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Abstract
Language models require effective tokeniza-
tion. Domain names, such as “aclanthol-
ogy.org”, represent a unique text genre with dis-
tinctive linguistic characteristics: they are very
short, contain deliberate misspellings and ab-
breviations, and lack whitespace. These prop-
erties challenge tokenizers optimized for gen-
eral text. We release a preprocessed domain-
name corpus together with two new benchmark
datasets for domain name analysis, and use
them to compare domain-specific unigram and
BPE tokenizers against tokenizers from pre-
trained language models (GPT, BERT, Llama,
and others) on language classification (Com-
mon Crawl) and content classification (Curlie).
On content classification, in-domain unigram
tokenization outperforms the best general-
purpose tokenizer by up to 5.6 percentage
points in F1 micro and consistently surpasses
in-domain BPE at every matched vocabulary
size. On language classification, in-domain and
general-purpose tokenizers perform compara-
bly on F1 micro, though large-vocabulary LLM
tokenizers (DeepSeek, Llama 3) can exceed in-
domain results on F1 macro. These findings
demonstrate that the benefit of domain-specific
tokenization is task-dependent, with implica-
tions for domain recommendation, appraisal,
and other computational linguistics tasks in the
digital naming space.

1 Introduction

Domain names exhibit unique morphological char-
acteristics due to the requirement that each domain
name must be unique. This constraint encour-
ages creative word formation: compound words
(facebook.com), abbreviations (ibm.com), vowel
deletions (flickr.com, tumblr.com), phonetic re-
spellings (reddit.com from “read it”), and trunca-
tions that blend with the top-level domain (bit.ly,
instagr.am).

These linguistic differences raise the question
whether domain-specific tokenization can improve

performance on Internet domain analysis tasks,
since generic tokenizers may not capture the fine-
grained morphological patterns present in domain
names.

We conduct two classification experiments: lan-
guage classification on domain names from the
Common Crawl corpus, and content classification
on the Curlie dataset. We compare unigram and
BPE tokenizers, trained on Internet domain cor-
pora, against the tokenizers shipped with widely
used language models.

Our contributions are threefold: (1) a prepro-
cessed domain corpus together with two new bench-
mark datasets for Internet domain analysis; (2) in-
domain unigram and BPE tokenizers trained on
this corpus; and (3) an empirical comparison show-
ing that domain-specific unigram tokenization im-
proves content-classification F1 micro by up to
5.6 percentage points (pp) over the best general-
purpose baseline. For language classification, in-
domain and general-purpose tokenizers perform
comparably on F1 micro, while individual large-
vocabulary LLM tokenizers exceed in-domain re-
sults on F1 macro.

2 Related Work

In contrast to domain names, conventional text doc-
uments targeted by language modeling typically
consist of complete sentences with syntactic struc-
ture, word repetition, and complex semantic mean-
ing. Spelling mistakes and grammatical errors are
typically avoided or filtered from training material.
While domain names are unique, word repetition
leads to a highly biased vocabulary distribution
(Zipf, 1935), known as Zipf’s law.

Several tokenization approaches have been de-
veloped to address the open-vocabulary problem.
Byte-Pair Encoding (BPE, Gage, 1994; Sennrich
et al., 2016) iteratively merges the most frequent
character pairs, while unigram language modeling



(Kudo, 2018) uses a probabilistic approach that can
produce multiple segmentations. SentencePiece
(Kudo and Richardson, 2018) provides a unified
framework implementing both and enables train-
ing directly from raw text. Bostrom and Durrett
(2020) compared BPE and unigram tokenization
for language model pretraining, finding that un-
igram produces morphologically more coherent
subword units and matches or outperforms BPE
across downstream tasks, suggesting that tokeniza-
tion choice impacts model performance.

Language identification for short text snippets
presents particular challenges due to limited con-
text. Toftrup et al. (2021) reproduced a bi-
directional LSTM previously described in an Apple
blog post (Apple, 2019) for language identification
in short strings, demonstrating that specialized ar-
chitectures can outperform general-purpose identi-
fiers on very short text.

An alternative approach to subword tokeniza-
tion is to operate directly on character or byte se-
quences, bypassing tokenization. Pagnoni et al.
(2025) recently proposed the Byte Latent Trans-
former, which processes text as byte patches and
demonstrates that byte-level processing can scale
effectively. These tokenizer-free approaches may
be particularly suitable for domain names, where
character-level patterns are crucial and the lack of
whitespace complicates subword segmentation.

Recent research has examined the influence of
tokenization on LLM performance. Dagan et al.
(2024) showed that adapting tokenization to a spe-
cific domain yields gains in generation speed and
effective context size without performance loss. Ed-
man et al. (2024) introduced the CUTE benchmark
for evaluating LLMs’ character-level understand-
ing of their own tokens, finding that models under-
stand token composition but largely fail to grasp
orthographic similarity.

Despite these advances, tokenization strategies
specifically for domain names remain underex-
plored. We address this gap by comparing in-
domain trained tokenizers against generic LLM
tokenizers on two domain name classification tasks
and releasing benchmark datasets for future work.

3 Datasets

We use three datasets, each serving a distinct role.
From the Domains Project (DomainsProject, 2025),
we derive a broad collection of registered domain
names (Weiß and Baumann, 2026c) used exclu-

sively to train our domain tokenizers. From the
Common Crawl Index (Common Crawl Founda-
tion, 2026), we derive our benchmark for language
classification (Weiß and Baumann, 2026a), while
from the Curlie web directory (Lugeon and Pic-
cardi, 2022), we derive a benchmark for content
classification (Weiß and Baumann, 2026b). All
three derived datasets are publicly released on Zen-
odo to support reproducibility and future work.

All datasets undergo the same validation
pipeline. Domains are converted to their Unicode
(NFC normalized) form following IDNA 2008
(Klensin, 2010) with UTS #46 compatibility
processing in non-transitional mode. Domains
registered under Public Suffix List (PSL) private
suffixes are removed, as they represent machine-
generated or user-provisioned subdomains under
shared platforms rather than independently regis-
tered names. The filtered entries are dominated
by reverse-DNS hostnames of cloud virtual ma-
chines (e.g. *.compute.amazonaws.com across
multiple AWS regions), blogging and e-commerce
platforms (blogspot.com, myshopify.com),
developer hosting services (herokuapp.com,
github.io, vercel.app), and consumer dy-
namic DNS and NAS services (myfritz.net,
synology.me). Entries that fail IDNA 2008
validation are also discarded, even though some
resolve in practice. An example is the emoji
domain xn–i-7iq.ws, which browsers might
render as i'd.ws. Across all three corpora, over
99 % of domains are pure ASCII. The remainder
are valid Internationalized Domain Names whose
non-ASCII characters directly encode script and
language information. Table 1 summarizes the
preprocessing pipeline for all three datasets.

