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“Education means teaching a
child to be curious, to wonder,
to reflect, to enquire. The child
who asks becomes a partner in
the learning process, an active
recipient. To ask is to grow”.

Jonathan Sacks
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Overcoming Limitations of
Categorical Language Modeling

Shiran Dudy

Abstract

Neural language models typically employ a categorical approach to prediction and
training, leading to several well-known computational and numerical limitations.
These limitations are particularly evident in applied settings where language models
are employed as means for communication. From speller systems employed as assis-
tive technology to texting applications on smartphones, all language models revolve
around category-based prediction. Research shows that neural-category approaches
to language modeling are questionable for predicting low-frequency words that are
essential for user personalization. It is also challenging to adapt these architectures
to a changing vocabulary due to the initially learned vocabulary constraints, which
limit predictions of relevant categories (i.e., words) a user can type. Recently, such
categorical models were shown to be relatively complex with long inference times,
which may be detrimental for user engagement. In this thesis, I reevaluate neural-
category approaches and propose an alternative: continuous output prediction.

Continuous output prediction is an underexplored alternative approach to lan-
guage modeling that performs prediction directly against a continuous word em-
bedding space. This approach splits the inference phase into two steps: a vector
prediction followed by a vector decoding (mapping the vector to a category). Pre-
dicting a vector in an embedding space opens the door to a theoretically unlimited
number of categories that can be represented and decoded using this technique.
Technically, I show how given a trained model, continuous models’ adaptation to
a new vocabulary requires minimal architectural modifications compared to that of
categorical alternatives. I also explore another important trait of continuous out-
put prediction models: such models reach low-frequency vocabulary words that are
often ignored by categorical models. I discuss the computational aspects of con-
tinuous output prediction, showing its promising results, especially in multiple-user
settings and settings in which short inferences are required. Finally, to evaluate the
diversity of categories predicted, including low-frequency words, I propose a simple
metric based on the unique types predicted.
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Chapter 1

Introduction

“No One Size Fits All”

A common notion in the assistive technology community is that ‘there is no one
size fits all’ solution: in other words, that the choice of a solution greatly depends
on the abilities of the user (Rubin, 2002). Users or patients who struggle to com-
municate due to motor-control or cognitive impairments may opt for augmentative
and alternative communication (AAC) (Beukelman et al., 2020) devices that enable
them to communicate with others in their surroundings.

Advances in AAC have led to a wide range of devices that allow users to en-
gage with their environments, from eye-trackers (Stawicki et al., 2017; Barbara et
al., 2016), to button presses (Shane et al., 2012; Gevarter et al., 2014), to brain-
computer interfaces (BCIs) (Farwell et al., 1988; Donchin et al., 2000). Each of these
modalities addresses different user needs and abilities, which may in turn affect the
corresponding system’s design. For instance, an eye-tracker is similar to typing on
a keyboard, as both involve the coordination of voluntary controls (Elsahar et al.,
2019), which in turn enables a direct selection modality. On the other hand, for
individuals who may be lacking voluntary controls, button presses, switches, and
many BCIs offer indirect selection (Elsahar et al., 2019). The goal of the various
modalities is to elicit a signal to help these individuals spell a message.

This thesis focuses on the requirements for a communication device where oracles
of the next token are proposed to the user in the form of text-entry prediction. The
back-end of text-entry prediction often involves language models. Recently, language
models have been integrated into BCIs in order to increase both communication rates
as well as spelling quality (Speier et al., 2016). In this thesis, I focus on functional
requirements a language model integrated into a BCI system should meet when
employed for text-entry prediction, where conditions are exacerbated. This setting
motivates setting higher demands to accommodate a user’s communication needs,
than the typical typing scenario.

At the center of this thesis are three requirements that form the axes according
to which language models are evaluated: personalization, vocabulary adaptation,
and low complexity requirements.

Personalization : Personalization in language modeling is usually expressed in
modeling a user-specific language, which can be done by either augmenting the
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model’s existing vocabulary or adjusting the model’s probabilities to make user-
specific words more likely to be predicted. One motivation for personalization stems
from the natural inclination of a speaker to seek reciprocity with their conversation
partner through language style matching (Müller-Frommeyer et al., 2019). During
a conversation, this reciprocity may be realized through both language patterns and
word choice. A personalized language model offers more nuanced language that
captures the unique vocabulary that characterizes a conversation, as shown by Wen
et al. (2013), Vertanen et al. (2011), and Fowler et al. (2015). In this thesis, it is
assumed that the words that are unique to particular conversations, or a user, tend
to occur less frequently and therefore personalization is measured as the ability of
a language model to predict the less frequent tokens in the text. Another aspect of
personalization to consider is the deployment of a system that provides word pre-
diction services for multiple users and as such is required to maintain personalized
vocabularies. The cost of personalization across multiple users is investigated as well.

Vocabulary Adaptation: There are various motivations for working towards
adaptive algorithms and adaptive language models in particular, the latter of which
are often referred to as continual learning models (Parisi et al., 2019). Since hu-
mans adopt new words, it is important for language models to be able to learn
about these new words. As humans, we regularly learn new vocabulary, whether
through online communities (as shown by Danescu-Niculescu-Mizil et al. (2013)),
our physically close circles (as shown by Crystal et al. (2008)), or self-inventions.
This new vocabulary is integrated into our language. Language models need to be
able to accommodate such expressive needs. Adaptive language models can address
these communication needs by incorporating newly learned and relevant categories
into a prediction list. They can also accommodate the changing needs of a user if
their condition improves or deteriorates in such a way that causes a change in their
communication needs.

Employing long-term algorithms can make for more sustainable models (Strubell
et al., 2019; Schwartz et al., 2019) as well. The main reason long-term models may
be more sustainable is that a fine-tuned model is superior to a newly trained model
since the fine-tuned model is able to leverage previous knowledge to complete the
task at hand (Howard et al., 2018). By preventing the need for initial, and ex-
pensive, training, such long-term models can provide improved performance with
relatively lower effort (cost).1 Therefore, scaffolding knowledge over time is less
expensive than training new models each time. When defining the task of domain
adaptation, one may consider pattern adaptation to a new domain. In this thesis, I
suggest considering vocabulary adaptation to the new domain as well. Vocabulary
adaptation refers to adaptation to the specific jargon that characterizes a domain.

Low Complexity: Szafir et al.’s (2012) study provides evidence that user engage-
ment is affected by the immediacy of response. BCI systems have several moving
parts that work together in a predictive text scenario. These parts include the signal
processing module and the language modeling component. In this thesis, I evaluate
the spatial and temporal complexities of the language model module in particular
for the purpose of promoting sustainable user engagement. Communication rates
in AAC in general (Elsahar et al., 2019), and in BCI (Mainsah et al., 2015) in par-

1Fine-tuning, by definition, requires a small amount of data; see Chapter 4.
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ticular tend to be relatively slow, further emphasizing the need for low-complexity
systems.

1.1 Problem Statement

Given the aforementioned language model requirements of personalization, adapta-
tion, and low complexity, the current approach to language modeling in which a
neural-categorical model is employed poses significant challenges. First, Holtzman
et al. (2020) showed that common language models produce dull and repetitive text
that is not akin to natural human language. Likewise, Dinan et al. (2019) showed
that models predict infrequent words at a lower rate than these words are actually
used by humans. Second, architecturally integrating new classes into a categorical
model is a choice-dependent trade-off: either the categorical model must ‘forget’ the
old classes that do not occur in the new dataset2, or the model’s complexity must
increase to represent both the old and the new vocabulary classes. Third, these
models’ sustainability (Strubell et al., 2019; Schwartz et al., 2019) has been called
into question due to their complexity costs, as already3 noted by Jozefowicz et al.
(2016). These costs stem from training, inference, and size.

In this thesis, I propose a strategy for designing language models that do not
suffer from the aforementioned limitations. In particular, I propose a continuous
output prediction language model, where predictions are made directly against an
embedding space in the form of a regression. This embedding space represents vo-
cabulary items (in the form of a vector) and is capable of containing varying (and
theoretically infinite) numbers of entries, relaxing the need for a model to contain
the learned entries. Instead of directly generating a probability distribution across
the vocabulary, the model predicts a vector. Following the model’s prediction of a
vector, the vector is decoded to a particular class. Decoupling the prediction from
its decoding step allows for a more controlled decoding process to take place (see
Chapter 3). I show that when measuring models’ class diversity and the prediction
of low-frequency classes, a continuous model is superior to a categorical model. I
also evaluate the computational burden incurred by continuous models and the po-
tential gains of the models in their deployed settings. Finally, I propose considering
language models as continual learning agents able to adapt to changing vocabulary
patterns. I show that compared to categorical models, these models relatively have
low-cost demands when they are required to adapt and can predict newly learned
entries.

1.2 Thesis Contributions

This thesis makes several contributions. First, the thesis discusses the limitations
of neural-based models, and in particular, category-based models. Second, it pro-
poses an architecture that overcomes some of these limitations. I investigate these

2See, for instance, transfer learning (Howard et al., 2018; Gururangan et al., 2020) where the
final layer is stripped off to accommodate the new task classes

3This research is pre-BERT era.
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models in the setting of a word prediction task, and I propose a neural retrieval-
based approach for language modeling and a new evaluation metric. Concretely, the
following three contributions are made:

1.2.1 Retrieval-based language model

I introduce a GAN-based approach for continuous output prediction language mod-
eling. This approach is inspired by Kumar et al. (2019), who designed a continuous
prediction language model. Given the shortcomings of the categorical models, the
proposed model is not architecturally bound to a set of classes; instead of generating
a probability distribution over a finite set of classes, it directly predicts a contin-
uous representation. Moreover, it is able to produce more expressive predictions
thanks to the greater number of different word-types it predicts, including infre-
quent word-types, and it incurs reduced complexity costs compared to a categorical
model.

1.2.2 Prediction diversity evaluation metric

Standard evaluation metrics used for language models often include accuracy and
perplexity but may not account for other aspects that determine the models’ us-
ability. In this thesis,I propose an evaluation metric for prediction diversity. I show
how in a word prediction setting, computing a model’s relative rate of diverse types
followed by a frequency breakdown of performance is related to the model’s down-
stream performance over more and less frequent training examples. I also propose a
‘usefulness’ analysis that captures the semantic proximity of the non-exact matches
a model predicts; that is, instances in which the model does not predict an expected
target. This analysis reveals how many near-misses a model produces, where a
prediction is similar yet not an exact match with regard to a target.

1.2.3 Adaptation in retrieval-based approaches

While domain adaptation is a common downstream task in NLP (Gururangan et
al., 2020; Lee et al., 2020; Howard et al., 2018), I propose evaluating how well the
continuous and the categorical approaches adapt to a new domain, as well as how
successfully these approaches ‘recall’ previously learned domains. This contribution
has the objective of advancing continual learning language models. This investi-
gation exposes architectural flaws in the categorical models rendering them as less
suitable to this task.

1.3 Organization of the Thesis

The next chapter of this thesis lays the groundwork for the original research that is
presented in the following chapters. In Chapter 2, I describe the role of language and
the goal of assistive technology in the context of AAC. I pay particular attention to
BCI settings and various language systems that may be integrated into such devices.
I also provide a review of language models and embedding spaces, and I elaborate
on the challenges of using neural-category-based language models. In Chapter 3,
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I argue for an alternative to the neural-category-based model: the continuous pre-
diction model. This chapter presents the continuous approach, and in particular
the proposed GAN architecture, and a thorough comparison of various categorical
and continuous models is made. Chapter 4 investigates possible continual learn-
ing language models that incrementally adapt to new domains in a word prediction
task. The categorical and the continuous approaches are compared and evaluated
on various aspects related to continual learning. I argue that the continuous models
offer a more promising architecture for this type of task. In Chapter 5, I investi-
gate ways to enhance the proposed language model: first, by combining it with a
categorical model; second, by using the proposed decoding mechanism; third, by
learning about the role of embedding space in the process; and fourth, by evaluating
several objective functions. Chapter 6 focuses on evaluating diversity in categorical
state-of-the-art models. A variant of the metric that is used to measure diversity
in Chapter 3 is proposed, shedding light on the diversity and long-tail prediction
of state-of-the-art models. Another diversity metric is proposed for model analysis.
This metric uncovers to what degree non-exact matches are semantically close to
their targets, and a possible link is shown between low performance on a downstream
task and low performance on the proposed evaluation metric. This thesis concludes
with a summary of its findings.
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Chapter 2

Preliminaries and Background

Society
noun
1. The aggregate of people
living together in a more or less
ordered community.

Oxford Dictionary

2.1 On the Roles of Language

An important aspect that differentiates humans from most animals is the ability for
social intelligence (SI). Social intelligence is defined as the ability to ‘get along well
with others while winning their cooperation’, according to Albrecht (2006).1 Con-
sidering this, human cooperation is not restricted to the tool-making that propelled
humans to the top of the food chain but in fact is expressed to a large degree in
humans’ ability to be sensitive to others’ interests and perceive others’ perspectives
on the world. This skill gives humans the ability to not only understand but also
predict others’ behavior, in what is defined as the theory of mind (ToM) (Premack
et al., 1978). As humans, throughout our lives we socially interact with other hu-
mans and frequently share our beliefs, intentions, desires, emotions, and knowledge,
among other aspects. Yet what happens if this faculty is taken away from us? There
may be various reasons that an individual struggles to establish social relationships,
leading to social isolation and loneliness (Cacioppo et al., 2008).2 This is particu-
larly the case for individuals with speech motor disorders that impair their ability to
partake easily in social interactions. However, perhaps an even more crucial outcome
of communication incompetency is survival; indeed, the ability to communicate is
indispensable in today’s society. The term ‘society’ is based on humans’ interactive
nature (Oxford, n.d.). Those individuals who struggle to find their voices can today
find ways to maximize their communication potential with the help of augmenta-
tive and alternative communication (AAC). Research in AAC is flourishing right

1It was originally defined in Thorndike (1920) as ‘the ability to understand and manage men
and women and boys and girls, to act wisely in human relations’.

2Loneliness as a scale recently has been systematized to describe the content levels of current
relationships (Goodman et al., 2017).
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now due to recent advances in hardware and software. According to the American
Speech-Language-Hearing Association (ASHA), the goal of AAC is to

‘study and compensate when necessary for temporary or permanent impair-
ments, activity limitations, and participation restrictions of individuals with
severe disorders of speech-language production and/or comprehension, in-
cluding spoken and written modes of communication’.(ASHA, 2004)

Speech-producing aids converting text-to-speech (TTS), hearing devices based on
speech recognition algorithms, and even brain-computer interfaces (BCIs) are all
aimed at facilitating communication and may help to create a more inclusive society.

2.2 Augmentative and Alternative Communication
(AAC)

As mentioned earlier, the main purpose of AAC devices is to improve to the extent
possible the communication of an individual who experiences communication dis-
abilities. There are various ways to do so, as presented in the following sections.
AAC can be divided into aided and unaided communication (Beukelman et al.,
2020). Unaided AAC does not require an individual to have an external device;
rather, the individual employs the body for communication. Many human beings
augment their communication with body language such as gestures, signs, vocaliza-
tions (e.g., bursts, sighs), and eye blinks, as well as sign language. Some of these
acts are shared conventions across cultures, but others may be predefined between a
patient and their caregiver. For instance, a patient and their caregiver may establish
the convention of blinking once for the word ‘yes’ and twice for ‘no’. Aided AAC
includes low- and high-tech solutions. An example of a low-tech device is a com-
munication board, as seen in Figure 2.1a. A patient learns to compose a message
by choosing from a symbol set board (containing figures and/or words). This board
can help a patient overcome their speech production difficulties. A typing stick, as
seen in Figure 2.1b, is another low-tech solution for individuals who may not be able
to voluntarily move their hands.

(a) Communication Board
(Assistive Ware)

(b) Typing Stick
(Allegro Medical)

Figure 2.1: Low-tech AAC devices.

One example of a high-tech AAC device is a digital communication board. Dig-
ital communication boards present rich symbol interfaces, as shown in Figure 2.2a;

Chapter 2 7

https://www.assistiveware.com/learn-aac/quick-communication-boards
https://www.allegromedical.com/daily-living-aids-c519/qualcare-clear-view-typing-aid-hand-typer-right-p209526.html


unlike a low-tech board, a digital board may have a dynamic display. Another
AAC example, a BCI, is shown in Figure 2.2b. A BCI is a way of ‘utilizing the
brain signals in a man-computer dialogue’ (Vidal, 1973). The type of BCI presented
in Figure 2.2b is for the purpose of verbal communication rather than movement
control or simulations. In the following subsections, I elaborate on different BCI
applications and interfaces.

(a) Digital Board
(Lyra symbol to speech)

(b) Brain-Computer Interface
(CAMBI labs)

Figure 2.2: High-tech AAC devices.

2.2.1 BCI systems

Various disorders can disrupt the neuromuscular channels through which the brain
communicates with its external environment. Brainstem stroke, brain or spinal
cord injury, amyotrophic lateral sclerosis (ALS), cerebral palsy, muscular dystrophy,
multiple sclerosis, and other diseases impair the neural pathways that control the
body’s muscles. In the United States alone, nearly two million people are affected,
and there are many more around the world (Ficke, 1992; Health et al., 1992; Murray
et al., 1996). Having a BCI can provide these individuals with basic communication
abilities (Rezeika et al., 2018). A BCI system allows an individual to control a
computer through their brain signals. The system measures a specific brain activity
and converts it in real time to commands for communication and control (Wolpaw
et al., 2002). Originally BCIs were developed to control external apparatuses, or
prosthetic devices (Vidal, 1973). This project was started in the 1970s by researchers
at the University of California, Los Angeles, together with DARPA.3 Today’s full-
fledged BCI systems allow for mobility through both movement control (Ma et
al., 2017) and limb control (across ages, for various neuronal dysfunctions) (Chi
et al., 2018; Manero et al., 2019). In the past decade BCIs have also been used for
AAC communication, including message typing (Orhan et al., 2012), as mentioned
earlier.4,5

Invasive vs. non-invasive BCIs

There are two main types of BCIs: invasive and non-invasive. Until recently,
the leading approach was non-invasive electroencephalography (EEG)-based BCIs.

3 Vidal (1973) mainly addressed limb injuries faced by military members in war zones
4I suspect communication BCIs eventually will be used not only to address communication

disabilities, but also to facilitate communication within the wider population.
5BCIs are used in the gaming industry and other fields that are not covered here.
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These BCIs elicited brain signals through an EEG cap made with electrodes attached
to the scalp. EEG was discovered in the beginning of the 20th century when an ani-
mal’s signal was first recorded (Pravdich-Neminsky, 1912). Over time the technology
progressed to include a higher-quality signal acquisition device made possible by in-
vasive electrocorticography (ECoG) (Palmini, 2006). Whether to employ invasive
or non-invasive BCI is a question of trade-offs. Waldert (2016) offers a review of
the trade-offs related to the different techniques, pointing to several criteria that
merit consideration. First, the sensitivity level of a technique may be a factor. EEG
requires many more neurons to produce a signal in order for the signal to propagate
to the electrodes on the scalp, while extracellular action potentials and local field po-
tentials (both of which are common forms of ECoG) can detect a signal from smaller,
more localized regions (Waldert, 2016). When EEG detects a signal from a small re-
gion, the signal-to-noise ratio (SNR) is much greater than the alternatives. Second,
non-invasive signals are limited to a small range of frequencies to be elicited from the
brain as they act as low pass filters (< 90 Hz), while invasive techniques are capable
of a greater range (up to several kHz ranges) (Waldert, 2016). Third, the indirect
interface of an EEG cap produces a distorted signal resulting from the transition of
the signal through the cerebrospinal fluid, skull, and scalp (Waldert, 2016), though
ways to mitigate this distortion have been proposed (Michel et al., 2012). The type
of signal retrieved from a user can be more complex when employing ECoGs. For
instance, it can be read from the motor cortex to recover speech, as done in Angrick
et al. (2019); however, this would require the user to think about saying a word. On
the other hand, EEG often operates by the odd-ball paradigm (Donchin et al., 2000;
Higger et al., 2016; Fried-Oken et al., 2015), such that the interface requires identi-
fying the intended target and choosing it by producing binary responses to a set of
proposed candidates. The information transfer rate is higher in ECoG in part due to
that reason. On the other hand, Blabe et al. (2015) reports that individuals are less
inclined to undergo the invasive procedures required when using ECoGs. There is a
non-negligible rate of complications caused by using invasive techniques: Rolston et
al. (2016) reported 3.4 and 9.6 major and minor complications among the 177 cases
examined in their study. In addition, privacy concerns related to using ECoGs have
been discussed by Ahmadi et al. (2014) and Chaudhary et al. (2018). While these
concerns also apply to EEG, they are exacerbated by invasive techniques. Overall,
according to Waldert et al. (2009), EEG yields lower performance than extracellular
action potentials, as well as local field potentials. However, despite the high quality
and the promise of ECoG, complications, risks, and user acceptance still stand in
the way of its widespread usage.

I focus on EEG-oriented interfaces for communicational BCIs in the following
sections, as this is the project I participated in; however, the implications of this
thesis are pertinent to invasive techniques that incorporate language models as well.
In order to spell a message, a user has to interact with an interface. I discuss here
the three different interfaces for BCIs that are presented in Figure 2.3. First, as
shown in Figure 2.3a, a row-column scanner scans the each row in order to narrow
the search for the row where the target letter is found, and then each column is
scanned in order to find the target letter (conditioning on the row) for choosing the
intended letter within that row. The signal elicited during scanning is the p-300
which is associated with decision-making, as first discovered by (Chapman et al.,
1964). Second, as shown in Figure 2.3b, letters are grouped into boxes, and each
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(a) Row-Column
Scanner
Donchin et al.
(2000)

(b) SSVEP
Higger et al. (2016)

(c) RSVP-Keyboard
Fried-Oken et al.
(2015)

Figure 2.3: Communication interfaces of BCI.

box’s frame flashes light in a different frequency in a steady-state evoked potentials
(SSVEP) (Cecotti, 2010). When a match is found between a box and the elicited
signal frequency (or harmonics), a splitting takes place (regrouping of the letters
in the chosen box) in an iterative process until the target letter is found. Third,
as shown in Figure 2.3c, a p-300 signal is elicited through a rapid serial visual
presentation of letters: RSVP-Keyboard (Orhan et al., 2012). This interface is more
flexible in nature as it allows for scaling to a large vocabulary symbol set. This may
not be as simple for the previously presented interfaces, as they are conceptually
more discriminative in nature, requiring other approaches to encompass the complete
vocabulary during signal acquisition.

2.2.2 Icons

Icons in nature are aimed at augmenting communication. I will present a brief
history about the origins of icons and then how icons are employed today in the
context of AAC. Four millennia before icons were used to communicate and prior
to the development of Mesopotamian script, around 8000–3000 BC, tokens were
used. Tokens were geometric shapes such as cones, spheres, and discs, each of which
conveyed a single concept associated with goods (Schmandt-Besserat, 2010). For
instance, a disc and a cone meant a grain basket and an oil jar, respectively; x discs
and y cones meant x baskets of grains and y oil jars, respectively. Tokens mainly
conveyed semantics, which was part of a convention system, and they lacked any syn-
tax. Around 3500 BC, the token system led to the development of writing. Tokens
represented debt and were stored in an envelope that was a ball-shaped clay con-
tainer. To prevent himself from opening it, the envelope owner made an impression
mark on the external side of the envelope for bookkeeping purposes (Schmandt-
Besserat, 2010). An additional milestone happened in about 3100 BC, when there
was a transition from one-to-one mapping to plurality representation. Plurality
representation allowed for more information to be conveyed with less ‘bits’. Icon
usage of pictograms is the most ancient method for visually representing verbal
communication. Like any other writing system, this ancient method was based on
a shared understanding of meanings and their character set. Later on, logography
was introduced. Logography assigned a single pronunciation to a sign indicating
the individual who owned goods for accounting purposes (Schmandt-Besserat et al.,
2008). The man and mouth signs were associated with a single specific sound. Cur-
rent writing systems evolved from icons that initially represented the conversants’
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physical environment and gradually became a form of abstract representation. For
example, the meaning of the fish symbol became detached from its shape. Abstract
concepts detached from the physical world started to emerge and shape the lan-
guages humans speak today. For instance, the signs on the Mesopotamian block
in Figure 2.4, in which each row represents a more advanced era, were gradually
abstracted from the original environment. This graphic evolution occurred mainly
during cuneiform and was a precursor for alphabet writing systems (Walker, 1987).

Figure 2.4: Cuneiform signs, with each sign’s pictographic forms at 3000 BC, 2400
BC, and 650 BC presented in vertical order. (Walker, 1987)

Today icons can be employed in situations in which the symbol set of a language
may not be accessible to an individual due to an injury, for instance, that prevents
them from inferring meaning from a written language or easily producing intended
words. Ponsford et al. (1995) indicated in their experiment that as many as 70% of
individuals with traumatic brain injury (TBI) report word retrieval problems, while
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35% report comprehension difficulties. Aphasia, as another example, is a condition
defined by an inability to comprehend and formulate language caused by damage to
specific brain regions (Damasio, 1992). A study by Koul et al. (1998) found a ‘facil-
itative effect on the learning of graphic symbols by individuals with severe chronic
aphasia’; in other words, icons were a supportive alternative for communication.6
The usage of icons may also have to do with a younger age range, as icons are more
intuitive for communicators to understand during the pre-reading skills period. The
usage of icons in a picture exchange communication system (PECS) was found to
increase communication in the form of requests and comments made by elemen-
tary school-aged children. A similar study by (Kravits et al., 2002) showed that
icons used in functional communication training (FCT) elicited more requests from
children with autism (Hines et al., 2008).

Icon-based AAC systems

The Blissymbols (Bliss, 1949) language was created by Charles Bliss, a Jewish person
who escaped Nazi Germany to a concentration camp in China and developed an
icon-based writing system. This system was widely adopted for AAC purposes
in 1970-1980. Blissymbols was a compositional language containing equivalents to
nouns, verbs, and adjectives in the form of material things, actions, and human
evaluations. MinSpeak (Baker, 1982) is another symbol system whose goal was to
enable individuals with impaired communication abilities to communicate through
icons and icon combinations that were based on multiple-meaning iconic encoding.
For example, an icon with an image of a frog could refer to the concepts of ‘frog’,
‘green’, ‘jump’, and ‘water’. Pairing frog with other icons could lead to various
concepts as well: frog + cup is ‘pond’, frog + rainbow is ‘green’, and frog +
arrow is ‘jump’, as explained in Glennen et al. (1997) (see Figure 2.5 for another
example). Patel et al. (2004) subsequently argued that additional flexibility may

Figure 2.5: MinSpeak rule-based picture symbol sequencing used in the interaction
Education and Play Plus MAP system (Bruno, 1988).

be required and proposed relaxing the linear constraints of word order to produce
6The subjects were adults who were considered literate.
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messages. For example, any combination of (girl, go, home) could be used to
produce the following sequence: ‘The girl is going home’. Patel et al. argued
that this would make for more natural and efficient communication. Around the
same time of Minspeak, DynaVox (Friedman et al., 1983) was producing another
icon-based AAC system. To overcome the limitations of a limited icon display,
DynaVox relied on a varying display from which individuals chose icons. This system
also made an attempt at predictive typing. For instance, in an early DynaWrite
version, the creators included a picture retrieval that was based on spelling: for
instance, a child would type the first letter, and the images beginning with that
letter would be displayed until a single image was left. Keskinen et al. (2012)
advanced picture-based communication by developing an instant messaging service
called SymbolChat. SymbolChat was fully customizable and did not require prior
training to use. Wiegand et al.’s (2012) SymbolPath was another icon-based piece
of software, allowing the user to generate a sentence through a touchscreen or by
gazing over a board that grouped words by functionality, as shown in Figure 2.6 A

Figure 2.6: Sentence generation by traversing target words on the board (Wiegand
et al., 2012b).

more pertinent example of an icon language is SymbolStix (Clark, 1997), which is
used in several commercial AAC applications today including a weekly newspaper,
learning tools, and educational games. Incorporating SymbolStix into spellers is
a research question I previously addressed (Dudy et al., 2018), and triggered the
questions that are raised in this thesis.

The aforementioned systems are focused on AAC and often form independent
icon languages. In recent years emoticons and emojis have become an integral part of
humans’ symbol set, as they are embedded in almost every technology-based writing
system. McCulloch (2020) described emojis as a supplement to and embodiment
of written text. Text that is detached from emotions, informal text, and texting in
particular can be challenging to decipher simply because the conversation partners
cannot hear or see one another. Emojis and emoticons (:-D) attempt to address
this void by symbolically representing emotions or other mental states, thereby
making it seem as if the conversation partners are speaking to one another in person.
McCulloch further split the emoji symbol set into two types of families: a group of
co-speech devices and a group of emblems. One way to differentiate the two is by
considering their use in sequences. Co-speech refers to making illustrative gestures
in a fluid way to convey a single concept such as ‘happy birthday’ or ‘danger’, as if
describing the concept to another person using body language. On the other hand,
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emblems may repeat but are less likely to combine well with other emojis. This is
because their conventional meanings may not be taken at face value but rather be
more context-dependent and representative of discrete ideas. Therefore, emojis are
also defined as AAC, as they help humans convey another dimension of information
through text with the goal of augmenting communication.

This section described various types of assistive technology. I focused on AAC
with BCIs in particular, as well as BCIs’ different interfaces and alternative symbol
systems for communication in AAC settings. In the following section, I focus on
another core component of this work: language models, to which these icons (or
various symbols sets in general) are often incorporated. Language model in the
context of AAC help propose the next symbol to the user.

2.3 Language Models

Languages, and sentences in particular, are not random sequences of tokens; rather,
they are formed under a certain logic that is realized in a set of patterns. The
foundation for this assumption was laid in 1913 by Markov (an English-language
translation based on the Russian source is in Markov (2006)). Markov chains were
used to make predictions about whether the upcoming letter in Pushkin’s ‘Eugene
Onegin’ was a vowel or a consonant. Shannon (1948a), who is assumed to have been
influenced by Markov chains, applied the n-gram approach to language modeling
(described in section 2.3.2) to English word sequences. The foundations set by
Markov and Shannon rely on the statistical deduction of probabilities based on
textual data. In several influential papers (Chomsky, 1956; Chomsky et al., 1957;
Miller et al., 1963), Chomsky argued that probabilistic approaches, and Markovian
methods in particular, are not suited to describing the cognitive processes that take
place in the brain to generate language. Chomsky claimed that while Markov and
Shannon’s probabilistic approaches provide an engineering solution that may at best
describe how to generate language, the lack of accounting for why these methods may
be similar to how language is produced makes these methods fruitless. Chomsky thus
instead advocated for non-statistical approaches. In Chomsky (1956), Chomsky et
al. (1957), and Miller et al. (1963), Chomsky argued for a generative grammar theory,
which is a system of rules that explains how sentences are generated.7 Among the
many controversial objections made in the paper, one objection I found in Chomsky
et al. (1957) to be especially compelling is that since these models are frequency-
based, they may fail to produce valid sentences (grammatically correct sentences that
describe plausible situations, as opposed to ‘colorless ideas’ phrases) such as those
that humans generate, simply because these sentences may be constructed of less
likely tokens or form less likely sequences. This comment in particular is investigated
in Chapter 6. A couple of decades later, two laboratories worked towards speech
recognition systems. One of them was at CMU (Baker, 1975), and the other was
at an IBM research center. The laboratories collaborated in applying tri-grams
following Shannon (1948a) to language modeling, marking the rise of statistical
approaches (Baker, 1990; Jelinek, 1990). The n-gram technique dominated the field
of natural language processing until nearly a decade ago, when neural networks
started to become popular through Bengio et al. (2003) who introduced a more

7Deterministic/rule-based language models are not covered in this thesis.
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robust modeling approach. In the following section, I mainly discuss n-grams in
section 2.3.2 and neural networks in section 2.3.4 as means for language modeling;
I also consider their relevant language model applications.

2.3.1 Language models’ application

Today speller systems in AAC, and many text-entry prediction methods employed
by our smartphones (Zaykovskiy, 2006), rely on back-end algorithms called language
models (LM). Drawing on an interface perspective, Light et al. (1992) proposed
a dynamic display for AAC systems that would enable scaling of the vocabulary.
Given the predictive nature of language models, incorporating such models into AAC
systems has been shown to reduce increase the rate of typing, as well as the quality of
typing. To this end, Speier et al.’s (2016) review on incorporating language models
into BCI speller systems lists several axes on which language models’ incorporation
improves the spelling process: output characters per minute (OCM), information
transfer rate (ITR), theoretical bit rate (TBR), accuracy (ACC), and symbols per
minute (SPM). Some of these measurements reflect speed and others quality. For
instance, Ryan et al. (2010) reported 40% improvement on OCM when employing
a word completion algorithm using a dictionary as a language model as opposed
to a non-predictive speller. Orhan et al. (2011) reported an increased ACC when
using various n-gram language models learned through recursive Bayesian estimation
compared to relying solely on EEG signals. Speier et al.’s (2011) study showed a 50%
increase in ITR on a p300 speller with an n-gram approach. Finally, Kindermans
et al. (2013) showed a 61.4% SPM improvement when using n-gram-based p300
spellers. A particular limitation when considering the techniques of many of these
studies, though, is that much of the research conducted was based on use patterns of
healthy people (Speier et al., 2016) and very few laboratories evaluate their systems
with target BCI users (Orhan et al., 2011; Oken et al., 2014; Mainsah et al., 2015).
Language models have also been shown to be promising when incorporated with
icon-based AAC systems. For instance, Wiegand et al. (2012a) proposed using a
bag-of-words-like prediction instead of forcing a user to be subjected to word order
when composing a message, and Dudy et al. (2018) simulated an icon language
(based on textual patterns) in order to train a language model (which as mentioned
triggered the questions in the following Chapters, though this work is not the focus,
and will not be elaborated in what follows).

Language models play a crucial role in many speech and language applications
as well. Katz (1987) presented a language model ‘back-off’ smoothing technique
to overcome language sparsity. When Katz’s (1987) approach was evaluated on
IBM’s ASR,the model demonstrated perplexity on par with that of alternative lan-
guage models, assisting in real-time isolated word recognition. Nanjo et al. (2003)
presented ways to improve speakers’ recognition rates and accommodate pronunci-
ation variations by directly adapting to speakers’ data (including LM adjustments).
Furui (2005) proposed a way to overcome speech recognition performance on spon-
taneous speech, pointing to a mismatch that requires collecting and training models
on spontaneous speech rather then read speech when these ASRs were deployed on
the latter’s settings. Most work by the time of Nanjo et al. (2003) was based on
count-based approaches. Graves et al. (2014) presented an end-to-end approach for
ASR, with the connectionist temporal classification marking the beginning of the
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neural network era in speech recognition. Various neural models were proposed in
modeling speech that integrate LMs implicitly (Chorowski et al., 2015; Graves et al.,
2013) and explicitly (Kim et al., 2017; Hinton et al., 2012). Language models were
also introduced in vision-based applications of optical character recognition (OCR)
(among other applications). Chang et al. (1995) was the first to propose a way to
integrate a language model into OCR systems as a constraint for the types of words
or strings the algorithm initially recognizes and through that to possibly recover
unseen characters given sufficient context. Such models became a common practice
(Kompalli et al., 2009; Fischer, 2012).

2.3.2 Statistical language models

Following the review of how language models are integrated in AAC systems and
other applications, inevitably we ask how do language models work? As mentioned
earlier, the statistical approach to modeling a language can be illustrated by for-
mulating a probability distribution p(s) over strings s that attempts to reflect how
frequently string s occurs as a sequence. p(s) is regarded as a sequence of tokens
p(wn1 ) that is modeled based on the joint probability of a string of tokens, as shown
in Eq. 2.1 (and the chain rule):

p(wn1 ) = p(w1, w2, w3, ..., wn)

= p(w1)p(w2|w1)p(w3|w2
1)p(wn|wn−11 )

=
n∏
k

p(wk|wk−11 ) (2.1)

Estimating these probabilities quickly becomes impossible due to the long depen-
dencies involved in the computation of (time-wise) advanced tokens in the sequence.
The dominant approach to addressing this problem had been to employ a stochas-
tic count-based approach called n-grams (Chen et al., 1999).8 N-grams are based
on the Markovian assumption (Damerau, 1971) that simplifies the aforementioned
dependencies to compute a token’s probability based only on the first few tokens
immediately preceding it, resulting in Eq. 2.2. For instance, a two-gram or bi-gram
case is one in which the the current token is conditioned on the previous token.

p(wn1 ) =
n∏
k

p(wk|wk−1) (2.2)

Given a textual corpus, computing a bi-gram probability requires calculating the
ratio of the number of times a word and its context appeared in the text to the
number of times the context appeared in the text irrespective of what followed.
This is a maximum likelihood estimation (MLE) (Eq. 2.3):

p(wn|wn−1) =
C(wn−1, wn)∑

w C(wn−1)
(2.3)

8There were also hidden-Markov language models that were presented by Kuhn et al. (1994),
though they were not a common alternative.
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A tri-gram probability is computed by conditioning a probability on the two
tokens tokens immediately preceding the current one; therefore, an n-gram model
describes the general case. Unigrams are computed based on the frequency of every
token type in the corpus. N-grams allow both for feasible computation and a degree
of dependency on previous observations.

One major advantage of employing an n-gram approach is that it is a white-box
language model. In other words, one can reverse-engineer the decisions the model
produces relatively easily. To illustrate the white-box strength, I built an n-gram toy
model using the openfst (Allauzen et al., 2007) toolkit, which has a weighted finite
state representation. Figure 2.7 shows a finite state representation in which the unit
of prediction is a character that forms strings that produce words, with the goal
of representing a word-based vocabulary of three different words: ‘happy’, ‘home’,
and ‘hole’. This is a compact representation that has states, arcs, and different
symbols that are associated with transition probabilities. Since all the words in this
language begin with ‘h’, ‘h’ is the prefix of every word and therefore it is associated
with a probability of 1 to form a valid prefix in this language. On the other hand,
if an ‘h’ prefix is typed (in an attempt to spell a word in this language), then there
is about a one-third chance ‘a’ will be chosen to follow ‘h’ (producing the word
‘happy’) and twice as many chances that ‘o’ will be chosen (producing either ‘home’
or ‘hole’). Understanding the transitions helps elucidate the internal process of the
LM and thereby make it transparent; in other words, a white box. This helps with
controlling the probabilities in a more straightforward way.

Figure 2.7: A letter-based language model lattice.

Another advantage is the count-based models can provide an estimation for an
unseen term. As shown in section 2.3.2, this process helps in situations in which
a certain sequence cannot be found in the lattice and the goal is to compute the
probability of that particular sequence. For instance, computing the probability
of the sequence ‘how’ would default to computing αp(‘h′)p(‘o′|‘h′), as there is no
information regarding the p(‘w′|‘o′). In a way, though, the problem of sparsity is
inherent to the nature of n-grams. The problem is handled differently in neural
approaches. The limitations of this approach in the context of neural networks are
discussed further in section 2.3.5. In the following section, another approach to
language modeling is described: neural network language models.

