Bootstrapping Lexicalized Models in Memory-Based Dependency Parsing

Abstract
Previous research has shown that a
lexicalized parsing model incorporating words but no parts-of-speech can
outperform a model involving partsof-speech but no words given enough
training data for supervised learning.
We show that the same effect can be
achieved with a bootstrapping approach,
where a mixed model trained on a small
treebank is used to parse a larger corpus which is used as training data for the
lexicalized model. The results are obtained using a memory-based learning
algorithm for deterministic dependency
parsing of unrestricted Swedish text.
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Introduction

The role of part-of-speech tagging in data-driven
approaches to syntactic parsing is a moot point.
In early work on treebank parsing it was more or
less standard practice to have a separate tagging
phase prior to parsing proper (Charniak, 1996),
but with the emergence of lexicalized models it
was found that better parsing accuracy could be
obtained if the part-of-speech analysis was integrated in the parsing process (Charniak, 1997;
Collins, 1997). More recently, it has been argued
that the main reason for using parts-of-speech in
data-driven parsing is that they provide a backoff model for lexical items and thereby counteract
the sparse data problem (Charniak, 2000; van den
Bosch and Buchholz, 2002).

In a study of memory-based shallow parsing,
Van den Bosch and Buchholz (2002) showed that a
model incorporating words but no parts-of-speech,
while inferior with small training data sets, outperforms a model involving parts-of-speech but no
words for training sets over a certain size (which in
their experiments was around 50 000 sentences).
In principle, these results indicate that we could
eliminate one bottleneck in data-driven parsing by
using pure lexical models trained on very large
data sets, instead of having to rely on training data
with part-of-speech tagging. In practice, however,
it is difficult to cash in on this idea, at least for treebank parsing using supervised learning, because
we are normally faced with an even tighter bottleneck given by the limited availability of treebank
data. For example, for Swedish, the largest corpus with manually corrected part-of-speech tagging is on the order of 1 million tokens (Ejerhed
and Källgren, 1997), whereas the largest treebank
is only one tenth of that size (Nivre, 2002).
In this paper, we investigate whether it is possible to bootstrap the lexical models, so that we
can start from a small treebank and still obtain the
positive effects of having a lexical model trained
on a large dataset. Like van den Bosch and Buchholz (2002), we use a memory-based approach
to learning, but the task considered is deterministic dependency parsing (Yamada and Matsumoto,
2003; Nivre, 2003), rather than shallow parsing in
the traditional sense. The paper is structured as
follows. Section 2 presents our general approach
to deterministic dependency parsing, and section 3
explains how memory-based learning can be used

to guide the parser. The experimental setup is described in section 4, the results are presented in
section 5, and conclusions are stated in section 6.
Deterministic dependency parsing has been proposed as a robust and efficient method for syntactic parsing that combines properties of deep and
shallow parsing (Yamada and Matsumoto, 2003;
Nivre, 2003). Dependency parsing means that the
goal of the parsing process is to construct a labeled
dependency graph of the kind depicted in Figure 1.
Deterministic parsing means that we derive a single analysis for each input string, with no redundancy or backtracking, which makes it possible to
parse sentences in linear time (Nivre, 2003).

2

Deterministic Dependency Parsing

The parsing algorithm used is the one presented in
Nivre (2003), which is in many ways similar to
the basic shift-reduce algorithm for context-free
grammars (Aho et al., 1986), although the parse
actions are different given that no nonterminal
symbols are used. Moreover, unlike the algorithm
of Yamada and Matsumoto (2003), the algorithm
considered here actually uses a blend of bottomup and top-down processing, constructing leftdependencies bottom-up and right-dependencies
top-down, in order to achieve incrementality. For
a similar but nondeterministic approach to dependency parsing, see Obrebski (2003).
Parser configurations
are represented by triples


, where is the stack (represented as a

list),
is
the list of (remaining) input tokens, and

is the (current) arc relation for the dependency
graph. (Since in a dependency graph the set of
nodes is given by the input tokens, only the arcs
need to be represented explicitly.) Givenan
input


string , the parser is initialized to
and
terminates when it reaches a configuration


(for any list and set of arcs ). The
behavior of the parser is defined by the transitions
defined in Figure 2, where  ,  and  are arbitrary word tokens, and  and  are arbitrary dependency types (arc labels):
1. The transition Left-Arc (LA) adds an arc
  
  from the next input token   to
the token  on top of the stack and reduces
(pops)  from the stack.

