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Abstract

We investigate how tokenization granularity af-
fects the representation of medical terminology
in language models. Prior work links tokeniza-
tion granularity to downstream performance
under contextualized settings for specifically
pretrained and fine-tuned models. We instead
ask whether this relationship already emerges at
the level of isolated term representations across
existing pretrained models. We introduce an
intrinsic definition retrieval task using UMLS
term-definition pairs, with comparison to Word-
Net. We show that despite substantially heav-
ier fragmentation of medical terminology, the
models remain relatively robust in maintaining
semantic alignment between medical terms and
their definitions. At the same time, tokeniza-
tion granularity still correlates with retrieval
performance, indicating that effects previously
observed in downstream biomedical tasks are
already reflected at the level of isolated term
representations. Encoder models benefit pri-
marily from whole-token preservation, while
for decoder LLMs, tokenization effects emerge
mainly at deeper retrieval ranks.

1 Introduction

Tokenization is the first processing step for lan-
guage models and directly shapes their input rep-
resentations, thereby influencing overall perfor-
mance. In practice, tokenizers are typically trained
on general-domain corpora (Grattafiori et al., 2024;
Jiang et al., 2023; Team et al., 2025; Abdin et al.,
2024) and reused when adapting models to special-
ized domains (Christophe et al., 2024; Labrak et al.,
2024b; Sellergren et al., 2025; Corbeil et al., 2025).
This mismatch is particularly pronounced in the
clinical and biomedical setting, where terminology
often differs substantially from general language.
As a result, medical terms are frequently segmented
into subword units that carry little or no standalone
semantic or morphological meaning (Cruz Díaz

and Maña López, 2015; Jimenez Gutierrez et al.,
2023).

Previous work suggests that contemporary lan-
guage models are relatively robust to suboptimal
tokenization, eventually relying on contextual cues
to recover the meaning of poorly segmented clin-
ical terms (Jimenez Gutierrez et al., 2023; Jeong
et al., 2023). However, other studies report mod-
est improvements from more suitable segmentation
(Ashfaq et al., 2025; Xie, 2026; Jeong et al., 2023).
At the same time, recent findings indicate that to-
kenization granularity can correlate with down-
stream task performance, particularly in encoder-
based architectures trained for domain-specific
biomedical applications (Labrak et al., 2024a).

In this work, we revisit this question from a dif-
ferent perspective. Rather than evaluating perfor-
mance on standard downstream tasks that provide
rich contextual signals, we focus on the ability of
models to represent medical terms in isolation. We
investigate whether tokenization granularity cor-
relates with how effectively models encode med-
ical terminology in their embedding spaces. The
emphasis is on the consistency and stability of
these representations in semantic alignment and
embedding-space proximity, and whether models
preserve a coherent representation of a medical con-
cept despite differences in tokenization granularity.
We conduct a comparison across publicly available
models, including both encoder and decoder archi-
tectures, to assess their behavior under inefficient
tokenization of medical terms.

To this end, we use UMLS term–definition pairs
(Bodenreider, 2004) and frame the task as defi-
nition retrieval, where a model must associate a
medical term with its correct definition. This setup
allows us to assess whether the embedding of a
term is relatively closer to its correct definition than
to semantically related but distinct ones, avoiding
reliance on absolute similarity scores, which could
otherwise place many medical concepts close to-
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UMLS WordNet
term–definition pairs 289,531 87,379
words per term 4.19 1.37
words per definition 31.05 10.41

Table 1: Dataset statistics for UMLS and WordNet,
reporting number of final term–definition pairs and av-
erage lengths of terms and definitions in words.

gether and obscure meaningful differences. We
then analyze how performance on this task corre-
lates with tokenizer granularity across models. To
provide a general-domain reference point for inter-
pretation, we include a parallel evaluation based on
WordNet term–definition pairs (Miller, 1995). The
complete source code is available at GitHub1.

2 Setup

2.1 Data

For our experiments, we use term–definition pairs
extracted from UMLS. For comparison, we also
consider a general-domain term–definition dataset
derived from WordNet. To ensure comparability
across models, including those primarily designed
for English, we restrict the data to English terms
with English definitions.