Smoothing

One question with such models is how to evaluate unseen probabilities. For
instance, if one wishes to compute p(wn|wn−1) given that the textual document
does not contain the word wn. For example, let’s compute the probability of the
sequence ‘how can I find the Arboretum’, where wn is associated with the word
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‘Arboretum’, however, the word ‘Arboretum’ was not seen in the training set. Since
this word-type (‘Arboretum’) exists in the language, it therefore should be assigned
some probability, even if the word was not seen during training (a zero probability
for the given sequence is the outcome of an un-smoothed language model). How
should this probability be assigned? Various approaches have been devised for this
purpose. While there are other techniques (Brown et al., 1992) for overcoming data
sparsity, smoothing is a common one in n-grams. In this section I elaborate on
several common n-gram-oriented smoothing techniques.

One way is to perform Laplace smoothing, which is based on the add-one estimate
that is attributed to Jeffreys (1998) (this work is based on the theory by Laplace
(1902)). During Laplace smoothing, bi-gram probabilities (as an example) are com-
puted in the following way to avoid zero-probability assignments to unseen tokens:

p(wn|wn−1) =
C(wn−1, wn) + 1∑
w C(wn−1) + |V | (2.4)

However, Gale et al. (1994) argued that the add one approach performs poorly.
Following the Good-Turing estimators by Good (1953), Church et al. (1991) and

Gale et al. (1995) presented a Good-Turing estimation as a smoothing approach for
n-grams. The Good-Turing smoothing is based on the idea that probability mass
could be reallocated from n-grams that occur r + 1 times to n-grams that occur r
times, with a focus on reallocating from single events to n-grams that were never
seen. To that end, for each count an adjusted r is computed:

r∗ = (r + 1)
nr+1

nr
(2.5)

where nr is the number of n-grams seen exactly r times.

pGT = (x : c(x) = r) =
r∗
N

(2.6)

Jelinek et al. (1990) presented n-gram smoothing with a fixed coefficient inter-
polation that combined MLE (Eq. 2.3) with interpolated probabilities, assigning
smoothed probabilities recursively and relying on partial data.

pinterp(wn|wn−1n−i+1) = λn−1n−i+1pML(wn|wn−1n−i+1) + (1− λn−1n−i+1)pinterp(wn|wn−1n−i+2) (2.7)

where λn−1n−i+1 can be estimated and is context-dependent (higher λs for longer con-
texts) and is calculated per context length. This has been applied to domain adap-
tation (Bellegarda, 2004) where a modified version is

pinterp(wn|wn−1n−i+1) = λpD1(wn|wn−1n−i+1) + (1− λ)pD2(wn|wn−1n−i+1) (2.8)

In domain adaptation usually the assumption is made that a small targeted domain
(for a particular task) is available that could benefit from general patterns (and
reduced sparsity) when mixed with a large general textual corpus. I apply this
approach in section 5.2 for a purpose other than domain adaptation.

Another prominent smoothing approach was proposed by Katz (1987). This
approach allows back-off to shorter contexts. Here I examine a tri-gram version
(Eq. 2.9):

p(wn|wn−2wn−1) =


p(wn|wn−2wn−1) ifC(wn−2wn−1wn) > 0

αp(wn|wn−1) ifC(wn−2wn−1wn) = 0 ∧ C(wn−1wn) > 0

αp(wn) else

(2.9)
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How can the best approach for a given task be determined? The next section
discusses common evaluation metrics for structured prediction LMs assuming an
expected target, as is the case in a word prediction task.

2.3.3 Evaluation metrics

The various smoothing approaches described and the improvements achieved
were mainly evaluated following Shannon (1948b), who brought the concept of en-
tropy from thermodynamics to information theory. This has become a common way
of evaluating a model’s probability distributions. Perplexity (PPX), which is a vari-
ation on entropy, indicates the level of confidence of a language model with regard
to a certain textual document, as observed through the probability assignment to a
certain target. As seen in Eq. 2.10, computing PPX involves averaging the prob-
ability mass (q(x)) assigned to an ‘expected’ word transition found in the textual
document. A higher probability mass for the expected transition (one which is po-
tentially more skewed towards an expected transition) indicates increased confidence
in the language model for that particular transition and suggests that the model may
represent the language patterns of that corpus more reliably than a model with low
confidence. Technically, if q(x) is high, the term in the power position will be lower,
and therefore the lower the PPX, the more optimally the predicted patterns have
been learned. The purpose of language models is therefore to predict the patterns of
the language. Perplexity can be compared only within the same data set, and since
it is not an absolute score, PPX is meaningful when compared to other models. It
describes a relative difference; it is not an absolute scoring technique.

PPX(p) = 2

−
∑
x∈X

q(x) log p(x)

(2.10)

Another metric pertinent to the thesis topic called Distinct-N was proposed by Li
et al. (2016a). This metric measures how diverse the tokens are given a generated
textual response. To indicate how varied the response is, the metric represents the
number of unique n-grams scaled by the total number of generated tokens.

Additional aspects evaluated in language models are complexity computations
for efficiency and accuracy metrics when a target reference is expected. These are
considered intrinsic evaluations. Currently many tasks in natural language process-
ing (NLP) rely on language models for downstream predictions such as question-
answering, natural language inference, and sentiment analysis that follow task-
specific metrics by which to evaluate performance.9

2.3.4 Neural network language models

A more prominent type of language model than the n-gram models are the nerual
language models. Perhaps a precursor to the neural network language models and
neural networks in general was the Perceptron model introduced by Rosenblatt

9In speech recognition, the common metrics employed are phoneme error rate and word error
rate; in tasks of machine translation, which I do not cover in this thesis, BLEU (Papineni et al.,
2002) scores, METEOR (Lavie et al., 2009), and others have been applied.

Chapter 2 19



(1957). The Perceptron model consisted a single layer of input functions and a sin-
gle output. This model was criticized by Minsky et al. (1969) for the assumptions
that it made that did not enable parity computing (such as computing XOR), result-
ing in what is referred to as the AI Winter (Crevier, 1993). Nonetheless, important
breakthroughs gradually accumulated, contributing to the development of the cur-
rent neural nets. Rumelhart et al. (1986) introduced the back-propagation concept,
which suggests a network cannot only measure the error of a predicted representa-
tion in relation to a target representation, it can also inform the network how to
improve its predictions so that they are closer to desired target. This can be done
by updating the network’s weights and has been demonstrated on a basic prediction
model of language, a precursor to neural network language model (NNLM).

Following the introduction of the back-propagation concept, Elman (1990) intro-
duced the first basic architecture for neural network language modeling: recurrent
neural network language modeling (RNNLM). This architecture is comprised of a
recursive-behavior component and a final layer to produce an estimate for a given
target. The recursive component enables the processing of temporal sequences that
do not require an additional dimension of an input to be represented, also referred to
as a memory unit.10,11 In RNNLMs, a node can access the previously-processed input
node and affect its subsequent ‘behavior’. Elman (2004) subsequently entertained
the idea that in his previous work (Elman, 1990), the RNN’s hidden layer simulated
activations that may take place in the brain, bridging the difference between the
symbolic (e.g., n-grams) and the connectionist approaches, where activations of the
same word can be realized differently depending on their contexts. For instance,
in a connectionist model, there are different representations for the verb ‘play’ and
the noun ‘play’, and these different representations are claimed to be a strength
of this approach. The RNN unit has evolved to enhance the model’s memory, as
well as overcome the exploding/vanishing gradients noted by Pascanu et al. (2013).
The basic recursive unit has evolved over time. Long short-term memory (LSTM),
introduced by Hochreiter et al. (1997), offered a sophisticated gating strategy that
was integrated into an RNN node; a gated recurrent unit (GRU) was subsequently
introduced by Cho et al. (2014) as a less complex alternative that also was inte-
grated into an RNN node. Recently Vaswani et al. (2017) proposed a way to allow
for the parallel processing of sequences, presenting a new architecture called the
Transformer. This architecture somewhat contradicts the underlying idea of the
implicit decoding of time by introducing explicit temporal markers to be provided
as inputs while speeding up the runtime under some settings.

Following the advancements in the field, Bengio et al. (2003) formalized NNLM
and pointed to possible flaws in traditional n-grams to illustrate how neural language
may provide an alternative to overcome them. First, NNLM can overcome the
limited context of n-grams, making it possible to predicting a token conditioned on
a greater number of previous tokens. Second, n-grams do not account for similarity
between words. For instance, in the sentences ‘the cat sat on the mat’ and ‘the dog
laid on the carpet’, the similarities of (‘cat’,‘dog’), (‘sat’, ‘laid’), and (‘mat’, ‘carpet’)
can be learned through a neural net contributing to generalized predictions since

10 Elman (1990) resolved the debate over XOR (or parity computation) by demonstrating the
network capabilities in learning that pattern.

11Smolensky (1988) proposed an alternative approach to symbolic systems, which are often at-
tributed to universal grammars, for modeling language. This approach is regarded as subsymbolic.
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Figure 2.8: Sending forward the previous hidden state weights in RNNs.

semantically similar words form similar activation functions. N-grams may not draw
on these similarities when constructing a lattice. Bengio et al. (2003) showed that
NNLM obtained lower perplexity than smoothed tri-gram models on medium and
large vocabularies of 1.2 million and 34 million tokens, respectively. Bengio et al.
reported that the feed-forward network outperformed the RNN version. On the other
hand, NNLM were found to fall short when predicting infrequent terms in the large
vocabulary settings of GiGaWord (Napoles et al., 2012) and Penn Treebank (Marcus
et al., 1994), as reported by both Chen et al. (2016) and Neubig et al. (2016).

Another advancement in NNLM was made by Sutskever et al. (2014), who devel-
oped a sequence-to-sequence (seq-2-seq) architecture that permits the varying-length
sentence prediction that is desired in machine translation. This is because semanti-
cally parallel sentences in two languages may require a non-equal number of tokens
to be realized. The seq-2-seq architecture is comprised of two LSTM units: one that
encodes the input and another that generates an input-conditioned output (also
referred as the encoder-decoder). Prior to this work, a single LSTM unit formed
the network, making the output tokens correspond to the number of input tokens.
Sutskever et al.’s (2014) work outperformed previous statistical machine-translation
(MT) systems. Eq. 2.11 describes how the process of translating to a target language
in encoder-decoder form generates a c vector. This vector represents a fixed vector
of the input tokens (as a hidden state) that conditions the generation of yi together
with the previous tokens:

p(yi|y1, y2, .., yi−1, X) =
i∏
t=1

p(yt|y1, ..., yt−1, c) (2.11)

Another outcome of NNLM was the direct usage of internal layers for embedding
space representation that was introduced by Mikolov et al. (2013a) (see Sections 2.4.1
and 2.4.2). Bahdanau et al. (2014) presented the attention mechanism in language
models, wherein a learned set of weights is trained to ‘attend’ to a particular area
in the token history that has been fed into the system. In Eq. 2.12, yi is predicted
based on the varying context vector ci together with the previously predicted vector
yi−1 and the previous hidden state of the decoder si−1 to produce the current hidden
state of the decoder:

p(yi|y1, y2, .., yi−1, X) = g(yi−1, si, ci) (2.12)

where

si = f(si−1, yi−1, ci) (2.13)
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However, the attention vector ci is learned as a function of the position of the output,
decoding relevant features from the output by varying the weight of each of the input
hidden states.

ci =
Tx∑
j=1

αijhj (2.14)

This model outperformed the previous simple RNN-based encoder-decoder on an
MT task using BLEU scores (Papineni et al., 2002). Vaswani et al. (2017) who, as
mentioned earlier, proposed restructuring RNNLM to allow for parallel processing,
made a transformer work well in parallel due to several ‘attention heads’ and ‘self
attention layer’ components. These helped the model to achieve higher BLEU scores
than previous neural models on MT tasks.

Alec et al. (2018) presented a Transformer-based unidirectional language model
called generative pre-training (GPT) that scored higher on nine out of eleven NLP
tasks than earlier models. Devlin et al. (2018) then introduced the Transformer-
based Bidirectional Encoder Representations (BERT), which outperformed GPT
and previous models on eleven downstream tasks of natural language inference,
including question-answering on the GLUE benchmark (Wang et al., 2018) and
SQuAD (Rajpurkar et al., 2016a) (Stanford’s Question-Answering Dataset). BERT’s
influence on the field has been widespread across NLP communities, leading to the
release of various fine-tuned BERTs in the biomedical (Lee et al., 2020), medi-
cal (Rasmy et al., 2020), clinical (Alsentzer et al., 2019), and scientific (Beltagy
et al., 2019) domains, among others.

Recently, BERT (or the field of Bertology) has drawn criticism; there has also
been pushback against the current trend toward big models such as BERT. Bender
et al. (2020) published an influential work that questioned the evaluation procedures
and their contribution to natural language understanding. In the next section I
explore less common neural architectures of NNLM that are based on generative,
rather than discriminative, learning. The reason generative approaches are discussed
is that my proposal is based on a generative model of language modeling. This
subsection concludes with a summary comparison of the NNLM and count-based
language model approaches.

Generative approaches

While generative approaches have not been at the forefront of neural language mod-
eling, I cover two approaches that are related to the type of modeling proposed in
this thesis. These generative approaches are an alternative to the current discrim-
inative NNLM presented earlier. Due to the popularity of discriminatory NNLM,
generative NNLM work has been devalued. It is important to note that the work
on generative architectures’ language models has focused on the category-based pre-
diction of classes/words, and to the best of my knowledge, the continuous output
prediction of generative approaches (or of embedding representations, which the
next section covers) has not been researched yet.

The basic concept of a generative approach is modeling the joint probability dis-
tribution p(x, y), while that of a discriminative approach is modeling the conditional
probability distribution p(y|x).
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Generative adversarial networks (GAN) were first introduced by Goodfel-
low et al. (2014) as a min-max dynamic of two players, a generator and a discrimi-
nator with the following loss:

min
G

max
D

L(D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz [log(1−D(G(z)))] (2.15)

where the generator is aiming to imitate a real distribution p(x) through learn-
ing a latent distribution p(z) and the discriminator learns to not ‘be fooled’ by
the generator’s imitations. While both are expected to improve their performances
over time, the GAN’s theory suggests that optimal convergence is achieved by suc-
cessfully training a generator such that the discriminator cannot distinguish the
true from the real samples. Figure 2.9 illustrates the aforementioned process and
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Figure 2.9: Illustration of GAN structure.

reflects the fact that the discriminator’s decisions affect both itself and the gen-
erator. Zhang et al. (2016) proposed overcoming the discrete GAN outcome and
rendering a non-attainable gradient (either correct or incorrect) in the system by
replacing the predicted class with its corresponding embedding representation to
create the continuous representation of a sentence. Yu et al. (2017) subsequently
proposed SeqGAN to generate sequences of tokens, overcoming the gradient prob-
lem as well but by adopting a reinforcement learning approach. G is a stochastic
policy generator and can be rewarded for choosing from a distribution of actions,
and G is updated for its mean and variance (as it is assumed to be Gaussian), mak-
ing for suitable gradient learning. Xu et al. (2018) proposed a diversity-promoting
GAN for generating text. The proposed loss function incorporates rewards for novel
and fluent words and penalties for repeated tokens. The researchers also proposed a
cost function for the overall sentence novelty. Lamb et al. (2016) proposed providing
the discriminator with the generator’s intermediate hidden units rather than its dis-
crete output (or a hot representation). This strategy makes the system differentiable
and has been shown to achieve promising results in tasks’ character-level language
modeling as well as handwriting generation.
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Variational autoencoders (VAE) were presented by Kingma et al. (2014)
and Rezende et al. (2014). The goal of a variational autoencoder is to model
the latent variables of x through two steps: first modeling p(z|x) while z is a la-
tent variable spanning x, and then reconstructing x from z through p(x|z). Since
p(z|x) = p(x|z)p(z)

p(x)
, and p(x)’s computation is intractable, then p(z|x) must be instead

estimated. The way it is estimated is through an auxiliary function q(z|x) that will
learn to model p(z|x). One goal, therefore, is to ensure that q(z|x)’s distribution is
the closest possible to p(z|x). To this end, in the process of learning, one objective
is the following:

min(DKL(q(z|x)||p(z|x))) (2.16)

The second objective of a VAE is to model the data provided the latent variables,
corresponding to learning the probability of p(x|z), where the model learns how to
reconstruct x. This basic architectural concept is shown in Figure 2.10: where our
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Figure 2.10: Illustration of VAE structure.

loss is

li(θ, φ) = −Ez∼qθ(z|xi)[log pφ(xi|z)] +DKL(qθ(z|xi)||p(z)) (2.17)

The first term is the reconstruction loss, which is computed as the expected negative
log-likelihood loss for the i data point. The second term is a regularizer to match
the approximated latent space to the true latent space and is often assumed to be
of a Gaussian distribution (often by directly estimating µs and σs). As with other
generative approaches in this field, research remains to be done, but the pace of
research in language modeling in this context has slowed down. A VAE LM was
proposed in Bowman et al. (2015b) where each of the components of the net was re-
placed with RNNs and a discrete prediction (employing a categorical LM). A similar
version was developed for dialogue response in Serban et al. (2016), where several
prompts were fed such that the latent units of z were conditioned to produce the
prediction of the following prompt (similar to the ‘context’ element in an attention
mechanism). Zhao et al. (2017b) proposed generating a diverse set of responses over
the compared approaches for a dialogue response by modeling the intent and then
conditioning the response directly on it. These LMs differ from the original in that
a prediction rather than a reconstruction is made.
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In Chapter 3 I propose a generative approach for language modeling based on a
GAN, which is composed of non-categorical output (as opposed to the related work
reviewed here) to predict the next word.

2.3.5 Neural models compared to count-based approaches

The neural models described in this section also bear limitations with regard
to to count-based approaches. First, NNLMs are black boxes, while count-based
approaches are not. Over the years, attempts have been made at probing these
models via an attention mechanism (Choi et al., 2016; Xu et al., 2015) or other tech-
niques (Alvarez-Melis et al., 2017; Lei et al., 2016), yet much remains unknown (Jain
et al., 2019; Rogers et al., 2020). Second, computing a prediction in NNLM entails
computing the probability of every word (or entry) in the model, which is an archi-
tectural outcome of the model.12 The count-based models, on the other hand, do not
require that a probability is assigned to every vocabulary word by default and have
ways to compute on-demand probabilities when queried via smoothing (Katz, 1987).
Finally, as mentioned, infrequent word prediction is found to be more optimal with
the count-based approaches (Chen et al., 2016; Neubig et al., 2016).13 A possible
advantage is that a neural model may allow for relatively greater control over its size,
which may not grow with more training data,14 while a count-based approach may
increase the lattice size if more unknown state transitions are introduced (this may
be addressed through pruning if needed (Lesher et al., 1999), though this adds to
the complexity). Another advantage is related to the basic accuracy and perplexity
performance of NNLM, which has been proven to be higher (Mikolov et al., 2011b;
Mikolov et al., 2013a; Mnih et al., 2007). In section 2.5, I describe the general
limitations of NNLM that are part of the core argument of this thesis.

2.4 Word-Embedding Spaces

In this work, aside from incorporating neural language models, I also will be
employing word embedding spaces. Word-embedding spaces (or representations)
are incorporated explicitly into a language model to enhance learning, as this is a
common way to augment different downstream tasks in general (Passos et al., 2014;
Nguyen et al., 2014). In this section, I review static embeddings as well as contextual
representations. First, however, it is important to ask what these representations
are. Some representations are purely functional, converting a category of a word
to a vector to represent it in a computational fashion instead of as text. Other
representations are created to be more indicative of the semantics they may stand
for.

Most of the representations I discuss here are aimed at identifying features that
would represent terms such that similar terms would be ‘closer’. Defining the prox-
imity of embeddings is often done by measuring the cosine similarity of both rep-
resentations (vectors) by calculating their inner products. Originally introduced for

12More on the depth of this limitation can be found in section 2.5.3.
13More on the depth of this limitation can be found in section 2.5.2.
14However, the fixed vocabulary size of the NNLM may be a limitation.
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document retrieval purposes in information retrieval (IR), an early example is shown
by Salton et al. (1975), where the similarity of a query to a document is searched. In
the context of embedding spaces, we often ask how similar words or phrases are with
outcomes ranging from least similar to most similar [-1,1], as shown in Eq. 2.18:15

cos(θ) =
a · b

‖ a ‖‖ b ‖ (2.18)

The core premise of embedding spaces is based on the distributional hypothesis
proposed by Harris (1954) suggesting that words that have similar contexts will have
similar meanings. More precisely, the following methods are based on the principle of
projecting words onto a space that forms semantic relations such that similar words
are in closer proximity to one another. Similarity is defined by the distributional
character of the contexts these words share.

2.4.1 Static embeddings

Static embeddings refer to embeddings that are fixed regarding an individual word.
According the linguistic theory of Firth (1957), ‘a word is characterized by the
company it keeps’; in other words, by examining the contexts in which a word
occurs, following the distributional semantics of Harris (1954), words that occur (or
co-occur) in similar (or within the same) distributional contexts are likely to have
similar roles, or semantic proximity. To illustrate these statements, the following
example is provided:

(1) ‘I enjoy drinking mocktails with you’

(2) ‘I enjoy riding horses with you’

Given (1) (or (2)), ‘I’, ‘enjoy’, and ‘you’ tend to co-occur within the same context
and can be considered semantically related, while given both (1) and (2), ‘mocktails’
and ‘horses’ occur in similar contexts and can be considered semantically similar.
Following the distributional semantic theory, dense embedding approaches capture
both semantic relatedness and semantic similarity. Both aspects are described and
investigated in Lavelli et al. (2004). The static approaches discussed in this sec-
tion were found to be functionally be on-par (Levy et al., 2014b; Österlund et al.,
2015), and their main difference lies in how these embeddings are formed and the
computational costs involved when employing such embeddings.

Sparse embeddings

Originally the IR-based approach term-frequency inverse-document-frequency (tf-
idf) was applied to context-word pairs. In this approach, words are assigned weights
proportional to their frequency such that informative pairs receive higher weights,
as shown in Huang et al. (2009). Another distributional approach involves assign-
ing weights based on point-wise mutual information (PMI) (Church et al., 1990)
measuring how likely it is that words occur together, as shown in Eq. 2.19:

15The angle can take [0, π].
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PMI(c, w) =
log(|c|, |w|)

log(|c|) log(|w|) (2.19)

where | · | reflects the count (or frequency of occurrence) and c, w is the context and
the word following it, respectively.

While the techniques described above are considered interpretable and easy to
generate, they are hampered by sparse representation. This is due to a lack of
data representing all possible pair examples as in tf-idf or PMI matrices. While
different heuristics have been proposed over the years to find ways to project these
approaches to denser representations, such as applying singular value decomposition
(SVD) to tf-idf (Deerwester et al., 1990) or smoothing approaches to tf-idf, as
shown in Hiemstra (2000), these representations remained particularly limited when
increasing the context to more than a single word, making them sparser and longer.
In recent years neural networks have become popular, leading to a new type of
embeddings: dense embedding representations.

Dense embeddings

Dense embeddings are not conceptually different than the distributional ap-
proaches presented earlier; however, their appeal is in their lower dimensionality,
which enables reduced computational complexity when employed in other down-
stream tasks. Moreover, these methods enable more complex representations by
allowing longer contexts (more words, context of pre- and post word) to generate
these embeddings due to their architecture.16

One way to form static dense embeddings’ representations is by training a neu-
ral language model (section 2.3.4) specifically with an internal embedding layer that
represents the learned features corresponding to the learned words. Technically,
the model learns a matrix as a map where each row represents a distributed repre-
sentation (vector) of a word in the vocabulary. The embedding layers are often a
by-product in this process. We follow the review of Wang et al. (2020) describing
various approaches for contextual embeddings.

Aside from training a language model architecture as mentioned, I describe the
main lines of work of embedding that have been popular in the recent decade:
CBOW, skipgrams, Glove, and FastText. These are methods for directly generating
lexical embeddings (as opposed to general NNLM architectures where embeddings
are a by product as mentioned). These embeddings are static in the sense that
they do not change over time once learned. Mikolov et al. (2013a) introduced the
word2vec algorithm, wherein the model learns word representations either by pre-
dicting a representation of a current word using continuous bag-of-words (CBOW)
(see Eq. 2.20) or by predicting a context word based on a current word using skip-
thought-vector (or skipgrams) (see Eq. 2.21):

p(wt|ct) =
exp(C ′(wt)

TC(ct))∑|V |
i=1 exp(C

′(wi)TC(ct))
(2.20)

16Practically, while it is possible to apply complex contexts to sparse embeddings, doing so would
make the embeddings even longer and more computationally complex.
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p(wj|wt) =
exp(C ′(wj)

TC(wt))∑|V |
i=1 exp(C

′(wi)TC(wt))
(2.21)

Both techniques are neural-based yet without a hidden unit, resulting in relatively
less expensive training than NNLM. Figure 2.11 illustrates the processes of both
CBOW and skipgrams, where in both cases, the final outcome after training is the
internal matrix learned.According toMikolov et al. (2013a) skipgrams and CBOW
were shown to outperform RNNLM and NNLM on syntactic and semantic word
relations. Both techniques attained reduced complexity compared to NNLM.

Figure 2.11: word2vec process by Mikolov et al. (2013a)

Pennington et al. (2014) presented another distributional representation for words
by introducing GloVe. GloVe aims at capturing global information of the statistics
of word-co-occurrence. GloVe’s loss function is shown in Eq. 2.22:

L =

|V |∑
j,i=1

f(Xij)(C(wi)
TC(wj) + bi + bj − logXij)

2 (2.22)

where Xij denotes the number of times word wi co-occurs with word wj and
|V | is the vocabulary size. f(x) is a weighing function to mitigate the imbalance of
the rare and frequent words. Pennington et al. (2014) showed that GloVe vectors
outperformed CBOW and skipgrams on word analogy tasks, specifically semantic
and syntactic analogies, as well as on word similarity tasks, where a ranked list of
word pairs is generated by computing a cosine score between them. GloVe showed
superior performance over named entity recognition (NER). When compared directly
to either CBOW or skipgrams, GloVe was found to have a steeper learning curve.

Bojanowski et al. (2017) proposed FastText to address the fact morphology was
overlooked by the typical embedding algorithms and extended skipgram vectors to
learn representations of n-grams, such that words are represented as the sum of the
subword vectors composing them. Compared to CBOW and skipgrams, FastText
was found to be more correlated with human judgements of similarity scores across
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several different languages; it also performed more optimally on syntactic and se-
mantic word analogy tasks. In addition, the authors showed reduced perplexity on
language modeling tasks for various languages. Moreover, in a similarity task de-
signed to identify closer (as judged by human subjects) rare or out-of-vocabulary
words, to their similar in-vocabulary counterparts, FastText produced more opti-
mal outcomes than skipgrams. Evaluating on different languages opened the door
to more effective modeling for languages other than English, especially those with
more involved morphologies (Conneau et al., 2017).

While the static dense embeddings attained high performance on the various
tasks discussed above, polysemy remained a problem. Polysemy refers to the chal-
lenge of learning various representations for the same word. These representations
correspond to the word’s different senses. Since a word’s sense may be contextually
inferred, static, or fixed, representations that assume a single representation for all
of a word’s tokens cannot reflect senses in their final outcomes. While work (Chen
et al., 2014; Neelakantan et al., 2014) has been done with static embeddings to tackle
this issue, the breakthrough came when contextualized embeddings were introduced.

2.4.2 Contextualized embeddings

Contextualized embeddings are mainly an outcome of the unsupervised training of
language models (Liu et al., 2020). They are considered contextualized because they
produce different representations for the same word given different contexts. Similar
to static embeddings produced by NNLM or RNNLM, contextualized embeddings
are formed by an internal layer of a language model; unlike static embeddings,
however, they are produced per token and not per word-type, which is key to rep-
resenting various word senses’ embeddings. In principle, contextual representations
are learned by associating a token ti with a representation that is a function of the
entire input sequence (as shown in Eq. 2.23) where the other tokens are converted
to a non-contextual representation prior to applying a form of aggregation with f .

Rep(ti) = hi = f(et0 , et1 , ..., eti−1
, eti+1

, .., etn) (2.23)

Peters et al. (2018a) developed embeddings from language models (ELMo), which
is a bidirectional language model based on maximizing the log likelihood through
the loss function shown in Eq. 2.24:

L =
N∑
t=1

(log p(wt|w1, w2, ..., wt−1) + log p(wt|wt+1, wt+2, ..., wN)) (2.24)

ELMo employs a character-based convolutional neural net (CNN) layer that en-
ables the processing of out-of-vocabulary (OOV) words and helps reduce the model’s
complexity. ELMo representation captured more optimal features than GloVe on
SQuAD (Rajpurkar et al., 2016a), SNLI (Bowman et al., 2015c) (Stanford Natural
Language Inference), and SRL (Pradhan et al., 2013) (the semantic role labeling
dataset). Moreover, ELMo was shown to perform better on polysemy tasks than su-
pervised approaches, word sense disambiguation, and the capturing of part-of-speech
features.
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Devlin et al. (2018) introduced BERT, incorporating both the left and the
right side contexts. Similar to ELMo, this architecture can process OOV words
effectively, though BERT employs a subword tokenization (instead of character-
based tokenization) called word-pieces (Wu et al., 2016b). BERT is trained on
two tasks: masked language modeling (MLM), which is aimed at predicting a word
given both the left and right contexts, and next sentence prediction (NSP). Bert
embeddings outperformed GloVE, ELMo, and GPT on the SWAG (Zellers et al.,
2018) (Situations With Adversarial Generations) dataset and were on-par with the
human scores on that task. BERT embedding remains an active area of research.
For example, Alsentzer et al. (2019) presented publicly available, clinically oriented
embeddings; Coenen et al. (2019) analyzed the geometry of BERT’s embedding space
and found that word senses are encoded at a very fine-grained level; and Hewitt et
al. (2019) proposed a structural probe to find encoded syntax.

One assumption that was made when constructing BERT is that predicted tokens
are independent of each other. For instance, modeling the probability of p(t2 =
quick, t4 = fox|t1 = the, t2 = [MASK], t3 = brown, t4 = [MASK], t5 = jumps)
is factorized with BERT to another issue that p(t2 = quick|...), t5 = jumps and
p(t4 = fox|...), where t2 and t4 are conditionally independent. Another issue with
BERT is the inability to use the learned ‘[MASK]’ dependency during fine-tuning.
This void was filled by Yang et al. (2019). During training, a token is predicted
given permutations of factorizations, such that the task of prediction is conditionally
dependent on previously predicted data. In other words, predicting w4 can be done
given partial predictions of the five-length input sequence (e.g., given w1 or given
w2, w5). For example:

LBERT = log p(New|is a city) + log p(York|is a city)

LXLNet = log p(New|is a city) + log p(York|New, is a city)

In the example above, BERT proposes a conditionally independent approach to
predict the second token, while XLNet authors propose a way to capture the de-
pendency between the pair given the first prediction. Huang et al. (2019) showed
that XLNet outperformed BERT (and other baselines) when producing embedding
representation of clinical text.

An important criticism of the methods I have described for embedding represen-
tations is the degree of semantic relations, and especially the degree of semantics
that can be inferred from these spaces. In that regard, one may not truly know a
word by the company it keeps; rather, one may know other words that are simi-
lar in some ways (similar contexts or frequencies (Gong et al., 2018)). Researchers
are currently developing ways to ground meaning (Tamari et al., 2020; Bisk et al.,
2020)17 into relations that go beyond text.

2.4.3 Hot representation

While a type of sparse representation, hot representation is different then all the
previously discussed methods in this section. Hot representation is the simplest ver-
sion of a representing a word (or a class). Typically, the vector has a dimensionality

17The work mentioned is focused on grounding text in general, not grounding embedding repre-
sentations in particular.
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of the size of the vocabulary it represents. Therefore, it can be relatively costly to
train a neural net (depending on its vocabulary size). In this technique, represent-
ing a word corresponds to activating a cell (Boolean of ‘True’) at an index that is
associated with the word; see Figure 2.12. This encoding process is straightforward
and does not require any learning to generate the encoded vectors.

…

love

…

toy

Figure 2.12: Illustrating ‘hot’ representations for the vectors of the words ‘love’ and
‘toy’.

Hot representation is mainly used in learning a neural network into which these
vectors are fed as an input. The actual feature learning of the different tokens is
conducted internally in the network with as many as several additional embedding
layers. Elman’s (1990) research shows how these vectors were fed into early neuronal
models (see (Elman, 1990), Table 5). Multi-hot encoding has also been incorporated
where several categories are to be predicted/represented within the same vector
in order to characterize several dimensions of the input (a comparative study on
category based encoding approaches was presented by Potdar et al. (2017)).

2.5 Limitations of Neural-Categorical-Based Predic-
tion

At this point in the chapter, I turn to consider the limitations of neuro-categorical-
based models and elaborate on each in depth. The neuro-categorical based models
include the various neural network models described in section 2.3.4 (generative and
discriminative models), which predict a probability distribution (and an index) that
corresponds to a category in their vocabulary. In the next chapter, these limitations
are reexamined in relation to the proposal presented in this thesis.

2.5.1 Complexity limitations

Even before Transformers were introduced, according to Jozefowicz et al. (2016),
‘the best (language) models are the largest we were able to fit into a GPU memory.’
This statement suggests that good model performance is conditioned on access to
heavy computational resources. This performance comes at a price: most current
state-of-the-art models employ deep architectures that are computationally complex
and require a significant number of parameters to be learned. One major reason that
heavy computational resources is needed is that traditional approaches to language
modeling (both neural and otherwise) model the task as categorical prediction. Neu-
ral language models following the traditional log-bilinear approach typically perform
prediction by means of a softmax operation at the output layer that attempts to
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estimate a discrete probability distribution over the symbol vocabulary (see, for
example, Mikolov et al. (2010), Sutskever et al. (2011)).

p(y = c|X = xk) =
exp(f(w, xk))∑

j∈|V |

exp(f(w, xj))
,∀c ∈ V (2.25)

The softmax operation (shown in Eq. 2.25) is expensive both in terms of mem-
ory and computation and becomes more so the larger the size of the vocabulary.
Increased runtimes may have to do with the estimated probability that is computed
for each symbol, a softmax function that incurs a linear cost with regard to vocabu-
lary size, and the increased memory requirement as the model is required to contain
the trained entries that correspond to the size of the vocabulary. There are various
approaches to addressing the computational concerns. An early method proposed
reducing the size of the prediction space by eliminating infrequent word-types from
the output space (Schwenk, 2007; Schwenk et al., 2014; Shah et al., 2015). A re-
lated approach collapses words into classes (Mikolov et al., 2011a) and predicts from
there. These techniques have obvious limitations, though they may be appropriate
in many application areas. Another more common family of approaches preserves
the entire vocabulary while avoiding the large softmax parameter space and nor-
malization step. For example, hierarchical softmax (Morin et al., 2005) organizes
the vocabulary into a tree, thereby reducing the number of operations required to
estimate a probability, albeit at the cost of increased training complexity and the
possible loss of model generalizability due to the need to carefully construct the tree.
Grave et al. (2017) subsequently proposed the adaptive softmax approach aimed at
accommodating the hierarchical method to a GPU, reducing the training complexity
possibility to a sublinear cost with regard to |V |. With a large vocabulary, however,
even a sublinear scan over |V | incurs a substantial cost. Another approach is noise-
contrastive estimation (NCE) (Mnih et al., 2012; Gutmann et al., 2010; Zoph et al.,
2016), which speeds up training by approximating the gradient calculation for the
prediction layer.18

Another approach to addressing issues relating to vocabulary size in a language
model is using subword units (first applied to neural language models by Mikolov
et al. (2012) and used to improve NMT performance on rare words by Sennrich et al.
(2016) and Wu et al. (2016a)). This approach reduces the vocabulary space of the
model (thereby reducing the memory and computational requirements) and allows
the model to function on sentences containing OOVs. This flexibility is indeed ap-
pealing, but it comes at a cost. One issue is that models employing subword units
may fall short when used with highly inflected languages (Koehn et al., 2017). Such
models have also been shown to under-perform on a variety of NLP benchmarks
compared to word-level models (Li et al., 2019; Kumar et al., 2019). Furthermore,
not every language and writing system can be conveniently decomposed to sub-
word representations. For example, such decomposition is impossible when the text
is written using Chinese characters or in an iconographic language (Dudy et al.,
2018). A more practical issue is that in a text-entry context, it is preferable to offer

18Note that while NCE speeds up model training, it does not necessarily provide a speedup for all
tasks that might require a language model. For example, using an NCE-trained model for explicit
symbol prediction (as in a machine translation or predictive typing task) can still necessitate a
linear scan over the entire vocabulary during inference.
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users whole-word suggestions; repetitively approving incremental word segments is
tedious for users, especially when there is a high selection cost (as in the case of
an AAC application), or alternatively making the model generate possible words is
longer/more expensive (although it will be addressed in Chapter 6.

2.5.2 Decoding limitations

Various NLP tasks are based on learning linguistic data that follows Zipf’s
law (Zipf, 1935) suggesting that the distribution of the data (and training examples
in particular) is unbalanced, exhibiting high and low frequencies of different exam-
ples. Statistically based models, and in particular the softmax-based models, tend
to maximize the overall accuracy or minimize the overall entropy (Dal Pozzolo et al.,
2015), leading to the classification of observations with a relatively low-diversity set
of predictions from the head of the distribution (most frequent probable examples).
This produces dull and repetitive text that is not aligned with human-generated
text Holtzman et al. (2020). This phenomenon was observed by Li et al. (2016a),
who reported that ‘[t]hese models tend to generate safe, commonplace responses
(e.g., “I don’t know”)’, and Serban et al. (2015), who recounted that ‘the majority
of the predictions are generic, such as “I don’t know” or “I’m sorry”.’.19 In addition,
both Chen et al. (2016) and Neubig et al. (2016) found that n-gram language mod-
els produced lower perplexity on the lower-frequency bands (infrequent words) com-
pared to several neural net baselines. Beyond statistically learned models’ general
sensitivity to frequency, softmax-based models’ loss function plays a role in produc-
ing low-diversity predictions. The standard objective function these models learn
is based on increasing the log-likelihood conducted through the cross entropy loss
function (Eq. 3.3), which often promotes a single correct target through an entropy
minimization objective. This leads to a relatively more skewed distribution (Ott et
al., 2018), limiting the hypothesis search space by assigning high probability mass
to very few items for a given prediction. On its own, this is a desired behavior.
However, during learning the model infers which set of classes has the smallest loss,
and the model thus ends up producing low-diversity predictions, as having the most
frequent terms predicted is guaranteed to yield low loss simply because they can
be regarded as ‘safe bets’. Overcoming this problem often necessitates proposing
alternative objective functions, new decoding strategies such as beam search, and
various sampling approaches from the estimated prediction probability distribution
of a model. Sampling is based on randomly choosing a token, often by restricting
to a subset of the category set v ∈ V :

q(xt|x<t, pθ) =

{
pθ(xt|x<t) xt ∈ v
0 otherwise,

(2.26)

Sampling approaches often are restricted to either top-k (Fan et al., 2018; Ott et al.,
2018), where v is directly mapped to k first entries, or an accumulated probability
cut-off (Holtzman et al., 2020), where the entries are defined by the set of most likely

19While each of these examples describes a specific task of training a response to a prompt as
part of a dialogue, these models use the same generic architecture. This architecture is based on
a discrete category set with a softmax layer.
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tokens that are within the probability mass cut-off. Sampling approaches can be
conducted by increasing the temperature parameter τ (which was first introduced
in cognitive science by Ackley et al. (1985)) in order to ‘flatten’ the distribution, as
seen in Eq. 2.27:

p(y = c|X = xk) =
exp(f(w, xk)/τ)∑

j∈|V |

exp(f(w, xj)/τ)
,∀c ∈ V (2.27)

An aspect to consider is finding the appropriate k, or determining the probability
mass to set as the threshold. This may vary from one task to another. Another rea-
son for concern is that lower-frequency classes are often left out during this process
as they are either cut out or assigned a lower probability, making them less likely
to be chosen.

q(xt|x<t) = argmax
sequence

1

t

∑
t

argmax
token

∑
xt∈B

logP (xt|x<t) (2.28)

A more involved technique for decoding is based on beam search. Beam search is
based on generating likely sequences for a given time step t. Eq. 2.28 describes how
the most likely sequences are chosen based on the joint probability of the sequence
predictions, limited to a beam width B. This allows for the most likely tokens
to form a valid completion of a given sequence history. The normalization factor
1
t
attempts to accommodate varying-length sentences. Vijayakumar et al. (2016)

proposed a diverse beam-search algorithm where a diversification score is employed
to penalize choices similar to those previously existing. Li et al. (2016b) proposed
diversifying prediction by having the search algorithm discourage sequences from
sharing common ancestors, resulting in a diversified list of candidates. Shao et
al. (2016) proposed a stochastic beam search that involves sampling candidates to
continue the given sequence while accounting for different ways which may not be
the most likely class to increase diversity. However, in that paper and Li et al.
(2016b), it was noted that beam search collapses to a similar sequence for longer
sequences, indicating one failure mode.20 In general, one concern regarding beam
search is that despite the aforementioned attempts, beam search tends to lead to
bland, incoherent, or repetitive text. Another concern revolves around sequence
scoring, where the most likely score is based on the highest products of the sequence
probabilities. This may encourage the generation of shorter over longer sequences
and has been shown to collapse when longer sequences are required. These concerns
together with the additional computations may have led to the lack of beam search’s
widespread adoption for decoding sequences.

