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1 Introduction 2 Distributional Syntax Induction

In linear context distributional clustering, items

(e.g. words or word sequences) are represented by
The task of statistically inducing hierarchical syn-Characteristic distributions over their linear contexts
tactic structure over unannotated sentences of nat{§-g., multinomial models over the preceding and
ral language has received a great deal of attentidfllowing words, see figure 1). These context distri-
(Carroll and Charniak, 1992a; Pereira and Schabdgytions are then clustered in some way, often using
1992; Brill, 1993; Stolcke and Omohundro, 1994)_standard data clustering methods. In the most com-
Researchers have explored this problem for a v&non case, the items are words, and one uses distri-
riety of reasons: to argue empirically against théutions over adjacent words to induce word classes.
poverty of the stimulus (Clark, 2001), to use inducPrevious work have shown that even this quite sim-
tion systems as a first stage in constructing |arg@|e representation allows the induction of quite high
treebanks (van Zaanen, 2000), to build better larfiuality word classes, largely corresponding to tra-
guage models (Baker, 1979; Chen, 1995), and @tional parts of speech, sometimes with a some-
examine psychological issues in language learnirigghat more semantic flavor (Finch, 1993; Schitze,
(Solan et al., 2003). An important distinction shouldl995; Clark, 2000). A typical pattern would be that
be drawn between work primarily interested in thetocks and treasuries both frequently occur before
weak generative capacity of models, where modethe wordsfell androse, and might therefore be put
ing hierarchical structure is only useful insofar as ithto the same class.
leads to improved models over observed structures Since context distributional methods have proven
(Baker, 1979; Chen, 1995), and work interested isuccessful in inducing certain kinds of syntatic word
the strong generative capacity of models, where thdasses, it is reasonable to expect them to be use-
unobserved structure itself is evaluated (van Zaaneful for discovering constituent classes as well, for
2000; Clark, 2001; Klein and Manning, 2002). Thisthe purposes of learning hierarchical tree structures.
paper falls into the latter category; we will be in-For example, distributional methods might show that
ducing models of linguistic constituency and depeneETERMINER NOUNandDETERMINER ADJECTIVE
dency with the goal of recovering linguistically plau-NOUN occur in similar contexts and therefore could
sible structures. We make no claims as to the come put into the same class (definite noun phrases)
gitive plausibility of the induction mechanisms we— this echoes the traditional linguistic constituency
present here, however the ability of these systems test of substitutability (Radford, 1988). Clark (2001)
recover substantial linguistic patterns from surfacand Klein and Manning (2001) show that this is in-
yields alone does speak to the strength of suppadeed the case. However, as one might expect, it
for these patterns in the data, and hence to undds easier to cluster word sequences (or word class
mine arguments based on “the poverty of the stimwsequences) than to tell how to put them together
lus” (Chomsky, 1965). into trees. In particular, if one is given all con-



tiguous subsequencesulfspans) from a corpus of is assigned to only and all spans wihh= false —
sentences, most natural clusters will not represenbn-constituents). The span and context are inde-
valid constituents (to the extent that constituency gbendently filled in, both conditioned on the label.
a non-situated sequence is even a well-formed no- If P(B) puts mass 1 on the “full” bracketing,
tion). For example, it is easy enough to discover thah which every span is declared a constituent, this
DETERMINER NOUNandDETERMINER ADJECTIVE process would be plain distributional clustering —the
NOUN are similar and thatERB PREPOSITION DE  spans would be assigned completely independently.
TERMINER andVERB PREPOSITION DETERMINER However, our choice of @) is such that the model
ADJECTIVE are similar, but itis much less clear howonly allows sets of spans which nest up into binary
to discover that the former pair are generally contrees to be assigned categories other than
stituents while the latter pair are generally not. This is a model PB, S) over bracketings and sen-
Clark (2001) proposes an information-theoretidences, and is estimated via EM to maximize the
measure of the constituency of a sequence, corrsentence likelihoods () over the training corpus.
lating constituency with the mutual information be-It can then be used to extract most-likely parses
tween the preceding and following contexts (one dfor sentences by finding the bracketirig) which
several formulations of Harris (1951)'s basic ideas)maximizes PB|S). These parses consist of un-
In Klein and Manning (2002), we instead build condabeled binary trees, which can then be compared
stituency decisions directly into the distributionalto human-created gold standard trees from a tree-
model, by earmarking a single clustdrfor non- bank. We trained this model on the set of 7422
constituents. During the calculation of cluster assentences of length up to 10 (without punctuation)
signments, only a non-crossing subset of the olin the WSJ section of the Penn treebank (Marcus
served word sequences can be assigned to other,al., 1993). The results of comparing the learned
constituent clusters. Our integrated approach agtructures to the gold-standard treebank parses are
pears to be empirically more successful. shown in figure 3. This model (CCM) substantially
The model works as follows. Sentences are giveoutperforms random and right-branching baselines
as sequences of word classes (we experimented bdthost unsupervised tree induction systems outper-
with human-assigned parts-of-speech and automatérm a random baseline but not a right-branching
cally induced categories). One imagines each seone). The two higher-scoring models are a super-
tence as a list of th©(n?) subspans inside the sen-vised PCFG model and an upper bound (the tar-
tence, each paired with its linear context (see figget trees are not all binary and so any all-binary
ure 1). The model generates @In?) subspans (see system will over-propose constituents). Compara-
figure 2)! tive figures from other experiments show that it also
The first stage is to choosebeacketing B for the  outperforms the other wide-coverage tree induction
sentence. A bracketing is a specification of whiclsystems for which we had treebank parsing results
spans are to be generated as constituent and whigflein and Manning, 2001).

