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Abstract: In the application domain, accurate word sense identification is crucial for improving the performance
of machine translation, information retrieval and end-to-end communication tasks. However, word polysemy is a
major obstacle to accurate semantic identification. Therefore, word semantic disambiguation has always been
one of the key challenges in natural language processing and has attracted the attention of a large number of
researchers. This research proposes an innovative disambiguation algorithm based on the large-scale Bert model
and the Polly encoder framework, and introduces WordNet as a benchmark for word semantic. By exploiting the
ability of the pre-trained model to extract and learn semantic information, and using a specially designed forward
propagation algorithm and loss function to fine-tune the large-scale Bert model, the model has high Accuracy
and robustness. In this research, several experiments were conducted on the Semcor 3.0 semantic dataset. The
experimental results show that the model proposed in this research shows excellent performance on the Semcor
test set, with an Accuracy of 86.1% and an F1 score of 0.847, which is a significant improvement over the traditional

model.

Keywords: NLP; Bert model; Semcor dataset; transformer; word semantic disambiguation

1. Introduction

How to enable computers to accurately understand the specific semantics of a given word in
natural language [1,2], so that they can perform better in machine translation [3] and end-to-end
communication tasks [4], has long been a key challenge in the field of natural language processing. In
recent years, the deepening of deep learning technology [5,6] in the field of natural language processing
has provided researchers with new perspectives to solve this problem, but there are still significant
challenges in dealing with the complexity and diversity of the words to be processed.

This research proposes an innovative word-level disambiguation [7,8] algorithm that combines a
Bert-based pre-trained model [9,10] with WordNet [11-13]. While using the Poly-Encoder architecture
[14]. The Bert model is widely recognised for its excellent performance in a wide range of NLP tasks.
Meanwhile, WordNet as a rich semantic knowledge base provides a wide range of lexical semantic
information [12] which is crucial for the disambiguation work in this research [15].

1.1. Motivation and Significance

In recent years, representative natural language processing techniques [16,17], such as ChatGPT
[18], have developed rapidly due to their demonstrated superior ability to process massive amounts
of data and learn complex semantic relationships. Advances in such models have led to significant
achievements [19] in sentence comprehension and generation. However, the cost of technological
advances such as multi modal modelling is significant. First, these advanced models require a large
amount of computational resources [20], which not only imposes a high hardware overhead, but also
leads to significant energy consumption [21], which is a serious environmental challenge. Second, to
maintain their advanced performance, these models need to be continuously trained on huge datasets,
further increasing energy consumption and carbon emissions [21].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Research into more efficient and environmentally friendly approaches to semantic comprehension
is particularly important due to the challenges faced by existing large-scale language models. In this
context, it is particularly important to explore innovative approaches for semantic comprehension. The
semantic annotation [22] approach, which achieves a deeper comprehension of sentences by assigning
semantic tags to each word based on well-designed algorithms and external semantic repositories,
provides a breakthrough solution. This approach mitigates environmental impact by reducing reliance
on computing resources and effectively reducing energy consumption.

1.2. Research Objectives

The task of word disambiguation is to determine the correct meaning of polysemous words in
the target text(shown in Figure 1)) [7], such as "book", "bank", etc., through a set of specially designed
algorithms. The main goal of this research is to develop a semantic disambiguation algorithm based
on Poly Encoder [14] architecture and Large Scale Bert model, and to use WordNet as a semantic
benchmark to achieve word semantic disambiguation, which brings a new perspective to the semantic
disambiguation task.

| All around the room| is a [bank| of 'snow| [ next |to the| wall | of the house | |

e e e L S L e R e i T O i i e e e W 2 it L e e b e e 4

| bank.n.01 | bank.n.09 ' bank.v.03 | |.future.s.03| adjacent.s.01

! I ! | I

sloping land (especially | a building in which || do business with a (of elected oﬂﬁcersj nearest in space or position;
the slope beside a body the business of bank or keep an elected but not immediately adjoining without
of water) | banking transacted / | account at a bank yet serving intervening space

P

Figure 1. Example of Word semantic Disambiguation.

2. Related Work

2.1. LESK Algorithm

Michael Lesk [23] proposed the Lesk algorithm for word semantic disambiguation in 1986, which
laid the foundation for this task as the earliest proposed algorithm for word semantic disambiguation.
Lesk assumes that the optimal semantics of a word can determine the target semantics of the target
word in context according to the cross-correlation between the text context and the target word. Lesk
first proposed the idea of disambiguation based on the semantically annotated corpus represented by
WordNet, i.e., by querying all possible semantics of the target word in context, and then evaluating the
degree of agreement between each potential meaning defined by the corpus and the context of the
target word, and selecting the semantic with the highest degree of agreement as the disambiguation
result of the word.

Although Lesk’s algorithm lays the foundation for later disambiguation algorithmes, it still has
some limitations. These include a high dependence on the lexical quality and completeness of the
corpus, and poor performance when dealing with highly ambiguous contextual semantics. These
shortcomings also point in the direction of optimisation for subsequent researchers researching the
problem of word disambiguation.

