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ABSTRACT

Approximately 10% of North Americans have some communication disorder. These can be phys-
ical as in cerebral palsy and Parkinson’s disease, cognitive as in Alzheimer’s disease and dementia
generally, or both physical and cognitive as in stroke. In fact, deteriorations in language are of-
ten the early hallmarks of broader diseases associated with older age, which is especially relevant
since aging populations across many nations will result in a drastic increase in the prevalence of
these types of disorders. A significant change to how healthcare is administered, brought on by
these aging populations, will increase the workload of speech-language pathologists, therapists,
and caregivers who are often already overloaded.

Fortunately, modern speech technology, such as automatic speech recognition, has matured
to the point where it can now have a profound positive impact on the lives of millions of people
living with various types of disorders. This book serves as a common ground for two communities:
clinical linguists (e.g., speech-language pathologists) and technologists (e.g., computer scientists).
This book examines the neurological and physical causes of several speech disorders and their
clinical effects, and demonstrates how modern technology can be used in practice to manage
those effects and improve one’s quality of life. This book is intended for a broad audience, from
undergraduates to more senior researchers, as well as to users of these technologies and their
therapists.

KEYWORDS

computational linguistics, speech-language pathology, assistive technologies, reha-
bilitation science, machine learning
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Preface

When I was a grad student, the purpose of my research was to improve the accuracy of speech
recognition software for people with speech disorders. I started by working with cerebral palsy
(CP), which remains the most common cause of hard-to-understand speech today. Most peo-
ple with CP were not very well understood by speech recognition at the time—less than 1% of
their words could be correctly recognized whereas a speaker without a speech disorder might be
comfortably understood 85% or 90% of the time. It wasn't that their words didn’t make sense—
people with CP can normally understand and produce /anguage just fine—it was that their voices
are quite different from those of the general population, which can profoundly confuse speech
software. It was my job to un-confuse the software.

Not being understood a/most all of the time can be annoying in itself—and speech recogni-
tion certainly did a dismal job for people with CP. It was therefore perhaps somewhat frustrating
that speech was often the most effective means of communication these individuals had. Although
CP limits the control of the muscles of speaking (e.g., the tongue), CP a/so affects other muscles
(e.g., those controlling the fingers). This means that while speech in CP can be approximately
three times slower than typical speech, typing can be over a hundred times slower.

So if a computer can’t understand what you say and it takes too long or is too difficult to
type by hand, then merely participating in our modern society becomes a tremendous challenge.
According to the U.S. Census bureau, less than 10% of people with severe disabilities are em-
ployed, partially due to difficulty in communication, which has considerable consequences for
social and health well-being.

Something must be done.

So how could I make my own small dent toward cracking this huge problem? Since the
sounds of speech in cerebral palsy were so difficult for computers to understand, I reasoned that it
might help to “teach” the computer why those sounds were difficult—to teach it about differences
in the physical origins of speech. How do you teach a computer? These days, we use MACHINE
LEARNING where you basically program the computer to find patterns and relationships in data by
itself, typically given lots of carefully curated examples that you provide. In my case, I needed to
provide examples of speech sounds and their corresponding vocal tract movement, and for that
I needed participants to come into the lab to have their voices and facial movements recorded
during speech.

Many of the participants were in their early twenties and came in with their parents or
other caregivers. One young man with CP was particularly talkative, and his father was equally
eager to insert himself into the conversation, usually to repeat or to clarify what his son said. They

were both very outgoing, and we had about as non-serious a chat as you can imagine in a research
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setting, in the basement of a satellite building of the University of Toronto. At one point, the
young man revealed that one of his main motivations for volunteering (and for getting his dad to
take time off of work to drive him into the lab), was “girls.” I told him that was not part of our
research protocol. This young man’s father then chimed in to say that it wasn't so much “girls” as
it was a particular girl, and that she and his son were “courting,”” but communication between
them remained difficult. The young man had tried a number of devices and programs to help
him be understood, but he found each of them to be insufficient—he didn’t feel like he could
properly express himself. The alternative to talking through a computer was to talk through the
filter of your father, which can also be non-ideal in courtship. He wanted to help us improve the
technology.

