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ABSTRACT The ambiguity of a polysemous word, regardless of its language, is referred to as the ability to
have more than one meaning. Many techniques from Word Sense Disambiguation (WSD) have been used to
clarify the ambiguity. With these techniques, the correct sense of a word according to its particular context
can be determined. In English, there exist many ambiguous words. For example, the word cell may have
different meanings based on its context. For instance, it may mean the basic structural unit of all organisms
in biology domains, or it may mean a device that delivers an electric current as the result of a chemical
reaction in textual materials about technology or electricity, or it completely means another different thing:
a room where a prisoner is kept in textual materials about prison. In this study, to enhance the performance
of the WSD task, we develop a methodology with Graph Convolutional Neural Networks (GCN), including
normalization, thresholding, and regularization modules. We attempt to improve the traditional Text GCN
algorithm with a semantic diffusion process, which increases the classification performance of the WSD
task. As far as we know, there is no work for such a comprehensive classifier for the WSD task in English.
To show the effect of the suggested model, we performed experiments on the SensEval dataset, which is a
very popular dataset and benchmark in the WSD domain. The experiment results show that the regularization
effect and diffusion process in GCN and Text GCN architectures are powerful strategies for the WSD task.

INDEX TERMS Diffusion algorithm, graph convolutional neural networks, graph neural networks, graph
regularization, word sense disambiguation.

I. INTRODUCTION

In natural languages, some words often can have different
meanings (senses) depending on the context of their usages
in various sentences. These types of words are called polyse-
mous and exist in many languages. For instance, according to
WordNet,! there are 40 different senses of the English word
head [1]. Some senses of the word head are as follows: 1) the
part of the body above the neck where the eyes, nose, mouth,
ears, and brain are, 2) a person or animal when considered as
a unit, 3) a measure of length or height equal to the size of a
head, 4) the mind and mental abilities, 5) someone in charge
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1 https://wordnet.princeton.edu/

of or leading an organization, group, 6) the top part or begin-
ning of something. Polysemous words lead to uncertainty in
the context of their occurrence due to having two or more
meanings depending on the circumstances. Consequently,
disambiguation is a challenging problem that must be handled
meticulously in many tasks related to natural languages.

In Natural Language Processing (NLP), understanding the
correct sense of a word is necessary for many processes. For
example, Part-of-Speech (PoS) tagging is a process of NLP.
In PoS tagging, each word of the sentence is labeled with its
appropriate part of speech, such as a verb, noun, or adverb.
To properly perform PoS tagging, the exact sense of the
word must be known. In PoS tagging, the ambiguity problem
should be resolved to at least an acceptable degree to achieve
high performance. Another example is text translation, which
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is the process of converting the language of the text to another
language without changing the content and meaning. To prop-
erly convert a language to another, ambiguity must be han-
dled carefully since many polysemous words exist in many
languages. Also, in other NLP tasks such as text summariza-
tion, information retrieval, topic classification, and sentiment
polarity detection, ambiguity still can be a problem due to
the characteristics of natural languages; thus, Word Sense
Disambiguation (WSD) holds a vital role in NLP from past
to present [2], [3], [4].

There are two types of ambiguity; these are lexical and
syntactic ambiguity [2]. Lexical ambiguity has two or more
meanings within a single word, and the syntactic meaning
has two or more meanings within a sentence or sequence of
words. Practically in NLP, syntactic ambiguity is harder to
detect compared to lexical ambiguity.

Various research has been done to solve the problem of
detecting ambiguity. These approaches can be categorized
roughly as dictionary-based methods [5], [6], [7], [8], [9] and
machine learning methods [10], [11], [12], [13], [14], [15],
[16]. Dictionary-based methods habit to using an external
resource or corpus (i.e., WordNet!, BalkaNet [17], BabelNet
[18], IMS [19], Wikipedia, Twitter, etc.) to get the capability
of different semantic meanings of words. In WSD, supervised
machine learning methods and deep learning algorithms are
usually preferred over dictionary-based methods due to hav-
ing better performance.

In the last years, graph-based neural networks and
diffusion-based models have been highly published [20],
[21], specifically in image processing [21], [22], [23].
Besides these achievements, recent NLP studies also aim
to utilize graph-based neural network algorithms such as
Graph Convolutional Networks (GCN) and Graph Attention
Networks (GAT) [14], [15], [24] to accomplish WSD tasks as
well. However, compared with the usage of these algorithms
and their variants in image processing, these efforts are in the
beginning phase for WSD.

In this study, we want to further these attempts by merging
the semantic diffusion kernel approach [25], [26], [27], [28]
with graph-based neural network algorithms to develop a
methodology for enhancing the performance of the WSD
task. The success of previous NLP studies on the diffu-
sion process as a semantic kernel indicates this process is
superior in distinguishing the correct meaning compared to
other kernel-based methods [26], [27], [29]. The success of
the diffusion-based image-processing graph algorithms and
semantic diffusion kernels inspires our methodology. We aim
to achieve a similar success of diffusion-based graph algo-
rithms for finding the correct sense of English polysemous
words in textual data. The main challenge is to create a
graph-based algorithm that utilizes a diffusion process on
textual data to accomplish the WSD task.

We propose two different and novel strategies to use the
diffusion process with graph algorithms GCN and GAT. Our
first strategy is inspired by the Text GCN algorithm [24].
We replace the Pointwise Mutual Information (PMI) based
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matrix with a semantic diffusion matrix by aiming to capture
the semantic similarities within words better than PMI.

The second strategy is very similar to [20] but differs in
adjacency matrix creation for the textual data. Our strategies
include several test schemes with normalization and graph
regularization to observe the direct effect of these techniques.
We conduct many experiments on the benchmark dataset:
Interest, Line, Hard, and Serve from SensEval [30]. Accord-
ing to the experimental results, our technique is superior in
the sense of accuracy metrics. Moreover, we achieve this
superiority with a smaller training matrix.

Our contributions can be summarized as follows:

o The primary purpose of this study is to show the effec-
tiveness of a methodology including semantic diffusion
algorithms and Graph Neural Networks (GNN) with
specialized regularization thresholding (sparsification
[20]) and normalization techniques. Based on our liter-
ature search, there needs to be more effort for such a
comprehensive model construction for the WSD task in
English.

o In the Text GCN algorithm, a large and heterogeneous
text graph is used [24]. We improve the traditional Text
GCN algorithm with a semantic diffusion process which
contributes to the literature due to its unique property of
being the first of its kind.

« We aim to replace the convolution process on words of
the Text GCN algorithm and mimic the process by the
diffusion process. In the simplest sense, the semantic
diffusion process does a weight propagation on the graph
of the words and creates a similarity score between
each word. One of the convolution layers of Text GCN
precisely focuses on doing this process as well, and this
observation is the starting point of this study.

« We propose a novel way of utilizing textual data in
diffusion-based graph algorithms [20]. We created a
semantic diffusion matrix and obtained an adjacency
matrix within documents. We applied the graph convolu-
tion to this adjacency matrix called Semantic Diffusion
GCN.

According to the experimental results, our technique is supe-
rior in several metrics. Moreover, we achieve this superiority
by Semantic Diffusion GCN with a smaller training matrix
than the Text GCN algorithm.

We organize the remainder of the paper as follows; In
Section II, the background and we present selected related
work from past to present. In Section III, we explain the sug-
gested methodology. In Section IV, we present experimental
results and corresponding discussions. Lastly, in Section V,
we explain the conclusion and the future directions of this
study.