2. The transition Right-Arc (RA) adds an arc
 !
 from the token  on top of the
stack to the next input token   , and shifts
(pushes)  onto the stack.
3. The transition Reduce (RE) reduces (pops)
the token   on top of the stack.
4. The transition Shift (SH) shifts (pushes) the
next input token " onto the stack.
The transitions Left-Arc and Right-Arc are subject to conditions that ensure that each word has
at most one head in the dependency graph, while
Reduce can only be applied if the token on top of
the stack already has a head. For Shift, the only
condition is that the input list is non-empty.
As it stands, this transition system is nondeterministic, since several transitions can often be applied to the same configuration. To get a deterministic parser, we need to introduce a mechanism for
resolving transition conflicts. One way of doing
this is to use a treebank to train classifiers that can
predict the next transition (and dependency type)
given the current configuration of the parser. In the
experiments reported here, we use memory-based
learning to train such classifiers.
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Memory-Based Learning

Memory-based learning and problem solving is
based on two fundamental principles: learning is
the simple storage of experiences in memory, and
solving a new problem is achieved by reusing solutions from similar previously solved problems
(Daelemans, 1999). Memory-based learning has
been successfully applied to a number of problems
in natural language processing, such as graphemeto-phoneme conversion, part-of-speech tagging,
prepositional-phrase attachment, and base noun
phrase chunking (Daelemans et al., 2002). Previous work on deterministic parsing includes Venstra and Daelemans (2000) and Nivre et al. (2004).
For the experiments reported in this paper, we
have used the software package TiMBL (Tilburg
Memory Based Learner), which provides a variety
of metrics, algorithms, and extra functions on top
of the classical # nearest neighbor classification
kernel, such as value distance metrics and distance
weighted class voting (Daelemans et al., 2003).
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Figure 1: Dependency graph for Swedish sentence
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Figure 2: Parser transitions
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The function we want to approximate is a
mapping > from configurations to parser actions,
where each action consists of a transition and (except for Shift and Reduce) a dependency type:
>@?%A%BCEDGF
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Here A%BCEDGF is J the set of all possible parser configurations and is the set of dependency types.
However, in order to make the problem tractable,
we try to learn a function > L whose domain is a finite space of parser states, which are abstractions
over configurations. For this purpose we define a
number of features that can be used to define different models of parser state. The features used in
this study are listed in Table 1.
The first five features (TOP – TOP. RIGHT) deal
with properties of the token on top of the stack. In
addition to the word form itself (TOP), we consider
its part-of-speech, the dependency type by which
it is related to its head (which may or may not be
available in a given configuration depending on
whether the head is to the left or to the right of
the token in question), and the dependency types
by which it is related to its leftmost and rightmost
dependent, respectively (where the current rightmost dependent may or may not be the rightmost
dependent in the complete dependency tree). The
next three features (NEXT – NEXT. LEFT) refer to
properties of the next input token. In this case,
there are no features corresponding to TOP. DEP
and TOP. RIGHT, since the relevant dependencies
can never be present at decision time. The following three features (NEXT M 1 – NEXT M 2) are lookahead features, referring to tokens occurring immediately after NEXT in the input string, while the
remaining two features (TOP  1, TOP  1) consider
the token immediately below TOP on the stack.
Given the features in Table 1, we have defined
three different models of parser state, one which
includes word tokens but no parts-of-speech, one
which includes parts-of-speech but no word tokens, and one which includes both kinds of information. All of the models in addition include
dependency type information. The selection of
features for each model is shown in Table 2. It
should be pointed out that the Words+PoS model
is not a simple union of the Words and PoS models, since the Words model includes features that

are not found in any of the other models (NEXT M 1,
NEXT M 2, TOP  1, TOP  1. DEP ). The reason for
this asymmetry is that preliminary experiments
showed a significant improvement when these features were added to the Words model, whereas
no improvement was found for corresponding features in the other models. Thus, the three models
selected for the final experiment can be seen as the
best representatives of their respective class, rather
than strictly parallel counterparts.