2.2. Disambiguation base on Word2Vec

Orkphol et al. [24] proposed a approach that integrates Word2Vec and WordNet technologies for
semantic selection. This approach will use the weighting mechanism of inverse document frequency
[25] and the weighted moving average approach to synthesize the vectors of all words in the sentence
to obtain the semantic vector of the target sentence. The equation is as shown in the Equation (1), and
then calculate the target Cosine correlation value between the semantic vector of the vocabulary set
and the whole sentence vector.
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In their approach, Orkphol and colleagues employ structures unique to WordNet, like superlatives,
hyponyms, antonyms, and semantic relations, to pinpoint the most fitting semantics through cosine
correlation. This is achieved by averaging the vectors of all relevant words to represent the target
semantics’ mean vector.

Nonetheless, in scenarios where the contextual clues are sparse, they turn to the distribution prob-
abilities of word semanticss to aid in accurately identifying the appropriate word semantic, as outlined
in their Equation (2). This approachological pivot ensures robust word semantic disambiguation even
under challenging conditions with limited context.

C(W;, S;) +1
C(W;) +C(S))

The core idea of this approach is to combine the semantic representation capability of the Word2Vec
word embedding model with the special structure of WordNet, and to compute the cosine value

P(Sij|W;) = )

between vectors as the semantic correlation between natural languages. Unlike traditional algorithms
that rely on word semantic matching, it uses vectors to mine subtle semantic differences between word
semanticss, which greatly improves the Accuracy of the Lesk algorithm. However, it does not perform
well when faced with semantics with complex structures.

2.3. Disambiguation base on Dependence Adaptability

Lu and Huang [26] developed a strategy for word semantic disambiguation called dependency-
based adaptation for WSD. This approach automates the acquisition of necessary knowledge through
deep utilization of dependency syntactic analysis, overcoming knowledge acquisition challenges
encountered in the advancement of WSD technology. This research process begins by conducting a
syntactic analysis of a large corpus to create a Dependency Knowledge Base (DKB). Then, sentences
containing words with multiple meanings are analyzed to identify their Dependency Constraint
Sets (DCS), and the keywords for each semantic of each word are identified using WordNet. To
accurately identify the correct semantic, the dependency daptability of each keyword in the DCS must
be computed based on the DKB. The formula for calculating the dependency daptability is detailed
below:

Assuming that exists a dependency tuple r(wy, w;)to calculate the dependency Adaptability of
wywy under the dependency relation r the following parameters need to be defined :

1. a = freq" (w1, wy):the total number of dependency tuples with a specific dependency relation r,
where the dominant word is w; and the dependent word is w.

2. b = freq"(wy, *):the total number of dependent tuples with dependency r and dominator w;.

3. ¢ = freq"(*,wy):total number of dependent tuples with dependency r and dominator w,.N":
total number of dependency tuples with dependency r.

4. N": total number of dependency tuples with dependency .

This approach employs the Point-wise Mutual Information (PMI) statistical model to assess the
compatibility of lexical representatives or meanings for ambiguous words within the dependency
constraint tuples. The formula for PMI is shown in Equation (3).

B N" x freq" (w1, wy) B N" xa
= log freq"(wy, *) x freq"(x,wy) log bxc ®)

This approach utilizes the pointwise interoperable information to gauge the compatibility of w,

PMIT(wl,w2)

and w, within the dependency relation r. Consequently, the formula for determining the dependency
daptability is outlined in Equation (4).
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N x a

daptability(wq, w,, r) = PMI" (wq, wy) = log % c

(4)

However, in order to determine the dependency Adaptability of a specific lexical semantic of an
ambiguous word within the constraint set, it is necessary to assess the dependency Adaptability of
each representative word of every lexical semantic across all tuples of dependency constraints. This
evaluation is carried out using the equation provided in Equation (5).

daptability(s;, R) = ) a; X MAXu,ecy,rerdaptability(wy, 1) (5)
CreCy;

This research assessedd the effectiveness of the introduced methodology using the SemEval 2007
dataset for coarse-grained English whole-word tasks. The methodology achieved an F1 score of 74.53%,
outperforming unsupervised and knowledge-based approaches that do not leverage an annotated
corpus.

Lu’s algorithm automates knowledge gathering, reducing reliance on manually curated databases
by developing a knowledge base through dependency syntax analysis. It is well-suited for analyzing
extensive corpora. However, its reliance on syntactic dependency analysis can lead to varied disam-
biguation outcomes for different words, requiring the use of sophisticated algorithms for syntactic
analysis.

2.4. Disambiguation Algorithm Based on Bi-LSTM Neural Network Model

Kagebiack and his team [27] proposed in 2016 a approach for semantic disambiguation (WSD)
based on bidirectional long short-term memory networks (BiLSTM), which takes advantage of the
BiLSTM model, which recognizes long term dependencies and combines them with contextual cues
to accurately determine word sentiments.In addition, BILSTM excels at utilizing word sequences for
WSD because it transmits state information that is ordered and does not need to be processed through
a nonlinear function, therefore is able to maintain gradient integrity more efficiently.

