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Chapter 5

Modeling global context

The HMM used for POS tagging is usually a second-order model, using tag
trigrams, implementing the idea that the two preceding tags provide a consid-
erable amount of information to predict the current tag. This approach leads
to good results. For example, the TnT trigram HMM tagger is reported to
achieve state-of-the-art tagging accuracies on English and German averaging
between 96% and 97% [17]. In chapter 4, a trigram model was successfully
used in supporting the Alpino parser by means of POS tag filtering. In gen-
eral, however, as the model does not consider global context, mistakes are
made that concern long-distance syntactic relations.

In this chapter a method will be presented to extend the model with
information that goes beyond the limit of n-grams. First a naive method will
be suggested, which is outperformed by a proposed alternative. This better
method will also be compared to the standard tagging model, showing how
a particularly frequent tagging error is considerably reduced in number.

5.1 A restriction of HMM tagging

At the basis of trigram HMM tagging lies the simplifying assumption that
the context of a given tag can be fully represented by just the previous two
tags. This false assumption leads to tagging errors where syntactic features
are ignored that are needed for determining the identity of the tag at hand
but that fall outside of this range. But using longer n-grams tends to lead
to a less accurate model, as the probabilities associated with longer n-grams
become increasingly hard to estimate from training data.

An example of an error of this kind in tagging Dutch is related to finiteness
of verbs. This particular error is discussed in the next section and will be
used to explain the proposed approach to extending the model, as well as in
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80 Chapter 5. Modeling global context

training and testing of the resulting model. Other possible applications of
the proposed method include assignment of case in German, and assignment
of chunk tags in addition to part-of-speech tags. Both are briefly discussed
in section 5.4, and the chunking application is the topic of chapter 6.

5.1.1 A systematic error in tagging Dutch

In experiments on tagging Dutch text, performed in the context of chapter 4,
the most frequent type of error is a typical example of a mistake caused by
a lack of global context. In Dutch, the same word form is used for infinitives
and third person plural finite verbs. For example, vallen can be used as the
plural finite form in wij vallen (‘we fall’), and also as the infinitival form in
wij willen niet vallen (‘we don’t want to fall’). In example (1) the second
verb in the sentence, vallen, is incorrectly tagged as the finite plural form of
the verb, resulting in two finite verbs in the same clause.

(1) *Hij
He

hoorde/verb(past(sg))

heard
de
the

blikken
cans

vallen/verb(pl)

fall
.
.

In table 5.1 the five most frequent errors in a tagging experiment reported
on in section 5.3 are given. The two most frequent errors involve mixing up
the verb(inf) and verb(pl) tags.

freq assigned correct
159 verb(inf) verb(pl)
82 verb(pl) verb(inf)
68 proper name(both) 1-proper name(both)
57 proper name(both) noun(de,sg)
53 verb(psp) adjective(no e,adv)

Table 5.1: The five most frequent tagging errors (on a total of 3946
errors) using the standard tagging model in an experiment reported
on in section 5.3.

Since a clause normally contains precisely one finite verb, this mistake could
be reduced by remembering whether the finite verb for the current clause
has already occurred, and using this information in classifying a newly ob-
served verb as either finite or non-finite. The trigram tagger has normally
“forgotten” about any finite verb upon reaching a second verb.

One way of attempting to solve this tagging problem is to base the model
on very large n-grams and hope that it correctly models occurrences of finite
verbs and clause boundaries. However, the associated probabilities would be
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hard to estimate as most n-grams encountered in test data would not have
been seen previously in training data.

5.2 Extending the model

Instead of increasing the size of the model beyond practical limits by con-
sidering all information found in large n-grams, the model can be extended
with specific long-distance context information. Analogous to how sequences
of tags can be modeled as a probabilistic network of events, basing the prob-
ability of a tag on a number of preceding tags, we can also model specific
syntactic context. Figure 5.1 shows a fully interconnected network of pos-
sible context values C1...j. For the example problem presented in the previous
section, this network could consist of just two states: pre and post. In state
pre the finite verb for the current clause has not yet been seen, while in state
post it has. This context feature C, and its probability distribution, is to be
incorporated in the model.

C1 C2 • • • Cj

Figure 5.1: A network modeling transitions between j context val-
ues.

