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Abstract

Tamil is written in an abugida: most letters are a consonant followed by a combining vowel
sign or pulli (virama), stored by Unicode as separate code points. Recent work showed that pre-
tokenizer patterns matching letters with \p{L}+ split such scripts at every combining mark. We
measure what this and two related failures cost Tamil in 14 widely used open tokenizers, on 3,000
held-out passages of web and literary Tamil. Our metrics, released as track D4 of the Uraikal
benchmark, separate three kinds of damage: boundaries forced by the pre-tokenizer, tokens that
end inside a UTF-8 character, and learned boundaries inside a letter, which Tamil morphology
sometimes justifies. Qwen3’s pre-tokenizer cuts 98.8% of Tamil words and the tokenizer needs
9.99 tokens per word, 4.1x Gemma 3 and 6.0x a Tamil-trained tokenizer. Its successor Qwen3.5
uses a mark-aware pattern and a larger vocabulary and needs 4.28, still 1.75x Gemma 3. A
mark-aware pattern is not enough on its own: DeepSeek-V3 has no pre-tokenizer cuts, yet 21.8%
of Tamil words contain a token that ends mid-character. The harness is open source.

1 Introduction

A tokenizer decides how much text a language model sees per step, how much each request costs,
and which units the model must learn to compose. Tokenization is known to be uneven across
languages [1, 13, 18], and Tamil, spoken by more than 80 million people, is among the languages
that pay most.

Part of the reason is script. The word SLOILP (tamil, “Tamil”) is three letters to a reader, &, LA
and @, but five Unicode code points and 15 UTF-8 bytes, because the vowel sign <1 and the pulli
& are combining marks (category M). A pre-tokenizer that matches words as runs of \p{L} stops at
every mark. This was reported for OpenAl’s cl100k pattern in 2024 [2], shown for Tamil, Sinhala
and Hindi pre-tokenizers [21], and recently characterised as a fertility ceiling across 26 languages
[17] and as a limit on vocabulary extension [6].

We do not claim the mechanism. We ask what it, and two related failures, cost Tamil in the
tokenizers people use today. Our contributions:

1. D4, a Tamil tokenizer track whose metrics tell three failures apart: pre-tokenizer cuts, mid-
character tokens, and learned boundaries inside a letter (§3).

2. Measurements of 14 open tokenizers, including current models (Qwen3, Qwen3.5, DeepSeek-

V3, gpt-oss, Gemma 3, Sarvam), on held-out web and literary Tamil (§4).
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3. Evidence that a mark-aware pattern is necessary but not sufficient: the Qwen3 to
Qwend.5 change more than halves Tamil token counts, while a mark-aware tokenizer can still
split a fifth of Tamil words mid-character (§5).

2 Background and related work

Tamil in Unicode. Tamil has 12 vowels, 18 consonants, 216 consonant-vowel letters (2 ufNyGlLoul)
and the ¢b. Unicode encodes the vowels and consonants as letters (Lo) and the 11 vowel signs, the
pulli and the length mark 61T as combining marks (Mc/Mn), so a consonant—vowel letter is two
code points.

Pre-tokenization. Byte-level BPE [15, 19] first splits text with a regular expression and learns
merges only within the pieces, so a boundary the pre-tokenizer creates can never be merged away.
The choice of pattern measurably changes compression and downstream quality [7]. Velayuthan and
Sarveswaran [21] showed that GPT-2, GPT-4 and Llama 3 pre-tokenizers split Tamil words at the
pulli and proposed grapheme-based BPE. Regmi et al. [17] compared \p{L}+ with [\p{L}\p{M}]+
across 26 languages, derived a fertility floor that needs no training, noted that 0200k already uses
the mark-aware class, and found the letters-only class in most popular text-generation models.
Chaudhary [6] showed that adding merges cannot go below that floor for Nepali.

