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Abstract

Tokenization remains one of the least revisited components of large lan-
guage models. Most models today still rely on static vocabularies learned
by algorithms driven largely by corpus statistics; these vocabularies are then
reused throughout training and inference, often even across generations of
model families. In this paper, we conduct a tokenizer audit across 9 tokeniz-
ers associated with 23 LLMs, carrying out a comprehensive analysis of their
vocabularies. We develop a taxonomy of vocabulary-hygiene issues, namely
junk tokens, staircase tokens, unreachable tokens, undertrained (or glitch)
tokens, and low-utility long-tail tokens. Across the evaluated tokenizers, we
find that vocabulary-hygiene issues are widespread, but the specific failure
modes are heterogeneous in nature. Each tokenizer exhibits its own char-
acteristic weaknesses as a function of its training data and preprocessing,
the algorithm used, merge dynamics, vocabulary size, and language distri-
bution. We demonstrate that these failures are not merely cosmetic defects
and that they have significant implications for cost, efficiency, multilingual
representation, and the allocation of finite vocabulary capacity. Finally, we
propose mitigation strategies tailored to each class of vocabulary-hygiene
issue. Our results suggest that tokenizer training and vocabulary construc-
tion should be treated as an auditable and improvable part of the language
model pipeline rather than as fixed infrastructure.

1 Introduction

Contemporary Large Language Models (LLMs) typically utilize static subword vocabularies
constructed from algorithms such as BPE (Byte Pair Encoding) [27], WordPiece [25], and
UnigramLM [6], and widely used implementations such as SentencePiece [7] and tiktoken
[13]. These methods are preferred for their simplicity, speed, and language-agnostic nature.
However, their vocabulary construction objectives are based on corpus-level statistics and
compression heuristics rather than downstream tasks. As a result, these subword vocabu-
laries exhibit artifacts from their training corpus. Our work studies these artifacts and their
implications for downstream tasks.

In this paper, we audit nine modern tokenizer vocabularies associated with 23 different
LLMs. We introduce a taxonomy of vocabulary-hygiene issues. Junk tokens are entries
whose usage is concentrated in low-quality web artifacts such as SEO (Search Engine Op-
timization) spam, gambling pages, adult-content link farms, boilerplate navigation text,
and e-commerce residue. Staircase tokens are intermediate merge residues produced during
greedy vocabulary construction. Unreachable tokens exist in the vocabulary but cannot
be emitted under normal encoding rules. Undertrained or glitch tokens receive little or
no training signal during language-model pretraining. Low-utility long-tail tokens consume
vocabulary capacity while contributing little to ordinary compression.

Our strongest empirical finding is the concentration of Mandarin junk tokens in OpenAl
tokenizer vocabularies, especially 0200k_ base. We find 35% of all multi-character Mandarin
tokens are associated with gambling, pornography, lottery, and SEO-spam domains. In
contrast, vocabularies from DeepSeek and Qwen tokenizers contain far fewer such entries.



We further show that these artifacts have practical consequences: on generic Mandarin text,
DeepSeek tokenizes more efficiently than OpenAl’s modern tokenizer, while the pattern
reverses on gambling and adult-content text. Thus, vocabulary capacity appears to have
been allocated in a way that improves compression for polluted web domains while worsening
token parity for ordinary Mandarin usage.

This paper makes several contributions to the auditing of tokenization schemes and their
resulting vocabularies. First, we identify junk Mandarin tokens in OpenAl’s 0200k_ base,
cl100k__base, and 0200k__harmony vocabularies, and study their implications for multilin-
gual token parity. Second, we investigate the origins of these tokens using experiments
on a representative subset of C4 (Colossal Clean Crawled Corpus) before and after data
filtering, producing a candidate junk-token dataset that we map back to modern LLM tok-
enizers. Third, we show that many of these tokens appear consistent with black-hat SEO
and spam patterns associated with Chinese illegal online gambling and adult-content pro-
motion. Fourth, we introduce a taxonomy of vocabulary-hygiene issues: junk, staircase,
unreachable, undertrained, and low-utility long-tail tokens, and empirically audit these is-
sues across modern tokenizers. Finally, we connect vocabulary hygiene to inference cost,
multilingual representation, robustness, representational geometry, and finite vocabulary
capacity, and propose mitigation strategies for each class of issues.

