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Abstract

The am of this Ph.D. thesis is the study of the inclusion of linguistic information in
word prediction for Spanish, being the main objective improving the writing aids available
for people with different kind of disabilities.

In order to include linguistic information, a novel architecture that allows the
development of an original methodology is proposed, so that the different sources of
information that have been explored are combined (mainly in the lexical, morphological
and syntactic levels). This combination is performed by a management module, able to deal
with the different information flows used and combine them as well. Strict separation
between the lexicons (main, custom and subject) and prediction methods is essential in the
architecture and makes the combination possible.

The prediction methods included use two man modeling strategies for the
linguistic information: stochastic modeling (unigrams, bigrams, bipos and tripos), and
formal modeling (using a probabilistic context free grammar strengthened with additional
characteristics). In every module including linguistic knowledge, specific contributions
have been made, both in the design and organization of the information (mainly oriented to
be used in the formal grammar) and also in the particular methodology of using this
information when facing word prediction and the adequate cooperation with other modules.
The design criterion and the definition of the grammatical parts-of-speech (pos) used are
also considered to be significant contributions of this thesis. They are intended to better
connect With the observed syntactic behavior, along with the design of afeature set towards
which part of the expressive content has been shifted. In order to deal with both pos and
features, some original mechanisms included in the design of the formal grammar are also
proposed.

With respect to the formal model, the detailed study of linguistic phenomena (both
theoretically and empirically) has led us to design a probabilistic context free grammar that
uses an origina interweaving of different mechanisms (terminal symbol feature
concordance, imposition and prohibition; powerful feature management also in non
terminal symbols; lemma and word imposition and prohibition; and the possibility of
dealing with optional symbols) that endow it with a significant descriptive power of the
language, while keeping the number of rules and the search process computationally
tractable. This work is not only limited to a theoretical study. A working system has also
been evaluated and implemented, built following the proposed architecture in which,
additionally, specific considerations on the user interface design have been taken into.
account
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A detailed study on the different factors that affect the quantitative evaluation
(where a normalization effort should be done, given the lack of defined standards on this
topic) is also provided, proposing metrics able to analyze the power of the information
sources that allows us to select the best combination strategy leading to actua
improvements for the users of this technology. In this combination, we prioritize the words
coming from the subject and custom lexicons using a bigram model. After this, the
stochastic pos models is used, firstly applied to the subject lexicon and afterwards, with an
adequate weighting, to the custom and main lexicons.

With respect to the word prediction method based in the formal grammar, the
overall set of contributions allowed us to achieve results close to those obtained with the
stochastic pos models, leaving for future research the completion of its descriptive
capabilities. The modularity and flexibility of the architecture will allow usto carry out this
research work taking great advantage of the effort already invested here.
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1 Introduction

Word prediction is one of the most commonly used methods in communication aids
for people with different sorts of disabilities, but able to read and write. The advantages of
the word prediction depend on the degree of impairment of the user: for users with physical
disabilities with good linguistic skills the system will only help them in the physical sense,
accelerating the writing and reducing the effort needed to type. Users with linguistic
problems (i.e., dyslexics, or people with problems to generate grammatically correct
sentences) will write more correct phrases, if grammatical information is included in the
prediction system, because they will be able to recognize the adequate words when shown
in the menu.

Generally speaking, a word prediction application tries to find out which is the
word a user is typing or is going to type, before he/she writes it completely. The guessed
words are shown somehow, so that, if the desired one is included in that list, the user can
select and insert it in the text, avoiding the need to type the rest of the word, thus reducing
the time and effort necessary to write the text. This is especially useful for slow typists, or
people who are not able to use a conventiona keyboard. The methods to avoid its use
usually involve the utilization of as many switches as the user is able to handle (usually 1
or 2) and a keyboard emulator, controlled with the switches. Because of the little versatility
of the switch-based access, the use of matrices scanning is generally employed. Asthisisa
very slow input method, several acceleration techniques are used to increase the user’s
typing rate. Word prediction is one of them.

People with other writing problems may aso take advantages of the word
prediction: dyslexic users or people with frequent spelling errors feel more confident
writing with the help of this aid. Children and people learning a second language are also
target users of these systems.
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2Background

In this section, the background of some important subjects that may be related with
word prediction is outlined.

In the first section, some language models that may be used in word prediction are
explained. The most simple models, based on words sequences, as well as the more
powerful ones are described, adding some grammatical information in several complexity
levels.

Afterwards, some considerations to be taken into account in the evaluation stage are
presented. Finally, a set of commercial systems that use word prediction are shown.

2.1 Language models

In this section, some language models are described. Their advantages and
disadvantages, the training and evaluating methods, and its possible use in the word
prediction, the information they need, etc., are explained. The models described are:

o Statistical models based on statistics of words and sequences of words:
unigrams, bigrams, etc., whose main problem is the great amount of text needed
to train them. The negative effects of the lack of enough training text makes
necessary to use techniques like matrices smoothing or grouping words in parts
of speech (pos clustering).

o Statistical POS models. instead of making statistics on words and their
sequences, they are based on pos and their sequences, so that they do not need so
much training texts. The problem is that this method requires more information:
the set of pos, a tagged training text according to this set of pos and the
grammatical information of every word (to be included in the dictionary). Asthe
tagged text is difficult to obtain, because it requires a great effort (the tagging
process is not fully automatic if you want to get the highest tagging accuracy),
the amount of text usually available is only enough to train bipos or tripos.

This information only models the relationships among two or three consecutive
words, but there are long term relationships that need more powerful and
complex models to be managed.

o Forma models: regular, context free, context sensitive and type O grammars
have been studied. Context free grammars have been finally chosen as the base
to predict, because they are powerful enough to describe the structures of a

10
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somehow simplified natural language, and simple enough to build an efficient
parser. Some other features can be added to these grammars. feature
management (augmented grammars) and the possibility to deal with ambiguous
structures in parallel, aso adding statistical information.

Parsers are the processes that identify the structure of a sentence according to a
given grammar. The sort of parsers needed to predict are left to right and top
down parser, to be able to analyze the part of the sentence already written by the
user, and offer grammatically correct predictions. After studying several
different parsers, the Earley parser has been selected, because it can parse a
context free grammar, it is very efficient, and it can be modified to include new
featuresto increase its power.

One of the problems to solve in a parser is the error management. There are
situations that stop the analysis of a sentence, like unknown words in the text or
words that do not follow the rules (either because the rule is not included in the
grammar, or because the sentence is not grammeatically correct).

o Unification grammars.
o Grammars based on subcategorization frames.
o Left associative grammars.

2.2 Adaptive interfaces oriented to people with disabilities

The design of any program interface may follow known criteria that ensure: a
consistent organization of the program menus, an optimum configuration (clear and ssimple,
using the minimum resources to perform each task) and a user friendly configuration
(requiring asmall effort for the user to learn how to use the system).

It is strongly recommended to follow these criteria in the design of any interfaces,
but it becomes especially important when dealing with interfaces for people with
disabilities. The design of these interfaces is essentially conditioned by the needs of the
users, who have problems to use the conventional input methods (keyboard, mouse,
joystick, etc.). This also implies a redesign of the interface in order to be controlled only
with the devices the user can handle (for example, if the user can only use a switch, the
user interface should include scanning options). In Spain there are some initiatives to
standardize the user interface design for people with disabilities, in the workgroup 1 of
AENOR (Spanish Association for Standardization and Homologation) to which the author
of this Thesis belong to.

In the design of the interface, as well as the solutions for each disability, other
strategies, like the adaptability, can be considered, in order to accelerate and optimize the
accesses to the program. The adaptability strategies included in conventional interfaces are,
for example, the modification of the options location, automatic macros creation, and help
agents to convey information depending on the user actions.

In the user interfaces for people with disabilities, the adaptability strategies should
be modified, to adapt them to the users' particular characteristics. For example, one of the

11
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changes proposed in this thesis: the automatic control of the scanning speed depending on
the number of erroneous keystrokes.

2.3 Evaluation
Word prediction can be evaluated qualitative and quantitatively.

Quantitative evaluation consists of a study of the prediction results according to
two criteria

o Time and effort saved by the users, what becomes especially important for
people with physical disabilities because of the theoretical improvement in
writing speed.

o Number of predicted words, which is a very important aspect for people with
linguistic problems (as dyslexia).

This automatic evaluation may be run for different configurations, allowing us to
find out which is the optimum method or combination of methods. Of course, this is a
theoretical optimum, and in areal system other considerations may be taken into account.
For example the learning capabilities of subject lexicons lead to very good results in
automatic tests, but they may be counterproductive, for instance, when a child who is
learning to write uses them, because of the high number of misspelled words, that would be
included in the dictionary and predicted, producing an undesired feedback.

Qualitative evaluation consists of making a detailed study of the text generated by
the user, for example, comparing the quality of the text generated with and without word
prediction. It is necessary to determine the criteria to measure the quality of the texts, for
example the number of misspelled words, the intelligibility of the generated texts etc. A
study of the effect of the word prediction in the text can be found in [Magn97a] and
[Magn97hb].

Apart from the quality of the text, the user’s point of view is also important, the
user’s subjective opinion: if he/she likes the system, if it makes it easier for him/her to
write, if he/she feels more confident using word prediction or the increase in the cognitive
load makes the system difficult to use, etc.

2.4 Word prediction systems

In this section, a brief description of several commercial systems is presented:
Aurora 3.0 (Aurora Systems), Co:Writer (Don Johnston, Inc.), EZ Keys (Words+, Inc.),
PAL (Univ. Dundee), PredictAbility (Inclusive Technology Ltd.), Predice (LTR), Prophet
(distrib. by ACE), SAW (Oxford ACE Centre), SoothSayer Word Prediction (Applied
Human Factors), Telepatic (Madentec), TPV (distrib. By CEAPAT), Write Away 2000
(Information Services Inc.). Most of these systems predict only in English, although some
of them are able to predict in more than one language, such as Swedish, Norwegian, Danish
or Spanish.

12
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3 Word prediction

Asit has been shown in the previous chapter, there are several systems that include
word prediction. Most of them use statistical methods to predict, being English the most
common language.

In this PhD Thesis, a study of word prediction for Spanish has been done,
considering the different information sources that could be used to increase its quality, and
the method to include and combine the contribution of each technique. A system that
includes all the explored methods has been built, making possible to verify the capabilities
of each method, as well as to obtain the optimum configuration of the final prediction
system.

In this chapter, the study followed to design the different prediction methods is
described. The contributions made to each method are presented, as well as the information
needed and the implementation methodology. The architecture of the whole prediction
system is shown, highlighting the improvements made in each module (information source
or prediction method).

3.1 General architecture

The general architecture of the prediction system is shown in Figure 1.

User

{ User interface

4 Predicted
words

L etters

Prediction stage

T

M anagement module J

Prediction |4 Predicted Inf. from Prediction
information | | words

L
Ly
L
L
i | [ Training modules for the ]
i |
Ly
L

. specific information

HES L e —
Information sources for Information sources for

- lexicon training P the specific information

5 L exicons

Prediction methods

Training stage

Figure 1. General architecture of the word prediction system.
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Asit can be seen, the prediction methods and the Iexicons are independent, making
the system design and the portability to other languages easier.

In the architecture the following main modules can be distinguished:

Q

User interface. It is the user interface of the program. It provides the
management module with the user text, and shows the predicted words.

Modules that take part in the prediction process:

0]

Management module. 1t processes the input from the user interface (text
written by the user, and manages the information flows between the
different prediction methods (coordinating the data each one needs and
provides) and the transactions with the dictionaries. It obtains the word
prediction list that each method provides and sends the most adequate to the
user interface.

Lexicon managers. They select the words that satisfy the constraints
imposed by the prediction methods. They receive the constraints from the
management module and return the list of words proposed by the
corresponding lexicon.

Lexicons: Genera sources of information of the system. They contain the
words and the probabilistic and grammatical information that the prediction
methods need to select each word.

Prediction methods. They decide the constraints that the words actually
satisfy, from the information provided by the management module and the
specific information sources.

Modules that take part in the training process:

0]

0]

Lexicons training modules: Which includes the procedures (automatic or
not) needed to build the lexicons from the training sources. The information
sources are texts, that may be tagged or not.

Specific information training modules: That involve the procedures (manual
or automatic) needed to generate the specific information for each prediction
method from the available training information sources: texts, tagged or not,
and expert knowledge.

In the following sections the different modules of the system will be explained.

3.2 Lexicons

They are the basic knowledge sources for al the prediction methods and contain all
the information of every word that the prediction methods need at any point of the
prediction process.

From the study of the prediction system behavior, it was decided that different
kinds of lexicons were needed. Each type of lexicon provides different information, and
requires its particular training and management mechanisms. This division of the
information in several lexicons can be found in other systems as Prophet or PredictAbility.

14



Word prediction

In this section, the need of each lexicon typeis justified, as well asits contribution
to the global system. The structure of each lexicon, the generation process, the
management, and the possible use of each dictionary in the fina prediction architecture are
described.

3.2.1 Main or general lexicon

This lexicon contains the statistical and grammatical information needed for the
different methods. It is static and it is used to obtain:

o Information about the words written by the user.
o Thelist of predicted words.

The main lexicon contains more than 160.000 entries and more than 130.000
different words, including words and punctuation marks. Each entry contains the word (the
exact form), its lemma, its absolute frequency (in the training text), its grammatical
category (part-of-speech, such as noun, verb, etc., according to the novel classification that
will be presented in the section 3.2.1.1 page 16), and its features (for example, gender or
number). Approximately a 20% of the lexicon words have homographs, with different
grammatical information. In this case, there is a different entry for each one. As the
semantic information is not considered, homographs with the same lexical information are
represented by the same entry.

The generation of the main lexicon consisted of a series of automatic, semi-
automatic and manual processes. The basic training text are extracted from the electronic
version of the “El Mundo” newspaper (January to June, 1994). In the tagging stage we have
used the automatic tagger SMORPH, developed in the Groupe de Recherche dans les
Industies de la Lange (GRIL, University of Blaise Pascal, Clermont Ferrand, France). The
main manual processes have been:

o Theword list has been completed, adding missing words belonging to the closed
categories (the ones that contain a small number of words, such as prepositions
or determinants).

o An expert divided the absolute frequency of every word into its different
homographs. Obviously, this is an approximation, because this information was
not available, but it’s accurate enough for our needs.

o The pos assigned to part of the words was modified following a new
classification. A novel criterion has been added to the traditiona ones, that
clasifies the words according to their syntactic behavior: if two words have a
different behavior, they are separated in different categories, even if they belong
to the same category in traditional classifications.

o New features have been added to some words to augment their information. The
set of features and its possible values are also different to the traditional ones for
the same reasons.
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3.2.1.1 Sets of parts of speech and features

The final set of categories and features in the main lexicon is different to the
traditional or any other classifications. The basic pos set was the one in SMORPH,
modifying it o facilitate the creation, in the simplest way, of a (simplified) model of the
Spanish language, as a sequence of categories described with a context free grammar.

According to this criterion, if aword or set of words has the same lexical behavior
than other set of words in the same category, a new category is not justified and thus not
used (even if it isatraditiona category). Words belonging to the same traditional category,
but with a different behavior will be separated in different pos.

For example: al the different types of determinants have been joined in a single
category because it has been verified that they take part in the same structures (the
differences are modeled with features).

However, other set of words, normally grouped as prepositions, have been
separated in three groups. a/ and del in a group, because they are prepositions plus
determinant, « and de because they cannot appear in some structures (they are transformed
inal or del), and the rest of the traditional prepositions.

The study has led to complete the classification in categories, shifting part of the
expressive load from the categories to the features, with our particular method. The chosen
features make it possible to indicate the gender, number, etc., of each word. The
advantages of this management will be shown in the section 3.3.3 (page 25) about formal
grammars. Not al the features are the same than the traditiona ones because they have
been chosen to model specific behaviorsin particular structures.

