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Abstract

Tokenization is crucial in NLP, influencing performance for morphologically rich, low resource languages like Tamil.
This study comprehensively analyzes WordPiece, SentencePiece, and Byte-Level Byte Pair Encoding (BBPE) for
Tamil text classification. We assess tokenization efficiency using metrics including token count, fragmentation, OOV
rate, and compression ratio. Additionally, we analyze downstream impact through Tamil news title classification
using a custom lightweight BERT based Transformer architecture. Tokenizers were pretrained on a 5.45 GB Tamil
Corpus and evaluated on a Kaggle Tamil News Dataset. Results indicate WordPiece and SentencePiece outperform
BBPE in efficiency and accuracy. While BBPE eliminates OOV words, excessive fragmentation hinders model
learning. Increasing vocabulary size improves WordPiece and SentencePiece but not BBPE. Misclassification
analysis highlights overfragmentation challenges. This study contributes to Tamil NLP by comparing tokenizers,
aiding researchers in selecting appropriate strategies for agglutinative languages.
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1. Introduction

Tokenization is a critical component of modern Nat-
ural Language Processing (NLP) systems, directly
affecting vocabulary efficiency, semantic represen-
tation, and downstream task performance in trans-
former based models (Devlin et al., 2019; Wolf
et al., 2020). Subword tokenization methods such
as WordPiece, Byte Pair Encoding (BPE), and Sen-
tencePiece have become standard in high resource
language settings (Wu et al., 2016; Sennrich et al.,
2016; Kudo and Richardson, 2018a). These ap-
proaches effectively mitigate large vocabulary sizes
and Out Of Vocabulary (OQV) issues while preserv-
ing compositional semantics.

However, their effectiveness in morphologically
rich and low resource languages remains insuffi-
ciently understood. Tamil, an agglutinative Dra-
vidian language, presents substantial challenges
due to its extensive inflectional morphology, com-
pound formation, and divergence between written
and spoken forms (Annamalai and Asher, 2002;
Thangarasu and Manavalan, 2013; Sarveswaran
et al., 2021). When subword tokenizers designed
primarily for English centric corpora are applied
directly to Tamil, they often produce excessive frag-
mentation or linguistically inconsistent segmenta-
tions, potentially degrading semantic coherence
and model performance.

Transformer architectures increasingly rely on
subword tokenization to control vocabulary growth
and improve generalization (Devlin et al., 2019; Liu
et al., 2019; Radford et al., 2019). Prior research
demonstrates that tokenization design can signif-
icantly impact representation quality and down-

stream performance (Bostrom and Durrett, 2020;
Rust et al., 2020). Nevertheless, systematic evalua-
tions across morphologically complex low resource
languages remain limited. Existing Tamil NLP ef-
forts largely emphasize preprocessing tools and
rule based segmentation pipelines rather than em-
pirical comparisons of modern subword tokeniza-
tion strategies (Singh and Shah, 2022). Conse-
quently, the relationship between tokenization gran-
ularity and downstream task performance in Tamil
has not been rigorously examined.

To address this gap, we performed a compar-
ative evaluation of three widely used subword to-
kenization methods: WordPiece, SentencePiece,
and BBPE. We assess both intrinsic tokenization
characteristics and extrinsic downstream perfor-
mance using Tamil news title classification with
custom lightweight BERT based Transformer archi-
tecture (Devlin et al., 2019). News headlines consti-
tute a suitable benchmark because they are short,
semantically dense, and require precise lexical seg-
mentation for accurate categorization (Veeramaniu,
2023).

This paper makes the following contributions:

» Assess and compare the tokenization effi-
ciency of BBPE, WordPiece, and Sentence-
Piece using various Tokenization Quality met-
rics.

« Investigate how effectively each tokenization
approach preserves semantic meaning in
Tamil text classification by analyzing the per-
formance of the model on a downstream task,
specifically news title classification.

Our findings highlight the importance of language
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aware tokenization design and contribute to improv-
ing multilingual language modeling for underrepre-
sented languages.

2. Related Work

2.1. Tokenization Strategies and
Efficiency

The choice of tokenization algorithm critically im-
pacts model performance, particularly in balanc-
ing semantic fidelity with computational efficiency.
Qarah and Alsanoosay (2024) conducted a com-
parative analysis of WordPiece (WP), Sentence-
Piece (SP), and Byte-Level BPE (BBPE) for Arabic
NLP tasks. Their findings indicate that SP achieves
stronger task performance by better modeling mor-
phological variation, albeit at increased computa-
tional cost. In contrast, BBPE offers faster training
and inference but suffers from semantic degrada-
tion due to excessive token fragmentation.

