
 

 

 University of Groningen

Finite-state pre-processing for natural language analysis
Prins, Robbert Paul

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2005

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Prins, R. P. (2005). Finite-state pre-processing for natural language analysis. s.n.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 24-05-2023

https://research.rug.nl/en/publications/3d7b7c77-1caa-44b9-b21e-64e048a83227


Chapter 4

Reducing lexical ambiguity
using a tagger

In the previous chapter the method of inference resulting in an HMM has
been introduced. The current chapter will present an approach to approxim-
ation of which HMM inference is the main component. The target system of
approximation is a wide-coverage parser, and the goal of the approximating
process is to create a finite-state model representing the target system. The
step from the parser to the approximating model consists of first using the
parser to create syntactically annotated linguistic data, on which inference
is then performed, as will be explained in the first part of this chapter. The
resulting HMM is used in a part-of-speech filter in the parser to increase
parsing performance. This application will be described in the rest of the
chapter. This chapter is based on a previous publication [70].

4.1 Approximation through inference

In chapter 2 an overview of possible methods of grammar approximation was
given. In the conclusion, several arguments were put forward favoring the use
of inference leading to n-gram models in approximating a complex parsing
system, in comparison to other methods. The high complexity associated
with executing algorithms that try to find the optimal model topology is
avoided by assuming an n-gram model. Furthermore, approximation of sys-
tems of beyond context-free power, or those containing modules for which
a method of approximation is not easily identifiable, can be approximated
through inference without the need for intermediate approximations.

The approach to approximation proposed here consists of using the parser
to create an annotated sample of language, and inferring an HMM from
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56 Chapter 4. Reducing lexical ambiguity

this sample. The process is depicted in figure 4.1 (repeated from the end
of chapter 2). The resulting model is a finite-state approximation of the
language defined by the parser.

The method of inference used is that of estimation of HMM paramet-
ers from the annotated sample through counting, as described in chapter 3.
An alternative would be to use the Baum-Welch algorithm for unsupervised
learning (see for example [59]). However, the annotation created by the
parser provides the learning method with the states associated with the ob-
servations, making the Baum-Welch algorithm a less appropriate choice as it
assumes this information to be hidden.

Stochastic models of which the parameters are learned from a sample
become more accurate as the size of the sample increases. In the method
proposed here, new sample data is relatively easily created by running the
parser on unannotated text. This is preferable to a situation in which text
has to be annotated by humans.

sample of language

parser

annotated sample

method of inference

HMM

Figure 4.1: Approximation through inference.

The target of approximation in this work is Alpino, a wide-coverage com-
putational analyzer for Dutch [15]. In the next section, this system will be
described in some detail. Problems associated with wide-coverage parsers in
general will be discussed. In the rest of the chapter an application of the
finite-state approximation, the POS tag filter, is presented as a means of
attacking these problems.
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4.2 The Alpino wide-coverage parser

In this section a description will be given of Alpino, a wide-coverage parser
of Dutch. The description consists of several parts. First, the grammar,
which produces dependency structures, will be described. Then, the parsing
procedure will be presented, as well as hand-coded and statistical disambig-
uation methods.

4.2.1 Grammar

The Alpino grammar is an extension of the ovis grammar [96], a lexicalized
grammar in the tradition of HPSG [69].

The grammar formalism is carefully designed to allow linguistically so-
phisticated analyses as well as efficient and robust processing. In contrast
to earlier work on HPSG, grammar rules in Alpino are relatively detailed.
However, as pointed out in [79], by organizing rules in an inheritance hier-
archy, the relevant linguistic generalizations can still be captured. The Alpino
grammar currently contains over 350 rules, defined in terms of a few general
rule structures and principles (almost all rules are defined in terms of a set
of 15 different structures, which make use of about 10 different principles).
The grammar covers the basic constructions of Dutch (including main and
subordinate clauses, (indirect) questions, imperatives, (free) relative clauses,
a wide range of verbal and nominal complementation and modification pat-
terns, and coordination) as well as a wide variety of more idiosyncratic con-
structions (appositions, verb-particle constructions, PPs including a particle,
NPs modified by an adverb, punctuation, etc.).

The lexicon contains definitions for various nominal types (nouns with
various complementation patterns, proper names, pronouns, temporal nouns,
deverbalized nouns), various complementizer, determiner, and adverb types,
adjectives, and about 100 verbal subcategorization types. Lexical genera-
lizations are captured by organizing these lexical definitions in an inheritance
network. The lexicon contains descriptions for more than 100,000 word forms.

The formalism supports the use of recursive constraints over feature-
structures (using delayed evaluation, [95]). This allowed for an analysis of
cross-serial dependencies based on argument-inheritance [14] and a trace-less
account of extraction along the lines of [13].

