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Abstract

Tokenization is one of the factors which in-
fluences the multilingual downstream perfor-
mance of a language model. This paper demon-
strates that vocabulary constrained grapheme
cluster based tokenization leads to improved
performance on Natural Language Understand-
ing and Word-level tasks. We assess three
different grapheme cluster based tokenizers,
which are the Grapheme Cluster tokenizer, the
Grapheme Pair Encoding, and a vocabulary
constrained version of Grapheme Pair Encod-
ing, across eleven Indic languages, namely As-
samese, Bengali, Gujarati, Hindi, Kannada,
Malayalam, Marathi, Odia, Punjabi, Tamil, and
Telugu. We present the intrinsic performance
of three grapheme cluster based tokenizers us-
ing Fertility, Rényi Efficiency, and Percentile
Frequency. We also compare the performance
of these grapheme based tokenizers with seven
popular multilingual and Indic-focused tokeniz-
ers on downstream tasks. We find that the vo-
cabulary constrained Grapheme Pair Encoding
tokenizer exhibits competitive and sometimes
superior downstream performance in compari-
son to other grapheme cluster based tokenizers.

1 Introduction

Multilingual language models that have been
trained with hundreds of languages exhibit major
inter-language disparity (Petrov et al., 2023). Ad-
vances in Indic language models are mostly based
on adapting pretrained language models with large
datasets. These datasets are sometimes created by
translating non-Indic text using machine translation.
A major advantage of these models is avoiding pre-
training from scratch due to their ability to gener-
alise. (Doddapaneni et al., 2023; Dabre et al., 2021;
Khanuja et al., 2021; Sarvam Al, 2025; Bendale
et al., 2024)

While a majority of work focuses on adapting
established model architectures to Indic languages,
tokenization is an under-studied aspect of a model’s

performance. Subword tokenizers that operate on
subword or byte level can split words at orthograph-
ically unnatural boundaries, producing fragmented
text that does not make sense to a native speaker.
Dwivedi and Gopalan (2026) have introduced the
Grapheme Cluster tokenization method for Hindi
and Marathi, which relies on the orthographic
boundaries of the Devanagari script, splitting the
words into grapheme cluster. Further, Velayuthan
and Sarveswaran (2025) introduce Grapheme Pair
Encoding (referred to as GPE henceforth) tokenizer,
an improvement to the BPE algorithm by incorporat-
ing grapheme-level splitting at the pretokenization
step, for Tamil, Sinhala, and Hindi.

We adapt these two tokenizers to 11 Indian
languages, namely Assamese, Bengali, Gujarati,
Hindi, Kannada, Malayalam, Marathi, Odia, Pun-
jabi, Tamil, and Telugu, which are all languages
written using Indic scripts. These scripts belong
to the abugida family; an abugida or an alphasyl-
labary writing system consists of consonant-vowel
syllables, which sometimes make up one visual
unit, with a diacritic form of the vowel (known as a
matra) attached to the consonant, or a single con-
sonant and its inherent vowel. Indic scripts also
contain a large number of conjunct characters (or
samyuktakshara), where two or more consonants
are joined using halantas (a diacritic which is used
to suppress the inherent vowel), and sometimes
merged with a matra to form one syllable. These
consonant-vowel pairs and conjuncts are known as
grapheme clusters. Table 1 shows how different
tokenizers tokenize

As an improvement to the GPE tokenizer, we in-
troduce the GPE-Constrained (GPE-C) tokenizer,
which retains the K most frequent grapheme clus-
ters in the base vocabulary, and adds M grapheme
cluster sequences to the vocabulary by frequency-
based iterative merging. This provides us with a
tunable vocabulary size consisting of base vocab-
ulary, merges, and fallback characters, which are
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Tokenizer Hindi Kannada Gujarati
Original Text arsdftenvur ufosa 2R EFTED FBOS ATCHICEERYIESTY
GraphemeCluster Eﬂ/“ﬁ/aﬁ/q/lﬂ_ /5 /6 /o 23/&¢/s/8ea_=/3/0d olfsdl/e/ay/-_fy/ 5/

GPE-C
Gemma-3 aT/E[/ﬂT/ﬂT\’UT/_FIﬁv_?JT
GPT-0SS g/om/ca/ X /eRu/ ufean

IndicBERTV2 qr/ ##0 ) s /  wfsar

MuRIL arsy / ##<R01/ _ dfspan
Sarvam-1 EIT/E[/dT/EF\’UT/_FIﬁTZIT
Sarvam-M a/om/ o/ /eRe/ v/

XLM-R q1/q/u/ Ao/ dfdear

ar/y/u/ch/@R/m_[u/@/ o/ /A wi@/cB e8] e 8 o/ o/
o/ n/a @/ 2e/88e0]_B/3/30/3
0/ /of3e/83e]_/8/ 0%/
/A [H#de/##3Tea]_BF0D
T e ## egTe0)_B30D
0o/ B/Ee3Tea]_BB0S/?
/R o 2e8/Se0]_/3/ 2030/
ow/af//2e30e0] B3R

oA/l oya/_fw/s/of A
oly/ydl/eyan/_wsu
olforygu/Sle/as/_us/(ul
Q2 ST Nz SRR )
oyffo oy _ual
SERMSIEETR
Ao\Q/ QN[ W5/ Eu/o
ol d/eaq/_ulsu

Table 1: The table demonstrates a typical tokenization of a string in different languages with different tokenization
schemes. The symbols ‘_’ and ‘/” denote a space and token boundary respectively.

described in detail in Subsection 3.1. We find that
GPE-C tokenizer exhibits improved performance
on two word-level and three NLU tasks for the 11
Indic languages over both the grapheme based tok-
enization methods.

2 Related Work

Several studies show that the disparity between
English and languages dissimilar to English under-
mines the potential of the utility of multilingual
LLMs for the majority of the non-English speaking
population (Zhu et al., 2024; Zhang et al., 2023; Shi
et al., 2023). One way to address this imbalance
is through the choice of tokenizer. Some work has
been done to study the effects of tokenization on
downstream model performance of language mod-
els (Gastaldi et al., 2025; Gowda and May, 2020;
Rust et al., 2021).

The most popular tokenizers used in modern-day
LLMs are frequency-based subword-level tokeniz-
ers such as BPE (Sennrich et al., 2016), Unigram
(Kudo, 2018), WordPiece (Wu et al., 2016), and
their variants. Various studies show that tokeniz-
ers that follow the rules of the language or script
can outperform these tokenizers (Graén et al., 2018;
Yang, 2024; Si et al., 2023; Fujii et al., 2023).

