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Abstract

We present a novel generative model for natural languagestractures
in which semantic (lexical dependency) and syntactic (P¥(aictures
are scored with separate models. This factorization pesvitbncep-
tual simplicity, straightforward opportunities for sepsly improving
the component models, and a level of performance compatalsieni-

lar, non-factored models. Most importantly, unlike otherdarn parsing
models, the factored model admits an extremely effectivearsing al-
gorithm, which enables efficient, exact inference.

1 Introduction

Syntactic structure has standardly been described in tefcetegories (phrasal labels and
word classes), with little mention of particular words. 3hs possible, since, with the
exception of certain common function words, the acceptajfactic configurations of a
language are largely independent of the particular woradithout a sentence. Conversely,
for resolving the important attachment ambiguities of nfieds and arguments, lexical
preferences are known to be very effective. Additionallgthods based only on key lexical
dependencies have been shown to be very effective in ctgpbsitween valid syntactic
forms [1]. Modern statistical parsers [2, 3] standardly asmplex joint models of over
both category labels and lexical items, where “everythingonditioned on everything” to
the extent possible within the limits of data sparsenessfiaitd computer memory. For
example, the probability that a verb phrase will take a ndurage object depends on the
head word of the verb phrase. A VP headedibyuiredwill likely take an object, while

a VP headed bagreedwill likely not. There are certainly statistical interamtis between
syntactic and semantic structure, and, if deeper undeylyariables of communication
are not modeled, everything tends to be dependent on eimgyéitse in language [4].
However, the above considerations suggest that there rmigltonsiderable value in a
factored model, which provides separate models of sywstactfigurations and lexical
dependencies, and then combines them to determine optans¢g For example, under
this view, we may know thaacquiredtakes right dependents headed by nouns such as
companyor division while agreedtakes no noun-headed right dependents at all. If so,
there is no need to explicity model the phrasal selectioriopnof the lexical selection.
Although we will show that such a model can indeed producegh performance parser,
we will focus particularly on how a factored model permitfiaéént, exact inference, rather
than the approximate heuristic inference normally usedrigd statistical parsers.



S S, fell-vVBD

— fell-vBD -
NP VP N NP, payrolls-NNS VP, fell-VBD
T~ T payrolls-NNS  fell in-IN — e
NN NNS VBD PP T T~ Factory-NN payrolls-NNS fell-VBD PP, in-IN
| | | T Factory-NN payrolls in September-NN | | | —
Factory payrolls fell IN NN | | Factory payrolls fell in-IN  September-NN
| | Factory September | |
in September in September
(a) PCFG Structure (b) Dependency Structure (c) Combinegttsire

Figure 1: Three kinds of parse structures.

2 A Factored Modedl

Generative models for parsing typically model one of thelkiof structures shown in fig-
ure 1. Figure 1ais a plain phrase-structure fegvhich primarily models syntactic units,
figure 1b is a dependency tr& which primarily models word-to-word selectional affini-
ties [5], and figure 1c is a lexicalized phrase-structure krewhich carries both category
and (part-of-speech tagged) head word information at eadk.n

A lexicalized tree can be viewed as the phie= (T, D) of a phrase structure trée and

a dependency treP. In this view, generative models over lexicalized treesthef sort
standard in lexicalized PCFG parsing [2, 3], can be regaadeaissigning mas3(T, D)

to such pairs. To the extent that dependency and phrasdwstuteed not be modeled
jointly, we can factor our model aB(T, D) = P(T)P(D): this approach is the basis
of our proposed models, and its use is, to our knowledge, rEws factorization, of
course, assigns mass to pairs which are incompatible rdifeause they do not generate
the same terminal string or do not embody compatible brauiet Therefore, the total
mass assigned to valid structures will be less than one. Wk émagine fixing this by
renormalizing. For example, this situation fits into thedarct-of-experts framework [6],
with one semantic expert and one syntactic expert that ngrseaon a single structure.
However, since we are presently only interested in findingtrlikely parses, no global
renormalization constants need to be calculated.

Given the factorizatio?(T, D) = P(T)P(D), rather than engineering a single complex
combined model, we can instead build two simpler sub-modéks show that the com-
bination of even quite simple “off the shelf” implementatsof the two sub-models can
provide decent parsing performance. Further, the modylafforded by the factorization
makes it much easier to extend and optimize the individuadpganents. We illustrate this
by building improved versions of both sub-models, but wadvel that there is room for
further optimization.

