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Abstract

Word sense disambiguation (WSD) is a long-standing problem in natural language pro-
cessing (NLP). Recently, �ne-tuned large pre-trained models with gloss and other lexical
information have been used for WSD. But these models are parameter ine�cient as the
entire model needs to be trained. To deal with the problem, we propose GlossAdapter
to WSD via Low-Rank Adaptation (LoRA) adapter modules and Part of Speech (POS)
�ltering. LoRA modules are parameter-e�cient as they add only a few trainable pa-
rameters for a task, keeping the original weights of the pre-trained model frozen while
maintaining the model quality. The proposed POS �ltering aligns target word context
with WordNet lexical categories to construct sentence-gloss pairs for e�ective model
training. We �ne-tune our model with SemCor3.0 dataset, and evaluated it with bench-
mark datasets Senseval-2, Senseval-3, SemEval-2013, and SemEval-2015. We perform
experiments based on BERTbase and RoBERTalarge models. By adding only 0.5% of
the parameters for RoBERTalarge, the results show that our LoRA adapter-based model
combined with POS �ltering outperforms the other state-of-the-art models.
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1. Introduction

Word sense disambiguation (WSD) is a well-known long-standing problem in natural
language processing (NLP), aiming to identify the meaning of a target word based on its
context in a sentence. By ensuring the right sense of an ambiguous word is identi�ed, WSD
plays an important role in many NLP tasks such as question answering, sentiment analy-
sis, information extraction etc., where accurate meaning and interpretation of ambiguous
words are essential, and thus has many applications across various domains, such as law,
bioinformatics, healthcare in identifying the correct information from a given data source [1].

Prede�ned word sense inventories such as WordNet [2] and BabelNet [3] contain a list
of glosses for a word, which have been used by WSD to disambiguate the word meanings.
Many researchers tried to perform WSD using various methods and approaches such as
knowledge-based, hybrid, and recently deep learning-based methods involving model �ne-
tuning [4] [5]. While the deep �ne-tuning methods can yield more promising results than
traditional methods, they face various challenges including long training time and high de-
mand for computing resources due to the full �ne-tuning process, where all the original
parameters are altered and the entire model is updated. The full �ne-tuning may also in-
crease the risk of over�tting, particularly on limited training data, lead to poor performance.

To address this, we develop a Low-Rank Adaptation(LoRA) [6] adapter-based approach,
where new adapter modules are inserted in the transformer layers for WSD and trained
while the original model weights remain frozen [7], which can reduce the training time and
resource requirements while improving the model's accuracy and performance.

Our main contributions in this paper are as follows:



(1) We have developed an e�cient and scalable approach for WSD, called GlossAdapter,
by using a LoRA adapter-based approach along with the part-of-speech (POS) �l-
tering. The resulting GlossAdapters are lightweight, task-speci�c modules that are
easily transferable across di�erent tasks and can be seamlessly integrated with other
task-speci�c adapters, facilitating multi-task learning.

(2) Our model has outperformed current state of the art models such as EWISERhyper [8],
KELESC [9], ConSeC [4], GlossBERT [10], RTWElarge [11].

(3) The proposed GlossAdapter can signi�cantly reduce the training time and memory
footprint by training on only a tiny portion of parameters (0.5% of the parameters
were trained for RoBERTalarge) by adopting the adapter-based method.

2. Methodology

Based on the state-of-the-art outlined in the Related Work (see Appendix B), in this
section we explain our proposed GlossAdapter approach including LoRA-based parameter-
e�cient �ne-tuning (PEFT) and POS �ltering for achieving more e�cient WSD. We also
use BERTbase and RoBERTalarge as its foundation models, and SemCor3.0 as the input data
to construct the training dataset with the sentence-gloss pairs.

2.1. LoRA Adapter based model training for WSD

As mentioned earlier, we have employed BERTbase and RoBERTalarge as the foundation
models to develop the adapter for WSD problem. BERT [12] is a large language model
using encoder-only bidirectional transformer-based architecture trained with several self-
supervised learning methods, and capable of learning the semantic representations of a
word by accounting for the bidirectional context. RoBERTa [13] is a BERT-based model
trained with only masking-based method but on larger dataset.

