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Abstract

Tokenization quality varies significantly across
languages, contributing to disparities in LLM
performance and cost for speakers of less-
resourced languages – a phenomenon known as
the “token premium” problem. Despite grow-
ing research interest, no existing tool provides a
comprehensive intrinsic evaluation of tokeniz-
ers paired with interactive visualization. We
present TokCollate (pronounced similarly to
chocolate), a Python-based evaluation frame-
work combined with a JavaScript visualization
interface that addresses this gap. TokCollate im-
plements a wide range of intrinsic metrics, in-
cluding monolingual measures such as average
token length and Rényi/Shannon efficiency, and
cross-lingual measures such as vocabulary over-
lap, Jensen-Shannon divergence, alignment-
based Eflomal scores, and length ratios. It fur-
ther enables analysis across language groups
defined by genealogical families, scripts, geo-
graphic regions, speaker populations, and es-
timated data availability. TokCollate is open-
source under the MIT license and available on
GitHub.1

1 Introduction

Tokenization is a fundamental preprocessing step
in modern natural language processing (NLP), con-
verting raw text into discrete units from a final
set that serve as the basic inputs to language mod-
els (Sennrich et al., 2016; Kudo and Richardson,
2018). In practice, however, tokenization quality
varies dramatically across languages, with practical
consequences for the performance and accessibility
of large language models (LLMs).

A particularly pressing manifestation of this dis-
parity is the so-called token premium (Ahia et al.,
2023): because tokenizers trained predominantly
on English and other high-resource languages tend
to segment low-resource language text into longer

1git@github.com:ufal/TokCollate.git

subword sequences, speakers of those languages
face higher computational costs and API prices
for the same amount of information. Longer tok-
enizations have also been linked to degraded model
performance (Rust et al., 2021; Petrov et al., 2023),
as models must process more tokens to represent
equivalent semantic content, straining context win-
dows and attention mechanisms.

Interest in tokenization has grown substantially
in recent years, with work examining cross-lingual
tokenization quality (Rust et al., 2021), the relation-
ship between tokenization and translation quality
(Domingo et al., 2019), and cross-lingual trans-
fer (Limisiewicz et al., 2023). However, tools for
systematic tokenizer evaluation remain fragmented
and do not focus on structured cross-lingual com-
parison.

We present TokCollate, a comprehensive tool
that combines multiple intrinsic evaluation met-
rics, interactive visualization, and cross-language
and cross-tokenizer comparisons in a single unified
framework. TokCollate consists of a Python-based
evaluation CLI and a web-based visualization in-
terface with a React + TypeScript frontend and a
Python Express backend.

It implements both monolingual metrics, such as
average token length, Shannon entropy, and Rényi
efficiency (Zouhar et al., 2023), and cross-lingual
metrics including vocabulary overlap, Jensen-
Shannon divergence (Limisiewicz et al., 2023),
alignment-based Eflomal scores (Hämmerl et al.,
2025), and length ratios between parallel texts.

Users can aggregate and explore results by lan-
guage characteristics such as script, genealogical
family, or resource level, making it straightforward
to identify which language communities are most
affected by a given tokenizer design.

TokCollate is released as open-source software
under the MIT license.
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Figure 1: TokCollate architecture overview and its components: evaluation framework and the evaluation result
visualizer.

2 System Overview

The current version of TokCollate2 consists of two
independent parts: the evaluation script and the
evaluation result visualizer. The intended use is
to first run the evaluation framework on the given
set of tokenizer outputs, and then inspect the evalu-
ation results using the visualizer. Figure 1 shows
the basic workflow.3Although the evaluation and
visualization components are meant to be used to-
gether, they can also be used independently since
the visualizer accepts any evaluation results that
conform to the expected output data structure.

Evaluation Script is implemented in Python and
used to evaluate tokenization outputs (we do not
currently support direct tokenization execution)
from a set of user-defined tokenizers and languages
(including their respective tokenization output files)
against a selected set of metrics. Using YAML syn-
tax, the user provides a configuration for the Scorer
object, including the evaluation input (the location
of the tokenized outputs), the output directory, to-
kenizer labels, languages, and metrics. Based on
the configuration, the tokenizer outputs are loaded
by the Data handler object, which provides an in-
terface for TokCollate to access the outputs. The
scorer then computes results for each Metric in-
stance defined in the configuration file (a single
metric can be instantiated multiple times with vary-
ing parameters), producing a matrix of evaluation
results.

