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Abstract. The paper describes the experiments that use artificial neural
networks for resolution of the homonymy of parts of speech using limited
contextual information, namely, only the information of parts of speech of the
context is provided. We describe several experiments using backpropagation
neural networks. Our experiments are conducted for Spanish language using
LEXESP corpus. Two types of experiments are presented: the first one, when
we are not aware of the real possible homonymy, and, thus, have to choose one
of the fifteen possible grammar classes (in case of Spanish); and the second
one, when we rely on the information obtained from the morphological
analyzer, and resolve only the real homonymy presented in the text. For the first
case we obtained more than 46% of precision, and for the second case more
than 77%. Unlike other tagging methods we do not rely on lexical information.

The advantage of this approach is drastic reduction of dimensionality of the
decision space.

1 Introduction

The problem of part of speech tagging is one of the well developed problems in the
area of computational linguistics. The problem consists in assigning of grammar tags
to words in the text. There are different types of grammar tags, for example, they can
include only parts of speech (grammar classes) information like nouns, verbs, etc.
They can also include more detailed grammatical information. The part of speech
tagging is very important in a lot of applications such as access to textual data base,
robust syntactic analysis, etc.

Our purpose is to find a supervised method for tagging and resolution of
morphological homonymy (it is equivalent to tagging with the subset of tags) that
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depends on distributional properties of tags in the text and does not depend on lexical

information. .
In this work, we apply the neural networks paradigm to POS tagging. Two types of

the experiments are presented: the first one, when we are not aware of the real
possible homonymy, and, thus, have to choose one of the fifteen possible grammar
classes for Spanish; and the second one, when we rely on the information obtained
from the morphological analyzer [8], and resolve only the real homonymy presented
in the text, usually there are two or three tags for homonymic words.

The paper has the following structure. First, we briefly discuss the existing tagging
methods, then we describe the preparation of the input data and experimental
procedures for both cases (full tagging or homonymy resolution). After this, we
present experimental results for various network structures and various weight

assignments to different networks. Finally, conclusions are drawn.

2 POS Tagging Methods

There are different machine learning techniques that are used in POS tagging. For
example, POS tagging with Hidden Markov Model (HMM) ([15]) involves counting
occurences of the sequences and building a table of their probabilities. In advanced
HMM learning, these probabilities are counted for triplets and larger sequences. Some
other important current trends in POS tagging include Viterbi algorithm, Brill tagging
algorithm, and Baum-Welch algorithm ([5], [6], [7], [10], [12], [13], [14]). All these
approaches are dependent on lexical information, i.e., on coocurrences of individual
words.

In [11], the distributional technique is applied to the similar formulated problems.
The reported results for English have similar precision to ours, about 50%. In
Spanish, the tagging problem using context is more difficult due to free word order.

On the other hand, neural networks ([1], [2], [4]) are also used in natural language
processing. Martin Eineborg and Bjorn Gambéck ([3]) describe experiments with
three different architectures of backpropagation networks for recognition of unknown
words. Veronis and Ide ([16]) were using neural network approach for extracting
lexical information from dictionaries. Another suggestion ([9]) is to use word
structure for tagging with neural networks. Nakamura et al. ([17]) proposed prediction
of words categories using neural network architecture called NETgram. This was also
backpropagation approach. The grammatical category of preceding word was used to
predict the next word category. We substantially extend these experiments.

3 Methodology of the Experiments

3.1 Input Data Preparation

The input data aré obtained from the LEXESP corpus developed in Barcelona
Polytechnic University. We had part of this corpus with manually resolved
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homonymy, while the whole corpus is marked with all possible morphological tags,
i.e, the homonymy is not resolved.

The first step was finding in the original corpus the phrases that were
disambiguated manually (they were not subsequent phrases). Thus, we obtain the gold
standard of the Spanish POS tagging. This data is used while calculating precision in
automatic way.

The information in the corpus is encoded using the standard Eagles that is de facto
encoding standard for Spanish language. For example, the word alegre (happy) has
the following encoding: 4Q0CS0, where 4 stands for adjective (also can be N for
noun, ¥ for verb, etc.), O for qualifying, C for common (i.e., it can be both masculine
and feminine), and S stands for singular.

At the next step, we prepared the corpus that contains only tags of grammar
classes, i.e., the first letter of the code, as presented in Table 2 and Table 3. In our
case, we always use only the first element of the tag that corresponds to the grammar
class, say, 4 for adjective, and write it to a derived corpus of pure tags.

