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Abstract

Word Sense Disambiguation (WSD) has been a central chal-
lenge since the earliest proposals for Machine Translation
(MT), most famously Weaver’s 1949 memorandum. Clas-
sical systems treated WSD as an explicit task, grounded
in lexical resources and annotated data. Recently, however,
Large Language Models (LLMs) have blurred the boundary
between disambiguation and general language understand-
ing, leading some to suggest that WSD might be obsolete.
This paper surveys the role of WSD in the LLM era, draw-
ing on recent studies of encoder-based sense separation and
disambiguation, and decoder-based definition selection and
generation, as well as multilingual evaluation. Closed-source
instruction-tuned LLMs now achieve performance compara-
ble to specialized WSD systems, yet systematic weaknesses
remain: non-predominant senses are often misclassified and
disambiguation biases in MT persist. We argue that WSD is
not “dead” but redefined as a diagnostic lens for assessing
lexical-semantic competence, robustness, and interpretability
in LLMs.

Introduction
Word Sense Disambiguation (WSD) – the task of deter-
mining the intended meaning of a word in context – is
one of the most long-standing problems in Natural Lan-
guage Processing (NLP). Its roots trace back to Warren
Weaver’s 1949 memorandum on translation, which observed
that naive word-for-word substitution would fail “for prob-
lems of ‘literary’ translation” (Weaver 1949). Weaver argued
that true translation required machines to capture the mean-
ing of a sentence, implying that lexical ambiguity resolution
is central to any computational understanding of language.

For instance, the following sentences use the word shot in
five distinct senses:

1. The doctor gave her a flu shot.

2. He took a shot at the basket.

3. He drank a shot of whisky.

4. The arrow made a remarkable shot of 200 meters.

5. The cottage lay within shot of the lighthouse beacon.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

While we limit ourselves here to five instances, the word
can assume many more senses in English. In the literature,
WSD has become a paradigmatic challenge in addressing
the difficulty of selecting the appropriate sense of a word
in context. Historically, sense selection has relied primarily
on the dominant English sense inventory, WordNet (Miller
1995), and many different approaches have been proposed
over the decades to tackle the task.

Until just a few years ago, knowledge-based meth-
ods relied on the structured information contained within
lexical-semantic resources and graphs such as WordNet and,
later, BabelNet (Navigli and Ponzetto 2012) to identify
the most suitable sense, while supervised machine-learning
approaches exploited annotated corpora such as SemCor
(Miller et al. 1993) for training. Nonetheless, overall per-
formance remained disappointing, with systems struggling
to reach even 70% accuracy.

It was only with the advent of neural models that per-
formance began to improve. These included gloss-informed
bi-encoders (Blevins and Zettlemoyer 2020) and genera-
tive gloss-based systems (Bevilacqua, Maru, and Navigli
2020). In parallel, encoder-based models such as EWISER
(Bevilacqua and Navigli 2020), ESCHER (Barba, Pasini,
and Navigli 2021), ConSeC (Barba, Procopio, and Nav-
igli 2021), and SANDWiCH (Guzman-Olivares, Quijano-
Sánchez, and Liberatore 2025) pushed performance even
further, showing that sense representations could be tightly
integrated with contextual encoders. This allowed models to
overcome the 80% performance ceiling, still with little infor-
mation about the nature of the remaining 20% of “errors”.

The rise of Large Language Models (LLMs) has reignited
the debate. Transformer-based models capture rich contex-
tual information and, to some extent, appear to resolve
senses implicitly. Recent studies suggest that instruction-
tuned LLMs achieve performance on par with or even sur-
passing classical WSD systems (Meconi et al. 2025). Yet
evidence remains mixed. Translation bias benchmarks such
as DiBiMT (Campolungo et al. 2022; Martelli et al. 2025)
show that non-predominant senses are systematically mis-
translated, and multilingual evaluations – such as those en-
abled by XL-WSD (Pasini, Raganato, and Navigli 2021)
– reveal uneven coverage and prompt sensitivity (Basile,
Musacchio, and Siciliani 2024; Basile et al. 2025). More-
over, ambiguity probing studies highlight shallow heuristics



and overgeneralizations (Liu et al. 2023; Kamath et al. 2024;
Capone et al. 2024).

