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Abstract

For any deep learning language model, the initial tokens are prepared as a part of the text
preparation process, Tokenization. Important de facto models like BERT and GPT de facto
utilize WordPiece and Byte Pair Encoding (BPE) as approaches. Tokenization may have a
distinct impact on models for low-resource languages, such as the south Indian Dravidian
languages, where many words may be produced by adding prefixes and suffixes. In this
paper, four tokenizers are compared at various granularity levels, i.e., their outputs range
from the tiniest individual letters to words in their most basic form. Using the BERT
pretraining process on the Tamil text, these tokenizers as well as the language models are
trained. The model is then fine-tuned with numerous parameters adjusted for the improved
performance for a subsequent job in Tamil text categorization. The custom-built tokenizer for
Tamil text is created and trained with BPE, WordPiece Vocabulary, Unigram, and
WordLevel mechanisms and the compared results are presented after the downstream task of
Tamil text categorization is performed using the BERT algorithm.

Keywords: Tokenization, WordPiece, Byte Pair Encoding (BPE), Unigram, WordLevel, low
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1. Introduction

For deep language models, tokenization is an essential text preparation step.
Traditional word embeddings, such as word2vec often employ vocabularies made out of
words' surface forms [1]. Deep language models, on the other hand, employ more efficient
tokenization algorithms that separate the input text into smaller segments so that uncommon

words may still be evaluated. To better understand text semantics, language-based models
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can benefit from the tokens that represent fundamental semantic units. It is not unexpected
that a lot of scholarly work has researched in determining the optimum tokenization
technique for different NLP tasks. Deep language models have gained prominence by using
the development of masked language modeling based on Transformer architecture [2] to train
a multi-purpose understanding of the language with BERT [3] and its variations. The
downstream tasks, such as sentiment analysis and named entity recognition, may then be
performed by the language models using the previously learned information.

What are the right tokens to use is the main concern of the tokenization process?
There are many complex instances in English. Language-specific tokenization problems
exist. Therefore, it is necessary to be aware of the document's wording. Short character
subsequence can be used as features in classifiers to identify languages, and the majority of
low-resource languages have recognizable signature patterns. For low-resource languages
like Dravidian languages, where words might have prefixes and suffixes, the effects of
tokenization techniques can vary. Additionally, for low-resource languages like Tamil, the
effects of various tokenization techniques, such as token representation at various levels from

the character level to the word level, are not thoroughly investigated.

The vocabulary size is the total number of distinct tokens needed to train large
language models. The chosen tokenization technique would divide any evaluation data into
tokens following the taught vocabulary. So, there is a potential of encountering tokens that
are unfamiliar or out of the training vocabulary, which means that some of the tokens in the
assessment data could not be there. Since unknown tokens are translated to the same
encoding without semantic context, there is a risk that performance may suffer [4]. The
problems approached in the paper are to find the impact of different tokenization mechanisms

for Tamil text and various other tasks related to it.

2. Background

2.1 De Facto Tokenization Techniques

The most used tokenization method is WordLevel. It separates a text passage into
words using a delimiter. The delimiter that is most frequently used is space. It is also possible
to divide text using more than one delimiter, such as a space or a punctuation character.
Different word-level tokens are created depending on the delimiter. In the training data,

missing terms are quite likely to occur. Word tokens make it impossible for the model to
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recognize word variants that weren't the part of the training set of information. If the model
saw hand and ball in the dataset but saw handball in the final text, it won't be able to
recognize the word and it will be given a UNK> token [4].

Punctuation also presents a challenge. It would be inefficient to use distinct tokens for
the words let or let's. Having a broad vocabulary will be necessary to ensure that every
possible term variation has been considered. This is very common in English but it shouldn’t
affect the text of other languages without using much punctuation. The results can explain
whether this method will help in tokenizing Tamil text better. Employing Unicode character
sets to tokenize text, is helpful for languages where there are no gaps between words. For
languages without gaps between words, this tokenization technique is effective and can boost

the efficiency of machine translation systems [10].

Word-based tokenization commonly referred to as word tokenization or word
segmentation involves separating words of text. A wide vocabulary is required to cover all
potential word variations, such as various verb tenses or other spellings of a name, to
accomplish this accurately. This is crucial for commonly used or high-resource
languages that have a large number of irregular forms. Because it enables them to interpret
the meaning of the text, many major language models, like the transformers and their
variations, use this kind of tokenization. These models are extremely effective at tasks like
language translation and text generation because they are trained on enormous volumes of

text and use this data to better understand patterns in the language [2].

WordPiece [5] and Byte Pair Encoding (BPE) [6] are two current topics of interest in
language model pretraining research. Enhancing these subword tokenization techniques is the
topic of several notable works in the literature. BPE is determined to be less than ideal for
language pretraining since it uses the vocabulary space ineffectively [7]. It is discovered that
the inability to represent semantically significant relationships between words is hampered by
the vocabulary's frequency-based character combinations. Additionally, representations based
on tokenization using word occurrence statistics are dependent on frequency data rather than

meanings [8].