These trade-offs are further influenced by vocab-
ulary size. Hiraoka et al. (2020) show that larger
vocabularies improve representational capacity but
increase memory and computation overhead, while
Dagan et al. (2024) demonstrate that aggressive
compression can limit semantic expressiveness.
In low resource settings, where memory footprint
and inference latency are constrained, selecting
an appropriate tokenization strategy is therefore as
critical as model architecture design.

2.2. Tokenization in Morphologically
Rich Languages

For agglutinative and morphologically complex lan-
guages, subword tokenization has proven essential
(Kudo and Richardson, 2018b; Rust et al., 2021). In
Korean NLP, Park et al. (2020) demonstrate that a
hybrid approach combining morphological analysis
with subword segmentation (e.g., morpheme+BPE)
often outperforms pure subword or pure morpheme
tokenization across tasks including sentiment anal-
ysis.

Similarly, extensive research in Arabic NLP (An-
toun et al., 2020; Abdul-Mageed et al., 2020; Abde-
lali et al., 2021) confirms that subword tokenization
substantially improves performance across clas-
sification and sequence labeling tasks. However,
these studies focus primarily on Semitic or Altaic
language families.

Byte-level approaches, while language agnos-
tic, introduce challenges in morphologically dense
languages. Wei et al. (2021) show that byte-level
subword modeling can generalize across scripts,
but excessive fragmentation may obscure affixal
and morphemic information, which is crucial for

agglutinative languages such as those in the Dra-
vidian family.

2.3. Research Gap

Despite extensive research on Arabic and Korean,
there is a clear lack of systematic evaluations for
Tamil, a low-resource and agglutinative Dravidian
language. While foundational linguistic resources
and NLP tools exist, few studies explicitly isolate the
impact of tokenization strategies on both computa-
tional efficiency and downstream task performance.

Existing work often evaluates tokenization either
through intrinsic efficiency metrics or downstream
accuracy in isolation. This study addresses this
gap by providing a holistic evaluation of WP, SP,
and BBPE for Tamil, assessing intrinsic tokeniza-
tion quality (e.g., fragmentation, compression, and
vocabulary efficiency) alongside extrinsic perfor-
mance on a news classification task. By estab-
lishing a unified evaluation framework, this work
contributes toward more efficient and linguistically
informed language models for underrepresented
languages.

3. Background

This section introduces the core tokenization strate-
gies and model architectures that form the foun-
dation of this research. We briefly describe Word-
Piece, SentencePiece, and BBPE, followed by an
overview of BERT based transformer models used
for downstream evaluation.

3.1. WordPiece Tokenization

WordPiece is a subword tokenization algorithm orig-
inally proposed for neural machine translation and
later widely adopted in transformer-based language
models such as BERT (Wu et al., 2016; Devlin et al.,
2019). The algorithm constructs a fixed size vocab-
ulary by iteratively merging character sequences
that maximize the likelihood of the training corpus.
During tokenization, words are segmented into the
longest matching subword units available in the
learned vocabulary.

For example, the English sentence “/ was un-
comfortable” may be tokenized as: [I], [was],
[un], [##comfortable], where the prefix ##
indicates that the token is a continuation of a pre-
ceding word. This strategy allows WordPiece to
balance vocabulary coverage and semantic consis-
tency while efficiently representing rare or unseen
words through subword decomposition. The word-
piece tokenizer has been used in many prominent
language models such as BERT, DistillBERT,and
IndicBERT.
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3.2. SentencePiece Tokenization

SentencePiece is an unsupervised and language
independent subword tokenization framework that
learns segmentation directly from raw text without
requiring prior word level tokenization (Kudo and
Richardson, 2018a; Kudo, 2018). Unlike traditional
tokenizers that rely on whitespace splitting, Senten-
cePiece treats input as a continuous stream of Uni-
code characters and learns subword units based
on statistical properties of the training corpus.

For example, the English phrase “natural
language processing” may be segmented into:
[_naturall, [_language], [_process],
[ing], where the underscore symbol represents
a whitespace boundary. SentencePiece supports
both unigram language model tokenization and
BPE based segmentation, allowing flexible han-
dling of morphologically complex or multilingual
text. The SentencePiece tokenizer has been used
in many prominent language models such as
ALBERT, mT5, XLNet , and T5.

