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Abstract

Tokenization remains a persistent bottle-
neck in language modeling, especially when
vocabulary learning is limited by whites-
pace boundaries. We present SupraTok,
a tokenizer that crosses whitespace bound-
aries using three modular components: op-
tional entropy-based data curation, staged
curriculum training with PMI-guided can-
didate search, and multilingual script han-
dling. At 100k vocabulary on the same
unfiltered training data, SupraTok improves
compression over standard BPE by 17.5%
and over the official SuperBPE implemen-
tation by 1.8%, while training 2.1× faster
than SuperBPE. Across 50k–300k vocabu-
laries in the same matched setting, Supra-
Tok remains ahead of SuperBPE by 1.8%–
8.6%. We evaluate entropy filtering sepa-
rately as a pipeline step: at 100k vocabu-
lary it raises SupraTok from 5.78 to 5.99
C/T, while matched controls show a smaller
gain for SuperBPE and almost no change
for SP-BPE-CrossBoundary. On FLORES-
200 across 14 languages, SupraTok yields
a macro-averaged 34.9% relative gain over
the BPE baseline. In separate down-
stream experiments with matched compute
and fixed token budgets, using 12L-768d
and 24L-1024d GPT-2-style backbones with
256k vocabularies, SupraTok improves Hel-
laSwag and MMLU. Overall, these results
show that crossing whitespace boundaries
gives consistent compression gains under
controlled public-data comparisons, while
optional entropy filtering provides a sepa-
rate pipeline benefit.

1 Introduction

Recent progress in language modeling has been
driven primarily by increases in model scale, train-
ing data, and architectural refinement (Hestness
et al., 2017; Vaswani et al., 2017; Gao et al.,

2020). By comparison, tokenization remains rela-
tively underexplored, even though it directly con-
trols sequence length, vocabulary allocation, and
the interface between raw text and model compu-
tation.

Tokenization serves as the interface between
text and neural computation. Modern lan-
guage models commonly use subword tokeniza-
tion methods such as BPE, WordPiece, and
unigram language-model tokenizers, often im-
plemented through toolkits such as Sentence-
Piece (Gage, 1994; Sennrich et al., 2016; Wu
et al., 2016; Kudo and Richardson, 2018; Kudo,
2018). In practice, these tokenizers are frequently
trained with whitespace-aware pretokenization,
which prevents tokens from crossing word bound-
aries.

Whitespace-aware tokenization is convenient
for many alphabetic languages, but it can be
restrictive when useful units cross whitespace
boundaries, when scripts do not mark boundaries
consistently, or when recurring multiword expres-
sions behave as reusable lexical units (Salehi et al.,
2015; Rust et al., 2021). These restrictions in-
crease sequence length and consume vocabulary
capacity on fragments that may be less useful than
reusable cross-boundary units.

Recent research has explored alternatives.
Byte-level and character-level approaches relax
or eliminate tokenization constraints, but usu-
ally at the cost of architectural changes or much
longer sequences (Pagnoni et al., 2025; Clark
et al., 2022; Xue et al., 2022). Concurrent work
on SuperBPE (Liu et al., 2025) and Boundless
BPE (Schmidt et al., 2025) shows that cross-
boundary tokenization can improve compression
substantially. Our contribution is a modular to-
kenizer architecture with three components: op-
tional entropy-based data curation, a staged train-
ing curriculum with PMI-guided candidate discov-
ery, and script-aware processing for multilingual
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settings, evaluated under matched-data compar-
isons.

We therefore focus on two questions. First, how
much of SupraTok’s compression gain comes from
the tokenizer algorithm itself under controlled un-
filtered training data? Second, how much addi-
tional benefit comes from optional entropy-based
curation as a separate pipeline component? The
remainder of the paper is organized to answer
those questions directly while also evaluating mul-
tilingual compression and downstream language-
model performance.

2 Related Work

2.1 Subword Tokenization

Modern language models commonly use subword
tokenization methods such as BPE, WordPiece,
and unigram language-model tokenizers (Gage,
1994; Sennrich et al., 2016; Wu et al., 2016;
Kudo, 2018). SentencePiece (Kudo and Richard-
son, 2018) provides a widely used toolkit for both
BPE and unigram training directly from raw text,
including optional control over whitespace split-
ting.

2.2 Cross-Boundary and N-gram
Tokenization

Recent work has begun to relax the standard
whitespace-boundary assumption in different
ways. SuperBPE (Liu et al., 2025) intro-
duces a two-stage pretokenization curriculum
that first learns conventional subwords and
then resumes training while lifting whites-
pace restrictions to learn superwords. Sen-
tencePiece (Kudo and Richardson, 2018)
supports cross-boundary training through
split_by_whitespace=false, which
we include as a direct baseline. Boundless
BPE (Schmidt et al., 2025) is also relevant as con-
current work on tokenizer construction without
pretokenization boundaries. Our contribution is
therefore not the first cross-boundary tokenizer,
but a modular tokenizer architecture that com-
bines controlled curriculum learning, PMI-guided
candidate discovery, and optional entropy-based
data curation under a fair-comparison protocol.

Relationship to SuperBPE. SuperBPE and
SupraTok are best viewed as two different
curriculum-based approaches to cross-boundary
tokenization. In this paper, we compare them
under matched public-data conditions rather than

contrasting a curriculum method with a non-
curriculum one. Under identical unfiltered train-
ing data, SupraTok improves compression over
SuperBPE at 100k vocabulary and remains ahead
across a 50k–300k vocabulary sweep. We addi-
tionally evaluate the same entropy-filtering proce-
dure separately on the cross-boundary tokenizers
in Table 4B to distinguish algorithmic gains from
pipeline-level preprocessing gains.

2.3 Tokenization Scaling Laws

Recent work has investigated the relationship be-
tween vocabulary size and model performance.
Tao et al. (2024) demonstrate that optimal vocabu-
lary size scales with model size and training data,
finding that larger models benefit from larger vo-
cabularies. Their analysis shows diminishing re-
turns beyond certain vocabulary sizes relative to
model capacity, suggesting careful vocabulary op-
timization is essential.

Huang et al. (2025) extend this analysis to
n-gram tokenization, showing that incorporat-
ing multi-token units (analogous to our cross-
boundary patterns) can improve compression ef-
ficiency and downstream performance. Their scal-
ing analysis reveals that n-gram vocabulary bene-
fits compound with model size, supporting our hy-
pothesis that semantic unit preservation becomes
increasingly valuable at scale.

SupraTok contributes to this line of research
by showing that which units occupy the vocab-
ulary, especially cross-boundary semantic units
rather than arbitrary fragments, can materially af-
fect compression alongside vocabulary size itself.
Our PMI-guided pattern selection provides a prin-
cipled approach to vocabulary composition that
complements scaling law insights.

