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Incremental Methods for Efficient and Personalized Text Entry in Noisy

Input Environments
Andrew H. W. Fowler

Doctor of Philosophy
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Thesis Advisor: Steven Bedrick

The global rise of text entry modalities that are not desktop QWERTY keyboards—and therefore
exhibit significant uncertainty in input actions—has created enormous opportunities for language
technology to improve the quality and efficiency of these tools. In addition to the near-total
ubiquity of smart phone touchscreen technologies, specialized communication tools for people with
disabilities have exhibited a similar growth in research and adoption. While language technology
is known to be a crucial feature in these text entry tools, its specific application is not always
deeply studied. In particular, the incremental aspect of many of these technologies—the fact that
words are often entered letter-by-letter and cannot easily be revised by the system after input—is
an important limitation of many such tools that is poorly explored in the research literature.

In this dissertation, I will explicitly examine the constraints and opportunities afforded by
incrementality as they apply to language technology for text entry. In particular, I will explore
user-directed text revision and error correction in these tools. By exploiting the fact that the
backspace action allows for revision without violating incrementality, I develop and test two algo-
rithms for accurately incorporating backspace into text entry. Both of these methods show large
improvements over existing baselines, both in terms of raw text entry efficiency and in situations

where text revision is required. Of particular interest is the application of these algorithms as

xi



elements of assistive technologies for people with disabilities, as these domains often represent
situations where the speed of language input is extremely important. Further, I develop a system
for testing language model personalization in text entry, a technology that is in wide use but has
until now never been measured empirically. With these results, I hope to show that thinking about
text entry in terms of its incrementality is not only a useful exercise, but can lead to quantitatively

superior algorithms and methods, particularly when text revision or user personalization is needed.
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Chapter 1

Introduction

Incremental processing can loosely be defined as any algorithmic task which produces discrete,
low-latency output directly corresponding to an input data stream. It is a topic with a rich body
of literature, yet only represents a small proportion of research in Natural Language Processing
(NLP) applications. This discrepancy is primarily because incrementality is not a required design
attribute of most NLP tasks. Parsing, for instance, typically takes an entire sentence as its input,
and incremental parses of partial sentences are rarely required. Machine Translation (MT) presents
a similar scenario: The input is usually a full sentence or utterance, and incremental translations
are not needed in most applications. The same can be said for Automatic Speech Recognition
(ASR), where latency in the transcription output is large enough to allow a less strict decoding
modality that explores many paths through a potential lattice of possible outputs.

Text entry is a notable exception to this rule. Because input of letters and words in a text
entry environment is typically expected to occur similarly to handwriting or keyboard typing,
there is little room for latency. Once a text entry system commits to a letter and outputs it into
a typed string, re-evaluation of that hypothesis is less straightforward than it is in other input
modalities. This property is particularly notable in text entry applications for Augmentative and
Alternative Communication (AAC). Due to the often severe physical limitations of the users of
such systems, typing throughput can be very slow, increasing the importance of immediate and
incremental output.

Incremental algorithms represent an interesting trade-off between latency and performance.
Since looking ahead into the input stream is not possible, one not only has less data to work with,
but one is required to act sooner on that data. This places a high burden on the current best
hypothesis being correct as often as possible, making high-performance algorithms more difficult
to implement. Incrementality requires modifying pipeline strategies (one processing step, then
another, etc.) as well. Every step in a pipeline must not only étself be incremental, but must be

configured to run simultaneously and in parallel with each of the other steps. Interesting questions



can also be explored if one wishes to abandon strict incrementality in rare cases, such as allowing
a user to revise a typed string.

This thesis seeks to address three problems in the existing research: 1) Text entry literature
typically fails to explicitly recognize the unique challenges and opportunities posed by incremen-
tality. 2) Error correction strategies such as backspace are rarely empirically examined or even
considered in the text entry literature or the AAC literature. 3) Even with state-of-the-art algo-
rithms, evaluation of text entry methods can be difficult, because truly extrinsic system evaluation

requires that user input be noisy, which is not trivial on a large scale.

1.1 Research Objectives

The goal of this thesis is to explore three techniques for improved text entry, each addressing one
or more of the problems listed above.

The first technique is called Full History Fusion (FHF). This method is used in text entry
scenarios where the input signal is noisy, and each symbol input event can be expressed as a
probability distribution over the characters in an alphabet. This occurs in the Rapid Serial Visual
Presentation (RSVP) paradigm, for instance. In this paradigm, a language model is combined with
the character input probabilities to give a final posterior probability distribution over characters.
However, since the input is noisy, errors in output will inevitably occur. This poses a challenge,
because the only way to correct such an error is to revise the output, technically a violation of
incrementality. One solution is to transfer the burden of revision to the user, in the form a backspace
key. This re-frames the decision to revise as a type of input, making it more natural in a text entry
setting and maintaining its incremental nature. Unfortunately, including backspace as a possible
input creates a new question: What is its probability? Certainly the language model does not
assign probability mass to backspace. FHF seeks to solve this problem by calculating, dynamically
in a principled way, the posterior probability of the backspace key. Using the full history of noisy
input data as its input, FHF allows for for better performance on backspace actions as well as on
other typed characters.

The second technique considers the backspace key more directly. By re-framing backspace
as just another symbol in an input stream, it is possible to consider backspace prediction as
a sequence modeling problem. Accurately predicting the probability of a backspace event can
then be accomplished by a range of sequence modeling techniques. In particular, we attempt to
demonstrate that Long Short-Term Memory (LSTM) models are not only capable of accurately

predicting backspace events, but also learning some of the basic semantics of backspace. These



semantics include common-sense reasoning, such as the fact that a just-deleted letter should have
lower probability than it did before backspace was used to delete it.

The third technique seeks to understand the actual impact of language model adaptation and
personalization for text entry. While language model adaptation is a well-established topic in
language modeling, its benefits are difficult to evaluate. In particular, improvements in word-level
accuracy are hard to measure. Since human text entry trials are impractical at large scales, one of
the only ways to empirically study the potential benefits of adaptation is through simulation. This
requires the simulation of noisy text entry, the decoding of that signal into symbols, and a means to
evaluate the resulting output. Since information-theoretic measures like perplexity do not always
correlate with commensurate (or any) improvements in actual performance, using simulation to
compute word error rate is crucial for evaluating text entry. The adaptation method used for this
work is simple linear interpolation of adapted and background language models. Importantly, the
adapted language model changes with each new word typed, itself a form of incrementality.

By exploring these three techniques this thesis accomplishes the following aims:

Aim 1: Full History Fusion Implement FHF for Rapid Serial Visual Presentation Keyboard ™.
Evaluate Brain Computer Interface (BCI) application using simulation. Evaluate button-

press application with human subjects.

Aim 2: Neural Modeling of Backspace Explore the possibility of backspace prediction as a
sequence modeling problem, using neural networks. Compare to a traditional ngram sequence

model. Compare to FHF under simulated RSVP trials.

Aim 3: Simulated Noisy Text Entry For Evaluation of LM Personalization Evaluate LM
personalization using large-scale text entry simulation. Determine the impact of out-of-

vocabulary (OOV) words in personalization performance.

1.2 Contributions

This thesis contributes significantly to the existing body of research, both in terms of algorithmic
development and empirical evaluation. While incremental methods have been studied before, the
arguments for doing so are typically based on computation speed (incremental parsing tends to
be faster), very specific domain requirements (e.g. dialogue systems), or parallels to biological
processes (human sentence processing is largely incremental). Text entry provides a more concrete
reason to study incrementality, not only because it is usually implemented incrementally, but

because text entry is itself ubiquitous (smartphones outnumber humans in some countries). By



focusing on broad applications of language models in text entry, this thesis represents a large

contribution to the literature, in the following concrete ways:

e Development of the Full History Fusion method, the first algorithm for calculation of posterior
probabilities in the RSVP protocol that utilizes all past user evidence and allows for dynamic

backspace probability

e Concrete results, from both a simulation of a BCI environment and from human trials,

showing significant empirical gains in text entry performance when FHF is implemented

e The first analysis of the backspace symbol as a sequence modeling problem; in particular the
application of neural networks to the prediction of dynamic backspace probabilities, and a

demonstration that neural networks can “learn” the semantics of the backspace action

e The first large-scale demonstration of the quantitative benefits of language model personal-
ization in text entry, measured via extrinsic evaluation in a large simulation experiment over

a significant real-world corpus

The contributions of this work to AAC are particularly appealing, as this work has the potential

to significantly improve typing speed and accuracy in a domain where speed can be crucial.

1.3 Organization of the Thesis

In Chapter 2, I will describe the current state of the literature as it relates to incremental processing,
in particular when applied to language models for text entry and AAC. Chapter 3 will describe,
in greater technical detail, technologies particularly applicable to this thesis. Chapter 4 will be
devoted to the algorithmic description of the Full History Fusion technique, and arguments for its
theoretical validity. Chapters 5 and 6 will describe the results of two major experiments testing the
relative performance of FHF compared to more simple baselines. The first is a large-scale simulation
experiment of RSVP typing in a BCI setting. The second is a study conducted with human
subjects using the RSVP typing paradigm under a noisy button-press input modality. Chapter 7
will examine the possibility of predicting the backspace key as part of a sequence modeling problem,
comparing various traditional and neural network-based techniques for doing so. Chapter 8 will
cover language model adaptation and personalization for text entry, including a large simulated
experiment showing the empirical benefits of adaptation when applied to personalized text corpora.
I will conclude with a chapter summarizing the concrete contributions of this thesis and outlining

possible future work.



Chapter 2

General Background

Incremental methods have been studied across a wide range of language-related technologies and
fields. In this chapter, I will give an overview of the research that has been done in this regard,
and describe various methods in particular that are important context to my work. This is not
intended to be an exhaustive survey of all related work, rather a sampling of the kinds of questions

that are being asked about incrementality and how they connect to this thesis.

2.1 Incremental Methods & Analysis

Incremental language processing consumes input in a letter-by-letter (or word-by-word) manner
and generates increasingly complete output [Beuck et al., 2011]. In the strictest sense, the output
structure cannot be revised, only added to. In addition, the k" output must correspond in some
way with the &' input segment! As such, there is no latency allowed in the processing (under a
strict definition of incrementality). Look-ahead is similarly disallowed; only the single next unit of

input in the sequence can be processed at any given time.

2.1.1 Psycholinguistics

Psycholinguistics is one area with significant research into incremental processing, particularly
incremental parsing. A primary driver of this research is the hypothesis that the human brain
processes sentences in a largely incremental manner (though the extent to which this is true is
the subject of significant debate). Psycholinguists attempting to model human sentence parsing
are therefore very interested in incremental parsing models. The question of how this parsing

occurs, given the cognitive limits of the brain, is a noteworthy one. Abney and Johnson [1991]

Tt is possible, for the output and input to consist of a different number of constituent parts, e.g. a machine
translation where the input and output sentence have a different number of words. However, this can still be ac-
complished by allowing (for instance) the possibility of null outputs and multi-part outputs (though such techniques
do violate incrementality in the strictest sense).



approaches the problem by examining the relationship between local ambiguities and short-term
memory limits in the brain. [Sturt and Lombardo, 2005] uses eye gaze analysis during sentence
reading to suggest that models of human parsing involving bottom-up methods alone are insuffi-
cient, as certain embedded structures more amenable to tree-adjoining grammars are evident from
the processing disruptions evident in the eye gaze. Another active area of research is the extent to
which a human anticipates or predicts upcoming words, a strategy which is certainly allowed even
in a strict incremental context. Kamide et al. [2003] examines this prediction phenomenon by using
eye gaze data to explore whether thematic dependencies can be evaluated before the linguistic data
is observed that unambiguously signals such a dependency. They find that this is indeed the case in
studies of English and Japanese. Van Berkum et al. [2005] studied anticipatory effects by looking
for an event-related potential (ERP) in a brain scan, postulating that an unexpected upcoming
word would elicit this event. They found evidence that certain words had been anticipated by
observing an absence of ERP in certain contexts. This relates to the surprise aspect of ERP as
described in the description of RSVP Keyboard in Section 3.2. Language production can also be
modeled incrementally. Ferreira and Swets [2002] looked into this phenomenon using an exper-
iment in which subjects were asked to produce utterances that required arithmetic calculations.
They found that subjects under a timed deadline exhibited differences in latency and duration de-
pendent on the difficulty of the math problem. This suggests possible incrementality in language
production, as it means that speakers sometimes speak and plan simultaneously. Although some of
the work studying incrementality in psycholinguistics uses brain scans, and it obviously is focused
on language, it is distinct from my work in that the incremental effects of text entry (and text

revision) are not covered in this literature.

2.1.2 Parsing and Tagging in NLP

Non-incremental dynamic programming algorithms have been extensively studied in NLP. Methods
like CYK [Cocke and Schwartz, 1970, Younger, 1967, Kasami, 1965], a syntactic parsing algorithm,
and the Viterbi algorithm [Viterbi, 1967], used to find likely sequence of hidden states given a set of
observed events, are executed only after the entire sentence is known. There has nonetheless been
significant work on incremental analysis, particularly with regard to parsing. A parser which does
not “back up” (i.e. amend output) during its analysis is called a deterministic parser?. A classic

example is LR parsers [Knuth, 1965], which are useful for compiling programming languages. LR

2Tt is important to avoid confusion here with the concept of a deterministic context-free grammar (DCFG), which
is a related but distinct idea. Indeed, practically any interesting stochastic grammar representing natural language
is not a DCFG (though it can be used for deterministic parsing).



parsers are effective for deterministic context-free languages and operate in linear time. The am-
biguity of natural language precludes the direct use of LR parsers, but strategies for incremental
parsing have long been studied in NLP. The GLR algorithm of Lang [1974] and the PARSIFAL
system of Marcus [1980] were early attempts to algorithmically tackle the problem of deterministic
parsing of natural language. GLR is related to LR parser, but it executes a breadth-first search
to process all interpretation of a given input. It then uses a stack mechanism to fork in transi-
tions where conflicting interpretations are possible. Although it is deterministic and incremental,
its worst case time complexity is O(n®). PARSIFAL uses a combination of a stack (for incom-
plete constituents) and a constituent buffer (for complete constituents of unknown higher-level
grammatical function). It also violates strict incrementality by using a three-word look-ahead.

More recent work on incremental parsing often gives other arguments for the benefits of incre-
mentality. Abney [1990] cites parsing speed as a significant reason to pursue deterministic parsing,
since incremental methods are typically less computationally complex. Collins and Roark [2004]
use incremental parsing as a testbed for discriminative modeling (though the use of beam search
makes the method not strictly incremental).

Dependency parsing is another area in which incremental methods have been successful. In
contrast to constituency parsing, which aims to construct a parse tree based on a grammar that
subdivides a sentence into a phrase structure, dependency parsing relies instead on a grammatical
intuition that words are connected to each other by directed links. These links have their basis
in the finite verb of the sentence. Dependency grammars were first studied in detail by Lucien
Tesniere, who argued for their usefulness [Tesniére, 1959]. The reason dependency parsing lends
itself to incremental processing has been the introduction of so-called transition-based parsing
methods, which decompose parsing into a sequence of simple moves, each building a part of the
parse structure. These algorithms proceed through a sentence in an incremental fashion, not
requiring that the entire sentence be known before parsing can begin. This allows for the possibility
of fast, incremental, deterministic parsing.

Transition-based dependency parsers, including shift-reduce parsers [Nivre, 2003, Yamada and
Matsumoto, 2003], have produced competitive results at much faster computational speeds than
the algorithms underpinning constituency parsing methods. Although the current state of the
art dependency parsing algorithm is not incremental [Mrini et al., 2019], very nearly comparable
results have been obtained under the strict incrementality constraints of transition-based meth-
ods [Ferndndez-Gonzdlez and Gémez-Rodriguez, 2019]. That paper uses pointer networks in a
transition-based setting. Pointer networks are a neural models that yield a succession of pointers

to elements in the input series, similar to attention-based methods (see Section 7.2.2). Although



Nivre [2004] points out that incremental dependency parsing has certain theoretical limits, these
appear to have not yet been reached.

Part-of-speech (POS) tagging is often performed as a preprocessing step to parsing and other
algorithms. However, in a truly incremental environment such a pipeline approach is impossible;
one sees the input once and only once. This poses a significant problem for parsing, as accurate
POS tags are extremely important features in the development of competitive parsing algorithms.
Unfortunately, unlike standard POS tagging, which boasts state-of-the-art English language accu-
racy of nearly 98% [Bohnet et al., 2018], incremental POS tagging is not a solved problem, and
Beuck et al. [2011] discusses three properties of incrementality that can be violated in specific
ways: timeliness, monotonicity, and decisiveness. Timeliness requires that each an input be fully
processed before the next one. Monotonicity is the requirement that the output can only be aug-
mented, never modified later on. Decisiveness requires that an algorithm commit to one analysis
at a time. One potential solution is to model POS tags and dependency parses jointly, which has
been accomplished with some success [Hatori et al., 2011, Bohnet and Nivre, 2012].

The connection of these parsing and tagging papers to this thesis is notable insofar as these
papers demonstrate some of the trade-offs involved with incrementality (such as speed vs. perfor-

mance), and illustrate that incrementality is not an insurmountable system requirement.

2.1.3 Dialogue Systems & Speech Recognition

Automatic speech recognition (ASR) typically has relatively loose incrementality requirements, as
the output is usually not required or expected by the user until after each sentence or utterance
is completed. One notable exception is in dialogue systems. Dialogue systems are unlike other
ASR applications in that partial transcriptions of an utterance are significantly more useful, since
these transcriptions can be used to inform or invoke various actions (or reactions) in the dialogue
system. As such, so-called Incremental Speech Recognition (ISR) may be necessary. Selfridge et al.
[2011] examines the utility of incomplete speech recognition results in a dialogue setting, noting the
possible instability of these outputs and proposing a method for determining, on the fly, whether
such an intermediate result is stable or not. Baumann et al. [2009] takes a similar approach,
developing a set of measures for determining the relative value of an incomplete ASR hypothesis,
and looking at the timeliness trade-off by examining downstream results under varying amounts
of latency. Even without considering speech input, dialogue systems are inherently incremental
at least in part; no system can wait until a dialogue is complete before processing it. This makes
these systems fruitful ground for research into incremental algorithms. Schlangen and Skantze

[2009] lays out a general conceptual topological framework for specifying incremental architectures,



while Skantze and Hjalmarsson [2010] looked at incremental processing from the standpoint of user
perception, comparing incremental and non-incremental methods. The latter paper showed that
their incremental method produced longer utterances but with a shorter response time; users
ultimately perceived this combination as a comparative increase in system efficiency. Finally,
Baumann et al. [2017] lays out a particularly compelling analysis of the special requirement of

incrementality in dialogue systems and how it affects the technology.

2.1.4 Machine Translation

Some research into incremental methods for statistical machine translation (MT) has been done,
and the arguments for it are varied. Hassan et al. [2009] strives mainly for processing speed, and
uses an incremental combinatory categorial grammar (CCG) parser to provide fast, linear-time
decoding for translation. Sankaran et al. [2010] describes the benefits of incremental MT in specific
applications: interactive language learning, real-time speech-speech translation, and translation
during interactive chats. Yarmohammadi et al. [2013] attempts to model the incremental behavior

of human translators, who use various strategies to maintain low latency during translation.

2.2 General Language Model Adaptation

The essential problem that LM adaptation seeks to solve is the problem of domain mismatch.
LMs can be trained on enormous text corpora, but those corpora rarely match the domain of
the target text one wishes to model. In-domain text is usually small in quantity and not enough
to build a robust model. LM adaptation algorithms attempt to combine the benefits of a large,
out-of-domain model with a small in-domain model. Personalization can be seen as the ultimate
adaptation problem, since one is adapting to a single individual (for which in-domain text is almost
certainly limited). LM adaptation has been studied extensively. An excellent review of various
algorithms can be found in Bellegarda [2004] and DeMori and Federico [1999].

Cache-based LM adaptation keeps a continuously-updated cache of words, and use this cache
to build the adaptation/personalization model. In the context of model adaptation, the model
generated from the cache is the in-domain model. A cache varies slightly from other adaptation
techniques in two ways: First, the adaptation model must be updated on the fly because new
words are typed continuously (the technique is commonly called dynamic cache-based adaptation
to reflect this fact). Second, the user cache may begin in a completely empty state, or be primed
with a small amount of in-domain text. Cache-based LM adaptation was used by Kuhn and

De Mori [1990] to improve the performance of a speech recognition system.
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Cache-based LMs are further explored in Clarkson and Robinson [1997], which describes a
method in which the relative weights of words in the cache are made to decay exponentially, with
“older” words having lower weights. This reflects the common-sense notion of recency, which
suggests that, in general, more recently-used words in a text will re-occur with higher probability
than words used in the more distant past. The results of Clarkson and Robinson [1997] indicate
that using an exponentially-decaying cache results in improvements in perplexity, but as shown in
Chapter 8, extrinsic evaluation of text entry appears to indicate that these gains may be negligible
in certain applications.

There are two principle shortcomings of this previous work. First, the adaptation is not used
for personalization, i.e. adapting to an individual. Second, the evaluation methods are typically
model-intrinsic (e.g. perplexity) and not focused on text entry. This means that the true benefits
of these methods in text entry are difficult to ascertain. My LM adaptation work [Fowler et al.,
2015] addressed both of these shortcomings by simulating many personalized models in a true

simulated text entry task (see Chapter 8).

2.3 Interfaces for AAC Text Entry

Text entry is a central component to many AAC technologies. Among the most useful and widely
used methods of facilitating text entry in this domain are scanning interfaces and brain computer

interfaces (BCI).

2.3.1 Scanning Interfaces

Scanning interfaces typically feature a grid of symbols that are highlighted in a specific order in
order to determine which symbol the user wishes to type. The symbols in question are typically
the letters of an alphabet or some superset thereof. These are also known as binary typing systems,
because the user selects a symbol or group of symbols by actuating a binary switch (physically or
through a brain interface). Typically the binary choice in binary typing is between select and do
not select. Furthermore, select is typically accomplished via an active intention and do not select is
accomplished passively, i.e. absence of selection. Figure 2.1 shows a simple row/column scanning
grid, in which more probable symbols are located in the upper left corner (and can therefore
be selected more quickly). Lesher et al. [1998] outlines multiple variants on scanning interfaces,
including different ways of selecting, modifying and rearranging symbols. Roark et al. [2010]
investigates other scanning options, in particular those which incorporate language models into the

selection algorithm. Lesher and Rinkus [2002a] show the benefit of adding possible predicted words
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Figure 2.1: A row/column scanning interface with the fifth row selected.

to a scanned grid, particularly when the selection of those words is informed by a language model.
Beckley and Roark [2011] and Roark et al. [2013a] describe a sophisticated form of scanning called
Huffman scanning, in which Huffman codes [Huffman, 1952] are used to create theoretically optimal
symbol subsets during selection. Notably, scanning methods can be (and often are) accomplished
without any computer interface whatsoever. This is done by human communication partners or
assistants, who are trained to ask a series of binary questions that verbally correspond to a scanning

protocol.

2.3.2 Brain Computer Interfaces

Brain computer interfaces can be used in AAC for text entry when the user has a serious disability
that precludes or inhibits voluntary physical movement. One such disability is locked-in-syndrome,
a condition in which the thoughts and consciousness of a person are completely intact but their
ability to move is largely or entirely absent. While BCI technology is still in its infancy, it is
now possible to collect certain brain signals and transform them into external actions via carefully
constructed interfaces. The principal BCI method associated with this thesis is RSVP Keyboard ™
[Orhan et al., 2012], a typing system that uses electroencephalogram (EEG) signals to detect

recognition in the brain of target symbols presented in a rapid letter sequence to the user. The
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initialism RSVP stands for Rapid Serial Visual Presentation, a technique related to scanning
interfaces in which the scanning proceeds very quickly one character at a time rather than across
groups of characters. RSVP Keyboard also makes use of a character-based language model to
improve its performance (see Chapter 3 for technical details). The specific brain signal, or event-
related potential (ERP), that indicates symbol selection is known as the P300 signal, due to its
average time delay of 300 milliseconds after stimulus onset. Use of the P300 for spelling originates
with Farwell and Donchin [1988], in which the user focuses on their target letter in a grid and the
system flashes rows and columns in such a way as to elicit a P300 response. Kiibler et al. [2001]
and Wolpaw et al. [2002] provide overviews of BCI techniques. A notable contribution of my work
absent from these BCI-based typing systems is the specific focus on text revision as a first-class
system attribute, in particular my principled consideration of the backspace key and its role as an
incremental input.

