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Abstract

Tokenization is a natural language processing (NLP) preprocessing technique that involves breakingdown a text
into individual tokens, often words or subwords. It has been the subject of extensive research in recent years,
leading to the creation of numerous innovative methods and tools. The state of the art in NLP tokenization
approaches is thoroughly reviewed in this study. We start by outlining the various tokenization techniques, including
word, subword, and character-level tokenization. The benefits and drawbacks of various tokenization strategies,
including rule-based, statistical, and neural network-based techniques, are then covered. The performance of
various tokenization techniques and libraries is then compared.We also look at current developments in tokenization
research,such as the use of unsupervised techniques and contextual data. Finally, we list many challenges in
tokenization. We wrap up by examining prospective possibilities for tokenization research in the future and their
effects on the larger discipline of NLP.
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Introduction

Natural language processing (NLP) has gained prominence in recent years with applications in fields like text
categorization [1,2,3], sentiment analysis [4,5,6], machine translation [7,8], and information extraction [9,10]. Huge
applications have been seen in recent times with the introduction of the transformer neural network architecture
[11].

Akeystepin  NaturalLanguageProcessing(NLP)istokenization[12],thisprocessisa keycomponentof NLP and is
essential to many NLP applications [12].

Sentence:

Tokens:

Figure 1: Tokenization

Fundamentally, tokenization is as simple as breaking a text into multiple chunks for further processing as seen in
figure 1, but practically it is a difficult process because it necessitates an understanding of the linguistic structure of
the text being processed [12]. There have been severaltokenizers proposedoverthe years, each havingits strengths
and weaknesses. Traditionalrule-basedtokenizers have along historyand can sometimes be effective since they use
manually written rules. Their inability to handle complex linguistic phenomena, like idiomatic expressions and
compound words, led to the development of statistical and neural network-based tokenizers, whose popularity has
significantly increased in recent years due to their capacity to handle a wide range of linguistic structures and
nuances.

Word tokenizers, subword tokenizers, and character-level tokenizers are a few of the several kinds of tokenizers.
While subword tokenizers break down words into smaller parts like prefixes and suffixes, word tokenizers try to
divide a text into words. Individual characters are separated from a text by character-level tokenizers. The choice of
tokenizer depends on the particular task and the features of the text being processed. Each form of tokenizer has
benefits and drawbacks of its own.
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1. Rule-BasedTokenizers

Traditionally,text was divided intotokens usingrules that aremanually created.Thismethodis known as rule-based
tokenization. These guidelines, which are frequently based on heuristics like punctuation and whitespace, are made
to deal with linguistic problems like compound words and abbreviations.

Rule-based tokenizers can handle enormous amounts of text data since they are typically straightforward and quick.
They are also very adaptable because new rules can be added or updated to enhance their functionality for certain
scenarios. But they do have some restrictions. First of all, they have trouble handling nuanced and complicated
linguistic ~ structures  like  idiomatic ~ expressions and  nested  structures.  Secondly,theyrely
ontheexistenceofacompletesetofrules,whichcanbechallenging.Finally,noisyor sloppy text data may be difficult for
rule-based tokenizers to manage.

Despite these challenges, they are still used in real-world projects and have been effectively deployed in numerous
NLP applications. The Penn Treebank Tokenizer [13], the NLTK Tokenizer [14], and the Stanford Tokenizer [15]
are a few popular rule-based tokenizers that are reviewed in this paper.

Sentence:

Rule: Tokenize on white spaces

Tokens:

Rule: Tokenize on white spaces and Punctuation

Tokens:

Figure2:Rule-BasedTokenizer

Rule-based tokenizers have the benefit of being transparent since the rules are clear and concise, also it works very
well with datasetsthat require a specific form of customizationlike tweets. Furthermore,rule- based tokenizers are
frequently language-specific, making them more useful for dealing with languages that have certain properties.

However, they are typically not highly resistant to linguistic and textual variances. For instance, they could find it
difficult to process text data that is loud, contains errors, or is written in a language otherthan the one for which they
were intended. Furthermore, they might not be able to handle text material that comprises uncommon or uncommon
linguistic structures.

Although rule-based tokenizers have been used widely in the past and are being used today, statistical or neural
network-based tokenizers are more used today because they can handle a larger range of linguistic phenomena and
are more adaptable to various text kinds and languages. However, rule-based tokenizers could still be helpful in
some circumstances and might be a good choice for researchers and practitioners who have specific requirements or
limitations for their NLP applications.

In the next section, we will discuss statistical tokenizers, which represent an alternative approach to tokenization that
relies on statistical models to segment text into tokens.

1.1Examples ofrule-based tokenizers
Someexamplesofpopularrule-basedtokenizers include:

1. Penn Treebank Tokenizer [13]: This tokenizer was developed as part of the Penn Treebank project,
which was a large-scale annotated corpus of English text. The Penn Treebank Tokenizer uses a set ofrules to
segment text into tokens based on whitespace, punctuation, and other heuristics.

2. NLTK Tokenizer [14]: The Natural Language Toolkit (NLTK) is a popular Python library for NLP,
and it includes a rule-based tokenizer that is highly customizable. The NLTK tokenizer includes rules for
handling common linguistic phenomena, such as contractions, abbreviations, and hyphenated words. NLTK has
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three different rule-based tokenization algorithms as TweetTokenizer for Twitter Tweets, MWET for Multi-
word tokenization, along with TreeBankTokenizer for the English Language rules. Rule-based Tokenization
helps perform the tokenization based on the best possible conditions for the nature of the textual data.

3. Stanford Tokenizer [15]: The Stanford Tokenizer is another popular rule-based tokenizer that is part
of the StanfordCoreNLPsuite oftools. Thetokenizerusesa setofrulestosegment text into tokensbased on
whitespace, punctuation, and other heuristics. It also includes rules for handling specific linguistic structures,
such as email addresses and URLSs.

4. OpenNLP Tokenizer: OpenNLP is an open-source library for NLP that includes a rule-based
tokenizer. The OpenNLP Tokenizer uses a set of rules to segment text into tokens based on whitespace,
punctuation, and other heuristics. It is highly customizable, allowing users to add or modify rules to improve its
performance for specific use cases.

These are just a fewexamples of themany rule-based tokenizers that have been developed over the years. While
these tokenizers can be effective in certain circumstances, they are generally less popular than statistical or neural
network-based tokenizers, which can handle a wider range of linguistic phenomena and are more adaptable to
different text types and languages.