2 Related Work

Several works in the literature have investigated the impact of tokenizer choice on model effi-
ciency and behavior. There have been studies on evaluating tokenizers based on compression,
fertility [14], multilingual coverage, downstream performance, and robustness. Goldman et
al. [12] demonstrate correlations between compression and downstream performance and
argue that compression is an intrinsic metric for tokenizer quality. Reddy et al. [23] show
that there are diminishing returns to increasing tokenizer training data size, and attribute
this to the pre-tokenization process. Similar work by Velayuthan et al. [24] shows that
pre-tokenization has a bigger impact on vocabulary construction than the tokenization al-
gorithm itself, as they bound the maximum token length that can be formed for a given
pre-token. Our work builds on this line of research by moving beyond aggregate metrics to
a fine-grained audit of individual vocabulary entries. Specifically, we investigate whether
vocabulary capacity is allocated to tokens that are reachable, well-trained, linguistically
useful, and representative of expected usage.

The closest prior study to our analysis on semantic pollution is by Zhang et al. [18], which
investigated data pollution in Chinese tokens in OpenATI’s 0200k_ base vocabulary, identify-
ing a large number of tokens associated with pornography, gambling, and related low-quality
SEO content. Their work shows that tokenizer vocabularies contain artifacts from the tok-
enizer training data and thus can provide clues about its composition and data distribution.
However, we note many limitations in their work in terms of false positives and negatives.
Their token classification fails to identify tokens that look superficially innocuous when their
literal meaning is taken, but in fact represent gambling or porn site names. Meanwhile, to-
kens with sexual or sensitive meanings are tagged as polluted tokens, even though they may
have legitimate uses.

Another related line of work investigates vocabulary artifacts created by BPE-style algo-
rithms. Sun et al. [22] coin the phrase intermediate merge residues to describe tokens that
are present in the vocabulary as an artifact of the merge process, but are rarely emitted
during model generation because later merges absorb them into longer tokens. They intro-
duce Litetoken, a method for identifying and removing such residue tokens, while preserving
model performance. Our work is closely related, but differs in its treatment of what counts
as residue. We note that certain merge artifacts can still play compositional roles as pro-
ductive stems, and introduce the concept of staircase tokens, which are a chain of tokens
in which progressively longer tokens absorb most occurrences of their prefixes, while dis-
tinguishing between productive and unproductive staircases by considering their marginal
compression contribution.



Undertrained tokens, also called glitch tokens, were widely investigated after the discovery
of tokens like SolidGoldMagikarp [21], which induced anomalous behavior in GPT-2 and
GPT-3. This was followed by a systematic analysis of these types of tokens by Land et al.
[8], who define them as tokens that appear in the tokenizer training data and consequen-
tially its vocabulary, but are nearly or entirely absent from the language model’s training
data. Our work incorporates their analysis but places it within a broader taxonomy of
vocabulary-hygiene issues, by distinguishing them from polluted tokens which correspond
to tokens that are low-quality artifacts but are still well-trained due to their presence in the
model training corpora. By measuring both categories, we can test differences between the
tokenizer training data composition and the model training data composition.

3 Vocabulary-Hygiene Issues

We conducted a tokenizer audit across 9 tokenizers associated with 23 LLMs, namely
OpenATl’s 0200k__base, Google’s Gemini 2.5 Pro local tokenizer, DeepSeekV3-0324, Qwen3-
8B, GLM-4.5-Air, ByteDance Seed-OSS-36B, LLaDA-8B-Instruct, Mistral NeMo Instruct,
and Phi-4-minilnstruct. For historical and junk-token comparisons, we also examine re-
lated variants including OpenAl GPT-2, r50k_base, pb0k_base, p50k_ edit, cl100k_ base,
0200k__harmony, DeepSeek variants, Qwen variants, and Mistral variants. Our audit in-
cluded systematic analysis of each of the tokens in the vocabularies being analyzed. We
found a large number of tokens providing very little end user utility but consuming valu-
able vocabulary capacity. Based on the type of issue found, we developed a taxonomy of
vocabulary-hygiene issues, categorizing each such problematic token into junk tokens, stair-
case tokens, unreachable tokens, undertrained tokens, and low-utility long-tail tokens. We
will now discuss each of these in detail.