Adapters are smaller modules which are added to the transformer layers and only the
parameters of adapters are trained during �ne-tuning [7]. We have used LoRA con�gura-
tion [6] to develop and train our GlossAdapter model. The LoRA adapters are implemented
via low-rank decompositions applied to the Query Q, Key K, and Value V projection ma-
trices within the multi-head attention layers.

h = W0x+BAx (2.1)

where h is the modi�ed output, W0 refers to pre-trained weight matrix, and B ∈ Rd×r and
A ∈ Rr×k contain trainable parameters with the rank r ≪ min(d, k) [6].

It has some key advantages: (i) a signi�cant reduction in computational overhead and
storage requirements; (ii) the preservation of the pre-trained weights, as it only requires
updating a fraction of the total trainable parameters; (iii) faster training process compared
to full-parameter �ne-tuning, and (iv) the adapters can be switched dynamically during
inference time that makes them transferable and used with other similar models. This
allows the adapter modules to be shared across many other tasks.

2.2. POS �ltering

Like many other WSD tasks, we use sentence-gloss pairs as input dataset for training
the adapter-based model. The gloss is extracted from WordNet [2] and combined with
the sentence for a given target word. Here is a detailed description of the training data
construction, which includes our proposed POS �ltering for reducing the ambiguity and
noise in training data.

Developed using WordNet, the SemCor dataset contains sense keys (e.g., `long%3:00:02::')
with the POS information encoded in this structure. For instance, in the example sense



key, the �rst digit `3' indicates that the POS category is adjective. Likewise, each POS
category is mapped to a digit, which is used to extract the POS information. Based on
this observation, we proposed a POS �ltering for developing the sentence-gloss pairs from
SemCor3.0. It involves identifying the target lemma and its associated POS category in the
input dataset. By restricting WordNet gloss retrieval process to only including the speci�c
lexical category of the target word, we were able to e�ectively prune the candidate space.

Thus, by �ltering out irrelevant lexical categories, we ensure that the model's self-
attention mechanism is dedicated to resolving intra-categorical nuances, which are often
the most challenging to disambiguate. SemCor3.0 dataset is used in [10], but they have
taken all possible glosses without �ltering. Consequently, our approach has reduced the
ambiguity and decreased the noise in the training dataset. In this way, a group of positive
and negative examples are created using WordNet. The positive samples are assigned with
label 1 and negative examples are assigned with label 0. This is done for all the target words
in each sentence. Figure 1 shows the overall architecture of the proposed GlossAdapter, ex-
plaining how the input data passes through the various layers to give the output predictions.

Figure 1. Overview of GlossAdapter architecture.

2.3. Evaluation

For the evaluation phase, the test datasets used include Senseval-2, Senseval-3, SemEval-
2007, SemEval-2013, and SemEval-2015, and all test datasets combined to form an all-
words dataset (ALL). Using the same approach introduced above, sentence-gloss pairs are
constructed from the evaluation datasets without labels for the test dataset. The target
words in the test datasets are surrounded by [TGT] and [/TGT] tags. The model outputs
comprise of logit (raw similarity scores) and they are normalized to probabilities Pi using
softmax function.

3. Experiments

3.1. Datasets

The training and test datasets used in this research are from Raganato et al. [14]. We
used SemCor3.0 for �ne-tuning the model. It is a well-recognized and widely used training
dataset for WSD task as shown in [9] [8] [15]. It is a manually annotated corpus, containing



226,036 training instances including senses and glosses derived from WordNet 3.0. We have
generated positive and negative samples for each target word in a sentence. The samples
are restricted to POS that the target word belongs. Evaluation datasets from [14], including
Senseval-2 [16], Senseval-3 [17], SemEval-2013 [18], SemEval-2015 [19] are used to evaluate
the �nal model. These are the benchmark datasets obtained from the relevant Senseval and
SemEval competitions. We have chosen SemEval-2007 as the development set similar to
Huang et al. [10]. As mentioned above, a combination of them all test datasets (ALL) is
also used in the evaluation.

