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Chapter 1
Introduction

Language is an open-ended system that can represent an infinite set of ideas with a finite
set of linguistic units (von Humboldt, |1836; Chomskyl, [19635)). To be able to express ideas
about an evolving world, it continuously accommodates new concepts with the creations
of words and expressions. Since the number of linguistic observations that an individual
can experience is limited, a learner (a human or a machine) needs to be able to efficiently
generalize to unseen words and sentences. Linguistic generalization is made possible by
recombining a small number of atomic units, such as phonemes, morphemes and words,
according to grammars that define how these linguistic structures may combine and how
they should be interpreted. The mechanism of how a learner is able to discover, represent
and use such structures latent in audio and text has been studied for a long time in linguistics,
cognitive science and machine learning.

From the machine learning perspective, the problem of learning to discover and represent
structure is in the category of unsupervised learning which aims at learning meaningful
representations through the modelling of data distributions. In this thesis, I refer to explicit
modelling as a method that represents structures as explicit latent variables. The latent
variables can be aligned with linguistic representations such as morphemes, words and
grammars. The combinatorial nature of discrete variables enables the model to efficiently
generalize to unseen observations. For example, if the model knows about the word
"apple" and a plural marker "-s", it is possible to represent "apples" as a combination of
"apple" and "-s" instead of treating it as a new word. Moreover, the plural marker can be
reused to represent other plural words such as "dog-s" and "cat-s". Implicit modelling

expects to learn structures implicitly using high-dimensional vector representations, namely



distributed representations (Hinton, |1984)), and functions to compose the vectors such as
neural networks. The combination of high-dimensional vector representations and functions
represents complex interactions between variables and generalizes to unseen observations.
When a model has learned a vector representation of "apple", it is possible to construct
the representation of "apples" by changing some elements of the vector that correspond to
plurality instead of learning a new vector from scratch. Similarly to the example of explicit
modelling, the transformation to represent plurality can be reused for other plural words.
Although the explicit and implicit modelling seems to be different at a glance, they share
the same goal, that is to implement efficient generalization mechanisms in computational
models.

In practice, there is a trade-off between the explicit and implicit models in terms of
interpretability and scalability. Explicit models, which define generative processes of the
data, are able to use human knowledge about the data in the modelling assumptions and
in prior distributions. The provided knowledge enable the models to learn efficiently from
a small amount of data. And the probabilistic framework provides interpretations about
how a model induced structures from the input. However, since explicit models need to
consider exponentially large combinations of variables, they are computationally expensive
and can be difficult to scale to large corpora. On the other hand, implicit models, that
define differentiable computation graphs, can learn efficiently from large-scale data using
gradient-based optimizations. However, since the implicit models expect to learn structures
directly from the data, they often require a large amount of data to discover meaningful
structures. Also, the structures learned in high-dimensional vectors are not directly useful
for interpretation. Although implicit models, such as neural networks, are successful in
many practical applications where large-scale data is available such as text classification,
question answering and translation, there is a lot of room for improvements in terms of

sample efficiency and interpretability.

1.1 Goals and Approaches

The goal of this thesis is to explore whether it is possible to mitigate the trade-off between
the explicit and implicit modelling and design methods to incorporate linguistic structures

while taking advantage of the representational power of distributed representations. The



combinations of explicit and implicit modelling place this thesis into a unique position to
explore diverse questions at the intersection of probabilistic modelling, neural networks and
language acquisition including modelling, learning, inference and evaluation. Moreover, the
combination opens new research directions to investigate the relationship between linguistic
representations learning and other continuous observations such as audio, vision and sen-
sorimotor experiences. Since language ultimately must communicate about experience in
different modalities, this link is essential.

In the first part of the thesis, I explore the explicit modelling of word creation and reuse in
the context of open-vocabulary language modelling. I propose a neural network augmented
with a hierarchical structure and a memory component that explicitly models the generation
of new words and supports the frequent reuse of new words. The research question is
whether the explicit modelling assumption is useful for improving the performance of
language modelling compared to the implicit model without using any linguistic structures.
The model is evaluated in terms of language modelling performance (i.e. held-out perplexity)
on typologically diverse languages and compared with a character-level neural language
model which does not explicitly represent any linguistic structure. The results show that
the proposed explicit model improve the performance on language modelling in all tested
languages and analysis demonstrates that the model is able to use the memory architecture
appropriately.

In the second part, I extend the open-vocabulary language model to discover word-like
structures without any supervision of word boundaries. In contrast to previous work on word
segmentation and language modelling that focuses only on either structure discovery or
language modelling, the hypothesis is that it is possible to learn good predictive distributions
of language at the same time as discovering good explicit structures. Thus, the proposed
model combines the benefit of explicit and implicit modelling by parameterizing an explicit
probabilistic model using neural networks. The proposal includes a differential learning
algorithm that efficiently marginalizes all possible segmentation decisions and a regular-
ization method that is crucial for successful structure induction and language modelling.
The model is evaluated in terms of both language modelling performance (i.e. held-out
perplexity) and the quality of induced word structures (i.e. precision metrics compared to the
human reference). The results show that the proposed model improves language modelling

performance over neural language models and discovers word-like units better than Bayesian



word segmentation models. Moreover, conditioning on visual context improves performance
on both.

In the last part, I present a method to discover acoustic structures implicitly from
raw audio signals and show that the model can learn useful representations from large-
scale, real-world data. The aim is to learn representations that are robust to domain shifts
(e.g. read English to spoken English) and generalize well to many languages. Since the
structures are not induced explicitly, the representations are evaluated based on the impact
on downstream speech recognition tasks which predicts phonetic structure in utterances. The
results show that the representations learned from diverse and noisy data provide significant
improvements on speech recognition tasks in terms of performance, data efficiency and
robustness. Moreover, the representations generalize well to many languages including tonal

and low-resource languages.

1.2 Thesis Outline

Chapter 2: Background In this chapter, I review major concepts that underlie this
thesis. I first describe the field of representation learning starting from the qualities that the
representations should have. I then summarize different modelling options and techniques
proposed in previous works. Secondly, I review linguistic structures studied in linguistics
such as phonemes, morphemes and words and the related machine learning literature. Lastly,
I review the field of language acquisition that studies how linguistic structures emerge in
the human brain and how language learning is related to non-linguistic referents and our

sensorimotor system.

Chapter 3: Word Creation and Reuse This chapter introduces an open-vocabulary
language model that is able to explicitly incorporate the creation and the reuse of new
words. Unlike closed vocabulary language models which ignore less frequent words in a
corpus, open-vocabulary models need to capture the long tail in the power-law distribution
that natural language follows (Zipf, 1949). Moreover, there is a phenomenon, called
burstiness (Church and Galel, |1995; [Church, 2000), that rare words appear many times
in a single document (in burst). In order to capture these properties, I propose a model
that exploits explicit word-level structure. The model represents a word as a sequence of

characters tokenized by space tokens and generates words with two processes, one is to



generate words character-by-character and the other is to generate words from a memory
that stores recently observed words. The experiments show that the model learned better
predictive distributions over 7 typologically diverse languages. One limitation of the model
is that it is not applicable to some languages, such as Japanese and Chinese, which do not use
explicit space symbols to tokenize words. Thus, in the next chapter, I extend the model to
discover words-like units at the same time as learning predictive distributions over character

sequences.

Chapter 4: Word Discovery and Grounding In this section, I present a segmental
neural language model that discovers word-like units explicitly from unsegmented character
sequences at the same time as learning predictive distributions over the characters. In
contrast to the previous segmentation models that treat word segmentation as an isolated
task (e.g. Bayesian language models), the model aims to solve word discovery and language
modelling without losing performance on both tasks. Moreover, I investigate the potential of
incorporating non-linguistic visual context during language learning. Experiments show that
the unconditional model learns predictive distributions better than character LSTM models,
discovers words competitively with nonparametric Bayesian word segmentation models,

and that modelling language conditional on visual context improves performance on both.

Chapter 5: Acoustic Modelling In this chapter, I propose a method to discover acoustic
representations, which correlate with phonetic structures, implicitly from continuous raw au-
dio signals. Unlike previous works that have been focused on evaluating the representations
in terms of their ability to improve the performance of speech recognition systems on read
English (e.g. Wall Street Journal and LibriSpeech), we learn representations from up to 8000
hours of diverse and noisy speech data and evaluate the representations by looking at their
robustness to domain shifts and their ability to improve recognition performance in many
languages. The results show that the representations confer significant robustness advantages
to the resulting recognition systems: we see significant improvements in out-of-domain
transfer relative to baseline feature sets and the features likewise provide improvements in

25 phonetically diverse languages.

Chapter 6: Conclusion To conclude this thesis, I return to the original question of
how machine learning models can efficiently generalize far beyond their observations by

leveraging linguistic structures as humans do. I summarize the benefits and drawbacks of



different modelling options by reviewing the results and findings in the previous chapters.
I then discuss how the proposed methods can be combined to develop a single model that
learns languages using various linguistic structures in different modalities (i.e. audio, text

and vision etc.). I present several future directions and conclude.

1.3 Research Contributions

This thesis contains the following research contributions.

* I propose a character-level open-vocabulary neural language model that handles the
creation and reuse of new word types using explicit word segmentation. I show that
the caching mechanism in the language model enables us to learn a better predictive

distribution of language and capture the “bursty” distribution of words.

* | construct a new open-vocabulary language modelling corpus (the Multilingual
Wikipedia Corpus; MWC) from comparable Wikipedia articles in 7 typologically
diverse languages and demonstrate the effectiveness of the proposed model across this
range of languages. I made the dataset publicly available and there are many follow

up works with the dataset.

* I propose a segmental neural language model that explicitly discovers and represents
linguistic units latent in unsegmented character sequences. I find that the proposed
lexical memory component provides a good bias for the model to discover words
and to learn predictive distributions. Experiments show that the model outperforms
character LSTM models, discovers words competitively with nonparametric word

segmentation models.

* I proposed a differentiable prior that regularizes the segmental neural language model
based on the expectation of the length of each segment. The prior can be computed
efficiently using the above dynamic programming algorithm under the expectation
semiring. The results show that the prior is necessary for inducing good word-like

structures.

* I extend the segmental neural language model to be able to condition on side informa-

tion, enabling not just the discovery of word-like units based on statistical regularities



in the training sequences but also based on associations with nonlinguistic visual

context.

I show that the representations grounded to visual context improve performance
on language modelling and word discovery. The large-scale experiments on word
discovery and visual grounding are new. I constructed a dataset for grounded word
segmentation based on the MS-COCO dataset and made the dataset available for

follow up works.

I present an extension of the unsupervised method for learning speech representations
that implicitly discovers phonetic structure from large-scale corpora of unlabelled raw

audio signals.

I show that existing acoustic features, MFCC and Log-filter bank, are not robust to

domain shifts (e.g. from read English speech to spoken English speech).

I show that the representations confer significant sample-efficiency and robustness
advantages to the resulting speech recognition systems. I show that the acoustic
representations provide improvements in 25 phonetically diverse languages. The
trained model is shared with other research teams and used as an audio feature

extractor.



Chapter 2

Background

2.1 Representation Learning

Representation is the mathematical expression of observations such as image, audio and text.
Machine learning models take the representation as input and learn to exploit structures
in the data to predict an output. In theory, expressive models, with an infinite amount of
data, should be able to approximate any mapping function from input to output. However,
since there is a limit to the amount of data and parameters to build a model, it is important
to use representations that already encode relevant information about the data in order to
find a good solution with a limited amount of data. Traditionally, human experts designed
pre-processing and transformation methods for various data types. The process of designing
representations involves empirical observations about the data and scientific knowledge
about human perception. For example, in image representations, HOG (histogram of oriented
gradients) and SIFT (Scaled Invariance Feature Transform) features, which capture local
patterns (edges or patches) in an image, have been widely used in practical applications.
For audio representations, MFCC (Mel-frequency cepstral coefficients), the short-term
power spectrum of a sound, is designed to approximate the nonlinear response of the human
auditory system to frequency features. For text representation, bag-of-words representation,
which represents text as a set of words without incorporating word order or grammatical
structures, have been used as a de-facto standard. Representations of words often have used
morphological features, and features derived from lexicons.

As machine learning models are applied to real-world problems that require to ex-

ploit complex factors latent in the data, representation learning, which aim at learning



representations directly from the data, became increasingly important.

2.1.1 Quality of Representations

The desiderata of representation learning are to discover latent structures in the data and to
encode the structures into a useful form for training another model or analyzing the learned
structures. Thus, the quality of representations is often characterized in terms of efficiency,

generalization and interpretability.

Efficiency , Efficiency refers to the amount of labelled data and model capacity required
to train a model on a downstream task. The hypothesis is that good representations should
capture meaningful structures in a form that another model can exploit with a small amount
of data and parameters. The efficiency is often studied in the context of semi-supervised
learning and few-shot (low-resource) learning where labels for the task of interest are scarce.
For example, Hénaff et al.| (2020) trained image representations on an unlabelled image
dataset and evaluated their representations in terms of the performance of a linear classifier
trained on top of their representations and the amount of labelled data required to achieve
good performance. Recently, Brown et al.| (2020) showed that representations learned by
a language model trained on a large-scale corpus are useful for solving diverse language

processing tasks such as question answering and translation with zero or few labelled data.

Generalization , Generalization is about the robustness and transferability of the learned
representations. Robust representations, which are insensitive to irrelevant regularities in
the data, generalize well to data distributions that are different from the training distribution.
The irrelevant regularities can be lighting conditions in images and noise conditions in audio.
Moreover, robustness to adversarial perturbations, which are designed to fool machine
learning models, is extensively studied in the field of adversarial machine learning for privacy
and security reasons (Goodfellow et al., 2015 Kurakin et al., 2016). Good representations
make adversarial attacks less likely to succeed. Transferability of representations is the
ability to share the learned structures across different tasks. If representation learning
algorithms capture generic knowledge, which is not task-specific but would be useful
for different tasks, it is possible to solve many tasks without training representations for
each task. Transferability is important not only for practical applications but also for

developing general intelligence which solves diverse tasks with a single model. There are



many empirical results that support the success of learning transferable representations. For
example in computer vision, it is common to use representations trained on image recognition
tasks for other tasks such as object detection and semantic segmentation (Simonyan and
Zisserman, [2015; [He et al., [2016). In language, vector representations of words (Mikolov,
et al., 2013; Devlin et al., [2019) trained to predict surrounding context are able to achieve
good performance on a set of tasks such as sentiment analysis and paraphrase detection in

diverse domains (Wang et al., 2019).

Interpretability , Real-word data arise from complex interactions of many factors. For
example, speech sounds contain variations from language, speaker and background noise
etc. Ideally, we would like a representation learning algorithm to disentangle such explana-
tory factors and store them in an interpretable form in order to provide us with a better
understanding of the data and the learning algorithm. Implicit vector representations can
be evaluated qualitatively using dimensionality reduction or clustering techniques such as
PCA (Hotelling, |1933) and t-SNE (Van der Maaten and Hinton, 2008). Also, it is possible to
compare explicit representations with reference structures annotated by humans (Tsvetkov
et al.,[2015). In language, learned representations are often evaluated in terms of correlation
with human-annotated semantic and syntactic structures (e.g. word similarity, word segmen-
tation and grammar induction) in order to compare the learning mechanism of humans and
algorithms. Moreover, there are attempts to use the disentangled factors for controlled text

generation and style transfer (Bowman et al.,|2016; Karras et al.,[2019).

2.1.2 Learning Objective

One of the challenges of representation learning is to find learning objectives to discover
meaningful representations without using labels for the task of interest. The learning
objective needs to lead a model to retain relevant information about the data at the same

time as excluding irrelevant regularities.

Supervised Learning Supervised learning is a way to learn representations using a super-
visory signal from labelled data. The learned representation can be directly used to solve
the task of interest and they can be reused to solve closely related tasks. For example, in

computer vision, it is common to learn representations from a supervised image recognition

10



task (e.g. on ImageNet) and reused the representations for other tasks such as object detec-
tion and semantic segmentation (Simonyan and Zisserman, 2015; He et al., 2016). However,
supervised learning often requires a large amount of annotated data specifically collected
for each task. Since the process of creating labelled data is often expensive and time con-
suming, there is far less data available for supervised learning compared to the amount of
unlabelled data. Also, for the case of reusing the representations, it is not straightforward
to find a supervised learning task well aligned with downstream tasks. Thus, research on
unsupervised (self-supervised) learning has been focused on learning representations from
unlabelled data by designing learning signals that incorporate our assumptions about the

properties that representations should have.

Unsupervised Learning In order to retain information in the data without supervision,
information-theoretic objectives such as likelihood and mutual information are widely
used. The maximum likelihood objective, which learns to maximize the likelihood of
the data, aim at maximizing the amount of information stored in the representations. It
is widely used to represent images (Salakhutdinov and Hinton, 2009} Van Oord et al.,
2016), audio (Jaitly and Hinton, 2011} |Oord et al., 2016) and language (Shannon, 1948;
Bengio et al., 2003). The mutual information maximization technique, which explicitly
maximizes the mutual information between data and representations, became popular in
recent works on self-supervised learning (Chen et al., 2016; |Hjelm et al., 2019; van den
Oord et al., 2018)). There are other objectives which learn to represent data distributions such
as score matching (Hyvirinen and Dayan, |2005)), auto-encoding (Baldi and Hornikl, |1989;
Hinton, |[1990) and adversarial objectives (Goodfellow et al., 2014)). Also, metric learning
objectives which learn a distance function between different data are proposed to capture
useful variations in the data (Bromley et al., 1993} |Chopra et al.,|2005; Hadsell et al., 2006;
Chen et al., 2020).

