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A Step Towards Machine Translation Between Communication Symbols and Arabic
Text

by Lama Abdullah Alzaben

Pictographic symbols may be used as an alternative form of communication by
individuals with complex communication needs. These symbols are a collocation of
drawings that depict concepts often associated with glosses that express the meaning
in spoken language. This research investigates the problem by focusing on one
particular language, Modern Standard Arabic, and one set of symbols, the ARASAAC

set. The outcomes are generalisable to other symbols sets and spoken languages.

Symbols can be used as part of an electronic speech generating devices. Users may use
symbols to express messages or to understand received messages. Thus, translating to
and from text is an important task that increases communication with a wider
community. Translating text to symbols requires awareness of the exact sense of the
textual units that are part of the input message, to determine relevant symbols.
Translating from symbol to text, on the other hand, requires in addition to associated
glosses, an awareness of the grammar, and word sequence likelihoods, to be able
generate fully-formed sentences. Machine translation has often been tackled by using
methods that require large amounts of data. This data needs to match the domain and
cover the same source and target registers that are expected by a translation system.
However, a parallel corpus of pictographic symbols and MSA is currently unavailable.
This research addresses this issue by proposing an approach that creates the training
data needed by making use of existing multilingual textual resources to resolve

ambiguity.

The outcome was a corpus that had been automatically tagged with morphological
annotations and pictographic symbols, the approach followed, and an investigation of
the data involved and produced. The availability of this symbol tagged corpus is a step
towards Arabic symbol/text translation. This has the potential to enhance
communication for those requiring Arabic speech output from symbol messaging, and
provide a better understanding of the complexities of automated symbol/text

translation processes in Arabic.
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Chapter 1

Introduction

The ability to communicate with those around us is an essential aspect of our lives.
People communicate for different purposes; to express their needs and desires, to
exchange knowledge, or to socialise (Light, 1988), and this is considered a Human
Right under the United Nations Convention on the Rights of Persons with Disabilities
(UNCRPD) (United Nations, 2006). Forms of augmentative and alternative
communication (AAC) may be introduced to address the inability to use or understand
spoken language to support daily communication needs. AAC is a range of methods
that includes “gestures, manual signs, picture- or symbol-based communication
systems, and computer-based speech-generating devices” (Sigafoos, 2010). The aim of
this research is to assist automatic translation between graphical symbols used for
communication and Arabic text. This is important for individuals with expressive
and/or receptive language disabilities, who rely on symbols to communicate with those
around them, and who could use AAC speech-generating devices with automatic

translation to and from Arabic speech.

Typical face-to-face communication is achieved using both verbal and non-verbal
actions such as words, facial expressions, gestures and other forms of body language.
Having a common language between two communicating parties is crucial to achieve
the goal of communication. A typical infant at 18 months will have a vocabulary of 50
words (Beard, 2018) and university students were found to speak an estimated 16,000
different words per day (Mehl et al., 2007). However, some people face difficulty when
expressing or comprehending verbal messages. These may be as a result of a wide
range of physical, sensory and/or cognitive disabilities, such as cerebral palsy, stroke,

autism and intellectual impairment (Beukelman & Mirenda, 2013).

Graphical symbols have been used to overcome natural language problems and are a
communication tool as part of an AAC intervention. These symbols are designed to

communicate meaning through drawings or photographs which are independent of the
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conventional orthography of spoken languages. An AAC symbol! represents a concept,
object, occasion, activity or setting and can be printed on cards or embedded in
electronic devices. Dada et al. (2013) stated that “graphic symbols form a very
important component of most aided AAC systems”. Several symbol developments exist
across the world. Differences between symbol sets are mainly seen in the relationship
between depiction and referent, the design of the visual aspects of the symbols, the
linguistic schema developed to support semantics and syntax, and localisation
attributes to fit the country of origin. This research made use of ARASAAC symbol

set?.

A single graphical symbol usually conveys a single concept in isolation (Light &
McNaughton, 2012) which loosely corresponds to a lexeme in spoken languages. They
are often individually labelled with their corresponding gloss in the local spoken
language, sometimes with further translations into secondary languages. The labels
serve many purposes, such as to generate speech in Voice Output Communication Aids
(VOCAs) or allowing people who are unfamiliar with symbols to understand the
communicated message. A message can combine several symbols, each aligned with its
gloss in their base form, which does not necessarily result in a grammatically correct
phrase or sentence. In such a case, the set of associated glosses needs to be processed
further to ensure a plausible textual output can be spoken through the speech
synthesizer. Several researchers have proposed methods for achieving this aim (Chang
et al., 1993; Karberis & Kouroupetroglou, 2002; McCoy et al., 1990; Viglas &
Kouroupetroglou, 2002; Waller & Jack, 2002; Wiegand & Patel, 2012b).

Symbol use is not limited to expressive communication but can also be used in
receptive communication (Stephenson & Linfoot, 1996). Thus, there is a need to
translate/augment a textual sentence to/with symbols. Augmenting text with symbols
has been shown to increase text comprehension for adults with a learning disability
(Jones et al., 2007). Automating the process of augmenting text with relevant
communication symbols is important. Technological solutions have been proposed, i.e.
automatically determining corresponding graphical symbols needed to convey the
meaning of a given sentence (Goldberg et al., 2009; Mihalcea & Leong, 2008; Zhu

et al., 2007).

Being able to automatically translate to and from communication symbols is a
challenging task, but it would have great impact, by helping people with
communication difficulties to better understand and be understood by those around
them. Each direction — symbol to text and text to symbol — poses different challenges.
Translating from symbols to text is challenging due to the fact that much of the
information needed to produce a textual realisation of the input is missing, such as

morphological specifications, e.g. verb tense and function words. Likewise, translating

Thttps://www.communicationmatters.org.uk /what-is-aac/types-of-aac/#graphic-symbol-sets
2http:/ /arasaac.org
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text to symbols is challenging because of underlying ambiguities Figure 1.1. Text is
ambiguous from a computational perspective because words can have several senses,
which can be related (polysemy) or unrelated (homonymy) (Vicente & Falkum, 2017),
and context awareness and knowledge are needed to determine the intended meaning.
Both text to symbol and symbol to text require the use of natural language processing

techniques.

The natural language that is the focus of this research is Modern Standard Arabic
(MSA) alongside communication symbols. MSA is the standard form of Arabic used in
schools and news media across Arabic countries and coexists with the local Arabic
dialect. MSA is spoken in formal settings by a population of around 274 million
(Ethnologue, 2021). However, few AAC technologies support Arabic (Alsari et al.,
2020). Although considerable progress has been made in MSA language processing
(Habash, 2010), some essential tools and resources remain missing or are not robust for
practical use. For instance, a resource often used in AAC applications, corresponding
to WordNet in English (Fellbaum, 2010), does not have the same good coverage as
evident from the statistics (Bond & Foster, 2013). Unlike English, such a resource
cannot be used independently and requires other external tools, e.g. a lemmatiser

which needs additional linguistic knowledge about the lexicon covered.

Arabic language processing is complex when compared to English. Arabic often has a
larger vocabulary than English in any comparable corpora (Alotaiby et al., 2009). This
is due to morphology (e.g. adjectives inflect for number and gender) and agglutination
(e.g. attaching object pronouns to verbs). Furthermore, Arabic is often written
without diacritics which contributes to the amount of surface word ambiguity. Also,
the subject of a verb may be dropped when it is a pronoun that can be inferred from
the verb’s inflected form. Additionally, there is no indication (such as capitalisation)
that can be exploited to distinguish proper nouns from other word classes. All these

characteristics pose challenges when wishing to link a word to a relevant symbol.

Processing natural languages, in general, is also difficult. To begin with, grammar is
generative; there are always novel sentences that can be created which a computer
(and the listener!) has never seen before. Then, there is often the issue of ambiguity on
many levels, such as lexical, semantic and syntactic levels (Allen, 2003). Despite this,
significant progress has been made in the field. The majority of natural language
processing (NLP) tasks in the last three decades have been tackled using data
processed by statistical or machine learning techniques. The data needs to be large,
match the domain and the specific language. However, in the field of disability, genuine
data is not available Kane et al., 2017. Finding a corpus that matches the AAC domain
is particularly hard in English, let alone other languages with more limited resources.

Researchers have often had to resolve the issue by using alternative data resources.
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Widgit Centre Network

This network has been created to help our customel . the
and Wales that have knowledge and experience in t lucts
By supporting Widgit Centres and Trainers with our r trainers e in
are able to share their experience and knowledge di ome
Follow the links to find Widgit Centres and trainers ii T cor

trainers

[

Figure 1.1: A symbol linked to the word ‘trainer’ found at https://www.widgit.com/-
training/index.htm

A textual corpus, once available, may require further annotation, since raw data is not
sufficient for certain tasks. These annotations can be implemented by hiring experts to
do them, which is expensive. Therefore, successfully finding better ways of annotating
that approximates expert linguistics will have a huge impact on projects with limited
resources. Automatic tagging has been applied to word sense disambiguation (Diab

et al., 2004; Diab & Resnik, 2002; Ide et al., 2002), and other linguistic tagging
(Yarowsky et al., 2001).

This research proposes an approach to automatically annotate a corpus with data
needed for text to symbol and symbol to text translation. The resulting annotated
corpora will be suitable for data-based methods for developing symbol to text/text to
symbol solutions. Previous contributions to the symbol translation task have not
focused on the data component. They often tackled the problem using existing tools
(such as word sense disambiguation) that are not always available in other languages.
Further, these tools may not be well-suited to handling conversational text. Certainly,
the quantity and quality of the data plays a critical role in the performance of the tasks
when using data-based methods. Thus, it is crucial to focus on the data. Focusing on
the data also allows researchers to increase their understanding of the relationship

between communication symbols and text from the textual processing point of view.

1.1 Contributions

The main interest of this research is symbol to text and text to symbol translation,
focusing on the data component and how to automatically annotate a corpus with the
required labels. The research concentrates on MSA since it is a language that has not
gained much attention from AAC technological intervention. Thus, there is a need to

address linguistic challenges that may not be present in highly researched languages



1.1. Contributions 5

such as English. Challenges such as rich morphology, agglutination, pronoun-dropping
(pro-drop), and the problem of missing diacritics, have a significant impact on
processing text, communication symbols and the quality of synthesised speech all of
which are important for AAC users, families and carers and other people working in
this field. Although a novel approach has been suggested with MSA in mind, it uses
data-based methods that can be applied to any other language given the availability of
the same resources, namely, a multilingual parallel corpus, a rule-based morphological
analyser, and an open licensed electronic dictionary. However, it is important to point
out that an inferred MSA morphological analysis annotation process is considered a
significant contribution to MSA research in the field of AAC.

This research is intended to contribute to technological natural language processing
aspects of improving output from symbol to text and text to symbol on AAC speech
generating devices, rather than any human computer interaction aspects of AAC
technology such as user interface design or access options, which are considered out of

the scope of this research.
The following research question is being asked:

Q: Given the lack of a manually tagged corpus, how can one automatically tag an
Arabic corpus with relevant communication symbols using a multilingual parallel
corpus, that would be suitable for building a system that will translate text to symbols

and symbols to text using data-based machine learning techniques ?

For this research, the ARASAAC pictographic symbol set was selected, and an
exploration of it was carried out (3). A multilingual parallel corpora of movie and TV
subtitles Lison and Tiedemann, 2016 was selected, of which the English portion was
examined for its relevancy against an AAC sample of text. This sample was made
available by experts Beukelman and Gutmann, 1999) and showed a high relevancy
score compared with other corpora. An approach was then adopted that automatically
annotated the Arabic side of the corpus with data needed for translating to and from
symbols. The approach made use of multilingual parallel corpora (covering Arabic,
English and Spanish) and that communication symbols are often distributed with
glosses in more than one language. This process provided the knowledge needed for
both lexical and semantic disambiguation. The approach also used open dictionaries to
provide a set of possible full base form in MSA in addition to making use of their

definition as an additional source of knowledge used for disambiguation.

The result is large set of utterances from the selected corpus that has been successfully
automatically tagged with the needed information, which includes lemmas and
ARASAAC pictographic symbols. A step further was undertaken by inferring
morphological attributes that agree with the identified lemma, the surface form and

other cross-linguistic contextual data. The symbol annotation was analysed through
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symbol and contextual words co-occurrences to demonstrate the reduction in ambiguity

that has been achieved due to the use of data collected from the multilingual corpora.

The resulting tagged corpus was used to generate an additional parallel corpus of
telegraphic against full form sentences. The process of transforming fully formed text
to telegraphic text was described and the resulting corpus simulates a symbol input
message when ignoring the pictograph element. The process allows the creation of
training data needed to train a symbol to text translator. The resulting telegraphic and
full formed sentences parallel corpus was used to train a neural translation system and

its performance was measured using Bilingual Evaluation Understudy score (BLEU).

With respect to symbol tagging an additional step was carried out that examined the
visual content of symbols. The motivation was to examine their potential in reducing
the ambiguity of the glosses that are associated with symbols. Computer vision
algorithms were used to identify visually similar symbols that are presumably
semantically similar and make use of their associated glosses as knowledge to
disambiguate the target gloss and add additional contextual data. Similarity between
the visual content of symbols was captured based on overlapping features extracted
using scale-invariant feature transform (SIFT) in addition to histogram of oriented
gradients (HOG). Examples showing similarity between symbols, which often
correlates with similarity between the conveyed meaning, was captured and presented.

Further observations on the tagging process were discussed.

A summary of the contributions of this thesis are as follows:

e The content analysis of an open licensed pictographic symbol library, exploring
the visual attributes of individual symbol types and their impact on symbol to

text translation that can inform best practice.

e An approach to automatically tagging an MSA corpus which exploits a

domain-relevant bilingual parallel corpus in addition to available dictionaries.

e Proposing a method to simulate textual input from a symbol message suitable

for a symbol to text translation system.

e Re-framing the text to symbol task as a sense disambiguation task, which is
tackled using translations as a sense inventory and a bridge to relevant symbols,

resulting in a corpus tagged with symbols.

e Demonstrating the potential of computer vision methods in discovering visually

similar symbols; such an awareness can improve disambiguation.

e Proposing a method to obtain additional contextual data, based on associated

glosses and similar visual content.
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1.2 Thesis Outline

This introduction has provided an overview of the context of this research, the
motivation behind it and its contributions. It first identified the domain and clarified
the types of symbol that concern this research. It also highlighted the difficulty of NLP
in general, and MSA and symbol with text in particular. It then focused on the
importance of data in tackling NLP problems and the need of an annotated corpus
that could be expensive to acquire if done manually, and suggest automatic annotation

instead.

Chapter 2 is a literature review of related NLP tasks in the context of AAC
technology. Some of the characteristics of vocabulary and utterances provided by
experts in AAC are presented. AAC research prototypes involving some text
processing are reviewed. Contributions involving graphical symbols are explored, and
how evaluation is performed. It also mentions a few of the widely known
communication graphical symbols. It includes some background information about
Arabic and related tasks, including word sense disambiguation (WSD), surface

realisation and automatic tagging.

Chapter 3 provides a content analysis of the ARASAAC communication set. The
visual content of the symbols and the vocabulary associated with them are explored.
The problem of sense ambiguity with respect to the associated glosses are highlighted

through examples found in the symbol set.

Chapter 4 describes the problem of converting both text to symbol and symbol to text,
and how the required annotations are automatically generated. It compares the
selected corpus with other corpora. A process is introduced that makes use of the
resulting tagged corpus that created telegraphic and full form parallel text, which was
aimed at the symbol to text task. The focus then shifts from associated glosses
towards the visual content of the symbols by examining the similarities between the

visual content of the symbol set to show their potential in disambiguation.

Chapter 5 The results are reported in four sections. The first shows some statistics
about the collected data. The next presents statistics about the resulting textual
corpus aimed at the symbol to text task. The corpus was used in machine translation
experiments and the results were measured using the Bilingual Evaluation Understudy
score (BLEU) score and compared against English. The chapter gives examples
showing symbol to context co-occurrence versus word to context from the corpus
tagged with symbols, which is intended to be used to build a text to symbol
translation mechanism. Finally, the chapter reports results from a symbol set analysis,
with examples showing the potential of knowing symbols with similar content to aid

the text based analysis.
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Chapter 6 is a discussion that includes observations and insights as well as the

limitations of selected resources and the approach followed.

Chapter 7 is the conclusion and future work.



Chapter 2

Literature Review and Background

2.1 Overview

The aim of this chapter is to review the literature that is concerned with translating
between text and symbols to support those people with speech, language and
communication difficulties. The review begins by clarifying the term Augmentative
and Alternative Communication (AAC). It then looks at AAC technologies that
involve natural language processing before focusing on the main problem. Next,
pictographic symbols are clarified, briefly exploring a few symbol sets and the
particular contributions involving symbols within AAC systems and how they have
been evaluated. Thereafter, the focus turns to the target language MSA, and its
characteristics that affect translation between text and symbols. NLP techniques are
reviewed — beyond the AAC literature — that are related to the translation task and a
few techniques in computer vision briefly reviewed that can be useful with symbols.

The final section is concerned with data and related issues.

2.2 Introduction

Face-to-face communication involves the exchange of messages between two
individuals. Messages can be encoded in speech, text, gestures and images. However,
communication may fail due to “regional, social, or cultural/ethnic variation of a
symbol system” (American Speech-Language-Hearing Association [ASHA], 1993), or a
communication disorder, which is“an impairment in the ability to receive, send,
process, and comprehend concepts or verbal, nonverbal and graphic symbol systems”
(ASHA, 1993). People with certain communication disorders use various forms of AAC
to help overcome their impairments. Communication Matters (the UK Chapter of
ISAAC) (Communication Matters, n.d.) defines AAC as
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“the term that describes various methods of communication to get around
problems with ordinary speech. AAC includes simple systems such as
pictures, gestures and pointing that “add on” to speech. More complex

help involves the use of sophisticated computer technology.”

According to data collected in the UK, the top groups that could benefit from AAC
are those with Alzheimer’s/dementia, Parkinson’s disease, Autistic spectrum disorder,

learning disabilities and stroke (Creer et al., 2016).

As the definition suggests, the various AAC interventions range across many sensory,
physical and cognitive disabilities (Beukelman & Mirenda, 2013). Some AAC
interventions do not require an external resource such as manual signs, gestures and
facial expression, while other interventions depend on some external resources, such as
communication books and electronic devices (Moorcroft et al., 2019). The choice of
AAC intervention depends on many factors: the user’s fine or gross motor ability, their
understanding, their expressive speech and language skills, and other external factors
such as support and funding (Goldbart & Marshall, 2004). For example Binger and
Light (2006) reported that a group of pre-school children in special education, who had
developmental delays and autism, used “different types of AAC system (often, more
than one), including gestures (62%), sign language (35%), objects (31%), pictures
(63%), and high-tech devices or SGDs (15%)”.

The use of electronic devices which generate speech are one type of AAC intervention.
These devices can be referred to as voice output communication aids (VOCA) or
speech generating devices (SGD). Communication devices may be designed specifically
for the purpose of aiding communication or can be AAC software or apps that are
installed on mainstream platforms such as iOS or Android. The technology can be
designed to support one or more specific communication tasks such as conversation,
transaction or narration, and may target a certain communication medium, such as
face-to-face or email exchange (Higginbotham et al., 2007). The technology is aimed at
users with atypical physical, cognitive or/and linguistic requirements. Depending on
the user’s needs, these devices may be augmented with additional components to allow
alternative input methods, such as eye trackers, brain-computer interface, or switches
that can be activated using several parts of the body (Higginbotham et al., 2007). The
technology often supports several modalities such as text, speech, symbols and manual
signs. Software can facilitate communication in many ways which can be further
improved by making use of machine learning and artificial intelligence techniques.
Since such a technology is often designed for a specific community, this can result in
some communities having few or no AAC technological solutions due to its lack of
availability or appropriateness. In such cases, such technology may require localisation

to support local languages and cultural needs.
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Research on AAC technology spans multiple disciplines (Newell & Alm, 1994). Some
studies focused more on the user rather than the technology itself, such as research in
psychology, special education science, and speech and language therapy. Other fields,
such as human computer interaction (HCI), accessibility and especially natural

language processing, paid more attention to the technological aspects of the problem.

Natural language processing research is concerned with a wide range of functions that
require some form of language knowledge such as word prediction, spelling correction
and translation between modalities. Because AAC systems are multidisciplinary, it is
important to point out that this research is concerned with the text processing part of
an AAC device, and specifically the text and communication symbol interaction to
create messages. Thus, the literature reviewed focuses on contributions involving either

text processing or pictographic symbols in the context of AAC technology.

A significant number of processes in AAC technology involve natural language
processing (NLP) (Newell et al., 1998). More than two decades ago researchers pointed
out the lack of NLP research in the field of AAC (Langer & Hickey, 1999). Compared
to NLP research into machine translation and dialogue systems, little research has

focused on NLP as part of AAC systems.

The existing literature on NLP as part of AAC systems is often task specific. Among
these tasks is supporting storytelling and conversational narratives (Black et al., 2010;
Black, Waller, Reiter, & Tintarev, 2012; Black et al., 2008; Black et al., 2011; Black,
Waller, Turner, et al., 2012; Newell & Alm, 1994; Tintarev et al., 2016; Waller &
Black, 2012; Waller et al., 1999; Waller et al., 2013; Waller & Newell, 1997). This type
of conversational messaging involves talking about a sequence of events that a person
has gone through, such as when responding to: “How was your school/work today?”.
Such a task can be supported by providing additional information that helps the user.
Other contributions have focused on transactional conversation which have been
supported by developing scripts for certain situations, such as booking a flight (Dye,
Alm, Arnott, Harper, et al., 1998; Dye, Alm, Arnott, Murray, et al., 1998;
Vanderheyden et al., 1996). Research has also proposed ways to support telling jokes
and riddles as part of an AAC system (Manurung et al., 2006).

2.3 AAC Symbols and Text Processing

AAC research has targeted a language processing task needed as part of an AAC
system, rather than a communication task such as sign language recognition, e.g.
(Cooper et al., 2011), text to sign language translation (Kahlon & Singh, 2021),
allowing phonemes to be the unit of input (Trinh et al., 2012), transforming

telegraphic input into fluent output that targets word-based systems (Demasco &
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McCoy, 1992; McCoy, 1997; McCoy et al., 1998), and translating between text and

graphical communication symbols (2.3), which is the focus of this research.

2.3.1 Symbol Sets

Graphical symbols are an important communication tool for individuals with
communication disorders. Symbols refer to concepts that may be a representation of a
physical object or person, action or idea that may be concrete or abstract, e.g. Mum,
beauty or happiness. Most symbol sets cover the semantic aspect of the language
without an inherent syntax or morphology system (Light & McNaughton, 2014). A
symbol set is expected to cover at least a core vocabulary list of a language, which is
usually made up of single words such as pronouns, verbs, nouns, adverbs and
adjectives as well as other functional words. Some sets provide morphological markers
to the symbols, which may change the morphology and syntax of the corresponding

glosses or sentence.

These symbols can be printed on cards or communication boards or embedded in
electronic systems (see Figure 2.4). These non-alphabetical symbol sets can be used to
replace text and speech but in many cases there is the hope that they will augment
spoken communication. A user can point at or select symbols to convey a message to
the communication partner. These symbols are mainly used to increase communicative
competence (Bondy & Frost, 1994) or as a tool for literacy learning (Edran, 2002).
They can be added to AAC systems (Vandeghinste et al., 2018), to a special word
processor, or to an authoring tool (Lundélv & Derbring, 2012b).

For the purposes of this research the term ‘pictographic symbols’ will be used as this
encompasses line drawings that depict a concept that can be represented in colour or
black and white. These symbols have also been referred to as icons (Chang et al., 1992;
Chang et al., 1993), or pictographs (Sevens et al., 2015a) and pictorial
symbols/representations (Goldberg et al., 2008; Mihalcea & Leong, 2008).

Many symbol sets have their own style such that experts can recognise the source
symbol set when presented with only a few symbols. Symbol sets can differ in their
interpretability; the meaning of some symbols can be obvious while others may require
some learning in advance (McClure & Rush, 2007). In order to understand the
differences between some symbol sets and the impact this can have on language
generation, the following paragraphs provide a description of three widely used AAC

symbol sets.

Blissymbolics, developed by Charles Bliss and published in 1949 (Bliss, 1949), is an
international semantographic system that was initially developed to be used by people
who do not share a common language. The symbol set was later found useful as a

communication tool for children with cerebral palsy. It has a special way in
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o O

(a) (b) sun

mouth

Figure 2.1: Bliss example showing that size changes the meaning of a symbol

o/ /o

mouth | nose breath,
breathing,
respiration

Table 2.1: Bliss-characters versus Bliss-words

\V; )
1. xG& M ? lz

| often think of

Figure 2.2: Bliss sentence from the Swedish National Agency for Special Needs
Education and Schools (SPSM) (2010) https://www.blissymbolics.org/images/Bliss__
English  SPSM_ 10964.pdf

representing meaning through geometrical shapes. The position as well as the size of
the shape has an effect on the meaning, for instance, a small circle represents a mouth
but a large circle represents a sun (Figure 2.1). The symbol set is made of
Bliss-characters which are the smallest unit of meaning and can be combined into
Bliss-words to represent additional concepts, for instance, mouth and nose are
Bliss-characters that can be used independently and can also be combined to form a
symbol for breath (Figure 2.1). Symbols can be combined to form a sentence

(Figure 2.2). The symbols also include optional morphological indicators. In fact,
Blissymbolics is not merely a symbol set, but can also be considered a visual language
(Archer, 1977). It has been widely used alongside many spoken languages and by those
with different kinds of disabilities.

However, due to the geometrical type of representation of the symbols, the set is
categorised as having low transparency (Mizuko, 1987). The meaning of its symbols is
difficult to recognise compared to other symbol sets (Mirenda & Locke, 1989; Mizuko,
1987) and needs to be learned. Thus, such a symbol set may not be suitable for all

potential AAC users, including those with cognitive impairments.


https://www.blissymbolics.org/images/Bliss_English_SPSM_10964.pdf
https://www.blissymbolics.org/images/Bliss_English_SPSM_10964.pdf
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P = % aH

party?

will you come to

Figure 2.3: Makaton sentence example https://www.makaton.org/shop/examples_
computer__use

Makaton graphic symbols (Grove & Walker, 1990) is part of a multimodal
communication programme, developed in the United Kingdom, which combines verbal
speech with hand signing that follows the same word order. The programme was later
augmented with graphical symbols (Figure 2.3). The target population was initially
deaf adults with learning difficulties, but was later found to be useful for anyone with
communication difficulties. Today Makaton is used in nurseries and schools across the
UK and by those developing programmes for children’s national television channels.
The majority of the symbols are pictorial; however, some symbols are linked to British
Sign Language (Grove & Walker, 1990), which is not a universal language and thus
may not be appropriate for use with other communities who may have their own sign

language.

ARASAAC is a communication symbol set developed by Sergio Palao and owned by
Aragonese Government in Spain. The set is freely available for non-commercial use as
it is distributed under Creative Commons License which makes them accessible for
AAC users on any VOCA. An initial examination of the symbol set suggests that the
majority of the symbols are pictorial and thus may be easier to recognise, similar to
other symbol sets that are described as pictorial, such as PCS (Mirenda & Locke, 1989;
Mizuko, 1987), and can be classified as a highly transparent set. The symbol set
contains over 10 000 symbols distributed with their corresponding glosses in several
languages and appears to provide good coverage for frequent English words (3). The
ARASAAC symbols have been used by several researchers (Lundéilv & Derbring,
2012a; Paolieri & Marful, 2018; Tuset et al., 2010). This study selected this as its main

symbol set and is further discussed in Chapter 3.

However, using a symbol set developed for one community may not be acceptable by
another community (Huer, 2000). AAC symbol sets developed for a certain community
are usually biased towards a certain appearance, e.g. skin/hair colour, clothes,
furniture or buildings. The set can also lack concepts that are not universal such as
religious precepts, local meals, social practices, rituals and festive events. This matter
has been highlighted in research, for example when using Picture Communication
Symbols (PCS) with Palestinian students (Patel & Khamis-Dakwar, 2005). One group
have worked on developing a symbol set that addresses these cultural differences in
their target community (Draffan, Wald, Halabi, Sabia, et al., 2015). Nevertheless, the

cultural gap in symbol sets is an issue beyond the scope of this research.


https://www.makaton.org/shop/examples_computer_use
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Figure 2.4: Example of a symbol board using ARASAAC symbols

2.3.2 Managing Associated Glosses

Symbol sets are often distributed with glosses in multiple languages. For example,
Blissymbolics is distributed with glosses in 17 languages. Glosses need to be translated
into the local spoken language if not already available. Automatic translation of
glosses is to be avoided as it will result in errors due to word ambiguity, since glosses
are out of context and often lack metadata that could be useful for disambiguation. It
is important to be aware of the actual sense that a certain symbol is designed to
convey before translation. For instance, a symbol may be associated with an English
word such as ‘lead’ which can not be translated before knowing whether the symbol is
‘a person with a dog on a leash’; ‘a piece of grey metal’ or any other meaning
associated with the word ‘lead’ since each meaning might correspond to distinctive
words in another language. Few errors have been observed in ARASAAC English
glosses (chapter 3). Thus, the translation requires manual effort, which depends on the

size of the symbol set.

In order to resolve gloss ambiguity, research has made use of pre-existing ontologies
such as WordNet, and linked a gloss to a specific meaning. This was undertaken as
part of the development of a joke generator intended for AAC users (Manurung et al.,
2006; Ritchie et al., 2007) in which they manually aligned their chosen symbol set with
WordNet synsets (a set of words that convey the same meaning along with a
definition) so that generated text is supported by relevant graphical symbols. A text to
symbols translator system intended for Dutch users (Vandeghinste & Schuurman,
2014; Vandeghinste et al., 2017) was manually linked to more than 5 000 symbols using
Cornetto (a database which combines the Dutch WordNet with additional data
(Vossen et al., 2008)).

The Concept Coding Framework (CCF) was developed as part of a project that aimed
at promoting web accessibility (Lundélv & Derbring, 2012b; Lund&lv et al., 2014;
Lundalv et al., 2006). CCF was an attempt to solve the problem of word to symbol
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mapping as well as the issue of replacing one symbol set with another given the
existence of multiple graphical symbol sets. The system attempted to avoid the need
for additional effort in order to develop applications that support multiple symbol sets
and also multiple natural languages. CCF was composed of a set of concepts taken
from WordNet and augmented with additional ones to cover closed class words.
WordNet provided CCF with a lexicon and a variety of relationships between words.
The goal was to link symbols from different libraries as well as words from different
languages to this set of concepts. The idea was to encode words/symbols into concepts
then decode them into other desired symbols set/words. However, due to licensing
issues, the work eventually only covered Blissymbols and ARASAAC. Ultimately, it
was not clear how much of the linking was made manually or had been reviewed, so
that symbols were mapped to relevant concepts where the same sense was maintained
when exchanging a symbol in one set with a corresponding symbol in a target set. For
example, a symbol representing nail in a “fingernail” sense would be translated into a
symbol in another symbol set representing the same sense rather than arriving at a
“thin pointed piece of metal” sense. Such an ambiguity needs to be carefully resolved
for each symbol set. It seemed that this was not achieved (Lundélv et al., 2014),
although adding some form of disambiguation was mentioned as a future task in their

earlier paper (Lundélv et al., 2006).