Intrinsic evaluation of tokenization and its trans-
lation to downstream performance has been studied
broadly. Zouhar et al. (2023) proposed Rényi Effi-
ciency and Percentile Frequency as an information-
theoretic metric for characterizing a good tokeniza-
tion function by showing their correlation to the
downstream BLEU for German to English machine
translation. Fertility is another common metric to
evaluate a tokenizer’s compression ability (Rust
etal., 2021), but Ali et al. (2024) show that it is not
always predictive of a model’s downstream perfor-
mance on several tasks in English, German, French,
Italian, and Spanish.

However, limited work has been done to under-
stand the precise effects of tokenizer performance
on downstream task for Indic languages. Goel
and Sadat (2025) analyse the impact of tokenizers’
intrinsic performance on the downstream perfor-
mance of BERT models in Hindi. Thakur et al.
(2025) link vocabulary size, pre-tokenization rules,
and training-corpus composition to both token-to-
word efficiency and model quality for 15 Indian
languages, proposing a data composition algorithm
to balance multilingual tokenizer training data. Pat-
tnayak et al. (2025) have compared BPE, Sentence-
Piece, and character-level tokenization strategies
using IndicBERT for NER tasks in several low-
resource Indic languages.

There are several multilingual tokenizers, which
are based on popular subword tokenization meth-
ods and are trained on Indic data (Google Deep-
Mind, 2026; OpenAl, 2025; Doddapaneni et al.,
2023). Further, there has been recent effort related
to Sandhi-aware tokenization schemes for Tamil
(Priya R et al., 2025), Hindi and Marathi(Brahma
et al., 2026). As mentioned above, Dwivedi and
Gopalan (2026) introduce a Grapheme Cluster tok-
enization method, which is competent with sub-
word tokenization methods on clean and noise-
injected question answering tasks, and outperforms
them on word-level tasks such as transliteration and
grapheme to phoneme conversion for Hindi and
Marathi. Velayuthan and Sarveswaran (2025) pro-
pose a grapheme based BPE tokenization scheme
(GPE), which outperform English-centric and mul-
tilingual tokenizers on intrinsic metrics for Hindi,
Tamil, and Sinhala.

3 Methodology

We assess the performance of three grapheme
based tokenization methods against seven Indic-
focused and multilingual tokenizers as baselines for
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eleven Indic languages: Hindi, Marathi, Gujarati,
Bengali, Assamese, Odia, Punjabi, Telugu, Kan-
nada, Tamil, and Malayalam. The grapheme-based
tokenizers were trained using 100, 000 samples per
language from IndicCorpV2 (Doddapaneni et al.,
2023). Next, the samples were transliterated to IPA
and ITRANS using Aksharamukha (Rajan, 2018),
resulting in a total of 3.3 million samples in the
training dataset of the tokenizers.

3.1 Implementation

The implementation of the Grapheme Cluster
segmentation is based on the work of Dwivedi and
Gopalan (2026), but we extend the same algorithm
to Gujarati, Bengali, Gurumukhi, Tamil, Telugu,
Kannada, and Odia scripts by adding matras from
these scripts to the combining_marks and adding
the virama symbols from each script.

But in some languages, such as Tamil, and Malay-
alam, there are certain matras which, when attached
to a consonant, can not be described as one visual
unit even though they are vowels dependent on the
preceding consonant or conjunct. These matras
are not added to the combining_marks set. For
example, the Tamil syllable 6vIT (/@), is written as
two visually distinct glyphs. This syllable is tok-
enized by breaking it down into the two glyphs 6v

sides of a consonant; for example, in the syllable
G6v6TT (lau), the matra appears on both sides of
6L, and the syllable contains three visually distinct
glyphs.

The GPE-C tokenizer is parameterized by two
values: base vocabulary size K, and merge count
M. Beyond the top-K grapheme clusters, all char-
acters are decomposed into its constituent Uni-
code codepoints. For example, if the Malayalam
grapheme cluster oyl (ski) is not in the top-K el-
ements, it is decomposed into the following Uni-
code codepoints: av (U+0D38), & (U+0D4D), &»
(U+0D15), and <1 (U+0D3F).

Next, each entry in the base vocabulary is re-
encoded into Private Use Area (referred to as PUA
henceforth) codepoints with whitespace insertion at
the end if the original entry ended with a whitespace,
denoting the word boundary. We experimented
with four different values for K and M, deciding
on K = 2000 and M = 2000 based on the intrinsic
performance of the tokenizer, in comparison with
GPE and the Grapheme Cluster tokenizer (refer to
Section 3.2.1).

As baselines, we use seven out-of-the-box tok-
enizers, namely Gemma3 (Team et al., 2025), GPT-
OSS (OpenAl, 2025), IndicBertv2 (Doddapaneni
etal., 2023), MuRIL (Khanujaet al., 2021), Sarvam-
1 (Sarvam Al 2024), Sarvam-M (Sarvam Al, 2025),
and XLM-R (Conneau et al., 2020). These tokeniz-
ers have multilingual and Indic-focused vocabu-
laries, however they were not trained on the same
dataset as the grapheme cluster-based tokenizers
and may contain tokens from other languages.

3.2 Evaluation

The tokenizers are evaluated using information-
theoretic intrinsic metrics and based on their down-
stream performance on several word-level and Nat-
ural Language Understanding (referred to as NLU
henceforth) tasks'. We note that due to the limited
availability of training data, the experiments are lim-
ited to relatively small model and tokenizer sizes
as larger models may saturate under low-resource
conditions.

3.2.1 Intrinsic Evaluation

For the intrinsic evaluation of the tokenizers, we
present the Fertility (Ali et al., 2024), Rényi ef-
ficiency and Percentile Frequency (Zouhar et al.,
2023). Fertility refers to the average number of sub-
word tokens produced per tokenized word. Rényi ef-
ficiency is the Rényi entropy of the token-frequency
distribution at o = 2.5, normalized by log, of the
number of unique observed tokens. Percentile Fre-
quency is the cumulative probability mass of to-
kens whose frequency rank lies in the 3rd — 83rd
percentile. Higher values of Rényi efficiency have
been shown to improve the downstream perfor-
mance of language models on some tasks (Zouhar
et al., 2023), however they have also been shown to
be weakly correlated to other tasks (Dwivedi and
Gopalan, 2026; Cognetta et al., 2024).