Il. BACKGROUND AND RELATED WORK

A. WORD SENSE DISAMBIGUATION

WSD is a classification task that tries to identify the most
appropriate sense of a polysemous word between various
possible senses specified with a lexicon depending on the
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context. Two types of WSD exist. The first is the Lexical
WSD. In Lexical WSD, there are a couple of pre-selected
sorts of target words. Each word has multiple senses. Super-
vised machine learning algorithms are usually used for find-
ing the correct sense of every word. Second type of WSD
problem is called the All-words task. The critical distinction
between the Lexical and the All-words task is, in the All-
words task, the disambiguation of whole sorts of words is
intended (i.e., adverb, noun, verb, adjective) throughout the
whole corpus. In general, wide-coverage systems are required
for this task. This work is dedicated to finding the correct
sense of the words given.

B. RELATED WORK

In this section, different studies from the literature from past
to present are summarized below, which focus on the WSD
problem that mainly uses the datasets under the Senseval and
SemEval tasks, which are benchmarks for this domain.

In the study by Yang et al. [31], a WSD model is proposed
based on a sequence topic model that uses sense dependency.
In the proposed model, to determine the true sense of a word,
unlike the usual WSD approaches that only use the infor-
mation of context, this proposed model includes the global
sense distribution in addition to contextual sense dependency.
As an approach to the proposed model, the correct meaning of
the targeted word depends upon the sense of the word which
comes before that word. This dependence is presented using
the Markov chain assumption. According to the proposed
approach, the methodology can be rule-based and unsuper-
vised. As the dataset, the model mainly uses the “Senseval”
dataset, which is highly used for WSD models. Specifically,
five different datasets are used. These are, SemEval-2007,
SemEval-2013, Senseval-2, Senseval-3, and SemEval-2015.
Experiments were done to observe the performance of the
model. According to this evaluation, when all datasets are
included, the model achieves an overall 66.9% of the F1
score. This evaluation shows that the proposed model’s per-
formance is low compared to some WSD models, but it
achieves the performance of other state-of-the-art knowledge-
based approaches.

In the study by Sousa et al. [32], an evaluation study
for WSD is made based on semi-supervised approaches
with word embeddings. For this purpose, multiple datasets
were used. These datasets are, Senseval-2, Senseval-3, and
Semeval-2007. The primary purpose of this study is to adapt
semi-supervised algorithms for WSD using word embeddings
such as Word2Vec, FastText, and BERT models. An eval-
uation of four different graph-based semi-supervised WSD
models is conducted. In the first step of the methodology,
preprocessing steps are applied to the datasets. In the pre-
processing steps, the datasets are tokenized, lemmatized,
removed from the stop words, and PoS-tagged. Embeddings
Word2Vec, FastText, and BERT were used with PoS tags of
words to represent WSD. The graphs are constructed, and
different distance measure algorithms were used to choose the
best one to represent the word sense clusters. For evaluating

VOLUME 11, 2023

the performances of the built models, the F1 scores are cal-
culated for each model. According to the results, the BERT
model achieved the best performance compared to other mod-
els, with an 87.4% F1 score.

In the study by Rahman and Borah [33], an unsupervised
method is proposed for WSD. The proposed WSD technique
is implemented based on an unsupervised methodology. Mul-
tiple datasets were used that were created explicitly for the
WSD problem. These datasets are, respectively, Senseval-2,
Senseval-3, SemEval-07, SemEval-13, and SemEval-15. For
the methodology, first, preprocessing steps are applied to all
datasets. In the preprocessing steps, stop words are removed
from the datasets, and stemming is applied to find the root
form of words. Then PoS tagging is applied to find the
tag of each word in the datasets, and lastly, named entity
tagging is applied to distinguish different names, locations,
organizations, etc. The collocation feature is obtained for the
purpose of finding the correct meaning of the word. Colloca-
tion refers to the words or phrases used with other words or
phrases [33]. With the collocation, it is possible to find the
information on which words occur near the other words. The
collocation score is found for deriving the collocation feature.
The formula for finding the collocation score is detailed
and explained in the study [33]. For each sense of a word,
the collocation score is calculated. And according to this
calculation, the correct sense of the word is determined. The
proposed model is evaluated for all the datasets. According to
the results, the proposed system achieved the highest score,
which is 77.8%.

In the study by Kohli [34], the WSD problem is tried to be
solved by proposing a method that uses transfer learning and
augmentation. For datasets the proposed model uses various
datasets. For training, the system mainly uses SemCor 3.0.
SemCor 3.0 is a specially annotated WSD corpus of over
226k word sense tags. For training purposes, SemEval-2007,
SemEval-2013, SemEval-2015, Senseval-2, and Senseval-3
corpuses are used. Data augmentation is performed on the
datasets used for training purposes. For the base of the model,
Multi-Task Deep Neural Networks (MT-DNN) architecture is
used. The model consists of multiple shared layers and task-
specific layers. After building the model, it is trained and
tested with the specific datasets. Then the prepared model is
evaluated. According to this evaluation, the model achieved
a score of 79.0%.

In the study by Duarte et al. [35], deep analysis of
semi-supervised learning and neural networks WSD are rep-
resented. As datasets, Senseval-2, Senseval-3, Semeval-2007,
and SemCor corpora are used. In the experimental setup,
in the first step, the datasets are preprocessed by apply-
ing, respectively, tokenization, lemmatization, stop word
removal, and PoS-Tagging. Then the word embeddings from
Word2Vec, FastText, GloVe, Bert, and Electra are extracted
to represent the WSD. After the embedding extractions and
combined with the PoS tags of words, for semi-supervised
learning algorithms, Label Propagation (LP), Local and
Global Consistency (LGC), Gaussian Random Fields (GRF),
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OMNI-Prop (OMNI) algorithms are trained and used with
different distance measures such as cosine, Euclidean, Man-
hattan, Chebyshev, etc. These models are run to build graphs
with different parameters. After all these steps, to evaluate
the prepared algorithms, the F1 scores of each algorithm
are calculated on different datasets. According to the results,
LGC algorithms with Electra achieved the best performance
with an 88% F1 score.

In the study by Zhang et al. [14], a WSD model using
GCN is proposed to enhance the disambiguation accuracy.
In the proposed model, PoS, semantic category, words were
extracted from contexts of the ambiguous word and set as
discriminative features. Sentence and discriminative features
are set as nodes of the proposed WSD graph. For embed-
dings of nodes and edge weights, Doc2Vec, Word2Vec,
PMI, and Term Frequency-Inverse Document Frequency
(TF-IDF) were used. For experiments, training, and test cor-
pus of SemEval-2007: Task #5 was used. Experiments were
separated into four groups. In two groups, a comparison
was made between GCN, CNN, LSTM, CNN+LSTM, and
CNN+BiLSTM models on constructed WSD graphs. In other
groups, experiments were done with GCN to analyze the
effect of the number of layers and window size on average
accuracy separately. According to the results, it showed that
the performance of GCN is better on WSD than other models,
and better results could be obtained with less number of
layers.