The list of categories and the features that can be applied to each one are described
below:

o Verbo (verb). The same than the one used in the traditional classification. It
admits the following features:

o Tipo de verbo (verb type): regular, copulativo (a specific category for the
verbs ser (to be), estar (to be), parecer (to look like) and some others), verbs
that are followed by: past participle, gerund, infinitive, que plus verb in
flexive form, que plus verb in subjunctive, de plus infinitive, a plus
infinitive.

0 Tipo de terminacion verba (sort of verb ending): infinitive, past participle,
gerund, flexive form. The flexive verbs have other feature, the mode:
indicative, subjunctive, conditional, imperative.

Tiempo verbal (verbal tense): present, imperfect, preterit, future.
Persona (person): 1, 2, 3.

o O O

NUmero (number): singular, plural.
0 Género (gender): feminine, masculine

o Nombre (noun). The same than the one used in the traditional classification. It
admits the following features:
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o Numero (number): singular, plural and neuter.

0 Género (gender): feminine, masculine and neuter plus an extra value for the
nouns starting with a stressed a.

0 Tipo de nombre (type of noun): comin (common), propio (proper name).

o Nombre seguido por subjuntivo (name followed by a subjunctive). It marks
names that admit the structure gue plus a verb in subjunctive.

o Adjetivo (adjective). The same than the one used in the traditional classification.
It admits the following features:

0 Género. (gender): masculine, feminine and neuter
NUmero (number): singular, plural and neuter.

Tipo de adjetivo (sort of adjective): comparatives or not.
Adjetivo superlativo (Superlative adjective).

o O O O

Tipo de adjetivo segin la posicion (sort of adjective, depending on the
position it may take with respect to the noun): only after it, only before it
and adjectives that may occupy any position.

0 Adjetivo que impone un modo verbal (adjective that impose a verbal mode.
For example, subjunctive or indicative).

o Determinante (article). It includes the articles and some adjectives (possessive,
demonstrative, etc.). The differences in the behavior in some structures
(specially the ones involving sequences of articles) are modeled using features,
which allows restricting some of them to some particular positions. The set of
featuresthat it admit is:

0 Género (gender): masculine, feminine and neuter.
o Numero (number): singular, plural and neuter.

0 Determinante que admite estructuras comparatives (article that admits
comparative structures).

o Tipo de determinante (type of article defined of indefined).

o Type of defined articles (articles, demonstrative, relative,
possessive).

o0 Typeof indefined articles (indetermined, cardinal, interrogative).

o Pronombre (pronoun). Groups the words that may be the head of a nominal
phrase. They mainly coincide with the traditional classification. The features that
may be applied to them are:

0 Género (gender): masculine, feminine and neuter
o Numero (number): singular, plural and neuter.
0 Tipo de pronombre (type of pronoun): personal or impersonal.

o Some personal pronouns are marked as “cannot follow a
preposition”.
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0 Impersonal pronouns are divided into defined and undefined.

» Defined impersona pronouns are divided into determined
and demonstrative.

» Undefined pronouns are divided into undetermined, cardinal
and interrogative.

Pronombre que sigue a una preposicion (pronoun that follows a preposition). It
only includes 3 words, that are pronouns that may follow a preposition: mi, ti y
si. They cannot follow the preposition con.

Pronombre mas preposicion (pronoun plus preposition). This category only
includes conmigo, contigo and consigo, because of their particular behavior, as
explained in the previous paragraph.

Clitico. It includes a subset of the pronouns that can only be located before the
verb. They can appear isolated or in sequences of two cliticos. In this last case,
the order may be considered (not all of them can follow any other). This has
been modeled with a new feature that indicates if the clitico may only occupy the
first or the second position, or any.

Ordina number.

Preposicion (preposition): This category does not contain exactly the set of
words that are traditionally included in the preposition category. Some words,
with a similar behavior, have been added, and others have been excluded,
because of their particular behavior in some structures. No features have been
added to this part of speech.

Articulo contracto (contracted article). It includes al and del (preposition plus
article masculine singular).

Prepositions a and de. This category only contains the words a and de, because
they cannot be followed by an article masculine singular. In this case they are
transformed to the previous category.

Adverbio (adverb). The same than the one used in the traditional classification.
The are marked with a feature to indicate that they can be used in comparative
structures or not.

Conjuncion (conjunction). The same than the one used in the traditional
classification. They are marked with a feature that indicates whether they are
joining phrases of the same or different syntactic level.

Interjeccion (interjection). The same than the one used in the traditiona
classification although in the dictionary we have only included a small number
of them (because of their low frequency) composed only by a single word.

Cajon de sastre (miscelaneous). It contains a set of words difficult to classify,
whose behavior does not coincide with any other word and is not homogeneous.
It contains words that take part in some concrete expressions, and do not appear
out of them. In the forma grammar every word in this category has its particular
rules to model the expressionsin which it appears.
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o Signos de puntuacion (punctuation marks). It contains all the punctuation marks
except the full stop.

o Full stop. It only contains the full stop, as the element to separate sentences.
3.2.1.2 Main lexicon management mechanisms

The genera lexicon is used in two different processes: the prediction, and the
tagging of written words. Because of its big size, any algorithm that implies scanning all
the words in the dictionary would be very slow. In order to solve this problem, auxiliary
mechanisms have been included in the management of the dictionary. These mechanisms
imply the use of:

o Hashindexes, for direct access to each word in the categorization process.

o Intermediate indexes arrays that reduce the number of words to scan to the ones
that satisfy certain constrictions such as starting with a particular letter or pair of
letters and/or belonging to a particular category.

3.2.1.3 Main lexicon limitations

The main lexicon has two main problems:

o Its vocabulary and frequency information are adapted to the training texts
(journal texts).

o Itisdstatic, sothat it is not adapted to the user or the subject.

These characteristics make the dictionary very adequate for writing newspaper
texts, but the prediction is not optimal when writing texts about any other subject or with a
different style. For this reason, the adaptive lexicons that will be explained in the following
sections have been included in the system.

3.2.2 Personal and subject lexicon

The personal lexicon is generated while the user writes, storing all the vocabulary,
the frequency of each word in that text and the bigrams of each word. This lexicon is
generated in every session, so that at the beginning it is empty, and at the end of the session
it achieves the best performance, because of the adaptation of the vocabulary and
frequencies.

A subject lexicon is a dictionary generated from any text or set of texts about a
particular subject. In the subject lexicon the same information than in the personal
dictionary isincluded. Severa subject lexicons can be generated, but only one of them can
be active in a certain moment.

The personal and subject lexicons are trained using plain text (not necessarily
tagged).
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3.2.2.1 Problems of the personal and subject lexicons

Although the learning capability makes the performance of the personal lexicon
better than the one of the main lexicon, it may be a problem for some users.

The adaptability of the lexicon makes it learn al the words the user writes. Thisis
especially good, for example, when the user writes technical documents that include
specific vocabulary that may not be included in the main lexicon. The problem arises with
users who frequently misspell words, because they are learning to write or have linguistic
problems such as dyslexia or because they are not very accurate with the keyboard or with
the switch. These wrong words would be included in the dictionary and predicted, shifting
correct words in the menu and reinforcing the mistakes. For this reason, two control
mechanisms have been included in the architecture:

o Removing of the learning capability for new words. The personal dictionary will
adapt the frequencies and bigrams in case the word is included in the main
lexicon. Otherwise, the word will be ignored. The performance of the whole
system will improve, for the adaptation of the frequencies and the bigrams, but
new words will have to be typed each time the user desires to write them. This
control mechanism is specially useful for persons with very frequent mistakes.

o People with sporadic mistakes may include aless drastic method that |earns new
words but not immediately: the new words are included in the dictionary, but
they will not be predicted until the user writes them at least a minimum amount
of times. If mistakes are sporadic, misspelt words will not be written several
times, and will never be predicted.

3.3 Prediction methods

As it has been explained in the previous section, the main, personal and subject
lexicons include severa types of information: probabilistic, grammatical and some on the
user style. Next, the different prediction methods that utilize all this information are
explained. For each method, we will explain its advantages and disadvantages, the
information sources it needs and the working procedure.

The first one is the method based only on probabilistic information and more
complex information sources will be added, such as probabilistic grammatical information
and a context free grammar.

3.3.1 Basic probabilistic methods

The simplest prediction method is based on the use of unigrams (the absolute
frequency of the word). It only needs the beginning of the current word and predicts the
more probable words starting with that letters according to the corresponding lexicon.
When this method applied to the main lexicon, the predictions obtained after a blank space
(or aparticular group of letters) are always the same, independently of the user, the subject,
or the position in the sentence, because that lexicon is static. When applied to the personal
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lexicon, the predictions change through the text, because the lexicon is trained
simultaneously to the writing process.

This method obtains up to three different lists (one from each lexicon), that will be
combined by the management module, as will be explained in the section 3.4 (page 38).

The amount of information taken into account may be augmented, making statistics
of words sequences, obtaining bigram (for sequences of 2 words) and trigram models (for
3 words). Then, the prediction method considers, not only the beginning of the current
word, but also the last word or pair of words.

The main problem of these methods is the amount of text needed to train them, that
has to be big enough to ensure that each valid word sequence appears a relevant amount of
times. They aso need great amounts of computational resources in the training and the
working stages, especially if the number of words in the lexicon is big or the desired
sequences are bigger than 2 or 3 words.

For these reasons, sequences of only two words have been considered in our word
prediction system, exclusively in the personal and subject lexicons. In the main lexicon,
bigrams or trigrams are not considered because of the huge amount of resources needed to
manage the valid sequences of the 130000 different words it contains.

3.3.1.1 Limitations of the basic probabilistic methods

Low performance of the prediction based on unigrams is mainly due to the small
amount of information it considers: it does not take into account the relationships of each
word with the previous ones, so, sometimes the predictions do not make sense in the
sentence context. Bigrams and trigrams consider more context information but they require
a huge amount of training information or the performance will decrease. In our prediction
system, this problem has been solved grouping the words in categories (parts of speech),
according to their behavior, given rise to the models explained in the following section.

3.3.2 Probabilistic pos models

These models are based on the statistics of the sequences of parts of speech. They
solve part of the problems of the basic probabilistic models, because they require less
training text. They also include short-term grammatical context information in the
prediction process because they prioritize the more probable words belonging to the pos
that more probably follow the pos of the previous word or words. The main problem of
these methods is the information they need: the grammatical information of each word
must be included in the system, as well as the relationship among the different pos (the
probability of each sequence).

The set of pos used is described in the section 3.2.1.1. It may not be the optimum
for a statistical pos model, but, in this case, the criterion to optimize the forma model has
been prioritized.

In our system, bipos and tripos models are included, and have been trained from a
55.000 word text tagged without ambiguity. Asthere are less than 20 categories, thistext is
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enough to train the bipos model, but the tripos matrix has a high amount of zeros
(sequences of pos that do not appear in the training text) that influence the results, as will
be shown in the chapter or results.

In the prediction process, the list of words that will be shown to the users are the
ones with higher probability according to the following formula:

pw, [w_)= Z p(WI/CIi) @(C; /Czj—l) @(Cz’j—llwf—l)
ocl T

S oc,, 0o C,
Equation 1. Probability of the word w; in the bipos model.
Where:

o p(C'/Cly) is the probability that category C'; follows the category Cls. It is
obtained from the bipos matrix.

a p(w/C}) is the probability to predict w; given the category C';. It depends on the
absolute frequency of the word in the considered dictionary (among other
factors), so, it will be different when the method is applied to the different
dictionaries. This method will be applied to al the lexicons, and the
management module will select the final predicted words.

o p(Ca/ Wiy) is the probability that the word wi., belongs to the category Cl.1.
Thisinformation isincluded in the main lexicon.

o Ci1 and C; are the sets of categories of the words w1 and w; respectively (both
can belong to several categories, and it must be considered in the prediction).

Equation 1 will be applied to al the words in the lexicons, and the more probable
ones will be selected, and presented to the user as predicted words. The lists of words
predicted after a blank space or any group of letters will be different, depending on the pos
of the previous words written in the text, because a high word frequency may be reduced
by a small pos probability and vice versa. The result is that the most frequent words
belonging to the most probable pos are predicted.

This method can be extended to include in the prediction as many previous words
as we desire. Because of limitations in the amount of tagged text to train it, the current
system considers a maximum of two previous words in the prediction (t7ipos model).

3.3.2.1 Improvements in the probabilistic pos models

3.3.2.1.1 Features management

The prediction methods based on bipos and tripos predict the grammatical
categories of the next word. In our system, a great amount of information about the words
Is contained in the features. This reduces the number of categories, somehow degrading the
performance of the methods based on pos.

A post-process has been included in the prediction process to filter some words
depending on the values of their features and the features of the previous words, so the list
of words is more adequate in some cases. As there are a great amount of features, not all of
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them have been included in this process, but only the most frequently used ones (in the
sense that the highest number of words have them), which are gender and number. The
process is applied to nouns and adjectives, when they follow an article, articulo contracto,
adjective or noun, and checks whether the gender and number are compatible, rejecting
words that do not satisfy this condition.

This is an approximate method that sometimes filters words that should not be
eliminated, but its global effect is positive, and it improves the performance of the
prediction, as will be shown in the chapter on evaluation results.

3.3.2.1.2 Techniques of matrices smoothing

One of the main problems in these models is the lack of training data to calculate
accurately the probability matrices. One of the methods used to reduce its negative effects
Is the smoothing of the bipos and tripos matrices, in order to eliminate the zeros included
in them. Several smoothing methods have been tested, obtaining better results than
methods without smoothing.

However, the method with better results (as will be shown in the chapter of results),
consists in using the tripos matrix without smoothing, and, in case a zero is found in the
desired position, use the bipos matrix (fall back strategy). If the list of predictions is not
long enough, it is completed with predictions from the method based on unigrams.

3.3.2.1.3 Training with text tagged with ambiguity

Some tests have been made, training the bipos and tripos matrices from text tagged
automatically. The advantage of this method is that this text is very easy to obtain,
especialy when comparing with the effort needed to get manually labeled text. In the
automatically tagged text, each word is associated with all its possible categories, and the
probability of each one. When training the matrices, each sequence of words increment the
counts of several matrix positions, depending on the probability of each word to belong to
each category.

The results obtained using these matrices are not as good as the ones obtained with
matrices trained without ambiguity, but are not far from them. In some cases (when the test
and training texts have the same style) some results of the ambiguous matrices have been
better. This may be due to the reduction in the number of zeros produced by the ambiguity
and the increase in the amount of training texts used, although, if it is available,
unambiguously tagged text should be used.

3.3.2.1.4 Unknown words management

One of the problems of the pos methods is the presence of unknown words in the
texts. These words are not included in the dictionary, so that the system does not know
their grammatical information, and can not apply any grammatical prediction method.

There are a series of reasons that ensure that new words will always appear in the
texts: the amount of words in a language (much bigger than the size of any lexicon), new
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words (for example, technical terms), use of words of other language, family names, slang,
mistakes, etc.

In order to handle all these cases, a new module has been included to assign a pos
to the new words the user writes. This automatic tagger is based on the use of suffixes,
prefixes, and an automatic module that conjugates regular verbs. It is considered whether
the prefix or suffix change the category of the original word or keep it, and whether they
have information of the features or not. The regular verb conjugator recognizes any form of
aregular verb’, finding out its lemma, category (verb) and features, even if it has attached
cliticos or the verb form hasilde. It aso assigns pos to numbers and punctuation marks not
included in the dictionary.

All the categorization processes are combined recursively, so, for example, it is
possible to recognize aregular form of averb with two cliticos and a prefix.

This automatic tagger assigns pos and features to words that are not in the main
lexicon, but keep a relationship with words included in it. However, there will be words
that still keep untagged. In order to assign a pos to these words, statistics have been made,
taking the 55000 word manually tagged text from newspaper and tagging it again with this
system. Studying the words that the system could not categorize and their pos in the first
text the results were:

Noun 74%
Adjective | 23%
Adverb 1.5%
Verb 1.5%

This is the set of pos that are assigned to unknown words in the system. The
features assigned are the more flexible ones (less restrictive): neuter as gender and number
of nouns and adjectives.