Regularization (Prior) Regularization techniques play an important role to lead learning
algorithms to discover meaningful structures and to exclude irrelevant regularities from the
representations. For probabilistic modelling, it is possible to specify the prior distribution
over latent variables which defines the probability of unobserved structures independent
from observations. The prior distribution prevents a model from finding a trivial solution
that perfectly reconstructs input observations without generalization. For non-probabilistic

modelling, it is possible to use regularization techniques such as L1 regularization for

11



sparsity and L2 regularization and dropout (Srivastava et al.,|2014)) for countering overfitting.
Moreover, a denoising criterion, which learns to discard specific variations that are irrele-
vant to the task of interest (e.g. sensitivity to rotation for object detection), is commonly
used to implement desired invariances to the representations. For instance, the denoising
auto-encoder (Vincent et al., 2010) is trained to discard random noise at the same time as
reconstructing the input. In recent works, diverse noise conditions and synthetic transfor-
mations are used to implement invariances to the representations. (Chen et al. (2020) show
that image representations, which are trained to discard synthetic transformations, such as
cropping, resizing, colour distortions, and Gaussian blur, are useful for image classification

tasks.

2.1.3 Inductive Bias

Inductive bias is a set of explicit and implicit modelling assumptions that determine the
form and the properties of learned representations in combination with the data. The choice
of modelling assumptions influences the difficulty of learning and inference. In this thesis,
the distinction between explicit and implicit modelling refers to the modelling assumptions
and their generalization mechanism rather than the form of input in order to highlight the
differences in learning and inference. For instance, character-level and word-level neural
language models with recurrent neural networks both use discrete linguistic units as inputs
(characters and words) and they explicitly assign a vector representation for each unit.
However, these models do not have explicit modelling assumptions to discover or exploit
linguistic structures and they expect to generalize to unseen examples using implicit vector
representations instead of using explicit combination of categorical units (e.g. dog-s, cat-s).
Thus, in this thesis, I refer to such models as implicit models. In contrast, the hybrid models
proposed in this thesis have explicit modelling assumptions for word creation and reuse (§3)
or word discovery (§4) even though the models expect to learn higher-level structures such
as syntax and semantics implicitly with neural networks. Table [2.1]summarizes explicit and

implicit linguistic representations in language models.

Explicit modelling Explicit modelling, which specifies the structure of representations
as latent variables, provide probabilistic interpretations about structures discovered by the
learning algorithm. Discrete structures, such as words (Goldwater et al., 2009), gram-

mars (Johnson et al., 2007) and topic (Ble1 et al., [2003)), are often treated as explicit latent

12



Linguistic Structure
Input Model )
Word Syntax  Semantics

Bayesian LM (Goldwater et al.,[2009)  Explicit Implicit  Implicit

Charact RNN LM (Mikolov et al., 2010) Implicit Implicit  Implicit
aracter
Transformer LM (Vaswani et al., 2017) Implicit Implicit  Implicit
Segmental LM (This work, Explicit Implicit  Implicit
Word RNN LM (Mikolov et al., [2010) - Implicit  Implicit
or
RNNG (Dyer et al., 2016) -k Explicit  Implicit

Table 2.1: Summary of explicit and implicit linguistic representations in language models.
*Word-level models explicitly assign vector representations for words but the word structure

1s given as inputs.

variables. The combination of discrete structures enables the model to represent expo-
nentially large space with limited number of variables. For instance, if the model knows
about the word "apple" and a plural marker "-s", it is possible to represent "apples" as a
combination of "apple" and "-s" instead of treating it as a new word. Moreover, the plural
marker can be reused to represent other plural words such as "dog-s" and "cat-s". Also, if
a model knows a rule to create a noun phrase with an adjective and a noun, it is possible
to create almost infinite combinations of noun phrases such as "big dogs" and "big cats".
The benefit of using explicit modelling is that the learned structures are easy to interpret and
evaluate by comparing with well-studied linguistic structures. On the other hand, since it
is expensive to consider all possible combinations of variables, the learning and inference
of explicit models tend to be difficult. In order to avoid expensive exact inference, many
approximate inference algorithms, such as a variational approximation (Jordan, 1998)), Gibbs
sampling (Geman and Geman, |1984)), and Markov chain Monte Carlo (Kass et al., 1998;
Jordan et al.,|1999) have been proposed in previous works. However, in most cases, it is still
expensive to learn from large-scale data. Recently, methods have been proposed to learn
continuous latent variables with the variational Bayesian approach using expressive neural
networks with stochastic gradient descent (Kingma and Welling, 2014). The variational
method is successful at representing images, but it is still unclear whether it is possible to

discover meaningful structures from sequential data.
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Implicit modelling Implicit modelling expects to learn a mapping from data to represen-
tations using the implicit biases in the model. Neural networks are the common tool to
express the non-linear mapping functions and to encode complex structures into distributed
vector representations(Hinton, |1984). The implicit models expect to generalize to unseen
observations using high-dimensional vectors and functions to combine the vectors. Al-
though the complex dynamics in high-dimensional space is hard to analyse, I present some
examples to show how the implicit models might generalize to unseen observations. For
example, the word "apple" can be represented as a continuous vector with 100 dimensions.
If the last dimension of the vector corresponds to plurality, it is possible to construct the
representations of "apples" by changing the last element of the vector representations of
"apple" without learning a new vector. Also, if there is a function that combines vector
representations of an adjective and a noun to construct a vector representation of a noun
phrase, it is possible to represent arbitrary combinations of an adjective and a noun. Al-
though the representations are less interpretable compared to the explicit latent variables,
the distributed representations are able to retain rich information about the data useful to
solve downstream tasks. Also, since learning and inference tend to be cheaper than latent
variable models, implicit modelling is often preferred for large-scale learning problems. For
implicit modelling, inductive biases are in the model architecture and hyper-parameters.
Convolutional neural networks (LeCun et al., |1989), recurrent neural networks (Rumelhart
et al., [1986; [Hochreiter and Schmidhuber, [1997) and transformers (Vaswani et al., [2017) are
all able to represent spatial and temporal structure in the data such as audio, video and text.
However, it is important to select appropriate model architectures and hyper-parameters for

successful representation learning.

2.2 Linguistic Structures

Language has different levels of representations such as phonemes, morphemes, words and
grammars. Humans are able to combine the linguistic units to express and understand an
infinite set of ideas with a limited set of building blocks: morphemes into a new word, and
words into a new sentence. This section summarizes linguistic structures and discusses their

connections with representation learning.

14



2.2.1 Connection with Representation Learning

In the previous section, I summarize the desired properties of representation learning in
terms of efficiency, generalization and interpretability. Linguistic structures are well-defined
representations that satisfy these requirements. For example, phonetic representations
enable us to represent a continuous speech signal with a sequence of the phonetic alphabet
by excluding irrelevant variations in speech such as speaker identity and noise condition.
Phonetic representations enable us to efficiently analyze and recognize speech without
processing raw speech signals from scratch. Morphology and syntax provide a set of rules
to understand and generate words and sentences including new ones. The combination of
categorical units (i.e. morphemes and words) is able to efficiently represent diverse use of
language in an interpretable manner (e.g. phd-ing, googl-ing). As the examples show, the
goal of studying linguistic structure is closely aligned with that of representation learning.
In the following sections, I summarize how the different levels of linguistic units are used in

human language and how the usage varies across different languages.

2.2.2 Phonemes

A phoneme is the smallest unit of speech sound perceived to have the same function to
distinguish one word from another by speakers of a particular language. Phonetic analysis
transcribes a continuous speech signal with a sequence of discrete symbols drawn from
a set of the phonetic alphabet. For example, the English phonetic alphabet consists of 44
phonemes (20 vowels and 24 consonants) and Japanese has 24 phonemes (5 vowels, 16
consonants and 3 special moras).

Unlike morphemes and words that are already represented in text, the task of discovering
and categorizing phonetic structures in speech sound requires abstracting variations in
speech production such as duration, stress, pitch and intensity. Although humans are
great at discovering such temporal structures and learning robust phonetic representations
to recognize their language, the mechanism of learning such structures is still unclear.
Computational analysis of phonetic structures often uses a special transformation of speech
signals, called Mel-frequency cepstral coefficients (MFCC) which is specifically designed
to incorporate the nonlinear response of the human auditory system to frequency features:

humans are better at identifying small changes in a speech at lower frequencies.
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Another distinction between phonemes and higher-level linguistic structures is the
universality of the representation. Since the sounds that humans are able to produce are
constrained to our vocal apparatus rather than the language-specific alphabet, acoustic
representations can be shared across different languages. In fact, the International Phonetic
Alphabet (IPA) is an attempt to represent all known languages using 107 sound symbols
(consonants and vowels), 52 accents and 4 prosodic marks (Nicolaidis, 2005). However,
since the phonetic systems vary considerably across languages, IPA has undergone many

revisions since its creation.

2.2.3 Morphemes

A morpheme is the smallest meaningful unit in a language that links form with meaning.
Morphemes can be classified into free or bound morphemes. Free morphemes can stand
alone as a word (e.g. cat, dog). In other words, free morphemes cannot be divided into
smaller parts and retain meaning. On the other hand, bound morphemes appear only as
parts of words to modify the semantic meaning or the grammatical function of a word.
Bound morphemes can be further classified into derivational and inflectional morphemes.
Derivational morphemes change the semantic meaning or the part of speech of the affected
word (e.g. teach-er, care-ful, social-ize, re-write). Inflectional morphemes modify the
grammatical function of a word such as tense, gender and case, without changing the
semantic meaning or the part of speech (e.g. cat-s, talk-ed, go-ing).

There are diverse ways of using morphological structures across different languages.
Language can be classified into four categories based on the use of morphemes. An analytic
language is a type of language where sentences are composed of free morphemes (i.e.
little or no morphological change in words). Syntactic relations between morphemes and
sentences are expressed using specific word types, word orders and particles rather than
using morphological inflections. These include East Asian languages such as Vietnamese,
Burmese and Classical Chinese. Agglutinating languages have words that consist of a linear
chain of distinct morphemes (without changing spelling or phonetics) and each morpheme
represents meaning. Examples of agglutinating languages include Finnish, Turkish, Swahili,
Hungarian, Japanese etc. Unlike agglutinating language, where there is a one to one
mapping from a morpheme to grammatical information, fusional languages use morphemes

that represent multiple grammatical, syntactic, or semantic information. For example, in
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French, conjugation is used to encode grammatical tense, person, gender and number with
a single morphological alternation of a verb. Inflectional languages include major Indo-
European languages (Sanskrit, Bengali, Greek, French, German etc.) and Balto-Slavic
languages. Polysynthetic languages, such as Inuit and Siberian languages, show a high
degree of morpheme per word ratio similarly to agglutinating and inflectional languages.
However, unlike other language types, words in a polysynthetic language can contain
multiple stems and often form long "sentence-words" which include subject and object
nouns in a single verb.

In machine learning, it is common to use morphological analysis, which analyzes the
internal structure of words, to reduce variations from morphological inflections in pre-
processing. One of the most common methods is stemming which reduce inflected forms
of a word to a common base form. For example, in English, inflected verbs "is", "am" and
"are", are reduced to "be". However, since most of the morphological analyzers rely on
language-specific rules which do not generalize across languages, there is a need to develop
methods to represent structures inside of a word and relate them to higher-level structures

incorporating the different use of morphemes.

2.2.4 Words

A word (lexeme) is a widely accepted linguistic unit that represents syntactic and semantic
roles by itself. A lemma is the semantic meaning of a word which can be shared with a set
of words that are related through the morphological inflections (e.g. a lemma go is shared
with going, went and gone). As dictionaries list one or more meanings for each lemma, the
meaning of a word can differ according to its context.

The vocabulary (lexicon) is a set of words in a language that constantly evolve by
accommodating new concepts with creations of new words (Heaps, |1978)). There are several
ways to create new words. In order to represent a completely new concept in a language,
it may be necessary to create a word type that is not related to existing words using the
phonemes in the language (e.g. aspirin, Google). Also, it is possible to adopt a word from
other languages without translation (e.g. anime, music). However, these methods are not
productive in a sense that the existing knowledge about the language cannot be used to
predict the meaning of new words. On the other hand, when there are related concepts

in the language, existing words and morphemes can be reused to derive a new word. In
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English, morphological derivations are commonly used. For example, a suffix -ology is
often used to denote a field of study such as biology (bio + -ology), sociology (society +
-ology). Compounding is another productive way to derive a word by combining two or
more words to create a long word (snowball, railroad). Some languages such as German,
Dutch, Swedish and Russian extensively use compounding. Conversions, which simply take
a word and change its part of speech without extra morphemes, can be used. For instance,
the noun Google can be used as a verb in modern English.

Representation learning of words has been studied for a long time in machine learning.
In order to capture the complex semantic and grammatical properties of a word, a word is
often represented as a high-dimensional continuous vector called a distributed representation.
Automatic learning of word representations has relied on the distributional hypothesis: the
meaning of a word is evidenced by the words that occur in its context (Harris, |1954). More
precisely, the hypothesis suggests that similar words should have similar distributions of
words in their surrounding context. Thus, most of the representation learning methods
derive word meaning from co-occurrence statistics (Deerwester et al., |1990; |[Landauer
and Dumais, |1997)) or predictive distributions (Brown et al., |1992; Mikolov et al., 2013)
learned from unlabeled corpora. Recent methods are designed to incorporate grammatical
properties (Faruqui and Dyer, 20135)), morphological structures (Cotterell et al.,|2016) and

multiple meanings (Neelakantan et al., 2015) of a word into representations.

2.2.5 Syntax

Syntax is a set of rules that governs how to fit words together to form a sentence. Since
the grammatical rules are not observable, linguists have proposed various sets of rules to
explain syntactic phenomena in many languages. Generally, the grammars can be grouped
into constituency and dependency grammars.

Constituency grammars derive a sentence by recursively applying grammatical rules.
For example, Fig[2.1] visualizes a derivation of a sentence with widely used constituency
grammars, Context Free Grammars (CFG, Chomsky||1956) and Combinatory Categorial
Grammars (CCG, Steedman|/1996). As the example shows, a sentence is represented as
a hierarchical organization of constituents. On the other hand, dependency grammars
represent a sentence as a graph where the nodes are words in the sentence and the edges

are grammatical relations between the words. Fig[2.T|shows an analysis of a sentence with
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dependency grammars. Unlike constituency grammars which require a set of grammatical
rules for each language, dependency grammars can be extended to other languages as it only
requires a set of dependency relations between words. The Universal Dependencies (Nivre
et al., 2016) provides an inventory of cross-linguistically applicable dependency relations.
Both of the grammars are widely used in practical applications such as grammar checking,
machine translation and question answering.

Computational models have been proposed to incorporate syntactic structures to repre-
sent phrases and sentences. Socher et al.|(2011) proposed a neural network to learn vector
representations of a sentence by recursively combining vector representations of words in
the sentence following the deterministic tree structure provided by a supervised syntactic
parser. More recently, neural networks that can infer and use deterministic tree structures
have received a great deal of attention (Yogatama et al., 2016; Choi et al., 2018; Shen et al.,
2018b). In contrast to the models that induce deterministic tree structures, Probabilistic
context-free grammars (PCFG) and Recurrent Neural Network grammars (RNNG, Dyer
et al.|2016; Kim et al.|2019) treat syntactic structures as explicit latent variables. These
joint models of word sequences and syntactic structures are able to incorporate grammar

ambiguity: two or more possible derivations for a sentence.

S
/\ -
- %
Pro Verb NP I prefer the morning flight through Denver
1 prefer Det Nom /prefer\
the Nom PP I ﬂﬂlght\
Nom Noun P NP the morning Denver
Noun flight through  Pro
morning Denver through

Figure 2.1: Visualization of parse tree of a sentence I prefer the morning flight through
Denver. with Context-Free Grammar (left) and Dependency Grammars (right). Figures from
Jurafsky and Martin (2020).
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2.2.6 Semantics

Semantics is the most abstract linguistic structure that represents how the words are combined
to form the meaning of a sentence. Semantic analysis, that translates natural language to a
meaning representation, have been studied for programming languages, machine translation
and question answering (Yngve et al., |1962; Woods| |1978; |Alshawi, |1992; Copestake and
Flickinger, 2000).

First-Order Logic represents the meaning of a sentence as a logical formula that en-
ables us to use verification and inference to answer questions based on the meaning rep-
resentations. For instance, the sentence "Bob doesn’t like apples." can be represented as
—Like(Bob, apples) and it is possible to verify whether a question Like(Bob, apples) is
true or not. Minimal Recursion Semantics (MRS, Copestake et al.||]1995)) and Abstract
Meaning Representation (AMR, Banarescu et al.[2013)) are other meaning representation
frameworks that represent the meaning of a sentence with a list and a graph structure
respectively.

