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Abstract

Large language models learn word mean-
ings through distributional semantics (i.e.,
patterns in text), and distribution does not
always capture information about taxon-
omy and function, which are essential to
human representations of word meaning.
However, sound and spelling often con-
veys such information, and language mod-
els decompose many words into subword
tokens, which may identify category mark-
ers. For example, GPT-5 segments fluorine
and bromine into fluor + ine and brom +
ine, which share the category marker ine.
We provide evidence that, across 18 lan-
guages, shared tokens predict greater se-
mantic priming effects in humans (e.g., peo-
ple recognize bromine faster after reading
fluorine), beyond what distributional simi-
larity explains. Furthermore, across seven
languages, shared tokens boost semantic
priming beyond what shared morphemes
explain. This suggests that subword to-
kens could help language models arrive at
human-like representations of word mean-
ings. However, we also provide evidence
that the trend towards larger vocabularies of
tokens obscures category markers, and even
when language models have access to sub-
word tokens, they underestimate the seman-
tic relatedness of words that share tokens.

1 Introduction

Large language models (LLMs) are a type of dis-
tributional semantic model, which is to say, they
infer meaning from patterns in text. Distribution
sometimes overlooks aspects of word meaning
such as taxonomy and sensory experience (e.g.,
Andrews et al. 2009), which may hinder concept
alignment, i.e., the goal of having words mean
the same things to LLMs as to people (Rane
et al., 2024). However, taxonomic and sensory in-
formation is often implied by word form (e.g.,

Figure 1: Semantic priming as a function of distribu-
tional semantic similarity (across 18 languages) and
morphological overlap (across seven languages). Se-
mantic priming is the difference in how quickly peo-
ple recognize a target word (e.g., abdominal) follow-
ing a semantically related prime (spinal) compared to
an unrelated prime (chemical). Priming is greater when
primes and targets occur in more similar contexts (left)
or share morphemes (right). Crucially, according to
twelve tokenizers, shared final tokens (as in sp + inal
and abdom + inal) boost priming beyond what distri-
butional similarity or morphological overlap predicts.

Kelly 1992), and LLMs segment many words into
chunks (i.e., subword tokens), which could con-
vey that information. For example, fluorine and
bromine are members of a family of chemicals
marked by ine, and when processed by GPT-5, flu-
orine and bromine share the subword token ine. In
this study, we use semantic priming effects in hu-
man word processing, from Buchanan et al. 2026,
to differentiate representations in distributional se-
mantic models from multifaceted word meanings,
across a variety of languages, and we investigate
whether subword tokens identify semantic fea-
tures that supplement the meanings implied by
patterns in text.

1.1 Distributional semantics
Distributional semantic models, such as Latent Se-
mantic Analysis (Landauer and Dumais, 1997)
and word2vec (Mikolov et al., 2013), repre-
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sent word meanings with embeddings, which are
strings of numbers that situate words in seman-
tic space. Embeddings are derived from patterns
in text, based on the assumption that words which
occur in similar contexts have similar meanings
(Firth, 1957; Harris, 1954). For example, ab-
dominal and hernia co-occur in many sentences,
which can be quantified as the cosine similarity
of their embeddings. LLMs are sometimes called
“contextualized” distributional semantic models
(e.g., Lenci et al. 2022), because whereas “static”
models such as word2vec learn a single, stable em-
bedding for each word, LLMs tailor embeddings
to contexts (Devlin, 2018; Peters et al., 2018; Rad-
ford et al., 2019). For example, the representation
of abdominal will differ in contexts that refer to
exercise versus medicine. The cosine similarity of
embeddings correlates with semantic priming ef-
fects in lexical decisions by humans: People rec-
ognize a target word faster after reading a seman-
tically related prime word (Meyer and Schvan-
eveldt, 1971), and priming effects vary as a func-
tion of the proximity of primes to targets in dis-
tributional semantic space, for both static mod-
els (Auguste et al., 2017; Gatti et al., 2023; Jones
et al., 2006; Lund and Burgess, 1996; Mandera
et al., 2017) and LLMs (Cassani et al., 2023). Gün-
ther et al. 2016 conclude that distributional seman-
tic models offer a “cognitively plausible measure
of meaning similarities” (p. 11).

However, the meanings implied by distribution
may be incomplete. Andrews et al. 2009 argue that
people learn word meanings through two paths,
distribution and sensory experience, and Hill et al.
2015 emphasize the difference between words that
occur in similar contexts, such as abdominal and
hernia, and words with similar functions or ref-
erents, such as abdominal and spinal. This dis-
tinction is evident in the semantic priming task,
where the facilitatory effects of shared semantic
features can be dissociated from the effects of co-
occurrence (Hutchison, 2003; Lucas, 2000) and
where morphology has larger effects than distribu-
tion (e.g., people will recognize abdominal faster
after reading spinal than after hernia, other things
being equal; Feldman 2000; Rastle et al. 2000).
Furthermore, the word association task (e.g., ask-
ing participants to say the first word that comes
to mind when they hear abdominal) provides ev-
idence that meanings in the human mind gravi-
tate towards function and reference: As children

mature, they shift away from co-occurring asso-
ciates in favour of taxonomically related asso-
ciates (Brown and Berko, 1960; Entwisle, 1966).
Static distributional semantic models therefore fail
to capture much of the variance in human associ-
ations (De Deyne et al., 2016, 2021), and LLM-
generated associates differ systematically from
human-generated associates (Xiao et al., 2025).

Despite these challenges, distributional seman-
tic models have made progress at capturing tax-
onomy (Amenta et al., 2020; Erk, 2016; Marelli
and Baroni, 2015), thanks in part to hyper-
parameters—most notably, leveraging the fact that
adjacent words imply part of speech (e.g., words
immediately following “the” or “his” are often
nouns, whereas words immediately following
“must” and “to” are more often verbs), while dis-
tantly co-occurring words imply thematic similar-
ity (Bullinaria and Levy, 2007; Redington et al.,
1998)—but thanks also to the information con-
veyed by word form. For example, across many
languages, nouns and verbs differ systematically
in sound and spelling (Kelly, 1992), as do words
with abstract versus sensory meanings (Reilly
et al., 2017; de Zubicaray et al., 2023). For re-
views, see Dingemanse et al. 2015 and Haslett and
Cai 2024. In some cases, these patterns in form–
meaning mapping are subtle, but in many other
cases, they are overt (Kallens and Christiansen,
2020; Pimentel et al., 2019). For example, Korean
words that end with다 tend to be infinitive verbs,
Chinese words that end with 子 tend to be con-
crete nouns, and English words that end with -ness
tend to be abstract nouns. In this paper, we refer
to subword constituents that imply taxonomy or
function as category markers. FastText models can
identify such category markers by learning the dis-
tributions of subword strings (Bojanowski et al.,
2017), which enables such models to situate low-
frequency words and out-of-vocabulary words in
semantic space (de Varda et al. 2024; Gatti et al.
2023; Hendrix and Sun 2021; cf. Cassani et al.
2020).

Still, whether subword distribution suffices to
imply human-like meanings is an open question.
Along with practical challenges—namely the need
to encounter words and subwords across many
contexts, which poses problems for both static
models (Bullinaria and Levy, 2007; Sahlgren and
Lenci, 2016) and LLMs (Algayres et al., 2025;
Schick and Schütze, 2020)—it is unclear in princi-
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ple what role inductive biases might play. People
and languages have co-evolved such that differ-
ent parts of words convey different sorts of infor-
mation (e.g., in many languages, category mark-
ers tend to be suffixes), so to infer taxonomy, it
helps to know where to look (Cutler et al., 1985;
St. Clair et al., 2009; Sun and Poeppel, 2023).
Furthermore, the sensory information implied by
word form is underdetermined (e.g., the vowel
/i/ could indicate size, speed, taste, or nothing at
all; Winter et al. 2019), and many of those sound
symbolic form–meaning mappings occur across a
range of unrelated languages (Blasi et al., 2016;
Ćwiek et al., 2022), which suggests that subword
strings might cue pre-existing associations in peo-
ple without their distribution sufficing to teach
those associations to LLMs.

