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Abstract be extremely sparse, even for a language like En-

glish with a large treebank resource like the Penn

We present an approach for smoothing
treebank-PCFG lexicons by interpolating
treebank lexical parameter estimates with
estimates obtained from unannotated data
via the Inside-outside algorithm. The
PCFG has complex lexical categories,
making relative-frequency estimates from
a treebank very sparse. This kind of
smoothing for complex lexical categories
results in improved parsing performance,
with a particular advantage in identify-
ing obligatory arguments subcategorized
by verbs unseen in the treebank.

Treebank (PTB) (Marcus et al., 1993). Smoothing
a treebank lexicon with an external wide-coverage
lexicon is problematic due to their respective rep-
resentations being incompatible and without an
obvious mapping, assuming that the external lexi-
con is probabilistic to begin with. In this paper, we
start with a treebank PCFG with fine-grained lex-
ical categories antk-estimate its parameters on a
large corpus of unlabeled data. We then use re-
estimates of lexical parameters (i.e. pre-terminal
to terminal rule probabilities) to smooth the orig-
inal treebank lexical parameters by interpolation
between the two. Since the treebank PCFG itself is

used to propose analyses of new data, the mapping
problem is inherently taken care of. The smooth-

Lexical scarcity is a problem faced by all sta-ing procedure takes into account the fact that unsu-
tistical NLP applications that depend on anno-Pervised estimation has benefits for unseen or low-

tated training data, including parsing. One Wayfrequency lexical items, but the treebank relative-
of alleviating this problem is to supplement Super_frequency estimates are more reliable in the case
vised models with lexical information from unla- Of high-frequency items.
beled data. In this paper, we present an approa
for smoothing the lexicon of a treebank PCFGC£I Treebank PCFG
with frequencies estimated from unannotated datén order to have fine-grained and linguistic lexi-
with Inside-outside estimation (Lari and Young, cal categories (like CCG) within a simple formal-
1990). The PCFG is an unlexicalised PCFG, buism with well-understood estimation methods, we
contains complex lexical categories (akinge first build a PCFG containing such categories from
pertags in LTAG (Bangalore and Joshi, 1999) or the PTB. The PCFG is unlexicalised (with lim-
CCG (Clark and Curran, 2004)) encoding struc-ited lexicalization of certain function words, like
tural preferences of words, like subcategorizationin Klein and Manning (2003)). It is created by
The idea behind unlexicalised parsing is that thdirst transforming the PTB (Johnson, 1998) in an
syntax and lexicon of a language are largely indeappropriate way and then extracting a PCFG from
pendent, being mediated by “selectional” properthe transformed trees (Deoskar and Rooth, 2008).
ties of open-class words. This is the intuition be-All functional tags in the PTB (such as NP-SBJ,
hind lexicalised formalisms like CCG: here lexical PP-TMP, etc.) are maintained, as are all empty
categories are fine-grained and syntactic in natureategories, making long-distance dependencies re-
Once a word is assigned a lexical category, theoverable. The PCFG is trained on the standard
word itself is not taken into consideration further training sections of the PTB and performs at the
in the syntactic analysis. Fine-grained categoriestate-of-the-art level for unlexicalised PCFGs, giv-
imply that lexicons estimated from treebanks willing 86.6% f-score on Sec. 23.

1 Introduction

214

Proceedings of the 11th International Conference on Parsing Technologies (IWPT), pages 214-217,
Paris, October 2009. (©)2009 Association for Computational Linguistics



VBGSeto ---Sedto Vb.sbe--—--- SBAR

VB.np __.---NP PP-TMP PP-‘CLR | Aa | /\
|4 seeking___ think ¢+ S
add’ fourmore by 1994 tothe T +E-NP+ /VP-Q
Boeings two units. the consumer
(@) An NP PP subcategorization frame marked onthe T T0 VP is right
\C/:eLrg “add” as?p.f lt\lhote thbat t?e ar_gurpentfs NP andg P- t|0 ﬁ (c) An SBAR frame: +C+ is the
are part of the subcategorization frame and|gre T i
P g f@ An S frame on the verb “seeking”: +EEMPtY complementizer.

represented locally on the verb but the adjunct .
TI\EI)P is not. Y : NP+ represents the empty subject of the

S. Note that structure internal to S is also
marked on the verb.

Figure 1: Subcategorized structures are marked as feainri®e verbal POS category.