3.1 Junk Tokens

We define junk tokens as vocabulary entries whose presence in the tokenizer training corpora
is concentrated in low-quality web artifacts but is typically not encountered in ordinary
model usage. Examples of junk tokens include tokens representing SEO spam, gambling
sites, lottery advertisements, adult-content link farms, web navigation text, and e-commerce
boilerplate. While a large proportion of such junk tokens have Adult/NSFW themes, tokens
with sexual or sensitive meanings are not inherently considered as junk tokens according
to our definition as they have legitimate uses. We do not aim to pass moral judgement on
token identities.

We distinguish junk tokens from glitch tokens and long-tail tokens. Glitch tokens are un-
dertrained because they are scarcely present in the model training data, while junk tokens
are usually well-trained because of their high rate of incidence in the model training set.
Long-tail tokens appear in lower frequencies in the training set but they still have legitimate
uses, like being a scientific or domain-specific term, or a word/phrase in an underrepresented
language.

The effect of junk tokens might be amplified due to the incentives of large-scale pre-training.
Recent work from Mohri et al.[11] shows that there might be a bitter lesson for data filter-
ing; in high-compute settings, large models sometimes benefit from low-quality data, thus
reducing the need for rigorous data filtering during pretraining, but incidentally introducing
junk tokens in the vocabulary.

Mandarin Junk Tokens in OpenAl: The most surprising observation from our audit is the
large concentration of Mandarin junk tokens in OpenAl’s 0200k _ base tokenizer vocabulary,
which is used by models such as GPT-5.5 and 5.4. The vocabulary of 0200k__base contains
a total of 7,454 Mandarin tokens, 1,478 or 20% of which have been classified as junk tokens.
The proportion becomes substantially higher when we remove mono-character tokens from
the statistics, since they do not represent sufficient context or meaning. We found that 35%
of all Mandarin tokens containing two or more characters have been classified as junk tokens.
In comparison, DeepSeek’s vocabulary has a total of 35,199 Mandarin tokens with only 8
or 0.02% classified as junk tokens. None of the other tokenizers had a Mandarin junk token



Category Tokens % of Mandarin junk

Gambling / lottery SEO 845 57.2%
Adult / NSFW link farms 421 28.5%
Video / content-farm residue 85 5.8%
SEO / boilerplate 56 3.8%
Scraped-web residue 41 2.8%
Games / e-commerce residue 30 2.0%
Total 1,478 100.0%

Table 1: Manually verified Mandarin junk-token categories in 0200k_base. Counts are
grouped into coarse categories to emphasize that the issue is not ordinary sensitive language,
but vocabulary capacity allocated to SEO-spam and low-quality web artifacts.

rate over 0.1%, showing that this issue is specific to OpenAT’s tokenizers. Table 1 shows the
category breakdown for 0200k_base.

Mandarin Junk Token Identification Methodology: We first identified Mandarin tokens in
each vocabulary using Unicode range filtering. Starting with tokens containing characters
from the CJK (Chinese Japanese Korean) Unicode ranges, only tokens that include Han
characters or Bopomofo symbols were retained. Each token is then classified using a web
agent that searches the Web to infer its semantic origin and usage context. The tokens are
classified into one of 29 topic-based categories. The final classification results are drawn
from the union of our classifier and Zhang et al’s [18] polluted Chinese tokens classifier.