1.2 Tokenization
The way that LLMs represent words further com-
plicates their ability to infer human-like mean-
ings. LLMs segment text into chunks called to-
kens, and almost all LLMs use a compression al-
gorithm called byte-pair encoding (Gage, 1994;
Sennrich et al., 2016). Byte-pair encoding is de-
termined entirely by orthographic regularities, and
English is predominant on the internet, so com-
mon English words tend to be single tokens in
state-of-the-art LLMs, while most other words are
segmented into subword tokens. For example, in-
terdisciplinary is represented by GPT-5 as a sin-
gle token, whereas the rare word intradisciplinary
is segmented into three tokens (_intr + ad + is-
ciplinary), and the French translation interdisci-
plinaire is segmented into four tokens (_inter +
disc + ipl + inaire). (The underscores indicate
whitespace incorporated into a word’s first token.)
Unlike fastText, which averages the embeddings
of all the n-grams in a word (e.g., all the 4-letter
strings in interdisciplinary), LLMs have access
only to the subword tokens identified by byte-pair
encoding, so a single-token word such as inter-
disciplinary obscures inter, while the tokenization
_intr + ad + isciplinary obscures disciplin.

As _intr + ad + isciplinary illustrates, byte-
pair encoding often produces tokens that diverge
from morphemes (i.e., the smallest meaningful
constituents in languages; Bostrom and Durrett
2020; Church 2020; Hofmann et al. 2021), and
several studies report that non-morphological to-
kens hinder performance on downstream tasks,

such as categorizing words or pairing them with
definitions (e.g., Batsuren et al. 2024; Hofmann
et al. 2022; Jabbar 2023; Mager et al. 2022).
However, other studies report that LLMs per-
form equally well regardless of whether tokens
correspond to morphemes (Arnett et al., 2024a,
2025; Gutierrez et al., 2023). One explanation
for these conflicting results might be that non-
morphological tokenization still captures seman-
tic information, such as the relationships reflected
in the forms of height and weight or junior and
senior. Haslett and Cai 2025 found that words
which share tokens are more distributionally sim-
ilar than expected by chance even when they do
not share morphemes, and Gutierrez-Vasques et al.
2023 found that byte-pair encoding quickly comes
to reflect linguistic typology, concluding that to-
kens “might not correspond to usual morpholog-
ical analyses, but they are structural elements”
(p. 944). This view of linguistic structure is con-
sistent with non-compositional theories of mor-
phology, which eschew morphemes as an interme-
diate level of representations; they instead posit
that morphology emerges from systematic form–
meaning mappings (e.g., Baayen et al. 2011, 2019;
Plaut and Gonnerman 2000). In this way, non-
compositional morphology accommodates “sub-
morphemic” category markers (e.g., Bergen 2004;
Haslett et al. 2026; Kwon and Round 2015), and it
provides a theoretical grounding for the possibil-
ity that tokenizers identify meaningful strings and
explain word processing effects without mapping
onto morphemes as traditionally construed.

1.3 Semantic priming and form priming
In this paper, we use data from the Semantic Prim-
ing Across Many Languages Project (SPAM-L;
Buchanan et al. 2026) to investigate whether to-
kens capture aspects of word meaning that dis-
tributional semantic models overlook—that is,
whether primes which share tokens with targets, as
in some representations of spinal and abdominal,
speed up visual word recognition, beyond what
is predicted by fastText and word2vec. Shared
tokens entail orthographic overlap (although this
is complicated in languages that do not use the
Latin alphabet), and orthographic overlaps prime
too (e.g., Forster and Davis 1984; Tanenhaus et al.
1980), so any boost from shared tokens might
be better attributed to form than meaning. How-
ever, form priming requires very brief exposure to
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prime words, typically less than 70 ms; at longer
delays, primes that overlap in form but not mean-
ing instead inhibit target recognition (e.g., Feld-
man 2000; Forster and Veres 1998; Grainger et al.
1991; Humphreys et al. 1987; Rastle et al. 2000).
In SPAM-L, participants made lexical decisions
about primes, with up to 3,000 ms per decision,
followed by a 500 ms gap until the target. This
suggests that any persistent boost from shared to-
kens will reflect semantic relatedness.

On the other hand, the roles of form and
meaning are not easily disentangled. Incorporat-
ing formal relationships into semantic networks
improves models of language acquisition, apha-
sia, and word meaning access (Castro et al., 2020;
Kumar et al., 2022; Stella et al., 2017), and word
form affects interpretation and motivates semantic
change (Ćwiek et al., 2022; Haslett and Cai, 2023;
Lupyan and Casasanto, 2015). Indeed, form prim-
ing reflects the co-evolution of people and lan-
guage: Word endings prime, whereas onsets com-
pete (e.g., Norris et al. 2002; Radeau et al. 1998),
much like how word endings help people lump
words into categories, whereas onsets differentiate
meanings (Monaghan et al. 2011; St. Clair et al.
2009; though these trends vary across languages;
Hammarström 2021). We are therefore open to the
possibility that any boost from shared tokens will
blur the line between semantic and form prim-
ing, but we maintain that, because primes are pre-
sented overtly and with long lags until targets,
these would be the sorts of formal effects that are
salient to how people retrieve and represent word
meanings.

1.4 The present study
We hypothesize that byte-pair encoding identi-
fies constituents that supplement distributional se-
mantics, thereby facilitating concept alignment. In
Analysis 1, we regress semantic priming effects
on the distributional semantic similarity of prime–
target pairs in 18 languages, along with other lex-
ical variables, and we investigate whether shared
tokens explain additional variance, according to 12
tokenizers used by 12 LLMs. In Analysis 2, we
investigate whether shared tokens explain seman-
tic priming effects independently of shared mor-
phemes, in seven languages. In Analysis 3, we
train tokenizers of increasing vocabulary size on
English data, and we investigate which vocabulary
best explains semantic priming effects. In Analy-

Target Related prime Unrelated prime
English

entrance exit soup
_entrance _exit _soup

Hungarian (unrelated = “commander”)
bejárat kijárat parancsnok

_be+já+rat _kij+á+rat _par+anc+sn+ok
Korean (unrelated = “personal”)

입구 출구 사적인

_입+구 _출+구 _사+적인
Serbian (unrelated = “bridge”)

улаз излаз мост
_у+ла+з _из+ла+з _м+ост
Turkish (unrelated = “soup”)

giriş çıkış çorba
_gi+ri+ş _çı+k+ış _ç+or+ba

Table 1: Examples of one semantic priming item in
five languages, as tokenized by Kimi K2. The targets
and related primes have the same meanings across lan-
guages (entrance/exit), but the unrelated primes vary.

sis 4, we compare semantic priming effects to how
five state-of-the-art LLMs rate semantic related-
ness and categorize words, to investigate whether
LLMs take advantage of the information available
in tokens when representing word meanings.

By using semantic priming effects from human
participants (Buchanan et al., 2026), this study
builds on Haslett and Cai 2025, who focus on
the distributional semantic information available
in LLM tokens and so overlook the role that word
form may play in conveying taxonomic informa-
tion not captured by distributional semantic mod-
els. By using semantic priming effects, we also
build on Yang et al. 2022 and Beinborn and Pinter
2023, who show that LLM tokens predict human
word processing effects in reading and in lexical
decisions, respectively. The stimuli for semantic
priming effects from Buchanan et al. 2026 were
manipulated within items, which better accounts
for confounding variables (e.g., high-frequency
words comprise fewer tokens and are read faster):
In each analysis, our dependent variable is not how
quickly people recognize a target but, instead, how
much more quickly people recognize a target fol-
lowing a related prime compared to an unrelated
prime. Finally, our approach is distinct from Bat-
suren et al. 2024 and others because, rather than
evaluate the downstream impact of tokenization on
LLM performance (though we do consider that in
Analysis 4), we emphasize the meaningfulness of
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tokens. We are interested in the information that
byte-pair encoding supplies to LLMs and the big-
picture implications for concept alignment, not the
performance of LLMs on any particular task.

All materials are available at https://osf.
io/dnwqy. Analyses were conducted in Python
and R (R Core Team, 2025).

2 Analysis 1

If tokens identify semantic features, priming ef-
fects should be larger when prime–target pairs
share tokens, and if the features are distinct from
distributional semantics, shared tokens should ex-
plain additional variance in priming.