The structure of this model is organized around a softmax layer, a hidden layer, and the BILSTM
itself. In order to ensure the uniformity of the disambiguation approach, both the hidden layer and
BiLSTM are given the ability to share parameters between different words and their meanings. At the
same time, the softmax layer uses the type of word being processed to select the correct weight matrix
and bias vector.

For any given word at position 7, the predicted word distribution y(n) is derived using the
equation outlined in Equation (6).

y(n) = softmax(Wyayna + bayw,) (6)

Formula in hidden layer is shown in Equation (7)
a = Wia[hrn—1;hrnt1] + bpa @)

For the input x;, at position n within the text D undergoing disambiguation, this model processes
it through the Bi-LSTM as Equation (8):

Xy = Wxo(wy,),n €[1,...,|D]] 8)

The model utilizes statistical knowledge and log-linear approaches to capture complex linguistic
properties, thereby improving semantic Accuracy. It uses Glove embedding vocabulary to help the
model train from raw text to vocabulary classification, thereby avoiding the need for external human
adjustments. Such changes can improve the generalization ability of the model and be applied to
languages with fewer semantic library resources. Although this model has its unique advantages, it
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requires higher computational cost compared to traditional RNNs. In addition, in order to maximize
model performance, it has higher requirements on training data.

2.5. WSD Algorithm based on Gloss-Bert model

Huang and his team [28] proposed Gloss Bert, a Bert-based algorithm for word semantic disam-
biguation. Gloss Bert combines the reasoning ability of the Bert model with the semantic benchmark
of WordNet to disambiguate the meaning of target words through a specific tuning strategy. This
simplifies the complex task of semantic disambiguation to a binary classification task. The word
semantic disambiguation model is fine-tuned using the cross-entropy loss function as the output layer
loss function. To label the correct semantic sequence, the Gloss of all semantic of the target word
is queried and combined with the specification of Bert input data in the context of the target word
through data preprocessing (as shown in the following Table 1). The label for the correct semantic
sequence is marked as 1, while the label for the erroneous semantic sequence is marked as 0.

Table 1. Data preprocessing approach proposed by Huang [28].

Context Label

1.[CLS] Your research ... [SEP] systematic investigatio... [SEP] 1
2.[CLS] Your research ... [SEP] a search for knowledge [SEP]
3.[CLS] Your research ... [SEP] inquire into [SEP]

4.[CLS] Your research ... [SEP] attempt to find out in a ... [SEP]

o O o

The Gloss Bert model demonstrates strong generalization ability on the Semeval dataset, achieving
an F1-Score of 0.874. This is due to its simplification of the word semantic disambiguation task to a
binary classification task and the Bert model’s capacity to reason about semantic information. The
binary classification task simplifies the reasoning process and enhances the model’s performance,
while the Bert model provides rich semantic information. The proposed approach surpasses traditional
algorithms and eliminates the necessity for a term-specific classifier.

Huang’s algorithm introduces the Bert model into the WSD task for the first time, marking
significant progress in word disambiguation. The introduction of the Bert model provides crucial
inspiration for the development of this research.

2.6. WordNet Knowledge Graph Word Semantic Disambiguation Algorithm

Clarifying ambiguity by analyzing word positions in a large structured semantic network [29] is
at the heart of the disambiguation approach to the WordNet knowledge graph. The technique exploits
the dense semantic connections of WordNet to provide a strong semantic foundation for determining
word meanings.

The algorithm has three major steps. First, it identifies the full range of semantics that a target
word may contain based on the WordNet framework. Then, it assessess the relevance of these semantics
to the context of the target word, e.g., evaluating the semantics of the context word and the semantic
connections between the target word. Finally, the semantics with the strongest contextual relevance is
determined as the exact meaning of the target word by maximum semantic correlation calculation.
The semantic correlation calculation formula is shown in Equation (9).

§=arg max Y. sim(s,s) )
$S° W econtext(w)

The algorithm for identifying appropriate word semanticss extends beyond mere contextual
alignment. It incorporates the frequency of each semantic’s usage, rendering the approach both
pragmatic and precise. To augment precision further, a heuristic formula is employed in Equation (10).
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he) = {P(slw), if s €Sy 10)

1, otherwise

In addition, the algorithm takes into account the influence of the entire document context C on
each word semantic s when selecting the final word semantic. It assessess the weights of the word
semanticss using the following Equation (11).

. 1 .
weight(s|C) = — x Y _ correlation(s, c) (11)
’Cl ceC

Disambiguation using WordNet Knowledge Graph can provide important correlations between
word meanings and can also help to distinguish semantic differences in words. However, the efficiency
of this approach is limited by the depth and breadth of WordNet’s semantic coverage. This drawback
is especially evident for less common semantics or newly coined terms.