4

Experimental Setup

Given the results of van den Bosch and Buchholz (2002), it can be expected that the PoS model
will outperform the Words model when the training data set is small, as is the case for the available
treebank of Swedish. However, the hypothesis that
we want to test is whether the Words model will
perform better than the PoS model when trained
on a larger corpus, which has been parsed using a
model derived from the small treebank. Therefore,
the experiment involves two steps.
4.1 Step 1: Training on a Treebank
In the first step, we train each of the models on
a manually annotated corpus of written Swedish,
created at Lund University in the 1970’s and consisting mainly of informative texts from official
sources (Einarsson, 1976). Although the original annotation scheme is an eclectic combination
of constituent structure, dependency structure, and
topological fields (Teleman, 1974), it has proven
possible to convert the annotated sentences to dependency graphs with fairly high accuracy. In the
conversion process, we have reduced the original
fine-grained classification of grammatical functions to a more restricted set of 16 dependency
types. We refer to this training corpus as Talbanken, following Einarsson (1976), although it is
also known in the literature as the Teleman corpus
(Brants and Samuelsson, 1995).
Since the function we want to learn is a mapping
from parser states to transitions (and dependency
types), the treebank data cannot be used directly
as training data. Instead, we have to simulate the
parser on the treebank in order to derive, for each
sentence, the transition sequence corresponding to
the correct dependency graph. Given the result of

Feature

Description
The token on top of the stack
The part-of-speech of TOP
The dependency type of TOP
The dependency type of TOP’s leftmost dependent
The dependency type of TOP’s rightmost dependent
The next input token
The part-of-speech of NEXT
The dependency type of NEXT’s leftmost dependent
The next plus one input token
The part-of-speech of the next plus one input token
The next plus two input token
The token immediately below the top of the stack
The dependency type of the token immediately below the top of the stack

TOP
TOP. POS
TOP. DEP
TOP. LEFT
TOP. RIGHT
NEXT
NEXT. POS
NEXT. LEFT
NEXT MON
NEXT MON . POS
NEXT MOP
TOP 
TOP 

1
1. DEP

Table 1: Parser state features
Model
Words
PoS
Words+PoS
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Table 2: Parser state models
this simulation,QRwe
can construct
a data set conS
Q
, where is a parser state and
sisting of pairs
S
is the correct transition from that state (including
a dependency type if applicable).
The complete converted treebank contains 6316
sentences with a mean sentence length of 15.5
words. The treebank has been divided into three
non-overlapping data sets: 80% for training, 10%
for validation, and 10% for final testing (random
samples). The training set contains 5054 sentences, which yields a set of 371 977 training instances (transitions) for the memory-based learner.
The models have been trained using the Tilburg
Memory Based Learner (TiMBL) (Daelemans et
al., 2003) with the following parameter settings,
which have been found to work well in earlier experiments (Nivre et al., 2004):
T
T

The IB 1 algorithm (Aha et al., 1991).
The modified value distance metric (MVDM)
(Stanfill and Waltz, 1986; Cost and Salzberg,
1993) with a frequency threshold (and the
Overlap metric for lower frequencies).

T
T

No weighting of features.

T

Classification based on 5 nearest neighbors.
Distance weighted class voting with inverse
distance weighting (Dudani, 1976).

The frequency threshold for MVDM was set to 2
for the Words model and 3 for the Words+PoS.
The PoS model turned out to be insensitive to this
threshold, so the default value of 1 was used in
this case. For more information about the different
parameters and settings, the reader is referred to
Daelemans et al. (2003).
4.2 Step 2: Training on a Parsed Corpus
In the second step, we used the three parsers
derived in step 1 to parse the Stockholm-Umeå
Corpus (SUC) of written Swedish (Ejerhed and
Källgren, 1997), consisting of 73 199 sentences
(1 152 473 tokens). This gave us three parsed corpora, which could be used to derive three sets each
consisting of 2 033 792 transitions, which were
added to the original training set from Talbanken

to give three new training sets, which we will call
T-Words, T-PoS and T-Words+PoS, respectively.
Although we are primarily interested in the
comparison of Words and PoS, and although retraining a model on its own output is unlikely to
improve its performance, we have retrained all
three models on all three new training sets, which
gives a total set of nine parsers to compare with the
three parsers constructed in step 1. No new parameter optimization was performed, which means
that each model was retrained with the same parameter settings as in step 1. For the models PoS
and Words+PoS, the gold standard part-of-speech
annotation in SUC was used for features involving
parts-of-speech.
4.3 Evaluation
In evaluating the performance of the different
parsers constructed in the experiment, we have
used the validation data set from Talbanken,
whereas the final test set has not been used at all
in the work reported in this paper (cf. section 4.1).
The evaluation metric used is the attachment score
(AS), which is a standard measure used in studies of dependency parsing (Eisner, 1996b; Collins
et al., 1999). The attachment score is computed
as the proportion of tokens in a sentence (excluding punctuation) that are assigned the correct head
(or no head if the token is a root). The overall
attachment score is then calculated as the mean attachment score over all sentences in the sample.
In order to measure the accuracy for dependency
types, we have also defined a labeled attachment
score (LAS), where both the head and the label
(dependency type) must be correct, but which is
otherwise computed in the same way as the ordinary (unlabeled) attachment score. For statistical
significance testing we use a one-way ANOVA for
correlated samples.

