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Abstract

Efficiency and safety of Large Language Mod-
els (LLMs), among other factors, rely on the
quality of tokenization. A good tokenizer not
only improves inference speed and language
understanding but also provides extra defense
against jailbreak attacks and lowers the risk of
hallucinations. In this work, we investigate the
efficiency of code tokenization, in particular
from the perspective of data source diversity.
We demonstrate that code tokenizers are prone
to producing unused, and thus under-trained,
tokens due to the imbalance in repository and
language diversity in the training data, as well
as the dominance of source-specific, repeti-
tive tokens that are often unusable in future
inference. By modifying the BPE objective
and introducing merge skipping, we implement
different techniques under the name Source-
Attributed BPE (SA-BPE) to regularize BPE
training and minimize overfitting, thereby sub-
stantially reducing the number of under-trained
tokens while maintaining the same inference
procedure as with regular BPE. This provides
an effective tool suitable for production use.

� pchizhov/sa-bpe

1 Introduction

Subword tokenization is the most common ap-
proach for vocabulary building in language mod-
els (Devlin et al., 2019; Brown et al., 2020;
Grattafiori et al., 2024; Kamath et al., 2025). This
approach is normally free from linguistic rules and
thus fits a variety of arbitrary mixtures of languages,
which are commonly not fixed in large models.
The main optimization criterion of subword tok-
enization is text compression. Currently, the most
widely used subword tokenization approaches are
variants of Byte-Pair Encoding (BPE; Gage, 1994;
Sennrich et al., 2016). This algorithm builds a vo-
cabulary by iteratively merging the most frequently
co-occurring token pairs, starting from the initial

byte sequence. On inference, the learned sequence
of merges is applied to a text in the same order as
during training.

However, the efficiency of tokenization algo-
rithms comes at the cost of limited control over
word segmentation and the resulting vocabulary.
One common issue in BPE tokenizers is under-
trained tokens (Land and Bartolo, 2024). Such
tokens are present in tokenizers but are rarely or
never seen during model training. Therefore, these
tokens lack adequate embedding representations
within the model and merely clutter the vocabu-
lary. Furthermore, because the model is unaware
of suitable contexts for these tokens, they can lead
to hallucinations or even serve as a means of token-
level jailbreak attacks.

Textual data in coding languages presents a
unique challenge for tokenization algorithms. First
of all, regardless of the variety of coding languages,
English remains the main language for language
syntax, while other languages might be present as
natural language in comments and docstrings. Sec-
ond, punctuation and formatting play a large role
in code understanding. Finally, variable and func-
tion names are frequent and specifically formatted
parts of the data: they often contain multiple words
without whitespace separation, e.g., using naming
conventions such as CamelCase and snake_case.

To illustrate the problem of under-trained tokens
in coding models, we show an outstanding useless
token in the StarCoder2 tokenizer (see Figure 1a).
The token is a variable name written in CamelCase.
It comes from a single document that illustrates
the maximal variable lengths in Java (Land and
Bartolo, 2024). The main content of the token is a
placeholder string “Lorem ipsum dolor...” written
with a typo (“ipum” instead of “ipsum”). Thus,
even if another project theoretically included a sim-
ilar use of this common placeholder phrase, this
token or its components would be useless due to
the typo. As we highlight in Figure 1, this token
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(a) The last six levels of the merge tree for token number 48263 in StarCoder2. The
token itself is shown at the top of the tree; merges are represented by square brackets.
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(b) Under-trained token indicators for
the StarCoder2 tokenizer.

Figure 1: Under-trained token example from StarCoder2, token number 48263. We show (a) the last steps of the
merge tree and (b) the under-trained token indicators for StarCoder2 3B computed with the magikarp library. The
tokens closer to (0, 0) are similar to known under-trained tokens and thus are more likely to be under-trained. Such
under-trained tokens that are used to build token number 48263 are highlighted in red in both figures.

is included in the tokenizer along with all its con-
stituent parts, many of which also become under-
trained. Other examples include repositories where
the names were compressed or randomized and are
therefore not informative.

In this work, we investigate the issue of under-
trained tokens in code language models and pro-
pose Source-Attributed BPE (SA-BPE), a set of
BPE modifications to address the problem of over-
fitting during tokenizer training. We approach this
from the perspective of regularization and intro-
duce it in a form opposite to TF-IDF (Salton and
McGill, 1983): we de-prioritize terms that appear
in only a small subset of documents. In particular,
our contributions include:

• We analyze under-trained tokens in the BPE
tokenizers across common code models and
formulate the main sources of such tokens.

• We propose SA-BPE, several heuristic modifi-
cations that introduce regularization into the
BPE algorithm and help mitigate overfitting
in coding tokenizers.

• We train several small language models and
show that our modifications substantially re-
duce the number of under-trained tokens.

2 Related Work

Tokenization and Regularization. Typical al-
ternatives to BPE include WordPiece and Un-
igramLM. WordPiece (Schuster and Nakajima,
2012; Wu et al., 2016) is an algorithm for vocab-
ulary learning that iteratively chooses the merges

that maximize the overall sequence likelihood the
most, which can be reformulated as using the point-
wise mutual information (PMI) metric (Church
and Hanks, 1990) as an objective. UnigramLM
tokenizer (Kudo, 2018), employs a top-down ap-
proach, where the large heuristically constructed
initial vocabulary is iteratively trimmed by remov-
ing tokens that can be split without compromising
the sequence probability according to a unigram
model. The term “subword regularization” (Kudo,
2018; Provilkov et al., 2020) typically refers to
utilizing different tokenization trajectories for the
same sequence during language model training and
does not imply changes in the BPE vocabulary.

Under-Trained Tokens. Under-trained tokens
are primarily a result of overfitting to the tok-
enizer’s training sample, but they can also origi-
nate from intermediate tokens that are a natural
part of the BPE algorithm and are necessary for
inference. Multiple efforts were made to remove
junk tokens from language models’ vocabularies.
Post-training trimming (Yang et al., 2022; Cognetta
et al., 2024) focuses on editing the trained BPE tok-
enizer through removing tokens that are chosen for
pruning by their frequency. This method reduces
the model size, but requires a task-specific choice
of absolute thresholds. Chizhov et al. (2024) and
Lian et al. (2025) implemented vocabulary refine-
ment during tokenizer training, mostly targeting
intermediate tokens. Both approaches require an
inference procedure different from the basic BPE.