2.1 Materials
Semantic priming. SPAM-L comprises 1,000 tar-
get words from each of 18 languages, paired with
a related prime and an unrelated prime. (Buchanan
et al. 2026 report semantic priming effects for 19
languages, but because the stimuli for Brazilian
and European Portuguese overlap substantially,
we treat them as a single language.) For exam-
ple, the Hungarian target bejárat (“entrance”) was
paired with the related prime kijárat (“exit”) and
the unrelated prime parancsnok (“commander”).
See Table 1. Buchanan et al. 2026 filtered for
primes and targets that are among the 10,000
most frequent concepts in each languages’ Open-
Subtitles corpora (Lison and Tiedemann, 2016),
and using subs2vec embeddings (Van Paridon and
Thompson, 2021), they selected related primes by
identifying words that are among the five most
similar to a given target in all candidate languages.
They selected unrelated primes by randomly shuf-
fling words in each language until all pairs were
relatively low in similarity. In each trial, a partici-
pant made a lexical decision about a prime word
(e.g., deciding whether the string of letters be-
járat forms a word), followed by a lexical deci-
sion about the target. The priming effect is the dif-
ference in response time (z-scored for each par-
ticipant) between the related and unrelated condi-
tion for each target word. For example, Hungarian
participants recognized bejárat faster after read-
ing kijárat (516 ms, on average) than after reading
paranscnok (604 ms).

Shared tokens. We tokenized each prime and
target word according to 12 LLMs, four made in
the USA (Gemini 3, GPT-4.1, Llama 4, Phi-4;
Gemma Team et al. 2024; Singh et al. 2025; Ad-

cock et al. 2026; Abdin et al. 2024), four made
in China (DeepSeek-V3.1, GLM-4.7, Kimi K2,
Qwen3; Liu et al. 2024; GLM Team et al. 2024;
Kimi Team et al. 2025; Yang et al. 2025), and
four made in Europe (Apertus, EuroLLM, Mistral
Large 3, and Teuken; Apertus et al. 2025; Mar-
tins et al. 2025; Karamcheti et al. 2021; Ali et al.
2024). Five were chosen because they are high-
performing models that provide next-token prob-
abilities via API and so were used for Analysis
4; the other seven were chosen to provide geo-
graphic diversity, which might affect multilingual
tokenization. For 16 of the languages, we included
leading whitespace when tokenizing words, as
they would typically be encountered, excepting
Japanese and Mandarin, which do not separate
words with whitespace. We identified whether
prime–target pairs share any tokens (e.g., accord-
ing to Kimi, kijárat and bejárat share rat), and we
coded items as sharing a token when the target
shares a token with the related prime but not the
unrelated prime. Note that this analysis does not
involve LLM representations or output (though see
Analysis 4); we simply determined whether pairs
of words share tokens.

Distributional semantics. We measured the co-
sine similarity of language-specific embeddings
(e.g., the tendency for the Hungarian words be-
járat and kijárat to occur in similar contexts). The
subs2vec models used by Buchanan et al. 2026
do not generate embeddings for out-of-vocabulary
words, and Buchanan et al. 2026 tweaked the
forms expressing some concepts in some lan-
guages, resulting in 1,190 targets (6.8% of items)
with a missing subs2vec embedding in either
the related or unrelated condition. We therefore
used fastText embeddings from Grave et al. 2018,
which handle out-of-vocabulary words and so
have no missing values. These fastText embed-
dings from reflect the distribution of whole words
as well as subword 5-grams (e.g., bejárat com-
prises <beja, bejar, ...arat>; < and > indicate word
boundaries), so prime–target pairs that share 4- or
5-letter tokens will have more similar fastText em-
beddings, making for a more severe test of whether
shared tokens boost priming than word2vec em-
beddings would (i.e., models which ignore sub-
word distribution). However, the subs2vec embed-
dings from Van Paridon and Thompson 2021 in-
corporate more fine-grained n-grams than the em-
beddings from Grave et al. 2018, ranging from 3-
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grams to 6-grams, which can align with shorter
tokens, so we reproduce our analyses using those
embeddings. For the sake of comparison, we also
use word2vec embeddings, from Al-Rfou et al.
2013, which do not incorporate subword distribu-
tion. To estimate priming effects, we z-scored co-
sine similarity within each language (since differ-
ent languages have different semantic spaces) and
the subtracted the similarity of unrelated prime–
target pairs (e.g., -0.63 for bejárat and paransc-
nok) from related pairs (1.26 for bejárat and ki-
járat).

Lexical variables. Priming effects, which mea-
sure the difference in response time for the same
target in the related versus unrelated conditions,
better control for lexical variables such as word
frequency than simply measuring lexical decision
response time. However, word frequency affects
priming (e.g., Becker 1979), and frequency corre-
lates with the number of tokens per word in byte-
pair encoding, which could confound our find-
ings. We therefore included several co-predictors
in our linear regression models (described below):
logged word frequency (from Speer 2022), ortho-
graphic length, and number of tokens per word, for
targets, related primes, and unrelated primes.

Language variables. We measured the preva-
lence of each language on the internet, as reported
by the Observatory of Linguistic and Cultural Di-
versity (Pimienta, 2022). English and Chinese are
the most common (20.08% and 19.04% of the text
on the internet, respectively), while Hungarian and
Danish are the least common in our sample (0.15%
and 0.10%). We also recorded the script used to
write each language. Twelve of the languages use
the Latin alphabet; Russian and Serbian use Cyril-
lic; Mandarin uses Chinese; Japanese uses Kanji,
Hiragana, and Katakana; Korean uses Hangul; and
Greek uses Greek.

2.2 Analysis plan
First, we fit 30 pairs of linear regression models,
one per tokenizer (each with data from 18 lan-
guages) and one per language (each with data from
12 tokenizers). We regressed semantic priming ef-
fects on fastText similarity, word frequency, or-
thographic length, and tokens per word. Then, we
added the shared token factor as a predictor. If to-
kens identify semantic information beyond what
is captured by distributional semantics, the shared
token factor should increase adjusted R2. We used

ANOVA to test significance.
Second, we compared the priming effects of

shared tokens that occur at the beginning versus
end of a word. Category markers occur at the
ends of words more often than the beginnings of
words (Cutler et al. 1985; Greenberg 1957; though
see Hammarström 2021 for evidence that this ten-
dency has been overestimated), so if tokens con-
vey taxonomic information, priming effects may
be larger for words that share final tokens, such as
kijárat and bejárat. To test this possibility, we fit
the same regression models as above, but includ-
ing the interaction of whether prime–target pairs
share tokens with whether those overlaps occur
at the beginnings or ends of words. We treatment
coded the token and position factors such that the
intercept predicts priming for pairs that share no
tokens, the simple effect of shared tokens indicates
whether priming is greater for pairs that share ini-
tial tokens, and the interaction of the token and po-
sition factors indicates whether predicted priming
is greater when pairs share final rather than initial
tokens. We again fit 30 regression models.

Finally, we investigated whether the semantic
information captured by tokens varies by language
and tokenizer. For each tokenizer, we fit a regres-
sion model with fastText similarity and the lexical
variables, and we added interactions of the shared
token factor with logged language prevalence and
script type, treatment coded such that the simple
effect of shared tokens refers to the 12 languages
that use the Latin alphabet and the interaction with
script type indicates the change in the languages
that use different scripts. For each language, we
added interactions of the shared token factor with
tokenizer vocabulary size (ranging from 100,352
tokens for Phi-4 to 262,144 for Gemini 3) and with
tokenizer country of origin, treatment coded such
that the simple effect of shared tokens refers to to-
kenizers made in the USA and the interactions in-
dicate how the effect changes for tokenizers made
in China or Europe.

