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Abstract

Tokenization appears across a large and het-
erogeneous body of NLP literature, most of-
ten as a design choice rather than the primary
focus. We identify more than 800 such pa-
pers published over the last decade and use an
LLM-based methodology to survey them at a
scale that would not be feasible through man-
ual review. We analyze four dimensions: the
languages studied, the evaluation tasks, the in-
trinsic metrics used, and the granularity of the
tokenization units considered. We find that ma-
chine translation is the most frequently studied
topic when tokenization is discussed. Despite
the multilingual focus of much of this work,
a strong English and Eurocentric bias persists.
Subword tokenization dominates in practice
despite sustained research interest in charac-
ters, bytes, and morphemes. We release the
extracted dataset to support further analysis'.

1 Introduction

Tokenization is one of many design choices when
building a natural language processing (NLP) sys-
tem, including large language models (LLMs). Re-
cent work has studied a range of tokenization-
specific problems: the so-called token premium
problem (Ahia et al., 2023), which leads to sub-
stantially different LLM inference costs across
languages; tokenization of code and numerical
data (Wallace et al., 2019; Roziere et al., 2023);
improvements to existing tokenization algorithms
(Chizhov et al., 2024; Bauwens and Delobelle,
2024; Cognetta et al., 2024); and proposals for
alternative tokenization approaches (Libovicky and
Helcl, 2024; Schmidt et al., 2024a).

We identify more than 800 papers discussing tok-
enization published over the last decade and use an
LLM-based methodology for large-scale evidence
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Figure 1: Pipeline used to filter the papers and extract
information.

extraction to synthesize them into an empirical sur-
vey of how tokenization research has evolved over
time.

‘We make three contributions. First, we use an
LLM-based survey methodology that can process a
body of literature at a scale that would not be feasi-
ble through manual review. We provide a replicable
framework and quantify its reliability through man-
ual annotation, finding 98% sensitivity and 92%
specificity on a test sample. Second, we apply
this methodology to produce empirical findings on
trends in tokenization research, including the lan-
guages studied, the linguistic units considered, the
evaluation tasks used, and the distribution of work
across venues, as summarized in Table 1. Third,
we release the resulting dataset to support further
analysis by the community.

Our main findings are as follows: the corpus
shows a strong English and Eurocentric bias. Ex-
trinsic evaluation dominates, with machine transla-
tion and question answering as the most common
tasks. Subword tokenization remains the domi-
nant unit in the literature and, overwhelmingly, in
practice, despite sustained research interest in char-
acters, bytes, and morphemes. The remainder of
the paper presents this methodology (Section 2),
followed by our empirical findings (Sections 4-5).
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2 Methods

Large-scale literature analysis using LLMs has al-
ready been used several times as an alternative to
manual reviewing. For example, in the biomedical
domain, LL.Ms have been used to automate paper
screening and data extraction in systematic reviews,
achieving high accuracy, though with caveats re-
garding reliability (Schmidt et al., 2024b). Sim-
ilar pipelines have been applied within NLP to
study field-wide trends, including research on LLM
limitations (Kostikova et al., 2025) and model in-
terpretability (Calderon and Reichart, 2025). We
adopt a similar approach and apply it to tokeniza-
tion research, processing over 100,000 papers from
a decade of NLP publications (see Appendix D for
the sources).

Our pipeline has four stages: we first retrieve
papers from relevant venues; we apply regular-
expression matching to abstracts to obtain an initial
candidate set; we then use an LLM to refine this
selection; finally, we prompt the LLM with tar-
geted questions about each paper and aggregate the
responses. The pipeline is summarized in Figure 1.

We focus on text tokenization in NLP, though
adjacent domains are occasionally relevant. We
therefore collect papers from ACL Anthology?,
NeurIPS, ICLR, ICML, and CoLM conferences
and their co-located workshops, covering 2016—
20253, i.e., from the year BPE was introduced in
NLP (Sennrich et al., 2016). This yields 119k pa-
pers in total, the majority from *CL venues; the
breakdown by venue is shown in Table 1.

Given the volume of papers, we do an ini-
tial filtering. We apply a regular expression
(token|sub-?word|segment | sub-?tok) to titles
and abstracts, under the assumption that papers dis-
cussing tokenization mention related terms already
in the abstract. We then pass the filtered set through
the LLM to remove incorrectly selected papers and
discard papers with missing or empty PDFs. We
use GPT-OSS 120B*, an open-weight instruction-
tuned model and the largest we could run at this
scale. The model is prompted to recognize tok-
enization papers based on their title and abstract.

Note that ACL Anthology collects not only proceedings
of conferences organized by ACL (such as ACL, NAACL,
EACL, AACL, EMNLP, INLG), journals (TACL, CL), and
workshops, but also proceedings of many events not organized
by ACL (such as LREC, COLING, AMTA).

