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Abstract

Subword tokenization is widely used in mod-
ern large language models for open-vocabulary
coverage and token efficiency. We revisit word-
level tokenization by comparing it with Senten-
cePiece Unigram under matched byte fallback
settings, allowing both tokenizers to represent
out-of-vocabulary units without unknown to-
kens. Using language-appropriate word-like
segmentation, we evaluate models pretrained
from scratch across six model configurations in
English and, using a common model configu-
ration, across four languages (English, French,
Chinese, and Japanese), with vocabulary sizes
of 10k, 50k, and 100k. Although subword tok-
enization is generally more token-efficient, raw
accuracy varies across model configurations,
languages, and vocabulary sizes, with word-
level tokenization remaining competitive across
the evaluated settings. Word-level tokenization
also tends to achieve higher character-length-
normalized accuracy, although this complemen-
tary metric does not isolate the effects of tok-
enization on model scoring or establish a uni-
versal advantage in language modeling qual-
ity. These results show that word-level tok-
enization can remain competitive with subword
tokenization when open-vocabulary coverage
and language-appropriate segmentation are pro-
vided. Our code and tokenizers are publicly
available.1

1 Introduction

Input text to large language models (LLMs) is typ-
ically converted into token sequences by a prede-
fined tokenizer. Most modern LLMs use subword
tokenization methods such as byte-pair encoding,
unigram language-model tokenization, and Word-
Piece (Sennrich et al., 2016; Kudo, 2018; Kudo
and Richardson, 2018; Devlin et al., 2019). These
methods provide open-vocabulary coverage with

1Github tohoku-nlp/word-level-tokenization

Figure 1: Overview of word-level and SentencePiece
Unigram tokenization. Both methods support byte fall-
back for open-vocabulary coverage, while differing in
their segmentation strategies.

relatively compact vocabularies, but can split words
into multiple pieces and obscure word-level units.

We revisit word-level tokenization, which was
widely used in earlier neural language process-
ing (Jean et al., 2015; Luong et al., 2015). Con-
ventional word-level tokenizers often mapped out-
of-vocabulary (OOV) words to an unknown token,
discarding their surface forms. In contrast, we im-
plement word-level tokenization with byte fallback,
representing OOV units as UTF-8 byte sequences
rather than unknown tokens. Here, an OOV unit
denotes a segmented input unit absent from the
word-level entry vocabulary. Because word bound-
aries are language-dependent, we use rule-based
segmentation for English and French, jieba for Chi-
nese, and MeCab for Japanese. Figure 1 illustrates
the difference in segmentation between word-level
and subword tokenization, while highlighting their
shared byte fallback capability.

We compare word-level and SentencePiece Uni-
gram tokenization under controlled pretraining set-
tings. We evaluate six model configurations from
four architecture families in English and conduct
multilingual experiments in English, French, Chi-
nese, and Japanese using Llama3.2 1B, with target
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vocabulary sizes of 10k, 50k, and 100k. Within
each paired comparison, we hold the model config-
uration, pretraining corpus, optimization settings,
context length, random seed, and emitted-token
budget fixed while varying the tokenizer. Because
tokenizers differ in sequence length, however, a
fixed emitted-token budget can result in different
amounts of raw-text exposure.

Our results show that SentencePiece Unigram is
generally more token-efficient, but this advantage
does not consistently translate into higher down-
stream accuracy. Raw accuracy varies across model
configurations, languages, and vocabulary sizes,
while word-level tokenization remains competitive
across the evaluated settings. Word-level tokeniza-
tion more consistently achieves higher character-
length-normalized accuracy, although this comple-
mentary metric does not isolate the effects of tok-
enization on model scoring or establish a universal
advantage in language modeling quality.

Our contributions are threefold. First, we com-
pare word-level and SentencePiece Unigram tok-
enization under matched byte fallback availability
and controlled pretraining settings across multi-
ple model configurations, vocabulary sizes, and
languages. Second, we show that word-level to-
kenization remains competitive when language-
appropriate word-like segmentation and open-
vocabulary coverage are provided. Third, we quan-
tify the trade-off between token efficiency and down-
stream performance, showing that greater token ef-
ficiency does not consistently correspond to higher
downstream accuracy.

2 Related Work

Tokenization is a fundamental component of neu-
ral NLP systems, affecting vocabulary coverage,
sequence length, computational efficiency, multi-
lingual modeling, and representation (Mielke et al.,
2021). Prior work has documented the transition
from word-level models to character-, subword-,
and byte-level open-vocabulary modeling (Mielke
et al., 2021), alongside developments in neural
machine translation and pretrained language mod-
els (Jean et al., 2015; Sennrich et al., 2016; Devlin
et al., 2019; Raffel et al., 2020).

Before subword tokenization became dominant,
neural NLP systems commonly used word-level to-
kenization (Jean et al., 2015; Luong et al., 2015).
Such systems often mapped out-of-vocabulary
words to unknown tokens, creating a trade-off be-

tween vocabulary size and OOV frequency (Jean
et al., 2015; Sennrich et al., 2016). Subword meth-
ods instead decompose rare words into smaller
units while retaining frequent words as single to-
kens (Sennrich et al., 2016), enabling compact vo-
cabularies with broad coverage in models such as
BERT (Devlin et al., 2019) and T5 (Raffel et al.,
2020). Shorter sequences can improve computa-
tional efficiency and sometimes downstream perfor-
mance (Gallé, 2019), while vocabulary construc-
tion and optimization are themselves important de-
sign choices (Xu et al., 2021; Song et al., 2021).
However, tokenization is not solely a compression
problem: segmentation choices can affect model
behavior, and shorter sequences do not necessar-
ily yield better downstream performance (Schmidt
et al., 2024). Vocabulary size can also affect LLM
performance (Takase et al., 2025).

SentencePiece provides language-independent
subword tokenization directly from raw text and sup-
ports byte fallback (Kudo and Richardson, 2018).
It is widely used in multilingual settings, includ-
ing languages for which whitespace does not pro-
vide suitable segmentation boundaries (Kudo and
Richardson, 2018; Raffel et al., 2020). We use Sen-
tencePiece Unigram as the primary subword base-
line and additionally evaluate SentencePiece BPE,
with byte fallback enabled for both subword and
word-level tokenizers.

Prior work has also studied segmentation di-
versity and robustness through methods such as
Subword Regularization (Kudo, 2018) and BPE-
Dropout (Provilkov et al., 2020), as well as frag-
mentation, sequence efficiency, and representation
effects (Chai et al., 2024; Gallé, 2019; Mielke et al.,
2021). These studies highlight tokenization as a
modeling choice rather than only a compression
mechanism.

Other work has reconsidered the boundary
between tokenization and model architec-
ture (Thawani et al., 2023; Chai et al., 2024; Feher
et al., 2025). Examples include word-boundary
pooling (Thawani et al., 2023), latent or dynam-
ically constructed subword representations (Tay
et al., 2022), dynamic tokenization (Feher et al.,
2025), tokenizer-free byte- or character-level
models such as ByT5, CANINE, MEGABYTE,
and Charformer (Xue et al., 2022; Clark et al.,
2022; Yu et al., 2023; Tay et al., 2022), and patch-
based byte-level approaches such as Byte Latent
Transformer (Pagnoni et al., 2025). Unlike these
approaches, our study retains explicit tokenization
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and a conventional token-based language-modeling
setup.