The intrinsic metrics were calculated using the
devtest subset of the FLORES-101 parallel corpus
(Goyal et al., 2022)(CC BY-SA 4.0 license), which
consists of 1012 sentences per language.

3.2.2 Extrinsic Evaluation

The extrinsic performance of a tokenizer is based
on the downstream performance of a language
model that uses the tokenizer. The downstream
performance of the grapheme-based tokenizers is

'The source code is available at https://github.com/flame-
cai/constrained-gpe
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compared with the seven out-of-the box tokeniz-
ers on NLU and Word-level tasks. The NLU tasks
primarily assess the models’ ability to grammati-
cal structuring and meaning representation; for this
their performance is evaluated on three tasks: (i)
Named Entity Recognition (NER), (ii) Morphologi-
cal Inflection Generation, based on the SIGMOR-
PHON-UniMorph 2022 Shared Task 0: General-
ization and Typologically Diverse Morphological
Inflection (Kodner et al., 2022), and (iii) Lemmati-
zation(de Marneffe et al., 2021).

We also compare the performance of the tokeniz-
ers on word-level tasks related to pronunciation and
spelling of text; their performance is assessed on
two benchmarks for this: (i) grapheme-to-phoneme
(G2P) conversion, based on the SIGMORPHON
2020 shared Task 1 (Gorman et al., 2020) and (if)
single-word transliteration.

For conducting the extrinsic evaluation, one
encoder-decoder based T5 model (Raffel et al.,
2020) was pretrained from scratch for each of the
aforementioned tasks. For a given task, each model
was trained using the training samples from all
the languages. Each model consists of 4 layers,
other sub-layers and embeddings have the dimen-
sions d,eder = 512, the feed-forward neural net-
work in each of the layer has the output dimen-
sions d ¢y = 2048 followed by ReLU non-linearity,
and the key-value matrices have the dimensions
d, = 32. For regularization, the dropout_rate is
set to 0.1. The attention mechanisms of the mod-
els have 8 heads. The model was trained using the
AdaFactor optimizer (Shazeer and Stern, 2018) with
adaptive learning rate and a weight_decay of 0.01.
During training the batch_size was set to 16. The
model was trained for 10 epochs with early stopping
on validation loss. All runs use random_seed = 0.
The training took approximately 10 hours on three
48 GB NVIDIA RTX A6000 GPUs.

The multilingual NER, we use the Naamapadam
NER dataset (Mhaske et al., 2023) for the 11 lan-
guages, under the Creative Commons CCQ license.
The number of samples is restricted to 10, 000 per
language in the training set, resulting in 55,000
training samples for the task. For the Morphologi-
cal Inflection Generation task, the inflection dataset
for Assamese, Bengali, Hindi, Kannada, and Tel-
ugu was taken from Universal Morphology Project
(UniMorph) repository (Batsuren et al., 2022). The
maximum number of samples is limited to 10, 000
samples per language for each of the language; the
Assamese and Hindi datasets have 10,000 sam-

ples, whereas there are 3,999 samples for Bengali,
6, 755 for Gujarati, 4, 997 for Kannada and 1, 225
samples for Telugu, resulting in a total of 36,976
samples. For Lemmatization, we use the Universal
Dependencies (de Marneffe et al., 2021) Lemmati-
zation Tree Bank (Hindi, Tamil, Marathi in-domain
tree banks for training and evaluation, and Hindi-
Parallel Universal Dependencies (PUD) and Tamil-
Modern Written Tamil Treebank MWTT) for same-
language transfer evaluation). The training samples
are limited to 10, 000 per language for this task as
well. This resulted in a total of 13,577 samples
in the training dataset with 10, 000 Hindi samples,
937 Marathi samples, and 2, 640 Tamil samples.

The G2P task is trained and evaluated using the
WikiPron broad phonemic transcriptions data (Lee
et al., 2020), which is released under the CC BY-
SA 4.0 license, capping the training set to a maxi-
mum of 10, 000 samples per language. The train-
ing set contains 2,633 Assamese, 6,000 Bengali,
1, 854 Gujarati, 10, 000 Hindi, 796 Kannada, 6, 390
Malayalam, 2,413 Marathi, 634 Punjabi, 6,213
Tamil, and 2, 967 Telugu training samples, with a to-
tal of 39, 900 training samples. For transliteration,
we use the Dakshina dataset (Roark et al., 2020),
with 25,000 samples per language in the training
set (licensed under CC BY-SA 4.0). The transliter-
ation is evaluated using character error rate (CER),
whereas the G2P tasks is evaluated with word error
rate (WER) and phoneme error rate (PER).

4 Results
Tokenizer Fertility () Rényi Percentile ~ Vocab.
Eff. (1)  Freq. () Size

GraphemeCluster 3.420 0.635 0.509 68,214

GPE (K11, M32k) 2.434 0.698 0.613 100,107
GPE (K 32k, M32k) 2.439 0.699 0.616 64,343
GPE (K2, M32k) 2.602 0.747 0.696 34,678
GPE (K411, M2k) 3.261 0.659 0.538 70,362

GPE-C (K500, Ms00) 5420 0.703 0.762 2,062
GPE-C (K15, M1y) 4.662 0.751 0.794 2,942
GPE-C (K2, May,) 3.981 0.775 0.790 4,824
GPE-C (K51, Msy) 3.329 0.750 0.723 10,714

Table 2: Intrinsic evaluation of the grapheme cluster
based tokenizers on FLORES (devtest) evaluation bench-
mark dataset consisting of 1012 sentences in each of the
eleven languages.