3We extend the time span to 2014-2025 when discussing
tokenization units (see Section 5)

“From HuggingFace: openai/gpt-oss-120b
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Venue  Papers Regex LLM
*CL 74,668 6,469 732
NeurIPS 24,606 2,044 32
ICML 11,049 942 56
ICLR 8,471 925 19
CoLM 781 166 7
Total 119,575 10,546 846

Table 1: Selected papers from 2016 to 2025 from each
conference. Regex is the first filter used to reduce the to-
tal number of papers. LLM removes papers with invalid
PDFs and refines the selection to the final dataset.

After an initial inspection of the selected papers,
we refine the prompt to focus on tokenizer-free
methods, as this topic was incorrectly discarded.
We keep papers selected by either prompt. After
this combined filtering, we reduce the set of papers
from 119,575 to 846.

The LLM filtering step is sensitive to prompt
formulation: certain topics, such as language mod-
eling, may be over-represented in the selected set,
while others, such as tokenizer-free methods, may
be under-represented despite being relevant. We
quantify this by manually annotating a random sam-
ple of 100 papers from each of the selected and dis-
carded sets. We find 1 false negative and 8§ false pos-
itives. This indicates that the pipeline reliably iden-
tifies tokenization papers, but also retains a non-
trivial number of unrelated ones, which introduce
noise into our analysis. Upon inspecting the false
positives, we find that they mention tokenization
only in passing, not as a central concern. Note that
estimating recall directly would require annotating
a large random sample of all 119,575 papers; we
therefore follow the practice common in medical
research and report recall (98.95% + 2.10%, 95%
confidence interval with bootstrap) and specificity
(92.46 + 4.94%) instead. The specificity means
that about 1 in 12 selected papers may not actually
discuss tokenization in depth. Since these papers
mention tokenization only briefly and likely make
mainstream design choices, we expect their impact
on our results to be small.

After selecting the papers, we convert each PDF
to Markdown, remove sections such as the refer-
ences and the appendix, and prompt the LLM to
extract four types of information: the languages
discussed, the evaluation tasks, the intrinsic met-
rics used, and the segmentation granularity adopted.



Most Common Tasks

Machine translation I 279
Question answering I 161
Natural language inference I 110
Commonsense reasoning [ 91
Part-of-speech tagging I 84
Named entity recognition [l 68
Sentiment analysis Il 63
Paraphrase detection H47
Reading comprehension Hll 38
Language modeling 1l 38
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Figure 2: Machine translation and question answering
are the two most popular tasks, but papers can discuss
multiple tasks. Less frequent tasks are not shown.

The exact prompts used for filtering and extraction
are given in Appendix B. We explicitly allow the
LLM to generate a negative answer, e.g., if the pa-
per does not use any intrinsic metric. We use 10
papers as a validation set to estimate reliability for
each category.

3 Tasks & Metrics

Tokenizer quality can be measured intrinsically
(e.g., by properties of the segmentation itself) or
extrinsically (i.e., by performance on a downstream
task). We prompt the LLM to list the downstream
tasks used to evaluate the tokenizer and the intrin-
sic metrics. Overall, 25.3% of the papers have
both intrinsic and extrinsic evaluation; 38.6% have
only extrinsic; 25.6% have only intrinsic; and for
10.5% we did not retrieve any evaluation. We then
group similar entries to account for spelling vari-
ations and closely related tasks or metrics (e.g.,
NER and Named-entity recognition are merged, as
are Rényi efficiency and Rényi entropy). The LLM
often answers with the datasets used for the eval-
uation instead of the downstream task: in these
cases, we select the datasets that are mentioned
more than 5 times and group them with the tasks.
In Appendix E-F, we provide more detail on the
grouping.

Figure 2 shows the most frequent tasks. Ma-
chine translation is the most popular task, fol-
lowed by question answering, natural language in-
ference, and commonsense reasoning. However,
many datasets for these tasks can be used for ques-
tion answering as well.

It might appear surprising that POS tagging and
NER are among the most frequent evaluation tasks.
While these tasks are considered largely solved for
high-resource languages such as English (Manning,

Most Common Metrics

F1 score (generic) IIIII—————_ 184
Precision (generic) I 135
Recall (generic) NG 127
Accuracy (generic) I 85
Morphology I 31
Segmentation M 27
Compression Il 21
Fertility i 20
OOV I 18
Rényi/Shannon Il 15
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# Papers

Figure 3: The frequency of the most commonly used
intrinsic metrics. Metrics marked with (generic) can re-
fer to multiple task. Some metrics are grouped together
when they are measuring similar things (e.g., morpho-
logical boundary recall and precision).

2011; Strubell et al., 2017), they still occur fre-
quently for several reasons: they are simple to set
up and evaluate, have been widely used in inter-
pretability studies (Belinkov, 2022), and remain
challenging for low-resource languages. Since our
corpus covers the last ten years, it is not surprising
to see them. However, as tokenization research
moves toward LLM-focused settings, we expect
these tasks to become less common in future work.