Tokenization behavior also depends on linguistic
and morphological properties (Toraman et al., 2023;
Mielke et al., 2021). Morphologically rich lan-
guages can exhibit different tokenization behavior
and sequence lengths from English (Toraman et al.,
2023), and tokenizer behavior is sensitive to lan-
guage variation (Wegmann et al., 2025). Because
whitespace is not a universal proxy for word bound-
aries, morphology-aware and factorized subword
methods have been proposed (Samuel and Øvre-
lid, 2023), while vocabulary allocation and overlap
have been studied in multilingual language model-
ing (Limisiewicz et al., 2023). Ali et al. (2024)
examine tokenizer choice in LLM training, and
Brahma et al. (2026) study multilingual tokeniza-
tion for Indian languages. In contrast, we compare
externally supplied word-like segmentation with
learned subword tokenization, using rule-based seg-
mentation for English and French and language-
specific segmenters for Chinese and Japanese.

Finally, byte fallback allows strings outside a
fixed vocabulary to be represented without an un-
known token. Our word-level tokenizer represents
an OOV segmented unit by its UTF-8 bytes, separat-
ing word-like segmentation from the conventional
unknown-token limitation. Unlike tokenizer-free
models (Xue et al., 2022; Clark et al., 2022; Yu
et al., 2023) or methods that modify the interaction
between tokenization and model architecture (Tay
et al., 2022; Feher et al., 2025), we directly com-
pare word-level and subword tokenization under
matched pretraining settings, with byte fallback
available in both conditions.

3 Word-Level Tokenization

We revisit word-level tokenization under an open-
vocabulary setting in which out-of-vocabulary
(OOV) units are represented without being mapped
to an unknown token. Because “word” does not cor-
respond to a single language-independent segmen-
tation rule, we construct language-aware word-level
tokenizers using segmentation procedures appro-
priate for each language.

For English, we use rule-based segmentation
over ASCII alphabetic sequences, individual digits,
other non-whitespace characters, and whitespace.
For French, we apply Unicode NFC normalization,
apostrophe normalization, lowercasing, and whites-
pace normalization before rule-based segmenta-

tion that handles accented alphabetic sequences
and common apostrophe-based clitic boundaries.
For Chinese, we use jieba (fxsjy, n.d.) to seg-
ment non-whitespace text. For Japanese, we use
MeCab (Kudo et al., 2004) through fugashi (Mc-
Cann, 2020) and retain the surface forms of the
resulting morphological units. For Chinese and
Japanese, whitespace is handled separately from
language-specific segmentation. These procedures
are not intended to provide a unique linguistic defini-
tion of a word; rather, they provide reproducible, ex-
ternally supplied word-like boundaries for compar-
ing lexical segmentation with statistically learned
subword segmentation.

3.1 Vocabulary Construction
For each language, we apply the corresponding seg-
mentation procedure to the tokenizer-training cor-
pus and rank the resulting units by frequency. The
word-level vocabulary includes special tokens, a
dedicated whitespace token, and 256 byte-fallback
tokens. The remaining vocabulary entries are as-
signed to the most frequent segmented units. We
refer to the vocabulary settings by their nominal
target sizes of 10k, 50k, and 100k.

At tokenization time, the input is first processed
and divided into word-like units according to the
language-specific procedure. Each resulting unit is
then looked up independently in the fixed vocab-
ulary using the corresponding language-specific
normalization rules. An in-vocabulary unit is emit-
ted as a single token, whereas an OOV unit is con-
verted into a sequence of UTF-8 bytes, with each
byte represented by one of the 256 byte-fallback
tokens. For English, non-whitespace units are low-
ercased for vocabulary lookup, but OOV units are
byte-encoded using their forms before this lookup-
time lowercasing. For French, normalization is ap-
plied before segmentation, so byte fallback operates
on the normalized units. For Chinese and Japanese,
byte fallback operates on the units returned by their
respective segmenters. Segmentation therefore de-
termines the candidate lexical units, while vocabu-
lary membership determines whether each unit is
represented directly or through byte fallback.

This design separates lexical segmentation from
unknown-token handling. Conventional word-level
tokenizers can discard the surface form of an un-
seen unit by replacing it with an unknown token,
whereas byte fallback retains a byte-level represen-
tation of the corresponding unit. The resulting tok-
enizer therefore provides open-vocabulary coverage
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while preserving frequent segmented units as single
tokens.

Detailed normalization rules, segmentation pat-
terns, language-specific implementation choices,
and available tokenizer-training corpus specifica-
tions are provided in Appendix A.

3.2 Subword Baseline

Our primary subword baseline is SentencePiece Un-
igram. For each language, the Unigram tokenizer
is trained on the corresponding language-specific
tokenizer-training data, with target vocabulary-size
settings of 10k, 50k, and 100k. Both tokenizer con-
ditions support byte fallback.

Unlike the word-level tokenizer, which receives
externally supplied word-like boundaries, Sentence-
Piece Unigram learns its segmentation statistically
from the tokenizer-training corpus. Consequently,
a word-like unit identified by the external segmen-
tation procedure need not correspond to a single
Unigram token and may instead be represented by
multiple subword pieces. The comparison therefore
contrasts externally specified word-like segmenta-
tion with statistically learned subword segmentation
while retaining open-vocabulary coverage in both
conditions.

For French, the word-level and Unigram tok-
enizers are constructed using the same corpus of
five million normalized documents. The avail-
able tokenizer-training corpus specifications, in-
cluding the distinction between tokenizer training
and model pretraining in the Chinese experiments,
are detailed in Appendix A.5.

As an additional robustness check, we compare
the word-level tokenizer with SentencePiece BPE
under the same multilingual Llama3.2 1B setup.
These results are reported separately in Appendix C.

4 Experimental Setup

We evaluate word-level tokenization along two axes:
model architecture and scale, and language. First,
we compare tokenization strategies across multi-
ple model configurations in English. Second, we
compare them across languages using language-
appropriate word-like segmentation. The main ex-
periments compare word-level tokenization with
SentencePiece Unigram, while additional compar-
isons with SentencePiece BPE are reported in Ap-
pendix C.

4.1 Models and Pretraining

All models are initialized from scratch. Model
names such as SmolLM2 (Ben Allal et al., 2025),
Gemma3 (Gemma Team, 2025), Qwen3 (Qwen
Team, 2025), and Llama3.2 (Llama Team, 2024;
Meta AI, 2024) refer only to their architecture con-
figurations; no pretrained weights are used.

For the English experiments, we evaluate six
model configurations from four architecture fami-
lies: SmolLM2 135M, SmolLM2 360M, SmolLM2
1.7B, Gemma3 270M, Qwen3 0.6B, and Llama3.2
1B. For each configuration, we compare word-level
tokenization with SentencePiece Unigram at target
vocabulary-size settings of 10k, 50k, and 100k.

The English pretraining budgets scale approxi-
mately with model size. SmolLM2 135M, 360M,
and 1.7B are trained for 2.7B, 7.2B, and 34B emit-
ted tokens, respectively. Gemma3 270M is trained
for 5.4B tokens, Qwen3 0.6B for 12B tokens, and
Llama3.2 1B for 20B tokens.

For the multilingual experiments, we use the
Llama3.2 1B architecture for English, French, Chi-
nese, and Japanese. All models are trained for
20B emitted tokens with a context length of 1024.
For each language, we evaluate target vocabulary-
size settings of 10k, 50k, and 100k and compare
word-level tokenization with SentencePiece Uni-
gram. The additional BPE comparisons use the
same multilingual Llama3.2 1B setup.

Within each paired comparison, the tokenization
condition is the primary experimental component
intentionally varied. We keep the model architec-
ture, pretraining corpus, optimizer settings, con-
text length, random seed, and emitted-token budget
fixed. Vocabulary size is matched at the level of the
target vocabulary-size setting, while the resulting
token sequences and raw-text exposure are allowed
to differ as consequences of the tokenization strat-
egy.