TokCollate currently provides a wide range of
metric implementations and supports straightfor-

2https://github.com/ufal/TokCollate
3A live visualizer demo is currently available at https:

//quest.ms.mff.cuni.cz/tokcollate/.

ward extension via the Metric abstract class inter-
face.

Lastly, the evaluation results are stored in the
output directory, including the evaluation metadata
(JSON file), the result matrices (a single NPZ file),
and (optional) language information metadata.

Appendix A provides more details on the config-
uration of the evaluation script and the configura-
tion file structure.

Evaluation Result Visualizer is a web applica-
tion to visualize the tokenizer evaluation results
collected by the evaluation framework. The visual-
izer frontend is a React + TypeScript single-page
app, and the Express.js server handles data loading
and transformations.

In the web app, the user selects the directory
containing the evaluation results via the Import
Data button, which loads them into the visualizer.
Then, they can select from the available visualiza-
tions (called Figure Type) and select the visual-
ization parameters, including the set of tokenizers
and languages. If the import directory contains
languages_info.json file with language details,
they can further filter selected languages based on
their characteristics. The current version of TokCol-
late supports tabulating evaluation results and visu-
alizing the correlation between metric pairs. The
modular design enables straightforward extension
to additional visualization styles by subclassing the
GraphType class. After selecting the data directory,
the user can visualize the individual metric results
using the available figure types. A key feature of
the visualizer is robust language filtering, which al-
lows detailed inspection of metric behavior across
language families, writing scripts, and other group-
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ings. While providing robust language filtering,
the user can define their own language information
files and pass them to TokCollate if needed.

The current figure configuration can be saved as
a PNG file using the Export Graph button.

2.1 Evaluation Metrics

TokCollate implements two classes of intrinsic eval-
uation metrics: monolingual metrics computed per
language and cross-lingual metrics computed over
language pairs.

Supervised intrinsic metrics such as morpholog-
ical alignment (Uzan et al., 2024; Batsuren et al.,
2024) or cognitive plausibility (Beinborn and Pin-
ter, 2023) are outside our scope, as they require
gold-standard annotations, which are unavailable
for most of the languages we target.

Monolingual Metrics. Corpus Token Count
(CTC) measures the total number of tokens required
to encode a given corpus (Schmidt et al., 2024); we
also report character-per-token and fertility (aver-
age tokens per whitespace-delimited word; Rust
et al., 2021) as normalized variants.

Rényi Efficiency and Shannon Entropy are imple-
mented based on the tokenization scorer of Zouhar
et al. (2023).4 Rényi Efficiency measures the op-
timality of the token frequency distribution, pa-
rameterized by α, which controls sensitivity to
distributional tails. Higher α values have been
reported to correlate with downstream machine
translation quality, though this relationship is not
reliable across settings (Cognetta et al., 2024; Li-
bovický and Helcl, 2024).

Compression-based metrics have been empiri-
cally linked to downstream performance (Goldman
et al., 2024; Gallé, 2019), though this correlation is
not universal (Schmidt et al., 2024).

Additionally, TokCollate supports supervised
metrics that allow a comparison of the tokenized
text with reference segmentation. For the evalu-
ation of morphological plausibility, we provide a
subset of languages from the FLORES-200 dataset,
segmented automatically using morphosegmenta-
tion models described by John et al. (2026).

Cross-lingual Metrics. Vocabulary Overlap
measures the proportion of subword types shared
between the vocabularies induced for two lan-
guages; low overlap suggests that the tokenizer

4https://github.com/zouharvi/
tokenization-scorer

vocabulary serves the two languages largely inde-
pendently, which may hinder cross-lingual transfer
(Limisiewicz et al., 2023).

Jensen-Shannon Divergence (JSD) is a symmet-
ric measure of similarity between token frequency
distributions of two languages (Limisiewicz et al.,
2023) that, unlike vocabulary overlap, accounts for
how frequently shared tokens are actually used.