Figure 3 shows the most frequent intrinsic met-
rics. F1, precision, recall and accuracy are the four
most widely used metrics overall, as they apply
across a wide range of tasks and are straightfor-
ward to compute. Then, we see metrics specific to
tokenization. In particular, metrics evaluating mor-
phology or, more in general, segmentation. Other
notable metrics include compression metrics (like
fertility (Rust et al., 2021)), out-of-vocabulary rate
and distribution metrics such as Rényi efficiency
(Zouhar et al., 2023).

From the validation set, we notice that three pa-
pers mention datasets instead of tasks, and one
paper over-generalized a task. For the intrinsic met-
ric, the LLM fails to recognize the metrics in two
cases; in one case, it reports the right acronym but
the wrong name; and in another case, the metrics
are incorrect.

4 Languages

Multilinguality is a central concern in tokeniza-
tion research, as already suggested by the popu-
larity of translation in the previous section. At
the same time, the NLP field is known to be bi-
ased towards English (Schwartz, 2022). We extract
the languages mentioned in each paper, without
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distinguishing whether a language is the primary
focus or simply used for evaluation. We also count
programming languages as languages but do not
attribute any geographical or typological features
to them. Sometimes the language is not mentioned
explicitly, but the model is prompted to mention it
if it can be understood from the paper or to say that
is it is not specified.

Figure 4 shows that most papers focus on a single
language, though this varies across venues. ML-
oriented venues (NeurIPS, ICML, ICLR) tend to
focus on fewer languages, while *CL venues tend
to be more multilingual (with workshops special-
izing in the processing of less-resourced language
families). Still, even at *CL venues, most papers
study only one language. A small number of pa-
pers mention no language at all, which may reflect
extraction errors, a tokenization from a theoreti-
cal point of view, or work on non-linguistic data
such as protein sequences. The median number of
languages is 2 and remains stable over the years.

We align each language with Glottolog (Ham-
marstrom et al., 2025) to obtain language-family
and geographical information. Languages not
found by exact name matching are aligned man-
ually. Dialects or creoles not listed in Glottolog are
mapped to their parent language (e.g., Singaporean
English is treated as English). When geographical
information is missing, we fall back to the parent
or grandparent language in the Glottolog hierarchy.

Glottolog provides six macroareas: Eurasia,
Africa, North America, South America, Papunesia,
and Australia. Since we want to distinguish Euro-
pean from Asian languages, we split the Eurasia
macroarea accordingly. This is not straightforward
for transcontinental countries, so we consider a
language European if it is spoken in at least one
European country (see Appendix C for the list of
countries). As a result, languages spoken in the
easternmost part of Russia are classified as Euro-
pean as well. For dialects missing geographical
information, we use the parent language (e.g., Mex-
ican Spanish is treated as Spanish and classified as
European). The full list of European countries is in
Appendix C.

Some papers refer to writing systems rather than
specific languages, particularly for Chinese lan-
guages. In such cases, we still assign geographi-
cal information where possible. Similarly, when
papers mention unspecified Indian or African lan-
guages without naming them, we retain only the
geographical information.

Figure 5 shows that research is concentrated on
European languages, followed by Asian ones. We
did not retrieve any papers covering Australian lan-
guages. Regions like Papunesia receive little atten-
tion despite their language diversity. The languages
of Russia have little influence regardless of their
continental classification, as this accounts for just
12 papers. Figure 6 further shows that even papers
covering non-European languages almost always
include at least one European language, likely due
to the near-universal inclusion of English.

Figure 7 shows a similar pattern at the level of
language families: Indo-European languages domi-
nate, followed by Sino-Tibetan. This is consistent
with the broader English bias in NLP documented
by Schwartz (2022).

Figure 8 shows that English dominates over-
whelmingly, appearing in 536 papers. English ap-
pears in more than twice as many papers as Chinese
(234), the second-most-frequent language. German
(210) ranks third, substantially ahead of French
(144) and Japanese (141); this likely reflects both
the strong German NLP research community and
the historical centrality of German in machine trans-
lation benchmarks (Kocmi et al., 2025, inter alia).
The dominance of national and official languages
confirms the field’s bias, with minority and low-
resource languages largely absent from the most
frequent ones.

Out of the 10 papers inspected, the LLM cor-
rectly identifies the languages of 7 of them; in one
case, the languages are only briefly mentioned in
the appendix and the LLM hallucinates the lan-
guages, although some are correct; in another paper,
some languages are added; in one case, languages
are added because the paper contains specific char-
acters, even though it is not experimenting with
them.