2.3 Results
As reported in Table 2 and the appendix, adding
the shared token factor explains additional vari-
ance in semantic priming, beyond fastText simi-
larity and the lexical variables, for all 12 tokeniz-
ers and for 13 of the 18 languages. The excep-
tions are German and Polish, where the effect is far
from significant and trends in the opposite direc-
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Figure 2: Semantic priming residuals, after regress-
ing on word frequency, word length, tokens per word,
and either fastText similarity, subs2vec similarity, or
word2vec similarity. For the sake of comparison in this
illustration, we include only items with embeddings for
all three embedding models. In all cases, shared to-
kens capture variance in semantic priming unexplained
by distributional semantic similarity. Larger effects of
shared tokens imply less information captured by em-
beddings (e.g., for word2vec relative to fastText, since
word2vec does not incorporate subword distribution).

tion, and Hungarian, Japanese, and Korean, where
the additional variance is only “marginally” signif-
icant at the .05 level. We explore these language-
level differences in the third set of regression mod-
els, below. When instead using subs2vec embed-
dings in the base models, the effects are very simi-
lar to fastText: highly significant for all 12 tokeniz-
ers, negligible for German and Polish, marginally
significant for Turkish and Hungarian (p = .064
and .096, respectively), and significant for the 14
other languages. When using word2vec embed-
dings, which do not capture subword distribution,
the effects are larger than for fastText or subs2vec:
The additional variance explained by shared to-
kens is highly significant for all 12 tokenizers
and all 18 languages. As illustrated in Figure 2
and reported online, the fastText embeddings from
Grave et al. 2018 capture more variance in seman-
tic priming than the subs2vec and word2vec em-
beddings.

As illustrated in Figure 3 and reported in full
in the appendix, prime–target pairs that share final
tokens lead to more priming than pairs that share
initial tokens. The interaction of whether prime–
target pairs share tokens and whether they overlap
at the beginnings or ends of words is highly signif-
icant for all 12 tokenizers (the “least significant”
p-value is .0001, for Llama 4). The by-language
effects are more mixed, but the trend holds: The in-
teraction fails to reach significance only for Italian

Figure 3: Semantic priming residuals (after regress-
ing on distributional semantic similarity and lexical
variables) as a function of whether prime–target pairs
share tokens. Mandarin and English are analytic / iso-
lating; Hungarian, Japanese, Korean, and Turkish are
agglutinative; the rest are fusional. Japanese, Korean,
and Mandarin use scripts with three bytes per char-
acter (when represented by UTF-8 encodings); Greek,
Russian, and Serbian use two bytes per character; the
rest use the Latin alphabet, with one byte per character
(notwithstanding two-byte diacritics).

(where the interaction is marginally significant,
and the simple effect of shared initial tokens is
highly significant), for English and Serbian (where
the simple effects are highly significant), and for
Japanese and Korean (where the simple effects are
not significant, either).

As illustrated in Figure 4 and reported in full
in the appendix, the effect of shared tokens tends
to be greater in languages that are more com-
mon on the internet. The interaction of the shared
token factor with language prevalence is signifi-
cantly positive for 10 of the 12 tokenizers, except-
ing Kimi and Teuken (p = .473 and .262, respec-
tively). The interaction of the shared token factor
with script type is significantly positive for Gem-
ini, Llama, Apertus, and Mistral, indicating more
priming in languages that use scripts other than
the Latin alphabet, but only for those four tokeniz-
ers. In the by-language analyses, the interaction
of the shared token factor with tokenizer region
of origin is not significant in any case, for nei-
ther Chinese nor European tokenizers compared
to American tokenizers (the “most significant” p-
value is .187 for Italian, with a positive interac-
tion for European tokenizers), and the interaction
with tokenizer vocabulary size approaches signifi-
cance only for Romanian (p = .066). We therefore
provide no clear evidence that some types of to-
kenizers capture more semantic information than
others.
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Tokenizer Base Tokens ∆ p
Czech .0844 .0847 .0003 .029
Danish .0341 .0433 .0093 2e-16
English .137 .1385 .0015 3e-6
French .0679 .0705 .0026 1e-8
German .0956 .0955 -.0001 .946
Greek .1409 .1437 .0028 .002
Hungarian .0596 .0598 .0002 .098
Italian .0643 .0664 .0021 2e-7
Japanese .1134 .1138 .0004 .065
Korean .0526 .0532 .0006 .055
Mandarin .1286 .1308 .0022 1e-7
Polish .0818 .0817 -.0001 .868
Portuguese .0762 .0863 .0100 2e-16
Romanian .0911 .0922 .0012 8e-4
Russian .078 .0824 .0044 1e-13
Serbian .0895 .0918 .0023 1e-6
Spanish .0674 .0735 .0062 2e-16
Turkish .0929 .0933 .0004 .027

Table 2: Adjusted R2 from linear regression models
predicting semantic priming, without (Base) and with
(Tokens) the shared token factor.

2.4 Discussion
When prime–target pairs share tokens, the seman-
tic priming effect is larger than predicted by distri-
butional semantic similarity, word frequency, and
word length. This suggests that byte-pair encoding
identifies constituents that play a role in how peo-
ple represent word meanings. The boost in prim-
ing is especially pronounced in word-final tokens:
For all 12 tokenizers, word-final tokens signifi-
cantly increase priming, while word-initial tokens
do not. For 10 of 12 tokenizers, the boost is larger
in languages that make up more of the text on
the internet, suggesting that exposure to language-
specific orthographic regularities helps byte-pair
encoding identify meaningful constituents.

3 Analysis 2

Why do shared tokens correspond to larger seman-
tic priming effects? Byte-pair encoding does not
reliably identify morphemes (e.g., Bostrom and
Durrett 2020), but the boost might nevertheless
stem from the morphemes it does identify. This
analysis therefore investigates whether shared to-
kens explain additional variance in semantic prim-
ing after accounting for shared morphemes.

Figure 4: Semantic priming residuals (after regressing
on distributional semantic similarity and lexical vari-
ables) as a function of the logged percentage of internet
text that a language makes up.

3.1 Materials
To identify shared final morphemes, we used
human-annotated word-level morpheme segmen-
tations from the Sigmorphon 2022 Shared Task
(Batsuren et al., 2022). Segmentations are avail-
able for seven of the 18 languages from Anal-
ysis 1: Czech, English, French, Hungarian, Ital-
ian, Russian, and Spanish. Examples of English
items that share final morphemes are marketing
and advertising, which share the inflection -ing;
senator and governor, which share the derivation
-or; and Batman and Superman, which share the
free morpheme -man. Examples of French items
that share final morphemes are tourner (“to turn”)
and pivoter (“to pivot”), which share the (infini-
tive) inflection -er; complètement (“completely”)
and absolument (“absolutely”), which share the
derivation -ment; and nom (“name”) and surnom
(“surname”), which share the free morpheme
-nom. 10.5% of the items share a final morpheme,
ranging from 6.4% in Spanish to 35.1% in Czech.
Of the items that share final morphemes, 29.0%
also share final tokens, ranging from 6.6% in
English to 54.0% in Russian, and ranging from
18.3% for Llama 4 to 44.4% for Phi-4. Examples
of English items that share both final morphemes
and final tokens, according to EuroLLM, are brief-
case and suitcase, which share the token -case, and
dusty and rusty, which share the token -y.

One instructive example of an English item
that does not share a final morpheme but does
share a final token (according to EuroLLM) is
surname and nickname. The Sigmorphon anno-
tations segment surname into sur + name, but
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Tokenizer Base Tokens ∆ p
DeepSeek .0394 .0407 .0013 .009
GLM-4.7 .0385 .0408 .0022 .0008
Kimi K2 .0400 .0432 .0032 8e-5
Qwen3 .0393 .0411 .0018 .002
Gemini 3 .0390 .0399 .0009 .023
GPT-4.1 .0379 .0396 .0017 .003
Llama 4 .0385 .0398 .0013 .009
Phi-4 .0391 .0410 .0019 .002
Apertus .0377 .0396 .0019 .002
EuroLLM .0368 .0398 .0030 .0001
Mistral .0377 .0396 .0019 .002
Teuken .0382 .0404 .0022 .001

Table 3: Adjusted R2 from linear regression mod-
els predicting semantic priming, without (Base) or
with (Tokens) the shared token factor. Adding whether
prime–target pairs share final tokens improves fit, be-
yond shared morphemes and other lexical variables.

they treat nickname as holistic. In contrast, Mor-
phoLex, a database of English morphological seg-
mentations (Sánchez-Gutiérrez et al., 2018), de-
composes nickname. Similarly, Sigmorphon treats
microscope as holistic but telescope as compo-
sitional, whereas MorphoLex decomposes both.
As we show in the appendix, there are many
discrepancies between Sigmorophon and Mor-
phoLex (though we find the same pattern of ef-
fects when using MorphoLex in Analysis 3). In
other cases, shared final tokens unambiguously
differ from morphemes—e.g., sergeant and lieu-
tenant, espionage and sabotage—but as touched
on in the introduction, whether such etymological
or analogical relationships count as morphologi-
cal depends on your theoretical commitments(e.g.,
Baayen et al. 2011). This analysis therefore tests
the hypothesis that traditional morphological de-
compositions are ambiguous and incomplete and
that byte-pair encoding might be well suited to
capture semantic information which even human
annotations miss.

