Word Sense Disambiguation with Large Language Models: Casing
Bulgarian

Nikolay Paev, Kiril Simov, Petya Osenova
Artificial Intelligence and Language Technology
Institute of Information and Communication Technologies
Bulgarian Academy of Sciences
Bulgaria

Abstract

The paper presents two approaches to Word
Sense Disambiguation in Bulgarian with the
usage of Large Language Models (in our case
- our own pre-trained BERT models). The
knowledge from a Bulgarian WordNet (BTB-
WordNet) has been used in the fine-tuning
stages. As far as we know, the presented re-
sults are the SOTA in Word Sense Disam-
biguation task for Bulgarian. In addition, we
experimented with various ways in dividing
the data into training, development, and test
datasets.

1 Introduction

The Word Sense Disambiguation (WSD) task is
still an open NLP task, especially for the less-
resourced and undertrained languages with respect
to the semantic parsing and knowledge extraction.
In this paper, we present an approach for WSD us-
ing Large Language Models (LLM). LLMs were
fine-tuned on a dataset produced through com-
piled examples that are related to the WordNet
synsets. We explored not only how well can LLMs
be fine-tuned to the tasks of WSD, but also how
well the knowledge learned by the model interacts
with the knowledge encoded within the WordNet
itself. The interaction between the two sources of
knowledge was performed during the fine-tuning.
It largely depends on the selection of elements in
the training, development, and test datasets.

For example, let us consider the following Bul-
garian sentence: “Hamara cratus Gere mpue-
Ta, 3a koHpepennusTa Global WordNet B Ta-
simsi.” “Nashata statiya beshe prieta za konferen-
ciyata Global WordNet v Italia.” (“Our paper was
accepted for the Global WordNet Conference in
Italy.”) The lemma ‘cTtaTus’ (statiya) is part of two
synsets connected through a hyperonym relation:
a) ‘crarus’ (statiya) (as a paper, synset: oewn-
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06280609-n', gloss: a scholarly article describing
the results of observations or stating hypotheses),
and b) its hyponym ‘crarusi’ (statiya) (as an arti-
cle, synset: oewn-06278749-n, gloss: nonfictional
prose forming an independent part of a publica-
tion). Thus, when we annotate the occurrence of
the word ‘crarus’ (statiya) in the above sentence
in the first sense, it is an exact annotation and thus
classified as a positive example of a correct an-
notation. But using the second sense, which in
the Bulgarian WordNet (which we use) is related
to the same word ‘crarusi’ (statiya) as a negative
example for the annotation in the same sentence,
results in a false statement. Adding such exam-
ples within the dataset for WSD makes the dataset
contain contradictory statements. LLMs very eas-
ily recognize such contradictions. Similar contra-
dictions could also arise from more subtle interac-
tions of relations within the WordNet. Thus, the
selection of examples for the WSD dataset has to
be done carefully.

For our experiments, Bulgarian BTB-WordNet
(BGWN) is used (Simov and Osenova, 2023). The
corpus of annotated examples of Bulgarian is com-
posed of data selected to reflect the senses within
BGWN. Each example contains at least one word
form annotated with a sense of BGWN. Some ex-
amples might be related to more than one sense.
Also, in some of the examples all non-functional
words happen to be annotated. The number of dif-
ferent sentences is 86 755, the number of the an-
notations amounts to 111 272. The senses were
assigned to 27 597 lemmas and these lemmas are
part of 20 615 synsets. Thus, we consider the
resulted corpus large enough for fine-tuning of
LLMs with respect to Bulgarian WSD. The cor-
pus allows us to perform experiments with differ-
ent settings according to these characteristics.

'The Synset identifier was taken from the Open English
Wordnet — https://en-word.net/lemma/paper


https://en-word.net/lemma/paper

To our knowledge, here we present the SOTA
for Bulgarian in the WSD task.