BPE Modifications. S-BPE (Vilar and Federico,
2021), similarly to WordPiece, aims at maximizing
the overall likelihood of the text. S-BPE includes
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Qwen2.5 Coder 3B CodeGemma 7B StarCoder2 3B
Category 2% of 151k tokens 2% of 262k tokens 2% of 49k tokens

Special tokens 18 (0.6%) 101 (2.0%) 0 (0.0%)
Digits and numbers 2 (0.1%) 77 (1.5%) 0 (0.0%)
Punctuation 124 (4.1%) 521 (10.2%) 125 (12.2%)
Full or partial variable or function names 4 (0.1%) 64 (1.2%) 451 (44.0%)
ALL–CAPS Latin words 0 (0.0%) 60 (1.2%) 88 (8.6%)
Other Latin words 66 (2.2%) 484 (9.5%) 253 (24.7%)
Non-Latin words or characters 2819 (92.9%) 3120 (60.9%) 27 (2.6%)

Other 0 (0.0%) 693 (13.5%) 80 (7.8%)

Table 1: Under-trained token classification for coding language models. For each under-trained token category, we
present the number of tokens and their percentage out of the total studied token set (2% of each vocabulary).

the PMI metric in the objective, accounts for the
low-frequency false positives, and adds a stopping
criterion based on likelihood decay. Parity-aware
BPE (Foroutan et al., 2025), mitigates the issue of
language disparity and unfairness on LLM infer-
ence (Ahia et al., 2023), by alternating the focus
on different languages during tokenizer training,
giving favor to less compressed languages.

Other efforts focused on pre-tokenization, which
has a large impact on the tokenization that follows.
For example, numbers are suggested to be split in
groups of one, three left-to-right, or three right-to-
left tokens, with the latter having superior perfor-
mance in the model’s numeracy (Lee et al., 2024).
Recent work has focused on superword merges, i.e.,
merges that occur across whitespaces, commonly
used as pre-tokenization barriers. Such merges
improve text compression and can be useful, es-
pecially in coding models, where many instruc-
tions are repeated, such as “import numpy as
np” (Fried et al., 2023). On the other hand, su-
perword tokens might exacerbate overfitting; we
investigate this in Section 5.3. Schmidt et al. (2025)
and Liu et al. (2026) study the impact of superword
merges, introducing them either when pre-tokens
are already merged or at a specific stage during
BPE training. Schmidt et al. (2025) also note that
coding variable names are essentially superword
tokens, since they consist of multiple words.

Land and Bartolo (2024) discuss the potential
ways to mitigate single-source tokens and suggest
introducing an upper bound on per-document pair
frequency. We approach this problem from a dif-
ferent perspective, counting the repositories and
languages in which each pair appears.

3 Analysis

We study three common coding language mod-
els: CodeGemma 7B (Zhao et al., 2024), Qwen

2.5 Coder 3B (Hui et al., 2024), and StarCoder2
3B (Lozhkov et al., 2024) and analyze their
under-trained tokens. We chose these because
it is straightforward to distinguish their known
under-trained tokens: CodeGemma has reserved
<unused> tokens, Qwen 2.5 Coder has unused em-
bedding vectors above known vocabulary size, and
StarCoder2 has a documented set of unused to-
kens (Land and Bartolo, 2024). For each model,
we perform an under-trained token analysis using
the magikarp library. Using the undertrained to-
ken indicators as in Figure 1b, we compute the
distance from (0, 0) for each token. Then, we take
the lowest 2% by this distance for the analysis.
After a manual inspection, we highlight several
under-trained token categories. We implement a
rule-based classification procedure that we describe
in Appendix A and present the results in Table 1.

CodeGemma and Qwen have larger vocabular-
ies, which allows for greater natural language di-
versity; thus, most of their under-trained tokens are
non-Latin words or characters. StarCoder2, in its
turn, represents a more condensed tokenizer, where
most of the under-trained tokens come from vari-
able names and their parts (44%). Together with
punctuation and uppercase Latin tokens, which are
typically present in code, they constitute 64.8% of
the studied tokens. We argue that such tokens can
be efficiently prevented by reducing overfitting to
large repositories. Furthermore, since the BPE to-
kens are derived from frequency maximization, it
is highly probable that other categories also origi-
nate from single repositories (e.g., project-specific
words) or from single corrupted documents. Even
the intermediate tokens, the removal of which nor-
mally requires changing the tokenization proce-
dure (Chizhov et al., 2024; Lian et al., 2025), can
be reduced, since they are often building parts of
largely overfitted tokens, as seen in Figure 1a.
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4 Methodology

We consider BPE as a greedy optimization algo-
rithm for building a vocabulary V given a text cor-
pus C. It iteratively collects a list of merges M,
enlarging the vocabulary until it reaches the desired
size v. For all our experiments, we use the byte-
level version of BPE (Radford et al., 2019) that
initializes the vocabulary with UTF-8 bytes and
does not use special <UNK> tokens.

4.1 BPE Modifications
During BPE training, we track two properties of
each pair: R— the number of repositories where
the pair is present, and L — the number of lan-
guages where the pair is present. Using these num-
bers, we experiment with two BPE modifications
that are highlighted in blue in Algorithm 1:

Merge skip criterion. We add an option to skip
the merges that do not comply with a chosen crite-
rion. For these criteria, we use thresholdsRt and
Lt, meaning that a merge should be present at least
inRt repositories and Lt languages to be executed.
The intuition behind this approach relies on the fact
that these counts do not increase over the merge
tree: R (t) ≤ R (tl) and R (t) ≤ R (tr), where
t = tl + tr; the same is true for the number of
languages L. Thus, if a merge is present in k repos-
itories, any merge that the resulting token can form
in the future is present in at most k repositories;
if k is low, this branch can be pruned. In a sense,
increasing the thresholds for merge skipping is a
form of adjusting the strength of regularization.

