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Abstract

Tokenizer adaptation plays an important role in
adapting pre-trained language models to new
domains or languages. In this work, we address
two complementary aspects of this process: vo-
cabulary extension and pruning. The common
approach to extension trains a new tokenizer
on domain-specific text and appends the tokens
that do not overlap with the existing vocabu-
lary, which often results in many tokens that are
unreachable or never used. We propose contin-
ued BPE training that extends a pre-trained to-
kenizer by continuing the BPE merge learning
process on new data. Experiments across mul-
tiple languages and model families show that
this approach improves tokenization efficiency
and leads to better utilization of added vocab-
ulary. We also introduce leaf-based vocabu-
lary pruning, which removes redundant tokens
while preserving model quality. Together, these
methods provide practical tools for controlled
vocabulary modification, which we release as
an open-source toolkit.

� taidopurason/tokenizer-extension

1 Introduction

When adapting large language models (LLMs) to
new domains or languages, continued pre-training
has become a widely used strategy. However, ef-
fective adaptation depends not only on updating
model weights but also the tokenizer. Most LLMs
rely on byte-pair encoding (BPE, Sennrich et al.,
2016; Gage, 1994) tokenizers, and in practice their
effectiveness varies substantially across languages.
In particular, inefficient tokenization for underrep-
resented languages often leads to longer sequences
and higher computational costs in LLMs (Petrov
et al., 2023). One way to address this is to ex-
tend the vocabulary with domain-specific tokens,
which improves compression and reduces sequence
lengths, albeit at the cost of increasing the model
size due to a larger vocabulary. Pruning infrequent
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Figure 1: Change in text compression (bytes per token
↑) of text using the Llama 3 tokenizer extended with
Estonian tokens using naive tokenizer extension and
continued BPE training (ours). We also compare to a
tokenizer trained from scratch on Estonian data.
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Figure 2: Change in text compression (bytes per token
↑) for vocabulary pruning methods on Estonian-English
pruning (Llama-3). Note that Freq (leaf) and Merge-
based method results overlap.

or irrelevant tokens can address this trade-off by
reducing vocabulary size. In this work, we focus on
tokenizer modification of pre-trained models using
those two steps: pruning and extension.

Extending an existing vocabulary is a widely
used step in adapting pre-trained LLMs to new lan-
guages (Tejaswi et al., 2024; Csaki et al., 2024,
2023; Kiulian et al., 2025; Fujii et al., 2024; Lin
et al., 2024; Yamaguchi et al., 2024; Cui et al.,
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Figure 3: The comparison of vocabulary extension meth-
ods: previously common approach of training a tok-
enizer and using its vocabulary for extending an exist-
ing tokenizer (left) and continuing BPE training on an
existing tokenizer proposed by us (right).

2024). In previous works, vocabulary extension
typically involved training a new tokenizer on in-
domain data and appending the tokens that were
previously not present to the original tokenizer (see
Figure 3). We show that this approach introduces
useless tokens that do not participate in merges,
resulting in lower compression compared to having
tokens that are useful in tokenization. This happens
because BPE strictly follows the merge sequence,
e.g., when a word information is originally to-
kenized as inform + ation, adding new tokens
infor and mation is useless, even though they are
new to the vocabulary. In this work, we propose
a more effective alternative: continuing to train
the original BPE tokenizer on domain-specific data.
We show that for the same number of added tokens,
this approach yields better compression (see Fig-
ure 1). While we focus on LLMs, our method can
be applied to other pre-trained models that use BPE
tokenizers.

The other side of tokenizer adaptation, besides
extension, is pruning. Thus, we also study the
impacts of different tokenizer pruning strategies
and introduce a non-invasive leaf-based pruning
method that trims the vocabulary in a structure-
preserving manner. This avoids creating unreach-
able tokens and yields higher tokenization effi-
ciency (see Figure 2). By using token frequencies
in a target corpus, akin to tokenizer training, we
can preserve domain- and language-specific tokens
without increasing sequence lengths in relevant do-
mains while pruning irrelevant tokens. Our pruning
method can also be used on its own in the context
of model compression to reduce the vocabulary

size, thereby substantially improving the model’s
efficiency: for instance, Gemma 3 (Kamath et al.,
2025) has 270 million parameters, 170 million of
which are used for vocabulary embeddings (La-
combe et al., 2025).

In summary, our contributions are threefold:

• First, we introduce a new method for vo-
cabulary extension based on continued BPE
training, and provide a detailed analysis show-
ing that it yields more efficient tokenization
than the widely used approach of adding to-
kens from an independently trained domain-
specific tokenizer.

• Second, we develop improved vocabulary
pruning strategies that do not change the
tokenizer implementation and systematically
analyze their effectiveness.

• Finally, we release an open-source toolkit1

that supports modification of both Byte-
level and SentencePiece BPE tokenizers for
pre-trained models through Hugging Face
transformers (HF, Wolf et al., 2020).

2 Related work

A growing body of work shows that tokenization
quality is tied to model performance, highlighting
its importance. Language-specific tokenizers have
been shown to provide advantages over multilin-
gual ones (Rust et al., 2021), and more efficient
compression is associated with better downstream
results (Goldman et al., 2024). Recent evidence
also suggests that differences in tokenization qual-
ity may contribute to the performance gap observed
between agglutinative and fusional languages (Ar-
nett and Bergen, 2025).

2.1 Tokenizer extension

Several works adopted the strategy of training a
new tokenizer on domain- or language-specific data
and adding the resulting non-overlapping tokens
to the original vocabulary (Tejaswi et al., 2024;
Csaki et al., 2024, 2023; Kiulian et al., 2025; Fu-
jii et al., 2024; Lin et al., 2024; Yamaguchi et al.,
2024; Cui et al., 2024), which we refer to as the
naive approach. MEDVOC-LLM (Balde et al.,
2025) provides another way to add new tokens,
such as those proposed by a newly trained, domain-
specific tokenizer. Specifically, each new token is

1https://github.com/taidopurason/tokenizer-extension
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tokenized with the original tokenizer and then recre-
ated by merging the constituent tokens from left
to right, adding intermediate merges and scaffold
tokens. AdaptBPE (Balde et al., 2024) integrates
new tokens via longest string matching before tok-
enization, but this alters the tokenization function
itself.

In contrast to the aforementioned methods,
rather than specifying the desired tokens in advance
and trying to integrate them, continued BPE train-
ing (ours) directly continues the BPE training pro-
cess from the pre-trained tokenizer on in-domain
data. This ensures that all added tokens and merges
are fully compatible and optimal under the BPE
objective, without introducing any unreachable to-
kens, thereby solving both the problem of identify-
ing the tokens to add and their optimal integration.

2.2 Tokenizer pruning
In addition to extension, we introduce improved
pruning techniques that surpass naive frequency-
based methods (Yang et al., 2022; Csaki et al.,
2023), allowing for more extensive and targeted
pruning without compromising compression or
downstream performance. Prior pruning methods,
such as BPE-Trimming (Cognetta et al., 2024), tar-
get low-frequency tokens and split them during
inference. We extend this work by introducing leaf-
based pruning and trimming the tokenizer itself
so that the inference remains identical to the ba-
sic BPE. BPE-Knockout (Bauwens and Delobelle,
2024) removes tokens that have little value in terms
of morphology and introduces tuple merges to com-
pensate for their absence. PickyBPE (Chizhov
et al., 2024) and Scaffold-BPE (Lian et al., 2025)
represent a different line of work of refining the vo-
cabulary during tokenizer training by removing the
intermediate, “scaffolding” tokens. While our prun-
ing method also removes tokens, it does so to elim-
inate unused tokens in application to a narrower
set of languages or domains. Our approach there-
fore modifies only the vocabulary and merge list
while leaving the tokenization function unchanged,
maintaining full compatibility with the original im-
plementation and enabling further extensions.

2.3 Replacing the tokenizer
Instead of pruning and extending, previous works
have also successfully replaced the previous tok-
enizer with a new one entirely (Samuel et al., 2025).
However, Dagan et al. (2024) show that replac-
ing or significantly altering the tokenizer requires

extensive continued pre-training to avoid perfor-
mance degradation, and Tejaswi et al. (2024) find
that the larger the vocabulary extension, the longer
training is needed. We leave the question of what
is the best strategy—modifying or replacing the
tokenizer—to future research.

2.4 Modification of embeddings
When the tokenizer vocabulary is modified, the
model embeddings must be updated accordingly.
Tejaswi et al. (2024) and Csaki et al. (2024) find
that Fast Vocabulary Transfer (FVT, Gee et al.,
2022), which copies embeddings for overlapping
tokens and initializes new ones by averaging those
of their decompositions under the original tokenizer
(see Appendix E), performs competitively among
initialization strategies. While alternative methods
exist (Dobler and de Melo, 2023; Samuel et al.,
2025), our work focuses on selecting which tokens
to add or prune at the tokenizer level rather than on
embedding initialization.

3 Methodology

3.1 Vocabulary extension
Naive extension It is common to extend a to-
kenizer with new tokens by training a new tok-
enizer with in-domain data and adding the non-
overlapping tokens in the order of the trained vo-
cabulary. As HF transformers relies on merge lists,
it is also necessary to create merges leading to the
added tokens. We generate the merges leading to
the new tokens based on the token priorities, as op-
posed to simply merging the two tokenizers’ merge
lists, since we found the prior provides better re-
sults (see Appendix B.5). We refer to this method
as the naive approach.

Continued tokenizer training As an improve-
ment, we propose continued tokenizer training
to improve tokenization efficiency (see Figure 3).
We define continued BPE training as reapplying
the BPE tokenizer training algorithm to in-domain
data, using token pair frequencies of the text tok-
enized with the existing tokenizer to create the new
merges. During merge creation, we ensure that
each resulting token is valid according to the train-
ing implementation of the underlying tokenizer.

For Byte-level BPE models (BBPE Radford
et al., 2019), this involves first applying the pre-
tokenizer to segment the text, then tokenizing the
resulting segments to count token pair frequencies
within the pre-tokens.
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For SentencePiece BPE models (Kudo and
Richardson, 2018), we tokenize the text and follow
SentencePiece’s merging rules by respecting con-
straints such as keeping different scripts separate
and only allowing the space symbol at the begin-
ning of a token. If necessary, we also extend the
vocabulary with missing characters to ensure cov-
erage before finding extension merges and ensure
that the training data is Unicode NFKC normalized.

In both cases, we then apply the standard BPE
algorithm for tokenizer training using pair frequen-
cies from the tokenized texts and creating merges
until the desired number of new tokens is reached.
For extending the original tokenizer we simply ap-
pend the new tokens to the vocabulary and the
new merges to the merge list in the order they
were created. Similar to BPE tokenizer training,
this method is language-agnostic and only requires
texts in the target language.

3.2 Vocabulary Pruning
To allow for controlled reduction of vocabulary
size, we also implement vocabulary pruning. This
process involves removing tokens and the merges
that lead to them, freeing space for vocabulary ex-
tension. To determine the tokens that should be
pruned first, we try several approaches, based ei-
ther on token ID (Last N) or on token frequency in
a representative text sample. When implemented
naively, both approaches might lead to unreach-
able tokens: IDs do not always reflect the or-
der of merges, as in Llama 3.2 (Grattafiori et al.,
2024), and intermediate tokens tend to have lower
frequencies than their downstream full-word to-
kens (Chizhov et al., 2024).

Addressing this issue, we implemented a leaf-
based pruning algorithm, which iteratively col-
lects the pruning order of tokens that are leaves
in the BPE merge graph, i.e., they do not partici-
pate in merges and thus do not produce any down-
stream tokens. In Algorithm 1, we show pseu-
docode for frequency-based pruning of leaf tokens.
First, atomic and leaf tokens are selected using the
merge list. Leaf tokens are used to populate the
priority queue, while atomic tokens cannot be re-
moved and should never be added to the queue.
After this, on each iteration, the lowest-priority el-
ement is taken from the queue and split into its
merging sub-tokens. For each of the subtokens, we
check the number of downstream merges it partic-
ipates in, and, if there are no downstream merges
left, this token is also considered a leaf and added

Algorithm 1: Frequency Leaf Pruning
Input:

vocab: mapping “token→ vocabulary index”
unreachable: set of unreachable tokens
merges: list of BPE merges
counts: mapping “token→ frequency in the
target corpus”

Output:
prune_order: list of tokens to prune in the order
of pruning.

initialize atomics← set of tokens not reachable by
merges

initialize leaves← set of merged tokens not
participating in merges + unreachable

initialize downstream_merges← mapping “token
→ number of merges with it”

initialize token_splits← mapping “token→
merge leading to it”

initialize prune_order← []
initialize queue← heap priority queue “leaf←

(frequency, index)”
while queue :

token← queue.popmin()
pruning_order.append(token)
(t1, t2)← token_splits[token]
update t1, t2 in queue by queue[token]
for t ∈ {t1, t2} :

downstream_merges[ t ] −= 1
if (downstream_merges[ t ] == 0)
& (t /∈ atomics) :

add t to leaves and queue

return pruning_order

to the priority queue for removal. The process ends
when the queue runs out of leaves, which is the
point when all non-atomic tokens are split.

We also introduce a merge-based pruning algo-
rithm, which yields results similar to leaf-based
frequency pruning. As its performance closely
matches that of leaf-based pruning, we provide
a detailed description in Appendix A.

3.3 Detecting unreachable tokens

We extend the method of Land and Bartolo (2024)
for identifying unreachable tokens to all vocabulary
items (including those not decodable to UTF-8)
and provide a formal definition. We define the Self-
Tokenization Test (STT) as the number of tokens
unreachable through merges:

STT =
∑

t∈V
1 [tokenize(t) ̸= [t]]

The main idea is that if tokenizing a vocabulary
token with the same tokenizer2 does not reproduce

2In practice, this means that we test the raw string corre-
sponding to the token, bypassing pre-processing, and disabling
merge skipping (ignore_merges).
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that token, then the token cannot be formed through
merge operations3.

