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Abstract

This masters thesis introduces a new method of text prediction —
TreePredict. The thesis starts out by describing the current means to
enter text into hand held devices (PDAs, cellular phones etc.) and
describes how prediction could improve the speed and correctness of
text input.

The ideas behind TreePredict, based on the data structure Ternary
Search Tree, are described. We continue by describing an implemen-
tation of such a system, it’s merits and drawbacks.

An evaluation of the system, which shows that the system is rather
accurate, but somewhat slow is presented. Finally we give some di-
rections for further development and applications of the method.

The work of this thesis was performed within the PowerView project,
a joint venture between the PLAY group, Interactive Institute and Er-
icsson Radio Systems.

Sammanfattning

I denna magisteruppsats introduceras en ny metod for textpredik-
tion — TreePredict. Uppsatsen borjar med att beskriva nuvarande
mojligheter for textinmatning for handhallna enheter (PDA:er, mobil-
telefoner osv.) och beskriver hur prediktion kan forbattra hastighet
och korrekthet for textinmatning.

Idéerna bakom TreePredict, baserade pa datastrukturen Trinira
soktrad, beskrivs. Darefter fortsdtter med att beskriva implementer-
ing av ett sidant system, dess fordelar och nackdelar.

En utvardering av systemet, som visar pa att systemet ar ganska
korrekt, men ndgot langsamt presenteras. Till sist beskriver vi mdjliga
vidareutvecklingar och tillampningar for metoden.

Arbetet i denna uppsats utfordes inom ramen for PowerView-
projektet, ett joint venture mellan PLAY gruppen pa Interaktiva In-
stitutet och Ericsson Radio Systems.
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?Prediction is difficult. Especially about the future.
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Chapter 1

Introduction

In this chapter, we explain the purpose of this thesis — to con-
struct a new algorithm for prediction, suitable for Personal Digital
Assistants (PDAs). We describe the functionality of PDAs, their
shortcomings when used for text input, and why prediction could
help PDA users.

1.1 The rise of a new computing device ...

The PDA is a product that is becoming more and more widely
used. The PDA started out as an electronic version of the agenda,
but more features have been added and borrowed from other de-
vices all along. Today the PDA is a blend of an agenda and a
laptop computer, and in a near future it may include a cellular
phone (or the other way round) — turning it into the all-in-one
portable electronic device.

An advantage that the PDA has is the possibility of document
interchange — with other PDA users by the built-in IR ports,
with the user’s PC by a “cradle” connected to the PC — without
having to rely on floppy disks or other intermediate media. Once
entered into the PDA, the document can be further edited in the
desktop PC word processing application.

These combined features makes the PDA the obvious choice
for people who have a need for mobile computing, such as the
nomadic worker (see quotation), who has a need for computer
access, but no need for an office space to do the work.

“The current computing paradigm for mobile IT relies
on ideas adopted from the desktop computer (the desk-
top metaphor, etc.). However, the desktop computer
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1.2. ... which lacks decent capabilities for text input Chapter 1.

and its applications were designed for office automa-
tion, while the mobile computer and its services should
enhance the activities of the 'nomadic net-workers’.
These people are not primarily engaged with office au-
tomation’, but interaction with others.” Citation from
the MoVaC project description [17]

As the usage of mobile devices such as PDAs increases, the
outer bounds of their usage is continuously explored and pushed.
However, there are limitations that will never be compromised.
Memory can be expanded, screens can get a higher resolution
and more colours, sound capabilities can be improved, computing
powers of the devices can be increased, but the size of the unit is
more or less set. The PDA is supposed to be a hand held device
and thus the size of the hand or the palm is a restricting factor.
as a consequence, screens on PDAs can not get much larger than
the palm of the hand, neither can there be a keyboard attached to
it (There are foldable keyboards attachable to a PDA, but then
it is not really the simple device it is supposed to be. There are
also foldable products with a keyboard and screen, but that is
not really hand held either).

1.2 ...which lacks decent capabilities
for text input

As was mentioned in section 1.1, there is a problem with most
PDAs — they are too small to have space for normal-sized key-
boards. This lack of space for an actual keyboard has made the
producers of such products integrate the keyboard into the soft-
ware, and with the limited space available on the screen, these
keyboards get miniature keys, that are efficiently manageable
only with help from a stylus (a pen-like object).

Since the stylus comes with most PDAs today, it is also the
most common tool for text input. There are several ways to do
text input with a stylus. One way is to use the virtual keyboard.
Another way is to use a so called scribble area — an area where
the user can write letter-like forms which are interpreted by a
handwriting recognition program.

Entering large amounts of text by stylus, in either a handwrit-
ing recognition area (i.e. the scribble area), a virtual keyboard,
the Alpha-Wheel (Goldstein et al. [10]) or using a small number
of keys (0-9) representing different sequences of letters from an

2



Chapter 1. 1.3. A solution: Prediction

alphabet, as in cellular phones, is something that could be con-
sidered tedious work. Many people can learn to write using this
technique, but many will also get tired and never write anything
extensive into the device, simply using it as an agenda, with no
actual gain in performance from the device, or stop using it alto-
gether. Today the situation is far from optimal.

To predict the words that the user is likely to enter and to
let the user choose among the predictions, and thus decrease the
number of keystrokes needed, would be a more efficient way to
enter texts into a PDA.

1.3 A solution: Prediction

Prediction is the act of calculating the user’s next move — in the
case of text input to predict the next character or word that the
user will write.

Usually, a prediction system operates by taking a character
the user has entered, via keyboard or other device, and a menu
pops up with suggestions of possible word completions. The user
either chooses one of the suggestions or continues to feed new
characters into the interface. Based on the new characters, the
system can make more refined guesses.

