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Abstract

Although WordNet is a valuable resource because of its structured semantic networks and extensive vocabulary,
its fine-grained sense distinctions can be challenging for second-language learners. To address this issue, we
developed a version of WordNet annotated with the Common European Framework of Reference for Languages
(CEFR), integrating its semantic networks with language-proficiency levels. We automated this process using a
large language model to measure the semantic similarity between sense definitions in WordNet and entries in the
English Vocabulary Profile Online. To validate our approach, we constructed a large-scale corpus containing both
sense and CEFR-level information from the annotated WordNet and used it to develop contextual lexical classifiers.
Our experiments demonstrate that models fine-tuned on this corpus perform comparably to those fine-tuned on
gold-standard annotations. Furthermore, by combining this corpus with the gold-standard data, we developed a
practical classifier that achieves a Macro-F1 score of 0.81. This result provides indirect evidence that the transferred
labels are largely consistent with the gold-standard levels. The annotated WordNet, corpus, and classifiers are
publicly available to help bridge the gap between natural language processing and language education, thereby
facilitating more effective and efficient language learning.
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1. Introduction

WordNet (Fellbaum, 1998) is a large-scale En-
glish lexical database that organizes approximately
155,000 words and 207,000 senses of nouns,
verbs, adjectives, and adverbs into hierarchical
semantic networks. It groups semantically sim-
ilar words and links senses through relations
such as hypernymy, hyponymy, synonymy, and
antonymy. Because WordNet and its construction
software are publicly available, they can be read-
ily integrated into Al applications. Consequently,
WordNet underpins a broad range of natural lan-
guage processing (NLP) technologies—including
machine translation (Moussallem et al., 2018), se-
mantic analysis (Moskvoretskii et al., 2024), and
natural language generation (San Vicente et al.,
2014)—owing to its accessible interface and well-
structured networks. These technologies also sup-
port computer-assisted language learning (CALL)
by facilitating vocabulary acquisition, reading com-
prehension, writing assistance, automated ques-
tion generation, and automated assessment.
Although leveraging semantic networks can en-
hance foreign-language learning (Kiritani et al.,
2012), WordNet was not designed for educational
purposes and presents challenges for second-
language (L2) learners. Key issues are its overly
fine-grained sense distinctions and the large num-
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ber of senses associated with many words. This
requires learners to identify the appropriate sense
for a given context and proficiency level, which
increases their cognitive load. While this prob-
lem is widely discussed in NLP literature (Nav-
igli, 2006)(Lacerra et al., 2020), it has received
limited attention in language education. Our goal
was to develop a novel version of WordNet and
leverage the resulting technologies and resources
to enhance language-learning efficiency. The first
step involves adapting WordNet for L2 learners and
bridging the gap between NLP lexical resources
and language education. Previous work (Kikuchi
et al., 2024) clustered fine-grained WordNet sense
definitions (glosses) using learner-oriented dictio-
naries. By contrast, this study integrates Common
European Framework of Reference for Languages
(CEFR) proficiency levels into WordNet, enabling
the presentation of senses aligned with a learner’s
proficiency level. To build large-scale, practical re-
sources, we employ a simple large language model
(LLM)-based method for efficient and accurate se-
mantic annotation, reducing the time, labor, and
cost associated with manual annotation. This au-
tomatic approach also ensures that the adapted
WordNet can be flexibly scaled.

The CEFR is an international standard for de-
scribing language proficiency across six levels,
namely, A1, A2, B1, B2, C1, and C2, ranging from
basic to advanced. Each level is defined by “can-
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(1) She works in a bank. -
(2) These flowers grow on river banks. Classifier

(b) Contextual Lexical CEFR-Level Classifier.

Figure 1: Overview of the study. (a) Semantic network of hyponyms for “animal” in the CEFR-annotated
WordNet. (b) Contextual CEFR-level classification for the word “bank.”

do descriptors” that specify expected communica-
tive abilities. We used an LLM to annotate Word-
Net senses with CEFR levels, thereby construct-
ing a CEFR-annotated WordNet. As shown in Fig-
ure 1(a), these annotations can be used in conjunc-
tion with semantic networks to help learners acquire
vocabulary while considering relationships among
words and learn basic and advanced paraphrases
through synonyms. The annotation pipeline in-
volves three steps. First, we collect glosses for
target words from WordNet and the English Vocab-
ulary Profile (EVP) Online' (Capel, 2012), which
provides CEFR levels for individual senses. Next,
the LLM computes the semantic similarity between
the glosses from WordNet and the EVP. Finally, we
assign CEFR levels to the corresponding WordNet
senses based on these similarity scores.

Because our method for annotating WordNet
senses with CEFR levels is automatic, it eliminates
the need for labor-intensive manual work. However,
automatic labels may contain errors, and Word-
Net does not provide gold-standard CEFR levels.
Therefore, their reliability must be verified indirectly.
To address this issue, we built contextual CEFR-
level classifiers that predict a sense’s proficiency
level from its usage, as shown in Figure 1(b). These
classifiers predict the CEFR level for a word sense
based on its context, not just for the word itself. We
evaluate the quality of our annotations by compar-
ing classifiers trained on our data with those trained
on the EVP gold-standard levels. We also examine
the effectiveness of LLMs for this task in few-shot
and fine-tuning settings.

The contributions of this study can be summa-
rized as follows:

» CEFR-Annotated WordNet. We developed a
new resource by assigning CEFR proficiency
levels to 10,644 WordNet senses correspond-
ing to 5,645 lemmas, thereby linking the Word-

"https://englishprofile.org/?menu=
evp-online

Net sense inventory with CEFR standards.
Our annotated WordNet covers approximately
80% of all single-word senses in the EVP
(8,289 out of 10,394).

* Prompt-Only LLM Annotation. We intro-
duce a novel, automated method that lever-
ages the semantic understanding of LLMs to
assign CEFR levels to word senses. This is
achieved by measuring semantic similarity be-
tween WordNet glosses and EVP entries. The
method, implemented entirely through prompt-
ing, is simple, reproducible, and substantially
less costly than manual annotation. We also
provide indirect evidence that manual annota-
tion tasks based on semantic matching can be
automated with high accuracy.

