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Abstract

User-generated texts contain not only non-standard words, such as b4 for before, but
unusual word usages, such as catfish for a person who uses a fake identity online, which
requires knowledge about the words to handle such cases in natural language processing.

This dissertation studies these unconventional word usages in social media contexts
to gain a better understanding of informal language and to advance natural language
processing systems in such settings. To support this effort, we introduce a new dataset
that captures non-standard word usages in both English and Japanese, and we present
a neural model for detecting these usages from large-scale text streams. To deal with
the lack of training data for this task, we propose a method for synthetically generating
pseudo non-standard examples from a corpus, which enables us to train the model without
manually-annotated training data and for any arbitrary language. Experimental results
on X and Reddit datasets show that our proposed method achieves better performance
than existing methods, and is effective across different languages.
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Chapter 1

Introduction

1.1 Background

Social media text often contains slang and other non-standard language usages, posing
problems for natural language processing (NLP) (Eisenstein, 2013). Much research has
addressed this issue at the word-type level, where a word-type refers to a unique word
within a text corpus, tackling expressions such as b4 to mean before or soz to mean
sorry (Aw et al., 2006; Han and Baldwin, 2011; Han et al., 2013; Li and Liu, 2015;
Barteld, 2017; Stewart and Eisenstein, 2018; Kulkarni and Wang, 2018; Lourentzou
et al., 2019; Cho and Kim, 2021; Sun et al., 2022). However, to fully understand
informal language use, it is also essential to examine word-token level usages, where a
word-token refers to a specific instance of a word as it appears in a particular context.
For example, in the sentence The person turned out to be a catfish from an online dating
app, catfish means “a person who uses a fake online profile”, diverging from its original
definition of an aquatic animal (Magdy et al., 2022). This shift highlights how a single
dictionary-listed word can evolve a context-specific sense in online conversations.

This dissertation investigates the word-token level usage of dictionary-listed words
on social media that deviates from standard conventions. We refer to these deviations
as non-standard word usages: non-standard extensions of existing word senses that
diverge from their conventional or literal meanings. Unlike word-type level slangs,
jargons or new word occurrences, such as b4 or soz, non-standard word usages emerge
when an established word takes on an additional meaning or function within particular
social or cultural contexts, often exhibiting creative or context-specific nuances.

Figure 1.1 further illustrates our primary research objective, highlighting the distinc-
tion between In-Vocabulary (IV) and Out-of-Vocabulary (OOV) words. Our central
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All Words

In-Vocabulary (IV)

Standard Word Usages Non-standard Word Usages
Out-of-Vocabulary

(OOV)

Examples:
"I saw it b4."
"I’m late, soz."

Examples:
"Try catfish tonight."
"I want that Dodgers cap."

Examples:
"His match was a catfish."
"That’s no cap!"

Figure 1.1: Illustration of our primary research focus (striped area): In-Vocabulary
words used as a non-standard usage. For example, catfish denotes a type of fish but
can also mean someone misrepresenting themselves online, and cap typically means
“hat” but can also mean “lie” in slang. Out-of-Vocabulary words, such as b4 or soz, fall
beyond the scope of this thesis.

focus is on handling known IV words that exhibit non-standard or evolving meanings,
such as catfish or cap in Figure 1.1, rather than completely new terms that fall into the
OOV category, such as b4 or soz in the figure. This distinction is crucial because a single
IV term may appear in both standard and non-standard senses, creating ambiguities that a
robust NLP system must resolve. Consequently, the figure raises a fundamental research
question: can we reliably distinguish non-standard word usages to advance NLP
systems for informal language understanding? Before we delve into the research
topic, we first examine why these emergent word usages warrant deeper investigation, as
following sections will clarify the broader complexities they impose on NLP systems.

Non-standard word usages pose a unique challenge for NLP systems, owing to their
evolving and context-dependent nature. They are frequently employed to convey sen-
sitive content in ways that evade censorship (Huang et al., 2013; Zhang et al., 2015;
Steen et al., 2023), necessitating systematic detection to prevent online harms (Fillies
and Paschke, 2024). Non-standard word usages also exist not only in English but also
in other languages (Sboev, 2016), which causes an issue in downstream NLP tasks such
as machine translation. As an example, Figure 1.2 demonstrates how a machine trans-
lation model processes an input sentence containing a non-standard word usage. In this
example, as of December 2024, Google Translate provides a literal translation of the
Japanese word “鯖 (mackerel)”, failing to capture its meaning of the slang sense “サー
バー (computer server)”, which arises from its phonetic similarity. Hence, the correct
translation accounting for the non-standard word usage would be “Twitter’s computer

2



Figure 1.2: Result from Google Translate for non-standard word usage.

servers have gone down.” This example illustrates a broader problem: most models
lack the lexical and contextual resources needed to accurately handle these non-standard
word usages.

The difficulty in resolving non-standard word usages within NLP systems is primarily
due to the lack of comprehensive resources documenting these usages, causing models
to misinterpret their alternative meanings. Recent research shows that knowledge of
word usages plays a crucial role in improving the quality of downstream NLP tasks
including machine translation (Hangya et al., 2021; Campolungo et al., 2022), language
modeling (Zhang et al., 2020) or question answering (Fang et al., 2022), implying that
non-standard language use can be handled within the same framework. Nevertheless,
even though linguistic resources such as BabelNet (Navigli and Ponzetto, 2010) provide
extensive semantic networks, they omit many slang senses, creating further obstacles for
training models capable of recognizing non-standard word usages.

The systematic collection of non-standard word usages is therefore essential for im-
proving NLP systems, and the detection of these usages is particularly crucial. This
is because, as a first step in populating language resources with these expressions, we
must systematically extract them from large-scale texts. However, there are three major
challenges that must be addressed before a reliable detection method can be developed.

1. Lack of annotated data for non-standard word usages.
This scarcity prevents supervised machine learning models from being trained
effectively, thereby posing additional challenges. Recent efforts have attempted to
build datasets for slang and non-standard usages. For instance, Sun et al. (2024)
constructed a slang dataset from English movie subtitles. Despite ongoing ad-
vances, there remains a lack of training datasets covering a wide range of domains,
causing semi-supervised methods to struggle with cross-domain knowledge trans-
fer (Ruder and Plank, 2018).

3



2. The need for multilingual systems.
Since non-standard word usages are not confined to English but also arise in
other languages (Sboev, 2016), it is essential to develop a scalable, language-
independent approach to acquiring and understanding them. Given their multi-
lingual nature, failing to address these variations can limit the generalizability of
NLP models on social media data. Consequently, cross-lingual analysis of detec-
tion methods becomes vital for addressing such usages across diverse linguistic
contexts.

3. The necessity of a lightweight approach.
Given the massive volume of social media data, relying solely on computationally
intensive methods, such as the one based on an in-house large language model
(LLM), can be impractical. Likewise, using third-party LLMs, such as ChatGPT
(OpenAI, 2023), would be prohibitively expensive for large-scale deployment.
Instead, more efficient, lightweight solutions are required to analyze and monitor
evolving non-standard word usages at scale, without incurring excessive compu-
tational or financial costs.

In this dissertation, we study non-standard word usages both in English and Japanese
to deepen our understanding of informal languages and to advance NLP systems accord-
ingly. We address the aforementioned challenges in non-standard word usage detection
by developing the following two language-independent, annotation-free methods:

• Word Embedding-based Method.
This approach incorporates word embeddings to capture semantic similarities
between words, enabling the identification of non-standard usages by analyzing
deviations from standard patterns. We employ Skip-gram (Mikolov et al., 2013)
for learning word representations, which can be done in a language-independent
manner and is a lightweight solution. To train these embeddings, this method
utilizes a balanced set of usage examples so that each word usage is represented
proportionally, allowing the model to effectively distinguish non-standard from
standard usages. Furthermore, by manipulating the learning algorithm of Skip-
gram with negative sampling and comparing dot products between target and
context words, the approach can detect which words are used in a non-standard
way, leveraging the common-sense knowledge encapsulated in the trained word
embeddings.

4



• Masked Language Model-based Method.
This approach leverages masked language models (MLMs) to evaluate a word
usage within a broader context, enabling more accurate detection of non-standard
expressions than the word embedding-based method. We employ RoBERTa (Liu
et al., 2019), a widely used MLM in modern NLP, which is available in over
100 languages making them well-suited for multilingual scenarios. To eliminate
the need for large annotated corpora, this method employs pseudo-label training
(Bergsma et al., 2008; Poon et al., 2009) by generating synthetic datasets for non-
standard word usage detection, which are then applied in real-world settings. A
classifier layer is built on top of the MLM components and is fine-tuned using
these pseudo-labeled corpora, allowing the system to predict whether a given word
usage is non-standard. This design remains sufficiently lightweight to be feasibly
applied to large-scale, real-world text streams, thereby addressing the need for
scalable, multilingual solutions.

In addition, we introduce a new dataset designed to advance research in this area.
This dataset comprises data from English Reddit1 and Japanese X2 (formerly Twitter),
allowing us to examine the robustness of our methods across different linguistic set-
tings. Unlike Sun et al. (2024), which focused on slang expressions in movie subtitles,
our dataset draws upon social media texts, thereby capturing the highly dynamic and
evolving nature of real-world, user-generated languages. As such, it serves as a more
representative benchmark for studying non-standard word usages in authentic online
contexts.

In our experiments, we first concentrate on the task of word usage classification,
where the objective is to determine whether a given word in a sentence is used in
a non-standard way. We evaluate this classification task using a Japanese X dataset,
a newly created expert-annotated corpus tailored for word usage classification. We
then extend our approach to a non-annotated English Reddit dataset, discovering non-
standard usages with evaluations conducted by crowd-workers. The results on both the
Japanese X dataset and the English Reddit dataset demonstrate that our proposed model
can effectively detect non-standard usages across different languages and social media
platforms.

1https://www.reddit.com
2https://x.com
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1.2 Contributions

Non-standard word usages have become increasingly pivotal in NLP, particularly as
social media content diversifies and expands. This thesis addresses the complexities
of detecting and analyzing non-standard word usages in multilingual social media data.
The primary contributions of this work are summarized as follows:

• Methods for Non-standard Word Usage Detection on Social Media.
We introduce two distinct approaches that do not rely on specialized non-standard
usage annotations:

– A word embedding-based approach that employs Skip-gram and balanced
corpora to learn semantic representations in a lightweight, language-agnostic
manner. By comparing deviations from common-sense norms embedded
within these learned vectors, this approach effectively identifies non-standard
usages without extensive manual labeling.

– A masked language model (MLM)-based approach that employs RoBERTa
and a word usage classifier layer enhanced with pseudo-label training.
RoBERTa is available in multiple languages, making this method inherently
language-agnostic and suitable for diverse linguistic contexts. Synthetic
examples are generated from unannotated corpora, enabling more robust
detection of non-standard word usages across varying real-world scenarios.

• Construction of Novel Datasets for Non-standard Word Usages.
We curate new datasets for non-standard word usages on English Reddit and
Japanese X. By focusing on authentic, user-generated text, these datasets more
accurately represent the evolving and informal nature of language on social media.

• Multilingual Evaluation of Non-standard Word Usages.
Our methods are systematically evaluated on both English and Japanese datasets,
demonstrating adaptability across languages with distinct linguistic features. Expert-
annotated data and crowd-sourced evaluations confirm the scalability and effec-
tiveness of the proposed approaches.

These contributions collectively advance the detection and analysis of non-standard
word usages, offering new datasets and innovative methodologies, and a comparative
framework for handling informal languages in large-scale, multilingual social media
contexts.
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1.3 Outline of Thesis

This thesis investigates methods for detecting non-standard word usages and a cru-
cial aspect of understanding informal languages, by developing novel computational
approaches. The structure of the thesis is organized as follows:

• Chapter 2 surveys existing literature on non-standard word usages and reviews
two foundational NLP components: representation learning by the Skip-gram
model and masked language modeling with RoBERTa.

• Chapter 3 first creates a dataset of non-standard word usages of X in Japanese,
annotated by experts to conduct the analysis of this phenomenon. We then in-
troduce a word embedding-based method that detects non-standard usages in an
unsupervised manner by examining context-word similarities.

• Chapter 4 proposes a masked language model-based method augmented with
pseudo-label training, eliminating the need for extensive annotated corpora. This
chapter also introduces an English Reddit dataset annotated by crowd-workers
and presents a comprehensive evaluation of both the word embedding-based and
masked language model-based methods on Japanese and English datasets.

• Chapter 5 concludes the thesis by summarizing the main findings, discussing
broader implications for NLP, and proposing directions for future work.

7



Chapter 2

Related Work

In this chapter, we first review the existing literature on the use of informal language
in social media and related studies in natural language processing. We then focus on
word embedding and masked language modeling, highlighting key considerations for
their application to non-standard word usages and examining how these approaches have
been utilized in related work.

2.1 Informal Language Use on Social Media

Eisenstein (2013) reported that social media text contains a lot of non-standard usages,
including emoticons and abbreviations, which some researchers have attempted to nor-
malize at the lexical level (Han and Baldwin, 2011). There has also been work on
predicting the meaning of rare or unknown words (Stewart and Eisenstein, 2018; Yan
et al., 2020). One of the related areas of research is slang (Kulkarni and Wang, 2018; Pei
et al., 2019; Sun et al., 2022). Particularly, Sun et al. (2024) focus on broad slang as their
research subject, examining not only in-vocabulary words and multi-word expressions
such as sugar daddy, but also other slang terms like innit, used to mean “isn’t it”, or bruv,
meaning “brother”. In our study, we focus solely on the usages of in-vocabulary words
appearing in social media texts generated by users, whereas their research mainly deals
with subtitles in the movie domain. Therefore, our research differs from that of Sun
et al. (2024) in terms of the research subject. Also, the term “slang” can be somewhat
ambiguous in this context. Specifically, it may refer to a word itself being considered
slang (word level) or to a particular usage being considered slang (token level). In this
study, we use the term “non-standard word usage” to avoid this ambiguity, referring only
to the latter case.
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Elsewhere, researchers have focused on in-vocabulary words that have novel or special
uses in a particular domain. Gella et al. (2014) observed that individual Twitter users
tend to favor specific senses for particular words, which may differ from user to user.
Bamman et al. (2014) proposed a model to learn word representations that reflect
geographical differences in language usage. Hamilton et al. (2016) and Yang and
Eisenstein (2017) reported that, on social media such as Twitter, words can have opposite
sentiment polarities depending on the author or communities that the author belongs.
Other research focuses on investigating specific language use across communities. For
example, Del Tredici and Fernández (2018) conducted an analysis of language use
across different communities, while Lucy and Bamman (2021) attempted to investigate
meanings in niche communities.

2.2 Natural Language Processing for
Evolving Word Usages

In the following sections, we explore how a range of NLP tasks and methodologies
can shed light on the complexities of informal language, newly emerging usages, and
domain-specific expressions in user-generated texts.

2.2.1 Word Sense Disambiguation

Word sense disambiguation (WSD) is a fundamental task in NLP (Ide and Véronis,
1998; Navigli, 2009), closely related to our work. WSD systems are typically trained on
relatively clean, well-curated text and reference senses from static inventories. However,
social media platforms introduce non-standard word usage, including dynamic slang,
creative orthography, and rapid sense evolution, that often fall outside typical settings.

As Liu and Liu (2023) reported, non-standard word usages on social media are
frequently out-of-distribution compared to models trained on conventional corpora,
where they claimed that such usages can lead WSD models to overfit or misinterpret
novel senses with high confidence. Moro et al. (2014) proposed Babelfy, a unified
approach to WSD and entity linking, which leverages a lexicalized semantic network
to generate semantic signatures for concepts and named entities. By treating WSD and
entity linking as interconnected tasks, Babelfy offers a more flexible framework that can
potentially adapt to the dynamic nature of social media language. Although leveraging
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extra-linguistic cues can be beneficial (Barnard et al., 2003), the unpredictable context
of social media posts, which often include memes, emojis, or abbreviations, complicates
disambiguation. As an alternative, Bejgu et al. (2024) proposed Word Sense Linking, a
more flexible approach that moves beyond traditional assumptions of predefined sense
candidates and pre-identified ambiguous spans. Their method automatically identifies
spans to disambiguate and links them to appropriate senses, but it still relies on a fixed
sense inventory and may struggle with completely novel senses, such as emerging social
media terms like catfish.

2.2.2 Semantic Change Detection

Semantic change detection (SCD) is yet another close research field (Kulkarni et al.,
2015; Hamilton et al., 2016; Kutuzov et al., 2018; Hu et al., 2019; Giulianelli et al., 2020;
Montariol et al., 2021; Inoue et al., 2022; Nagata et al., 2023). In the field of diachronic
semantic change, their focus is on employing word similarity calculations across different
time spans (Kulkarni et al., 2015; Hamilton et al., 2016; Giulianelli et al., 2020; Martinc
et al., 2020; Nagata et al., 2023) or clustering using topic models (Montariol et al.,
2021; Inoue et al., 2022), which differs from our main research objective. Tang et al.
(2023) propose a sense-centric method for detecting semantic changes across corpora.
Their approach leverages pretrained, static sense information to automatically annotate
word occurrences with sense IDs, then compares the resulting sense distributions across
corpora using divergence or distance measures. However, as with the WSD approaches
discussed above, this method relies on fixed sense information, which may limit its
capacity to address non-standard word usages or rapidly evolving language not well-
represented in existing sense inventories.