Accordingly, the emitted-token budget, rather
than the amount of raw text, is matched between
tokenizer conditions. Because different tokeniz-
ers can encode the same raw text using different
numbers of tokens, paired models may process dif-
ferent numbers of documents, characters, and bytes
before reaching the common token budget. Our
comparisons therefore control the training budget
in terms of emitted tokens rather than the amount
of underlying text. We quantify the resulting differ-
ences in raw-text exposure directly in Section 6 and
account for them when interpreting downstream
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performance.
Detailed optimization and training settings are

provided in Appendix B.

4.2 Pretraining Data
English models are pretrained on FineWeb-Edu-
Dedup (Ben Allal et al., 2024; Penedo et al.,
2024). French and Chinese models are pre-
trained on the corresponding language subsets of
FineWeb2 (Penedo et al., 2025). Japanese models
are pretrained on FineWeb2-Edu Japanese (Penedo
et al., 2025; Tateno, 2025). Within each language,
the word-level and subword conditions use the same
model-pretraining corpus.

The tokenizer-training corpus need not be iden-
tical to the model-pretraining corpus. In the Chi-
nese experiments, the documented SentencePiece
tokenizer-training procedure uses data derived from
opencsg/chinese-fineweb-edu-v2, whereas
the models are pretrained on the cmn_Hani sub-
set of FineWeb2. Further details of the available
tokenizer-training corpus specifications are pro-
vided in Appendix A.5.

The word-level tokenizers apply language-
specific normalization and segmentation proce-
dures. For English, non-whitespace units are low-
ercased for vocabulary lookup, whereas OOV units
are byte-encoded using their forms before this
lookup-time lowercasing. For French, Unicode
NFC normalization, apostrophe normalization, low-
ercasing, and whitespace normalization are applied
before segmentation. For Chinese and Japanese,
whitespace and non-whitespace spans are handled
separately, with jieba and MeCab, respectively, ap-
plied to non-whitespace text. The language-specific
word-level segmentation procedures are described
in Section 3, with implementation details in Ap-
pendix A.

4.3 Evaluation Tasks
We evaluate all models in the zero-shot setting us-
ing lm-evaluation-harness (Biderman et al., 2024).
Because equivalent benchmark suites are not avail-
able across all four languages, we use six language-
appropriate tasks for each language.

For English, we evaluate ARC Easy, ARC Chal-
lenge (Clark et al., 2018), SWAG (Zellers et al.,
2018), PIQA (Bisk et al., 2020), HellaSwag (Zellers
et al., 2019), and OpenBookQA (Mihaylov et al.,
2018). For French, we use ARC Easy, ARC
Challenge, PIQA, HellaSwag, French Grammar,
and French Vocabulary (Faysse et al., 2025).

For Chinese, we evaluate Belebele (Bandarkar
et al., 2024), ARC, PIQA, PAWS-X (Yang et al.,
2019), XCOPA (Ponti et al., 2020), and XWino-
grad (Tikhonov and Ryabinin, 2021). For Japanese,
we use Belebele, JARC (Clark et al., 2018;
weblab-GENIAC, n.d.), PIQA, PAWS-X, Japanese
COPA (Roemmele et al., 2011; nlp-titech, n.d.), and
XWinograd.

These task sets are used to compare tokenizer
conditions within each language, rather than to
compare absolute performance across languages.
Accordingly, language-level averages are macro-
averaged over the six evaluation tasks for each lan-
guage.

4.4 Evaluation Metrics
We report both accuracy (acc) and character-length-
normalized accuracy (acc_norm) as implemented
in lm-evaluation-harness (Biderman et al., 2024).
Let s denote a candidate answer string, and let
c(τ) = (c1, . . . , cTτ ) be its tokenized representation
under tokenizer τ . For a prompt x, raw multiple-
choice scoring assigns the candidate the total con-
ditional log-likelihood

scoreraw(s; τ) =

Tτ∑
t=1

log pτ (ct | x, c<t). (1)

Normalized scoring divides the raw score by the
number of characters in the candidate answer string:

scorenorm(s; τ) =
scoreraw(s; τ)

Lchar(s)
. (2)

Here, Lchar(s) is the character length of the candi-
date string, as computed by the evaluation harness.
This denominator is not the number of tokens pro-
duced by tokenizer τ .

For each evaluation instance, let C(x) denote the
set of candidate answer strings for prompt x. The
predicted answer is selected by maximizing the cor-
responding candidate score:

ŝ = arg max
s∈C(x)

score(s; τ), (3)

where score is either scoreraw or scorenorm. Ac-
curacy is the proportion of evaluation instances for
which the selected candidate matches the gold an-
swer.

For a given candidate string, the character-
length denominator is the same across tokenizers,
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whereas its token sequence and conditional log-
likelihood can differ. Consequently, acc_norm con-
trols for candidate character length but does not
isolate tokenization effects from other differences
in model scoring. We treat raw accuracy as the pri-
mary downstream metric and use character-length-
normalized accuracy as a complementary measure.

For compactness, the main result tables report
the difference between word-level and Unigram per-
formance. For metric m ∈ {acc, acc_norm}, we
define

∆m = mword −mUnigram. (4)

Positive values favor word-level tokenization,
whereas negative values favor SentencePiece Un-
igram. The BPE results in the appendix use the
same convention, replacing mUnigram with mBPE.

5 Experimental Results

5.1 Generalization in English
Table 1 compares word-level tokenization with Sen-
tencePiece Unigram across six English model con-
figurations and three vocabulary sizes. The raw-
accuracy results are mixed rather than uniformly
favoring either tokenizer. At 10k, the average raw-
accuracy difference is negative for all six model con-
figurations, whereas at 50k and 100k it is positive in
five and four of the six configurations, respectively.

Aggregated over all 18 architecture–vocabulary
settings, the mean raw-accuracy difference is ap-
proximately zero. Thus, across the evaluated En-
glish architectures and scales, neither tokenizer
shows a consistent advantage in raw accuracy.

Character-length-normalized accuracy shows a
more consistent pattern: the average ∆acc_norm is
positive in all 18 architecture–vocabulary settings,
with a mean difference of approximately +0.023.
Because the denominator is the character length of
the candidate string rather than its tokenizer-specific
token count, this result should not be interpreted as
an advantage arising from token-count normaliza-
tion. The metric provides a complementary view
of downstream performance, while the tokenizer-
dependent likelihoods remain part of the compari-
son.

The differences also remain task-dependent. For
example, ARC Challenge frequently favors Un-
igram in raw accuracy, whereas OpenBookQA
shows comparatively large positive differences in
normalized accuracy. Overall, word-level tok-
enization remains competitive across the evaluated

model configurations, while relative performance
varies across tasks and vocabulary sizes.

5.2 Multilingual Generalization
Table 2 extends the comparison to English, French,
Chinese, and Japanese using the Llama3.2 1B ar-
chitecture. The average raw-accuracy difference is
positive in 11 of the 12 language–vocabulary set-
tings, with the only negative average occurring for
English at 10k (−0.0045). The average normalized
accuracy difference is positive in all 12 settings.

The largest average raw-accuracy differences oc-
cur in French, driven in substantial part by the
French Grammar and French Vocabulary tasks.
However, ARC Easy, ARC Challenge, and PIQA
include settings in which Unigram performs better,
indicating substantial task-level variation.

Chinese and Japanese provide complementary
settings in which word boundaries are not generally
marked by whitespace. Using jieba for Chinese
and MeCab for Japanese, the average raw-accuracy
difference is positive at all three vocabulary sizes
in both languages. Together with the English and
French results, these findings show that the compet-
itiveness of word-level tokenization is not limited
to English and is observed across the evaluated
languages when language-specific word-like seg-
mentation is used.

