
Proceedings of the International Conference LAnguage TEchnologies for Low-resource Languages, pages 398–407
28 – 30 September 2026, Fes, Morocco ©LaTeLL 2026

https://doi.org/10.26615/978-954-452-112-7_041

398

Evaluating Model-Task Fit in Arabic Word Sense Disambiguation

Yousef Younes
Universität Ulm

Germany
yousef.younes@uni-ulm.de

Abdelhalim Dahou
GESIS - Leibniz Institute for

the Social Sciences
Germany

Abdelhalim.dahou@
gesis.org

Brigitte Mathiak
GESIS - Leibniz Institute for

the Social Sciences
Germany

brigitte.mathiak@
gesis.org

Abstract

Word Sense Disambiguation (WSD) is the
computational task of identifying a word’s in-
tended meaning within a specific context when
the word exhibits lexical ambiguity. It re-
mains a core and challenging problem in Nat-
ural Language Processing (NLP). We formu-
late the problem in two ways: binary classi-
fication (context-gloss alignment) and multi-
choice selection (identifying the correct sense
from candidate glosses) using Large Language
Models (LLMs) and Small Language Models
(SLMs). Our results on the KSAA-CAD shared
task dataset show a critical task-model depen-
dency, where fine-tuned SLMs excel in bi-
nary classification (mBERT achieving 83.74%
F1), while LLMs show strong performance on
multi-choice (fine-tuned Gemma2 7B attain-
ing 84.26% F1). Notably, Camel-BERT-MSA
shows robust cross-task consistency, securing
second place in both evaluations. This insight
underscores that the effectiveness of a model
in WSD depends heavily on the specific task.
It also emphasizes the value of aligning model
architecture with task requirements, offering
useful insights for applying WSD models in
real-world settings.

1 Introduction

The Word Sense Disambiguation (WSD) task aims
to identify the intended meaning of a word based
on its context. This task is crucial because many
words in natural language are polysemous—having
multiple related meanings (e.g., “paper” as a mate-
rial vs. a publication)—or homonymous—having
multiple unrelated meanings (e.g., “bark” as the
sound a dog makes vs. the outer layer of a tree).
Solving the polysemy and homonymy problems is
important for language understanding tasks such
as information retrieval, question answering, sen-
timent analysis, text summarization, and machine
translation (Rahman and Borah, 2021; Pu et al.,
2018), where accurately interpreting a word’s in-

tended meaning is crucial for overall system per-
formance.

The WSD task helps resolve both polysemous
and homonymous ambiguities by using context to
select the correct meaning. Distributional word
embeddings like Word2Vec (Church, 2017) and
GloVe (Pennington et al., 2014) assign a single
vector representation to each word, thereby fail-
ing to capture this semantic variation. To address
this limitation, contextual word embeddings, such
as those derived from transformer-based models
like BERT (Devlin et al., 2019), were introduced.
These embeddings dynamically generate different
representation vectors for the same word depend-
ing on its context, enabling more effective handling
of semantic variation (Devlin et al., 2019; Abdul-
Mageed et al., 2020).

Although the WSD task has been extensively
studied in English (Huang et al., 2019; Navigli,
2009), it remains particularly challenging for mor-
phologically rich languages like Arabic. In Arabic,
polysemy is highly prevalent: approximately 43%
of words with diacritics have multiple meanings,
and this figure rises sharply to 72% when diacritics
are removed (Alshammari et al., 2024). Beyond
its inherent difficulty, Arabic WSD is also signif-
icantly underexplored. This is illustrated by the
recent KSAA-CAD shared task (Alshammari et al.,
2024), where only one submission was made to the
WSD subtask—and it was disregarded due to its
performance being 64% below the baseline. An-
other shared task ArabicNLU (Khalilia et al., 2024)
provide dataset of just 100 sentences and received
just three submissions, without outperforming the
baseline.

Existing approaches to the WSD problem adopt
context-gloss pair classification (Huang et al.,
2019) and relevance ranking (Yap et al., 2020).
In this work, we frame the Arabic WSD prob-
lem as both a binary classification task and a
multi-choice ((MC)) selection task. We run a
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set of experiments using Small Language Mod-
els (SLMs), e.g., mBERT (Pires et al., 2019), and
Large Language Models (LLMs), e.g., Mistral (Al-
bert Q. Jiang, 2023), on the WSD dataset intro-
duced in the KSAA-CAD shared task. The dataset
is described in Section 4.1.

