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Abstract
Systems capable of understanding human language have been a holy grail amongst scientists

and engineers for many decades. With recent advancements in natural language processing (NLP)

methods and large-scale training, the field has never been closer to making systems capable of

understanding language a reality.

This research investigates a critical but oftenoverlookedaspect ofmodernmultilingual language

processing methods: vocabulary allocation in tokenizers - which significantly impacts model

performance and efficiency. This impact is particularly pronounced in multilingual pre-trained

models, where systematic biases inherited from training data and the inherent complexity of

building generic vocabularies create substantial disadvantages for languageswith diverse character

sets, leading to both computational inefficiencies and degraded performance.

My work demonstrates that these vocabulary-related limitations, particularly evident in Korean

language processing, represent addressable engineering challenges rather than fundamental con-

straints. I present two complementary approaches that target different aspects of the vocabulary

challenge: first, an out-of-vocabulary (OOV) mitigation strategy that enables recovery of model

performance through intelligent vocabulary mapping without retraining, and second, Jamo Pair

Encoding, a sub-character tokenizationmethod that dramatically reduces vocabulary requirements

while ensuring maximum fidelity.

TheOOVmitigation approach I developedmapsOOV tokens to in-vocabulary surrogates through

character distance, masked languagemodel prediction, and unseen subword assignment. Com-

bined with continued pre-training, this method improved accuracy by １-２% across multiple down-

stream tasks including sentiment analysis and question answering. Notably, it achieves ８６.０４%

accuracy on the NSMC dataset even under synthetic ５０% OOV conditions, significantly outperform-

ing the ８５.５０% FastText baseline.

The proposed JamoPair Encoding decomposes Korean syllable blocks into constituent phonetic

elements, reducing vocabulary requirements from １１,１７２ characters to approximately １００ sub-

characters while maintaining complete coverage. This approach achieved a ９０% reduction in

vocabulary size while improving sequence length efficiency, as measured by corpus token count

and subword fertility metrics. Through state machine-based reconstruction, it guarantees lossless

round-trip conversion between original text and tokenized forms.

iv
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Through comprehensive evaluation across multiple frameworks, I demonstrate these improve-

ments using traditional downstreammetrics, information theoretic measures, and novel tokeniza-

tion quality metrics. The methods presented maintain relevance despite field evolution - while

byte-level approaches have largely solved OOV challenges in large models, these techniques offer

particular value for resource-constrained scenarios and improving efficiency in multilingual model

vocabulary allocation.

In summary, this thesis makes four key contributions:

１. Demonstrates feasibility of post-training recovery for models with suboptimal tokenization,

２. Establishes new approaches for efficient processing of character-diverse languages,

３. Contributes early evaluation frameworks for assessing tokenization quality,

４. Opens new research directions in sub-character processing for other writing systems.

Most importantly, it shows that the seemingly competing goals of tokenization robustness

and efficiency can be simultaneously improved through principled approaches to writing system

analysis and vocabulary management.
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１
Introduction

１.１. Motivation
Communication, and by extension language, is widely recognized as one of the fundamental

characteristics that distinguish intelligent beings from their non-intelligent counterparts. Since the

advent of computers, researchers have pursued the goal of enabling machines to comprehend and

communicate using human language. In １９５０, Alan Turing’s seminal article “Computing Machinery

and Intelligence” introduced what became known as the Turing test, establishing a framework

for evaluating machine intelligence. This breakthrough led to decades of advancement in natural

language processing.

The early era of natural language processing was marked by systems like ELIZA (Weizenbaum,

１９６６) and SHRDLU (Winograd, １９７２), which employed human-written rule sets to transform lin-

guistic input into symbolic representations. These systems generated responses through iterative

conversations. However, contemporary research has demonstrated the inherent limitations of

rule-based approaches in achieving genuine language understanding and generalization.

Statistical approaches evolved over the past three decades as a data-driven alternative (Brown

et al., １９９０; Manning and Schütze, １９９９). These methods fundamentally shifted the field by exam-

ining common patterns in language use rather than relying on predefined rules. An evolution of

these methods led to neural models, which combined with self-supervised learning techniques

(Mikolov et al., ２０１３) accelerated progress by enabling effective scaling with vast amounts of text

data. This evolution produced large-scale models capable of multiple tasks, both with and without

task-specific training (Devlin et al., ２０１９; Howard and Ruder, ２０１８; Radford et al., ２０１９).

Despite theseadvances inmodel architecturesand trainingapproaches, fundamental challenges

in processing human language persist. One of the most critical yet often overlooked challenges lies

in the initial transformation of raw text into a format that machines can process efficiently. This

１
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challenge becomes particularly acute asmodels scale to handlemultiple languages simultaneously,

each with its own unique characteristics and requirements.

A crucial step in all natural language processing systems is a processing step known as tok-

enization, which transforms text streams into algorithmically processable chunks. While current

methods preserve input information more effectively than their predecessors, they face signifi-

cant challenges when processing character-diverse languages. This challenge particularly affects

Chinese, Japanese, and Korean (CJK) languages, which collectively serve more than １.５ billion

speakers yet remain underrepresented in modern natural language processing systems.

The implications of suboptimal CJK processing extend beyond academic interest to practical

constraints. Recent research by Petrov et al. (２０２３) demonstrates that processing CJK text in state-

of-the-artmodels like GPT-４ incurs ２-２.５ times higher computational costs compared to English text.

This cost differential stems from fundamental inefficiencies in tokenization, where training corpus

biases lead to inflated sequence lengths and high out-of-vocabulary rates for CJK languages.

These challenges exist partly due to an oversimplified approach to processing in multilingual

models. Current systemsoften treat all languagesuniformly, disregarding theunique characteristics

of different writing systems. This one-size-fits-all approach particularly disadvantages languages

with complex scripts or distinctive linguistic properties. While the field moved away from language-

specific tokenization methods in favor of universal approaches that showed superior performance,

these generic methods have revealed new inefficiencies when processing certain languages. This

suggests an opportunity to selectively reintroduce language-specific processing to complement,

rather than replace, modern tokenization approaches.

This dissertation examines these challenges through the specific lens of Korean language pro-

cessing. In particular, I demonstrate how current tokenization approaches create an inherent

trade-off between computational efficiency and information preservation, leading to reduced

generalization and task performance.

１.２. Contributions
This research advances the field of natural language processing through several key contributions:

• Ourfirst contribution focuseson tokenization schemes for character-diverse languages suchas

Chinese, Japanese, and Korean. We thoroughly examine current state-of-the-art approaches

and propose specific enhancements to address their limitations for Korean.

• In the domain of transfer learning, we introduce a novel post-trainingmethod that significantly
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reduces information loss in task-tuned models. This approach specifically targets out-of-

vocabulary scenarios, resulting in improvedmodel performance.

• This method’s effectiveness is further validated through extensive testing against artificial

models with intentionally degraded performance, establishing clear boundaries for informa-

tion loss mitigation.

• For from-scratch model training, we develop an innovative approach that reduces the vocab-

ulary budget rigidity and cost associated with processing Korean text in both monolingual

andmultilingual models.

• We conduct a comprehensive analysis of both proposedmethods through the lens of recent

developments in tokenization quality evaluation. This analysis provides valuable insights

into the effectiveness and limitations of each approach.

• Finally, we present a thorough examination of tokenization quality metrics, both existing and

newlydefined. Our researchdemonstrates how thesemetrics interact and thenecessary trade-

offs between them, providing a framework for future tokenization research and development.

１.３. Outline
Following this introductory chapter, the dissertation is structured as follows:

Chapter ２: Background
This chapter establishes the foundational knowledge necessary for understanding tokenization

andword segmentation, with particular emphasis on concepts central to this dissertation. We trace

the evolution of tokenization methods from traditional approaches to contemporary techniques,

examining how Chinese, Japanese, and Korean language tokenization has developed alongside

these advances. Special attention is given to the unique challenges these languages present in

natural language processing.

Additionally, this thesis focuses on two key qualities of tokenization and their interrelationship:

efficiency and robustness.

Chapter ３: Related work
This chapter examines research that directly informs our proposedmethods. We provide detailed

analysis of relevant studies, highlighting methodological differences, limitations, and objectives.
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The discussion encompasses language model-based transfer learning, tokenization strategies

in prominent architectures, and the role of tokenization in both pre-training and post-training

environments.

Chapter ４: The Effects and Mitigation of Out-of-vocabulary in Universal Lan-

guage Models
The first major component of our research investigates how suboptimal tokenization creates ad-

verse effects through information loss. We focus on pre-trainedmultilingual BERT as a case study,

proposing a novel mitigation strategy for minimizing information loss in post-training scenarios. To

demonstrate our method’s efficacy, we test it under artificially degraded conditions, establishing

its effectiveness even in worst-case scenarios.

Chapter ５: Jamo Pair Encoding: Subcharacter Tokenization of Korean
Our secondmajor contribution addresses the specific challenges of tokenizing Korean text using

current subword tokenization methods. We examine these challenges through the lens of vocab-

ulary size and information loss, introducing a novel approach that leverages the Korean script’s

linguistic properties. This method significantly reduces both information loss and vocabulary costs,

with performance validated against baseline models.

Chapter ６: Discussion
This chapter provides a deeper analysis of our two proposedmethods for improving Korean tok-

enization and segmentation. While previous chapters demonstrate effectiveness through empirical

evidence and task-specific metrics, here we incorporate recent developments in the field to ex-

plain the observed phenomenamore comprehensively. This analysis offers new insights into our

methods’ success.

Chapter ７: Conclusion
The final chapter synthesizes our contributions to Korean tokenization and their downstream

impact. We address remaining challenges, ethical considerations, study limitations, and promising

directions for future research in this rapidly evolving field.
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• Cognetta, M., Zouhar, V.,Moon, S., and Okazaki, N. (２０２４). Two Counterexamples to Tokeniza-

tion and the Noiseless Channel. In Proceedings of the 2024 Joint International Conference on

Computational Linguistics, Language Resources and Evaluation (LREC-COLING 2024).



２
Background

This chapter presents the fundamental concepts essential for comprehending the subsequent

material, and is primarily intended for readers without prior expertise in Natural Language Process-

ing (NLP). Readers who possess substantial background knowledge in this domain may proceed

directly to Section ２.９, as the foundational concepts covered here will likely be familiar.

２.１. Traditional Methods
Natural language processing (NLP) tasks begin by transforming input text into a feature representa-

tion that algorithms can process. This transformation, at its most fundamental level, represents a

form of lossy tokenization where complex linguistic structures are reduced to simpler computa-

tional elements (Winograd, １９７１). The resulting representation captures relevant characteristics

from the text and is passed to a prediction function that produces the desired output.

Consider these example sentences and their corresponding sentiment classifications:

• Input: “I am sad becausemy dog is sick.” (Negative) | “Theweathermakesme happy” (Positive)

• Output: Negative | Positive

In this example, thewords sad and happy serve as strong indicators of sentiment, demonstrating

how complex emotional expressions are reduced to individual lexical items. Traditional symbolic

approaches leveraged such linguistic patterns to define sets of rules (Stone et al., １９６６). From a

feature representation perspective, these approaches focused primarily on identifying specific

trigger words in the text.

The classification function can be formally expressed as a piecewise function, whereX repre-

sents the input text and Y the predicted sentiment:

６
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Slot Word Slot Word
１ i ８ sick
２ am ９ the
３ sad １０ weather
４ because １１ makes
５ my １２ me
６ dog １３ happy
７ is ... ...

Table ２.１: Aminimal bag-of-words (BOW) vocabulary.

Y = f (X) =


positive if “happy” ∈ X

negative if “sad” ∈ X

unknown otherwise

This approach, however, proves fragile inpractice. A single entry in a thesaurus for either “happy”

or “sad” yields dozens of synonyms, each requiring explicit inclusion in the ruleset. Moreover, such

systems struggle with negation and contextual inference. For instance, “I am no longer sad” would

be incorrectly classified as negative, while “My dog is sick” would be classified as unknown despite

its clear negative sentiment. These challenges extend beyond simple wordmatching, as negative

sentiment in natural language can be expressed through various grammatical constructions, unlike

the more structured nature of programming languages.

To address these limitations, evolutions of these systems adopted syntactic parsing approaches

(Marcus, １９８０). These parsers enabledmore sophisticated rule definition by operating on gram-

matical structure rather than surface forms (Winograd, １９８３). While successful for English, this

approach faced scalability challenges: each language requires its own parser implementation and

language-specific ruleset due to fundamental differences in grammatical structure (Gazdar, １９８５).

These foundational complexities demonstrate why even seemingly straightforward tasks like

sentiment analysis prove challenging with rule-based approaches. The inherent complexity of

natural language, with its contextual nuances and semantic variations, ultimately led to the decline

of purely symbolic methods in the １９８０s. In their place emerged statistical approaches that could

learn patterns directly from data, marking a fundamental shift in NLPmethodology (Manning and

Schütze, １９９９).
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Word Count Word Count
i １ sick １
am １ the ２→ 1
sad ０ weather １
because ０ makes １
my １ me ０
dog １ happy １
is ０ ... ...

Table ２.２: Bag-of-words (BOW) encoding of “The weather makes the dogs sick, but I am happy”. In a multiple-Bernoulli
representation, the value for “the” is １.

２.２. Statistical Methods
Natural language processing transitioned from symbolic to statistical approaches to address the

limitations of hand-crafted rules. This shift fundamentally changed howwe formulate classification

functions: instead of deterministic outputs, statistical approaches produce probability distributions

over possible outcomes. For prediction tasks, we denote the conditional probability of an event

y given input x as P (y |x). In our sentiment analysis example, this enables us to express probable

positive cases as P (y |“happy” ∈ x) and probable negative cases as P (y |“sad” ∈ x).

The first challenge in statistical approaches is converting text into amathematical representation

suitable for computation. The bag-of-words (BOW) model (Harris, １９５４) provides a straightforward

solution by treating a document as an unordered collection of words. This approach discards word

order and grammatical structure, focusing solely on word occurrences. While this simplification

loses some linguistic information, it enables efficient statistical analysis. The underlying intuition

behind this in statistical modeling is that some words, regardless of them not being obviously a

salient feature, may carry signal of value to the model in the learning process.

To implement this model, we first construct a vocabulary of all unique words appearing in

our document collection, then represent each document １ as a vector indicating the frequency or

presence of each word. Table ２.１ demonstrates this concept, showing a vocabulary constructed

from our sentiment analysis examples.

Using the vocabulary defined in Table ２.１, we can encode any text as a vector where each

position corresponds to a word. Table ２.２ illustrates this encoding for the sentence “The weather

makes the dogs sick, but I am happy”, where each word from our vocabulary is assigned a count

based on its occurrence in the sentence.

The encoding shown in Table ２.２ transforms our text classification problem into a vector space
１In text processing, the term document is defined as one input to the algorithm; this can be a sentence, paragraph, or a

full document - but in literature it is commonly referred to as a document.
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problem,where each document becomes a point in a high-dimensional space. While this frequency-

based representation is intuitive, we can enhance our statistical modeling by viewing the same

information through amultiple-Bernoulli event space. In this alternative formulation, each word

position becomes a binary random variable:

Xi =

 1 if word wi appears in the document

0 otherwise
(２.１)

The multiple-Bernoulli representation, first applied to text classification by McCallum and

Nigam (１９９８), offers several important advantages. First, it aligns naturally with the way humans

process text—the presence or absence of keywords often matters more than their frequency. For

instance, in sentiment analysis, seeing the word “excellent” once is typically sufficient to indicate

positive sentiment; its repetition may not provide significant additional information. Second, this

binary representation simplifies probability estimation by reducing the space of possible outcomes,

making the model more robust when training data is limited. Third, it provides a more principled

way to handle rare words, where frequency counts might be unreliable due to data sparsity.

To formalize the classification problem in this framework, letΩ be our sample space, containing

all possible text documents. The classification task involves partitioning this space into disjoint

events corresponding to our sentiment classes: Ω = Ωpositive ∪ Ωnegative. In this framework, each

document d represents an event in Ω, and our goal is to determine the probability of each class

given the document’s features.

The mathematical foundation for classification in this framework is Bayes’ Rule, which relates

the conditional probability P (Y |X) of event Y given event X to their individual probabilities:

P (Y |X) =
P (X|Y )P (Y )
P (X)

=
P (X|Y )P (Y )∑

y∈Y P (X|Y = y)P (Y = y)

(２.２)

To implement a Naive Bayes classifier (McCallum and Nigam, １９９８) for sentiment analysis, we

calculate the probability of each class given the input text. Using our representation choice, we can

express this as:
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P (c |d) =
P (d |c)P (c)
P (d)

∝ P (d |c)P (c)
(２.３)

where c represents the class and d represents the document. Since P (d) is constant across

classes, we can work with proportionality. The crucial simplifying assumption of Naive Bayes,

known as the “naive independence assumption,” is that all features are conditionally independent

given the class. Under the frequency-based representation, this allows us to decompose P (d |c)

into:

P (d |c) =
n∏
i=1

P (wi |c)fi (２.４)

where wi represents the i-th word, n is the vocabulary size, and fi is the frequency of word wi .

Alternatively, under the multiple-Bernoulli representation (McCallum and Nigam, １９９８), we have:

P (c |d) ∝ P (c)
n∏
i=1

P (Xi = xi |c)

= P (c)
∏
i :xi=1

P (Xi = 1|c)
∏
i :xi=0

P (Xi = 0|c)
(２.５)

In practice, we estimate these probabilities from training data:

P (c) =
count of documents in class c
total number of documents

P (wi |c) =
count of word wi in class c documents

total words in class c documents

(２.６)

To prevent zero probabilities for unseen words, we apply Laplace smoothing (Chen and Good-

man, １９９６) with parameter α (typically １):

P (Xi = 1|c) =
count(wi , c) + α
count(c) + 2α (２.７)

The final classification decision rule becomes:

c∗ = argmax
c

[
logP (c) +

∑
i :xi=1

logP (Xi = 1|c) +
∑
i :xi=0

logP (Xi = 0|c)

]
(２.８)
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This formulation extends naturally to multi-class scenarios where c ∈ {c1, ..., ck}, with the

predicted class maximizing the posterior probability:

c∗ = argmax
c∈{c1,...,ck}

P (c |d) (２.９)

The multiple-Bernoulli model captures the significance of word presence rather than frequency,

aligning well with applications where certain words strongly indicate document class regardless of

repetition. While mathematically elegant, the model maintains the naive independence assump-

tion, unable to capture dependencies between words (such as “not good” versus “very good”).

Nevertheless, its simplicity and computational efficiency, combined with surprisingly good empiri-

cal performance, make it a valuable baseline for text classification tasks.

This simple classification example demonstrates the fundamental requirement in statistical

NLP: transforming arbitrary text sequences into discrete, mathematically tractable representations.

While we have explored the most straightforward approach through BOW andmultiple-Bernoulli

representations, the challenges of effective text transformation extend far beyond these basic

methods. The next section examines these challenges in depth, exploring advanced tokenization

approaches that better serve the requirements of modern statistical models.

２.３. Tokenization
In the previous section, we implicitly performed tokenization as part of our BOW implementation

for sentiment analysis. To formalize this process, let T be the set of all possible text tokens and V be

our target vocabulary. Tokenization and preprocessing can then be viewed as a series of functions

f : T → V that map raw text to vocabulary elements.

While not explicitly detailed earlier, our process involved at least three distinct steps, as evi-

denced by Table ２.２:

１. Strip punctuation using regular expressions

２. Convert text to lowercase

３. Split text into tokens using whitespace as the delimiter

Strictly speaking, only the third step constitutes tokenization proper; the first two are prepro-

cessing steps that enhance token robustness. Let fcase represent the case normalization function.

Without this preprocessing, tokens like “sick” would retain trailing punctuation (“sick,”), and if the

case normalization function fcase is a no-op, we would observe:
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Slot Word Slot Word
１ i ８ sick
２ am ９ the
３ sad １０ weather
４ becaus １１ make
５ my １２ me
６ dog １３ happi
７ is ... ...

Table ２.３: Our previous example vocabulary with stopwords removed and stemmed with the Porter stemmer algorithm.

fcase(“The”) 6= fcase(“the”) (２.１０)

causing token mismatches. These sequential preprocessing and tokenization steps form a

composition of functions collectively known as the tokenizer or tokenization pipeline.

Case normalization through lowercasing, while computationally inexpensive, exemplifies the

trade-offs inherent in text preprocessing. While it resolves case-based token mismatches by ensur-

ing the following:

fcase(“Apple”) = fcase(“apple”) (２.１１)

it eliminates the distinction between proper nouns and common nouns—for instance, Apple

(the company) becomes indistinguishable from apple (the fruit).

More sophisticated tokenization pipelines may incorporate additional preprocessing functions

(assuming English text, but many languages follow a similar pipeline):

• Suffix stripping fstem (Porter, １９８０), where: fstem(“likes”) = “like”

• Lemmatization flemma (Fellbaum, １９９８), where: flemma(“corpora”) = “corpus”

• Stopword removal fstop (Rijsbergen, １９７９; Fox, １９９２)

• Diacritic normalization fdiac, where: fdiac(“naïve”) = “naive”

• Number normalization fnum, where: fnum(“１２３”) = “<number>”

Table ２.３ demonstrates the effects of stopword removal and stemming. These transformations

reduce vocabulary size significantly. Let |V| represent vocabulary size. Without preprocessing:

|Vraw| = |Vbase| × |Vinflections| × |Vcases| (２.１２)

With preprocessing:
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|Vprocessed| ≈ |Vbase| (２.１３)

where |Vprocessed| � |Vraw| is guaranteed. This reduction enhances generalizability and learnabil-

ity (Bellman, １９５９) while reducing computational costs. However, these transformations can be

detrimental for tasks requiring grammatical nuance, as such information is lost in the process.

These preprocessing transformations are inherently lossy. For any preprocessing function f , we

generally have:

f −1(f (t)) 6= t (２.１４)

where t ∈ T is an original token. While storing auxiliary information for reconstruction is pos-

sible, it adds complexity to the system and was historically rare (Manning and Schütze, １９９９).

Nevertheless, these transforms significantly enhance vocabulary robustness and token quality,

making them standard practice in classical NLP approaches. This trend continued until the devel-

opment of neural methods that could effectively learn from less processed input.

The adoption of these preprocessing steps was driven by both practical and theoretical consid-

erations. Different morphological forms of words often show imbalanced frequency distributions,

complicating the learning process. Moreover, maintaining a vocabulary covering every possible

word form becomes computationally intractable. Even the base vocabulary of English presents

challenges—current estimates suggest approximately one million words, though linguistic con-

sensus on this figure varies by±２５%.２ Axiomatically, with a representation like our bag-of-words

model, the resulting output would be a one million-dimension vector - which is likely a challenging

proposition from a learnability perspective.

Despite extensive preprocessing, creating a truly representative vocabulary remains challenging.

Our previous example’s omission of the common word “but” illustrates this point, though more

typical challenges include handling rare words, complex terms, and spelling variations or errors.

The next section addresses these vocabulary coverage challenges in detail.

２.４. Out-of-Vocabulary Handling
While previous sections explored methods to transform text into discrete tokens and maximize

vocabulary robustness, achieving perfect coverage remains impossible even for a single language
２According to Merriam-Webster’s current estimate, with the noted caveat that linguists debate this figure.
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Slot Word Slot Word
１ sad ５ weather
２ becaus ６ happi
３ dog ７ <unknown>
４ make ... ...

Table ２.４: A bag-of-words (BOW) encoding using the trimmed vocabulary,with OOV handling (<unknown>).

like English. Formally, let V be our vocabulary and T be the set of all possible tokens in a language

(Jurafsky and Martin, ２０２４). There will always exist some token t ∈ T such that t /∈ V. This

fundamental limitation necessitates a strategy for handling out-of-vocabulary (OOV) tokens.

Two primary approaches exist for OOV handling (Knight and Graehl, １９９７). Let fOOV : T → V be

our OOV handling function. The first approach, token dropping, can be expressed as:

fdrop(t) =

 t if t ∈ V

∅ otherwise
(２.１５)

The second approach, special token replacement, can be formalized as:

freplace(t) =

 t if t ∈ V

<unknown> otherwise
(２.１６)

While these approaches might appear equivalent for unigrammodels, their implications differ

significantly when considering contextual relationships.

The importance of context in OOV handling becomes clear through an example:

• Original: This cotton candy is sweet.

• Drop Strategy: fdrop(“This cotton candy is sweet”) = “This cotton is sweet”

• Replace Strategy: freplace(“This cotton candy is sweet”) = “This cotton <unknown> is sweet”

In this example, when “candy” /∈ V, the two strategies produce notably different results. The

drop strategy creates a potentially misleading sequence, while the replace strategy maintains

structural integrity while explicitly marking the unknown term’s position.

From a learning perspective, let P (wi |wi−1) be the probability of word wi given its previous

word (Manning and Schütze, １９９９). With the drop strategy, the model might incorrectly learn

P (“sweet”|“cotton”) is high. The replacement strategy insteadmodels P (“sweet”|“<unknown>”)

and P (“<unknown>”|“cotton”), preventing such spurious correlations.

However, OOV handling has limitations. When the proportion of tokens t /∈ V in an input
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sequence exceeds some threshold θ, the resulting representation becomes too sparse for reliable in-

ference. Modern approaches have largelymitigated these challenges through subword tokenization

(Sennrich et al., ２０１６; Schuster and Nakajima, ２０１２; Wu et al., ２０１６).

Let V∗ be the subword vocabulary, and fsubword : T → V∗ be a subword tokenization function

that maps a token to a sequence of vocabulary elements. For example:

fsubword(“makes”) = [“make”, “_s”] (２.１７)

While detailed discussion of these algorithms follows in the next chapter, their core insight lies in

preserving morphological information through this decomposition. Contemporary methods apply

this principle at a finer granularity, but the fundamental approach of information preservation

remains constant.

Subword tokenization methods have largely addressed OOV challenges for alphabetic writing

systems, but they build on an assumption that text can be effectively decomposed into smaller units

drawn from a limited character set. This assumption holds well for languages like English, where

words are formed from combinations of a few dozen letters. However, text processing systems face

a fundamentally different scale of complexity when handling Chinese, Japanese, and Korean (CJK)

languages, where the base character set itself numbers in the thousands. These languages not only

challenge our approaches to OOV handling but also require us to reconsider basic assumptions

about character-level text processing.

２.５. Complexities of CJK Languages
While subword tokenizationmethods have largely addressed OOV challenges for alphabetic writing

systems, they build on an assumption that text can be effectively decomposed into smaller units

drawn from a limited character set. This assumption holds well for languages like English, where

words are formed from combinations of a few dozen letters. However, text processing systems

face a fundamentally different scale of complexity when handling Chinese, Japanese, and Korean

(CJK) languages, where the base character set itself numbers in the thousands, as demonstrated

contrasting English, French, and Korean in Figure ２.１. These languages not only challenge our

approaches to OOV handling but also require us to reconsider basic assumptions about character-

level text processing.

The fundamental challenge with CJK languages stems from their vast character sets. While

alphabetic languages combine a small set of letters to formwords, CJK languages require thousands
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Large-scale SOTA Multilingual (2024)

Computationally infeasible (as of today)

Research-scale SOTA Multilingual (~2024)

More efficient

Figure ２.１: Character-level and character bi-gram vocabulary size bounds for different languages.

of distinct characters for basic literacy. This characteristic creates significant implications for text

processing, particularly in vocabulary management and tokenization.

２.５.１. Chinese
Chinese presents perhaps the most direct example of this complexity through its use of ideographs

(hanzi３). The complete set of Chinese characters spans nearly １００,０００ Unicode code points, though

most modern texts use a much smaller subset. This vast character space creates challenges for

both computational representation and processing.