3.1 Domains Project: Tokenizer Training
We train our in-domain tokenizers on domain
names from the Domains Project (DomainsProject,
2025), the world’s largest publicly available dataset
of Internet domain names. We deliberately separate
the tokenizer training data from the downstream
evaluation datasets to avoid biasing the learned vo-
cabulary toward the specific domain distributions
of either classification task. Because all three cor-
pora sample from the same global domain name
space, some overlap is inevitable: 24.1 M domains
are shared with Common Crawl and 783 K with
Curlie; only 463 K appear in all three datasets. Nev-
ertheless, 246.3 M of the 270.8 M training domains
(91.0 %) occur in neither evaluation corpus, so the



Step Domains Project Common Crawl Curlie

URLs 2,791,068,710
hostnames 1,764,770,720 64,647,914 885,582

Filtered (IP address) 0 88,214 6
Filtered (suffix only) 646 1,158
Filtered (malformed) 17,448 35
Collapsed to apex domain 1,427,894,341 29,508,573 60,597

Unique registerable domains 336,858,285 35,049,969 824,979

Filtered (PSL private) 66,085,596 530,983 11,055
Filtered (IDNA 2008) 9,966 38

Unique valid domains 34,518,948 813,924
Task-specific filtering 156,909 4,172

Final corpus 270,762,723 34,362,039 809,752

Table 1: Preprocessing results for all three corpora. Empty cells indicate steps not applicable to a given dataset.

learned vocabulary is not likely to be driven by the
evaluation distributions.

The subdomain distribution is heavily skewed,
with a few ISP domains accounting for hundreds
of millions of subdomains (Appendix A.1).

Of the 270.8 million domains in the tokenizer
training corpus, 269.1 M (99.4 %) are ASCII and
1.6 M are IDNs. The 9,966 IDNA-filtered entries
contain emojis (8,877), IDNA 2008 encoding fail-
ures (808), contain underscores (275), or invisible
characters (6).

The training corpus spans 1,429 unique TLDs
(out of 1,590 IANA-registered TLDs). By TLD
type, 68.3 % of domains fall under generic TLDs
and 30.9 % under country-code TLDs, with spon-
sored (0.2 %) and other types making up the remain-
der. .com alone represents 51.4 % of all domains
(139.1M), followed by .net (4.5 %), .de (4.2 %),
.org (3.7 %), and .uk (2.0 %).

3.2 Common Crawl: Language Classification
We use the index data from the Common
Crawl project CC-MAIN-2026-041, which pro-
vides URLs labeled by languages as classified by
CLD22. CLD2 is a Naive Bayes classifier operat-
ing on the HTML text content of each crawled web
page, not the domain name string itself. A recent
study found that CLD2 offers the best trade-off be-
tween coverage and inference speed among current
language identification tools (Suarez et al., 2026).

1https://data.commoncrawl.org/crawl-data/CC-
MAIN-2026-04/index.html (accessed: 14.02.2026)

2See https://commoncrawl.github.io/cc-crawl-
statistics/plots/languages (accessed: 14.02.2026)

We use these page-level language labels as proxy
labels for the corresponding domain names.

For each valid URL, we aggregate page-level
CLD2 detections across all pages sharing the same
apex domain, producing a language-proportion vec-
tor per domain. We then apply a threshold τ = 0.1:
any language with a proportion above τ becomes a
positive label, casting domain-language assignment
as a multi-label classification task. 156,909 do-
mains where no language exceeds τ are discarded.

Of the 161 language labels discovered in the in-
dex, many occur fewer than a few thousand times
and cannot support reliable evaluation after split-
ting. We retain the 30 languages with at least
100 000 domain-language occurrences. This thresh-
old aligns with a natural gap in the frequency dis-
tribution (the 30th-ranked language, Hebrew, has
106 K occurrences versus 82 K for the next) and
ensures that every class has >10 K test samples
after a 70/20/10 split.

The resulting label set spans eight script families
and includes 20 Latin script, 3 Cyrillic, 2 CJK,
and one each of Arabic, Greek, Hangul, Hebrew,
and Thai script languages (Appendix A.3). The
maximum imbalance ratio is ∼237 (English 25.1 M
vs. Hebrew 106 K), which is steep but tractable.

The per-language composition is detailed in Ta-
ble 2. The majority of domains carry a single lan-
guage label, with an average label cardinality of
1.36 (Appendix A.2). English alone accounts for
73.1 % of all labels. The final dataset contains
34,362,039 trainable domains over 30 language
classes (Table 1).

https://data.commoncrawl.org/crawl-data/CC-MAIN-2026-04/index.html
https://data.commoncrawl.org/crawl-data/CC-MAIN-2026-04/index.html
https://commoncrawl.github.io/cc-crawl-statistics/plots/languages
https://commoncrawl.github.io/cc-crawl-statistics/plots/languages


Lang Domains %

eng 25,100,666 73.05
deu 3,327,935 9.68
zho 2,654,024 7.72
jpn 2,536,128 7.38
fra 2,068,910 6.02
spa 1,600,880 4.66
rus 1,316,615 3.83
nld 978,614 2.85
ita 868,195 2.53
lat 815,813 2.37
por 751,436 2.19
pol 599,296 1.74
dan 485,826 1.41
ind 423,909 1.23
tur 404,312 1.18

Lang Domains %

ces 379,680 1.10
swe 301,628 0.88
kor 289,573 0.84
vie 280,515 0.82
hun 176,402 0.51
ara 161,216 0.47
ell 156,889 0.46
tha 151,102 0.44
srp 149,086 0.43
fin 140,139 0.41
ron 134,476 0.39
slk 131,507 0.38
nor 130,172 0.38
ukr 127,040 0.37
heb 106,095 0.31

Table 2: Per-language counts in the Common Crawl
language dataset (τ = 0.1, multi-label, 30 selected
languages, imbalance 237:1). Proportions sum to more
than 100 % because a domain can carry multiple labels.