2.4 Linguistically-Motivated Tokenization

Prior work has incorporated linguistic knowl-
edge into tokenization through methods such as
Morfessor-style morphological analysis (Virpioja
et al., 2013), stochastic regularization via BPE-
dropout (Provilkov et al., 2020), and multilin-
gual morphological features (Wang et al., 2021).
SupraTok differs by focusing on cross-word rather
than within-word units—identifying multi-word
expressions that linguistic theory recognizes as
fundamental to language processing (Sinclair,
1991).
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3 Methods

3.1 Overview of the SupraTok Pipeline
SupraTok consists of three modular components.
First, optional entropy-based data curation filters
low-information documents from the tokenizer-
training corpus. Second, the tokenizer is trained
through three sequential passes that progressively
relax boundary constraints and expose richer
cross-boundary candidates. Third, SupraTok uses
script-aware processing, with additional language-
specific heuristics for multilingual settings. We
describe these components separately and evalu-
ate them separately in Section 4.

Throughout the paper, we measure compression
as characters per token (C/T), where larger values
indicate better compression.

3.2 Entropy-Based Data Curation
The quality of training data affects which patterns
dominate tokenizer learning. SupraTok therefore
supports an optional entropy-based filtering stage
before vocabulary training.

We calculate character-bigram entropy for each
document in the training corpus:

H(doc) = −
∑
i

p(bi) log2 p(bi) (1)

where bi represents character bigrams. Docu-
ments are classified into three categories based on
their entropy: low (H < 3.0), medium (3.0 ≤
H ≤ 4.5), and high (H > 4.5). Low-entropy doc-
uments tend to contain boilerplate, repetitive con-
tent, or data artifacts; high-entropy documents are
typically more information-dense.

We retain 10% of low-entropy, 50% of medium-
entropy, and 90% of high-entropy documents.
In the 100k-document English setup used for
the matched filtering comparison, this procedure
yields a 76k-document filtered subset. The filter-
ing stage is optional and is evaluated separately
from the algorithm-only comparison.

3.3 Cross-Boundary Vocabulary Learning
SupraTok uses three ordered passes but no fixed
per-pass vocabulary quotas. For a target vocabu-
lary size V , training begins with TRADITIONAL

merges, then exposes PMI-seeded MULTIWORD

candidates, and finally considers longer EXPRES-
SION spans. Each pass contributes only the addi-
tions that survive its own candidate-generation and
acceptance rules, and later passes continue from

the current vocabulary rather than restarting from
scratch. Training stops when |T | = V or no valid
candidates remain.

Candidate multiword patterns are seeded using
pointwise mutual information (PMI):

PMI(w1, . . . , wn) = log2

(
P (w1, . . . , wn)∏

i P (wi)

)
(2)

Seed mining considers n ∈ {2, . . . , 6}, with
PMI threshold 2.0 and minimum frequency 100.
We also apply overlap controls so that the initial
seed set favors broad coverage rather than many
near-duplicate variants of the same phrase.

In Phase 3, SupraTok evaluates candidate
spans of length 2–5 using a composite score
that combines held-out token-reduction potential,
PMI/NPMI-based cohesion, boundary entropy,
lexical specificity, and penalties for stopword-
heavy or malformed spans. Final acceptance is de-
termined by a post-hoc leaf-surgery rule: a span is
added only when its estimated held-out utility ex-
ceeds the utility of the merges it would displace.
Appendix A gives the English Phase 3 scoring
form, thresholds, and rejection rules.

To model boundary consistency, we use left and
right branching entropy; the left-entropy term is

Hleft(w) = −
∑
c

P (c|w) log2 P (c|w) (3)

where c represents possible left contexts for se-
quence w. Low branching entropy indicates that
a sequence appears in stable contexts and is there-
fore a stronger candidate lexical unit.

3.3.1 Algorithm Overview
Figure 1 presents the complete SupraTok training
procedure.

Each pass is defined by its candidate visibility
and acceptance rules, not by a preset vocabulary
allotment.
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SupraTok Training
Input: Corpus D, target vocabulary V , PMI threshold τ
Output: Tokenizer vocabulary T
1: Optionally filter D with entropy-based data curation to ob-
tain D′

2: Mine seed phrases on D′ using n-grams with n ∈
{2, . . . , 6} and PMI threshold τ
3: Initialize T with the character alphabet, byte-fallback sym-
bols, and selected seeds
4: for pass ∈ {TRADITIONAL, MULTIWORD, EXPRESSION}
do
5: Construct the pass-specific candidate set Qpass under the
current boundary rules
6: while |T | < V and Qpass is not empty do
7: if pass < EXPRESSION, select the best valid merge
from Qpass and apply it
8: else score candidate spans and accept only spans with
positive net utility under leaf surgery
9: return T

Figure 1: SupraTok training procedure.

3.4 Script-Aware Processing

SupraTok applies Unicode-aware processing that
adapts to broad script and language-type cate-
gories, with additional language-specific heuris-
tics for multilingual settings. We classify Uni-
code characters into five supercategories: Let-
ters and Marks (LM), Punctuation and Symbols
(PS), Numbers (N), Separators (Z), and Control
and Other (C). For scripts without explicit word
boundaries, we gate merges using thresholded
character-bigram evidence before allowing cross-
boundary merges. For Turkish and Finnish, we
approximate likely morphological boundaries by
suffix matching against heuristic suffix lists mined
from the multilingual tokenizer-training subset;
this is a lightweight heuristic rather than a full
morphological analyzer.

3.4.1 Script-Aware Processing Validation
To quantify the contribution of script-aware pro-
cessing, we trained tokenizer variants with and
without language-specific adaptations on identical
multilingual data. Table 1 reports a focused seven-
language ablation chosen to stress boundary-free
scripts and morphology (Chinese, Japanese, Thai,
Korean, Turkish, Finnish, and Arabic), using a
100k-vocabulary tokenizer trained on balanced
CulturaX data (8,000 documents per language).
The ‘Without’ column disables script-specific
adaptations while retaining all other SupraTok
components.

Script-aware processing provides a macro-
averaged 11.9% relative compression improve-
ment. The strongest script-aware gains appear
for Japanese and Thai, where character-level gat-

Language Without With Relative difference (%)

Chinese 1.21 1.36 12.4%
Japanese 1.58 1.83 15.8%
Thai 2.34 2.71 15.8%
Korean 2.09 2.26 8.1%
Turkish 4.89 5.42 10.8%
Finnish 4.71 5.18 10.0%
Arabic 3.12 3.45 10.6%

Average 2.85 3.17 11.9%

Table 1: Script-aware processing effect on compression
(C/T) across seven languages; the average percentage is
the macro-average of language-wise relative gains.

ing helps identify reusable character sequences,
and for Turkish and Finnish, where suffix-aware
weighting improves morpheme-sensitive segmen-
tation; Chinese, Korean, and Arabic also show
consistent improvements.

Table 1 is a within-SupraTok ablation rather
than a cross-method comparison: all rows com-
pare SupraTok with versus without script-aware
adaptations on identical multilingual data, while
direct comparisons against BPE-family baselines
are deferred to Table 6. The average percent-
age is the macro-average of per-language relative
gains. For Chinese, Japanese, and Thai, the rel-
evant mechanism is thresholded character-bigram
gating with a minimum count of 50; for Turk-
ish and Finnish, it is suffix-aware weighting based
on 200 heuristic suffix candidates per language
mined from the multilingual training subset; Ara-
bic applies hamza normalization before frequency
counting. The separate 14-language benchmark
in Table 6 uses balanced CulturaX subsets of
8,000 documents per language, sampled heuristi-
cally without additional stratification to keep the
benchmark budget manageable while preserving
cross-language balance; Appendix Table E1 pro-
vides the corresponding document, sentence, and
Phase-1 token counts.