3. Methodology

In this research, we develop a novel suite of algorithms for natural language disambiguation
by leveraging the Bert model’s fine-tuning capabilities [30] in conjunction with WordNet, serving as
an external knowledge source for disambiguation purposes [15]. Our primary data repository is the
SemCor 3.0 [31] semantic annotation corpus. This section will illustrate the pre-train process of Bert in
3.1, structure and feature of WordNet in 3.2 and proposed model for disambiguation from 3.3 to the
end of this section.

3.1. Bert Model and its Features

This research’s foundation and initial pre-training model are based on the Bert model(see in
Figure 2), which has a distinctive training regimen that provides robust support for our research. The
Bert model’s training regimen is divided into pre-training [32] and fine-tuning phases, highlighting
the pivotal role of Embedding in the Bert model’s training process.

KSP Mask LM Mask LM \ M‘-' /@@AD Start/End SPBN
LS =

BERT -.- ....... - .'. 8 O BERT

EE- EEE- 6

Masked Sentence A Masked Sentence B Question Paragraph
a* «
Unlabeled Sentence A and B Pair Question Answer Pair
Pre-training Fine-Tuning

Figure 2. Structure of Bert model [10].

3.1.1. Embedding Process

Bert’s (Bidirectional Encoder Representations from Transformers) architecture relies on three
distinct embeddings to interpret and manage textual information: Token Embeddings [33,34], Segment
Embeddings [35], and Positional Embeddings [36]. These embeddings are integrated into the input
representation(shown in Figure 3).
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Figure 3. Embedding Process of Bert.

3.1.2. Pre-Training Process of Bert Model

Masked Language Modeling (MLM) and Next Sentence Prediction (NSP). During Bert’s pre-
training stage [32], two tasks were instrumental in enhancing the model’s grasp of linguistic nuances
and fostering significant insights into comprehension language structures and relationships between
sentences [39]. These tasks have been highly influential for this research.

Bert’s Masked Language Modeling (MLM) [37] component aims to predict intentionally obscured
words in a given context. This involves randomly selecting words to conceal, substituting them
with a mask symbol, and tasking the model with accurately inferring these concealed elements. The
corresponding equations are shown in Equations (12) and (13).

Bertippus = [CLS], X1, X2, ..., Xun, [SEP] (12)

Inputtiopredict = [CLS], X1, [MASK], ..., Xy, [SEP] (13)

Among them, X1, X... X, represent words in the sequence. [CLS]and[SEP] are special token in
Bert model.

The primary pre-training approach used in this research is the Next Sentence Prediction (NSP)
task. The NSP task involves determining whether two sentences in the original text are related to each
other through binary classification supervised learning (shown in Equation (14)). For this task, two
sentences are combined using the embedding rules of the Bert model through data preprocessing. The
relationship between the two sentences is then learned and judged based on the annotated data.

Bertnsp = [CLS], Sentencey, [SEP], Sentence,, [SEP] (14)

The design specific to the task significantly enhances the Bert model’s capacity to comprehend the
connection between sentences and reinforces the model’s acquisition of the entire sequence’s meaning.

The '[CLS]’ token is critical for the NSP task [40]. In the Bert model, the '[CLS]’ token functions
as the initial token of the sequence, consolidating the meaning of all tokens in the entire sequence
for the NSP task. The NSP task’s binary classification algorithm predicts based on the vector in the
"[CLS) token. This research utilizes the special role of the '[CLS]’ token in Bert to extract the semantic
information of the entire sequence for the subsequent operation.

3.2. Exterior Knowledge Base-WordNet

WordNet is a widely used semantic knowledge base of English words in the field of natural
language processing. Its special semantic structure [11-13] makes it outstanding performance of
semantic annotation. WordNet is structured as a tree, where each synset node is a hyponym of its
parent node. For example, ‘bank.n.01” is a hyponym of ‘Financial_institutions.n.01’, meaning that the
concept of ‘bank’ is part of the concept of 'financial institutions’. Each node in the WordNet model
represents a synset, which contains a synset ID, a gloss, and an example. The model also includes
antonyms and near-synonyms [11,41-43]. The disambiguation algorithm proposed by this research is
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based on the synset ID and gloss contributed by the WordNet. The strucure of WordNet is shown in

Figure 4.
{ entity }
{ object, physical object }
{ person, individual, . { publlcatlon,
{ communicator } { amateur } { professional, ... } { book } { periodical } { magazine, .
{ author, writer } { bobbyist } { songbook } { reference book, ... }
/ i i { serial publication, ... }
{ publisher } v
{novelist} {poet} { chapter} { encyclopedia, ... }

Figure 4. Structure of WordNet.

The following is the example of two Synsets.

