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This research proposes a novel approach to the Word Sense Disambiguation (WSD) task in the 
Georgian language, based on supervised fine-tuning of a pre-trained Large Language Model (LLM) 
on a dataset formed by filtering the Georgian Common Crawls corpus. The dataset is used to train a 
classifier for words with multiple senses. Additionally, we present experimental results of using 
LSTM for WSD. Accurately disambiguating homonyms are crucial in natural language processing. 
Georgian, an agglutinative language belonging to the Kartvelian language family, presents unique 
challenges in this context. The aim of this paper is to highlight the specific problems concerning 
homonym disambiguation in the Georgian language and to present our approach to solving them. 
The techniques discussed in the study achieve 95% accuracy for predicting lexical meanings of 
homonyms using a hand-classified dataset of over 7500 sentences. © 2024 Bull. Georg. Natl. Acad. Sci. 

natural language processing, Word Sense Disambiguation (WSD), Large Language Model (LLM), Long 
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Homonyms are words that share the same written 
and spelling form but have different lexical mea- 
nings. The Word Sense Disambiguation (WSD) 
task involves identifying the correct meaning of a 
word in a given context. Accurately disambiguating 
homonyms is crucial in natural language proce- 
ssing, especially for tasks like semantic analysis. 
For instance, the research group at the Georgian 
National Academy of Sciences encountered a 
limitation in their Natural Language Processing 
tasks due to the inability to disambiguate between 
homonyms.  

However, as of our knowledge, this task has 
received no attention in the Georgian language due 
to the absence of sense-annotated datasets. To 
address this issue, we propose a novel approach to 
the WSD task based on fine-tuning a pre-trained 
Large Language Model (LLM) to obtain a classifier 
for words with multiple senses, as well as a much 
lighter recurrent neural network model in terms of 
memory requirements.  

In this research, we discuss our method for 
obtaining a new dataset for Word Sense Disambi- 
guation (WSD) evaluation in the Georgian langu- 
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age. The dataset comprises over 7000 example sen- 
tences containing homonyms and their respective 
lexical meanings. We utilize this dataset to evaluate 
the effectiveness of the proposed method. Curren- 
tly, we have focused on a single homonym, ”ბარი” 
(Transliteration: ”bari”), which encompasses 11 
distinct meanings, including the name of a city in 
Italy. For our current purposes, we have selected 
three definitions that are most commonly used in 
the language: ”Shovel,” ”Lowland,” and ”Cafe.”  

Recently, contextual embeddings generated by 
Large Language Models (LLMs) have been increa- 
singly utilized in place of pre-trained word embed- 
dings. These contextual embeddings offer a more 
nuanced representation of words, capturing con- 
text-specific information. Consequently, simple 
approaches such as kNN can be effectively combi- 
ned with these embeddings to accurately predict 
word senses in Word Sense Disambiguation tasks 
[1].  

Despite the high performance of previously 
mentioned unsupervised approaches for Word 
Sense Disambiguation, their reliance on a large 
amount of textual data can be challenging for their 
application to under-resourced languages. Notable 
work utilizing supervised learning methods is [2]. 
In this work, a group of researchers obtained 3000 
scientific documents containing a specific homo- 
nym (”Reintroduction”) and manually classified 
them. After further preprocessing of the scientific 
articles, they used the labeled data to create a 
classification model achieving 99% accuracy. In 
our work, we have adopted a similar approach. 
However, due to a shortage of articles in the 
Georgian language, we utilized sentences contai- 
ning the homonyms instead.  

To access a large amount of Georgian text, we 
obtained the text corpus by downloading the 
CC100 Dataset for the Georgian language. Subse- 
quently, the data was filtered to include only words 
containing Georgian letters. Next, we extracted 
sentences containing specific homonyms. These 
sentences were limited to a maximum length of 13 

words, with the homonym positioned in the middle 
of each sentence. This process resulted in obtaining 
over 30,000 sentences containing the homonym 
”ბარი” and its various grammatical forms. We ma- 
nually classified 7,522 sentences, of which 5,929 
examples used the homonym with one of the three 
definitions described above. Afterwards, we used 
20% of this data for validation and 80% for 
training. Unfortunately, there was an uneven distri- 
bution of the three classes, with only 763 cases 
where the homonym was used as ”Shovel,” 1,846 
sentences as ”Lowland,” and 3,320 as ”Cafe.” This 
resulted in a bias towards the latter, more contem- 
porary definition of the word. The proportions of 
the classes were preserved for the partitioned data- 
sets used for training and testing.  