The structure of the paper is as follows. In
the next section, we present some focused related
work. Section 3 describes the approaches that
we implemented for fine-tuning of LLMs to the
WSD task. The first is a binary classification of
a context-gloss pair, where the context is the can-
didate word form within the text, and the gloss is
the definition of the candidate sense. The second
approach is the evaluation of all candidate senses
with respect to their appropriateness for a given
context. In Section 4 we report on the experiments
with BGWN data. The last section concludes the
paper and outlines some future directions of re-
search.

2 Related Work

For the various types of WSD tasks, already LLMs
started to be explored. For example, (Kibria et al.,
2024) test four LLMs for English - ChatGPT-
3.5, Mistral, Llama, Gemini Pro. The last one
performed the best on the nine selected WSD
datasets. However, no fine-tuning was performed
in the experiments. The goal of the research re-
ported in the paper is to evaluate the different
LLMs with respect to their knowledge necessary
for the task of WSD. The main difference with our
work is that our aim is to train a WSD model using
fine-tuning on our annotated corpus.

(Sumanathilaka et al., 2024) approach the im-
provement of WSD through the usage of LLMs
and more precisely, of various prompt techniques.
The authors suggest a method that combines a
knowledge graph, a Part-of-Speech tagging and
few-shot prompting as a guide to LLMs. Sim-
ilarly to the above work this is not using fine-
tuning. We plan to explore some of the proposed
approaches in combination with the approach we
present in this paper. Especially, combination with
knowledge graphs, POS tagging, and Named En-
tity Recognition.

In (Bevilacqua et al., 2021) the recent trends in
WSD have been described. Among other points,
the authors note that ‘different kinds of knowledge
are orthogonal to each other and can be exploited
in conjunction’ and that adding more quality data
improves the results. However, they also argue
that at the moment the knowledge-based WSD is
not so crucial as it was before due to the existence
of many and multilingual pre-trained models.

Concerning WSD in other languages, in (Laba
et al., 2023) a supervised fine-tuning of a pre-
trained LLMs (mostly BERT-based) was em-
ployed on a dataset of Ukrainian, generated in an
unsupervised way. The aim was to obtain better
contextual embeddings for ambiguous words. We
support authors’ conclusion that ‘“WSD involves
not just the knowledge of language but world
knowledge and the capability of piecing together
facts from multiple sources — in other words,
functional competence.’

In our work, we started with a set-up very
close to the one described in (Huang et al., 2019).
Table 1 presents their construction methods for
context-gloss pairs. In the first case, the tar-
get element (usually a word form) in the rele-
vant context (usually a sentence) is coupled with
all glosses for the target element. The glosses
are taken from a Wordnet. For the context-gloss
pairs, a binary classification has been performed
(Yes/No) reflecting whether the gloss describes the
correct sense for the target element in the con-
text, or not. These pairs are called Context-Gloss
Fairs. The specific examples of such pairs are
given in the first part of the table. Addition-
ally, the authors introduced a modification called
Context-Gloss Pairs with Weak Supervision. In
this case, the context part of the pair has been
modified by highlighting the target element in
quotation marks. The gloss part has also been
modified by placing the lemma of the target ele-
ment in front of the gloss. In Table 2 the prefix
of the target element is highlighted by underlin-
ing. These modifications are shown in the sec-
ond part of Table 1. Both types of context-gloss
pairs have been constructed for all the senses re-
lated to the target element in the WordNet. Then
these pairs were used for the fine-tuning of a
BERT language model®>. There are three fine-
tuned models: (1) the model performs a classifi-
cation of the target element in the context-gloss
pair (the model is called GlossBERT(Token-
CLS)); (2) the model performs a classification of
[CLS] token in the context-gloss pair, and in this
way the whole sentence is classified (the model
is called GlossBERT(Sent-CLS)); and (3) the
model performs a classification of [CLS] token
in the context-gloss pair with weak supervision,
and in this way the whole sentence is classified
but with a stress on the target element (the model

2BERT model was introduced by Devlin et al. (2018)



Sentence with four targets:

Your research stopped when a convenient assertion could be made.
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Table 1: The construction methods for training examples. The sentence is taken from SemEval-2007 WSD dataset.
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The ellipsis “...” indicates the remainder of the sentence or the gloss. The table is copied from (Huang et al., 2019),

page 3510.

is called GlossBERT(Sent-CLS-WS)). The re-
ported experiments show that the results improve
from the first model to the last one (with some
small exceptions).