2.2.3 Unknown Sense Detection

Most relevant to this study is research on detecting unknown or novel senses in web
corpora. Erk (2006) addressed the problem of unknown word sense detection, which
involves identifying corpus occurrences not covered by a given sense inventory, an area
where many WSD or SCD methods struggle due to non-standard word usages. Lau
et al. (2012) introduced the task of novel sense detection, where they attempted to
identify novel word senses via word sense induction through topic modelling, which
Cook et al. (2014) extended by leveraging novelty scores for word senses. Building
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on these foundations, Lau et al. (2014) introduced a method for learning word sense
distributions and detecting unattested senses, particularly useful in domain adaptation.
Their approach employs topic models as a proxy for sense, enabling the grouping of
tokens that exhibit the same novel sense.

One important distinction, however, is that these studies primarily focus on word-type
level processing rather than individual usage. This contrasts with our core research
objective, which requires analysis at the word-token level by examining each instance
of word usage in context. Moreover, as noted by Li et al. (2016) and Wu et al. (2022),
classic topic modeling approaches often face challenges when applied to shorter texts
(such as those on X), due to data sparsity and limited word co-occurrence information.
This limitation suggests that alternative methods may be more suitable for detecting
non-standard word usage in such contexts.

2.3 Word Embedding-based
Non-standard Word Usage Detection

2.3.1 Word Embedding

Word embedding is a cornerstone of modern natural language processing (NLP), en-
abling machines to understand and process human language with greater nuance and
accuracy. At their core, word embeddings are dense vector representations of words
in a continuous vector space, where semantically similar words are positioned closely
together (Mikolov et al., 2013). Unlike traditional one-hot encoding methods, such
as Bag-of-Words modeling, which result in high-dimensional and sparse vectors, word
embeddings capture intricate semantic relationships in a dense and efficient manner.

The concept of word embeddings is grounded in the distributional hypothesis (Harris,
1954), which posits that words appearing in similar contexts tend to have similar mean-
ings. This principle is operationalized through various models that learn embeddings by
analyzing large corpora of text, identifying patterns and co-occurrences of words within
predefined contexts.

Mikolov et al. (2013) proposed the Continuous Bag-of-Words (CBOW) and Skip-
gram architectures, which demonstrated significant improvements in capturing semantic
and syntactic relationships. These neural models leverage shallow neural networks to
predict target words from their contexts (or vice versa), effectively learning meaningful
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vector representations in the process. They also published a widely used software tool
called Word2Vec1 to learn word embeddings using these two methods. Other models,
such as GloVe (Pennington et al., 2014) and FastText (Bojanowski et al., 2016), have
further enhanced the quality and applicability of word embeddings. GloVe combines
global matrix factorization with local context window methods, while FastText extends
the Word2Vec approach by incorporating subword information. This extension allows
the model to generate embeddings for out-of-vocabulary words through the aggregation
of character n-grams.

In summary, word embeddings provide a foundational framework for representing
and manipulating textual data in a continuous vector space, facilitating more sophisti-
cated and effective NLP models. The subsequent subsections dive deeper into specific
embedding techniques of Skip-gram model.

2.3.2 Skip-gram with Negative Sampling

The Skip-gram model, introduced by Mikolov et al. (2013), is a widely used neural
network-based approach for learning high-quality distributed word representations. It is
a key component of the word2vec framework and has significantly influenced subsequent
developments in natural language processing and word embedding techniques.

In Skip-gram, given a sequence of words 𝑤1, 𝑤2, . . . , 𝑤𝑇 in the training data and a
window size 𝑚, the objective is to maximize the following expression:

1
𝑇

𝑇∑
𝑡=1

∑
−𝑚≤𝑖≤𝑚,𝑖≠0

log 𝑝(𝑤𝑡+𝑖 |𝑤𝑡),

where 𝑝(𝑤𝑘 |𝑤𝑡), the probability of the context word 𝑤𝑘 given the target word 𝑤𝑡 , is
defined as:

𝑝(𝑤𝑘 |𝑤𝑡) =
exp(vIN

𝑤𝑡
· vOUT

𝑤𝑘
)∑

𝑤∈𝑊 exp(vIN
𝑤𝑡

· vOUT
𝑤 )

.

Here, 𝑊 represents the vocabulary of the training data, and vIN and vOUT are the input
and output word vectors, respectively. The model predicts context words surrounding a
given target word, using these vectors to compute probabilities.

To reduce the computational cost of training, Mikolov et al. (2013) proposed Skip-
gram with Negative Sampling (SGNS). SGNS modifies the Skip-gram objective to

1https://code.google.com/archive/p/word2vec
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maximize the following expression when the target word 𝑤𝑡 and a context word 𝑤𝑘
appear close to each other:

log𝜎(vIN
𝑤𝑡

· vOUT
𝑤𝑘

) +
𝑁∑
𝑛=1

E𝑤𝑛∼𝑍 (𝑤) log𝜎(−vIN
𝑤𝑡

· vOUT
𝑤𝑛

),

where 𝜎 denotes the sigmoid function, 𝑁 is the number of negative samples, and 𝑍 (𝑤)
is a probability distribution used to sample negative examples. In SGNS, when 𝑤𝑡 and
𝑤𝑘 co-occur, the term log𝜎(vIN

𝑤𝑡
· vOUT

𝑤𝑘
) is maximized, while log𝜎(−vIN

𝑤𝑡
· vOUT

𝑤𝑛
) is

minimized for negative samples 𝑤𝑛. This optimization allows SGNS to efficiently learn
word vectors that reflect co-occurrence patterns in the corpus.

When measuring word similarity, the input word vectors vIN are widely used. However,
relatively few studies, such as those by Mitra et al. (2016) and Press and Wolf (2017),
have effectively utilized the output word vectors vOUT. Levy and Goldberg (2014)
demonstrated the equivalence between SGNS and Shifted Positive Pointwise Mutual
Information (SPPMI), showing that the use of both vIN and vOUT in SGNS is related to
leveraging word co-occurrence information encoded in SPPMI. This equivalence implies
that the strength of association between a target word and its surrounding words can be
effectively captured using these vectors.

Considering the training process of input and output word vectors in SGNS and its
equivalence to SPPMI, it becomes clear that calculating word similarity should not solely
rely on cosine similarity between input vectors (vIN

𝑤𝑡
and vIN

𝑤𝑘
), as commonly done in prior

research. Instead, similarity measures that incorporate both input and output vectors,
such as 𝜎(vIN

𝑤𝑡
· vOUT

𝑤𝑘
), should also be considered for a more comprehensive evaluation

of word relationships.
In this thesis, SGNS serves as a foundation for developing our word embedding-

based approach to identifying non-standard word usage. Its ability to capture semantic
similarities is particularly valuable for understanding deviations in word usage, which is
a core aspect of our proposed methodology.
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2.4 Masked Language Model-based
Non-standard Word Usage Detection

2.4.1 Transformer-based Language Modeling

Language models are fundamental components in NLP that assign probabilities to se-
quences of words, enabling tasks such as text generation, translation, and comprehension.
Formally, a language model defines a probability distribution 𝑃(x) over a sequence of
tokens x = {𝑥1, 𝑥2, . . . , 𝑥𝑛}, where:

𝑃(x) =
𝑛∏
𝑖=1

𝑃(𝑥𝑖 |𝑥1, 𝑥2, . . . , 𝑥𝑖−1).

Vaswani et al. (2017) introduced transformer, a widely used framework in neural
network-based language models. Unlike Recurrent Neural Networks (RNNs) (Cho
et al., 2014) or Long Short-Term Memory (LSTM) networks, transformer processes all
tokens in a sequence simultaneously, thereby enabling efficient parallelization and the
capture of long-range dependencies.

Figure 2.1 presents an overview of the transformer architecture. The model consists of
multiple layers, each integrating multi-headed self-attention and feed-forward networks.
Layer normalization (Ba et al., 2016) stabilizes training and accelerates convergence,
while residual connections (He et al., 2016) promote efficient gradient flow, mitigating
the risk of vanishing gradients.

An autoregressive language model, including the transformer, is trained to predict
the next token in a sequence given all previously observed tokens. Formally, given
a tokenized sequence x = (𝑥1, 𝑥2, . . . , 𝑥𝑛), the training objective is to minimize the
negative log-likelihood of the observed tokens:

L𝐿𝑀 = −
𝑛∑
𝑖=1

log 𝑝(𝑥𝑖 | 𝑥<𝑖; 𝜃),

where 𝜃 denotes the parameters of the model, and 𝑝(𝑥𝑖 | 𝑥<𝑖) is the model’s conditional
probability of the token 𝑥𝑖 given all preceding tokens 𝑥<𝑖 = (𝑥1, . . . , 𝑥𝑖−1). Cross-entropy
loss provides a practical way to evaluate how closely the predicted probabilities of the
model match the actual observed tokens. By minimizing this loss, the model learns to
assign higher probability to the correct token at each step, thereby improving its accuracy
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Figure 2.1: The architecture of transformer. Source: (Vaswani et al., 2017)

in predicting the next token.

2.4.2 RoBERTa-based Masked Language Modeling

Masked Language Modeling (MLM) has become a popular way to pre-train the language
models for further inference or downstream task, particularly following the introduction
of models such as BERT (Devlin et al., 2019). MLM is widely used to learn contextual-
ized representations (Peters et al., 2018), leveraging hidden representations from masked
token prediction to capture deep bidirectional context, which can be effectively applied in
various NLP downstream tasks (Yang et al., 2023; Wettig et al., 2023). Unlike traditional
left-to-right or autoregressive language models, MLM is trained over partially masked
input sentences, where a subset of tokens is replaced with a special [MASK] token. The
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model then learns to predict these masked tokens based on their context, enabling the
capture of bidirectional dependencies within text. Formally, given a sequence of tokens
x = {𝑥1, 𝑥2, . . . , 𝑥𝑛}, a subset of tokens is randomly selected and replaced with [MASK],
yielding the masked sequence xmasked. The MLM objective is to maximize the likelihood
of the original tokens given this masked sequence:

LMLM = −
∑

𝑥𝑖∈xmasked

log 𝑝(𝑥𝑖 | xmasked, 𝜃),

where 𝜃 denotes the model parameters. This formulation encourages the model to
learn context-aware representations by leveraging both left and right contexts, thereby
enriching its understanding of language structure and meaning.

Liu et al. (2019) introduced RoBERTa, the bidirectional transformer-based MLM
architecture, that set new benchmarks across a wide range of NLP tasks, including
sentiment analysis, question answering, and text classification. RoBERTa employs a
dynamic masking strategy during training, generating multiple masked versions of the
same text. This approach involves randomly selecting and masking different tokens each
time a sequence is fed to the model. The masking process in RoBERTa follows these
steps:

• 80% of the time: Replace with the [MASK] token.

• 10% of the time: Replace with a random token.

• 10% of the time: Leave unchanged.

This varied approach helps the model learn more robust representations and prevents
it from relying too heavily on the [MASK] token or specific masked patterns. By
dynamically changing the masked tokens in each epoch, RoBERTa ensures that the
model encounters a diverse range of contexts for each word. The remainder of this
section details how the RoBERTa model contextualizes masked tokens within a given
input.

Figure 2.2 illustrates the essential components and workflow of RoBERTa for masked
language modeling. Formally, let the tokenized sequence be x = (𝑥1, 𝑥2, . . . , 𝑥𝑖, . . . , 𝑥𝑛)
where 𝑖 is the index of a token selected for masking, 𝑥𝑖 may be replaced with [MASK],
a random token, or left unchanged according to the masking strategy described above.
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Figure 2.2: Overview of masked token prediction in RoBERTa.

RoBERTa contextualizes the masked token as follows:

H = RoBERTa
(
x
)
, (2.4.1a)

h𝑖 = Extract
(
H, 𝑖

)
, (2.4.1b)

where H denotes the sequence of hidden representations produced by the multi-layered
bidirectional transformers2 of RoBERTa, depicted as RoBERTa Layer in the Figure 2.2,
and h𝑖 is the hidden representation corresponding to the 𝑖-th token. Extract in Equa-

212 layers for RoBERTa-base and 24 layers for RoBERTa-large.
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tion ( 2.4.1b) is a function that selects the hidden state at position 𝑖 from H.
Next, the hidden representation of the masked token, hi, is fed into an LM head as

in the figure to generate a deeper representation for the final masked token prediction.
Formally,

z𝑖 = LM Head
(
h𝑖
)
, (2.4.2a)

LM Head
(
h
)
= W𝑣 FF(h) + b𝑣, (2.4.2b)

FF(h) = LayerNorm
(
GELU

(
W 𝑓 h + b 𝑓

) )
, (2.4.2c)

where FF(·) denotes a feedforward network that serves an intermediate representation
computed by a fully connected layer (FC in the figure), parameterized by the weight
matrix W 𝑓 and the bias term b 𝑓 , followed by a GELU activation (Hendrycks and
Gimpel, 2016) and layer normalization (Ba et al., 2016). The weight matrix W𝑣 and
the bias term b𝑣, project this intermediate vector into the vocabulary size, depicted as
Projection Layer in the figure, thus making it suitable for token prediction as follows:

𝑝(𝑥𝑖 |x) = softmax
(
z𝑖
)
. (2.4.3)

In Figure 2.2, we illustrate the stacked bidirectional transformer component, referred
to as “RoBERTa Layer”. We do so because h𝑖 in Equation ( 2.4.1b), the hidden rep-
resentation produced by this component, is widely used and commonly referred to as
“RoBERTa embedding” (Kennington, 2021; Kaminska et al., 2021; Wang and Riddell,
2022; Kuznetsov et al., 2024). The same applies to other MLM architectures, such as
BERT, which also employ an LM head for the masked language prediction task; the
hidden representation from the bidirectional transformer is frequently used in related
work, including studies on semantic change (Kulkarni et al., 2015; Hamilton et al.,
2016; Giulianelli et al., 2020; Martinc et al., 2020; Nagata et al., 2023) and metaphor
detection (Choi et al., 2021; Li et al., 2023,).

However, as previously reviewed, the LM Head in Equation ( 2.4.2b) is the module the
model actually predicts the masked token, and the FF(·) refines the context for the final
masked token prediction. Despite this crucial role, its functionality is less widely recog-
nized; only a few studies have explored the role of the LM Head in constructive decoding
(Gera et al., 2023), accelerated inference (Arora et al., 2022; Elhoushi et al., 2024), and
general masked token prediction (Petroni et al., 2019; Xu et al., 2020; Heinzerling and
Inui, 2021; Gao et al., 2022). To effectively differentiate word usage, deeper repre-
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sentations can better capture context, as supported by previous research on contextual
embeddings (Ethayarajh, 2019). Therefore, we hypothesize that the feedforward output
within the LM Head, which corresponds to the output in Equation ( 2.4.2c), provides a
more context-rich representation than the commonly used “RoBERTa embedding”, h𝑖
in Equation ( 2.4.1b).

In this thesis, we leverage RoBERTa as a core methodology for detecting non-standard
word usage. The capability of MLM to comprehend nuanced word usage within rich
contextual environments makes RoBERTa particularly suitable for identifying deviations
from standard patterns. Furthermore, we investigate the effectiveness of utilizing the
LM Head in our experiments.
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Chapter 3

Word Embedding-based
Non-standard Word Usage Detection

In this chapter, we begin by investigating word usage through known non-standard word
usage patterns found on the web. We then construct a dataset from X, a collection of user-
generated social media texts, and manually annotate each instance to determine whether
it is standard or non-standard usage. Finally, we propose a method that automatically
detects non-standard usages by leveraging word embeddings.

3.1 Non-standard Word Usages in Japanese

3.1.1 Target Word Selection

In this study, we aim to investigate unconventional word usage. To achieve this, we first
identify a set of candidate words, hereafter referred to as target words, for which we will
annotate each occurrence in a sentence as either standard or non-standard. We selected
target words that meet all of the following conditions:

1. The word has at least one known non-standard usage in the domains of computers,
company/service names, or internet slang.

2. There exists an online resource or reference detailing as non-standard word usage.

3. The word appears at least 100 times in a balanced corpus (ensuring sufficient
frequency).

Based on these criteria, we identified 40 total words: 10 from the computer domain,
10 from company/service names, and 20 from internet slang. Table 3.1 lists all 40 target
words along with descriptions of their non-standard usages.
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Domain Word Description of Non-standard Usage

Computers

串 Proxy
鶴 Tool
垢 Account
蔵 Client
尻 Serial Number
鯖 Computer Server
洒落 Share (software)
狐 Firefox (software)
泥 Android (operating system)
窓 Windows (operating system)

Companies/Services

渋 pixiv
支部 pixiv
庭 KDDI
林檎 Apple Inc.
禿 SoftBank
茸 NTT DOCOMO
芋 eMobile (now known as Y!mobile)
蟹 KLab Inc.
密林 Amazon.com, Inc.
尼 Amazon.com, Inc.