SemCor-CEFR Corpus. Using our annotated
WordNet, we assigned CEFR levels to the
word senses in SemCor 3.0% (Miller et al.,
1993), a widely used sense-annotated cor-
pus. This process resulted in a large-scale
corpus containing more than 110,000 sense
and level annotations across over 5,500 Word-
Net senses. Because modern NLP relies on
large corpora for advanced training and analy-
sis, this resource represents a valuable contri-
bution to both NLP and educational technology
research.

+ Contextual Lexical CEFR-Level Classifiers.
We demonstrate the validity of our CEFR-level
annotations by training a classifier on our cor-
pus that performs comparably to one trained
on gold-standard EVP data. Additionally, by
fine-tuning the LLM on both our annotated data
and the gold-standard levels, we developed
a practical classifier that achieves a Macro-
F1 score of 0.81. Our analysis indicates that

?http://lcl.uniromal.it/wsdeval/
training-data

3646


https://englishprofile.org/?menu=evp-online
https://englishprofile.org/?menu=evp-online
http://lcl.uniroma1.it/wsdeval/training-data
http://lcl.uniroma1.it/wsdeval/training-data

these classifiers can accurately predict CEFR
levels across a broad range of contexts.

All resources developed in this study, includ-
ing our WordNet, corpus, and classifier, are pub-
licly available at https://doi.org/10.5281/
zenodo.17395388.

2. Related Work
2.1.

As noted in the introduction, WordNet was not origi-
nally designed for educational use. To address this
limitation, several learning-oriented WordNets have
been developed for multiple languages (Bosch
and Griesel, 2018), and their application in lan-
guage learning has been studied by many re-
searchers (Gonzalez-Dios, 2019). Some of these
researchers have focused on visualizing word hi-
erarchies and semantic relations to support learn-
ers (Sun et al., 2011; Kiritani et al., 2012; Gawde
et al., 2024), while others have tailored vocabulary,
glosses, and usage examples to match learners’
proficiency levels (Redkar et al., 2018; Osenova
and Simov, 2024). However, most of these stud-
ies have relied on manually curated resources and
paid limited attention to word-sense information. By
contrast, herein we introduce a novel approach that
automatically annotates WordNet senses with pro-
ficiency levels. Our method can be integrated with
existing techniques—such as semantic network vi-
sualization and multimodal WordNets (Marciniak,
2020)—to further enhance its utility in language-
learning contexts.

WordNets for Language Learning

2.2. Lexical Complexity Prediction

Lexical complexity prediction (LCP) (North et al.,
2023; Shardlow et al., 2024) has recently attracted
significant attention as a task for estimating word
complexity from context. In this field, “complexity”—
which is related to the CEFR levels in our study—
is typically predicted as either binary (e.g., sim-
ple/complex) or on a continuous scale. Our work is
closely related to SemEval-2021 Task 1 (Shardlow
et al., 2021), which adopts a similar classification
setting. For this task, the organizers released the
CompLex 2.0 dataset® (Shardlow et al., 2022), in
which words in context were rated by multiple anno-
tators on a five-point Likert scale. The final scores
are represented as a continuous value in [0, 1], com-
puted as the mean of these ratings. These contin-
uous values can capture finer, context-driven differ-
ences compared with ordinal labels.

However, our approach differs from that of LCP
in several key ways.

Shttps://github.com/MMU-TDMLab/CompLex

First, LCP is primarily designed as a precursor to
lexical simplification (Paetzold and Specia, 2017)—
which involves replacing complex words with sim-
pler alternatives—rather than for explicitly present-
ing complexity information to L2 learners. Second,
annotators of CompLex 2.0 were not provided with
glosses; as a result, identical senses may receive
different scores across contexts. Third, the dataset
is limited to 9,000 nouns and excludes other parts
of speech (PoS).

By contrast, our method assigns a CEFR level
to each word sense in accordance with an inter-
national proficiency standard. We extend this an-
notation to more than 110,000 instances of nouns,
verbs, adjectives, and adverbs in the large-scale
SemCor corpus, making our resource more than
ten times larger than CompLex 2.0. In Section 6.1,
we analyze the correlation between the CompLex
2.0 complexity scores and the CEFR levels pre-
dicted by our models.

2.3. CEFR-Based Educational
Technology

The CEFR is a foundational standard in educational
technology and is widely applied in the automatic
assessment of short sentences (Tack et al., 2017;
Uchida et al., 2024), teaching materials (Pilan et al.,
2016), writing skills (Kerz et al., 2021; Schmalz
and Brutti, 2021), and learner proficiency (Gaillat
et al., 2022). The interaction between LLMs and
the CEFR has been the focus of recent studies,
which have explored how well these models un-
derstand proficiency levels (Benedetto et al., 2025)
and how to control the difficulty of the vocabulary
and sentences they generate (Alfter, 2024; Malik
et al., 2024; Barayan et al., 2025). These studies,
together with the development of numerous CEFR-
aligned lexical datasets, underscore the central role
of the CEFR in the field.

For example, the CEFRLex project provides
machine-readable lexical resources with word-
level frequency counts by CEFR level (Pintard
and Francgois, 2020) for English and other lan-
guages* (Durlich and Francgois, 2018; Francgois
et al.,, 2014; Tack et al., 2018; Francois et al., 2016;
Volodina et al., 2016). However, it does not as-
sign a unique CEFR level to each sense, making it
unsuitable for tasks requiring sense-specific profi-
ciency annotations. The Sense Complexity Dataset
(SeCoDa) (Strohmaier et al., 2020) provides sense-
in-context CEFR annotations, but its sense labels
are not aligned with those of WordNet. In addition,
its small size, 1,432 words, limits its applicability
within WordNet's semantic framework. Our work
addresses these gaps by annotating more than

“Only the Dutch resource NT2Lex provides frequency
information at the word-sense level.
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110,000 word instances with sense-specific CEFR
levels, thereby substantially expanding the avail-
able data on lexical difficulty.

Despite progress in LCP, few studies have ex-
amined the classification of vocabulary into CEFR
levels based on context. Aleksandrova and Pouliot
(2023) proposed ME6 Contextual, a BERT (Devlin
et al., 2019)-based classifier that, like our mod-
els, is trained on a CEFR-annotated corpus to di-
rectly predict a word’s level from its context. This
direct prediction approach enables the model to
classify words not seen during training. By con-
trast, Banno et al. (2025) introduced an indirect-
prediction method in which an LLM selects the ap-
propriate EVP sense for a word in context and then
maps it to a CEFR level. The performance of this
approach depends on the quality of cues provided
by the data source. To isolate the effect of differ-
ent data sources on classification performance, we
reimplemented ME6 Contextual as a baseline for
our LLM-based classifiers.

