsandzeroelsavhere.If we take this
bracletingdistribution, thenwhenwe sumover data
completionsyewill onlyinvolve bracletingswhich
correspondo 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 Thelnduction Algorithm

We now essentiallyhave our induction algorithm.
We take P(B) to be Pyin(B), sothatall binarytrees
areequallylikely. We thenapplythe EM algorithm:

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

M-Step: FixP(B|S, ©) and nd the ®°which max-
imizes 5 P(B|S, ®)logP(S, B|@Y.

The completiongbracketings)cannotbe ef ciently
enumeratedandso a cubic dynamicprogramsimi-
lar to the inside-outsidealgorithmis usedto calcu-
late the expectedcountsof eachyield and context,
both as constituentsand distituents. Relative fre-
queng estimategwhich arethe ML estimatedor
this model)areusedto set®°.

To beagin the processwe did not begin at the E-
stepwith aninitial guessat ®. Ratherwe beganat
the M-step, using an initial distribution over com-
pletions.Theinitial distribution wasnottheuniform
distribution over binarytreesPyin(B). Thatwasun-
desirableasaninitial point becausegcombinatorily
almostall treesarerelatively balancedOntheother
hand, in language,we want to allow unbalanced
structurego have areasonablehanceo be discov-
ered. Therefore,considerthe following uniform-
splitting processof generatingbinary treesover k
terminals:chooseasplit pointatrandomthenrecur
sively build treesby this proceson eachsideof the
split. This processggivesa distribution Pspjie which
putsrelatvely moreweighton unbalancedrees but
only in a very general,non language-speci ovay.
This distribution was not usedin the modelitself,
however. It seemedo biastoo stronglyagainst bal-
ancedstructuresandledto entirelylinearbranching
structures.

The smoothingused was straightforvard. For
eachyield « or contet x, we addedLO countsof that
item asa constituentind50 asa distituent. This re-

ected therelative skew of randomspangeingmore
likely to bedistituents.This contrastsvith ourprevi-
ouswork, whichwassensitve to smoothingnethod,
andrequireda massie amountof it.

4 Experiments

We performedmost experimentson the 7422 sen-
tencesn the PenntreebankWall StreetJournalsec-
tion which containedno more than 10 words af-
ter the removal of punctuationand null elements
(WSJ-10). Evaluationwas done by measuringun-
labeledprecision,recall, and their harmonicmean
F:1 againstthe treebankparses.Constituentavhich
could not be gottenwrong (single words and en-
tire sentences)vere discarded. The basicexperi-
mentsasdescribedbore, donotlabelconstituents.
An adwantageto having only a single constituent
classis thatit encouragesonstituent®f onetypeto
be found even whenthey occurin a context which
canonicallyholds anothertype. For example,NpPs
and pps both occur betweena verb andthe end of
the sentenceandthey cantransferconstitueng to
eachotherthroughthatcontext.

Figure 4 shavs the F; scorefor various meth-
odsof parsing. RANDOM choosesa tree uniformly

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 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 F4 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* This is
the unsupervisecaseline. DEP-PCFG is the re-
sult of duplicatingthe experimentsof Carroll and
Charniak(1992), using EM to train a dependenc
structuredCFG.LBRANCH andRBRANCH choose
theleft- andright-branchingstructuresrespectiely.
RBRANCH is a frequentlyusedbaselinefor super-
vised parsing,but it shouldbe stressedhatit en-
codesa signi cant factaboutEnglishstructure,and
an induction systemneednot beatit to claim a
degree of success. cCMm is our system, as de-
scribedabore. SUP-PCFG is a supervisedPCFG
parsertrainedon a 90-10 split of this data, using
the treebankgrammay with the Viterbi parseright-
binarized® UBOUND is theupperboundof how well
a binary systemcan do againstthe treebanksen-
tenceswhich aregenerally atter thanbinary, limit-
ing the maximumprecision.

ccwM™ is doing quite well at 71.1%, substantially
betterthanright-branchingstructure.Onecommon
issuewith grammaiinductionsystemss atendeng
to chunkin a bottom-upfashion. Especiallysince

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

Swithout post-binarization, the F1 score was 88.9.

