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Abstract
Faculty of Science
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Master of Science

Knowledge-Driven Language Modelling for Text Embedding and Semantic
Similarity

by Nimesh BHANA (2371061)

Language Models such as BERT have grown in popularity due to their ability to
be pre-trained and perform robustly on a wide range of Natural Language Process-
ing tasks. Often seen as an evolution over traditional word embedding techniques,
they are capable of producing representations of text, useful for tasks such as se-
mantic similarity. However, state-of-the-art models often have high computational
requirements and lack global context or domain knowledge which is required for
complete language understanding. To address these limitations, an investigation
of the benefits of knowledge incorporation into the fine-tuning stages of BERT is
done. An existing K-BERT model, which enriches sentences with triples from a
Knowledge Graph, is adapted for the English language and extended to inject con-
textually relevant information into sentences. Given the appropriate knowledge,
Knowledge-enabled BERT (K-BERT) outperforms similar models, USE & SBERT,
suited for text embedding and semantic similarity. Performance is based on the STS-
B and ag_news_subset datasets. Knowledge ablation studies conducted indicate
that injected knowledge causes noise. When this noise is minimised, we see statis-
tically significant performance improvements for knowledge-driven tasks. Results
show evidence that, given the appropriate task, modest injection, with relevant, high
quality knowledge is most performant. However, achieving successful integration
autonomously is non-trivial.
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Chapter 1

Introduction

The digital divide has been waning with every passing year. Five billion people now
have access to the internet in some capacity [Union 2021], leading to huge through-
put of information sharing between people. While access to zettabytes of digital
data is beneficial, it makes finding pertinent information arduous. Search techniques
have fortunately been assisting with this problem for decades. Furthermore, in situa-
tions that require providing suggestions to the user, we have Recommender Systems
[Bobadilla et al. 2013] which have been very beneficial in commercial applications.

However, such systems typically rely on user data to make optimal recommen-
dations. In cases where users feel uncomfortable providing such data, these systems
must rely on approaches that strictly consider item similarity. For instance, when
viewing an "office chair" on an e-commerce website such as Amazon, related items
such as "desks" or other "office chairs" will also be suggested for users to view. Rec-
ommendations make the process of finding items of interest as seamless as possible
for the user. While item similarity has been implemented successfully for various
types of content, one major challenge is applying this to textual data [Nguyen et al.
2019].

Measuring the degree of similarity between pairs of text is an open research prob-
lem in the field of Natural Language Processing (NLP). Since natural language is
both versatile and ambiguous, it is difficult to define rule-based methods for measur-
ing the semantic similarity between pairs of text [Marsi and Krahmer 2013; Marneffe
and Manning 2008; Schuster and Manning 2016]. For example, the sentences "The
bank increased its interest rate" and "The boat that passed the river bank, piqued his
interest" both contain the same words "bank" and "interest", however, their meanings
vary greatly. The converse is also true, i.e. words may not be syntactically identi-
cal but may be synonyms. Disambiguation of these meanings requires knowledge
about the language and, possibly, the domain to which the concepts belong - e.g.
finance, medicine, etc.

Knowledge sources such as ontologies, thesauri, dictionaries, and knowledge
bases contain general information about the world. These sources of knowledge
are useful for uncovering facts and providing additional context to fill the gaps in
one’s understanding. While this idea has been extended to machines [Rodriguez and
Egenhofer 2003; Majumder et al. 2016], it requires feature engineering and causes
a tight coupling between the NLP system and a given knowledge source. Since
the structure of various knowledge sources is inconsistent with each other, major
changes are necessary within the NLP system to accommodate a new knowledge
source. Consequentially, the changes cause performance inconsistencies within the
NLP system. A different approach to computing similarity between pairs of text
would be to create a representation of the text which incorporates its meaning. Neu-
ral networks are a popular architecture to produce these representations of text.
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Advances in computational power and accessibility thereof, have catalysed a
move toward more complex neural architectures. An abundance of free text has
allowed these architectures to learn in a self-supervised manner. Language Mod-
elling exploits this capability by capturing statistical patterns and nuances over a
large corpus of text. This information is represented as a series of real-valued num-
bers corresponding to a word. One such pattern could recognise that "bank" occurs
frequently with terms like "money" and "interest". Its representation is therefore
affected by the words that surround it, also known as its context. These represen-
tations are known as contextualised embeddings and have been used to produce
state-of-the-art (SOTA) results over a range of NLP tasks [Song et al. 2020; Devlin
et al. 2019; Cer et al. 2018].

While there are various approaches explored to improve the quality of embed-
dings, a consensus is that model size and performance are linearly related [Brown
et al. 2020]. Most state-of-the-art models have grown from millions to billions of pa-
rameters. As this number continues to grow, computational requirements become
exorbitant for the average person as well as contributes to the massive energy crisis
[Yang et al. 2017]. It is therefore important to make models as efficient as possible
while maintaining maximal performance.