Obviously, none of this pos is any of the closed pos’. The distribution corresponds
with the style of the journal: a high amount of nouns (people and places) and some new
adjectives. The small amount of verbs is due to the complete verb representation we have
included in our system.

Obvioudly, this system assigns a tag to any word, even mistakes or words of other
languages, but the global effect when it isincluded in the prediction is good, asit is shown
in the chapter on evaluation results.

3.3.2.2 Limitations of the probabilistic pos models

These methods are based on short fixed sequences of categories, usualy 2 or 3.
This may be a very small number in some structures, because the category or features of a
word may depend on other word or words separated by more than 3 positions. These long

" Forms of regular verbs are not included in the main lexicon to reduce its size.

" Closed category: pos that includes a small number of words. All the words belonging to closed
categories are included in the dictionary.
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term relationships cannot be modeled with the bipos or tripos, because of the limited
context information they consider.

This is the reason why more sophisticated models may be included in the system:
the formal models.

3.3.3 Formal grammars

Formal models are used in the prediction in order to include long term relationships
among the words. After a detailed analysis of the models presented in the section 2.1, we
have selected a context free grammar because of its working method (which is adequate to
model our problem), expressive power, computational resources needed, available
information, parser complexity, etc.

The set of pos and features to use in the rules are the ones explained in section
3.2.1.1 (page 16). Each category and feature has been selected to optimize the number and
expressive power of the rules, so that they alow to build a simplified model of the Spanish
language, as a pos sequence described with a context free grammar, in the easiest way.
Each word in the main lexicon has been tagged with the adequate category or set of
categories, and features, so that this information is available when the grammatical
modules demands it.

3.3.3.1 Parser selection

Among the different parsers that are able to analyze a context free grammar, we
have selected an Earley parser, taking into account the following considerations:

o Our problem constraints: the sentence must be parser from left to right, because
only the left part is available.

o Its predictive power.

o It is possible to keep several branches in paralel, with different valid parsing
possibilities, allowing the management of ambiguous sentences.

o Itisnot necessary to restart the analysis when a branch fails.

o Itispossible to add frequencies and features management, increasing the parser
power.

The Earley parser is powerful and flexible enough to model a (smplified) natural
language. In [Stol95] and [Earl70] a description of the basic algorithm can be found.
3.3.3.2 Modified parser

Now, an example of the analysis process is presented, adding the modifications
needed to build a prediction system from the parser. The example sentenceis "La casa estd
en la colina" (the house is on the hill).
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Notation: non terminal symbols (those generated from the rules) will be written as a
sequence of capital and small letters, and terminal symbols (the set of pos) as a sequence of
small letters.

The set of rulesis:
(R1) S - NPverb Sprep (Sentence. Initial symbol)
(R2) NP - noun
(R3) NP - artnoun
(R4) NP - artadj noun
(RS Sprep - prepNP

Firstly, the parser predicts (because of its top down parsing strategy). The
initial symbol is expanded, applying R1. As it expects a NP, all the rules whose left hand
part is NP are applied. In each rule, acircle (°) isincluded, marking the position where the
analysisis stopped.

(R1) S - °NPverb Sprep
(R2) NP - °noun

(R3) NP - °artnoun
(R4) NP - °artadj noun

R1 stops the analysis until a NP is completed. R2, R3 and R4 predict nouns and
articles, so the prediction list will be composed by nouns and articles.

The word "la” is included in this list and is selected by the user. "La" can be an
article, pronoun or anoun, so it extends the three rules:

(R2) NP - noun°®
(R3) NP - art°noun
(R4) NP - art° adj noun

Asit can be observed, the ° isin the final position of R2, indicating that the analysis
has finished, and a complete NP has been formed (although the other possible NP branches
are still active). Then R1 is expanded, keeping a copy for R3 and R4. After these step, the
set of activerules are:

(R3) NP - art°noun

(R4) NP - art° adj noun
(R1.1) S - NP° verb Sprep
(R1.2) S - ° NP verb Sprep

This set of rules predicts nouns, verbs and adjectives. The following word is "casa"
that can be a noun and a verb. When it is included in the analysis, R4 is eliminated, the
verb extends R1.1, that, then, expects a Sprep. The noun expands R3, finishing it, and the
obtained NP extends R1.2. After this process, the active rules are:
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(R1.1) S - NPverb ° Sprep
(R1.2) S — NP ° verb Sprep

(R5) Sprep — °prep NP

This set of rules predicts verbs and prepositions. The analysis continues in asimilar
way, until the input sentence finishes. If, at the end of the sentence, an analysis exists with
the ° in the fina position of any of the rules that expands the initial symbol (R1 in this
example), the sentence is grammatically correct. The sentence of this example is correct,
because at the end, the analysis of one of the interpretationsis:

(R1) S - NPverb Sprep°

As we have seen, the parser analyses from left to right, keeping all the possibilities,
and it is not necessary restart the analysis when a branch fails.

The base for the development of the predictor has been the system of tables used by
Bison, a parser generator. Bison takes a grammar in the adequate format as input and
generates a parser for that grammar. Bison source code has been modified to change the
information it process and generates, and new e ements have been added. After that, a new
system has been developed to use that information to predict instead of analyze. The power
of this new system will be explained in the following sections.

3.3.3.3 Improvements to the basic parser

Now, the main contributions in the forma grammar are described, mainly, the
description of the improvements in the expressive power of the parser and the rules. These
contributions make the parser more adequate to describe the linguistic phenomenon we
have considered relevant after the study of text and linguistics. For each new feature added
to the parser, it is provided: its description, the justification of the necessity, the
performance they produce (as a reduction in the number of rules and categories needed to
describe the same linguistic phenomenon) and the procedure to include it in the prediction
process.

In the example, the definitive format of the rules is used. The basic format is the
one used in Bison, powerful enough to model a conventional context free grammar. Non
terminal symbols (those generated from the rules) will be written as a sequence of capital
and small letters, and terminal symbols (the set of pos) as a sequence of small letters. A
basic rulesis:

NP:
det adj n adj

In case severa rules expand the same non terminal symbol, they are separated by a

NP:
detn
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| nadj
| pron
In each section, the format (syntax) to include the information necessary for the
new features included in the parser are described.

3.3.3.3.1 Management of the probabilistic information

The probabilistic information allows to ponder the information of the different
branches that correspond to the various possible interpretations of the current sentence. The
branches can be due to the different meanings of the words and the different structures that
can correspond with the written part of the current sentence. The probabilistic information
allows to give more importance to the predictions made by the more frequent rules, and to
the branches followed by the more common meanings of the words.

Example:

NP:
det n & 750
| n adj & 100
| pron & 150

Where the symbol & precedes the probability of the rules (multiplied by 1000). In

this example, the nomina phrase is composed by an article plus a noun (75%), or a noun
followed by an adjective (10%) or a pronoun (15%).

This probability can be trained, counting the amount of times each non terminal
symbol is used, and each rule that generatesit. In order to do this, it would be necessary to
have a text tagged with the parts of speech and the rules. As this text is not available, an
approximate method has been used, that allows to calculate the probability from an
ambiguously tagged text. It counts al the rules that could be used, pondering them with the
probability of the words to belong to the categories needed to follow each particular rule.
This is an approximate method, but manual calculus have been made, on a subset of the
same corpus, obtaining similar values. The number of parameters to calculate in the current
version of the rulesis approximately 260.

In the future, other training methods such as the Input-Output algorithm explained
in [Pere91] will be included, modifying them to include our specific features specific.

The probability of the next category depends on the probability of the branches that
predict that particular category, the frequency of the rules applied in each branch, and the
probability of each word to belong to the category needed to follow the particular branch.
The formulas to apply are:

p(Branch) = IH_| p(Rr)I_l p(CE Tw)
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p(C)) = Z p(Branch)

PO =y plw/C) Th(C))

Equation 2. Set of equations to obtain the probability of the word w in the parser based method.
Where B, are the branches that expect the category C!and BR, are the sets of all

therules R, extended in the branch . C;_, isthe category i of theword w' .

This formulais applied to all the words in the lexicons and the more probable ones
are selected to be included in the prediction list. These formulas alow to prioritize the
words predicted by the most probable rules, followed by the most probable categories of
the words.

3.3.3.3.2 Management of optional symbols

Some structures in natural language are valid with and without a particular symbol.
These structures can be handled using different rules for each one, but the power of the
parser has been increased to manage them with a single rule. Any (terminal or non
terminal) symbol, may be optional, and as many optional symbols as necessary can be
included in any rule (but not all of them).

In the rule, optional symbols are marked with a ? plus the probability to appear in
the sentence.

NP:
det adj 7400 n & 1000

This rule models nominal phrases with or without adjective before the noun. The
adjective appears 40% of times. The parser expands a single rule at the beginning,
processing it in a normal way until the optional symbol. Then it duplicates the rule,
advancing an extra position in one of its copies. Then, one of the rules predicts the optional
symbol, and the other the following one, with the adequate probabilities management as
can be observed in the following example:

NP:
° det n adj ?400 Sprep ? 300 & 1000

After writing a det and anoun the rule is duplicated:

NP:
det n ° adj Sprep ? 300 & 400
det nadj ° Sprep & 180
det n adj Sprep° & 420
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The first rule predicts an adjective, with the probability that the adjective appears in
the sentence. The second one will expand the rules of the Sprep, with the probability that

the adjective does not appear, times the probability that the Sprep does. The last one
finishes the NP, with the probability that none of the optional symbolsiswritten.

In the current version of the parser the probability of the optional symbolsistrained
with a procedure similar to the one used to train the probability of the rules from
ambiguously tagged text.

3.3.3.3.3 Management of words and lemmas

Some structures in natural language depend on a particular word or a lemma
(family of words), for example, ir a + infinitivo (go to + infinitive), that needs any form of
the verb ro go plus the word to plus a verb in infinitive. To model that behaviour using a
context free grammar, a pos containing only that word or lemma will be needed, to be able
to write the rule for that concrete structure. It can be done in two different ways:

o Adding a category for that word, taking it out of the pos where it was included.
Then, it is necessary to duplicate all the rules of the original pos for the new one,
so that the word can still appear in the structures of its origina pos.

o Add acategory for the word, keeping it aso in itsorigina pos. In this case, there
is a problem with the probability of the word to belong to each pos: what is the
probability of aword to beitself and to be a noun, for example?

Other words normally follow the rules of its pos, except in some particular cases
where it be handled in similar ways, with the same kind of problems.

For these reasons, the power of the parser has been increased again, so that it is
possible to model not only sequences of categories, but also exceptions where particular
words or lemmas have a different behavior. The new parser allows imposing or
prohibiting words or lemmas at any point in the rule, without segregating the words to a
different category. This new feature reduces the number of categories needed in the
grammar, because no new pos is necessary to model the structures and also reduces the
number of rules, because they do not have to be duplicated for the new pos, thus
eliminating the probabilities coherence problem, because the segregation is not necessary.

Example:
Exprl:
prep  [sgte{for}]
noun [sgte{ example} ]
To model the expression por ejemplo (for example) separating the words in
different categories, we would have to write the rule for for example, and then duplicate all

the rules of the prepositions for the new category of for and all the rules of the nouns for
the new pos of example.

30



Word prediction

The imposition of lemmas or words imply a different behavior of the rules. In case
a word is imposed, the rule in that point predicts only that word, and accepts only that
particular word as being valid. When alemma is imposed, the prediction of the rule in that
point will be words with that lemma, and only them will be considered valid ones.

The probability management changes. when a word is imposed, the probability of
the ruleis applied to the predicted word:

p(w) = Z p(wlC)) DZ p(Branch,,)+ ; p(Branch,)
¢ o e

Equation 3. Probability of the word, adding the component to handle the imposition of words.
Where B,, and Branch,, are the branches that predict the word w.

Branches that impose alemma, include a new term in the formula, for its particul ar
behavior: the probability of the rule is divided among all the words with that lemma, so the
probability of aword fixing a particular lemmaiis:

#(wn Lemma,)

wl Lemma ) =
Pl 2 # Lemma,

where #Lemma,, is the sum of the frequency of the words whose lemma is Lemma, and
#(wn Lemma,) isthe sum of the frequencies of the words whose lemma is Lemma, and

whose exact word isw (severa different entries may coincide in both fields).

p(w) = Z p(wlC)) EZ p(Branch,,) + Z p(Branch,))
C r B
+ p(wl Lemma,) [Z p(Branch, )

Where B, arethe branchesimposing Lemma,.
The prohibition of lemmas and words is managed in a different way. The
prohibition is indicated with the symbol ~ preceding the word or lemma. For example:
Sentencel:
Sentence

prep  [sgte{~bajo ~hacia} ]

conj  [sgte{ quet]
Sentence & 1000

This rule models complex sentences, joint with a preposition plus que (what),
where not all the prepositions can occupy the second position, so bajo (below) and hacia
(towards) are prohibited. In case we desire to prohibit a lemma, the format will be similar,
indicating lema instead of sgte.

The prohibition management is handled in a different way. It isincluded as afilter
in the prediction process. when the lists of words proposed by the rule is generated, the
prohibited words (or the words whose lemma is prohibited) are eliminated from the list. In
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case the prohibited word is written by the user, it will not be accepted by the rule, making it
fail, although this word may be considered valid by other active rule.

3.3.3.3.4 Management of features

As it has been explained in previous sections, a great part of the grammatical
information associated to each word is included in the features, not in the pos. The main
advantage of this point of view is the reduction in the number of categories and rulesin the
language model, when compared with other grammar with the same power, based only on
categories.

If we desire to model a nominal phrase with three components, an article, a noun
and an adjective, that agree on gender (masculine, feminine and neuter) and number
(singular, plural and neuter), using conventional pos in the grammar, different pos will be
necessary for nouns masculine singular, and nouns feminine singular, etc., so that the
different valid combination of features have to be included as different pos. Thisimplies an
increase in the number of categories from 3 (article, noun, adjective) to 27 (noun sngular-
masculines NOUN  singular-feminines €1C.). The number of rules needed to model some of the
structures in a noun phrase increases from 1 to 200, to ensure the agreement in gender and
number.

The features of each word influence the features of the following words in several
different ways: imposing or prohibiting a particular value, or demanding agreement in any
feature. The parser has been modified to support all these features.

3.3.3.3.4.1 Features agreement

The agreement consists of ensuring that the values of some particular features of
different words coincide. For example, in Spanish, all the symbols in the nominal sentence
(articles, adjectives and nouns) have to agree on gender and number, and in number with
the verb of the sentence.

The parser has been improved to support the agreement. It is flexible enough to
allow selecting the feature or set of features that may agree, and of which words. Any
feature may agree in any word, and a particular word may agree in a feature with aword or
words, and in other feature with other word or words. The agreement is intelligent, in the
sense that it combines all the information in the features of the implied words: for example,
in case three words may agree in gender, and the first one is neuter, when predicting the
second one, no restrictions are made in the gender, and, in case the second is masculine or
feminine, the adequate restrictions will be made when predicting/accepting the third word.

An example of nominal phrase where there are several features that should agree,
using the format of the system, is:

NP:
det  [gen{ X} num{Y}] ?175
adj [gen{ X} num{Y}] ?500
n [gen{ X} num{Y}]
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adj [gen{ X} num{Y}] ?250
prep

det  [gen{Z} num{M}] ?75
n [gen{Z} num{M}]

This rule considers the following agreements:
o Gender and number of the first four symbols, using X and Y.
o Gender and number of the last two symbols, using Z and M.
o The prepositions do not have to agree with any other symbol.

As it can be observed, the articles and adjectives are optional, but, in case they
appear they have to respect the agreement constraints.

