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Abstract

Interpreting the structure of noun phrases
(NPs) is important for many Natural Lan-
guage Processing (NLP) tasks. This work
extends the state-of-the-art inNP bracket-
ing by: creating supervised models trained
on a large annotated corpus; applying
these to longer, more complexNPs; and
using the resulting system to improve the
output of the Bikel (2004) parser.

Using a large corpus of manually anno-
tated Penn TreebankNPs we have de-
veloped a supervised model that brackets
simpleNPs with 93.01% F-score. We ex-
tend the evaluation to include longer, more
complexNPs that are rarely dealt with in
the literature, attaining 91.44% F-score.
Finally, we implement a post-processing
module that bracketsNPs identified by the
Bikel (2004) parser, which outperforms
the parser itself by 8.13% F-score.

1 Introduction

Noun phrase (NP) bracketing is a requirement for
the syntactic and semantic analysis ofNPs. In the
literature, e.g. Marcus (1980, p253) and Lauer
(1995), the task is generally framed as follows:
given a 3 word noun phrase like those below,
decide whether it is left branching (1) or right
branching (2).

((crude oil) prices) (1)

(world (oil prices)) (2)

NP bracketing is crucial for many Natural Lan-
guage Processing (NLP) tasks. For example, ques-
tion answering (QA) and anaphora resolution both
require (potentially nested) candidateNPs, typi-
cally identified using a parser. If the answer or
antecedent is not the completeNP, e.g.crude oil

above, then it cannot be found.

Unfortunately, internalNP bracketing is not
identified by parsers trained on the Penn Tree-
bank, e.g. Collins (1999), because the Penn Tree-
bank (Marcus et al., 1993), has flatNP structure as
shown below:

(NP (NNP Air) (NNP Force) (NN contract))

Instead, researchers have attempted to solve the
NP bracketing problem with unsupervised meth-
ods based on statistics from unannotated cor-
pora (Lauer, 1995) or web hit counts (Lapata and
Keller, 2004; Nakov and Hearst, 2005a).

The main contributions of this paper are large-
scale supervised models trained on bracketedNPs
from the entire Penn Treebank. The corpus also
provides a large and representative test set. Us-
ing this data we significantly outperform previous
approaches on theNP bracketing task. By incorpo-
rating a wide range of existing and novel features
into the model, we increase performance by 8.87%
in F-score over our best unsupervised system.

Further, we experiment with bracketing longer,
complexNPs, by includingNPs longer than three
words, and which include non-nominal parts of
speech (such as adjective, determiner, etc). These
have been largely neglected in the literature, in
contrast tosimple NPs, i.e. those that are three
words long and contain only nouns. We reimple-
mented the bracketing algorithm of Barker (1998)
for complex noun phrases using the sophisticated
supervised model we used for simpleNPs. Our
system achieves a performance of 91.44% F-score
on matched brackets.

Finally, we apply these supervised models to
the output of the Bikel (2004) parser. Our post-
processor achieves an F-score of 77.27%, com-
pared to parser output baseline of 69.14%. This is
the first work to demonstrate that both simple and
complex base-NPs can be bracketed with a high
level of accuracy using supervised models.

http://creativecommons.org/licenses/by/3.0/
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2 Background

NP bracketing is similar to chunking (Ramshaw
and Marcus, 1995), as both tasks aim to identify
NP structure. RecursiveNP bracketing, as in the
CoNLL 1999 shared task and as performed by
Daumé III and Marcu (2004) is closer still. How-
ever both these task are strictly less difficult than
NP bracketing as defined in this paper, as they do
not attempt to recover the full extent of sub-NP

structure. This is in part because gold-standard
annotations for this task have not been available
in the past.

A basic method for solving the simpleNP brack-
eting task was first described in Marcus (1980).
This adjacencymodel compares the semantic as-
sociation of words 1–2 to that between words 2–3.
If the former is more likely, then the compound
is left branching, otherwise it is right branching.
Various methods of measuring the semantic asso-
ciation between a pair of words have been pro-
posed forNP bracketing (Pustejovsky et al., 1993;
Resnik, 1993) but they all depend on counting oc-
currences of bigrams in some corpus. Metrics
such asχ2 and mutual information can be used
instead of the raw counts, and have been shown to
perform well (Nakov and Hearst, 2005a).