Eflomal Alignment Score uses word alignment
(Hämmerl et al., 2025) to estimate the degree
to which tokens in parallel sentences correspond
across languages, with higher scores indicating
more consistent segmentation, which is generally
beneficial for cross-lingual transfer. Because com-
puting word alignment between all language pairs
might be too slow for many languages, we also
add mean cross-lingual point-wise mutual informa-
tion as a fast approximation of cross-lingual token
alignability.

Length Ratio on parallel text measures the ra-
tio of token counts between source and target sen-
tences (Petrov et al., 2023), with large deviations
from 1.0 directly quantifying the token premium
(Ahia et al., 2023).

All metrics can be computed over any parallel
corpus. We recommend FLORES+ for its broad
language coverage, which enables consistent cross-
language and cross-tokenizer comparison across a
large number of languages. Metrics requiring only
tokenized text can be computed for any language
in the corpus; alignment-based metrics additionally
require parallel sentence pairs and are therefore
restricted to language pairs present in the chosen
corpus.

2.2 Language Information
We assembled a language knowledge base derived
from the FLORES+ dataset (Perez-Ortiz et al.,
2024), which serves as the primary source of lan-
guage coverage in TokCollate. Languages are iden-
tified by their ISO 639-3 codes and ISO 15924
script codes; where language variants require fur-
ther disambiguation, we additionally use Glot-
tolog codes (Nordhoff and Hammarström, 2011).
Speaker population estimates and continent-of-
origin annotations are sourced from WikiData
(Vrandecic and Krötzsch, 2014).

Genealogical classification is retrieved via the
Glottolog API, grouping languages into the fol-
lowing families: Afro-Asiatic, Artificial Lan-
guage, Atlantic-Congo, Austroasiatic, Austrone-
sian, Aymaran, Dravidian, Indo-European, Japonic,
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Figure 2: Screenshot from the visualization: A plot comparing average token length and Rényi entropy of the
tokenizers and four languages.

Kartvelian, Koreanic, Mande, Mongolic-Khitan,
Nakh-Daghestanian, Nilotic, Quechuan, Saharan,
Sino-Tibetan, Tai-Kadai, Tupian, Turkic, and
Uralic.

For resource stratification, we adopt the six-tier
taxonomy of Joshi et al. (2020), which ranks lan-
guages by the availability of linguistic and raw
text resources as of 2020. Tier 5 comprises seven
high-resource languages (English, Spanish, Ger-
man, Japanese, French, Modern Standard Arabic,
and Mandarin Chinese), while Tier 0 languages
have only minimal resources. We note that the orig-
inal tier assignments are partially ambiguous, as
the language names in Joshi et al. (2020) do not
always correspond to the canonical English names
used in Glottolog or Wikipedia, so we match some
of the names manually.

We also include a coarse morphological typol-
ogy classification, distinguishing agglutinative, fu-
sional, and isolating languages. This classification
was constructed manually from Wikipedia descrip-
tions, as no comprehensive, machine-readable re-
source covering all languages in our knowledge
base is currently available.

Finally, we include an estimate of each lan-
guage’s data availability, approximated by the
amount of data for that language in the FineWeb2
corpus (Penedo et al., 2024). FineWeb2 is derived
from the full Common Crawl and is broadly rep-
resentative of multilingual web content, making it
a suitable proxy for a language’s presence in the
pretraining data of contemporary LLMs.

2.3 Visualization Interface

The interface is divided into three sections: the top
menu, the right-side figure configuration panel, and
the left-side figure rendering area. Figure 2 shows
the browser interface layout.

The top menu provides options for loading eval-
uation results and exporting figures. The right-side
configuration menus are used to configure the ren-
dered figure. The user can select a figure type and
a subset of tokenizers and languages; these options
are common to all figure types. Languages can be
selected either directly from the language list or by
applying a combination of filters. In the current re-
lease, TokCollate supports two figure types: Metric
Table and Metric Pair Correlation.