3.3. Byte-Level Byte Pair Encoding
(BBPE)

Byte-Level Byte Pair Encoding is a variant of the
traditional BPE algorithm that operates directly on
byte sequences rather than characters (Sennrich
et al., 2016; Wei et al., 2021). By constructing a
base vocabulary consisting of all possible byte val-
ues, BBPE guarantees complete text coverage and
eliminates out-of-vocabulary tokens. We acknowl-
edge that for languages like Tamil requiring multiple
bytes per Unicode character in UTF-8 encoding,
BBPE may introduce additional fragmentation com-
pared to character-level BPE. However, BBPE was
selected for this study for the following reasons:

1. Standardization in Modern Architectures:
BBPE has become the default tokenization
strategy in prominent transformer models such
as GPT-2, RoBERTa, and GPT-3, making it a
relevant baseline for contemporary NLP re-
search (Radford et al., 2019; Liu et al., 2019).

2. Cross-Lingual Comparability: BBPE pro-
vides a language-agnostic approach that en-
ables fair comparison across diverse scripts
without requiring language-specific prepro-
cessing (Wei et al., 2021).

3. OOV Elimination: The byte-level approach
guarantees 0% OQV rate, which is valuable for
low-resource settings where vocabulary cover-
age is critical.

3.4. BERT-based Transformer Models

Transformer-based language models rely on tok-
enized input sequences to learn contextual rep-

resentations through self-attention mechanisms
(Vaswani et al., 2017; Devlin et al., 2019). BERT
and its variants employ bidirectional attention to
capture contextual dependencies between tokens,
making tokenization a critical component influenc-
ing model efficiency, representation quality, and
downstream task performance.

Variants such as RoBERTa and ALBERT extend
the original BERT architecture through improved
training strategies and parameter efficiency (Liu
et al., 2019; Lan et al., 2020). Since these models
operate directly on token sequences, the choice of
tokenization strategy significantly affects sequence
length, semantic representation, and classification
performance, particularly in morphologically rich
languages.

4. Methodology

4.1.

The experimental implementation was developed in
Python, selected for its extensive ecosystem of ma-
chine learning libraries and strong community sup-
port. All experiments were executed on the High-
Performance Computing (HPC) cluster to accom-
modate the substantial computational demands of
model pretraining. The software environment was
configured on Ubuntu 22.04 LTS. PyTorch as the
primary deep learning frameworks for model devel-
opment across pretraining and fine tuning stages.
The Hugging Face ecosystem served as the cor-
nerstone for NLP operations: the Transformers
library provided model architectures (BertModel,
BertForSequenceClassification), training utilities
(Trainer, TrainingArguments), and tokenization (Au-
toTokenizer), while the Datasets library facilitated
efficient data loading and management. It is impor-
tant to note that

Software and Other Specifications

4.2. Model Pretraining

The objective of this study is to conduct a com-
parative analysis of three widely used subword to-
kenization strategies WordPiece, SentencePiece,
and BBPE as base tokenizers for Tamil language
models. The tokenizer pretraining was carried out
using the Tamil Corpus Praveen Govi (2020) ob-
tained from Kaggle.

The raw corpus underwent a preprocessing
phase in which metadata, emojis, and non-Tamil
scripts such as Hindi and Arabic were removed.
Punctuation marks, numerals, symbols, and em-
bedded English words were intentionally preserved
to retain realistic linguistic structure. After pre-
processing, the cleaned corpus size was approxi-
mately 5.45 GB.

The processed text corpus was loaded using
the Hugging Face datasets library into a dataset
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@ebs CUTLY&ET HLHS GL MG 1. 1896 -
QuifléssT 4. 1908 - evesoredr, AflLer 5. 1912 -
urflev, Ulymerev 8. 1928 -
eoTL 60T, @mSeuThHa 12. 1952 -
1964 - GLM&HGWT, KUILIMET 16. 1968 -
QTLIT 19. 1980 - OMGUGET, USSR 20. 1984 -
urgAGeumerm, evQuUUieT 23. 1996 -
Afev 26. 2008 - hm, Ferm 27. 2012 -
Uumesr 30. 2024 - umiflev, ymeirev 31. 2028 -

gagerev, Bifev 2. 1900 -
euBLM&Bammih, sefler 6. 1920 -
U IDEVLFLITD, QmTeuBHal 9. 1932 - U6V, JEF6E 10. 1936 -
amBeTH, eTeumha 13. 1956 -
QWEHBHT, QW&EMIGECHT 17. 1972 -
mev gerFevean, AGWfléasm 21. 1988 -
Sy emetorLm, AQWF&ST 24. 2000 -