Rationale. Let a BPE tokenizer be defined by a
vocabulary V and a deterministic sequence of lo-
cal merges, applied without merge skipping. For
a token t ∈ V , if tokenize(t) ̸= [t], then t is un-
reachable by merges. If tokenize(t) = [t], then t
could be reachable.

Suppose t appears in the tokenized output of
some pre-tokenized input I. Then there must exist
a substring of I equal to the literal form of t that is
merged into t. Because merges are local and merge
skipping is disabled, the same sequence of merges
must also apply when tokenizing the isolated string
t. Therefore, if tokenize(t) ̸= [t], no input string
can ever produce t, and t is unreachable. However,
if tokenize(t) = [t], then t is in principle reachable
by merges assuming the pre-tokenizer produces t
as a substring to some input.

Merge Skipping. If a pre-token output by a pre-
tokenizer fully matches a vocabulary token, the
merging process is skipped, and the token is pro-
duced immediately when merge skipping is en-
abled (ignore_merges in HF). When applying this
method, merge skipping is disabled because other-
wise any existing vocabulary token trivially returns
[t], making the test meaningless. Some tokenizers
(e.g., Llama 3) rely on this mechanism to produce
certain tokens that are reachable only via merge
skipping. While our method offers a fast check of
merge-based reachability, its interpretation must
account for whether tokens are produced via merge
skipping in practice.

4 Experimental setup

4.1 Datasets
We use Fineweb-2 (Penedo et al., 2025, ODC-By
license, multilingual) and Fineweb (Penedo et al.,
2024, ODC-By license, English) as the training
datasets and set a training budget of 100M charac-
ters for the comparison across 70 languages (see
Table 12 in Appendix F) and 1B characters for a
more targeted evaluation for Estonian. We observe
that increasing the amount of training data beyond
this threshold does not yield significant improve-
ments in tokenization efficiency during extension
(see Appendix B.1).

We frame the extrinsic evaluation as a case study
on Estonian, using English-Estonian datamix for

3It may still be produced through merge skipping.

both tokenizer and LM training. Our setup reflects
a common bilingual LLM adaptation scenario: ex-
tending a model to a new language while preserving
its English capabilities. To this end, we allocated a
total budget of 24B characters, equally divided be-
tween Estonian and English. The corpus was then
tokenized using the different tokenizers under eval-
uation, ensuring that the underlying data remained
constant across experiments involving changes to
the tokenizer.

4.2 Evaluation

We evaluate compression on the FLORES-200
(Costa-Jussà et al., 2022) devtest split using
bytes per token (BPT = UTF-8 bytes

tokens ) as the evalu-
ation metric (higher is better). For comparison of
different methods, we report the relative difference
∆relBPT = BPTours

BPTnaive
−1, which essentially states

how many additional tokens the naive method pro-
duces compared to ours, as the number of bytes
remains constant ( tokensnaive

tokensours
−1). We additionally

report Rényi efficiency (Zouhar et al., 2023, higher
is better), which has been shown to correlate with
downstream performance.

For downstream evaluation in Estonian and
English, we evaluate on FLORES-200 (NLLB
et al., 2022) (ET↔EN), Winogrande (Sakaguchi
et al., 2021), Winogrande-ET (Ojastu et al.,
2025), XCOPA (Ponti et al., 2020), SIB200
(Adelani et al., 2024), and Belebele (Bandarkar
et al., 2024) using lm-evaluation-harness (Gao
et al., 2023). We evaluate FLORES-200 with
COMET (Unbabel/wmt22-comet-da, Rei et al.,
2020, 2022). See Appendix D for more details.

4.3 Models

We look at four models Llama-3 (Grattafiori et al.,
2024), Llama-2 (Touvron et al., 2023), Qwen-2.5
(Qwen et al., 2025) and, Mistral Nemo4. While
Llama-3, Qwen-2.5, and Mistral Nemo use the
BBPE tokenizer, while Llama-2 uses a Senten-
cePiece BPE tokenizer. We use the tokenizers
through Hugging Face transformers implementa-
tion (Wolf et al., 2020). For experiments involving
model training, we use Llama-3.2 1B and 3B and
modify its embeddings after vocabulary modifica-
tion with FVT (Gee et al., 2022).
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Compression ↑ Rényi effic.↑ Unreach. added↓
Model ∆rel WR ∆rel WR ours naive

Llama-3
+1000 3.3% 88.6% -0.1% 18.6% 0.0% 4.5%
+2000 3.6% 92.9% -0.6% 4.3% 0.0% 5.7%
+4000 3.8% 98.6% -1.1% 5.7% 0.0% 7.0%
+8000 3.7% 100.0% -1.4% 1.4% 0.0% 8.2%
+16000 3.3% 98.6% -1.3% 1.4% 0.0% 9.3%
+32000 2.7% 92.9% -1.1% 7.1% 0.0% 10.2%

Qwen-2.5
+1000 4.3% 98.6% 0.1% 18.6% 0.0% 4.3%
+2000 5.6% 97.1% -1.0% 7.1% 0.0% 5.6%
+4000 6.9% 100.0% -1.8% 2.9% 0.0% 7.1%
+8000 8.1% 98.6% -2.5% 1.4% 0.0% 8.4%
+16000 9.0% 97.1% -3.0% 1.4% 0.0% 9.6%
+32000 9.6% 94.3% -3.2% 8.6% 0.0% 10.5%

Mistral Nemo
+1000 3.0% 97.1% -0.5% 12.9% 0.0% 3.8%
+2000 3.7% 94.3% -0.8% 5.7% 0.0% 4.9%
+4000 4.2% 98.6% -1.0% 4.3% 0.0% 6.3%
+8000 4.5% 98.6% -1.1% 4.3% 0.0% 7.5%
+16000 4.6% 100.0% -1.1% 4.3% 0.0% 8.7%
+32000 4.3% 98.6% -0.9% 4.3% 0.0% 9.7%

Llama-2 (SentencePiece)
+1000 4.6% 95.7% -0.2% 17.1% 0.0% 3.6%
+2000 5.2% 95.7% -1.1% 8.6% 0.0% 4.8%
+4000 6.1% 90.0% -1.8% 5.7% 0.0% 6.0%
+8000 6.9% 84.3% -2.3% 7.1% 0.0% 7.0%
+16000 7.4% 72.9% -2.7% 17.1% 0.0% 7.8%
+32000 7.7% 74.3% -2.8% 21.4% 0.0% 8.4%

Table 1: Average scores across 70 languages. We re-
port the average relative gain (∆rel) and Win Rate (WR)
of continued tokenizer training (ours) over extending
from an independently trained tokenizer (naive) for com-
pression (BPT) and Rényi efficiency. We also report the
percentage of added tokens that are unreachable through
merges (STT). WR – the percentage of languages where
our method scores higher than the naive method.

5 Results

5.1 Tokenizer evaluation

By continuing tokenizer training (ours) instead of
extending a tokenizer from a new language-specific
tokenizer (naive method), we achieve up to 9.6%
higher tokenization efficiency on average, with
a vast majority (72.9%–100% depending on the
tokenizer and extension size) of the 70 languages
achieving higher compression (see Table 1). We
do not observe any notable negative effects of our
method on compression, while the increase can
exceed 20% compared to the naive method (see
Appendix G.2 for full results). Furthermore, there
is also almost no effect on English tokenization
after the target-language extension (see Table 6 in
Appendix B.3). Higher target-language compres-
sion means we can process the same text with fewer
tokens during training and inference, consuming
less computational resources.

When looking at Rényi efficiency (higher is bet-
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Figure 4: Llama-3 tokenizer Rényi efficiency ↑ vs com-
pression (bytes per token) ↑ averaged over 70 languages.
The point labels indicate the number of added tokens.

∆rel Compression↑
Script (n) Llama-3 Qwen-2.5 Mistral Llama-2

Latn (35) 4.7% 9.8% 3.3% 10.1%
Cyrl (9) 5.1% 11.2% 5.4% 8.7%
Arab (4) 0.7% 3.8% 0.4% 0.2%
Jpan (1) 1.4% 1.1% 1.4% -1.0%
Hani (1) -0.0% 0.2% 0.0% -0.1%
Other (20) 1.2% 2.3% 5.9% 0.5%

Table 2: Relative improvement (%) of continuing tok-
enizer training over extending from a tokenizer trained
from scratch (naive) in bytes per token. We calculate
the mean improvement across extension sizes 1k, 2k,
4k, 8k, 16k, 32k and 70 languages grouped by scripts.

ter), there is a deterioration when comparing con-
tinued BPE training to naive extension. On a closer
look, even though Rényi efficiency decreases for
the model with the same number of added tokens,
when looking at extended tokenizers with roughly
equal compression, our method outperforms the
naive method on average (see Figure 4).

While our method is language-agnostic, we ob-
serve that the improvement over the naive method
depends on the base tokenizer, language, and the
number of added tokens. If we examine the aver-
age increase in compression of our method over
the naive method, we see that it is more effective
for languages with Cyrillic and Latin scripts (see
Table 2).

Why is continued BPE training more effective?
In both vocabulary extension methods, each newly
added token has merges leading to it from the
tokens already in the tokenizer. However, this
does not guarantee that these tokens will actu-
ally be produced during inference. To quantify
this, we introduce the Self-Tokenization Test (see
Section 3.3), which calculates tokens unreachable
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Llama-3 Qwen-2.5

Ext. size ours naive WR ours naive WR

+1000 0.0% 4.0% 85.7% 0.0% 8.3% 88.6%
+2000 0.1% 4.3% 92.9% 0.0% 9.7% 98.6%
+4000 0.1% 4.6% 98.6% 0.1% 11.0% 100.0%
+8000 0.5% 5.1% 98.6% 0.4% 12.6% 100.0%
+16000 2.1% 6.9% 100.0% 2.0% 15.3% 100.0%
+32000 7.1% 11.8% 100.0% 7.0% 20.9% 100.0%

Table 3: Unused added tokens in practice (↓, average
across 70 languages). Percentage of the added tokens
that were not produced when tokenizing 10,000 target-
language documents sampled from Fineweb-2 test set.

through merges. Extending from an indepen-
dently trained tokenizer (naive) produces more
unreachable tokens compared to the continued
tokenizer training, which does not produce any
(see Table 1). This means that naive vocabulary
extension has added tokens that will never be used
in the merge process.

It is important to note that the Llama-3 and Mis-
tral Nemo use merge skipping by default, so some
of the tokens unreachable through merges will still
be produced in practice. To quantify the effect of
this, we disable merge skipping for Llama-3 and
Mistral Nemo and find that for the naive method,
the compression drops 1.2%–5.8% and 0.5%–4.1%
respectively on average across 70 languages de-
pending on the extension size (see Table 7 in Ap-
pendix B.4). For our method, the difference is less
than 0.1% on average. This might explain why
the difference between our method and the naive
method is smaller for Llama-3 and Mistral Nemo,
that use merge skipping, compared to Qwen-2.5
and Llama-2, which do not.

In addition to calculating the number of tokens
we can not reach through merges, we also tok-
enized the held-out target-language dataset using
extended Llama-3 and Qwen-2.5 tokenizers to see
which tokens are not produced in practice. On aver-
age, across 70 languages, our method yields a 4%–
13.9% improvement in the utilization of the added
token vocabulary in practice (see Table 3). Fur-
thermore, we observed more low-frequency tokens
after naive extension compared to continued BPE
training when visualizing Estonian token counts
(see Appendix B.2).

Pruning. When pruning and then extending the
tokenizers5 (see Table 4), we see that in terms of

5It is also possible to first extend and then prune; however,
we did not observe any meaningful difference in performance

text compression, frequency-aware methods lead
to better progress in added language (Estonian) and
slower degradation in the base tokenizer language
(English). In addition, leaf-based methods perform
comparably or better than analogous naive imple-
mentations, as they account for the BPE structure.
This is more evident in the number of unreachable
tokens, where naive frequency-based pruning leads
to a dramatic increase in unreachable tokens, break-
ing the BPE merge paths. Our results conclude that
the leaf-based frequency pruning is the most ef-
fective approach. Merge-based pruning, our other
proposed algorithm, performs comparably to the
leaf-based pruning.

We provide a comparison of bilingual prun-
ing without extension for nine languages in Ap-
pendix G.1, similarly demonstrating the benefits of
leaf- and merge-based pruning methods.

5.2 Downstream evaluation

5.2.1 Continued pre-training
Downstream task results for the continually pre-
trained Llama-3.2 1B and 3B models in Table 5
show no substantial difference between the naive
and continued tokenizer training approaches. In
these experiments, we first applied leaf-based fre-
quency pruning and then extended the vocabulary
to maintain a constant size. When comparing the
original and modified tokenizers, the 1B model per-
forms similarly in both cases, while the 3B model
exhibits slightly lower scores on EN-ET machine
translation and Belebele (ET) for the modified tok-
enizers, while having similar results on other bench-
marks. Nevertheless, modifying the tokenizer re-
duced total training time by 26% compared to the
base tokenizer, owing to improved compression for
Estonian (see Table 9). When looking at the em-
beddings, we observe signs of undertrained tokens
for the naive method after continued pre-training
compared to our method. A detailed analysis is
provided in Appendix B.2.