. B 4 ™
[ Word:dog \ ( Word:car \
Synset ID:'dog.n.01' Synset ID:'car.n.0l'

Gloss:a member of the genus Canis (probably descended Gloss:a motor vehicle with four wheels, usually propelled
firom the common wolf) that has been domesticated by man| |bv an internal combustion engine
since prehistoric times; occurs in many breeds

\ Example:the dog barked all night J\ Example:he needs a car to get to work
) Y S/

Figure 5. Layout of Two synsets node includes synset ID, Gloss and example. [10].

3.3. Proposed Model

This research presents a disambiguation model based on the Poly Encoder framework, as illus-
trated in Figure 6. The model’s objective is to select the appropriate semantics of the target word by
learning the relationship between the target word’s context and the semantic annotations of the correct
semantics of the target word in its context. The model achieves the selection of the correct semantics of
the target word through specialized algorithmic strategies. The model combines the characteristics of
Poly Encoder and Bert to extract semantic details, particularly fine-grained semantics.

The attention dot product algorithm [44] is the core mechanism of the model, significantly
improving its disambiguation ability. The algorithm assists the model in acquiring significant semantic
information from the data by continuously adjusting the weights of the attention matrix during the
iterative training of the neural network.
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[ Data Process

Context Target Word

This is a word. a
Figure 6. Structure of proposed model.

3.4. Data Preprocessing

The proposed model is illustrated in Figure 6. During the data processing stage, the model utilises
a data loader in the data preprocessing step to convert the data into a ‘context-correct semantics’
one-to-one format. Then, processed data is then fed into the neural network model for the subsequent
step. The processing results in the correct semantics of a target word being its true label in a specific
contextual target sentence. However, in the context of other target sentences, the correct semantic of
the target word is the context of the specific target sentence. This data processing approach simplifies
the task and implements comparative learning in batches, which helps the model better distinguish
between correct and incorrect semantics. The result of data preprocessing is outlined in Table 2.

Table 2. Results of data preprocessing ([TGT] is employed to help algorithm identifies target word).

Context Gloss

In some instances a seventh question can be [TGT] added [TGT] : state or say further

The latter [TGT] is [TGT] what concerns us all . be identical to

Each family line can be [TGT] sonsidered [TGT] a substructure . look at attentively

This tax was [TGT] discontinued [TGT] in 1936 . put an end to an activity

3.5. Extraction of Sentimental Information

This research proposes a model that uses two unfine-tuned large-scale Bert models to indepen-
dently extract semantic information for correct semantic from target sentences and target words.
The model also adopts a differentiated extraction strategy to achieve deeper mining of this semantic
information.
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3.5.1. Extraction of Gloss Sentimental Information

During the pre-training phase of the Bert model, particularly when performing the Next Sentence
Prediction (NSP) [39,40] task, the [CLS] marker plays a crucial role in extracting global semantic
information about the sequence. The vector representation of this token can reflect the depth of com-
prehension of the entire sentence by the Bert model. This research utilises the core property by utilising
the [CLS] tokens from the Large-scale Bert model output to represent the accurate semantic information
of the target word. Consequently, the model’s output is a matrix of dimensions [batch size, 1024], where
batch size represents the number of sentences fed into the model in a batch.

3.5.2. Extraction of Target Sentence Sentimental Information

To extract the context semantics of the target word, we use a similar approach to extract the
semantic information of the target word. Compared to the target word meaning extraction, the context
semantic extraction not only focuses on the [CLS] token embedded in the whole sequence semantic
vector, but also extracts the semantic vectors of multiple tokens including the [CLS] token from the
output sequence of the Bert model to form a new three-dimensional vector. To implement this strategy,
we introduce a hyperparameter called poly,,. This hyperparameter determines the number of tokens
extracted in the process of extracting semantic information from the target sentence. Through this
approach, the model can learn the information of the whole semantic sequence more comprehensively,
especially improving the ability of the model to extract fine-grained semantics.

By extracting the correct semantic information of the target word and the semantic information of
the target data, we get two matrices(shown in Equations (15) and (16).

Contextoutput : [Batch size, polyy,, 1024] (15)

Glossoutput : [Batch size, 1024] (16)

Where 1024 is the dimension of Large-scale Bert’s output vector.

3.6. Attention Dot Product

We construct two semantic matrices, Contextoytput and Glossoutput, by extracting the correct
semantic of the target word in the context and the semantic of the context in which the target word
is located. To allow the model to pay attention to the important semantic information in the two
semantic matrices, we introduce the attention dot product mechanism. The attention dot product
mechanism is used to extract the important semantic information in Contextoytput and Glossoutput
respectively, and the new semantic matrices Contextye, and Gloss,e are obtained, whose dimensions
are [Batch size, poly,,, 1024],[Batch size, 1024] respectively.

For ease of later computation, we construct a new dimension in Gloss,ew, resulting in a new
matrix dimension as Equation (17).

Glossperw = [Batch size, poly,,, 1024] 17)

To implement the attention dot product, we construct two trainable query matrices of dimension
[batchsize, poly,, 1024]. The initial values of these matrices are randomly generated, and their trainable
specificity allows the model to dynamically adjust the attention weights during the learning process.
This allows the model to continuously optimise its comprehension of semantics by learning important
semantic information during the training process.