Our study is guided by the following research
questions and corresponding contributions:

1. RQ1. Do multilingual models outperform
Arabic monolingual models, and how does
task format impact cross-lingual trans-
fer? We compare multilingual models (e.g.,
mBERT, Gemma2, and others) against Arabic-
specific monolingual models (e.g., AraBERT)
under identical fine-tuning protocols. Per-
formance is evaluated on both binary and
multi-choice task formulations to isolate cross-
lingual transfer effects.

2. RQ2. How does task formulation affect
model performance on WSD? We conduct
paired evaluations where each model executes
both: (a) binary classification: context-gloss
alignment; (b) Multi-choice selection: identi-
fying the correct sense from candidate glosses.
Task superiority is determined based on the
F1-score metric on the dev set.

3. RQ3. How do LLMs compare to SLMs on
Arabic WSD under fine-tuning and zero-
shot settings? We benchmark open-source
LLMs against SLMs under two conditions:
- Fine-tuned: Models trained on our Arabic
WSD training set.
- Zero-shot: LLMs evaluated without task-
specific training.

4. RQ4. Can open-source LLMs match pro-
prietary models in zero-shot Arabic WSD
with identical prompts? Top-performing
open-source LLMs from RQ3 are com-
pared against proprietary LLMs (e.g., GPT-4,
Claude 3) using identical prompts and zero-
shot settings. Closed-source models are ac-
cessed via API with standard hyperparame-
ters.

Through our experiments, we found that fine-
tuned multilingual models consistently outperform
Arabic monolingual models. Additionally, task for-
mulation significantly impacts performance, with
some models showing clear preferences for binary
classification or multi-choice formats. Finally, in

the zero-shot setting, proprietary models (e.g., GPT-
4, Claude 3) outperform open-source models, high-
lighting the performance gap between closed and
open models in Arabic WSD.

The rest of this paper is organized as follows.
Section 2 overviews some works that discuss the
WSD problem. Then, we talk about the methods
that we use to solve the problem in Section 3. Af-
ter that, the data, models, hyperparameters, and
metrics used in the experiments are described in
Section 4. The results are reported in Section 5 and
discussed in Section 6. Finally, the paper concludes
in Section 7.

2 Related Work

The WSD task has received significant attention
from researchers working on English and other
Indo-European languages (Huang et al., 2019).
However, handling this task in morphologically
rich languages like Arabic is more challenging due
to the ambiguity and rich morphology present in
these languages.

Huang et al. (Huang et al., 2019) fine-tuned
BERT-based models to give a yes or no label for
each context-gloss pair. Next, the gloss from the
pair that has the highest score for yes is selected as
the target gloss. Another work (Yap et al., 2020)
formulated the WSD task as a relevance ranking
task where each context has a list of 4-6 glosses.
They fine-tuned BERT to give scores to each gloss,
then selected the gloss with the highest scores as
the target sense of the target word. In this work,
we use both binary classification and multi-choice
tasks to tackle the WSD problem.

Researchers use different ways to emphasize the
target word in the context. For example, Huang
et al. (Huang et al., 2019) surrounded the target
word by quotation marks and also added the target
word followed by a colon at the start of each gloss
in the training instances. On the other hand, some
researchers proposed to use special tokens to mark
the start and end of the target word. These tokens
could be the same as in (Yap et al., 2020), which
used “ [TGT] ” , or different like in (Botha et al.,
2020; Lei et al., 2017). In this paper, we use differ-
ent tokens to mark the start and end of the target
word.

The authors in (El-Razzaz et al., 2021) fine-
tuned AraBERTv2 (Antoun et al., 2020) and AR-
BERT (Abdul-Mageed et al., 2020) in binary clas-
sification on a small WSD dataset and claimed an
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F1-score of 89%. However, the author of (Al-Hajj
and Jarrar, 2021), investigated the results and found
that the reason behind this high score, is the great
intersection between the training and testing sets.
To account for that, they introduced a WSD dataset
and used it to fine-tune three Arabic BERT-based
models, AraBERTv02, CAMeLBERT (Inoue et al.,
2021), and QARiB (Abdelali et al., 2021), to tackle
the problem as a binary classification one. The
AraBERTv02 model performed the best and pro-
duced an accuracy of 84% on their dataset. A re-
cent study (Wael et al., 2024) showed that using
transformer-based models with siamese networks
is an effective choice for the Arabic WSD task.