3.2. Model Training

We have �ne-tuned two main base models with LoRA adapter to identify the best per-
forming GlossAdapter model, noted as LoRA-BERTbase and LoRA-RoBERTalarge, where
BERTbase and RoBERTalarge are used as the base models, respectively. The total number
of parameters in pre-trained BERTbase is 110M, with 12 layers of transformer blocks and 12
self-attention heads, out of which only 0.27% of parameters are trained using LoRA adapter.
Whereas RoBERTalarge has 355M parameters with 24 layers of transformer blocks and 16
self-attention heads, out of which only 0.5% of parameters are trained using LoRA adapter.
For �ne-tuning LoRA-BERTbase, we have used a learning rate of 3e-5 with a batch size of 64
and using 5 epochs for training. For LoRA-RoBERTalarge, we have used the same batch size
and epochs but a di�erent learning rate of 2e-5 because lower learning rate helps to stabilize
training in case of larger models. The model is evaluated every 10,000 steps, and its check-
points are saved. Finally, the best performing model is loaded from the saved checkpoints
based on the evaluation metrics. Both models are trained on one A100 GPU. Following
other existing works, we have used F1 score to evaluate and report the performance.

We used pre-de�ned PEFT framework from Hugging Face library for �ne-tuning [20],
with the following LoRA con�guration parameters: the rank `r' value as 8, alpha parameter
for LoRA scaling value as 32 and the dropout probability for LoRA layers as 0.1.

3.3. Results and discussion

Table 1 compares our model's performance against the state-of-the-art results from recent
studies on WSD. The comparison is done using development dataset SemEval-07 and test
datasets Senseval-2, Senseval-3, SemEval-2013, SemEval-2015 as well as a combination of
the test datasets ALL. F1 score metrics are calculated for the datasets.

The results show that our GlossAdapter model LoRA-RoBERTalarge has outperformed
all the other state-of-the-art models on Semeval-07, Senseval2, Senseval3, Semeval-2013
datasets developed on the same training set SemCor. RoBERTalarge has 355 million param-
eters and using our proposed GlossAdapter we only need to train 0.5% of the parameters.
Due to the signi�cant reduction in the number of trainable parameters, we were able to
complete the training in less than 4 hours using one A100 GPU.

The signi�cant improvement can be attributed to our proposed GlossAdapter, which
combines LoRA-based adapter structure with POS �ltering. Firstly, we have used an LoRA
adapter-based technique that helped us to train the model faster and utilize less compute
resources. These adapters can be easily switched during inference time with other similar
models which makes them easily transferable. Secondly, we developed a POS �ltering that
introduced a constrained data construction framework by �ltering the POS of the target
word and retrieving only the aligned WordNet glosses, thereby reducing the ambiguity
and noise in training data. Also, it was preprocessed by adding [TGT] tags surrounding
the target words and leveraged a suitable BERT based model for this task. This made
an additional contribution to model performance improvement. Finally, the LoRA-based
adapter con�guration caused a substantial reduction in trainable parameter count, which



Model Training

Dataset

SemEval

-2007

Senseval

-2

Senseval

-3

SemEval

-2013

SemEval

-2015

ALL

Current State-of-the-art Models

GlossBERT [10] SemCor 72.5 77.7 75.2 76.1 80.4 77.0
ESCHER [5] SemCor 76.3 81.7 77.8 82.2 83.2 80.7
Rlarge [15] SemCor 78.5 82.5 80.2 82.3 85.3 82.0
KELESC [9] SemCor 76.7 82.2 78.1 82.2 83.0 81.2
EWISERhyper [8] SemCor 75.2 80.8 79.0 80.7 81.8 80.1
ConSeC [4] SemCor 77.4 82.3 79.9 83.2 85.2 82.0
RTWElarge [11] SemCor 74.5±0.4 83.4±0.2 82.9±0.8 82.1±0.2 85.3±0.3 82.7±0.1
GlossGPT [21] SemCor 76.2 86.1 82.9 75.4 85.3 81.8

Proposed GlossAdapter Models

LoRA-BERTbase SemCor 90.0 83.6 80.3 84.5 86.2 82.8
LoRA-

RoBERTalarge

SemCor 91.3 87.7 85.1 88.8 89.2 87.2

Table 1. F1 score % of WSD across test datasets and development dataset is reported
here. The �rst block represents results of the current state of the art models from other
research. The second block represents our model performance.

helped in signi�cant savings in both computational expenditure and hardware resource
utilization.

