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Abstract

Various studies have pointed out that the per-
formance of language models is poor in non-
English or non-European languages. One of
the factors affecting this performance is the ef-
fectiveness and suitability of the tokenization
scheme used in the model. Indic scripts require
multiple Unicode codepoints to represent a sin-
gle visual unit to be encoded in the standard
UTF-8 scheme. This paper investigates the ef-
fect of multiple tokenizers that use UTF-8 text
input on the downstream performance of pre-
trained language models for Hindi and Marathi,
languages written in Devanagari script. We
present the intrinsic performance of the tokeniz-
ers using Fertility, Rényi Efficiency and Per-
centile Frequency, and report the extrinsic per-
formance of monolingual and multilingual mod-
els on question-answering tasks, using an auto-
mated parts-of-speech and sentence similarity
based evaluation framework, and on word-level
tasks such as grapheme-to-phoneme conversion
and transliteration. We propose a grapheme
cluster tokenizer for the script which shows per-
formance better than or competitive with other
popular tokenizers. We also find that the Rényi
Efficiency metric is highly correlated to down-
stream performance on question answering.

1 Introduction

Large transformer-based language models have ad-
vanced their linguistic skills significantly in lan-
guages such as English, French or Spanish, which
has led to their widespread usage across the globe.
ChatGPT has an active user base of 900 million,
with more than 2.5 billion messages being sent ev-
eryday, which shows its popularity as the go-to
Al tool for assistance for a wide range of tasks.
But numerous studies (Maity et al., 2024; Tora-
man et al., 2023; Zhang et al., 2023) outline how
the performance of multilingual language models,
such as ChatGPT, lag behind in languages such as
Chinese, Turkish, Hindi, Marathi, and Swabhili, es-
pecially in understanding the nuanced aspects of

each language, often evident even in short-length
sentences. Zhang et al. (2023) show that GPT
model exhibited a substantial degree of subordi-
nate multilingualism—many of its responses seem
to result from translating the input into English to
formulate a response, which is then translated back
into the original language—due to which the result-
ing accuracy was lower for non-English inputs in
comparison to English inputs. They hypothesise
that this is due to GPT having developed a represen-
tation of knowledge and communication strongly
biased towards English.

Studies by Zhu et al. (2024), Zhang et al. (2023),
and Shi et al. (2023) point out disparities in the
performance of LLMs in languages dissimilar to
English which can undermine the potential of the
utility of LLMs for the majority of the non-English
speaking population. Pretrained language models
(PLMs) with their ability to generalise show im-
mense promise in furthering the development in
multilingual language models, but there remains
a disbalance in the performance of such PLMs in
different languages (Blasi et al., 2022; Ahuja et al.,
2023).

One way to counter this imbalance, which is usu-
ally overlooked in work focusing on improvement
of multilingual capabilities of language models, is
through more inclusive word embedding representa-
tion techniques, or tokenization. Apart from neces-
sary configurations such as model architecture and
training datasets, a crucial step for building such lan-
guage models is tokenization, the process of break-
ing down and mapping raw input text to subword
token representations based on an algorithm. Many
of the popular tokenization algorithms are designed
for Unicode encoded text, which lead to good per-
formance for languages that use the Roman script,
where each character is mapped to one Unicode
codepoint. However, such algorithms lead to poor
representation of languages like Hindi and Marathi,
where multiple codepoints might be needed to en-
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code one visual character unit.

Hindi and Marathi are Indic languages that
are usually written in Devanagari, an abugida or
an alphasyllabary writing system which contain
consonant-vowel pairs making up one visual unit
with a diacritic form of the vowel (matra) attached
to the consonant, and a large number of conjunct
characters where two or more consonants, joined us-
ing halantas (diacritic used to suppress the inherent
vowel that otherwise occurs with every consonant
letter), and a matra merges together to form one
visual unit; over two hundred conjunct units exist
in Hindi itself.

These units are called grapheme clusters, and
while one Latin character is represented in Unicode
with a single codepoint, common Indic characters
may require upto 10 codepoints to represent one
visual character. This means that during the tok-
enization of Devanagari characters using Unicode
character based tokenization schemes, one or more
Unicode codepoints from the same visual unit may
get fragmented into multiple tokens. This under-
mines the compressional ability of the tokenizers,
and plausibly could lead to poor learning by the
language model.

In this paper, we compare the performance of five
existing tokenizers that use UTF-8 inputs, and we
study how, ceteris paribus, different tokenization
schemes affect the ability of language models for
question-answering, transliteration, grapheme-to-
phoneme conversion, and their robustness to noise.
We also propose a novel grapheme cluster tokenizer,
a form of visual character unit level tokenizer for
Devandgari. We assess whether the performance of
tokenizers on intrinsic evaluation metrics translates
to the downstream performance of models trained
using those tokenizers.

