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ABSTRACT 
Transformer-based pre-trained language models have recently 
demonstrated excellent results in various Natural Language 
Processing (NLP) applications, including Word Sense 
Disambiguation (WSD) tasks. The WSD is a fundamental and core 
task in the NLP field, which aims to assign the appropriate meaning 
(sense) to ambiguous words in context from a list of sense 
candidates, but it is a long-standing challenge and open problem. 
To solve this problem, various WSD studies have been conducted, 
such as knowledge-based methods, supervised methods, and neural 
network-based methods. In recent years, studies on approaches 
utilizing a transformer-based pre-trained language model and its 
contextualized representation have been actively conducted and 
outperformed previous approaches. In this paper, we present a 
broad overview of recent trends in pre-trained language model-
based WSD models, including the state-of-the-art WSD approaches, 
along with the characteristics, strong points and weak points of 
each model. Additionally, we point out the limitations of current 
WSD approaches, and suggest future research directions. 
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1 INTRODUCTION 
Word Sense Disambiguation (WSD) is a fundamental and core task, 
but it is a long-stand challenge and open problem, in various 
Natural Language Processing (NLP) tasks, such as machine 
translation [1], named entity recognition [2], and information 
retrieval [3]. The goal of WSD is to assign the appropriate meaning 
(sense) to ambiguous words in context from a list of sense 
candidates [4]. In detail, given a variable-length sentence consisting 
of a sequence of words 𝑋𝑋 = {𝑤𝑤0,𝑤𝑤1, … ,𝑤𝑤𝑛𝑛} including target words 
to be disambiguated 𝑇𝑇 = {𝑡𝑡0, 𝑡𝑡1, … , 𝑡𝑡𝑘𝑘} , WSD system needs to 
predict appropriate sense 𝑌𝑌 = {𝑠𝑠0, 𝑠𝑠1, … , 𝑠𝑠𝑘𝑘}  for each target word 
𝑡𝑡𝑘𝑘 . Each predicted sense 𝑠𝑠𝑘𝑘  is selected from a pre-defined sense 
inventory 𝑆𝑆𝑡𝑡. Unfortunately, although it is easy for humans to infer 

the correct meaning of a target word from a context, it is not an easy 
challenge for WSD systems. 

In order to solve WSD problem, various WSD studies have 
been conducted. Classical WSD approaches can be classified into 
knowledge-based and supervised models [4]. Knowledge-based 
WSD models rely on lexical resources such as semantic 
information networks (e.g., WordNet [5]) and sense definition (e.g., 
Gloss) [6-8]. Supervised WSD models exploit annotated datasets 
(e.g., SemCor [9]) to train statistical WSD models (e.g., Word 
Expert) [10,11]. While the supervised approaches typically perform 
better, it is less flexible than the knowledge-based approaches due 
to the lack of high coverage annotated datasets. Recent WSD 
studies have focused primarily on neural network-based supervised 
methods [12,13], as well as methods of incorporating various 
lexical knowledge into neural networks to alleviate the supervision 
bottleneck, and have outperformed classical approaches [14-16].  

More recently, studies on the WSD approaches utilizing a 
transformer-based pre-trained language model (PLM) has been 
actively conducted, outperforming previous approaches. The 
transformer-based PLM, i.e., BERT [17], RoBERTa [18], 
DeBERTa [19], and etc., and their contextualized representations 
have recently demonstrated excellent performance not only in 
WSD tasks but also in most NLP applications. The transformer-
based PLM is typically composed of multi-head self-attention 
layers, and is trained on a large corpus (e.g., Wikipedia) in a self-
supervised manner (e.g., Masked Language Modeling (MLM)) [17]. 
During training, the model learns a contextualized representation 
of each word through the attention mechanism with respect to its 
context words [20]. Unlike conventional non-contextualized 
representations (e.g., Word2Vec [21]), this contextualized 
representation is able to assign different representations for a single 
word in different contexts. This representation can be used directly 
in the WSD task with various lexical knowledge, outperforming the 
previous WSD approaches. When the transformer-based PLM is 
fine-tuned on annotated WSD datasets, it can contribute to 
improved WSD performance, demonstrating state-of-the-arts 
results. 

In this paper, we present a broad overview of recent trend on 
PLM-based WSD models, including the state-of-the-art approaches, 
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along with the characteristics, strong points and weak points of 
each model, divided into two branches: 1) WSD approaches that 
use the contextualized representations of the transformer-based 
PLM directly without fine-tuning (Frozen approaches); 2) WSD 
approaches that fine-tune the transformer-based PLM on the 
annotated WSD datasets with additional information (Fine-tuning 
approaches). Finally, based on these survey results, we point out 
the limitations of current WSD approaches, and suggest future 
research directions, at the end of this paper. 

2 CONTEXTUALIZED REPRESENTATION-
BASED WSD APPROACHES (Frozen) 

As a first trial to use contextualized representation of the 
transformer-based PLM, a softmax-based WSD study (BERTlw 
and BERTglu) was conducted that feed the output representation 
of the last layer of a pre-trained BERT, as well as the output 
representations of all layers to a feedforward network [22]. In this 
study, a simple linear projection (LW) method and gated linear unit 
(GLU) method were proposed for weighed summing 
representations of all layers in pre-trained BERT. These approaches 
demonstrated the potential of capturing lexical and semantic 
information for WSD even if the contextualized representation is 
directly used. 