4. Conclusion

In this paper, we have proposed GlossAdapter, a novel approach to WSD using LoRA
adapter-based models along with POS �ltering. The experiments conducted show that
our approach outperformed all the other state-of-the-art models on benchmark datasets
SemEval-2007, Senseval-2, Senseval-3, and SemEval-2013 trained with the same dataset
SemCor. Our ablation study (see Appendix A) provided additional clarity by isolating the
performance impact of each constituent part and it con�rms that the signi�cant improve-
ments are not the result of a single feature, but rather the collective contribution of the
integrated LoRA adapters and POS �ltering.

For future work, we will leverage more lexical information such as hypernym and hyponym
example sentences to understand if it helps improve the model performance. We would also
further enhance the performance of the proposed WSD approach and apply it in healthcare
and education domains.
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Appendix A. Ablation Study

We conducted ablation studies to assess and analyze the model's performance with and
without LoRA adapters, and POS �ltering. By removing the LoRA adapters and �ne-
tuning both the models BERTbase and RoBERTalarge, we were able to see the impact of
LoRA adapters on the model performance. Also, by removing the POS �ltering, we were
able to see its impact on the performance. Table A.1 shows the impact of integration of
the LoRA adapter and using the POS �ltering. Both LoRA adapter based models, LoRA-
RoBERTalarge and LoRA-BERTbase outperform their fully �ne-tuned version. This shows
the impact of LoRA adapters on the model performance.

Our ablation studies have shown a critical trade-o� between model performance and
computational e�ciency. While the fully �ne-tuned variants demonstrated marginal per-
formance gains over the baseline LoRA adapter (without POS �ltering), these gains were
accompanied with a signi�cant increase in computational overhead. We argue that the ben-
e�ts of LoRA adapter�speci�cally the reduction in number of trainable parameters (only
0.5% of parameters are trained for LoRA-RoBERTalarge versus 100% of parameters trained
in case of fully �netuned variants) and GPU hours�far outweigh the negligible accuracy
delta, which saw a 86.2% for LoRA-BERTbase versus 87% for fully �ne-tuned BERTbase for
SemEval-2015 dataset. Combining LoRA + POS has shown better results. For instance, on
Senseval-3, the LoRA-RoBERTalarge + POS �ltering achieved an accuracy of 85.1, a notable
2.1% increase over the 83.0 achieved by standard full �ne-tuning RoBERTalarge.

Overall, the best performance was achieved by the LoRA-RoBERTalarge + POS inte-
grated model, which signi�cantly outperformed all the other models while maintaining a
low resource footprint. Hence, we conclude that our GlossAdapter, i.e., LoRA-based PEFT
adapter with POS �ltering, is the superior one for this task.

Ablation Study Models POS Fil-

tering

Senseval

-2

Senseval

-3

SemEval

-2013

SemEval

-2015

Base model BERTbase No 51.2 43.7 52.8 53.9
Base model RoBERTalarge No 53.7 45.7 52.4 52.4

Fully �ned-tuned BERTbase No 86.4 82.3 83.4 86.3
Fully �ned-tuned RoBERTalarge No 87.2 83.0 86.6 88.2

Fully �ned-tuned BERTbase Yes 86.1 83.0 84.4 87.0
Fully �ned-tuned RoBERTalarge Yes 86.0 83.6 87.0 87.7

LoRA-BERTbase No 81.5 79 82.1 84.2
LoRA-RoBERTalarge No 86.1 84.4 87.5 88.1

LoRA-BERTbase Yes 83.6 80.3 84.5 86.2
LoRA-RoBERTalarge Yes 87.7 85.1 88.8 89.2

Table A.1. Ablation study: F1 scores with and without LoRA, and POS �ltering

Appendix B. Related Work

Researchers have developed di�erent approaches to WSD. Barba et al. [5] proposed ES-
CHER to WSD by approaching it as a span extraction problem. They fed the transformer
architecture with the input sentence including a target word, along with all its available
sense de�nitions, to get the output of the start and end indices of the best suited gloss of
the given target word. The model is trained using SemCor dataset as given by Raganato et
al. [14] and tested on SemEval-2013 [18], SemEval-2015 [19] with promising results.