5 The Basic Unit

Tokenization methods differ in the granularity at
which they split text. Common methods such
as BPE (Sennrich et al., 2016) and UnigramLLM
(Kudo, 2018) operate at the subword level, while
others such as ByT5 (Xue et al., 2022) and Canine
(Clark et al., 2022) use bytes or characters directly.
We prompt the LLM to extract the units discussed
in each paper, focusing on bytes, characters, sub-
words, words, morphemes, patches, or pixels, but
with the option of adding other units if relevant.
The LLM returns a list of units per paper, which

323



# Languages per Paper

300 @
) ? Venue
» wars *<CL
%200 % :((: NeurlPS
; . % ? ke i [CML
/ / mmy 7 @ ICLR
éé@’/]?//mﬂmmé CoLM

o |tmm

O 1 2 3

4 5 6 7 8 9 10+

# Languages

Figure 4: Number of languages per paper. The co-located workshops are grouped together with the main conference.
Using one language is the most frequent setting. Papers with zero languages are, for example, theoretical papers

without experiments on natural languages.

Macroareas Representation

None [ 184
Europe NN 619
Asia NN 471
Africa [l 93
North America Il47
Papunesia 39
South America 17
Australia O
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Figure 5: Frequency of each continent/macroarea. The
dotted bar represents Russia, which spans part of Asia.
None refers to cases where we could not retrieve this
information or programming languages.

we group into broader categories (see Appendix G).

Figure 9 shows that subwords are the most com-
mon unit, followed by characters and words. Byte-
based models are less frequent than character-based
ones, and morpheme-based models represent a
small niche. Word-based models are less used. The
term foken is ambiguous since it can refer to differ-
ent units depending on the context. Two categories
are harder to track reliably: pixel-based models
such as PIXEL (Rust et al., 2023), which the LLM
may confuse with other vision-language models,
and “tokenizer-free” or latent tokenization meth-
ods, where non-standard terminology (e.g., chunk
or patch) can be confused with unrelated uses of the
same terms or with papers focusing on the model
architecture.

Figure 10 shows that most papers discuss one
unit. Papers discussing multiple units typically

Continent Combinations

Europe W%, 30 2
Asia, Europe #4203
Asia § %185
Africa, Asia, Europe %% 33
None ¥ 24
Africa, Europe 13
Other (with Europe) %24 59
Other (without Europe) £ 25

0 100 200 300
# Papers

wz#zs. \\ith Europe = Without Europe

Figure 6: Sets of macroareas considered by the papers.
During grouping, None is ignored unless it is the sole
macroarea in the set. Europe is present in most of the
works.

either compare several tokenization methods or
reflect extraction noise: the LLM sometimes at-
tributes character and byte units to BPE-based
methods, since BPE builds its vocabulary from
individual characters, rather than labeling them as
subword methods.

Figure 11 shows how the use of different units
has changed over time. Here, we include papers
from 2014 to see how introducing BPE changes
the unit used. Subwords increased in popularity in
2019 following the introduction of UnigramLM
(ULM) (Kudo, 2018). Words have steadily de-
clined in favor of other methods. Characters rose
in popularity after 2016, likely as a baseline for
comparison with subword methods, but declined
again. Morpheme-based models seem to be less
popular in general, except for 2015 when most of
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Language Families

Indo-European I 644
Sino-Tibetan NN 263
Afro-Asiatic 162
Japonic 140
Turkic IEEEN125
Uralic I 120
Koreanic 107
Austronesian 79
Atlantic-Congo I 77
Austroasiatic IE71
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Figure 7: The most common language families included
in the papers.

Frequent Languages

English I 5 36
Chinese I 234
German IS 210

French N 144

Japanese IS 141

Spanish I 138

Russian I 130

Arabic N 126

Turkish 113

Korean N 107
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Figure 8: The most common languages used in the pa-
pers. Chinese is used to refer to Mandarin, Chinese writ-
ing systems, and unspecified Sino-Tibetan languages
that use these scripts.

the papers retrieved used this method. Bytes are
less common but show a gradual increase following
the introduction of ByTS5.

More broadly, by 20232025, all non-subword
units are converging to similarly low prevalence
levels, suggesting the field is consolidating around
subword tokenization to an even greater degree
than frequency counts alone imply. The rise-and-
fall arc of characters, peaking around 2016-2019,
aligns with the interest in character-level modeling
(Kim et al., 2016; Sennrich, 2017; Lee et al., 2017;
Cherry et al., 2018) that preceded the widespread
adoption of BERT-style pretraining (Devlin et al.,
2019).

To complement this analysis, we examine the
150 most popular text generation models on Hug-
gingFace, 140 of which have accessible tokenizers.
Of these, 130 use BPE, 9 use UnigramlLM, and 1
uses WordPiece (Wu et al., 2016). This suggests
that, despite the diversity of units studied in the
literature, subword tokenization, especially BPE,
has become the dominant choice in practice.

After inspecting the validation set, we note that
unit extraction is noisy. In one case, the LLM adds

Unit Frequency

Subword IS 34
Character IEEEEEE— 2 4
Word /9
Bytes mmmm60
Token (generic) W41
Morpheme EE36
Syllable 110
Phonetics 18
Other 17
Sub-character 17
Patch 16

0 100 200 300 400
# Papers

Figure 9: Frequency of the most common type of unit
used in the papers. Subwords are the most common
choice. Token is ambiguous because, depending on the
time and context, may refer to different units.