Priority criterion. In the original BPE, pair fre-
quency F is set as the criterion for choosing the
next merge during training. We experiment with
adding other components to this objective:

• F · L, prioritizing language-universal merges.

• F · log (R+ 1), lowering the priority of pairs
present in fewer repositories.

• F · logR, this variant also nullifies all pairs
that are present only in one repository.

• F·log (R+ 1)·L andF·logR·L, combining
the two properties.

We do not rule out frequencies completely from
the criteria, since they are the main component for
optimizing text compression, and there would be
multiple candidate pairs with equal criterion values

Algorithm 1 BPE Training

Require: Corpus C; desired vocabulary size v
Ensure: Vocabulary V , merge listM

1: Initialize vocabulary V from C
2: M← [ ]
3: while |V| < v do
4: (tleft, tright)← PRIORITYCRITERION (C)
5: if SKIPCRITERION

(
tleft, tright, C

)
then

6: continue
7: end if
8: tnew ← tleft + tright
9: V ← V ∪ {tnew}

10: M←M∥
[(
tleft, tright

)]

11: Update corpus C to reflect the merge
12: end while
13: return V,M

without the frequency component. We also experi-
ment with combining merge skip criteria with prior-
ity criteria. For example, we add skipping merges
where L = 1 to the SA-BPE with the objective
F · logR · L, so that all the single-language and
single-repository merges are avoided.

Rationale. We propose these modifications to in-
troduce regularization directly into BPE training to
prevent overfitting. The key idea behind SA-BPE
originates from TF-IDF, which involves dividing
by the logarithm of the number of documents to
prioritize document-specific terms. Here, however,
we want to de-prioritize them; therefore, logR
appears in the numerator. In the code domain,
repositories and languages typically have similar
structure and syntax, respectively, which makes it
natural to use them as units of data.

4.2 Experimental setup

We assemble the training dataset using Common
Corpus (Langlais et al., 2026). We select a ran-
dom subset of 7% of documents with a fixed
set of 18 programming languages (see full list in
Appendix C). The collected sample encompasses
14,428,162 documents and 56.22 GB of text; the
per-language statistics are shown in Table 7. For
tokenizer training, we select a random subsample
of 0.25% of the collected data, comprising 36,052
files. We separately conduct single-language ex-
periments using Java and Python subsets of the
assembled data, as high-resource languages that
differ in syntax and naming conventions.

For the evaluation set, we collected a sample
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(a) BPE merge history. For each merge, we calculate the number of repositories (left) and languages (right) that contain this
merge. Color represents distance from (0, 0) in the under-trained token identifiers space (lower = more similar to under-trained).

(b) Number of languages vs number of
repositories for each merge.

(c) Under-trained token indicator dis-
tances vs the number of repositories.

(d) Under-trained token indicator dis-
tances vs the number of languages.

Figure 2: BPE merge visualization. We show (a) BPE merge sequences with counts of repositories and languages,
and (b) correspondence between the two counts, highlighting the distances from (0, 0) in the under-trained token
indicator space. We also show correlations between these distances and (c) repository and (d) language counts.

from GitHub repositories that have at least 10 stars
and 15 commits, and were created after March 1,
2025, which is later than the cutoff date for Com-
mon Corpus, last updated on February 11, 2025 (at
the time of this work). For each language, we se-
lected 200 repositories with the most stars; if there
were fewer repositories, we included all of them.
From each repository, we chose at most 20 files
with fixed extensions (see Appendix C for details).

We train a series of small Llama mod-
els (Grattafiori et al., 2024) with 100 million pa-
rameters (see Appendix B for details). Each model
is trained for 60,000 steps on two NVIDIA A100
GPUs with a context window size of 2,048, a batch
size per GPU of 16, and four steps of gradient ac-
cumulation, resulting in an effective batch size of
262,144 tokens and a total training set size of 15.7
billion tokens. We reserve three unused tokens in
each model to analyze the model embeddings with
the magikarp package (Land and Bartolo, 2024):
<|unused_token_{1,2,3}|>. These tokens never
appear in the training set; hence, their embeddings
do not change during training and can be used as
seed vectors for under-trained token analysis.

4.3 Evaluation

We compute intrinsic tokenizer quality measures,
namely compression rate (the corpus length in

bytes divided by its token count), coverage (the
number of tokens used at least once in the eval-
uation sample), and mean token length. We con-
sider tokenizers with better compression and higher
coverage on the evaluation set to be more regular-
ized, as they are better suited to unseen content. If
a tokenizer with a better compression rate/higher
coverage has a lower mean token length, this sig-
nals better generalization even further, since shorter
types are more likely to be reused, and the long, un-
needed tokens take up less space in the vocabulary.

We use the magikarp package (Land and Bar-
tolo, 2024) as the main extrinsic measure to study
the impact of a tokenizer on a trained model. This
evaluation includes under-trained token indicators
(Euclidean and cosine distances from the known
under-trained tokens) and verification prompts. A
verification is run on the bottom 2% of the under-
trained token indicator distribution, presenting the
model with each token and asking it to repeat it.
If the next-token probability for the token itself is
below 1%, the token is verified as under-trained.

5 Experimental Results

Before implementing our modifications, we train a
basic BPE model on the selected tokenizer corpus
and count the number of repositories and languages
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Tokenizer CR Used MTL Steps

BPE 3.90 19585 6.75 32508
Skip R < 2 3.90 19862 6.57 36263
Skip R < 5 3.91 20117 6.51 40096
Skip R < 10 3.91 20343 6.50 43575
Skip R < 20 3.92 20741 6.50 51093
F · log (R+ 1) 3.91 20491 6.54 32508
F · logR 3.91 20552 6.51 32508

BPE 3.68 17208 5.84 32508
Skip R < 2 3.68 17363 5.78 34186
Skip R < 5 3.69 17493 5.78 36201
Skip R < 10 3.69 17651 5.79 39745
Skip R < 20 3.70 17932 5.84 57570
F · log (R+ 1) 3.69 17670 5.80 32508
F · logR 3.69 17708 5.80 32508

Table 2: Evaluation of Java (top) and Python (bottom)
SA-BPE tokenizers compared to BPE: compression rate
(CR) and number of used tokens in the evaluation set,
mean token length (MTL), and number of training steps.

that each merge appears in. We also train a gen-
erative model using this tokenizer and compute
under-trained token indicators. We show the BPE
merge history in Figure 2a. The number of reposito-
ries and languages the merge appears in decreases
along the merge history. Furthermore, a certain
number of merges occur only in a few repositories
and languages, well below the general trend. These
merges mostly comprise under-trained tokens. This
justifies prioritizing merges that appear across more
repositories and languages.