The evolution of Chinese text processing reflects these challenges. The initial GB ２３１２ standard

supported only ６,７６３ ideographs, while its revision GB/T ２３１２-１９８０ expanded to ７,４４５ charac-

ters. For traditional Chinese, the Big５-１９８４ standard supported １３,０５３ characters. These limited

character sets represented practical compromises between coverage and computational feasibility.

Unlikemost languageswhichcanbe tokenizedusingwhitespaceasadelimiter, Chinese text lacks

explicit word boundaries and uses minimal punctuation. This necessitates algorithmic approaches

for initial tokenization, often combining language-specific heuristics with lexical knowledge to

identifywordboundaries. Early approaches focusedon character sequencepatterns anddictionary-

based heuristics (Li and Yuan, １９９８), which evolved into statistical methods (Xue, ２００３; Shi, ２００５)

and later neural networks that can learn boundary patterns directly from data (Peng et al., ２００４;

Ma et al., ２０１８).
３Hanzi, kanji, and hanja are region-specific terms referring to the roughly the same set of ideographs. In a computational

context, hanzi may refer to either traditional or simplified, while kanji refers to Japanese simplified (different than that
of Chinese simplified), and hanja refers to traditional. However, Unicode codepoint-wise they are mutually interoperable
(Unicode Consortium, ２０２４).
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２.５.２. Japanese
Japanese text processing evolved through similar constraints. The initial JIS X ０２０１ standard

supported only ASCII and ６４ katakana characters. Later standards expanded to include ６,３５５ kanji

characters, bringing the total to ６,８７９ characters (including ５２４ non-kanji characters). This mixed

writing system, combining kanji with twophonetic scripts (hiragana and katakana), presents unique

challenges for tokenization and vocabulary management.

Japanese also does not use spaces, but employs more extensive punctuation than Chinese,

providing additional lexical boundary indicators. However, its agglutinative nature and complex

grammatical structure, including multiple levels of formality and an intricate system of verb conju-

gation, create additional challenges. The morphological complexity is managed primarily through

the hiragana writing system, which helps contain the character-level complexity despite the rich

inflectional system (Kudo et al., ２００４). The development of robust segmentation approaches for

Japanesehas progressed from rule-based systems through statistical approaches, tomodernneural

methods (Tolmachev et al., ２０１８).

２.５.３. Korean
Korean presents a distinct case where the challenge lies not in the writing system’s inherent com-

plexity, but in its computational representation. While Korean uses a phonetic alphabet (Hangul)

with a relatively small set of basic characters (jamo), its writing system arranges these characters

into two-dimensional morpho-syllabic blocks. For example, the syllable ’한’ (han) combines three

jamo: ’ㅎ’ (h), ’ㅏ’ (a), and ’ㄴ’ (n).

Historical computing constraints led to theadoptionof syllable-basedencoding schemes. Rather

than representing the individual jamo components, systems stored pre-composed syllable blocks.

The KSC-５６０１-１９８７ standard supported ２,３５０ such syllable blocks, while Unicode １.１ expanded

this to １１,１７２ precomposed syllables—a number that remains constant through Unicode １３.０.

Korean’s uniqueness extends beyond its writing system to its spacing conventions. Unlike Chi-

nese and Japanese, Korean uses spaces, but these spaces demarcate eojeol (어절) - units that can

contain multiple morphemes. The rules governingmorpheme agglutination into eojeol are rela-

tively flexible, making simple whitespace tokenization insufficient for many applications. Korean

verbs exhibit extensive inflectional morphology, with combinations of tense, aspect, honorifics,

and grammatical modality forming a complex system of verbal expressions.
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２.５.４. Implications for Text Processing
These large character sets create significant challenges for n-gram-based approaches. Given a

character set Σ̂, the potential number of character-level bigrams grows quadratically as |Σ̂|2. For

CJK or other languages with ideographic script, this results in an exponentially larger vocabulary

space compared to alphabetic languages.

In practice, character frequency distributions in CJK languages follow Zipfian patterns (Zipf,

１９４９),making it possible to achieve reasonable coveragewith a subset of characters. This frequency

distribution often aligns with the character sets chosen for legacy encoding standards, as these

standards were typically designed to support the most common characters in contemporary usage.

Beyond the sheer size of their character sets, each language presents distinct processing chal-

lenges. Chinese requires algorithmic word boundary detection due to its lack of explicit delimiters

andminimal punctuation. Japanese combinesmultiple writing systems with complex grammatical

structures, requiring sophisticated morphological analysis to handle its agglutinative properties.

Korean, while using spaces, must contend with flexible word formation rules and extensive mor-

phological transformations that occur at the sub-character level.

These characteristics compound to create particularly challenging out-of-vocabulary scenarios.

While alphabetic languages typically encounter OOV issues at the word level, CJK languages face a

multi-level OOV challenge. At the character level, rare or specialized characters may be entirely

absent from the system’s character set. At the word level, the combinatorial nature of character

composition means that even when all individual characters are known, their combinations may

create novel tokens never seen in training. For agglutinative cases like Korean and Japanese,

morphological transformations can generate valid but previously unseen character combinations,

further expanding the potential OOV space.

The traditional approaches of dropping or replacing unknown tokens become particularly

problematic in this context. Dropping characters risks corrupting the fundamental meaning of

expressions, while replacement strategies must contend with uncertainty at multiple linguistic

levels. For instance, an unknown character in a Chinese word could change not just the word’s

meaning but also its grammatical role and word boundaries. Similarly, an unseen Korean syllable

block might represent a crucial grammatical transformation that affects the entire sentence’s

interpretation.

Traditional approaches to these challenges often employedmorphological analysis pipelines

(Tseng and Chen, ２００２; Kurohashi, １９９４; Sang-ho, １９９５) passing normalized forms to downstream
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(b) The continuous bag-of-words (CBOW) and skip-gram training schemes proposed by the

word２vec architecture.

Figure ２.２: Examples of two shallow artificial neural network architectures.

components. However, these methods shared the limitations of other lossy transformations: they

were only as robust as their normalization rules and often struggledwith neologisms or novel usage

patterns. Modern approaches, particularly those based on subword tokenization, have begun to

address these limitations, though the fundamental challenge of managing exponentially larger

vocabulary spaces remains a distinctive characteristic of CJK language processing.

２.６. Embeddings and Neural Networks
Our exploration of statistical methods showed how text could be transformed into mathematical

objects through vocabulary-based representations, while our examination of tokenization and

out-of-vocabulary handling revealed the challenges of maintaining effective discrete vocabularies.

Neural approaches retain the fundamental concept of a vocabulary-based representation but trans-

form howwe use it: instead of treating vocabulary indices as the features themselves, each index

maps to a vector of learned parameters. These learned representations, known as embeddings,

form the foundation of more complex neural architectures for text processing - the most basic form

is learnt through samples by a shallow neural network and the backpropagation algorithm (Mikolov

et al., ２０１１).

An embedding is a mapping from a source domain into a vector space that preserves specific

structural properties. More formally, it is an injective function that maps elements from the source

domain to vectors of real numbers, where the mapping preserves certain mathematical structures

we care about. In machine learning (ML) applications, these embeddings are typically learned from

data, with the preserved structures determined by the learning objective and architecture of the

https://en.wikipedia.org/wiki/Neural_network_(machine_learning)
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model.

While embeddings can be learned through various methods, neural networks have proven

particularly effective at discovering useful embedding spaces. To understand how neural networks

learn embeddings, we first need to examine their fundamental structure and learning mechanism.

A neural network, or more precisely, an artificial neural network, is a ML method inspired by

biological neural networks. These models consist of artificial neurons (called nodes or units)

connected by edges, forming a graph structure. Each neuron computes a weighted sum of its

inputs, which is then transformed by an activation function to produce its output. More formally,

each neuron computes:

o = σ(

n∑
i=1

wixi + b) (２.１８)

where σ is the activation function, wi are the weights, xi are the inputs, and b is a bias term.

A set of these artificial neurons are defined as a layer, which in the simplest implementation

would be three (input, hidden, and output). There can be multiple intermediate hidden layers, and

the more layers the network has the deeper (in the sense of deep learning) it is deemed. The values

of the hidden layers in this neural network, or so called weights, θ - will be the product of learning

from samples, or commonly referred to as - training.

Re-using our previous rule-based sentiment classification example, where we implemented the

classification function f (X)with a set of rules:

Y = f (X) =


positive if “happy” ∈ X

negative if “sad” ∈ X

unknown otherwise

(２.１９)

Instead imagine this classifier is re-implemented such that given input X, produces a senti-

ment Y , given weights θ, formulated as Y = f (X; θ). Whether any given yn ∈ Y is happy or sad is

determined by the values learnt through samples, and encoded as knowledge in θ.

For each training iteration, the network computes a loss value measuring its prediction errors,

calculates gradients through backpropagation, and updates the weights to minimize this loss. This

process continues until either the loss stabilizes or a maximum number of iterations is reached.

While the internal mechanics are more complex, this high-level understanding suffices for our

discussion. For a comprehensive treatment, see Goodfellow et al. (２０１６).

This learning mechanism can be applied to learn embeddings for words using a simple shallow
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neural architecture and no labeled samples. The concept of learning neural word embeddings

was first introduced by Bengio et al. (２００３), but achieved widespread adoption through word２vec

(Mikolov et al., ２０１３), which proposed two novel training objectives. The theoretical foundation for

these approaches rests on the Distributional Hypothesis about language and wordmeaning, which

states that words which occur in the same context tend to have similar meanings (Harris, １９５４).

An illustration of this can be seen in Figure ２.２b, where we have the continuous bag-of-words

(CBOW) architecture, where the input is the surrounding words of a given word, and the output

layer is expected to predict the word given the context. An alternative architecture - Skip-gram

is also proposed, where it is the other way around; in this case the output layer must predict the

surrounding words given the word.

Both CBOW and Skip-gram architectures optimize related but distinct objective functions. The

Skip-grammodel maximizes:

1

T

T∑
t=1

∑
−c≤j≤c,j 6=0

log p(wt+j |wt) (２.２０)

where T is the length of the text sequence, c is the size of the context window, and the inner

sum iterates over the context positions while excluding the target word position (j 6= 0). For each

target word wt , the model learns to predict its context words wt+j . In contrast, CBOWmaximizes:

1

T

T∑
t=1

log p(wt |ht) (２.２１)

where ht represents the average of the context word vectors:

ht =
1

2c

∑
−c≤j≤c,j 6=0

xt+j (２.２２)

Here, the model learns to predict the target word wt from the average of its context word

representations. While both approaches learn useful word embeddings, their different objectives

lead to slightly different properties in the learned representations, with Skip-gramoften performing

better on rare words due to treating each context position independently.

Importantly, while the training scheme in a conventional machine learning sense is supervised

learning, there are no labeled samples; the training is done through written text, which in the

modern internet era can be sourced easily at scale, unlike annotated data which can be costly

to create or source, especially in large quantities. This type of training regime is often called

self-supervised learning.
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It is worth noting that the input here is not a sparse BOW (where the majority of the scalars in

the vector are zero) representation, it is a dense vector (where the majority of scalars in the vector

are non-zero) for each word. This vector is a row in a embedding matrix that represents the entire

vocabulary. The main product used for different downstream tasks after training is this embedding

matrix.

An embeddingmatrix trained through word２vec establishes a one-to-onemapping between

tokens in the vocabulary and their corresponding embedding vectors. While more sophisticated

architectures have supersededword２vec, its key innovations—self-supervised learning on large text

corpora and learned dense embeddings—remain fundamental to modern approaches. The vectors

learn to capture distributional properties, with semantically or syntactically similar words located

closer together in the embedding space. They even exhibit approximate algebraic relationships,

famously demonstrated by examples such as:

vec(“queen”) ≈ vec(“king”)− vec(“man”)+ vec(“woman”) (２.２３)

In the next section, we examine in detail how these mechanisms come to effect in recent meth-

ods.

２.７. Transfer Learning
Traditional supervisedmachine learning assumes abundant labeled data for each task and domain.

However, this assumption often fails in practice, leading to significant challenges in deploying

machine learning systems at scale. Transfer learning is a practice that addresses these limitations

by enabling models to leverage knowledge from related tasks and domains.

Following the survey of Ruder et al. (２０１９), we can disambiguate transfer learning starting from

a classical supervised machine learning perspective. If we train a model for some task and domain,

there is an implicit assumption that there is labeled data for the given task and domain. The model

is trained on this dataset and is expected to perform reasonably well on unseen data of the same

task and domain. In our sentiment analysis example, this would be done by a (ideally balanced)

set of labeled samples. A model trained with this data is expected to be able to perform sentiment

analysis on unseen examples, as long as the unseen samples are roughly of the same input domain

(e.g. language, as the most obvious example).

However, this regime depends on a reasonably large set of samples whichmay not always be

readily available; additionally, the producedmodels are only capable of one task-domain pair - and
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as a product of the abovementioned limitations, scale poorly as there is a necessity to serve more

tasks and domains.

Transfer learning addresses these limitations by leveraging data from a related task or domain,

referred to as the source task and source domain. Knowledge acquired through training for the

source task and domain is applied to a target task and target domain.

As Pan and Yang (２０１０) explains, a binary classification task such as our sentiment analysis

example can be used to explain this content. A domain D consists of a feature space X , and a

marginal probability distribution P (X) over the feature space, where X = x1, ..., xn ∈ X. Here, X is

the space of all possible input features, and xi ∈ X is a single sample from the training set X.

Given a domainD = {X , P (X)}, each task T consists of an output space Y, a prior distribution

P (Y ), and a learned conditional probability distribution P (Y |X) from training data pairs (xi ∈

X, yi ∈ Y). In our sentiment analysis example, this means Y = {positive, negative} and ideally

Y = {positive, negative}.

Now, given a source domain-task pair Ds , Ts and target domain-task pair Dt , Tt , where the

domain and task inequality constraint is metDs 6= Dt and Ts 6= Tt , the objective of transfer learning

is to learn the target conditional probability distribution Pt(Yt |Xt) in target domainDt .

Following the taxonomy defined in Pan and Yang., ２０１０, transfer learning can be either inductive

or transductive, and within those two families there are leaf classifications. In inductive transfer

learning, depending on the learning scheme across the source and target domains Ts , Tt , it can be

either sequential learning if the ability to solve Tt is learned after Ts ormulti-task learning if Ts , Tt

is learned in conjunction. Generally, supervised fine-tuning (SFT) schemes fall under sequential

learning.

Under the transductive branch, if Ts ≈ Tt and Ds 6= Dt holds, it falls under domain adaptation,

which is what a continual pre-training (CPT) scheme optimizes for.

More formally, in domain adaptation, we can express the relationship between source and target

domains mathematically. Let D(·, ·) be a distance metric between probability distributions (e.g.

KL-divergence). The domain adaptation scenario is characterized by having significantly different

marginal distributions between source and target domains:

D(Ps(X), Pt(X)) > ε (２.２４)

where ε is some threshold that determines meaningful distributional difference. However, the

key assumption enabling successful domain adaptation is that the conditional distributions remain
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similar, given small threshold δ:

D(Ps(Y |X), Pt(Y |X)) < δ (２.２５)

While there are other classifications within the taxonomy proposed by Pan and Yang (２０１０),

sequential learning and domain adaptation are the only two variants addressed within the scope of

the related methods discussed in later chapters and the methods proposed in this thesis.

The field’s terminology has evolved over time. Whatwas previously known as sequential learning

is now commonly referred to as supervised fine-tuning (SFT), while domain adaptation has become

known as continual pre-training (CPT). This thesis will use these contemporary terms in subsequent

sections.

The success of transfer learning in computer vision inspired similar approaches in other domains.

Pre-trainedmodels, now commonly called foundationmodels, have become fundamental building

blocks across machine learning. These models are trained on large-scale datasets and can be

adapted to numerous downstream tasks with minimal task-specific training data.

Specifically, sequential learning has shown to be incredibly effective, and is now almost univer-

sally used in the domain of computer vision. This was done by initially training a large convolutional

neural network (LeCun et al., １９９８; Krizhevsky et al., ２０１２; Simonyan and Zisserman, ２０１４) against

a large-scale classification dataset (Deng et al., ２００９), and using the pre-trainedmodel for classifi-

cation for other tasks (Donahue et al., ２０１３; Girshick, ２０１５). This also applied to domain adaptation,

in particular for domains lacking in large training sets. As of the time of writing, it is uncommon

to find newly proposedmethods which do not employ some form of transfer learning; to a point

where not doing so could be considered a risk (Mahajan et al., ２０１８). These pre-trained models are

now commonly referred to as foundation models.

The next section covers basics of a language model in NLP, and how these language models

have evolved to become foundation models.

２.８. Language Models and Foundation Models in NLP
Earlier, we surveyed a basic neural word embedding architecture - word２vec (Mikolov et al., ２０１３)

and discussed the high-level intuition behind transfer learning. In this section, we will discuss how

these two schemes intertwine when transfer learning in NLP becomes the eventual goal.

A languagemodel, in the simplest possible explanation, is a model that is trained to predict a

word given some context. A common use of a languagemodel is the autocomplete feature provided
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inmany software packages - for example - software keyboards provided in everydaymobile devices.

More formally, it serves the purpose of assigning a probability to sentences in a language - e.g.

“what is the probability of seeing the sentence Good morning?”, but also assigning a probability for

the likelihood of a word to appear given context - e.g. “what is the probability of seeing the word

you, given the past context is how are?

While languagemodels are commonly constrained to predicting words from past context, this is

not a strict requirement. Models trained on other prediction tasks also qualify as language models.

For example, word２vec’s CBOW architecture predicts missing words from surrounding context (e.g.,

I bought a _____ at Starbucks), while its Skip-gram architecture predicts words at varying distances

from the input word. However, the most common form is to predict the next token, given past

words - given an arbitrary sequence of words w1:n, estimating the probability P (w1:n) is done as

follows:

P (w1:n) = P (w1)P (w2|w1)P (w3|w1:2)...P (wn|w1:n−1)

= P (w1)

n∏
i=2

P (wi |w1:i−1)
(２.２６)

As discussed earlier, one powerful property of training a languagemodel is that they are capable

of being trained without labeled data; only needing written text, which can be sourced in large

quantities from the internet. This means that as long as the model is capable of learning more, all

one needs to do is to source more text for training. Recently proposed scaling laws (Kaplan et al.,

２０２０; Wei et al., ２０２２; Hoffmann et al., ２０２２) suggests that models are capable of storing more

knowledgeas long as themodel parameter size is scaled proportional to the quantity of training

data.

However, before these lawswere discovered, seminal work such as BERT (Devlin et al., ２０１９) and

ULMFiT(Howard and Ruder, ２０１８) empirically demonstrated that languagemodels trained on large

volumes of text are able to serve as foundation models for NLP. BERT introducedmasked language

modeling and next sentence prediction objectives, enabling the model to learn bi-directional

context - a novel advancement over previous unidirectional approaches. Bothmethods employ

sequential training schemeswith optional domain adaptation, though they differ in their underlying

neural architectures and training objectives. BERT, which is used in one of our proposed methods,

is discussed in further detail in the next chapter.

Despite these advances in transfer learning forNLP, a fundamental technical challengepersists in
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vocabulary management. The vocabulary of these models must typically remain fixed throughout

the transfer learning process for two key reasons. First, modifying amodel’s vocabulary requires re-

training the embedding layers, which is computationally expensive for large-scale models. Second,

vocabulary modifications can trigger catastrophic forgetting, where the model loses previously

acquired knowledge during the adaptation process. These constraints mean that core challenges,

such as handling out-of-vocabulary tokens and adapting to domain-specific terminology, remain

significant obstacles even asmodels are transferred to newdomains. The next section discusses the

trade-offs between computational efficiency and linguistic precision in vocabulary management,

examining how different approaches balance these competing demands.

２.９. Robustness and Efficiency, and its Trade-offs
The preceding sections have traced the evolution of NLPmethods from traditional to statistical

approaches, establishing tokenization as a fundamental component of NLP systems. We examined

the challenges of vocabulary coverage in tokenization, with particular attention to the complexities

of processingCJK text. We thenexplored transfer learning and its implementation through language

models, identifying tokenizer vocabulary as a persistent bottleneck in these methods. Building on

these foundations, this section examines two critical concepts—efficiency and robustness—that

underpin the novel methods proposed in subsequent chapters. Understanding these concepts is

essential for appreciating both the motivation behind our approaches and their practical impact

on NLP systems.

２.９.１. Robustness
Robustness is ametric thatmeasures a tokenizer’s ability to reliably encodeanddecode information.

The underlying assumption is that a given tokenizer is potentially, but not guaranteed to be, a lossy

encoder, where a round trip encoding-decoding process may introduce information loss. This can

be formally expressed using domain vocabulary and character sets.

Let V̂ represent all possible tokens in the domain, and V represent the tokens observed during

training, where V ⊂ V̂. Similarly, let Σ̂ represent all possible characters across all tokens in the

domain, andΣ represent the characters observed across V during training, whereΣ ⊂ Σ̂.

Given a vocabulary budget constraint k and training setX, we define a trained vocabularyV ′ ⊂ V

where |V ′| ≤ k . While V ′ ⊂ V holds by definition, ideally we want V ′ = V for optimal coverage. The

token-level information loss δ for a training sample x ∈ X can be expressed as:
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δ(x,V ′) =
1

|x |
∑

t∈tok(x,V ′)
I[t /∈ V ′] (２.２７)

where tok(x,V ′) is a function that returns a sequence of tokens given input x and vocabulary V ′,

and I is the indicator function that returns １ if the token is not in vocabulary V ′. This formulation

directly measures the proportion of out-of-vocabulary tokens for a given sample.

The expected information loss ∆ across the entire training set is then:

∆ =
1

|X|
∑
x∈X
δ(x,V ′) (２.２８)

An intuitive example of information loss occurs with out-of-vocabulary tokens, where any token

receiving either drop or replacement treatment will be lost after the round-trip encoding-decoding

process. Information loss is inevitable when V ′ 6= V̂ and, particularly for CJK languages, when

Σ 6= Σ̂.

The relationship between robustness andmodel transferability can be formalized in the context

of domain adaptation. Given source and target domains Ds and Dt , the ability to adapt to Dt is

inversely related to tokenization information loss. Higher information loss impairs the model’s

capacity to learn meaningful correlations during both continual pre-training (CPT) and supervised

fine-tuning (SFT). This relationship can be expressed through the KL-divergence between domains

for CPT:

min
V⊂V

KL(Dt ||Ds) subject to ∆ ≤ ε (２.２９)

where ε is an information loss threshold that must be maintained for effective transfer.

Robustness also impacts model generalization. Consider a training subset D′s of the source

domainDs , whereD′s ⊂ Ds . Low robustness, characterized by high information loss∆, leads to poor

generalization withinDs and diminished transfer capability toDt . Furthermore, in text generation

applications, high information loss particularly compromises output quality, as the model’s ability

to produce coherent text depends critically on the fidelity of its token representations.

２.９.２. Efficiency
Related to robustness, efficiency is a metric that quantifies the downstream computation cost

of a tokenizer. A tokenizer with a smaller vocabulary size typically requires fewer computational

resources than one with a larger vocabulary if both are assumed to completely cover the corpus.
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This relationship isproducedby twokeymechanisms: a larger vocabulary requiresmoreembedding

weight parameters to fully capture in training, and producing output probability distributions over

a larger vocabulary is directly associated with a greater computational cost (Yang et al., ２０１７; Kanai

et al., ２０１８).

We can formalize tokenizer efficiency η as a normalized measure based on vocabulary size,

given a trained vocabulary V ′, assuming a zero information loss scenario:

η(V ′) = 1−
log(|V ′|)
log(k)

(２.３０)

where k is the maximum vocabulary budget constraint. This formulation ensures that efficiency

is bounded between ０ and １, where:

η(V ′) =


1 when |V ′| = 1 (maximum efficiency)

0 when |V ′| = k (minimum efficiency)
(２.３１)

The logarithmic scaling reflects the sub-linear relationship between vocabulary size and com-

putational costs, while normalization allows meaningful comparison across different vocabulary

budget constraints. However, maximizing η alone is insufficient, as it must be balanced against the

information loss ∆we discuss in the context of robustness:

max
V ′⊂V
η(V ′) subject to ∆ ≤ ε (２.３２)

where ε is the maximum acceptable ∆ threshold, optimally ε = 0.

Froman information theory perspective (Shannon), efficiency canbequantified as theminimum

numberofbits needed toencodea sequencewhilemaintainingfidelity. The theoretical lowerbound

is a single bit (Zongker, ２００６), achieved when the vocabulary contains just one token. However,

such extreme compression renders the model practically useless due to loss of information to

reproduce the original signal (Zipf, １９４９), due to high information loss.

The efficiency of a tokenizer can be measured by its compression capabilities (Gallé, ２０１９;

Ali et al., ２０２４; Goldman et al., ２０２４). In attention-based architectures, where computational

complexity increases quadratically with sequence length, the relationship between vocabulary size

and sequence length creates an optimization challenge.

While larger vocabularies can achieve more efficient tokenization and shorter sequences, this

advantage is constrained by the increased computational demands these vocabularies place on
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other model components. Conversely, minimizing vocabulary size leads to shorter tokens and

consequently longer sequences, which increases computational (and monetary) costs (Ahia et al.,

２０２３). Anoptimal solution requires strikinga careful balancebetweenvocabulary size and sequence

length to minimize overall computational requirements while maintaining model performance.

Given these efficiency considerations, this work examines both vocabulary size and sequence

length, while prioritizing vocabulary efficiency within acceptable information loss bounds. Specifi-

cally, our objective is to develop tokenization methods that maintain or minimize sequence length

while improving tokenizer efficiency through optimal vocabulary utilization. This approach ensures

that improvements in computational efficiency do not come at the cost of model performance or

robustness.

２.１０. Trade-offs
As discussed earlier with the single-word vocabulary example, efficiency can be increased by

sacrificing robustness, and vice-versa. The mutually competing goals of training a high-quality

tokenizer can be summarized as a convex optimization problem to jointly minimize the following:

１. Information loss (OOV) (Moon and Okazaki, ２０２０b)

２. Unnecessary rare tokens in-vocabulary (Land and Bartolo, ２０２４)

３. Vocabulary size (Sennrich et al., ２０１６)

４. Sequence length (Ahia et al., ２０２３)

This has to be a balancing act, as we cannot simply optimize against one objective function, as

that will inevitably result in a overall worse tokenizer.

For example, increasing vocabulary size infinitely can reduce both sequence length and informa-

tion loss. While this effectively reduces computational cost from a sequence length perspective and

eliminates OOV issues, it becomes computationally infeasible beyond a certain size, and setting an

upper bound for the vocabulary budget becomes increasingly challenging. Additionally, the long

tail results in many tokens being undertrained in this scenario, leading to poor model quality (Land

and Bartolo, ２０２４). As a result, an anecdotal upper bound chosen by the largest models as of this

writing tends to be approximately １５０,０００.
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２.１１. Summary
With all the background discussed so far, we can make a short summary of the points to better

justify the motivation of our work.

• In NLP, traditional rule-based methods had limits on generalizability and were fragile to

domain shift, thuswere supersededby statisticalmethods that allowed learning fromsamples.

• Statistical methods are able to correlate nonobvious relations from input signal to the ex-

pected output label, and hence benefit by maximizing information preservation.

• Tokenization methods have evolved to serve the information preservation needs of statistical

models.

• Character diversity and complex grammarmake robust tokenization a challenging task in CJK

languages.