In a study by Kwon et al. [9], two novel methods were sug-
gested. An encoding method for representing word vectors
using Lexical Knowledge Bases (LKBs) is suggested as the
first method. Secondly, a method that uses word similarity to
specify the context of the ambiguous word was suggested.
For realizing the second method, specific thresholds were
used to decide whether a word was sufficiently relevant to
an ambiguous word. The thinking behind this process was
that some words were more important than others for describ-
ing context. For experiments, SemEval-02, SemEval-03,
SemEval-07, SemEval-13, SemEval-15 datasets were used.
Also, WordNet! and BabelNet were used as LKBs. Accord-
ing to the results, it showed that their model was more pow-
erful than the compared knowledge-based WSD systems.

In the study by Le et al. [15], two mechanisms were pro-
posed to enhance the performance of deep learning models
for metaphor detection. For the first mechanism, a depen-
dency parse tree was used with GCN. Using dependency
parse trees relied on the idea that some words in sentences
are more important than others for metaphor detection. As the
second mechanism, a multi-task learning framework com-
posed of four modules was proposed to take advantage of
the similarity between WSD and metaphor detection tasks
on modeling and semantic level. Experiments were done
with VUA, MOH-X, and TroFi datasets. According to the
results, state-of-the-art performance was achieved with their
proposed model for metaphor detection.

In the study by Zhao et al. [16], the ES-GCN algorithm
was proposed for semi-supervised node classification. In the
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ES-GCN framework, the entropy aggregation (EA) layer used
for improving the reasoning ability of GCN was placed.
This step was the novel part compared to previous studies.
It is mentioned that multiple EA layers could be stacked
after GCN layers in the study. Another proposed method
was to expand supervised information. According to the
study, supervised information had a significant effect on
the performance of GCN models. For this reason, and
feature aggregation (FA) checking part that was used for
generating pseudo-labels had higher quality was placed in
the ES-GCN. For experiments, Cora, CiteSeer, PubMed,
Chameleon, Squirrel, and Acotr datasets were used. Accord-
ing to experiment results, ES-GCN gave better results than
baseline algorithms generally (especially experiments on the
small ratios of labeled nodes).

In the study by Calvo et al. [36], a method was presented to
disambiguate the words that were unseen during training. For
experiments with four proposed models, Senseval 2 and Sen-
seval 3 English Lexical Sample were used. Proposed models
had the advantage of disambiguation from the point of not
being mandatory to a fixed set of words. Senseval 3 ELS was
used for comparison with the state-of-the-art mentioned in
the study. According to experiment results, the performance
of models was close to the state-of-the-art that is mentioned
in the study but could not outperform.

In the study Butnaru by et al. [37], a bio-inspired unsuper-
vised, knowledge-based three-phased global WSD algorithm
(named ShotgunWSD version 2.0) was proposed. Shotgun-
WSD had a different computational manner for describing
the relatedness of two senses of words. For experiments,
SemEval 2007, SemEval 2013, SemEval 2015, Senseval-2,
Senseval-3, and unified datasets were used. In experiments,
ShotgunWSD 2.0 was compared to previous versions of
ShotgunWSD and other knowledge-based or unsupervised
approaches. According to experiment results, ShotgunWSD
outperformed many unsupervised, knowledge-based methods
and the previous version of ShotgunWSD. Also, the baseline
method mentioned in that paper was outperformed on two
datasets.

In the study by Corréa Jr. et al. [38], it was pointed out
that improvements in the literature on WSD play a signif-
icant role in systems such as search engines and machine
translators. For the study, context words and words wanted to
disambiguate were used as elements of a bipartite network.
The inductive Model Based on Bipartite Heterogeneous Net-
work (IMBHN) algorithm was used with bipartite networks
for WSD. In the IMBHN algorithm, relevances of topi-
cal/local features (topical and local features mentioned in the
study) for related ambiguous words were used for inferring
senses. For the experiments, Senseval-3 English Lexical Sam-
ple Task, SemEval-2007 Task 17 English Lexical Sample, and
sub-datasets (i.e., Interest, Line, Hard, and Serve) of SensEval
[30] were used. According to experiment results, IMBHN
outperformed the other models on sub-datasets Interest, Line,
and Serve. Also, IMBHN outperformed the baseline model
with significant differences in F-scores for Senseval-3 and
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SemEval-2007. In general, it was observed that their method
also had good performance with using smaller amounts of
data on training.

In the study by Silva et al. [39], it was pointed out that WSD
had a crucial role in machine translation, and high-level learn-
ing was important for WSD besides low-level order learning.
Conventional approaches for supervised classification meth-
ods to disambiguate the word sense considers only physi-
cal or topological features. Conversely, the hybrid approach
composed of low-level and high-level order learning was
employed. According to experiment results, it was showed
that high-level terms play a significant role in enhancing
the performance of classification in real-world and artificial
networks.

Ill. APPROACH
This section will describe the methodology and present the
necessary notations used throughout the article.

A. SEMANTIC DIFFUSION

We assume that the corpus in use has a size of m documents
and ¢ terms. In our setting, we denote an undirected graph
with G = (V, &) where V is the set of nodes and £ is the
set of edges. We let m be the number of nodes and A €
Mat,,,(R) to be the adjacency matrix of size m. In this study,
we use Bag of Words (BoW) to compute the representation
matrix X € Mat,, ;(R) which is called the document-by-
term matrix representation of textual data to be classified. Our
straightforward approach to creating the adjacency matrix for
the graph G for textual data is as in (1). We call this matrix a
BoW-based adjacency matrix.

A =XXT e Mat,,(R) (D)

In the next section, we use the semantic diffusion matrix to
create an adjacency matrix. We compare the effects of the
straightforward approach, and the diffusion approach gives
the added value of the latter.

The diffusion process is a method that has roots from the
heat equation, and it can be described as the discretization of
the Gaussian kernel [25], [40]. The semantic diffusion matrix
is denoted as S and calculated as in (2).

i
_ A i
s=> G )
In (2), G is calculated as in (3).
G =XT"X e Mat,(R) 3)

In the eyes of the semantic studies on graphs, the diffusion
process models the semantic similarities between terms in the
corpus as explained in [26] and [27].

B. TEXT GCN WITH DIFFUSION

In the Text GCN algorithm, in [24] Yao et al. use a large and
heterogeneous text graph. The adjacency matrix of this graph
contains term (word) nodes and document nodes to model
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Algorithm 1 Semantic Diffusion Matrix
Require: Matrix X, Parameter A\, Taylor Step T
Ensure: Semantic Diffusion Kernel
Initialization:
G=XxTx
S : 2I; € Mat;(R)
cfori=1toT — 1do
S:=S+2%G
: end for
: return 0.5

2w s

term co-occurrence within the whole corpus. In this algo-
rithm, two convolution layers are used. One layer captures
the term level convolution, and the other layer document level
convolution [24].

Let us describe the construction of the adjacency matrix
in Text GCN in detail and how we tweak it. In Text GCN,
PMI is computed between words to grasp inter-word rela-
tions. Hence in the graph, an edge exists between each
term with a weight value coming from the PMI computation
defined in (4).

PG, )
pp()

Between a document and all terms used in this docu-
ment, connections are built by using TF-IDF values. A crit-
ical remark is that separate documents have no connection,
as seen in (5).

PMI;; = log

“

PMI;, i, j are terms, PMI; > 0
TF-IDF;;, iis document, j is term

Aj= T (5)
1, i=j
0, otherwise

The adjacency matrix is a matrix A € Mat,4; 4 (R), which
can be visualized as in (6).