One method to achieve efficiency is to leverage existing knowledge to comple-
ment the understanding of the Language Model. Leveraging existing knowledge
is beneficial, especially for tasks that require domain-specific knowledge such as
medicine [Ormerod et al. 2021]. Knowledge sources are an ideal repository of uni-
versal information, containing both general and domain-specific knowledge that can
be exploited by the Language Model. There have been various attempted hybridis-
ations, one of which, is K-BERT [Liu et al. 2020].

The K-BERT model by Liu et al. [2020] combines the language representation
model BERT with a Knowledge Graph. This work extends K-BERT by adapting it
to the English language. I explore the possibility and related benefits/detriments of
incorporating information from a Knowledge Graph into the fine-tuning stages of
the Language Modelling process. The aim is to provide additional contextual infor-
mation, to represent text in greater fidelity, ultimately leading to more accurate text
comparisons. Additionally, I propose and test the effectiveness of a simple contex-
tualised mechanism to query entities from the Knowledge Graph. The new query
mechanism forms an extension of the existing KQuery by Liu et al. [2020].

Experimental results indicate that injected knowledge may introduce noise which
hurts performance. When noise is minimised and injected in the appropriate con-
text, we observe a 0.7% statistically significant performance improvement (p-value
< 0.001) over the BERT baseline for the appropriate knowledge-driven task.

The main contributions of this research are:

• A K-BERT model adapted for the English language

• Integration of the model with a new Knowledge Graph

• A modified KQuery to inject contextually relevant information

The rest of this report will first provide some background information about
Knowledge Graphs and text embedding techniques in Chapter 2. Related work
is discussed and critiqued in Chapter 3. Details of a new Knowledge Graph, data
retrieval, and pre-processing are explained in Chapter 4. Changes and enhance-
ments to the K-BERT model are outlined in Chapter 5. Experiment setup, results
and analysis are shown in Chapter 6, 7 and 8 respectively. Lastly, Chapter 9 contains
conclusions of the current study and avenues for future work.
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Chapter 2

Background

2.1 Knowledge Graphs

A Knowledge Graph is a structured representation of knowledge about the real
world [Yan et al. 2016]. It contains information about entities (e.g. organizations,
movies, people, locations, fictional characters) and relations between them (e.g. birth-
place, director). Additional information such as entity properties, labels, or values
is also included. Figure 2.1 shows a simple Knowledge Graph with entities as nodes
and relationships represented as directed edges between nodes.

The term Knowledge Graph is synonymous with Knowledge Base [Frost 1986].
Most work refers to them interchangeably. The primary difference is that Knowledge
Graphs must be able to be viewed as a graph. Because Knowledge Bases contain
factual information in a triple format (subject, predicate, object), under the resource
description framework (RDF) [Swick and Lassila 1999], they can be visualised as a
graph in most cases.

Since facts are written in propositional logic [Ji et al. 2022] inference is also possi-
ble through the use of Knowledge Bases. A simple example is shown in Figure 2.2.
We can infer that BARACK OBAMA was born in the country UNITED STATES since the
city of HONOLULU is LOCATEDIN UNITED STATES. Even though this appears to be
a weak inference, real-world Knowledge Bases may contain thousands of properties
for a single entity, leading to more accurate and specific inferences.

For example, entity UNITED STATES may have property INSTANCEOF COUN-
TRY and/or HAWAII INSTANCEOF U.S. STATE. These inherent properties and fea-
tures illustrate that Knowledge Bases can be thought of as intelligent databases to
manage, store, and query information. As such, many existing Knowledge Bases
are provided in a format which supports queries through a query-language such
as SPARQL [Prud’hommeaux and Seaborne 2008]. Using these query-languages,
we can answer questions such as "How many states does United States have?" or,
a more complex question, "Which U.S. presidents have had parents who were also
politicians?".

Knowledge Bases are useful in a wide range of applications such as search en-
gines [Noy et al. 2019; Sinha et al. 2015], question-answering, fact-checking, and chat-
bots, among other tasks. Notable Knowledge Bases include: YAGO [Pellissier Tanon
et al. 2020], DBPedia [Auer et al. 2007], BabelNet [Navigli and Ponzetto 2012], NELL
[Carlson et al. 2010], KnowItAll [Etzioni et al. 2004], Wikidata [Vrandečić and Krötzsch
2014].
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FIGURE 2.1: Example of Knowledge Graph from [Zhou et al. 2019]
showing entity nodes in circles, with labels directly underneath. Di-
rected edges represent relationships between entities. Each entity
may have one or more properties associated with it, such as gender

or given name if the entity is a person.

FIGURE 2.2: Facts of Knowledge Graph in Figure 2.1 written in triple
notation.
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2.2 Embedding Techniques

For computers to work with text data efficiently, the text must first be converted
into numbers. The representation of this text by a group of real-valued numbers,
also known as a vector, is referred to as an embedding. There have been several ap-
proaches proposed to produce embeddings. From basic techniques such as One Hot
Encoding to Transformer-based contextual embeddings. Details of these approaches
are outlined in the following subsections.

