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Abstract

A first decision for any automated natural lan-
guage processing system is the granularity of
the input units. Traditionally, characters or
words have been used, but recently, subwords
have become the standard. In this paper, we
investigate trends in input processing steps and
discuss common shortcomings in this founda-
tional first step of model design. We start by
providing an overview of currently used tok-
enizers, showing that there is only minimal
variety, with three highly similar designs dom-
inating current models, and many of the tok-
enizers being exact duplicates. Next, we recon-
sider Unicode normalization strategies. Previ-
ous work has recommended applying consis-
tent normalization; however, we argue that this
removes signal and we show how this can harm
performance for language classification. Fi-
nally, we take a closer look at UTF-8 character
encoding, the very first layer of representation
used in many language models. We argue that
UTEF-8 is not optimized for efficiency, nor for
fairness across languages, and propose proof of
concept alternatives focused on fairness and ef-
ficiency. Based on our findings, we recommend
future work to 1) put more thought into sub-
word segmentation and explore more diversity,
2) apply normalization only when beneficial
3) consider alternative character encodings for
models operating on the byte-level.!

1 Input Encodings in NLP

For building models for the automatic processing
of written natural language, one of the first deci-
sions to make is how to represent the input. In
this section, we review common input processing
steps that are used in Natural Language Process-
ing (NLP) models; we start with the smallest units
(bytes, characters), and then look at subword seg-
mentation strategies.

'Code available on: https://bitbucket.org/

robvanderg/inputencodings/

Written natural language is commonly expressed
as sequences of characters. To store texts, charac-
ter encodings are used to represent characters as
bytes. UTF-8 is the most commonly used character
encoding today, it is used on 98.3% of the websites
indexed by W3C.? To the best of our knowledge,
all text models on HuggingFace use UTF-8.3 It
should be noted that there is a stream of work on
vision-based language models that render text as
an image, and use the pixels as an input (e.g. Rust
et al., 2022). These models are not dependent on
UTEF-8, and do not suffer from the same problems.
For our main analyses, we consider these models
out-of-scope, but we include a discussion of the
relevance of our results for vision-based language
models in Section 5.

Since the 159,866 characters currently included
in Unicode do not fit into a single byte, UTF-8 has
a flexible byte-length (1-4). For backwards com-
patibility to ASCII, it represents the main Latin
characters, numbers, and control characters in the
first byte, but also an array of continuation bytes,
which are a prefix for the higher-indexed characters.
To clarify how this leads to differences in represen-
tations of text, consider the following examples:

b o] r n

62 C3 B8 72 6E

it i T u

1076 1110 1090 1080

DO B4 DI 9% D18 DO B8

i ¥ Il

23401 23376 20204

E5 AD A9 E5 AD 90 E4 BB AC

Figure 1: Character representations for the word “chil-
dren” in Danish, Ukranian, and Chinese.

These examples clearly show that different lan-

2ht’cps: //w3techs.com/technologies/cross/
character_encoding/ranking

3This was confirmed by searching for the encoding flag in
the transformers models classes.
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Figure 2: Frequency of sequences of tokenization steps
for 500 most downloaded models. To be read from left
to right, e.g. there are 193 tokenizers using BertPre-
tokenizer, of which 181 are followed by a WordPiece
segmentation, and 2 by BPE.

WordPiece (181)D

BPE (226)

guage are treated differently, while Latin characters
are represented by a single byte, many other charac-
ters need 2-3 bytes. Unicode characters are stored
in ‘blocks’, which are subsets of scripts that are
stored in continuous regions, this is reflected in the
examples by the shared prefix bytes.

While there is a stream of models that use
bytes or characters directly as input (see for an
overview Mielke et al. (2021)), using these as
input has some downsides; they lead to long se-
quences, and in many writing systems characters
have no connection to meaning. Words, on the
other hand, lead to a very large vocabulary, less
overlap, and their segmentations are non-trivial to
obtain. Hence, most modern models make use of
subwords as their input. Subwords are sequences
of characters that commonly co-occur, and their
segmentations are usually learned through unsuper-
vised algorithms (e.g. Gage, 1994; Schuster and
Nakajima, 2012; Kudo and Richardson, 2018).

Besides the subword algorithm, there is a wide
variety of possible pre-processing steps. The com-
bination of pre-processing steps included in a
model is often referred to as its pre-tokenizer. De-
cisions to make include: the type of smallest input
units used (bytes versus characters), whitespace
handling, punctuation separation, and types of nor-
malization applied. All these design decisions af-
fect the performance of the resulting models (e.g.
Rust et al., 2021; Dagan et al., 2024; Reddy et al.,
2025; Raj S et al., 2025) as well as costs (Ahia
et al., 2023; Lundin et al., 2025).