The Alpino grammar produces dependency structures compatible with
the cgn-guidelines. Within the cgn-project [67], guidelines have been de-
veloped for syntactic annotation of spoken Dutch [63], using dependency
structures similar to those used for the German Negra corpus [80].
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In the experiments described in section 4.5, the parser is evaluated us-
ing the Alpino Treebank [6]. The Alpino Treebank contains hand-corrected
syntactic annotations compatible with the cgn-guidelines for the newspa-
per (cdbl) part of the Eindhoven corpus [36]. The annotation consists of
dependency structures, rather than phrase-structure trees.

4.2.2 Robust parsing

The initial design and implementation of the Alpino parser is inherited from
the system described in [93], [96] and [94]. However, a number of improve-
ments have been implemented which are described below. The construction
of a dependency structure proceeds in a number of steps. The first step con-
sists of lexical analysis. In the second step a parse forest is constructed. The
third step consists of the selection of the best parse from the parse forest.

Lexical analysis

The lexicon associates a word or a sequence of words with one or more lex-
ical categories. These lexical categories contain information such as part-of-
speech, inflection as well as a subcategorization frame. For verbs, the lexicon
typically hypothesizes many different lexical categories, differing mainly in
the subcategorization frame.

Many of those lexical categories can relatively easily be classified as wrong
in particular situations. For example, the two occurrences of called in (1)
will typically be associated with two distinct lexical categories. The entry
associated with (1-a) will reflect the requirement that the verb combines
syntactically with the particle ‘up’. Clearly, this lexical category is irrelevant
for the analysis of sentence (1-b), since no such particle occurs in the sentence.

(1) a. I called the man up
b. I called the man

An effective technique to reduce the number of lexical categories for a given
input consists of the application of hand-written rules which check such
simple co-occurrence requirements. This technique has been used before, for
instance in the English Lingo HPSG system [53]. The drawback of this tech-
nique is that it relies on human experts of the grammar and lexicon, which
are bound to make mistakes — in particular if the grammar and lexicon are
in development.
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Creating parse forests

The Alpino parser takes the set of feature structures found during lexical
analysis as its input, and constructs a parse forest: a compact representation
of all parse trees. The Alpino parser is a left-corner parser with selective
memoization and goal-weakening. It is a variant of the parsers described in
[93]. Some of the techniques described there were generalized to take into ac-
count relational constraints, which are delayed until sufficiently instantiated
[95].

Robustness

As described in [96] and [94], the parser can be instructed to find all occur-
rences of the start category anywhere in the input. In case the parser cannot
find an instance of the start category from the beginning of the sentence to
the end, then the parser produces parse trees for chunks of the input. A
best-first search procedure then picks out the best sequence of such chunks,
generally preferring larger chunks over shorter ones, preferring connected
paths over paths with uncovered words, and taking into account the scores
assigned to the chunks by the disambiguation component (described in the
following paragraph).

Unpacking and parse selection

The motivation to construct a parse forest is efficiency: the number of parse
trees for a given sentence can be enormous. In addition to this, in most
applications the objective will not be to obtain all parse trees, but rather
the best parse tree. Thus, the final component of the parser consists of a
procedure to select the best parse tree from the parse forest.

In order to select the best parse tree from a parse forest, a parse evaluation
function is assumed which assigns a score to each parse. In [15] some initial
experiments with a variety of parse evaluation functions are described. In
the experiments discussed here, the parse evaluation function consisted of a
log-linear model.

Log-linear models were introduced to natural language processing by [10]
and [35], and applied to stochastic constraint-based grammars by [3] and
[50]. Given a conditional log-linear model, the probability of a sentence x
having the parse y is:

P (y|x) =
1

Z(x)
exp

(

∑

i

λifi(x, y)

)

(4.1)
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Here, each fi(x, y) is a property function which will return the number of
times a specific property i occurs in parse y of sentence x. Each property
function has an associated weight λi (the weights are determined in training).
The partition function Z(x) will be the same for every parse of a given
sentence and can be ignored, so the score for a parse is simply the weighted
sum of the property functions fi(x, y).

In the log-linear model employed in the Alpino parser, several types of
features corresponding to grammar rules are employed, as well as some more
idiosyncratic features indicating complementation/modification, long/short
distance dependencies etc. The model was trained on sentences of the Alpino
treebank (about 7000 sentences from the newspaper part of the Eindhoven
corpus).

A naive algorithm constructs all possible parse trees, assigns each one a
score, and then selects the best one. Since it is too inefficient to construct all
parse trees, an algorithm has been implemented that computes parse trees
from the parse forest as a best-first search. This requires that the parse
evaluation function is extended to partial parse trees. The algorithm is a
variant of a best-first search algorithm, implemented in such a way that for
each state in the search space the b best candidates are maintained, where b
is a small integer (the beam). If the beam is decreased, the risk of missing the
best parse increases (but the result will typically still be a relatively ‘good’
parse); if the beam is increased, then the amount of computation increases
too [58].