TF—IDF) )

A — ( Iﬂ’l

TF-IDFT  PMI
In the matrix (6), I,, € Mat,(R) denotes the identity
matrix of size m, TF-IDF € Mat, ;(R) denotes the term
frequency-inverse document frequency matrix that gives the
relations between terms (words) and documents of size m x t
and PMI € Mat,;(R) denotes the matrix that gives the relations
between terms that is of size ¢. The Text GCN algorithm
relies on inter-term and term-document relations to find the
document connections. There are some drawbacks of this
algorithm as the corpus grows. One is that the PMI matrix
in the adjacency matrix given in (6) results in a larger term-
by-term matrix. This process results in hardware limitations
during computations, but more importantly, it adds noise to
the system. Some attempts are made to avoid this issue, for
example, limiting the vocabulary used in TF-IDF compu-
tations. This strategy resembles the thresholding technique
Section III-D that we apply for GCN and GAT. In Text GCN

computations, we did not apply such methods.
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In this WSD study, we replace the word-by-word
PMI-based matrix with a semantic diffusion matrix S. The S
matrix already carries semantic similarities within the terms.
Our experiments (see section IV) show that it describes
inter-word semantic relation better than PMI, specifically
for WSD tasks. In essence, diffusion is a learning process,
namely a model. We transfer what the semantic diffusion pro-
cess learned to the GCN model. To use the semantic diffusion
process, we replace the PMI matrix with the S matrix. Hence,
we rewrite the adjacency matrix in (5) as in (7).

A ( Iy TF-IDF)
TF-IDFT  §

Semantic Diffusion matrix § € Mat,(R) will give a dense
sub-graph structure. This structure contains several seman-
tic links between the words. There are two normalization
steps that we interchangeably apply to the semantic diffusion
matrix. The first normalization is called semantic normaliza-
tion. This process aims to keep the semantic similarity of
different words [0, 1) where the score of the same word is 1.
We compute the semantic normalization by (8).

S
VAN

Rapid changes between close points cause the model to
fail to fulfill the cluster assumption. A method called graph
normalization is a way to solve this issue. In the following
sections, we will call this process regularization to avoid con-
fusion with semantic normalization. We note that for the Text
GCN algorithm, we do not regularize the whole adjacency
graph but only the semantic diffusion part of it. We will
denote the regularized matrix as in (9).

D~ '/2sp=1/2 )

(N

®)

D is the degree matrix of S can be computed as in (10).
Di=>S; (10)
i

After the graph is built, we feed this structure to two
layered GCN as described in [41] and [24].

C. GCN WITH DIFFUSION

Text GCN algorithm utilizes a large matrix that we replace
with a more compact version that encapsulates the semantic
relations. We aim to eliminate the convolution process on
words of the Text GCN algorithm and mimic the process by
the diffusion process and carry this information to a more
compact adjacency matrix. The semantic diffusion process
propagates weight on the graph of the words and creates a
similarity score between each word. One of the convolution
layers of Text GCN precisely focuses on doing this process.
Since diffusion processes are similar to convolution on words,
we can reduce this adjacency matrix in (5) and (6) to the
matrix of size m. To empirically show that this idea has
its merits, we introduce a method to utilize the semantic
diffusion matrix in the GAT and GCN settings.
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Let us first review the Graph convolution setting described
in [41]. Consider a multi-layer GCN with the following
layer-wise propagation rule as in (11).

HY = o(D~2AD 2 HOWD) (11)

Here, A is the adjacency matrix of the undirected graph
with self-loops. The matrix D is the degree matrix of A. The
weight matrix W is the matrix to be learned, and the sigma
function o denotes an activation function.

In [20], they also create a diffusion matrix based on
the heat kernel. They create a transition matrix, mainly a
graph-regularized diffusion matrix as defined in (12).

Tym = D™'2SD™1/2 (12)

The symmetric transition matrix Ty, will not serve our
needs to get inter-word and document similarities simulta-
neously. There are other ways to create this matrix in dif-
ferent circumstances [42]. Our approach is more to describe
the semantic interrelations between documents through the
diffusion process. Namely, we want to use a matrix that gives
the inter-document similarity from the diffusion process.
To accomplish this, we need to define the node features of our
graph as Feature Matrix by (13). For GCN and GAT models,
we normalize the S matrix given in (13) as in (8).

Feature matrix = F = XS (13)

We construct the adjacency matrix in the semi-supervised
setting as in (14).

A=Xx5x$)T = xssTxT (14)

We experimented with all possible regularization scenar-
ios. The semantic matrix S is semantically normalized as
in (8). The adjacency matrix A can be regularized as in (15).

D~2Ap~1/? (15)
D is the degree matrix of A can be computed as in (16).

Dij =D Ay (16)
i

D. THRESHOLDING

The diffusion process creates similarity links between each
term in the corpus. This results in a dense matrix S. To get
a document-by-document relationship we apply (14) to S,
which is eventually converted to a complete graph struc-
ture. During our experiments, we observed that the learn-
ing process is hindered drastically with a complete graph
containing such weak links. Removing some links from the
graph restored the learning process. We conclude that such
links create noise in the system. This observation is based on
carefully tracking the loss functions after each epoch. We cut
some edges with weights smaller than the given threshold
value, which solves this issue. We took this threshold value
as another hyperparameter and did the threshold search on
training and validation data. Test data is never introduced in
the threshold search to avoid any leakage.
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In literature, we also come across such techniques to clean
noise [20], [43] on the diffusion matrices. Our observation
implies that learning on graphs happens on sparse matri-
ces better than dense ones. A more theoretical approach to
noise-cleaning on graphs in the case of diffusion application
can be found in [43].

In the study [14], the effect of each GCN layer in the Text
GCN setting is explained very clearly. The first GCN layer
deals with the local word (two right and two left words)
connection, and the second layer of GCN deals with global
word connections. The study clearly stated that the global
connection between words has a better effect on the perfor-
mance of the Text GCN. Similarly, in our study, we observed
that more than one GCN layer would give the best perfor-
mance. Moreover, our diffusion GCN framework becomes
more robust with global word-by-word relations obtained
from the diffusion process.

On the other hand, the thresholding on similarity scores
from the diffusion process heuristically defines sense-based
locality on the words. A study that emphasizes the power
of local word connections in a graph setting is [38]. In our
opinion, the locality definition in that study can be reformu-
lated by thresholding on similarity measures. This can extend
the graph structure in our study to bipartite graphs settings.
Adapting the GCN structure to a bipartite graph is also possi-
ble via Graph Convolutional Collaborative Filtering (GCCF)
structure [44], which can be a good future work direction.

E. TRAINING

We apply semantic normalization to S by (8) and, depending
on the experiment graph regularization to adjacency matrix A
in (15) by using (16). Then, we get the best threshold value
and eliminate noise from the adjacency matrix by applying
the thresholding process.

For Text GCN model training, the adjacency matrix is as
in (6) or (7). We train Text GCN and GCN as explained in
[41]. As pointed out in [41], the repeated application of the
convolution creates exploding or vanishing gradients. A small
trick of adding self-loops solves this problem. The following
operations can define forward propagation in GCN. During
convolution, graph regularization is applied to the adjacency
matrix with the self-loops.

f(X,A) = softmax(AReLUAXW @)yw 1) (17)

Note that in (17), for Text GCN, X is set to be the identity
matrix of size A [24]. For GCN/GAT, it is the feature matrix.