The agreement constraints are included as filters in the prediction process, checking
if the word agrees with the previous ones (in case there is any), and eiminating the ones
that do not agree. If the user writes a word that does not agree, it makes that rule fail
(although the word may be valid for other active rules).

The separation of the grammatical information in categories and features and the
Improvement in the parser capabilities reduce drastically the number of pos and rules to
model some structures. In this system, a nominal phrase with three symbols agreeing in
gender and number can be modeled with a single rule, whereas the conventional system
requires up to 27 categories and more than 200 rules.

3.3.3.3.4.2 Imposition of a concrete value of a feature

Some words do not require agreement with the features of other word, but need that
the features of the other word have a concrete value. For example, the verb to have must be
followed by averb in past participle.

The parser has been modified to allow imposing a value to any feature of the
symbols of the rule. For example (the equivalent in English):

Verba Form:
verb & 700
| verb [lemma{ go} ] prep [sote{to}] verb [verb_type{inf}] & 100

| verb [lemma{ have}] verb [verb_type{ past-partic} ger{ masc} num{sing}]
& 200

This rule models the verb formed by a single word, have + past participle, and the

periphrasis go to + infinitive. In it, it can be observed that the verb fo have needs a past
participle, masculine, plural, and the verb to go requires an infinitive form.

To impose a value to a feature, to one or more symbols in a rule, with the current
system, asingle rule that includes this constraint is needed. The conventional system would
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require to repesat the rule for each valid combination of the other features: for example, to
impose that a particular noun is singular, six rules will be needed: NoUN gngular-feminine, NOUN
singular-masculines noun singular-neuter, NOUN neuter-feminines NOUN neyter -masculines NOUN neuter -neuter- In case
the singular nominal phrase consists of two words, 16 rules will be needed, and 32 rulesin
caseitis composed of 3 elements.

The imposition of features is included in the prediction process as a filter that
eliminates the words that do not contain the imposed feature. In case the user writes aword
without the feature, the rule will be stopped.

3.3.3.3.4.3 Prohibition of concrete values of a feature

Some language structures require that a word has any feature value except for a
particular value. For example, in Spanish, adjectives (in general) can appear before and
after the noun, but some of them can only appear before or after it. To model structures like
those, the adjectives that cannot appear in one of the positions are marked with a feature
that is prohibited in that point of the rule.

NP:
det ad[adj_type{~a3}] 7100 n ad [adj_type{~al}] ?100 & 1000

This rule models a nominal phrase with two adjectives, and each one (in case it
appears) may be located in the right position: the first one cannot be an a3 adjective (a3

adjectives can only appear after the noun) and the last one cannot be an a/ adjective (al
adjectives can only appear before the noun).

Of course, this could also be solved separating the adjectives in different categories,
thus increasing the number of categories and rules needed to model this structure. In case it
Is desired to prohibit a particular value of a feature in a structure, using conventional
models, it would be necessary to list all the non-prohibited combinations of features.

The prohibition of features is included as a filter that eliminates the words that
contain the prohibited feature from the prediction list.

3.3.3.3.4.4 Management of features in non-terminal symbols

In previous sections, the management of features in terminal symbols has been
shown. It is aso important to rransmit feature values from the non-terminal symbols, and
to them, for example, when several non-terminal symbols in different points of a sentence
may agree. In this case it is necessary to be able to find out the features of the non-terminal
symbol from the features of the terminal symbolsincluded in it, or using other methods. It
Is also necessary to define the way the values of the features of the non-terminal symbol
affect the features of the symbols that compose it.

The parser has been modified to support the non-terminal symbol features
agreement. The features of each non-terminal symbol will be defined in the rule, and used
afterwards in the same way as if they had been included in the lexicon.

For example: the rule to model la casa es bonita would be
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S
NP [gen{ X} num{Y}]
v [lemma{ ser} num{Y}]
adj [gen{ X} num{Y}]
where:

NP [gen{ X} num{Y}]:
det [gen{ X} num{Y}]
n[gen{X} num{Y}]

At the beginning of the sentence, a NP is needed, so der are predicted. As it is the
first word, X and Y are empty, and no restrictions are imposed on them. When the user
writes the article, X and Y have its values, and the features or the next word may agree
with them. When the noun is written, the NP will be complete, with the values of the
features of the words included in it (the more restrictive, in case one of the words have

neuter gender or number). After that, the verb is predicted, requiring that the number agrees
with the NP.

If the NP were the following one, the gender and number of the NP would only
depend on the features of the first words:

NP [gen{ X} num{Y}]:
det  [gen{ X} num{Y}] ?175
adj [gen{ X} num{Y}] ?500
n [gen{ X} num{Y}]
adj [gen{X} num{Y}] ?250
prep
det  [gen{Z} num{M}] ?75
n [gen{Z} num{M}]
There are aso specia cases, where the values of the features do not depend on the

values of the features of the non-terminal symbol and therefore are not extracted from the
values of the components. For example

NP [gen{feminine} num{sing}]:
det  [gen{masculine} num{sing}] ? 175
n [gen{ a-tonica} num{ sing }]
adj [gen{feminine} num{ sing }]

35



Word prediction

This NP uses a particular type of noun that starts with a and requires a masculine
article, but agrees with feminine adjectives within the NP and in the rest of the sentence,
S0, the features of the NP are feminine singular. A nomina phrase with these nouns will be
El agua limpia (the clean water).

It is also possible to impose or prohibit a value of afeature and its agreement with
another one, so that the rule allows controlling the agreement with external symbols, in
case it is compatible with the prohibited or imposed value. In case they are not compatible,
the analysis of that rule will stop. For example:

NP  [gen{X} num{Y} st-prondet{Z} person {3}]
pron [gen{ X} num{Y} st-prondet {Z} st-prondet{~ determined }] & 1000
This nominal phrase extracts the gender and number from the value of the features
of the pronoun. It will be always third person (it is not necessary to extract it from the

pronoun), and it cannot be a determined pronoun, but it has to agree with the valuein Z, so,
if thevalue of Z isdetermined, thisrule will fail.

The possibility to handle features in non-terminal symbols makes it possible to
control them. This capability is complemented with the possibility of using rules in a
recursive way, for example:

VerbalForm [verb_type{ X} ]:
verb [verb_type{X}] & 700

| verb [lemma{ go} verb_type{ X}] prep [sgte{ to} ]
VerbalForm [verb_type{inf}] & 100
| verb [lemma{ have} verb_type{ X}]
VerbalForm [verb_type{ past-partic} gen{ masc} num{sing}] & 200
This rule allows us to model any periphrasis formed by a have + any verbal form
starting with a participle and go to + any verbal form starting with an infinitive.
Verb_type{ X} imposes the verb type of the first verb in the VerbalForm, and the
VerbalForm in the rule (the recursion) imposes the value it needs. It models, for example,
go, have, have gone, have gone to sleep, etc. If we add the rules for other periphrasisin a
similar way (the modal verb plus a VerbalForm with the adequate parameters), we may be

able to express, for example: I might have gone to have dinner before, I have been trying to
find you, we have been thinking about going out to have dinner.

The imposition of feature values and agreement makes it possible to write recursive
rules sets, controlling the activation of each rule with the concrete values of the features of
each particular word used.

All the improvements in the parser capabilities have increased the descriptive
power, alowing us to model the linguistic phenomena we have considered more relevant
for the formal grammar.
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3.3.3.3.5 Pruning techniques

To reduce the time needed in the process due to the great amount of rules and the
words ambiguity, a pruning algorithm using beam search has been included. It is a
technique similar to the one described in [Coll96] with some modifications. the maximum
probability rule is found, and it is used to set the threshold. All the rules with probability
higher than the threshold will be expanded, and the rules with probability smaller will be
eliminated. A variation has been included in the algorithm, and the branches are only
pruned when the whole number of branches is higher than a certain number. Both
thresholds have been experimentally selected, to reduce the time required to analyze,
controlling that there was not a significant loose in the performance of the system.

3.3.3.4 Rewrite rules

Rewrite rules are the main information sources when using the prediction method
based on the parser. They express the structures that will be considered grammatically
correct. They were obtained from the study of text corpora, detecting the most frequent
patterns, and were expressed as a sequence of pos adding also probabilistic information,
features, lemmas, words and optional elements.

3.3.3.5 Error management

In the prediction method based on the parser, in each point of the analysis, the
active rules are those that correspond with the left part of the sentence. When new words
are written, the rules that do not expect their categories are eliminated, and the predictions
proceed from the still active rules. If, after a sequence of words, all the rules are eliminated,
the analysis would be stopped, and the prediction method would not be able to predict any
pOS.

The typology of parsing errors in our context free grammar is wider than in
conventional grammars, due to its particular characteristics. The rules can fail for the
following reasons. an unknown word (spelling mistake, technical word, etc.), lack of
grammatical coverage, insertion, deletion or substitution of the expected pos, non valid
features (they do not agree with the corresponding values, or they include a prohibited
value, or not include an imposed value), the written word or its lemma do not coincide with
the lemma or word imposed, the written word or its lemma coincide with the lemma or
word prohibited.

To reduce the negative effects of these errors on the prediction process it is
necessary to include error management algorithms to increase the flexibility. The current
approach only handles the unknown words, using the unknown words categorization
strategy explained in the section 3.3.2.1.4 (page 23). In case other error happens in the
analysis, and it is stopped, there is a fall back to less powerful models, tripos or bipos and
unigrams.

In the future lines chapter, some other possible error management techniques are
outlined.

37



Word prediction

3.3.4 Additional techniques

In this sections, severa auxiliary methods are presented. These techniques do not
generate a prediction list, but they increase the prediction performance.

3.3.4.1 Elimination of rejected words

This method keeps a list of al the words that have been shown in the menu, and
how many times. In the basic prediction methods, each word will appear until the user
types a letter that did not match the word. If the user activates this filter, each word will be
shown only once or twice. If aword is not selected, it is assumed that the user has seen it,
and ignored it because it is not the desired one, so it will not be shown again, freeing
positions in the predicted words list so that new ones can be presented to the user. If the
desired word isin the main lexicon, fewer keystrokes will be needed for it to appear.

The results of thisfilter are very good, although it is better to smooth it, letting each
word to appear more than once. Otherwise the user should type a word completely if the
word appears in the menu only once and the user does not see it. The number of times the
word should appear in the menu depends on several factors. the user’s attention, his/her
tiredness, hig’her speed reading and writing, etc.

3.3.4.2 Endings prediction

As well as words, endings are also predicted (this is especialy important for some
words which are not included in the dictionary but have some typical endings).

3.3.4.3 Automatic character insertion

The system automatically inserts some characters in the text when punctuation
marks are written. After typing a punctuation mark, the space before it (if it exists) is
deleted, the character is inserted, and an extra white space is included after it. In case the
character isafull stop, the next letter will be automatically capitalized.

3.4 Management module

The management module coordinates the information from the different prediction
methods and dictionaries. It has allowed us to validate different integration methodol ogies
in order to find the best combination. This module isin charge of:

o Obtaining and processing the input from the user interface (written text).

o Managing the information flow of each prediction method, coordinating the
information they need and provide. Word prediction methods based on bipos or
tripos require the pos of the previous word or words, and the features of the last
word, and the parser needs all the grammatical information of all the words in
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the sentence that it is been written. All of them provide alist of constraints for
the following word.

o Managing the transactions with the lexicons. There are two different processes
to manage:

0 The categorization: the main lexicon provides the management module all
the information about a particular word.

0 The prediction: with different processes, depending on the dictionary:

0o The main lexicon provides words that follow the restrictions
imposed by the prediction methods.

o Personal and subject lexicons provide two different lists of words
(each one). The first list contains the words that have followed a
particular word in the training texts (word bigrams), and the second
list contains the set of words in them that meet the constraints of the
prediction methods.

Of course, al the words in the lists start with the already written current
word letters.

o Obtaining the list of predicted words from each method and lexicon, and
selecting the definite set of predicted words. We have found that the optimum
process to combine al the information availableis:

o First, to obtain the lists of bigrams of the last words, from the subject
lexicon (if there is one active). If this list is not long enough, the list of
bigrams from the personal dictionary is added.

o0 Incasethelististill not long enough, the management module gets the list
of constraints of the more powerful grammatical prediction method: tripos
(asit will be seen in the results chapter, the parser is still not so powerful as
the tripos based method). In case the tripos does not predict a list of
constraints, the bipos method will be used.

o |If asubject lexicon is active, the list of words from the subject Iexicon that
meet the constraints are included in thelist, in order of frequency.

o If thelist is not long enough, the management module combines words from
the main lexicon and the personal dictionary, pondering their probabilities
according to the following formula:

p (W) = Qpersana/ . @ personal (W) + Qmain EAbmaM (W)

Equation 4. Combination of the probabilities of the word in the main and personal |exicon.

Where:

O Pmaaw)and p, . (w) ae the results of applying the Equation 1.

Probability of the word w; in the bipos model. extended for the tripos model.

0 Opona. =035 and Q,,, =065 ae the weights that control the

contribution of each dictionary. They have been trained to maximize the
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number of keystrokes saved in texts between 1000 and 2500 words (the
length of the text that a user may generate in a single session). If O , IS

persona
increased with respect to Q, ... the efficiency in smaller texts diminish,

because the personal dictionary is still not enough trained. If Q,,.,...1S

reduced, the adaptation capacity decreases, and the results get worse,
specialy for long texts.

o If the list is still not complete, the more frequent words in the subject,
personal and main lexicon (in that order) are added to the list, although they
do not match the grammatical restrictions.

0 Ineach one of the previous steps, the following verifications are made:
0 Whether the word has been shown to the user before (and rejected).

0 Whether the word isincluded or not in the main lexicon (in caseit is
necessary to control spelling mistakes).

0 Thelist of endings that start with the last written letter is added to the word
list.

o Managing the auxiliary methods.
o Sending the words and suffixes to the user interface.

3.5 User interface

The user interface is one of the critical parts in an application, determining the
access of the user to the program. All the interfaces must be designed to be user-friendly,
specially the ones devoted to people with disabilities.

Predice is a text editor specially designed to be used for people with physical
disabilities, that can be used with the conventional keyboard, mouse, joystick, and one or
two switches. The word prediction explained in this thesis is included in it. It has allowed
us to test its usefulness of the prediction for real users, and see the way it can help them.

It has also been adapted for people with hearing and vision problems. It is highly
customizable, so that people with very different needs and preferences can find a proper
configuration that meets their requirements.

Special care has been taken in the design of the interface when it is used with a
switch, to minimize the time needed to write a text with the scanning input method.

Adaptability mechanisms have been included in this interface, so that the program
adapts its interface to the use done by each user, changing its configuration to optimize the
access. The adaptability mechanismsincluded in Predice are:

o Position adaptability: the more frequently used options are moved to quicker
positions, to accelerate its access.

o The options that are not used are disabled, and are not included in the scanning
until the user activates them again. It has been taken into account that some
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options can not be disabled, unless they are not used, such as some uncommon
letters, and the options to escape in case of error, etc.

o Automatic adaptation of the scanning speed, considering the number of errors of
the user (counted as the number of times the delete option and the escape
options are used).

The user validates all the changes in the configuration before they are done to avoid
the inconvenience of undesired changes in the interface. The implementation details
of the adaptability mechanisms included in Predice can be found in [GarcO0].
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4 Evaluation of the word
prediction

In this chapter, the efficiency of the prediction methods presented previoudy is
evaluated, in order to compare them and select the optimum method or combination of
methods. This chapter is divided into two parts:. the first one, with the quantitative
automatic evaluation, and the second one, with the user’s subjective evaluation about the
whole system, and some examples of user’'s text showing the benefits of the word
prediction in the writing quality.

4.1 Automatic evaluation

In this section, a proposal is outlined for making automatic tests to obtain as much
useful information as possible. On the one hand, it will be very interesting to have
performance results valid for a comparison. On the other hand, knowing the best
performance of the systems (with all the dictionaries, suffixes, grammatical information,
extra features, etc.) will give the possibility to study the reasons for the differences in the
results (or the lack of them). This will probably provide clues for future directions,
showing the effects of changing prediction parameters, or using different methods, etc.