4.3 Problems in wide-coverage parsing

Full parsing of unrestricted text on the basis of a wide-coverage computa-
tional HPSG grammar involves resolving a large amount of ambiguity. Even
in the presence of various sophisticated chart parsing and ambiguity packing
techniques, lexical ambiguity in particular has an important effect on the
efficiency of the Alpino parser. For example, for the words in the following
sentence (2) the lexicon produces initially a total of 199 lexical categories:

(2) Mercedes
Mercedes

zou
would

haar
her

nieuwe
new

model
model

gisteren
yesterday

hebben
have

aangekondigd
announced

Mercedes would have announced its new model yesterday

In subsection 4.2.2 a first step in reducing lexical ambiguity was introduced,
concerning a filter consisting of hand-written rules that check for co-occurrence
conditions. For sentence (2), this type of filter removes 173 lexical categories.
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In order to further reduce ambiguity, the HMM approximation acquired
through inference is used in a POS tagger that is applied as a filter to the
remaining lexical categories. For the example above, the tagger will remove
8 of the remaining 26 lexical categories. After the tagger has been applied,
feature structures are associated with each of the remaining 18 tags. Often,
a single tag is mapped to multiple feature structures. The remaining 18 tags
give rise to 81 feature structures. In the next section, the POS tag filter is
described.

4.4 Using a POS tagger as a filter

The filter is an application of a POS tagger based around the HMM ap-
proximation of the parser. In this way, tagging preferences expressed by the
parser during annotation of the language sample are reinforced through the
tagger at an early stage in parsing. In describing the tagger, the actual infer-
ence of the HMM will also be described, as this constitutes what is typically
referred to as the training of the tagger on training data.

A part-of-speech tagger is to be used as a lexical category filter follow-
ing the lexical analysis stage in the parsing process. For this, the lexical
categories assigned by the lexical analysis component are considered as POS
tags. Standard POS tagging techniques, as described in chapter 3, are used
to evaluate the possible tag assignments, followed by the removal of very
unlikely tags.

In earlier studies, somewhat disappointing results were reported for using
taggers in parsing [100, 26, 99]. The approach presented here is different
from most previous attempts in a number of ways. These differences are
summarized as follows.

First, the training corpus used by the tagger is not created by a human an-
notator, but rather, the training corpus is labeled by the parser itself. Annot-
ated data for languages other than English is difficult to obtain. Therefore,
this is an important advantage of the approach. Typically, machine learning
techniques employed in POS tagging will perform better if more annotated
data is available. More training data can be constructed by simply running
the parser on raw text. In this sense, the technique is unsupervised. For this
approach to be feasible, the parser needs to be able to distinguish between
competing parses. The Alpino parser is complemented by a disambiguation
component as described in section 4.2.2.

Second, the HPSG for Dutch that is implemented in Alpino is heav-
ily lexicalist. This implies that verbs especially are associated with many
alternative lexical categories. Therefore, reducing the number of assigned
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categories has an important effect on parsing efficiency.

Third, the tagger is not forced to disambiguate all words in the input (this
has been proposed before, for example in [22]). In typical cases the tagger
only removes about half of the tags assigned by the dictionary. As discussed
in section 4.5, the resulting system can be much faster, while parsing accuracy
increases.

Fourth, whereas in earlier work evaluation was described, among other
approaches, in terms of coverage (the number of sentences which received
a parse), and/or the number of parse-trees for a given sentence, the Alpino
parser is evaluated in terms of lexical dependency relations, similar to the
proposal in [23]. This evaluation measure requires a treebank, but is expected
to reflect much better the accuracy of the system. In particular, as will be
argued in subsection 4.5.2, the coverage measure appears to be a misleading
evaluation metric for parse accuracy.

4.4.1 Mapping lexical categories to POS tags

As indicated in section 4.2, the wide coverage lexicon for Dutch that is used in
Alpino makes many detailed distinctions. Therefore, there are many different
lexical categories: more than 18,000. In order to use this tagset in a POS
tagger, the lexical categories are mapped to a smaller set of lexical category
classes, by ignoring some of the information present in lexical categories
(in particular subcategorization information). In the experiments described
here, there were 1,365 lexical category classes.