A CCF-Symbol Server was implemented that users could download on their local
machines or use via the web. Several applications made use of this server: a symbol
editor (Symbered), a word processor extension (CCF-SymbolWriter), an AAC
application (CCF-SymbolDroid), on screen keyboard (SAW 6), and a symbol text to
symbol tool for the Swedish language (Lundélv et al., 2014). Although, the objective
was that glosses — in the database — were disambiguted, the ambiguity of the text that
needed to be augmented with symbols was not discussed. The next section reviews the

literature concerned with this problem.

CCF was provided as an open source framework with documentation to attract AAC
developers to use it. However, part of the team who worked on the applications above
were also part of the group who worked on CCF development. Unfortunately, there is
not a clear distinction, in the CCF web page, between CCF as an ontology and the
applications that made use of it (CCF-SymbolWriter and CCF-SymbolDroid). It
seems that there are no textual files, such as ones in XML format, that allow others to
examine the ontology without installing a server on their local machines. Additionally,
there is no documentation that provides instructions on how to extend the coverage by
adding additional symbol sets or extending an existing symbol set with
newly-developed symbols. Technical issues such as how symbols are represented are
not discussed. For instance, is it based on actual file names, so that whenever a symbol
set management team decides to change their naming system (perhaps adding a part

of speech tag), links to the concept codes will be lost? Unfortunately, according to the
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project’s website www.conceptcoding.org, the CCF has not received any updates since
2014.

2.3.3 Generating Symbols

Graphical symbols can be used for expressive as well as receptive communication.
Those with a receptive language disorder who use graphical symbols benefit from
translating text to graphical symbols. Augmenting text with graphical symbols was
found useful to increase text comprehension (Jones et al., 2007). Vandeghinste et al.
(2017) devised a system that converts Dutch text to symbols. Instead of simply
matching words with symbol file names, they made use of a Dutch lexicon (Cornetto)
similar to the English WordNet. The coverage of words was extended by making use of
relationships in Cornetto. The input text was pre-processed by tokenisation,
lemmatisation, part-of-speech tagging and spelling corrections. The system’s approach
to handling multiple senses is by choosing the most probable sense. The system also
takes advantage of different relationships provided by their lexicon that allows for the
detection of synonyms and hypernyms. At an early stage, the system was extended to
other languages using WordNet (Sevens et al., 2015b), but the latest version seems to
be limited to Dutch text. The addition of a word disambiguator was examined (Sevens
et al., 2016). They used an existing Dutch word sense tagger. These senses are used to
locate relevant symbols using their sense-aware lexicon. Word sense disambiguation
(WSD) has improved the accuracy of the output and further improvements to the

word sense tagger is mentioned as future work.

Symbered is an editing tool that aims to find suitable symbols for a given text
(Lundalv et al., 2006). The system made use of the CCF. Although the task involves
text as the input, authors did not point out the need to perform any natural language
processing tasks. The task of lemmatisation and part of speech awareness is important
in locating relevant symbols. This issue was apparent since their system was not able
to find a relevant symbol for ‘books’ even though ‘book’ was among the symbols in the
database. They also had ambitions to support multiple languages, without mentioning
the difficulties of translating between languages such as the differences in word order

and length between the source and target texts.

The CCF was also used to build CCF-SymbolWriter: a word to symbols lookup system
integrated into a word processor. The tool shows all matching symbols (matching is
based on word form) and allows the user to choose the relevant one. No NLP tools are
mentioned and the system appears to handle word inflection by adding them explicitly
to the database. Nysno is another system that also makes use of the CCF. It augments
Swedish simple text with symbols. It uses part of speech tagging to narrow down the

number of matched symbols. If the lemma is attached to more than one sense, the
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system uses external resources to determine the most frequent sense and chooses it as

the matching symbol.

Among the commercial systems that provide similar functionality is Symbolate by
Boardmaker and SymWriter by Widget. Both work as a text editor where a symbol
appears as soon as a word is typed and allows the user to replace the suggested symbol
with another one. It is not clear how exactly a symbol is suggested when multiple
symbols are found. Widget claims it uses smart symbolisation, since it takes the part

of speech tag into account to find suitable symbols.

The PicNet illustrated dictionary translates words to pictures and also uses WordNet
(Mihalcea & Leong, 2008). They developed a sense tagger to determine the sense of a
word among the multiple senses defined by WordNet. The identified sense was then
used to choose a relevant picture. However, their goal was to evaluate how capable the
images were of expressing meaning conveyed in simple sentences without any glosses in
the target language. They found that the amount of information that can be
understood from a sequence of images is comparable to a machine generated

translation.

Goldberg et al. (2008) pointed out the importance of finding a layout of pictures that
best communicates the meaning of a sentence. They argued that a flat sequence of
images may not be the best layout and suggested a specific layout, which groups

images and uses a classifier to predict the grouping of images.

2.3.4 Generating Text

Symbols can be embedded in electronic devices. These devices are often augmented
with speech synthesis which allows a message composed of graphical symbols to be
spoken. The spoken message can be simply the sequence of glosses associated with the
selected symbols. However, the derived message often lacks function words and
morphology, which may not sound natural to the hearer. Research has addressed this

issue by proposing methods of translating the telegraphic text to full form text.

AAC users that communicate using graphical symbols, rather than spoken words, are
dependent on symbol to text translations linked to speech synthesis, if literacy skills
have not been achieved (Pino, 2014). The task of translating symbols to text has been
a topic of research since the 1980s (Hunnicutt, 1984). The translation is made for a
single message or utterance exchanged in a conversation. Most systems that are built
to translate symbols to text in AAC are not actually translating from symbols but
rather translating from glosses combined with some specifications such as the part of
speech. Thus, they do not take the actual graphical representation into account. In

this respect generating text from a symbol-based or a word-based AAC system is the
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same. Compansion (McCoy et al., 1998) was a system that developed for word- as well

as graphical symbol-based AAC systems.

While the challenge when translating from text to symbols is word sense
disambiguation (section 2.3.3), the challenge in the other direction is word order and
recovering inferred missing tokens and morphological features. Most contributions
assume the user will follow the natural language word order. McCoy et al. (1994)
compared input composed by an AAC symbol user against a corrected version
suggested by a speech therapist. The participating users were adults with cerebral
palsy. Several edits were made: inflecting words, adding missing words (usually
function words or words that can be inferred by the context), deleting words, replacing

words and changing word order.

The Compansion system (Demasco & McCoy, 1992; McCoy, 1997; McCoy et al., 1998)
is a project focused on developing a tool for translating telegraphic words to fluent
English. The process of generating text was made in three stages. The first stage was
to chunk text and tag words with their part of speech. The next stage was to generate
a semantic parser. Semantic parsing uses predefined cases that are linked to a specific
verb. These cases specify a semantic role (i.e. agent or theme) with respect to a
specific verb and a ranked list of possible fillers. These roles were ranked based on
their importance. The authors also used WordNet to be aware of the presence of
certain properties for a candidate such as ‘animate’ or ‘edible’. The next stage was to
generate text given the semantic parsing. They made use of an existing text generator,
which was based on functional unification grammar to generate possible fluent text
sentences. A system for real use planned to make use of the Compansion prototype.
They pointed out that the prototype assumed an English word order, which was not a
reasonable assumption when they observed the target population. The problem of
unexpected word order was addressed by using an icon prediction system and allowing

an icon to be selected only if it offered a valid sequence.

Karberis and Kouroupetroglou (2002) proposed a similar rule-based system which
generated fully-formed Greek sentences from a sequence of symbols. The system relied
on handcrafted rules to recover missing function words and to ensure a grammatically
accurate output. They assumed that the symbols were in an order that matched Greek

syntax but might lack function words.

Other proposed systems used statistical methods to generate fluent text, such as an
n-gram language model which could be generated using a large corpus (Sevens et al.,
2015b; Vandeghinste et al., 2018; Waller & Jack, 2002). To address the lack of
morphological cues in the input sequence, possible surface forms are hypothesised.
Sevens et al. (2015b) and Vandeghinste et al. (2018) also used a reverse lemmatiser that
generate, possible inflected forms for a given word. Other possible synonyms are added

to the list of hypotheses, which are extracted from the lexicon linked to their symbol
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set. Articles are also suggested. The authors used trained their model with Dutch text
to find the most likely sequence among several possible that were formed using the
hypothesised tokens. The generation used a beam decoder, and an optimisation
algorithm to tune the decoder’s parameters to control the search space. They claimed
that their proposal was language independent. However, it still depended on the

availability of a tool to generate possible inflections of a word for a given language.

Waller and Jack (2002) also used an trigram model to obtain a fluent English sentence
given the symbols by predicting missing function words and correct word form. They
assumed that the input symbol message followed English syntax, but might lack

function words.

SymbolPath is a system that does not assume that users will follow a certain word
order (Wiegand, 2013; Wiegand & Patel, 2012b). It is a symbol-to-English text system
and, as the name suggests, the input is made by drawing a path over selected symbols.
As a result of this selection method, it assumes that selected symbols may not be
precise in either content or order. It determines the intended selection based on
semantic frames and semantic grams (probably similar to the skip-grams language
model (Stolcke et al., 2011)). The sentences generated are then ranked according to the
user’s drawn path. However, the generated utterance needs to be simple in terms of

the number of verbs, actors and modifiers. The fluency of the text was not evaluated.

Reiter et al. (2009) stated that text generation in the context of AAC is easy since
users tend to use short sentences and simple structures. For example, they found that
children do not use perfect tense, having examined a sample produced by children who
had no communication difficulties. They stated that the main challenge was
maintaining coherence since they were looking at an utterance, not in isolation, but as
part of a personal narrative. However, it was not clear how they were resolved the

syntactic role of each token, perhaps by using semantic frames or data-based methods.

Two studies that involved the use of Arabic have been published. Al-Arifi et al. (2013)
reported the development of an Arabic AAC system, tackling the problem from a
human interaction viewpoint without dealing specifically with linguistic processing.
Ding et al. (2015) proposed a means of translating symbols to Arabic and English text.
The Arabic sentence generated was not novel but retrieved from an English-Arabic

corpus, based on Arabic and English labels.

2.3.5 Evaluation

All tools that are developed in the course of research need evaluation. The goal of an
AAC system is to increase the user’s communicative competence. In this context, some
software interventions have been tested with typical speakers, such as the study carried

out by Todman et al. (1995). A quantitative evaluation was carried out by hiring a
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number of judges to evaluate randomly sampled chunks from unaided conversations,
and conversations aided by the developed system. Most recent contributions are
evaluated by running small scale qualitative studies with participants from the same
target group, e.g. nine children with cerebral palsy (Ritchie et al., 2007), or a case
study with one participant with cerebral palsy (Waller et al., 2013).

Unfortunately, functions that are part of an AAC prototype are not usually tested
individually but instead the whole system is evaluated for usability. For example, a
text generation component as part of an AAC prototype (Black et al., 2010; Black,
Waller, Reiter, & Tintarev, 2012; Dempster et al., 2010), supporting personal
narratives, did not demonstrate any evaluation of the text generator component
independently of the other functions provided. Many AAC systems have a retrieval
component that finds prestored messages, so the idea of using prestored messages is

usually evaluated without any attention being paid to the retrieval component itself.

The success of symbol to text translations are affected by many factors including the
interface design, the quality of the different functions provided, the response time, and
the user’s capabilities. Todman et al. (1995) suggested evaluating transcripts of
conversation to eliminate the negative effects caused by other variables such as the
quality of the speech synthesiser. McCoy and Hershberger (1999) pointed out the
difficulties of evaluating a component that is made for an AAC system, since the whole
system needs to be designed and implemented to incorporate the component. They

also stated that a lack of sufficient training may result in negative outcomes.

Among the few studies which did evaluate the generated text was Waller and Jack
(2002), who analysed 20 sentences generated from three different sittings. The text
generator proposed by Sevens et al. (2015b) was evaluated using 50 messages (975
word and 746 symbol). The quantitative evaluation used metrics developed for
evaluating machine translation, such as BLEU (Papineni et al., 2002). They manually
translated the test set and compared the machine generated text from different

versions of their prototype, and likewise for symbol generation.

The Dutch text to symbol system (Vandeghinste et al., 2017) was evaluated
quantitatively using machine translation methods by comparing the symbols that were
produced by different versions of their system. The methodology used precision and
recall, a commonly used metric in information retrieval and classification that is not
affected by the order of tokens. The evaluation was against a manually labelled test
set. A similar system, which translates foreign text to pictures, has been used to
evaluate a system with 50 sentences made up of an average length of 15 words
(Mihalcea & Leong, 2008). The evaluation asked participants to interpret the pictures
generated, and compared their interpretation using MT metrics and manually against
actual reference text. Their system was not evaulated against other systems but rather

they measured the significance of each intervention that was added to the system. It
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appears that many obstacles prevent the comparison of different systems, such as the
different symbol sets used, the representation of symbols used (local file names, ID or

actual pixels), and the lack of a standard symbol text representation.

2.4 Arabic as a Target Language

Arabic is a Semitic language spoken by around 274 million people (Ethnologue, 2021).
It is also the language of the Holy Quran which makes it a popular language among
Muslims around the world. Modern Standard Arabic (MSA) refers to the language
used in books and formal media, and is taught in schools. Other forms of Arabic are
classical Arabic, which is the language of the Holy Quran and the spoken language in
the pre-Islamic era and the first few centuries after Islam (7th to 11th century C.E.)
(Alrabiah et al., 2013), and colloquial Arabic, the local informal spoken Arabic which
differs slightly from MSA. Dialects vary phonologically, lexically and morphologically
between each other and from MSA. The overlap coefficient between vocabularies of
MSA and its various local dialects was 37% at its highest (Bouamor et al., 2018).
Many Arabic dialects occur within the same geographic area: Bedouin vs urban
communities tend to speak different dialects, and differences exist within the same
spoken dialects for different age, gender, social class and religious groups (Watson,
2002), which makes it hard to choose one and also to discriminate one from another.
Unfortunately, dialects have limited resources and standards, since Arabic linguists
focus on classical Arabic, and colloquial Arabic is not taught in formal education. The
language addressed in this researchis is MSA, due to the larger population that uses

this variant (throughout the Arab World) and the availability of linguistic resources.

In the Arabic script, Arabic is written from right to left, and has 40 letters. Arabic
makes use of diacritics, which are short vowels that determine the exact vocalisation of
a word. However, most text is written without diacritics (as an abjad), since good
readers can infer them from the context. However, diacritics are necessary when
considering text to speech technologies used in AAC devices or for early literacy skills.
Arabic orthography lacks any distinguishing feature for proper nouns, such as

capitalisation.

Arabic is a rich morphological language (Al-Sughaiyer & Al-Kharashi, 2004). Arabic
morphology is derivational and inflectional (Ryding, 2014). Derivational morphology
allows words to be derived from roots by means of templates. A root, in Arabic, is not
a word in itself, but has an abstract meaning. Arabic verbs in particular are very
systematic (Habash, 2010). There are 19 verb forms and are derived from triliteral and
quadriliteral roots. Knowing the root and verb form for a given verb often allows the
derivation of its verbal noun and participles. This can be useful in expanding a

pre-existing lexicon. Inflectional morphology is what makes a word change within the
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same part of speech class. Inflection is expressed through a set of features. Nouns and
adjectives inflect for gender, number and case. The feminine and plural form can be
regular or irregular and needs to be explicit in a lexicon. Verbs inflect for tense,
person, gender, voice, number, and mood. Inflection is made by changing the stem
form and attaching prefixes or suffixes occasionally with orthographic adjustment.
Commenting on Arabic inflection, Ryding (2014) argues: “Compared to English, words
in Arabic are highly inflected”.

Arabic is to some degree agglutinative (Buckwalter, 2004; Farghaly & Shaalan, 2009).
Conjunctions, clitics and the definitive article, along with the stem (an inflected word
with no attached clitics) can all be part of a single token. Attachments can be a
sequence of affixes and the order in which they are attached is regulated. As a result, a
space-delimited token in Arabic may contain much more information than, for
example, in English. Tokenisation is thus important, but identifying a stem’s boundary

is ambiguous and requires awareness of the context.

Knowing the Arabic syntax is essential for some NLP tasks. Arabic usually follows the
order of verb (V), subject (S) and object (O), but SVO and VOS are also used.
Additionally, Arabic is a partially pro-drop language, meaning that subject pronouns
may be omitted. Palmer et al. (2008) found that the subject was pro-dropped in 30%
of sentences in the Arabic Tree Bank. The pro-drop together with the flexible order
makes it difficult to identify the subject of a given verb and as a result parsing a
sentence can be a challenge. Furthermore, a verb is not an essential part of a sentence

since the verb ‘to be’ does not exist in the present form (Ryding, 2014).

The syntax of the sentence affects the morphological features of the words.
Morphological features in general are determined either semantically or contextually
(Ryding, 2014). Knowing the syntax is essential for ensuring the contextual
morphology of a word, such as the gender and number of an adjective. These
contextual features often agree with the main token, i.e. subject or modified noun, but
the position of the verb with respect to the subject makes a difference. Also, the
“non-human nouns” (Ryding, 2014) or “irrational nouns” (Habash, 2010) are treated
differently in terms of agreement, and awareness of such a classification (human nouns

vs. non-human nouns) is important.

2.4.1 MSA with Symbols

Some languages are more challenging than others due to the nature of the language or
limited resources or both. Koehn (2005) ran an experiment that involved translation of
11 European languages and pointed out that translating into English was easy
compared to other languages, while translating into rich morphological languages (e.g.

German) was difficult. There was also the issue of agglutination (where complex words
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are made up of several morphemes) resulting in an inferior performance in translation
for a language like Finnish. MSA is a rich morphological language often written with

no diacritics.

In the text to symbol task, analysing the text morphologically is important in order to
link tokens to symbols. For English, knowing the part of speech is almost sufficient to
determine the lemma, given a dictionary and a set of rules. For Arabic this is far more
complicated as, due to morphology and agglutination, it is difficult to know the base
stem boundaries without awareness of the context. The attached clitics are also
ambiguous, e.g. an attached 'taa’ to the end of an Arabic verb in its perfect form may
mean ‘I’ ‘you’ (masculine) or ‘she’. It also can be part of the base word. Furthermore,
the pro-drop aspect of Arabic can make it hard to tell whether the subject is explicit
or should a pronoun symbol be (re)introduced. Also, the lemma can have multiple

senses and the likely sense needs to be identified to choose a matching symbol.

In a symbol to text task, where the source is a set of symbols with their lemmas (as
glosses), predicting the syntax and morphology of the output is needed. For instance,
there is a need to determine the likely verb inflection, since no indication is given in
the input and the context is unlikely to give any hints. For verbs there is a need to
determine the subject to ensure that it agrees with the gender and number. Adjectives
also need to agree in gender, number and definiteness with the noun they describe.
Additionally, function words can be in different forms depending on the gender and
number of the main noun, for example ‘This is a bag’ and ‘This is a book’; when said
in Arabic ‘This’ will not be in the same form for both, because bag is feminine and

book is masculine.

2.5 Related Work

Translating between text and symbols involves several NLP tasks. Sense
disambiguation is needed for generating symbols and was a tool used by other
researchers (Mihalcea & Leong, 2008; Sevens et al., 2016) (2.3.3). Sense
disambiguation requires some preprocessing of text which mainly involves part of
speech tagging and lemmatisation (Vandeghinste et al., 2017; Zhong & Ng, 2010). On
the other hand, those who tackled generating text from a symbol message have used
language models and a morphological generator (Sevens et al., 2015b; Vandeghinste
et al., 2018). However, other approaches can be applied, such as those followed in
machine translation. This research takes a step further and examines the potential for

using the visual content of the symbol set for further disambiguation.
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2.5.1 Word Sense Disambiguation

A word in isolation (or out of context) may have many meanings and these meanings
are often listed in conventional dictionaries under the same head word. However, a
word in context often has a clear meaning which a mother-tongue speaker
unconsciously identifies. Yet, identifying the intended meaning computationally is a
difficult task. The importance of this for text to symbol translation cannot be
underestimated, as any glosses with the same form can have very different meanings,

resulting in a choice of images.

Researchers have been interested for many years in the problem of automatically
disambiguating the meaning of a word. The task of word sense disambiguation is to
identify for a given word, the sense relevant to its context (Edmonds & Agirre, 2008).
The disambiguation task can be designed to disambiguate all words (content words),
or focus on a subset of words. Methods used can be classed as: supervised learning,

unsupervised learning, and knowledge-based (Navigli, 2009).

Supervised learning requires a corpus in which words are tagged with a finite set of
senses that apply to the word in context. For instance, Miller et al. (1993) tagged part
of the Brown Corpus with WordNet senses. A tagged corpus is used to train a classifier
using various machine learning algorithms such as Support Vector Machine(SVM)
(Zhong & Ng, 2010). Unsupervised learning does not require a tagged corpus nor a
pre-existing sense inventory. It can be achieved using vector space models and

clustering algorithms (Schiitze, 1998).

Knowledge-based methods make use of data associated with a specific sense such as
their definition, synonyms or examples from a tagged corpus. Some researchers have
augmented these senses with additional data from Wikipedia (Mihalcea, 2007). The
data can be used to determine the likely sense based on the overlap between the
collected data and the words in the context (Lesk-simplified and Lesk-corpus
(Kilgarriff & Rosenzweig, 2000)). This approach has been shown to achieve results
that are comparable with more sophisticated methods. Agirre et al. (2001) collected
relevant data (topical signatures or context vectors) from the web for each sense. The
data was collected by forming a query that ensured that the retrieved data matched
the specific sense, and not an arbitrary sense covered by the same word form. This was
accomplished by including words and phrases that are part of the definition, as well as
synonyms with varying degrees of restriction, until a set of documents is found. The
topical signatures were tested in a WSD task, focused on a small sample of seven
word-types. These were disambiguated by choosing the sense with the highest
weighted overlap score. The results were better than random and superior to using
only WordNet as a source of data. The performance of this use of topical signatures
was close to the most frequent sense (Cuadros & Rigau, 2006), but using topical

signatures alone did not outperform supervised methods.
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Supervised and knowledge-based systems require a finite set of senses available
beforehand. An inventory of senses is often constructed by lexicographers analysing
word uses in a corpus, such as WordNet (Fellbaum, 2010), although the senses
identified do vary between lexicographers. WordNet senses — although often used —
have been criticised by many researchers for their suitability for WSD, such as
Kilgarriff (2006). These senses are too specific for the computation task (Ide & Wilks,
2006) which makes them hard to discriminate. The accuracy of the classification task
is higher for coarse-grained senses compared to fine-grained senses (such as WordNet).
For example, IMS (Zhong & Ng, 2010), a WSD classifier, achieved 68% for all words in
the fine-grained sense task but scored 82.6% in a coarse-grained sense task. In fact,
determining the accurate sense (WordNet senses) can be difficult even for humans.
Snyder and Palmer (2004) carried out a manual tagging experiment. The agreement
between tagged samples from two annotators were found to be 72.5%. Coarse-grained
senses were automatically generated through clustering fine-grained senses (Navigli

et al., 2007). The clustering was guided by an attempt to map senses in WordNet to
another dictionary and grouped if they linked to the same external sense. It is difficult
to decide how far fine-grained senses (such as WordNet) would yield the desired

performance.

Linguists distinguish between two forms of ambiguity, namely polysemy and
homonymy. Words that share the same form are homonyms if they express unrelated
meaning and have distinctive historical source. For instance, coach meaning “bus” and
coach meaning “sports instructor” are homonyms (Vicente & Falkum, 2017). On the
other hand, a word is polysemous if it expresses more than one meaning that are
related (Lyons, 1995). The word “mouth” is polysemous as expressed in “John has his
mouth full of food” and “Watch your mouth” (Vicente & Falkum, 2017). Research has
shown that there are differences between how the brain processes polysemy and
homonymy. Klepousniotou (2002) confirmed that homonymy appears to be slower to
process. Computationally, homonymy is easier to disambiguate (Edmonds, 2005). Ide
and Wilks (2006) suggested that differences in meaning between homographs
(homonyms that share the same written form) are the ideal level of distinction that
WSD should aim at. They suggest that these senses can be identified as “senses that
psycholinguists see as represented separately in the mental lexicon, are lexicalized
cross-linguistically, or are domain-dependent”. Such a distinction seems appropriate for

symbols; however, further research may be needed.

Words that are lexicalized cross-linguistically are easy to obtain from bilingual
dictionaries or a bilingual parallel corpus. Resnik and Yarowsky (1999) investigated
how often a pair of senses of the same word form are translated into distinct word forms
(i.e. are lexicalized) in other languages. They found that homographs are often (95%)
translated into distinctive words and the percentage decreases as the semantic gap

between the pair of senses decrease. Researchers tackling the WSD problem have made
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use of a second language, through a parallel corpus, to use translations as sense tags or
to automatically tag words in a corpus with their likely senses from a pre-defined sense
inventory, to create training data that is needed to develop a WSD classifier (Diab

et al., 2004; Diab & Resnik, 2002; Tufis et al., 2005; Zhong & Ng, 2010). This idea
may therefore have potential when considering the disambiguation needed for tagging

text with symbols, given the existence of parallel corpora in Arabic and English.

Diab et al. (2004) targeted MSA using bilingual data for disambiguation. The
approach taken was to tag Arabic based on a parallel English corpus by using English
translations to decide on the appropriate sense from the WordNet sense set for an
Arabic word in context. Results were encouraging. However, the disambiguation was
limited to nouns. Nouns, as part of WordNet, are privileged with relationships that
can be exploited in the disambiguation process, such as the ‘is-a’ relationship which is
not available for other classes, such as verbs. The approach made use of these
relationships by applying Resnik’s algorithm (Resnik & Yarowsky, 1999). Using the

same approach with other classes such as verbs may not be as successful as nouns.

A collection of MSA newswire corpora were tagged manually with Arabic WordNet
senses (AWN) senses covering 5218 word types to examine the potential of
evolutionary algorithms in tackling WSD (Menai, 2014). This resource is valuable, but
newswire data does not match the target domain of AAC and is limited by the AWN.
AWN (Elkateb et al., 2006; Rodriguez et al., 2008) covers only 48% of the most
frequent 5000 senses (Bond & Foster, 2013).

WSD classifiers preprocess the text by part of speech tagging and lemmatization. The
POS tags provide useful information for the lexical disambiguation process (Wilks &
Stevenson, 1998).

2.5.2  Part of Speech Tagging and Lemmatisation

Lemmatisation and part of speech tagging are common preprocessing tasks. Part of
speech tagging labels each token with its relevant tag from a closed set. Recent taggers
have been implemented using machine learning classifiers and require a tagged corpus.
The tagging accuracy part of speech in English has been around 97% (Ma & Hovy,
2016; Manning, 2011). Manning (2011) commented on the tagger’s accuracy “But this
seems surprising — anyone who has looked for a while at tagger output knows that
while taggers are quite good, they regularly make egregious errors”. However, the

tagging process in many other languages may not have yet achieved this accuracy.

Arabic is a rich morphological language resulting in a large part of speech tag set.
Various sets have been used for tagging Arabic text (Diab et al., 2004; Habash, 2010).
A part of speech tag set may capture not only the basic part of the speech type but

also morphological aspects. For instance, the Buckwalter tag set was used in tagging
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the Penn Arabic Treebank (PATB) (Maamouri et al., 2004), which covers inflectional
morphology such as verb tense and noun number. The ElixirFM tag set was used in
tagging the Prague Arabic Dependency Treebank (PADT) (Hajic et al., 2004) which
captures the functional morphology, unlike the form-based Buckwalter tag set (Habash,
2010). The consideration of all morphological features leads to a very large tag set, e.g.
400 tags were used in PATB (Habash & Roth, 2009). As a result, some tag variants
that are coarse have been used. For instance, the Columbia Arabic Treebank was
tagged with a tagset of only six tags, which was later automatically expanded to 44
tags (Habash & Roth, 2009). The choice of tag set depends on the main task; in some
cases, a large tag set needs to be reduced to overcome the problem of sparseness.
Zeroual et al. (2017) called for a standard tag set and suggested a hierarchical one. A
universal tag set has been proposed to solve inconsistencies between languages (Petrov
et al., 2012), which can be useful for a multi-lingual symbol set. Taji et al. (2017)

investigated mapping the Buckwalter tagset to the universal dependency set.

Lemmatization is another important preprocessing task for many NLP systems. This
is “The reduction of the word tokens in a corpus to their lexemes” which are “the form
that heads an entry in a dictionary”(Brown & Miller, 2013b). For English, knowing
the part of speech tag and having a lexicon is sufficient for determining the lemma.
However, for Arabic the case is complicated. This is mainly due to the absence of
diacritics. Several attempts to restore diacritics have been proposed. For instance,
Belinkov and Glass (2015) proposed a tool that restores diacritics without the need for
any external tools. However, depending on the task, morphology analysers might be
needed. Morphological analysers can suggest one or more analyses that include
diacritics, POS tags and/or the corresponding lemma. A number of morphological
analysers have been proposed (Al-Sughaiyer & Al-Kharashi, 2004). The Buckwalter
Arabic morphological analyser uses a lexicon and compatibility table to analyse a word
(Buckwalter, 2002). The analyser yields various possible analyses for a single word.
Each analysis includes the full vocalised form, part of speech, English glosses and the
coresponding Arabic lemma. MADAMIRA takes a step further by determining the
likely analysis (Habash & Rambow, 2009; Pasha et al., 2014). This is achieved by
extracting features from the context to rank different possible analyses of a word.
Scoring is based on how close an analysis is to predicted features. The prediction is
made using Support Vector Machines (SVM) and n-grams, trained using the annotated
newswire corpus. The tool was tested on an unseen split of the same corpus and
achieved 85% accuracy and 95% lemma accuracy. MADAMIRA is a commonly used
tool. However, it is not clear how MADAMIRA would perform on conversational data

due to domain differences.

There is evidence that syntax is different for each domain (Sekine, 1997), which
impacts morphology. A group of researchers have created a part of speech tagger for

social media text and showed that their tagger achieved a 25% relative error reduction
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compared to a general-purpose tagger when tested with twitter data (Gimpel et al.,
2011), evidencing the effect of domain variation. This highlights the domain mismatch

problem faced by AAC systems in general, and Arabic AAC systems in particular.

Other common pre-processing steps are tokenisation and normalisation. Tokenisation
can be simply done by separating out all punctuation, however this is usually not
sufficient for natural languages. Tokenising Arabic text is important due to
agglutination which impacts Arabic text significantly. The process usually involves
separating out clitics in addition to punctuation, numbers, and other symbols. Also,
the base stem may require orthographic adjustment to reverse changes that were
needed for attaching prefixes and suffixes. Tokenisation is important for many tasks.
When considering symbols, tokenisation is needed to map each sub-token to its

relevant symbol.