2 Related Work

A wide array of literature explores strategies to fully
utilise the built-in capabilities of LLMs to improve
its multilingual performance. Efforts have been
made to mitigate the disbalance in multilingual per-
formance through release of more multilingually
representative datasets (de Gibert et al., 2024; Con-
neau et al., 2018; Kumar et al., 2022), monolingual
or multilingual models (NLLB Team et al., 2022,
Yang et al., 2023, Huang et al., 2024, Workshop
et al., 2022, Dabre et al., 2022), multilingual in-
struction tuning (Lai et al., 2024), continued train-
ing with monolingual data (Cui et al., 2024; Yang

et al., 2023) as well as multilingual metrics for eval-
uation of multilingual language models (Guo et al.,
2025), however, there is still a long way to go be-
fore language models achieve parity in different
languages.

Tokenizers and their impact on the downstream
performance of LLMs has been the subject of exten-
sive research. Gastaldi et al. (2025) have described
and covered the evolution of tokenizers as a cru-
cial step in natural language processing. The most
widely used tokenization algorithms for training
language models are Byte Pair Encoding (Sennrich
et al., 2016), Unigram (Kudo, 2018) and WordPiece
(Wu et al., 2016).

Extrinsic evaluation of tokenizers is computation-
ally expensive, and it also suffers from a dearth of
datasets when it comes to low-resource languages.
However, there have been several studies that quan-
tify the impact of the tokenizer used on the model
performance in downstream tasks. Gowda and May
(2020) have studied how the vocabulary length of a
tokenizer affects the downstream performance of a
language model. Rust et al. (2021) showed the im-
pact of replacing the original multilingual tokenizer
with the specialised monolingual tokenizer on the
downstream performance of multilingual models.
Bostrom and Durrett (2020) have compared masked
language models pretrained with BPE and Unigram
tokenizers, suggesting the use of Unigram over BPE
for language model training.

The recent years have seen development of tok-
enizers designed for non-English languages. Graén
et al. (2018) presented Cutter, a framework for
tokenization that makes use of language-specific
and language independent token identification rules.
There is scope to study how this method might work
with Indic languages. A major proportion of re-
search in the field is focused on languages that use
Roman script, such as English, or languages with-
out the nuances specific to Indic languages, such as
the logo-syllabic Chinese or Japanese (Yang, 2024;
Si et al., 2023; Fujii et al., 2023).

In the context of Indic languages, Husain et al.
(2024) introduced RomanSetu where they study
the impact of two transliteration methods, ITRANS
and IndicXlit, on various NLU, NLG, and MT tasks
in multiple Indic languages. Brahma et al. (2026)
introduce Constrained BPE, an extension to the
traditional BPE algorithm that incorporates script-
specific constraints which facilitate morphology-
aware segmentation, incorporating sandhi splitting
to enhance the subword tokenization for Hindi and
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Marathi. Velayuthan and Sarveswaran (2025) pro-
pose Grapheme Pair encoding, a modification to
Byte Pair Encoding using grapheme based charac-
ter extraction as the pre-tokenization method. How-
ever, they only analyse compression and parity of
Grapheme pair Encoding, and not the downstream
performance of an LLM. Goel and Sadat (2025)
study the performance of tokenizers on downstream
performance on sentiment analysis and named en-
tity recognition tasks for Hindi using the subword
tokenizers BPE, Unigram, WordPiece and Senten-
cePiece BPE, showing poor performance of the
BPE tokenizer. In their opinion paper, Gorman and
Pinter (2025) point out the adverse effects of incon-
sistent encoding of diacritized characters on NLP
systems, using the example of dependency parsing
task in Hindi.

Though not used for language models, Ghimire
et al. (2023) proposed a pronunciation aware sylla-
ble tokenizer for the Automatic Speech Recognition
in Nepali language. There have been attempts at to-
kenization at a syllable level in other languages too
(Shikali et al., 2019; Atuhurra et al., 2024). We use
a similar method for tokenization of Devanagari,
referred to as grapheme cluster tokenizer. Chincho-
likar et al. (2025) use Grapheme Error Rate as an
analogue of the Unicode Character Error Rate to
provide a more faithful evaluation of errors in Hand-
written Text Recognition of Sanskrit manuscripts
at the level of visual units.