Metric Table is the primary method for visual-
izing evaluation results. It displays a table for a
given metric, with a selected set of tokenizers and
languages (or language pairs for pairwise metrics).
The user can sort the table by any selected row or
column. Individual cells are color-coded by their
values, making it easier to assess relative differ-
ences across tokenizers and languages.

Metric Pair Correlation displays a scatterplot
that helps inspect the correlation between two se-
lected metrics. In addition to the common con-
figuration, the user can choose from various data-
point color groupings (tokenizers, languages, etc.)
and toggle the display of the correlation trendline
(global or per group).

Tokenized Text enables side-by-side comparison
of texts tokenized by various tokenizer or across dif-
ferent languages. Besides the tokenizer/language
selection, similar, to other visualization types, the
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Figure 3: Screenshot from the visualization: Displaying selected lines (Czech Flores) tokenized by two different
tokenizers (Gemma-2 and Gemma-3). Scrolling over a token highlights all its instances in the displayed text
selection.

user can also select the span of lines to be displayed.
Furthermore, hovering the mouse cursor over a to-
ken in the displayed texts shows all instances of
this token, allowing better identification of the dif-
ferences between the displayed tokenizations. Fig-
ure 3 shows the tokenized text visualization.

3 Use Cases and Target Audience

TokCollate is designed for three broad user groups:
researchers, NLP engineers, and educators.

Researchers studying multilingual NLP can use
TokCollate to systematically compare tokenizers
across languages, identify which language com-
munities are most affected by a given tokenizer
design, and investigate the relationship between
tokenization properties and model behavior. The
combination of multiple metrics and language char-
acteristic groupings makes it straightforward to test
hypotheses, for example, about the effects of script
or morphological type on fertility or compression
rate.

NLP engineers selecting tokenizers for multi-
lingual applications can use TokCollate to identify
languages for which a candidate tokenizer performs
poorly before committing to it in a production
pipeline. The interactive interface allows filtering
and sorting by language, metric, and grouping vari-
able, making it practical to diagnose tokenization
issues for a specific target language set.

Educators can use the visualization interface to
demonstrate tokenization disparities interactively.
The interface requires no local installation on the
student side. The instructor deploys the visualizer
once, after which students can access it directly in

Figure 4: A screenshot of table visualization from the
interface showing Rényi efficiency and token length
for Tier 4 agglutinative languages. The rows are order
by the values of Basque (eus_Latn), the columns are
ordered by the values for DeepSeek-V3.

a web browser. This, combined with support for ex-
ploratory analysis, makes it suitable for classroom
use or assignments in which students compare tok-
enizers across language families or resource levels.

4 Case Study

To demonstrate the capabilities of TokCollate, we
investigate how the writing system constrains the
token premium by comparing average bytes-per-
token and Rényi Efficiency for agglutinative lan-
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guages across all six tiers of the taxonomy in Joshi
et al. (2020). We evaluate the following mod-
els: Llama-3.3 (Grattafiori et al., 2024), Llama-
4 (Meta AI, 2025), DeepSeek-V3 (DeepSeek-AI
et al., 2025), GLM-4.5 (Team et al., 2025), Yi-1.5
(AI et al., 2025), Mistral-3 (Mistral AI, 2025), and
Grok-2 (xAI, 2024). Figure 4 shows the Rényi
efficiency and average token length for Tier 4 ag-
glutinative languages as a representative example.

For Tier 5 languages, Llama-3.3 and Llama 4,
DeepSeek-V3, GLM-4.5, and Grok-2 allocate more
than 4 bytes per token on average, yielding Rényi
Efficiencies of over 0.5 for Japanese.

Llama-4 and Yi-1.5 encode Korean in the
Hangul script, with 4.6 bytes per token in Tier 4.
This is consistent with the fact that Korean sylla-
ble blocks each occupy exactly one Unicode code
point (3 bytes in UTF-8), so a three-syllable word
requires 9 bytes in UTF-8. The contrast between
these two models appears in their byte-per-token
allocation for agglutinative languages using Latin
scripts: Llama-4 consistently allocates around 3.5
bytes per token, while Yi-1.5 drops to approxi-
mately 2 bytes per token. Despite this difference,
their Rényi Efficiencies remain in a broadly similar
range.