Units used
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Figure 10: Number of basic units discussed in each
paper.

one incorrect unit to the correctly detected unit;
in three cases, the LLM fails to identify subwords
when they are implied by the methods of the paper;
in one case, it fails to identify characters.

6 Related Work

Surveying tokenization. Mielke et al. (2021)
trace the history of open-vocabulary modeling from
word-level approaches to subword and character-
based methods, concluding that no single tokeniza-
tion strategy is universally optimal. More recently,
Gastaldi et al. (2025) provide a theoretical frame-
work for tokenization, characterizing formal prop-
erties such as consistency, ambiguity, and sequen-
tiality that apply across tokenization algorithms.
We are not aware of any survey that quantitatively
analyzes design decisions for tokenization across a
large body of NLP literature.

Automated and LLM-assisted literature reviews.
The use of LLMs to assist or automate system-
atic literature reviews has grown rapidly, particu-
larly in the biomedical domain, where they have
been applied to screening and structured data ex-
traction (Schmidt et al., 2024b). A collaborative
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Unit Usage Over the Years
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Figure 11: Percentage of papers using different types of units over time. Subwords gain popularity after ULM.
Characters gain popularity after BPE, but lose it in the following years. We retrieved a small number of papers from
2015, and those are morpheme-based. Words lose popularity after BPE. Bytes see an increase of popularity after
ByT5. We indicate methods (BPE Sennrich et al. (2016); ULM Kudo (2018); ByT5 Xue et al. (2022)) that might

have affected the unit used.

two-LLM approach, in which discordant predic-
tions between two models trigger cross-critique,
has been proposed to improve reliability (Khan
et al., 2025). A scoping review of the field found
results to be mixed, with roughly half of the studies
finding LLMs promising and a significant minority
finding them not yet suitable for unsupervised use
(Lieberum et al., 2025) in the biomedical domain.
Within NLP, similar pipelines have been used to
study field-wide trends: Kostikova et al. (2025)
combine keyword filtering with LLM-based classi-
fication to survey research on LLM limitations, and
Calderon and Reichart (2025) apply a comparable
approach to model interpretability research. Our
work follows the same methodology, extending it
to the field of tokenization research.

7 Conclusions

We employed an LLM-based methodology for
large-scale literature analysis and apply it to sur-
vey a decade of NLP research on text tokenization.
Processing over 100,000 papers, we extract and an-
alyze four dimensions: the languages studied, the
evaluation tasks and intrinsic metrics used, and the
granularity of the tokenization units considered.
Our analysis reveals that despite apparent mul-
tilinguality, the corpus exhibits a strong English
and Eurocentric bias, with minority and low-
resource languages largely absent (Joshi et al.,

2020; Schwartz, 2022; Kreutzer et al., 2022). En-
glish appears in more than twice as many papers as
Chinese, the second-most-frequent language. This
also highlights a broader tension between high and
low-resource languages. While improving NLP
for low-resource languages has important linguis-
tic and social value (Magueresse et al., 2020; Bird,
2020), industry incentives favor high-resource lan-
guages with larger user bases (Petrov et al., 2023;
Nag et al., 2024).

We also observe a gap between research and
practice: while the literature explores a wide range
of tokenization granularities—including characters,
bytes, morphemes, and pixels—an analysis of the
150 most popular text generation models on Hug-
gingFace reveals that BPE subword tokenization
accounts for 93% of deployed models. This gap
may reflect infrastructural inertia (Alqahtani et al.,
2026) rather than inherent superiority: ByT5 (Xue
et al., 2022) and PIXEL (Rust et al., 2023) demon-
strate competitive performance in many settings,
and the consolidation around BPE creates system-
atic blind spots, particularly for low-resource lan-
guages and scripts (Rust et al., 2021) where byte-
or character-level representations may be more ap-
propriate.

Our findings suggest several directions the com-
munity might prioritize: the development and stan-
dardization of intrinsic evaluation benchmarks for
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tokenization, given that tokenization-specific met-
rics such as fertility and Rényi efficiency remain
rare; and greater investment in tokenization for non-
European scripts where subword methods are least
well suited. The dataset we release is intended to
support further quantitative analysis of tokeniza-
tion research and to make future surveys of this
kind easier to conduct and verify.

Limitations

The paper selection and the insights are affected
by the LLM section, the prompt used, and the sam-
pling method. While we try to mitigate hallucina-
tions, we cannot reliably check every paper. Also,
we used only a single model. Moreover, venue se-
lection can bias the results, and we may introduce
additional biases when grouping languages, tasks,
and metrics.

Ethical Considerations

We do not anticipate any negative ethical implica-
tions arising directly from this study.