It is also notable that under-trained tokens, po-
sitioned low in the plots, appear as early as within
the first 5 000 merges. These tokens are, for ex-
ample: FHI, FHIR, PHPFHIR, HPFHIRConstants —
tokens appearing in only one PHP project named
FHIR, and chord, chordie — tokens from a repos-
itory called guitartools. These are clear cases of
overfitting to repository-specific naming and con-
tent. There are also some under-trained tokens
positioned high in the plots. These are mostly in-
termediate word parts: perty, verride, urrent.
These findings correspond well to our hypotheses
formulated in Section 3. As we show in Figure 2b,
there is a correlation between the number of repos-
itories and the number of languages. Furthermore,
Figures 2c and 2d show that the number of repos-
itories is superior to the number of languages in
indicating tokens that are clearly under-trained.

5.1 Monolingual Experiments
We train a series of tokenizers on Java and Python
samples, using the minimum number of reposito-
ries as merge skip criteria and frequencies multi-
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(a) Variable name token counts in Java tokenizers.
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(b) Variable name token counts in Python tokenizers.

2 3 4 5 6 7 8
Number of Name Parts

101

102

103

To
ke

n 
C

ou
nt

Tokenizer
BPE

log
log

, Skip = 0

(c) Variable name token counts in multilingual tokenizers.

Figure 3: CamelCase and snake_case token lengths (in
name parts) in basic BPE and our modifications.

plied by the logarithm of the number of reposito-
ries (with and without nullifying single-repository
merges) as priority criteria. As we show in Table 2,
SA-BPE modifications slightly improve compres-
sion rate and token coverage in unseen reposito-
ries, both of which tend to increase along with the
strength of regularization (increasing the thresh-
old for R). Compared to BPE, our tokenizers
have a lower mean token length, which might
serve as a proxy measure for overfitting to longer
repository-specific names and, together with the
non-compromised compression rate, suggests bet-
ter generalization. While increasing the threshold
for merge skips improves the tokenizer’s general-
izability, it comes with longer training, requiring
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Priority Criterion Merge Skip Compression Coverage MTL # 3-digit numbers # Under-trained

F (BPE) — (BPE) 3.623 29240 6.23 517 640

F Skip L < 4 3.623 31416 5.89 655 52
F · L — 3.637 31267 5.85 772 151
F · L Skip L = 1 3.635 31357 5.84 779 75
F · log (R+ 1) — 3.641 30876 6.02 595 202
F · logR — 3.643 31066 5.99 607 72

F · log (R+ 1) Skip L < 4 3.628 31187 5.89 608 62
F · log (R+ 1) · L — 3.642 31533 5.86 800 63
F · logR · L — 3.642 31567 5.86 804 44
F · logR · L Skip L = 1 3.639 31581 5.86 808 45

Table 3: Evaluation of multilingual SA-BPE tokenizers compared to BPE: compression rate and number of total
used tokens in the evaluation set, mean token length (MTL), three-digit numbers count, and number of verified
under-trained tokens out of 646 tested. The first row represents the basic BPE algorithm.
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(a) Pruning order: reverse merge order.
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(b) Pruning order: under-trained first.

Figure 4: Compression rate for tokenizers with applied pruning (a) in the reverse order of token ids and (b) starting
from the tokens with the lowest under-trained indicator values, here distance from (0, 0) in indicator space.

more steps due to skips. Furthermore, increasing
the threshold to 30 already resulted in running out
of merges for the vocabulary of size 32 768.

In addition, we investigate the presence of
CamelCase and snake_case tokens in tokenizers.
For each such token, we compute its length in name
parts, splitting the snake_case by underscores and
CamelCase by capital letters (except for the ab-
breviations, e.g., getHTTPStatus has three parts)
and show the distributions in Figures 3a and 3b.
Compared to BPE, our tokenizers have fewer long
variable names. In all evaluations, priority criteria
based on the logarithm of repository count showed
comparable stable performance, without requiring
a threshold value. Out of the two priority criterion
versions, F · logR shows slightly better scores as
it avoids single-repository tokens.

5.2 Multilingual Experiments

Tokenizer metrics. In multilingual experiments,
we incorporate the language component into the
analysis as a multiplier or a threshold, choosing

an intermediate value of 4 (we compare different
threshold values in Appendix D). We present the
main tokenizer metrics in Table 3. Most of the
tested SA-BPE modifications improve text com-
pression, increase the coverage of the tokenized
set, and yield generally shorter tokens than the
basic BPE. Per-language scores indicate that mod-
ifications incorporating the language component
provide stronger support for lower-resource lan-
guages (see Appendix G for a comparison). Our
regularized versions also produce more three-digit
numbers as tokens, closer to 900, the total count in
the best case. Comparing the lengths of variable
names in Figure 3c, we observe a situation similar
to the monolingual scenarios: regularized tokeniz-
ers have fewer tokens that are long variable names;
in particular, no longer than five name parts.

We separately evaluate compression during tok-
enizer pruning, using two pruning strategies: start-
ing from the end of the merge list (Figure 4a) and
leaf-based pruning (Purason et al., 2026) starting
from the most under-trained tokens (Figure 4b). In
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(a) Under-trained token indicators for the model trained with
basic BPE. The tokens present in this model but not in the
F · logR · L model are highlighted in color.

(b) Under-trained token indicators for the F · logR·L model.
The tokens present in this model but not in the model trained
with basic BPE are highlighted in color.