Before the description of the tests and its results, the decisions about the evaluation
design, metrics and tests are justified. The usual criteria for NLP systems evaluation have
been taken into account, adding a set of restrictions to consider the user’s conditions in
some tests.

4.1.1 Considerations about automatic evaluation

In the automatic evaluation of any system that includes natural language processing
there are a factors that may affect the results, independently of the NLP system quality. For
this reason it is necessary to control these factors, or at least take into account their effects,
if comparisons between different methods is to be made.
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4.1.1.1 Training and test corpora

The selection of the training and test corpora to be used in the system is one of the
key factors to be considered: their careful design is essential, as system performance will
depend heavily on them. In this section, some factors to take into account in the text
selection are presented.

One of the parameters to decide upon is the size of the corpora. Asin any NLP
application, as much text as possible should be used, in order to obtain accurate and
reliable models in the training stage, and statistically valid performance measurements in
the tests. However, using large texts for evaluation can lead to unrealistic results. Take, for
example, the case in which learning capabilities are included in the prediction. If very long
texts are used with the adaptive prediction mechanisms, high levels of adaptation will be
reached, producing good results. However, users will never write texts as long as those, so
that the adaptation level reached in the evaluation will never be obtained and the
performance in the real case will certainly be inferior. In automated laboratory tests it is
possible, of course, to use as much data asis available.

The problem of using small corpora is that they may produce results highly
dependent on the text and with little statistical significance, although this effect may be
reduced if they are very carefully selected, with linguistic judgement. In case only a small
corpus is available, it can be splitted into several parts. The algorithm is then trained with
all the parts but one, and that one is used to test the system. The process is repeated severa
times, leaving out different parts, and finally averaging the results.

In general, strategies involving the execution of tests with several medium-sized
texts are preferred, finally averaging the results.

In case of evaluation in user’s conditions, training and testing corpora should be
generated from texts entered by the user (logged data), totally adapted to his’her writing
style. These are very difficult to obtain, especially large corpora for all the languages
(except possibly for English) and confidentiality issues are usualy involved. It should also
be taken into account that logged texts will be over-adapted to a particular user. Further
considerations on the evaluation of word prediction using logged data can be found in
Copestake (1998).

Another key factor is the degree of agreement between the training and test sets:
they must be completely different. Measurements taken with test corpora that overlap the
training texts are not valid. Additionally, the limit should also be defined for considering
the training and test corpora as being too closely related to lead to valid results. Great care
must be taken when comparing different systems when they have been trained with
different databases, considering the agreement between training and test material. If one of
the systems is trained with data closely related to the application domain of the test
material, it would outperform a system trained with data not so closely related (even when
the latter uses better prediction methods). This is especially important when testing whole
systems, in which the training corpora are not established.
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4.1.1.2 Prediction features

In this section severa prediction features which may influence the system
performance to different degrees will be presented.

One of the more influential factors is the number of predicted words shown
simultaneously to the user. Obviously, with more predicted words offered, less keystrokes
are needed, because the desired word appears sooner, thus obtaining better performance
results.

The maximum number of words shown isrelated to user considerations: in practice,
too many words cannot be presented to the user at the same time. Previous works have
established that most people can observe 5 words at a glance. This number keeps the right
balance between extra cognitive load required and time saving: if more words are shown,
the user needs more time and effort to read them when searching for the right one, making
the prediction counter-productive, (unless the user decides to ignore it). Of course, for
automatic word prediction evaluation in laboratory conditions any number of words can be
used.

Some systems use suffix prediction when word prediction fails. This method is
quite effective with new words, because it includes the most frequent endings. It should be
decided whether this feature is included in the statistics, depending on the desired test:
comparing systems with all their features, or only specific prediction methods. Regarding
the maximum number of suffixes t0 set, the same considerations as with the maximum
number of predicted words should be taken into account.

There are more techniques, which, strictly speaking, may not be considered
prediction methods, but may accelerate the writing process when included in a system, thus
influencing the performance results. For example, the automatic inclusion of white space
and autocapitalisation of the first letter after a full stop reduce the number of keystrokes
needed to write the text, or the automatic elimination of the rejected words (if a word
appears in the menu several times and it is not selected, it will be assumed that it is not the
desired one, and it will not be shown again while predicting the current word). As with
suffixes, it should be decided whether these techniques are included in the evaluation or
not.

It is also quite common that not only the prediction is evaluated in tests, but also the
interface of the system into which it is integrated. For example, if the system has switch
input with automatic scanning, the number of keystrokes are the number of times the user
has to press the switch (two keystrokes/letter with row/column automatic scanning, one
keystroke/letter with linear scanning, etc.).

The use of accelerators can lead to very different results. each time an accelerator
Is used, an extra keystroke is added to the statistics, reducing the savings in keystroke
number, but saving time. With explicit regjection, no keystrokes are needed to select the
predicted word. If the system is a window appearing on the screen, accessible with the
normal keyboard, the keystrokes are from the keyboard, etc.

As stated before, the user interface aspect of system evaluation is not emphasized
here. Nevertheless, it is a key point in word prediction applications evaluation, as the main
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target of this research area is improving the communication skills of people with
disabilities.

4.1.1.3 Metrics

In this section, certain measurements that seem to be relevant when evaluating word
prediction performance are explained. Every parameter captures certain information about
the prediction process, and the selected metric depends on the evaluator’ s interest.

The parameters that will be explained are keystroke savings, prediction coverage
and learning rate. The use of time/speed measurements will be avoided because they are
highly dependent on both user and interface design, and focus the description on
measurements that can be automatically obtained from “standard” text corpora, not
dependent upon consideration of the users.

4.1.1.3.1 Keystroke based measurements

In this subsection, measurements related to keystrokes will be described. This is
one of the main points in word prediction systems evaluation, as these measurements are
directly related to physical effort reductions from the user's perspective, especialy
important for people with physical disabilities.

There are two possibilities: to evaluate the keystrokes a user has to type or the
keystroke savings due to the word prediction aid.

In the first case, the method is to measure the number of keystrokes a user has to
type to enter the text (number of keystrokes before he/she is offered the desired word, plus
the number of keystrokes needed to select the word). Depending on the level of detall
required, the following measurements may be interesting:

o exhaustive graphs detailing the number of words versus the number of
keystrokes needed to write them (the number of keystrokes typed before they are
shown plus the keystrokes needed to select it, or the word length (measured in
keystrokes, to be consistent) in case the word does not appear), or

o the average number of keystrokes needed to write a word, that is, in a more
compact way. This figure could further be related to the average word length
(measured in keystrokes) of the particular language (or corpus), for example, as
a percentage, showing the average number of keystrokes typed per word.

The second case is complementary to the one aready described. The method is to
calculate how many keystrokes the user does not need to type. This can be considered more
relevant from the user’s perspective, because it actually represents the reduction in effort
the user obtains when using the word prediction system.

The formulato cal culate the percentage of keystroke savingsis:

Savings(%) =100* KeySwoWP - KeySVVP

Keyswowr
Where:
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* Keyswowr iSthe number of keystrokes needed to write the text without word prediction.
» Keyswp isthe number of keystrokes needed to write the text using word prediction.

It isimportant to note that until now the measurements are based on keystrokes, but
corpora are composed of characters. Therefore, some kind of relationship between
keystrokes and characters needs to be derived, in order to apply objective keystroke
measurements.

This relationship is dependent on the user interface and may not be the same in
different systems, so the number of keystrokes per character should be standardized. For
example, with a conventional keyboard, one character is equivalent to one keystroke (2 if
the character is capitalized, or has an accent); in systems based on row-column matrices
scanning, 2 keystrokes per character are needed, and 4 in the case of capital |etters.

A unigue equivalence list should be provided, because keyboard layouts vary
according to the language. As a proposal, the number of keystrokes per character could be
similar to the one using a conventional keyboard (with English keyboard layout):

1 keystroke per lower-case character (even if thereisatilde).

2 keystrokes per capital character (even if thereis atilde).

1 keystroke per number.

1 keystroke per sign which does not need to use the Shift key: , .; -] #=\/[\

2 keystrokes per sign which needsthe Shiftkey: ' £E$% & * () _+{} @<:|v~

1 keystroke per selected word. If the system needs more than 1, it should be
reported, because it can substantially affect the final result. It would also be very good to
include both measurements.

4 keystrokes per other character.

Finally, it should be pointed out that some of the features mentioned in the section
“Other system features’ should also be considered when producing these figures, and must
be explicitly indicated. For example, the final white space in the word should be included
in the length, as it is automatically added when the word is selected, constituting an
important part of the keystroke savings.

4.1.1.3.2 Prediction coverage measurements

In general, prediction coverage can be defined as the number of words correctly
predicted, taking into account several factors that play a crucial role in the performance
results. The idea is to evaluate to what extent the test corpus is covered by the prediction
capabilities of the system.

These measurements are more important for dyslexic users, for example. Even
when they are not able to write every word correctly, they may be able to recognize and
select them in the menu, increasing their whole text quality, and probably quantity.
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It is considered that a word has been correctly predicted if at least 1 character (and
probably a white space) is saved. The measurement that is made here is the number or the
percentage of words predicted in the text.

In case grammatical information in the training and test sets is available, similar
measurements can be made for grammatical coverage, counting the number or percentage
or categories correctly predicted, to evaluate the accuracy of the linguistic module.

Generally speaking, the following factors should be considered, as they influence
the prediction coverage results:

o The number of different wordsin the training corpus.
o Thenumber of different wordsin the test material.

o The language perplexity or entropy, because in languages with higher perplexity
the prediction complexity is larger (for example, languages in which words have
many different forms).

o The grammatical coverage. In case grammatical knowledge based on rules is
applied, very different results may be obtained using texts with different levels
of agreement with the rules. A metric for this grammatical coverage should be
defined, possibly related to the percentage of sentences that follow the existing
rules.

o The agreement between the test material and the system dictionaries, which can
be measured as the number or percentage of words in the test texts that appear in
the dictionaries. Note that it may be different from the number of words actually
predicted due to two reasons:

o if the system learns, each new word will be written only once, and
subsequently it will be predicted

o short words may be typed before they are predicted, even though they are in
the dictionaries

4.1.1.3.3 Learning rate

Another important measurement is the learning rate, which consists of evaluating
the learning speed of the prediction system as a measurement of the adaptability/flexibility
of the prediction system. This is accomplished by computing the keystroke reduction at
regular intervals throughout the input of a text, and representing a plot with the keystroke
savings versus the number of words. In systems with learning capabilities, the keystroke
saving improvement throughout the text can be observed. (Claypool, 1998).

4.1.1.3.4 Statistical validation

In a system where performance measurements are taken from a test text, the
guestion of the possible generalization of the obtained conclusions raises. In the literature
about statistics it is studied as statistical significance. A description for a genera problem
can be found in [Weis93], and there are specific references for dstatistical pattern
recognition [Raud91], speech recognition [Gill89], natural language processing [Gibb9g],
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etc. There are several methods for statistical results validation, and in this PhD Thesis we
use the confidence intervals, more widely used than other techniques, like the McNemar
test [Gill89][Hunt90].

The formulato calculate the confidence interval is the following:

R 1-R
B, = aq/ esult EQN esult)

Where:
B/, isthe length of half interval.

a is a parameter dependent on the confidence level (in this PhD Thesis, a
confidence level of 95% has been chosen, and this sets 0=1.96).

Result isthe result of the experiment.

N isthe number of eementsin the test text: number of words in the text, of number
of keystrokes needed to write it without prediction.

Once the length of the interval is calculated, the results of the experiment can be
generalized for every text of the same domain, being sure the general results are inside the
confidence interval:

Result = Results *B,

Genera experiment

With the confidence level used in the formula. When different prediction methods
must be compared, tests are performed applying each method to the same test text, and
confidence intervals are computed for each one. A method is considered better than other
one only if its result is better, and the intervals do not overlap. In other case, the conclusion
Is that the differences between them are not statisticaly significant with the chosen
confidence level.

The confidence intervals size is inversely proportional to the test text length, so it
can be shortened increasing the number of words in the text. Therefore, when results are
obtained from small texts, bands may overlap, and the differences in the results may not be
statistically significant. In case more text is available, test text length should be increased
until intervals do not overlap (unless results converge when the number of words
Increases).

4.1.2 Description of the automatic evaluation system

The word prediction has been included in an evaluation system that allows the
configuration of the parameters and the performance of different tests in an automatic way.
This system is similar to the Parameterisable Test Bed (PTBs) described in Thompson
(1994), considering the specific features of the word prediction. It is a tool that will
automatically perform the whole evaluation process, not dependent on the user interface,
flexible, and more general and compl ete than the already existing tools. We have attempted
to make it as genera as possible, although it may be used in a more reduced form in case
there is an especially interesting subset (for example, text coverage evaluation using only
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the ‘X’ dictionary and a particular prediction technique). The following steps should be
carried out as automatically as possible for every single experiment (Gibbon 1998):

o Evauation setup, in which the values of the parameters for the evaluation are
established: language, training and test sets, maximum number of predicted
words, number of keystrokes associated with each character, desired results, etc.

o Training procedures, in which the system is trained with the predefined training
sets and the knowledge sources are extracted (dictionaries, rules, etc.).

o Test procedure: to perform the test under the established conditions.

o Scoring: generation of the results files according to the measurements to be
done.

o Analysis: analysis of the results files, comparison between results of different
experiments, or with the theoretical limits (maximum keystroke savings with a
particular prediction method for a particular test, etc.)

o Reports generation. The reports which are generated would be complete enough
to alow replication of the experiment, and extensive enough to help in the
assessment process. For example, they should include at least the following
information:

0 Vauesfor the input parameters.

0 Vaues of other system features that may influence the results, (number of
suffixes, etc.).

o Parameters of the corpora: corpora length, average word length, percentage
of common words, etc.

0 Results of each experiment.

It may be interesting to evaluate the actual performance limits. This involves the
execution of at |east two additional experiments:

o Thefirst one, to determine the theoretical maximum performance for a particul ar
prediction method. For example, to evaluate the maximum performance of
grammatical methods, an experiment should be performed in which the part of
speech of the following word is always the correct one.

o The second, to determine the lower limit for a particular test set which involves
running the experiment without applying word prediction.

Sets of experiments have also been defined: each experiment was performed several
times under different conditions: several test texts, with certain training texts, with the
system’s own dictionary, including and excluding particular features, etc. This set of
experiments is exhaustive enough to allow an objective evaluation of the different methods
and their combinations.
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4.1.3 Results

In this section, the results of the experiments performed for each prediction method
are shown. They are presented in series, with afirst baseline experiment and a set of tests
for different configurations in order to measure the effects produced by the change in the
parameters of each technique.

For each experiment series, the following information will be provided:
o Description of the objectives.

o Name of the test text, number of words contained in it and number of keystrokes
needed to write it without word prediction.

o Results of the baseline experiment: number of words predicted and keystrokes
saved, both in absolute value and percentage, including confidence intervals for
aconfidence level of 95%.

o Discussion of the results.

4.1.3.1 Theoretical limit of the word prediction

In the following experiment, the theoretical limit of the word prediction is shown.
The "prediction method" used consists in predicting always the desired word. This method
predicts a 100% of the words, but it does not save all the keystrokes because, as the user
hasto select at least the predicted word and write the marks.

The text TESIS contains 37496 words and 253932 keystrokes are needed to write it
without word prediction. A perfect word prediction method saves 191276 keystrokes
(75.33%). If auxiliary mechanisms are used (autocapitalization, etc.), the number of
keystrokes saved is increased up to 196295 (77.30%).

This is a theoretical maximum and the methods shown in this Ph.D. Thesis are far
from this keystroke saving rate. However, it is important to consider that the maximum
keystroke saving rate of the word prediction is not 100% but 75%.