The question, therefore, is not whether WSD is still rel-
evant, but how it has transformed. Explicit WSD modules
may no longer be necessary in modern NLP systems, but
WSD continues to serve as a stress test for sense-aware gen-
eration, translation robustness, and semantic plausibility. In
this paper, we survey and discuss findings from recent years
to argue that WSD is not “dead” but evolving, i.e. transition-
ing to a diagnostic lens for evaluating whether LLMs truly
understand word meaning in all its nuances and complexity.

A Brief History of WSD
WSD research has progressed through waves: rule- and
knowledge-driven methods, supervised models, unsuper-
vised induction, neural architectures, and today’s LLM-
driven approaches. Here we briefly overview the field, and
highlight the key breakthroughs of each line of approach
(see Bevilacqua et al. (2021) for a pre-LLM review of the lit-
erature; Navigli (2009) for a historical overview of the field;
and Navigli (2018) for a wider discussion of the caveats and
the need for explicit Natural Language Understanding).

Early Approaches. As mentioned above, WSD was iden-
tified as a computational challenge as early as Weaver’s
memorandum (Weaver 1949). In the 1970s-1980s, early sys-
tems used hand-crafted rules, such as Wilks’s preference se-
mantics, encoding selectional tendencies and semantic tem-
plates. These methods faced the so-called knowledge acqui-
sition bottleneck (Navigli 2009): rules were costly to create,
brittle and incomplete. The use of machine-readable dictio-
naries in the late 1980s partially alleviated this issue, but
approaches remained knowledge-driven, providing founda-
tions without scalability.

Knowledge-based Approaches. From the late 1980s on-
ward, dictionary- and graph-based approaches became
prominent. Lesk’s algorithm (Lesk 1986) disambiguated
words by detecting overlaps among dictionary glosses, in-
spiring extensions like conceptual density (Agirre and Rigau
1996) and semantic similarity measures (Resnik 1995; Lea-
cock, Chodorow, and Miller 1998); see Navigli and Martelli
(2019) for an overview. WordNet was starting to become
a standard inventory, and its taxonomical structure fueled
methods such as the Adapted Lesk (Banerjee and Pedersen
2002) and graph-based algorithms using PageRank (Mihal-
cea 2005; Agirre and Soroa 2009; Scozzafava et al. 2020).
Multilingual graph resources like BabelNet (Navigli and
Ponzetto 2012) – which integrates WordNet with Wikipedia,
Wikidata, Wiktionary and other resources – and graph-based
algorithms such as Babelfy (Moro, Raganato, and Navigli
2014) – which unifies WSD with entity linking – enabled the
two tasks to be performed jointly across many languages.

Knowledge-based approaches remain attractive because
they do not require annotated data, rely on structured knowl-
edge that can be curated, and can complement and enhance
supervised systems (Bevilacqua and Navigli 2020).

Statistical and Machine-Learning Supervised Ap-
proaches. In the 1990s, supervised learning reframed

WSD as classification, enabled by sense-tagged corpora
such as SemCor. Early systems used Bayesian mod-
els (Gale, Church, and Yarowsky 1992), decision lists
(Yarowsky 1994), and instance-based classifiers (Ng and
Lee 1996), inter alia. Senseval evaluations, which started
in 1998, established supervised methods as state-of-the-art,
though performance plateaued around 70–73% F1 (Navigli
2009), depending on the setting. A few years later, the IMS
system (Zhong and Ng 2010) became a standard baseline.
Despite limited training data, supervised WSD dominated
for over a decade, especially in lexical-sample tasks, where
the focus is on a few words occurring many times across
sentences, while all-words WSD, where all open-class
words need to be tagged, remained more difficult.

Unsupervised and Semi-supervised Learning. Parallel
work explored unsupervised and semi-supervised methods,
often referred to as Word Sense Induction (WSI). Yarowsky
(1995) introduced the principles of one sense per colloca-
tion and per discourse, bootstrapping classifiers with min-
imal seed data. Starting from raw text and context cluster-
ing, Schütze (1998) showed how to induce senses in a vector
space. Subsequent methods included Pantel and Lin’s Clus-
tering by Committee (Pantel and Lin 2002) and graph-based
algorithms (Di Marco and Navigli 2013). While unsuper-
vised WSD lagged behind in accuracy and posed evaluation
challenges, it remained valuable for low-resource settings.
More recently, contextual embeddings have enabled new
WSI approaches (Amrami and Goldberg 2018; Kokosinskii
and Arefyev 2024).