3 Methodology

This study focuses on Arabic WSD by tackling
this problem as a binary classification task and
also as a multi-choice task. We use small lan-
guage models like mBERT (Pires et al., 2019)
and Camel-BERT-MSA (Inoue et al., 2021) and
also large language models like Mistral (Albert
Q. Jiang, 2023), Llama3.1 (Grattafiori et al., 2024),
and Gemma2 (Team et al., 2024). We test these
models in both zero-shot and fine-tuned settings.

3.1 Binary Classification

This is the traditional way to handle the WSD task.
Here every sample has a label, which is 1 to indi-
cate that the given meaning is meant by the target
word in the context and 0 otherwise. The top part
of Figure 1 presents an example of a positive sam-
ple. During training, we inform the model about
the target word using

``<token>TARGET_WORD</token>''

For LLMs, we use the following prompt:

< Given a context, a target word, and
a candidate sense (all provided
in Arabic), determine if the candidate
sense correctly
matches the meaning of the target
word in the given context.
The target word appears between <token>
and </token> tags in the context.
You MUST respond with exactly one number:
- Output "1" if the candidate sense
matches
the meaning of the word in the context.
- Otherwise, output "0".>

3.2 Multi-choice task

Here we have the context as the question and the
different senses as possible choices of the target
word. We instruct the model to focus on the target
word using the same method used for the binary
task and provide the possible meanings as choices
for the model to select from. One possible problem
here is how to specify the number of choices. We
found that the best way is to use the highest number
of possible choices for all the samples. Investigat-
ing the data, we found that in the worst case, a
sample in the used dataset could have 43 choices,
so we use that for all the samples in the training and
development sets. Of course, a lot of samples do
not have that number of choices, so we use “null”
to fill in the missing choices as shown in the lower
part of Figure 1. For LLMs, we use the following
prompt:

<Your task is to choose **only one**
correct gloss that best matches the sense
of the word in the given context.
Please respond with **just the number**
of the correct answer (e.g., `0`, `1`,
`2`, ...). Do not include any text,
explanation, or justification.>

The high number of choices incurs a higher com-
putational cost. However, we have tried to limit the
number of choices using some similarity measure
and found that doing so has a negative impact on
the results. Because the system would then have
two steps: one to select the most probable choices,
say 4 or 5, and the other to make the final decision
and choose the best choice. In other words, we
would have two error sources instead of one.

4 Experimental Apparatus

4.1 Dataset

We use the data from the KSAA-CAD shared
task (Alshammari et al., 2024). The dataset consists
of two core components: the WSD context gloss
mapping and dictionary data. The WSD context
gloss mapping is divided into training, develop-
ment, and testing sets containing 22, 404, 2, 801,
and 2, 801 samples, respectively. Each sample con-
sists of a word, context, context ID, lemma ID, and
corresponding gloss ID as depicted in part (a) of
Figure 2. The dictionary contains 15, 865 entries
and is derived from the Contemporary Arabic Lan-
guage Dictionary (Omar, 2008). Each dictionary
entry contains lemma_id, gloss, and gloss_id as



401

Figure 1: General workflow of the multi-choice and binary classification tasks for Arabic WSD.

shown in part (b) of Figure 2. The lemma_id is
the link between the dictionary entry and the con-
text gloss mapping. Unfortunately, the test set is
not available, so we use the development set to
compare the performance of the different models.

4.2 Models and Baselines

Baselines. We include two baselines from (Al-
shammari et al., 2024), which utilize transformer-
based models in a binary classification setting,
specifically CAMeLBERT-MSA and AraBERTv2.

To address our research questions, we experi-
ment with a range of models representing diverse
architectures. As an Arabic monolingual encoder-
only models, we use AraBERT, CAMeLBERT-
MSA, and ARBERT, bidirectional transformers
pre-trained on MSA text and effective for Ara-
bic contextual understanding. We also include
multilingual encoder-only models such as mBERT
(Pires et al., 2019), which is pre-trained on 104
languages, enabling cross-lingual transfer and mul-
tilingual understanding. This model serves as a
comparative model to evaluate the effectiveness of
multilingual versus monolingual representations in
Arabic WSD. For decoder-only models, we employ
instructed models including Llama3.1 (Grattafiori
et al., 2024), Gemma2 (Team et al., 2024) with two
variants in terms of size, Mistral (Albert Q. Jiang,
2023) version 0.3, and Qwen2.5 (Team, 2024). Ad-
ditionally, we leverage advanced LLMs, including
Claude 3.5 Sonnet (Anthropic, 2024)(version 2024-
10-22), GPT-4o (Achiam et al., 2023) (version
2024-08-06), Gemini 1.5 Pro (Team et al., 2023),
and DeepSeek V3 (Liu et al., 2024), which excel
in text-related tasks due to extensive pre-training

on natural language.