In Tier 3, DeepSeek-V3, Mistral-3, and Llama-4
exhibit broadly similar behaviour, allocating more
bytes across all languages with a nuanced bias to-
ward non-Latin scripts. Yi-1.5, by contrast, treats
Tier 3 languages no differently from Tier 4, show-
ing little sensitivity to script type. Tier 2, which
consists entirely of Bantu languages written in
Latin script, sees all models converging on a nar-
rower range of roughly 2–3 bytes per token, which
is unsurprising given the script’s compact Unicode
representation.

For Tiers 1 and 0, covering Sino-Tibetan, Turkic,
and Dravidian languages, the models largely reiter-
ate the Tier 3 patterns, again allocating more bytes
to non-Latin scripts. Tamil characters span the Uni-
code range U+0B80–U+0BFF, requiring 3 bytes per
code point; since each grapheme requires, on aver-
age, approximately 2 Unicode code points, a single
Tamil grapheme costs roughly 6 bytes in UTF-8,
twice the cost of a Korean syllable block.

The overall findings indicate that the token pre-
mium is driven by the interaction between the writ-
ing system and tokenizer design, rather than by
the resource tier alone. The tier taxonomy is a
weak predictor of byte allocation; what matters is
whether a language uses a script that maps effi-

ciently onto a model’s vocabulary.
The disparity between average bytes-per-token

and Rényi Efficiency values also highlights an im-
portant distinction between tokenizer design and
quality. For Japanese and Korean, higher bytes-per-
token paired with higher Rényi Efficiency suggest
a more diverse and well-utilized vocabulary: their
writing systems compress substantial semantic con-
tent into dense characters, which helps the tok-
enizer recover linguistically motivated boundaries.
For Tamil, however, Llama-4 and DeepSeek-V3 al-
locate 4–5 bytes per token on average and achieve
a Rényi Efficiency of roughly 0.7, yet the tokeniza-
tion may produce grapheme-level tokens that do
not correspond to morpheme boundaries. These
results illustrate that writing system properties, tok-
enizer training, and language morphology interact
in non-trivial ways, with substantive implications
for tokenizer quality.

5 Related Work

Several tools for tokenizer evaluation exist, but
each addresses only a subset of the metrics and use
cases that TokCollate targets.

TokEval5 (Meister, 2025) is a Python command-
line framework restricted to HuggingFace tok-
enizers. It implements basic metrics (compres-
sion rate, fertility, token length, type-token ra-
tio), information-theoretic metrics (Rényi entropy,
vocabulary utilization, average token rank), mor-
phological metrics via MorphScore (Arnett et al.,
2025), and a cross-lingual Gini coefficient for com-
pression equity. It produces static plots and LaTeX
tables but does not offer interactive visualization,
and because it includes supervised morphological
metrics, evaluation is tied to a fixed set of languages
with available annotated data.

TkTkT6 (Bauwens, 2025) is primarily a library
of subword tokenizer implementations rather that
implements a broad range of evaluation metrics.
Its evaluation module covers fertility, morphologi-
cal boundary precision and recall, Rényi efficiency,
window-based metrics (MATTR), bigram metrics
(accessor variety), and pairwise tokenizer compar-
isons.

Qtok7 (Chelombitko et al., 2024) takes a
vocabulary-centric approach: it classifies vocab-
ulary tokens by Unicode range, script, and surface

5https://github.com/cimeister/
tokenizer-analysis-suite

6https://github.com/bauwenst/TkTkT
7https://github.com/nup-csai/Qtok
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form (space-initial vs. word-internal, alphabetic
vs. other), and uses these distributions as prox-
ies for multilingual coverage. It does not compute
corpus-level metrics such as fertility, length ratios,
or information-theoretic measures, and provides no
interactive visualization.

Several single-metric tools have been released
alongside individual papers. The tokenization
scorer of Zouhar et al. (2023) implements Rényi
efficiency and Shannon entropy; TokCollate adopts
the same implementation. MorphScore8 (Arnett
et al., 2025) measures morpheme boundary pre-
cision and recall against Universal Dependencies
treebanks across 71 languages, but requires gold
morphological annotations and is therefore outside
our scope. The Byte Premium Tool9 (Arnett et al.,
2024) computes the UTF-8 byte ratio between two
languages encoding the same content, either from
a precomputed database of 1,155 language pairs,
from parallel text, or predicted from monolingual
text via regression.