The HMM tagger described below finds the best tag for each position
in the string, and then removes competing tags for the same position under
certain conditions. The Alpino lexicon sometimes assigns a single lexical
category to a sequence of words in the input. For example, the three words

(3) met
with

betrekking
respect

tot
to

are analyzed as a single preposition. In order to keep the architecture of the
tagger simple, the words that make up such multi-word units are assigned
separate tags. If the sequence of words w1 . . . wn is initially assigned category
c, then this category is removed, and instead for each j, 1 ≤ j ≤ n, a
new category (j, c) is assigned to word wj. In example (3) the category
(1, preposition) is assigned to met, (2, preposition) is assigned to betrekking

and (3, preposition) is assigned to tot. Due to this expansion, the number
of lexical category classes increases (in the experiments below) to 2392. The
Alpino lexicon also assigns lexical categories to sequences of words in the
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case of named entities (proper names, temporal expressions) and multi-word
units (often expressions from other languages) such as à priori, up to date,
credit card, etc.

4.4.2 The HMM tagger

The implemented POS tagger is a variant of the standard trigram HMM
tagger, described for example in [59, chapter 10.2]: an HMM in which each
state corresponds to the previous two tags, and in which probabilities are
directly estimated from a labeled training corpus. The POS tagging model
was already described in chapter 3. To reiterate, the relevant probabilities
in this model are of the following two types:

• the probability of a tag given the preceding 2 tags:

P (ti|ti−2ti−1)

• the probability of a word given its tag:

P (wi|ti)

Training the tagger

Training the tagger corresponds to inferring a HMM from a labeled corpus
through estimation of probabilities from frequencies. In accordance with the
idea of approximation through inference, the corpus is annotated using the
Alpino parser. Training the tagger therefore implies running the parser on a
large set of example sentences, and collecting the n-grams of lexical category
classes and combinations of words and lexical category classes that were used
by what the parser believed to be the best parse.

Of course, the training set thus produced contains errors, in the sense
that the parser is not always able to pick out the correct parse and as a
consequence might not have chosen the correct sequence of lexical category
classes. As an approximation of the language represented by the parser, the
POS tagger strictly speaking does not learn ‘correct’ lexical category class
sequences, but rather the tagger learns which sequences are favored by the
parser.

Evaluating tags for filtering

In determining which tags are to be kept and which are to be removed, several
techniques are possible. The following three approaches were considered:
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1. Keep tags that are part of the most likely sequence of tags

2. Keep tags that are part of the n-best sequences of tags

3. Keep tags based on their forward and backward probabilities

These three methods were tested in a stand-alone setup of the filter, to
see which performed best. As these experiments were done using an early
implementation of the tagger and at an early stage in the research, they
used a bigram model (whereas later experiments use an interpolated trigram
model as described in subsection 4.4.3) and considerably smaller amounts
of training data than later experiments. However, it is assumed that the
results attained with the bigram model are sufficiently indicative for deciding
between one of the three approaches.

The data used for the three experiments described here consists of the
first six months of 1997 of the Dutch newspaper ’de Volkskrant’. Of this
data, 5,783 sentences were kept apart for testing, leaving in principle 517,492
sentences for training. Of these, 324,575 sentences could be parsed by Alpino
within a time limit of 60 CPU-seconds per sentence. The corresponding tag
sequences as assigned by Alpino were used to train the bigram model. Tags
assigned to the test sentences were used as the gold standard to which the
filter’s output is to be compared, while the sets of tags produced initially for
individual words by Alpino’s lexical analysis component were used as input
to the filter.

The first method in this experiment consists of computing the most likely
sequence of tags, and removing all tags that are not part of this sequence.
The optimal sequence of tags for a given sentence, based on a trigram model,
was defined in chapter 3, and the bigram version is equation 4.2.

argmax
t1,n

P (t1,n|w1,n) ≈ argmax
t1,n

n
∏

i=1

P (wi|ti)P (ti|ti−1) (4.2)

The Viterbi algorithm, also described in chapter 3, is used to compute
this most probable tag sequence. For every position in the sentence, all tags
that are not part of the most likely sequence of tags are removed. This
results in all tags except one for every word being discarded, and leads to
low tagging accuracy, as presented in the first line of table 4.1. The table
shows the average number of tags per word after the application of the filter
and the resulting tagger accuracy. An accuracy of 70.9% suggests that it is
not possible to rely on only the best sequence.

In response to the low accuracy resulting from using only the tags that are
part of the best sequence, this method is extended by using the tags from the



4.4. Using a POS tagger as a filter 65

n best sequences. Table 4.1 shows accuracy results using increasing values
for n. As one and the same tag for a given position in the sentence will often
be part of a number of different sequences, n needs to be quite large in order
to consider a sufficient number of tags and to increase accuracy (as indicated
by the slowly increasing mean number of tags per word in the second column
of table 4.1). Using the Viterbi algorithm to keep track of a large number of
different sequences leads to slow processing. The table shows that taking into
account as much as the 300 best sequences still only results in an accuracy
of 80%.

n tags/word accuracy (%)
1 1 70.9
5 1.14 74.8

15 1.36 76.7
25 1.49 77.5
50 1.69 78.4

100 1.91 79.1
200 2.11 79.7
300 2.23 80.0
∞ 3.32 100

Table 4.1: Stand-alone tag filter results using a bigram model and
the n-best paths approach to tag evaluation.