Can advanced speech technology improve your love life? More data is required. However,
what was clear to me from that exchange was that so much of who we are, collectively and as
individuals, depends on our ability to communicate. Language is not just about communicating
facts or making plans—to a large extent it defines how others perceive us and how we perceive
ourselves in the world. Being able to define yourself in your own words—to speak for yourself—is
liberating.

I hope that this book can bring together people who really should be talking together,
especially technologists, therapists and clinicians, and people affected by speech disorders. Tech-
nologists need to know what challenges exist in the real world and how clinicians are currently
meeting those challenges. Therapists need to know how artificial intelligence that can help to
diagnose, monitor, and overcome issues of communication. Perhaps most importantly, people af-
fected by speech and language disorders need to know that there is light at the end of the tunnel,
and that technology is helping to provide that light.

[Language has a] unique role in capturing the breadth of human thought and en-
deavour...We look back at the thoughts of our predecessors, and find we can see only
as far as language lets us see. We look forward in time, and find we can plan only
through language. We look outward in space, and send symbols of communication
along with our spacecraft, to explain who we are, in case there is anyone there who
wants to know. [Crystal, 1998]

Frank Rudzicz
February 2016

'Ts that what kids do these days?
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CHAPTER 1

Introduction

About one in every ten people in the world, from newborns to the oldest among us, has some
communication disorder affecting speech. These disorders can manifest themselves physically (as
in reduced control of the muscles of speech in cerebral palsy and Parkinson’s disease), cogni-
tively (as in difficulty understanding words in autism and dyslexia), or both physically and cogni-
tively (following, for example, cardiovascular stroke), according to the U.S. National Institutes of
Health. These figures are increasing with the age of the population and the incidence of stroke.
The Canadian Association of Speech-Language Pathologists and Audiologists estimates that one
in ten people are affected to some degree by language impairments and that this proportion will
rise significantly over the next decade with the prevalence of cardiovascular stroke expected to
rise as populations in various countries become older. In fact, speech and language disorders are
present in nearly 85% of those who have experienced stroke and are one of the first symptoms of
Alzheimer’s disease. This prevalence is especially worrying since aging populations across many
nations will result in a drastic increase in speech disorders brought on by age. This will place a
tremendous burden on speech-language pathologists, therapists, and caregivers who are often a/-
ready overworked or, in many cases, devoted to language disorders that occur ear/ier in life, such as
in cerebral palsy or in developmental delays. This has been referred to as an impending healthcare
crisis. At the very least, it will require massive changes in how healthcare is delivered, globally.

Fortunately, modern technology has matured to the point where it can now have a pro-
tound positive impact on the lives of millions of people with speech and language disorders. This
book serves as common ground for several communities, especially clinical linguists (including
speech-language pathologists), and technologists (including computer scientists and engineers).
Hopefully, sharing common ground will help to accelerate collaboration in this area. The book is,
however, written for a broad audience, from advanced undergraduates and more senior researchers
to users of assistive technologies, their families, and their therapists.

Before we continue, we should make a few terminological clarifications. To be properly
pedantic, we should distinguish between SPOKEN LANGUAGE (referring to word-, grammar-, and
meaning-level aspects of language in spoken utterances), WRITTEN LANGUAGE (referring to those
aspects in writing), and SPEECH (referring to acoustics and articulatory aspects of speech acts).
While it is important to be cognizant of the differences between these terms, we will occasionally
use the term “speech” as a superset of its physical and acoustic properties and the linguistic aspects
of speech acts. We should also be clear as to the scope of this book. We will not cover all topics in
speech and language, naturally. Our focus is on technologies that assist in speech communication.
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This will include technologies that can interpret difficult speech and those that can synthesize
easy-to-understand speech. Along these lines, we will also discuss the entry of written text to
drive those systems.

