LangMAP: A Language-Adaptive Approach to Tokenization
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Abstract

Language-specific ~ tokenizers  improve
tokenization quality and the downstream per-
formance of models on those languages (Rust
et al., 2021; Limisiewicz et al., 2023). Using
one with an existing pretrained model requires
either training a new model from scratch or
adapting the vocabulary of the pretrained one.
We propose Language-adaptive Maximum a
Posteriori (LangMAP) Tokenization, which
extends the UnigramLM algorithm (Kudo,
2018) to the multilingual setting by replacing
its single distribution over the vocabulary with
one distribution per language over the same
vocabulary. LangMAP can be used to train
a multilingual language model from scratch,
or to adapt a pretrained model’s tokenizer
to individual languages without changing its
vocabulary. Language labels are required to
estimate the per-language distributions; at
inference, the algorithm selects the highest-
probability segmentation across languages,
i.e., it does not need a language label. In
experiments where we adapt a pretrained
tokenizer with LangMAP, we observe that
LangMAP’s new segmentation has consistently
higher morphological boundary recall than the
original tokenizer. In code data, it improves
alignment with abstract syntax tree (AST) leaf
boundaries in all configurations we try. Despite
ostensible improvements in segmentations,
in language model fine-tuning experiments,
we do not observe significant differences in
performance for most language—task pairs.

1 Introduction

Tokenization is a standard pre-processing step in
modern language models (LMs) that converts an
input string, a sequence of characters or bytes,
into a sequence of tokens from a fixed, finite vo-
cabulary. Although tokenization is in principle
language-agnostic, the tokenizers used in most
production systems have been optimized for En-
glish. As a result, texts from non-English lan-

guages, and in particular those with rich morphol-
ogy or non-Latin scripts, are tokenized systemati-
cally worse: they are over-segmented, producing
longer token sequences in which tokens often do
not correspond to full words or meaningful mor-
phemes (Petrov et al., 2023; Lee et al., 2024). Em-
pirical studies show that these issues hurt down-
stream performance (Lesci et al., 2025) and inflate
per-request costs for commercial APIs, introduc-
ing cross-lingual disparities in both the quality and
price of available models (Ahia et al., 2023; Petrov
etal., 2023, inter alia). Although language-specific
tokenizers can address these disparities,' using one
with an arbitrary pretrained model requires either
retraining the model with a new tokenizer or adapt-
ing the model’s parameters to a new vocabulary
(Downey et al., 2023; Remy et al., 2024; Feher
et al., 2025). Both approaches are computationally
expensive, partially offsetting the benefit of starting
from a pretrained model in the first place.

Importantly, the poor segmentations induced by
English-centric tokenizers are not always due to
missing vocabulary coverage: in many cases, the
tokenizer already contains tokens that would sup-
port a more appropriate segmentation for the target
language, but their parameters induce an alterna-
tive, suboptimal decomposition.?

In this paper, we propose Language-adaptive
MAP (LangMAP) Tokenization, an inherently mul-
tilingual tokenization scheme. LangMAP follows
the UnigramlLM tokenization algorithm (Kudo,
2018) in casting tokenization as recovering the
latent segmentation of a string under a unigram

"Language-specific tokenizers have been shown to improve
segmentation quality and, after model adaptation, downstream
performance for their target languages (Rust et al., 2021; Lim-
isiewicz et al., 2023).

%As an example, the German compound Rathaus (“city
hall”’) has the morphological segmentation Rat + haus. In
a BPE tokenizer fit mostly on English text the merge rule t
+h — th has a high rank and is applied first, so even if Rat

and haus are both in the vocabulary, the segmentation is not
possible.
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model. Given a dataset, UnigramLLM learns a
generative-model for it, composed of a vocabulary
and its associated probability distribution. Uncov-
ering a string’s latent segmentation then consists
of selecting the maximum a posteriori (MAP) seg-
mentation under this model. LangMAP retains this
formulation but replaces the single global distribu-
tion with a collection of language-specific distribu-
tions learned over the same shared vocabulary. At
inference time, we compute the MAP segmentation
under each language-specific distribution and se-
lect the one attaining the highest overall likelihood
across all languages. A notable consequence is that
LangMAP can adapt a pretrained model’s tokenizer
to individual languages without changing its vocab-
ulary. Furthermore, although language labels are
required to estimate the per-language distributions
during estimation of LangMAP parameters, none
are needed at tokenizer inference.

We apply LangMAP to create language-specific
variants of several open-source tokenizers. Across
7 natural languages and 9 programming languages,
morphological boundary recall rises consistently
for the four Latin-script natural languages. Align-
ment with AST leaf boundaries (Meister, 2026)
rises for all programming languages on every to-
kenizer. For the three non-Latin-script languages,
the change in recall that LangMAP can induce is
bottlenecked by how many entries from that script
the vocabulary contains. We fine-tune Qwen2.5-
0.5B and Llama-3.2-1B on five languages and mea-
sure grammatical acceptability with MultiBLiMP.
For only one of the nine MultiBLiMP accuracy
differences between LangMAP and the original
tokenizer does the 95% confidence interval ex-
clude zero after multiple-testing corrections. This
is consistent with prior findings that tokenizers
whose segmentations match a language’s morphol-
ogy more closely do not necessarily give better
downstream accuracy (Arnett et al., 2025). Three
applications of LangMAP remain to be tested: use
for fine-tuning models in the coding domain, fine-
tuning for languages whose pretraining data is
limited, and training a model from scratch with
LangMAP rather than replacing the tokenizer of an
existing model.

2 Tokenization

Lets = (s, S2, ..., Si) be a string, which consists
of characters (or bytes) from a base alphabet >.. Fur-
ther, let V be a vocabulary, a finite set composed

of tokens v € V. Each of these tokens v consists
of a sequence of elements from X U I', where
T" denotes a finite set of reserved symbols (e.g.,
whitespace markers, punctuation, end-of-string
markers, etc). Thus, intuitively, each v € V is itself
a finite string over the extended alphabet > U T".

Tokenization is the process of converting a string
s into a sequence of tokens v. = (v1, ..., Um).
This process, which we denote by the function
heg: X" — V* 4 can be intuitively understood as
creating a different representation of the original
string. A tokenization algorithm typically defines a
parametrized class of such maps H o {hg | @ €
1}, as well as a method for learning the parameters
¢ € O; these parameters then define (directly or
indirectly) the tokenizer’s vocabulary V. The ap-
plication of h to a string (once its parameters are
learned) is referred to as inference.

The map h is typically designed to be lossless.
Thus, given a sequence of tokens v = hg(s), we
can reconstruct the input string s using a detok-
enization function g: V* — X*. Typically, g is as
simple as concatenating the elements composing
each of v’s tokens, while handling its reserved
symbols; formally, g(v) = v; o -+ o vy,, where
o denotes string concatenation and, when applied
to tokens, it indicates that the strings forming each
token are concatenated together. Notably, g is gen-
erally non-injective: even when considering a fixed
vocabulary V), there are often multiple sequences v
that yield the same s after the application of g. We
refer to all such token sequences as segmentations
of s, and use Ty(s) £ {v € V*: g(v) = s} to
refer to this set. For a given h, we refer to h(s)
as the canonical segmentation of s and to any
other segmentation v € Ty (s) for which v # h(s)
as a non-canonical segmentation. That several
token sequences detokenize to the same string
has motivated researchers to propose alternative
tokenizer inference schemes, which replace only
h—the tokenizer’s inference rules—and keep the
learned vocabulary unchanged. For example, the
inference strategy may find the token sequence
v € Ty(s) of minimal length for a given input
s (Schmidt et al., 2024), or may greedily select
the longest in-vocabulary tokens (Hofmann et al.,

3Tokens v are also sometimes called subwords; we avoid
this naming because v need not align with orthographic words,
in their typical definition. Further, a sequence of tokens v is
also a string in the strict sense. We reserve the word string for
s throughout.

*{}* denotes the Kleene closure of a set. In words, ©* is
the set of all finite strings over the alphabet 2.
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2022). Our proposed method takes this approach,
adapted for the multilingual setting.

2.1 UnigramlLM

The UnigramLLM tokenization algorithm (Kudo,
2018) is one of the main tokenization algorithms,
used, e.g., by the language models T5, PaLM 2,
and XLNet (Raffel et al., 2020; Anil et al., 2023;
Yang et al., 2019). It frames tokenization as a prob-
abilistic learning problem. It assumes strings are
generated via a two-stage generative model: latent
token-sequences are sampled from a unigram distri-
bution; these tokens are then concatenated to form
strings. Tokenization then simply consists of un-
covering a latent segmentation under this model
(typically via a MAP approach). As this genera-
tive model’s parameters are unknown, UnigramLM
also provides a method for estimating them. In the
remainder of this section, we briefly describe the
algorithm and refer to App. E for more details.

Generative Model. Let ) be a vocabulary, and
¢ € AVI=1 denote a probability distribution over
it. UnigramLM assumes strings are produced via
a two stage generative model P. First, token se-
quences v = (v1, Vg, ..., U, ) are generated by sam-
pling tokens independently from ¢:

vl

P(V=v;¢) %équvt M

where ¢[v] denotes the probability of token v under
¢. Second, these sequences deterministically in-
duce an observed string via a fixed detokenization
function g:

1 if s=g(v)

P(S=s | V=v) = { ! @)

else
Inference Function. Given the parameters ¢ of
such a generative model, UnigramlLM’s inference
procedure simply recovers the MAP segmentation
of a string s:

hg(s) = argmax P(V=v | S=s;¢) (3a)
vey*
vl
= argmax H dlvi] (3b)

veETy(S) =1

>In order to be a valid probability distribution over token
sequences, P would need to include an explicit termination
mechanism (e.g., an EOS symbol). Since this is omitted here,
we use  in Eq. (1) to indicate that the expression is defined
up to a normalization constant.