2.2.1 One Hot Encoding

One of the earlier techniques, One Hot Encoding assigns a vector to each distinct
item in a corpus [Berry et al. 1998]. Hence, if given a document of words, each
distinct word can be represented by a different vector. A simple approach to achieve
this representation is to assign an index to every unique word. Vectors filled with 0’s
will be created with a dimension equal to the vocabulary of words. A value of 1 will
be inserted whenever a word belongs to its index. An example of this approach is
shown in Table 2.1. Each word in the sentence will then have the following resulting
vectors as illustrated in Figure 2.3.

s hot in road shimmered the wide sun

the 0 0 0 0 1 0 0

wide 0 0 0 0 0 1 0

road 0 0 1 0 0 0 0

shimmered 0 0 0 1 0 0 0

in 0 1 0 0 0 0 0

the 0 0 0 0 1 0 0

hot 1 0 0 0 0 0 0

sun 0 0 0 0 0 0 1

TABLE 2.1: Table of one hot encoding vectors for every word in sen-
tence s (along the first column). Unique, case-insensitive words of the
sentence "The wide road shimmered in the hot sun" is shown as col-
umn headers, ordered in alphabetical order. For each word w ∈ s, a
(1) is placed whenever w matches a column header and (0) elsewhere.

2.2.2 Term Frequency-Inverse Document Frequency (TF-IDF)

A drawback of One Hot Encoding is that the vectors of the words do not convey any
significant information. In a sentence, certain words are more significant than others
and it would be beneficial to represent that distinction. Instead of assigning a value
of 1 as done in One Hot Encoding, we can assign a different number, or weight,
to indicate the importance of a word in the current sentence. This weight can be
attained using Term Frequency-Inverse Document Frequency (TF-IDF) [Ramos et al.
2003].

TF-IDF is a statistical measure to determine the relevance of word w in a docu-
ment d with respect to a text corpus D. The frequency of occurrences of a word is



Chapter 2. Background 6

FIGURE 2.3: One hot encoding vectors for sentence "The wide road
shimmered in the hot sun". These vectors can be found in the columns

of Table 2.1

used to determine its importance. Words such as "of", "as", "and", "the", "in" occur
frequently throughout the corpus D and are considered insignificant. Conversely,
words that occur infrequently throughout corpus D but are unique to document d
indicate high relevance to d. Therefore, the insignificant words are assigned a lower
weighting than rare words [Berger et al. 2000; Salton and Buckley 1988]. An example
of the calculation is shown in Table 2.2, where weight of a word per document wd is:

wd = fw,d × log
(

|D|
fw,D

)
, (2.1)

where fw,d equal to the number of occurrences of w in d and fw,D equal to the number
of documents containing w.

The TF-IDF columns in Table 2.2 can be used as vectors to represent each docu-
ment d ∈ D.

words TF(w, A) TF(w, B) IDF(w, D) TFIDF(A) TFIDF(B)

blue 0 1/7 ln (2/1) = 0.69 0 0.099

fish 0 1/7 ln (2/1) = 0.69 0 0.099

hot 1/8 0 ln (2/1) = 0.69 0.086 0

in 1/8 1/7 ln (2/2) = 0.00 0 0

road 1/8 0 ln (2/1) = 0.69 0.086 0

shimmered 1/8 0 ln (2/1) = 0.69 0.086 0

sun 1/8 0 ln (2/1) = 0.69 0.086 0

swam 0 1/7 ln (2/1) = 0.69 0 0.099

tank 0 1/7 ln (2/1) = 0.69 0 0.099

the 2/8 1/7 ln (2/2) = 0.00 0 0

two 0 1/7 ln (2/1) = 0.69 0 0.099

wide 1/8 0 ln (2/1) = 0.69 0.086 0

TABLE 2.2: TF-IDF calculations for corpus D = [A, B], with A = "The
wide road shimmered in the hot sun" and B = "Two blue fish swam in

the tank".
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2.2.3 Word2Vec

While TF-IDF is suitable for simple applications in information retrieval or keyword
extraction, two major deficiencies exist. That being, the resultant vectors are sparse,
i.e. vectors contain a large number of zeros that occupy an unnecessary amount of
space. Secondly, they convey no meaning of the word they represent, i.e. similar
words such as "dog" and "puppy" can have completely dissimilar vector represen-
tations. To overcome these shortcomings, models which can "learn" a word embed-
ding from a corpus have been proposed.

Progress in machine learning techniques has allowed for more complex models
to be developed, such as Neural Probabilistic Language Model (NPLM) by Bengio
et al. [2003]. NPLM learns a probability function for word sequences in a language
using a neural network. That is, the probability of the next word given the previous
words:

P̂(wT
1 ) =

T

∏
t=1

P̂(wt|wt−1
1 ) , (2.2)

where wt is the t-th word, and sub-sequence wj
i = (wi, wi+1, . . . , wj−1, wj).