System UP UR F.| CB
EMILE 51.6 16.8 254|084
ABL 436 35.6 39.2| 2.12
cbc-40 53.4 34.6 42.0| 1.46
RBRANCH 39.9 46.4 429 2.18
COND-CCM | 54.4 46.8 50.3| 1.61
CCM 554 476 51.2 | 1.45

Figure 6: Comparative ATIS parsing results.

the ccm doesnot modelrecursve structureexplic-

itly, one might be concernedhat the high overall

accurag is dueto a high accurag on short-span
constituents. Figure 5 shawvs that this is not true.

Recalldropsslightly for mid-size constituentshut

longerconstituentareasreliably proposedasshort
ones.Anothereffectillustratedin this graphis that,

for span2, constituent$ave low precisionfor their

recall. This contrastis primarily dueto the single

largest difference betweenthe system$ induced
structuresand thosein the treebank: the treebank
doesnot parseinto NPs suchas DT JJ NN, while

our systemdoes, and generallydoesso correctly

identifying N units like 33 NN. This overproposal
drops span-2precision. In contrast, gure 5 also

shawvs the F; for DEP-PCFG, which doesexhibit a

dropin F; overlargerspans.

Thetop row of gure 8 shaws therecall of non-
trivial braclets, split accordingthe braclets' labels
in the treebank. Unsurprisingly NP recall is high-
est, but other catayories are also high. Because
weignoretrivial constituentsthecomparately low
s representonly embeddedsentenceswhich are
somevhatharderevenfor supervisegystems.

To facilitatecomparisorto otherrecentwork, g-
ure6 shavstheaccurag of oursystemwhentrained
on the sameWSJdata, but testedon the ATIS cor
pus, and evaluatedaccordingto the EVALB pro-
gram® The F, numbersare lower for this corpus
andevaluationmethod! Still, ccm beatsnot only
RBRANCH (by 8.3%), but alsothe previous condi-
tional COND-ccM andthenext closesunsupervised
system(which doesnotbeatRBRANCH in Fy).

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

"The primary cause of the lower F 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 JINN NNPPOS
2 MD VB TOCDCD
3 DT NN NN NNS
4 NNP NNP NN NN
5 RB VB TOVB
6 JINNS IN CD
7 NNP NN NNP NNP POS
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 beacomponentf evaluat-
ing an unsupervisednductionsystem. Low scores
may indicate systematicalternateanalysesrather
than true confusion, and the Penntreebankis a
sometimesarbitraryor eveninconsistengold stan-
dard.To give a bettersensef thekindsof errorsthe
systemis or is not making,we canlook atwhich se-
guencesremostoftenoverproposedpr mostoften
underproposedcomparedo thetreebankparses.
Figure 7 shawvs the 10 mostfrequentlyover and
underproposedsequenceslhe systems mainerror
trendscan be seendirectly from thesetwo lists. It
formsMD VB verb groupssystematicallyandit at-
tacheghe possesske patrticleto theright, like a de-
terminer ratherthanto theleft.® It providesbinary-
branchinganalyseswithin NPs, normally resulting
in correctextra N constituentsJike J3 NN, which
are not bracletedin the treebank. More seriously
it tendsto attachpost-\erbalprepositiongo theverb
and getsconfusedby long sequencesf nouns. A
signi cant improvementover earliersystemss the
absencef subject-erb groups,which disappeared
when we switchedto Pspi(B) for initial comple-
tions; the more balancedsubject-erb analysishad
a substantiatombinatoriabdvantagewith Py, (B).

4.2 Multiple Constituent Classes

We also ran the systemwith multiple constituent
classes,using a slightly more complex generatie
modelin which the bracleting generates labeling
which thengenerateshe constituentsand contexts.
Thesetof labelsfor constituenspansanddistituent
spansareforcedto bedisjoint.