Lauer (1995) proposes a new variation: thede-
pendencymodel. In this case, we compare the se-
mantic association of words 1–2 to that of words
1–3. This change is motivated by the dependen-
cies that arise from the structure of theNP. We
would expect a dependency between words 2–3
whether the compound was left or right branching,
so there is no reason to analyse it.

Lauer (1995) demonstrated the superior perfor-
mance of the dependency model using a test set
of 244 (216 unique) noun compounds drawn from
Grolier’s encyclopedia. This data has been used to
evaluate most research since. Lauer uses Roget’s
thesaurus to smooth words into semantic classes,
and achieves 80.7% accuracy.

Lapata and Keller (2004) derive bigram prob-
ability estimates from web counts, and unlike
Lauer, they use no smoothing beyond the lexi-
cal level, achieving 78.7% accuracy. Nakov and
Hearst (2005a) also use web counts, but incorpo-
rate additional counts from several variations on
simple bigram queries, including queries for the
pairs of words concatenated or joined by a hyphen.
This results in an impressive 89.3% accuracy.

There have also been attempts to solve this task

using supervised methods, even though the lack
of gold-standard data makes this difficult. Girju
et al. (2005) annotate a training set of 362NPs
drawn fromWSJ text and use it to train a decision
tree classifier, achieving 73.1% accuracy. Their
feature set is made up of semantic information
from WordNet. When they shuffled their data with
Lauer’s to create a new test and training split, their
accuracy increased to 83.1%, which may be a re-
sult of the∼10% duplication in Lauer’s test set.

Barker (1998) describes an algorithm for brack-
eting a complexNP (described in Section 5) that
reduces the problem to making a number of de-
cisions on 3 wordNPs. This system attains 62%
and 65% accuracy on two different data sets for
the simpleNPs that are processed during the algo-
rithm. Our supervised method performs as high
as 96.19% on simpleNPs, and so the performance
for complexNPs in our implementation of Barker
increases dramatically as well.

We have experimented with most of the fea-
tures described in the literature: semantics; counts
drawn from search engines and from a very large
corpus of 1 trillion words; and additional lexical
queries. We also implement novel features based
on the NP’s context and the localPOS and NER

tags, and combine them all using a maximum en-
tropy model.

3 Data

Vadas and Curran (2007) manually annotated all
noun phrases in the Wall Street Journal portion
of the Penn Treebank (Marcus et al., 1993). The
annotation process involved insertingNML and/or
JJP nodes to define eachNP’s internal structure,
as shown below:
(NP

(NML (NNP Air) (NNP Force))
(NN contract))

The agreement for the annotations was 98.52%
(exactNP match) on WSJ Section 23 after discus-
sion between the two annotators.

We now use the Vadas and Curran data to ex-
tract simpleNPs from the Penn Treebank. If the
last three children of anNP are nouns, then they
became an example in our data set. Lauer (1995)
used a similar approach of collecting all three
noun sequences and then manually filtering them
from Grolier’s encyclopedia.

If the first and second words are bracketed, then
it is left branching, otherwise it is right branch-
ing. The annotation scheme does not currently
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# H SEQUENCE EXAMPLE

1053 0.13 ( JJ JJ NNS ) big red cars
1353 0.60 ( DT JJ NN NN ) the high interest rate
1480 0.55 ( JJ NN NNS ) high interest rates
1761 1.00 ( NNP NNP NNP ) John A. Smith
1793 1.00 ( ( NNP NNP ) NNP ) John Smith Co.

Table 1: ComplexNP POStag sequences
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Figure 1: Entropy ofNP POStag sequences

mark flat base-NPs. Instead, all structure is ei-
ther marked as left branching or implicitly right
branching.