Multiple tokenisation has been used when handling Arabic text (Badr et al., 2008;
Habash & Sadat, 2006; Maamouri et al., 2004). They differ in the class of segments
that is detached from the base word. Segments may be classified into conjunctions,
particles, definite articles, and pronominal clitics. For instance, The PATB (Maamouri
et al., 2004) opts to tokenise only clitics that have a different syntactic category from
the base word, and so does not tokenise definite articles. Habash and Sadat (2006)

defined three tokenisation levels:
[CON] + [PART + [Al + BASE + PRON]]]

Schemes vary in how deep they tokenise and whether prefixes and suffixes are further
tokenised or not. Habash and Sadat (2006) described several schemes. The first
scheme tokenised the conjunctions only. The second tokenised particles as well as
conjunctions, while the third also tokenised the definite article and pronominal clitics.
Badr et al. (2008) compared translating English to Arabic using a scheme that is
similar to the deepest scheme developed by Habash and Hu (2009), which tokenises a
word to a similar base, but without tokenising the prefix and suffix. The authors found
that keeping the prefix and suffix untokenised yielded the best results. El Kholy and
Habash (2010) compared all the schemes mentioned in an English to Arabic
phrase-based translation task and found that the PATB scheme achieved the highest
BLEU score (Papineni et al., 2002). The scheme was also used as a preprocossing step
in a neural-based MT system and improved the BLEU score (Almahairi et al., 2016).
The suitability of this scheme with English suggests that such a tokenisation might

also be appropriate for symbols.

Given a tokenised text, detokenisation is needed to generate Arabic text. However, this
is not a straightforward task. It may not be clear whether a token is part of the
previous token, or the following token, or is independent. Attia (2007) pointed out the

ambiguity that results from detokenising clitics and suggested inserting a mark to
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indicate the direction in which it needs to be attached could solve the problem.

El Kholy and Habash (2010) compared six different methods of detokenising.
Regardless of the tokenisation scheme deployed, they found that the best method was
to use a mapping tool alongside a language model and to adjust the concatenation as a
back-up. The mapping tool maps a tokenised sequence to the most probable
detokenisation form, drawing on a table learned from a corpus containing tokenised
words against observed detokenisation and their probability. Adjustments are basically
orthographic corrections made while concatenating segments by following a specified
set of rules. Al-Haj and Lavie (2012) made almost the same comparison but suggested
that the addition of a language model led to insignificant enhancements in accuracy at

greater computational cost.

There are often spelling variations throughout a corpus that need to be standardised.
In English this can be upper and lower case variations. In Arabic, these variations
usually fall into three classes: variations of Alef (Alef with Hamza above, Hamza below
or bare Alef), Yaa (dotted Ya with dotless Ya) and Altaa Almarbuta (sometimes
written as a Haa). There is also the problem of diacritics occasionally appearing in the
text. These inconsistencies cause many problems in NLP tasks such as sparseness in
language models (Heintz, 2014). Dictionary-based morphology analysers will fail to
find a corresponding analysis (Buckwalter, 2004) and cause a low recall in information
retrieval. Thus, a preprocessing step (normalisation) is often carried out to reduce
orthographic variation (Habash & Rambow, 2009). This is typically achieved by

removing diacritics and transforming variations of Alef and final Yaa into a single form.

2.5.3 Language Models and Machine Translation

Text generation can be broken down into stages: text planning, sentence planning and
finally surface (or tactical) realisation (Rambow et al., 2001). Text planning might be
important in some applications, such as dialogue systems where an input may require
the generation of several utterances. The sentence planning phase decides the abstract
syntactic structure. Determining the syntactic structure varies depending on the
application. For instance, in a dialogue system this can be guided by the
communication goal (Rambow et al., 2001), while in image captioning it can be limited
to a specific form such as declarative present-tense syntactic structures (Mitchell et al.,
2012). Finally, the surface realiser uses the abstract structure to generate a meaningful
sentence by ordering words, adding function words, and generating the relevant
morphological form of each word. Surface realisation can be achieved using templates
(Mitchell et al., 2012; Yang et al., 2011), but the resulting system may be limited in
coverage. It can also be implemented as a rule-based system using grammar formalism
(Elhadad & Robin, 1996). However, rule-based systems require detailed input

specifications and are unable to handle missing data. Some overcome this issue by
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making use of statistical data to find the best generated output (Langkilde & Knight,
1998).

Alternatively, realisation can be approached statistically using language models built
using a corpus (Mairesse & Young, 2014; Oh & Rudnicky, 2002). The language model
is used alongside a search algorithm to find the best sentence among different possible
hypotheses, given the input and possibly some heuristics that limits the space of
possible hypotheses. This approach of text generation is used as part of the statistical
machine translation framework (Koehn, 2009; Lopez, 2008) where the input is possible
translation phrases or words and the output is a sentence that is fluent and adequately
covers the source sentence. The same concept is also followed in neural machine
translation (Koehn, 2020), but the text generated is based on a source sentence
directly, rather than translating segments and then stitching them together. Language
model-based generation have also been used in generating text given symbols (Sevens
et al., 2015b; Vandeghinste et al., 2018; Waller & Jack, 2002).

Language models assign probabilities to sequences of words and these are an essential
component of many NLP tasks such as machine translation (MT), speech recognition,
and spelling correction (Rosenfeld, 2000). The model needs a corpus to be built but no
annotation is necessary. The model estimates the probability of a word ‘w’ given a
history ‘h’ P(w|h). A history is the preceding words (a special start symbol is used
when predicting the first word). The probability of a sentence is approximated by
making use of the Markov assumption which proposes that the probability of an event
depends on recent history (or the last few words) (Markov, 1954). This was important
to overcome memory limitations and to generalise the unseen language that is not

captured by the corpus.

The probability of a sentence is approximated by calculating the joint probability of
words conditioned by recent history 1-4 words (bigram - five-gram model). The
probability is calculated using the maximum likelihood estimation by collecting counts
of sequences of n words from a given corpus. A problem arises when an unseen word,
which yields a zero-probability, makes the whole sentence have zero probability.
Researchers have tackled this problem by giving some probability to unknown words
(Chen & Goodman, 1999; Kneser & Ney, 1995). There are various ways of obtaining
such a probability, known as probability smoothing, which is beyond the scope of this
research. Interpolated Kneser-Ney smoothing is the most widely used method (Brants
et al., 2007). To tackle unseen sequences, it combines the n-gram model with all
lower-order n-gram models in addition to a weighted uniform distribution that includes
the unknown token (Chen & Goodman, 1999). The corpus needs to be large and

match the domain.

However, statistical language models are unable to capture long term dependency, in

other words they are unaware of words that occurred before the n-1 words which may
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be a key in predicting the next word. Another issue is they are not able to generalise
by making use of similarity between words beyond observed sequences. This causes
issues with highly morphological languages, due their sparse counts as a result of their

larger vocabulary.

Researchers have suggested methods to make these models more general, such as a
class-based language model (Brown et al., 1992), which is based on word clusters.
Another example is the factored language models (Bilmes & Kirchhoff, 2003), which
make use of multiple levels of linguistic information per token and is especially helpful
for highly morphological languages (Kirchhoff et al., 2006; Novais & Paraboni, 2012).

However, statistical language models have been replaced with neural-based models
(Bengio et al., 2003; Mikolov et al., 2011), with many different architectures.
Recurrent neural network (RNN) based language models have shown to significantly
outperform statistical models. Chelba et al. (2014) showed that RNN language models
(Mikolov et al., 2011; Pascanu et al., 2013) outperformed statistical language models
even when trained over a one billion word corpus. RNN is a neural network that
sequentially reads a variable length of tokens. This is achieved by passing accumulated
information from one step to the next (e.g. each step reads one word). Theoretically
this can be repeated infinitely, resolving the long dependency issue that was a problem
with statistical language models. The network is trained to predict the next word by

adjusting weights to minimize the loss.

A probability distribution can be simulated by applying a SoftMax function over the
output. However, RNN is a simple sequence model that suffers from memory issues,
especially for long sequences. Other RNN variants with improved memory have been
used, such as LSTM (Schmidhuber, 1997) and GRU (Cho, van Merriénboer, Gulcehre,
et al., 2014). In some situations, bidirectional sequence models are used, which
combine two sequence models: one reads a text from left to right and the other from
right to left (Schuster & Paliwal, 1997). This allows information about both the left
and right context to be available for any word. It also provides a stronger coverage for
the whole sentence. Additionally, several networks can be stacked to form what is
known as deep learning models, which have shown further improvements (Pascanu

et al., 2014). The power of linguistic neural-based models have not yet been exploited

in symbol translation AAC.

Language models are essential but they are not sufficient for text generation. For
instance, Sevens et al. (2015b) used a process responsible of adding function words and
a reverse lemmatizer to generate hypotheses. However, the approach in which machine
translation has been addressed seem to offer a better, cleaner solution. Machine
translation has been approached using statistical methods (Brown et al., 1988; Koehn
et al., 2003) and later using neural networks (Cho, van Merriénboer, Bahdanau, et al.,

2014). The statistical approach of several components and many variants have been
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proposed. The phrase-based model (Koehn et al., 2003) was widely accepted before
being replaced by neural methods. It depends mainly on three components: a language
model built from a corpus in the target language, a phrase translation model that is
extracted from a parallel corpus, and a decoder. Using a phrase model (sequence of
tokens), as opposed to a word model, has resulted in significant improvements. This is
not surprising since translating single words in isolation will introduce additional
translations into the set of hypotheses that do not match the context and miss less
likely translations that do match the context. Translation requires awareness of the

context, which makes translating symbol glosses automatically prone to errors.

The Encoder—Decoder approach to machine translation (Cho, van Merriénboer,
Bahdanau, et al., 2014), uses a neural network with two sequences, an input sequence
that is fully read in order to generate the output sequence. The architecture is
composed of two main parts: one that encodes the input into a single vector, and the
second receives the encoded input to generate the output. This approach has been
successfully used in tasks such as image captioning (Vinyals et al., 2015),
question-answering, and translation (Cho, van Merriénboer, Bahdanau, et al., 2014).
The model has been improved by adding an attention model (Bahdanau et al., 2015)
that allows the decoder to focus on certain segments of the input in addition to the

encoded vector.

Vaswani et al. (2017) later discovered that attention is actually sufficient and a new
architecture emerged known as the Transformer that achieved higher accuracy. This
new architecture is more efficient to train compared with RNN models, especially when
the text length is less than the number of dimensions. Transformer, instead of
sequentially reading one word at a time, reads all input tokens at once, considering
their word positions. It also has multi-headed attention that may be the key to the
increased accuracy, by allowing awareness of different features. As a result,
transformers became a good alternative for recurrent based models. Progress has been
made since 2017 and several similar models have emerged. BERT is a stack of
transformers (Devlin et al., 2019). Two variations in size were explored (12 and 24
transformers). The model was trained in two phases: first to understand the language,
and then trained (or fine-tuned ) on a specific task. In the first phase, they were
trained on two tasks, masked language prediction and sentence prediction. Their
intuition was to allow the model to understand language before training on a specific
task.

Regardless of the model used, the process will sequentially generate the probability
distribution over the vocabulary. The final sequence of words can be the most probable
token for each step, i.e. greedy decoding, but this has not always produced optimal
results (Gu et al., 2017). Alternatively, beam search can be used, which keeps the top

k sequences or hypotheses as it progressively reaches the end token. The choice of k
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may have unexpected effects in neural nets. Britz et al. (2017) found that increasing

the beam width beyond 10 resulted in a lower accuracy.

There has been lots of progress in data based methods in MT and many technical
options, but the essential requirement for them all is data. For the current research, a
corpus is needed covering both Arabic and a pictograph symbol set. Such a corpus
needs to be large to be useful. Irvine and Callison-Burch (2013) showed that the size of

training data correlates with accuracy.

2.5.4 Computer Vision

Symbols are image files that are associated with glosses. Glosses are isolated words
with no textual context and as a result remain ambiguous. As mentioned earlier, some
symbol sets are provided with glosses in more than one language which can be useful
in disambiguation. Yet, the content of the image is a key in gloss disambiguation. As a
result, researchers have opted to manually link symbols to entries in a dictionary.
However, it remains unknown whether the visual content of pictorial symbols can be
useful in gloss disambiguation. For instance, identifying visually similar symbols and
retrieving their associated glosses may provide some textual context for
disambiguation. Computer vision research yields many methods that can be used to

calculate visual similarity between two symbols.

2.5.4.1 Colour

Colour distribution within an image has been used as a feature for image search
engines. It is a simple representation based on the distribution of colour over pixels
without considering their spatial location. It was among the earliest features used for
image retrieval. However, usually the number of colours is very large, which makes
comparing the colour distribution of two images challenging. This can be handled
using colour quantization, which limits the colour space and avoids sensitivity to
insignificant colour variation. Several methods have been used to compare colour
histograms and the Euclidean distance algorithm appears to be one of the most used
methods. This process involves a bin-by-bin comparison (grouped data with equal
width in a histogram). Consequently, with fine-grained colour space, two closely
similar colours might exist in two different bins and will be considered different

regardless of the closeness of their actual values or similarity to the human eye.

Coarse-grained colour space may combine two colours that are perceptually different in
one bin. Instead, a cross-bin comparison can overcome such a problem. Rubner et al.
(2000) argued that Earth Mover Distance (EMD) outperforms other cross-bin methods.

This avoids the need for a fixed set of colour bins and instead generates a compact
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colour distribution of an image by clustering colours in each image independently.
EMD was used with Euclidean distance and can be used in image retrieval systems.
The method is also able to detect partial matches. Other colour comparison methods
can be made using colour moments (Stricker & Orengo, 1995), and colour correlogram

(Huang et al., 1997) which considers the spatial correlation of colours.

A specific colour can be represented by the magnitude of three channels: red, green
and blue. Such a representation is referred to as RGB. RGB suffers from a perceptual
non-uniformity which affects Euclidian distances between colour points Tkalcic and
Tasic, 2003. Apart from RGB, various colour spaces have been suggested by experts.
Rubner et al. (2000) suggested using LAB colour space, since the spatial distance

between points in LAB are designed to better match human perception.

However, identifying similar symbols based on colour alone may not result in
semantically similar symbols. For instance, the symbol for ’orange’ the one
representing the fruit and the other representing the colour can not be distinguished

based on colour alone. Therefore, similarity based on shape is also needed.

2.5.5  Local Descriptors

Local descriptors aim to identify interesting local areas and generate a vector that
compactly describes these sub-areas, so that two perceptually similar areas will
correspond to two spatially nearby vectors. Many local key descriptors have been
proposed. The most widely used method is SIF'T, which generates descriptors that are
robust against scale and orientation differences (Lowe, 2004). Wu et al. (2013) showed
that SIFT outperformed other key descriptors in scale and rotation. Although
neural-based methods have dominated computer vision in recent years, SIFT remains

useful in some situations (Zheng et al., 2018).

The algorithm search for interesting areas in the image then encodes a description in a
vector. The algorithm searches for potential points by comparing the oriented
gradients over multiple Gaussian smoothing degrees. Candidates are points that are
local extrema (maximum and minimum values). The search is repeated over multiple
scales. Candidates that have low contrast or are near the edges are discarded. The
local area (16 by 16) is segmented into a 4 by 4 grid, and 8-bin histogram of directed
gradients is generated for each cell resulting in a 128-dimension vector. Main
orientation is determined so that other orientations are computed with respect to it.
Multiple descriptors may be generated for the same area if more than one sigificant
orientation is found. Directed gradients are weighted, giving lower weights to points
that are far from the centre. The resulting vector is modified to make it less sensitive

to illumination changes.
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A single image will have a number of interesting areas encoded as vectors. Two images
are compared by calculating the number of similar descriptors irrespective of their
position, rotation or scale. Similarity is determined by calculating the Euclidean
distance and finding the nearest match. Lowe (2004) suggested a test to reduce the
number of false matches. However, even matched key points will often contain many
false matches. A common filtering technique is using Random sample consensus
(RANSAC) (Fischler & Bolles, 1981). RANSAC attempts to find the largest subset of
matching points that fits a geometric model, and considers other points as outliers.
RANSAC may fail when the number of false matches is greater than true matches
(Lowe, 2004).

SIFT is a successful method used in many problems such as object recognition and
image stitching. It appears to have some potential for identifying similar symbols.
However, SIFT will fail if no sophisticated area is found in a symbol. In some cases, it
may be useful compare the whole symbol, although it has some limitations, against

another rather than local areas.

2.5.5.1 Global Descriptor

Histogram of Oriented Gradients (HOG) (Dalal & Triggs, 2005) is a descriptor similar
to SIFT described above, but is derived from the distribution of the directions of the
gradients. It is considered a global descriptor generated by segmenting the area
covered into cells and a window slides over a block of cells with some overlap. Each
covered block will produce a normalized histogram of nine bins. The histograms are
concatenated so that a single vector represents the whole area. In contrast to SIFT, no
normalisation is used for the orientations. HOG was shown to be successful in a
pedestrian detection task (Dalal & Triggs, 2005). It was used by sliding a window over
an image and a HOG descriptor was generated for each covered area. HOG is rotation
invariant. However, it was not an issue in the given task since people appear in an
upright position. To overcome object scale variation, the process was repeated over
different fixed-size batches extracted from multiple scales of the image (Dalal et al.,
2006). The resulting vector was fed into an SVM classifier.

SIFT (2.5.5) and HOG (2.5.5.1) both seem promising and they do not require any
training data. They can be used to find visually similar symbols for any given symbol
that may be expressing a semantically similar concept. Such knowledge can be
exploited in disambiguating associated glosses. Other computer vision techniques make
use of machine learning techniques and require a large set of training data. However,
traditional methods were appealing when examining communication pictographic
symbols due to the significant difference between these symbols and training images

used to develop deep learning object recognition classifiers. Also, symbols in the same
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set may have some common visual elements between semantically-related symbols that

can be easy to identify using traditional methods.

An examination of the content of the ARASAAC symbol set will be carried out and
described in the next chapter (chapter 3). The following section focuses on textual
data.

2.6 Data

2.6.1 Corpus

Developing NLP tasks requires the availability of data that matches the domain,
whether for training, for testing, or to understand the domain. AAC researchers often
use a core vocabulary list (Balandin & Iacono, 1999; Banajee et al., 2003; Marvin

et al., 1994). These lists are words that are frequent, used in many contexts, and cover
the basic needs for communication Beukelman and Mirenda (2013) and Fallon et al.
(2001). The word lists are largely made up of pronouns, verbs, conjunctions,
interjections, prepositions, adverbs, and adjectives, rather than nouns (Renvall et al.,
2013; Witkowski & Baker, 2012).

Another list of words is common among young learners, gathered by parents and
caregivers, such as The American English The MacArthur-Bates Communicative
Development Inventories (MB-CDIs) (Dale & Fenson, 1996; Fenson et al., 1993). Such
a list includes more nouns compared to lists of core vocabularies and includes animal
sounds and sound effects (Laubscher & Light, 2020). However, neither lists are ‘one
size fits all’, but can be tailored to the individual, their situation, and the task in hand.
In English, the core vocabulary have been published for different age groups, for
example toddlers, pre-school, school age, young adults, adults, and older adults.
Multiple factors play a role in selecting a suitable vocabulary for a user, but very little
has been discussed about the differences in core vocabularies for different languages.
Baker et al. (2000) claimed that AAC core vocabularies are similar across a series of
European languages. AAC devices often cover these lists of core vocabularies (Cannon
& Edmond, 2009). Although these lists are important and may be sufficient for symbol

sets developers, they are not enough for an AAC system or application.

To be able to for example build language models, there is a need for sentences rather
than isolated words. ‘Small talk’ from typical speakers has been collected in order to
understand the importance and role it has in a conversation (King et al., 1995). Small
talk refers to utterances that do not carry content, but have certain functions in
conversation, such as “Politeness markers” (e.g. thanks, you're welcome, please). The
average length of phrases has been found to be 2.5 words, but the majority are made

up of one to two words. These phrases have been classified into a set of categories such
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as “Repetition Requests or Personal/Social Questions”. King et al. (1995) found that
these phrases are different for each age group. They found that they make up 26% to
39% of a conversation for adults, depending on their age group. Ball et al. (1999)
carried out a similar experiment with children and found “generic talk” or small talk
was 48%. These findings highlight the importance of having a conversational corpus
when developing an AAC system. However, these collected lists are often short and

insufficient for use as training data.

Finding a corpus for a particular language which is suitable for an AAC setting is a
challenge. For instance, the Brown corpus was found to provide irrelevant statistics
that did not match the needs of the target group ‘children using AAC,” while building
a joke generator (Manurung et al., 2006). In an attempt to solve this problem,
Vertanen and Kristensson (2011) created a corpus of messages by asking participants,
through a crowdsourcing platform, to imagine being able to communicate through
AAC. To ensure quality, participants had to contribute a message, but also had to
review someone else’s contribution. The resulting set of messages were then used to
collect similar ones from different social media platforms. The model for collecting the
corpus was said to “significantly outperform models trained on the commonly used
data sources of telephone transcripts and newswire text”. Black, Waller, Turner, et al.
(2012) used a small corpus while developing a system that aimed to support
conversational personal storytelling targeting AAC children. The corpus was collected
from typical children, who wrote their personal narratives, and was used for the text
generation component to capture the writing style. Vandeghinste et al. (2017) used a
corpus of Dutch messages developed for a platform designed for users with cognitive
disability, which was used to test and tune text to symbols and symbol to text systems
as part of an AAC Dutch system. The corpus of over 69,000 messages was available,
with an average length of 7.7 words. However, the majority of these messages could be
considered as noise, as only a small number of messages were actually used. Precisely

186 messages were used as a development set and 50 messages were used for evaluation.

However, some pre-existing corpora may be suitable for AAC. Wiegand and Patel
(2012a) used a corpus of personal blogs in a search for informal text. The corpus was
used to build a prediction system to provide “automatic message expansion to generate
syntactically correct messages” in English, although, once again, the output did not
always produce the accuracy required. Nevertheless, a conversational corpus is better
match to the task of face-to-face communication. For instance, the Spoken British
National Corpus 2014 (Love et al., 2017) appears to be a good candidate since it is a
collection of transcribed spontaneous conversations that occurred in an informal
context, spoken by participants covering diverse demographic categories such as age,
gender and socio-economic status. Mitchell and Sproat (2012) used a corpus of
transcribed dialogues for an American show to build a response prediction system

targeting AAC users. They justified their choice by pointing out that it was a large
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corpus, composed of conversations occurring between pairs of individuals who were

familiar with each other.

Waller et al. (2005) emphasised the importance of having an AAC user involved when
designing an AAC system. It is also important to have a corpus of genuine AAC
messages when designing AAC components that require textual data. Although a
general conversational corpus might be useful for developing an AAC system, a
genuine AAC corpus is needed to test a developed system or for fine tuning a system,
and to be aware of the user’s needs. For instance, the collected messages written by
individuals with special needs contained spelling errors (Vandeghinste et al., 2017),
which developers may forget about when developing AAC systems, but such a system
needs to be robust against these errors. However, a genuine AAC corpus does not exist

and needs attention in the near future.

Other languages are often behind English in terms of publicly available NLP resources.
It is not surprising it is difficult to find a relevant corpus for Arabic. This is especially
true given the large variety of spoken dialects that are often used in informal sittings.
Thus, collecting a corpus of textual messages from social media, as in Vertanen and
Kristensson (2011), may not result in a consistent set of messages in a single dialect.
Corpora constructed from newswire are often used in Arabic NLP, such as the data
collected from multiple news agencies which were used in developing the PADT (Hajic
et al., 2004) and PATB Maamouri et al. (2004). However, these were not relevant for
use in AAC, since they do not match the target domain. They lack the important
“small talk” for establishing and maintaining a conversation. Fortunately, a corpus of
movie subtitles exists covering Arabic, as well as many other languages (Lison &
Tiedemann, 2016). This might be the best currently available resource for
conversational MSA Arabic. It is similar to research done in English (Mitchell &
Sproat, 2012).

Having a relevant corpus is an essential step toward building an AAC system that
makes use of the latest technology. However, a raw corpus may not be sufficient. As
mentioned in section 2.5, several annotation is needed to tag a corpus with symbols.
These annotations are normally carried out manually which can be expensive.
Alternatively, an automatic approach using some source of knowledge have been

undertaken.

2.6.2 Training Data

The lack of training data is a common problem in NLP research and researchers have
looked for ways to address this problem. For instance, in machine translation,
researchers have attempted to address the absence of a parallel corpus by using a

third, pivot, language. This approach requires the availability of two bilingual parallel
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corpora, both covering the pivot language and each covering one of the pair of
languages of interest. Habash and Hu (2009) explored the potential of using English as
a pivot language while translating between Arabic and Chinese. The approach worked
well and also outperformed direct translation. The idea of using an additional

language to create training data has been done in other tasks as well.

The problem of insufficient data has always been a concern in word sense
disambiguation, referred to as the “knowledge acquisition bottleneck” (Gale et al.,
1992; Navigli, 2009). Developing a tagged corpus requires hiring experts and takes
time to complete, which is expensive. However, these expenses have been avoided by
automatically tagging a corpus with senses using another aligned language, to create
training data that is needed to develop a WSD classifier (Diab et al., 2004; Diab &
Resnik, 2002; Tufis et al., 2005; Zhong & Ng, 2010). Brown et al. (1991) published one
of the earliest WSD experiments that made use of a parallel corpus for sense
disambiguation. Church and Gale (1991) highlighted the availability of a parallel
corpus as a valuable resource in WSD. Diab et al. (2004) and Diab and Resnik (2002)
exploited a parallel text to create training data that can be used for both languages.
They collected a set of all target words that had been aligned to a single word-form in
the source throughout the corpus. Words in a set are disambiguated by choosing the
semantically nearest sense with respect to other words in the same set. This knowledge
can be then used to tag words in both languages. Testing the English, showed that this
approach was better than most of the other, unsupervised, methods. However,

evaluations focused on nouns.

Ide et al. (2002) used aligned corpora covering multiple European languages and
aligned sense inventories covering the same set of languages. Using word alignment, a
pair of aligned words are assigned to the corresponding aligned senses when possible or
the nearest pair of senses if no aligned senses are found. If multiple senses ar found,
the most frequent sense is chosen. The remaining uncovered words are disambiguated
using the common sense in their cluster. They concluded that automatic tagging was
found to be as good as manual tagging. English and Chinese parallel text was also
used to augment available training data, with additional data covering the most
frequent ambiguous words to train the SVM classifier, which has yielded encouraging
results (Zhong & Ng, 2010).

Parallel corpora were shown useful in projecting other linguistic information from one
language to another. Yarowsky et al. (2001) proposed a system that projects NLP
analyses, such as part of speech tags, from one language to another. The results were
successful. For example, they achieved a 99% lemmatization accuracy for French using
an English parallel text as a source of analyses. Rogati et al. (2003) used a parallel
text to train an Arabic stemmer and showed high agreement with a state of the art

Arabic stemmer. These findings suggest that parallel text, once available, can be a
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valuable resource for automatic annotation and especially for generating a corpus

annotated with symbols.

2.7 Conclusion

Contributions in the field of AAC do not need to be focused on a full system or a
specific communication task, but can also address specific linguistic tasks. Clearly, for
AAC to be useful for an individual, it needs to support the spoken language of their
community. There is lots of potential in recent NLP approaches that AAC researchers
have not yet explored. However, the main issue is that recent methods require a large

body of data, which may be hard to find, collect or create.

This review has shown that an AAC software in general, and symbol AAC systems in
particular, developed for one language cannot be effortlessly used with another
language. The amount of work depends on several factors, such as the sophistication of
the target language processing, as well as the availability of linguistic resources.
Furthermore, data and tools need to be well suited to the domain. Tools such as
lemmatisation, part of speech tagging, and sense disambiguation are needed in

addition to relevant corpora.

The task of translating between text and symbols have been approached in several
ways and the task may seem reversible, but that is often not the case. Translating into
symbols requires sense disambiguation, while translating into text does not. However,
word sense disambiguation is not straightforward and is a research field in itself.
Pre-existing sense-taggers in other languages have been used to determine the relevant
symbol. Unfortunately, a reliable sense tagger is not available for MSA. Translating
into text, on the other hand, has been approached mainly using n-gram language
models. However, machine translation appear to be more suited to this problem by
undertaking the addition of missing words and reordering words. The task still

requires a relevant corpus and morphological analyser to synthesise a parallel corpus.

A corpus of genuine AAC messages is hard to find, but a corpus that is conversational
seems a good alternative. However, research in MSA has often made use of newswire
data which does not match the target domain. This is problematic since the corpus
requires multiple levels of annotation and manual annotation can be expensive.
However, automatic annotation is appealing and has been used with other NLP tasks.
It would allow the generation of a tagged corpus for any spoken language and symbol
set, given the availability of a parallel corpus that covered the target language as well

as any other language that is well supported with NLP tools.

MSA is a rich morphological language often written with no diacritics. This increases

the ambiguity of words, which can be a challenge for the morphological analysis
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required. Morphological analysis is important since it is a key in identifying the
lemma, the part of speech tag, and diacritics. Diacritics are needed to ensure plausible
synthesised speech. Identifying the lemma and part of speech reduces the ambiguity
significantly. Also, word disambiguation is essential for reducing any further ambiguity

to determine relevant symbol matches.

Finally, solutions to this problem span many research areas within Natural Language
Processing (NLP), such as machine translation (MT), Text Generation, Word sense
disambiguation (WSD), Part of speech (POS) tagging, and lemmatisation.
Additionally, since symbols are images, a few computer vision techniques have to be

considered.

2.8 This Thesis

The problem of translating between AAC pictographic symbols and MSA text is the
main interest of this research. The literature described in this chapter addressing this
problem (2.3) has made use of pre-existing tools, such as word sense disambiguation
tools, that may not be available in other languages or, if available, do not cover the
vocabulary that is covered by the symbol set. In order to overcome the lack of tools,
the approach undertaken by this research is to annotate a corpus with the required
data. The annotations will be generated automatically by making use of available
translations in other languages to overcome text ambiguities. The resulting tagged
corpus can be used with tools available as part of a machine learning library such as
Pytorch (Paszke et al., 2019).

Furthermore, the visual content of symbols that are part of the symbol set were
explored using SIFT and HOG to examine their potential in providing cues that can
be used to disambiguate the meaning of the associated gloss. The outcome of the
review shows that disambiguation can be used to further improve the tagging process.
The methodology by which the automatic tagging was carried out, and the visual

content, will be explored in chapter 4, after the chosen symbol set has been discussed.
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Chapter 3

Understanding Graphical Symbols for

Communication

Various graphical symbol sets have been designed for communication with different
purposes. One of the most commonly-used symbols globally are the health and safety
symbols published by the International Organisation for Standardisation (ISO)
(ISO__7010). These symbols have a concrete meaning, such as a fire hazard warning or
a no photography allowed policy (see Table 3.1). However, the type of symbols that
concerns this study are pictographic symbols designed specifically for human
communication to be used by people who struggle to use spoken or signed languages.
This chapter discusses some of the characteristics of these symbols as well as their
associated glosses. This study focuses on the ARASSAC symbol set, as representative
of other pictographic symbol sets, which was selected due to its size, open licence and
the wide range of language translations it has undergone over the years; it is also
well-maintained. Analysis of the ARASAAC symbol set is needed before using it as
part of any computational task, such as the provision of a corpus of annotated symbols
or a symbol recommendation system. The analysis could also be useful for AAC

professionals seeking further understanding on some aspects of the symbol set.