5.3 Effect of Vocabulary Size
Vocabulary size affects the tokenizer comparison,
but the pattern is not uniform across languages. In
the English architecture experiments, the average
raw-accuracy difference is negative for all six model
configurations at 10k, whereas positive differences
become more common at 50k and 100k (Table 1).
In contrast, French, Chinese, and Japanese show
positive average differences at all three vocabulary
sizes (Table 2). The differences do not increase
monotonically with vocabulary size, indicating no
simple monotonic relationship between word-level
vocabulary size and downstream accuracy.

For the word-level tokenizer, increasing vocab-
ulary size allows more frequent segmented units
to be represented directly rather than through byte
fallback. As analyzed in Section 6, this reduces
byte-fallback usage and increases the amount of raw
text processed under the fixed emitted-token budget.
However, these efficiency changes do not establish
a causal explanation for the observed downstream-
accuracy differences. Vocabulary size also affects
the model’s embedding and output layers and may
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SmolLM2 135M SmolLM2 360M SmolLM2 1.7B
Task 10k 50k 100k 10k 50k 100k 10k 50k 100k

Accuracy (∆acc)
ARC Easy +.0029 +.0012 +.0088 +.0152 +.0033 -.0034 +.0126 +.0168 +.0164
ARC Challenge -.0187 -.0094 +.0103 -.0281 -.0042 -.0145 -.0221 -.0350 -.0282
SWAG +.0089 +.0087 +.0059 +.0056 +.0092 +.0071 +.0041 +.0055 +.0083
PIQA -.0185 -.0065 +.0060 -.0169 +.0125 +.0065 +.0038 -.0081 +.0103
HellaSwag +.0018 +.0126 +.0100 +.0058 +.0118 +.0120 +.0082 +.0097 +.0074
OpenBookQA -.0560 +.0080 +.0180 -.0540 +.0100 -.0280 -.0380 -.0020 +.0400
Avg. -.0133 +.0024 +.0098 -.0121 +.0071 -.0034 -.0052 -.0022 +.0090

Normalized Accuracy (∆acc_norm)
ARC Easy -.0080 -.0063 +.0084 -.0097 -.0055 -.0005 -.0054 -.0068 +.0164
ARC Challenge +.0009 +.0290 +.0298 +.0034 +.0375 +.0102 -.0239 +.0214 +.0222
SWAG +.0038 +.0091 +.0003 +.0018 +.0093 +.0032 +.0015 +.0081 -.0009
PIQA +.0016 +.0033 +.0310 -.0033 +.0196 +.0294 -.0060 -.0071 +.0261
HellaSwag +.0045 +.0057 +.0079 +.0112 +.0065 +.0087 +.0063 -.0019 +.0015
OpenBookQA +.0380 +.1500 +.1220 +.0320 +.1440 +.1160 +.0380 +.1480 +.1080
Avg. +.0068 +.0318 +.0332 +.0059 +.0352 +.0278 +.0018 +.0269 +.0289

Gemma3 270M Qwen3 0.6B Llama3.2 1B
Task 10k 50k 100k 10k 50k 100k 10k 50k 100k

Accuracy (∆acc)
ARC Easy +.0030 +.0088 -.0029 +.0017 +.0051 -.0109 +.0198 +.0217 +.0379
ARC Challenge -.0248 -.0120 +.0085 -.0205 -.0214 -.0094 -.0470 -.0166 -.0111
SWAG +.0039 +.0093 +.0054 +.0133 +.0094 +.0050 +.0102 +.0094 +.0062
PIQA +.0055 +.0081 +.0054 -.0032 -.0038 +.0087 +.0211 +.0187 -.0044
HellaSwag +.0055 +.0068 +.0094 +.0087 +.0109 +.0122 +.0067 +.0067 +.0113
OpenBookQA -.0320 +.0180 -.0140 -.0240 +.0160 -.0220 -.0380 +.0040 +.0220
Avg. -.0065 +.0065 +.0020 -.0040 +.0027 -.0027 -.0045 +.0073 +.0103

Normalized Accuracy (∆acc_norm)
ARC Easy -.0038 +.0097 +.0173 -.0147 +.0059 +.0152 +.0047 +.0161 +.0240
ARC Challenge -.0094 +.0324 +.0128 +.0111 +.0264 +.0145 -.0097 +.0383 +.0009
SWAG +.0003 +.0098 +.0026 +.0153 +.0045 -.0023 +.0084 +.0093 +.0015
PIQA +.0055 +.0103 +.0299 +.0141 +.0114 +.0380 +.0212 +.0203 +.0430
HellaSwag +.0053 -.0040 +.0041 +.0116 +.0045 +.0051 -.0028 -.0082 -.0035
OpenBookQA +.0280 +.1340 +.1260 +.0420 +.1640 +.1100 +.0480 +.1120 +.0700
Avg. +.0043 +.0320 +.0321 +.0132 +.0361 +.0301 +.0116 +.0313 +.0226

Table 1: English performance differences between word-level and SentencePiece Unigram across model configura-
tions and target vocabulary sizes. Values are word-level minus Unigram; positive values favor word-level. Averages
are over six tasks, and vocabulary sizes include reserved tokens. acc_norm uses candidate character length, not
token count.

interact with sequence length, training dynamics,
and benchmark-specific candidate tokenization. We
therefore interpret downstream performance sepa-
rately from the measured changes in tokenization
efficiency.

6 Tokenization Efficiency Analysis

We analyze tokenization efficiency under the fixed
20B emitted-token budget in the multilingual
Llama3.2 1B experiments. For each tokenizer, we
report raw documents and language-specific seg-
mented units covered, tokens per segmented unit,
characters and UTF-8 bytes per emitted token, and
the proportion of byte-fallback tokens. Segmented

units follow the language-specific procedures in
Section 3; unit-level quantities are therefore in-
tended for within-language tokenizer comparisons.

SentencePiece Unigram is more token-efficient
than the word-level tokenizer in all 12 language–
vocabulary settings (Table 3). It processes more
raw documents and segmented units and represents
more characters and UTF-8 bytes per emitted token
under the same emitted-token budget.

Increasing the word-level vocabulary size re-
duces byte-fallback usage in all four languages and
correspondingly reduces the number of emitted to-
kens per segmented unit, increasing raw-text cover-
age.
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Llama3.2 1B EN Llama3.2 1B FR
Benchmark 10k 50k 100k Benchmark 10k 50k 100k

Accuracy (∆acc)
ARC Easy +.0198 +.0217 +.0379 ARC Easy -.0308 +.0111 -.0248
ARC Challenge -.0470 -.0166 -.0111 ARC Challenge -.0333 +.0026 -.0196
SWAG +.0102 +.0094 +.0062 PIQA -.0300 -.0300 +.0500
PIQA +.0211 +.0187 -.0044 HellaSwag -.0021 +.0022 +.0003
HellaSwag +.0067 +.0067 +.0113 French Grammar +.1933 +.1345 +.0504
OpenBookQA -.0380 +.0040 +.0220 French Vocabulary +.1428 +.1429 +.1765
Avg. -.0045 +.0073 +.0103 Avg. +.0400 +.0439 +.0388

Normalized Accuracy (∆acc_norm)
ARC Easy +.0047 +.0161 +.0240 ARC Easy -.0008 +.0085 +.0035
ARC Challenge -.0097 +.0383 +.0009 ARC Challenge -.0051 +.0068 +.0025
SWAG +.0084 +.0093 +.0015 PIQA -.0400 +.0200 +.0600
PIQA +.0212 +.0203 +.0430 HellaSwag +.0066 +.0015 +.0015
HellaSwag -.0028 -.0082 -.0035 French Grammar +.2437 +.1513 +.0420
OpenBookQA +.0480 +.1120 +.0700 French Vocabulary +.1933 +.1008 +.0588
Avg. +.0116 +.0313 +.0226 Avg. +.0663 +.0482 +.0281