The softmax function is defined as in (18).
softmax(x;) = M (18)
X exp(x;)

But in our GCN/GAT experiments, we observed better
results without the softmax layer. Hence we skipped this step.
The loss function in (19) is the same as defined in [41].

F
L= —ZZYdf InZyr (19)
d f
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In (19), the index d denotes the indices of labeled docu-
ments and F is the dimension of output features, Z is the out-
put of (17), and Y is the labeled indicator matrix as described
in [24].

We followed the same structure described in the GCN
part for the GAT layer but added an attention layer on top
of our GNN architecture. The GAT structure is used as
described in [46].

IV. EXPERIMENTS AND RESULTS

A. DATASETS

Experiments were done on four different sub-datasets
(i.e., Interest, Line, Hard, and Serve) of the SensEval [30]
dataset widely used for WSD. Information about datasets is
shown in Table 1. For all experiments, we split datasets into
training, validation, and test sets as stratified. Label ratios
mentioned in all result tables (Table 2, Table 3, Table 7,
Table 6, Table 8) were ratios of labeled nodes to all nodes
in the dataset. The validation set ratio was set as %10 of
unlabeled nodes. In addition, because of imbalanced datasets,
some labels are too few for splitting stratified. When a kind
of label was not found in the training set, we randomly
selected one sample of this kind of label from the test set and
transferred it to the training set. In final, every kind of label
was found in the training set. Distributions of senses in each
dataset can be found in Fig. 1.

TABLE 1. Graph structure for each dataset.

Dataset ~ Number of Documents ~ Number of Words ~ Number of Classes
Interest 2,367 6,371 6

Serve 4,378 16,667 4

Line 4,146 16,073 6

Hard 4,333 11,589 3

B. EXPERIMENTS ON TEXT GCN WITH DIFFUSION

In experiments on Text GCN with diffusion, we set the
window size as 10 for method Text GCN, and we set the
A = 0.02, Taylor Step as 4 for experiments of all diffusion
methods. Using the Adam optimizer, we trained models with
two convolutional layers (330 neurons). The Single random
seed was used. The random seed was 42.

The abbreviations that we use in Table 2 and Table 3 are as
follows. T-DIFF stands for the model that we get by replacing
PMI with Semantic Diffusion Matrix, as in Algorithm 1.
The model T-DIFF REG is created by replacing PMI with
Semantic Diffusion Matrix that is regularized by (9). T-DIFF
NORM is created by replacing PMI with Semantic Diffusion
Matrix that is normalized by (8). T-DIFF NORM REG is
obtained by replacing PMI with Semantic Diffusion Matrix
that is normalized and regularized by (8) and (9), respectively.

C. RESULT ANALYSIS FOR EXPERIMENTS ON TEXT GCN
WITH DIFFUSION

In this sub-section, we analyze the experiment results in
Table 2 and Table 3.
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FIGURE 1. Sense distribution and explanation of each

For the Interest dataset, in general, T-DIFF REG and/or
T-DIFF NORM REG perform better between roughly
3% - 15% than traditional Text GCN in accuracy and/or F1
scores.

TABLE 2. Accuracy scores of exchanging PMI versus versions of diffusion
algorithm on Text GCN (%).

Dataset ~ Label Ratio Text GCN  T-DIFF  T-DIFF NORM  T-DIFF REG  T-DIFF NORM REG

80 77.46 70.66 74.88 81.92 80.75

70 77.00 70.58 74.18 79.49 80.59

60 75.12 69.84 74.65 75.94 76.88

Interest 50 75.77 69.67 73.33 77.65 79.34
5 66.75 61.22 68.97 68.13 68.53

3 64.60 60.24 67.07 66.20 66.54

2 63.73 59.08 64.54 65.12 65.45

80 79.06 71.70 74.75 82.23 81.60

70 81.56 71.07 74.20 82.32 82.83

60 79.76 70.18 7291 80.39 80.84

Serve 50 79.19 70.51 73.40 81.98 82.59
5 70.70 62.21 66.21 72.12 72.17

3 69.96 61.36 66.64 69.05 69.57

2 67.08 60.14 65.58 67.26 67.83

80 78.98 53.55 53.82 86.08 84.47

70 80.61 53.44 53.80 84.09 84.54

60 79.04 5345 53.85 82.92 84.59

Line 50 78.07 53.46 53.99 82.90 81.88
5 63.47 53.46 53.96 65.70 66.91

3 61.59 53.50 53.97 63.61 64.69

2 59.75 53.57 53.95 61.61 62.07

80 82.30 80.13 81.54 81.79 82.44

70 81.79 80.17 81.20 80.85 81.71

60 82.76 79.68 81.79 82.31 82.37

Hard 50 81.08 80.00 80.67 78.67 79.13
5 79.95 79.56 79.76 80.00 80.11

3 79.78 79.73 79.25 79.65 79.78

2 80.09 79.36 79.72 79.98 79.88

For the Serve dataset, in F1 scores, T-DIFF-REG and/or
T-DIFF NORM REG perform better between roughly
3% - 7% than traditional Text GCN. F1-score results are more
significant than the accuracy scores to compare methods
because of the unbalanced distribution of senses. Neverthe-
less, T-DIFF REG and/or T-DIFF NORM REG perform better
than traditional Text GCN in accuracy.
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For the Line dataset, in accuracy and/or F1 scores, T-DIFF
REG and/or T-DIFF NORM REG perform better between
roughly 3% - 10% than traditional Text GCN, in general.

For the Hard dataset, in general, differences in results
of accuracy scores between the group of diffusion methods
and traditional Text GCN are roughly under 1%, which is
insignificant. Conversely, in F1 scores, T-DIFF NORM or
T-DIFF-NORM REG performs better between roughly
3% - 7% on some labeling ratios. According to the results,
generally, there is no dominance in favor of the group of dif-
fusion methods or traditional Text GCN for the Hard dataset.

According to the results, the best method can be specified
as T-DIFF NORM REG among the methods of this group of
experiments.

D. EXPERIMENTAL SETUP FOR THRESHOLDING
In the threshold search, for each dataset separately, we cre-
ated cleaned adjacency matrices by applying Algorithm 2 to
non-cleaned adjacency matrices. We used Algorithm 3 and
Algorithm 4 to create our threshold search space that includes
candidate threshold values for being the best threshold value.
Adjacency matrices and node feature matrices were created
(see section III-C.), and models were trained according to
the method DIFF NORM GCN (see section I'V-F.). For each
dataset separately, the best threshold values were specified
by sorting threshold search results concerning the choice of
metrics on the validation set. Then the best threshold values
were used for experiments of method DIFF NORM GCN.
Every unique element in the set of edge weights of the
adjacency matrix could be a threshold value. In other words,
These are possible candidates. But, trying every unique ele-
ment as a threshold value to find the best threshold value is
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TABLE 3. F1 scores of exchanging PMI versus versions of diffusion
algorithm on text GCN (%).