CUETITL 60T, @MIBeuMHE 28. 2016 -
ITE gErFean, AQWIf&&T Music nes:

urflev, Wgmerev 3. 1904 - Qeuller surullev, 2
Syetorl Qeufly, QueEgwd 7. 1924 -
Quiedler, Qgjwesfl 11. 1948 - 6
GBUIMTeT, 2B CIellwm 14. 1968 - Grmd, @&HSTEN 15.
Wwefls, Ggfwef 18. 1976 - wmearliflwev, &
FBwmev, Qg er Qasmiflwm 22. 1992 -

Al eafl, 2auHBredlwm 25. 2004 - gOGeTEL,
flGwmr, YGrHev 29. 2020 - CLTHEHCWT, &

Qe ampaia HLEGmsELHNICUTET GOLUSHET aEHW 2 BGLUUY QaTETEr. SHIEMWITET ileEamas STHEGS
QeureTniley @BHS 19auWE @aTE@RD Qaas GHLUSS 2 mUaryasar WD STWneaLhs Curarmiser. @eofl
surrg,bsﬁlé)sms\: Qa'rrmrru'.r u.meu@fn Uemromsl GUTHBMMLD ereTm j]mmsﬂsb A58 QaudaTsHer RLBHHTIHET. HOWUINHS
BH5HeMs M&UNL STLMGEHLET 2600reooredr euuimley 5ITLU§)@§JFT® g,rmsmss msWlgud srdleun sTwsHCsTH HWLN 2 Ledley e
Maemens AsmsEmar gHHWw AWLLTEaa GHLUSHO FHME GOnNDHS STWSHCHTL 2CTTeHEHIWLTEE GeUaT @ IbeueT

WL B\ GTeT .

206uWIH Gumjrrsvﬂu.m@ 20 souS(‘Be\J mmﬂmnmmk\) sTwweLbs @OUdar B ammsu&sm Ahs GumsIh s Smedr
CrH68 LITEHHTHS SIS DML (PWaMSWD yFLU58 2009 G17, UTWL HaEH0 &L A @Emsmm 3
FUL&GL WCUTH STHHGHHAUAT. BleeNGET BleNaOHHUDMEE DTMHTE HMUBLTEH Geaaaib Geaar Curarm 2
wWigwmuiyn Guiflargib &ereysafen SIByTEHmIGET qumgmﬂL GsTHmLIBUTaTS sUParD. st CrT(h SLAWTs
WweTaflaumissTdllmha Qeuamear Qaars SRMESHHT HTHSEH CsTwr® CUTETTIEHET. Geouamear SHLULIL ML SSTTSHET.

Figure 1: Snapshot of the Tamil Corpus

containing a single column named text. To en-
sure a fair comparison across tokenizers, a con-
trolled experimental setup was adopted in which
the model architecture remained constant while
only the tokenization strategy differed. We trained
three subword tokenizers from scratch, initializing
their algorithm configurations based on standard
pretrained models:

WordPiece (WP): Configuration initialized from
bert-base-uncased.

Byte-Level BPE (BBPE): Configuration initial-
ized from roberta-base.
SentencePiece (SP): Configuration initialized

from albert-base-vl.

Note: These references indicate the tokenization
algorithm type only; no pretrained vocabulary or
weights were transferred.

For the language model, we employed a
custom lightweight Transformer architecture for all
three settings with 3 encoder layers, 3 attention
heads per layer, and a hidden layer size of 192
units,and the vocabulary size was set to 20,000.
Furthermore, we used the following configurations
for pretraining the models: masking 15% of the
input tokens, a maximum sequence length of 64, a
batch size of 64, and the ‘AdamW’ optimizer, with
a learning rate of 0.0001. In addition, a Word Level
tokenizer is pretrained and employed as a control
baseline to facilitate comparison with subword
based tokenization methods.