If the model is extended with global context, then global context has to
be part of the annotation of the training data from which model parameters
are estimated. The Alpino wide-coverage parser for Dutch [15] will be used to
automatically add the extra information to the data, as well as for assigning
POS tags. For the example concerning finite plural verbs and infinitives,
this means the parser labels every word in the sentence with one of the two
possible context values pre and post. When the parser encounters a root
clause (including imperative clauses and questions) or a subordinate clause
(including relative clauses), it assigns the context value pre. When a finite
verb is encountered, the value post is assigned. Past the end of a root
clause or subordinate clause the context is reset to the value used before the



82 Chapter 5. Modeling global context

embedded clause began. In all other cases, the value assigned to the previous
position is continued. As an example, the annotation of example sentence
(2) is provided in table 5.2.

(2) Bestuursleden
Board members

van
of

Vitesse
Vitesse

zijn
are

niet
not

bedreigd
threatened

.

.
’Board members of Vitesse have not been threatened.’

word POS tag context value
Bestuursleden noun(het,pl) pre

van preposition(van) pre

Vitesse proper name pre

zijn verb(pl) post

niet adverb post

bedreigd verb(psp) post

. punct(punt) pre

Table 5.2: Example sentence (2) annotated with POS tags and
pre/post context values by Alpino.

In describing how the extra context information is added to the HMM,
we will first look at how the standard model for POS tagging is constructed.
Then the probability distribution on which the new model is based is intro-
duced. At this point a distinction is made between a naive approach where
the extra context is added to the model by extending the tagset, and a better
method where the context is added separately from the tags which results in
a much smaller increase in the number of parameters to be estimated from
the training data. For the standard model as well as the extended model,
factorizations and simplifying assumptions are given which lead to the final
probability distributions as they are used in POS tagging.

5.2.1 Standard model

In the standard second order HMM used for POS tagging (as introduced
in chapter 3 and as described for example in chapter 10.2 of [59]), a single
state corresponds to two POS tags, and the observed symbols are words.
The transitions between states are governed by probabilities that combine
the probabilities for state transitions (tag sequences ti−2, ti−1, ti) and output
of observed symbols (words wi):

P (ti, wi|ti−2, ti−1)
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In order to arrive at probabilities that can be estimated from training data,
two transformations are applied. First, the probability distribution over tags
and words is factorized into two separate distributions, using the chain rule
P (A, B|C) = P (A|C) · P (B|C, A):

P (ti, wi|ti−2, ti−1) =
P (ti|ti−2, ti−1) · P (wi|ti−2, ti−1, ti)

Second, the POS tagging assumption that the word only depends on the
current tag is applied:

P (ti, wi|ti−2, ti−1) ≈ P (ti|ti−2, ti−1) · P (wi|ti)

The number of parameters (or probabilities to be estimated) for this model
can be computed based on the size of the tagset, the size of the vocabulary
and the length of the n-grams used (which is three in the above case). This
amount can then later be compared to the number of parameters associated
with an extended model. If τ is the size of the tagset, ω the size of the
vocabulary, and n the length of the tag n-grams used, then the number of
parameters in this standard model is τn + τω.

5.2.2 Extended model

As a starting point in adding the extra feature to the model, the same prob-
ability distribution used as a basis for the standard model is used:

P (ti, wi|ti−2, ti−1)

Naive method: extending the tagset

The contextual information C with j possible values can be added to the
model by extending the set of tags, so that every tag t in the tagset is
replaced by a set of tags {tc1, tc2, . . . , tcj

}. As an example, table 5.3 shows
example sentence (2) annotated with tags to which context values pre and
post have been added.

If τ is the size of the original tagset, then the number of parameters in this
extended model is τnjn + τjω, the number of tag n-grams being multiplied
by eight in our example. An experiment is run to see how the model based on
the extended tagset performs, compared to the standard tagging model. The
training data used for both models is a year of the Dutch Parool newspaper,
amounting to 5.4 million words. The test data is a set of 3686 sentences from
the same newspaper that were not part of the training data. The results in
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word POS tag
Bestuursleden noun(het,pl)*pre
van preposition(van)*pre
Vitesse proper name*pre
zijn verb(pl)*post
niet adverb*post
bedreigd verb(psp)*post
. punct(punt)*pre

Table 5.3: Example sentence (2) annotated with POS tags to which
pre/post context information has been added.

table 5.4 show that, in comparison to the standard model, the increase in
the number of parameters associated with the model based on the extended
tagset (the “naive” model) leads to lower tagging accuracy.