Llama3.2 1B ZH Llama3.2 1B JA
Benchmark 10k 50k 100k Benchmark 10k 50k 100k

Accuracy (∆acc)
Belebele +.0133 -.0078 -.0155 Belebele +.0033 -.0056 +.0345
ARC -.0188 -.0145 +.0017 JARC +.0100 +.0300 +.0100
PIQA +.0100 +.0800 +.0500 PIQA +.0800 -.0400 -.0300
PAWS-X +.0085 +.0070 +.0110 PAWS-X -.0310 +.0840 +.0755
XCOPA +.0220 +.0080 +.0000 Japanese COPA -.0300 -.0040 +.0060
XWinograd +.0040 +.0218 +.0318 XWinograd +.0251 +.0177 -.0208
Avg. +.0065 +.0158 +.0132 Avg. +.0096 +.0137 +.0125

Normalized Accuracy (∆acc_norm)
Belebele -.0055 +.0022 +.0212 Belebele -.0134 -.0178 +.0034
ARC -.0154 -.0085 +.0000 JARC +.0600 -.0100 +.0000
PIQA +.0200 +.0500 +.0100 PIQA +.1200 -.0600 +.0600
PAWS-X +.0000 -.0165 +.0005 PAWS-X -.1165 +.0390 +.1065
XCOPA +.0040 -.0280 +.0160 Japanese COPA +.0060 +.0580 +.0020
XWinograd -.0020 +.0218 +.0139 XWinograd +.0021 +.0073 -.0042
Avg. +.0002 +.0035 +.0103 Avg. +.0097 +.0028 +.0280

Table 2: Multilingual performance differences between word-level and SentencePiece Unigram tokenization using
Llama3.2 1B. Values are word-level minus Unigram, averaged over six tasks per language. Vocabulary sizes include
reserved tokens. acc_norm uses candidate character length, not token count.

The character- and byte-based measures show the
same efficiency pattern. SentencePiece Unigram
represents more characters and UTF-8 bytes per
emitted token than the word-level tokenizer in all
12 settings. Unlike tokens/unit, these measures
do not depend on the language-specific definition
of a segmented unit, providing a complementary
view of tokenization efficiency.

Absolute byte rates should not, however, be com-
pared directly across languages: OOV units are rep-
resented by UTF-8 bytes, whose number depends
on the underlying writing system as well as vocab-
ulary coverage.

Greater token efficiency does not consistently cor-
respond to higher downstream accuracy. Although

Unigram covers more documents in all 12 settings,
the average word-level raw-accuracy difference is
positive in 11 of the 12 settings (Table 2). Thus, un-
der the evaluated fixed-token-budget setting, greater
raw-text coverage alone does not determine down-
stream performance.

7 Conclusion

We revisited word-level tokenization for language
model pretraining under open-vocabulary condi-
tions. By combining language-appropriate word-
like segmentation with byte fallback, we compare
word-level tokenization with SentencePiece Uni-
gram without the conventional limitation of map-
ping OOV units to a single unknown token.
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English French
Metric Type 10k 50k 100k 10k 50k 100k
docs_covered (M) Word 7.43 9.42 10.18 12.63 15.70 16.42

Unigram 16.84 19.89 20.61 25.23 29.66 30.52
units_covered (B) Word 11.34 14.38 15.51 14.42 17.92 18.75

Unigram 25.53 30.10 31.16 28.78 33.83 34.78
tokens/unit Word 1.76 1.39 1.29 1.39 1.12 1.07

Unigram 0.78 0.66 0.64 0.69 0.59 0.58
chars/token Word 1.75 2.21 2.39 2.00 2.49 2.60

Unigram 3.93 4.63 4.80 4.00 4.70 4.83
bytes/token Word 1.76 2.23 2.40 2.06 2.56 2.68

Unigram 3.95 4.66 4.82 4.11 4.83 4.97
byte_rate (%) Word 49.45 31.78 25.29 31.81 11.84 7.13

Unigram 1.78 2.10 2.18 0.05 0.06 0.06

Chinese Japanese
Metric Type 10k 50k 100k 10k 50k 100k
docs_covered (M) Word 9.72 12.80 14.61 14.76 19.26 20.38

Unigram 14.41 20.44 21.97 21.67 29.75 32.23
units_covered (B) Word 8.36 11.03 12.59 13.50 17.62 18.65

Unigram 12.43 17.64 18.97 19.82 27.28 29.75
tokens/unit Word 2.39 1.81 1.59 1.48 1.14 1.07

Unigram 1.61 1.13 1.05 1.01 0.73 0.67
chars/token Word 0.71 0.93 1.06 1.11 1.45 1.54

Unigram 1.05 1.49 1.60 1.63 2.25 2.45
bytes/token Word 1.96 2.58 2.95 3.13 4.08 4.32

Unigram 2.91 4.13 4.44 4.59 6.32 6.90
byte_rate (%) Word 68.79 52.73 43.49 37.09 13.38 7.51

Unigram 2.13 3.02 3.27 3.25 4.49 4.91

Table 3: Tokenization characteristics under a fixed 20B emitted-token budget for multilingual Llama3.2
1B. docs_covered and units_covered measure raw-text exposure; tokens/unit, chars/token, and
bytes/token measure tokenization efficiency; and byte_rate is the percentage of byte-fallback tokens.
tokens/unit can be below one for SentencePiece because its tokens may cross word-like unit boundaries. Each
condition uses its own corpus prefix up to the token budget. Vocabulary sizes denote target settings.

In the English experiments, raw-accuracy dif-
ferences vary across model configurations and vo-
cabulary sizes, with neither tokenizer showing a
consistent overall advantage. Character-length-
normalized accuracy favors word-level tokenization
on average across all 18 architecture–vocabulary
settings. Its denominator is based on candidate
character length rather than tokenizer-specific to-
ken count, so we interpret it as a complementary
downstream metric rather than evidence of a uni-
versal advantage in language modeling quality.

The multilingual experiments similarly show
that word-level tokenization remains competitive
in French, Chinese, and Japanese with language-
appropriate word-like segmentation. Positive av-
erage raw-accuracy differences are observed at all
three vocabulary sizes in these languages, includ-
ing Chinese and Japanese, where whitespace alone
does not determine word boundaries.

The efficiency analysis shows a clear trade-off.
SentencePiece Unigram processes more raw text

under the same emitted-token budget in all 12 mul-
tilingual language–vocabulary settings, while in-
creasing the word-level vocabulary consistently re-
duces byte-fallback usage and increases raw-text
coverage. However, greater token efficiency does
not consistently correspond to higher downstream
accuracy.

Overall, our results do not establish a univer-
sal advantage for either word-level or subword
tokenization. Rather, word-level tokenization
can achieve competitive downstream performance
when open-vocabulary coverage and language-
appropriate word-like segmentation are provided,
despite being less token-efficient in the evaluated
settings. Additional SentencePiece BPE compar-
isons in Appendix C show a broadly similar pattern,
with some differences across languages and vocab-
ulary sizes.

These findings motivate further investigation of
word-like lexical units as a viable alternative tok-
enization strategy for modern language models.
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Limitations

Our analysis relies on externally supplied language-
specific segmentation procedures, which should
not be interpreted as providing a unique linguistic
definition of a word. English and French use rule-
based segmentation, while Chinese and Japanese
use jieba and MeCab, respectively. The resulting
units depend on the segmentation rules, software,
and dictionary choices used for each language. Al-
ternative segmentation procedures could therefore
produce different vocabularies and downstream re-
sults.

The comparison also jointly varies how segmen-
tation boundaries are obtained. The word-level
tokenizer relies on externally supplied language-
specific segmentation, whereas SentencePiece
learns its segmentation from the tokenizer-training
corpus. Our experiments therefore compare these
tokenizer designs as complete systems rather than
isolating the effect of lexical unit size independently
of the segmentation procedure.