Rapid Serial Visual Presentation itself has been a technique used in psycholinguistics since at
least Kolers and Katzman [1966], who studied the ability of subjects to identify rapidly presented
letters and their position within a sequence (outside of a BCI context). It is also used with non-
linguistic targets, as in Matran-Fernandez et al. [2013], where the RSVP protocol was used in a
BCT setting to perform image classification (in this case in a collaborative setting, where multiple

subjects were asked to look for aerial photographs containing an airplane).

2.4 Language Models for Text Entry

Language models have long been used to improve text entry. MacKenzie and Soukoreff [2002D)
describe the general theory of these methods for mobile devices, for instance. Further, model-
ing language is of particular interest in AAC applications. One of the reasons for this is that
communication with AAC devices can be significantly slower than written or spoken language, or
communication using text entry modalities outside of assistive technology. As a result, both users
and designers of AAC technologies often place great value on improving communication speed and
accuracy. Predictive language models are a natural fit for this problem in two ways: First, they
can retrieve likely continuations of a message in a way that requires fewer gestures (keystrokes)
to select than if they were produced letter-by-letter. Second, they can help to assign probability
mass to inputs in noisy environments, bringing to bear statistics about words and letters that can
be useful in making better interpretations of user input.

The simplest LM is a lexicon, i.e. a list of permissible words. A lexicon can already provide quite

powerful constraints in, for example, decoding ambiguous 12-button-based dialpad input found on
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traditional phones, which dates back to the early 1970’s [Smith and Goodwin, 1971a]. Since
entering logographic text such as Chinese with a Roman alphabet is highly ambiguous, applying
some form of model that maps Roman letter-based phonetic input to logographic characters has
also been necessary and common in East Asian countries for a long time [Tanaka-Ishii, 2007].

One way to leverage language models is word completion, which is widely used and studied
in text entry. Stocky et al. [2004] describes a “commonsense” approach to word completion to
be used in contrast with statistical approaches. van den Bosch and Bogers [2008] introduces two
methods, one involving a character buffer containing recent keystrokes and one that includes the
previous word as an input feature. Li and Hirst [2005] seeks to augment ngram-based methods by
incorporating semantic information. This is accomplished by using pointwise mutual information
to create a list of semantically related words, then using this information to better select possible
word completions given a specific context. Word completion is also a component of almost every
commercial AAC typing system in use today, and this has been the case since the early days of
such systems [Higginbotham et al., 2012].

More mathematically rigorous word completion involves using an ngram language model trained
on a large corpus to help predict the next word (or current word in progress) based on the last few
words of context in the typed string. Very often a specific area of the screen is reserved specifically
for a set of probable next words, which can be selected directly by the user in order to type one
of them without taking time on the intervening letters, or selected via scanning that region in
a keyboard emulation system. Higginbotham [1992] showed that such word completion lists can
provide about 40-50% keystroke savings® over systems without word completion. One important
caveat of word completion is that more cognitive effort is required on the part of the user to
keep track of dynamically changing word predictions. Koester and Levine [1996] demonstrated
this fact using a text entry task performed by both able-bodied and spinal cord injured subjects,
finding that word completion involves such a great cognitive overhead that it actually decreases
user performance somewhat in such systems. Quinn and Zhai [2016] examined this effect in the
context of mobile text entry, finding similarly that typing speed on soft keyboards decreases when
word suggestions are provided, even when only highly-probable suggestions are shown.

Another way to use language models in text entry is with error correction, a term which
describes a variety of methods for counteracting input noise and/or ambiguity. Error correction is
the subject of various text entry papers, ranging from early work with alphanumeric keypads [Smith

and Goodwin, 1971b], to gesture input techniques [Zhai and Kristensson, 2003, Kristensson and

3Keystroke savings is the percentage savings in keystrokes versus typing letter-by-letter; see Section 3.1.3 for
details.
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Zhai, 2004], to more theoretical investigations of the trade-offs involved in error correction [Kano
et al., 2007, Bi et al., 2014b]. Goodman and colleagues [Goodman et al., 2002] drew inspiration
from speech recognition for stylus keyboard tapping and applied a character ngram model to correct
stylus taps, achieving a reduction in character-level error rate from 2.40% to 1.39%. Klarlund and
Riley [2003] applied ngram language modeling to a cluster keyboard (i.e. a keyboard with reduced
number of keys), and showed large improvements over unigram frequency models.

Language modeling can also be used to modify the interface itself, in particular in binary switch
scanning systems of the sort described in Section 2.3. For row/column scanning methods, likely
symbols can be moved to the upper left corner of the grid so that they require less scanning to
select. The TIC system cited above [Crochetiere et al., 1974, Foulds et al., 1975] organized the grid
based on overall symbol frequency so that the grid remained static. Lesher and Rinkus [2002b]
described a technique for dynamically rearranging the grid based on contextual language models,
but showed that the large cognitive load involved in keeping track of an ever-changing letter grid
made this method dispreferred.

While statistical rigor has been applied to text entry language models, and text revision has
been considered as a design attribute, it is notable that these two have not been combined, con-
sidering the importance of user-directed error correction in text entry. Merging these two halves
is an important contribution of this thesis. Further, framing text revision as an incremental input
activity external to the typing of individual letters (and potentially subject to the interaction cost
trade-offs found in Koester and Levine [1996] and Quinn and Zhai [2016]) allows it to be examined

empirically as an alternative to these other methods known to create large cognitive overhead.

2.4.1 Model Adaptation in Text Entry

Adaptation techniques are the topic of a small body of research in the text entry field. The
most applicable paper to my thesis is Tanaka-Ishii [2007], which explores various language model
adaptation techniques for text entry specifically. Harbusch et al. [2003] investigates the extent
to which language domain affects text entry. Harbusch and Kiihn [2003] attempts to adapt the
behavior of a user interface based on user actions. Weir et al. [2014] seeks to adapt to the individual
touch patterns on a mobile device, while Azenkot and Zhai [2012] examines the feasibility of
adapting to different hand postures on mobile devices. Wandmacher and Antoine [2006] is a
preliminary investigation of adaptation for AAC. Adhikary et al. [2019] contributes more to this
topic, investigating the possibility of using ASR to recognize speech of the non-AAC user and
leveraging this transcript into an adapted language model. Dasher, a gesture-based text entry

system developed by Ward et al. [2000], contains a simple language model based on prediction
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by partial match (PPM). PPM is a text compression algorithm [Bell et al., 1990], which can be
used to determine letter probabilities given context. Notably, Dasher further allows for user-typed
text to be fed back into the algorithm, allowing for a level of adaptation to be achieved. Dasher
was further investigated empirically by Rough et al. [2014], who replaced its PPM-based language
model with a more standard ngram-based model and evaluated its performance on human subjects
(though they did abandon the adaptive functionality of the LM for these experiments).

The aformentioned gesture-typing interfaces [Zhai and Kristensson, 2003, 2012] also leverage
language regularities in the form of a lexicon that could further be adapted to the individual user
by extracting a vocabulary from the user’s past documents [Kristensson and Zhai, 2004], or by
moving passive words into an in-use active vocabulary [Kristensson and Zhai, 2008].

Unfortunately, the papers cited here represent an exception to the rule. Model adaptation in
text entry is typically done in a relatively rudimentary fashion, both for mobile text entry and
for AAC. Most systems simply keep a list of words recently entered by the user, and use various
heuristic methods to make those words easier to type (either by adding them to a suggestion list
or boosting their probability). Empirically investigating the more principled approach, of using

established NLP language model adaptation, is a meaningful contribution of my work.



Chapter 3

Technical Background

In this chapter I will explore in greater detail some of the existing techniques, models, and al-
gorithms that are particularly central to my work. Some, like language modeling, are essential
building blocks for the technologies I introduce in this thesis. Others, like the RSVP Keyboard,

are existing technologies that I hope to augment with the methods I have developed in this work.

3.1 Language Modeling

A language model, as it is usually formulated, is a means by which one can estimate the probability
of a given sequence of words or characters. Language models have wide-ranging applications
across Natural Language Processing (NLP), including parsing, machine translation, document
classification, sentiment analysis, and information retrieval. Knowing the probability of a word
sequence may not be of high utility in and of itself, but a good language model allows for the
comparison of competing hypothesis in the space of utterances, which is an incredibly useful and
important aspect within a multitude of language technologies.

As described in Section 2.4, language models have long been used in text entry and AAC
applications. The ability to give more weight to likely word strings is crucial in these domains,
as it allows one to overcome the noise inherent to many such input modalities by bringing to
bear prior knowledge of language itself. This can significantly improve both the accuracy of these

systems as well as the speed with which users can generate text [Trnka et al., 2007].

3.1.1 ngram Language Models

A widely used construct in language modeling is the ngram language model [Jurafsky and Martin,
2008]. In this formulation, we compute the probability of a string not in toto but by chaining
together a series of conditional probability values. Underlying ngram language models is the

concept of an ngram. An ngram is a contiguous sequence of words or characters of a specific

16
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length, for instance “gravy boat” or “greetin gs”. In an ngram language model, we seek to
calculate the probability of some word or character coming next in the context of a specific prefix,
for instance P(hat | the cat in the), which can be interpreted as "the probability of the word hat
following the sequence the cat in the”. More technically, we want to compute the probability of a
given word or symbol occurring at a specific position in an utterance, conditioned on a prefix of a
specific length:

Pw, | w ™) (3.1)

Here, we wish to know the probability of some word/character w, given its prefix w?fl. The
combined sequence is an ngram of length n. Provided we can compute this conditional probability,

we can now compute the probability of any given sequence of characters, using the chain rule:
P(w}) = P(wy)P(wy | wy)P(wsz | w})...P(w, | w]™t) (3.2)

Unfortunately, computing the constituent values in Equation 3.2 is not always possible. For ex-
ample, a long utterance might require computation of the conditional probability of a word given
a very long prefix context. If we seek to calculate this probability by observing ngrams in the
wild, we will likely encounter a situation where the prefix sequence has never been attested, even
in a very large corpus. We can solve this problem by making a Markov assumption. The Markov
assumption, in an ngram language model, is to estimate the right side of Equation 3.2 by only
considering prefixes up to a certain length k& — 1. The value k is called the order of an ngram

language model. Under this simplifying assumption, we get the following:
P(w}) = P(wi)P(ws | wy)P(ws | w})...P(wy—y | W Z7)Plwn [ w)Zh ) (3.3)

Interestingly, although the Markov assumption allows us to compute conditional probabilities
from data in a way that is less sparse, it turns out that even low-order ngram models often require
the calculation of probabilities where the prefix (or its completion in a word w,,) has rarely or
never been observed in data. For instance, suppose we wish to know P(stegosaurus | toothpaste).
It may be that this bigram' has never been used by anybody in the history of recorded language.
Yet it is incorrect to estimate this conditional probability simply by counting how often the word
toothpaste appears in some corpus and counting how often that word is followed by the word
stegosaurus. In such a simplistic model, one could take the quotient of these values to get a
conditional probability (this is a form of Maximum Likelihood Estimation (MLE)). In this example

we would get a conditional probability of zero. However, it stands to reason that this bigram (or

LA bigram is an ngram of length 2, in this case “toothpaste stegosaurus”.
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any ngram) is not impossible to write or utter; it should be afforded some nonzero probability mass
in any useful language model. This is particularly important when one considers the chain rule
formulation itself. Under MLE, any string of characters with a substring of length k that does not
appear in the training corpus will be given a probability of zero.

The solution to this problem is to abandon MLE for more sophisticated ways of computing
conditional probabilities. As the goal is to make the probability distribution of a model less
peaked, these techniques are called smoothing methods. Multiple ngram smoothing methods exist.
One such technique is Laplace smoothing, in which we count ngrams and take quotients as we
would in an MLE model, but we add a constant value to all counts, even zero counts. This ensures
that all ngrams are given some probability. Another technique is Kneser-Ney smoothing [Kneser
and Ney, 1995], in which words that appear as continuations in a greater number of ngrams are
afforded more probability mass in the smoothing process. An improved version known as modified
Kneser-Ney smoothing is described in Chen and Goodman [1999]. Witten-Bell smoothing [Witten
and Bell, 1991], which is used as the character language model for many parts of this thesis,
similarly considers counts of counts, adjusting probability mass based on the diversity of ngrams

containing given words.

3.1.2 Neural Language Models

Over the past several years, neural network-based language models have begun to surpass the
performance of traditional ngram models. In particular (and of particular interest to this thesis),
the Recurrent Neural Network (RNN) architecture has been used to create models that perform
extremely well on language modeling tasks.

An RNN model is a neural network that takes as its input a sequence of vectors x7...x, and
outputs a vector sequence yj...yn. When used for language modeling, the input vectors correspond
to n words/characters used as input to a language model, and the output vectors correspond to
predictions about possible next symbols. For instance, output vector y;j can be interpreted (under
certain formulations) as a probability distribution over words/characters given the input vector
sequence Xj...x;. The output vectors typically contain |V| entries, each corresponding to a word
or character in the LM alphabet/vocabulary.

There is also an initial state vector sg and a sequence of state vectors si...s,, the latter of
which are intermediate outputs of the RNN. These state vectors have two purposes: First, the
state vector s;j is used to compute the output vector y;. Second, each successive state vector is fed
back into the neural network cell as the string of inputs is consumed by the model. This recursion

is what gives RNNs their name, and also their power. Ultimately an RNN is a deep neural network,
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capable in theory of maintaining information from any point in the input. This means that it is
no longer subject to the Markov assumption described in Section 3.1.1.

Borrowing notation from Goldberg [2017], an RNN is defined by
RNN(SOa Xl:n) = Si:na Yi:m (34)

where x1.,, is the input vector sequence, yi., is the output vector sequence, and sy., is the state
vector sequence. Further, we describe the computation of the output and state vectors using the
functions R and O:

si = R(si—1,Xi)

yi = O(s;)
The exact calculation of R and O depends on the particular RNN formulation being used. In the

(3.5)

basic RNN formulation known as Simple RNN [Elman, 1990, Mikolov, 2012], they are defined as
follows (again borrowing notation from Goldberg [2017]):

R(si—1,xi) = g(xiW* + 51 W?® 4+ b)
(3.6)
O(si) = si
Here, g is a non-linear activation function like tanh, b is a bias vector, and W* and WS are weight
matrices used to perform linear combinations on the input and state vectors, respectively. The
dimensions of these matrices (and b) are selected so that the sum inside of the g function consists
of vectors having the same dimension as the state vectors.

One shortcoming of Simple RNN is the vanishing gradients problem, which can cause useful
information in the input sequence to be gradually lost in the state vectors of the RNN. Long
Short-Term Memory (LSTM) [Hochreiter and Schmidhuber, 1997] is an attempt to address this
problem. In LSTM, the basic idea is to include a more sophisticated set of state vectors, as well as
a more involved R function within each recurrent cell. These state vectors are designed specifically
to act as “memory” of previous states, and a complex series of “gate” operations within the R
function serve to maintain useful state memory and protect it from vanishing. LSTM models have
been shown to outperform RNNs in many applications.

The input vectors xj...X, used in RNN-based word LMs are typically embeddings of the ac-
tual word inputs. An embedding is a real-valued vector representing a discrete value like a word,
projected into a space of lower dimensionality. Embeddings have the nice property that vector
arithmetic can reveal useful semantic relationships between the original words. Further, embed-
dings allow for RNN models with fewer parameters. For character-based RNN LMs, embeddings
are less useful, as the dimensionality of the inputs is relatively small, on the order of the size of

the alphabet as opposed to the size of a vocabulary.
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Stacked RNNs are RNNs for which the state vector s; is not transformed immediately into an
output vector y; but instead is fed into the i*" RNN cell in another “layer” of cells, as if it were
an input vector like x;. In this formulation, only the state vectors in the top layer are used to
compute output. The rest are fed as input into their respective next layers. The depth of a stacked
RNN refers to the number of layers it has, which is typically 2 or 3 in practice.

Because there are many parameters that must be estimated in the weight matrices and vectors
of an RNN, they must be trained carefully. The standard method for doing this is Backpropagation
Through Time (BPTT) [Werbos, 1990]. In the case of an RNN used as an LM, we compute a
local model loss value after each output vector is generated, then sum these losses at the end of
the sequence and use that combined loss function during backpropagation to compute gradients
and train the model parameters.

Like traditional ngram models, RNN-based LMs can suffer from overtraining. There are var-
ious ways of combating this problem. Dropout, developed by Hinton et al. [2012], is one such
method. In this technique, some proportion of model weights are set to zero during training. This
prevents the model from over-relying on certain weights, and also prevents correlated features
from overpowering other dimensions. In stacked RNNs, dropout is used between the model layers
and between model cells. In the LSTM architecture, dropout is avoided between cells, as it can
interfere with the memory aspect of LSTM. A typical dropout proportion value is 0.5. Another
regularization technique is early stopping, where a model being trained is evaluated on a small
development set at regular intervals, and training is halted when that evaluation begins to degrade

and does not recover.

3.1.3 Evaluation

Language models, and the systems in which they are used, can be judged by various evaluation
techniques. Intrinsic evaluation metrics are typically calculated by analyzing the model itself, or
its probabilistic performance on a piece of data. Fxtrinsic evaluations consider the performance
of the model as it contributes to the completion of the task for which it is intended to be used.

Extrinsic evaluations are typically more useful than than intrinsic ones.

Language Model Evaluation

Intrinsic evaluation of language models is typically done with the perplexity metric. Perplexity is
an information-theoretic metric of the quality of a probabilistic model. To compute perplexity,
one needs a language model and a test set T = wjwows...w,,. The test set is a sequence of

words/characters never seen during creation of the model. The general formulation of perplexity
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for a given probabilistic language model P is as follows:
PP(T) = P(T)

= V/P(wiwaws...wy, )

(3.7)

Q

m .
o T PlwilwiZig)
i=1

Note the use of the chain rule and the ngram Markov assumption in the last line here.

The value output by the perplexity can be interpreted in comparison with a uniform probability
distribution. A perplexity of 6, for example, means that the model is comparable (in assigning
probabilities) to a sequence prediction task where there are 6 equally likely symbols.

Since character-based language models are used extensively in this thesis, the bits-per-character
(BPC) metric is also used. This metric, also from information theory, represents the performance
of a statistical model using the number of bits that would be required, on average, per character, to
encode the test set. It is more common when evaluating character-based models. Its relationship
to perplexity is very simple:

BPC(T) = log, PP(T) (3.8)

Text Entry Evaluation

Keystroke savings and word error rate are two common evaluations used in text entry research.
Notably, both of these metrics are extrinsic, as they are computed based on a downstream task.
Keystroke savings is a measure of efficiency, i.e. how much faster one can enter text given a
specific system. Word error rate (WER) is a measure of accuracy. Keystroke savings is defined in
Equation 3.9. Note that “taps” is more applicable in a mobile text entry context than in an AAC

context, but any discrete input action can be considered a “tap.”

total taps required

ks=1

_ 3.9
total characters in final output (3:9)

MacKenzie and Soukoreff [2003] establish a widely-used phrase set for consistency of evaluation
across text entry experiments. Vertanen and Kristensson [2014] describe methods for evaluating
free text entry, in which a user is allowed to type whatever they wish. Trnka and McCoy [2008]
explore the theoretical pitfalls of keystroke savings as a metric. Higginbotham [1992] evaluates the

typing efficiency of five different AAC systems.
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Figure 3.1: The RSVP KeyboardTMinterface7 with the candidate symbol in the center of the screen, and
typed message to its left.

3.2 RSVP Keyboard

The RSVP KeyboardTMBCI typing system [Orhan et al., 2012] combines a language model prior
distribution over symbols with repeated EEG observations to facilitate accurate typing. It is a
key underlying technology in this work, and will be used as the basis for Chapters 4, 5 and 6.
However, it is important to note that the RSVP Keyboard described in this thesis, and used as
a baseline for many experiments herein, represents a basic version of the system as it existed in
2012. Improvements and augmentations made subsequently are not included in this work.

Symbol presentation follows a rapid serial visual presentation (RSVP) paradigm, which involves
linear visual scanning of one symbol at a time. Figure 3.1 shows the interface of the system, with a
single symbol in the center of the display rather than a grid. To perform text entry, one attends to
a rapid sequence of individual symbols at the center of the screen, looking for the target symbol.
When the user recognizes the target symbol an event related potential (ERP) is evoked — the
well-known P300, occurring 300ms after stimulus onset — which can be detected from the EEG
signals. This detection is made via classifier fusion with a language model: when the posterior
probability of an event associated with a symbol is greater than a threshold, that symbol is typed;
otherwise another sequence of EEG observations is obtained.

The primary input tool for RSVP Keyboard is an EEG cap of 10-20 wet electrodes for measuring
brain signals on the scalp. The symbol set consists of 26 letters in the alphabet plus a space bar
symbol (“) and a backspace symbol (“") that permits deletion of the previously typed symbol.

All 28 symbols are presented in sequence in random order at 2.5 Hz, i.e., 400 ms on screen display
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for each symbol.2 After the full sequence of symbols has been presented, a classifier is used to
detect the presence of a P300 event, under the assumption that one such event has occurred
(corresponding to the target symbol). A posterior probability is calculated, which combines, via
naive Bayesian fusion, the probability from each sequence presentation with the prior probability
from the language model (see details below). If the posterior probability of any symbol is above
a parameterized threshold value, then that symbol is typed.? Otherwise, another sequence of the
symbol set is presented in random order.* Once a symbol is typed (or deleted), the display and
internal context state is updated and scanning continues at the next position.

Beyond EEG signal capture and stimulus display, the RSVP Keyboard system consists of three
key parts: the ERP classifier; the language model; and the fusion of the evidence for decision on the
target symbol. In addition, there are several system meta-parameters that control functionality.

We present each of these in turn.

3.2.1 ERP Classification

The input to the ERP classifier is a set of features extracted from the EEG signals. For each
stimulus in the sequence (28 symbols), the signals are extracted from the onset of the symbol
presentation until 500ms after presentation, since this window is expected to include the relevant
signal components associated with the P300 ERP. Bandpass filters and linear dimensionality re-
duction methods (PCA) are applied to derive a feature vector to be given to the binary classifier
(target/non-target).

Regularized Discriminant Analysis (RDA) [Friedman, 1989] is used to generate a likelihoods
for both classes (target/non-target) for each of the 28 stimuli in the sequence. RDA is a modified
version of a quadratic discriminant analysis model which is made less susceptible to singularities
in the covariance matrices via regularization and shrinkage. The class feature vectors are assumed
to conform to multivariate normal distributions. This model can be used to generate classification
scores (via log-likelihood ratios) or a probability distribution over stimuli. For more details, see
Orhan et al. [2012].

For this work, the ERP classifier remains unchanged from the current RSVP Keyboard system.
For simplicity of later notation, let ERP;;(x) be the likelihood from sequence presentation j that
x is the target symbol at position 7 in the typed string, as determined by the ERP classifier. Then,

2Presenting subsets of the full set of symbols is also possible (See Chapter 6) but this is not done within the
standard RSVP Keyboard system.

3The backspace (“+”) symbol is not “typed” per se, rather it causes the last typed letter to be deleted.

4Note that the randomness of the sequence is important, since the strength of the P300 response is partially
based on the unpredictability /surprise on the part of the user when the target stimulus appears.
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after k sequences have been presented at position i, ERPQC (x) is the likelihood of symbol z at

position i,

k
ERP}(z) = HERPij(a:) (3.10)

3.2.2 Language Modeling

The language model used in the RSVP Keyboard is a 6-gram character-based language model, i.e.,
the probability of symbol = at position ¢ (denoted z;) is conditioned on the previous 5 symbols.
Let hi™" = 2;_},...2;_1 be the context (or history) of length k of the typed string at position i.
Then

P(a; | F) = ARITF) Pla | hiF)
+ (I=A(RTF)) P | hITRHY (3.11)

where ﬁ(acZ | hi7F) is the raw relative frequency as found in the training corpus, and A(hi™") is a
mixing parameter between 0 and 1, estimated using the version of Witten-Bell smoothing [Witten
and Bell, 1991] from Carpenter [2005a], as detailed in Roark et al. [2013b].

For the current RSVP Keyboard system, and unchanged in this work, the language model was
trained on a subset of the New York Times portion of the English Gigaword corpus (LDC2007T07).
Also included in the corpus were 112 thousand words from the CMU Pronouncing Dictionary,?
and several repeated lines of text generated by an actual user of AAC technology. The training
data was text-normalized to de-case letters, and several other procedures were performed in order
to reduce the possibility of duplicate sentences or articles appearing in the corpus, as presented in
Roark et al. [2013b].

Each symbol is scored by the language model using a likelihood ratio of the symbol being the
target versus the symbol not being the target, and then normalized over the symbol set. Since this
language model prior is not being changed for this work, for notational simplicity let LM;(z) be

the prior that symbol x is the target symbol at position ¢, given what has already been typed.