Note that because we are only looking at the
right-most part of theNP, we know that we are
not extracting any incompleteNPs. Finally, we
remove examples where each word has the same
NER tag, ignoring many of the flat base-NP cases
such asJohn A. Smith.

This process results in 5582 three wordNPs for
bracketing, which is an order of magnitude larger
than all previous data sets. Previous researchers
have typically used Lauer’s set (244NPs) or cre-
ated their own small set (∼500 NPs at most).
This new, much larger data set means that we
can carry out sophisticated machine learning ef-
fectively, rather than using unsupervised methods.

We have also extracted another even larger data
set of complexNPs, for the experiments in Sec-
tion 5. For this set we retrieve an example for
each base-NP of length three or more in the Penn
Treebank. Some commonPOStag sequences (e.g.
initial determiner and final possessive) are unam-
biguous in three wordNPs, and so we remove these
cases. This leaves 36584 instances in our data set,
which is two orders of magnitude larger than any
that has been created previously.

Table 1 shows the most commonPOS tag se-
quences in our complexNP data set. The entropy
H of the distribution of bracketings for thePOStag
sequences gives an indication of the difficulty of
the task. Larger entropy means that the sequence

COUNTS MODEL LAUER PTB

χ2 adjacency 72.95 79.86
Google χ2 dependency 76.23 70.15

Voters 83.61 83.98
χ2 adjacency 72.13 79.60

MSN χ2 dependency 74.59 69.76
Voters 81.97 83.27
χ2 adjacency 74.59 80.40

Web 1T χ2 dependency 82.38 70.62
Voters 83.20 81.60

Table 2: Unsupervised results for simpleNPs

is more ambiguous, either because there are many
bracketing alternatives to choose from or because
the alternatives are close to equally likely.

Figure 1 shows a histogram of the entropy dis-
tribution acrossPOStag sequences. While 24% of
all sequences have a single bracketing, the major-
ity of sequences are ambiguous. There is a spike
just below 1 bit, where sequences have two almost
equally likely bracketings. This demonstrates that
complexNP bracketing is far from a trivial task.

4 Experiments on Simple NPs

4.1 Unsupervised Approach

For these unsupervised experiments, we used all
5582 simpleNPs as test data, and our hit counts
come from search engine queries on the web,
following Lapata and Keller (2004). We imple-
ment both the adjacency and dependency mod-
els, using the raw counts, the bigram probability
P (wi, wj |wj), and theχ2 measure. We also re-
trieved hit counts for a number of other variations
that were proposed by Nakov and Hearst (2005a),
such as the bigram joined by a hyphen to form a
single token, or with a possessive marker.

The results using the best performing metric,
χ2, are shown in Table 2. The voting result comes
from choosing a subset of the web query varia-
tions, each of which votes for left or right branch-
ing. Following Nakov and Hearst (2005a) the re-
sults shown for these models are optimal for each
test set, with no development set. When optimised
on a held-out set, the results varied significantly,
and were generally worse than choosing the best
individual model. Our best result on Lauer’s data,
83.6%, is lower than Nakov and Hearst’s 89.3%.
However, we haven’t implemented paraphrases or
the morphological queries since they require a
huge number of searches.
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COUNT SOURCES LAUER PTB

Google / MSN 0.97 0.72
Google / Web 1T 0.92 0.60
MSN / Web 1T 0.93 0.81

Table 3: Correlation between counts

Our counts come from three different sources:
Google and MSN search engine hit counts, and
from the Google Web 1T corpus (Brants and
Franz, 2006), which contains n-gram counts col-
lected from 1 trillion words of web text. It is in-
teresting to see how much the results vary, which
indicates how sensitive this unsupervised method
is to the counts it is based upon. Table 3 shows the
correlation between the counts sources on the two
data sets. This highlights the large degree of vari-
ability between our three sources of web counts
especially on the larger Penn Treebank set. How-
ever, Nakov and Hearst (2005b) found that this
variation did not have a significant impact on the
performance of theirNP bracketing system.