To predict requires time and space. Usually, as the require-
ments on the performance of the prediction increase, more time
and space are required to perform the prediction.

We believe that there are good reasons to implement an al-
gorithm not so focused on achieving the ultimate prediction, but
instead implementing it so that it manages to predict a “close
enough” result within a time frame that keeps the users atten-
tion focused on the text entering process. A “close enough” pre-
diction is to be interpreted as resulting in a prediction with the
same stem as the desired word, or simply a word beginning with
the same characters, i.e. a prediction that is actually wrong, thus
indicating that the desired word does not exist within the vocab-
ulary of the prediction set and will have to be entered manually
by the user.

The reason for settling on a “close enough” prediction is that
a “near perfect” solution could take a very long time before pre-
senting any resulting prediction. During this time the user may
get tired of waiting, shifting her focus, or believe that the predic-
tion system is not operating correctly. The lack of result for any
longer period of time is thus perceived by the user as a disturbing

3



1.3. A solution: Prediction Chapter 1.

factor, as the prediction is taking a higher cognitive load on the
user, and not acknowledged as the helpful device it was supposed
to be.

The TreePredict system is a “close enough” system. It does
not propose to give the “ultimate” prediction, but the predictions
are performed quickly and with a reasonable correctness.



Chapter 2

Earlier work on Prediction

The chapter contains descriptions of prediction as a concept and
existing methods for prediction. It also provides a brief presen-
tation of existing prediction systems.

2.1 Prediction

There are many ways to construct a prediction model, but all
models have to consider on what the system should predict (words,
characters or sentences), if context information should be con-
sidered relevant and if the prediction database should be static
(knowing a fixed set of the language in question) or dynamic (have
the ability to learn new words of the language).

2.1.1 What is prediction

Prediction can be used to foretell what characters follows a string
of characters, or what word follows upon a given sequence of
words.

Consider a text input unit that gives several possible char-
acters as a result of an input action, for example a handwriting
recognition system or text input on the numeric keyboard of a
cellular phone. Prediction can help by deciding which of the
characters is the most likely. Another use is to decide what word
(target word) a user is trying to write and then helping her or
him by filling out the rest of the word, or giving the completion
of the word as a suggestion.

Prediction is a technique frequently used in the Augmentative
and Alternative Communication (AAC) area of writing-support
devices for people with motoric or linguistic disabilities. The
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2.1. Prediction Chapter 2.

purpose is to lessen the strain on the user as well as to speed up
the text production. Some applications also have the goal to help
the user enter syntactically correct text.

There are similarities between the situation of a AAC user and
a PDA user. Both of them often has to deal with a soft keyboard,
and both of them have problems using it in a satisfactory manner.
The PDA user is restricted by the smallness of the keyboard that
makes it hard to use. The AAC user is often restricted by motoric
disabilities, and for some users text input interfaces that work
with only one or two keys have to be elaborated. One could say
that the keyboard and the stylus of the PDA inflicts a motoric
disability on the PDA user.

The main reason why a prediction system designed for AAC
users cannot easily be ported to a PDA is the lack of memory
and computing powers.

By studying other attempts to create prediction systems, we
have noted that most projects have had the following approach:
To be able to predict words and sentences in a satisfactory man-
ner, two things have to be used. First there has to be a corpus
over the language in question. The corpus should preferably re-
flect the type of language that is expected to be used by the
prediction user. Secondly the data from the corpus has to be
analyzed with a method, whether it be statistics or some form of
pattern representation.

The implementation of a usable prediction system is not merely
based on sustaining a good prediction algorithm. When it comes
to actual prediction systems, equal concern should be placed on
the interface and the runtime of each prediction. Certainly the
algorithm has to be one that predicts a probable range of words,
but, since this is a device where the user is particularly dependent
on the performance of the prediction, it should not be allowed to
take very long time. If the prediction from a input takes too long
in an effort to predict the “ultimate”, the user is very likely to tire
from the waiting and either skip the entire idea of entering any
text at all into the PDA, instead using other mediums of storing
the note or information, i.e. paper or voice-recorder, or simply
switch off the prediction feature.

2.1.2 Linguistic context and prediction

Context is a concept in Natural Language Processing (NLP) and
Human-Computer Interaction (HCI). The context is what is sur-
rounding something.



Chapter 2. 2.1. Prediction

There are two different types of context!:

1. the parts of a discourse that surround a word or passage and
can throw light on its meaning

2. the interrelated conditions in which something exists or oc-
curs

In the field of linguistics, context can have different senses. For
example, context can have semantic influence on certain words.
The word ‘crown’ has a different meaning in a text about trees
than in a text about the British royal family. Another sense of
context is that some words are more likely to be found next to
other words.

We are making use of the second sense of context by using
trigrams (see section 2.2.1).

Since the work here is based on text-entry aided by prediction,
it would be desirable to have a feature that makes it possible to
have a context specific lexicon. Thus, making documents from a
special context be the lexicon for a new document with the same
context, would be desirable. Even better would be if the lexicon
was personal specific, by adapting to the vocabulary of the user
(of each device where the system is implemented), learning new
words from the her and phasing out words that are never (never
is here to be understood as a very long time) used.

2.1.3 Different levels of prediction

There are three levels of prediction (Beukelman & Mirenda [2]):

e single character level (intra word prediction)
e word level (inter word prediction)

e phrase/sentence level

Single character level prediction In the intra word predic-
tion the focus of the prediction is mainly on the next charac-
ter of the word. If the entered string of characters is predi, the
most probable character to succeed would be ¢, assuming that
the most frequent word is prediction. In each step the prediction
is accepted, or refused when the user enters a different character,
thus narrowing the search for possible predictions in each step.
New words are usually begun by entering a new character, and

! Definitions from Merriam-Webster’s Collegiate Dictionary [16]
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2.1. Prediction Chapter 2.

the prediction take that character as input, adding each new char-
acter to the previous string of character(s), creating new input.
This prediction model was proposed to be used for disambigua-
tion of ambiguous character input in Goldstein et al. [11].