Although the explicit meaning representations are useful for verification, inference and
interpretation, it is common to expect that such meaning representations are implicitly
captured in distributed representations of a sentence. Kiros et al.|(2015) proposed a method
to learn vector representations of sentences by predicting surrounding context. The learned
representations are used for sentence classification tasks. More recently, vector represen-
tations learned in neural language models are often used as semantic representations for
downstream tasks such as sentence classification, translation and question answering (Devlin

et al., 2019; Brown et al., 2020).

2.3 Language Acquisition

Language acquisition is a learning process to be able to perceive, comprehend and use
language. Human infants start from discriminating and categorizing speech sounds from
the language spoken around them. After that, they learn to recognize larger structures such
as morphemes, words and sentences at the same time as associating meanings to these
structures. Interestingly, humans seem to develop some sort of linguistic, both syntactic and
semantic, representations that can be reused to understand and generate unseen words or

sentences. However, it is unclear how such representations emerge in our brains.
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2.3.1 Emergence of Linguistic Structure

Behaviourism (empiricism) is one of the hypotheses based on the framework provided by
behaviourist psychology which postulates that all behaviour is learned through interaction
with environments. Following the general framework, [Skinner| (1957) first proposed be-
haviourist’s theory of language acquisition and argued that human linguistic behaviour is
governed by the current features of the environment that the learner experiences and the
history of reinforcement (i.e. rewards and punishments in response to linguistic behaviours)
that the learner received.

Nativism (rationalism) is the other hypothesis that humans have an innate knowledge of
various linguistic rules, constraints and principles instead of learning them from experience.
For example, (Chomsky| (1980) suggested that humans must be born with an innate knowl-
edge, known as Universal Grammar, based on his well-known argument, the “argument from
the poverty of the stimulus”, which states that the amount of linguistic inputs received by
children is not enough to acquire detailed knowledge of their first language. The argument
is widely accepted by modern linguists and applied to explain many linguistic phenomena
in syntax, semantics and phonology.

Researchers in cognitive science and artificial intelligence started to use statistical
methods to investigate the problem. Similarly to the discussion among linguists, there are
two different approaches. Connectionists, who attempt to explain intellectual abilities with
neural networks, suggests that highly structured linguistic knowledge, such as phonemes,
morphemes, words, lexicon and grammars, can be learned and represented implicitly in
distributed vector representations (Touretzky and Wheeler, 1989; [Elman,|1991). On the other
hand, computational linguists extensively investigated structured probabilistic models which
implement explicit linguistic structures instead of learning them (Charniak, [1996; Manning
and Schutzel 1999). The most recent probabilistic models employ the Bayesian framework
to incorporate prior knowledge in statistical learning (Johnson et al., 2007; |Goldwater et al.,

2009).

2.3.2 Language Grounding

Language grounding is the broad question about how words and sentences get their meanings
in relation to non-linguistic referents and our sensorimotor system. The problem, called

the symbol grounding problem, is the central issue of many philosophical discussions
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about machine intelligence. The famous Chinese room argument (Searle, |1980) states that
machine intelligence that appears to understand language by perfectly processing symbols
(e.g. Turing test, Turing and Haugeland 1950) cannot produce real understanding without
grounding.

There are practical examples that show the need of language grounding for understanding.
Frege|(1892) pointed out that meaning is different from what it refers to. For example, the
phrases, "the capital of England" and "the largest city in the UK" both refer to London even
though the two phrases have completely different meanings. Humans seem to be able to
pick the referent based on the knowledge acquired before but the process of learning such
grounding is still unclear. Another example is the relationship between meaning and our
sensorimotor systems such as taste, smell, touch, hearing, sight, and the sense of motion.
The concepts related to the real-world environment such as position (e.g. the meaning of
"above"), and size (e.g. an elephant is bigger than a squirrel) are hard to acquire just from
text.

Recent machine learning research started to investigate the relationship between different
modalities such as vision, motor control and 3D environment. Image captioning, which
learns to generate a description of a given image, is one of the major fields studying the
interaction between vision and language. Karpathy and Li| (2015) proposed a method
to generate a description by learning the alignment between objects in the image and
phrases in its description. In an interactive learning setup an agent learns to understand
and use language through interactions with the environment, explicitly implementing the
behaviourists’ hypothesis in the machine learning framework. Many environments have been
considered such as game (Narasimhan et al., 2015} [Yang et al., 2018)), navigation (Hermann
et al., 2017; |/Anderson et al., [2018)) and robots (Thomason et al., [2015)). However, since
the learned representations are only evaluated on the specific environment, it is not clear

whether the grounded representations are useful for other language processing tasks.

2.3.3 Computational models of Linguistic Structure Discovery

Statistical modeling of the process of linguistic structure discovery has been studied for
a long time in structural linguistics, computational linguistics and cognitive science. The
history traces back to the work of |Harris (1955} (1968, (1970) which started from discovering

morphological structures in a sequence of the phonetic alphabet based on the statistics in
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the data. Further, the scientific evidence that human infants are able to discover word units
by solely relying on the statistical regularities in continuous speech signals (Saffran et al.,
1996) motivated the study of computational structure discovery as models of child language
acquisition. There have been a lot of proposals over more than half a century of research
for each linguistic structure such as phonology (Ellison, |1994)), morphology (Goldsmith,
2001} (Creutz and Lagus, 2002; (Chahuneau et al., 2013a), word segmentation (De Marcken,
1995; Brent and Cartwright, |1996; (Goldwater et al., 2009; Mochihashi et al., 2009), and
syntax (Dowman, 2000; Kim et al., [2019).

2.4 Conclusion

In this section, I reviewed the concept of representation learning and linguistic structures.
Representation learning is the field of study that aims to discover structures in the data and
encode them into a useful form to train another machine learning model. I summarized the
desiderata of good representations in terms of efficiency, generalization and interpretability.
Linguistic structures have been studied to explain linguistic phenomena in human language.
The combination of linguistic units enable us to efficiently represent diverse linguistic
observations with a finite set of rules. I discussed the connections between the two fields
in a sense that they both try to find representations that efficiently generalize to the new
observations as humans do to acquire a language. In the following sections, I explore
methods to combine the efficient generalization mechanism of representation learning and

linguistic structures while incorporating the modeling challenges explained in this chapter.
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Chapter 3

Word Creation and Reuse

3.1 Introduction

This chapter explores the explicit modelling of the word creation and reuse in the context
of language modelling. Language modelling is an important problem in natural language
processing with many practical applications (translation, speech recognition, spelling auto-
correction, etc.). Recent advances in neural networks provide strong representational power
to language models with distributed representations and unbounded dependencies based on
recurrent networks (RNNs). However, most language models operate by generating words
by sampling from a closed vocabulary which is composed of the most frequent words in
a corpus. Rare tokens are typically replaced by a special token, called the unknown word
token, (UNK). Although fixed-vocabulary language models have some important practical
applications and are appealing models for study, they fail to capture two empirical facts
about the distribution of words in natural languages. First, vocabularies keep growing as the
number of documents in a corpus grows: new words are constantly being created (Heaps,
1978). Second, rare and newly created words often occur in “bursts”, i.e., once a new or
rare word has been used once in a document, it is often repeated (Church and Gale, [1995;
Churchl, [2000).

The open-vocabulary problem can be solved by dispensing with word-level models in

favor of models that predict sentences as sequences of characters (Sutskever et al., 2011}

The material in this chapter was presented in Kawakami et al.[(2017).
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Chung et al., |2017)). Character-based models are quite successful at learning what (new)
word forms look like (e.g., they learn a language’s orthographic conventions that tell us that
sustinated is a plausible English word and bzoxgir is not) and, when based on models that
learn long-range dependencies such as RNNs, they can also be good models of how words
fit together to form sentences.

However, existing character-sequence models have no explicit mechanism for modelling
the fact that once a rare word is used, it is likely to be used again. In this section, I propose an
extension to character-level language models that enables them to reuse previously generated
tokens (§3.2)). The starting point is a hierarchical LSTM that has been previously used
for modelling sentences (word by word) in a conversation (Sordoni et al., |20135]), except
here I model words (character by character) in a sentence. To this model, I add a caching
mechanism similar to recent proposals for caching that have been advocated for closed-
vocabulary models (Merity et al., 2017; Grave et al.,|2017). As word tokens are generated,
they are placed in an LRU cache, and, at each time step the model decides whether to
copy a previously generated word from the cache or to generate it from scratch, character
by character. The decision of whether to use the cache or not is a latent variable that is
marginalised during learning and inference. In summary, the model has three properties:
it creates new words, it accounts for their burstiness using a cache, and, being based on
LSTMs over word representations, it can model long range dependencies.

To evaluate the model, I perform ablation experiments with variants of the model
without the cache or hierarchical structure. In addition to standard English data sets (PTB
and WikiText-2), I introduce a new multilingual data set: the Multilingual Wikipedia Corpus
(MWC), which is constructed from comparable articles from Wikipedia in 7 typologically
diverse languages (§3.3)) and show the effectiveness of the model in all languages (§3.4).
By looking at the posterior probabilities of the generation mechanism (language model vs.
cache) on held-out data, I find that the cache is used to generate “bursty” word types such as
proper names, while numbers and generic content words are generated preferentially from

the language model (§3.6).
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3.2 Model

In this section, I describe the hierarchical character language model with a word cache. As is
typical for RNN language models, the model uses the chain rule to decompose the problem

into incremental predictions of the next word conditioned on the history:

|w|

p(w) = Hp(wt | wey).

I make two modifications to the traditional RNN language model, which I describe
in turn. First, I begin with a cache-less model I call the hierarchical character language
model (HCLM,; which generates words as a sequence of characters and constructs
a “word embedding” by encoding a character sequence with an LSTM (Ling et al., 2015).
However, like conventional closed-vocabulary, word-based models, it is based on an LSTM
that conditions on words represented by fixed-length Vectorsﬂ

The HCLM has no mechanism to reuse words that it has previously generated, so new
forms will only be repeated with very low probability. However, since the HCLM is not
merely generating sentences as a sequence of characters, but also segmenting them into
words, I may add a word-based cache to which I add words keyed by the hidden state being
used to generate them (§3.2.2)). This cache mechanism is similar to the model proposed by
Merity et al.|(2017).

Notation. The model assigns probabilities to sequences of words w = wy, ..., Wy,
where |w| is the length, and where each word w; is represented by a sequence of characters

Ci = Cia,---,Cie; Of length ||

3.2.1 Hierarchical Character-level Language Model

This hierarchical model satisfies the linguistic intuition that written language has (at least)
two different units, characters and words.
The HCLM consists of four components, three LSTMs (Hochreiter and Schmidhuber,

1997): a character encoder, a word-level context encoder, and a character decoder (denoted

IThe HCLM is an adaptation of the hierarchical recurrent encoder-decoder of (Sordoni et al.,[2015) which
was used to model dialog as a sequence of actions sentences which are themselves sequences of words. The
original model was proposed to compose words into query sequences but I use it to compose characters into

word sequences.
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LSTM,,., LSTM,,, and LSTM,,., respectively), and a softmax output layer over the
character vocabulary. Fig. [3.T]illustrates an unrolled HCLM.

p(Pokémon) = A\pi, (Pokémon) + (1 — A¢)pp-(Pokémon)

Pptr(Pokémon) s Pim(Pokémon)

o n </s>

u: gl x *H“H“H{}

<s> P o

kil wﬂ i

Wt—1

The Pokémon Company International (formerly Pokémon USA Inc.), a subsidiary of Japan's Pokémon Co., oversees all Pokémon licensing ...

Figure 3.1: Description of Hierarchical Character Language Model with Cache.

Suppose the model reads word w,_; and predicts the next word w;,. First, the model reads
the character sequence representing the word w;—1 = ¢;—11, ..., Ci—1,|c,_,| Where |¢;_1| is
the length of the word generated at time ¢ — 1 in characters. Each character is represented as
avector Ve, , -, Ve, o | and fed into the encoder LSTM,,,. . The final hidden state of
the encoder LSTM,,. is used as the vector representation of the previously generated word

Wt—1,
enc __
h{" = LSTM(M(VCFL17 . ,VCFHC”).

Then all the vector representations of words (Vi,, ..., Vu,, ) are processed with a
context LSTM,,, . Each of the hidden states of the context LSTM,,, are considered repre-

sentations of the history of the word sequence.
he™ = LSTM,, (h{™, ..., h{")

Finally, the initial state of the decoder LSTM is set to be h{"* and the decoder LSTM
reads a vector representation of the start symbol v, and generates the next word w1

character by character. To predict the j-th character in w;, the decoder LSTM reads vector
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representations of the previous characters in the word, conditioned on the context vector

h§™ and a start symbol.
hffjc = LSTMuee(Veyys - - Ve, N, Visy).

The character generation probability is defined by a softmax layer for the corresponding

hidden representation of the decoder LSTM .
pler) | wer, e oj) = softmaX(WdeChff]? + baec)

Thus, a word generation probability from HCLM is defined as follows.

et

plm<wt ’ w<t) = Hp(Ct,j | w<t,Ct,<j)
j=1

3.2.2 Continuous cache component

The cache component is an external memory structure which stores K elements of recent
history. Similarly to the memory structure used in Grave et al.|(2017), a word is added to
a key-value memory after each generation of w;. The key at position i € [1, K] is k; and
its value m,;. The memory slot is chosen as follows: if the w; exists already in the memory,
its key is updated (discussed below). Otherwise, if the memory is not full, an empty slot is
chosen or the least recently used slot is overwritten. When writing a new word to memory,
the key is the RNN representation that was used to generate the word (h;) and the value is
the word itself (w;). In the case when the word already exists in the cache at some position
7, the k; is updated to be the arithmetic average of h; and the existing k;.

To define the copy probability from the cache at time ¢, a distribution over copy sites is
defined using the attention mechanism of Bahdanau et al.|(2015). To do so, I construct a

query vector (r;) from the RNN’s current hidden state hy,
r; = tanh(W h; + b,),
then, for each element 7 of the cache, a ‘copy score,” u; ; is computed,

Ui = VTtanh(Wukl- + I't).
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Finally, the probability of generating a word via the copying mechanism is:
Pmem (@ | hy) = softmax;(uy)
pptr(wt | ht) - pmem<i | ht)[mz - wt]a

where [m; = w,] is 1 if the ith value in memory is w; and 0 otherwise. Since p,,,, defines a

distribution of slots in the cache, p,,, translates it into word space.

3.2.3 Character-level Neural Cache Language Model

The word probability p(w; | w,) is defined as a mixture of the following two probabilities.
The first one is a language model probability, p;,(w; | w<;) and the other is pointer

probability , p,,(w; | w<;). The final probability p(w; | w,) is

AePim(we | wer) + (1 — X)) ppr(wr | wey),

where )\; is computed by a multi-layer perceptron with two non-linear transformations using

h; as its input, followed by a transformation by the logistic sigmoid function:

1
’}/t = MLP(ht), )\t =

1—em

I remark that |Grave et al.| (2017) use a clever trick to estimate the probability, \; of
drawing from the LM by augmenting their (closed) vocabulary with a special symbol
indicating that a copy should be used. This enables word types that are highly predictive in
context to compete with the probability of a copy event. However, since I am working with

an open vocabulary, this strategy is unavailable in the model, so I use the MLP formulation.

3.2.4 Training objective

The model parameters as well as the character projection parameters are jointly trained by

maximizing the following log likelihood of the observed characters in the training corpus,

L=— Zlogp(wt | wey).

3.3 Datasets

I evaluate the model on a range of datasets, employing preexisting benchmarks for compari-
son to previous published results, and a new multilingual corpus which specifically tests the

model’s performance across a range of typological settings.
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3.3.1 Penn Tree Bank (PTB)

I evaluate the model on the Penn Tree Bank. For fair comparison with previous works, I
followed the standard preprocessing method used by Mikolov et al.| (2010). In the standard
preprocessing, tokenization is applied, words are lower-cased, and punctuation is removed.
Also, less frequent words are replaced by unknown token (UNK)E] constraining the word
vocabulary size to be 10k. Because of this preprocessing, I do not expect this dataset to
benefit from the modelling innovations I have introduced in the section. Fig[3.1|summarizes

the corpus statistics.

Train Dev Test

Character types 50 50 48

Word types 10000 6022 6049
OOV rate - 0.00% 0.00%
Word tokens 0OOM 0.1M 0.IM
Characters 5M 04M  04M

Table 3.1: PTB Corpus Statistics.

3.3.2 WikiText-2

Merity et al. (2017)) proposed the WikiText-2 Corpus as a new benchmark dataset. They
pointed out that the preprocessed PTB is unrealistic for real language use in terms of word
distribution. Since the vocabulary size is fixed to 10k, the word frequency does not exhibit
a long tail. The WikiText-2 corpus is constructed from 720 articles. They provided two
versions. The version for word level language modelling was preprocessed by discarding
infrequent words. But, for character-level models, they provided raw documents without
any removal of word or character types or lowercasing, but with tokenization. I make one
change to this corpus: since Wikipedia articles make extensive use of characters from other

languages; I replaced character types that occur fewer than 25 times with a dummy character

2When the unknown token is used in character-level model, it is treated as if it were a normal word
(i.e. UNK is the sequence U, N, and K). This is somewhat surprising modelling choice, but it has become

conventional (Chung et al., 2017)).
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(this plays the role of the (UNK) token in the character vocabulary). Tab. summarizes

the corpus statistics.