3.5 Hyperparameter Selection

For English, Optuna searches three analysis-
specific hyperparameters: target vocabulary size,
later-pass candidate-screening PMI threshold, and
later-pass candidate-screening frequency thresh-
old. We rank each trial with a scalar score
that rewards held-out compression and penalizes
validation-LM perplexity and encoding latency.
Compression is measured as characters per to-
ken on held-out text, perplexity is measured by
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a lightweight validation LM trained on the same
English development setup, and latency is mea-
sured by tokenizer encoding time on a fixed held-
out shard. Appendix B gives the search ranges and
reference definitions used in the ranking score.

For a trial t with target vocabulary size V , let
Ct, Pt, and Lt denote its compression, perplex-
ity, and latency, and let Cref(V ), Pref(V ), and
Lref(V ) denote the corresponding values of the
BPE-Standard baseline trained on the same train-
ing subset and evaluated under the same protocol
at vocabulary size V . We define

Cnorm(t) =
Ct − Cref(V )

|Cref(V )|
,

Pnorm(t) =
log2(Pt)− log2(Pref(V ))

| log2(Pref(V ))|
,

Lnorm(t) =
log2(Lt)− log2(Lref(V ))

| log2(Lref(V ))|
.

Score(t) = αCnorm(t)−β Pnorm(t)−γ Lnorm(t).
(4)

We set α = β = γ = 1. All logarithms are base 2.
Across 100 English candidate configurations, the
highest-scoring configuration used a 256k target
vocabulary, which we reuse in the downstream ex-
periments. In the production English benchmark
and ablation runs reported here, later-pass merge
screening uses a candidate-screening PMI thresh-
old of 5.0 and a candidate-screening frequency
threshold of 5. Outside that vocabulary-selection
step, the core SupraTok tokenizer settings are
held fixed across experiments; the main analysis-
specific differences are the training corpus, corpus
size, and whether the tokenizer-training corpus is
left unfiltered or first filtered by the entropy-based
document-selection step before tokenizer training.
The multilingual experiments likewise reuse the
same core settings, with additional script-aware
processing as described in Section 3.4.

3.6 Implementation Notes
SupraTok is implemented as a modular Python li-
brary built on HuggingFace Tokenizers. Key com-
ponents include the main SupraTok trainer coordi-
nating the three-pass curriculum, a cross-boundary
pretokenizer for candidate discovery, a streaming
data loader for entropy-filtered corpora, and an n-
gram miner for PMI-based seed extraction. The
resulting tokenizer can be exported to standard
HuggingFace and SentencePiece-compatible for-
mats.

Backbone Time Hardware CO2

12L-768d 21h 8×A100 24 kg
24L-1024d 79h 8×A100 90 kg

Table 2: Language model training requirements for
downstream evaluation.

Table 2 summarizes the computational require-
ments for downstream language-model training.
Exact parameter totals for the 256k-vocabulary
runs are reported in Appendix F.

3.7 Evaluation Protocol

Compression is evaluated on WikiText-103 vali-
dation for English experiments and FLORES-200
devtest for multilingual experiments. Downstream
language models are trained with nanoGPT on
FineWeb-Edu using identical optimizer and back-
bone settings across tokenizer conditions. Sec-
tion 4.1 gives the full fair-comparison proto-
col, baseline definitions, and downstream budget-
matching rules.

4 Experiments

We present evaluations of algorithm-only com-
pression, pipeline-level filtering effects, ablations,
multilingual compression, estimated generation
latency, downstream benchmarks, and language-
model quality.

4.1 Experimental Methodology

Fair-comparison protocol. All algorithmic
claims in this paper are supported by matched-data
comparisons. In Table 4 (Panel A), all tokenizers
are trained on the same unfiltered 100k-document
Nemotron subset at a shared 100k vocabulary. In
Table 5, all tokenizers are trained on the same
unfiltered 100k-document Nemotron subset, and
each row compares methods at the same target vo-
cabulary size. Table 4 (Panel B) separately mea-
sures the effect of the same entropy-based data cu-
ration step on the three cross-boundary tokenizers
in the matched 100k control. Because that pre-
processing effect is method-dependent, we report
those results as pipeline-level controls and do not
use them alone to support algorithm-only claims.

Evaluation datasets. For English compression
experiments, tokenizer performance is evaluated
on WikiText-103 validation. For multilingual ex-
periments, compression is evaluated on FLORES-
200 devtest. Downstream language models are
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trained on FineWeb-Edu using identical optimizer
and backbone settings across tokenizer conditions.

Downstream budget matching. Downstream
language-model comparisons are matched by
training tokens rather than by raw-text documents.
Within each backbone configuration, both tok-
enizer conditions read from the same FineWeb-
Edu stream and stop after consuming the same to-
ken budget (10B tokens for 12L-768d and 30B to-
kens for 24L-1024d). Because SupraTok is more
compressive, it covers more raw text before reach-
ing that budget. All other optimization settings are
held constant across tokenizer conditions.

Training data. For English tokenizer experi-
ments, we use Nemotron subsets with 100k docu-
ments for the controlled comparison and vocabu-
lary sweep, 50k documents for ablations, and 10k
documents for the latency estimate. For the fo-
cused script-aware ablation in Table 1, we use bal-
anced CulturaX data with 8,000 documents per
language across seven languages. For the 14-
language multilingual benchmark in Table 6, all
tokenizers are trained on balanced CulturaX data
comprising 8,000 documents per language across
14 languages (112,000 documents total). The
256k downstream tokenizers are trained on unfil-
tered Nemotron-CC (Su et al., 2025).

Baseline implementations. We compare
against six baseline tokenizers:

• BPE-Standard: Sennrich et al. (2016) with
whitespace pre-tokenization

• WordPiece-BERT: Likelihood-based subword
merging

• Unigram-SentencePiece: Top-down unigram
language model approach

• SentencePiece-BPE: SentencePiece with de-
fault BPE (whitespace boundaries)

• SP-BPE-CrossBoundary: SentencePiece BPE
with split_by_whitespace=false

• SuperBPE: Trained using official implementa-
tion (Liu et al., 2025)

SupraTok initializes from Unicode characters plus
byte-fallback symbols. The official SuperBPE
implementation remains byte-based after regex
splitting, and the SentencePiece baselines use
their standard character-coverage initialization;
we state these base-unit choices explicitly because
they affect tokenizer-comparison fairness.

Notation. We use C/T to denote average char-
acters per token; larger values indicate better com-

pression. Relative difference is always reported as

xmethod − xbaseline

xbaseline
.

4.2 Ablation Study
We begin with a within-method ablation that iso-
lates the contribution of each SupraTok compo-
nent before comparing the full system against ex-
ternal baselines. Table 3 presents results at 100k
vocabulary on a 50k-document Nemotron subset.
Absolute C/T values differ from the 100k con-
trolled comparison because the training corpus is
smaller, but relative comparisons remain informa-
tive.