(A detailed derivation is shown in App. E.1.) The
solution to Eq. (3) can then be found efficiently
using a Viterbi-style dynamic program, which runs
in O(N - Kpax) time, where N is the length of the
input string and K,y is the maximal length (in
characters or bytes) of any token v € V.

Parameter Estimation. Finally, UnigramLM
also provides a way to learn the parameters ¢ of its
generative model. Ideally, we would choose the ¢
that maximize the log-likelihood of a target dataset
C = {sm}M_, under our generative model: i.e.,
L(IC;p) = M log P(S=sn; ¢). As this is,
in general, intractable, UnigramLLM approximates
¢ via the EM algorithm, which lower-bounds £
and maximizes that bound (App. E.2). Concretely,
two steps are performed iteratively, either for a
fixed number of steps or until changes to the objec-
tive value fall below some threshold.® First, under
a fixed o™, the E-Step computes the expected
count of each token in our corpus, i.e., the num-
ber of times it is used on average across all corpus
segmentations:

e(CipM) = )

Sy

m=1vET, (sm)

P(V=v|S=sn;0")cy(v)
)

where ¢,(v) = ZM 1{v; = v} counts the
occurrences of token v in v. Second, the M-Step
sets each parameter to that token’s normalized
expected count:

&(C; ™)
Z’U/GV /C\U’ (C, ¢(n))

When building a tokenizer, V is not known in
advance, and UnigramLM selects it by initializing
an over-sized set and pruning after each EM itera-
tion (App. E.3). Our algorithm uses UnigramLLM’s
parameter estimation but not its vocabulary selec-
tion: the vocabulary may equally be one learned by
another algorithm, e.g., BPE.

eV [] = (6)

2.2 Tokenization in NLP Pipelines

UnigramLM’s estimation optimizes a tokenizer for
the empirical distribution of its training corpus, so
a corpus dominated by a few languages or domains
yields a tokenizer implicitly optimized for those

() can be initialized as e.g., the uniform distribution.
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regimes. Such tokenizers will logically exhibit
the cross-lingual disparities described in Section 1.
These disparities are relevant, as over-segmentation
leads to increased API costs (Petrov et al., 2023),
and tokenizer segmentation quality has been shown
to affect downstream generalization in multilingual
models (Hofmann et al., 2021; Klein and Tsarfaty,
2020; Liang et al., 2023; Vemula et al., 2025; Arnett
and Bergen, 2025; Shani et al., 2026, inter alia).

A growing body of work has sought to mitigate
these effects by modifying the tokenization stage
or adapting pretrained models to alternative vocab-
ularies. Broadly, existing approaches fall into two
categories. The first class of approaches proposes
new tokenization schemes. For example, Foroutan
et al. (2025) and Limisiewicz et al. (2023) propose
variants of BPE and UnigramLM, respectively, that
are particularly adapted for the multilingual setting.
Some other works attempt to remove or relax the
dependency on a fixed token vocabulary altogether.
Token-free and byte-level models operate directly
on character or byte sequences (Xue et al., 2022;
Ahia et al., 2024), eliminating biases incurred by
vocabularies optimized for high-resource domains,
but at the cost of substantially longer input se-
quences and increased training and inference com-
plexity. The second class of approaches propose
post-training modifications to models. Post-hoc
vocabulary adaptation methods, such as merging
or retrofitting token embeddings for new vocab-
ularies (Downey et al., 2023; Remy et al., 2024;
Feher et al., 2025), avoid full model retraining but
still require either fine-tuning pretrained models or
learning additional model parameters such as new
token embeddings or auxiliary networks.

The next section introduces LangMAP, which
gives every language its own parameters over one
shared vocabulary. It is a tokenization scheme and
an adaptation method at once: adapting a model to
a further language changes neither the vocabulary
nor the model’s architecture.

3 LangMAP Tokenization

We propose Language-adaptive MAP (LangMAP)
Tokenization: a new tokenization algorithm that
produces segmentations optimized for each lan-
guage in its training set.” Notably, LangMAP re-
quires language labels during estimation, but not

"We note that the algorithm is generally applicable to any
partition of the corpus; we focus on languages, as LM perfor-
mance according to this partition is of particular concern to
the community, but perform evaluations on code as well.

at inference. LangMAP can be used either when
training a language model from scratch or to adapt
an already pretrained model, accepting any base
vocabulary (e.g., one learned by BPE, or that of a
pretrained model) without modifying it.

3.1 Learning Language-Specific Parameters

Let Q be the set of languages under consideration
and £ € Q be a single language. Let C* denote the
subset of the corpus corresponding to language /.
Further, let V be a fixed base vocabulary, e.g., the
vocabulary of a pretrained language model or one
learned by a standard tokenization algorithm such
as UnigramLLM. Keeping this vocabulary fixed, we
learn language-specific unigram parameters® q,’)e by
applying the EM procedure described in Section 2.1
independently to each language-specific corpus C.
For each language, the expected token counts in
the E-step are computed (exclusively) over strings
in C’, while the M-step normalizes these counts
over the full (shared) vocabulary V. As mentioned
above, as V is fixed, there is no vocabulary learning,
and the pruning step of the standard UnigramLLM
algorithm is skipped; only token probabilities are
estimated.

3.2 Language-Adaptive Inference

At inference time, we find the most probable seg-
mentation for each language ¢ € () under the uni-
gram model with parameters ¢'. We then compare
segmentations across all languages, choosing the
one with maximum unigram likelihood according
to any o' Notably, this second step implicitly iden-
tifies the string’s language using UniLID, a recent
method introduced by Meister et al. (2026),° and
then returns its segmentation. Formally:

vy = argmax P(V=v; ¢e) 7
veTy(s)
Standard per-language inference via UnigramLM
v* = argmax P(V=vy; ¢") ®)
Vy | e

Implicit language-identification via UniLID

Although this formulation appears to require per-
forming the UnigramLM inference problem for
each language, inference remains efficient due to
the shared vocabulary. Because V is fixed, the

$We re-initialize (j)EO) as the current token frequency dis-
tribution in the corpus.

Explicitly, UniLID performs language identification using
an approach identical to Eq. (8), but returning ¢ instead of v,.
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segmentation lattice, which provides all valid seg-
mentations of the input string under V, is identi-
cal across languages and needs to be constructed
only once. The per-language instantiations of the
problem differ only in the edge weights induced
by the language-specific token probabilities. As a
result, the overall complexity scales linearly with
the number of languages, requiring an additional
O(|€?|) passes over a fixed lattice, rather than re-
constructing the lattice itself for each model. This
overhead could be reduced, if desired, by using
coarser-grained categorizations, e.g., language fam-
ilies instead of individual languages.

3.3 Computational Complexity, Scope, and
Limitations

From a computational standpoint, LangMAP dif-
fers from the standard UnigramLLM tokenization
algorithm only in that it maintains a separate dis-
tribution per language rather than a single shared
one; its cost follows directly from this. Training
amounts to running the same EM procedure once
per language, each over only that language’s por-
tion of the corpus, so the total work is compara-
ble to a single UnigramLLM run; the |{2| fits are
moreover independent and completely paralleliz-
able. Empirically, we observed that the estimates
stabilized after about one thousand documents per
language, well below the 25M tokens per language
on which every distribution in this paper was fit
(App. D).

At inference, the segmentation lattice depends
only on the (fixed) vocabulary and the input string,
so it is built once and reused across all language-
conditional distributions; LangMAP therefore adds
only an O(|Q)|) factor over standard UnigramLLM
decoding: one Viterbi-style pass per language
over the shared lattice, plus an O(|€2|) comparison
to select the most likely segmentation. Finally,
because each distribution is fit independently and
the vocabulary is held fixed, incremental extension
to new languages or dialects can be done easily
and efficiently; only the unigram distribution of
the new language needs to be learned.

4 Experiments

We evaluate whether LangMAP segmentations im-
prove tokenization intrinsically (measured as, e.g.,
compression) and extrinsically (measured as down-
stream performance after model fine-tuning). For
each base tokenizer we compare intrinsic and down-

stream metrics under the unchanged base tokenizer
(ORIGINAL) and LANGMAP.

4.1 Tokenizers, languages and data

Tokenizers and models. Table 4 in App. A
lists the base models whose tokenizers we study
here (14 in total). This list spans models from
the Gemma, LLama, Mistral, and Qwen families
(among others), covering distinct tokenization
algorithms and vocabulary sizes. Notably, several
of the model families we study use identical tok-
enizers across different sizes and/or versions (e.g.
Gemma 2 with 2b or 9b parameters use the same to-
kenizer, or Llama-3.1 with 8b and Llama-3.2 with
1b). We therefore report deduplicated intrinsic
metrics, over distinct tokenizers rather than over
models. Table 1 reports MorphScore per (model
family, language), measured on the LangMAP
tokenizers built over each model’s own vocabulary
that the downstream experiments of Section 5.3
train with, so that the intrinsic and downstream
measurements describe the same tokenizers. The
wider deduplicated sweep, 10 tokenizers on each
of 7 languages, is reported in Table 7.