Figure 5: Under-trained token analysis in comparison for the model trained with basic BPE and the model trained
with priority criterion F · logR · L. Each plot is accompanied by 1D histograms for better visual comparison.

the first case, we observe that our modifications re-
sult in superior compression across all vocabulary
sizes. In the second case, the first 2,000 removed to-
kens have no influence on BPE’s compression rate.
This confirms that BPE produces useless tokens
and that these tokens are well-correlated with the
under-trained token indicators from magikarp. At
the same time, our regularized tokenizers begin to
lose compression even with as few as 100 removed
tokens, highlighting the low redundancy in the vo-
cabulary. We present and analyze the per-language
plots in Appendix I.

In Figure 6, we show token probability distribu-
tions in the training sample. BPE shows a heavy
tail in the lowest-probability zone, which signals
that more tokens will receive insufficient training.

Model evaluations. The critical part of our analy-
sis is the quantity of under-trained tokens. We used
the verification prompting procedure with default
parameters from magikarp and cosine distance as
the indicator metric. For all tokenizers, the total
number of tested tokens was 646. All SA-BPE vari-
ants reduce the number of verified under-trained
tokens, in the best case, down to 44. Repository and
language counts are efficient on their own, but com-
bined modifications showed the best performance,
especially as parts of the priority criterion. The
difference is also visible on the under-trained to-
ken indicator plots (see Figure 5). The histograms

10 8 10 7 10 6 10 5 10 4 10 3 10 2

Token probability

0.0

0.2

0.4
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0.8

D
en

si
ty
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log

Figure 6: Kernel density estimation of the token proba-
bilities calculated on the model training data.

of the basic BPE show large bins near (0, 0), indi-
cating under-trained tokens. In the modified algo-
rithm, these regions are rather negligible. These to-
kens are unavoidable intermediate parts of frequent
words, e.g., OOLEAN, scriptors, trieve — parts
of BOOLEAN, descriptors, retrieve (see exam-
ples from all models in Appendix H). To avoid such
tokens, it is possible to use SA-BPE regularization
in the algorithms aimed at intermediate tokens, e.g.,
PickyBPE. Examining the removed and added to-
kens in the same figure, we observe that SA-BPE
excludes the majority of under-trained tokens from
BPE and includes tokens closer to the general distri-
bution. The difference in this case exceeds 10,000
tokens (see Appendix G for all differences).
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Tokenizer CR Used MTL Time

BPE 3.62 29240 6.23 0:12
PickyBPE 3.61 28673 6.22 27:04∗

BoundlessBPE 3.56 29375 6.70 28:55∗

SA-BPE (ours) 3.64 31567 5.86 0:12

Table 4: Evaluation of multilingual tokenizers: com-
pression rate (CR) and number of used tokens in the
evaluation set, mean token length (MTL), and total in-
ference time. “SA-BPE” denotes our best model trained
with priority criterion F · logR · L. ∗Inference time is
implementation-dependent.

5.3 Alternative Tokenization Methods

We also test the performance of UnigramLM and
Wordpiece1 on code data in Appendix F and find
those to be inferior even to basic BPE. We also
compare our regularized BPE tokenizers to com-
mon BPE modifications: BoundlessBPE (Schmidt
et al., 2025) and PickyBPE (Chizhov et al., 2024).
Our best method, SA-BPE with a priority crite-
rion F · logR · L, achieves the best compression
rate and token coverage. Along with these scores,
our method has a lower mean token length, which,
combined with a better compression rate, signals
less overfitting. Finally, because the inference pro-
cedure remains intact, our method demonstrates
superior inference time2.

6 Discussion

The demonstrated SA-BPE variants introduce reg-
ularization into BPE training and demonstrate su-
periority in building a generalizable tokenizer for
coding languages in both monolingual and mul-
tilingual scenarios, compared to both basic BPE
and SOTA alternatives. Though results suggest that
the repository count is a more informative metric
and language count might be its proxy (Figure 2b),
the models with the fewest under-trained tokens
and the best performance include both compo-
nents. This might be due to supporting the general
language-agnostic syntax tokens in the multilingual
environment. Also, language-related modifications
show better parity and support for lower-resource
languages (Appendix G). Merge skip criteria are
explicit, but require parameter tuning. Therefore,
the more obvious cases for them are prohibiting

1We use the tokenizers library from HuggingFace, where
WordPiece is implemented as BPE with a greedy longest-
prefix inference.

2For both alternatives, we use byte-level implementa-
tions from https://github.com/kensho-technologies/
boundlessbpe

single-language tokens in certain multilingual sce-
narios and setting explicit lower bounds when the
project knowledge allows. Based on these find-
ings, one might choose modifications depending
on project needs, while the combined parameter-
free priority criterion modifications (F · logR · L
in the multilingual case) are a good default choice.

One of the benefits of SA-BPE is that it brings
changes only to the BPE training, while the tok-
enizer can be used for inference just as the regular
BPE (see the discussion of time and space complex-
ity in Appendix E). The demonstrated approach can
also be applied to natural languages, using analo-
gies of data sources such as documents, books, or
document collections. However, the language as-
pect must be avoided in this case, since language
diversity in natural domains is substantially larger
than in programming languages.

7 Conclusion

In this paper, we propose SA-BPE, a set of modifi-
cations to the BPE training procedure that enable
a substantial reduction in overfitting for code data,
without altering the tokenization function and slow-
ing down inference. Our modifications effectively
target repository-specific names and variables, as
well as the non-code-related content. This im-
proves tokenizer efficiency and reduces the number
of under-trained tokens, which are linked with vari-
ous model issues in the literature. Algorithmically,
SA-BPE is lightweight, which makes it possible to
combine it with other BPE modifications and apply
it to other domains and general natural language,
using the analogy of data sources.

Limitations

In this work, we focus on the code data as the pri-
mary domain and utilize its specific characteristics
to propose improvements. Even though we men-
tion in Section 6 that the proposed modifications
are, in theory, applicable to other domains, we do
not conduct such experiments, since they are out of
scope of the current work.