Neural and Deep Learning Methods. The mid-2010s
brought neural methods that broke long-standing ceilings.
Embeddings improved feature representations (Iacobacci,
Pilehvar, and Navigli 2016), followed by BiLSTM se-
quence models (Raganato, Camacho-Collados, and Navigli
2017). Contextualized embeddings, obtained with encoder-
based models, transformed WSD: GlossBERT (Huang et al.
2019) and fine-tuned BERT models (Hadiwinoto, Ng, and
Gan 2019) surpassed prior approaches. Bi-encoder models
(Blevins and Zettlemoyer 2020) and hybrid approaches in-
tegrating WordNet (Bevilacqua and Navigli 2020) pushed
accuracy beyond 80%. New formulations – e.g., QA-style
(Barba, Pasini, and Navigli 2021) and definition generation
(Bevilacqua, Maru, and Navigli 2020) – diversified the task.

The rise of LLMs renewed interest in WSD, thanks to the
possibility of performing the task in a zero-shot fashion. But
while LLMs excel at fluency, some studies found that they
may overfit to more common interpretations (Liu et al. 2023)
and that they fail to surpass specialized systems (Basile et al.
2025; Meconi et al. 2025). Prompting, fine-tuning, and in-
struction tuning improve results (Yae et al. 2024; Capone
et al. 2024), but integrating explicit sense knowledge re-
mains necessary (Kibria, Dipta, and Adnan 2024).

Encoder-Based Models
and Word Sense Differentiation

Transformer-based encoder models like BERT (Devlin et al.
2019), RoBERTa (Liu et al. 2019), and DeBERTa (He et al.



2021) produce contextualized word embeddings that depend
on a word’s usage in a sentence. This addresses the long-
standing meaning conflation deficiency of static word em-
beddings (Wiedemann et al. 2019): a single vector can now
represent different senses of a word based on context. For
example, the word shot is associated with distinct embed-
dings when expressing different senses – and even within
the same sense, though expectedly closer in the space –
whereas static word embeddings represent it with a single
vector. As a result, contextual models may implicitly per-
form disambiguation by encoding meaning in context (Etha-
yarajh 2019). A central question, however, is how well these
embeddings distinguish fine-grained senses of a word. Be-
low, we survey findings on this question, covering intrinsic
evaluations of embedding spaces and extrinsic evaluations
on sense-focused tasks.

Intrinsic Evaluations: Sense Separation in the
Embedding Space
One line of work probes whether the raw embeddings pro-
duced by a given model cluster by word sense. Early analy-
ses of Transformer encoders found promising evidence that
they do form distinct regions for different senses of the same
word. For example, Reif et al. (2019) observed that BERT’s
embedding space exhibits a fine-grained geometric repre-
sentation of word senses: in a qualitative visualization, em-
beddings of a polysemous word were often found to form
well-separated clusters corresponding to its senses. Wiede-
mann et al. (2019) directly compared encoder models and
reported that pre-trained BERT clusters polysemous words
into distinct sense regions in the embedding space, whereas
previous pre-Transformer approaches, such as ELMo, do
not.

More systematic studies examined variance and similarity
of embeddings across contexts. Ethayarajh (2019) found that
although the same word’s embeddings in different contexts
are more similar to each other than to embeddings of unre-
lated words, this self-similarity drops substantially in upper
network layers. In fact, in all layers of BERT, on average
less than 5% of the variance in a word’s contextual embed-
dings can be explained by a static vector for that word. This
means that the vast majority of the information in BERT’s
word representations is context-specific rather than constant
– a strong indication that fine-grained sense information is
encoded.