Word level prediction In the inter word prediction the pre-
diction takes the previous word(s), as well as some prefix? of
the target word as input, predicting the target word. This can be
done in several ways, using Part-Of-Speech tags (POS tags) (used
to indicate whether the word is a verb or noun etc. and possible
subclasses thereof), statistics etc. Whatever method is applied,
the approach is the same, the previous word(s) is (are) analyzed,
and the next word is predicted. In the Prophet [5] system words
are predicted from a string prefix and from the previous word.

Phrase/sentence level prediction Phrase/sentence predic-
tion has been pursued mainly in the AAC area. Most often the
phrase/sentence is predicted from nouns and verbs that may not
come out together as a grammatical sentence, the order may be
inverted etc. From that input is predicted a grammatically cor-
rect phrase/sentence based on the words in the input ([15]).

2.1.4 Static and dynamic databases

There are two methods of maintaining the database contain-
ing the characters and words predicted by a prediction system.
One is to never modify the original vocabulary, thus making the
database static, so that no new words or variations can be en-
tered by users. This will make the database safe from corrupt
data (misspellings etc.), with no danger of disturbing the predic-
tion, a special concern when dealing with very short words. The
Prophet [5] system has a static database, but stores new words
in topic lexicon from which words also can be selected.

A second method would be to implement the algorithm as
dynamic, i.e. it learns from the user’s input of words and adds
them to the vocabulary. This could be implemented in such a way
that the last prediction or input simply is added to the lexicon of
the user, or that it also is given a higher precedence over other
possible predictions. If the method of simply adding a word to the
lexicon is implemented, it will be customized to the vocabulary of

2Prefix is here, and throughout this thesis, to be understood as the initial part of a

” 43 ) 43 :9) 43 ” 4

string. “0”, “p”, “pr”, “pri”, “prin”, “princ” and “prince” are thus prefixes to ’prince’.
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a specific user, and every time the word is successfully predicted,
the probability rate of the word is raised. Another approach
is to make the last successfully predicted or manually entered
words be the most likely predictions for a matching input. This
could be implemented by marking new words with a tag recent,
or to keep those words in a separate dictionary thus raising the
probability of the word to override all other possible predictions.
The POBox [14] system is dynamic and continuously learns new
words from the users vocabulary.

The static approach has the drawback of not allowing the user
to enter new words, words that may be very common to the spe-
cific user, but not to the general population. A person working in
finance probably has a different vocabulary than a person working
as doctor.

Disadvantages with the dynamic approach is that the user, if
not being careful, could corrupt the lexicon with words that are
misspelled etc. Also it is not always desirable to have the last
successful prediction be predicted from a matching input. The
user may have started writing in another document where that
word is not relevant, or it was a rare word, that occurs solely in
any text. A possible solution to this could be to ask the user at
the end of every session if the database is to be updated with new
words.

2.2 Methods for prediction

There are many methods for prediction. The models vary from
simple frequency lists to more intricate Markov-models. Below
a method commonly used for prediction using N-grams is de-
scribed, as well as a model based on character-trigram.

2.2.1 N-grams

N-grams are ordered strings of characters or words etc. Depend-
ing on how many segments of information the n-gram contains,
i.e. one, two or more characters or words the NV is replaced with
the appropriate Latin numeric prefix. Thus a N-gram with one
segment of information is called a uni-gram, a N-gram with two
segments of information is called a bi-gram and so on.

N-grams have been used for language modelling for a long
time. Language models are needed when using uncertain data -
for example in Optical Character Recognition (OCR) and speech

9



2.2. Methods for prediction Chapter 2.

recognition applications, where several hypotheses can exist. The
hypotheses can be different sequences of words that are compared
to the language model. If a hypothesis does not correspond to the
language model, it is dropped, while a high-scoring hypothesis is
kept.

The bi- and trigrams are considered to be the “best” N-grams
as they take some context into consideration. As Gibbon et al. [9]
states:

“Today, by far the most successful method in lan-
guage modelling is the bigram and trigram approach. If
there are enough training data, a trigram model should
be used; otherwise a bigram model may be sufficient”.

The reason why unigrams are not sufficient is that they take
no context into consideration when predicting. On the other
hand, quadrigrams require too much training data — it is hard to
find training data that contains a sufficient number of plausible
quadrigrams, a fact that will restrict the number of predictions
and rule out many grammatically correct constructions. This is
known as the sparse data problem.

N-grams on intra word level Intra word level N-grams are
strings of characters. Some character N-grams are more likely to
appear in a text than others. In English the character bigram nt is
far more likely than ¢n. This can be expanded to the trigram level,
adding yet another character to the string. Adding a character a
to the bigrams above would add more complex probability data
on the possible string ant, but add nothing on the already unlikely
string atn.

N-grams on inter word level N-grams on inter word level are
either words or their respective POS tags appearing together in
order along with their relative frequency. Some words are more
likely to appear together, whether they are bigrams (I am) or
trigrams (better than any) or any other N-gram. The words in
the N-grams can in part or in fully be substituted by their POS
tags (better than DT0). The tag makes it possible to search a
lexicon for words with the specific POS tag (in this case other
words could be all, several, these), giving possible completions of
the trigram.