2. Statistical Tokenizers

In contrast to rule-based tokenization [13,14,15], statistical tokenization employs machine learning algorithms to
automatically identify patterns in text input and divide it into tokens. Statistic tokenization may learn from the data
and adjust to differences in language and text type, unlike rule-based tokenization, which uses a predetermined set of
rules to split text.

Maximum entropy modeling is one popular statistical tokenization method[16].A corpus of news articles or
social media posts can be used to train maximum entropy models, which are probabilistic. The training procedure
aims to discover a collection of parameters that minimizes the model's complexity while increasing the likelihood of
the observed data.

A maximum entropy model [16] can be used to forecast the likelihood of various token boundaries in fresh
text data once it has been trained. Using the context surrounding each prospective token boundary— for example,
the characters before and after it—this prediction method determines which border has the highest probability before
choosing it.

Conditional random fields are another statistical tokenization method (CRFs) [17]. A particular class of
graphical model called a CRF [17] can be trained on labeled text data to discover patterns in the data and divide it
into tokens. CRFs are probabilistic models [17], similar to maximum entropy models [16], that can adjust to changes
in language and text type and learn from the data.

One benefit of statistical tokenization over rule-based tokenization is that it may be more resilient to
fluctuations in language and text type. Statistical tokenizers are more versatile and adaptive to a wide range of NLP
tasks because they can recognize patterns in the data and adjust to changes in language and text type.

Statistical tokenizers, however, can also require more computation than rule-based tokenizers, especially
during the training stage. Additionally, because it can be challenging to comprehend why a specific tokenization was
created, they may be more opaque than rule-based tokenizers.

2.1 Advantages and limitations of statistical tokenizers

Advantages:
1. Adaptability: Statistical tokenizers [14,15,20] are more versatile than rule-based tokenizers because
they can adjust to various languages, text kinds, and writing styles. Statistical tokenizers [14,15,20] can
automatically adapt to text variations and continuously improve their effectiveness by identifying trendsin the
data.

2. Accuracy: When statistical tokenizers are trained on a lot of labeled data, they can reach high
levelsof accuracy in tokenization. This precision can be very helpful in NLP applications like sentimentanalysis
or named entity recognition that call for precise tokenization [21].

3. Robustness: Statisticaltokenizersarecapableof handlingavariety oflanguage phenomena[22],such as
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contractions, abbreviations, and unidentified terms, which might be difficult for rule-based tokenizers.
Statistical tokenizers may be better suited for processing text data in the actual world due to their robustness.

Limitations:

1. Statistical tokenizers need a lot of labeled training data to function properly [23]. For languages
ortext typeswithout substantialannotatedcorpora,thismaybe a limitingfactor.Statistical tokenizersmight not be
able to learn the patterns required for precise tokenization without enough training data [23].

2. Computer complexity: Statistical tokenizers might need a lot of computing, especially during the
training stage [24,25]. They may be less appropriate for usage in real-time applications or on machines with
little processing power as a result.

3. Interpretability: Rule-based tokenizers, which rely on explicit rules that are simple to inspect and
comprehend, are more readable than statistical tokenizers [26], which can be harder to grasp. It can be
challenging to comprehend why certain tokenization was created because the inner workings of statistical
tokenizers can be more opaque.

2.2 Examples of statistical tokenizers

Here are some examples of statistical tokenizers:

1. NLTKTokenizer[14]:NLTK(Natural Language Toolkit)is a popular Python library for NLP, which
includes a statistical tokenizer based on the Punkt algorithm. The Punkt algorithm uses unsupervised machine
learning to learn patterns in text and automatically segment them into tokens.

2. Stanford Tokenizer [15]: The Stanford Tokenizer is another popular statistical tokenizer that uses a
maximum entropy model to segment text into tokens. It is part of the Stanford CoreNLP suite, which includes a
wide range of NLP tools and models.

3. Spacy Tokenizer: Spacy is a Python library for NLP that includes a statistical tokenizer based on a
convolutional neural network (CNN) architecture. The Spacy tokenizer is optimized for speed and accuracy and
can handle a wide range of text types and languages [18].

4. OpenNLPTokenizer:OpenNLPisaJava-based NLPlibrary that includes a statistical tokenizer based on
maximum entropy modeling [19]. The OpenNLP tokenizer can be trained on custom data and used to segment
text in a wide range of languages.

5. Apache Lucene Tokenizer [20]: The Apache Lucene Tokenizer is a statistical tokenizer that is part of
the Apache Lucene search engine library. It uses a maximum entropy model to segment text into tokens and can
be used for a wide range of NLP and search applications.

It's often crucial to assess a statistical tokenizer's performance on new data after it has been trained. A
tokenizer's precision, recall, and F1 score are the three metrics that are most frequently used to assess it [27]. F1
score is the harmonic mean of precision and recall [28]. Precision measures the proportion of properly recognized
tokens out of all identified tokens, recall is the proportion of correctly identified tokens out of all actual tokens.

A test set of annotated text is usually used to assess a statistical tokenizer. The test set is divided into two
sections: a training set for the tokenizer and a development set for optimizing themodel and choosing the optimum
parameters. When the model is trained

Other measures, such as accuracy, coverage, and speed, can be used to assess a tokenizer in addition to
precision, recall, and F1 score [29,30]. While coverage represents the percentage of tokens that were properly
identified out of all potential tokens, accuracy reflects the overall accuracy of the tokenization. For real-time
applications, speed can be very crucial.

The Penn Treebank [13] and the CoNLL datasets [31,32,33,34,35] are two examples of benchmark datasets that
can be used to assess tokenizers. These datasets are frequently used in NLP research [36,37] and offer a uniform
approach to assessing the effectiveness of various tokenization models.

3 Neural Network-Based Tokenizers
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A new method for text segmentation in NLP called neural network-based tokenization makes use of machine
learning models, particularly neural networks, to recognize and divide the text into tokens. This method is distinct
from statistical [14,15,20]and rule-based approaches [13,14,15] that utilize explicit rules or models to pinpoint word
boundaries.

To learn the patterns and structures that define tokens, a model is trained using a huge corpus of text data in
the neural network-based approach to tokenization. To accurately segment fresh text into tokens without the need
for explicit rules, the model must first be trained using a significant quantity of training data and processing
resources.