4.1.3.2 Evaluation of the basic statistical methods

The basic prediction method, based only on the frequency of words, is now
evaluated. This method depends only on the main dictionary, which is static, and no
grammatical filtering is applied to its predictions.

In this experiment series, the influence of the number of words in the main lexicon
Is evaluated. In the experiments, the number of words of the main lexicon is limited to 200,
400, 800, 1200, 5000, 12000, 40000 and 132543 (the whole dictionary), always
considering the most frequent words in the dictionary. The test text used is:

Test text name TESIS
Number of words 37496
Keystrokes without word prediction | 253932
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The baseline experiment considers a main lexicon containing the 200 most frequent

words in Spanish and its results are:

Number of predicted words | 19211 (51.23%=0.51)
Number of saved keystrokes | 36803 (14.49%=0.14)
The results of the experiments are:
#words in the # Predicted Relative # Saved Relative
main lexicon words improvement keystrokes improvement
200 (51;;25).51) Baseline (14;;2(1%.14) Baseline
400 (54.82;)02146.50) 7.09% (16.5?92021%.15) 16.54%
800 (60.92;21%.49) 19.05% (20.45920901%.16) 41.34%
1200 (63.92;?_*90.49) 24.81% (22.;(?02%;.16) 53.59%
5000 (75.72523.43) 41.87% (29.17;2%.18) 101.43%
12000 (83.59102?;6.38) 62.38% (33.22502%;).18) 131.30%
0000 | oiomanzy | 2% | Gsommotg | M50
132543 (89.55302(-)_*%.31) 74.38% (36.??72;03).19) 150.88%

As the lexicon size increases, there is aways an improvement in the quality of the
word prediction. The improvement is especialy noticeable when working with small
dictionaries. In al the experiments, the same words are predicted in the zero letter,
independently of the previous words (the more frequent words in Castilian Spanish “de”,
“la’, “en”, “que’ y “en”), because no filter is applied. Improvements in the word prediction
when the dictionary grows, are due to the increase in the predictions in the letter two, three,

four, €tcC.
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4.1.3.3 Evaluation of the statistical pos methods

In this series of experiments, the statistical pos models are evaluated. The effect of
the basic bipos and tripos models on the prediction are shown, as well as the effect of the
improvements included in them, and the results of the models trained from text tagged with
ambiguity.

4.1.3.3.1 Evaluation of bipos model and influence of smoothing and fall back to
unigrams

Bipos model prioritizes words belonging to the pos that more probably follow the
pos of the last word. In these experiments, the same test text than in the previous seriesis
used. The baseline experiment is the best one of the last series: using the whole main
lexicon (130000 words).

Prediction method # Predicted Relative # Saved Relative
words improvement keystrokes improvement
W[g:m?yn;ariir:;:;x*rﬁon' (89.9?;2%.31) Basdline (36.397202330.19) Baseline
ssrlnn;gtlﬁu ﬁigpﬁf’fgitggéﬁ (82.511090?;%.38) "1:32% (35.:&3:0.19) -2.09%
Bi?ﬁovéitﬂ?;goor (82.521090?;?(’).38) -71:32% (35.:50023;%.19) -1.99%
1pos Wli,ltr?i ;stl, packto (82.3?2202?;%.35) ~3.40% (36.99232(-):%.19) 1.56%
1pos Vlfét.grffr#f oo (88.:;2%.32) -081% (37.3;2120.19) 3.65%

In this table we can observe that the ssimplest bipos model works worst than the
unigrams, in number of predicted words, and saved keystrokes. This result is due to the
number of zeros in the matrix (the number of positions in the bipos matrix whose value is
0, because those pos sequences do not appear in the training texts). However, the
percentage of words found in the /etter zero increases from a 23.9% up to a 25.6%, so the
quality of the word prediction in that letter increases. Alternative methods will be searched
so that these improvements can be used, but always avoiding that the system global
performance turns worse.

The smoothing of the bipos matrix with the floor smoothing method gives better
results, comparing with those obtained from the simple bipos matrix. But they do not return
better results than the unigrams do. Other well stablished and more sophisticated
smoothing methods have been also applied (like the good-turing estimation) and obtain
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results that are slightly better than the simple floor smoothing of the bipos matrix, but none
of them obtains better performance than the method based on falling back to unigrams.

Next, fall back to several methods are tried. The first one uses a bipos matrix
without smoothing, and fall back to unipos in case there are not enough predicted words.
The number of predicted words in this experiment is still worse than the one produced by
the unigrams method, but it increases the number of keystrokes saved, because predicted
words are longer (its quality increases).

In the last experiment, bipos with fall back to unigrams are used. This is the best
method based on bipos, with an improvement of 3.65% with respect to the baseline
experiment. The number of predicted words is still smaller than in the baseline, but the
keystroke savings has increased because of the improvement in the word prediction quality.
In methods without grammatical filter, short words were always predicted (the first 5 words
were always the same, and had 2-3 letters). The bipos information changes these words,
and, as short words can only be shown in the letter zero or one, the user writes them before
they are predicted, decreasing the number of predicted words.

4.1.3.3.2 Evaluation of tripos model and influence of smoothing and fall back to
bipos and unigrams

Tripos model prioritizes words belonging to the pos that more probably follow the
pos of the last 2 words. In these experiments, the same test text and baseline experiment
than in the previous series are used.

Prediction method # Predicted Relative # Saved Relative
words improvement keystrokes improvement
Whole main lexicon. 33504 . 92367 .
Only unigrams. | (89.35%2031) | BB¥IM | 35370m019) |  BEsEine
Simpletripos,
. : 28436 83374
- 0, - [0)
without smoothing or (75.84%+0.43) 15.13% (32.83%+0.18) 9.74%
fall back
Tripos, with floor 29556 ) 0 85859 Ao
smoothing (78.82%20.41) 11.78% (33.81%+0.18) 7.05%
Tripos with fall back 33187 . 96157 o
to bipos and unigrams| (88.51%+0.32) 0.95% (37.87%x0.19) 4.10%

In the first experiments, can be observed a decrease in the performance of the

system with respect to the baseline experiment. As the number of tagged words available is
small (55000), the number of zeros in the tripos matrix, is very high (78.91%). The results
of the method based on #ripos with floor smoothing are similar to the ones obtained with
bipos (with floor smoothing), still worst than the unigrams based prediction.

Different configurations, smoothing and fall back have been tried. The one with
which better results are obtained is tripos with fall back to bipos and unigrams in case there
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are not enough number of words in the prediction list, with a relative improvement of
4.10% in the number of keystrokes saved. The number of predicted words is smaller than
in the baseline experiment because of the reasons already explained for the method based
on bipos.

4.1.3.3.3 Evaluation of bipos and tripos trained from texts ambiguously tagged

In this series of experiments, bipos and tripos generated from text ambiguously
tagged have been used.

The experiments tested in previous series (with and without fall back, with and
without smoothing) have been tested here in the same way, returning similar results, only
show the results of the best configurations are shown.

The same test text and baseline experiment than in the previous series are used.

In the first two experiments, training text is the same one used in the previous series
(PAIS, 55000 words), being the only change the ambiguous categorization. The matrices
used in the third test have been trained from a 1 million word text, not available without
ambiguity.

Prediction method # Predicted Relative # Saved Relative
words improv. keystrokes improv.
Whole main lexicon. Only 33504 , 92367 .
unigrams. (80.35%6+031) | DONINe | 36 370410,19) | BESEINe
Ambiguous bipos with fall
33244 95210
i - 0, 0,
back to unigrams (55000 (88.66%6:+0.32) 0.78% (37.49%0.19) 3.08%
words)
Ambiguous fripos with fall
33235 95918
back to ambiguous bipos and 0 -0.80% 0 3.84%
unigrams (55000 words) (88.64%+0.32) (37.77%z0.19)
Ambiguous fripos with fall
33319 95951
i / - 0, 0,
back to ambiguous bipos and | gg geepr 6 a0y | 0% | 37 700040 1g) | 388
unigrams (1 million words)

As it can be observed, the number of saved keystrokes has been increased with
respect to the baseline experiment. The results are not so good as the bipos/tripos trained
without ambiguity, but the differences are not significant. It can be partially due to the fact
that the ambiguity reduces the number of zeros in the matrices, reducing its negative
effects. So, in case not enough tagged text is available, ambiguously tagged text can be
used, returning satisfactory results (although not as good as the ones obtained from models
generated from manually tagged text).
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A more detailled study is needed before extrapolating these results to other pos
models, with a higher number of categories, but the approach is promising, given there is
no need to manually tag large corpora.

4.1.3.3.4 Evaluation of the effect of the categorization of the unknown words and the
features management

In this series of experiments, the effect of two of the new features included in the
basic pos models is evaluated. In one hand, the categorization of unknown words, as it has
been explained in section 3.3.2.1.4 (page 23), and, on the other hand, the basic features
management, performed in paralel with the prediction based on bipos and tripos,
explained in section 3.3.2.1.1 (page 22).

The test text is the same one used in the previous experiment. The baseline
experiment is the one that has obtained better results, the prediction based on tripos,
trained from text tagged without ambiguity, with fall back to bipos and unigrams.

Prediction method # Predicted Relative # Saved Relative
words Improv. keystrokes improv.
Tripos with fall back to bipos 33187 , 96157 .
and unigrams (88.5196+0.32) | P2IN€ | 37 570410,19) | BESEiNe
Previous experiment including 33165 -0.07% 96252 0.10%
unknown words management | (88.45%:+0.32) ' (37.90%20.19) '
Previous experiment including 33176 A (120 98665 0
features management (88.48%+0.32) 0.03% (38.85%+0.19) 2.59%

Asit can be seen, when the unknown words management is included, the number of

predicted words increases slightly (in a non significant number). The number of unknown
words in the text is 3658 (9.76%). A 1.87% (700 words) are tagged using prefixes, endings,
etc., and the rest 2958 words (7.89%) are assigned to the set of categories listed in section
3.3.2.1.4 (page 23).

In the last experiment, feature management is included, in parallel to tripos, making
predictions matching in gender and number with the last written word. This information
produces a significant improvement in keystrokes saving. The number of predicted words
also decreases with respect to the baseline, because of the same reason: the predicted words
are longer and save more keystrokes.

4.1.3.3.5 Evaluation of the prediction based on pos methods on newspaper texts

In this series of experiments, the best methods of each previous series are applied to
a journa text with more than 100000 words, in order to check whether the tendencies
observed are kept or depend on the text style. The test text used is:

FEB100K

Test text name
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Number of words

103583

K eystrokes without word prediction

751191

This text is extracted from the electronic edition of the newspaper “El Mundo”.
This is the same newspaper used to train the main lexicon, so the style of this text is the

style of the dictionary, (but the texts do not overlap).

The baseline experiment uses only information from the unigram model.

Prediction method # Predicted Relative # Saved Relative
words improv. keystrokes improv.
- : 92012 . 266824 .
Prediction based on unigrams (88.83%:0.19) Baseline (35.5296+0.11) Baseline
Bipos trained from text tagged
. A 91673 273812
- 0, 0,
WIthOk;,It ambi gullty with fall (88.50%6£0.19) 0.37% (36.45%6+0.11) 2.62%
ack to unigrams
Tripos trained from text
ambi guou;‘ly tagged (1 mi I.I ion 91820 -0.21% 275479 3.24%
words), with fall back to bipos | (88.64%+0.19) (36.67%+0.11)
and unigrams
Tripos trained from text tagged
: R 91514 274192
- 0 0,
without ambl guity W!th fall (88.35%6:£0.20) 0.54% (36.50%+0.11) 2.76%
back to hipos and unigrams
Previous experiment including 91473 -0.59% 274195 2 76%
unknown words management | (88.31%0.20) (36.50%=0.11)
Previous experiment including 91419 A o 280855 0
features management (88.26%=0.20) 0.64% (37.39%+0.11) 5.26%

Most of the results could be expected, because they are similar to the results of the
previous series (f. e., the effect of the features management). However, there are some
differences, for example, in this case, the model based on #ripos trained from a text
ambiguously tagged (1 million words from “El Mundo”, that does not overlap with the test
text) produces better results than tripos train from a (smaller) text tagged without
ambiguity. This may be due to the fact that the negative effects of the ambiguity are
compensated by the decrease in the number of zeros and by the adaptation to the style of
the text. So, training using a great ammunt of ambiguously tagged text, seems to be a
reasonabl e option, because the results obtained are not very different to the results of tripos
based on manually tagged text (much smaller), when large quantities of tagged text are not
available. The relevance of this conclusion is related to the great cost of the tagging
process.
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4.1.3.3.6 Evaluation of the methods based on pos with small text

All the pos methods have been tested with a set of test texts with lengths varying
between 986 and 3000 words, that could be written by a user in a single session. The test
text used have been extracted from different domains. a newspaper text, a section of this
thesis, two short stories and two parts of “ El Quijote”.

With each text, two experiments have been run: the first one, using only frequency
information (unigrams) and the second, with the best ipos method, generated from text
tagged without ambiguity, with fall back to bipos and unigrams, features management and
categorization of unknown words.

The absolute results of the tripos models vary between a 84.71% and a 91.26% of
predicted words and a 32.54% and 41.52% of keystroke savings, depending on the text,
with arelative improvement between 4.68% and 6.62% in the number of keystrokes saved.

4.1.3.4 Evaluation of the formal method

In this section, the results of the prediction based on the context free grammar are
shown. Thetest text isthe first part of TESIS (the first 17500 words):

TESIS
Test text name (17500)
Number of words 17500

Keystrokes without word prediction | 122425

Prediction method # Predicted Rel ative # Saved Rel aive
words improv. keystrokes improv.
- . 15990 , 46310 .
Prediction based on unigrams (91.37%+0.42) Baseline (37.83%:+0.27) Baseline
The best prediction based on 15854 0 49195 0
tripos (90.59%20.43) 0.85% (40.18%=0.27) 6.23%
Predicti on based on formql . 15537 2.83% 48883 5.56%
grammar With fall back to tripos | (88.78%x0.19) (39.93%+0.27)

As it can be observed, the formal method produces a reduction in the percentage of
keystrokes saved although the confidence intervals overlap, so it cannot be concluded that
the differences are significant.

The results are worst because the grammar is not perfectly adapted to the text that is
been written. It should also be considered that TESIS contains a great amount of references

" Experiments have shown that the parser is able to analyze most of the input text, so the results are
mainly due to the parser action, not to the fall back to tripos.

58




Word prediction

(not included in the dictionaries), and very long sentences, that may interrupt the parser,
because this phenomena are still not included in the grammar.

It can be observed that in the letter zero, the number of predicted words increases
from 23.1 (baseline experiment) to a 25.8 with the prediction based on tripos, and a 25.9
with the formal method, dlightly better than the others.

4.1.3.4.1 Evaluation of formal method on different style texts

In this two sets of experiments, the prediction based on the formal grammar has
been compared with the one based on tripos, using two different test texts.

First set of experiments, with a short story text:

Test text name CUENTO1
Number of words 986
Keystrokes without word prediction 6470
Prediction method # Predicted Rel ative # Saved Rel ative
words improv. keystrokes improv.
- . 865 . 2006 :
Prediction based on unigrams (87.73%:2.04) Baseline (31.00%+1.12) Baseline
Prediction based on tripos with 847 0 2104 0
fall back to bipos and unigrams | (85.90%2.17) | 2087 | (325206¢1.14) | 489
Prediction based on formal 819 0 2091 0
grammar With fall back to tripos | (83.06%+2.34) 5.32% (32.32%=1.14) 4.24%
Second set of experiments:
Test text name QUIJOTE (1400)
Number of words 1390
Keystrokes without word prediction 8223
Prediction method # Predicted Rel ative # Saved Rel aive
words improv. keystrokes improv.
- . 1203 . 2602 .
Prediction based on unigrams (86.55%6:+1.79) Baseline (31.64%+1.01) Baseline
Prediction baged on tripos with 1185 1.50% 2687 3.97%
fall back to bipos and unigrams | (8525%:+1.86) (32.68%x1.01)
Prediction based on formal 1170 0 2668 0
grammar With fall back to tripos | (84.17%+1.92) 2.74% (32.45%=+1.01) 2.54%
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As it can be observed, the prediction method based on the context free grammar
does not improve the results with respect to the tripos based methods, partly because the
grammar has been trained from different style texts. Anyway the results are similar:
although the text is not adapted to the grammar, the grammatical guide improves the results
with respect to the results without any grammatical filter.