There has been some development in the intrin-
sic evaluation metrics for tokenizers, Zouhar et al.
(2023) proposed to define the efficiency of a tok-
enizer in terms of Rényi entropy and showed its
high correlation with BLEU scores for machine
translation. They also show high absolute Pear-
son correlation of machine translation performance
with the sum of token frequencies from the 3rd to
83rd percentile, referred to as Percentile Frequency.
Fertility, defined as the average number of tokens
that are required to represent a piece of text, is a
common metric to evaluate a tokenizer’s perfor-
mance (Ali et al., 2024; Rust et al., 2021). Petrov
et al. (2024) introduced the notion of parity which
assesses how fairly a tokenizer treats equivalent
sentences in different languages.

Evaluating language generation tasks poses a sig-
nificant challenge since string based answer assess-
ment metrics don’t align well with human judge-
ment. Efforts in this domain are limited, especially
for low resource languages (Si et al., 2021; Bulian
et al., 2022; Li et al., 2024; Fabbri et al., 2021).

However, Ferreira et al. (2016) propose a sentence
similarity assessment metric which is calculated us-
ing lexical, semantic, and syntactic similarity com-
ponents of a sentence. We use a mixture of this
similarity metric and parts-of-speech tags based
evaluation of answers based on seven major ques-
tion types for evaluating the question answering
tasks.

3 Methodology

We assess the performance of six different to-
kenizers: Byte Pair Encoding (BPE), Unigram,
WordPiece, grapheme cluster tokenizer, Grapheme
Pair Encoding(GPE), and Byte Pair Encoding
with transliteration during the pretokenization step
(ITR+BPE)!. The BPE tokenizer employs whites-
pace splitting at pretokenization, decomposes the
words into Unicode characters to form the base
vocabulary, and then iteratively merges the most
frequent adjacent character pairs to create the vo-
cabulary. The Unigram tokenizer also employs
whitespace-only pretokenization; it starts with a
large vocabulary of Unicode character sequences
and then iteratively prunes tokens that least affect
corpus likelihood to form the final vocabulary. The
WordPiece tokenizer splits on both whitespace and
punctuation during pretokenization, decomposes
the words into characters, which are merged to form
tokens based on likelihood scores.

All the tokenizers were trained using the
Wikipedia articles dataset containing ~138 thou-
sand articles scraped from the Hindi Wikipedia
webpages, =60 thousand articles from the Marathi
Wikipedia webpages and the contexts from SQuAD
(Rajpurkar et al., 2016) for English. To ensure com-
parability, we first trained the monolingual and mul-
tilingual grapheme cluster tokenizers, and then used
the resulting vocabulary sizes to fix the vocabu-
lary sizes while training rest of the tokenizers. The
design of the grapheme cluster tokenizer, which
segments text into Devandgari visual units, is ex-
plained in the following paragraph.

A grapheme cluster is a visually identifiable unit,
which might consist of a consonant or a conjunct
character, usually carrying an attached vowel in
a diacritic form. Consider the word dIHJ (vakya,
“sentence”), in Unicode, the word consists of 5 char-
acters, d, 3T, &, 3, and I, but visually the word
is composed of two characters, namely 9T (va) and

'The source code and dataset is available at
https://github.com/flame-cai/tokenizer-comparative-analysis
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Algorithm 1 Grapheme Cluster Tokenization

Input: Devanagari string .S
Output: A list of grapheme clusters graphemes

1: combining_marks < { s 1,

2: graphemes < []

3: temp <

4: for all char in S do

S5: if char ¢ combining_marks then
6: if temp # “” and temp does

not end with < then

7: graphemes.append(temp)
8: temp < char

9: else

10: temp < temp + char

11: else
12: temp < temp + char

13: if temp # “” then

14: graphemes.append(temp)

15: return graphemes

Figure 1: Algorithm for segmenting Hindi text into
grapheme clusters. A similar method can also be used
for other Indic languages.

I (kya). When such a word is tokenized using a to-
kenizer such as BPE, the resulting tokens most often
separate the attached vowel from the consonant; the
tokenizer for GPT4 tokenized the aforementioned
word as: d, <P, and 3.