The term ‘symbol’ is defined by the Oxford English Dictionary as “A written character
or mark used to represent something; a letter, figure, or sign conventionally standing
for some object, process, etc.” A graphical symbol represents a concept through
strongly outlined, black and white or coloured drawings. A concept as defined by The
Cambridge Dictionary of Linguistics (Brown & Miller, 2013a) as “A mental
representation constructed from information about the surrounding world received and
processed by human beings”. For AAC purposes, the concepts that most graphical
symbol sets aim to cover are a person’s needs for daily communication in many

contexts.
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Emergency exit | Fire extinguisher | General warning sign | No photography

Table 3.1: Commonly used symbols (ISO 7010, 2019)

3.1 ARASAAC

The ARASAAC symbol set was created in Spain as part of a project funded by
Aragonese Government and is made available under a Creative Commons license. The
total number of image files collected from ARASAAC API (each with at least one gloss
in English or Spanish) was found to be 12,662 symbols . The creation date associated
with the symbols indicates that ARASAAC developers appear to have been actively
extending their symbol set since 2007 (Figure 3.1), which suggests that the symbols are

up-to-date and that the current gaps will be covered in the near future.

In terms of its depiction style, researchers have compared a few symbol sets to examine
their translucency “the degree to which individuals perceive a relationship between a
symbol and its referent when the referent is known” (Lloyd & Blischak, 1992), and
transparency “the degree to which the meaning of a symbol can be readily guessed in
the absence of the referent” (Lloyd & Blischak, 1992). Variations in translucency and
transparency were found between symbol sets (Bloomberg et al., 1990; Mirenda &
Locke, 1989; Mizuko, 1987). However, no empirical studies have compared ARASAAC
symbols to other symbol sets. However, the depiction of tangible or physical objects
highly resembled their referents and the set is pictographically similar to Picture
Communication Symbols (PCS), which was found more translucent (Bloomberg et al.,
1990) and transparent (Mirenda & Locke, 1989) than some other sets.

The open licence, the size of the symbol set, the continuous development, and the
depiction style, have all motivated the decision to choose ARASAAC throughout this
research. Table 3.2 shows a sample of ARASAAC symbols with their associated glosses
(multiple glosses are separated with a comma). In this chapter the term symbol is used

to refer to an instance of ARASAAC symbols unless explicitly stated otherwise.

Few studies have made use of ARASAAC. It appears that one of the earliest papers
that made use of the symbol set was as a “pictogram-based instant messaging service
that is intended to bridge the social and digital gap of people with cognitive
impairments” (Tuset et al., 2010). ARASAAC was also one of the symbol sets used in

the Concept Coding Framework (CCF) which was developed to map between several

ILast updated 11 June 2020
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number of created symbols
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Figure 3.1: The number of ARASAAC symbols developed by year

wpt | [

put goodies, sweets, candies full

& &

74, seventy-four Austria What do you have?

Table 3.2: A sample of ARASAAC symbols with their associated glosses

trilobite vertebrate | Murray River

Table 3.3: Examples of symbols representing advanced concepts

symbol sets and lexicons covering a few spoken languages (Lundélv & Derbring,
2012a). It was additionally used as a baseline while developing a localised Arabic
symbol set for a Qatari Assistive Technology Centre (Draffan, Wald, Halabi, Kadous,
et al., 2015). However, there do not appear to be any publications that specifically
detail aspects of the visual and linguistic attributes of this graphical symbol set that
have an impact on symbol to text and text to symbol translations. The only discussion
found in this area was related to the ‘reliability and validity’ of ARASAAC symbols,
based on responses from 219 students from the University of Jaén in Spain who were
not AAC users (Paolieri & Marful, 2018).
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apple past To be

Table 3.4: Symbols in different classes: an icon; an index; a symbol; another symbol

3.1.1 Graphical Content

ARASAAC symbols are two-dimensional simple drawings which may be coloured, in
addition to a black and white version. Peirce’s theory of signs (The Cambridge
Companion to Peirce, 2004, p. 8) suggests that signs can be classified into icons,
indices and symbols, based on their type of relationship with the object they refer to.
Icons are signs that resemble their related object. Indices are signs that are related
indirectly to their object by depicting a cause or an outcome. Symbols are related by

either a rule or habit.

An examination of ARASAAC symbols suggests that the set covers all three classes,
i.e. icons, symbols and indices (Table 3.4). The symbol of an apple is an icon since it
resembles its physical object. An symbol of a person sweating in bed with a
thermometer in her mouth is designed to represent the concept ‘fever’ or ‘temperature’
depending on the language, and is an index. An image designed to represent the
concept ‘past’, which is depicted using an arrow pointing anti-clockwise can be
considered a symbol sign. A depiction of a hand sign to convey the concept ‘to be’ is

another example of a symbol sign.

However, the use of the term “symbol” in the theory of signs may conflict with its use
in the AAC domain where it is used to refer to a graphical representation that has
been created/used for communication, regardless of the type of relationship with its
referent. This issue was also pointed out by Lloyd and Blischak (1992). However, the
use of the word symbol throughout this research will follow AAC community usage.
Such a distinction between the depiction type of these symbols may have an impact on
processes that make use of the visual content. For instance, images that contain icons
may benefit from some pre-trained computer vision models, but images with symbols

may not since their content differs from mainstream images.

3.1.2 Associated Glosses

A symbol set is often not a bare set of image files but rather supplemented with
glosses. The glosses are words in some spoken language that express the same meaning

as the pictographic symbol. These glosses are expected to cover the core spoken
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number of associated glosses | Percentage of symbol set
1 66.50

23.99

6.51

1.98

0.75

0.16

0.07

0.02

12 0.01

CO g O Ui Wi

Table 3.5: The number of glosses associated with each symbol

(a) (b)

‘school table’, ‘school | ‘forbidden’, ‘forbid’ ‘hands to your shoul-
desk’ ders’, ‘physical educa-
tion’

Table 3.6: Symbols with more than one gloss

language lexicon. Examining the English glosses for ARASAAC symbols, it was found
that most associated glosses were one word long, but some glosses ranged from two to
nine words. The number of glosses associated with each symbol also varies. The
majority of symbols (66.5%) in the set at the time of the analysis were associated with
one gloss. 24% of the symbols were associated with two glosses. The remaining 9.5%
had more than two glosses (Table 3.5). An additional gloss may have different
purposes. It may be a synonym as in Table 3.6 (a). It may be a morphological
variation in another part of speech class such as ‘forbid” and ‘forbidden’ (b). It may

act as a topic or category such as the gloss ‘physical education’ shown in (c).

Glosses are important for people who are not familiar with a specific set since symbols
are not always recognisable (Mirenda & Locke, 1989; Mizuko, 1987). Glosses are also
essential for some computational tasks such as symbol retrieval and translating between
symbol and text. However, glosses alone are not sufficient for translation due to word

ambiguity. Also, glosses need to be translated into the local language to be useful.

3.1.3 Parts of Speech or Word Classes

Associated glosses fall into various part of speech classes. Many glosses are common
nouns which include for instance colours, fruits, vegetables and body parts. The set

also includes verbs and actions which are usually depicted using an actor, i.e. human
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and a common object such as a person opening a door, to illustrate the concept ‘open’.
Among the glosses are descriptors, such as symbols for describing size, order and
feelings. Also, participles which act as adjectives are included, e.g. ironed. Pronouns
are also covered and are illustrated using human figures with attention to their gender.
Prepositions are also in the set and are illustrated using abstract shapes and arrows.
Also, plain characters and numbers are included. Finally, utterances such as i.e. “what

do you have?” are associated with few symbols.

The majority of the glosses provided are assigned a class indicating its linguistic
category. There are five classes. One class covers proper nouns and pronouns (class 1).
Common nouns and verbs are each assigned their own class (class 2 and class 3
respectively). Adjectives and adverb are combined into one class (class 4). the last
class is assigned to phrases (class 5). An additional class (class 6) is assigned to all
remaining glosses that either do not fall in any of the five classes such as letters,
numbers and prepositions or to glosses that have been entered with no explicit class
(e.g. second is labelled with class 6 rather than class 4). A sample of symbols for each
word class is shown in Table 3.7. A distribution of symbols between word classes is
shown in Table 3.8. Common nouns make up the majority of the symbol set, which
contradicts the idea of focusing on core vocabulary lists (Renvall et al., 2013;
Witkowski & Baker, 2012). Cannon and Edmond (2009) suggested that this might be
because they are easier to represent. However, it is important to have a good coverage

of nouns since they are essential for expressing and understanding various concepts.

The classification provided is coarse compared to English part of speech classes.
Nevertheless, it allows discrimination between certain part of speech classes such as
noun vs. adjectives. Such a classification is useful for gloss disambiguation (Wilks &
Stevenson, 1998). For instance, knowing that a symbol associated with the gloss
‘orange’ is assigned the modifiers class will be evidence that the symbol refers to the
colour rather than the fruit. However, the classification should be considered with
caution as a few errors have been observed that may have an impact on text to symbol

translation.

3.1.4 Synonymous Glosses

Although the ARASAAC set contains a large number of symbols, this does not
necessarily imply an equal number of concepts. Many concepts are represented in more
than one symbol, offering an alternative illustration some with only slight variations.
For example, the concept ‘learn to swim’ was illustrated through multiple symbols
with slight variations (Table 3.9). An additional example is the verb ‘open’, which was

illustrated in several symbols depicting the action with multiple objects.
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job throne tin opener exit
to reject to make a racket to roll up to recycle handcuff
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Table 3.7: A random sample of symbols for each word type

word type

number of glosses

O Tl W N =

772
11937
3442
1057
273
695

Table 3.8: The number of gloss and symbol pairs for each word type

N

e

enft

=

Table 3.9: Four different symbols for the concept “learn to swim”
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Table 3.10: Words having multiple representations (e.g. open)

-ﬁ-

Table 3.11: Some different human referent representations for the concept ‘teacher’

to teach

Table 3.12: Example of a concept represented only with stick figures

The different ways of depicting a person is yet another reason for multiple
representations of the same concept. Two representations for humans appear to be
considered by ARASAAC, a stick figure made of black lines and another more realistic
representation. Each of the two representations depicts male or female, adult or child
figures. This more often results in the same concept being depicted several times to
cover these various representations. Examples that illustrate this property are symbols
representing the concept ‘teacher’ (a subset is shown in Table 3.11). However, this
approach is not often maintained throughout the symbol set, as for instance, the
concept ‘teach’ which is depicted only using the stickman figure (Table 3.12). Having
many alternative symbols of the same concepts can cause issues for symbol tagging,
especially when a single symbol is preferred or required due to display size. Thus, a

mechanism that ranks several related symbol may be required.

The same gloss may be associated with more than one symbol but with an additional
modifier or object. For example 3.13 shows a symbol representing a shoe shop versus a
more general symbol representing a shop and another example showing a symbol of eat
versus eat dinner. This observation has several implications. For a text to symbol task,
this suggests that multiple words such as ‘eat dinner’ can be expressed either through

one symbol or two symbols one for ‘eat’ and another representing ‘dinner’. These
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ZAPATERIA

ﬁ?

Eat dinner eat

Table 3.13: Symbols that are very specific on the left, and that are more general on the
right

multi-word compositional glosses may also be problematic when linking symbols to a
lexicon since they will have no correspondence (see 2.3.2). As result, they may be
accidentally left out. In situations where a limited number of symbols is preferred, the

symbols with multi-word compositional glosses can be excluded.

3.1.5  Gloss Morphology

The majority of glosses are in their base form. However, two morphological inflections
were observed. Some nouns and adjectives were inflected for gender, which was seen in
the Spanish glosses since English do not inflect for gender. The gloss’s gender will
match the human figure in the corresponding symbol. As mentioned earlier this

increases the number of symbols per concept (section 3.1.4).

Plural forms of the glosses have also been included. The associated symbol is often the
same as the symbol associated with the corresponding singular form but with a
additional qualifier (+S) placed on the top right corner of the symbol (Table 3.14(a)).
Adding a plural marker appears to be a common practice among other symbol sets,
e.g. the Widgit symbol set (Pampoulou & Detheridge, 2007). However, this increases
the the number of image files with the same base content, and symbols with such a
marker are not readily distinguishable. Therefore, the addition of the marker should be
a dynamic process to avoid redundancy. Some exceptions have been seen in which the
symbol associated with a gloss in its plural form actually illustrates more than one
object (Table 3.14(b)).

Verbs are only in their base form and no morphological variations are captured.
However, English verbs are often proceeded by ‘to’, which may need to be removed to

avoid issues in some tasks such as the symbol look up function.
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(b)

Table 3.14: The handling of plurals

(a) (b)

8
*

glass crystal, glass | operation | operation,addition

Table 3.15: An example of symbols associated with irrelevant glosses

3.1.6 Ambiguous Glosses

Although the majority of symbols are associated with a single gloss, it is often
ambiguous, having more the one possible meaning. There is often no contextual data
provided with each symbol that can help in disambiguating the associated gloss.

Table 3.15 shows examples of symbols sharing a gloss but with different senses; (a) two
symbols sharing the gloss ‘glass’, while (b) shows two symbols sharing the gloss
‘operation’. In some cases, only one sense is covered in symbol set among many senses
a word may have. For instance, ‘second’ a unit of time is not part of the symbol set,
while ‘second’ as an adjective is covered (Table 3.16). Thus a gloss appearing only once

in the set does not mean it is monosemous — having only one meaning.

Gloss ambiguity is a major issue that concerns symbol tagging and needs to be
resolved in advance of use. Ambiguity can be resolved by manually linking symbols to
an ontology (2.3.2) or, for instance, adding additional glosses and semantic tags as part
of the development process. For example, the symbol for ‘operation’ in Table 3.15 has
an additional gloss ‘addition’ that helps to disambiguate its sense, while the other

symbol with a single gloss ‘operation’ remains ambiguous.
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it

Spanish: segundo / English: second

Table 3.16: Symbols associated with glosses in multiple languages

< AN

‘sheet’, ‘leaf’” | ‘bank’*, ‘bench’

Table 3.17: Example of symbols associated with irrelevant glosses

3.1.7 Gloss Translations

Translations of glosses in multiple languages might be included in some symbol sets. In
ARASAAC, associated glosses are mainly in Spanish, but also supplemented with
translations into other languages (with various degrees of coverage). English glosses
have been provided for nearly the full set. Unfortunately, a few symbols have an
inaccurate English gloss that is possibly the result of automatically translating an
ambiguous Spanish gloss. Two examples illustrate this issue, see Table 3.17. The first
example shows a leaf symbol with the gloss ‘sheet’, which may refer to a leaf in a book,
meaning ‘page’, but not to the leaves of a tree or plant as suggested by the symbol.
The second example shows a bench with the gloss ‘bank’, which could be a translation
inaccuracy due to the ambiguity of the Spanish word ‘banco’ that can be translated to
the English words ‘bank’ or ‘bench’, depending on the intended meaning. The correct
translations have been added but earlier incorrect translations remain in the database.
This suggests the importance of manual translation. The availability of translations
can be a valuable resource for disambiguation. However, the result is subject to the

accuracy of the translations provided.

3.1.8 Language Coverage

Symbols for some rather advanced topics have been seen in the symbol set such as a
symbol for “vertebrate” (Table 3.3). This suggests that the set might be designed to
cope with concepts that would be included in an educational setting as well as general

conversation.
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daddy - TV - pen - gentle - penny - off - asleep - stroller
- tonight - firetruck - not - peekaboo - later - night night
- airplane - owie/boo boo - thank you - mommy - pants -
people - hurry - raisin - sick - lunch - away - motorcycle -
shovel - cheerios - picture - patty cake - hi - naughty - play
pen - carrots - bump - kitty - cracker - refridgerator - back-
yard - grandma - babysitter - pool - potty - shh/shush /hush
- sleepy - child - bunny - down - shorts - yucky - diaper -
puppy - bye/byebye - crib - cookie - out - fine - trash - couch
- pajamas - careful - home - don’t - all gone - wanna/want
to

Table 3.18: Words not covered by ARASAAC glosses

The number of unique glosses in ARASAAC is 10,712. However, it is difficult to assess
the coverage. The American English early vocabulary list, called the MacArthur-Bates
Communicative Development Inventories (MB-CDIs) (Dale & Fenson, 1996; Fenson

et al., 1993)? was used to examine the coverage. The list contains 375 items, after
excluding the sound effects, animal sounds, people names specific to a child, and
removing redundancy. The majority of the list was covered in ARASAAC except for
the 65 items shown in Table 3.18. Some of the concepts covered by the list are actually
part of ARASAAC symbols but with another gloss such as dad vs. daddy , ill vs. sick.
Also, ARASAAC English glosses appear to be biased towards British English; for
instance, it has ‘aeroplane’ but not ‘airplane’. This may suggest the need for expanding
the number of glosses per symbol by adding all possible spelling variations and
synonyms. ARASAAC is already large, but a few core concepts remain absent and it is

hoped that they get covered in the near feature.

Additionally, lexicalized concepts vary across languages. Fellbaum and Vossen (2012)
pointed out the issue of lexical gaps that exist in natural languages, and that
languages differ in the concepts they lexicalise. This has caused problems when the
English WordNet was used as an index to combine other wordnets developed for other
languages. The author suggested that such a problem needed to be addressed by
constructing an ontology of concepts that is independent of any natural language.
Therefore, one needs to be aware of this fact when examining glosses that are
associated with ARASAAC symbols since its first language is Spanish. For instance,
the Spanish word ‘calzar’ as shown in Table 3.19 shows a concept that is lexicalised in
Spanish, but not in English. These examples suggest that the lexicon covered by
ARASAAC may be biased towards Spanish and could have gaps when used with other

languages.

2https://www.uh.edu/class/psychology/dchn /research/cognitive-development,/ docs/medigestures.
pdf


https://www.uh.edu/class/psychology/dcbn/research/cognitive-development/_docs/mcdigestures.pdf
https://www.uh.edu/class/psychology/dcbn/research/cognitive-development/_docs/mcdigestures.pdf
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7

En: to put one’s shoes on | En: fingers™*
Es: calzar Es: dedos

Table 3.19: Variation in lexicalised concepts between languages

3.2 Symbol Content Similarity

Symbols with similar graphical content have been noticed for symbols that convey
semantically-related concepts (Table 3.20) such as antonymic relationships between
adjectives or concepts related to the same topic. For example, symbols for ‘green’ and
‘orange’ both referring to colours are similarly drawn and both are consistent in shape,
size and position. Additionally, ‘first’ and ‘second’ symbols are very similar having
only slight variation; the position of the arrow and colour, while shape and position of
remaining parts are the same. The symbols for ‘happy’ and ‘sad’ although the
expressions are different, the shape, position and colour of the face are uniform. This is
a useful property that could be exploited using computer vision techniques to find
similar symbols automatically when considering symbol to text ambiguities. Knowing
similar symbols and accessing their associated glosses may provide contextual

information that can be exploited for disambiguation.

3.3 Symbol Markers

A few symbols have special elements positioned on the right top corner. These are
additional markers or qualifiers added to a symbol to denote a change or additional
meaning (as was described by the Widgit schema). Three markers were observed in
ARASAAC: a mark indicating pain, a health/medicine mark (red cross), and a mark
for plural glosses (+s), Table 3.21. Symbols with a specific marker can be identified
using computer vision techniques. For instance, automatically identifying medical
symbols by finding all symbols with a cross mark. Unfortunately, this was not found to
be a reliable indicator since many medical concepts did not have the cross mark. An
example is illustrated in Table 3.22 where one symbol is associated with a verb and the
other with a noun, but both express the concept ‘surgical operation’ Two
inconsistencies can be seen in this example. First, the presence of the red cross element
in one symbol, while it is absent in the other. Second, is the difference in colour. This
inconsistency makes it difficult to semantically identify these two symbols as similar,

which may pose challenges to identifying similar symbols automatically.
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Dark green

iei

First

Happy Sad

Table 3.20: Visual similarity between relevant concepts

+
\‘ ;@ )
a0
headache vitamins wheelchairs

Table 3.21: Symbols having a special element or qualifier

operate operation

Table 3.22: Symbols showing inconsistencies
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[CIMIX[STY S P

Saturday September | Finishing line

Table 3.23: Example of symbols containing text

%

&
)

race or running race play argue candidates

Table 3.24: Symbols containing human figures

3.3.1 Textual Content

Although symbols are mainly drawings, some contain textual elements embedded
within the depiction. These textual elements are expressed in the developers’ local
language (i.e. Spanish), and no modified representation is made for other languages.
This poses a challenge when using the symbol set with other languages. Thus,
translation is needed not only to the associated glosses but also the content of images.
Table 3.23 shows a number of symbols containing Spanish text. However, foreign text
is not the only challenge when using the symbol set with other communities; social

settings, religion, and other cultural aspects need to be considered.

3.3.2 Cultural Differences in Visual Representation

It can be hard for a single symbol set to adequately address all cultural variations.
The bias towards a certain community is noticeable in symbols through many aspects
such as the skin tone, hair colour, and the type of clothing. In the majority of symbols,
the human figure has a light skin tone and blonde or brown hair (Table 3.24). A
limited number of symbols (mainly a depiction of a single person) show variations in
colour (Table 3.25). Certainly, cultural differences are not limited to human figures.
For example, the concept ‘ambulance’, which has several forms in the symbol set,

shows variation and sensitivity of the graphical content of some concepts (Table 3.26)
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boy girl girl

Table 3.25: Some of the few symbols that show variation in colour

ST BT BT

Ambulance | Ambulance | Ambulance

Table 3.26: The concept ambulance informed by communities having different medical
symbols due to different religious backgrounds

3.4 Conclusion

The ARASAAC symbol set was reviewed and a number of observations reported. The
set is composed of thousands of symbols that are coloured drawings on a white
background depicting concrete and abstract concepts. These drawings can be classified
as icons, indices, or symbols, depending on the relationship between the drawing and
the referent. Each symbol is associated with a gloss and few symbols are associated

with more than one gloss.

Awareness of the gloss is a key to identify the intended meaning. However, these
glosses alone are not sufficient to computationally determine the exact sense. Other
information, such as word classes and translations, is available as part of the symbol
set and can be useful for automatic gloss disambiguation. Additionally, similarity

between related symbols was observed, which can be useful for disambiguation.

There can be multiple representations of the same concept. This may provide an
alternative representation that can be more relevant to the user or the context.
However, it also creates an issue for some tasks, such as tagging text with symbols
when only one symbol needs to be selected. Additionally, there is no way to
computationally identify whether two symbols that share the same gloss, also share the
same meaning. In some cases, the visual similarity can be an indication that they
express the same meaning. However, absence of similarity between two symbols does

not imply that they express different meanings.

Symbol sets may be biased towards a certain community. However, ARASAAC

appears to be addressing this matter by adding several representations of some
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concepts, but these are limited so far. The set appears to provide sufficient coverage to
satisfy this research. Others have aimed to fill in this gap by contributing
culturally-sensitive symbols (Draffan, Wald, Halabi, Kadous, et al., 2015), which can

be used alongside existing symbol sets.

Knowing these characteristics is important background for the methodology, which is

the focus of the next chapter.
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Chapter 4

Methodology

This research is interested in the task of tagging text with pictographic communication
symbols, and translating symbols to text from a language processing point of view.
Text tagging and machine translation are often approached using data based methods,
so the focus of this research is to address the absence of training data needed for the
development of a system that translates between communication symbols and text in
general, and Modern Standard Arabic (MSA) text in particular. The methodology
proposed in this chapter aims to answer the research question “Given the lack of a
manually tagged corpus, how can one automatically tag an Arabic corpus with relevant
communication symbols using a multilingual parallel corpus, that would be suitable for
building a system that translates text to symbols and symbols to text using data based
machine learning techniques?”. The approach followed avoids the need for manual
tagging by making use of a multi-lingual parallel corpus to determine the likely tags,

mainly symbols and lemmas, which are essential for the translation task.

The chapter begins by investigating the task of translating symbols to text and text to
symbols and what training data for each direction requires (section 4.1). It then
discusses the process of preparing the selected symbol set before carrying out the
tagging process (section 4.2). Next, it will describe the selected corpus, the
preprocessing steps that were carried out, an experiment that examines the relevancy
of that corpus, and a justification of such a choice (section 4.3). The chapter then
moves on to detail the approach followed in creating training data that involves
tagging with lemmas and symbols, as well as adding diacritics (section 4.4). Next, the
visual content of pictographic symbols is considered and the potential of knowing
similar symbols for gloss disambiguation is discussed, and then context awareness to
further improve tagging accuracy, and the description of an experiment that gave
insight into this matter (section 4.5). The chapter ends by describing the evaluation of

experiments carried out (section 4.6).
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4.1 Translation

A user may select a sequence of symbols and the task is to generate the corresponding
full textual message that conveys or approximates the same meaning. A user may also
receive a textual message and needs corresponding pictographic symbols to understand
it. Translating to and from symbols can be approached as a machine translation (MT)

problem.

MT is often handled using data based methods requiring a parallel corpus covering the
source and target languages. Thus, the corpus required by this study is MSA text and
AAC pictographic communication symbols. However, such a resource does not exist at
present and there only appear to be parallel corpora for pairs of natural languages such
as MSA and English. Nevertheless, a parallel corpus could be created by manually
translating an MSA corpus to pictographic symbols. However, the corpus needs to be
large to reach acceptable performance. For instance, the SemCOR, corpus, which has
been manually labelled with WordNet senses, was found to be too small to make use of
when considering statistical methods (Miller et al., 1993). Manually producing a large
corpus is expensive in terms of time and effort, as well as having the limitation of only

working with a specific symbol set.

Instead, the method chosen is an automatic tagging process, where the semantic
ambiguity of words in context is addressed. This ambiguity needs to be resolved or
minimised in order to automatically determine relevant symbols in addition to other
linguistic data for a given text. However, training data needed for translating from
text to symbols is not necessarily the same as the data needed for translating symbols

to text, as discussed in the following section.

4.1.1 Symbol to Text

As mentioned earlier, translating from symbols to text can be approached as an MT
problem. Ideally, training data should be made up of a large number of pairs, a
sequence of pictographic symbols and their corresponding fully-formed text. In
practice, the task does not require awareness of the pictographic symbols and, instead,
the associated glosses might be sufficient. Ignoring the visual element is beneficial since
it overcomes the lack of a symbol corpus. The resulting system will not be limited to
the current symbol set, and additional symbols can be added easily. Therefore, the
symbol to text problem was approached independently of any symbol set by using
glosses instead of symbols as the input to the translator component. This approach
has been followed by other researchers as well, but they did not highlight the impact of
ignoring the pictographic representations of symbols (Sevens et al., 2015b;
Vandeghinste et al., 2018; Waller & Jack, 2002).
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As a result, the task of symbol to text becomes a translation not from pictographic
symbols to text but rather from associated glosses to fully-formed text. The goal at
this point is to simulate such an input. As discussed in chapter 2.5.5, the majority of
glosses are single words in lemma form. Thus, the input message is likely to lack
morphological clues, as restricted by the symbol set or due to the user’s limited
literacy skills. Furthermore, pictographic symbols may be associated with more than
one gloss, and the relevant gloss needs to be determined given the context. There may
also be missing function words that are necessary for generating fluent text, and the
order of symbols — and in turn associated symbols — may not be consistent with the
target language (Sutton et al., 2000). Also, the input symbol message tends to be
shorter than similar face-to-face spoken utterances. Therefore, although each symbol
may be labelled with its corresponding traditional orthography, the sequence of labels
is far from a fluent sentence that can be spoken by a speech synthesizer, especially for

morphologically rich languages.

Characteristics of the symbol input message are summarised as follows.

1. The input are words in their lemma form with no morphological markers.
2. A symbol may be associated with more than one lemma.

3. Function words may not be part of the symbol message.

4. Word order may not be as expected in the target language.

5. Messages are expected to be short, covering common vocabulary.

The simulated input needs to have these same characteristics as the symbol input. The
first dictates that lemmatisation is a key. The second property can be hard to achieve
since symbol sets vary in how glosses sharing the same pictographic symbol are related.
For example ARASAAC has co-occurring glosses that are often synonyms, or
morphologically- and semantically-related forms. The third characteristic can be
approximated by occasionally performing local swaps in the training data. The fourth
aspect can be met by first designating a list of function words, which contribute to the
syntax rather than the meaning, then removing them from the input. The fifth one is
met by carefully choosing a relevant corpus (section 4.3) which is conversational and
whose majority of lines are short. It must also have content that spans various genres,
which ensures that a common vocabulary is covered. Such input can be referred to as
‘telegraphic’ text. Telegraphic is a term used in psychology to describe speech
“consisting of essential content words but lacking function words, esp. as seen in early
language acquisition or in a mental disorder”(OED). Thus, the task becomes
translating from telegraphic text into fully-formed text, which needs to have diacritics

in place to ensure accurate speech synthesis.
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corpus symbol set
sentt:wiw2.. | ___ . <id, gloss, pos>
sent 2: wl w2 ... ' <id, gloss, pos>

Lemmatization

and FW Filteration

corpus corpus
sent 1:lemma 1 lemmaz2 ..... sent 1: w1l w2 ...
sent 2: lemmas lemmaé ... sent 2: w1l w2 ..
input output

Figure 4.1: The process of creating training data for the symbol to text task

Transforming a relevant monolingual corpus, such as the Arabic subtitle corpus, can
enable training data for this task to be created. However, determining the lemma,
which is the core task in the transformation, can be a challenge for any Arabic text in
general, and Arabic subtitles in particular. Details of the approach followed in creating
the training data are given in section 4.4. Once the telegraphic and fully-formed
parallel corpus is created, a MT framework can be used for the translation. Sequence
to sequence tasks have been the traditional approached using statistical models such as
phrase-based MT. Statistical methods have more recently been replaced by
neural-based methods, which have shown significant improvements over statistical
methods. This research uses a basic LSTM model, as well as the traditional statistical
method, to gain some insights into the difficulty of such a task by measuring its
performance by calculating the BLEU score (Papineni et al., 2002). No attempt has
been made to determine the best possible hyperparameter or the best neural-based

architecture.

4.1.2 Text to Symbols

Unlike symbol to text, glosses are not adequate for the text to symbol task. This is
due to the fact that knowing the gloss is not sufficient to determine the relevant
pictographic symbol, since a gloss may be associated with more than one symbol
expressing unrelated meanings due to word ambiguity. This issue can be addressed by
either creating a symbol corpus by manually tagging a text corpus with symbols, or by
using or developing a method that disambiguates associated glosses as well as words in
the source text. The former solution is expensive to acquire and the resulting resource
will be only useful for tasks that use exactly the same symbol set. The latter can be

carried out computationally and is not limited to a specific symbol set. Researchers
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have not created training data for such a task but rather made use of existing word

sense disambiguation tools to figure out the relevant symbol (section 2.3.3).

Before discussing possible solutions to the problem of word ambiguity, it is better to
have an idea of how significant is ambiguity in a spoken language vocabulary, such as
English. This can be estimated by counting how many lexical items in a dictionary
have more than one meaning. WordNet can be used to make such an estimate. The
percentage of ambiguous words (i.e. having more than one sense in WordNet) was
found to be 21.7% of the vocabulary covered. However, the majority of unambiguous
words tend to be domain specific such as ‘paediatrics’ and other rarely used words.
Frequently used words have more senses (Edmonds, 2005). Thus, since communication
symbol sets cover the more frequent words, it is expected that the percentage of
ambiguous words is higher than a more comprehensive English spoken vocabulary. The
set of glosses covered by the current ARASAAC collection was counted to be 9177.
However, only 6093 of these have a potential match in WordNet 3.0. In the
overlapping vocabulary, the percentage of ambiguous words is 63.2% . This shows that
ambiguity is a serious problem for a text to symbol task and needs to be tackled. This
percentage can be considered an overestimation, since senses provided by WordNet are

fine grained.