Then for a Neural Model, having the training set being a sequence of words
w1 . . . wT for wt ∈ V, where V is a vocabulary of a large but finite set. The objective
of the neural network is to learn a model

f (wt, . . . , wt−n+1) = P̂(wt|wt−1
i ) ,

where n represents the number of consecutive words to combine, or n-grams. Each
element i of V is mapped to a real vector C(i) ∈ Rm, where C is a mapping func-
tion and m is the number of features. The resulting mapped elements represent dis-
tributed feature vectors which are learnt simultaneously with the probability function.
The initialisation of the vectors is either done according to a particular distribution
(Normal distribution), using prior knowledge of semantic features, or randomly ini-
tialised. Vectors can be of fixed size m, which is significantly smaller than the size
of the vocabulary. This approach alleviates data sparsity issues present in the One
Hot Encoding and TF-IDF methods by producing dense vectors with a multitude of
features.

The final function f of the neural architecture as shown in Figure 2.4 then be-
comes:

f (i, wt−1, . . . , wt−n+1) = g(i, C(wt−1), . . . , C(wt−n+1)) , (2.3)

where g is the neural network with parameters ω. Overall parameter set is θ =
(C, ω).

Training maximises log-likelihood as shown in Equation 2.4

L =
1
T ∑ log f (wt, wt−1, . . . , wt−n+1; θ) + R(θ) , (2.4)

where R(θ) is a regularization parameter.
Since the word feature vectors are learnt over a corpus, words such as "dog"

and "puppy" will have similar feature vectors because the probability function is a
smooth function over these feature values. A small change in a feature will induce
a small change in the probability. The production of feature vectors can be extended
to not only words but to combinations of words or sentences.

Extending on NLPM’s approach to learning distributed representations of words,
Mikolov et al. [2013a] proposed word2vec, a novel technique to learn high-quality
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FIGURE 2.4: Bengio et al. [2003] neural architecture f depicted by
Equation 2.3, where g is the neural network.

word embeddings from large corpora (billions of words). A pivotal contribution
of word2vec was that the embeddings produced after initial training could be suc-
cessfully applied to a range of NLP applications. Since these embeddings are pre-
trained, their development is a form of Transfer Learning, which offers significant
improvements over training from scratch such as improvements in generalisation
accuracy [Turian et al. 2010].

Two variants of word2vec exist - Continuous Bag of Words (CBOW) and Skip-
gram. In CBOW, the neural network tries to predict the current word given the
context words that surround it. Skip-gram performs the opposite by predicting the
closely related context words given the current word. These architectures are shown
in Figure 2.5.

Figure 2.6 illustrates an example text and the skip-grams that are desired to be
attained. Window size m defines the context size, meaning the model will look at
positions t − m to t + m as the context, with the centre word at position t. Assume,
given centre word wt, context words are generated independently from each other,
then, probability formula for the co-occurrence of the context words in the example
text with wt = shimmered and window size m = 2 is shown in Figure 2.7. The
likelihood is generalised by Equation 2.5.

L(θ) =
T

∏
t=1

∏
−m≤j≤m,j ̸=0

P(wt+j|wt; θ) , (2.5)

where θ represents the parameters of the model and wt is a word at position t.
In summary, the dataset for training the model is attained from a large cor-

pus of text (such as Wikipedia). Using a sliding window of maximum size 2m +
1, training samples are generated to train the model in a self-supervised manner.
The training methodology has allowed word2vec to produce high-quality embed-
dings by reducing model complexity and increasing the volume of training data.
It has also been found that performing certain simple algebraic operations such as
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FIGURE 2.5: CBOW and Skip-gram models [Mikolov et al. 2013a].
CBOW predicts the current word based on the context. Skip-gram

predicts the context words given the current word.

VECTOR("King") − VECTOR("Man") ≈ VECTOR("Queen") is linearly consistent
with regularities among words [Mikolov et al. 2013b].

In recent years, there has been a transition from the way NLP models are built.
While models have become more complex and incorporate deep learning, most have
moved away from simply using pre-trained word embeddings as the input layer of
a model. Instead, the focus has been placed on initialising an entire model with pre-
trained weights. With the ever-expanding resources of free text [Merity et al. 2016;
Raffel et al. 2020a; El-Khair 2016], pre-training entire models have become more vi-
able and practical due to the easily accessible digitised literature and world knowl-
edge. Pre-trained Language Models have now exhibited state-of-the-art results in a
range of NLP tasks. One of the most influential models is BERT.

2.2.4 BERT

Bidirectional Encoder Representations from Transformers (BERT) is a language rep-
resentation model introduced by researchers at Google in 2018 [Devlin et al. 2019].
Like most language models, it is pre-trained on a huge corpus of unlabelled text
(BooksCorpus [Zhu et al. 2015] and Wikipedia) on different pre-training tasks. After
pre-training, the model can be further fine-tuned for a broad range of NLP down-
stream tasks such as Question Answering, Sequence Classification, and Sentiment
Analysis. BERT utilises the Transformer architecture [Vaswani et al. 2017] which was
initially designed for Machine Translation.