In this section, we present and discuss the results
of our experiments on the grapheme cluster based
tokenizers. The performance of the grapheme clus-
ter based tokenizers on intrinsic metrics is reported
in Table 2. The table shows the performance of four
GPE-C configurations based on the base vocabu-
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Tokenizer as bn gu hi kn ml mr or pa ta te Fl1,, F1, Fl,,
(n=51) (n=607) (n=1076) (n=867) (n=1019) (n=974) (n=1080) (n=994) (n=993) (n=758) (n=847) (n=9266) (n=9266) (n=9266)

GPE-C 51.16 60.42 6739  66.04 6466 6940  72.39 18.14 58.18" 4898  70.24 59.70"  62.65* 58.82*
GPE 3829 5531 65.45 60.39 6242 6584  69.38 1557 5352  47.66 67.69 56.45  59.537  54.68
GraphemeCluster 4545 56.23 66.84 6176 6490 6543 70.63 1481 5539 4453  68.01 57.10 60.34 55.82
Gemma-3 31.82 5734 6424 6353 61.37 65.69 71.01 1419 4128 47.28 64.92 55.02 58.64 52.97
GPT-0SS 3830 56.62 66.84 6291 65.67 68.60  69.16 17.57 45.07 4750 67.72 56.85 59.84 55.09
IndicBERTV2 40.00 61.08 67.16 64.63 65.65 68.68  70.36 1155 5292 51.69 65.13 57.80 61.47 56.26
MuRIL 32.56  60.57 6429 6490 64.88 66.27 69.05 12.54 5292 4894 65.28 56.82 60.27 54.75
Sarvam-1 39.02  60.77 6793  64.11 64.04  68.19 69.98 1286 5190 49.72 67.23 57.60 61.17 55.98
Sarvam-M 38.09 59.33 64.46 6122  64.17 67.16 70.83 13.61 4599 46.67 6528 55.85 59.24 54.25
XLM-R 4324 5782 66.93 6594  66.17 67.53 72.94 17.42 5179 49.88  68.32 58.59 61.82 57.09

Table 3: F1 scores(%) of the multilingual NER models trained using different tokenizers on the Naamapadam NER
dataset. F1,,, F1,, and F1,, are the weighted, micro and the unweighted (macro) average F1 scores across the 11
languages. The best score per column is highlighted in bold, statistically significant improvement with p < 0.05 is
marked with an asterisk*, and the second-best is underlined.

lary size, K, and number of merges, M. We find
that the GPE-C tokenizer trained with the limited
size of 2,000 for both K and M shows the high-
est Rényi efficiency, without much degradation of
the other intrinsic metrics. Pushing the vocabulary
size to 10,000 with £ = 5,000 and M = 5,000
leads to a slight reduction in fertility but yields
diminishing returns on the distribution efficiency.
GPE-C (K5, Msy) achieves a higher Rényi ef-
ficiency than either partially constrained variant:
GPE (K, Moy), which limits only the merges,
and GPE (K5, M39y), which limits only the base
vocabulary. The GPE (K, M3sox) tokenizer ex-
hibits the best Fertility score, but struggles with the
Rényi Efficiency and Percentile Frequency, both of
which are much lower than the various GPE-C tok-
enizers. Constraining one while leaving the other
large is therefore not sufficient. The gain in dis-
tributional efficiency arises from constraining the
base vocabulary and the number of merges together.
The Grapheme Cluster tokenizer exhibits the low-
est Rényi Efficiency and Percentile Frequency. The
language-wise intrinsic metrics are available in Ap-
pendix A.

Table 3 reports the F1 scores of the grapheme
cluster based tokenizers compared to other tokeniz-
ers on the NER task. It presents the F1,,, the per-
language F1 score weighted by test-set size, and
F1,, the micro-F1 score which is obtained by pool-
ing true positives, false positives, and false neg-
atives across all 11 test sets, and F1,, is the un-
weighted (macro) mean of the 11 per-language F1
scores. The model trained with the GPE-C tok-
enizer achieves the highest weighted and micro-F1
score. XLLM-R achieves the second-best average
scores, while the GPE and Grapheme Cluster tok-
enizer based models show mediocre performance
on this task. No models show a significantly poor
F1 scores across the languages, except for Assamese
where the model using the Gemma-3 tokenizer ex-
hibits a low F1 score of 31.82 in comparison to the
GPE-C based model’s score of 51.16.

The model performance on the Morphological
Inflection Generation task is presented in Table 4.
On average, the Sarvam-M tokenizer shows the best
Accuracy and CER for this task, followed closely by
the GPE-C tokenizer. However, the per-language
metrics show much more variance for this task.

Inflection Accuracy (1) CER ({)
Tokenizer as bn gu hi kn te Avg,, as bn gu hi kn te Avg,,
(n=4684) (n=222) (n=375) (n=2721) (n=277) (n=68) (n=8347) (n=4684) (n=222) (n=375) (n=2721) (n=277) (n=68) (n=8347)
GPE-C 7829  94.14 90.93 99.12* 7437 94.12"  86.07 5.35 2290  1.87 0.11* 1190 2.40 3.79
GPE 737762 9549 8827 93.05 73.65  86.77 81.38 7.69 14.94 2.77 1.09 11.69  5.60 5.33
GraphemeCluster  76.79 9595 88.80  96.69  72.56  92.65 84.32 6.82 12.10 2.77 0.52 11.85 4.32 4.57
Gemma-3 70.92 86.04  85.33 92.65 7040  89.71 79.19 8.01 3.90 3.32 1.25 1237 448 5.35
GPT-0SS 8046 9279  88.53 94.41 76.53 8824  85.64 5.33 2.18 2.38 1.00 1629  3.20 3.81
IndicBERTv2 1.09 18.47 5.33 4340  23.10 441 16.29 87.61 4551  68.64 19.51 61.71 58.88  60.14
MuRIL 61.64 7793 84.00 9390 5524 66.18 73.42 11.53 6.61 4.80 1.07 20.62 12.80 7.57
Sarvam-1 75.11 91.89  88.80 94.78 65.34  76.47 82.27 7.16 2.66 2.69 1.28 13.70 8.32 491
Sarvam-M 81.68 93.69 93.60 9673 7220 83.82 87.14* 4.95 1.54 1.21 0.56 11.90 7.52 3.32
XLM-R 73.06 89.64  89.07 97.28 65.34  75.00 81.87 7.59 3.07 2.14 1.05 40.67  8.00 5.68

Table 4: Results from the Morphological Inflection Generation task using the UniMorph data, reported as percentages
(%). Avg,, denotes the weighted average across the languages. The best score per column is highlighted in bold,
statistically significant improvement with p < 0.01 is marked with an asterisk*, and the second-best is underlined.
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Accuracy (1) CER ()
Tokenizer hi hi_pud mr ta ta_mwtt Avg hi hi_pud mr ta ta_mwtt Avg
(n=5378)  (n=5223) (n=204) (n=987) (n=858)  (n=I12650) (n=5378) (n=5223) (n=204) (n=987) (n=858)  (n=12650)