4.2 Supervised Models

Supervised models typically outperform unsuper-
vised models for mostNLP tasks. ForNP brack-
eting, the small quantity of gold-standard data has
meant that few supervised models have been im-
plemented, and those that have been, performed
poorly. With our new, significantly larger data set
covering the Penn Treebank, we have built the first
wide-coverage supervisedNP bracketer.

We use the MegaM Maximum Entropy classi-
fier (Daumé III, 2004) and discretise non-binary
features using Fayyad and Irani’s (1993) algo-
rithm. Maximum entropy models allow diverse
and overlapping features to be incorporated in a
principled manner.

The initial features in our model were the counts
used in the unsupervised experiments. For each
query in Nakov and Hearst’s extended set, we get a
left count, a right count, and a binary feature repre-
senting the left or right vote. We also included the
corresponding probability andχ2 metrics for the
original queries (i.e. not including the extended
Nakov and Hearst queries).

All of these features were defined over both the
adjacency and dependency representations. The
counts themselves come from Google and the Web
1T corpus, with separate features for each source.
This first supervised model has 860 features in to-
tal, all based on the unsupervised counts.

MODEL F-SCORE

Unsupervised, voting 84.14
All unsupervised features 90.59
All supervised features 90.59
−Web searches 91.94
−Web 1T corpus 93.01
−Lexical 92.20
−POS 92.56
−NER 92.20
−Context sentence 92.74
−Context window 92.65
−Semantic 92.74
All features 93.01

Table 4: Supervised results

The results on our Penn Treebank test set are
shown in Table 4. The unsupervised voting system
is included for comparison purposes. We can see
that the supervised model with unsupervised fea-
tures outperforms the unsupervised voting model
by 6.45%. This improvement comes from the
supervised model’s ability to weight the individ-
ual contributions of all of the unsupervised counts
from Google and the Web 1T corpus.

One of the main advantages of using a maxi-
mum entropy classifier is that we can easily in-
corporate a wide range of features in the model.
We have added lexical features for all unigrams,
bigrams and the trigram with in theNP. All of
these features are labelled with the position of the
n-gram within theNP.

Since we are bracketingNPs in situ rather than
stand-aloneNPs (like Lauer) we can exploit the
context around theNP as well. To do this we added
bag-of-word features for all words in the surround-
ing sentence, and well as specific features for a
two-word window around theNP.

As we are using the Penn Treebank, we have
access to gold-standardPOSandNER tags (the lat-
ter from the BBN Pronoun Coreference and Entity
Type Corpus (Weischedel and Brunstein, 2005)).
For every n-gram and context window feature, we
also added generalised features by replacing the
words with theirPOSandNER tags. POS tags are
included even though all the words in theNP are
nouns for these simpleNP experiments, as they
may be proper and/or plural.

Finally, we incorporate semantic information
from WordNet (Fellbaum, 1998). For each sense
of each word in theNP, we extract a semantic fea-
ture for its synset, and also the synset of each of
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its hypernyms up to the WordNet root. These ad-
ditional feature types increase the number of fea-
tures in the maximum entropy classifier to 88,568.

Table 4 shows the results for a model using
only the supervised features, and a combination of
the supervised and unsupervised features. It also
presents a subtractive analysis. The supervised
and unsupervised features each contribute equally,
while removing the Web 1T counts does not de-
crease performance at all, probably because they
overlap significantly with the web searches.

Of the supervised features, the lexical andNER

are most important but all make a positive contri-
bution. Our best performance of 93.01% F-score
comes when using all features.

5 Experiments on Complex NPs

Up until now, all of our experiments (and almost
all results from the literature) have only focused on
NPs that consist of exactly three nouns (noun com-
pound bracketing). This is a simplification of the
actual problem, where longerNPs with higher lev-
els of ambiguity make finding the correct brack-
eting significantly harder. Adjectives, determiners
and other non-nominal parts of speech also com-
plicate the task.

Barker (1998) describes a method for bracket-
ing these complexNPs, by reducing the problem
to a series of three word bracketing decisions us-
ing a sliding window. These decisions are made
using the techniques described above for simple
NPs. Barker’s algorithm is shown in Figure 2.