The capacity of neural network-based tokenization to handle changes and departures from conventional
tokenization rules is one ofits advantages. The modelcan learn to recognize and segment words that may
haveirregularspellingsormorphologicalvariants becauseit wastrainedonsuchabigcorpusoftextdata. It is crucial for
languages with complex morphology to be able to accommodate such variances.

The most well-liked neural network-based tokenization method is SentencePiece [38]. SentencePiece is a
library that offers a multilingual and multiscript general-purpose unsupervised text tokenizer and detokenizer.

Despite being a promising method for text segmentation in NLP, neural network-based tokenization has
significant drawbacks and difficulties that need to be resolved. The need for a lot of training data and computer
power to train the models is one of the main difficulties. A risk of overfitting exists as well when the model
performs well on training data but poorly on fresh, untested data.

Despite these difficulties, the creation of tokenization models based on neural networks has the potential to
greatly enhance the precision and resilience of text segmentation in NLP. Researchers may contributeto the
advancement of NLP and open up a larger range of applications by continuing to create and improve these models.

3.1 Advantages and limitations of neural network-based tokenizers

When selecting the best tokenizer for an NLPassignment, it's crucial to take intoaccount the benefits and limits of
neural network-based tokenizers.

Advantages:

1. Increased accuracy: In many NLP tasks, neural network-based tokenizers have been demonstrated to
be more accurate than rule-based or statistical tokenizers [39]. This is so that the models can learn to recognize
intricate structures and patterns that can be challenging to express explicitly.

2. Robustness to variations: Tokenizers based on neural networks are capable of handling changes and
deviations from the norm. This is crucial for languages with intricate morphology and inconsistent spelling.

3. Flexibility: Neural network-based tokenizers can be trained on any form of text data, including news
articles, scientific journals, and social media postings.

4, Neural network-based tokenizers can be customized to function in a variety of languages and
industries. They may be trained on various datasets, which enables them to learn to adapt to various domains
and capture language-specific properties.

Limitations:
1. The complexity of computation: Neural network-based tokenizers can be computationally expensive
to train since they need a lot of training data and computing power.
2. Overfitting:Neural network-based tokenizers may perform poorly on new, unforeseen data if they
have overfitted to the training data.
3. Lack of transparency:Because it can be challenging to understand how a modelgenerates predictions,
neural network-based tokenizers are frequently referred to as "black boxes."
4. Limited interpretability:Because neural network-based tokenizers don't offer explicit rules or

heuristics for text segmentation, it might be challenging to understand their outputs.

To determine the effectiveness of neural network-based tokenizers for various NLP tasks, it is critical to assess
their performance.The evaluation of tokenizers built using neural networks may also be influenced by factors other
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than the regular metrics like Precision, Recall, Accuracy,etc.The quantity and caliber of the training data are two
factors. While poor-quality training data can lead to overfitting and poor performance on new data, large and diverse
training data can enhance the performance of neural network-based tokenizers.
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The selection of hyperparameters, including the learning rate, batch size, and number of layers in the model, is
another aspect. These hyperparameters must be tweaked properly for each NLP task because they have a major
impact on the model's performance.

Researchers frequently employ benchmark datasets and accepted assessment frameworks, such as the CoNLL-
2000 and CoNLL-2002 shared tasks, which offer accepted test sets and accepted evaluation criteria, to assess neural
network-based tokenizers. To assess the relative efficiency of severaltokenization techniques, including rule-based
and statistical tokenizers, researchers frequently compare the performance of neural network-based tokenizers to
those methods.

4 Types of Tokenizers

There are various forms oftokenization, each with unique benefits and restrictions. Themost widely used and
accepted ones such as character-level tokenizers, word-level tokenizers, sub-word-level tokenizers as well as
Syllable-based and hybrid tokenizers will be reviewed in this paper.

a. Character-level tokenization

Tokenizingtextatthecharacterlevel,orcharacter-leveltokenization,involvestreatingeachcharacterasa separate
token. Character-level tokenization occurs at the most fundamental level of text analysis, in contrast to word and
subword tokenization, which separates text into discrete pieces based on semantic significance.

Tokens:

Character-level tokenization has the advantage of being able to handle uncommon and out-of-vocabulary
words (OOV), which are sometimes problematic in word-based techniques. The reason for this is that character-
level tokenization, as opposed to just relying on pre-defined word embeddings, can break down words into their
component pieces, enabling the model to learn patterns and correlations between specific characters.

In situations when words are not clearly defined or separated, such as in Chinese or Japanese language, which
is written without spaces between words, character-level tokenization can be helpful.

Character-level tokenization does have some disadvantages, though. It may be unable to understand the
semantics of lengthier phrases or sentences because it only works at the character level and may have trouble
understanding languages with complicated morphology.

Character-level tokenization has been effectively applied in several NLP applications recently, including
sentiment analysis, machine translation, and text categorization. For instance, it has been demonstrated that
character-level models are successful in predicting the sentiment of brief text communications, such as tweets or text
messages, when conventional word-based models may fail because of the context's brevity.

Character-level tokenization is a helpful NLP technique that can aid in overcoming issues with conventional
word-based  techniques.  Character-level  tokenization can enhance the performance of NLP
modelsbytreatingeachcharacterasaseparatetoken,especiallyinsituationswhenwordsarenotclearly
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defined or separated. However, it's crucial to be aware of the character-level tokenization's restrictionsand to select
the best tokenization technique based on the particulars of the task at hand.

b. Wordtokenization

With this kind of tokenization,a text is broken up into individual words, frequently separated by spaces or
punctuation. Many NLP applications, including sentiment analysis [1,23], text categorization [4,5,6], and language
modeling, make use of word-based tokenization. Word-based tokenization's simplicity and ease of use are two of its
key benefits. This strategy, nevertheless, may have limitations in languages like Chinese or Japanese where
punctuation marks or spaces are not used to divide words.

There are various techniques for word tokenization, from straightforward heuristics to more intricate machine-
learning algorithms. Splitting the text on whitespace characters, such as spaces and tabs, is one of the simplest and
most popular techniques. For many languages, including English, where words are generally separated by spaces,
this strategy works effectively. However, it may be less effective for languages like Chinese or Japanese where
words are not separated by whitespace.

Another popular method for word tokenization is regular expressions, which are patterns. Using regular
expressions, which are patterns that can match particular patterns of letters in a text, is another popular technique for
word tokenization. A regular expression, for instance, may match any string of characters except whitespace and
punctuation. Although it may be more efficient than simple whitespace-based tokenization, this method calls for a
deeper understanding of the language being processed and may be more challenging to put into practice.