Label validation: The classifier labels were treated only as candidates. For 0200k_base, the
classifier identified 1,612 candidate Mandarin junk tokens. Using manual verification, we
rejected 181 false positives, and a second pass over the remaining Mandarin tokens added
47 missed junk tokens, yielding 1,478 final labels. A token was labeled as junk only when its
dominant usage was concentrated in low-quality web artifacts such as gambling pages, adult-
content link farms,; lottery promotion, SEO boilerplate, or web navigation artifacts. Tokens
with sexual, sensitive, geographic, medical, literary, or domain-specific meanings were not
labeled as junk when they had ordinary uses. Thus, our labels capture corpus-provenance
artifacts rather than moral or content-based undesirability.

We also repeated Land et al’s [8] analysis on identifying undertrained tokens based on
behavioral clues. None of these tokens exhibited anomalous behavior, suggesting that these
tokens are not undertrained, which means they likely existed in the pre-training dataset as
well.

Token Parity: One of the practical implications of junk tokens is visible in token-parity
analysis. We constructed two datasets comprising of 200 Mandarin passages each: one
comprised of generic passages and one comprised of gambling and adult-content SEO text.
To control for passage length, in Table 2 we report mean token counts per 1,000 Unicode
characters. On generic Mandarin, the DeepSeek tokenizer uses 29.9% fewer tokens than
OpenAl’s 0200k-based tokenizer. This is unsurprising as DeepSeek’s vocabulary consists of
4.7x more Mandarin tokens than GPT-5.5’s.

However, the situation is reversed on text drawn from porn or gambling domains, where
0200k __base requires 20.0% fewer tokens on average to represent the same information in
comparison to DeepSeek-v4-pro. The same tokenizer that is relatively less efficient in Man-
darin is unusually efficient when it comes to representing text from porn or gambling do-
mains. The vocabulary capacity has been allocated in a way such that low-quality web
domains are favored over normal language use.

Thus, junk tokens are not cosmetic defects, but in fact represent an opportunity cost and
a misallocation of representational bandwidth. This has implications for inference cost,
multilingual parity, and model robustness.

Embedding Geometry Distortion: The presence of junk tokens in a vocabulary is not only
an efficiency concern. It also has consequences for the geometry of the embedding space. A
token string’s representation is shaped by the contexts in which it appears during training.



Dataset N OpenAl DeepSeek Tokenizer advantage

Generic Mandarin 200 731.4+843 512.6+61.7 DeepSeek: 29.9% fewer
Gambling/adult SEO Mandarin 200 397.2+73.1 496.5+894 OpenAl: 20.0% fewer

Table 2: Token-parity comparison between OpenAl’s 0200k-based tokenizer and the
DeepSeek tokenizer. Values are mean token counts per 1,000 Unicode characters, with
standard deviations over 200 passages.

When its occurrences are dominated by polluted web text, a text-embedding model may
associate that string more strongly towards the junk domains than with its literal or surface
meaning.

We observe this effect when using OpenAl text embeddings to encode decoded vocabu-
lary strings. Since we do not have access to the input-embedding matrix from OpenAl’s
GPT models, we cannot make a claim that the learned token embeddings of models using
0200k__base are distorted. Instead, we measure the geometry of the vector space from an
OpenAl text-embedding model over the decoded strings corresponding to vocabulary entries.
In this embedding space, Mandarin junk tokens do not scatter as undertrained tokens would.
They form a dense, well-separated cluster, which we visualize in Figure 1. This shows that
the embedding model associates these strings with a polluted-web semantic domain, rather
than as unrelated rare strings.
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Figure 1: t-SNE diagram of Mandarin junk tokens in 0200k_base, cl100k_base, and
0200k _ harmony

The downstream effect is semantic pollution in the decoded-token embedding space. Because
a polluted token’s geometry reflects the company it kept during training, a token whose
literal meaning is innocuous can sit closer in embedding space to terms from the polluted
domain than to its true semantic neighbors. In our analysis, ” 1", whose literal meaning
is the Chinese name of the island Kyushu in Japan, appears closer to gambling-related
strings relative to other Japanese place names due to it also being the name of a Taiwanese
syndicate managing underground money laundering and illegal gambling networks. We
interpret this as evidence that decoded vocabulary entries can carry domain provenance.