In our own work, we start directly with the
context-gloss pairs with weak supervision. Since
in our case the context examples are directly in-
cluded within the synsets of BGWN, the divi-
sion of a context-gloss dataset in training, devel-
opment, and test sets is not performed on the basis
of the whole annotated texts, but on the individual
context-gloss pairs. During the development and
test evaluation phases, positive and negative cases
were taken into account. We performed experi-
ments by using different divisions of the context-
gloss dataset in training, development, and test
sets, and these divisions demonstrate different re-
sults, respectively.

Song et al. (2021) implemented an approach
to semantically extend the sense representation in
context-gloss pairs. This approach is called En-
hancing Sense Representations (ESR). The idea
is to add related words to the gloss of the synset.
The motivation for this is the observed fact that
the definitions within the synsets are usually short
sentences, and thus do not provide enough infor-
mation about the sense of the synset. This is es-
pecially true when the definitions were written for
human understanding. The related words are con-
structed by first concatenating the words from the
following three sources in order: (i) all the lemmas
belonging to the synset (synonyms); (ii) WordNet
example phrases or sentences of the synset; (iii)
the hypernym gloss of the synset. All textual ele-
ments are concatenated and cleaned. The cleaning
step is performed by deleting all the stop words

and all the repeated words except the first occur-
rence. Another extension is on the context in the
pair — the neighboring sentences of the context
sentence are concatenated to it. In this way, the
example consists of a larger context (more than
one sentence) and a large sense description — the
definition and related words. The paper demon-
strates an improvement of the performance models
trained over such extended context-gloss pairs.

In our work, we also enlarge the example, but
only with lemmas from related synsets. We use
more relations from WordNet, but we do not use
the textual elements of the neighboring synsets.

In (Wahle et al., 2021) the authors propose
some supervised methods that integrate WordNet
knowledge for WSD in LM during the pre-training
phase. In our case, we inject this knowledge into
the fine-tuning phase. Interestingly, the authors
also find that XLNet is more suitable for WSD
than BERT. However, we used BERT in our cur-
rent experiments.

3 LLM Word Sense Disambiguation
Models

In this section, we present the models that were
implemented in order to fine-tune LLMs to the
task of Word Sense Disambiguation. We have per-
formed experiments with three models - two bi-
nary classification models and one multiple choice
model.

Pre-trained Language Models. For our experi-
ments, we used our own pre-trained BERT models
of two different sizes: 355M parameters (BERT-
Large (BERT-L) with 24 layers and embedding
dimension of 1024) and one with 657M parame-



Sentence with a single target:

CiteTl TPUKJTIOYBAHETO HA KypCa MMa Bb3MOXKHOCT 3a MPObJIZKEHUE . . .
. Ha paboTaTa ¢ MEHTOPHUTE, IO CHIIATa CXeMa Ha MPOBEXK/IaHE HA 3aHITHUSITA.

Context-Gloss Pairs with weak supervision of the target word [npobikenue| Label
[CLS] Cnen mpukIodBaHeTO Ha KypCa UMa BbB3MOXKHOCT 3a “IPOJIbJIKEHHE” . . .

... [SEP] npobinkenue: ¥YBejandaBaHe Ha [IEpHOJia OT Bpeme, B KoeTo Herro ce ... [SEP] Yes
[CLS] Caen mpuk/Ir0YBaHETO HA KypCa UMa Bb3MOXKHOCT 3a “IPOJIbJIKEHUE” . . .