Word tokenization can also be done using machine learning algorithms like conditional random fields and
support vector machines [40]. To predict the appropriate boundaries between words in a fresh text, these algorithms
learn from samples of successfully tokenized text. Tokenization techniques based on machine learning may be more
accurate than those that use rules, but they call for more training data and processing power.

Despite the various strategies for word tokenization, all techniques face many difficulties. Dealing with
circumstances when it is unclear whether two words should be regarded as distinct tokens or as a single compound
word poses one of the biggest hurdles. For instance, in English, "ice cream" might be regarded as either a single
compound word or two independent words. Managing instances of grammatical errors or non-standard language,
such as slang or misspelled words, in the text is another difficulty.

To sum up, word tokenization is a crucial step in many NLP applications, and there are a variety of techniques
for carrying it out. Researchers and practitioners in NLP can choose the optimal strategy for their particular
application and increase the accuracy and efficacy of their models by being aware of the benefits and drawbacks of
each approach.

c. Subwordtokenization

A sort of tokenization called subword tokenization breaks words down into simpler components like syllables
or character n-grams [38]. This strategy is especially helpful for morphologically complicated
languageswherewordscantakeonnumerousinflectionsandderivations.Subwordtokenizationcanhelp
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a model learn fewer unique words and increase the precision of NLP models by breaking words into smaller parts
[38].

Sentence:

Tokens:

For subword tokenization, there are many techniques, such as byte pair encoding (BPE), unigram language
modeling [41], and recurrent neural networks [42]. One of the most popular techniques for subword tokenization is
BPE, a form of data compression algorithm that functions by substituting a single token for the most frequent
pairings of bytes. Numerous NLP tasks, such as named entity identification, sentiment analysis, and machine
translation, have seen success when using BPE.

WordPiece[43] is a well-known subword tokenization method that can be used with numerous other NLP
models. To tokenize a given text into word pieces, WordPiece first pre-tokenizes the text into words by splitting on
punctuation and whitespaces. Another technique for subword tokenization is known as unigram language modeling,
which is based on teaching a language model to predict the next token given a sequence of tokens[43].The
likelihood of each component given the context is then utilized to segment words into smaller subunits using the
language model. It has been demonstrated that unigram language modeling works well for languages with
complicated morphology, including Finnish and Turkish.

The tokenization of subwords can also be done using recurrent neural networks (RNNs) [42]. In this method,
the subunits are concatenated to create the final word after the RNN is trained to predict the subsequent subunit
given the prior subunits. It has been demonstrated that RNN-based subword tokenization works well for languages
with complex morphology and can also be applied to languages with non-standard orthographies, like Chinese.

Subword tokenization is superior to word-based tokenization in many ways, including the ability to handle
languages with complicated morphology,the ability to minimize model vocabulary, and the ability to increase the
precision of NLP models. Subword tokenization does have some drawbacks, though, including a potential loss of
interpretability and a rise in computing complexity.

Subword tokenization is a crucial NLP approach that can enhance the efficacy and accuracy of models for
languages with complicated morphology. Understanding the various subword tokenization techniques allows NLP
researchers and practitioners to select the optimal strategy for their particular application and enhance the
performance of their models.

d. Syllable-based tokenization

Syllable-based tokenization is a technique for breaking down words into smaller parts based on their syllable
counts is called. In languages like Korean or Japanese, where words are made up of several syllables, this approach
is frequently employed. The accuracy of tasks involving natural language processing, such as speech recognition,
machine translation, and text-to-speech conversion, can be increased by using syllable-based tokenization.

Syllable-based tokenization involves breaking words into individual syllables and treating each one as a
separate token. For example, the word "telephone” would be broken down into two syllables, "tel" and "ephone™. In
some cases, a single syllable may be treated as a separate token, such as in the word "a".

One of the advantages of syllable-based tokenization is that it can improve the accuracy of natural language
processing tasks in languages where word boundaries are not clearly defined. By separating words into their
syllables, it becomes simpler to determine the meaning of the word because each syllable's meaning may be taken
into account separately. In languages where words might have numerous meanings depending on the context in
which they are used, syllable-based tokenization can also be helpful.

Syllable-based tokenization presents many difficulties. Choosing the proper syllable boundaries can be
difficult because various speakers may pronounce the same word differently. Additionally, since certain languages
do not use a syllable-based system for word construction, syllable-based tokenization may not be appropriate for all
languages.
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Syllable-based tokenization is still a crucial method in natural language processing despite these difficulties.
Syllable boundaries are still being precisely identified, and new approaches of incorporate syllable-based data into
tasks involving natural language processing are still being investigated.

e. Hybrid tokenization

Hybrid tokenization employs two or more of the methods listed above to enhance performance for a specific
NLP task. For example, a hybrid method might use character-based tokenization for some words or phrases that are
difficult to tokenize using a word-based technique alone before switching back to word-based tokenization for the
rest of the text. To better balance recall and precision, it integrates many tokenization algorithms. A rule-based
tokenizer and a statistical or neural network-based tokenizer are generally combined as part of the hybrid approach.

The hybrid approach's ability to handle the shortcomings of distinct tokenization techniques is one of its
benefits. For instance, statistical or neural network-based tokenizers may yield too many false positives or have
difficulty with unusual terms, whereas rule-based tokenizers may be overly basic and miss subtle nuances. Hybrid
tokenizers can produce a more accurate and thorough examination of text by combining these strategies.

In a hybrid approach, tokenization approaches can be combined in a variety of ways. The text can be cleaned
up and removed from noise using a rule-based tokenizer as a pre-processing step before beingsent to a statistical or
neural network-based tokenizer for additional analysis. A different strategy is to employ several tokenizers
concurrently and combine the outputs to produce a final set of tokens.

Machine translation, named entity recognition, sentiment analysis, and other applications have all used hybrid
tokenization. However, creating a hybrid tokenizer that works well can be difficult because it necessitates carefully
weighing the advantages and disadvantages of various tokenization methods and how they can be integrated.

f.  Comparison of different tokenization types

This section of the paper will compare the different types of tokenization that we have discussed so far: word,
subword, and character-level tokenization.

The most popular approach for NLP tasks is word tokenization, which has long been accepted as the norm. It
works well in a variety of settings and with many different languages. Word tokenization, however, has restrictions
when it comes to managing uncommon and out-of-vocabulary words, which might be problematic for some jobs and
languages.