5

Results

Table 3 shows the accuracy of the three parsers
trained in the first step. As expected, the PoS
model achieves a better accuracy than the Words
model, both with respect to labeled and unlabeled
attachment. However, both models are clearly outperformed by the Words+PoS model. This confirms that lexical information is crucial for parsing

accuracy, as shown in many previous studies (Eisner, 1996b; Charniak, 1997; Collins, 1997), but
also that parts-of-speech are more reliable than
words alone with sparse data, as shown by van den
Bosch and Buchholz (2002).
There are no comparable results available for
dependency parsing of Swedish, but if we compare with results for other languages, we find that
the unlabeled attachment score is slightly lower
than the best published results for English, which
are just above 90% (Eisner, 1996a; Collins et al.,
1999), but substantially higher than the results for
Czech (Collins et al., 1999).
Table 4 shows the results for the models trained
on the three parsed versions of the StockholmUmeå Corpus. If we begin by considering the
Words model, we see a significant improvement
in accuracy, both labeled and unlabeled, when this
model is trained on the output of either of the
two other models. The improvement is greater
for T-Words+PoS, which is natural given that this
version of the parsed corpus should be more accurate, but the difference between T-Words+PoS
and T-PoS is only significant for labeled attachment score. When the Words model is trained on
its own output, there is a small drop in accuracy,
but this is not statistically significant.
If we turn to the PoS model, we see a significant
drop in accuracy when this model is trained on TWords. For the two other conditions, there are no
significant differences, which again indicates that
a model based on parts-of-speech alone reaches a
stable state with relatively little training data but
has a limited potential for improvement.
If we compare the Words and PoS models,
we note that while the PoS model has significantly better accuracy when trained on the small
treebank, the Words model has equal or better
accuracy in all cases after bootstrapping. (The
small negative differences with respect to T-PoS
are not statistically significant.) As already noted,
the best results are obtained when training on TWords+PoS, where especially the labeled attachment score for Words is substantially higher than
for PoS and in fact approaches the results for
Words+PoS. With respect to unlabeled accuracy,
the difference between Words and PoS is not statistically significant.

Model
Words
PoS
Words+PoS

LAS
77.0
78.7
83.9

AS
83.8
85.2
88.0

Table 3: Parsing accuracy for models trained on Talbanken
Training set
T-Words

T-PoS

T-Words+PoS

Model
Words
PoS
Words+PoS
Words
PoS
Words+PoS
Words
PoS
Words+PoS

LAS
76.8
74.1
78.0
78.5
78.6
79.3
81.1
79.0
83.2

AS
83.1
81.7
83.6
84.9
85.3
85.7
85.8
85.2
87.1

Table 4: Parsing accuracy for models trained on the parsed Stockholm-Umeå Corpus

If we turn to the Words+PoS model, finally, we
see that this model never improves with bootstrapping. When trained on its own output the drop in
accuracy is not significant, but when trained on the
output of the other models the accuracy drops especially with respect to labeled attachment. And
the highest scores overall are the ones obtained
with the Words+PoS model trained only on Talbanken. This may seem like a disappointing result, but we have to keep in mind that whereas
the best model so far is restricted by the bottleneck of available treebank data, the bootstrapping
of the pure lexical model can be performed with
even larger training corpora. As far as we know,
it is still an open question whether it is actually
possible in this way to surpass the accuracy of the
model on which the bootstrapping is based.

6

Conclusion

In this paper, we have shown that a pure lexicalized model for deterministic dependency parsing can give a higher accuracy than a model involving (only) parts-of-speech, if we use a mixed
model trained on a small treebank to generate a
larger training corpus for the lexicalized model.
In this way, we have extended the results of
van den Bosch and Buchholz (2002) by show-

ing that, not only can a parsing model based on
words alone outperform a model based on partsof-speech alone given enough training data, but
this effect can also be achieved through bootstrapping, starting from a relatively small initial training corpus. This opens up new possibilities, since
the amount of training data that can be used for the
lexical model is no longer bounded by the amount
of annotated treebank data available, even if supervised learning is used. One of the interesting
questions for further research is whether we can
use this potential to surpass the best model trained
on the initial treebank.
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