Concretely, we used the following sub-models. RR(T), we used successively more
accurate PCFGs. The simpleBGFGBASIC, used the raw treebank grammar, with nonter-
minals and rewrites taken directly from the training treéds [n this model, nodes rewrite
atomically, in a top-down manner, in only the ways observetheé training data. For im-
proved models oP(T), tree nodes’ labels were annotated with various contertaakers.
In PCFG-PA, each node was marked with its parent’s label as in [8]. lbi& mell known
that such annotation improves the accuracy of PCFG parsimgebkening the PCFG inde-
pendence assumptions. For example, the NP in figure 1a wotuldlly have been labeled
NP’S. Since the counts were not fragmented by head word at tagp we were able
to directly use the MLE parameters, without smoothtnghe best PCFG modebcFG
LING, involved selective parent splitting, order-2 rule mairikgation (similar to [2, 3]), and
linguistically-derived feature splits.

IThis is not to say that smoothing would not improve perforoarbut to underscore how the
factored model encounters less sparsity problems thamarmdel.
2|nfinitive VPs, possessive NPs, and gapped Ss were markegréposition tag was split into
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Figure 2: Edges and the edge combination schema f@@f) lexicalized tabular parser.

Models of P(D) were lexical dependency models, which deal with tagged siopairs

(w, t). First the headwn, th) of a constituent is generated, then successive right depen-
dents(wy, tq) until a STOP toker> is generated, then successive left dependents ¢intil

is generated again. For example, in figure 1, first we chéelb&BD as the head of the
sentence. Then, we generateN to the right, which then generat8gptembennN to the
right, which generates on both sides. We then returniteIN, generate to the right, and

so on.

The dependency models required smoothing, as the word-depdndency data is very
sparse. In our basic mod@gpP-BASIC, we generate a dependent conditioned on the head
and direction, using a mixture of two generation paths: @ltea select a specific argument
word, or a head can select only an argumenttag. For headiseletwords, there is a prior
distribution over dependents taken by the head’s tag, famgte, left dependents taken by
past tense verb< (wg, tq|th, dir) = counfwy, tg, th, dir)/countty, dir). Observations

of bilexical pairs are taken against this prior, with somiempstrength:

countwg, tg, wh, th, dir) + « P(wq, td|th, dir)
count{wn, th, dir) +«

P(wd, td|wn, th, dir) =

This model can capture bilexical selection, such as theigffiretweenpayrolls andfell.
Alternately, the dependent can have only its tag selectedi tfzen the word is generated
independently: P(wg, tq|wh, th, dir) = P(wql|tq) P(tq|wn, th, dir). The estimates for
P(tq|wn, th, dir) are similar to the above. These two mixture components ae lh-
early interpolated, giving just two prior strengths and &img weight to be estimated on
held-out data.

In the enhanced dependency moaap-vAL , we condition not only on direction, but also
on distance and valence. The decision of whether to generiateonditioned on one of
five values of distance between the head and the generation gero, one, 2-5, 6-10,
and 11+. If we decide to generate a newlependent, the actual choice of dependent is
sensitive only to whether the distance is zero or not. Thatésmodel only zero/non-zero
valence. Note that this is (intentionally) very similar @ tgenerative model of [2] in broad
structure, but substantially less complex.

At this point, one might wonder what has been gained. By fawjothe semantic and

syntactic models, we have certainly simplified both (andjinanted the data less), but
there are always simpler models, and researchers haveeaidominplex ones because of
their parsing accuracy. In the remainder of the paper, weotistrate the three primary
benefits of our model: a fast, exact parsing algorithm; parsiccuracy comparable to
non-factored models; and useful modularity which permatsyeextensibility.

several subtypes, conjunctions were split into contrastivd other occurrences, and the word
was given a unique tag. In all models, unknown words were iheddasing only the MLE of
P (tagunknowr) with ML estimates for the reserved mass per tag. SelectiMtisg was done using
an information-gain like criterion.



3 An A* Parser

In this section, we outline an efficient algorithm for finditige Viterbi, or most probable,
parse for a given terminal sequence in our factored lexiedlimodel. The naive approach
to lexicalized PCFG parsing is to act as if the lexicalizedBGs simply a large nonlexical
PCFG, with many more symbols than its nonlexicalized PCF&kibane. For example,
while the original PCFG might have a symbol NP, the lexiedinne has a symbol N-
for every possible head in the vocabulary. Further, rules like-S NP VP become a
family of rules Sx — NP-y VP-x.2 Within a dynamic program, the core parse item in
this case is thedge shown in figure 2, which is specified by its start, end, roohisyl,
and head positiofi. Adjacent edges combine to form larger edges, as in the togufi2.
There areO(n3) edges, and two edges are potentially compatible wheneedethone
ends where the right one starts. Therefore, thereQar®) such combinations to check,
giving anO(n®) dynamic progran?.