The two constructed query matrices are taken as Query, the semantic information vector matrix is
taken as Value and Key, and the extracted semantic information matrix is constructed by the attention
dot product operation. The attention mechanism [45] is as follows Figure 7.
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[Batch size, polym 1024] {-.)"\f
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[Batch size, polym 1024]

4

Figure 7. Process of attention product proposed by this research.

By attention dot product, we get two new matrices, Context astention and GIoss astention, Whose
dimension are [Batch size, poly,,, 1024].

3.7. Proposed Loss Function and Output Layer

After completing the attention dot product, this research proposes a dot product algorithm based
on the Poly-Encoder architecture, which computes the new two matrices Context and Gloss by dot
product. The core idea of the algorithm is to convert two matrices of dimension [Batch size, poly,,, 1024]
into one matrix of dimension [Batch size, poly,,, Batch size] by dot product. And the matrix of dimen-
sion [Batch size, poly,,, Batch size] named semantic correlation matrix.

I [ T
‘ I ‘ I ‘ I
I I [ I
Sentence1 Gloss 1
Sentence2 | ] Gloss 2 —
|| i ™
Sentence3 © Gloss 3 = = Z
S
N
vl
Sentence Batch size-1 | Gloss Batch size-1 -
Sentence Batch size &y B .
QC° Gloss Batch size e Qo\"‘& Qc“\Q

Batch size

Figure 8. Matrix dot product algorithm flow chart.

The dot product operation was applied to the resultant matrix, which was then subjected to a
summation operation through the third dimension which dimension is poly,, to reduce its dimension-
ality. The resulting matrix has a size of [Batch size, Batch size]. The process is illustrated in Equation
(18).

0l
Matrixgesu = sz: Dot Producty (18)
k=1

Where Dot Producty is every sub matrix of semantics correlation matrix which dimension is
[Batch size, Batch size].

Upon careful analysis of this matrix, a key observation is revealed: only the elements at the
diagonal positions of the matrix display the interactions between the context of each target word
within the sentence and its corresponding semantic annotation. The matrix’s diagonal elements
represent the degree of association between the target word context and the matching semantic
annotation, reflecting the corresponding level of correlation. The other elements of the matrix reveal
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the association between each sentence context and the mismatched semantic annotations, indicating
that these elements correspond to incorrect semantic interpretations.

Based on this analysis, the matrix is used to guide the model’s training strategy. The strategy is
optimized by enhancing the correlation values of diagonal elements, which represent correct semantic
matches, and decreasing the values of non-diagonal elements, which represent incorrect semantic
matches. This results in a more accurate distinction between correct and incorrect semantic annotations.

Based on the characteristics of the semantic correlation matrix, we propose a loss function that
is specifically designed for this purpose. Firstly, we use the Softmax function to map each value in
the semantic information data to the range of [0,1]. The closer the value is to 1, the more semantically
relevant it is, and the closer it is to 0, the less semantically relevant it is. The diagonal values of
the matrix indicate the correlation between the correct semantic and the context of the target word.
The remaining values indicate the correlation between the incorrect semantics and the context of the
target word. To extract the semantic correlation on the diagonal, we use an extraction matrix with 1
only on the diagonal and 0 elsewhere. The program extracts values and calculates their average in a
batch. The neural network iteration optimizes disambiguation results by minimizing the inverse of the
mean correlation between the correct semantic of target words and their context semantics. Equation
(19),—21 provides the expression.

Mask =

S O =
S = O

0
0 (19)
1

e
Softmax(x;) = cp—— (20)
j=1¢"

 Mask - log(Softmax(x;))
Batch size

Loss = (21)

Using a specially designed loss function like Equation (21), the model can penalise incorrect
meanings’ correlation and achieve disambiguation.

4. Experiments and Performance Evaluation

In this section, three experiments are conducted to assess the performance and optimize the
hyper-parameters. In 4.1, experiment of optimization on model illustrate that modifying batch size
and poly,, will improve the performance of disambiguation task. In 4.2, experiment of sensitivity
analysis is conducted has proven the robust of model. In 4.3, we train a optimized model which
hyper-parameters are decided by experiment 1 in 4.1 and optimized noise level is employed. We assess
the performance of optimized model and compared with relative algorithm from relative work.

The following is the information of our device used in both two experiments.

Device of Experiments

Device information is below:

GPU RTX 2080Ti from NVIDIA

CPU Intel(R) Xeon(R) W-2133 CPU @ 3.60GHz
System Windows 10

GPU memory 24GB

Python version 3.10.1

Transformers version 4.38.0

4.1. Performance Evaluation and Optimization

In this experiment, Semcor 3.0 dataset is employed in the training process, and Large-scale Bert
model is taken as basic model to be fine-tuned. In this experiment we aim to modify hyper-parameters
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such as Batch size and poly,, to optimize the model’s performance. Two metrics are applied in this
experiment include F-1 Score and Accuracy [46].