We experimented with Transformer models and 
Recurrent Neural Networks, creating three different 
models for the homonym disambiguation task.  

For our first model, we fine-tuned the Georgian 
Language Model based on the DistilBERT-base-
uncased architecture using the technique of Masked 
Language Modeling. We masked the homonyms 
from the sentences and replaced them with their 
synonyms according to the definitions used. For 
example, we replaced ”ბარი” with ”დაბლობი” 
(lowland) where the homonym referred to the field. 
It’s important to note that we didn’t preserve the 
grammatical forms of the homonyms; instead, we 
wrote the synonyms in their base forms, ignoring 
syntactical information. The resulting pairs of sen- 
tences were then fed to the pretrained Transformer 
model for fine-tuning. We used 80% of the data for 
training and 20% for testing. The model was trained 
for 20 epochs with a learning rate initially set to 
0.00005 and a batch size of 16. The training process 
took approximately 2 hours to complete.  

For our second model, we utilized the pre-trai- 
ned Georgian Language Model based on the 
DistilBERT- base-uncased architecture. However, 
in this case, the task involved Text Classification. 
The sentences were labeled according to the 
definitions of the homonyms, with those referring 
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to ’shovel’ classified as 0, ’lowland’ as 1, and ’cafe’ 
as 2. In this scenario, syntactical information was 
preserved. Similar to the previous model, 80% of 
the data was allocated for fine-tuning, while the 
remaining 20% was reserved for testing. The model 
underwent training for 20 epochs, with the learning 
rate initially set to 0.00005 and a batch size of 16. 
The training process was completed in approxi- 
mately 1.5 hours.  

Lastly, we also conducted experiments using 
recurrent neural networks, specifically Long Short-
Term Memory networks (LSTMs). The training 
dataset was identical to that of our second model; 
however, for this task, we employed our own word 
embeddings. To achieve this, we trained the CC100 
dataset using the Word2Vec model [3], projecting 
words onto 128-dimensional real vectors. The 
Word2Vec model was trained for 20 epochs, with a 
window size of 10 and a minimum word frequency 
of 10. With the training dataset prepared, we 
designed the model architecture. The recurrent 
neural network comprised two hidden layers. The 
first hidden layer consisted of 64 LSTM units, each 
connected to a 128-dimensional input vector. This 
layer was unfolded 13 times, corresponding to the 
13-word input sequence. Additionally, the output of 
each unit in the unfolded layer served as the input 
for the units in the second hidden layer, which also 
contained 64 LSTM units. Finally, the output of the 
last folded layer of the second hidden layer was fed 
to the softmax output layer for classification. For 
this model, we opted to train it 100 times, starting 
from randomly initialized weights, and averaged its 
performance. The dataset was split into 80% trai- 
ning and 20% test sets, with the training set further 
divided into a validation set constituting 20% of it. 
Each training run consisted of 40 epochs, with 
EarlyStopping applied on the validation data.  

Although the models differed in their architec- 
ture and the type of training data, the results were 
quite similar on the test set comprising 1186 
sentences. The transformer models achieved 
identical accuracies of 95.11%. Conversely, the 

recurrent neural network model was trained 100 
times from randomly initialized weights, yielding a 
mean accuracy of 95.096%. The minimum accu- 
racy observed was 93.59%, while the maximum 
was 96.795%. The results are summarized in Table.  

 
Table. Model accuracies 

Model Accuracy (%) 
Transformers – Fill-mask 95.11% 
Transformers – Text-
Classification 

95.11% 

LSTM 95.10% 

 
Below (Fig.), we demonstrate the impact of 

varying amounts of training data on the accuracy of 
the model, evaluated on a test set comprising 1200 
sentences. Notably, all models underwent training 
for 10 epochs. The visualization highlights the 
significant dependency of transformer models on 
the size of the training data, whereas the LSTM 
model exhibits consistent performance across 
different data sizes.  
 