Category Count %

Business 246,654 30.5
Society 113,505 14.0
Arts 72,273 8.9
Recreation 69,067 8.5
Shopping 67,492 8.3
Sports 56,925 7.0
Health 50,446 6.2
Computers 49,165 6.1
Science 32,437 4.0
Reference 25,629 3.2
Home 12,041 1.5
Games 12,001 1.5
News 9,335 1.2
Kids_and_Teens 8,496 1.1

Table 3: Category distribution of the Curlie dataset
across 14 content classes (imbalance 29:1). Propor-
tions sum to more than 100 % because 15,200 domains
(1.9 %) carry two or more labels.

3.3 Curlie: Content Classification

The Curlie dataset provides a complementary
benchmark for content classification of domain
names. Unlike language classification, content cat-
egories are less directly reflected in the domain
string itself but may stem from their meaning.

We derive the dataset from the Curlie web direc-
tory3, the successor to the Open Directory Project
(DMOZ), using the processed version published
by Lugeon et al. (2022). The top-level categories
yield 14 content classes. From the 885,582 labeled
domain names in that project, we collapse each to
its apex domain and retain the union of all asso-
ciated category labels. We remove apex domains
with contradictory label assignments as well as en-

3https://curlie.org/ (accessed: 14.02.2026)

tries on PSL-private suffixes or failing IDNA 2008
validation, yielding 809,752 domains in the final
dataset (Table 1).

As shown in Table 3, the dataset exhibits substan-
tial class imbalance: Business accounts for 30.5 %
while Kids_and_Teens represents just 1.1 % (ratio
29:1), comparable to the English dominance in the
Common Crawl dataset. TLDs may carry clear
content signal. For instance, .edu maps almost ex-
clusively to Reference (84.9 %) while generic TLDs
show a broader category mix (Appendix A.4).

4 Tokenizers

We train in-domain BPE (Gage, 1994) and unigram
(Kudo, 2018) tokenizers on the Domains Project
corpus described in Section 3.1, using the Senten-
cePiece library (Kudo and Richardson, 2018). We
experiment with vocabulary sizes from 1,000 to
100,000 tokens (Table 5). For reference, note that
GPT-4’s 100,276 size vocabulary splits into 45,962
space-prefixed and 54,314 non-space-prefixed to-
kens. This is relevant because domain names con-
tain no whitespace.

We implement a unified wrapper interface for
plug-and-play comparison of tokenizers shipped
with publicly available LLMs. The selected tok-
enizers (Table 5) cover the three main tokenization
families: BPE (GPT-4 (OpenAI, 2022), DeepSeek
(DeepSeek-AI et al., 2024), Llama 3 (Grattafiori
et al., 2024), Llama 2 (Touvron et al., 2023),
RoBERTa (Liu et al., 2019), BLOOM (BigScience
Workshop et al., 2022), Mistral Tekken (Jiang et al.,
2023)), Unigram (BigBird (Zaheer et al., 2020), T5
(Raffel et al., 2020), ALBERT (Lan et al., 2020),
XLNet (Yang et al., 2019)), and WordPiece (BERT,
mBERT (Devlin et al., 2019)). While not exhaus-
tive, our selection is representative of the tokeniza-
tion approaches currently in use.

As a baseline, we include a Unicode character-
level tokenizer, yielding 12,439 tokens. This repre-
sents the most fine-grained segmentation above the
byte level.

All tokenizers are applied to the full domain
string without special treatment of the top-level
domain (TLD).

Qualitatively, our domain-specific tokenizers
produce more linguistically meaningful subword
units, as illustrated by the tokenization of
smokeheadguitars.co.uk (Table 4). Tokenizers
from pre-trained models often produce splits that
cross morphological boundaries.

https://curlie.org/
smokeheadguitars.co.uk


General-purpose (BPE)
GPT-4: sm oke head g uit ars .co .uk

+ws: ␣smoke head g uit ars .co .uk
DeepSeek: sm oke head g uit ars .co .uk

+ws: ␣smoke head g uit ars .co .uk
Llama 3: sm oke head g uit ars .co .uk

+ws: ␣smoke head g uit ars .co .uk
Llama 2: smoke head gu it ars . co . uk

+ws: ␣smoke head gu it ars . co . uk
RoBERTa: sm oke head g uit ars . co . uk

+ws: ␣smoke head g uit ars . co . uk
BLOOM: sm oke head gu itar s . co . uk

+ws: ␣smoke head gu itar s . co . uk
M. Tekken: sm oke head gu it ars .co .uk

+ws: ␣smoke head gu it ars .co .uk

General-purpose (Unigram)
BigBird: smoke head gu itars . co . uk

T5: smoke head gui tar s . co . uk
ALBERT: smoke head guitar s . co . uk

XLNet: smoke head guitar s . co . uk

General-purpose (WordPiece)
BERT: smoke head gui tar s . co . uk

mBERT: smoke head guita rs . co . uk

In-domain unigram (ours)
unigram-1K: s mo ke he ad gu it ar s . co . uk
unigram-5K: smoke head guitar s . co . uk

unigram-10K: smoke head guitar s . co . uk
unigram-30K: smoke head guitars . co . uk
unigram-50K: smoke head guitars . co . uk

unigram-100K: smoke head guitars . co . uk

In-domain BPE (ours)
BPE-1K: s mo ke he ad gu it ar s . co . uk
BPE-5K: smo ke head gu it ars . co . uk

BPE-10K: smoke head guitars . co . uk
BPE-30K: smoke head guitars . co . uk
BPE-50K: smoke head guitars . co . uk

BPE-100K: smoke head guitars . co . uk

Baseline char: s m o k e h e a d g u i t a r s . c o . u k
Morphology : smoke head guitars .co .uk

Table 4: Tokenization of smokeheadguitars.co.uk.
Rows marked + ws prepend a leading whitespace.

Likewise, Bostrom and Durrett (2020) demon-
strate that unigram tokenization produces morpho-
logically more coherent splits compared to BPE
tokenization, which is consistent with our observa-
tions. Notably, the ALBERT and XLNet tokeniz-
ers (both unigram-based) also produce relatively
good morphological splits, providing supporting
evidence for the unigram advantage.