Due to computational resource limitations, the
models trained in this work are small and not suit-
able for more sophisticated benchmarking with
downstream code-related tasks. For the same
reason, we also did not study how the proposed
changes would affect the performance of larger
language models with vocabulary transfer and con-
tinued pre-training on the code data.
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A Rule-Based Classification

To classify the tokens, we use the following rules
and regular expressions:

• Special tokens: tokens fitting the regular ex-
pression r“<[ˆ>]+>”.

• Digits and numbers: digit sequences, option-
ally preceeded by a “+” or a “-” sign.

• Punctuation: tokens where symbols that are
present in string.punctuation or that have
a Unicode category that assumes punctuation
constitute more than 80%.

• Variable or function names: tokens that
consist of words merged via underscores
(“_”) or matching the regular expression
r“ˆ[a-zA-Z]*[A-Z][a-zA-Z]*$”.

• ALL–CAPS Latin words: tokens consisting
of Latin letters, all in upper case.
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• Other Latin words: tokens consisting of
Latin letters that did not classify into previ-
ous categories.

• Non-Latin words or characters: tokens that
contain non-Latin characters.

• Other: tokens not falling into any category.

B Model and Training

In Tables 5 and 6, we show the main model and
training parameters, respectively.

Model Parameter Value

Hidden size 768
Intermediate size 2048
Number of hidden layers 12
Number of attention heads 12
Number of key-value heads 4
Max position embeddings 2048
Vocabulary size 32768
Hidden activation silu
Initializer range 0.02
Tie word embeddings true
RMS norm epsilon 1.0× 10−5

ROPE theta 10000

Table 5: Main model configuration parameters

C Data

In Tables 7 and 8, we show language statistics for
the training corpus and the extensions chosen from
the repositories for each language in the process of
assembling the evaluation dataset, respectively.

D Language Skip Criterion

We separately investigate different numbers of lan-
guages L chosen as skip criteria. Our results in
Figure 7 show that with the increase of the thresh-
old, for some languages (mainly higher-resource
ones: C#, Java, C++), the compression tends to de-
crease, while slightly increasing for others (mainly
low-resource ones: Lua, Dart, Vue). This corre-
sponds well to findings of Foroutan et al. (2025),
where the authors also observe a slight decrease
in overall compression rate while improving it for
lower-resource languages. For most of the lan-
guages, the increase in threshold is accompanied
by improved coverage.

In addition, in Table 9, we show that there is a
tradeoff between compression rate and gini index
for the compression rates per language.

Training Parameter Value

Optimizer adamW
Weight decay 0.01
Gradient clipping 1.0
Adam beta1 0.9
Adam beta2 0.95
Adam epsilon 1.0× 10−8

Warmup steps 5000
Total steps 60000
Learning rate decay style linear
Learning rate warmup style linear
Max learning rate 0.0003
End learning rate 0.000003

Table 6: Main training configuration parameters

Language # Documents Size (in GB)

Java 2,741,833 11.15
JavaScript 2,757,358 8.40
Python 1,770,216 7.90
PHP 2,006,486 7.02
C++ 990,971 6.67
C# 1,468,542 5.70
Go 615,934 2.81
Rust 185,878 1.13
Ruby 589,494 1.07
Kotlin 320,726 0.78
Scala 242,087 0.76
Swift 234,583 0.76
Vue 182,438 0.75
Dart 116,085 0.42
Lua 71,166 0.33
Haskell 73,609 0.28
Julia 37,525 0.16
OCaml 23,231 0.14

Table 7: Per-language dataset statistics

Language Extensions

Java java
C# cs
C++ cpp, hpp
Python py
Haskell hs
Dart dart
Go go
JavaScript js
Julia jl
Kotlin kt
Ruby rb
Rust rs
Scala scala, sc
Swift swift
Vue vue
PHP php
Lua lua
OCaml ml, mli

Table 8: File extensions chosen for each language for
the evaluation set.
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Figure 7: Models with thresholds for the minimum
number of languages evaluated for compression rate and
coverage. Minimum L = 1 is regular BPE. Tokenizers
with L > 7 resulted in exhausting the merge queue.

E Time and Space Complexity

Training. Out of the two modifications, only the
merge skip criterion increases the number of main
BPE loop steps. However, the most computation-
intensive algorithm parts are related to post-merge
frequency and corpus updates, which do not happen
if a merge is skipped. Therefore, this part poten-
tially adds a new component with an upper bound
of O (|Q|) to the time complexity, where |Q| is the
size of the priority queue. This does not change the
overall time complexity as O (|Q|) is already the
complexity of the queue initialization.

The main difference from the original BPE, how-
ever, lies in memory consumption, as our mod-
ifications require separate structures to maintain
the mappings of each pair to its repositories and
languages, along with the separate frequency coun-
ters. Therefore, the memory consumption increases
by O (P · (Rmax + Lmax)), where P is the num-
ber of pairs in the queue. The updates in these
structures also scale the merge time complexity
during training comparably to the frequency-based
updates, based on the number of repositories and/or
languages in which the pair is present.

Inference. The inference stage of all our modi-
fications is identical to that of the basic BPE, as
every modification only affects the order of merges
and the resulting vocabulary. Thus, we do not bring
any overhead to the inference procedure, in terms
of both memory and time. Instead, having a more
optimal vocabulary leads to a slight increase in
inference speed due to improved vocabulary uti-
lization and compression.

Min L Gini Compression

1 (BPE) 0.0576 3.5693
2 0.0576 3.5743
3 0.0570 3.5719
4 0.0568 3.5710
5 0.0567 3.5651
6 0.0566 3.5588
7 0.0559 3.5498

Table 9: Gini index and compression rate for tokenizers
regularized with language-based merge skip criteria.
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Figure 8: Token frequencies distribution in the evalu-
ation corpus for basic BPE, Unigram, and Wordpiece
tokenizers. Total coverage for BPE is 89.23%, for Uni-
gram 75.79%, and for Wordpiece 74.92%.

F Unigram and Wordpiece

We separately train Wordpiece and Unigram
tokenizers on the same multilingual data sample
and compare coverage and frequency distributions
in Figure 8. BPE shows superior coverage, and
its frequency distribution is substantially higher
than that of the other tokenizers. By manual
inspection, the Unigram tokenizer contains more
than 5000 tokens as single Chinese characters
or emojis, while the Wordpiece tokenizer con-
tains many overly long variable names, e.g.,
“testTypeConstantsDefinedRistekUSDI_FHIR
_R4B_FHIRResource_FHIR” as a single token.
Based on these results, we excluded these meth-
ods from the analysis and compared only the
BPE-based algorithms.