Using morphological rules, it is possible to determine words based on Tamil script
and to recognize words with inflected forms. A Hidden Markov Model is used to model the
order of words in a text, and word boundaries are identified based on the number of

incidences of words within the corpus [11].
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2.2 Tokenization for Low-Resource Languages

For the tokenized output, BERT always selects the longest in-vocabulary substring
from the left at each sub-word unit. Prefixed words are susceptible to bad tokenization, even
though this works pretty well for words where the root (or stem) is suffixed [7].

Table 1. Tokenization Method and Trained Tokens

Technique Trained tokens sample
'USSI600TIT, HEFFLIMET, 'SeUMEFLD', "WoMHmILD',
Wordpiece e, "##uurre.'m_', UM, 'g,'réJaaarﬂ 60T,
'CHTHMEHMS', 'BlTeorwl', #1&Hma
UGS, ', 600l 'EFFW, 'CTeor, 'FeU, 'FLh,
' 'WMHMILD', 'S LT L6, "L, "emenr, 'Um', 'S, 'GeiT
Unigram 'SRIGET, e, 'CHTHMSS', ', 'BlFevorulléH s,
.:-.."-I m!= |9]|
', 'S&l', 'eoor, 'TEF, "N meor’, 'SeUT&FLD’, oML,
BPE 'usﬂu'm',"uurrsm', '|__|g')aara‘h', '_g,rEJaasrﬂGéT'.
'CHTHMEMS', 'Bleooruil, SHma
'<UNK>', '&eUT&F D', 'lommiLD', '<UNK>', 'LIM &6,
Word level 'S EIseTler, 'CHTHMEMmS', '<UNK>'

The sample Tamil text is fed to the individual tokenizers which are already trained
with a new set of Tamil corpus and the resulting tokenized text is shown in Table I.
3. Experiments

The effectiveness of tokenization techniques for downstream tasks in Tamil text is
shown below with the comparison of tokenization techniques.

3.1 Comparison of Tokenization Techniques

Text classification, also known as text sequence classification, is the process of
grouping a collection of news items into a specified set of classifications. Internally
developed, specially designed Tamil text categorization datasets that are taken from
Wikipedia and tagged appropriately are employed. 2100 news occurrences are produced by

combining two datasets using two separate sources.
3.2 Tokenization's Effect on Language Models

How tokenizers that employ BERT perform on downstream Tamil tasks are evaluated

and shown in TABLE II. In this experiment, a fixed vocabulary size of 30k tokens is utilized
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to see how several tokenizers might function in the same environment and the results are

shown below.

C| TAMIL CORPUS

PREPROCESS THE TEXT

TOKENIZER

i 'ﬂ VOCABULARY [

'FHQIMTFLD, "IoMMILD', 'SUNK>', "LIMH &6,
'S erfl6oT, 'GE T H M &6 &'

(CLASSIFICATION)

[ DOWNSTREAM TASK }

Figure 1. Sequence in Pretraining the Model

Table 2. Fine-Tuning Config for Text Classification Task

Tokenization Technique (TE)iR(; Qgﬁc?cg’}[%n)
WordPiece 77
Unigram 80.4
BPE 81
WordLevel 72

3.3 Experimental Results

The key findings and solutions to the problem statement may be summed up as
follows. Language modeling frequently uses the mandated industry standards for tokenizers

WordPiece and BPE. In most of the reviewed tasks for Tamil, it is found that BPE
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statistically and substantially outperforms other tokenizers. In Tamil language modeling, the
top two tokenizers are BPE and Unigram. Although BPE performs better than WordPiece in
Text Classification, the difference between the two is not statistically significant as shown in

Figure 2.
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Figure 2. Accuracy graphs of Tokenizers Performance for Tamil Language using BERT

WordLevel tokenizers struggle since there are so many unidentified tokens.
Compared to BPE and WordPiece tokenizers, WordLevel tokenizers perform badly,
presumably as a result of inefficient use of the available vocabulary. The ability of the word-
continued level to achieve comparable results with other tokenizers may be explained by the
model's training with the Masked Language Modeling challenge, which develops its ability to

infer meaning even with a large number of unknown tokens.

4. Conclusion

An extensive analysis of the consequences of tokenization in Tamil, a low-resource
language has been provided in this paper with a few pre-trained deep language models. To
accomplish this job, a tokenizer is trained with the mBERT-base-uncased language model
using multiple tokenization strategies and varying vocabulary sizes. In future work, this

experiment might be extended to other low-resource languages such as Finnish, and
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Hungarian and include other tokenization algorithms such as SentencePiece to a relative

understanding of the impact of Tokenization [9].
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