An additional German-language example con-
firms the same trend (Appendix B).

4.1 Tokenizer Normalization

To compare tokenizers fairly, we strip tokenizer-
specific artifacts (WordPiece ## prefixes, Senten-
cePiece _ boundary markers and other special to-
kens) so that metrics reflect only actual text content.

The full normalization details are described in Ap-
pendix C.

Several byte-level BPE tokenizers (GPT-4,
Llama 3, DeepSeek, BLOOM, RoBERTa, Mistral
Tekken) are sensitive to a leading whitespace char-
acter, which changes the first token they emit. Both
settings are compared on the best-performing archi-
tecture per task: BiLSTM for content classification
and the Decoder for language classification. The
effect is small (<0.4 pp) and varies by task: omit-
ting the space tends to benefit BiLSTM, whereas
the Decoder shows mixed results depending on the
tokenizer. As the differences are marginal, we omit
the leading space throughout the final comparison.

4.2 Tokenizer Comparison

Table 5 reports vocabulary utilization for all tok-
enizers on the Common Crawl Index and Curlie
datasets, showing the fraction of vocabulary tokens
actually activated on domain name data.

In-domain tokenizers achieve near-complete vo-
cabulary utilization (>99% on Common Crawl),
while general-purpose tokenizers activate only a
small fraction of their vocabulary on domain data.
Since embedding parameters scale linearly with
vocabulary size, this translates into substantial pa-
rameter overhead for large-vocabulary models (Ta-
ble 5).

5 Model

We compare four architectures, all trained from
scratch without pretrained weights:
BiLSTM – a 2-layer bidirectional LSTM follow-

ing Toftrup et al. (2021), originally designed
for short-text language identification.

Encoder – a 2-layer encoder-only Transformer
(Vaswani et al., 2017) with masked mean pool-
ing (Reimers and Gurevych, 2019) over non-
padding positions.

Decoder – a 2-layer decoder-only (GPT-style)
Transformer (Radford et al., 2018) that classi-
fies from the last non-padding token.

Transformer – a 2-layer encoder–decoder Trans-
former that classifies from the last decoder
token.

All four share a 512-dimensional embedding, a
768-dimensional feed-forward hidden layer, and
dropout of 0.1. The attention-based variants ad-
ditionally use 8 attention heads of 64 dimensions
each and learned absolute positional embeddings.
Training uses AdamW for up to 50 epochs with an



Used (%)

Tokenizer #tok Common Crawl Curlie

General-purpose (BPE)
GPT-4 100,276 22,410 (22.4) 17,309 (17.3)
DeepSeek 128,815 30,141 (23.4) 16,174 (12.6)
Llama 3 128,256 30,111 (23.5) 17,885 (13.9)
BLOOM 250,680 31,896 (12.7) 18,496 (7.4)
RoBERTa 50,265 11,874 (23.6) 10,515 (20.9)
Llama 2 32,000 21,410 (66.9) 14,877 (46.5)
Mistral Tekken 131,072 28,648 (21.9) 16,227 (12.4)

General-purpose (Unigram)
XLNet 32,000 20,097 (62.8) 15,071 (47.1)
BigBird 50,358 30,988 (61.5) 23,077 (45.8)
ALBERT 30,000 28,950 (96.5) 23,523 (78.4)
T5 32,100 20,528 (64.0) 15,301 (47.7)

General-purpose (WordPiece)
BERT 30,522 28,001 (91.7) 21,824 (71.5)
mBERT 105,879 64,049 (60.5) 37,177 (35.1)

In-domain unigram (ours)
unigram-1K 1,000 998 (99.80) 784 (78.40)
unigram-5K 5,000 4,998 (99.96) 4,774 (95.48)
unigram-10K 10,000 9,985 (99.85) 9,677 (96.77)
unigram-30K 30,000 29,951 (99.84) 28,246 (94.15)
unigram-50K 50,000 49,898 (99.80) 45,438 (90.88)
unigram-100K 100,000 99,849 (99.85) 83,273 (83.27)

In-domain BPE (ours)
BPE-1K 1,000 998 (99.80) 784 (78.4)
BPE-5K 5,000 4,998 (99.96) 4,782 (95.6)
BPE-10K 10,000 9,991 (99.91) 9,739 (97.4)
BPE-30K 30,000 29,967 (99.89) 28,838 (96.1)
BPE-50K 50,000 49,936 (99.87) 46,614 (93.2)
BPE-100K 100,000 99,828 (99.83) 85,082 (85.1)

Baseline
char 12,439 5,396 (43.4) 80 (0.6)

Table 5: Vocabulary utilization on the Common Crawl
and Curlie corpora. #tok is the total vocabulary size;
Used columns show activated token count (%).

effective batch size of 4 096 and a learning rate of
3× 10−4 (1× 10−3 for the BiLSTM). All models
are trained with Focal Loss on per-label sigmoid
logits, which down-weights well-classified exam-
ples and provides better gradients than plain cross-
entropy under heavy label imbalance. Checkpoints
are saved for the best validation performance on
each tracked metric. Reported test F1 micro and F1
macro therefore come from different checkpoints
of the same run. All settings are held fixed so
that the tokenizer is the only experimental variable.
Table 6 summarizes the configurations. Further
architecture details are in Appendix D.

6 Experiments

We evaluate all tokenizers from Table 5 across the
four architectures of Section 5 on language clas-
sification (Section 6.1) and content classification

Architecture Emb. Dim Hidden Dim Layers Heads

BiLSTM 512 768 2 –
Encoder 512 768 2 8
Transformer 512 768 2 8
Decoder 512 768 2 8

Table 6: Model architecture summary. All models are
trained from scratch without pretrained weights.

Architecture Sel. by Tokenizer F1 Micro F1 Macro

Best in-domain
Decoder F1 micro unigram-100K 0.762 0.514

F1 macro BPE-50K 0.758 0.580

Transformer F1 micro unigram-30K 0.761 0.493
F1 macro BPE-1K 0.760 0.543

Encoder F1 micro unigram-100K 0.758 0.468
BiLSTM F1 micro unigram-50K 0.756 0.440

Best general-purpose
Decoder both DeepSeek 0.760 0.588

Transformer both DeepSeek 0.756 0.521

Encoder both DeepSeek 0.753 0.535
BiLSTM F1 micro GPT-4 0.757 0.437

F1 macro T5 0.754 0.439

Baseline ccTLD heuristic 0.717 0.197

Table 7: Language classification: best tokenizer per
architecture on the test set.