3. Existing Resources

3.1. EVP Online

The EVP Online', developed by Cambridge Univer-
sity Press, provides CEFR levels for single words,
phrasal verbs, phrases, and idioms. Each entry
includes a PoS tag, a gloss, and both dictionary
and learner examples. A key feature of the EVP
is its sense-level CEFR annotation, which assigns
a proficiency level to each sense. This level of
granularity is beneficial for both general language
education and the development of CALL systems.
For this study, we used single-word entries from
the American English subset of the EVP, including
their CEFR levels, PoS tags, glosses, and example
sentences. Unlike a previous study (Aleksandrova
and Pouliot, 2023), which also included multiword
expressions (MWEs), our work focuses exclusively
on single words because WordNet contains very
few MWEs.

3.2. SemCor Corpus

The SemCor 3.0 corpus is one of the most widely
used sense-annotated corpora in NLP. It contains
226,040 sense annotations across 352 documents
from the Brown Corpus. Each sense is tagged with
a WordNet identifier, linking it to glosses, usage ex-
amples, and semantic relations such as hypernyms,
hyponyms, synonyms, and antonyms. Moreover,
its machine-readable format facilitates integration
into NLP and CALL systems. However, this corpus
inherits the limitations of WordNet discussed in the
introduction. In particular, the absence of learner-
oriented indicators, such as sense complexity or

CEFR levels, limits its usefulness for educational
applications. To address this issue, as described in
Section 5.1, we use our CEFR-annotated WordNet
to enhance the original SemCor corpus, creating
a new resource annotated with both senses and
CEFR levels.

4. CEFR-Annotated WordNet

To create a WordNet oriented toward L2 learners,
we annotated its senses with CEFR levels by align-
ing them with glosses from the EVP Online. The
process, illustrated in Figure 2 for the WordNet
gloss g; of (word, PoS) = (bank, noun), comprises
three steps:

Step 1: Extraction of Gloss Sets. For each word
and PoS pair, such as (bank, noun), we extract
all corresponding glosses from both the EVP On-
line and WordNet. Let the set of m glosses from
the EVP Online be {g1, g2,...,9m}, and that of n
glosses from WordNet be {gi,45,-..,4,}. Inthe
next step, we compare the i-th gloss, g;, from the
EVP Online with the j-th gloss, g7, from WordNet.
As shown in Figure 2, both example glosses refer
to sloping land.

Step 2: Semantic Similarity Measurement. To
measure the semantic similarity between ¢; and
g, we used an LLM (GPT-4o, checkpoint gpt -
40-2024-08-06). The prompt is provided in Ap-
pendix 13.1. Because glosses from different re-
sources often vary in granularity and may not align
perfectly, a binary alignment judgment of same or
different would be overly restrictive. Therefore, we
instructed the LLM to rate similarity on a seven-
point scale, where a lower score indicates higher
similarity. In the example shown in Figure 2, the
LLM returns a score of 1, indicating that the two
glosses have identical meanings.

Step 3: CEFR-Level Annotation. If the LLM
returns a score of 1 or 2—indicating that ¢g; and
g; have “exactly the same” or “almost the same”
meaning—we consider the glosses semantically
aligned. The CEFR level associated with g; is then
transferred to g;. Otherwise, that is, if the output is
> 3, the senses are considered mismatched and no
annotation is assigned. In the example, the score of
1 results in the WordNet sense being assigned the
B2 level from the corresponding EVP sense. In this
study, we adopt a threshold of < 2 (scores 1-2) to
balance accuracy and coverage. Restricting align-
ments to score 1 yields higher-confidence transfers
but reduces coverage, whereas allowing score 3
increases coverage but tends to introduce false
alignments, mainly because of partial semantic
overlap and mismatched gloss granularity across
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Step 1: Extraction of Gloss Sets

EStep 2: Semantic Similarity Measurementi Step 3: CEFR-Level Annotation
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8 ! - (omitted) H “ 2 ! ' No EVP Online
EVP --------------j ------------- ! Are g; and g; the same? 5 O ! gi: B2

Online a Im ' 1. Exactly the same :
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1 gj: sloping land (especially the : ‘ - — 1 WordNet
8 » '~ slope beside a body of water) i | " | Prompt LLM \ g/ B2
———————————————————————————— ' ' j- Be
WordNet 3 y}'l E E

Figure 2: CEFR-level annotation process for a WordNet gloss (g7), illustrated with the noun “bank.”

PoS CEFR Levels Total  Share (%)
Al A2 B B2 Ci G2

Noun 310 626 1,021 1,426 652 853 4,888 44.46
Verb 213 263 701 948 443 595 3,163 28.77
Adjective 104 200 435 646 423 519 2,327 21.16
Adverb 40 94 127 201 92 63 617 5.61
Total 667 1,183 2,284 3,221 1,610 2,030 10,995  100.00
Share (%) 6.07 10.76 2077 29.30 14.64 18.46 100.00

Table 1: Distribution of senses in the CEFR-annotated WordNet by PoS and CEFR level. Share (%)
indicates proportions by PoS (right) and level (bottom). Note that some senses received multiple levels
because of differences in gloss granularity between the resources (see Appendix 13.2 for details).

resources. Therefore, we adopt < 2 as a conser-
vative compromise.

We applied this procedure to all gloss pairs for
every (word, PoS) entry found in both the EVP
Online and WordNet. For instance, the set of all
possible gloss pairs of (bank, noun) is

{(g,

gl) | g e {glv g2, -, gm}7
g €41, g5, -

s Inths

whose size is m x n. This exhaustive pro-
cess yielded 10,995 CEFR-level annotations for
10,644 WordNet senses across 5,645 lemmas. Ta-
ble 1 lists the distribution of these annotations.
Nouns constitute the largest share (4,888; 44.46%),
followed by verbs (3,163; 28.77%) and adjec-
tives (2,327; 21.16%), with adverbs comparatively
scarce (617; 5.61%). The distribution across CEFR
levels is concentrated in the intermediate range,
with B2 (29.30%) and B1 (20.77%) together ac-
counting for half of all annotations. The begin-
ner levels (A1—A2) and advanced levels (C1-C2)
represent 16.83% and 33.10%, respectively. Be-
cause the granularity of glosses differs between
the two resources, a single WordNet sense may
align with multiple EVP glosses, which can result
in a sense being assigned multiple CEFR levels
(see Appendix 13.2 for details). This automated
procedure is generalizable and can be applied to
other dictionaries or lexical databases that provide

glosses. Moreover, because the pipeline relies
solely on semantic similarity between annotations,
it is transferable to lexical resources in other lan-
guages. However, as the process is fully auto-
mated, evaluating the accuracy of the resulting
annotations is essential.