3.2.3 Language Model and EEG Fusion

At position 7 in the typed string, a posterior probability P of each symbol x in the symbol set can

be calculated via Bayesian fusion of the language model and ERP classifier scores, as follows

Pl(x) = ERP!(x)- LM;(x) (3.12)

Swww.speech.cs.cmu.edu/cgi-bin/cmudict
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Note that P?(x) = LM;(x), and that
Pl/(z) = P/7'.ERP;(x) (3.13)

Once the normalized posterior PF(z) is greater than the decision threshold, the symbol z is

typed.

3.2.4 System meta-parameters

The RSVP Keyboard relies upon several meta-parameters for operation. In this section, we intro-

duce each of these parameters, and the settings in the current version of the system.

e Decision threshold: If the posterior probability of a symbol is greater than the decision

threshold 6, then that symbol is typed. In the current system, that threshold is set at # = 0.9.

e Minimum Sequences: The minimum number of sequences to show before typing. In the
current system, this parameter is set to 1, meaning that at least one sequence must be
presented to the user prior to typing a symbol. If this parameter is set to 0, it means that if

P?P(z) > 6 then the symbol will be typed based solely on evidence from the language model

(autotyping).

e Maximum Sequences: The maximum number of sequences to show before typing. If this
number is reached and no symbol exceeds the decision threshold 6, the most probable symbol

is typed. The current system sets this to 3.

e Backspace Probability: The current system uses a fixed probability 5 = 0.05 of the

backspace symbol in every context.

e LM Damping: This is a damping factor used on the language model probability distribu-
tion. A value of A means we multiply log probabilities from the language model by A. In the

current system, A = 0.5.



Chapter 4

Full History Fusion

Full History Fusion is an augmentation of the functionality of RSVP Keyboard that seeks to
address some of its shortcomings. From the standpoint of incremental processing, FHF allows for
dynamic text revision in a fully incremental environment, extending the usefulness of the backspace
key in RSVP Keyboard by calculating its probability in a more principled manner. This increases
the validity of RSVP Keyboard as a test case for incremental methods, particularly in the AAC
domain. In this chapter I will describe the motivations for the creation of Full History Fusion and

the mathematics underlying its algorithm.

4.1 RSVP Keyboard Failures

As the RSVP Keyboard system was developed and began to be tested with true EEG signals as
input, users of the technology began to experience certain failure modes that caused difficulty in
the typing process. These failure modes were intermittent and inconsistent but did recur across
multiple users.

Two of these failure modes are germane to this thesis: First, in some cases the system would
begin to type incorrect letters in such a way that the user was unable to correct them. In this
failure mode, the user repeatedly attempts to select the backspace key but its posterior probability
never rises above the typing threshold. As such, multiple incorrect characters are typed and the
user is unable to return to their intended typed message. I will refer to this as the runaway typing
problem. The second failure mode occurs when the system types a single incorrect character, then
the user deletes this character, then the system types that same error again, trapping the user in
an infinite loop from which they cannot proceed. I will refer to this as the repeated error problem.

Further analysis tends to suggest that the runaway typing problem occurs when the language

7

model becomes “overconfident” in a particular string of characters and creates a scenario in which

26
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evidence from the EEG! classifier is insufficient to overcome this overconfidence. There are a
handful of possible reasons this can happen. It could be that the LM damping meta-parameter
A described in Subsection 3.2.4 may be have a value that is too high. Recall that this parameter
serves to regularize the language model probabilities by attenuating peaks in its distribution and
boosting low-probability characters. This is akin to LM smoothing in a very coarse sense, the
argument being that an un-dampened model may be overtrained and fail to generalize to new data
(or fail to work well when combined with EEG evidence). Another possibility is that runaway
typing occurs when the fixed backspace probability 5 (set to 0.05 in vanilla RSVP Keyboard) is
not high enough to handle situations where a strongly LM-favored character string is actually not
the intended one. It may be that the EEG evidence for backspace is simply not strong enough
to overcome the language model and meet the typing threshold, making backspace impossible to
type. Finally, it could be a misconfiguration of one of the other RSVP Keyboard meta-parameters.
For example, a low setting for the maximum sequences parameter might allow the language model
to commit to a low-probability best guess if the EEG evidence is weak but the sequence total has
been reached.

The repeated error problem is related to the runaway typing problem, but its cause is actually
more subtle. In this failure mode, an errorful character is typed, then deleted, then typed again,
ad infinitum. This turns out to be caused by a shortcoming of the RSVP Keyboard protocol itself.
In particular, it has to do with which evidence is used by RSVP Keyboard when calculating the
posterior probability of a letter. In this particular case, we have some letter L that has been typed
in error (usually due to a strong LM prior) and then correctly deleted by the user, who has selected
the backspace symbol. At this point, RSVP Keyboard sees that the typed sequence has changed
and re-queries the language model for character probabilities. It then proceeds to collect a new set
of EEG observations. Crucially, the algorithm fails to take into account two things: 1) the EEG
observations that were made in this same text position previously, and 2) the fact that the letter
L has just been deleted. This causes it to make the same error it made before, perpetuating the

infinite loop.

4.2 Formulating a Solution

These failure modes made RSVP Keyboard an occasionally sub-optimal system, a flaw that was

amplified by the fact that it was intended for use in AAC, a domain in which communication

n this chapter I use the initialism EEG to refer to the output of a brain signal classifier, but (as I will show
in Chapter 6) this evidence can come from any source that produces a probability distribution over characters, not
just an electroencephalogram.



28

throughput is particularly prized. Fortunately, the root causes of these failures seemed to fall into

a small set of categories:

1. Incorrect Meta-Parameter Settings The default RSVP Keyboard settings appeared
to be partially responsible for both major typing failure modes, with evidence implicating

practically all of the parameters.

2. Fixed Backspace The use of a fixed probability value for the backspace key (which had a
default value that been chosen somewhat heuristically) appeared to be a possible contributing
cause for the runaway typing failure. In addition, it stands to reason that the probability of
backspace is not actually fixed in real scenarios. For example, if the posterior probability of
the most recently typed symbol is very high, it makes sense for the backspace symbol to be

low at the beginning of the next typing step (and vice-versa).

3. Constraints to EEG Evidence Since evidence collected during EEG sequence presenta-
tions could not persist beyond the particular typing step in which they occurred, the system
was subject to failures like the repeated error problem. In a long typing session, RSVP Key-
board uses (at a given decision point) only a fraction of the EEG evidence it has collected.
Further, system calculations after the typing of a backspace did not take into account that

backspace, nor was the identity of the deleted character itself considered.

Full History Fusion is intended to address all three of these root causes, thereby solving both the
runaway typing problem and the repeated error problem. It additionally is intended to be more
principled in its calculation of character probabilities, with the goal of improving typing speed in
general over that of RSVP Keyboard.

There are two key insights within FHF. The first is to collect and utilize the full history of
EEG observations made during a typing session, as opposed to only those collected during the
current typing step. The second is to consider not the probability of individual characters but the
probability of strings of characters.

In the RSVP Keyboard protocol, once a letter is typed (or deleted), the system advances to
the new position and reconsiders the 28 possible options (26 letters, space and backspace), without
taking into account previous events. In FHF, once a possible string has been considered, its
posterior probability is maintained even if another symbol is typed. The typed symbol at position
i in the string generally has a posterior probability less than 1.0, meaning that other options
retain some probability mass. Use of the backspace symbol as a deleting mechanism allows the

system to go back and potentially access those alternate strings, hence we maintain their non-zero
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posterior probability. In fact, if we accrue additional evidence for the backspace symbol through
EEG detection, that probability mass should be allocated to these alternate strings, since it is
evidence that the current string is not the intended string but rather one of the alternates.

For instance, suppose the user has typed the string cat. The full history of EEG observations
at this point will include data from all sequences presented to the user at each typing epoch,
including at the beginning of the typing session and after each subsequent letter. FHF allows us
to combine all of these observations, incorporate the language model probabilities, and calculate
the probability of any string of characters. This allows for the calculation of various values. For
instance, the conditional probability P(cats|cat) will help us to calculate the probability of the
character s in the current context. Further, FHF is aware of the special semantics of the backspace
symbol. If cat has been typed and a strong EEG signal is collected suggesting that backspace is
the next character, not only will FHF use this evidence to make the rightmost t less probable,
but it will shrink the probability of every letter in cat, as a backspace is evidence that the word
itself may be an error. Still further, that backspace will slightly increase the probability of strings
completely different from cat, such as dog and oldsmobile, a phenomenon that not only informs
the probability of backspace itself, but also can prove useful if cat is deleted and one of those

alternates turns out to be the correct string intended by the user.

4.3 Details of FHF
4.3.1 Definitions

a string of characters

the prefix substring of s, consisting of its first ¢ characters

the prefix substring of length zero, i.e. the empty string

s | the k' character of s

|s| | the length of the string s

s¢ | the string s concatenated with the character ¢

My | the set of matching strings (all strings that have s as a prefix)
N | the set of non-matching strings (all strings without s as a prefix)

4.3.2 Combining Evidence from LM and EEG

Full History Fusion is accomplished by factoring in all EEG observations in a typing session, not
just those in the current epoch. The fusion consists of three components: LM evidence, positive
EEG evidence, and negative EEG evidence. In FHF, each of these gives a probability/score for a

string rather than a character. We define them as follows:
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LM evidence gives the probability of a string s according to the language model. This can be
decomposed into a product of conditional probabilities using the chain rule? It is defined as

|s]

PLM(S) = HPLM(Si|Si_1). (41)
=1

Positive EEG evidence is a score for a string s derived from all EEG observations that are
consistent with the characters in that string. By consistent I mean direct probabilistic evidence
collected for (or against) letters that are actually contained in the string. As with the LM evidence,

we use the chain rule. It is defined as

|s]

Lepc+(s) = HL(3i|5i_l)v (4.2)
i=1

where L(s;|s°™!) is the product of all EEG classifier probabilities for character s; when the typed

i—1

string on the screen at the time was s° Note that, depending how the typing session has

proceeded, there may be zero®

, one, or many such scores.

Negative EEG evidence is a score for a string s derived from all EEG observations of the
backspace symbol that occurred on other strings. For instance, suppose that at some point, when
a string not matching s was the typed string, EEG evidence was collected that indicated a high
probability of backspace. Since this is evidence that a non-matching string could be incorrect, it
should increase the probability of all other strings, including s. Conversely, low probability of the
backspace action in a non-matching context should decrease the probability of all other strings

(and s), because it is evidence that the current context is correct. Negative EEG evidence is

defined as

Lggpc-(s) = H L« [t), (4.3)
teN,

where L(«+ |t) is the product of all EEG classifier probabilities for the backspace symbol when the
typed string on the screen at the time was t.

The final posterior probability @ for a string s is proportional to the product of these three
scores:

Q(s) < Ppy(s)Legga+ (8)Lepa-(8) (4.4)

It is important to note that positive EEG evidence for a string s does not necessarily mean that
s is more probable, nor does negative EEG evidence mean that s is less probable. These notations

simply refer to the letter probabilities used to calculate their respective values.

2Since this language model is an ngram model, the chain rule will give an approximation when n < |s|. This is
a standard simplifying assumption in language modeling.
3By convention, the product of zero items is equal to one.
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4.3.3 Deriving Conditional Posterior Probabilities

Now that we can calculate the posterior probability of any string, it is straightforward to generate
the probability of a single character in a given typed context. If the currently-typed string is p,
the conditional probability of the next character being ¢ is calculated by marginalizing over all

strings having a prefix that matches p and that have the character ¢ in the next position:

Q(glp) x Y Q(t) (4.5)

teMp,

Backspace is a special case, requiring a slightly different formulation. In FHF, the posterior
probability of backspace is calculated by marginalizing over all strings that do not match p:

Q(+Ip) x > Q) (4.6)

teN,

This is a very central insight within Full History Fusion. By marginalizing over non-matching
strings, we leverage the fact that the only way to “get to” those strings in an incremental setting
like RSVP Keyboard is to type the backspace key first. Therefore every non-matching string
contributes probability mass to the probability of a backspace action. A very useful consequence
of this formulation is that the probability of backspace will therefore be dynamic, depending on
p and the EEG evidence collected so far. Note that when |p| = 0, IV, will be the empty set. A
convenient consequence of this is that the backspace symbol will have no probability if there are

no typed characters.

4.3.4 Practical Considerations for Computation

In practice, a good way to keep track of the scores required for the FHF algorithm is to keep a
table with a row for each potential string, and store the LM and EEG scores corresponding to that
string in the columns of the table. It is also useful to use logarithms so that we can take products
using summation.

Unfortunately, the equations presented in the previous subsection are not immediately amenable
to actual calculation. The main problem is that the sets My and N, are (usually) infinitely large.
This would make our score table infinitely large. One way to get around this issue is to only
consider strings up to some maximum length. A useful maximum length is the length of the
longest typed string that has been observed so far in the current session (plus one). This makes
the sets My and N, finite, without sacrificing any accuracy. The reason accuracy is maintained is
that all EEG evidence consists of observations made with typed strings shorter than this maximum

length, so we are still considering all EEG evidence with each fusion calculation.
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However, even when we consider only strings below a certain length, it still results in a score
table that increases in size exponentially as that length increases. This creates the risk of an
algorithm that cannot actually be computed. But there are other optimizations to be made. The
calculation space can be further decreased in size by observing that certain “branches” of the
possibly-typed string need not be fully explored if we have never typed anything on that branch.
For instance, if no string beginning with the letter B has been typed in the current session, our
table of scores need not contain all strings beginning with B. Instead, we can keep a single row that
itself represents all strings beginning with B, and only split that row into more rows if the letter B
becomes the typed string at some time in the future. The fusion calculation is still valid, because
Pra(B?) correctly represents the probability of all strings beginning with B, and there will be no
EEG evidence for any string starting with B (other than that of B itself) since we never actually
typed it. Using this shortcut, I have been able to prevent the size of the scores table from growing

exponentially?.

4.4 FHF as an Algorithm

FHF can also be understood as an algorithm, which I present formally in Figure 4.1, and describe
here less formally, with references to specific lines in the algorithm. To copy a given text T" using a
symbol vocabulary V', we provide three metaparameters: a threshold parameter 6 to determine the
required probability of a symbol to type it; and a minimum and maximum number of iterations
of sequence presentation to gather ERP evidence for the symbols, as discussed earlier. Note that
the set V' includes every symbol that will be typed, i.e., not backspace, which is a special symbol
denoting that a previously typed symbol should be deleted. In our case, V includes the letters a-z
plus whitespace.

The algorithm maintains a set of context strings S, initialized with the empty string (with
probability 1) on line 2 of the COPYTEXT algorithm. The set S is the set of strings that are one
symbol extensions of strings that have actually been typed at some point in the session. Each of
the strings in the set is maintained with a posterior probability by the algorithm. Until the input
text T is correctly typed, we must decide at each point which of the 28 symbols to choose. If each
member of V is given an index from 1 to |V, and we let 0 be the index of the backspace symbol,
we can establish the prior probability for each of these in the current context. Scanning through
all strings s (with associated probabilities p) in the set S (lines 6-15 of the CoOPYTEXT algorithm

in Figure 4.1), there are three possible cases for each stored string: 1) the typed string ¢ is not a

4This is not proven, but appears true across many simulations.



33

prefix of s (line 7), in which case the posterior probability p of that string is allocated to backspace
(index 0); 2) the string s is exactly the typed string ¢ (line 9), in which case s has never been
expanded before and must be expanded (see below); or 3) the string s is longer than ¢ (line 14),
meaning that the posterior probability p of s should be added to that of whatever symbol from V'
comes after the prefix ¢t in s. For case 2, the string s is removed from the set S, and the set of
strings resulting from concatenating each symbol z € V to s are added to S, with the appropriate
probability as assigned by the language model. Finally, these prior probabilities are normalized
for use by the LM and ERP fusion decision process.

The algorithm UPDSYMBOLPROBS at the top of Figure 4.1 takes as input the symbol vocabu-
lary, the probability array calculated as described above, the position in the string and the relevant
meta-parameters, and returns an updated (normalized) posterior probability array and an ERP
classifier-based likelihood array £, which does not include the prior probabilities. After the symbol
sequences have been presented the requisite number of times, the strings in set S are scanned again,
to update their posterior probabilities with the new information (lines 18-22 of the CoPYTEXT
algorithm in Figure 4.1). For strings s which have ¢ as a prefix, the posterior probability is updated
with the relevant symbol’s likelihood at that position from the recent round of symbol sequence
presentations. Otherwise, the posterior probability is updated with the likelihood of the backspace
symbol. Finally, the posterior probabilities of all strings in the set are normalized.

After the posterior probabilities have been calculated for all strings in the set, the system
detected symbol is determined. If that symbol is backspace, then the typed string ¢ is shortened
by removing its last symbol. Otherwise, the detected symbol is appended to t.

For this work, I extended the above algorithm by pruning extremely unlikely strings from the

0

set S. Any string with a probability less than e 3° was removed from S, resulting in increased

efficiency and no typing performance difference.

4.4.1 Worked Example

For this example, we will assume an alphabet of two symbols (A and B), and our observations from

the EEG will be of the form
ERP observation j = [L£(4), L(B), L(backspace)],

where £(x) is the normalized probability that the next symbol is « based on the EEG classifier.
Table 4.1 presents the probabilities used to maintain the normalized posterior for each context
string in the set S. For this example, § = 0.8 will be the decision threshold.

We begin with no letters currently typed, and no observations made. The first step is to query
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typed | context | LM | ERP observation | normalized

string | string prob. 1 2 3 posterior

€ A 0.4 |0.2 0.14
B 0.6 | 0.8 0.86

Action: type B

B A 04 |02]|0.1 0.03
BA 04 |08 0.7 0.85
BB 0.2 08|02 0.12

Action: type A

BA A 0.4 |02)01] 095 0.17
BAA 0.3 | 08|07 0.03 0.11
BAB 0.1 |08]0.7| 0.02 0.03
BB 0.2 08|02 095 0.69

Action: delete A

Table 4.1: Probabilities for worked example.

the language model for priors across potential next letters. The first two rows of Table 4.1 show
example LM probabilities for the two symbols in the alphabet. Since no letter has a posterior
probability above the threshold value, we must now make an observation. Note that when no

letters have been typed, the probability of backspace must be zero.
ERP observation 1 = [0.2,0.8,0.0]

We add this to our table, calculate the product across each row, then normalize to get an updated
posterior probability. The probability of the string B now exceeds threshold, so we type it. We
can also now calculate the posterior probability of backspace, which is the sum of all posterior
probabilities that do not have our currently typed string (B) as a prefix. In this case, it is equal to
0.14.

This leads to rows 3-5 of Table 4.1. Since B has been typed, we expand the context strings
starting with B and re-query the language model. We need not expand the A row, but we retain
it for our calculations — it now falls in the ‘inconsistent’ class of context strings referred to in the
CoprPYTEXT algorithm in Figure 4.1. Note that score of B from ERP observation 1 is shared by
both new expanded context strings BA and BB.

Since no string probability exceeds threshold based just on the LM probability and ERP ob-

servation 1, we make another ERP observation:
ERP observation 2 = [0.7,0.2,0.1]

When adding this observation to our table, we apply L(backspace) = 0.1 to A, since it falls in the

set of strings that are inconsistent with the currently typed string.
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Based on posteriors calculated after ERP observation 2, A is the symbol above threshold that is
typed, making the currently typed string BA. Then we expand again. Note that the probability of
backspace — calculated by summing the posteriors of all context strings that are inconsistent with
the typed sting (lines 7-8 in the COPYTEXT algorithm in Figure 4.1) — is now 0.03 4+ 0.12 = 0.15.

Suppose the next observation strongly favors typing backspace:
ERP observation 3 = [0.03,0.02,0.95]

The newly expanded table with ERP observation 3 can be seen in rows 6-9 of Table 4.1. The
probability of backspace is now 0.17 + 0.69 = 0.86, so we type it, taking our typed string back to
B. For the next step of the algorithm after deleting the symbol, the prior probabilities for A and
B would now be calculated by summing over already expanded context strings (lines 14-15 in the

algorithm).
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UpDSYMBOLPROBS(V, P, i, 0, min_iter, max_iter)

1 5«0

2 for k=0 to |V| do > Let vg = backspace

3 Llk] 1 o> Initialize likelihoods to 1

4 while j < max_iter and (max(P) < 6 or j < min_iter) do

5 j—j3+1 > Present another sequence to user

6 for k=0to |V| do > Let vo = backspace

7 L[k] < L]k] - ERP;; (vg) > Update likelihoods to return
8 Plk] < Plk] - ERP;j(vg) > See Equation 3.13

9 P <~ NORMALIZE(P)

10 return (P, L)

CoprYTEXT(T,V, 6, min_iter, max_iter) > Given a text T to copy
1 t<e > Initialize copied text to empty string
2 S+ {(1.0)} > Initialize set of context strings (string, prob)
3 while T #t¢ do

4 for k=0to |V| do > Let vo = backspace

5 Plk] <0 > Initialize probabilities to zero

6 for each (s,p) € S do > for all existing contexts

7 if s[1,|t]] #t then > ¢ is not a prefix of s (inconsistent)
8 P[0] «+ P[0] +p > contributes to backspace probability
9 else if s =1 then > ¢ has not been extended before
10 REMOVE (s, p) FROM S

11 for each vy € V. (1 <k <|V]) do

12 Plk] <~ LMjy41(vx) -p > Initialize with LM prior

13 S« SU{(s vk, P[k])} > extend s by each symbol
14 else for v, = s[|t| + 1, |t + 1] > s[0, ¢+ 1] =t v

15 Plk] + Plk] +p > Add probability (already extended)

16 P < NORMALIZE(P)
17 (P, L) < UpDSYMBOLPROBS(V, P, |t| + 1, 6, min_iter, max_iter)

18 for each (s,p) € S do > Update all context probs
19 if s[1,|t]] =t then D> s is consistent with ¢
20 for vi, = s[|t| + 1, |t] + 1] > vy is symbol following ¢
21 (8,])) — (57p£[k])

22 else (s,p) < (s,p- L[0]) > s is inconsistent with ¢
23 NORMALIZE(SS)

24 ¥« argmax,, ¢y (P) > System detected target symbol
25 if o =g then > Backspace was selected

26 t=t[1,]¢] — 1] > Remove final symbol from ¢

27 else t=1t-9 > Type symbol v in copied text ¢

Figure 4.1: Improved inference algorithm for copying text. For strings s,t¢, s -t denotes string
concatenation. For string s = s1...sy let s[i, j| be the substring s; ...s;. For simplicity, if j > i,
then s[i, j] = €; and if j > |s|, then s[i, j] = s[i,|s|].



Chapter 5

Applied Full History Fusion:
BCI Simulation

In this chapter and the next I will describe the results of two experiments undertaken to test
the effectiveness of the Full History Fusion method compared to the more heuristic standard
approach used in RSVP Keyboard. Both experiments examine typing performance in a copy task
environment, where the user (or simulated user) is required to exactly copy a certain amount of
text using RSVP as the input modality.

Both of these experiments demonstrated a measurable improvement in sequences per character
for the Full History Fusion method over default RSVP Keyboard settings. Further, these im-
provements persisted even when the default settings were optimized beyond their current values.
Since sequences per character is expected to correlate monotonically with typing input speed, these
results show that FHF is effective at improving typing performance under the RSVP Keyboard
paradigm.

The first of these experiments was a large-scale analysis of RSVP Keyboard as it might be
used by actual people, but the user inputs (EEG brain signals) were simulated rather than being
collected from humans. This allowed for an experiment to be performed with orders of magni-
tude more typed text than could ever be practically achieved with human subjects, while still

demonstrating the relative performance of FHF and the standard method.

5.1 Materials and Methods

The basic structure of this experiment is a copy task, in which a user must “type” a series of letters
that perfectly match a series of target sentences. In this case, the “user” is not an actual person at
all, but a simulated agent, whose brain wave outputs are generated using a model that can create

artificial EEG score vectors from prerecorded EEG data. Notably, the EEG signals themselves
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are not directly simulated; instead, the samples are generated from the classifier outputs from
EEG decoder models trained on real people. This makes them easy to use as input in the RSVP
Keyboard paradigm. Specifically, these samples are made using a kernel density estimation of the
target /non-target classes generated by the RDA classifier on data from real users of the system.

Multiple models are created, each corresponding to an actual RSVP Keyboard user who has
previously used the system in a non-simulated setting, i.e. with real EEG brain signals. Data
from these real sessions are used to create a separate model specifically for each individual user.
During a calibration phase, these models are divided based on the area under the receiver oper-
ating characteristic curve (AUC), which is calculated using cross-validation. This value generally
corresponds to the ease with which the ERP classification system can classify the EEG signals
from that particular user. We therefore use the AUC score to characterize the user model in terms
of the relative difficulty within the RSVP Keyboard protocol of typing for that user. In general,
user data that is easier to classify results in a model with higher AUC, which subsequently results
in fewer sequence presentations during RSVP, which finally results in a faster overall typing speed
in simulation.