Investigating Black Hat SEO: During our investigation, we attempted to find the source of
Mandarin junk tokens. Yang et al. [26] identified more than 967K illegal Chinese gambling
websites that employ black hat SEO techniques. Their work reveals the sheer volume of
promotional strategies used by illegal gambling websites. Du et al. reveal that in addition to



keyword stuffing, black hat SEO techniques also inject inbound links to reputable websites
by using bots to post spam links in popular forums, compromising reputable sites with link
injections, purchasing link exchange or reciprocal linking services, and leveraging expired
domains with high page ranks to construct link networks [2].

New black hat SEO techniques are more sophisticated and target crawlers directly. One
of the strategies utilized is to set up a “Spider Pool” that uses wildcard DNS to generate
a large number of subdomains from a single domain, creating a dense network of spam
pages designed to attract and trap crawlers [2]. This results in the crawler spending a
disproportionate amount of resources on spam content and index manipulated search results
containing porn, illegal gambling and lottery, gaming, and e-commerce. While we do not
have access to OpenAl’s tokenizer-training dataset or its crawler behavior, the Mandarin
junk tokens we observe are consistent with this kind of large-scale SEO spam, suggesting
a potential lack of sufficient data filtering before training the tokenizer and the language
models. We investigated the presence of junk tokens in languages beyond Mandarin and
were not able to find a similarly large class of SEO-style junk tokens, suggesting that the
Mandarin case reflects a specific interaction between web-scale tokenizer training and a
high-volume Chinese spam ecosystem.

Identifying Junk Tokens Beyond Mandarin: To identify multilingual junk tokens beyond
Mandarin, we constructed a junk token candidate dataset from the C4 corpus. We first ran
a filtering pipeline over the unclean version of C4 to remove web artifacts, yielding a cleaned
corpus and a complementary set of rejected text. We then trained separate BPE vocabularies
on each: one on the original corpus and one on the text that the filter removed. Tokens
that appear in the rejected-text vocabulary but not in the original vocabulary are treated
as candidate junk tokens, on the assumption that artifacts surface as distinct vocabulary
entries only once clean text no longer dominates the merge statistics. Finally, we discard
extremely low-frequency candidates, since these are more likely to be legitimate rare tokens
than systematic web artifacts. The full algorithm can be found in Appendix A.

Across modern tokenizers, candidate junk token matches range from 0.80% to 3.01% of the
vocabulary, with the full table provided in Appendix B.

4 Staircase Tokens

Staircase tokens, or intermediate residues, refer to tokens that were added to the vocabulary
during the tokenizer training process but were merged into longer tokens later on during
training. This is more prevalent in tokenizer algorithms like BPE, where the vocabulary is
constructed through a sequence of greedy frequency-based merges.

Most tokenizers use BPE-style algorithms, where merges are based on frequency statistics.
When a long frequent string is added, the shorter intermediate sub-strings needed to con-
struct it may remain in the vocabulary even if they are rarely useful after later merges
absorb them. Since the merges happen at the character level, they happen in a step-by-step
manner, leading to a staircase fashion. We call these Staircase Tokens. Note in Table 3, ”
F&aK#E” is a common four-character idiom in Chinese; however, its staircased components

9 Y=Ly 9 Y=E £ 5

am  and ” #8& K" have no obvious meaning or usage.

Tokenizer Type Step Token ID Token
qwen3_8b  prefix right_extension 0 118102 o
qwen3_8b  prefix right extension 1 118103 K
qwen3_8b  prefix_right_ extension 2 118104 FEEKKE

Table 3: Example of a prefix right extension staircase token ladder in qwen3_8b.

We conducted an experiment across 9 tokenizers to determine the number of staircase to-
kens that exist in each vocabulary. Table 4 shows the intermediate residue tokens in each
tokenizer, including the number of staircase tokens.



Table 4: Staircase token counts (prefix and suffix ladder) per vocabulary.