This tokenization not only results in tokens that
are incoherent to humans, it also demonstrates a
lower compressional ability or higher fertility for
the language. On the other hand, the grapheme clus-
ter tokenizer breaks down text into visual character
units, using the algorithm as defined in Fig. 1. This
tokenization method considers a consonant or a con-
junct consonant with one or more vowels attached to
it as one single token. Each unique grapheme clus-
ter thus segmented from the training data is added
as a token in the tokenizer’s vocabulary. The vo-
cabulary size of the tokenizer is the total number of
unique grapheme clusters added to the vocabulary.
The vocabulary size of the monolingual tokenizer
thus built using the Wikipedia dataset resulted in
total of ~12,850 tokens for the Hindi tokenizer,
~10500 tokens for the Marathi tokenizer, while the
multilingual counterpart had a vocabulary size of
~16,800 tokens. For the grapheme-to-phoneme
(G2P) task, we train the tokenizers with additional
Hindi and Marathi Wikipedia texts transliterated
to IPA using Aksharamukha (Rajan, 2018); this
tokenizer had a vocabulary size of ~17,400 tokens.

For out-of-vocabulary grapheme clusters, the to-

kenizer finds the longest substring that exists in the
vocabulary in a left-to-right scan of the text. Hence,

it emits an <unk> token only for substrings with no
corresponding token in the vocabulary, and not the
entire grapheme cluster.

Further, to test how pre-tokenization might im-
pact a model’s downstream performance, we add
the step of transliteration to ITRANS, before tok-
enization using BPE algorithm as described above.
For our study, we chose ITRANS over other translit-
eration schemes such as IAST, because of its loss-
less reconstruction into ASCII, as it does not em-
ploy any special characters. For brevity, this to-
kenization method has been referred to as the
ITR+BPE tokenization henceforth. Finally, we also
study the grapheme pair encoding tokenizer, as per
the implementation described by Velayuthan and
Sarveswaran (2025).

3.1 Evaluation

The tokenizers are assessed using information-
theoretic intrinsic evaluation metrics, as well as
through the extrinsic evaluation of the performance
of a language model pre-trained using different tok-
enizers. The investigation of correlation between
the intrinsic and extrinsic metrics is also reported.

3.1.1 Intrinsic Evaluation

For the purpose of intrinsic evaluation, three met-
rics, namely Fertility, Rényi Frequency, and Per-
centile Frequency were used. Fertility refers to the
average number of subword tokens produced per
tokenized word. The minimum value for fertility
can be 1. It denotes that each word in a document is
a token. Rust et al. (2021) show that a high fertility
leads to degradation of multilingual performance
of a language model. However, the lowest possible
fertility of 1 is also not desirable for a tokenizer due
to vocabulary scalability issues in morphologically
rich languages, as it may cause poor handling of
rare words and morphological variants. Hence, an
ideal tokenizer should strike a balance between a
low fertility score and a small vocabulary size.
Rényi efficiency, an index of diversity, penal-
izes distributions with either very high or very low-
frequency tokens. It is calculated using the order
a = 2.5, as suggested by Zouhar et al. (2023). The
order allows one to penalise the use of long codes
to varying degrees. Percentile frequency is defined
(Zouhar et al., 2023) as the sum of token frequencies
from the 3rd to 83rd percentile. Higher values of
Rényi efficiency and percentile frequency are prefer-
able for a tokenization method. These metrics are
calculated on the Hindi, Marathi, and English sub-
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sets of Meta’s FLORES-101 evaluation benchmark
dataset (Goyal et al., 2022)(CC BY-SA 4.0 license),
comprising 3001 sentences which were not used
for building the vocabulary of the tokenizers.

3.1.2 Extrinsic Evaluation

As the language models are ultimately employed for
downstream tasks, we conduct extrinsic evaluation
to determine whether the tokenizers’ performance
on intrinsic metrics translate to the extrinsic mea-
sures as well. We evaluate their performance on
question answering tasks in monolingual and mul-
tilingual setups for Hindi, Marathi, and English.
Next, we assess the robustness of the tokenizers in
dealing with noise corruption in the input of the
question answering task with two synthetic nois-
ing schemes outlined by Xue et al. (2022): (i) drop
(each unicode codepoint has a 2.5% chance of being
dropped) and (ii) repetitions (each unicode code-
point has 5% chance of being repeated 1-3 times
with equal probability).

We compare the performance of grapheme clus-
ter tokenizer with the subword level tokenizers
on word-level tasks related to pronunciation and
spelling of text; for this we evaluate their per-
formance on two benchmarks: (i) grapheme-to-
phoneme (G2P) conversion, based on the SIGMOR-
PHON 2020 shared Task 1(Gorman et al., 2020)
and (ii) single-word transliteration.