• Models trained using large amounts of training data for an unrelated task are effective at

improving downstream task performance; also known as transfer learning.

• Transfer learning still operates with a fixed vocabulary, so any downstreammodels can be

hindered by a suboptimal tokenizer.

• The vocabulary generalization problem is further amplified in CJK languages.

• Therefore, in a transfer learning setup, the vocabulary is an important component for the

generalizability of the foundation model.

• When a vocabulary is defined, careful consideration of the trade-offs are needed to balance

information loss, computability, and sequence length (computation cost).

While current tokenization techniques have advanced significantly, they face notable limitations

when applied to Korean due to its unique linguistic properties. To better understand the state of

the art and identify opportunities for innovation, the next chapter critically reviews related work,

focusing on tokenization strategies for character-diverse languages and recent advancements in

NLP.



３
Related Work

３.１. The Bounds of Relation
It is rather challenging and even potentially contentious to firmly define the boundary of related

work, especially with recent developments. Much of the literature surrounding modern-day foun-

dation models such as those commonly referred to as large-language models (LLM), is built upon

the same foundations that this work touches on.

３.２. Foundation Models

３.２.１. Sequence Modeling with Neural Networks
In this section, we briefly discuss how neural networks are used to process and generate sequences

which can be used for many purposes, including NLP. As of the time of writing, almost every input

modality, where obvious cases such as textual, aural, and time-series have existed, but newer

schemes touching less obvious modalities such as visual (Dosovitskiy et al., ２０２０) and even con-

ventional tabular data (Huang et al., ２０２０) has a corresponding architecture that utilizes sequence

modeling, largely attributable to the popularity and capabilities of the universally applicable Trans-

former architecture.

Recurrent Models and Long-Short TermMemory

A recurrent neural network (RNN) (Rosenblatt, １９６１) processes sequential data by maintaining an

internal state that evolves over time. The key insight behind RNNs is that they capture sequential

dependencies by allowing information to persist across multiple processing steps. Unlike FFNSs

that process each input independently, RNNs maintain a “memory” of previous inputs through

their hidden state.

３１
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Figure ３.１: RNN compared with LSTM.

This hidden state mechanism can be thought of as the network’s working memory, updated

with each new input while retaining information from previous inputs:

ht = φ(Wxhxt +Whhht−1 + bh) (３.１)

Here, the hidden state ht at time t combines the current input xt with the previous hidden state

ht−1. The weightsWxh andWhh determine howmuch importance to give to the current input versus

previous information, while φ is a nonlinear activation function that allows the network to learn

complex patterns.

Training these networks requires an extension of the standard backpropagation algorithm

called backpropagation through time (BPTT) (Werbos, １９９０). BPTT unfolds the recurrent network

across time steps and computes gradients through this unfolded network. However, this temporal

dependency creates a significant challenge: as gradients flow backward through time, they tend to

either vanish or explode (Bengio et al., １９９４). This can be seen in the gradient computation:

∂L

∂ht
=

T∏
i=t

∂hi+1
∂hi

(３.２)

The repeated multiplication of terms in this equation means that gradients either become

vanishingly small or explosively large over many time steps, making it difficult for RNNs to learn

long-range dependencies.

To address these limitations, researchers developed twomain architectures: long short-term

memory (LSTM) (Hochreiter and Schmidhuber, １９９７) and gated recurrent units (GRU) (Cho et al.,

２０１４). LSTMs, which became particularly prominent in NLP applications, introduce a sophisticated

gating mechanism that controls information flow. These gates act like regulators, determining

which information to keep, update, or discard:
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ft = σ(Wf [ht−1, xt ] + bf ) (forget gate) (３.３)

it = σ(Wi [ht−1, xt ] + bi) (input gate) (３.４)

ot = σ(Wo [ht−1, xt ] + bo) (output gate) (３.５)

ct = ft � ct−1 + it � tanh(Wc [ht−1, xt ] + bc) (cell state) (３.６)

ht = ot � tanh(ct) (hidden state) (３.７)

The forget gate ft controls what information to discard from the cell state, the input gate it

determines what new information to store, and the output gate ot controls what parts of the cell

state should be output. This gating mechanism allows LSTMs to maintain relevant information

over many time steps while avoiding the vanishing gradient problem.

These recurrent architectures are a natural choice as a foundation for language models, as they

share similarities to how humans write text. (Peters et al., ２０１８) demonstrated that bi-directional

LSTMs (BiLSTMs) can produce contextualized representations that significantly outperformed static

embeddings on downstream tasks. (Howard and Ruder, ２０１８) further advanced the field with

ULMFiT, an LSTM-based model pre-trained on Wikitext-１０３ (Merity et al., ２０１６). Their approach

introduced a two-phase training procedure combining continual pre-training (CPT) and supervised

fine-tuning (SFT), achieving substantial improvements over previous methods.

Transformers: Attention is All You Need

The Transformer (Vaswani et al., ２０１７) architecture represents a paradigm shift in sequence model-

ing, departing from recurrent architectures in favor of a purely attention-based approach. Originally

proposed for machine translation, the architecture consists of stacked encoder and decoder layers,

processing source and target sequences respectively through self-attention mechanisms.

Building upon the encoder-decoder framework (Sutskever et al., ２０１４), the Transformer maps

an input sequenceX = (x1, ..., xn) to an intermediate representation Z = (z1, ..., zn) via the encoder,

which the decoder then transforms into an output sequence Y = (y1, ..., ym). Unlike RNNs, the

Transformer processes all sequence elements simultaneously through self-attention mechanisms

(Bahdanau et al., ２０１４).

A fundamental building block of the architecture is the scaled dot-product attentionmechanism:

Attention(Q,K, V ) = softmax
(
QKT√
dk

)
V (３.８)
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Figure ３.２: The Transformer architecture, separated by the encoder and decoder.

whereQ,K, and V represent queries, keys, and values respectively, and dk is the dimensionality

of the key vectors. This mechanism is extended to multi-head attention:

MultiHead(Q,K, V ) = Concat(head1, ...,headh)WO (３.９)

where headi = Attention(QWQi , KWKi , V W Vi ) (３.１０)

To preserve sequence order information in this parallel processing framework, the Transformer

employs sinusoidal positional encodings:

PE(pos,2i) = sin(pos/10000
2i/dmodel) (３.１１)

PE(pos,2i+1) = cos(pos/10000
2i/dmodel) (３.１２)

Each encoder and decoder layer contains a position-wise feed-forward network (FFN) following

the attention mechanisms:
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FFN(x) = max(0, xW1 + b1)W2 + b2 (３.１３)

The complete architecture includes residual connections and layer normalization after each

sub-layer:

LayerNorm(x + Sublayer(x)) (３.１４)

The next two sections demonstrate two seminal foundationmodels built using methods pro-

posed in the original Transformers work.

３.２.２. GPT: Generative Pre-trained Transformer
TheGenerative Pre-trained Transformer (GPT) (Radford andNarasimhan, ２０１８)marked a significant

advancement in language modeling by demonstrating the effectiveness of large-scale pre-training

using the Transformer architecture. Unlike the original Transformermodel designed for translation,

GPT adapts the architecture for generative language modeling, using only the decoder component

(３.２) with unidirectional attention.

The architecture comprises a １１７M parameter model trained on a diverse text corpus using

self-supervised learning. GPT employs byte-pair encoding (BPE) (Sennrich et al., ２０１６) for tok-

enization, allowing it to handle arbitrary text while maintaining a manageable vocabulary size. For

downstream tasks, the model attaches task-specific layers and undergoes supervised fine-tuning

(SFT).

GPT’s pre-training objective follows the conventional autoregressive language modeling frame-

work, maximizing the likelihood of predicting the next token given the previous tokens:

L(θ) =
∑
i

logP (xi |x<i ; θ) (３.１５)

where L(θ) represents the log likelihood of the entire sequence under the model parameters θ.

For each position i in the sequence, the model computes the conditional probability of token xi

given all previous tokens x<i . This formulation captures the autoregressive nature of the model,

where each prediction depends only on the tokens that came before it.

The model achieves this through a stack of Transformer decoder blocks that process input

tokens sequentially:
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h0 = WE + PE (３.１６)

hl = transformer_block(hl−1) ∀l ∈ [1, n] (３.１７)

P (x) = softmax(hnW Te ) (３.１８)

whereWE represents token embeddings, PE denotes positional encodings, and each trans-

former block consists of:

transformer_block(h) = LN(h + FFN(LN(h +MHA(h)))) (３.１９)

MHA(h) = MultiHead(h, h, h;mask) (３.２０)

This architecture enables GPT to generate remarkably coherent text within its context window,

while also learning representations useful for downstream tasks. The success of this approach led

to increasingly largermodels, culminating in systems like GPT-２ (Radford et al., ２０１９), GPT-３ (Brown

et al., ２０２０), and PaLM (Chowdhery et al., ２０２２), which power popular conversational AI systems.

While our work does not directly experiment with GPT-based architectures １, we discuss this

decoder-based autoregressive architecture as a reference to contrast to that of an encoder-based

architecture in the next section.

３.２.３. BERT: Bi-directional Encoder Representations from Transformers
BERT (Devlin et al., ２０１９) emerged contemporaneously with GPT, introducing a different approach

to pre-training that achieved state-of-the-art performance across numerous downstream tasks.

While both models utilize the Transformer architecture and employ self-supervised pre-training

followed by task-specific fine-tuning, BERT’s approach differs fundamentally in both architecture

and training objectives. BERTwas released in two sizes for English: a basemodel (１１０Mparameters)

and a large model (３４０M parameters). Additionally, BERT includes a multilingual variant, which is

only available in the base size of １１０M parameters, which is used in our proposedmethod in the

upcoming chapter. ２

Unlike GPT’s unidirectional decoder architecture, BERT uses the Transformer’s encoder (３.２)
１GPT-１ and GPT-２ were trained exclusively on English data, making them unsuitable for our work with Korean text.
２There are also cased and uncased variants, which we do not discuss.
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blocks, allowing it to process input sequences bi-directionally. This architectural choice enables

BERT to consider both left and right context when building representations. The pre-training phase

employs two complementary objectives: Masked Language Modeling (MLM) and Next Sentence

Prediction (NSP).

In MLM, BERT randomly masks input tokens and learns to predict these masked tokens using

bi-directional context. This can be formalized as:

LMLM(θ) = Ex∼D

[∑
i∈M
logP (xi |xM; θ)

]
(３.２１)

whereM represents the set of masked token positions, xM denotes the input with masked

tokens, andD is the training corpus.

The NSP objective teaches the model to understand relationships between sentences by pre-

dicting whether two sentences appear consecutively in the original text:

LNSP (θ) = E(s1,s2)∼D [logP (y |s1, s2; θ)] (３.２２)

where y indicates whether sentence s2 follows s1 in the original text.

The combined training objective becomes:

L(θ) = LMLM(θ) + LNSP (θ) (３.２３)

This fundamental difference in training objectives reflects the distinct goals of these archi-

tectures. While GPT’s autoregressive objective naturally suits text generation tasks, BERT’s bi-

directional approach excels at understanding tasks that benefit from full contextual awareness.

GPT learns to generate coherent text sequences, developing useful representations as a byproduct.

In contrast, BERT directly optimizes for rich contextual representations, though it sacrifices the

ability to generate text autoregressively.

From our perspective of examining tokenization and transfer learning, both architectures serve

as sophisticated sequence processors, transforming input tokens into contextual representations.

Their architectural differences, while significant for their respective applications, become less

relevant when viewing them as sequence processors from a tokenizer perspective, and conversely,

from amodel’s perspective the tokenizer is simply a discrete encoder. In the context of discussing

specific architectures, the tokenizer andmodel are considered as a pair, but in practice they are

components which operate independently from each other. In the next section, we discuss the
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tokenizers these foundation models use.

３.３. Tokenization
As introduced in ２.３, tokenization is an initial processing step for most NLP systems that breaks an

arbitrary sequence of text into processable tokens. This transformation is necessary for algorithms

that operate in discrete time steps, such as those used in language models. In this section, we

survey the tokenization algorithms that serve as the foundation for our methods.

３.３.１. Segmentation and Subword Tokenization
Segmentation and tokenization are strongly related, but not strictly identical concepts. The definition

by Universal Dependencies v２ (Nivre et al., ２０２０) differentiate based on whether it is intra-word

(segmentation) or inter-word (tokenization).

While this definition holds well for many languages, languages that are classified as scriptio

continua, such as CJK languages have a much more fuzzier boundary; based on the processing

scheme, it ismore likely they fall under segmentation, especially JapaneseandChinesewhichdonot

use spacing. Korean on the other hand does use spaces, but after tokenizing using whitespace as a

delimiter, the tokens are not yet at word-level, as we discussed in Section ２.５). Traditional methods

which break the document into smaller linguistic units, for example, through a morphological

analyzer, are performing segmentation.

Smaller-than-word methods such as WordPiece (Schuster and Nakajima, ２０１２; Wu et al., ２０１６),

BPE (Sennrich et al., ２０１６) and SentencePiece (Kudo and Richardson, ２０１８), which include breaking

contiguous character sequences such as words apart, are in the strictest sense performing segmen-

tation. These methods are commonly referred to as subword tokenizers. While there are semantic

nuances that differentiate the two, in practice it is often used interchangeably. In our work, we will

not be treating them separately, and will be using a single term - tokenization for simplicity.

These subword tokenizationmethods havebecomeprevalent inmodernNLP systems for several

key reasons. They effectively balance vocabulary size with semantic coverage by breaking rare

words into meaningful subunits, helping models handle out-of-vocabulary words, and morphologi-

cally rich languages. For example, the word “unimaginable” might be broken into “un”, “imagin”,

and “able”, allowing the model to understand its meaning through its components. This approach

has proven particularly valuable for multilingual models, where vocabulary size constraints would

otherwise limit coverage across languages.
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１: Input: set of stringsD, target vocab size k
２: procedure BPE(D, k)
３: V ← all unique characters inD
４: while |V | < k do .Merge tokens
５: tL, tR ←Most frequent bigram inD
６: tnew ← tL + tR .Make new token
７: V ← V + [tnew]
８: Replace each occurrence of tL, tR in
９: D with tnew
１０: end while
１１: return V
１２: end procedure
１３:
１４:
１５:
１６:

１: Input: set of stringsD, target vocab size k
２: procedure UnigramLM(D, k)
３: V ← all substrings occurring more than once inD
４: while |V | > k do . Prune tokens
５: Fit unigram LM θ toD
６: for t ∈ V do . Estimate token ‘loss’
７: Lt ← pθ(D)− pθ′(D)
８: where θ′ is the LM without token t
９: end for
１０: Removemin(|V | − k, bα|V |c) of the
１１: tokens t with highest Lt from V ,
１２: where α ∈ [0, 1] is a hyperparameter
１３: end while
１４: Fit final unigram LM θ toD
１５: return V, θ
１６: end procedure

Figure ３.３: BPE compared to Unigram LM.

Some recent work, such as that of Schmidt et al. (２０２４), refers to the step of whitespace tok-

enization as pre-tokenization; in particular this differentiation is rooted to the residual processing

of whitespaces into the tokenizer vocabulary (Gow-Smith et al., ２０２２; Jacobs and Pinter, ２０２２).

This is mentioned for completeness on the subject matter, and is not investigated within the scope

of this thesis.

In the upcoming sections, the set of all possible unicode characters (within scope of the target

language of the model) is denoted as Σ̂, all characters seen in corpus asΣ, and characters in the

final vocabularyΣ′. Similarly, following the same convention, word-level vocabulary is indicated as

V̂, V, and V ′. Subword-level vocabulary is differentiated from V with a ∗, e.g. V∗ and V ′∗. σ is every

possible byte (０x００-０xFF).

３.３.２. WordPiece
WordPiece (Schuster and Nakajima, ２０１２; Wu et al., ２０１６) is the earliest data-drivenmethod for sub-

word tokenization ３. The method was originally developed to address vocabulary size limitations

in Japanese and Korean voice search systems.

The algorithm begins with a character-level unigram language model using all Unicode charac-

ters Σ̂ from the target language as its initial vocabulary, such that Σ̂ = Σ. It then follows an iterative

process: themodel samples bigrams and evaluates them based on likelihoodmaximization against

the training data’s distribution. When the algorithm identifies a candidate that maximizes likeli-

hood, it adds the merged subword unit to the vocabulary. This process continues until reaching a

predetermined vocabulary size limit, k = |V∗|.
３(Mikolov et al., ２０１１) proposed a subword languagemodel earlier, but it relied on pre-defined heuristics for subword

boundaries, requiring manual tuning for each language.
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To illustrate the tokenization process, consider this example:

• Original: Jet makers feud over seat width with big orders at stake

• WordPiece: _J et _makers _fe ud _over _seat _width _with _big _orders _at _stake

By design, the trained subword vocabulary V ′∗ includes all characters from the initial character

set, ensuringΣ ⊂ V ′∗, barring any undocumented vocabulary pruning steps.

This tokenizationmethod gained widespread adoption through its use in BERT (Devlin et al.,

２０１９) and serves as the foundation for our first method presented in later chapters. However,

several aspects of WordPiece remain understudied in the literature, particularly its end-to-end

training process and its handling of whitespace, punctuation, and other preprocessing heuristics.

３.３.３. BPE: Byte Pair Encoding
Sennrich et al. (２０１６) adapted Byte Pair Encoding, a general-purpose compression algorithm

originally proposed by Gage (１９９４), to address the out-of-vocabulary (OOV) problem in neural

machine translation. BPE differs fromWordPiece in two fundamental aspects: its deterministic

frequentist approach and its vocabulary initialization strategy.

Unlike WordPiece’s probabilistic languagemodel approach, BPE follows a deterministic process

based on frequency counts. Additionally, while WordPiece initializes its vocabulary with the com-

plete Unicode range of target languages, BPE constructs its initial character vocabularyΣ solely

from characters observed in the training corpus.

The BPE algorithm operates iteratively:

１. Initialize the vocabulary with characters from the training corpus

２. Count frequencies of adjacent character pairs (bigrams) in the corpus

３. Merge the most frequent bigram pair into a new token

４. Add the newmerged token to the vocabulary

５. Repeat steps ２-４ until reaching the target vocabulary size k = |V∗|

For example, given the word low appearing frequently in a corpus, BPE might perform these

merges:

• Initial: l o w e r

• After first merge: lo w e r

• After secondmerge: low e r
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• Final: lower

Despite its name referencing bytes, standard BPE implementations typically operate on Unicode

characters rather than bytes. However, byte-level variants have emerged for specific applications.

Wang et al. (２０２０) proposed a true byte-level BPE, while recent large language models employ

either a hybrid approach combining subword tokens with byte-level fallback (V ′ + σ) or pure

byte-level operation with byte-based subwords (Σ = σ). The byte-level approach offers universal

coverage across all possible inputs, eliminating the out-of-vocabulary problementirely at the cost of

potentially longer token sequences. As of the time of writing, BPE is the most widely-used subword

tokenization method, and is used by GPT andmany of its variants.

３.３.４. SentencePiece
SentencePiece (Kudo and Richardson, ２０１８; Kudo, ２０１８) represents a significant evolution in

subword tokenization, offering both BPE and a novel unigram languagemodel-based approach.

While its unigrammethod shares conceptual similarities with WordPiece, SentencePiece differs in

its vocabulary construction strategy.

Unlike WordPiece’s bottom-upmerging or BPE’s frequency-based approach, SentencePiece’s

unigrammethod employs a top-down pruning strategy. It begins with a large seed vocabulary V̂∗

derived from the most frequent substrings in the corpus, then iteratively removes tokens to reach

the target vocabulary size k = |V∗| through Expectation Maximization (EM).

The SentencePiece algorithm proceeds through EM iterations as follows:

１. Initialize a large vocabulary from frequent substrings

２. Expectation step:

(a) Compute the most likely segmentation for current vocabulary

(b) Calculate maximum-likelihood using Viterbi algorithm

３. Maximization step:

(a) Update subword occurrence probabilities

(b) For each token xi , compute its removal impact:

lossi = logP (D)− logP (D \ xi) (３.２４)

whereD denotes the training corpus as a sequence of characters, P (D) represents the
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probability of generating the entire corpus under the current model, andD \ xi indicates

the corpus modeled without token xi in the vocabulary

(c) Remove tokens with minimal impact on corpus likelihood

４. Repeat steps ２-３ until reaching target vocabulary size

５. Generate final model with pruned vocabulary

SentencePiece has two operational modes - unigram and BPE, where the latter closely follows

standard BPE implementations.

３.４. Related Methods
In this section, we examine methods that are closely related to our proposed approaches, either as

direct competitors addressing the same problem space or as parallel developments that arrived at

similar solutions while targeting different challenges. This examination provides context for our

work and highlights the distinctions of our approach.

As discussed in Section ２.３, byte-level BPE (BBPE) (Wang et al., ２０２０) provides a foundational

approach to handling unicode coverage by operating at the byte level rather than the character

level. While byte-level processsing effectively addresses universal text coverage (Xue et al., ２０２２), it

introduces additional complexity in token sequence length, particularly for non-ASCII text.

３.４.１. Vocabulary-free Methods
A significant line of research has exploredmethods that eliminate the need for explicit vocabulary

construction, offering alternatives to traditional tokenization approaches. These methods aim

to address scalability challenges and reduce preprocessing complexity while maintaining model

performance.

Weinberger et al. (２００９) introduced featurehashing for large-scalemachine learning (ML)models,

demonstrating that random projections through hashing could effectively reduce dimensionality

while preserving important feature relationships. This technique, also known as the “hashing trick,”

maps high-dimensional feature spaces to lower-dimensional spaces without requiring explicit

vocabulary maintenance, though at the cost of potential hash collisions.

Building on this foundation, Bojanowski et al. (２０１７) and Joulin et al. (２０１７) applied similar prin-

ciples to text classification with their fastText approach. They employed n-gram feature hashing to

capture partial word information without maintaining a fixed vocabulary, achieving remarkable ef-
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ficiency in both training and inferencewhilemaintaining competitive accuracy on text classification

tasks.

Svenstrup et al. (２０１７) further refined the hashing approachwith hash embeddings, introducing

a novel technique that combines multiple hash functions with trainable parameters. This method

reduces collision problems inherent in previous hashing approaches whilemaintaining the benefits

of vocabulary-free operation. Their work demonstrated that hash embeddings could match or

exceed the performance of traditional word embeddings while using significantly less memory.

Most recently, Clark et al. (２０２２) proposed CANINE, a transformer-based architecture that oper-

ates directly on character sequences without any tokenization. CANINE employs local self-attention

and downsampling to process raw Unicode characters efficiently, eliminating tokenization entirely

from the NLP pipeline. This approach demonstrates competitive performance onmultilingual tasks

while avoiding the complexity and potential biases introduced by subword tokenization.

These vocabulary-free methods represent a growing trend toward simpler, more flexible text

processing pipelines. While early approaches focused on hashing techniques for efficiency, recent

methods leverage advanced neural architectures to eliminate tokenization entirely or learn it

dynamically during training. This evolution suggests a potential future where explicit vocabulary

construction may become unnecessary for many NLP tasks.

３.４.２. Vocabulary Adaptation
Vocabulary adaptation addresses the challenge of extending pretrained models to new languages

or domains without complete retraining. This approach offers a middle ground between using

fixed vocabularies and training entirely newmodels.

Wang et al. (２０１９) introduced a systematic approach for expanding the vocabulary of pretrained

multilingual models. Their methodmaintains the original model’s knowledge while incorporating

new tokens specific to target languages. The process involves three key steps: first, identifying

new vocabulary items through frequency analysis in the target language; second, initializing new

token embeddings using a mix of existing embeddings; and third, fine-tuning the expanded vocab-

ulary while freezing the original model parameters. Their experiments demonstrated significant

improvements in cross-lingual transfer, particularly for languages with distinct scripts from the

pretraining languages.

This work builds upon earlier efforts in vocabulary expansion such as (Chronopoulou et al.,

２０１９), who explored vocabulary adaptation for cross-domain transfer, and Artetxe et al. (２０２０),
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who investigated cross-lingual vocabulary alignment.

Vocabulary adaptation methods offer particular advantages for low-resource languages and

specialized domains, where the original model’s vocabulary may provide inadequate coverage.

However, these approaches must carefully balance the benefits of expanded vocabulary coverage

against the potential for catastrophic forgetting of the original model’s learned patterns.

３.４.３. OOV Mitigations
The handling of out-of-vocabulary (OOV) tokens represents a fundamental challenge in natural

language processing, particularly for machine translation systems where coverage of rare words is

crucial for meaning preservation.

Luong et al. (２０１５) proposed a novel approach to handling OOV words in neural machine trans-

lation through a hybrid system that combines both word and character-level representations. Their

key innovation was the introduction of a “positional all” model that aligns and recovers OOV tokens

through character-level back-translation. The systemmaintains a record of OOV token positions

during the translation process, enabling accurate placement of recovered words in the final out-

put. This approach demonstrated significant improvements in translation quality, particularly for

technical and domain-specific content where OOV words are more prevalent.

Li et al. (２０１６) introduced a novel substitution-translation-restorationmethod for neural ma-

chine translation (NMT). Their approach addresses rare words by substituting themwith similar

in-vocabulary words, using a similarity model learned frommonolingual data. This substitution

occurs both during training and testing. After translation, a post-processing step restores the orig-

inal rare words’ translations. The method reduces ambiguity caused by unknown tokens while

preserving sentence structure, demonstrating significant improvements in BLEU scores.

Kolachina et al. (２０１７) proposed a method for improving dependency parsing by replacing OOV

words with semantically or morphologically similar in-vocabulary words. The approach uses distri-

butional similarity, computed from a large background corpus, and also considers common suffixes

to identify suitable replacements. This method was tested using both count-based and dense

neural vector-based semantic models. The study found that count-basedmethods, specifically a

distributional thesaurus, performed better than neural vector-basedmethods for OOV replacement

in dependency parsing.

Zhao et al. (２０１８) advanced this line of work by focusing on “troublesomewords” - including not

just OOV tokens but also low-frequency and ambiguouswords. Their approach leverages contextual
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information and external memory to improve translation quality for these challenging cases. By

maintaining an external memory of word translations and incorporating surrounding context, their

system demonstrated improved handling of rare and difficult words in neural machine translation.

Finally, Moon andOkazaki (２０２０b) introduces amethod formitigating OOV issues inmultilingual

BERTmodels during SFT (and optionally, CPT) for downstream tasks. This approach identifies OOV

subwords in the task corpus andmaps them to in-vocabulary subwords using various strategies.

The key innovation is ensuring a one-to-one mapping between OOV tokens and their in-vocabulary

surrogates. During fine-tuning, the embeddings for both the new subword and its surrogate are

shared and updated jointly.

Recent approaches have shifted toward more integrated solutions where OOV handling is incor-

porated directly into the model architecture rather than treated as a post-processing step. This

evolution reflects the growing recognition that OOVmitigation benefits from access to the model’s

full representational capacity and contextual understanding.

３.４.４. Normalizing Methods
An alternative approach to handling multilingual text processing involves lossy transformation

methods that convert text into a simplified or standardized form. These approaches trade perfect

reconstruction ability for increased processing efficiency and reduced complexity.

Li et al. (２０１８) demonstrated that romanizationof Chinese text can improve cross-lingual transfer

inmultilingualmodelswhile reducing vocabulary size requirements. Theirwork showed that pinyin-

based representations, while losing some semantic information, enabled better parameter sharing

across languages.