We used five different user sessions as seeds for simulation data, each with a different AUC
value, ranging from quite high (0.90) to relatively low (0.71), thus simulating several diverse use
scenarios.

The independent variables were the user model selected, the model paradigm (typically stan-

dard RSVP Keyboard or FHF), the test corpus, and various model meta-parameters.

5.2 Data and Evaluation

Three test sets were used. The main test set was a set of personal emails set aside for research
use from a person with LIS, whom we will refer to as GB. This set contained 1,128 lines of text,
about 10,000 words. We also tested two other sets, one with around 35,000 lines of New York
Times newswire text, and 10,000 words from a “simulated” AAC-like corpus created through
crowdsourcing [Vertanen and Kristensson, 2011b].

For each experiment performed, the simulated user carried out the task of copying the test set
in question using the RSVP paradigm. The user was assumed to be perfect in intent, i.e. they
always attempted to select the correct symbol (including backspace) at each decision point, even
noise inherent in the model itself caused errors to occur.

The dependent variables in this experiment were computed via two evaluation metrics. The

first is sequences presented per letter. This records the number of observations (sequences shown)
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divided by the total number of characters in the test set. It is important to note that the denom-
inator in this formula only counts the number of symbols in the eventual correct typing action.
Any incorrect letters or backspaces typed are not considered (though they are reflected in the
numerator). This allows the metric to better correlate to typing speed, as the end result of typing
is the true measure of how much has been produced in a typing session. A typing session where
a word is typed correctly, but many errors have to be deleted, should result in a higher sequences
per letter score than one in which no errors occur. The second metric is letters per minute, which
is an estimated typing rate for the test set, based on an RSVP paradigm of 200 milliseconds per

symbol, 28 symbols, and five seconds between sequences.

5.3 Parameter Optimization

Before examining the impact of the FHF algorithm on the efficiency of typing with the RSVP Key-
board, I first examined the impact of optimizing metaparameters of the standard system, along
with some other adjustments suggested by my algorithm. Optimizing the baseline in this way is
important because it had never actually been done before; it was strongly suspected by the devel-
opers of RSVP Keyboard that its default settings might not be optimal, but until the simulation
framework was developed it was extremely difficult to attempt to find optimal settings in a sys-
tematic way. Further, this optimization allows for comparison against a number of baseline system
configurations, to better judge the ultimate utility of FHF in the space of possible configurations.

For this optimization, and the optimization of RSVP Keyboard with FHF, grid search over the
parameter set was used. implemented for all of the system meta-parameters (see Section 3.2.4)
other than minimum sequence presentations. We tried 1960 combinations of parameters, each
varying by regular intervals within their natural range, over five simulations apiece on a held-out

development set, which consisted of 50 reserved lines from the GB email corpus.

5.4 Model Variants

Several RSVP Keyboard variants were simulated. The first, and the most basic baseline, is the
current RSVP Keyboard system, using metaparameters as described in Subsection 3.2.4. Here, a
fixed backspace value is used, along with all of the other metaparameter defaults.

The next variants involved improving this baseline. I performed a grid search for optimized
metaparameter settings for each AUC level on a held-out data set, as described in the previous

section. The main two variants of this model depended upon whether autotyping was allowed, e.g.
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| System Configuration [ AUC 1.00 | AUC 0.90 | AUC 0.83 | AUC 0.80 [ AUC 0.75 | AUC 0.71 |

Current 1.00 2.34 2.87 7.77 FAILURE | FAILURE
Current Opt. 1.00 2.05 2.39 3.74 5.22 6.18
Current Opt+Auto FAILURE 2.09 2.46 3.83 5.27 6.29
Current Opt+Back 1.00 1.98 2.32 3.64 5.10 6.14
Current Opt+Auto+Back | FAILURE 1.84 2.17 3.51 4.89 6.03
Best Configuration Pct. 0.0% 21% 24% 54% N/A N/A
Improvement over Current

Table 5.1: Simulated Sequences per Letter on the GB email test set for various AUC values and
RSVP Keyboard parameterizations, using current system inference. 100 Monte Carlo simulations
in every condition.

whether the minimum sequences parameter is set to 1 or 0.

Two further variants used the current RSVP Keyboard system but with a modified pseudo-
dynamic backspace configuration where the probability of backspace is not fixed, but rather is
related to the posterior probability when the previous symbol was typed. If p was the posterior
probability of that last-typed symbol (either above threshold or highest probability after the max-
imum number of sequences have been presented), then the probability of backspace at the next
position is set to 1—p. This intuition, that backspace can be dynamic and should be roughly in-
versely proportional to the confidence of the last letter typed, is related to FHF but accomplished
in a heuristic way rather than by collecting a full history of observations. This variant was used
with and without autotyping.

Finally, the FHF algorithm was used, both with and without autotyping allowed.

5.5 Results

In this section, evaluation results for the various baseline models as well as the FHF models are
given. Significant performance improvements were observed in both the baseline variants and the

FHF model.

5.5.1 Baseline Results

Table 5.1 presents the mean number of sequence presentations required per letter in the GB email
testset under five configurations of the baseline system, for varying AUC values. We include
AUC=1.0 (a perfect classifier, always giving all of the probability mass to the correct symbol) to
illustrate behavior of the system under ideal conditions.

The top row represents the unmodified RSVP Keyboard settings. Notably, in this scenario,
the simulations for users with AUC less than 0.8 entirely fail to type the test corpus, due to the
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inability to recover from errors. This is a very concrete example of the runaway typing problem
described in Section 4.1. Essentially, the fixed backspace probability under default settings is likely
too low to adequately recover from errors or groups of errors. This result was a powerful validation
of what had been observed in practice: Sometimes the RSVP Keyboard simply did not work for
certain users.

The next two rows represent versions of RSVP Keyboard with optimized parameters. The
Current Opt. row does not allow autotyping, and the Current Opt+Auto row allows it. Opti-
mizing these meta-parameters yields large improvements, particularly for the lower AUC scenarios
— halving the number of sequence presentations for AUC=0.8 and providing a system configura-
tion for the lower AUC values that permit task completion. Interestingly, autocompletion yields
no gains in any condition for standard RSVP keyboard, and in fact causes failure in the perfect
classifier condition (AUC=1.0). This is due to endless loops that occur when an incorrect symbol
is autotyped, followed by a (correct) backspace — which again yields a state that will autotype
the same incorrect symbol. This is exactly the repeated error problem described in Section 4.1,
further underscoring the importance of keeping track of prior events in assigning probabilities to
subsequent events (as is done in Full History Fusion).

The next two rows feature the pseudo-dynamic backspace method, with and without autotyping
allowed, labeled Current Opt+Back and Current Opt+Auto+Back. Other than for the hypothet-
ical perfect classifier, this dynamic backspace probability yields modest improvements over the
standard optimized configuration; and with the dynamic backspace probability, autocompletion
now yields some additional improvements.

The final row shows how much the baseline model can be improved using parameter optimiza-
tion and simple heuristics, presented as a percentage improvement of the best baseline variant
configuration over the current baseline system configuration. We find robust improvements for all
subject-derived AUC levels, with dramatic improvements for the lower AUC levels. These opti-
mized baselines can now be used as a stronger comparison point for the performance of models

using Full History Fusion.

5.5.2 Full History Fusion Results

Table 5.2 shows the results achieved with Full History Fusion versus both the Current Opt. con-
figuration and the best performing baseline configuration from Table 5.1 of the current RSVP
Keyboard system. For all conditions other than the perfect classifier (AUC=1.0), the FHF al-
gorithm with no autotype (minimum number of presented sequences set to 1) achieves modest

improvements over the current configurations, with more gains at the lower levels of AUC. When
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Figure 5.1: Letters typed per minute for various simulated AUC values.

we add autotyping to FHF by reducing the minimum number of presented sequences to 0, we get
additional gains across the board, even for the AUC=1.0 condition. In this case, gains due to
autotyping are greater for higher AUC conditions than they are for lower AUC conditions.

Figure 5.1 presents all conditions reported in Tables 5.1 and 5.2, with the sequences per letter
converted to letters per minute, following the conversion as presented in Section 5.2. In this graph,
it is easy to visualize the relatively higher impact of autotyping with improved inference at the
higher AUC levels versus the lower levels; and the improvements due to FHF alone at those lower
levels.

These improvements were observed for other test corpora, as well. Table 5.5.2 shows the
performance of the best current RSVP Keyboard configuration compared to Full History Fusion
with autotype for AUC=0.90, when evaluated on the different test sets mentioned in Section 5.2.
Comparable results (indicating generalization across different text genre) were found for other

AUC levels as well. Due to the number of simulations and the size of the test sets, all reported

differences are statistically significant at p < 0.001.

| AUC 1.00 | AUC 0.90 [ AUC 0.83 [ AUC 0.80 [ AUC 0.75 [ AUC 0.71 |

System Configuration

Current Opt. 1.00 2.05 2.39 3.714 5.22 6.18
Current Best Configuration 1.00 1.84 2.17 3.51 4.89 6.03
Improved Inference 1.00 1.78 2.08 3.10 4.21 4.80
Improved Inference+Auto 0.67 1.48 1.78 2.82 3.93 4.56
Improvement Pct. over

Current Opt.: 33% 28% 26% 25% 25% 26%
Current Best Configuration: 33% 20% 18% 20% 20% 24%

Table 5.2: Sequences per Letter for various AUC values and inference algorithms. Values average

100 Monte Carlo simulations.
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Test Current Improved Pct.
Corpus || Opt+Auto+Back | Inference+Auto | Improvement
GB 1.84 1.48 20%
AAC 2.01 1.69 16%
NYT 1.85 1.50 19%

Table 5.3: Comparison of sequences per letter across different test corpora (AUC = 0.90).

Current Improved Improved
AUC || Opt+Auto+Back | Inference | Inference+Auto
0.71 18.5 31.6 37.2
0.75 14.1 28.0 34.3
0.80 13.1 24.6 32.7
0.83 10.0 18.3 28.9
0.90 9.7 16.4 29.2

Table 5.4: Percentage of symbols typed that are backspace across varying AUC values.

5.6 Analysis

In this section I perform a deeper analysis of these results, and discuss other interesting behaviors

and trade-offs.

5.6.1 The Backspace Trade-off

Monte Carlo simulations on development data (and subsequent test results) show that the optimal
value for the decision threshold with the improved algorithm is at 0.5. Recall that this is the
probability value at which the system will type the most probable letter. Thus, if the probability
is 0.5 or higher, then it is more efficient to go ahead and type the symbol than to spend the time
to achieve higher certainty. One potential problem with setting the decision threshold this low is
that a higher proportion of typing actions is a backspace than when the threshold is set at, say, 0.9,
as in the current default RSVP Keyboard system settings. This increased use of backspace is seen
in the data. Table 5.4 shows the ratio of backspaces to all typed symbols in different simulations.
The effect is even more striking in FHF, which requires backspace more than twice as often as the
fastest method under the current system, and over three times as often for the highest AUC level.

Because frequent backspaces may be confusing and frustrating, users might choose to sacrifice
some performance by reducing the frequency of backspace. This trade-off can be managed by
varying the decision threshold parameter; a higher threshold will be suboptimal from a typing
speed standpoint, but will result in fewer backspaces. The dynamics of this trade-off are illustrated

in Figure 5.2. The decision threshold values used for this figure were 0.5, 0.6, 0.7, 0.8, 0.9, 0.95,
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Figure 5.2: Backspace percentage versus typing speed for the improved inference with autotype at
two simulated AUC values.

and 0.99. By choosing a particular operating point, it is possible to cut the backspace percentage
in half and only slightly decrease typing performance. As a result, it is possible to allow for user
control of backspace performance based on personal preference, while still maintaining relative

gains in performance.

5.6.2 Autotyping and Autodelete

One aspect of autotyping that I have not discussed much is that the backspace symbol can be
autotyped just like other symbols, which results in what I call autodeletion. In fact, complex
combinations of automatic typing and deleting can lead to what I have termed “autorevision.”
For example, Figure 5.3 presents a sequence of autotype and autodelete events that were actually
observed in the simulated trials. Once the string “my care” was typed, autotyping produced
the rest of the word “carefully” with following whitespace, before reaching a state where EEG
observations were required. The result of ERP detection was a backspace symbol, leading to
deletion of the whitespace. Once this deletion occurred, autotyping of the backspace symbol
(autodeleting) deleted the suffix of “carefully” back to “care”, at which point autotyping produced
a new full word candidate “caregivers.” This entire sequence of actions required just a single round
of ERP detection.

For AUC=0.90, we find that 41% of symbols are autotyped, and that around 18% of autotyping
events complete a word. For lower AUC values, those percentages are lower, 31% autotyped and
13% of autotyping events complete a word. Table 5.5 presents statistics on the frequency of the
various kinds of autotyping events for different AUC levels with the improved inference algorithm.

We see that forward autotyping is the most common, from 70-80% of the autotyping events, versus
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step  typed via action
1 my_caref autotype
2 my_carefu |
3 my_careful |
4 my_carefull |
5 my_carefully |
6 my_carefully_ J
7 observe EEG
8 my_carefully delete
9 my_carefull autodelete
10 my_careful
11 my_carefu
12 my_caref
13 my_care +
14 my_careg autotype

15 my_caregi

16 my_caregiv
17 my_caregive
18 my_caregiver
19 my_caregivers J

Figure 5.3: Example of autorevision

20-30% being autodeletions. More than half of autotyping is a single symbol.

5.7 Discussion

This experiment shows that the Full History Fusion algorithm results in significant improvements
in simulated typing speed. I have shown that this gain is consistent across different text corpora,
and that autotyping is both fast and well-suited to this method. I have introduced the possibility
of autodeletion and autorevision, interesting varieties of autotyping that we believe to be novel to
this research. I have examined the trade-offs involved with these higher typing speeds, specifically
those involved with the frequency of typing backspace versus typing speed.

The example in Figure 5.3 is a particularly effective illustration of the power of Full History
Fusion. Because FHF keeps track of an entire history of EEG observations, it is able to make

long-range determinations about the relative probabilities of different character sequences. In this

l Type of autotyping event H AUC 0.90 [ AUC 0.80 [ AUC 0.71 ‘
Forward only 77.3 73.0 68.0
Forward only (1 symbol) 40.7 39.1 39.0
Forward only (24 symbols) 36.6 33.9 29.1
Backward only 19.6 25.2 30.7
Backward only (1 symbol) 10.7 14.2 18.1
Backward only (24 symbols) 8.9 11.0 12.7
Forward and backward 3.2 1.8 1.3
(autorevision)

Table 5.5: Frequency of different types of autotyping: forward only, backward only, and autorevi-
sion, under various AUC values. Algorithm is Improved Inference+Auto.



46

case, a single observation of a backspace signal is enough to effectively “wither the branch” in
the character tree corresponding to the current word, and simultaneously boost the probability
of another branch corresponding to another word. This is a powerful example of how FHF shifts
the concept of textual revision into an incremental setting. Whereas non-incremental algorithms
might simply change the current best hypothesis as new evidence is collected, this is not easily
done in the incremental environment of text entry, particularly the relatively low-speed text entry
that often occurs in AAC. With FHF, individual backspace observations, in combination with
autocompletion and autodeletion, can accomplish a very similar revision action without violating

the incrementality at the core of these modalities.



Chapter 6

Applied Full History Fusion:

Button Press Experiment

The second major FHF experiment I performed sought to determine whether the results of the
simulation experiment in Chapter 5 can be observed in RSVP Keyboard typing done by human
subjects in the real world. In essence, the question is whether the expected improved performance
of Full History Fusion can be observed empirically in actual users.

This experiment was a smaller-scale typing study with human subjects. For ease of data
collection, a button press was used as a proxy for an EEG signal. This alternate input was made
possible by the relative flexibility of the RSVP Keyboard paradigm; any measurement that can be
interpreted as a probability distribution over the symbols in the RSVP sequence can be used as
input. In this case, the exact button press timings were converted into a probability distribution

using a specialized decoder, built in combination with established models of human reaction time.

6.1 Materials and Methods

There are three major differences between this experiment and the simulation experiment presented
in Chapter 5. First, there is no simulation involved in the experiment!, only actual human subjects.
This means that the sample sizes are necessarily much lower, particularly with regard to the amount
of text involved in the copy task. Second, EEG is not used for the user typing intent signal. This
was deemed impractical given the number of subjects needed and the length of time required to
type the copy text. Instead, the signal from a single button is used to express user intent. Users
are instructed to simply press the space bar on a laptop when their target letter appears in the

RSVP sequence stream. This button press is then converted into a probability distribution by a

1This is not entirely true, as simulation was used to optimize certain parameters before beginning the experiment
proper (see Section 6.1.1).
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Difficulty Level Group Context Target Word
1 I DO. | NOT
WHAT_DO_ | YOU
9 HEALTH_ | CARE
SUPER_ | BOWL
3 MAGIC. | WAND
BEFORE_THE_ | RUSH
4 THE_COMPOSER._ | SITS

SKYLARKS_ | BOOING

Table 6.1: Copy task words for button press experiment, with context.

button press decoder model. Finally, the use of human subjects allowed for the collection of other
evaluation metrics, in particular a questionnaire asking the participants to judge their subjective

physical and mental state at various points during the completion of the typing task.

6.1.1 Task Data Setup

Like the simulated EEG experiment, the button-press experiment was a copy task, and was struc-
tured as a direct comparison between standard RSVP Keyboard and RSVP Keyboard with Full
History Fusion.

The copy task consisted of four groups of two words. Each word group was typed twice
by each user, once using standard RSVP Keyboard and once using FHF. This meant that each
user typed a total of sixteen words. The words were structured in two ways. First, the word
groups themselves corresponded to varying difficulty levels, ranging from easy to difficult. This
difficulty was determined by querying the language model at each character position in a given
word, and determining how well the model predicts the next character in each context. Higher
difficulty words contain letters poorly predicted by the language model, and easier words have
letters assigned very high prior probability mass by the LM. The exact words themselves were
taken from the word groups I developed for Oken et al. [2014], in which BCI users were asked to
complete a series of mastery tasks, copy tasks of increasing difficulty based on the LM predictive
power of the constituent words. The words are shown in Table 6.1. The algorithm chosen and and
the difficulty levels were the primary independent variables in the experiment.

The second way the words were structured was in their ordering. I used a Latin square design
to ensure balance and to help mitigate any learning effects or other biases related to the order in
which the words were presented to the subject. An equal number of subjects saw each difficulty
level group at each of 4 possible positions in their ordering. The Latin square is shown in Table 6.2.

Each cell in the table is a word group. Each row in the table consists of eight word groups typed by
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F1|S1 || F2|S2 ||F4|S4 || F3 | S3
F2 | S2 || F3 |S3 || F1|S1 || F4 | S4
F3|S3 ||F4|S4 || F2|S2 | F1|S1
F4|S4 || F1|S1 || F3 | S3 || F2 | S2
S1 | F1 || S2 |F2| S4 | F4| S3 | F3
S2 | F2 || S3 | F3 || S1 | F1 | S4 | F4
S3 | F3 || S4 | F4 | S2 | F2 | S1 | F1
S4 | F4 || S1 | F1 || S3 | F3 | S2 | F2

Table 6.2: Latin square used for word ordering.

each subject. The numbers represent difficulty levels. S represents standard RSVP Keyboard, and
F represents Full History Fusion. Note that half of all subjects typed each word group with FHF
first, and half typed them with the standard method first. Further note that the difficulty levels
were kept together so that the subjects could more easily remember their subjective experience

when answering the questionnaire, e.g. F2 and S2 are always temporally adjacent for each subject.

6.1.2 Subjects and Protocol

Subjects were recruited using convenience sampling, based on the criteria that they be age 18
or over, literate in English, able to see words on a screen, and able to push a button. A power
analysis of the simulation experiment in Chapter 5 showed that, assuming relative comparability
of the experiments, 18 subjects were needed in order to significantly demonstrate the same FHF
improvements seen in that experiment. Ultimately 24 total subjects were recruited, in order to
complete three cycles through the Latin square. It is important to note that, because of certain
IRB limitations, no personally identifiable information was collected about the subjects. While this
protected their privacy, it prevented any evaluation or analysis that depends upon these values,
e.g. results by age or gender.

Each subject was given instructions on how the RSVP Keyboard paradigm works. They were
then asked to complete an initial calibration session, in which single target letters are provided
to the subject directly before each RSVP sequence. The purpose of this calibration session was
to estimate a set of parameters associated with that subject’s button press reaction time model
(See Section 6.2). This is comparable to the calibration mode used for BCI/EEG users of RSVP
Keyboard, in which user-specific parameters are estimated. Eighty characters were used for calibra-
tion, which took 10-15 minutes. Subjects were then given a practice word to type, in order to gain
familiarity with the full-word copy text interface. After typing this word, and being specifically
instructed on the importance of the backspace symbol, subjects began the experiment proper.

The main experiment consisted of a copy task, in which the subject was asked to use the space
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bar in the RSVP modality to type a set of target words. Along with each target word, an ”already
typed” section was provided, giving the subject context (which was also given to the language
model) and placing them in the middle of an imagined typing session rather than at its beginning.
A bar chart of current symbol probabilities was provided on the left side of the screen so that
subjects could see how the algorithm was proceeding (if desired). Subjects were told that this was
an exact copy task, and that they would not be able to proceed if any errors persisted in their
typed string.

After each word group (consisting of two target words), subjects were asked to give subjective
scores on how they did on that group only, based on the NASA Task Load Index (TLX) question-
naire developed for measuring human perception of workload. This subjective dependent variable
was not present in Chapter 5. I modified the questionnaire slightly, changing the Likert number
range and switching the polarity of one of the questions. Subjects used the number keys on the
keyboard to input their scores. Each subject completed the full questionnaire eight times. The

questions were as follows:
1. How mentally demanding was the task? (1 = very low, 7 = very high)
2. How physically demanding was the task? (1 = very low, 7 = very high)
3. How hurried or rushed was the pace of the task? (1 = very low, 7 = very high)

4. How successful were you in accomplishing what you were asked to do? (1 = failure, 7 =

perfect)

5. How hard did you have to work (mentally and physically) to accomplish your level of per-

formance? (1 = very low, 7 = very high)

6. How insecure, discouraged, irritated, stressed, and annoyed were you? (1 = very low, 7 =

very high)

After every letter typed during the experiment, in fact after every RSVP sequence, subjects were
given a ”press any key to proceed” message. This made the experiment partially asynchronous,
which allowed subjects to rest or take breaks at any time. The total experiment duration ranged
from 35 minutes to 60 minutes, including verbal instructions. In addition, all timing data of
button presses and sequence presentations, as well as the contents of the sequences and the various

metaparameters, were logged during the experiment for future analysis.
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6.2 Modeling Button Presses

In order to conduct a button press experiment within the RSVP Keyboard paradigm, it is nec-
essary to convert sequence presentation timing data—and button press timing information—into
a posterior distribution over characters in a typing alphabet. For example, suppose the letters A
through Z are included in the RSVP sequence, each letter persisting for 200 milliseconds. Suppose
that the user presses the space bar at 1478 milliseconds into the sequence presentation. How can
this information be used to construct a set of probabilities? I accomplish this by building a button

press model.

6.2.1 Reaction Time Model

At the core of this larger model is a constituent model of human reaction time. Fortunately, human
reaction time has been studied extensively [Rohrer and Wixted, 1994, Palmer et al., 2011]. It turns
out that reaction time can be modeled using an exponentially modified Gaussian distribution,
sometimes called the exGaussian distribution. The exGaussian distribution is the sum of two
distributions, one normal and one exponential (in this case, exponentially decaying). Neurologists
hypothesize that the normal distribution corresponds to an initial perception of a stimulus, and the
exponential distribution corresponds to a longer, cognitive process in which the brain determines
whether that stimulus is in fact a target to be reacted to. The exGaussian distribution is defined
[Grushka, 1972] as

w+Ao? —x
V20

A
exg(a; 1,0, \) = 56%(2#ﬂ0272m)(1 — erf(

) (6.1)

where erf is the error function

erf(z) = % /Ow e dt. (6.2)

The parameter p is the mean of the Gaussian component, o is the variance of the Gaussian
component, and A is the decay rate of the exponential component. In my model, T used the
slightly alternate formulation 7 = %, where 7 is the exponent relaxation time.

The exGaussian is a probability density function of z, where z is the amount of time that has
elapsed since the onset of a stimulus. Figure 6.1 shows a typical exGaussian distribution of human
reaction time. Note the positive skew, indicative of the exponential component of the distribution.