Wilks and Stevenson (1998) examined the potential of using part of speech (POS) tags
as the basis of disambiguation. They found that a coarse-grained sense inventory was
sufficient for disambiguating the majority of cases. However, for WordNet, the number
of ambiguous overlapping words was reduced to 55.3% when counting lexical items
that have more than one meaning in the same part of speech class. Thus, with symbol
glosses, using POS tags may not sufficient, since ambiguity will occur even within the
same POS class. For example, the word ‘spring’ (as a noun) was a gloss seen in the
selected symbol set with three different pictures/meanings, namely ‘season’, ‘metal
coil’; and ‘ground water’. Therefore, awareness of the context is essential for resolving

ambiguity.

Automatic text disambiguation (section 2.5.1) involving pictographics was carried out
by first tagging symbol glosses with a pre-existing sense tag inventory (that was
independent of any symbol set), and then a WSD tool was used to tag text with the
same sense tags used with the glosses. However, for MSA this is difficult since the
Arabic WordNet (Elkateb et al., 2006; Rodriguez et al., 2008) does not offer good
coverage (48% of core concepts are covered (Bond & Foster, 2013)). Also, there is no
robust WSD tool available for Arabic. Also notice that the English WordNet has not
been updated since 2011! and is lacking some recent concepts such as ‘tablet’ (meaning
a general purpose portable computer). Additionally, conversational text is often short
and might not provide enough context needed for reliable disambiguation using

pre-existing tools. The data used to train WSD classifiers may have significant

Thttps://wordnet.princeton.edu/news-0
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differences from conversational text. Lastly, the existing WSD sense inventory, such as
WordNet, only covers content words which may be problematic because some of the

glosses associated with symbols are closed class words.

Instead of depending on a sense inventory produced by lexicographers, senses can be
identified through unsupervised methods. Such a solution is appealing, especially as
Arabic does not have a sense inventory with good coverage. However, discovered senses
will not have meaningful tags, so there is a need for human intervention to understand
the meaning of an identified sense and decide relevant symbols which is a time
consuming task. Additionally, senses that do not have a clear topical characteristic are
difficult to identify using unsupervised methods (Schiitze, 1998). Therefore, such an

approach was not be considered in this study.

Alternatively, disambiguation needed for symbol tagging can be based on multilingual
information. Using other languages for disambiguation is the method that was felt to
be truly advantageous, since it does not rely on an external sense inventory. It also
does not require any tagging for the symbol set given the availability of multilingual
glosses, which is especially useful when several symbol sets need to be covered. It only
requires the availability of a parallel corpus for a pair of languages that are also
covered by symbol glosses or two parallel corpora covering three languages covering
three languages, two of which are covered in the associated gloss and the third is the

target language.

The use of translations in another language is especially beneficial when the context
does not provide sufficient information for determining the correct sense when creating
training data for text to symbol task. For example “I can see a bat” may be a
discussion about a flying mammal or a cricket bat. Vague contexts have been found to
be a source of error for human taggers (Palmer et al., 2007) but when looking at
translations into other languages, the lack of clarity of meaning can often be resolved.
However, some words are cross-linguistically ambiguous, such as ‘king’ and ‘operation’
in Spanish, Arabic and English where they have many shared meanings. A method to
overcome these occasional happenings could be addressed by manually augmenting
those few symbols with contextual data relevant to their meaning, and choosing the
best match based on overlap between the symbol’s contextual data and the target
word’s contextual data. Such a method is discussed but not carried out as part of this
research. The detailed approach of tagging data on the basis of bilingual data is
covered in section 4.4.3. The resulting corpus can be a useful baseline and has been

used as the basis for observations made in this research.
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raw corpus symbol set
sent 1:wi w2 ... <id, gloss, pos>
sent 2:wi w2 .. <id, gloss, pos>

Lemmatization

Word Sense

Word Sense

symbol set
<51, gloss, pos, sense id>
=52, gloss, pos, sense id>
<53, gloss, pos, sense id>

-

»<_ symbol lookup >

l

tagged corpus
sent 1: <w1, lemma id, pos, sense id, symbol id> <w2, lemma id, pos, sense id,
symbol id> .....

sent 2: <w10, lemma id, pos, sense id,Null> <w11, lemma id, pos, sense id,
symbol id> ...

Figure 4.2: The process of automatically tagging the corpus with symbols

4.2 The Pictographic Symbol Component

A communication pictographic symbol set, namely, ARASAAC was selected as a
concrete example of pictographic communication symbols for this research. Symbols
are pictures designed to convey a concept and are often associated with a label or gloss
that expresses the same meaning using traditional orthography. The selected set was
reviewed and examined by looking at the content and glosses (chapter 3), which
arguably can be generalised to other pictographic communication symbol sets. The
downloaded set contained 12 000 image files. Symbols were provided with glosses and
their corresponding word classes. The symbols obtained did not include any semantic

data, such as their usage domain or the semantic class of the depicted concept.

Once the symbol set was obtained, it was checked for redundancy, i.e. same image with
a different file name. This was achieved by computing the hash code for each image,
with the MD5 hashing algorithm (Rivest, 1992) and using the resulting hash code as
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an identifier. Such a hashing algorithm is sensitive to the slightest change (e.g. one
pixel difference), and thus it can identify identical image files. By comparing hash
codes, only five images in the set were found to be redundant, and were discarded from

all subsequent tasks; their associated glosses were merged with the kept image.

The majority of ARASAAC glosses are provided in Spanish and English. The first step
when adopting a pre-existing symbol set is to translate associated glosses to the chosen
target language (e.g. Arabic) — if not already available — given some other source
language. There are many ways to translate associated glosses but not all are of the
same trustworthiness. Assuming that a set of translated glosses in addition to gold
standard glosses in the same language are available, measuring how far a resulting set
of items (or translated glosses) is from the ideal set of items (or gold standard glosses)
is usually made by computing recall and precision, and is the standard performance

metric in information retrieval and classification problems.

Recall computes the number of items in the ideal set that are included in the resulting
set as a proportion of the total number of items in the ideal set, while precision
computes the number of ideal items included as a proportion of the total number of
items in the resulting set (Cleverdon, 1967). For instance, an automatic translation of
associated glosses using a dictionary, either an open-source conventional dictionary or
a dictionary extracted from a large parallel corpus, will tag symbols with probably all
possible translations. This approach will result in a high recall score when retrieving
symbols based on their associated glosses. However, the precision score may be low
due to source ambiguity. This introduced false translations of the meaning conveyed

by the symbol, which resulted in unrelated symbols being included in the retrieved set.

Precision is extremely important in a text to symbol system because tagging words
with unrelated symbols will be confusing to the user and may defeat the purpose of
symbol tagging. As a result, manual translation would be the best choice to ensure
sense agreement between the associated gloss and the target word in the text.
However, due to cost constraints, the approach followed in this research used an
automatic translation approach but minimised ambiguity by including bilingual data
tagged into Arabic (detailed in section 4.4.3). This method allows the entire symbol
set to be translated, apart from rare glosses not found in alignments extracted from

the selected corpus.

Some symbols include linguistic markers, e.g. ‘plus s’ marker for plural forms (chapter
3). However, the use of these markers results in unnecessary repetition in the symbol
set. Yet these markers are usually consistent across symbols in terms of size, colour
and position. As a result, template matching, a computer vision technique (Goshtasby
et al., 1984), was used to identify symbols that had these markers. It searches an

image to determine the location of a smaller query image (in this case the marker). It



4.3. Corpus 69

assumes that the query image exists and searches for the best match. However, it can

be difficult to determine the non-existence of a given sub-image.

There are many methods that measure the similarity between the query image and a
certain area in the main image. Among these methods is normalised cross correlation
coefficient and an efficient implementation has been proposed (Briechle & Hanebeck,
2001; Lewis, 1995). In its basic form, the similarity is computed from single pixel
intensities by comparing two two-dimensional matrices. It is suitable when an exact
match is expected with a variation in lighting, which seems suitable for this task. The
process made use of implementations provided by the Open Source Computer Vision
Library (OpenCV)?2. The existence of the ‘+s’ plural marker, given a query image
containing the marker, was determined in two phases. First, the best match was
determined using normalised cross correlation and accepted if a score exceeded an
empirically specified threshold. Next, a match was only accepted if the spatial distance
between the expected location and the discovered location was below an empirically set
threshold. The approach was useful in identifying symbols with the plural marker.
Identified symbols were discarded for two reasons. First, apart from the marker, their
visual content was exactly the same as their corresponding singular symbol and thus
could be automatically regenerated. Secondly, the non-lemma forms cause problems
when translating associated glosses into other languages using conventional dictionaries
since these forms often do not exist as an independent entry, but rather part of an

entry headed with the singular form (lemma).

4.3 Corpus

The availability of large amounts of training data is a prerequisite for using machine
learning methods. A large relevant Arabic corpus was therefore needed. However, a
genuine AAC corpus is not available, even for English (Kane et al., 2017) and
researchers often use alternatives (section 2.6.1). A corpus that is conversational and is
not domain specific was considered to be a good alternative. Forchini (2012) studied a
corpus of movie subtitles and concluded that they could be an appropriate
representation of face-to-face conversations. Fortunately, such a resource has been
made available by Lison and Tiedemann (2016). Therefore, using subtitles for AAC
appears to be the best available solution. Lison and Tiedemann (2016) collected data
for many languages, and created a parallel corpus for many language pairs. The
content was provided in various formats and subtitles could be in separate files, or

merged into a single file representing one side of a language pair 3.

The Arabic and English corpus is among the available pairs of languages covered. A

parallel corpus is a valuable resource for disambiguation. In this case English was

2https://opencv.org/
3https://opus.nlpl.eu/OpenSubtitles-v2018.php
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chosen to create a parallel corpus with Arabic due to the wide availability of NLP tools
that can be used, as well as the number of symbol set lexicons associated with this
language (section 4.4). The Spanish and Arabic parallel corpus was also used for the

purpose of gloss disambiguation when tagging the corpus with symbols (section 4.4.3).

The form of the chosen corpus is a collection of files, each representing an individual
unit either a movie or an episode of a TV show. Lines in each file are listed in their
chronological order. The Arabic files downloaded, which were aligned to English,
numbered 40,977. The quality of these files varied in terms of the fluency, alignment
precision, and translation quality. Many appear to have been produced by people,
some seemed to have been generated by machine, while others were partially translated
and mixed with English text. A few of the files were not in MSA, but rather in a local
dialect. However, the majority of files seemed to be acceptable and were merged into a
pair of files. The Spanish Arabic parallel corpus used was the merged form, which is a
single large file for each language. The size of these parallel corpora was slightly

smaller that the English Arabic corpus.

4.3.1 Preprocessing

The corpora needed pre-processing before making use of them and two tasks were
undertaken. Initially, a small number of files were filtered out based on scores using a
n-gram language model and an alignment model trained on the same data. However,
later this step was skipped because the majority appeared to be linguistically

acceptable and the few outlying files did not affect the knowledge extracted.

The second task looked at the contents of the corpus in general. The corpus was
already aligned at the sentence level and the English part was already tokenised. 4
The Arabic side was pre-processed by removing all diacritics which occasionally
appeared as well as the Arabic Tatweel character (or Kashida) which is normally used

for formatting text or for word emphasis in Arabic script.

Next, tokenisation of the Arabic text needed to be carried out as it was not tokenised.
Arabic text does not use hyphenated words and nothing similar to apostrophes. A
simple tokenisation was employed which inserted a space between any Arabic letter
and a non-Arabic letter. However, Arabic text may have instances of missing spaces
between two words, and this issue was handled later as part of the disambiguation

process.

Normalisation was also needed since Arabic text writers may alternate between several

forms of certain letters and not follow the expected written form of a word. These

4However, the tokenisation approach did not match that of the POS tagger used in this research,
e.g. the abbreviated negative particle — n’t. This was handled by pre-processing the English side with
a script that detokenized the few forms involving an apostrophe.
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spelling variants were handled by converting all Alef variations into bare Alef. Other
researchers take a step further and conflate final Yaa’ and Alif Magsoura (Maamouri
et al., 2004), and final Haa’ and Taa’ Marboutahn. However, these alterations are
believed to be less helpful compared to Alef, especially in a large corpus, and thus was

avoided as such a step would unnecessarily increase word ambiguity.

A number of lines contained foreign text and not the expected language. Lines were
only kept if they contained at least three concatenated alphabetical characters (of the
same language) to filter out noise. In addition, the English side was tagged with a POS
tagger (Toutanova et al., 2003). The decision to tag the English side was to reduce the
space of possible meanings a word may have (Wilks & Stevenson, 1998), and to be able

to lemmatise English words correctly.

The Spanish side of the Arabic parallel corpus was tokenised by simply adding a space
between a word character and a non-word character. Also, some lines were left out

which contained characters that did not match the expected language.

4.3.2 Domain Relevance

An experiment was carried out to gain confidence in the relevance of the selected
corpus to the target domain. The experiment examined one language (English), since
results can arguably be generalised to other translations of the same content, such as
Arabic. The idea was to estimate how close the selected corpus is to a sample that
represented the domain of interest. The computation was repeated with a few other
corpora to compare the results. A list of generic messages or small talk (section 2.6.1)
suggested by (Beukelman & Gutmann, 1999) for users with amyotrophic lateral
sclerosis was used as a domain sample (Appendix A). The list contained sentences
allowing a more discriminative comparison, as opposed to single words (e.g. a basic
core vocabulary). The final tokenised sample contained 85 sentences and a total of 440

tokens.

The estimation of the closeness of each corpus and the selected sample was made by
calculating the perplexity score. Perplexity of a corpus with respect to a test sample of
text is estimated using a language model derived from the same corpus. Perplexity has
been used in many tasks. For instance, it can be used to compare various language
models given the same training data (Chelba et al., 2014). It has also been used to
identify domain specific data (Lin et al., 1997), and to determine the best corpus for a
given task (Lembersky et al., 2012).

In order to determine the perplexity score, a language model for each of the examined
corpora needs to be built. Five corpora were used in this experiment: a corpus of
subtitles that have Arabic translations, the whole subtitle corpus, a corpus of United
Nations Documents (Eisele & Chen, 2010), the Brown Corpus (Francis & Kucera,
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Training data Tokens Perplexity
Subtitles (extracted from the English Arabic alignment) | 3234796386 | 26.28061
Subtitles (English) 256061975 | 25.06272
UN corpus 455031530 | 269.2836
Brown Corpus 1119633 263.0967
Reuters-21578 1724355 550.9957

Table 4.1: Language model evaluation results

1979), and a corpus of 10,788K newswire articles from the Reuters-21578 collection
(Lewis, 1997).

This resulted in five language models being built and perplexity calculated for the
Beukelman and Gutmann list using the SRILM toolkit (Stolcke, 2002; Stolcke et al.,
2011). All language models were trigram models with interpolated modified
Kneser-Ney smoothing. Perplexity results are shown in Table 4.1. Both subtitle
corpora achieved a significantly lower perplexity compared to the others. This suggests
that subtitles are much closer to the AAC domain than other corpora. The scores also
show how sensitive language models are to domain variation (Rosenfeld, 2000). The
size of the corpus was also a factor that affected perplexity. The complete English

corpora had a slightly lower perplexity compared to a subset of the same corpora.

4.4  Generating Training Data

Training for both symbol to text as well as text to symbol tasks requires some form of
disambiguation. The former requires disambiguation to determine the lemma as well
as the diacritics, while the latter needs disambiguation to determine the pictographic

symbol in addition to the lemma.

The first main task is tagging the text with lemmas and subsequently other linguistic
data (section 4.4.1). This task bases disambiguation on the Arabic/English parallel
corpus. The outcome is used to drive a subsequent parallel corpus of telegraphic and
fully-formed text aimed at the symbol to text task (section 4.4.2). The second main
task is to identify the relevant symbol for a given pair of English and Arabic words
that have been aligned, as well as translating associated glosses (section 4.4.3). For
disambiguation, this task makes use of information extracted from the two bilingual

corpora.
The following is the list of steps carried out to create training data, with a brief
description.

1. Align words in the English/Arabic Parallel corpus using MGIZA++

2. Tag the English side with POS.
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English Verb | No of surface forms | Equivalent Arabic verb | No of surface forms
say 5 Js 347
go ) 3 163
read 3 i3 247

Table 4.2: The number of Arabic surface forms compared with English
Arabic forms of a single root and appearing at least five times in the subtitles corpus

3. Extract word to word translation equivalent model (English words have their

POS tags).
4. Deduce a ranked list of lemmas for each English word form.

5. Tag the Arabic side with the top applicable lemma, given its equivalent English
word, and subsequently work out other morphological analyses and tag each

word with its morphology.
6. Align words in the Spanish/Arabic Parallel corpus using MGIZA++
7. Extract word to word translation equivalent model.

8. Tag the Arabic side with symbols based on extracted translation equivalent

models and associated glosses.

4.4.1 Corpus Lemmatization and Vocalisation

Defining the base word form or lemmatization is considered a crucial part of the
methodology in order to overcome the Arabic language’s rich morphology and
agglutination. Arabic has a larger vocabulary compared to an English translation
equivalent vocabulary. For example, the number of forms corresponding to verbs, such
as ‘say’, ‘go’ and ‘read’ when lemmatized are small in comparison to the number of

Arabic forms, as shown in Table 4.2

Lemmatisation is needed to avoid the need to tag symbols with all possible surface
forms a word may have, which results in large lists that are hard to review and
maintain. For example, in supervised WSD tasks, senses are assigned to lemma forms
and WSD taggers rely on the external POS taggers and lemmatisers (e.g. (Zhong &
Ng, 2010)). Similarly, symbols are also tagged with lemmas® and as a result require
tokens to be lemmatised. Extracting the lemma as well as associated pronouns and
awareness about a null subject is an essential step to determine the relevant symbol, or
to simulate symbol input message, to create relevant data for machine learning. Arabic
lemmatisation is challenging due to the high degree of ambiguity, so the method has

depended on English equivalent translation for this task.

5 Although some plural glosses have been seen in the ARASAAC symbol
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Awareness of the context is necessary to determine the relevant lemma whenever more
than one lemma is applicable to a given surface form. This disambiguation process is
similar to WSD but with lemmas (or morphological analysis) rather than senses (or
meanings). MADAMIRA (Pasha et al., 2014) is an Arabic morphological tool that
performs disambiguation to determine the likely morphological analysis, including
lemma identification. The tool was trained on the Penn Arabic Treebank (1, 2 and 3)
(Maamouri et al., 2004), which is an annotated corpus that is mainly a collection of
Arabic newswire articles. Such an external tool was not used due domain mismatch
and the availability of corresponding translation equivalents from English words which
can be used to resolve ambiguity (especially for open class words) in conversational

text.

The morphological analysis disambiguation approach chosen was based on word to
word translation equivalents extracted from word alignments. The disambiguation
process also made use of bilingual dictionaries and a rule-based morphological analyser.
The disambiguation occurred in two stages. The first stage took Arabic/English word
pairs out of context, based on the extracted word alignment and bilingual dictionaries.
The outcome of this stage was a ranked list of lemma hypotheses for a given English
word. The second stage used the outcome of the first stage to determine the likely
analysis (when there is more than one analysis per lemma) to figure out whether the
verb is in first, second or third person. This is achieved by making use of local contexts

in both languages, i.e. the words surrounding the word that needs to be disambiguated.

4.4.1.1 Out of Context Lemma Disambiguation

The disambiguation process depends mainly on knowing the English equivalent word
as well as other Arabic word forms aligned to that same English word. Word
correspondence between English and Arabic in some corpus is essential for
disambiguation. Thus, alignment between words in each pair of sentences is needed.

Tools are available for determining word alignments given a raw parallel corpus.

GIZA++ is a toolkit designed to generate word-based translation models from a
parallel corpus. Word-based translation models are an essential part of the statistical
machine translation (SMT) framework first proposed by (Brown et al., 1993).
GIZA++ is the most widely-used toolkit to extract word alignments and implements
IBM models (Brown et al., 1993) with additional improvements (Och & Ney, 2000). In
this research, MGIZA++ (Gao & Vogel, 2008) was used, which is a multi-thread
implementation of GIZA++, made to speed up the extraction (Al-Onaizan et al., 1999;
Och & Ney, 2000, 2003). It generates several files, but only word alignments produced
by IBM model 3 were used (Brown et al., 1993). By default, the aligner ignores
sentences with source to target length ratio above a threshold (which was set at 9). The

English side chosen for the aligner was the untagged tokenised text, to reduce sparsity.
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you you

think think

it it

good c good

idea idea

e

AN

(a) English to Arabic alignment (b) Arabic to English alignment

Figure 4.3: Example of directional word alignment for the following sentences:
English : - you think it’s a good idea ?

Arabic : - ¢ su> ojis\.@.n,la.;d.a

IBM models extract one-to-many alignments: each word in language x is aligned to at
most one word in language y. Consequently, a word in y might be aligned to no words,
one word, or many words in x. Thus, the model generates directional alignments. The
parallel corpus was aligned in both directions. Figure 4.3 demonstrates the
two-directional alignments for a pair of sentences extracted from the corpus. A
common practice in SMT is to extract alignments in both directions and perform
symmetrisation between them (Koehn et al., 2003; Och & Ney, 2003; Och et al., 1999).
The intersection of alignments is one symmetrisation approach. Another common
approach is ‘diag-and’ which starts with the intersection alignments and expands
(Koehn et al., 2003). The choice of alignment, whether directional or any of the
different types of symmetrisation, depends on the task. For instance, the intersection
of directional alignment will leave many of the function words unaligned, which can be

a desirable property depending on the task.

From these word alignments, an English to Arabic word-based translation model can
be extracted. Such a model provides translations for English surface words.
Translations are Arabic surface forms, which are scored to reflect how often a
translation occurred throughout the corpus. Translations will normally contain
irrelevant words, but these will have low scores if the corpus is large enough and is

provided with good translation. The English side was tagged with POS and
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lemmatised from their POS to conflate English inflections, and merge their
corresponding Arabic lists in the word-based translation model extracted. This merge
will result in more Arabic forms per list, which helps in finding the likely lemma. The

POS tag will provide some form of disambiguation on the English side.

The goal at this point is to determine the Arabic vocalised lemma for each pair of

Arabic and English words that have been aligned to each other, better than by chance.
A single Arabic surface form can have several possible lemmas because stem boundaries
are not obvious and diacritics are missing, so there can be many possibilities. But, the
actual lemma needs to be determined. The set of lemma hypotheses are generated by a

rule-based analyser (section 4.4.1.3) with an embedded dictionary.

One way of identifying the actual lemma is to use additional data associated with each
hypothesised lemma, provided by the dictionary embedded with the rule-based
analyser. Assuming each lemma is associated with an English definition, the ambiguity
can be resolved by comparing the corresponding English word (in the word-based
translation model) and English glosses associated with the lemma hypothesis, and
finding a match between them. However, a match does not need to be exact but
flexible, by considering possible synonyms from a dictionary and similar words based

on vector-spaced models (Turney & Pantel, 2010).

However, the English textual comparison is not always sufficient in determining the
likely lemma when no match is found or more than one match is found. For example,
for the ambiguous word (4w,4s , two lemmas are possible, i.e. (M;J&») and (45,2%) the
former meaning school while the latter meaning teacher (feminine form) which are
semantically related concepts (education). As a result, the actual lemma may still not
be clear since they might all share the same word, such as school or education. Further
evidence can be obtained by examining the list of other Arabic surface forms that have
been aligned to the same English word. Such a list might include other surface forms
that can result from one lemma through inflectional morphology, but is not produced
by the other. For example, the plural form (_p,l4s) is only applicable to the first while
the masculine form (_»,4s) and its plural forms (e ds - ysw,s) is only applicable to
the second. Thus, counting the number of surface forms per hypothesised lemma is

used to resolve ambiguity.

Furthermore, when ranking lemma hypotheses for verbs, other forms that are related
to the hypothesised verb through derivational morphology, such as verbal nouns and
active participle (often aligned to the same English verb), are good indicators to the
likely lemma, especially when two verbs share the same normalised inflectional forms
and are only distinguished by their diacritics which are absent, e.g. w; and c,.fn;

Therefore, ranking lemma verbs benefits from counting possible inflectional forms as

well as nouns that can be generated by knowing the verb’s template.
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In some cases it is hard to determine the exact lemma when several nominal forms are
generated from the same verb (i.e. verbal noun, active participle or passive participle)
and share the same normalised form. For example, eat (the verb), eating (the verbal
noun), eater (active participle), and the causative form of eat (Table 4.3) all have the
same normalised form. Using lemma counts will prioritise verbs over other POS classes
due to the large number of verb inflections. Using verb template counts helps in ruling
out the causative form. However, choosing between two nouns sharing the same
normalised form that belongs to the same verb template in a list, is a challenge and
hard to address; fortunately this is not a typical case. This ambiguity was dealt with
by favouring verbal nouns when aligned to an English verb or a noun ending with -ing,
and passive participle when the English word is a passive participle, and an active

participle otherwise.

There are other clues that can be used to rank lemmas. For instance, both the English
word and its corresponding lemma should both be proper nouns or neither should be.
Lemmas that are verbs are also unlikely if no other inflections are aligned to the same
English word. Another strong clue is the probability of the bare lemma as a
translation for the corresponding English word, since bare lemmas are often more
probable than lemmas with attachments, which is strong evidence for all POS classes
apart from verbs in which other tenses (e.g. imperfect form) might be more probable.
Further evidence can be obtained by examining the number of observed surface forms
to that expected. It is important to calculate a ratio rather than a count, since the

space of surface forms per lemma varies greatly (e.g. verbs compared to proper nouns).

If the ambiguity is still not resolved, the English stem may provide some evidence by
counting the number of surface forms that share the same template and root as the
hypothesised lemma that has been aligned to the same English word stem.
Additionally, English definitions associated with hypothesised lemmas may give a clue.
For instance, when an English token (excluding function words) exists with definitions
associated with two or more lemmas that do not share the same root, it is unlikely to
be a coincidence but rather might be evidence that such a token is common because it
is related to the actual meaning, and subsequently associated lemmas should be
favoured. If everything fails, a final resolution is to select the most probable vocalised

word according to some external resource.

Overall, lemma hypotheses for a specific English word are ranked by score to determine
the likely lemma among several possible hypotheses. The order of these scores matters.
The final ordered list of scores is shown in 4.4. Using this rank, all words that have

been aligned to that English word will be tagged with the highest applicable lemma.

So far, it has been assumed that all alignments will be considered. However, there may
be pairs that are incorrect due to issues with the alignment. This can be due to the

translation process, or to words that appear infrequently that are not semantically
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Full form | Description Template form | Normalised form
;}5\ verb (eat)® Form I
Jf\ verbal noun of Jf\ ) Form 1 Js
JST active participle of 35 i Form I
:ff i verb” (causative of Jf T or feed) Form II

Table 4.3: Several vocalised forms have the same normalised forms

For a given English word e, correspond Arabic words A and a set of applicable
lemmas L:

Rank L I; based on a sequence of scores computed for each [; as follows:
1. A boolean score, indicating whether a match exists with the gloss associated
with ; and e

2. A boolean score, indicating whether an intersection exists between tokens in
the gloss associated with I; and the set of words that are semantically related
to e

3. A boolean score, indicating the possibility of the POS of [; given the POS
of e, always 1 unless:

a. l; is a proper noun but e is not

b. [; is a verb but main inflective forms are missing in A

4. The probability of the I; (unvocalised) given the e, based on statistics
collected from the corpus

5. The number of surface forms in A that can result from [; or the root and
template form that applies to [;

6. The percentage ration of observed surface forms for [; to the expected
surface forms for I;

7. The probability of I; (vocalised) in some external corpus.

Figure 4.4: Ranking lemma candidates
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related. Thus, only aligned pairs that significantly co-occur are considered in the first
phase, as it is important to avoid those lemmas that are not accurate and will impact
the final results. A threshold can be set for such pairs, such as ignoring those with
small counts. However, a threshold based on frequency is not a good idea since words
are not uniformly distributed in a corpus but rather in a distribution that closely
obeys Zipf’s law (Manning & Schutze, 1999). However, word frequencies are
complicated and Zipf law is an approximation of the distribution. There are many
other models that are claimed to fit the distribution, but none is exact
(Piantadosi_2014_ Zi). Thus, a frequency threshold appropriate for high frequency
words will not be appropriate for other less frequent words. The translation
probability — the probability of an Arabic word a given the English word e — can be
another choice. Word translation probability is a conditional probability of x given y,

which is calculated using maximum likelihood estimation as follows (Koehn, 2009).

o e

Such a conditional probability will not be affected by how frequent a translation occurs
throughout the corpus, but only how frequent it appears as a translation for that
source word. As a result, a frequent word that appears everywhere in the target
language can have a probability above the threshold, even though it is not related to

the source word and has been aligned by accident.

Instead, reliable pairs can be identified using positive pointwise mutual information
(PMI) scores. PMI is widely used as an indication of association between words, e.g.
(Bullinaria & Levy, 2007; Church & Hanks, 1989; Levy et al., 2015). PMI is often
criticised as it favours rare events (Church & Gale, 1991). However, it is a good
indicator of independence (Manning and Schutze (1999), p. 182), when close to zero.
For a specific word pair x and y the pointwise mutual information is calculated as

I(x;y) = log, Pé)x()xPy()y)

follows.

Pairs with few counts will not produce reliable PMI scores. Church and Hanks (1989)
only considered pairs with a frequency greater than 5. The same threshold is used in

this research.

4.4.1.2 In Context Morphological Disambiguation

At this point the likely lemma has been determined. However, identifying the lemma is
sometimes not sufficient due to ambiguous attachments or several inflections only
distinguishable through diacritics, which results in multiple analyses for each lemma.
For instance, “my book” and “two books” have the same surface form and the same

lemma, but one has a possessive pronoun while the other has a dual suffix (in a certain
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case). Another example is verb forms such as “I went”, “you went” and “she went”
that all appear with the same surface form. English can provide evidence to resolve
these cases. The first example can be resolved by knowing whether the corresponding
English is plural or singular or whether it was proceeded by a possessive. The second
example can be resolved by knowing whether the verb is in first, second or third
person by awareness of the subject pronoun type or its absence as a key to identifying

the likely solution.

In this way, simple heuristics can be applied to address the problem, exploiting clues in
the English side to resolve ambiguity on the Arabic side. However, some cases remain
a challenge and can be impossible to resolve by relying completely on the English side.
For instance, the second person pronoun — you — when not attached to a verb either as
an independent word (not as a clitic) or as prepositional phrase “for you”, remains
ambiguous with respect to the gender (singular feminine vs singular masculine) since
they both have the same surface form, but no distinctive feature on the English side.
The Arabic context may provide some clues. For instance, the gender of verbs in the
second person or the gender of nouns or adjectives within a narrow window may give
hints, but are not guaranteed to be reliable because the process does not know whether
the other noun is syntactically related. In some cases the context may be neutral and

both gender forms are plausible options.