Train Dev Test

Character types 255 128 138

Word types 76137 19813 21109
OOV rate - 479% 5.87%
Word tokens 21IM 02M  0.2M
Characters 1I09M 1.1IM 1.3M

Table 3.2: WikiText-2 Corpus Statistics.

3.3.3 Multilingual Wikipedia Corpus (MWC)

Languages differ in what word formation processes they have. For character-level modelling
it is therefore interesting to compare a model’s performance across languages. Since there
is at present no standard multilingual language modelling dataset, I created a new dataset,
the Multilingual Wikipedia Corpus (MWC), a corpus of the same Wikipedia articles in 7
languages which manifest a range of morphological typologies. The MWC contains English
(EN), French (FR), Spanish (ES), German (DE), Russian (RU), Czech (CS), and Finnish
(FD).

To attempt to control for topic divergences across languages, every language’s data con-
sists of the same articles. Although these are only comparable (rather than true translations),

this ensures that the corpus has a stable topic profile across languages

Construction & Preprocessing [ constructed the MWC similarly to the WikiText-2
corpus. Articles were selected from Wikipedia in the 7 target languages. To keep the topic
distribution to be approximately the same across the corpora, I extracted articles about
entities which are explained in all the languages. I extracted articles which exist in all

languages and each consists of more than 1,000 words, for a total of 797 articles. These

3The Multilingual Wikipedia Corpus (MWC) is available for download from http://k-kawakami .

com/research/mwc
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cross-lingual articles are, of course, not usually translations, but they tend to be comparable.
This filtering ensures that the topic profile in each language is similar. Each language corpus
is approximately the same size as the WikiText-2 corpus.

Wikipedia markup was removed with WikiExtractorﬂ to obtain plain text. I used the
same thresholds to remove rare characters in the WikiText-2 corpus. No tokenization or

other normalization (e.g., lowercasing) was done.

Statistics After the preprocessing described above, I randomly sampled 360 articles. The
articles are split into 300, 30, 30 sets and the first 300 articles are used for training and the

rest are used for dev and test respectively. Table [3.3|summarizes the corpus statistics.

Char. Types Word Types OOV rate Tokens Characters

Train Valid Test Train  Valid Test  Valid Test Train Valid Test Train Valid  Test

EN 307 160 157 193808 38826 35093 6.60% 5.46% 25M 02M 02M 15.6M 15M 13M
FR 272 141 155 166354 34991 38323 6.70% 6.96% 2.0M 02M 02M 124M 13M 1.6M
DE 298 162 183 238703 40848 41962 7.07% 7.01% 19M 02M 02M 13.6M 12M 13M
ES 307 164 176 160574 31358 34999 6.61% 735% 1.8M 02M 02M 11.0M 1.0M 13M
CS 238 128 144 167886 23959 29638 5.06% 6.44% O0SM 0.1M 0.IM 6.IM 04M 0.5M
FI 246 123 135 190595 32899 31109 833% 7.39% 07M 0.IM 0.IM 64M 0.7M 0.6M
RU 273 184 196 236834 46663 44772 7.76% 1.20% 13M 0.1IM 0.IM 93M 1.0M 09M

Table 3.3: Summary of MWC Corpus.

Additionally, I show in Fig. [3.2] the distribution of frequencies of OOV word types
(relative to the training set) in the dev-test portions of the corpus, which shows a power-law
distribution, which is expected for the burstiness of rare words found in prior work. Curves
look similar for all languages. Fig. show distribution of frequencies of OOV word types

in 6 languages.

3.4 Experiments

I now turn to a series of experiments to show the value of the hierarchical character-level
cache language model. For each dataset I trained the model with LSTM units. To compare

the results with a strong baseline, I also train a model without the cache.

4https://github.com/attardi/wikiextractor
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Figure 3.2: Histogram of OOV word frequencies in the dev-+test part of the MWC Corpus
(EN).
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Figure 3.3: Histogram of OOV word frequencies in MWC Corpus in different languages.
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Model Configuration For HCLM and HCLM with cache models, I used 600 dimensions
for the character embeddings and the LSTMs have 600 hidden units for all the experiments.
This keeps the model complexity to be approximately the same as previous works which used
an LSTM with 1000 dimension. The baseline LSTM have 1000 dimensions for embeddings
and reccurence weights.

For the cache model, I used cache size 100 in every experiment. All the parameters
including character projection parameters are randomly sampled from uniform distribution
from —0.08 to 0.08. The initial hidden and memory state of LSTM,,. and LSTM,,, are
initialized with zero. Mini-batches of size 25 are used for PTB experiments and 10 for
WikiText-2, due to memory limitations. The sequences were truncated with 35 words. Then
the words are decomposed to characters and fed into the model. A Dropout rate of 0.5 was

used for all but the recurrent connections.

Learning The models were trained with the Adam update rule (Kingma and Ba, |[2015])

with a learning rate of 0.002. The maximum norm of the gradients was clipped at 10.

Evaluation I evaluated the models with bits-per-character (bpc) a standard evaluation
metric for character-level language models. Following the definition in |Graves| (2013),

bits-per-character is the average value of — log, p(w; | w—;) over the whole test set,
1
pr = _H long('w),

where |c| is the length of the corpus in characters.

3.5 Results

PTB |, Tab. summarizes results on the PTB dataset| The baseline HCLM model
achieved 1.276 bpc which is better performance than the LSTM with Zoneout regulariza-
tion (Krueger et al.,2017). And HCLM with cache outperformed the baseline model with
1.2477 bpc and achieved competitive results with state-of-the-art models with regularization
on recurrence weights, which was not used in the experiments.

Expressed in terms of per-word perplexity (i.e., rather than normalizing by the length

of the corpus in characters, I normalize by words and exponentiate), the test perplexity on

>Models designated with a * have more layers and more parameters.
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HCLM with cache is 94.79. The performance of the unregularized 2-layer LSTM with
1000 hidden units on word-level PTB dataset is 114.5 and the same model with dropout
achieved 87.0. Considering the fact that the character-level models are dealing with an open

vocabulary without unknown tokens, the results are promising.

Method Dev Test
CW-RNN (Koutnik et al., [2014) - 1.46
HF-MRNN (Mikolov et al.,[2012) - 141
MI-RNN (Wu et al., [2016) - 1.39
ME n-gram (Mikolov et al., 2012) - 1.37
RBN (Cooijmans et al.,[2017) 1.281 1.32
Recurrent Dropout (Semeniuta et al., 2016) 1.338 1.301
Zoneout (Krueger et al.,2017) 1.362 1.297
HM-LSTM (Chung et al., [2017) - 1.27
HyperNetwork (Ha et al.,2017) 1.296 1.265
LayerNorm HyperNetwork (Ha et al.,[2017) 1.281 1.250
2-LayerNorm HyperLSTM (Ha et al., 2017)* - 1.219
2-Layer with New Cell (Zoph and Le, 2017)* - 1.214
LSTM 1.369 1.331
HCLM 1.308 1.276
HCLM with Cache 1.266 1.247

Table 3.4: Results on PTB Corpus (bits-per-character). HCLM augmented with a cache
obtains the best results among models which have approximately the same numbers of
parameter as single layer LSTM with 1,000 hidden units. * indicates models with more

parameters.

WikiText-2 Tab. summarizes results on the WikiText-2 dataset. The baseline, LSTM
achieved 1.803 bpc and HCLM model achieved 1.670 bpc. The HCLM with cache outper-
formed the baseline models and achieved 1.500 bpc. The word level perplexity is 227.30,
which is quite high compared to the reported word level baseline result 100.9 with LSTM
with ZoneOut and Variational Dropout regularization (Merity et al., 2017)). However, the
character-level model is dealing with 76,136 types in training set and 5.87% OOV rate where
the word level models only use 33,278 types without OOV in test set. The improvement
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rate over the HCLM baseline is 10.2% which is much higher than the improvement rate

obtained in the PTB experiment.

Method Dev Test
LSTM 1.758 1.803
HCLM 1.625 1.670
HCLM with Cache 1.480 1.500

Table 3.5: Results on WikiText-2 Corpus .

Multilingual Wikipedia Corpus (MWC) Tab. summarizes results on the MWC
dataset. Similarly to WikiText-2 experiments, LSTM is strong baseline. I observe that the
cache mechanism improve performance in all languages. In English, HCLM with cache
achieved 1.538 bpc where the baseline is 1.622 bpc. It is a 5.2% improvement. For other
languages, the improvement rates were 2.7%, 3.2%, 3.7%, 2.5%, 4.7%, 2.7% in FR, DE,

ES, CS, FI, RU respectively. The best improvement rate was obtained in Finnish.

EN FR DE ES CS FI RU
dev test dev test dev test dev test dev test dev test dev test
LSTM 1.793 1736 1.669 1.621 1.780 1.754 1.733 1.667  2.191 2.155 1943 1913 1942 1.932
HCLM 1.683 1.622  1.553 1.508 1.666 1.641 1.617 1.555 2.070 2.035 1.832 1.796 1.832 1.810

HCLM with Cache 1591 1.538 1.499 1467 1.605 1.588 1.548 1.498 2.010 1.984 1.754 1.711 1.777 1.761

Table 3.6: Results on MWC Corpus (bits-per-character).

3.6 Analysis

In this section, I analyse the behavior of proposed model qualitatively. To analyse the model,
I compute the following posterior probability which tells whether the model used the cache
given a word and its preceding context. Let z; be a random variable that says whether to use
the cache or the LM to generate the word at time ¢. I would like to know, given the text w,
whether the cache was used at time ¢. This can be computed as follows:

p(z¢, wy | hy, cache;)

p(wy | hy, cache;)
(1= X\)ppur(wy | hy, cache;)
N p(wy | hy, cachey)

Pz | w) =

Y
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where cache; is the state of the cache at time ¢. I report the average posterior probability of

cache generation excluding the first occurrence of w, p(z | w).

Word p(z|w) | ‘ Word p(z [w) T

0.997 | 300 0.000
Lesnar 0.991 | act 0.001
the 0.988 | however 0.002
NY 0.985 | 770 0.003
Gore 0.977 | put 0.003
Bintulu 0.976 | sounds 0.004
Nerva 0.976 | instead 0.005
, 0.974 | 440 0.005
UB 0.972 | similar 0.006
Nero 0.967 | 27 0.009
Osbert 0.967 | help 0.009
Kershaw 0.962 | few 0.010
Manila 0.962 | 110 0.010
Boulter 0.958 | Jersey 0.011
Stevens 0.956 | even 0.011
Rifenburg 0.952 |y 0.012
Arjona 0.952 | though 0.012
of 0.945 | becoming 0.013
31B 0.941 | An 0.013
Olympics 0.941 | unable 0.014

Table 3.7: Word types with the highest/lowest average posterior probability of having been
copied from the cache while generating the test set. The probability tells whether the model
used the cache given a word and its context. Left: Cache is used for frequent words (the,
of) and proper nouns (Lesnar, Gore). Right: Character level generation is used for basic

words and numbers.

Tab. shows the words in the WikiText-2 test set that occur more than 1 time that
are most/least likely to be generated from cache and character language model (words that
occur only one time cannot be cache-generated). I see that the model uses the cache for
proper nouns: Lesnar, Gore, etc., as well as very frequent words which are always stored

somewhere in the cache such as single-token punctuation, the, and of. In contrast, the model
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uses the language model to generate numbers (which tend not to be repeated): 300, 770 and
basic content words: sounds, however, unable, etc. This pattern is similar to the pattern
found in empirical distribution of frequencies of rare words observed in prior wors (Church
and Gale, 1995} |(Church, 2000), which suggests the model is learning to use the cache to
account for bursts of rare words.

To look more closely at rare words, I also investigate how the model handles words that
occurred between 2 and 100 times in the test set, but fewer than 5 times in the training set.
Fig. is a scatter plot of m vs the empirical frequency in the test set. As expected,
more frequently repeated words types are increasingly likely to be drawn from the cache,

but less frequent words show a range of cache generation probabilities.

1 .2 T T T T T
(ore

Bacon
Lor f l. .-:' GIH‘E&Q: \. |
| replicas . . * Ngfton |
e BN

—_ SUFgEri l‘;ﬂ &
3 06 ‘h. ™ - .
. Sardinia jpeees s ?
- |}I'-1- | ..# ..- L ]
= \‘Oi';l . %
0.2 "‘ ™

0.0 .\L ]

_DE i i i i
=20 H 20 40 B0 B0 100

Frequency in Test set

Figure 3.4: Average p(z | w) of OOV words in test set vs. term frequency in the test set
for words not obsered in the training set. The model prefers to copy frequently reused
words from cache component, which tend to be names (upper right) while character level

generation is used for infrequent open class words (bottom left).

Tab. 3.8 shows word types with the highest and lowest average p(z | w) that occur fewer

than 5 times in the training corpus. The pattern here is similar to the unfiltered list: proper
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nouns are extremely likely to have been cache-generated, whereas numbers and generic

(albeit infrequent) content words are less likely to have been.

Word p(z | w) | | Word p(z | w) 1
Gore 0.977 | 770 0.003
Nero 0.967 | 246 0.037
Osbert 0.967 | Lo 0.074
Kershaw 0.962 | Pitcher 0.142
31B 0.941 | Poets 0.143
Kirby 0.935 | popes 0.143
CR 0.926 | Yap 0.143
SM 0.924 | Piso 0.143
impedance 0.923 | consul 0.143
Blockbuster 0.900 | heavyweight 0.143
Superfamily 0.900 | cheeks 0.154
Amos 0.900 | loser 0.164
Steiner 0.897 | amphibian 0.167
Bacon 0.893 | squads 0.167
filters 0.889 | los 0.167
Lim 0.889 | Keenan 0.167
Selfridge 0.875 | sculptors 0.167
filter 0.875 | Gen. 0.167
Lockport 0.867 | Kipling 0.167
Germaniawerft 0.857 | Tabasco 0.167

Table 3.8: Same as Table 7, except filtering for word types that occur fewer than 5 times
in the training set. The cache component is used as expected even on rare words: proper
nouns are extremely likely to have been cache-generated, whereas numbers and generic
content words are less likely to have been; this indicates both the effectiveness of the prior

at determining whether to use the cache and the burstiness of proper nouns.

3.7 Discussion

The results show that the HCLM outperforms a basic LSTM. With the addition of the

caching mechanism, the HCLM becomes consistently more powerful than both the baseline
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HCLM and the LSTM. This is true even on the PTB, which has no rare or OOV words in its
test set (because of preprocessing), by caching repetitive common words such as the. In true
open-vocabulary settings (i.e., WikiText-2 and MWC), the improvements are much more

pronounced, as expected.

Computational complexity. In comparison with word-level models, the model has to
read and generate each word character by character, and it also requires a softmax over the
entire memory at every time step. However, the computation is still linear in terms of the
length of the sequence, and the softmax over the memory cells and character vocabulary are
much smaller than word-level vocabulary. On the other hand, since the recurrent states are
updated once per character (rather than per word) in the model, the distribution of operations
is quite different. Depending on the hardware support for these operations (repeated updates
of recurrent states vs. softmaxes), the model may be faster or slower. However, the model
will have fewer parameters than a word-based model since most of the parameters in such

models live in the word projection layers, and [ use LSTMs in place of these.

Non-English languages. For non-English languages, the pattern is largely similar to
English. This is not surprising since morphological processes may generate forms that are
related to existing forms, but these still have slight variations. Thus, they must be generated
by the language model component (rather than from the cache). Still, the cache demonstrates
consistent value in these languages.

Finally, the analysis of the cache on English does show that it is being used to model
word reuse, particularly of proper names, but also of frequent words. While empirical
analysis of rare word distributions predicts that names would be reused, the fact that cache
is used to model frequent words suggests that effective models of language should have a
means to generate common words as units. Finally, the model disfavors copying numbers
from the cache, even when they are available. This suggests that it has learnt that numbers

are not generally repeated (in contrast to names).

3.8 Related Work

Caching language models were proposed to account for burstiness by Kuhn and De Mor1
(1990), and recently, this idea has been incorporated to augment neural language models

with a caching mechanism (Merity et al.,[2017; Grave et al., 2017).
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Open vocabulary neural language models have been widely explored (Sutskever et al.,
2011; Mikolov et al., 2012} Graves, 2013, inter alia). Attempts to make them more aware of
word-level dynamics, using models similar to the hierarchical formulation, have also been
proposed (Chung et al., 2017).

The only models that are open vocabulary language modelling together with a caching
mechanism are the nonparametric Bayesian language models based on hierarchical Pitman—
Yor processes which generate a lexicon of word types using a character model, and then
generate a text using these (Teh, 2006; Goldwater et al., [2009; Chahuneau et al., [2013b)).
These, however, do not use distributed representations on RNNs to capture long-range

dependencies.