Part I provides some mathematical and terminological background to help interpret the
rest of the book. Not all of Part I will be applicable to you, but if you are a technologist missing
a background in linguistics, or a linguist without experience in modern machine learning, these
chapters will at least help you to communicate in the same language (so to speak) as the other
people in the room. Part II covers the NEUROLOGY AND ANATOMY of speech and language; to a
large extent, this covers information about how the brain processes and produces language, and
what can go wrong in the vocal tract and hearing mechanism. While the focus will be on speech,
we will also take a brief foray into cognitive disorders affecting language comprehension.

Part III covers TECHNOLOGIES THAT ENABLE, especially those that speak for people with
impairments of speech production (including eye-typing and word prediction), and those that
help interpret for those with impairments of speech reception (including cochlear implants and
other hearing aids). This will be a whirlwind tour of this area of research and will in many ways
only scratch the surface. You are therefore invited to follow the various citations and references
that will be provided throughout these sections.




PART'I

Background







CHAPTER 2

Math & Stats for Language
Technology

Like so much of human behavior, language opens itself up to formal analysis by mathematics
and statistical processes. This includes everything from describing the motions of the physical
articulators to mimicking auditory processes in artificial neurons. In order to make meaningful
progress in our field of research, we often require a thorough familiarity with various statistical
tools. This chapter surveys mathematical approaches that are relevant to certain subareas within
speech and language processing in a fairly introductory manner, using examples relating to our
domain. By no means is this survey exhaustive—for almost every tool we discuss, you will find
more intricate varieties that can be more suitable to your task, so you are encouraged to dig deeper
by following the included references and by doing your own research.

We begin by discussing basic probability theory, which is a central component in modern
computer systems of language, which use statistics to make interpretations. Probability theory is
also a central component of INFORMATION THEORY, which concerns the uncertainties present in
the transmission of information between abstract producers and receivers of messages. Resolving
and modeling these uncertainties using statistical probabilies can be an important component of
speech technologies.

2.1 PROBABILITY THEORY

ProBaBILITY THEORY deals with representing the likelihood of events. The canonical examples
involve games—how likely are you to roll a 4 with a fair 6-sided die? How likely are you to pull the
Queen of Hearts from a deck of playing cards? In these examples, we're using probability theory
for one of its chief purposes—to assign a likelihood to a particular EVENT. In the fair die example,
the event is that a particular side, A = 4 will turn up, but there are several possible events (in this
case, six). We often call the list of all possible events the SAMPLE SPACE or DOMAIN, represented
as §2, where the number of elements in that set are denoted by double bars. For example, if §2 is
sides on a die, ||2|| = 6.

We can often think of language in similar terms. Imagine that our domain £2 is the set of
all English words, of which there are approximately || £2| = 250,000." You may have stumbled on
it or stepped over it, but there was an AMBIGUITY in the previous sentence, which is an important

'According to the Oxford English Dictionary, which generally includes only common, non-slang words. Technical terms,
including medical/clinical language, greatly expand this set.
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concept in computational linguistics.” The ambiguity is around the meaning of the word “word”.
Sometimes, the word “word” is synonymous with TERM, which is like an entry in a dictionary of
which there are, as estimated, about 250,000 in English. Other times, the word “word” means
a sequence of characters separated by spaces—an instance of a term—of which there have been
countless trillions scribbled down over the centuries. An instance of a word is called a TOKEN. For
example,

Counting terms Since; the, termss “the”, “ing”, “thiss”, “terms”, ande “sentence;” areg
repeatedy in this sentence, the number;o of;; Zerms in this sentence isy, thirteen;s.

Counting tokens This; sentence,, bys contrasty, hass seveng tokensy, nog waitg, makeo thaty;
thirteen;, tokenss.

We'll return to ambiguity in Chapter 3, so this digression is merely to emphasize that when
dealing with probabilities, it’s important to carefully define your domain first.

Given a domain, we now have the task of defining how likely a given event is. In the case
of a fair 6-sided die, the probability of any one side turning up should be the same for every side,
ie.,

PA=1)=PA=2)=...= P(A=6) = P(4) = 1/6.