Transformer

A machine translation problem can be represented as a statistical model:

P(x|e) =
m

∏
i=1

P(xi|x1:i−1, e) , (2.6)

which estimates the probability P of a target sentence x with m words, being trans-
lated to a source sentence e, where xi represents target word at position i [Kalchbren-
ner and Blunsom 2013]. Neural Machine Translation fits a neural model to maximise
the conditional probability of sentence pairs using a parallel training corpus [Bojar
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FIGURE 2.6: Skip-grams and window sizes of example text: The wide
road shimmered in the hot sun [Har 1969; Abadi et al. 2015].

et al. 2014; Alotaibi 2017], i.e. a collection of texts which is translated into one or
more different languages.

Since translation involves converting a sequence of words into another sequence
of words, sequence-to-sequence models such as Recurrent Neural Networks (RNNs)
and Long Short-Term Memory (LSTM) have successfully been applied in solving the
Machine Translation problem [Sutskever et al. 2014; Cho et al. 2014].

The translation process has been subdivided into two separate components: an
encoding phase and a decoding phase. The encoding phase takes an input sequence
of vectors x = (x1, x2, . . . , xm) (representing words in the sentence) and generates
vector c from a series of hidden states ht using RNN f :

ht = f (xt, ht−1) , (2.7)
c = q(h1, . . . , hm) , (2.8)

with q being non-linear functions, which in general is simply q(h1, . . . , hm) = hm.
The decoder is trained to predict the target word xî, given context vector c and

the previously predicted words x1, . . . , xî−1:

P(x) =
m

∏
t=i

P(xi|x1:i−1, c) , (2.9)

where P(xi|x1:i−1, c) is being predicated by RNN g with hidden state si as

P(xi|x1:i−1, c) = g(xi−1, si, c) . (2.10)

Instead of incorporating all contextual information into a single context vector
c, a pivotal "attention" mechanism was proposed [Bahdanau et al. 2015; Luong et al.
2015]. The intention behind the attention mechanism is to distribute the contextual
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FIGURE 2.7: Probability formula for the co-occurrence of all the
words in the context (wide, road, in, the) of the example text, given

the centre word w2 = shimmered and window size m = 2

information throughout the sequence of hidden states instead of enforcing all the
information into a single fixed-sized vector c. Non-linear function g is now described
by:

g(xi−1, si, ci) , (2.11)

with RNN hidden state si computed as:

si = f (si−1, xi−1, ci) . (2.12)

A distinct context vector ci is generated for each target word xi. Generation is
done similarly as before - by using the sequence of hidden states or annotations hi.
Each hidden stater hi contains information about the entire sentence, with a stronger
focus on the words surrounding the i-th word. Each context vector ci is calculated
as a weighted sum of hi:

ci =
m

∑
j=1

αijhj . (2.13)

Weight aij is computed according to:

αij =
exp eij

∑m
k=1 exp eik

, (2.14)

where
eij = a(si−1, hj) , (2.15)

is an alignment model which scores how well the inputs around position j and out-
puts around position i match. The alignment model a is parameterised as a feed-
forward neural model which is jointly trained with the entire transition model. In-
tuitively, this mechanism allows the decoder to decide on which parts of a sentence
to pay attention to.

The concept of attention forms the foundation of the Transformer model. Being
initially designed for the task of Machine Translation, the Transformer also utilises
an encoder-decoder structure. However, unlike the traditional sequence-to-sequence
models, Transformers attempts to exploit the power of parallelisation to be more
computationally efficient. Instead of the additive attention function in Equation 2.14,
the attention function by Vaswani et al. [2017] is multiplicative. The weights are
produced through matrix multiplication, which is the typical operation Graphical
Processing Units (GPUs) are optimal for.

The overall Transformer architecture is shown in Figure 2.8. It comprises of N =
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FIGURE 2.8: Transformer architecture from [Vaswani et al. 2017]

6 encoder layers stacked together, as shown in the left component, and similarly, the
decoder on the right comprises N = 6 identical layers. As done in other Neural
Machine Translation models, it transforms one sequence into another sequence. The
input sequence is firstly segmented into tokens (which can be thought of as words in
most cases [Gage 1994; Schuster and Nakajima 2012]). Each of these tokens will have
a learnt embedding of size dmodel associated with it. These input embeddings are fed
into the encoder and are added with a positional encoding. Equation 2.16 and 2.17
respectively show the sinusoidal and cosine functions used by Vaswani et al. [2017]
to produce the positional encodings.

PE(pos,2i) = sin(pos/100002i/dmodel ) , (2.16)

PE(pos,2i+1) = cos(pos/100002i/dmodel ) , (2.17)

where pos is the position and i is the dimension. That is, for every token in position
pos, generate a position vector of dimension dmodel .