5. Experiments

To verify the accuracy of our CEFR-level annota-
tions, we built and evaluated several contextual
lexical CEFR-level classifiers (Figure 1(b)). The
goal was to assess how well models trained on our
automatically annotated data could predict gold-
standard CEFR levels. We also trained several
LLM-based classifiers to evaluate their effective-
ness for this task. In this study, we did not conduct
a manual spot-check of the transferred sense-level
labels. Although expert validation would strengthen
the reliability of the resource, rigorous CEFR-level
judgment typically requires carefully designed pro-
tocols and multiple trained raters. We therefore
leave such manual evaluation to future work.

5.1.

To train our classifiers, we required a corpus with
CEFR-level annotations for words in context. Be-
cause the original SemCor corpus does not include
this information, we created the “SemCor-CEFR

Datasets and Experimental Settings
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CEFR EVP Online SemCor-CEFR

Level #types # words #types # words
Al 577 2,932 403 31,093
A2 1,037 4,307 680 21,065
B1 1,760 7,174 1,206 28,707
B2 2,368 8,754 1,684 23,081
C1 1,419 3,791 849 6,701
Cc2 1,692 4,604 992 5,647

Total 8,853 31,562 5,814 116,294

Table 2: Distribution of word types and tokens by
CEFR level in the EVP Online and the SemCor-
CEFR corpus.

corpus” by assigning CEFR levels to its senses us-
ing our annotated WordNet. Table 2 summarizes
the word distributions in the EVP Online examples,
combining dictionary and learner examples, and in
the SemCor-CEFR corpus. Although our corpus
contains fewer word types (# types) than the EVP
examples, it includes substantially more word in-
stances (# words) and reflects a more natural and
imbalanced distribution of proficiency levels. For
our experiments, we used 10% of the EVP exam-
ples as the test set. For training and validation,
depending on the setting, we used (i) the remain-
ing 90% of the EVP data, (ii) the SemCor-CEFR
corpus, or (iii) a combination of both. The task for
each classifier was to predict the CEFR level, for-
mulated as a six-way classification problem, of a
target word within a given sentence. We report the
F1 score for each level, together with Macro-F1 and
Micro-F1 scores to measure overall performance.

5.2. Classifiers

We compared the performance of a baseline
model, ME6 Contextual, with several LLM-based
approaches, including zero-shot, few-shot, and fine-
tuned models.

MEG6 Contextual. We reimplemented ME6 Con-
textual as a baseline. This method uses BERT-
based contextual embeddings to train a support
vector classifier (SVC) that predicts CEFR lev-
els. For the hyperparameters of BERT and SVC
that were not explicitly specified in the original
study (Aleksandrova and Pouliot, 2023), we used
their default settings. Although the model supports
MWEs, we excluded them to align with the scope
of WordNet, which contains very few MWEs. We
trained three versions of the model: one on 90%
of the EVP examples, one on the SemCor-CEFR
corpus, and one on a combination of both. If the
model trained on our corpus performs compara-
bly to the model trained on the gold-standard EVP

examples, this would support the accuracy of our
level annotations.

As noted in Section 4, a single sense in our cor-
pus may be associated with multiple CEFR lev-
els. Therefore, when training on our data, we cre-
ated one training example per level. These multi-
level assignments arise when a single WordNet
sense aligns with multiple, more fine-grained EVP
senses. Rather than discarding them as noise, we
split them into separate training instances—one
per level—and treat them as alternative supervi-
sion signals. Because 96.84% of senses in our
WordNet receive a single CEFR label (Table 6 in
Appendix 13.2), we expect the overall impact of
this multi-label handling to be limited. Neverthe-
less, since the EVP evaluation examples provide
a single gold level per sentence, this strategy may
introduce label ambiguity and reduce performance.
Importantly, it should not provide an advantage over
models trained solely on EVP data.

Zero-Shot LLM. We evaluated the LLM’s inher-
ent ability to classify CEFR levels without providing
any examples. Using the prompt and parameter
settings described in Appendix 13.1, we provided
the model (GPT-5, checkpoint gpt-5-2025-08-
07) with a target word and its context and asked it
to output the corresponding CEFR level.

Few-Shot Prompted LLMs. We also evaluated
the LLM’s performance under 6-shot and 18-shot
prompting, using the template provided in Ap-
pendix 13.1. This prompt provides the model with
training examples to serve as clues for classifying
a word sense in its context. In the 6-shot setting,
we provided one training example for each of the
six CEFR levels, that is, 1 x 6 examples. In the
18-shot setting, we used three examples per level,
thatis, 3 x 6 examples. The target words and usage
examples were randomly selected from the 90% of
EVP examples reserved for training. The LLM and
parameter settings were identical to those used in
the zero-shot experiments.

Fine-Tuned LLMs. We fine-tuned the lightweight
and cost-effective GPT-4.1 mini model (checkpoint
gpt-4.1-mini-2025-04-14)on three datasets:
90% of the EVP examples, the SemCor-CEFR cor-
pus, and a combination of both. As in the evaluation
of the ME6 Contextual baseline, the accuracy of our
annotations would be supported if the model fine-
tuned on our corpus achieved performance compa-
rable to or better than that of the model trained on
the gold-standard EVP examples. We also trained
a model on the combined corpus to examine po-
tential synergistic effects. Senses associated with
multiple CEFR levels in our corpus were treated
as separate training examples for each level. For
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fine-tuning, we used a 90%/10% split for training
and validation. The training data were formatted
by filling the zero-shot template in Appendix 13.1
with each target word and sentence, using the cor-
responding CEFR level as the correct label. The
default auto hyperparameters used for fine-tuning
are listed in Appendix 13.1.