Other intrinsic probes have trained classifiers on frozen
embeddings to predict a word’s specific sense label or to
decide if two instances share a sense. Successful probing
results indicate that information to disambiguate senses is
present in the representations. For instance, linear classi-
fiers trained on BERT embeddings can distinguish differ-
ent senses for many words, implying a linear separability
of sense categories in the embedding space (Wiedemann
et al. 2019). However, limitations remain: contextual em-
beddings do not always produce perfectly separated clusters
for very fine-grained senses, and embeddings tend to over-
represent frequent senses. Recently, Teglia, Tedeschi, and
Navigli (2025) showed that encoder models like DeBERTa-
v3 differentiate word senses most effectively in their middle

layers (e.g., layers 7–8), significantly outperforming deeper
and output layers in sense-separation accuracy, further high-
lighting both the potential and the nuances of intrinsic sense
encodings.

Task-Based Evaluations: WSD and
Word-in-Context
The most direct test of a model’s ability to produce contex-
tualized word embeddings that effectively separate senses is
indeed WSD. Loureiro and Jorge (2019) showed that sim-
ply using pre-trained BERT embeddings with a nearest-
neighbor classifier yielded state-of-the-art WSD perfor-
mance, surpassing prior supervised systems. They con-
structed sense embeddings for each WordNet sense and dis-
ambiguated unseen instances by choosing the nearest sense
embedding to the context-specific embedding. This demon-
strated that BERT’s embedding space is rich enough to dis-
tinguish senses with minimal additional training.

Subsequent work extended this idea: SensEm-
BERT (Scarlini, Pasini, and Navigli 2020) combined
BERT embeddings with lexical-semantic knowledge to
create context-enhanced sense representations, achieving
further improvements and making the representations
multilingual, while ARES (Scarlini, Pasini, and Navigli
2020) leveraged semi-supervised learning to improve recall
for less common senses. In parallel, fine-tuning strategies
such as GlossBERT (Huang et al. 2019) treated WSD as a
sentence-pair classification task between context and gloss,
achieving strong results. Models like KnowBERT (Peters
et al. 2019) and EWISER (Bevilacqua and Navigli 2020)
injected lexical knowledge during pre-training or ensemble
inference to further boost accuracy. ConSeC (Barba, Pro-
copio, and Navigli 2021), instead, reformulates WSD as
extractive question answering, using sequence-to-sequence
architectures to select the correct sense gloss. Overall,
contextual encoder models have dramatically improved
WSD, with results rising from the 65–70 F1 range to 83%
on all-words WSD benchmarks, in some cases surpassing
the historical inter-annotator agreement based on WordNet
sense distinctions.

To address the limits of traditional WSD task fram-
ing, Pilehvar and Camacho-Collados (2019) introduced the
Word-in-Context (WiC) task, which provides a direct evalu-
ation of sense representation. Given a pair of sentences con-
taining the same word, WiC prompts the model to judge
whether the word is used with the same sense. BERT fine-
tuned on WiC achieved reasonable accuracy (below 70%),
above context-insensitive baselines but below human per-
formance (80%), while RoBERTa and SenseBERT (Levine
et al. 2020) improved results, with the latter showing the
value of injecting lexical knowledge into pre-training.

Knowledge-enriched models trained with sense annota-
tions or glosses achieved stronger performance: SemEq-
Large (Yao et al. 2021) attained 75.9%, outperforming
RoBERTa and even large models like T5. Other approaches,
such as BERTARES and KnowBERT, similarly demon-
strated that lexical-semantic information reinforces sense
distinctions. Beyond knowledge integration, contrastive
learning has proven effective. Lo et al. (2023) introduced



CLWiC, combining contrastive and supervised objectives,
reaching 77.5%, a 4-point gain over fine-tuned BERT. Over-
all, current WiC systems reach the mid-to-high 70s, narrow-
ing the gap to the 80–90% human level and underscoring the
value of sense-informed modeling. However, despite being
useful for probing sense distinctions in contextualized em-
beddings, WiC does not solve the limits that affect WSD.