GPE-C 84.64 83.88" 62.26 65.86 47.44 79.98* 6.58 8.44 20.19 20.46 36.37 10.56
GPE 79.29 76.53 64.22 67.98 47.09 74.84 8.83 11.35 21.69 19.28 35.94 12.62
GraphemeCluster 83.62 80.70 66.67 64.84 47.20 78.21 5.88 8.27 15.78 23.94 44.94 10.96
Gemma-3 45.44 40.05 50.49 45.49 26.22 42.00 50.93 58.30 35.73 54.87 84.46 56.26
GPT-OSS 62.57 58.15 57.84 59.07 39.16 58.81 27.18 34.59 22.62 34.00 43.37 31.84
IndicBERTv2 37.30 30.25 42.16 34.85 16.08 32.84 80.09 94.92 67.63 76.76 82.79 86.09
MuRIL 43.46 35.94 45.59 37.69 19.11 38.28 62.83 64.20 52.67 66.39 82.96 64.82
Sarvam-1 64.32 55.81 57.84 50.56 30.07 57.30 44.78 51.20 54.64 84.36 128.76 56.17
Sarvam-M 74.23 72.81 59.31 62.72 46.27 70.61 24.07 25.95 29.70 23.91 38.68 25.82
XLM-R 72.46 68.52 62.74 63.12 37.18 67.56 24.34 27.20 26.80 29.70 61.94 28.35

Table 5: Accuracy (%) and Character Error Rate (%) of the multilingual Lemmatization models. The best score per
column is highlighted in bold, statistically significant improvement with p < 0.01 is marked with an asterisk*, and
the second-best is underlined. The reported average is weighted by the test set size.

Both the Grapheme Cluster and GPE tokenizers
have the best and second-best accuracy scores for
Bengali, but they exhibit a mediocre CER for the
language. IndicBERTv2 shows poor performance
for this task. MuRIL shows very imbalanced perfor-
mance across the languages (55%-93% accuracy,
and 1.07% to 20.62% CER).

The accuracy and character error rate achieved
on the Lemmatization task are presented in Table 5.
We find that all the grapheme based tokenizers show
the highest performance on both the metrics. On av-
erage, the models trained with both the GPE-C and
Grapheme Cluster tokenizer outperform other mod-

els. On the other hand, IndicBERTv2 and MuRIL
based models showed the worst performance across
all the languages for this task.

Table 6 and Table 7 report the performance of the
tokenizers (phoneme error rate and word error rate,
respectively) on the Grapheme to Phoneme task.
The GPE-C tokenizer also demonstrates the lowest
average PER for the G2P task; it shows the best per-
formance for all tasks except Assamese and Hindi,
where it shows the second-best performance, be-
ing outperformed by the Sarvam-M tokenizer by a
small percentage. The Grapheme Cluster tokenizer
exhibits a decent third best performance, closely

Tokenizer as bn gu hi ml mr pa ta te Avg
(n=146)  (n=333)  (n=102)  (n=I1263)  (n=44)  (n=355) (n=134) (n=35) (n=345)  (n=164)  (n=2921)
GPE-C 8.92 18.20 8.40 5.12 8.09 9.67* 7.41 41.18 1.08* 2.58 717
GPE 16.74 21.73 19.08 8.36 29.36 13.10 10.39 52.94 4.37 8.12 11.31
GraphemeCluster 14.27 25.56 13.93 8.01 22.55 13.99 9.83 53.59 3.46 8.69 11.25
Gemma-3 16.32 33.28 21.18 2471 27.23 21.36 23.93 48.37 17.39 11.37 23.23
GPT-0SS 10.01 21.11 22.52 10.23 27.23 18.38 11.68 50.33 4.15 6.88 12.52
IndicBERTv2 43.21 58.03 84.35 91.39 89.79 70.62 65.53 109.80 74.30 68.10 78.39
MuRIL 47.87 48.98 54.96 47.76 48.09 48.89 52.99 56.86 32.02 43.65 46.30
Sarvam-1 14.54 27.61 40.65 22.16 51.49 23.62 26.78 75.82 19.21 23.11 23.87
Sarvam-M 8.09 19.58 10.12 4.89 13.62 14.11 8.55 42.48 251 4.87 8.29
XLM-R 18.66 34.77 39.31 27.41 64.25 34.42 33.33 81.70 23.24 24.64 29.63

Table 6: Phoneme Error Rate (%) of the models trained on the Grapheme to Phoneme task across all languages.
The reported average is pooled by phoneme count. The best score per column is highlighted in bold, statistically
significant improvement with p < 0.01 is marked with an asterisk*, and the second-best is underlined.

Tokenizer as bn gu hi ml mr pa ta te Avg
(n=146)  (n=333)  (n=102)  (n=1263) (n=44) (n=355)  (n=134) (n=35) (n=345)  (n=164)  (n=2921)
GPE-C 35.62 65.17 30.39 27.71 22.73 28.17* 32.09 85.71 5.80" 10.98 29.82
GPE 46.56 72.07 52.94 34.60 50.00 36.90 40.29 94.29 14.20 22.56 38.51
GraphemeCluster 42.47 79.28 41.18 34.92 40.91 41.41 39.55 91.43 15.36 31.71 39.85
Gemma-3 40.41 78.68 55.88 48.69 47.73 54.93 52.98 88.57 42.03 29.27 51.49
GPT-OSS 30.82 63.66 48.04 30.25 38.64 50.42 35.08 85.71 14.49 20.12 35.74
IndicBERTv2 73.29 92.79 98.04 99.37 95.45 94.08 90.30 97.14 96.23 93.90 95.45
MuRIL 96.58 99.70 100.00 99.92 100.00 98.87 97.76 100.00 100.00 98.78 99.45
Sarvam-1 37.67 72.67 62.74 45.05 63.64 52.11 54.48 97.14 40.29 48.78 50.29
Sarvam-M 26.71 66.67 33.33 20.03* 34.09 40.84 34.33 88.57 11.01 15.85 29.07
XLM-R 58.90 89.19 75.49 77.44 81.82 76.90 79.85 91.43 71.59 62.20 76.52