Objective functions that are non-beam-search related have also been proposed to
improve diversity in decoding. The reflective loss was proposed by Dieng et al. (2018)
as an attempt to address class imbalance by demoting non-target likelihoods and
promoting the likely target. In a follow-up work, this evolved to the unlikelihood loss.
The unlikelihood loss Welleck et al. (2020), shown in Eq. 2.29, was recently proposed.
It is able to produce increased token variability (at the expense of accuracy), where
the maximum likelihood is applied with a penalty that demotes other candidates
drawn from the immediate word contexts.

20 Li et al. (2016b) also shared that some images in the image-captioning task required more
diversity and others required less, indicating another concern regarding the proposed algorithm.
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ULt =
∑
wt∈Wt

−α
∑
c∈Ct

log(1− pθ(c|wt))− log pθ(wt|w<t) (2.29)

Another way to avoid low diversity through an objective function can be learned from
the field of reinforcement learning (RL) where increasing, rather than minimizing
the entropy (Williams et al., 1991; Todorov, 2007; Mnih et al., 2016) is commonly
used. This approach is called maximum entropy (ME), and it is often applied to
a discrete action space that can be defined by a softmax outcome, as in Yue et
al. (2020). ME often contributes to expanding the space of the hypothesis search,
producing less skewed distributions and allowing for exploration over exploitation
in the policy learned by an RL agent. The ME component of those models is often
added to the objective function as a regularizer.

Other decoding concerns were exposed by Yang et al. (2018b) and Kanai et al.
(2018), who pointed to a softmax bottleneck problem wherein the final matrix that
produces the softmax probabilities is of a low rank. This reduces the number of
basis vectors the model is spanned by and consequently limits the expressiveness
of the model.21 On the other hand, these decoding issues may contribute to the
high accuracy of these models. While narrowing down the search space, the model
learns to assign higher likelihoods to only the most likely and frequent terms as
such terms, on average, tend to introduce smaller penalties for the model. In other
words, softmax-based models with the common MLE objective are trained to have
high precision (expressed by correct predictions) but low recall (narrow pool of
correct predictions).

Sub-word/partial sentence decoding (Sennrich et al., 2016; Wu et al., 2016b)
has been widely used due to complexity reduction and the promise of rare word
prediction. While the sub-word approach can be effective in alphabetic languages22,
reducing a model’s prediction space to a very limited set of classes is challeng-
ing for languages that contain thousands of base-level units (“characters”) such as
Mandarin and Japanese Kanji script. One particular category of language where
sub-word representations are not an option is that of the symbol-based communica-
tion systems used in AAC applications, such as the Symbolstix set of icons (Clark,
1997). This modality provides a large (n ≈35k) human-curated vocabulary of sym-
bolic icons representing words, phrases, and concepts, and it is used by a variety
of commercially available communication devices and platforms. Furthermore, in
user-centered settings, the prediction of sub-units may not be a desired interface
because the prediction of sub-units requires a more demanding engagement.

Overall, through various decoding approaches, across tasks of response gen-
eration, prompt completion, image captioning, and similar generative tasks, the
softmax-based approach is lacking diversity of predictions. Instead it yields generic,
repetitive outcomes that ultimately hurt the quality of the generated text. Sub-
units may provide higher-quality predictions, though sub-units may not be optimal
in every setting.

21Expressivness does not correspond to lexical expressiveness but rather to the mathematical
conditions of a matrix.

22Ling et al. (2015) reported that their approach was particularly effective in morphologically
rich languages such as Turkish.
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2.5.3 Architectural limitations

While the model is realized by a software program, it is necessary to distinguish
between the model’s skeleton and operations. The skeleton, which is the focus of
this section, is based on layers that occupy a physical location (as reflected by the
architecture), whereas the operations are conducted over the skeleton’s layers, as
described in section 2.5.2. Another concern with the described categorical approach
is that it is architecturally limited to a finite set of classes to be learned. This stems
from the fact that the final layer must contain all classes and assign each its relative
probability (see Eq. 2.25). The summation is applied across all vocabulary items,
producing a normalization constant that allows for relative comparison; however,
even in the absence of a normalization constant, a model’s choice of the predicted
term may require sorting across all entries at the cost of O(|V | log(|V |)) (for sam-
pling or beam search) or searching for the most likely token O(|V |), which requires
passing through all classes. This description is not an architectural concern, yet
it is part of how the model represents its classes. The model’s representation also
has to do with the inefficiency of generating a probability distribution, resulting in
redundant demands of allocating resources to infer the model’s belief for every class.
The main reason a categorical model computes a probability for each of its classes is
its architecture. Count-based approaches that are also based on the Markovian the-
ory (Damerau, 1971), for instance, do not provide/compute an overall distribution
for p(y = c|X = xt),∀c ∈ V . Rather, they compute for all classes observed given a
particular context. In cases of data sparsity, smoothing approaches, and back-off in
particular (known as Katz smoothing (Katz, 1987)) can compute probabilities on
demand for unseen events. The notion of class representation goes beyond this, how-
ever. What if a new class or several new classes need to be introduced? For example,
how is it possible to move towards continual learning (Parisi et al., 2019) with class-
based models, such that a model can learn new classes over time while maintaining
its past knowledge? Currently, the prediction of untrained classes (unseen-during-
training classes) cannot be performed in a straightforward manner under categorical
models. In order to perform this prediction, one has to essentially change the model
architecturally and then re-train the model (more details in Chapter 4). This pro-
cess includes stripping off the original layer to form new one that will allow new
classes to be reflected as vocabulary entries of the model. Figure 2.13 illustrates
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Figure 2.13: Continual learning in categorical models requires stripping off the final
layer to introduce new vocabulary items for every new training (there is no access
to past data). |V | and c are vocabulary sizes and vocabulary classes, respectively.

the process of continual learning conducted over a neural-categorical model where
access to old data is impossible. After the first training, the model’s vocabulary is
made of d classes; in the next training, as there is no access to the previously learned
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data, the model learns a new set of entries at the size of e, yet it cannot represent
the previously learned ‘green’ and ‘pink’ classes. In the third iteration, the datasets
for continual learning are relatively smaller than in the previous rounds, making
the model less expressive in terms of overall class. This is expected, given that the
model is limited to the current data. If the model had had access to previous data,
the number of classes would have grown over time, incurring an increasing compu-
tational burden, and that would be the limiting factor. One reservation may be that
even in the presence of classes in the architecture, a model may not be able to pre-
dict them well for computational, rather than architectural, reasons. These reasons
may include catastrophic forgetting (McCloskey et al., 1989), or as described earlier,
the dull and repetitive nature of the categorical models. However, these problems
cannot be considered in the context of continual/lifelong Learning thoroughly since
these classes may not be represented over time. There are different ways to mitigate
the problem. First, categorical models could be trained from scratch for every new
task, though that may call into question the sustainability of such models, incurring
high costs vs. adapting a pre-trained models as shown by Howard et al. (2018). A
single multi-task general purpose model containing many possible outcomes could
also be trained, although this poses complexity concerns as the categorical model’s
complexity is also a function of its vocabulary. Finally, other architectures for train-
ing lifelong agents (as has been argued by Herbelot et al. (2017)) could be found.
These architectures could progressively acquire knowledge over time and would be
able to represent past data as well.

2.5.4 Evaluation limitations

This section considers a concern that is not a direct limitation of the categorical
model per se, but rather an indicator of the need to establish higher model standards
and add new ones (through additional metrics) to mitigate the problems discussed
in Sections 2.5.1 and 2.5.2.

First, the complexity and efficiency concerns discussed earlier are not limited to
the particular model dissected in 2.5.1. Computing demands increased 300, 000x be-
tween 2012−2018, as reported in Amodei et al. (2018), and this increase is assumed
to be partly the outcome of increased usage of the neuronal models. To illustrate
the increase, Strubell et al. (2019) showed that the training of a big transformer,
together with a neural architecture search emit four times more CO2 than a car,
including fuel, over its lifetime. Schwartz et al. (2019) showed that in recent years,
AI papers have, as expected, tended to target accuracy more often than efficiency.
However, the financial implications of this trend gradually may hinder academics,
students, researchers, and especially for those from developing economies from ac-
tively participating in the field. In addition, in a user-centric setting where real-time
response (Martin, 1965) is crucial for user engagement, short runtimes determine the
usefulness of a model.

The second concern, as mentioned in the previous paragraph, is that accuracy
has become the main metric for evaluating a model’s performance.23 Traditionally,
perplexity has also been measured to show the relative gains from one model to
another. Both metrics may reveal important dimensions, yet they may be insufficient
for understanding what the model has learned. Accuracy, which is a measurement of

23This argument applies to Bleu assessment as well.
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how well a model predicts an expected target, does not consider that the performance
of the more frequent terms is different than that of rare terms. Given that linguistic
data follows Zipf’s law (Zipf, 1935), where there is a small group of high-frequency
terms and a large group of low-frequency terms, as well as the sensitivity of these
models to frequency as shown in section 2.5.2, accuracy may not reveal how well
a model predicts lower-frequency areas. This leads to the failure modes of tedious
text described earlier. Perplexity/entropy computations (shown in Eq. 2.30) may
also be dominated by the probabilities of the most frequent examples.

ppx = − 1

|X|
∑
x∈X

q(x) log(p(x)) (2.30)

A metric that can evaluate the explicit performance of the model as a function of
its frequency could reveal stronger and weaker areas that translate to more and
less reliable outputs, respectively. Identifying these areas may be the first step
towards improving these model’s performance. Here are several areas where low-
frequency training examples ranging from sub-words to sentence generation may be
important for different tasks: the translation of rare words (Sennrich et al., 2016; Wu
et al., 2016b), and the prediction of rare words in technical writing or the biomedical
domain across various textual tasks (Bahdanau et al., 2017). See et al. (2019) found
that human judgements of conversational aspects can be improved when chatbots
combine relatively rare words in a response. A textual domain was found to be
characterized mainly by its lexical features (Plank et al., 2010) (domain sensitivity);
this may suggest that if we assume that too many of the most frequent word-types
at the head of the distribution are stop-words24, the shoulder and the tail words of
the distribution are where the domain jargon is found and therefore are crucial for
domain adaptation.

As this discussion suggests, there are a number of different tasks for which in-
frequent words are desirable. Depending on the task, infrequent words may be
evaluated at different granularities: for instance, whether they are introduced in a
sentence or what particular units are employed. This argument goes beyond words as
a unit of test, but evaluating a model on its less frequent examples in general could
be helpful for improving text-based tasks like those mentioned above. Therefore,
given that accuracy metrics are important as well, considering a holistic evalua-
tion that includes both prediction accuracy and prediction expressiveness/diversity
may not only provide overall alignment with tested targets but also reflect how well
various classes, or training examples, are predicted in a given task.

24and are more functional in nature, hence the high frequency
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Chapter 3

Towards Continuous-Output
prediction of Language Models

“Change does not roll in on the
wheels of inevitability, but
comes through continuous
struggle”

Martin L. King

3.1 Introduction

In this chapter I propose a GAN-based continuous output prediction model. The
continuous models predict a continuous representation indicating a location in a
(fixed) embedding space, which is later on mapped to a particular word-type. In
other words, the predicted vector retrieves a word vector from the given embedding
space. This approach relaxes the constraint forcing a model to predict among the
finite number of vocabulary items that were introduced during training1 by using
the model for feature extraction purposes and then decoding the predicted vector
through a retrieval process. I show how the proposed approach to language modeling
not only predicts more diverse terms, but is also computationally efficient compared
to current categorical approaches.

3.1.1 Motivation for using a continuous approach

As discussed in Sections 2.5.1 and 2.5.3, the categorical nature of prediction is
shown to introduce costs derived from architectural constraints during the decoding
process. During the decoding process, every category’s likelihood is computed and
compared using a sorting algorithm; otherwise, a basic comparison, which can be
costly, is made across all vocabulary items. As discussed in section 2.5.2, categorical
prediction also struggles with repetition and the prediction of high-frequency terms
(producing generic text). Together with its objective function, categorical prediction

1The retrieval part is bound by the number of word embeddings found in a given embedding
space or the external data used for decoding.
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promotes decreased entropy, making for tedious text. However, there may be other
mechanisms by which a prediction model operates.

I draw inspiration from work done on the brain. Studies have shown that the
human brain may have a mechanism for the retrieval of concepts. Using neuro-
imaging, Huth et al. (2012) and Huth et al. (2016) revealed that categories (both
objects and actions) are represented as locations in a continuous semantic space; in
other words, concepts are organized in a distributed fashion across more than a single
region. Huth et al. (2012) claimed that it is unlikely that a category is represented
in a single location. Instead, a single concept is found to activate several different
regions of the brain during inference. These regions (and their activation intensity)
are predictable and correspond to dimensions by which the cortex characterizes the
concept; moreover, they are shared across subjects. Huth et al. (2012) hypothe-
sized that this distributed representation evolved due to efficiency considerations of
storage, noting that the brain ’represents diversity of categories in a compact space’.
A similar neuro-imaging study by Martin (2016) corroborated these findings, show-
ing that concepts in the human brain are encoded in a distributional fashion across
various regions representing specific object properties. These properties are shaped
in part by our action, perception, and emotion systems. Linking back to the search
for an alternative prediction mechanism for neural models, these studies argue that
continuous representation is likely to be the mechanism undergirding concept rep-
resentation in the human brain; language models can also represent their concepts
continuously. In artificial neural models, continuous/distributed representations of
concepts have been attributed to the connectionist theory in the form of neural net-
work layers. In NLP in particular, layers and other techniques have been devised
to generate embedding space representations (for more on this, see section 2.3.4,
and 2.4). Having these artificial representations (e.g., for words) suggests that there
are ways to represent concepts continuously, but perhaps the prediction of continu-
ous representations in language models has not been discussed.

Dell et al. (1997) conducted behavioral studies in cognitive psychology about
speech production. They showed that unsuccessful attempts by individuals with
aphasia to retrieve a certain concept in a word retrieval task generally resemble the
target relatively well in sound or in meaning; the attempts and the target are not
unrelated. It can be inferred that the erroneous words resulting from unsuccess-
ful attempts have closer proximity to the target word during the retrieval process,
accounting for the confusion. Linking back to one aspect of an alternative lan-
guage model, one could hypothesize that instead of a categorical output prediction
model being predicted, a distributed representation of a concept is predicted. That
particular prediction, even if incorrect, may say more about the semantics of the
prediction than choosing a likely category from a list would, since embedding spaces
are organized in part by semantic relations.

A work in cognitive linguistics by Croft (2012) considered verbs (actions), and as
a result events, that are geometrically represented across several regions in the brain
to be the most plausible explanation for how events and actions are represented in
the brain. This theory is backed up by Meltzer-Asscher et al. (2013), who examined
brain activation using neuro-imaging. Considering different types of verbs, the re-
searchers showed that while an individual is reading words and pseudo-words, each
verb is associated with more than a single region. Gärdenfors’ (2014) research,
in line with Croft’s (2012) work, focused on describing how concepts in the hu-
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man brain are organized semantically in a geometric structure, thereby providing
a cognitive science perspective. In their book, Gärdenfors hypothesized that rep-
resenting categories over several dimensions is likely to be motivated by the easier
learning of new concepts. In their earlier work, Gärdenfors et al. (2001) suggested
that often when an individual is introduced to a new concept, they learn during the
inquiry process what this concept is similar to, which helps with mapping the con-
cept ‘closer’ to concepts that have similar attributes (dimensions). This theory also
offers an explanation for how individuals retrieve open-ended queries. For example,
if a child says, ‘I want to play with the brown thing’, one might consider possible
brown objects with which they think the child is familiar and which of those objects
most look like toys (provided the person has no prior knowledge to aid the search).
In this way, the person searches their concept space. According to Gärdenfors et
al., this process involves activating the objects that share the particular attribute
of being brown, intersected with the concept region that corresponds to toys. The
retrieval of concepts thus may be more targeted than searching across the complete
set of concepts (as with a categorical machine-learning model), and it may be driven
directly by the activations/dimensionalities characterizing a concept.

Linking to the prediction of continuous representation, one might hypothesize
that a model has learned to predict concepts from an existing embedding space, and
a new (unseen) word is added to that space that the model has not been trained
on. This new word can be retrieved if it is in a region in the space the model
learned to predict. For instance, if the model learned the location of the word
increase but another vector appears during the decoding process associated with
the word enhance, the latter word might be retrieved ‘for free’ simply due to its
semantic resemblance (and therefore representation) to a known vector of increase
the model had learned to predict. This is an out-of-vocabulary (OOV) prediction.
This example may be one that an artificial continuous model can benefit from as
well, which cannot exist in neuro-categorical-based models (see section 4.5.5 for
more).

Elman (1990) argued that there is no limit to the number of concepts that can
be represented with a finite set of units, referring to the hidden units on a neural
network model where concepts are represented in a distributed fashion (‘concepts
are expressed as activation patterns over a fixed number of nodes’). I would like
to extend this idea to the model’s final layer, or in other words, train a continuous
output prediction network to gain the benefit discussed in Elman’s (1990) work2

The aforementioned work provides evidence for a system (in this case, the hu-
man brain) that is likely working in a continuous fashion. Drawing on this work, I
described some analogies to artificial continuous prediction and the ways in which
an artificial continuous language model could be more fruitful than a categorical
alternative. Some deficiencies of the categorical approach, such as repetition and
lack of diversity, are tackled in the following paragraph. Variations on continuous
output prediction approaches have recently emerged from the field of natural lan-
guage processing, where language models are augmented with additional resources

2The claim regarding an infinite number of concept representations is technical and can stand
on its own; however, my work is driven by a motivation similar to that of Elman’s (1990), who
argued for the transition from symbolic models to distributed representation models. I argue for
the transition from symbolic output representation in the category neural models to activation
pattern representation (that in principle can allow for an infinite number of word-types to be
represented and predicted).
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that enhance their predictions. First, Khandelwal et al. (2019) proposed a hybrid
model that combines a softmax-based approach with a retrieval-based approach.
The final embedding in the transformer is matched against an embedding dictio-
nary that decodes the representation to a word entry (in section 5.2, we experiment
with a similar idea). Decoupling the retrieval process from the model prediction
phase may help address the changing data and allow for vocabulary personaliza-
tion. Guu et al. (2020) presented a language model in which a neural knowledge
retrieval returns potentially similar documents to the query instead of employing a
self-contained transformer. These documents are then encoded together with the
query to generate an answer. Guu et al. noted that the retrieval process can provide
open-domain knowledge that is rarely observed in the text. The most similar work
to that presented in this chapter comes from Kumar et al. (2019), who proposed
a continuous output prediction for a machine translation task. They showed that
the performance of the continuous encoder-decoder model was on par with that of
an equivalent categorical one; they also reported increased usage/prediction of rare
words for the target translations and a reduced number of model parameters and
runtimes. Lewis et al. (2020) also demonstrated a retrieval-based LM addressing a
number of NLP tasks. Weston et al. (2018) produced dialogue responses through
retrieval and found them to be less generic, longer in sequence, and inclusive of
more rare words. The research shown here re-frames (and reforms) the process of
prediction in language models to a retrieval approach that is similar to methods
in information retrieval. This is similar to situations in which new data arrives,
as in the case of news outlets where a search engine is required to retrieve both
updated and personalized (less generic) outcomes, as shown by Gabriel De Souza
et al. (2019). Sheu et al. (2020) extended Gabriel De Souza et al.’s (2019) work
and refined the article representation to a graph embedding representation.

Continuous output prediction can be useful when the vocabulary is represented in
a continuous fashion, as in Dudy et al. (2018), where we developed a predictive typing
model for an icon-based vocabulary that leverages the properties of continuous-space
word embeddings to represent icons’ compositional nature. Vocabulary and domain
adaptation are essential in the work of Dudy et al., where we aimed to personalize the
language model for icon-based language models in AAC. Continuous representation
has opened the door for new icons to be regularly introduced and composed in
complex ways (personalization is investigated in this chapter, and adaptation is
investigated in Chapter 4).

Given the examples revolving around language models and recommendation sys-
tems from related fields, it seems that splitting the inference process in language
models into prediction and retrieval may contribute to reducing the models’ com-
plexity, enabling searches across external large corpora and the retrieval of more
novel examples. Moreover, the separate decoding step may enable more optimal
usage related to control over the type of data decoded by allowing the model’s
developer to choose a corpus that does not recover undesired data, for instance.
This independence can be helpful not only when the trained data is unavailable
but also when changing/updating the data from which to decode. A continuous
representation can theoretically represent an endless number of items and allow for
additional items to be added. It may also be advantageous in locating/learning
positions of new/unseen concepts if similar concepts have been seen, as the new
and already-familiar concepts would share similar activations (similar vectors have
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similar representations). These are the reasons I propose a continuous approach in
this research.

Following the literature review, I compare the performance of the continuous ap-
proach to those of several categorical models on a word prediction task, considering
both prediction accuracy and prediction diversity/expressiveness. I also explore the
diversity of a model over various word frequencies and produce an estimate of the
computational costs, accounting for multiple users given the settings that motivated
this work.

In the following section, I contextualize the work within other related subfields.
Then I present the methods (including the datasets, models, embeddings, decoding
step, metrics, and baselines) and reveal the results, introducing additional models
to examine in my investigation and that allow me to focus on various comparisons
separately.

3.2 Related Work

3.2.1 Predictive language models

While there exists a great deal of work regarding categorical prediction language
models (Devlin et al., 2018; Peters et al., 2018a; Liu et al., 2019; Alec et al., 2018;
Alec et al., 2019) (which covered thoroughly in Chapter 2), continuous prediction
models are less well-studied. The closest and most relevant recent work is that
of Kumar et al. (2019), who also explored the direct prediction of continuous word
embeddings, albeit in the context of neural machine translation. They proposed a
new loss function (Von Mises-Fisher (VMF) loss) for that purpose and demonstrated
their model’s feasibility over a large-vocabulary task. The model trained was of an
encoder-decoder architecture. The VMF model of continuous prediction was found
to be on par with an equivalent neural-categorical MLE model across three language
translation tasks. They showed that this approach was faster and required fewer
computational resources than the categorical alternatives. Kumar et al.’s (2019)
approach also demonstrated good performance compared to categorical baselines
when translating low-frequency words. Subsequent work by Li et al. (2019) focused
on improving training times for ELMo models by using continuous output layers
and stressed the resulting reduction in computational costs while maintaining on-par
performance on standard evaluation tasks. In particular, they reported a fourfold
speed increase and the elimination of 80% of the trainable parameters for continuous
output models compared to their categorical counterparts. My work differs from
Kumar et al.’s (2019) research on continuous space language modeling in that I
focus specifically on a word prediction task rather than a machine translation (MT)
task. Additionally, my primary focus is on accurately modeling diverse vocabulary
entries (shown in this chapter) and the adaptation performance of continuous models
(shown in Chapter 4), as well as investigating different embedding spaces, decoding
techniques, and their impacts (shown in Chapter 5). Even more importantly, I
compare an architecture inspired by their paper3, that of a simple LSTM (Hochreiter
et al., 1997) suitable for language modeling tasks, to the novel GAN architecture
proposed in this chapter.

3 Kumar et al. employed a decoder-encoder suitable for MT tasks
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3.2.2 Adversarial language model training

Generative adversarial networks’ (GANs) basic dynamic is explained in 2.3.4. GANs
are infrequently used in language modeling, and existing work has emphasized lan-
guage generation (Subramanian et al., 2017; Press et al., 2017). In part, this is due
to a fundamental mismatch between the discrete, sequential, and variable nature of
traditional language modeling and the more static, real-valued, continuous space in
which GANs work. Yu et al. (2017) proposed a method for integrating an RNN into
the generator component of a GAN and solved certain issues relating to gradient
updates. This led a successful MT architecture (Yang et al., 2018a).

My model (see section 3.3.2) follows the conditional GAN architecture described
by Mirza et al. (2014), where the discriminator is provided with both the input
and output (or two separate input channels) w<t and either ŵt or wt (depending
on whether the embedding is of a fake or of real word) instead of concatenating
the entire sequence and feeding the discriminator with that. In this work, I applied
Mirza et al.’s (2014) architecture to continuous space word embeddings that are fed
to the discriminator. To the best of my knowledge, this application has yet to be
proposed in the context of language modeling.

3.2.3 Rare words

Rare words are a persistent source of difficulty in neural approaches to NLP. The
problem of generating rare words has to do both with the Zipfian nature (Zipf,
1935) of text, in which rare words are not found frequently, and the fact that neural
models, similar to many other statistical approaches, are susceptible to frequency,
as shown in Chapter 6. The more examples a given token has, the more likely it
is the model will assign it a high probability. Fewer examples of a word prevents
a model from learning a good internal representation of it, and as a result, the
model will not predict it as frequently. Another reason revolves around the MLE
objective. This reason is discussed in section 2.5.2, specifically in relation to en-
tropy minimization versus maximization. In the context of NMT, Sennrich et al.
(2016) demonstrated that rare words are more optimally predicted by using subword
units, and this has since become a common practice. On the other hand, a different
work by Czarnowska et al. (2019) showed that subword units can cause problems in
morphologically rich languages (known to have many infrequent word-types (Gerz
et al., 2018)) and that systems struggle with achieving both semantic and morpho-
logical correctness. Following the ambiguous research conclusions, the practice of
subword-units is called into question in this chapter to learn about the prediction
of infrequent words. This may be particularly problematic in domains that exhibit
high type-to-token ratios (Gerz et al., 2018), where more types are introduced in a
given text, contributing to a longer-tail (of the Zipfian distribution). Among these
domains are the domains of medical/biomedical/scientific literature, which contain
an abundance of terminology and jargon, and the set of morphologically rich lan-
guages, including Arabic, Hebrew, Turkish, and Czech, where inflections are many
as well. In this work I explore the degree of prediction diversity, and in particular,
the long-tail word-type prediction using both news and biomedical domains.

Embedding spaces are another area of focus for rare words. Embedding spaces
that to some degree organize terms by semantic relations are not as reliable when
positioning infrequent words (contrary to frequent terms) due to the low number
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of location updates these words are given during the process of generating an em-
bedding space, as was shown in Gong et al. (2018). Pinter et al. (2017) devised an
approach for adding high-quality representation of rare terms to an embedding space
by generating new items based on learning a word’s embedding from its characters.
This contributes to the relocation of these words to a more semantically related
area. Schick et al. (2019) extended this research by integrating a word’s contexts
into Pinter et al. (2017) process of representation. This addition further improves
the positioning of a word, as two sources of information are involved: the spelling
and the context. Bojanowski et al. (2017) also addressed rare words by extending a
skipgram model (Mikolov et al., 2013a) to include subword units, thereby improv-
ing the representation of rare terms (see section 2.4.1 for background information on
this). This is called into question in section 5.4. Due to a lack of standard evaluation
metrics for prediction diversity, in this work I propose a way to measure a model’s
performance as a function of class frequency, focusing on the prediction diversity of
word-types (classes). Further work on the topic can be found in Chapter 6.

3.3 Methods

I conducted a series of word prediction experiments in which I compared the per-
formance of a traditional categorical prediction model with my novel GAN-based
continuous approach. In what follows I elaborate on the methods and then review
the results.

3.3.1 Datasets

I performed experiments on two corpora: newswire text from the New York Times
(NYT) section of the Annotated English Gigaword corpus (Ferraro et al., 2018,
LDC2018T20), and full-text biomedical journal articles from the open-access subset
of PubMed Central (Beck, 2010) (PMC). The PMC corpus was part-of-speech tagged
using ScispaCy (Neumann et al., 2019, Version 0.2.2, model: en_core_sci_md), and
its sentences were split with spaCy. These two corpora differ not only in their content
but also in their vocabulary distribution. PMC contains a much larger variety of
word-types than NYT, but more importantly, it includes many more tokens from
from low-frequency types (“long-tail types”), as shown in Figure 3.1. The PMC
dataset was chosen in addition to NYT to serve as a stress-test in the experiment.
It allowed me to learn how the models operate when there is a greater number of low-
frequency training examples (i.e., word-types). For the purposes of my experimental
evaluation, I attempted to match the two corpora’s vocabulary sizes, so as to ensure
similar output dimensionality across the categorical models. The NYT corpus is
notably larger than the PMC corpus in terms of token count. As such, I completed
this task by tokenizing NYT and then tokenizing various sizes of PMC until the two
datasets were approximately matched in vocabulary size. There were 950k types
and 734M tokens in the NYT corpus, and 860k types and 458M tokens in the PMC
corpus. Each vocabulary type observed fewer than four times in the training set was
replaced with an unk symbol, and numeric tokens were replaced with class tokens.
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310,000 types
630,000 types

Figure 3.1: Token-type distribution.

3.3.2 Models

I conducted a series of word prediction experiments in which I compared the per-
formance of a traditional categorical prediction model with my novel continuous
approach. These experiments and models are interleaved throughout this chapter.
The models described throughout this work were designed to be as similar as pos-
sible architecturally4, thus ensuring that the final layer of each model is the main
source of change. I start by discussing two very basic types of models: a categorical
model and a continuous model. The categorical model (referred to as ctg and which
is based on the method of Sutskever et al. (2011)) contains an RNN layer, as shown
in Eq. 3.1, and is fed with an embedding representation of a word or a sequence of
words.

ht = LSTM(wt−1−n, .., wt−1), wi ∈ Rd×1, ht ∈ Rm×1 (3.1)

This LSTM layer is followed by a softmax layer computed using Eq. 3.2,

ŵt =
exp(hTt θk)∑

j∈|V |

exp(hTt θj)
,∀k ∈ V, θ ∈ Rm×v (3.2)

where the model’s goal is to estimate a probability distribution over the set of
the model’s vocabulary items. The ctg model is then trained based on maximum
likelihood estimation (MLE) through a cross entropy objective, as seen in Eq. 3.3:

Lt =
∑
wt∈Wt

T (wt) log(P (ŵt)) (3.3)

The second model is a continuous output prediction model, which is a regression
model that was designed to be as similar in design as possible to ctg model. This
second model (referred to as c and which was inspired by Kumar et al. (2019)) also

4The models investigated are by no means state-of-the-art models, but they are given in sim-
plified form to facilitate comparison between them, focusing on the differences resulting from the
different decoding processes.
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has a single LSTM (Eq. 3.1) that receives as input of an embedding sequence. The
model then has a linear layer followed by a non-linear one,

gt =
eh

T
t θ − e−hTt θ

eh
T
t θ + e−h

T
t θ
, θ ∈ Rm×d (3.4)

and a normalizing layer

ŵt =
gt
‖gt‖L2

, ŵt ∈ R1×d (3.5)

and the cosine loss function shown in Eq. 3.6. This particular loss was chosen
because measuring the similarity of word embeddings is usually done through cosine
similarity. Therefore, if the objective is to make a vector similar to a particular
target, this can directly inform the model of how to set the gradient to make it more
similar. However, during development, I also experimented with MSE and max-
margin losses and found that cosine loss consistently performed best, as described
in section 5.5.

Lt =
∑
wt∈Wt

|2× (1− < ŵt, wt >)|0.5 (3.6)

where the goal is the model’s estimate, ŵt, in the form of a vector representation.
The learned representations are based on a (fixed) pre-existing embedding space in
which each vector is associated with a corresponding category (of a word entry). All
the models in this chapter are fed with embeddings as input in an attempt to set
the decoding stage to be the only part that differs across models.

3.3.3 Embeddings

In all my experiments, I trained the embedding models from scratch on the same
data used for training the language models. To make the experiments as similar as
possible, for all the different models described in this work, I used an embedding or
embedding sequences. I explored two dimensionalities, 50 and 200, to maintain low
model complexity. Unless stated otherwise explicitly, word2vec was the embedding
technique used. In section 5.4 I evaluate the impact of the word embedding space
on three different pre-trained embedding spaces: word2vec (Mikolov et al., 2013b)5,
GloVe (Pennington et al., 2014)6, and FastText (Bojanowski et al., 2017)7 (w2v,
ft, and glv models), each with a dimensionality of 50. The reason contextualized
embeddings were not employed is that learning the locations of all tokens (vs. all
word-types) may be inefficient both for the learning model (prediction of continuous
vectors) and for the process of decoding a vector to a word, thereby creating an
inflated space from which to decode a term and in doing so increasing complexity.
In this thesis I propose a method to extend Kumar et al. (2019). Following this
work, I employed static representation vectors despite the polysemy limitation that
remains to be addressed in future work.

5I used the implementation by Řehůřek et al. (2010).
6Please see https://github.com/stanfordnlp/GloVe.
7Please see https://github.com/facebookresearch/fastText.
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3.3.4 Decoding

The decoding process maps the embedding prediction to a point in the embedding
space to associate the prediction with a word-type. I describe simple decoding in
the following. I also propose a new decoding mechanism, which is described in
section 5.3.
Simple Decoding: I apply a nearest-neighbor search to match the predicted vector
with an embedding vector representation that will recover the predicted word. I
apply maximum inner product search (MIPS) (Shrivastava et al., 2014). Given a
large data vector W collection (of an embedding space) of size N , where W ⊂ RD

and a query point q ∈ RD, I can search for the vocabulary entry that maximizes the
inner product of the predicted vector and any possible word-embedding candidate
(Eq. 3.7)

p = argmax
w∈W

〈q, w〉 (3.7)

To perform an efficient MIPS, I made use of the Annoy library (Bernhardsson, 2018)
with angular distance.8 The most challenging part of the process is the decoding
part. Therefore, to ensure that the cost of the continuous output prediction is low, it
is crucial that this part is efficient. Annoy has an optimized nearest-neighbor search
in high-dimensional spaces. First, if the dimensionality of such a space is considered
too high >> x, then hashing methods are applied to project the vectors to a lower
dimension and in doing so reduce the computational costs of the inner product.
Second, Annoy makes the search more efficient by making k binary trees (creating
a forest of trees). This reduces the computational costs of the search. While this
algorithm does not construct a single binary tree, the resulting forest of trees has
an approximate cost ∝ O(log |V |).

3.3.5 Process

The dataset split was 60/20/20 train/dev/test. The dev set was used for early stop-
ping (Yao et al., 2007) of the training based on the dev loss. At this point I am able
to illustrate the entire process of continuous output prediction. Figure 3.2 captures
the process: (1) tokens are converted to embeddings and are fed into the language
model; (2) a predicted vector (referred as ŵt) is generated; (3) this predicted vector
is mapped to the nearest embedding vector; and (4) it is mapped into a category
(via a simple dictionary data structure). This category is the word the model is
considered to have predicted.

3.3.6 Metrics

In my word prediction experiments, the key unit of evaluation was the prediction
attempt: given a word history, was the model able to correctly predict the following
token? This is referred to as a “hit” – this is 1-best. Because a prediction is in a
continuous embedding space, the various neighbors of the 1-best word may be rele-
vant or appropriate; furthermore, as many real-world word prediction tasks involve

8Please see https://github.com/spotify/annoy.
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Figure 3.2: Continuous output model learning schema.

presenting a user with a short set of candidates, in practice, a near-miss may still be
a useful result. As such, I also considered the neighborhood of the ten closest words
to the predicted vector. In addition to exploring raw prediction performance, I was
particularly interested in the diversity of predicted types (see section 2.5.2 for a
discussion of factors motivating the evaluation of prediction diversity); a model that
only ever predicts extremely common words may achieve a high accuracy score but
is of no practical use. The metric used in the literature to measure diversity that is
most similar to the metric I describe is Distinct1, proposed by Li et al. (2016a) (see
section 2.3.3). This metric is different than mine, however, as it measures the overall
number of unique items predicted rather than a given prompt, thereby revealing the
overall degree of type coverage by the model. I used following metrics to evaluate
my models:

• top1(top10) - percentage of trials that constituted a “hit” (i.e., target is within
top 1/10 neighbor(s)) vs. a “miss.”

• T1(T10) - number of unique types that the model correctly predicted (i.e., that
appeared in at least one top1/10 hit).

Example: To illustrate these metrics, assume that 20% of the target words in a
given test set are ‘the’ and that a dummy model predicts the word ‘the’ for every
query in the test set. The model’s performance on top1 would be 20%, but for T1,
since the model’s hits on the test set are based only a single word-type (‘the’), the
number of diverse types the model would correctly predict is 1. Note that the T1 is
computed across all the correct predictions in the test set to form a unique list.

I computed these metrics over the predictions on the entire test set; I also also
broke them out into vocabulary frequency bins. This allowed me to investigate the
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models’ performance on rare words.
A note on perplexity: While perplexity is a traditional metric for evaluating
language model performance, I did not use it in this set of experiments. This choice
was driven first by the fact that my predictions, which are in a continuous space,
do not lend themselves naturally to perplexity calculation, and second, that my
focus is on a practical application-oriented task (word prediction) where metrics
such as top1 and T1 are more closely linked to my outcome of interest. Note that the
metrics proposed here reveal what perplexity may overlook, which is how well the
model performs in practice, particularly regarding the variety of types the approach
succeeds in predicting.

3.3.7 Baselines

In these experiments, I compared continuous models to categorical ones starting
with the architectures of the c and ctg models, as well as those of two additional
baseline models: freq, which consistently predicts the ten most common words in
the test corpus, and ugrm, which randomly samples ten words from the test corpus’s
unigram distribution.