3.2 Analysis plan
First, we fit 19 pairs of linear regression models,
12 by tokenizer and seven by language, regressing
semantic priming on whether related prime–target
pairs share final morphemes, plus prime and tar-
get frequency, length, and number of tokens. As in
Analysis 1, we added whether related prime–target
pairs share final tokens, and we used ANOVA to
compare adjusted R2 with versus without that fac-

tor. If tokens identify semantic information be-
yond what is captured by Sigmorphon, the shared
token factor should increase adjusted R2.

Second, because morphological annotations are
ambiguous (i.e., decomposition differs across re-
sources, and definitions of morphemes acknowl-
edge grey areas), we compared tokens to other
shared strings, across all 18 languages, ignor-
ing morphology. We identified the longest final
overlap in related prime–target pairs, up to 10
characters in length (because that is the longest
overlapping token in SPAM-L, namely when us-
ing Teuken to tokenize the Hungarian words gy-
ilkosság, “murder”, and öngyilkosság, “suicide”),
and at each length, we coded whether the prime
and target share that final string and whether
they end with the same token. For example, the
Czech words reaktor (“reactor”) and generátor
(“generator”) end with the same three letters and
end with different GPT-4.1 tokens, whereas zadní
(“rear”) and přední (“front”) end with the same
three letters and the same GPT-4.1 token (ní). (To
avoid, e.g., counting four-letter overlaps as two-
letter tokens, which could underestimate token
overlap and so overestimate token priming boosts,
we code shared tokens rather than compare final
overlap length to token length.) We fit 28 linear
regression models, 12 by tokenizer and 10 by final
overlap length, regressing priming on the interac-
tion of whether related prime–target pairs overlap
and whether they end with the same token (plus
frequency, length, and number of tokens). If tok-
enizers selectively identify psychologically salient
word endings, we should observe significant pos-
itive interactions of overlaps with shared tokens,
such that shared tokens predict larger priming ef-
fects than other overlapping strings.

3.3 Results
First, As reported in Table 3, shared final to-
kens explain variance in semantic priming after
accounting for shared final morphemes and other
lexical variables: ANOVA comparing models with
and without the shared token factor are signifi-
cant, for all 12 tokenizers and all seven languages.
However, as illustrated in Figure 5, this impact
of tokens varies across languages. As reported in
full in the appendix, the effect of shared final to-
kens is significantly positive for all 12 tokeniz-
ers, but in the by-language analyses, it is signifi-
cantly negative for Hungarian. Hungarian differs

2433



Figure 5: Semantic priming residuals (after regressing
priming effects on whether prime–target pairs share fi-
nal morphemes and lexical variables) as a function of
whether prime–target pairs share final tokens.

Figure 6: Semantic priming residuals as a function
of whether prime–target pairs share final strings and
whether they end with the same token, by tokenizer
(top) and string length (bottom). The dashed lines, in-
dicating residuals for prime–target pairs that do not end
with the same string, are hard to see because after ac-
counting for frequency and length, the priming effects
do not systematically trend high or low.

from the other six languages not only because
it is Uralic rather than Indo-European but also
because it is highly agglutinative (i.e., complex
words comprise chains of morphemes), making it
especially amenable to morphological decompo-
sition, whereas the other languages are fusional
(i.e., different combinations of semantic features

are expressed by different morphemes, so a given
feature does not consistently map onto the same
string). Consequently, the shared token factor is
collinear with the shared morpheme factor in Hun-
garian, leaving little variance in semantic priming
to be explained by byte-pair encoding.

Second, as illustrated in Figure 6 and reported in
full online, final tokens also predict greater prim-
ing than non-token final strings do, independently
of morphology. The simple effect of shared final
strings is significant and positive for all 12 tok-
enizers, and crucially, so is the interaction with
shared tokens. The simple effect indicates that
shared final strings predict a boost in priming, even
when pairs do not share tokens, but the interaction
indicates that tokenizers selectively identify over-
laps that correspond to still larger priming effects.
However, when fitting separate models for each
length of overlapping string, these effects hold
only up to four-character overlaps, after which
there are far fewer observations and far fewer op-
portunities to differentiate category markers from
meaningless chunks of words, at least among se-
mantically related pairs of words in SPAM-L.

4 Analysis 3

So far, we have shown that byte-pair encod-
ing identifies chunks of words that convey se-
mantic information, beyond what is captured
by fastText embeddings, subs2vec embeddings,
word2vec embeddings, Sigmorphon segmenta-
tions, and other overlapping strings. However,
these tokenizers seem to be trained on predom-
inantly English data, which makes it more ap-
propriate to evaluate them on English words and
yet more difficult to do so: Only 0.5% of En-
glish prime–target pairs share tokens, by far the
least of any language (the next lowest are French
and Spanish, at 4.1% and 5.6%, respectively), and
91.6% of English targets comprise single tokens,
by far the most of any language (the next high-
est are French and Spanish, at 43.2% and 42.6%).
Haslett 2025 and Uzan and Pinter 2026 provide
evidence that larger vocabularies of longer tokens
obscure information in word form, and Gutierrez-
Vasques et al. 2023 provide evidence that infor-
mation about linguistic typology emerges quickly
when training a byte-pair encoding tokenizer, af-
ter only a few hundred tokens. This analysis there-
fore seeks to identify the optimal tokenizer vocab-
ulary size for representing English words, which
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is to say, the vocabulary of tokens that best sup-
plements distributional semantics in explaining se-
mantic priming effects.

4.1 Materials
We trained byte-pair encoding tokenizers
on the wikitext-103 dataset (see hugging-
face.co/tokenizers), with vocabulary sizes of
500, 1,000, 2,000, 4,000, 8,000, 16,000, 32,000,
64,000, 128,000, and 256,000 tokens. For exam-
ple, interdisciplinary comprises nine tokens in the
500-token vocabulary, six tokens in the 4,000-
token vocabulary, four tokens in the 32,000-token
vocabulary, and one token in the 64,000-token
vocabulary. For each vocabulary size, we coded
whether prime–target pairs share final tokens. We
also updated the models and variables used in
the first two analyses, which were constrained by
the need for multilingual databases. We replaced
the fastText model that uses 5-gram subwords
with a 4-gram model trained on the Google News
dataset; replaced word frequencies from wordfreq
with SUBTLEX-US frequencies (Brysbaert and
New, 2009); and replaced Sigmorphon segmenta-
tions with MorphoLex (Sánchez-Gutiérrez et al.,
2018). We also used the Unimorph umLabeller,
which was expressly designed to determine
whether tokenizations of English words are
morphological or not (Batsuren et al., 2024).

4.2 Analysis plan
First, we fit 10 pairs of linear regression mod-
els, one per vocabulary size, with fastText sim-
ilarity, word frequency, word length, and tokens
per word as predictors of semantic priming, and
we compared the variance explained when adding
shared final tokens as a predictor. Second, we fit
those same models but with the shared final mor-
pheme factor instead of distributional semantics.
For example, the related prime–target pairs client
and patient, height and weight, and nausea and
diarrhea share final tokens according to tokeniz-
ers of several vocabulary sizes, but according to
MorphoLex, they do not share final morphemes.
Finally, we measured the proportion of targets
deemed morphological by the Unimorph umLa-
beller at each vocabulary size. For example, ac-
tivity is labelled “alien” in the 500-token vocab-
ulary, when it is tokenized as a + ct + iv + ity
and so splits act into infelicitous pieces; it is la-
belled “morph” in the 1,000-, 2,000-, and 4,000-
token vocabularies, tokenized as act + iv + ity; and

Figure 7: Additional variance explained by shared fi-
nal tokens in English items (top) and the proportion of
target tokenizations deemed morphological by the Uni-
morph umLabeller (bottom).

it is labelled “vocab” in 8,000-token vocabularies
and up, when it is a single token (i.e., the token is
lexical). We hypothesize that byte-pair encoding
identifies meaningful constituents, so larger vo-
cabularies will explain more variance in priming
and have a larger proportion of morphological to-
kenizations, but only up to a certain point, after
which, word-like tokens will obscure constituents.