These results indicate that basing the filtering on sequences of tags leads
to low accuracies. An alternative technique that performed best in these
experiments computes probabilities for each tag individually, so that tags
assigned to the same word can be compared directly. This is similar to the
idea described in [48, chapter 5.7] in the context of speech recognition. The
same technique is described in [26]. The a posteriori probability that t is the
correct tag at position i is defined in equation 4.3.

P (ti = t) = αi(t)βi(t) (4.3)

Here α and β are the forward and backward probabilities as defined in the
forward-backward algorithm for HMM-training; αi(t) is the total (summed)
probability of all paths through the model that end at tag t at position i;
βi(t) is the total probability of all paths starting at tag t in position i, to the
end. An efficient dynamic-programming approach to the computation of the
forward and backward probabilities was presented in chapter 3.
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Once P (ti = t) has been calculated for all tags possible at position i,
these values are compared and tags which are very unlikely are removed. A
tag t at position i is assigned a score s(t, i) = − log(P (ti = t)). The score
is the negative logarithm of the probability defined earlier: a score of zero
represents a probability of one, higher scores represent lower probabilities.
Tag t at position i is removed, if there exists another tag t′, such that s(t, i) >
s(t′, i) + τ . Here, τ is a constant threshold value. Using various values for τ
results in different outcomes with respect to filtering accuracy and remaining
ambiguity, which are presented in table 4.2. If a threshold of zero is used,
only the tag with the highest forward-backward probability is kept and the
accuracy attained is 86.5%, which is to be compared with the corresponding
accuracy of 70.9% for the n-best sequence method. Based on these results the
forward-backward approach to tag filtering is used in further experiments.

τ tags/word accuracy (%)
0 1.00 86.5
1 1.10 89.8
2 1.23 92.6
3 1.37 94.6
4 1.51 96.1
5 1.66 97.0
6 1.81 97.7
7 1.97 98.3
8 2.11 98.7

∞ 3.32 100

Table 4.2: Stand-alone tag filter results using a a bigram model and
the forward-backward approach to tag evaluation.

4.4.3 Smoothing

Estimating probabilities on the basis of frequencies in a sample may result
in estimates of low accuracy if the sample is small. However, even if the
sample is of considerable size, there will always be items that occur with low
frequency or not at all. A tag trigram that did not occur in the training data
would be assigned a probability of zero in the model. In algorithms such as
the Viterbi algorithm, a probability of zero at some point in the computation
would lead to problems: the probability of a path through the model that
contains the corresponding trigram would also be zero. In general, larger n-
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grams cover larger structures in a language but their probabilities are more
difficult to estimate from a sample.

In order to better estimate the probability of a trigram t1t2t3, in the model
at hand the probabilities of the bigram t2t3 and the unigram t3 are also taken
into account. Weights are assigned to each of the three n-grams to express
their relative importance. This idea, known as linear interpolation, is a well-
known method for combining models (see for instance [59]). By adjusting
the weights, which together sum up to one, the emphasis can be put on the
model that uses a greater context, while at the same time the information
provided by models that are simpler, but for which more data is available, is
not ignored. Thus the potentially rough estimates of probabilities for large
n-grams are smoothed by considering the typically more reliable estimates for
smaller n-grams. A uni-, bi- and trigram model are interpolated by means of
the following formula (where λ1, λ2 and λ3 are the three respective weights,
and P ∗(X) is the probability of some n-gram X computed directly from the
training data frequency counts):

P (t3|t1, t2) = λ3P
∗(t3|t1, t2) + λ2P

∗(t3|t2) + λ1P
∗(t3) (4.4)

The probability of the trigram is thus defined as the sum of the weighted
estimates of the trigram, bigram and unigram probabilities. The weights are
computed using the notion of n-gram diversity, an idea described by Collins
([32], borrowing from [12]). In order to compute the weight for a trigram
t1t2t3, the diversity and frequency of the bigram t1t2 are used. The diversity
of an n-gram is the number of different tags that appear in the position
following this n-gram in the training data. If the trigram starts with a low-
diversity bigram, the weight associated with the trigram can be large: the
probability of the bigram being followed by an unexpected tag is small, and
if this does happen, it is likely to be a significant event. If on the other hand
the bigram is of a high diversity, the trigram should receive a small weight.

Provided the count and diversity figures for bigrams are available, the
weight λ3 for a trigram t1t2t3 can be derived as follows:

λ3 =

{

0 if count(t1t2) = 0
count(t1t2)

count(t1t2)+c×diversity(t1t2)
if count(t1t2) > 0

(4.5)

In this equation, a constant c is used to regulate the importance of diversity.
In the experiments described in following sections a value of c=7 was used;
it was found experimentally that differences in the value used for c resulted
in only small variations in performance.