The shortcomings of word tokenization have been effectively addressed by subword tokenization. Subword
tokenization can handle OOV terms and unusual words by dividing words into smaller units and can be used with a
larger variety of languages. For jobs like machine translation, where the model must handle many languages and
unidentified terms, subword tokenization is especially successful.

A more modern method that treats each character as a separate token is character-level tokenization. Itcan be
used with OOV words, uncommon terms, and languages like Chinese or Japanese that do not utilize spaces to
separate words. It might, however, have trouble capturing the semantics of lengthy expressions or sentences, and it
might not work well for languages with intricate morphology.

Word-level tokenization is typically the most effective in terms of computational efficiency because it
minimizes the size of the input sequence. Tokenization at the subword and character levels might lead to longer
sequences and demand more computing power.

The particular needs of the work at hand and the characteristics of the text data determine which tokenization
method should be used. Subword or character-level tokenization may be recommended for situations where OOV
words or uncommon  terms  provide a challenge. = Word-level  tokenization may  be
themostadvantageouschoiceforjobswhencomputingperformanceisaconsideration. Thefinaldecision on the
tokenization approach should be made after carefully weighing the trade-offs between accuracy, efficiency, and
other aspects pertinent to the particular task.

TokenizationType Accuracy | LanguageSupport Speed Simplicity
Character-level Low Supportsalllanguages Fast Simple
Word-level High Limitedlanguage support Slow Complex
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Subword-level Medium Supportsmostlanguages Medium | Complex
Syllable-based Medium Limitedlanguage support Medium | Simple
Hybrid High Supportsmostlanguages Fast Complex

Tablel:Generalized performance of tokenizers

g. Tradeoffs between the types of tokenizers

The various tokenization types all have their strengths and weakness, it is, therefore, important to understand
the tradeoffs involved when making a choice.

In terms of Accuracy, because word-level tokenization differentiates tokens based on real language, it offers
improved accuracy. Sub-word level tokenization also offers good accuracy. On the other hand, character-level
tokenization and syllable-based tokenization are less accurate since they divide words into individual characters or
syllables.word-level and sub-word-level tokenizers support a variety of languages. Character-level tokenization and
syllable-based tokenization are somehow more robust than the others because they don’t have language dependency
issues.

In terms of speed, character-level tokenization, is the fastest. Syllable-based tokenization divides words into
syllables according to language-specific norms, making it slower than character-level tokenization, but quicker than
word-level and sub-word-level tokenization. Tokenization at the word and sub-word levels are the slowest since it
involves complex language-specific processing.

In terms of simplicity, character-level tokenization is the most straightforward. The reason is that it doesn't
call for any linguistic expertise.Syllable-basedtokenizationisalsoratherstraightforwardbecause
ituseslinguisticnormstodividewordsintosyllables.Word-levelandsub-word-leveltokenizationare

more difficult since they need processing that is specific to the language and an understanding of linguistics.

Character-level tokenization often produces a wider vocabulary and can handle out-of-vocabulary words better than
other approaches, but because of the higher number of tokens involved, it can be slower and less accurate.

In terms of language support,Word-level tokenization is precise,although it can be language-specific and may
struggle with uncommon or uncommon words. Subword-level tokenization creates a balance between character and
word-level tokenization, leading to a smaller vocabulary that can accept words that aren't in the dictionary, but it can
also be slower and less accurate than word-level tokenization. Syllable- based tokenization is helpful for languages
that lack spaces between words or have complex spelling, although it can be slower and less precise than other
approaches. Hybrid tokenization can incorporate the benefits of many approaches, but it might be more difficult to
implement and might need more computing power. The task at hand, the language being utilized, and the data being
used ultimately determine which tokenization technique should be employed.

5 Tokenization Tools and Libraries

Various tools make tokenization easy and simple to implement. These are widely accepted in the NLP
community and have been used in a robust application

1. NLTK (Natural Language Toolkit) [14]: NLTK is a popular Python library for NLP tasks, including
tokenization. It provides several tokenization methods, including word tokenization, sentence tokenization, and
regular expression tokenization.

2. SpaCy: SpaCy is another popular Python library for NLP tasks, with a strong focus on efficiency and
usability. It provides high-quality tokenization for a wide range of languages, including subword tokenization,
which can handle OOV words and rare words.

3. StanfordCoreNLP[15]:StanfordCoreNLP is a Java-based toolkit that provides arange of NLPtools,
including tokenization, sentence segmentation, and part-of-speech tagging. It is widely used in research and
industry, particularly for tasks such as named entity recognition and sentiment analysis.

4, OpenNLP: OpenNLP is an Apache project that provides arange of NLPtools, including tokenization,
sentence segmentation, and part-of-speech tagging. It is designed for performance and can handle large datasets.
5. Gensim [44]: Gensim is a Python library for topic modeling and vector space modeling. It includes
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several tokenization methods, including word tokenization and regular expression tokenization.

6. TensorFlow [45]: TensorFlow is a popular deep learning framework that includes tokenization as a
pre-processing step in several of its NLP models, including the transformer-based models used for language
translation.

1. HuggingFace[46] Tokinizers: HuggingFace is a Python library that provides pre-trained models for a
wide range of NLP tasks, including tokenization. Its transformers module includes several pre-trained models,
such as BERT and GPT-2, that can perform tokenization as part of their processing pipeline.

8. Keras [47]: Keras is a high-level neural network library for Python that includes several pre-
processing tools, including tokenization. It provides several built-in tokenization methods, including word-level,
character-level, and subword-level tokenization.

9. NLTK Punkt [14]: The Punkt algorithm is a data-driven sentence segmentation algorithm included in
the NLTK library. It is based on unsupervised learning and can be trained on specific domainsto improve its
accuracy.

10. Moses: Moses is a statistical machine translation system that includes several pre-processing tools,
including tokenization. It provides several tokenization methods, including word-level and subword-level
tokenization, as well as tools for handling non-standard characters and symbols.

11. Stanford Word Segmenter: The Stanford Word Segmenter is a Java-based tool that provides several
tokenization methods, including word-level and subword-level tokenization. It can handle multiple languages,
and its output can be used as input for other NLP tools, such as part-of-speech taggers and named entity
recognizers.