Positional encoding is necessary because the processing of tokens is now done
in parallel, instead of sequentially. Positional information has been lost and it’s re-
quired to inject back this positional information by means of a positional encoding.

The resultant embeddings are fed into an attention block which performs a scaled
dot product:

Attention(Q, K, V) = softmax
(

QKT
√

dk

)
V , (2.18)

where Q, K, V are matrices corresponding to Queries, Keys, and Values. Queries
represent the target vectors, while Keys and Values represent the source vectors.

Q, K, V are attained by performing matrix multiplication between the matrix of
input embeddings X (from either target or source) and weight matrix W. For ex-
ample, Value matrix is attained by V = X · WV where WV is of dimension dv × dv.
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The Query and Key matrices are produced in the same manner but with their cor-
responding weight matrices of dimension dk × dk. The softmax(QKT

√
dk
) corresponds to

the "weight" component of the attention mechanism. Similarly, the α component in
the attention mechanism in Equation 2.13 corresponds to the "weight" as well.

The final dot product between the weight component and Value matrix V will be
passed through a fully connected feed-forward neural network. The output of the
network will be passed on to the next encoder block where the process repeats. The
scaling by 1√

dk
is done for numeric stability for the gradient computation.

If the target and source sequence which is fed into the attention block is the same,
the type of attention is said to be self-attention [Cheng et al. 2016; Lin et al. 2017]. Us-
ing self-attention, we can focus on important parts of a sentence. However, for most
sentences, there are likely multiple important aspects of a sentence that requires at-
tention. Thus, instead of saturating a single attention function with all the informa-
tion, we employ multiple attention heads to spread the load. This type of attention is
Multi-Head Attention and is simply a concatenation of multiple attention heads h:

MultiHead(Q, K, V) = Concat(head1, . . . , headh)WO , (2.19)

where headi = Attention(QWQ
i , KWK

i , VWV
i ) . (2.20)

After receiving the output from the last layer of encoders, the process of trans-
forming the contextualised embeddings into a different sequence using the decoder
component is done. However, this study is only concerned with the encoding pro-
cess to produce contextualised embeddings. It is through the use of multiple Trans-
former encoder blocks that BERT can produce contextualised embeddings.

BERT Architecture

BERTBASE, the base version of BERT, stacks L = 12 Transformer encoder layers to-
gether. The number of self-attention heads A is 12 and hidden size H of the feed-
forward layer is 768. These parameters indicate that each input token will be of
dimension H and passed through L layers of transformer encoder blocks. The multi-
head attention block in each encoder will consist of A heads.

BERT is pre-trained on BooksCorpus (800M words) [Zhu et al. 2015] and English
Wikipedia (2,500M words). The objectives used during pre-training are Masked-
Language-Modelling (MLM) and Next-Sentence-Prediction (NSP). In MLM, a per-
centage of the input tokens are masked and the model is tasked to predict those
masked tokens. Given two sentences A and B, NSP is concerned with correctly pre-
dicting whether B is the next sentence of A. The pre-trained BERT model can be fine-
tuned for a wide range of downstream tasks such as Question Answering, Natural
Language Inference, Sentiment Analysis etc. [Devlin et al. 2019].

Based on the WordPiece sub-word tokenization algorithm [Schuster and Naka-
jima 2012], a vocabulary for BERT is constructed. The use of the WordPiece algo-
rithm indicates that BERT works on a sub-word level and therefore segments text
into sub-words before retrieving their relevant embedding. For example, the word
"playing" would be split into two separate tokens "play" and "##ing". The leading
"##" is an indication that the characters that follow form part of the previous token,
i.e. they join to "play". BERT’s input representation is illustrated in Figure 2.9.

Tokens [CLS] and [SEP] are special tokens that must also be included in the in-
put. The final hidden state of the special classification token [CLS] is used as an
aggregate sentence representation for classification tasks. [SEP] indicates the end of
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FIGURE 2.9: BERT input representation [Devlin et al. 2019]

FIGURE 2.10: Sentence Tree structure [Liu et al. 2020]

the sentence. Since BERT permits a text pair input, for tasks such as Question An-
swering, a segment embedding is required to indicate to which sentence each token
is associated with. Lastly, since blocks of Transformers are used in BERT, a positional
embedding is required to indicate token order. The final input representation is the
sum of the token, segment, and positional embeddings.

2.3 K-BERT

K-BERT is a knowledge-enabled language representation model based on BERT [Liu
et al. 2020]. It infuses triples from a Knowledge Graph into sentences for additional
domain knowledge. The knowledge-enhanced sentences are then fed into a modi-
fied BERT model for improved performance on downstream tasks, as a result of the
additional knowledge.

The major change in the K-BERT architecture compared to the original BERT is
the manipulation of the input. This change must be accommodated by the rest of the
model pipeline and necessitates additional internal changes within BERT. All such
changes are discussed in the following subsections.