(Section 6.2). Hyperparameters are held constant
so that any variation is due to the tokenizer, the
architecture, or random initialization.

Both tasks are framed as multi-label classifica-
tion. We report F1 micro and F1 macro (Sokolova
and Lapalme, 2009) from separate best-validation
checkpoints (Section 5), so neither metric is penal-
ized by a selection rule tuned for the other.

6.1 Language Classification

Using the Common Crawl language dataset (Sec-
tion 3.2), we treat language classification as a multi-
label task over the 30 languages that exceed the
100 K-occurrence threshold.

As a non-neural baseline, we map country-
code TLDs (ccTLDs) to their associated languages
(.de → deu, .fr → fra, etc.) and default to En-
glish for generic TLDs such as .com and .net (Ap-
pendix A.3, Table 13). This heuristic quantifies the
predictive signal that resides in the TLD alone and
provides a lower bound for the neural models.

The best in-domain results exceed the ccTLD
baseline by +4.5 pp on F1 micro (0.762 vs. 0.717)
and by +38.3 pp on F1 macro (0.580 vs. 0.197).
The small micro margin partly reflects English’s



73 % share of labels. F1 macro better captures
the per-language gains. Across architectures, the
best-per-architecture F1 micro scores span only
0.6 pp (BiLSTM 0.756 to Decoder 0.762), whereas
F1 macro spans ∼14 pp (best by macro: BiLSTM
0.440 to Decoder 0.580) with a consistent ordering
Decoder > Transformer > Encoder > BiLSTM
(Table 7).

Selecting by F1 micro yields a unigram tokenizer
on every architecture. Selecting by F1 macro in-
stead promotes BPE on the Decoder (BPE-50K,
+6.6 pp macro) and the Transformer (BPE-1K,
+5.0 pp macro). For the Encoder and BiLSTM the
two selections differ by less than 0.1 pp on macro.

General-purpose tokenizers are competitive on
F1 micro across all four architectures (within 0.5 pp
of in-domain) but diverge on F1 macro (Table 7).
On the Decoder, DeepSeek reaches F1 micro
0.7595 (within 0.2 pp of the in-domain best) and
F1 macro 0.5878, exceeding the best in-domain
result (BPE-50K, 0.5795) by +0.8 pp; Llama 3
follows closely at 0.5862 (+0.7 pp). On the En-
coder the gap widens: DeepSeek attains F1 macro
0.5354, +6.6 pp above the best in-domain tokenizer
(unigram-1K, 0.4692), with Llama 3 (+6.3 pp) and
Mistral Tekken (+4.2 pp) also exceeding the in-
domain best. On the Transformer and BiLSTM, no
general-purpose tokenizer exceeds the in-domain
macro. DeepSeek reaches 0.5209 (within 2.2 pp of
in-domain BPE-1K on the Transformer), and GPT-
4 matches in-domain on BiLSTM micro within
0.1 pp. The macro advantage is thus limited to
the large-vocabulary tokenizers from recent multi-
lingual LLMs (DeepSeek 128 K, Llama 3 128 K,
Mistral Tekken 131 K).

Vocabulary size has little effect on the language
classification task. Across 1 K–100 K, in-domain
unigram F1 micro varies by only 0.2–0.7 pp on ev-
ery architecture (BiLSTM 0.2 pp, Encoder 0.6 pp,
Transformer 0.6 pp, Decoder 0.7 pp), an order of
magnitude smaller than the +9.3 pp range observed
on the Transformer for content over the same vo-
cabulary span.

6.2 Content Classification
Content classification poses a qualitatively different
challenge. Whereas language leaves direct traces
in the character sequences and TLD choices of a
domain, the mapping from a domain name to its
content category is considerably more difficult. We
use the Curlie dataset (Section 3.3) with 14 content
categories as a multi-label task.

Architecture Tokenizer F1 Micro F1 Macro

Best in-domain
BiLSTM unigram-30K 0.512 0.417
Transformer unigram-50K 0.427 0.389
Encoder unigram-100K 0.388 0.359
Decoder unigram-50K 0.372 0.347

Best general-purpose
BiLSTM XLNet 0.499 0.398
Transformer ALBERT 0.378 0.347
Encoder ALBERT 0.333 0.310
Decoder ALBERT 0.316 0.297

Character only
BiLSTM char 0.495 0.402
Transformer char 0.127 0.128
Encoder char 0.104 0.096
Decoder char 0.149 0.151

Baseline TLD heuristic 0.343 0.076

Table 8: Content classification: best tokenizer per archi-
tecture on the test set.

As a non-neural baseline, we assign each TLD
the content category most frequently associated
with it in the training data. Domains with unseen
TLDs default to the globally most frequent category.
Because most TLDs cover a broad category mix
rather than concentrating on a single class, this
baseline is expected to be weaker than the TLD-
to-language heuristic. Empirically it reaches F1
micro 0.343 and F1 macro 0.076, less than half the
language ccTLD macro (0.197), consistent with the
broad category mix observed across most TLDs
(Appendix A.4).

Every neural model with a subword tokenizer at
least triples the TLD baseline on F1 macro (lowest
0.246 vs. 0.076), confirming that the second-level
domain carries content signal beyond the TLD. On
F1 micro, the Encoder and Decoder paired with
the general-purpose ALBERT tokenizer (0.333
and 0.316) fall below the TLD baseline (0.343),
whereas the best in-domain tokenizer exceeds it on
every architecture.

Architecture has a pronounced effect on F1
macro. The ranking is BiLSTM > Transformer >
Encoder > Decoder, each paired with an in-domain
unigram tokenizer (Table 8). This inverts the lan-
guage ranking, where the Decoder is strongest (Sec-
tion 6.1).