Following that, several studies were conducted to compute high 
coverage sense representation, which is capable of covering senses 
that do not appear in annotated WSD datasets (SemCor [9]) by 
integrating lexical knowledge into contextualized representations. 
In these studies, after obtaining the sense representations, the 
closest sense is assigned to the target word via a similarity test (1-
nn) between the target word representation and the sense 
representations. LMMS provided a sense representation computed 
by concatenating the contextualized representations of the sense 
definition (Gloss) and the WordNet relations [23]. As an extended 
version of LMMS, SparsLMMS was proposed, which makes the 
sparse sense representation by applying sparse coding to LMMS 
representation, demonstrating the efficiency of sparse vector for 
WSD task [24]. Furthermore, ARES presented the sense 
representation based on Personalized Page Rank algorithm (PPR) 
and K-means clustering with WordNet relationships, as well as co-
occurrence words provided by SynagNet [25]. The most effort in 
this approach is SensEmBERT and SREF. SensEmBERT utilized 
BabelNet-provided Wikipedia pages as enhanced gloss information 
for each sense to generate higher quality contextualized 
representations, being limited, however, to noun sense only [26]. 
SREF presented high-quality sense embedding based on the 
WordNet relations and additional gloss information retrieved 
directly from the web, as well as a Try-again mechanism (TAM) 
that considered the second similar sense once more, resulting in 
significantly improved WSD performance [27].  

In the other direction, EWISER was introduced as an extension 
of EWISE, which is based on BI-LSTM and ConvE with wordnet 
relations [16], providing a hybrid version of the knowledge-based 
and supervised WSD approaches. EWISER performs WSD tasks 
by integrating a contextualized representation of BERT and a 

sparse adjacency matrix of WordNet into a softmax-based classifier, 
attaining better WSD performance than previous approaches [28]. 

3 FINE-TUNING-BASED WSD APPROACHES 
(Fine-tuning) 

After the Transformer architecture was introduced [20], 
SenseBERT was proposed to further perform WSD tasks in 
conjunction with masked language modeling (MLM) of BERT [17] 
during training [29]. In addition to this, studies on the fine-tuning 
approach for WSD have been actively conducted. In the 
GlossBERT, a context sentences with a target word and a sense 
definition (Gloss) sentence are fed together into a pre-trained 
BERT, and WSD is performed through binary classification for the 
Gloss sentence [30]. As an extended version of GlossBERT, ESR 
enhanced Gloss sentences by concatenating Gloss sentences of 
each sense with synonyms, hypernyms, and examples from 
WordNet, and performs WSD tasks similarly to GlossBERT 
through fine-tuning based on pre-trained RoBERTa [18], resulting 
in significantly improved performance [31]. 

On the other hand, in the BEM model, a context sentence and 
each Gloss sentence for target word are input to different BERT 
encoder, and WSD is performed via the inner product between the 
context output representation and each Gloss output representations 
[32]. As an improved version of BEM, SACE was proposed, which 
devised an interactive sense embedding learning mechanism 
(called a selective attention layer) into the BEM model that takes 
into account previously assigned senses in context during training 
[33]. As another extension of BEM, SemEq enhanced Gloss 
sentences by leveraging six additional sense inventories: Oxford 
Advanced Learner’s Dictionary (Turnbull, 2010), Merriam 
Webster’s Advanced Learner’s Dictionary (Perrault,2008), Collins 
COBUILD Advanced Dictionary (Sinclair, 2008), Cambridge 
Advanced Learner’s Dictionary (Walter, 2008), and Longman 
Dictionary of Contemporary English (Summers, 2003) [34]. In this 
approach, each gloss of the six different sense inventories, 
corresponding to the same sense is aligned using pre-trained 
SentenceBERT [35], and WSD tasks are performed via contrastive 
learning based on RoBERTa, in a slightly different manner than the 
BEM, demonstrating close to state-of-the-art performance.   

Meanwhile, ESCHER presented a span extraction framework 
for WSD tasks [36]. Given a context sentence including target word 
concatenated with all its possible Gloss sentences, the ESCHER 
model predicts span of the most appropriate Gloss sentence for 
target word. As an extension, ConSeC was proposed, which 
enhanced input by concatenating ESCHER input sentence with a 
Gloss list of already disambiguated words [37]. In this model, a 
modified relative positional embedding is also introduced for a 
more efficient attention mechanism between the words in the 
context sentence and Gloss sentences, based on DeBERTa [19], 
resulting in the state-of-the-art WSD performance. 

In the other direction, WMLC was proposed, which performs 
WSD tasks by fine-tuning on a multi-label classification problem 
instead of a softmax-based classification, as a simple modification 
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of BERTglu [38]. Additionally, SVC presented sense vocabulary 
compression approaches based on WordNet [39]. By leveraging 
WordNet relations such as hypernymy, hyponymy, and synonymy 
to keep only the minimum senses required to classify all senses, the 
SVC approach provides the benefits of a high coverage sense and 
the reduced WSD model size. 

4 CONCLUSIONS 
In this paper, we surveyed a broad overview of recent trends in pre-
trained language model-based WSD approaches, divided into two 
main branches. The first branch is WSD approaches that use the 
contextualized representations of the transformer-based PLM 
directly without fine-tuning (Frozen approaches). The other branch 
is WSD approaches that fine-tune the transformer-based PLM on 
the annotated WSD datasets with additional information (Fine-
tuning approaches). In both directions, various studies have been 
conducted to integrate lexical knowledge such as Gloss, WordNet 
relations, and external knowledge into contextualized 
representations or pre-trained language models. However, most of 
the studies were conducted independently, and it was considered 
that the performance of WSD can be improved if multiple 
approaches are used together. Therefore, we suggest that ablation 
studies be performed on the existing WSD approaches to 
investigate ways to improve WSD performance, as a further study 
and future research directions. 
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