Internet Slang

草 Means “(laugh).”
藁 Means “(laugh).”
虹 Means “2D (two-dimensional).”
惨事 Means “3D (three-dimensional).”
乙 Means “good job” or “thanks for your work.”
裏山 Means “jealous.”
円盤 Means “DVD or Blu-ray disc.”
凸 Means “attack/raid (online).”
空気 Means “lacking presence.”
駅弁 Refers to a regional national university.
鉄板 Means “guaranteed” or “no doubt.”
沼 Means “being stuck in a fandom/interest.”
板 Means “online bulletin board.”
安価 Means “reply,” derived from “anchor” rendered in Kanji.
升 Means “cheat” (the Kanji升 visually approximates “cheat”)
ピザ Refers to an overweight person or gaining weight.
ゆとり Refers to the “yutori” generation in Japan.
地雷 Means “a person or thing that causes trouble.”
養分 Invests time or money into another’s service.
囲い Pursues an online personality for potential offline contact.

Table 3.1: List of 40 selected words and their non-standard usage descriptions.

3.1.2 Observations

From Table 3.1, we identified several broad categories of non-standard word usages that
characterize how Japanese internet users adapt or coin terminology.
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In particular, many words can be grouped as follows:

• Homophones: The use of words that sound similar to their intended meaning
is indeed common in Japanese internet slang. For example, “鯖 (saba, literally
mackerel)” is used to represent “server” due to similar pronunciation.

• Metaphorical Expressions: The examples of “密林 (literally dense forest)” for
the company Amazon and “円盤 (literally disc)” for DVDs/Blu-rays show how
metaphorical associations are used. We also observed that some of the explanation
of terms like “養分” and “囲い” accurately reflect their usage in specific online
subcultures.

• Visual Puns: The observation about “升” representing “チート (cheat)” due to
visual similarity when compressed and demonstrates the creative use of kanji in
online communication.

Beyond these stylistic or structural patterns, an important functional division emerges:

1. Referring to Existing Knowledge: This category includes non-standard usages
that anchor to recognized real-world entities or concepts but employ creative or al-
ternate wording. For example, “林檎 (literally apple)” denotes Apple Inc., and “蟹
(literally crab)” refers to KLab Inc. Despite their unconventional linguistic forms,
these expressions rely on widely understood referents (e.g., globally recognized
companies or technologies).

2. Referring to Non-existing or New Knowledge. This category features expres-
sions describing phenomena unique to online subcultures, lacking direct real-world
analogues or dictionary-defined senses. A typical instance is “囲い (enclosure)”,
indicating being “an enthiams for physically meet (often within an online stream-
ing community)”. Such terms often originate within specific communities and
may be unfamiliar to those outside these groups.

This creative range of non-standard usages in Japanese social media stems from
phonetic similarities, metaphorical expansions, and playful orthographic alterations, all
of which require careful consideration of context and community norms for accurate
interpretation. Beyond highlighting linguistic ingenuity, these expressions also offer
valuable clues for deeper semantic analysis, revealing insights into how meanings evolve,
become disambiguated, and adapt to new or subcultural contexts. In this dissertation,
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we focus primarily on the detection of non-standard word usage as our main task and
therefore do not undertake semantic analysis or other closely related inquiries (Gella
et al., 2013; Shoemark et al., 2017; Stewart and Eisenstein, 2018; Shoemark et al.,
2019); nonetheless, we regard these findings as crucial for the future advancement of
NLP. For example, learning to interpret phrase-describing models (Ni and Wang, 2017;
Ishiwatari et al., 2019) or employing definition models (Noraset et al., 2017; Huang
et al., 2021, 2022; Segonne and Mickus, 2023) can provide deeper insight into the actual
meaning of expressions.

3.1.3 Data Collection and Human Annotation

To construct the dataset, we collected posts on X from January 1, 2016, to January
31, 2016, as our data source. Twitter was chosen because words often appear in both
general and non-standard usages within the same platform, allowing us to capture diverse
language phenomena. We performed morphological analysis on posts containing any of
the 40 selected words and extracted 100 random posts for each word where it was tagged
as a general noun. We employed MeCab1 with the IPA dictionary2 for morphological
analysis. For each selected post, two annotators manually judged the usage of the target
word in one of three ways: either in a literal sense, as part of a proper noun, or in
a non-standard sense. If the target word was part of a proper noun (e.g., “井ノ尻,”
containing “尻”), the post was discarded from our final dataset. Additionally, if either
annotator deemed the usage ambiguous or impossible to determine from context (96
posts in total)3, it was excluded from the dataset.

Table 3.2 summarizes the resulting dataset with the distribution of standard versus
non-standard usages across the three domains. The final dataset consists only of posts on
which both annotators agreed, split into those judged standard and non-standard usages.4

Cohen’s kappa for this annotation task was 0.808, indicating substantial agreement.
Because the dataset contains relatively few training examples for each word, it may
not be suitable as a training corpus for supervised learning from the standpoint of
data volume as we indicated in Chapter 1. Therefore, in this study, we propose an

1http://taku910.github.io/mecab/
2http://ipadic.osdn.jp/
3Examples include emoticon-like usage, e.g. “(´茸｀),” where the character “茸” (“mushroom”) was

simply part of a face emoji.
4Proper nouns were excluded because future named entity recognition methods could automatically

remove such cases.
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Category #Standard #Non-standard

Computers 416 234
Companies/Services 440 252

Internet Slang 817 814

Total 1,673 1,300

Table 3.2: The details of the labels for the created dataset on Japanese X.

Category Words

Non-standard Label Dominant
囲い 円盤 乙 垢 鯖
支部 沼 草 裏山 密林
地雷 凸 尼

Standard Label Dominant

ピザ 安価 芋 駅弁 庭
空気 串 狐 惨事 板
尻 窓 蔵 林檎 洒落
茸 鶴 渋 蟹 禿

Unbiased 藁 泥 鉄板 虹 養分
升 ゆとり

Table 3.3: Breakdown of the 40 annotated words.

unsupervised method to detect non-standard word usages and use this dataset solely for
evaluation purposes.

We found that some words have a dominant label: one may be predominantly used in
a standard manner, while another is largely used in a non-standard manner. Although
each of the 40 target words was chosen for its known non-standard meaning, they do not
all appear in non-standard usages at comparable rates. Table 3.3 categorizes the words
into three groups based on their final labels for each usage:

• Non-standard Label Dominant: Over 70% of annotated posts were judged non-
standard.

• Standard Label Dominant: Over 70% were deemed standard.

• Unbiased: No single label constituted more than 70% of annotations.

This grouping helps illustrate that some words, such as “鯖” for “computer server”, “草”
to mean “laugh” are frequently used in unconventional senses, whereas others, such as
“串” for “proxy” or “庭” for “KDDI”, more commonly retain their literal or dictionary-
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Category #Standard #Non-Standard Total

Non-standard Label Dominant 127 956 1,083
Standard Label Dominant 1,291 95 1,386

Unbiased 255 249 504

Total 1,673 1,300 2,973

Table 3.4: Distribution of standard and non-standard usages by label dominance.

defined meaning. Table 3.4 further quantifies how many standard vs. non-standard
examples fall into each group.

3.2 Methodology

In this study, we propose a method for detecting non-standard word usage by considering
the learning mechanism of SGNS (Skip-gram with Negative Sampling). Specifically,
we begin by training Skip-gram with Negative Sampling (SGNS) on a balanced corpus
to obtain distributed word representations. Next, we compute the inner product between
the target word’s vector and those of its surrounding words. If the computed value is
low, the target word is judged to be used in a non-standard way. We employ a balanced
corpus, a corpus consisting of texts sampled without bias to represent the language as
a whole, to ensure that the learned word vectors capture the generality of word usage.
Consequently, cases with high inner product values are interpreted as standard usages,
while those with low values are considered non-standard usages.

Figure 3.1 provides an overview of the embedding-based method. In the proposed
method, the word vectors are trained using SGNS. The non-standard usage of a target
word is detected based on the weighted average similarity between the input-side word
vector v𝐼𝑁 of the target word and the output-side word vectors v𝑂𝑈𝑇 of its surrounding
words. The weighted average of these similarity scores is defined as the word’s standard-
ness score. The reason for adopting the weighted average similarity as the standardness
score is rooted in the SGNS learning process. SGNS applies weighted learning, giving
greater emphasis to words closer to the target word in the context Levy et al. (2015).

We calculate the weight 𝛼 for the weighted average as an integer using 𝛼 = 𝑚 + 1− 𝑑,
where 𝑚 is the window size and 𝑑 is the distance from the target word to a surrounding
word. Let the target word in the sentence be denoted by 𝑤𝑡 , its input-side word vector by
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Figure 3.1: Overview of the word embedding-based method.

v𝐼𝑁𝑤𝑡
, and the set of surrounding words within a window of size 𝑚 by wc. The output-side

word vector of each surrounding word 𝑤 𝑗 ∈ wc is denoted by v𝑂𝑈𝑇𝑤 𝑗
, and its associated

weight is 𝛼𝑤 𝑗 . Given these definitions, the standardness score for the target word 𝑤𝑡 is
calculated as follows:

∑
𝑤 𝑗∈w𝑐

𝜎(v𝐼𝑁𝑤𝑡
· v𝑂𝑈𝑇𝑤 𝑗

) × 𝛼𝑤 𝑗∑
𝑤 𝑗∈w𝑐

𝛼𝑤 𝑗

, (3.2.1)

where 𝜎 is the sigmoid function. For unknown words appearing within the window,
the word vector v𝑂𝑈𝑇𝑢𝑛𝑘 corresponding to the token for unknown words is used. This
vector v𝑢𝑛𝑘 is derived from low-frequency words in the corpus used for training the word
vectors.

The sigmoid function is used in Equation ( 3.2.1) because it is also employed as a non-
linear function in the SGNS learning process5. If the computed standardness score is
low, the target word’s usage is judged to be non-standard, whereas a high score indicates
standard usage.

5https://code.google.com/archive/p/word2vec/
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3.3 Experiments

3.3.1 Baselines

The proposed method has the following three key features:

1. Use of a balanced corpus for learning word vectors.

2. Incorporation of both v𝐼𝑁 and v𝑂𝑈𝑇 when computing the standardness score.

3. Application of a weighted average to refine the final score.

In the following sections, we introduce several baseline models, each trained under
different conditions or with distinct representation learning strategies. This comparison
enables us to assess how various design choices (such as the choice of training corpus or
word-vector derivation method) impact the detection of non-standard usages. Through
comparative experiments, we demonstrate how effectively these features enhance the
detection of non-standard usages.

Models trained by different corpora: The proposed method calculates differences
between the usages found in the training corpus and those found in the evaluation
dataset, regarding these differences as a “standardness score.” Since the word usages
contained in the training corpus serve as a reference for detecting non-standard usage, we
anticipate that the choice of training corpus will substantially affect detection accuracy.
Accordingly, in this study, we prepare four corpora with different characteristics to
determine which corpus best supports word-vector learning for this task. Table 3.5
presents an overview of each corpus.6

Models that only use v𝐼𝑁 by different representation learning algorithms: In contrast
to common approaches that rely solely on v𝐼𝑁 , our proposed method also utilizes v𝑂𝑈𝑇 .
To evaluate the effectiveness of v𝑂𝑈𝑇 , we compare our method with a baseline that uses
only v𝐼𝑁 , following previous work Neelakantan et al. (2014); Gharbieh et al. (2016). In
this baseline, 𝜎(v𝐼𝑁𝑤𝑡

· v𝑂𝑈𝑇𝑤 𝑗
) in Equation ( 3.2.1) is replaced by the cosine similarity,

v𝐼𝑁𝑤𝑡
⊤v𝐼𝑁𝑤𝑗

∥v𝐼𝑁𝑤𝑡 ∥×∥v𝐼𝑁𝑤𝑗
∥ , to compute the standardness score. Furthermore, to compare results with

6To compile the Web corpus, we followed the method of Kawahara et al. (2006) Kawahara and
Kurohashi (2006). For Wikipedia, we used the Japanese edition as of July 2016, downloaded from
https://dumps.wikimedia.org/jawiki/. The newspapers include the Mainichi, Nikkei, and Yomiuri from
1994 to 2004.
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Corpus Distinct Word Types Word Count

BCCWJ 131,913 110 million
Web 336,048 600 million
Wikipedia 1,081,154 890 million
Newspapers 1,204,914 1.5 billion

Table 3.5: Corpora used for training. BCCWJ: Balanced Corpus of Contemporary
Written Japanese (Maekawa et al., 2010). Web: Randomly extracted sentences from
the Web. Wikipedia: Japanese Wikipedia (July 2016). Newspapers: Articles from
1994–2004.

word vectors learned by methods other than SGNS, we also conduct experiments using
word vectors derived from Positive Pointwise Mutual Information (PPMI) via Singular
Value Decomposition (SVD) Levy et al. (2015); Hamilton et al. (2016). In that setting,
v𝐼𝑁𝑤𝑡

and v𝑂𝑈𝑇𝑤 𝑗
in Equation ( 3.2.1) respectively denote the 𝑡-th and 𝑗-th components after

SVD. As with the baseline method, we use cosine similarity to compute the standardness
score.7

Models that do not apply any weighting to the surrounding words: As described in
Section 3.2, 𝛼 in Equation ( 3.2.1) represents the weight corresponding to the distance
between the target word and its surrounding words. To assess the effectiveness of this
weighting, we compare against the case in which no weighting is applied, i.e., setting
𝛼 = 1 in Equation ( 3.2.1).

Models that discards function words in computing the score: We also conduct exper-
iments that exclude function words, such as particles, auxiliary verbs, and conjunctions,
from the set of surrounding words wc in Equation ( 3.2.1). As illustrated in Figure 3.1,
the surrounding words 𝑤 𝑗 in real text can be function words (e.g., particles). However,
the similarity between the target word vector and function-word vectors may not neces-
sarily be beneficial for determining the target word usage. Therefore, we also evaluate
a model that calculates Equation ( 3.2.1) using the subset wc′ ⊆ wc from which these
function words have been removed. In Mikolov et al. (2013), Skip-gram training is
conducted under the assumption that high-frequency words carry less information than
low-frequency words. Specifically, it employs sub-sampling of high-frequency words:

7In both the baseline that relies solely on v𝐼𝑁 and the SVD-based approach, we also tried using the
sigmoid function in place of cosine similarity, but performance was lower than with cosine similarity.
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Parameter Hidden size

Input word vector 150
LSTM hidden layer 300
MLP input size 600
MLP hidden layer 600
Context vector 300
Output word vector 300

Table 3.6: context2vec model parameters.

each word in the training corpus is probabilistically excluded based on how often it ap-
pears. Because many function words fall into the high-frequency category, this approach
can be seen as essentially similar to excluding function words.

A model that incorporates neural language model: Finally, to investigate whether
deeper neural network layers influence detection accuracy, we compare our approach
with context2vec (Melamud et al., 2016), a method for vectorizing context using multi-
ple layers. While our proposed model relies on a shallow, single-layer neural network,
context2vec employs a multi-layer model based on Bi-directional LSTMs (Bi-LSTMs).
Another key difference is that Skip-gram predicts a target word based on its surrounding
words in a fixed window, whereas context2vec processes the input sentence from left-to-
right and right-to-left up to the target word. In context2vec, the entire sentence’s word
embeddings feed into a Bi-LSTM, whose left and right context outputs are concatenated
before passing through a two-layer multilayer perceptron (MLP). The final output layer
of the MLP (a context vector) is then used to predict the target word. In our task, the
sigmoid-transformed dot product between this context vector and the target word vector
serves as the standardness score.

3.3.2 Experimental Settings

We set the dimensionality to 300 for training word vectors. In each corpus, words with
fewer than five occurrences were replaced with <unk> prior to training. For learning
word vectors via SGNS (Skip-gram with Negative Sampling), we used the Python library
gensim (Řehůřek and Sojka, 2010), setting the number of negative samples to 10. To
train word vectors using SVD, we adopted the implementation by Levy et al. (2015)8,

8https://bitbucket.org/omerlevy/hyperwords
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where Positive Pointwise Mutual Information (PPMI) is first computed and then reduced
via singular value decomposition. We trained for a total of five epochs. Additionally,
we conducted experiments using window sizes of 2, 5, and 10.

For context2vec, we set the negative sampling number to 10 and used Adam (Kingma
and Ba, 2014) as the optimization algorithm, with a learning rate of 10−3. Table 3.6 lists
details such as the dimensions of hidden layers and word vectors. To improve training
efficiency, we treated BCCWJ and Web as medium-scale corpora, and Wikipedia and
Newspapers as large-scale corpora. For the medium-scale corpora, we used 100 mini-
batches, trained for 10 epochs, and replaced words with fewer than five occurrences with
<unk>. For the large-scale corpora, we used 500 mini-batches, trained for 5 epochs,
and replaced words with fewer than ten occurrences with <unk>.