Table 7: Word Error Rate (%) of the models trained on the Grapheme to Phoneme task across all languages. The
reported average is weighted by per-language test size. The best score per column is highlighted in bold, statistically
significant improvement with p < 0.01 is marked with an asterisk*, and the second-best is underlined.
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Tokenizer bn gu hi kn ml mr pa ta te Avg
(n=2,500) (n=2,500) (n=2,500) (n=2,500) (n=2,500) (n=2,500) (n=2,500) (n=2,500) (n=2,500) (n=22,500)
GPE-C 15.13* 14.20" 11.82~ 5.65" 4.73* 8.67" 14.84 9.52* 9.41" 9.94*
GPE 25.16 20.55 19.70 11.56 12.37 14.95 19.79 15.28 16.94 16.84
GraphemeCluster 18.23 16.88 15.49 8.72 8.02 10.87 15.13 10.87 14.68 12.76
Gemma-3 55.79 30.14 49.44 21.09 23.43 36.04 26.96 35.00 25.97 32.82
GPT-0SS 33.10 27.78 32.58 18.77 17.82 22.99 24.39 18.42 21.40 23.38
IndicBERTv2 89.82 85.66 86.47 96.00 88.69 84.20 83.50 91.02 90.15 88.78
MuRIL 82.43 76.29 80.46 74.04 80.69 82.46 71.97 81.37 79.07 78.92
Sarvam-1 42.68 38.15 4235 33.60 28.20 35.69 35.12 37.08 36.42 36.15
Sarvam-M 25.80 18.49 23.23 10.89 8.91 16.19 20.50 15.09 17.59 16.71
XLM-R 45.49 38.22 44.79 36.35 4221 39.57 37.51 39.66 40.17 40.34

Table 8: Character Error Rate (%) of the models trained on the Transliteration task using the benchmark Dakshina
dataset. The reported average is pooled by character count. The best score per column is highlighted in bold,
statistically significant improvement with p < 0.01 is marked with an asterisk*, and the second-best is underlined.

followed by the GPE tokenizer. The IndicBERTv2
tokenizer leads to the worst performance based on
the PER. The MuRIL tokenizer has the worst WER
with an average of 99.45%, though it shows a com-
paratively less poor PER, averaging to 46.30%. It
also has a 100% word error rate in multiple lan-
guages.

The results of the transliteration task are pre-
sented in Table 8. For this task, both GPE-C and
Grapheme Cluster based models significantly out-
perform other models. The GPE-C based model
shows the highest average performance, followed
by the model using the Grapheme Cluster tokenizer
as the second best performer for this task. The GPE
tokenizer and Sarvam-M tokenizer are comparable
in performance on this task. On the other hand, the
models using the IndicBERTv2 tokenizer and the
MuRIL tokenizer show a very high character error
rate in transliteration for all languages.

Averaged over all languages, the results are signif-
icant for the Morphological Inflection Generation
(weighted accuracy with p<0.05), NER (weighted,
macro and micro F1 scores with p<0.05), Lem-
matisation (weighted accuracy with p<0.01), G2P
(weighted PER with p<0.01), and Transliteration
(weighted CER with p<0.01) tasks. However, we
observe that the results are not consistently signifi-
cant across all the languages for the tasks. For exam-
ple, the performance of the model trained with GPE-
C tokenizer on Punjabi for Transliteration, Tamil
MWTT for Lemmatisation, Telugu for Morpholog-
ical Inflection, and Punjabi, Oria, and Malayalam
for NER were found to not be statistically signifi-
cant in comparison to the second best performing
models for the respective task and language.

While all errors made by a model can not be at-
tributed to the tokenizer, in Table 9, we present a
qualitative analysis of the outputs of the models,
which can be caused due to the tokenizer used. For

the transliteration task, we observe that the errors
made by the grapheme based tokenizers are due
to the model transliterating English words written
in Indic scripts to a version which is faithful to
the pronunciation, but does not match with the En-
glish spellings. The Sarvam-M based model makes
similar mistakes but the transliterations are more
corrupted. However, in the case of models trained
with other tokenizers, they often predict an unre-
lated English word, or merge an English subword
with the first half of the transliteration.

Model Input Ground Truth Prediction
Transliteration

GraphemeCluster E(TG(@WS cocktail kaktel
GPE-C JSIED enzyme enjaaim
Gemma-3 AL aavaz dinos
GPT-0OSS e9Bpes® ashok ashometer
Sarvam-1 23 astr taavrat
Sarvam-M esBBeé3ont operating aaperingering
Lemmatization

GraphemeCluster rerT F awﬁaof F qrer
Gemma-3 e TJe [eSiieS
GPT-OSS 93 93 Kataallji:
MuRIL GE?FT KSER] KISSSEES]
Sarvam-1 Q6NT_&HEF 261M_&LD €09 00O
XLM-R Q&ThH&Es  Gamh  Vl04040Y...4640406Y
XLM-R GTGBTGOTITEL 1HT6oT HEAYS &6V
Morphological Inflection Generation

Gemma-3 CeE| i aﬁwf 9 o
Gemma-3 e lhy ekl

GPT-0SS Glcall &5 R

GPT-0SS EIEall DIl

IndicBERTv2 fof ot

IndicBERTv2 Jeer EalSiEyl

MuRIL Besd TR .
Sarvam-1 Qoth oo 620
Sarvam-M denllésd  Aewrldel 2A2elé e
XLM-R Siaopi & S8t | g

Table 9: Incorrect predictions made by different models
on the Transliteration, Lemmatization and Morphologi-
cal Inflection Generation tasks.

For the lemmatization task, we find that the
Sarvam-1 based model often outputs broken bytes
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instead of meaningful characters, Models using
Gemma-3, GPT-OSS, and Sarvam-M struggle with
lemmatization of digits, predicting text with mixed
scripts, We also observed that the XLM-R based
model often predicts mixed scripts of tokens. We
find that many of the tokenizers predict broken text
for the Morphological Inflection Generation task.
The grapheme based tokenizers do not lead to such
broken/missing tokens for any of the tasks; in the
case of these tokenizers, the common errors contain
repeated tokens or correctly spelled but wrong out-
put for a given input. The GPT-OSS based model
often predicts multiple matras attached to the same
consonants, which do not form any valid syllables.

Tokenizer Samples with

Undertrained Tokens

Samples with
Undertrained Rows

Transliteration

GraphemeCluster 50.84 15.44
GPE 72.76 27.85
GPE-C 6.79 1.45

Grapheme to Phoneme

GraphemeCluster 42.62 15.33
GPE 60.08 25.16
GPE-C 11.09 2.95

Lemmatization

GraphemeCluster 30.7 10.31
GPE 53.9 22.56
GPE-C 3.24 1.0

Morphological Inflection Generation

GraphemeCluster 11.14 0.46
GPE 16.46 0.71
GPE-C 1.51 0.06
NER

GraphemeCluster 45.58 2.28
GPE 54.28 4.08
GPE-C 1.39 0.05

Table 10: Percentage of both the embedding rows which
received less than 25 gradient updates during training
and the input tokens at inference which are represented
by these under-trained rows.