When it comes to tokenization, there is no universally applicable approach. The most appropriate tokenizer will
vary depending on the particulars of the task at hand and the properties of the data being processed. The above
libraries provide a range of tokenization methods, from traditional rule-based methods to more modern neural
network-based methods. They are also multilingual and can generalize well with a lot of languages.

6 Recent Advances in Tokenization Research

Recent developments in tokenization research have concentrated on enhancing the precision and effectiveness of
tokenization as well as investigating novel tokenization strategies.

Enhancing tokenization's precision has been the subject of research, especially for languages withintricate scripts
and morphologies. Convolutional neural networks (CNNs) [48] and recurrent neural networks (RNNs) [42], for
instance, have been studied as deep learning models for tokenization. These models have been used to increasethe
precision of tokenization for English andother languages,and they have demonstrated promising results for
tokenizing languages with complex scripts, such as Arabic.

The effectiveness of tokenization has also been the subject of investigation. This involves accelerating
tokenization on multi-core systems or distributed computing environments by using parallel processing techniques,
as well as by creating quicker and more memory-efficient algorithms.

Recent studies have also investigated novel tokenization techniques, including simultaneous tokenization and
segmentation and unsupervised tokenization. Without the aid of pre-established rules or training data, unsupervised
tokenization involves learning token boundaries from unannotated text input. Combining tokenization and
segmentation into a single process, known as joint tokenization and segmentation, has produced promising results
for languages with intricate scripts and morphologies.

The integration of tokenization with other NLP tasks, like named entity recognition and part-of-speech tagging,
has also been studied recently. Recent developments in tokenization research have demonstrated encouraging
outcomes for enhancing the precision and effectiveness of tokenization as well as investigating novel tokenization
methods.

6.1 Future Impact of Tokenizerson NLP Systems and Applications
i. Contextual information in tokenization

To establish the boundaries of tokens in a text, contextual information in tokenization refers to the utilization of
nearby words or phrases. Since the emergence of deep learning models [42,45] that can incorporate contextual
information into their predictions, this method of tokenization has grown in popularity. Using a language model to
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anticipate the most likely token boundaries in a given text is a typical example of contextual information in
tokenization. Language models can be used to forecast the likelihood that a specific string of words or characters
will appear in a given context after being trained on a lot of text data. Language models can increase the accuracy of
tokenization by adding this contextual information, especially for languages with complicated scripts and
morphologies.

To help establish token boundaries, part-of-speech (POS) tagging [49] is another method of contextual
tokenization. POS tagging includes identifying the part of speech for each word in a text(e.g.,noun,verb, adjective).
The limits of multi-word expressions, such as compound nouns or phrasal verbs, can be determined using this
information since they might not be obvious based solely on surface-level characteristics.

Additionally, uncertain conditions in tokenization can be handled using contextual information. The apostrophe
can be used, for instance, in English to denote contractions like "don't" or possessive forms like "John's automobile."
Surface-level features alone may not always be sufficient to decide whether the interpretation is accurate. A
tokenizer can more precisely determine the right token boundaries by taking contextual information, such as the
surrounding words or the context of the sentence, into account.

ii. Unsupervised tokenization methods
Unsupervised tokenization approaches establish token boundaries without using labeled training data. These
techniques are especially helpful for languages or text types where there are few or no labeled data sources.

Unsupervised word segmentation, which involves determining word boundaries based on statistical patterns in
the text, is a well-liked unsupervised tokenization technique. Languages like Chinese [50] or Japanese, which have
few or no spaces between words, frequently employ this technique. Based on the frequency and distribution of a
character sequence in the text, unsupervised word segmentationalgorithms estimate the chance that a given character
sequence is a word.

Byte pair encoding (BPE), another unsupervised tokenization technique, works by repeatedly joining the most
frequent character pairs in a text to produce new tokens. BPE is frequently used in neural machine translation and
other sequence-to-sequence tasks because it may divide the text into smaller pieces thatare simpler for neural models
to process.

Unsupervised tokenization techniques can be quite successful, especially when labeled data is hard to get by or
in short supply. These approaches might not always be as precise as supervised approaches that use labeled training
data. To obtain high levels of accuracy, unsupervised approaches may also be more computationally demanding and
call for bigger amounts of text data.

In general, unsupervised tokenization techniques offer a helpful substitute for conventional supervised
techniques, especially for languages or text types for which there is a dearth of labeled data.Unsupervised
approaches are likely to play a bigger role in NLP research and applications as huge, unlabeled text corpora become
more widely available.

iii. Other recent advances

There have been many recent innovations in tokenization research in addition to the improvements in
supervised and unsupervised tokenization techniques. The adoption of neural network-based models for tokenization
is one noteworthy development. Since neural network-based models can learn intricate textual patterns and adapt to
many languages and text kinds, they can be quite effective for tokenization tasks. For Chinese word segmentation,
researchers have created neural network-based models that perform better than conventional rule-based and
statistical approaches.

The incorporation of contextual data into tokenization models is another recent development in tokenization
research. In complicated or confusing language, contextual information, such as nearby words or sentences, might
assist in determining the borders of tokens. Recent research, for instance, has looked at how contextual information
might be used in tokenization models for social media material, which can be quite casual and utilize uncommon
spellings and syntax.

The use of tokenization for tasks other than text processing, such as speech recognition and image captioning, has
also been gaining popularity. For instance, using tokens to describe visual concepts and spatial relationships,
researchers have looked into the potential of tokenization for automatically creating descriptions for photos. Recent

22082 ijariie.com 1885



Vol-9 Issue-1 2023 IJARIIE-ISSN(O)-2395-4396

developments in tokenization research have resulted in the creation ofnew techniques and tools that can analyze text
and other types of data more precisely and effectively. These developments are anticipated to become more crucial
in a variety of applications and domains as the field of NLP continues to expand and change.

7.Challenges in Tokenization

Although tokenization research has recently made strides, there are still many issues that need to be resolved before
the accuracy and efficiency of tokenization tools and techniques can be increased.

Handling words that are not often used in context (OOV) is one of the main issues in tokenization. OOV words are

words that are not part of a predefined lexicon or dictionary. Because they may be misspelledor have several
potential tokenizations, OOV words can be particularly challenging to manage during tokenization. Incorporating
techniques from unsupervised or semi-supervised learning can help tokenization models adjust to new words and
text kinds, which is one way to deal with this problem.

Handling text that incorporates non-standard or informal language, such as slang, abbreviations, or misspellings,
presents another issue. This is especially important in online platforms like social media where people may use
informal language to express themselves. Tokenization models must be able to manage differences in language and
spelling while still precisely recognizing and isolating individual tokens to meet this issue.