To achieve this targets we construct a serious of hyper-parameters to train models and assess their
performance, the hyper-parameters are from 1 to 20. And we conduct combination of them to finish all
the combination’s experiments. Because of limitation of computing resource we use randomly selected
sub dataset to assess performance.

We conduct this experiment and record the result of Accuracy and F1 Score, the result are shown
in Figures 9 and 10.

@ Max Accuracy=0.009
@ Min Accuracy=0.862

S 19

Figure 9. This chart illustrate the distribution of Accuracy of models trained by different hyper-
parameters.

@ Max F1-Score=0.009
@ Min Fl-Score=0.859

R0y 19

Figure 10. This chart illustrate the distribution of F1 Score of models trained by different hyper-

parameters.

According to the result of this experiment, we can conclude that by increasing poly,, and Batch size,
the performance of the model improves dramatically. What’s more, it is a significant phenomenon that
when Batch size are nearly to 1, the Accuracy and F1 score are nearly to zero, which means that under

this situation, the model has no ability to disambiguate.
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The reason lies in the loss function and output layer of the proposed model (mentioned in
subsection 3.7). Because this model uses comparative learning as a training strategy, where we
maximise the sentimental correlation between the context and the true semantic of the target word
and minimise the correlation between the context and its false sentimental label. If batchsize is equal to
1, it means that only one true label can be learned and no false label will be considered, so the model
will lose disambiguation ability.

As for poly,,, mentioned in subsection 3.5, it represents the number of tokens taken in the sentiment
extraction process. The more tokens are selected, the more complete sentiment information is extracted.
By increasing poly;, the performance of the model will be improved.

4.2. Sensitivity Analysis

This experiment is conducted to assess the robustness of the proposed model in this research. We
add noise to the training process by modifying the label of the training set. We set different groups of
noise level to assess the robust of model [47], we apply 1%, 3%, 5% and 10% modification in data set as
experimental group and original model as control group where there is no noise in training data.

After modifying the training set and training process, we get 4 models. Evaluating their perfor-
mance we get the result shown in the Figure 11.

P —@— Accuracy
/' \\ =i- F-1 Score
0.85
0.80
[
)
]
O
n
0.75
0.70
Zero noise 1% noise level 3% noise level 5% noise level 10% noise level

Model

Figure 11. This figure illustrates different noise levels in the training set and their effect on Accuracy
and F-1 Score.

According to the result, a conclusion can be drawn that with a limited noise level applied in
the dataset, the performance of the model will be improved, but too high noise level will cause the
decrease of the performance [48]. What’s more, the sensitivity analysis experiment illustrates that the
proposed model has strong robustness.

4.3. Performance Evaluation of Optimized model and Comparison

In this experiment, we have developed an optimized model by adjusting hyperparameters
based on the outcomes of our experimental findings. The hyperparameters were set according to the
specifications detailed in the following Table 3.
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Table 3. Optimized parameters conducted in this expirement.

Parameters Value

polyy, 19
Batch size 19
Noise level 0.01

In this experiment, we utilize Accuracy and F1-Score as metrics to assess performance. We
examine the algorithms discussed in the previous section and designate them as the control group.
These algorithms include the Lesk [23] algorithm, Word2Vec approach [24], Dependence adaptability
approach [26], Bi-LSTM approach [27], Gloss-Bert model [28], and the WordNet knowledge graph
word semantics disambiguation algorithm [29]. Our proposed model is considered as the experimental
group for comparison.

The result of experiment is shown in the following Figure 12.

repesedmost _ prepesedmoe _

Lesk 0.47 Lesk 0.44

Word2Vec

Dependency adaptability

Bi-LSTM

Gloss-Bert

WordNet Graph

0.42

0.64

Word2Vec

Dependency adaptability

Bi-LSTM

Gloss-Bert

WordNet Graph

0.39

0.68

0.64

0.81

0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8
Accuracy F1-score

Figure 12. Result of comparison between experimental group and control group.

Based on the results of this experiment, it is evident that the proposed model outperforms the
control group. And the best model’s Accuracy is 86.1% while its F1-Score is 0.847. That means in most
situation, our model can locate true semantic of target sentence.

5. Conclusions

This research proposes a novel word semantics disambiguation model based on Poly-Encoder
Bert. We combine the outstanding inference capability of large-scale Bert model and the framework of
Poly-Encoder, as a result we achieve extremely high performance, the Accuracy is 86.1% and F1-Score
is 0.847. Compared with previous, our model achieves relatively better performance. This research
provides a novel approach to solve the word semantics disambiguation task. In the future, we will
continue to optimise the generalisation ability. What’s more, in the next step of our research, we will
apply this model to machine-to-machine communication [49-51] to improve the quality of sentence
comprehension between different terminals.

Appendix A
This section show the demo result of proposed model’s generalization.

