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Abstract

The technique of multi-level chunking has been applied to full sentence parsing in a
number of previous studies. Instead of using the popular IOB chunking technique, this
paper explores a novel method of locating chunks by identifying their boundaries. We
investigated the use of a machine learning algorithm to classify the boundaries using the
part-of-speech (POS) of words and their associated information-theoretic measures. A
phrase recognizer is developed to predict the syntactic class of the identified chunks.
While the training is conducted using a partial version of a treebank with less than
360,000 POS-tagged tokens, our system achieves a performance of 80.46% labelled
recall, 85.70% labelled precision, and 83.00% F-score in the testing of 93,000 POS-
tagged tokens, without any assumption of prior knowledge or statistical measures from
any other resources.
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1. Introduction

Sentence chunking was proposed by Abney (1991) as a computationally less costly and shallow text
processing. Instead of full parsing, it is possible to focus on identifying maor chunks to reduce the
computational burden in some natural language processing applications in many cases. The output can
subsequently feed into more sophisticated linguistic analyses. Pioneer works, such as Magerman & Marcus
(1990) among others, focused on the identification of non-recursive base noun phrases (base NPs). Some
recent studies adapt the chunking technique and turn it into a full sentence parser, and achieve reasonably
good results (Abney, 1996; Sang, 2001). To enhance the performance, in this paper, we investigate a new
method to identify chunk boundaries. The technique is applied to parsing Chinese sentences in a Chinese
Treebank (Zhou, 2003; Zhou, 2004). A machine learning algorithm is used to assign the chunk boundaries
and syntactic class to the identified chunks.

2. Related Work

Inspired by the work from Ramshaw & Marcus (1995), chunk-based parsing is often cast as a tagging
problem. In the training input, each word is assigned a tag to indicate the position of the word relative to a
chunk of type X. The tags include beginning (B-X), inside (I-X), or outside (O-X). The chunker learns how
to assign the IOB tags to words based on the POS tags. The memory-based learning algorithm is utilized to



recognize the syntactic class (Sang, 2001). Trained on the English Penn Wall Street Journa Treebank, the
parser obtains the results with labelled precision 78.72%, labelled recall 82.34%, F-score 80.49% and
crossing brackets rate 1.69. Tsuruoka & Tsujii (2005) adopt a sliding-window approach to collect potential
chunks. To reduce the search cost, their rules are filtered by a rule dictionary and a naive Bayes classifier,
and the POS tag set is ssimplified. A set of candidate phrases is produced. A Maximum Entropy classifier is
then applied to phrase recognition. Finally, the most probable candidate parse is selected. Using the English
Penn Wall Street Journal Treebank, their system achieves better results of labeled precision (82.59%), labeled
recall (87.69%) and F-score (85.06%). This chunk-based approach has also been applied to parsing Chinese
sentences. Fung et al. (2004) utilize 10B-tagging and iterative level-based chunking to parse Chinese
sentences. Based on the Maximum Entropy model and training on Penn Chinese Treebank, their system
performs both POS-tagging and chunking, and achieved a performance of 78.30% labelled precision, 80.85%
labelled recall and 79.56% F-score.

3. Basic Rationale of the Parser

Chunking refers to the partitioning of the sentence into segments which correspond to phrases (i.e. chunks).
Chunkers accept a stream of words with the corresponding POS tags as input, and group the sub-sequences of
tags that most likely form a phrase. Abney (1996) is the first to apply chunking by levels (or what he calls
“cascades’) to the analysis of the hierarchical syntactic structure. Initially, the chunker identifies minimal
chunksin avery local context. Then the chunks progressively merge with the neighboring tags or chunks by
repeated application of the procedure. The procedure iterates till only one tag is left in the input. The
following simulates the chunking of a Chinese sentence.

Level 4| Tag dj

Level 3| Tag n vp

Level 2 | Tag n vC np

Level 1| Tag n vC mp n

Level 0| Tag n vC m aN n
Word g P - "l El5
Gloss | sociology be | one| (classifier) | science

Figure 1: Construction of the parse tree by level.

In Level 0 chunking, ‘one’ and the classifier* forms an mp. The POS tags in these chunks are replaced with a
syntactic class (SC) tag, i.e. mp in Level 1. Essentialy, POS tags are terminal nodes, and SC tags, non-
terminal nodes. Similarly, the mp and ‘science’ together forms a chunk (i.e. np). The merging procedure
continues and stops after four iterations.