Intuitively, it seemghatmoreclasseshouldhelp,

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

by allowing the systento distinguishdifferenttypes
of constituentsand constituentcontexts. However,
it seemedo slightly hurt parsingaccurag overall.
Figure8 compareghe performancdor 2 versusl2
classesjn both casespnly oneof the classesvas
allocatedfor distituents. Overall F, droppedvery
slightly with 12 classesbut the cateyory recallnum-
bersindicatethatthe errorsshiftedaroundsubstan-
tially. PP accurag is lower, which is not surprising
consideringthat pps tend to appearrather option-
ally andin contexts in which other easiercatejories
alsofrequentlyappear On the otherhand,embed-
dedsentenceaecallis substantiallyhigher possibly
becauseof more effective useof the top-level sen-
tenceswhich occurin the signaturecontext —o.

The classedound, as might be expected,range
from clearlyidenti able to nonsenseNotethatsim-
ply directly clusteringall sequencednto 12 cate-
goriesproducedlmostentirelythelatter, with clus-
tersrepresentingzariousdistituenttypes. Figure 9
shavs several of the 12 classes. ClassO is the
models distituent class. Its most frequentmem-
bersarea mix of obviousdistituents(IN DT, DT JJ,
IN DT, NN VBZ) andseeminglygoodsequencebke
NNP NNP. However, thereare mary sequencesf
3 or more NNP tagsin a row, and not all adjacent
pairscanpossiblybe constituentsat the sametime.
Classl is mainly commonNP sequences;lass? is
properNps, class3 is NPs which involve numbers,
and class6 is N sequenceswhich tendto be lin-
guisticallyright butunmarledin thetreebank Class
4 is amix of seeminglygoodNPps, oftenfrom posi-
tionslike vBz—NN wherethey werenot constituents,
and other sequenceshat sharesuch contets with
otherwisegood NP sequencesThis is a dangerof
not jointly modelingyield and contet, and of not
modelingary kind of recursve structure.Classb is
mainly composedf verb phrasesandverb groups.
No classcorrespondecheatly to pps: perhapsbe-
causethey have no signaturecontexts. The 2-class
modelis effective at identifying themonly because
they sharecontects with arangeof otherconstituent
types(suchasNpPs andvps).

4.3 Induced Parts-of-Speech

A reasonableriticism of the experimentgresented
so far, and someother earlierwork, is thatwe as-
sumetreebankpart-of-speechiags as input. This



Classes Tags Precision Recall F; | NPRecall PPRecall VP Recall SRecall
2 Treebank 638 802 711 834 785 78.6 40.7
12 Treebank| 63.6 80.0 70.9 82.2 59.1 82.8 57.0
2 Induced 56.8 711 632 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 Classl Class2 Class3 Class4 Classb Class6
NNPNNP NN VBD DT NN NNP NNP CDCD VBN IN MD VB JINN
NN IN NN NN JINNS NNP NNP NNP CDNN JJIN MD RBVB | JINNS
INDT NNSVBP | DT NNS CCNNP INCDCD DT NN VBN IN JJJINN
DT JJ NNSVBD | DT JINN POSNN CDNNS JJCcC WDT VBZ | CDNNS
NN VBZ TOVB NN NNS | NNPNNPNNPNNP | CDCDIN CDCD | DT JJNN JJIN NNP NN
Figure 9: Most frequent members of several classes found.
criticism could be two-fold. First, state-of-the-art U — — 0.35M
supervisedPCFGsdo not perform nearly so well - 0.30M §
. - . . = L <
with their input delexicalized. We may be reduc- E giim e
. . . . . ] r U Q
ing datasparsityandmakingit eaS|ertq seea broad g0 | 0.15M %
pictureof thegrammaybut we arealsolimiting how T 50 = Loiom =
well we canpossiblydo. It is certainlyworth explor- 10 4 - log-likelihood| + 0.05M &
0 f——+—+—+—+—+—+" 0.00M

ing methodswvhich supplementr replacetaggedn-

put with lexical input. However, we addresshere
the more seriouscriticism: that our results stem
from clueslatentin the treebanktagginginforma-
tion which areconceptuallyposteriorto knovledge
of structure. For instance,sometreebanktag dis-

tinctions, suchas particle (RP) vs. preposition(iN)

or predeterminefPDT) vs. determiner(DT) or ad-
jective (133), could be saidto import into the tagset
distinctionsthatcanonly be madesyntactically