To map the current landscape of pre-tokenization
and subword segmentation in language models,
we collect the tokenizers of the 500 most down-
loaded models from Huggingface,* and extract the

4As of 27-11-2025. This list is not a perfect reflection of
usage, as some models may rank higher e.g. because they are
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Figure 3: Counts of subword types for subsets of the
top 500 most downloaded models. We count per year as
well as for models containing the regex “[0 — 9]B”.

sequence of Huggingface classes used in the to-
kenizer, including the sequence of pre-tokenizers
and the final subword segmentation algorithm.’
From the resulting tokenization pipelines (Fig-
ure 2), we see that the main subword segmentation
algorithms (BPE, Wordpiece, and Unigram) are all
frequently used, and each of them has 1-2 promi-
nent pre-tokenizer designs. Furthermore, we can
see that byte-level inputs are commonly used.

When breaking down the tokenizers by their
Huggingface creation date (Figure 3)® we see clear
trends. BPE is steadily increasing, whereas word-
piece is decreasing. Unigram usage is generally
more stable, but has a small peak in creation dates
around 2021. Finally, we look at the subset of mod-
els that contain the regular expression “[0 — 9]B”
in their name, which is an indication that they are
recent generative language model with at least 1B
weights. 100% of these models is using a BPE
tokenizer (Figure 3).

In this opinion paper, we will analyze three dif-
ferent design decisions commonly used for input
processing in NLP models. Based on our observa-
tions, we recommend model builders to consider:

* exploring more variety in tokenizer design,
including language-specific tokenizer design,
pre-tokenizer steps, segmentation algorithms,
and other hyperparameters.

* making usecase based decisions for normal-
ization, or ensure that models are robust by
normalizing only part of the training data.

the defaults in toolkits or used in tutorials. Nevertheless, we
believe this sample will reflect the main trends.

>The classes are described on: huggingface.co/docs/
tokenizers/api/pre-tokenizers

®This is a proxy to creation date/age; not all models are
directly included on Huggingface upon release
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* designing character encodings that align with
desiderata of the downstream model.

2 Lack of Diversity

Dagan et al. (2024) show (in their Appendix C)
that for coding-based models, tokenizers are often
directly re-used from older models. In this section
we discuss tokenizer re-use for text-based mod-
els more generally. The frequencies in Figure 2
show that there are five main tokenizer pipelines
designs (>=35 freq.); WordPiece has one com-
mon pre-tokenization sequence, while BPE and
Unigram have two frequent pre-tokenization se-
quences (Split or no Split, and WhitespaceSplit or
not respectively). However, when inspecting the
differences in the two main pre-processing deci-
sions of BPE and Unigram, we found that they do
not lead to substantially different behavior. First,
the only effect of WhitespaceSplit before MetaS-
pace is that it unifies white space characters that
are not the standard spaces (tabs, newlines, etc.).
The second main pre-tokenization difference is
that 89/180 of the ByteLevel-BPE use the Split
class (which split texts based on a regular expres-
sion). Furthermore, we find that in all 91 tokenizers
with the ByteLevel-BPE sequence, a similar split
is defined in the code of the tokenizer class. When
inspecting the regular expressions that are used, we
find that they are highly similar; all of them specify
a separation based on sequences of whitespaces,
numbers, and punctuation. The vast majority also
separates English contractions ("m, ’1l, etc.). We
report more details on this in Appendix A.
Explicit separation of English contractions is
not only an indication of an English-centric bias,
it is also an odd design decision, as all regular
expressions that include it also define a split for
punctuation characters. This means that specifying
contractions does not lead to different behavior for
contractions, but since they occur earlier, they do
affect other occurrences of the same characters (e.g.
“e’mail” will be split into “e "m ail” because 'm is
included). This suggests that for most tokenizers,
the regular expression is simply copied from other
models without giving their design much thought.
Since for both BPE and Unigram the pre-
tokenization pipelines are in fact highly similar
across all instances, we conclude that there are
three main different tokenizer pipeline architec-
tures in use, which is in stark contrast compared to
the linguistic variety present in languages across

the world. Besides the architecture, other design
decisions also have an impact on performance, such
as vocabulary size (Reddy et al., 2025), and training
data (Dagan et al., 2024; Rust et al., 2021). How-
ever, within our top-500 sample, there are only 255
unique tokenizers, confirming that many language
models use exact copies of other popular models.