The ablation shows that curriculum learning
and cross-boundary processing are the two largest
contributors. Removing curriculum learning re-
duces compression by 5.8%, and removing cross-
boundary processing reduces it by 6.1%. Entropy
filtering and PMI seed phrases provide smaller but
consistent gains. Relative to the minimal BPE
baseline, the full SupraTok configuration improves
compression by 20.2%.

The entropy-filtering contribution differs
slightly between Table 4 (Panel B, 3.63%) and
Table 3 (2.9%). This difference is expected be-
cause Table 3 and Table 4 (Panel B) use different
training subsets (50k versus 100k documents), so
the absolute gain from filtering need not match
exactly. The ranking of component contributions
remains stable across both settings.

Isolating contributions. Table 4 (Panel B)
shows that the pipeline-level gain from filtering
is smaller than the full algorithmic gap between
SupraTok and BPE. The 17.5% relative improve-
ment over BPE in the matched unfiltered compar-
ison therefore comes from tokenizer design rather
than preprocessing.

4.3 Controlled Compression Evaluation
Having established which components matter in-
side SupraTok, we next compare the full sys-
tem against external baselines under matched-data
conditions.

Under identical unfiltered training data, Supra-
Tok improves compression over BPE-Standard by
17.5% and over SuperBPE by 1.8% at 100k vo-
cabulary. At 100k vocabulary in Table 4, Supra-
Tok tokenizer training runs about 2.1× faster than
SuperBPE under matched unfiltered conditions.

Table 4 has two panels. Panel A reports
the algorithm-only 100k-vocabulary comparison
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Configuration C/T Rel. drop vs full SupraTok (%)

SupraTok 5.951 —
− Curriculum Learning 5.608 5.8%
− Cross-Boundary Processing 5.585 6.1%
− Entropy Filtering 5.776 2.9%
− Script-Aware Processing 5.806 2.4%
− PMI Seed Phrases 5.829 2.0%

Minimal BPE (baseline) 4.950 16.8%

Table 3: Ablation on WikiText-103 validation (50k
docs, 100k vocab). “Minimal BPE” is the whitespace-
aware baseline trained on the same subset and vocabu-
lary without SupraTok-specific components.

Panel A. Algorithm-only comparison at 100k vocabulary

Tokenizer C/T Rel. vs BPE (%) Time (s) Time vs ST

SupraTok 5.78 17.5% 376s 1.0×
SuperBPE 5.68 15.5% 772s 2.1×
SP-BPE-CrossBoundary 5.62 14.4% 3,466s 9.2×
WordPiece-BERT 5.00 1.8% 41s 0.11×
BPE-Standard 4.92 — 24s 0.06×
SentencePiece-BPE 4.83 −1.7% 132s 0.35×
Unigram-SentencePiece 4.46 −9.3% 47s 0.13×

Panel B. Entropy-filtering control at 100k vocabulary

Tokenizer Unfiltered Filtered Rel. gain from filtering (%)

SupraTok 5.780 5.990 3.63%
SuperBPE 5.680 5.740 1.06%
SP-BPE-CrossBoundary 5.623 5.621 −0.05%

Table 4: Controlled 100k WikiText-103 comparisons.
Panel A: algorithm-only comparison at 100k vocabu-
lary. Panel B: matched entropy-filtering control for the
cross-boundary tokenizers.

on the same unfiltered 100k-document Nemotron
subset; displayed C/T values are rounded to two
decimals, but relative differences use unrounded
values. Panel B applies the same entropy-filtering
control to the three cross-boundary tokenizers in
the matched 100k setup; because some effects are
small, Panel B reports C/T to three decimals and
relative gains from unrounded values. In Panel
B, “Filtered” denotes the 76k-document entropy-
selected subset and “Unfiltered” the original 100k-
document training set.

Panel B shows that shared entropy filtering
is method-dependent rather than uniformly ben-
eficial across cross-boundary tokenizers. It im-
proves SupraTok and SuperBPE, but leaves SP-
BPE-CrossBoundary essentially unchanged and
slightly lower on this setup (5.6233 to 5.6207 C/T,
−0.05%). SupraTok remains the strongest tok-
enizer under both matched unfiltered conditions
and the corresponding filtered-data controls, so we
treat entropy filtering as a separate pipeline com-
ponent rather than as evidence for the algorithm-
only comparison.

Chars/Token Relative difference (%)

Vocab SupraTok SuperBPE BPE vs SuperBPE vs BPE

50k 5.57 5.13 4.52 8.6% 23.2%
100k 5.78 5.68 4.92 1.8% 17.5%
200k 6.32 6.15 5.02 2.8% 25.9%
256k 6.45 6.18 5.01 4.4% 28.7%
300k 6.62 6.20 5.02 6.8% 31.9%

Table 5: Algorithm-only compression (C/T) across
vocabulary sizes on WikiText-103, with all tokeniz-
ers trained on the same unfiltered 100k-document
Nemotron subset. The 100k row repeats Table 4A to
anchor the vocabulary-scaling analysis.

Table 5 extends the controlled 100k algorithm-
only comparison from Table 4A to a broader 50k–
300k vocabulary sweep under the same unfiltered
training setup, with no entropy filtering applied
to any tokenizer condition. SupraTok consistently
outperforms SuperBPE across the full range, with
relative gains from 1.8% to 8.6%. These results
show that SupraTok’s algorithmic advantage is not
tied to a single vocabulary size and does not de-
pend on entropy-filtered training data.

The controlled 100k timing comparison in Ta-
ble 4 also indicates that SupraTok tokenizer train-
ing runs about 2.1× faster than SuperBPE under
matched unfiltered conditions. This timing differ-
ence is consistent with the curriculum reducing the
search burden by progressively introducing cross-
boundary patterns.

Analysis of vocabulary composition reveals
structural differences between approaches. Of
SupraTok’s 256k vocabulary, 42% of tokens
(108k) span word boundaries, compared to 31%
for SuperBPE and 0% for standard BPE under
identical training conditions. This higher propor-
tion of cross-boundary tokens, guided by PMI-
based selection and curriculum learning, con-
tributes to SupraTok’s compression advantage.
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Example: “The United Nations headquarters in New
York announced new climate change initiatives.”

BPE (14 tokens):
[The] [United] [Nations] [head]
[quarters] [in] [New] [York]
[announced] [new] [climate] [change]
[init] [iatives]

SupraTok (9 tokens):
[The] [United_Nations] [headquarters]
[in] [New_York] [announced] [new]
[climate_change] [initiatives]

SupraTok preserves semantic units while reducing length
by 36%.

Figure 2: Qualitative comparison. SupraTok captures
multi-word expressions as atomic units.

4.4 Multilingual Evaluation

We evaluated multilingual performance on
FLORES-200 across 14 typologically diverse
languages spanning five broad language groups.
All tokenizers were trained on balanced CulturaX
data (8,000 documents per language, 112,000
total). Table 6 presents the 14-language results.