The fixed emitted-token budget does not control
the amount of raw text observed by each model. As
shown in Section 6, SentencePiece Unigram pro-
cesses more documents and segmented units than
the corresponding word-level tokenizer under the
same 20B emitted-token budget in all multilingual
settings. Our experiments therefore do not isolate
the effect of tokenization strategy from differences
in raw-text exposure. Experiments with matched
raw-text or document budgets would provide a com-
plementary comparison.

Byte-fallback statistics also require care when
compared across languages. Because an OOV seg-
mented unit is represented as a sequence of UTF-8
bytes, the number of emitted byte tokens depends
on both vocabulary coverage and the byte represen-
tation of the underlying text. Absolute byte rates
should therefore not be interpreted as directly com-
parable measures of segmentation quality across
languages.

Normalized accuracy divides candidate log-
likelihood by the character length of the candidate
string, not by its number of tokens. Although this
denominator is shared across tokenizers for a given
candidate string, the underlying token sequences
and model likelihoods can differ. We therefore treat
raw accuracy as the primary downstream metric and
character-length-normalized accuracy as a comple-
mentary measure. The normalized accuracy results
should not be interpreted as establishing a universal

advantage in language modeling quality.
Finally, the multilingual experiments use only

the Llama3.2 1B architecture and a single pretrain-
ing run for each tokenizer condition. Although the
English experiments cover six model configurations
from four architecture families, the study remains
limited in model scale, training budgets, datasets,
languages, and segmentation procedures. Addi-
tional random seeds, larger models, longer training
budgets, more languages, and alternative language-
specific segmentation procedures would help assess
the generality of the observed patterns.

Ethical Considerations

This study does not involve human-subject exper-
iments or author-collected personal information.
However, the tokenizers and models are trained
on large-scale text corpora that may contain biased,
offensive, toxic, or otherwise harmful content. Be-
cause the word-level vocabulary is constructed from
frequent segmented units, such content may also
appear as explicit vocabulary entries.

Tokenizer behavior and efficiency can vary
across languages and segmentation procedures. As
observed in our experiments, vocabulary coverage
and reliance on byte fallback differ across the eval-
uated languages, although absolute byte-fallback
rates should not be directly interpreted as measures
of linguistic quality or fairness. Such differences
may lead to unequal tokenization efficiency or ef-
fective raw-text exposure across languages under a
fixed token budget. Our results should therefore not
be interpreted as establishing that any tokenization
strategy is uniformly appropriate across languages
or user populations.

Applications of such tokenizers and models
should consider corpus filtering, vocabulary audit-
ing, downstream safety evaluation, and evaluation
across relevant languages and user groups.
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A Tokenizer Implementation Details

This appendix provides additional implementation
details for the language-aware word-level tokeniz-
ers described in Section 3. For each language, the
tokenizer applies a language-specific procedure to
obtain word-like units. The resulting units are then
independently mapped either to lexical vocabulary
entries or to UTF-8 byte-fallback tokens. The pro-
cedures described below specify how these units
are obtained and represented.

A.1 English
For English, we use deterministic rule-based seg-
mentation. Consecutive ASCII alphabetic charac-
ters form a single unit, digit sequences are split into
individual digits, and other non-whitespace char-
acters are treated as individual units. Whitespace
is handled separately: each whitespace character
is represented by the dedicated whitespace token,
_. Thus, consecutive whitespace characters pro-
duce multiple whitespace tokens, although different
whitespace characters are not distinguished by their
token representations.

For non-whitespace units, vocabulary lookup is
performed using the lowercased form. If the lower-
cased unit is present in the vocabulary, it is emitted
as a single lexical token. Otherwise, the unit is rep-
resented by the UTF-8 bytes of its form before this
lookup-time lowercasing. This procedure provides
deterministic word-like boundaries without relying
on a learned segmentation model.

A.2 French
For French, we apply language-specific normaliza-
tion before segmentation. The input is first normal-
ized to Unicode NFC, selected apostrophe variants
are mapped to the ASCII apostrophe, and the text
is lowercased. Consecutive whitespace characters
are then collapsed into a single space, and leading
and trailing whitespace is removed.

The normalized text is segmented using a rule-
based procedure that recognizes Unicode alphabetic
sequences, including accented letters and internal
apostrophes. Digit sequences are split into individ-
ual digits, and other non-whitespace characters are
treated individually. Whitespace is represented by
the dedicated whitespace token, _, after the preced-
ing normalization.

The segmenter also separates common
apostrophe-based clitics from the following unit.
For example, l'amour is divided into l' and

amour. A small set of lexical exceptions, including
aujourd'hui and quelqu'un, is retained as a
single unit when encountered as a whole unit.

Vocabulary lookup is performed on the resulting
normalized units. An OOV unit is represented by
the UTF-8 bytes of its normalized form. Conse-
quently, byte fallback retains the normalized unit
rather than recovering capitalization or apostrophe
variants removed during preprocessing.

A.3 Chinese
For Chinese, we first separate whitespace and non-
whitespace spans. Each whitespace character is
represented by the dedicated whitespace token, _.
Each non-whitespace span is then segmented using
jieba (fxsjy, n.d.) with cut_all=False.

The resulting units are independently looked up
in the vocabulary. An in-vocabulary unit is repre-
sented by a single lexical token, whereas an OOV
unit is represented by its UTF-8 byte sequence. The
tokenizer does not apply additional lowercasing,
Unicode normalization, or digit-specific splitting in-
ternally. Instead, the boundaries of non-whitespace
units follow the output of jieba.

A.4 Japanese
For Japanese, we likewise separate whitespace
and non-whitespace spans before morphologi-
cal segmentation. Each whitespace character is
represented by the dedicated whitespace token,
_. Each non-whitespace span is analyzed using
MeCab (Kudo et al., 2004) through fugashi (Mc-
Cann, 2020).

For each resulting morphological unit, we use
its surface form for vocabulary lookup rather than
its lemma or other dictionary features. An in-
vocabulary surface form is represented by a sin-
gle lexical token, whereas an OOV surface form
is represented by its UTF-8 byte sequence. The
tokenizer does not apply additional lowercasing,
Unicode normalization, or digit-specific splitting
internally.

The MeCab dictionary location can be specified
through the MECAB_DICDIR environment variable.
The implementation provides a default path to a
UniDic-lite dictionary when this variable is not set.

A.5 Vocabulary Construction
For all languages, we apply the corresponding seg-
mentation procedure to the tokenizer-training cor-
pus and rank the resulting units by frequency. The
word-level vocabulary includes special tokens, a
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dedicated whitespace token, 256 byte-fallback to-
kens, and frequent segmented units selected ac-
cording to the vocabulary-size setting. The same
language-specific segmentation and vocabulary-
construction procedure is used across the three nom-
inal target vocabulary-size settings of 10k, 50k, and
100k.

The tokenizer-training data are distinct from the
model-pretraining streams in their purpose and may
also differ in dataset provenance. The available
language-specific corpus specifications are as fol-
lows.

For English, the 10k, 50k, and 100k word-
level vocabularies use the same deterministic seg-
mentation and lookup procedure described in Ap-
pendix A.1. The released tokenizer assets preserve
the vocabularies and tokenization implementation
used in the experiments. The corresponding Senten-
cePiece Unigram tokenizers use the same nominal
vocabulary-size settings and support byte fallback.

For French, we construct the tokenizer-training
corpus from five million non-empty documents
obtained from the fra_Latn configuration of the
FineWeb2 training split. Documents are read
through streaming with a shuffle buffer of 50,000
and a random seed of 42. Before vocabulary con-
struction, we apply Unicode NFC normalization,
apostrophe normalization, lowercasing, and whites-
pace normalization. The word-level tokenizer and
SentencePiece Unigram are constructed using the
resulting normalized corpus.