2.3.1 Knowledge Layer

The purpose of the Knowledge Layer is to infuse sentences with triples (wi, ri, wk) ∈
K, where wi is an entity, ri is relationship/property and K is a Knowledge Graph.
Output of the Knowledge Layer is a knowledge-rich sentence tree. The structure is
illustrated in Figure 2.10.

2.3.2 Embedding Layer

Conversion of the sentence tree to an embedding is almost identical to BERT. How-
ever, positional information is handled differently due to the non-sequential struc-
ture of the sentence tree. Branches must first be unrolled into a sequential form.
However, while performing the unrolling, it is important to ensure that the structure
and meaning of the original sentence remain intact. When knowledge is inserted for
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FIGURE 2.11: The processing of converting a sentence tree to an em-
bedding representation with a visible matrix [Liu et al. 2020].

a particular token, it should not affect the representations of the tokens surround-
ing it. Conversely, the representation of the [CLS] token should acknowledge the
semantic changes induced by the injected knowledge on the original tokens. These
acknowledgements extend to any attention score calculation in the Transformer ar-
chitecture.

To accommodate the aforementioned requirements, a visible matrix M is intro-
duced. The visible matrix contains binary values indicating which tokens may "see"
each other. Hence, for the sentence tree in Figure 2.11 [Apple] modifies [Cook], but
should not affect [Beijing]. Also, [CLS] can only see tokens from the original sen-
tence. We can see how the visible matrix indicates the visibility for every token in
the input.

Lastly, the self-attention mechanism in the Transformer must be adapted to only
attend to regions specified by M. An extension of self-attention called mask-self-
attention is then given by:

Qi+1, Ki+1, Vi+1 = hiWq, hiWk, hiWv , (2.21)

Si+1 = so f tmax

(
Qi+1Ki+1T

+ M√
dk

)
, (2.22)

hi+1 = Si+1Vi+1 , (2.23)

where, Wq, Wk, Wv are trainable model parameters and hi is the hidden state of the
i-th mask-self-attention blocks.

The rest of the fine-tuning process remains the same as BERT.
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Chapter 3

Related Work

3.1 Introduction

Measuring the degree of similarity between pairs of text is an open research prob-
lem in the field of Natural Language Processing (NLP). Since natural language is so
versatile, it is difficult to define rule-based methods for measuring how semantically
equivalent pairs of text are [Marsi and Krahmer 2013; Marneffe and Manning 2008;
Schuster and Manning 2016]. For example, although the sentences "The boat that
passed by the river bank piqued his interest" and "The money she had deposited in
the bank had earned interest" contain similar words such as "bank" and "interest",
they convey very different meanings. Similarly, the following two sentences, "Sarah
does not eat meat, only seafood" and "Sarah is a pescatarian" contain different words,
but convey the same meaning.

Techniques have been proposed over the years to solve semantic textual simi-
larity and several related NLP problems. Ranging from simple edge-counting ap-
proaches in Section 3.3 to complex Deep Neural Network-based methods with bil-
lions of parameters in Section 3.6. Lastly, hybrid methods exploiting the advantages
of two or more types of techniques are mentioned in Section 3.7.

3.2 String-based Methods

The simplest techniques of similarity matching consist of techniques such as Longest
Common Substring, Levenshtein, and Jaro distance [Weiner 1973; Levenshtein 1965;
Jaro 1989]. Working on a character-level, these techniques attempt to align strings
or find the longest contiguous sequence of characters that match. Some incorporate
transpositions, insertions, and deletions into their approach. Although useful for
tasks such as spelling correction or searching, it is not entirely suitable for semantic
similarity, which requires looking beyond the character-level and uncovering the
meaning behind the text itself.

3.3 Knowledge-based Methods

Knowledge-based semantic similarity utilises information attained from one or more
knowledge sources to measure the similarity between two terms. These knowledge
sources are typically ontologies, lexical databases, dictionaries, thesauri, knowledge
bases, etc [Chandrasekaran and Mago 2021]. Knowledge-based methods exploit the
fact that the content within these knowledge sources is semantically linked and am-
biguity free.
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3.3.1 Edge-based Methods

A taxonomically linked ontology of words can be thought of as a graph. Edge-based
methods exploit these linkages by simply counting the edges between two terms as
a measure of how similar they are. The similarity between the terms is therefore
inversely proportional to the path length [Rada et al. 1989]. Wu and Palmer [1994]
additionally consider the relative depth in the taxonomy as an important parameter.
Since greater depth will further specialisation, terms of the same depth further up
the taxonomy (more generic) should be given a lower similarity score than those of
the same depth at a lower level of the taxonomy. The similarity is then calculated
using the number of is-a links between terms and their Least Common Subsumer
(LCS) and the path from the LCS to the root node.