SupraTok achieves consistent improvements
across all reported groups, with particularly strong
gains for Germanic (43% average), Romance
(39%), Slavic (34%), and agglutinative languages
(48%). The smaller gains for the CJK group
(15% average) likely reflect the greater diffi-
culty of cross-boundary learning in scripts whose
boundary cues differ from alphabetic whitespace-
delimited text, though SupraTok still improves
over the baseline in every language reported.

4.5 Generation Latency Evaluation

Table 7 reports an illustrative latency proxy de-
rived from tokenizer compression under a fixed
50 ms per-token forward-pass assumption for a
7B-style autoregressive decoder. Under this as-
sumption, SupraTok improves compression by
17.6% over standard BPE and requires 15.0%
fewer tokens to represent the same text, yielding
an illustrative 1.18× reduction in generated-token
steps under this simplifying assumption, rather
than a direct wall-clock benchmark.

4.6 Downstream Task Performance

We validated downstream effects under fixed-
token-budget compute-matched training using
12L-768d and 24L-1024d GPT-2-style trans-
former backbones trained on FineWeb-Edu with

Language SupraTok BPE Rel. gain (%)

Germanic
English 5.43 3.93 38.2%
German 5.40 3.70 45.9%
Dutch 5.51 3.81 44.6%

Romance
French 4.99 3.67 36.0%
Spanish 5.35 3.81 40.4%
Italian 5.35 3.81 40.4%

Slavic
Russian 4.32 3.39 27.4%
Ukrainian 4.24 3.25 30.5%
Polish 4.79 3.36 42.6%

CJK
Chinese 1.36 1.30 4.6%
Japanese 1.83 1.53 19.6%
Korean 2.26 1.85 22.2%

Agglutinative
Turkish 5.42 3.52 54.0%
Finnish 5.18 3.63 42.7%

Average (14 langs) 4.39 3.18 34.9%

Table 6: Compression on FLORES-200 devtest by lan-
guage group (100k vocab); the average row reports
mean C/T over the 14 listed languages and the macro-
average relative gain over BPE.

Tokenizer C/T Tokens Speedup

SupraTok 5.48 9,130 1.18×
SuperBPE 5.24 9,539 1.13×
SP-BPE-CrossBoundary 5.16 9,699 1.11×
WordPiece-BERT 4.72 10,600 1.01×
BPE-Standard 4.66 10,736 1.00×
SentencePiece-BPE 4.56 10,961 0.98×
Unigram-SentencePiece 4.16 12,024 0.89×

Table 7: Estimated generation-latency analysis on
Nemotron prompts (10k docs, 64k vocab).

identical optimization settings across tokenizer
conditions. Because these runs use 256k-token vo-
cabularies, their total parameter counts are higher
than the nominal GPT-2 124M/355M values as-
sociated with standard GPT-2 vocabulary sizes.
We therefore report backbone configuration rather
than nominal total parameter count; exact totals
are given in Appendix F. Both SupraTok and the
BPE baseline tokenizers were trained on identical
unfiltered Nemotron-CC data. The downstream
language-model comparison is compute-matched
rather than raw-text-matched: both conditions use
the same FineWeb-Edu stream and token budget,
but the more compressive tokenizer covers more
raw text before stopping. Table 8 reports mean ±

1794



Task Backbone Train Tok. SupraTok BPE Rel. gain (%)

HellaSwag 12L-768d 10B 35.3±.4 32.0±.4 10.3%
HellaSwag 24L-1024d 30B 43.1±.4 39.3±.3 9.7%
MMLU 12L-768d 10B 27.9±.5 25.5±.5 9.4%
MMLU 24L-1024d 30B 34.2±.5 31.1±.4 10.0%

Table 8: Downstream task performance under fixed-
token-budget compute-matched training for GPT-2-
style backbones with 256k vocabularies.

std over 3 seeds; within each backbone, SupraTok
and BPE are matched by training tokens from the
same FineWeb-Edu stream, not by raw-text docu-
ments.

Relative improvements remain similar across
backbone scales: 10.3% vs. 9.7% on HellaSwag
and 9.4% vs. 10.0% on MMLU, indicating that the
downstream benefit persists rather than collapsing
at the larger backbone.

These differences are statistically significant
across all four backbone-task comparisons under
paired t-tests over matched seeds (p < 0.01 in each
case).

4.7 Downstream Ablation Analysis

To validate that compression gains translate to
downstream benefits, we evaluated ablated vari-
ants on HellaSwag and MMLU for the 12L-768d
backbone (Table 9). Model-training hyperparame-
ters were tuned on a held-out validation set before
running final comparisons, and the resulting op-
timizer schedule was applied unchanged to both
SupraTok and BPE conditions. Table 9 reports
mean ± std over 3 seeds, and its final column
gives the mean relative drop across HellaSwag
and MMLU versus full SupraTok. Removing cur-
riculum learning causes the largest degradation,
confirming that stable pattern learning is essen-
tial. Disabling cross-boundary processing shows
a similarly large drop, while entropy filtering con-
tributes a smaller but still measurable effect. For
the full SupraTok vs. BPE-Standard comparison
in Table 9, paired t-tests over matched seeds give
HellaSwag p = 0.003 and MMLU p = 0.002.

4.8 Generation Quality Evaluation

We evaluated language-model quality on the
WikiText-103 test set for the 12L-768d backbone.
Because token-level perplexity depends on tok-
enization granularity, we treat bits per character
(BPC) as the primary cross-tokenizer comparison
and report token-level perplexity for complete-
ness. SupraTok achieves 0.92 BPC compared with

Config. HellaSwag MMLU Mean rel. drop

SupraTok 35.3±.4 27.9±.5 —
− Curriculum 33.2±.5 26.1±.6 6.2%
− Cross-Boundary 33.4±.5 26.3±.6 5.6%
− Entropy 34.2±.4 27.0±.5 3.2%
BPE-Standard 32.0±.4 25.5±.5 9.0%

Table 9: Downstream ablation under fixed-token-
budget compute-matched training on the 12L-768d
backbone (10B tokens).

Tokenizer PPL BPC Tok/Doc Rel. difference vs BPE in BPC (%)

SupraTok 24.31 0.92 847 −8.9%
BPE-Standard 26.89 1.01 1,109 —

Table 10: Language modeling metrics on WikiText-
103 test for the 12L-768d backbone (10B tokens).
Lower is better for PPL, BPC, and Tok/Doc. Because
PPL is tokenization-dependent, BPC is the primary
cross-tokenizer comparison.

Metric SupraTok BPE Rel. gain (%)

Distinct-1 0.67 0.65 3.1%
Distinct-2 0.89 0.87 2.3%
Distinct-3 0.94 0.93 1.1%

Table 11: Generation diversity on WikiText-103 (1,000
samples, 100 tokens each).

1.01 for the BPE baseline, an 8.9% relative im-
provement. The corresponding token-level per-
plexities are 24.31 and 26.89, and Table 10 also
reports average tokens per document (Tok/Doc).