My reaction time model included two additional parameters, both having to do with human
error in the RSVP paradigm. The first is the probability that the subject will notice the target
symbol in the RSVP sequence. Due to the relatively high presentation rate typical of this exper-

iment, it is quite common for subjects to not notice the target. I call this the notice parameter,
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Figure 6.1: A typical exGaussian distribution (u = 0.4, 0 = 0.03, 7 = 0.2)

denoted as p,,. The second is the probability that the subject will accidentally execute a spurious
input (in this case a tap), not related to any stimulus. This is also frequently attributed in practice,
both in button press and EEG modalities. I call this the spurious tap parameter, denoted as p;.
The input to the button press model has two parts. First is a set R consisting of k presented
symbols, each with a corresponding presentation time t,. Second is the time ¢, of any button press
that occurred during sequence presentation (or, importantly, if no button press occurred). The
purpose of the button press model is to take these inputs and output a probability distribution
over every symbol in the typing alphabet (which usually includes backspace). For each presented
symbol s, we know its presentation time ts. If there has been a button press observed, we can
compute the elapsed time between the targe symbol onset and the button press and use this as an

input to the exGaussian probability density function.

6.2.2 Parameter Estimation

There are five parameters in the button press model: p, o, 7, p, and ps;. In order to customize
the button press experiment for each subject, we estimate these parameters for each person indi-
vidually. This is accomplished using the calibration session, where the subject is asked to respond
to 80 single-letter typing stimuli. In order to get better estimates of p, and ps, we deliberately

exclude the target symbol in 40% of all presented sequences.
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The parameters p,, and p, are estimated first. The noise tap probability parameter p; is esti-
mated using the following equation, looking at sequences in calibration where the target character

was not actually present:

__ # of taps observed with no target present + 1

s =

6.3
# of sequences with no target present + 2 (6:3)

We use Laplace smoothing to improve the estimate. This was useful because some users are
relatively good at avoiding noise taps, even avoiding them altogether during calibration. In such
a situation, Laplace smoothing prevents ps from being set to zero.

The notice probability parameter p, is estimated similarly, looking instead at sequences where

the target was present:

7 of taps observed with target present + 1
" # of sequences with target present + 2

Ds (6.4)

We similarly use Laplace smoothing here, but also discount the probability using ps. This is
because we are making an independence assumption between p,, and ps, which implies that noise
taps will occur with equal probability irrespective of whether the target character is present in that
sequence. Therefore we must assume that some of the taps observed in sequences with targets are
noise, and discount the estimate of p,, accordingly.

Let B be the set of 80 observations made during the calibration session. Each element of B is a
single observation consisting of three pieces of information: First, it records the presence/absence
of the target symbol in that particular sequence. Second, the timing of any user tap that occurred
is known. Third, the timing and identity of each symbol presented in that sequence is recorded.

In order to compute a Maximum Likelihood estimation of the system parameters, we need
a formula for the likelihood of this set of observations. We first compute the likelihood of each
observation individually. For each observation b in B there are four possibilities, depending on

whether the target and a tap are present or absent in that observation. Given a target symbol c,

we define the likelihood L(b, c) as

Ds if target is absent and tap is present
1—ps if target is absent and tap is absent

P+ pnexg(xe; p, 0, A) if target is present and tap is present

(1—ps)(1 —pp) if target is present and tap is absent

where exg() is the exGaussian function, d is the duration of a single sequence presentation, and

Te = ttap — tc (66)
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is the latency between the display onset time of the target character ¢ and the observed tap. The

four parts of this likelihood equation can be explained as follows:
Target absent, tap present: Here we simply use the noise probability ps.
Target absent, tap absent: This occurs when no noise is present, 1 — p.

Target present, tap present: This is a combination of the likelihood of noise and the
target being noticed and reacted to. Note that p; is scaled by the sequence length d so that,
like exg(), it is a true probability density function.

Target present, tap absent: This occurs when the user both fails to notice the target and

does not commit a noise tap, so we use the product of their complements.

Now that we can compute the likelihood of each observation given the target symbol associated
with that observation, we can compute the total likelihood T of the calibration session as follows

(note that during calibration, the target symbol c is always known):

T =Y L(bc) (6.7)

beB

We can now compute the remaining button press model parameters (u, o, A) using Maximum
Likelihood Estimation (MLE) on the value T'. T did this using the Nelder-Mead [Nelder and Mead,
1965] option within the minimize () function in SciPy. The use of 80 calibration observations was
arrived at using simulations on a development set. Simulations using fewer than 80 calibration
points resulted in occasional bad models that did not work for RSVP decoding. I also experimented
with using MLE to estimate the parameters p,, and ps as well (without manually estimating them
first) but this proved difficult. None of the optimization algorithms worked well with five total
parameters, and the ones that did converge did not allow for constraints on the parameters (for

instance, keeping p,, and p; between 0 and 1).

6.2.3 From Taps to Probabilities

After the MLE step, we now have a customized button press model for each user at the end of
the calibration phase of the experiment. After each sequence displayed to the user, we can now
use this model to generate a dynamic probability distribution over symbols, for use as input into
the RSVP Keyboard algorithm. The difference now is that, during the main typing portion of
the experiment, the button press model no longer “knows” the target symbol. We therefore must

generate a likelihood value for each symbol in the alphabet, and use these values to compute a
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posterior probability for each symbol (including backspace). After each sequence presentation and

a corresponding observation b, we compute the probability P(é|b) of a given symbol ¢ as follows:
. L(b, ¢
e = 5 (0%
Here, V is the alphabet of all symbols available to be typed (including backspace) and L is the
likelihood function from Equation 6.5.

This equation can produce a wide range of probability distributions depending on when a tap
is observed. Figure 6.2 shows how the probability of different symbols as button press timings
change. In this example, there is an alphabet of 9 symbols and five of them (corresponding to the
bottom five colors in the figure) are displayed at 0.1 second intervals, starting at time zero. Four
symbols (corresponding to the top five colors) are not displayed in the RSVP sequence. A vertical
slice through this chart at time ¢ gives the relative probability of each symbol being the target
symbol provided that a button press was observed at that time. The parameters used for this
figure are the same as those of Figure 6.1, with the addition of a p,, setting of 0.6 and a p, setting
of 0.2. There are several things of interest here. First, note that on the left side of the chart,
all symbols are equally probable. This is because no human can react this quickly to stimulus.
Therefore the model spreads the probability equally over all symbols. Note also that, when a
button press is observed in the middle of the sequence, very little probability is allocated to the
non-displayed symbols (the four top stripes). Finally, note the dominance of the final displayed
letter (aqua stripe) when a tap is observed late in the sequence. This is because, unlike the first
four symbols, it does not have any competition from letters appearing after it.

If no tap is observed for a given sequence, the probability distribution over symbols is still
computed, but they are constant and do not depend on timing. For example, consider the 9-
symbol alphabet and the parameter settings used in Figure 6.2. If no tap is observed, application
of Equation 6.8 will give each of the five displayed symbols a probability of 0.067 and each of the
four absent symbols a probability 0.167. This makes intuitive sense; if no tap is observed it should
boost the probability of symbols not in the sequence and dampen the probability of displayed

symbols.

6.2.4 Input Noise

One reason for the selection of button press in this experiment was that, since the reaction times
are probabilistic, they are fundamentally uncertain. I considered this to be a good thing, because
it meant that the algorithms would have to use a combination of language model and the button-

press evidence in order to execute efficient typing. This is comparable to the EEG/BCI modality,
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Figure 6.2: A button press probability estimate over time. Each colored stripe represents a symbol.
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where scalp-measured brain signals can be very weak and difficult to classify. I hypothesized that,
given a fast enough RSVP presentation time, the exGaussian PDF (in conjunction with the notice
and noise tap parameters) would result in a good amount of uncertainty in the output of the button
press decoder, spreading probability mass over multiple symbols. Interestingly, I found this to be
somewhat inadequate. In simulated trials, I found that the backspace symbol was being selected
very infrequently, which suggested that the button press model was too good, causing very few
errors to be typed that would require backspace to repair. Even when I increased the (simulated)
stimulus presentation rate, showing each letter for fewer and fewer milliseconds (down to 50), this
effect persisted. This was a difficult situation, because the RSVP paradigm begins to break down
and become too fast for human perception at around 100-millisecond presentation times.

I solved this problem by introducing noise directly. At each sequence presentation, I calculated
the posterior character probabilities as usual. Then, with an error probability p., I randomly
switched the probability values of the highest-probability character and a random, different, char-
acter. This allowed for a more errorful typing session, which is more similar to the BCI scenario
and required the subjects to select the backspace key more often, which is central to this work.

Through simulations, I found that a good value for p, is 0.2.

6.3 Results

The results of the button press experiment parallel those of the simulated EEG experiment: FHF is
faster than the standard RSVP Keyboard algorithm, both in terms of sequences per character and
total typing time. In addition, the questionnaire scores provided by subjects also demonstrate that
there is no significant difference in perceived mental or physical effort present for FHF compared

to the standard method.

6.3.1 Sequences per Character

Recall from Section 3.1.3 that sequences per character measures how many total RSVP sequences
are required, on average, to type each character in the test set. It is a primary dependent variable
in this experiment. Figure 6.3 shows the sequences per character results of the button press
experiment across all 24 subjects. Under the standard method, subjects required an average of
2.84 sequences to type each character, compared to 2.32 sequences using FHF. Of the 24 subjects,
20 typed the test set with fewer sequences when FHF was used for symbol probability calculation.
On average, 0.52 fewer sequences were required, per subject, under FHF. This is an improvement of

18.3%. Using a one-tailed Wilcoxon signed rank test on this difference yields a p value of 0.00248,
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Figure 6.3: Seq/char results for all human test subjects.

a significant result.

Another nice result is that user performance on various mastery levels actually reflects those
levels. The hypothesis underlying the mastery levels as developed in Oken et al. [2014] was that
words that are “harder” for the LM to predict will be more difficult to type. This can be seen very

clearly now empirically, as shown in Table 6.3.

Mastery Level | Standard | FHF
1 1.51 0.56
2 1.97 1.65
3 3.28 2.94
4 3.99 3.43

Table 6.3: Sequences per character, averaged across all users, for various mastery levels.
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6.3.2 Typing Time

Overall typing time correlates well with sequences per character, and this is reflected in the results
of this experiment. Under the standard method, subjects required an average of 13.33 minutes
to type the words in the test set, compared to 11.57 minutes using FHF. Of the 24 subjects, 18
typed the test set faster when FHF was used for symbol probability calculation. On average,
1.56 fewer minutes were required, per subject, under FHF. This is an improvement of 13.2%.
Interestingly, this result is slightly less strong than the sequences per character result: Using a
one-tailed Wilcoxon signed rank test yields a p value of 0.0174.

It turns out that the reason for this slightly different result is that people spent slightly longer in
the pauses between sequences when FHF was being used. I measured typing time by combining the
total time of all displayed RSVP sequences and the total time spent between sequences. Because
the experiment design asked the user after each sequence to press any button to proceed, it was
possible for two users to have a different total typing time, even if they observed the same number
of sequences. During this gap time, the user sees what letter has been typed (or not typed) by
the system and observes any autotypes that have occurred. It is reasonable to assume that FHF,
which exhibits a more complex set of behaviors than the standard method, might require a bit
more time on the part of the user to ensure they know what is happening. This is observed very
clearly in the data. When typing words under the standard method, users spent 6.21 seconds
between each sequence, and with FHF they spent 6.75 seconds?. This difference of 0.54 seconds
is significant under a one-tailed Wilcoxon signed rank test, with a p value of 0.00014. Only 4 of
the 20 users spent more “between” time on the standard method than FHF. In short, users spent
a little more time thinking under the FHF method, but the savings in terms of total sequences

overpowered any risk that this might cause an overall decrease in typing speed.

6.3.3 Subjective Scores

Interestingly, none of the six subjective TLX scores in the user questionnaire showed any significant
difference between those reported on the standard algorithm and those reported on FHF. Table 6.4
shows averaged TLX scores for standard vs. FHF, each of which failed to reject the null hypothesis
with p < 0.05 in a two-tailed Wilcoxon signed rank test. Another interesting effect was that the
subjective scores do not seem to correlate with objective metrics of typing speed. For instance, if

we take the average of TLX scores across the six questions, we can use this value as a rough proxy

21 rounded long between-sequence times down to 20 seconds to remove the effect of users who took breaks during
the test, which they were encouraged to do (and some did).
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TLX Question | Full Text Standard | FHF
How mentally demanding was the task?
Ql (1 = very low, 7 = very high) 3.51 3.34
How physically demanding was the task?
Q2 (1 = very low, 7 = very high) 1.66 1.7
i ?
Q2 How hurried or rushed was the pace of the task? 346 338

(1 = very low, 7 = very high)

How successful were you in accomplishing what you
Q4 were asked to do? 5.15 5.23
(1 = failure, 7 = perfect)

How hard did you have to work (mentally and physically)
Q5 to accomplish your level of performance? 3.72 3.47
(1 = very low, 7 = very high)

How insecure, discouraged, irritated, stressed, and
Q6 annoyed were you? 3.16 2.93
(1 = very low, 7 = very high)

Table 6.4: Average TLX scores across users by question.

for user “demand.” This value does not, however, strongly correlate with the observed sequences
per character values. For the standard algorithm the correlation coefficient is equal to 0.01; for
FHF it is 0.24. In other words, people who were able to type faster did not report any less physical
or mental exertion, or vice-versa.

There are various possible explanations for this absence of correlation. The TLX scores might
not actually reflect mental and physical demands. Alternatively, those demands might not have
any relationship to objective performance measures; there may be other variables driving the
subjective experience of exertion. It is also possible that, although word pairs in the same mastery
group were typed sequentially to allow subjects to better remember and compare them, the time
between groups was just too long. Similarly, the experimental design itself, in which absolute
scores but not relative scores were collected, might have made it more difficult for the subjects to
report comparative differences. Nevertheless, it is probably meaningful that users did not report

significant differences in performance between the two algorithms.

6.3.4 Analysis of exGaussian Curves

If we look at the exGaussian curve estimated via MLE for each of the 24 experimental subjects,
shown in Figure 6.4, an unusual pattern emerges. Seven of the subjects had a much flatter curve,
with a long tail. This appears to be a somewhat discrete phenomenon, as all subjects seem to fall
in one of two general curve types with no intermediate forms. Closer inspection reveals that these
seven forms all have a large estimated value for 7, the exponential component of the exGaussian

curve. These subjects all have a 7 value above 0.6, whereas the remaining subjects all have a value
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Figure 6.4: The estimated exGaussian curve for all 24 subjects.
below 0.15.

Interestingly, this phenomenon appears to be unrelated to other aspects of that subject’s tap
profile. For example, the seven users in the long-tail group do not exhibit significantly different
values of the noise tap probability or the notice probability. Nor did visual inspection of the
individual tap points and latencies reveal any noticeable patterns that would differentiate the two
groups. Given the absence of a single causative factor causing this discrepancy, it is a reasonable
hypothesis that this is an artefact of the Nelder-Mead optimization algorithm used in the MLE
calculation, which may have gotten stuck in a local maximum for those seven subjects.

Most interesting of all is that these seven subjects all show a much more striking relative
difference (3.7 times larger) between standard RSVP Keyboard performance and FHF performance.
Subjects in the long-tail struggled under the standard RSVP keyboard protocol. This is actually
a strong argument for the use of FHF, as it suggests that FHF is more robust to defective or

misconfigured models, which is certainly not unlikely in this domain.
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6.4 Discussion

These results, as in the simulated EEG experiment in Chapter 5, show that Full History Fusion is a
superior method to the standard RSVP Keyboard for achieving faster typing speeds. Further, even
if the autotyping/autodeleting/autorevision behavior of FHF creates a difficult cognitive overhead
for its users (though the subjective scores from the button press experiment appear to suggest that
this is not the case), it is possible to tune the algorithm to type fewer backspaces with a relatively
small impact on overall typing speed. As such, Full History Fusion is a robust and experimentally
validated method for typing within in the RSVP Keyboard text entry paradigm, and an important

advancement of the state of the art for incremental typing within this AAC modality.



Chapter 7

Backspace as a Sequence Modeling
Problem

One purpose of this thesis is to demonstrate the importance of the backspace key a a powerful tool
for maintaining incrementality in a text entry setting. Backspace allows text revision/correction
to be cast as a form of user input, as opposed to a non-incremental change to the output stream.
As described in Chapter 4, one of the benefits of the Full History Fusion algorithm is that it allows
for the dynamic calculation of the backspace action within the RSVP Keyboard protocol. User
evidence of backspace intent is combined with other evidence in a principled way to compute the
probability of backspace at any given position in a typing session. The experiments in Chapters 5
and 6 show that this algorithm is superior to heuristic methods such as a fixed backspace probability
and a slightly-more-clever 1 — p backspace probability technique. In this chapter I will present an
entirely different method of computing the probability of backspace, where backspace is introduced

into the training data so that the language model itself can learn it and attempt to predict it.

7.1 Introduction

The backspace key has long been a primary error correction tool for typed text. While its original
use was simply to move the typewriter carriage one character to the left!, an additional error
correction functionality has been available since at least 19732. Computer keyboards and word
processing software have followed suit, and the backspace? key is now ubiquitous on virtual and

physical keyboards across languages.

1In this chapter I will refer to the left as the direction opposite the direction of typing, though this is obviously
not true for some languages.

2The IBM Correcting Selectric II typewriter allowed the user to press a special key to go back and overtype
errors with white ink (or use a special adhesive ribbon to “lift off” the existing letter).

3Designated, somewhat confusingly, as delete on Apple keyboards.

63
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Error correction is present in many text entry applications. However, these tools typically
operate on the word level: A word is completely typed (indicated by a subsequent space or punc-
tuation mark), and based on an underlying error correction or spelling model the word may be
automatically transformed into a corrected form or notated as a possible typo. Such systems do
not consider backspace as a modality for system-directed error correction. This can pose a problem
for character-based text entry, as is often used in Augmentative and Alternative Communication
(AAC), because such systems are typically low bandwidth. Waiting until the end of a word to
execute error correction is often impractical.

In this chapter, I explicitly consider the problem of predicting backspace for text entry. I
approach this as a sequence modeling task, considering the backspace symbol as just another
symbol that can be entered, and using previously typed symbols as model input. In order to
obtain training data, I develop an errorful typist model to transform an existing text corpus into
one that contains character-level typing errors and the backspace entries required to repair them.

I then apply various character-based language models to modified text corpora that have been
generated under a range of error parameters. My results show that an LSTM-based model outper-
forms a traditional ngram-based language model in this task, and further that this neural model
is capable of generalizing certain semantics of the backspace key itself.

It is useful to ask why such a model would be worth investigating when the Full History Fusion
technique performs relatively well. There are a few reasons for this. First, FHF requires a very
specific set of inputs, and is potentially difficult to adapt to other domains or modalities. Second,
neural models like LSTM are versatile in that they can easily be incorporated into other systems
or composed with other models. Third, FHF makes certain hard assumptions about the user it
is modeling, most notably that that user will always seek to repair errors and not proceed until
the output is perfect. It may be the case that a neural model is more robust to loosening these

assumptions (though this final question is largely left as future work in the context of this thesis).

7.2 Model Setup

Because standard text corpora do not include backspace, they cannot be used directly to train
a model that is aware of backspace. Another way of putting it: There is no backspace in the
Wall Street Journal (despite the authors of that text surely having used backspace in the creation
of its articles). My proposal to solve this problem is to augment a given corpus with simulated
backspaces, as outlined in Section 7.3. The result is a training corpus that contains an alphabet of

both ordinary printable characters and a special backspace symbol. This modified corpus is then
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used as input for the language models.

Note that this approach is different from full history fusion, where the language model has no
concept of backspace, and the probability of backspace is computed by carefully using past user
input evidence to calculate the sum of all possible strings that do not match the current one (see
Equation 4.6). In this new approach, user input is not required to estimate the probability of

backspace; the model learns it during training.

7.2.1 Baseline Models

I used two baseline language models. The first was a very simple baseline based on the heuristic
method used in the RSVP Keyboard system. In this model, backspace is given a fixed probability
pp and the remaining symbols are assigned probabilities from an LM not trained on backspace.
These non-backspace probabilities are scaled to sum to 1 — p,. Note that, while this baseline
contains a fixed backspace probability like the RSVP Keyboard, it is distinct from it. Unlike the
RSVP Keyboard standard method, there is not necessarily any user input collected during the
testing of this baseline.

For my second baseline, I trained standard ngram language models on error-augmented corpora
(see Section 7.3), which are created by simulating a typist who makes errors and corrects them
while typing an existing non-errorful corpus. These augmented corpora contain the special symbol
* corresponding to the backspace key, though the training algorithm is functionally unaware that
this key carries special meaning. Following Carpenter [2005b], we regularize these character-based

models using Witten-Bell smoothing [Witten and Bell, 1991].

7.2.2 Neural Models

The primary model used a Long Short-Term Memory (LSTM) architecture [Hochreiter and Schmid-
huber, 1997] (see Section 3.1.2 for background). Given the small vocabulary size of a character-
based model, no embedding layer was needed. I simply used a one-hot encoding of each successive
symbol in the training corpus as model input. I used a two-layer stacked LSTM. Regularization
was achieved using a combination of early stopping, gradient clipping, and a dropout layer between
the two LSTM layers.

I also explored some variants to the LSTM model. The first has to do with the literal string,
which is the series of characters that are present on the “screen” at a given point in a typing

session. For instance, if the symbols

malx*xx*xorninv]jzx***
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have been entered (* is the backspace key), the literal string is the following:
mormnin

In particular, the rightmost symbol in the literal string is important, because it can be informative
in error contexts. In the above example, three characters have just been deleted with the backspace
key. The letter n is the rightmost character in the literal string (though it several characters from
the end of the symbol string). It is reasonable that the letter n should have some bearing on the
probability of the letter g coming next, for instance. In this LSTM variant, we one-hot encode
the rightmost literal character and concatenate it with the input vector during training, effectively
doubling the size of the input vector.

A second variant I explored is based on the attention mechanism developed by Bahdanau et al.
[2015] and elsewhere. The basic idea of attention is to learn a set of weights that amplify the
importance of certain past hidden states in order to cause the model to “attend” to those states
during training. While attention is typically used in sequence-to-sequence modeling, it can also be
used in language modeling. I used the LM attention scheme described by Salton et al. [2017]. In
this method, a set of attention weights is obtained after each training step, and these weights are
used to compute a weighted sum of hidden states from earlier in training. This combined vector
is then concatenated with the most recent hidden state and the concatenated vector is passed
through a softmax layer to generate the model output.

The details of the attention mechanism are as follows. As the LSTM model progresses through
a sequence of input characters (represented by one-hot input vectors x;. ), it generates a series of
state vectors s;._,*. At time step %, we first compute s; based on the standard LSTM calculation.
We then generate a context vector c;, which is a linear combination of past state vectors, each

having a scalar weight a;:
i—1
c; = Zajsj (7.1)
j=1
This is where the concept of attention comes in; we wish to learn a way to generate these scalar
weights so that past hidden states of importance to the current model decision are given higher
weights. They are calculated as follows, using a softmax to ensure a sum of 1:

exp(score(s;))

T 22;11 exp(score(sy))

(7.2)

4Note that, since this is an LSTM, the state vector consists of two parts, the hidden state and the cell state, but
for the purposes of this attention algorithm they are concatenated into one vector.
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The score function is at the heart of the attention mechanism, as it determines the relative impor-

tance of the state vector. It is calculated using the dot product
score(s;) = v, © tanh(W,s;), (7.3)

where W,. is a parameter matrix and v, is a vector, both with values learned during training.
Once the context vector c; is calculated, it is concatenated with the most recent state vector s;

(which, notably, had been absent from the attention calculation so far) and multiplied by another

weight matrix and adjusted by a bias vector. After passing through an activation function, this

creates a new attention-aware state vector sj:
s; = tanh(W_[s;; ¢;] + be) (7.4)

Finally, the output vector y; can be calculated as in the typical RNN formulation, using the

standard weight matrix and bias vector:
yi=Ws,+b (7.5)

All in all, the attention mechanism requires learning the following additional parameters: W, v,.,
W,, and b.. It therefore takes longer to train and has a greater risk of overtraining.

Another variant I tried was including a embedding layer between the one-hot input vector and
the LSTM, but the input vectors were so small (fewer than 30 entries) that I did not observe any

improvements in performance.

7.2.3 Errors in Training and Test

One extremely important fact about “errorful” corpora is that not all symbols in them are useful
in the context of sequence modeling. In particular, some of the symbols in an errorful corpus are
the result of extremely noisy, often random processes (see Section 7.3 for details). As a result, it is
not logical to train a model that is capable of predicting these error symbols, nor is it reasonable
to judge a model based on its ability to predict such symbols. This led me to modify the training
and testing protocols.