An appropriately modified variant of equation 4.5 is used to compute the
weight for the bigram, λ2, as a fraction of 1−λ3. The weight for the unigram,
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λ1, is computed as the remaining weight 1 − (λ2 + λ3).
If the probability of a unigram cannot be estimated since it did not occur

in the training data (an event which is unlikely), the interpolation method
would still result in a probability of zero. In this case, a very small default
probability is assigned.

The above approach addresses smoothing of tag n-gram probabilities1.
The other component of the tagging model concerns combinations of words
and tags. In estimating the probabilities of these, combinations not seen in
the training data also form a problem. In the current setup, these cases are
assigned a very small default probability as well. This default probability, as
well as the one used for unknown unigrams, was determined by selecting the
lowest probability encountered in separate test data.

4.4.4 Stand-alone results

In subsection 4.4.2, a set of stand-alone results was already presented for an
early implementation of the tagger, in the context of finding the best out
of three possible approaches to tag evaluation. The best method was found
to be the forward-backward approach, which will now be used in a more
advanced version of the tagger and with a much larger amount of training
data. (In subsection 4.5, the effect of the filter on parsing efficiency and
accuracy will be discussed.)

In the stand-alone experiment discussed below, as well as in the parser
experiment described in section 4.5, the corpus available for training the
model consists of up to four years of Dutch daily newspaper text. From
this large text collection, only the ‘easy’ sentences were used: sentences with
more than 22 words are ignored, as well as sentences that take longer than 20
seconds of CPU time, and sentences for which the parser is not able to find
a full parse. Under these conditions, parsing a week of newspaper text takes
somewhere between 15 and 20 hours of CPU time on standard hardware. For
parsing the training corpus, heavy use was made of a cluster of about 120
Linux PCs at the High Performance Computing Center of the University of
Groningen.

Experiments were performed with uni-, bi- and trigram models. The
models were trained on about 45 months (∼2 million sentences, ∼24 million
words) of annotated text from Dutch daily newspapers, and interpolated
using the method presented in subsection 4.4.3. Testdata was created by

1The described approach to smoothing works well in the experiments reported on, but
is not claimed to be state-of-the-art. In typical language modeling situations where less
training data is available, smoothing will be of greater importance than it is here. Chen
and Goodman [27] present an extensive comparison of different smoothing techniques.
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using Alpino to parse a random selection of 10% of the sentences of the Alpino
Treebank which contain at most 40 words, amounting to 604 sentences.

In applying the filter to a sentence, the tags produced by Alpino’s lexical
analysis component for the words in the test sentence are given to the tagger
as sets of possible tags. From these, the tagger filters out the unlikely tags.
Using the filter as part of the parsing system, parsing would now continue
using the remaining tags. In the stand-alone setup however, the remaining
tags are compared with the sequence of lexical category classes used by what
the parser believed to be the best parse, which is treated as the gold stand-
ard. The resulting accuracy percentage indicates to what extend the tagging
model is a correct model of the parser’s tagging preferences.

In table 4.3 the accuracy is listed for the bigram and trigram model;
as a baseline the accuracy of the unigram model is also provided. These
percentages are obtained if for each position in the input only the single best
tag is allowed to survive, by setting the threshold value τ (introduced in
subsection 4.4.2) to zero.

Figure 4.2 gives accuracy levels for different amounts of ambiguity after
filtering. The different levels of ambiguity are the result of using different
threshold settings in the filter; a lower threshold means more tags will be
considered bad and be removed. If the threshold value increases, then accur-
acy and ambiguity approach 100% (at which point all tags survive, including
the correct ones).

model accuracy
trigram 94.69%
bigram 94.03%
unigram 87.23%

Table 4.3: Stand-alone tag filter accuracy using different models.

The 94.69% accuracy of the trigram model is lower than one might expect.
In the literature, HMM trigram taggers typically yield accuracy levels of more
than 96%. For example, Brants [17] reports an accuracy of 96.7% attained
with the TnT trigram HMM tagger on the Wall Street Journal part of the
Penn Treebank. Of course, these results are hard to compare because of
differences in the corpora and the tagsets that were used. The data used in
this research consists of Dutch newspaper text, while the Wall Street Journal
corpus consists of English text. Furthermore, the Wall Street Journal corpus
is tagged with a tagset of only 48 tags [61], whereas the tagset used in the
filter consists of 2,392 lexical category classes.

In addition to these differences, another important factor that contributes
to the above results lies in the nature of the test data in the current setup.
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Figure 4.2: Stand-alone tag filter accuracy versus ambiguity for bi-
gram and trigram model, using different threshold settings ranging
from τ=0 to τ=25. The model is trained on 45 months of newspa-
per data.