5.2.2 Model Compression via Pruning
If we consider the scenario of using a model for
a specific language or a domain, multilingual tok-
enizers typically include tokens for many languages
that may not be required. We investigate how many
of those tokens we can remove without affecting
the downstream performance. Focusing on Esto-
nian and English, we remove tokens from the vo-

depending on the order (see Appendix B.6).
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N∆

Continued tokenizer training (ours) Naive extension

ID ID (L*) Freq Freq (L*) Merge ID ID (L*) Freq Freq (L*) Merge
E

T
(B

PT
)

1000 3.289 3.289 3.289 3.289 3.289 3.164 3.164 3.164 3.164 3.164
2000 3.526 3.526 3.527 3.527 3.527 3.362 3.362 3.362 3.362 3.362
4000 3.786 3.786 3.788 3.788 3.788 3.592 3.592 3.595 3.595 3.595
8000 4.109 4.109 4.110 4.110 4.110 3.870 3.870 3.874 3.874 3.874

16000 4.451 4.452 4.456 4.456 4.456 4.202 4.202 4.208 4.208 4.208
32000 4.829 4.829 4.837 4.837 4.837 4.552 4.552 4.567 4.567 4.566
64000 5.164 5.164 5.197 5.198 5.198 4.907 4.907 4.943 4.943 4.943

112000 5.381 5.381 5.407 5.386 5.386 5.147 5.147 4.732 5.154 5.174

E
N

(B
PT

)

1000 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862
2000 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862
4000 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862
8000 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.862

16000 4.862 4.862 4.862 4.862 4.862 4.862 4.862 4.863 4.863 4.863
32000 4.852 4.852 4.863 4.863 4.863 4.853 4.853 4.864 4.864 4.864
64000 4.740 4.740 4.869 4.869 4.868 4.738 4.738 4.868 4.868 4.868

112000 4.219 4.219 4.402 4.385 4.387 4.206 4.206 4.377 4.382 4.384

U
nr

ea
ch

.t
ok

en
s 1000 556 551 541 534 534 630 625 615 608 608

2000 536 527 509 488 504 710 701 683 662 678
4000 483 465 446 386 445 834 817 798 738 797
8000 371 337 371 176 328 1273 1239 1272 1077 1230

16000 173 136 980 0 132 2196 2159 3015 2035 2167
32000 0 0 2309 0 0 4656 4656 7002 4693 4693
64000 0 0 2711 0 0 9581 9581 12663 9864 9868

112000 0 0 2923 0 0 15279 15279 37637 16567 16813

Table 4: Interaction of pruning and extension (Llama-3). Bytes-per-token (BPT) on FLORES and unreachable
tokens with different pruning and extension methods. In each experiment, we prune the tokenizer by N∆ tokens
using 50%–50% Estonian-English data mix, and then extend it back to the original size using Estonian-only data.
*L indicates that leaf-based pruning was used.

Compr. FLORES (COMET) Winogrande (acc) Belebele (acc) SIB200 (acc) XCOPA (acc)

Model ET (EN) Toks. EN-ET ET-EN ET EN ET EN ET EN ET

Llama-3.2-1B
No training 2.64 (4.86) 0 0.432 ± 0.008 0.701 ± 0.007 50.0 ± 2.3 61.2 ± 2.7 28.6 ± 3.0 35.7 ± 3.1 71.6 ± 6.2 77.0 ± 5.8 51.0 ± 4.4
Continued pretraining:
- default tokenizer 2.64 (4.86) 7.2B 0.788 ± 0.008 0.803 ± 0.005 58.1 ± 2.3 59.1 ± 2.7 28.0 ± 2.9 26.9 ± 2.9 77.9 ± 5.7 74.5 ± 6.0 63.6 ± 4.2
- prune+ext (16k, naive) 4.21 (4.86) 5.4B 0.790 ± 0.008 0.809 ± 0.005 57.4 ± 2.3 58.8 ± 2.7 25.6 ± 2.9 25.7 ± 2.9 73.0 ± 6.1 73.0 ± 6.1 62.6 ± 4.2
- prune+ext (16k, ours) 4.46 (4.86) 5.3B 0.796 ± 0.007 0.803 ± 0.005 58.3 ± 2.3 58.6 ± 2.7 27.3 ± 2.9 27.1 ± 2.9 76.5 ± 5.8 73.0 ± 6.1 63.0 ± 4.2

Llama-3.2-3B
No training 2.64 (4.86) 0 0.635 ± 0.010 0.796 ± 0.006 53.0 ± 2.3 69.1 ± 2.5 44.1 ± 3.2 74.2 ± 2.9 74.5 ± 6.0 76.0 ± 5.9 55.4 ± 4.4
Continued pretraining:
- default tokenizer 2.64 (4.86) 7.2B 0.835 ± 0.006 0.830 ± 0.005 65.1 ± 2.2 68.2 ± 2.6 52.9 ± 3.3 64.7 ± 3.1 80.9 ± 5.4 77.0 ± 5.8 70.4 ± 4.0
- prune+ext (16k, naive) 4.21 (4.86) 5.4B 0.818 ± 0.008 0.831 ± 0.005 63.2 ± 2.2 68.2 ± 2.6 51.1 ± 3.3 66.0 ± 3.1 81.4 ± 5.4 78.9 ± 5.6 69.8 ± 4.0
- prune+ext (16k, ours) 4.46 (4.86) 5.3B 0.822 ± 0.007 0.829 ± 0.005 63.1 ± 2.3 68.4 ± 2.6 48.7 ± 3.3 65.0 ± 3.1 78.4 ± 5.7 77.9 ± 5.7 71.8 ± 3.9

Table 5: Downstream task evaluation results on Llama-3 family of models after continued pre-training with English-
Estonian data mix for different tokenizer setups (see Table 9 for tokenizer metrics).

cabulary and the embeddings while aiming to pre-
serve performance in these two languages.

With our pruning methods, up to 62.5%
(80k/128k) of the vocabulary tokens can be re-
moved without any noticeable deterioration in
downstream performance (see Figure 5). When
comparing pruning strategies, leaf-based frequency
pruning and merge-based pruning consistently al-
low for more extensive token removal than last-N
pruning and naive frequency pruning. The latter
two methods exhibit performance degradation ear-

lier, whereas our approaches maintain robustness
under higher pruning ratios. We also observe that
machine translation (generative) is more sensitive
to vocabulary pruning than the discriminative tasks,
where the amount of tokens that can be removed
without loss in performance is even higher than
62.5%. We also observe similar results for German-
English pruning (see Figure 11 in Appendix G.1).
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Figure 5: Llama-3.1-8B vocabulary pruned with different methods and evaluated on Estonian and English down-
stream tasks. The dataset for training the pruner consisted of 50-50 Estonian-English mix. The highlighted area
shows the 95% confidence interval acquired through bootstrap resampling. Note that Freq (leaf) and Merge-based
method results overlap.

6 Discussion

Our method of continued tokenizer training yields
better intrinsic tokenizer performance than the com-
monly utilized naive extension method. More im-
portantly, unlike naive extension, it does not harm
the BPE structure and leaves no unreachable to-
kens. Unreachable tokens introduced by the naive
method are only partially addressed by merge skip-
ping, as merge skipping uses only the tokens that
constitute complete pre-tokens.

Leaf-based pruning enables structure-aware tok-
enizer trimming, which can be utilized in conjunc-
tion with the tokenizer extension or independently
to reduce model size, a factor that is now largely de-
pendent on embedding parameters, particularly for
small models. Furthermore, introducing frequen-
cies into this pruning approach makes it possible
to remove the vocabulary needed the least. For
example, it is possible to combine a representa-
tive sample of all languages or domains required
in the fine-tuned model, not only the ones directly
participating in the tokenizer extension.

7 Conclusion

We presented methods for controlled vocabu-
lary modification of pre-trained language models
through improved tokenizer extension and prun-
ing. Our proposed continued BPE training extends

an existing tokenizer directly on domain-specific
data, avoiding the inefficiencies of appending to-
kens from an independently trained tokenizer. Ex-
periments across multiple languages and model
families demonstrate that this approach enhances
tokenization efficiency and more effectively utilizes
the extended vocabulary. In parallel, our leaf-based
pruning algorithm enables safe vocabulary reduc-
tion by removing redundant tokens without degrad-
ing model performance. Together, these techniques
provide a practical framework for adapting tok-
enizers to new domains and languages while main-
taining model compactness and quality. To help
facilitate further research on vocabulary adaptation,
we release an open-source toolkit implementing
our methods, while preserving compatibility with
the Hugging Face format.

Limitations

While our method demonstrates improved tokeniza-
tion efficiency through continued BPE training, sev-
eral limitations remain.

Our experiments were conducted in a bilingual
setting, where a single language was added to an
existing tokenizer. Although this setup is typical
in low-resource adaptation, more complex multi-
lingual scenarios remain unexplored and warrant
future investigation.

The current approach is also restricted to BPE-

6500



based tokenizers, which are still the predominant
choice in large language models. Extending the
method to other segmentation algorithms could pro-
vide additional insights.

Although our evaluation focuses on large lan-
guage models, the method itself is not inherently
limited to them. It could be applied to any pre-
trained model that relies on a BPE tokenizer. How-
ever, other architectures, such as encoder-decoder
NMT models or encoder-only language models,
were not included in our experiments.

We deliberately limit the scope of this work to
tokenizer-level modification and do not explore
how to achieve the best model-level downstream
performance. This question likely depends on mul-
tiple interacting factors, such as dataset size, model
capacity, and embedding initialization strategies,
and thus requires a more extensive investigation.
Consequently, we do not address when a tokenizer
should be replaced entirely or how much tokenizer
extension is optimal from the perspective of down-
stream performance.

Finally, the extrinsic evaluation on downstream
tasks was, for the most part, limited to a single
language and model, which may affect the general-
izability of our findings to other settings.
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A Merge-based pruning

Algorithm 2: Merge-Based Pruning (MBP)
Input:

vocab: mapping from token→ vocabulary index
tok_counts: token frequencies in tokenized
corpus
merge_counts: frequencies of merges
performed when tokenizing the corpus

Output:
prune_order: list of tokens to prune in the order
of pruning.

initialize counts← tok_counts

for (t1, t2), n in merge_counts :
counts[t1]← counts[t1] + n
counts[t2]← counts[t2] + n

return sort tokens by ascending counts, break ties
by descending length of the token and finally vocab
index

As an alternative to the frequency based pruning
with leaf ordering, we also developed the merge-
based pruning (see Algorithm 2), which achieves
similar results. The main idea is to count the token
frequency throuout the mergining process. So, in
practice this means counting the final token fre-
quency and any time it appears in a merge, creating
another token. Consequently, a vocabulary token
will have a count of n, while any token it was
merged from will have a count of at least n. This
follows from the fact that standard BPE defines a
single deterministic merge tree for each token, and
tokens appearing earlier in such trees often partic-
ipate in multiple merge trees. This means that if

we sort by that count, breaking ties by token length
(when a token and its predecessor in the merge tree
have equal count) and token index, only the leaf
nodes will be removed.

Since the result is very similar we decided to
focus on the leaf-frequency pruning in the main
part of the paper.

B Additional results

B.1 Training dataset size

The effect of the training set diminishes at higher
sizes. We see minimal difference between 1B and
10B character budget in scores when extending the
tokenizer (see Figure 6). Extending a tokenizer us-
ing continued training with 10M character training
set yields a bigger effect than extending from a new
tokenizer (naive) using 10B character training set –
the choice of extension method is more important
than the training budget at this scale.
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Figure 6: Extension training budget in characters vs
compression of Estonian text when adding 16,000 Esto-
nian tokens to the Llama-3 tokenizer.

B.2 Analysis of undertrained tokens

Frequency distribution of the added tokens is vi-
sualized in Figure 7. We observe that the naive
method yields more low-frequency tokens than our
continued BPE training method.

To better understand how this affects the learning
of new tokens, we analyze the changes in their em-
beddings during continued pre-training. Since the
added tokens are initialized with FVT and updated
during training, undertraining is not always imme-
diately visible. To investigate this, we measure both
the L2 distance of embeddings from their initialized
values and the change in their L2 norms. Figure 8
shows that the naive extension method produces
noticeably more undertrained tokens, reflected in
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Figure 7: Token frequency distribution in the added
tokens (n = 8000) in Llama-3 tokenizer on the held-out
set of Estonian Fineweb-2 (10000 documents).
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Figure 8: Comparison of input/output embeddings (tied)
of added tokens at FVT initialization and after contin-
ued pre-training (L2 distance between them and the
difference in L2 norms). We extend Llama-3.2-3B with
Estonian tokens and continually pre-train on Estonian-
English mix, comparing naive tokenizer extension and
continued BPE training.

smaller L2 changes and a stronger weight-decay
effect that drives their embeddings toward zero
(visible as a longer tail of negative L2 norm differ-
ences). This interpretation is further supported by
Table 3, which shows lower vocabulary utilization
for the naive method.

B.3 Extension effect on English

Table 6 demonstrates that the target-language ex-
tension both with continued BPE training (ours)

and the naive method has almost no effect on the
tokenization of English sentences.

Lev. dist. ↓ EM (%) ↑
Ext. size ours naive ours naive

1000 0.001 <0.010 0.001 <0.010 100.0 99.9
2000 0.002 <0.012 0.002 <0.013 99.9 99.9
4000 0.003 <0.022 0.004 <0.022 99.9 99.8
8000 0.009 <0.036 0.010 <0.036 99.6 99.6
16000 0.023 <0.106 0.024 <0.098 99.1 99.0
32000 0.057 <0.198 0.057 <0.220 97.7 97.6

Table 6: Mean sentence-averaged Levenstein distance
between the base tokenizer (Llama-3) and extended tok-
enizer tokenization of English FLORES sentences and
the amount of sentences (%) where the tokenizations
are an exact match (EM). We report the mean over 70
languages and additionally the worst-case language Lev.
dist (< max).

B.4 The effect of merge skipping
We note that merge skipping contributes signif-
icantly to the compression. We look at models
that use merge skipping by default (Llama-3 and
Mistral Nemo) and disable merge skipping to see
how much the performance drops. In Table 7, see
that for continued BPE training, disabling merge
skipping has no significant effect, while for the
naive method, the drop in tokenization efficiency
is notable. This is because merge skipping allows
reaching tokens that are unreachable by merges if
those tokens are equal to a pre-token, bypassing
merges. As we previously noted, the naive method
produces many of those unreachable tokens.