Languages and training data. We measure mor-
phological alignment on seven natural languages,
each of which has the Universal Dependencies tree-
bank that the metric requires: German, Finnish,
Hungarian, Turkish, Hindi, Arabic and Tamil. Ben-
gali and Thai appear only in the label-free rout-
ing measurement of Table 14, and Swahili, which
has no treebank, only in the additional intrinsic
metrics of App. B. App. A lists all ten with their
script and morphological type. We also evalu-
ate tokenizers on nine programming languages:
C, C++, C#, Go, Java, JavaScript, PHP, Python,
and TypeScript, chosen to span brace-delimited
vs. whitespace-sensitive and statically vs. dynami-
cally typed conventions. The code measurements
cover eight model families, listed in App. A. For
LangMAP parameter estimation, we use data from
FineWeb2 (Penedo et al., 2025) and The Stack
(Lozhkov et al., 2024).1

Estimation. We learn each ¢*—the per-language
unigram distribution over the original tokenizer’s
vocabulary—with the EM procedure of Section 3,
run for K=10 iterations. For each language, we
use 25M tokens from the aforementioned datasets
(FineWeb2 for natural language; The Stack for

Ohttps://huggingface.co/datasets/
bigcode/the-stack
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code) to perform this parameter estimation. We
initialize ¢* from a unigram distribution estimated
jointly over the entire corpus via the EM procedure
detailed in Section 2.1.

4.2 Tokenizer configurations

We compare five tokenizer configurations at the
same training budget. ORIGINAL keeps the
model’s own tokenizer. LANGMAP re-scores that
same vocabulary per language. BASE-UNIGRAM
applies UnigramLLM segmentation over the same
vocabulary with one set of language-agnostic
scores, which separates the effect of the language-
specific scores from the effect of switching to Uni-
gram segmentation at all. We construct a PLACEBO
variant as an additional baseline: per-language
distributions are set by sorting the vocabulary by
LangMAP score, dividing the sorted list into buck-
ets of 500 pieces, and permuting the scores within
each bucket. VOCABULARY-EXTENSION is the
baseline for the alternative to LangMAP: chang-
ing which pieces the vocabulary contains, rather
than changing the scores over a fixed vocabulary.
It broadly follows the approach first proposed by
Wang et al. (2020) and Chau et al. (2020). Con-
cretely, we fit a monolingual 32k BPE tokenizer on
the target language, drop the pieces already present
in the base vocabulary and the pieces made of digits
(165 to 210 per language), append the 16,000 most
frequent of the remainder, and initialize each new
embedding row from the mean of the embeddings
of that piece’s decomposition under the original tok-
enizer (following Dobler and de Melo, 2023). This
adds 14.1M trainable parameters (see App. A). The
other four tokenizer configurations leave the param-
eter count unchanged, so the comparison between
LANGMAP and VOCABULARY-EXTENSION is the
comparison between re-scoring a vocabulary at no
parameter cost and extending it at a parameter cost.
Table 3 reports Qwen2.5-0.5B under all five config-
urations. Llama-3.2-1B was run with ORIGINAL
and LANGMAP only.

4.3 Adaptation protocol

Extrinsic evaluations measure downstream model
performance when using one of the above con-
figurations. For these experiments, we fine-tune
our base models on new language data, tokenized
using the specified tokenizer.!! Due to computa-

"Using LangMAP out-of-the-box on a language already
in the model’s pretraining data without any continued pre-
training or fine-tuning of the model systematically leads to

tional constraints, we restrict these experiments to
a subset of languages and a subset of the models
in Table 4. We include Hindi as a negative con-
trol. Before running the experiments, we found
that LangMAP had almost no effect on Hindi’s
MorphScore. We therefore expected LangMAP
to have little effect on Hindi in the downstream
experiments. In contrast, we expected vocabulary
extension to have a measurable effect. We also re-
peat the experiments on Llama-3.2-1B, using Turk-
ish, Arabic, Hindi, and Hungarian, to see whether
the results generalise to another model. For each
combination of base model, target language, and to-
kenizer, we fine-tune the model on target-language
FineWeb2 text, with English text making up 20% of
the training data. We fine-tune with LoRA of rank
16, a=32, dropout 0.05, learning rate 2x 10~%, and
a fully-trainable tied embeddings. Every run takes
the same number of optimizer steps. App. A gives
more detail on how controls were implemented.
We run 3 seeds per (language, tokenizer configura-
tion).'? The Llama-3.2-1B runs use the same exact
training settings and data; only the base model and
its vocabulary differ.

4.4 Intrinsic measurements

We evaluate LangMAP (LANGMAP) against
the base tokenizer ORIGINAL using the TokE-
val metric suite,!> comparing paired (ORIGINAL,
LANGMAP) tokenizations of the same input texts.
For natural languages, we evaluate on the FLORES-
200 parallel dataset (NLLB Team et al., 2022). For
code metrics, we report on StarCoder data (Li et al.,
2023). We report three of these metrics here in the
body:

* MorphScore compares the boundaries a tok-
enizer places inside a word type with that word
type’s gold morpheme boundaries; we report its
recall, the fraction of gold boundaries the tok-
enizer also places, together with its precision and
micro-F1, over the Universal Dependencies sub-
sets (Arnett et al., 2025; Nivre et al., 2017).

* AST leaf-boundary alignment is the fraction
of parse-tree leaf spans whose start and end both

worse performance; most probability mass for a string is

placed on the tokenization the model saw during training,

i.e., the canonical tokenization under the base tokenizer (Cao

and Rimell, 2021), and so this behavior is to be expected.
1We extend to 5 seeds for Hungarian under a rule specified

before running the experiments: namely, seeds were added
when a difference has a 95% confidence interval excluding
zero before correction.

Bhttps://github.com/cimeister/
tokenizer—-intrinsic-evals
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coincide with a token boundary.

* Identifier fragmentation is the fraction of
programmer-defined identifiers split into more
than one token.

Rényi entropy, bigram entropy, fertility, compres-

sion rate and the Gini score of per-language token

counts are reported in App. B.1. We defer the
reader to the TokEval library for descriptions and
implementation details.

For all metrics, we report paired differences:
A = LANGMAP — ORIGINAL; the direction that
indicates an improvement when using LangMAP
is noted per caption. We also report 95% confi-
dence intervals throughout. Statistical significance
is assessed via a paired percentile bootstrap, with
10,000 resamples over (tokenizer, language) pairs;
see App. A for details. The per-(model family,
language) MorphScore values of Table 1 use a dif-
ferent resampling unit (see App. B.2).

4.5 Downstream measurements

We report three downstream measurements:

* Target-language = MultiBLiMP  accuracy
(Jumelet et al., 2026), evaluated O-shot ( i.e., no
worked examples in the prompt)

* English Belebele accuracy (Bandarkar et al.,
2024) as a measure of English retention, evalu-
ated 5-shot

* FLORES+ bits per byte in the target language
and in English

MultiBLiMP is an automatically-constructed

minimal-pair benchmark, derived from Universal

Dependencies treebanks; each of its items presents

two near-identical sentences differing only on a

targeted morphosyntactic feature, and the model is

scored on whether it assigns higher likelihood to
the grammatical one. Belebele evaluates reading
comprehension via four-way multiple-choice ques-
tions grounded in FLORES-200 passages. Target-
language Belebele and Global-PIQA (Chang et al.,

2025) are not reported because their accuracies

in these languages are at or near chance at this

model scale. We evaluate the pretrained model

(NO-ADAPTATION), using its original tokenizer

and without any fine-tuning. We evaluate it on

the same 0-shot MultiBLiMP and 5-shot English

Belebele tasks. This baseline shows how much

performance changes after adapting the model to

a new tokenizer. For each MultiBLiMP difference

from the original tokenizer, we report the mean

over seeds, the standard deviation across seeds,
and a paired percentile bootstrap over items with

Lang. n  Amicro-F1  ARec. APrec.
QOwen2.5-0.5B

Turkish 32,560 +0.0688* +0.2108* +0.0703*
Finnish 40,776 +0.0245* 40.1332* +40.0391*
Hungarian 7,924 +0.0350* 40.1530* +0.0385*
Arabic 11,256  +0.0743*  +0.0663* +0.0350*
Hindi® 4723 —0.0116* +0.1008* +0.0217*
Llama-3.2-1B

Turkish 32,560 +0.0884*  +0.1937* +0.0743*
Finnish 40,776 +0.0225* 40.1151* 40.0319*
Hungarian 7,924 +0.0413* 40.1659* +0.0440*
Arabic 10,603 +0.0074* —0.0043 +0.0015
Hindi 4,723  —0.0009* +0.0010* —0.0000

Table 1: MorphScore difference (LANGMAP minus
ORIGINAL) on the tokenizers the models of Section 5.3
were fine-tuned with; higher is better in all three
columns. * marks a 95% confidence interval exclud-
ing zero. T Qwen2.5-0.5B Hindi recall is 1.0000 by
construction: that vocabulary holds only 67 Devanagari
pieces. App. B.2 gives further deatils, including signifi-
cance testing protocol and the macro-F1 column.

seeds as replicates (10,000 resamples). Multiple
testing is controlled for by the Holm procedure at
a = 0.05: over the 18 differences from the orig-
inal tokenizer in Qwen2.5-0.5B, and over the 4
in Llama-3.2-1B. The bits-per-byte and Belebele
numbers are reported as means over seeds. App. A
states further evaluation details.