To a large extent, research in natural language by computers treats language itself as no more
than an ||§2||-sided die, which we metaphorically roll each time we write a word on a page (or,
more likely these days, a keyboard). Imagine you have a very limited vocabulary of 25 terms,
Q = {the, of, in, house, cat, hat, . .., pulchritudinous},” where each word is equally likely. This
is what we call a “flat” or UNIFORM DISTRIBUTION, so called because the resulting probability
distribution of the words, shown in Figure 2.1, is uniformly flat.

Now, naturally not all words in a human language are equally likely. You are far more likely
to write the word “the” than you are to write the word “pulchritudinous”. Here, the metaphor of
language-as-dice must be amended, but it can still work. Loaded dice are dice that are weighted
assymetrically so that certain sides are more likely to come out on top than others. If you are
handed a loaded die and tasked with discovering its B1as, that is, the probabilities of each side,
a good approach would be to roll the die a very large number of times, count the occurrances of
each side, and divide each of those counts by the total number of rolls to get the probabilities of
each side. The same can be done with language. Using the loaded die metaphor, we can imagine
that every word token we see on a page (or on a screen, or uttered by a mouth, etc.) is the result
of a “roll of the language die”. If an imaginary book has a million word tokens (N = 1 x 10°)
and 40,000 of those are the term “the” (i.e., we Count(the) forty thousand times), then the PrIOR

*Computational linguistics is a field of research that processes natural language using algorithms and statistics, and is discussed
in Chapter 3.
*pulchritudinous adj. Beautiful. Origin 1910-15 Americanism.
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Figure 2.1: A uniform distribution where each bar represents the probability of each of 25 equally
likely words, i.e., each word in this limited vocabulary has a 4% probability of being said.

PROBABILITY of a word W being “the” is

40,000

oTos 004,

P(W = the) = Count (the)/N =

As in all probabilistic models, we are bound by the rules of probability. The two chief rules any
probabilistic model must obey are:

* 'The probability of any event A must be between 0.0 and 1.0 inclusive, i.e., 0.0 < P(4) <
1.0. If P(A) = 0, A is impossible; if P(A) = 1, no event ozher than A is possible.

* The sum of probabilities over all events (possible or otherwise) must sum to 1.0, i..,

Y, P(4) = 1.

Since every word token in our imaginary book must count toward exactly one of the terms used
in that book, clearly > "y, P(W) = 1.

One can estimate the probability of each word in a collection of text by simply counting the
occurrence of each term and dividing by the total number of tokens in that collection. This consti-
tutes a LANGUAGE MODEL, which is a centrally important concept in computational linguistics. At
its most basic, it is a representation of the likelihood of words, which permits all manner of appli-
cations to be possible, from making more informed guesses in interpreting hard-to-understand
speech to predicting the next word someone is trying to type. Representing the probabilities of
words helps the computer to make smarter interpretations of language.

Like all models in science, a language model is a set of PARAMETERS that describes data
that we've seen already and can predict future or unseen data. In Ptolemy’s geocentric model of
the solar system, the parameters were the widths of mystical transparent spheres on which the
sun and planets revolved, convolutedly, around the Earth. In our language model, the parameters
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are merely the probabilies of each word. Ptolemy’s geocentric model could also be used to make
predictions, such as the location of Mars in the sky on a particular future evening. Similarly, our
simple language model can be used to make predictions of “future words”, as we’ll discuss in Sec-
tion 3.1. For example, you could find the probabilities of all of the words in George R.R. Martin’s
series of novels, 4 Song of Ice & Fire, to predict each subsequent word in the (as yet unpublished)
rest of the series. Whether that prediction is accurate is another matter altogether, to which we
will similarly return in a future section.”

2.1.1 MULTIPLE EVENTS

Just as Ptolemy’s Earth-centered model of our solar system turned out to be inadequate, so too
will our simplistic model of language. Merely finding the probability of a word will encapsulate
(almost) nothing with regard to grammar, meaning, or context. It’s not possible to learn a language
model from the first N — 1 chapters of a murder mystery in this way, for example, to accurately
predict the culprit in the N chapter.