The in-domain advantage on F1 micro is
largest on the Decoder (+5.6 pp over ALBERT,
17.6 % relative), followed by +5.5 pp on the En-
coder, +4.9 pp on the Transformer, and +1.3 pp
on the BiLSTM. The unigram-based general-
purpose tokenizers (XLNet, ALBERT, T5) consis-



Architecture 1 K 10 K 30 K 50 K 100 K

BiLSTM 0.500 0.511 0.512 0.511 0.511
Transformer 0.334 0.408 0.423 0.427 0.427
Encoder 0.271 0.360 0.378 0.386 0.388
Decoder 0.276 0.347 0.367 0.372 0.370

Table 9: Content classification: in-domain unigram F1
micro by architecture and vocabulary size.

tently outperform the BPE-based LLM tokenizers
(mistral-tekken, facebook-llama3, deepseek,
openai-gpt4) across all architectures.

In-domain unigram outperforms in-domain BPE
at every matched vocabulary size on every archi-
tecture (e.g. on the Transformer at 30 K, +4.5 pp:
0.423 vs. 0.378). The effect of vocabulary size,
by contrast, is strongly architecture-dependent (Ta-
ble 9): BiLSTM scores remain nearly constant
(1.2 pp across 1 K–100 K), whereas the attention-
based architectures gain +9 to +12 pp from 1 K up
to a peak at 50 K–100 K before plateauing.

The character tokenizer produces the largest gap
between architectures (Table 8, Character only).
The BiLSTM reaches F1 micro 0.495, within 0.4 pp
of XLNet and above every BPE- and WordPiece-
based variant on this architecture, whereas the
attention-based architectures fall below 0.15.

7 Conclusion and Future Work

We present a systematic comparison of domain-
specific and general-purpose tokenization for do-
main name classification across two tasks and four
architectures.

For language classification, every neural model
exceeds the ccTLD baseline, with the best in-
domain tokenizer improving F1 micro by +4.5 pp
and F1 macro by +38.3 pp. Architecture choice
has only a minor effect on F1 micro (0.6 pp spread)
but strongly influences F1 macro (∼14 pp spread),
where the Decoder performs best. On F1 micro,
general-purpose tokenizers perform comparably to
in-domain ones. On F1 macro, the large-vocabulary
LLM tokenizers DeepSeek and Llama 3 exceed the
best in-domain result on the Decoder (+0.8 pp) and
Encoder (+6.6 pp). Other general-purpose tokeniz-
ers do not show this advantage.

For content classification, the in-domain advan-
tage is more pronounced: up to +5.6 pp F1 micro
over the best general-purpose tokenizer (ALBERT
on the Decoder). The architecture ordering inverts
relative to language, with BiLSTM performing best.
On this task, in-domain unigram outperforms in-

domain BPE at every matched vocabulary size on
every architecture, confirming Bostrom and Durrett
(2020) in a new, whitespace-free text genre. Vocab-
ulary scaling is strongly architecture dependent.
The attention-based models gain +9 to +12 pp
from 1 K to their peak at 50 K–100 K, whereas Bi-
LSTM remains nearly constant, enabling smaller
vocabularies without sacrificing performance.

We additionally release a preprocessed corpus
and two new benchmarks to support future work
on Internet domain analysis: the 270.8 M-domain
Domains Project corpus used to train our tokeniz-
ers, the 34.4 M-domain Common Crawl multi-label
language classification benchmark, and the 810 K-
domain Curlie multi-label content classification
benchmark.

Beyond the classification tasks studied here,
domain-specific tokenization may benefit related
applications such as domain recommendation and
appraisal, where understanding the semantic con-
tent of a domain name is relevant. The trained
models, with further refinement, may also support
web crawling, domain parking, and broader web
analytics. Additionally, a reevaluation of content
classification taxonomies for the domain name con-
text could yield further improvements. Current
taxonomies are designed for general web content
and may not optimally capture the nuances specific
to domain names.
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A Additional Dataset Statistics

A.1 Most Collapsed Subdomains in the
Domains Project

Table 10 lists the ten registerable domains with
the highest subdomain occurrence counts in the
raw Domains Project data. The list is dominated
by large Internet service providers and telecom-
munications carriers whose infrastructure spans
millions of reverse-DNS hostnames. comcast.net
alone accounts for 87.2 million entries, followed by
sbcglobal.net (63.4M) and myvzw.com (57.7M).
The cloud infrastructure provider amazonaws.com
appears at rank 7 with 30.0 million subdomains.
Together, these ten domains contribute 457.8 mil-
lion entries (13.2 % of all entries) illustrating how
a handful of heavily subdivided networks would
dominate the corpus without collapsing subdo-
mains.

Rank Domain Subdomains

1 comcast.net 87,242,985
2 sbcglobal.net 63,382,609
3 myvzw.com 57,712,007
4 rr.com 47,555,645
5 hinet.net 44,559,735
6 spectrum.com 42,165,773
7 amazonaws.com 30,014,547
8 virginm.net 29,553,653
9 sfr.net 28,788,331
10 verizon.net 26,774,839

Table 10: Top 10 registerable domains by occurrence
count in the raw Domains Project data. Counts reflect
the number of distinct subdomains observed for each
domain.

A.2 Multi-Label Statistics for Common Crawl

Table 11 details the label-set size distribution and
top language co-occurrences for the Common
Crawl language dataset. The majority of domains
carry a single language label (average label cardi-
nality 1.36). The most frequent pair is deu + eng,
followed by eng + jpn. Regarding language confi-
dence, the vast majority of proxy labels are high-
confidence, with most domains having a dominant-
language proportion ≥ 90 % of all URLs per apex
domain.

(a) Label-set size

Labels Domains %

1 23,227,720 67.6
2 9,996,805 29.1
3 1,041,134 3.0
4 81,843 0.2
5 11,883 <0.1
6 2,180 <0.1
7 344 <0.1
8+ 130 <0.1

(b) Top co-occurrences

Pair Domains %

deu + eng 1,580,196 4.6
eng + jpn 1,452,729 4.2
eng + fra 1,256,422 3.7
eng + zho 934,685 2.7
eng + spa 878,274 2.6
eng + lat 710,495 2.1
eng + nld 617,239 1.8
eng + ita 610,863 1.8
eng + rus 546,747 1.6
jpn + zho 526,985 1.5

Table 11: Multi-label statistics for the Common Crawl
language dataset (τ=0.10, 30 languages): (a) label-set
size distribution, and (b) top language co-occurrences.