It turns out that in many cases where the tagger and the test set disagree,
the tagger actually corrects a mistake in the test set. For example, consider
the following utterance:

(4) . . . van
. . . of

die
the

jongen
young-animals[pl]/boy[sg]

bij
near

de
the

doodskist. . .
coffin. . .

The Dutch word jongen is ambiguous between a singular noun reading boy
and a plural noun reading young-animals. The first reading is much more
frequent than the second reading. For some reason, the tag corresponding
to the (infrequent) second reading was used by the parser in its best parse
of the sentence and as a consequence this tag ended up in the test set. The
HMM model quite rightly learned a preference for the frequent reading and
assigned the correct tag. However, based on the incorrect gold standard this
was counted as an error.
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4.4.5 Larger amounts of training data
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Figure 4.3: Stand-alone tag filter accuracy using increasing
amounts of training data and removing all but the single best tag
for each word.

Given that the training data is produced automatically, the most straight-
forward manner of improving the tagger is to use larger amounts of training
data. In a typical language modeling situation, this is a severely limited solu-
tion since the data has to be manually annotated first. Experiments were
performed with increasing amounts of training data. The results are shown
in figure 4.3. To be able to contrast filtering accuracy with the number of
months of training data, the filter was set to remove all but the best scoring
tag for each word, thereby removing all ambiguity.

This graph shows that the n-gram model performs better when trained
on more data, the trigram model gaining relatively more than the bigram
model. It must be noted though that after about 40 weeks of training data
the accuracy does not improve significantly anymore.
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4.5 Using the filter in the parser

The results so far have been stand-alone filtering results. As the filter is
meant to be used to disambiguate the lexical analysis of the Alpino parser,
this subsection will present parsing results and show how these are improved
by the incorporation of the filter.

In this chapter as well as in following chapters, the accuracy of the parser
is computed as in equation 4.6: the parse tree as produced by the parser for
a given sentence is compared with the parse tree for the same sentence as
stored in the Alpino Treebank, in terms of their dependency relations. In
the equation, Ds is the set of dependency relations present in the best parse
generated for a given sentence, while Dt is the set of dependency relations
present in the parse tree stored in the treebank, and Df is the set of incorrect
or missing dependency relations in Ds relative to Dt.

accuracy = 1 −
|Df |

max(|Dt|, |Ds|)
(4.6)

4.5.1 Experimental results

The filter was trained on more than 40 months of newspaper data annotated
by the parser, the same training data that was used in the stand-alone ex-
periments reported on in subsection 4.4.4. Next, the parser was run on the
first 220 sentences of the cdbl corpus, which is the newspaper part of the
Eindhoven corpus; syntactic annotations of these sentences are part of the
Alpino Treebank. From those sentences, four sentences were removed due to
the fact that the parser without the tag filter ran out of memory. The test
set thus contains 216 sentences (4295 words). Although the training data
only contains sentences of at most 22 words, the test data is not restricted
in this way. In figure 4.4 a histogram of the distribution of sentence lengths
is provided.

Figure 4.5 plots the accuracy versus the mean CPU time spent by the
parser per sentence. The different points on the graph are the result of using
different threshold levels in the filter: using a low threshold, many tags are
marked as bad, and thus only a small number of tags remain, leading to very
fast parsing. Higher accuracy can be attained by using a higher threshold,
removing a smaller number of tags and at the cost of a decrease in parsing
speed.

It becomes clear from this graph that use of the filter leads to an increase
in parsing accuracy. More importantly, parsing times are greatly reduced.
The best accuracy using the filter, 85%, is achieved with a threshold setting
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Figure 4.4: Distribution of sentence length in the cdbl test set.

of τ = 4.25, corresponding to a mean CPU time of about 14 seconds per
sentence, while the parser running without the filter requires on average
about 53 seconds of CPU time per sentence, attaining an accuracy of slightly
below 83%.

Given the large variation in CPU times, it is somewhat misleading if only
the mean CPU time per sentence is considered. Figure 4.6 therefore displays
the differences in efficiency in a different way. For a given amount of CPU
time, the proportion of sentences that are parsed within that amount of time
are plotted. In the plot, three variants are compared. In the first variant no
tag filter was used. In the second variant the tag filter with the threshold
value τ = 4.25 which happened to produce the highest accuracy was used.
In the third variant the tag filter with the threshold value τ=2 was used; this
produces the most efficient parser with at least the accuracy of the variant
without the tagger.