Takeaways from Encoder Models
Recent results show that contextualized embeddings from
encoder-based models capture a certain amount of word
sense information. Intrinsic evaluations demonstrate that
embeddings tend to cluster by sense, while extrinsic eval-
uations show that they achieve state-of-the-art results, how-
ever such results are still far from being optimal. Improve-
ments in architecture and pre-training correlate with stronger
sense distinctions, and integrating lexical knowledge (e.g.,
SensEmBERT, SenseBERT, KnowBERT) further improves
robustness. However, models still struggle with very fine-
grained and rare senses, often preferring most frequent ones.

Large Language Models for WSD
With the advent of decoder-based Transformer models, i.e.
LLMs, a natural question has emerged: do these models truly
understand word senses, or do they simply approximate dis-
tributional regularities? Recent studies have therefore be-
gun to evaluate GPT-style models on standard WSD bench-
marks, including all-words disambiguation datasets from
Senseval and SemEval (Kilgarriff and Palmer 2000; Preiss
and Yarowsky 2001; Snyder and Palmer 2004; Pradhan et al.
2007; Navigli, Jurgens, and Vannella 2013; Moro and Nav-
igli 2015) and the Word-in-Context (WiC) task (Yae et al.
2024; Basile et al. 2025). Decoder-only LLMs have demon-
strated strong zero-shot and few-shot performance on WSD,
though early results indicated they were not yet surpassing
the best dedicated WSD systems. For instance, Kocoń et al.
(2023) reported that ChatGPT (GPT-3.5) achieved roughly
70% F1 on an English all-words WSD evaluation – a re-
spectable result but still below the state of the art attained
by prior supervised encoder-based models (see the previous
section). This finding aligned with the view of ChatGPT as a
“jack of all trades, master of none”, performing well across
many NLP tasks but generally lagging behind specialized
models in 2023.

Yae et al. (2024) conducted a comprehensive evaluation
of seven generative LLMs (both closed-source and open-
weight) on WSD tasks formulated as prompt-based queries.
They considered multiple evaluation formats – from select-
ing the correct sense from a list of candidates to answer-
ing true/false if a given sense is correct – using standard
WSD corpora (SemCor and Senseval/SemEval datasets)
with senses from BabelNet. Interestingly, and today we
can say expectedly, a consistent pattern emerged: larger
models yielded higher disambiguation accuracy. For exam-
ple, in a multiple-choice WSD setting, the 70B-parameter
Llama-2 model reached around 61% accuracy, whereas Ope-
nAI’s GPT-4 achieved about 70.4%, the top performance
in that group. Smaller 7B models obtained lower perfor-
mance, underscoring the strong correlation between model

scale and WSD competence. Notably, bigger LLMs outper-
formed smaller open-weight models even without any fine-
tuning, indicating that pre-training endows them with sub-
stantial knowledge for disambiguation. Similar trends were
observed for a binary WiC-style task: GPT-4 attained nearly
77% accuracy on true/false sense discrimination, compared
to mid-60% for GPT-3.5 and Llama-70B.

While these results show that GPT-based LLMs are com-
petitive with conventional WSD systems, they also high-
light some limitations. One key challenge is handling rare or
novel word senses that the model has not encountered during
training. Yae et al. (2024) introduced a particularly difficult
zero-shot WSD test in which the target word in a sentence
was replaced by an unseen nonce word (with the original
senses as options). All models struggled with this task: even
GPT-4’s accuracy dropped to about 56%, and smaller mod-
els fell below 40%, barely above random guessing. This gap
suggests that LLMs rely partly on prior lexical knowledge
and frequency biases; when forced to infer a sense purely
from context with no familiar lexical cues, their performance
degrades considerably. Inconsistent behavior was also noted
across different benchmarks – e.g. an LLM might do better
on WiC (which only requires detecting a sense change or
not) than on a multi-class all-words WSD test – but overall,
the ordering of models by performance remained consistent.
These findings reinforce that larger, more domain-informed
models have an advantage, yet truly solving WSD in the gen-
eral case (especially for low-frequency senses) remains chal-
lenging for current LLMs.