... [SEP] npombizkenne: Yacr or uemo (kuura, nueca, dbuam u apyrua) ... [SEP] No
Multiple choice disambiguation

[CLS] Caen mpukIro0UYBaHETO HA KypCa UMa BB3MOXKHOCT 38 MPOIbIIZKEHHE . . .

... [SEP] npombizkenue: ¥YpenndaBaHe Ha TIEPUOJA OT BPEME, B KOETO HEIIO Ce CJAYUBa. . . . (D
... [SEP| npogbxenne: Hact or memo (kHura, nmeca, GuIM U APYrH) HE3aBbPIIEHO, . . . 2)
... [SEP| npogbikerne: B ciopra - HOIbIHUTEIHOTO BpeMe, Ha3HAYeHO 3a omnpejessite ... [SEP]  (3)

Glosses with additional related lemmas (application of ESR)

VBesmuaBaHe Ha IIEPHOJiA OT BPEME, B KOETO HEIIO Ce CJIY4Ba. ... [IPObJKaBaHe, IPOJIbIKEHHE, . . . |
Yacr or Hemo (KHUrA, ueca, GUIM U JPYTU) HE3ABbPIIEHO, . .. [Isil, KJIOH, ... |
B cropra - JAOIbJAHATESTHOTO BpEME, HA3HAYEHO 34 OIPEJEJISIHE . .. [BPEMEBH NEPUO/l, IPObJIZKEHUE, . . . |

Table 2: The construction methods for training examples in both setups. The first setup is similar to GlossBERT.
The second setup presents multiple choice disambiguation where the embedding of the target word in the example
is passed through a linear layer and compared with a dot product to the embeddings of the target word in each
glosses passed through a separate linear layer. In this way the model assigns some probability to each candidate
sense — (1), (2), or (3). The last part of the table demonstrates the addition of the list of lemmas by application of

an ESR procedure.

ters (which we call BERT-Extral.arge (BERT-XL)
with 24 more layers — 48 in total). These BERT
models were pre-trained on 20B Bulgarian tokens.
Our pre-training dataset consists of mainly Web
data, literature, administrative and scientific docu-
ments, as well as Wikipedia articles. The models
were trained for 3 and 5 epochs, respectively, and
a single epoch of pre-training took 23 and 60 hours
on 16 Nvidia A100s. We plan to upload the mod-
els on Huggingface in the near future.

Fine-tuning Data Models. For our fine-tuning
experiments with Context-Gloss Pairs we opted
for the second setup (GlossBERT(Sent-CLS))
where the [CLS] token is passed through a clas-
sification layer. The model is trained on the bi-
nary classification task of predicting whether the
gloss matches the target word. We explored the
idea for Context-Gloss Pairs with Weak Supervi-
sion - the target word is enclosed in special tokens.
Another modification which we studied is enrich-
ing the glosses with a list of lemmas related to the
same sense of the gloss. (similar to Enhancing
Sense Representations Song et al. (2021)). The
lemmas are concatenated to the end of the gloss.
We suppose that expanding the context can lever-
age the ability of the pre-trained model to recog-

nize similar words.

We also explored a second setup — multiple
choice disambiguation. We suppose that provid-
ing more glosses as options helps the model select
the best one by excluding the others. The con-
text contains the example and an arbitrary num-
ber of glosses prepended by the target word and
separated with [SEP] tokens. The embedding of
the first token of the target word in the example
as well as the embedding of the first token of the
target word in each gloss are passed through sep-
arate linear layers and then the dot product score
is calculated between the results. The model is
trained with Cross Entropy Loss to assign a high
score to the correct glosses and low scores to the
wrong ones. We considered two setups: (i) a list
of glosses containing a single correct one, and (i)
a setup where a part of the inputs have no correct
glosses, and in that case the model must assign the
highest score to the last [SEP] token.

Examples of these setups are given in Table 2.
The upper part of the table depicts two examples
for binary classification — one positive (Yes) and
one negative (No). The lower part of the table
shows an example for the multiple choice classi-
fication, which contains three senses related to the
same lemma.