The core of our parsing algorithm is a tabular agenda-baaesgp using th®(n°) schema
above. The novelty is in the choice of agenda priority, wiveeeexploit the rapid parsing
algorithms available for the sub-models to speed up theretke impractical combined
parse. Our choice of priority also guarantees optimalitythie sense that when the goal
edge is removed, its most probable parse is known exactlyerQ¢xicalized parsers ac-
celerate parsing in ways that destroy this optimality gotea. The top-level procedure is
given in figure 3. First, we parse exhaustively with the twb-gsuodels, not to find com-
plete parses, but to find bemitside scorefor each edge. An outside score is the score of
the best parse structure which starts at the goal and iret)diee words before it, and the
words after it, as depicted in figure 3. Outside scores ardgeabiianalog of the standard
outside probabilities given by the inside-outside aldomit{11]. For the syntactic model,
P(T), well-known cubic PCFG parsing algorithms are easily agidpt find outside scores.
For the semantic moddR (D), there are several presentations of cubic dependencyparsi
algorithms, including [9] and [12]. These can also be adhfigoroduce outside scores in
cubic time, though since their basic data structures aredgés, there is some subtlety.
For space reasons, we omit the details of these phases.

An agenda-based parser tracks all edges that have beenumbedtat a given time. When
an edge is first constructed, it is put on an agenda, which isoaity queue indexed by
some score for that node. The agenda is a holding area fosedgeh have been built
in at least one way, but which have not yet been used in thetremtison of other edges.
The core cycle of the parser is to remove the highest-pyiedge from the agenda, and
act on it according to the edge combination schema, comipihiwith any previously
removed, compatible edges. This much is common to many saesgenda-based parsers
primarily differ in their choice of edge priority. If the belsnown inside score for an edge
is used as a priority, then the parser will be optimal. Inipafar, when the goal edge is
removed, its score will correspond the most likely parsee proof is a generalization of
the proof of Dijkstra’s algorithm (uniform-cost searchiydais omitted for space reasons

3The score of such a rule in the factored model would be the P&ft@e for S—> NP VP,
combined with the score fot takingy as a dependent and the left and right STOP scoreg. for

4The head position variable often, as in our case, also seetife head’s tag.

SEisner and Satta [9] propose a clev@m?) modification which separates this process into two
steps by introducing an intermediate object. However, ¢e®(n%) formulation is impractical for
exhaustive parsing with broad-coverage, lexicalizedsek grammars. There are several reasons for
this: the constant factor due to the grammar is huge (thesargars often contain tens of thousands
of rules once binarized), and larger sentences are morky ligecontain structures which unlock
increasingly large regions of the grammar ([10] describ@ws this can cause the sentence length
to leak into terms which are analyzed as constant, leadiregrpirical growth far faster than the
predicted bounds). We did implement a version of this panserg theO(n%) formulation of [9],
but, because of the effectiveness of the A* estimate, it g marginally faster; see section 4.



. Extract the PCFG sub-model and set up the PCFG parser.

Use the PCFG parser to find outside scaigsrg(e) for each edge.

. Extract the dependency sub-model and set up the depgnparser.
Use the dependency parser to find outside sagsgp(e) for each edge.
. Combine PCFG and dependency sub-models into the lezéchfhodel.
. Form the combined outside estimate) = apcrg€) + apep(€)

. Use the lexicalized A* parser, witie) as an A* estimate ok (e)
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Figure 3: The top-level algorithm and an illustration ofidesand outside scores.

PCFG Model | Precision Recall F Exact Match Dependency Mode| Dependency Acd
PCFG-BASIC 75.3 70.2 727 11.0 DEP-BASIC 763
PCFG-PA 78.4 76.9 7.7 18.5 DEP-VAL 85.0
PCFG-LING 83.7 821 829 25.7 :
(a) The PCFG Model (b) The Dependency Model

Figure 4: Performance of the sub-models alone.

(but givenin [13]). However, removing edges by inside sésimot practical (see section 4
for an empirical demonstration), because all small edgdsuprhaving better scores than
any large edges. Luckily, the optimality of the algorithrmigns if, rather than removing

items from the agenda by their best inside scores, we addbsethcores any optimistic
(admissible) estimate of the cost to complete a parse usatgtem. The proof of this is a

generalization of the proof of the optimality of A* search.