Indian-language tokenizer evaluations. Tamil fertility has been reported in model and tok-
enizer papers: 9.75 for Qwen in PARAM-1 [14], close to our 9.99 for Qwen3, and 2.50 for Gemma 3
in MUTANT [16], close to our 2.44. Other evaluations cover the 22 official Indian languages with
one sample each [20], train new Indic tokenizers [5], or constrain BPE by morphology [4]. Tamil-
Llama extended LLaMA’s vocabulary with Tamil tokens [3]; tokenizer transfer methods initialise
the new embeddings [8, 12].

Mid-character tokens. Byte-level vocabularies contain tokens that are partial UTF-8 sequences
[11], and such vocabularies can always generate ill-formed UTF-8 [9]. We measure how often they
occur inside Tamil words.

What is new here. A Tamil-specific measurement on held-out text of the tokenizers in current
use, with the three failures separated; the Qwen3 to Qwen3.5 comparison; and the rate of mid-
character tokens in a mark-aware tokenizer. [TODO: check Moon et al. (ICML 2026) on UTF-8
validity and VerChol (arXiv 2603.05883) before submission.]

3 The D4 track

Data. D4.web is 2,000 passages (113,875 words) drawn from shard data-52 of the verified Tamil
split of Sangraha [10] at revision 8b813c3f (CC BY 4.0), a shard we hold out of all our own tokenizer
training. D4.literature is 1,000 passages (48,044 words) from Project Madurai, a volunteer archive
of classical and modern Tamil literature; we publish its scores but not its text. Passages are lines
of at least 20 words, cleaned (Unicode NFC, invisible characters removed, legacy-order vowel signs
repaired) and kept only if at least 90% of their letters are Tamil.



Tokens/word Bytes/  Tamil words cut (%)

Tokenizer Vocab  web lit. token letter pre-tok. byte
Agaram-2.5B 64k 1.68 1.93 14.7  20.3 0 <0.1
IndicBERT v2f 250k  1.76 2.08 14.0 11.8 <0.1 0
MuRIL 197k 1.89 2.21 13.1 9.1 <0.1 0
BLOOM 251k 2.15 2.41 11.5  41.7 0 <0.1
Gemma 3 262k 2.44 2.69 10.1 25.4 0 <0.1
Sarvam-30B 262k 2.44 2.69 10.1 254 0 <0.1
Sarvam-1 68k 2.46 2.77 10.0 26.2 0 0.3
XLM-R 250k  2.48 2.79 9.9 16.2 0 4.6
mTH 250k  2.58 2.72 9.6 27.8 0 133
gpt-oss (0200k) 200k 3.19 3.41 7.7  65.0 0 2.2
Mistral Nemo 131k 3.77 3.89 6.5 77.4 0 5.9
Qwen3.5 248k  4.28 4.34 5.8 64.5 0 3.2
DeepSeek-V3 129k 4.96 4.94 5.0 87.9 <0.1 218
Qwen3 152k 9.99  10.02 2.5 98.8 98.8 99.5

Table 1: D4 results, sorted by tokens per word on D4.web. Bytes per token and the cut rates are
for D4.web; D4.literature follows the same pattern. No tokenizer produced more than 0.2 unknown
tokens per 1,000. TIndicBERT v2 fails the round trip only because its decoder keeps WordPiece
continuation markers.

Metrics. For each tokenizer and slice:

e Tokens per word over whitespace-separated words, and UTF-8 bytes per token, read
next to the vocabulary size.

¢ Pre-tokenizer cut: the share of Tamil words in which the pre-tokenizer, run alone, places
a boundary immediately before a vowel sign, pulli or length mark. Always a defect.

o Byte cut: the share of Tamil words containing a token that ends inside a UTF-8 character,
detected as consecutive tokens whose character offsets overlap. Always a defect.

e Letter cut: the share of Tamil words with any token boundary immediately before a mark.
A diagnostic, not a defect: Tamil suffixes often begin inside a letter (LOJHe&H = LOJHS +
89, “the tree” + accusative), so a learned cut there can follow the grammar.

e Unknown tokens per 1,000 tokens, and round trip: the share of passages whose decoding
equals the input, ignoring whitespace.