An account of modern computational theories of syntax, semantics, and pragmatics is be-
yond the scope of this book. However, for now it suffices to say that, even at our somewhat naive
level of language modeling, we can learn models that are slightly more complex by using more
than just one RANDOM VARIABLE. There are many ways we can do this—we are really only limited
by our imagination.” For example, for any word W, we could model its joint probability with the
speaker being in a particular emotional state, E; P(W = dang, E = angry) could be the joINT
PROBABILITY of uttering the word “dang” while simultaneously being angry. We're also not bound
to using only two random variables, so long as we obey the laws of probability. Specifically, to
generalize our earlier rules:

* 'The probability of any n joint events x; ... x, must be between 0.0 and 1.0 inclusive, i.e.,
0.0 < P(x1,...,x,) <1.0.

* The sum of probabilities over all events (possible or otherwise) must sum to 1.0, i..,
Doxy Dy 2wy P15 xn) = 1

Often, we use this notation not to refer to n events happening simultaneously but instead
as a sequence of n single events occuring in strict succession. If xy is the first word in a sequence,
X2 is the second. Also, with multiple events, we can also introduce new rules. Perhaps the most
familiar of these is the cHAIN RULE which is:

P(A,B) = P(B|A)P(A) (2.1)
or, more generally,

P(x1,x2,....xp) = P(x1)P(x2 | x))P(x3|Xx1,%x2), ..., P(xp | X1, X2, ..., Xpn—1). (2.2)

*Can you predict which one?

5And data!
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When combined with the notion of a joint probability as a probability of a sequence, we can talk
about things like:

P(wy, wy, w3, ws) = Pla, long, time, ago)
= P(w1) P(wz | wi) P(w3 [wr, w2) P(wa | wy, w2, w3) (2.3)
= P(a)P(long|a)P(time|a, long) P(ago | a, long, time)
where we describe the probability of reading the sequence a long time ago as the probability of
seeing “a”, times the probability of seeing “long” given that we just read the word “a”, times
the probability of seeing “time” given that we just read a /ong, and so on. Importantly, you are
not bound to read the words left-to-right. Any permutation of reading order is permitted—the
probability of a three-word sequence can be the prior probability of the second word times the
probability of the first given the second, times the probability of the third given the first two. This
allows us to use another new rule of joint probabilities, namely BAyEs’ RULE which states

P(B|A)P(A)

P(A|B) = 5B)

(2.4)

This relationship® is visualized in 2.2 and is not merely provided here for your amusement—Bayes’
rule is fundamental to many kinds of modern machine learning algorithms.

P(A,B)j}

Figure 2.2: Bayes’ rule represented in a standard Venn diagram of probabilities over random variables
Aand B.

2.2 INFORMATION THEORY

At some level, human communication is really about transmitting information, whether explicit
words or a spectrum of intentions and emotions. Therefore, it can be useful to draw on math-
ematical theories collectively called INFORMATION THEORY to quantify the amount and type of
information in a signal. Information theory dates to the end of the second World War and was
initially a means to determine how to build in error-correction and redundancy given imperfect
communication channels that could corrupt or distort your message [Shannon, 1949].

®You can work it out for yourself, using the chain rule, knowing that P(A4, B) = P(A)P(B|A) = P(B)P(A|B).
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Let’s go back to the metaphor of language as a die whose sides are words. Imagine we have
an individual who can only say two words: yes and no—they are about to speak, and you’re unsure
as to which word they are about to utter. You have a certain amount of UNCERTAINTY—a lack
of information. Imagine that this entity now utters the word no. Your uncertainty is gone and
you've received information. How much? If yes and no are equally likely, then P(no) = 0.5 and
therefore

1

I(E = I’ZO) = ].Og2 P(E—:no)

1 (2.5)
= log, + = 1bit.
2

'This might be intuitive—it takes a “bit”, in computer terms, to encode a binary value. Not so
surprising, after all. What if all this entity did was roll 6-sided dice instead? If the die is fair, each
side is equally likely. How much information would we receive if the die came up with a 5 (whose
probability is P(E = 5) = 1/6)?
-1 !
52 pE =5

1
= log,  ~ 2.59 bits.