Fine-Tuned LLMs + Knowledge Base. For
words whose CEFR level is unambiguous in the
EVP Online, that is, all senses share the same level,
performing a full six-level classification is computa-
tionally inefficient and increases the risk of errors.
To address this issue, we developed a hybrid ap-
proach. We first constructed a knowledge base—a
word-level list derived from the EVP Online that
includes only words associated with a single CEFR
level. For each target word, we checked this list
first. If the word was present, we directly assigned
its recorded level. Otherwise, we used one of the
fine-tuned LLMs for classification. We applied this
method to the LLMs fine-tuned on the EVP exam-
ples, the SemCor-CEFR corpus, and the combined
corpus to compare differences in classification ac-
curacy.

5.3. Results

Table 3 reports the F1 scores for each classifier.
In the table, FT denotes the fine-tuned LLMs, and
FT+KB refers to the fine-tuned LLMs combined
with the knowledge-based approach. The training
datasets used are EVP (90% of the EVP examples),
SemCor-CEFR (our annotated SemCor corpus),
and Mixture (a combination of both). Because the
class distribution in our data is imbalanced, we use
the Macro-F1 score as the primary metric for overall
evaluation, as it assigns equal weight to each class
and mitigates the effects of frequency imbalance.
The ME6 Contextual classifier achieved a Macro-
F1 score of at least 0.5 across all training sets.
However, its performance on the SemCor-CEFR
corpus was 0.08 points lower than that on the EVP
data. We attribute this gap to the model’s vector
construction method, which averages the vectors
for all instances of a given word and CEFR level
to produce a single vector for each word-level pair.
As shown in Table 2, our SemCor-CEFR corpus
has fewer unique word types than the EVP data.
Consequently, despite having a higher total word
frequency, it yields fewer training vectors, which
likely contributed to the performance drop. Con-
sistent with this interpretation, the classifier trained
on the Mixture dataset, which included the largest
number of training examples, achieved the best
performance among the ME6 Contextual models.
The zero-shot LLM achieved a Macro-F1 score of
0.42, the lowest among all methods and well below

that of the ME6 Contextual baseline. Its F1 scores
for the C1 and C2 levels were particularly low, below
0.3, indicating that the LLM’s internal knowledge
alone is insufficient for classifying advanced-level
senses. Providing in-context examples through
few-shot prompting increased the Macro-F1 score
to 0.47 in the 6-shot setting and 0.48 in the 18-
shot setting. This improvement, consistent with
prior findings (Enomoto et al., 2024; Smadu et al.,
2024), resulted from supplementing the model’s
knowledge of C1 and C2 senses. Nevertheless,
the performance of the few-shot models remained
substantially lower than that of ME6 Contextual.

Fine-tuning proved to be a highly effective ap-
proach for developing LLM classifiers, improving
the Macro-F1 score by at least 0.17 points com-
pared with the few-shot methods. Notably, the FT
model trained on the SemCor-CEFR corpus per-
formed comparably to the model trained on the
gold-standard EVP data, despite being optimized
on a dataset entirely different from the test set.
Moreover, an analysis of its errors (Figure 6(h) in
Appendix 13.3) shows that misclassifications, par-
ticularly for C1-level senses, were often assigned
to adjacent proficiency levels, which would likely
minimize confusion for learners. This strong perfor-
mance is likely due to the model being fine-tuned on
the rich and varied usage examples in the SemCor-
CEFR corpus. The model trained on the Mixture
dataset achieved a Macro-F1 score of 0.73. These
results provide indirect evidence supporting the
quality of the CEFR annotations in our WordNet and
effectiveness of combining the EVP and SemCor-
CEFR corpora.

The hybrid FT+KB approach, which combines
fine-tuned LLMs with a knowledge base, achieved
the best overall performance. This method im-
proved the Macro-F1 score by 0.08 to 0.13 points
compared with the FT models alone, with a con-
sistent trend across training sets. The classifier
trained on the Mixture dataset achieved the highest
F1 scores at all levels, exceeding 0.8 for every level
except B1 and C1. This pattern suggests that a
substantial portion of the test set consists of words
with unambiguous CEFR levels. In such cases, the
knowledge base can assign the correct level with-
out relying on LLM inference, thereby improving
both accuracy and computational efficiency.

6. Discussion

6.1. Correlation Analysis Using the
CompLex 2.0 Dataset

Although the FT and FT+KB classifiers trained on
EVP examples demonstrated strong performance,
these results may be inflated because both the fine-
tuning and test sets were drawn from the same
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Classifier Base Model Train/Valid. F1 Scores 1
Set A1 A2 B1 B2 C1 C2 Macro Micro
EVP 0.77 061 054 053 051 059 0.59 0.57
ME6 Cont. BERT SemCor-CEFR 0.61 0.51 050 0.42 0.46 0.57 0.51 0.50
Mixture 0.76 065 059 051 054 059 0.61 0.59
Zero-Shot — 068 044 040 053 0.29 0.21 0.42 0.45
6-Shot GPT-5 EVP 066 044 044 057 040 032 047 0.49
18-Shot EVP 067 045 043 056 0.38 040 048 0.49
EVP 079 068 064 0.69 043 0.68 0.65 0.66
FT GPT-4.1 mini  SemCor-CEFR 0.72 0.67 068 0.71 044 066 0.67 0.67
Mixture 0.81 076 073 0.75 0.61 073 0.73 0.73
EVP 083 0.77 0.74 0.79 0.74 0.81 0.78 0.78
FT+KB GPT-4.1 mini SemCor-CEFR 0.75 0.72 0.76 0.81 0.75 0.77 0.76 0.76
Mixture 0.83 081 0.78 0.83 0.78 0.81 0.81 0.81

Table 3: F1 scores for each classifier. Bold and underlined values indicate the highest and second-highest

scores, respectively.

source. For real-world applications, a CEFR-level
classifier must perform well across diverse do-
mains, not only on dictionary and learner examples.
However, gold-standard sense-level CEFR anno-
tations for heterogeneous corpora are scarce. To
examine generalizability, we used an indirect proxy
by analyzing the correlation between the predicted
CEFR levels and lexical complexity scores in the
CompLex 2.0 dataset. This dataset, developed for
the LCP task, spans three genres—Europarl, the
Bible, and biomedical texts—and contains target
words rated by multiple annotators on a continu-
ous complexity scale from 0 to 1. We applied our
classifiers to predict CEFR levels, mapped to inte-
gers 1 to 6, for 7,662 target words in the CompLex
2.0 training set. We then computed the Spearman
rank correlation coefficient between the predicted
levels and the dataset’s complexity scores. We did
not expect a high correlation because complexity
scores are continuous, whereas CEFR levels are
discrete.