Llama-3 Mistral Nemo

ours naive ours naive

+1000 -0.1% -1.2% 0.0% -0.5%
+2000 -0.1% -1.9% 0.0% -0.9%
+4000 -0.1% -2.8% 0.0% -1.6%
+8000 -0.1% -3.8% 0.0% -2.4%
+16000 -0.1% -4.9% 0.0% -3.3%
+32000 -0.1% -5.8% 0.0% -4.1%

Table 7: Change in compression (bytes per token) after
disabling merge skipping depending on the tokenizer
extension method. We report average change in perfor-
mance across 70 languages for two tokenizers that use
merge skipping.

B.5 Naive extension methods
There are multiple ways of adding tokens from
an auxiliary independently trained tokenizer to an
existing tokenizer (naive method).

6505



3.0

3.5

4.0

4.5

by
te

s-
pe

r-t
ok

en
 (E

T)

4.0

4.2

4.4

4.6

4.8

by
te

s-
pe

r-t
ok

en
 (E

N)

0 4000 8000 16000 32000
Added tokens

0

5000

10000

15000

20000

25000

un
re

ac
ha

bl
e 

to
ke

ns
Extension method

continued training (ours)
naive - regen
naive - merge

naive - regen (prepend)
naive - merge (prepend)
naive - add_tokens

Figure 9: Comparison of compression (bytes per to-
kens↑) of Estonian (target language) and English, and
unreachable tokens↓ given the number of added tokens
for various methods of adding new tokens for Llama-3.

For tokenizers that do not define merge lists ex-
plicitly (e.g. SentencePiece), it is common to just
append the vocabulary (Csaki et al., 2024; Cui et al.,
2024; Tejaswi et al., 2024). For Hugging Face (HF)
transformers tokenizer implementations, it is more
complicated because merges are performed accord-
ing to a merge list, so in addition to adding tokens,
we also need to handle the merges. Some works
have just appended the merge list of a new tok-
enizer (Csaki et al., 2023; Tejaswi et al., 2024),
however, we show later that this is not optimal.

We took the approach of generating merges for
the added vocabulary (regen) by checking which
tokens can create the added token and then ordering
the merge rules by the priority/index. Our imple-
mentation is based on the way that HF transformers
converts SentencePiece tokenizers to their format,
which requires creating merge lists. This is also
similar to what happens when tokens are added to a
SentencePiece tokenizer, since there are no merge

lists that are merged together – the added tokens
are produced through merging according to their
priority.

In Figure 9, we observe that the approach of
generating merge rules for the added tokens (regen)
works better than appending merge rules (merge).
We also compared against using the add_tokens
method of HF transformers, however we find it has
the lowest performance.

There are also works that have prepended merges
(Csaki et al., 2023). When used with the regen
method, it does result in higher scores, however
we see that it affects the English tokenization and
results in more unreachable tokens, so we do not
use it.

Thus we decide to use the regen method, since
we try to use the strongest baseline to compare our
method against.

B.6 Order of pruning/extension
Table 8 shows that the difference between prun-
ing and extending (in that order) vs extending and
pruning is negligible in terms of compression.

Prune-Extend Extend-prune

N∆ ET EN ET EN

16000 4.441 4.863 4.441 4.863
32000 4.441 4.863 4.441 4.863
64000 4.440 4.861 4.439 4.861
96000 4.402 4.671 4.401 4.671

Table 8: Order of pruning and extension. Compression
(bytes per token) for Llama-3 extension (Estonian) and
pruning (Estonian-English). N∆ is the number of tokens
pruned and then extended (or vice versa).

C Continued pre-training details

We provide details for the modified Llama-3 tok-
enizers in the continued pertaining experiments in
Table 9.

The hyperparamters for continued pre-training
using Hugging Face transformers (Wolf et al.,
2020) are in Table 10. The training was conducted
on the LUMI supercomputer using 8 nodes, each
consisting of 4 AMD MI250x GPUs (acting as 8
compute units). The continued pre-training experi-
ments took 2311 GPU-hours (180–612 GPU-hours
per experiment).

D Evaluation details

We provide additional evaluation dataset details
in Table 11. The evaluation prompt setup is de-
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Compr. CPT

Tokenizer |vocab| unreach ET EN tokens % ET

default 128k 588 2.64 4.86 7.2B 63.9%
prune+ext (16k) 128k 0 4.46 4.86 5.3B 50.6%
prune+ext (16k, naive) 128k 2033 4.21 4.86 5.4B 52.0%

Table 9: Continued pertaining (CPT) tokenizer
overview.

Hyperparameter Value

Learning rate 4e-4 (1B) / 1e-4 (3B)
Optimizer AdamW
Adam ϵ 1e-8
Adam β1, β2 0.9, 0.95
Sequence length 4096
Weight decay 0.1
Scheduler cosine decayed to 10%
Warmup ratio 10%
FSDP Strategy SHARD_GRAD_OP
GPUs 64
Precision bfloat16
Batch size 1024
Batch size (tokens) 4194304

Table 10: Continued pre-training hyperparameters.

tailed in Figure 10. For discriminative bench-
marks, we report accuracy and 95% confidence
interval calculated from the standard error reported
by lm-eval-harness. For FLORES-200 (MT)
evaluation we calculate the confidence intervals
using bootstrap resampling.

E Fast Vocabulary Transfer (FVT)

To formally define Fast Vocabulary Transfer (FVT
Gee et al., 2022), let V and tok denote the vo-
cabulary and tokenization function of the original
tokenizer, and let E(t) denote the embedding of
token t. For a new tokenizer with vocabulary V ′,
the embedding E′(t) for each t ∈ V ′ is defined as:

E′(t) =





E(t) if t ∈ V,∑
ti∈tok(t)E(ti)

|tok(t)| otherwise.
(1)

FLORES (generative)
Translate the text from {src_lang} to
{tgt_lang}. \n
\n
English: {src_sent}\n
Estonian:

Belebele (log-likelihood)
P: {passage}\n
Q: {question}\n
A: {answer1}\n
B: {answer2}\n
C: {answer3}\n
D: {answer4}\n
Answer: {correct letter}

SIB-200 (log-likelihood)
Topic Classification: science/technology,
travel, politics, sports, health,
entertainment, geography.\n
\n
The topic of "[{text}]" is: {topic}

Winogrande (log-likelihood)

{pre_blank} {choice_1/choice_2} {post_blank}

X-COPA (log-likelihood)
{premise} {connector} {choice_1/choice_2}

Figure 10: Prompts used for evaluation with
lm-eval-harness (Gao et al., 2023).
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Dataset Size Split n-shots License

Winogrande (Sakaguchi et al., 2021) 1267 valid 0 CC-BY
Winogrande ET (Ojastu et al., 2025) 1767 test 0 Apache 2.0
XCOPA (Ponti et al., 2020) 600 test 5 CC-BY-4.0
SIB200 (Adelani et al., 2024) 204 test 5 CC-BY-SA-4.0
FLORES200 (NLLB et al., 2022) 1012 devtest 5 CC-BY-SA-4.0
Belebele (Bandarkar et al., 2024) 900 test 5 CC-BY-SA-4.0

Table 11: Evaluation datasets. n-shot is the number of in-context few-shot examples used for prompting during
evaluation.

F Languages in training data

We provide the overview of the languages in the training dataset in Table 12.

Language Code Family Bytes Language Code Family Bytes

Russian rus_Cyrl Indo-European 6.4T Standard Estonian ekk_Latn Uralic 43.8B
Mandarin Chinese cmn_Hani Sino-Tibetan 2.7T Croatian hrv_Latn Indo-European 38.6B
German deu_Latn Indo-European 1.7T Standard Latvian lvs_Latn Indo-European 35.8B
Japanese jpn_Jpan Japonic 1.7T Standard Malay zsm_Latn Austronesian 34.3B
Spanish spa_Latn Indo-European 1.4T North Azerbaijani azj_Latn Turkic 28.9B
French fra_Latn Indo-European 1.2T Tamil tam_Taml Dravidian 39.7B
Italian ita_Latn Indo-European 793.8B Serbian srp_Cyrl Indo-European 28.8B
Portuguese por_Latn Indo-European 611.2B Tosk Albanian als_Latn Indo-European 19.5B
Polish pol_Latn Indo-European 463.9B Urdu urd_Arab Indo-European 21.4B
Dutch nld_Latn Indo-European 426.8B Kazakh kaz_Cyrl Turkic 22.2B
Indonesian ind_Latn Austronesian 374.4B Georgian kat_Geor Kartvelian 27.1B
Turkish tur_Latn Turkic 305.5B Nepali (individual language) npi_Deva Indo-European 27.0B
Vietnamese vie_Latn Austro-Asiatic 343.4B Marathi mar_Deva Indo-European 24.2B
Czech ces_Latn Indo-European 221.5B Malayalam mal_Mlym Dravidian 23.9B
Standard Arabic arb_Arab Afro-Asiatic 315.2B Macedonian mkd_Cyrl Indo-European 16.1B
Korean kor_Hang Koreanic 229.2B Icelandic isl_Latn Indo-European 11.0B
Persian fas_Arab Indo-European 327.1B Belarusian bel_Cyrl Indo-European 12.3B
Hungarian hun_Latn Uralic 214.4B Telugu tel_Telu Dravidian 15.5B
Swedish swe_Latn Indo-European 217.9B Afrikaans afr_Latn Indo-European 8.3B
Romanian ron_Latn Indo-European 199.9B Kannada kan_Knda Dravidian 13.9B
Ukrainian ukr_Cyrl Indo-European 273.7B Gujarati guj_Gujr Indo-European 12.6B
Norwegian Bokmål nob_Latn Indo-European 184.7B Galician glg_Latn Indo-European 6.9B
Modern Greek (1453-) ell_Grek Indo-European 238.4B Burmese mya_Mymr Sino-Tibetan 13.3B
Thai tha_Thai Kra-Dai 299.2B Moroccan Arabic ary_Arab Afro-Asiatic 8.3B
Danish dan_Latn Indo-European 161.8B Halh Mongolian khk_Cyrl Mongolic 9.1B
Finnish fin_Latn Uralic 153.6B Armenian hye_Armn Indo-European 7.7B
Bulgarian bul_Cyrl Indo-European 156.5B Khmer khm_Khmr Austro-Asiatic 9.3B
Slovak slk_Latn Indo-European 91.7B Northern Uzbek uzn_Latn Turkic 4.8B
Hindi hin_Deva Indo-European 129.9B Basque eus_Latn Language isolate 4.6B
Lithuanian lit_Latn Indo-European 60.7B Sinhala sin_Sinh Indo-European 7.6B
Bosnian bos_Latn Indo-European 52.8B Panjabi pan_Guru Indo-European 6.1B
Hebrew heb_Hebr Afro-Asiatic 73.8B Kirghiz kir_Cyrl Turkic 4.7B
Bengali ben_Beng Indo-European 93.5B Swahili (individual language) swh_Latn Niger-Congo 3.3B
Slovenian slv_Latn Indo-European 44.9B Norwegian Nynorsk nno_Latn Indo-European 2.9B
Catalan cat_Latn Indo-European 43.3B Odia ory_Orya Indo-European 5.3B

Table 12: Overview of the 70 languages used. We report the number of UTF-8 bytes in Fineweb-2 (Penedo et al.,
2025).
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G Full results

G.1 Extended tokenizer pruning results
We provide pruning compression and unreachable token curves for additional languages in Fig-
ures 12 and 13, respectively. Additionally, we provide downstream evaluation of pruning for German in
Figure 11, where our pruning methods perform the best.
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Figure 11: Llama-3.1-8B vocabulary pruned with different methods and evaluated on German and English down-
stream tasks. The dataset for training the pruner consisted of 50-50 German-English mix. The highlighted area
shows the 95% confidence interval. Note that Freq (leaf) and Merge-based method results overlap.
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Figure 12: Change in compression (bytes per token ↑) depending on the pruning method. Note that Freq (leaf) and
Merge-based method results overlap.
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Figure 13: Number of unreachable tokens↓ created by different pruning methods.