Tokenizer Provider Prefix Suffix Total % vocab
openai_ 0200k _ base OpenAl 18 6 24 0.01%
gemini_2_5_pro_local Google 112 108 220 0.08%
deepseek_v3_ 0324 DeepSeek 8 10 18 0.01%
qwen3_ 8b Alibaba/Qwen 6,128 20 6,148 4.05%
glm_ 4 5 air Zhipu/Z.ai 30 25 55 0.04%
bytedance_seed_ oss_ 36b ByteDance Seed 14 19 33 0.02%
llada_ 8b__instruct LLaDA 10 6 16 0.01%
mistral nemo instruct Mistral 16 16 32 0.02%
phi_4_ mini_ instruct Microsoft 28 18 46 0.02%

We observe thousands of such staircase tokens in the Qwen tokenizer vocabulary, with the
earlier tokens in the staircase almost never used. These tokens are not found in other
tokenizer vocabularies that were part of our study. We consider a staircase token as residue
if it a) has low independent emission frequency, and b) has low contextual diversity, meaning
their surrounding tokens in a representative corpus are similar.

Not every intermediate fragment can be dismissed as residue. Sun et al. [22] identify English
stems such as ’delet’ and ’includ’ as intermediate residue. However, these tokens are stems
of English words because they represent the prefix of common terms with similar meanings
and follow Porter Stemmer conventions [17].

5 Unreachable Tokens

An unreachable token is a token that exists in the vocabulary but cannot be generated by
the model when using the tokenization algorithm. Unreachable tokens are the clearest form
of token waste, as they consume vocabulary capacity but can never be used in practice. In
BPE-style tokenizers, one way in which a token can become unreachable is when merge
priority prevents a token from ever being selected for generation because other merge rules
always take precedence. In tokenization schemes containing pre-tokenization, a token may
cross a pre-token boundary and thus be never generated during inference.

We performed a reachability test across 9 tokenizers. To perform a reachability test, we
decode each vocabulary token into its string representation. We then re-encode the string
in isolation and check whether the encoded token appears in the output.

Table 5: Unreachable token counts and proportions across tokenizer vocabularies.

Tokenizer Provider Total TUnreachable % vocab
openai_ 0200k_ base OpenAl 200,000 307 0.15%
gemini_2_5 _pro_local Google 262,144 318 0.12%
deepseek__v3 _ 0324 DeepSeek 128,815 338 0.26%
qwen3_ 8b Alibaba/Qwen 151,669 316 0.21%
glm_4 5 air Zhipu/Z.ai 151,365 350 0.23%
bytedance_seed _oss_ 36b ByteDance Seed 155,121 316 0.20%
llada_ 8b _instruct LLaDA 126,349 375 0.30%
mistral nemo instruct Mistral 131,072 272 0.21%
phi_4_ mini _ instruct Microsoft 200,029 307 0.15%

We note that there are a few unreachable tokens across all tokenizers but they are not
substantial in number. Yet, they still represent valuable vocabulary capacity that is being
wasted. Unreachable tokens exhibit similar behavior as glitch tokens. This is because
unreachable tokens are never emitted during the pre-training process and thus receive no
training signal. Unreachable tokens are a tokenizer-level property, while glitch tokens are
a model-level property. Unlike other forms of undesirable tokens, unreachable tokens are
straightforward to identify and also straightforward to remove or replace.



6 Undertrained Tokens

We define undertrained or glitch tokens as tokens that exist in the tokenizer vocabulary but
receive little to no training signal during model pretraining. Such tokens induce anomalous
model behavior and thus negatively impact downstream tasks. Glitch tokens appear when
there is a mismatch between tokenizer training data and language model pretraining data,
specifically when tokens that have relatively higher frequencies in the tokenizer training
data barely appear if not completely absent from language model pretraining data, due to
differences in training corpora, or preprocessing and filtering steps.

In order to identify glitch tokens, we perform behavioral and embedding-level tests pre-
scribed by Land et al. [8]. While most glitch token research has been performed in the
context of English and Mandarin tokens, we run the analysis across the entire vocabularies
of the tokenizers we cover. From our analysis, we found 127 glitch tokens in 0200k _base
and 37 glitch tokens in the DeepSeek tokenizer.