The purpose of the freq baseline is to account for the possibility of mode col-
lapse, a common failure mode in which a model predicts a very limited number of
frequently observed values. This concern mainly applies to generative approaches
(of the continuous output type), which are notoriously prone to mode collapse, as
shown by Che et al. (2016) and Srivastava et al. (2017). If a model predicts a small
number of modes (which in this particular context is exhibited by predicting a small
number of word-types, typically the most frequent), failure mode can be concluded
due to the mode-collapse situation. I was particularly concerned about this failure
mode given the heavily skewed distribution of words in a linguistic corpus stemming
from its Zipfian nature (Zipf, 1935) and the fact that the distributional properties
of word embedding spaces tend to be affected strongly by word frequency (Gong
et al., 2018), which may make the model gravitate towards a particular region in
the embedding space instead of attempting to learn various locations in the space.
ugrm baseline is another lower-bound model used to deduce the degree of diversity
when a relatively more sophisticated model is found based directly on the training
frequency.

I therefore devised the freq and ugrm baselines in order to simulate models
suffering mode collapse.

3.4 Results
Having finished discussing the methods, I turn to review the results.

3.4.1 High-level analysis

Table 3.1 presents the combined results of the two models (ctg and c), with the ap-
propriate baselines (freq and ugrm) and when evaluated against a newswire corpus.
The freq model shows that simply picking the most frequent word achieves a top1
hit rate of 0.89%, and the ten most frequent words are accurate 23.39% of the time.
This shows that by predicting a very small number of distinct types, a model can
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model top1 (top10) T1 (T10)
freq 00.89 (23.39) 1 (10)
ugrm 00.71 (08.46) 2, 190 (5, 592)

ctg50 19.19 (46.02) 3, 982 (7, 559)
c50 17.31 (28.70) 8, 917 (22, 509)

ctg200 21.21 (47.87) 4, 163 (7, 683)
c200 18.94 (30.90) 4, 335 (13, 087)

Table 3.1: Experimental results on large NYT corpus.

significantly improve its hit rates. The ugrm model correctly predicts 2, 190 types,
giving a reasonable estimate of what a stratified model might achieve in terms of
type diversity, but it achieves a much lower hit rate than the freq baseline.

ctg50 and c50 in Table 3.1 demonstrate an interesting trade-off. While the cat-
egorical baseline’s (ctg) top1 is optimal among all the categorical models and is
higher than that of the continuous model, the latter outperforms ctg in terms of
T1, successfully predicting more than twice the number of distinct types that ctg
is able to predict (the effect is even more pronounced in terms of T10). When the
embedding dimensionality is increased to 200, as shown in Table 3.1, the continuous
approach (c200) again achieves a lower absolute hit rate but maintains its advantage
in type diversity (shown in T10).

model top1 (top10) T1 (T10)
freq 00.89 (25.53) 1 (10)
ugrm 00.76 (09.03) 1, 790 (4, 619)

ctg50 22.12 (48.02) 4, 764 (9, 020)
c50 19.89 (32.04) 11, 947 (34, 641)

ctg200 22.92 (48.47) 3, 678 (7, 006)
c200 17.06 (30.88) 6, 083 (18, 533)

Table 3.2: Experimental results on large PMC corpus.

Table 3.2 presents a pattern in baseline performance similar to that of Table 3.1
with regard to the PMC dataset. This table shows stronger trends for the non-
baseline approaches than it does for the baseline approaches. According to Table 3.2,
in the first triples of dimensionality 50 when the continuous approaches are two
points below in top1, the type diversity T1 of c50 is about threefold with regard to
ctg. Increasing dimensionality9 to 200 decreases the hit rate as well as the number
of types for the continuous approach, yet the types are still more than 1.5 for c200.
In the PMC experiment, increasing dimensionality to 200 contributes to higher hit
rates for ctg200 but reduces the number of types. ctg200 in the NYT experiment

9Recall that all models are fed with an embedding sequence to maintain a controlled environ-
ment.
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maintains a relatively similar number of types. Overall across domains, while the
hit rates for the ctg approach are higher, the continuous models often predict many
more types correctly, indicating that the models have learned more patterns that
are unique to the particular domain at hand.

3.4.2 Proposing an adversarial continuous output model (GAN)

Following the results seen in both Tables 3.1 and 3.2, I propose a new continuous out-
put prediction model that is based on generative adversarial learning (GAN) (Good-
fellow et al., 2014). For the GAN model, I employed the continuous model (c) as
the generator (G). The continuous model was trained jointly with a discriminator
(D) to provide stimuli for training the generator. The dynamic is as follows: G gen-
erates a fake embedding representation for a given history. D is then fed through
two channels, one with the given history and another with fake/real samples that
are provided by either the fake vector created by G or with the real word embedding
taken from the data. In D each of the real or fake vectors is compared to the out-
come of D’s RNN (internally imitating the process in G); this comparison results in
a probability score for the real or fake sample. D tries to learn what the real data
patterns are like, while G tries to learn how to fool D. Both goals are reflected in the
models’ objectives. Architecturally, D and G are similar, but inspired by Mirza et al.
(2014), I decided on having two channels to send the data. The step in which the
discriminator compares its generated embedding with the provided sample to make
a prediction about the sample’s authenticity is described in Eq. 3.8.

Dt = σ
(
(ŵt

D − {ŵtfake, wrealt })T θ + b
)

(3.8)

My final loss calculation (Eq. 3.9) closely follows the architecture used by Yang et
al. (2018a) and Yu et al. (2017) in that it conditions over a history of token vectors as
input. However, it is different in its output. Rather than directly choosing a symbolic
representation of item category within the model, the final loss calculation aims to
generate a vector representation that later is mapped to an existing embedding
representation associated with a category:

min
G

max
D

L(D,G) =Ew∼pdata(w)[logD(wt|whistory)]+
Eŵ∼pŵ(ŵ)[log(1−D(G(ŵt|whistory)))] (3.9)

To the best of my knowledge, this is the first attempt to employ this type of
model for vector embedding prediction. Whereas GANs are trained using a joint
loss function, the generator and discriminator are trained under MSE loss, as shown
in Eq. 3.9. The generator uses the same cosine loss as is used in the c model as its
embedding loss.

Figure 3.3 shows the high-level architecture of the generator (G) on the left and
the discriminator (D) on the right. On the left, the G is fed with a history input
sequence, together with a Gaussian noise initializing the first hidden layers of the
RNN, to ultimately generate a ‘fake’ continuous representation (ŵtfake). This ‘fake’
representation, or a ‘real’ representation (wrealt ) (the appropriate word embedding of
which continues the w1:t−1 sequence), is fed to D together with the history. A score
results from comparing the embedding that D generated internally (ŵtD) to that
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Generator Discriminator

Figure 3.3: Word prediction conditional GAN schema.

which was fed. D tries to learn how to distinguish between real and fake embeddings,
but in this game G will fool D until convergence. At the end of the training, only the
generator G is required for producing a prediction as this is the language model.

The reason I explored this type of architecture is that a continuous output is dif-
ferentiable, making the losses propagate more optimally than a discrete output (Yu
et al., 2017). The problem happens whenever argmax is employed in a GAN dy-
namic, which is expected given the softmax architecture. G tries to increase the
likelihood D assigns to its predictions by converting G’s predictions to hot represen-
tations (via argmax) and feeding them into D (minimizing 1−D(G(z))). However,
back-propagating D’s loss through the hot-encoded tokens is problematic. The ques-
tion then becomes: why apply argmax over the tokens in the output sequence? The
reason is that since the real sentences are hot-encoded, if the fake are presented
as a probability distribution, then it is easy to distinguish between real and fake
examples. Another alternative that avoids this problem is Kusner et al. (2016).

3.4.3 GAN’s model performance

Tables 3.3 and 3.4 show that in most cases, G has a decreased performance in terms
of hit rates for top1 and top10, but it provides the most diverse number of types
across all experiments, as shown in T1 and T10. Dim 50 tends to be greater in the
number of types, while dim 200 is greater in terms of hit rates.

3.4.4 Long-tail analysis

Recall that I am particularly interested in the models’ performance on predicting
rare words and aim to have the continuous models learn to predict items in both
frequent and rare neighborhoods in the embedding space. I therefore performed a
stratified analysis by target word frequency to assess whether the models’ behavior
differed for rare vs. common words.

Figure 3.4 presents type coverage (T1) for the NYT experiment in three frequency
bins: high, mid, and low, which correspond to x ∈ [103, inf), x ∈ [102, 103), and
x ∈ [101, 102), respectively. x is each target type’s frequency, following Kumar et al.’s
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model top1 (top10) T1 (T10)
freq 00.89 (23.39) 1 (10)
ugrm 00.71 (08.46) 2, 190 (5, 592)

ctg50 19.19 (46.02) 3, 982 (7, 559)
c50 17.31 (28.70) 8, 917 (22, 509)
G50 16.46 (27.45) 11, 534 (27, 921)

ctg200 21.21 (47.87) 4, 163 (7, 683)
c200 18.94 (30.90) 4, 335 (13, 087)
G200 18.15 (29.15) 6, 194 (17, 905)

Table 3.3: GANs learning on large NYT corpus.

model top1 (top10) T1 (T10)
freq 00.89 (25.53) 1 (10)
ugrm 00.76 (09.03) 1, 790 (4, 619)

ctg50 22.12 (48.02) 4, 764 (9, 020)
c50 19.89 (32.04) 11, 947 (34, 641)
G50 19.04 (30.41) 18, 040 (47, 550)

ctg200 22.92 (48.47) 3, 678 (7, 006)
c200 17.06 (30.88) 6, 083 (18, 533)
G200 20.67 (32.96) 9, 411 (28, 164)

Table 3.4: GANs learning on large PMC corpus.

(2019) split that was shown to capture meaningful learning differences. I observe
that the type coverage patterns of the models vary greatly across the frequency bins.
In the high-frequency bin, the type coverage for ctg was about 20% for both the 50
and 200 dimensions (of a total of n = 19, 204 types). The continuous approaches
were more diverse than the categorical with 7, 700, 6, 400, and 4, 100 types G50, c50,
ctg50. For 200 dim, I observed no meaningful differences. For the mid- and low-
frequency bins, the continuous approaches clearly outperformed their respective ctg
models. In the mid-frequency bin, the ctg50 model was predicting as low as 55
types, whereas c50 and G50 predicted 2, 100 and 3, 100 types, respectively. Similarly,
40, 760, and 1, 300 were the numbers of correctly predicted types for ctg200, c200,
and G200, respectively. In the low-frequency bin, there were no types predicted for
any of the ctg models, whereas 729, 386, 256, and 78 types were found in G50, c50,
G200, and c200, respectively.

In addition to investigating type coverage, I performed a stratified analysis of
token coverage (top1), as shown in Figure 3.5. Stratifying both accuracy and diver-
sity by frequency helps when interpreting accuracy in the context of type diversity
as they are complementary. This way the accuracy can be attributed to a diverse
prediction or to the limited number of types that were predicted, which is less desir-
able. As before, there was a major difference across frequency bins, with all models
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Figure 3.4: NYT type coverage by training frequency bin. n: number of items in
each bin; y-axes are percentages over n (note different scales).

Figure 3.5: NYT token coverage by training frequency bin. n: number of items in
each bin; y-axes are percentages over n (note different scales).

performing substantially better on high-frequency terms but with the traditional
categorical approach struggling to make correct predictions on mid-frequency terms
and completely failing on low-frequency terms. Note that the mid-frequency bin dim
of 200 was not especially different from the other models. My continuous models
often were able to correctly predict more mid- and low-frequency terms than their
categorical counterparts.

I applied the same analytical method to the results obtained using the PMC
dataset, which exhibited very different patterns of type distribution than the NYT
dataset, as shown in Figure 3.1. Figure 3.6 demonstrates the type coverage of PMC
across frequency bins. Here, too, the differences were more pronounced when the
dimensionality was 50. Yet for the majority of bins, the continuous approaches
predicted more types than the ctg models. In the mid-frequency bin, the numbers
of types were 7, 200, 3, 600, and 265 for G50, c50, and ctg50, respectively, and 3, 700,
1, 700, and 68 for G200, c200, and ctg200, respectively. Again, neither of the ctg
models was able to predict any types at all in the low-frequency bin; however,
3, 000, 1, 700, 810, and 565 types were found in G50, c50, G200, and c200, respectively.

Figure 3.7 illustrates patterns similar to those seen in Figure 3.5, demonstrating
decreased performance in terms of hit rate in dim 200 across all models in the mid-
and low- bins, yet higher hit rates for continuous models within each dimension.
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Figure 3.6: PMC type coverage by training frequency bin. n: number of items in
each bin; y-axes are percentages over n (note different scales).

Figure 3.7: PMC token coverage by training frequency bin. n: number of items in
each bin; y-axes are percentages over n (note different scales).

This analysis shows that in longer-tail areas across domains, and longer-tail
domains themselves, the continuous models were much stronger in terms of type
diversity.

Qualitative examples

In this section I provide a few qualitative examples of the mid- and low- bins’
predictions for the different models10 In the examples that follow, the predicted
token (i.e., the token that the model was required to predict) is in italics. These
examples illustrate correct predictions made by the continuous models and incorrect
predictions made by the categorical models, respectively. Where appropriate, I
include a portion of the sentence following the target token for context; recall that
the models did not have access to this information at the time that they were queried.

G s(NYT,mid): my piano teacher at the paris conservatory a woman ...

ctg(NYT,mid): my piano teacher at the paris hotel a woman ...

G s(PMC,low) ... owing to the anthropophilic and endophilic behaviour of ...
10More examples appear in Appendix A.1.1.
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ctg(PMC,low): ... owing to the anthropophilic and unk behaviour of ...

G s(PMC,mid): human infections are common following handling or processing of
infected turkeys or ducks

ctg(PMC,mid): human infections are common following handling or processing of
infected turkeys or by

G s(PMC,mid): ... this is further confirmed by detection of apoptotic and nonapop-
totic death ...

ctg(PMC,mid): ... this is further confirmed by detection of apoptotic and cell death
...

The examples provided illustrate typical differences between ctg and G models.
Observe that compared to ctg, G retrieves rarer and more context-sensitive to-
kens such as (piano,conservatory), (anthropophilic,endophilic), (turkeys,ducks), and
(apoptotic,nonapoptotic). These tokens reflect greater similarities to previous key-
words in the sentence. These examples, together with those in Appendix A.1.1,
qualitatively demonstrate the strength of the approach proposed in this chapter.

Statistical evaluation

I verified that the ctg models’ frequency-binned performances were significantly
statistically different from those of the continuous approaches. To compare the
distribution of predicted types across the frequency bins, I applied a χ2 two-sample
test given the overall uneven sizes of the hit populations11 My concern was that, given
the large differences in scale between the bins, the between-model differences that I
observed in the mid- and low-frequency bins might be due to chance and the models
might be more equivalent than they appeared. Hence my goal was to understand
whether at least one bin population (whether high-, mid-, or low-frequency) of tokens
predicted by a continuous model was different from the categorical populations. The
null hypothesis for this test was that the continuous models proposed in this work
follow the same distribution as the categorical distribution. There were three degrees
of freedom corresponding to the three bins (as the samples were not equal in size);
I used Bonferroni correction for multiple comparisons. Eq. 3.10 describes the test:

Q2 =
k∑
i=1

m1Oi −m2Ei

Oi + Ei
m1 =

√∑
iEi∑
iOi

,m2 =

√∑
iOi∑
iEi

(3.10)

In this equation, Oi and Ei are the observed and expected counts in the ith bin,
respectively (i.e., the hit counts for the two models under comparison), while m1

and m2 are the scaling parameters used to handle the difference in sample size.
NYT: For the hit distribution shown in Figure 3.5, the null hypothesis was rejected
for every dimension-matched of a continuous-ctg pair with p < 0.005.
PMC: For the hit distribution shown in Figure 3.7, the null hypothesis was rejected
for every dimension-matched of a continuous-ctg pair with p < 0.005.

11For a description, see https://www.itl.nist.gov/div898/software/dataplot/refman1/
auxillar/chi2samp.htm.
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It can thus be concluded that the continuous model presented a different popu-
lation in at least one frequency bin, thereby corroborating the evidence provided in
the main paper that both approaches essentially produce different distributions of
predictions.

In the next two sections, I explore additional categorical baselines, as advances
in the field have been made in an attempt to address the concerns and limitations
of the categorical model described earlier.

3.4.5 An improved categorical model:
The unlikelihood loss function

As mentioned earlier,12 the lack of diversity in prediction in language models has
been observed by Holtzman et al. (2020) and Dinan et al. (2019). It was also demon-
strated with GPT-2 by Welleck et al. (2020). The need to diversify prediction has
been explored through both improved decoding strategies (Li et al., 2016a; Serban
et al., 2015) and alternative objective functions. Several different approaches to
beam decoding, which prevents predicting tokens from being proposed again in an
attempt to avoid repetition, have been proposed. Many of them revolve around
penalizing or excluding word-types that are similar to previously predicted types
in a beam search (Li et al., 2016b; Kulikov et al., 2018; Holtzman et al., 2018).
Other decoding approaches include pure sampling and increased temperature (as
shown in Holtzman et al. (2020)). Still other approaches rely on new objective
functions. For instance, He et al. (2019) presented a negative loss function with
which to update a model after MLE-based training if an undesired prediction is
present. This negative loss demotes the currently predicted type through additional
model updates. Edunov et al. (2018) proposed incorporating sequence-level loss
with a task-specific cost function (e.g., BLEU) to encourage less-frequent sequences.
This technique has been shown to produce improved results on machine translation
as well as text summarizing tasks. Pereyra et al. (2016) proposed training with a
smoothed token distribution to reduce a model’s confidence that is created by a typ-
ical negative log likelihood loss (updated with ‘hot’ representation). I chose a recent
and successful approach called unlikelihood loss, which was proposed by Welleck
et al. (2020).

ULt =
∑
wt∈Wt

−α
∑
c∈Ct

log(1− pθ(c|wt))− log pθ(wt|w<t) (3.11)

This enhanced loss function has two components. The first one appears on the left-
hand side of Eq. 3.11: (log(1−pθ(c|wt))), which demotes up to five word candidates
(by choosing them from the previous context words). The second, shown on the
right-hand side of Eq. 3.11, is an MLE loss through cross entropy aimed at promoting
the target word that is also used in the categorical model (see Eq. 3.3). This loss
function provides a more informed updating process as the model learns both what
the appropriate prediction is and what predictions are unlikely to be appropriate,
resulting in a richer feedback signal. Moreover, since the immediate (previous)
context is demoted, this loss function can intuitively explain why repetition may be
discouraged.

12This argument is made and substantiated in section 2.5.2.
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3.4.6 An improved categorical model:
Employing subword unit tokenization

Another enhanced categorical model is based on the recent tokenization approaches
of subword representations (Sennrich et al., 2016; Wu et al., 2016b; Lample et al.,
2019), which have become common means of representing tokens (Devlin et al., 2018;
Liu et al., 2019; Alec et al., 2018; Alec et al., 2019). These approaches were devised
for two main reasons. First, they promote complexity reduction, as employing partial
sentences or word segments reduces the overall units used to represent a vocabulary,
thereby leading to smaller computational costs. Second, the building blocks formed
by the word segments can handle rare words (Sennrich et al., 2016; Wu et al., 2016b;
Lample et al., 2019). A ancillary advantage is open vocabulary prediction; in other
words, these segments can be sequenced in ways that are not seen during training,
thereby creating words outside of the trained vocabulary.

The different tokenization approaches segment words or sentences based on the
fundamental principle of Huffman (1952) in which more common sequences are en-
coded with fewer bits, thereby requiring fewer units to be spelled. WordPiece’s (Wu
et al., 2016b) and XLM’s approaches to tokenization (Lample et al., 2019) create
segments of words, while BytePair’s (Lample et al., 2019) approach is based on
sentence segmentation. The following is how each approach segments words:

WordPiece [‘to’, ‘##ken’, ‘##ization’]

XLM subword [‘to’, ‘ken’, ‘ization</w>’]

BytePair [‘to’, ‘ken’, ‘ization ’]

In WordPiece an internal word segmentation is indicated with two pound signs
‘##’; in XLM the final suffix is indicated with the end of word sign ‘</w>’; and in
BytePair, tokens are formed from segmented sentences in which spaces are included.
For this experiment I found WordPiece tokenization to be especially easy for word
evaluation as its unit of segmentation is words;13 however, the experiment would
have been possible using sentence segments from BytePair as well. In the remaining
part of section 3.4.6, I describe the decoding process for words.

Decoding words from their WordPieces

Since WordPiece (Wu et al., 2016b) tokenization is based on word boundaries, it
is easier to evaluate word units’ generation. To ensure flexible decoding, first-rank
predictions are produced by initially feeding the model with the context sequence
(as is done with every model) and then continuing to feed it with the most likely
guesses for as many rounds as needed until the model produces a complete word (or
the model stops producing valid suffixes). Once the model is finished, the Word-
Pieces are concatenated to form the predicted word that is then compared to the
target word. Note that various segments are allowed to form a complete predicted
word as the word is the unit of evaluation. Producing the first ten guesses is espe-
cially complex. The model goes through a depth-first search (DFS). This way every
possible valid word that can be spelled to match a target is extracted.

13XLM’s tokenizer is an optimal choice, too, for the same reason.
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##tin##ti

##uou##uous

1

c co contree roots:

target word: continuous

Figure 3.8: Depth-first search for top ten guesses with WordPiece tokenization.

In Figure 3.8, during the initial round of prediction, if valid roots (i.e., valid prefixes)
are found within the top ten guesses, they are stored. The following rounds exhaust
possible additional word segments to continue a valid prefix, and they are stacked
until either a predicted target pair is matched or all valid paths have been exhausted.
This ensures subword flexibility for the top ten words. The algorithms for the first
and the top ten guesses are Algorithm 1 and Algorithm 2.

3.4.7 Overall performance across experiments

High-level analysis

Tables 3.5 and 3.6 add to Tables 3.3 and 3.4, reflecting the additional categorical
baselines: a categorical model trained with WordPiece that was trained with a
custom tokenizer (wpe) where the tokenizers were trained on the training sets, and
the unlikelihood loss function model (UL). In Tables 3.5 and 3.6, the basic categorical
model called ctg is renamed mle, representing the simple MLE loss function.

model top1 (top10) T1 (T10)
mle50 19.19 (46.02) 3, 982 (7, 559)
wpe50,nyt 28.28 (52.61) 4, 037 (7, 630)
UL50 17.50 (39.99) 4, 523 (8, 782)
c50 17.31 (28.70) 8, 917 (22, 509)
G50 16.46 (27.45) 11, 534 (27, 921)

mle200 21.21 (47.87) 4, 163 (7, 683)
wpe200,nyt 29.07 (53.67) 4, 452 (8, 262)
UL200 18.33 (41.24) 5, 596 (10, 352)
c200 18.94 (30.90) 4, 335 (13, 087)
G200 18.15 (29.15) 6, 194 (17, 905)

Table 3.5: Complete experimental results on NYT corpus.

As shown in Tables 3.5 and 3.6, the wpe accuracy rate is the highest by a large
margin; on the other hand, the number of unique types that were correctly pre-
dicted is not meaningfully different (and is in fact worse at times) compared to
mle. The increased hit rate may be attributed to the flexible decoding strategy (see
section 3.4.6) allowing for more than a single possible spelling. However, wpe’s T1
indicates that this approach may not be particularly effective in the prediction of di-
verse word-types. UL produced a lower hit rate while predicting a greater number of

60 Chapter 3



model top1 (top10) T1 (T10)
mle50 22.12 (48.02) 4, 764 (9, 020)
wpe50,pb 27.29 (50.23) 3, 020 (6, 849)
UL50 17.52 (39.69) 4, 780 (9, 657)
c50 19.89 (32.04) 11, 947 (34, 641)
G50 19.04 (30.41) 18, 040 (47, 550)

mle200 22.92 (48.47) 3, 678 (7, 006)
wpe200,pb 27.85 (50.94) 3, 182 (7, 389)
UL200 18.80 (41.13) 5, 888 (10, 785)
c200 17.06 (30.88) 6, 083 (18, 533)
G200 20.67 (32.96) 9, 411 (28, 164)

Table 3.6: Complete experimental results on large PMC corpus.

types than any of its categorical counterparts, and this outcome can be attributed to
its objective function. Despite the improved performance of UL, in most experiments,
its performance was worse than that of c, and in all experiments, its performance
was worse than G in prediction diversity. G was found to be the most diverse method.
Next, I break type diversity down by frequency to investigate it in greater detail
across training rates. In Chapter 6 I conduct a similar experiment over a different
dataset, evaluating state-of-the-art models. There, I show that the accuracy num-
bers are similar to the ones presented here, so while the chapters’ experiments are
not comparable, the outcome in this chapter, based on simple models, is a good
proxy for state-of-the-art models.

Long-tail analysis

Figure 3.9: NYT type coverage by training frequency bin. n: number of items in
each bin; y-axes are percentages over n (note different scales).

The same experiments that are represented in Tables 3.5, and 3.6 are shown in
Figures 3.9-3.12. wpc in Figure 3.10 and 3.12 (shown in shades of green and brown,
respectively) presented the highest hit rates in most experiments, though considering
its relatively low diversity, as shown in Figure 3.9 and 3.11, these hit rates are likely
to be attributed to the very few types it was producing correctly. Overall, this
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Figure 3.10: NYT token coverage by training frequency bin. n: number of items in
each bin; y-axes are percentages over n (note different scales).

Figure 3.11: PMC type coverage by training frequency bin. n: number of items in
each bin; y-axes are percentages over n (note different scales).

analysis shows that in longer-tail areas across domains, and longer-tail domains
themselves, the continuous models were much stronger in terms of type diversity
(shown in pink and light pink in Figure 3.9 and purple and dark blue in 3.11). GAN
in particular was found to be the most diverse model. Having investigated three
categorical models and two continuous models across domains and dimensionalities,
I conclude that the each of the different approaches may be incentivized differently.
The categorical approach promotes high accuracy, while the continuous models are
richer in types. In the next section, I probe the computational differences between
the continuous and categorical models.

3.4.8 Computational costs

The need to reduce the computational costs associated with machine learning
models (Schwartz et al., 2019) is especially pressing today, as the center of focus
is on heavy models such as BERT (Lan et al., 2019; Zafrir et al., 2019). In this
section, I look at the theoretical and practical costs of the models presented thus
far in terms of training, inference, and memory requirements.

The theoretical costs discussed mainly reflect the final layer of each of the differ-
ent models and not an entire model itself, while the real complexity costs present the
model’s overall real cost. Note that models using the categorical approach represent
both the costs of the mle and the UL models, as they have similar degrees of com-
plexity (up to a constant). c and G are represented under the continuous approach
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Figure 3.12: PMC token coverage by training frequency bin. n: number of items in
each bin; y-axes are percentages over n (note different scales).

for the same reason. The tokenized categorical model is represented separately.
Assume that |V | > |v| >> d; in other words, the word-level vocabulary size is

larger than the subword-level vocabulary size, the latter of which is much bigger than
the embedding dimensionality being predicted (as in this chapter’s experiments).
In these experiments 900, 000 > 50, 000 >> 50 (reflecting one order and three
orders of magnitude of difference, respectively). As shown in Table 3.7, under this
assumption, the continuous models have lower algorithmic complexity compared
to the categorical models during each forward pass at training time. Comparing
a continuous ELMo to an equivalent categorical one (of subwords or a sampled
softmax of words),Li et al. (2019) pointed to a four-fold speedup in training while
eliminating 80% of the required trainable parameters. As discussed earlier, this is
due to the fact that there is no need to scan the entire vocabulary space (|V |, or |v|)
as part of the softmax step of the loss calculation (no decoding takes place during the
training of the continuous models). In the case of categorical models using methods
such as adaptive softmax (Grave et al., 2017), the models may reduce their training
complexity to sublinear (with regard to |V | or |v|); with a large vocabulary, though,
even a sublinear scan of |V | can come at a substantial cost.

Even if noise-contrastive estimation approaches are employed (Mnih et al., 2012;
Gutmann et al., 2010; Zoph et al., 2016) for a categorical model, thereby resulting in
a reduced training cost at inference time, this model still has to make a pass over the
entire vocabulary space in order to predict a word.14 The continuous architecture
seen here uses an approximate nearest-neighbor algorithm (Bernhardsson, 2018) (see
section 3.3.4) to search for the optimal vocabulary item during decoding, resulting
in computational complexity ∝ O(log|V |), .

Memory requirements of the continuous approach are also leaner than those
of the simple categorical model but may be greater than those of the tokenized
version. My model’s output layer does not need to contain parameters for every
single vocabulary entry; it only must store a single vocabulary list of embeddings,
which can be done very efficiently. This advantage becomes even more important
when storing prediction models that are customized for individual users, which is

14While we acknowledge hierarchical softmax’s (HSM) (Morin et al., 2005) theoretical gains,
most models today do not employ this approach. This was true even before subword usage became
prevalent. Therefore, in our comparison we consider alternatives to currently employed approaches.
Moreover, Grave et al. (2017) proposed an approach that is more suitable to GPUs than the HSM,
suggesting that this may be why HSM has been less commonly adopted.
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one of the goals of this work, as mentioned in 1. In such a scenario, a categorical
approach would involve, at the very least, maintaining a separate model and thereby
a separate set of output layer parameters for each user, making the model expensive
for large vocabularies. My continuous approach, in contrast, would involve storing a
much smaller matrix of per-user output parameters O(d), and the upfront cost of the
vocabulary index would be able to be amortized across the entire user population
O(|V |) by sharing the embedding space.

model categorical categoricaltok continuous
train runtime O(|V |) O(|v|) O(d)
test runtime O(|V |) O(|v|) ∝ O(log|V |)
mem. (X usrs) O(|V |)∗X O(|v|)∗X O(d)∗X+O(|V |)

Table 3.7: Theoretical complexity analysis for each of the models’ final layer (de-
coding and memory requirements).

Table 3.8 presents the models’ overall floating point operations (FLOps) costs.
I computed a linear layer FLOps through (2 ∗ I − 1) ∗ J ∗ mb(100) such that J, I
are adjacent matrices and mb is a mini-batch size. An LSTM layer was computed
as l(2) ∗ ts(25) ∗ 8(gates) ∗ 2(hlayers) ∗ h(200) ∗mb(100) ∗ (h + 1) and had similar
dimensions across all models (l, ts, gates, and h are LSTM layers, times-teps, LSTM
gates, and hidden-layer size, respectively). Recall that all continuous models have
the same dimensionality as that of categorical models for the LSTM layer and a
different dimensionality than that of the final linear layer and the decoding part
taking place. The continuous decoding part is based on the size of the complete
vocabulary divided by 1000 clusters (for an average number of comparisons) and
multiplied by d (computing angular distance), and it is estimated to be 450k, which
is negligible relative to 128M15 Building the Annoy forest of trees16 requires a one-
time cost of 4.5G and it is loaded for each call. The memory allocation for each
of the continuous models is based on the file size of the model and the embedding
space size. In the models presented here, the main difference is found in their final
layers; other than that, they are relatively similar. As such, it can be deduced
that the difference in the number of approximate calculations in train and inference
(FLOps) has to do with the additional operations of the categorical’s final layer.
If there are very few users in this hypothetical scenario, then memory-wise it may
make sense to use the tokenized model and avoid the non-tokenized categorical
model. However, when increasing the number of users, the continuous models have
the smallest scaling factor (by two orders of magnitude less than the tokenized and
non-tokenized categorical models), making for a more appealing approach to scaled
deployment.

In future work I will shed light on the wall-clock comparisons of the three models;
at this point, however, I note that the continuous models’ cost trade-offs shift the
burden of costs in ways that may allow for easier scaling across users.

15Annoy’s library (Bernhardsson, 2018) employs random projections (Bingham et al., 2001) to
reduce vector dimensions if needed, so the estimated computation is an upper bound using d.

16See Section3.3.4.

64 Chapter 3



model categorical categoricaltok continuous
Train appx. calc. (FLOps) 488M 148M 128M
Inference appx. calc. (FLOps) 488M 148M 128M
mem. (X usrs) (bytes) 731M∗X 41M∗X 2.1M∗X+548M

Table 3.8: Overall model real complexity costs in floating point operations (FLOps)
(|V | = 900, 000, |v| = 50, 000, d = 50).

3.5 Future Directions

One natural direction the experiments described in this chapter could take involves
executing this protocol to examine the different models in relation to morphologically
rich languages (MRLs) that are known to have higher type-to-token ratios (Gerz et
al., 2018) resulting from language inflections. I hypothesize that the GAN-based
approach proposed in this chapter is a promising approach to such languages as the
model was shown to be superior on type diversity when using a high type-to-token
rate dataset: the biomedical dataset of PMC (where the long-tail of infrequent words
was attributed to jargon rather than various inflections). This is also motivated
by Czarnowska et al. and (2019), who suggest that current language models are
sub-optimal for MRLs. Czarnowska et al. proposed splitting the task into semantic
and syntactic tasks. The researchers addressed the syntactic element, and this work
complements theirs by adding the semantic element. Furthermore, the feature-based
decoding will be discussed in section 5.3 could be employed to provide morphological
oracles that are learned separately.

Another possible direction is to devise a set of real-world tasks similar to those
of Guu et al. (2020). The researchers showed to what degree a self-contained model
can handle such tasks compared with a retrieval LM that has access to external
data. They also showed that some settings could benefit from different training and
decoding datasets to yield high performance. The outcome is likely to vary from
one task to another, but perhaps quantifying the degree of novel returns17 retrieved
through a continuous model would highlight another possible strength (OOV will
be explored in Chapter 4).

Recently, a new objective function was proposed (Choi et al., 2020). This new
objective function specifically targets prediction diversity and is likely to be more
competitive than the UL (Welleck et al., 2020) objective implemented in this chapter.
This is another possible future direction. This chapter proposed another direction
that goes beyond diversity. While the prediction of diversity is central to this chap-
ter, continuous prediction was found to scale well across users, as shown in Tables 3.7
and 3.8. In Chapter 4, I will show that this approach also allows for growth and
continual learning due to its architecture, making for more sustainable models.

3.6 Conclusion

In this chapter I proposed a retrieval-based architecture of an adversarial learning
nature and evaluated it on three main axes: prediction accuracy, prediction diversity,

17In this experiment, this question translates to OOV retrievals.
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and complexity costs. The experiments were conducted across a news-based domain
and a biomedical domain. Several models were compared: a basic categorical model
with MLE, a categorical sub-word model, a categorical diversity-enhancing model,
a continuous model, and my proposed GAN-based continuous approach. A trade-
off between prediction accuracy and prediction diversity was observed; this trade-
off was found in Luo et al.’s (2020) work on image captioning as well. I showed
that the high-accuracy performance attributed to the categorical models can be
attributed to the narrow list of classes predicted, which encourages the model to be
less exploratory18 and more exploitative of given learned examples. On the other
hand, the continuous prediction approaches scored higher on diversity, including
with regard to rarely seen training examples. Computational costs were considered
as well, and shorter runtimes, FLOps, and memory were found across users of the
retrieval based-approaches.

In the context of AAC, the language model proposed in this chapter allows a user
to retrieve a richer number of icons/words contributing to a more expressive message
at relatively lower costs. Predicting a more diverse set of words may indirectly
contribute to engagement and is a way to develop more trust in the system. As
there are additional axes on which to compare these models, in the following chapter
I focus on the architectural potential of the retrieval models presented here.

18Here I borrow reinforcement learning terminology.
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Chapter 4

Incremental Domain Adaptation in
Language Models

“The measure of intelligence is
the ability to change”

Albert Einstein

4.1 Introduction
This chapter is aimed at exploring the promise continuous prediction models hold.
In this chapter I explore how to move towards continual learning models for language
modeling and evaluate desirable characteristics for this task. Following Parisi et al.
(2019), continual learning agents are models that can continue to learn over time
and adapt to new distributions while retaining the previously learned distributions.
In this chapter I develop a continual-learning language-model agent that learns to
adapt to different domains for text-entry purposes, where the user’s language may
change over time or change as a function of their conversation partner or situa-
tion, as shown by Müller-Frommeyer et al. (2019), and by Tannen et al. (2005) and
Biber et al. (2009). Specifically, the categorical approach is compared to continu-
ous prediction models. While the categorical approach is shown to outperform the
continuous approach on the main metrics, note that the meta-metrics in this chap-
ter, which define the optimal criteria for continual learning agents, arguably play
a more important role when considering both model approaches for the purpose of
continual-learning language-models.

4.2 Related Work

4.2.1 Domain adaptation in NLP

Pratt (1993) introduced the concept of transfer learning, a network learned on source
data, subsequently rescales its weights on target data. Following the definitions
of Pan et al. (2009), domain adaptation, which is the main focus of this chapter,
is one type of transfer learning. In domain adaptation, labeled data exist for the
source domain, which is the initial domain a model often is trained on, while one or
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more additional domains for the same task are to be learned as well (regardless of
whether there are labels for the following domains). Even though domain adaptation
was a field of research prior to the following work, it was formalized by Daume III
et al. (2006), where training and testing are based on two different but related
distributions of data. The initial training is based on an out-of-domain distribution
and then optimized for the in-domain data:

θ̂ = arg max
θ

p(θ|arg max
η

p(η)p(Do|η))p(Di|η) (4.1)

Eq. 4.1 defines domain adaptation based on Daume III et al. (2006), where a model’s
parameters (θ) are learned based on the hyper-parameters (η) and the out-of-domain
distribution Do but then are refined to maximize the likelihood of the in-domain
distribution. There is also earlier work that was done in the field. Woodland et
al. (1999) presented language model interpolation in an HTK version that showed
decreased perplexity when combining a category-based language model and an n-
gram model (see Eq. 2.8). The category-based model is computed in Eq. 4.2 (based
on Kneser et al. (1993)):

pcategory(w|wi−1) = p(w|C(w))p(C(w)|C(wi−1)) (4.2)

Another way to mix the distribution, known as count-merging, was shown by Bac-
chiani et al. (2003) and Ljolje et al. (2000) and appears in Eq. 4.3:

p(wi|wi−11 ) =p(wi|h) =
αC1(hwi) + βC2(hwi)

αC1(h) + βC2(h)
(4.3)

where Cx are counts from a particular domain, and α, β are scalars. Bacchiani et al.
(2003) reported that both unsupervised approaches were found to improve perfor-
mance, given limited in-domain data. Federico (1999) proposed another interpreta-
tion of adaptation called minimum discrimination information. This interpretation
involves combining both the in-domain and out-of-domain datasets, as shown in
Eq. 4.4:

p(wi|h) =
po(wi|h)α(wi)∑
po(w′i|h)α(w′i)

(4.4)

where

α(wi) =
pi(wi)

po(wi)
(4.5)

The α(w) component generates a distribution based on both unigram probabilities
of the distributions. Gretter et al. (2001) conducted an online adaptation based
on a confidence measure such that the probability generated is based on both an n-
gram lattice and a current hypothesis. The online adaptation’s tokens are considered
only if they cross a likelihood threshold. Blitzer et al. (2006) proposed a way to
recover wrong labels given a news source containing both (X, y) of words and labels
(parts-of-speech), and a biomedical target domain containing words X and tags
based on the news domain-trained tagger. The goal was to recover corrupted tags
resulting from the domain mismatch. Adapting to the new domain and recovering
the biomedical tags were completed through structural correspondence where the

68 Chapter 4



Figure 4.1: Recovering labels through structural correspondence (from the example
given in Blitzer et al. (2006)).

tag’s word was searched and extracted with a set of ‘pivot’ words (that function
similarly across these domains). This helped recover the label via the patterns
found in the new labeled corpus. Figure 4.1 illustrates how to recover a label from a
corrupted tagger for a biomedical text by anchoring the target word in pivot words
and searching for the likely label given the labeled news corpora.