6

I(E =5)
(2.6)

We receive more information when we observe the roll of a 6-sided die because there are more
options—each possible outcome is less likely so we’re more “surprised” when we observe a par-
ticular value in a sequence. Note that the base of the logarithm, 2 here, is not connected to the
number of possible values. We could have chosen any base (e.g., base-10 or the natural base, e)—
this value merely determines the units of information we'’re dealing with. Base-2 gives “bits” of
information.

As we've previously discussed, the words in natural languages are not all equally likely. If
you’re wondering what the next word I might utter might be, you’ll be far less surprised if the word
is the than if it was octogenarian.” Fortunately, the same formulation above still holds. Even with
a vocabulary of 150,000 words, if P(E = the) = 0.05, then I(E = the) = m = 20 bits.

In general, the amount of information provided by a single symbol (e.g., word) is not as
informative as the average amount of information provided by symbols observed from a system
or entity over time, which leads us to the concept of ENTROPY. Before we discuss it formally in
Section 2.2.1, let’s find some entropy. Beyond representing an average amount of information
gained, per symbol, for a system, entropy can in many ways characterize a distribution. Figure 2.3
shows two probability distributions over a set of words—one relatively flat and the other relatively
“peaked”. In many aspects of computational modeling of language, we prefer (in some sense)
low entropy distributions because we can be more confident in our predictions—we have less
uncertainty about what we will observe next in the sequence, on average.

"octogenarian 7. someone who is between 80 and 89 years of age.



2.2. INFORMATION THEORY 11

0.25 0.25
0.2 0.2
£ g
= 0.15 = 0.15
= =
e 2
& 0.1 & 0.1
0.05 0.05
o NIRRT uwnn ol ELERLET 4
Words Words
(a) High entropy (b) Low entropy

Figure 2.3: Distributions with high (flatter) and low (“peakier”) entropy.

Entropy is therefore equivalently:

1. The average amount of information provided by symbols in a vocabulary,
2. 'The average amount of uncertainty you have before observing a symbol from a vocabulary,
3. 'The average amount of “surprise” you receive when observing a symbol, and

4. 'The number of bits needed to communicate that alphabet.

2.2.1 ENTROPY

In many aspects of atypical speech, we will have considerably more statistical uncertainty than in
typical speech. As discussed in Chapter 8, this is often the case in motor disorders such as cerebral
palsy, where the control of the articulators might be less precise. We may wish to measure and
compare the degree of statistical uncertainty in both acoustic and articulatory data for speakers
with and without these disorders, as well as the @ poseriori uncertainty of one type of data given
the other. This quantification will inform us as to the relative merits of incorporating knowledge
of articulatory behavior into speech technology systems for individuals with these disorders.

Entropy, H(X), is a measure of the degree of uncertainty in a random variable X. When
X is discrete, this value is computed with

H(X) ==Y p(x;)log, p(x;),

i=1

where b is the logarithm base, x; is a value of X, of which there are n possible, and p(x;) is its
probability. When our observations are continuous, as they are in many acoustic and articulatory
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data, we must use differential entropy defined by

H(X) = — /X F(X)log f(X)dX,

where f(X) is the probability density function of X. For a number of distributions f(X), the
differential entropy has known forms [Lazo and Rathie, 1978]. For example, if f(X) is a multi-
variate normal,

exp (—5(x — )T 27N (x — )

(mN2 | 5|12 @7)
H(X) = 1In(@Qre)V |2]),

Sx(x1,....xn) =

where @ and X are the mean and covariances of the data. However, since we observe that both
acoustic and articulatory data follow non-Gaussian distributions, we choose to represent these
spaces by mixtures of Gaussians. Huber et al. [2008] have developed an accurate algorithm for
estimating differential entropy of Gaussian mixtures based on iteratively merging Gaussians and
the approximate upper bound of the entropy,