are not. P(B) is not modeled; we use a uniform _
distribution over bracketings which correspond t® Nested Modelsvs. Recursive Models

well-formed (non-crossing) binary trees. This Stagg js worth some comments about how this kind of
amounts to choosing a blnary tre_e for the Semencﬁpproach compares to attempting to induce a recur-
Then, each span-context pag, c) is generated by gjye model of language, for example the (P)CFG in-
the simple distributional model: duction work of Olivier (1968), Wolff (1988), Lang-
P(s, c|b) = P |b)P(s|P(cll) ley (1980),inter alia. Itis our experience that PCFG
induction is much harder than the tree induction de-

That is, given a constituency decisitm a labell  scribed above; apparently the success of distribu-

is chosen (with the constraint that a special latel
- 2These experiments reflect training on part-of-speech se-

IThis is typical of distributional clustering, where corpusquences; see Klein and Manning (2001) for experiments with
words generally get generated at least once as a data item @nduced classes and Klein and Manning (in publication) for ex-
once as a context element of some other item. periments with languages other than English.
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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 shownat®inodeled.
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Figure 2: The generative process. (a) A binary tree-equivalent bracketing is chosen at random. (b) Constituent (black) nodes are
labeled with a constituent label, distituent (white) nodes are laketlelsh the two-class case, there is only a single consituent
labelc, and so this step can be conceptually omitted Bah span generates its yield and context (empty spans not shown here).
Derivations which are not coherent are given mass zero.

1007 g2 87 stituency (tree) structures which broadly agree with

- 80 7 60 71 human-assigned bracketings, it is imperfect in sev-

§ 60 48 eral ways. First, most state-of-the-art parsers make
g 4. 30 use of specific lexical information in addition to
& 00 | 13 word-class information — perhaps lexical informa-
tion could be a useful source of information for un-

:@;“0“@»00‘“@,vc“’\,,@&“ Do 09 supervised methods. Second, one of the main rea-

5 o« s sons tree structures are useful in computational lan-

Figure 3: k for various models on WSJ-10. guage processing is because one can extract depen-
dencies — function-argument and modification struc-

tional methods is precisely because theyndbat- tures — from them. We address these two issues in
tempt to learn recursive facts about language. Learfhis section with a dependency model. Finally, many
ing recursion involves positing intermediate Sym.trl.le constituency errors remain, and we would like
bols in a grammar whose ut|||ty in improving a gen-a better Constituency induction SyStem. In section 5,
erative model is only indirec. Our distributional We use the depedency model presented in this sec-
model is intended as an illustration that when attion to augment the CCM.

tempting to recover syntactic tree structures, it can
be useful to model nesting without modeling recur
sion.

The dependency induction task has received rela-
tively less attention than the tree- or CFG-induction
tasks. We only mention three previous systems be-
4 A Dependency Model low, but all systems that we are aware of operate un-
der the assumption that the probability of a depen-
While the distributional constituent-context ap-dency structure is the product of the scores of the
proach above is highly successful in recovering cordependencies in that structure, seen as ordered pairs
Tconcrete example, figure 3 includes a replication of thQf words. For example, in the dependency structure
experiments of Carroll and Charniak (1992b) undep-pcrc  Of figure 4(b), the dependencies g(&oorT, fdl),
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Figure 4: Three kinds of parse structures.

h a
T I
h a STOP a STOP
PN | N
i h J a k J a k

@) (b)

Figure 5: A dependency configuration in a lexicalized treanda are words, whilé, j, andk are positions between words.