3.9 Conclusion

In this section, I proposed an explicit model of word creation and reuse using character-level
neural language model with an adaptive cache which selectively assign word probability
from past history or character-level decoding. And I empirically show that the proposed
model efficiently models the word sequences and achieved better perplexity in standard
language modelling datasets. To further validate the performance of the model on different
languages, I collected multilingual wikipedia corpus for 7 typologically diverse languages. I
also show that the model performs better than character-level models by modelling burstiness
of words in local context.

The model proposed in this section assumes the observation of word segmentation. Thus,
the model is not directly applicable to languages, such as Chinese and Japanese, where word
segments are not explicitly observable. I will investigate a model which can marginalise

word segmentation as latent variables in the next chapter.

42



Chapter 4

Word Discovery and Grounding

4.1 Introduction

How infants discover words that make up their first language is a long-standing question
in developmental psychology (Saffran et al., [1996). Machine learning has contributed
much to this discussion by showing that predictive models of language are capable of
inferring the existence of word boundaries solely based on statistical properties of the
input (Elman, [1990; Brent and Cartwright, |1996; |Goldwater et al., |2009). However, there
are two serious limitations of current models of word learning in the context of the broader
problem of language acquisition. First, language acquisition involves not only learning
what words there are (“the lexicon™), but also how they fit together (“the grammar”).
Unfortunately, the best language models, measured in terms of their ability to predict
language (i.e., those which seem to acquire grammar best), segment quite poorly (Chung
et al., 2017; Wang et al., 2017; Kadar et al., 2018), while the strongest models in terms of
word segmentation (Goldwater et al., 2009; Berg-Kirkpatrick et al.,|2010) do not adequately
account for the long-range dependencies that are manifest in language and that are easily
captured by recurrent neural networks (Mikolov et al., [2010). Second, word learning
involves not only discovering what words exist and how they fit together grammatically, but
also determining their non-linguistic referents, that is, their grounding. The work that has

looked at modelling acquisition of grounded language from character sequences—usually

The material in this chapter was presented in Kawakami et al.[(2019).
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in the context of linking words to a visually experienced environment—has either explicitly
avoided modelling word units (Gelderloos and Chrupata, [2016)) or relied on high-level
representations of visual context that overly simplify the richness and ambiguity of the
visual signal (Johnson et al., 2010; Rasianen and Rasilo, [2013)).

This chapter introduces a single model that discovers words, learns how they fit together
(not just locally, but across a complete sentence), and grounds them in learned representations
of naturalistic non-linguistic visual contexts. I argue that such a unified model is preferable
to a pipeline model of language acquisition (e.g., a model where words are learned by one
character-aware model, and then a full-sentence grammar is acquired by a second language
model using the words predicted by the first). The preference for the unified model may be
expressed in terms of basic notions of simplicity (I require one model rather than two), and
in terms of the Continuity Hypothesis of Pinker| (1984), which argues that I should assume,
absent strong evidence to the contrary, that children have the same cognitive systems as
adults, and differences are due to them having set their parameters differently/immaturely.

In §4.2]1 introduce a neural model of sentences that explicitly discovers and models
word-like units from completely unsegmented sequences of characters. Since it is a model
of complete sentences (rather than just a word discovery model), and it can incorporate
multimodal conditioning context (rather than just modelling language unconditionally), it
avoids the two continuity problems identified above. The model operates by generating text
as a sequence of segments, where each segment is generated either character-by-character
from a sequence model or as a single draw from a lexical memory of multi-character units.
The segmentation decisions and decisions about how to generate words are not observed in
the training data and marginalized during learning using a dynamic programming algorithm
(3.

The model depends crucially on two components. The first is, as mentioned, a lexical
memory. This lexicon stores pairs of a vector (key) and a string (value). The strings in the
lexicon are contiguous sequences of characters encountered in the training data; and the
vectors are randomly initialized and learned during training. The second component is a
regularizer (§4.4) that prevents the model from overfitting to the training data by overusing

the lexicon to account for the training datall]

I'Since the lexical memory stores strings that appear in the training data, each sentence could, in principle,
be generated as a single lexical unit, thus the model could fit the training data perfectly while generalizing

poorly. The regularizer penalizes based on the expectation of the powered length of each segment, preventing
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The evaluation (§4.6-§4.9) looks at both language modelling performance and the quality
of the induced segmentations, in both unconditional (sequence-only) contexts and when
conditioning on a related image. First, I look at the segmentations induced by the model. I
find that these correspond closely to human intuitions about word segments, competitive
with the best existing models for unsupervised word discovery. Importantly, these segments
are obtained in models whose hyperparameters are tuned to optimize validation (held-out)
likelihood, whereas tuning the hyperparameters of the benchmark models using held-out
likelihood produces poor segmentations. Second, I confirm findings (Kawakami et al., [2017;
Mielke and Eisner, 2018]) that show that word segmentation information leads to better
language models compared to pure character models. However, in contrast to previous work,
I realize this performance improvement without having to observe the segment boundaries.
Thus, the model may be applied straightforwardly to Chinese, where word boundaries are
not part of the orthography.

Ablation studies demonstrate that both the lexicon and the regularizer are crucial for
good performance, particularly in word segmentation—removing either or both significantly
harms performance. In a final experiment, I learn to model language that describes images,
and I find that conditioning on visual context improves segmentation performance in the
model (compared to the performance when the model does not have access to the image).
On the other hand, in a baseline model that predicts boundaries based on entropy spikes in a
character-LSTM, making the image available to the model has no impact on the quality of
the induced segments, demonstrating again the value of explicitly including a word lexicon

in the language model.

4.2 Model

I now describe the segmental neural language model (SNLM). Refer to Figure for an
illustration. The SNLM generates a character sequence * = 71, ..., x,, where each x; is a
character in a finite character set Y. Each sequence x is the concatenation of a sequence of
segments s = S1,. .., S|s| Where |s| < n measures the length of the sequence in segments
and each segment s; € X is a sequence of characters, s; 1, . . ., Si|s;|- Intuitively, each s;

corresponds to one word. Let 7(sy, ..., s;) represent the concatenation of the characters of

this degenerate solution from being optimal.
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Figure 4.1: Fragment of the segmental neural language model while evaluating the marginal
likelihood of a sequence. At the indicated time, the model has generated the sequence

Canyou, and four possible continuations are shown.

the segments s; to s;, discarding segmentation information; thus & = 7(s). For example if

x = anapple, the underlying segmentation might be s = an apple (with s; = an and

8o = apple),or s = a nap ple, or any of the 2lzl-1 segmentation possibilities for .
The SNLM defines the distribution over x as the marginal distribution over all segmen-

tations that give rise to x, i.e.,

plx)= > p(s). (4.1)

s:m(s)=x

To define the probability of p(s), I use the chain rule, rewriting this in terms of a product
of the series of conditional probabilities, p(s; | s.,). The process stops when a special
end-sequence segment (/) is generated. To ensure that the summation in Eq.[4.1]is tractable,

I assume the following:

p(si | so) = p(sy | m(sy)) =p(se | ®<t), 4.2)

which amounts to a conditional semi-Markov assumption—i.e., non-Markovian generation
happens inside each segment, but the segment generation probability does not depend on
memory of the previous segmentation decisions, only upon the sequence of characters 7(s_,)
corresponding to the prefix character sequence ;. This assumption has been employed

in a number of related models to permit the use of LSTMs to represent rich history while
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retaining the convenience of dynamic programming inference algorithms (Wang et al.,2017;
Ling et al., 2017; |Graves, [2012).

I model p(s; | ;) as a mixture of two models, one that generates the segment using a
sequence model and the other that generates multi-character sequences as a single event.

Both are conditional on a common representation of the history, as is the mixture proportion.

Representing history To represent x_,;, [ use an LSTM encoder to read the sequence of
characters, where each character type o € X has a learned vector embedding v,. Thus the
history representation at time ¢ is h; = LSTM,,.(v,,, ..., V). This corresponds to the
standard history representation for a character-level language model, although in general, |

assume that the modelled data is not delimited by whitespace.

Character-by-character generation The first component model, p...-(s; | h;), generates
s; by sampling a sequence of characters from an LSTM language model over X and a two
extra special symbols, an end-of-word symbol (/W) ¢ ¥ and the end-of-sequence symbol
(/s) discussed above. The initial state of the LSTM is a learned transformation of h;, the
initial cell is O, and different parameters than the history encoding LSTM are used. During
generation, each letter that is sampled (i.e., each s, ;) is fed back into the LSTM in the usual
way and the probability of the character sequence decomposes according to the chain rule.

The end-of-sequence symbol can never be generated in the initial position.

Lexical generation The second component model, py.(s; | h;), samples full segments
from lexical memory. Lexical memory is a key-value memory containing M entries, where
each key, k;, a vector, is associated with a value v; € 3. The generation probability of s,

is defined as

h! = MLP(h,)
m = softmaX(Kh’ +b)

Dlex 3t|ht E mz z_st

where [v; = s;] is 1 if the ith value in memory is s; and O otherwise, and K is a matrix
obtained by stacking the k; ’s. This generation process assigns zero probability to most

strings, but the alternate character model can generate all of 7.
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In this work, I fix the v;’s to be subsequences of at least length 2, and up to a maximum
length L that are observed at least F' times in the training data. These values are tuned as

hyperparameters (See § for details of the experiments).

Mixture proportion The mixture proportion, g;, determines how likely the character
generator is to be used at time ¢ (the lexicon is used with probability 1 — g;). It is defined as
gs — U(MLP(ht))

Total segment probability The total generation probability of s; is thus

(St | T<t) = GtPenar(St | Be) + (1 — g¢)Diex(Se | he).

4.3 Inference

I am interested in two inference questions: first, given a sequence x, evaluate its (log)

marginal likelihood; second, given «, find the most likely decomposition into segments s*.

Marginal likelihood To efficiently compute the marginal likelihood, I use a variant of
the forward algorithm for semi-Markov models (Yu, 2010), which incrementally computes
a sequence of probabilities, «;, where «; is the marginal likelihood of generating <; and
concluding a segment at time 7. Although there are an exponential number of segmentations

of , these values can be computed using O(|z|) space and O(|x|?) time as:

t—1
ag =1, o = Z a;p(s = | ;). 4.3)
j=t—L

By letting 2,11 = (/S), then p(x) = ay41.

Most probable segmentation The most probable segmentation of a sequence  can be
computed by replacing the summation with a max operator in Eq. 4.3 and maintaining
backpointers.

4.4 Expected length regularization

When the lexical memory contains all the substrings in the training data, the model easily

overfits by copying the longest continuation from the memory. To prevent overfitting, I
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introduce a regularizer that penalizes based on the expectation of the exponentiated (by a

hyperparameter ) length of each segment:

Rx.B) = Y plslz)> s

sin(s)=a ses

This can be understood as a regularizer based on the double exponential prior identified
to be effective in previous work (Liang and Klein, [2009; Berg-Kirkpatrick et al., 2010).
This expectation is a differentiable function of the model parameters. Because of the
linearity of the penalty across segments, it can be computed efficiently using the above
dynamic programming algorithm under the expectation semiring (Eisner, 2002). This is
particularly efficient since the expectation semiring jointly computes the expectation and
marginal likelihood in a single forward pass. For more details about computing gradients
of expectations under distributions over structured objects with dynamic programs and

semirings, see|L1 and Eisner (2009).

4.5 Training Objective

The model parameters are trained by minimizing the penalized log likelihood of a training

corpus D of unsegmented sentences,

£=) [-logp(x) + AR(x, )]

xeD

4.6 Datasets

I evaluate the model on both English and Chinese segmentation. For both languages, I used
standard datasets for word segmentation and language modelling. I also use MS-COCO
to evaluate how the model can leverage conditioning context information. For all datasets,
I used train, validation and test splits Since the model assumes a closed character set,
I removed validation and test samples which contain characters that do not appear in the
training set. In the English corpora, whitespace characters are removed. In Chinese, they

are not present to begin with. Table summarizes dataset statistics.

’The data and splits used are available at

https://s3.eu-west-2.amazonaws.com/k-kawakami/seg.zip.
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Sentence Char. Types Word Types Characters Average Word Length

Train Valid Test Train Valid Test Train Valid Test Train Valid Test Train Valid Test
BR-text 7832 979 979 30 30 29 1237 473 475 129k 16k 16k 3.82 4.06 3.83
BR-phono 7832 978 978 51 51 50 1183 457 462 104k 13k 13k 2.86 297 2.83
PTB 42068 3370 3761 50 50 48 10000 6022 6049 5.1M 400k 450k 4.44 4.37 4.41
CTB 50734 349 345 160 76 76 60095 1769 1810 3.1M 18k 22k 4.84 5.07 5.14
PKU 17149 1841 1790 90 84 87 52539 13103 11665 2.6M 247k 241k 4.93 4.94 4.85
Coco 8000 2000 10000 50 42 48 4390 2260 5072 417k 104k 520k 4.00 3.99 3.99

Table 4.1: Summary of Dataset Statistics.

4.6.1 English

Brent Corpus The Brent corpus is a standard corpus used in statistical modelling of
child language acquisition (Brent, |1999; Venkataraman, 2()01)E] The corpus contains
transcriptions of utterances directed at 13- to 23-month-old children. The corpus has two
variants: an orthographic one (BR-text) and a phonemic one (BR-phono), where each
character corresponds to a single English phoneme. As the Brent corpus does not have a
standard train and test split, and I want to tune the parameters by measuring the fit to held-out
data, I used the first 80% of the utterances for training and the next 10% for validation and

the rest for test.

English Penn Treebank (PTB) I use the commonly used version of the PTB prepared by
Mikolov et al.| (2010). However, since I removed space symbols from the corpus, the cross

entropy results cannot be compared to those usually reported on this dataset.

4.6.2 Chinese

Since Chinese orthography does not mark spaces between words, there have been a number
of efforts to annotate word boundaries. I evaluate against two corpora that have been

manually segmented according different segmentation standards.

Beijing University Corpus (PKU) The Beijing University Corpus was one of the corpora

used for the International Chinese Word Segmentation Bakeoff (Emerson, 2005)).

Chinese Penn Treebank (CTB) I use the Penn Chinese Treebank Version 5.1 (Xue et al.,
2005)). It generally has a coarser segmentation than PKU (e.g., in CTB a full name, consisting

of a given name and family name, is a single token), and it is a larger corpus.

Shttps://childes.talkbank.org/derived
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4.6.3 Image Caption Dataset

To assess whether jointly learning about meanings of words from non-linguistic context
affects segmentation performance, I use image and caption pairs from the COCO caption
dataset Lin et al.|(2014). I use 8000, 2000 and 10000 images for train, development and test
set in order of integer ids specifying image in cocoapiﬁ] and use first annotation provided for
each image. I will make pairs of image id and annotation id available from https://s3.
eu-west-2.amazonaws.com/k—-kawakami/seqg.zip. The images are used to be

conditional context to predict captions.

4.7 Experiments

I compare the model to benchmark Bayesian models, which are currently the best known
unsupervised word discovery models, as well as to a simple deterministic segmentation
criterion based on surprisal peaks (Elman, 1990) on language modelling and segmentation
performance. Although the Bayeisan models are shown to able to discover plausible word-
like units, I found that a set of hyperparameters that provides best performance with such
model on language modelling does not produce good structures as reported in previous
works. This is problematic since there is no objective criteria to find hyperparameters in
fully unsupervised manner when the model is applied to completely unknown languages or
domains. Thus, the experiments are designed to assess how well the models infers word
segmentations of unsegmented inputs when they are trained and tuned to maximize the

likelihood of the held-out text.

DP/HDP Benchmarks Among the most effective existing word segmentation models are
those based on hierarchical Dirichlet process (HDP) models (Goldwater et al., 2009; Teh,
20006) and hierarchical Pitman—Yor processes (Mochihashi et al.,[2009). As a representative

of these, I use a simple bigram HDP model:

9. ~ DP(Oéo,po)
0.s ~ DP(a,0.) Vs e ¥°

8111 | 8¢ ~ Categorical(f.s,).

“https://github.com/cocodataset/cocoapi
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The base distribution, py, is defined over strings in X* U {(/s) } by deciding with a specified
probability to end the utterance, a geometric length model, and a uniform probability over >
at a each position. Intuitively, it captures the preference for having short words in the lexicon.
In addition to the HDP model, I also evaluate a simpler single Dirichlet process (DP) version
of the model, in which the s,’s are generated directly as draws from Categorical(6.). I use
an empirical Bayesian approach to select hyperparameters based on the likelihood assigned
by the inferred posterior to a held-out validation set.

By integrating out the draws from the DP’s, it is possible to do inference using Gibbs
sampling directly in the space of segmentation decisions. I use 1,000 iterations with
annealing to find an approximation of the MAP segmentation and then use the corresponding
posterior predictive distribution to estimate the held-out likelihood assigned by the model,
marginalizing the segmentations using appropriate dynamic programs. The evaluated
segmentation was the most probable segmentation according to the posterior predictive
distribution.