To maintain a fair evaluation setup for the def-
inition retrieval task, we retain only one term per
semantic concept. Specifically, in UMLS we select
a single term per concept unique identifier (CUI),
and in WordNet we select a single term per synset.
To avoid ambiguity arising from multiple surface
forms with different senses, we remove duplicate
term occurrences.

The final datasets consist of hundreds of thou-
sands of pairs for UMLS and tens of thousands of
pairs for WordNet. Table 1 reports the number of
final pairs as well as the average number of words
per term and per definition. We observe that both
terms and definitions in UMLS are approximately
three times longer than those in WordNet.

2.2 Tokenization Granularity

To measure how well tokenization preserves word
integrity, or conversely how much it fragments
words into subword units, we use two metrics:
average number of tokens per word (Avg tokens
per word) and the percentage of out-of-vocabulary

1https://github.com/lanzv/
medical-tokenization-granularity

words (OOV words (%)). OOV words (%) is com-
puted as the proportion of words that are split into
more than one token by the tokenizer.

2.3 Definition Retrieval Task

The retrieval task aims to find the most relevant
definition for a given term based on cosine sim-
ilarity among all available definitions. To evalu-
ate performance, we report the Success@k curve
(k ∈ 1, 10, 100, 1000, 2000), which measures the
percentage of queries where the correct definition
is within the top k retrieved results.

2.4 Models

We evaluate encoder-based models and decoder
large language models, covering general-purpose,
biomedical, and multilingual pretraining regimes.

Encoders include general-domain models such
as BERT (cased and uncased) (Devlin et al., 2019)
and ModernBERT (Warner et al., 2025), medical
models such as BioBERT (Lee et al., 2020), Clini-
calBERT (Alsentzer et al., 2019), and Clinical Mod-
ernBERT (Lee et al., 2025), as well as multilingual
models including mBERT, Distil mBERT (Devlin
et al., 2019), mmBERT (Marone et al., 2025), and
XLM-R (base and large) (Conneau et al., 2019).

Decoders include general instruction-tuned
LLMs such as LLaMA3 (Grattafiori et al., 2024),
Mistral (Jiang et al., 2023), Phi-3.5 Mini (Abdin
et al., 2024), and Gemma3 (Team et al., 2025),
as well as biomedical variants such as BioMis-
tral (Labrak et al., 2024b), Med42 (Christophe
et al., 2024), MediPhi (Corbeil et al., 2025), and
MedGemma (Sellergren et al., 2025).

For all models, we extract representations from
the final hidden layer and apply mean pooling over
token embeddings to obtain a single vector. We use
this representation for both encoders and decoders
to ensure consistency.

3 Results and Analysis

3.1 Tokenization Granularity Across Domains

Building on our evaluation setup, we first analyze
how tokenization granularity varies across domains
and model families.

We analyze UMLS terms and their definitions
separately and compare them with their general-
domain counterpart based on WordNet in Table 2,
reporting averages across all models (Section 2.4).

The UMLS terms are consistently segmented
into more fine-grained subword units than their cor-
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UMLS WordNet Full Text Tokenization
Terms Defs Terms Defs BookSum Wikipedia PubMed emrQA SDS

Avg tokens per word 2.53 1.79 2.31 1.32 1.41 1.57 1.36 1.80 2.38
OOV words (%) 53.04 31.33 61.13 18.09 24.20 26.83 17.37 33.83 48.74

Table 2: Tokenization statistics averaged across all encoder and decoder models for UMLS and WordNet (terms vs.
definitions) and general corpora, including BookSum chapters, Wikipedia pages, PubMed articles, emrQA clinical
reports, and Stroke Discharge Summaries (SDS) from UK hospitals.

Figure 1: Definition retrieval performance on UMLS
measured by Success@k. Encoder models are shown
on the top and decoder models on the bottom.

responding definitions. A similar effect is observed
in WordNet, indicating that lexical specificity also
plays a role in general-domain resources. This
consistent gap between terms and definitions sug-
gests that isolated terminological expressions are
generally more difficult to represent in subword-
based tokenization schemes than more descriptive,
sentence-level text, even when the latter is drawn
from the same domain and contains many com-
mon lexical items. However, fragmentation is most
pronounced in UMLS, suggesting higher termino-
logical density in the medical domain.

