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Abstract

This paper describes a statistical model
for syntactic parsing and word-sense dis-
ambiguation. We present the motivation
for our combined approach to these two
previously-separate areas, a detailed ac-
count of the model itself and �nally some
initial results.

1 Introduction

In this paper we describe a generative, statisti-
cal model for simultaneously producing syntactic
parses and word senses in sentences. We begin
by motivating this new approach to these two,
previously-separate problems, then, after review-
ing previous work in these areas, we describe our
model in detail. Finally, we will present the re-
sults of our �rst attempt and the direction of fu-
ture work.

2 Motivation for the Approach

2.1 Motivation from examples

Consider the following examples:

1. IBM bought Lotus for $200 million.

2. Sony widened its product line with personal
computers.

3. The bank issued a check for $100,000.

4. Apple is expecting [NP strong results].

5. IBM expected [SBAR each employee to wear
a shirt and tie].

With Example 1, the reading [IBM bought [Lotus
for $200 million]] is nearly impossible, for the sim-
ple reason that a monetary amount is a likely in-
strument for buying and not for describing a com-
pany. Similarly, there is a resaonably strong pref-
erence in Example 2 for [PP with personal com-
puters] to attach to widened, on account of the se-
mantic fact that personal computers are products

with which a product line could be widened. As
pointed out by (Stetina and Nagao, 1997), word
sense information can be a proxy for the semantic-
and world-knowledge we as humans bring to bear
on attachment decisions such as these.

Conversely, both the syntactic and semantic
context in Example 3 let us know that bank is not
a river bank and that check is not a restaurant
bill. In Examples 4 and 5, knowing that the com-
plement of expect is an NP or an SBAR provides
information as to whether the sense is �await� or
�require�. Thus, Examples 3�5 illustrate how the
syntactic context of a word can help determine its
meaning.

2.2 Motivation from previous work

2.2.1 Parsing

In recent years, the success of statistical pars-
ing techniques can be attributed to several factors,
one of the most important of which is the use of
bilexical dependencies ((Magerman, 1995), (Rat-
naparkhi, 1997), (Collins, 1996), (Collins, 1997),
(Charniak, 1997)). Even more crucially, the bilex-
ical dependencies involve head-modi�er relations
(or simply, �head relations�). The intuition be-
hind the lexicalization of a grammar formalism
is to capture lexical items' idiosyncratic parsing
preferences. The intuition behind using heads as
the members of the bilexical relations is twofold.
First, many linguistic theories tell us that the head
of a phrase projects the skeleton of that phrase,
to be �lled in by speci�ers, complements and ad-
juncts; such a notion is captured quite directly
by a formalism such as Lexicalized Tree-Adjoining
Grammars (Joshi and Schabes, 1997). Second, the
head of a phrase usually conveys some large com-
ponent of the semantics of that phrase.1 In this
way, using head-relation statistics encodes a bit of

1Heads originated this way, but it has become nec-
essary to distinguish semantic heads, such as nouns
and verbs, from functional heads, such as determin-
ers, INFL's and complementizers. In this paper, we
almost always intend �head� to mean �semantic head�.



the predicate-argument structure in the syntactic
model.
Another motivation for incorporating word

senses into a statistical parsing model has been to
alleviate the bain of statistical parsing methods,
sparse data. Inspired by the PP-attachment work
of (Stetina and Nagao, 1997), we use WordNet
v1.6 (Miller et al., 1990) as our semantic dictio-
nary, where the hypernym structure provides the
basis for semantically-motivated soft clusters.

2.2.2 Word-sense disambiguation

While there has been much work in this area,
let us examine the features used in recent sta-
tistical approaches. (Yarowsky, 1992) uses wide
�bag-of-words� contexts with a naive Bayes classi-
�er. (Yarowsky, 1995) also uses wide context, but
incorporates the one-sense-per-discourse and one-
sense-per-collocation constraints, using an unsu-
pervised learning technique. The supervised tech-
nique in (Yarowsky, 1994) has a more speci�c no-
tion of context, employing not just words that
can appear within a window of �k, but crucial-
ly words that abut and fall in the �2 window
of the target word. More recently, (Lin, 1997)
has shown how syntactic context, and dependency
structures in particular, can be successfully em-
ployed for word sense disambiguation. Finally,
(Stetina and Nagao, 1997) have shown that by
employing a fairly simple and somewhat ad-hoc
unsupervised method of WSD using a WordNet-
based similarity heuristic, they could enhance PP-
attachment performance to a signi�cantly higher
level than systems that made no use of lexical se-
mantics (88.1% accuracy).