4.3. Finetuning for Downstream Task

For the training of Tamil news classification mod-
els, a structured procedure was followed to ensure
reproducibility. The process began by setting a
fixed seed value for consistency across runs. The
tokenizer and model were then loaded using the
pretrained weights. The tokenizer was utilized to
preprocess the dataset by truncating and padding
input sequences to 64 tokens.
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For the downstream classification task, we em-
ployed a BERT-based transformer architecture.
This choice aligns with recent comparative tok-
enization studies in morphologically rich languages,
such as (Qarah and Alsanoosay, 2024), which
standardized on BertForSequenceClassifi-
cation to isolate tokenization variables across
Arabic NLP tasks. While we acknowledge po-
tential architecture-tokenizer affinity (e.g., Word-
Piece being native to BERT), we conducted pre-
liminary validation using AlbertForSequence—
Classification and RobertaForSequence—
Classification models. These experiments
confirmed that the relative performance ranking of
tokenizers (WordPiece > SentencePiece > BBPE)
remains consistent across architectures, indicating
that the observed performance gaps are driven by
tokenization quality rather than model compatibil-
ity alone. Consequently, we report results using
the BERT architecture, which yielded the highest
overall accuracy among the three classifiers tested.

For evaluation, accuracy and F1-score were com-
puted. In addition, misclassified samples were
identified and logged for qualitative analysis. A
set of training arguments was configured, including
5 epochs, batch size 64, and learning rate 0.0001.
Mixed precision training (fp16) was enabled. The
training process was executed using the Hugging
Face Trainer API. The procedure was carried out 5
times setting different seeds to obtain an average
performance.

4.4. Dataset

The dataset used for the downstream task is ob-
tained from Kaggle Vijaya Bhaskar (2020) which is
a collection of Tamil news data collected from the
Tamilmurasu website. When observing the count
of news categories, which is in the news category
column in the dataset, a high class imbalance was
observed as shown in Figure 2. Since the predic-
tion of BERT models is affected by class imbalance
(Madabushi et al., 2019), the dataset needed to
be balanced. To achieve this, categories whose
counts were greater than 7000 were selected for



news_category Count

0 Su&TISEI0 406
1 @Bswm 16935
2 2 Qusld 7477
3 sevall 240
4 GOHOL 16290
5 Seflom(feonm) 9248
6 suilpsid 53333
7 SMVWmSILD 1535
8 Qzmley 68
9 LD([HSSI6uLD 544
10 LOFLOWm 66
1 LOMeULL LO&Fmeum 9079
12 aflemeTwm® 8230
13 Geuemeveumwiiy 1042

14 eVGLL ereufley 2253

Figure 2: Snapshot of the count of News Categories

the final dataset. Figure 3 shows the news cate-
gories and their distribution in the balanced dataset.
The dataset was split into 80% for training and
20% for testing. To maintain the same balanced
distribution in the train set, the stratify option of
train_test_split was used.

World Sports

India District News

Cinema
Crime

Tamil Nadu

Figure 3: Piechart for distribution of News Cate-
gories after balancing

The news titles column served as the input
source for both testing tokenization quality met-
rics and downstream classification tasks, where
instances are categorized into one of several pre-
defined categories. An example of the tokenization
of a text from the news titles using the pretrained
models is shown in figure 4.

4.5. Evaluation Metrics

To evaluate the performance of the tokenizers and
the downstream model, we employ the following
metrics.

4.5.1. Tokenization Metrics

Token Count per Sentence (TCS) This metric
computes the average number of tokens produced
per sentence after tokenization:

N
1
Avg. Token Count = — ;:ﬂ (1)

where N is the total number of sentences and T;
denotes the number of tokens in the i-th sentence.
A higher token count indicates frequent subword
splitting.

Subword Fragmentation Score (SFS) This
measures how often words are split into multiple
subwords:

No. of Subword Tokens
No. of Original Words

Frag. Score = (2)
A higher score reflects excessive word breaking,
which may negatively affect language understand-

ing.

Out-of-Vocabulary Rate (OOVR) The OOV rate
measures how frequently tokens are mapped to
the unknown token (<unk>):

No. of OOV Tokens
OOV Rate = Total No. of Tokens 3)

A lower OOV rate indicates better vocabulary cov-
erage.

Compression Ratio (CR) This evaluates how
efficiently the tokenizer represents the input text:

Original Seq. Length
Tokenized Seq. Length

Comp. Ratio = (4)

Here, lengths refer to word count and token count,
respectively. A higher ratio implies more efficient
tokenization.