In LSTM model training, each training step has an input vector x; (corresponding to the symbol
at position i) and an output target y;. Since we are modeling language, y; is typically equal to
X;+i, i.e. the next symbol. However, in the case of an errorful corpus, we modify the target y; as

follows:

correct_next(x;) if x;41 is an error
yi = (7.6)
Xit1 otherwise,
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where correct_next(x;) is defined as the correct next symbol after x;, i.e. the symbol that would
have followed x; had an error not occurred. This allows us to remove unwanted noise from the
training of our LSTM, and prevent the model from allocating probability mass to events that only
occur in error (and are therefore both useless to predict and essentially impossible to predict).

Interestingly, this training modification scheme is not easily applicable to the standard ngram
baseline model. This is because ngram model training methods are based on counts of ngrams and
their prefixes. For example, suppose we encounter the ngram thq* during training, and we know
the letter q is an error and should have been an e. A typical ngram training algorithm counts how
often thg* occurred in training compared to the number of times its prefix thq occurred in training.
However, suppose we performed a modification similar to that used in the LSTM model. In such
a scenario we would have transformed thq to the when that trigram was being counted, but the
tetragram thg* would be unmodified during counting since its rightmost symbol—backspace—is
correct. This could cause the existence of an ngram that occurs more often than its prefix. In
practice, this situation seriously violates the underlying assumptions of an ngram language model,
and causes most smoothing algorithms to fail outright®.

One possible way to train a standard ngram model under this modified counting scenario would
be to count prefix ngrams differently depending on what part of the model calculation one is doing.
For example, when calculating the conditional probability P(*|thq) one could use the unmodified
count of the number of times the trigram thq appeared, but when calculating the probability
P(q|th) the counts of that trigram would be decreased. However, this would require maintaining
two separate counts of each ngram, and a special model architecture within a transducer-based
model framework. As this was a baseline and not the focus of this work, I did not pursue this line
of inquiry.

Fortunately, errors in the test set are significantly easier to handle. They are simply not
included in the evaluation calculation, i.e. any predictions of a symbol that is known to have been
generated by an error process are skipped over. Doing so is very simple, provided one keeps a
record of the position of every errorful symbol in the test corpus. This is possible for ngram and

LSTM models without complication.

7.2.4 Data Augmentation

One interesting fact when generating errorful training corpora as in Section 7.3 is that the errors

are generated by a random process. This means that corpora generated with different random

5Notably, Kneser-Ney smoothing [Ney et al., 1994] does not fail, but it creates a model so deeply flawed as to
be useless.
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seeds will have errors that occur in different locations in the training set and consist of different
characters. We can therefore create multiple errorful versions of a given corpus, each based on the
same original data set but manifesting slightly differently. For instance, here are three versions of

the same sentence, generating errors with different random seeds:
call _mg+*xe_1ishmael

wex*xcall_x*me_ox*x1ishmael
cav*px1ll _me_itx*xshmaegx*l1

I found that it is possible to leverage this fact to get improved performance. In the case of
LSTM, each training epoch uses a version of the training corpus that has been generated using
a different random seed. For the ngram baseline, we aggregate our counts over several different
versions of the training corpus. This is akin to the data augmentation technique described in
Simard et al. [2003], used in that paper for image processing but applicable for text as well.
Figure 7.1 illustrates this effect on an LSTM model. Using the same errorful corpus for each
training epoch results in a model that peaks at a lower performance level than the model trained
on a slightly different corpus each epoch. This is a nice side effect, as it allows us to learn more
about backspace without having to collect more training data. It also fits well into the LSTM

training regime, since multiple epochs are typically required for training anyway.

7.3 Simulated Data Generation

The basic model for generating the augmented text corpora was an Errorful Typist Model (ETM).
Under ETM, we simulate a person at a keyboard who is attempting to “type” a given text corpus.
Importantly, the simulated errors made in this model are single-character stochastic errors. We are
deliberately not considering other error types, such as misspellings based on incorrect knowledge
or accidentally typing the wrong word before reconsidering and deleting it. We also exclude other
reasons the backspace symbol might be pressed, such as deleting an entire sentence when one

wishes to word it differently.

7.3.1 Model States

The ETM algorithm can be thought of in terms of states. In it, there are two possible model states,
consistent state and inconsistent state. If there are any errors in the typed text, by definition the

model is in the inconsistent state. Similarly if there are no errors, the model is in the consistent
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Figure 7.1: Validation performance for model with fixed corpus versus model with newly-generated
corpus each epoch

state. There are two courses of action from the consistent state: Committing an error and typing
a correct character. There are two courses of action from the inconsistent state: Typing another
error and typing the backspace key.

Typing proceeds in timesteps. At each timestep the model decides what to do next based on
the current state and various probabilistic parameters. If the model is in the consistent state,
it commits a new error with error probability p. and types the correct letter with probability
1 — pe. A new error takes the form of a single incorrect character being typed. If the model is in
the inconsistent state, it “notices” that state with notice probability p,. When this happens the
backspace key is pressed and the rightmost typed symbol is removed. If the inconsistent state is
not noticed, a new error character is typed.

Under this formulation of ETM the backspace key cannot be typed in error. We can remove
this restriction by adding a backspace error probability parameter p,. Under this paradigm, when
the model is in the consistent state and decides with probability p. to make an error, that error
will be an (unnecessary) backspace with probability p,. Note that backspace is never an error
when the model is in the inconsistent state, so this only happens in the consistent state.

If p. < 0.5 and p,, > 0.5, ETM will eventually generate a new errorful corpus corresponding to

a simulated typist copying the source corpus and ultimately repairing all typing errors.
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7.3.2 Error Modes

There are two error modes possible in ETM. The first is uniform, which means that error characters
are sampled uniformly from the alphabet Az, which corresponds to every symbol in the model
vocabulary except the correct symbol and backspace. The second error mode is ngram. In the
ngram error mode, error characters are sampled from the same alphabet but are biased via a small
ngram language model® conditioned on the rightmost characters in the literal string. This error

mode can be considered more difficult to model, as the errors tend to be more “plausible””.

7.4 Experiments and Results

7.4.1 Corpora and Model Details

The primary text corpus was the Wikitext-2 corpus introduced by Merity et al. [2016], consisting of
2M words of training data and validation/test sets each about 200K words in length. I normalized
the corpus to only include the letters a-z, the space character, and special start and end symbols
(the latter two bookending paragraphs in the corpus). This gave us a vocabulary size of 29 (not
including backspace, which was added later).

For the ETM corpus generation, I experimented with a variety of parameter combinations. I
set the base error probability in the 5-15% range, which corresponds to error rates observed in
user typing studies [Dhakal et al., 2018]. As a rule I also set p, to be equal to 1 — p.. This made
some sense and resulted in reasonable error behavior. In experiments where errorful backspaces
were possible we set p, to be equal to pe.

All LSTM models were trained for 20 epochs with a differently-seeded version of the training
corpus for each epoch. For ngram models, 3 different versions of the training corpus were created
and the model processing was performed on the concatenation of these versions. The reason I did
not use 20 augmented copies of the training corpus for ngram models was that it created extremely
large models that were impractical to compute. Including errors in text via the ETM algorithm
greatly increases the number of ngrams observed in that text, because errors and their corrective
backspaces can occur anywhere within a given ngram. I also observed that ngram models did not
appear to improve much in performance after 2-3 augmented copies were concatenated.

Based on parameter optimization experiments on the validation set, the LSTM parameters

6Specifically, a 6-gram character-based model trained on the Wall Street Journal.
"Notably, the ngram error mode mirrors errors encountered frequently in the RSVP Keyboard protocol, since all
typing actions in that system are informed by an LM prior.
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LSTM ngram baseline
Pe pn | overall | bksp | non-bksp | after-bksp | overall | bksp | non-bksp | after-bksp
0.05 | 0.95 1.82 1.40 1.84 1.96 2.05 2.08 2.05 2.85
0.10 | 0.90 1.79 1.00 1.88 1.86 2.23 1.74 2.29 2.96
0.15 | 0.85 1.72 0.77 1.92 1.75 2.39 1.60 2.56 3.06

Table 7.1: Bits-per-character performance of models in uniform error mode.

were set as follows for all experiments: 1024 hidden states®, 2 hidden layers, a sequence length of
100, a batch size of 70, and a dropout probability 0.5. Gradient clipping was performed when the

combined norm of the gradients exceeded 5.

7.4.2 Evaluation

The primary evaluation metric used was bits per character (see Equation 3.8), corresponding to the
cross entropy. As discussed in Section 7.2.3, I did not consider characters typed in error (including
backspaces typed in error) in the evaluation calculation. I also calculated model performance
on various subsets of the test corpus, including performance in situations when the correct next
character is a backspace and performance when the most recently typed character was a backspace.

In order to specifically probe model performance with regard to the backspace key, I also created
an additional set of metrics based on whether the model-provided probability for certain letters in

specific contexts changed in expected ways (more on this in Section 7.5).

7.4.3 Primary Results and Analysis

LSTM vs ngram baseline

Bits-per-character results for corpora generated using the uniform error mode are shown in Ta-
ble 7.1. In the LSTM models, the y; value has been corrected in training as in Equation 7.6.
The “bksp” columns are bpc values calculated only for test indices where the correct target is a
backspace. Similarly, “non-bksp” is calculated over non-backspace target indices and “after-bksp”
is calculated over indices directly to the right of backspace symbols. For all calculations, symbols
typed by the ETM that are known to be errors are excluded.

There are several notable aspects to these results. The first and most prominent is that the
LSTM model consistently outperforms the ngram baseline across all evaluation conditions and
error rates. As I will discuss later, this is a good indication that the neural model is learning

something about the behavior of backspace that simply is not captured by the ngram model.

8In the LSTM paradigm this corresponds to a cell state and a memory state, each having a size of 1024.
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LSTM ngram
Pe pn | overall | bksp | non-bksp | after-bksp | overall | bksp | non-bksp | after-bksp
0.05 | 0.95 1.91 2.78 1.87 1.82 2.07 3.37 2.00 2.24
0.10 | 0.90 1.92 1.92 1.92 1.77 2.20 2.59 2.15 2.38
0.15 | 0.85 1.90 1.53 1.97 1.73 2.31 2.18 2.34 2.50

Table 7.2: Bits-per-character performance of models in ngram error mode.

This difference is especially striking for the after-backspace character positions, in which knowing
something about backspace (e.g. that a just-deleted character should now be less probable than it
was previously) is very important.

Another thing to notice is that the LSTM models paradoxically appear to do better as the error
rate p. increases, the model performance actually decreases. This is due to two factors: First, a
higher error rate means more backspaces, and in the uniform error mode these errors are often
odd letters that are easy for the model to “notice” as candidates for deletion. This can be seen
in the comparatively low bpc values at the backspace positions at the bottom row of the table.
Second, under the hypothesis that the LSTM model is learning about the semantics of backspace,
a higher error rate also means more after-backspace symbols, in which a “smarter” model will do
better because it now knows more about what the correct letter might be than it did before a
bad letter was deleted. It is notable that non-backspace symbols are still more difficult to predict
under higher error rates.

Bits-per-character results for corpora generated using the ngram error mode are shown in Ta-
ble 7.2. Recall that in this error mode, the errors are biased toward more “likely” characters using
a small language model during ETM generation. Model parameters and evaluation calculations
are the same as those in Table 7.1. Here we see somewhat comparable results to the uniform
error mode results, in that the LSTM model outperforms the ngram baseline consistently across
all dimensions.

There are some interesting differences in these results, however. The easiest to explain is that
the models generally perform worse under the ngram error mode than under the uniform error
mode. This makes sense, as the errors are biased toward real ngrams and are therefore more “devi-
ous” and harder to spot, making the prediction of the backspace symbol in particular more difficult
to do. This can be seen in the striking difference in bpc for the backspace symbol. Interestingly,
the ngram baseline didn’t do much worse in the ngram error mode, actually performing slightly
better under some conditions than it did in the uniform error mode. I hypothesize that this is
because ngram models like ngrams: Since this error mode is more likely to result in common error

patterns that appear repeatedly in the training corpus, an ngram model is going to encounter those
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» tralnp > test m overall | backspace | non-backspace | after-backspace
0.05 | 0.95 | 0.05 | 0.95 1.82 1.40 1.84 1.96
0.10 | 0.90 | 0.05 | 0.95 1.82 1.01 1.86 1.88
0.15 | 0.85 | 0.05 | 0.95 1.83 0.81 1.89 1.87
0.05 {095 | 0.1 | 0.9 1.83 1.43 1.88 2.01
0.10 { 0.90 | 0.1 | 0.9 1.79 1.00 1.88 1.86
0.15{ 0.85 | 0.1 | 0.9 1.78 0.80 1.90 1.81
0.05 | 0.95 | 0.15 | 0.85 1.86 1.48 1.94 2.08
0.10 | 0.90 | 0.95 | 0.85 1.75 0.99 1.91 1.84
0.15 | 0.85 | 0.15 | 0.85 1.72 0.77 1.92 1.75

Table 7.3: Bits-per-character performance of LSTM models in uniform error mode, train/test
different.

same patterns in the test corpus and will be able to predict them without learning anything clever.

Finally, it is notable that the overall bits per character did not improve as the error rate
increased. This appears to be because backspaces did not become easier to predict to the same
extent that they did in the uniform error mode results. As a result, the greater prominence of

errors did not ultimately make the overall prediction performance any better.

Error Rate Mismatch

It is important to note that the rows in Tables 7.1 and 7.2 are not directly comparable in certain
ways, as they represent different test sets generated under different error rates. To control for
this, I performed a series of experiments in which the training error rate changed but the test set
remained the same. The results are shown in Table 7.3 for the uniform error mode. Interestingly,
it appears that models tested on a set with a certain error rate, but trained on a set with a higher
error rate, perform relatively well. In particular, performance on backspaces and after-backspace
symbols is understandably better when the training data contains more errors, but at a very small
evident cost on non-backspace symbols. Further, training on an error rate that is too low can
actually give bad results. This suggests that in real-world situations, where the true error rate is
likely not known, it may be wise to err on the side of a higher error rate in training to avoid risking
serious performance degradation. Similar results can be seen for the ngram error mode, shown in
Table 7.4.

These error rate results echo the findings reported in Dong et al. [2019]. That paper asked
a slightly different question, seeking to determine the moise tolerance of various character-based
models in a BCI typing domain. The backspace key is not part of these formulations; rather the

model represents a situation in which errors in the typed history persist without being corrected.
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» tralnp > test m overall | backspace | non-backspace | after-backspace
0.05 | 0.95 | 0.05 | 0.95 1.91 2.78 1.87 1.82
0.10 | 0.90 | 0.05 | 0.95 1.91 1.89 1.91 1.73
0.15 | 0.85 | 0.05 | 0.95 1.95 1.53 1.97 1.74
0.05 {095 | 0.1 | 0.9 2.01 2.88 1.90 1.97
0.10 [ 0.90 | 0.1 | 0.9 1.92 1.92 1.92 1.77
0.15{ 0.85 | 0.1 | 0.9 1.92 1.53 1.97 1.74
0.05 | 0.95 | 0.15 | 0.85 | 2.14 3.00 1.96 2.16
0.10 | 0.90 | 0.95 | 0.85 1.94 1.96 1.94 1.82
0.15 | 0.85 | 0.15 | 0.85 1.90 1.53 1.97 1.73

Table 7.4: Bits-per-character performance of LSTM models in ngram error mode, train/test dif-
ferent.

Building on comparable grammar correction [Xie et al., 2017] and machine translation [Belinkov
and Bisk, 2017] results, they confirmed that LSTM and ngram language models trained on clean
text performed quite poorly on test sets containing noise. They mitigated this problem by injecting
noise into the training data, replacing characters with uniformly-distributed errors with a given
probability. These models trained on noisy data performed much better. Interestingly, they found
a somewhat different result from Table 7.3 when it comes to the relative error rates, showing that
it is acceptable in their formulation to use training data with a lower error rate than the test data
(they cite the example of a model trained with 10% noise performing relatively well on tests with
up to 40% noise). It is unclear why this is the case, though it is probably due to their different

formulation that does not include a special backspace symbol in training or test.

Other Baselines

The fixed-backspace baseline model described in Section 7.2.1 performed so poorly that it is not
included in the main results above. Table 7.5 shows its performance compared to the ngram
baseline. For these results, a 12-gram model was used with no augmented copies added. The
uniform error mode was used to generate the corpora. For each model, the fixed backspace
probability was set equal to the corpus error rate p., which is logical as the error rate and the
backspace rate are typically extremely close to each other. These weak numbers makes sense, as
this baseline does not consider any contextual information. Its probability of backspace is fixed
and therefore cannot increase after obvious errors or decrease inside strings of text that are very
likely to be correct.

All of the models described so far were trained on ETM-generated corpora in which the

backspace key itself is never an error. I created several models where I allowed backspace to
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ngram | fixed backspace
Pe Pr | haseline baseline
0.05 | 0.95 2.07 2.54
0.10 | 0.90 2.29 3.06
0.15 | 0.85 2.47 341

Table 7.5: Bits-per-character overall performance on the two baseline models.

be an error by setting a non-zero value of p,, the backspace error probability. Interestingly, the
performance of these models on their respective test sets was very consistent: Equal in bpc to
the no-backspace-error models or very slightly worse across all evaluations. Nowhere did I observe
a model with errorful backspaces that had notably different performance from its counterpart in
the perfect-backspace world. This absence of a striking difference can be considered an interesting
result in and of itself, as it suggests that these models are perfectly happy to allow backspace to

occur in error with only a slight decrease in performance, if any.

7.5 Other Variants and Analysis

The two main model variants I investigated were the attention-based model and the literal-string
model, both described in Section 7.2.2. Disappointingly, both of these models gave results that
were not significantly better than those of the the standard LSTM model.

It is not immediately clear why these variants did not outperform LSTM. Attention in particular
seems uniquely suited to the backspace prediction problem, as knowledge of specific previous states
is particularly helpful in estimating symbol probabilities when errors and backspaces are possible.
In the case of attention, it may simply be that the LSTM model’s memory apparatus, combined
with the large number of hidden units, was able to adequately capture something equivalent to
what attention provides, making it not help much. The small prediction space of 30 characters
may also have contributed to the ability of the LSTM to learn and keep useful information. An
interesting avenue for future work would be to examine the contribution of attention in a weaker
model, either by decreasing the number of LSTM hidden states or by switching to a Standard
RNN architecture.

Another potentially useful idea would be an analysis similar to that done in Weiss et al. [2018],
which examined what can actually be learned by an RNN. They were able to show that finite
RNNs are capable of certain computational functions such as counting, and in particular were
able to directly examine the model weights to show this effect visually. Such an analysis might be

used to illustrate what the LSTM is learning in the backspace model. However, I am not entirely
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Figure 7.2: Well-behaving attention weights, after typed string the_chinese_foreign ministerxx.

convinced that visual inspection of model weights would be useful. In particular, there are certain
aspects of backspace (for instance the fact that a symbol should become less likely after it has been
deleted once) that don’t immediately lend themselves to visually informative model parameters.
The models in the aforementioned paper consisted of very small vocabularies, so something general
and contextual like “discount the symbol two letters back if the rightmost symbol is a backspace”
might not be clearly evident in model weights when there are dozens of symbols. This remains an
empirical question.

In a similar vein, I did an analysis of the actual attention weights a; . ,, learned by the attention
algorithm, as defined in Equation 7.2. The results were mixed. In some cases, the attention weights
seemed to be higher for states associated with past letters that are important in the calculation
of the next symbol. An example is shown in Figure 7.2. Here the typed symbol sequence is
the_chinese_foreign minister**, the two * symbols representing two backspaces. In this case,
the backspaces suggest that the last two letters in minister are likely to be errors, suggesting
another continuation like ministry. We see that the attention model appears to be aware of this,
focusing its greatest attention on the t symbol (technically its associated hidden state), a very
important letter if one is to predict a new continuation of that word.

However, the attention weights did not always align themselves in such a logical way. Figure 7.3

is a good example. Here the typed symbol sequence is the_amazo*, the rightmost letter o having
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Figure 7.3: Poorly-behaving attention weights, after typed sequence the_amazox.

been deleted with a backspace. We therefore have the literal string the_amaz, which has reasonable
alternate branches like amazing and amazed. However, the attention weights are not focused on
the z position, which contains the hidden state that would seem to be most important in this
situation. I found several examples of both kinds, some where the attention model did logical
things and others where it did not. One explanation for this is that it may well be more evidence
that the LSTM is simply capturing most of the information that would make attention contribute
to the model, so the attention weights become not very informative.

As for the literal-string variant, I am inclined to make a similar argument: It is possible that the
LSTM is simply already learning the information contained in the rightmost-literal string vector
(which is concatenated to the input vector in this variant), and therefore does not gain anything
by adding that feature. A similar gradual weakening of the LSTM model to explore this trade-off,

as discussed above regarding the attention model, is an interesting idea for future work.

Deeper Backspace Semantics

One thing I analyzed in depth was whether the models in question were learning patterns that
reflect the meaning of backspace in a general way. The most basic of these is the idea that a
character should become less likely after it is deleted with a backspace. But this can be extended

further. For example, we can look at chains of backspaces like this:
yolk**sx*x

Here, four consecutive characters have been deleted, and we are in a situation where, despite the

fact that the letter y is now eight positions back in the symbol string, it should still be less likely



model | pe Pn a*x | abx* | abckx*x | abcd*x*x* | axb*
0.05 | 0.95 | 78.5 | 50.5 41.4 - 70.0
LSTM | 0.10 | 0.90 | 82.9 | 58.6 44.8 36.0 81.4
0.15 | 0.85 | 84.5 | 66.0 55.8 49.6 86.2
0.05 | 0.95 | 69.9 | 24.5 20.6 59.1
ngram | 0.10 | 0.90 | 66.7 | 36.9 22.6 29.5 62.3
0.15 | 0.85 | 66.2 | 46.9 25.8 24.5 65.0

Table 7.6: Percentage of

predictions with decreased probability
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after pattern, uniform error mode.

model | pe Pn a*x | abx* | abckx*x | abcd*x*x* | axb*
0.05 | 0.95 | 97.9 | 78.3 64.6 55.6 98.1
LSTM | 0.10 | 0.90 | 98.8 | 90.5 7.3 67.4 99.1
0.15 | 0.85 | 98.6 | 94.0 85.6 71.1 98.6
0.05 | 0.95 | 81.9 | 73.8 58.6 55.6 83.1
ngram | 0.10 | 0.90 | 77.0 | 74.7 72.7 73.3 75.1
0.15 | 0.85 | 71.5 | 69.5 71.4 73.9 68.5

Table 7.7: Percentage of predictions with decreased probability after pattern, ngram error mode.

than it was when it was first typed. I examined five such patterns®:

ab *x %

abc *x x x

abcdx*x *x *x %

a *x b x

In each of these cases, I expect the probability of the first character to be lower after this sequence

than it was at the beginning. In the first four patterns, an increasingly long chain of characters

has been deleted by backspace. In the last pattern, one character has been typed and deleted,

then another.

I looked for these patterns in the test set, then compared the model’s prediction of the proba-

bility of the first letter before the pattern was typed to its prediction after the pattern was typed.

I then counted the proportion of predictions where the probability estimate went down, the expec-

tation being that a model aware of the semantics of backspace should have a large such proportion.

The results are shown in Tables 7.6 and 7.7. The LSTM and ngram models are the same as those

9Note that letters are representative here; the letter in position a, for example, can be any character except a

backspace.
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used in Table 7.1. Table 7.6 is missing two values because the pattern abcd**** only occurred
four times in the test set.

There are many phenomena of interest here. Foremost is that the LSTM almost always out-
performs the ngram baseline model at this metric. This is a good indication that the LSTM is
learning something about backspace that the ngram model simply cannot. Second, the models
appear to do better when there the error rate p. is higher. This is logical, because the patterns in
question are more likely to have been observed in training when there are more errors in training.
Third, the models tend to perform worse as the patterns get longer. Again, this is logical; the
models have to look farther back into the past to obtain the first letter that was deleted.

Of particular interest is that the results for the uniform error mode corpora are quite a bit
worse, for both models, than the results for the ngram error mode corpora. I hypothesize two
reasons for this. First, the corpora with ngram-based errors contains a smaller variety of errors,
since they are biased toward likely characters. Therefore the patterns observed in test are more
likely to have been observed in training. Second, when a “likely” error occurs, it tends to have a
relatively high probability, so it is easier for the probability of that character to go down after it
is deleted.