OOV rates show a different pattern: WordNet
terms have slightly higher OOV rates than UMLS.
As shown in Table 1, UMLS terms are three times
longer, which increases the likelihood of including
vocabulary-friendly components such as numbers
or stopwords, likely explaining this difference.

To assess how representative the term–definition
results are in relation to larger and more practical
text sources, we extend the analysis to document-

Figure 2: Definition retrieval performance on WordNet
measured by Success@k. Encoder models are shown
on the top and decoder models on the bottom.

level corpora. We evaluate tokenization on emrQA
clinical reports (Pampari et al., 2018), BookSum
chapters (Kryscinski et al., 2022), Wikipedia (Foun-
dation), and PubMed articles (Cohan et al., 2018).
To control for corpus size, we sample PubMed,
BookSum, and Wikipedia documents to match the
number of words in emrQA. Tokenization in Book-
Sum and PubMed closely matches WordNet def-
initions, while Wikipedia shows slightly higher
fragmentation. In contrast, emrQA clinical reports
align more closely with UMLS definitions. We
further analyze a specialized set of 600 stroke dis-
charge summaries from UK hospitals (SDS), which
shows fragmentation approaching UMLS-level val-
ues, highlighting the effect of clinical specificity
on subword segmentation.

A detailed per-model breakdown is provided in
Appendix A, along with qualitative tokenization
examples in Appendix B.
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Figure 3: Pearson correlation matrices for UMLS
models, separately for encoders (left) and decoders
(right). The matrices report correlations between re-
trieval performance (Success@k, denoted as S@k for
k ∈ {1, 10, 100, 1000}) and tokenization granularity, in-
cluding average tokens per word (Tok/Word) and out-of-
vocabulary rate (OOV), computed separately for terms
(T) and definitions (D).

3.2 Definition Retrieval Performance

We evaluate how well term representations align
with their corresponding definitions using a defini-
tion retrieval task, which measures the robustness
of the embedding space to semantic similarity of
the same medical concept represented in different
forms. Figures 1 and 2 report Success@k curves
for encoder and decoder models on UMLS and
WordNet term–definition pairs, allowing a direct
comparison of models in terms of retrieval perfor-
mance and the strength of their semantic alignment.

On UMLS, clinically pre-trained encoders con-
sistently outperform general-domain and multilin-
gual models. This advantage is less pronounced
for decoder models, which nevertheless show rela-
tively stable retrieval behavior across architectures.

In contrast, performance on WordNet decreases,
despite the smaller candidate pool making the task
easier. Drop is more evident for decoder models,
which exhibit weaker discrimination in this setting.

These results suggest that models are well
adapted to the medical domain, even though tok-
enization is more fragmented for UMLS compared
to WordNet. This indicates a degree of robustness
of models to tokenization granularity in semantic
representation and alignment of concepts.

3.3 Correlation Between Tokenization and
Definition Retrieval

To investigate whether tokenization granularity is
related to how well models embed medical terms,
we analyze UMLS pairs and measure the correla-
tion between tokenization metrics and the ability of
models to place term representations close to their
correct definitions in the embedding space. We
report Pearson correlations in Figure 3 for encoder
and decoder models separately. This allows us to
assess whether a consistent trend exists across mod-
els, i.e., whether models that split words into more
subword units tend to exhibit weaker alignment
between terms and their corresponding definitions.

From the results, we observe that for encoder
models, the average number of tokens per word
(Tok/Word) shows little to no correlation with re-
trieval performance. In contrast, the proportion
of words represented as a single token (OOV) in
both definitions and, in particular, terms exhibits
a strong correlation with performance across all
values of k in Success@k. For decoder models,
performance begins to correlate more strongly with
tokenization metrics only at higher values of k (i.e.,
k = 100 and k = 1000), where both Tok/Word
and OOV rate become relevant.

An additional observation is that, for decoder
models, tokenization metrics are almost perfectly
correlated between terms and definitions, whereas
encoders show greater variation.

Overall, the results indicate that tokenization
granularity is reflected in how models represent
medical terms in their vector space. For encoder
models, retrieval performance is largely insensitive
to how finely words are split once tokenized; the
key factor is whether a word is preserved as a sin-
gle token. For decoder models, tokenization has
little effect on the proximity of term and definition
representations, but its influence becomes more ap-
parent when considering a broader neighborhood
of nearby representations.