4.5.2. Classification Metrics

Accuracy. Accuracy measures the proportion of
correctly classified samples:

TP+ TN

Accuracy =
Y= TPYTN+FP+FN

(5)

where TP, TN, FP,and F'N denote true positives,
true negatives, false positives, and false negatives.
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Original text :

'HTGAUTSHOL Q6T PHTmn Weflensd Gl GCLMafley LWRGT § : eh5 VLFD QUTHBLEET CFHWD’

There has been a fire accident at a grocery shop’s warehouse in
Kanchipuram : Rs. 5 lakhs worth of stock has been destroyed

Wordpiece :

['&M@R', '#UrsPe’, '@aim’, 'ADGTM’, 'Wer', '##des', 'GoL’, 'GL’,
e

‘##Goner, ‘##dev’, 'UWWGT', 'S,

#45', 'OULEFWL', 'QUIGLGET', 'GFHWL"]

SentencePiece :

'_ULEW', '_UJL&ET', '_&HW')

Byet-level BPE :

['_6@GEUISSN’, '_QTD’', '_BHHN', '_L6s’,
59

['30k', '30%', 'a0l', 'a{', '3a®]', 'a0;', 'a0a’,
aTg', 'GaORAONM', 'a®;', 'a®k', 'a®%', 'a®2', 'a‘l',
1Y, 'a%Q', 'ad:, 'a®2', '3y, '6a®0a030L', '3
300, 'atq', '6a0r’, 'acl', '30°, 'a7g', 'a0k’,

aTg, 'a0°a0n', 'at{', 'a0N', '3,

", 'a0kave', 'Gao’, 'atG', 'G:', '6a®’, 'a"A', 's’,
5y,

el _eLeT, ‘e,

_UWmETT, T, &, ', i, ', g, 'S,

"302%, 'aT{', 'Ga®1a®e’, 'a’{', '3%%’,
"Gaokaot', 'al', 'Gaok’, 'a’g’, 'a®t’, 'a
"6a®2a0t", 'a'{", '30]

62003031 '30:, 'a%k', ‘a1’

"30ka03', 'a4", '63®]', 'a°1', 'a%Ha®0', '3°1']

Figure 4: Snapshot of the example of the tokenization of a text

F1 Score. The F1 score is the harmonic mean
of precision and recall. To save space, we define

Precision (P) and Recall (R) inline: P = 775

and R = TPE—%' The F1 score is then:
2x PxR
Fro=Xtx2 6
P+ R (6)

This metric is particularly useful for evaluating per-
formance on imbalanced datasets.

5. Results and Discussion

Metric WP SP BBPE
TCS 11.332 10.353 45.503
SFS 1.529 1.381 6.115
OOVR 0.060 0.059 0.000
CR 5.330 5.835 1.328

Table 1: Tokenization Quality Metrics Results

From Table 1, Our comparative analysis demon-
strates clear distinctions among Byte-Level BPE
(BBPE), WordPiece (WP), and SentencePiece
(SP) across multiple evaluation metrics. BBPE
produces substantially more tokens per sentence
(45.503) relative to WordPiece (11.332) and
SentencePiece (10.353), reflecting its tendency to
decompose words into fine grained subword units.
This behavior is corroborated by the subword
fragmentation score, where BBPE registers
6.115 fragments per word, compared to 1.529
for WordPiece and 1.381 for SentencePiece.
The higher fragmentation in BBPE yields longer
input sequences, which can increase memory

consumption and slow both training and inference.

Compression ratio and token overlap metrics rein-
force these observations. BBPE attains the lowest
compression ratio (1.328), confirming that its tok-
enized output expands significantly relative to the
original text. In contrast, WordPiece (5.330) and
SentencePiece (5.835) achieve markedly higher
compression, indicating greater information density
per token.

Taken together, these results indicate that BBPE
prioritizes universal coverage at the expense of
sequence length, vocabulary diversity, and compu-
tational efficiency. WordPiece and SentencePiece
strike a more favorable balance for downstream
classification tasks, offering compact representa-
tions, manageable vocabulary sizes, and reason-
able out of vocabulary handling. For resource con-
strained settings or architectures sensitive to input
length, the latter two methods present a more prac-
tical choice without substantially sacrificing lexical
coverage.

Metrics Word WP SP BBPE
level

Accuracy 72.86%  75.55% 74.32% 56.88%

F1 Score 72.93%  75.58% 74.36% 54.64%

Table 2: Train set results classification with 20000
vocabulary
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Metrics Word WP SP BBPE
level

Accuracy 67.76% 72.42% 70.73% 50.66%

F1 Score 67.51% 72.34% 70.55% 48.97%

Table 3: Test set results classification with 20000
vocabulary

From the Table 2 and 3 results, it can be ob-
served that WordPiece tokenization consistently
yields the highest performance across both training
and test sets. It achieves 72.42% accuracy and
72.34% F1 score on the test set. SentencePiece
closely follows. The Word-Level baseline shows
modest performance, while Byte-Level BPE per-
forms significantly worse, especially on the test set
where it achieves only 50.66% accuracy, indicating
poor generalization.