10



Chapter 2. 2.3. Existing systems

2.2.2 Fuzzy logic

Fuzzy logic is a logic that is not based on the traditional truth
values true or false, but rather on probabilistic data. One ap-
proach to handle text input by a cellular phone key-set, is to use
fuzzy logic. The principle is to have digits representing text, as
in the cellular keypad, each key designating two or more char-
acters. Each key pressing creates a fuzzy input, the longer the
string of key pressings, the more fuzzy data is entered. The string
of characters designated by the different keys is “chopped” into
sliding trigrams. These are further analyzed to ascertain if they
are possible trigrams in regards to being part of an actual word
(Goldstein et al. [11]).

2.3 Existing systems

There are many existing systems for word predicting, we have
chosen to present four of them for a variety of reasons. The
Prophet system is presented because it is one of the very few pre-
diction systems designed for Swedish. It is chosen to represent
the “traditional” desktop PC-based systems. The Windows CE
system is chosen as “the standard system”, since it is used on
PDAs running on the Windows CE operating system, where that
prediction system is included. We present the Nokia system be-
cause it deals with a different way of entering text on a hand held
device. The POBox system is presented since it is a system that
is implemented on a variety of platforms and for different text
input models and because it is doing exactly the job our system
should do (but in a different way).

2.3.1 Prophet

The following section describes the project “Design and Imple-
mentation of a probabilistic Word Prediction Program” and sum-
marizes Carlberger [5].

The goal of the Prophet project was to design and implement a
word predictor for Swedish that would suggest better words, sav-
ing keystrokes for the user, and in regards to both would be better
than any other products on the market. The system was imple-
mented for Personal Computers (PC:s), and not PDAs. This was
implemented based on ideas from a trigram predictor developed
at IBM. In tests, the system showed a decrease in keystrokes by

11



2.3. Existing systems Chapter 2.

45% compared to entering the text without prediction. Prophet
consists of the following components:

Extract To extract word n-grams, as well as tag n-grams, from
large training texts. Extract scans from a set of text files and
counts occurrences of the n-grams of interest. The training
texts can be either tagged or untagged.

Generate The n-grams files extracted by Extract serve as input
to Generate. The Generate program prunes the sets of n-
grams to desired sizes and sorts them. Additional informa-
tion, such as inflectional rules, is added, and the information
is stored on file as a main lexicon.

Predict The main lexicon created by Generate can then, with-
out any further processing, be used by Predict. The predic-
tor can also use an arbitrary number of topic lexicons previ-
ously created by Predict or generated through the scanning
of texts.

Simulate The Simulate program is given a text and uses Predict
to reproduce the text with as few keystrokes as possible. The
simulator represents a perfect user who does not make any
typing errors, and who does not miss any correct suggestions.
When the text is completed, the simulator responds with the
following data:

The prediction procedure, step by step, can be described as:
First, a tagged training corpus has to be used, in order to get
the necessary data. When a word is completed there are two
cases, the word is either known or unknown. In the first case the
estimation can be modified, and a new estimation tag for the word
can be computed. In the second case, a probability estimation
will be created for the new word. In this application recency was
also taken into account. For content words it is especially true
that if they occur once in a text, the likelihood that they will
occur again in the same text is increasing.

In order to make sure that the main lexicon was not corrupted
it was decided that it should be designed static. However, the ap-
plication has the capability to store user specific words separately,
which will not interfere with keeping the main lexicon intact and
will also ensure that these user specific vocabularies will be kept
intact when an upgrade of the system is needed.
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2.3.2 Windows CE prediction user interface

Windows CE is an operating system and user interface for hand
held computers, in which a prediction system exists. A virtual
keyboard is integrated into the system, as well as a scribble area.
The user chooses what mode to use for text input. In both cases
the user has to enter the first character in the word, since the sys-
tem does not take the previous words as input to the prediction.
If the first character is enough data for prediction, a prediction
will be presented above the keyboard or scribble area as a pop-up
line. Otherwise the user enters more characters until a prediction
can be made, or the input is finished by “hand”.

As a prediction has been made more input data has to be input
into the prediction system to narrow the search. The predictions
in the pop-up line are always full words, ending with blank-space.
This has some advantage when the prediction given is in its full
length the target word, but if it is not the user has to delete not
only the suffix that was wrong but also the blank-space.

The problem with deleting part of the prediction (i.e. the latter
part), is that since the word was completed with a blank-space,
the prediction starts all over and does not “remember” the pre-
vious part of the word. Instead it predicts at the end of the word
a new word beginning with the correct ending characters of the
target word.

2.3.3 Nokia prediction user interface

Cellular phones has been around longer than the PDA’s, but
there has been little or no real demand for text prediction on
them. That may in part be due to the fact that many people
are not used to the idea of writing text with their telephones,
although the alphabetical correspondents to a digit appeared on
stationary telephones a long time ago.

The use of making telephone numbers appear as a message, is
very common in the U.S., i.e. 1-800-CALL-LAW or 1-800-CLEANERS,
could be used introducing the phone digits as not merely digits
but also a way of entering text into a device. However we have
strangely not seen that approach implemented much elsewhere,
the only Swedish examples that we are aware of are the national
Swedish rail company, which for years have had the number 020-
SJ SJ SJ and Scandinavian Airline Systems, which has 020-SAS
SAS. This has, we believe, gone largely unnoticed by their cus-
tomers.

13
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Figure 2.1: Digit key symbol representation

This usage of numbers representing letters could be an inter-
esting alternative to the keyboard or scribble area (that takes
screen space) on the PDA. With the new and emerging tech-
niques like SMS (Short Message Service), WAP (Wireless Ap-
plication Protocol) and others. SMS has already proven to be
quite popular amongst the young population, and with the limit
of about 160 characters per message, new and cryptic “words”
are emerging.