4.4.1.3 Adapting a Morphology Analyser

A morphology analyser was needed in order to find possible lemmas for an Arabic
surface form. Buckwalter’s Arabic Morphological Analyzer (BAMA) is an Arabic
rule-based tool with a lexicon. It produces all possible analyses that are allowed by its
lexicon and rules. It was used for example, in manually annotating the Penn Arabic
Treebank (Maamouri et al., 2004). It was also used in MADAMIRA (Pasha et al.,

2014) to provide hypotheses which are then seleced using a machine learning technique.

BAMA is composed of three main dictionaries. A prefix dictionary containing all
possible sequences of elements that can form a prefix (including a null prefix), such as
a conjunction followed by the definite article. Similarly, a suffix dictionary includes all
allowable combinations of sequences including the null suffix, such as a feminine plural
suffix, followed by a masculine singular possessive pronoun. The largest of the
dictionaries is the stem dictionary which contains open class words: noun, proper
noun, verb, adjective and adverb. BAMA also includes rules that govern the
concatenation of prefixes, suffixes and stem classes to ensures a plausible linkages,
which prevents concatenating a definite article with a verb, for example. Further, the
analyser generates all possible hypotheses as suggested by the dictionaries and rules for
each token independently, without awareness of the context, and provides no ranking.

The analyser also assumes the input is provided without diacritics. The importance of
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these components for the chosen methodology should not be underestimated, but they
were insufficient for the text to symbol task, and additions were required to expand the

stem dictionary.

In order to expand the BAMA stem dictionary, its structure needs to be clarified. The
dictionary includes several stem forms for a given lemma, to cover the various forms a
stem may transform into. These additional forms result from a change in the verb’s
aspect (perfective — imperfective — command form), a singular versus an irregular
plural form, and orthographical adjustments needed for prefix or suffix concatenation.
Each entry in the dictionary includes several fields: the stem, English glosses, POS, the
lemma, and a special tag that indicates allowable attachments. The dictionary can be
expanded by preserving the same format and thus avoids the limitations of the present

open-licensed stem dictionary.

As part of the lemmatization process, the BAMA stem dictionary was extended using
data collected from Arabic entries in the English Wiktionary as well as AWN. The
target structure, as described earlier, dictates that other inflections need to be added
as well. However, dictionaries often list the lemma form but not necessarily other
forms. In Arabic, inflections often follow a templatic system which can be exploited to
produce other forms, especially verbs. In some cases, the vocalised verb can be
sufficient to identify the corresponding template, but it needs to be explicit in other
cases. For instance, the exact verb template needs to be specified for triliteral verbs to
correctly produce the imperfect form of the stem. Inferring inflections for other verb
forms using templates are often straightforward (assimilation and vowels need to be
handled). A few irregular command verb forms need to be explicitly mentioned in the
dictionary. For nouns and adjectives, information about whether the word is inflected
for gender and number needs to be added, in addition to providing irregular plural

forms whenever applicable.

Fortunately, Wiktionary specifies the verb template as part of each dictionary entry. It
also explicitly specifies other inflectional forms for nouns and adjectives such as plural
and feminine forms. However, linguistic information is absent from AWN, apart from
irregular plural forms. For the purpose of expanding the stem dictionary for the
morphological analyser, an novel script was designed to generate the list of possible
orthographic variations using a templatic system for verbs. The script also extracts
inflectional forms such as plurals. Extracted forms are stemmed and tagged before
being added to the dictionary. Further, orthographic adjustment needed is carried out

before prefix or suffix attachment, and is also added to the dictionary.

Issues were encountered when lexical entries from multiple sources were combined.
Some slight inconsistencies occurred arising from orthographic forms of the base form,
which made a pair of lemmas non-identical, even though they refer to the same lexeme.

This inconsistency can incorrectly increase the number of entries. For example,
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Buckwalter uses “Alef Wasla” while Wiktionary uses “bare Alef”. Also, a few short
vowels may have been omitted, especially those that can be easily determined, such as
Sukun, which signals the lack of any short vowel sound, or Fathah that precedes a long
vowel Alef. Another inconsistency occurs whenever a single letter has two diacritics,
e.g. a Sheddah combined with another diacritic, such as Fatah. Their stored order is
inconsistent (whether the Sheddah comes first or second), although this does not make
any difference to how they are displayed, but it does make a difference when
performing text comparison. Another discrepancy is the position of Tanween, a
common spelling error, which should come before the final Alef (or Ta Marbuta) rather
than the final character, but both cases were observed. For some word forms, especially
those borrowed from other languages, there might be an alternative vocalisation (same
form/same meaning, but slightly different diacritics), but there is no easy way to infer

the likely vocalisation since most available corpora come without diacritics.

Further differences between the dictionaries were in the choice of lemma (the form that
heads an entry in a dictionary). For instance, for common nouns ending with a Yeh,
Wiktionary uses the indefinite form, where the final Yeh is dropped and the final
diacritic is replaced with Tanween Kasratan. This is different from Buckwalter where
the lemma appears in its full form (the final Yeh is kept). As a result, these
inconsistencies need to be resolved to avoid redundancy, and were handled when
extending the stem dictionary. A process of partial normalisation was carried out to
reduce such redundancies. Alternative vocalisations were detected from their definition
overlap, and one form was randomly selected as there was no statistical way of

knowing which one was used more frequently in corpora having no diacritics.

A large number of proper nouns that exist in the corpus are unlikely to be part of any
dictionary. A subset of these proper nouns consist of a transliteration of their English
equivalents, and may be written in various ways due to lack of a standard
transliteration approach and the different authors’ opinions as to how they should be
written. Proper nouns do not inflect, but might be attached to prefixes. The difficulty
is knowing whether the first letter (or letters) are part of the proper noun or are a
prefix. However, a proper noun with no attachments can be identified if it appears a
number of times, which will very likely include instances with no attachments. An
algorithm was created to identify the base form for Arabic tokens that are aligned to
English proper nouns. Thus, proper nouns can be handled without being included
beforehand in the dictionary. A limitation of this approach is that proper nouns will

not have any diacritics (no vocalized form), but they will be properly tokenised.

4.4.2 Telegraphic Text and Fully-Formed Text Parallel Corpus

At this point, the corpus has been tagged will lemmas and full vocalisation is available

from the morphological analysis. As discussed in section 4.1.1, the task of symbol to
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Figure 4.5: Disambiguation process for symbol tagging

text translations does not require actual symbol tags as part of the training data.
Thus, the tagging so far is sufficient for creating training data for the task. The
creation is straightforward by simulating an input symbol message, which was
described in section 4.1.1. The input is a sequence of lemmas without function words.
Function words were identified from the POS tags. Only lines shorter than 11 words
are extracted. Finally, the target text was prodcued as fully vocalised sentences. At
this stage, no swaps were made to simulate the users’ behaviour, as suggested in

section 4.1.1, which was left for future work.

4.4.3 Symbol Tagging

The corpus has been tagged with lemmas, which is a necessary task before both text to
symbol, as well as symbol to text. For the purpose of text to symbol translation, the
MSA corpus needs to be also tagged with relevant symbols from the selected symbol
set. As mentioned earlier (4.1.2), the main challenge when tagging a word in context
with a symbol is the potential mismatch between the sense expressed by the context

and the sense expressed by the symbol, even if they share the same word form.

A few symbols of ARASAAC were tagged with non-vocalised lemmas which were not a
reliable translation. Therefore, those glosses were not used and the symbol set was
considered without Arabic glosses. Finding relevant symbols by depending solely on

the English corresponding word would potentially result in unrelated symbols due to
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gloss ambiguity. This ambiguity can be minimised by taking into account another
language. Figure Figure 4.5 illustrates the process. An additional language (Spanish)
was introduced to disambiguate the English text. Two parallel corpora were used, the
main English/Arabic and an additional Spanish/Arabic corpus (Lison & Tiedemann,
2016). This resulted in two sets of translation equivalent pairs, which are extracted

after word alignments have been determined.

Each set was filtered, keeping only pairs with an acceptable association score. The two
sets were then joined, based on having the same Arabic token, resulting in a set of
triplets of English, Arabic and Spanish translation equivalent words. This set needed
filtering to avoid the introduction of rare Arabic translations. Frequency is a key to
eliminating noise and the threshold was decided empirically, by considering the
translation equivalent pairs only where 100 or more alignments occurred, to avoid rare
translations as well as alignment errors. The threshold of 100 may seem high but the
corpus is large and the mean frequency per English token is 475.3. The frequency of
common words, such as ‘book’, is over 33 000, while a less frequent yet common token,
‘pencil’, has a frequency of 1 308. Thus 100 seems a reasonable choice. The pair also
need to be significantly associated to avoid the introduction of function words. Thus
pairs with a PMI score less than 5 were ignored. This allows several Arabic
translations to be added, as well as covering a lemma (or several lemmas) that is likely
to have the same meaning due to intersection and the high threshold. However, for
infrequent pairs, the single most frequent translation was chosen, to limit potential

errors due to its small count.

Another set of triplets is extracted from the symbol set. Each item in this set is made
up of an English gloss, a Spanish gloss, and a symbol unique id. These two sets of
triplets (corpus set and the symbol set are further joined, based on English and
Spanish tokens, resulting in a set of quadruplets. It is important to pay attention to
the form of glosses and perform necessary pre-processing before searching for a match.
For instance, verbs are often proceeded with ‘to’. Thus, removing the preceding ‘a’,
‘the’, and ‘to” was done to increase recall. Also, some compounds are separated by a
hyphen or space such as ‘make-up’, so dropping the separator as well as keeping the

original gloss increases the recall.

The overall process of obtaining translation equivalent tokens is summarised in
Figure 4.6. Using the resulting set (T5 in Figure 4.6) links Arabic and Symbols using
both English and Spanish as pivot languages. It is a knowledge base for symbol

tagging as well as for generating Arabic glosses for each symbol.

Although a link has been established between Arabic and symbols, Arabic tokens in
the corpus remain ambiguous. As a result the tagging process does not tag the Arabic
token in isolation but also examines its English correspondence to minimise ambiguity.

The pair of Arabic and English tokens are used to find a match in the quadruplets set.
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1. From En Ar aligned corpus extract all En word type x and Ar word type y
pairs such that PMI(x,y)>0 and count(x,y)>6—T1

1. From Es Ar aligned corpus extract all Es word type x and Ar word type y
pairs such that PMI(x,y)>0 and count(x,y)>0—T2

2. From the symbol set extract all co-occurring En gloss, Sp gloss and symbol
unique ID —T3

3. Pairs in T1 and T2 are joined to form a new triplet if the Arabic token in
T1 is equivalent to the Arabic token in T2 —T4

4. T3 and T4 are joined to form a new quadruplet if the English and Spanish
tokens in T3 are equivalent to English and Spanish tokens in T4 —T5

Figure 4.6: Extracting translation equivalent set

Matching can be based on their lemmas if matching based on their surface form failed.
Further improvements were achieved, when a pair of Arabic and English words had
multiple instances with different Spanish glosses, by ranking matching symbols based
on the translation probability of Arabic word given the Spanish gloss. After tagging is
completed, the Arabic side can be used independently of any other language. The
process was further improved by taking into account the part of speech of the

associated gloss and the word in context (from the corpus).

A pair of glosses and their POS class may be associated with more than one symbol,
arising from either multiple representation of the same meaning or two different
meanings with glosses that are cross-linguistically ambiguous, e.g. operacién in
Spanish and operation in English. The former case is handled by tagging a word with
all possible matching symbols. The latter is complex and requires awareness of the
specific meaning for the word in context, and the associated gloss, and considers a
match only if both share the same meaning. However, it is hard to determine
computationally which is the case. Symbols with cross-linguistically ambiguous

English and Spanish pairs need special attention.

Ambiguity of concern is not systematic polysemy, such as school the building vs.
school as educational institution, but rather unrelated senses. Symbols with
cross-linguistically ambiguous English and Spanish pairs are often domain specific,
such as ‘operation’ in mathematics vs. the medical domain, and ‘king’ the chess piece.
Therefore tagging domain specific symbols with their domain might minimise potential
errors by only tagging words with domain specific symbol if there is an overlap
between context and domain keywords. However, this assumes that once a pair of
FEnglish and Spanish glosses is covered in a symbol set, all possible meanings will be

present in the symbol set, which is not the case. For instance, the sense of operation



86 Chapter 4. Methodology

and its Spanish equivalent operacion used in the military domain is not covered by the
symbol set. These domain specific meanings are often tagged with their domain in
conventional dictionaries. However, this was not carried out as part of this research
but left for future work. Furthermore, one should not assume that all meanings are

covered in the symbol set.

The assumption so far has been that glosses are single words, which may not be always
the case. A gloss can be a multi-word expression (MLE) and they may occur in one
language, but not the other (such as the English gloss, e.g. ‘toes’ and the Spanish
equivalent ‘dedos del pie’). This matter needs to be addressed before the tagging
process and during the extraction of translation equivalents. When joining the
corpus-based triplets with the symbol-based triplets (Step 4 in 4.6), it is necessary to
allow partial matches between glosses and words (at least one common word that is
not a function word). While later tagging text, the retrieval of candidates is based on
words, but MWE glosses can be among the retrieved set of candidates and the
corresponding symbol is used only of the full gloss exists in the text (English side) by
examining adjacent words. However, the coverage of such a symbol with respect to the
Arabic side is still hard to determine. This issue can be addressed by including all
Arabic tokens that are mutually aligned to any English token that is part of that
phrase (including unaligned internal tokens), as long as there is no intervening token
that is aligned to an English token beyond the phrase boundary. Some multi-word
glosses may not always be contiguous as other words may intervene, e.g. verb-particle
constructions (Sag et al., 2002), which pose many challenges such as how to align
symbols when the coverage of one symbol is interrupted by another symbol. Ensuring

the sequence of words is related and refers to one concept remains an open issue.

Communication symbols are often associated with glosses in several languages, as is
the case with ARASAAC and the availability of a parallel corpora for extracting
translation equivalent pairs. This process can be used with any language given the
availability of the same resources. However, a remaining potential source of error is
when a set of senses share the same word form in both Spanish and English, but the
Arabic token applies to only a subset of those shared senses. The manual tagging of
domain specific symbols was suggested, but visual content may give some indication.
Therefore, the potential of the visual content in disambiguation was explored, as

discussed below.

4.5 Visual Content of Symbols

The tagging approach so far did not make use of the visual content of the symbols
used. The final step of this study was to explore the potential of the visual aspect of

symbols. The goal was to gain insight into their contribution to the tagging method, as
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opposed to using only textual glosses. The motivation behind such an exploration is to
overcome the scarce descriptive data provided with the symbols, and the need for
additional metadata alongside the available associated glosses. This may avoid manual

tagging since the symbol set is large.

Awareness of the graphical content of symbols can be useful to provide additional clues
about the likely meaning the pictographs are designed to convey. There is a need for a
computational method to make sense of visual content. Ccomputer vision literature
has proposed many algorithms useful for this task. The methods selected for this
research are designed to measure similarity between symbols. It has been assumed that
symbols with similar content will represent semantically-related concepts. Moreover,
since these symbols have been made for communication purposes, some symbols might
have been intentionally made to look similar in design, in order to preserve coherence
and clarity. The schematic grouping of symbols is a symbol set characteristic pointed
out by Pampoulou and Detheridge (2007), which they claim increases symbol
comprehensibility. The authors indicated that such a characteristic is seen in Widgit
Symbols. Although no published evidence confirms the situation with ARASAAC,
initial exploration (in Chapter 3) suggests that this characteristic is met by
ARASAAC as well.

The coloured pictographic symbols provided by ARASAAC uses a range of colours
using a 500 by 500 pixel image distributed in a Portable Network Graphic (PNG)
format. The collected symbols have distinct outlines, often on a white or transparent
background rather than a sophisticated full scene. These drawings are produced by the
same organisation, thus maintaining a consistent depiction style. It is important to be
aware that these symbols are unlike other general images. A lot of the sophistication
that is usually present in typical images, such as variation in lightning or noise, does
not exist in these symbols. However, distinctive features in some symbols are
insignificant, which may make a large number of symbols similar and hard to
discriminate, e.g. a large proportion contain a stick figure. However, the goal at this
point is not to understand the content of the pictographic images computationally (i.e.
object recognition or image captioning), but rather to find similar ones. This captured
similarity can be useful as a bridge to access semantically-related glosses, which can
provide context and can be used to acquire additional contextual data that can be

useful for disambiguation.

A first glance over the ARASAAC symbol set reveals that those pictographs
illustrating objects appear to show a consistent set of colours and few coloured
backgrounds. Given the minimalism of the content of these symbols (no texture —
white background), colour seems a good feature to consider when searching for similar
symbols. As a result, similarity based on the approach of Rubner et al. (2000) was
examined. However, using colour alone was found to be insufficient. Images may share

the same set of colours by chance. For instance, a stickman has the same colour
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distribution as a character. Thus, this approach was abandoned and instead an

approach adopted that was based on the structure rather than the colours.

Many methods can be used to create a numeric representation of an image or local
areas, such that ‘distances’ between two different images correlates with perceptual
similarity between the sources. SIF'T creates a descriptor of a local area of interest
which is robust against scale variation (Lowe, 2004). The SIFT implementation
provided with OpenCV was used for pairwise comparison between symbols. A number
of SIF'T descriptors is generated for each image. The descriptors generated from two
symbols are then matched. Such an operation often contains a number of false
matches, and so RANSAC was used to filter out these false matches following common
practice. A pair of images is then considered similar if the number of images exceeds
an empirically chosen threshold ®. As a result, a symbol can have from zero to many
similar symbols. However, a few symbols did not have and area of interest from SIFT’s
perspective, and consequently there was no possibility of identifying similar symbols

based on this approach.

HOG (Dalal & Triggs, 2005) generates a descriptor of a full patch in an image, rather
than finding areas of interest. It is not sensitive to scale or position. Thus, it was
chosen to provide an overall compact representation of the symbol. It is good at
detecting symbols that are similar, but with small modifications such as gender
variation, stick versions or morphological variation. HOG was used to generate a single
descriptor per symbol, and cosine similarity was calculated between descriptors with

an empirically chosen threshold .

4.6 Evaluation

A corpus was annotated with lemmas and other morphological data, in addition to the
generation of symbols. A method is needed that evaluates the accuracy of the
generated tags. Unfortunately, no human reference tagged text is available to compare
against for calculating precision and recall. The lack of a manually tagged corpus can
be addressed by back translation. Koehn (2005) investigated back translation as a
method of evaluation: translating from a source language to target language and back
again to the source. He argued against this approach and showed that it gives a false

high BLEU score. However, he carried out alternative ways to evaluate the outcome.

Morphological tags were compared against automatically generated tags. The
evaluation was made by calculating agreement scores between corpus tags and tags
generated by MADAMIRA on a random sample (lemmas and full analysis). Although

this score does not measure the improvement (or decline) in performance over existing

8The lower limit for the similarity of two symbols was 25 SIFT key points
9The lower limit for the similarity of two symbols was 0.8
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tools, its performance was close to tools that were privileged to use a manually tagged
corpus with training data. Furthermore, the number of out of vocabulary tokens have
been counted and compared. Differences have been analysed and are reported in the

results chapter.

Symbol tags were evaluated by comparing contextual words of a symbol against
contextual words of the associated English gloss, which can be ambiguous. Such a list
will be exceedingly long and thus only words with a high associated score were kept,
which was determined by the PMI score. A difference between the associated list of
words with the symbol, against words associated with the English gloss, is evidence
that not all senses covered by the word form were tagged with the symbol. Further
examination of words in each list revealed the additional covered sense. Several

examples with ambiguous glosses were inspected. An example is shown in Chapter 5.

The task of generating text given a sequence of lemmas or telegraphic input was also
examined. The subsequent corpus of telegraphic and fully-formed text generated from
the tagged corpus was used to train both a text-to-symbol and a symbol-to-text
translator, by splitting the data into training and testing. The translator used was an
LSTM implementation using Pytorch, the output being tested using BLEU score.
However, an actual symbol to text system is only as good as its symbol set coverage.
Symbols need to cover all lexical units in a sentence, otherwise the input will be

incomplete and will falsely decrease the accuracy.

The ability to identify similar symbols was also evaluated. Quantitative observations
were reported and a sample is shown in Chapter 5 with detail in Appendix C and
Appendix D. An example that demonstrates the usefulness of accessing similar glosses

is given in the next chapter.

4.7  Summary

The task of translating between text and symbols was approached using data based
methods that required an annotated corpus. Having reviewed the literature, a relevant
domain corpus was selected. The appropriateness of the corpus was confirmed by
comparing it against other corpora using an AAC list of messages. Once the corpus
was selected, the next goal was to transform this raw corpus into training data useful
for translating between symbols and MSA. One objective was to avoid manual tagging
and the expenses associated with it. However, tagging requires some knowledge since
words in isolation are ambiguous, whether words in associated glosses or words in a
sentence. As a result, the tagging approach made use of currently available

translations as a source of knowledge.
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Lemmatization was the first step carried out. Due to the intense morphology of Arabic,
lemmatising the corpus was a key for both the text-to-symbols and symbols-to-text
tasks. The lemmatisation process used evidence from the same corpus, which overcame
the issue of domain mismatch. The determination was approached out of context,
based on translating the equivalent word, and then tagging in context, along with
figuring out the vocalisations. The resulting corpus was sufficient for the symbol to text

task and a subsequent parallel corpus of telegraphic fully-formed sentences for training.

The text to symbol task required a corpus that was also tagged with symbols. Tagging
with symbols needed further semantic disambiguation. The approach used an
additional language, Spanish, to bridge the pairing of Arabic and English with a
relevant symbol. The introduction of a third language was motivated by the need for
at least two languages for disambiguation, and the lack of manual Arabic translations
of glosses associated with symbols. Eventually, the corpus was tagged with ARASAAC

symbols in addition to lemmas and vocalisation.

There are some limitations to having few glosses as the only textual data available
with symbols. The visual content of symbols may provide some clues. To help with
this, the visual content of the symbols was examined using popular computer vision
algorithms to determine similar symbols. Two approaches were used and results were
reported. Once similar symbols have been identified, their associated glosses provide

context to these isolated glosses.
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Chapter 5

Results

The aim of this chapter is to present the results of experiments conducted, and to
analyse the data. It first presents statistics about the two parallel corpora which
spanned the three languages that were used for disambiguation. Next, it shows the
outcome of the experiment that was carried out to pre-process the MSA side of the
corpora, which involved lemmatization and part of speech tagging as a result of a
morphological analysis disambiguation. This experiment is analysed for its coverage,
and statistics collected from the resulting annotated corpus are shown in some
examples. Then it addresses the experiment that created a parallel monolingual corpus
of telegraphic and fully-formed text as training data for the symbol to text task,
showing statistics and a sample of the data. Next, the chapter shows the experiment
examining the potential of a translator, which was trained using the created data, by
evaluating the resulting text using the BLEU score. The next experiment was on
symbol tagging, and its outcome is reported. This was evaluated qualitatively by
examining a single example and discussing its overall statistics. Finally, focusing on
symbols, the chapter presents results of two experiments. The first aimed at finding
similar symbols using two different methods; the second aimed at identifying symbols

with certain markers.

5.1 Corpora and Extracted Data

This section reports on the quantitative aspects of the multi-lingual corpora (see 4.3).
Two parallel corpora were used, the main one for tagging and disambiguation, and a
secondary one that was only used for disambiguation. The main corpus was a parallel
corpus between Arabic and English. The number of tokens for Arabic was 186 million,
and the average sentence length was 6.3. The English had 255 million tokens, and an
average sentence length of 8.6. For tokens that appeared at least 5 times, the number
of word types was 144 000 for English and 382 000 for Arabic (Table 5.1).
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English Arabic
tokens 255 542 565 | 186 783 973
types 537 639 1288924
types >=5 144 469 382 488
Average line length 8.7 6.3
Number of lines 29442754

Table 5.1: Arabic English Corpus Statistics

Spanish Arabic
tokens 207 142283 | 164 587 851
types 586 315 1506 863
types >=5 191 879 363 162
Average line length 7.9 6.3
Number of lines 26 138 723

Table 5.2: Arabic Spanish Corpus Statistics

translation | translation score | PMI score
Ry 10052 12.02
ks 7668 11.99
Nty 1751 12.30
u‘f\"f 1467 12.16
LS 1428 12.29

Table 5.3: Top Arabic translations of the English word book

Word alignments were extracted from this parallel corpus and word translation models
were extracted. A sample of top translations of the word ‘book’ is shown in Table 5.3
and top translations of the Arabic word “US™ is shown in Table 5.4. The two shown
samples highlights importance of PMI score to avoid function words or taking the
intersection of the two alignments. Additionally, the number of extracted pairs from
the directional word alignments, excluding those with a count not less than 50 and a
PMI score of at least 5, is shown in Table 5.7.

The secondary corpus was a parallel corpus between Arabic and Spanish. This resource
was used in the disambiguation process needed for symbol tagging. The number of
tokens for Arabic was 164 million, with an average sentence length of 6.3. The number
of tokens for Spanish was 207 million, with an average sentence length of 7.9. For
tokens that appeared at least 5 times, the number of word types was 192 000 for
Spanish and 363 000 for Arabic. Word translation samples are shown in Table 5.6 and

Table 5.5 and statistics regarding translation equivalent pairs are shown in Table 5.2.
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translation | translation score | PMI score
book 7639 11.84
a 3969 4.00
the 1517 2.01
’s 663 1.34
of 338 1.21

Table 5.4: Top English translations of the Arabic word LS

translation | translation score | PMI score
libro 6627 11.67
un 3844 4.51
el 1837 3.07
de 1555 1.82
libros 295 8.48

Table 5.5: Top Spanish translations of the Arabic word S

translation | translation score | PMI score
oS 8243 12.06
Ity 6637 12.11
Nty 1556 12.43
LLs” 1273 12.43
Lﬁ\“{ 1264 12.26

Table 5.6: Top Arabic translations of the Spanish word libro

alignment number
Eng to Arb | 124816
Arb to Eng | 135360
Spa to Arb | 121213
Arb to Spa | 127270

Table 5.7: The number of extracted Pairs with frequency >= 50 and PMI score >= 5
from each alignment

5.2 Text Pre-Processing

After the corpus had been tokenised, normalised, and word alignments determined, a
linguistic annotation experiment was carried out. Annotations were preformed at the
word level and involved vocalised lemma, vocalised surface form, and Buckwalter part
of speech. An additional form to produce the corresponding segmented text, where
attached pronouns were included only when a corresponding English pronoun was
present (to avoid repetition). Each segment was augmented with its POS tags, and
each token that belonged to an open class words was lemmatized. A sample of the

annotation is shown in Table 5.9.

The annotations were inferred from the extracted word alignments and other surface

forms aligned to the same word, as explained in section 4.4.1. For an analysis to be
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Part of speech | Count
NOUN 38 605
ADJ 6511
NOUN PROP | 5358
VERB 9644
ADV 373

Table 5.8: Parts of Speech in the Arabic dictionary

<sentence id=“0">

<form type=‘raw sentence’> |.izwedl 5 o S Jo</form>

<form type=*‘vocalised sentence’>J;%.§.i$J\ B C);; Jr</form>

<form type=‘POS’>INTERROG_PART VERB_PERFECT+PVSUFF_SUBJ:2MS
PREP DET+NOUN< /form>

<form type="‘glosses’> |idt 56 &3l Ja</form>

<form type=‘glosses POS’>INTERROG_PART VERB_PERFECT PRON_2MS
NOUN</form>

< /sentence>

Table 5.9: The linguistic annotation for an Arabic sentence that was a translation of
“do you ever think about the future 7”

Lines 10 446 868
Telegraphic Arabic | 36 674 unique tokens
Full Arabic 353 248 unique tokens
Full English 143 654 unique tokens

Table 5.10: Symbol to text parallel statistics

generated, there had to be at least one applicable entry in the analyser’s associated
dictionary, except for proper nouns which were handled based on corpus evidence and
not bounded by the dictionary. To expand the lexicon coverage, lexical entries were
gathered from multiple sources: Wiktionary, AWN, and data that was part of BAMA
(Buckwalter, 2002). The collection of extracted lemmas were conflated to minimise
redundancy! resulting in around 54 000 forms. Table 5.8 shows the number of lemmas

per part of speech class.

5.3 Symbol to Text Experiments

Training data was needed to train a symbol to text system. As discussed in Chapter 4,
the training data was purely textual, ignoring the pictorial element. Two experiments
were conducted, one to transform the tagged corpus to a parallel corpus of pairs of
telegraphic sentences and their corresponding fully-formed sentences, and a second

that used the resulting training data to train a translator and test its potential.

IThrough handling missing diacritics and dictionary spelling variations
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Fully-Formed Sentence | Telegraphic Sentence
fazo}“&séé);ﬁy j,.: Jjg;&\‘)‘z

Table 5.11: Fully-formed text and its corresponding telegraphic form

target BLEU
Full Arabic | 29.45
Full English | 28.18

Table 5.12: BLEU score for unseen test segment

The fully-formed text was available as the output from the pre-processing experiments
(section 5.2). On the other hand, telegraphic text was created for each sentence in the
annotated corpus (using the gloss form), as described in section 4.4.2. The resulting
corpus was bounded by the annotated corpora. The resulting parallel telegraphic and
fully-formed sentences was over 10 million lines (Table 5.10). A pair of sentences is
shown in Table 5.11.

The resulting corpora were used in a machine translation experiment to gain insight
into the difficulty of the task. The source text was telegraphic Arabic while the target
was fully vocalised Arabic. For comparison, an additional parallel corpus was created
with the same source text (telegraphic Arabic), but with full English text as the
target. The resulting two parallel corpora were used to train two translation systems
using the OpenNMT Pytorch implementation (Klein et al., 2017) default model, which
is an encoder-decoder two-layer LSTM model with 500 hidden units. The two systems
were evaluated against an unseen segment. The evaluation was measured using the
BLEU score?. When the two results were compared, it could be seen that translating
into full Arabic is a challenge, even though both sides originated from the same Arabic
text. Such a challenge was evident in the BLEU score obtained, which was only

slightly higher than the English score?.

5.4 Symbols to Text Experiments

An experiment was carried out to generate training data needed for the symbol to text
task. The specific symbol set chosen was ARASAAC, which had 12 662 symbols
available at the time of this study. The symbols have already been discussed in
Chapter 3, so it is just important to note that this open-licenced symbol set cannot be
compared to any mainstream languages in size, or commercial AAC symbol sets.
These would include Picture Communication Symbols (PCS) with over 45 000 symbols,
and Widgit with 17 000 symbols, covering over 45 000 words in English. However,
ARASAAC has shown to be a good base from which to work, with glosses that have

2Using multi-blue.perl, part of the Moses decoder
3Training time was limited to 12 hours; a longer training time is expected to improve the result
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been translated from Spanish into several languages, including English. It was also
found that at least 70% of the glosses were nouns, which at the time of writing is

similar to that part of speech found in the collected Arabic dictionary (73%).

The experiment tagged text with symbols automatically. The approach followed made
use of translations of the glosses, as well as translations of the corpus, to minimise
ambiguity errors that may have resulted from a dependence on one language (section
4.4). The resulting tagged corpus was evaluated. A gold-standard data, such as a
manually-tagged corpus, was not available to compare it with. The issue was
investigated in section 4.6 where it was suggested that the performance could be
measured by examining words associated with a symbol against words associated with

the gloss with no disambiguation.