For conducting this extrinsic evaluation, we pre-
trained the encoder-decoder TS5 model (Raffel et al.,
2020) using the Huggingface framework. The ques-
tion answering model consists of 6 layers (4 lay-
ers for word-level tasks), the feed forward network
in each layer has an output dimensionality of dg
= 2048 followed by ReLLU nonlinearity. The key
and value matrices have a dimensionality of d, =
32, and all attention mechanisms have 12 heads (8
heads for word-level tasks). All other sub-layers
and embeddings have the dimensionality of d,,;p4e;
= 512, and for regularization, the dropout rate of
0.1 is applied in the model. The model was trained
using the AdaFactor optimiser with adaptive learn-
ing rate and a weight decay of 0.01. While training,
the input length was set to 512 (128 for word level
tasks), the maximum target length was 50 (128 for
word level tasks), whereas the maximum genera-
tion length at inference is allowed to be 64 tokens.
The models were trained for 12 epochs (15 epochs
for word-level tasks), and the weights from the best
model are used for the evaluation. The models are
directly trained on the respective tasks.

For multilingual G2P conversion, we extract the
G2P mappings from the WikiPron dictionary(Lee
et al., 2020), which is released under an Apache 2.0
license, for Hindi (31,000 pairs), Marathi (4,126
pairs), and English ((=53,000 pairs). For Hindi, the
development and test set shared in SIGMORPHON
2020 Task 1 are removed from the training, and
used to present the final results. For Marathi and
English, 450 grapheme-phoneme pairs are strati-
fied sampled for the development set and randomly
sampled for the test set. The training set has 58,034
samples—30,000 Hindi pairs, 3,034 Marathi pairs,
and 25,000 English pairs (stratified sampled from
extracted mappings). For transliteration, we use
the Dakshina benchmark(Roark et al., 2020), with
50,000 samples in train, 5,000 in development and
2,500 in test set (licensed under CC BY-SA 4.0).

We use an augmented version of the Wikipedia
dataset which was used to train the tokenizers, re-
moving any multilingual noise, incomplete sen-
tences, and truncating the article length to max-
imum of ten sentences, to create a question-
answering dataset in the SQuAD format (Rajpurkar
et al., 2016) using OpenAI’s GPT40-mini (similar
to the synthetic data creation workflow of Singh
et al. (2025)); the consequent dataset contains 50
thousand contexts for Hindi and 70 thousand con-
texts for Marathi, and one to three question-answer
pairs for each context based on the length of the
articles. The articles cover a wide range of topics,
including general knowledge, science, culture, and
health available on Wikipedia until the 2019 dataset
release. For English, we used the SQuAD vl1.1
dataset(Rajpurkar et al., 2016). During inference,
we evaluate the models using benchmark datasets
for Hindi, Marathi, and English, with the Hindi sub-
set of XQuAD (Artetxe et al., 2019)(CC BY-SA 4.0
license), MahaSQuAD (Ghatage et al., 2023)(CC
BY-NC-SA 4.0 license), and the English subset of
TyDiQA-GoldP(Clark et al., 2020)(Apache License
2.0).

Reference based evaluation metrics, such as
ROUGE-L recall or token based F1 score, which
rely on string matching, can not be directly used for
evaluating answers to different types of questions.
Different questions may demand distinct answer for-
mats or may have multiple correct answers. Hence,
we assess the performance of the models by evaluat-
ing each type of question through different natural
language processing techniques. We first classify
the questions into 7 types— ‘Which/Who’, “When’,
‘Where’, ‘How much’, ‘What’, ‘Why’, and ‘How’.
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We assess the agreement of this framework with
human evaluation for a sample of 625-700 questions
(=100 questions for each question type) for each of
the three languages. Two human evaluators, who
were fluent in the respective languages, evaluated
each answer from different models in each language.
They were instructed to mark the predicted answers
correct, incorrect, or invalid based on the context
and question; out of the 700 questions, the ambigu-
ous or unanswerable questions given the context
were labelled as invalid and were not considered for
the assessment. The inter-evaluator agreement was
very high; the Cohen’s kappa was 0.96 for Hindi,
0.95 for Marathi, and 0.97 for English. We then
evaluated the accuracy of evaluation framework us-
ing the human judgments, for questions where both
evaluators agreed, as the true evaluation. The au-
tomated framework achieved 84.89% accuracy for
Hindi, 88.43% for Marathi, and 91.25% for English.
Most of the incorrect evaluations can be classified
as Type 2 errors (false negatives). This indicates
that the framework is stricter than human evalua-
tor and may underestimate rather than overestimate
model performance.