For Chinese, the tokenizer-training cor-
pus consists of five million documents from
opencsg/chinese-fineweb-edu-v2. This
differs from the cmn_Hani subset of FineWeb2
used for model pretraining. The tokenizer-training
text is split into chunks of at most 4,000 Unicode
characters.

For Japanese, we construct the tokenizer-training
corpus from five million non-empty documents ob-
tained from the training split of FineWeb2-Edu
Japanese. The documents are read sequentially
in streaming mode without explicit shuffling. Af-
ter carriage-return normalization, null-character re-
moval, and conversion of line breaks to spaces, each
document is divided into chunks of at most 4,000
Unicode characters. The same chunked corpus is
used for both MeCab-based word-level vocabulary
construction and SentencePiece Unigram training.

At tokenization time, each segmented unit is con-
sidered independently. An in-vocabulary unit is
represented by a single lexical token. An OOV unit

is instead encoded as a sequence of UTF-8 bytes,
with each byte represented by its corresponding
byte-fallback token. The byte sequence is formed
from the unit produced by the applicable language-
specific procedure, subject to the lookup-time low-
ercasing behavior described above for English.

This design separates the choice of word-like
boundaries from the representation of units absent
from the lexical vocabulary. Rather than replacing
an OOV unit with a single unknown token, byte
fallback provides a representation of that unit at the
byte level. Here, “word-level” refers to the use of
externally supplied word-like segmentation, not to
a universal linguistic definition of a word.

A.6 SentencePiece Baseline

The SentencePiece Unigram tokenizer used as the
primary subword baseline is trained on the corre-
sponding language-specific tokenizer-training cor-
pus. Unlike the word-level tokenizer, which uses
externally supplied segmentation boundaries, Sen-
tencePiece Unigram learns its segmentation statis-
tically from the training corpus. As a result, a unit
identified by the language-specific word-level pro-
cedure may be represented by one or more Senten-
cePiece tokens.

Byte fallback is enabled for SentencePiece Uni-
gram as well as for the word-level tokenizer. The
comparison therefore examines externally speci-
fied word-like segmentation and learned subword
segmentation under open-vocabulary tokenization
conditions.

B Pretraining Settings

Table 4 summarizes the pretraining configurations
used in our experiments. Within each paired tok-
enizer comparison, the listed settings are held fixed
while the tokenizer is varied.

All models are initialized from scratch, and
model-family names refer only to architecture con-
figurations rather than pretrained weights. Train-
ing budgets are defined in emitted tokenizer tokens
and therefore do not imply equal raw-text exposure
across tokenizers (Section 6).

All listed configurations use
AdamW (Loshchilov and Hutter, 2019) with
a cosine learning-rate schedule, a warmup ratio of
0.01, weight decay of 0.1, and a maximum gradient
norm of 1.0. The training environment uses the
PyTorch fused implementation of AdamW. The
learning rate and batch size vary only where speci-
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Hyperparameter SmolLM2 135M SmolLM2 360M SmolLM2 1.7B
Target training tokens 2.7B 7.2B 34B
Language English English English
Sequence length 1024 1024 1024
Batch size 8 8 4
Dataset FineWeb-Edu-Dedup FineWeb-Edu-Dedup FineWeb-Edu-Dedup
Optimizer AdamW AdamW AdamW
Learning rate 3× 10−5 3× 10−5 2× 10−5

Warmup ratio 0.01 0.01 0.01
Weight decay 0.1 0.1 0.1
Max grad norm 1.0 1.0 1.0
LR scheduler cosine cosine cosine

Hyperparameter Gemma3 270M Qwen3 0.6B Llama3.2 1B EN
Target training tokens 5.4B 12B 20B
Language English English English
Sequence length 1024 1024 1024
Batch size 8 8 8
Dataset FineWeb-Edu-Dedup FineWeb-Edu-Dedup FineWeb-Edu-Dedup
Optimizer AdamW AdamW AdamW
Learning rate 3× 10−5 3× 10−5 3× 10−5

Warmup ratio 0.01 0.01 0.01
Weight decay 0.1 0.1 0.1
Max grad norm 1.0 1.0 1.0
LR scheduler cosine cosine cosine

Hyperparameter Llama3.2 1B FR Llama3.2 1B ZH Llama3.2 1B JA
Target training tokens 20B 20B 20B
Language French Chinese Japanese
Sequence length 1024 1024 1024
Batch size 8 8 8
Dataset FineWeb2 (French) FineWeb2 (Chinese) FineWeb2-Edu Japanese
Optimizer AdamW AdamW AdamW
Learning rate 3× 10−5 3× 10−5 3× 10−5

Warmup ratio 0.01 0.01 0.01
Weight decay 0.1 0.1 0.1
Max grad norm 1.0 1.0 1.0
LR scheduler cosine cosine cosine

Table 4: Pretraining settings for the model configurations and language settings used in our experiments. The upper
block reports the English SmolLM2 scaling experiments, the middle block reports the additional English architecture
experiments, and the lower block reports the multilingual Llama3.2 1B experiments. All models are trained from
scratch, and model names denote architecture configurations rather than pretrained checkpoints. The training budget
is defined in terms of emitted tokenizer tokens, and the same target budget is used within each paired tokenizer
comparison. Batch sizes denote the global batch sizes used in the corresponding configurations.

fied in Table 4; otherwise, the listed optimization
settings are shared across configurations.

Target vocabulary sizes are also matched between
the word-level and SentencePiece conditions. Re-
sulting token sequences and raw-text exposure may
differ as consequences of the tokenizer, as quanti-
fied in Section 6.

C BPE Comparison

As an additional comparison, we evaluate the word-
level tokenizer against SentencePiece BPE using
the same multilingual Llama3.2 1B setup as in
the main experiments. The experiments use the

same languages, model architecture, target vocabu-
lary sizes, pretraining corpora, preprocessing, and
emitted-token budgets. Within each paired com-
parison, these experimental settings are held fixed
while the tokenizer is varied.

Table 5 reports word-level minus BPE perfor-
mance differences. Positive values favor word-level
tokenization, whereas negative values favor Senten-
cePiece BPE.

Raw accuracy favors word-level tokenization on
average in 11 of the 12 language–vocabulary set-
tings. English, French, and Japanese have positive
average differences at all three vocabulary sizes.
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Llama3.2 1B EN Llama3.2 1B FR
Benchmark 10k 50k 100k Benchmark 10k 50k 100k

Accuracy (∆acc)
ARC Easy +.0156 +.0061 +.0249 ARC Easy -.0282 +.0000 -.0119
ARC Challenge -.0274 +.0021 -.0009 ARC Challenge -.0291 -.0051 -.0179
SWAG +.0039 -.0020 +.0014 PIQA -.0400 -.0500 +.0000
PIQA +.0108 +.0018 -.0191 HellaSwag +.0014 +.0046 +.0014
HellaSwag +.0062 -.0009 +.0059 French Grammar +.1765 +.0925 +.0588
OpenBookQA -.0040 +.0020 +.0520 French Vocabulary +.1344 +.1512 +.0840
Avg. +.0009 +.0015 +.0107 Avg. +.0358 +.0322 +.0191

Normalized Accuracy (∆acc_norm)
ARC Easy +.0073 +.0111 +.0114 ARC Easy -.0111 +.0017 -.0256
ARC Challenge +.0005 +.0169 -.0059 ARC Challenge -.0094 -.0035 -.0180
SWAG +.0031 -.0083 -.0083 PIQA -.0100 +.0300 +.0500
PIQA +.0038 +.0029 +.0087 HellaSwag +.0029 +.0058 +.0001
HellaSwag -.0241 -.0252 -.0173 French Grammar +.1681 +.1513 +.0756
OpenBookQA +.0040 +.0360 +.0500 French Vocabulary +.1765 +.0840 +.0000
Avg. -.0009 +.0056 +.0064 Avg. +.0528 +.0449 +.0137