Sekizawa et al. (２０１７) propose a paraphrase-based preprocessing method for neural machine

translation (NMT) that addresses out-of-vocabulary (OOV) words by replacing themwith frequent

synonyms from the target training corpus. Their approach combines paraphrase dictionary scores

with languagemodel scores to maintain both semantic accuracy and fluency. The iterative para-

phrasing process progressively reduces vocabulary complexity. Similarly, Štajner and Popovic

(２０１６) investigate text simplification as a preprocessing step for statistical machine translation

(SMT), focusing on under-resourced languages, which yields vocabulary reduction as a beneficial

side effect.

Kim and Shin (２０１３) propose romanization as a normalizing technique for colloquial Korean

input. Theirmethodaddresses the challenges of processing irregular SMS language through translit-
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eration of Korean into Roman letters, enabling more straightforward application of linguistic rules

for unspaced text, phonetic variations, and lexical reductions. The approach employs Yale Roman-

ization to establish a one-to-one correspondence between Korean and English letters, facilitating

the application of linguistic rules for vowel contraction, reduction, and word-ending addition to

generate a comprehensive lexicon of word variations.

Dingetal. (２０１８) exploreamethod tosimplify abugidawriting systems, focusingon four southern

Brahmic scripts: Thai, Burmese, Khmer, and Lao. Rather than aligningmultiple language alphabets,

their approach aims to reduce the complexity of individual abugidas by omitting most vowel

diacritics and merging consonant letters with similar phonetic values. Their main objective is

to address sample sparsity, but as a byproduct they achieve better robustness in their trained

vocabulary.

These lossy transformationmethodsoffer practical benefits for specific applications, particularly

in scenarios where perfect reconstruction of the original text is not critical. However, the trade-off

between reduced complexity and information lossmust be carefully considered based on the target

application’s requirements.

３.４.５. Sub-character Architectures
Sub-character approaches have emerged as a particularly effective method for processing East

Asian languages, where individual characters can be decomposed into meaningful components.

These architectures leverage the compositional nature of Chinese, Japanese, and Korean writing

systems to improve model performance and reduce vocabulary requirements.

In the context of Chinese sub-character methods, there are twomajor families of approaches;

increasing the representational poweror robustnessof character embeddings through subcharacter

archictures (Shi et al., ２０１５; Sunet al., ２０１４), or utilizing subcharacter information to further increase

the representational power of a model (Yin et al., ２０１６; He et al., ２０１８).

For Japanese text processing, character-level approaches pose challenges due to the language

comprising of a combination of ideographs and phonetic script. The latter is less likely to have

meaningful information at character-level. Given that constraint, methodsmainly focused on using

sub-character information as auxiliary information.

As an example, Nguyen et al. (２０１７) developed a neural language model that operates on

multiple granularity levels, similar to that of Yin et al. (２０１６), incorporating both character and

sub-character information. Their model processes kanji characters by decomposing them into
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radicals and components, demonstrating that this sub-character information improves model

performance, particularly for rare characters and words.

Karpinska et al. (２０１８) conducted a comprehensive analysis of when sub-character information

benefits Japanese language processing. Their work established that while sub-character decom-

position can improve performance for rare kanji and technical vocabulary, it may not provide

significant benefits for common characters. This research provided important guidelines for when

to apply sub-character approaches in Japanese NLP systems.

For Korean,Stratos (２０１７) introduced a pioneering sub-character architecture for Korean lan-

guage processing that decomposes Hangul characters into their constituent Jamo components.

By treating these sub-character units as the basic elements of processing, the model achieved im-

proved performance on various Korean language tasks while significantly reducing the vocabulary

size. This approach effectively leverages Korean’s unique alphabetic syllabary structure, where

characters are composed of initial consonants, vowels, and final consonants.

Most recently, Kimet al. (２０２４) advanced the fieldwith KOMBO, a sophisticatedmodel for Korean

text processing that incorporates explicit rules for combining sub-characters. Their approach not

only decomposes characters but also learns the structural relationships between components, lead-

ing to improved performance on various Korean language tasks while maintaining computational

efficiency.

These sub-character architectures represent a significant advancement in East Asian language

processing, offering a middle ground between character-level and byte-level approaches. They

leverage linguistic structure to reduce model complexity while preserving important semantic and

phonetic information encoded in character components.

Despite advancements in tokenizationmethods, the problem of out-of-vocabulary (OOV) tokens

remains a significant challenge, particularly for character-diverse languages like Korean. The up-

coming chapters investigate the effects of OOV on foundationmodels and proposes novel strategies

to mitigate these issues.



４
The Effects and Mitigation of

Out-of-vocabulary in Universal
Language Models

Building on the foundational concepts of OOV in NLP transfer learning we discussed in Chapter １

and ２, this chapter presents a systematic empirical investigation of a novel OOVmitigation strategy.

In this chapter, we extend our previous research (Moon and Okazaki, ２０２０b) through controlled

experiments that quantify OOV impact and evaluate multiple mitigation approaches. Finally, our

investigation compares these approaches against both unmitigated baselines and vocabulary

expansion techniques, providing insights into performance recovery.

This chapter is a summary of the following peer-reviewed work:

• Moon, S. and Okazaki N. (２０２０). PatchBERT: Just-in-time, out-of-vocabulary patching. In

Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing

(EMNLP).

• Moon, S., and Okazaki N. (２０２１). Effects and mitigation of out-of-vocabulary in universal

language models. In Journal of Information Processing, Volume 29.

４.１. Motivation
Our high-level motivation for this work can be summarized as follows:

• Unstratified, large-scale web corpus training is inevitably imbalanced, and at train time this

will bias the trained tokenizer.

• Due to scalability constraints, tokenizer training is typically done on a small sample of the

entire pre-train dataset, further amplifying the bias.

４８
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Figure ４.１: Multilingual BERT vocabulary distribution for CJK languages.

• CJK (Chinese, Japanese, Korean) languages represent a minority in the broader context of

language usage on the internet.

• We expect these issues will result in suboptimal handling and inevitably lead to OOV (out-of-

vocabulary) tokens for CJK languages in a multilingual setup.

• We hypothesize that there are possible mitigations to these problems in a post-train setup,

during continued pre-training (CPT), and supervised fine-tuning (SFT).

Given the known complexities in processing text for CJK languages, this work investigates

the adequate handling of CJK languages in a well-known multilingual model. Our work aims

to understand the language-specific downstream impact of a tokenizer trained in a fully data-

centric large-model training regime, which we expect to have inherited bias from imbalances in the

pre-train corpus.

For an initial hypothesis test, we compared the ratio of articles between Wikipedia’s statistics as

of the time of writing, and compared the distribution of articles written in CJK languages to that of

multilingual BERT’s vocabulary. The language detection for multilingual BERT’s (mBERT) subword

tokens was performed with the lingua-py library in accuracy mode with the prefix notation for

suffix subwords (##) stripped. The results of the analysis are shown in Figure ４.１, where we observe

that the allocation of CJK vocabulary in themBERT tokenizer has a summed ratio of １５%, while

Wikipedia shows an allocation of ２２%.

An interesting observation is that the relative micro-distribution shows a skew, where Chinese,

Japanese, and Korean respectively represent ８６.３６%, ９.０９%, and ４.５４% approximate by training

https://meta.wikimedia.org/wiki/List_of_Wikipedias
https://github.com/pemistahl/lingua-py
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data, contrasted with a relative distribution of ７３.３３%, ６.６%, and ２０% allocated in the vocabulary.

While the Chinese and Japanese distribution cannot be considered reliable due to the overlap in

usage of ideographs, the relative vocabulary budget allocated for Korean is unexpected.

While both themacro andmicro-distributions do not exactlymatch the distribution ofWikipedia

articles, the trends observed suggest that the train-time imbalance has likely impacted the subword

distribution; therefore, we justify this work based on this initial hypothesis test. We expect the

following outcomes from this work:

• Confirming that pre-train imbalance and resulting bias lead to observable OOV issues in

downstream task setups.

• Demonstrating that a computationally inexpensive mitigation for OOV is feasible.

• Showing that reduction or removal of OOV results in better downstream task performance.

４.２. Terminology Evolution
At the time this work was proposed, the terminology of transfer learning was still going through

evolution, lacking universally agreed terms to describe identical concepts. While this chapter

attempts to remain faithful to the original publication, it adopts converged terminology updates

for better readability.

Foundation Model

A foundation model is a pre-trained model that was typically trained for a different, generally large-

scale task, which is then adapted for orthogonal tasks following a sequential learning regime. This

approach represents a key application of transfer learning, where knowledge from one domain

transfers to benefit another. An example of this in computer vision is the VGG network introduced

in ２０１４ (Simonyan and Zisserman, ２０１４).

In the context of this chapter, the foundationmodel is BERT (Bidirectional Encoder Represen-

tations from Transformers), which serves as the basis for the subsequent adaptation methods

discussed.

Continued Pre-training (CPT)

In the original work of Devlin et al. (２０１９), the concept of domain adaptation using a self-supervised

training objective, such as language modeling (or in the case of BERT, masked language modeling)

is described as unsupervised fine-tuning. Similarly, Howard and Ruder (２０１８) refers to this as LM
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fine-tuning. While domain adaptation appears as a related concept, it is worth noting that this is the

outcome and not themethod, therefore, it is not strictly a term that can be used interchangeably.

Recently, the field has converged on the term continued pre-training (CPT) to describe the process

of achieving domain adaptation through the same task used to pre-train the foundation model.

This process, also known as domain-adaptive pre-training in some literature, typically involves

self-supervised language modeling.

Supervised Fine-tuning (SFT)

Fine-tuning refers to the process of taking a foundation model and performing additional training

to address a task different from its original purpose, through a sequential learning regime. While

historically referred to simply as fine-tuning, recent terminology has converged on supervised fine-

tuning (SFT). This shift helps distinguish it from unsupervised fine-tuning and aligns with the field’s

convention of using three-letter acronyms to designate distinct methodological approaches.

４.３. Preliminaries

４.３.１. Foundation Model Tokenizer Training in Practice
Given n languages, character sets Σ̂l for each language, and a desired character level n-gram length

for the subwordsm, the upper bound of the vocabulary size can be approximated as follows:

|V| ≈
n∑
2|Σ̂(l ,n)|m (４.１)

Since this upper bound is too large to be reasonably trainable, models typically sample portions

of the entire corpora or relax constraints on character-level coverage for these languages to prevent

the vocabulary from growing to an unmanageable scale. As of today, this remains an unavoidable

trade-off when training multilingual models.

This limitation introduces an aritificial bottleneck for downstream tasks, as any omitted charac-

ter causes information loss. The effect amplifies when a large character set and scriptio continua １

exist in the same context, which is the case for all CJK languages.

Table ４.１ illustrates typical patterns of OOV in CJK languages: Chinese exhibits dropped punctu-

ation and rare characters, Japanese shows loss in emojis, and Korean demonstrates loss of entire

text segments. While these patterns are representative, they do not encompass all possible OOV
１Languages written without spaces. Chinese and Japanese qualify as scriptio continua, while Korean represents a special

case where spacing rules are liberal and text can appear without spaces in colloquial writing.
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scenarios but rather provide insight into the forms of OOV occurring across different language-task

setups.

Some researchers have proposed mitigating these issues through character decomposition

(Stratos, ２０１７; Moon and Okazaki, ２０２０a), which significantly reduces the vocabulary budget while

retaining all information. However, these approaches have seen limited adoption in practice.

In a monolingual setup, researchers can utilize pre-trainedmodels specific to the target task

language. However, amultilingual setup introduces additional complexity when using an ensemble

of monolingual models, as it requires language detection to determine the appropriate model and

tokenization scheme for each input. The most straightforward solution involves pre-training a

monolingual model with a shared tokenization scheme across all required languages.

However, this approach faces significant challenges: acquiring a large corpus is demanding, and

training a large multilingual model remains financially infeasible for many researchers. Given the

high upfront cost and complexity of implementing amultilingual system, transfer learning using an

open, multilingual model presents an economically attractive alternative. Unfortunately, due to

corpus imbalance during pre-training, less-investigated languages—especially those with diverse

character sets like CJK languages—frequently encounter OOV issues. Our work aims to improve the

performance of these languages without substantially increasing computational costs when using

open-source pre-trainedmodels.

４.３.２. BERT Tokenizer
The multilingual BERTmodel bert-base-multilingual-cased (Devlin et al., ２０１９) we used performs

two-phase tokenization, first with whitespace (word-like) followed by WordPiece tokenization

(subwords). An example output of the tokenizer is explained in Figure ??. The prefix forms of the

subwords are expressed in their original form, while suffix forms are expressed by appending a ##

prefix.

If either form of the subword is missing in a token, the tokenization fails, and the token surface

is treated as OOV. Using the example in Figure ??, the suffix form of î is not in the vocabulary, hence

the entire surface of the token plaît becomes OOV. This is due to the greedy merging nature of the

WordPiece algorithm and is not universal to all subword-basedmethods.

Due to the dependency on initial whitespace tokenization, BERT’s tokenization is not expected

toworkwell with scriptio continua languages, especially if it has a diverse alphabet. Toworkaround

this limitation, BERT’s tokenizer implements special handing which artificially injects whitespace
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Figure ４.２: OOV surface contrasted to subword OOV, illustrated with mitigation.

before and after CJK ideographs. This mechanism is not enabled for Korean. .

４.３.３. OOV Mitigation
Our experiments utilized four CJK datasets for evaluation. The experimental process consisted of

learning OOV words, optionally performing continued pre-training (CPT), and conducting super-

vised fine-tuning (SFT). We evaluated the effects at specific milestones throughout this process as

part of an ablation study.

For each dataset, we defined the OOV rate as the ratio of sentences containing at least one OOV

token. We selected sentiment analysis datasets specifically for this study, as they provided an

effective test case for domain shift due to their extensive use of colloquialisms. The pre-trained

model used in our experiments (bert-base-multilingual- cased, １１０M parameters) was trained on

Wikipedia (２５００Mwords for English, with larger volumes for other languages) and BooksCorpus

(８００Mwords)２. The transition from these well- formed corpora to user-generated content increased

the likelihood of encountering OOV tokens. Among the CJK languages, Korean showed the highest

expected OOV rates because the BERT tokenizer lacks specialized handling for Korean text, making

it particularly vulnerable to the WordPiece tokenizer’s greedy merging behavior.

４.４. Method
In this section, we propose amethod tomitigate OOV without training a newmodel. This approach

is based on our hypothesis that OOV has adversarial effects on task performance, which we verify

through experiments in Section ４.６. Our methodmodifies the BERT tokenizer, and we evaluate its

effectiveness both with and without continued pre-training (CPT).
２This training dataset composition should be considered approximate, as the exact training dataset for multilingual

BERT has not been publicly released
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S'il vous plaît


S _' _il v _ou _s pl _a _î _t


S _' _il v _ou _s <unk>

S _' _il v _ou _s pl _a _i _t

Input 

Without OOV 

With OOV 
After Patch

OOV Surface

OOV Subword Surface

Patched

Figure ４.３: The hierarchy of OOV and the high level process explained with a simplified example.

Figure ４.４: Different experiment variants, illustrated as a pipeline.

The proposed modification enables the BERT tokenizer to support a secondary vocabulary that

maps new words to existing words. This modified tokenizer replaces the original tokenizer in the

BERTmodel. The approach comprises three key steps.

OOV Surface Identification

We begin with a comprehensive corpus analysis to identify all OOV surfaces by tokenizing the task

corpus. In the context of BERT, an OOV surface refers to an entire space-tokenized token. For each

OOV occurrence, we record both the complete OOV surface and its surrounding context.

For each identified OOV surface, we conduct a brute-force search to identify the maximally

specific OOV subword surface. An OOV subword surface represents a specific subwordmissing from

an OOV surface. During this step, we generate frequency tables for both OOV and in-vocabulary

subwords to inform our mitigation strategy. Our experiments revealed that most OOV subword

surface cases stemmed from a single missing character in the vocabulary—a direct consequence of

incomplete character coverage in the pre-training corpora.
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OOV Patching

We then leverage this information to construct a mitigation strategy for the OOV subwords. When

possible, we utilize the computed frequency of OOV tokens to prioritize frequent cases over rare

ones. We evaluate several mitigation algorithms, each detailed in subsequent method sections.

Following OOVmitigation, we optionally perform CPT and compare against the baseline.

Continued Pre-training

CPT serves two essential purposes: it enables the model to learn the newly introduced vocabu-

lary from our mitigations, and it helps develop representations better suited to the task domain.

This step becomes particularly crucial when a surrogate is assigned to a subword from a differ-

ent language, such as when handling previously unseen subwords. Additionally, since CPT does

not require an annotated corpus, we can enhancemodel robustness by incorporating additional

corpora.

While the core concept of substitution for OOV mitigation has been previously explored (Ko-

lachina et al., ２０１７), existing approaches typically rely on auxiliary knowledge from lexical dictionar-

ies or semantic similarity derived fromword embeddings trained on auxiliary corpora andmodels.

These traditional methods prove challenging to apply to subword models, as subwords often lack

sufficient semantic meaning to learn meaningful representations and do not appear in standard

dictionaries. Our approach’s key contribution lies in its applicability to subword models and its

practical implementation, requiring only a downstream task corpus and a pre-trainedmodel.

４.４.１. Surrogated Tokens
Surrogates, simply put, map a subwordmissing from the vocabulary to a subword that is already

in the vocabulary of a pre-trained model. There are intuitive ways to find substitute words in a

word-level setup, the most obvious being choosing a semantically similar word from a thesaurus.

In a subword context, this is not as straightforward, as a subword generally has no meaning. In

our work, we discuss different surrogate selection processes. The surrogate selection process

assigns multiple subwords to the same embedding, which is a trade-off that limits the utility of

the proposed method for generation tasks. As surrogates are only assigned once, to perform

generation tasks when a subword is polysemic, one would need to use an auxiliary binary classifier

to determine which subword the prediction actually is. This is not required for tasks that do not

require generation, such as classification.

The embeddings between the newly added subword and the surrogate are shared and updated
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6C10 汐汑汒汓汔汕汖汗汘汙汚汛汜汝汞江
AC10 감갑값갓갔강갖갗갘같갚갛개객갞갟

Figure ４.５: Intuition of character distance method, showing radical sharing and phonetic similarities.

together in the fine-tuning process. TheOOV subword frequency tablewe constructed in the second

step of the process above is used to break ties andminimize conflicts. For example, token A and

B, both of which are OOV subwords, can end up with the same proposals {X, Y } in preference

order. In this case, given A has a higher frequency, it gets precedence over B, so the surrogate map

becomes A→ X andB → Y . Our goal is to refine the proposals to be in a state where one surrogate

is assigned to only one OOV token.

Character Distance

This method selects the surrogate with the shortest Unicode codepoint distance from the OOV

subword, limited to subword tokens within the vocabulary of the same length. In this process, we

perform an exhaustive search, formulated as the following.

argmin
w∈W ′

|ord(v)− ord(w)|1 (４.２)

In the formula above, v is the OOV subword, and W ′ is a subset of the vocabulary W which

satisfies UTF-８ character level length equality |v | = |w | for w ∈ W . ord is the Unicode ordinal

conversion function.

The intuition of thismethod builds on the characteristics of the CJKUnicode blocks, which allow

us to cheaply approximate text or semantic similarity through the scalar values of the Unicode

codepoints as seen in Figure ４.５. The properties whichwe intend to exploit are different, depending

on the target language. In CJK ideographs, adjacent characters tend to share a radical, hence has a

bias towards semantic similarity.

On the other hand, in Korean, phonetically similar characters are adjacent. This approximates

edit distance, as a Korean character in Unicode is a combination of multiple sub-characters. This

phonetic similarity differs from edit distance, as it tends to disallow edits on the first two compo-

nents of the character. In the event of a distance tie, we used the candidate with a lower codepoint.

Frequent subword tokens get preferential treatment and hence get surrogates with closer

distance to an infrequent token. Once a token has been assigned, it is not re-used as a surrogate.
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Figure ４.６: Masked language-model OOV surrogate candidate selection.

Unseen Subwords

We select tokens from the in-vocabulary token frequency table, which were never seen in the

current task as surrogates. As downstream tasks for evaluation do not require the entire vocabulary,

we select random tokens with a frequency of ０ as surrogates. In our experiments, this was imple-

mented by overwriting the existing unseen subword to the target subword. This allows guaranteed

reconstruction of the original text, making it usable for generation tasks, but at the cost of the

embeddings being assigned to ones that the model has not seen in the context.

Thismethod is analogous to increasing themodel parameters (via vocabulary size), thenpruning

back to the original size, but as an in-place operation. Any word previously assigned was held out

to prevent re-assignment. As the vocabulary will have a large number of tokens never seen in most

downstream tasks, we do not use any frequency preference here.

This method can also be implemented with an inverse objective, to select the token with the

maximum character distance from a list of random unseen subwords, to minimize the chances of

surrogates being assigned in the same Unicode page. We expect the outcome of this approach to

be similar to that of using unseen subwords, therefore was not included in our experiments.

Masked Language Model

The masked language model-based method uses BERT’s masked language head to generate surro-

gate proposals, as illustrated in Figure ４.６. Each subword OOV surface is replaced with themask

token and passed to the masked LM head with the whole context. The subword token with the

highest probability is selected for each context, stored in a frequency table, to select the most

common prediction later. This results in deterministic surrogate mappings.

We use the same frequency preference as character distance, which allows frequent OOV sub-

words to have precedence when selecting surrogates. As with other methods, once a surrogate

is assigned, it is held out. Therefore, less frequent words are assigned to the next most locally

frequent surrogate. After the entire process, OOV subwords that were not assigned a surrogate are
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assigned to the candidate with the lowest frequency. This method has the highest computation

cost, as it requires inference on the model.

４.４.２. Additional Tokens
Here, we add new tokens to the vocabulary and increase the model size, motivated by prior work

(Wanget al., ２０１９). As this increases thenetworkparameters, these areusedas a secondarybaseline

to be compared with surrogates.

Random Initialization

After adding themissing subword to the vocabulary, then the correspondingembedding is randomly

initialized. This is analogous to how amodel is commonly initialized, and also how new tokens are

added to an existing vocabulary.

Transfer Initialization

Transfer initialization is done by following the first step of the masked language model task to

generate a list of surrogates. We then initialize by copying the embedding vector of the topmost

probable candidate of theOOV subword into the newly addedOOV subword’s slot in the embedding

matrix. These two tokens share the same initial embeddings but are expected to diverge through

fine-tuning.

４.４.３. Post-mitigation
After our OOVmitigation method has been applied to the model using the downstream corpus, the

following steps are also necessary to complete the task-oriented tuning procedure.

Continued Pre-training: Masked Language Modeling

The original BERT paper mentions CPT as related work, but it is not employed as part of the

proposed methodology; instead the authors defer entirely to SFT to tune the model appropriately.

We hypothesize that because the representations for the language which the downstream tasks are

already well-trained, this might have been sufficient; especially given that the evaluation was done

against a monolingual English model.

We suspect that multilingual learning is muchmore difficult; and as a result the expectation is

that a minority language in a multilingual model would not have strong representational power,

along with the bias towards well-formed book-like text for training resulting in a domain shift for

downstream tasks.
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Language Example
NSMC (Korean) 재밌습니다.재밌습니다.

→ [UNK] . [UNK] .
Twitter (Japanese) ...１５回は押した ...

→ ... １５回は押 [UNK] ...
INEWS (Chinese) 双叶湖密山骑友⸺��香花海之旅！

→双叶湖密山骑友 [UNK]香花海之旅！

Table ４.１: Examples of OOV in the task datasets, demonstrating different patterns.

Dataset OOV Tokens Total Tokens Token Rate OOV Sentences Total Sentences Sentence Rate
NSMC ８１６０３ ５１８５８９１ １.５% ６０１５１ ２０００００ ３０.１%
KorQuAD １４１５９ ５１３４７９９ ２.８% ８５６９ １４４０００ ５.９%
Twitter １０３１０ ９８５３４５ １.０% ５５１８ ２２０００ ２５.１%
INEWS ２５７０ １５８２１２ １.６% １２７８ ６３５５ ２０.１%

Table ４.２: OOV rates on the task datasets with multilingual BERT.

For these reasons, we drift from the standard BERT fine-tuning regime and introduce a CPT step

with the intent for the model to adapt to a new domain, but also to learn representations for the

subwords which have been surrogated for OOVmitigation.

CPT is done through the same task as BERT’s pre-train scheme, with the exception of not

employing the next-sentence prediction part. The rationale for this is that many of the downstream

tasks only have single-sentence as input, which make it inappropriate for next-sentence prediction

as there is likely no logical continuity between two distinct samples. All layers are trained during

CPT.

Supervised Fine-tuning: Fine-tuning with Task Head

Supervised fine-tuning is performed following the same scheme as the reference BERT evaluation

protocol, utilizing a task-specific head. All of the layers trained during fine-tuning.

４.５. Tasks
We used four tasks for downstream task performance evaluation. Each dataset’s OOV rate has been

computed in Table ４.２, with the OOV rates rounded to the first decimal digit. (０.０% is any value

under ０.０５%.)
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４.５.１. Classification: Naver Sentiment Movie Corpus
The Naver Sentiment Movie Corpus３ (NSMC) (Cho et al., ２０２０) is a Korean sentiment analysis task,

containing ２００,０００ user comments and a corresponding binary label which indicates positive or

negative sentiment. The OOV rate on the pre-trained BERTmodel was ３０.１% due to a large number

of typos and the domain gap.

４.５.２. Classification: Japanese Twitter Sentiment Analysis
As a second validation target language, we used a subset４ of a Japanese Twitter dataset (Suzuki,

２０１９) ５, which is a sentiment analysis task with five possible labels. The subset contains ２０K Tweets

and ２K Tweets, respectively, for training and test. We observed that a large portion of the OOV was

from emojis during analysis, resulting in an OOV rate of ２５.１% on the pre-trained BERTmodel.

４.５.３. Classification: Chinese News Sentiment Analysis
The INEWS dataset is part of the ChineseGLUE６ dataset. The input is a short sentence from a news

article, and the label is oneof three labels denoting the toneof the sentence. This is also a sentiment

analysis task, with a split of ５K train and １K validation, and an OOV rate of ２０.１% on the pre-trained

BERTmodel.

４.５.４. Question Answering: KorQuAD １.０
KorQuAD １.０７ is a Korean version of the SQuAD (Rajpurkar et al., ２０１６) reading comprehension task.

The task involves answering a question given a passage of text, and consists of １０K passages with

６６K questions. The passages are fromWikipedia, which is commonly used as a part of large-scale

training corpora. The result of this is a lowOOV rate of ５.９% on the pre-trained BERTmodel. For this

task, CPT was omitted to prevent the model frommemorizing answers. We added this additional

task to validate our method against a low-OOV task.
３https://github.com/e９t/nsmc
４https://github.com/cynthia/japanese-twitter
５http://www.db.info.gifu-u.ac.jp/data/Data_５d８３２９７３３０８d５７４４６５８３ed９f
６https://github.com/chineseGLUE
７https://korquad.github.io/
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Task Optimizer Adam ε LR GradAccum Weight Decay Length Batch Size Epochs
CPT Adam １e-８ ５e-５ １ ０.０ ５１２ ６ ３
OOV Correlation (NSMC) Adam １e-８ ２e-５ １ ０.０ １６０ １６０ ３
Mitigation (GLUE) Adam １e-８ ２e-５ １ ０.０ ５１２ １０ ３
Question Answering (KorQuAD) Adam １e-８ ３e-５ １ ０.０ ５１２ １２ ３
OOV Recovery (NSMC) Adam １e-８ ２e-５ １ ０.０ １６０ １６０ ３

Table ４.３: Hyperparameters used to train each of the downstream task models.