When a pair of words are bracketed, the head
is chosen to represent the phrase and remains in
the window. The window then expands one word
to the right, unless it is already rightmost in which
case it grows to the left. We use the standard head-
finding rules of Collins (1999).

The complexNP data set is extracted from all
of the Penn TreebankNPs annotated by Vadas and
Curran (2007). We have extracted 36,584 complex
NPs, which we split in a 9:1 ratio, giving 32,925
and 3659 training and test examples respectively.

5.1 Evaluation measures

The complexNP results are evaluated using sev-
eral measures. Matching brackets is the standard
Parseval evaluation method (Sekine and Collins,
1997). We also report implicit matching brackets
which treats the structure as a binary tree, where
implicit brackets are assumed to be right branch-

w is the current position of the window

1. w initially covers the last 3 words

2. Bracket the words inw

3. If w is left branching:

(a) If w is in the left-most position, bracket
the left two words inw

(b) Otherwise, movew one word to the left.
We cannot left bracket yet, because it
might be X)Y)Z, not (XY)Z

4. If w is right branching:

(a) Bracket the right two words inw

5. If there are only two words left, then finish.
Otherwise, go to step 2

Figure 2: Barker’s (1998)NP bracketing algorithm

ing. Exact match measures the percentage of com-
plex NPs that are entirely correct, and simpleNPs
measures the model’s performance on the 3 word
NPs that are processed during Barker’s algorithm.

Matched brackets is a fairly tough evaluation,
as the more easily identified flatNPs are not taken
into account. For example, a baseline of always
choosing right branching will score 0.0, as no ex-
plicit brackets are needed.

We only report F-score for implicit brackets, as
there is a set number of brackets dependent on the
length of the word, and so precision and recall are
always equal. Finally, note that the simpleNPs are
different for each model, as the next three word
NP to bracket depends on the decisions made pre-
viously for this complexNP, so the numbers are
not directly comparable.

5.2 Complex NP Results

Our first experiment implemented Barker’s algo-
rithm, using only theχ2 dependency and adja-
cency methods. We only use counts from the
Web 1T corpus, since performing web searches
has become impractical with the increased data set
size andNP length. The difficulty of complexNP

bracketing can be seen by the drop in performance
using these simple approaches, e.g. from 80.40%
to to 58.41% for the adjacency model.

We next applied our supervised approach to
complexNPs. This is more complicated now as we
need to extract a training set of three word win-
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MATCHED BRACKETS
MODEL

P R F
IMPLICIT EXACT SIMPLE

Baseline – right branching 0.00 0.00 0.00 62.25 54.66 62.60
χ2 Dependency 23.47 52.26 32.40 40.91 32.66 52.53
χ2 Adjacency 24.47 43.72 31.37 49.34 35.86 58.41
All features 88.10 88.19 88.15 93.59 90.52 94.83
−Web 1T corpus 88.50 86.51 87.49 93.13 89.97 94.43
−Lexical 87.77 87.68 87.73 93.11 90.11 94.40
−POS 86.41 86.72 86.56 92.72 89.29 94.16
−NER 87.76 87.23 87.49 93.23 90.13 94.53
−Context sentence 89.58 88.85 89.22 93.98 91.25 95.24
−Context window 88.27 88.45 88.36 93.62 90.71 94.82
−Semantic 87.46 87.33 87.39 92.96 89.75 94.49
−Non-head words 85.34 85.90 85.62 92.58 89.04 94.11
−Border words 88.15 87.79 87.97 93.48 90.74 94.79
−POStag sequence rule 88.33 87.79 88.06 93.48 90.41 94.73
Best (500 iterations) 92.41 90.48 91.44 95.16 93.03 96.19

Table 5: ComplexNP results

dows from the complexNPs. To do this, we run
Barker’s algorithm on the 32,925 complexNPs. At
each decision point, we bracket left or right ac-
cording to the gold standard, and store the three
word window as a training example. This process
produces 77,900 training examples.