An important feature of our PCFG is that pre- compared models for which all PCFG parameters
terminal categories for open-class items like verbswere re-estimated from raw data to models for
nouns and adverbs are more complex than PTBhich only lexical parameters were re-estimated,
POS tags. They encode information about theand found that the latter had better parsing results.
structure selected by the lexical item, in effect,While it is common to constrain EM either by
its subcategorization frame. A pre-terminal in ourgood initial conditions or by heuristic constraints,
PCFG consists of the standard PTB POS tag, foltheir approach used syntactic parameters from a
lowed by a sequence of features incorporated intereebank model to constrain re-estimation of lex-
it. Thus, each PTB POS tag can be considered tiwal parameters. Syntactic parameters are rela-
be divided into multiple finer-grained “supertags” tively well-estimated from a treebank, not being as
by the incorporated features. These features ersparse as lexical parameters. At each iteration, the
code the structure selected by the words. We fore-estimated lexicon was interpolated with a tree-
cus on verbs in this paper, as they are importanbank lexicon, ensuring that re-estimated lexicons
structural determiners. A sequence of one or mordid not drift away from the treebank lexicon.
features forms the “subcategorization frame” of a We follow their methodology of constrained
verb: three examples are shown in Figure 1. Th&M re-estimation. Using the PCFG with fine
features are determined by a fully automated protexical categories (as described §B) as the ini-
cess based on PTB tree structure and node labelgal model, we re-estimate its parameters from an
There are 81 distinct subcategorization frames founannotated corpus. The lexical parameters of
verbal categories. The process can be repeated feie re-estimated PCFG form its probabilistic “lex-
other languages with a treebank annotated in thigon”, containing the same fine-grained categories
PTB style which marks arguments like the PTB. as the original treebank PCFG. We use this re-

estimated “lexicon” to smooth the lexical proba-
3 Unsupervised Re-estimation bilities in the treebank PCFG.

Inside-outside (henceforth I-O) (Lari and Young,4 Smoothing based on a POS tagger : the
1990), an instance of EM, is an iterative estima-  initial model.

tion method for PCFGs that, given an initial model

and a corpus of unannotated data, produces modh order to use the treebank PCFG as an initial
els that assign increasingly higher likelihood tomodel for unsupervised estimation, new words
the corpus at each iteration. 1-O often leads tdrom the unannotated training corpus must be in-
sub-optimal grammars, being subject to the wellcluded in it — if not, parameter values for new
known problem of local maxima, and dependencevords will never be induced. Since the treebank
on initial conditions (de Marcken, 1995) (although model contains no information regarding correct
there have been positive results using I-O as wellfeature sequences for unseen words, we assign all
for e.g. Beil et al. (1999)). More recently, Deoskarpossible sequences that have occurred in the tree-
(2008) re-estimated an unlexicalised PTB PCFGank model with the POS tag of the word. We
using unlabeled Wall Street Journal data. Theyassign all possible sequences sgen words as
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well — although the word is seen, the correct fea6 Experiments
ture sequence for a structure in a training sentence ) ) .
might still be unseen with that word. This is doneThe treebank PCFG is trained on sections 0-22 of

as follows: a standard POS-tagger (TreeTaggeF,he PTB, with 5000 sentences held-out for evalu-

(Schmid, 1994)) is used to tag the unlabeled Corgtion. We conducted unsupervised estimation us-

pus. A frequency table,.,(w, ) consisting of ing Bitpar (Schmid, 2004) with unannotated Wall

words and POS-tags is extracted from the resul Street Journal data of 4, 8 and 12 million words,

ing corpus, wheray is the word andr its POS with sentence lengthc25 words. The treebank
tag. The fr,equencypos(wm) is split amongst all and re-estimated models are interpolated with

possible feature sequencesor that POS tag in 0.5 (in Eq. 3). We also parametrizefor treebank

proportion to treebank marginalér, ) andt(7) frequency (.)f words — optimi;ing over a develop-
t(r,0) ment set gives us the following values df for

Cpos (W, T, 1) = chos(wﬁ ) (1)  different ranges of treebank word frequencies.

Then the treebank frequeneyw, 7,:) and the ?f t(w,7) <=5, Ap=0.5
scaled corpus frequency are interpolated to get a '; b<t(w,7) <=15, Ay =025 (5)
smoothed mode,,,. We usex=0.001, giving a if 15 < t(w,7) <=50, Ay =0.05

small weight initially to the unlabeled corpus. if t(w’_T) > 50, Ay =0.005
pos (W T%) ~q —y)\)t(w 70) 4 Ac (pr ) Evaluations are on held-out data from the PTB
pos P - P pos P

) by stripping all PTB annotation and obtaining

The first term will be zero for words unseen in thev'terbl parses with the parser Bitpar. In addition
to standardPARSEVAL measures, we also eval-

treebank: their distribution in the smoothed model ‘ b h ific t b
will be the average treebank distribution over g|Ua!e parses by another measure Spectiic to sub-

possible feature sequences for a POS tag. I:(S:rategorlzatloﬁ: the POS-tag+feature sequence on

seen words, the treebank distribution over featuré/erbS n thg Viterbi parse is compared against the
corresponding tag+feature sequence on the trans-

sequence is largely maintained, but a small fre-

quency is assigned to unseen sequences. formed PTB gold tree, and errors are counted. The
tag-feature sequence correlates to the structure se-