Johnson et al. (2005) devised an approach to project several domains into a low-
dimensional shared domain. This is done by minimizing the loss in Eq. 4.6 in a form
of co-training:

[θ, f̂1:l] = arg min
θ,fl

m∑
l=1

(

nl∑
i=1

L(fl(θ,X
l
i), y

l
i)

nl
+ r(fl)) (4.6)

where every classification data of X, y learns a projection to a lower-dimensional
space, together with a regularization function to prevent over-fitting or to promote
generalization. Johnson et al. (2005) also proposed a semi-supervised approach
where one can recover labels when only a few are available for a particular classifi-
cation I will refer to as A. The recovery can take place if A is co-trained with other
classification problems, leading to the generation of a rich space that can general-
ize A from only a few examples of it. Daumé III (2009) proposed a way to feed
features into a classifier that indicates whether an input feature is common to both
domains or specific to a source or a target domain. The feature representation is
based on hot decoding (see section 2.4.3) with designated positions for each domain.
Kim et al. (2016) took another step towards applying the work of both Daumé III
(2009) and Johnson et al. (2005) to a neural network and generalized to output la-
bels beyond binary classification. Kim et al. (2016) showed that training K LSTMs
with a generic LSTM on all domain training data was superior to the alternatives
(including Daumé III’s (2009) model). Following Daumé III, Sun et al. (2015) pro-
posed an unsupervised adaptation where both the source and the target domains’
distributions are aligned via the alignment of their co-variance matrices as shown in
Eq. 4.7:

min
A
‖ CS − CT ‖= min

A
‖ A>CSA− CT ‖ (4.7)

Pan et al. (2010) proposed a transfer component analysis (TSA) where ‘transfer’
components are used to map from one domain to another, while maintaining the
variance of the data and reducing the distance between the two distributions. Pan et
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al. (2010) demonstrated improved performance over a text classification task. Glorot
et al. (2011) presented a deep learning architecture for unsupervised learning by pro-
jecting the input into a lower-dimensional space for improved generalization across
domains. Glorot et al. employed a neural approach involving a stacked autoencoder
architecture and showed superior performance in a sentiment classification task of
12 Amazon product domain shifts.

Fine-tuning is based on rescaling weights on a target domain, where the available
target data is scarce (Dauphin et al., 2012).1 This is a more general type of transfer
learning compared to domain adaptation, as it is not restricted to the original task it
was trained on with the source domain. Recently fine-tuning has become a common
means used by various transformers (Devlin et al., 2018; Peters et al., 2018b; Liu
et al., 2019) over various downstream tasks. Howard et al. (2018) introduced the
universal language model fine-tuning (ULMfit), which is an LSTM-based model.
ULMfit emphasizes the practice of fine-tuning over a language model for attaining
task-specific models, instead of training these models from scratch. The authors
also introduced a layer-dependent learning rate for weight updates during training,
as shown in Eq.4.8:

θlt = θlt−1 − ηl · ∇θlL(θ) (4.8)

where the assumption is that the different layers maintain different features (lower
layers were found to capture syntactic features, while higher layers were found to
capture semantic features). Therefore, learning preserves the general linguistic fea-
tures while the model remains flexible to learn others, which is the justification for
applying different learning rates. Following transformer research, Dai et al. (2015)
showed an effective approach for neural language model adaptation. This approach
begins with training a general model, which is then adapted to a smaller dataset.
Dai et al.’s (2015) approach had superior performances across various domains. Gu-
rurangan et al. (2020) extensively evaluated neural adaptation through fine-tuning
both on a textual domain and on task-based text. Gururangan et al. pointed out
the different aspects of adaptation, including adapting to the pattern of a text and
adapting to a domain vocabulary. They demonstrated that while a news corpus
presented overlapped word-types with a reviews corpus, textual patterns did not
overlap word-types. Moreover, given limited computing resources, they proposed
augmenting a small-sized domain with quality data by finding the nearest-neighbor
sentence embeddings from larger in-domain data, achieving very close performance
compared to training a full-size domain. Lee et al. (2020) presented bioBert, based
a BERT model architecture which was pre-trained on the biomedical domain and
then fine-tuned using three biomedical domain downstream tasks. The main reason
for training bioBert was the vocabulary difference and requirement of training from
scratch, such that fine-tuning can be within a sub-domain of bioBert, rather than a
BERT fine-tuned on a completely different domain. Several more fine-tuned BERTs
were released (including biomedical (Lee et al., 2020), medical (Rasmy et al., 2020),
clinical (Alsentzer et al., 2019), and scientific (Beltagy et al., 2019) domains, among
others, as mentioned in section 2.3.4). In this chapter I will evaluate language model
adaptation, and in particular continual learning of language models.

1The target data scarcity setting was also assumed in the studies presented earlier in this
chapter, though most of those studies revolved around adaptation. This part of the chapter reviews
mostly broader transfer learning works. Adaptation does not assume the scarcity of target domain
by definition.
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4.2.2 Continual learning

‘The ability to continually learn over time by accommodating new knowledge while
retaining previously learned experiences is referred to as continual or lifelong learn-
ing,’ according to Parisi et al. (2019). The fine-grained distinction is that while life-
long learning (LL) considers a broad range of models and was introduced by Thrun
et al. (1995), continual learning (CL) is often referred to a neural-based model (Chen
et al., 2018).

One of the biggest challenges of LL, and CL in particular, has to do with
the catastrophic forgetting (Parisi et al., 2019) phenomenon. Catastrophic forget-
ting/inference (CF) was already observed by McCloskey et al. (1989), who described
the problem of degradation of performance that results from learning a sequence of
tasks that specifically hurts early-learned tasks. This problem describes the tension
between plasticity, which is the ability to adapt and increase the synaptic strength
following the Hebbian theory (Hebb, 1949), and the stability of the knowledge ac-
quired through homeostatic mechanisms observed in biological systems, as described
in Mermillod et al. (2013). In this regard, a subtlety defining CL is that it is a form
of transfer learning where the knowledge gained from one task is expected to be used
for the same task, rather than being re-purposed for a different one as in a typical
instance of transfer learning. Therefore, CL evaluation considers previously trained
knowledge/tasks as well.

Ven et al. (2019) characterized three scenarios for continual learning: Task-IL
(incremental learning) in which models are informed which task they are required to
solve (could be multi-headed the more tasks are presented); Domain-IL in which a
model solves the task at hand (and is not instructed what task to solve); and Class-
IL in which a model solves the task and is required in addition to infer the task ID.
The problem shown in this chapter follows Domain-IL, as the model is required to
predict an outcome and is not provided with the task ID but is also not required to
predict it.

Ven et al. (2019) provided a review of different approaches to overcome CF.
I will review the main ways to overcome CF in neural models. Kirkpatrick et
al. (2017) proposed the elastic weight consolidation (EWC) model for supervised
and reinforcement learning scenarios. The approach consists of a quadratic penalty
between the parameters for the old and the new tasks that slows down the learning
for task-relevant weights coding to retain previously learned knowledge. Since the
posterior distribution to compute the model’s parameters based on the current and
previous domains is intractable,

p(θ|D) =
p(DB|θ)p(θ|DA)

DB

. (4.9)

The parameters are approximated through the loss presented in Eq. 4.10, with goal of
penalizing parameter changes that are assumed to be meaningful to the old domains
through regularization.

L(θ) = LB(θ) +
∑
i

λ

2
F (θi − θ∗A,i)2 (4.10)

Eq. 4.10 contains the loss computed for the current domain together with a regular-
ization component applied to retain Domain A’s knowledge. Another regularization-
based approach called learning without forgetting (LwF) was proposed by Li et al.
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(2017) where parameters of the old tasks, shared parameters, and new task param-
eters θo, θs, and θn are employed for learning. The loss computed from the new
task is regularized through the old task and the shared model’s parameters. Shin
et al. (2017) proposed a replay mechanism where examples from previous tasks are
replayed indirectly. Training a model with the new data and then replaying old
data was proposed by Robins (1993), under the assumption that the replay would
address the forgetfulness of a model. The deep generative replay approach of Shin
et al. (2017) is based on training an external ‘solver’ that imitates the old task
model and produces ŷs (soft targets) instead of recording the original targets (hard
targets). Then in order to replay examples to the ‘scholar’ (the main model), a
pair of (x, ŷ) is introduced to accommodate the old tasks, together with the typi-
cal training on the new task, where hard targets are introduced. Using a ‘solver’
may save memory demands of data (specifically the labels) associated with previous
tasks and has been shown to improve performance when trained together with LwF,
compared to just LwF. The approach employed in this chapter is based on replay
described by Shin et al. (2017), where old examples are presented again during the
next training. More technical details are described in section 4.4.5.

4.3 Continual Learning of Language Models

4.3.1 Problem definition

In this chapter I examine the language models architectures introduced in Chapter 3
for performing continual learning. Ideally after deploying a language model, it should
continue to adapt to user patterns, while also recall previously learned patterns.
Therefore, the questions asked in this part are about continual learning qualities
a language model maintains. Evaluating the models is done through both meta-
metrics that will be described in section 4.4.6 as well as basic performance tests
that were introduced in section 3.3.6. In what follows I formalize the problem and
elaborate on the methods.

4.3.2 Problem formalization

I denote domain A distribution, which is the first domain being trained, as a subset
of N examples from DA ∼ DA, and domain B distribution, which is the second
domain being trained, as a subset of M examples from DB ∼ DB. M < N as
this condition reflects a scenario where gradual learning of a user is attained. The
goal is to learn a function h : X → Y with a low expected loss with regard to DB,
while retaining a relatively low loss for DA (under a reduced catastrophic forgetting
assumption). X ,Y ∈ Rd represent up to several and a single embedding vectors
respectively such that each of the vectors corresponds to a single word-type.

4.4 Methods

I conduct a series of word prediction experiments in which the performance was com-
paring a traditional categorical prediction model, a simple continuous model, and
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the proposed GAN-based continuous approach in an incremental domain adaptation
setting.

4.4.1 Datasets

Similar to section 3.3.1, I performed experiments on two corpora: newswire text from
the New York Times section of the Annotated English Gigaword corpus (Ferraro et
al., 2018, LDC2018T20) (NYT) and full-text biomedical journal articles from the
open-access subset of PubMed Central (Beck, 2010) (PMC). NYT and PMC were
chosen to be DA, DB, respectively. These domains were chosen as they have reduced
overlap of vocabulary, simulating a stress-test under adaptation settings. There
were 514k types and 731M tokens in the NYT corpus and 861k types and 453M
tokens in the PMC corpus. The word-type overlap is 116k, and the token overlap
is 270M. Each vocabulary type observed fewer than four times in each training set
was replaced with an unk symbol, and each numeric token was replaced with a
class token. The dataset split is 60/20/20 train/dev/test. All models underwent
a single pass on the train set (due to complexity considerations), during which the
most optimal model was chosen. The early stopping (Yao et al., 2007) approach was
taken when evaluating the models’ losses on dev set.

4.4.2 Models

The categorical and continuous models employed in this set of experiments followed
the architecture described in section 3.3.2, the GAN-based model followed the ar-
chitecture described and in section 3.4.3. However, these are not the same models;
they were especially trained for this set of experiments using the same architecture
but different conditions.

4.4.3 Embeddings

I trained embedding spaces from scratch on both domains’ datasets. All models were
fed with embeddings as input to make them as architecturally similar as possible.
This set of experiments was conducted on the dimensionality of 50 for two reasons.
First, doing so reduced complexity across all models, and second, most of the diverse
models in Chapter 3 were found in that dimensionality. I leave experiments with
higher dimensionalities for future work. Following the results that will be shown in
section 5.42, I custom-trained Word2Vec (Mikolov et al., 2013b)3 on both the NYT
and PMC datasets, making for a single shared space. The motivation for the shared
space is described in the following section. A total of 1.27 M entries covering both
domains were represented on the space.

4.4.4 Decoding

Similar to section 3.3.4, I performed a simple decoding where I applied a nearest-
neighbor search to match a predicted vector with an embedding vector representation

2Even though Chapter 4 is presented prior to Chapter 5, experiments of the latter took place
earlier in the process

3I used the implementation by Řehůřek et al. (2010).
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that would recover the predicted word. I applied maximum inner product search
(MIPS) (Shrivastava et al., 2014) Annoy library (Bernhardsson, 2018) with angular
distance.4 During the decoding process of the test-set trained on DA, unique DB
entries (i.e., those that were not shared across domains) were masked in the shared
embedding space to simulate a space that initially represented a single domain DA.
Over time (i.e., in the second training), the new domain DB was unmasked. This
new domain contained additional words from which the model could decode. The
decoding process did not influence the training. The training was affected by the loss
with regard to a domain’s prediction rather than how well each prediction mapped
to a particular embedding term. This description is illustrated in Figure 4.2. The
main purpose of the masking was to simulate real settings where new words are
learned over time.5

Figure 4.2: Decoding protocols: initially a DB-masked embedding space and then
an unmasked embedding space.

4.4.5 Experiments

In this chapter I focus on the single task of incremental domain adaptation, which
involves the continual learning of domains for a word prediction task. The type of
evaluation conducted in this chapter is motivated by the task of continual learning,
which goes beyond domain adaptation and measures a model’s performance on both
the recently and previously learned domains.

In my experiment to overcome catastrophic forgetting, I replayed examples sim-
ilar to Shin et al. (2017) in the sense that a subset of training examples from the
previously trained domain was replayed n < N during the training of DB. These
examples were replayed directly rather than through training a solver as described
in Shin et al. (2017). This choice was made since in this experiment, the goal was
not to evaluate various approaches to overcome catastrophic forgetting. Though I
may consider various approaches in future work, in this experiment I applied the
same approach across models. Another, more important, reason for not training a

4 https://github.com/spotify/annoy
5Please see the discussion section in this chapter for further information.
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‘solver’ and simplifying the replay process is that computationally, especially for the
categorical approach, training a ‘solver’ to store all probability distributions even
for a subset of n examples is very costly since the task is applied under a large vo-
cabulary setting. Replaying previous data directly therefore assumes limited access
to the data, which may simulate an optimal way to ‘recall’ previously seen data.

Table 4.1 shows the number of samples for each type of experiment. Note that
in the replay condition, both PMC and a subset of NYT were trained together.

set NYT PMC NYTsubset

train 22.5M 11.8M 5.5M
valid 7.5M 3.9M 1.8M
test 7.5M 3.9M –

Table 4.1: Number of sentences per set

Figure 4.3: Training procedure of evaluation and testing for the first and second
trainings.

Figure 4.3 illustrates the training procedure for the adaptation experiments.I
conducted three types of experiments. The main condition involved training first
on DA (N examples) and then with replay such that DB was trained together with
a subset of DA replaying the previous domain (M + n examples). To illustrate the
impact of replay on the models, a second condition was devised as a baseline, wherein
no replay took place in the second training. In other words, the first training was
similar to replay where the model was trained on DA (N examples), and the second
training was not similar, as the model was trained on DB only (M examples). The
third condition involved training on both DA and DB at once (N + M examples)
as a potential upper-bound baseline, though this may not have presented a realistic
setting under a continual learning condition.

These conditions were applied to all three models: ctg, c, and G. For experi-
ments that required a second training, the ctg model was divided into two separate
experiments. In one case, the original model ctg1 maintained its original final layer,
where the vocabulary corresponded to the first domain V A. In the other case,
the final layer was replaced with a new layer that represented the final vocabulary
trained (which varied across conditions). In the experiment where ctg was trained
on both domains, the training vocabularies of both the V A and V B domains were
represented.

Table 4.2 shows the models’ results for the first training. Note there are two types
of outcomes: model1 and modelboth. The former was used in a second round whose
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results appear in Table 4.3 under ‘Model.’ The latter was when both domains were
trained at once, which was a single-round training condition referred to as both. The

Model 1st training (DA) both (DA ∪ DB)
ctg ctg1 (N) ctgboth (N +M)
c c1 (N) cboth (N +M)
G G1 (N) Gboth (N +M)

Table 4.2: First-round training experiment.

models under ‘1st training’ from Table 4.2 were the starting models for the second
round, where a ctg model was split into two: either its last layer was kept and
referred to as ctgk1, or its last layer was replaced, in which case it was referred to as
ctgr1.

Model fine-tune (DB) replay (DB ∪ (d ⊂ DA))
ctgk1 ctgkft (M) ctgkrp (M + n)
ctgr1 ctgrft (M) ctgrrp (M + n)
c1 cft (M) crp (M + n)
G1 Gft (M) Grp (M + n)

Table 4.3: Second-round training experiment.

The results shown in Table 4.3 are those of models that were trained with a
replay condition and were called modelrp or are those of models that were only
trained on the second domain, as in the case of a simple fine-tune condition, and
were called modelft.

Motivation for applying keep and replace to the ctg model

The motivation for setting up two conditions, keep or replace, was to exhaust all
possible configurations of a categorical model. Since a categorical model’s vocabu-
lary is based on the categories the model is exposed to through the initial training,
it is limited when training the model again. One can either maintain the original
layer, though then it cannot predict new terms from the second training. Or alter-
natively, if the original layer is replaced with a new layer it cannot represent the
types of categories formed based on the previous vocabulary (that are not found in
the second training).

This is also the reason for the replace condition, where the final layer of the old
model is replaced with a new one, such that the model represents the vocabulary
types of the current training. In both conditions, both domains’ vocabularies are
represented in the final layer of the categorical model, as both datasets are shown
during the single training the model undergoes. keep,replace are important to un-
derstanding the results discussed in the following section. Note that this is not
the case with the continuous models, as they do not store types in their architec-
ture; therefore, the second training does not require architectural modification of
the model.
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Technicalities for ctg training

The conditions of keep and replace required particular accommodations for the train-
ing procedures. During the second training, a model was not trained to recognize a
type for which it had no representation, as doing so may not have sent back (during
the backprop) an effective learning signal. This means that the training examples
were not equal across keep categorical models and the rest of the models.

An alternative may have been to assign an additional unk class (there was already
an unk class for words with fewer than four occurrences) and have the model learn
to predict it once an unrepresented class occurs. However, doing so may bias the
model to the unk category, thereby harming the learning. Both ways of overcoming
unrepresented classes have flaws and represent trade-offs associated with different
aspects of the process. Ideally, I would have experimented with both; however,
I chose to avoid training on unrepresented terms, as biasing the model towards a
particular class seemed to generate a weaker model.

4.4.6 Metrics

The goal of this study was to evaluate the effectiveness of a model when considering
aspects of long-term adaptation (i.e., continual learning). I define an optimal model
as a model whose outcome allows for:

• Adapting to new distributional patterns of the recently trained dataset.

• Retaining memory of previously seen patterns (co-existence).

• Allowing for words/concepts to be introduced and predicted over time.

• Requiring minimal modifications/costs for a continual process.

These meta-metrics are both evaluated and discussed through the quantitative met-
rics below. I performed a set of experiments in which the various models and settings
described in Sections 4.4.2 and 4.4.5 were trained and put through a word prediction
task. The models’ goal was to predict the next word in the sequence, given a his-
tory; I refer to this as a ‘hit’. Because I was predicting in a continuous embedding
space, it may have been that various neighbors of the 1-best word were relevant or
appropriate; as such, I also considered the neighborhood comprised of the ten closest
words to the predicted vector. Evaluation was measured through the same metrics
I presented in Chapter 3 and were as follows:

• top1(top10) - percentage of trials that constituted a ‘hit’ (i.e., target is within
top 1/10 neighbor(s)) vs. a ‘miss’

• T1(T10) - number of unique types that the model correctly predicted (i.e., that
appeared in at least one top1/10 hit).

4.5 Results

4.5.1 Performance following the second training
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One of the main questions concerning continual learning is how well the models
performed on the previously learned domain, NYC. Table 4.4 provides results that
help answer that question. The hit rates of the continuous approaches were lower
than those of the categorical alternatives across the board. However, for T1, the cat-
egorical approaches were not always found to be the most diverse. In fact, G models
were more diverse under the ft and rp conditions, while under-performing under the
both condition. For the NYT domain, the both condition was not found to provide
an upper-bound baseline for the continuous models, while it was more optimally
performing for ctg. The ft condition was not found to be any different than the
rp condition for the continuous approaches. Among the continuous models, G out-
performed c across conditions. Another question is how well the models predicted

model top1 (top10) T1 (T10)
ctgkrp 19.93 (46.13) 5, 767 (10, 196)
ctgrrp 19.65 (45.85) 4, 806 (8, 460)
crp 12.42 (27.95) 1, 557 (5, 000)
Grp 12.47 (28.38) 6, 919 (18, 751)

ctgkft 20.78 (47.96) 8, 316 (13, 755)
ctgrft 13.85 (34.42) 2, 023 (3, 819)
cft 12.32 (28.23) 1, 563 (5, 267)
Gft 12.51 (28.28) 6, 930 (18, 769)

ctgboth 19.72 (46.16) 7, 809 (12, 873)
cboth 11.85 (26.94) 2, 087 (6, 456)
Gboth 12.05 (27.05) 3, 828 (11, 315)

Table 4.4: Second training evaluated on NYT test.

on the currently learned domain. Table 4.5 gives the results for the current domain,
PMC. Here, too, the continuous approaches were sub-par to the categorical models
on accuracy, as well as diversity. In this test-set, the both condition was shown to
provide an upper bound for all methods in most respects. The rp condition was
shown to improve the c and ctgk models’ performances. On the other hand, ft was
a more optimal condition for the replaced layer of the categorical model ctgr. c
performed the worst across models. Finally, while G had a low level of accuracy, it
was similar to or more diverse in top10 compared to ctg.

Discussion

The categorical approaches outperformed the continuous models. However, while
ctgrp presented similar performances, each was stronger on a different dataset for
expected reasons. ctgkrp was stronger on NYT, which may have to do with the fact
that the original layer of the NYT vocabulary was kept. ctgrrp was more accurate and
diverse on PMC, which is perhaps due to the replacement of the layer expressing the
new vocabulary of PMC. A possible reason that the continuous approaches under-
performed may be due to the model conducting the prediction on a large embedding
space where both domains’ vocabularies were accessible (see section 4.4.4). This is
different than the experiments shown the Chapter 3, where decoding was employed
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model top1 (top10) T1 (T10)
ctgkrp 21.83 (46.58) 4, 524 (8, 028)
ctgrrp 22.04 (47.99) 5, 107 (9, 108)
crp 11.97 (26.24) 535 (1, 959)
Grp 7.65 (22.95) 2, 879 (9, 741)

ctgkft 15.44 (35.62) 2, 741 (5, 860)
ctgrft 23.48 (49.45) 4, 404 (7, 322)
cft 7.22 (21.47) 424 (1, 640)
Gft 7.66 (22.99) 2, 875 (9, 770)

ctgboth 22.03 (47.76) 7, 368 (12, 211)
cboth 13.63 (28.66) 2, 655 (8, 702)
Gboth 12.36 (26.65) 5, 680 (18, 681)

Table 4.5: Second training evaluated on PMC test.

Table 4.6: Relative gain of second training w.r.t first training evaluated on NYT
testset (subtraction of old from new).

model ∆top1 ∆top10 ∆T1 ∆T10
ctgkrp −1.10 −1.61 −401 −565
ctgrrp −1.38 −1.88 −1362 −2301
crp −0.08 −0.89 +32 −113
Grp +0.24 −0.27 +887 +1, 826

(a) Replay condition.

model ∆top1 ∆top10 ∆T1 ∆T10
ctgkft −0.25 +0.22 +2, 148 +2, 994
ctgrft −7.18 −13.32 −4, 145 −6, 942
cft −0.18 −0.61 +38 +154
Gft +0.28 −0.37 +898 +1, 844

(b) Fine-tuning condition.

on a smaller vocabulary and a single domain. This embedding space may have
required more memory capacity and ‘orientation’ in the space, which may be beyond
the continuous models’ capabilities. Even though the continuous models were under-
performing on accuracy, G was very diverse (in particular, it outperformed the ctg
models on T10), demonstrating the strength of the continuous approach.

4.5.2 Relative gains after the second training

Tables 4.6a, and 4.6b describe the relative gain attained over the NYT dataset
following the second training. I measure to what degree NYT patterns remained as
I compare the first training to the second. The continuous models did not seem to
benefit from the rp condition where part of the old data was replayed; their outcome
for replay condition was similar to fine-tuning, though G became more diverse under
both conditions. The categorical model ctgr benefited from replay, with a smaller
decrease in performance than seen during fine-tuning. ctgk behaved the opposite:
it became more diverse on the NYT types and was less hurt in accuracy.

Tables 4.7a, and 4.7b displaying the performance following when evaluated on
PMC show more positive gains overall, which is expected as this table evaluates the
gains following the training on the same domain (not the same datasets though).
The G models again seem not to have exhibited any change under the replay condi-
tion compared with fine-tuning, but they did become more diverse under the both
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Table 4.7: Relative gain of second training w.r.t first training evaluated on PMC
testset (subtraction of old from new).

model ∆top1 ∆top10 ∆T1 ∆T10
ctgkrp +6.08 +11.06 +2, 253 +3, 170
ctgrrp +6.29 +12.47 +2836 +4, 250
crp +0.04 −0.83 +65 +166
Grp −0.10 −0.04 +243 +864

(a) Replay condition.

model ∆top1 ∆top10 ∆T1 ∆T10
ctgkft −0.31 +0.10 +470 +1, 002
ctgrft +7.73 +13.93 +2, 133 +2, 464
cft −4.53 −5.60 −46 −153
Gft −0.09 0.00 +239 +893

(b) Fine-tuning condition.

condition. c benefited slightly from the replay condition, and ctgk benefited greatly
from the replay condition. ctgr was more accurate with fine-tuning, but it was
more diverse on replay condition.

Discussion

G was not different under either condition across domains and was able to learn
more terms within a domain under both fine-tuning and replay. Perhaps the replay
technique employed for these experiments was not effective for G; however, new terms
were added under both conditions at the same rate. c also was not different when
evaluated on NYT. It could be that presenting more patterns through replay was
helpful for improving over the shared terms (PMC’s and NYT’s overlapping terms),
such that having the model encounter a word more frequently (in the initial and
second training) strengthened its learning. The replay improved the performance of
ctgr on NYT since the NYT replay-vocabulary helped with expressing the terms
that were missing in fine-tuning. The replay hurt ctgk performance on NYT, but
I am uncertain why. For PMC, the replay helped c to overcome CF. Replay was
helpful for both ctgk on PMC, potentially because the replay dataset strengthened
vocabulary items that were already observed mixed with new vocabulary, as opposed
to training over a new domain completely on a layer trained on the previous domain.
Replay could have been a bit distracting for ctgr, as it spread the focus that could
have been channeled to learn only the new vocabulary of PMC (as it was trained
on NYT patterns as well).

4.5.3 Evaluating the recall of old terms and acquisition of
new terms

The overall vocabulary set generated by the domains DA and DB is the unity of
V = V A∪V B. A vocabulary is defined as a unique set of types; therefore, unionizing
two vocabularies results in the unique representation of types from both vocabular-
ies’ types. V can also be represented as V = VDA\DB ∪ VDA∩DB ∪ VDB\DA ; that is, a
union of the unique types in each domain, together with the overlapping types both
domains share. In the following, I evaluate how well each model performed on the
unique types of each domain, recalled the old types of NYT, and learned the new
types of PMC following the second training.

Tables 4.8a and 4.8b describe how well the models correctly predicted old terms
unique to the initial trained domain of NYT and how well the models predicted
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Table 4.8: Recalling old terms and learning new terms.

model Recall Old Acquire New
top1 T1[%] top1 T1[%]

ctgkrp 75.08 0.25 – –
ctgrrp 3.41 0.10 22.91 0.16
crp 68.32 0.06 0.00 0.00
Grp 64.78 0.39 0.05 0.03

(a) Replay condition.

model Recall Old Acquire New
top1 T1[%] top1 T1[%]

ctgkft 77.52 0.41 – –
ctgrft – – 14.02 0.2
cft 66.95 0.06 0.00 0.00
Gft 64.8 0.39 0.07 0.03

(b) Fine-tuning condition.

unique terms of the PMC domain respectively. The results are shown for both the
replay condition and the fine-tuning condition.

The categorical approach reached high levels of accuracy and demonstrated di-
verse predictions across all experiments. However, most of the categorical models
were successful at either old terms’ recollection or new terms’ acquisition. The c
model could only recall old terms, and G was capable of both recalling and acquiring
new terms (though to a very small degree), and similar to G, c performed more opti-
mally on recalling old terms than acquiring new ones. The reason ctgrrp was able to
predict old terms has to do with the replay mechanism, where some of the old terms
are presented during the second training while the layer is replaced (i.e., modelr);
this means that the new layer not only represents the new domain’s vocabulary, but
also represents some of the old domain (based on the subset of sentences’ vocabulary
sampled for replay). Otherwise, a categorical model cannot represent both classes
of terms. This is the main difference between the continuous models and the cate-
gorical models. While the continuous approaches do not provide compelling results
in these experiments, they open the door for representing both classes within the
same model at no further cost, which is a key takeaway of this chapter.

A lack of access to previous data, therefore, can be harmful for the expressivity
of a categorical model (before addressing the issue of catastrophic forgetting). It
becomes a question of trade-offs: either increasing the complexity of the model by
replaying previous data in future training, or not representing new terms and only
adapting to new patterns as much as possible. In this regard, the continuous models
can do both, as their complexity is not directly affected by the size of the vocabulary
they learn.

A question to ask, though, is why the continuous models seem to perform well on
the initial domain and worse on the new domain. I note that comparing performance
across domains is risky. These distributions are not comparable since they are driven
by different patterns and word frequencies. Nonetheless, the continuous approaches
were able to model the biomedical distribution in isolation, as shown in section 3.4.3;
therefore, expecting the continuous models to perform well on the unique terms
of PMC is based on previous evidence6 (lower performance with respect to NYT,
but it was lower in the biomendical domain). One experiment to try is to swap
the domains’ order of training and train first on PMC and then on NYT to learn
whether the performance varies depending on the order of training. It is also possible
that the very thin model size of the continuous approaches may have not been

6Both NYT and PMC performed worse in this set of experiment relative to Chapter 3 experi-
ments
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conducive to performance. As a future direction one may compare performance
over similar-complexity models instead of similar-architecture models, assuming that
more parameters can be useful for learning and retaining more patterns.

4.5.4 Long-Tail prediction

In this section I investigate how well the models predicted as a function of frequency.
Figures 4.4 and 4.5 capture the stratified models’ performance on the T1 and top1
metrics on the NYT test-set after the second training. As expected, the categorical
models were stronger than the continuous models both in types and tokens. While
accuracy was low for all the GAN-based models, Grp and Gft were shown to be among
the more diverse models (shown in light and dark purple). ctgkft was stronger (type
and token prediction) than ctgkrp on the high- and mid-bins, though the latter was
more accurate on the low-bin (shown in light and dark pink). On the other hand,
ctgrrp performed more optimally over ctgrft (shown in dark and light brown). These
findings shed more light on Tables 4.8a and 4.8b, and as mentioned, the decrease
in ctgkrp is likely due to generalization across a bigger training set under the rp
condition. Figure 4.6 and 4.7 capture the stratified models’ performance on the T1

Figure 4.4: Type distribution on NYT test-set.

Figure 4.5: Token distribution on NYT test-set.

and top1 metrics on the PMC test-set after the second training. The GAN-based
models were relatively diverse but much less accurate. The c models were neither
diverse nor accurate. The strongest categorical models were ctgrrp and ctgrft, as they
were likely to learn and represent the PMC vocabulary more reliably, though ctgkrp
was very accurate on the high- and mid-bins. While the categorical approaches
were more diverse and more accurate, the GAN-based approach, despite its small
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Figure 4.6: Type distribution on PMC test-set.

Figure 4.7: Token distribution on PMC test-set.

size, was relatively diverse as well, though its accuracy levels were low. The GAN-
based models did not demonstrate the relative accuracy levels shown in Chapter 3
in the current set of experiments. As mentioned, the reason for this may have to
do with the different settings of CL learning as well as the overall vocabulary size,
which may require an increased model size to understand the degree to which these
models can be accurate.

4.5.5 Were OOV words being predicted?

In this section I discuss the out-of-vocabulary (OOV) of a term using a strict
definition that considers OOV to be any word-type that did not occur during either
of the two training sessions. The OOV rate discussed in this section was evaluated
on the model after the second training.

Tables 4.9a and 4.9b show the OOV rates for the different models. The strict

Table 4.9: Out-of-vocabulary (OOV) predictions (strict).

model NYT PMC
top1[#] T1 top1[#] T1

ctgkrp – – – –
ctgrrp – – – –
crp 31 7 101 11
Grp 17 5 1, 154 98

(a) Replay condition.

model NYT PMC
top1[#] T1 top1[#] T1

ctgkft – – – –
ctgrft – – – –
cft 0 0 91 14
Gft 15 5 1, 152 97

(b) Fine-tuning condition.
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definition of OOV renders the categorical models impotent as they represent only
items that were seen during training (in these experiments, only a subset of the
training vocabulary was represented, subject to the keep, replace condition; this
choice that was made based on computational considerations).

Tables 4.9a and 4.9b, therefore, capture any token that was not observed during
training but may have occurred during testing or was found in dev. The reason the
continuous approaches retrieved these terms is that the embedding spaces generated
were based on the datasets of both domains and as a result contained words outside
the train-sets’ vocabularies. While the number of absolute tokens or types is not sig-
nificant, I performed this experiment to demonstrate the potential of this approach,
allowing to benefit from the fact the continuous models learn to represent a vector
of a term, regardless of whether that particular term was seen (since these models
learn locations on the space). In other words, by learning the locations of terms
on the space, these models learn to some degree the semantics of a word, since we
assume that these spaces reflect semantic relations at a non-negligible degree. These
locations/representations (as much as they exist) in the space, and as much as the
model was exposed to them, allow for the retrieval of unseen words, whose seman-
tics/representation was learned for free, while training on (i.e. seeing) close vectors
to the unseen word (provided that the unseen-during-training words provided found
in the space). As long as the location was learned, decoding a prediction to a partic-
ular word is likely to be coherent irrespective of whether these vectors were learned
during training.

The type of OOV prediction that characterizes the continuous models is different
than the OOV prediction attributed to subword tokenization systems (Wu et al.,
2016b; Sennrich et al., 2016). In the latter, predicting unseen subword combinations
is technically enabled (since the building blocks are there), yet the semantics of these
building blocks are often missing, since the way these subwords are generated has
to do with frequency and not meaning (see Byte-pair (Gage, 1994) as an example
of the algorithm to generate subwords by frequency of occurrence). Demonstrating
the different OOV types may be easier with examples. A continuous model can
find a word irrespective of its spelling, as long as the word occurs near a word
vector the model was trained on. Therefore, if increase is found in the training
set, enhance can be retrieved due to its similar vector representation. On the
other hand, a subword categorical model is less likely to make such a prediction by
guessing random letters that compose an unseen word. What it can do, however, is
predict an OOV word by learning morpho-syntactic patterns. For instance, if the
model was trained on the I have learn ed sequence, given an unseen history of
I have walk, it would be able to produce ed and through that generate an unseen
word walked. Predicting similarity may be potentially more useful than following
syntactic patterns indicating a semantic, rather than syntactic, generalization.

Predicting semantically related out-of-vocabulary terms illustrates one type of
generalization over the learned data, as it retrieves concepts that are correctly
guessed and were not observed before. This section demonstrates the aforemen-
tioned trait of the continuous prediction approach and presents possibilities that
cannot be attained in an obvious way through categorical models.
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Figure 4.8: Towards a continual learning language model agent: adapting a pre-
trained embedding space to new domains while enabling the continuous adaptation
of a language model.

4.6 Future Directions

There are limitations to certain decisions made regarding the setting of the experi-
ments that may be fruitful to address in future experiments. The first has to do with
the continuous models compared in this experiment. While the continuous models’
architecture produced performances on par with their categorical counterparts in
Chapter 3, in the setting of this chapter it was not the case. A possible reason for
the poor performance of the continuous models may be the small number of param-
eters of these models limiting the learning capacity. Therefore, as mentioned earlier,
comparing same-complexity models instead of similar-architecture models may be
another way to investigate the difference in this setting as the models are required to
continue learning under large vocabulary setting over time. Another consideration
is the degree to which the embedding space was organized in an optimal way for
the model to learn the embeddings’ locations or find alternative embedding spaces.
For instance, Faruqui et al. (2014) projected two languages into the same space by
employing canonical correlation analysis, which learns a joint representation of two
domains by maximizing the correlation of the features when projected to a common
subspace.7 Exploring continuous models with advanced techniques to overcome CF
would be another step towards continual language models such as learning without
forgetting (Li et al., 2017) or elastic weight consolidation (Kirkpatrick et al., 2017).
Furthermore, in order to make a continual learning agent fully automated, more re-
search on adding new terms to a pre-trained embedding space is needed, specifically
from other domains. Pinter et al. (2017) proposed an approach to generate repre-
sentations of rare and unseen words based on their characters, given a pre-trained
space, and Schick et al. (2019) extended it to capture a word’s context and thereby
refine the word’s representation. Figure 4.8 illustrates this process. A continual

7However, this technique may not be less suitable for a continual adaptation setting.
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learning language model agent learns new regions in the embedding space through
model training, and new domains are added to the embedding space, preparing it
for the next model’s training.

4.7 Conclusion
In this chapter I presented a set of experiments comparing the categorical and the
continuous approaches. The comparison showed that across many quantifiable eval-
uations of models’ diversity and accuracy, the categorical models were superior to
the continuous models. However, there are key areas, or meta-metrics, where the
continuous models were found promising. These areas merit further consideration.
First, word-types, even those that are mutually exclusive across domains, learned
from various domains can be predicted within the same model (as shown in sec-
tion 4.5.3, as there is no limit on the number of words a model can predict. Second,
OOV words were also predicted without being presented through any training. OOV
words are predicted with the retrieval-based approach ‘for free’ (no additional train-
ing), whereas the categorical models could only represent a subset of the training
vocabulary they was exposed to (as shown in section 4.5.5). Third, the continuous
approach requires no modifications to its architecture throughout its lifetime. The
categorical approach is more involved, as it may require stripping off the final layer
in order to accommodate new words, and its complexity is dependent on the number
of words/classes it predicts (as shown in section 3.4.8). These three reasons are why
I believe these models are promising for a sustainable continual-learning language-
model agent. Linking this work to AAC, this chapter proposed to explore the setting
where an agent learns and evolves with its user, where its previous expression habits
are retained and their new ones are learned. The continuous models were shown to
allow for an organic growth under this condition and were enabling not only new and
old terms to be retrieved (even if to a low degree), they can present words that were
not introduced by the user, even though the user might be interested in using them
(OOV). Having said that more research is needed to fully develop such a system.
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Chapter 5

Enhancing Continuous Prediction
Models

5.1 Introduction

This exploratory chapter is aimed at further understanding and characterizing the
continuous prediction models presented in Chapter 3: either by finding ways to
augment these models or by investigating the conditions under which these models
work optimally. The goal of this chapter is achieved in several ways. Chapter 3
presented the continuous approach models, and in particular, their unique ability to
capture a richer variety of types during prediction. On the other hand, when these
models were compared to a categorical alternative, the latter exhibited higher hit
rates. In this chapter I examine several ways to better understand the mechanism
of the continuous models. First, I explore a combination of both categorical and
continuous models, seeking to achieve the advantages of both approaches. Next, I
propose a new decoding mechanism in order to improve the continuous approach hit
rates and further examine the models’ mechanism of prediction. Third, I investigate
the embedding spaces and their role in the process. Fourth, since optimal training
protocols often require trial and error, I report the various loss functions considered
throughout development. Finally, I conclude this section by describing my findings
from investigating these models.