5 Results

5.1 Morphological Alignment

Table 1 reports MorphScore measured on the
LangMAP tokenizers that the fine-tuned models
of Section 5.3 were trained with. Recall rises
in nine of the ten recall measurements, and the
95% confidence interval excludes zero in each of
those nine. However, MorphScore recall on Ara-
bic with the Llama-3.2-1B tokenizer, is negatively
impacted with an interval spanning zero. The in-
crease in recall means that LangMAP places more
token boundaries near gold morpheme boundaries,
while the simultaneous increase in precision sug-
gests that these changes bring the segmentation
closer to morphologically meaningful units rather
than simply adding noise. However, not all ob-
served A values reflect changes caused by the
tokenizer itself. The two Arabic results and the
Qwen2.5-0.5B Hindi result are partly properties of
the MorphScore measurement rather than of the to-
kenizer. The Qwen2.5-0.5B Hindi result is largely
determined by the tokenizer’s limited Devanagari
coverage: its vocabulary contains only 67 Devana-

49347



Metric n  Improved A
Overall AST alignment 72 100%  +0.027*
Identifier alignment 72 99%  +0.028*
Operator alignment 72 97%  +0.025*
Delimiter alignment 72 100%  +0.030*
Literal alignment 72 93%  +0.029*
Keyword alignment 72 51% +0.003*
Ident. frag. rate 72 94%  —0.009*
Mean tokens / ident. 72 86% —0.024*

Table 2: Change in intrinsic tokenizer code metrics
(LANGMAP minus ORIGINAL) over 8 model families
and 9 programming languages. The alignment rows are
AST alignment stratified by node category; higher is
better. Mean tokens / ident. is the mean number tokens
per identifier; lower is better for both this metric and
Ident. frag. rate. Improved is the percentage of the
n measurements in which the difference improves; *
marks a 95% confidence interval excluding zero.

gari pieces. With so few pieces available, any tok-
enizer restricted to this vocabulary must segment
Hindi largely at the character level, giving a recall
of 1.0000 by construction. The Llama-3.2 vocabu-
lary contains more Devanagari pieces (958), but the
Hindi A values are still 0. This is likely because
958 pieces remain too few to allow substantially
different segmentations. In this case, LangMAP
makes few or no changes to the original segmen-
tation, so a A of 0 simply indicates that the two
segmentations are unchanged. App. B provides a
fuller analysis. These results also illustrate a limita-
tion of LangMAP. As LangMAP re-scores a fixed
vocabulary rather than adding new tokens, it can
only change how the existing pieces are combined.
The extent of this change therefore depends on how
well the original vocabulary covers the language in
the first place.

A wider sweep is reported in Table 7: 10 dis-
tinct tokenizers on 7 languages, adding German
and Tamil to the five above. For all 40 recall mea-
surements on the four Latin-script languages, the
recall difference is positive. For the three non-
Latin-script languages, diagnostics are performed.
Results for the other intrinsic metrics are in App. B.

5.2 Code Tokenization

Table 2 reports the paired differences between
LangMAP and the original tokenizer, averaged
across 8 open-source tokenizers and 9 program-
ming languages. LangMAP consistently im-
proves alignment with AST leaf boundaries: the
change is positive for every tokenizer-language pair.
LangMAP also reduces the fraction of programmer-

defined identifiers that are split across multiple
tokens by 0.009, and reduces identifier fertility
(Mean tokens / ident). App. C reports the eval-
uation set, bootstrapping procedure used to com-
pute confidence intervals, and absolute alignment
scores.

5.3 Extrinsic Results

Adapting a language model. Table 3 reports
target-language MultiBLiMP accuracy after adapt-
ing Qwen2.5-0.5B and Llama-3.2-1B to a single
language at a time; multiple testing corrections
are performed in all significance tests. Notably,
the improvement from fine-tuning alone is larger
than any improvements that come from the choice
of tokenizer. VOCABULARY-EXTENSION is the
only configuration whose accuracy is significantly
above the original tokenizer’s in more than one lan-
guage (in Finnish and Turkish). Hungarian under
the Qwen2.5-0.5B base model is the one setting
where LangMAP offers a significant MultiBLiMP
improvement over the model’s original tokenizer,
i.e., its 95% confidence interval excludes zero after
correction. Two control configurations were run in
Hungarian. The model using the BASE-UNIGRAM
tokenizer scores 4+-0.001 accuracy above the orig-
inal tokenizer in Hungarian, so the improvement
in Hungarian MultiBLiMP is not produced by the
switch to UnigramLLM segmentation. The model us-
ing the PLACEBO tokenizer, the score permutation
baseline described in Section 4.2, is +0.004 above
the model that uses the original tokenizer, and the
95% confidence interval for the LANGM AP-minus-
PLACEBO excludes zero after correction. The Hun-
garian result is not reproduced in the second model
family: no Llama-3.2-1B difference has an inter-
val excluding zero after correction. App. D con-
tains an analysis looking at whether per-language
MorphScore differences are positively associated
with downstream MultiBLiMP differences. There
is no significant correlation between the two in our
results: over the nine adapted (language, model
family) combinations, the Spearman correlation is
negative under all four MorphScore columns, and
none of the eight correlations is distinguishable
from zero atn = 9.

Bits per byte and English retention. Table 10
reports FLORES+ bits per byte and pooled En-
glish Belebele accuracy for Qwen2.5-0.5B, and
Table 12 repeats the bits-per-byte measurement on
Llama-3.2-1B. Only VOCABULARY-EXTENSION
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LangMAP

Placebo

Vocab.-ext.

0.8712 +0.0039

0.9128* +0.0010

0.9645" +0.0012 0.9594" +0.0030 0.9633" +0.0036

0.8308 +0.0108
0.9320 +0.0026
0.9790 +0.0029

0.9213 £0.0050
0.9790 £0.0022

0.8603* +0.0058
0.9262 +£0.0048
0.9751 +0.0007

Language No-adapt. Original Base-Unigram
QOwen2.5-0.5B

Finnish 0.6420  0.8734 +0.0062 0.8694 +0.0020
Hungarian 0.7763  0.9531 40.0027 0.9538 +0.0083
Turkish 0.7560  0.8387 +0.0035 0.8305 +0.0029
Arabic 0.9185  0.9248 +0.0063 0.9300 +0.0033
Hindi 0.8493  0.9781 +0.0014 0.9777 +0.0051
Llama-3.2-1B

Turkish 0.8416  0.8693 +0.0063 -
Hungarian  0.9325  0.9404" +0.0130 -
Arabic 0.8897  0.9073 £0.0042 -

Hindi 0.9806  0.9719 £0.0052 -

0.8588 +0.0041 - -
0.9448" +0.0007 - -
0.9078 +0.0029 - -
0.9717 £0.0038 - -

Table 3: Target-language MultiBLiMP accuracy after adapting each model to the given language at a matched training
budget; higher is better. No-adapt. is the pretrained model with its own tokenizer and no fine-tuning (one evaluation,
no seeds). Every other value is the mean over 3 seeds, with the 4 value givig the standard deviation across seeds.

improves target-language likelihood: models
trained with it reach the lowest target-language
bits per byte in every language, at a modest cost in
English bits per byte. Where the vocabulary is left
unchanged and only segmentations are re-scored,
likelihood gets worse rather than better: models
trained with the LANGMAP and BASE-UNIGRAM
tokenizers are above the original tokenizer’s bits
per byte in every target language and in English.
We conclude that adaptation with LangMAP does
not improve model likelihood at this scale and
budget. In terms of retention of English perfor-
mance, Belebele accuracies differ more between
the adapted and the unadapted model than between
tokenizer configurations. Qwen2.5-0.5B without
adaptation scores 0.573, against 0.481 to 0.500 for
the five adapted configurations; the drop of 0.07
to 0.09 accuracy is shared across all five configu-
rations. The spread between the five is within the
range of their pooled standard deviations, though,
implying there are not significant differences be-
tween these approaches’ impacts on English at this
scale.

Adapting to five languages jointly. Adapt-
ing one model per language is not the setting
LangMAP is designed for: a shared vocabulary
with one distribution per language is intended for
one model serving several languages. Table 11 de-
scribes this protocol, in which one model is adapted
to all five languages at once (equal mix, plus En-
glish at proportion 0.2) and the segmentation is
selected at inference without a language label. We
observe empirically that label-free routing mecha-
nism, i.e., the selection of a string’s segmentation
without a language label (Eq. (8)), corresponds
perfectly to that string’s true language. Table 14

reports an analysis of this label-free routing mech-
anism over 12 languages and truncated inputs on
a separate base model. Models trained with the
LangMAP tokenizer are slightly above the origi-
nal tokenizer’s accuracy in three languages under
Qwen2.5-0.5B and indistinguishable from it in the
other two. These improvements do not repeat un-
der Llama-3.2-1B. In short, while the per-language
segmentation scheme works

6 Conclusion

We introduced LangMAP, a multilingual tokeniza-
tion scheme that extends UnigramLLM by maintain-
ing a separate unigram distribution per language
over a single, fixed vocabulary. LangMAP can be
trained as a tokenizer in its own right or used to
adapt a tokenizer of an existing pre-trained model
without altering its vocabulary or parameters. In
either case, language labels are required only dur-
ing estimation; at inference, the model selects the
appropriate language-specific segmentation with-
out knowing the input language. On natural lan-
guage, LangMAP raised the alignment of token
boundaries with gold morpheme boundaries con-
sistently for Latin-script languages. For program-
ming languages, it raised alignment with abstract
syntax tree leaf boundaries. Limited fine-tuning
results do not show consistent improvements from
using LangMAP, leaving downstream applications
of LangMAP as an open research question.