Better method: adding context to states as a separate feature

In order to avoid the problem associated with the naive method described
above, a context feature may be added to the states of the model separately
from the tags. (The training data for this model would be annotated as
shown in table 5.2.) This way it is possible to combine probabilities from the
different distributions (tags, words and context) in an appropriate manner,
restricting the increase in the number of parameters. For example, it is
now stated that as far as the context feature is concerned, the model is
first order. The probabilities associated with state transitions are defined as
follows, where ci is the value of the new context feature at position i:

P (ti, wi, ci|ti−2, ti−1, ci−1)

As before, the probability distribution is factorized into separate distribu-
tions:

P (ti, wi, ci|ti−2, ti−1, ci−1) =
P (ti|ti−2, ti−1, ci−1) ·
P (ci|ti−2, ti−1, ci−1, ti) ·
P (wi|ti−2, ti−1, ci−1, ti, ci)

The same simplifying assumption made in the standard POS tagging model
that words only depend on the corresponding tag is applied, as well as the
assumption that the current context value only depends on the current tag
and the previous context value:
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P (ti, wi, ci|ti−2, ti−1, ci−1) ≈
P (ti|ti−2, ti−1, ci−1) ·
P (ci|ci−1, ti) ·
P (wi|ti)

The total numbers of parameters for this model is τnj+τj2 +τω. In the case
of the example problem this means the number of tag n-grams is multiplied
by two. Applying this model on the data set used in evaluating the naive ap-
proach, an accuracy is achieved that is higher than that of both the standard
and the naive model, as seen in table 5.4. The actual numbers of parameters
involved in this experiment, given in table 5.4, show that in practice the
difference in size between the naive and the better model is not as large as
predicted, since not all theoretically possible n-grams are encountered in real
data.

model accuracy parameter count

“better” 92.7% 832,611
standard 92.3% 736,716
“naive” 89.3% 922,663

Table 5.4: Tagging accuracies and parameter counts, comparing
the standard tagging model, the model based on the tagset ex-
tended with contextual information concerning the occurrence of
finite verbs (“naive”), and the extended model in which tags and
context labels are stored separately (“better”).

In the rest of this chapter, the extended model described in this paragraph
will be used. In section 5.3 the extended model will be compared more
extensively to the standard model on two different data sets.

5.3 Tagging experiment

A POS tagging experiment will be performed to compare the standard and
the extended tagging model. First the tagger will be described. The tagger
differs from the system used in the previous chapter in that now it has to
perform its own lexical analysis, which includes dealing with words that are
not in the lexicon. Then the experiment itself, executed on two different data
sets, is presented.
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5.3.1 Tagger

The trigram HMM tagger used in the experiments of section 5.3 computes
the a posteriori probability for every tag as described in chapter 4. This value
is composed of the forward and backward probability of the tag at hand as
defined in the forward-backward algorithm for HMM-training. This idea is
also described in [48] and [26].

Training of the tagger is done through inference. From text annotated
with POS tags and context labels the n-gram probabilities and lexical prob-
abilities needed by the model are estimated based on the frequencies of the
corresponding sequences.

A model that exclusively uses trigram information would suffer from the
sparse data problem as trigrams are encountered that were not seen during
training. Therefore the trigram data is combined with bigram and unigram
data. The probabilities of different orders are combined using linear inter-
polation, a method for smoothing probabilities. This technique has been
described in chapter 4. As described in that chapter as well, a very small
default probability is assigned to previously unseen combinations of words
and tags.

Unknown words

The POS tagger used in chapter 4 was supplied with a set of possible tags
for every word, produced by the parser’s lexical analysis component. In the
current chapter, the tagger is not used as a filter in the parser, but instead we
are interested in the task of POS tagging on its own, comparing two different
models. Therefore the tagger now is a stand-alone system in the sense that
it has to perform its own lexical analysis. The tagger uses a lexicon that has
been created from the training data to assign an initial set of possible tags
to every word.