ACL Anthology has a license CC-BY 4.0°.
OpenReview metadata has license CCO 1.0°, while
the papers have license CC-BY 4.0, CC BY-NC
4.07, CC BY-NC-ND 4.08, CC BY-NC-SA 4.0,
CC BY-ND 4.0'%, CC BY-SA 4.0'!, CC0 1.0'2,
or none. These papers are used exclusively for re-
search purposes, and material derived from papers
with No derivatives clause is removed from the
data release.

all-mpnet-base-v2 and gpt-oss-120b have
license Apache 2.0'3.

The paper dataset is not anonymous, as it con-
tains research papers. Given a paper title, abstract,
or URL, it is possible to retrieve the authors. How-
ever, this information is already public and widely
available.

Shttps://creativecommons.org/licenses/by/4.0/

®https://creativecommons.org/publicdomain/
zero/1.0/
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A LLM Hyper-parameters

For filtering, we use the model through Hugging-
Face’s transformers text-generation pipeline. We
needed up to eight MI210 AMD GPUs with 64GB
of memory each.

* Model: openai/gpt-o0ss-120b

e dtype: auto (bfloat16 and uint8)

* do_sample: False

* max_new_tokens: 1024

For extracting information, we use the same
model locally hosted, with the following decod-
ing parameters:

e temperature: 0.8

* top-k: 40

* top-p: 0.9

B Prompts

These are the prompts used for filtering the pa-
pers and extracting information. The placeholders
TITLE, ABSTRACT, and CONTENT refer to the spe-
cific paper we are processing.

Filtering

System. You are a helpful assistant. Your
task is to decide whether the following pa-
per is about text tokenization. This includes
tokenization, subword segmentation, tok-
enizer free methods, pixel language models,
etc. You are given the title and abstract of
the paper.

User. The title is: 'TITLE'"

The abstract is: '"ABSTRACT'.

Answer only with '"Yes'or 'No'.

Filtering (Tokenizer-free)

System. You are a helpful assistant. Your
task is to decide whether the following pa-
per is about tokenizer-free methods for text
tokenization. You are given the title and
abstract of the paper.

User. The title is: 'TITLE'".
The abstract is: 'ABSTRACT".
Answer only with '"Yes'or 'No'.

\

Extract languages

System. You are a helpful assistant. Your
task is to identify the languages that are used
in the experiments of a research paper on
text tokenization, based on the paper’s title
and content. Answer only with the list of
languages, each on its own line formatted as
* {language}'. If no language is specified,
answer with 'Not specified'. If the languages
is not explicitly specified but can be inferred
from the content, add '(inferred)' after the
language name.

User. The title is: 'TITLE'".

The content is: 'CONTENT'.

List all the main languages that are used in
the paper. Do not add any explanation.

\

Evaluation — Extrinsic (Tasks)

System. You are a helpful assistant. Your
task is to determine if the text tokenizer de-
scribed in the paper is evaluated extrinsi-
cally, and if so, identify the downstream
tasks used for evaluation, based on the pa-
per’s title and content. Answer only with a
list of the downstream tasks, each on its own
line formatted as "* {task}'. If the paper does
not perform extrinsic evaluation, answer
with 'No'. Examples of downstream tasks
include: language modeling, machine trans-
lation, part-of-speech tagging, etc. While
examples of intrinsic metrics include: fer-
tility, morphological accuracy, tokenization
parity, etc.

User. The title is: 'TITLE'.

The content is: 'CONTENT".

Is the text tokenizer described in the
paper evaluated extrinsically? If so,
what are the downstream tasks used for
evaluation? Answer only with a list of the
downstream tasks, each on its own line
formatted as '* {task}'. If the paper does
not perform extrinsic evaluation, answer
with 'No'.
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Evaluation — Intrinsic

System. You are a helpful assistant. Your
task is to determine if the text tokenizer
described in the paper is evaluated intrin-
sically, and if so, identify the evaluation
metrics used, based on the paper’s title and
content. Answer only with a list of the eval-
uation metrics, each on its own line format-
ted as * {metric}'. If the paper does not
perform intrinsic evaluation, answer with
'No'. Examples of intrinsic metrics include:
fertility, morphological accuracy, tokeniza-
tion parity, etc. While examples of extrinsic
downstream tasks include: language mod-
eling, machine translation, part-of-speech
tagging, etc.

User. The title is: 'TITLE'.

The content is: 'CONTENT'.

Is the text tokenizer described in the
paper evaluated intrinsically? If so, what
are the evaluation metrics used? Answer
only with a list of the evaluation metrics,
each on its own line formatted as '*
{metric}'. If the paper does not perform
intrinsic evaluation, answer with 'No'.

\. J

Extract units

System. You are a helpful assistant. Your
task is to identify the basic unit of analysis
a text tokenizer uses, based on the paper’s
title and content. The possible options are:
bytes, characters, subwords, words, mor-
phemes, patches, pixels, or other (specify).
Answer only with a list of the most appro-
priate units, each on its own line formatted
as "* {unit}'.