On most cellular phones text is entered by pushing a digit,
for example the digit 2 that represents the letters ABC. By one
push on the key, A is entered, and by two quickly repeated pushes
on the same key, B is produced. To enter the next letter the
user waits a second and chooses another digit to enter other text
symbols. However, this method is very slow, and user unfriendly,
as the text the user wants to enter can be a whole sentence or
long words.

One approach to solve this problem could be to avoid asking
the user to push the keys more than once to enter characters, but
instead let the entered digit represent all the corresponding sym-
bols, and the resulting string matched to a dictionary. Thus when
entering a sentence as see you at the pub the user is not forced
to enter 777733-33 1 99966688 1 28 1 84433 1 788223 (key-
board as seen in figure 2.1), but instead types the string 733 1
968 1 28 1 843 1 782. This is clearly reducing the number of
keystrokes used, from 32 to 18, almost a reduction by half. This
prediction system has been implemented on several Nokia cellular
phones.

3keyboard is Ericsson GA628
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As the method is not WYSIWYG?*, the user may get confused
as the resulting word only appear as the user presses the space. If
the model is extended so that it has automatic word completion,
the process may be enhanced (Dunlop & Crossan [7]).

2.3.4 POBox

This section describes a prediction system described in Masui [14].

POBox is a complex system where text can be entered in any
language using menus, word prediction and approximated pat-
tern matching. POBox was first implemented for stylus operated
PDA’s, and has been extended to keyboards. It also continues
the prediction to extend to the next word based on the previous
word(s). The prediction is based on statistics from entered text,
i.e. it develops dynamically.

Filtration Step First, a user provides search keys for
a word he wants to enter. Search keys can be the
spelling, pronunciation, or shape of a character.
As soon as the user enters search keys, the system
dynamically uses the keys to look for the word in
the dictionary and shows candidate words to the
user for selection.

Selection Step Second, the user selects a word from
the candidate list and the word is placed in the
composed text. Next input words are predicted
from the context and are used in the next filtering
step

In POBox the user only has to enter enough symbols to be-
gin a search, i.e. it is not required that the user enters the entire
symbol or the entire string of symbols representing a word. The
actual word is predicted and the predicted word appears, cor-
rectly spelled.

If the system does not find a word matching the entered crite-
ria, it performs an approximate pattern matching that will pro-
duce the closest resembling words. By using that algorithm, a
word can be entered as mdtrn and be predicted to Mediterranean.

The POBox system has been implemented on a variety of plat-
forms. Descriptions of three of them follow here:

4(What You See Is What You Get)
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POBox on Windows When a word is entered, either manu-
ally or by prediction into the text, the system immediately starts
predicting the next word. The user gets a list of possible comple-
tions, ranked in possibility order. The user then marks the target
word, which is entered into the text.

POBox on PalmPilot When a stroke of a symbol word, as in
Asian languages, is entered into the scribble area, the system au-
tomatically starts predicting what possible completions of symbol
words contains such a stroke. Since this method does not require
for all strokes of a symbol-word to be entered, it greatly reduces
the number of strokes the user has to perform.

PoBox on Cellular Phone Entering text with a cellular phone
is simply done by pressing a key representing letters, and from
the first letter of input possible completions are predicted. By
navigating among the predictions, using the jog-dial, the user ac-
cepts the predicted word. If the user does not find the target
word, the user simply enters the next letter and the prediction
starts over.

2.4 The lack of a decent prediction sys-
tem for a PDA

2.4.1 Merits and drawbacks in present systems

There are several good prediction systems developed for PCs.
A good share of them are designed to support writing impaired
people. IBM has developed treatment of language modelling for
word prediction ([13]), that the Prophet system, see page 11, was
based on. People with no physical or linguistic disabilities will
probably not have any use for a prediction system (as they look
today), since typing on a normal keyboard is a rather efficient way
of entering text into a computer, while a person with a linguistic
disability may find correctness more interesting than speed.

Although Prophet reduces the number of keystrokes needed
to enter text by approximately 45%, the average user will write
faster without it since using a prediction system requires that the
user splits his attention between the keyboard, the text and the
prediction system.

Prophet presents resulting predictions in an ordered list, where
the best five predictions (default setting), are presented and the
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best comes first. This visualisation technique probably eases the
strain on the user in choosing between the predictions.

As for the Windows CE predictions system, it has no notion of
context, thus sometimes predicts clearly impossible words. Also
if the user decides that the prediction is good but the suffix is
wrong and deletes that part, the prediction system believes that
the new enterings are the start of a new word, and not the ending
of one, resulting in disturbing predictions proposed by the system.

Because the Windows CE prediction system is language in-
dependent, its prediction method could be implemented for any
language, since it does not analyze the entered words.

The system also automatically changes from lower- to upper-
case letters when a period(.) (followed by a blank-space) or new-
line is entered, so that the next character automatically is entered
as a capital letter.

In the case of the Nokia system, using a cellular keypad to
enter text, the user will clearly be disturbed by the instantaneous
predictions that do not represent the target word very well (at
all).

The POBox takes context into account when predicting, but
we have found no test results showing the efficiency of the system
compared to others.

Since the PDA is a relatively new product, it is not surprising
that there is a lack of prediction systems designed especially for its
limitations. One simple solution would be to port the existing PC
systems to the different flavours of PDAs that exist. There are,
however, some problems connected with this. The PC systems
are not designed for use with PDAs. They are designed for fast
desktop computers with lots of memory, and designed to help
people who are language/writing impaired.

New systems that are small and fast rather than accurate have
to be created. Such a system is the prediction system built into
Windows CE, which is (probably) built around a simple frequency
list. The system does not care about context, and often gives
incorrect suggestions.