To our knowledge, no way of generating effective, admigs#i estimates for lexicalized
parsing has previously been propo$edowever, because of the factored structure of
our model, we can use the results of the sub-models’ parsgiveous quite sharp A*
estimates. Say we want to know the outside score of an@dfjeat score will be the score
a(Te, De) (a logprobability) of a certain structu(@e, De) outside ofe, whereTe and D¢
are a compatible pair. From the initial phases, we know tlaetscores of the overall best
T. and the besbD;, which can occur outside @, though of course it may well be thag
andDj are not compatible. Howeverpcra(Te) < apcra(T¢) andapep(De) < apep(Dy),
and sax(Te, De) = apcra(Te) + epep(De) < apcra(Ta) + apep(Dg). Therefore, we can
use the sum of the sub-models’ outside scoaés), = apcra(Tg) + apep(Dg), as an upper
bound on the outside score for the combined model. Sincedgisonable to assume that
the two models will be broadly compatible and will genergltefer similar structures, this
should create a sharp A* estimate, and greatly reduce thk meeded to find the goal
parse. We give empirical evidence of this in section 4.

4 Empirical Performance

In this section, we demonstrate that (i) the factored megelising performance is compa-
rable to non-factored models which use similar featur@sth@re is an advantage to exact
inference, and (iii) the A* savings are substantial. Fingt,give parsing figures on the stan-
dard Penn treebank parsing task. We trained the two subimsdparately, on sections
02-21 of the WSJ section of the treebank. The numbers reploete are the result of then
testing on section 23 (length 40). The treebank only supplies node labels (like NP) and

6The basic idea of changing edge priorities to more effelgtigeiide parser work is standardly
used, and other authors have made very effective use of isailile estimates. [2] uses extensive
probabilistic pruning — this amounts to giving pruned edgésitely low priority. Absolute pruning
can, and does, prevent the most likely parse from beingrretuat all. [14] removes edges in order of
estimates of their correctness. This, too, may result ifiteeparse found not being the most likely
parse, but it has another more subtle drawback: if we hol& bacdgee for too long, we may use
e to build another edgé in a new, better way. If has already been used to construct larger edges,
we must then propagate its new score upwards (which caretrgidl further propagation).



PCFG Model Dependency Modg¢lPrecision Recall F Exact Match| Dependency Acd
PCFG-BASIC DEP-BASIC 80.1 782 791 16.7 87.2
PCFG-BASIC DEP-VAL 82.5 815 820 17.7 89.2
PCFG-PA DEP-BASIC 82.1 82.2 821 23.7 88.0
PCFG-PA DEP-VAL 84.0 85.0 845 248 89.7
PCFG-LING DEP-BASIC 85.4 848 85.1 304 90.3
PCFG-LING DEP-VAL 86.6 86.8 86.7 32.1 91.0

PCFG Model Dependency ModelThresholdedd F;  Exact Match| Dependency Acd
PCFG-LING DEP-VAL No 86.7 32.1 91.0
PCFG-LING DEP-VAL Yes 86.5 31.9 90.8

Figure 5: The combined model, with various sub-models, aititfwithout thresholding.

does not contain head information. Heads were calculateglaich node according to the
deterministic rules given in [2]. These rules are broadlyect, but not perfect.

We effectively have three parsers: the PCFG (sub-)parseichaproduces nonlexical
phrase structures like figure 1a, the dependency (subéeparkich produces dependency
structures like figure 1b, and the combination parser, whitciduces lexicalized phrase
structures like figure 1c. The outputs of the combinatios@acan also be projected down
to either nonlexical phrase structures or dependencytstes: We score the output of our
parsers in two ways. First, the phrase structure of the PGflZambination parsers can
be compared to the treebank parses. The parsing measurésrstig used for this task are
labeled precision and recdllWe also report E, the harmonic mean of these two quanti-
ties. Second, for the dependency and combination parsersaw score the dependency
structures. A dependency structubeis viewed as a set of head-dependent péirsl),
with an extra dependengyoot, x) whereroot is a special symbol and is the head of
the sentence. Although the dependency model generatesfggptech tags as well, these
are ignored for dependency accuracy. Punctuation is needcoSince all dependency
structures oven non-punctuation terminals containdependenciesi(— 1 plus the root
dependency), we report only accuracy, which is identicdddth precision and recall. It
should be stressed that the “correct” dependency strigttireugh generally correct, are
generated from the PCFG structures by linguistically nadéd, but automatic and only
heuristic rules.