5  Smoothing based on EM re-estimation lected by the verb, as exemplified in Fig. 1.

After each iteration of I-O, the expected counts / Results

Cem;(w,7,1) under the model instance at itera- there is a statistically significant improvemgnt
tion (i — 1) are obtained. A smoothed treebanki, |aheled bracketing f-score on Sec. 23 when
lexicon t..,,, is obtained by linearly interpolating e treebank lexicon is smoothed with an EM-re-
the smoothed treebank lexicop,s(w, 7,¢) and & egtimated lexicon. In Table 1, refers to the base-
scaled re-estimated lexicapy,, (w, 7, ¢). line treebank model, smoothed using the POS-
tem; (0, T, 1) = (1=A)tpos(w, T, 1) +-ACem, (w, 7, 1) tag smoothing method (frorg4) on the test data
) (3) (Sec. 23) in order to incorporate new words from

where0 < A < 1. The termcey, (w,7,1) IS 00~ the test dath t,,, refers to the initial model for
tained by scaling the frequencies, (w, 7,:) 0b- g _estimation, obtained by smoothed the treebank
tained by I-O, ensuring that the treebank lexicon i gdel with the POS-tag smoothing method with
not swamped with the large training corpus the large unannotated corpus (4 million words).

t(r, 1) Com, (W, T, 1) This model understandably does not improve over
> Cem; (W, T, 1) (@) t; for parsing Sec. 23.t.;,, r=05 is the model

¢ )‘gj etirmlges thet{ relf\t:;/e Wg'??ts given dtos_themodel with a constant interpolation factar =
reebank and re-estimated modetior a word. SINcq » rpic o gel gives a statistically significant im-

parameters of hlgh-frgquency words are likely rovement in f-score over both andt,,s. The
to be more accurate in the treebank model, W$

. . ast modelt is obtained by smoothing with
parametrize\ as)\; according to the treebank fre- emiAf y g

quencyf = t(w, 7). 2pARSEVAL measures are known to be insensitive to sub-
categorization (Carroll et al., 1998).
INote that in Eq. 4, the ratio of the two terms involving ~ *A randomized version of a paired-sample t-test is used.
cem, is the conditional, lexical probabilitfe,,, (w|7, ¢). “This is always done before parsing test data.

Cem, (W, T, 1) =

obtained by smoothing with an EM-re-estimated
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t tpos | temi =05 | temi A, Frame # tokens%Errof %Errof %Error
Recall | 86.48| 86.48 86.72 87.44 (test) | tpos | tem; |Reduc
Precision| 86.61 | 86.63 86.95 87.15 All unseen (4M words) 1258 | 33.47| 22.81|31.84
f-score | 86.55| 86.56| *86.83 *87.29 | | Allunseen (8M words] 1258 | 33.47| 22.26|33.49
All unseen (12M wordg) 1258 | 33.47| 21.86 |34.68

Table 1. Labeled bracketing F-score on section 23: transitive 662 | 23.87| 18.73|21.52

intransitive 115 | 38.26| 33.91|11.36

an interpolation factor as in Eq. 5 : this is the bes NP PP-CLR 121 134.71) 32.23| 7.14
model with a statistically significant improvement PP-CLR /3 27.4 | 20.55| 25
in f-score ovett, t an)c;t ) P SBAR 124 1 12111211 0
Since we ext’eéofhatsnirgtl)’t?]:ir[:ﬁ.will be advanta: S 12 83.33) 58.33| 30

eous for unsepen or low-fre uengc;I words, we perr NP NP 10 90 80 |11.11

9 ! quency words, we p PRT NP 21 | 38.1 3333|125

form an evaluation targeted at identifying struc- .

tures subcategorized by unseen verbs. Table Zs.e.to (see Fig.1b) 50 16 12 25

9 y ’ NP PP-DIR 11 |63.64|54.55(14.28

shows the error reduction in identifying subcat.
frames in Viterbi parses, of unseen verbs and als
of all verbs (seen and unseen) in the testset. Araple 2: Subcat. error for verbs in Viterbi parses.
breakup of error by frame type for unseen verbs is

also shown (here, only frames withl0 token oc-

currences in theéest data are shown). In all cases cies. This would form another (possibly higher)
(unseen verbs and all verbs) we see a substantibhseline for the I-O re-estimation approach pre-
error reduction. The error reduction improves withsented here and is the focus of our future work.
larger amounts of unannotated training data.

Allverbs (4M) | 11710| 185 | 16.84| 8.97
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