(fell, payralls), (fell, in), (in, September), (payrolls, In the model, the probability of generating an ar-
factory)}* This is distinct from high-performance su-gumenta for a headh is conditioned not only on
pervised dependency models, where a head outwarndbut also on the signed distandéoetween the lo-
process is modeled (Eisner, 1996; Collins, 1999). lnation of the headh and the farthest extent of the
such processes, heads generate a sequence of agggument subtrees thlathas generated so far. In fig-
ments outward to the left or right, usually condition-ure 5, this isj —h. The probabilityP (a|h, d) is bro-

ing on at least the direction of the attachment (lefken down into two steps. First, we choose whether
arguments vs. right arguments), and often on songwill be sTopbased on which side df we are on
notion of distance or valence as well. Moreover, ir{sign(d)) and whetheh has any arguments on that
a head-outward model, it is natural to model stogide @al (d), which is 0 iff abs(d) = 0 and 1 oth-
steps, where the final argument on each side of@awise). Then, the actual argument is chosen based

head is alway the special symtsitor only on the head and the direction (and the stop in-
Our dependency model therefore consists of th@icator).

following steps. We begin at theooT. Each head P(t) = 1_[ P(alh, d)

generates a series of ngmopP arguments to the (h.a,d)et

right, then asTopargument to the right, then a se-

ries of nonsToP arguments to the left, thensropr P(alh,d) = P(stop(a)lh, sign(d), val(d))

to the left. This is shown schematically in figure 5. P(alh, stop(a), sign(d))

Figure 5(a) shows the configuration for a héstdk-

ing a right argumen&. The bar indicates th@has These two multinomials are estimated directly with-
beensealed; it has generated botsroparguments, oyt further decomposition or smoothing for word-
as shown in figure 5(b), and can take no more attac@tass dependency structures. For the case of lexical
ments? dependency structures, backoff to word-classes is re-

_ quired. A cubic dynamic program similar to those
4We use a speciagkooT symbol to mark the head of the

sentence, which simplifies the math and the evaluation metric.pres‘ehted in I_Elsner (1996) was used to_lteratlvely
5The requirement of attaching left arguments before right af’€-€stimate this model using EM. At all times, we

guments has no effect on the dependency structures induced, b@nstrainedkoOT to have a single dependent.

does introduce an asymmetry of the model for the constituency

structures learned. As a result, in the experiments below we rerisingly, slightly negative, but it avoids the asymmetry, which
moved this requirement, which leads to a bias towards structuresuld be considered a language-specific bias. We are currently
where heads take arguments on both sides. This bias is, unsexperimenting with a formulation which avoids either bias.



Initialization is important to the success of any lo{Carroll and Charniak, 1992b) is essentially a de-
cal search procedure. As before, we chose to inpendency model over word classes which models
tialize EM not with an initial model, but with an directionality, but not valence or distance. Their ex-
initial guess at posterior distributions over depenperiments included large intital perturbations, which
dency structures (completions). For the first-roundurn out not to be required for symmetry-breaking in
we constructed a rather ad-hoc “harmonic” completheir model. With this initial perturbation removed,
tion where all norrROOT words took the same num- their model does perform better (see (Klein and
ber of arguments, and each took other words as argManning, 2002)), though even the minimal model
ments in inverse proportion to (a constant plus) thef valence and stopping we use here greatly im-
distance between them. TReoTalways had a sin- proves the quality of the learned trees and depen-
gle argument and took each word with equal probadencies (compare our;Fof 63.9 vs. 48 without a
bility. Current work is examining other intialization valence or distance model). Second, the models of
methods. (Yuret, 1998) and (Paskin, 2002), which are very