４.６. Experiments
To validate the effectiveness of our method proposed in the previous section, we performmultiple

experiments against multiple CJK datasets in the upcoming sections. To thoroughly evaluate the

effects of our proposed scheme, we validate against both real and synthetic setups, using the

different mitigation schemes explained in Section ４.４.１ and ４.４.２.

The high-level flowof all experimentswedoherework is explained in Figure ４.４. We compare the

effects of different methods using a pre-trained multilingual BERT (bert-base-multilingual-cased).

Each method was tested with fine-tuning, including CPT, or by fine-tuning only against the task.

Task-level fine-tuning was included in every experiment to ensure fairness and is done by

attaching a task head and training the downstream task model. This allows the model to learn how

to accomplish the task while adapting itself to produce better representations for the task. For our

experiments, we limited CPT to the task corpus to make the experiments reproducible with only

the task datasets.

All experiments that involved training the model were trained for three epochs. The full list of

hyperparameters used for the experiments is listed in Table ４.３, in this paper’s appendix. Every

experiment was run five times each, with the random seed fixed to an integer value of the run

number in the range of [1..5].

The runs are then compared to the baseline scores to observe the statistical significance of the

different scores for eachmethod. For the significance test, we performed a dependent t-test for

paired samples (Dror et al., ２０１８). We used a p-value of p < 0.05 to determine statistical significance

and a fixed seed (４２) for any random algorithm tomake the results deterministic, which guarantees

reproducibility. The evaluation was done with the reference implementation ８.
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４.６.１. Hyperparameters
We ran our experiments as close as possible to the baseline parameters used by the publicly

available benchmark scripts for each task type. This means most of the hyperparameters for all of

the evaluation was done as close to the default values as possible. For the OOV correlation and

recovery tasks, we optimized the sequence length and batch size parameter specifically to the task

to maximize VRAM usage for faster experimentation. The exact hyperparameters are disclosed in

４.３ ９

The masking probability for CPT was set to ０.１５. We did not employ whole word masking

in our experiments, as the languages under investigation require an auxiliary pipeline (e.g., a

morphological analyzer) to identify word boundaries.

４.６.２. Results on Task Datasets
The evaluation was done through the SST-２ GLUE task metrics (Wang et al., ２０１８) for the sentiment

analysis tasks, and EM/F１ evaluation from the SQuADmetrics for KorQuAD, as the two tasks are

compatible. Each model used the same dataset and training parameters as the baseline, only with

different OOVmitigation methods. The results of these experiments are in Table ４.４.

Additionally, while Chinese and Japanese are both scriptio continua languages, BERT’s tokenizer

treats CJK ideograph text differently and breaks at every character by artificially injecting whites-

paces. This makes the affected surface from OOV significantly smaller, resulting in less information

loss. We expect to see more considerable gains in Korean for these reasons, as the per-character

break is not enabled.

Naver Sentiment Movie Corpus

Due to the larger OOV surface and frequency, we expected to observe only a modest increase

compared to the baseline. As shown in Table ４.４, we observed that OOV mitigation improves

accuracy regardless of the method used, and these improvements are statistically significant. The

OOV tokens in our analysis came from colloquialisms in user-generated content, which differs from

the well-formed text (e.g., books) used for pre-training. This suggests that even without robust,

representative embeddings, mitigation is still preferable to information loss during tokenization.

We hypothesize that performance improves through domain adaptation via CPT because the initial
８https://github.com/cynthia/testSignificanceNLP by Dror et al. (２０１８), patched to support Python ３ https://github.com/-

cynthia/testSignificanceNLP.
９The parameters used will use ２３.５GBs out of ２４GB of available VRAMwhen training using IEEE７５４ half-precision floating

point tensors.

https://github.com/rtmdrr/testSignificanceNLP
https://github.com/cynthia/testSignificanceNLP
https://github.com/cynthia/testSignificanceNLP
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NSMC (ko) Twitter (ja) INEWS (zh) KorQuAD (ko)
Model Value Acc@+CPT Acc Acc@+CPT Acc Acc@+CPT Acc EM F１

BERT (Baseline) Mean ０.８８２４ ０.８７８５ ０.７２８４ ０.７１９２ ０.８１３８ ０.８０７４ ０.７０３７ ０.９００５
Std ０.００１７ ０.０００６ ０.００４１ ０.００５８ ０.００６４ ０.００４７ ０.００１６ ０.００１３

Add (Transfer) Mean ０.８９１６ ０.８８４４ ０.７３１９ ０.７２２３ ０.８１１６ ０.８０８２ ０.７０９７ ０.９０３０
Std ０.０００７ ０.０００６ ０.００４０ ０.００６０ ０.００２２ ０.００８２ ０.００２３ ０.００１１

p-value ０.０００２ ０.００００ ０.１０９１ ０.１６２３ ０.２５９９ ０.４４３７ ０.００９１ ０.００４１
Add (Random) Mean ０.８９２８ ０.８８４８ ０.７３１０ ０.７２１１ ０.８１８６ ０.８１０６ ０.７０９８ ０.９０２９

Std ０.０００６ ０.０００４ ０.００４６ ０.００４１ ０.００４９ ０.００６５ ０.００３４ ０.００１８
p-value ０.００００ ０.００００ ０.２２６３ ０.１６３９ ０.１２８０ ０.０６０１ ０.０１２８ ０.０２４８

Char. Distance Mean ０.８９２６ ０.８８５５ ０.７３０４ ０.７２３８ ０.８１２２ ０.８０９２ ０.７０９４ ０.９０３１
Std ０.０００９ ０.００１３ ０.００３７ ０.００２４ ０.００９７ ０.００７０ ０.００２６ ０.００１９

p-value ０.０００１ ０.０００５ ０.１４９９ ０.０１０８ ０.３１５２ ０.１５６７ ０.０１１５ ０.０３５８
Unseen Subwords Mean ０.８９２２ ０.８８４６ ０.７３０４ ０.７２２５ ０.８１４２ ０.８１０２ ０.７０３７ ０.９０１３

Std ０.０００２ ０.００１３ ０.００３９ ０.００３８ ０.００７９ ０.００６５ ０.００１７ ０.２１１２
p-value ０.００００ ０.００００ ０.１５５４ ０.０６４９ ０.４４０３ ０.１４４１ ０.５０００ ０.２９３４

Masked LM Mean ０.８９１５ ０.８８４２ ０.７３０７ ０.７２２５ ０.８１００ ０.８０９０ ０.７０８９ ０.９０２７
Std ０.０００９ ０.０００６ ０.００４３ ０.００５８ ０.００６３ ０.００４７ ０.１６４７ ０.１２８３

p-value ０.０００４ ０.０００２ ０.１１０３ ０.１２１９ ０.１４５１ ０.２８０１ ０.０１７７ ０.０６１４

Table ４.４: Experiment results, with statistically significant p-values underlined (< 0.05). +CPT indicates usage of CPT, Acc is
accuracy and Std is standard deviation.

embeddings are not representative of the subwords in context.

As this dataset showed themost significant performance gains, wequalitatively analyze different

cases in Figure ４.７. Positive represents labels cases where the OOV patch worked as intended;

Positive with bad patches shows caseswhere the vocabulary patch appeared inadequate yet resulted

in improved performance; and Negative illustrates cases where the vocabulary patch appeared

adequate but resulted in degraded performance. The task-wide effects are summarized in Table

４.５, which shows that more cases improved with our method.

Japanese Twitter Sentiment Analysis

This corpus showed a high OOV rate due to the frequent occurrence of emoji in the text, and

improper normalization of Unicode punctuation. We observe similar patterns with the results

from NSMC. Generally, we see only minor improvements, except for character distance - which

was statistically significant. We observed that character distance assigned surrogates to Korean

characters.１０

Chinese News Sentiment Analysis

While we observed a high OOV rate in this dataset, the improvement was negligible. Analyzing the

surrogates, we observed that most of the OOV tokens were punctuation or uncommon ideographs,
１０This would have been appropriate to demonstrate with examples, but due to the Twitter license agreement, reproducing

the original text in this paper was not possible.
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Type Model Text

Positive

Input 어릴때 재밌게 봤던 영화~

Translation A movie I enjoyed when I was young

Baseline 어릴때 [UNK] 봤던 영화 ~

Patched 어릴때 재밋게 봤던 영화 ~

Input 정맖재밋다

Translation Really interesting

Baseline [UNK]

Patched 정말재밋다

Positive 
(w/Bad Patches)

Input 줮나 재미없다ㅅ1ㅂ 영화보다가 존건생ㅇ 처음림이랗그유치할수가;; 평점 ㅁㄷ고 보다가 개났ㄲ임

Translation Really boring. First time I fell asleep during a movie. Really lame. Tricked by review scores.

Baseline [UNK] [UNK] 영화보다가 [UNK] [UNK] ; ; 평점 [UNK] 보다가 [UNK]

Patched 있나 재미없다ヱ1ル 영화보다가 존건생ヴ 처음림이랙그유치할수가 ; ; 평점 ョン고 보다가 개났モ임

Negative

Input 유갓서비드가 훨잼씀

Translation "You got served" is much more interesting

Baseline 유갓서비드가 [UNK]

Patched 유갓서비드가 훨쟁씀

Input 실질적으로 일반인들이 탈수있는차를 소개해달라니까 뭔 폴쉐911이야 ㅋㅋㅋㅋㅋㅋ뭐하자는거임 ㅋㅋ

Translation They introduce a Porsche 911 as a car for an average person? (Laugh) What are they thinking? 
(Laugh)Baseline 실질적으로 일반인들이 탈수있는차를 소개해달라니까 뭔 폴쉐911이야 [UNK] [UNK]

Patched 실질적으로 일반인들이 탈수있는차를 소개해달라니까 뭔 폴쉐911이야 ㆍㆍㆍㆍㆍㆍ뭐하자는거임 ㆍㆍ

Figure ４.７: Qualitative inspection of positive, positive (with bad patches) and negative vocabulary patch cases.

Dataset Regressed Improved Delta
NSMC ３９２ ５２８ １３６
KorQuAD ６４ ７９ １５
Twitter ２１ ３２ １１
INEWS １１ １１ ０

Table ４.５: Improvements and regressions with OOV samples, best Character Distance models compared to best baseline
models.

which we expected to, and confirmed to have little effect in the downstream task performance. In

Table ４.５, not only does the improved cases cancel out, looking at the OOV cases we considered

the difference to be training noise. We hypothesize that small size of the dataset is likely to have

contributed to the negative results.

KorQuAD １.０

We did not expect significant improvements due to the low OOV rate, and the results reflect this.

While we still saw minor improvements across the board, the difference is incremental at best,

although somemethods produced p-values which were considered statistically significant. The

small delta canmost likely be attributed to the relatively low OOV rate and omission of CPT.

Given thatour experiments’ results demonstrate thatmitigatingOOV improves taskperformance,

in the next section, we explore if our method can recover performance in high-OOVmodels, which

we have synthetically created through initial OOV and performance correlation experiments.
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４.６.３. Effects of OOV on Task Performance
In theprevious section,wedemonstrated the effects of ourmethodondifferent tasks and languages.

These experiments were conducted based on the hypothesis that OOV has an adversarial impact

on task performance. In this section, we artificially induce OOV on a pre-trained model through

vocabulary pruning and correlate the OOV rate to task performance. With these synthetic OOV

models, we use one of the tasks to investigate how OOV affects task performance in a BERTmodel.

Following this, we apply our scheme to these synthetic models to verify if our proposedmethod is

effective at recovering the performance of a brokenmodel.

In this section, we investigate the correlation between OOV and task performance by evaluating

task performance using the baseline BERT (bert-base-multilingual-cased) model, then compare

the results of that to models with varying OOV rates.

Additionally, using NSMC the task, we artificially induce OOV in a model and perform task

evaluation using this model. In our experiments, we use three different strategies for artificially

inducing OOV.

We use the three methods to eliminate the most frequent words, the least frequent words, and

random sampling. We compare different methods to ensure fairness, as the different methods

exhibit different scenarios of how an OOV can be introduced in a downstream task. NSMC was

chosen because it was the largest dataset we had for our experiments, and we assumed that

the larger the task corpus is, the more likely it will have a diverse vocabulary, hence being more

susceptible to OOV.

For the frequency computation, we used two datasets. The first dataset we used is the kosen-

tences１１ corpus. This corpus is a Korean corpus cleansed of Wiki markup frommultiple publicly

available Wiki dumps. As we only use the Wikipedia part of kosentences, we will refer to the corpus

as KoWiki in this paper. We considered this to be a good approximation of what the backbone

model (bert-based-multilingual-cased) was initially trained with. This is because almost every

large-scale pre-train corpus contains Wikipedia in some form. For this case, the frequency table

was initialized with every Korean subword in the model, and the frequencies against the KoWiki

corpus were updated on the frequency table. Subwords in the model’s vocabulary, but not in the

KoWiki corpus, were kept at a ０. The second dataset used was the actual task corpus, as using the

task corpus is the most effective way to introduce OOV artificially.

This experiment intends to correlate the relation between OOV rate and task performance to
１１https://github.com/cynthia/kosentences
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confirm our initial hypothesis. It is worth noting that as we do not train a model from scratch, this

is an approximation and not an accurate representation of what a pre-trainedmodel’s vocabulary

would have due to the properties of subword tokenization depending on the character level n-gram

distribution. This trade-off was made for computational efficiency reasons, as pre-training, a new

model requires a significant amount of computing power, and for our experiments, we will need to

train ４２ models, which was computationally infeasible.

In our experiments, we prune subwords from the frequency table in different ratios - for our

experiments,we chose ０.１%, １%, ５%, １０%, ２０%, and５０%as the target ratios. ２０%and５０%areused

to test extreme scenarios, to a point where it is likely that the model predictions can be considered

equivalent to random choice. We use three different strategies for pruning the vocabulary, which

we discuss in the subsections below. The ratio here is the ratio of words of the frequency table’s

vocabulary we prune from the vocabulary and should not bemistakenwith the OOV ratio discussed

in the datasets section.

CommonWords

Removing the most frequent words is not a common scenario in any form, especially when it

comes to a pre-trainedmodel setup. Ranking the vocabulary in order of frequency, we prune the

vocabulary from the top ranking (most frequent) word based on the ratio to be pruned. For example,

in a １０００ word vocabulary with a ５% prune rate, the end result will be a model that is missing ５０ of

the most frequent words. This was chosen to demonstrate the extreme cases of unusable models,

for instance, if a language that was expected to be supported was accidentally omitted from the

training data. However, it is worth noting that this is a common form of removing stopwords in

traditional NLP and information retrieval setups. This exercise intends to find out roughly which

part of the vocabulary begins to contribute to the task performance.

Rare Words

This method was chosen to simulate a scenario where the corpus was sampled, or character

coverage was reduced due to computational constraints. As least frequent subwords in a corpus

will be omitted from the vocabulary, we consider this a rough approximation of what would happen

when trade-offs aremadedue to the computational limitations. The process is the sameas common

words, but in this case, pruning is in order of least frequent words.
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Figure ４.８: Performance degradation trends of artificial OOV with different pruning strategies.

Frequency Table Method ０% ０.１% １% ５% １０% ２０% ５０%
KoWiki Common ０.８７７３０ ０.７５８８２ ０.６４３１２ ０.５３６３２ ０.５２５８４ ０.５０９９４ ０.４９６５４
KoWiki Rare ０.８７７３０ ０.８６７７２ ０.８６７３０ ０.８６７３０ ０.８６８４２ ０.８６７８６ ０.８６９２８
KoWiki Random ０.８７７３０ ０.８６８９２ ０.８６４５６ ０.８５９３４ ０.８２７５８ ０.７９１８２ ０.７００６８
NSMC Common ０.８７７３０ ０.８３６５０ ０.７０４８６ ０.５９１００ ０.４９６５６ ０.５２０８８ ０.５０７８８
NSMC Rare ０.８７７３０ ０.８６７７２ ０.８６９１８ ０.８６７６６ ０.８６７９０ ０.８６７６２ ０.８６７９４
NSMC Random ０.８７７３０ ０.８６７８４ ０.８６４９４ ０.８５５５０ ０.８２１０４ ０.７６９０４ ０.６６５５６

Table ４.６: Performance degradation data of artificial OOV with different pruning strategies.

RandomWords

In randomwords, we randomly eliminate subwords from the vocabulary. The subwords list in the

frequency table is used to select target subwords to remove from the vocabulary. Based on the

target subword list, we randomly choose a word for removal and evaluate the performance.

This is also another approximation of the consequences of computational feasibility trade-offs,

as with least frequent words. As the distribution of subword frequency is expected to follow Zipf’s

law, even with random removal, we assume that the probability of an infrequent subword being

chosen for deletion is inversely proportional to the frequency of the given subword.

４.６.４. Task Performance and OOV
The results of these experiments are summarized in Figure ４.８, accompanied by the full results in

Table ４.６. An important point to note here is that as this is a balanced, binary classification task, it

is unlikely that a model’s accuracy can go significantly below ０.５. As it converges towards ０.５, we

can consider the model’s output to be equivalent to an equidistributed binary random number
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generator, hence a randommodel.

Based on the experiment results, the first straightforward observationwemade is that removing

rare words does not affect task performance at all, regardless of howmany are removed. Analyzing

the removed words, we observed that the removed words were mostly words from a different

language, which we suspect will not have substantial contributions to task performance. On

the other hand, the other two methods used for pruning affect accuracy, especially as the ratio

increases.

We observed that pruning common words had immediate effects, especially using the KoWiki

corpus - as the effects are apparent even at ０.１%. This is because the vocabulary of the frequency

table of KoWiki is larger than that of NSMC, ０.１% pruned more subwords than the NSMC frequency

table, which had a smaller vocabulary. Removal of common words can have devastating effects, as,

without a matching suffix form of a subword, the tokenizer’s greedy will fail. In both cases, we can

see that starting from around ５%; the model converges towards a randommodel’s performance.

In these worst-case scenarios, we observed that the model’s input had more OOV than actual

subwords. In many cases, input to the model exclusively consisted of OOV tokens.

Randompruning, on the other hand, tended to have a slower effect on task performance. This is

expected, as the probability of pruning a common subword is lower than the probability of pruning

a less common word. We can still observe noticeable performance decreases on both KoWiki and

NSMC starting from ５%. Unlike common, themodel did not end up in a state comparable to random

choice.

Even when scaled up to ５０%, pruning rare subwords did not have significant effects on the

performance. This was somewhat unexpected, as we initially hypothesized it to affect the task

performance with that many words removed. The reason turned out to be that even at ５０%, most

of the rare words only appeared once, and only a small portion (less than ５%) of these rare words

were Korean - which explains the minimal effect on performance.

Based on these results, we can conclude that removing any subword that is not extremely

rare does have adversarial effects on task performance. As OOV in a pre-trainedmodel can have

devastating effects on themodel’s final applicability as a universal languagemodel, earlymitigation

is crucial. Early mitigation can be done by preparing enough diverse training data, so that the

resulting model is robust in many settings and by thoroughly validating for OOV before training the

model.

However, when OOV happens due to the lack of early mitigation in a model, late mitigation is
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Frequency Table Sampler Mitigation ０% ０.１% １% ５% １０% ２０% ５０%
None ０.８７７３０ ０.７５８８２ ０.６４３１２ ０.５３６３２ ０.５２５８４ ０.５０９９４ ０.４９６５４

KoWiki Common Patched (CD) ０.８８３９０ ０.８７１３２ ０.８５７０２ ０.８５０１４ ０.８４７５６ ０.８５１４６ ０.８５１２０
Patched (CD) + CPT ０.８８８５０ ０.８８４４６ ０.８６５１４ ０.８６２５６ ０.８６９１８ ０.８６６６２ ０.８６５６２

None ０.８７７３０ ０.８６７７２ ０.８６７３０ ０.８６７３０ ０.８６８４２ ０.８６７８６ ０.８６９２８
KoWiki Rare Patched ０.８８３９０ ０.８８０９４ ０.８８０７２ ０.８８０７２ ０.８８０６０ ０.８８１２４ ０.８８０２０

Patched (CD) + CPT ０.８８８５０ ０.８８５８８ ０.８８５５６ ０.８８５７２ ０.８８６２８ ０.８８５３０ ０.８８６４６
None ０.８７７３０ ０.８６８９２ ０.８６４５６ ０.８５９３４ ０.８２７５８ ０.７９１８２ ０.７００６８

KoWiki Random Patched ０.８８３９０ ０.８８０９２ ０.８８０７８ ０.８７７５２ ０.８７４５２ ０.８７０１２ ０.８５５４２
Patched (CD) + CPT ０.８８８５０ ０.８８５８２ ０.８８４９０ ０.８８５２２ ０.８８３８０ ０.８８３３４ ０.８７７１０

None ０.８７７３０ ０.８３６５０ ０.７０４８６ ０.５９１００ ０.４９６５６ ０.５２０８８ ０.５０７８８
NSMC Common Patched ０.８６８３０ ０.８７９４２ ０.８７５３０ ０.８６３４０ ０.８５７１６ ０.８４８７２ ０.８５０００

Patched (CD) + CPT ０.８８８５０ ０.８８４３２ ０.８７７８８ ０.８６５９０ ０.８６１４６ ０.８６１２２ ０.８６０４０
None ０.８７７３０ ０.８６７７２ ０.８６９１８ ０.８６７６６ ０.８６７９０ ０.８６７６２ ０.８６７９４

NSMC Rare Patched ０.８６８３０ ０.８８１７６ ０.８８２０８ ０.８８２６４ ０.８８２４２ ０.８８２４８ ０.８８２６６
Patched (CD) + CPT ０.８８８５０ ０.８８６１０ ０.８８６２２ ０.８８６４８ ０.８８４４６ ０.８８５８８ ０.８８４９０

None ０.８７７３０ ０.８６７８４ ０.８６４９４ ０.８５５５０ ０.８２１０４ ０.７６９０４ ０.６６５５６
NSMC Random Patched ０.８６８３０ ０.８８２８８ ０.８８１１２ ０.８８２６４ ０.８７７０２ ０.８７５０６ ０.８６１９４

Patched (CD) + CPT ０.８８８５０ ０.８８４８８ ０.８８６３４ ０.８８１９６ ０.８７８８２ ０.８７３８８ ０.８６５５４

Table ４.７: Recovery experiment results. Patched is with mitigation, Patched+CPT is with mitigation and CPT.

the next best option to maximize the model’s capabilities. In the next section, we propose a late

mitigation for OOV in a non-synthetic scenario, using an openly available pre-trained model that is

missing subwords needed for a task.

Using our proposedmethods, we investigate the extent of performance recovery possible and

identify the threshold for diminishing returns. We artificially introduce OOV tokens based on one of

themethods from our OOV-task performance correlation analysis, then apply our vocabulary patch-

ing scheme to evaluate its effectiveness in salvaging model performance—essentially simulating

the behavior of a poorly trained model. For this analysis, we utilized the samemodels described in

Section ４.６.２.

We use the models from this experiment with the same protocol we proposed to mitigate OOV

for the recovery experiments. The only difference here is that OOV mitigation is done against a

synthetic high-OOVmodel instead of the baseline model. Among the multiple methods proposed,

we use character distance (CD), as it was shown to be effectivewhile being computationally efficient,

which allowed us to experiment with many different configurations.

４.６.５. Recovery with Proposed Method
The results of this experiment are visualized in Figure ４.９, and the full results are in Table ４.７. The

trends we observed in the original mitigation NSMC experiments repeat here. A model that has

been both through CPT and OOV-patching consistently outperformed a model without CPT. In this

particular setup, we hypothesize that CPT contributions in models with higher OOV rates can be

attributed to the fact that many subwords have now been mapped to semantically different words,
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Figure ４.９: Performance recovery under different OOV rates. (Note: Plot range for the y-axis differs between frequencies.)

so themodel has to learn the structure of the text nearly from scratch. However, our results suggest

that the proposed method can even be effective at improving performance in high-OOV conditions,

such as a model that was pre-trained on corpora extremely disparate from the target task’s domain.

While the model does not fully manage to recover to the best-case performance fully, we also

observed that extreme case models such as those with comparable performance to a random

model could also recover quite well. However, in these extreme case models, we observed that

due to the high amount of surrogates needed, the model started borrowing subwords from other

languages, from the CJK ideograph block as a surrogate for Korean subwords.

We do not have any theoretical justification of why extreme cases like this can also recover
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near-baseline performance. We hypothesize that without CPT, the model’s representations lack

semantic or contextual information; hence it acts as a random embeddings model. This model

can still be used to classify data with a classification head. With CPT, the model re-learns the

structure from the input, only with different embeddings, and due to the surrogate assignment

being exclusive in our method, the model can adapt to inherent structure from the task corpus.

A hypothesis is that this becomes equivalent to a classification through a dense BOW represen-

tation at the last layers １２. With fine-tuning, the model re-learns a weak representation from the

input, only with different embeddings, and due to the surrogate assignment being exclusive in our

method, the model can adapt to inherent structure from the task corpus.

４.７. Applicability to Other Models

４.７.１. Multilingual Models
While our experiments are limited to BERT, the method can be applied to any model. Generally, our

proposed method is most effective when applied to greedy merging tokenizers such as WordPiece,

which is used by both BERT and ELECTRA (Clark et al., ２０２０). This is due to the fact that greedy

merging results in whole chunks of text being lost during tokenization, as observed in ４.７.

However, themethod is applicable tomost subword tokenizationmethods, such as Byte-pair En-

coding (BPE), used by themultilingual model XLM (Conneau and Lample, ２０１９), and SentencePiece

(Kudo and Richardson, ２０１８), used by another multilingual model, XLM-R (Conneau et al., ２０２０)

also can benefit from this. The effects will be less significant since both tokenizers are not greedy.

The expected effect is a diversification of the UNK token by re-assigning it to different subwords

instead of all OOV tokens being mapped to a single embedding. This is expected to make it easier

to train. In an actual byte-level tokenizer, such as the one used in GPT-２ (Radford et al., ２０１９) or

more recent models (Brown et al., ２０２０; Chowdhery et al., ２０２２), our method is not expected to

have significant gains as there will always be a byte-level fallback.

４.７.２. Comparison with Monolingual Models
Following the discussion on our method’s applicability to different multilingual models, we also

investigatedwhether or not OOV is also a phenomenon in language-specificmodels. As ourmethod

depends on the occurrence of OOV in the first place, if there is a low OOV rate, the contributions

of OOV mitigation are also expected to be minor. To investigate this, we used three separate
１２This hypothesis is re-visited in Section ６.２.１.
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Dataset Model OOV Tokens Total Tokens Token Rate OOV Sentences Total Sentences Sentence Rate
NSMC bert-base-multi ８１６０３ ５１８５８９１ １.５% ６０１５１ ２０００００ ３０.１%
NSMC KR-BERT ３６０ ４７７３７３２ ０.０% ３３６ ２０００００ ０.１%
KorQuAD bert-base-multi １４１５９ ５１３４７９９ ２.８% ８５６９ １４４K ５.９%
KorQuAD KR-BERT ５９７８ ４３９６０６０ １.４% ２３９３ １４４K １.７%
Twitter bert-base-multi １０３１０ ９８５３４５ １.０% ５５１８ ２２０００ ２５.１%
Twitter cl-tohoku-base-v２ ２６５６６ ９５１２８６ ２.８% １０１６５ ２２０００ ４６.２%
INEWS bert-base-multi ２５７０ １５８２１２ １.６% １２７８ ６３５５ ２０.１%
INEWS bert-base-chinese ２３３８ １５８０６５ １.５% １１１９ ６３５５ １７.６%

Table ４.８: OOV rates on the datasets, comparing multilingual BERT with monolingual.

monolingual models for each language.