Figure 4 shows the relevant scores for the various PCFG apendency parsers alofe.
The valence model increases the dependency model’s agduat 76.3% to 85.0%, and
each successive enhancement improves thaf the PCFG models, from 72.7%to 77.7%
to 82.9%. The combination parser’s performance is givengiaré 5. As each individual
model is improved, the combination 5 also improved, from 79.1% with the pair of basic
models to 86.7% with the pair of top models. The dependencyracy also goes up:
from 87.2% to 91.0%. Note, however, that even the pair ofdasidels has a combined
dependency accuracy higher than the enhanced dependedeyaune, and the top three
have combined fbetter than the best PCFG model alone. For the top pair, fi§cre
illustrates the relative fof the combination parser to the PCFG component alone, stgowi
the unsurprising trend that the addition of the dependenagiehhelps more for longer
sentences, which, on average, contain more attachmengaitybiThe top kit of 86.7%

is greater than that of the lexicalized parsers present¢tl5inl6], but less than that of
the newer, more complex, parsers presented in [3, 2], whdahhr as high as 90.1% F

“Atree T is viewed as a set of constituert€T). Constituents in the correct and the proposed
tree must have the same start, end, and label to be considergatal. For this measure, the lexical
heads of nodes are irrelevant. The actual measures usectaited in [15], and involve minor
normalizations like the removal of punctuation in the congz.

8The dependency model is sensitive to any preterminal atiootétag splitting) done by the
PCFG model. The actual value bEpP-vAL shown corresponds ®CFG-LING.
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However, it is worth pointing out that these higher-accygarsers incorporate many finely
wrought enhancements which could presumably be extractédapplied to benefit our
individual models’

The primary goal of this paper is notto present a maximatgtlparser, but to demonstrate
a method for fast, exact inference usable in parsing. Gitenimpracticality of exact
inference for standard parsers, a common strategy is toa&@FG backbone, extract a
set of top parses, either the tpor all parses within a score threshold of the top parse,
and rerank them [3, 17]. This pruning is done for efficienty tjuestion is whether it is
hurting accuracy. That is, would exact inference be prélefaFigure 5 shows the result
of parsing with our combined model, using the best model pairwith the A* estimates
altered to block parses whose PCFG projection had a scdtefuithan a thresholdl = 2

in log-probability from the best PCFG-only parse. Both letdm and exact-match rate
are lower for the thresholded parses, which we take as amengifor exact inferenct

We conclude with data on the effectiveness of the A* methagure 6a shows the average
number of edges extracted from the agenda as sentence langthses. Numbers both
with and without using the A* estimate are shown. Clearlg tmiform-cost version of
the parser is dramatically less efficient; by sentence kehgtit extracts over 800K edges,
while even at length 40 the A* heuristics are so effective thrdy around 2K edges are
extracted. At length 10, the average number is less thanr@Dthee fraction of edges not
suppressed is better than 1/10K (and improves as sentemgth limcreases). To explain
this effectiveness, we suggest that the combined parsiagepis really only figuring out
how to reconcile the two models’ preferendésThe A* estimates were so effective that
even with our object-heavy Java implementation of the coedbiparser, total parse time
was dominated by the initial, array-based PCFG phase (see fiip)12

9For example, the dependency distance function of [2] regigtunctuation and verb counts, and

both smooth the PCFG production probabilities, which canldrove the PCFG grammar.

10while pruning typically buys speed at the expense of someracy (see also, e.g., [2]), pruning
can also sometimes improve :FCharniak et al. [14] find that pruning based on estimate$i@ts)
raises accuracy slightly, for a non-lexicalized PCFG. Aeythote, their pruning metric seems to
mimic Goodman’s maximum-constituents parsing [18], whichximizes the expected number of
correct nodes rather than the likelihood of the entire pdrsany case, we see it as valuable to have
an exact parser with which these types of questions can kestigated at all for lexicalized parsing.

1INote that the uniform-cost parser does enough work to expieishared structure of the dynamic
program, and therefore edge counts appear to grow polytigmidowever, the A* parser does so
little work that there is minimal structure-sharing. ltgeccounts therefore appear to grexponen-
tially over these sentence lengths, just like a hon-dynamic-gnogning parser’s would. With much
longer sentences, or a less efficient estimate, the polyaldmhavior would reappear.

12The average time to parse a sentence with the best model cdoMHEZSPentium 111 with 2GB
RAM was: for 20 words, PCFG 13 sec, dependencies 0.6 sec,isatidn 0.3 sec; 40 words, PCFG
72 sec, dependencies 18 sec, combination 1.6 sec.



5 Conclusion

The framework of factored models over lexicalized treesdea®ral advantages. It is con-
ceptually simple, and modularizes the model design anchatitin problems. The concrete
model presented performs comparably to other, more compdexexact models proposed,
and can be easily extended in the ways that other parser mbde¢ been. Most impor-
tantly, it admits a novel A* parsing approach which allowstfaxact inference of the most
probable parse.
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