5.2 Can We Enjoy Both Worlds?
On Combining Two Models

5.2.1 Introduction

Following the main results in Chapter 3, which showed that the current categorical
models produce higher accuracy while the presented continuous approaches were
richer in diversity, it is necessary to consider how well the approaches can perform
together. In this section I discuss the degree of improvement over topx and Tx
metrics when combining the approaches. While there are various ways to combine
two models, I chose to conduct model interpolation (also explained in section 2.3.2).
Model interpolation is mainly done in one of two ways. The first is in a linear
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fashion, as shown in Eq. 5.1:

P (wt|wt−1t−1−n) =
∑
m

λmPm(wt|wt−1t−1−n) (5.1)

having a λ constraint of ∑
m

λm = 1, λm > 0 (5.2)

where the model interpolation is essentially the outcome of a union of m model
distributions, with global λs, where each λ describes the ‘usefulness’ of a model.
The model in Eq. 5.1 was first introduced by Jelinek et al. (1980) as a way to
provide ‘broader’ probability distributions for sparse data settings resulting from
the unification process (dataA ∪ dataB). It has prevailed in model adaptation for
statistical language models (LMs) (Liu et al., 2008; Foster et al., 2010; Zhao et al.,
2004). Interpolation was subsequently applied for combining an n-gram model with
a neural model (Duh et al., 2013). Recent work (Grave et al., 2016) assumes that
after a word appears once, it is likely to occur again; therefore, to augment a model’s
prediction, the authors proposed interpolating it with a neural cache. This cache
stores recent hidden states with their target words, and given a current hidden state,
it finds the word associated with the closest stored hidden state.

The second method of interpolation is the log-linear interpolation, as seen in
Eq. 5.3:

P (wt|wt−1t−1−n) =
1

Zwt−1
t−1−n

exp
∑
m

λm logPm(wt|wt−1t−1−n) (5.3)

In this interpolation, the exponent over the log of probabilities makes similarities
among models to be more likely, which is a form of an intersection across model
distributions Darroch et al. (1972) and Och et al. (2002) (dataA ∩ dataB).

Perhaps the closest research to that presented in this section was introduced
by Grave et al. (2016) and Khandelwal et al. (2019). In both of these studies,
a softmax-based language model is combined with a contextual-embedding search
model to produce an interpolated probability for word prediction. In Khandelwal et
al. (2019), the contextual-embedding search model was a datastore containing key-
value pairs of embedding-term entries, such that given a query-embedding during
testing, the closest embedding from the stored dictionary would provide the query’s
nearest-neighbor distance distribution of terms in the space. The main shortcoming
of this approach is the high complexity mostly resulting from the storage requirement
of a huge embedding dictionary1, which consequently affects runtimes.

5.2.2 Naive approach

In this work I chose the linear interpolation approach as the union of distributions
allowed the models to be compensated by the strength of its counterpart (as opposed
to their intersection). I refer to it as the naive approach since in section 5.2.4 I

1In my experiment I match nearest-neighbor embeddings based on a single representation of a
word-type, yet in the contextual space, instances of the same word-type form separate embeddings
that can significantly increase the search space.
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present a more sophisticated approach to combining both models. I followed Eq. 5.4
(based on Eq. 5.1):

P (wt|wt−1t−1−n) = λPctg(wt|wt−1t−1−n) + (1− λ)Pcon(wt|wt−1t−1−n) (5.4)

where I combined the categorical model with a continuous model with a λ ∈ [0, 1]
to learn about the possible operating points for the model interpolation.

5.2.3 Results of the naive approach

Figure 5.1 describes the two models of G50, and c50, combined separately with a
ctg50 trained on the NYT dataset (that was presented in the previous experiments).
For both experiments, λ = 0.0, and λ = 1.0 are data points where the continuous
model and the categorical model are represented respectively. The purple and green
bars (GAN- and continuous-based approaches, respectively) are associated with T1,
while the yellow trend line is associated with the top1 metric. In Figure 5.1, the
accuracy (in top1) increases alongside λs as the model becomes more categorical,
while the diversity decreases (shown in T1) for both the GAN- and the continuous-
based models. The main differences are that in λ < 0.5, the GAN-based model is
more diverse than the continuous-based interpolation, while the continuous one is
more accurate.

(a) G and ctg (b) c and ctg

Figure 5.1: NYT combined models
λ = 0.0, λ = 1.0 correspond to the continuous and categorical models, respectively.

This stems from the initial performances of the different continuous models, where
G50 was more diverse, while c50 was more accurate. Similar patterns can be seen
in the PMC dataset shown in Figure 5.2, which is also based on the previously
presented models.

Apart from the absolute range difference between Figure 5.1 and Figure 5.2, an
interesting difference lies in gap between the GAN- and the continuous-based model
interpolation within a dataset. The initial difference between G50 c50 was 3, 500
additional types in favor of by the former model in the NYT setting, while about
6000 additional types were predicted additionally by G50 in the PMC setting (as
seen in Tables 3.5 and 3.6).

Given the higher-level performance, I chose several possible λ operating points
to better elucidate how well the interpolated models predict around the less frequent
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(a) G and ctg (b) c and ctg

Figure 5.2: PMC combined models
λ = 0.0, λ = 1.0 correspond to the continuous and categorical models, respectively.

areas. I focused on λ = 0.1, 0.4, 0.5, 0.9, as they indicate steeper transitions in the
figures presented.

(a) G and ctg (b) c and ctg

Figure 5.3: NYT T1 (types) of different λs for model interpolation.

(a) G and ctg (b) c and ctg

Figure 5.4: NYT top1 (tokens) of different λs for model interpolation.

Figures 5.3 and 5.4 illustrate performance as a function of training frequency
over types and tokens for the chosen λs.

λ = 0.1 A relative increase in top1 while maintaining diversity rates similar to those
of the original continuous model (ideal for diversity-promoting prediction) can
be observed.

λ = 0.4 shows an additional increase in top1 and a minimal decrease in T1.
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λ = 0.5 is a breaking point at which very few predictions are made in the mid- and
low-bins (in types and tokens), while accuracy increases at a similar rate.

λ = 0.9 is slightly more diverse than ctg50 in NYT; it also resulted in slightly higher
accuracy in the high- and mid-bins as well, capturing fewer types but more of
them.

A similar pattern was observed for the models over the PMC dataset shown in
Figures 5.5 and 5.6.

(a) G and ctg (b) c and ctg

Figure 5.5: PMC T1 (types) of different λs for model interpolation.

(a) G and ctg (b) c and ctg

Figure 5.6: PMC top1 (tokens) of different λs for model interpolation.

5.2.4 Context-dependent approach

Following the experiments with the naive approach shown in section 5.2.3 where λ
is constant, I propose a way for learning a context-sensitive λ through a designated
categorical model I will train. Formally, the model’s goal is to learn a function
h : X → Y where X = wt−1t−1−n, which is a sequential history of tokens; and Y is
λ ∈ R with a range of (0−1), where the lower and the upper ranges reflect continuous
and categorical leaning λs, respectively, and h approximates p(λ|wt−1t−1−n). Learning
a varying λ can be done in various ways, and this section discusses two simple
ways to do so following the aforementioned formalization. Both ways are based on
training a simple LSTM-based model (Hochreiter et al., 1997). Technically, this
model is fed with partial sentences as wt−1t−1−n, and it is trained to predict either
0 or 1 labels representing the continuous or the categorical model, depending on
which distribution correctly predicts the given context (trained with cross entropy
loss; see Eq. 3.3). The models that provide the labels are the same models from
the previous section; in other words, they are fixed, and a prediction is considered
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false or true based on the original target reference. When preparing the training
set for the contextual λ, given both models’ predictions (ctg, G), the predictions
were either both correct or both wrong, or one of the models was correct. When
both were correct or incorrect, this led to a random assignment of a λ label (0, 1).
Notice that given the low hit rate of top1 (of around 20%) of ctg and G, about 80%
of the labels were randomly assigned. Formally, Eq. 5.4 is relaxed to represent λ as
a function of the time step, as shown in Eq. 5.5,

P (wt|wt−1t−1−n) = λ̂tPctg(wt|wt−1t−1−n) + (1− λ̂t)Pcon(wt|wt−1t−1−n) (5.5)

where λ is estimated directly by using the probability estimate provided by the
λ-trained model

λ̂t = λpr = Pλ(λ|wt−1t−1−n) (5.6)

or by rounding to the closest integer [0,1]

λ̂t = λrnd = bPλ(λ|wt−1t−1−n)e (5.7)

The assumption is that the proposed models will learn which contexts require a gen-
eral or a more detailed class to be predicted. It is important to test to which degree
the learned λs are effective, given the evidence in Chapter 3, and section 5.2.3,
indicating that categorical and continuous models have non-overlapping regions
of correctly predicting a query which a learning model can discover. These non-
overlapping regions were shown to be frequency-dependent classes in Chapter 3.
For instance, jumping back to section 3.4.4, for the context of ‘my piano teacher at
the paris’, where conservatory is the target prediction, a model may learn that a
continuous output prediction may be more appropriate than the categorical one, as
the modifier ‘paris’ may call for a less frequent word-type. On the other hand, the
context of ‘my piano teacher at’, with a target of the, may learn a λ that indicating
the categorical model’s distribution should be considered.

One possible limitation that might arise is that the non-overlapping regions as-
sumption is a crude assumption. There may be overlapping regions for the continu-
ous and categorical models that do not produce effective learning (and as a result an
optimal λ by which to combine the models’ distribution). In what follows, I examine
to what degree such a model can be found. Another possible limitation is if top1 is
vastly different between the models, which may create a bias towards one class and
hinder the development of a model that combines the two effectively. This is not the
case since both models have similar rates (20%) (in the context of this experiment,
which is different than the context of Chapter 3) and 80% incorrect labels, making
a random assignment.

5.2.5 Results of the context-dependent approach

In this set of experiments I focused on investigating the GAN-based approach (G) as
it exhibited higher diversity rates (compared to c) and potentially greater polarity
with regard to the categorical model. As previously noted, the more different the
ctg model (i.e., the greater the non-overlapping performance between the models),
the better the chance that λ learned may determine when a context should be
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followed by a certain model distribution. I now compare the results of NYT and
PMC shown in Tables 5.1 and 5.2. λpr presents the results based on Eq. 5.6 and
Eq. 5.7. Both Tables 5.1 and 5.2 show a more optimal balance in the λpr model,

model top1 T1
λpr 17.90 11, 240
λrnd 16.29 11, 716

Table 5.1: NYT contextual λs G combined with ctg.

model top1 T1
λpr 19.90 17, 045
λrnd 22.09 4, 790

Table 5.2: PMC contextual λs G combined with ctg.

whereas the λrnd model is either producing a very high diversity and a low accuracy,
as in NYT, or a high accuracy and a low diversity, as in PMC. It may be easier
to understand the contextual λ experiments compared to the constant λ models,
as shown in Figures 5.7, and 5.8. Both the NYT and PMC domains exhibit

Figure 5.7: G and ctg combined with different λs in NYT
(the two right-side columns are contextual λs).

similar patterns. First, λpr exhibited a performance on T1 and top1 that is similar
to λ ∈ [0.1 − 0.4], while λrnd was more similar in performance to either a G model
in NYT or a ctg model in PMC (showing a less well combined model approach
leaning sharply towards one or the other model). This suggests that λpr combined
the probabilities of both models in a more effective way than λrnd, as both metrics
(T1, top1) improved rather than a single one.2

2In NYT, λrnd improved diversity at the expense of accuracy, while the opposite happened in
PMC.
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Figure 5.8: G and ctg combined with different λs in PMC
(the two right-side columns are contextual λs).

Following this analysis, the performance over frequency for NYT is shown in
Figures 5.9 and 5.10, where the colored dashed (- - -) and non-dashed (—) lines
show similarities between the context-dependent λs learned to the performance of
the constant λs described in the previous sections. λ = pr (i.e., λpr, abbreviated as
pr) has top1 and T1 outcome that is similar to those of λ = 0.1 (as the non-dashed
line meets both pr and λ = 0.1), and λ = rnd. In other words, λrnd, abbreviated
as rnd, seems to be less effective in combining both approaches and similar to the
pure GAN-based approach (as the dashed line meets both rnd and the continuous
model).

Figure 5.9: G and ctg combined with different λs in NYT (types).

Figures 5.11 and 5.12 illustrate the performance over frequency for the PMC
dataset. While pr for PMC was similar to λ = 0.1 both on types and tokens (as the
non-dashed line meets both pr and λ = 0.1), rnd was found to be a middle ground
between the approaches as it did not meet any constant λ (the dashed line for rnd
is halfway from the various λs).

Following the frequency-based analysis, pr, which estimated a probability value
for the factor combining both approaches, has learned a diverse λ that is similar
in performance to an optimal λ of 0.1. rnd’s binary decision makes the quality of
the combination of the distribution less clear: for NYT it mainly highlighted the
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Figure 5.10: G and ctg combined with different λs in NYT (tokens).

Figure 5.11: G and ctg combined with different experimental settings λs in PMC
(types).

continuous model, while for PMC it combined models in a way that was not similar to
other λ experiments. Analyzing rnd in PMCmay help place this experiment between
the 0.4 according to Figure 5.11 and 0.5 according to Figure 5.12, making it under the
hood leaning towards the continuous approach (as was shown in the frequency-based
analysis). When considering the setting for the purpose of explaining the results,
it merits noting that at least 80% of the labels for the contextual experiment were
chosen randomly. Assuming there is a fair coin, no biases should be created, as the
expectancy of a fair coin is 50% for each side. However, this may have not been the
case. The random labels assigned might have been leaning towards one label over
the other, which may explain why both the NYT and PMC contextual experiments
leaned towards one type of label (assigning more 0 type labels that are associated
with the continuous label).

5.2.6 Future work

In this section, I proposed one way to combine these models effectively: model
interpolation. However, there are various other approaches that can be taken to
achieve this goal. For instance, one could follow an approach similar to Grave et al.’s
(2017), where the dictionary V is partitioned by frequency to its head Vhead and its
tail Vtail, and access to each of the partitions is through hierarchical representation
where v ∈ Vhead can be directly predicted from a shortlist, and accessing Vtail can be
done by first predicting a tail class that leads to the second layer where v ∈ Vtail are
found, as proposed by Mikolov et al. (2011c). Alternatively a two-level tree can be
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Figure 5.12: G and ctg combined with different λs in PMC (tokens).

constructed such that first, the model determines to which class (head or tail) the
predicted word belongs and then guesses the word, as seen in Eq. 5.8 and presented
in Le et al. (2011):

p(wt|ht) = p1(C(wt)|ht)p2(wt|C(wt), ht) (5.8)

The former makes smaller amortized costs due to Zipf’s law (Zipf, 1935), where
directly predicting a small group of frequent words that makes up the majority of
the text is cheaper than indirectly as in the fully hierarchical method, and therefore
reduces the number of computations.

5.2.7 Conclusion

In this section I presented ways to effectively benefit from both models’ strengths,
as the categorical approach demonstrated strong prediction accuracy and the con-
tinuous approaches had greater prediction diversity (see Chapter 3). I examined
model interpolation approaches that linearly combine both models either through a
constant or a context-dependent factor. One possible limitation to consider is that
combining both models increases the overall costs involved in making a prediction
due to the use of the categorical model. Importantly, the results show that combin-
ing these models can yield enhanced performance, and that in our experiments, a
context-dependent λ where a probability score generated results comparable to one
of the optimal constant λs that was found (λ = 0.1). Therefore, given the additional
costs of the context-sensitive technique, choosing a constant λ is a less expensive
way to combine the approaches while yielding a similar outcome. In section 5.2.6,
additional research directions related to combining models were proposed.

5.3 Feature-Based Decoding

5.3.1 Introduction

In Chapter 3 I showed that the continuous approaches, applied to both the NYT
and PMC datasets, produced models that were overall more diverse in their pre-
dictions than the categorical-based approaches. Knowing this, I searched for a way
to augment the hit rates of the continuous models. In this section I propose a new
decoding technique for improving the continuous models’ hit rates.
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Recall that during the decoding process described in Section 3.3.4, the closest
embedding prediction candidates are matched against a target through a nearest-
neighbor search. Given that the embedding space these models learn is organized by
semantic relations (e.g., words sharing similar context are likely to be found closer
to one another), I investigated whether adding syntactic information could enhance
the underlying results. For the purpose of this evaluation, I employed feature-based
decoding, which is described in section 5.3.2, using oracle part-of-speech (PoS) tags
of a target in order to refine the list of prediction candidates in the nearest-neighbor
search.

Syntactic constraints for text generation have been applied by previous researches
to paraphrase extraction: Pang et al. (2003) proposed extracting similar PoS pat-
terns using a finite state automaton (FSA) to find semantically similar phrases.
Callison-Burch (2008) proposed extracting similar PoS patterns from one language
to find paraphrases in a parallel corpus for machine translation. This may not be
applicable to every language pair, as some languages may not reflect similar syntac-
tic patterns. PoS constraints were also applied recently in metaphor extraction (Yu
et al., 2019), where the constraint served to find each verb and its context, such that
given a target verb, a new metaphor can be generated by replacing a similar (yet
simpler) verb with a target in a sentence.

Why use PoS decoding?

The choice to use PoS as a feature to assist in decoding was motivated by an at-
tempt to decompose word prediction into a process with both syntactic and semantic
components. Traditional categorical language models are known to encode syntactic
information, as discussed in (Goldberg, 2019; Linzen et al., 2016), among others, but
when decoding, this information does not seem to sufficiently inform word prediction
in the continuous models. Following the lead of Czarnowska et al. (2019), who fo-
cused on syntax prediction by fixing LM semantics, I fixed/simulated the process of
predicting PoS tags and focused on the semantic aspect of word prediction. In prac-
tical use, the PoS-enabled decoding method would require an additional predictive
model to generate PoS tags; however, as previously noted (Goldberg, 2019; Linzen
et al., 2016), this is a much simpler prediction task and is one at which categorical
models are known to do well. Specifically, there are two reasons the prediction of
PoS tags is likely to work well: first, the classification of a limited set of classes such
as the MNIST dataset LeCun et al. (1998), and second, the tendency of categorical
models to exhibit high prediction accuracies (which was shown in Chapter 3 as well).
Given this, and that my experimental purpose was to assess the utility of additional
features in decoding, I found it appropriate to separate the feature-generation task
from the decoding task and evaluate the latter in isolation.

Note that this approach is highly flexible, as almost any feature (or combination
of features) may be used to assist the model in decoding. Given that, choosing
which feature(s) to use becomes an important question. If I had been using a word
embedding space directly informed by syntax, as described by Levy et al. (2014a),
or frequency (Gong et al., 2018), a different feature may have worked better.
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5.3.2 Applying a feature-based constraint

For this experiment, I simulated3 a predictive model of PoS. First, based on the
PoS tags observed in training set, I created a lookup table that maps each term seen
during training to its possible PoS. During testing, I provided the correct PoS tag
of the predicted word, which conditioned the search only on the nearest-neighbor
words (with regard to a prediction) that had the same PoS tag (based on the lookup
table). In this way, I generated a refined list of candidates. As noted, while the PoS
of unseen tokens were provided as is based on PoS-tagged corpora of Ferraro et al.
(2018, LDC2018T20) for NYT and Beck (2010) for PMC, learning to predict these
tags is possible using models that can estimate Eq. 5.9

p(PoSt) = p(PoSt|PoS<t, w<t) (5.9)

or any variation of it.

5.3.3 Results

model top1 (top10) T1 (T10)
ctg50p 29.30 (51.38) 4, 809 (8, 607)
c50p 20.09 (31.83) 10, 326 (25, 616)
G50p 19.56 (30.30) 13, 540 (32, 140)

ctg200p 30.00 (52.16) 4, 752 (8, 420)
c200p 21.73 (32.93) 5, 348 (15, 611)
G200p 20.91 (31.06) 7, 659 (21, 221)

Table 5.3: NYT PoS decoding

model top1 (top10) T1 (T10)
ctg50 19.19 (46.02) 3, 982 (7, 559)
c50 17.31 (28.70) 8, 917 (22, 509)
G50 16.46 (27.45) 11, 534 (27, 921)

ctg200 21.21 (47.87) 4, 163 (7, 683)
c200 18.94 (30.90) 4, 335 (13, 087)
G200 18.15 (29.15) 6, 194 (17, 905)

Table 5.4: NYT simple decoding

Tables 5.3 and 5.5 associate each model with a subscipt p indicating PoS decod-
ing. The original tables with the simple decoding, as presented in Chapter 3 ( 3.3
and 3.4), are found below each feature-based decoding.

3I leave implementation of an oracle-predicting model (instead of simulation) to future work,
but as explained in the previous section, this type of model has been shown to be effective in similar
environments, and under this assumption, the focus of this section is whether decoding with these
oracles can improve performance and if so, how.
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model top1 (top10) T1 (T10)
cg50p 30.00 (52.38) 6, 006 (10, 538)
c50p 22.35 (36.68) 15, 909 (42, 082)
G50p 21.32 (34.73) 23, 544 (56, 059)

cg200p 30.26 (52.52) 4, 654 (8, 306)
c200p 21.73 (35.99) 8, 374 (23, 292)
G200p 23.89 (37.57) 12, 952 (34, 800)

Table 5.5: PMC PoS decoding

model top1 (top10) T1 (T10)
ctg50 22.12 (48.02) 4, 764 (9, 020)
c50 19.89 (32.04) 11, 947 (34, 641)
G50 19.04 (30.41) 18, 040 (47, 550)

ctg200 22.92 (48.47) 3, 678 (7, 006)
c200 17.06 (30.88) 6, 083 (18, 533)
G200 20.67 (32.96) 9, 411 (28, 164)

Table 5.6: PMC simple decoding

Both decoding results shown in Tables 5.3 and 5.5 show that this decoding
technique behaved differently depending on the model. For the categorical models,
the technique advanced the hit rate of tokens, while for the continuous approaches,
it enhanced the diversity of types predicted. This reinforces the plausibility of
inherently different mechanisms of prediction for the two different approaches (as
shown in Tables 5.4 and 5.6). This decoding strategy strengthens the already
strong aspects of these models, emphasizing how they operate. The categorical and
continuous approaches exhibit different angles of the bias-variance trade-offs: the
categorical model is more biased towards the head of the distribution, achieving high
hit rates, while the continuous approach has greater variety in prediction, attaining
high prediction diversity rates. PoS decoding increased the categorical model’s hit
rate by 50% (top1, NYT, ctg200p), while the same decoding produced 37% more types
than the simple decoding in the continuous GAN models. In this regard, the PoS
decoding served as a diagnostic tool revealing the models’ priorities. Compared to
the NYT domain, the PMC domain showed more significant improvement in terms
of absolute numbers for prediction diversity in the continuous models; therefore,
these models could potentially thrive at long-tail distributions or domains.

Initially, the goal of the feature-based (or PoS) decoding technique was to im-
prove the hit rate of the continuous approaches; however, the proposed decoding
instead increased the diversity of the continuous model (while increasing the hit
rate of the categorical model). Nonetheless, the hunch to add syntactic information
to the decoding process for the continuous models was proven justified, as doing so
created more successful predictions (against the metrics presented).
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5.3.4 Future work

A possible direction for feature-based decoding involves addressing morpohlogically
rich languages. As Czarnowska et al. (2019) demonstrated, one way forward with
multiple word inflection languages may be to separate the problem into two simpler
problems: one that addresses the rich semantics (such as the continuous output
models as proposed in this thesis), and another that applies a constraint over the
syntactic features. For example, in a Turkish dataset curated by Öztürk et al.
(2014), the syntactic features include not only PoS but also morphological analysis.
Applying both constraints through a predictive model may be a promising way of
handling the large number of types, as each model would require prediction from a
limited number of classes.

5.3.5 Conclusion

While the initial goal of this section was to augment the continuous prediction
approach by means of decoding, this analysis exposed deeper observations about
the models at hand. First, the decoding approach indeed improved the hit rates
of the continuous models; however, this decoding actually improved the diversity
of these models to a much greater rate. Moreover, when applied to the categorical
model, the approach improved a different property, which was accuracy.4 Boosting
these approaches has given rise to what these approaches are optimized for: the
continuous model increases its access to new terms, while the categorical model
refines its re-ranked list of similar choices (similar as the tables show that only
a small number of types were added). Given this, this decoding emphasizes the
bias-variance tradeoff, where the categorical models tend to be more biased, while
the continuous models have greater variance (at the expense of accuracy). Hence,
the proposed decoding was informative as an analysis tool by pointing to what
each type of model promotes. Feature-based decoding is proposed as a way to
approach morphologically rich languages or domains with relatively large numbers
of infrequent word-types.

5.4 The Role of Pre-trained Embedding Space in
Continuous Models

5.4.1 Introduction

Another important aspect of continuous prediction language modeling is the em-
bedding space on which the models are trained and prediction takes place. Under-
standing embedding spaces’ role in the process could assist researchers in choosing
spaces that produce optimal outcomes for continuous approach predictions with re-
spect to the topx and Tx metrics. The choice of static embeddings (described in
section 2.4) was made for two reasons. The first reason is to reduce costs driven by
alternatively employing contextual embeddings in which every token in the training
set is represented differently, as shown by Grave et al. (2016) and Khandelwal et al.
(2019). Therefore, for large vocabularies, contextual embeddings may be deemed

4There was slight improvement to diversity.
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an impractical choice. The second reason is that the model is required to learn
locations across a space and within a training session; hence, fixing locations would
make for more stable learning. The possible trade-off of this choice of static spaces
is the lack of multi-sense word representations. In Kumar et al. (2019), from which
I drew inspiration, the authors have trained on static spaces as well. However, since
the goal was one of machine translation, the embedding space on the input differed
from the one on the output.

5.4.2 Approach

In Chapter 3 the experiments were only evaluated on a word2vec custom embedding
space generated based on the appropriate datasets. In this section I elaborate on
the analysis that led me to arrive at the decision to use word2vec. I evaluated my
models’ behavior across three different spaces: GloVe, FastText, and word2vec (as
described in section 3.3.3). All embedding spaces were trained on the training set
of each domain and either had a representation for each word in the training (a
unique representation for every grapheme) or collapsed to unk for words occurring
fewer than four times. The following section, therefore, aims to investigate the
effect on continuous model performance when controlling for all parameters except
the embedding space. In this section I experimented with the continuous model
of c, since I assumed there would not be major differences between the c and G
models with respect to the effect of the embedding space. This assumption was
made because in previous experiments, both continuous models behaved similarly
yet with slightly different intensities across the examined metrics.

5.4.3 Results

space top1 (top10) T1 (T10)
glv50 10.56 (16.85) 1, 484 (3, 367)
ft50 13.64 (21.99) 1, 478 (4, 880)
w2v50 17.31 (28.70) 8, 917 (22, 509)

glv200 13.79 (18.97) 638 (1, 616)
ft200 16.40 (24.19) 655 (2, 322)
w2v200 18.94 (30.90) 4, 335 (13, 087)

Table 5.7: NYT embedding spaces’ effect on c50.

Tables 5.7 and 5.8 show the results of this analysis for both the NYT and PMC cor-
pora when using a simple nearest-neighbor decoding method. Models using word2vec
algorithm (w2v) were consistently superior to those using GloVe (glv) or FastText
(ft).

While increasing embedding dimensionality is often perceived as a way to better
inform the model about the features of the data (as seen in an increased top1(top10))5,
in this case, this increased dimensionality harmed the performance in other ways,

5This may come at the risk of overfitting.
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space top1 (top10) T1 (T10)
glv50 12.37 (17.61) 2, 942 (8, 553)
ft50 9.71 (16.71) 667 (3, 898)
w2v50 19.89 (32.04) 11, 947 (34, 641)

glv200 14.63 (18.74) 676 (2, 106)
ft200 9.07 (13.49) 49 (275)
w2v200 17.06 (30.88) 6, 083 (18, 533)

Table 5.8: PMC embedding spaces’ effect on c50.

including by leading to a reduced number of types (T1/10). This finding illustrates an-
other bias-variance tradeoff conditioned on vector dimensionality. Tables 5.7 and 5.8
were stratified to examine performance over frequency bins for type and token dis-
tributions. As Figures 5.13, 5.14, 5.15, and 5.16 show, w2v outperformed the other
embedding spaces in hit rate and predicted more infrequent terms; moreover, the
alternative spaces did not score well at all on prediction diversity.

Figure 5.13: NYT type coverage by training frequency and embedding space.

Figure 5.14: NYT token hit rate by training frequency and embedding space.

A possible reason for the low performance of ft may have to do with the fact that
FastText algorithm does not directly generate the entire set of embedding words.
Rather, it generates the most frequent ones, together with additional subwords made
of pieces of less frequent words. Then, to represent the experiment’s infrequent
words in FastText space it has to compose subwords together, and the degree to
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Figure 5.15: PMC type coverage by training frequency and embedding space.

Figure 5.16: PMC token hit rate by training frequency and embedding space.

which this composition produces meaningful semantic relations is questionable. A
possible limitation in FastText is, therefore, the ability to capture the context of
those rare words and represent them meaningfully in the space. Before moving
forward, two conclusion can be drawn from the experiments I presented. First,
word2vec was found to be the most optimal embedding space over the evaluation
metrics of interest. Second, increasing dimensionality may improve accuracy, but
was found to harm the type diversity. In what follows (section 5.4.3) I dive deep
into learning about what are possible differences between glv to w2v to account for
the different outcomes shown in the table and figures presented in this section.

On differences between GloVe and word2vec

In this section I take a closer look at some differences noted while exploring the effect
of the embedding space on the c model. The results are based on a toy dataset of
NYT (Ferraro et al., 2018, LDC2018T20), containing a limited number of sentences:
45k, 15k, 15k for train/dev/test, following the same training protocols described in
section 3.3.

model top1 (top10) T1 (T10)
w2v50 13.84 (23.48) 523 (1, 660)
glv50 4.95 (9.11) 128 (347)

Table 5.9: different dimension results.

Table 5.9 illustrates the differences observed between the glv model and the w2v
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technique (supporting the findings presented earlier in Tables 5.7 and 5.8). Since glv
performed poorly, I looked for ways to mitigate this, or alternatively, reasons for this
behavior. To better understand the difference, I plotted the hit/miss distribution of
glv compared with the w2v model. Figure 5.17 presents the hit/miss rate over the
different predictions the models made. The x-axis describes the cosine similarity of
the predicted vector to its target (on a log scale).

Figure 5.17: Prediction to target cosine similarity.

Figure 5.17 reveals areas in which the glv model was able to make predictions
that were very close (0.9 similarity) to the target, yet were not considered to be
among their respective targets’ closest neighbors (notice, on the left-hand side of the
figure, the orange color on the 0.9 bar, which is considered a ‘miss’). On the other
hand, for w2v, there were situations in which the similarity was relatively looser (0.6
similarity), but the model’s prediction was found to be in the desired vicinity of the
target (notice, on the left-hand side of the figure, the blue color on the 0.6 bar, which
is considered a ‘hit’). Why, despite predicting high-similarity vectors, can the glv
model not reach its targets? Naturally, I hypothesized that when high similarity is
measured and the target and prediction turn out to be insufficiently close, the cause
has to do with the potentially dense nature of the region. In other words, because
the target is surrounded by many highly similar neighbors, the prediction struggles
to penetrate its closest circles. To examine this hypothesis, I measured the density
of the input, focusing on the tokens of the dataset.

In Figure 5.18, the distance of the target’s median neighbor (out of ten neighbors)
is boxplotted for all the tokens in the test dataset. The median distance from the
target, according to Figure 5.18, is longer in w2v than in glv (one-tailed Mann-
Whitney U, p� 0.0001). Given that the only difference in the plots is the embedding
mechanism by which the plots were generated, I suspect that the reason for the
behavior observed in Figure 5.17 has to do with the manner in which the vectors
occupy the space, and more precisely, the difference in density of the vectors. The
fact that Figure 5.18 is based only on the vectors and the dataset, and not on the
model, reinforces this hypothesis. Since the figures provide evidence that glv may
exhibit high clusterness regions, inevitably one must ask whether a less dense vector
space would provide a better foundation on which to train a model. To test this
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Figure 5.18: Median neighbor’s distance from target.

hypothesis, I transformed the GloVe space to a less clustered one and trained a new
model on it.

I provide the set of steps to find a viable kernel transform in the Appendix A.2.1.
Table 5.10 presents the pre- and post-transform results of the GloVe models.

model top1 (top10) T1 (T10)
glv50 4.95 (9.11) 128 (347)
glvT50 6.40 (11.95) 177 (459)

Table 5.10: Pre- and post-transform results.

Clearly, the post-trasform GloVe space, shown in glvT, enhanced the model’s
performance. The phenomenon of clusterness, or observing spaces that contain
high-density regions of textual spaces, was described by Radovanović et al. (2009)
and Radovanović et al. (2010) and is referred to as the hubness phenomenon. Since
hubness is not a phenomenon unique to GloVe (or to word embeddings; it happens
in image and speech spaces as well) (Radovanović et al., 2010), and since GloVe
is a common embedding space that has been widely used by the NLP community,
learning about its nature is key to understanding its impact on different models. This
probing provided tools to analyze and enhance the performance of similar embedding
spaces that may exhibit low performance for this reason. The GloVe space was shown
to exhibit hubness (clusterness of embeddings), harming the learning abilities of a
continuous model.

5.4.4 Future work

One limitation of the embedding models presented is the degree of semantic re-
lations expressed in these models. Ideally, proximity would reflect the semantic
relations between similar words and would not be conflated with frequency, as
was shown by Gong et al. (2018). Another possible concern is the reliability of
the neighborhoods of infrequent words; that is, to what degree are other similar
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words close when only a limited number of examples is observed?6 It is possible
that an embedding space of ConceptNet (Speer et al., 2016), which is a distribu-
tional semantic-based embedding space created by incorporating human knowledge
(through retrofitting (Faruqui et al., 2015)) would be more reliable for determining
the similarity of less-frequent words. Another limitation is found in section 5.4.3,
where the experiment described was performed on a smaller dataset and there were
fewer repetitions to corroborate the findings. A general limitation of this experiment
and of the model training described in this thesis overall is the failure to employ
contextualized vectors, which 7 were shown to capture multi-sense meanings and
represent words not in a fixed manner. While a possible future direction is multi-
sense representation, the space a model learns to predict is assumed to be fixed to
some degree8 This allows for the meaningful learning of various locations/regions
across space, leading to meaningful decoding such that a model can recall those
locations given a similar query later on.

5.4.5 Conclusion

In this section, embedding spaces were investigated. word2vec was found to be
superior to the other spaces both in types and tokens. I hypothesized as to why
FastText was underperforming, and I further experimented with GloVe to learn
about its nature of prediction by comparing it closely with word2vec. GloVe was
found to create more clustered spaces, thereby hindering a model in retrieving a
target vector. More advanced embedding spaces, such as those of ConceptNet, may
be able to be employed in future research. In these more advanced embedding spaces,
less-frequent words maintain semantic relations, and if a model is not found to hit
close enough to a target term, its neighbors can provide insights into the underlying
semantics the model predicted.

5.5 How to Find an Optimal Loss Function for a
Continuous Model

5.5.1 Introduction

The loss function also plays a role when developing a neural architecture. Loss func-
tions set different objectives for a model, and together with back-propagation (Rumel-
hart et al., 1986), reduce errors between a model’s prediction and an expected target.
As explained in section 2.3.4, these errors update the net weights through the chain
rule. This section examines several loss functions that are appropriate to regres-
sion, as regression is the learning type occurring in the continuous output prediction
models in this thesis. Specifically, I aim to minimize the error between a predicted
location and a specific target word vector. Regularization may take place as well
to prevent over-fitting to the training set. While the losses in this section revolve
around the loss applied to both c and G models, the additional loss of G stemming

6Bahdanau et al. (2017) pointed to the rare word representation problem.
7For an explanation, see section 2.4.2.
8Locations across space can change from one training session to another, though, so in that

regard they may change over time.
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from the GAN dynamic (Eq. 3.9) is MSE, as binary cross entropy did not produce
meaningful output.

5.5.2 Loss functions

In this section I share the preliminary results of the different loss functions I explored
for the continuous models. I evaluated these losses on the toy dataset NYT (Ferraro
et al., 2018, LDC2018T20), containing 45k,15k,15k for train/dev/test, following the
same training protocols described in section 3.3. Both models, G and c, were trained
and evaluated on the metrics of interest: topx and Tx. The costs function studied
were the mean-squared error (MSE) and cosine similarity (CoS), as presented in
Eq. 5.11, 5.10:

Lt =
∑
wt∈Wt

|ŵt − wt|2 (5.10)

I experimented withMSE loss as Mikolov et al. (2013a) and Bolukbasi et al. (2016)
showed that the embedding space to some degree encodes certain relations through
simple addition and subtraction operations

Lt =
∑
wt∈Wt

|2× (1− < ŵt, wt >)|0.5 (5.11)

CoS was chosen as an objective function as well since it is commonly used to measure
word embedding similarity (as shown in Mikolov et al. (2013c)). Lazaridou et al.
(2015) explained how the outcomes of CoS and MSE may exhibit low variance
relative to their targets and predict average representations of vectors (the mean
vector of the space), since the mechanism of these losses causes the model to be
drawn to high-density areas in the vector space. Following their method, I employed
an additional loss function, the max-margin (MM) loss shown in Eq. 5.12:

k∑
j 6=i

max{0, γ +D(ŵi, wi)−D(ŵi, wj)}, k > 1, γ > 0 (5.12)

This loss is a variation of hinge loss (Rosasco et al., 2004) where updates take
place if a prediction is not found to be the closest to a target among other vectors9
and where instead of a binary classification, the training procedure is a one vs. all.
Max-margin is seen in Eq. 5.12. Table 5.11 shows the results of the models for the
continuous approach.
Table 5.11 shows that both MSE and CoS were close in the number of types, while
the hit rate of CoS seems to be higher that that of MSE across models. MM
exhibited low performance for the type of models I used. It is important to note
that the loss performance has to do with the type of distance metric used in the
decoding step, which was based on angular distance. This may explain why CoS
was chosen in this setting as an objective function, while in Khandelwal et al. (2019),
the authors chose MSE as an objective and did their decoding through MSE as
well. I note that the decoding process has no direct effect on model training.

9The other loss functions’ updates are based on whether there exists an error irrespective of
other vectors.
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model top1(top10) T1 (T10)
cMSE 11.25 (21.68) 546 (1, 718)
GMSE 10.39 (19.77) 562 (1, 821)

cCoS 13.84 (23.48) 523 (1, 660)
GCoS 12.42 (21.43) 588 (1, 858)

cMM 11.15 (20.89) 194 (824)
GMM 10.07 (19.47) 222 (892)

Table 5.11: Continuous models’ loss functions exploration.