For evaluation, we sort the standardness scores computed for each instance in the test
set in ascending order. We then use average precision, taking the lower-ranked items in
these scores to be classified as non-standard usages. In addition to these experiments,
we also replicate the condition from Section 3.2 in which function words are not used.

3.3.3 Results

Table 3.7 presents the experimental results. In this table, “weighted” and “uniform”
respectively indicate whether weighting is applied to the target word’s surrounding
words. The dagger symbol (†) denotes that the results show a statistically significant
difference (at the 5% level based on a permutation test) when compared with the SGNS
IN-OUT weighted model trained on BCCWJ, which is our proposed approach. Bold
indicates, for each window size (2, 5, 10), the highest average precision among the SGNS
IN-OUT, SGNS IN-IN, and SVD models.

Comparison for Model Selection

According to Table 3.7, the highest average precision is achieved by context2vec trained
on Wikipedia, with a value of 0.845. Among our proposed methods, the SGNS IN-OUT
weighted model trained on BCCWJ with a window size of 5 achieves the highest average
precision at 0.839. Deeper neural network layers appear to contribute to accuracy, as
evidenced by context2vec’s stable, high values ranging from 0.803 to 0.845. Neverthe-
less, the results also demonstrate that even a shallow model―such as SGNS IN-OUT―
can achieve performance comparable to deeper models when the learning approach, the
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Training Corpus Window SGNS IN-OUT SGNS IN-IN SVD
context2vec

weighted uniform weighted uniform weighted uniform

2 .821 .832 .626† .648† .614† .623†
BCCWJ 5 .839 .833† .734† .736† .673† .650† .803

10 .822 .812† .748† .737† .648† .643†

2 .772† .777† .690† .694† .625† .627†
Web 5 .793 .787 .746† .739† .655† .649† .810

10 .796 .786 .775 .761 .567† .565†

2 .794† .801 .712† .724† .630† .632†
Wikipedia 5 .775† .767† .781 .774 .628† .626† .845

10 .782 .772 .719† .695† .730† .734†

2 .749† .757† .690† .690† .604† .609†
Newspapers 5 .799 .791 .743† .735† .718† .706† .818

10 .798 .784 .768 .754† .730† .718†

Table 3.7: Average precision for each model.

handling of learned word vectors, and the choice of training corpus are suitably arranged.
Next, we compare performance for each window size. Focusing on window sizes of

2, 5, and 10, the SGNS IN-OUT model trained on BCCWJ attains the highest average
precision at all three window settings. This outcome suggests that using BCCWJ
and SGNS IN-OUT tends to yield high average precision regardless of window size.
Additionally, for a window size of 2, 11 out of 12 models exhibit decreased average
precision when weighted treatment is applied. A possible explanation is that, with fewer
surrounding words, the weighting mechanism may overly emphasize function words
near the target, leading to diminished accuracy. This point may be related to the results
in later experiments where function words are excluded.

Comparison for Function Words

Table 3.8 shows the average precision achieved by models in which function words
are excluded during the calculation of the standardness score. The dagger symbol
(†) indicates that, at the 5% significance level under a permutation test, a statistically
significant difference was observed compared with the SGNS IN-OUT weighted model
trained on BCCWJ, which is our proposed method. From Table 3.8, we see that when
function words are not used, the proposed SGNS IN-OUT weighted model yields the
highest average precision. Specifically, this configuration uses BCCWJ as the training
corpus, sets the window size to 5, and achieves an average precision of 0.857.
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Training Corpus Window SGNS IN-OUT SGNS IN-IN SVD
context2vec

weighted uniform weighted uniform weighted uniform

2 .808† .810† .696† .696† .631† .630†
BCCWJ 5 .857 .848† .790† .777† .674† .655† .773†

10 .849 .839 .811† .796† .693† .685†

2 .756† .757† .722† .718† .630† .621†
Web 5 .794† .786† .753† .742† .669† .664† .396†

10 .773† .759† .793† .783† .711† .699†

2 .778† .778† .733† .734† .636† .631†
Wikipedia 5 .789† .779† .772† .756† .653† .645† .776†

10 .799† .791† .781† .760† .709† .714†

2 .755† .745† .722† .718† .630† .624†
Newspapers 5 .799† .791† .760† .750† .714† .700† .808

10 .808 .798† .798† .794† .599† .593†

Table 3.8: Average precision for models that do not use function words.

Model Training Corpus Window Weighting

SGNS IN-OUT BCCWJ 10 ×
✓

2 ×
✓

BCCWJ 5 ✓
SGNS IN-IN 10 ×

✓

Wikipedia 10 ×
✓

BCCWJ 10 ×
SVD ✓

Web 10 ✓

Table 3.9: Models for which a significant difference was observed between function-
word and non-function-word usage. A check mark (✓) indicates a weighted-model,
whereas a cross mark (×) indicates a no-weight model.

From Tables 3.7 and 3.8, excluding function words during the calculation of the
standardness score improved average precision in 48 out of 76 models. Of these, 12
models showed a statistically significant difference between excluding function words
and including them. Table 3.9 lists the models for which a significant difference was
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observed. In contrast, 26 models saw decreased average precision when function words
were excluded, and 2 models showed no change. Notably, the average precision of
context2vec decreased in four of these models. Since context2vec embeds words and then
processes them via a Bi-LSTM and a multilayer perceptron, excluding function words
might weaken its effectiveness as a language model, resulting in poorer predictions.

The model that showed the greatest improvement in score was the SVD weighted model
trained on Web data with a window size of 10, yielding a 0.144-point improvement. On
the other hand, the largest decrease in score, 0.414 points, occurred with context2vec
trained on Web data. These findings suggest that how function words are handled can
significantly affect average precision.

Next, we compare performance based on each window size. Referring to Table 3.8,
when comparing the results at window sizes of 2, 5, and 10, the SGNS IN-OUT
model trained on BCCWJ achieves the highest average precision under each condition,
consistent with the broad trends noted in Section 3.3.3. In the experiments using
a window size of 2, only 3 of the 12 models showed decreased average precision
under weighting, which indicates that the adverse effects of weighting observed in
Section 3.3.3 are mitigated. This outcome implies that smaller window settings may be
more susceptible to the negative influence of function words.

Comparison for Weighting

From Table 3.7, examining how average precision changes between models that apply
weighting (weighted) and those that do not (uniform) reveals that, among the 36 models
evaluated, 22 show improved average precision when weighting is applied. In contrast,
13 models see decreased precision, and 1 model shows no change. Under the condition
where function words are excluded (Table 3.8), 30 out of 36 models benefit from weight-
ing in terms of average precision, 4 exhibit decreased precision, and 2 show no change.
To investigate the significance of weighting, we conducted statistical tests on these ex-
perimental results. Out of 72 pairs of models (weighted vs. uniform), 36 pairs showed
statistically significant differences in average precision. Table 3.10 summarizes these
findings. Although not all configurations yielded statistically significant differences, our
results indicate that surrounding words closer to the target word serve as valuable cues
for this task, suggesting that the proposed weighting approach effectively leverages such
local context.
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Training Corpus Window
SGNS IN-OUT SGNS IN-IN SVD

w/ FW w/o FW w/ FW w/o FW w/ FW w/o FW

2 ×‡ × ×‡ × × ×
BCCWJ 5 ✓ ✓ × ✓ ✓ ✓

10 ✓ ✓ ✓ ✓ × ×

2 ×‡ × × × × ✓
Web 5 ✓ ✓ × ✓ × ×

10 ✓ ✓ ✓ ✓ × ×

2 ×‡ × ×‡ × × ×
Wikipedia 5 × ✓ × ✓ × ×

10 ✓ ✓ ✓ ✓ × ×

2 ×‡ × ×‡ × × ✓
Newspapers 5 ✓ ✓ × ✓ ✓ ✓

10 ✓ ✓ ✓ × ✓ ×

Table 3.10: Statistical investigation of weighting. “w/ FW” refers to models that include
function words, and “w/o FW” refers to models that exclude them. A check mark (✓)
indicates that the weighted model’s average precision is statistically higher than that of
the non-weighted model, whereas a cross mark (×) indicates no statistically significant
difference was found in that comparison. A double dagger (‡) means the non-weighted
model’s average precision is statistically higher than that of the weighted model.

Model Training Corpus Window Weighting Function Words Avg. Precision

SGNS IN-OUT BCCWJ 5 ✓ × 0.857
SGNS IN-IN BCCWJ 10 ✓ × 0.811†

SVD Wikipedia 10 × ✓ 0.734†
context2vec Wikipedia N/A N/A ✓ 0.845

Table 3.11: Experimental settings yielding the highest average precision for each model.
A checkmark (✓) indicates that the feature is used, whereas a cross mark (×) indicates
that it is not used. A dagger symbol (†) indicates that a statistically significant difference
was found, at the 5% level via a permutation test, compared with the SGNS IN-OUT
model.

Comparison of Highest Performance by Each Model

Table 3.11 summarizes the highest average precision scores attained by each model
across all experiments, along with the corresponding experimental settings. Statistically
significant differences emerged between the average precision of our proposed SGNS
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IN-OUT model and both the SVD and SGNS IN-IN models. These results suggest that
using v𝑂𝑈𝑇 as well as v𝐼𝑁 helps improve average precision for this task.

We also performed a significance test comparing the SGNS IN-IN and SVD models;
the resulting p-value was 0.089. Although SGNS-based methods appear to achieve
higher average precision, the difference is not statistically significant.

Focusing on experimental configurations for each method, we see that SGNS-based
methods tend to achieve higher average precision by using BCCWJ as the training corpus,
applying weighting, and excluding function words. Conversely, methods based on SVD
and context2vec achieve their best average precision by using Wikipedia as the training
corpus and including function words. Because the most effective corpus for achieving
higher average precision varies according to the particular learning method, choosing a
corpus suited to each method is essential.

3.4 Oracle Performance under Real-world Settings

In our previous experiments, we evaluated document rankings within the evaluation
dataset by sorting them according to their standardness scores, where higher scores
indicate standard usage and lower scores indicate non-standard usage.

When we measure performance using average precision, we integrate performance
across all possible score thresholds. Although ranking-based evaluations are valuable,
real-world applications generally require selecting a single threshold to identify which
usage is non-standard. Hence, we define a specific threshold for the standardness score,
which separates standard from non-standard usage in a binary classification. In our
setting, any instance whose standardness score falls below this threshold is labeled as
positive (non-standard), while those that exceed the threshold are labeled as negative
(standard). Because our primary interest lies in non-standard usage, we treat lower-
scoring instances as “positive” (or “detected”).

3.4.1 Word Usage Classification

In this section, to investigate upper-bound performance of each method in a real-world
settings, we conducted an experiment by setting a specific threshold, and conduct error
analysis for further improvements of the method. We classified instances with scores
below this threshold as non-standard usage and instances with scores above it as standard
usage, and evaluate the performance based on precision, recall, and F-values for non-
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Model Precision Recall F-score

SGNS IN-OUT .765 .831 .796
SGNS IN-IN .711 .814 .759

SVD .603† .805 .689†
context2vec .743 .852 .794

Table 3.12: Results for the word usage classification task using the models that yielded
the highest average precision, as listed in Table 3.11.

Model Non-standard Label Dominant Standard Label Dominant Unbiased

Precision Recall F-score Precision Recall F-score Precision Recall F-score

SGNS IN-OUT .952 .845 .895 .237 .789 .364 .801 .791 .796
SGNS IN-IN .947 .834 .887 .192 .768 .307 .704† .755 .729

SVD .910 .840 .874 .126† .758 .217† .604† .691 .644†
context2vec .941 .881 .910 .202 .716 .316 .758 .791 .774

Table 3.13: Precision, Recall, and F-score for each class

standard labels. In this experiment, we tested thresholds ranging from 0.001 to 1.000
in increments of 0.001 and ultimately selected the threshold that produced the highest
F-value for classification.

Table 3.12 shows classification results of each model. Bold values indicate the highest
performance for each metric, and the dagger (†) indicates that the corresponding result
is statistically significantly different from the proposed SGNS IN-OUT model at the 5%
significance level, as determined by the randomization test. According to these results,
the F-value obtained by the proposed method was the highest among all models at 0.796.
Furthermore, the model that achieved the highest precision was SGNS IN-OUT (the
proposed method), whereas the model that achieved the highest recall was context2vec.

Next, we investigated the evaluation metrics for each class shown in Table 3.3. In
the constructed dataset, each word exhibits a degree of label imbalance, and Table 3.3
classifies 40 target words into three groups depending on whether they skew toward a
particular label or show no skew. To analyze how the evaluation metrics vary by class, we
computed the precision, recall, and F-value for each class. We used the same threshold
as in the experiment described above.

Table 3.13 shows the results for each class. The dagger (†) again indicates that a
statistically significant difference at the 5% level was confirmed by the permutation test,
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when compared with the SGNS IN-OUT model. We observed that the precision in the
non-standard label dominant class tends to be relatively high for all models, whereas
precision for the standard label–dominant class tends to be low, indicating an imbalance
in the evaluation metrics. These results suggest that choosing a threshold that maximizes
the overall F-value succeeds in detecting words widely viewed as non-standard. However,
words that only a small number of individuals consider non-standard often produce more
false detections.

Next, we perform a qualitative evaluation of the experimental results produced by
the proposed method. Below are examples of non-general word usages detected by the
proposed approach:

(i) うちの場合林檎は父が触ったことないし、Android端末いっぱい買って...

(ii) ...国立駅弁よりすこし高いくらいかなでもそこにいったって...

(iii) 光村雨チケ今回何枚取れるかなー久しぶりだから泥率上げてくれるよね…？
(iv) ...やっぱり LTで他全員でガン芋してるのが一番強いんじゃないかな
(v) 鯖落ちだあああああああああああああああガチマに潜るなああああああああああ

In (i) and (ii), “林檎” and “駅弁” are examples where the proposed method successfully
detected non-general usages, even for words whose general label is otherwise dominant.
Moreover, in (iii) and (iv), “泥” and “芋” represent usages that differ from those shown
in Table 3.2, yet the proposed method accurately detected them9.

Example (v) was not detected by the method based on context2vec, yet it was suc-
cessfully detected by the proposed method. Although context2vec considers the entire
input sentence, in this particular instance the consideration of the full sentence appears
to have led to an incorrect judgment. In contrast, because the proposed method focuses
on the window of surrounding words before and after the target word, it is less affected
by unrelated words in the sentence, leading to a successful detection.

3.4.2 Error Analysis

In this section, we present examples of non-standard word usages that were not detected
by the proposed method in the usage classification:

9In this context, “泥” primarily refers to “drops” in social games, and “芋” primarily refers to “snipers”
in online games.
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Actual\Predict Non-Standard Standard

Non-standard 1080 220
Standard 332 1341

Table 3.14: Confusion matrix for the
proposed method.

Actual\Predict Non-standard Standard

Non-standard 1108 192
Standard 384 1289

Table 3.15: Confusion matrix for con-
text2vec.

(vi) ニコ動で実況者がワードバスケットやってて草
(vii) 55連でテレーゼ、エクセ、ユイ、虹星 1。引きは微妙だけど一番欲しかった...

(viii) あ～、なんだこの気持ち。変なの藁藁。醜い感情は押し殺せばいいか
(ix) 零十サンの規制してしまった時用垢。本垢フォローもよろしくでっす！！
(x) 養分辞めたい吸収される側から…する側になるためには…カネが…カネが必要…！

As shown in (vi), there were cases in which the target word had very few surrounding
words, and thus detection was unsuccessful. Nonetheless, as seen in (v), even when
there are few surrounding words, detection may still be successful. Hence, in situations
where surrounding context is limited, the model’s output appears to be unstable.

Next, in (vii), when there are low-frequency words or unknown words (e.g., “ユイ”
or “エクセ”) near the target word, detection can fail. The proposed method uses a
pre-trained vector for unknown words whenever they appear. However, to handle cases
like these, additional processing tailored to unknown words may be necessary.

Furthermore, in (viii) and (ix), a tendency was observed for detection to fail when the
target word itself appears among its own surrounding words. In SGNS training, the dot
product between a word’s v𝐼𝑁 and v𝑂𝑈𝑇 vectors tends to be relatively high10, causing
the overall standardness score to rise and eventually leading to a detection failure.

Finally, (x) illustrates a case that was not detected by the proposed method but was
successfully detected by the context2vec-based method. Because the proposed method
considers only the fixed window of surrounding words around the target word, it cannot
account for clues, such as “カネ,” which appears at a distance from the target word but
may be essential for interpreting its usage. In contrast, context2vec considers the entire
sentence, enabling successful detection.