Two symbols with the ambiguous gloss ‘nail’ were selected as a case for demonstration.
The two symbols have different meanings as suggested by their depiction (Table 5.13
and Table 5.14). The list of highly associative co-occurring words was extracted from
the corpus (determined using a positive PMI score as a threshold (Church & Hanks,
1989)). The list associated with each of the symbols and words are shown. Examining
the list, it can be seen that a word like ‘hammer’ is associated with the relevant symbol
(Table 5.13), but not the other, while ‘clippers’ and ‘finger’ are only associated with
the ‘fingernail” symbol (Table 5.14). Words associated with the noun ‘nail’ regardless
of the symbol are shown in Table 5.15, which includes words related to both senses.
This example showed how, by using translations, it was possible to distinguish between

two different meanings that were indistinguishable relying on the English gloss alone.
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nail (noun)

=9

nail 2
nail 13.09
coffin 11.03
hammered | 9.17
hammer 9.16
polish 8.67
rusty 7.19
driven 7.18
boot 7.05
stepped 6.95
tire 6.94
final 6.88
sticking 6.77
gun 6.60
Table 5.13

nail 2
nail 13.09
remover | 12.47
polish 12.44
clippers | 11.78
varnish | 11.66
clippings | 11.55
salon 11.24
lipstick | 8.43
tooth 8.41
toe 8.32
beds 8.31
scissors 7.72
file 7.10
marks 7.03
matches | 6.56
color 5.93
finger 5.93
broke 5.66
skin 5.03
dna 5.02
Table 5.14

polishes
press-on
remover
polish
clippers
varnish
salon
scrapings
biter
clippings
salons
coffin
clipper
tooth
chipped
hammered
hammer
cursing
toe
beds
Scissors
carpenter
lipstick
rusty
marks
file
fought
boot
final
sticking
driven
stepped
pound
nails
gun
nail
sticks
tire
finger
broke
matches
chip

12.09
11.95
11.47
11.24
11.17
10.78
10.67
10.63
10.20
10.17
10.14
9.82
9.42
9.04
8.64
8.30
8.13
7.88
7.38
7.33
6.95
6.87
6.81
6.69
6.15
6.14
5.95
5.81
5.77
5.73
5.69
5.64
5.63
5.60
5.49
5.37
5.24
5.22
5.22
5.22
5.20
5.07

Table 5.15
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5.5  The Visual Content

Pictographic communication symbol sets appear to have stable visual designs that can
be exploited for feature detection. To evaluate the potential of the visual content in
disambiguating the associated gloss, several experiments were carried out. Two
experiments were undertaken to identify symbols with similar content using the SIFT
and HOG approaches, as described in section 4.5. The two methods were used to
quantify the pairwise similarity between symbols. A threshold was chosen for each
method, based on empirical evidence, to classify a pair of symbols as similar or not.
The results varied between the methods and among the symbols. Some had several
similar symbols in the subset while others, based on the similarity score, seemed to be

isolated.

The two approaches were compared by calculating the number of symbols that had at
least one similar symbol Table 5.20 of results suggests that SIFT outperformed HOG
in its ability to identify similar symbols. The example shown in Table 5.18 reveals the
differences between the two approaches, by contrasting the performance of each against
the same input. In this example, SIFT was able to identify few related symbols. Part of
the similar symbols includes an object that is part of the main symbol, while the other
part appears to have the same layout as the main symbol. In contrast, HOG identified

symbols with the same layout, but failed to find symbols with a common object.

An additional example is shown in Figure 5.17 which had an input symbol that lacks
any sophistication. In this case, SIFT failed to identify similar symbols, while HOG
was able to find a few that had a very similar layout. In contrast, the example shown
in Figure 5.16 is sophisticated and SIFT was able to identify related symbols without
being affected by the position or size of a segment from the main image. Further
examples for each approach can be found in (Appendix C) and (Appendix D). There
are overlaps between the two methods but SIFT made use of overlapping areas to
identify similar symbols, while HOG relied on the layout. The output of both can be

combined.

The motivation behind identifying similar symbols is to gain awareness of the context
of each symbol. The context can be represented by a collection of key words. An
experiment was conducted to extract contextual data. An example is shown in

Table 5.19. The table shows a symbol and its associated gloss ‘writer’ (a) on the left
side of the table, and visually similar symbols as suggested by the algorithms along
with their associated glosses (b), excluding ‘writer’. The two lists of glosses (a and b)
were used to obtain further contextual data for the ‘writer’ symbol. The last row in
the table shows the set of tokens that are associated with (a), as well as one or more of
the glosses in (b). The resulting list of words is indeed semantically relevant to the
‘writer’ symbol. This example demonstrated the potential of using visual content to

add more relevant contextual data.
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p
o

raw

vegetables bite chew vinegar

Main symbol

Similar symbols

Table 5.16: SIFT example

Main symbol
with
- <
Similar symbols
against to/for

Table 5.17: HOG example

Some symbols had markers on them to indicate their semantic or linguistic category,
section 4.2. An experiment was carried to out to identify symbols having a certain
marker. Three markers had been identified, as shown in Table 5.21. These markers at
first sight seemed consistent in shape, colour and position across the symbol set.
Identifying the existence of each marker was achieved using template matching (section
4.2), along with EMD (section 2.5.4.1) to compare colour. However, variations were
noticed when the set was examined computationally, and thus slight variations in size,
position and colour were allowed. The number of symbols identified for each marker
are shown in Table 5.21. Empirical analysis suggests that the approach was successful
in finding related symbols. Symbols with the plural marker were the largest of the
three. Being aware of symbols with the plural mark can be useful in avoiding
unnecessary repetition in the symbol set. The cross marker appeared less than
expected, since many symbols related to medicine did not have this marker. Thus, the
absence of the marker was not a reliable clue, since it did not rule out a

medicine-related sense. Finding symbols with certain markers can be useful in
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Main sym-
bol
tale*
T HE
SIFT near- [
est symbols
tale adapted library Science books Social Science
books
) )
e [
=
e
HOG near- =
est symbols
books* Science books Poetry and Art Social Sciences’
books books

Table 5.18: Example showing HOG vs. SIFT

Main Visually similar symbols

(a) writer | (b) receptionist - physiotherapist - drawer - journalist - physiotherapy

(c) writes - freelance - journalist - novelist - editor

Table 5.19: Visually similar symbols
Example shows the potential of using visual content in acquiring additional data (c)

Method | Coverage
SIFT 60.98%
HOG 46.16%

Table 5.20: Percentage of symbols with at least one similar symbol
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e | @

1762 110 322

Table 5.21: ARASAAC markers and number identified

disambiguation tasks if the addition of the marker was consistent across the symbol set.

5.6 Summary

This chapter presented results and statistics related to the resources available, and to
the experiments undertaken with those resources. The statistics showed the size of the
corpus was good, which has a huge impact on the outcome since, with a large amount
of data, it is more likely to provide accurate translations than erroneous ones. Results
also showed a considerable amount of data had been used in the morphological
analyser. It is critical to have an analyser with good coverage, especially for frequent
core words, since a missing lexical entry will decrease the symbol coverage as it will
prevent the translation of an associated gloss, and subsequently prevents it from being
used in the tagging process. The lack of a lexical entry will limit the amount of
training data generated for the symbol to text task, since the failure to identify a

lemma for any token in a sentence will make it useless for the task.

The corpus was used to generate training data for both symbol to text, as well as text
to symbol, tasks. However, the corpus needed pre-processing. Final annotated corpus
lines longer than 10 words, as well as lines with words not covered by the collected
lexicon, were abandoned. Training data for the symbol to text task was created and
the corpus annotated with symbols. Statistics on the resulting corpus were reported.
This resulted in a 10 million line corpus sufficient for training a machine translation
system. However, such a portion is small compared to the original corpus, which is
over 29 million lines, and further analysis is needed. The resulting training data was
used to train a symbol to text translation system, and compared with English as
another target language. Results were surprisingly close, which highlights the difficulty
of translating telegraphic text into a fully-formed sentences, in other words, translating
into English from Arabic telegraphic text was close to translating Arabic telegraphic
text to full Arabic, based on the resulting BLEU scores.

Symbols were the focus of attention when creating training data for a text to symbol
tagger or translator. However, the symbols initially lacked Arabic translations for their
associated glosses. The translation was obtained using translation equivalents

extracted from two pairs of languages. The significance of the disambiguation
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approach was illustrated through the list of words associated with two symbols having

the same gloss but different meanings.

To further improve the disambiguation process, the visual content of symbols was
tackled. SIFT and HOG were used to identify similar symbols. SIFT showed more
success, as evidenced by the percentage of symbols that had at least one similar
symbol that did not share the same gloss. But HOG was able to identify some symbols
where SIFT failed, due to a lack of sophistication. Being aware of similar symbols can
be useful in automatically obtaining related words, which can contribute to the
disambiguation process as well as increase recall when used in a retrieval system.
Associated markers, such as the cross mark can be used for disambiguation. However,

the number of symbols with a semantic marker is insignificant.

Results in this chapter show the potential of the approach followed in automatically
creating training data for translating to and from symbols. Outcomes indicate
significant morphological analyser coverage and lemmas subsequently identified. The
evidence supports the use of another language for disambiguation, while analysing
visual content demonstrated the potential for reducing ambiguity and consequently
increasing the relevancy of tagged symbols. The next chapter discuss observations and

limitations of this approach.
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Discussion

This research focused on creating a symbol annotated corpus needed for translating
between symbols and text as part of technologies targeting the AAC community. The
goal has been to create a corpus automatically with no human intervention. The
tagging was carried over corpora that matches daily face-to-face conversation. The
research treated MSA as representative of a natural language alongside a symbol set.
MSA is morphologically rich and to some degree agglutinative, and raw text cannot be
directly tagged with symbols but needs pre-processing. Lemmatisation is key to the
annotation process and thus significant attention has been paid to this task. Of course,
from a computational point of view, lemmatisation alone is not enough to determine
the symbol, due to sense ambiguity. Two disambiguation tasks were created as part of
the tagging process, one to determine the lemma, and the other to determine the
relevant symbol. The former made use of English translations while the latter made
use of two translations, English and Spanish. The resulting tagged corpus was
impressive. The graphical content of the symbols was also examined to check whether
similarity in graphical content could be an indicator for meaning of the associated
gloss, and results suggest that such knowledge can further improve the tagging process.

This chapter discusses different aspects of the research problem and the outcomes.

6.1 Corpus

The choice of corpus is a dominant factor for the performance of a translation task. It
must be relevant to the domain and in a form and size useful for developing the system
required. The selected corpus was a collection of subtitles extracted from movies and
television programmes, which was collected by Lison and Tiedemann (2016), and the
content was available in many languages. A significant part of these subtitles are direct
dialogues between individuals which appear to be relevant to the needs of an AAC user

to support him in daily face-to-face conversations.
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Since the corpus is a critical step in solving the problem of translating between symbol
and text, it was important to evaluate the selected corpus before any further steps. To
carry out the evaluation, a sample of text that represents the domain was needed.
However, such a sample was not available in Arabic as there appeared to be no
available examples from those working with AAC users, and data collection from
within the community was not possible due to time constraints. As an alternative,
since many translations of the same corpus were available, the evaluation was carried
out over the English side of the corpus. A small sample of adult AAC user sentences
collected by Beukelman and Gutmann (1999) was used for the evaluation. Although
the list was originally collected for adults with Amyotrophic Lateral Sclerosis (ALS),
the content appears to be general and applicable to many AAC users. The evaluation
compared several available corpora against this list of AAC messages (Beukelman &
Gutmann, 1999). Results given in section 4.3 suggested that a subtitle corpus was far
more relevant to the AAC domain than any other corpora examined. The sample was

an important tool when searching for a relevant corpus.

Researchers have highlighted the importance of small talk in our daily conversations
across different age groups (Ball et al., 1999; King et al., 1995). Small talk are
utterances that do not carry much information but are used to engage in a social
conversation. These utterances are unlikely to be found in corpora collected from news
articles, encyclopaedia, or other formal documents. Therefore, selecting a
conversational corpus is very important so that these utterances are available to the
user. It should be noted that small talk utterances are repeated many times in such a
corpus, but this redundancy should be retained, reflecting how common they are,

which is useful information for AAC devices.

The differences between conversational corpora and other corpora is not only in the
content but also in their structure. For instance, spoken utterances are expected to be
shorter. Rice et al. (2010) examined children up to nine years old, and found the mean
length for the oldest age group to be 4.99 words per utterance. On the other hand,
adults in their forties have been shown to produce utterances with means of 9.49 to
13.60, depending on the topic (Nippold et al., 2014). Examining the subtitle corpus,
the average sentence length was found to be 8.6 for English and 6.3 for Arabic. The
corpus still contains some much longer sentences, often with more than one clause. On
the other hand, many lines were single word utterances. Single word utterances were
found to be more common in AAC messaging (Smith & Grove, 2003). The average
sentence length was significantly shorter than those observed in newswire corpora. For
example, Habash et al. (2011) reported an average length of 25 and 33 for Arabic and
English respectively. This variation in the number of tokens per line is a strong
indicator of how different a conversational corpus is compared to a newswire corpus.
Thus, the linguistic tools required need to be trained on data that matches the domain

to ensure plausible outcomes.
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The content of the corpus was further examined. Since the corpus was not a collection
of typical conversations, it often included unusual or unexpected events. The genre for
the sources of these subtitles appeared to be mixed (no explicit indication of the genre),
and as a result, some topics were over-represented (e.g. violence) compared to typical
conversations between two individuals. For example, the word ‘walk’ appeared about

40 000 times while ’kill” appeared around 112 000 times, which is more than double.

The selected corpus provides conversational utterances, but some useful contextual
data is not available, as the corpus did not provide indications of who had spoken each
phrase or sentence (e.g. their gender, age, or role), when (e.g. lunch time or before
bed), and in what setting (e.g. home or shopping centre). This missing information
could be useful for AAC systems in order to improve their output. Furthermore, the
corpus was originally a collection of files each a sequence of sentences ordered
chronologically. However, this sequence was not exploited, although the wider context

(preceding the current sentence) could be useful for disambiguation.

A limitation of this corpus is that these are not uninterrupted conversations between
two people (as the data available for training dialogue systems). There are often shifts
from one scene to another which may involve different groups of people, in different
settings, and another time. The corpus did not provide any indication of these shifts.
The absence of this information was considered to be a limitation that had to be

accepted in the absence of a large set of AAC messages in either English or Arabic.

The Arabic subtitles were often translations of text originally written in some foreign
language. Text translated into MSA does not necessarily match messages that have
been written in MSA originally. Researchers have pointed out that there is a difference
between original and translated text (Kurokawa et al., 2009; Lembersky et al., 2012)
and were able to train classifiers that discriminate between them with high accuracy
(Kurokawa et al., 2009). This difference, between translated and original text, may
have a negative impact on the performance. Furthermore, local and important cultural
or religious events are significantly under-represented in the corpus, compared to
similar Western events. For example ‘Christmas’ appeared 17,942 times, while
‘Ramadan’ 86 ,'Hajj’ 73, and ‘Eid’ 88 times. The corpus did contain noise such as
ill-formed machine translations, errors in sentence alignments and translations into a
local dialect, but the majority was in an acceptable MSA form. Furthermore, the
availability of translations in other languages was a valuable resource in

disambiguating Arabic text.

Examining the vocabulary of the selected corpora showed that the Arabic vocabulary
was more than double that of English, partly due to morphology and the number of
prefixes and suffixes that can be attached to stems. Foreign words transliterated into
Arabic also contributed to the Arabic vocabulary size, since there is no standard form,

but usually multiple acceptable forms for a single foreign word. The reason behind this
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is because a pair of languages do not usually share the same sounds, and so matching
between sounds across the two languages is not one-to-one, and often there is no
agreed map between the two. Proper nouns are plentiful in the English subtitles, and
are often transliterated into several forms, which increases the vocabulary significantly.
In general, the expanded vocabulary results in the Arabic side suffering from sparse

data compared with English, which highlights the importance of lemmatisation.

6.2 Lemmatisation and Morphological Analysis

Lemmatisation is an essential step that has attracted much attention. The process of
determining the lemma made use of evidence from the same corpus to avoid errors that
result from domain mismatch. For instance, the distribution of verb inflections is likely
to be different in conversational data than in long articles. The process groups
multiple Arabic surface forms by their corresponding aligned English word. It collects
statistics from the group of surface forms, which is a key to determine the likely

lemma. The outcomes were promising, given how challenging Arabic text is.

However, the lemmatisation task requires the availability of a lexicon, in addition to
awareness of possible morphological forms, prefixes and suffixes. The approach chosen
was to generate possible hypotheses and rank them based on collected statistics. As a
result, the accuracy of the process was limited by the coverage of the lexicon. If the
actual lexeme is not part of the lexicon, it will not be among the generated hypotheses,
and another lexeme may be accidentally selected. Thus, a lexicon with good coverage
is key to the success of the lemmatization process. The coverage was expanded by
collecting lexical entries from several sources (Wikitionary and WordNet, in addition

to Buckwalter), to expand the dictionary used by the morphological analyser.

The lemmatization process assumes that text is tokenised and each token is processed
individually. Tokenisation was done beforehand by inserting a space between every
adjacent Arabic alphabetic and non-alphabetic symbols. However, the corpus
contained some cases where the space between two tokens was missing. This problem
was also pointed out by Buckwalter (2004). The majority of these cases encountered
occurred when a word was preceded by a short token (two letters) ending with a
non-concatenative letter. When examining word lists grouped by their English
equivalent token, there would often be a correct form with a higher count. Thus, this
common tokenisation error could be avoided if the correct form exists within a list, or
more frequently, the untokenised form has no plausible analysis. The approach
followed was to assume that attached preceding tokens could be one of three function
words: L or Y or L. This list could be expanded as necessary. For instance, the word
‘hundred’ was often attached to the preceding number (textual form) and could be

handled in a similar fashion.
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The corpus contained common spelling errors that were too frequent to be neglected.
Such an issue was not special to this corpus but had also been observed in corpora
from a collection of newswire data (Buckwalter, 2004). The majority of cases were
alternating between various alef forms, final Yaa forms, and final ‘Haa’ versus ‘Taa
marbuta’. Buckwalter solved these issues by adding to the morphological analyser’s
dictionary, additional entries that covered these variations. However, this affects the
accuracy of the lemmatisation process. As a result, various alef forms are always
normalised because this is such a common error. Other errors were only addressed
once hypothesised lemmas were ranked, and they were only corrected if they resulted

in more likely lemma given the corresponding English form.

The process of determining the lemma was based on a single English word, and other
surface forms aligned to that English word. However, a few cases were not resolved,
which have similar surface forms and are often related semantically, but whose
vocalised lemma is not the same. Also, determining the vocalised lemma of a few
function words was a challenge since they usually do not correspond to any specific
English word. These cases were handled through some rules, but the outcome was not
reliable and led to inaccurate vocalised output. However, once lemmas are ranked, the
final lemma per instance should take the context into account whenever ambiguities
are not resolved. The final decision can be based on the likely form, given the context
suggested by tools trained on some fully-vocalised text. This step of in-context

lemmatisation was not carried out during this research, and is left for future work.

Lemmatisation is not the only task for textual processing. Determining the full
morphological analysis of words which reveals possible attachments is needed, such as
pronouns, which require a relevant symbol. This analysis is key to recovering the
vocalised form. Unfortunately, knowing the main stem’s lemma of a surface word is
not always sufficient to determine its full analysis. The local context of both English
and Arabic were used to determine the likely analysis. The surrounding pronouns, e.g.
subject pronoun on the English side, were often key in resolving surface form
ambiguities. The most common ambiguities, which are difficult to resolve, are forms
that contain a single second person pronoun. Determining whether the pronoun is
masculine or feminine is a challenge since they are indistinguishable in English, as well
as in their Arabic normalised form. Some clues on the Arabic side have been exploited,
such as the analysis of any other verb in the second singular form or the gender of the
following adjective or proper noun. Unresolved ambiguities are currently handled by
randomly choosing one form. Another challenge was distinguishing between passive
and active forms, since in their normalised forms, it is not easy to determine, and this

was also left for future work.
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6.3 Symbol to Text Translation

The task of translating symbols to text is defined as a user composing a message of one
or more symbols followed by the translation process generating fully-formed text. The
input stream is not a sequence of bare images but rather each image is associated with
one or more glosses representing the meaning conveyed. As discussed in Chapter 4,
from the translator’s point of view, the problem is seen as a translation from isolated
glosses into fully-formed sentences, without taking the pictographic symbols into
account. The input list of glosses could be described as telegraphic sentences (Karberis
& Kouroupetroglou, 2002; McCoy et al., 1998). Hunnicutt (1984) pointed out three
kinds of grammar used with Blissymbols: telegraphic style, Bliss syntax, and natural
language grammar, e.g. English. He described telegraphic grammar as lacking function
words and giving less attention to word order. A symbol user may lack literacy skills,
which prevents them from following the spoken rules for grammar, and this justifies

the assumption of telegraphic input.

In order to train a translator that translates telegraphic text into fully-formed text,
training data was needed. Training data is a parallel corpus, one side covering the
input, in this case telegraphic text, the other side giving the fully-formed text. The
telegraphic data was generated from the fully-formed sentences from the corpus.
Preparing the telegraphic text required stripping out non-essential tokens that do not
carry meanings, such as function words. This required awareness of speech tags to
identify function words. As a result, prepositions, conjunctions and determiners were

excluded.

Also, morphological analysis was needed (which was available at this point) to handle
clitics and identify lemmas. Arabic pronouns are not always an independent token;
they attach to the verb whether representing subjects or objects and thus need to be
segmented and replaced with their full form since pronouns have their own symbols.
Furthermore, Arabic is a partially null-subject language. The subject pronoun is not
always explicit for verbs in the active form. The dropped pronoun can be inferred from
the morphological form of the verb. However, it is hard to automatically determine
whether the subject is explicit or implicit, and this has always been a concern for
researchers annotating Arabic text (Hajic et al., 2004; Maamouri et al., 2004; Palmer
et al., 2008). Pro-drop was found to occur in 30% of Arabic Treebank sentences
(Palmer et al., 2008). This property occurs in many languages, e.g. Italian. This
affects the choice of symbols; in some cases, a symbol representing the dropped subject
had to be added. As a result, there is a symbol with a non-existent equivalent in the
corresponding text. The dropped pronoun can be determined using a syntactic parser.
However, with the availability of translation equivalent text in a language that does
not have the same pro-drop issue, such as English, Arabic verbs will be aligned to a

pronoun in addition to the verb whenever the subject is implicit or attached, which is
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Arabic token | English translation
b i PRP agree VBP
Sdony gives. VBZ you_PRP
REAIN 1i_ PRP 'm_ VBP going VBG to_TO take_ VB
S but_ CC it PRP

Table 6.1: The null subject problem and agglutination showing the difference between
Arabic and English, using the English Penn Treebank tagset

enough evidence to show that a pronoun was dropped. Table 6.1 illustrates the issue,

where “I agree” is aligned to a single token and the verb has no pronoun suffixes.

The corpus contained some rather complex utterances, with multiple clauses and
relative pronouns, which may not be relevant to the task. A process of filtering out
complex utterances was carried out to speed up training and for a better estimation of
the amount of data that actually matches the task. The resulting data was divided
into a training set and a test set. A translator was trained with the training data and
then an evaluation was carried out using the test set and the resuts recorded. However,
this task is difficult since lots of the information needed to generate the output is
missing from the input. For instance, the input will often provide no clue about a
verb’s tense. As result, there are many plausible outputs given a particular input
(covering various verb tenses and structures), but only a subset matches the user’s
needs. The evaluation, however, was a comparison against one translation and is a
common issue faced by those working in MT. It is worrying in the symbol to text case

since the input is incomplete, which increases the space of acceptable translations.

6.4 Symbol Tagging

Translating from text to symbols requires the use of a specific symbol set or other
semantics tags. The process undertaken here was to use a specific symbol set rather
than general semantic tags. The problem is that there are many symbol sets, which
differ in their depiction approach (pictographic vs. ideographic), drawing style, colour
choices, number of dimensions, concept coverage, target language and target culture.
They also vary in their licenses. The ARASAAC symbol set was chosen, but the
approach followed was based on the characteristics commonly found in other popular
communication symbol sets such as Widgit and PCS. The availability of multiple
glosses in several languages is common across symbol sets, and some provided
categorisation (linguistic or semantic) of the glosses. Therefore, because of similarities
between pictographic symbol sets, it is suggested that automatic tagging, raher than
manual tagging, be used for the generation of training data, because it can be repeated

with several symbol sets.
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right - something - way - people - thing - anything - look
- guy - home - someone - lot - thanks - one - kind - mom
- today - work - shit - idea - everyone - anyone - phone -
men - kid - tomorrow - stuff - fuck - minute - everybody
- somebody - chance - mind - fun - point - hour - story -
number - matter - tonight - nobody - game - deal - yeah -
side - couple - end - month - call - hey - child

Table 6.2: Top 50 nouns missing from the symbol set in order of frequency

gone - let - need - thank - mean - happen - believe - stay -
meet - excuse - suppose - wan - live - check - shut - hope -
huh - care - seem - fuck - mind - hate - trust - kid - promise -
felt - welcome - figure - end - wear - wake - become - matter
- imagine - relax - bear - prove - fell - spend - involve - set -
damn - wonder - expect - name - step - accord - deal - owe
- appreciate

Table 6.3: Top 50 verbs missing from the symbol set in order of frequency

ARASAAC is quite large, giving the impression that the symbol set will cover most
frequently used words. However, once it had been examined against the corpus, it was
clear that the set surprisingly lacked some essential glosses. There were often less
frequent or more specialised glosses that had been included. For instance, at the time
of writing, there was no gloss for ‘home’ yet there was a gloss for related concepts such
as ‘home insurance’, ‘nursing home’ and ‘mobile home’. In this particular case, there
was a gloss ‘house’ that could probably be used as a symbol for ‘home’, but this
process cannot be automated. Table 6.4 demonstrates the problem by showing symbols

containing the substring ‘story’ and no symbol for ‘story’ was found.

Another striking example was the lack of a symbol associated with the verb ‘need’, yet
there was a more specific symbol ‘I need help’. Also, some symbols that represent the
plural form of a word are available while the corresponding singular form is missing,
such as kid and child which are missing, while ‘children’ and ‘kids’ are part of the
symbol set. Some concepts are covered, but not with all possible part of speech classes,
such as ‘welcome’ which has not been associated with the verb class. Table 6.2 shows
the top 50 nouns, and Table 6.3 the top 50 verbs, that are missing from the symbol set
when examined against the corpus, in frequency order. This limits the number of
tokens tagged with a symbol,which in turn limits the number of Arabic glosses
extracted. However, these limitations to the symbol set may resolved in the near
future, since the set is often updated by adding new symbols or glosses to existing

symbols.

A number of symbols are associated with glosses that are not a single token but
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and that is the | storyteller storyteller storyteller
end of the story

Table 6.4: All symbols in the set having the substring ‘story’, showing the lack of a
symbol for ‘story’

multiple tokens, which poses a challenge to the tagging process. Some glosses are
fully-formed utterances, such as ‘I need help’, which can be used — in tagging the
corpus — when an exact sequence match is found. However, this case prevents using the
symbol with another pronoun or proper noun, e.g ‘he needs help’ or ‘Tom needs help’.
In this particular example, dropping the subject pronoun, i.e. ‘need help’, may solve
the issue, which can be done automatically. However, the content of the associated
image may have an element that suggests the first person singular pronoun which
results in a confusing symbol if the pronoun is dropped. Additionally, with multi-word
glosses, intervening tokens are also possible, such as ‘I need medical help’, which is
hard to handle based on sequence matching, and an interveing token may also need its
own symbol. Furthermore, the word order may not always match. For instance, a
symbol associated with ‘clean the glasses’ (Figure 6.1) which may be relevant to more
than one word order, e.g ‘my glasses need to be cleaned’ as well as ‘I need to clean my
glasses’, which requires a bundle of words to match, rather than a sequence. Handling

multiwords is a challenge which NLP researchers often face (Sag et al., 2002).

Figure 6.1: An ARSAAC symbol with the gloss ‘clean the glasses’

The process of determining the relevant symbol was based on matching glosses in two
languages, to avoid errors that may result from matching based on a single gloss.
Thus, to reduce ambiguities as much as possible, bilingual glosses associated with a
symbol are matched against bilingual contexts in the corpus. However, MSA was not
sufficiently covered in the symbol set, so Spanish was used as a pivot language between
the Arabic context and the symbol. This approach minimised the chances of ambiguity

and improvements were shown over single glosses.

Glosses which are of concern are those whoser ambiguity is a result of homonymy, as

opposed to polysemy. Using more than one language significantly minimises this issue.
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Table 6.5: Several symbols for the gloss ‘telephone’, showing no strong similarity

However, there are few symbols with glosses that are cross-linguistically ambiguous,
which means that glosses in another language are not sufficient for disambiguation.
This set of problematic glosses is supposedly a much smaller number than those that
are ambiguous in one language. There is still a need for a mechanism to discover them
for further processing. A multilingual conventional dictionary can be used to identify
ambiguous glosses. However, the result is often overwhelmingly numerous, since
dictionaries, such as WordNet, list many senses that are related and arise from
polysemy (school as a building vs. school as an institution), and the focus is on the
detection of unrelated meanings expressed in a single word form, i.e. homographs. In a
perfect world, this can discovered simply by finding all pairs of glosses (in two
languages) that have been associated with more than one symbol. In practice, this
does not work since the same meaning can be represented in multiple depictions, and
not all senses a gloss may have are expected to be covered in the symbol set. The issue
can be minimised by extracting contextual data for each symbol and using it to choose
the best match.

Spanish was chosen as the second language for disambiguation in this research.
However, distant languages are likely to perform better in disambiguation. Resnik and
Yarowsky (1999) examined several languages, and suggested that there is a correlation
between the distance between two languages and the likelihood that ambiguities in
each language are lexicalized differently. They showed that 54% of sense distinctions
are lexicalized differently (from English) in Arabic and 50% in Spanish. However, more
distant languages such as Korean and Japanese were found to exceed 80%. Thus, the
choice of language can make a coniderable difference. Zhong and Ng (2010) used
Chinese translations to infer WordNet senses for aligned English words, to expand
WSD training data. The resulting tool performed remarkably well. Examining the
potential of other languages in resolving symbol ambiguity is an important issue for
future research. For instance, tagging symbols with Japanese glosses beforehand may

reduce ambiguities beyond the current outcomes.

6.5 Visual Content of Symbols

The content of the pictographic symbols has been examined to gain insight into

whether it can provide clues into the semantics of a symbol. Initial observations of the
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ARASAAC symbol set (Chapter 3) showed that there were certain similarities, for
example, between adjectives and nouns on specific topics. The literature cites many
methods for extracting quantitative features that allow the distance between two
images to be computed, which also reflects how similar they are to human perception.
A threshold can be set, based on observation, to decide whether two symbols are
similar or not. SIFT and HOG ate two methods that have been used here, and results

are encouraging (Appendix C and D).