4 Results

Tokenizer Fertility (|) Rényi Percentile
Ef.() Freq.(1)

Hindi
GraphemeCluster 2432 0.651 0.479
GraphemePairEncoding 2921 0.674 0.569
WordPiece 3.353 0.604 0.492
Unigram 3.478 0.621 0.505
BytePairEncoding 2.890 0.261 0.329
ITR+BPE 3.433 0.294 0.304
Marathi
GraphemeCluster 3.269 0.659 0.499
GraphemePairEncoding 3.408 0.753 0.649
WordPiece 3.621 0.648 0.621
Unigram 3.775 0.659 0.618
BytePairEncoding 3.642 0.316 0.357
ITR+BPE 4.264 0.350 0.342
English
GraphemeCluster - - -
GraphemePairEncoding - - -
WordPiece 4.339 0.759 0.684
Unigram 3.574 0.562 0.480
BytePairEncoding 3473 0.316 0.309
ITR+BPE - - -
Mixed
GraphemeCluster 3.537 0.579 0.339
GraphemePairEncoding 3.258 0.723 0.576
WordPiece 3.753 0.643 0.517
Unigram 3.595 0.596 0.521
BytePairEncoding 3.293 0.268 0.327
ITR+BPE 3.555 0.293 0.271

Table 1: Intrinsic evaluation for each tokenizer calcu-
lated using 3001 sentences of text in each language in
the FLORES-101 evaluation benchmark dataset.

In this section, we report the results for the in-
trinsic and extrinsic evaluation experiments. Ta-
ble 1 reports the performance of the six tokeniza-

tion schemes on three intrinsic metrics, fertility,
Rényi Efficiency and Percentile Frequency for text
in Hindi, Marathi, English, and all three languages
mixed. The fertility of grapheme cluster tokenizer
is low for Hindi and Marathi, but increases relative
to other tokenizers, with addition of English text
in the mixed set. This makes sense since the tok-
enizer just functions as a character level tokenizer.
The fertility of BPE is lower than other tokenizers
for the mixed dataset, but is middling for each of
the language separately. We note here that we do
not report the performance of grapheme cluster to-
kenizer, GPE, and ITR+BPE on English datasets
in monolingual setups either for intrinsic metrics
or for downstream tasks as they are intended to be
used for Devanagari text.

The Rényi efficiency and percentile frequency
metrics show a different trend, with BPE having
a significantly lower score compared to other tok-
enization schemes for all the languages, showing
a disparity between the distribution of the most
frequent and infrequent tokens. Such disparity
has been shown to result in inefficient training of
language models. The tokenizers designed pri-
marily for Devanagari, GPE and grapheme clus-
ter tokenizer, both perform well on all metrics for
Hindi and Marathi; GPE performs well even for the
mixed dataset, whereas the intrinsic performance of
grapheme cluster tokenizer reduces on mixed data
due to the addition of English text.

Further, we present the performance of the mod-
els for question answering tasks in Table 2. The
results for the datasets with synthetic noise are pro-
duced using monolingual models. The grapheme
cluster tokenizer and WordPiece demonstrate a com-
petitive performance consistently for both Hindi and
Marathi, GPE is more accurate for Marathi but not
for Hindi, and BPE and ITR+BPE show the lowest
accuracy.

For the noise addition task, the model using
the grapheme cluster shows more robustness than
other models for three of the four subtasks, but is
slightly outperformed by WordPiece in unseen rep-
etition subtask in the Hindi dataset. For the Marathi
dataset, it is more robust than other models on three
of the four subtasks, but is slightly outperformed by
GPE in case of learnable drop subtask. Since the
models looks at one grapheme cluster as one token,
it can be more robust in finding dropped/repeated
unicode codepoints and ‘fixing’ the sequence of
tokens while output generation even when trained
on clean data. The poor performance of ITR+BPE
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Tokenizer Monolingual Multilingual Unseen Noise Learnable Noise
Drop Repetitions Drop Repetitions

XQuAD (Hindi) (n=1184)

GraphemeCluster 41.60 52.96 33.40 23.80 34.40 37.00
GraphemePairEncoding 36.20 47.38 27.62 23.10 29.10 31.80
WordPiece 39.60 48.90 29.39 25.00 33.40 28.00
Unigram 34.60 48.90 24.92 21.60 29.90 31.90
BytePairEncoding 10.10 30.74 10.38 7.30 12.60 13.30
ITR+BPE 15.71 15.63 9.68 8.05 11.17 11.85
MahaSQuAD (Marathi) (n=486)

GraphemeCluster 47.74 51.23 41.98 36.21 39.30 41.14
GraphemePairEncoding 48.35 53.29 36.42 35.60 3941 37.24
WordPiece 50.82 51.85 33.74 28.81 39.30 40.33
Unigram 44.03 49.59 37.86 33.13 32.18 37.86
BytePairEncoding 16.46 29.42 20.78 11.32 24.49 3.09
ITR+BPE 4.32 2.06 4.94 2.67 329 5.56

Table 2: Accuracy(%) of the Hindi and Marathi monolingual and multilingual models trained using different
tokenizers on benchmark datasets. Learnable noise is added in training and test set of a dedicated monolingual
model, whereas unseen noise only affects the test set of the monolingual model.

may be attributed to increased semantic and pho-
netic confusion in words or tokens belonging to
different languages, or weakening of language iden-
tification due to ambiguous or overlapping tokens
from different languages.