The confusion matrix shown in Figures 5, 6, and
7 illustrates how each category is predicted by the
tokenizers in the test set. The description of the
numbers that represent each category is Cinema:
0, Crime: 1, District News: 2, India: 3, Sports: 4,
Tamil Nadu: 5, World: 6

Confusion Matrix for bert_wordpiece/ (Test Set)
° 1731 4 12 25 43 10 25 1600
1400
- 1 1650 147 57 5 100 30
1200

1000

1490 26 172 145
- 800

True label
Count

3
Predicted label
Figure 5: Confusion matrix for WordPiece

A qualitative error analysis was conducted on
both misclassified and correctly classified sam-
ples to comprehensively understand the relation-
ship between tokenization and classification perfor-
mance. For misclassified samples, errors primar-
ily stemmed from over-fragmentation and under-
fragmentation in WordPiece and SentencePiece,
particularly in the case of compound or morpho-
logically rich words. Additionally, both subword
methods occasionally segmented named entities
(such as city or person names), which, while not in-
herently problematic for classification, can degrade
model performance when such segments lose se-
mantic meaning. However, to ensure these pat-

Confusion Matrix for bert_senpiece/ (Test Set)

1600

1400

1200

True label

0 1 2

3
Predicted label

Figure 6: Confusion matrix for Sentencepiece

Confusion Matrix for bert_bbpe/ (Test Set)

° 20 98 82 215 35 2 1400
a- 28 175 125 19 136 3 1200

~- 104 437 725 189 32 321 8 1000

- 800
1085 148 336 7

<~ a27 22 60 125 983 23 6

True label
3
B
&
Count

©- 216 166 144 572 248 136 13

3
Predicted label

Figure 7: Confusion matrix for Byte-Level BPE

terns are indeed correlated with classification errors
rather than occurring universally, we also examined
correctly classified samples. Our analysis revealed
that properly classified instances generally exhib-
ited appropriate tokenization boundaries without ex-
cessive over-fragmentation or under-fragmentation.
This comparative analysis confirms that tokeniza-
tion quality directly influences downstream clas-
sification accuracy. Figures 8 and 9 illustrate the
over-fragmentation and under-fragmentation issues
observed in misclassified samples for WordPiece
and SentencePiece tokenization, respectively. In
contrast, Figures 10 and 11 demonstrate proper
tokenization with correct classification for Word-
Piece and SentencePiece, showing well-formed
token boundaries that preserve semantic mean-
ing. These patterns suggest tokenization errors
can propagate downstream and affect classification
accuracy, while appropriate tokenization supports
reliable model performance.

204



LOTHEUTLD UTLLIETITEnEmT Fmenev eflengelley Frepwliy WEFT S&H6Uev,2,5,[CLS] LOMG ##EUTLD LITEY ##L ##60TE06RT FMeneu allemrelleu
FIEOLD #HUL| IEOWEFT SH&euev [SEP] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD]

[PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD]

Lmeienar §56085HSSTT 6Tl LQMeeer,e,4,[CLS] Lmev ##Lam ##eno &858 ##0o[0\&S ##oMy 6T ##4) gMe ##eruer [SEP] [PAD] [PAD]
[PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD] [PAD]

Figure 8: WordPiece Segmentation in misclassification

Qearanaruies ASTLGWL FbLeD :
_Fueun _
<pad> <pad> <pad> <pad> <pad> <pad>

GBI 3 &TisET aflly @&68sT asaflanewr? weear 95),1,5,[CLS] _FaTarue _SLIW
T _G6T 0 LLEY _3 _BU66T _6JUU _F66 _HaT & W? _SSET _Ug [SEP] <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad>

Suwesle BleTm CUETTEnesT LIRTURISUBSHS WWHH!,2,6,[CLS] _HW 6U6v _BHEoTm _LIGTeT _eTU me ULSS _Lwme ! [SEP] <pad>
<pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad> <pad>

Figure 9: SentencePiece Segmentation in misclassification

In contrast, analyzing errors for BBPE proved
more complex. Unlike WordPiece and Sentence-
Piece, BBPE outputs encoded byte sequences,
which are not readily interpretable in human-
readable subwords. Decoding was necessary to
reconstruct the original input for meaningful analy-
sis.