Recommendation From a broader perspective,
it has been shown that different types of languages
and scripts have preferences for different tokenizer
designs (Bostrom and Durrett, 2020; Limisiewicz
etal., 2023; Hou et al., 2023; Wegmann et al., 2025;
Reddy et al., 2025). Whereas many models in our
top-500 sample support multiple languages, they
all use a single tokenizer design for all of their in-
put, although some of them are trained separately
on languages and merged afterwards (Imani et al.,
2023; Liang et al., 2023), their tokenization archi-
tecture is exactly the same. The decision to use
the same architectural design for each language
and writing system is probably because of imple-
mentation convenience and to limit the number of
hyperparameters to tune, but it likely leads so sub-
optimal segmentations for many languages.

3 Normalization is Lossy

There are four official Unicode normalization stan-
dards; they perform a variety of normalization re-
placements, including 1) converting accents into a
standard form (either composed or decomposed)
2) correcting the order of sequences of diacritics.
3) whitespace standardization 4) mapping of sin-
gle characters (e.g. some numbers are normalized:
2 2, or equivalent-looking characters are uni-
fied). However, it is non-trivial to detect which
normalization is used when it is combined with
other pre-processing steps, and without having the
exact training code and commands. As a first in-
spection, we count the different types of normal-
ization across HuggingFace model types: NFC: 22,
NFD: 21, NFKC: 1, NFKD: 4.7 A closer inspection
shows that NFC is often directly integrated (i.e. not
optional) into the model code, whereas the other
normalizations are optional (i.e., a hyperparame-
ter). To get a better overview of what is used in
popular models, we also inspect the normalization
included in the top-500 model pipelines (details in
Appendix B). Results from this investigation con-
firm that NFC (242 versus 9 for the others) is the
most common normalization.

"Note that these per model class, not specific models.
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Figure 4: Performance (accuracy) of language classifica-
tion when using non-normalized versus normalized data.
Each dot represents the accuracy of a model trained with
a specific seed.

Any applied normalization leads to lossy tok-
enization, violating the decode-encode test: (word
== decode(encode(word))) (Kudo and Richard-
son, 2018; Dagan et al., 2024; Jang et al., 2025).
Lossless tokenization has potential benefits because
the original signal is fully kept and alignment of
subwords to inputs is easier; at the same time, it can
also lead to treating two similar-looking characters
as completely different data points. Gorman and
Pinter (2025) indeed show that using consistent nor-
malization leads to small, but cheap performance
gains for parsing of a Hindi treebank. However, in
some cases differences in encodings are not an ar-
bitrary signal; they are a result of an input method,
and different people will thus use different charac-
ter encodings for the same character.

To evaluate the effect of this, we perform a
case study on the language classification task. We
use the setup from van der Goot (2025), because
of their wide language coverage, and models are
trained from scratch. We use their mixed-domain,
2,307 languages, 1,000 instances per language
setup. We use their implementation of their best
performing model, which is a Naive Bayes classi-
fier with 1-5 character n-grams binary features. We
add an optional NFC normalization step, because
it is the most commonly used normalization in lan-
guage models. We generate 10 different data splits
with different seeds.

Results are shown in Figure 4. Because some
seeds might lead to more challenging data, we con-
nect the runs that use the same seed with a line,
showing that in all 10 cases the non-normalized
version performs better. The NFC model obtains
91.70 average accuracy, and the non-normalized
model obtains 91.75. When applying an ASO
test (Del Barrio et al., 2018; Dror et al., 2019; Ul-
mer et al., 2022) with a confidence level o = 0.05,
the score distribution of the non-normalized is

stochastically dominant over the normalized ver-
sion (€,,,;, = 0.01, < 0.5 indicates significance in
ASO tests). Although the gains are small , they are
consistent, significant, and cheap to obtain.

Recommendation Athough our results show im-
proved performance when not normalizing, there
will definitely be situations where normalization
is beneficial (e.g. Gorman and Pinter, 2025), at
the same time, if tokenization should be lossless
at inference time, but the models should be robust
against non-normalized input and pass the decode-
encode test, one could normalize only a portion of
the data, so that the model becomes robust against
different representations of the same character.

4 UTF-8 is neither Fair nor Efficient

While UTF-8 has many useful properties, it has
been designed with desiderata that do not necessar-
ily overlap with requirements for NLP models. The
main focus is on coverage and backwards compati-
bility with itself as well as ASCII. The single-byte
positions (i.e., the most efficient) of UTF-8 are
mostly assigned to characters from the Latin script
and control characters, many of which are rem-
nants of legacy control characters dating back to
typewriters. Furthermore, due to the sequential up-
dates, newer additions automatically have a higher
chance of being placed in the 3-4 byte ranges, and
scripts are not guaranteed to be sequential.