To shaw resultsfrom a completegrammarinduc-
tion system,we alsodid experimentsstartingwith
a clusteringof the wordsin the treebank.We used
basicallythe baselinemethodof word type cluster
ing in (Schitze,1995) (which is closeto the meth-
ods of (Finch, 1993)). For (all-lowercasedword
typesin the Penntreebank,a 1000 elementvector
wasmadeby countinghow often eachco-occurred
with eachof the 500 most commonwords imme-
diately to the left or right in Treebankiext andad-
ditional 1994-96 WSJ newvswire. Thesevectors
were length-normalizedand thenrank-reducedy
an SVD, keepingthe 50 largest singular vectors.
Theresultingvectorswere clusteredinto 200 word
classedy a weightedk-meansalgorithm,andthen
grammarnductionoperatecbver theseclassesWe
do not believe that the quality of our tagsmatches
that of the bettermethodsof Schitze (1995), much
lesstherecentresultsof Clark (2000).Nevertheless,
usingthesetagsasinputstill gave inducedstructure
substantiallyabove right-branching Figure8 shaws

0 4 8 1216 20 24 28 32 36 40

Iterations

Figure 10: F4 is non-decreasing until convergence.

the performancevith inducedtagscomparedo cor
recttags.Overall F; hasdroppedbut, interestingly
vP ands recallarehigher This seemgo bedueto a
marked differencebetweertheinducedtagsandthe
treebanktags: nounsare scatterecamonga dispro-
portionallylarge numberof inducedtags,increasing
the numberof commonNP sequencedyut decreas-
ing thefrequeng of each.

4.4 Convergence and Stability

Anotherissuewith previous systemss their sensi-
tivity to initial choices. The conditionalmodel of
Klein andManning (2001b)hadthe dravbackthat
the varianceof nal F;, and qualitatve grammars
found, wasfairly high, dependingon small differ-
encesn rst-round randomparses.The modelpre-
sentedhere doesnot suffer from this: while it is
clearlysensitve to the quality of theinputtagging,it
is robust with respectto smoothingparameterand
datasplits. Varying the smoothingcountsa factor
of tenin eitherdirectiondid not changethe overall
F1 by morethan 1%. Training on randomsubsets
of thetraining databroughtlower performancebut
constantlylower over equal-sizesplits. Moreover,
thereareno rst-round randomdecisiongo be sen-
sitive to; thesoft EM procedurés deterministic.
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Figure 11: Recall by category during convergence.

Figure10 shaws the overall F; scoreandthe data
likelihood accordingto our model during conver-
gence’ Surprisingly botharenon-decreasingsthe
systeniteratesjndicatingthatdatalik elihoodin this
modelcorrespondsvell with parseaccurag.® Fig-
ure 11 shaws recall for variouscatejoriesby itera-
tion. NP recall exhibits the moretypical patternof
a sharprise followed by a slow fall, but the other
catayories,aftersomeinitial drops,all increaseuntil
corvergence.Thesgyraphsstopat40iterations.The
systemactuallycorvergedin bothlikelihoodandF,
by iteration38, to within a toleranceof 10 1°. The
time to corvemgencevaried accordingto smooth-
ing amount,numberof classesandtagsused,but
the systemalmostalwaysconvergedwithin 80 iter-
ations,usuallywithin 40.

5 Conclusions

We have presenteda simple generatie model for
the unsupervisedlistributional induction of hierar
chicallinguistic structure. The systemachiezesthe
bestpublishedunsupervisegarsingscoreson the
WSJ-10and ATIS datasets. The induction algo-
rithm combinesthe bene ts of EM-basedparame-
ter searchanddistributional clusteringmethods We
have shavn that this methodacquiresa substan-
tial amountof correctstructure,to the point that
themostfrequentiscrepanciebetweertheinduced
treesandthe treebankgold standardare systematic
alternateanalysesmary of which arelinguistically
plausible.We have shavn thatthe systemis not re-
liant onsupervisedPOStaginput,anddemonstrated
increasedaccuray, speed,simplicity, and stability
comparedo 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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