Task 01:

Binary classification of context-gloss pairs with weak supervision

BERT Model ESR Size Training Accuracy
Split: by examples
Ol. BERT-L ESR - 88996 87.57
02. BERT-L ESR + 88996 89.22
03. BERT-XL ESR - 88996 89.57
04. BERT-XL ESR + 88996 91.17
Split: by synsets
05. BERT-L ESR - 85254 72.77
06. BERT-L ESR + 85254 78.05
07. BERT-XL ESR - 85254 73.64
08. BERT-XL ESR + 85254 81.88
Task 02: Binary classification of context-gloss pairs with weak supervision

Gloss with target word prefix: target word:gloss

Split: by examples

09. BERT-L ESR - 88996 87.97
10. BERT-L ESR + 88996 90.31
11. BERT-XL ESR - 88996 89.60
12. BERT-XL ESR + 88996 91.83
Split: by synsets

13. BERT-L ESR - 84840 73.26
14. BERT-L ESR + 84840 81.62
15. BERT-XL ESR - 84840 77.53
16. BERT-XL ESR + 84840 82.75

Table 3: The results from the experiments with binary classification.

Selection of Datasets. For the binary classifica-
tion task, both positive and negative context-gloss
pairs are necessary. Consider the synset s. A posi-
tive pair is made by taking a single example e and
pairing it with the definition de fs of s — (e, defs).
Negative pairs are made in a more complex way.
Consider all lemmas related to the synset. Some of
them are related to more than one synset. Let [ be
one such lemma related to both s and § and s # §.
Then the negative pair is taken to be (e, def;).

As mentioned previously in the introduction
section, a problem with negative examples could
arise if we use a definition from a synset that
shares the same lemma as another synset whose
definition is used for a positive example and the
two synsets are semantically related. (If s and §
are connected by the hypernym relation, for ex-
ample.) In the sentence discussed above, the con-
tradiction follows from the fact that the positive
example claims that the sense for the target word
is ‘paper’ as a scientific paper, while the negative
example states that it is not the case, and that the
same target word is an article being any type of
non-fictional prose and thus forming an indepen-
dent part of a publication (in Bulgarian the lemma
is the same). Obviously, such a negative claim is
not true for the target word. Thus, if the nega-

tions are selected completely random the resulting
dataset could contains contradictions. Therefore,
we have to control the selection of negative exam-
ples in order to escape from such contradictions.

Thus, the GlossBERT method as described
above can lead to undesired data elements in the
dataset for the fine-tuning step. The hyperonimy
relation between the synsets is not the only re-
lation in a wordnet that could couse introduc-
tion of such contradictory examples. Other re-
lations in BGWN include also causes, entails,
mero_member, mero_part, mero_substance, in-
stance_hypernym, similar, sem-derives-to, sem-
derives-to-p, sem-derives-to-v, sem-derived-from-
adj, sem-derived-from, sem-derives-to-adj, sem-
derived-from-v. In addition, the related synsets
are not necessarily directly connected by some
of these relations. Thus, we add one more con-
straint to the selection of the negative synset §
— not only it must share a lemma with s but
it must not belong to the transitive closure start-
ing from the synset s over some of these rela-
tions: causes, entails, hypernym, mero_member,
mero_part, mero_substance, instance_hypernym,
similar, sem-derives-to, sem-derives-to-p, sem-
derives-to-v, sem-derived-from-adj, sem-derived-
from, sem-derives-to-adj, sem-derived-from-v.



In addition to ruling out possible contradictory
negative examples, we require that each target
word has exactly one positive pair and exactly one
negative pair in the fine-tuning dataset. In this
way, the classes are kept balanced. The total num-
ber of context-gloss pairs in the fine-tuning dataset
is 111 272.

The dataset for the multiple choice is con-
structed in a similar manner. The senses that could
lead to contradiction with the correct sense of the
target word are not included in the list of potential
senses. The resulting fine-tuning dataset in this
case has 55 636 entries in total.