6 Conclusion

We presented TokCollate, a tokenizer evaluation
framework comprising a Python multi-metric eval-
uation tool and a React single-page visualization
interface with a Python Express backend.

The evaluation tool computes a range of intrinsic
monolingual metrics (corpus token count, fertility,
tokens per character, Rényi efficiency, and Shan-
non entropy) as well as cross-lingual metrics over
parallel text (vocabulary overlap, Jensen-Shannon
divergence, alignment-based Eflomal scores, and
length ratios). All metrics can be computed over
any parallel corpus.

The visualization interface supports sorting, fil-
tering, and aggregation of results by language char-
acteristics, including genealogical family, script,
geographic region, speaker population, and esti-
mated data availability making it an useful analysis
tool for linguists studying LLMs.

Limitations

TokCollate implements only intrinsic evaluation
metrics. The relationship between intrinsic metrics
and downstream task performance is not straightfor-
ward: empirical correlations between metrics such

8https://github.com/catherinearnett/
morphscore

9https://github.com/catherinearnett/
byte-premium-tool

as Rényi efficiency and translation quality have
been reported but are inconsistent across settings
(Cognetta et al., 2024; Libovický and Helcl, 2024),
and no intrinsic metric reliably predicts extrinsic
quality.

To maximize language coverage, TokCollate cur-
rently supports mostly unsupervised intrinsic met-
rics that require only raw tokenized text. The cur-
rent design also provides limited support for met-
rics that use reference segmentation for compari-
son. In the future, this support should be further
expanded to include supervised metrics such as
morphological boundary alignment (Arnett et al.,
2025; Uzan et al., 2024) and cognitive plausibility
measures (Beinborn and Pinter, 2023), which cap-
ture aspects of tokenization quality not reflected in
the metrics we implement.

The language knowledge base currently covers
approximately 200 languages, limited by FLO-
RES+’s coverage. Cross-lingual metrics requiring
parallel text are further restricted to language pairs
present in the chosen corpus, and languages out-
side the supported set cannot be evaluated without
extending the underlying data sources.

Ethics Statement

TokCollate is intended to support the analysis of
tokenization disparities across languages, making it
easier to identify which language communities are
disproportionately affected by a given tokenizer de-
sign. The tool runs entirely locally; no user data or
evaluation results are transmitted externally. Tok-
Collate is released as open-source software under
the MIT license, allowing full inspection of all
metric implementations and reproducibility of all
reported results.
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A Example Evaluation Configuration File

The configuration uses YAML syntax that mirrors
the components of the evaluation framework. The
following is an excerpt from an example configura-
tion file.
scorer:
input_dir: data/flores -200
output_dir: output/flores -200
metrics:
- metric: token_length
metric_label: tok_length
[...]
languages_info: null
languages:
- en
- fr
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[...]
tokenizers:
- tokenizer_A
- tokenizer_B
[...]

The central component of the configuration
is scorer. It requires a list of languages
(language codes), tokenizers, and metrics,
along with input and output directories. Other
optional parameters can also be provided.10

The <scorer.input_dir>/ must contain
<tokenizer>/<languages>.txt files for each
tokenizer and language combination. The metric
instances are defined as individual sets of attributes.
Each metric definition must contain a metric
attribute indicating the metric class type and
a unique metric_label identifying a specific
instance of that metric and its parameters.

Optionally, the user can also include a
scorer.languages_info definition file. Dur-
ing evaluation, this file is used as a san-
ity check, restricting evaluation to language
codes in languages that also appear in the
scorer.languages_info file. This ensures com-
patibility with the visualization component.

Individual configuration values can be over-
ridden at the CLI call using OmegaConf-style
syntax by directly specifying their keys, e.g.,
scorer.output_dir=<my_dir> to override the
output directory.

10See the scorer.py definition for a full list.
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