In the original Bayesian segmentation work, the hyperparameters (i.e., o, a1, and the
components of py) were selected subjectively. To make comparison with the neural models
fairer, I instead used an empirical approach and set them using the held-out likelihood of the

validation set.

Deterministic Baselines Incremental word segmentation is inherently ambiguous (e.g.,
the letters the might be a single word, or they might be the beginning of the longer word
theater). Nevertheless, several deterministic functions of prefixes have been proposed in
the literature as strategies for discovering rudimentary word-like units hypothesized for
being useful for bootstrapping the lexical acquisition process or for improving a model’s
predictive accuracy. These range from surprisal criteria (Elman, 1990) to sophisticated
language models that switch between models that capture intra- and inter-word dynamics
based on deterministic functions of prefixes of characters (Chung et al., 2017; Shen et al.,
2018a).

In the experiments, I also include such deterministic segmentation results using (1) the
surprisal criterion of Elman| (1990) and (2) a two-level hierarchical multiscale LSTM (Chung
et al., 2017), which has been shown to predict boundaries in whitespace-containing character
sequences at positions corresponding to word boundaries. As with all experiments in this

section, the BR-corpora for this experiment do not contain spaces.
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SNLM Model configurations For each RNN based model I used 512 dimensions for the
character embeddings and the LSTMs have 512 hidden units. All the parameters, including
character projection parameters, are randomly sampled from uniform distribution from
—0.08 to 0.08. The initial hidden and memory state of the LSTMs are initialized with zero.
A dropout rate of 0.5 was used for all but the recurrent connections.

To restrict the size of memory, I stored substrings which appeared F'-times in the training
corpora and tuned F' with grid search. The maximum length of subsequences L was tuned
on the held-out likelihood using a grid search. Tab. 4.2] summarizes the parameters for
each dataset. Note that I did not tune the hyperparameters on segmentation quality to
ensure that the models are trained in a purely unsupervised manner assuming no reference

segmentations are available.

max len (L) min freq (F) A

BR-text 10 10 7.5e-4
BR-phono 10 10 9.5e-4
PTB 10 100 5.0e-5
CTB 5 25 1.0e-2
PKU 5 25 9.0e-3
COCO 10 100 2.0e-4

Table 4.2: Hyperparameter values used.

For the image caption dataset, I extend the model with a standard attention mechanism in
the backbone LSTM (LSTM,,.) to incorporate image context. For every character-input, the
model calculates attentions over image features and use them to predict the next characters.
As for image representations, I use features from the last convolution layer of a pre-trained

VGG19 model Stmonyan and Zisserman| (2015).

4.8 Evaluation Metrics

Language modelling [ evaluated the models with bits-per-character (bpc), a standard

evaluation metric for character-level language models. Following the definition in Graves
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(2013)), bits-per-character is the average value of — log, p(z; | €~;) over the whole test set,

1
bpc = —— 1
pc = 0gy p(x),

where || is the length of the corpus in characters. The bpc is reported on the test set.

4.9 Results

In this section, I first do a careful comparison of segmentation performance on the phonemic
Brent corpus (BR-phono) across several different segmentation baselines, and I find that the
model obtains competitive segmentation performance. Additionally, ablation experiments
demonstrate that both lexical memory and the proposed expected length regularization are
necessary for inferring good segmentations. I then show that also on other corpora, I likewise
obtain segmentations better than baseline models. Finally, I also show that the model has
superior performance, in terms of held-out perplexity, compared to a character-level LSTM
language model. Thus, overall, the results show that I can obtain good segmentations on a

variety of tasks, while still having very good language modelling performance.

Word Segmentation (BR-phono) Table summarizes the segmentation results on the
widely used BR-phono corpus, comparing it to a variety of baselines. Unigram DP, Bigram
HDP, LSTM suprisal and HMLSTM refer to the benchmark models explained in
The ablated versions of the model show that without the lexicon (—memory), without the
expected length penalty (—length), and without either, the model fails to discover good
segmentations. Furthermore, I draw attention to the difference in the performance of the
HDP and DP models when using subjective settings of the hyperparameters and the empirical
settings (likelihood). Finally, the deterministic baselines are interesting in two ways. First,
LSTM surprisal is a remarkably good heuristic for segmenting text (although I will see
below that its performance is much less good on other datasets). Second, despite careful
tuning, the HMLSTM of |Chung et al.| (2017) fails to discover good segments, although in
their section they show that when spaces are present between, HMLSTMs learn to switch
between their internal models in response to them.

Furthermore, the priors used in the DP/HDP models were tuned to maximize the like-
lihood assigned to the validation set by the inferred posterior predictive distribution, in

contrast to previous papers which either set them subjectively or inferred them Johnson
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and Goldwater| (2009). For example, the DP and HDP model with subjective priors ob-
tained 53.8 and 72.3 F1 scores, respectively (Goldwater et al., [2009). However, when the
hyperparameters are set to maximize held-out likelihood, this drops obtained 56.1 and 56.9.
Another result on this dataset is the feature unigram model of Berg-Kirkpatrick et al.[(2010),
which obtains an 88.0 F1 score with hand-crafted features and by selecting the regularization
strength to optimize segmentation performance. Once the features are removed, the model
achieved a 71.5 F1 score when it is tuned on segmentation performance and only 11.5 when

it is tuned on held-out likelihood.

P R Fl

LSTM surprisal (Elman, [1990) 54.5 55.5 55.0
HMLSTM (Chung et al., 2017) 8.1 13.3 10.1

Unigram DP 63.3 50.4 56.1
Bigram HDP 53.0 61.4 56.9
SNLM (—memory, —length)  54.3 34.9 42.5
SNLM (+memory, —length)  52.4 36.8 43.3
SNLM (—memory, +length)  57.6 43.4 49.5
SNLM (+memory, +length)  81.3 77.5 79.3

Table 4.3: Summary of segmentation performance on phoneme version of the Brent Corpus
(BR-phono).

Word Segmentation (other corpora) Table summarizes results on the BR-text (or-
thographic Brent corpus) and Chinese corpora. As in the previous section, all the models
were trained to maximize held-out likelihood. Here I observe a similar pattern, with the
SNLM outperforming the baseline models, despite the tasks being quite different from each
other and from the BR-phono task.

Word Segmentation Qualitative Analysis [ show some representative examples of seg-
mentations inferred by various models on the BR-text and PKU corpora in Table [4.5] As
reported in Goldwater et al. (2009), I observe that the DP models tend to undersegment,
keep long frequent sequences together (e.g., they failed to separate articles). HDPs do suc-

cessfully prevent oversegmentation; however, I find that when trained to optimize held-out
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P R Fl1
LSTM surprisal 36.4 49.0 41.7
Unigram DP 649 557 60.0
BR-text

Bigram HDP 525 63.1 573

SNLM 68.7 789 73.5

LSTM surprisal 27.3 36.5 31.2

Unigram DP 51.0 49.1 50.0
PTB

Bigram HDP 348 473 40.1

SNLM 541 60.1 56.9

LSTM surprisal 41.6 25.6 31.7

Unigram DP 61.8 496 55.0
CTB

Bigram HDP 673 67.7 67.5

SNLM 78.1 81.5 79.8

LSTM surprisal 38.1 23.0 28.7

Unigram DP 60.2 482 53.6
PKU

Bigram HDP 66.8 67.1 66.9

SNLM 75.0 71.2 73.1

as character sequences.
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Table 4.4: Summary of segmentation performance on other corpora.

likelihood, they often insert unnecessary boundaries between words, such as yo u. The
model’s performance is better, but it likewise shows a tendency to oversegment. Interestingly,
I can observe a tendency tends to put boundaries between morphemes in morphologically
complex lexical items such as dumpty ’s, and go ing. Since morphemes are the minimal
units that carry meaning in language, this segmentation, while incorrect, is at least plasuible.
Turning to the Chinese examples, I see that both baseline models fail to discover basic words
such as LL[8] (mountain) and Af]] (human).

Finally, I observe that none of the models successfully segment dates or numbers
containing multiple digits (all oversegment). Since number types tend to be rare, they are

usually not in the lexicon, meaning the model (and the H/DP baselines) must generate them



Examples

Reference are you going to make him pretty this morning
Unigram DP  areyou goingto makehim pretty this morning

Bigram HDP  areyou go ingto make him p retty this mo rn ing

SNLM are you go ing to make him pretty this morning
BR-text
Reference would you like to do humpty dumpty’s button
Unigram DP  wouldyoul iketo do humpty dumpty ’s button
Bigram HDP  would youlike to do humptyd umpty ’s butt on
SNLM would you like to do humpty dumpty ’s button
Reference KR . A A R WE EE A T AT EF K ET
Unigram DP &5 - EFE . KM F | E W E \E 0 4 ET AN AFE 6 =T
Bigram HDP 5% B ¥/ . W ME | £ WL E H %, 4 &7 A EF K |z -
pry  SNLM KA. EE . ORE  FE WE EE, @@ T OMT X EE A EZ .

Reference A AR VL R RPN MR . HEEE . JEm . B0 .
Unigram DP A5 7E VLIMA4E £/ KNPSRS - 365 - 1EE. 20 -

Bigram HDP & 7E T VAl 40 (R9 XN b 85 46 8 - fEE. £V .
SNLM A TE VLR OBSE RIFIX N MEE . RS MEf . BV .

Table 4.5: Examples of predicted segmentations on English and Chinese.

Language modelling Performance The above results show that the SNLM infers good
word segmentations. I now turn to the question of how well it predicts held-out data.
Table [@.6] summarizes the results of the language modelling experiments. Again, I see
that SNLM outperforms the Bayesian models and a character LSTM. Although there are
numerous extensions to LSTMs to improve language modelling performance, LSTMs
remain a strong baseline (Melis et al., 2018]).

One might object that because of the lexicon, the SNLM has many more parameters
than the character-level LSTM baseline model. However, unlike parameters in LSTM
recurrence which are used every timestep, the memory parameters are accessed very sparsely.
Furthermore, I observed that an LSTM with twice the hidden units did not improve the
baseline with 512 hidden units on both phonemic and orthographic versions of Brent corpus
but the lexicon could. This result suggests more hidden units are useful if the model does
not have enough capacity to fit larger datasets, but that the memory structure adds other

dynamics which are not captured by large recurrent networks.

Multimodal Word Segmentation Finally, I discuss results on word discovery with non-

linguistic context (image). Although there is much evidence that neural networks can reliably
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BR-text BR-phono PTB CTB PKU

Unigram DP 2.33 2.93 225 6.16 6.88
Bigram HDP  1.96 2.55 1.80 5.40 642
LSTM 2.03 2.62 1.65 494 6.20
SNLM 1.94 2.54 1.56 4.84 5.89

Table 4.6: Test language modelling performance (bpc).

learn to exploit additional relevant context to improve language modelling performance
(e.g. machine translation and image captioning), it is still unclear whether the conditioning
context help to discover structure in the data. I turn to this question here. Table
summarizes language modelling and segmentation performance of the model and a baseline
character-LSTM language model on the COCO image caption dataset. I use the Elman
Entropy criterion to infer the segmentation points from the baseline LM, and the MAP
segmentation under the model. Again, I find the model outperforms the baseline model in
terms of both language modelling and word segmentation accuracy. Interestingly, I find
while conditioning on image context leads to reductions in perplexity in both models, in the
model the presence of the image further improves segmentation accuracy. This suggests that
the model and its learning mechanism interact with the conditional context differently than
the LSTM does.

To understand what kind of improvements in segmentation performance the image
context leads to, I annotated the tokens in the references with part-of-speech (POS) tags and
compared relative improvements on recall between SNLM (—image) and SNLM (+image)
among the five POS tags which appear more than 10,000 times. I observed improvements on
ADJ (4+4.5%), NOUN (+4.1%), VERB (43.1%). The improvements on the categories ADP
(+0.5%) and DET (+0.3%) are were more limited. The categories where I see the largest
improvement in recall correspond to those that are likely a priori to correlate most reliably
with observable features. Thus, this result is consistent with a hypothesis that the lexican is

successfully acquiring knowledge about how words idiosyncratically link to visual features.

Segmentation State-of-the-Art The results reported are not the best-reported numbers

on the English phoneme or Chinese segmentation tasks. As I discussed in the introduc-
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bpc) PT R1T FIT

Unigram DP 223 440 400 419
Bigram HDP 1.68 30.9 40.8 35.1
LSTM (—image) 1.55 31.3 38.2 344
SNLM (—image) 1.52 39.8 553 463

LSTM (+image) 142 31.7 39.1 35.0
SNLM (+image) 1.38 464 62.0 53.1

Table 4.7: Language modelling (bpc) and segmentation accuracy on COCO dataset. +image

indicates that the model has access to image context.

tion, previous work has focused on segmentation in isolation from language modelling
performance. Models that obtain better segmentations include the adaptor grammars (F1:
87.0) of Johnson and Goldwater (2009) and the feature-unigram model (88.0) of Berg+
Kirkpatrick et al.[|(2010). While these results are better in terms of segmentation, they are
weak language models (the feature unigram model is effectively a unigram word model;
the adaptor grammar model is effectively phrasal unigram model; both are incapable of
generalizing about substantially non-local dependencies). Additionally, the features and
grammars used in prior work reflect certain English-specific design considerations (e.g.,
syllable structure in the case of adaptor grammars and phonotactic equivalence classes in the
feature unigram model), which make them questionable models if the goal is to explore what
models and biases enable word discovery in general. For Chinese, the best nonparametric
models perform better at segmentation (Zhao and Kit, 2008; Mochihashi et al., 2009), but
again they are weaker language models than neural models. The neural model of |[Sun and
Deng (2018) is similar to the model without lexical memory or length regularization; it
obtains 80.2 F1 on the PKU dataset; however, it uses gold segmentation data during training
and hyperparameter selection, whereas the approach requires no gold standard segmentation

data.
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4.10 Related Work

Learning to discover and represent temporally extended structures in a sequence is a funda-
mental problem in many fields. For example in language processing, unsupervised learning
of multiple levels of linguistic structures such as morphemes (Snyder and Barzilay, |2008)),
words (Goldwater et al., 2009; Mochihashi et al., 2009; | Wang et al., 2014) and phrases (Klein
and Manning, |2001)) have been investigated. Recently, speech recognition has benefited from
techniques that enable the discovery of subword units (Chan et al., 2017; |Wang et al., 2017);
however, in that work, the optimally discovered character sequences look quite unlike ortho-
graphic words. In fact, the model proposed by Wang et al.| (2017) is essentially the model
without a lexicon or the expected length regularization, i.e., (—memory, —length), which I
have shown performs quite poorly in terms of segmentation accuracy. Finally, some prior
work has also sought to discover lexical units directly from speech based on speech-internal
statistical regularities (Kamper et al., 2016)), as well as jointly with grounding (Chrupata
et al., 2017)).

4.11 Conclusion

In this chapter, I proposed a model that explicitly discover word boundaries at the same as
learning predictive distributions over character sequences by parameterizing explicit latent
variable model with implicit neural networks. While previous works which studied the word
segmentation and language modeling in isolation has provided valuable insights (showing
both what data is sufficient for word discovery with which models), this chapter shows that
neural models offer the flexibility and performance to productively study the various facets
of the problem in a more unified model. Moreover, I show that grounding to visual context
further improves both word segmentation and language modeling.

While this work unifies several components that had previously been studied in isolation,
the model assumes access to phonetic categories. The development of these categories likely
interact with the development of the lexicon and acquisition of semantics (Feldman et al.,
2013;; Fourtassi and Dupouxl, 2014), and thus subsequent work should seek to unify more

aspects of the acquisition problem.
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Chapter 5

Acoustic Modelling

5.1 Introduction

This chapter explores a method to learn phonetic structures from raw audio signals. Unlike
previous chapters where the structures are in the text modality, the phonetic structures are
in continuous signals. Moreover, the phonetic structures can be shared across different
languages independently of language specific alphabets (§2.2). In this chapter, I focus on
learning universal phonetic structures implicitly in continuous vector representations. The
learned representations are evaluated in terms of the impact on speech recognition systems
trained on the representations.

As reviewed in the input representation of machine learning model strongly
determines the difficulty faced by the learning algorithm, how much data the learner will
require to find a good solution, and whether the learner generalizes out of sample and
out of the domain of the training data. Representations (or features) that encode relevant
information about data enable models to achieve good performance on downstream tasks,
while representations that are invariant to factors that are not relevant to downstream tasks can
further improve generalization. Traditionally, many invariances were hard-coded in feature
extraction methods. For example, in image representations, geometric and photometric
invariance has been investigated (Mundy et al., 1992; Van De Weijjer et al., [2005). For

acoustic representations, standard MFCC features are sensitive to additive noise and many

The material in this chapter was presented in Kawakami et al.[(2020).
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modifications have been proposed to overcome those limitations (Dev and Bansal, [2010;
Kumar et al.| [2011)).

Recently, unsupervised representation learning algorithms have shown significant im-
provements at learning representations that correlate well with phonetic structure van den
Oord et al.| (2018); Kahn et al. (2020b)) and improving downstream speech recognition
performance Schneider et al.| (2019); |Baevski et al. (2019). Most of this work focused
on learning representations from read English speech (from the LibriSpeech and LibriVox
datasets) and evaluating the features when used to recognize speech in a rather similar
domain (read English text). However, this approach to evaluation fails to test for the invari-
ances that I would like good speech representations to have: robustness to domain shifts and
transferability to other languages.