4.3 Hyperparameter

For multi-choice small models’ fine-tuning, we
trained for 3 epochs using a learning rate of
5 × 10−5, a weight decay of 0.01, and a batch
size of 2. In the other task, we set the batch size
to 64, and used a learning rate of 3 × 10−5, and
models were trained for 3 epochs. All experiments
were conducted using a fixed random seed of 42 to
ensure reproducibility.

For instruction fine-tuning of Gemma-2B using
QLoRA, we used a learning rate of 2 × 10−4, a
batch size of 4, weight decay of 0.001, and trained
for 1 epoch with a maximum sequence length of 40.
QLoRA parameters were set to r = 4, α = 16, and
dropout = 0.1. All training was performed with
8-bit quantization.

4.4 Metrics

We evaluate performance using accuracy, Macro-
F1, and average precision/recall. Due to extreme
class imbalance—particularly in the binary classifi-
cation task (context-gloss alignment), where false
labels substantially dominate true labels—we pri-
oritize Macro-F1 across both tasks. Accuracy be-
comes particularly problematic here, as it fails to
reflect model effectiveness. LLMs’ responses that
have no output or do not match any class label are
regarded as misclassifications.

5 Results

5.1 Binary Configuration

Table 1 shows the evaluation results for the bi-
nary classification approach. The highest perfor-
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Figure 2: A training example of the KSAA-CAD dataset. Part (a) shows an entry from the context gloss mapping
component. Part (b) displays a dictionary entry. This figure is reproduced from (Alshammari et al., 2024).

mance was achieved by fine-tuning mBERT model
on Arabic data augmented with its English trans-
lation (En+Ar) reaching 83.74% Macro-F1 and
the Arabic-only version (Ar) reaching 83.41%.
Both significantly exceeded baseline models, in-
cluding our experiment with the CAMeLBERT-
MSA (80.04% Macro-F1). Our experiment with
CAMeLBERT-MSA model also exceeded prior re-
ported baselines achieving 94.17% accuracy.

Among zero-shot models, Qwen2.5 with 14B
consistently achieved the best results, with Macro-
F1 scores of 75.53% (fp16) and 75.57% (q8). It
notably outperformed other zero-shot models, such
as Gemma2 with 27B and Llama3.1. In contrast,
Mistral-v0.3 stay far behind (13.63% fp16, 11.26%
q8).

5.2 Multi-Choice Configuration

Results of the multi-choice approach are provided
in Table 2. The multi-choice evaluation showed
that the fine-tuned Gemma2 with 9B parameters
achieved the highest Macro-F1 score (84.26%),
surpassing both CAMeLBERT-MSA (81%) and
AraBERT (77.08%).

Considering the models under zero-shot settings,
proprietary models outperformed open-source mod-
els. GPT-4 led proprietary models with a Macro-F1
score of (55.36%), followed by Gemini-1.5-Pro
(52.18%) and Claude3.5-Sonnet (40.61%). For
open-source models in zero-shot settings, Gemma2
with 27B parameters achieved the best perfor-
mance (53.94% Macro-F1), substantially outper-
forming Qwen2.5 with 14B parameters (45.14%)
and Mistral-v0.3 with 7B parameters (14.45%). All
fine-tuned models except ARBERT, consistently
exceeded models under zero-shot settings.

6 Discussion

6.1 Key Scientific Insights
Our evaluation clearly demonstrates that fine-
tuned multilingual models significantly outperform
monolingual Arabic-specific models, and that task
formulation and training paradigms critically influ-
ence performance outcomes in Arabic WSD task
as shown in Table 1 and Table 2. In addition,
fine-tuned multilingual models, notably Gemma2
with 9B parameters and mBERT (En+Ar), consis-
tently achieved higher Macro-F1 scores compared
to monolingual Arabic models such as AraBERT
and ARBERT.

Insights by Research Questions:

1. RQ1. Do multilingual models outperform
Arabic monolingual models, and how does
task format impact cross-lingual transfer?

Figure 3 confirms the results of Tables 1 and 2
that multilingual models significantly outper-
form Arabic-specific models under identical
fine-tuning conditions. Gemma2 with 9B pa-
rameters and mBERT (En+Ar) consistently
delivered higher Macro F1-scores compared
to Arabic-specific models such as AraBERT
and CAMeLBERT-MSA, indicating strong
cross-lingual transfer capability. Multilingual
models leverage semantic patterns from di-
verse languages (e.g., English and Arabic), en-
riching Arabic representations beyond mono-
lingual training.