Tokenizer Accuracy (n=440)
GraphemeCluster 44.54
GraphemePairEncoding 45.00
WordPiece 46.59
Unigram 42.04
BytePairEncoding 21.36
ITR+BPE 18.49

Table 3: Accuracy(%) of the multilingual models trained
using different tokenizers on TyDiQA.

Table 3 shows the performance of the same mul-
tilingual models on TyDiQA. The performance of
the grapheme cluster tokenizer does not seem to
degrade relative to the other tokenizers for the En-
glish benchmark in a multilingual setup. Further,
the BPE model also performs poorly on English.

While all errors can not be attributed to the be-
haviour of the tokenizer, we will discuss some such
errors observed during inference. We present some
of these in Table 4. There are multiple ways to en-
code some diacritized Devanagari glyphs, one of
them is a nugta ( <), which can be added to many
characters ( M, S, @, ™) to represent phonological
distinction from the undiacritized letters ( 9, S, &,
™). These characters can be represented as both
one unicode codepoint (diacritized) and a collec-
tion of codepoints (undicritized letter followed by
a nuqta), corresponding to Unicode normalization
forms NFC and NFD respectively. Without normal-
ization to a consistent form, the two representations
will fail string equality tests despite being visually
and semantically identical. The XQuAD dataset
uses both representations for this diacritic (for @

and ™). Models trained with the BPE tokenizer
can answer questions where the glyph is represented
as a combination of codepoints (17.64% accuracy
on 153 questions), but only gets one question right
(2.94% accuracy) from the second form (34 ques-
tions). WordPiece (8.82%) and Grapheme Cluster
tokenizer (20.58%) show more skill for these ques-
tions.

Example 1

Question: méﬁv#ﬁﬂﬁqﬁﬁwme}w

Gold Answer: IR

Prediction: S el

Example 2

Question: TAD [AEATRT TEFTRIT &1 &1 STETST  fohelil T e

Gold Answer: g et

Prediction: T8 A1 A Ui HE1 P Al 88 Bl

Example 3

Question: DEChnet @7 %ol 2 3T & T

Gold Answer:  FapIfaIT fAfdel I oo T &), 3R ¥ T @ DEC
& ITex faefaid fapam mam o, fOH & U Linux & fag oft
of

Prediction: DECnet &1 & I (3R 91<)1

Example 4

Question: ToAUCTRId SR W el foade Taciiel are @it
FROINTS! BT TSR amR?

Gold Answer: 3ﬁ=|?fn3=rcr\’ [CIRGR°ENI

Prediction: SR SR AT fAHTeT SITuamet MieaTaa et

Example 5

Question: TSI HIHeT T Tall JREDR D] elIer?

Gold Answer: NRH

Prediction: SMMEECTE AT AT JIRPR HRATT D T DNY
Srecara TR AT HROT A T6

Table 4: Example of incorrect predictions by multilin-
gual BPE model for questions from XQuAD Hindi and
MahaSQuAD.

Further, we find that, out of the 100 most fre-
quently occuring tokens in the Hindi and Marathi
QA training set, a substantial portion of the BPE to-
kens are standalone matras. BPE breaks up words at
awkward boundaries, possibly stripping the words
of their semantic meaning. We observed that some
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of the incorrectly predicted answers do contain in-
valid combinations of such matras.

Table 5 shows the performance of the multilin-
gual models trained on the word-level tasks. The
performance in the G2P task is evaluated using
two metrics—word error rate and phoneme error
rate. The grapheme cluster shows the highest perfor-
mance for Hindi and Marathi. BPE performs better
for this task than the WordPiece and Unigram tok-
enizers. For word-level tasks, WordPiece performs
poorly for Hindi and Marathi; the likelihood-based
merging seems to result in better semantic under-
standing but the model struggles at capturing ortho-
graphic complexity. On the other hand, the same
over-fragmentation of BPE tokens that reduce its
accuracy on longer text generation/information re-
trieval tasks might be helping it achieve a mediocre
score.