10When calculating the dot products of v𝐼𝑁 and v𝑂𝑈𝑇 for 10,000 randomly sampled words, the dot
product for a given word’s own v𝐼𝑁 and v𝑂𝑈𝑇 was, in 9,997 out of 10,000 cases, higher than the average
dot product between v𝐼𝑁 and v𝑂𝑈𝑇 for other words. Note also that the cosine similarity between v𝐼𝑁

vectors for the same word is always 1, so the SGNS IN-IN model experiences a similar issue.
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We further perform an error trend analysis using confusion matrices for the exper-
imental results presented in Table 3.12. In addition to the proposed method, we also
analyze context2vec, which demonstrated high performance in previous experiments in
Tables 3.11 and 3.12. Tables 3.14 and 3.15 show the confusion matrices corresponding
to each set of experimental results. The top-right cell in each confusion matrix indicates
false-positive instances, where the model incorrectly predicted a standard usage as non-
standard. Conversely, the bottom-left cell represents false-negative instances, where the
model failed to detect a non-standard usage and instead labeled it as standard. From
Table 3.14, the proposed method produced 220 false negatives (missed detections) and
332 false positives. Meanwhile, Table 3.15 shows that the context2vec-based approach
yielded 192 false negatives and 384 false positives. Comparing these results, the pro-
posed method has relatively more false negatives and fewer false positives, whereas the
context2vec-based method exhibits the opposite pattern.

In summary, the proposed method exhibits fewer false positives but more false neg-
atives compared to the context2vec-based approach. From a practical standpoint, the
choice between these two methods depends on whether it is more critical to minimize
missed detections of non-standard usages (favoring context2vec) or to avoid falsely flag-
ging standard usages as non-standard (favoring the proposed method). Which type of
error introduces more risk depends on the specific application. For instance, in con-
structing a dictionary of non-standard usages, overlooking (false negatives) can be more
problematic, because missed usages are difficult to recover later. On the other hand, in
a live dialog system, erroneous interpretations of standard usages as non-standard (false
positives) may undermine user trust more than failing to detect non-standard usages.
Therefore, depending on the intended use, one approach may be more suitable than the
other.

3.5 Discussion

We introduced an approach that uses local contextual cues and function-word exclusion
to detect non-standard word usages effectively. Here, we focus on two substantial
considerations in our design that may restrict its versatility in practice.
Global threshold: A single static threshold overlooks the fact that non-standard usages
often manifest differently across distinct domains and user groups. The use of a global
threshold may, for example, lead to over-detection of non-standard usages in more formal
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corpora, while under-detecting them in more colloquial or domain-specific data. This
phenomenon surfaced in our error analysis, particularly when comparing results on
BCCWJ (a balanced corpus) versus Web data (with more slang). Although the global
threshold achieved high precision in certain domains, we observed that specialized texts
with unique jargon (or distinct usage patterns) sometimes slipped through undetected,
resulting in higher false negatives.
Fixed window size: The proposed model incorporates a fixed window size for the
surrounding context, which imposes artificial boundaries around each target word and
potentially misses important context beyond that window. As illustrated in example (x)
in the error analysis, the target word “養分” was not flagged as non-standard because
the relevant clue, “カネ”, appeared several tokens away, outside the fixed window.
In contrast, a model such as context2vec, which considers the entire sentence via a
Bi-LSTM, successfully detected that usage. While our weighting and function-word
exclusion strategies partially mitigate these constraints (for instance, by emphasizing
words nearer to the target), they do not fully resolve instances where critical signals lie
far from the immediate neighborhood.

Together, these limitations underscore the need for a more adaptive approach that can
flexibly adjust to domain variation, rather than relying on a single global threshold, such
as in classification-based models built on a language model (Peng et al., 2003; Chen
et al., 2022) to fully incorporate broader contexts.

3.6 Conclusion for this Chapter

In this study, we developed an automatic approach to detect non-standard word usages,
focusing on social media terms whose meanings may not appear in existing dictionaries.
To support our research, we introduced a manually annotated dataset of 40 Japanese
words, each of which has at least one non-standard meaning. Every usage of these
words in the dataset was then manually annotated as either standard or non-standard by
domain experts. The proposed method employs Skip-gram with Negative Sampling to
learn word vectors from a balanced corpus. We then compute a “standardness score”
for each target word usage by taking a weighted average of the sigmoid-transformed dot
products between the target word’s vector and those of its surrounding words. If the
standardness score is high, the usage is deemed standard; if it is low, the usage is deemed
non-standard. In our method, rather than using only v𝐼𝑁 , which is common in prior
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research, we combined v𝐼𝑁 with v𝑂𝑈𝑇 for this computation. Experimental results show
that incorporating v𝑂𝑈𝑇 and weighting surrounding words by proximity significantly
improve detection accuracy, suggesting that nearby context offers vital cues. Further
improvements were achieved by excluding function words, indicating that function words
may not be crucial for detecting non-standard usages.

This research serves as a starting point for analyzing words used in non-standard ways
on social media. By extending the proposed approach, we anticipate that our findings will
facilitate broader analyses of word usage across different social media data. Although our
evaluation experiments were conducted in a closed setting using the constructed dataset,
applying threshold-determination strategy to the standardness scores should enable open
settings, such as extracting non-standard usages from previously unseen data, which we
address in the following chapter.
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Chapter 4

Masked Language Model-based
Non-standard Word Usage Detection

Chapter 3 introduced a Japanese dataset for non-standard word usage detection and
proposed a word embedding-based method for this task. In this chapter, we present
a masked language model-based approach that addresses the limitations of the word
embedding-based method, namely the need for a threshold and limited access to context
words, by employing a classifier-based strategy. We begin by revisiting the task definition
for clarity.

4.1 Task Definition

This study addresses a word usage classification task, where we are given an input
sentence and a target word within that sentence. The goal is to determine whether the
usage of the target word is standard or non-standard. We then extend this approach
by applying the same classification scheme to all target words in the input sentence,
thereby transforming a single-word classification task into a word usage detection task
that identifies any non-standard usages across multiple words. In this study, we lay
the groundwork for our approach by focusing exclusively on nouns, leveraging their
intrinsic semantic importance as an initial lens through which to investigate word usage
classification.

Figure 4.1 illustrates an example word usage classification task on a given sentence and
corresponding target word. Specifically, the model inspects the contextual usage of the
target word and decides whether that usage aligns with a dictionary definition (standard)
or diverges from it (non-standard). In the provided example, the word nova is used
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Model Input

Sentence: If you were actually good enough to be in low nova, then you
wouldn’t be in that level.
Target Word: nova

Model Output: non-standard

Figure 4.1: Example input and output for the word usage classification task.

as non-standard because it refers to a specific gaming rank rather than its conventional
astronomical meaning.

4.2 Methodology

We assume that for non-standard usages, both (1) predicting the target word from its
surrounding context and (2) predicting the context words from the target word present
challenges. However, we hypothesize that these prediction tasks provide important clues
for detecting non-standard usages. Based on this insight, we propose a model that
incorporates vector representations produced from both context2target prediction task,
where we predict a target word from its surrounding context words, and target2context
prediction task, where we predict the surrounding context words from the target word.
By combining the information from these two approaches, our model seeks to enhance
the accuracy of identifying non-standard word usages. In this section, we briefly review
methods for context2target prediction and target2context prediction commonly used in
NLP.

context2target prediction

Masked language models such as BERT (Devlin et al., 2019) or RoBERTa (Liu et al.,
2019) are trained to predict masked tokens from a given context.1 A masked language
model takes as input a masked sentence such as 𝑋′ = {𝑤1, 𝑤2, [𝑀𝐴𝑆𝐾], 𝑤4, .., 𝑤𝑛}
(where the original token 𝑤3 is masked as [𝑀𝐴𝑆𝐾]), and predicts the ground-truth
masked token 𝑤3 from a contextual representation. The masked language model uti-

1CBOW (Mikolov et al., 2013) is an earlier well-known method for learning word embeddings based
on context2target prediction. We include experiments based on CBOW in this paper, but find that masked
language model performs better than CBOW.
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lizes bi-directional transformers for capturing contextual representation, which are com-
posed of multi-headed self-attention mechanisms and element-wise feedforward net-
works (Vaswani et al., 2017). As illustrated in Figure 2.2, on top of these transformer
layers, both BERT and RoBERTa build a prediction layer known as language modeling
head (LM head)2, which is an architecture designed to predict masked tokens through a
vocabulary-sized projection layer. This LM head is trained using the cross-entropy loss
function, where the model learns to predict masked tokens during training. Combined
with the softmax function, this layer generates a probability distribution over all possible
tokens, allowing the model to predict the masked token by selecting the one with the
highest probability. The LM head is implemented by first applying a fully-connected
layer to the input features coming from bi-directional transformers, followed by the
GELU activation function (Hendrycks and Gimpel, 2016) and layer normalization (Ba
et al., 2016). After that, the processed features are projected back to the size of the
vocabulary through a projection layer that includes a bias term. This architecture plays
a crucial role as a masked language model, enabling the prediction of masked tokens
from the given context.

As mentioned in Chapter 2, since the masked language model directly models target
word prediction based on context, it can be used to capture difference of training contexts
for a given target word. Thus, in our model, we use contextualized representations
obtained from a masked language model as a feature for context2target prediction.
In the experiment, we used the hidden representation obtained from the LM head by
excluding the final projection layer. Specifically we utilize the hidden representation
obtained from Equation ( 2.4.2c), the output after applying the fully-connected linear
layer, GELU activation, and layer normalization, and finetune for the classification task.

target2context prediction

As described in Chapter 2 and 3, Skip-gram Negative Sampling (SGNS) (Mikolov et al.,
2013) is a method for learning word embeddings based on predicting context words
from a target word in vector space, by assigning two different vector representations
to every word in the vocabulary: one for that word as a target word, and one as a
context word. Given a target word in context, SGNS is trained by maximizing the
dot-product between the vector for the target word and vectors for the context words.

2We follow an implementation by HuggingFace. https://github.com/huggingface/transformers/blob/
main/src/transformers/models/roberta/modeling roberta.py#L1116
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c = [otarget; etarget]
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ŷ = softmax(W2Relu(W1c+ b1) + b2)

0.80.2

Figure 4.2: Overview of the MLM-based method.

We regard this training procedure as target2context prediction, where we assume that
the vectors trained by target2context prediction will produce a different aspect to the
vectors obtained from context2target prediction. As proposed in Chapter 3, this training
procedure can also model how a target word fits in context by manipulating the trained
vector representations, suggesting that target2context prediction is helpful in classifying
word usages. Based on this finding that those two different representations from SGNS
called IN and OUT embeddings play an important role in distinguishing word usages,
we also incorporate these two distinct vectors into our model.

4.2.1 Word Usage Classifier

In this work, we classify a target word in a sentence as either standard or non-standard
using a binary word classifier which takes into account of contextual features from
target2context prediction and context2target prediction. For the task formulation, given
a sentence with 𝑛 words 𝑋 = {𝑤1, .., 𝑤𝑛} and a target word 𝑤target ∈ 𝑋 , we classify
𝑤target as 𝑦 ∈ {0, 1}, where 0 indicates a standard usage and 1 indicates a non-standard
usage.

Figure 4.2 presents an overview of our proposed method. We first feed the sentence 𝑋
into the masked language modeling layer to get an initial contextualized representation
htarget. We then feed this representation to the feedforward network FF(·), which is a

45



part of the component of the LM Head as in Equation ( 2.4.2c), to make a further con-
textualized representation. We treat this output otarget as a context2target representation
of 𝑤target.3 We use the mean of the contextualized embeddings for each of the wordpiece
tokens that make up the target word. Note that we keep the target word unmasked for
the training of non-standard word detection, (i.e. we do not replace the target word
𝑤target with [𝑀𝐴𝑆𝐾]), as we find that masking the original word negatively impacts
on results, consistent with the findings of Zhou et al. (2019) in the context of lexical
substitution. We also incorporate a target2context representation etarget, in the form of
a word embedding of the target word 𝑤target learned by Skip-gram . We concatenate
the two vectors to form c = [otarget; etarget], as the combined representation of the target
word. Finally, we feed c into a 2-layered multi perceptron with ReLU activation (Agarap,
2018) and softmax function to implement binary classification, as follows:

𝑝(ŷ|𝑋) = softmax(W2 ReLU(W1c + b1) + b2), (4.2.1)

where W1, W2, b1, b2 are weight matrices and bias vectors. To train the classifier, we
use binary cross entropy loss:

𝐿 (𝑦, 𝑦̂) = − 1
𝐷

𝐷∑
𝑖=0

𝑦𝑖log( 𝑦̂𝑖) + (1 − 𝑦𝑖)log(1 − 𝑦̂𝑖), (4.2.2)

where 𝑦𝑖 ∈ {0, 1} is the gold label, 𝑦𝑖 is the model prediction (i.e. probability of non-
standard usage), and 𝐷 is the number of examples in the minibatch.

Similar fields incorporate features from masked language models such as BERT, but
few utilize the feature from the LM head. Metaphor detection models also incorporate
features from masked language models (Choi et al., 2021; Li et al., 2023,). In these
studies, dedicated networks are proposed based on the Metaphor Identification Procedure
Crisp et al. (2007) and Selectional Preference Violation (Wilks, 1975, 1978), using
BERT embeddings derived from the output of a bidirectional transformer. Our proposed
method, however, does not employ specialized networks for these tasks. Instead, we
introduce features based on skip-gram and use the information from the LM head
following the transformer output, rather than relying on the transformer output itself.
Similarly, in the field of diachronic semantic change, many studies utilize contextualized
embeddings from models like BERT. Their primary focus, though, is on using word

3Each word is tokenized into wordpieces to reduce the vocabulary size.
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Figure 4.3: Pseudo-example creation.

similarity calculations across different time spans Kulkarni et al. (2015); Hamilton et al.
(2016); Giulianelli et al. (2020); Martinc et al. (2020); Nagata et al. (2023) or clustering
with topic models Montariol et al. (2021); Inoue et al. (2022). This focus differs from
our classification-based approach.

4.2.2 Pseudo-label Training

Equation ( 4.2.2) requires the gold label 𝑦 to train the model, meaning that we need
a large-scale source of annotated data. However, constructing a large-scale dataset is
expensive as it needs expert lexicographic knowledge. To counter the lack of manually-
annotated training data for this task, we incorporate the idea of pseudo-example learning
(Bergsma et al., 2008; Poon et al., 2009; Pauls and Klein, 2012; Kiyono et al., 2019),
where we automatically generate a dataset of synthetic non-standard examples from a
raw corpus, and use it to train the model. That means that our model does not need any
annotated training data and can be trivially adapted to different domains and languages,
given that we can easily generate training data given a monolingual corpus.

Figure 4.3 depicts the method for constructing the training dataset with pseudo exam-
ples. The procedure is composed of two steps: (i) choose a target word in a sentential
context as a standard example; and (ii) replace the selected word with an alternative
word based on uniform random sampling from vocabulary in the training corpus, and
regard the modified sentence as a non-standard example. Note that we iterate the target
word selection over all possible nouns in each sentence, meaning that the same sentence
is repeatedly used during training based on the number of nouns it contains. Since
this approach does not require any human annotation, we can train the model on any
language, and present experiments on both English and Japanese.
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4.3 Experiments on Japanese Social Media Dataset

4.3.1 Experimental Settings

We built a Japanese Twitter dataset in Chapter 3, where a target word in each sentence is
manually annotated as to whether its usage in context makes sense relative to common-
sense expectations. As reported in Chapter 3, some target words in the dataset are not
used as nouns but rather as parts of named entities. Therefore, we use a subset of this
dataset in our experiments, after filtering out any word segmentation errors. To perform
the word segmentation filtering, we used two Japanese morphological analyzers —
Mecab (Kudo et al., 2004) and Juman++ (Tolmachev et al., 2018) — and selected those
target words which both analyzers identified as a single-morpheme common noun. The
filtering process eliminated 385 sentences from the original dataset, resulting in a total
of 2,588 sentences, consisting of 1,380 standard usages and 1,208 non-standard usages.
Note that this X dataset is only used for evaluation and not for training, fine-tuning, or
hyper-parameter tuning. To train our model, we took the BCCWJ corpus (Maekawa
et al., 2010) and extracted one million (standard) examples from the corpus, from
which we generated one million pseudo-examples according to the process described
in Figure 4.3. For hyper-parameter tuning, we prepared a separate validation dataset
from BCCWJ made up of 1000 sentences evenly split between standard and pseudo
non-standard examples.

As evaluation metrics, we use accuracy and average precision to measure overall
classification performance, and precision, recall, and F1 score to assess detection per-
formance specifically for non-standard usages. We report averaged performances across
three different random seeds.

4.3.2 Model Details

Following Chapter 3, we use word embeddings via Skip-gram with negative sampling
over the BCCWJ corpus (Maekawa et al., 2010), with dimensionality 300, window size
5, and the number of negative samples set to 10, which resulted the best performance
in the previous experiments. We also incorporate IN and OUT embeddings produced
from Skip-gram forming target2context representation in Equation ( 4.2.1) as etarget =

[vIN
target; vOUT

target] where vIN
target and vOUT

target are the IN and OUT embedding for the target word.
In regard to this point, we provide an ablation study on feature representation for a target
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word. For the masked language model, we use pre-trained Japanese RoBERTabase
45,

which was trained over Japanese Wikipedia and the Japanese portion of CC-100. During
training, we freeze the pre-trained weights of the word embeddings and bi-directional
transformers in RoBERTa, and only finetune a part of LM head described in Section 4.2
and the word usage classification layer.