A.3 Language Selection

Of the 160 languages classified by CLD2 in the
Common Crawl index, domain-language counts
follow a heavy-tailed distribution. Table 12 com-
pares four frequency-based cutoffs derived from
natural gaps in this distribution. We select Cut B
(>100 K, 30 languages). This is a round threshold
that aligns with the gap after rank 30 (heb 106 K
→ cat 82 K, −23 %) and keeps the imbalance ratio
at ∼237×. It provides ccTLD coverage for 29 of
the 30 classes. The selected languages span eight
script families and are listed in Table 13.

Cut Langs Thresh. Gap Max imb. Min test

A 18 >280 K −37 % ∼90× ∼28 K
B 30 >100 K −23 % ∼237× ∼11 K
C 37 >44 K −29 % ∼568× ∼4.4 K
D 43 >20 K −30 % ∼1,155× ∼2.2 K

Table 12: Language-count cutoff alternatives. The gap
column shows the percentage drop from the last in-
cluded language to the first excluded one. Max imb.
is the size ratio between the largest and smallest class;
Min test is the smallest per-class test split (10 %).

Note on Latin (lat). Latin ranks 10th by count
with 815 813 occurrences despite having no living
native-speaker community and no ccTLD. We re-
tain lat because it meets the frequency threshold.

A.4 Per-TLD Content Profiles in Curlie

Table 14 reports per-TLD category distributions
for the 15 largest TLDs in the Curlie dataset plus
.info and .edu as notable generic and purpose-
specific TLDs. Category distributions vary remark-
ably. For example, .org domains are predomi-
nantly Society (43.4 %), .edu domains are almost



# Code / Language Count Script ccTLD coverage

1 ara – Arabic 161,216 Arabic .sa, .ae, .eg, .jo, .iq, . . .
2 ces – Czech 379,680 Latin .cz
3 dan – Danish 485,826 Latin .dk
4 deu – German 3,327,935 Latin .de, .at, .ch, .li
5 ell – Greek 156,889 Greek .gr, .cy
6 eng – English 25,100,666 Latin .uk, .us, .au, .ca, . . .
7 fin – Finnish 140,139 Latin .fi
8 fra – French 2,068,910 Latin .fr, .be, .sn, . . .
9 heb – Hebrew 106,095 Hebrew .il

10 hun – Hungarian 176,402 Latin .hu
11 ind – Indonesian 423,909 Latin .id
12 ita – Italian 868,195 Latin .it, .sm, .va
13 jpn – Japanese 2,536,128 CJK .jp
14 kor – Korean 289,573 Hangul .kr, .kp
15 lat – Latin 815,813 Latin (none)
16 nld – Dutch 978,614 Latin .nl, .be
17 nor – Norwegian 130,172 Latin .no
18 pol – Polish 599,296 Latin .pl
19 por – Portuguese 751,436 Latin .pt, .br, .ao, .mz, . . .
20 ron – Romanian 134,476 Latin .ro, .md
21 rus – Russian 1,316,615 Cyrillic .ru, .by, .su
22 slk – Slovak 131,507 Latin .sk
23 spa – Spanish 1,600,880 Latin .es, .mx, .ar, .co, . . .
24 srp – Serbian 149,086 Cyrillic .rs, .me
25 swe – Swedish 301,628 Latin .se
26 tha – Thai 151,102 Thai .th
27 tur – Turkish 404,312 Latin .tr
28 ukr – Ukrainian 127,040 Cyrillic .ua
29 vie – Vietnamese 280,515 Latin .vn
30 zho – Chinese 2,654,024 CJK .cn, .tw, .hk, .mo

Table 13: The 30 selected languages (>100 K domain-
language occurrences), sorted by ISO 639-3 code.

exclusively Reference (84.9 %), and .jp domains
are overwhelmingly Business (64.7 %).

B Qualitative Tokenization: Additional
Example

A second qualitative example with the German
domain biosa-vitalkonzepte.de confirms the
trends observed in the main text (Section 4.2, Ta-
ble 15).

The domain is a compound of the brand name
Biosa and the German word Vitalkonzepte (“vital-
ity concepts”), itself composed of the stem vital
and the noun Konzepte (“concepts”). Our unigram
tokenizer recovers both meaningful components
(vital, konzepte), whereas most general-purpose
tokenizers fragment them into linguistically opaque
pieces such as alk on ze pte or kon ze pt e.

C Tokenizer Normalization Details

To compare tokenizers fairly, we normalize each
one to reflect only actual text content. Without this,
metrics such as piece length and compression ratio
would be corrupted by tokenizer-specific artifacts.
We also remove special tokens such as start-of-
sentence markers.

The following normalizations are applied where
needed:

• WordPiece ## stripping (BERT, mBERT):
WordPiece marks continuation subwords with
a leading ## (e.g. bio ##sa). We strip it to
avoid inflating piece lengths by two charac-
ters.

• SentencePiece _ stripping (Llama 2, AL-
BERT, BigBird, XLNet, T5): SentencePiece
prepends the meta-character _ (U+2581) to
mark word or input boundaries. Since domain
names contain no spaces, only the first token
is affected. We remove it so that character
lengths and span positions remain correct.

• XLNet first-token removal: XLNet’s Hug-
gingFace tokenizer prepends an extra token
when encoding without special tokens. We
discard it to avoid inflating the token count.

• No normalization needed: Our domain-
trained SentencePiece models never learned _
since training data contained no spaces. Byte-
level BPE tokenizers (BLOOM, RoBERTa)
encode spaces as Ġ, which never appears in
domain names. Tiktoken-based models (GPT-
4, Llama 3), Mistral Tekken, and DeepSeek
return clean subwords without boundary pre-
fixes.

Although some tokenizers above need no pre-
fix stripping for domain names, their byte-level
BPE vocabularies are still trained on whitespace-
delimited text. A leading space changes the
first token they emit. For example, when en-
coding smokeheadguitars.co.uk without a lead-
ing space, GPT-4 and Llama 3 begin with sm.
Prepending a space changes the first token to
the whitespace-prefixed piece ␣smoke, merging
four additional characters into the initial token.
The same pattern holds for DeepSeek (sm →
smoke), BLOOM (sm → Ġsmoke), RoBERTa (sm
→ Ġsmoke), and Mistral Tekken (sm → ␣smoke).
The remaining tokenizers produce the same first
token regardless of a leading space.