7 Idiosyncratic Long-Tail Tokens

Tokenizer scaling laws [4] state that our current vocabulary sizes are smaller than optimal.
Therefore, there has been a trend of recent language models having larger vocabularies.
However, the new tokens added to the vocabulary typically tend to be rare long-tail tokens
rather than tokens that would actually reduce the amount of tokens needed to represent
text.

Whether a token is considered a long-tail token or not is subjective, even if we have access
to pretraining corpus statistics. We developed a pseudo-measure to detect the number of
long-tail tokens in a vocabulary by identifying tokens that are not present in any of the
other compared vocabularies, excluding tokens from non-English languages. This proxy is
not definitive, as a token absent from other vocabularies may reflect legitimate domain or
language coverage. Therefore, we use this measure only for discovering candidates which
then merit further inspection.

Table 6: Long-Tail Tokens

Tokenizer Total Tokens Long-Tail Tokens Long-Tail %
gemini_2 5 pro_local 262,144 90,707 34.62%
bytedance_seed_oss_ 36b 155,121 23,633 15.35%
mistral_nemo__ instruct 131,072 14,811 11.39%
llada, 8b instruct 126,349 14,399 11.46%
qwen3_ 8b 151,669 11,158 7.42%
deepseek_v3 0324 128,815 5,088 3.98%
glm_4 5_air 151,365 2,908 1.93%
openai_ 0200k_ base 200,000 1,562 0.78%
phi_4 mini_instruct 200,029 225 0.11%

8 Mitigation Strategies

Different vocabulary-hygiene failures are best addressed by different mitigation techniques.
Unreachable tokens can be detected mechanically and removed or replaced. Staircase tokens
can be reduced by modifying the tokenizer training algorithm. PickyBPE [1], for example,
removes intermediate residue tokens during tokenizer construction. AdaptBPE [9] replaces
low-utility tokens with high-frequency tokens from a target domain corpus. In this vein,
several works investigate modifying vocabularies for new languages or domains including
Haltiuk et al. [3], Remy et al. [19], Remy et al. [20], Minixhofer et al. [10].

Preventing junk tokens from entering the vocabulary requires better tokenizer-training data
filtering and vocabulary audits before tokenizer release. Because junk tokens may be well-
trained, they cannot be identified simply by looking for anomalous behavior. They require



semantic and corpus-provenance analysis. Long-tail token bloat can be addressed by usage-
aware vocabulary sizing, as rare tokens are not inherently bad, but additional vocabulary
entries should be justified by compression, coverage, or downstream utility.

A more radical solution to vocabulary-hygiene issues is to replace static subword vocab-
ularies with dynamic vocabularies or even tokenization-free approaches. BLT (Byte La-
tent Transformer)[16] operates on byte sequences that are grouped into dynamically sized
patches. FLEXITOKENS introduces byte-level segmentation that can enable adaptation
to new domains and languages[15]. H-Net truly removes tokenization as a separate step
in the language model pipeline, introducing an end-to-end hierarchical architecture that
learns content and context dependent segmentation[5]. Our vocabulary-hygiene studies pro-
vide empirical motivation for this direction, as dynamic tokenization or tokenization-free
approaches are a promising way to ensure language models allocate representation capacity
according to the needs of downstream tasks rather than on corpus statistics.

9 Conclusion

We treated the tokenizer vocabulary as an auditable artifact and audited 9 tokenizers asso-
ciated with 23 LLMs, introducing a taxonomy of vocabulary-hygiene issues: junk, staircase,
unreachable, undertrained, and long-tail tokens. These issues are pervasive but heteroge-
neous across tokenizers, with each tokenizer carrying the fingerprint of its training corpus,
algorithm, vocabulary size, and language distribution.

Our most consequential finding concerns junk tokens. Their concentration in OpenAT’s
0200k__base vocabulary demonstrates how vocabulary capacity has been spent encoding
low-quality web artifacts traceable to black hat SEO content. This is not cosmetic: it
distorts token parity and degrades representational geometry. Our analysis is limited to
public tokenizer vocabularies and decoded-token string embeddings; it does not reconstruct
proprietary training corpora or directly measure proprietary model input embeddings.