Generation Behavior and Boundary Effects.
A potential concern with multi-word tokens is
generation artifacts at boundaries (e.g., com-
mitting to “New_York” when intending “New
Zealand”). Our automatic metrics indicate that
SupraTok maintains quality: BPC improves by
8.9% while distinct-n diversity is preserved. How-
ever, perplexity and diversity do not fully capture
all edge-case boundary artifacts, so this remains a
limitation shared by cross-boundary tokenization
methods more broadly.

To verify that compression gains translate to
genuine generation improvements without reduc-
ing output diversity, we analyzed lexical diver-
sity via distinct-n metrics (Li et al., 2016) on
1,000 generated samples. Table 11 confirms that
SupraTok maintains or slightly improves diversity
across all n-gram orders.
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5 Discussion

This section examines the broader implications
of our findings, discussing theoretical contribu-
tions to language representation, practical deploy-
ment advantages, current limitations, and lessons
learned from unsuccessful approaches.

5.1 Theoretical Implications

SupraTok’s gains suggest that current whitespace-
constrained tokenization leaves measurable effi-
ciency on the table, even when architecture and
optimization are held fixed. From a linguis-
tic perspective, our results support usage-based
theories emphasizing multi-word units (Sinclair,
1991; Wray, 2002). The entropy-driven approach
provides an information-theoretic foundation that
moves beyond purely frequency-based methods.

5.2 Practical Advantages

Under matched unfiltered training, SupraTok im-
proves compression by 17.5% over BPE and by
1.8% over SuperBPE at 100k vocabulary. The
optional filtering stage further raises the 100k re-
sult from 5.78 to 5.99 C/T. Under fixed token
budgets, these gains can extend effective context
length without architectural changes, and the mul-
tilingual macro-average relative improvement of
34.9% suggests that the same design remains use-
ful beyond English.

5.3 Scope and Design Rationale

Our strongest evidence comes from controlled
public-data comparisons in which tokenizer al-
gorithms are trained on identical unfiltered sub-
sets and evaluated separately from optional data
curation. Under this protocol, SupraTok con-
sistently improves compression over both BPE-
Standard and stronger cross-boundary baselines.
The full pipeline further improves compression
through entropy-based filtering, but we report that
effect separately to avoid conflating algorithmic
and preprocessing gains.

For downstream evaluation, we use 12L-768d
and 24L-1024d GPT-2-style transformer back-
bones with 256k-token vocabularies. Because
these enlarged vocabularies increase embedding
parameters, we report backbone configuration
rather than nominal GPT-2 total-parameter labels.
The downstream comparison is compute-matched
rather than raw-text-matched: both tokenizer con-
ditions use the same backbone, vocabulary size,

source data stream, and optimization setup, but the
more compressive tokenizer reaches the fixed to-
ken budget after covering more raw text.

SupraTok is designed to be practical under
public-data, moderate-compute settings. In our
experiments, strong controlled results are obtained
from a matched public 100k-document subset, and
the controlled 100k comparison in Table 4 shows
that tokenizer training is substantially faster than
the official SuperBPE implementation in the same
benchmarking environment. We present this as an
accessibility advantage of our setup, not as a claim
that alternative methods inherently require large
proprietary corpora.

Benchmark Coverage. Our downstream
evaluation encompasses commonsense reason-
ing (HellaSwag), broad knowledge (MMLU),
and generation quality metrics (perplexity, BPC,
distinct-n diversity). Under the compute-matched
fixed-token protocol, these evaluations indicate
that compression gains translate to modeling im-
provements without sacrificing output diversity.

Multilingual Considerations. While our
English-optimized entropy thresholds and PMI
calculations achieve strong results across 14
languages (34.9% macro-average relative com-
pression improvement), language-specific tuning
could yield further improvements for morphologi-
cally complex languages.

Design Decisions from Systematic Explo-
ration. The reported English configuration fixes
four design choices after preliminary tuning: a
three-pass curriculum rather than direct uncon-
strained cross-boundary learning, a seed-mining
PMI threshold of 2.0, entropy bins of low < 3.0
/ medium 3.0–4.5 / high > 4.5, and a maximum
seed length of 6. We report these settings to make
the experimental configuration explicit rather than
to claim global optimality. Among these choices,
the within-paper ablation most directly supports
the importance of the curriculum component.

6 Conclusion

SupraTok shows that cross-boundary tokenization
can deliver consistent gains under a controlled
public-data evaluation protocol. Under matched
unfiltered 100k-document training, SupraTok im-
proves compression over standard BPE by 17.5%
and over SuperBPE by 1.8%. Across a 50k–
300k vocabulary sweep on the same unfiltered
100k-document training subset, SupraTok remains
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ahead of SuperBPE at every tested vocabulary
size, with relative gains of 1.8%–8.6%.

Entropy-based data curation is best under-
stood as a separate pipeline component rather
than part of the algorithmic comparison itself.
At 100k vocabulary, filtering raises SupraTok’s
compression from 5.78 to 5.99 C/T, but the
matched filtered-data controls in Table 4B show
that this preprocessing is method-dependent: it
improves SupraTok and SuperBPE, while SP-
BPE-CrossBoundary is essentially unchanged and
slightly lower on this setup. Together with
the multilingual results and the compute-matched
downstream experiments at fixed token budgets,
these findings support SupraTok as a modular
cross-boundary tokenizer whose gains hold under
fair algorithmic comparisons and can be further
strengthened by optional pipeline-level curation.

Ablation analysis confirms that curriculum
learning and cross-boundary processing provide
the primary benefits, with smaller but consistent
gains from entropy filtering, script-aware process-
ing, and PMI seed phrases. Our findings demon-
strate that addressing fundamental components
like tokenization offers paths to language-model
improvement that are complementary to scaling.

The observed gains are consistent with lin-
guistic work treating many multi-word expres-
sions as reusable units, while also showing that
such units can be operationalized in a practical
tokenizer. Some of the design principles un-
derlying SupraTok—relaxing artificial preprocess-
ing boundaries, separating algorithmic from data-
curation effects, and using curriculum-style candi-
date exposure—may also be useful when revisit-
ing other preprocessing components.

Acknowledgments

This work was supported in part by compute re-
sources made available through an Amazon Web
Services partnership with our university.

References

Jonathan H. Clark, Dan Garrette, Iulia Turc, and
John Wieting. 2022. CANINE: Pre-training an
efficient tokenization-free encoder for language
representation. Transactions of the Association
for Computational Linguistics, 10:73–91.

Philip Gage. 1994. A new algorithm for data com-
pression. C Users Journal, 12(2):23–38.

Leo Gao, Stella Biderman, Sid Black, Laurence
Golding, Travis Hoppe, Charles Foster, Ja-
son Phang, Horace He, Anish Thite, Noa
Nabeshima, Shawn Presser, and Connor Leahy.
2020. The pile: An 800GB dataset of diverse
text for language modeling. arXiv preprint
arXiv:2101.00027v1.

Joel Hestness, Sharan Narang, Newsha Ardalani,
Gregory F. Diamos, Heewoo Jun, Hassan Kian-
inejad, Md Patwary, Mostofa Ali, Yang Yang,
and Yanqi Zhou. 2017. Deep learning scal-
ing is predictable, empirically. arXiv preprint
arXiv:1712.00409v1.