D Model Architecture Details

BiLSTM. Following Toftrup et al. (2021), de-
signed for short-text language identification. A
learned embedding layer maps token indices to em-
bedding vectors, followed by a single bidirectional
LSTM layer with 768-dimensional hidden states.
The final hidden states from both directions are

biosa-vitalkonzepte.de


TLD Count % Top 5 categories

.com 318,090 39.3 Business (33.6 %), Shopping (12.4 %), Society (10.0 %), Arts (9.4 %), Recreation (8.5 %)

.de 105,337 13.0 Business (27.0 %), Society (12.3 %), Health (11.4 %), Sports (10.7 %), Arts (9.5 %)

.org 75,469 9.3 Society (43.4 %), Health (9.5 %), Arts (9.4 %), Recreation (8.3 %), Science (7.7 %)

.jp 28,827 3.6 Business (64.7 %), Society (6.7 %), Arts (5.4 %), Shopping (4.2 %), Sports (3.8 %)

.ru 24,011 3.0 Business (39.1 %), Society (8.8 %), Arts (8.0 %), Recreation (7.6 %), Shopping (7.1 %)

.net 23,882 2.9 Business (19.7 %), Society (15.5 %), Arts (13.4 %), Computers (11.0 %), Recreation
(9.3 %)

.uk 23,798 2.9 Business (24.3 %), Society (14.2 %), Sports (12.7 %), Recreation (10.5 %), Arts (10.3 %)

.nl 23,295 2.9 Business (26.6 %), Recreation (13.5 %), Society (11.4 %), Sports (9.9 %), Health (8.0 %)

.it 22,144 2.7 Business (52.5 %), Society (9.0 %), Arts (8.8 %), Recreation (6.0 %), Shopping (5.7 %)

.ch 13,407 1.7 Business (26.6 %), Sports (16.2 %), Arts (10.1 %), Health (10.1 %), Society (9.9 %)

.dk 13,160 1.6 Business (28.6 %), Recreation (14.8 %), Society (9.5 %), Shopping (9.3 %), Health
(8.6 %)

.pl 12,210 1.5 Business (47.9 %), Shopping (10.6 %), Society (7.2 %), Arts (6.5 %), Science (6.2 %)

.cz 8,943 1.1 Business (27.5 %), Kids_and_Teens (11.4 %), Arts (10.0 %), Recreation (9.5 %), Shop-
ping (7.7 %)

.au 8,676 1.1 Business (25.5 %), Recreation (16.5 %), Society (15.8 %), Sports (9.1 %), Shopping
(7.7 %)

.fr 8,160 1.0 Business (25.5 %), Arts (11.1 %), Society (9.3 %), Science (9.0 %), Health (8.9 %)

.info 4,462 0.6 Society (19.0 %), Business (14.0 %), Arts (12.8 %), Recreation (11.8 %), Health (9.4 %)

.edu 2,736 0.3 Reference (84.9 %), Society (8.9 %), Health (4.1 %), Science (2.2 %), Arts (1.9 %)

Other 93,141 11.5

Table 14: Per-TLD class profiles in the Curlie dataset for the top 15 TLDs by count plus .info and .edu as notable
generic and purpose-specific TLDs (out of 490 unique TLDs observed), showing the five most frequent content
categories.

concatenated and projected through a linear layer
to class logits.

Encoder. An encoder-only Transformer
(Vaswani et al., 2017) with bidirectional self-
attention. A learned embedding layer, with
learned absolute positional embeddings feeds
into nn.TransformerEncoder. Masked mean
pooling over non-padding positions (Reimers
and Gurevych, 2019) produces the sequence
representation, which is projected to class logits.

Decoder. A decoder-only (GPT-style) Trans-
former (Radford et al., 2018) with causal self-
attention. It shares the same embedding, scaling,
and positional embedding scheme as the Encoder
but uses nn.TransformerEncoder with a causal
mask so that each position attends only to preced-
ing positions. The hidden state of the final token is
projected to class logits.

Transformer. A full encoder–decoder Trans-
former (Vaswani et al., 2017). The encoder pro-
cesses the input token sequence using bidirectional
self-attention. The decoder receives a right-shifted
copy prepended with a start-of-sequence token and
applies causal masking. Both encoder and decoder
share the same embedding layer with learned ab-
solute positional embeddings. The hidden state of
the final decoder token is projected to class logits.



General-purpose tokenizers

GPT-4: b iosa -v it alk on ze pte .de
+ ws: ␣bios a -v it alk on ze pte .de

DeepSeek: b iosa -v ital kon ze pte .de
+ ws: ␣bi osa -v ital kon ze pte .de

Llama 3: b iosa -v it alk on ze pte .de
+ ws: ␣bios a -v it alk on ze pte .de

Llama 2: b ios a - v it alk on ze p te . de
+ ws: ␣b ios a - v it alk on ze p te . de

RoBERTa: b ios a - v it alk on ze pt e . de
+ ws: ␣bi osa - v it alk on ze pt e . de

BLOOM: b iosa -v ital k onz ep te . de
+ ws: ␣b iosa -v ital k onz ep te . de

Mistral Tekken: b iosa -v ital kon z ep te .de
+ ws: ␣b iosa -v ital kon z ep te .de

BigBird: bi osa - vi talk onz ep te . de
T5: bio s a - vita l konzept e . de

ALBERT: bio sa - vi talk on ze p te . de
XLNet: bio sa - vi talk on ze pt e . de

BERT: bio sa - vital kon ze pt e . de
mBERT: bio sa - vital kon ze pte . de

:
In-domain & baseline tokenizers

char baseline: b i o s a - v i t a l k o n z e p t e . d e

our unigram-1K: bio sa - vi tal ko nz ep te . de
our unigram-5K: bio sa - vital kon ze p te . de

our unigram-10K: bio sa - vital konzept e . de
our unigram-30K: bio sa - vital konzepte . de
our unigram-50K: bio sa - vital konzepte . de

our unigram-100K: bio sa - vital konzepte . de

our BPE-1K: bio sa - v ital k on z ep te . de
our BPE-5K: bio sa - vital kon zep te . de

our BPE-10K: bio sa - vital kon zep te . de
our BPE-30K: bio sa - vital kon zepte . de
our BPE-50K: bio sa - vital konzepte . de

our BPE-100K: bio sa - vital konzepte . de

Table 15: Tokenization of biosa-vitalkonzepte.de across all evaluated tokenizers. Rows marked + ws show the
output when a leading whitespace is prepended (Section 4.1).
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