For Chinese, we used the official BERT Chinese model (bert-base-chinese) released as part of

the pre-trainedmodels in (Devlin et al., ２０１９), with the BERT tokenizer, and for Japanese we used
１３. Finally, for Korean, we used KR-BERT (Lee et al., ２０２０) with Normalization Form Compatibility

Decomposition (NFKD)１４ pre-processing. The subcharacter decomposition is similar to the work

proposed in (Moon and Okazaki, ２０２０a) andmakes this methodmuchmore robust against OOV.

Each of the monolingual models was used to tokenize the respective language dataset compared

with the multilingual model used in this work. The results are disclosed in Table ４.８, with the rates

rounded to the first decimal digit (０.０% is any value under ０.０５%.).

We observed that Korean, which is the most effective language to our scheme, we can see

that the amount of OOV tokens in this model is extremely low. Due to this, it is unlikely to have

adversarial effects on performance. While the OOV token ratio was still above １% for KorQuAD,

most of this turned out to be caused by subwords in a foreign language (e.g. CJK Ideographs),

which is unlikely to have severe effects as it is assumed that the reader does not necessarily have to

comprehend this from the passage to produce an answer１５ for the task.

Japanese, on the other hand, showed an increase in OOV. This is likely because the pre-training

corpus was Wikipedia, which is well-formed text lacking colloquial writing, and Emojis, common

in data sourced from social networks. In Chinese, there was very little difference as with the

multilingual model, so the effects of applying ourmethod are likely to be the same as amultilingual

model.

４.８. Conclusion
This work investigated the correlation between OOV occurrence and task performance in transfer

learning contexts. Through experiments with varying OOV rates, we confirmed our hypothesis
１３https://github.com/cl-tohoku/bert-japanese
１４This model does not work if this normalization is omitted.
１５We confirmed that none of the answers expected an answer in a different language from the dataset.



４.８. Conclusion ７３

that OOV significantly impacts model performance in transfer setups—in some cases degrading

performance to that of random selection.

After demonstrating the effects of OOV-triggered information loss on task performance under

transfer learning conditions, we proposed several OOVmitigationmethods for downstream task

fine-tuning. Our evaluation compared three approaches: no mitigation (baseline), mitigation

through network modification, and vocabulary surrogates (requiring no network modification).

The results demonstrated that vocabulary surrogates can enhance performance without additional

computational cost at themodel level, particularly when combined with continued pre-training

(CPT). Our experiments also confirmed that task performance degradation correlates directly with

OOV rates—tasks with lower OOV rates showed better resilience than those with higher rates.

To validate the broader applicability of our approach, we tested our proposed mitigation meth-

ods on high-OOVmodels initially used to test our hypothesis. The results demonstrated that our

mitigation strategies could effectively restore model capabilities, highlighting the crucial role of

tokenization in determining a pre-trainedmodel’s performance in transfer learning scenarios.

While the proposed OOVmitigation strategies significantly reduce information loss, they do not

fully address the unique tokenization challenges posed by Korean’s morpho-syllabic structure. To

overcome these challenges, the next chapter introduces Jamo Pair Encoding, a novel tokenization

method inspired by the linguistic properties of the Korean script.



５
Jamo Pair Encoding:

Subcharacter-tokenization of Korean
Motivated by the problematic patterns in pre-trained Korean subword vocabularies in the previous

chapter, this chapter is dedicated to explore the possibility of eliminating OOV altogether in Korean

tokenization. Our investigation is inspired by the alphabetic nature of Korean script (Hangul), which

is not adequately utilized due to the Unicode representation of the script.

This work has been proposed and peer-reviewed in the following venues:

• Moon, S. and Okazaki N. (２０２０). Jamo pair encoding: Subcharacter representation-based

extreme Korean vocabulary compression for efficient subword tokenization. In Proceedings of

the Twelfth Language Resources and Evaluation Conference (LREC).

５.１. Motivation
Although Korean is typically grouped with Chinese and Japanese under the Unicode CJK classi-

fication, it represents a distinct case within this family. While these languages share substantial

vocabulary roots, Korean employs a fundamentally different character system. Unlike Chinese

and Japanese, which can effectively share character-level vocabulary, Korean requires a different

approach.

The key distinction lies in the Korean writing system, which is phonetic in nature, contrasting

with the ideographic systems of Chinese and Japanese １. This phonetic structure, while systematic,

creates challenges for algorithmic transformation between shared lexical roots and their written

representations, as illustrated in Figure ５.１.
１Japanese employs two phonetic alphabets, hiragana and katakana, alongside kanji (ideographs) in its writing system.

７４
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江 강

ㅇ

ㅏ

ㄱ

Phonetic 宮 궁

ㅇ

ㅜ

ㄱ

Phonetic

Head consonant

Vowel

Tail consonant

Head consonant

Vowel

Tail consonant

Figure ５.１: Two samples of transition from ideograph to syllable, syllable to phonemes (jamo).

Korean Ideograph Candidates
강 傋僵冈冮刚剛勥匟唴啌嗴囥堈堽壃夅奋姜嫝岗岡峕崗嵹嵻康弜弶強强彊忼慷扛掆摃摾

杠棡椌槺橿殭江溬漒漮焵牨犅犟犺猐獇玒玜琷瓨畕畺疅疆矼砊碙礓穅筻粇糠糡糨絳綱
繈繦繮绛缰罡羌羗羫翞耩腔膙舡茳葁蔃薑蜣袶襁講謽讲豇躿鋼鎠鏮鏹钢镪降韁顜鱇㓻
㔔㛨㝩㟠㟵㢜㧏㩖㭃㭎㱂㳾㹔㼚㼹㽘㾤䃃䃨䆲䌉䕬䗧䗵䚗䡉䥒䬕䴚 (=１４０)

궁 匑匔宆宫宮弓杛焪熍穷穹窮竆芎藭躬躳㑋㴦䓖䛪䠻䤝 (=２３)

Table ５.１: Example of １:n relationship between syllable and ideographs.

The transcription process from ideographs to syllables inherently loses information, as illus-

trated in the first phonetic transform step of Figure ５.１. Reversing this process requires sophisti-

cated contextual understanding to select the appropriate ideograph, as the phonetic information

alone maps to multiple possible characters (Table ５.１). This challenge parallels the next-token

disambiguation problem in languagemodeling tasks. The inherent complexity of these phonetic-

to-ideographic mappings makes it particularly difficult to create a unified character system that

effectively bridges Korean, Chinese, and Japanese writing systems.

The Korean writing system utilizes Hangul, a compact phonetic script comprising consonants

and vowels, called Jamo, as its foundation. Following the notation established by Stratos (２０１７), we

define J as the Jamo alphabet capable of representing all possible Korean characters Σ̂ through

composition. As shown in Table ５.２, |J | = 51, with each component serving a specific role in

character formation.

As discussed in Section ２.５.３, the Unicode standard disregards this alphabetic foundation,

instead representing Korean syllables as composite phonetic units across １１,１７２ codepoints. This

approach significantly complicates the process of learning optimal subword boundaries in both

merge-driven methods, such as BPE (Sennrich et al., ２０１６), and prune-driven methods, including

SentencePiece (Kudo and Richardson, ２０１８; Kudo, ２０１８).

The computational Hangul alphabet can be formally defined asJ = Jh ∪Jv ∪Jt , whereJh repre-



５.１. Motivation ７６

Level Computational Jamo (Subcharacters)
Jh, Head consonant ㄱㄲㄴㄷㄸㄹㅁㅂㅃㅅㅆㅇㅈㅉㅊㅋㅌㅍㅎ
Jv , Vowel ㅏㅐㅑㅒㅓㅔㅕㅖㅗㅘㅙㅚㅛㅜㅝㅞㅟㅠㅡㅢㅣ
Jt , Tail consonant <nil> ㄱㄲㄳㄴㄵㄶㄷㄹㄺㄻㄼㄽㄾㄿㅀㅁㅂㅄㅅㅆㅇㅈㅊㅋㅌㅍㅎ

Level Written Jamo (Subcharacters)
Head consonant ㄱㄲㄴㄷㄸㄹㅁㅂㅃㅅㅆㅇㅈㅉㅊㅋㅌㅍㅎ
Base vowel ㅏㅑㅓㅕㅗㅛㅜㅠㅡㅣ
Compound vowel ㅐㅒㅔㅖㅘㅙㅚㅝㅞㅟㅢ
Tail consonant <nil> ㄱㄲㄴㄷㄹㅁㅂㅅㅆㅇㅈㅊㅋㅌㅍㅎ
Compound tail consonant ㄳㄵㄶㄺㄻㄼㄽㄾㄿㅀㅄ

Table ５.２: Computational and written (or typed) Jamo alphabet contrasted, along with their roles for composition.

하다

한다

할거야

합니다

ㅎㅏㄷㅏ

ㅎㅏㄴㄷㅏ

ㅎㅏㄹㄱㅓㅇㅑ

ㅎㅏㅂㄴㅣㄷㅏ

Standard form

Declarative present formal low

Declarative future informal low

Declarative present formal high

Figure ５.２: Common Jamo surface morpheme under different verb conjugations.

sents Choseong (head consonant), Jv represents Jungseong (vowel), and Jt represents Jongseong

(tail consonant). This structure is exemplified in Figure ５.１, where ㄱ∈ Jh, ㅏ∈ Jv , andㅇ∈ Jt . It is

worth noting that Jt may be omitted, in which case it is represented as <nil> ∈ Jt .

The distinction between computational and written Hangul is not immediately apparent without

knowledge of Korean writing conventions. For computational processing of Jamo, one must

use specific offsets that point to compound Jamo variants, whereas in written or typed Korean,

base variants are used for character composition. While this adds complexity from a computational

perspective, workingdirectlywith text stored in computermemory allows for significant algorithmic

simplification.

Previous work has explored these characteristics in various contexts: as part of an end-to-end ar-

chitecture (Stratos, ２０１７), for learning subword embeddings (Park et al., ２０１８), and in classification

tasks (Cho et al., ２０１９). However, a critical limitation of existingmethods is their lack of guaranteed

round-trip consistency. While these approaches discuss sub-character (Jamo) basedmethods, their

evaluationwas limited to non-generative tasks, and reconstruction capabilities were not addressed.

Our work attempts to resolve this limitation, drawing parallels to how subword tokenization meth-

ods introduced guarantees of lossless encoding and decoding, in contrast to conventional lossy

methods such as lemmatization, stemming, and other normalization approaches.
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５.２. Method
Our method addresses the Unicode-related challenges described in the previous section by ex-

posing both the alphabetic composition characteristics and the agglutinative nature of Korean

to subword tokenizers. A key feature of our approach is the introduction of a strict round-trip

requirement, ensuring lossless reconstruction of transformed text while maintaining compatibility

with multilingual training scenarios.

The implementation leverages unused code points in the Hangul Unicode block as processing

hints. These special characters, while invisible in the final output, are processed as standard char-

acters within the same Unicode block by tokenizers. This design choice is essential for maintaining

compatibility with tokenizer implementations that restrict merging operations to character pairs

from the same Unicode block.

Themethod comprises two distinct modules: a pre-processor for Jamo decomposition and a

post-processor for reconstruction into human-readable form. While the pre-processor must be

applied to all input text, the post-processor is only necessary for generative tasks where human

readability is required.

We present two algorithmic variants: an alignedmethod that maintains a fixed three-character

grid structure, and an automatonmethod that implements a more flexible, state-machine-based

approach. Both variants incorporate special handling for orphaned Jamo (e.g., ㅋㅋ, traditionally

used to represent laughter in digital communication) by prefixing themwith post-processor hints

to ensure proper reconstruction.

The distinction and trade-offs between these approaches can be illustrated with a romanized

example. Consider the first example in Figure ５.２,하다/ha-da), which contains two syllabic blocks:

하/ha and다/da. This differs from the second example,한다/han-da, in that it lacks tail consonants.

Theprocessof decomposing this example into Jamoand reconstructing it back to syllablesproceeds

as follows:

• Decomposition: 하/ha 다/da→ㅎ/hㅏ/aㄷ/dㅏ/a

• Reconstruction: ㅎ/h ㅏ/a ㄷ/dㅏ/a→하/ha다/da

This reconstruction process reveals a significant challenge. When using a left-to-right parser,

after processingㅎ/hㅏ/a, the parser will place the next Jamoㄷ/d into the tail consonant position.

This creates a single unit ㅎ/h ㅏ/a ㄷ/d, leaving the subsequent vowel ㅏ/a isolated. As a result,

the output becomes “핟ㅏ” (ㅎ/hㅏ/aㄷ/d - ㅏ/a) instead of “하다” (ㅎ/hㅏ/a - ㄷ/dㅏ/a). Our work
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explores two distinct approaches to prevent this misalignment.

These two approaches offer distinct advantages and trade-offs. The alignedmethod facilitates

reconstruction through a straightforward post-processing step and provides robust reconstruction

guarantees. In contrast, the automaton method requires a more sophisticated state-machine-

based post-processor, operating similarly to Input Method Processors (IMEs), but offers greater

flexibility in character composition.

５.２.１. General Decomposition
The decomposition process leverages Unicode-specific properties of Korean text, following princi-

ples similar to Unicode’s Normalization Form Compatibility Decomposition (NFKD), but with modi-

fications intended to enhance reconstruction reliability when processing non-deterministic model

outputs, such as those from partially converged models. The decomposition operates through

arithmetic operations on the Unicode codepoints. For a given character c with integer Unicode

codepoint ci , the decomposition process requires constants k1 = 44032 (Hangul syllable base),

k2 = 588 (jamo per block), and k3 = 28 (jongseong per block). The decomposition is formally

defined as:

c ′i = ci − k1

ih =
c ′i
k2

iv =
c ′i − (k2 · ih)

k3

it = (c
′
i − (k2 · ih))− k3 · iv

(５.１)

These constants represent specific offset valueswithin theUnicodeKoreanblock. The computed

indices ih ∈ [0, 18], iv ∈ [0, 20], and it ∈ [0, 27] correspond to entries in Table ５.２ for Jh, Jv , and Jt

respectively.

For orphaned Jamo characters occurring independently rather than as part of a composite

character, we implement a prefix-based identification mechanism using the character U+１１５F

(Hangul Choseong Filler, <o>). During reconstruction, this character serves as a look-ahead hint,

signaling independent character processing rather than composite character construction. This

approach is optimized for the relative rarity of orphaned Jamo in standard text.

The decomposition procedure is applied selectively within a corpus C: for each character
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Input 강 강가 ㅋㅋ
Output ㄱㅏㅇ ㄱㅏㅇㄱㅏ<f> <o>ㅋ<o>ㅋ

Table ５.３: An example of the decomposition in alignedmode, with orphan hints (<o>) and fillers (<f>).

부르다

불러

불러

불러

ㅂㅜ<f>ㄹㅡㄷㅏ

ㅂㅜㄹㄹㅓ

ㅂㅜㄹㄹㅓ

ㅂㅜㄹㄹㅓ

Standard form

Declarative present formal low

Ideal subword match

Actual subword match

Figure ５.３: Filler (<f>) interfering a morpheme surface merge.

c ∈ Σ̂, if c has a codepoint within the composite Korean character range (0xAC00-0xD7A3), the

decomposition is performed; otherwise, c remains unmodified. This selective application ensures

compatibility with mixed-script text while maintaining the integrity of non-Korean characters.

５.２.２. Aligned Processing
The aligned processing approach employs post-decomposition padding to ensure that both de-

composition and reconstruction operations proceed in consistent triplets of Jamo characters. This

alignment strategy significantly simplifies the reconstruction process, particularly in error state

handling, by maintaining predictable character boundaries.

Aligned Decomposition

In the aligned method’s pre-processor, we systematically replace instances of <nil> ∈ Jtiv with

the special character U+１１FF (Hangul Jongseong Ssangnieun) from the Unicode Jamo block. This

specific character was selected because input is impossible through normal means from an Input

Method Editor (IME),making it ideal as a processingmarker. Furthermore, this replacement ensures

compatibilitywith tokenization algorithms that restrictmerging operations to character pairswithin

the same Unicode block.

The introduction of this marker enables the post-processor to implement a consistent three-

character read-ahead strategy when encountering a Choseong (head consonant).

Aligned Reconstruction

The reconstruction process then operates as an inverse transform of the decomposition procedure

to recover theoriginal codepoint ci . For input textC, thepost-processor examines eachcharacter c ∈
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Input 강 강가 ㅋㅋ
Output ㄱㅏㅇ ㄱㅏㅇㄱㅏ <o>ㅋ<o>ㅋ

Table ５.４: Decomposition in automatonmode, with orphan hints (<o>) but without fillers (<f>).

C. Upon encountering a character in the Choseong set Jh, it reads the subsequent two characters,

which must correspond to elements of Jv and Jt respectively.

Given the triplet of characters ch, cv , and ct , we determine their respective indices ih, iv , and it

such that:

ch = Jhih

cv = Jviv

ct = Jtit

(５.２)

When ct corresponds to the filler character U+１１FF, we set it = 0. The inverse transform then

reconstructs the original character’s codepoint through the following formula:

ci = k1 + (ih · k2 + iv · k3 + it) (５.３)

While this aligned approach offers implementation simplicity, it introduces certain constraints

on the exposure of Korean’s agglutinative properties. The filler character acts as amerge constraint

during vocabulary training, forcing alignment to complete character boundaries in cases where

the filler appears. This characteristic can result in suboptimal handling of shared morphemes, as

demonstrated in Figure ５.３.

５.２.３. Automaton (Unaligned) Processing
The automatonmethod, also referred to as the unaligned variant, eliminates the need for padding

characters and fixed triplet alignment by implementing a state machine-based reconstruction

approach. This design enables flexible reconstruction of the original character sequence without

the constraints of a fixed window size. Themethod draws inspiration from Korean Input Method

Editor (IME) implementations, though it employs a simplified state machine architecture optimized

for text reconstruction.
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Consonant
Vowel after vowel

Orphan vowel Consonant after consonant

Consonant in C or R4 carry

Vowel starting syllable

Consonant finishes syllable

Complete character, with optional consonant carryover

Vowel

Init Interim End

R1

Consonant

R2

Vowel

R3

Consonant

R4

Carry

C

Work

ㅅ ㅜ ㅈ ㅓ

Figure ５.４: State machine explaining the automatonmethod, demonstrating consonant carryover state transition.

Automaton Decomposition

The automatonmethod’s decomposition process follows the same fundamental principles outlined

in Equation ５.１. However, it introduces a key optimization: the filler character (<f>) becomes

optional since the post-processing state machine can autonomously transition to a completed

character state without explicit padding signals. Table ５.４ illustrates the practical implications of

this distinction between the aligned and automaton approaches.

Automaton Reconstruction

The unaligned nature of the Jamo output necessitates a stateful parser for reconstruction. Our

approach implements a variant of the state machine commonly used in Korean IMEs. Our state

machine implementation for reconstruction adopts a simplified variant of Korean IME architectures,

with two key optimizations:

• Unidirectional Processing: Eliminates state rollback mechanisms as model generation is

forward-only

• Direct Jamo Handling: Bypasses compound validation since input consists of pre-validated

computational Jamo

Standard Korean IME implementations necessarily support bidirectional text manipulation, as

users require deletion capabilities during text input. This deletion functionality typically operates at

the Jamo level, requiring the statemachine tomaintain and restore previous states. While character-

level deletion is supported in both initial and end states, the complexity of state restoration is

unnecessary for our unidirectional generation task. By eliminating this bidirectional requirement,

we achieve significant simplification of the state machine architecture.

The removal of Jamo compounding operations provides additional algorithmic simplification.
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Algorithm １ Pseudocode for the automaton reconstruction algorithm.
１: Reset: R1, R2, R3, R4 ← {0, 0, 0, 0}; Initialize: S ← INIT;
２: for c ∈ C such that c ∈ J do
３: if S = INIT then
４: if c ∈ Jv then
５: ifR4 6= 0 then
６: Compose(R1, R2, R3)
７: R1, R2, R3, R4 ← {R4, c 0, 0}
８: end if
９: else

１０: ifR4 6= 0 then
１１: l ← Combine(R3, R4)
１２: if l 6= R3 then
１３: Compose(R1, R2, l)
１４: else
１５: Compose(R1, R2, R3)
１６: Compose(R4, 0, 0)
１７: end if
１８: else
１９: Compose(R1, R2, R3)
２０: end if
２１: Reset
２２: R1 ← c ; S ← INTERIM;
２３: end if
２４: else if S = INTERIM then
２５: if c ∈ Jv then
２６: ifR2 6= 0 then
２７: l ← Combine(R2, c)
２８: if l 6= R2 then
２９: Compose(R1, l , 0)
３０: else
３１: Compose(R1, R2, 0)
３２: Compose(0, c, 0)
３３: end if
３４: Reset; Initialize;
３５: else
３６: R2 ← c
３７: end if
３８: else
３９: ifR2 6= 0 then
４０: R3 ← c ; S ← END

４１: else
４２: Compose(R1, 0, 0)
４３: Reset;R1 ← c ; S ← END

４４: end if
４５: end if
４６: else if S = END then
４７: if c ∈ Jv then Compose(R1, R2, 0)
４８: ifR3 6= 0 then
４９: R1, R2, R3, R4 ← {R3, c, 0, 0}
５０: S ← INTERIM

５１: else
５２: Reset; Initialize;
５３: end if
５４: else
５５: l ← Combine(R3, c)
５６: if l 6= R3 then
５７: Initialize;R3 ← l ;
５８: else
５９: Compose(R1, R2, R3)
６０: Reset;R1 ← c ; S ← INTERIM;
６１: end if
６２: end if
６３: end if
６４: end for
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Algorithm ２ Pseudocode for a simplified automaton reconstruction algorithm.
１: Reset: R1, R2, R3, R4 ← {0, 0, 0, 0}; Initialize: S ← INIT;
２: for c ∈ C such that c ∈ J do
３: if S = INIT then
４: if c ∈ Jv then
５: if R4 6= 0 then
６: Compose(R1, R2, R3)
７: R1, R2, R3, R4 ← {R4, c 0, 0}
８: end if
９: else

１０: if R4 6= 0 then
１１: Compose(R1, R2, R3)
１２: Compose(R4, 0, 0)
１３: else
１４: Compose(R1, R2, R3)
１５: end if
１６: Reset
１７: R1 ← c ; S ← INTERIM;
１８: end if
１９: else if S = INTERIM then
２０: if c ∈ Jv then
２１: if R2 6= 0 then
２２: Compose(R1, R2, 0)
２３: Compose(0, c, 0)
２４: Reset; Initialize;
２５: else
２６: R2 ← c
２７: end if
２８: else
２９: if R2 6= 0 then
３０: R3 ← c ; S ← END

３１: else
３２: Compose(R1, 0, 0)
３３: Reset; R1 ← c ; S ← END

３４: end if
３５: end if
３６: else if S = END then
３７: if c ∈ Jv then Compose(R1, R2, 0)
３８: if R3 6= 0 then
３９: R1, R2, R3, R4 ← {R3, c, 0, 0}
４０: S ← INTERIM

４１: else
４２: Reset; Initialize;
４３: end if
４４: else
４５: Compose(R1, R2, R3)
４６: Reset; R1 ← c ; S ← INTERIM

４７: end if
４８: end if
４９: end for



５.３. Experiments ８４

In typical IME implementations, compounding requires validation of intermediate state values

against compoundcharacters inJv andJt when consecutive vowels or consonants are encountered.

However, this validation becomes unnecessary in our approachbecause the decomposition process

ensures that the input sequence consists of computational Jamo, where all components are already

in their appropriate compound form.

The statemachine architecture employs four purpose-specific registers (R1, R2, R3, R4), a scratch

register (l) and has three distinct states, as illustrated in Figure ５.４: initial, interim, and end. The

initial state activateswhen the current character c satisfies c ∈ Jh. The interim state represents inter-

mediate conditions where registers are partially populated but insufficient for character emission.

The end state occurs upon register completion, triggering character emission.

The register system accommodates values according to the following constraints: R1 ∈ Jh,

R2 ∈ Jv , R3 ∈ Jt , and R4 ∈ Jh. A complete pseudocode implementation is detailed in Algorithm １,

along with a simplification in Algorithm ２, which omits handling of compound characters.

Character composition is triggered under two primary conditions: complete population of

registers R１ through R３, or population of R１ and R２ combined with a termination condition. A

termination condition can arise when R２ is populated and a vowel is encountered, as our method

utilizespre-combinedvowels. In such cases, the vowel position saturationnecessitates theemission

of the current register values as a character, followed by a register reset. This scenario is formally

specified in Algorithm １ where S = INTERIM, c ∈ Jv , R2 6= 0.

The carryover operation represents a special case utilizing R４, occurringwhen R１ through R３ are

populated and an additional consonant is encountered. In this scenario, the incoming consonant

is assigned to R４, and the state machine returns to its initial state.

The Compose function serves as an interface to the ci reconstruction algorithm previously

defined in Section ５.２.２. WhenCompose receives the arguments ch, cv , and ct , it determines indices

ih, iv , and it such that ch = Jhih , cv = Jviv , and ct = Jtit . An exception exists where ch is processed as

an orphaned character if cv = ct = 0.

The optional Combine() function performs consonant combination operations, mapping sep-

arate consonants and vowels (e.g., ㄹ + ㄱ) in Jt and Jv to their compound form (e.g., ㄺ). This

mapping is implemented through a predefined lookup table of valid compound consonant charac-

ters (e.g., ㄹ +ㄱ→ㄺ andㅡ +ㅣ→ㅢ).
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Model Supported languages Vocab Size Korean Vocab Size Average
mBERT １０４ １１９５４７ １５６８ ５.３９ / １.３５
XLM １００ ２０００００ ２５８１ ６.６１ / １.３７
KoBERT １ ８００２ ７３７８ ２.７０ / １.６７
BERTKr １ ３２００６ １１６０７ ３.０４ / ２.５８

Table ５.５: Comparison of Korean capabilities across different models.

５.３. Experiments
Our experimental evaluation is situated within the context of unsupervised, subword-tokenized

large corpus pre-training in multilingual settings—the context that initially revealed the challenges

our work addresses. We assess our method against several established baseline models, with

BERT (Devlin et al., ２０１９) serving as a primary reference point through its multilingual pre-trained

model (bert-base-multilingual-cased). Additional comparisons includeXLM’s (ConneauandLample,

２０１９) １００-languagemodel (xlm-mlm-１００-１２８０) and two specialized Korean BERT implementations:

KoBERT２ andBERTKorean (BERTKr)３. For thesebaselinemodels,we limit our evaluation specifically

on their tokenization components.

To evaluate our methods, we conducted experiments using the SentencePiece tokenizer (Kudo

and Richardson, ２０１８; Kudo, ２０１８), training on a diverse corpus comprising ５００,０００ randomly

sampled sentences from the kosentences Wikipedia dataset and ５０,０００ sentences from the Naver

Sentiment Movie Dataset’s test set. The latter was specifically included to represent user-generated

content. Using this combined corpus, we trained SentencePiecemodels acrossmultiple vocabulary

sizes: ３５０, １K, ２.５K, ５K, and １０K tokens. During training, we excluded sentences exceeding themax-

imum designated length. The complete set of tokenizer training hyperparameters is documented

in the appendix.