Von-Mises Fisher loss function

The final loss function I investigated was the Von-Mises Fisher (VMF); however, I
was not able to employ it following its definition by Kumar et al. (2019). In the
following I explain the mismatch between the models I proposed and the loss. The
VMF loss function is as follows:

NLLvMF (ê, e) = − log(Cm(‖ê‖))− êT e (5.13)

where Cm(κ) is given as

Cm(κ) =
κm/2−1

2πm/2Im/2−1(κ)
(5.14)

and the gradient approximation of the first component is

∆ log(Cm(κ)) = − Im/2(κ)

Im/2−1(κ)
(5.15)

Since according to Eq. 5.13 and 5.14 κ = ‖ê‖, and since in the case of normalized
vectors ‖ê‖ = 1, the first component’s gradient presented in 5.15 remains the same
across every vector predicted such that

∆ log(Cm(κ))
∣∣∣
κ=1

= − Im/2(1)

Im/2−1(1)

∣∣∣
m=50

= − I50/2(1)

I50/2−1(1)

= const (5.16)

making the described gradient insensitive to different samples as all share the same
norm. As a result, the loss adds a component that acts as a constant bias term that
is not learning meaningful gradients and can be reduced to Eq. 5.17:

NLLvMF (ê, e)
∣∣∣
‖ê‖=1

= − log(Cm(‖ê‖))− êT e

= bias.− êT e (5.17)

Therefore under the current conditions, the NLLvMF loss function is reduced
to the loss function seen in Eq. 5.11.
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Regularization

The previous section described various objective functions; however, another detail
to note for the purpose of reproducibility is that another loss component that was
found useful was the L2 norm. The L2 norm was applied to the parameters of the
model during training under a large vocabulary setting. While this may not have
produced the minimum error over the training set, it allowed for the generation of
a stable training error; without this error, the model had poor gradients. This was
not the case with the small dataset training described here.

Up to this point, I have explored several objective functions and shown what
was found to be a relevant and optimal loss for the proposed language models.

5.5.3 Future directions

Exploring other architectures such as variational autoencoders (VAEs)10 may be a
another way to find stronger models for continuous output prediction. As with any
architectural search, this may require investigating various loss functions, though
ones that are typical to VAEs’ architecture. One concern regarding VAEs is the res-
olution of its prediction, as VAEs have been found to generate blurry images (Doso-
vitskiy et al., 2016; Zhao et al., 2017a). This is because VAEs’ auxiliary function
may not learn a good estimate for the real distribution of the data; in other words,
samples may have lower quality when reconstructing their targets.

5.5.4 Conclusions

In this section, I examined several loss functions: MSE, CoS, MM , and VMF . I
found that CoS optimally performed on topx and Tx, which may have to do with
the type of decoding involving angular distance that was applied. VMF was shown
not to be fruitful for a normalized vector space. Additional architectures could be
explored in the future for retrieval purposes, and VAE could be approach to consider
in pursuit of this goal.

5.6 Summary
In this chapter, I presented several means to enhance the prediction outcome over the
metrics of interest. The first is model interpolation, wherein both models were com-
bined and could be compensated by the other model’s strengths. Context-dependent
combination approaches were mostly effective for this, though the context-independent
approacher was easier and less costly. Second, I found that the feature-based decod-
ing increased the diversity (and not the types) and revealed the underlying mecha-
nisms these models prioritize. Third, it was shown that word2vec created embedding
spaces that produced more fruitful predictions both in prediction accuracy and pre-
diction diversity. I also investigated the GloVe model characteristics to hypothesize
about the cause of its sub-par performance. Finally, in the loss function search,
I compared the outcomes of the various models and reasoned why the Von-Mises
Fisher loss was less appropriate for the type of spaces (and models) presented. Each
section discussed possible directions for further enhancing or learning about the

10The method is described in section 2.3.4.
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models. This chapter looked into technical optimizations when employing a con-
tinuous model. Such optimizations can subsequently affect the experience or the
strengths of the continuous approach when choosing the next icon/word. In the
next chapter, I will move away from these models and focus on exposing the prob-
lem of diversity in SotA models, as well as the possible consequences for for failing
to consider diversity of predictions.
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Chapter 6

Capturing Diversity with new
Evaluation Metrics1

“Strength lies in differences, not
in similarities”

Stephen R. Covey

6.1 Introduction
Language models are foundational components in many NLP systems, and as such
it is crucial to be able to empirically evaluate their behavior. Traditionally, language
models are evaluated using performance metrics that relate to the model’s ability
to accurately predict words given some context (e.g., perplexity). Following the
paradigm described by Galliers et al. (1993), this can be thought of as an intrinsic
evaluation criterion (and perplexity an intrinsic metric), as it relates to the objective
of the language model itself.

In recent years, it has become common to also evaluate language models ex-
trinsically, in terms of the model’s function. This is done by measuring a model’s
performance when used as a component in a downstream task.2 For example, De-
vlin et al. (2019) evaluated BERT in terms of its performance when used as the
language model component in benchmark tasks such as question answering and
“commonsense inference.”3 This shift towards extrinsic and task-oriented evaluation
is welcome, and has the potential to make language model evaluation more ecologi-
cally valid.4 As useful as task-oriented evaluation metrics are, however, we believe

1A disclaimer: parts of this work were not written by me, but written by Steven Bedrick, my
advisor who I collaborated with on this research. These include the introduction section and the
methods section. I conducted the experiments and reported the results

2In part, this trend has been driven by the increasing use by developers of language models of
downstream tasks as ancillary training objective functions, which renders problematic the classical
notion of intrinsic and extrinsic evaluation as a binary construct.

3SQuAD versions 1.1 (Rajpurkar et al., 2016b) and 2.0 (Rajpurkar et al., 2018), and
SWAG (Zellers et al., 2018), respectively, in the case of the original BERT paper.

4“Ecological validity” is a dimension of experimental validity that is concerned with the question
of whether an observed effect reflects “what happens in everyday life”(Brewer et al., 2014), i.e.
beyond the artificial setting of the experiment itself. In an NLP context, a researcher working on
question answering who was concerned with ecological validity would ensure that the questions on
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that this approach brings with it certain practical limitations, and that there re-
mains a strong need for robust and meaningful intrinsic evaluation metrics that can
be used to characterize and compare the performance of language models.

In this work, we outline and propose a variation on the standard next-word-
prediction language modeling task that is designed for use in evaluating and com-
paring language models and is robust to implementation differences (tokenization
method, etc.) that complicate the comparison of modern models in terms of token-
level predictions. Our proposed metrics are richer and more meaningful measures
than traditional intrinsic metrics such as perplexity, which is insensitive to which
tokens are matched, and as such may be confounded by distributional properties
of their evaluation corpora. Our approach accounts not only for the accuracy of
a model’s word predictions, but also the diversity of types that it predicts, across
different lexical frequency bins. We further propose a formulation for the next-
word-prediction task that explicitly allows for language- and task-level details to be
captured in the resulting metrics, thereby blurring the line between intrinsic and
extrinsic language model evaluation. Our methods provide greater ecological va-
lidity than traditional intrinsic evaluation methods, while still remaining simple to
interpret and easy to calculate.

6.1.1 Formalities: Language Models and Word Prediction

For our present purposes, we will consider a language model to be a model that,
given a sequence W of n tokens w1:n from a fixed vocabulary of types V , estimates
the joint probability of P (W ). There are many different ways that such a model can
be constructed and trained, ranging from traditional count-based methods (often
originally credited to Shannon (1948a)) to more modern neural approaches (Bengio
et al., 2003; Peters et al., 2018b). While the methods of building such a model vary
widely, they have in common the goal of learning to approximate the distribution
of tokens and types in some corpus.

Importantly, different models may use different units of prediction (i.e., the en-
tries in V may correspond to different linguistic constructs). A character-based
model (such as that found in many mobile text entry keyboards) predicts at the
level of a individual grapheme; the tokens in a word-level model correspond to
individual words (possibly in an inflected form, as appropriate). For reasons of effi-
ciency and robustness, many modern neural models actually predict at the level of
a sub-word/sub-sentence unit (via e.g. byte-pair encoding (Sennrich et al., 2016),
wordpieces (Wu et al., 2016a), etc.).

Given such a model, we can typically also estimate the conditional probability
distribution P (wt|w1 . . . wt−1) over possible words occurring after a given history h
consisting of t tokens. We refer to this as the next-word-prediction problem5 of pre-
dicting ŵt = argmaxw P (w|h). Using the terminology of conditional text generation,
this is akin to generating a single token via greedy decoding given a context. This is
of more than theoretical interest from a language modeling perspective. Language
models trained using the standard cross-entropy loss function are in effect being
optimized to perform this very task, and furthermore, many NLP applications rely

which they trained and evaluated their system (in form and content) match the ones on which the
system was designed to be used.

5Also known as the “Shannon Game” (Shannon, 1951).
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in practice on effective and robust word prediction.
A standard and widely-used metric for evaluating language model performance

is with perplexity (PPX), which is closely related to this prediction task. When
computed for a given token prediction event by a language model, PPX captures
how “predictable” that event was for the model:

PPX(p, q) = −
∑
X

q(x) log p(x) (6.1)

where X corresponds to V (the model’s vocabulary of possible tokens it must choose
between), p(x) represents the “true” or “target” distribution and q(x) the model’s
estimated distribution. The closer the predicted distribution matches the target
distribution, the lower the perplexity. When averaged over many prediction events,
and computed on a held-out test dataset, perplexity attempts to capture the degree
to which the model has optimally learned to represent its target distribution. A
more accurate (i.e., “better”) model should result in lower average perplexity (as the
model will more often predict a high probability for the correct target), whereas a
less accurate model should be reflected in a higher perplexity.

6.1.2 Evaluation Considerations

Perplexity is a classic example of an intrinsic evaluation metric, in that it is mea-
suring the model’s ability to carry out its immediate objective. As mentioned previ-
ously, modern language models are often evaluated according to their performance
when used as components in a downstream task of some kind.6 We find this increas-
ing prevalence of extrinsic evaluation to be a very positive development, and do not
in any way wish to argue against use of downstream tasks for evaluation. However,
we see several limitations to an extrinsic-only evaluation paradigm, and argue for
more robust intrinsic measures.7 Extrinsic evaluation is necessarily dependent on
the selection of specific benchmark tasks to include, and this process is fraught with
difficulty, for several reasons.

First, there are many possible benchmark tasks from which one could choose,
each attempting to measure something different. Different authors will naturally
choose different combinations of tasks when evaluating their language models, as
they may be focused on different aspects of their models’ behavior. While scien-
tifically appropriate, this does make for a heterogeneous evaluation landscape, and
complicates comparisons between published results.

Second, new tasks are constantly being created, and existing tasks are regularly
updated. This results in a complex and unstable evaluation landscape in which
evaluation tasks change from year to year, and allows for much confusion around
versions of datasets and benchmarks.

Third, downstream NLP tasks and datasets often have their own issues around
validity. For example, the commonly-used SNLI natural language inference cor-
pus (Bowman et al., 2015a) was later found to have substantial issues resulting
from artifacts in how its annotations were collected (Gururangan et al., 2018). How

6Galliers et al. (1993) refer to this as the model’s “function” (in contrast to its “objective.”)
7In this, we follow Ito et al. (1999), who wrote about language models in the context of their

use in automated speech recognition systems, warned against relying solely on evaluation metrics
that were specific to that task (specifically, word error rate).
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should one now assess a language model evaluated using this downstream task,
knowing that the metrics may be of very limited validity? Finally, we note that
widely-used and well-studied downstream evaluation tasks are often not available
in “low-resource” languages, and so may not be an option in many scenarios. For
these reasons, we believe that intrinsic measures should still play an important role
in language model evaluation.

The question then becomes that of what to measure. Perplexity has the ad-
vantage of being well-understood and easy to calculate, and is closely linked to the
standard cross-entropy training loss frequently used in language modeling. However,
it has long been observed that perplexity itself often fails to correlate with down-
stream task performance (Iyer et al., 1997; Ito et al., 1999), suggesting that it may
have limited external validity as a metric.

There is an additional, more subtle limitation to the use of perplexity in cross-
model comparison. As previously mentioned, many modern language models use
sub-word units of prediction. One of the consequences of this heterogeneity is that
evaluation metrics that relate to individual base-level prediction events (as is the
case with perplexity) are not comparable across models, even if they are trained and
evaluated on the same corpus: different tokenizations and vocabularies will result in
different numbers of prediction events, as well as a differently-sized space of possible
choices at each event. From the perspective of the perplexity metric, two models
with different approaches to tokenization are performing fundamentally different
and numerically incomparable tasks.

Beyond this statistical problem, there is a problem with the underlying semantics
of using perplexity as a measure when working with sub-word units. Any actual ap-
plication of a language model that involves explicit word prediction8 will ultimately
demand not fragments of words, but rather entire words. In other words, even mod-
els whose native unit of prediction is at the sub-word level must make predictions
that can eventually be able to be decoded into whole words at some point.

Given that, raw perplexity becomes a somewhat confusing evaluation metric, as
the underlying phenomenon that it is measuring is quite distinct from the model’s
actual objective (i.e., predicting a whole word). Imagine, for instance, a model that
predicts at the sub-word level, and now must predict a word given the history “The
tyrannosaurus was chased by the.” The correct continuing word is “velociraptor ”, and
under the sub-word tokenization used by this model, this will necessitate several
separate prediction events (as “velociraptor” is both a long and an infrequently-
occurring word). The model may or may not be able to correctly make each of
those several predictions; presumably, the first sub-word prediction will be the most
“challenging” for the model, and the mid-word units “easier.” From the perspective
of the perplexity metric, however, there will be no difference between the first unit or
the third.9 Whatever the perplexity metric is telling us about the model’s behavior
during this process will likely tell us little about the model’s ability to actually
predict “velociraptor” given this particular word history.

8For whatever definition of “word” is appropriate in the language under consideration.
9Or, for that matter, from the previous token, “the.”
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6.1.3 Recentering on Words

We propose that intrinsic evaluation of language models be done in terms of the
whole-word prediction task, regardless of the specific tokenization practices of any
particular model. This would have the advantage of making cross-model comparison
easier, and of the resulting metric bearing a closer resemblance to what we intuitively
expect such a metric to capture (i.e., the model’s performance at its primary ob-
jective). While computing perplexity at the level of whole words (see section 6.2)
is a step in the right direction, we also propose several additional intrinsic metrics
relating to the word prediction task.

Word Prediction Accuracy: We propose directly measuring and reporting the
model’s raw accuracy at word-level predictions (i.e., the proportion of words that
were predicted correctly). This has the advantage over perplexity of grounding the
number more closely to the concrete performance objective that we are concerned
with. Furthermore, it is easily extended to account for various attributes of model
behavior that may be of interest in terms of downstream tasks, while still remaining
in the realm of intrinsic evaluation.

In the experiments we describe in section 6.2, we experiment with variations on
this metric that capture different notions of “accuracy.” For example, we explore
“top n” accuracy (i.e., if the target word is in within top n most likely predictions,
that prediction counts as a “hit”). This could be of use in a text entry scenario, in
which the model is responsible for generating candidate words for further selection
or refinement by an end-user (as in a mobile phone keyboard application, or an
Augmentative and Alternative Communication (AAC) system for individuals with
motor and/or speech impairments). Many other possible downstream tasks for lan-
guage models involve techniques that would also benefit from having the target word
given better placement in the ranked prediction space, and thus would benefit from
a metric explicitly measuring this property.

“Soft-Match” Prediction Accuracy: We propose extending simple prediction
accuracy to allow for “near miss” predictions, where the predicted word is “similar” to
the target (for a specified definition of “similar”). In many applications of language
modeling, there may be multiple possible valid predictions. This problem has long
been understood in the context of machine translation evaluation; in their descrip-
tion of the motivation behind the METEOR metric, Lavie et al. (2009) addressed
the “problem of reference translation variability by utilizing flexible word matching,
allowing for morphological variants and synonyms to be taken into account as le-
gitimate correspondences.” In a word prediction task, we could allow an explicit
synonym to count as a correct prediction; depending on the application or domain
in question, one could use external language resources to model much more complex
and task-specific notions of similarity (e.g., in a biomedical NLP context, one might
give the model credit at evaluation time for predicting a medication that is from the
same functional class as the target). In the experiments described in section 6.2.4,
we use a method based on word neighborhoods in an embedding space. Depending
on the nature of the task under consideration, other features could be used.

Consider a typing task in a morphologically rich language, in which a user might
be willing to accept predictions that involve the correct lexeme but with an incorrect
inflection. Allowing for this sort of flexibility in the evaluation of a word prediction
model has the potential to greatly increase the ecological validity of the experiment,
in that, that the experimenter is able to easily encode their own task-specific notions
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of relevance while still staying in a fairly constrained and easy-to-analyze evaluation
setting.

Lexical Frequency & Diversity: One important limitation of raw classifica-
tion accuracy as a metric is its susceptibility to being biased by imbalanced class
distributions. For example, if some classes occur much more frequently than others,
a model may achieve a high accuracy score by learning to focus on these frequent
classes to the exclusion of infrequent ones. In written language, the distribution of
classes (i.e., of word types) are notoriously skewed (Zipf, 1935), and exhibit a “long
tail” of words that occur relatively infrequently, with a small set of “head” words
that make up a large proportion of individual tokens observed in the training and
test data.

We observe that language models often exhibit very different performance char-
acteristics when predicting more common types than less common types; in fact,
our experiments in this paper demonstrate that, for some commonly-used language
models, the actual number of infrequent types that are ever correctly predicted
is surprisingly small (see section 6.3.1). This over-emphasis on frequent types,
when carried forward into downstream generation tasks, may lead to the failure
mode described by Holtzman et al. (2020) in which generated text is “dull and
repetitive.” This phenomenon is not limited to words alone; morphologically-rich
languages (MRLs) exhibit a similar Zipfian distributional pattern in terms of the
occurrence of different morphological phenomena, which in turn affects the perfor-
mance of systems designed to process such features of language (Czarnowska et al.,
2019; Tsarfaty et al., 2020). We believe that this behavior can be explained through
the lens of the bias-variance tradeoff common to all statistical learning problems.
As observed by Lazaridou et al. (2015), neural models have a tendency towards the
“bias” end of that tradeoff, which in the context of language modeling results in a
strong preference for head words and against tail words.

This is a serious enough problem in machine translation and text generation
systems that there is a growing body of literature looking at ways to increase the
lexical diversity in model output. Some authors (Li et al., 2016a; Welleck et al., 2020)
have examined training strategies and loss functions that optimize for diverse output,
while others (Vijayakumar et al., 2016; Ippolito et al., 2019) focus on alternatives
to greedy decoding and identify several ways to generate more diverse sequences
of words. Questions of evaluation arise, as the construct of “diversity” itself is
surprisingly difficult to characterize, as pointed out by Tevet et al. (2020).

In the context of our word prediction task, we propose two evaluation measures
that account for the Zipfian skew in type distributions, and illuminate differences
in model performance across the type frequency spectrum. We will stratify our
evaluation of prediction accuracy by frequency similar to previous chapters (see
section 3.4.4 as an example)Second, will measure the overall proportion of possible
types that the model was able to predict at least once during evaluation (similar to
one presented in 3.3.6 though in this chapter this metric is based on proportions).

6.2 Methods
In this section we describe a series of experiments in which we use our proposed evalu-
ation metrics to explore the behavior of several widely-used and large-scale language
models (obtained using the HuggingFace (Wolf et al., 2019) Transformers library).
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Specifically, we examine GPT-2 (Alec et al., 2019) (gpt-2), GPT (Alec et al., 2018)
(openai-gpt), BERT (Devlin et al., 2019) (bert-base-uncased), RoBERTa (Liu
et al., 2019) (roberta-base).

6.2.1 Training & Datasets

Since the pre-trained models were all trained in widely varying ways on different
corpora, we ran each model through a single pass of fine-tuning on a common corpus
to attempt to bring them more closely into alignment. For this fine-tuning (and for
the ensuing experiments), we used WikiText 103 (Merity et al., 2016), which consists
of a large (n = 28, 475) training set of English-language Wikipedia articles and a
small (n = 60) test set of 60 articles, with one sentence per line. The fine-tuning
task was on a word prediction task in a unidirectional fashion, in which the context
is based only past history (i.e., not on future tokens).10 We note that for BERT
and RoBERTa, this usage does differ somewhat from the prediction paradigm under
which they were trained, which is implicitly bidirectional.

6.2.2 Whole-word decoding

As previously described, modern language models typically use sub-word/sub-sentences
units as their native unit of prediction. In order to perform a meaningful evalua-
tion of cross-model word prediction accuracy, it is necessary to obtain word-level
predictions, which for the mentioned models may involve more than one model-
level prediction event. The models we worked with in this set of experiments used
two different tokenization strategies (wordpieces for BERT, and GPT, and BPE for
RoBERTa and GPT-2), and as such we developed algorithms for decoding whole
words by sequentially decoding individual sub-word units. While the algorithms dif-
fer slightly in their implementation between the model families, the overall method
is similar.

Our single-word decoding algorithm shown in Algorithm 1, extracts the first
word candidate by the model through concatenating tokens until end-of-word is
indicated11, and then compared with a target word.

To extract multiple candidate words, given a target word we run a Depth-First
Search to find whether a valid path of tokens exist, having each model prediction
spanning its top ten guesses. Our pseudo-syntax is presented in Algorithm 2. We
note that once a possible sequence is found, contrary to Algorithm 1, we do not
enforce end-of-word for finishing the sequence, if that particular token is missing from
current unit. This is not a typical beam-search based on likelihoods, rather based
on existence of valid units (in first K options) for a given target word, simulating
user choices given a context.

In addition to decoding whole words, we would like to be able to obtain a prob-
ability estimate of the resulting prediction, for use in computing a word-level per-
plexity measure. We approximate this by taking the product of the prediction-level

10Bert and Roberta were given a ‘[MASK]‘ token at the end of a sequence for unidirectional
prediction

11the code is available for all model types we present in this paper, and for the different tok-
enization approaches they are trained by
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Algorithm 1 Top1 Target Word Search
1: procedure TargetFind1(w<t, wt, model)
2: cxt← w<t // set cxt as the original context for the current word prediction
3: word← empty
4: while str(word) in str(wt) do // is word a valid prefix of wt (target)
5: cxt← Cat(cxt, word) // add the valid prefix to the context
6: Pwpct ← Predict(cxt,model) // predict the next token
7: top1 ← ArgMax(Pwpct) // take argmax
8: word← Cat(word, top1) // concat token to prefix
9: if str(word) = str(wt) then // check for complete match
10: return True
11: end if
12: if str(word) not in str(wt) then // prefix is not part of target word
13: return False
14: end if
15: end while
16: end procedure

Algorithm 2 TopK Depth-First Search
1: procedure TargetFind2(w<t, wt, model)
2: cxt← w<t // set cxt as the original context for the current word prediction
3: Pwpct ← Predict(cxt,model) // retrieve likelihood distribution
4: top10 ← Top10(Pwpct) // get top 10 likelihoods
5: for root in top10 do // find valid prefixes
6: roots.append(root)
7: end for
8: for root in roots do // a root is a valid prefix token
9: paths← List(root)
10: while paths do
11: path← Pop(paths) // the prefix of the predicted word
12: basiccxt ← w<t // original context
13: cxt← Cat(basiccxt, path) // concat both context and path
14: Pwpct ← Predict(cxt,model) // predict the next token
15: top10 ← Top10(Pwpct)
16: for wpct in top10 do // is any top10 guesses forms a valid prefix
17: word← str(wpcpre, wpct)
18: if word = str(wt) then // check for complete match
19: return True
20: else if word in str(wt) then // add for partial match
21: new ← Cat(path, wpct)
22: paths.append(new)
23: end if
24: end for
25: end while
26: end for
27: return False // all possible paths were exhausted
28: end procedure
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probabilities (i.e., the model’s estimate of the probability of each constituent unit
in a given decoded word), which we can then use for a perplexity-like score:

ppx = −
words∑

q(w) log(
units∏

p(u)) (6.2)

If a word was not found it is assigned a fixed probability reflecting a low likelihood.

6.2.3 Experiments

We performed a word-level prediction experiment on the test dataset described
in section 6.2.2, using each of the models in section 6.2. For each test exam-
ple, we performed incremental unidirectional word prediction using Algorithm 1
to generate whole-word predictions. In other words, for each test example W
comprised of w1 . . . wn words, we queried the model n − 1 times, to predict ŵi =
argmax

w
P (wi|w1:i−1) for i ∈ [2, n]. Additionally, we used the algorithm previously

described to decode the top k ranked word predictions (for k = 10), ŵk
t . In other

words, for the test input “the dinosaur ate the ...” we would sequentially predict
p(w2|“the”), p(w3|“the dinosaur”), and so on. At each prediction event, we compared
the predicted ŵt to the ground-truth wt according to the various metrics described
in the next section. We counted as “hits” word-level prediction events where the
comparison matched (for the different definitions of “matched”), and “misses” other-
wise.

6.2.4 Calculation of Metrics

Prediction Accuracy

We measure token-level prediction accuracy12 using an exact-match criterion, top1.
In other words, if wt = ŵt, a “hit” is counted; otherwise, a miss. We also computed
a higher-recall metric topk, in which a “hit” is counted if wt ∈ ŵk

t — i.e., if the
target word is in the top k predictions, it counts as a “hit.” For our experiments, we
computed top10 (i.e., k = 10).

Soft-Match Accuracy

As described in section 6.1.3, there are a number of criteria by which one might
implement a soft-matching algorithm. From the perspective of evaluation, the key
is to design a criterion in such a way as to capture the aspect of user behavior that
one may wish to support.

We performed our soft-matching experiments with a text entry scenario in mind,
in which a user is able to choose among the language model’s top n predictions.
Under this scenario, if the model fails to predict the target word but instead predicts
a related word (a synonym, perhaps), the user may still be able to convey their
message. To simulate this, we may define the soft-match operation as follows:

12For tokens— i.e., words— in the test set, as opposed to tokens from the perspective of the
model being evaluated.
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SoftMatch(a, b, s) =

{
a = b True

is_sim(a, b) True
(6.3)

Where the arguments to SoftMatch are two candidate words a and b, as well
as a similarity function s. Softmatch(a, b, s) is true if a and b are a match, or if s
indicates similarity. For our experiments here, we used a method based on similarity
in word embedding space, under the theory that words with similar embeddings may
be (relatively) appropriate substitutions in a word prediction task.

We used the word2vec algorithm (Mikolov et al., 2013b) to train 50-dimensional
word embeddings on the “train” subset of the WikiText-103 corpus. We then defined
our softmatch similarity function sknn(a, b) = a ∈ knn(b), where knn(b, k) retrieves
the k nearest neighbors of target word b in the embedding space. Using our softmatch
function, we then re-scored the prediction accuracy such that a positive softmatch
counted as a “hit.” We used the Annoy library (Bernhardsson, 2018) to perform
efficient nearest-neighbor retrieval. We conducted experiments in which we varied
the k parameter; in other words, by allowing a match deeper into the k-nearest
neighbors of the target. Our motivation for this was that, if all things are being
equal, a model that mis-predicts a target but at least guesses something that lies in
the right semantic neighborhood is more useful than one that does not.

Lexical Diversity

In order to measure type diversity given all the hits in top1/top10, we counted how
many unique types were correctly predicted for first and top ten guesses and present
it in T1 (T10) respectively. To illustrate the utility of measuring the rate of unique
types that were correctly predicted, consider a hypothetical dataset in which 20%
of the tokens consist of the word the, and that the model at hand predicts only this
word for every sample in the test set. In this scenario, top1 accuracy will be 20%, as
the is a correct prediction for 20% of the times, yet T1 is based on only one type13 as
there was only a single type that was correctly predicted— suggesting sub-optimal
learning of the input distribution, or a lack on the model’s parameters of the ability
to reflect that distribution during test.

6.3 Results

6.3.1 Diversity Evaluation

model top1 (top10) T1 (T10) ppx
GPT-2 35.63 (67.76) 26.60 (47.27) 34.8
GPT 29.37 (60.89) 15.96 (30.80) 37.9
RoBerta 28.18 (59.55) 24.73 (42.63) 42.2
Bert 22.11 (50.98) 15.59 (29.61) 50.7

Table 6.1: Experimental results on Wiki-103 corpus.

13T1 is the relative percentage of one over the overall number of types
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Table 6.1 shows the results for the different models. GPT-2 and GPT, which were
pre-trained on a word prediction task, exhibited the lowest ppx. GPT-2 had the
highest hit rate and type diversity. However, when comparing GPT to RoBerta,
while the models’ accuracy seems to be similar, the ppx is lower for GPT. Moreover,
RoBerta was found to be much more diverse than GPT, suggesting that the reasons
for similar hit rates (28.18, 29.37) are different, as shown by the different Tx metrics.
On the other hand, while Bert and GPT had similar diversity rates, GPT had higher
accuracy than its counterpart, making for a different accuracy/diversity ratio than
that of Bert. This different ratio may also suggest different prediction behaviors
for GPT and Bert. Understanding type diversity requires addressing which types are
predicted well and which types are harder to predict. Thus, I stratified both T1 and
top1 as a function of frequency: high, mid, and low, for x ∈ [103, inf), x ∈ [102, 103),
and x ∈ [101, 102), respectively, where x is each target type’s frequency.

Figure 6.1: Wiki-103 type coverage by training frequency bin. n: number of items
in each bin; y-axes are percentages over n (note different scales).

Figure 6.1 illustrates the models’ type distributions. High diversity was found
for both GPT-2 and RoBerta, although GPT-2 picked from the low bin twice as often
as RoBerta. Notice the stark difference between RoBerta and GPT. RoBerta outper-
formed GPT across every bin, illustrating its diversity strength (given the models’
similar hit rates shown earlier). Although they performed worse than RoBerta, both
GPT and Bert had similar rates of diversity, with GPT performing almost twice as
well on the lowest bin. Finally, even GPT-2, which attained the highest diversity,
covered only 50%, 14%, and 7% of the trained types on which it was evaluated. This
shows there is room for reflecting the input data more optimally.

Figure 6.2 presents the hit rate distribution. This figure explains the gaps be-
tween GPT-2 and RoBerta, showing that while the models were not so different in
diversity, RoBerta missed hits mostly from the most frequent bin, with a 10% gap,
and had sub-optimal prediction in the mid- and low-bins. The similar hit rates of
RoBerta and GPT are clearly distributed differently, as RoBerta reached parts of the
long tail of the distribution more often than GPT. Bert and GPT exhibited the biggest
gap in the most frequent bin with an 8% difference, while the mid and low bins were
similar. Overall evaluations of diversity predictions can shed light on models’ pri-
orities. Measuring type diversity reveals that models that have similar hit rates
can vary immensely in diversity, which may impact downstream tasks. Evaluating
diversity may not only indicate to what degree the learned distribution is reflected,
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Figure 6.2: Wiki-103 token coverage by training frequency bin. n: number of items
in each bin; y-axes are percentages over n (note different scales).

but may also directly point to the missing types and the weaknesses of the model.
All the models in this experiment were shown to be weaker in the lower bins or
biased by frequency, a problem that is necessary to start addressing. Addressing
this problem would indirectly contribute to higher accuracies as well. In section 6.4,
I use a case study to illustrate why learning diverse types, and low-frequency types
in particular, can be useful. Next, I present a way to further understand models,
even if they do not directly find the target word in a prediction.

How effective was the fine-tuning for types and hits?

In this part, I measure the degree to which a single-pass fine-tuning improved type
diversity as well as type accuracy. The answer to this question is necessary to
determine to what degree the single-pass protocol was useful for improving the pre-
trained models’ performance on the tested data. An insufficient degree (expressed in
poor improvement over the metrics) requires the consideration of a different protocol
(more than a single-pass round, for instance). The reason a single pass was chosen
is that it has the steepest learning curve with the lowest costs possible to runtime.
Table 6.2 shows the results for the pre-trained models (before fine-tuning took place).
The four models presented in Table 6.1 are compared to the ∆ gains after fine-tuning.

model top1 (top10) T1 (T10) ppx
GPT-2 6.84 (5.42) 4.27 (3.4) -4.9
GPT 5.47 (8.18) 3.67 (5.15) -8.8
RoBerta 19.05 (16.53) 12.49 (9.54) -16.0
Bert 17.97 (30.58) 14.22 (18.44) -30.7

Table 6.2: ∆ change from pre-trained models to the Wiki-103 fine-tuned models on
the Wiki-103 test (with regard to Table 6.1).

Table 6.2 reveals that the raw gains for the bidirectional models RoBerta and
Bert were much larger when fine-tuned compared to those for GPT-2 and GPT. The
ppx values also decreased more dramatically in the bert-based models. The models’
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performance before and after fine-tuning can be observed from a different angle
through the % change from the pre-trained models shown in Table 6.3. The percent
change was more noticeable for RoBerta and Bert than the other models, with a
530 increase resulting from learning.

model top1 (top10) T1 (T10) ppx
GPT-2 124 (109) 119 (108) -86
GPT 123 (116) 130 (120) -81
RoBerta 309 (138) 202 (129) -72
Bert 530 (250) 1138 (265) -62

Table 6.3: ∆ in % change from pre-trained models to the Wiki-103 fine-tuned on
the Wiki-103 test (with regard to Table 6.1).

It was interesting to consider how the observed gains were distributed, breaking
down the types by word frequency as done before. To this end, Tables 6.3 and 6.4
show improvement as a function of word frequency. The biggest gains were in the
highest frequency bin. While GPT-2 and GPT exhibited relatively smaller changes in
performance across the bins, Bert gave no evidence of any Wiki-103 low-frequency
bin (and very little of any mid-frequency bin) words that were shown during the test
prior to fine-tuning. In other words, Bert’s overall performance can essentially be
attributed to fine-tuning. Fine-tuning also dramatically improved RoBerta’s perfor-
mance, with about half of the types attained in post-Wiki training in the highest bin
and more than two-thirds and three-quarters in the mid- and low-frequency bins,
respectively.

Figure 6.3: Wiki-103 type coverage by training frequency bin. n: number of items
in each bin; y-axes are percentages over n (note different scales).

Figure 6.3 shows that before fine-tuning, GPT and Bert were not close in number
of types, as seen in Table 6.1. Figure 6.4 shows that RoBerta and GPT were farther
away in terms of hit rate before fine-tuning as well.

6.3.2 Soft-Match Evaluation

Figure 6.5 illustrates GPT-2 and GPT’s T1 and top1 performance on the left (bars)
and right (line) axes. Both models gradually (@3-@100) captured more types as
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Figure 6.4: Wiki-103 token coverage by training frequency bin. n: number of items
in each bin; y-axes are percentages over n (note different scales).

Figure 6.5: Soft-match for GPT-2 and GPT (Wiki-103).

the beam of k in knn was increased (considering more target neighbors), leading to
increased hits. This evaluation shows that GPT-2’s exact matches (@1) were higher
but that its misses enriched the pool of unique types with 14% (@100) additional
unique types (light blue), whereas GPT-2 covered only 11% more types (light pink).
Both models’ increases in accuracy were similar. This reinforces that the mod-
els’ prediction mechanisms are slightly different, as similar gains in accuracy were
translated to either more learned high types or more diverse patterns, as shown in
Figures 6.1, 6.2. This analysis shows that although there were mismatches, some of
them were actual near-misses and were related to what the models were expected to
predict. This can be of practical use for different users, including for those who wish
to analyze how wrong the mismatches were as part of an error analysis process.
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6.4 A Case Study of Paraphrasing
In this section, I look at the impact of model inference performance on the partic-
ular downstream task of paraphrasing. To this end, I employed a state-of-the-art
algorithm, Bertscore (Zhang et al., 2019), to compute the similarity scores of sen-
tence pairs in part by comparing embeddings derived from a language model. Under
Bertscore, a higher similarity score indicates the greater semantic similarity of a pair
of sentences, such that one is a close paraphrase of the other. Note that the critique
that arises at the end of this section is not about the Bertscore tool as such, but is
rather about a certain type of pattern that the models employed by this tool may
insufficiently learn.

Why Paraphrasing? I chose the downstream task of paraphrasing to measure
the semantic similarity of sentence pairs as it can be easily manipulated to consider
a single word modification. Consider the following example sentence involving the
word triple (poodle, dog, cat): 14

(a) which dog has longer hair ?

(b) which cat has longer hair ?

(c) which poodle has longer hair ?

The pair (a, b) ought to score lower (i.e., be considered by Bertscore to be more
dissimilar) than the pair (a, c), as a is a valid paraphrase of c while b is not. This,
of course, assumes that the language model being used as the underlying source
of embeddings for the Bertscore algorithm has accurately captured the semantic
meaning of the three words under consideration. If not, there may be an inversion of
results such that (a, b) (incorrectly) appears to be more similar than (a, c), suggesting
that the model in question should perhaps not be used for paraphrase-related tasks.

To explore the impact of word frequency on model representations with this
chapter’s fine-tuned models, I generated 50 rare and 50 common triples from the
Wiki-103 trainset. Each of the triples contains a rare/common word, its hypernym,
and a sibling hypernym extracted from WordNet (Miller, 1995) (using nltk (Loper
et al., 2002)). The hypernym and its sibling hypernym are represented by (xr, xh, xa)
and (xc, xh, xa), respectively. For each word in a triple, I identified a sentence in
which the rare word naturally occurs and generated probe sentences in which I
replaced the rare word with xh and xa.15

I then used bertscore to compare the sentences in terms of their similarity. In
principle, one would expect that bertscore(s(xh), s(xr)) > bertscore(s(xh), s(xa)).
In other words, the similarity score for the pair made of a sentence with dog and
a sentence with poodle is expected to be higher than that of the pair made of
a sentence with dog and a sentence with cat. This is because dog and poodle
are closer semantically than dog and cat and therefore are a closer paraphrase of
each other. However, if the model’s word representations are being confounded
by lexical frequency, one might instead observe the opposite pattern (i.e., the sen-
tences with the more common words mistakenly appearing to be more similar to
one another despite the words’ semantic difference). I considered cases in which the

14Note that the word poodle occurs much less frequently in English than either dog or cat.
15See Appendix A.3.1 for details on sentence selection and generation.
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model correctly identified the paraphrase (e.g., if bertscore(s(dog), s(poodle)) >
bertscore(s(dog), s(cat))) as hits and misidentifications as misses. My “null hy-
pothesis” was that there should not be any difference in hit rates between high-
and low-frequency words (i.e., word frequency should not affect a model’s ability to
identify paraphrases). Furthermore, I compared the performance of two fine-tuned
models trained on Wiki-103: Bert and RoBerta. Given the results of my earlier
experiments, I hypothesized that if there is a difference in hit rate, RoBerta will
prove more robust to the rare words condition, given its superior performance at
predicting (and thus representing) rare words.

model hits misses total
Bertrare 14 36 50
RoBertarare 11 39 50
Bertcommon 40 10 50
RoBertacommon 39 11 50

Table 6.4: Paraphrasing sentences with Wiki-103 words.

I note that this is something of a “toy” experiment given its small size, which
limits the conclusions that can be drawn from it. However, Table 6.4 shows a
difference in performance between the rare set of words and the common, such that
the models do appear to have failed to capture the semantics of rare words, as
reflected in the greater number of misses (χ2; p < 0.001 for both models).