Making sure that tokenization models can handle multilingual material, which may include various writing systems,
grammatical structures, and tokenization conventions is another problem. Multiple writing systems and languages
can be handled by models created by researchers, however, these models can be complicated and require a lot of
training data.

Finally, a thorough examination of tokenization methods is required, especially concerning human annotators.
While there are many well-established measures for measuring tokenization accuracy, additional standardized
assessment datasets and processes are still required, along with more effective techniques for testing models on more
difficult or subtle tokenization tasks.

7.1 Noisy and informal text

Noisy and informal text is defined as writing that is more conversational or casual and may contain slang,
colloquialisms, abbreviations, and typos. Because it might not adhere to accepted grammatical standards or contain
words that aren't frequently found in official dictionaries, this kind of content might be extremely difficult to
tokenize.

Researchers have looked into a variety of tokenization techniques to manage noisy and informal writing.
Tokenizationmodelscanbemodifiedtofitaparticularlanguageortypeoftextusingunsupervisedor

semi-supervised learning techniques. To manage differences in spelling and word structure, character- level
tokenization or subword tokenization may be used.

Another strategy is to recognize and categorize tokens with the use of external knowledge sources, like
dictionaries or domain-specific lexicons. To improve its accuracy, a tokenizer for social media writing,for instance,
might employ a dictionary of widely used slang and acronyms.

The use of neural network-based models for processing noisy and informal text has also been investigated
recently. These models can gradually adjust to new words and text formats and learn to recognize patterns and
variances in language use.

Despite these developments, processing noisy and informal writings till presents difficulties. Misspellings and
spelling variations, for instance, might be particularly challenging to manage because they may differ from what is
found in conventional dictionaries or lexicons. Furthermore, the use of slang and informal language might change
significantly among situations and societies, making it challenging to provide a universally applicable solution.

Trade-offs between speed and accuracy

The trade-off between accuracy and speed is a crucial one in tokenization. More intricate tokenization techniques are
typically more accurate but also more computationally expensive, which can prolong processing times. Simpler
tokenization techniques, on the other hand, are frequently quicker, but they might not be able to handle specific text
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kinds or they might produce more mistakes.

Rule-based tokenization techniques are frequently the quickest since they use regular expressions or straightforward
heuristicc to identify tokens. These techniques might, however, have trouble understanding
morecomplicatedmaterial,such asthatwith erroneous grammar or peculiar abbreviations.

Since statistical and neural network-based approaches may learn to recognize patterns in the text and adjust to
changes inlanguage use,they are typically more accurate than rule-based approaches. However, because they
demand a lot of processing power to run and train, they may be substantially slower.

Utilizing a hybrid strategy that combines rule-based, statistical, and neural network-based methods is one way to
strike a compromise between speed and accuracy. For instance, a tokenizer might utilize a straightforward rule-
based approach for the majority of tokens but fall back on a trickier approach for tokens that it is unsure of.

Using pre-trained tokenization models is an alternative strategy that can be quicker while still producing high-
accuracy results than training a model from scratch. Pre-trained models can be enhanced to perform better on
particular text or language types.

The final decision on the tokenization approach will be made in light of the demands and limitations of a particular
application. A more complicated approach—even if it is slower—might be required for jobsthat call for high
accuracies, such as sentiment analysis or machine translation. On the other hand, even if it is less precise, a simpler
approach might be better suited for jobs that demand quick processing times, such as real-time chat apps.

7.2 Other challenges

In addition to the challenges of noisy and informal text and the trade-offs between speed and accuracy, there are
many other challenges in tokenization that researchers are currently working to address.

The problem of out-of-vocabulary (OOV) words is one of the main difficulties. OOV terms, which are words
that are absent from a tokenization model's training set, can be problematic for statistical andneural network-based
approaches  that rely on pre-defined vocabularies. OOV  words may be used with
neworuncommonwords,propernouns,ortechnicalterminology,amongothercircumstances. Theuse of character-level or
subword-level representations to enable the model to recognize partial matches or the expansion of the vocabulary
using external knowledge sources like dictionaries or encyclopedias aresome of the approaches being developed by
researchers to handle OOV terms.

The issue of multilingual and cross-lingual tokenization presents another difficulty. Because different
languages have varied tokenization rules and norms, tokenizing text in many languages or across linguistic barriers
can be challenging. Tokenization models that can accommodate various languages or even code-switching inside the
same text are currently being developed by researchers. These models often rely on a combination of statistical or
neural network-based models that can identify trends across languages and language-specific rules.

The difficulty of tokenizing text in particular fields or genres is the last. Scientific publications, social media
posts, and legal documents all have various tokenization norms and needs. To tackle the unique issues of each
domain, such as the use of technical terminology, abbreviations, or slang, researchers are striving to create domain-
specific tokenization models.

8. Future of NLP Tokenization Research

Tokenization is still a crucial and active research issue as the science of natural language processing develops. A
core NLP activity is tokenization, which is essential for many downstream applications including text
categorization, sentiment analysis, machine translation, and others.

To significantly increase the accuracy of the current tokenizers is one of the main research objectives in
tokenization. Tokenization methods need to be able to handle a variety of text data accurately due to the increasing
demand for more complicated and specialized text processing. To increase the accuracy of tokenization, recent
studies have investigated the use of deep learning models like transformers and unsupervised learning methods like
clustering algorithms.

The creation of tokenization methods that can handle multilingual text data is a significant field of research.
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Multilingual text processing is becoming more and more necessary, particularly for applications like machine
translation and cross-lingual information retrieval.

Additionally, tackling the difficulties of noisy and informal writing, such as posts on social media and user-
generated content, is another area of tokenization research. To do this, robust and flexible tokenization techniques
must be created, capable of handling slang, typos, and other non-standard forms of language.

In tokenization research, speed and accuracy trade-offs are other crucial factors. Tokenizers must be able to
processa lot oftext data quickly while still keeping highaccuracy standards. This necessitates creating efficient and
effective tokenization algorithms, frequently through investigating novel tokenization paradigms.

In general, NLP tokenization research will keep concentrating on enhancing the precision, effectiveness, and
flexibility of tokenization techniques to suit the requirements of various text processing applications. The creation of
novel methods and tools that can manage the complexity of contemporary text data and get around the difficulties
presented by the constantly changing linguistic environment will probably be required for this.