4.5.2 Discussion

It is perhaps surprising that the use of the filter can actually improve the ac-
curacy of the overall parser. One important reason is related to the strategy
of the parser described earlier. The parser always prefers a single parse over
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Figure 4.5: Parsing results in terms of parser accuracy and mean
CPU time, using the filter with different threshold settings ranging
from τ=0 to τ=15, and using no filter.

a sequence of partial parses. Although this strategy implements a fairly
natural tendency, it turns out that in the context of very unlikely lexical
categories the strategy implies that very unlikely full parses are construc-
ted. The following example illustrates this effect for the case of elliptical
utterances.

(5) In
cash[V+imp]/in[Prep]

Amsterdam
Amsterdam

vanavond
tonight

Cash Amsterdam tonight!
In Amsterdam - tonight

This sentence is naturally analyzed as an elliptical utterance, consisting of
two parts: a prepositional phrase in Amsterdam followed by an adverbial.
However, the word in can also be used as a verb. In this particular case, the
parser can create a full parse in which in is indeed analyzed as an imperative
verb form. In the integrated system, the POS filter will filter out the possib-
ility that in is a verb. As a result, no full parse is possible. In this particular
case, the resulting parse (consisting of two parts) will be better than the
unlikely single parse. In many cases, improvements of the integrated parser
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Figure 4.6: Comparison of proportion of sentences that receive a
parse within given amount of CPU time.

are due to similar phenomena.

In the context of this effect, a remark can be made about the coverage
parser evaluation measurement that is sometimes used instead of or in addi-
tion to the accuracy measurement. The coverage of a parser can be defined
as the proportion of sentences which receive a full parse. It can be argued
that coverage is actually not a very useful metric for parser evaluation. The
fact that the parser finds a full parse for a given sentence is only relevant if
that parse is in some sense correct. But one important reason that the use of
a lexical analysis filter improves parsing accuracy is given by the reduction of
coverage. If the parser has many different lexical categories to choose from,
then often it is able to find a full parse (albeit a ridiculous one). However, if
the parser is forced to work with a limited set of lexical categories it becomes
much harder to find such a full parse. In the majority of cases, however,
the resulting partial parse is much closer to the gold standard. In figure 4.7
coverage and accuracy are plotted for different filter threshold settings. The
graph shows that for larger threshold settings the coverage of the parser in-
creases, but at the same time the parser’s accuracy levels off. As coverage
reaches its maximum value, accuracy actually decreases.
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Figure 4.7: Parser coverage (proportion of sentences that receive a
full parse) and accuracy for different filter threshold settings.

A comparison with supertagging

At this stage a comparison between the approach presented here and super-
tagging is in order. Supertagging, introduced by Joshi and Srinivas [51, 81],
is comparable to part-of-speech tagging except that the tags under consid-
eration are not POS tags but supertags or elementary trees as used in the
Lexicalized Tree-Adjoining Grammar (LTAG) framework. A supertag is a
structure, assigned to a lexical item, that locally represents (long distance)
dependencies between that item and other items.

In [51] it is described how a supertag filter is used to reduce the set
of elementary trees for subsequent LTAG parsing, similar to the work on
POS tag filtering described here. Supertag disambiguation, the removal of
supertags assigned to lexical items, can be done on the basis of two different
models. The first option is to use supertag n-gram models constructed from
a parsed corpus to compute the most likely sequence of supertags for a given
sentence. The second approach to computing this best sequence is based
on the fact that the supertags encode dependency information and uses the
distribution of distances between dependent supertags.

The POS tag filter described in this chapter differs from the supertagging
work as described in [51] and [81] in a number of ways. First, the POS tag
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filter approach is very general, as POS tagging is part of practically any type
of parser. Supertagging on the other hand is a method specific to lexicalized
grammatical frameworks.

Second, although the POS tags are relatively detailed, unlike supertags
they do not contain subcategorization information. Using subcategorization
information leads to a decrease in performance in our experiments.

A third difference lies in the nature of the training data. In our approach,
training data for the tagger is automatically created by parsing a corpus,
using for every sentence the parse that the parser judged to be the best
analysis. Joshi and Srinivas also use a parser to create the training data,
but they manually select the best parse for every sentence. This results in a
much smaller amount of data.

A fourth difference is about how the approach is applied and the kind of
results reported on. In the current chapter, and in the whole of this thesis,
the POS tagging technique is used to improve upon the performance of a
parsing system as a whole. While this is also mentioned as an application
of supertagging in [51] and [81], results are only given in terms of supertag
accuracy.

4.6 Conclusion

In this chapter an HMM was constructed through inference as an approx-
imation of a wide-coverage parser. The resulting model was used in a part-
of-speech filter in the lexical analysis phase of the same parser. Filtering
out unlikely POS tags resulted in greatly reduced parsing times and a small
increase in parsing accuracy. This application illustrates that the HMM, in-
ferred from data annotated by the parser, forms a useful approximation in
the sense that regularities in the parser’s output were correctly modeled on
the level of the lexical categories.
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