Backwards compatibility of character encodings
is less relevant when designing NLP models. In-
stead, desiderata include: coverage, efficiency, fair-
ness (across scripts/languages), relevant overlap for
multi-byte characters. The last three of these are
not main focus points in the current design of UTF-
8. How heavy each requirement should weigh in
the design should depend on the use cases of the
final model. For example, for monolingual models,
fairness across scripts is easier to obtain, as the
number of scripts is smaller.

Previous work has already shown that having in-
valid (Jang et al., 2025; Gorman and Pinter, 2025)
or even rare (Land and Bartolo, 2024) UTF-8 in
the input leads to performance issues, and also that
byte-level models are prone to output invalid UTF-
8 (Firestone et al., 2025). However, to the best
of our knowledge there is limited work in design-
ing more fair or efficient character encodings for
NLP purposes. Moryossef et al. (2025) propose
to remap some of the control bytes input into lan-
guage models’ special tokens. Moon et al. (2025)
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propose a remapping of multi-byte characters that
reduces bit-redundancy and leads to shorter inputs.
The most rigorous alternative encoding is proposed
by Land and Arnett (2025), who design a new en-
coding based on Unicode script and category in-
formation.® In the remainder of this section, we
will propose three proof-of-concept strategies to
achieve some of the aforementioned desiderata. As
previously mentioned, depending on use-cases, a
combination of these approaches should be consid-
ered, with focus points on the desiderata that are
most important for the intended setup.

Efficiency For a case study, we sample the
first 10,000 characters for the 1,742 language-
script combinations of Fineweb2 (Penedo et al.,
2025). The resulting total data collection occupies
34,126,685 bytes when encoded with UTF-8. To
reduce this, we can simply sort the characters by
frequency (we apply add-1 smoothing to include all
characters), then store the most frequent characters
in the first byte, the following in 2-byte positions,
and the least common characters in 3 bytes. Vari-
ables to decide here are the number of continuation
bytes for the 2-byte positions and the 3-byte posi-
tions. We optimized these (Appendix C), and are
able to store the exact same data in only 30,479,531
bytes, saving “10% through a simple remapping.

Fairness Our next approach focuses on overlap.
There are 175 scripts in Unicode 17, so we reserve
the first byte for defining the script. The interpreter
needs to know for each script whether it can be
represented in a single byte or in more bytes. 150
scripts fit in a single byte, 24 scripts need two bytes,
and only the Han script requires three bytes to rep-
resent all characters. It should be noted that the
clusters could be refined, e.g., by merging scripts
with the common class, using sub-ranges of scripts,
or having fully data-driven clusters. This clustering
approach can also be used to shorten sequences by
having script-change bytes, then the prefix is only
required once for sequential in-script characters,
similar as proposed by Moon et al. (2025).

Unseen characters Another problem is that even
though byte-level representations can represent any
UTF-8 character, if a character is never or rarely
seen during training, it will not have a high-quality
representation. There are whole ranges in Unicode

8This is a more thorough implementation of our “Fairness”
strategy, we unfortunately only found their paper after ours
was submitted.

that are likely not seen during pretraining of most
models. In fact, our relatively diverse text sample
with the first 10,000 characters of 1,742 languages
of Fineweb?2 only contains 8,739/159,866 Unicode
characters (75.5%). If a character is not in the train-
ing data, but other characters from the same script
are, it still makes sense to have some overlap in
the byte representations. This is indeed happening
in most cases; however, the last byte specifying
the exact position is not going to be informative,
as it only overlaps with arbitrary other characters
and leads to an unseen sequence. In other words,
even if all bytes are seen before in byte-level mod-
els, the unseen character problem is not solved in
byte-level models, as their representation will not
be representative. Hence, it could make sense to
reserve an index for each script for unknown to-
kens, or perhaps even sub-categories of unknown
characters, similar to how unknown words used to
be processed (e.g. Klein and Manning, 2003).

5 Discussion: Vision-based Alternatives

Vision based language models (e.g. Salesky et al.,
2021; Rust et al., 2022; Kesen et al., 2025) solve
many of the issues presented in this paper. There is
no pre-tokenizer or subword algorithm, so the find-
ings of Section 2 do not hold. However, there are
other decisions to be made in the pre-processing
design, for example the window size and overlap. It
is easy to imagine that different languages have dif-
ferent optimal values here as well, so similarly as
for text-based language models, diversity should be
considered. The normalization issues presented in
Section 3 are not relevant for vision based models,
as there is no need for a normalization step. Finally,
vision-based models are also not vulnerable to bi-
ases in the byte-sequences of UTF-8 (Section 4).