What we are looking for is a system that is fast and accurate
but still fits into a PDA.

2.4.2 A solution: TreePredict

We believe that it is possible to create a system which is small,
fast and accurate. By using context information, fast algorithms
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and efficient data structures, we believe that we can create a good
prediction system that fits into a PDA.

We have investigated the combination of N-grams and Ternary
search trees and tried to build a prediction system prototype
on these techniques, TreePredict. We combined N-grams and
Ternary search trees to make the search faster.

18



Chapter 3
Method

In this chapter we explain why the Ternary search tree (TST)
caught our attention, what the Ternary search tree is and how
it can be enhanced to become a data structure useful for pre-
diction. Our implementation for predicting characters and words
combines the TSTs and trigrams. We also explain how one can
extract the statistical information needed for using the data struc-
ture.

3.1 Ternary search trees

3.1.1 What is the Ternary search tree?

In 1997, Jon Bentley and Robert Sedgewick introduced the ternary
search tree as a data structure well suited for applied computer
science. They showed that they were fast, small and easy to im-
plement as well. (Bentley & Sedgewick [1]) claims that Bell Labs
has successfully used the ternary search trees as a data structure
for representing English dictionaries in an OCR application.

Ternary search trees is a tree structure for storing and re-
trieving strings. It is actually an old data structure, invented
in the 1960s as a theoretical concept for proving some theorems.
There are several descriptions, but all of them are in the field of
theoretical computer science. The trees can be categorized as a
combination of digital search tries' (DST) and binary search trees
(BST).

Digital search trie The digital search trie consists of nodes
containing arrays of pointers to other nodes, each element in the

! Trie is short for retrieval tree, and should therefore be pronounced as tree.
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array corresponding to a character in the current character set.
It is easy to understand that such a tree quickly becomes very
large, especially if used with the Unicode standard (every single
node would then contain 34,000 pointers). Searching in these
trees takes practically no time at all. Figure 3.1 shows a digital
search trie that can only contain uppercase strings. It holds the
words “HASH” and “HARM”.

(A[B[c[p[E[Flafr]t [y []t[m[N[ofPa[R]s|T[u[v|X ¥[7]

|A |B |C|D|E |F |G|H || IJ |K | |

L Ko u[n]olr afr]sT[. | [.IS[TV[VIX]V]Z]

- [m[r [ [k[umNJorp Q]| [L[F]|G[H]I JJ [K]L[M[N]O]. |

Figure 3.1: Digital search tree containing the words “HASH” and “HARM”

Binary search tree The binary search tree consists of nodes
containing an element (string, character, integer or any other
data type) and two pointers to other nodes, left and right.
The general rule for every node in the tree is that everything
that is smaller than element can be found if the left node is
followed, the larger elements can be found in the right side of the
tree. The BST is very fast and is easy to implement, but has a
drawback when element is a string. In the worst case one may
have to compare the entire string in every node. The Figures 3.2
and 3.3 shows two binary search trees, the first stores words, the
second characters.

Figure 3.2: Binary search tree populated by words.
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Figure 3.3: Binary search tree populated by characters.

Ternary search tree The ternary search tree is built from
nodes, each of them consisting of splitchar, a character that
could be ASCII, Unicode or whatever suitable, and three pointers
to other nodes — lokid, eqkid and hikid.

The splitchar is the character contained in the node, named so
because it splits the character set into three parts: The characters
less than the splitchar, equal to the splitchar and the characters
greater than the splitchar.

The lokid contains all the characters less than splitchar that
could occur at the same position in a word as splitchar. The
hikid contains all the characters greater than splitchar that
could occur at the same position in a word as splitchar. The
eqkid contains all the characters that could succeed splitchar.

The ternary search tree can be seen as a digital search trie,
with each node being implemented as a binary search tree.

Figure 3.4 shows an informal algorithm for searching in a
ternary search tree. A ternary tree containing the words “back”,
“barn”, “had”, “harm”, “hash” and “hat” is shown in Figure 3.5.
Some people have problems understanding the tree structure.
Keep in mind that following a link downwards in the tree (eqkid)
means accepting the character in the node, following another link
(Lokid or hikid) means rejecting the character.

Supported operations (efficient) The ternary search tree of-
fers several useful operations which can be implemented with rea-
sonable time complexity.
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(1) if the node exists:
(2) {
3 compare current position in the string with splitchar of node.
(4) if the character is greater
(5) restart with lokid as node.
(6) if the character is smaller
M restart with hikid as node.
(8 if the characters are identical
9 if splitchar is ’\0Q’
(10) return found.
an else
12) {
(13) restart with eqgkid as node,
(14) increase current position in string by one.
(15) }
(16) return not found
n }

Figure 3.4: Pseudocode for searching a ternary search tree

Figure 3.5: Ternary search tree containing the words “BACK”, “BARN”,

“HAD”, “HARM”, “HASH” and “HAT”.
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Search

Insert

Near-neighbour search (search for strings in tree within a
given edit distance? of some other string)

Wildcard search (search for strings matching a pattern with
wildcard characters such as '*’ and ’?’ in ms-dos).

Time complexity Since we are dealing with a device with very
restricted computing power, we are interested in algorithms with
good time complexity. Searching a perfectly balanced ternary
search tree has a complexity of O(logn + k), if the tree contains
n strings of length k. In practical use the time complexity often
comes near this value. Comparing actual time consumption of
Ternary search trees and hash tables has been favourable to the
Ternary search trees (Bentley & Sedgewick [1]).