In the proposed method, we apply dropout (Srivastava et al., 2014) before the ReLU
activation in Equation ( 4.2.1) with a dropout rate of 0.1. The hidden size for the affine
transformation in Equation ( 4.2.1) is set to 768. We used the Adam optimizer (Kingma
and Ba, 2014), with learning rate 0.001, learning rate decay factor 0.99, and minibatch
size 128. We trained the model for 30 epochs, and performed model selection based
on the model that achieved the best F1 score on the validation dataset. All experiments
were done by using HuggingFace (Wolf et al., 2020).

4.3.3 Baselines

We prepared comparison methods for this word usage classification task. In this ex-
periment, all models address the same problem: classifying a target word in the given
sentence as either standard or non-standard. We evaluate the performance of the model
relative to two baseline methods as detailed below.

1. word2vec: This method was proposed in Chapter 3, and models the non-
standardness of a target word in context according to a weighted average of the
dot-product between the word embedding for the target word and word embed-
dings for the surrounding words (based on a fixed context window size). This
method requires a global threshold to classify whether a given target word is used
in a standard way or not. In the experiment, the threshold is determined by 10-fold
cross validation over the data. In comparison, our model does not rely on any such
threshold for classification as it is trained directly over the end-task of standard vs.
non-standard usage prediction.

2. T5base: To investigate the effectiveness of a pre-trained masked language model
for this task, we employed Text-to-Text Transfer Transformer (T5) (Raffel et al.,
2020), a large language model that does not incorporate a specific masked language
modeling architecture within its design. We used a pre-trained Japanese T5base

6,
4https://huggingface.co/nlp-waseda/roberta-base-japanese
5Due to computational resources and limitations, we use the base model instead of the large model.
6https://huggingface.co/sonoisa/t5-base-japanese
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which was trained over Japanese Wikipedia and the Japanese portion of CC-100
and OSCAR. Note that we did not use T5’s original decoder, relying solely on the
encoder’s hidden layers for this task. For a fair comparison, we added the same
LM head networks used in RoBERTa (Section 4.2) to the encoder of T5, applied
the same classifier layer afterward, and incorporated IN and OUT embeddings
in the same manner as in the proposed model. As with the proposed model, we
freeze the pre-trained weights of the T5 encoder and word embeddings, resulting
in the same set of trainable parameters. The training corpora and parameters were
likewise consistent with those used in the proposed model.

We also report the metrics produced by large language models (LLMs), such as
ChatGPT (OpenAI, 2023). However, it is important to note that direct comparison with
these models is not feasible due to the financial and computational costs associated
with applying such methods to large-scale text streams, like those from Twitter or
Reddit. These limitations result in a lack of scalability and make it challenging for these
methods to rank examples based on their level of non-standardness. For the comparison
with the LLM based method in our task, we employed GPT-47 (OpenAI, 2024) and
Swallow-70b instruction model8 (Fujii et al., 2024), both of which are multilingual
models capable of handling Japanese texts. In these methods, we instructed the model
to determine whether the target word in the input text was used in a standard or non-
standard way. For constructing a prompt, we incorporated a few-shot approach (Bsharat
et al., 2024; Tarumoto et al., 2024), providing examples that included both standard and
non-standard usages to boost the performance. Table 4.1 shows the concrete prompt used
in the experiment. Responses indicating agreement or disagreement were converted into
binary labels for evaluations.

4.3.4 Results

Table 4.2 shows the results on the Japanese Twitter dataset. The proposed method
achieves overall best performance, balancing high accuracy, F1 score, and average
precision. The proposed model outperformed the second-best baseline, T5base, by a
margin of 1.2 to 2.5 points across metrics. Based on the results, our proposed method
outperforms all baseline models in terms of accuracy, F1 score and average precision at
a level of statistical significance (𝑝 < .01) by permutation test.

7Specifically, we used the gpt-4-0613 model in batch inference.
8We used tokyotech-llm/Swallow-70b-instruct-hf through HuggingFace library.
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Prompt
### 指示: 文中で与えられた単語が一般的な用法かどうかを答えてください。
一般的な用法の場合「はい」を、そうでない場合は「いいえ」を答えてくださ
い。

###入力:
文章: この仮面かわいいなあ～
単語: 仮面
###回答:
はい

###入力:
文章: 仮面して東工大目指そうかな
単語: 仮面
###回答:
いいえ

###入力:
文章: 北海道産のバニラアイス甘くて美味しい
単語: アイス
###回答:
はい

###入力:
文章: 関東圏にて手押しで極上アイス売り始めました
単語: アイス
###回答:
いいえ

###入力:
文章: {sentence}
単語: {target word}
###回答:

Table 4.1: Japanese prompt used for GPT-4 and Swallow.

Compared to word2vec, T5base and the proposed model achieves better results in
major metrics, highlighting the importance of an explicit word usage classification
layer in more parameterized pre-trained language models and pseudo-label training.
Specifically, when evaluating accuracy in relation to the number of words in a sentence,
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Model Accuracy Precision Recall F1 Average Precision

word2vec (SGNS IN-OUT) .752 .752 .834 .793 .860
T5base .816 .799 .808 .803 .877
Proposed Method .831 .811 .833 .821 .896

Swallow-70b .609 .555 .823 .663 -
GPT-4.0 .805 .830 .685 .750 -

Table 4.2: Experimental results on the Japanese Twitter dataset. Bold indicates the best
score.

the top 20% of longer sentences, containing the most words, achieved accuracies of
.810 and .830 in the word2vec method and the proposed method respectively, while
the bottom 20% of shorter sentences, containing the fewest words, had accuracies of
.781 and .793, respectively. This indicates that the absolute difference in accuracy is
greater in the top 20%. One possible explanation for this is that word2vec method has
a limitation due to its cut-off window, where the capacity of the model is restricted by
the size of its context window, resulting in the discarding of valuable information in
sentences that contain more words than the window can accommodate. In contrast, our
proposed model fully leverages the contextualized representation from the bi-directional
transformer, leading to higher accuracy for longer sentences. Shorter sentences were
more difficult to classify for both methods due to the lack of contextual information,
leading to lower performance. This aligns with the observations made by Pei et al.
(2019) in slang detection. Compared to T5base, the proposed model outperformed all the
evaluation metrics suggesting that an explicit masked language modeling architecture
helps in this task. GPT-4.0 and Swallow did not perform well in the classification.
Further prompt engineering could help those models achieve better quality, but this is
beyond the scope of this paper.

Table 4.3 shows a quality comparison of each method. In contextually rich examples,
such as the first and second examples, all models were able to correctly predict the
target words. These sentences provide strong contextual cues that make it easier for
the models to infer the intended meaning of the target words. word2vec model fails
to predict correctly when the target word appears at the beginning or end positions in
the sentence. This limitation is due to the cut-off window inherent in the Skip-gram
architecture, which restricts the contextual information to a fixed window size around
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✓ ✓ ✓ ✓ 色々考えた結果、鯖移動しようかと。
✓ ✓ ✓ ✓ スタイラスペン買おうと思うんだけど、尼のランキングだと聞いた

ことないメーカーのがいっぱいだな……
✓ ✓ ✓ 支部のアクセス解析見てみたら三割のかたが「鬼白ヤンデレ」で辿

り着いてたけどどういうことですか？ ...
✓ ✓ 名刺と支部には書いてるから知ってる方もいるかなと思うけども

✓ 複窓できるならそれに越したことないけどね
完全に沼に沈みました
毎回何故か音MADがあって草生やしちゃうやばいやばい

Table 4.3: Example sentences and corresponding model predictions. Bold indicates the
target word. A checkmark (✓) denotes a correct model prediction.

the target word. When the target word is near the sentence boundaries, the model
lacks sufficient context on one side, leading to incorrect or ambiguous interpretations.
T5base model and the proposed method demonstrate superior performance in handling
abbreviations and domain-specific terms, particularly in cases involving “支部”, which
refers to the platform name “pixiv” in these examples. All models struggle with short
sentences that lack sufficient context or that incorporate commonly used expressions
from the internet. As Pei et al. (2019) reported, investigating word usages for short
sentences is generally difficult. In the latter case, we hypothesize that this issue arises
from both the training corpora and the pre-trained knowledge of LLMs. This problem,
particularly in the context of evolving word senses, is closely related to diachronic
semantic change (Kulkarni et al., 2015; Hamilton et al., 2016; Kutuzov et al., 2018), a
research field that investigates how the meanings of words shift over time. A potential
solution may involve incorporating historical corpora, such as COHA9, to better capture
these temporal variations in meaning (Hamilton et al., 2016; Sommerauer and Fokkens,
2019; Martinc et al., 2020; Nagata et al., 2023). However, such language resources are
not available for the Japanese language. Alternatively, introducing a bias toward formal
language by integrating formal written texts, such as newspaper articles, into the training

9https://www.english-corpora.org/coha
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Model Accuracy Precision Recall F1 Average Precision

Proposed Method .831 .811 .833 .821 .896
w/o Word Embeddings .761 .754 .727 .740 .807
w/o Finetuning LM head .810 .770 .844 .805 .875
w/o LM head .820 .793 .831 .811 .885

Table 4.4: Ablation study on Japanese Twitter dataset. Bold indicates the best score.

data could help further mitigate this issue, which we propose as a direction for future
research.

Table 4.4 shows the ablation study to understand the effectiveness of masked lan-
guage model and word embeddings. All the ablation points demonstrated a statistical
significance compared to the proposed model, with a level of 𝑝 < .01 according to
permutation test. As detailed in Table 4.4, utilizing both contextualized representations
and word embeddings boosts classification performance, suggesting that it is helpful
for the model to have features from both context2target prediction and target2context
for this task. We also found that fine-tuning the LM head, which directly models a
target word prediction (Section 4.2), was the second most crucial factor. This suggests
that freezing the LM head restricts its potential ability to understand and distinguish
given usages though pseudo-label classification. While the presence of the LM head
itself shows the statistical margin, it was the least impactful compared to other ablation
points. Overall, the ablation study indicates that both the masked language model and
word embeddings significantly enhance task performance and these findings suggest that
leveraging the full capabilities of the pre-trained prediction component, including the
LM head, is important for better performance.

4.3.5 Error Analysis

We analyzed the error cases to investigate what misclassifications were made by the
models. For the analysis, we picked the T5base model and the proposed model that
performed the best F1 score on the testing set.

Table 4.5 shows confusion matrix for each model to analyze classification errors. In
this study, we regard positive as non-standard usages and negative as standard usages. The
top right cell represents the false-positive cases, where the model incorrectly predicted
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Actual\Predict Standard Non-standard

Standard 1,046 334
Non-standard 195 1,013

a Confusion matrix for word2vec (SGNS IN-OUT).

Actual\Predict Standard Non-standard

Standard 1,155 225
Non-standard 246 962

b Confusion matrix for T5base model.

Actual\Predict Standard Non-standard

Standard 1,129 251
Non-standard 214 1,029

c Confusion matrix for the proposed model.

Actual\Predict Standard Non-standard

Standard 1,229 151
Non-standard 353 855

d Confusion matrix for GPT-4.

Table 4.5: Confusion matrices for Japanese Twitter experiment.

a standard instance as non-standard, while the bottom left cell represents the false-
negative cases, where the model failed to detect a non-standard instance, incorrectly
labeling it as standard. word2vec model, shown as (a) in Table 4.5, produces a high
rate of false positives, indicating frequent misclassification of standard instances as non-
standard. T5base model, shown as (b), achieves the lowest false-positive rate, but the
model struggles with detecting non-standard instances, resulting in the highest rate of
false negatives. The proposed model, shown as (c), offers a balanced approach, reducing
false negatives more effectively than the other models, which suggests it is particularly
strong at identifying non-standard instances. Although the proposed model does not
achieve the lowest number of false positives, its overall performance in minimizing
misclassifications makes it the most reliable model for distinguishing between standard
and non-standard word usages in Japanese Twitter data. GPT-4, shown as (d), tends not
to produce the non-standard label as frequently as other models, yet it achieves the best
precision for this label. This indicates that the model only detects non-standard usage
when it has high confidence in Japanese texts.
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Failure Type Sentences

False-Positive
(a)それとも私が藁をもすがりたい男に見えたのだろうか。
(b)サタンメフィスト、ピザって 10回言ってーメフィ私はパスタ派なんですがサタンそっかぁー
(c)北海道民だからって特別蟹が好きじゃないし、たくさん食べたいとも思わないし

False-Negative
(d)そう言えば松宮さんダン戦Ｗの円盤箱で持ってるけど受験終わった一気に見ようかな
(e)最近高良健吾の沼にはまってるので中村一太が高良健吾に見えて仕方なかった
(f)ファボった人でオフ会やっても麻雀すら出来なさそうで草生えるｗｗ

Table 4.6: Example false-positive and false-negative cases by the proposed method.
Bold indicates the target word.

Table 4.6 shows example error cases produced by the proposed model for each failure
category. The top three word types for misclassification are “藁”, “ピザ”, and “蟹” for
false-positive cases, and “円盤”, “沼”, and “草” for false-negative cases. These top three
word types account for 46.9% of the total false-positive errors and 28.7% of the total
false-negative errors. We observed a false-positive pattern in narrative cases, such as
case (b) in Table 4.6, where the model tends to classify a sentence as non-standard if it
contains dialog between characters or humans. However, this pattern did not represent a
major cause of the overall false-positive cases. For false-negative errors, the model tends
to ignore phrasal slang that is often used on the web, such as in case (e) “沼にはまる”
(becoming enthusiastic about something)” or case (f) “草生える” (indicating laughter
in a similar fashion to “lol”, laughing out loud, in English). To prevent such failures, we
need to carefully choose the corpora for the pre-trained model and pseudo-label training
to avoid including examples that could introduce a bias toward net slang in the masked
language model and the usage classifier.

4.4 Experiments on English Social Media Dataset

In the previous experiment, we addressed the word usage classification task using a
pre-annotated dataset. For practical applications, we extend this task into a non-standard
usage discovery task by applying the classification over unannotated corpora to all
possible candidate words, selecting sentences and their associated target words with the
highest scores for the non-standard label. In this experiment, we utilize Reddit10 as a data
source to validate our method for the discovery task through crowd-sourced evaluation.

10https://www.reddit.com
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Subreddit # Users # Sentences

r/hiphopheads 51,372 1,003,320
r/4chan 42,765 238,228

r/teenagers 35,373 984,618
r/australia 24,636 1,033,833
r/ireland 10,258 303,885

Table 4.7: Selected subreddits and its statistics.

4.4.1 Non-standard Word Usages in English

Data Collection

This section outlines the detailed data creation process. We collect sentences from
Reddit posts during 2014 for annotation, and run three kinds of models, word2vec,
T5base and our proposed model, over the candidate posts. After aggregating detected
non-standard usages obtained by those methods, we perform human annotation to the
results via crowd-sourcing and regard annotated sentences as final dataset. Reddit is a
social media platform and has various communities called subreddits which are dedicated
to a particular topic. We assume that each subreddit has its own slang or jargon related
to the community, which gives us some non-standard usages of certain words. The
processes involved in this procedure will be explained in detail below.

We first select five subreddits for our experiments as shown in Table 4.7. Based
on Del Tredici and Fernández (2018), given that “small-to-medium-sized” communi-
ties are more prone to lexical innovations than larger communities with 15 million
users, we selected subreddits that fits this size. In addition to a niche commu-
nity, r/hiphopheads, we also include subreddits of a more general nature such as
r/4chan orr/teenagers to add some diversity, andr/ireland orr/australia
to investigate regional variations of English.

We next create a set of word tokens (and their associated sentences) for a subreddit
where the words are used as a noun, as in the previous experiment. We use the sentence
chunker from nltk (Bird, 2006), lowercase all words and perform part-of-speech tagging
with TreeTagger (Schmid, 1999).

We filter out nouns that do not occur in COCA11, the corpus of contemporary American

11https://www.english-corpora.org/coca
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English, as we focus on unusual usage of an in-vocabulary word. Similar to our approach
with the Japanese dataset, we also filter out words that appear fewer than 100 times in
COCA.

We run baselines methods, word2vec and T5base and our proposed model over the set
of words and sentences, and collect non-standard usages of word type that are predicted
by the models. Note that a word type is considered non-standard by a model only if it
has at least 10 non-standard usages by different users. As a result, we have 40–1200
candidate word types per subreddits.

Lastly we randomly select five different word types from each subreddits per method,
resulting in a total of 15 word types. Using these 15 word types, we extract the 10 most
non-standard usages/sentences detected by each method. In total, we select 75 word
types, yielding 750 usages per method and resulting in a dataset of 2,250 sentences.

Human Annotation

We perform human annotation of the collected data using Amazon Mechanical Turk
(Mturk).12 In this annotation, each worker is asked whether the given target word in a
sentence is used in a standard or non-standard way, on a scale of 1 to 5. In more detail,
workers are asked to mark non-standard usages as 5 (‘Very Unusual’) or 4 (‘Unusual’)
for the given target word, and 2 (‘Natural’) or 1 (‘Very Natural’) otherwise. The slider
is set to a default position of 3, which is not used in the annotation task, and the system
automatically blocks submission if the worker does not move the slider towards either 1
or 5. A snapshot of the annotation screen is shown in Figure 4.4.