2. RQ2. How does task formulation affect
model performance on WSD?

The evaluations revealed that task formula-
tion significantly impacts performance. Multi-
choice selection task yielded substantially
higher Macro-F1 scores across models com-
pared to binary classification (context-gloss
alignment). Gemma2:9B notably excelled in
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Model Accuracy Macro F1 Precision Recall Provenance

Baselines
CAMeLBERT 94.17 80.04 83.47 78.90 our experiment
CAMeLBERT 91.54 − − − [x]
AraBERT 91.32 − − − [x]

Zero-shot LLMs (fp16)
Gemma-2:9B 75.58 68.77 67.59 75.91
Gemma-2:27B 56.90 42.34 47.43 36.56
Mistral-v0.3:7B 22.25 13.63 38.19 34.41
Llama-3.1-8B 57.45 50.31 53.29 55.27
Qwen2.5:7B 84.29 69.70 75.29 67.09
Qwen2.5:14B 84.50 75.53 74.76 76.42

Zero-shot LLMs (q8)
Gemma-2:9B 73.14 67.66 67.59 77.54
Gemma-2:27B 79.61 72.46 70.49 78.17
Mistral-v0.3:7B 23.93 11.26 29.37 26.39
Llama-3.1-8B 58.25 52.63 56.21 60.09
Qwen2.5:7B 84.17 69.43 75.03 66.84
Qwen2.5:14B 84.44 75.57 74.69 76.61

Fine-tuned Models
mBERT (En+Ar, B=64) 94.14 83.74 86.60 81.73
mBERT (Ar, B=64) 94.02 83.41 86.85 80.90

Table 1: Performance of language models on binary classification across different configurations

the multi-choice setup, achieving a Macro-F1
score of 84.26%, highlighting multi-choice as
a superior task formulation for capturing con-
textual nuances in Arabic WSD. The multi-
choice format provides a clear distinction
among candidate senses, and modeling sense
competition by ensuring rare senses contribute
equally. Crucially, it supports words with
diverse sense inventories (2-10 glosses), as
shown in Table 4.

3. RQ3. How do LLMs compare to SLMs
on Arabic WSD under fine-tuned and zero-
shot settings?

Fine-tuned models consistently outperformed
zero-shot counterparts, demonstrating the sub-
stantial benefits of task-specific training. The
performance gap was especially pronounced,
with fine-tuned Gemma2 surpassing the top-
performing models in zero-shot settings, GPT-
4, by 28.9 Macro-F1 points. This emphasizes
that despite the reasoning capabilities of mod-
els under zero-shot settings, fine-tuning re-
mains critical for high-quality Arabic WSD.

4. RQ4. Can open-source LLMs match pro-
prietary models in zero-shot Arabic WSD
with identical prompts?

Proprietary LLMs like GPT-4 outperformed
the leading open-source model in zero-shot
settings (Gemma2:27B), although the mar-
gin was relatively modest. GPT-4 (55.36%
Macro-F1) surpassed Gemma2:27B (53.94%),
suggesting that while open-source models are
competitive, proprietary LLMs still maintain a
slight performance advantage under identical
zero-shot conditions and prompts.

In summary, multilingual fine-tuned models sub-
stantially outperform monolingual counterparts and
zero-shot models, with task formulation strongly
influencing WSD performance outcomes. While
proprietary models under zero-shot settings slightly
outperform open-source models, fine-tuning signif-
icantly elevates overall performance.

6.2 Error Analysis

Analysis of the errors of the best performing model
(Gemma2:9B) for multi-choice task in Table 3.
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Model Accuracy Macro F1 Precision Recall

Zero-shot Closed Models
GPT-4 77.22 55.36 63.94 51.05
Claude3.5-Sonnet 77.12 40.61 44.80 37.94
Gemini-1.5-Pro 73.72 52.18 57.84 50.33
DeepSeek-V3 73.04 44.50 56.17 39.42

Zero-shot Open Models
Gemma-2:9B 66.72 32.64 34.36 31.84
Gemma-2:27B 73.00 53.94 63.45 49.88
Mistral-v0.3:7B 44.55 14.45 18.07 13.07
Llama-3.1-8B 39.16 18.03 25.40 15.39
Qwen2.5:14B 68.26 45.14 50.86 44.29
Qwen2.5:7B 63.12 31.95 39.04 28.75

Fine-tuned Models
Gemma-2:9B 90.14 84.26 87.84 82.84
CAMeLBERT 87.00 81.00 86.84 78.63
AraBERT 84.64 77.08 80.78 75.56
mBERT 67.08 56.59 62.24 59.17
ARBERT 50.55 21.90 23.35 56.59

Table 2: Performance results for MC WSD on dev set across different models.
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Figure 3: Cosine distance comparison of context and gloss embeddings across mBERT (En–Ar), mBERT, and
CamelBERT for both true and false gloss predictions.