Limitations

While the use of a fixed shared vocabulary en-
sures compatibility with pretrained models, it also
bounds the representational capacity of the tok-
enizer. If linguistically appropriate tokens for a
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given language are absent from the vocabulary,
language-specific reweighting of token probabil-
ities alone cannot recover good segmentations for
those languages. This limitation is visible in our
results. A natural follow up would be to pair
LangMAP with vocabulary extension so that adap-
tation is no longer confined to the tokens a model
already supports. Another limitation is that our
method requires labeled training data to estimate
language-specific distributions. We observe empir-
ically that very few labeled samples are needed to
get good unigram distribution estimates, but the
method does not work in the complete absence
of labels. We leave unsupervised or weakly super-
vised extensions for future work. Finally, our down-
stream evidence is narrow. It covers two model
families at one size each (Qwen2.5-0.5B on five
languages, Llama-3.2-1B on four), one adaptation
budget, and 3 seeds per (language, tokenizer config-
uration). The one comparison in which LangMAP
improves over the original tokenizer—Hungarian
in the single-language setting on Qwen2.5-0.5B—
does not significantly improve over the placebo
control after multiple-testing correction. Bits per
byte is higher for LangMAP than for the original to-
kenizer in every language and both the models that
we fine-tuned, so we make no claim about its ability
to improve base language modeling capabilities.
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A Experimental Setup Details

Evaluated models and their tokenizers. Table 4
contains information about our evaluated models
and their tokenizers.

Table 4: Tokenizer and Vocabulary of Base Model tok-
enizers that are used for intrinsic and downstream eval-
uation. We additionally report results for OLMo—-3-7B
and EuroLLM-1.7B. The Llama 3 and Qwen 2.5 &
3 rows each cover two model versions that share one
tokenizer. |V| is the full vocabulary size, added and
special tokens included.

Model Algorithm V]
Bloom-3b BPE 250,880
Gemma-3-1b BPE 262,144
Gemma-2-2b BPE 256,000
Granite 3.0-8b BPE 49,152
Llama 3 BPE 128,256
Mistral-7b-v0.3 BPE 32,768
Mistral-Nemo-12b  BPE 131,072
Phi-3-mini BPE 32,064
Phi-4 BPE 100,352
Qwen 2.5 & 3 BPE 151,936
XGLM-2.9b UnigramLM 256,008
Yi-1.5-6b BPE 64,000
Appendix-only Models
OLMo-3-7B BPE 100,278
EuroLLM-1.7B BPE 128,000

Paired-bootstrap differences. All reported A
values are paired comparisons over (tokenizer,
language) pairs. For each pair, Original and
LangMAP are evaluated on the same test data,
and we take the per-pair difference A, =
m(LangM AP,) — m(Original.) for metric m.
We report the aggregate effect as the mean over the
n pairs, A = 1 3™ | A, and estimate 95% con-
fidence intervals with a nonparametric percentile
bootstrap that resamples the n pairs with replace-
ment: we draw 10,000 resamples, recompute A on
each, and report the 2.5th and 97.5th percentiles
of the resulting distribution. An aggregate effect
is significant when this interval excludes zero.

Languages. The seven languages measured for
morphological alignment are German (fusional,
Latin script), Finnish, Hungarian and Turkish (ag-
glutinative, Latin script), Hindi (mixed, Devana-
gari), Arabic (templatic, Arabic script) and Tamil
(agglutinative, Tamil script). Each has the Univer-
sal Dependencies treebank that the metric requires.
Bengali (agglutinative, Bengali script) and Thai
(analytic, Thai script) have treebanks as well and
are measured only in the label-free routing of Ta-

ble 14. Swahili has no treebank and appears in
Table 8 only.

Training budget and seeds. The adaptation bud-
get is defined in padded training positions rather
than in real tokens. Every sequence is padded
to 1024 positions, and every run takes the same
3,561 optimizer steps at 49,152 positions per step,
175,030,272 positions in total. Fixing the number
of optimizer steps is what makes tokenizer configu-
rations with different compression comparable: a
budget defined in real tokens would give the more
compressive tokenizer more optimizer steps for the
same nominal budget. The position budget was
calibrated so that it corresponds to roughly 100M
real target-language tokens for the median config-
uration. Because the padding fraction differs by
tokenizer configuration and by language, the real
target-language token count of a given run is be-
low its position budget and is read from that run’s
own metadata rather than fixed in advance. The
seeds are 42, 43 and 44, with 45 and 46 added in
Hungarian under the adaptive rule, in both model
families. LoRA rank was ablated on Qwen2.5-
0.5B: ranks 16 and 64, the latter at @ = 128,
gave a minimal difference in downstream perfor-
mance. The tied embedding is created with pe ft’s
ensure_weight_tying, and a runtime check
compares the storage of the input lookup and the
output head and aborts if the two differ.

Parameters added by vocabulary extension.
Under the VOCABULARY-EXTENSION configura-
tion, the embedding matrix gains 15,729 rows for
16,000 (the base embedding matrix was padded and
so some of the padded positions could be used. The
parameter count for the model under this configu-
ration grows as follows: 15,729 x 896 = 14.1M
where 896 is the embedding dimension.

B Additional Natural Language Intrinsic
Tokenization Results

B.1 Additional Intrinsic Metrics

Table 7 reports morphological alignment over 10
tokenizers and 7 languages: German, Finnish, Hun-
garian, Turkish, Hindi, Arabic and Tamil. Table 8
reports tokenization efficiency and information-
theoretic metrics for German (deu), Finnish (fin),
Hungarian (hun), Turkish (tur), Hindi (hin) and
Swahili (swh). Notably, we see that Rényi-2.5 ef-
ficiency falls by 0.239 (95% CI [—0.281, —0.199))
and bigram entropy by 0.006. These results sug-
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gest that LangM AP concentrates probability mass
on the vocabulary subset that segments a single lan-
guage well. On natural language, fertility changes
are small and mixed in sign: it rises in three of the
six languages (German +-0.0013, Finnish +-0.0017,
Turkish +0.0023) and falls in the other three
(Hungarian —0.0024, Hindi —0.0062, Swahili
—0.0038), where a lower value is the improving
direction.

B.2 MorphScore measurement, Arabic gold
segmentation and Hindi script coverage

MorphScore computations. Each value in Ta-
ble 1 is measured over the word types of that lan-
guage’s Universal Dependencies subset. A value
is marked in Table 1 and in Table 5 when its 95%
confidence interval excludes zero under a paired
percentile bootstrap, that is, a procedure that draws
2,000 resamples of the word types with replace-
ment, keeps each word type’s two tokenizations to-
gether in every resample, recomputes the difference
on each resample, and reports the 2.5th and 97.5th
percentiles of the resulting 2,000 differences. Un-
der this procedure 36 of the 40 values of Table 5
are marked; the four that are not are the Llama-3.2-
1B Arabic recall and precision, the Llama-3.2-1B
Hindi macro-F1, and the Llama-3.2-1B Hindi pre-
cision. Table 5 shows all four MorphScore metrics
for the ten rows.

Arabic gold segmentation. The Arabic gold seg-
mentation was rebuilt for Table 1 and Table 7. The
released prefix, stem and suffix split is an artifact
of matching a vocalized lemma against an unvo-
calized word form: the mean stem length is 1.77
characters and 26.5% of word types have a one-
character stem. We remove the lemma’s diacritics,
normalize alef and ya, and locate the result inside
the word form, which aligns 16,014 of the 19,126
word types (83.7%). The 16.3% that do not align
are non-concatenative forms, that is broken plurals,
imperfective stem alternation and suppletion, so
the Arabic values measure concatenative affixation
on the alignable subset and say nothing about the
rest. An earlier version of Table 1 read predicted
boundaries by decoding one token id at a time,
which misplaces every boundary after a token that
covers part of a multi-byte character. The Arabic
and Hindi rows change under the correction and
the three Latin-script rows do not.

Lang. n  Amicro-F1 Amacro-F1  ARec. APrec.
Qwen2.5-0.5B

Turkish 32,560 +0.0688*  +0.0733*  40.2108* +0.0703*
Finnish 40,776 4+0.0245*  +0.0280*  +0.1332* +0.0391*
Hungarian 7,924  40.0350*  +0.0405* 40.1530* +0.0385*
Arabic 11,256  +0.0743*  +0.0775*  40.0663* +0.0350*
Hindi' 4723 —-0.0116*  —0.0124* +0.1008* +0.0217*
Llama-3.2-1B

Turkish 32,560 +0.0884*  +0.0891* 40.1937* +0.0743*
Finnish 40,776 4+0.0225*  +0.0257*  +0.1151* +0.0319*
Hungarian 7,924  40.0413*  +0.0473* 40.1659* +0.0440*
Arabic 10,603 +0.0074*  +0.0078*  —0.0043 +0.0015
Hindi 4,723  —0.0009* —0.0005  +0.0010* —0.0000

Table 5: All four MorphScore metrics for the ten (model
family, language) rows of Table 1, which reports the
first, third and fourth of them. Values are LANGMAP -
ORIGINAL; higher is better in all four columns. * marks
a value whose 95% confidence interval excludes zero
under a paired percentile bootstrap over word types with
2,000 resamples, and T the Qwen2.5-0.5B Hindi row,
whose recall is 1.0000 by construction. Llama-3.2-1B
Finnish has no downstream run.

B.3 Headroom Analysis

Figure 1 shows that LangMAP’s MorphScore re-
call gain over the base tokenizer is largest where
the base tokenizer’s recall is lowest, and near zero
where base recall is already high. This pattern
shows the limits of what re-scoring can do. Con-
cretely, LangMAP re-scores a fixed vocabulary and
adds no tokens, so it changes only which of the
existing pieces are used to segment a string. Thus,
a language can only benefit when the vocabulary
already contains pieces that could yield a segmenta-
tion better aligned with that language’s morpheme
boundaries. What the vocabulary covers sets not
only how large the change is but what kind of
change it is: with enough pieces of the script, re-
scoring selects among genuine alternatives, and
with almost none, the character-level segmentation
is the only alternative left for it to select.