4.3 Results
Consistent with our hypothesis, tokenizers with
larger vocabularies explain more variance in se-
mantic priming, but only up to the 16,000-token
vocabulary, after which, tokens cease to add value.
As reported in Table 4, shared final tokens capture
the most additional information in the 4,000-token
vocabulary, beyond what is explained by distribu-
tional similarity or shared final morphemes. Ac-
cording to Unimorph and as illustrated in Figure
7, tokens are most likely to align with morphol-
ogy in the 4,000-token vocabulary, which suggests
that when tokens add the most value, they corre-
spond best to traditional morphological decompo-
sition. This underscores the need to account for
both conventional morphemes, as in surname or
governor, as well as etymological or analogical re-
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Vocab. Sem. ∆ (p) Morph. ∆ (p)
500 .0130 (2e-4) .0076 (.005)
1,000 .0162 (4e-5) .0126 (4e-4)
2,000 .0262 (2e-7) .0233 (2e-6)
4,000 .0270 (1e-7) .0244 (1e-6)
8,000 .0065 (.007) .0042 (.028)
16,000 .0017 (.100) .0021 (.089)
32,000 -.0010 (.944) -.0011 (.880)
64,000 0 (NA) 0 (NA)
128,000 0 (NA) 0 (NA)
256,000 0 (NA) 0 (NA)

Table 4: Change in adjusted R2 from linear regres-
sion models predicting semantic priming in English,
when including fastText similarity (Sem.) or shared
morphemes (Morph.) in the base model.

lationships that do not lend themselves to morpho-
logical decomposition, as in espionage and sab-
otage or height and weight. Byte-pair encoding
is well equipped to identify such relationships,
but only with small vocabularies that decompose
words. Larger vocabularies represent most word
holistically and so fail to identify meaningful sub-
word constituents. In those regression models, the
shared token factor is invariant.

5 Analysis 4

Do LLMs take advantage of the semantic informa-
tion available in tokens, incorporating it into their
representations? If so, shared final tokens should
not explain additional variance when using LLM
representations to predict semantic priming.

5.1 Materials
We measured the semantic similarity of prime–
target pairs according to five LLMs: DeepSeek-
V3.1, GPT-4.1, Kimi K2, Llama 4 Maverick,
and Qwen3-235B. Each of these models re-
turns top_logprobs values when accessed via API,
which allows us to gather next-token probabili-
ties while using commercial LLMs that are closed-
source or too large to run locally. Related work
has trained models from the ground up (e.g., Bat-
suren et al. 2022; Bunzeck and Zarrieß 2025) or
measured the cosine similarity of contextualized
embeddings (e.g., Cassani et al. 2023). These are
valuable lines of research, but they require conver-
gent evidence from state-of-the-art LLMs, whose
behaviour may differ qualitatively (cf. Wei et al.
2022).

We gathered LLM output on two tasks, one elic-
iting explicit semantic relatedness ratings and the
other probing implicit similarity of word mean-
ings. First, we asked each LLM to rate the se-
mantic relatedness of each prime–target pair. For
example, On a scale of 1 to 7, with 1 indicating
an unrelated meaning, 4 indicating a somewhat
related meaning, and 7 indicated a very closely
related meaning, how related are the meanings
of the Hungarian words bejárat and kijárat? We
included a system prompt: Respond only with a
number between 1 and 7. We averaged the like-
lihood of the LLM responding with the values 1
through 7 (i.e., multiplying each scale value by its
logprob and then summing all seven products, for
a probabilistic rating between 1 and 7). As with
fastText cosine similarity, we subtracted ratings
for unrelated pairs from related pairs. Larger rat-
ing differences should have a positive relationship
with semantic priming in humans.

Second, for the implicit representations, we
conducted an odd-one-out task with each item’s
target, related prime, and unrelated prime. For ex-
ample, Which one of these three Hungarian words
is not like the other two? A: bejárat, B: kijárat, C:
parancsnok (with the order of primes and targets
randomized, each on a new line). We included the
system prompt Respond only with one of the fol-
lowing letters: A, B, or C. We measured the like-
lihood of each LLM deciding that the unrelated
prime (e.g., parancsnok, C) was the odd word
out. Larger odd-one-out probabilities for unrelated
primes imply stronger similarity of targets to re-
lated primes and so should have a positive relation-
ship with semantic priming in humans (i.e., those
related primes should speed up target recognition
more, relative to unrelated primes).

Notice that for both relatedness ratings and odd-
one-out decisions, we record logprobs of single
placeholder tokens (i.e., 1–7 or A, B, or C). In this
way, we avoid making (arguably) circular claims
about the impact of subword tokens on semantic
representations because we do not measure the co-
sine similarity of a token’s embedding in two dif-
ferent contexts or the surprisal of a token condi-
tioned on itself. For example, according to Kimi
K2, bejárat and kijárat share one of their three to-
kens, which could inflate the similarity of those
words or deflate the surprisal of one following the
other. Research that works directly with token em-
beddings is an important part of the literature, but
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DeepSeek GPT Kimi Llama Qwen
Adjusted R2 for relatedness ratings
Base .068 .068 069 .068 .069
+Rate .068 .068 .071 .069 .069
p .421 .180 1e-9 1e-4 .334
+Tok. .071 .071 .075 .071 .072
p 3e-12 2e-12 2e-14 1e-9 3e-13
Adjusted R2 for odd-one-out probabilities
Base .068 .068 .069 .068 .068
+Prob. .068 .069 .071 .072 .070
p .208 1e-4 6e-9 3e-16 7e-6
+Tok. .071 .072 .074 .074 .073
p 6e-12 5e-12 2e-12 2e-8 9e-14

Table 5: Results of ANOVA comparing linear regres-
sion models. Adding whether prime–target pairs share
final tokens (+Tok.) improves fit over models that in-
clude LLM representations (+Rate / +Prob.) and distri-
butional similarity and other lexical variables (Base).

it has limitations, including the potential circular-
ity of the impact of subword tokens on word mean-
ings and, again, the exclusion of the most popular
closed-source LLMs.

5.2 Analysis plan
First, we regressed priming effects on fastText
similarity and the other lexical variables. Next, we
added relatedness ratings and odd-one-out prob-
ability as predictors of priming, in separate lin-
ear regression models. Finally, as above, we added
whether prime–target pairs share final tokens, for
each LLM, to see whether the token factor im-
proves fit.

5.3 Results
As reported in Table 4, adding relatedness rat-
ings significantly improves model fit only for Kimi
K2 and Llama 4, while adding odd-one-out prob-
ability improves fit for every LLM other than
DeepSeek-V3.1. Crucially, as illustrated in Figure
8, the shared token factor substantially improves
model fit for all five LLMs, beyond what is cap-
tured by relatedness ratings and odd-one-out prob-
abilities. As we report in the appendix, the results
vary substantially by language, but they do not
vary systematically; the interaction of the shared
token factor with language prevalence is signif-
icant only for GPT-4.1 and Qwen3 for related-
ness ratings, and only for GPT-4.1 for odd-one-out
probabilities, with positive coefficients indicating
that the token boost is greater in languages that are

Figure 8: Semantic priming residuals (regressed on re-
latedness ratings / odd-one-out probability, distribu-
tional similarity, and other lexical variables) as a func-
tion of whether prime–target pairs share final tokens.

more common on the internet in these three cases.

6 Discussion and conclusion

Distributional semantic models are indispensable
tools, able to approximate word meanings auto-
matically and efficiently. However, their represen-
tations are incomplete, and because LLMs are a
type of distributional semantic model, this could
result in concept misalignment, such that words
mean different things to people versus LLMs. In
Analysis 1, we found that byte-pair encoding—the
compression algorithm LLMs use to segment text
into chunks—identifies meaningful constituents.
Across 18 languages, people recognized targets
words, such as abdominal and sabotage, faster
after reading primes that end with the same to-
ken, such as spinal and espionage, and this boost
in priming is not explained by fastText embed-
dings, word2vec embeddings, word frequency,
word length, or the number of tokens per word.