５.３.１. Datasets
Our experimental evaluation employs multiple datasets to assess the effectiveness of our method

across different domains. Given that our primary focus is on tokenization, we utilize these corpora

specifically to validate our method’s robustness against domain shift. This targeted approach

acknowledges the varying performance characteristics of underlying models and the unavailability

of their pre-training corpora. Consequently, our evaluation emphasizes tokenization-level metrics.
２https://github.com/SKTBrain/KoBERT
３https://github.com/yeontaek/BERT-Korean-Model

https://github.com/SKTBrain/KoBERT
https://github.com/yeontaek/BERT-Korean-Model
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For vocabulary training, we utilize varying-sized subsets from the Wikipedia portion of the

kosentences corpus (Moon et al., ２０２２). Consistent with standard transfer learning protocols, we

learn the vocabulary during the pre-training phase and apply it unchanged to downstream tasks.

Accordingly, we evaluate tokenization performance across train-test splits.

Naver Sentiment Movie Corpus

The Naver Sentiment Movie Corpus (Cho et al., ２０２０)４ comprises ２００,０００ user-generatedmovie

reviews with associated sentiment labels. Our evaluation utilizes only the review text from the

training split, as the test set data was incorporated during vocabulary pre-training.

KorQuAD １.０

KorQuAD５ represents a Korean adaptation of the SQuAD １.０ (Rajpurkar et al., ２０１６) reading compre-

hension task. The dataset encompasses １０,６４５ passages and ６６,１８１ questions, requiring systems

to generate answers based on provided text passages. Our evaluation incorporates all passages,

questions, and answers from the dataset.

Text Mining Dataset

The Text Mining Dataset６ consolidates Korean text from two distinct sources: Naver news and Naver

movie reviews. The news corpus contains １,６６１,７８６ sentences from article content and ２,６５５,８４７

user comments, while the movie review corpus comprises ３,２８０,６８５ review entries.

Namuwiki

The kosentences dataset integrates content from bothWikipedia and Namuwiki sources. Namuwiki

content exhibits characteristics of casual writing and contains substantial amounts of paraphrased

non-Korean text. We deliberately restricted our pre-training to the Wikipedia portion to leverage

Namuwiki as an evaluation dataset.

Given the extensive size of the Namuwiki corpus (exceeding ２７million sentences), we conducted

our evaluation on a random sample of １million sentences to ensure computational feasibility while

maintaining statistical significance.

５.３.２. Hyperparameters
The SentencePiece model training utilized specific hyperparameter configurations to ensure op-

timal performance. The normalization rule was set to identity to prevent automatic Unicode
４Available at: https://github.com/e９t/nsmc
５Available at: https://korquad.github.io/
６Available at: https://github.com/lovit/textmining_dataset
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normalization from recombining decomposed characters. A maximum sentence length threshold

of ８,０００ tokens was implemented, and the unigrammodel type was selected for tokenization.

All of the SentencePiece models used for the experiments share the following parameters:

• model_type: unigram

• max_sentence_length: ８０００

• normalization_rule_name: identity

Character coverage rates were calibrated according to vocabulary size through amanual search:

• |V | = 350: coverage rate of ０.９９４

• |V | = 1, 000: coverage rate of ０.９９５

• |V | = 2, 500: coverage rate of ０.９９７

• |V | = 5, 000: coverage rate of ０.９９８５

• |V | = 10, 000: coverage rate of １.０

These coverage rates were empirically determined to optimize the trade-off between vocabulary

completeness and model efficiency across different vocabulary sizes. The progressive increase

in coverage rates corresponds to the expanding capacity for character representation at larger

vocabulary sizes.

５.３.３. Results

Out-of-Vocabulary Robustness

Theprimary contributionof thiswork lies in its significant improvementofOOVhandlingcapabilities.

Our method reduces the minimum required character- level budget for representing all standard

cases (excluding the three extension blocks) from ２２,８５２ character-level subwords to a theoretical

minimum of １０２ character-level subwords７.

The experimental results presented in Figure ５.５, Figure ５.６, Table ５.６, and Table ５.７ demon-

strate substantial improvements in OOVmitigation compared to baseline approaches, even with

significantly reduced vocabulary sizes allocated for Korean subwords. Due to the absence of well-

established metrics for evaluating OOV robustness, we developed the following intrinsic metrics as

an evaluation criteria:
７The combined Unicode Hangul Syllables and Jamo contain １１,４２６ characters, necessitating approximately double this

number in the vocabulary for most subword tokenizers.
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Figure ５.５: OOV Rate (OR) and OOV Length Coverage (LC) compared at １K vocabulary size.

• OOV Count (OC): Total number of OOV tokens encountered

• OOV Rate (OR): Percentage of sentences containing OOV tokens, percentile scale

• Length Coverage (LC): Ratio of total OOV token surface length to original surface length

• Mean Length (ML): Average length of OOV token surfaces

With a vocabulary size of １０K, where Korean utilizes less than ２５% of the total budget, our

method achieves consistently negligible OOV rates below ０.２% across multiple domains. This

performance contrasts sharply with the domain-dependent behavior observed in baseline models.

Notably, these improvements are achieveddespite trainingona smaller dataset compared to the

baselines. The effectiveness stems from our decomposition approach, which reduces the character-

level vocabulary requirements. This reduction enables improved handling of rare combinations

in Vv and Vt , which traditionally require extensive training corpora when working with composite

characters.

Elasticity of Vocabulary Budget

Our method’s reduction of the minimum character-level vocabulary requirement to １０２ subwords

has significant implications for vocabulary allocation. This reduction enables the allocation of

approximately ２２,７５０ additional slots for meaningful subwords, rather than reserving them for

complete characters thatmay rarely appear in the corpus. This optimization is particularly valuable

for pure Korean corpora.

To validate the enhanced vocabulary budget elasticity, we conducted extensive experiments

across multiple vocabulary sizes, as detailed in Figure ５.８ and Table ５.６. The results demonstrate

that even with limited vocabulary sizes (e.g., １K tokens), our method achieves OOV handling capa-
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Figure ５.６: OOV rates (OR) across different vocabulary sizes.

Figure ５.７: OOV rates (OR) on larger vocabulary baseline contrasted with proposed using a smaller vocabulary.

bilities comparable or superior to tokenizers utilizing substantially larger vocabularies. Through

empirical analysis with a coverage rate threshold of ０.９９４, we established theoretical lower bound-

aries of １０９ subwords for the aligned variant and １１６ subwords for the automaton (unaligned)

variant. While these alphabet-sized vocabularies serve primarily as theoretical minimums andmay

not be practical for real-world applications, they demonstrate themethod’s efficiency in vocabulary

utilization.

Subword Surface Length

The length of subword surfaces significantly impacts model performance through two primary

mechanisms: sequence length reduction and computational efficiency. Shorter sequences miti-

gate the risk of truncation or omission due to architectural constraints, while also reducing com-
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Model Size NSMC TM News-Body TM News-Comments
OC OR LC ML OC OR LC ML OC OR LC ML

mBERT １２０K ８１６０３ ３０.０８ ６.１０ ５.８０ １５１１７５ ８.２６ ０.５０ ４.１７ １３５１９３３ ３５.８３ ５.６０ ６.５８
XLM ２００K ２５９２６６ ６２.７８ ４.５３ ２.０６ ２６２７４３４ ６１.８６ ２.６２ ２.９２ ４２３３９２０ ６７.３９ ３.９２ ２.４５
KoBERT ８K ３８４８０ １４.９８ ０.９６ １.８４ ３０７２４ １.７７ ０.０３ １.２３ ５７４０５８ １７.００ ０.８１ ２.００
BertKR ３２K ６３７２９ ２４.９３ ５.６８ ６.５２ １１９０１７ ６.４６ ０.３４ ３.５８ １１５９３３５ ３１.３６ ４.５５ ６.１１

SP

１K １０１７３８ ３５.１２ １.９８ １.６１ ７５９５６２ ３０.７０ ０.７８ １.７６ ２４１４０８９ ５１.９２ ２.４５ １.９９
２.５K １８４１２ ８.１０ ０.３５ １.２３ ７９２３１ ４.６０ ０.０８ １.２３ ４０８７５１ １３.０７ ０.４１ １.３２
５K １００９６ ４.５０ ０.１９ １.１９ ３０９５０ １.８９ ０.０３ １.１６ ２６３７９９ ８.７７ ０.２６ １.２５
１０K ６６２ ０.３１ ０.０１ １.１５ ６５９ ０.０４ ０.００ １.０８ ２４００５ ０.８６ ０.０２ １.１３

Aligned

３５０ ４８２８２ １８.４０ １.０３ １.９１ １６４５１８ ９.８９ ０.００ １.００ ３５９７８９ １０.９８ ０.１０ １.７９
１K ２３９１２ ９.５１ ０.５２ ２.２０ ６０１８９ ３.５６ ０.００ １.００ ２２１４３９ ７.１６ ０.０８ １.７０
２.５K ３８６８ １.４５ ０.１０ ２.１９ １７０８ ０.１１ ０.００ １.００ ４５４６ ０.１７ ０.００ １.２１
５K １３７６ ０.５０ ０.０４ ２.２２ ４２２ ０.０３ ０.００ １.００ １５２４ ０.０６ ０.００ １.１４
１０K ２３ ０.０１ ０.００ １.５５ １ ０.００ ０.００ １.００ １８ ０.００ ０.００ １.００

Automaton

３５０ ２３９５５ ９.５３ ０.５３ ２.２０ ６０１８９ ３.５６ ０.００ １.０２ ２２１４３８ ７.１６ ０.０８ １.６８
１K １９０１６ ７.７８ ０.４８ ２.２２ ３０４６８ １.８４ ０.００ １.０２ １５３２９８ ５.２３ ０.０４ １.４３
２.５K ２１６３ ０.７８ ０.０５ ２.１９ １７０８ ０.１１ ０.００ １.００ ４５４６ ０.１７ ０.００ １.２１
５K ８３２ ０.２９ ０.０２ ２.５０ ４２２ ０.０３ ０.００ １.００ １５２４ ０.０６ ０.００ １.１４
１０K ２３ ０.０１ ０.００ １.５５ １ ０.００ ０.００ １.００ １８ ０.００ ０.００ １.００

Model Size TMMovies KorQuAD Namuwiki
OC OR LC ML OC OR LC ML OC OR LC ML

mBERT １２０K １６６４２７５ ３７.３７ ９.１８ ６.５１ １４７７５ ４.３４ ０.４７ ４.７５ １２３８７３ １０.１７ ０.８２ ３.７０
XLM ２００K ４７７０３８６ ６６.３２ ５.４９ ２.１９ １４２９２６ ２５.０５ ２.２２ ３.９８ １２２０２３９ ６２.６９ ２.６３ １.９５
KoBERT ８K ７２８９３３ １７.３８ １.２３ １.８７ ２１２７８ ４.０２ ０.４９ ５.４６ ６７８６９ ４.９４ ０.２６ ２.５８
BertKR ３２K １１５７２１６ ２７.２６ ５.７９ ５.６３ １５４１４ ６.４８ ０.９２ ６.２８ ２０２４３６ １５.５８ １.４４ ４.２４

SP

１K １５８７６１４ ３４.２９ ２.０２ １.５６ ４６９３１ １３.９２ ０.９３ ２.９９ ５３２２６１ ３５.８４ １.３４ １.７３
２.５K ５１９２８７ １３.４８ ０.６５ １.２８ ９７９３ ３.３０ ０.１９ ２.５３ ９４９４９ ６.７０ ０.２６ １.７６
５K １１４９８１ ３.２０ ０.１４ １.１６ ５０５２ １.７８ ０.０９ ２.３４ ５１７００ ３.５７ ０.１３ １.６６
１０K １５９６０ ０.４６ ０.０２ １.１２ ３３７ ０.１８ ０.０１ １.９８ ４６５１ ０.３０ ０.０１ １.７４

Aligned

３５０ １２０１４９ ３.２１ ０.０４ １.４７ １０８１６７ ５２.７３ １.８４ １.６０ ２６１７３８ １６.６８ ０.６３ ２.３９
１K ９１９０７ ２.５２ ０.０３ １.４９ ３０２９５ ６.８４ ０.６６ ５.３０ １７５０６９ １１.６２ ０.４７ ２.５９
２.５K ９１９０７ ２.５２ ０.０３ １.４９ ９９７４ ２.０４ ０.３３ ７.３９ ４５７６２ ２.９３ ０.２５ ４.０４
５K ５４０ ０.０２ ０.００ １.００ ７４３２ １.５３ ０.１７ ５.１８ ３４６３４ １.５８ ０.１７ ４.９２
１０K ０ ０.００ ０.００ ０.００ ２９１ ０.１５ ０.０１ ２.１７ ３６６０ ０.２１ ０.０１ １.９９

Automaton

３５０ ９１９０７ ２.５２ ０.０３ １.４７ ３２１９４ ７.０１ ０.６９ ５.３４ １７７０３２ １１.７４ ０.４８ ２.５７
１K ６０５３６ １.７０ ０.０２ １.４０ １７０９４ ４.４９ ０.４８ ５.５２ １２２４４６ ８.２９ ０.３９ ２.７９
２.５K ６０５３６ １.７０ ０.０２ １.４０ ９４９１ １.８９ ０.２８ ６.８５ ４０８２３ ２.６２ ０.２３ ４.１９
５K ５４０ ０.０２ ０.００ １.００ ６７４５ １.４６ ０.１５ ４.６７ ３６４６３ １.５４ ０.１４ ４.４２
１０K ０ ０.００ ０.００ ０.００ ２９１ ０.１５ ０.０１ ２.１７ ３６６０ ０.２１ ０.０１ １.９９

Table ５.６: Complete experiment results comparing different tokenizers and datasets with our method.

putational requirements in sequence models. Our experimental results, presented in Table ５.７,

demonstrate meaningful improvements in subword surface length characteristics.

The introduction of the aligned (Al) variant yields modest improvements in surface length com-

pared to the SentencePiece baseline. However, the automaton (Au) variant achieves substantially

better results, approximately doubling the surface length relative to other approaches with equiv-

alent vocabulary budgets. This enhancement in surface length efficiency relative to allocated

vocabulary size represents a significant advancement over baseline approaches, offering improved

sequence compression while maintaining vocabulary efficiency.
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Figure ５.８: OOV rates (OR) comparing proposedmethod with other multilingual andmonolingual models.

５.４. Limitations and Future Work
A significant limitation of both proposedmethods lies in their dependency on well-formedmodel

output for successful reconstruction. This challenge parallels theUnicodepair reconstruction issues

observed in byte-level approaches, such as those employed by GPT-２ (Radford et al., ２０１９) and

other byte-level tokenizationmethods (Gillick et al., ２０１６). In these cases, reconstruction failure

can occur when the output sequence does not conform to valid Unicode character specifications,

potentially compromising the integrity of the entire output sequence.

While potential mitigation strategies exist, such as incorporating checksum encodings within

subword tokens to facilitate error detection and selective output filtering in generative tasks,

these approaches remain unexplored in the current work. Future research could investigate these

error-handling mechanisms to enhance the robustness of reconstruction processes, particularly in

scenarios involving partially trainedmodels or noisy input data.

５.５. Conclusion
This work addresses a significant but frequently overlooked challenge in multilingual pre-training:

the computational inefficiencies and complexities associated with incorporating CJK languages,

particularly Korean, into large- scale languagemodels. Our research makes several key contribu-

tions to this domain.

First, we present a novel, tokenizer-agnostic methodology that enhances subword tokeniza-

tion for Korean text while maintaining compatibility with existing multilingual frameworks. The
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Model Count Min Max Mean Std
mBERT １５６８ １ ５ １.３２ ０.６２
XLM ２５８１ １ ８ １.５５ ０.７２
KoBERT ７３７８ １ ９ ２.１２ ０.９３
BERTKr １１６０７ １ １４ ２.１９ １.００
SP@１K ８６１ １ ３ １.０２ ０.１３
SP@２.５K １９０２ １ ５ １.３１ ０.５７
SP@５K ２９０３ １ ５ １.３９ ０.６４
SP@１０K ２７４８ １ ３ １.０２ ０.１５
Aligned@３５０ １５０ ０.４ １.２ ０.９６ ０.９１
Aligned@１K ４６０ ０.４ ２ １.１８ ０.９９
Aligned@２.５K １００１ ０.４ ３.６ １.４６ １.４２
Aligned@５K １４６３ ０.４ ４.８ １.５９ １.６７
Aligned@１０K １０４９ ０.４ ３.６ １.４４ １.５０
Automaton@３５０ ２７２ ０.４ ２.８ ０.９２ ０.９５
Automaton@１K ８４５ ０.４ ５.２ １.３２ １.５７
Automaton@２.５K ２１２５ ０.４ ６ １.７１ １.９３
Automaton@５K ３５１４ ０.４ ６.４ １.９０ ２.０５
Automaton@１０K ２４６６ ０.４ ６ １.７２ １.８８

Table ５.７: Count of Korean subwords, minimum, maximum, average, and variance of the token length. Jamomethods
scaled down by ２.５ for a fair comparison.

method’s efficiency is particularly noteworthy: requiring only a single pre-processing pass for

unseen text and introducing no adverse effects in polyglot corpora. This approach not only facili-

tates more effective subword learning but also provides complete mitigation of out-of-vocabulary

issues across all downstream Korean language tasks while substantially reducing the required

character-level vocabulary budget.

Second, we introduce a fully reversible transformation process with an optimized statemachine

implementation for text reconstruction. By removing bidirectional processing requirements and

simplifying Jamo compound validation, we achieve significant computational efficiency while

maintaining reconstruction accuracy. These optimizations represent a departure from traditional

Korean IME implementations, specifically tailored for the unidirectional nature ofmodel generation

tasks. This streamlined approach extends the method’s applicability to generative downstream

tasks, including machine translation, text summarization, and languagemodeling, while ensuring

the preservation of linguistic information throughout the processing pipeline.

Our experimental results demonstrate that this methodology enhances both the flexibility and

performance of current state-of-the-art approaches while effectively addressing common out-of-

vocabulary challenges in multilingual model training. These improvements offer a cost-effective

and practical pathway for incorporating Korean language processing into future multilingual re-

search initiatives.



５.５. Conclusion ９３

Our results demonstrate that the proposedmethods significantly reduce information loss and

enhance tokenization efficiency for Korean text processing. The following chapter examines these

findings in the context of recent methodological advances in natural language processing. We

analyze how our approach compares to newly proposed techniques and evaluate its continued rel-

evance given evolving trends in multilingual language model development. This analysis provides

valuable insights into the broader implications of our work for large-scale language processing

applications.



６
Discussion

The field of Natural Language Processing has undergone transformative advancements since the

initial publication of themethods proposed in this thesis. The emergence of large languagemodels,

particularly those built on the Transformer architecture, have demonstrated unprecedented capa-

bilities in sequence modeling across diverse domains. These developments have driven significant

progress in model architectures, training methodologies, and evaluation frameworks.

While previous chapters maintained fidelity to our original publications, this approach neces-

sarily limited our discussion of subsequent methodological innovations. Given the rapid evolution

of the field and renewed academic interest in tokenization approaches, an examination of recent

developments is essential for contextualizing our work’s continued relevance.

Recent research has introduced novel frameworks for the intrinsic evaluation of tokenization

methods, providing valuable new perspectives for analyzing existing approaches. In light of these

developments and the accelerating pace of architectural innovation in the field, a systematic

re-examination of our proposedmethods is warranted. This chapter presents a comprehensive

analysis of our work through contemporary evaluation frameworks while assessing its ongoing

applicability to current NLP systems.

６.１. Evaluation of Tokenization Quality
Historically, and also in our work, when a new method or enhancement for tokenization was

proposed, they have usually been accompanied with results from extrinsic evaluations through a

downstream task (Kudo and Richardson, ２０１８; Hiraoka et al., ２０１９; Provilkov et al., ２０２０; Hiraoka

et al., ２０２０; Vilar and Federico, ２０２１; Hiraoka et al., ２０２１; Takase et al., ２０２２; Moon et al., ２０２２;

Saleva and Lignos, ２０２３). The impact and influence of the tokenizer with downstream tasks were

often used to justify the novelty and significance of the work.

９４
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While it is not the only extrinsic evaluation, often machine translation was used as the gold

standard. As translation requires both requires tokenization and de-tokenization, across multiple

language pairs, it is deemed to be a good proxy to estimate the proposed tokenizationmethod’s

robustness. Additionally, due to many past investigations, shared tasks such as those published

regularly from Conference on Machine Translation (WMT) or Workshop on Asian Translation (WAT)

have well-established baselines for well-knownmethods.

When the work in this thesis was initially proposed, this was still the status quo; and until

recent developments; this trend continued. Only in recent years tokenization as a stand-alone

algorithm to be evaluated independently has come to light; earlier developments beginning with

alignment with linguistically meaningful tokens (Klein and Tsarfaty, ２０２０; Hofmann et al., ２０２１,

２０２２; Gow-Smith et al., ２０２２) and token length and frequency (Bostrom and Durrett, ２０２０; Yehezkel

and Pinter, ２０２３) along with initial findings of correlation to downstream performance (Gallé, ２０１９;

Gutierrez-Vasques et al., ２０２３).

Later developments began to further correlate the tokenized sequence length and frequency

distribution, otherwise tokenizer compression rates, andcorrelating thesemetricswithdownstream

task performance (Zouhar et al., ２０２３; Goldman et al., ２０２４; Ali et al., ２０２４) and also investigations

where this trend did not hold (Cognetta et al., ２０２４; Schmidt et al., ２０２４). In this chapter, we revisit

our work and evaluate the effects of our work through the lens of these recent developments.

６.１.１. Corpus Token Count, Fertility, Compression, and Information Theory
The relationship between sequence length and vocabulary size represents a fundamental trade-off

in tokenization. While shorter sequences (achieved through higher compression rates at the cost of

larger vocabularies |V|) reduce computational costs in both attention-based and RNN architectures,

excessive optimization for compression can lead to the inclusion of rare tokens in the vocabulary.

These infrequently occurring tokens often result in undertrained representations, exemplified by

phenomena such as the ”SolidGoldMagikarp” effect (Land and Bartolo, ２０２４).

Corpus Token Count (CTC) represents the total number of tokens produced when tokenizing

a corpus. Recent work (Gallé, ２０１９; Ali et al., ２０２４; Goldman et al., ２０２４) suggests that reduced

sequence lengths correlate positively with downstream task performance.

Subword fertility (fsub), introduced by (Ács, ２０１９) and further developed by (Rust et al., ２０２１),

measures the tokenization expansion ratio:
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fsub =
|T |
|W | (６.１)

where |T | is thenumberof subword tokensand |W | is thenumberof originalwords. Thisprovides

a word-level interpretation of corpus token count (CTC), distinct from the statistical machine

translation concept of fertility (φ) introduced by (Brown et al., １９９３), which measures the number

of target language words generated per source word. A subword fertility value of fsub = 1 indicates

complete word coverage in the tokenizer’s vocabulary, meaning each wordmaps to exactly one

token. Relatedmetrics include the proportion of suffix subwords (psuffix)—tokens designed tomerge

with other subwords—and our proposed per-subword surface length (lsurf) measure, described in

Section ５.３.３, which exhibits inverse correlations with both fsub and psuffix.

The application of these metrics to CJK languages presents unique challenges due to their

relianceonwordboundaries typically identified through spacing. Theabsenceof consistent spacing

in CJK texts, combined with the character-level segmentation commonly employed (e.g., BERT’s

handling of CJK ideographs), artificially deflates the proportion of suffix subwords. Consequently,

our application of these metrics in subsequent sections should be considered approximate.

Information-theoretic metrics, particularly Rényi efficiency, have been proposed as tokeniza-

tion quality metrics which estimate model quality. This approach, introduced by Zouhar et al.

(２０２３), challenges the assumption of a Zipfian distribution in tokenization. Instead, it suggests that

optimizing for a more uniform token distributionmay be beneficial, as it can reduce the occurrence

of undertrained, rare tokens.

Rényi efficiency is derived from Rényi entropy, a generalization of Shannon entropy. Shannon

entropy measures the average amount of information needed to represent an event from a proba-

bility distribution, where X is a discrete random variable and p(x) is the probability of outcome

x :

H(X) = −
∑
x∈X
p(x) log p(x) (６.２)

Rényi entropy introduces a parameter α (where α ≥ 0) that can emphasize different parts of the

probability distribution. As α approaches １, Rényi entropy converges to Shannon entropy:

Hα(X) =
1

1− α log

(∑
x∈X
p(x)α

)
(６.３)

Rényi efficiency is a normalized version of Rényi entropy, whereHα(X) is the Rényi entropy and
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|V | is the vocabulary size:

Ef fα(X) =
Hα(X)

log |V | (６.４)

By accounting for vocabulary size, it becomes suitable for comparing tokenizers with different

vocabularies. Experiments with small-scale machine translation models demonstrate that Rényi

efficiency correlates with downstream performance, indicating its potential as a intrinsic measure

of tokenizer quality. It’s important to note that the term ’efficiency’ here refers to Rényi efficiency, a

tokenization metric, not computational efficiency. We will therefore refer to this metric as entropy

in the upcoming sections for clarity.

Lastly, recentwork by Schmidt et al. (２０２４) presents evidence that challenges prevailing assump-

tions about tokenization efficiency. Their study introduces a dynamic programming approach that

achieves provably minimal sequence lengths given a fixed vocabulary (minS∈S |S| for vocabulary

V). Through experiments with large language models (３５０M-２.４B parameters), they demonstrate

that corpus token count (CTC) exhibits only weak negative correlation (ρ < −0.2) with downstream

performance. These findings suggest that the relationship between sequence length andmodel

performance extends beyond simple compressionmetrics, with factors such as pre-tokenization

method and vocabulary construction playing crucial roles in determining tokenizer effectiveness.

６.１.２. Parity
The concept of parity in multilingual tokenization, introduced by Petrov et al. (２０２３), provides a

quantitative framework for assessing tokenization fairness across languages. This metric com-

plements existing measures like subword fertility and extends our understanding of multilingual

tokenization efficiency.

For a sentence sA in language A and its translation sB in language B, a tokenizer t achieves parity

when the ratio of their respective tokenized lengths approaches unity:

|t(sA)|
|t(sB)|

≈ 1 (６.５)

where |t(sA)| represents the length of the tokenized sequence for sentence sA. This ratio, termed

the premium of language A relative to language B, serves as a keymetric for evaluating tokenization

equity.

While related to tokenization fertility metrics introduced by Ács (２０１９), which measure the
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expansion ratio within a single language as fsub = |T |
|W | , parity provides a cross-lingual perspective on

tokenization efficiency. Bothmetrics capture aspects of tokenizationquality: fertility quantifies how

efficiently a tokenizer represents text within a language, while parity measures relative efficiency

between languages for equivalent content.

Using parallel corpora such as FLORES-２００ (Guzmán et al., ２０１９; Goyal et al., ２０２２; Costa-jussà

et al., ２０２２), researchers can systematically compute and compare these premiums across different

tokenization approaches. This analysis has revealed significant disparities in tokenization efficiency.

For instance, languages like Shan exhibit premiums up to １５ times higher than English in popular

models like GPT-４, indicating severe tokenization inequity. Such disparities particularly affect

low-resource languages inmultilingualmodels, with implications for both computational efficiency

and accessibility of language technologies.

６.２. Retrospective: The Effects and Mitigation of OOV

６.２.１. Why does it work?
The effectiveness of ourmethod stemsprimarily from reducing information loss during tokenization.

Our experiments with artificially degradedmodels reveal that performance deteriorates at a near-

exponential rate as Out-Of-Vocabulary (OOV) occurrences increase. This pattern emerges because

WordPiece merge failures in Korean text affect larger surface areas compared to Japanese or

Chinese text processing. For example, when a single subword OOV appears within a word-level

token (bounded by whitespace or punctuation), it compromises the entire surface representation.

This substantial information loss impairs model performance because the attentionmechanism

cannot identify relevant contextual relationships when critical tokens are missing.