Although symbols are simple images with often no background, the approach used here
was able to identify visually similar symbols. Chapter 5 showed how the two methods
differ. SIF'T is able to identify symbols with common objects without being affected by
size and position, which is often the case across symbols. However, an object must
have some sophistication and not be represented with a few straight lines, such as a
square. On the other hand, HOG was able to identify near-identical symbols; the same
overall structure and major components are in approximately the same location with
slight differences, such different hair style. Both approaches are useful, but probably
for different tasks. SIFT can be used to identify semantically-related symbols, while
HOG can be used to identify almost identical symbols. Thus, HOG can be helpful to
identify redundant symbols when, for instance, the number of symbols needs to be
reduced. Hashing methods, such as the MD5 message-digest algorithm, is sensitive to
slight variations (e.g one pixel change), and as a result misses many symbols that are

almost identical to the human eye.

Under the assumption that visually similar symbols are semantically similar symbols,
glosses of similar symbols can provide clues to the context. For instance, the gloss
‘park’ can be ambiguous, but once knowing other glosses associated with similar
symbols which include ‘playtime’ and ‘slide’, the ambiguity is resolved. Furthermore,
neighbouring glosses can be used to collect more words that relate to the context. This
was achieved by selecting two glosses and finding highly associative words with both.
The availability of additional context is important since no context has been provided
for the symbols. The data can be useful in a situation where multiple symbols are
possible for a word or words in context, by ranking possible symbols based on the

overlap between the target and contextual words associated with each symbol.

A single gloss can be associated with many symbols. Identifying whether a pair of
symbols sharing a gloss are similar or not can be useful to know before the tagging
process. The number of pairs sharing the same set of glosses (in two languages) was
found to be 5304. When similar pairs were filtered out, the numbers significantly
decreased to 1159. The number of pairs that shared at least one gloss (in two
languages) was found to be 9 768, while filtering similar pairs reduced it to 3 122. This
reduces the manual work needed to label these symbols with additional data related to
their meaning. This highlights the issue that a proportion of the symbol set has

content and meaning that is already in the symbol set but with slight variations.
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However, the absence of similarity between symbols sharing a gloss is not an indication
that the depicted meaning is different. For example, Figure 6.5 shows an example of
symbols all showing a telephone but are understandably not considered visually
similar. Such knowledge can only be built using machine learning methods, which

requires plenty of images per gloss.

Awareness of visual similar content can be useful for many tasks and not only
translation. It can be a useful tool for symbol maintainers and carers who need a faster
method to be aware of the content of the symbol set. It provides valuable information
for a symbol retrieval system by providing more textual content for each symbol and
similar symbols that might be related to the topic. Manual annotation or
categorisation for symbols can also benefit form knowing similar symbols by tagging all

similar symbols at once.

The investigation so far has assumed pictographic symbols. Some other symbols sets
cannot be handled in the same way. For insistence, Blissymbolics was designed in a
way that makes it easy to reproduce or draw on paper. As a result, drawings are
simple and are not expected to provide features useful for pairwise compression.
However, Blissymbols are constructed from Bliss-characters that form Bliss-words.
Thus, having overlapping characters can be an indication of semantic relatedness
between two symbols. Therefore, the method used for visual content awareness needs

to relevant to the overall design of the symbol set.

6.6 Text to Symbols Translation

The automatic tagging approach has made training data available. However, is the
process of finding relevant symbols a translation or a tagging task? MT is a
complicated process because the output has a different order, and word correspondence
between the source and the target is not one-to-one. Sense ambiguity must be handled
implicitly. The output needs follow the grammatical rules of the target language,
which may require adding function words and ensuring agreement between dependent
tokens. Symbol communication on the other hand, apart from Blissymbols, often do
not have their own syntax, but rather depend on the spoken language for their order.
As a result, the task of producing training data might be considered a tagging process
rather than a translation. However, the word to symbol relationship is not one-to-one,
but rather a single word may be tagged with no symbols, or many symbols, and a

single symbol may cover one or many words.

The data is thus ready to be used to develop a symbol tagger. NLP involves many
tagging tasks such as POS tagging, WSD classifiers and named entity recognition
(NER). There are many approaches to the tagging task and recent approaches are

based on various neural network architectures that can operate at word level or at
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character level or both. For instance, a bi-directional LSTM with CNN (Chiu &
Nichols, 2016) was an architecture used for tagging that learned word features as well
as character features. Recent approaches are based on the transformer (Vaswani et al.,
2017) such as the architecture proposed by Baevski et al. (2019), which outperformed
NER state of the art results. Having the data, the process of training and evaluation is

straightforward and left for future work.

6.7 Summary

This chapter discussed several aspects of the problem of symbol and text translation
and carried out experiments. The choice of corpora is important. Conversational data
contains small talk utterances, which are important for face-to-face conversation. It is
also structured differently to other types of text. Since the corpus was collected from
movie and TV scripts, the distribution of some of the words may not reflect typical
conversations. Also, some contextual information is missing from the corpus, which
might improve the performance of AAC systems. The Arabic translation used in this
research was in an acceptable form, but did not cover some local cultural concepts.
MSA is rich in morphology and agglutinative and as a result morphological analysis is

an essential task.

Text pre-processing was carried out before creating the training data. This included
lemmatization and further morphological analysis. Lemmatization made use of local
evidence to avoid domain mismatch errors. The coverage of the lexicon is a critical
aspect of the lemmatization approach and should cover all vocabulary used frequently.
The approach used for lemmatization was also useful in correcting spelling errors. Few
lemmatization cases were hard to address, and increased data is expected to further
improve the outcomes. Additional morphological analysis was made knowing the

lemma and accessing the wider bilingual context.

Symbol to text translation and related experiments were discussed. The translator was
trained using data from the corpus after creating a fully-formed and a telegraphic
transformed text. The task of translation is challenging since the input is incomplete
and, as a result, the space of possible valid translations is large and only a few may

match the user’s need.

Translating from text to symbols was investigated. The ability to determine the
relevant symbol to words in context requires knowledge that was missing. Multiple
corpus translations were exploited to minimise errors that result from ambiguous
glosses. Symbols with multi-word glosses were a challenge. Limitations include missing
applicable glosses and also symbols. Further contextual data was obtained through
awareness of symbols with similar visual content. This contextual data can be used to

determine the best matching symbol for a given word in context.
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Multiple tasks were completed in order to achieve the results aimed for. The outcomes
are promising, with a clear indication that it is possible to achieve a sufficiently
successful symbol to text and text to symbol training data approach with limited
corpora, whether it is a small pictographic symbol set or a highly morphologically rich

language such as Arabic.
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Chapter 7

Conclusion and Future Work

Graphical symbols are sometimes used for communication when there are barriers that
prevent an individual from communicating using the various forms of spoken or signed
languages. Users of graphical symbols need to interact with others around them who
may not be familiar with symbols, and they also need to access resources expressed in
local spoken languages. Therefore, it is essential they have an approach to
automatically translate to and from graphical symbols, which could have a great
impact on their quality of life. The translation process needs to resolve ambiguity to
determine relevant symbols and generate plausible text in the local language. Such a
process can be developed using data based methods. However, data tagged with
symbols is not a resource yet available in many languages and graphical symbol sets.
The aim of this research was to address the lack of such a corpus by generating training
data useful for training a translation system. The generation process avoids the need
for manual tagging, which would be costly in time and effort needed to produce such a

resource. This study focused in particular on Arabic and the ARASAAC symbol set.

7.1 Conclusions

This thesis first reviewed the relevant literature in Chapter 2. Then publications on
symbol to text and text to symbol showed that most relied on existing language-specific
tools. This research therefore focused on making the data needed available, while
highlighting the importance of data. Related aspects of language processing were
assessed, such as word sense disambiguation (WSD), an issue somewhat similar to
symbol tagging but with a different kind of inventory, and the use of translation to
overcome the missing manually annotated resources. Previous research concerned with
machine translation was briefly described, which highlighted the sophistication and

advances made in the field that could be beneficial to AAC once the data is available.
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Many communication symbol sets are available. The ARASAAC symbol set was
selected, and examined in Chapter 3. This set was chosen due to its licencing freedom,
its availability, size and the pictographic depiction style. Having a symbol set, along
with its associated glosses, allows a user to enter a word and find pictographic symbols
based on text matching between the query and the glosses, which can result in several
matching symbols that may or may not have the same meaning. However, such a
resource is not sufficient when there is a word or phrase in context that needs to be
translated to a relevant symbol that conveys the same meaning, due to the lack of
knowledge needed for disambiguating the exact word meaning. It is also is not
adequate for building a system that translates a set of symbols into text, either for
speech synthesis or for understanding by another person, due to the absence of
sequences of text needed to learn the grammar of the target language. Therefore,

further data was needed.

In order for a machine to grasp the grammar of the target language, plenty of
sentences of various lengths were needed. The relationship between text and symbol
can be learned through observing many sentences and their corresponding symbols.
Hence, a textual corpus was needed, and such a corpus need to have corresponding
symbol messages. This resource is not currently available and but it is essential, as
described in Chapter 4.

Several steps were carried out to generate the training data needed. First, a corpus
needed to be collected from scratch or an available base corpus needed to be chosen.
Once a corpus is available, it needs to be linked with communication symbols.
However, the choice of corpus is not arbitrary, but needs to match the domain and be

large enough to be useful for machine learning.

In order to match the domain, a search was initially conducted for a corpus of actual
AAC messages collected from users. However, such a resource large enough for the
task was not available. A search was then made for a corpus that is conversational and
large. A corpus of subtitles (TV and film) expressed in the target language was chosen.
Finding and using domain-relevant data is an important step. In order to confirm the
relevancy of this corpus to the target task, an experiment was carried out that made
use of a list of messages prepared by experts in the field (given in Appendix A). Such a
list has an important role in determining the best corpus. Unfortunately, such a
resource may not be readily available in other languages, but it is valuable for
evaluating available corpora, and obtaining such a resource ahead of time is
recommended. The experiment showed that the corpus (the English translation) was
significantly better at matching the domain than other publicly-available corpora. The
corpus was also big enough and translations were available in many languages, which

was an important aspect for this research.
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The raw corpus is not sufficient on its own and required tagging with various
grammatical markers, including symbols. The proposed solution was an automatic
tagging approach, eliminating the need for manual tagging, which is costly in time and
effort, and allowed the tagging process to be repeated for any pair of languages and
symbol set. The approach created plausible tags by finding ways to minimise
ambiguity. This approach therefore has the ability to create training data for

developing systems that can translate to and from symbols.

The tags needed were not only symbols but other linguistic information such as
lemmas. The main challenge from a machine point of view, when automatically
tagging a corpus, is the ambiguity of the text. This came in two forms: word lemma
disambiguation and word pictograph disambiguation. The tagging process can make
use of existing linguistic taggers, such as part of speech taggers and WSD taggers.
However, these tools were not developed to handle conversational data, which is
significantly different than other type of corpora such as newswire corpora. This is
especially true for highly ambiguous text such as Arabic, where several inflections of a
verb appear identical due to the absence of diacritics and are often not preceded by
subject pronouns, which can be a key in determining the verb surface form. Apart
from domain mismatch, WSD taggers cover a limited vocabulary and there is no WSD
Arabic tool that is sufficient for disambiguation. Therefore, the disambiguation needed

for tagging relied mainly on the availability of translations in other languages.

Determining the exact lemma for a surface word in context may not be an issue for
English, which can be resolved using a POS tagger. However, it is a challenge for
Arabic. Knowing the lemma is essential for creating training data for two main
reasons. First, symbols are often only tagged with the lemma form of a word.
Secondly, identifying the lemma is a key in the restoration of absent diacritics which
are crucial for speech synthesis in speech generating devices. Therefore, the first step

to be carried out was tagging with the lemma.

The lemma disambiguation process requires an inventory of lemmas, preferably with
their metadata. It also requires a process that suggests possible lemmas for a given
surface form. Given several options, a single lemma was selected based on a ranking
criteria. The knowledge needed for ranking was obtained by making use of an English
translation equivalent corpus that was initially sentence-aligned. For the purpose of
disambiguation, word alignments were obtained. Grouping several surface Arabic
forms by a single English translation equivalent provided evidence that allowed the
determination of the likely lemma, regardless of the context of each instance. Once the
lemma was identified, further morphological data was determined for each instance

from both the context and the lemma.

Thus, tagging process did not make use of any existing tools trained on annotated

data. Instead, it used dictionaries, a rule-based analyser, a parallel word-aligned
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English text, and heuristics. The results were encouraging because it now allows
automatic morphological tagging for any domain-specific text, as long as a parallel
English text and domain-specific dictionary exists. The process avoids errors of
existing taggers that can be a result of domain mismatch or insufficient evidence
provided by the monolingual context. The outcome can be further improved by using a
existing analyser as a backup whenever ambiguity cannot be resolved. The resulting
tagged corpus, detaied in Chapter 5, can be useful not only for symbol and text

translation, but also for word based communication and word sense disambiguation.

The translation process from text to symbols needs tagging the corpus with symbols.
However, awareness of symbols is not necessary for translating from symbols to text,
since glosses alone can be used to generate a translation. An input symbol message
represented by glosses can be simulated by transforming a sentence into a telegraphic
form. Thus, it becomes a translation from telegraphic text to fully-formed text.
Consequently, this training data can be directly used with any symbol set. An
experiment was carried that made use of this monolingual parallel corpus by training a
translator and testing it, as discussed in Chapter 5. However, translating from
morphologically poor languages to morphologically rich languages is known to be a
challenge in machine translation, since much information is missing, e.g. the adjective
gender. In practice, the translation task is even harder due to potential errors in word

order and the many possible glosses a specific symbol may have.

The task of translating text into symbols require awareness of the actual symbols.
Even having symbols with associated glosses and a corpus tagged with lemmas is not
sufficient for symbol tagging, due to potential ambiguities. As with the lemma
disambiguation, the symbol disambiguation was based on translations. However, MSA
glosses were not available. Relying on the English equivalent to find the corresponding

symbol is not sufficient, because this English word on its own can be ambiguous.

This was solved by introducing an additional language for disambiguation. The choice
of language required coverage of the symbol set through glosses, and also some available
parallel corpora that included Arabic. Spanish was chosen to operate together with
English for disambiguation. For each English/Arabic aligned pair of words, a relevant
symbol is one with an English gloss matching the English text word and a Spanish
gloss that is the translation equivalent of the Arabic text word. The part of speech tag
on the English side was also used to minimise ambiguity. The resulting tagged corpus,
reported in Chapter 5, was examined comparing symbol textual contexts with gloss
textual contexts, and the positive impact confirmed. A few cases remain an issue

where both the English and Spanish glosses are cross-linguistically ambiguous.

To further improve the disambiguation needed for symbol tagging, the visual content
of the selected symbols was examined. The goal was to obtain textual context by

comparing the glosses of visually similar symbols. This was motivated by the scarcity
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and ambiguity of associated glosses. Experiments showed that some algorithms were
better at identifying similar symbols than others (see Chapter 5). Glosses in the
symbol’s neighbourhood were used to obtain further contextual data. Resulting
contextual data could be used to further improve the tagging process, for instance by

ranking symbols based on their similarity with the current context.

This approach in deriving the tagged corpus will be of value to future research into
symbol to text translations. The process of tagging is not specific to the chosen symbol
set, and as a result, the same corpora can be tagged with various symbol sets at no
cost. The approach is not limited to a certain language as long as an inventory of

lemmas and a morphological rule-based analyser is available.

Chapter 6 discussed the crucial selection of tools and resources to make sure they
match the domain. The size of the corpus is also vital, since it needs to be large
enough for reliable translation equivalent pairs to be extracted, and that noise can be
filtered out. The average frequency for an English word in the corpus used was over
400, and using a smaller parallel corpus is unlikely to yield plausible results. A few
basic monolingual processing tools are essential for pre-processing. For instance,
awareness of the part of speech tags for at least one language had a positive impact on
the disambiguation process. Another tool was responsible for generating all possible
morphological analyses. The importance of these monolingual tools grows with the
complexity of the target language. For example, rich morphological languages will need

a morphological analyser to handle the large vocabulary, often with sparse counts.

7.2 Limitations

Several limitations of this research need to be acknowledged. First, Modern Standard
Arabic (MSA) was the language version used for symbol glosses and the corpora. It is
not the colloquial spoken language, despite the need for conversational corpora. Arabic
speakers do not use MSA in informal settings, and as a result MSA may not sound
natural to them. There are many local Arabic dialects with little documented

grammars about each, which makes them difficult to process computationally.

The choice of corpus imposed two limitations. First, the majority of subtitles were
originally written in English and translated to other languages, including MSA. Thus,
the resulting syntax might be biased toward an English-like syntax. Also, the content
of the corpus does not cover cultural aspects of the Arabic community. Secondly, such
a corpus does not provide information about the structure and content of a symbol

message an AAC author may compose, and such knowledge remains missing.

Other limitations include the coverage of the symbol set with respect to words in the

corpus. Although, the symbol set was large, many concepts are depicted in many
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alternative ways, which increased the size of the symbol set without widenening its
reach. Other symbols are tagged with long utterances, which are not as frequent as
words, and thus their usability from a tagging perspective is limited. Further, existing
glosses associated with each symbol do not include possible synonyms and the majority
of symbols are associated with one gloss only. Finally, the dictionary that provides
lemmas gave plausible coverage but some lexical items were missing, which meant that
corresponding lemmas in the corpus were left with no symbol tag even when a relevant

symbol was present in the dataset.

7.3 Future Work

Despite these promising results, there is space for further improvement. In practice,
the tagging process is an iterative process and not a single event. Erroneous output
can be collected and used to improve the tagging process. Further, challenging symbols
can be identified and a manual tagging task, focusing on only those few symbols, can

be carried out to further improve the accuracy.

Further improvements can be obtained by not relying on existing glosses provided with
the symbols. This was an obstacle to benefiting from the actual potential coverage of
the symbol set. Thus, a manual review of the associated glosses is recommended before
the tagging process, so that additional glosses can be added to existing symbols and
erroneous ones corrected. The process of expanding associated glosses can be improved
by knowing semantically-related words as informed by a relevant corpus that can be
identified through vector space models (Mikolov et al., 2013; Turney & Pantel, 2010).

Awareness of visually similar symbols in advance can speed up the tagging process.
This process of the expansion and correction of glosses can be manually done with at
least two languages, and implicitly transferred through parallel corpora to other
languages. Such a suggestion may appear to contradict the automatic tagging approach
but it does not. Symbols number in the thousands, but words that needs tagging are
in the hundreds of millions (for instance the selected corpus section 5.1), and so the
tagging effort for symbols is limited, yet significant improvement is expected. Further,
additional metadata can be added to symbols, such as related topics. However, when
tagging the corpus, it is vital to discriminate between the two types of tags, — glosses

and related words — since each has its own role and should not be mixed.

Other future directions could be repeating the tagging process and changing the
symbol set or the language. Although ARASAAC was the pictographic symbol set
chosen, due to its coverage and availability, other symbol sets and languages can be
used to generate training data and consequently systems are needed to support AAC
use in different settings. In addition to AAC devices and applications, these systems

can be integrated into text simplification and web page translation tools, designed for
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people with cognitive impairments who have also been aiming to aid literacy skills.
This allows the content to be linked with AAC symbols to meet the user’s need!.

The specific target group in mind when choosing the corpus was Arabic speakers. The
corpus chosen was Modern Standard Arabic, with the aim of helping a large
population of Arabic speakers. However, future work may look into a way of making
use of the current findings with local Arabic dialect dictionaries for tagging a local
dialect corpus with relevant symbols. Research into Arabic NLP initially focused on
MSA, but later paid attention to other dialects, such as Levantine and Egyptian
dialects (Habash et al., 2013; Maamouri et al., 2006), and recently to several more
dialects. For example, the Gumar Corpus (Khalifa et al., 2016) is a collection of novels
written in various dialects spoken in the Arabian peninsula. Also, a corpus of dialects
has been created by translating “1,045 concepts with an average of 45 words from 25
cities per concept” from English or French sentences in the travel domain into several
Arabic dialects (Bouamor et al., 2018). The same approach can be followed to create
an AAC corpus by, for example, extracting samples of sentences from the subtitle
corpus with high probability and translating them to local dialects. The future plan is

to focus on major Saudi dialects.

7.4 Summary

This research investigated the possibilities of automatically tagging an Arabic corpus
with relevant communication symbols given the lack a tagged corpus. The resulting
corpus is suitable for any data based machine learning tool. The tagging process
involved the use of an open licensed pictographic symbol library that was analysed in
detail for its visual attributes and other associated data. The approach taken to tag
the MSA corpus was by using a collection of subtitles that had been shown to closely
match the AAC user’s needs. The tagging process made use of translations to identify
relevant symbols and MSA vocalised lemmas. The approach adopted for the symbol to
text task was a translation from telegraphic to fully-formed text, and subsequently a
monolingual corpus was created. The visual content of symbols were used to obtain
further contextual data that could be useful for the disambiguation process. The
resulting data was examined and promising results were investigated. The limitations
are related to the choice of language, the corpus, the symbol set and the dictionary.
However, the processes involved have shown that it is not only possible to better
support text to symbol and symbol to text in multiple languages, but to also start the
journey of giving AAC users enhanced automatic personalised symbol to text
translations on the web with the mapping of symbols across different symbol sets and
languages, as was suggested by Mats Lundélv with the Concept Coding Framework

over ten years ago.

Thttps://www.w3.org/TR/personalization-semantics-content-1.0/#symbol-explanation


https://www.w3.org/TR/personalization-semantics-content-1.0/#symbol-explanation
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Chapter A. Message List

Appendix A

Message List

Generic Message List for AAC users with ALS

Prepared by David Beukelman and Michelle Gutmann

Greetings

Hi

Hello

Good morning
Good to see you.

Opening Questions

What's new?
How are you today?
What's happening with you?

Responses

I'm OK.

Could be better.

I am getting along.

Not very good today.

I like that.

I don't understand.

I don't know.

I don't think so.

It doesn't matter, I guess.
It is important to me.
It is not that important.
I am sorry to hear that.
Really?

Conversational Continuers

Really

Alright

Isn't that wonderful (great)
That's good

November, 1999
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I see

I know it
Okay
Yeah
Good
Uhhuh

Conversational Turnarounds & Extenders

What about you?

What do you think about that?
What have you been doing?

Tell me about your family.
That's interesting, tell me more.
Thank you.

You're welcome

Resolving Communication Breakdowns

I changed my mind

Let's try that again

Let's do it another time.

Tell me you what think that I said.

Personal Care

I need you to...

I would like for you to...

I need some help with...

Can that wait until another time?
Just a minute, I'm not finished.
When will you be back.

Good-byes and Farewells

Thanks for stopping by.
Come back again.
Great to see you again.
See you soon.

Good night

Good-bye

Use of Telephone

I'd like to talk to-
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This is (Name), I have a speech problem. I use a machine to talk. Please be
patient.

The number I am dialing is
How are you?

I'll talk to you soon..

Call me back when you can.
Do you understand me?

Meeting New People

Hi, I'm (Name). I can hear and understand everything that you say. I have
ALS/Lou

Gehrig's disease and I have trouble speaking. I use this machine to
communication. Give me a minute.

Please tell me if you don't understand what I am saying.

Health and Safety

This is an emergency.
Get help now!
I need suction!

Vocabulary for Support Groups or Conversing with Others about ALS

Having this disease has made me...
I worry about...

I fear the loss of...

I can't think about...

It makes me really mad that ...

I am determined to...

One good thing about this is...

Clinic Appointments

I need to see the doctor about...

I need to make an appointment for...

My seating, wheelchair/computer isn't working.
I have noticed that...

What's next.

I need information about...
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Appendix B

Examples Showing Arabic Morphological

Variations

A subset of Arabic words (247 forms) that have been aligned the word ‘read’ at least 5
times showing only forms based on the verb /\;.;
el - 8ol - Lgsl3 - o - 15 - Lla - LLal - Lk - 15 - Al - LB - 5l - 13l - o3
-l = 8 - sl - B3 - el - B - B - ol - sl - L - e - Lk - sl
Ve < o3 - 15 o - - 5l e -W,-b-}b-&‘;%-o;‘;é-g}‘
- esh - 8ol -l - WAL - s - S - B - B3 - o - s - 513 - ol - o)
B Lo - 5 - e L8 -1 - 68 - 3 - Ly - A - s -
S - o - s - S8 LA - WA - L - el - o - o - sl - 580 - sl
ol - B - S5 - sl - B - sl - o - Ll - LA -l - el - il -
el - Ly - Sl - S - i - Ll - gl - oAl - 13 - obl3 - I3 - lals -
- B - il - L - el dlly - Sl - Ly - wl - Ly - il - oY - als - 1)
e = A - B - a5 - LY - 153 - b3 - el - ol - 513 - 3l - (i3
Uy - e - LA - ol - B15 - a1 - Lo - i) - 13 - il - w15 - Ll
el - 53l - el - 53y - eldl - I3 - ol - Ll - 8Lk - 58 - sl - 13l - ol
53 - s - oL - T3l - gl - Al - B - Wl - 515 - LR - gl - D14 -
- B - L - Iy - 8 - 85 - olaly - asll - LA Ll 8 - G5 - als - sk -
- aslF) - Sk - L3 - (sLad - o3 - wslBy - By - LS - sl - LB - sl - 518
- Lagl® - Ugel By - 095,85 - wl3le - LA - Lggh - cpl &) - (liy - e 31 - Lyl 3l - Ll d
Al - Lglal - o 3 Tsld - 331 - gl - B - i - sl - 15 - ik - a8
b - op - ik - A - U8 - o - B - 151 - sl - el - pld - 50
gsln - LA - aldly - ool - o Ble - Laliy - o d - ) - wld) - LalBlag - 180 - ol e
ogl Bl - LBy - L - elBle - G- LA - ol - gLE - LB - @Rl - L) - oL -
A subset of Arabic words (163 forms) that have been aligned the word ‘go’ at least 5
times showing only forms based on the verb &3
cadin - copd - leadl - Oladl - Cad; - L;Jh.':‘ h3le - Cads - Cads - bl - (el
- ey - Ladl - a3l - geady - el - s - Cadae - L - Cadd - v.JhJu -
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- ald - cadd - Cadiy - A - leady - Cadiy - lpads - adan - Lad - Cadew
- sp3l - sld - Cadils - Olad - geads - Lals - CadsY - Cadds - Cladlly - Ca3Y
gs"'“""}*“""““\") Osbda - Lads - wﬁ:-w.u cadlay - olbad) - 6&:\ - shlas
-uA.U\-u.AAA.J u...a.b'ﬁ Opepdin - S s Oseddyy - a3l - Cadiwy - glads - a3l -
u‘"“b u\:-w,\.’y cadlad - Lylasd - loadly - copde - plad, - 6““’“}@ oy - Lad
-GJAV\;)-}.\AVLJ Lady - oladaw - 223 = oddsY - ads - aly - Laxad - al3 -
-;.,.A.,\.:b-},.z.u Lald - comdl - Cadil - Cads) - Cady - coadd - Cadawy - ada
- eadsY - Caddy - Caddl - clhlad) - Cadas) - glald - 53 - a5 - lpadds - gady
-l - add - Oy - lpadyy - oladew - Cadany - WSOlS - lpadin - a3l - alas
ww-qui\-&&xﬂﬂ-uﬂ)-@iﬂ-wﬂy-&\A&-@M—Mb-\ﬁki\é
Caddl - geadsY - Cade - glad - ady - olady - ads) - Cadd - adaag - ol -
- penda = Geadiy - lgady - Cadl) - Cadin) - Cadi - adY - add - CadY -
4,»\.&,'\4-(,.@_3\.::5-\ 3o cade - padew - - aads - d}&,\.’\! u.&;-u;\ Ot
Ladd - Ladals - Cadll - Leadl - kg - olald - Lilady - Cads - aals - adds -
A subset of Arabic words (347 forms) that have been aligned the word ‘say’ at least 5
times showing only forms based on the verb JG
- - e - 8- B - - - - - 0 ol - ol - s - U
- 8 Syl - VB - - JBY - Ll - e - Jad - B - 8 - B - o - - B
e - el - s - il - U - Y - - e - il - i - Ll - o - o
e = i - iy« Dy - b Vg - b - by - i = Dy - 8 - 4 -
By - el - o - Jgb - Al - oy - Jsh - Wil - W - ol - Joa) - ol - ol
- aidyiie - adgid - Wy - o - o8 - Lehm - JBY - o - & - i) - B - i -
G - B -y - el - Ll - Lol - Jom) - W6 - s - el - Ll - 8l - s
- 61 25 - by oy - i - Ly - e - o6 - 6 - Jplod - Lyl - i -
-V - ol - Y - el - oo - (SIS - D - Ul - il - adg - iy - L - JU
- Lgls - VB - L) - Ve - g - aider - WY - CJB - Yo - dead - e - oY
D+ B - ey - LD - - e - i - o - L - 2l - - sl
- Jady - 5 - JUE - e - Ll - i - i - adine - JBy - ol - oy - 06 -
g - Ly - Joile = Jodly - ytoy - e - 13 - iyt - L6 - aulad - il
Ll - i - D < e = iy - I - s - o - B - i - B0 i b
DAY - ol - DUt - s - IS - 3y - Jabe - 2l - Ll - Yo - syl - Lo -
Sl = ik - 6 - iy - gty - 8L - Lo - Ll - Ll - i - gl -
Wil - sl - Wi - Jots - A3V - alils - Wy - Ll - 6 - Aoy - &) - a6 - Lo
-l - odyile - JW - Joals - Wagdid - BB - el - A - Dokl - Jpdie - gl -
- Bk -yl - QY - i - B - OVl - g - ey - Sl - Y - Sl
- Lyl - gl - (SUle - Loyl - dyile - e - LB - Jads - opla, - 46 - i
- 8y gt - B - Y - W - el - By - B - aYsh - o Yshe - aid
- bl - o - - Uy - e - Ly - b - LY - oyt - yale - il
- s - 8- LS5 - iy hale - el - iy - i - Ll - e - i - s
el - 03V, - Y - s - Dyt - e - adste - sl - s - o5 -
e - gt - s - - oY - - - - - Wi - L, - Uag
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- Wyt - dly - Jpdned - il - LE - Ll - ol - Jad - Sk - gl - ik -
5 - dyads - Va - s - Wyt - A - i - Ll - s - bl - oYad - 3
- o - Syl - Vo - oyl - - Vams - Bl - VB - oy - Lyl - oen -

DBl = Jyal - 5ls - Wil - L - ol - Lol - s - sy - 6L - i






Appendix C

SIFT ARASAAC Examples

main symbol

similar symbols

to plan to plan to organise

Table C.1

main symbol

similar symbols

to dance

to dance movement disability™

to dance

Table C.2
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crisis*

main symbol

A4 S

lower to improve economy* <NONE>

similar symbols

Table C.3

main symbol @l
to sit on the edge

similar symbols Ei % %Aﬁ

to sit on the edge to breathe underwater to sit on the edge

Table C.4

main symbol ﬁ

sailor*

similar symbols
*

mariner®  tug

Table C.5
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Appendix D

HOG ARASAAC Examples

main symbol i

to plan

similar symbols i! 1

to plan to organise

Table D.1

main symbol

similar symbols

to dance to dance to dance

Table D.2



136

Chapter D.

HOG ARASAAC Examples

main symbol

economic crisis*

similar symbols

Table D.3

main symbol

3

to sit on the edge

similar symbols

S

to sit on the edge to sit on the edge

3

Table D.4

main symbol ﬁ

naval officer*

similar symbols ﬁ

seaman®

Table D.5
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