The results over text without any relationship with the grammar induce to think that
using agrammar adapted the performance will be higher.

4.1.3.4.2 Effects of the prediction based on a formal grammar on texts adapted to the
grammar

As it has been shown in previous texts, the grammatical guide of the parser does not
produce strictly better results than the method based on tripos when the grammar is not
adapted to the text (although it improves the results with respect to the prediction without
grammatical guidance).

In the following test, the text has been dlightly modified to adapt to the grammar.
The test text has been called TESIS2, and it isamodified version of the first 2000 words of
TESIS. The changes have been:

o Elimination of the biobliographical references inserted in the text, so that the
analysisis not stopped due to them.

o Elimination of the word efc. when is inserted in the middle of a sentence,
because the algorithm that segments sentences considers the period as an end of
a sentence and restarts the analysis.

o Elimination (rewriting) of text between parenthesis.
o Elimination of the lists or enumerations.

o Rewriting of the very long sentences (those longer than 50 words). The average
sentence length in TESIS2 is 18.56 words.

Both texts have bee included as an appendix in the Spanish version of thisthesis, so
that the slight changes can be seen there.

The characteristics of the modified text are:

Test text name TESIS2

Number of words 2058

K eystrokes without word prediction 13957
Prediction method # Predicted Relative # Saved Relative
words improv. keystrokes improv.

- . 1924 . 5732 .
Prediction based on unigrams (93.49%:+1.07) Baseline (41.07%0.82) Baseline
Tripos with fall back to bipos 1919 -0.26% 6127 6.89%
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and unigrams (93.25%+1.08) (43.90%+0.82)
Prediction based on formal
1899 6193
i - 0, 0,
grammar Withfall back to - g o700, 15y | -1:30% | 4y a70p,09) | B04%
tripos, bipos and unigram

As it can be seen, the keystroke savings increase with respect to the model based on
tripos, and the percentage of words in the letters zero and one aso increases from a 23.7%
and 22.4% in the prediction based on unigrams to 27.3% and 22% in the prediction based
on tripos and to a 27.4% and 22.7% for the prediction based on the forma grammar. We
cannot conclude that the results are statistically significant, because the short length of the
text results in big confidence intervals, and they are overlapped. However, the tendency to
improve the overall perfomance can be observed, when the grammar is more adapted to the
style of the text that is being written.

4.1.3.4.3 Effects of the fall back to tripos when the analysis is interrupted

In this series of experiments, the effect of the fall back to tripos (and bipos and
unigrams) when the analysis is interrupted is tested out. The analysis can be stopped when
an unknown word is written, or when the structure of the sentence is not included in the
grammar. The error management method is the one used in the previous experiments, and
in this one we want to show the comparison with the management of errors based on
falling back only to unigrams.

The test text is the same that was used in the previous series, and the baseline
experiment uses the prediction based on unigrams.

Prediction method # Predicted Rel ative # Saved Rel ative
words improv. keystrokes improv.
_— . 1924 : 5732 :
Prediction based on unigrams (93.49%:+1.07) Baseline (41.07%£0.82) Baseline
Prediction based on formal
1902 6022
i - 0, 0,
grammar Wlth fall back to (92.42%:+1.14) 1.14% (43.15%6+0.82) 5.06%
unigrams
Prediction based on formal
1899 6193
i / - 0, 0,
grammar with fall b«.’:\ck to tripos, (92.27%+1.15) 1.30% (44.37%+0.82) 8.04%
bipos and unigram

As it can be observed, the second experiment (prediction method based on parser,
with fall back to unigrams) produces better results than the model based only on unigrams,
but does not surpass the prediction based on tripos with fall back to bipos and unigrams,
shown in the previous series of experiments.

The last experiment is the same of the previous series, to remember the results of
the fall back to tripos and bipos and unigrams when the analysis is interrupted. As can be
observed, this error handling mechanisms is more powerful and its results surpass the ones
produced by the tripos based method (when the grammar is adapted to the text).
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4.1.3.5 Evaluation of personal and subject lexicons

In this section, the influence of including in the prediction process information
about the subject and user’ s style is eval uated.

4.1.3.5.1 Personal lexicon effects on different length texts

As explained in the section 3.2.2 (page 9) about the personal lexicon, it is generated
while the text iswritten, so, it is better adapted at the end of the session.

In the experiments with texts of tens of thousands of words (like the ones used in
the previous experiments) the personal lexicon gets a high degree of adaptation to the text
style, producing very good results in keystroke savings and number of predicted words.
These results can be a good help to evaluate the dictionary in a theoretical way, but they do
not represent the help they actually produce to the user, because the texts they produce in a
single session will be much shorter, and the adaptation of the lexicon will not be so good.
That is the reason why in some experiments short texts are used to test the behavior of the
personal dictionary in the user’s conditions.

In the following experiment series, different length texts are used. They correspond
to the first words of TESIS, from the beginning to the number of words indicated in
parenthesis. All the experiments use prediction based on tripos with fall back to bipos and
unigrams, features management, and unknown words categorization. In the baseline
experiment it is applied only on the main lexicon, while in the other one it is applied to the
personal and lexicon using the procedure shown in section 3.4 (page 38) about the
management module.

Experiment 1

Test text name TESIS (100)
Number of words 100
Keystrokes without word prediction 707
- # Predicted Relative # Saved Relative
Dictionary used . .
words improv. keystrokes improv.
: : 87 : 273 :
Main lexicon (87.00%6+6.50) | D3NN | 38 6104n3,59) | BEsEine
: 86 278
- 0 0,
Personal [exicon (86.00%6.80) | 107 | (30.3206¢360) | 183

It can be seen that with a 100 word text there is an improvement in the number of
keystroke saved, athough the number of predicted words is slightly worst. Obviously, with
so short texts, the confidence intervals are big and thus overlapped, so, it can not be
concluded that a method is strictly better than the other, but when thistest is repeated using
different text, the results obtained are similar.
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Experiment 2

Test text name TESIS (200)
Number of words 200
Keystrokes without word prediction 1425
_ # Predicted Relative # Saved Relative
Dictionary used . .
words improv. keystrokes improv.
. . 179 . 576 .
Main lexicon (89.5006+4.25) | B3IN€ | 45 420410 55 | Beseline
: 178 608
- () 0,
Personal fexicon (80.00%:4.34) | 0% | 42 67064057) | OO0%

When writing a 200 word text, the personal lexicon is better trained, and it

produces an improvement in the results. The number of predicted words increases, The
number of words found in the letter zero, that goes from 22.5% to 28.5%, specially due to
the effect of word bigrams.

In the following experiment, the effect of the adaptation of the personal lexicon

Experiment 3

with the length of the text is shown. Both, the number of keystrokes saved, and the number
of predicted words increase. Although the graphs are not shown, the number of words
found in the letter zero increases at least a 5% in all cases, and in /letter one between 5%
and 12%.

Test text name TESIS (500)
Number of words 500
Keystrokes without word prediction 3483
- # Predicted Relative # Saved Relative
Dictionary used . .
words improv. keystrokes improv.
. . 443 . 1443 .
Main lexicon (88.60%6+2.78) | DONIN€ | 41 430411 63) | BESEiNe
. 450 1587
0, 0,
Personal [exicon (90.00%2.63) | 707 | (a55606t165) | O
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Experiment 4

Test text name TESIS (1000)
Number of words 1000
Keystrokes without word prediction 6764
- # Predicted Relative # Saved Relative
Dictionary used . .
words improv. keystrokes improv.
: : 895 . 2793 .
Main lexicon (89.5006+1.90) | D2IN€ | 41 og0pe1.17) | BESEINE
: 914 3135
- 0, [0)
Personal lexicon (91.40%:+1.74) 2.12% (46.35%+1.19) 12.24%
Experiment 5
Test text name TESIS (5000)
Number of words 500
Keystrokes without word prediction 34264
- # Predicted Relative # Saved Relative
Dictionary used . .
words improv. keystrokes improv.
: : 4459 . 13773 .
Main lexicon (89.18%+0.86) | DM€ | (40.2006+0.57) | BEEINe
: 4613 16956
0, 0,
Personal fexicon (92.26%:0.74) | 4% | 49490053 | 2311
Experiment 6
Test text name TESIS (10000)
Number of words 10000
Keystrokes without word prediction 68805
Dictionary used # Predicted Relative # Saved Relative
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words improv. keystrokes improv.
: : 8867 : 27311 :
Main lexicon (88.6796+0.62) | D2NIN€ | 39 6ooiez.36) | BEEINE
: 9232 34784
0, 0,
Personal lexicon (92.3296+0.52) 4.12% (50.55%6+0.37) 27.36%
Experiment 7
Test text name TESIS
Number of words 37496
Keystrokes without word prediction | 253932
_ # Predicted Relative # Saved Relative
Dictionary used . .
words improv. keystrokes improv.
: : 33176 : 98665 :
Main lexicon (88.48%6+0.32) | D2NIN€ | 38 ororr0,19) | BESEINE
: 34617 130834
0 0,
Personal [exicon ©232%:027) | 3% | (5152064019 | 201

As it is shown, from the first experiment, with 100 words, the personal dictionary
produces an improvement in the prediction. In bigger texts the adaptation of the dictionary
makes it predict better, specially the words that are not included in the main lexicon. Word
bigrams increases the number of predicted words in the letters zero and one: for long texts,

more than the 50% of the words are predicted in these |etters.

4.1.3.5.2 Effects of predicting or non-predicting new words of personal lexicon

In this experiment the effect of including or not the new words in the persona
lexicon is shown. As explained in the section 3.2.2.1 (page 20), in users with problems to
write, this words may be spelling mistakes, so, control mechanisms have been included to

avoid these words to be predicted.
The test text for this experiment is:

Test text name TESIS
Number of words 37496
Keystrokes without word prediction | 253932

* Words not included in the main lexicon.
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In the experiments, it is used prediction based on tripos with fall back to bipos and
unigram, and features management.

Lexicon used # Predicted Relative # Saved Relative

words improv. keystrokes improv.

Main lexicon (882;21%.32) Baseline (38.:;2%.19) Baseline

rersond lexvivcc?rré;v hout new (86.:2%2134) -187% (46.;19?/10319) 19.91%
Per"?’c‘)’rr]gls I‘?g%fmng:?;‘gﬂ??"gw (90.13’;2%;%.30) 1.92% (49.(133535/10(1). 19) | 21 7T%
Pvevzr;c:jnsajuggzg : ;ewdeiscg:] ore (92.23;;?127) 4.23% (5153108. 1g) | 3206%
Persglnv?/la;ix:g]veﬁ?i h (92.5;2170.27) 4.34% (51.?;3?133. 19) | 3261%

As it can be observed, the system performance always increases (even when the
new words are never shown), because of the bigrams, and the adaptation of the frequencies
of the words. Of course, if new words are predicted, the system works better (in laboratory
tests), but it should be considered if it can be counter-productive for users with writing
problems and frequent spelling mistakes.

4.1.3.5.3 Evaluation of personal lexicon on small texts

Now, the behavior of the personal Iexicon on the texts used to test the main lexicon
in the section 4.1.3.3.6 (page 58) is shown. Two tests have been made with each one: the
first one using tripos with fall back to bipos and unigrams with features management on the
main lexicon, and the second one using the same prediction methods on the main and
personal lexicons,

Experiment 1

Test text name CUENTO1
Number of words 986
Keystrokes without word prediction 6470
Lexicon used # Predicted Relative # Saved Relative
words improv. keystrokes improv.
) ) 848 ) 2121 )
Main lexicon (86.0006+2.17) | B2 | 55 780411 14y | BESEINE
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. 859 2380
0, 0,
Personal lexicon 87.1296¢2.09) | 3 | (36.790x1.18) | 1221
Experiment 2
Test text name CUENTOZ2
Number of words 2672
K eystrokes without word prediction 14878
Lexicon used # Predicted Relative # Saved Relative
words improv. keystrokes improv.
: . 2341 . 5107 .
Main lexicon (87.61%:1.25) | BBINe | 34 330040 76) | BESHINe
. 2416 6230
0, 0,
Personal lexicon 90.4206+1.12) | 52 | a1.870620.79) | 219
Experiment 3
Test text name CUENTO3
Number of words 1416
Keystrokes without word prediction 8682
Lexicon used # Predicted Relative # Saved Relative
words improv. keystrokes improv.
: . 1231 . 3134 .
Main lexicon (86.94%:1.76) | DM€ | 36 100641.01) | BERINe
. 1265 3474
0, 0,
Personal fexicon (89.34%+161) | 279% | a0.01%1.03) | 108%
Experiment 4
Test text name MOLINOS
Number of words 2980
K eystrokes without word prediction 17715
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Lexicon used # Predicted Relative # Saved Relative
words improv. keystrokes improv.
. . 2545 . 5765 .
Main lexicon (85.4006+1.27) Baseline (32.54%:+0.69) Baseline
. 2655 6867
0, 0,
Personal |exicon (80.00%+1.12) | 32 | 3g76%0.72) | 1912%
Experiment 5
QUIJOTE
Test text name (2500)
Number of words 2446
Keystrokes without word prediction | 14660
Lexicon used # Predicted Relative # Saved Relative
words improv. keystrokes improv.
: : 2072 . 4776 .
Main lexicon (84.71%+1.43) Baseline (32.58%:0.76) Baseline
: 2139 5503
0, 0,
Personal lexicon (87.45%6+1.31) 3.23% (37.54%+0.78) 15.22%
Experiment 6
Test text name FEB1k
Number of words 1286
Keystrokes without word prediction 8536
Lexicon used # Predicted Relative # Saved Relative
words improv. keystrokes improv.
: : 1160 . 3368 .
Main lexicon (90.20%6:+1.62) Baseline (30.46%:+1.04) Baseline
. 1179 3515
0 0,
Personal [exicon ©O1.68%151) | %% | (a1.18%x1.00) | 430%
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Experiment 7

TESIS
Test text name (2000)
Number of words 2059

Keystrokes without word prediction | 14267

Lexicon used # Predicted Relative # Saved Relative
words improv. keystrokes improv.
o 1879 . 5923 .
Main lexicon (91.26%:+1.22) | B3IN€ | 41 5p04r0,7) | BESEINE
. 1920 6904
0, 0,
Personal lexicon ©325%:1.08) | 2187 | (as.3006x0.82) | 1007

As can be seen, the use of the personal lexicon makes the performance of the
system improve in al the experiments. In longer texts, the adaptation produces better
results, except for the text FEB1K, which is extracted from a newspaper. In this case, the
Improvements of the personal lexicon are smaller, due to the adaptation of the main lexicon
to its vocabulary. The only adaptation of the personal lexicon in this case is the prediction
of the bigrams module.

4.1.3.5.4 Effects of subject lexicon

As it has been shown, the best performance of the personal lexicon is produced
with long texts. That is the reason why this lexicon is stored, as a subject lexicon, SO that it
can be used in future sessions when the user writes about the same subject. In the following
experiments, the effect of the subject lexicons are presented.