3 The Model

3.1 Overview

The parsing model we started with was extract-
ed from BBN's SIFT system (Miller et al., 1998),
which we brie�y present again here, using exam-
ples from Figure 1 to illustrate the model's pa-
rameters. The BBN model is closely derived from
Model 2 of (Collins, 1997).2

The model generates the head of a constituent
�rst, then each of the left- and right-modi�ers,

2For those intimately familiar with Model 2 of
(Collins, 1997), the primary di�erences are that the
BBN model does not make argument/adjunct distinc-
tions, nor does it use subcat frames, nor does it use the
distance metric or have separate punctuation or coor-
dination parameters. Instead, the BBN model sim-
ply uses bigram probabilities when generating modi�-
er nonterminals (Model 2 of (Collins, 1999) uses this
type of dependency, but only within its BaseNP mod-
el).

generating from the head outward, using a bigram
model of node labels. More formally, the lexical-
ized PCFG that sits behind the parsing model has
rules of the form

P ! LnLn�1 � � �L1HR1 � � �Rn�1Rn (1)

where P , H , Li and Ri are all lexicalized non-
terminals, i.e., of the form Yhw; t; fi, where Y

is a traditional CFG nonterminal and hw; t; fi is
the word�part-of-speech�word-feature triple that
is the head of the phrase denoted by Y .3 The
lexicalized nonterminal H is so named because
it is the head constituent, where P inherits its
head triple from this head constituent. The con-
stituents labeled Li and Ri are left- and right-
modi�er constituents, respectively.

3.2 Probability structure of the original

model

We use the lower-case of identi�ers that appear
in (1) to refer to the de-lexicalized nonterminal
labels.4 We now present the top-level generation
probabilities, along with examples from Figure 1.
Due to space constraints, we omit the smoothing
details of BBN's model (see (Miller et al., 1998) for
a complete description); we note that all smooth-
ing weights are computed via the technique de-
scribed in (Bikel et al., 1997).
As with most lexicalized PCFG�derived mod-

els, all trees have an implicit +TOP+ node; this
is a convenient mechanism to ensure the grammar
is consistent, that is, that the probabilities of all
possible trees sum to 1.

P (p j+TOP+) , e.g., P (S j+TOP+) (2)

P (h j p), e.g., P (V P jS) (3)

PL(li j li�1; p; h; wh), e.g., (4)

PL(NP jADV P; S; V P; caught)

(when generating the NP for NP(boy�NN)) and

PR(ri j ri�1; p; h; wh), e.g., (5)

PR(NP j+BEGIN+; V P; V BD; caught)
3The word feature is a vector of orthographic and

morphological features of the word and is computed
deterministically at run-time. The inclusion of the
word feature in the BBN model was due to the work
described in (Weischedel et al., 1993), where word fea-
tures helped reduce part of speech ambiguity for un-
known words.

4That is, p will denote the single nonterminal that
forms the LHS of a rule (the parent constituent), h
will denote the head nonterminal of the RHS of a rule
and li and ri will denote left- and right-modi�er non-
terminals. Additionally, we will denote head words
of head constituents wh, head words of modi�er con-
stituents wli

, wri
and similarly for part of speech tags

(th, tli , tri) and word features (fh,fli ,fri).



S(caught�VBD)

NP(boy�NN)

DET

The

NN

boy

ADVP(also�RB)

RB

also

VP(caught�VBD)

VBD

caught

NP(ball�NN)

DET

the

NN

ball

Figure 1: A sample sentence with parse tree.

(when generating the NP for NP(ball�NN)).5

The probabilities for generating lexical elements
(part-of-speech tags, words and word features) are
as follows. The part of speech tag of the head of
the entire sentence, th, is computed conditioning
only on the top-most symbol p:

P (th j p): (6)

Part of speech tags of modi�er constituents, tli
and tri , are predicted conditioning on the modi-
�er constituent li or ri, the tag of the head con-
stituent, th, and the word of the head constituent,
wh:

P (tli j li; th; wh) andP (tri j ri; th; wh): (7)

The head word of the entire sentence, wh, is pre-
dicted conditioning only on the top-most symbol
p and th:

P (wh j th; p): (8)

Head words of modi�er constituents, wli and wri ,
are predicted conditioning on all the context used
for predicting parts of speech in (7), as well as the
parts of speech themsleves:

P (wli j tli ; li; th; wh)

and P (wri j tri ; ri; th; wh): (9)