We perform an additional analysis to explore this
phenomenon. In Table 6, we count, for each of the
eleven tokenizers, how many vocabulary entries
are Devanagari pieces and how many are English
or German pieces.

How each column in Table 6 was computed. A
token’s byte sequence is recovered by reversing the
GPT-2 byte-to-unicode map for byte-level tokeniz-
ers (Bloom, Granite, Mistral Nemo, Phi 4, Qwen3,
Llama3), or by replacing the SentencePiece metas-
pace marker with a space for SentencePiece tok-
enizers (Gemma 3, Mistral 7b, Phi 3, XGLM, Yi).
Added and special tokens are excluded. Before
script classification, one optional leading space
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marker is stripped. We compute the columns as
follows; single-byte tokens are excluded from the
counts throughout, so a count measures genuine
merged subwords rather than the base byte alpha-
bet.

* Devanagari, Complete: tokens whose bytes
decode as valid UTF-8 to a non-empty string
in which every character lies in the Devanagari
block U+0900 to U+097F. A single Devana-
gari character is three UTF-8 bytes, so single
characters are included.

* Devanagari, +Fragments: the Complete count
plus, for byte-level tokenizers only, multi-
byte tokens whose bytes are not valid stan-
dalone UTF-8 but form a contiguous slice
of a Devanagari UTF-8 sequence (lead byte
0xEO, second byte 0xA4 or OxAS, continua-
tion bytes 0x80 to OxBF). SentencePiece tok-
enizers contribute no fragments because their
pieces are whole characters, so the two De-
vanagari columns are equal for them.

* English subwords: tokens that decode as valid
UTF-8 to a non-empty string in which ev-
ery character is an ASCII letter a—z or A-Z.
Digits, punctuation, mixed-script tokens, and
single-byte tokens (including lone letters) are
excluded.

* German: tokens whose bytes decode as valid
UTF-8 to a non-empty string in which every
character is a letter of the German alphabet,
that is a—z, A-Z, or one of 4, 6, i, A, O, U, B.

Table 6 shows that the two scripts are covered
unequally. Compared to German, Devanagari cov-
erage is smaller and more variable, ranging from 3
pieces (Yi 1.5) to 16,189 (Bloom 3b), and falling
below 40 for four tokenizers (Yi 1.5: 3; Granite 3.0:
16; Phi-4: 23; Phi-3 mini: 39). These counts ac-
count for both ends of the trend. Because every to-
kenizer contains tens of thousands of Latin pieces,
German text has many alternative segmentations
under the vocabulary; LangMAP’s per-language
distribution selects among them, and the selected
segmentations align more closely with morpheme
boundaries, which is evinced by German’s mean
recall gain of +0.137 over the ten tokenizers of
Table 7. Hindi is the other end, and the effect
there is not that re-scoring leaves the segmentation
alone. A vocabulary with very few Devanagari
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Figure 1: LangMAP MorphScore recall as a function
of the original tokenizer’s MorphScore recall. We see
consistent improvements (points above diagonal) and
that the gains are typically largest for tokenizers with
the lowest base recall, i.e., where there is the most room
for improvement. Our subsequent analysis shows that
this result is contingent on the vocabulary containing
sufficient coverage of a script/language.

pieces gives a Devanagari string almost no seg-
mentation other than the character-level one, which
puts its MorphScore recall at 1.0000 and makes
that measurement uninformative about morpholog-
ical alignment. The eleven tokenizers of Table 6
span 3 to 16,189 Devanagari pieces, which is why
Table 7 marks the two cases separately instead of
averaging over them. Of the nine tokenizers in
that table’s Hindi column, four produce a recall
difference that is a character-level ceiling effect,
one produces identical segmentations under both
tokenizers, and the mean is taken over the four that
remain.

C Additional Code Intrinsic Tokenization
Results

The values used in Table 2 are shown in Table 9.
A value is marked in Table 2 when its 95% confi-
dence interval excludes zero under the percentile
bootstrap procedure described in App. A.

D Additional Downstream Results

Per-language MultiBLiMP accuracy for jointly-
adapted model. Table 11 shows per-language
MultiBLiMP accuracy for one model adapted to
all five languages jointly. With 3 seeds a per-
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Table 6: Devanagari and Latin (English) subword inventories for the eleven subword tokenizers we perform
experiments with. For each tokenizer, the table reports how many vocabulary entries decode to complete Devanagari
characters, how many additional byte-level fragments of Devanagari characters exist, and how many entries are
Latin-letter (English) subwords. The Vocabulary column is the full vocabulary size, matching Table 4. The four
subword counts are taken over vocabulary entries after excluding added tokens, special tokens and single-byte
tokens, so they do not sum to the Vocabulary column.

Devanagari subwords Latin-script subwords
Tokenizer Vocabulary ~Complete +Fragments  English German
Bloom-3b 250880 16189 16210 89919 90100
Gemma-3-1b 262144 13684 13684 139481 141078
Granite 3.0-8b 49152 16 19 39727 39825
Llama 3 128256 958 970 71150 71727
Mistral 7b 32768 44 44 24952 25113
Mistral Nemo 131072 1530 1542 70732 72196
Phi 3 mini 32064 39 39 24016 24359
Phi 4 100 352 23 30 68 643 68 897
Qwen3 151936 67 74 68871 69 588
XGLM 2.9b 256 008 5667 5667 108 841 112736
Yi1.56B 64 000 3 3 38977 38 986

Table 7: MorphScore recall difference, LANGMAP - ORIGINAL, for 10 tokenizers on 7 languages. Panel
(a), Latin script. All 40 differences are positive. Panel (b), non-Latin scripts, with two diagnostics beside each
difference. Pieces counts the vocabulary entries written entirely in that language’s script, with the count of those
longer than one character in parentheses. Char-split is the frequency-weighted fraction of word types cut at every
character position, for the original tokenizer and then for LangMAP. T marks the 6 measurements in which the
two tokenizers produce the same segmentation of every word type, producing a difference of 0. The 14 remaining
non-Latin measurements show differences ranging from —0.005 to +0.119. The mean row of panel (b) uses only
these 14, so it is not an average over all families. Yi-1.5-6b appears in panel (a) only. Yi’s vocabulary contains
3 Devanagari pieces and 0 Tamil pieces and does not have byte fallback. Those two scripts must be represented
primarily by unknown tokens, and the analysis is confounded.

(a) Latin-script languages

Tokenizer German Finnish Hungarian Turkish  Mean

Bloom-3b +0.180 +40.089 40.104 +0.151 +40.131
Gemma-3-1b +0.126 40.123  +0.130  +0.167 +40.137
Granite 3.0-8b +0.134 +40.107 +40.171  +0.118 +40.132
Llama-3.2-1b +0.179  40.115 40.166  +0.194 40.164

Mistral-7b-v0.3 +0.090 +0.117 40.151  +0.131 +40.122
Mistral-Nemo-12b  +0.107 40.099  +0.142  40.149 40.124

Phi-4 +0.177 40.127  4+0.151  +0.175 +0.157
Qwen2.5-0.5B +0.179 40.133  +0.1563  +0.211 40.169
XGLM-2.9b +0.011  40.042  +0.053  +0.092 +0.050
Yi-1.5-6b +0.185 40.105 +0.148  +0.144 40.146
Mean +0.187 +0.106 +0.137 +0.158 +0.133

(b) Non-Latin-script languages

Hindi (Devanagari) Arabic Tamil

Tokenizer ARec. Pieces Char-split ARec. Pieces Char-split ARec. Pieces Char-split
Bloom-3b +0.030 16,189 (16,038) 0.002—0.002 +0.040 20,587 (20,394) 0.001—0.001 +0.119 6,194 (6,114) 0.000—0.000
Gemma-3-1b +0.008 13,684 (13,519) 0.002—0.002 —0.005 8,408 (8,008) 0.002—0.002 +0.085 3,850 (3,769) 0.001—0.001
Granite 3.0-8b +0.0007 16 (0) 1.000—1.000 +0.002* 79 (25) 0.157—0.181  +0.0007 25 (0) 1.000—1.000
Llama-3.2-1b +0.001* 958 (845) 0.365—0.366 —0.004 3,729 (3,594)  0.002—0.002 +0.000" 3(0) 0.101—0.101
Mistral-7b-v0.3 —0.000* 44 (0) 1.000—0.998 +0.000° 71(2) 0.298—0.298 +0.0007 22 (0) 1.000—0.989
Mistral-Nemo-12b  +0.031 1,530 (1,412)  0.070—0.097 +0.005 9,350 (9,197) 0.001—0.001 +0.052  525(466) 0.013—0.013
Phi-4 +0.041% 23 (1) 0.613—0.807 +0.001* 105 (36) 0.164—0.169 +0.000" 3(0) 0.101—0.101
Qwen2.5-0.5B +0.101* 67 (1) 0.613—0.984 +0.066 4,008 (3,449) 0.001—0.001 +40.321* 28 (0) 0.101—1.000
XGLM-2.9b +0.007 5,667 (5,536) 0.000—0.000 +0.018 13,168 (12,962) 0.001—0.001 —0.002 1,945 (1,876) 0.000—0.000
Mean +0.019 n=4 +0.020 n=>06 +0.064 n=4

centile bootstrap over seeds returns the small- ences, so we report the spread as the observed
est and the largest of the three observed differ- range over the 3 seeds. The three per-seed dif-
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Table 8: Surface efficiency and information-theoretic metrics, per language. A = LANGMAP — ORIGINAL
(raw, per-checkpoint convention). Improving direction is lower for fertility and higher for the other three; small
brackets are 95% Cls and * marks a CI excluding 0. Compression rate is shown x 102,