Recent work has also shown that with appropriate
prompting or fine-tuning, GPT-style models can not only
match but even surpass prior state-of-the-art WSD sys-
tems. Sumanathilaka, Micallef, and Hough (2025) proposed
a prompt-engineering approach called GlossGPT, which
leverages GPT-4 with few-shot examples, chain-of-thought
reasoning, and incorporated sense glosses to guide disam-
biguation. This method achieved new state-of-the-art WSD
accuracy without any task-specific model training, attaining
all-words WSD performance on standard benchmarks in the
mid-80s, and exceeding the best previous results reported
for supervised encoder-based models. Similarly, Basile et al.
(2025) found that a medium-sized open-weight LLM, when
fine-tuned on a multilingual WSD dataset, reached an av-
erage 84.7% WSD accuracy across languages and about
86.5% on English – outperforming all other evaluated mod-
els, including the prior state-of-the-art systems. Notably,
their zero-shot experiments confirmed that untuned LLMs
perform well on WSD but still fall short of dedicated mod-
els, whereas a fine-tuned LLM is able to close that gap and
even surpass past approaches.

Meconi et al. (2025) provided the most extensive re-
cent evaluation. They test a wide range of instruction-tuned
LLMs, both open-weight – from 1B to 70B models, includ-
ing the Llama, Phi, Gemma and Qwen and Mistral fami-
lies – and closed-source – including GPT-4o and DeepSeek-
V3 – across four benchmarks (the Senseval-SemEval col-
lection refined by Maru et al. (2022) and three sense-skewed
datasets: 42D, focused on as many domains, HARDEN, on
difficult instances, and a newly curated dataset of 5,500



items). The task is framed as definition selection: given a
word in context and candidate dictionary definitions (from
WordNet), the model must pick the correct definition for that
word (i.e. its sense).

In a zero-shot setting, GPT-4o achieved an F1 score that
is statistically comparable to that of ConSeC, the top super-
vised encoder-based system. Crucially, Meconi et al. (2025)
compared GPT-4o with a human annotator, finding that hu-
mans reached 91.3 F1, well above the model, thus demon-
strating that state-of-the-art LLMs still fall short of human-
level WSD. However, a manual analysis of systematic er-
ror patterns – including over-generalization, metonymy,
gross misinterpretations, and sensitivity to prompt design –
showed that many of GPT-4o’s “wrong” sense choices were
not serious. If we could eliminate serious mistakes – that is,
errors unlikely to be made by a professional human – then
GPT-4o would nearly match human performance on the all-
words WSD task.

However, when evaluated on domain-specific or highly
challenging items, performance drops sharply. On 42D,
LLMs show a decline in F1 (GPT-4o at 77% and DeepSeek-
V3 at 75%). Even worse, on HARDEN, GPT-4o attained
only 45.6 F1, underscoring the difficulty of deeply challeng-
ing cases. These results resonate with findings from the Dis-
ambiguation Bias in Machine Translation (DiBiMT) bench-
mark (Campolungo et al. 2022; Martelli et al. 2025), a fully
manually curated test set designed to probe the translation
of lexically ambiguous words across multiple language pairs
(from English to languages as different as Chinese, German,
Italian, Russian, Slovene, and others). DiBiMT contains sen-
tences each featuring a target ambiguous word, along with
human-verified “good” and “bad” translations of that word.
Indeed, DiBiMT evaluations reveal that state-of-the-art Neu-
ral Machine Translation and LLM systems often mistrans-
late ambiguous words used in non-predominant senses, de-
spite high BLEU scores. The bad translation performance
of these cases (GPT-4 on average translates suitably 70% of
the occurrences, around 60% in some languages) indicates
that implicit WSD is insufficient for accurate multilingual
applications.

These results mirror our observations with WiC-style
tasks: LLMs can perform well on general items, where
senses echo Zipfian distributions, but when semantics is
pushed – through polysemy, domain focus, or rare senses
– the performance gap becomes clear: Martelli et al. (2025)
and Meconi et al. (2025) show that models tend to default to
more frequent meanings, failing to detect infrequent or sub-
tle context-dependent senses. In both settings – WSD and
MT of ambiguous words – semantic biases inherent in pre-
training or task framing emerge as a key limitation, confirm-
ing that mainstream metrics often mask serious deficits in
sense-sensitive performance.