Finally, we prepared the input for neural networks that should contain only 1 and 0,
because this is the only possible input of the networks. There are fifteen grammar
classed in Spanish that we considered. Each tag from this file has an associated binary
code containing only one 1 in the position of the tag in the ordering list, e. g.,
001000000000000.

3.2 Neural Networks Training

We created eight networks depending on the number of context words. The difference
between these networks is the number of the input neurons, see Table 1. Each
network has fifteen output neurons that contain the final weights calculated for each
grammar category. The number of input neurons depends on the number of contextual
words (more specifically, their grammar categories) that are taken into account.
Namely, it is the number of context words multiplied by number of. possible grammar
categories (fifteen in our case), for example, if we have two context words, then there
are 30 input neurons, etc.

We used 1, 2 or 3 hidden layers in the neural networks in different experiments,
see Table 4.

The following steps are made for training of these networks applying
backpropagation approach.

Step 1:
Initialize weights connections with random values.

Step 2:

Present input patterns from the corpus. Depending on the context, the word was
sent to the input of one or several networks. The networks were configured according
to Table 1, where P is the desired tag in training and the unknown tag in recognition,
and tags C, correspond to tags of the context.

Step 3:
Calculate actual output for all networks.
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Calculate input for neurons of the hidden layers on the basis of values calculated
for the input neurons. For hidden neuron j, we have:

N
net , ;= zl W,

1=
Calculate output for hidden neurons.

Yp=f snet, ;)
Calculate output for output neurons.

L
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Step 4:
Calculate the error for all neurons, starting from the output layer.
If k is a neuron from the output layer then the value is calculated as:

2. k %k °p .k
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If neuron j is not from output layer then:
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Step 5:
Update weights starting from the output layer and going back to the input layer

adjusting weights.
For weights of neurons in the output layer:

wy (t+1) = wp, () +bw, (t+])

Aw, (t+)=ad,,y,;
For weights of neurons in the hidden layer
w,,(t+ D=w,(t)+Aw, (t+1)
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Step 6:
This process is repeated until the mean error of the cycle is less than 0.001.

1 2
Ep== Zi (d;—0,)", where d; is the element i of the desired output and ©; is
2 p

the element / of the actual output.
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3.3 Experimental Procedure for Tagging

The data from the LEXESP subcorpus, for which we have the gold standard, was
divided into phrases. They were introduced into all possible networks, depending on
the context of each phrase, e. g., if the phrase have thee words, and we are working
with the word in the middle, then the networks 0, 1 and 3 participate in the
processing, see Table 1.

For training, we introduced the tags of the context words into the corresponding
neural networks and compared the results with the desired tag propagating the error
backwards.

Table 1. Networks structure,

Phrase structure Network
P-C, 0
C,-P 1
P-C,-C, 2
C,-P-C, 3
C,-C,-P 4
C,-P-C,-C; 5
Ci-Cy-P-C; 6
C,-C,-P-C;5-C, 7

where P is a word we are working with, and C, stands for the context words.

Table 2. Example of the input data.

Subphrases Desired tag Network

=V Y 0
_VN Y 2
_N \Y 0
Y_ \Y% 1
_NS \% 2
Y_N \% 3
Y_NS \% 5
_S N 0
V_ N 1
_SN N 2
V_S N 3
YV_ N 4
V_SN N 5
YV_S N 6
YV_SN N q
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where “_” stands for the tag that is currently processed (it is considered as
unknown). It can be seen that the subphrase YVN was input for three networks 0, 1, 3
with input data _V, Y, Y_N.

As usual in application of neural networks, the recognition is the same procedure
only without propagation of error backwards. After training, we pass to experiments.
In each phrase, we deleted one tag for experimenting, but its value was kept for
comparison; this procedure was repeated for each tag. The network guesses correctly
if the kept tag value was equal to the tag obtained in the network output. If more than
one network was used, then we count the average value. We also tried different
weights for different networks, see Table 5, Table 6, and Table 7.

A detailed example of the procedure is presented in Table 2. Suppose that have the
tagged phrase Y¥NSN. It will be introduced into networks in the manner presented
there.

The same phrases were used as input data for Brill tagger and TnT tagger for
comparison with the proposed approach, see below.

3.4 Experimental Procedure for Morphologic Homonymy Resolution

We have at our disposal all possible tags for cases of morphological homonymy that
occur in our corpus, as well as the gold standard of tagging, i.e., manual resolution of
this homonymy. Our task is to choose one tag of the reduced set of possible tags. The
difference with the previous case is that we do not have to use all tags, but only the
tags that are homonymic in the real text. Namely, instead of fifteen tags, we have to
choose between two or three possible tags.