Vocabulary construction therefore deserves the same scrutiny as any other stage of the lan-
guage modeling pipeline. The appropriate repair technique for vocabulary-hygiene issues
depends on the failure mode. Staircase tokens and unreachable tokens can often be removed
mechanically, while junk tokens require better upstream filtering and semantic audits, un-
dertrained tokens require better corpus alignment, and long-tail bloat requires usage-aware
vocabulary sizing. More broadly, the persistence of these issues strengthens the case for dy-
namic and tokenization-free architectures, where capacity is allocated to downstream needs
rather than the statistics of an unfiltered crawl.
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Appendix A

Algorithm 1 Multilingual Junk Token Candidate Extraction

Require: Raw corpus C, artifact filter F, tokenizer training procedure T, vocabulary size V,

minimum frequency threshold T, smoothing constant €

Ensure: Junk token candidate set |

1:

11:

12:
13:

14:

Apply filter F to C to obtain cleaned corpus
Celean = F(C)

and rejected corpus
Crej =C \ Celean-

Train tokenizer T on Cgean With vocabulary size V to obtain vocabulary

Vclean .

Train tokenizer T on Cyej with vocabulary size V' to obtain vocabulary
Vrej-
Compute rejected-only candidate tokens:
A = Veej \ Velean-

for all t € A do
Compute frequency frej(t) in Crej.
Compute frequency feean () in Celean-
Compute enrichment score
i(f) +e€
e(t) = log, (fre}( ) ) .
fclean(t) te€

end for

: Retain only enrichment-supported candidates:

A={teA|e(t) >0}.
Filter low-frequency candidates:
J={teA| fruj(t) > 1}.

Rank candidates in | by decreasing enrichment score e(t).

Match each candidate token in | against target tokenizer vocabularies using exact byte-
string equivalence.

return ranked junk token candidate set J.
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B (4 Rejected-Text Candidate Matches

Table 7: Matches to C4 rejected-text junk-token candidates across tokenizer vocabularies.
These multilingual candidate counts are derived from the C4 filtering experiment and are
distinct from the manually verified Mandarin junk-token labels in Section 3.1.

Tokenizer Candidate matches Total vocab % vocab
GPT-2 era (50k vocab)

openai_ gpt2 1,265 50,257 2.52%
openai_ r50k_ base 1,265 50,257 2.52%
openai_ p50k__base 1,270 50,281 2.53%
openai_ p50k__edit 1,270 50,284 2.53%
Modern tokenizers

openai_ cl100k__base 1,635 100,277 1.63%
openai_ 0200k_ base 2,328 200,019 1.16%
openai_ 0200k__harmony 2,328 201,088 1.16%
hf deepseek_v3 1,849 128,815 1.43%
hf deepseek v3_ 2 1,849 128,816 1.43%
hf gqwen3 1,805 151,669 1.19%
hf gqwen3_6 1,993 248,077 0.80%
hf mistral_v03 986 32,768 3.01%

C Tokenization Visualization Example

GPT-5x&01/3  GPT-4&GPT-35(legacy)  GPT-3 (legacy)

FORRFAR RERNR, SEECHEAR NG, EORBN. BRAGE, SLREE
FREBERE . TG, ANPEE ., RRSHHBN . cont, "RRSHIAM . “FI mRE", R
B RRGHRFGE, SHOSFREATOLALR, DRELRRG, RERG. EARENGER o
FERRTMRERIE,

[EEY Show example

Tokens Characters
18 264
RS 5, BRI R =0 , X

ERg” . “7E! N . .
RMF JZRapp” . RHE". " DR AN
-3 "L A PER", —REEA
BEOXABERTBERXE, MRCHRTA.
< BRASMTREAIE B A RIE—RA SE0 G0BIRAE

Figure 2: DeepSeek tokenization of a junk-

token sample.
Figure 3: OpenAl tokenization of the same

junk-token sample.
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