G.2 Full tokenizer extension results
We provide the full improvement of our method (continued BPE training) over the naive method in
Tables 13 and 14 for compression and in Table 15 and 16 for unreachable tokens. We list full compression
values for continued BPE training in Tables 17 and 18.
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Llama-3 extension Qwen-2.5 extension

Lang. 1000 2000 4000 8000 16000 32000 1000 2000 4000 8000 16000 32000

afr_Latn 1.9 2.1 2.3 1.7 1.4 1.2 3.4 4.4 5.6 6.6 7.2 7.2
als_Latn 5.0 4.6 4.1 3.9 2.6 1.9 8.0 9.5 10.8 11.0 10.0 10.1
arb_Arab 0.9 1.0 1.1 1.3 0.9 0.6 1.5 2.0 2.8 3.2 3.5 3.8
ary_Arab 0.4 0.9 0.9 0.9 0.9 0.6 0.6 1.3 1.5 1.7 2.3 2.4
azj_Latn 8.5 9.9 10.6 9.8 9.3 7.4 11.1 13.6 17.7 19.5 22.7 23.9
bel_Cyrl 3.7 4.5 4.8 4.6 3.6 2.6 3.8 5.2 6.7 8.4 9.0 9.4
ben_Beng -0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
bos_Latn 7.5 9.5 9.9 10.2 9.2 8.1 9.1 11.8 15.4 19.1 22.9 26.8
bul_Cyrl 7.8 8.8 9.7 10.1 9.0 7.4 13.0 16.3 20.5 24.2 27.6 29.1
cat_Latn 2.7 2.8 2.5 2.2 1.7 1.0 3.6 4.3 4.9 5.2 5.7 5.6
ces_Latn 3.4 4.3 4.3 5.3 5.5 5.0 5.8 8.2 10.0 12.0 14.2 15.6
cmn_Hani -0.0 -0.0 0.1 0.0 -0.0 -0.1 0.0 0.2 0.2 0.3 0.2 0.3
dan_Latn 2.1 2.3 2.3 2.3 2.1 1.8 2.8 3.6 4.4 5.2 5.3 5.8
deu_Latn 2.2 2.8 2.9 2.7 2.6 2.3 2.3 3.1 4.1 5.0 6.1 6.9
ekk_Latn 4.1 4.8 5.5 6.0 5.9 5.7 5.4 6.7 8.2 9.6 11.1 12.5
ell_Grek 1.5 1.6 1.9 1.9 1.3 0.7 0.1 0.2 0.3 0.3 0.4 0.0
eus_Latn 6.1 7.2 8.0 8.1 7.1 6.2 10.4 13.7 17.4 20.1 21.2 23.6
fas_Arab 0.7 0.6 0.5 0.2 0.2 0.1 3.2 4.4 5.3 6.4 5.4 4.2
fin_Latn 6.9 8.6 9.7 10.6 11.2 10.9 7.7 10.6 13.0 16.1 19.3 21.7
fra_Latn 2.1 2.1 2.0 1.7 1.4 0.8 2.3 2.5 2.8 3.5 4.2 4.0
glg_Latn 1.9 2.0 2.2 1.8 1.5 1.0 2.4 2.8 3.5 3.7 4.3 4.4
guj_Gujr 0.0 0.0 0.0 0.0 0.0 -0.0 0.0 0.0 0.0 0.0 0.0 0.0
heb_Hebr 29.5 27.1 23.7 19.6 14.7 9.1 9.8 14.1 17.9 21.3 24.7 27.3
hin_Deva 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
hrv_Latn 8.3 9.4 11.1 11.4 10.6 8.5 9.7 13.1 17.4 21.8 26.2 30.3
hun_Latn 4.1 5.2 6.2 7.0 7.1 6.7 5.1 7.2 9.3 12.3 15.0 17.0
hye_Armn 0.0 0.0 -0.0 0.0 0.0 0.1 1.3 0.7 0.7 0.8 0.9 0.5
ind_Latn 2.3 2.1 2.3 1.6 0.9 0.6 4.7 6.2 8.2 9.0 9.3 8.6
isl_Latn 2.5 3.0 3.5 3.5 4.2 4.0 2.9 4.2 5.5 6.3 8.2 8.8
ita_Latn 5.4 5.5 5.7 4.7 3.3 2.5 5.9 7.3 9.0 10.7 12.3 13.7
jpn_Jpan 1.3 1.2 1.5 1.4 1.7 1.2 0.9 0.9 1.2 1.1 1.2 1.0
kan_Knda -0.0 -0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 -0.1 -0.1 0.0
kat_Geor 0.2 0.4 0.2 0.2 0.3 0.2 1.9 2.4 2.3 2.8 3.5 3.4
kaz_Cyrl 5.4 6.7 6.7 6.1 5.0 3.5 7.6 10.5 12.4 14.4 15.5 16.2
khk_Cyrl 3.8 5.5 5.1 3.8 3.0 2.3 7.1 8.9 11.8 12.0 11.5 10.4
khm_Khmr 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
kir_Cyrl 6.0 6.6 7.4 6.4 5.4 4.1 6.5 8.3 12.1 13.3 13.6 14.1
kor_Hang 0.4 0.5 0.6 0.7 0.8 0.8 0.6 0.8 0.9 1.0 1.2 1.3
lit_Latn 4.4 5.1 5.6 5.9 5.6 4.7 4.8 6.9 9.0 11.9 14.4 16.0
lvs_Latn 4.0 5.0 4.8 5.1 4.6 3.7 5.2 7.4 8.3 9.6 11.2 12.1
mal_Mlym 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.1 0.1 0.0 0.0
mar_Deva 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0
mkd_Cyrl 8.1 9.7 10.7 10.0 8.5 6.4 12.4 16.6 20.9 24.4 28.3 29.3
mya_Mymr -0.1 0.0 0.0 0.0 0.0 0.0 0.5 0.6 0.6 0.6 0.6 0.6
nld_Latn 2.0 2.2 2.2 2.2 1.7 1.3 3.6 4.4 5.6 6.9 7.3 7.5
nno_Latn 1.9 2.2 2.5 2.3 2.2 1.8 3.6 4.4 4.1 4.4 4.9 5.4
nob_Latn 1.5 1.7 2.0 1.9 1.6 1.7 2.2 2.7 3.8 4.2 4.7 5.3
npi_Deva -0.0 0.0 0.0 0.0 0.0 0.0 0.0 -0.0 0.0 0.0 0.0 0.0
ory_Orya 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.2 0.2 0.0 0.0 -0.1
pan_Guru 0.0 0.2 0.2 0.2 0.2 0.2 -0.0 -0.0 0.0 0.0 0.0 0.0
pol_Latn 6.5 9.0 11.0 11.6 10.8 9.0 6.2 9.4 12.8 16.3 19.8 23.5
por_Latn 1.4 1.8 1.7 1.4 1.2 0.9 1.6 2.3 2.7 3.1 3.8 3.8
ron_Latn 5.5 5.2 5.6 5.3 4.4 3.1 6.6 7.6 9.0 10.2 11.2 11.2
rus_Cyrl 2.3 2.2 2.5 2.7 2.6 2.2 2.0 2.4 2.9 3.6 4.1 4.6
sin_Sinh 0.9 0.5 0.2 0.1 0.1 0.0 18.4 19.3 19.9 20.0 20.2 20.0
slk_Latn 5.9 7.0 7.1 7.6 7.2 6.5 6.3 9.3 12.1 14.1 17.2 18.6
slv_Latn 7.0 8.2 9.1 9.4 8.6 7.2 8.6 10.8 13.7 16.8 19.6 22.0
spa_Latn 2.9 2.9 2.5 2.2 1.6 1.1 3.0 3.2 3.3 4.0 4.5 4.7
srp_Cyrl 2.9 3.6 4.4 4.0 3.6 2.8 3.1 4.8 6.1 7.6 9.1 9.8
swe_Latn 1.6 1.9 2.1 2.3 2.1 1.9 2.4 3.0 3.8 4.8 5.5 5.9
swh_Latn 9.2 10.9 10.9 10.9 9.4 7.5 16.4 23.2 30.2 36.2 39.9 40.8
tam_Taml 0.0 0.0 0.0 0.0 0.0 -0.0 0.0 0.0 0.0 0.0 0.0 -0.0
tel_Telu 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0
tha_Thai 0.4 0.4 0.6 0.4 0.4 0.5 1.1 0.7 1.1 1.1 1.1 1.1
tur_Latn 5.0 5.3 5.6 6.0 5.7 4.6 3.8 5.5 7.5 9.1 10.7 11.8
ukr_Cyrl 2.5 2.4 2.7 2.8 2.6 2.2 2.9 3.9 4.9 6.1 6.9 7.4
urd_Arab 1.2 0.8 0.4 0.5 0.3 0.2 5.7 6.0 7.3 7.3 5.0 3.3
uzn_Latn 9.8 11.3 11.9 11.3 9.4 7.6 12.7 16.8 20.6 23.7 24.9 25.7
vie_Latn 0.1 0.1 0.1 0.0 0.0 0.0 0.3 0.3 0.1 0.1 0.1 0.0
zsm_Latn 2.1 1.9 1.5 1.2 0.7 0.4 6.1 7.8 8.9 9.9 10.4 9.2

Table 13: Gain in compression (%) of continued tokenizer training over naive extension from an independent
tokenizer. Continues in Table 14.
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Mistral Nemo Llama-2

Lang. 1000 2000 4000 8000 16000 32000 1000 2000 4000 8000 16000 32000

afr_Latn 1.6 1.8 1.7 1.4 1.2 1.0 3.0 4.1 5.0 6.0 6.6 6.7
als_Latn 3.3 2.9 2.9 3.0 2.3 1.6 8.0 9.3 10.3 11.5 10.4 10.3
arb_Arab 0.2 0.3 0.2 0.3 0.3 0.3 1.6 0.7 0.3 0.1 -0.2 -0.2
ary_Arab 0.4 -0.0 0.0 0.1 0.1 0.3 0.8 0.4 0.2 0.1 -0.1 -0.2
azj_Latn 3.6 4.5 5.2 5.5 5.1 4.3 11.8 13.8 18.0 20.4 22.4 22.1
bel_Cyrl 6.1 7.1 7.2 7.0 6.1 4.6 1.7 2.6 3.1 4.0 5.1 5.6
ben_Beng 0.7 0.6 0.6 0.6 0.7 0.7 0.3 0.1 -0.2 -0.4 -0.5 -0.8
bos_Latn 4.5 6.0 6.3 6.5 6.0 5.4 8.6 11.9 15.6 19.2 22.6 25.7
bul_Cyrl 2.2 2.5 2.5 2.5 2.2 1.9 1.8 2.2 2.7 3.3 3.5 4.4
cat_Latn 1.7 2.0 1.7 1.5 1.4 0.8 2.9 3.4 4.1 4.3 4.7 4.8
ces_Latn 2.6 3.8 4.5 4.8 5.2 4.4 5.1 6.9 9.0 11.5 13.4 14.8
cmn_Hani 0.1 0.1 -0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 -0.4 -0.5
dan_Latn 1.3 1.5 1.6 1.5 1.6 1.5 2.4 3.0 4.0 4.6 5.0 5.4
deu_Latn 0.6 0.9 1.1 1.1 1.3 1.1 1.6 2.1 2.9 3.6 4.4 5.1
ekk_Latn 3.3 3.5 4.0 4.7 4.7 4.5 5.9 7.2 8.3 9.6 10.7 12.4
ell_Grek 1.5 2.0 2.5 2.8 2.4 1.7 0.5 -0.2 -0.2 -0.2 -0.2 0.0
eus_Latn 4.2 5.1 5.7 6.1 5.4 4.5 12.3 15.7 19.0 21.1 23.1 24.8
fas_Arab 0.8 0.7 0.4 0.3 0.2 0.1 0.8 0.4 0.5 -0.0 0.0 0.1
fin_Latn 4.7 5.6 7.4 8.2 8.6 9.0 7.7 10.5 13.3 16.0 18.7 21.0
fra_Latn 0.7 0.8 0.9 0.7 0.7 0.5 1.9 2.3 2.6 3.0 3.3 3.6
glg_Latn 1.3 1.5 1.4 1.1 1.0 0.7 2.7 3.1 3.8 4.3 4.7 4.9
guj_Gujr 1.0 1.2 1.2 1.3 1.0 0.8 1.2 0.6 0.3 0.2 0.2 -0.0
heb_Hebr 9.6 13.6 16.2 17.1 15.6 13.2 0.1 0.0 0.0 -0.1 -0.1 -0.3
hin_Deva 0.4 0.4 0.5 0.3 0.3 0.2 2.6 1.2 0.6 0.0 0.0 0.0
hrv_Latn 4.6 5.7 6.9 7.8 7.2 6.0 9.3 13.0 17.3 21.5 26.1 29.9
hun_Latn 1.8 2.5 3.1 3.3 3.8 3.9 4.0 5.7 7.4 9.2 11.2 12.6
hye_Armn 0.3 0.3 0.2 0.3 0.3 0.2 0.0 0.2 -0.0 -0.1 -0.1 -0.1
ind_Latn 1.8 1.6 1.7 1.1 0.8 0.5 7.4 9.2 11.5 12.9 11.3 9.8
isl_Latn 2.6 2.8 3.2 3.2 3.6 3.6 3.2 4.2 4.9 5.4 6.8 7.5
ita_Latn 3.0 3.3 3.4 3.1 2.2 1.9 4.8 5.7 7.2 8.6 9.7 11.0
jpn_Jpan 1.4 1.4 1.5 1.5 1.6 1.3 0.0 0.0 0.0 -1.0 -2.2 -2.9
kan_Knda 0.2 -0.0 0.3 0.2 0.4 0.4 1.1 0.4 0.2 0.0 0.1 0.2
kat_Geor 1.2 1.1 1.0 1.0 0.7 0.6 0.9 0.4 0.3 -0.0 -0.3 -0.1
kaz_Cyrl 9.0 10.3 10.3 8.6 6.9 4.7 17.4 20.6 24.3 23.1 20.0 17.2
khk_Cyrl 6.5 7.6 7.3 6.0 4.3 3.1 13.1 15.5 17.4 18.8 19.0 18.1
khm_Khmr 0.0 0.1 0.2 0.2 0.2 0.2 0.0 4.8 1.6 0.7 0.3 0.2
kir_Cyrl 9.4 11.1 10.5 9.1 7.3 5.4 20.8 19.8 24.0 26.0 26.2 25.3
kor_Hang 0.0 0.0 0.1 0.1 0.1 0.1 0.0 0.0 0.0 0.1 -0.3 -0.2
lit_Latn 3.5 4.7 5.0 5.1 4.8 4.0 5.1 7.5 9.5 12.8 15.0 16.6
lvs_Latn 3.5 4.0 4.5 4.7 4.2 3.2 6.4 7.8 8.3 9.7 11.3 12.0
mal_Mlym 0.3 0.4 0.5 0.5 0.5 0.5 1.2 0.4 0.1 0.1 0.0 -0.0
mar_Deva 1.1 1.5 1.3 1.4 1.2 0.9 1.1 0.3 0.1 -0.1 -0.4 -0.7
mkd_Cyrl 2.0 2.2 2.4 2.7 2.4 1.9 2.1 2.5 2.6 3.1 3.8 4.2
mya_Mymr 8.2 11.0 14.6 17.6 21.6 23.7 5.9 2.3 1.0 -0.3 -0.7 -1.6
nld_Latn 1.3 1.7 1.7 1.5 1.3 1.0 3.3 4.0 5.1 6.6 7.1 7.0
nno_Latn 1.6 1.7 1.7 1.6 1.6 1.4 3.5 3.9 4.5 5.2 5.8 5.3
nob_Latn 0.9 1.2 1.1 1.3 1.3 1.3 2.2 2.7 3.5 4.2 4.5 5.0
npi_Deva 1.6 1.5 1.7 1.7 1.5 1.3 0.5 0.6 0.2 0.0 -0.1 -0.1
ory_Orya 0.0 0.0 0.0 0.0 0.0 0.0 1.2 0.6 0.3 0.1 -0.0 0.0
pan_Guru 0.1 0.0 0.1 -0.0 0.0 0.0 1.1 0.4 0.1 -0.0 -0.0 -0.1
pol_Latn 3.8 5.1 6.2 7.2 7.3 6.7 7.5 11.0 14.9 19.3 22.4 25.9
por_Latn 1.1 1.2 1.1 1.0 0.8 0.5 1.9 2.6 3.3 3.8 4.1 4.3
ron_Latn 3.5 4.1 4.2 4.3 3.7 2.5 6.8 7.7 9.1 10.7 11.7 11.7
rus_Cyrl 1.9 2.2 2.6 2.7 2.8 2.4 1.4 1.5 2.0 2.5 2.6 3.2
sin_Sinh 0.0 0.0 0.0 0.1 0.0 0.0 1.0 0.3 0.2 0.1 -0.0 0.0
slk_Latn 4.5 5.1 5.4 5.8 5.7 5.1 6.3 8.4 10.9 13.0 15.2 15.8
slv_Latn 4.5 5.7 6.4 6.6 6.2 5.3 8.3 10.9 13.9 17.1 19.3 21.3
spa_Latn 1.4 1.5 1.4 1.4 1.0 0.7 2.9 3.5 3.9 4.4 5.1 5.4
srp_Cyrl 5.5 6.6 7.9 8.0 8.0 6.6 1.6 1.8 2.3 2.8 3.6 4.0
swe_Latn 0.7 1.2 1.2 1.6 1.6 1.3 1.9 2.6 3.3 4.3 4.5 4.5
swh_Latn 8.1 9.1 9.3 9.6 8.4 6.7 20.6 27.0 34.4 41.5 43.7 44.4
tam_Taml 0.3 0.3 0.6 0.4 0.5 0.4 4.3 1.4 0.6 0.1 -0.1 -0.3
tel_Telu 1.1 1.4 1.9 1.6 1.5 1.2 1.6 0.5 0.5 0.2 -0.0 -0.3
tha_Thai 35.8 53.6 70.2 86.2 100.4 110.9 9.6 3.9 1.5 0.5 0.2 0.3
tur_Latn 2.1 2.9 3.4 3.5 3.6 3.0 8.9 10.4 12.4 14.4 15.8 15.2
ukr_Cyrl 4.0 4.8 5.1 5.3 5.2 4.5 1.8 2.1 2.5 3.3 3.8 4.0
urd_Arab 0.9 1.0 0.6 0.5 0.3 0.1 0.6 0.2 -0.1 -0.1 -0.1 -0.0
uzn_Latn 7.2 7.9 8.2 8.1 7.5 6.3 13.6 17.1 21.1 22.9 23.6 21.8
vie_Latn 0.1 0.1 0.0 0.0 0.0 0.0 9.3 4.1 2.5 1.8 0.9 0.2
zsm_Latn 2.2 2.0 1.4 1.0 0.5 0.4 9.0 10.2 11.8 11.3 11.5 9.0