To assess why constraining the tokenizer vocab-
ulary impacts the downstream performance of a
model trained with a grapheme cluster based tok-
enizer, we investigate the embeddings of each of the
models since they are dependent on the tokenizer
used by the model. We analyse the number of em-
bedding rows trained for each model and for each
downstream task. We count the number of embed-
ding rows which have received gradient updates
less than 25 times during training, and how many
input tokens at the time of inference are represented
using those rows. The higher the number of sam-
ples and tokens represented using the under-trained
embedding rows, the greater is the reliance of the

model on the poorly trained representation at infer-
ence. We find that this number is much higher for
the GPE and Grapheme cluster tokenizer than the
GPE-C tokenizer for all the tasks.

Table 10 reports the percentage of samples and
percentage of tokens encountered at inference for
each task which were represented using the under-
trained token embedding rows. We observe that the
other two tokenizers lead to such embedding rows
representing a larger number of samples at infer-
ence (3.8x to 39.1x across the downstream tasks).
This indicates that the models trained using these to-
kenizers rely more frequently on under-trained rows
of their embedding matrices than the model trained
with GPE-C tokenizer. Across all tasks, the GPE-C
tokenizer consistently leads to a smaller fraction of
inference samples and tokens being represented by
embeddings which received less than 25 gradient
updates.

For example, we present some samples from the
test set which were represented using such under-
trained tokens, and led to poor outputs in Table 11.
The table shows the task, language, input, ground
truth, the tokenizer, minimum of the gradient up-
date count for each embedding row used for the
input, the tokenization of the input and the predic-
tion by the downstream model on the given input.
The minimum number of gradient updates received
by any of the token embeddings which represent
the input tokens for the model using the GPE-C
tokenizer is much higher than for the other two tok-
enizers. In the Lemmatization example, the model
using the other tokenizers received a minimum of
only 2 gradient updates whereas the GPE-c model
received 128 updates. Due to the Unicode fallback
in the GPE-C tokenizer, the input can be represented
through token embeddings which have undergone
a substantially higher number of gradient updates
than the other tokenizers. Hence GPE-C avoids
relying on under-trained token embeddings and pro-
duces the correct prediction.

These results are consistent with the intrinsic
evaluations, in which the GPE-C tokenizer exhibits
the most balanced token distribution as compared
to the other tokenizers. Across all the downstream
tasks, the models trained with GPE-C have the
smallest fraction of input tokens being represented
by embeddings that are under-trained; i.e. embed-
dings which only received a few gradient updates
while training the model. This suggests that a bal-
anced token distribution can lead to a better trained
token embedding matrix for the tokens encountered
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Language Input Gold Tokenizer Min. Gradient Updates Input Tokens Prediction
Transliteration
hi 3ThIge<h akapulko GraphemeCluster 2 3r/d1/ g/ = akapulcon
GPE 2 3 /@1/q/ D akapurikko
GPE-C 148 /@) q /Y F/ o akapulko
bn W’@ forestry GraphemeCluster 6 ﬁ/@/@ forestri
GPE 6 T/@/RG forestory
GPE-C 99 /@B forestry
te et chattabaddha GraphemeCluster 11 Sfe/0/8 chattabadda
GPE 11 TN chattabada
GPE-C 79 IETENIAYI chattabaddha
Grapheme to Phoneme
ml Q9Q0 ttarttar GraphemeCluster 5 a/go tartta
GPE 5 Qo/Qo tartta
GPE-C 131 Q/00/Q/o0 ttartta:
Lemmatization
ta THSHOTGLOMTT  JHSHeoTGLMY  GraphemeCluster 2 17/8&/68T &/ Lo/ ]/ T5&60T(GLOTFLD
GPE 2 /& &[66T&/Lom/iy/5 T&SH60TGLD
GPE-C 128 T/ 5/60T/%8/[7o/Lo/If 783601 (& Lo

Table 11: Examples of inputs represented by untrained row embeddings leading to incorrect predictions by models
trained with GPE and Grapheme Cluster tokenizer. Token boundaries are marked “/”. Correct prediction is

highlighted in bold.

at inference, providing an explanation for the im-
proved downstream performance.

5 Conclusion

In this paper, we demonstrate the impact of con-
straining the vocabulary size of the GPE tokenizer
on intrinsic and extrinsic metrics. We find that op-
timizing the GPE vocabulary to contain the 2,000
most frequent grapheme clusters in the base vocab-
ulary and 2, 000 merges demonstrates the best bal-
ance of Fertility and Rényi Efficiency scores. This
constrained vocabulary also leads to a competitive
and sometimes superior performance in the three
NLU and two word-level tasks in comparison to
other multilingual and Indic-focused tokenizers.

Through this work, we also compare the perfor-
mance of a vocabulary constrained GPE tokenizer
to various other tokenizers on extrinsic metrics for
11 Indian languages. We find that the grapheme
based tokenizers lead to the best downstream per-
formance for three Natural Language Understand-
ing tasks and two word level tasks. For some of
the tasks, the model using the Sarvam-M tokenizer
also shows competitive or superior performance,
whereas its performance is middling for other tasks.
We also find that IndicBERTv2 and MuRIL tok-
enizers show the poorest performance on average
across all tasks, except for the Named Entity Recog-
nition task, where the different models do not show
a significant difference in their performance.

We observe that the performance of the tok-
enizers on the intrinsic metrics does not trans-

late to downstream performance. While the GPE-
C (Ko, Myy) tokenizer exhibits superior perfor-
mance on both the Rényi Efficiency and most of the
downstream tasks, the same relationship does not
hold for the GPE and Grapheme Cluster tokenizers.
The GPE tokenizer outperforms the Grapheme Clus-
ter tokenizer on all three of the intrinsic metrics, but
it is outperformed by the latter on all downstream
tasks.

Future work in this direction should entail evalua-
tion of the tokenizers on more complex downstream
tasks, such as question answering, long context un-
derstanding, and reasoning, for which the availabil-
ity of large scale training data remains a bottleneck
in low resource settings, especially for comparisons
with state-of-the-art pretrained models.