Takeaways from Decoder Models
In summary, decoder-only LLMs have rapidly become com-
petitive in WSD. Larger models like GPT-4 now approach
expert-level disambiguation performance and, with care-
fully designed prompting or fine-tuning, they can even ex-
ceed the accuracy of traditional WSD systems. There are

clear trends of improved WSD capability with increasing
model scale, reflecting the benefits of extensive pre-training
on semantic content. At the same time, challenges remain:
LLMs tend to default to common senses and struggle with
low-resource senses. While differences and inconsistencies
across benchmarks and languages have been observed, indi-
cating that evaluation setting and language-specific knowl-
edge can influence outcomes, overall the literature shows a
convergence – modern GPT-style LLMs are becoming effec-
tive WSD solvers, narrowing the long-standing gap between
general language understanding models and specialized dis-
ambiguation systems. Ongoing research is now examining
how to further exploit LLMs’ capabilities for WSD (e.g.
via better prompts, integration of knowledge bases, or hy-
brid ensemble methods) and to address the rare or domain-
oriented failure cases and ambiguities in a principled and
effective way.

So Is WSD Dead?
The Case for Obsolescence
LLMs internalize sense distinctions in their contextual rep-
resentations, making explicit sense labeling unnecessary for
many end tasks. In open-ended QA, abstractive summariza-
tion, and a large fraction of contemporary MT pipelines,
strong decoder-only neural architectures resolve lexical am-
biguity implicitly at inference time, often rivaling or sur-
passing classic supervised WSD baselines without a ded-
icated WSD head (Kocoń et al. 2023; Yae et al. 2024;
Sumanathilaka, Micallef, and Hough 2025; Basile et al.
2025). From a pipeline perspective, therefore, now that
LLMs provide fluent and effective outputs in many cases,
a modular WSD component no longer appears instrumental
to competitive performance in mainstream applications; dis-
ambiguation emerges as a byproduct of the model’s broader
semantic competence, aided by scale, context, instruction-
tuning, and effective prompting.

The Case for Persistence
Yet a growing body of evidence shows that WSD is far from
solved, and that explicit, sense-centric evaluation continues
to reveal systematic gaps, namely:

• Non-predominant senses remain under-served. Even
very large models exhibit frequency bias: performance
drops on rare or long-tail senses (Blevins, Joshi, and
Zettlemoyer 2021; Kocoń et al. 2023; Yae et al. 2024;
Martelli et al. 2025; Meconi et al. 2025). Prompt
engineering narrows but does not eliminate this ef-
fect (Sumanathilaka, Micallef, and Hough 2025).

• Multilingual transfer exposes hidden failures.
Encoder-based and decoder-only systems that look
robust in English often degrade in cross-lingual or
low-resource settings; sense inventories and domain
coverage interact with pretraining data in ways that
surface errors especially outside English (Basile et al.
2025; Martelli et al. 2025).

• Domain robustness is brittle. Targeted stress tests such
as HARDEN and 42D show marked drops for all models,



including state-of-the-art GPT-style systems. On these
cases, supervised WSD systems may fail catastrophi-
cally, while LLMs retain modest but still limited com-
petence (Meconi et al. 2025).

Taken together, and considering the enduring importance of
grounding text in Knowledge Graphs and KBs (Agrawal
et al. 2024), these findings argue against declaring WSD
dead or obsolete: WSD remains crucial not only to make un-
derstanding interpretable but also as an evaluation paradigm
to expose blind spots that task-level metrics can mask.

WSD as a Diagnostic Paradigm
Based on the above discussion, we propose reframing WSD
as a well-grounded diagnostic for the lexical-semantic com-
petence of current (and future) NLP technology:

1. Stress-testing lexical competence. Carefully con-
trolled all-words evaluations and WiC-style pair judg-
ments (Pilehvar and Camacho-Collados 2019; Raganato,
Camacho-Collados, and Navigli 2017) assess the ability
of models to handle complex lexical semantics, testing
not only their sensitivity to subtle compositional cues but
also their capacity to avoid relying on superficial heuris-
tics (e.g., topical similarity). Error categories – e.g., over-
generalization, metonymy, and gross misinterpretation –
help identify specific failure modes at scale (Meconi et al.
2025). Testing lexical-semantic robustness under diverse
conditions would offer an effective way to track equity
and generalizability of models across domains and lan-
guages, and in biased scenarios.