In the experiments I learn representations from 8000 hours of diverse and noisy speech,
using an extended version of contrastive predictive coding model: bidirectional predictive
models with dense residual connections (§5.2}-§5.4), and evaluate the robustness and trans-
ferability of the representations by estimating how invariant they are to domain and language
shifts. To do so, an ASR model is trained using the representations on one dataset but
evaluated on the test sets of other datasets. In this experiment, I find that the representations
derived from the large pretraining dataset lead the ASR model to be much more robust to
domain shifts, compared to both log filterbank features as well as to pretraining just on
LibriSpeech. I also train ASR models on 25 languages, including low-resource languages
(e.g. Amharic, Fongbe, Swahili, Wolof), and show that the representations significantly
outperform both standard features and those pretrained only on clean English data in the
language transfer setup.

In summary, I confirm several increasingly common patterns that may be discerned
in the literature on unsupervised representation learning, across a variety of modalities.
First, scale matters: good representation learning requires a large amount of data. Second,
unsupervised representations consistently improve robustness on downstream tasks. And

finally, representations learned from multilingual data can transfer across many languages.
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5.2 Contrastive Predictive Coding: CPC

Unsupervised representation learning methods rely on differentiable objectives which quan-
tify the degree to which representations have succeeded at capturing the relevant characteris-
tics in data. Mutual information measures relationships between random variables (Fano and
Hawkins| |1961). Mutual information maximization techniques, that learn representations
that describe data by maximizing mutual information between data and representation vari-
ables, have been explored for a long time in unsupervised representation learning (Linsker,
1988; Bell and Sejnowski, |1995). However, since the exact computation of mutual informa-
tion is not tractable for continuous variables, recently many estimators have been proposed
for enabling unsupervised representation learning with neural networks (Belghazi et al.,
2018 ivan den Oord et al., 2018; [Poole et al., 2019)).

Contrastive predictive coding (van den Oord et al., 2018, CPC) is a mutual information
maximization method that has been successfully applied to many modalities such as images
and speech (Hénaff et al., 2020; Schneider et al.,|2019). The objective is designed to extract
features that allow the model to make long-term predictions about future observations. This
is done by maximizing the mutual information of these features with those extracted from
future timesteps. The intuition is that the representations capture different levels of structure
dependent on how far ahead the model predicts. For example, if the model only predicts
a few steps ahead, the resulting representations can capture local structures. On the other
hand, if the model predicts further in the future, the representations will need to infer “slow
features” (Wiskott and Sejnowski, 2002); more global structures such as phonemes, words
and utterances in speech.

The overall unsupervised learning process is visualized in Figure [5.1] Given a raw
audio signal of length L (x = z1,2,...,2, ; € R where x; represents the acoustic
amplitude at time ¢), a function ¢,,. encodes the audio signals into vector representations
(z = z1,22..., 20, 2 € R%). Next, an autoregressive function g,,, such as a recurrent
neural network, summarizes the past representations and produces context vectors (¢ =
Ci1,Cy ..., cy,c € R%). The representations are learned to maximize mutual information

between context vectors (c;) and future latent representations (z + k) as follows:
p(zt-‘rk | ctuk)
Ic,zk:Epc,zkklog—

( ty ~t+ ) ( ty i+ ’ ) p(zt—i-k)

Zt+k
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Since mutual information is not tractable for high dimensional data, it is common to
use a lower-bound on the mutual information such as InfoNCE (van den Oord et al., [2018])
which is a loss function based on noise contrastive estimation (Gutmann and Hyvirinen,
2010). Given a set Z = {z1, ... zy} which contains one positive sample from p(z;,|c;)
and N — 1 negative samples from a “noise” distribution p(z), the approximated lower-bound

1S written as:

fk(ctv zt+k) _ [NCE

I(ci, zek) > Ey |log 1 tk >

N 2uzezZ fe(e, 2)

where fi(ct, z14x) is a scoring function. I used the standard log-bilinear model as

follows:
fe(er, zeqn) = eXP(CtTsztJrk)-

The loss function I maximize is a sum of the InfoNCE loss for each step, LNF =
> >, LNCE and the negatives are uniformly sampled from representations in the same

audio signal (2).

5.3 Methods

Unsupervised Pre-training with CPC Semi-supervised Speech Recognition

T HE _ DOG_1 S

Jar : Causal conv
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z
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Pre-trained parameters are fixed.

Figure 5.1: Left, unsupervised representation learning with forward contrastive predictive
coding. The learned representations are fixed and used as inputs to a speech recognition
model (Right).

In this section, I describe the models and objectives for unsupervised representation

learning and downstream speech recognition. First, an acoustic feature extractor is trained
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with a bidirectional variant of contrastive predictive coding on an unlabeled audio dataset.
Next, the parameters of this model are frozen and its output representations are used as

input to train various speech recognition models, potentially on a different or smaller labeled

dataset (Figure[5.1).

5.3.1 Unsupervised learning with bi-directional CPC

Following the success of bidirectional models in representation learning (Peters et al., [2018;
Devlin et al., 2019), I extend the original CPC method explained above with bidirectional
context networks. The encoder function g,,. is shared for both directions, but there are two
autoregressive models (¢/¢ and g?*¢) which read encoded observations (z) from the forward
and backward contexts, respectively. The forward and backward context representations
c;;w a c?" are learned with separate InfoNCE losses. When they are used for downstream
tasks, a concatenation of two representations ¢; = [c’tfw e, c?"] is used. A similar technique
has been used in image representation learning where representations are learned along
different spatial dimensions (Hénaft et al., 2020).

All audio signals have a sampling rate of 16kHz and I normalize the mean and variance
of the input signals over each utterance in order to mitigate volume differences between
samples. For architectures, I use encoder and autoregressive models similar to|Schneider
et al. (2019). The encoder function g,,., is a stack of causal convolutions with kernel sizes
(10, 8, 4, 4, 4, 1, 1) and stride sizes (5, 4, 2, 2, 2, 1, 1), corresponding to a receptive
field of 10 ms of audio. For autoregressive functions, I use a 13 layer causal convolution
architecture with kernel sizes (1, 2, ..., 12, 13) and stride size 1, for both forward and
backward functions. Layer-normalization across the temporal and feature dimensions is
applied to every layer. Also, each layer has dense skip connections with layers below as in
DenseNet (Huang et al., 2017). The objective function I optimize is the sum of the forward

and backward InfoNCE losses (eq[5.2)).

5.3.2 Semi-supervised speech recognition

Once the acoustic representations are trained, the resulting context vectors (c) are used as
inputs to character-level speech recognition models which predict transcriptions of audio-
signals character by character. The model first predicts frame-level character probabilities

with a series of convolution layers while the CTC forward algorithm (Graves et al., 2006)
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calculates conditional probabilities of a transcription given an audio signal. The model
parameters are trained to maximize the log likelihood of the data. The training terminates
when the word error rate on the development set stops improving or the model has trained
for more than a certain number of epochs. The models are evaluated on the standard word
error rate (WER) metric on held-out test data. During training, the parameters in the speech
recognition models are trained with supervision but the parameters of the representation
models remain fixed. For decoding, I use greedy CTC decoding. In most experiments, I do
not use a language model (LM) in order to isolate the effects of the acoustic representations,
but I do include results with a 4-gram LM to facilitate comparisons with published results.

Common practice in unsupervised representation learning is to evaluate learned repre-
sentations using a linear classifier rather than a more complex nonlinear model. However,
I find that a simple linear layer followed by a CTC decoder does not have enough capac-
ity to recognize speech. Thus, for the first set of experiments I use a smaller version of
DeepSpeech2 (Amodei et al., 2016) to predict the frame-level character probabilities. The
model has two 2d-convolutions with kernel sizes (11, 41) and (11, 21) and stride sizes (2,
2) and (1, 2) and one unidirectional recurrent neural network (GRU) on top of the output
from the convolution layers. A linear transformation and a softmax function are applied
to predict frame-level character probabilities. I refer to DeepSpeech2 small for the model
specifics (Amodei et al., 2016)). In order to further investigate how the representations inter-
act with larger speech recognition models, I use the time-delay neural networks (TDNN)
that are commonly used in speech recognition (Collobert et al., 2016} |Kuchaiev et al., 2018).
These consist of 17 layers of 1d-convolutions followed by 2 fully connected layers. Refer to
OpenSeq2Seq for a detailed description[] These large models have been designed to perform
well with log-filterbank features and purely supervised learning on large datasets, so they

represent a challenging and informative test case for the value of learned representations.

5.4 Experiments and Results

5.4.1 Datasets

I collected publicly available speech datasets which cover a variety of types of speech (e.g.

read and spoken), noise conditions and languages. For unsupervised pretraining I use a

Thttps://nvidia.github.io/OpenSeq2Seq/html/speech-recognition/wave2letter.html
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combination of datasets, using the audio but not any transcriptions, even when they are
available. For semi-supervised learning (i.e., evaluation) on top of the representations I use
the transcribed datasets following their standard train-test splits. Table[S.I| summarizes the

datasets used for unsupervised learning and English speech recognition tasks.

Name Language Type  Hours
Audio Set Multilingual - 2500
AVSpeech Multilingual - 3100
Common Voice Multilingual read 430
LibriSpeech English read 960
WSJ English read 80
TIMIT English read 5
SSA English read <1
Tedlium English spoken 440
Switchboard English  spoken 310

Table 5.1: Summary of English Datasets.

Unlabeled speech pretraining corpus For pretraining, I collected a diverse and noisy
speech corpus from several existing datasets: the subset of Audio Set (Gemmeke et al.,
2017) containing speech examples, the audio part of AVSpeech (Ephrat et al.,[2018)), and
the Common Voice (CVf] dataset in all 29 available languages. In addition I used the audio
from TIMIT (Garofolo, |1993) and the Speech Accent Archive (Weinberger and Kunath,
2009)), ignoring the transcriptions. Finally, I include the audio (again ignoring transcriptions)
from the standard training splits of the evaluation datasets below. This collection spans a
range of recording conditions, noise levels, speaking styles, and languages and amounts to

about 8000 hours of audio.

Transcribed read English For evaluation, I look at the performance of the representations
on a variety of standard English recognition tasks, as well as their ability to be trained on
one and tested on another. For read English, I use LibriSpeech (Panayotov et al., 2015) and
the Wall Street Journal (Paul and Baker, [1992).

https://voice.mozilla.org
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Transcribed spoken English To explore more extreme domain shifts, I additionally used
conversational speech and public speaking datasets. I used Switchboard (Godfrey et al.,
1992)), a standard conversational speech recognition dataset consisting of two-sided telephone
conversations (test only). Since the data was recorded more than 10 years ago and at a
lower sampling rate than the other corpora, it presents a noisy and challenging recognition
problem. Finally, I also use the Tedlium-3 (Hernandez et al., 2018)) corpus, a large spoken
English dataset containing 450 hours of speech extracted from TED conference talks. The

recordings are clear, but there is some reverberation.

Transcription normalization Since [ am comparing ASR systems trained on one dataset
but evaluated on the test set of another, I normalize transcriptions to reduce systematic
biases in the transfer condition. To do so, I use the format of the LibriSpeech dataset, which
also ensures that the results are comparable with standard speech recognition systems on
that task (Kuchaiev et al., 2018). For the other datasets, transcriptions are lowercased and
unpronounced symbols (e.g., punctuation, silence markers) are removed. I also remove
utterances containing numbers as they are transcribed inconsistently across and within

datasets.

Transcribed multilingual speech In order to evaluate the transferability of the represen-
tations, I use speech recognition datasets in 4 African languages collected by the ALFFA
projectﬂ Ambharic (Tachbelie et al., 2014), Fongbe (A. A Laleye et al., 2016), Swahili (Gelas
et al., | 2012)), Wolof (Gauthier et al., 2016)), for evaluation. These languages have unique
phonological properties (e.g. height harmony) and phonetic inventories, making them a good
contrast to English. These African languages are low-resource, each with 20 hours or less of
transcribed speech. I also use 21 phonetically diverse languages from OpenSLRﬂI only
include (labeled) datasets from OpenSLR that containing more than 1GB of audio. When
there is more than one dataset available for one language, I used the largest dataset. Table

[5.2] summarizes the multilingual dataset statistics used in the evaluation.

5.4.2 Unsupervised Representation Learning

I train the model described above (§5.3.1) using the datasets described in the previous
section (§5.4.1). Similarly to[Schneider et al|(2019), audio signals are randomly cropped

Shttp://alffa.imag. fr
https://openslr.org
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with a window size 149,600 observations (9.35 seconds) and encoded with the model. The
bidirectional contrastive predictive coding objective (Eq. with prediction steps (k) 12
and negatives (V) 10 is optimized with the Adam optimizer with learning rate 0.0001. A
batch size of 128 is used as well as a polynomial learning rate scheduler with power 2 and
gradient clipping with maximum norm 5.0. Training was terminated at 4.2 million steps
based on speech recognition performance on the dev (= validation) set of the LibriSpeech

corpus.

5.4.3 Robustness

Robustness to shifts in domain, recording conditions, and noise levels is an important
desideratum for a good ASR system, and I hypothesized that the diversity of the largest
pretraining regime would improve robustness along these dimensions. In contrast, standard
MEFCC features have been tested in terms of noise robustness and it is known that such
representations are sensitive to additive noise (Zhao and Wang, 2013). Moreover, speech
recognition systems developed on top of such features are not robust when they are evaluated
on out-of-domain datasets (Amodei et al., 2016).

To test whether the pretraining approach improves robustness, I evaluate speech recog-
nition models trained on the learned representations on many different datasets so as to
investigate benefit of using the representations learned from large-scale data. I compare
ASR systems on all of the Wall Street Journal and LibriSpeech corpora with the same
optimization as explained above and evaluate word error rate on different evaluation sets,
such as phone call conversations (Switchboard).

Table @ summarizes the results on models trained on Wall Street Journal, LibriSpeech
or the Tedlium corpora and evaluated on different evaluation sets. CPC-LibriSpeech and
CPC-8k indicate representations are learned from LibriSpeech and 8000h of speech datasets
listed above respectively. The features trained on large-scale data consistently outperform
other representations across different evaluation sets. The speech recognition models trained
on the Wall Street Journal perform badly on phone call data in general. However, CPC
representations learned on large datasets are more robust than those trained only on read

English data (LibriSpeech).
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5.4.4 Low-resource Languages

Thus far, all the experiments have compared the representations in terms of their impacts
on English recognition tasks (although the pretraining dataset contains samples from many
languages). I now turn to the question of whether these representations are suitable for
driving recognition different languages with substantially different phonetic properties than
English has. Specifically, I look at the performance on four languages—Ambharic, Fongbe,
Swahili, and Wolof—which manifest a variety of interesting phonological properties that
are quite different from English. Evaluating on such languages provides insights into the
phonetic space learned in the representations. Moreover, the non-English languages are
low-resource in terms of speech recognition data, but have 2—-20 million native speakers each.
It is therefore valuable if the representations learned from large-scale unlabelled data can
improve low-resource speech recognition. Although there is a chance that the large-scale
pretraining dataset may contain some examples from those languages, I did not add any
extra data specifically from those languages.

To test the cross-linguistic value of these features, I trained speech recognition models
on low-resource languages (§5.4.1)) and compare the relative reduction in WER by switching
from standard spectrogram features and the learned representations. As these are very
small datasets, I trained the same DeepSpeech2 small architecture with the Adam optimizer
with a fixed learning rate of 0.0002 and gradient clipping with maximum norm 25.0 for all
languages.

Figure 5.2 summarizes results. Again, I find that the CPC-8k representations outperform
other features by a large margin and that the models trained on the representations trained
on using the audio of (English-only) LibriSpeech do not perform even as well as basic
spectrogram features. This suggests that the representations learned on large-scale data
capture a phonetic space that generalizes across different languages, but that diversity of

linguistic inputs is crucial for developing this universality.

5.4.5 Multilingual Transfer

As a final exploration of the transferability of the representations, I evaluate the represen-
tations on a diverse language set of languages with varying amounts of training data and
compare the relative reductions in word error rate I obtain when using standard features

and switching to the CPC-8k representations. As most of the dataset are small, I trained
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Figure 5.2: Speech recognition performance on low-resource African languages (in word
error rate). CPC features trained on diverse datasets features significantly outperform
baseline log-filterbank features whereas the features trained only on English underperform

the baseline.

DeepSpeech2 small models with the Adam optimizer with a fixed learning rate of 0.0002
and applied gradient clipping with maximum norm 25.0, using the same configuration for
all languages. Figure [5.3] summarizes results. Since the experiments above showed that
CPC-LibriSpeech features performed badly, I only compare the relative error reduction
with CPC-8k features over spectrogram features. In all cases, I find that the CPC-8k rep-
resentations improve performance relative to spectorgram feature baselines. The largest
improvement was obtained on Sundanese where the WER with spectrogram was 27.85 but

dropped to 11.49 using CPC-8k features.