This latter concept, that high-probability error characters are easier to make less probable, is
an idea I explored in some depth. It is evident from Table 7.6 that while the LSTM model tends to
outperform the ngram model at this metric, it is not doing particularly well in many cases. Indeed,
for certain patterns it is decreasing the character probability less than half the time, which is worse
than chance! 1 analyzed this by charting the before and after probabilities of the characters in
question, denoted by a in the above patterns. The results are shown in Figure 7.4. Each point in
this figure represents an observation of the pattern ab** in the test set. The x-axis is the model
probability of the character in position a before the pattern, the y-axis is that same character’s
position after the pattern. This figure is in the negative log domain, so points to the lower left
of the graph represent characters that are more probable. Points above the red line represent
cases where the model decreased the probability of that character after observing the pattern. The
model in question is LSTM, and the error rate p. is equal to 0.1.

It is evident from this scatter plot that the model is much better at decreasing the probability
of the character in question when its initial probability is high. Overall, in the 249 times the
pattern ab** appears in the test set, the model only decreased the probability 58.6% of the time.
But in in the 93 cases where the before-pattern probability is greater than 0.001 (points left of 3 on
the x-axis in the plot), the model successfully predicts a decreased after-pattern probability 90%

of the time. The story is even better when we limit to a before-pattern probability of 0.01, where
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error mode
forbidden .
lotter uniform | ngram
e 62.4 79.0
m 40.6 36.0
zZ 17.3 59.4

Table 7.8: Percentage of predictions with decreased probability in LSTM model after pattern a*
with specific characters forbidden as errors in training data.

the model succeeds 98% of the time (all but one case). This suggests that the model is really only
failing to decrease probability when the initial probability is very low in the first place. In such a
scenario, it is likely that decreasing the probability in question is not actually a particularly useful
thing for the model to learn, as the character is very unlikely to be typed again in that position.
This also explains why the numbers appear better for the ngram error mode corpus; there are more

points that are initially likely under that error mode.

Forbidden Errors

The superior performance of the LSTM model over the ngram baseline in the decrease-probability-
after-backspace metric is a good indication that the LSTM model is learning backspace semantics,
but I wanted to explore a more concrete generalization. To do this, I created a special training
set where I prevented certain characters from ever being typed in error. In the corresponding test
set, however, I did allow those characters as errors. For example, suppose the letter p is barred
from being an error in the training set, but in the test set we see the string p*. If a model is
able to decrease the probability of p in this scenario, it will have truly demonstrated its ability to
generalize a key semantic aspect of the backspace key.

I selected three individual letters for these experiments, forbidding them one at a time from
appearing in specially-constructed training sets. I selected e, m, and z in order to test a range
of base unigram commonality in English. The results are shown in Table 7.8. In this table, the
percentage given is only calculated when the character in position a is the forbidden letter in
question.

One very interesting result from this table is that, at least for the letter e, the LSTM model
is apparently able to generalize a basic semantic attribute of backspace even when the letter in
question has never been deleted in training. This is a very nice demonstration of the power of RNNs
to learn patterns. The results for the other two letters are less conclusive, and more confusing.
For the letters that did not decrease in probability, I hypothesize that the models are falling back

on some kind of baseline probability value, since they are in an unseen context. The ngram error
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mode value for z is a bit of a mystery. It is possible, since z is so rarely a “likely” error (as occurs
in that corpus), that when it does occur as an error it has a relatively high probability and the

model is able to compute a lower probability for it after the pattern.

7.5.1 Future Work

Two paths for future work have already been described: Better analyzing the reasons why the
attention-based model did not do better, and better analyzing why the literal-string-augmented
models did not do better. The idea of limiting the base model until it no longer captures what is
provided by these methods is an interesting possibility.

It would also be interesting to further explore how, and to what extent, the LSTM model
is learning backspace semantics. This could be accomplished by creating more novel training
scenarios. For instance, one could build a corpus where the only symbol typed in error is the
backspace key. This is akin to a stack-like data structure, as any deleted symbols are removed in a
Last-In First-Out manner. In this formulation, the probability of the symbol in position a* would
be expected to increase rather than decrease.

I experimented briefly with limited-vocabulary models, e.g. models that contain only one
character, or two characters. This would be an interesting thing to analyze, as one could better
understand the memory-related aspects of backspace in a scenario where all the characters in

question are ones and zeros, for instance.



Chapter 8

Personalization in Text Entry

In this chapter®, I explore something a bit different from that of the previous chapters, but that
nonetheless ties into the concept of incrementality for text entry in an interesting way. Here, the
input modality is a smart phone with a so-called soft keyboard, i.e. a keyboard that corrects spatial
errors as you tap. By creating a closed loop evaluation system that simulates these spatial errors, I
am able to perform large-scale experiments that can empirically measure the extrinsic performance
of various language modeling techniques as they are applied to the soft keyboard modality. Of
particular interest in this chapter is language model personalization, or adapting a model to a
specific person. In the techniques explored here, a cache-based model is used to keep track of
recently used words by a user and boost their probability within the language model. Notably,
such a model changes incrementally as the user produces text, becoming essentially a slightly
different model after each word. This is an entirely different way of thinking about incrementality.
Whereas in previous chapters we have considered the incrementality of the input modality itself,

now we consider the incrementality of the underlying model.

8.1 Introduction

Text input methods have often been key features in shaping the paradigm shifts in mobile com-
puting in the last decades. For example, handwriting with a modified character set (Graffiti)
was central to the Palm Pilot era of PDAs. Miniature thumb keyboards dominated the design of
BlackBerry and similar devices. Smart touch keyboards (STK) enabled the current generation of

full touchscreen mobile devices.

ISignificant parts of this chapter were originally published as Fowler et al. [2015]. As the primary author of that
paper, my personal contribution was significant, including the design and implementation of the simulation system,
preparation of corpora, and all of the subsequent analysis. However, I do not wish to minimize the contribution
of my co-authors, who provided helpful guidance and technical expertise, crucial editorial feedback, and assistance
with the background references and research.

84
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STK products rely on language models, or least a dictionary, to correct touch errors, autocom-
plete partial letter strings to complete words, and predict what the user will type next. Surprisingly
(and for methodological reasons discussed later) the quantitative effects of applying language mod-
eling to touch-based STKs have never been formally reported in the research literature. In fact
many recent studies of touch screen typing do not involve LMs at all (e.g. Findlater et al. [2011]).
Of concern is that in many cases, evaluation without language-model based correction may lead to
incorrect conclusions about the benefits of a particular technique. For example, Yin et al. [2013]
found that improvements in spatial error modeling had little effect in practice since LM-based
correction compensated for such spatial errors. For this reason, quantitatively benchmarking the
effects of a standard LM to STK is one of the goals of this chapter.

Conversely, traditional metrics of language models in isolation may not accurately reflect how
they perform in a deployed decoder. A model-intrinsic measure like per-word perplexity (see
Section 3.1.3), though commonly used to compare LMs, can correlate poorly with downstream
metrics, as is the case with word error rate in speech recognition [Chen et al., 1998|. Extrinsic
evaluations like typing accuracy, which more closely reflect the experience of an actual user, can
only be evaluated if the user’s role in the decoding process is considered. This is similar to the
rationale of the EEG simulation experiment presented in Chapter 5.

An especially relevant language modeling technique for mobile text entry, and one that is also
difficult to measure, is LM personalization, in which a language model’s lexicon and probabilities
are made flexible and adaptive to the user. A natural way to accomplish this is to utilize a
user’s written history, since it stands to reason that this would best reflect that person’s usage
of language. However, scientific understanding of text input LM personalization is limited. The
most detailed work dates from 2006, and studies previous-generation mobile devices with physical
keyboards [Tanaka-Ishii, 2007]. Modern soft keyboards, with more fuzzy input on touchscreens,
may rely more heavily on LMs, and therefore are more likely to benefit when personalization works,
or suffer when it does not.

This chapter represents the first large-scale longitudinal simulation study of the effects of
language modeling, with and without personalization, on finger-touch-based soft keyboards (as
published in Fowler et al. [2015]). As a methodological contribution, I helped to create a novel
integrated framework (dubbed Sketch Jr.) for testing input accuracy, which differs from intrinsic
measures such as LM perplexity and keystroke savings, which are typically computed in isolation
of the input problem. This method allows for extrinsic evaluation of models by incorporating

large-scale simulation of human-like inputs. We can therefore evaluate the LMs in connection with
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sloppy user input based on empirical data, using a principled error correction and word comple-
tion model (decoder). T use the longitudinal real-world text-writing history of a large group of
individuals (the Enron Corpus). Through this human simulation, I show that a background LM
can reduce typing word error rate (WER) from 38.4% to 5.7%, and that personalized LMs further
reduce this error to 4.6% (a 19.3% relative change compared to the non-adapted model). T also
examine personalization methods based on the idea of an exponentially-decaying cache, and find
that a decay time in months is optimal, but that the decay curve has little effect on the overall
performance result. This work is also the first to study and quantify the trade-off between the
overall error rate and false corrections, a subclass of errors highly visible to end-users.

For background information and related work regarding language model adaptation and its use

in text entry, please see Sections 2.2 and 2.4.

8.2 Research Methodology

Two crucial questions in the experimental design were whether to primarily rely on modeling and
simulation or human subjects directly, and whether to collect text from users or use an existing
corpus. The final decision was to simulate using a large real world text corpus (Enron) for all

experiments, for the following reasons:

e Practicality and Scale: Scale is important to language modeling evaluation, particularly
with personalization. Variances and nuances in language use can only be revealed with lon-
gitudinal data. Further, as later confirmed, large user-to-user variance is possible and many
users are needed to give meaningful results. Collecting this amount of data from individual
users is possible, but impractical. In addition, we required a large development set in order
to empirically optimize various system parameters. Large-scale parameter optimization of

this kind without simulation is infeasible.

e Privacy and Reproducibility: Another problem with collecting native text from individ-
uals is that they would have a reasonable expectation of privacy. The Enron Corpus largely
avoids this issue, and its widespread availability allows for experiments that are vastly more

reproducible.

e Availability of Foundational Research: Recent Human-Computer Interaction (HCI)
research has measured crucial parameters of human motor control for text entry tasks. It
has been shown that tapping on key targets may be modeled by a Gaussian distribution model

whose parameters depend on hand posture (finger, thumb, or two thumbs), the portion of the
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keyboard (left, right, top, or bottom), and the individual user [Findlater et al., 2011, Azenkot
and Zhai, 2012, Bi et al., 2014a]. This means that the tapping model used to simulate spatial

errors has a grounding in the literature.

I do not wish to discount the advantages of human tests, which would provide valuable infor-
mation not available to simulation, such as how users respond to personalized text input and what
strategies are used to correct errors. Human tests would also validate the simulation approach.
These questions are reserved as important avenues for future work; for the present work, however,
this chapter asserts that combining human input models established from users’ natural typing
data and longitudinal real world text writing records captures the essence of smart touch keyboard

evaluation and reveals the effects of language modeling at a large scale.

8.3 Data

8.3.1 Background Language Model

The background model was a Katz-smoothed [Katz, 1987] bigram LM trained on 114 billion words
scraped from the publicly-accessible web in English. Notably and unlike the models used in previous
chapters, this is a word-based model and not a character-based one. The model was pruned using
entropy pruning [Stolcke, 1998], a technique for decreasing the size of a backoff LM. The basic
method involves selecting ngrams for removal from the model by measuring the relative entropy
of models with and without that ngram. A threshold is set for excluding ngrams by this criterion.
The choice of Katz over the more popular Kneser-Ney [Kneser and Ney, 1995] for smoothing was
dictated by the small memory footprint available for the LM on a mobile device, and the reduced
difference between the two approaches after entropy pruning [Chelba et al., 2010]. The final pruned

model contained about 8.5 million ngrams (8.4M bigrams and 168K unigrams).

8.3.2 Enron Corpus as an Evaluation Set

The Enron Corpus [Klimt and Yang, 2004] is a large set of emails that were collected by the Federal
Regulatory Commission when the Enron Corporation was under investigation in late 2001. This
corpus was made public in 2003, and consists of over 600,000 individual email messages spanning
multiple years (1998 to 2002). It is one of the largest collections of email publicly available, and is
a valuable and widely-used resource for natural language research.

In the field of text entry, Enron data has been used for the creation and comparison of phrase

sets to be used in other text entry experiments [Kristensson and Vertanen, 2011, 2012, Vertanen



88

and Kristensson, 2011a] . In Paek and Hsu [2011], Enron data was compared to data from Facebook
and Twitter in an information-theoretic manner, with the goal of judging how “representative”
various phrases are. Enron has also been used for domain adaptation in tasks other than language
modeling [Chiticariu et al., 2010, Sandu et al., 2010, Zajic et al., 2008].

The Enron Corpus is well suited for text entry research for three reasons: First, it consists of
human communication, making it a better match to text input applications. Second, it consists
of a relatively large body of real-world usage of text communication (as opposed to news corpora
[Charniak et al., 2000] or fiction writing [Ward et al., 2000]). Third, the corpus preserves a long
history of communication by users with minimal privacy concerns, allowing for more in-depth
research into personalization techniques.

Notably, I found the Enron corpus to be inadequate in its raw form. Preprocessing of the
corpus was extensive, and included deduplication, signature text removal, name canonicalization,
and attached text removal. Because the goal was LM personalization, the driving idea of these
preprocessing steps was a desire to have clean text for each user that was strongly linked to that
user, i.e. not generated automatically or typed by somebody else. This is particularly important
when modeling for text entry, since URLs and attached messages are very unlikely to have been
typed by the person doing the text entry. I found that extracting clean, human-generated text
from the Enron Corpus is surprisingly nontrivial, so I have made the preprocessing details available

in the Appendix of this thesis.

8.3.3 Development and Test Sets

The next step was to divide the Enron emails into test sets. We selected 90 Enron users, each
with more than 1500 total words in their collected sent emails. I used a minimum word count
per user for two reasons: First, I wanted a large enough volume of text to perform adaptation
experiments that involved learning user words and adapting a model to them. Second, I wanted
to avoid sparsity issues. I divided these 90 users into development and test sets of 45 users apiece,
with a similar distribution of per-user word counts in each set. The development set contained
38,114 messages and 1,355,266 words, and the test set contained 31,740 messages and 1,214,403
words. Since the models are based on caching, there is no Enron training set per se; user models

are trained dynamically as one proceeds through each user’s portion of the test set.
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8.4 Simulation

The basic workflow of the system is to generate simulated keyboard taps for a given text, use a
decoder to reconstruct the text from those noisy taps in the presence of various LMs, then evaluate

the output.

8.4.1 Simulated Smart Touch Keyboard Typing

Section 8.2 outlines the benefits of human simulation as a general research method in LM person-
alization. What follows are critical details needed to making such simulation meaningful to text
input, as well as aspects of typing not simulated in the current work.

In order to study the impact of LM personalization in STK applications, I simulated each Enron
user typing her or his test set in chronological order using a simple STK decoder, to be described
shortly. I used the key layout from the specifications of the Nexus 5 QWERTY keyboard, which
has a single-key width of 6.16 mm and a key height of 9.42 mm. Users were assumed to be perfect
in intent; in other words, the user’s target word is always the actual target word?. Additionally,
if the decoder fails to produce the target word, it is simply counted towards the error rate but no
simulation is made of any attempt on the part of the user to correct such errors with backspace
or other methods.

To evaluate the power of LMs and personalized LMs in error correction, I introduced human
errors in the simulated input process that reflected the main source of error in touch screen key-
boards. Spatial noise was incorporated in the tapping/typing signal by sampling randomly from a
2D Gaussian distribution. The mean of the distribution for each tap was the center of the intended
key, and the standard deviations were set to be 1.97 mm in the z direction and 1.88 mm in the
y direction, as illustrated in Figure 8.1. These values were based on Azenkot and Zhai [2012],
which determined the 2D Gaussian distribution to be representative of actual human tapping, and
described typical variances. Taps landing outside of the border of the intended key and inside an-
other key were given the identity of the new key in the literal string output (a typing error). Taps
outside the border of every key were discarded and resampled. These settings result in a per-tap
error rate of 12.8%, which translates to 38.4% of words in the test set containing at least one key
error. In practice, the actual amount of spatial errors follows a speed-accuracy trade off model.
The faster one types, the more errors one would make. See “FFitts law” [Bi et al., 2014a] for an in

depth exploration of the speed-accuracy model of touch screen target acquisition containing both

2This does not exclude the possibility of spelling errors in the Enron Corpus; in this case, we simply assume that
the typo is the correct target, and judge it accordingly.
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Figure 8.1: Simulated keyboard layout with 1000 randomly sampled taps on the “F” key

relative and absolute precision errors.

I deliberately chose the 2D Gaussian for modeling spatial touch, for multiple reasons: First,
a simple, principled model was desired (in the spirit of Occam’s razor) that still captured the
spatial variance needed to test LM contribution to decoding noisy touchscreen input. Second, 2D
Gaussian is at the core of spatial models used in commercial level keyboards such as the Android
Open Source Project (AOSP) keyboard. Third, while more complex models of touch have been
explored in the literature (Holz and Baudisch [2011], Azenkot and Zhai [2012], and others highlight
additional phenomena involved with finger touches, in particular spatial offsets that depend on
finger position, visual cues, and hand posture), it is quite hard to put these models in practice
because of issues such as sensor requirements. Fourth, Yin et al. [2013] showed that if a more
complex hierarchical backoff model (with hand posture and key location dependencies) is used,
the gain is large when considering individual letters only but small (diminishes) when connected
with an LM. It is likely that further gains can still be made with improved spatial modeling, but
a simple Gaussian model reflects the state of the art and is sufficient in testing LM contribution.

I made three further simplifying assumptions about the test data and the simulated user. First,
since the simulated STK contains only the symbols a—z, the typing simulation only considers those
letters. Other non-space symbols were stripped out before testing. Second, the simulated user
always taps the space bar correctly, i.e. always taps it when intended and never taps it when not
intended. Third, the input process is case-insensitive.

I chose to focus on 2D spatial noise exclusively as a source of error in the tapping signal.
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There are other potential error sources, many of which fall under the category of cognitive error.
An example of a cognitive error would be the user misspelling a word because they do not know
the correct spelling. In such a scenario, an incorrect string is created, but it is not due to an
error of typing; the user intended the string, whether or not it was correct. For instance, typing
forword instead of forward would constitute a cognitive error, while forgard would likely be a
spatial error. Other cognitive errors include selecting the wrong word from the suggestion list, or
failing to tap the correct word when it appears in the selection list. Because modeling cognitive
error is subtle and because we wish to be able to interpret the results more straightforwardly, it
is excluded from these experiments. Similarly, errors involving inserted and deleted characters
are excluded. Overall, the goal was to introduce a predominant category of error in sufficient
and representative quantity to test the LM personalization effect in correcting that error category.

Other error categories may follow the same pattern, but are reserved for future work.

8.4.2 A Simple Model Decoder

Once the simulator had generated a sequence of taps, I next applied a simple model decoder to
represent the core function of an STK. The general idea of combining a spatial model of touchscreen
behavior with language modeling for text entry has previously appeared in the literature. For
example, Weir et al. [2014] applied user-customized spatial models and used touch pressure as a
signal to increase the spatial model weight relative their LM weight. This work differs from Weir
et al. in its use of longitudinal user data, the large scale of the simulations, and the fact that it
personalizes the LMs rather than the spatial model. For the purpose of systematically evaluating
the impact of LM adaptation in mobile text input applications, this decoder was not designed to
be optimal, complete, or computationally efficient. Instead it was meant to be as simple as possible
but still able to take advantage of a language model and effectively correct imprecise spatial input.

Suppose we have a tap sequence T = tq,1ts,...,t,, where the t; values are the coordinates of
each tap, and a potential word w=ly,ls, ..., l,,, where the [; values are the letters that make up
that word. Note that any predicted word must have at least n letters, so we require that m > n.
We define the spatial score S(w|T) as

n

S|T) = ((tia — lin)? + (tiy — liy)?), (8.1)

i=1
where t;; and t;, are the x and y coordinates of the tap ¢;, and /;; and l;; represent the x and y
coordinates of the key center of the letter [;.

We further let Ly (w|c) be the negative logarithm of the LM probability of the word w given



92

context ¢. The combined score B(w|e, T) is equal to
B(wle,T) = Ly (wle) —vS(w|T), (8.2)

where v is the spatial model weight. The best-scoring word wy.s; under the combined model is
therefore

Wpest = arg max B(w|e, T'). (8.3)

Experiments on the development set showed that the optimal spatial model weight v for the task

is 0.000223.

Algorithm 1 Procedure for generating possible words matching a tap sequence

1: procedure GETPOTENTIALWORDS(T, d)

2 input: list T of n taps; distance threshold d

3 wordlist + []

4 for ¢; in T do

5: generate set S; of all letters on keyboard with centers within distance d of ¢;
6 for w,, in lexicon L with >n letters do

7 for letter /; in w,, 1 <7 <n do

8 if [; € S; then

9: continue

10: else

11: break (word contains too-distant letter)
12: append w, to wordlist

13: return wordlist

An important parameter in this spatial decoding technique is a pruning criterion, used to
decrease the size of the search space by limiting potential keys for each tap. Any key with a
center within a specific radius from the tap may be a potential letter. Given the geometry of
the simulated keyboard, this allows for between one and five potential keys for each tap. The
search algorithm then recursively traverses the tree of possible words and word prefixes given these
potential keys, and filters out all prefixes that do not match a known word in the LM lexicon. This
is demonstrated in the procedure GETPOTENTIALWORDS in Algorithm 1. We found using the
development set that the pruning radius of 7.99 mm resulted in fast simulation without degrading
model performance.

Figure 8.2 and Table 8.1 illustrate a simple example of the combined decoder at work. The
spatial decoder has no notion of word probabilities in language, so when alone it can only function

as a naive keyboard. It favors the spatially-closest words. The LM has no spatial data (other than

3The small value of v is a consequence of the spatial model outputting much larger absolute values than the LM,
ultimately because the spatial model uses pixel widths as a distance unit.
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Algorithm 2 Procedures for typing simulation and evaluation

10:
11:
12:

13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

23

1
2
3
4:
5:
6
7
8
9

: procedure CALCULATEACCURACY (w, n, ¢, d)

input: target word w of length n, previous context ¢
input: pruning threshold d, autocorrect threshold ¢
T+ ||
for letter /; in w do
t; < sample from 2D Gaussian centered at [;
add ti to T
wordlist + GETPOTENTIALWORDS(T, d)
lit < string of actual keys tapped by taps in T
if wordlist is not empty then
for w), in wordlist do
calculate score B(wy|c,T) given T and ¢

if highest score > ¢ then
Whest +— wp With highest model score
else (best word not good enough; use lit. string)
Wpest < lit
else (no suggestions; use literal string)
Wpest < lit
if wpesr = w then
return success
else
return failure

: procedure CALCULATEEFFICIENCY (w,n, ¢)
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:

36:
37:
38:
39:
40:
41:
42:
43:
44:
45:

input: target word w of length n, previous context ¢
T+« ]
for i in 0 ... n do (iterate over number of taps)
if © > 0 then
I; < itP letter of w
t; + key center of [;
add ¢; to T
wordlist «+ GETPOTENTIALWORDS(T', 0)
lit + string of actual keys tapped by taps in T
if wordlist is not empty then
for w, in wordlist do
calculate score B(wy|c,T) given T and ¢

Whestset < three w, with highest model score
else (no suggestions; use literal string)
Whestset < it
if llt ¢ Wpestset then
if Wpestser contains fewer than three words then
append lit to end of Wpestset
else
replace 3™ word in Wyestser With lit
if W € Wpestser then
return i + 1 (count of taps needed to type w)
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QW|ER|T|Y|U OP

2

O,

AIS D FIGH|J K|L
ZIX|C|IVIB|NM

Figure 8.2: Two example taps on the simulated keyboard.

Decoding Method
Rank | Spatial Model | Language Model | Combined
1 ba be be
2 ha he best
3 be had bad
4 he best he
5 bad bad had

Table 8.1: Top potential words given the taps in Figure 8.2, under the spatial model only, language
model only, and combined decoder.

what set of keys is nearby each tap), so it simply gives the most probable words possible given the
pruning radius. The combined model synthesizes these two sources of information to generate a
better word list. Note that all three models, even the spatial model, are constrained by the lexicon;
the word ‘bs’ is absent from Table 8.1 because it is not in the lexicon, despite the fact that it is the
typed literal string. The top word in the spatial model, ‘ba,” is the word in the lexicon (albeit rare)
with the highest spatial score. (As mentioned elsewhere, the decoding procedure has a method for

including the actually-typed sequence in the suggested words list, but this is a separate process.)
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8.5 Evaluation Metrics

Language models are often evaluated using the per-word perplexity metric across a test set de-
scribed in Section 3.1.3. It is an information-theoretic measure of how well a statistical model
predicts a sample. In theory, a language model better suited to the test data will result in a lower
perplexity value. Many LM adaptation techniques are evaluated in this way, and report a decrease
in observed perplexity as evidence of an improved model. In practice, however, and as discussed
previously, even significant improvements in perplexity do not necessarily correlate with commen-
surate improvements in extrinsic objectives, particularly in speech recognition research, where
word error rate (WER) is the dominant evaluation metric [Chen et al., 1998, Goodman, 2001].
Further, perplexity is often difficult to compare across tests, because it is lexicon-dependent, i.e.
the models involved must use the same word list. This is not easy to accomplish in an adapta-
tion/personalization setting, where adding new words to a model is of central importance.