We experiment with the features used for sim-
ple NPs as well as some novel features. Firstly, we
added features encoding the non-head words when
the window already contains a bracket, which in-
creased performance by 2.5% on matched bracket
F-score. Secondly, we add the bigram of the words
on theNP border, that is, where it overlaps with the
context. Lastly, we extractedPOS tag sequences
with low entropy, i.e. are quite unambiguous, and
have a feature explicitly encoding their most com-
mon branching in the training data.

The results are shown in Table 5. The su-
pervised methods significantly outperform the un-
supervised methods, with a matched brackets F-
score comparable to the Collins (1999) parser’s
overall performance. We carried out a subtractive
analysis of the feature types, finding that context
sentence has a negative impact on performance,
and our best result comes from removing it. We
ran the final experiment using 500 rather than the
default 100 iterations in MegaM, to allow the esti-
mation to converge.

5.3 Parser Post-Processing

This final set of experiments use the complex
NP models as a post-processing step for a parser.

EVALUATING P R F

All brackets 88.63 88.29 88.46
NML JJP 77.38 62.49 69.14
Base-NP NML JJP 48.09 56.30 51.87

Table 6: Bikel (2004) parser performance

EVALUATING P R F

All brackets 88.57 88.64 88.60
NML JJP 77.31 77.23 77.27
Base-NP NML JJP 88.78 78.97 83.59

Table 7: Post-processor performance

Since our data is simply bracketed structure for the
Penn Treebank, we can train a parser model and
evaluate it onNP structure. We train Bikel’s (2004)
implementation of Collins’ (1999) parser on Sec-
tions 02–21 of the Penn Treebank, and test on all
sentences in Section 00.

Table 6 displays the parser’s performance. It
originally achieved 88.92% F-score on all con-
stituents, but training with theNP bracketing struc-
ture makes the task more difficult, dropping the F-
score to 88.46%. We are particularly interested in
the performance on just theNML and JJP nodes,
and on the base-NPs that we will bracket. These
figures form the baseline that we aim to improve
on with our post-processing module.

There are two factors that reduce the upper
bound on post-processing performance. Firstly,
the post-processor only bracketsNPs identified by
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MATCHED BRACKETS
MODEL

P R F
IMPLICIT EXACT SIMPLE

χ2 Dependency 15.47 51.71 23.81 40.32 36.47 46.24
χ2 Adjacency 16.21 47.66 24.19 46.82 39.03 51.49
All features 73.85 85.17 79.11 90.96 90.62 91.94
−Web 1T corpus 76.06 81.75 78.80 91.14 90.68 92.07
−Lexical 71.46 79.97 75.48 89.79 89.18 90.91
−POS 74.66 82.51 78.39 91.14 90.48 92.13
−NER 76.55 84.41 80.29 91.85 91.51 92.82
−Context sentence 76.11 84.79 80.22 91.69 91.31 92.63
−Context window 75.60 84.41 79.76 91.58 91.15 92.50
−Semantic 75.86 83.65 79.57 91.44 91.05 92.35
−Non-head words 72.96 82.76 77.55 91.40 90.35 92.40
−Border words 76.57 83.65 79.95 91.49 91.21 92.40
−POStag sequence rule 76.18 83.90 79.86 91.62 91.18 92.58
−Parser 75.23 83.90 79.33 91.37 90.98 92.38
Best 77.70 83.90 80.68 92.06 91.45 92.95
Best (500 iterations) 79.40 84.54 81.89 92.75 92.35 93.66

Table 8: ComplexNPs for parsing results

the Bikel parser, which are incorrect in approxi-
mately 10% of cases. Secondly, in the Vadas and
Curran (2007) annotation scheme,NML and JJP

nodes may appear in anyNP, not just base-NPs.
Our method only applies to base-NPs, so we

cannot achieve 100%, asNML andJJP nodes dom-
inated by non-base-NPs cannot be corrected. The
parser achieves 51.87% on the base-NP subset of
nodes. If we were 100% correct in this subset, then
the parser would still only achieve 89.06% F-score
over allNML andJJP nodes.