A notable finding in Table 4 is that classifiers
trained on the EVP examples, despite achieving
high accuracy on the EVP test set, exhibited very
low correlation with the CompLex 2.0 scores. This
suggests that models fine-tuned solely on EVP data
may have learned superficial, dataset-specific cues,
with limited transfer to other genres. By contrast,
classifiers trained on the SemCor-CEFR corpus
achieved correlation coefficients above 0.5, indi-
cating a moderate relationship between their pre-
dictions and lexical complexity. We attribute this
improvement to the broad genre coverage of the
SemCor corpus together with the high quality of our
CEFR-level annotations. These findings indicate
that classifiers fine-tuned on our corpus are bet-
ter suited for application to educational materials

Classifier ~ Train/Valid. Set Spearman 1
EVP 0.333
ME6 Cont. SemCor-CEFR 0.377
Mixture 0.362
Zero-Shot — 0.396
6-Shot EVP 0.494
18-Shot EVP 0.490
EVP 0.288
FT SemCor-CEFR 0.541
Mixture 0.529
EVP 0.366
FT+KB SemCor-CEFR 0.539
Mixture 0.528

Table 4: Spearman rank correlation coefficients
between predicted CEFR levels and CompLex 2.0
complexity scores. Bold and underlined values
indicate the highest and second-highest scores,
respectively.

drawn from diverse sources.

6.2. Implications for L2 Learners

Our findings have important implications for L2
learners, who often struggle with the fine-grained
sense distinctions in WordNet. By annotating Word-
Net senses with CEFR levels and integrating them
into resources such as the SemCor-CEFR corpus,
our approach aligns lexical information more closely
with learner proficiency and pedagogical needs. Al-
though the practical benefits of this approach re-
quire empirical validation through classroom-based
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or longitudinal studies, it offers two main advan-
tages. First, it allows learners to focus on senses
that match their proficiency level, reducing the cog-
nitive load associated with more advanced or nu-
anced meanings. Second, our high-performing
classifier (Macro-F1 of 0.81) can be integrated into
educational tools to quickly identify complex lex-
ical items in a text, enabling immediate scaffold-
ing. The model’s strong performance on levels A1
through B2 is particularly beneficial for beginner
and intermediate learners who are building foun-
dational vocabulary. These advances may enable
educators and independent learners to adopt more
adaptive and efficient strategies for vocabulary in-
struction. However, further research is needed to
determine whether these benefits persist across
diverse learning environments and over extended
periods.

7. Conclusions

In this study, we introduced an LLM-based method
for annotating WordNet senses with CEFR levels
and used it to construct a CEFR-annotated Word-
Net. This resource provides 10,995 proficiency an-
notations for 10,644 senses across 5,645 lemmas.
Using the annotated WordNet, we also created the
SemCor-CEFR corpus, a large-scale resource con-
taining more than 110,000 sense-level CEFR anno-
tations. To validate our approach, we trained con-
textual lexical CEFR-level classifiers on this corpus
and found that they performed comparably to mod-
els trained on gold-standard data. Furthermore,
by combining our corpus with gold-standard levels,
we developed a practical classifier that achieves
a Macro-F1 score of 0.81, providing indirect evi-
dence of the utility and consistency of our CEFR
annotations. Our analysis also showed that the
predictions generated by our classifiers correlate
with the lexical complexity scores in the CompLex
2.0 dataset, suggesting moderate alignment with
lexical complexity across diverse text genres.
This work is part of the “Learner’s WordNet
Project,” which seeks to integrate NLP methods—
particularly WordNet'’s rich semantic network—with
educational technology to support more efficient
and effective L2 learning. Future work will focus
on expanding CEFR-level coverage in our Word-
Net, evaluating its pedagogical effectiveness in real-
world learning contexts and developing related ap-
plications. To support this effort, we plan to build
a classifier capable of accurately assigning CEFR
levels to previously unannotated word senses.
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dance with the EVP website’s Terms of Use® and
Cambridge University Press’s text and data min-
ing (TDM) terms®. Any EVP content temporarily
cached to local storage for this project was deleted
upon the project’s completion. All released arti-
facts are built on WordNet and SemCor, whose
licenses permit copying, modification, and redis-
tribution, and include only derived CEFR labels
mapped to WordNet sense keys. No verbatim EVP
content, including entries, examples, glosses, or
metadata, is included in the released resources.
The EVP-derived word-level lookup list used in the
FT+KB analysis (Section 5.2) was used solely for
internal evaluation and is not redistributed.

For verification, we employed proprietary LLMs
from OpenAl and enabled the opt-out setting to en-
sure that submitted data were not used for model
training. For downstream applications involving per-
sonal or sensitive data, we recommend deploying
open-source LLMs in a local environment to reduce
the risk of unintended disclosure. The resources
introduced in this work are compatible with locally
hosted LLMs. The CEFR levels provided by our
resources are model-based estimates and should
not be used as the sole basis for high-stakes ed-
ucational decisions, such as promotion, pass/fail
determinations, or selective admissions.

10. Limitations

A key limitation of this work is the limited coverage
of CEFR-level annotations in WordNet. Despite
the automated pipeline, only 10,644 senses were
annotated, representing approximately 5% of the
full inventory. This limited coverage stems from
the restricted availability of sense-level CEFR la-
bels in the EVP Online, which serves as the pri-
mary source for alignment and constrains further
expansion. Beyond the EVP Online, several CEFR-

5https://englishprofile.org/?menu=
evp-terms-of-use
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related lexical resources are available, such as CE-
FRLex and SeCoDa, as well as lexical complexity
datasets including CompLex 2.0. However, these
resources differ in granularity and label space. Pro-
ficiency information is often provided at the word
level rather than the sense level, sense inventories
are not aligned with WordNet, and labels are not
always expressed as CEFR levels. As aresult, they
cannot be directly integrated into our sense-level
annotations without additional mapping. Develop-
ing principled methods to use them as auxiliary
supervision remains future work. To mitigate the
limited coverage, we developed lexical CEFR-level
classifiers trained on the large, sense-annotated
corpus, achieving a maximum Macro-F1 score of
0.81. Although these classifiers can predict levels
for previously unseen senses based on contextual
usage, they are currently less accurate than the
primary gloss-based transfer method. Improving
their accuracy, robustness, and generalization is
therefore essential for reliable large-scale deploy-
ment. In parallel, it is important to assess how
annotation errors affect L2 learners and establish
acceptable error thresholds for educational appli-
cations. Another limitation is that the evaluation
focused exclusively on single words, whereas re-
lated work on LCP, including models such as ME6
Contextual, also considers multiword expressions.
Preliminary analysis suggests that most MWEs cor-
respond to a single CEFR level, indicating that the
knowledge-based component could classify them
with high accuracy. However, challenges remain
in identifying implicit MWEs in running text, such
as in CALL systems analyzing textbooks, and in
handling expressions not covered by the EVP. Ad-
dressing these issues will require more advanced
and context-sensitive classification methods.
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Please assess whether the two meanings of
the English word {word} are the same from a
linguistic perspective.