I found that RoBerta and Bert did not differ greatly in performance, suggesting
that with this method, the strong effect of word frequency outweighed the between-
model difference observed in my earlier experiments. This null result could easily
be an artifact of the very small sample size of 100 probe sentences, though. I also
noticed a substantial number of misses with the set of common words. Overall,
although these results are based only on a small sample, it does seem that the
poorer performance of both models on the rare words is unlikely to be a coincidence.
Note that Raunak et al. (2020) suspected that the dot product of rare vectors in a
next-token prediction task would fail due to the rare vectors’ ineffective embedding
representation learned for low-frequency words shown by Gong et al. (2018). In
this section, I provide corroborating evidence for this claim. I hope to be able to
experiment with a greater sample size to better elucidate the degree to which rare
word inferences are reliable in producing outcomes aligned with human semantics
on various downstream tasks.

How effective was the fine-tuning for the paraphrasing task?

In order to address this question, I ran the paraphrasing experiment described pre-
viously on the pre-trained models. Table 6.5 presents the raw results. There were
small differences slightly favoring the fine-tuned model for rare words in RoBerta
and a slight decrease for both models on common words. I assume that had the
sample size been bigger, or alternatively had there been gaps between models, or if
the gaps between the pre- and fine-tuned models had been larger, a stronger con-
clusion could have been drawn with regard to the condition that indicates better
performance. The main conclusion, though, remains: rare words were found to be
semantically similar to their hypernyms at a much lower rate than common words.
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model hits misses total
Bertrare 14 36 50
RoBertarare 8 42 50
Bertcommon 41 9 50
RoBertacommon 40 10 50

Table 6.5: Paraphrasing sentences with Wiki-103 words pre-trained model perfor-
mance.

6.5 Future Work

The soft-match technique proposed in this chapter is aimed at finding word para-
phrases, though a future direction might involve evaluating similarity in the mean-
ings of generated prompts. In this case, the problem would be considered message
recovery, permitting a minimal loss as long as the ‘core’ intent was conveyed (as is
the case with lossy compression). In other words, is it possible to evaluate whether
the generated text is semantically similar in the eyes of the reader?

Future evaluation metrics accordingly could benefit the approach developed
by Shannon (1948a) introducing the noisy channel theory, in which the goal is to
recover the source on the destination side with as little noise as possible. In this
case, the focus would be on the semantic loss when recovering a message. In AAC,
for example, a user ideally could opt for relaxing exact matches over characters,
replacing them with close matches over the semantic space (i.e., the user’s intent)
of a phrase. This naturally poses challenges. The definition of close matches over
semantics may vary across users and be highly context-dependent. I believe that fo-
cusing on correctly predicting semantics would be a critical improvement, especially
in typing settings and AAC in particular.

When adapting to a user, one scenario to consider is that in which a user and their
interlocutor have formed a code-book in which short words encode rich messages.
On the one hand, an AAC system should optimize for the way a user may choose to
use the system; on the other hand, employing a code-book may come at the expense
of the system’s semantic inference of this language (as it may be obfuscated from
the system). Striking a balance across all of a user’s needs is challenging, and the
ability to do so ultimately determines the system’s usefulness. Evaluation metrics,
when designed for users, should reflect the dynamic/changing needs under which the
users work; that is why there is no one-size-fits-all. Ideally, an individual who uses
an AAC device would naturally choose to communicate in an urgent mode, a calm
mode, a close-match mode, or another mode that is not discussed here. Finally, I
propose another direction as a future work. An ideal system would need to adapt and
learn directly from users’ input, as the users would decide whether a message was
recovered by their predicting system. Not only positive feedback but also negative
feedback can improve the system. This would contribute to a continuous learning
of the system.

Immediate future goals include conducting a larger-scale experiment of the para-
phrasing task presented. Furthermore, I hope to continue evaluating language mod-
els’ prediction diversity and its effects on additional downstream tasks (for example,
tasks where human speech is anticipated) since prediction diversity evaluation may
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vary from one task to another. There are other units of evaluation besides words;
for instance, the unit of evaluation may be defined at various textual granularities,
such as phrases, depending on the prediction diversity desired. I also leave for future
work questions of to what degree different tokenization approaches or model sizes
affect prediction diversity.

In my experiments, I did observe differences in performance between models with
different tokenization strategies (e.g., GPT-2 and RoBerta as compared with their
architectural counterparts); however, these models also varied substantially from
one another in other respects (e.g., size), and as such, it is difficult to attribute
this performance gap to tokenization alone. It may also be the case that the bigger
the model (in terms of number of parameters), the more diverse it is likely to be;
under this hypothesis, one would expect today’s ever-larger models (e.g., GPT-3) to
outperform their predecessors in terms of diversity. However, I do not believe that
it is sustainable (Strubell et al., 2019; Schwartz et al., 2019) to rely on increasing
model complexity as an approach to addressing the frequency-related challenges
that I observed in my experiments; rather, fundamentally different approaches to
language model training are needed.

6.6 Limitations

While the principle of soft-matching was discussed in section 6.2.4 through a par-
ticular technique, there is more than a single way by which a soft-match evaluation
can be realized. A possible limitation of employing Word2Vec has to do with the
type of neighbors knn extracts from an embedding space. Neighbors may be found
to be close due to frequency, as noted in Gong et al. (2018), or association of sim-
ilar context, yet they may not necessarily be synonyms. An alternative approach
would be comparing a prediction against a list of human-annotated synonyms from
WordNet (Miller, 1995) or other languages’ equivalents. If one developed a model
for the medical domain, UMLS (Bodenreider, 2004) could be used to provide valid
alternatives in a more restricted fashion.

One limitation of the described paraphrase experiment is its relatively small
sample size (50 for each condition). The small sample size was adopted because
of the need for a human-in-the-loop process for choosing appropriate sentences. In
the future, the paraphrasing task could be conducted on a large set of triples to
further validate the pattern observed in this chapter. Though I did not observe a
meaningful difference between the two model types (such a difference could have
indicated a fine-grain link between the intrinsic evaluation of type diversity and
performance in paraphrasing), I presented evidence for an overall link between the
degree to which rare words are predicted in a word prediction task and the rate
of correct inference on rare words. Given that this subgroup consisted of reduced
number of training examples, it may be necessary to look into this subgroup more
closely (subgroup of infrequent types) if one of the main goals is to reflect the input
distribution.
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6.7 Conclusion
In this chapter, I presented two types of evaluation techniques by which to inves-
tigate the performance of a model across its input distribution, thereby revealing
which areas are easier and more challenging for the model to learn. Through this
analysis I showed that models are susceptible to training frequency during training
and underperforms when less-frequent examples are tested, hurting the overall per-
formance. In addition, I proposed a way to identify the degree to which a model
is semantically close to a target when an exact match is not predicted, indicating
a usefulness property. Finally, I showed how the downstream task of paraphras-
ing may be rendered less reliable, as the models employed struggle to produce true
statements when rare words were involved.

I believe that models should reflect the trained distribution more optimally than
they do currently. It is critical to recognize their bias toward frequency, which
renders them unfair towards some words and potentially harmful for downstream
tasks. I also believe it is important to participate in setting benchmarks for models’
diversity. Finally, given that distributional representation goes beyond words, I hope
to address more complicated tasks in future work.
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Chapter 7

Conclusion

7.1 Summary

The primary goal of this thesis was to investigate a novel approach to language mod-
eling in the context of text-entry prediction. Inspired by mechanism for language
retrieval and storage in the human brain, I proposed a retrieval-based approach to
language modeling and demonstrated its performance on functional requirements,
driven by a brain-computer interface setting, where short inference times, personal-
ization, and continual adaptation are desired.

First, the retrieval-based approach was introduced and compared to a basic con-
tinuous approach, and more importantly, to an equivalent categorical model. This
comparison was on two domains: news text and biomedical text, which have different
rates of infrequent word-types. This comparison showed the differences between the
categorical and the continuous models. The former was shown to be more accurate,
while the latter was shown to be more diverse.

The continuous approach was shown to be more diverse and accurate on the long-
tail where infrequent word-types are found, which may indicate more personalized
predictions. In the context of AAC this translates of predicting correctly infrequent
icons or words the user intends to express, that may be associated with their specific
expressive needs (such as a name of a movie they liked). Additional categorical
baselines were compared including a diversity-promoting objective function and a
subword tokenized model. The former improved diversity to some degree yet lagged
compared to the GAN-based approach. The latter model was shown to increase
accuracy rates, but not diversity. Costs were compared as well, and the continuous
approach was shown to be promising compared to the categorical model in terms of
providing short inference times and having a smaller memory footprint, especially
when scaled across multiple users.

The continuous models were subsequently evaluated for continual learning, where
the task is both to adapt new domains and to recall older ones. On this task, the cat-
egorical models presented higher accuracy and high diversity, while the GAN-based
approach was shown to be diverse yet overall was sub-par. However, when these
approaches were evaluated for their suitability to the task, the categorical models
were shown to exhibit limitations when required to represent both old and new do-
main terms and to be architecturally more complicated for domain adaptation in
general. The continuous models, on the other hand, not only were able to represent
both old and new word-types of a domain within the same model at no additional
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cost, but also did not require any architectural modification for adaptation. Fur-
thermore, these models were able to retrieve out-of-vocabulary words that were not
introduced during the training but were semantically related to the trained tokens.
Therefore, despite the low performance shown, the continuous models were found
more promising (for long-term) continual learning language models. These models
allow for adaptation of new icons, as well as old, subjected to user’s expressive needs.

Given the promising results shown, I proposed several ways to enhance the GAN-
based approach. First, I combined the categorical and the continuous models, show-
ing that their combined outcome was balanced both accuracy and diversity. Then,
feature-based decoding was presented, where prediction candidates were filtered to
match the target’s part of speech. This approach was found to increase diversity
in the continuous models, and more interestingly, it emphasized the bias-variance
mechanism by which each model operates. Several embedding spaces were also inves-
tigated, and word2vec was found superior for the task. Various objective functions
were explored to learn about optimal settings for continuous prediction as well as
the factors that come into play, such as the decoding step, when deciding on an
objective.

Finally, state-of-the-art models were shown to be susceptible to frequency when
employing the proposed diversity metric that measures predictions across frequency
bins. Evaluating non-exact matches was proposed as well as means of learning
the potential usability of a language model in a typing scenario. A downstream
paraphrasing task failed when the paraphrases included similar words, one of which
was infrequent, illustrating the implications of the poor modeling of long-tail words.

The GAN-based approach proposed in this thesis was shown to have merit in its
ability to predict diverse and potentially personalized vocabulary, making it suitable
for the continual learning of its users, especially for AAC where personalization
is important. This approach demonstrated reduced complexity which is a crucial
aspect for user engagement, and is even more important in a BCI system that
is known to have high latencies (see section 2.2.1). The Diversity as an evaluation
metric was shown to measure how well the input distribution is reflected in language
models. Both the approach and the evaluation metric are ways to start addressing
limitations of neural categorical models.

7.2 Future Work
The GAN-based approach was shown to achieve high diversity rates, particularly
on the biomedical domain, in Chapter 3. For this reason, I believe it is impor-
tant to investigate the degree to which this model can retrieve diverse predictions
on morphologically rich languages that, similar to the biomedical domain, exhibit
high type-to-token ratios (Gerz et al., 2018). In addition, as shown in Chapter 5,
feature-based decoding merits further experimentation. Instead of (or in addition
to) part-of-speech decoding, morphological/inflectional oracles can be used to en-
hance decoding. Another related direction is to train, rather than simulate, oracles
that guess an expected feature distribution.

Another research direction related to the continuous models involves exploring
more architectures and modeling approaches such as reinforcement learning dy-
namic. As an example, Yu et al. (2017) showed that seqGAN produced a high-
performing GAN-based language model that was combined with a reinforcement
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objective. Drawing on that, continuous models can be powerful and may be found
to be more promising given the axes in this thesis, which include personalization,
adaptation, and low costs.

One way to continue Chapter 4’s line of inquiry is devising a similar-complexity
experiment comparing the performance of categorical and continuous models on a
similar model size. Increasing the continuous models’ size may enhance the accuracy
rates of the models, marking another step towards using continual learning agents for
language modeling. Following Gärdenfors et al. (2001), I suggest working towards
grounded embedding spaces. I would like to explore ways to add new terms to a
pre-trained embedding space in such a way that takes advantage of the knowledge
in the space. For instance, assume the model has a representation for the words
‘blue’ and ‘green’, and the unseen word ‘turquoise’ is described as a color between
‘blue’ and ‘green’. Ideally positioning this word should thus be a possible operation.
This follows Gärdenfors et al. (2001)’s theory of how new terms are populated
in the human mind. I would also like this space to represent dimensions beyond
language, including dimensions of perception such as vision, sensation, and sound
following Martin (2016).

Combining both the continuous and the categorical approaches as described in
Chapter 5 could be realized through other architectures. For instance, a categorical
model could be trained to directly predict a frequent word-type or an infrequent
class label, where the prediction is based on the continuous models, similar to the
work of Grave et al. (2017).

There are at least two ways to continue the research outlined in Chapter 6.
First, researchers should consider diversity metrics beyond word-level unit tests, as
many natural generation tasks are evaluated on phrases and sentences, and evalu-
ating diversity on these tasks may require a different strategy. Tevet et al. (2020)
showed that when evaluating sentence diversity, different words can convey similar
meanings and devising evaluations for semantically different sentences can there-
fore be challenging. Another direction of research involves conducting a large-scale
paraphrasing task to validate observations indicating poor performance when para-
phrasing with infrequent word-types. I hope that the work presented in this thesis
contributes to surfacing diversity considerations in language modeling, as well as
overlooked barriers posed by categorical models. Moreover, I hope that this thesis
promotes alternative ways to overcome these limitations.
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Appendix A

A.1 Chapter 3

A.1.1 Qualitative Examples

Following section 3.4.4, we provide a number of different qualitative examples for
the mid- and low- bins predictions for the different models. In the examples below,
the target token (that the model was required to predict) is in italics. Where appro-
priate, we include a portion of the sentence following the target token, to provide the
reader with context; recall that the model did not have access to this information
at the time that it was queried.

G s(NYT,low): a report on japan trade was issued today by the labor-industry
coalition on international trade a coalition that brings together the afl-cio and
major u.s. steel textile and semiconductor workers along with the economic
strategy institute an industry-financed research group ...

ctg(NYT,low): a report on japan trade was issued today by the labor-industry
coalition on international trade a coalition that brings together the afl-cio and
major u.s. steel textile and semiconductor workers along with the economic
strategy institute an international research group ...

G s(PMC,low): ... peptides were eluted by centrifugation followed by NUM addi-
tional elutions with NUM µl

ctg(PMC,low): ... peptides were eluted by centrifugation followed by NUM addi-
tional NUM with NUM µl

G s(NYT,mid): among the NUM american women who have hysterectomies each
year thousands may die prematurely of heart disease because doctors removed
their ovaries along with ...

ctg(NYT,mid): among the NUM american women who have hysterectomies each
year thousands may die prematurely of heart disease because doctors removed
their way along with ...

G s(NYT,mid): this mold covers the leaf in soot preventing the cells underneath
from absorbing sunlight and conducting photosynthesis eventually ...

ctg(NYT,mid): this mold covers the leaf in soot preventing the cells underneath
from absorbing sunlight and conducting the eventually ...
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G s(PMC,mid): in particular our objectives were to determine the association be-
tween NUM reported alcohol misuse and hiv sexual ...

ctg(PMC,mid): in particular our objectives were to determine the association be-
tween NUM reported alcohol and and hiv sexual ...

G s(PMC,mid): NUM patients underwent cardiopulmonary resuscitation including
NUM patients with respiratory arrest and pronounced bradycardia

ctg(PMC,mid): NUM patients underwent cardiopulmonary resuscitation including
NUM patients with respiratory arrest and pronounced NUM

A.2 Chapter 5

A.2.1 A Kernel Transform

hypothesis

We hypothesize that if dense regions hurdle the performance, then if the region in
particular, and the space in general, would be warped to reduce similarities and con-
gestion in some highly populated embedding regions, it will improve performance.
For that reason, we are to find a transform that warps the space such that it ‘spreads’
the embeddings (making those regions and the space more spacious), while main-
taining the original relationships among them as much as possible. We presume that
there exist a kernel that warps the initial space while maintaining the relationships
and distance proportions, and sufficiently make the clamped regions in particular,
and the space in general, more spacious.

Kernel Search

A kernel that qualifies for that purpose will show that the relationships in cosine
similarity among several predefined embedding vectors in that space are maintained
after applying the transform. Otherwise, we resume to search for a suitable kernel.

transform type

The chosen kernel is a power of 0.75 which is be applied element-wise on each of the
vectors. The reason for its choice is described in section A.2.1.

measuring success

The means to measure the ability of the kernel to maintain the original relationship
proportions constructed in the embedding space are by comparing cosine similarity
proportions over a sample of different types of vectors (representing known terms in
the space). It is important to emphasize to the reader that we describe the protocol
to follow in order to find a suitable transform and this is the main contribution
in that regard, rather than the specific number we found to be suitable to our
embedding space.
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distance proportion

To evaluate whether the transform maintained the original relationships proportions,
Figure A.1 describes the cosine similarity between different terms, pre- and post-
transform from left to right respectively. Comparing the color gradients in the figure
shows that both images follow a similar pattern of gradients but of a darker color
scale on the post transform image, suggesting that the relationships proportions
maintained but were weakened.
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Figure A.1: cosine similarity among a sample set of embedding

In Figure A.2 there are additional plots to describe the corresponding division
and subtraction of the pre- and post- transform seen in Figure A.1. Both plots show
that a similar color is maintained across of term combinations after division and
subtraction, suggesting that to a reasonable degree the terms have gone through a
similar change after the transform.

the a
an

im
al cat do

g
fat

he
r

chi
ld

moth
er in on

un
de

r

the

a

animal

cat

dog

father

child

mother

in

on

under

division

the a
an

im
al cat do

g
fat

he
r

chi
ld

moth
er in on

un
de

r

the

a

animal

cat

dog

father

child

mother

in

on

under

subtraction

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Figure A.2: left: dividing pre with post, right: subtracting post from pre

Therefore, we conclude that this transform maintains the proportions of the
pre-transform relationships established among the terms in the embedding space.
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A.3 Chapter 6

A.3.1 Protocol to elicit paraphrase pairs

We provide here the guidelines to elicit rare/common paraphrase sentences. First,
a simple routine extracts possible triples that constructs the linguistic relationship
desired of hypo/hypernym and a hypernym-sibling ((xr, xh, xa)). We begin by taking
the intersection of the vocabulary seen in the training partition of the Wiki-103
corpus with that found in WordNet (using the NLTK package (Loper et al., 2002)),
and then further filtered for vocabulary items with WordNet entries exhibiting the
desired linguistic relationship. (A synonym/antonym construction could also have
been chosen alternatively).

The frequency dynamic for the rare/common triples (xr/xc, xh, xa) was (low,
mid/high,mid/high) and for the common (mid/high, mid/high, mid/high) respec-
tively. Words occurring fewer than 50 times in the Wiki-103 training partition were
categorized as “low,” and were categorized as “mid/high” otherwise. Finally, a human
annotator manually identified an appropriate context sentence for each target word
via online search across the following web-based dictionaries: merriam-webster.
com, thesaurus.com, sentencedict.com, and dictionary.cambridge.org.

A.3.2 The Rare-Word Triples

Here are the 50 rare-word triples following (xr, xh, xa) order

(a) The afterdamp occurring in such situations is a mixture of carbon dioxide and
carbon monoxide.

(b) The liquid occurring in such situations is a mixture of carbon dioxide and
carbon monoxide.

(c) The gas occurring in such situations is a mixture of carbon dioxide and carbon
monoxide.

(a) The gradual accretion of terror over many years left hundred dead and thou-
sands wounded

(b) The gradual increase of terror over many years left hundred dead and thou-
sands wounded

(c) The gradual decrease of terror over many years left hundred dead and thou-
sands wounded

(a) From 1894 to 1902 he was at the university of Texas as adjunct professor of
political science, professor (after 1900), and dean of the faculty (after 1899).

(b) From 1894 to 1902 he was at the university of Texas as affiliate professor of
political science, professor (after 1900), and dean of the faculty (after 1899).

(c) From 1894 to 1902 he was at the university of Texas as successor professor of
political science, professor (after 1900), and dean of the faculty (after 1899).
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(a) Very often, the letters one might be comfortable and familiar with are allographs
of quite different sounds in the second language.

(b) Very often, the letters one might be comfortable and familiar with are characters
of quite different sounds in the second language.

(c) Very often, the letters one might be comfortable and familiar with are marks
of quite different sounds in the second language.

(a) Actual surface amphibole deposits in residential areas were ignored for testing
purposes.

(b) Actual surface mineral deposits in residential areas were ignored for testing
purposes.

(c) Actual surface atom deposits in residential areas were ignored for testing pur-
poses.

(a) Like all serious anglers, she never keeps what she catches.

(b) Like all serious fishermen, she never keeps what she catches.

(c) Like all serious crewmen, she never keeps what she catches.

(a) If you are a serious angler, bring your own equipment.

(b) If you are a serious fisherman, bring your own equipment.

(c) If you are a serious cook, bring your own equipment.

(a) nonetheless, the roofline makes an elegant night-time apparition.

(b) nonetheless, the roofline makes an elegant night-time appearance.

(c) nonetheless, the roofline makes an elegant night-time disappearance.

(a) Only a shallow arroyo and barrel cactus break the monotony.

(b) Only a shallow gully and barrel cactus break the monotony.

(c) Only a shallow hollow and barrel cactus break the monotony.

(a) That’s when your pants are pulled up your arse.

(b) That’s when your pants are pulled up your anus.

(c) That’s when your pants are pulled up your cervix.

(a) He’s wearing his famous astrakhan hat.

(b) He’s wearing his famous fur hat.

(c) He’s wearing his famous leather hat.
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(a) For women undergoing breast augmentation, the rate of complications was
lower.

(b) For women undergoing breast increase, the rate of complications was lower.

(c) For women undergoing breast decrease, the rate of complications was lower.

(a) This is not a guy pursuing a romantic, outdoorsy avocation.

(b) This is not a guy pursuing a romantic, outdoorsy pastime.

(c) This is not a guy pursuing a romantic, outdoorsy nightlife.

(a) Since then, talk shows have become a national avocation.

(b) Since then, talk shows have become a national pastime.

(c) Since then, talk shows have become a national sport.

(a) There, in an elegant casino, well-heeled patrons would play roulette at green
baize tables.

(b) There, in an elegant casino, well-heeled patrons would play roulette at green
fabric tables.

(c) There, in an elegant casino, well-heeled patrons would play roulette at green
covering tables.

(a) We then repaired to a conference room in the guesthouse and faced each other
across a green baize table.

(b) We then repaired to a conference room in the guesthouse and faced each other
across a green fabric table.

(c) We then repaired to a conference room in the guesthouse and faced each other
across a green decorated table.

(a) In 1970 Vukobratovi proposed a theoretical model to explain and control biped
locomotion.

(b) In 1970 Vukobratovi proposed a theoretical model to explain and control
animal locomotion.

(c) In 1970 Vukobratovi proposed a theoretical model to explain and control plant
locomotion.

(a) They are large biped robots and they have a significant amount of strength.

(b) They are large animal robots and they have a significant amount of strength.

(c) They are large plant robots and they have a significant amount of strength.

(a) blanch grape leaves in boiling water with half the lemon juice.

(b) cook grape leaves in boiling water with half the lemon juice.
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(c) blend grape leaves in boiling water with half the lemon juice.

(a) Williecake is like a giant, fine chocolate-frosted brownie.

(b) Williecake is like a giant, fine chocolate-frosted cookie.

(c) Williecake is like a giant, fine chocolate-frosted pancake.

(a) Soak the bulgur in warm water to cover for about an hour.

(b) Soak the wheat in warm water to cover for about an hour.

(c) Soak the rice in warm water to cover for about an hour.

(a) Like most women in Kabul, she still wore her burqa.

(b) Like most women in Kabul, she still wore her garment.

(c) Like most women in Kabul, she still wore her footwear.

(a) The garden features rhododendrons, roses, canna, hostas, shade plants and
varieties of shrubs, topiaries and trees.

(b) The garden features rhododendrons, roses, a herb, hostas, shade plants and
varieties of shrubs, topiaries and trees.

(c) The garden features rhododendrons, roses, a weed, hostas, shade plants and
varieties of shrubs, topiaries and trees.

(a) They form a canopy that blocks most of the harsh sunlight.

(b) They form a shelter that blocks most of the harsh sunlight.

(c) They form a housing that blocks most of the harsh sunlight.

(a) The concrete carport was empty but for two bare metal chairs.

(b) The concrete garage was empty but for two bare metal chairs.

(c) The concrete shed was empty but for two bare metal chairs.

(a) Some birds nest in tree cavities.

(b) Some birds nest in tree holes.

(c) Some birds nest in tree basins.

(a) We take in the view as a cerulean butterfly flits by.

(b) We take in the view as a blue butterfly flits by.

(c) We take in the view as a green butterfly flits by.

(a) Between shows, she will change to a strapless orange chiffon gown.

(b) Between shows, she will change to a strapless orange fabric gown.
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(c) Between shows, she will change to a strapless orange sheet gown.

(a) As the woman’s chiffon scarf blew in the breeze, I realized I could see straight
through it.

(b) As the woman’s fabric scarf blew in the breeze, I realized I could see straight
through it.

(c) As the woman’s covering scarf blew in the breeze, I realized I could see
straight through it.

(a) When used in this way, each cirrocumulus element is referred to as a "
cloudlet ".

(b) When used in this way, each cloud element is referred to as a " cloudlet ".

(c) When used in this way, each storm element is referred to as a " cloudlet ".

(a) A cirrocumulus is filled with a large group of tiny water droplets that can be
seen in the air.

(b) A cloud is filled with a large group of tiny water droplets that can be seen in
the air.

(c) A halo is filled with a large group of tiny water droplets that can be seen in
the air.

(a) when preparing indian-style chai adding cloves is optional

(b) when preparing indian-style chai adding spice is optional

(c) when preparing indian-style chai adding herbs is optional

(a) two stars thought to be coeval because they have nearly the same mass and
brightness

(b) two stars thought to be contemporary because they have nearly the same
mass and brightness

(c) two stars thought to be friends because they have nearly the same mass and
brightness

(a) order coleslaw made with vinaigrette instead of choosing potato salad.

(b) order salad made with vinaigrette instead of choosing potato salad.

(c) order pizza made with vinaigrette instead of choosing potato salad.

(a) And you will never have to wear a turquoise jacket again.

(b) And you will never have to wear a green jacket again.

(c) And you will never have to wear a blue jacket again.
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(a) Every Frenchman, and woman, seems to own a poodle.

(b) Every Frenchman, and woman, seems to own a dog.

(c) Every Frenchman, and woman, seems to own a cat.

(a) The mouth, with its jaws, forms a conical outgrowth which projects backwards,
so that its apex lies beneath the prothorax.

(b) The mouth, with its jaws, forms a conical outgrowth which projects backwards,
so that its apex lies beneath the thorax.

(c) The mouth, with its jaws, forms a conical outgrowth which projects backwards,
so that its apex lies beneath the buttocks.

(a) He turned and stalked away, disappearing with a puff of cool breeze.

(b) He turned and stalked away, disappearing with a smoke of cool breeze.

(c) He turned and stalked away, disappearing with a eat of cool breeze.

(a) He drinks to quench his thirst, and that is all.

(b) He drinks to meet his thirst, and that is all.

(c) He drinks to feed his thirst, and that is all.

(a) He drinks to quench his thirst, and that is all.

(b) He drinks to meet his thirst, and that is all.

(c) He drinks to serve his thirst, and that is all.

(a) Right in the middle stood a cute little redhead about to make her shot

(b) Right in the middle stood a cute little person about to make her shot

(c) Right in the middle stood a cute little plant about to make her shot

(a) 4 large portobello mushroom caps, 4 to 6 inches in diameter

(b) 4 large portobello mushroom caps, 4 to 6 inches in length

(c) 4 large portobello mushroom caps, 4 to 6 inches in mass

(a) The decision to discontinue the game was done as preventive medicine

(b) The decision to stop the game was done as preventive medicine

(c) The decision to continue the game was done as preventive medicine

(a) The shipowner shall be liable for compensation for any losses suffered by the
charterer thereby.
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(b) The owner shall be liable for compensation for any losses suffered by the
charterer thereby.

(c) The male shall be liable for compensation for any losses suffered by the char-
terer thereby.

(a) The glowing embers of the pyrotechnics singe the roofs of the estate.

(b) The glowing embers of the pyrotechnics burn the roofs of the estate.

(c) The glowing embers of the pyrotechnics wound the roofs of the estate.

(a) As a sinologist , Stephen Owen is famous for his works on classical Chinese
literature.

(b) As a scholar , Stephen Owen is famous for his works on classical Chinese
literature.

(c) As a genius , Stephen Owen is famous for his works on classical Chinese
literature.

(a) Under conditions of obligatory isolation and social distancing, common people
invented new kinds of sociality and new genres of epidemic expressions.

(b) Under conditions of obligatory isolation and social distancing, common people
invented new kinds of nature and new genres of epidemic expressions.

(c) Under conditions of obligatory isolation and social distancing, common people
invented new kinds of discipline and new genres of epidemic expressions.

(a) Hamlet’s soliloquy, and the Navy Seal copypasta, have drawn the ire of the
star’s entertainment company Roc Nation LLC, which has asked YouTube to
remove the material for copyright violation

(b) Hamlet’s speech, and the Navy Seal copypasta, have drawn the ire of the
star’s entertainment company Roc Nation LLC, which has asked YouTube to
remove the material for copyright violation

(c) Hamlet’s audio, and the Navy Seal copypasta, have drawn the ire of the star’s
entertainment company Roc Nation LLC, which has asked YouTube to remove
the material for copyright violation

(a) The sower has planted you there for a purpose.

(b) The farmer has planted you there for a purpose.

(c) The builder has planted you there for a purpose.

(a) The speedup in the rate of change, especially within the past two decades, is
well known.

(b) The speed in the rate of change, especially within the past two decades, is
well known.
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(c) The travel in the rate of change, especially within the past two decades, is
well known.

(a) The clouds moved behind the white steeple.

(b) The clouds moved behind the white tower.

(c) The clouds moved behind the white platform.

A.3.3 The Common-Word Triples

Here are the 50 common-word triples following (xc, xh, xa) order

(a) 4 large portobello mushroom caps, 4 to 6 inches in diameter

(b) 4 large portobello mushroom caps, 4 to 6 inches in length

(c) 4 large portobello mushroom caps, 4 to 6 inches in mass

(a) Nike decided to discontinue the new brand of shoes

(b) Nike decided to stop the new brand of shoes

(c) Nike decided to continue the new brand of shoes

(a) Because of the poor economy, the factory will immediately discontinue op-
erations.

(b) Because of the poor economy, the factory will immediately cease operations.

(c) Because of the poor economy, the factory will immediately continue opera-
tions.

(a) He was educated in a school at Jesmond, kept by Mr Ivison, a cleric of the
church of England.

(b) He was educated in a school at Jesmond, kept by Mr Ivison, a clergyman of
the church of England.

(c) He was educated in a school at Jesmond, kept by Mr Ivison, a rabbi of the
church of England.

(a) In 1878 he was elected a Foreign affiliate of the Royal Astronomical Society.

(b) In 1878 he was elected a Foreign associate of the Royal Astronomical Society.

(c) In 1878 he was elected a Foreign successor of the Royal Astronomical Society.

(a) Because my cat has four feet and not two, it is definitely not a biped.

(b) Because my cat has four feet and not two, it is definitely not a bipedal.

(c) Because my cat has four feet and not two, it is definitely not a quadrupedal.
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(a) Becoming cloudy and dry from the north.

(b) Becoming opaque and dry from the north.

(c) Becoming clearer and dry from the north.

(a) posterior fossa neoplasms or multiple sclerosis may rarely cause vertigo or
hearing loss.

(b) backside fossa neoplasms or multiple sclerosis may rarely cause vertigo or
hearing loss.

(c) anterior fossa neoplasms or multiple sclerosis may rarely cause vertigo or
hearing loss.

(a) The UN declared it a safe area.

(b) The UN declared it a guarded area.

(c) The UN declared it a unsafe area.

(a) Here we reward performance, not face time.

(b) Here we reinforce performance, not face time.

(c) Here we penalize performance, not face time.

(a) a capital M

(b) a capital letter

(c) a capital space

(a) Between them they ate an entire cake.

(b) Between them they eat an entire cake.

(c) Between them they swallow an entire cake.

(a) A peace accord was reached on 26 March.

(b) A treaty accord was reached on 26 March.

(c) A contract accord was reached on 26 March.

(a) The information is transmitted electronically to the central computer.

(b) The information is transmitted electronically to the central machine.

(c) The information is transmitted electronically to the central toy.

(a) She suggested an analogy between the human heart and a pump.

(b) She suggested an comparison between the human heart and a pump.

(c) She suggested an search between the human heart and a pump.
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(a) It does not say anything explicit about the legitimacy of corporate power in
relation to society generally.

(b) It does not say anything explicit about the credibility of corporate power
in relation to society generally.

(c) It does not say anything explicit about the complexity of corporate power in
relation to society generally.

(a) The captain gave the order to abandon ship.

(b) The captain gave the command to abandon ship.

(c) The captain gave the proposal to abandon ship.

(a) The price of cigarettes is set to rise again.

(b) The price of cigarettes is set to increase again.

(c) The price of cigarettes is set to decrease again.

(a) The mean of the three numbers 7, 12 and 20 is 13, because the total of 7, 12
and 20 is 39, and 39 divided by 3 is 13.

(b) The expectation of the three numbers 7, 12 and 20 is 13, because the total
of 7, 12 and 20 is 39, and 39 divided by 3 is 13.

(c) The median of the three numbers 7, 12 and 20 is 13, because the total of 7,
12 and 20 is 39, and 39 divided by 3 is 13.

(a) When he entered the kitchen, bringing a great gust of cold air with him, he
was all smiles.

(b) When he entered the kitchen, bringing a great wind of cold air with him, he
was all smiles.

(c) When he entered the kitchen, bringing a great wave of cold air with him, he
was all smiles.

(a) They departed Texas on a three-year odyssey that took them as far as Japan.

(b) They departed Texas on a three-year journey that took them as far as Japan.

(c) They departed Texas on a three-year driving that took them as far as Japan.

(a) This restriction creates a barrier for global electronic commerce.

(b) This restriction creates a barrier for global electronic commerce.

(c) This restriction creates a barrier for global electronic commerce.

(a) This restriction creates a barrier for global electronic commerce.

(b) This regulation creates a barrier for global electronic commerce.
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(c) This possession creates a barrier for global electronic commerce.

(a) The tent protected us from the worst of the weather.

(b) The shelter protected us from the worst of the weather.

(c) The housing protected us from the worst of the weather.

(a) Chew your fish well before swallow.

(b) Chew your food well before swallow.

(c) Chew your milk well before swallow.

(a) Maria looks set to overrun the music scene with her style and image.

(b) Maria looks set to invade the music scene with her style and image.

(c) Maria looks set to bombard the music scene with her style and image.

(a) He went to work on a ranch.

(b) He went to work on a farm.

(c) He went to work on a bank.

(a) Better to reign in hell than serve in heaven.

(b) Better to govern in hell than serve in heaven.

(c) Better to manage in hell than serve in heaven.

(a) The sample of people questioned was drawn from the university’s student
register and stratified by age and gender.

(b) The sample of people questioned was derived from the university’s student
register and stratified by age and gender.

(c) The sample of people questioned was sourced from the university’s student
register and stratified by age and gender.

(a) She can’t accept even mild criticism of her work.

(b) She can’t accept even mild disapproval of her work.

(c) She can’t accept even mild refusal of her work.

(a) She’s waiting for you in the conference room upstairs.

(b) She’s waiting for you in the meeting room upstairs.

(c) She’s waiting for you in the audience room upstairs.

(a) Eventually the session came to a merciful end.

(b) Eventually the term came to a merciful end.
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(c) Eventually the duration came to a merciful end.

(a) The cooperative wave started in Britain in the 19th century.

(b) The cooperative movement started in Britain in the 19th century.

(c) The cooperative contact started in Britain in the 19th century.

(a) He guffawed with delight when he heard the news.

(b) He guffawed with pleasure when he heard the news.

(c) He guffawed with affection when he heard the news.

(a) This booklet provides useful information about local services.

(b) This book provides useful information about local services.

(c) This read provides useful information about local services.

(a) The chorale hurriedly got ready and sang, and as they did, the son of the
man who had died heard them.

(b) The hymn hurriedly got ready and sang, and as they did, the son of the man
who had died heard them.

(c) The ritual hurriedly got ready and sang, and as they did, the son of the man
who had died heard them.

(a) You can freeze any leftover chili for another meal.

(b) You can freeze any leftover dish for another meal.

(c) You can freeze any leftover milk for another meal.

(a) One of them, doubtless the Substitute prosecutor, was on his feet, playing
with an unlit pipe.

(b) One of them, doubtless the Substitute lawyer, was on his feet, playing with
an unlit pipe.

(c) One of them, doubtless the Substitute critic, was on his feet, playing with
an unlit pipe.

(a) The judge ordered him to purge his contempt by apologizing to the court.

(b) The judge ordered him to purge his dislike by apologizing to the court.

(c) The judge ordered him to purge his depair by apologizing to the court.

(a) We’ll flag the records of interest in the database and then we can give you a
print-out.

(b) We’ll mark the records of interest in the database and then we can give you a
print-out.
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(c) We’ll touch the records of interest in the database and then we can give you
a print-out.

(a) I’m not strong enough to carry him.

(b) I’m not strong enough to bring him.

(c) I’m not strong enough to fly him.

(a) That sale precludes further development on this site.

(b) That agreement precludes further development on this site.

(c) That announcement precludes further development on this site.

(a) However, if the researcher had such skills it would be very helpful to the
writing process.

(b) However, if the scientist had such skills it would be very helpful to the
writing process.

(c) However, if the advocate had such skills it would be very helpful to the writing
process.

(a) Some couples see single women as a threat to their relationships.

(b) Some couples see single women as a warning to their relationships.

(c) Some couples see single women as a telling to their relationships.

(a) Where did you bury the cat’s body?

(b) Where did you lay the cat’s body?

(c) Where did you park the cat’s body?

(a) They were the first expedition to scale the heights of Everest.

(b) They were the first expedition to measure the heights of Everest.

(c) They were the first expedition to balance the heights of Everest.

(a) The war brought infinite harm to the nation.

(b) The war brought infinite harm to the people.

(c) The war brought infinite harm to the system.

(a) She served a two-year stint as an aide to Congressman Jim McNulty.

(b) She served a two-year stint as an assistant to Congressman Jim McNulty.

(c) She served a two-year stint as an volunteer to Congressman Jim McNulty.

(a) I carry memories of my homeland around with me.
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(b) I carry memories of my country around with me.

(c) I carry memories of my borough around with me.

(a) Damage was confined to a small portion of the castle.

(b) Damage was confined to a small portion of the mansion.

(c) Damage was confined to a small portion of the lodge.
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