We train the complexNP bracketer on gold-
standard NPs from Sections 02–21, extracting
59,247 complexNPs that produce 99,432 three
word training examples. The test set is created
by first parsing Section 00 using the Bikel (2004)
parser. We then extract the base-NPs that the parser
identifies and insert the gold-standardNP bracket-
ing for evaluation. We reject brackets that cross an
NP boundary (i.e. a parsing error). This results in
a test set of 3005 complexNPs.

We then carry out a similar analysis as above
for complexNPs. In these experiments, we intro-
duce novel features based on the parser’s output.
Firstly, the labels of the parent and grandparent of
theNP, which have been informative inPCFGpars-
ing, are included. Secondly, we add features for
the head-word of the parent and the grandparent,
and generalise these using theirPOSandNER tags.
Finally, we add the Web 1T counts for the parent
and grandparent head-words.

The results of these experiments, including sub-
tractive analysis on the feature types, are shown in
Table 8. Unfortunately, we find that many of the
features are not helpful, and our best model utilises
only the Web 1T, lexical,POSand non-head word
features.

This is quite different to the results we encoun-
tered for complexNPs. We believe this is because
the testNPs produced by the parser may be incor-
rect, while the model is trained on gold-standard
NPs. Together with the brackets that we rejected
for crossingNP boundaries, this would introduce a
noticeable amount of noise, and we would expect
lower performance in a number of feature types.

We now perform the additional task of labelling
the brackets. There are only two labels to distin-
guish between (NML andJJP), and they can be in-
ferred directly from thePOS tag of the head. If it
is a verb or an adjective, we label the node asJJP,
and otherwise it is aNML. A small number of errors
are introduced by this method, because of annota-
tion errors in the Penn TreebankPOS tags and by
Vadas and Curran (2007), as well as errors in head
finding.

Having completed the bracketing, we can then
reinsert the complexNP structure from the post-
processing module back into the parser output. Ta-
ble 7 shows the results. The unlabelled F-score
on base-NPs was 84.35% (cf. 83.59% labelled),
demonstrating the efficacy of our simple labelling
process. The post-processing module improved on
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the parser’s F-score (cf. Table 6) by 31.72% for
base-NPs, and by 8.13% on allNML andJJP nodes.
Finally, the post-processing system has increased
performance on all constituents, removing some
of the loss incurred in order to makeNP bracket-
ing possible.

6 Conclusion

In this paper, we have presented a comprehensive
analysis of the noun phrase bracketing task, in-
vestigating the performance of many different data
sets, features, and models. We started with com-
pound noun phrases, as in Lauer (1995), and used
models developed for that task to bracket longer,
complexNPs with Barker’s (1998) algorithm. Fi-
nally, we incorporate the complexNP model into a
post-processor for the Bikel (2004) parser.

In every evaluation we carried out, our super-
vised model improved significantly upon the base-
line unsupervised results. Although this is not sur-
prising, it is the first time that sufficient annotated
data has been available for supervised methods to
be competitive on this task. We achieved 93.01%
F-score on our simpleNP test set, compared to an
unsupervised model’s 84.14%. With complexNPs,
our improvement was even greater: 91.44% F-
score on matched brackets, compared to 32.40%.
Our supervised approach also incorporates several
novel feature types extracted from within and sur-
rounding theNP to be bracketed.

Vadas and Curran (2007) found that inter-
annotator agreement forNP bracketing was
98.52% (exactNP match), so while our best re-
sult of 93.03% is competitive, there is still room
for significant improvement. We intend to con-
tinue these experiments with more detailed fea-
ture analysis, and an exploration of different ma-
chine learning methods. There are also possible
improvements to Barker’s (1998) algorithm, e.g.
incorporating the probability with which each de-
cision is made.

Using the large amount of Penn Treebank data
annotated by Vadas and Curran (2007), we have
shown that complexNP bracketing can be per-
formed with a level of accuracy necessary to be
exploited by many practical applications. Our sys-
tem can be used in conjunction with a widely
used parser in order to identify sub-NP struc-
ture, thereby increasing performance on question
answering, anaphora resolution, and many other
downstreamNLP tasks.
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