One response to the shortcomings of perplexity and other LM-intrinsic metrics is to use LM-
extrinsic evaluation, a research philosophy outlined in Jones [1994]. In this case, the extrinsic
evaluation metrics are keystroke savings and WER. Keystroke savings (recalling Equation 3.9) is
the de-facto evaluation standard for text entry efficiency measurement [MacKenzie and Soukoreff,
2002a)]. WER is a standard way of measuring the accuracy of a word-based decoding task, and is
widely used in speech recognition.

Importantly, an LM’s extrinsic power in error correction (i.e. word-level accuracy) can only be
measured in the presence of noise and a complete closed-loop system that includes a decoder and
erroneous input. The development of such a system, and the ability it affords to measure error
correction, are key contributions of this research. In ASR it was only when a reference recognizer
was applied that language modeling studies could move from intrinsic measures such as perplexity
to extrinsic measures such as WER [Chen et al., 1998]. Since “fat” finger imprecision is the main
source of noise in finger-operated touch keyboard [Azenkot and Zhai, 2012], the simple model
decoder as described earlier together with the spatial noise model and the real world personal
history data set of Enron emails enabled us to measure the extrinsic power of the LM and its

adaptation.

8.5.1 Simulating Word Correction

When simulating word correction, we proceed one word at a time. The simulator samples one tap
(with spatial noise) for every letter in the target word, then returns the single most probable word

from the decoder. If this word has a probability above a certain autocorrect threshold, the word is
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typed, followed by a space. If not, the uncorrected literal string is typed (the literal string is the
sequence of visual keys tapped; in the case of Figure 8.2, the literal string is ‘bs’). A threshold
value 0.7 was used for all accuracy experiments, for reasons explained in Section 8.7 below. This
is demonstrated in the procedure CALCULATEACCURACY in Algorithm 2. The evaluation metric
for word correction is word error rate. WER is calculated by dividing the number of incorrectly-

decoded words by the total number of words.

8.5.2 Simulating Word Prediction

When simulating word prediction, we also proceed one word at a time, but there are two important
differences. First, we provide the simulated user with a list of three word suggestions after each tap,
potentially saving keystrokes. Second, in order to isolate the prediction effect, we exclude spatial
noise. The following is demonstrated in the procedure CALCULATEEFFICIENCY in Algorithm 2.
For each word, we incrementally simulate perfect input for each letter, starting with zero taps. At
each point, the LM (no spatial model or decoding) generates the three most probable words given
the letters so far (including the case where there are not yet letters typed). If the literal string
is not among these three, the third-most-probable word is removed and replaced with the literal
string. Otherwise, the list remains unchanged. We assume that the simulated user will notice
immediately if the target word is among these top three. If so, we count one keystroke for selecting
the word. If not, we make another simulated tap and generate a new suggestion list. (Note that,
in word-initial position, no taps have occurred, and all words in the LM are possible.) In the case
where all n taps are needed to type an n-letter word, the simulated user makes one last check for
the target word in the top-three word prediction list. If the target is there, it is selected. If not, a
space key is typed. When the space key is tapped, the single most probable word in the prediction
list is entered. This is the reason the literal string is always included in the list. Without the
literal string the user has no way of entering words that are not in the LM lexicon.

The evaluation metric for word prediction is keystroke savings, as defined in Equation 3.9.
Because we assume no spatial noise when measuring word prediction, accuracy is always 100%.
Note that, when simulating either correction or prediction, each word requires a minimum of one
keystroke, since either space or select-suggestion must be tapped to move to the next word.

Since the LM is a bigram model, its probabilities are conditioned on the previous word in each
context. At the beginning of each line (every line in the test set is a sentence), the model is primed
with the start-sentence symbol <S>. After each word is entered, that word becomes the previous
word, even if the typed word is incorrect and does not match the true string. The latter scenario

matches real-world use, since the typed word is all any typing system has access to, even if it is
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not correct. In the case of words not in the LM lexicon, the previous word is set to the unknown
symbol <UNK>.

It is notable that both word correction and word prediction in this modality are ways of framing
the revision of past text in an incremental fashion. For instance, if a given correction is computed
by the algorithm and inserted into the literal string as the space key is typed, this is still an
incremental process from the standpoint of the user on a word level, even though the hypothesis
of the current best word can change as new taps are observed. Similarly, a word completion
suggestion might include a word where corrections have been made in the already-tapped letters,
but the input here is essentially incremental. This is a difference from non-incremental algorithms
like traditional speech recognition, where a hypothesis can change at the scale of a sentence or

larger.

8.6 Language Model Personalization

I implemented two basic types of cache-based language models: Uniform and exponentially-
decaying. The uniform cache considered a sliding window of words stretching back as far as
available in the user’s test data, and consisted of an unsmoothed unigram LM from the words in
that window. It was continuously updated with each individual user’s writing history as simulation
progressed. Linear interpolation was used to combine the background model with this in-domain
cache model?. Linear interpolation is a simple technique for LM adaptation. Equation 8.4 (adapted
from Bellegarda [2004]) illustrates the basic interpolation method, where P(w|c) is the conditional
probability of word w given context ¢, P4 is the adaptation model, Pg is the background model,

and A represents the relative weight of the background model.
P(w|c) = (1 = A\)Pa(w) + APp(w|c) (8.4)

I found through experiments on held-out data that the optimal window size is infinite, i.e. all words
in the user’s history should be kept in the cache. Further, the optimal A\ value was found to be 0.8.

The exponentially-decaying cache was derived from Clarkson and Robinson [1997], which first
described the technique. It used an unsmoothed unigram model like the uniform cache, but
instead of counting words directly the weights are modified according to how far back they are in
the cache. This captures the recency effect. Equation 8.5 (adapted from Clarkson and Robinson

[1997]) illustrates the basic method, where P.4cpe is the conditional probability of word w; given

4Note that since a LM requires large quantities of text, using the cache model alone would not be effective; even
users with large text histories do not have enough text to build a useful LM without sparsity issues.
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the cache wy through w;_1, and I is a binary function such that I(4) = 1 if A is true, and 0
otherwise. The decay rate « describes how quickly word weights decay in the cache, and § is a

normalizing constant:
i—1

Pcache(wilwla wa, ..., wi*l) = 5 Z I(wz = wj)e_a(i_j) (85)
j=1

A grid search on held-out data was used to find that the optimal decay rate « is 0.0003, which is
a slow rate of decay but consistent with the values determined in Clarkson and Robinson [1997].
An « value of 0.0003 means that it takes roughly 2300 words of history before the adjusted weight
decreases to half of its initial value. Since most users in the test set generate between 1000 and
2000 words per month, this decay rate can be said to take months to take effect. Note, however,
that this formulation is based on word positions rather than elapsed time. A word located at
position ¢ — 100 may have been typed at any point in the past, depending on the user. As with
the uniform cache method, the cache model is combined with the background model using linear
interpolation. The optimal A value was again found to be 0.8.

For both cache methods, I primed the cache with the first 30 days of email from each of
the 45 individuals in the test set. Messages sent during this period were used only to fill the
personalization cache, and not simulated for evaluation purposes. The choice of 30 days was based
on an empirical study on the development set, which showed that 30 days generally provides a
reasonable initial cache size. The mean size of this priming cache in the test set was 1429 words.
Both cache models were updated from the 31st day onward till the end of each individual’s text
available in Enron.

We define the model lexicon at any given time to be all words in either the background model
unigram list or the cache. When a word was absent from one of these two models, it received
a probability of zero in that model before the interpolation defined by Equation 8.4 took place.
Though the background model did contain an <UNK> symbol, we normalized it out when calculating
word probabilities®. Also, no attempt was made to estimate probabilities of words not in either
model, i.e. entirely absent from the model lexicon (though I did preserve the literal string, which

can sometimes be absent from both models).

8.7 Results

By replicating and simulating users’ natural finger touch input behavior, multi-user and longitu-

dinal writing records, and the primary functions keyboard decoding, we are able to reveal what

5We still use <UNK> for ngram contexts; see earlier paragraph on LM conditioning.
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Model WER % [ OOV % |
No Language Model 38.4 n/a
Background LM Only 5.7 1.6
Uniform Cache Adaptation 4.6 0.9
Decaying Cache Adaptation 4.6 0.9

Table 8.2: Word error rates for various model setups, averaged across all simulated Enron users.

simple human subjects lab experiments could not do—quantitatively benchmarking the effects of

language modeling with and without personalization at scale.

8.7.1 Word Correction

Table 8.2 shows WER results for the accuracy experiments. The first row represents the value of a
naive keyboard without any language modeling and takes the literal string only, which is equivalent
to decoding touch input according to its closest key centers. The word error rate of such a naive
keyboard is 38.4%.

With a background LM combined with the simple decoder, both as described earlier, the error
rate is drastically reduced to 5.7%. This is at the 0.7 autocorrect threshold operating point, as
explained below. LM personalization further improves the error rate to 4.6%, a relative decrease of
19.3%. The exponentially-decaying cache method did not outperform the uniform cache method.

The OOV rate is calculated on a per-word basis as the human simulation progresses through
the test set. In the case of cache-based models, a given word is considered OOV if it did not exist
in the background model or the cache (though since all OOVs are added to the cache immediately,
no word can be an OOV twice for the same user). The cache is emptied before moving to a new

user in the test set.

8.7.2 False Corrections and the Autocorrect Threshold

In the word correction experiments, I considered one type of failure to be worse than the others. If
the literal string is correct, but the autocorrect mechanism changes it to a word that is incorrect,
we call this a false correction. The rationale for setting apart these failures is this: Suppose a
user carefully types a word such that all taps in that word fall inside their respective target key
boundaries. The user likely has a strong expectation that the STK will output the literal string,
and autocorrecting to another string is particularly undesirable. We therefore may wish to decrease
the rate of false corrections, even at the cost of a slight increase in overall word error rate.

It turns out that this trade-off can be managed by introducing an autocorrect threshold param-

eter to the model. It operates as follows: If the top-scoring word is not equal to the literal string,
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False Correction Rate (%)
2

38 89 90 91 92 93
Word Accuracy (%)

Figure 8.3: Trade-off between overall word accuracy and false correction rate, managed by varying
the autocorrect threshold from 0.0 (upper right) to 0.95 (lower left). The rightmost dot is optimal
from an overall word accuracy standpoint, but I chose the white dot as an operating point to bring
the false correction rate below 1%.

and its probability® is below the autocorrect threshold, we prevent the decoder from performing a
correction and simply use the literal string.

Figure 8.3 illustrates the trade-off, calculated on a subset of the development set. It turns out
that allowing the decoder to always perform correction, i.e. an autocorrect threshold of 0.0, results
in a high rate of false corrections, more than 3.5%. This amounts to nearly half of all failures
for this test. The optimal autocorrect threshold value for maximizing overall accuracy is roughly
0.6, which corresponds to the typical accuracy of any given literal string”. I selected 0.7 as the
operating point for the autocorrect threshold in all accuracy experiments. This choice caused a
slight decrease in overall accuracy, but it brought the false correction rate below 1%. On the test
data, the false correction rate was 0.70% for the baseline model and 0.39% for the uniform cache
mixture model, representing an even larger relative WER improvement than that observed for

overall failures.

8.7.3 Precision and Recall

Another way to think about the performance of the word completion model is as a trade-off between
precision and recall. In this case, precision is defined as the proportion of autocorrected words that
were changed to the true word. Recall is defined as the proportion of words needing correction

(i.e. with incorrect literal strings) that were autocorrected to the true word. Figure 8.4 shows

61 converted the log-space model scores to probabilities and normalized to make this calculation.
7This is just the accuracy of a word in the no-model scenario, or 1.0 — 0.384.
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Figure 8.4: Precision vs. recall in word correction, generated by varying autocorrect threshold
from 0.0 (lower right) to 0.95 (upper left). Operating point is white dot, equivalent to Figure 8.3.

’ Model \ Keystroke Savings % ‘
Background LM Only 42.1
Uniform Cache Adaptation 45.7
Exponential Cache Adaptation 45.8

Table 8.3: Keystroke savings for various model setups, averaged across all simulated Enron users.
See Equation 3.9 for definition of keystroke savings.

the precision vs. recall curve. Note that, under the conditions of the model, 100% recall is not
possible. This is due to the fact that sometimes a literal string (with an error) is the only word
in the predicted word list. This can happen when the decoder fails to generate any candidates
because the tap sequence is too far from any known word. In this situation, correction cannot

occur in the model (not even a false correction), because no candidates exist.

8.7.4 'Word Prediction

Table 8.3 shows keystroke savings results for the efficiency experiments. Without any language
modeling (not even a lexicon), keystroke savings would not be possible. The background LM
increased (potential) keystroke savings from 0% to 42.1%. When using a cache model for LM
personalization, this number was further increased to 45.7%, a relative gain of 8.6%. As before,

the uniform cache method performed comparably to the exponentially-decaying cache method.

8.7.5 Results by User

The results in Tables 8.2 and 8.3 represent averages over all users in the test set, but LM per-

sonalization had different effects on different users. Of the 45 users in the test set, 42 exhibited
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improved typing accuracy under the uniform cache adaptation method. This relative improvement
in WER ranged widely, from 2.9% to 30.9%. Of the three users whose accuracy got worse, one had
accuracy decrease from 91.4% to 89.3%, one decreased from 91.5% to 91.1%, and one decreased
from 92.9% to 92.7%. All three with decreased performance had fewer than 1500 words in their
priming emails, which suggests that it may be prudent to delay the application of cache-based

adaptation until a sufficient amount of user text has been collected.

8.8 Conclusion and Discussion

Through research methodology innovation and evaluation system development, I have investigated
the effects of language models, with and without personalization, for improved accuracy and effi-
ciency of contemporary touch screen keyboards operated with sloppy finger touches. In benchmark
tests, I demonstrated that it was possible to decrease word error rate due to imprecise finger touch
tapping from 38.4% to 5.7% using a simple decoder and a background language model. LM per-
sonalization further improved this result to 4.6%. Language modeling also improved prediction
efficiency to 42.1% (without personalization) and 45.7% (with personalization). The OOV rate of
the test set improved from 1.6% to 0.9% using a personalized model. I also showed how raising the
autocorrect threshold could lower the false correction rate from 3.5% to 0.7% without significantly
affecting overall model performance.

These results were only observable and tuneable because of the novel evaluation methodology.
First, web-scale data training and entropy pruning was leveraged to produce a state-of-the-art
background LM. Second, the adoption of the Enron Corpus with long-term individual history
enabled the study of personalization effects with real-world language use fidelity. Third the simple-
yet-effective model decoder enabled measurement of extrinsic power in an integrated closed loop
evaluation system. Fourth, I introduced human-like noisy spatial input in the evaluation based
on empirical findings previously reported in the literature. Taken together, these methodological
innovations allowed for the efficient performance of computational experiments over two million
words of text, which otherwise would have taken months or years of calendar time to perform.
Crucially, this combined closed-loop system also allowed for the reporting of accuracy on a large
scale (whereas efficiency has been a typical metric in text entry research). I additionally found,
somewhat counter-intuitively (but consistent with Tanaka-Ishii [2007]), that the exponential decay
cache model did not outperform the simple uniform cache.

All of these methodological innovations have limitations, as is true of any research methodology.

Although both the spatial input and the language content were based on human generated data
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from Azenkot and Zhai [2012] and Enron respectively, they were nonetheless simplified to a degree
that efficient experiments could be run. Future work needs to replicate and expand these results.

Another opportunity for future work is to study how cognitive errors, particularly spelling
errors, affect decoding performance. This would clarify whether the observed gains via LM per-
sonalization with spatial noise can be observed in a more general error framework. Along this same
lines, although adding OOV words to the cache was found to be always desirable in this system,
cognitive error would likely introduce the problem of learning misspellings, which may require sep-
arate techniques to manage. Other ideas, such as varying the amount of spatial noise, expanding
to input methods other than QWERTY, and applying these techniques to gesture typing, are all
interesting avenues for future work.

Ultimately this chapter is a bit orthogonal to the work in the previous chapters, but the
presence of the cache-based personalization model, in addition to the use of word correction and
word prediction, situate this work firmly within the larger examination of incremental processing
for text entry. The very fact that the LM is being updated incrementally suggests ideas for future
work. For instance, if a word is deleted should it be removed from the cache model? One could
also study the impact word-level incrementality itself, allowing for models that can revise words
farther and farther back in the literal string and examining whether such models perform better
on various objective and subjective metrics.

It would also be useful to study LM personalization as described in this chapter in the AAC
settings described in previous chapters, such as RSVP Keyboard. LM personalization for users
of assistive technology is actually particularly promising. This because many people using AAC
devices not only use text as a primary form of communication but have access, through their
technology, to historical utterances they have made that could be used as input to a personalization

model.



Chapter 9

Conclusion

This stated goal of this thesis was to explore incrementality as it relates to language technology for
text entry, in particular in AAC. I first developed the full history fusion algorithm, an augmentation
of the RSVP Keyboard text entry paradigm used in AAC. This algorithm collects all past user
inputs and combines them in a principled way using the intuition that posterior symbol probabilities
can be derived from full string probabilities. It also gives particular focus to the dynamic nature
of the backspace key as a method for user-directed revision and error correction. Along with the
mathematics of the algorithm, I developed a means by which it can be computed efficiency, which
is itself nontrivial.

I then presented the results of two experiments that compared FHF to the standard setup for
RSVP Keyboard. The first was a large-scale simulation that used actual EEG-derived user data
as the basis for an analysis of typing performance over thousands of words of text under a wide
range of system parameters. This simulation demonstrated not only that FHF is superior to RSVP
Keyboard in terms of typing speed, but also that the default settings of RSVP Keyboard itself can
be optimized. Further, it showed that FHF avoids certain traps that can occur in RSVP keyboard,
where a user can get stuck or experience runway typing that they do not intend. This experiment
also showed the validity of FHF across a range of user signal strengths, demonstrating a consistent
improvement in typing speed of 20-30% across six simulated users. I also explored autodelete and
autorevision, useful phenomena that can occur in FHF where its principled calculation of posterior
probabilities can result in the automatic repair of a word and correction into a new word.

The second experiment examined the usefulness of FHF when used by human subjects. Through
this button-press typing study, I was able to demonstrate that the improved performance of FHF
observed in simulation translated to the real world, giving an average typing speed improvement
in the 15-20% range. In addition, I used a questionnaire to answer one of the open questions about
FHEF: Does it involve more cognitive load, mental effort, or frustration to use? The questionnaire

answered all of these questions in the negative; no significant difference in subjective measure of
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effort was reported by the users. I was also able to confirm the hypothesis underlying the mastery
task, a series of word groupings that clustered words based on their relative “difficulty” in the
context of a language model. Users of the button press modality consistently showed a positive
correlation between the mastery level being typed and the time taken to type those word groups.

I then described an entirely different algorithm for the computation of backspace probabilities,
this time re-framing the question as a sequence modeling problem. For this algorithm, I developed
the Errorful Typist Model, a method for generating augmented text corpora as if they had been
typed by a person making and correcting typing errors. By including backspace as a symbol in
the text stream to be predicted, I was able to use a neural network-based architecture (LSTM)
to create a model capable of predicting both the characters in the text and backspace itself in a
dynamic way. I then tested this algorithm under a variety of conditions, showing that not only did
the neural method outperform a traditional ngram-based baseline model, but that it appears to
be learning certain semantics of the backspace key, such as the fact that a just-deleted character
should now be less probable.

Finally, I presented the results of a large scale simulation studying the quantitative effects of
language model personalization on text entry for touchscreen smartphones. By creating a closed-
loop system for extrinsic evaluation of text entry performance under various language models,
I was able to demonstrate the precise gains afforded by the language model itself, a keystroke
savings of 42.1% (a result known to exist but not presented quantitatively at scale anywhere in the
literature). T also showed, empirically for the first time, the improvements to these gains that can
be obtained by creating a custom uniform cache language model for each person known to have
typed various sections of the test set, a relative improvement of 8.6%. I was able to exploit the
power of extrinsic evaluation to reject the exponential cache adaptation method as one significantly
better than the uniform method for this task, despite the fact that it showed better perplexity
in the literature. Language model personalization is another way of thinking about text entry
in terms of incrementality, because it is a cache-based model that changes as the user progresses
through a text. Here, the incrementality is an attribute of the model itself, which incrementally

changes throughout a typing session.

9.1 Impact and Future Work

In terms of practical applicability, I believe this work has great potential. The most singular use
case is obviously RSVP Keyboard, the paradigm used as the basis for the FHF algorithm, under

which I have repeatedly demonstrated empirical typing speed improvements. But I envision the
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backspace work of Chapter 7 and the personalization work of Chapter 8 to be of significant value
to the academic community, as these chapters present previously unreported results and unstudied
methods for text entry. Further, I think AAC is a particularly appealing domain for the work of
this thesis, as it not only represents an environment where even small gains in typing performance
as crucial, but also exhibits incrementality in the strictest possible way by often requiring single-
character inputs.

I think a necessary next step would be to perform a test of the FHF algorithm within RSVP
Keyboard in which the input modality is EEG rather than button press. My experiments have
provided hints that the results of such an experiment would be positive for FHF, but it remains
an empirical question. Another thing that would be useful is a further analysis of what the neural
models in Chapter 7 are actually learning in terms of the semantics of backspace. The results of
Chapter 8 could also be tested outside of simulation and with real human subjects, which could
show whether keystroke savings is actually a useful metric for this domain.

In terms of error correction, revision, and backspace, I made a research decision early in this
work that I was deliberately not studying certain classes of errors like misspellings and long-term
revisions. However, these represent appealing starting points for future work. In particular, the
concept that certain errors will be either unnoticed or ignored by the user—the latter phenomenon
having been observed particularly among AAC users—is an interesting twist to some of the as-
sumptions of RSVP Keyboard and FHF.

Overall, the algorithms I have developed for this thesis, and the results showing their utility,
represent a significant addition to the body of text entry literature. In particular, my framing of
text entry in terms of incrementality has allowed me not only to explore new avenues for algorithmic
improvement, but also to develop techniques related to error correction and revision having to do

with the backspace key that have not been examined before.



Appendix A

Enron Preprocessing Steps

The purpose of preprocessing of the Enron Data set was to remove as much non-user-generated
text as possible, and group together messages associated with the people who typed them. This

was accomplished using the following steps:

1. Extracted only messages that appear in the sent or sent_items directories in the Enron
Corpus directory. Visual inspection shows that these are emails generated by the senders

themselves, and contain few duplicates.

2. Extracted useful information from email headers. This included message ID, sender, date,

and subject line.

3. Mapped email addresses and sender names to a canonical single name for each user. This
was necessary because the sender name implied by the directory structure of the corpus was
not always reliable; some users had multiple email addresses and some emails were sent by

Person A using the email client of Person B.

4. Removed all forwarded and replied-to messages from the bottom of emails. The corpus
is not consistently formatted; I counted 21 distinct ways in which a message can end and

supplementary text can begin.

5. Fixed poorly-formatted line breaks. This occurred in some older emails, where inconsistent

text encoding caused junk characters to appear at the end of every line.

6. Removed duplicate emails. Many emails appeared, copied verbatim, in more than one place

in the corpus. I removed all but one copy of each of these.

7. Removed emails longer than 1000 words. This was a heuristic measure to exclude non-user-
generated text. Many emails in the corpus are news or magazine articles copy-pasted into

the message body, and these are typically significantly longer than normal emails.

107



10.

11.

12.

13.

14.

108

Converted non-ASCII characters (extremely rare) to ASCII using the iconv utility Drepper
[2001].

Collapsed extra whitespace into single spaces.

Deleted email signatures. I searched for medium-length strings of text appearing at the ends
of more than one email, then hand-selected a list of probable signature blocks from these. T

then removed all of them from their respective messages.

Removed lines containing more than half OOV words. This was a way to exclude computer-

generated text, numbers, and other non-useful text.
Removed URLs and other link-like text.

Removed all copies of emails containing duplicate substrings longer than 15 words. This was
important because such text was very rarely user-generated. In addition, because of the way
such messages could interleave and overlap in subtle ways, it was better not to remove just
the duplicated strings but the entire emails (this amounted to only a small proportion of the

total emails).

Performed simple rule-based sentence segmentation. This allowed the language model, which

was trained on sentences, to provide more useful predictions at the start of sentences.
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