Lang n APFertility ACompr. (x10%) ABigram H ARényi-2.5

deu 10 +0.0013* [+0.0002, +0.0023] +0.11 [-0.00,40.19] —0.0068* [—0.0085, —0.0050] —0.251* [—0.317, —0.175]

fin 10 +0.0017 [-0.0032,40.0056] +0.11 [-0.13,40.33] +0.0010 [—0.0044, +0.0056] —0.343* [—0.464, —0.240]

hun 10 —0.0024* [-0.0049, —0.0000] —0.09 [—-0.22,40.05] —0.0078* [-0.0103, —0.0051] —0.303* [—0.420, —0.193]

tur 10 +0.0023 [—-0.0046,4+0.0087] +0.38 [-0.07,40.93] —0.0012 [—0.0065,40.0036] —0.109* [—0.176, —0.037]

hin 10 —0.0062 [-0.0185,+0.0003] —0.10 [-0.34,+0.06] —0.0086 [—0.0226,+0.0002] —0.154 [—0.398, +0.003]
]

swh 10 —0.0038" [-0.0069, —0.0010] —0.16 [-0.32,40.00] —0.0103* [—0.0140, —0.0064] —0.605* [—0.778, —0.407]

Table 9: Per-(model, language) difference in overall AST-leaf-boundary alignment, LangMAP minus the model’s
own tokenizer, for every one of the 8 x 9 = 72 (model, programming language) measurements. Alignment is the
fraction of leaf-node spans in the parse tree whose start and end both coincide with a token boundary; higher is
better. All 72 differences are positive, from 40.003 to +0.066, with a mean of 4-0.027. The right column and
bottom row give per-model and per-language means. The evaluation set is 100 source files per language, taken in

parquet row order from the StarCoder eval split.

Model C C++ C# Go Java JS PHP Py TS | Mean

BLOOM-3B +0.052 +0.036 +0.033 +0.028 +0.029 +0.060 +0.039 +0.018 +0.041 | +0.037
Gemma 2-2B +0.066 40.018 +0.010 +0.021 +0.011 40.027 +40.012 +0.017 +0.016 | +0.022
Granite 3.0-8B +0.028 +40.018 +0.009 +0.022 +0.011 +40.026 40.012 +40.019 +0.011 | +0.017
Llama3.2-1B +0.049 +40.030 +0.021 +0.038 +0.040 +40.035 +40.016 +0.037 +0.030 | +0.033
Mistral-NeMo-12B  +0.046 +0.026 40.030 +0.040 +0.041 40.035 +0.014 +0.043 +40.028 | +0.034
Phi-4 +0.049 +0.030 +0.022 40.038 +40.042 +0.035 +0.016 +40.037 +0.030 | +0.033
Qwen 2.5-0.5B +0.049 +0.030 +0.022 +40.037 +40.042 +0.035 +0.016 +0.036 +0.030 | +0.033
XGLM-2.9B +0.023 +0.006 +0.009 +0.015 +40.003 +0.012 +0.003 +0.008 +0.006 | +0.009
Mean +0.045 +0.024 +0.019 +0.030 +0.027 +0.033 +0.016 +0.027 +0.024 | +0.027

ferences on Qwen2.5-0.5B are Turkish 40.0098,
40.0052, 40.0103; Finnish +0.0241, +0.0023,
+0.0019; Hungarian +0.0095, +0.0012, +0.0189;
and Arabic and Hindi change sign across seeds. On
Llama-3.2-1B they are Turkish —0.0218, —0.0293,
—0.0235; Finnish +0.0047, —0.0062, +0.0237;
Hungarian +0.0083, +0.0059, —0.0059; Arabic
40.0041, —0.0008, —0.0058; and Hindi +0.0000,
—0.0055, —0.0007.

Bits per byte on Llama-3.2-1B. Table 12 reports
FLORES+ bits per byte for Llama-3.2-1B adapted
to one language at a time, under the protocol of
Table 3. The original tokenizer has the lower value
in all four target languages and in English.

Confidence intervals and p-value computations.
A paired bootstrap over evaluation items with seeds
as replicates is computed alongside each difference
from the original tokenizer in Table 3. Significance
is only marked when the confidence interval for
that difference excludes 0 after multiple testing ad-
justment: we use the Holm procedure at o = 0.05,
over the 18 measurements taken in the Qwen2.5-
0.5B panel and the 4 in the Llama-3.2-1B panel.
The Hungarian runs were extended to 5 seeds under
the adaptive rule of Section 4.3.

Validation bits per byte for jointly-trained
model. Bits per byte on the in-training validation
split of the model trained jointly on five languages
is 1.0772 for the original tokenizer and 1.0942 for
LangMAP on Qwen2.5-0.5B, aggregated over the
five languages and 3 seeds, a difference of +0.017
in the same direction as the single-language setting.

MorphScore differences and MultiBLiMP dif-
ferences. We tested, across the nine (language,
model family) combinations we adapted, whether
MorphScore differences (LangMAP minus the orig-
inal tokenizer) are positively associated with the
MultiBLiMP differences. Each downstream dif-
ference is paired with the MorphScore difference
of the tokenizer that run was trained with, taken
from Table 1. The prediction is not supported.
The Spearman correlation is negative under every
MorphScore column, at —0.27 on recall, —0.35 on
precision and —0.20 on each of the two F1 columns
of Table 5. The intrinsic and downstream differ-
ences agree in sign in 4 to 6 of the nine measure-
ments, but an exact sign test shows this result is
not distinguishable from an at-chance result. Turk-
ish has the largest MorphScore recall difference
in both model families, +0.211 on Qwen2.5-0.5B
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Original Base-Unigram LangMAP Placebo

Vocab.-ext.

Target-language FLORES+ bits per byte (lower is better)

Finnish 1.3849 1.4278 1.4245 n/a 1.2745
Hungarian 1.3293 1.3514 1.3494 1.3607 1.2069
Turkish 1.2922 1.3108 1.3097 n/a 1.2417
Arabic 0.9335 0.9413 0.9394  0.9500 0.9324
Hindi 0.6526 0.6592 0.6591 0.6587 0.5946
English FLORES+ bits per byte (lower is better)

Finnish 1.0819 1.0895 1.0907 n/a 1.1673
Hungarian 1.0746 1.0820 1.0815 1.0826 1.1060
Turkish 1.0726 1.0809 1.0816 n/a 1.1244
Arabic 1.0370 1.0458 1.0442 1.0451 1.0484
Hindi 1.0504 1.0579 1.0565 1.0569 1.0564

English Belebele accuracy, pooled over languages and seeds (higher is better)

Pooled 0.4993 0.4932

0.4981 0.5000 0.4807

Table 10: FLORES+ bits per byte and pooled English Belebele accuracy after adapting Qwen2.5-0.5B to one
language at a time. Each bits-per-byte value is the mean over 3 seeds and bold marks the lowest value in a row;
the two bits-per-byte panels and the Belebele row run in opposite directions, as marked. PLACEBO was run in
Arabic, Hindi and Hungarian only. The Belebele row is a mean over languages and seeds, with no bootstrap and no

correction applied.

and +0.194 on Llama-3.2-1B, together with down-
stream differences of —(0.008 and —0.011, in the
opposite direction to the prediction.

LangMAP convergence. Table 13 shows that
LangMAP estimation has low sample complexity.
Across German, Finnish and Turkish, re-estimating
the language-specific distribution from only 1,000
documents gives a held-out fertility within 0.054%
of the reference estimate, averaged over the three
languages. The last row shows the scale at which
every LangMAP distribution in this paper was fit,
25M tokens per language.

Label-free segmentation selection. We investi-
gate whether the correct language’s segmentation
is used at inference time in the LangMAP tok-
enization scheme. We evaluate on 12 languages
(German, Finnish, Hungarian, Turkish, Hindi, Ben-
gali, Tamil, Arabic, Thai, which are used for our
MorphScore evaluation; and Basque, Korean, Rus-
sian). Here the input is truncated to W leading
words and the base model is EuroLLM-1.7B.
For 12 languages (400 sentences each), LangMAP
chooses the UnigramLLM segmentation from the
input’s ground-truth language with 100% accuracy
once 8 words of the sequence are given as input,
for all 12 languages and for the Latin-script subset
alike (Table 14). Below 8 words, routing performs
better on Latin languages (0.803 for all languages
against 0.888 for just Latin languages at one word),
which we attribute to the tokenizer’s better cover-
age of Latin scripts. Note that this is a different

measurement from the routing result mentioned in
Section 5.3.
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Language  Original LangMAP (routed) LangMAP — Original Routed — Oracle
QOwen2.5-0.5B

Turkish 0.7907 0.7991 +0.0084 0.0000
Finnish 0.7843 0.7938 +0.0095 0.0000
Hungarian  0.8923 0.9022 +0.0099 0.0000
Arabic 0.9155 0.9158 +0.0003 0.0000
Hindi 0.9330 0.9307 —0.0023 0.0000
Llama-3.2-1B

Turkish 0.8576 0.8328 —0.0249 0.0000
Finnish 0.8355 0.8429 +0.0074 0.0000
Hungarian  0.9254 0.9282 +0.0028 0.0000
Arabic 0.8936 0.8927 —0.0008 0.0000
Hindi 0.9666 0.9645 —0.0021 0.0000

Table 11: Per-language MultiBLiMP accuracy for one model adapted to all five languages jointly, in each of the
two model families, means over 3 seeds; higher is better. Routed selects the segmentation at inference without a
language label; oracle selects it using the true language label. The routed and oracle accuracies are identical in all
30 (model family, language, seed) combinations, and on FLORES+ each family’s tokenizer pool assigns 997 of 997
sentences to the correct language’s distribution in each of the five languages. Absolute accuracies are below the
single-language values of Table 3 (Turkish 0.7907 here against 0.8387 there for Qwen2.5-0.5B); we attribute that
difference to one model covering five languages rather than one. The differences in the third column are computed
over 3 seeds rather than over evaluation items, for the reason and with the per-seed values given in App. D.