The design of BERT’s tokenization scheme presents a notable challenge for Korean language

processing, as it lacks the single-character break exceptions that exist for other CJK languages.

However, implementing such exceptions for Korean would likely prove ineffective, since individual

Korean characters carry significantly less semantic information than individual Chinese or Japanese

ideographs. This assessment aligns with current research trends, which show limited adoption of

character-level Korean processing methods. The situation resembles the inefficiency of arbitrarily

segmenting English text into three or four-character chunks without considering underlying bigram

frequency distributions.

Our recovery experiments yielded unexpected insights into model behavior under corruption.

While we initially hypothesized that extensive model corruption would reduce BERT to an overpa-
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Table ６.１: OOV Recovery Performance Comparison

Method Accuracy ∆ vs. Baseline
FastText Baseline ０.８５５０ —
CPT (worst case) ０.８６０４ +０.００５４

Table ６.２: Translation performance using byte-level BPE across language pairs.

Language Pair Sentence Pairs BLEU chrF TER
en-zh ２.２３M ０.５ １.９ １２７.３
en-ja ３.４７M １.６ ６.５ ４６７.２
ja-ko ２.９９M １９.０ ３５.８ １１４.４

rameterized non-linear classifier, our results suggest a more nuanced interpretation. The FastText

baselines reported by Park (２０２４) achieved ８５.５０% accuracy, notably lower than our worst-case

synthetic OOV recovered results using CPT at ８６.０４(see Table ６.１, full results in Table ４.７). This

performance gap indicates that the recovery process, combined with preserved model knowledge,

produces better outcomes than training a non-linear classifier from scratch. The role of contextual-

ization through attention mechanismsmay provide additional performance benefits, though this

remains an open research question requiring further investigation.

６.２.２. Validity as of Today
The landscape of tokenization has evolved significantly since our work’s initial proposal. When first

introduced, OOV issues were widespread, with our experiments revealing suboptimal tokenizer

training even in monolingual models (Table ４.８). The greedy merging behavior of WordPiece in

BERT particularly amplified our method’s effectiveness. However, WordPiece itself has largely been

superseded by SentencePiece, with the last significant mention from its original proposers dating

to ２０１８ (Song et al., ２０２１).

Contemporary large-scale languagemodels have largely resolved theOOVchallenge through the

adoptionof byte-level BPE (BBPE) implementations atopBPEor SentencePiece, ensuring consistent

token coverage through byte-level fallback mechanisms. This development effectively eliminates

the original motivation for our OOVmitigation approach. XGLM (Lin et al., ２０２２) represents the last

major model exhibiting traditional OOV issues, with subsequent large-scale models implementing

complete vocabulary coverage.

Our methodmay retain utility for smaller-scale models that cannot implement byte-level fall-

back. While our approach’s success primarily addressedWordPiece’s suboptimal merging behavior,

it could benefit BPE implementations with constrained vocabulary sizes. Our experiments with
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Figure ６.１: Comparison between OOV surface forms and subword OOV, with mitigation strategies illustrated.

a vanilla transformer across three language pair translation tasks (Barrault et al. (２０２０), AI Hub)

demonstrate BBPE’s limitations in smaller models (Table ６.２). These models often struggle to

generate valid Unicode sequences, creating a potential application for our approach. However,

implementing our method versus retraining models with expanded vocabularies requires careful

cost-benefit analysis.

Despite these limitations, our method may find new applications in contemporary contexts,

particularly in continuous pre-training (CPT) scenarios. Drawing on findings from Zouhar et al.

(２０２３), we can leverage corpus entropy calculations to estimate domain adaptation potential

for individual subwords. Land and Bartolo (２０２４)’s research suggests that rare tokens in training

corporaaddsa riskof undertrained tokens, indicatingpotential benefits fromtokenizer optimization

in these contexts. This application warrants further empirical validation but presents a promising

direction for continued relevance.

６.２.３. Revisiting with Current Frameworks
Recent tokenizer qualitymetrics require complete vocabulary coverage (no OOV tokens) to produce

comparable results. The presence of OOV tokens, particularly in the word-surface obstructing form

encountered in WordPiece, introduces bias that significantly distorts these metrics.

Toanalyze this effect,we revisit ourOOVexampleand fertility formulation fromearlier, illustrated

in Figure ６.１. The subword fertility fsub is defined as the ratio between the corpus token count (CTC)

of subword tokenization |T | and the CTC of word tokenization |W |:

fsub =
|T |
|W | (６.６)

This formulation requires refinement to account for vocabulary coverage. Wemust restrict T to
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tokens t that exist in the vocabulary (t ∈ V) and exclude words where the tokenized form produces

OOV tokens (<unk>) to ensure fair comparison with WordPiece. For any randomly sampled word w

from the corpus where the tokenized length exceeds the input length (|tw | > |w |), this inequality

persists when the tokenized OOV surface is w = <unk>, as |tw | > 1. Consequently, an OOV-patched

tokenization T ′ will always satisfy |T ′| > |T |, leading to:

|T ′|
|W | >

|T |
|W | (６.７)

CTC: This metric becomes unsuitable for comparison in this context because |T ′| ≥ |T | is invari-

ant, with equality (|T ′| = |T |) representing the optimal case.

Fertility: Without OOV filtering, the relationship |T ′||W | >
|T |
|W | holds due to |T ′| = |T |. When adjusted

for OOV, we find T ′ = T as the tokenizations become equivalent for non-OOV surfaces.

Entropy: From an information theoretic perspective, entropy changes depend fundamentally

on modifications to the underlying vocabulary distribution. While adding subwords might appear

to increase entropy, vocabulary patching through polysemic mappings maintains a constant |V|.

The process merely redistributes probability mass from <unk> to surrogate tokens.

Consequently, entropy improvements occur in proportion to the original <unk> frequency,

though this improvement reverses if the surrogate token frequency becomes higher than the

original <unk> frequency.

Parity: Including OOV in calculations axiomatically produces negative trends due to sequence

length dependencies. When comparing a baseline Ts , comparison Tt , and patched T ′t with OOV

discounted the parity is identical:

|T ′t |
|Ts |
=
|Tt |
|Ts |

(６.８)

This approximation holds because |T ′t | = |Tt | is guaranteed when OOV tokens are excluded.

Conversely, including OOV yields |T ′t | ≥ |Tt |, with |T ′t | = |Tt | representing the best possible outcome.

６.３. Retrospective: Jamo Pair Encoding

６.３.１. Why does it work?
The effectiveness of this method challenges conventional assumptions about Korean text represen-

tation. Rather than questioningwhy Jamo pair encoding succeeds, we should consider why syllabic

block representation remains the prevalent standard despite its limitations. Beyond typesetting re-
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quirements, the Unicode syllabic block representation introduces unnecessary complexity without

providing significant computational advantages.

Our earlier analysis highlighted two critical challenges with syllabic block representation: the

processing complexity of an extensive character set and its impact on vocabulary size. From an

information theory perspective, this representation effectively implements an oversized, inefficient

encoding at the character level. These inefficiencies compound significantly when combined with

subword tokenization methods. The suboptimal nature of the base representation inevitably

propagates to downstream processing methods built upon it.

Jamo pair encoding succeeds by exposing the fundamental phonetic units directly to tokeniza-

tion algorithms. This approach reduces the problem complexity to a level comparable with En-

glish text processing, providing a more efficient foundation for Korean language processing. The

method’s effectiveness stems not from any special property of Korean phonetics, but from its

alignment with basic principles of efficient text representation and processing.

６.３.２. Validity as of Today
Our analysis indicates that the Jamo pair encoding method remains not only valid but increasingly

relevant in today’s landscape of language model development. The emergence of large-scale

multilingualmodels has intensified the challenges of vocabulary budget allocation,making efficient

character encoding schemes more crucial than ever.

Themethod’s utility extends acrossmodel scales, thoughwith important considerations at each

level. Recent research has established strong correlations between tokenizer performance and

downstream task effectiveness (Zouhar et al., ２０２３; Goldman et al., ２０２４; Ali et al., ２０２４). These

findings reinforce the continued relevance of our approach for smaller models. However, we must

note that very small models present an inherent risk: output instability could compromise accurate

character reconstruction from Jamo units.

For large-scale models, maximizing the method’s effectiveness requires careful integration

with other low-level tokenization strategies (see Section ６.５.３). Alternatively, the development of

complementary subcharacter methods for related languages offers another promising direction for

continued relevance (see Section ６.５.３).
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Figure ６.２: Comparison of multilingual BERT and our ２.５K model.

６.３.３. Revisiting with Current Frameworks
Our second method permits evaluation using recently established tokenization quality metrics,

though the experiments retain someOOV considerations. This evaluation framework enables direct

comparison with current approaches.

The sequence lengthmetrics demonstrate an inverse correlation with allocated vocabulary bud-

get. This relationship allows meaningful comparison between a baseline SentencePiece tokenizer

and our proposedmethod.

To establish broader context, we conducted comparisons with baseline tokenizers from pre-

trainedmodels containing similar Korean vocabulary sizes. Multilingual BERT, with its １,５６８ Korean

subwords, provides a comparison point for our ２.５K tokenizers, while XLM’s ２,５８１ Korean subwords

align with our １０K models. These comparisons are necessarily approximate, as SentencePiece

does not provide direct control over language-specific vocabulary allocation. For this evaluation,

we utilized the complete NSMC dataset, as the absence of model training eliminated the need for

train/test partitioning.

CTC: The comparison betweenmultilingual BERT and ２.５K models reveals that SentencePiece

exhibits lower compression efficiency, with a ６.３７-１０.１３increase compared to BERT. Between

SentencePiece ２.５K models, our method achieves modest improvements, demonstrating up to

３.５% lower CTC compared to the baseline SentencePiece implementation.

The XLM to １０K comparison yields more varied results. CTC differences range from an １１.３７%

decrease in the best case to an １１.６２% increase in the worst case. Within SentencePiece １０K
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Figure ６.３: Comparison of XLM and our １０Kmodel.

Vocab ko-Vocab CTC Fertility Renyi Parity w/SP
mBERT １１９,５４７ １,５６８ ４,７８５,８９１ ３.１５２ ０.４９０ x
SP@２.５K ２,５００ １,９０３ ５,２７０,３３６ ３.４７１ ０.４９７ x
Aligned@２.５K ２,５００ ２,１６０ ５,１７６,５７５ ３.４１０ ０.６１３ ０.９８２
Automaton@２.５K ２,５００ ２,１３１ ５,０８７,８５５ ３.３５１ ０.５９２ ０.９６５
XLM ２００,０００ ２,５８１ ５,５３２,８１８ ３.６４４ ０.５２７ x
SP@１０K １０,０００ ２,７８９ ６,１７５,２２８ ４.０６７ ０.４３４ x
Aligned@１０K １０,０００ ２,５１７ ５,１１３,３１１ ３.３６８ ０.６２３ ０.８２８
Automaton@１０K １,００００ ２,５１３ ４,９０３,５１８ ３.２３０ ０.６２４ ０.７９４

Table ６.３: Raw data comparing our method (２.５K/１０.K) with recently proposedmetrics on NSMC.

models, our method achieves substantial improvements, with the best case showing ２０.６% lower

CTC compared to baseline. Notably, across both scenarios, baseline SentencePiece consistently

demonstrates higher CTC values than the respective pre-trained comparisonmodels.

Fertility: Analysis of ２.５Kmodels indicates increased fertility in SentencePiecemodels compared

to baseline, suggesting reduced tokenization efficiency. In contrast, １０K models implementing

our method demonstrate fertility improvements, while baseline SentencePiece shows decreased

performance.

Entropy: The ２.５K comparison reveals lower performance in baseline SentencePiece compared

to BERT. However, our methods demonstrate increased Rényi efficiency, indicating improved

tokenization quality and suggesting potential downstream performance benefits.

Parity: Direct comparison between baseline SentencePiece and our proposedmethods shows

favorable parity metrics for our approach in both aligned and automaton implementations.

Our analysis indicates that when trained with identical corpora, parameters, and vocabulary
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Figure ６.４: Example of tokenization-inducedmodel misbehavior in ChatGPT.

budgets, our method enhances SentencePiece’s tokenization properties. However, we observe

varying patterns in tokenization quality between ２.５K and １０K implementations, likely influenced

by vocabulary budget and character coverage hyperparameters.

６.４. The Significance of Tokenization
The landscape of tokenization has evolved substantially with the emergence of large language

models. Contemporary architectures with billions of parameters have introduced sophisticated

approaches to handle rare tokens, including byte-level tokenization schemes (Sennrich et al.,

２０１６; Wang et al., ２０２０). While these advances have addressed certain fundamental challenges

in tokenization, particularly around robustness, they have also revealed new complexities in the

relationship between tokenization strategies andmodel performance.

A striking illustration of these complexities emerged through the discovery of the SolidGold-

Magikarp phenomenon (Figure ６.４) in large language models (Land and Bartolo, ２０２４). As demon-

strated in Figure ６.４, this specific string triggered unexpected model behaviors, revealing how

distribution shifts between tokenizer training and model pretraining can lead to undertrained

tokens and subsequent model hallucinations. This case exemplifies the broader challenges in

tokenization that persist despite recent advances in model architecture and scale.

A quote from Karpathy (２０２４) highlights the impact of tokenization onmodel capabilities:

• Why can’t LLM spell words? Tokenization.

• Why can’t LLM do super simple string processing tasks like reversing a string? Tokenization.

• Why is LLM worse at non-English languages (e.g. Japanese)? Tokenization.
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• Why is LLM bad at simple arithmetic? Tokenization.

• Why did GPT-２ have more than necessary trouble coding in Python? Tokenization.

• Why did my LLM abruptly halt when it sees the string ”<|endoftext|>”? Tokenization.

• What is this weird warning I get about a ”trailing whitespace”? Tokenization.

• Why the LLM break if I ask it about ”SolidGoldMagikarp”? Tokenization.

• Why should I prefer to use YAML over JSON with LLMs? Tokenization.

• Why is LLM not actually end-to-end language modeling? Tokenization.

• What is the real root of suffering? Tokenization.

These effects manifest across multiple domains: character-level operations such as string ma-

nipulation and spelling, multilingual processing (particularly for languages with different character

systems), numerical operations, and code generation. The limitations extend beyondmere tech-

nical constraints, fundamentally affecting the model’s ability to perform end-to-end language

modeling.

The significance of tokenization extends beyond these individual challenges. As language mod-

els increasingly adopt multilingual capabilities as a standard feature, the allocation of vocabulary

budget across different languages and domains has become a critical consideration in model

development. This shift demandsmore sophisticated approaches to tokenizer training, moving

beyond treating it as an auxiliary component to recognizing it as a fundamental element of model

architecture.

We propose three key directions for future research in tokenization:

１. Development of scalable training methodologies that better capture global distributional

characteristics of training data, particularly addressing the challenges of sampling bias and

domain shift.

２. Investigation of adaptive tokenization strategies that can dynamically optimize to reflect

underlying probability distributions in the training data.

３. Integration of tokenizer optimization with model pretraining to reduce the impact of distribu-

tion shifts and improve handling of rare tokens.

These challenges suggest that while the fundamental problems of tokenization robustness may

be well understood, significant opportunities remain for improving how tokenization supports

and enhances model capabilities. The path forward requires treating tokenization not as a solved
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Figure ６.５: Proposed evolution of character-level processing.

preprocessing step, but as an integral component of languagemodel development that warrants

continued research attention.

６.５. Future Work

６.５.１. Opportunities for Enhanced Evaluation
When the methods discussed in this thesis were initially proposed, Korean NLP benchmarking was

still developing. Many widely-used evaluation tasks had not undergone rigorous peer review by

the academic community, yet served as de facto standards for performance assessment.

NSMC, which features prominently in our experimental work, exemplifies these limitations.

Whilewe selected it for its challenging tokenization requirements due to prevalent colloquialisms, it

remains fundamentally a binary classification task. Recent researchhas established its performance

ceiling at ９３.０% accuracy, achieved by HyperCLOVA (３９B) using p-tuning, a SFT technique (Liu

et al., ２０２２). Our analysis revealed eight samples with empty text fields１, raising concerns about

additional unidentified, unsolvable instances within the dataset.

The field has since evolved significantly with the introduction of robust evaluation frameworks.

The KLUE benchmark (Park et al., ２０２１) and systematic task curation efforts (Cho et al., ２０２０)

now provide more reliable assessment methodologies. While our current work has not yet been

evaluated against these enhanced benchmarks, such validation represents a critical area for future

research. A comprehensive assessment using these more rigorous benchmarks would provide

valuable insights into the generalizability and effectiveness of our proposedmethods.
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６.５.２. Subword Architectures for Other Languages
The subcharacter-oriented subword approachwe explored for Korean in Chapter ５ holds significant

potential for other writing systems with rich character sets and well-defined subcharacter linguistic

units in Unicode. The Chinese, Japanese, and Korean (CJK) ideographic block in Unicode presents

a particularly promising avenue for extending this research.

Our investigation of Korean demonstrated the value of leveraging subcharacter structures, as

detailed in Section ２.５.３ and Section ５.１. Recent research has begun to explore similar approaches

in related writing systems. Si et al. (２０２３) developed a subcharacter architecture for Chinese

and validated it using a monolingual BERT model, establishing a foundation for future work in

this direction. Wu et al. (２０２４) have further expanded this concept by examining subcharacter

representations from amultimodal perspective.

The Chinese writing system presents unique opportunities and challenges for subcharacter

architectures. Its multiple systems of phonetic transcription (e.g., Zhuyin and Pinyin) and various

non-phonetic input methods (e.g., Cangjie, Dayi, and Wubi, inter alia) provide multiple potential

approaches for implementing subcharacter processing. However, this diversity also expands the

search space for optimal methodologies, requiring careful consideration of trade-offs between

different approaches.

Beyond CJK ideographs, the Unicode emoji block represents another areawhere character-level

processing faces coverage challenges. Both CJK ideographs and emojis see extensive real-world

usage, yet achieving efficient processing while maintaining comprehensive coverage remains an

open problem. Future research should address these challenges, particularly given the growing

importance of both character sets in modern digital communication.

６.５.３. Integration with Byte-Level BPE
Briefly discussed in Section , Figure ６.５ illustrates a hypothetical future framework for integrating

subcharacter-basedmethods as an intermediate layer between byte-level and Unicode character-

level processing for languages with diverse character sets. This architecture addresses a fundamen-

tal limitation of pure byte-level approaches: their lack of linguistic context. While byte embeddings

offer language-agnostic processing, they require the model’s attentionmechanism to learn basic

character formation rules and language identification that could bemore efficiently encoded at

the subcharacter level.
１Empty text fields were identified at line numbers ４６４７３, ６０７３７, ７７６６７, ８４１００, １２７０１９, １７２３７７, １７３５２８, and １９７２８１, with

conflicting labels.
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Current byte-level approaches force models to dedicate computational resources to tasks such

as UTF-８ validation and language identification. By incorporating subcharacter-level processing,

models can leverage inherent linguistic structure, potentially reducing the computational burden

on the attention mechanism while preserving the flexibility of byte-level tokenization.

６.６. Disclosure and Broader Implications

６.６.１. Usage of AI Assistants
This thesis manuscript was revised with assistance from several commercial language models

for stylistic refinement, grammatical correction, and fact-checking. The following systems were

employed individually, or as an ensemble (in alphabetical order):

• Claude ３.５ Sonnet (Anthropic PBC)

• Github Copilot (GitHub, OpenAI)

• Grammarly (Grammarly Inc)

• NotebookLM (Google LLC)

It is important to note that these systemswere used solely for editorial and verification purposes.

All original research, analysis, and primary content were developed independently by the author

and collaborators.

６.６.２. Impact Assessment: Ethical and Societal
The methodologies presented in this thesis have been internally evaluated for their ethical and

societal implications. Our algorithmic approaches maintain neutrality by operating solely on syn-

tactic structures without embedding or propagating demographic or cultural biases. The research

methodology deliberately avoided the creation of new datasets or the involvement of human

subjects and annotators, thereby minimizing potential ethical concerns regarding data privacy and

annotation bias.

The societal impact of this research demonstrates tangible benefits, particularly in environmen-

tal sustainability. Our improvements in training efficiency andmodel reusability directly contribute

to reducing computational resource requirements. Based on the amount of compute used for

our experimental results, we expect reduction in downstream training compute requirements

compared to baseline approaches, translating to proportional decreases in energy consumption

for large-scale language model development.
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A central feature of our methodology is its accessibility. All experiments were conducted using

single-GPU configurations, demonstrating that meaningful contributions to the field are possible

without access to extensive computational resources. This approach ensures that our methods

remain practical for researchers and developers working with limited computational budgets,

particularly in academic environments or smaller organizations.

These advancements in tokenization efficiency andmodel reusability contribute to the broader

initiative within artificial intelligence research to develop more sustainable methodologies. While

individual implementations may show incremental improvements, widespread adoption of these

techniques could significantly reduce the environmental impact of natural language processing

research and deployment.

６.６.３. Compute Costs
The research utilized the following computational environments:

• ABCI ２.０ (rt_G.small): Intel Xeon Gold ６１４８ (２.４ GHz, ６-cores), NVIDIA Tesla V１００ (１６GB VRAM),

６０GB RAM

• PC１: AMD Ryzen ９ ３９００XT (３.８ GHz), NVIDIA RTX ３０９０ (２４GB VRAM), ３２GB DDR４-３６００ RAM

• PC２: Intel Xeon E５-２６８０ v３ (２.５ GHz), NVIDIA Titan RTX (２４GB VRAM), ６４GB DDR４-２１３３ RAM

The Effects and Mitigation of OOV

For our initial methodology’s CPT and SFT experiments, we utilized ABCI 2.0 ２. Training data and

experimental codewereaccessedviaGPFS３.５over EDR InfinibandwithHCAconnectivity. Individual

experiments varied in duration, with wall-clock times ranging from ２ to １０ hours (mean: ５.５ hours)

per experimental run.

The OOV correlation and recovery NSMC experiments were conducted on PC1, with training

data and experimental code stored on a Phison E１６ NVMe drive (１TB, PCIe ４.０). These experiments

maintained consistent computational requirements, with each experimental run completing in

approximately ４０minutes using the optimized hyperparameter configurations described in Section

３.４.

Jamo Pair Encoding

The secondmethodology’s experiments were executed on PC2. While precise timing metrics were

not captured prior to the system’s decommissioning, reproduction runs on PC1 completed within
２ABCI ２.０ has been decommissioned as of October ２０２４.
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approximately １８ hours with no GPU acceleration or parallelization.

６.７. Summary
This chapter evaluated the continued relevance of the proposedmethods through contemporary

frameworks while assessing their applicability to current NLP systems. The analysis covered

several areas, beginning with evaluation frameworks for tokenization quality, followed by detailed

examination of our methods under the lens of recent developments in the field.

We now turn to the final chapter to synthesize our contributions and their implications for

the field. The preceding analysis has demonstrated both the enduring value and limitations of

our approaches in the context of modern NLP systems. As we move to our conclusions, we will

articulate the contributions of this work.



７
Conclusion

７.１. Summary
This work contributes to the field of Natural Language Processing (NLP) by examining challenges in

tokenization for character-diverse languages and the handling of out-of-vocabulary (OOV) tokens.

My research investigates approaches for improving the efficiency and robustness of language

models, with a particular focus on Korean text processing.

７.１.１. Contributions
This research addresses fundamental challenges in Korean language processing through novel

approaches to tokenization and vocabulary management. My contributions demonstrate that

current limitations represent solvable engineering problems rather than inherent constraints.

At its most fundamental level, this thesis revolutionizes Korean language processing by solving

two critical challenges: eliminating OOV-related performance degradation through innovative

surrogate mapping and reducing vocabulary requirements by ９０%while maintaining complete

coverage through sub-character decomposition.

First, I present a systematic investigation of out-of-vocabulary (OOV) effects in multilingual

language models, demonstrating that pre-training corpus imbalances lead to suboptimal tokenizer

vocabularies. Through empirical analysis, I found that CJK languages, particularly Korean, receive

disproportionately small vocabulary allocations relative to their representation in training corpora,

directly impacting downstream task performance through information loss.

Second, I introduce a novel OOV mitigation strategy that enables post-training recovery of

model performance without requiring complete retraining. Themethod creates a secondary vocab-

ulary mapping between OOV and in-vocabulary subwords through several proposed algorithms:

１１２
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character distance, masked languagemodel prediction, and unseen subword assignment. When

combined with continued pre-training, this approach demonstrates significant performance im-

provements across multiple downstream tasks, achieving meaningful gains even in high-OOV

scenarios.

Third, I develop Jamo Pair Encoding, a novel sub-character tokenizationmethod that addresses

fundamental limitations in Korean text processing. Themethod resolves challenges in Unicode-

based processing through two distinct algorithmic variants: an aligned approach using a fixed

three-character grid, and an automatonmethod employing a flexible state machine. This method

guarantees round-trip consistencybetweenoriginal text and tokenized forms, enabling its use in text

generation taskswhiledramatically reducing the required character-level vocabulary. Theapproach

maintains complete coverage of the Korean writing systemwithout compromising reconstruction

fidelity, making it suitable for both understanding and generation tasks.

Finally, I evaluate these methods through both traditional and newly proposed tokenization

quality metrics including corpus token count, fertility, compression, and entropy. This analysis

establishes a framework for understanding trade-offs between efficiency and robustness in tok-

enization optimization.

７.１.２. Conclusion
This research demonstrates that significant improvements in both the robustness and efficiency

of Korean language processing are achievable through careful consideration of writing system

characteristics and vocabulary allocation strategies. The findings reveal that current limitations in

processing character-diverse languages are not fundamental constraints but rather addressable

challenges through improved tokenization approaches.

Through the OOVmitigation strategy, I achieved substantial improvements in model robustness

acrossmultiple domains. The combinationwith continued pre-training led to significant reductions

in OOV rates across various tasks and domains. These improvements in OOV handling directly

translate to enhancedmodel performance, with statistically significant gains in downstream tasks.

The Jamo Pair Encoding method achieves remarkable reductions in vocabulary requirements

while maintaining complete coverage of the Korean writing system. This dramatic improvement in

vocabulary efficiency frees up substantial vocabulary capacity that can be allocated to meaningful

subwords rather than complete characters. The automaton variant further enhances efficiency by

improving surface length efficiency compared to baseline approaches while maintaining the same
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vocabulary budget.

The effectiveness of both approaches—OOVmitigation and Jamo Pair Encoding—demonstrates

that improvements in robustness and efficiency neednot bemutually exclusive. TheOOVmitigation

strategy proves particularly effective for greedy merging tokenizers like WordPiece, while still

offering benefits for non-greedymethods through UNK token diversification. Meanwhile, Jamo Pair

Encoding’s guaranteed round-trip consistency ensures that efficiency gains do not compromise

information preservation.

These findings have significant implications for multilingual language model development.

This work has shown that targeted interventions in tokenization strategies can substantially im-

prove model performance without requiring extensive computational resources for retraining. The

improvements in both OOV rates and vocabulary requirements establish a new benchmark for

efficient processing of character-diverse languages.

Looking ahead, these contributions open several promising directions for future research. The

success of the sub-character approach for Korean suggests potential applications to other writing

systems, particularly those with composable characters. The vocabulary optimization strategies

may inform the development of more efficient multilingual models, while the evaluation metrics

provide a framework for assessing future improvements in tokenization methods. Most impor-

tantly, this thesis demonstrates that the seemingly competing goals of tokenization robustness

and efficiency can be simultaneously improved through principled approaches to writing system

analysis and vocabulary management.
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