H(X) = XL:a)i (—loga)i + %log ((Zne)N |2,~|)),
i=1

where w; is the weight of the i (1 <i < L) Gaussian and X; is that Gaussian’s covariance matrix.
Note that while differential entropies can be negative and not invariant under change of variables,
other properties of entropy are retained [Huber et al., 2008], such as the chain rule for conditional
entropy

H(Y | X) = H(Y, X) — H(X),

which describes the uncertainty in ¥ given knowledge of X, and the chain rule for mutual infor-
mation
I(Y:X) = HX) + HY) — HX,Y),

which describes the mutual dependence between X and Y. Here, we quantize entropy with the
nat, which is the natural logarithmic unit, e (& 1.44 bits).

These representations are very general, if also a bit technical, and can be useful in a wide
variety of contexts. Representing language with this and similar information-theoretical models
allows for a number of uses, including explaining how messages can be distorted as they are passed
through a medium, such as speech over a telephone wire or Skype. This use, called the No1sy-
CHANNEL MODEL, will be discussed in Section 8.1.7, in which we suggest that certain speech
disorders can be explained by probabilistic distortions to the control signals that are passed from
the brain to the articulators of speech (e.g., the tongue).
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CHAPTER 3

(Computational) Linguistics

The field of compuTaTIONAL LINGUIsTICS (CL)," in broad terms, concerns getting computers to
process human language. This pursuit has taken many forms, each of which has involved different
challenges. The goal of creating a CONVERSATIONAL AGENT, in modern times, dates back at least
to 1950 when Alan Turing proposed that the best way to determine if a machine aczually thinks is
to have a conversation with it [ Turing, 1950] (through textual tele-type, the equivalent of modern
text messaging, but the same principle applies).

Computational linguistics, by definition, must naturally be at the center of any system that
processes language computationally, which includes tools to help individuals with linguistic dis-
orders. The following subsections (very briefly) introduce core aspects of computational linguis-
tics that are especially relevant in this application area. The first involves predicting words using
statistics; while this is often the goa/ of many applications, this simple idea forms the founda-
tion for many other aspects of language processing, including translating texts between languages
and speech recognition. The second core component concerns linguistic features, which are nu-
merical or quantitative measurements of specific aspects of a piece of text or speech. Accurate
measurement of relevant features is often essential to the function of the third component, which
is machine learning—a topic which extends beyond computational linguistics.

3.1 WORD PREDICTION

WoRD PREDICTION is now a technology that almost anyone with a mobile phone has used—it
is the automatic presentation of a list of possible continuations given what you've already typed,
so you can save a bit of typing. Quite often (though not always!) modern phones will present
the correct next word to you given only a few keystrokes. While the ubiquity of this technology
may make it appear generic, it has tremendous implications for various populations with com-
munication disorders. This assistive technology has reduced the number of keystrokes required of
an individual by as much as ~ 69% in adaptive-lexicon systems [Matiasck et al., 2002, Swiffin
et al., 1987], thereby increasing communication speed and allowing improved individual expres-
sion [Alm et al., 1992]. Prediction is especially valuable to those for whom fatigue or frustration
often accompany attempts at communication [Garay-Vitoria and Abascal, 2006].

"The term “computational linguistics” is often synonymous with NATURAL LANGUAGE PROCESSING OF HUMAN LANGUAGE TECH-
NOLOGY, although there are partisans of each camp for whom the distinction, which generally involves the adherence to classical
linguistics theory in CL, is paramount.
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Figure 3.1: Word prediction on a modern mobile touch-screen device. Used with permission from

Microsoft © 2016.

Word prediction can be accomplished easily by simply knowing the probabilities of se-
quences of word types. A sequence of N words, w; ... wpy, is called an N-Gram and the proba-
bility of that N -gram is P(w; ... wx); often, we only have enough confidence in our statistics to
look at small values of N, so we use the statistics of unigrams (1-grams, like in), bigrams (2-grams,
like in the), or trigrams (3-grams, like in the blue). We can also transform N -gram probabilities
to conditional probabilities.