Words that were not seen during training are not in the lexicon, so that
another method has to be used to assign initial tags to these unknown words.
As these cases often concern names, a heuristic is used that assigns all name
tags found in the tagset to unknown words that start with an uppercase
letter, and to sequences of such words. This heuristic ignores words at the
beginning of a sentence.

After this heuristic, a word may still be without tags. A technique de-
scribed and implemented by Jan Daciuk [34] is used to create automata for
associating unknown words with tags based on suffixes of those words. The
idea behind this method is that words that share the same POS tag will
also often have the same endings. As an example, if the word schommelstoel
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(rocking chair) would be unknown based on the lexicon, possible POS tags
could still be retrieved from the suffix automata based on the suffix stoel
(chair).

Two of these suffix automata are created, one containing all words from
the training data that start with an uppercase letter, the other automaton
containing all other words. This is motivated by the idea that classifica-
tion on suffixes will be less appropriate in the case of names; the inclusion of
names in the automaton could decrease its usefulness in assigning tags to nor-
mal words. Tests show that this division does increase performance slightly.
However, due to the particular implementation of the training process used
here, sentence boundary information is not available at the moment these
automata are created, and therefore all words at beginnings of sentences are
in this context considered names.

Although some attention has been paid to a proper treatment of unknown
words, the main point of this experiment is not to achieve the highest absolute
POS tagging accuracy, but rather to compare the two different models. In
principle, other and perhaps better methods can be implemented to deal with
unknown words, two of which are now mentioned.

Brill [19] describes a transformation-based unknown word tagger. The
transformations, based on eight transformation templates, refer to prefixes
as well as suffixes of words, among other features. Initially, either a noun or
a name tag is assigned based on capitalization of the unknown word. Then
the set of transformations, which has been learned previously from training
data, is applied.

Weischedel, Schwartz, Palmucci, Meteer and Ramshaw [101] present a
probabilistic model in which information on capitalization, word endings,
and hyphenation are combined, as follows, to compute the probability of an
unknown word wi being tagged with tag ti.

P (wi|ti) = P (unknown word|ti) ·
P (capitalization|ti) ·
P (endings, hyphenation|ti)

The computation of P (unknown word|ti) is not specified. A possibility is
to treat all words that occur only once in the training data as representatives
of the unknown word. Weischedel’s method as described up to this point
deals with smoothing of probabilities rather than lexical analysis; the set of
tags assigned to unknown word wi is the set of all open tags in the tagset,
and to these tags the above computation is applied. This is in contrast to
the method used in the tagger described here, where a more complicated
method of selecting possible tags is applied (the suffix automaton), followed
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by assignment of a small default probability for P (wi|ti) rather than using a
more informed method such as the above computation.

5.3.2 Method

An extended model was created featuring context information on the occur-
rence of the finite verb form. To test the effect of the additional information
being available in tagging, the tagger is used to assign tags to a set of sen-
tences first using the standard model and then using the extended model,
after which the results are compared in terms of tagging accuracy. The tag-
ger is instructed to keep only what it considers to be the best tag for every
word, so that accuracy results can be compared without having to consider
corresponding tagging ambiguity. The experiment is conducted with two dif-
ferent data sets. Differences between the data sets in the amount of training
data and the annotation used make this two distinct experiments.

5.3.3 Data

The first set consists of a large amount of Dutch newspaper text that was
annotated with POS tags by the Alpino parser. This is referred to as the
“Alpino” data. The automatic annotation was not manually corrected after-
wards and therefore might still contain errors. However, this approach makes
available an amount of training data that would be practically impossible to
create by hand. Training data for the Alpino experiment is four years of
daily newspaper text, amounting to about 2 million sentences (25 million
words). Test data is a collection of 3686 sentences (59 thousand words) from
the Dutch Parool newspaper. The data is annotated with a tagset consisting
of 2825 tags. The large size of the Alpino tagset is mainly due to a large
number of infrequent tags representing specific uses of prepositions.