Table 14: Gain in compression (%) of continued tokenizer training over naive extension from an independent
tokenizer.
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Llama-3 extension Qwen-2.5 extension

Lang. 1000 2000 4000 8000 16000 32000 1000 2000 4000 8000 16000 32000

afr_Latn -74 -156 -357 -875 -1858 -3692 -72 -155 -350 -882 -1859 -3676
als_Latn -95 -229 -478 -983 -2004 -4071 -94 -231 -491 -1007 -2045 -4127
arb_Arab -23 -58 -141 -293 -547 -1039 -15 -52 -162 -366 -733 -1442
ary_Arab -27 -52 -120 -264 -510 -954 -28 -63 -163 -358 -728 -1411
azj_Latn -161 -359 -851 -1714 -3746 -7746 -137 -309 -751 -1591 -3525 -7402
bel_Cyrl -54 -132 -313 -699 -1509 -3216 -22 -89 -241 -596 -1330 -2772
ben_Beng 0 0 0 0 -46 -225 0 0 0 -1 -53 -231
bos_Latn -62 -174 -520 -1449 -3599 -8484 -67 -184 -567 -1534 -3737 -8707
bul_Cyrl -89 -198 -516 -1312 -3364 -7808 -111 -274 -704 -1751 -4177 -8923
cat_Latn -60 -133 -342 -752 -1635 -3432 -60 -132 -337 -748 -1623 -3404
ces_Latn -118 -183 -377 -890 -2052 -4599 -64 -166 -392 -951 -2273 -5015
cmn_Hani -2 -3 -5 -15 -25 -74 -16 -36 -66 -122 -211 -369
dan_Latn -55 -141 -326 -747 -1578 -3522 -53 -140 -323 -752 -1585 -3516
deu_Latn -15 -67 -239 -659 -1511 -3362 -16 -70 -247 -666 -1524 -3375
ekk_Latn -78 -175 -359 -899 -2084 -4612 -77 -177 -361 -897 -2092 -4628
ell_Grek -23 -59 -148 -324 -680 -1230 0 -4 -13 -31 -73 -19
eus_Latn -115 -302 -682 -1604 -3492 -7483 -111 -299 -689 -1631 -3533 -7564
fas_Arab -27 -64 -138 -286 -562 -1070 -38 -116 -261 -582 -1121 -2116
fin_Latn -57 -184 -439 -1097 -2525 -5813 -58 -186 -443 -1105 -2536 -5844
fra_Latn -17 -57 -178 -489 -1153 -2505 -17 -57 -171 -476 -1142 -2488
glg_Latn -36 -100 -216 -501 -1147 -2670 -36 -105 -227 -497 -1147 -2663
guj_Gujr 0 0 -4 -14 -73 -273 0 0 -4 -14 -64 -271
heb_Hebr -133 -310 -672 -1480 -3254 -5762 -36 -132 -482 -1413 -3795 -8746
hin_Deva 0 0 -2 -40 -239 -655 0 0 -2 -25 -218 -632
hrv_Latn -65 -224 -656 -1691 -4147 -9578 -71 -235 -694 -1780 -4277 -9769
hun_Latn -75 -174 -411 -1043 -2287 -5145 -73 -167 -404 -1018 -2266 -5054
hye_Armn 0 0 -1 -1 -2 -22 -5 -10 -21 -68 -143 -259
ind_Latn -60 -148 -361 -782 -1629 -3248 -59 -144 -356 -768 -1608 -3232
isl_Latn -86 -160 -427 -923 -1983 -4369 -83 -157 -418 -911 -1960 -4286
ita_Latn -41 -145 -376 -1051 -2596 -6332 -39 -144 -374 -1046 -2600 -6314
jpn_Jpan -14 -23 -37 -89 -232 -479 -4 -10 -36 -86 -223 -552
kan_Knda 0 0 -5 -13 -57 -275 0 0 -5 -13 -58 -281
kat_Geor 0 -8 -12 -17 -37 -104 -5 -32 -75 -176 -414 -828
kaz_Cyrl -74 -198 -409 -902 -1971 -3939 -61 -182 -367 -855 -1810 -3790
khk_Cyrl -68 -152 -389 -914 -1833 -3621 -67 -145 -358 -806 -1644 -3116
khm_Khmr 0 0 0 -3 -18 -119 0 0 0 -2 -23 -136
kir_Cyrl -68 -155 -402 -938 -2005 -4238 -60 -135 -361 -825 -1774 -3810
kor_Hang -13 -21 -36 -77 -146 -307 -5 -15 -32 -71 -142 -304
lit_Latn -71 -177 -455 -1118 -2456 -5307 -64 -178 -450 -1105 -2447 -5255
lvs_Latn -77 -188 -338 -786 -1817 -3869 -66 -177 -328 -783 -1796 -3800
mal_Mlym 0 -2 -5 -13 -74 -387 0 -2 -5 -15 -71 -384
mar_Deva -3 -14 -17 -41 -163 -521 -2 -1 -5 -18 -130 -501
mkd_Cyrl -91 -263 -627 -1562 -3647 -8282 -103 -319 -767 -1830 -4215 -9192
mya_Mymr -16 -20 -43 -85 -200 -518 -15 -21 -46 -90 -213 -549
nld_Latn -67 -168 -388 -866 -1757 -3742 -65 -163 -384 -863 -1751 -3736
nno_Latn -46 -108 -253 -552 -1303 -3095 -48 -109 -249 -564 -1317 -3072
nob_Latn -36 -101 -255 -530 -1208 -2639 -38 -101 -255 -530 -1211 -2626
npi_Deva -1 -3 -6 -18 -49 -169 0 0 0 -3 -20 -131
ory_Orya -2 -3 -3 -2 -46 -296 -2 -3 -3 -4 -74 -324
pan_Guru 0 -1 -4 -18 -91 -340 0 -1 -4 -18 -89 -354
pol_Latn -56 -192 -567 -1408 -3443 -7898 -56 -195 -545 -1363 -3363 -7806
por_Latn -19 -52 -158 -419 -998 -2165 -21 -54 -166 -428 -1003 -2162
ron_Latn -50 -138 -337 -817 -1975 -4487 -48 -140 -338 -815 -1981 -4499
rus_Cyrl -81 -134 -244 -462 -922 -1898 -22 -59 -139 -328 -791 -1699
sin_Sinh -58 -110 -206 -409 -783 -1494 -60 -110 -207 -410 -783 -1494
slk_Latn -103 -197 -443 -1019 -2367 -5391 -52 -152 -408 -990 -2395 -5512
slv_Latn -91 -229 -599 -1491 -3524 -7898 -73 -210 -595 -1479 -3545 -7863
spa_Latn -17 -44 -170 -475 -1224 -3033 -18 -44 -165 -473 -1218 -3030
srp_Cyrl -45 -119 -284 -625 -1525 -3351 -23 -90 -267 -595 -1478 -3248
swe_Latn -68 -156 -350 -751 -1459 -3064 -68 -154 -341 -737 -1437 -3052
swh_Latn -157 -443 -1146 -2513 -5583 -12025 -163 -468 -1185 -2581 -5670 -12159
tam_Taml 0 0 -3 -34 -156 -570 0 0 -3 -37 -151 -607
tel_Telu 0 0 -2 -13 -81 -407 0 0 -2 -13 -76 -405
tha_Thai -9 -15 -28 -54 -105 -250 -2 -7 -34 -70 -136 -334
tur_Latn -232 -359 -645 -1245 -2588 -5275 -51 -141 -358 -856 -1974 -4377
ukr_Cyrl -76 -123 -225 -473 -985 -2063 -28 -75 -192 -470 -1008 -2206
urd_Arab -48 -98 -192 -420 -783 -1393 -53 -121 -310 -596 -1012 -1664
uzn_Latn -105 -297 -733 -1648 -3510 -7571 -105 -288 -736 -1677 -3577 -7690
vie_Latn -35 -48 -65 -148 -375 -1010 -6 -10 -26 -121 -343 -982
zsm_Latn -66 -145 -369 -823 -1675 -3153 -65 -141 -360 -802 -1641 -3119

Table 15: Change in unreachable tokens through merges of continued tokenizer training compared to naive
extension from an independent tokenizer. Continues in Table 16.
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Mistral Nemo extension Llama-2 extension