Tokenizers. We load 14 tokenizers from the Hugging Face Hub with trust_remote_code=False.
Llama 3.1 and Aya Expanse are gated and were not included in this draft [TODO: add both].

4 Results

Table 1 and Figure 1 show a sixfold spread. The tokenizers trained with Tamil in mind lead:
Agaram (1.68 tokens per word with only 64k entries) and IndicBERT v2 (1.76). Large multilin-
gual vocabularies (Gemma 3, BLOOM, XLM-R, mT5) need 2.2-2.6. The regex-based byte-level
tokenizers trail, and Qwen3 is an outlier at 9.99 tokens per word and 2.5 bytes per token, less than
one Tamil character per token on average. Every tokenizer needs more tokens on literary than on
web text, except DeepSeek-V3, which is equally poor on both.
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Figure 1: Tokens per word on D4.web. Fewer is better at a given vocabulary size. Qwen3, high-
lighted, is the only tokenizer with more than 0.1% pre-tokenizer cuts.

5 Analysis

The pattern accounts for Qwen3. Qwen3 matches words with
["\r\n\p{LI\p{N}]1?\p{L}+

so a vowel sign ends the run and attaches to the next piece: g)uﬂg) becomes LD | fiiﬂ@ | &
This happens to 98.8% of Tamil words, and 99.5% contain a byte cut. The gpt-oss (0200k), Mistral
Nemo, DeepSeek-V3 and Qwend.5 patterns all include \p{M} in their letter classes and make almost
none (<0.1%), consistent with [17].

Qwen3 to Qwen3.5. Qwen3.5 switched to [\p{L}\p{M}+ and grew its vocabulary from 152k
to 248k entries. Tamil tokens per word fell from 9.99 to 4.28 and byte cuts from 99.5% to 3.2%.
Both changes landed together, so this comparison cannot say how much each contributed (§6).
Qwend.5 still needs 1.75x the tokens of Gemma 3.

A mark-aware pattern is not sufficient. DeepSeek-V3 has no pre-tokenizer cuts yet splits
21.8% of Tamil words mid-character: its byte-level vocabulary contains too few Tamil merges to
reach character boundaries. mT5 (13.3%) and XLM-R (4.6%) show the same effect through byte
fallback. The pattern decides which merges are possible; the vocabulary decides which were learned.

Letter cuts are not the target. FEven tokenizers that need fewer than 2.5 tokens per word
place a boundary inside a letter in 9-42% of Tamil words, many where a suffix begins (LOJ&H60 ).
We therefore treat pre-tokenizer and byte cuts as defects and letter cuts as a diagnostic.

Shared vocabularies. Sarvam-30B and Gemma 3 produce identical tokens per word to two
decimal places on both slices; 239,316 of Sarvam-30B’s 262,144 entries also appear in Gemma 3’s
vocabulary.



Cost. At equal price per token, a Tamil request costs about 4.1x more on Qwen3 than on
Gemma 3, and a context window holds about a quarter as much Tamil.

6 Separating pattern from vocabulary

[TODO: Train byte-level BPE with the Qwen3 pattern and with [\p{L}\p{M}]+ at 2-3 fixed
vocabulary sizes, on Sangraha shards other than data-52, and report all D4 metrics. This isolates
the pattern’s effect that the Qwen3 to Qwen3.5 comparison confounds with vocabulary growth.

CPU only.]

7 Limitations

Tokens per word is a proxy; the real test is the quality of models trained with each tokenizer, which
needs GPU time [TODO: bits-per-byte follow-up|. Words are whitespace-separated. D4.literature
cannot be released, so its numbers can be checked only by us. Two widely used tokenizers are
missing because they are gated. We measured the smallest Qwen3.5 checkpoint’s tokenizer, which
we assume the family shares [TODO: confirm].

8 Release

The metrics, cleaning code and data preparation are in uraikal (Apache 2.0; https://github.
com/zhagaramlabs/uraikal, pip install uraikal); the command uraikal tokenizers repro-
duces Table 1. [TODO: D4.web on Hugging Face.]
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