To improve the accuracy of the tokenizers, partic-
ularly WordPiece and SentencePiece, which exhib-
ited tokenization issues, they were pretrained with
a larger vocabulary of 50,000. This adjustment is
focused to address fragmentation problems and
enhance their tokenization efficiency. Additionally,
BBPE was also pretrained with a 50,000 vocabulary
size to evaluate whether increasing the vocabulary
would lead to any significant changes in classifica-
tion performance. The results of the classification
task after pretraining each tokenizer with a 50,000
vocabulary size are presented in Table 4 and 5.

Metrics WP SP BBPE
Accuracy 76.19% 75.07% 56.30%
F1 Score 76.23% 75.10% 54.35%

Table 4: Train set results classification with 50000
vocabulary

Metrics WP SP BBPE
Accuracy 73.05% 71.69% 50.24%
F1 Score 72.96% 71.57% 47.35%

Table 5: Test set results classification with 50000
vocabulary

The results show a modest improvement for
both WordPiece and SentencePiece tokenizers

when the vocabulary size is increased. WordPiece
reached a peak training accuracy of 76.19% and
test accuracy of 73.05%, suggesting enhanced
learning and better generalization. SentencePiece
also showed slight improvements in both training
and test metrics. However, BBPE did not benefit
from the larger vocabulary. In fact, its performance
slightly declined in the training set and remained
almost unchanged in the test set, with only 50.24%
accuracy and 47.35% F1 score. An additional at-
tempt was made to improve BBPE’s performance
by applying a pre-tokenization strategy that first split
the input based on whitespace before feeding it to
the BBPE model. Despite this modification, there
was no significant improvement in its classification
metrics.

6. Conclusion

This study presents a systematic empirical evalu-
ation comparing tokenization strategies for Tamil
language modeling using both intrinsic (tokeniza-
tion quality) and extrinsic (news classification) as-
sessments. The findings reinforce that subword-
based tokenization, especially WordPiece (72.42%)
and SentencePiece (70.73%), can be effective for
Tamil in the Text Classification task and also main-
tain efficiency in tokenization. While BBPE excels
in eliminating OOV words, its over-fragmentation
hampers semantic modeling and Text Classification
downstream performance (50.66%). The practical
takeaway is that tokenizer choice significantly im-
pacts NLP outcomes and must balance efficiency,
semantic preservation, and model compatibility. By
understanding the strengths and weaknesses of
each tokenizer, future Tamil NLP applications can
be better equipped to handle the challenges of ag-
glutinative morphology and data scarcity.
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Figure 10: WordPiece Segmentation in correct classification
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Figure 11: SentencePiece Segmentation in correct classification

7. Limitations

This study faced several limitations, primarily stem-
ming from computational constraints, which con-
currently outline the trajectory for future research.
Specifically, a larger Tamil corpus for pretraining
was not utilized, suggesting that future work should
focus on leveraging extensive Tamil corpora to en-
hance representation learning. Furthermore, the
maximum sequence length was restricted to 64
tokens; subsequent research could benefit from in-
creasing this length to capture longer contextual de-
pendencies. Due to limited GPU resources, simpler
transformer architectures were employed, indicat-
ing that exploring deeper transformer models and
hybrid tokenization approaches remains a key av-
enue for improvement. For Tamil characters requir-
ing multiple bytes in UTF-8, byte-level approaches
may introduce additional overhead. Character-level
BPE should be evaluated to isolate encoding ef-
fects from tokenization algorithm effects. Finally,
while the evaluation was confined to Text Classifi-
cation due to the short sequence length’s inability
to capture longer sequences, applying tokeniza-
tion analysis to diverse tasks such as sentiment
analysis and Named Entity Recognition (NER) with
higher sequence length like 128 would provide a
more robust assessment of the model’s generaliz-
ability.

8. Ethical Considerations

The Tamil Corpus and Tami News dataset is pub-
licly available on Kaggle under standard licens-
ing. All code and trained models is publicly avail-
ableonhttps://github.com/Gokul200089/
Tokenizers. Experiments were run on shared
HPC resources; we minimized carbon footprint by
using efficient lightweight architectures. Limitations
regarding dialectal coverage are discussed in Sec-
tion 7.
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