1: {one gloss g of {word} in the EVP Online}

2: {one gloss ¢’ of {word} in WordNet}

Please select one option from the follow-
ing and answer using only the corresponding
number.

. Exactly the same meaning

. Almost the same meaning

. Somewhat similar meaning

. Neither similar nor different meaning

. Somewhat different meaning

. Mostly different meaning

. Completely different meaning

No o~ wnN =

Figure 3: Prompt template used to measure se-
mantic similarity between an EVP gloss (¢g) and a
WordNet gloss (g).

The CEFR is a six-level scale, with each level
corresponding to a specific English proficiency
level. The levels are as follows:

A1: Beginner

A2: Elementary

B1: Intermediate

B2: Upper Intermediate
C1: Advanced

C2: Proficiency

According to the CEFR scale, which pro-
ficiency level is required to understand the
sense of {word} in the following text: {sentence}

Please do not provide explanations.

Figure 4: Prompt template used for zero-shot
CEFR-level classification.

13. Appendices
13.1.

To ensure reproducibility, we report the exact check-
point of the OpenAl model used in this study. Differ-
ent checkpoints were used for gloss similarity mea-
surements (Section 4) and classifier experiments
(Section 5), as these components were conducted
at different times. For each task, we used the most
recent checkpoint available at the time of execution.

Parameters and Prompts

Semantic Similarity Measurement. To measure
the semantic similarity between g; and ¢, we used
GPT-40 (checkpoint gpt-40-2024-08-06) with
the prompt shown in Figure 3. The system mes-

Train/Valid. Set  Parameter Value
Method Supervised
Seed 1900973879
EVP Batch size 17
LR multiplier 2
Epochs 1
Method Supervised
Seed 105188566
SemCor-CEFR  Batch size 69
LR multiplier 2
Epochs 1
Method Supervised
Seed 112279849
Mixture Batch size 86
LR multiplier 2
Epochs 1

Table 5: Hyperparameters for the fine-tuned LLMs.

sage was set at “You are a professional linguist,”
and the temperature was set at 0 to ensure deter-
ministic outputs.

Zero-Shot and Few-Shot Classifiers. We used
GPT-5 (checkpoint gpt-5-2025-08-07) as the
base model for our classifiers. The system mes-
sage was set at “You are an expert rater for the
Common European Framework of Reference for
Languages (CEFR).” and the parameter reason-
ing_effort was set at “high.” Figures 4 and 5 present
the prompt templates used for the zero-shot and
few-shot LLM classifiers, respectively. In a prelim-
inary experiment, we provided the LLMs with full
CEFR level descriptions based on the official can-
do descriptors. However, we observed no signifi-
cant difference in classification performance com-
pared to using the simplified descriptions shown in
the figures. For efficiency, we therefore used the
prompts with simplified descriptions in our experi-
ments.

Fine-Tuned LLMs. As described in Section 5.2,
we constructed the training data using the zero-shot
template shown in Figure 4. The hyperparameters
used for fine-tuning GPT-4.1 mini (checkpoint gpt -
4.1-mini-2025-04-14) are detailed in Table 5.

13.2. Multi-Labeled Sense Keys

In WordNet, a sense key is the canonical string iden-
tifier of an individual sense, encoding the lemma,
PoS, and a sense index. Because our CEFR an-
notation transfers levels from EVP senses to Word-
Net senses via gloss alignment, a single WordNet
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The levels are as follows:

A1: Beginner

A2: Elementary

B1: Intermediate

B2: Upper Intermediate
C1: Advanced

C2: Proficiency

words in the following texts are:

(...more training examples...)

Please respond with only the level.

The CEFR is a six-level scale, with each level corresponding to a specific English proficiency level.

According to the CEFR scale, the proficiency levels required to understand the senses of the

Word: {train_word;}, Text: {train_sentence;} -> CEFR: {The gold-standard level ¢}
Word: {train_word,}, Text: {train_sentences} -> CEFR: {The gold-standard level 5}

Word: {test word}, Text: {test_sentence} -> CEFR:

Figure 5: Prompt template used for few-shot CEFR-level classification.

# Distinct CEFR Labels # Sense Keys  Share (%)

1 10,308 96.84
2 321 3.02
3 15 0.14

Table 6: Distribution of the number of distinct CEFR
labels per WordNet sense key.

Column Level

Row Level

A1l A2 B1 B2 C1 G2
A1 — 33 31 13 8 2
A2 33 — 43 24 4 6
B1 31 43 — 86 12 13
B2 13 24 86 — 24 40
C1 8 4 12 24 — 27
Cc2 2 6 13 40 27 —

Table 7: Pairwise co-occurrence counts of CEFR
levels within multi-labeled sense keys. Each cell
(z,y) reports the number of sense keys whose label
set contains both levels z and y; three-level cases
contribute to multiple pairs.

sense key may occasionally receive multiple CEFR
labels. This occurs when a WordNet gloss is suf-
ficiently similar, with a similarity score of < 2, to
more than one EVP gloss and those EVP glosses
carry different CEFR levels. Such multi-label as-
signments primarily reflect differences in gloss gran-

ularity between the two resources.

How frequent are multi-labeled sense keys?
Table 6 summarizes the number of distinct CEFR Ila-
bels assigned to each WordNet sense key. The vast
majority of sense keys are unambiguous: 10,308
sense keys (96.84%) receive exactly one label.
Multi-labeled cases are rare, with 321 sense keys
(3.02%) assigned two labels and only 15 sense
keys (0.14%) assigned three labels. Overall, multi-
label assignments affect approximately 3.16% of all
annotated sense keys. This indicates that the con-
servative alignment threshold produces predomi-
nantly single-level annotations while retaining cov-
erage for borderline cases.