Dataset  Label Ratio  Text GCN  T-DIFF  T-DIFF NORM  T-DIFF REG  T-DIFF NORM REG

80 4348 3025 34.24 59.54 4763

70 42.93 29.68 32.84 5637 57.96

60 3648 2953 3341 37.12 38.09

Interest 50 4440 2849 32.05 53.25 55.34
5 3247 2459 29.48 35.38 35.18

3 3074 2424 27.54 33.65 28.99

2 28.45 24.00 26.78 30.39 29.87

80 7022 5116 54.65 7743 76.67

70 7524 4979 54.09 76.97 77.45

60 T34 4945 52.93 7531 75.85

Serve 50 7059 4991 5351 76.45 77.74
5 6158 4345 44.95 64.76 62.53

3 60.81 4353 52.92 60.87 62.82

2 5318 38.86 5135 57.03 59.01

80 68.63 11.62 12.49 78.37 76.09

70 7131 1161 12.80 75.59 76.04

60 68.14 11.61 1297 7332 76.53

Line 50 66.81 1161 13.43 73.65 72.14
5 38.61 11.61 13.40 43.50 4584

3 34.96 11.72 1331 39.60 4172

2 3101 11.89 13.17 35.26 36.19

80 50.73 33.86 4054 5133 53.55

70 4686 3417 39.10 39.65 50.28

60 5451 3042 45.94 50.94 5032

Hard 50 5439 3534 36.26 55.02 54.87
5 4037 2984 4031 34.62 37.12

3 3068 2957 31.75 30.64 3067

2 41.41 2951 35.98 33.59 32.73

a computationally expensive way. For this reason, Threshold
values corresponding to our desired percentage of the number
of edges were selected as candidates.

To apply our approach, we used Algorithm 3 with param-
eter Step as 0.0001 to create a threshold search pool that
includes possible candidates of the best threshold value and
the number of edges corresponding to those. To specify our
candidates from the threshold search pool, we created our
threshold search space by Algorithm 4 with parameter R
as [0.01, 0.015, 0.02, 0.025, 0.03, 0.035, 0.04, 0.045, 0.05,
0.055, 0.06, 0.065, 0.07, 0.075, 0.08, 0.085, 0.09, 0.095 0.1,
0.12, 0.14, 0.16, 0.18, 0.2, 0.3, 0.4, 0.5, 0.6, 0.8, 1.0]. Note
that the R represents a list that includes the desired percentage
of the number of edges of the adjacency matrix. The parame-
ter Step in Algorithm 3 and Algorithm 4 is the same, and it can
be explained as a sensitivity value to search our candidates
among possible candidates.

We set the number of the convolutional layers as 2, the
number of neurons as 128, the dropout rate as 0.6, the learning
rate as 0.01, and weight decay as 0.01 for all datasets. For
threshold search, models were trained with a single random
seed (random seed was 42.) and cleaned adjacency matrices
on the 5% label ratio. Parameters for diffusion algorithms,
optimizer, scheduler, and their parameters were the same as
in section IV-F. Thresholding results are visualized in Fig. 2.

For Algorithm 2, let N denote the number of nodes of
adjacency matrix A (A has non-negative elements.), and V
denotes the threshold value.

For Algorithm 3, L denotes the threshold search pool, U
denotes the sorted (ascending order) array of unique elements
in the set of edge weights of the adjacency matrix A (A has
non-negative elements.), M denotes the length of U, and V
denotes the threshold value.

For Algorithm 4, let R denote a list that includes percent-
ages of a desired number of edges, J denotes the length
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Algorithm 2 Thresholding

Require: Adjacency matrix A, Parameter V.
Ensure: Cleaned adjacency matrix.
I: fori=0toN — 1do

22 forj=0toN —1do

3: if (A[{][j] = V and A[{][j] > 0) then
4: continue

5: else if (A[i][j] < V) then

6: Alillj]1:=0

7: end if

8:  end for

9: end for

10: return A

Algorithm 3 Threshold Search Pool
Require: Adjacency matrix A, Parameter Step.
Conditions:
0<Step<1
Ensure: Threshold Search Pool
Initialization:
Q :=0, L:= Empty List
while Q < M do
vV :=Ul[Q]
E:= Number of edges of Thresholding(A, V)
L.append([Q, V, E])
0 :=0+ [M x Step]
end while
return L

A O

of R, K denotes the number of edges of non-cleaned adja-
cency matrix A (A has non-negative elements.), B denotes the
desired number of edges, and O denotes the threshold search
space.

Algorithm 4 Threshold Search Space

Require: Adjacency matrix A, Parameter Step, R.
Conditions:
0<Step<1
0 < Elementsof R < 1

Ensure: Threshold Search Space
Initialization:
P: Reversed array of Threshold Search Pool(A, Step)
C: Length of P, O:= Empty List.

1: fori=0toJ — 1do
2:  B:=[R[i] x K]
33 forj=0toC —1do
4: if (P[j1[2] > B) then
5: O.append(P[;])
6: break
7: end if
8:  end for
9: end for
10: return O
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FIGURE 2. Accuracy scores of each dataset respect to percentage of number of edges.

E. HYPERPARAMETER TUNING

After the threshold search, hyperparameter tuning was done
with cleaned adjacency matrices of method DIFF NORM
GCN for each dataset separately. For hyperparameter tun-
ing, we used a single random seed as 42 and the following
parameter spaces. Space of the number of convolutional
layers as [2] and [3], space of the number of neurons as
[64,128,256], space of weight decay values as [0.0001, 0.001,
0.01], space of learning rate as [0.001, 0.005, 0.05, 0.01],
space of dropout rate as [0.3, 0.6]. Hyperparameter tuning
was done on the 5% label ratio. Parameters for diffusion
algorithms, optimizer, scheduler, and their parameters were
the same as in section IV-F. The best hyperparameters were
specified with evaluations on the validation set. The best
hyperparameter values are shown in Table 4. The same
hyperparameters were used for all methods with the related
dataset.

F. EXPERIMENTS ON GCN/GAT WITH DIFFUSION

Experiments of diffusion with GCN denoted as DIFF NORM
GCN. Experiments of diffusion with GAT denoted as DIFF
NORM GAT. For experiments of methods BOW GCN,
and BOW GAT, we used the graph-based adjacency matrix
defined in (1), and we set the node feature matrix as the BoW
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TABLE 4. Hyperparameters for each dataset.

Dataset ~ #Layers  # Neurons  Weight Decay  Dropout Rate  Learning Rate
Interest 2 256 0.01 0.3 0.01
Serve 2 128 0.0001 0.6 0.01
Line 3 128 0.001 0.3 0.01
Hard 2 128 0.001 0.6 0.01

matrix. Experiments of BOW GCN and BOW GAT were
done with GCN and GAT, respectively.

For each dataset, we used the Taylor Step as 2 and
A = 0.02 to create semantic matrices. In all experiments,
models were trained with an AdamW optimizer. We used
Scheduler? with the parameter “patience” as 100 and the
parameter ‘“factor” as 0.9 by mode of minimizing valida-
tion loss. Learning rate, weight decay, the number of lay-
ers, the number of neurons, and dropout rate values were
specified by hyperparameter searching. Dropout layers were
located after GCN/GAT layers, except for the last layer.
The dropout rate value was mutual for every dropout layer.
Ten different random seeds were used for experiments.
Random seeds were [42,78,153,12,109,553,201,67,32,138].
Then, scores are averaged.

2Scheduler named “ReduceLROnPlateau” that belongs to Pytorch.
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The number of edges of graphs that are created from some
datasets is very large. This causes an out-of-memory problem
in GPU. It forced us to apply Algorithm 2 to reduce memory
consumption instead of noise elimination in some experi-
ments. Percentages of the number of edges corresponding to
a used threshold value that we used for every experiment are
shown in Table 5.

TABLE 5. Information about graphs used for diffusion GCN/GAT
experiments.