In Analysis 2, we provided evidence that byte-
pair encoding captures semantic information inde-
pendent of morphemes. For example, the forms
of height and weight reflect their semantic relat-
edness, but they do not share morphemes. In this
way, byte-pair encoding is consistent with contem-
porary theories of morphology, which emphasize
systematic form–meaning mappings (Stevens and
Plaut, 2022), which gives byte-pair encoding an
advantage over morpheme-based decomposition.
As shown in the appendix, Unimorph labels many
semantically informative tokenizations as “alien”,
either because they correspond to morphemes but
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differ in their surface forms (e.g., inal subsumes
but differs from the morpheme al in spinal), or
because they correspond to sub-morphemic cat-
egory markers (e.g., ar in solar is not consid-
ered a morpheme by Sigmorphon or Unimorph).
We further found that the variance in priming ex-
plained by tokens is not merely due to the flexibil-
ity of tokenization relative to morphological an-
notation: Tokens predict larger boosts in priming
than other overlapping strings of characters do,
providing further evidence that byte-pair encod-
ing selectively identifies chunks of words that are
salient to human language processing.

Byte-pair encoding is based on orthographic
regularities, so the fact that it identifies mean-
ingful constituents simply demonstrates that those
constituents recur in language. That is, the value
added by tokens reflects the information implicit
in word form, and as we show in Analysis 3, large
vocabularies obscure that information. We trained
tokenizers with increasing vocabularies, and they
ceased to identify meaningful constituents beyond
the meager size of 16,000 tokens, an order of
magnitude smaller than the vocabularies of state-
of-the-art LLMs. This raises questions about the
tradeoff between compressing text and identifying
semantic information. Would a language-specific
tokenizer with a vocabulary of less than 16,000
tokens defeat the purpose of compression by fail-
ing to represent as much as text as possible with
as few chunks as possible? We doubt it. Brys-
baert et al. 2016 report that when accounting for
morphological relationships, the average English
speaker knows less than 12,000 words, so it should
take only a small vocabulary of tokens to approach
the optimal vocabulary size, after which, words
that get segmented into multiple tokens would be
precisely the sorts of low-frequency words that
people tend to decompose (cf. Stemberger and
MacWhinney 1986). This is especially important
in low-resource languages, which lack the abun-
dance of training data needed for distributional
semantics and on which LLMs perform worse
(e.g., Li et al. 2024). Bear in mind that state-of-
the-art LLMs use multilingual tokenizers, which
confound direct comparisons to our 16,000-token
model. Still, those tokenizers prioritize English,
Chinese, and other high-resource languages (Ar-
nett et al., 2024b; Limisiewicz et al., 2024; Petrov
et al., 2023), as exemplified by long, single-token
words such as interdisciplinary, so there is lots of

room to facilitate access to meaningful subword
constituents while, at the same time, improving
fairness across languages by devoting less space
in a tokenizer’s vocabulary to high-resource lan-
guages.

The meaningfulness of tokens may be a moot
point, though, since all five LLMs failed to take
advantage of the semantic information available
in subword tokens, in Analysis 4. As with fast-
Text and word2vec, representations of word mean-
ings from LLMs systematically underestimated
the similarity of prime–target pairs that share to-
kens, which speaks to the limits of statistical learn-
ing. LLMs are, fundamentally, neural networks
that learn patterns in tokens, but using tokens in
a human-like fashion—knowing which subwords
to seize on, and when and how—seems to require
inductive biases that LLMs lack. The co-evolution
of people and languages has led to onsets that
discriminate between meanings and suffixes that
function as category markers, and people tend to
extract the right sorts of information from the right
parts of words (Cutler et al., 1985; St. Clair et al.,
2009). Without this inclination, LLMs may strug-
gle to transcend the narrow worldview implied by
distributional semantics, despite the fact that byte-
pair encoding is a font of taxonomic information.

Limitations

First, the facilitatory effects of shared tokens could
be purely orthographic, i.e., form priming, in
which case, shared tokens may not correspond
to semantic features. Future work should investi-
gate this possibility, but the experimental setup of
SPAM-L and the nature of the tokens that boost
priming strongly suggest that we have detected se-
mantic relationships. The boost follows lexical de-
cisions about primes, whereas form priming typi-
cally requires subliminal exposure to primes; the
tokens often correspond to morphemes or cate-
gory markers; and related prime–target pairs share
tokens much more often (14% of items) than
unrelated pairs do (3%). We conclude that to-
kens capture semantic information that distribu-
tion overlooks. Second, by analyzing shared to-
kens and LLM output, we have not directly inves-
tigated contextualized token embeddings or posi-
tional embeddings. Future work should consider
these intermediate stages of LLM processing.
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A Appendix

Tokenizer Base Tokens ∆ p
DeepSeek .0681 .0704 .0023 2e-9
GLM-4.7 .0678 .0691 .0014 3e-6
Kimi-K2 .0690 .0711 .0021 1e-8
Qwen3 .0683 .0696 .0014 3e-6
Gemini-3 .0678 .0692 .0014 2e-6
GPT-4.1 .0675 .0697 .0021 6e-9
Llama-4 .0676 .0692 .0016 4e-7
Phi-4 .0684 .0700 .0016 3e-7
Apertus .0680 .0701 .0022 4e-9
EuroLLM .0676 .0705 .0029 2e-11
Mistral-large .0680 .0701 .0022 4e-9
Teuken .0707 .0732 .0025 4e-10

Table 6: Analysis 1: Adjusted R2 from linear regres-
sion models, without (Base) and with (Tokens) the
shared token factor, by tokenizer. The tokenizers aver-
age across languages. The Base models include fast-
Text similarity and other lexical variables. Compare
this to Table 2, on page 8, which reports the same anal-
yses by language.

Tokenizer Prevalence Script
DeepSeek .011 (.064) .013 (.215)
GLM .014 (.021) .013 (.240)
Kimi .004 (.473) .008 (.430)
Qwen .016 (.006) .001 (.921)
Gemini .017 (.015) .031 (.015)
GPT .022 (8e-4) .005 (.685)
Llama .017 (.017) .037 (.005)
Phi .021 (1e-5) -.007 (.462)
Apertus .013 (.025) .028 (.015)
EuroLLM .010 (.076) .016 (.138)
Mistral .013 (.025) .028 (.015)
Teuken .007 (.262) -.010 (.384)

Table 7: Analysis 1: Coefficients (and p-values, in
parentheses) for the interaction of the shared token fac-
tor with language prevalence (i.e., the change in prim-
ing as a function of the logged percentage of the in-
ternet that a language makes up) and with script type
(i.e., the change in priming for languages that use a
script other than the Latin alphabet). Positive interac-
tions with language prevalence indicate tokenizers that
better identify constituents with larger effects on hu-
man word processing in higher resource languages. The
mostly null interactions with script type indicate that
the effects of shared tokens differ little in languages
that use the Latin alphabet versus other scripts.

Lang. Chinese European Vocab.
Czech .004 (.71) .012 (.35) .002 (.68)
Danish -.001 (.98) .007 (.71) .005 (.56)
German .004 (.76) .005 (.71) .006 (.27)
Greek .024 (.33) .034 (.22) .008 (.51)
Spanish -.016 (.35) -.006 (.74) .012 (.16)
French -.012 (.61) -.001 (.71) -.001 (.94)
Hungar. -.001 (.94) -.011 (.59) -.001 (.88)
Italian .008 (.56) .020 (.19) .007 (.24)
Polish .014 (.23) .011 (.35) .001 (.92)
Roman. -.010 (.59) .022 (.29) .016 (.07)
Russian -.009 (.39) -.002 (.86) .005 (.20)
Serbian .011 (.36) .005 (.69) -.001 (.87)
Turkish .002 (.91) -.002 (.88) -.006 (.31)
Korean .015 (.60) .014 (.63) .003 (.79)
English .039 (.50) .007 (.88) -.011 (.40)
Japan. -.000 (.99) .0163 (.42) .006 (.45)
Mandar. -.053 (.21) -.005 (.81) -.007 (.32)
Portug. -.006 (.71) -.013 (.49) -.003 (.71)

Table 8: Analysis 1: Coefficients (and p-values) for the
interaction of the shared token factor with tokenizer re-
gion of origin (i.e., the change in predicted priming for
European or Chinese tokenizers, compared to Ameri-
can tokenizers), and the interaction of the shared token
factor with tokenizer vocabulary size (i.e., the change
in priming for languages that use a script other than
the Latin alphabet). For the sake of space, p-values are
reported only to two decimal places. As discussed on
page 7, the only (marginally) significant effect is the
interaction with vocabulary size for Romanian.