Llama3.2 1B ZH Llama3.2 1B JA
Benchmark 10k 50k 100k Benchmark 10k 50k 100k

Accuracy (∆acc)
Belebele +.0033 -.0045 +.0178 Belebele -.0045 -.0045 +.0322
ARC -.0119 -.0094 +.0076 JARC -.0600 +.0400 +.0400
PIQA -.1100 +.0600 +.0300 PIQA +.0600 -.0400 -.0400
PAWS-X -.0085 -.0780 +.0370 PAWS-X +.0040 +.1050 +.0250
XCOPA -.0120 +.0200 -.0140 Japanese COPA -.0140 -.0180 -.0040
XWinograd +.0159 +.0198 -.0079 XWinograd +.0272 +.0010 -.0146
Avg. -.0205 +.0013 +.0118 Avg. +.0021 +.0139 +.0064

Normalized Accuracy (∆acc_norm)
Belebele +.0000 +.0111 +.0289 Belebele -.0156 -.0234 +.0000
ARC -.0137 +.0009 -.0017 JARC -.0300 +.0700 +.0400
PIQA -.1000 +.0600 +.0400 PIQA +.1100 -.0700 -.0500
PAWS-X +.0080 -.0205 +.0015 PAWS-X -.0235 +.1075 +.0030
XCOPA -.0220 -.0060 -.0120 Japanese COPA +.0000 +.0340 -.0020
XWinograd -.0238 +.0040 -.0119 XWinograd +.0052 +.0000 +.0000
Avg. -.0253 +.0083 +.0075 Avg. +.0077 +.0197 -.0015

Table 5: Word-level–BPE performance differences across four languages using Llama3.2 1B. Values are word-level
minus BPE; positive values favor word-level tokenization. Averages are computed over the six evaluation tasks
within each language. Vocabulary labels denote target vocabulary-size settings. acc_norm normalizes candidate
log-likelihood by candidate character length, not tokenizer-specific token count.

The exception is Chinese at 10k, where the average
difference is −0.0205, favoring BPE. The magni-
tude of the positive differences varies across lan-
guages and vocabulary sizes, with particularly large
averages in French.

The Chinese results also show a notable inter-
action with vocabulary size. The average raw-
accuracy difference changes from −0.0205 at 10k
to +0.0013 at 50k and +0.0118 at 100k. Nor-
malized accuracy follows the same broad pattern,
changing from −0.0253 at 10k to positive average
differences at 50k and 100k. However, task-level
differences remain mixed even when the average
difference is positive.

Across all four languages, the average difference
in normalized accuracy is positive in nine of the

12 settings. The exceptions are English at 10k,
Chinese at 10k, and Japanese at 100k. As in the
Unigram comparison, the BPE results vary across
languages, vocabulary sizes, tasks, and evaluation
metrics. Overall, these results show that word-level
tokenization remains competitive beyond the Uni-
gram baseline.

D BPE Tokenization Efficiency

To complement the downstream results, we an-
alyze SentencePiece BPE under the same fixed
20B emitted-token budget used in the multilingual
Llama3.2 1B experiments. Table 6 reports the cor-
responding tokenization statistics alongside those
of the word-level tokenizer. We use the same anal-
ysis procedure and language-specific definitions of
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English French
Metric Type 10k 50k 100k 10k 50k 100k
docs_covered (M) Word 7.43 9.42 10.18 12.63 15.70 16.42

BPE 17.54 20.20 20.68 25.00 29.59 30.53
units_covered (B) Word 11.34 14.38 15.51 14.42 17.92 18.75

BPE 26.58 30.57 31.28 28.53 33.75 34.79
tokens/unit Word 1.76 1.39 1.29 1.39 1.12 1.07

BPE 0.75 0.65 0.64 0.70 0.59 0.57
chars/token Word 1.75 2.21 2.39 2.00 2.49 2.60

BPE 4.09 4.71 4.82 3.96 4.69 4.83
bytes/token Word 1.76 2.23 2.40 2.06 2.56 2.68

BPE 4.11 4.73 4.84 4.07 4.82 4.97
byte_rate (%) Word 49.45 31.78 25.29 31.81 11.84 7.13

BPE 5.17 5.73 5.86 0.05 0.06 0.06

Chinese Japanese
Metric Type 10k 50k 100k 10k 50k 100k
docs_covered (M) Word 9.72 12.80 14.61 14.76 19.26 20.38

BPE 14.25 20.56 22.10 21.83 29.78 32.18
units_covered (B) Word 8.36 11.03 12.59 13.50 17.62 18.65

BPE 12.30 17.74 19.08 19.97 27.32 29.70
tokens/unit Word 2.39 1.81 1.59 1.48 1.14 1.07

BPE 1.63 1.13 1.05 1.00 0.73 0.67
chars/token Word 0.71 0.93 1.06 1.11 1.45 1.54

BPE 1.04 1.50 1.61 1.65 2.25 2.45
bytes/token Word 1.96 2.58 2.95 3.13 4.08 4.32

BPE 2.88 4.15 4.46 4.63 6.33 6.88
byte_rate (%) Word 68.79 52.73 43.49 37.09 13.38 7.51

BPE 2.11 3.05 3.28 3.27 4.49 4.90

Table 6: Word-level and SentencePiece BPE tokenization characteristics under a fixed 20B emitted-token budget
for multilingual Llama3.2 1B. docs_covered and units_covered measure raw-text exposure; tokens/unit,
chars/token, and bytes/token measure efficiency; and byte_rate denotes byte-fallback percentage. Sentence-
Piece tokens may cross unit boundaries, allowing tokens/unit below one. Each condition uses its own corpus
prefix. Definitions follow Table 3; vocabulary sizes denote target settings.

segmented units as in Section 6.
SentencePiece BPE is more token-efficient than

the word-level tokenizer in all 12 language–
vocabulary settings. It processes more raw doc-
uments and segmented units and represents more
characters and UTF-8 bytes per emitted token. The
word-level tokenizer also has a higher byte-fallback
rate in every setting, although its byte-fallback rate
decreases as vocabulary size increases. Thus, the
greater raw-text coverage observed for Unigram in
the main analysis is also present for BPE.

The effect of vocabulary size is also visible in
the BPE comparison. For both tokenizers, increas-
ing the target vocabulary size generally increases
the amount of raw text processed under the fixed
emitted-token budget. For example, BPE document
coverage increases from 17.54M to 20.68M in En-
glish and from 21.83M to 32.18M in Japanese be-
tween 10k and 100k, while the corresponding word-
level coverage increases from 7.43M to 10.18M
and from 14.76M to 20.38M. Although the magni-

tude varies across languages, larger vocabularies
generally represent the underlying text using fewer
emitted tokens.

BPE and Unigram show broadly similar tokeniza-
tion efficiency. At 100k, they process 20.68M and
20.61M documents in English and 32.18M and
32.23M in Japanese, respectively. Their character-
and byte-based efficiency measures are also simi-
lar, although their relative ordering varies across
languages and vocabulary sizes. Thus, neither sub-
word method shows a uniform efficiency advantage.

Finally, greater token efficiency does not consis-
tently correspond to higher downstream accuracy.
Despite processing less raw text under the same
emitted-token budget, word-level tokenization has
positive raw-accuracy differences against BPE in
11 of 12 language–vocabulary settings (Table 5).
Task-level results remain mixed across languages
and vocabulary sizes, consistent with the distinction
between tokenization efficiency and downstream
performance observed with Unigram.
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