In this annotation, workers are asked to annotate 32 sentences in a HIT (= annotation
session). We include two quality control items in each set, in the form of one sentence
extracted from English Wikipedia (which workers needed to annotate as 2 or 1) and
one sentence from English Wikipedia where a noun was randomly replaced with the
target word (which workers needed to annotate as 4 or 5). We employed several filtering
strategies to ensure higher quality from workers: a HIT approval rate greater than 95%,
more than 100 accepted HITs, and United States as location. We rejected HITs where one
of the quality control items was annotated other than expected13. In total, 273 workers
participated in the combined annotation task, and five different workers annotated each

12https://www.mturk.com
13We rejected HITs that failed both control questions for the first 47% of the tasks. However, this

restriction yielded a 73% rejection rate, making it difficult to collect sufficient data. Hence, we relaxed
the conditions thereafter.
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Figure 4.4: Example MTurk snapshot. Workers are required to move the slider to submit
their responses.

sentence.14 The average time for workers to complete a HIT was 37.12 minutes, which
translates to approximately 1.16 minutes per question. To mitigate individual variation
in the annotated labels, we binarized the labels by converting 5 (‘Very Unusual’) or
4 (‘Unusual’) into a non-standard label and 2 (‘Natural’) or 1 (‘Very Natural’) into
a standard label as a post-process. We then assessed inter-annotator agreement using
Fleiss’ Kappa (Fleiss et al., 1971) to investigate the quality. The agreement study yielded
a score of 0.1129, which falls into the category of slight agreement (Landis and Koch,
1977), indicating that the task involves a certain level of subjectivity among annotators.

14Note that we allocate several workers per instance to alleviate individual variation and investigate the
majority of the understanding for the term as the annotation task depends on the subjectivity or background
knowledge of the workers.
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Subreddit #Standard #Non-standard

r/4chan 105 104
r/hiphopheads 220 40
r/ireland 224 32
r/teenagers 256 30
r/australia 271 28

Total 1,076 234

Table 4.8: The details of the labels for the created dataset.

Example non-standard word usages
Subreddit Sentences
r/4chan (a) He shoved the sandwich in her face and said skedaddle , it’s actually alpha as ****.

r/hiphopheads (b) lame friends who know nothing about hip hop lol... you cant let ppl rag on redman or method.
r/ireland (c) What did McWilliams have to do with the tiger , was future shock not a warning?

r/teenagers
(d) taking some physics and calculus this semester and a couple gen ends will do the same
over summer and then start my engineering courses which are formatted differently at Purdue

r/australia (e) Nice shot , great technique , so did u flip a grad and to help control the city ambient light ?

Table 4.9: Example sentences that are annotated as non-standard by at least 4 workers.
Bold indicates the target word. Profanities have been redacted. Explanation of each
usage: (a) a dominant or assertive male; (b) Method Man, a famous rapper in United
States; (c) an abbreviation of general as in General Education; and (d) Celtic Tiger, the
rapid economic growth in Ireland from the 19th–20th century; and (e) an abbreviation
of graduated filter.

For creating the final dataset, we extracted sentences where at least 4 workers agreed
on either a standard or non-standard label and discarded the others. It is important
to note that this process is a trade-off between the quantity and quality of the dataset;
we discarded 940 examples that potentially contains gold labels. However, given the
fact that the annotation task depends on the subjectivity of the worker, we decided to
prioritize quality over quantity. As a result, 1,076 examples were labeled as standard,
and 234 examples were labeled as non-standard. Table 4.8 shows detailed annotation
results. As illustrated in the table, r/4chan contains the most non-standard usages in
the dataset, whereas r/australia reflects more common usages.

Observations

Example non-standard word usages are shown in Table 4.9. As the examples demon-
strate, each usage somewhat reflects the culture of a particular community; r/4chan
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and r/teenagers tend to include more slang, while r/hiphopheads is related to a
specific music genre. We found that gen in case (d) in Table 4.9 used in r/teenagers,
refers to “general”, as in General Education, often abbreviated as “Gen Ed” in the context
of curriculum or courses in a university. We also found the term tiger in case (e) is often
used to refer to Celtic Tiger in r/ireland that reflects its geographical information
about the community. Contrary to our expectations, however, we did not observe many
dialectal usages in r/australia and r/ireland communities.

Building on the Japanese examples, Table 4.9 highlights parallel trends in English
social media. For example, method signifies “Method Man”, just as “尼 (literally nun)”
can mean Amazon.com in Japanese. Meanwhile, terms like gen or alpha mirror the new
or subcultural senses that Japanese non-standard word usages frequently exhibited in
Chapter 3. In both languages, context and insider familiarity govern these non-standard
usages, underscoring the need for flexible, culture-aware NLP approaches.

4.4.2 Model Details

For the English experiments, we implemented the proposed method using English re-
sources. We trained word embeddings on the COCA and trained the classifier using
the pre-trained English RoBERTabase

15 on the ukWaC corpus (Ferraresi et al., 2008).
Similar to the Japanese Twitter experiment, we generated one million standard and
pseudo-examples from the corpus, along with 1,000 sentences for validation data. The
same hyperparameters as those used in the Japanese experiment were applied, and we
selected the model based on its best performance on the validation dataset. The prompt
used in GPT-4 is shown in Table 4.10.

For word2vec baseline, we utilized the embeddings trained in the aforementioned
process with a threshold of -0.02 determined based on the validation dataset described
previously. Unlike the previous experiment on Japanese dataset, where we determined
the value based on 10-fold cross-validation over test data, real-world applications like
this English experiment require the model to have a single threshold applicable to all
sentences. We also employed the pre-trained English T5base model16 and followed the

15https://huggingface.co/FacebookAI/roberta-base
16https://huggingface.co/google-t5/t5-base
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same training strategy as the proposed model17.

4.4.3 Evaluation Metrics

Using the newly annotated dataset, we investigate the usage classification performance
of the baselines as well as our proposed model. As in the previous experiment, we used
accuracy, precision, recall, F1 score, and average precision to evaluate the rankings, with
results from GPT-4 provided as a reference.

17Note that the pre-training corpora for RoBERTabase and T5base differ, complicating direct compar-
isons between the models. Specifically, RoBERTabase is trained on BookCorpus, Wikipedia, CC-News,
OpenWebText, and Stories, while T5base uses the Colossal Clean Crawled Corpus (C4) and Wikipedia.
These differences in training data likely result in distinct linguistic patterns and biases, impacting their
performance on downstream tasks.
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Prompt
### INSTRUCTION: In this task, you are asked to decide whether the target word
in a given sentence constitutes an unusual usage/interpretation.
If the usage is standard or natural, respond with ”YES”; if it is not, respond with
”NO.”

### INPUT:
SENTENCE: They threatened to nuke the enemy city.
TARGET WORD: nuke
### OUTPUT:
YES

### INPUT:
SENTENCE: I had to nuke the entire server to get rid of the virus.
TARGET WORD: nuke
### OUTPUT:
NO

### INPUT:
SENTENCE: The tank rolled through the streets, demonstrating its power.
TARGET WORD: tank
### OUTPUT:
YES

### INPUT:
SENTENCE: In our raid, I play as the tank to absorb the boss’s attacks.
TARGET WORD: tank
### OUTPUT:
NO

### INPUT:
文章: {sentence}
単語: {target word}
### OUTPUT:

Table 4.10: English prompt used for GPT-4.

4.4.4 Results

Table 4.11 shows the results on the English Reddit dataset. Our proposed model outper-
forms baselines model on all the major evaluation metrics. The absolute improvement
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Model Acuuracy Precision Recall F1 Average Precision

word2vec (SGNS IN-OUT) .342† .156 .611 .249 .141†
T5base .669† .189 .261 .219 .180†
Proposed Method .762 .306 .256 .279 .245

GPT-4.0 .789 .434 .594 .502 -

Table 4.11: Experimental results on the English Reddit Dataset. Bold indicates the best
score. A dagger symbol (†) indicates there is a statistical significance (𝑝 < .01) against
proposed method.

between the second-best baseline and the proposed model was 9.3, 3.0 and 5.5 points for
accuracy, F1 score and average precision respectively. We observed a statistical signifi-
cance with a level of 𝑝 < .01 for accuracy and average precision based on permutation
test. There is no statistical significance observed for the F1 score.

As we can see from Table 4.11, word2vec suffers from overall classification perfor-
mance. One reason for this is that the word2vec method requires a global threshold
for decision-making. In word2vec method, it is likely that a single global value cannot
effectively work for all examples, and we might need to fine-tune the threshold based on
the specific word. In contrast, our proposed pseudo-data based method does not require
any threshold tuning for classification achieving the best accuracy and proving to be
effective for this task. Compared to T5base, our proposed method achieves higher eval-
uation result for across all metrics, highlighting the importance of pre-trained masked
language models for distinguishing word usages. In contrast to the experiment on the
Japanese dataset, GPT-4 achieves the best performance across all the metrics. Although
the technical report (OpenAI, 2024) does not explicitly mention about the training data
for GPT-4, the model demonstrates a stronger capability in handling English texts than
other languages as reported by its higher performance on language understanding tasks
such as GLEU (Wang et al., 2019). This tendency for higher performance on English
also applies to our word usage classification task. However, as we mentioned in Section
4.3.3, using LLMs is not scalable as the current prompt only produces a binary label
for the given input string, making it difficult to determine which specific usage is more
likely to be non-standard. In addition, inference with GPT-4 is financially expensive and

64



w
or

d2
ve

c

T5
ba

se

Pr
op

os
ed

G
PT

-4 Sentences

✓ ✓ ✓ ✓ ... never having done it, because your post gave me cancer anyway.
✓ ✓ ✓ ✓ not *that* into gen lll to be honest but heck yeah i’m getting Omega Ruby...

✓ ✓ ... end up retiring in 2022 and will make ton more profit in real estate...
✓ I think the game was clever and interesting and made good use of the medium ...

If you want you can PM your origin / steam username and we can play something.
For me it’s when my friend will text me something like ”hey dude ...

Table 4.12: Example sentences and corresponding model predictions. Bold indicates
the target word. A checkmark (✓) denotes a correct model prediction.

not feasible for large text streams, such as those on Twitter or Reddit.18 As noted in the
previous experiment, prompt engineering to boost the performance or teach the model
to produce a scalar value is out of the scope of this paper.

Table 4.12 shows a quality comparison of each method. All models made correct
predictions for the first two sentences. Interestingly, these sentences contain metaphorical
expressions, such as “gave me cancer” and “mad as hell”. These phrases are not literal
but are used to convey strong emotions or negative experiences. Despite the figurative
language, all models successfully captured the intended meaning, showing their ability
to handle metaphorical usage. The proposed method and GPT-4 correctly predict certain
challenging sentences, even for the typo “ton”, which was originally meant to be “ten”.
None of the methods correctly predicted non-standard usages19 when the literal meaning
also fits the context. For instance, in Table 4.12, the word “origin” refers to a gaming
platform, yet its literal meaning fits the sentence contextually. Similarly, the word “text”,
commonly used in digital communication to mean sending a message, was not correctly
identified despite its increasing prevalence in internet language. Developing more robust
models to address these cases is left for future work.

Table 4.13 shows the evaluation metrics for each subreddit by the proposed model.
Overall, the model performs inconsistently across subreddits, with r/4chan showing

18As of August 2024, it would approximately cost over $50,000 just to apply the classification to the
examples that our model processed to create the dataset.

19Note that there are cases where the model’s output is standard, yet the annotation label is non-standard.
This occurs because we collect the top 10 usages sorted by the scores for non-standard labels; however,
not all usages are classified as non-standard if the score for a usage does not meet the threshold.
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Subreddit Acuuracy Precision Recall F1 Average Precision

r/4chan .541 .643 .173 .273 .618
r/hiphopheads .788 .377 .575 .455 .389
r/ireland .801 .194 .188 .290 .164
r/teenagers .808 .143 .167 .154 .115
r/australia .823 .195 .286 .232 .179

Table 4.13: Evaluation metrics for each subreddit by the proposed method.

Example detected non-standard word usages
Subreddit Sentences
r/4chan (a) You are alpha , you will ignore it, or fight it with the counter, the pride in what you are.
r/4chan (b) do please go ahead and eat that cancer right up with the rest of the newfriends, friend

r/ireland (c) EDIT : Should say that I ’m on meteor now and have no such problems.
r/teenagers (d) text your mom “ I use your toothbrush to apply the toothpaste to ****, to get high”

r/4chan (e) ... you have those I mean there has to be at least a couple bro tier who hang around there.
r/australia (f) ... a group against the hostile and unlawful treatment of asylum seekers ... thats 4chan tier
r/hiphopheads (g) ... angsty high school tier lyrics get in the way of some otherwise dope production.

r/4chan (h) I am trained in gorilla warfare and Im the top sniper in the entire US armed forces.
r/hiphopheads (f) ... how do you have so little comment karma eve though u have been here for a year.

Table 4.14: Example detected non-standard usages. Bold indicates the target word.
Longer sentences have been shortened and profanities have been redacted. Explanation
of each usage: (a) a dominant or assertive male; (b) a toxic person or behaviour; (c)
a mobile network company in Ireland; (d) sending a message; (e-g) a slang refers to
ranking something or someone by level or quality; (h) a typo for “guerrilla”; and (f) a
typo for “even”.

strong precision but weak recall, r/hiphopheads offering a more balanced perfor-
mance, and r/ireland, r/teenagers, and r/australia demonstrates high
accuracy but low precision and recall. One possible reason for this tendency in ac-
curacy is the imbalance in the dataset containing non-standard usages; r/4chan and
r/hiphopheads contain the most non-standard labels, with 104 and 40 non-standard
usages respectively, while r/australia and r/teenagers contain the least, with
28 and 30 non-standard usages respectively, resulting in higher accuracy for subreddits
with more standard usages.

Table 4.14 illustrates example non-standard usages detected by the proposed model.
As shown in case (a-d) in Table 4.14, the proposed model successfully detects net slangs
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Actual\Predict Standard Non-standard

Standard 305 771
Non-standard 91 143

a Confusion matrix for word2vec (SGNS IN-OUT).

Actual\Predict Standard Non-standard

Standard 815 261
Non-standard 173 61

b Confusion matrix for T5base model.

Actual\Predict Standard Non-standard

Standard 940 136
Non-standard 174 60

c Confusion matrix for the proposed model.

Actual\Predict Standard Non-standard

Standard 895 181
Non-standard 95 139

d Confusion matrix for GPT-4.

Table 4.15: Confusion matrices for English Reddit experiment.

or non-standard usages across different subreddits. Interestingly, as shown in cases (e-
g), the model detects the same word tier as non-standard, which may indicate a signal
that the term is likely a more general slang term rather than community-specific jargon
(Del Tredici and Fernández, 2018). Additionally, as shown in cases (h-f), the model is
able to detect typos labeling them as non-standard suggesting that it could potentially
be applied to grammatical error correction at the lexical level (Ng et al., 2014; Kiyono
et al., 2019; Kaneko et al., 2020) or data cleaning for further NLP applications (Saito
et al., 2014, 2017; Bolding et al., 2023).

4.4.5 Error Analysis

Similar to the previous experiment with the Twitter dataset, we analyzed the error cases
using confusion metrics and conducted an example error case study.

Table 4.15 shows confusion matrix for each model to analyze classification errors.
As noted in Section 4.3.5, we regard positive as non-standard usages and negative as

67



standard usages, and the top right cell in Table 4.15 represents the false-positive cases (in-
correct detection), while the bottom left cell represents the false-negative cases (missed
detection). word2vec model, shown as (a) in Table 4.15, achieves the greatest number
of correct detections for the non-standard label, but it also has an increasingly high rate
of false positives, which lowers the overall metrics. This may be related to a threshold
determined by the validation set, which reveals a discrepancy between the synthetic
dataset and actual texts. T5base model, shown as (b), produces a similar number of false-
negatives compared to the proposed model but has a higher rate of false-positives. The
proposed model, shown as (c), demonstrates a strong performance in distinguishing be-
tween standard and non-standard labels. Compared to word2vec model and the T5base

model, the proposed model achieves the highest precision for standard label detection,
with fewer misclassifications as non-standard. However, similar to the T5base model,
it shows a relatively high number of false negatives for the non-standard label. As a
reference, GPT-4 shown as (d) demonstrates a strong capability in correctly identifying
both standard and non-standard labels, with relatively lower rates of false positives and
false negatives. This indicates that GPT-4 provides a more accurate and reliable classifi-
cation performance, making it a robust choice for handling the variability in the dataset
depending on the language. The overall performance suggests that while the proposed
model excels at identifying standard labels, it faces difficulties in accurately detecting
non-standard labels, similar to the other models compared. The performance of GPT-4
on the English dataset is not as strong as on the Japanese dataset, and these underwhelm-
ing outcomes further highlight the complexity of the task, including challenges posed
by annotation errors from crowd-sourced evaluations. We will address these issues in
the following paragraph, where we conduct an example-wise error analysis that includes
a discussion of annotator errors, supported by explanations for each case.