2. Assessing sense-aware generation. Recent studies show
that, when freed from rigid inventories, top LLMs can
generate high-quality definitions and explanations, yet
still exhibit sensitivity to prompt phrasing and residual
bias toward prototypical meanings (Meconi et al. 2025;
Sumanathilaka, Micallef, and Hough 2025). WSD-style
setups (i.e., context-gloss matching, sense-conditioned
generation, etc.) provide auditable hooks to evaluate
which sense a model is committing to in explanations,
paraphrases, and translations, offering a valuable tool for
LLM interpretability. This requires robust (Zhang et al.
2025b) and adversarial benchmarks (Zhang et al. 2025a).

3. Linking to cognitive plausibility. As Tedeschi et al.
(2023) caution, claims of “superhuman” Natural Lan-
guage Understanding warrant grounded comparisons
to expert human performance. Sense-disambiguation
benchmarks with expert baselines provide precisely such
anchors: recent work shows significant headroom for im-
provement in the performance of top LLMs compared to
expert annotators on challenging subsets (Martelli et al.
2025; Meconi et al. 2025), enabling calibrated statements
about progress and remaining gaps.

4. Exploring low-resource languages and multilingual-
ity. Word sense inventories and annotated corpora vary
widely across languages and domains. WSD-based
probes can thus reveal how models leverage (or fail to
leverage) resource-rich vs. resource-poor settings, and
whether sense distinctions transfer across languages. We

expect performance gaps to be especially pronounced in
under-resourced languages, echoing findings from recent
work on low-resource African languages (Alhanai et al.
2025). Results from the DiBiMT benchmark are particu-
larly revealing: they provide a gold standard for measur-
ing how models handle lexical ambiguity in multilingual
MT settings, and confirm that sense-sensitive evaluation
remains crucial even when system performance appears
high according to standard metrics such as BLEU.

5. Going beyond sense inventories. Meconi et al. (2025)
showed that when freed from predefined sense invento-
ries, GPT-4o could convey suitable meanings with up
to 96% accuracy in unconstrained definition-generation
tasks, suggesting that rigid WSD benchmarks may un-
derestimate LLMs’ semantic competence1. This points
to the need for evaluation protocols that balance the au-
ditability of inventory-based tests with the flexibility of
open-ended meaning representation. Future benchmarks
could therefore combine WSD with free-form definition,
paraphrase, or explanation tasks. These would offer a
more holistic view of how models capture, articulate, and
generalize lexical meaning beyond fixed ontologies.

In contemporary systems, explicit WSD modules may re-
cede, but explicit WSD tests should not. We advocate main-
taining sense-centric evaluations alongside task metrics, ex-
tending them with:
1. rarity- and domain-focused reporting,
2. multilingual coverage beyond English,
3. generation-oriented probes tied to sense commitments.
This repositioning treats WSD not as an end in itself, but as
a necessary diagnostic lens on lexical meaning in LLM-era
NLP. It is also worth noting that encoder-based architectures
should not be considered obsolete: recent evidence suggests
that contrastive and sense-aware encoders may still play a
role as complementary components in hybrid systems.

Conclusion
Is WSD dead? Not quite. Despite the remarkable progress
of LLMs, WSD as a research problem endures. Implicit dis-
ambiguation in LLMs has absorbed much of the burden:
LLMs excel at surface-level sense discrimination, often ri-
valing specialized WSD systems, but they do not model am-
biguity in a well-grounded way. This is evident both intrin-
sically, when WSD is directly evaluated, and extrinsically,
e.g. in measuring disambiguation bias in Machine Transla-
tion: the apparent semantic fluency of LLM masks persistent
weaknesses in deeper lexical understanding, with systematic
failures in domain and long-tail senses and gaps across lan-
guages.

While earlier the impact of WSD was less evident, we
posit it now reemerges as a diagnostic paradigm and con-
ceptual lens for evaluating lexical-semantic competence in
current and future NLP models, underscoring the value of
meaning-centric evaluation for more equitable, reliable, and
interpretable language technology.

1This, however, was obtained in an all-words scenario, so the
caveats noted above for rare and domain-oriented cases still apply.
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