Lang. 1000 2000 4000 8000 16000 32000 1000 2000 4000 8000 16000 32000

afr_Latn -62 -132 -329 -793 -1634 -3290 -59 -149 -330 -753 -1617 -3187
als_Latn -83 -197 -437 -880 -1833 -3661 -78 -226 -514 -1070 -2074 -4218
arb_Arab -9 -28 -58 -114 -245 -577 0 0 0 -2 -4 -12
ary_Arab -10 -24 -55 -103 -264 -550 0 0 0 -1 -1 -6
azj_Latn -104 -225 -552 -1167 -2577 -5327 -128 -255 -631 -1474 -3261 -6616
bel_Cyrl -52 -158 -408 -950 -2178 -4767 -22 -65 -138 -319 -779 -1708
ben_Beng -6 -19 -45 -93 -167 -358 0 0 0 0 0 -1
bos_Latn -24 -79 -292 -908 -2462 -6251 -56 -197 -545 -1524 -3658 -8530
bul_Cyrl -21 -60 -161 -426 -1081 -2623 -16 -47 -125 -300 -673 -1510
cat_Latn -33 -84 -204 -480 -1058 -2439 -37 -115 -285 -648 -1442 -3082
ces_Latn -31 -85 -254 -745 -1809 -4197 -52 -150 -377 -920 -2199 -4876
cmn_Hani 0 0 -2 -9 -32 -80 0 0 0 0 0 -7
dan_Latn -53 -123 -285 -633 -1360 -2964 -56 -132 -304 -694 -1424 -3007
deu_Latn -15 -43 -136 -376 -922 -2237 -21 -73 -209 -532 -1155 -2543
ekk_Latn -73 -160 -367 -863 -1958 -4310 -66 -176 -382 -911 -2044 -4528
ell_Grek -23 -58 -177 -424 -1023 -2265 0 -1 -1 -6 -8 -37
eus_Latn -76 -206 -518 -1244 -2835 -6223 -113 -320 -724 -1622 -3586 -7406
fas_Arab -16 -51 -144 -348 -725 -1440 0 0 0 -1 -4 -30
fin_Latn -33 -104 -287 -811 -2016 -4868 -63 -164 -422 -1014 -2390 -5509
fra_Latn -19 -46 -107 -255 -613 -1578 -28 -78 -185 -445 -1023 -2203
glg_Latn -29 -70 -156 -335 -784 -1888 -41 -102 -232 -551 -1179 -2659
guj_Gujr -20 -43 -80 -165 -301 -616 0 0 -2 -3 -10 -25
heb_Hebr -28 -115 -453 -1511 -4173 -9750 0 0 0 0 0 -1
hin_Deva -17 -27 -55 -104 -202 -369 0 0 0 0 -8 -62
hrv_Latn -43 -139 -431 -1209 -3044 -7548 -74 -243 -686 -1714 -4212 -9613
hun_Latn -40 -102 -292 -675 -1548 -3624 -59 -154 -333 -847 -1906 -4161
hye_Armn -3 -10 -28 -54 -92 -201 0 0 -1 -1 -3 -11
ind_Latn -38 -105 -256 -568 -1339 -2807 -70 -159 -398 -776 -1574 -3100
isl_Latn -74 -158 -371 -799 -1760 -3956 -66 -151 -336 -736 -1665 -3615
ita_Latn -18 -56 -180 -589 -1579 -4322 -30 -122 -349 -919 -2275 -5737
jpn_Jpan -7 -12 -24 -59 -160 -369 0 0 0 0 -1 -5
kan_Knda -5 -9 -20 -31 -57 -129 0 0 0 -3 -4 -15
kat_Geor -21 -43 -70 -152 -241 -404 0 0 0 -1 -1 -15
kaz_Cyrl -72 -213 -496 -1056 -2328 -4474 -100 -251 -589 -1258 -2536 -4867
khk_Cyrl -72 -223 -548 -1180 -2537 -4966 -69 -213 -554 -1247 -2642 -5135
khm_Khmr -5 -7 -12 -21 -34 -65 0 0 0 -1 -8 -32
kir_Cyrl -100 -232 -550 -1317 -2713 -5455 -109 -248 -632 -1463 -3069 -6264
kor_Hang -2 -5 -8 -13 -28 -66 0 0 0 0 -1 -10
lit_Latn -55 -143 -399 -959 -2146 -4796 -51 -156 -426 -1069 -2390 -5220
lvs_Latn -71 -169 -338 -793 -1788 -3718 -43 -159 -330 -775 -1788 -3692
mal_Mlym -1 -4 -14 -36 -67 -143 0 0 -4 -5 -11 -16
mar_Deva -17 -50 -116 -245 -449 -926 0 -2 -3 -6 -12 -29
mkd_Cyrl -25 -72 -208 -476 -1187 -2746 -22 -71 -165 -358 -829 -1754
mya_Mymr -71 -163 -435 -1127 -2617 -5592 0 0 -1 -4 -11 -29
nld_Latn -38 -106 -289 -677 -1440 -3137 -59 -142 -356 -804 -1584 -3169
nno_Latn -41 -91 -229 -476 -1130 -2711 -43 -106 -257 -571 -1238 -2679
nob_Latn -35 -81 -203 -432 -968 -2148 -35 -108 -249 -556 -1116 -2302
npi_Deva -30 -53 -110 -197 -380 -800 0 0 0 0 0 -2
ory_Orya 0 0 0 0 -1 -8 0 0 0 0 -2 -7
pan_Guru -1 -6 -5 -8 -23 -40 0 0 -1 -2 -11 -33
pol_Latn -39 -127 -324 -856 -2388 -6054 -66 -198 -576 -1400 -3410 -7708
por_Latn -13 -38 -126 -292 -663 -1594 -25 -78 -206 -518 -1149 -2424
ron_Latn -36 -101 -258 -672 -1580 -3697 -41 -127 -355 -874 -2133 -4756
rus_Cyrl -19 -56 -187 -467 -1155 -2795 -17 -45 -101 -270 -573 -1281
sin_Sinh 0 0 -1 -1 -2 -4 0 0 0 -2 -3 -10
slk_Latn -43 -130 -313 -786 -1864 -4326 -45 -134 -380 -955 -2237 -4932
slv_Latn -44 -125 -373 -1019 -2612 -6297 -63 -198 -538 -1443 -3468 -7712
spa_Latn -6 -18 -69 -207 -628 -1834 -24 -73 -213 -524 -1276 -3009
srp_Cyrl -37 -127 -406 -1146 -2927 -6961 -18 -58 -122 -300 -765 -1805
swe_Latn -71 -135 -291 -566 -1137 -2516 -64 -135 -287 -589 -1127 -2282
swh_Latn -125 -356 -983 -2228 -5034 -10967 -160 -458 -1199 -2712 -5683 -11956
tam_Taml -2 -11 -28 -69 -151 -237 0 0 0 0 -1 -7
tel_Telu -18 -36 -78 -181 -335 -631 0 0 0 -2 -2 -17
tha_Thai -250 -567 -1319 -2768 -5888 -12112 0 0 -1 -3 -14 -38
tur_Latn -49 -115 -285 -673 -1662 -3679 -91 -201 -438 -953 -2229 -4705
ukr_Cyrl -31 -92 -302 -793 -1862 -4242 -22 -49 -113 -299 -620 -1324
urd_Arab -31 -78 -177 -392 -781 -1392 0 0 0 -1 -4 -37
uzn_Latn -64 -214 -556 -1316 -2911 -6400 -128 -302 -766 -1647 -3490 -6834
vie_Latn -5 -7 -16 -98 -281 -851 -13 -32 -59 -115 -333 -991
zsm_Latn -49 -118 -302 -658 -1412 -2821 -48 -136 -342 -767 -1602 -3063

Table 16: Change in unreachable tokens through merges of continued tokenizer training compared to naive
extension from an independent tokenizer.
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Llama-3 extension Qwen-2.5 extension

Lang. 0 1000 2000 4000 8000 16000 32000 0 1000 2000 4000 8000 16000 32000

afr_Latn 3.093 3.630 3.828 4.062 4.301 4.529 4.720 3.051 3.579 3.773 4.004 4.239 4.463 4.649
als_Latn 2.625 3.550 3.770 4.036 4.328 4.645 4.936 2.579 3.484 3.710 3.976 4.266 4.577 4.866
arb_Arab 4.705 5.138 5.438 5.867 6.385 6.941 7.542 4.697 5.158 5.431 5.838 6.313 6.855 7.438
ary_Arab 4.450 4.813 5.034 5.349 5.775 6.269 6.797 4.405 4.803 5.027 5.316 5.711 6.193 6.704
azj_Latn 2.537 3.787 4.120 4.516 4.936 5.386 5.835 2.420 3.624 3.966 4.388 4.834 5.281 5.730
bel_Cyrl 3.866 5.204 5.640 6.184 6.845 7.547 8.265 3.301 4.875 5.368 5.962 6.658 7.402 8.140
ben_Beng 2.203 5.023 5.196 5.291 5.345 5.366 5.375 2.483 5.159 5.336 5.429 5.482 5.503 5.513
bos_Latn 2.780 3.265 3.476 3.714 3.998 4.330 4.663 2.651 3.161 3.377 3.635 3.920 4.255 4.588
bul_Cyrl 4.527 5.746 6.087 6.511 7.054 7.675 8.286 4.115 5.395 5.783 6.258 6.856 7.511 8.139
cat_Latn 3.219 3.705 3.865 4.066 4.291 4.530 4.721 3.194 3.662 3.816 4.017 4.236 4.473 4.657
ces_Latn 3.485 3.700 3.827 4.013 4.286 4.631 5.020 2.496 3.193 3.449 3.743 4.081 4.483 4.897
cmn_Hani 3.471 3.651 3.788 3.980 4.250 4.559 4.903 4.361 4.493 4.548 4.614 4.706 4.843 5.032
dan_Latn 3.157 3.579 3.752 3.986 4.230 4.483 4.729 3.112 3.527 3.696 3.925 4.163 4.414 4.654
deu_Latn 3.638 3.877 4.047 4.259 4.529 4.828 5.115 3.631 3.855 4.012 4.215 4.476 4.763 5.042
ekk_Latn 2.644 3.282 3.509 3.767 4.084 4.441 4.798 2.607 3.230 3.454 3.711 4.023 4.370 4.717
ell_Grek 4.736 5.443 5.841 6.433 7.148 7.924 8.683 2.123 4.647 5.317 6.054 6.895 7.748 8.538
eus_Latn 2.774 3.581 3.851 4.174 4.516 4.890 5.247 2.722 3.519 3.787 4.106 4.443 4.810 5.158
fas_Arab 5.404 5.769 6.030 6.377 6.755 7.063 7.284 3.140 4.705 5.191 5.753 6.297 6.683 6.914
fin_Latn 2.704 3.405 3.661 3.957 4.323 4.732 5.158 2.674 3.359 3.611 3.901 4.258 4.657 5.072
fra_Latn 3.771 4.025 4.172 4.363 4.596 4.820 5.007 3.756 3.996 4.134 4.313 4.534 4.749 4.929
glg_Latn 3.536 3.924 4.084 4.310 4.558 4.818 5.042 3.513 3.894 4.042 4.262 4.497 4.750 4.967
guj_Gujr 1.590 5.019 5.226 5.340 5.401 5.429 5.439 1.779 4.994 5.193 5.302 5.361 5.390 5.400
heb_Hebr 1.849 4.150 4.655 5.220 5.818 6.442 7.079 4.497 4.949 5.197 5.540 5.959 6.456 7.007
hin_Deva 4.920 5.089 5.139 5.175 5.195 5.206 5.209 2.764 4.902 5.064 5.130 5.161 5.173 5.177
hrv_Latn 2.757 3.263 3.462 3.723 4.022 4.360 4.720 2.629 3.157 3.372 3.638 3.944 4.280 4.639
hun_Latn 2.655 3.302 3.581 3.913 4.304 4.709 5.135 2.605 3.247 3.524 3.852 4.239 4.638 5.051
hye_Armn 1.147 4.950 5.753 6.603 7.472 8.315 9.146 1.851 5.040 5.765 6.580 7.412 8.233 9.019
ind_Latn 3.410 4.049 4.338 4.714 5.080 5.402 5.643 3.350 3.974 4.258 4.623 4.987 5.305 5.540
isl_Latn 2.523 3.264 3.514 3.795 4.107 4.457 4.800 2.477 3.215 3.462 3.735 4.049 4.395 4.729
ita_Latn 3.533 3.910 4.094 4.337 4.613 4.887 5.116 3.502 3.868 4.047 4.283 4.552 4.821 5.043
jpn_Jpan 4.071 4.426 4.639 4.950 5.361 5.866 6.476 4.313 4.687 4.874 5.144 5.480 5.910 6.447
kan_Knda 1.560 5.260 5.488 5.615 5.709 5.734 5.743 1.964 5.231 5.453 5.576 5.667 5.691 5.706
kat_Geor 1.470 6.859 7.975 9.356 10.827 12.350 13.899 2.718 6.926 7.989 9.267 10.693 12.215 13.708
kaz_Cyrl 2.983 5.550 6.254 7.026 7.825 8.674 9.492 3.007 5.371 6.059 6.841 7.664 8.504 9.314
khk_Cyrl 2.869 5.445 6.159 7.007 7.870 8.690 9.423 2.962 5.291 5.996 6.859 7.723 8.541 9.268
khm_Khmr 1.837 5.003 5.323 5.541 5.676 5.752 5.781 2.435 5.001 5.305 5.517 5.649 5.720 5.748
kir_Cyrl 3.175 5.554 6.183 6.950 7.727 8.552 9.344 3.292 5.344 5.976 6.764 7.563 8.393 9.174
kor_Hang 3.902 4.207 4.413 4.699 5.070 5.487 5.936 3.505 4.028 4.282 4.606 4.982 5.395 5.838
lit_Latn 2.389 3.299 3.557 3.865 4.236 4.657 5.088 2.469 3.233 3.496 3.805 4.172 4.584 5.008
lvs_Latn 2.341 3.283 3.562 3.896 4.272 4.688 5.094 2.331 3.220 3.500 3.829 4.201 4.609 5.008
mal_Mlym 1.696 5.394 5.662 5.825 5.930 5.969 5.984 2.063 5.365 5.623 5.777 5.894 5.931 5.945
mar_Deva 4.677 5.265 5.348 5.414 5.461 5.482 5.491 2.789 5.067 5.260 5.360 5.416 5.441 5.453
mkd_Cyrl 4.349 5.733 6.113 6.591 7.195 7.851 8.481 4.005 5.428 5.837 6.371 7.012 7.686 8.333
mya_Mymr 1.474 5.304 5.497 5.591 5.635 5.651 5.661 1.888 5.309 5.486 5.571 5.611 5.627 5.635
nld_Latn 3.402 3.835 4.038 4.295 4.574 4.828 5.044 3.364 3.784 3.983 4.236 4.508 4.758 4.969
nno_Latn 3.079 3.595 3.768 3.977 4.221 4.465 4.688 3.031 3.538 3.712 3.916 4.156 4.398 4.615
nob_Latn 3.196 3.600 3.763 3.980 4.222 4.460 4.689 3.149 3.545 3.705 3.915 4.153 4.389 4.613
npi_Deva 4.837 5.385 5.483 5.572 5.626 5.653 5.668 2.784 5.175 5.371 5.503 5.574 5.604 5.626
ory_Orya 1.094 5.192 5.401 5.506 5.567 5.591 5.614 1.349 5.182 5.392 5.497 5.554 5.579 5.601
pan_Guru 1.621 4.748 4.922 5.003 5.042 5.058 5.064 1.712 4.796 4.970 5.055 5.096 5.112 5.119
pol_Latn 2.886 3.342 3.579 3.886 4.236 4.628 5.057 3.041 3.412 3.623 3.889 4.213 4.582 4.997
por_Latn 3.686 3.951 4.105 4.308 4.547 4.804 5.017 3.682 3.926 4.073 4.260 4.495 4.741 4.947
ron_Latn 3.092 3.728 3.918 4.166 4.435 4.727 4.996 3.056 3.679 3.867 4.113 4.377 4.662 4.924
rus_Cyrl 5.928 6.255 6.435 6.720 7.164 7.750 8.413 5.371 5.825 6.089 6.433 6.946 7.561 8.253
sin_Sinh 1.476 5.029 5.268 5.422 5.494 5.524 5.540 1.822 4.907 5.131 5.273 5.340 5.369 5.383
slk_Latn 2.871 3.470 3.667 3.912 4.215 4.571 4.961 2.510 3.184 3.443 3.751 4.076 4.470 4.859
slv_Latn 2.744 3.259 3.447 3.679 3.960 4.262 4.592 2.599 3.147 3.353 3.594 3.884 4.185 4.514
spa_Latn 3.821 4.055 4.195 4.376 4.598 4.824 5.008 3.806 4.030 4.161 4.329 4.545 4.766 4.942
srp_Cyrl 4.013 5.356 5.717 6.151 6.668 7.278 7.919 3.694 5.050 5.455 5.925 6.492 7.130 7.781
swe_Latn 3.223 3.607 3.785 4.023 4.299 4.609 4.883 3.177 3.556 3.727 3.962 4.231 4.538 4.804
swh_Latn 2.636 3.495 3.797 4.130 4.480 4.771 4.997 2.586 3.442 3.734 4.067 4.409 4.695 4.917
tam_Taml 2.029 5.590 5.723 5.785 5.806 5.811 5.815 2.497 5.565 5.693 5.751 5.771 5.776 5.781
tel_Telu 1.570 5.017 5.163 5.238 5.288 5.303 5.309 1.831 4.989 5.133 5.205 5.253 5.268 5.274
tha_Thai 6.146 6.726 7.068 7.543 8.048 8.551 9.042 5.197 6.494 6.913 7.414 7.948 8.460 8.953
tur_Latn 3.882 4.194 4.332 4.551 4.848 5.189 5.554 3.298 3.809 4.041 4.338 4.683 5.054 5.437
ukr_Cyrl 5.512 5.910 6.137 6.487 6.955 7.554 8.206 3.564 5.024 5.445 5.965 6.594 7.282 7.998
urd_Arab 2.774 5.256 5.621 6.048 6.463 6.813 7.065 2.664 4.779 5.251 5.807 6.294 6.691 6.963
uzn_Latn 2.595 3.424 3.719 4.049 4.417 4.803 5.132 2.522 3.346 3.644 3.973 4.345 4.725 5.049
vie_Latn 4.856 5.076 5.175 5.244 5.283 5.302 5.313 4.631 5.008 5.110 5.177 5.215 5.234 5.245
zsm_Latn 3.357 4.163 4.514 4.906 5.311 5.627 5.815 3.301 4.091 4.431 4.815 5.214 5.523 5.710