User. The title is: 'TITLE'.

The content is: 'CONTENT".

What is the basic unit of analysis
used by the text tokenizer described in
the paper? Answer only with a list of the
most appropriate units, each on its own line
formatted as "* {unit}'".

L

C List of European Countries

We include the following countries: Albania, An-

dorra, Austria, Belarus, Belgium, Bosnia and

Herzegovina, Bulgaria, Croatia, Cyprus, Czechia,
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Denmark, Estonia, Finland, France, Germany,
Greece, Hungary, Iceland, Ireland, Italy, Latvia,
Liechtenstein, Lithuania, Luxembourg, Malta,
Moldova, Monaco, Montenegro, Netherlands,
North Macedonia, Norway, Poland, Portugal, Ro-
mania, San Marino, Serbia, Slovakia, Slovenia,
Spain, Sweden, Switzerland, Ukraine, United King-
dom, Vatican City.

D Data Sources

*CL papers are accessed through the ACL Anthol-
ogy'*. NeurIPS papers are from the NeurIPS pro-
ceedings'>. All remaining papers are publicly ac-

cessible from OpenReview'.

E Task Normalization

We convert the task names to lowercase and remove
parentheses with explanations and formatting. The
normalization and grouping are based on tasks (and
datasets) that appear at least 5 times. We obtain the
tasks from the model’s answer instead of starting
from a predefined list of tasks. Then, we first assign
a task if the string contains any of the following
terms, in order (the task name is in bold):
* word segmentation: word segmentation
¢ machine translation: translation, —
 part-of-speech tagging: tagging
* named entity recognition: entity recognition
* dependency parsing: dependency
* sentiment analysis: sentiment
* language modeling: modeling
 natural language inference: inference
* summarization: sum
* similarity (generic): similarity
* question answering: question answer
* text classification: text classification, topic
classification
* automatic speech recognition: automatic
speech recognition
* lemmatization: lemmatization
* commonsense reasoning: common sense,
commonsense
* code generation: code generation
» paraphrase detection: paraphrase
* character tasks: character
* math: math
* linguistic judgment: acceptability
* reading comprehension: comprehension
14https://aclanthology.org/
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Then, we check for common abbreviations:

* machine translation: mt

* part-of-speech tagging: pos

* named entity recognition: ner

* language modeling: Im

* question answering: qa

¢ natural language inference: nli

e summarization: sum

Finally, we assign datasets to the tasks if they

are not covered by the previous steps.

¢ machine translation: wmt, flores

* natural language inference: xnli, mnli, gnli,
wnli, rte, nli

* question answering: mmlu, boolq, arc, open-
bookqa, triviaqa, truthfulqa

¢ sentiment analysis: sst

* commonsense reasoning: commonsenseqa,
hellaswag, piqa, winograd, copa

* language modeling: lambada

* code generation: mbpp, humaneval

 paraphrase detection: paws, qqp, mrpc

 character tasks: cute

* math: gsm8k, math

* linguistic judgment: cola, blimp

o similarity: sts

e summarization: cnn

 reading comprehension: squad, xquad, race,
drop, quad

F Metric Normalization

We convert the metrics names to lowercase and
remove parentheses with explanations and format-
ting. The normalization and grouping are based on
the metrics that are mentioned at least twice.

We normalize the text and remove the dash char-
acter. We also group some specific metrics with
their more generic variants. Therefore, we remove
top, @, numbers, and the following strings: mean,
average, averaged, macro, micro, normalized, over-
all, full, avg, exact, perfect, proportion of, number
of, and, percentage of, pos tagging, part of speech
tagging, ner, pos. Out-of-vocabulary is changed to
oov.

We assign the units (in bold) if the string is any
of the following:

* precision (generic): precision, p

* recall (generic): recall, in vocabulary recall, r

* f1score (generic): f1, f1 score, f score, fscore,

f measure, word f1, f, f1 measure, f 1 score

* accuracy (generic): accuracy, acc, token

level accuracy, word accuracy, sentence ac-
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curacy, exponent accuracy, classification ac-
curacy, form accuracy, error rate, a, sequence
accuracy

oov: oov recall, oov rate, out of vocabulary
recall, out of vocabulary rate

exact match: match, sentence level match,
match accuracy

rényi/shannon: rényi entropy, renyi entropy,
rényi efficiency, renyi efficiency, shannon effi-
ciency, description length

correlation: spearmans p, spearmans rank
correlation, spearman correlation

fertility: fertility, subword fertility, tokens per
word, subwords per word

distance: edit distance, levenshtein distance
morphology: boundary precision, bound-
ary recall, boundary f1, boundary accuracy,
boundary precision recall, morphscore, mor-
pheme precision, morpheme recall, mor-
pheme f1, morpheme accuracy, morpholog-
ical coverage, emma, emma 2
segmentation: segmentation accuracy, seg-
mentation precision, segmentation recall,
word segmentation f1, tokenization f1, seg-
mentation f1, split prediction accuracy, sen-
tence segmentation f1