1A classifier is a Chinese part of speech which is used with numerals and nouns to define the quantity, shape or nature of
entities.



4. Parser Architecture

4.1 Chunker, Phrase Recognizer and Head Identifier

Our chunk-based parser has to tackle four tasks. First, a chunker must be able to locate chunks. Second, a
phrase recognizer predicts the SC tag corresponding to the chunk (e.g. m + gN — mp) on the basis of the tag
sequence of the chunk. Many previous studies, such as Sang (2001) to name a few, tend to combine chunking
and phrase recognition in one step, though our proposed parser separates them into two steps. Third, a
learning algorithm is devised to learn the identification of all the possible heads. The syntactic structures
encoded in the treebank form the empirical basis of our machine learning. Figure 2 shows the basic
architecture of the parser.
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Figure 2: Architecture of the chunk-based parser

Chunk identification is one of the most critical tasks in our chunk-based parsing. A chunker isolates sub-
sequences in the input tag stream as potential chunks. In this paper, we explore an approach that aims at
identifying chunk boundaries or “chunking points.” Suppose the focus point is between two consecutive POS
tags X, and xn+1. A chunking point is a focus point such that x, and xn+1 that are not siblings with the same
parent node in the target parse tree. We refer to all non-chunking points as “merging points’ Chunking points
are marked with %, and merging points, with +. For example, the output of Level 0 chunking is shown (1).

% n % vC % m + gN % n % (1)

The phrase recognizer assigns SC tags to the tag sequences that have been isolated as chunks in the
output of the chunker. As shown in Sentence (1), the phrase recognizer takes the output of the chunker and
replaces the chunk “m + gN” with mp. The updated tag sequence becomes the input of the head identifier,
which inspects each tag in the phrase and decides which tag(s) is the most likely head(s) of the phrase. The
head information is appended to the SC tag (e.g. np-1). The way we tackle phrase recognition and head
identification is to use a machine learning algorithm to learn the rule patterns. The completion of the three
steps concludes the processing of one syntactic level. The output is fed into the loop again for processing at
the next level. The process terminates when the output contains only one node (or SC tag).

4.2 Learning Module

The training data for machine learning was derived from the Tsinghua Chinese Treebank (Zhou, 2003; Zhou,
2004). 1t comes with a tagging system consisting of 66 POS tags and 16 SC tags. The Chinese treebank
includes 48,982 parse trees and 447,454 words.

The chunker training data was obtained by extracting the tag sequence by level from the parse trees.
Each focus point is a training case. For each training case, an attribute vector is constructed, and the
corresponding target value (i.e. chunking point vs. merging point) was also provided. The attributes for
chunker training can be classified into two broad categories. The first type of attributes consists of the
POS/SC tags surrounding the focus point. The second type is the information-theoretic measures of these tags.



The information measures include mutua information (M), which reflect the likelihood of the fragment

collocation.
Training Data Testing Data Total
No. of word tokens 354,767 92,687 447,454
) (79.3%) (20.7%) (100.0%)
No. of parse trees 32,771 16,211 48,982
' (66.9%) (33.1%) (100.0%)

Table 1: Size of training and testing data

The phrase recognizer predicts the SC tag on the basis of the tag sub-sequence in a chunk. The head
identifier locates the tag that is most likely the head of the phrase. The machine learning method is again used
to learn to make predictions about the SC tag and the head assignment. In the training of the phrase
recognizer, all phrases from the treebank were extracted as training cases. For each training case, an attribute
vector is set up and the target class is the SC tag (e.g. np, pp €tc). The attributes are the tags of each phrase
and the target value is the SC tag.

5. Experiments
The modules described above were put together to form a parser. The parser was applied to parsing 16,211
Chinese sentences in the testing set. Table 2 summarizes the parsing performance.

Without head identification With head identification
LP LR F-Score LP LR F-Score
83.5% 81.3% 82.4% 75.6% 73.6% 74.6%

Table 2: Parsing performance

6. Conclusion

This study investigates a new approach to chunk-based parsing. Through the identification of chunk
boundaries, sentences are segmented based on various POS tags and their collocation measures. We have
articulated a way to combine different, large and heterogeneous sets of attributes in the chunking point
detection using the machine learning algorithm with high accuracy. Together with the phrase recognizer and
head identifier, the parser achieves good performance, considering that the only resource available is a
350,000-word treebank. Though our evaluation was conducted using a Chinese treebank in the event, the
computational method is language-independent and can be easily adapted to other languages.
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