Which level combinations co-occur? To char-
acterize the nature of multi-labeling, Table 7 re-
ports pairwise co-occurrence counts of CEFR lev-
els within the multi-labeled sense keys. Two-
label cases contribute one pair, and three-label
cases contribute three pairs, yielding 366 total
co-occurrence pairs in Table 7. A clear pattern
emerges. The most frequent co-occurrence is B1—
B2 (86), followed by A2-B1 (43), B2—C2 (40), and
A1-A2 (33). Overall, adjacent-level pairs (A1-A2,
A2-B1, B1-B2, B2-C1, C1-C2) dominate. This
pattern suggests that multi-labeling typically occurs
near proficiency boundaries rather than arising from
arbitrary mismatches. Less frequent and more dis-
tant pairs, such as A1—-C1 and A2—C2, may reflect
particularly broad WordNet glosses or EVP senses
whose pedagogical sequencing differs substantially
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Sense Key Lemma PoS CEFR (3 Labels) WordNet Gloss (Definition)
bad%3:00:00:: bad Adjective A1/A2/CA having undesirable or negative qualities
block%2:35:02:: block Verb B2/C1/C2 obstruct
close%2:41:00:: close Verb A2/B2/C2 cease to operate or cause to cease operating
dance%1:04:00:: dance Noun A1/A2/B1 taking a series of rhythmical steps (and
movements) in time to music

find%2:39:02:: find Verb A1/A2/B1 discover or determine the existence, presence,
or fact of

give%2:32:02:: give Verb A1/A2/B1 bestow

give%2:36:00:: give Verb A1/A2/B1 give or supply

hard%3:00:06: : hard Adjective A1/B1/CA not easy

miss%2:32:00:: miss Verb A2/B1/B2 fail to experience

safe%3:00:01:: safe Adjective A1/A2/B1 free from danger or the risk of harm

schedule%1:10:00:: schedule Noun A2/B1/B2 an ordered list of times at which things are
planned to occur

shake%2:29:00:: shake Verb B1/B2/C2 move with or as if with a tremor

start%2:36:01:: start Verb A1/B1/B2 get off the ground

start%2:38:00:: start Verb A1/B1/B2 begin or set in motion

start%2:38:01:: start Verb A1/B1/B2 get going or set in motion

Table 8: WordNet sense keys annotated with three distinct CEFR levels. For each sense key, we report

the lemma, PoS, and the WordNet gloss.

across sub-senses.

What do three-label cases look like? Table 8
lists the 15 sense keys assigned three distinct
CEFR labels. These cases are dominated by highly
frequent and semantically broad lemmas (e.g., bad,
close, find, give, start), which are associated with
short and general WordNet glosses. Such senses
can plausibly align with EVP sub-senses introduced
at different stages, for example early concrete uses
versus later, more abstract or specialized uses. Im-
portantly, the extremely small number of three-label
cases suggests that wide label dispersion is excep-
tional; most multi-labeled sense keys involve only
two nearby levels.

13.3. Confusion Matrices

Figure 6 presents the confusion matrices for each
classifier. Each matrix element represents the clas-
sification probability, calculated as

~

(0
pg,g— e )

where n, denotes the number of target words with

the actual CEFR level ¢ and ng(Z) is the number of
those words classified as level ? i.e.,ng= Zzw@-
The diagonal elements represent the recall for each
level; higher values along the diagonal therefore
indicate greater accuracy. Because the CEFR lev-
els are ordinal, misclassifications that fall near the
diagonal, that is, those assigned to adjacent levels,
are less disruptive for language learners.

The ME6 Contextual models achieve high re-
call at the lower levels, A1 and A2, as well as at
the highest level, C2. However, as shown in Fig-
ures 6(a) and 6(b), when the model is trained on
either the EVP or SemCor-CEFR corpus alone, er-
rors at the intermediate and advanced levels, B1 to
C2, are more widely distributed. By contrast, com-
bining both resources (Figure 6(c)) reduces this
dispersion, with most misclassifications occurring
between adjacent levels. This result highlights the
advantage of jointly leveraging both resources.

As shown in Figure 6(d), the zero-shot LLM
achieves high recall for A1 (82.8%) and moder-
ate recall for A2 (58.5%). Performance declines
at B1 (36.9%) and is particularly poor at C1 and
C2 (26.0% and 12.1%, respectively). The model
frequently misclassifies advanced-level senses as
B2, for example 54.2% of C1 and 44.2% of C2
cases, indicating a tendency to collapse more dif-
ficult senses into an intermediate level. Few-shot
prompting (Figures 6(e) and 6(f)) partially alleviates
this issue by improving recall at C1 and C2. How-
ever, recall at A2 declines relative to the zero-shot
baseline, and performance at B1 remains similar.
These results indicate that the gains from few-shot
prompting are uneven across proficiency levels.

By contrast, the FT and FT+KB models substan-
tially improve performance across all CEFR lev-
els. When fine-tuned on the Mixture dataset (Fig-
ures 6(i) and 6(l)), the FT model achieves recall
above 70% for levels A1-B2 and just below 70%
for C2. The FT+KB model further improves recall,
exceeding 80% for B1-B2, reaching approximately
91% for A1, remaining in the high-70% range for
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A2 and C2, and around 70% for C1. The corre-
sponding confusion matrices show that errors are
concentrated near the diagonal, meaning that most
misclassifications occur between adjacent CEFR
levels. This pattern reduces potential pedagogical
disruption. Despite these improvements, C1 re-
mains challenging, and C2 instances are often mis-
classified as B2. This pattern also appears when
fine-tuning on the EVP or SemCor-CEFR corpora
individually (Figures 6(g) and 6(h)), suggesting that
it is not an artifact of the annotation method. Rather,
it likely reflects the CEFR-level distribution in the
EVP data and characteristics of the fine-tuning pro-
cess. Further investigation is needed to address
these residual errors.
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(d) Zero-Shot.
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(9) FT using EVP.
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(j) FT+KB using EVP.
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(b) ME6 Cont. using SemCor-CEFR.
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(e) 6-Shot.
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(h) FT using SemCor-CEFR.
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(k) FT+KB using SemCor-CEFR.
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(c) MEB6 Cont. using Mixture.
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Figure 6: Confusion matrices for each classifier.
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