The second and much smaller set of data is the written part of the Dutch
Eindhoven corpus [36] tagged with the Wotan tagset [11]. The complete
Eindhoven corpus also includes spoken language, and was composed in the
context of research on word frequencies in Dutch. The Wotan tagset was de-
signed on the basis of a descriptive grammar of Dutch, the Algemene Neder-
landse Spraakkunst [41], and in cooperation with potential users. The same
corpus was used in [92], therefore the second experiment will allow for a com-
parison of the results with previous work on tagging Dutch. This data will
be referred to as the “Wotan” data. In the Wotan experiment, 36 thousand
sentences (628 thousand words) are used for training, and 4176 sentences (72
thousand words) are used for testing. The Wotan data is annotated with a
tagset consisting of 345 tags (although a number of 341 is reported in [92]).
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For both sets the contextual information concerning finite verbs is added
to the training data by the Alpino parser in the manner described in sec-
tion 5.2. Due to restrictions on the available amount of memory, the parser
was not able to parse 265 of the 36 thousand sentences of Wotan training
data, which means these particular sentences (with an average length of 50
words) were not annotated with extra contextual data. As a result, not all
of the training data used in [92], 640 thousand words, could be used in the
Wotan experiment.

5.3.4 Results

Baseline method

To get an idea of the complexity of tagging text from the two different sources,
given the differences in tagsets and amount of training data, a baseline
method was used which consists of choosing for every word in the sentence
the tag that word was most often associated with in the training data. Thus
the baseline method is to tag each word w with a tag t such that P (t|w) is
maximized. Unknown words receive the tag that was most often assigned to
words that occurred only once in the training data. The baseline accuracies
are 85.9% on the Alpino data and 84.3% on the Wotan data.

“Alpino” experiment

The results on the Alpino data are shown in table 5.5. The extended model
does slightly better than the standard model in terms of tagging accuracy.
From the two accuracy scores, an overall error reduction rate is computed.
Applying the paired sign test indicates this improvement to be significant at
a confidence level of 99%. In table 5.6 and 5.7 the ten most frequent tagging
errors are listed for tagging using the standard and extended model respec-
tively. As shown in the bottom two rows of table 5.5, using the extended
model leads to a large reduction in the number of errors of the type where
the plural form is mixed up with the infinitival form of a verb.

“Wotan” experiment

The results on the Wotan data can be seen in table 5.8. The tagging accuracy
attained using the standard model is very similar to the 92.06% reported by
Van Halteren, Zavrel and Daelemans [92] who used the TnT trigram tagger
[17] on the same training and testing data. The overall error reduction rate
is lower than the one achieved on the Alpino data. It is still significant at a
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model standard extended

tagging accuracy 93.34% 93.62%
errors 3946 3779
error reduction 167 = 4.23%
pl/inf errors 241 (6.11%) 82 (2.17%)
pl/inf error reduction 159 = 65.98%

Table 5.5: Tagging results on Alpino data.

freq assigned correct
159 verb(inf) verb(pl)
82 verb(pl) verb(inf)
68 proper name(both) 1-proper name(both)
57 proper name(both) noun(de,sg)
53 verb(psp) adjective(no e,adv)
45 proper name(both) 2-proper name(both)
42 wkpro determiner pro(nparg,het) het noun
41 punct(ligg streep) skip
38 verb(inf) v noun
37 er adverb er noun

Table 5.6: Most frequent tagging mistakes on Alpino data, using
standard model.

99% confidence level. The reduction of errors of the type involving plural and
infinitive verb forms is also lower than in the case of the Alpino experiment.

5.3.5 Discussion of results

Extending the standard trigram tagging model with syntactical information
aimed at resolving the most frequent type of tagging error led to a consider-
able reduction of this type of error in stand-alone POS tagging experiments
on two different data sets. At the same time, other types of errors were also
reduced.

The relative error reduction for the specific type of error involving finite
and infinitive verb forms is almost twice as high in the case of the Alpino
data as in the case of the Wotan data (respectively 65.98% and 37.03%).
There are at least two possible explanations for this difference.