4 Discussion

Although we use definition retrieval as an intrinsic
evaluation, it provides a direct and transparent way
to assess how a model encodes medical concepts in
its embedding space without additional training. It
allows us to measure whether term embeddings are
consistently and meaningfully aligned with term
definitions and how effectively and consistently the
model internalizes and represents these concepts.
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Although tokenization granularity correlates
with retrieval performance, this does not directly
indicate its impact on downstream tasks. While pre-
vious work has studied such effects in downstream
biomedical settings (Labrak et al., 2024a), the gen-
eral significance and generality of this relationship
remain unclear and might vary between tasks.

In addition, we find that English-domain-specific
encoders outperform general-domain multilingual
models for medical terminology, despite its strong
Latin and Greek origins (Jimenez Gutierrez et al.,
2023). This contrasts with the findings in span-
based clinical question answering (Lanz and
Pecina, 2025), where multilingual models tend to
perform better. This discrepancy suggests that im-
provements in multilingual models in downstream
question-answering tasks are likely driven by their
stronger ability to model contextual interactions
and relational structure, rather than by the supe-
rior quality of isolated term representations in the
embedding space of encoder models. In contrast,
for decoder models, no clear advantage of domain-
specific pretraining is observed in terms of consis-
tent semantic representation quality.

5 Conclusion

We studied how tokenization granularity relates to
the ability of language models to represent medical
terms without contextual support, using a defini-
tion retrieval task built on UMLS and a WordNet
comparison. Our results show that medical terms
are more fragmented than general-domain ones, yet
models remain largely robust. However, tokeniza-
tion still plays a role: for encoders, performance
depends mainly on whether terms are preserved as
single tokens, while for decoders, its effect appears
at larger retrieval depths. Overall, tokenization
does not fully determine performance, but it in-
fluences how medical terms are structured in the
embedding space.

Limitations

Our analysis focuses on intrinsic representation
properties and does not evaluate downstream task
performance; thus, it does not directly capture ef-
fects previously observed in task-based studies
of tokenization granularity. While definition re-
trieval provides a controlled proxy for assessing
term–definition alignment in embedding space, it
remains an indirect measure of representation qual-
ity. Finally, our experiments are limited to UMLS-

derived term–definition pairs, which restricts cov-
erage to curated medical terminology and may not
reflect broader medical and clinical language.
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A Tokenization Granularity

Model UMLS WordNet Full Text Tokenization
Term Def Term Def BookSum Wikipedia PubMed emrQA SDS

ClinicalBERT 2.52 1.82 2.44 1.32 1.36 1.58 1.34 1.63 2.18
Clinical ModernBERT 2.34 1.60 2.39 1.26 1.42 1.52 1.22 1.70 2.34
ModernBERT 2.34 1.60 2.39 1.26 1.42 1.52 1.22 1.70 2.34
BERT (cased) 2.80 1.86 2.36 1.27 1.34 1.47 1.34 1.84 2.39
mBERT 2.66 1.87 2.35 1.37 1.43 1.47 1.37 1.82 2.35
BERT (uncased) 2.33 1.73 2.17 1.23 1.31 1.41 1.27 1.55 2.07
BioBERT 2.52 1.82 2.44 1.32 1.36 1.58 1.34 1.63 2.18
Distil-mBERT 2.66 1.87 2.35 1.37 1.43 1.47 1.37 1.82 2.35
mmBERT 2.06 1.60 1.78 1.17 1.35 1.51 1.30 1.77 2.38
XLM-R (base) 2.58 1.88 2.35 1.46 1.44 1.58 1.46 1.75 2.15
XLM-R (large) 2.58 1.88 2.35 1.46 1.44 1.58 1.46 1.75 2.15

Table 3: Average tokens per word across encoder models for UMLS (terms and definitions), WordNet (terms and
definitions), and full-text corpora including BookSum chapters, Wikipedia pages, PubMed articles, emrQA clinical
notes, and Stroke Discharge Summaries (SDS).