6 Conclusion

In this paper, we have given an overview of com-
mon approaches used in the input representations
of current language models and inspected potential
weaknesses. Based on our findings, we argue that:
1) Current tokenization design is homogeneous,
and contains suboptimal remnants 2) character nor-
malization should be used with care 3) UTF-8 is far
from optimal for NLP use-cases, and when using
models that rely on it, we should consider design-
ing alternative encodings with specific desiderata
in mind. We hope this position paper leads to more
thoughtful design and more diversity of tokenizers.
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Limitations

For collecting statistics, we mainly focus on the top-
500 downloaded models from Huggingface. This is
not only a snapshot, but also does not reflect which
models are most frequently used, as the number of
downloads is distorted by models that are included
in tutorials or toolkit defaults. Furthermore, it does
not incorporate derivative/finetuned models (e.g.
bert-base-cased and bert-base-cased finetuned on a
specific dataset are counted separately).

Besides the data-driven approaches recom-
mended in Section 4, defining a character encoding
based on knowledge of the language/script (e.g.
Ansary et al., 2024) is a better alternative, but re-
quires a careful design by experts for each script.
Furthermore, downstream evaluations are neces-
sary to empirically confirm that our proposed so-
lutions in Section 4 are beneficial, however, it is
computationally expensive to evaluate solutions
that target multiple scripts, as a lot of data and
compute is required to train models of a relevant
scale.

There are many additional design decisions that
have an impact on the final tokenizer that we did
not discuss in detail because they have been cov-
ered in previous work. For example, the size of the
training data (Reddy et al., 2025), word-initial ver-
sus word-final continuation marking (Jacobs and
Pinter, 2022), or inference methods (Uzan et al.,
2024).
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Appendix
A Regular Expression Split Detection

To obtain an overview of the strategies used for pre-
splitting tokens, we inspect the regular expressions
used. We focus again on the 500 most frequently
downloaded models. We first obtain the regular ex-
pressions of all 89 models that define the Split class.
Next, we inspect the byte-level BPE tokenizers that
do not have the Split class included in their defini-
tion and find that these 91 tokenizers are from 11
different tokenizer classes. After inspecting their
code, we find that they all define a regular expres-
sion in their code, and they are all equivalent (first
row in Figure 5). Combining both the Split class
and the integrated regular expressions we obtain
the frequencies reported in Figure 5.

B Normalization detection

For detecting Unicode normalization on the class
level, we recursively search for all occurences of
the unicodedata library in the models directory of
the transformers library. This will give us estimates
for model classes, however, it excludes cases where
normalization is happening through another func-
tion, and it does not take frequenty of model use
into account. To obtain a clearer view of commonly
used normalizations we perform an additional em-
pirical evaluation on the top-500 most downloaded

models of Huggingface, which is described in the
following paragraph.

To automatically detect which normalization
is used by which model, we first inspect the
tokzr.backend_tokenizer.normalizer  vari-
able where the normalizer class can be defined.
As a second, more robust step, we investigate
the behaviour of the tokenizer. It could be that
the normalizer is defined in external code, or
even as a processor in the tokenizer files. Hence,
we create a list of characters that are prone to
normalization, and evaluate whether the output of
all examples for a certain tokenizer (after encoding
and decoding) matches exactly with the output of a
Unicode normalization standard. We only count
cases where all of the test characters match (some
models remove diacritics, and are thus not matched
by our approach), and take the union of both
detection methods as final set of normalization
applied by a certain tokenizer.

C Remapping characters to indices based
on frequency

We first count all characters in the dataset, and add
1 to their counts to ensure each character can be
represented. We then sort the characters based on
their frequency. We store the first n characters in
the first byte, where n = 256 - total number of con-
tinuation bytes We define two types of continuation
indices, one for 2-byte characters (z), and one for
3 byte characters (y). We use continuation bytes
instead of bits to use the storage more efficiently.
This makes the number of actual characters that can
be be stored in the first byte: 256 — x — y. We have
x * 256 2-byte characters and y*256*256 3-byte
characters.

Based on this, we use a script that compares all
options of x and y with the real character counts
from our FineWeb2 sample, leading to an optimal
of x = 16 and y=3. It should be noted that when
applying such an encoding, it would be beneficial
to create the mapping so that characters from the
same script have more overlap in bytes, instead of
a purely frequency based mapping. It should also
be noted that further optimization could be done
when using different lengths of bits, e.g. (Moon
et al., 2025) use 6 bits prefixes.
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Figure 5: Frequency counts of regular expressions used to split tokens (first 100 characters shown).
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