The first is a difference in tagsets. Although the Wotan tagset is much
smaller than the Alpino tagset, the Wotan tagset features a more detailed
treatment of verbs. For example, it differentiates between transitive and in-
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freq assigned correct
69 proper name(both) 1-proper name(both)
57 proper name(both) noun(de,sg)
53 verb(inf) verb(pl)
47 verb(psp) adjective(no e,adv)
45 proper name(both) 2-proper name(both)
42 punct(ligg streep) skip
41 wkpro determiner pro(nparg,het) het noun
37 verb(inf) v noun
37 er adverb er noun
36 adverb modal adverb

Table 5.7: Most frequent tagging mistakes on Alpino data, using
extended model.

model standard extended

tagging accuracy 92.05% 92.26%
errors 5715 5564
error reduction 151 = 2.64%
pl/inf errors 316 (5.53%) 199 (3.58%)
pl/inf error reduction 117 = 37.03%

Table 5.8: Tagging results on Wotan data.

transitive verbs. In the Alpino data, the plural finite verb forms and infinitive
verb forms are represented by two tags, verb(pl) and verb(inf). In the
Wotan data, they are represented by a total of 20 tags. An extended model
that predicts which of the two forms should be used in a given situation is
therefore more complex in the case of the Wotan data, and will more easily
lead to wrong predictions.

A further important difference between the two data sets is the avail-
able amount of training data (25 million words for the Alpino experiment
compared to 628 thousand words for the Wotan experiment). In general a
stochastic model such as the HMM will become more accurate when more
data is available from which probabilities can be estimated. To judge whether
tagging accuracy on the Wotan data would increase if more data were avail-
able, this experiment was repeated several times using different amounts of
training data. In figure 5.2, tagging accuracy is plotted against amount of
training data, both using the standard and the extended model. The slope of
the two lines suggest that more data would indeed lead to an improvement in
accuracy. The difference between the accuracies attained using the standard
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Figure 5.2: Tagging accuracy on Wotan data using different
amounts of training data.

and extended model shows a subtle increment as more data is used, which
suggests that the extended model would benefit more from extra data than
the standard model.

5.3.6 Using the model in the parser

The extended model was also used in the POS tag filter described in chapter 4
to see whether it would help increase parsing performance. Based on the
small increase in POS tagging accuracy, no large increase in parsing per-
formance was expected. An experiment was run on the whole of the Alpino
treebank, the results of which are in table 5.9. Here, items (representing
the number of chart edges created in parsing) is a figure related to parsing
efficiency; a smaller number of items means efficiency is higher. Using the
extended model leads to a small increase in parsing efficiency compared to
using the standard model.

The fact that there is only a small increase in efficiency, and not an
increase in accuracy, can be explained as follows. If the tagger using the
standard model incorrectly assigned the highest probability to verb(inf)

instead of to verb(pl), the latter option would still typically be assigned a
high probability. Using a threshold for removal of bad tags, in such cases both
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model parser accuracy items
extended 85.49% 1,738,628
standard 85.43% 1,792,523

Table 5.9: Parsing performance in terms of accuracy and number of
items when using the POS tag filter with respectively the standard
and the extended POS tagging model.

tags would survive, and the parser could still choose from both tags, usually
selecting the correct one. If the tagger uses the extended model, it is better
able to distinguish between the correct and the incorrect verb tag in a given
situation. With the incorrect tag being filtered out more often, accuracy will
not necessarily increase since the parser was already able to choose the right
tag using the filter with the standard model. However, efficiency will increase
since less time is spent evaluating the incorrect alternative.

5.4 Other applications

A related possible application of the technique described here concerns as-
signment of chunk tags. Chunking was first approached as a tagging task
in [72]. Typically chunk tags will be assigned on the basis of words and
their POS tags. It is thus assumed that a sequence of POS tags is already
available. An alternative approach is to use an extended model that assigns
chunk tags and POS tags simultaneously, as was done for finite verb occur-
rence and POS tags in this chapter. In this way, relations between POS tags
and chunk tags can be modeled in both directions. The use of the extended
model to do chunking is the topic of the next chapter.