We found the following errors categories: Se-
mantic confusion between subtly distinct glosses,
surface-level biases favoring lexical cues over con-
textual meaning, domain mismatches misinterpret-
ing, literal-figurative misinterpretations, and gloss
issues from ambiguous distractors.

These repeated errors reveal how complex Ara-
bic WSD can be, especially when dealing with
words that demand nuanced contextual and cultural
interpretation.

7 Conclusion

This work provides an evaluation of different meth-
ods and models for Arabic WSD. Multilingual
models like mBERT and Gemma2 consistently out-
perform Arabic-specific models by 3–7% Macro-
F1, confirming strong cross-lingual transfer. The
multi-choice task formulation proves more effec-
tive than binary classification. Fine-tuned models
deliveres strong results overall, while proprietary
LLMs maintained a 1.4–15% edge in zero-shot set-
tings over open-source counterparts using identical
prompts.
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Error Category Description Example
Semantic Confu-
sion

Model fails to distin-
guish between subtly
different glosses due
to close meaning or
vague wording.

“ÑîD
.
J
�

�
�” → gold: “af-

flicted and harmed”
( ékQk. ð é

	
JÓ ÈA

	
K), predicted:

“befell him” ( �
I

��
Êgð éK.

�
IË 	Q

	
K)

Surface-Level Bias Model relies on sur-
face cues like shared
words or short/abstract
glosses instead of deep
semantic reasoning.

“ÉJ
£AK.


@”/Falsehoods →

distractor gloss included
“ �
HA

	
¯ @Q

	
k”/myths from the

context

Domain/Context
Mismatch

Model fails to adapt
to domain-specific us-
age (e.g., medical, reli-
gious, economic).

“É¿ AJ
êË @”/Structures in
anatomy → predicted gloss
was “huge from everything”

Literal vs. Figura-
tive Misreading

Model interprets a figu-
rative or abstract con-
cept in a literal or com-
mon sense.

“ÈAJ.
�
®
�
J�B@”/Welcoming of Ra-

madan → predicted “greet”,
gold was “begin anew”

Gloss Design Qual-
ity Issue

The gloss set it-
self contains poor
quality distractors,
vague definitions, or
domain-inappropriate
candidates.

“ÈAÔ«


B@”/business in economy

→ predicted “intentional act”,
gold was “profession”

Table 3: General Error Categories in Arabic WSD Mutli-choice Model Predictions where the number of glosses is 7
and 9.

#Gloss mBERT Gemma2:9B Camel-Bert AraBERT ARBERT #Samples

2 77.18 91.63 88.58 86.49 45.13 526
3 63.87 90.97 84.51 83.51 45.88 388
4 62.77 90.05 87.96 84.66 45.09 333
5 52.98 85.83 82.85 80.70 33.99 240
6 47.70 85.92 78.93 77.37 28.00 187
7 59.60 88.49 83.66 81.77 39.78 174
8 53.69 82.41 75.40 65.75 24.95 96
9 59.47 90.58 84.64 78.71 20.91 105
10 45.49 73.91 83.80 69.83 25.42 51

Table 4: Fine-tuned models performance on MC configuration by gloss count in terms of macro F1 score.

In the future work, we will address semantic
granularity through contrastive gloss pairing and
integrate Arabic knowledge resources to mitigate
cultural-contextual gaps as highlighted by our error
analysis. In addition, exploring more sophisticated
prompting strategies such as few-shot and Chain-
of-Thought (CoT) could better leverage LLMs’ full
capabilities.

Limitations

This study has three main limitations. First, the
evaluation was limited to Arabic WSD using a sin-
gle dataset, which may constrain generalizability
to other languages or domains. Second, zero-shot
evaluations utilized only one prompt engineering
approach which may not fully exploit the poten-
tial of LLMs. Third, fine-tuning experiments were
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conducted exclusively on open-source models (e.g.,
Gemma, mBERT). The high computational and
financial costs associated with fine-tuning closed-
source proprietary models hinder direct perfor-
mance comparisons with such models.
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