Hongzhi Huang, Defa Zhu, Banggu Wu, Yutao
Zeng, Ya Wang, Qiyang Min, and Zhou Xun.
2025. Over-tokenized transformer: Vocabulary
is generally worth scaling. In Proceedings of
the 42nd International Conference on Machine
Learning, volume 267 of Proceedings of Ma-
chine Learning Research, pages 17913–17925.

Taku Kudo. 2018. Subword regularization: Im-
proving neural network translation models with
multiple subword candidates. In Proceedings
of the 56th Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long
Papers), pages 66–75.

Taku Kudo and John Richardson. 2018. Senten-
cePiece: A simple and language independent
subword tokenizer and detokenizer for neural
text processing. In Proceedings of the 2018
Conference on Empirical Methods in Natural
Language Processing: System Demonstrations,
pages 66–71.

Jiwei Li, Michel Galley, Chris Brockett, Jian-
feng Gao, and Bill Dolan. 2016. A diversity-

1797

https://proceedings.mlr.press/v267/huang25w.html
https://proceedings.mlr.press/v267/huang25w.html


promoting objective function for neural conver-
sation models. In Proceedings of the 2016 Con-
ference of the North American Chapter of the
Association for Computational Linguistics: Hu-
man Language Technologies, pages 110–119.

Alisa Liu, Jonathan Hayase, Valentin Hofmann,
Sewoong Oh, Noah A. Smith, and Yejin Choi.
2025. SuperBPE: Space travel for language
models. In Second Conference on Language
Modeling.

Artidoro Pagnoni, Ramakanth Pasunuru, Pedro
Rodriguez, John Nguyen, Benjamin Muller,
Margaret Li, Chunting Zhou, Lili Yu, Jason E.
Weston, Luke Zettlemoyer, Gargi Ghosh, Mike
Lewis, Ari Holtzman, and Srini Iyer. 2025.
Byte latent transformer: Patches scale better
than tokens. In Proceedings of the 63rd An-
nual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers),
pages 9238–9258.

Ivan Provilkov, Dmitrii Emelianenko, and Elena
Voita. 2020. BPE-dropout: Simple and effec-
tive subword regularization. In Proceedings of
the 58th Annual Meeting of the Association for
Computational Linguistics, pages 1882–1892.

Phillip Rust, Jonas Pfeiffer, Ivan Vulić, Sebas-
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A Phase 3 Scoring and Acceptance Rules

Phase 3 ranks candidate spans s = (w1, . . . , wn)
with 2 ≤ n ≤ 5. Seed mining before tokenizer
training considers n-grams with n ∈ {2, . . . , 6}.
The English experiments use the multiplicative
gated score implemented in SupraTok. For the
English experiments, the boundary-entropy an-
chor is fixed at τBE = 1.15. The helper
feval(m) denotes the evaluation-set token count
of leaf token m under the current tokenizer, i.e.,
token_counts.get(m, 0), and dfeval(m)
denotes the corresponding evaluation-set docu-
ment frequency. These operational definitions are
used uniformly across the reported English runs
and are surfaced here for reproducibility. Here
c denotes count, df denotes document frequency,
and ℓtok(s) is the number of current tokenizer
units spanned by s before acceptance. Here Nn

denotes the total number of observed training n-
grams of length n, D denotes the number of docu-
ments in the training corpus, and rstop(s) denotes
the fraction of whitespace-delimited words in s
that are stopwords. For compactness, we write
awl(s) and clen(s) for the implementation fea-
tures avg_word_len and char_len.

ptrain(s) =
ctrain(s)

Nn
,

PMI(s) = log2

(
ptrain(s)∏
i ptrain(wi)

)
,

NPMI(s) =
PMI(s)

− log2 ptrain(s)
.

(5)

HL(s) = −
∑
c

p(c | s, left) log2 p(c | s, left),

HR(s) = −
∑
c

p(c | s, right) log2 p(c | s, right),

HB(s) = min(HL(s), HR(s)).
(6)

idf(s) =
1

n

∑
i

log

(
D + 1

1 + df(wi)

)
,

adjNPMI(s) =
1

n− 1

∑
i

NPMI(wi, wi+1),

cpeak(s) = max
(
max

c
p(c | s, left),

max
c

p(c | s, right)
)
,

gtok(s) = ℓtok(s)− 1.
(7)

With σ(k, x) = 1/(1 + e−kx), define

gB(s) = σ(1.75, HB(s)− τBE),

gN (s) = σ(6.0,NPMI(s)− 0.22),

bspec(s) = 1 + 0.14max(0, idf(s)− 1),

bcon(s) = 1 + 0.50max(0,

adjNPMI(s)− cpeak(s)).

(8)

pstop(s) = max(0.30, 1− 0.78 rstop(s)
1.35),

blen(s) = 1 + 0.08max(0, n− 2),

bcont(s) = 1 + 0.04max(0, awl(s)− 5).
(9)

psurf(s) =

{
0.88 if clen(s) > 42,

1 otherwise,
(10)

Ghold(s) = gtok(s)
(
choldout(s)

+0.60 dfholdout(s)

+0.18
√

ctrain(s)
)
.

(11)

S(s) = Ghold(s) gN (s) gB(s) bspec(s) bcon(s)

·pstop(s) blen(s) bcont(s) psurf(s).
(12)

If choldout(s) = 0, we replace S(s) by
0.45S(s).

Before leaf surgery, a candidate is hard-rejected
if any of the following holds: ctrain(s) < 3,
PMI(s) < 4.4, gB(s) < 0.18, rstop(s) ≥ 0.75,
all words are stopwords, the surface form is in-
valid (digits, tabs, newlines, double spaces, etc.),
ℓtok(s) ≤ 1, or S(s) ≤ 0.40.

U(m) = feval(m) + 0.35 dfeval(m),

A(s) = choldout(s)max(1, ℓtok(s)− 1)

+0.35 dfholdout(s).

(13)

Net(s) = A(s)−
∑
j

U(mj),

Priority(s) = Net(s) + 0.03S(s).

(14)

A candidate is accepted if and only if Net(s) >
0. Across the English vocabulary sweep, the mul-
tiplicative form above, τBE = 1.15, the listed
constants, the hard rejection thresholds, the seed-
mining PMI threshold of 2.0, the minimum phrase
frequency of 100, and the Phase 3 span limit
nmax = 5 are held fixed.
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B Hyperparameter Selection Details

The English Optuna study explores vocabulary
size, candidate-screening PMI thresholds, and
candidate-screening frequency thresholds, and
ranks candidate configurations with the normal-
ized score from Eq. (4). The search ranges used
in the English experiments are: vocabulary size
160k–320k, candidate-screening PMI threshold
3.0–6.0 in steps of 0.5, and candidate-screening
frequency threshold 3–6. Compression is mea-
sured as held-out C/T, perplexity comes from a
lightweight 3-layer validation LM trained on the
same English development setup, and latency is
measured on a fixed held-out encoding shard.