Table 4.16 shows example error cases produced by the proposed model for each failure
category. As we can see from the results, the false-positive cases include a literal usage
of method as in case (a) in Table 4.16 or revenue to mean a financial institution as in
case (b). However, it also contains annotation errors, such as mane in case (c) being
used to mean an American rapper “Gucchi Mane”, or guise in case (d) meaning its
homophone “guys”. For false-negative cases, the model fails to detect non-standard
or contextually nuanced usage of certain words. For instance, the model incorrectly
treats hell in case (e) as a standard usage rather than recognizing it as a name, despite
the use of “his” as a reference. Likewise, the model fails to identify alpha in case (f)
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Failure Type Sentences

False-Positive

(a) ... with extreme attention to detail and great execution, much like a director or method actor.
(b) ... got a scam email supposedly from irish revenue saying they owed me and fill in my details.
(c) ... really really happy phase and that was on repeat it’s just a feel good song to me mane.
(d) guise ireland better than all of u , here s a lovely shot of our artistic culture.

False-Negative

(e) I think hell want to ride the press wave of squashing his beef with the game
(f) He shoved the sandwich in her face and said skedaddle, it’s actually alpha as ****.
(g) Thanks , I should really pick up that “vocabulary” everyone’s talking about.
(h) Going to Asia for a height problem is pretty pathetic but considering how unwanted I feel..

Table 4.16: Example false-positive and false-negative cases by the proposed method.
Bold indicates the target word. Longer sentences have been shortened and profanities
have been redacted.

as part of a slang expression, highlighting the difficulty the model faces in handling
context-specific colloquial usage. Furthermore, similar to the false positive cases, we
have identified annotation errors. Specifically, MTurk workers tend to label usages as
non-standard when the target word is used in an interrogative form within a sentence
(case (g)) or when the overall meaning of the sentence is unclear or controversial (case
(h)). To prevent such undesired annotation errors in the future, more detailed instructions
should be provided on MTurk, explicitly mentioning cases to avoid along with relevant
examples.

2Finally, we outline future avenues of error analysis that have not yet been addressed
in this dissertation. Real-world applications may require different threshold settings
depending on their objectives. For instance, a stricter threshold can be used to increase
precision, while a more lenient threshold can ensure broader coverage. In the proposed
method, decisions are made by a binary classifier that treats any label exceeding a 50%
probability as positive. For example, by designating cases with a predicted probability
of 70% or higher as “non-standard”, one can configure a high-precision setting similar
to the first method. In practical applications, an important consideration is how much
recall can be maintained at a given level of precision, and this remains a topic for future
research.

4.5 Discussion

In this study, we were able to detect non-standard word usages from unlabeled corpora
and analyze these examples in detail. The following discussion highlights limitations of
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the current approach and outlines possible improvements for this task.
Enhancement of human evaluations: According to our human annotation tasks on the
usages detected by each method, crowd-workers sometimes struggled with ambiguity in
determining whether certain examples were standard or non-standard. Specifically, we
found instances where both our proposed method and GPT-4 labeled certain examples
incorrectly, where those examples turned out to be annotation errors. To address this
issue, we could add more stringent qualifications for crowd-workers, such as geographic
or educational background requirements, refine the task instructions, increase the number
of quality control questions, or employ multiple annotators for cross-validation.
More accurate detection of non-standard word usages: Although we found that
the proposed methods outperformed LLM-based methods like GPT-4 or Swallow for
Japanese, we also observed that GPT-4 performs quite well for English. As discussed
in Chapter 1, applying LLM-based methods to massive text streams (e.g., those found
on X or Reddit) poses both computational and financial challenges. To address these
concerns while still pursuing high accuracy in this task, a two-stage hybrid detection
approach similar to Huang et al. (2023) can be adopted, which consists of (1) a candidate
extraction stage and (2) a refinement stage. In the first stage, candidates would be
extracted in advance by an automated non-standard detection method, such as those
proposed in the first or second study. Experimental results in the second study show
that the word embedding-based method proposed in the first study yields higher recall
and thus would be more suitable not to ignore ground-truth non-standard word usages in
the second refinement stage. Alternatively, we can apply ensemble-technique (Shazeer
et al., 2017; Huynh et al., 2020) to ensure the coverage. Once candidates are narrowed
down in the first stage, the second stage can rely on an LLM-based method for the final
decision. Further prompt-engineering techniques, such as Chain-of-Thought (Wei et al.,
2022), Self-Discover (Zhou et al., 2024), or Auto-Evolve (Aswani et al., 2024), may also
enhance the accuracy of LLMs, that are beyond the scope of this thesis. Ultimately,
this two-stage approach could mitigate the cost and scalability issues that are originally
associated with LLM-based solution for this task.
More scalability in language expansion: An important feature of the proposed ap-
proach is its relative language independence, given that it primarily relies on distribu-
tional representations of words learned from unlabeled corpora. However, the method-
ology still depends on having a pre-trained language model available for each target
language. One viable approach to further minimize language dependence is to adopt
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multilingual pre-trained models, such as XLM-R (Conneau et al., 2020), a multilin-
gual variant of RoBERTa that can handle multiple languages in a single framework.
Despite this advantage, multilingual approaches can introduce challenges related to vo-
cabulary overlap and representational interference across languages (Rust et al., 2021),
potentially lowering performance for language-specific nuances. Moreover, Zhao and
Aletras (2024) found XLM-R less faithful than monolingual RoBERTa, and the larger
the multilingual model, the less faithful its rationales became compared to its monolin-
gual counterpart. This concern may be critical in assessing whether a multilingual or
monolingual approach is more suitable for non-standard word usage detection.

4.6 Conclusion for this Chapter

In this work, we introduced a new English Reddit dataset focusing on non-standard
word usage and proposed a RoBERTa-based model for detecting such usages in social
media text. To deal with the lack of annotated data for non-standard usage detection, we
incorporate pseudo-example learning, where we train the model over synthetic examples
generated from a corpus. Experimental results on a Japanese X dataset and English
Reddit dataset show that our proposed method achieves better performance across a range
of evaluation metrics and different languages than baseline methods. Our experiments
show that fine-tuning LM head and incorporating Skip-gram information are essential for
improving model performance, enabling better adaptation to non-standard usages. These
findings underscore the value of combining different sources of pre-trained knowledge
to enhance the model ability to distinguish non-standard usage patterns. Although we
focus on noun cases, the proposed model is able to handle other parts of speech or even
phrases, which we leave for future work.
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Chapter 5

Conclusion

5.1 Conclusion

This thesis investigated non-standard word usages on multilingual social media and
proposed language-agnostic, annotation-free methods for effectively detecting them.

In the first work, we introduced a newly created Japanese evaluation dataset from X,
featuring example usages annotated by domain experts, and proposed a lightweight word
embedding approach for detecting non-standard word usages. The proposed method is
based on Skip-gram and combined both v𝐼𝑁 and v𝑂𝑈𝑇 word vectors obtained through its
representation learning algorithm. Specifically, we computed a weighted average of the
sigmoid-transformed dot products between the target and surrounding word vectors as a
usage standardness score, with higher scores indicating standard usage and lower scores
signifying non-standard usage. In the proposed method, the final classification of the
usage was determined by a threshold. We found that incorporating v𝑂𝑈𝑇 yields higher
performance, suggesting that output-side word vectors are especially useful for referenc-
ing both the target word and its surrounding words. Also weighting surrounding words
according to their distance from the target further improved performance, indicating that
nearer words provide more critical cues for non-standard word usage detection.

In the second work, we proposed a masked language model-based method that elim-
inates the need for a global threshold and incorporates broader contextual information
to overcome the limitations of the first approach. To evaluate this method, we intro-
duced an English Reddit dataset annotated by crowd-workers. The proposed method
is based on masked language modeling with a RoBERTa-driven word usage classifier,
leveraging capabilities of the pre-trained model to accurately detect non-standard word
usages across diverse linguistic settings. To mitigate the scarcity of labeled data for non-
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standard usages, we employed pseudo-example learning, whereby synthetic training
examples are generated from unlabeled corpora. Our multilingual experiments revealed
that this approach achieves superior performance across various metrics both in English
and Japanese compared with baseline methods. Additionally, fine-tuning the LM head
and integrating the word embedding information, introduced in Chapter 3, led to greater
adaptability in detecting non-standard word usages. These findings show the benefit of
fusing diverse pre-trained knowledge to better capture evolving, informal language in
real-world social media contexts.

5.2 Future Work

Finally, we present possible future directions for this line of research.
Extension of the research target: Although our work centered on nouns, neither of the
proposed methods in Chapters 3 and 4 depends on a specific part of speech. Investigating
all word classes, rather than limiting the scope to nouns, could provide a clearer view
of the practical landscape of non-standard word usages. In addition, extending these
methods to other languages remains a key consideration. While we initially focused on
Japanese and English, the RoBERTa model, employed in the second study, supports over
100 languages, which naturally allows the proposed method to be applied in broader
cross-lingual settings. By investigating these additional languages, researchers could
gain a deeper, comparative perspective on non-standard word usages.
Potential NLP applications by extending this work: In analyzing non-standard word
usages, understanding their underlying meanings is as crucial as extracting examples,
since it broadens our comprehension of these expressions. Building on the findings of this
thesis, several avenues of NLP research can be pursued to deepen our understanding of
non-standard word usages. Based on our observations in Chapters 3 and 4, non-standard
word usages typically refer to (1) new knowledge or (2) existing knowledge. In both
cases, definition modeling (Noraset et al., 2017; Huang et al., 2021, 2022; Segonne and
Mickus, 2023) will help us interpret and introduce a new sense of the term. We believe
that these insights can be incorporated into knowledge bases like BabelNet (Navigli and
Ponzetto, 2012) to expand NLP capabilities for addressing non-standard expressions.
In turn, applications that integrate enriched knowledge for downstream tasks such as
information retrieval (Moro et al., 2014; Feng et al., 2020) or machine translation (Pham
et al., 2018; Pu et al., 2018) can more reliably process unconventional terms.
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[109] Fabio Petroni, Tim Rocktäschel, Sebastian Riedel, Patrick Lewis, Anton Bakhtin,
Yuxiang Wu, and Alexander Miller. 2019. Language models as knowledge bases?
In Proceedings of the 2019 Conference on Empirical Methods in Natural Lan-
guage Processing and the 9th International Joint Conference on Natural Language
Processing (EMNLP-IJCNLP), pages 2463–2473, Hong Kong, China. Associa-
tion for Computational Linguistics.

[110] Ngoc-Quan Pham, Jan Niehues, and Alexander Waibel. 2018. Towards one-shot
learning for rare-word translation with external experts. In Proceedings of the
2nd Workshop on Neural Machine Translation and Generation, pages 100–109,
Melbourne, Australia. Association for Computational Linguistics.

[111] Hoifung Poon, Colin Cherry, and Kristina Toutanova. 2009. Unsupervised mor-
phological segmentation with log-linear models. In Proceedings of Human Lan-
guage Technologies: The 2009 Annual Conference of the North American Chapter
of the Association for Computational Linguistics, pages 209–217, Boulder, Col-
orado. Association for Computational Linguistics.

[112] Ofir Press and Lior Wolf. 2017. Using the output embedding to improve language
models. In Proceedings of EACL ’17, pages 157–163.

90



[113] Xiao Pu, Nikolaos Pappas, James Henderson, and Andrei Popescu-Belis. 2018.
Integrating weakly supervised word sense disambiguation into neural machine
translation. Transactions of the Association for Computational Linguistics, 6:635–
649.

[114] Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang,
Michael Matena, Yanqi Zhou, Wei Li, and Peter J. Liu. 2020. Exploring the limits
of transfer learning with a unified text-to-text transformer. J. Mach. Learn. Res.,
21(1).
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Joe Davison, Sam Shleifer, Patrick von Platen, Clara Ma, Yacine Jernite, Julien
Plu, Canwen Xu, Teven Le Scao, Sylvain Gugger, Mariama Drame, Quentin
Lhoest, and Alexander M. Rush. 2020. Huggingface’s transformers: State-of-the-
art natural language processing.

[143] Xiaobao Wu, Anh Tuan Luu, and Xinshuai Dong. 2022. Mitigating data sparsity
for short text topic modeling by topic-semantic contrastive learning. In Pro-
ceedings of the 2022 Conference on Empirical Methods in Natural Language
Processing, pages 2748–2760, Abu Dhabi, United Arab Emirates. Association
for Computational Linguistics.

[144] Hu Xu, Lei Shu, Philip Yu, and Bing Liu. 2020. Understanding pre-trained BERT
for aspect-based sentiment analysis. In Proceedings of the 28th International Con-
ference on Computational Linguistics, pages 244–250, Barcelona, Spain (Online).
International Committee on Computational Linguistics.

[145] Muheng Yan, Yu-Ru Lin, Rebecca Hwa, Ali Mert Ertugrul, Meiqi Guo, and
Wen-Ting Chung. 2020. Mimicprop: Learning to incorporate lexicon knowledge
into distributed word representation for social media analysis. Proceedings of
ICWSM, 14(1):738–749.

[146] Dongjie Yang, Zhuosheng Zhang, and Hai Zhao. 2023. Learning better masking
for better language model pre-training. In Proceedings of the 61st Annual Meeting
of the Association for Computational Linguistics (Volume 1: Long Papers), pages
7255–7267, Toronto, Canada. Association for Computational Linguistics.

[147] Yi Yang and Jacob Eisenstein. 2017. Overcoming language variation in sentiment
analysis with social attention. Transactions of the Association for Computational
Linguistics, 5:295–307.

[148] Boliang Zhang, Hongzhao Huang, Xiaoman Pan, Sujian Li, Chin-Yew Lin, Heng
Ji, Kevin Knight, Zhen Wen, Yizhou Sun, Jiawei Han, and Bulent Yener. 2015.
Context-aware entity morph decoding. In Proceedings of the 53rd Annual Meeting

95



of the Association for Computational Linguistics and the 7th International Joint
Conference on Natural Language Processing (Volume 1: Long Papers), pages
586–595, Beijing, China. Association for Computational Linguistics.

[149] Yuhui Zhang, Chenghao Yang, Zhengping Zhou, and Zhiyuan Liu. 2020. Enhanc-
ing transformer with sememe knowledge. In Proceedings of the 5th Workshop
on Representation Learning for NLP, pages 177–184, Online. Association for
Computational Linguistics.

[150] Zhixue Zhao and Nikolaos Aletras. 2024. Comparing explanation faithfulness
between multilingual and monolingual fine-tuned language models. In Proceed-
ings of the 2024 Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies (Volume 1: Long
Papers), pages 3226–3244, Mexico City, Mexico. Association for Computational
Linguistics.

[151] Pei Zhou, Tushar Khot, Ashish Sabharwal, and Peter Clark. 2024. Self-
discover: Large language models self-compose reasoning structures. arXiv
preprint arXiv:2402.03620.

[152] Wangchunshu Zhou, Tao Ge, Ke Xu, Furu Wei, and Ming Zhou. 2019. BERT-
based lexical substitution. In Proceedings of the 57th Annual Meeting of the
Association for Computational Linguistics, pages 3368–3373, Florence, Italy.
Association for Computational Linguistics.

96



Publication

Thesis-related

Journal Papers

• Tatsuya Aoki, Jey Han Lau, Hidetaka Kamigaito, Hiroya Takamura, Timothy
Baldwin and Manabu Okumura, Discovering Unusual Word Usages with Masked
Language Model via Pseudo-label Training. Journal of Natural Language Pro-
cessing, Volume 32 Issue 1, 2025 (To be appeared).

• Tatsuya Aoki, Ryohei Sasano, Hiroya Takamura, and Manabu Okumura, Detecting
Non-standard Word Usages from Social Media. Journal of Natural Language
Processing, Volume 26 Issue 2, pp. 381–406, 2019.

Others

Journal Papers

• Ying Zhang, Hidetaka Kamigaito, Tatsuya Aoki, Hiroya Takamura, and Manabu
Okumura, Generic mechanism for reducing repetitions in encoder-decoder models.
Journal of Natural Language Processing, Volume 30 Issue 2, pp. 401–431, 2023.

• Kasumi Aoki, Akira Miyazawa, Tatsuya Ishigaki, Tatsuya Aoki, Hiroshi Noji, Kei-
ichi Goshima, Ichiro Kobayashi, Hiroya Takamura and Yusuke Miyao, Controlling
contents in data-to-document generation with human-designed topic labels, Jour-
nal of Computer Speech & Language, Volume 66, page. 101154, 2021.

97



Conference Papers

• Riku Kawamura, Tatsuya Aoki, Hidetaka Kamigaito, Hiroya Takamura and Man-
abu Okumura, Neural Text Normalization Leveraging Similarities of Strings and
Sounds, In Proceedings of the International Conference on Computational Lin-
guistics, pp. 2126-2131, 2021.

• Tatsuya Aoki, Akira Miyazawa, Kasumi Aoki, Keiichi Goshima, Tatsuya Ishi-
gaki, Ichiro Kobayashi, HiroyaTakamura and Yusuke Miyao, Generating Market
Comments Referring to External Resources, In Proceedings of the International
Conference on Natural Language Generation, pp. 135-139, 2018.

98