Language Original LangMAP LangMAP — Original

Target-language FLORES+ bits per byte (lower is better)

Turkish 1.1746 1.2094 +0.0348
Hungarian  1.1539 1.2053 +0.0514
Arabic 09118 0.9274 +0.0156
Hindi 0.5699 0.5736 +0.0036

English FLORES+ bits per byte (lower is better)

Turkish 0.9822 0.9926 +0.0103
Hungarian  0.9825 0.9925 +0.0100
Arabic 0.9781 0.9812 +0.0031
Hindi 0.9738 0.9759 +0.0021

Table 12: FLORES+ bits per byte after adapting Llama-
3.2-1B to one language at a time, under the protocol
of Table 3; lower is better in both panels. Finnish was
not run in this family, and this family was run with the
original tokenizer and LangMAP only. Each value is
the mean over 3 seeds, with seed standard deviations of
0.0001 to 0.0012. English Belebele is not tabulated for
this family: the pretrained model scores 0.347 against
a four-way chance level of 0.25, so it does not measure
English retention at this scale.

Table 13: Convergence of the language-specific dis-
tribution. Each value is the difference in fertility be-
tween a distribution ¢, re-estimated from the first N
documents of that language’s corpus and the reference
distribution, written as a percentage of the reference
value. Fertility is computed on the FLORES-200 de-
vtest set. The base vocabulary is Qwen2.5-0.5B’s and
is held fixed; only the per-language distribution is re-
estimated. The reference is the N=32,000 fit. The last
row is the scale at which every LangMAP distribution
in this paper was fit: 25M tokens per language.

Documents (N) German Finnish  Turkish
125 0.306% 0.187%  0.230%
500 0.067% 0.181% 0.040%
1,000 0.002% 0.101%  0.059%
4,000 0.026% 0.059% 0.076%
16,000 0.005% 0.047% 0.016%
32,000 reference
25M tokens  0.009%  0.009% 0.011%

Table 14: Label-free language routing accuracy. As
a function of input length (first W whitespace words),
the fraction of FLORES inputs that were segmented
according to the “correct” language’s unigram distri-
bution via LangMAP’s maximum-likelihood selection
rule; “full” = whole sentence). Base = EuroLLM-1.7B,
400 sentences/language. “Latin-5" restricts both the in-
put languages and LangMAP’s language set to the five
Latin-script languages.

Input (W words) 1 2 3 5 8 full
All 12 languages .888 .961 .988 .998 1.00 1.00
Latin-5 only 803 922 976 .995 1.00 1.00
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E Further Details on Tokenization and the UnigramL.M Algorithm

This appendix provides additional detail on the UnigramLM algorithm summarized in Section 2.1. We
give the full inference and EM derivations (Apps. E.1 and E.2, respectively) and the vocabulary pruning
procedure (App. E.3). These derivations are largely reproduced from Meister (2025); we refer the reader
to this resource for a more detailed presentation of the algorithm.

E.1 Inference Derivation

For reference, the deterministic relationship between token sequences and strings under the UnigramLM
generative model is:

B |1 if s=g(v)
P(S =S ’ V=v)= { 0 otherwise ®)
Recall from the main text that MAP inference seeks:
he(s) = argmax P(V=v | S=s; ¢) 3)

vey*

Using the relationships in Egs. (1) and (9), we can rewrite Eq. (3) as the following equivalent optimization
problem:

he(s) < argmax P(V=v | S=s; ¢) 3)
vey*
P(V=v;¢)
= argmax (10a)
veTu(s) 2ovetus) L(V=V":0)
= argmax P(V=v; ¢) (10b)
veETy(s)
v]
= argmax H olvy] (10c)
veTy(s) ;1

where we first restrict the considered sequences of tokens to 7y,(s) (10a) since other sequences have
probability zero given Eq. (9), and apply Bayes’ rule, noting that P(S = s | V = v;¢) = 1 for all
v € Ty(s). Then, we drop the denominator (10b), since it does not depend on v and thus does not affect
the argmax. Finally, we apply the definition in Eq. (1) (10c).
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E.2 Application of EM for Learning ¢

As stated in Section 2.1, UnigramlLM learns ¢ by approximately maximizing the observed data log-
likelihood via EM. Here we provide the full logic behind why this is a valid approach.

Under the UnigramLLM generative process, a “complete” dataset consists of (s, v) pairs, i.e., strings
and the token sequences that produced them. Denoting such a dataset as X = {(s;,, v}, its
log-likelihood is:

M
L(X;¢) = )Y log P(S=s5m, V=V ¢) (11)

m=1

which we refer to as the complete data log-likelihood. Crucially, this quantity cannot be optimized directly,
since the token sequences v, are latent: we only observe the detokenized strings s = g(v), not the
segmentations that produced them. We thus instead turn to maximizing the observed data log-likelihood:

L(C;p) = D log P(S=sp; 9) (12a)

M
= > log > P(V=v;¢) (12b)

where C = {sm}%z1 is the corpus of strings. However, this value is difficult to optimize directly due to
the log-sum structure. This is where the expectation-maximization (EM) algorithm comes in.

By Jensen’s inequality, we can show that the expected value of the complete log-likelihood serves as a
lower bound for the observed log-likelihood. We provide this derivation specifically for our setting. Let
O(¢p; ™) denote the expected complete data log-likelihood:

M

Qs ™) =D E [log P(S=5p, V=v; )] (13)

1 v~V [ S=sm;¢(™)

For any valid probability distribution P(V = v), given our established relationships between P(V =
v) and P(S=s; ¢), we have by Jensen’s inequality that:

V=v:
oapls=se) <bn 3 PV =0
VETV(S)

P(V=v;
> Z P(V:V)logM
VET\;(S)

Let’s now choose P(V = v) to be P(V =v | S=s; ¢™), the posterior under our current parameter
beliefs for a fixed s. Applying Jensen’s inequality (above) to our definition of the observed data log-
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likelihood from Eq. (12) gives us

M
LC;p)=> log Y P(V=v;e) (14a)
m=1 vETY(Sm)
M
>y P(V=v|8=s,;¢")[log P(V=v;¢) —log P(V=v | S=s,; )] (14b)
m=1veTy(sm)
M
= Z P(V=v|S=sm;¢0™)log P(S=s,, V=v; ) (14c¢)

S

=Y Y P(V=v|S=s,;¢M)log P(V=v | S=5,,; ™)

m=1veTy(sm)

M
=> E [log P(S=58m, V=v;¢)] (14d)
me—1 v~V | S:sm;qﬁ(n)
Qpi0™)
M
+3 - E log P(V=v | S=s,,; o™
2 B 0PV | S0 6]

H(V[S=smip™)

When going to Eq. (14¢), we use the fact that for any v € Ty (s,,), it must be that P(S=s,,,, V=v; ¢) =
P(V=v;¢). Eq. (14d) simply inserts some common definitions. Namely, the definitions of expected
values and (Shannon) entropy. The entropy term H(V | S = sm; ¢(")) is constant with respect to ¢, and
SO We can ignore it in our optimization.

The EM algorithm uses the above relationship and proposes a procedure for iteratively maximizing the
expected complete data log-likelihood with respect to model parameters, where the expectation is taken
with respect to the posterior distribution defined by current parameter beliefs. The E-step computes this
expected value; the M-step maximizes it with respect to the free parameters. In our case, expected token
counts are a sufficient statistic for the M-step objective, leading to the algorithm given in Section 2.1.

This procedure can be intuitively understood as iteratively performing maximum likelihood estimation
for a categorical model, where observed token counts are replaced by posterior-expected counts induced
by the distribution over latent segmentations given current parameter beliefs. The usage of EM for this
problem is taken from prior work and its theoretical validity for problems of the same structure has been
well established (Dempster et al., 1977; Brown et al., 1993).

E.3 UnigramLM Vocabulary Pruning

As our method keeps V fixed, we omit this step entirely; we include this description of pruning done in
the original UnigramLLM algorithm only for completeness. The UnigramLLM algorithm was designed
for the case that we do not start with a known, fixed V. It thus incorporates a strategy for choosing V
by initializing ) as an over-sized set and adding a pruning step at the end of each EM iteration. This
pruning step uses current parameter beliefs to estimate the log-likelihood contribution of each token to the
expected observed data log-likelihood. It then prunes a percentage of tokens that contribute least, stopping
once the desired vocabulary size (a hyperparameter set by the user) has been reached. Land and Pinter
(2026) discuss this strategy and its effects. Our algorithm uses several of the methods from UnigramLM
but is not tied to any particular method for choosing V: the vocabulary may equally be one learned by
BPE, or that of a pretrained model.

49362