In Eq. (4), Cref(V ), Pref(V ), and Lref(V ) de-
note the compression, perplexity, and latency of
the BPE-Standard baseline trained on the same
training subset and evaluated under the same pro-
tocol at vocabulary size V . We use α = β =
γ = 1, base-2 logarithms, and BPE-relative nor-
malization for all three terms. We evaluate En-
glish candidate configurations and reuse the se-
lected 256k configuration for the downstream ex-
periments. Outside that vocabulary-selection step,
the core SupraTok tokenizer settings are held fixed
across experiments; the main analysis-specific dif-
ferences are the training corpus (including corpus
size) and whether the tokenizer-training corpus is
left unfiltered or first filtered by the entropy-based
document-selection step before tokenizer train-
ing. The multilingual experiments likewise reuse
the same core settings, with differences limited
to multilingual corpus construction, use or non-
use of the same entropy-based document-selection
step before tokenizer training, and the script-
aware processing described in Section 3.4. The
candidate-screening PMI threshold and candidate-
screening frequency threshold discussed in this
study refer to later-pass merge screening after seed
mining. The production English runs reported
in the paper use a later-pass candidate-screening
PMI threshold of 5.0 and a later-pass candidate-
screening frequency threshold of 5, whereas seed
mining itself uses a fixed PMI threshold of 2.0 and
minimum phrase frequency of 100.

C Baseline Implementation Details

SupraTok initializes its base vocabulary from
the Unicode character alphabet together with
byte-fallback symbols. BPE-Standard uses Hug-
gingFace Tokenizers BPE with Whitespace()

pre-tokenization and corpus-derived charac-
ter initialization; in the English benchmark
it uses no additional normalizer, while the
multilingual benchmark additionally applies
NFD() normalization. The BPE trainer
uses end_of_word_suffix="</w>".
WordPiece-BERT uses HuggingFace Tokenizers
WordPiece with BertPreTokenizer()
and NFD() + Lowercase() +
StripAccents() normalization, again
with corpus-derived character initialization and
continuing_subword_prefix="##".

Unigram-SentencePiece uses the SentencePiece
Python library with model_type=unigram,
character_coverage=0.9995, whitespace
splitting enabled, default nmt_nfkc normaliza-
tion, shuffle_input_sentence=false,
and pad_id=0, unk_id=1, bos_id=2,
and eos_id=3. SentencePiece-BPE and SP-
BPE-CrossBoundary both use SentencePiece
BPE with character_coverage=0.9995,
shuffle_input_sentence=false,
pad_id=0, unk_id=1, bos_id=2, and
eos_id=3, under the default nmt_nfkc
normalization; they differ primarily in
split_by_whitespace, which is true
for SentencePiece-BPE and false for SP-
BPE-CrossBoundary. The cross-boundary
SentencePiece baseline additionally uses
treat_whitespace_as_suffix=false,
train_extremely_large_corpus=true,
and max_sentence_length=4192. Su-
perBPE is benchmarked with the official two-
stage curriculum: Stage 1 uses regex-based
pretokenization, Stage 2 resumes training with
cross-boundary merges enabled, and the in-
herited merge count is int(vocab_size *
0.78125) for the benchmarked runs. The offi-
cial SuperBPE tokenizer remains byte-based after
regex splitting, which differs from SupraTok’s
character-plus-byte-fallback initialization. We re-
port these initialization choices explicitly because
base-unit choice affects fairness in tokenizer
comparisons.

D Evaluation Protocol Details

All tokenizer comparisons within a direct com-
parison unit—a table panel or a row of the
vocabulary-sweep table—use identical target vo-
cabulary sizes and matched training subsets. En-
glish compression is evaluated on WikiText-103
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Language Docs Sentences Phase-1 tokens

English 8,000 276,019 5,680,850
German 8,000 280,883 4,719,950
Dutch 8,000 234,237 4,141,152
French 8,000 223,292 5,529,978
Spanish 8,000 204,417 5,062,536
Italian 8,000 188,699 4,772,012
Russian 8,000 312,747 4,917,576
Ukrainian 8,000 253,128 4,312,276
Polish 8,000 270,589 4,349,563
Chinese 8,000 241,053 2,700,273
Japanese 8,000 242,065 2,306,322
Korean 8,000 312,485 5,116,734
Turkish 8,000 211,838 3,516,811
Finnish 8,000 313,079 4,286,315

Total 112,000 3,564,531 61,412,348

Table E1: Composition of the 14-language multilingual
tokenizer-training subset for the 100k-vocabulary ex-
periments. Documents follow the multilingual bench-
mark loader rule: non-empty stripped text with length
at least 50. Phase-1 token counts are computed
with AdvancedPreTokenizer.pretokenize_
curriculum(text,phase=1).

validation; multilingual compression is evaluated
on FLORES-200 devtest. Downstream language
models are trained with nanoGPT on FineWeb-
Edu. Within each backbone configuration, Supra-
Tok and BPE are matched by training tokens rather
than by raw-text documents: each condition is
trained on the same FineWeb-Edu stream until it
reaches the fixed token budget (10B for 12L-768d
and 30B for 24L-1024d). The more compressive
tokenizer therefore sees more raw text before stop-
ping. We report means and standard deviations
over three random seeds for the downstream task
experiments in Tables 8 and 9. The generation-
quality results in Tables 10 and 11 are reported
for the 12L-768d evaluation run described in Sec-
tion 4.8.

E Script-Aware Resources and Sampling

For Chinese, Japanese, and Thai, script-aware pro-
cessing applies thresholded character-bigram gat-
ing with a minimum count threshold of 50 before
allowing merges.

For Turkish and Finnish, suffix-aware weight-
ing uses heuristic lists of 200 high-frequency suf-
fix candidates per language, mined directly from
the multilingual tokenizer-training subset and then
applied through suffix matching. Arabic process-
ing applies hamza normalization before frequency
counting. For the separate 14-language multi-

lingual benchmark in Table 6, multilingual to-
kenizer training uses balanced CulturaX subsets
with 8,000 documents per language, selected by
simple heuristic sampling from the per-language
training buckets without additional stratification.
Appendix Table E1 reports the per-language doc-
ument, sentence, and Phase-1 pretokenizer token
counts for that multilingual benchmark subset.
The exact suffix-list files and sampling script will
accompany the code release.

F Parameter Accounting for
Downstream Models

For a GPT-2-style decoder with tied token embed-
ding/output weights, learned positional embed-
dings of length 1,024, hidden size d, vocabulary
size V , and L transformer blocks, the total param-
eter count is

N = V d+ 1024d+ L(12d2 + 13d) + 2d. (15)

This formula matches the nanoGPT parameteriza-
tion used in our downstream runs.

With V = 256,000, the 12L-768d backbone
contains 282,450,432 parameters and the 24L-
1024d backbone contains 565,504,000 parame-
ters. These totals explain why nominal GPT-2
124M/355M labels are misleading for the 256k-
vocabulary setting.

G Code and Data Availability

Source code for SupraTok training and evalua-
tion will be released under an open-source li-
cense upon publication. Training corpora are de-
rived from publicly available sources (Nemotron-
CC for English tokenizers, FineWeb-Edu for LM
pre-training, CulturaX for multilingual tokenizers,
FLORES-200 for multilingual evaluation).
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