In order to perform a step of enriching the gloss
similar to Enhancing Sense Representations, de-
scribed above, we selected the related synsets fol-
lowing the relations mentioned above, because
they implied synsets that follow logically from the
target synset. In addition, we selected not only the
immediately connected synsets, but also those that
were on the transitive closure of the relations. We
restricted the number of synsets from which we
select lemmas to be up to 10.

Partitioning of the Datasets. The choice of
training, validation, and test sets also matters for
fine-tuning. Since most of the synsets have more
than one example and we construct an example-
gloss pair for each example, the same glosses are
repeated across the datasets. This enables the
model to overfitting with respect to the glosses.
This means that the model becomes very well
tuned to the glosses it observed, but it is not able
to deal easily with a sense that it did not observe
during the fine-tuning. In addition this overfitting
adjusts the model to the features that were expli-
cated within the examples. Therefore, such po-
tential overfitting restricts the application of the
model to the annotated examples that are related
to the senses in the training set. If we consider us-
ing the model for disambiguation with the synsets
of the same wordnet, the overfitting to the glosses
does not cause big problems, and thus it can be
ignored. In this case, a simple data split over the
examples in the dataset is good enough. We de-
note this split as split by examples.

However, it is clear that the disambiguation
model should work well not only over the senses
within the training set, but also over new, unseen
glosses. For such cases the overfitting should be
stopped beforehand. Thus, we use a validation set
that does not contain the same glosses for early

stopping. We achieve this by splitting the dataset
in such a way that examples from the same synset
cannot be part of different partitions of the fine-
tuning dataset. We call such a division of the fine-
tuning dataset a split by synsets. The choice for a
negative synset is also restricted to the synsets of
the same set, which makes the context-gloss pairs
totally independent. The new restrictions slightly
lower the size of the fine-tuning dataset — it to-
tals to 92 958 for the pairs, and to 46 479 for the
multiple choice set.

Our intuition behind such a split is that fine-
tuning with it forces the model to generalize over
the context-gloss pairs in a better way. Thus, it
makes the inference during the exploitation of the
model more independent from the actual glosses
the model observed during the fine-tuning step.
Making the validation set independent leads to
an earlier increase in the validation loss during
training. This way the training process can be
stopped earlier avoiding potential overfitting over
the glosses and the resulting model should be bet-
ter suited for disambiguation over new glosses.

4 Experiments and Results

In this section, we report our findings from several
experiments that follow the approaches described
in the previous section.

We fine-tuned the models on 8 Nvidia A100s.
The training was the same for both — the binary
classification of the example-gloss pairs, and the
multiple choice disambiguation. We trained for 3
epochs with a learning rate of 2e-05 with linear
decay and batch size of 32x8 and 8x8 for the two
tasks, respectively. The validation loss was cal-
culated on every 100 steps (out of roughly 1000
for the 3 epochs) and the best model was chosen.
The best model performance was usually achieved
midway through training, with slightly increasing
validation loss thereafter.

We performed Binary classification experi-
ments with both pre-trained models - BERT-L and
BERT-XL. The results are given in Table 3. We
organized the experiments in two tasks: Task 1
includes experiments for a binary classification of
context-gloss pairs with weak supervision. In this
task, we do not add the target word in front of
the gloss; Task 2 is similar, but the target word is
added to the gloss as a prefix. For both tasks, the
experiments use the two splits of the pairs — “split
by examples” and “split by synsets”. Furthermore,



Task 03:

Multiple choice disambiguation

BERT Model ESR Size Training Accuracy
Split: by examples
17. BERT-XL ESR - 44556 83.82
18. BERT-XL ESR + 44556 89.78
Split: by synsets
19. BERT-XL ESR - 42627 72.09
20. BERT-XL ESR + 42627 86.82
Task 04: Multiple choice disambiguation