If a user of an assistive communication device (or, indeed, any modern smartphone) has
just typed see you, then we can use the trigram model to consider all possible words that come
next. More formally, if P(see youw*) > P (see you wx) for any word wy, then P (W™ | see you) >
P (wx | see you) and w* is therefore the best next possible word, and we can suggest it to the user.

The probabilities of N-grams can be determined very easily. All that is required is a large
sample of text data similar in nature to the kind of text we expect people to type. For example, if
we expect people to type “financial news”, we might learn our probabilities from the Wall Street
Journal. If we expect people to type “medical diagnoses”, we might learn our probabilities from
medical textbooks. In either case, the data we gather is called a corpus,” sometimes denoted as C.
Our probabilities can then simply be obtained by counting the occurrences of a particular N -gram
in that corpus, divided by the total number of N-grams in that corpus. For example, if N =1
and we want to know the prior probability of the word octopus, we would just count the number

*corpora n.p/. the plural of corpus.
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of times octopus occurs in our corpus and divide it by the total number of 1-grams (i.e., words); if
octopus occurs once in a corpus with 100 word tokens in total, we estimate P (octopus) ~ 1/100 =
0.01 = 1%.

In general, this extremely simple approach works incredibly well and across contexts much
more varied than word prediction. Knowing the probabilities of N -grams allows us to estimate
the probabilities of much longer sequences. For example, if we have a bigram model, we can
estimate the probability of longer sequences like the cat in the hat by multiplying together all the
component bigram probabilities. That is:

P (the cat in the hat) ~ P (the cat) - P(cat in) - P(in the) - P(the hat).

What this allows us to do is evaluate whether one sentence is more likely than another.
In speech recognition, this means that if the system is having difficulty deciding between two
competing hypotheses for what was said, we can rely on which hypothesis is simply more “likely”
in a language. While this approach does have broad applicability, there are complications. Not
least among these is the problem that everyday people utter or encounter sentences or even com-
ponent phrases and N -grams that have never been uttered before. For example, you've probably
never read or heard the sequence Just Google the Instagram app, despite its innocuousness. If you
have never encountered the trigram Google the Instagram in your life (which constitutes a very
large corpus of language), then our approach would estimate that P(Google the Instagram) = 0
and therefore that our nice little sample phrase is impossible. Fortunately, there are many algo-
rithmic solutions. A gentle introduction to these can be found in the textbook by Jurafsky and
Martin [2009].

'The current word w; can also be anticipated given an n-gram context augmented by part-
of-speech tags ¢;. For example, Fazly and Hirst [2003] describe an algorithm that ranks possible
completions based on the estimate

P(wilwir.tici i)~ Y Pwilwi1. ) P(ti]ti1.1i2)

t;eT (w;)
P(w;|w;—1) P(t;|w;)
~ Z P(ti|ti—1.ti—2) 31
1T op) P(li) ( . )
Pti|ti—q,ti—2) P(t; |w;
;€T (w;) !

where T'(w;) is the set of all possible PoS tags associated with word w;. Combining PoS with
lexical context in this way reduces the percentage of keystrokes needed to produce text by ~ 6%
over purely a priori statistical methods [Fazly and Hirst, 2003]. Other extensions to text prediction
to further refine the list of hypothesized completions include the use of grammatical syntax and
semantics [Erdogan et al., 2005, Li and Hirst, 2005], as well as trained neural networks [Garay-
Vitoria and Abascal, 2006].
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Empirically observed improvements in the rate of typed communication with prediction
might not overcome improvements gained through the use of speech (see above), but applying
the same approach to predicting spoken communication may reduce the amount of effort required
for both the dysarthric speaker and their audience. If speech input is coupled with a visual display
for output, for example, that display could be updated “on-the-fly” with the results of predicted
queries before those queries are completed.