The word feature of the head of the entire sen-
tence, fh, is predicted conditioning on the top-
most symbol p, its head word, wh, and its head
tag, th:

P (fh jwh; th; p): (10)

Finally, the word features for the head words of
modi�er constituents, fli and fri , are predicted
conditioning on all the context used to predict

5The hidden nonterminal +BEGIN+ is used to
provide a convenient mechanism for determining the
initial probability of the underlying Markov process
generating the modifying nonterminals; the hidden
nonterminal +END+ is used to provide consistency to
the underlying Markov process, i.e., so that the proba-
bilities of all possible nonterminal sequences sum to 1.

modi�er head words in (9), as well as the mod-
i�er head words themselves:

P (fli j known(wli); tli ; li; th; wh) (11)

and P (fri j known(wri); tri ; ri; th; wh):

The function known(x) is a predicate that returns
true if word x was observed during training, false
otherwise.
The probability of an entire parse tree is the

product of the probabilities of generating all of
the elements of that parse tree, where an element
is either a constituent label, a part of speech tag,
a word or a word feature. All probabilities are
computed via maximum-likelihood estimates us-
ing frequencies gathered from the training data.

4 Word-sense Extensions to the

Lexical Model

The desired output structure of our combined
parser/word-sense disambiguator is a standard,
Treebank-style parse tree, where the words not
only have parts of speech, but also WordNet syn-
sets.6 Incorporating synsets into the lexical part
of the model is fairly straightforward: a synset is
yet another element to be generated. The ques-
tion is when to generate it. The lexical model has
decomposed the generation of the hw; t; fi triple
into three steps, each conditioning on all the his-
tory of the previous step. While it is probabilisti-
cally identical to predict synsets at any of the four
possible points if we continue to condition on all
the history at each step, we would like to pick the
point that is most well-founded both in terms of
the underlying linguistic structure and in terms

6A synset is WordNet parlance for a set of synony-
mous words in the WordNet database. Synsets have
various relations among them in the database, the
most important of which in the context of the present
work is the hypernym relation, which is corresponds to
the IS-A relation in other knowledge hierarchies. The
inverse relation is the hyponym relation.



of what can be well-estimated. In Section 2.2.1
we mentioned the soft-clustering aspect of synsets;
in fact, they have a duality. On the one hand,
they serve to add speci�city to what might other-
wise be an ambiguous lexical item; on the other,
they are sets, clustering lexical items that have
similar meanings. Even further, noun and verb
synsets form a concept taxonomy, the hypernym
relation forming a partial ordering on the lemmas
contained in WordNet. The former aspect corre-
sponds roughly to what we as human listeners or
readers do: we hear or see a sequence of words in
context, and determine incrementally the partic-
ular meaning of each of those words. The latter
aspect corresponds more closely to a mental mod-
el of generation: we have a desire or intention to
convey, we choose the appropriate concepts with
which to convey it, and we realize that desire or
intention with the most felicitous syntactic struc-
ture and lexical realizations of those concepts. As
this is a generative model, we generate a word's
synset after generating the part of speech tag but
before generating the word itself.
The synset of the head of the entire sentence,

sh is predicted conditioning only on the top-most
symbol p and the head tag, th:

P (sh j th; p): (12)

We accordingly changed the probability of gener-
ating the head word of the entire sentence to be

P (wh j sh; th; p): (13)

The probability estimates for (12) and (13) are
not smoothed.
The probability model for generating synsets of

modi�er constituents mi, complete with smooth-
ing components, is as follows:

P̂ (smi
j tmi

;mi; wh; sh) = (14)

�0P̂ (smi
j tmi

;mi; wh; sh)

+ �1P̂ (smi
j tmi

;mi; sh)

+ �2P̂ (smi
j tmi

;mi;@
1(sh))

+ � � �

+ �n+1P̂ (smi
j tmi

;mi;@
n(sh))

+ �n+2P̂ (smi
j tmi

;mi)

+ �n+3P̂ (smi
j tmi

)

where @i(sh) is the ith hypernym of sh. The
WordNet hypernym relations, however, do not
form a tree, but a directed acyclic graph, so when-
ever there are multiple hypernyms, the uniformly-
weighted mean is taken of the probabilities condi-
tioning on each of the hypernyms. That is,

P̂ (smi
j tmi

;mi;@
j(sh)) = (15)

1

n

nX

k=1

P̂ (smi
j tmi

;mi;@
j
k(sh))

when@j(sh) = f@j
1(sh); : : : ; @

j
n(sh)g:

Note that in the �rst level of back-o�, we no
longer condition on the head word, but strictly on
its synset, and thereafter on hypernyms of that
synset; these models, then, get at the heart of our
approach, which is to abstract away from lexical
head relations, and move to the more general se-
mantic relations, here represented by synset rela-
tions.
Now that we generate synsets for words using

(14), we can also change the word generation mod-
el to have synsets in its history:

P̂ (wmi
j smi

; tmi
;mi; wh; sh) = (16)

�0P̂ (wmi
j smi

; tmi
;mi; wh)

+ �1P̂ (wmi
j smi

; tmi
;mi; sh)

+ �2P̂ (wmi
j smi

; tmi
;mi;@

1(sh))

+ � � �

+ �n+1P̂ (wmi
j smi

; tmi
;mi;@

n(sh))

+ �n+2P̂ (wmi
j smi

; tmi
;mi)

+ �n+3P̂ (wmi
j smi

; tmi
)

+ �n+4P̂ (wmi
j smi

)

where once again, @i(sh) is the i
th hypernym of

sh. For both the word and synset prediction mod-
els, by backing o� up the hypernym chain, there
is an appropriate con�ation of similar head rela-
tions. For example, if in training the verb phrase
[strike the target] had been seen, if the unseen
verb phrase [attack the target] appeared during
testing, then the training from the semantically-
similar training phrase could be used, since this
sense of attack is the hypernym of this sense of
strike.

5 Training

Ideally, there would be a gold standard corpus
that contained both syntactic and word sense in-
formation. Alas, such a combined corpus does not
exist, and developing one by hand or even by boot-
strapping would be quite expensive, as evinced by
the labor required to produce the Penn Treebank
and other, similar parsing resources that were pro-
duced by correcting automatic parses. Instead,
we have a gold standard syntactic corpus, in the
form of the Penn Treebank (Marcus et al., 1993),
and we have a completely disjoint word sense cor-
pus, SemCor (Miller et al., 1994),7 with a reported
inter-annotator agreement of 78.6% overall, and as
low as 70% for words with polysemy of 8 or above
(Fellbaum et al., 1998). This makes training a

7SemCor is a 455k-word section of the Brown Cor-
pus where each noun, verb, adjetive and adverb has
been human-annotated with a WordNet synset.



non-trivial issue. We deal with it by adopting a
technique very loosely inspired by the Co-Training
framework (Blum and Mitchell, 1998). In that pa-
per, the application of the framework was to the
classi�cation of HTML documents, where a doc-
ument was seen to have two �views�, one de�ned
by the bag of words in all hyperlinks to the docu-
ment, the other the bag of words in the document
itself. In our case, we consider a word to have
two �views�, the �rst being the lexicosyntactic re-
lationship with its modi�ers given in the Penn
Treebank, and the second being the synsets of its
modi�ers given in SemCor. We would like to co-
train the synset- and word-generation probability
models to be consistent with the contexts provid-
ed in both Treebank and SemCor. To this end,
we employ the following expedient�albeit non-
rigorous�method:

1. Train the syntactic parsing model on the
Penn Treebank.

2. Parse the unannotated portion of the Brown
corpus that comprises SemCor. This step is
an automatic means to add syntactic infor-
mation to SemCor.

3. Merge the synset information of SemCor into
the parse trees from Step 2. This step yields
a corpus with human-annotated word senses
and machine-generated parse trees.8

4. Train the combined parsing/word sense dis-
ambiguation model on this merged corpus.

5. Using the combined model, parse all of the
training portion of Treebank, constraining
all output parses to have the correct bra-
cketing and part of speech tags. This step
adds word senses to all the content words in
the Penn Treebank, yielding a corpus with
human-annotated parse trees and machine-
generated word senses.

8Here we were forced to make two decisions. First,
SemCor allows multiple synsets to be assigned to a
particular word; in these cases, we simply discard al-
l but the �rst assigned synset. Second, WordNet has
collocations, whereas Treebank does not. To deal with
this disparity, we re-analyze annotated collocations as
a sequence of separate words that have all been as-
signed the same synset as was assigned the colloca-
tion as a whole. This is not as unreasonable as it may
sound; for example, vice_president is a lemma in
WordNet and appears in SemCor, so the merged cor-
pus has instances where the word presdient has the
synset vice_president_1, but only when preceded by
the word vice. The drawback is that this introduces
additional polysemy for lemmas that happen to com-
prise WordNet collocations.