Gloss with target word prefix: target word:gloss
Split: by examples
21. BERT-XL ESR - 44336 85.03
22. BERT-XL ESR + 44336 89.96
Split: by synsets
23. BERT-XL ESR - 42420 74.14
24, BERT-XL ESR + 42420 89.24
Task 05:  Multiple choice disambiguation using binary classification model

Gloss with target word prefix: farget word:gloss

Split: by examples

21. BERT-XL ESR - 44336 75.47
22. BERT-XL ESR + 44336 81.52
Split: by synsets

23. BERT-XL ESR - 42420 83.07
24. BERT-XL ESR + 42420 87.71

Table 4: The results from the experiments with multiple choice disambiguation.

the experiments were performed over pairs with
added lemmas from related synsets (ESR column).
The results show that the exploration of a larger
model produces better results. This is evident from
the comparison of experiments 01, 02, 05, 06, 09,
10, 13, 14 with experiments 03, 04, 07, 08, 11,
12, 15, 16 respectively. This observation is sim-
ilar to the results in other NLP tasks. Thus, for
the other setups we use only the larger pre-trained
model (BERT-XL).

The addition of lemmas from related synsets
also improves the results. Here, the observation is
that the added value from the application of ESR is
much higher in the cases of “split by synsets” than
“split by examples”. In our view, this is due to the
overfitting in the case of “split by examples”. In
the other case, the impact of the model generaliza-
tion over the glosses and the related information
is much bigger. The last improvement of the re-
sults arises from the addition of the target word to
the glosses in the context-gloss pairs. This is visi-
ble by comparing the experiments in Task 01 and
Task 02.

The results from our second setup — multiple
choice disambiguation — are given in Table 4.
The results here are parallel to the ones reported

above for the binary classification ones. Thus,
all the methods for expanding the semantic con-
tent in the senses work in the same way. The
main difference is the result produced by the mul-
tiple choice disambiguation — distribution over
the glosses that are candidates for the sense of
the target word. In our view, this approach could
be useful for many more applications than the bi-
nary classification approach. One such applica-
tion is, for example, finding new senses for a given
lemma.

The results from both setups are not compara-
ble. The binary classification accuracy shows how
confident the model is that the word in the exam-
ple is used with a specific sense. If we would like
to use the binary classification for disambigua-
tion, the model should be inferred with all possible
senses of the target word separately, and then the
senses can be ranked according to the confidence
of the model predicting label Yes. The multiple
choice disambiguation model does that process in
a single step. Thus, a more suitable comparison
of the binary classification model to the multiple
choice model should be the result from the above-
mentioned setup, which is given in Table 4 as Task
05. The data show that the multiple choice model



performs better for disambiguation overall.

5 Conclusion and Future Work

In this paper, we describe several LLM-based
models for the WSD task in Bulgarian. We pro-
vide two setups for solving the problem. The two
approaches complement each other. The binary
classification setup provides a better result but re-
quires several applications in order for the best so-
lution to be found. It is not easy to recognize the
cases where there is a gap in the lexical resource
with respect to senses. The multiple choice ap-
proach solves the problem at once. It is also rela-
tively easy to add an option for the missing senses.
Last but not least, among our models there are
such that are a SOTA in WSD for Bulgarian.

We also demonstrate that the proper selection of
training, development, and test sets from a dataset
of all context-gloss pairs is important for the qual-
ity and behavior of the model. Then the applica-
tion of the models will depend on the task that we
would like to solve. We recognize these differ-
ences because we started with examples for the
senses within BGWN. We think that such prob-
lems arise also when it comes to whole texts an-
notated with senses.

One direction of future work is to improve
the knowledge resource that we use — BGWN.
It can be improved through the incorporation of
more and diverse semantic information within the
synsets. This might be done, for example, by
improving the informativeness of the definitions
by requiring a more complex structure for them,
where various characteristics of the lemma mean-
ings are made explicit. Also, through the addition
of more examples and relations among the synsets.
To sum up, more information has to be added in
the direction of a more dense and versatile hierar-
chy, as well as in the direction of definitions and
related examples.
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