All dependency structures overwords contain closely related to each other, model lexical selection
n dependencies (including the sentence head asnvhout modeling valence, distance, or even direc-
dependent okRooT). Therefore, precision and re- tionality, and contain no back-off to word classes.
call are equal, so we present accuracy numbers, bdgyen when trained on many millions of words of
over directed and undirected dependenéiédie text, these models exhibit highly inconsistent treat-
got best performance from th®n-lexicalized de- ment of function words and tend to link topically re-
pendency model; the lexicalization seemed to inated (as opposed to functionally dependent) words.
crease the model capacity far too much. The wordVhile the performance of these systems was not
class dependency model recovers a substantial fre@vailable for our exact data set, the undirected de-
tion of the broad dependency trends: 45.0% dpendency accuracy for purely left-headed (right-
guessed directed dependencies were correct (63.6%@&nching) structures ovetl sentences in the Penn
ignoring direction). Verbs are the sentence headffeebank is 52.3%, while the model in (Paskin, 2002)
prepositions take following noun phrases as argi$orrectly identified only 39.7% of the dependencies
ments, adverbs attach to verbs, and so on. The mdgta 10% sample of the treebank. On the other hand,
common source of discrepancy between the test deur model scored substantially over this baseline for
pendencies and the model’s guesses is a result of the WSJ-10 subset (63.6% vs. 55.9%).
model systematically choosing determiners as the
heads of definite noun phrases, while the test treés A Combined M odel
have the rightmost noun as the head. The model's
choice is supported by a good deal of linguistic rel-0oking at the behavior of the CCM and the depen-
search and is sufficiently frequent that we also redency models in figure 6, their strengths seem very
port a second metric (right two columns in figure 6)cOmplementary. The CCM is better at recovering
which is the dependency accuracy whennas in constituency, and the dependency model is better at
the test set containing a determiner are changed figcovering dependency structures. It is reasonable
have the determiner as the correct head. By this méf hope that a combination model might exhibit the
ric, the score jumps to 55.7% directed (67.9% undiPest of both. In the supervised parsing domain, for
rected). example, we have found that scoring a lexicalized

We can usefully compare this formulation withtree with the product of a simple lexical dependency
several other related models. First, the model dfodel and a PCFG model leads to a combined scor-

ing metric which outperforms each factor on their
m values are reported by other authors, notabl@?SpeCtlve metrics (Klein and Manning, 2003).
(Paskin, 2002), so we include them here. In our combined model, we score each tree with
~ "The Penn treebank doest include dependency annota- the product the probabilities from the individual
tions, however the automatic dependency rules from (Collins 5 .

hodels above. We use &n(n°) dynamic program

1999) are sufficiently accurate to be a good benchmark for u ) - ) )
supervised systems for the time being. (a variant of the inside-outside algorithm (Baker,



Unlabeled Bracketg Dep. Acc. Dep. Acc.*
Model Prec. Rec. F | Dir. Undir. | Dir.  Undir.
Left-Branching / Right-Headedl 25.6 32.6 28.7 33.6 56.7 | 23.2 56.9
Random 40.0 50.8 448 256 46.7 | 246 47.1
Right-Branching / Left-Headedl 55.1 70.0 61.7 24.0 559 | 34.8 56.3
Dependency 57.1 725 639 450 63.6| 557 67.9
CCM 643 816 719 294 514 | 314 535
Combination (POS) 674 856 754 | 474 64.6 | 58.7 69.7
Combination (Semi-Distrib.) | 66.8 84.9 74.8 544 676 | 50.6 65.6
Combination (Distributional) | 65.2 82.8 729 423 604 | 50.6 64.8
Upper Bound 78.8 100.0 88.1 100.0 100.0| 100.0 100.0

Figure 6: Performance measured by unlabeled bracketing precision, rq¢alhd-directed and undirected dependency accuracy.

The reported numbers were at convergence; peak numbers were usually a little higher. The starred version of dependency accuracy
considers determiners to be the heads of definite noun phrases. The upper bound on precision relfects that the guessed trees are
always binary, while the gold trees are not.

1979)) to sum over all lexicalized trees. The corgpendency score, the gap was smaller, but the combi-
operation in the dynamic program is to score thaation model still outscored the dependency model
merging of two adjacent constituent signatures, suadone. Figure 6 also shows the combination model’s
as(h : i, j)and(a : j, k) into a larger signature score when using a semi-distributional tagset, where
(h : i,k) (shown in figure 5). At such a merge,words were automatically clustered, but with their
we multiply in the relevant factors from both mod-contexts taken to be the distribution of preceding
els. From the CCM we must generatg as a con- and following treebank parts-of-speech. The re-
stituent and(s_1, S1) as its context (using some sult shows improved dependency accuracy over the
constituent class if the CCM factor has more thatreebank part-of-speech classes by one metric, but
one)® On the same merge, the dependency modabt the other, suggested that perhaps distributional
will assess two costs: first the costlotakinga as tags might be better suited for certain induction
a head at the distange— h , and, second, the two tasks. The final experiment shown used word classes
factors for sealing the argumertg : j, k) (see fig- which were induced entirely automatically. These
ure 5b). There is an accompanying outside phaselasses show some further degradation, e.g. 72.9
we omit the details here. From the results of this dyF;, but, though work in this area is still preliminary,
namic program, we can extract the sufficient statighese totally unsupervised numbers are still better
tics needed to re-estimate either individual model. than the original CCM with treebank word classes.
The models were intitialized in the same way
as when they were run individually, withsR;7(b) 6 Conclusion
used as an initial completion for the CCM and har-
monic initialization used for the dependency modeiWWe have presented three models for the unsuper-
Sufficient statistics were taken off these complevised induction of syntactic structure. To our knowl-
tions, then the resulting models were used togeth€gge, these systems are the first to beat the right-
from then on during re-estimation. branching baseline on broad treebank parsing. One
Figure 6 summarizes the results. The combinegiodel is designed to induce constituency, while an-
model beats the CCM at;F 75.4 vs. 71.9 (and in other is designed to induce dependencies. The third
fact peaks at 77.0). It also beats the dependend'ﬁ/a combination, which outperforms either individal
model at the modified dependency accuracy: 58.7990del, by either metric. The key reason that these