G Multilingual Models

In Tables 10 and 11, we present the compression
rates by language for BPE and our modified models.
In Tables 12 and 13, we present language coverage
in the same manner. Modifications that include a
language component lead to better per-language
scores. This effect becomes more pronounced in
lower-resource languages, suggesting that these
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Priority Criterion Merge Skip Java JavaScript Python PHP C++ C# Go Rust Ruby

F (BPE) — (BPE) 3.875 3.481 3.634 3.842 3.225 4.265 3.030 3.499 3.683

F Skip L < 4 3.867 3.499 3.629 3.822 3.224 4.244 3.026 3.492 3.686
F · L — 3.887 3.507 3.644 3.848 3.238 4.267 3.037 3.507 3.692
F · L Skip L = 1 3.880 3.508 3.643 3.837 3.235 4.263 3.030 3.506 3.693
F · log (R + 1) — 3.901 3.505 3.650 3.859 3.239 4.284 3.040 3.513 3.702
F · logR — 3.903 3.507 3.652 3.860 3.240 4.286 3.041 3.514 3.703

F · log (R + 1) Skip L < 4 3.875 3.507 3.633 3.826 3.226 4.249 3.029 3.494 3.691
F · log (R + 1) · L — 3.896 3.514 3.651 3.853 3.239 4.275 3.040 3.511 3.695
F · logR · L — 3.896 3.515 3.651 3.854 3.239 4.276 3.040 3.511 3.696
F · logR · L Skip L = 1 3.890 3.515 3.650 3.842 3.236 4.270 3.033 3.508 3.696

Table 10: Text compression by language for the nine higher-resource languages.

Priority Criterion Merge Skip Kotlin Scala Swift Vue Dart Lua Haskell Julia OCaml

F (BPE) — (BPE) 3.968 3.562 4.140 3.165 3.894 3.264 3.340 3.041 3.305

F Skip L < 4 3.941 3.559 4.162 3.178 3.911 3.294 3.340 3.049 3.319
F · L — 3.980 3.567 4.167 3.186 3.912 3.296 3.350 3.055 3.334
F · L Skip L = 1 3.980 3.564 4.166 3.187 3.912 3.296 3.342 3.056 3.335
F · log (R + 1) — 3.985 3.574 4.162 3.181 3.920 3.284 3.356 3.052 3.318
F · logR — 3.987 3.576 4.166 3.183 3.921 3.285 3.357 3.055 3.316

F · log (R + 1) Skip L < 4 3.948 3.563 4.167 3.182 3.918 3.294 3.344 3.055 3.322
F · log (R + 1) · L — 3.988 3.567 4.171 3.189 3.919 3.296 3.364 3.054 3.331
F · logR · L — 3.989 3.567 4.171 3.190 3.919 3.296 3.363 3.055 3.332
F · logR · L Skip L = 1 3.989 3.564 4.169 3.190 3.920 3.297 3.345 3.054 3.332

Table 11: Text compression by language for the nine lower-resource languages.

Priority Criterion Merge Skip Java JavaScript Python PHP C++ C# Go Rust Ruby

F (BPE) — (BPE) 17935 13643 15693 15541 15755 15370 16019 15701 12618

F Skip L < 4 18763 14211 16315 16106 16437 15993 16767 16376 13041
F · L — 18816 14359 16541 16266 16549 16163 16993 16594 13251
F · L Skip L = 1 18850 14377 16561 16278 16566 16188 17007 16625 13267
F · log (R + 1) — 18688 14130 16247 16113 16279 15890 16574 16180 12965
F · logR — 18756 14184 16289 16160 16314 15926 16627 16231 13000

F · log (R + 1) Skip L < 4 18990 14386 16497 16314 16548 16140 16962 16530 13181
F · log (R + 1) · L — 18991 14471 16655 16397 16614 16238 17079 16636 13317
F · logR · L — 19004 14481 16663 16413 16625 16250 17087 16635 13321
F · logR · L Skip L = 1 19030 14499 16669 16404 16635 16265 17103 16644 13331

Table 12: Language coverage for the nine higher-resource languages.

Priority Criterion Merge Skip Kotlin Scala Swift Vue Dart Lua Haskell Julia OCaml

F (BPE) — (BPE) 16898 7375 14528 11475 15626 13189 5565 6214 5325

F Skip L < 4 17693 7475 15191 12006 16443 13726 5653 6296 5405
F · L — 17834 7484 15353 12262 16649 13875 5650 6354 5431
F · L Skip L = 1 17871 7483 15380 12295 16681 13908 5654 6360 5434
F · log (R + 1) — 17561 7460 15005 11924 16229 13568 5610 6293 5381
F · logR — 17627 7473 15053 11975 16291 13608 5617 6298 5387

F · log (R + 1) Skip L < 4 17940 7482 15359 12203 16685 13866 5634 6326 5417
F · log (R + 1) · L — 17979 7476 15413 12374 16742 13940 5650 6357 5432
F · logR · L — 17987 7479 15422 12385 16760 13948 5650 6359 5431
F · logR · L Skip L = 1 18011 7481 15435 12407 16781 13963 5649 6362 5432

Table 13: Language coverage for the nine lower-resource languages.

modifications provide better support for them. This
is most evident in compression rates for modifi-
cations that include L < 4: for higher-resource
languages, these models exhibit inferior compres-
sion, whereas they achieve better scores for most
lower-resource languages. We hypothesize that this
modification leads to stronger regularization of the
language component.