Model UMLS WordNet Full Text Tokenization
Term Def Term Def BookSum Wikipedia PubMed emrQA SDS

ClinicalBERT 44.13 29.83 58.65 16.47 22.68 27.52 15.97 30.40 45.11
Clinical ModernBERT 50.33 25.03 66.50 15.12 23.13 24.45 10.55 29.21 47.71
ModernBERT 50.33 25.03 66.50 15.12 23.13 24.45 10.55 29.21 47.71
BERT (cased) 56.25 30.63 55.07 14.11 22.14 23.43 15.97 34.15 50.52
mBERT 58.23 34.87 63.10 21.28 27.02 26.22 19.84 36.73 52.35
BERT (uncased) 40.18 27.96 49.73 12.35 21.26 21.62 13.12 27.18 41.66
BioBERT 44.13 29.83 58.65 16.47 22.68 27.52 15.97 30.40 45.11
Distil-mBERT 58.23 34.87 63.10 21.28 27.02 26.22 19.84 36.73 52.35
mmBERT 37.18 23.64 41.00 9.48 19.92 21.34 10.04 25.54 40.60
XLM-R (base) 63.41 40.81 67.65 29.49 28.72 34.35 33.41 44.43 54.59
XLM-R (large) 63.41 40.81 67.65 29.49 28.72 34.35 33.41 44.43 54.59

Table 4: OOV words (%) across encoder models for UMLS (terms and definitions), WordNet (terms and definitions),
and full-text corpora including BookSum, Wikipedia, PubMed, emrQA, and Stroke Discharge Summaries (SDS).
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Model UMLS WordNet Full Text Tokenization
Term Def Term Def BookSum Wikipedia PubMed emrQA SDS

BioMistral 2.87 1.95 2.42 1.39 1.49 1.75 1.49 2.06 2.77
Med42 2.35 1.65 2.31 1.25 1.36 1.49 1.28 1.67 2.09
MediPhi 2.94 2.01 2.50 1.45 1.53 1.77 1.54 2.13 2.85
LLaMA3 2.35 1.65 2.31 1.25 1.36 1.49 1.28 1.67 2.09
Mistral 2.87 1.95 2.42 1.39 1.49 1.75 1.49 2.06 2.77
Phi-3.5 Mini 2.94 2.01 2.50 1.45 1.53 1.77 1.54 2.13 2.85
Gemma 3 2.14 1.60 2.07 1.19 1.37 1.52 1.29 1.76 2.42
MedGemma 2.14 1.60 2.07 1.19 1.37 1.52 1.29 1.76 2.42

Table 5: Average tokens per word across decoder models for UMLS (terms and definitions), WordNet (terms and
definitions), and full-text corpora including BookSum, Wikipedia, PubMed, emrQA clinical notes, and Stroke
Discharge Summaries (SDS).

Model UMLS WordNet Full Text Tokenization
Term Def Term Def BookSum Wikipedia PubMed emrQA SDS

BioMistral 63.30 36.01 64.01 21.20 25.90 30.64 20.30 38.54 54.91
Med42 48.98 27.69 63.95 14.57 22.29 24.07 12.12 29.80 42.14
MediPhi 67.29 39.03 68.78 25.28 27.52 32.70 23.59 41.94 58.03
LLaMA3 48.98 27.70 63.95 14.56 22.29 24.07 12.12 29.80 42.14
Mistral 63.30 36.01 64.01 21.20 25.90 30.64 20.30 38.54 54.91
Phi-3.5 Mini 67.29 39.03 68.78 25.28 27.52 32.70 23.59 41.94 58.03
Gemma 3 41.41 23.22 55.20 10.49 20.98 21.73 9.71 26.88 41.78
MedGemma 41.41 23.22 55.20 10.49 20.98 21.73 9.71 26.88 41.78

Table 6: OOV words (%) across decoder models for UMLS (terms and definitions), WordNet (terms and definitions),
and full-text corpora including BookSum, Wikipedia, PubMed, emrQA, and Stroke Discharge Summaries (SDS).
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B Qualitative Tokenization Examples