Space requirements Usually, the memory of a PDA is not
very large. Common memory sizes are 2-32 MB of RAM. We have
to choose data structures that are small, or that at least have the
potential of smallness. Each node in the tree requires 13 bytes
implemented in C (assuming a 32 bit environment and an eight-
bit character set). It is hard to say anything in general about
the space requirements, as this is dependent of the properties of
the string set that is to be stored (string length, common prefixes
etc.).

For example, the string set used in Bentley & Sedgewick [1]
consisted of 696,436 chars distributed on 72,275 words and gener-
ated 285,807 nodes (3,628 kB). The insertion order has no impact
on the number of nodes (Bentley & Sedgewick [1]).

Optimization It is possible to optimize the structure to reduce
the memory consumption. Bentley & Sedgewick [1] points out
that it is possible to keep a pointer to some kind of info node
in the egkid in last node of a string, because no end node has
an egkid. It is obvious that no endnode (with the ASCII value
0) can have a lokid, since no character value is less than 0.

2Edit distance is a measure of how different two strings are. Two identical strings have
the edit distance 0. Each edit operation that has to be performed to make the strings
identical increases the edit distance by 1. Some definitions of edit distance allow only the
“insert” and “delete” operations, others also allow the “replace” operation. (Definition
from Dictionary of Algorithms, Data Structures, and Problems [6].)
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This fact can be exploited by simply removing the eqkid pointer.
Instead, we can use arrays of nodes to represent sequences of
nodes connected by egkid pointers. This can be implemented at
the cost of less transparent code. This optimization applied to
the example above would result in a memory usage of 2,512 kB,
a reduction by 1,116 kB.

3.1.2 What makes the ternary search tree in-
teresting?

For a prediction system on the intra word level, the expected
input will be some kind of prefix of a word that the user intends
to write. The typical task will be to quickly find all the possible
suffixes of that prefix, to rank them by probability and to present
them to the user in that order.

The ternary search tree is a data structure for storing strings
of arbitrary length. It offers very cheap searching and insertion
algorithms. The result of a search operation can be the ternary
node where the string ends.

Assume that the string that was searched for was a prefix of
a word that someone intended to write. Then, the node that was
returned will in itself be a ternary tree containing all the strings
that could possibly follow the string entered.

Look again on the ternary search tree in Figure 3.5. A search
for “HA” would get us to the S-node immediately under the A. In
the ternary tree with the S-node as root, all possible completions
can be found (assuming that the tree corresponds to all the strings
allowed in a language) by simply traversing the subtree.

3.1.3 Why is the ternary search tree not enough?

We believe that the ternary search tree could be used for pre-
diction more or less “out-of-the-box”, if the information node
contained some kind of statistical information about the word
frequency.

We believe, however, that this would lead to slow predictions,
since all of the subtree would have to be traversed in order to find
the suffix with the highest probability.

The solution, as we saw it, was to introduce some statistical
values to, so to speak, give hints to the prediction algorithms
where to find the best predictions.
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3.2 The Prediction tree

3.2.1 How (and why) the Prediction tree dif-
fers from the ternary search tree

To be able to predict efficiently with the aid of ternary trees we
have to add some kind of statistical information to each node
in the tree. We have identified at least two different ways to
introduce the statistical values.

The first alternative was to keep track of the total number of
string occurrences ending in the respective subtree by using three
variables. Every time a reference to a subtree was followed during
an insert operation, the statistical value for that subtree should
be incremented. This actually gives us some information about
the state of the tree, but it would be hard to use this information
efficiently. One of the references to the left and the right subtrees
will be followed each time the reference to the middle subtree
s not followed, while the middle reference will only be followed
when the character matches. If the trees contain randomly gener-
ated strings consisting of n different characters, the mid tree will
only get an increment every n insertions, while the left and right
subtrees will be incremented "T_l times out of n. It is hard to
understand what that information really designates, since a high
value for the left (or right) subtree does not necessarily indicate
that it contains strings with high probabilities.

The other alternative was to store the total number of string
occurrences that can be found if one accept the 'best’ charac-
ter in the respective subtree. In the case of the random strings
mentioned above, we would get exactly what we want — an indi-
cation of where to find the most promising character. If we insert
n strings with n different initial characters, the top node of that
tree will have three statistical variables with the same values: —1
(at least if we do not start with the highest or lowest character).
This was the highest value we will eventually find by following
any of the branches.

3.2.2 What are they capable of?

To predict in ternary trees, we make use of the extremely fast
search algorithm that the ternary search trees provide, together
with the statistical values introduced above.

Given a position in a word and the corresponding node of the
tree, the system has access to all characters that are likely to be
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the following characters. The characters are stored in a binary
search tree with additional statistical information which makes it
possible to quickly localize the most likely subsequent character.
Since we have the characters stored in a BST, we have at worst
linear time cost and on average logarithmic time cost to find a
character.

The data structure offers several methods for finding suffixes
to the entered string.

e We can, given a prefix, repeatedly search for the most likely
subsequent character until we find the end of a word. This
is a greedy heuristic search that does not necessarily provide
us with the most likely word with that prefix. However, we
are guaranteed to find the most likely subsequent character
in each position given the prefix.

e We can check if we have a sequence of unbranched nodes
following the prefix in the tree. In that case (and if we
do not have a nearly empty tree), we can assume that this
sequence of nodes represent the only potential sequence, and
probably the one that the user intends to write.

e By storing the number of occurrences of every word in the
end node of each word, we allow for exhaustive search for the
most likely word given a certain prefix. With help from the
statistical information in the tree, we can cut uninteresting
branches off the tree and efficiently find the most frequent
suffix to a given string.

e It may also be interesting to offer to the user the opportunity
to choose the most probable subsequent character.