In Table 14, we present a pairwise vocabulary
comparison of tokenizers. The tokenizers that
combine both language and repository components
show the largest difference from BPE, with more
than 10,000 tokens. Similar tokenizer modifica-
tions naturally lead to similar vocabularies and have
smaller differences. Thus, there is no clearly best
modification, as we discuss in Section 6.
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Priority Criterion Merge Skip 1 2 3 4 5 6 7 8 9 10

1 F (BPE) — (BPE) 0 8304 9168 9386 5848 6362 9580 10004 10088 10228
2 F L < 4 8304 0 5572 5392 6132 5878 3292 6434 6472 6392
3 F · L — 9168 5572 0 372 6366 6316 5006 2666 2826 2894
4 F · L L = 1 9386 5392 372 0 6562 6346 4842 2614 2764 2678
5 F · log(R + 1) — 5848 6132 6366 6562 0 576 4834 5892 5956 6086
6 F · logR — 6362 5878 6316 6346 576 0 4454 5590 5618 5728
7 F · log(R + 1) L < 4 9580 3292 5006 4842 4834 4454 0 4368 4352 4282
8 F · log(R + 1) · L — 10004 6434 2666 2614 5892 5590 4368 0 216 332
9 F · logR · L — 10088 6472 2826 2764 5956 5618 4352 216 0 200

10 F · logR · L L = 1 10228 6392 2894 2678 6086 5728 4282 332 200 0

Table 14: Counts of different tokens in the trained tokenizers. The columns with numbers represent the models in
the same order, enumerated by identifiers in the first column.

Priority Criterion Merge Skip Under-trained token examples

F (BPE) — (BPE) 0123351271903, _AtaSmartAttributeDisplayType, minCuSize, DISKinematics

F Skip L < 4 IMARY, ientation, vanced, pendencies, ventory
F · L — OfSurgeServices, AceHighFlush, PeriodoDeclara, OXWSMTGS
F · L Skip L = 1 arency, ICENSE, ployment, ereum, avascript
F · log (R+ 1) — gridBagConstraintsPeriodoDeclara, HighFlush, ablytyped
F · logR — IntoConstraints, scalably, ilibj, VisualStyleBackColor, arency

F · log (R+ 1) Skip L < 4 AWSCloud, crets, ooser, NECTION, ereum
F · log (R+ 1) · L — _HandRankName, chordie, TINGS, ramimages, ekUSDI
F · logR · L — scriptors, TEGER, versation, FTWARE, clare
F · logR · L Skip L = 1 FTWARE, NECTION, IMARY, trieve, elcome

Table 15: Examples of verified under-trained tokens in multilingual models.

H Under-Trained Tokens

In Table 15, we show representative examples of
under-trained tokens in the multilingual models.
The criteria that allow single-language or single-
repository still contain variable names among the
under-trained tokens. The other criteria are better
regularized and contain predominantly intermedi-
ate tokens among the under-trained tokens. We
show in Section 5 that the number of such tokens
is low when the general overfitting is reduced.

I Pruning and Compression

In Figures 9–26, we show the compression rate
of pruned tokenizers per language in the order of
subsample size in the training set using pruning
starting from the end of the merge list, i.e., in the
reversed merge order, and leaf-based pruning that
uses the distance from (0, 0) in under-trained to-
ken indicator space as a priority criterion. In the
first case, for most languages, the compression rate
of our regularized tokenizers is consistently better
than or comparable to that of BPE. In the second
case, for all languages, the first several thousand
removed tokens have no effect on the compression
rate, as they are over-fitted to the training sample
and are not utilized. In lower-resource languages,
the confidence intervals for compression rates are

becoming closer together. However, for some lan-
guages, such as Lua, the model with the language
component shows better compression, which may
suggest that this provides better support for lower-
resource languages. This corresponds well to our
findings in Appendix G.

J LLM Usage Statement

In this work, we utilized AI tools for paraphrasing
and grammar correction (Grammarly) and assis-
tance with data visualization design (Gemini, Chat-
GPT). We also used Claude Code to prettify and
document the paper code in a GitHub repository.
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Figure 9: Compression rate for Java for tokenizers with applied pruning (a) in the reverse order of token ids and (b)
starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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(a) Pruning order: reverse merge order.
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Figure 10: Compression rate for JavaScript for tokenizers with applied pruning (a) in the reverse order of token ids
and (b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator
space).
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(a) Pruning order: reverse merge order.
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Figure 11: Compression rate for Python for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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(a) Pruning order: reverse merge order.
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Figure 12: Compression rate for PHP for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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(a) Pruning order: reverse merge order.
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Figure 13: Compression rate for C++ for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).

0 2000 4000 6000 8000 10000 12000
Pruning size

4.025

4.050

4.075

4.100

4.125

4.150

4.175

4.200

C
om

pr
es

si
on

 ra
te

Model
log ( )

BPE
log ( )
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Figure 14: Compression rate for C# for tokenizers with applied pruning (a) in the reverse order of token ids and (b)
starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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(a) Pruning order: reverse merge order.
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Figure 15: Compression rate for Go for tokenizers with applied pruning (a) in the reverse order of token ids and (b)
starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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(a) Pruning order: reverse merge order.
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Figure 16: Compression rate for Rust for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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(a) Pruning order: reverse merge order.
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Figure 17: Compression rate for Ruby for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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(a) Pruning order: reverse merge order.
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Figure 18: Compression rate for Kotlin for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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Figure 19: Compression rate for Scala for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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Figure 20: Compression rate for Swift for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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Figure 21: Compression rate for Vue for tokenizers with applied pruning (a) in the reverse order of token ids and (b)
starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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Figure 22: Compression rate for Dart for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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(a) Pruning order: reverse merge order.
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Figure 23: Compression rate for Lua for tokenizers with applied pruning (a) in the reverse order of token ids and (b)
starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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(a) Pruning order: reverse merge order.

0 2000 4000 6000 8000 10000 12000
Pruning size

3.15

3.20

3.25

3.30

3.35

3.40

3.45

C
om

pr
es

si
on

 ra
te

Model
log ( )

BPE
log ( )

(b) Pruning order: under-trained first.

Figure 24: Compression rate for Haskell for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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Figure 25: Compression rate for Julia for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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(a) Pruning order: reverse merge order.
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Figure 26: Compression rate for OCaml for tokenizers with applied pruning (a) in the reverse order of token ids and
(b) starting from the tokens with the lowest under-trained indicator values (distance from (0, 0) in indicator space).
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