6 Limitations

This work has some limitations, which are out-
lined in this section. The paper presents compari-
son of the downstream performance of the tokeniz-
ers on a limited number of NLU and word-level
tasks. Evaluating the tokenizers on larger and more
complex downstream tasks would require substan-
tially greater computational resources and large-
scale task-specific training corpora. This is pri-
marily due to the fact that tokenizer adaptation re-
quires pretraining a model from scratch instead of
parameter-efficient adaptation techniques.

Further, all the out-of-the-box tokenizers studied
in this paper were not trained on identical corpora,
which may introduce a degree of imbalance in their
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comparison. However, the primary objective of the
comparison is to evaluate the impact of tokeniza-
tion on downstream task performance rather than
direct comparison of intrinsic information-theoretic
abilities of the pretrained tokenizers. As the down-
stream evaluation intends to assess the impact of
tokenization on task-specific model learning, we
believe the work remains informative despite these
weaknesses.
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Tokenizer hi bn mr ta te kn ml pa gu or as Avg

GraphemeCluster 2.4007 3.2529 3.2943 4.7648 3.6563 4.1374 4.9699 2.7866 2.9255 3.3005 3.4036 3.4203

GPE (K411, M32k) 1.7340 2.2084 2.3569 3.0710 2.8482 3.1842 3.5482 1.8746 2.2374 2.3329 2.3343 2.4344
GPE (K321, M32k) 1.7409 2.2099 2.3624 3.0751 2.8506 3.1973 3.5531 1.8728 2.2449 2.3391 2.3358 2.4389
GPE (K2, M32y) 1.8804 2.3520 2.5165 3.1578 3.0935 3.4356 3.7520 1.9821 2.4427 2.5319 2.4752 2.6021
GPE (K411, Mag) 22899 3.0750 3.1240 4.3649 3.6162 4.0286 4.8189 2.5667 2.8261 3.1829 3.2441 3.2614

GPE-C (K500, M500) 3.6439 4.9791 5.0903 6.6972 6.5040 7.4829 7.9468 4.0320 4.9090 5.4953 5.1487 5.4196
GPE-C (K1, M1r)  3.1648 42590 4.4194 5.7214 5.5974 6.2206 6.6841 3.5238 4.2753 4.9167 4.3826 4.6623
GPE-C (K2k, May) 27855 3.6840 3.7693 4.8921 4.7141 5.2288 5.8692 2.9735 3.6668 4.0182 3.8008 3.9814
GPE-C (Ksg, Msr) 23921 3.0766 3.2697 4.1920 3.8813 4.2730 4.7514 2.4841 3.0762 3.2992 3.1992 3.3287

Table 12: Fertility across languages (), Avg is the corpus-pooled average fertility. Best values are shown in bold;
second-best values are underlined.

Tokenizer hi bn mr ta te kn ml pa gu or as Avg

GraphemeCluster 0.6329 0.6070 0.6452 0.5895 0.6736 0.6404 0.6418 0.6564 0.6444 0.6407 0.6097 0.6347

GPE (K411, M32k) 0.6600 0.6982 0.7011 0.6807 0.7059 0.6886 0.7005 0.7287 0.7170 0.7053 0.6958 0.6983
GPE (K321, M3ar)  0.6619 0.6987 0.7018 0.6793 0.7076 0.6882 0.6993 0.7286 0.7189 0.7063 0.6968 0.6989
GPE (K2, M32k) 0.7033 0.7408 0.7408 0.7546 0.7522 0.7550 0.7619 0.7518 0.7760 0.7505 0.7330 0.7473
GPE (K411, M2k) 0.6614 0.6413 0.6779 0.6613 0.6661 0.6537 0.6516 0.6857 0.6665 0.6520 0.6327 0.6591

GPE-C (K500, M500) 0.7321 0.7239 0.7461 0.6950 0.6498 0.6613 0.7039 0.7064 0.7066 0.6957 0.7146 0.7032
GPE-C (K11, M1)  0.7932 0.7606 0.7777 0.7491 0.7028 0.7293 0.7595 0.7549 0.7609 0.7307 0.7479 0.7515
GPE-C (K2k, Mar)  0.7874 0.7731 0.7925 0.7728 0.7447 0.7746 0.7847 0.7726 0.7955 0.7737 0.7501 0.7747
GPE-C (Ksk, Msr)  0.7444 0.7358 0.7482 0.7531 0.7462 0.7550 0.7682 0.7536 0.7719 0.7488 0.7235 0.7499

Table 13: Rényi efficiency (with @ = 2.5) across languages (1), Avg is the mean over the eleven languages. Best
values are shown in bold; second-best values are underlined.

Tokenizer hi bn mr ta te kn ml pa gu or as Avg

GraphemeCluster 0.4868 0.4929 0.5161 0.4847 0.5384 0.4910 0.5078 0.5900 0.4989 0.5108 0.4864 0.5095

GPE (K411, M32k) 0.5828 0.6152 0.6110 0.6274 0.5908 0.5796 0.6246 0.6749 0.6075 0.6228 0.6095 0.6133
GPE (K321, M32r) 05859 0.6158 0.6119 0.6313 0.5953 0.5831 0.6273 0.6754 0.6107 0.6242 0.6127 0.6158
GPE (K2, M32k) 0.6528 0.6842 0.6839 0.7160 0.6918 0.7102 0.7180 0.7080 0.7255 0.6979 0.6680 0.6960
GPE (K411, M2k) 0.5186 0.5346 0.5576 0.5659 0.5194 0.5002 0.5267 0.6243 0.5238 0.5306 0.5210 0.5384

GPE-C (K500, Ms500) 0.8040 0.7875 0.8153 0.7513 0.6832 0.7471 0.7647 0.7637 0.7697 0.7394 0.7608 0.7624
GPE-C (K11, M1) 0.8253 0.7821 0.8086 0.8020 0.7294 0.8040 0.7915 0.7972 0.8286 0.7853 0.7815 0.7941
GPE-C (K2k, Mar) 07935 0.7772 0.7939 0.7980 0.7430 0.7962 0.8095 0.8007 0.8178 0.7909 0.7653 0.7896
GPE-C (Ksk, Msr)  0.7040 0.7039 0.7097 0.7415 0.7063 0.7286 0.7479 0.7385 0.7600 0.7214 0.6902 0.7229

Table 14: Percentile-frequency scores across languages (1), Avg is the mean over the eleven languages. Best values
are shown in bold; second-best values are underlined.
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