We intend to implement all of the prediction algorithms pre-
sented above, in order to make sure that all four were productive.
We are aware of the fact that the system will probably be more
efficient if we had implemented only one, or two of the methods
in the same system.

3.2.3 Dynamic structure

As said in section 2.1.4, a choice has to be made concerning
whether the prediction database should be static or dynamic. We
believed that the advantage of being able to predict previously
unknown words was greater than the disadvantage of sometimes
predicting misspelled words. The dynamic approach raises prob-
lems: suddenly it is not a fixed set of words that the program has
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to deal with any more. The database becomes more organic —
words are added all the time — and if nothing is done to manage
the database, it will continue growing until it collapses. Either
because it becomes too large to fit in the memory of the computer
or because the prediction gets too slow — the algorithms can not
handle the enormous number of words.

We will have to solve this issue by pruning the tree as it grows
too large.

3.3 Combining the Prediction trees and
N-gram analysis

We have so far talked about the potential efficiency of predicting
with modified ternary trees, and in section 2.2.1 we talked about
the useful concept of N-grams. As the Prediction trees is a col-
lection of strings together with their absolute frequencies, it can
be seen as a collection of unigrams. Since bi- and trigrams are
considered to be better than unigrams, it would be desirable to
expand the 'unigram tree’ into a bi- or trigram tree, by extract-
ing bi- or trigrams of words from some kind of representative text
and, instead of keeping them in a list, build a new kind of struc-
ture around the Prediction trees. The first two words will become
search keys to find the correct prediction tree. We get a structure
which will look like Figure 3.6.

Figure 3.6: Sketch of the data structure. A chain of two words (here POS-
tags) and one Prediction tree.

We use the first n —1 words of the n-gram as context informa-
tion and use the Prediction trees to perform the prediction once
the correct context is found.
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Assume that the user has entered the
words give and him and has the intention of writing give
him ust ... . A part of the database looks like Figure 3.6.

TreePredict is given the two words give and him to use
as context information. It starts by looking up the POS tags in
the lexicon, which returns the tags B and P P

These tags are then used to locate the correct tree. As we can
see from Figure 3.6, the likely word to succeed the sequence of tags

B and P P is the , which is given as a suggestion to the
user. Since this is not what the user intends to write, he continues
by entering the next character, which in this case would be
As soon as the character is entered, a new prediction search starts.
Since the program now has more information about the desired
word, it can immediately eliminate the words the and a from
the list of candidates.  ust is the only word in the tree starting
with the letter the system suggests that word to the user.

Assume that the users intention was not to write ust , but
instead igsaw puzzles . After the user has entered the two first
characters of the word, the system realizes that no predictions
matching the input can be found in that tree. In order to still
be able to present predictions, the system stops considering the
POS tags, instead searching for predictions in all the trees. These
predictions are probably of a lower quality, since no context in-
formation is used.

The search in all the trees must not be mistaken for a word
level unigram prediction search. Words which have high frequen-
cies in general and occur in many different trees may never be
found, since only the most frequent word in each tree is consid-
ered.

Cr s

To fill the data structure with contents we will extract statistical
information from a collection of texts, a corpus. The optimal
corpus for us would naturally be a tagged, large collection of
texts that various people have written on their P A:s. We are,
unfortunately, not aware of such a corpus.

Another good option would be a large collection of tagged
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texts of various types, offering a representative slice of the English
language.

We used data collected from the British ational orpus (B ).
It contains 1 ,1 6, words from a variety of sources. The
quotation below is from the B home page 4.

The British ational orpus is designed to represent
as wide a range of modern British English as possible.
The written part () includes, for example, extracts
from regional and national newspapers, specialist peri-
odicals and ournals for all ages and interests, academic
books and popular fiction, published and unpublished
letters and memoranda, school and university essays,
among many other kinds of text. The spoken part
(1 ) includes a large amount of unscripted informal
conversation, recorded by volunteers selected from dif-
ferent age, region and social classes in a demographi-
cally balanced way, together with spoken language col-
lected in all kinds of different contexts, ranging from
formal business or government meetings to radio shows
and phone-ins.

The texts are tagged with various information, such as POS
information etc. We have used the tagset from the B, and ex-
panded it so that it now includes the tags E ~_OF.SE TE E
and STA T OF_. O E T . Information about the tagset,
the tagging procedure etc., can be found in the B home page 4 .

When POS rather than words are used in the N-grams, there
must be some way to look up the POS for a word. One possibility
could be to actually include a tagger in the program. This would
probably lead to a greater complexity of the program but, on the
other hand, to a more precise assignment of tags to the words.

What we decided to do was to implement a simple lookup
lexicon, containing information extracted from a tagged corpus.
We simply counted the number of times that a word was assigned
a tag, and the tag with the highest frequency became the default
tag for that word. The lexicon will be static - no new words will
be inserted and no new tags will be added.
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ew words may be added in a search tree, and will then be
tagged with themselves, not POS tags.

Since the new word does not exist in the lexicon and thus
does not appear in the trigrams, it will be hard to predict the
subsequent words until a satisfactory number of instances of the
word (including context) has been found in the input. In order
to remain in the prediction database, the word has to have a
frequency that is higher than the lowest frequency of a POS.

The exicon information will be extracted from the B cor-
pus. Since the corpus contains an awful lot of words, not all of
them will make their way into the lexicon. We limited the lexicon
to contain only the words which occur more than 5  times in the
corpus.

The trigrams used to fill the TreeBank with contents ware also

collected from the B . By using a simple Perl script, we went
through the entire corpus collecting quadruples of the following
form: ( , , ), were designates

the frequency of the trigram.

Since the corpus is very large, we had to establish a minimum
limit for the trigrams. Trigrams that occur 1  times or less were
not be inserted into the database.
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