Tokenizer Initial Final
DeepSeek -.001 (.860) .044 (3e-5)
GLM-4.7 -.019 (.119) .065 (2e-9)
Kimi K2 -.008 (.291) .048 (3e-7)
Qwen3 -.004 (.048) .059 (4e-9)
Gemini 3 -.010 (.321) .055 (1e-5)
GPT-4.1 -.010 (.320) .056 (2e-6)
Llama 4 -.004 (.704) .050 (1e-4)
Phi-4 -.010 (.170) .052 (1e-8)
Apertus -.018 (.049) .067 (3e-9)
EuroLLM .007 (.444) .056 (8e-6)
Mistral -.018 (.049) .067 (3e-9)
Teuken .008 (.316) .034 (.001)

Table 9: Analysis 1: Coefficients (and p-values) for the
interaction of the shared token factor with overlap po-
sition, by tokenizer. “Initial” refers to the simple effect
of shared tokens (because initial overlap is the refer-
ence level); “Final” refers to the interaction of shared
tokens with overlap position (i.e., the change in pre-
dicted priming for final tokens). As illustrated in Fig-
ure 2 on page 6, initial tokens have negligible or small
effects on priming, while final tokens boost priming.
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Language Base Tokens ∆ p
Czech .0938 .0947 .0008 .021
English .1136 .1146 .0009 .014
French .0503 .0560 .0057 5e-15
Hungar. .0421 .0428 .0008 .009
Italian .0434 .0443 .0009 .001
Russian .0523 .0663 .0140 < 2e-16
Spanish .0489 .0533 .0044 2e-12

Table 10: Analysis 2: Adjusted R2 from linear re-
gression models, without (Base) or with (Tokens) the
shared token factor. The languages average across 12
tokenizers. The Base models include final morphemes
and other lexical variables. Compare this to Table 3, on
page 8, which reports the same analyses by tokenizer.

Language B SE p
Czech .020 .009 .021
English .052 .021 .014
French .100 .013 4e-15
Hungarian -.034 .013 .009
Italian .023 .007 .001
Russian .069 .008 < 2e-16
Spanish .059 .008 2e-12

Table 11: Analysis 2: The effects of shared final to-
kens, by language. These linear regression models in-
clude shared morphemes, word frequency, word length,
and tokens per word as co-predictors. This table corre-
sponds to Figure 5, on page 10.

LLM Shared tokens Tokens : Prev.
Relatedness ratings
DeepSeek .044 (3e-7) .013 (.125)
GPT-4.1 .051 (3e-6) .030 (.002)
Kimi K2 .040 (3e-8) .005 (.451)
Llama 4 .043 (1e-4) .013 (.214)
Qwen3 .039 (3e-6) .013 (.083)
Odd-one-out decision probability
DeepSeek .044 (4e-7) .013 (.115)
GPT-4.1 .051 (2e-6) .031 (.002)
Kimi K2 .038 (2e-7) .006 (.426)
Llama 4 .041 (3e-4) .013 (.183)
Qwen3 .042 (.2e-7) .015 (.053)

Table 12: Analysis 4: Coefficients (and p-values, in
parentheses) for the simple effect of shared final to-
kens and its interaction with logged language preva-
lence, beyond what is explained by relatedness ratings
(top) or by odd-one-out decisions (bottom), along with
distributional semantic similarity and lexical variables.
This table corresponds to Figure 6, on page 11.

Tokenizer Base Tokens ∆ p
Relatedness ratings
Czech .0992 .1003 .0011 .022
Danish .0513 .0677 .0165 1e-16
German .1778 .1801 .0023 .146
Greek .1564 .1774 .0211 9e-7
English .1400 .1398 -.0001 .616
Spanish .0631 .0681 .0060 4e-8
French .0689 .0746 .0057 2e-7
Hungarian .0621 .0623 .0002 .196
Italian .0578 .0580 .0002 .145
Japanese .3211 .3225 .0014 .213
Korean .0468 .0469 .0001 .284
Polish .0844 .0846 .0002 .172
Romanian .0939 .0938 .0000 .357
Russian .0804 .0851 .0047 6e-5
Serbian .0824 .0957 .0133 2e-11
Turkish .1014 .1032 .0018 .006
Portuguese .0687 .0822 .0135 3e-13
Mandarin .1140 .1175 .0035 6e-5
Odd-one-out decision probability
Czech .1002 .1015 .0013 .014
Danish .0511 .0678 .0167 2e-16
German .1773 .1797 .0024 .142
Greek .1551 .1752 .0201 2e-6
English .1419 .1418 -.0001 .592
Spanish .0622 .0682 .0060 4e-8
French .0698 .0753 .0056 2e-7
Hungarian .0629 .0631 .0002 .204
Italian .0057 .0558 .0001 .204
Japanese .3130 .3145 .0014 .211
Korean .0467 .0468 .0001 .295
Polish .0839 .0841 .0002 .163
Portuguese .0630 .0773 .0143 2e-15
Romanian .0941 .0941 .0000 .315
Russian .0795 .0840 .0045 9e-5
Serbian .0818 .0941 .0123 1e-10
Turkish .1017 .1032 .0015 .011
Mandarin .1124 .1160 .0036 5e-5

Table 13: Analysis 4: Adjusted R2 from linear re-
gression models, without (Base) or with (Tokens) the
shared token factor. The Base models include odd-one-
out probabilities from five LLMs (top) or odd-one-out
probabilities from five LLMs (bottom), along with dis-
tributional semantic similarity and lexical variables. As
mentioned on page 11, the shared token factor almost
always improves model fit (it is negative only for En-
glish), but the magnitude and significance of effects
vary. As reported in Table 12 (left), the effects tend to
be larger in higher resource languages (i.e., the inter-
action of the shared token factor with language preva-
lence is positive in all cases), but this positive effect
reaches significance only for GPT-4.1.
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Vocab size Cue / target Final token Final Sigmorphon Final MorphoLex Unimorph label
4,000 senior ior senior senior alien

junior junior junior alien
fresh h fresh fresh alien
refresh fresh fresh alien
lunar ar lunar ar alien
solar solar ar alien
firmly ly ly ly alien
strongly ly ly morph

8,000 racist ist ist ist morph
communist ist ist morph
rusty y y y morph
dusty y y morph
accidentally ally ly ly morph
intentionally ly ly morph
physics ics s ics alien
mathematics mathematics mathematics alien
patient ient patient patient alien
client client client alien
liquid id liquid liquid alien
fluid fluid fluid alien
telescope ope scope scope alien
microscope micropscope scope alien
shooter er er er morph
sniper er er alien
nickname ame nickname name alien
surname name name alien
suddenly ly ly ly morph
unexpectedly ly ly alien

16,000 abdominal inal al al alien
spinal al al alien
ignorance ance ance ance alien
arrogance ce arrogance alien
africa a africa africa alien
america america america alien
espionage age espionage espionage alien
sabotage sabotage sabotage alien

32,000 suitcase case case case morph
briefcase case case morph
superman man man case morph
batman man man morph
december ember december december alien
november november november alien
tomato ato tomato tomato alien
potato potato potato alien

Table 14: Analysis 3: Selected English prime–target pairs that share final tokens, according to four tokenizers of
different vocabulary sizes. Words are listed in the largest vocabulary where they still share tokens. For example,
senior and junior share a final token in the 4,000-token vocabulary but not the 8,000-token vocabulary, and tomato
and potato share a final token according to all four tokenizers. The Sigmorphon and MorphoLex columns report
the final morpheme in each word, according to those resources. The Unimorph umLabeller classifies tokenizations
as morphological or alien.
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