8.1 Potential directions for future research

As NLP continues to expand, there are still many areas that could benefit from further research on tokenization.
Here are some potential directions for future research:

1. Improving accuracy in noisy and informal text: As was already established, noisy and informal writing can
make accurate tokenization difficult. Future studies could concentrate on creating more reliable models that can
handle such language better, perhaps by adding additional information to the tokenization procedure.

2. Developing better subwordtokenization models: There is still a lot that can be done to make subword
tokenization even more effective at managing words that are not commonly used. Future studies could look into
improved methods for creating subword units that are better suitable for various languages or text types.

3. Exploring unsupervised and semi-supervised tokenization methods: New tokenization models thatcan learn
from unannotated or partially annotated data may be able to be created as unsupervised and semi-supervised
learning techniques continue to gain prominence.

4. Investigating the impact of tokenization on downstream tasks: There is still a lot to learn about how various
tokenization models can affect the performance of these tasks, even though tokenization is frequently viewed as a
preprocessing step for subsequent NLP tasks. Future studies might examine how various tokenization techniques
affect processes like machine translation, sentiment analysis, and question-answering.

5. Investigating tokenization for new types of data: There may be chances to create new tokenization models
thatcanbettermanagethesedatatypesasnewtypesofdata,suchasspeech,andmultimodal data, become available for NLP.

6. Investigating trade-offs between speed and accuracy: Tokenization models that can strike a compromise
between speed and accuracy may become more important as NLP's use in business applications continues to
increase. The development of models that can tokenize quickly without compromising accuracy could be the main
goal of future studies.

In conclusion, there are many potential areas for future research in NLP tokenization. As the field continues to
grow and evolve, we can expect to see continued advances in this important area of NLP research.

8.2 Implications for the broader field of NLP

Tokenization is a fundamental task in Natural Language Processing (NLP), a topic that has advanced significantly
in recent years. Tokenization's further development has ramifications for NLP as a whole.

The first is that NLP activities like part-of-speech tagging, parsing, and machine translation can all be directly
impacted by the accuracy of tokenization. Thus, more accurate tokenization will result in more precise and effective
NLP systems.

Second, there have been improvements in performance and new applications as a result of the growinguse of neural
network-based tokenization models. These developments have opened up new possibilities for raising the bar for
additional NLP jobs. For instance, a particular sort of neural network design called transformers has shown
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outstanding results in language modeling applications.

Thirdly, tokenization has been demonstrated to be a crucial element of Al that is understandable. The
development of tools that enable end-users to comprehend how the models generate decisions has become necessary
in response to the growing demand for more transparent and interpretable Al systems. Since tokenization is the
foundation of the majority of NLP models, researchers have been looking into how to include tokenization
information in the interpretability frameworks of these models.

Tokenization is still a crucial NLP activity that has a big impact on applications later on. Future breakthroughs
inNLP are likely to benefit greatly from the growing amount of researchand development in tokenization, including
recent developments in neural network-based models, unsupervised learning, and contextual information inclusion.

9. Conclusion

This thorough overview concludes by highlighting the important developments in tokenization research over the
past several years, such as the creation of more advanced models and methods for handling noisy and informal text.
The assessment also finds that while tokenization has many difficulties, it has a bright future ahead of it, and
academics may anticipate continuous advancements in accuracy and performance.

The paper also emphasizes the crucial function that tokenization serves in NLP, paving the way for
developments in fields like text classification, named entity identification, and sentiment analysis. As a result,
additional research in tokenization has the potential to completely change the NLP field by allowing the creation of
more precise and efficient models for a variety of applications.

This paper provides a comprehensive review of tokenization, identifies key challenges and restrictions, and
highlights new research opportunities, making it a very useful resource for NLP researchers.

Summaryofkeyfindings

The key findings of this comprehensive review of NLPtokenizers include:

1. Tokenization is a crucial NLP procedure that divides the text into useful chunks to facilitate subsequent
processing.

2. Over time, tokenization technigues have significantly advanced, moving from rule-based to statistical and
neural network-based models.

3. Word, subword, and character-level tokenization, for example,each has its benefits and restrictions.

4. To choose the best tool for their particular use case, researchers must compare the performance of popular
tokenization tools and libraries.

5. Contextual data,unsupervised techniques,and transfer learning are recent developments in tokenization research.
6. Noisy and informal writing, trade-offs between speed and accuracy, and a lack of standardization are all
difficulties with tokenization.

7. The field of tokenization research hasa bright future, and advances in machine learningmay pave the way for
more advanced tokenization techniques.

8. For NLP tasks like text classification, named entity recognition, and sentiment analysis, tokenization has
broader consequences.

This review provides insights into the world of tokenization research and its importance in enabling further advances
in NLP.

Contributions of the paper

This study significantly advances the field of NLP tokenization research in many ways. First, a thorough discussion
of several tokenization techniques, including rule-based, statistical, and neural network-based methods, is given in
the study. Additionally, this paper analyses the benefits and drawbacks of each of these approaches and provides
illustrations of well-known tokenization tools and libraries.

Second, this review emphasizes current developments in tokenization research, such as the application of
unsupervised techniques for handling noisy and informal writing and the utilization of contextual information. The
report also points out many significant issues and constraints in tokenization research, such as the need for more
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reliable approaches to deal with illegible and noisy text and the trade-offs between accuracy and speed.

Finally, this study offers insightful perspectives on the future of tokenization research by highlighting interesting
lines of inquiry and underlining tokenization's broader ramifications for the NLP communityas a whole. As a result,
this work is a useful tool for NLP researchers, providing a thorough reference for the most recent advancements and
trends in tokenization research.

Limitations and future work

Although the state-of-the-art tokenization methods are thoroughly reviewed in this study, there are still some
drawbacks and potential research areas.

The effectiveness of current tokenization approaches in noisy and informal language is one of their key drawbacks.
Although unsupervised and contextual-based approaches have made considerable strides in tackling this problem,
more study is required to increase the accuracy of these techniques.

As many of the existing techniques and tools are mostly targeted at English text, there is also a need to investigate
tokenization for various languages and language kinds. Future study in this field has great potential because
tokenization is a critical NLP step for handling text in various languages.

In real-time applications where speed is essential, it is necessary to investigate the trade-offs between speed and
accuracy in tokenization approaches. The most effective and reliable tokenization techniques for various types of
text data require further study.
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