Model Infertility Spectroscopy Neurochemistry Excipients Bacteroides
bert-base-cased In-fer-tility S-pect-ros-copy N-eur-och-em-ist-ry Ex-ci-pie-nts Ba-cter-oid-es
bert-base-multilingual-cased Inf-erti-lity Sp-ect-ros-co-py Neu-roch-emi-str-y Ex-ci-pien-ts Ba-cter-oides
bert-base-uncased in-fer-tility spectroscopy ne-uro-chemist-ry ex-ci-pie-nts ba-cter-oides
Bio_ClinicalBERT in-fer-tility s-pect-ros-copy ne-uro-chemistry ex-ci-pie-nts b-act-ero-ides
biobert-base-cased-v1.2 in-fer-tility s-pect-ros-copy ne-uro-chemistry ex-ci-pie-nts b-act-ero-ides
Clinical_ModernBERT Inf-ertility Spect-rosc-opy Ne-uro-chem-istry Ex-cip-ients B-acter-oides
ModernBERT-base Inf-ertility Spect-rosc-opy Ne-uro-chem-istry Ex-cip-ients B-acter-oides
distilbert-base-multilingual-cased Inf-erti-lity Sp-ect-ros-co-py Neu-roch-emi-str-y Ex-ci-pien-ts Ba-cter-oides
mmBERT-base Infer-tility Spectroscopy Neuro-chemistry Ex-cip-ients Bacter-oides
xlm-roberta-base Inf-ert-ility Spec-tros-copy Neuro-che-mist-ry Exc-ipi-ents Bac-tero-ides
xlm-roberta-large Inf-ert-ility Spec-tros-copy Neuro-che-mist-ry Exc-ipi-ents Bac-tero-ides
BioMistral-7B In-fer-t-ility Spect-ro-sc-opy Ne-uro-chem-istry Ex-cip-ients B-acter-oid-es
gemma-3-4b-pt In-fert-ility Spect-roscopy Neuro-chemistry Ex-cip-ients B-acter-oides
Llama3-Med42-8B Inf-ertility S-pect-ro-scopy Ne-uro-chemistry Exc-ipients B-acter-oid-es
medgemma-4b-it In-fert-ility Spect-roscopy Neuro-chemistry Ex-cip-ients B-acter-oides
MediPhi-Instruct In-fer-til-ity Spect-ro-sc-opy Ne-uro-chem-istry Ex-cip-ients B-act-ero-ides
Meta-Llama-3-8B Inf-ertility S-pect-ro-scopy Ne-uro-chemistry Exc-ipients B-acter-oid-es
Mistral-7B-Instruct-v0.1 In-fer-t-ility Spect-ro-sc-opy Ne-uro-chemistry Ex-cip-ients B-acter-oid-es
Phi-3.5-mini-instruct In-fer-til-ity Spect-ro-sc-opy Ne-uro-chem-istry Ex-cip-ients B-act-ero-ides

Table 7: Qualitative examples of tokenization across encoder and decoder models. Medical terms are frequently
fragmented into subword units that do not necessarily correspond to medically meaningful morphemes.
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C Definition Retrieval - Mean Reciprocal Rank

Figure 4: Definition retrieval performance on UMLS measured by MRR@k. Encoder models are shown on the left
and decoder models on the right.

Figure 5: Definition retrieval performance on WordNet measured by MRR@k. Encoder models are shown on the
left and decoder models on the right.
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D Correlation Between Tokenization Granularity and Definition Retrieval

Figure 6: Pearson correlation matrices for WordNet models, separately for encoders (left) and decoders (right). The
matrices report correlations between retrieval performance (Success@k, denoted as S@k for k ∈ {1, 10, 100, 1000})
and tokenization granularity, including average tokens per word (Tok/Word) and out-of-vocabulary rate (OOV),
computed separately for terms (T) and definitions (D).

Figure 7: Pearson correlation matrices for UMLS models, separately for encoders (left) and decoders (right). The
matrices report correlations between retrieval performance (MRR@k for k ∈ {1, 10, 100, 1000}) and tokenization
granularity, including average tokens per word (Tok/Word) and out-of-vocabulary rate (OOV), computed separately
for terms (T) and definitions (D).

570



Figure 8: Pearson correlation matrices for WordNet models, separately for encoders (left) and decoders (right). The
matrices report correlations between retrieval performance (MRR@k for k ∈ {1, 10, 100, 1000}) and tokenization
granularity, including average tokens per word (Tok/Word) and out-of-vocabulary rate (OOV), computed separately
for terms (T) and definitions (D).
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