6. Test syntactic parsing performance on a held-
out Treebank development test set (Section
22).

7. Using the combined model, parse all of Sem-
Cor, constraining all word senses to be those
annotated.

8. Repeat from Step 5, stopping at Step 6 when
performance reaches a local maximum, or
when time runs out.9

The idea is that at each iteration, Step 5 con-
strains the syntactic parameters of the combined
model using human-annotated training, and Step
7 constrains the word-sense parameters of the
combined model using human-annotated training,
with the hope of converging on a combined model
that is �optimal� for both syntax and word-sense.
The reader may notice that Step 6 has no ana-
logous test in the word sense disambiguation do-
main. This is not an oversight; rather, syntax,
in addition to being more well understood than
word sense, has well-established testing metrics
and a more consistent gold standard (Treebank)
than does word sense (SemCor).

6 Decoding

Even though the model is a top-down, genera-
tive one, parsing proceeds bottom-up. The mod-
el is searched via a modi�ed version of CKY,10

where candidate parse trees that cover the same
span of words are ranked against each other. Two
forms of pruning are employed: a beam is applied
to each cell in the chart, pruning away all pars-
es whose ranking score is not within a factor of
e�5 � 0:0067 of the top-ranked parse, and only
the top-ranked 25 subtrees are maintained, and
the rest are pruned away.

7 Initial Results

We only had time to perform two iterations of
the ad-hoc but computationally-expensive �co-
training� procedure; this yielded no signi�cant
change in parsing performance of the model
(which was: labeled R83.28, P84.06 on the 1574
sentences of length � 40 in our development test
set, Section 22 of the Penn Treebank). In addition

9While this procedure is expedient from an engi-
neering standpoint, it is rather compute-intensive.

10The Cocke-Kasami-Younger parsing algorithm is
a dynamic programming approach to parsing CFG's
in Chomsky Normal Form that is guaranteed to de-
liver all possible parses in O(n3) time, where n is the
number of terminals.



to having so few iterations of the training proce-
dure, we believe that bugs may still remain in our
code to account for lack of parsing improvement.
Also the default beam width of the BBN model
may have been too narrow for the combined mod-
el. The model does however produce what ap-
pear to be plausible synset assignments to words.
Trained on the �rst 99% of the articles that com-
prise SemCor and tested on the last 198 sentences,
it has a recall of 76.9% and a precision of 63.2%
for exact synset matches overall, for all four Word-
Net parts of speech (nouns, verbs, adjectives and
adverbs).11 Since generalized word sense disam-
biguation is a new problem, this should be consid-
ered a baseline, and we are currently investigating
proper evaluation metrics for WordNet-sense as-
signment, such as the information-theoretic met-
ric proposed in (Lin, 1997).

After the subsmission of this paper, we have ob-
tained newer results using a di�erent training/test
set and a di�erent training procedure; please see
http://www.cis.upenn.edu/~dbikel/

wn-parsing-aug-2000.ps for a full description of
these newer results.

8 Future Work

This paper represents a �rst attempt at a com-
bined parsing/word sense disambiguation model.
Although it has been very useful to work with the
BBN model, we are currently implementing and
hope to augment a more state-of-the-art model,
viz., Model 2 of (Collins, 1997). We would al-
so like to explore the use of a more radical mod-
el, where nonterminals only have synsets as their
heads, and words are generated strictly at the
leaves. Additionally, we would like to incorpor-
ate more semantically-motivated dependencies in
the model, such as trilexical or even tetralexical
dependencies among heads. For example, where-
as PP attachment methods such as (Stetina and
Nagao, 1997) and (Collins and Brooks, 1995) use
quadruples of head words, the model presented
here never predicts a head conditioning on more
than simply the parent head�a bad independence
assumption for the purpose of PP attachment. Fi-
nally, we would like to investigate the incorpo-
ration of unsupervised methods for WSD, such
as the heuristically-based boostrapping method

11The low recall appears to be due to the large num-
ber of unknown words in the test data not getting
synsets (including proper names), as well as function
words (such as �of�) that appear in collocations (see
footnote 8). This precision number is also unfortu-
nately not comparable to those from SensEval, as it
does include some monosemous words.

of (Stetina and Nagao, 1997) and the theoreti-
cally purer bootstrapping method of (Yarowsky,
1995). Bolstered by the success of (Stetina and
Nagao, 1997) and (Lin, 1997), we believe there is
great promise the incorporation of word-sense into
a probabilistic parsing model.
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