1. Context sentence: The principle is commendable but we suspect that in the practice somebody is
going to get gulled .
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Target word: gulled

Data ID in Semcor: d291.s073.t002
WSD result: gull%?2:32:00::

Gloss of true semantic: fool or hoax

2. Context sentence: Since 1953 California has led the nation in enacting guarantees that public
business shall be publicly conducted , but not until this year did the lawmakers in Sacramento
plug the remaining loopholes in the Brown Act .

Target word: plug

Data ID in Semcor: d291.s100.t003

WSD result: plug%2:35:01::

Gloss of true semantic: fill or close tightly with or as if with a plug

3. Context sentence: In the tower , five men and women pull rthythmically on ropes attached to the
same five bells that first sounded here in 1614 .
Target word: woman
Data ID in Semcor: 1000.s005.t002
WSD result: woman%1:18:00::
Gloss of true semantic: an adult female person (as opposed to a man)

4. Context sentence: They belong to a group of 15 ringers — including two octogenarians and
four youngsters in training — who drive every Sunday from church to church in a sometimes-
exhausting effort to keep the bells sounding in the many belfries of East Anglia .

Target word: drive

Data ID in Semcor: 1000.s010.t008

WSD result: drive%2:38:00::

Gloss of true semantic: move by being propelled by a force

5. Context sentence: In a well-known detective-story involving church bells , English novelist
Dorothy L. Sayers described ringing as a “ passion that finds its satisfaction in mathematical
completeness and mechanical perfection . “

Target word: church

Data ID in Semcor: d000.s030.t003

WSD result: church%1:06:00::

Gloss of true semantic: a place for public (especially Christian) worship

6. Context sentence: It is a passion that usually stays in the tower, however .
Target word: tower
Data ID in Semcor: d000.s033.t003
WSD result: tower%1:06:00::
Gloss of true semantic: a structure taller than its diameter; can stand alone or be attached to a
larger building

7. Context sentence: Since 1953 California has led the nation in enacting guarantees that public
business shall be publicly conducted , but not until this year did the lawmakers in Sacramento
plug the remaining loopholes in the Brown Act .

Target word: plug

Data ID in Semcor: d291.s100.t003

WSD result: plug?2:35:01::

Gloss of true semantic: fill or close tightly with or as if with a plug



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 March 2024 d0i:10.20944/preprints202403.0316.v1

17 of 20

8. Context sentence: Scientists say the discovery of these genes in recent months is painting a new
and startling picture of how cancer develops .
Target word: cancer
Data ID in Semcor: d001.s001.t009
WSD result: cancer%1:26:00::
Gloss of true semantic: any malignant growth or tumor caused by abnormal and uncontrolled
cell division; it may spread to other parts of the body through the lymphatic system or the blood
stream’, "type genus of the family Cancridae’, ‘a small zodiacal constellation in the northern
hemisphere; between Leo and Gemini

9. Context sentence: The newly identified genes differ from a family of genes discovered in the
early 1980s called oncogenes .
Target word: genes
Data ID in Semcor: d001.s011.t002
WSD result: gene%1:08:00::
Gloss of true semantic: (genetics) a segment of DNA that is involved in producing a polypeptide
chain; it can include regions preceding and following the coding DNA as well as introns between
the exons; it is considered a unit of heredity

10. Context sentence: Because of the isolation of the retinoblastoma tumor-suppressor gene , it
became possible last January to find out what threat the Quinlan baby faced .
Target word: became
Data ID in Semcor: d001.s021.t003
WSD result: become%2:30:00::
Gloss of true semantic: enter or assume a certain state or condition

11. Context sentence: “ All this may not be obvious to the public, which is concerned about ad-
vances in treatment , but I am convinced this basic research will begin showing results there soon
Target word: obvious
Data ID in Semcor: d001.s027.t000
WSD result: obvious%3:00:00::

Gloss of true semantic: easily perceived by the semanticss or grasped by the mind

12. Context sentence: The story of tumor-suppressor genes goes back to the 1970s , when a pediatri-
cian named Alfred G. Knudson Jr. proposed that retinoblastoma stemmed from two separate
genetic defects .

Target word: genetic

Data ID in Semcor: d001.s037.t010

WSD result: genetic%3:01:02:

Gloss of true semantic: of or relating to the science of genetics

13. Context sentence: The result is a generation of young people whose ignorance and intellectual
incompetence is matched only by their good opinion of themselves .
Target word: ignorance
Data ID in Semcor: d002.s010.t004
WSD result: ignorance%1:09:00::
Gloss of true semantic: the lack of knowledge or education

14. Context sentence: Already two major pharmaceutical companies , the Squibb unit of Bristol-
Myers Squibb Co. and Hoffmann-La Roche Inc. , are collaborating with gene hunters to turn the
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anticipated cascade of discoveries into predictive tests and , maybe , new therapies .
Target word: predictive

Data ID in Semcor: d001.s090.t011

WSD result: predictive%5:00:00:prophetic:00

Gloss of true semantic: of or relating to prediction; having value for making predictions
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