Another possible application is tagging of German. Unlike Dutch, Ger-
man features different cases. For statistical taggers this can lead to problems,
as illustrated in [45] with example (3):

(3) Die
The

Frage
question

nach
about

der
the

Form
form

beantwortet
answers

er
he

dann
then

auch
also

so:
in this way

’He answers the question about the form in this way:’

It is pointed out that the TnT tagger wrongly assigns the nominative case
to die Frage, which should have received accusative case. In the end result,
both die Frage and er are assigned nominative, while the combination of two
nominatives is unlikely when compared with the more typical combination
of nominative and accusative. The preference for just one assignment of the
nominative case, perhaps also in relation to occurrences of the accusative,
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might be learned by including case information in the model.
The technique described in this chapter was applied to a problem that

required storing only a single contextual feature that could take on two values.
The other possible applications described above are of the same nature in
that they concern a single feature with just two or three values. If more
than one feature is required, this can be implemented by combining different
features into one feature through concatenation. For example, two features
x and y each ranging over the two values a and b would be implemented as a
single feature xy with the four possible values aa, ab, ba and bb. In practice
the increase in parameters would limit the number of features (as well as
the number of different feature values) that can be added in this way, and it
would have to be investigated empirically to what extend a particular type
and amount of contextual information is still beneficial.

5.5 Other work on extending n-gram models

In the context of n-gram language models, several techniques aimed at ex-
tending the standard trigram model have been discussed in the literature.
These are briefly presented below. The language models under consideration
are those used to find the probability of a sequence of words, defining the
probability of a given word as P (w|h), the probability of a word w given a
history h. Such models are used for example in speech recognition.

As described at the beginning of this chapter, a trigram model only uses
the immediate context of a word w in predicting it; words that occurred
further back in history may however often be of use in predicting w. Based
on this idea, Rosenfeld [78] describes the use of trigger pairs. A trigger
pair A → B describes the idea that an occurrence of word A triggers an
occurrence of word B later on. Rosenfeld describes a method of deciding
which trigger pairs to use by computing their benefit. A trigger pair A → B
becomes more beneficial as A is a better predictor for B, and as the two
words become more common in the test data. Rosenfeld combines trigger
models and n-gram models using a Maximum Entropy approach. The topic
of word trigger pairs is also addressed in [85].

Goodman [43] describes the techniques of caching, clustering, higher order
n-grams, skipping models, and sentence mixture models.

Caching is based on the idea that a word used by the speaker has a good
chance of occurring again in the nearby future. A cache model is derived
from recently used words and interpolated with the standard language model,
improving upon the standard model.

Clustering means combining words into classes to decrease the problem
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of sparse data, as illustrated with the example that knowing that Tuesday
is a weekday can help in predicting this word in situations where words for
weekdays typically occur, based on statistical information on the occurrences
of other words from the same class.

On the use of higher-order n-grams, Goodman reports significant im-
provements in moving from trigram to 5-gram models. It is also mentioned
that in practice, the move to 5-gram models is often impractical due to the
increased memory requirements.

Normally, a trigram model models the probability of a word wi as
P (wi|wi−2, wi−1). The idea applied in skipping models is to skip one or
more words in the context of wi, and to use for example the probability
P (wi|wi−3, wi−2) instead. In cases where a syntactic construction renders
word wi−1 unimportant in predicting wi and words wi−3 and wi−2 all the
more important, use of this model is benificial.

A final technique discussed by Goodman is the use of sentence-mixture
models. Here, instead of creating one big n-gram model based on the whole of
the trainingdata, separate models are constructed based on sets of sentences
of the same type, leading to an increase in performance. Goodman gives an
example where sentences are divided into types based on the general topics
of the texts they appear in.

Hunter and Huckvale [47] describe the caching, clustering, and trigger
pairs techniques in the context of modeling dialogue text. They conclude
that with this type of data, caching and clustering are more appropriate
than the trigger pairs method, which does not perform well.

The technique described in the current chapter is comparable to the gen-
eral idea of trigger pairs. In our case, an interesting trigger pair was manually
selected by analysing tagging errors. In the work of Rosenfeld it is automatic-
ally decided which trigger pairs are to be used. This more advanced approach
as well as the other techniques mentioned above, while not further invest-
igated in this chapter, may well be of use in improving upon the approach
described here.

5.6 Conclusion

In this chapter we presented how the HMM for POS tagging can be extended
with global contextual information without increasing the number of para-
meters beyond practical limits. In two tagging experiments, using a model
extended with a binary feature concerning the occurrence of finite verb forms
instead of the standard model resulted in improved tagging accuracy. The
annotation of the training data with context labels was acquired automat-
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ically through the use of a wide-coverage parser. Using the extended model
in the POS tag filter described in chapter 4 resulted in a small increase in
parsing performance relatively to using the filter with the standard model.