Discussion As the pre-training data did not have any language labels, it is unclear how

many samples were seen for each language during pre-training. However, it is important to
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know that the uncurated multilingual pre-training can improve speech recognition perfor-
mance on many languages. These results suggests, in practice, that one could use a universal

speech feature extractor for many languages instead of training one for each language

individually Kannan et al.| (2019).

Relative improvement (%)

su jv ne si bn es g wo ta kn en gu eu ca fon ml am ug sw ar fr cs

Figure 5.3: Relative improvements (in percentage) on speech recognition on many languages
with CPC-8k features over Spectrogram features. Each column correspond to language code
explained in Table @ Note that en is Nigerian English and fr is African French.

5.4.6 Control: English Speech Recognition

Thus far, I have focused on robustness and transferability and seen that CPC-8k features
offer considerable benefits in these dimensions compared to traditional features. It remains
to demonstrate how well they work in powerful architectures where large amounts of labeled
training data is available. To test this, I used 10% and 100% portions of LibriSpeech dataset
to train speech recognition models, again comparing different features. The architecture is a
standard TDNN. The speech recognition models are trained in the similar way as standard
models (Collobert et al., 2016; Kuchaiev et al.,[2018). The models are trained with Adam

optimizer with learning rate 0.0002 and gradient clipping with a maximum norm 5.0 together

with the polynomial learning rate decay method with power 2.0 is used over 200 epochsﬂ
Table [5.4] summarizes the results with TDNN models trained on different sizes of

LibriSpeech dataset. I see that even if the speech recognition models have a large number

>These hyperparameters were chosen to give optimal performance with baseline log filterbank features,

and used, unchanged for the learned features.
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of parameters and are trained on plenty of supervised data, the learned representations
still provide significant improvements. The pattern continues to hold if I use beam search
decoding with a language modelﬁ The + LM decoding results are comparable to the
OpenSeq2Seq benchmark, since I used the exact same LM and decoding algorithm as they
used (Kuchaiev et al., 2018)).

Although better results contain be obtained using newer architectures than TDNN (Park
et al., [2019; Synnaeve et al., 2019), it still represents a standard and important recognition
architecture and the results prove that the representations learned from diverse and noisy
data can improve large speech recognition model on English in both low-data and high-data

regimes.

5.5 Related Work

Unsupervised learning played an import role in the reintroduction of deep networks to
speech processing (Hinton et al., [2012), as well as other application areas (Hinton et al.,
2006; Bengio et al., 2007; Vincent et al., 2010). After a period of focusing on supervised
techniques, unsupervised representation learning has recently seen a resurgence in a va-
riety of modalities (Doersch and Zisserman, 2017; ivan den Oord et al., [2018}; Donahue
and Stmonyan, 2019 |Bachman et al., 2019) and has led to improved results, especially
in low-data regimes (Hénaff et al., 2020; Schneider et al., 2019)). In natural language pro-
cessing, pretrained representations can outperform state-of-the-art system even in high data
regimes (Mikolov et al., 2013} Devlin et al., 2019)).

The last two years have produced a large amount of work on unsupervised speech
representation learning. Some of this work has been evaluated in terms of its ability to
perform phone recognition and similar audio classification tasks (van den Oord et al., 2018).
Like us, Schneider et al.| (2019); Baevski et al.| (2019) applied learned representations
to speech recognition tasks and evaluated on how well in-domain WER was improved.
However, as I argued in the section, such an evaluation misses the opportunity to assess
whether these systems become more robust to domain shift and to what extent the learned

representations appropriate for different languages.

Shttp://www.openslr.org/resources/11l/4-gram.arpa.gz
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Finally, the ZeroSpeech challenges have explicitly looked at correlations between learned
representations and phonetic structures that generalize across many languages and adapt to
new speakers (Dunbar et al.,[2017,[2019). Kahn et al. (2020b)) learned representations with
contrastive predictive coding on 60,000 hours of English speech and could show that their
representations are correlated well with English phonetic structure; however, they did not
evaluate these representations in a supervised speech recognizer.

Recently, there have been considerable improvements in purely supervised speech recog-
nition systems. Data augmentation (Park et al., 2019), self-training (Synnaeve et al., [2019;
Kahn et al., 2020a) have advanced the state-of-the-art performance on English speech recog-
nition. It is likely that augmentation methods are orthogonal to the proposed improvements
on universal speech representation learning, and that one could combine both to improve
results even further. Additionally, the impact of data augmentation and self-training can
be further assessed in terms of its impact on robustness using the methods proposed in this

section.

5.6 Conclusion

I introduced an unsupervised speech representation learning method that implicitly discovers
acoustic representations from up to 8000 hours of diverse and noisy speech data. I have
shown, for the first time, that such pretrained representations lead speech recognition
systems to be robust to domain shifts compared to standard acoustic representations, and
compared to representations trained on smaller and more domain-narrow pretraining datasets.
These representations were evaluated on a standard speech recognition setup where the
models are trained and evaluated on in-domain data and also on transfer tasks where the
models are evaluated on out-of-domain data. I obtained consistent improvements on 25
phonetically diverse languages including tonal and low-resource languages. This suggests I
are making progress toward models that implicitly discover phonetic structure from large-

scale unlabelled audio signals.
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Language name Code Dataset Hours
Ambharic am ALFFA 18.3
Fongbe fon ALFFA 5.2
Swahilli SW ALFFA 8.9
Wolof WO ALFFA 16.8
Czech cs  OpenSLR-6 15.0
Uyghur ug OpenSLR-22 20.2
Javanese jv OpenSLR-35 236.8
Sundanese su OpenSLR-36 2659
Tunisian Arabic ar OpenSLR-46 4.5
Sinhala si  OpenSLR-52 179.6
Bengali bn OpenSLR-53 172.3
Nepali ne OpenSLR-54 123.6
African French fr  OpenSLR-57 13.7
Catalan ca OpenSLR-59 719
Malayalam ml  OpenSLR-63 4.4
Tamil ta OpenSLR-65 5.7
Spanish es OpenSLR-67 19.6
Nigerian English en OpenSLR-70 39.5
Chilean Spanish es OpenSLR-71 5.7
Columbian Spanish  es OpenSLR-72 6.1
Peruvian Spanish es OpenSLR-73 7.3
Basque eu OpenSLR-76 11.0
Galician gl OpenSLR-77 8.2
Gujarati gu OpenSLR-78 6.3
Kannada kn OpenSLR-79 6.7

Table 5.2: Summary of Multilingual Datasets.
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WSJ LibriSpeech Tedlium Switchboard

test92  test93  test-clean  test-other dev test eval2000
WSJ
LogFilterbank 16.78  23.26 46.27 73.27 58.61 62.55 96.44
CPC-LibriSpeech 11.89 15.66 31.05 56.31 4542  47.79 83.08
CPC-8k 10.77  14.99 29.18 51.29 3846 39.54 69.13
LibriSpeech
LogFilterbank 1442  21.08 6.43 20.16 269 2594 61.56
CPC-LibriSpeech 14.28  20.74 6.91 21.6 2653  27.14 63.69
CPC-8k 13.31 18.88 6.25 19.10 21.56 21.77 53.02
Tedlium
LogFilterbank 20.35 27.23 24.05 4727 1875 19.31 74.55
CPC-LibriSpeech 15.01 19.52 17.77 36.7 1528 1587 61.94
CPC-8k 1317 17.75 16.03 3235 13.67 13.88 47.69

Table 5.3: Domain transfer experiments to test the robustness of the representations to
domain shifts. The models are trained on the Wall Street Journal, LibriSpeech or Tedlium
and evaluated on different evaluation sets. The results on in-domain evaluation sets are in

gray color. All the results are without a language model.

LibriSpeech
dev-clean dev-other test-clean test-other
10% 100% 10% 100% 10% 100% 10% 100%

LibriSpeech

LogFilterbank (OpenSeq2Seq) - 6.67 - 18.67 - 6.58 - 19.61
LogFilterbank (ours) 19.83 6.63 3897 1877 19.65 643 4126 20.16
CPC-LibriSpeech 15.07 6.70 33,55 19.77 1496 691 36.05 21.60
CPC-8k 13.92 6.20 30.85 1793 13.69 6.25 3281 19.10
+ LM decoding

LogFilterbank (OpenSeq2Seq) - 4.75 - 13.87 - 4.94 - 15.06
LogFilterbank (ours) 12.49 4.87 2871 1414 1229 5.04 31.03 15.25
CPC-LibriSpeech 9.66 4.87 2472 1434 9.41 505 2677 16.06
CPC-8k 8.86 435 2210 1296 8.70 472 2415 1447

Table 5.4: Sample efficiency experiments with the TDNN trained and evaluated on Lib-
riSpeech. The results are word error rate on the LibriSpeech development and evaluation
sets. 10% vs. 100% indicates the amount of training data used. The section in + LM
decoding contain results with beamsearch decoding with a 4-gram language model. The

underlined (OpenSeq2Seq) scores are taken from public benchmarks.
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Chapter 6
Conclusion

This thesis started from the question of whether it is possible to design methods to in-
corporate linguistic structures while taking advantage of the representational power of
distributed representations. In the previous chapters, I covered diverse linguistic structures
and phenomena that are missing from recent works on statistical modelling of language
such as word creation and reuse (§ [3)), word discovery and grounding (§ {)), and universal
phonetic structure (§[5). The proposed methods are evaluated on new datasets and evaluation
setups focusing on efficiency, generalization (robustness, multilinguality) and interpretability
together with their performance on standard language modelling and speech recognition
tasks. Overall, the results show the potential of combining explicit and implicit modelling
of linguistic structures for better statistical models of language. I summarize the results and

the findings and discuss future directions to conclude.

6.1 Explicit and Implicit modelling

This section summarizes how the balance between explicit and implicit modelling was

explored in each section.

Word creation and reuse The open-vocabulary language model proposed in § [3|defines
an explicit probabilistic model of character sequences that is a mixture of a word generation
model and a lexical generation model. The model explicitly decides when to create a word
character-by-character or retrieve from lexical memory that stores recently observed words.
On the other hand, the morphological structures inside of words and syntactic structures

between words are implicitly captured by hierarchical neural networks. The hierarchical
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neural network is an implicit model but the model architecture itself provides inductive
biases to let one model focus on morphological structures and the other focus on syntactic
structures. The balance between explicit and implicit modelling enables us to use distributed
representations and gradient-based learning. The results on language modelling show that
the hierarchical neural networks is better than a completely implicit character-level LSTM

in terms of held-out perplexity.

Word discovery and grounding The word discovery model extends the open-vocabulary
language model with extra explicit latent variables that decide whether to put a word bound-
ary after each character. Unlike the original model which avoids expensive combinatorial
optimization, the proposed model needs to consider all possible segmentation decisions
explicitly. In order to combine the explicit latent variable model with distributed represen-
tation and gradient base learning, we proposed to use a conditional semi-Markov model
that enables us to compute the marginal efficiently with dynamic programming. The pro-
posed method keeps the model differentiable at the same time as computing the marginal in
tractable time. We found that alternative methods which approximate the marginal, such as
REINFORCE and importance sampling, are not effective to discover meaningful structures.

We also proposed a regularization method (prior) that penalize the model based on the
length of each segment. Although the length of each segment is not differentiable, we
proposed to use the expected length of each segment that can be efficiently computed and
differentiated together with the marginal likelihood. The experiments show that all the
components are necessary to induce meaningful structure and to learn a good predictive

distribution over character sequences.

Acoustic Modeling The representation learning models of text aim at representing dif-
ferent levels of structures from low-level morphological structures to high-level semantic
structures in a single model. On the other hand, for acoustic modelling, I started from
implicit learning of low-level phonetic structures. As the results show, the benefit of using
implicit modelling is that the learned distributed representations are able to capture phonetic
structures that generalize across different languages and they can be directly used to improve
the robustness and efficiency of speech recognition models.

Explicit modelling of phonetic structures from raw audio is a promising direction to
directly model how humans acquire language. However, from the machine learning point of

view, it is hard to design an efficient learning algorithm on high-frequency audio data (the
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standard 16kHz audio contains 16,000 data points in one second). In theory, the segmentation
algorithm presented in § 4| should be applicable for discovering phonetic structures in audio
signals, but in practice, it requires a lot of computing to explicitly marginalize all possible
segmentations over the long sequences. Recently, discrete representation learning techniques,
such as vector quatization (Oord et al., 2018)) and variable-length encodings (Dieleman et al.,
2021)), can be used to reduce the sequence length while discovering meaningful units in

continuous signals.

6.2 Efficiency, Generalization and Interpretability

As reviewed in §2.1] the quality of representations can be characterized by their efficiency,
generalization and interpretability. In this thesis, I proposed datasets and evaluation frame-
works to evaluate the representations on these aspects.

In § 3] the proposed language model was evaluated on the multilingual Wikipedia corpus
(MWC) which consists of 7 different languages. These typologically diverse languages
enable us to evaluate whether the proposed model is able to capture different use of morphol-
ogy in each language. The corpus facilitated evaluating the generalization ability of language
models on non-English languages in the follow-up works (Blevins and Zettlemoyer, 2019;
Mielke and Eisner, 2019; |Melis et al., [2019)).

In § @] I proposed a model that explicitly induces word-like units from unsegmented
character sequences. Since the word segmentation task has been designed to simulate child
language acquisition, it is standard to evaluate on small corpora of simple utterances directed
at children. In addition to the small corpora, which evaluate how quickly the model capture
regularities in the small amount of data, the models are evaluated on a standard language
modelling dataset so that the model generalizes to complex sentences derived from news
articles in English and Chinese. The interpretability of the learned structures is evaluated
by comparing them against human-annotated references. Moreover, I propose a grounded
word segmentation task that learns to discover and represent words from pairs of sentences
and corresponding images. The new dataset is derived from the image caption dataset
(MS-COCO). The dataset facilitates to study of multi-modal aspects of language learning in

future works.
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In § 5] I proposed new evaluation frameworks to test the robustness to domain shifts and
multilingual generalization of the learned representations. Traditionally, ASR systems have
been trained on each dataset (e.g. read speech, phone call etc). However, in the proposed
framework, an ASR system trained on a single dataset is evaluated on diverse datasets in
different domains. The experiments show that the ASR system trained on top of the learned
representations works better on diverse datasets. The results suggest that the representations
capture phonetic representations that generalize well to different domains. Moreover, the
multilingual generalization is evaluated using speech recognition datasets in 25 different
languages including low resource languages. The results open new research directions on

universal speech representations.

6.3 Future Work

Statistical models of language have been studied for a long time as a model of human
language acquisition and as a tool for practical applications such as spelling correction,
speech recognition and translation. Recently, researchers found that large scale neural
language models that learn implicit representations of language in more than 100 billion
parameters are able to learn remarkable predictive distributions of language (Brown et al.,
2020). The large-scale models trained on web-scale corpora are able to generate language
much more fluently than previous models. However, it is still unclear whether such large-
scale models are able to integrate the benefits of explicit modelling in terms of efficiency,
generalization and interpretability. In this section, I propose several directions for future
research.

Open vocabulary language modelling and lifelong learning are interesting setups that
are closely aligned with the process of human language acquisition. The model needs to
acquire words and phrases continuously from new linguistic observations as humans do. One
approach is to directly apply the large-scale neural language models. However, as I presented
in the thesis, implicit models may not be suitable for modelling quick adaptation to new
context while being robust to the domain (topic) shifts over time. The memory mechanism
presented in this thesis is a proposal to enable models to quickly adapt to the local context by
reusing newly observed words and there are other promising alternatives proposed for closed-

vocabulary language modelling such as retrieval memory (Guu et al., 2018; |[Khandelwal
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et al., 2019). In addition to modelling, unlike standard language modelling evaluation where
the training and test corpus are fixed, it is necessary to design new evaluation methods
that evaluate efficient adaptation to new observations and robustness to domain shifts in a
lifelong learning setup.

Another future direction is to further investigate the relationship between language
learning and non-linguistic observations. In this thesis, I presented initial results that
grounding to visual context improves the performance on language modelling and word
discovery. In future work, it may be possible to learn from other modalities such as videos
and sensory signals from robots. One limitation of the recent works on grounded language
reviewed in § and the experiment in this work, is that the models are trained and evaluated
only on datasets designed for grounded language learning. Since the representations are
specialized to learn the correspondence between text and other modalities, it is unclear
whether the grounded linguistic representations are useful for standard languages processing
tasks such as question answering and translation. Considering the fact that humans are
able to learn language from different channels such as reading books (text only), watching
the news (audio and video), and learning from each channel seem to help each other, it is
interesting to implement such mechanisms in machine learning models.

Lastly, end-to-end language learning from speech, which learns different levels of
linguistic representations from phonemes to semantics directly from speech signals, is
a compelling extension of this thesis. As discussed in § [5 explicit modelling of high-
frequency audio data is a challenging machine learning problem. However, as the evidence
from cognitive science show (Saffran et al., [1996), humans are able to discover words from
continuous speech signals before start using text. The efficient combination of explicit
and implicit modelling may enable us to learn directly from audio and to integrate other
linguistic phenomena explored in this thesis (e.g. word creation, reuse, grounding) into a

single model.
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