4.1.3.5.4.1 Effects of the subject lexicon on a text of the same domain

In this experiment, the prediction method are used on a subject lexicon about the
same subject than the text. Thetest text is:

Test text name QUIJOTE (8000)
Number of words 7813
Keystrokes without word prediction 46010

The baseline experiment uses the prediction method based on tripos with fall back
to bipos and unigrams, with features management, on the main and personal lexicons. The
subject lexicon has been obtained from the text QUIJOTE15-13K that, of course, does not
include QUIJOTE(8000).
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: # Predicted Relative # Saved Relative
Lexicon used . -
words improv. keystrokes improv.
General and personal 6933 : 17943 .
lexicon (88.74%:0.70) | SO | (39 0004e0.45) | DoRINe
Adding subject lexicon 1223 4.18% 19381 8%
from QUIJOTE15-13K | (92.45%:+0.59) (42.12%+0.45)

An important improvement can be observed in the percentage of keystrokes saved
and in the number of predicted words. The number of words predicted in the letter zero
increases from a 28% to a 33.6%, mainly due to the bigrams included in the subject
lexicon, and the adapted frequencies, that are applied from the beginning of the session.

4.1.3.5.4.2 Effects on a text of different domain

In this experiment it is shown the importance of a careful selection of the subject
lexicon, because of its counter-productive effects when the subject of the text does not
agree with the one of the lexicon. The previous experiments have bee repeated, but a
subject lexicon generated from the text TESIS is been used.

: # Predicted Relative # Saved Relative
Lexicon used . :
words improv. keystrokes improv.
General and personal 6933 : 17943 .
lexicon (88.74%0.70) | BB¥IM® | (39 0006+0.45) | Baine
Adding subject lexicon 6923 A 140 16473 2100
from TESIS (8861%0.70) | 14 | (35.8006+0.44) | 1%

Although word bigrams are the more powerful prediction method, they are also the
more sensitive to the agreement degree (style, vocabulary, etc.) between the test and
training texts. This is the reason why the results of this experiment are worse than the
baseline when using alexicon that does not agree with the subject of the text.

4.1.3.5.5 Effects of the additional techniques

In this series of experiment, the effects of the additional techniques are shown. Asit
was explained previously, this mechanisms do not predict words, but they also produce an
acceleration in the writing rate.

The test text is QUIJOTE(8000), and the baseline experiment uses the prediction
method based on tripos with fall back to bipos and unigrams, with features management,
on the main, personal and subject Iexicons. The subject lexicon has been obtained from the
text QUIJOTEL5-13K. In all the experiments, the configuration of the previous experiment
is kept, adding another technique.

Prediction method # Predicted Relative # Saved Relative
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words improv. keystrokes improv.
Prediction based on tripos with
fall back to bipos and unigram 7223 , 19381 ,
using general, personal and | (92.45%+0.59) Baseline (42.12%+0.45) Baseline
subject lexicons.
Adding automatic writing of
TS 7223 20773
blanks after punctuation signs 0 0.00% 0 7.18%
and capital letter after period. (92.45%+0.59) (45.15%+0.45)
. 7333 21106
: .y 0 0
Adding endings prediction. (93.86%6:+0.53) 1.52% (45.87%0.46) 8.90%
Adding thefilter to eliminate
; 7352 21249
0, [0)
the rejected words that r_\ave (94.10%0.52) 1.52% (46.18%:+0.46) 9.64%
appeared more than twice
Adding thefilter to eliminate
; 7401 21665
0, 0,
the rejected words that have (94.73%:+0.50) 2.46% (47.09%:0.46) 11.78%
appeared more than once

As it can be observed, all the additional techniques produce an improvement in the
keystroke savings and/or the number of predicted words.

The best prediction method then includes auto-capitalization, automatic insertion of
backspaces after punctuation marks, ending prediction and the filter to eliminate rejected
words. This is the theoretically better configuration. However, it is recommended that this
filter is not used strictly, but allowing each word to appear at least two times, (although the
results are not so good), to avoid the penalty if the user does not recognizes the word he
first time it appears in the menu.

4.2 Subjective evaluation

An intensive subjective evaluation of Predice or the word prediction has not been
made, but we have reports that have been elaborated by psychologists and therapists about
the use of Predice by users with different degrees of physical and mental disabilities. The
general impression (of users and therapists) is very positive, agreeing in the advantages of
the program and the word prediction in the communication, writing and learning processes.
Some examples of user’s text before and after using the program are available, showing the
differences in the text quality (not only due to the use of the program, but also to the
increase on the user‘ s writing skills).

A short term evaluation has also been performed, to see the user’ s first impressions
and the problems found by a person that is not used to the scanning interfaces of word
prediction. The conclusion is that first session is hard, because it demands a great effort to
adapt to the scanning, to find the letters and read the words, but after a certain time, the
user considers the prediction very positive for switch users, and finds the program to be a
very useful aid for people with physical disabilities.
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It can be concluded that the use of the system, controlled in the learning stages, is
positive in the medium to long term, producing an increase in the texts quality, and a
decrease in the physical and cognitive effort needed to write them.

Users say that the use of the system makes to write text easier and quicker than
other similar applications, and they so use word prediction (when the therapists allow it),
so, they find it helpful and user friendly.

4.3 Comparison with other prediction systems

When evaluating word prediction systems, very different results may be obtained
depending upon the test conditions and the actual implementation, because several factors
not directly related to word prediction quality may influence them. In order to make valid
performance comparisons, those factors should be controlled, or, at least, their effects taken
into account (Palazuel os 1996). Some of the factors that may influence the results are:

o The differences among the languages. Differences may be found when doing a
comparison of word prediction systems in severa languages, due to the specific
characteristics of each one. First of all, the effect produced by the same
prediction method in each language may be different. In the second place, some
of the methods applied for a particular language may not be feasible or may not
make any sense in the others. For example:

o The different behaviour of the verbs in English and Spanish: verbs in
English have from 3 to 5 different forms, and, in Spanish, each verb (regular
or irregular) has up to 53. This makes the prediction of verbs in Spanish
very difficult, producing a large increase in dictionary size, or in the
prediction algorithm complexity, depending on the method chosen to handle
it.

o In German, a very common method for generating new words is the
concatenation of words. Some of the consequences in the word prediction
mechanisms are: It makes words much longer, so many keystrokes are saved
if one of them is predicted. The composed words can be predicted
“component by component”, which is impossible for other languages. It
increases the training complexity, because a segmentation process is needed
to determine the components to include in the dictionary. In case this is not
possible and whole compound words are considered, the number of different
words appearing in the texts is larger, the dictionary size increases, and also
the probability that words are not included in it.

0 There are language-specific features, (not present in other idioms), that can
help in the prediction process, such as morphologicaly encoded
grammatical agreement between the article and noun in Spanish, which is
not present in English.

o System specific features: automatic addition of white space, capitalisation of the
first letter after afull stop, suffix prediction, etc.

o Differences in the training and test information, to test the performance of the
word prediction methods in particular conditions.
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o The results obtained: time or keystroke measurements, etc. and the method used
to obtain the data necessary to calcul ate them.

For all the reasons mentioned above, it is very difficult to compare different
systems, unless the test conditions are specialy designed to allow a valid comparison. In
[Palad8b], [Clay96], [Carl97a], [Stew96] and [Boek96] several results of different
prediction systems are shown, indicating keystroke savings between 37 and 46%.
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5 Conclusions

This Ph.D. thesis is aimed at the study of including linguistic information in word
prediction for Spanish, with the main objective of improving the writing aids available for
people with different kind of disabilities.

Word prediction involves a specific analysis, with its particular needs, which are
different from generic studies about natural language processing. Other added value is the
use of strategies that are specific to Spanish, taking into account that most of the available
bibliography is about research or word prediction systems for English.

In order to include linguistic information, we propose a novel architecture that
allows the development of an origina methodology in order to combine the different
sources of information we have explored (mainly in the lexical, morphologica and
syntactic levels), thanks to the inclusion of a management module, able to deal with and
combine the different information flows used, and to the strict separation between the
lexicons (main, custom and subject) and the prediction methods themselves. In every
module including linguistic knowledge, we have made specific contributions, both in the
design and organization of the information (mainly oriented to be used in the formal
grammar) and in the particular methodology of using this information when facing word
prediction and the adequate cooperation with other modules.

The prediction methods included use two man modeling strategies for the
linguistic information: stochastic modeling (unigrams, bigrams, bipos and tripos) that
considers a small amount of information of the written text (only the last words) and
formal modeling (using a probabilistic context free grammar strengthened with additional
characteristics).

An intensive evaluation has been performed, quantitative in the laboratory, and
qualitative, with users evaluating a text editor with a word prediction system that follows
the proposed architecture. The quantitative evaluation allowed us to anayze the
capabilities of each source of information and choose the best combination. It is important
to point out the lack of a standard (national or international) that determines which
parameters should be evaluated, or the tests needed to do it. In this PhD Thesis we present
a detailed study of the factors that influence the results and, therefore, should be
standardized. We have also proposed the metrics to use, considering the ones that better
evaluate the benefits of the prediction for each particular set of users. The qualitative
evaluation means the gratification of knowing that the users like the results of our efforts.

In the following paragraphs we will describe in more detail the contributions of this
PhD Thesis. We will start presenting the ones referred to the proposed architecture, the
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organization of the information and the sources of knowledge used. After that, we will
describe the contributions in the part of forma and stochastic pos modeling. Finally, we
will sum up and discuss the results of the evaluation of the architecture implemented.

Once the different linguistic information sources have been studied and adapted, we
have used their characteristics to build a globa architecture that allows a novel
combination of the information that we have considered optimum for the word prediction
systems. In this architecture we propose a module for the management of the information
flow that allows the integration of the power of each linguistic module (general, custom
and subject lexicons, stochastic pos and formal models, rejected words filter, and endings
predictor).

The main features of our architecture are;

o Its modularity, that alows the easy integration of new prediction methods and
additional sources of knowledge, without the need of redesigning the
architecture.

o Itsflexibility, because the architecture is independent of the specific task (word
prediction) and the language.

o Its power, for the capability of integrating multiple information flows.

In order to obtain a small amount of words using the sources of linguistic
information, the words have been described in the dictionaries including, apart from the
significant, its possible lemmas, parts of speech and features. This information has been
carefully designed and organized for its use with the forma grammar. Probabilistic
information has aso been added to each word. We aso consider a relevant contribution of
this PhD Thesis the methodology of design and organization of this information, specially
the final set of categories used and its description. The categories we propose are slightly
different from the traditional ones, in order to better represent the syntactic behavior that
can be observed in the texts, that we describe with the formal grammar we propose. The set
of features is also different from the traditional one, as well as the original management
mechanisms proposed, more powerful than the unification.

The capability to use information from the subject and custom lexicons (usually
less trained than the main lexicon) has been possible thanks to the separation in different
modules of the information linked to each word and the grammatical prediction models.

With respect to the formal model, the detailed study of linguistic phenomena (both
theoretically and empirically) has led us to design a probabilistic context free grammar that
uses an original interweaving of different mechanisms, that endow it with a significant
descriptive power of the language:

o Powerful features management. As well as the concordance, it is also permitted
to impose or prohibit a particular value for any feature of any of the terminal or
non-terminal symbol included in each rule. This provides a great expressive
power, alowing not only restricting the values (concordance, imposition or
prohibition), but also including control mechanisms, e.g. the restriction of the set
of rules to apply in a particular point of the analysis, depending on the value of
the features of a non-terminal symbol.
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o Grammar exception handling, with the possibility to impose or prohibit words or
lemmas, in order to model the expressions where those words or lemmas have a
particular behavior, different to the rest of the words of al the categories they
belong to.

o Possibility of dealing with optional elements, allowing the writing of rules where
the presence of a symbol is not mandatory.

The dictionaries have been carefully designed to include all the information
required for the formal grammar. Both, the stochastic and formal models are based on parts
of speech, to avoid the dependence with the individua words. Special care has been taken
to decide the information of each word transferred from the categories to the features, so
that the rules design is optimal.

As a sample of the power of the proposed grammar with the final set of categories
and features, we have presented examples that would need more than 200 rules to be
described with a traditional context free grammar, while in our proposal it is reduced to a
singlerule.

The information of the categories and features of each word has been also used for
the stochastic model, allowing the description of pos models (bipos and tripos). These
models have smaller training requirements than the ones based on words (word bigrams
and trigrams). We have added to the pos models a filter to check the features, to partialy
compensate the loose of power due to the shift of part of the information from the
categoriesto the features.

As the prediction methods are based on pos, part of our interest has focused on
assigning the correct part of speech to the unknown words (words not included in the
dictionary). Our proposa is a module that uses information of the word and the main
lexicon to try to find out the right pos to assign to it. It uses a combination of the ending of
the word, prefixes or suffixes, conjugation of the regular verbs, etc. In case this information
Is not enough, the module assigns a particular set of categories that has been trained, which
Is the more probable set of categories of the unknown words.

Our work is not only limited to a theoretical study. We have aso implemented and
evaluated a working system, built following the proposed architecture. This has allowed us
the evaluation of each method, model and their combinations, and the selection of the
optimal global prediction system. In this system, additionally, we have taken into account
some considerations on the user interface design, which are: a good “generic” design, its
adaptation to users with physical disabilities, and, finaly, the inclusion of adaptive
mechanisms, some of them specific for interfaces based on scanning.

With respect to the evaluation, from the study of the different factors that influence
the word prediction, and how they do it, we propose a methodology for the evaluation. We
propose two parameters to measure the quality of the word prediction: the percentage of
predicted words, which is important for people with linguistic problems and the percentage
of saved keystrokes, relevant for people with physical disabilities, for its direct relationship
with the saved effort.

After the evaluation process, we propose the optimum combination of the
information from the different dictionaries and prediction methods. In this combination, we
prioritize words provided by the model based on word bigrams from the subject and

76



Word prediction

custom lexicons. After this, we use the stochastic pos models, applied first to the subject
lexicon and afterwards, with an adequate weighting, to the custom and main lexicons. Of
course, the words included in the list may start with the initial letters the user has typed.
The weights to combine the information from the main and the custom lexicon have been
optimized for small texts: the ones that can be generated in a single session for a person
who needs a technical aid to write, because these are the actual conditions of use for the
system.

With respect to the word prediction method based in the formal grammar, the
overall set of contributions allowed us to get results close to those obtained with the
stochastic pos models, leaving for future research the completion of its descriptive
capabilities and a deeper anaysis of the inclusion of other sources of knowledge, p. g.
including semantic information, to support the grammatical analysis, obtaining eventually
significant improvements. The modularity and flexibility of the architecture will allow us
to carry out this research work taking great advantage of the effort already invested here.
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6 Future work lines

In the word prediction for Spanish applied to AAC there are still many possible
fields to further research on, to establish future work lines. The main headlines are the

following:

o Dictionaries:

0]

0]
0]
0]

Increase the flexibility of the main lexicon, including fragments of texts, etc.
Include new knowledge sources.
More powerful strategies for frequenciestraining.

More complex agorithm to combine the information from the different
dictionaries, considering the training of each one, etc.

Automatic selection of subject lexicons, depending on the agreement
between the text and the lexicon. Possibility to use several subject lexicons,
pondered automatically.

o Formal grammar:

0]

To increase the descriptive capacity of the formal grammar, to model a
wider set of syntactic phenomena.

To refine the set of features and categories to support the new rules,
manually by an expert, or automatically, considering automatic clustering
techniques.

Inclusion of semantic information.

Increase the power of the parser and its robustness: new error management
techniques.

New methods to train all the probabilities in the rules (probability of each
rule, the optional symbols, etc.)

Flexibility in the rules application: dynamically modify the probability of
each rule, depending on the detail level included in the rule (whether it is
applied to aword, lemmaor pos).

o Probabilistic pos models: use of longer pos sequences, or training with them
neural networks, for example.

o Evaluation: it is necessary to establish a standard for the evaluation that allows
the comparison between different systems. It should be different depending on
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the evaluator’s criterion (user with physical or linguistic disabilities, developer,
etc.), measurements to evaluate the quality of texts, etc. A detailed user’s model
should also be made, to evaluate the impact of the different prediction methods
in more realistic conditions.

o Applications of the word prediction: include it in other systems, such as speech
recognition, other languages, use of other grammars, modify it to adapt to
different problem, for example, aids for deaf people, etc.
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