The procedure is essentially the same as described in the previous section, being
the only difference the restricted set of tags. For example, the homonymic tags are
presented in Table 3.

Table 3.Homonymic tags.

Correct tags Other possible tags
\
T N
N TV
T VM
N

4 Experimental Results

In this section, we present experimental results obtained using previously described
procedures.
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4.1 Results for Tagging

We used 797,698 entries in the experiments. We experimented with the values of
parameters like number of layers, number of iterations and learning factor for neural
networks. The results presented in Table 4 were obtained, being the best performance
46.61%.

We compared our results with the results obtained using Brill tagger and TnT
tagger. We understand that both taggers are not designed for the task as we formulate
it, but, on the other hand, let us imagine that the language has only fifteen words (that
corresponds to grammar categories), so the taggers that work with words can be
applied as well. For Brill tagger, we obtained precision of 15.5%, and for TnT tagger
only 6%. These are very low values that we explain with lack of information for
correct performance of both taggers.

Table 4. Results using different network parameters.

Iterations Number of Learning factor Precision %

number hidden layers
250 3 0.25 46.38
150 3 0.25 46.30
150 2 0.5 46.61
100 3 0.25 42.80
100 2 0.25 46.37
100 2 0.5 46.01
100 2 0.75 46.10
100 2 0.9 45.78
100 1 0.9 46.28

100 1 0.5 46.16

4.2 Results for Morphologic Homonymy Resolution

The experiment for resolution of morphological homonymy was conducted for
1,830,349 entries that were used as input for different networks depending on the
context size. We obtained precision of 77.08% using networks without any additional
weighting, i.e., the results of all networks were considered equally important.

Still, another hypothesis is possible, that some contexts are more important than the
others. For verifying this, we assign different weights to different networks at the
moment of calculation of the resulting mean value. We assign weights in the
following manners:

e  Symmetric weights.
o Greater weights to the networks with major left contexts.
e Greater weights to the networks with major right contexts.

The results are presented in the following tables (Table 5, Table 6, Table 7). As can
be observed, a preference to the right contexts gives a little bit better results, 77.45%.



312  Ernesto Gomez-Balderas, Grigori Sidorov, Héctor Jiménez-Salazar

Table 5. Results for symmetric weights.

Neural network weights Precision
RO Rl R2 R3I R4 R5 R6 R7 %
03 03 05 05 05 0.8 08 1 77.36
02 02 03 03 03 05 05 0.8 76.89
05 05 07 07 07 0.8 08 0.9 77.34
1 1 08 0.8 08 05 05 04 76.62
1 1 08 05 05 08 1 1 76.62
Table 6. Results for preference to the left contexts.
Neural network weights Precision
R0 R1 R2 R3 R4 R5 R6 RT7 %
0:2. 1 02 .05 1052 1 75.71
05 1 0508 1 08 1 038 76.88
05 1 0305 1021 =05 76.45
05 1 03 05 1 02 08 0S5 76.38
05 1 0505 1 05 05 05 76.53
02 1 02 05 1 02 05 05 75.70

Table 7. Results for preference to the right contexts.

Neural network weights Precision
R0 R1 R2 R3 R4 R5 R6 R7 %
1 02 1 05 02 08 05 05 76.55
1 ..02..1. 05 02 :1,:05 "1 76.37
1 02 1 08 02 08 05 0.8 76.74
1 01 1 06 01 08 06 0.8 76.23
08 0.1 08 06 0.1 06 0.6 0.6 76.67
1 02 1 03 02 05 02 05 75.67
04 04 06 06 06 1 1 1 77.45
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5 Conclusions

We presented experiments that use artificial neural networks for resolution of the
homonymy of parts of speech (grammar classes) using the limited contextual
information, namely, only the information of parts of speech of the context is
provided.

We describe several experiments using backpropagation neural networks. Our
experiments are conducted for Spanish language using LEXESP corpus.

Two types of experiments are presented: the first one, when we are not aware of
the real possible homonymy, and, thus, have to choose one of the fifteen possible
grammar classes (in case of Spanish); and the second one, when we rely on the
information obtained from the morphological analyzer, and resolve only real
homonymy presented in the text. For the first case we obtained more than 46% of
precision, and for the second case more than 77%.

We tried various network architectures and various ways of weighting of different
networks.

The advantage of the approach that does not rely on lexical information is drastic
reduction of dimensionality of the decision space.

In future, it is interesting to calculate precision values for each grammar class
separately.
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