directed vs. 55.7% directed. On the unmodified denodels are capable of recovering structure more ac-
- curately than previous models is that they minimize
_For efficiency, we divide the entire probability expres-he amount of hidden structure that must be induced.
sion by ngisjsn P.(isj|d)P(s_1,sj+1|d) both he.re and Ul ith del | . ]
with the CCM, so in fact we also assess the inverse o pgrtlcu ar, ne_|t er mo e_ attempts to_ earn inter
P(sj|d)P(5_1. Sj+1/d) at this time as well. mediate, recursive categories with no direct connec-



tion to surface statistics. For example, the CCMiichael Collins. 1999Head-Driven Satistical Mode!sfor Nat-

models nesting but not recursion. The dependency Ural Language Parsing. Ph.D. thesis, University of Pennsyl-
vania.

model is a recursive mOdeI’_bUt efaCh tree nOde_if%lson Eisner. 1996. Three new probabilistic models for de-
headed by one of the leaves it dominates, so no hid- pendency parsing: An exploration. ®OLING 16, pages

den categories must be posited. Moreover, in thejr 340-345.
9 b . gteven Paul Finch. 1998inding Sructurein Language. Ph.D.

basic forms presented here, neither model (nor their yhesis, University of Edinburgh.
combination) requires any symmetry-breaking perzellig Harris. 1951 Methodsin Structural Linguistics. Univer-

turbations at initialization. sity of Chicago Press, Chicago.
Dan Klein and Christopher D. Manning. 2001. Natural lan-

As closing comment, we would like to point out  gyage grammar induction using a constituent-context model.
how we see this work in relation to other language In Thomas G. Dietterich, Suzanna Becker, and Zoubin

; ; ; Ghahramani, editorsidvances in Neural Information Pro-
learning work. We do not claim that this system cessing Systems 14 (NIPS 2001), volume 1, pages 35-42.

reflects the psycholinguistic reality of human lan- miT press.
guage acquisition, either in mechanism or in dataan Klein and Christopher D. Manning. 2002. A generative

; ; ; ; _ constituent-context model for improved grammar induction.
In particular, the system is provided with segmenta In ACL 40, pages 128-135.

tion and possibly word class information that wouldban Kiein and Christopher D. Manning. 2003. Fast exact in-
be unavailable to a human learner, yet has no accesderence with a factored model for natural language parsing.

; : : : T In Suzanna Becker, Sebastian Thrun, and Klaus Obermayer,
to either the situational constraint or the indirect (or editors Advancesin Neural |nformation Processing Systems

even direct) feedback that a human learner would 15 cambridge, MA. MIT Press.
have. Nonetheless, we see this investigation of whAgt Langley. 1980. A production system model of first lan-

. guage acquisition. IfProceedings of the Eighth Interna-
patterns can be recovered from corpora as important, & ="~ ference on Computational Linguistics, pages 183

both from a computational perspective and from a 189, Tokyo, Japan.
philosophical one. For example, we found it surMitchell P. Marcus, Beatrice Santorini, and Mary Ann Marcin-

.. . kiewicz. 1993. Building a large annotated corpus of English:
prising that the broad constituent structure of a lan- ¢ Penn treebankComputational Linguistics, 19:313-330.

guage could be recovered so well from so little trainponald Cort Olivier. 19683tochastic Grammars and Language
ing data. Acquisition Mechanisms. Ph.D. thesis, Harvard University.
Mark A. Paskin. 2002. Grammatical bigrams. In T. G. Di-
etterich, S. Becker, and Z. Ghahramani, editéxdyances
in Neural Information Processing Systems 14, Cambridge,
James K. Baker. 1979. Trainable grammars for speech recogni- MVA- MIT Press. , )
tion. In D. H. Klatt and J. J. Wolf, editor§peech Communi-  Fernando Pereira and Yves Schabes. 1992. Inside-outside rees-
cation Papers for the 97th Meeting of the Acoustical Society timation from partially bracketed corpora. ACL 30, pages
of America, pages 547-550. 128-135. .
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