Tokenizer G2P Transliteration
WER PER CER
Hindi (n=450) (n=2500)
GraphemeCluster 12.67 3.46 12.99
GraphemePairEncoding 17.11 5.57 15.92
WordPiece 82.67 132.95 21.14
Unigram 30.44 6.45 21.28
BytePairEncoding 31.33 19.14 21.29
ITR+BPE 24.89 12.97 -
Marathi (n=450) (n=2500)
GraphemeCluster 32.44 8.68 9.56
GraphemePairEncoding 38.00 11.67 11.76
WordPiece 87.56 79.56 21.93
Unigram 43.56 9.84 20.71
BytePairEncoding 42.44 22.54 19.17
ITR+BPE 39.78 16.01 -
English (n=450)
GraphemeCluster 47.79 13.73 -
GraphemePairEncoding 50.00 17.08 -
WordPiece 46.90 13.76 -
Unigram 43.14 11.66 -
BytePairEncoding 52.43 15.83 -
ITR+BPE 62.39 22.36 -

Table 5: Results from multilingual word-level tasks.

Across different tasks, we observe different re-
lationships between the intrinsic metrics and the
downstream performance. For the various question
answering tasks in the experimental setup, Rényi Ef-
ficiency is highly correlated to the model accuracy
(Pearson correlation coefficient » = 0.86 — 0.97);
the Percentile Frequency shows a positive, though
weaker, correlation (r = 0.79 — 0.93); in contrast
there is no correlation between fertility and ques-
tion answering accuracy. For transliteration, fer-
tility is positively correlated to the character error
rate (r = 0.82 for Hindi, » = 0.93 for Marathi),
whereas Rényi Efficiency shows mild negative cor-
relation (r = —0.51 for Hindi, » = —0.37 for
Marathi). Finally, for G2P task, none of the in-
trinsic metrics exhibit significant correlation to the

error rates.

5 Conclusion

In this paper, we assessed the performance of var-
ious tokenizers on intrinsic and extrinsic metrics.
We find that the tokenizers with poor performance
on Rényi Efficiency demonstrate poor downstream
accuracy on question answering tasks but the metric
is poorly correlated with downstream performance
on word-level tasks. The fertility and percentile
frequency metrics do not show a strong correlation
with downstream model performance.

We proposed a grapheme cluster tokenizer for
Devandgari text and compared its performance to
popular subword tokenizers such as Unigram, and
WordPiece, and variations of BPE. It exhibits high
Rényi efficiency and fertility, and has competitive
or superior performance on extrinsic metrics. The
character-level Byte Pair Encoding tokenizer consis-
tently exhibits a poor performance on monolingual
and multilingual question answering tasks where
the tokenizer is trained on Devanagari text. The Un-
igram and WordPiece tokenizers demonstrate per-
formance comparable to or better than the grapheme
cluster based tokenizers on the question answering
tasks, but they lag behind on the word-level tasks,
showing poor orthographic understanding.

This analysis can help inform the choice of tok-
enizers in LLMs, as even popular model families
such as GPT and Llama use byte-pair encoding, a to-
kenization scheme which consistently demonstrates
poor downstream performance on tasks involving
Devandagari text. The grapheme cluster tokenizer
can also be adapted to other languages that em-
ploy the abugida writing system, particularly Indic
scripts, such as Bengali, Gujarati, and Tamil.

6 Limitations

The study suffers from some limitations which are
summarised in this section. While there are innu-
merable ways of training a tokenizer, such as using
different datasets, implementing different parameter
settings, or performing different number of merges,
this case study only takes into account only a lim-
ited subset of the possibilities. Further, while the
automated evaluations employ various semantics
based techniques, they are not fool-proof; the ac-
tual accuracy for the models can be expected to be
higher if manually evaluated. Also, the accuracy of
the evaluation depends on extraneous factors such
as the quality of the POS tagging and dependency
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parsing models. However, we prioritise detecting
incorrect answers accurately, reducing the Type |
error.

Another concern regarding the study stems from
the research done by Shumailov et al. (2024) demon-
strating that training on samples from another gen-
erative model can induce a distribution shift, which
over time may cause Model Collapse, where the
model may mis-perceive the underlying learning
task. To partially counter this, we have used the
context based question-answering task, limiting
the question-answer generation to be strictly based
on content from open source Hindi and Marathi
Wikipedia articles from before the rise of artificially
generated content on the internet.

Further, the use of Wikipedia articles as the train-
ing corpus may introduce potential biases in topic
coverage, writing style and domain transferability.
However, it enables controlled and fair compari-
son of the tokenization methods and aligns with
standard practices. Evaluating tokenizers on more
diverse corpora remains important future work.
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