 
Fig. Accuracy vs. amount of training data (T-FM stands 
for Transformers Fill-Mask, T-TC for Transformers 
Text-Classification). 

 
We also experimented with modern chatbots, 

such as Chat-GPT and Bard, to assess their ability 
to understand context and disambiguate homonyms 
in the Georgian language. Some prompts were 
provided in Georgian, inquiring about the context 
in which the homonym was used in a specific 
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sentence. Other prompts involved translating the 
sentence to English before asking (also in English) 
which of the definitions of the homonym could 
have the closest thematic connection to the senten- 
ce. Unfortunately, the results were poor, indicating 
that modern chatbots do not yet possess the capa- 
bility to understand Georgian well enough. Howe- 
ver, there is notable progress in the GPT-4 iteration 
compared to GPT-3.5, indicating promising poten- 
tial for further advancements in the future.  

In this study, we introduced a novel approach to 
the WSD task in the Georgian language by levera- 
ging supervised fine-tuning of a pre-trained LLM. 
Additionally, we explored the performance of 
LSTM models in the same task. Our primary objec- 
tive was to address the challenge of accurately 
disambiguating homonyms, a crucial aspect of 
natural language processing tasks.  

Our experimental results demonstrate promi- 
sing outcomes for homonym disambiguation in the 
Georgian language. The techniques discussed in 
this article achieved an accuracy rate of 95% for 
predicting the lexical meanings of homonyms, 
based on a hand-classified dataset comprising over 
7500 sentences. Despite the inherent complexities 
of the Georgian language, including its agglutina- 
tive nature and unique linguistic features, our 
proposed methods showcase effective strategies to 
tackle the WSD task.  

This approach can be generalized to other 
homonyms by obtaining and classifying sentences. 

It is worth noting that the recurrent neural network-
based model consumes only 322.76 KB of memory, 
and separate classifiers can be dedicated to other 
homonyms. For transformer models, given their 
higher memory requirements, scaling up the num- 
ber of classes or relying on the fill-mask model’s 
performance on various sentences containing dif- 
ferent homonyms could be potential strategies. 
Furthermore, with a significant increase in the 
amount of Georgian text, creating large language 
models may become feasible, enabling the utili- 
zation of contextual embeddings and unsupervised 
techniques.  

The dataset, the model implementations and 
testing codes will be uploaded on the github 
account and huggingface spaces. The homonym 
classification dataset can serve as a benchmark for 
evaluating the current progress in the WSD task in 
the Georgian language.  
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ენათმეცნიერება 

ომონიმური ორაზროვანი მნიშვნელობების ავტომატური 
გარჩევა ქართულ ენაში  
 

დ. მელიქიძე* და ალ. გამყრელიძე* 

* ივანე ჯავახიშვილის სახ. თბილისის სახელმწიფო უნივერსიტეტი,ზუსტ და საბუნებისმეტყველო 
მეცნიერებათა ფაკულტეტი, კომპიუტერულ მეცნიერებათა დეპარტამენტი, თბილისი, საქართველო 

(წარმოდგენილია აკადემიის წევრის ა. არაბულის მიერ) 

ომონიმური ორაზროვანი მნიშვნელობების ავტომატური გარჩევის პრობლემა უმნიშვნელო- 
ვანესი საკითხია ბუნებრივი ენის დამუშავებაში, რაც ქართულში განსაკუთრებულ გამოწვე- 
ვასთანაა დაკავშირებული. წარმოდგენილ ნაშრომში შემოთავაზებულია ქართულ ენაში 
ომონიმური ორაზროვანი მნიშვნელობების ავტომატური გარჩევის ახალი მიდგომა, რომელიც 
წინასწარ გაწვრთნილ დიდი ენის მოდელების (LLM) კონტროლირებულ სწავლებაზეა და- 
ფუძნებული, რომლის მონაცემები ქართული ენის კორპუსის წინასწარი გაფილტვრით იქნა 
მიღებული. ამას გარდა, ომონიმების გასარჩევად გამოყენებულია LSTM (Long Short-Term 
Memory) მოდელები. განხილული მეთოდებით მიღწეულია 95% სიზუსტე ხელით გადარ- 
ჩეულ 7500 წინადადებაზე. 
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