Dataset Method # Edges in Non-Cleaned Graph ~ # Edges in Cleaned Graph ~ Percentage
DIFF NORM GCN 2,802,528 28,277 1.01%
Interest ~ DIFF NORM GAT 2,802,528 2,802,528 100.00%
BOW GCN 2,218,556 2,218,556 100.00%
BOW GAT 2.218,556 2.218,556 100.00%
DIFF NORM GCN 9,585,631 96,471 1.01%
Serve DIFF NORM GAT 9,585,631 3.834,795 40.01%
BOW GCN 4,171,210 4,171,210 100.00%
BOW GAT 4,171,210 4,171,210 100.00%
DIFF NORM GCN 8,596,731 86,171 1.00%
Line DIFF NORM GAT 8,596,731 8,596,731 100.00%
BOW GCN 6,163,984 6,163,984 100.00%
BOW GAT 6,163,984 6,163,984 100.00%
DIFF NORM GCN 9,389,611 470,399 5.01%
Hard DIFF NORM GAT 9,389,611 3,755,909 40.00%
BOW GCN 7,188,614 7.188,614 100.00%
BOW GAT 7,188,614 7,188,614 100.00%

During the calculations, we observed that some decimal
errors occurred. Although these errors seem insignificant,
Algorithm 2 is very sensitive to them. This sensitivity results
in a non-symmetric adjacency matrix when comparing num-
bers. To avoid such a problem, we forced symmetry by
assigning the upper triangular of the adjacency matrix to the
lower triangular.

Accuracy scores for Diffusion GCN/GAT experiments are
shown in Table 6. F1 scores for Diffusion GCN/GAT exper-
iments are shown in Table 8. Comparative results for Text
GCN and Diffusion GCN/GAT experiments are shown in
Table 7.

G. RESULT ANALYSIS FOR EXPERIMENTS ON GCN/GAT
WITH DIFFUSION

In this sub-section, we analyze the experiment results in
Table 6 and Table 8.

For the Interest dataset, in general, DIFF NORM GCN
performs better by at least 3% - 12% than other methods in
accuracy and/or F1 scores, which is significant. Results show
a significant difference between DIFF NORM GCN and other
methods.

For the Serve dataset, on the labeling ratios of 80% and
50%, DIFF NORM GCN performs better by at least roughly
4.5% - 7% than other methods in accuracy and/or F1 scores.
For other labeling ratios, experiment results show that the
performances of BOW GCN and DIFF NORM GCN are very
close to each other, and they outperform the other methods.

For the Line dataset, DIFF NORM GCN outperforms the
other methods by at least roughly 8.5% - 46% differences
in accuracy and/or F1 scores. Results show a significant
difference between methods in favor of DIFF NORM GCN.

For the Hard dataset, DIFF NORM GCN generally has
better accuracy scores by at least 2% - 3% differences
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than the other methods. F1 scores show that DIFF NORM
GCN outperforms other methods by at least roughly
4.5% - 18%.

According to the results, the best method can be specified
as DIFF NORM GCN among the methods of this group of
experiments.

TABLE 6. Accuracy scores for diffusion GCN/GAT experiments (%).

Dataset  Label Ratio BOW GCN  BOW GAT  DIFF NORM GCN  DIFF NORM GAT

80 73.22 64.23 83.17 52.82

50 73.53 63.04 81.54 52.86

Interest 5 70.17 61.36 74.59 52.92
3 70.09 61.38 72.92 52.88

2 67.93 61.74 70.05 52.90

80 75.61 68.21 81.84 67.70

50 75.91 66.72 80.40 68.25

Serve 5 72.56 58.98 73.90 62.21
3 70.60 58.26 72.39 60.73

2 69.10 54.95 69.97 60.08

80 59.41 5435 81.57 53.55

50 58.57 55.09 80.99 53.48

Line 5 57.70 55.60 70.36 53.46
3 57.13 55.02 67.72 53.47

2 56.78 54.70 65.49 53.49

80 79.74 79.36 82.71 80.13

50 79.74 79.33 82.70 79.27

Hard 5 79.81 79.76 81.95 79.70
3 79.87 79.54 81.02 79.67

2 79.71 79.43 80.78 79.76

H. COMPARISON BETWEEN T-DIFF NORM REG, DIFF
NORM GCN, AND TEXT GCN

In this sub-section, we analyze the experiment results in
Table 7.

For Serve and Hard datasets on the labeling ratio of 80%,
DIFF NORM GCN and T-DIFF NORM REG performances
are very close.

DIFF NORM GCN outperforms T-DIFF NORM REG on
the labeling ratio of 80% for the Interest dataset. Conversely,
for the Line dataset, T-DIFF NORM REG outperforms DIFF
NORM GCN on the labeling ratio of 80%.

Conversely to the Serve dataset, DIFF NORM GCN out-
performs T-DIFF NORM REG for the Interest dataset on
the labeling ratio of 50%. For the Line dataset on the label-
ing ratio of 50%, DIFF NORM GCN and T-DIFF NORM
REG performances are very close. For the Hard dataset
on the labeling ratio of 50%, DIFF NORM GCN performs
better than T-DIFF NORM REG in accuracy and precision
scores.

In general, DIFF NORM GCN performs significantly bet-
ter than T-DIFF NORM REG and traditional Text GCN on
the other labeling ratios (5%, 3%, 2%) for all datasets. This
result shows that if models are trained using a relatively small
amount of data, DIFF NORM GCN performs better than the
other methods.

According to the results, DIFF NORM GCN and T-DIFF
NORM REG outperform the traditional Text GCN (baseline)
in general.

I. FURTHER DISCUSSIONS
The most significant aspect of this study is that our models
perform significantly well with tiny label ratios, such as 2%
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TABLE 7. Comparative table (%).

Dataset  Label Ratio DIFF NORM GCN T-DIFF NORM REG Text GCN N
Accuracy  F1 Score  Precision  Recall | Accuracy F1 Score Precision Recall | Accuracy F1 Score  Precision  Recall
80 83.17 61.79 65.45 60.00 80.75 47.63 48.86 47.24 77.46 43.48 48.03 42.08
50 81.54 58.47 62.68 56.31 79.34 55.34 61.44 52.21 75.77 44.40 61.72 41.66
Interest 5 74.59 45.24 55.00 43.77 68.53 35.18 37.94 34.73 66.75 3247 53.73 31.97
3 72.92 41.30 52.48 40.81 66.54 28.99 47.38 29.58 64.60 30.74 54.37 30.17
2 70.05 39.53 50.64 38.19 65.45 29.87 38.19 29.35 63.73 28.45 37.17 28.15
80 81.84 76.07 77.89 75.49 81.60 76.67 76.63 76.89 79.06 70.22 76.83 68.32
50 80.40 73.92 76.66 72.80 82.59 77.74 78.20 77.38 79.19 70.59 78.41 68.35
Serve 5 73.90 65.43 69.55 65.05 72.17 62.53 66.52 61.62 70.70 61.58 64.92 60.78
3 72.39 64.46 68.92 63.85 69.57 62.82 63.64 63.12 69.96 60.81 64.04 60.32
2 69.97 59.98 65.69 60.31 67.83 59.01 61.59 58.80 67.08 53.18 62.64 53.26
80 81.57 72.85 76.47 70.90 84.47 76.09 79.34 74.36 78.98 68.63 83.41 62.22
50 80.99 71.83 75.11 70.01 81.88 72.14 76.99 68.80 78.07 66.81 76.99 61.20
Line 5 70.36 52.85 58.38 51.70 66.91 45.84 54.85 42.06 63.47 38.61 53.24 35.05
3 67.72 47.46 55.08 47.26 64.69 41.72 52.52 37.96 61.59 34.96 50.65 31.86
2 65.49 43.55 51.53 42.29 62.07 36.19 52.26 32.97 59.75 31.01 50.27 28.65
80 82.71 52.15 76.22 47.69 82.44 53.55 72.75 48.52 82.30 50.73 74.89 46.20
50 82.70 52.87 74.22 48.24 79.13 54.87 58.81 52.38 81.08 54.39 63.64 50.39
Hard 5 81.95 51.04 68.87 47.43 80.11 37.12 61.34 37.14 79.95 40.37 58.76 39.08
3 81.02 44.30 68.62 42.32 79.78 30.67 59.95 33.84 79.78 30.68 65.50 33.85
2 80.78 41.36 63.85 40.64 79.88 32.73 57.24 34.82 80.09 41.41 60.79 39.75

TABLE 8. F1 scores for diffusion GCN/GAT experiments (%).