perplexity: perplexity, ppl, language model-
ing loss, pseudo perplexity

tokenization parity: tokenization parity, par-
ity

overlap/similarity: overlap, jaccard similar-
ity, vocab overlap, frequency weighted over-
lap, cosine similarity, dice coefficient

token length: token length distribution, token
length, subword length

token count: tokens, corpus token count, se-
quence length

compression: compression rate, compression
ratio, bits per byte, bytes per token

coverage: coverage, vocabulary coverage, vo-
cabulary usage

vocabulary size: vocabulary size
type-token ratio: type token ratio

cognitive plausibility: cognitive plausibility
bleu: bleu, bleu score

auc: auc

visual task: Ipips

rank: rank

continued words: continued words



G Unit Normalization

First, we convert to lowercase. Then we split on
newlines or commas and remove potential bullet
points and lists. We a limited number of units, so
we manually group them. We assign the units (in
bold) if the string is any of the following:

* morpheme: affix, inflectional group, mor-
pheme, morphemes, morpheme-like units,
root token, suffix token, template stem to-
ken, prefix token, morpheme-like units, affix
(clitic), base (stem), inflectional group (ig),
paradigm components (roots suffixes), sub-
word (morpheme), sub-segment (morpheme),
subwords (morphemes)

* syllable: orthographic syllable, syllable, syl-
lable units, syllables

* bytes: byte, bytes, byte-level units, utf-8 byte,
byte (utf-8), byte-level units (fallback)

¢ character: character, characters, chinese char-
acter, japanese character, grapheme, indi-
vidual character, individual characters, uni-
code character, unicode code point, charac-
ter n-grams, character sequence, character
trigrams, character (as the smallest element
that can be split), character (grapheme), char-
acter (hangul syllable), character (including
inline flags), character (symbol), character
(unicode code point), character n-grams (sub-
word sequences), character trigrams (char-
acter n-grams), characters (bytes), charac-
ters (graphemes), chinese character (han),
grapheme (grapheme cluster), individual char-
acters (fallback), symbol, symbol (i.e., a char-
acter from the source alphabet), symbols, uni-
code character (code point)

* sub-character: jamo, sub-characters, sub-
character, sub-character, sub-characters,
cv (jamo: consonant-vowel), jamo (indi-
vidual hangul sub-character components),
sub-character (ideograph), sub-character
(stroke), subwords (jamo)

* word: gloss, lemma, whitespace delimiter,
word, word token, words, word-form, space
character, 17, bigram (two-word colloca-
tion), lemma (base form of a word), words
(space-delimited tokens), word-form (candi-
date segment), trigram (three-word colloca-
tion), token (word), unigram (single word),
word (eojeol)

* none: none

e subword: subword, subword token, sub-

333

word tokens, subword unit, subword units,
subwords, word-piece, wordpiece, word
piece, subword (bpe token), subword (bpe)
token, subword (byte-pair) token, sub-
word (byte-pair-encoded) token, subword
(sentence-piece), subword (subword token),
subword (token), subword (word piece), sub-
word (wordpiece token), subword (word-
piece), subword (wordpiece) token, subword
(wordpiece) tokens, subword (word-piece),
subword (word-piece) token, subword to-
ken (bpe), subword token (bpe-derived), sub-
word token (byte-pair encoding), subword
token (e.g., bpe/wordpiece unit), subword
(character-level) units, subword (character
n-gram), subword (e.g., bpe/wordpiece), sub-
word token (word-piece), subword tokens
(bpe), subword tokens (subtokens), subwords
(bpe), subwords (byte-pair encoding), sub-
words (subtokens), subwords (token-piece to-
kens), token (subword token), tokens (sub-
words), wordpiece (subword)

token (generic): token, token chunk, token
pairs, tokens, special token (e.g., <cite>)
phonetics: phoneme, phonemes, acoustic
tokens, short-time audio frames, acoustic
tokens (vector-quantized codes), intonation
units (prosodic speech segments), short-time
audio frames (e.g., 10 ms windows)
biological: amino-acid substitution token,
nucleotide, protein family token, single nu-
cleotide, standard amino-acid token, rna fam-
ily token, intonation units, amino-acid substi-
tution token (e.g., a—v), k-mer, k-mer (con-
tiguous subsequence of nucleotides, variable
length 1-10), nucleotide (single base), pro-
tein family (pfam) token, rna family (rfam)
token, standard amino-acid token (canonical
residue), subword token (variable-length nu-
cleotide fragment)

sentence: sentence, phrase, phrase tokens,
phrase (multi-word token), phrase (n-gram)
tokens, text chunks (e.g., sentences or
fixed-length spans of tokens)

* image: image patch
* patch: patches, other (continuous values)
* pixels: pixels