Table 17: Compression (bytes per token) on FLORES for tokenizer extension with continued BPE training. The
columns represent different number of added tokens where 0 is the original tokenizer. Continues is Table 18.
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Mistral Nemo Llama-2

Lang. 0 1000 2000 4000 8000 16000 32000 0 1000 2000 4000 8000 16000 32000

afr_Latn 3.343 3.728 3.886 4.087 4.294 4.499 4.666 2.932 3.461 3.660 3.903 4.145 4.379 4.580
als_Latn 3.049 3.613 3.817 4.061 4.332 4.623 4.887 2.259 3.384 3.616 3.887 4.188 4.503 4.797
arb_Arab 6.115 6.232 6.333 6.501 6.786 7.182 7.643 1.988 4.248 4.780 5.432 6.144 6.845 7.529
ary_Arab 5.411 5.600 5.704 5.871 6.104 6.428 6.857 1.982 3.996 4.479 4.958 5.549 6.139 6.702
azj_Latn 3.311 3.845 4.133 4.511 4.916 5.334 5.765 2.057 3.387 3.776 4.251 4.742 5.210 5.658
bel_Cyrl 4.522 5.344 5.744 6.241 6.850 7.530 8.214 3.685 5.032 5.498 6.068 6.746 7.467 8.154
ben_Beng 6.038 6.980 7.599 8.421 9.345 10.226 10.947 2.070 6.151 7.011 7.987 8.977 9.867 10.530
bos_Latn 3.210 3.462 3.608 3.801 4.036 4.329 4.633 2.597 3.099 3.318 3.578 3.867 4.199 4.541
bul_Cyrl 5.482 6.032 6.283 6.636 7.090 7.639 8.193 4.536 5.473 5.838 6.296 6.883 7.520 8.139
cat_Latn 3.716 3.926 4.039 4.189 4.353 4.542 4.689 3.175 3.505 3.653 3.848 4.047 4.269 4.442
ces_Latn 3.311 3.565 3.730 3.951 4.233 4.589 4.962 2.710 3.184 3.418 3.709 4.047 4.442 4.850
cmn_Hani 3.094 3.448 3.631 3.849 4.147 4.465 4.811 1.963 2.635 2.767 2.822 2.829 3.935 4.412
dan_Latn 3.380 3.673 3.818 4.007 4.216 4.453 4.679 2.900 3.379 3.570 3.798 4.045 4.307 4.558
deu_Latn 4.308 4.379 4.445 4.555 4.694 4.896 5.106 3.563 3.787 3.930 4.133 4.386 4.669 4.951
ekk_Latn 2.993 3.384 3.562 3.786 4.072 4.401 4.738 2.435 3.118 3.356 3.622 3.940 4.296 4.645
ell_Grek 4.925 5.478 5.840 6.390 7.075 7.825 8.557 1.853 4.613 5.287 6.028 6.876 7.722 8.509
eus_Latn 3.299 3.749 3.972 4.237 4.540 4.877 5.204 2.520 3.396 3.669 3.995 4.330 4.688 5.024
fas_Arab 5.585 5.915 6.136 6.445 6.767 7.050 7.257 1.812 4.406 4.997 5.689 6.281 6.712 6.948
fin_Latn 3.177 3.563 3.762 4.026 4.340 4.710 5.113 2.457 3.238 3.517 3.827 4.191 4.591 5.018
fra_Latn 4.467 4.525 4.567 4.634 4.727 4.856 4.978 3.578 3.787 3.918 4.089 4.290 4.489 4.676
glg_Latn 4.069 4.302 4.405 4.530 4.677 4.847 5.013 3.258 3.692 3.871 4.106 4.376 4.645 4.884
guj_Gujr 4.369 6.388 7.225 8.217 9.202 10.128 11.011 1.067 6.214 7.190 8.291 9.311 10.261 11.101
heb_Hebr 4.032 4.554 4.886 5.315 5.820 6.387 6.982 1.790 4.135 4.611 5.161 5.744 6.354 6.958
hin_Deva 6.743 7.418 7.889 8.540 9.221 9.878 10.436 2.365 6.202 7.142 8.135 9.047 9.783 10.330
hrv_Latn 3.187 3.444 3.592 3.804 4.068 4.363 4.683 2.571 3.097 3.307 3.576 3.887 4.225 4.584
hun_Latn 3.404 3.643 3.817 4.072 4.381 4.725 5.107 2.741 3.239 3.503 3.822 4.190 4.570 4.970
hye_Armn 5.063 5.755 6.210 6.836 7.543 8.288 9.041 1.703 4.831 5.546 6.285 7.037 7.756 8.418
ind_Latn 3.890 4.266 4.478 4.775 5.066 5.346 5.554 2.610 3.713 4.054 4.441 4.847 5.186 5.427
isl_Latn 2.737 3.313 3.532 3.793 4.095 4.423 4.751 2.341 3.135 3.396 3.675 3.997 4.333 4.683
ita_Latn 4.053 4.229 4.338 4.498 4.699 4.891 5.077 3.448 3.760 3.926 4.149 4.407 4.672 4.880
jpn_Jpan 3.827 4.299 4.544 4.881 5.292 5.774 6.361 2.408 2.853 2.895 2.899 4.394 5.143 5.744
kan_Knda 6.111 7.577 8.410 9.430 10.643 11.914 13.176 1.115 6.886 8.013 9.236 10.601 11.953 13.228
kat_Geor 5.853 7.439 8.352 9.488 10.828 12.247 13.708 2.584 6.908 8.015 9.365 10.817 12.330 13.815
kaz_Cyrl 4.384 5.869 6.518 7.238 7.965 8.701 9.408 3.199 5.504 6.201 7.003 7.797 8.585 9.329
khk_Cyrl 3.824 5.567 6.235 7.033 7.885 8.623 9.288 2.946 5.343 6.076 6.908 7.781 8.569 9.272
khm_Khmr 1.064 6.371 7.427 8.541 9.511 10.412 11.122 1.377 2.906 6.620 8.423 9.681 10.629 11.312
kir_Cyrl 4.127 5.787 6.404 7.101 7.804 8.550 9.271 3.285 5.468 6.120 6.878 7.667 8.437 9.201
kor_Hang 4.438 4.581 4.695 4.875 5.132 5.489 5.871 1.605 2.409 2.416 2.417 3.921 5.003 5.633
lit_Latn 2.894 3.390 3.620 3.916 4.252 4.635 5.037 2.386 3.175 3.439 3.762 4.138 4.551 4.972
lvs_Latn 2.756 3.369 3.614 3.932 4.284 4.665 5.043 2.258 3.156 3.442 3.773 4.165 4.577 4.979
mal_Mlym 5.774 7.625 8.602 9.802 11.106 12.557 13.990 2.391 7.199 8.407 9.727 11.179 12.705 14.161
mar_Deva 5.962 7.660 8.358 9.262 10.332 11.361 12.295 2.496 6.623 7.666 8.895 10.171 11.359 12.342
mkd_Cyrl 5.499 6.032 6.315 6.719 7.221 7.806 8.383 4.401 5.533 5.926 6.428 7.040 7.712 8.349
mya_Mymr 5.203 6.983 7.967 9.122 10.427 11.845 13.345 1.791 7.665 9.086 10.653 12.385 14.195 15.785
nld_Latn 3.764 4.014 4.170 4.360 4.585 4.806 4.991 3.243 3.670 3.864 4.108 4.377 4.639 4.865
nno_Latn 3.331 3.702 3.843 4.011 4.218 4.434 4.639 2.843 3.444 3.623 3.827 4.065 4.314 4.547
nob_Latn 3.431 3.689 3.828 4.005 4.217 4.435 4.639 2.902 3.408 3.585 3.803 4.049 4.297 4.542
npi_Deva 5.730 7.521 8.172 9.130 10.121 11.194 12.158 2.433 6.545 7.659 8.890 10.141 11.273 12.271
ory_Orya 1.010 6.522 7.674 8.922 10.176 11.318 12.272 1.006 6.715 7.874 9.125 10.376 11.422 12.290
pan_Guru 4.168 6.319 7.047 7.832 8.539 9.131 9.562 1.172 6.070 6.831 7.623 8.312 8.831 9.198
pol_Latn 3.382 3.644 3.807 4.024 4.311 4.651 5.038 2.809 3.256 3.497 3.789 4.141 4.519 4.933
por_Latn 4.169 4.292 4.375 4.491 4.643 4.816 4.973 3.349 3.697 3.869 4.091 4.340 4.608 4.851
ron_Latn 3.510 3.854 4.015 4.217 4.460 4.721 4.956 2.972 3.554 3.746 3.981 4.252 4.534 4.801
rus_Cyrl 6.220 6.443 6.606 6.859 7.224 7.729 8.317 5.167 5.671 5.966 6.382 6.886 7.515 8.204
sin_Sinh 1.010 6.048 6.922 7.945 8.930 9.770 10.491 1.431 6.084 6.973 8.016 9.016 9.864 10.565
slk_Latn 3.093 3.506 3.683 3.917 4.209 4.552 4.917 2.548 3.166 3.413 3.719 4.045 4.429 4.811
slv_Latn 3.088 3.385 3.539 3.738 3.980 4.255 4.555 2.595 3.107 3.314 3.566 3.844 4.143 4.472
spa_Latn 4.367 4.450 4.505 4.592 4.710 4.848 4.979 3.548 3.812 3.966 4.170 4.411 4.662 4.871
srp_Cyrl 5.215 5.689 5.949 6.307 6.739 7.295 7.878 4.440 5.233 5.600 6.037 6.589 7.213 7.860
swe_Latn 3.511 3.727 3.860 4.059 4.308 4.592 4.830 3.068 3.439 3.616 3.850 4.127 4.432 4.713
swh_Latn 2.736 3.514 3.794 4.114 4.442 4.717 4.928 2.398 3.315 3.626 3.976 4.337 4.631 4.860
tam_Taml 6.956 8.778 9.735 11.009 12.314 13.703 14.998 2.311 7.708 9.136 10.730 12.253 13.776 15.089
tel_Telu 5.623 7.353 8.180 9.160 10.292 11.538 12.654 1.066 6.712 7.757 8.985 10.343 11.651 12.769
tha_Thai 5.545 7.767 8.958 10.228 11.686 13.105 14.551 2.696 6.347 8.000 9.581 11.036 12.387 13.672
tur_Latn 3.564 3.899 4.119 4.408 4.741 5.111 5.487 2.271 3.364 3.685 4.083 4.508 4.907 5.296
ukr_Cyrl 5.115 5.629 5.927 6.315 6.816 7.414 8.085 4.614 5.267 5.618 6.083 6.667 7.317 8.010
urd_Arab 4.746 5.445 5.754 6.098 6.454 6.769 7.004 1.712 4.514 5.140 5.854 6.463 6.925 7.225
uzn_Latn 2.953 3.529 3.786 4.090 4.440 4.797 5.112 2.363 3.181 3.470 3.796 4.132 4.447 4.728
vie_Latn 4.613 4.947 5.083 5.174 5.219 5.239 5.249 2.026 4.168 4.767 5.061 5.146 5.184 5.211
zsm_Latn 3.910 4.409 4.668 4.969 5.296 5.557 5.731 2.594 3.803 4.188 4.621 5.038 5.369 5.573

Table 18: Compression (bytes per token) on FLORES for tokenizer extension with continued BPE training. The
columns represent different number of added tokens where 0 is the original tokenizer.

6516