Dataset  Label Ratio BOW GCN  BOW GAT  DIFF NORM GCN  DIFF NORM GAT

80 49.82 27.80 61.79 11.52

50 48.54 27.59 58.47 11.53

Interest 5 40.74 2233 45.24 11.53
3 40.81 22.66 41.30 11.53

2 39.60 21.63 39.53 11.53

80 69.12 58.16 76.07 56.16

50 68.97 55.66 73.92 58.38

Serve 5 64.35 45.89 65.43 49.98
3 62.62 4578 64.46 46.64

2 59.82 38.00 59.98 46.78

80 26.83 15.78 72.85 11.62

50 25.63 16.80 71.83 11.61

Line 5 25.31 19.08 52.85 11.61
3 24.76 17.42 47.46 11.61

2 23.37 16.29 43.55 11.62

80 29.58 39.23 5215 47.54

50 29.58 35.71 52.87 42.90

Hard 5 30.44 29.58 51.04 32.98
3 30.95 31.19 44.30 32.57

2 30.32 30.13 41.36 30.95

training data, as seen in Table 7. Considering the value of
human labeling, study areas such as few-shot intent detection
in chatbots can benefit from our methodology immensely.
Moreover, reduced label utilization is crucial for the machine
translation task to or from low-resource languages. Our study
proposes a novel graph algorithm that can be used in various
text classification tasks with very scarce labels besides WSD.

The current architecture relies heavily on the heuristically
defined threshold value for removing the weak links. This is
possibly the main bottleneck of our system regarding time
and resource utilization. A theoretical approach based on the
graph structure and diffusion process to replace the current
heuristic thresholding would drastically improve the design.
Along with hyperparameter optimization, this is the current
direction of our research. Such an improvement in the design
will make the training faster and the integration of our system
to other systems, such as machine translation models, more
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effortless. On the hand, it will give us more information on
the topology of the data.

Our observation suggests that the accuracy and F1 Score
changes seem to be very little for the dataset Hard compared
to the other datasets. The possible reason for that might be the
number of different senses for the word hard is the smallest
compared to the others, and sense distribution in the data
is very skewed, as seen in Fig 1. Other than that, the F1
score differences of DIFF NORM GCN in Table 7 compared
to conventional Text GCN for label ratio 2% is between
circa 6% - 12% for all datasets excluding the Hard dataset,
which is very significant. Considering machine translation
as a two-stage model with WSD and word mapping. The
propagated error that uses Text GCN instead of DIFF NORM
GCN will possibly be 6% - 12% less accurate. The error
rate would possibly increase significantly for a word such
as ‘interest’ with five different meanings. On the other hand,
how WSD models are integrated into the system matters as
much as the error rates of WSD systems and the architecture
of the systems. A more detailed study of how a WSD model
affects a machine translation tool or any other NLP task
precisely is beyond the scope of this paper, and it is a possible
future work. For further information on how WSD affects
machine translation, we recommend a very detailed study
[45] to the reader.

For hyperparameter tuning, our system limitations forced
us to use a relatively small search space and a single random
seed because of a longer experimental time. Conversely to
our experimental setup, it has to be said that using more than
one random seed is a better way for experiments for hyper-
parameter tuning. Additionally, our hyperparameter search
space was not the absolute one. Different spaces could be
used for searching also. Therefore, doing experiments for
hyperparameter searching using multiple random seeds and
different search spaces is one of our possible future works.
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J. SYSTEM SPECS FOR EXPERIMENTS

All computations were done on the Pro and Pro+ ver-
sions of Google Colab® systems. Tesla T4 16 GB* and
A100-SXM4 40 GB> GPUs were used for computations.
Computations were done by using Pytorch® with its CUDA
Module.” The NIltk® library was used to clean datasets.
Datasets were split as stratified by using the Sklearn” library.
Many matrix operations were done by using Numpy.'? For
reproducibility, random seed values were used with conve-
nient random seed functions that belong to Pytorch®, the
standard random library of Python,!' Pytorch Lightning,'?
and Numpy'? libraries, before splitting datasets and creating
models.

In experiments with Diffusion GCN/GAT models, thresh-
old search, hyperparameter tuning, and all experiments were
done using Pytorch Lightning!?. Pytorch Geometric [47] was
used to create models and data objects.

In experiments with the Text GCN algorithm, models were
created using Pytorch®. CUDA Module’ of Pytorch® was
used for computations.

For all experiments, source codes are available on our
repository. 3

V. CONCLUSION AND FUTURE DIRECTIONS

In NLP, WSD is the process of identifying the meaning of
a word considering the context in which the word is used.
Considering the limited number of studies on GAT and GCN
for WSD, we attempt to develop an improved version of GNN
architecture with regularization, normalization, thresholding
effect, and diffusion process for enhancing the performance
of the WSD task. We proposed two architectures to merge
the semantic diffusion process with the GCN and Text GCN
algorithms.

We conducted comprehensive experiments on four bench-
mark sub-datasets of the SensEval dataset: Interest, Line,
Hard, and Serve. The accuracy and F1 scores from the exper-
iments, shown in the tables, motivated us to believe that the
enhanced GAT, GCN, and Text GCN algorithms with the dif-
fusion process could increase the classification performance
on WSD tasks. These results are consistent with the results
Gastgeiger et al. presented in [20].

In the future, to make further analysis, we will perform
our experiment on larger datasets. We plan to conduct the
suggested system in Turkish WSD corpora. Furthermore,
building an ensemble learning classifier including these GAT

3 https://colab.research.google.com/
4https://www.nvidia.com/en—us/data—center/tesla—t4/
5 https://www.nvidia.com/en-us/data-center/a100/
6https://pytorch.org/
7https://pytorch.org/docs/stable/cuda.html

8 https://www.nltk.org/

9https://scikit—learn.org/

10https://numpy.org/

11 https://www.python.org/
12https://www.pytorchlightning.ai/

13 https://github.com/eren-elma/diffusion-experiments
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and GCN algorithms may be a good idea. Another item on
our agenda is to develop different normalization and regu-
larization schemas in our classifier algorithm. Exploring the
effect of the diffusion process on different graph structures,
such as bipartite graphs or complex network settings, can be a
good future work direction. Additionally, for hyperparameter
tuning, we plan to do more comprehensive experiments with
multiple random seeds and larger search spaces.
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