A similar approach is taken by Song et al. [15].They used not only the glosses but also
example sentences, hypernyms, and other information from the lexical resources to train the



model based on RoBERTa [13]. Training with SemCor plus Princeton WordNet Gloss Cor-
pus has achieved F1 score of 82%. This has achieved better performance than ESCHERl [5].

Edoardo et al. [4] and Zhang et al. [9] approached WSD as text extraction problem and
proposed ConSeC and KELESC, respectively. ConSeC utilizes both the context of a word
and the senses de�nitions assigned to the nearby surrounding words and was evaluated using
datasets in English and other languages, while KELESC feeds the transformer model with
additional examples and de�nitions of related senses from the lexical resources, using a local
self-attention transformer to reduce the computation burden due to the increased data.

Huang et al. [10] approached WSD as sentence-classi�cation problem, and constructed
context-gloss pairs using all possible senses from WordNet to train their model GlossBERT.
They used SemCor3.0 for training dataset and used Senseval-2, Senseval-3, SemEval-2007,
SemEval-2013, and SemEval-2015 for evaluation. GlossBERT is �ne-tuned using the training
data and outperforms other benchmark datasets [14].

Blevins et al. [22] targeted the problem of models becoming biased due to imbalanced
annotated training data. They used a BERT-based bi-encoder model architecture composed
of context encoder and gloss encoder, and the evaluation yielded a better performance than
GlossBERT [10] on the same datasets.

Bevilacqua et al. [8] utilized the full capability of lexical knowledge information in neural
architecture for WSD. They incorporated synset embeddings and proposed a neural archi-
tecture called EWISER. The experiment was conducted using a BERT model with di�erent
combinations of hypernym and hyponym and the F1 scores exceeded an 80% ceiling.

Pfei�er et al. [23] proposed an adapter-based modular framework that has shown high per-
formance in cross-lingual transfer across diverse languages using multilingual based model.
In addition, they have developed task speci�c adapters assembled together with the language
adapters for adapting a pretrained multilingual model to new languages.

Houlsby et al. [7] developed task adapter modules based on BERT for text classi�ca-
tion tasks. Since �ne-tuning a pre-trained model is a parameter ine�cient, they leveraged
adapters to solve the classi�cation tasks on GLUE benchmark datasets. These adapter
modules are easily transferable as they only add a few trainable parameters for any given
tasks that help in achieving state-of-the-art performance.

Hu et al. [6] introduced Low-Rank Adaptation (LoRA), a PEFT strategy addressing the
high computational cost of adapting Large Language Models. By freezing the pre-trained
weights and injecting trainable rank-decomposition matrices into the Transformer layers,
LoRA helps to signi�cantly reduce the number of trainable parameters while maintaining
the performance. Unlike traditional �ne-tuning, LoRA represents weight updates through
the product of two low-rank matrices - A and B.

Recently, Sumanathilaka et al. [21] employed a few-shot Chain-of-Thought (CoT) prompt-
ing strategy GlossGPT using GPT-4-Turbo for training, with WordNet glosses and syn-
onyms in their prompts to enrich the context. Olivares et al. [24] proposed SANDWiCH
incorporating a sophisticated semantic network re�ned from BabelNet using group alge-
bra, yielding relatively higher performance with di�erent but enhanced model and dataset
including BabelNets.

Drawing inspiration from [6] [7] we have incorporated LoRA con�guration in Glos-
sAdapter. Inspired by [10], we also trained our models using sentence-gloss pairs; however,
unlike their approach, we have not used all glosses from WordNet. We have developed POS
�ltering to align the target word's contextual usage with its corresponding entry in Word-
Net and restricted the gloss retrieval by excluding or �ltering out synsets di�erent from
the lexical category. This ensures that the training dataset consists of only syntactically
aligned de�nitions, hence reducing ambiguity during training and decreasing the noise in
the dataset. Comparing our research with all these studies, none of them have leveraged
PEFT along with POS �ltering for WSD. Hence, our approach is novel in this way.
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