3.3.2 Feature-based Methods

The edge-based methods depend on the structure of the taxonomy, which is not en-
tirely uniform. Differences exist in the formalisation of the ontology. Certain words
may be more explicitly stated than others. Therefore, techniques that consider other
features of the ontology have been developed. These are known as feature-based
methods and are calculated as a function of the properties of words such as gloss
(meaning of a word), synsets, and related concepts. The degree of overlap between
the features of two terms corresponds to how similar the two terms are.

Rodriguez and Egenhofer [2003] compute similarity as a weighted sum of three
separate similarity assessments using the information from WordNet [Miller 1998].
That is, i) the similarity between the set of synonyms, ii) the set of features (relations
such as composition and hyponymy, attributes, class, parts of class, functions), and
iii) the set of neighbouring concepts within entity classes. Using weights based on
ontology characteristics, they achieved higher correlation coefficients than simple
edge-based methods. Highlighting the importance of feature matching for similarity
within an ontology.

The feature-based approach by Sánchez et al. [2012] uses the taxonomical cate-
gorisation of concepts as features to calculate the amount of dissimilarity between
the concepts. The smaller the dissimilarity, the more the concepts are considered
similar. They approach the problem of disambiguating polysemic words by simply
retrieving all related concepts to a word, computing similarities for each possible
pair, and selecting as the final result, the pair with the maximum similarity value
attained.

As with most ontology-based similarity measures, performance is dependent on
the level of detail, completeness, factual accuracy, and multiple inheritance capabil-
ity of the taxonomical knowledge source.

3.4 Information-based Methods

To complement the edge-based methods with additional information, Resnik [1995]
explored the notion of Information Content (IC) of a term. The additional IC resulted
in a probability associated with each term computed from their occurrences in a
given corpus, IC(a) = − log P(a), leading to infrequent terms considered to have
more information content. The similarity between terms is then dependent on the
information that is shared between them. Combining IC with LCS, the similarity is
computed as sima,b = IC(LCS(a, b)). An important note of using the IC methods
is the dependence on the underlying corpus, i.e. any change to the corpus would
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require recomputation of the probabilities which can be time-consuming for large
corpora.

The workflow followed by Majumder et al. [2016] combine various techniques
such as POS tagging, String Matching, utilising WordNet (taxonomy and relation-
ships), and Information Content. Although achieving a 50% performance improve-
ment over exclusively using WordNet taxonomy relationships, conditions in the
pipeline are complex and arbitrary. Additionally, the performance of these meth-
ods is heavily reliant on the quality of the underlying knowledge source. Not all
knowledge sources will contain the same generalisations/specialisations, making
switching to a different knowledge source or combining information from multiple
knowledge sources an arduous process, if possible at all.

3.5 Corpus-based Methods

Corpus-based methods use information from large corpora to compute the similarity
between terms. These techniques do not consider the actual meaning of words but
are based on the idea that words with similar meanings occur together frequently
in a large corpus - which is most commonly known as the distributional hypothesis
[Harris 1954].

Latent Semantic Analysis (LSA) [Landauer 1997] is a popular method proposed
in the ’90s to simulate the meaning of words and documents with respect to a cor-
pus of natural text. LSA utilises techniques such as bag-of-words and Singular Value
Decomposition (SVD) to produce vectors of words or documents. The similarity be-
tween these vectors can be computed using algebraic methods such as cosine sim-
ilarity and dot product. The intuition behind LSA is that a document vector can
be expressed as an average of the word meanings that it contains. Reciprocally, the
meaning of a word can be expressed as its average effect on the meaning of all doc-
uments in which it occurs. A word-document matrix is constructed, where cells
contain the frequency of the occurrence of the word in the corresponding document.
SVD then decomposes and reduces the dimensionality of the matrix. Enhancements
to LSA include weighting terms by their importance using TF-IDF. Another exten-
sion would be to substitute the latent features extracted from the corpus itself with
features extracted from an existing knowledge base such as Wikipedia (Explicit Se-
mantic Analysis [Gabrilovich and Markovitch 2007]).

In an effort to construct semantic spaces without the need for human judges,
Lund and Burgess [1996] propose Hyperspace Analogue to Language (HAL). The
aim of their model is to construct a lexical co-occurrence matrix from a large cor-
pus of natural text (160 Million words from Usenet newsgroup, February 1995) and
produce vectors which contain semantic information. The co-occurrence matrix is
constructed by sliding a "window" over the words and calculating a co-occurrence
strength value, which is inversely proportional to the number of other words sepa-
rating a pair of words. This co-occurrence strength value represents how "strong" or
"weak" the co-occurrence between a pair of words is. For instance, words that occur
next to each other in the window will receive a maximum co-occurrence value.

Experiments conducted by Lund and Burgess [1996] verify that semantic infor-
mation is captured in the vectors, hence, words that are similar do have vectors that
are close to each other in vector space (computed with Euclidean or city-block met-
ric). Since these vector representations are essentially measures of context, words
that can be substituted for each other tend to have similar vectors because the words
that surround them are generally the same or similar.
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The dimension size of the vectors from HAL grows linearly with the vocabu-
lary of the corpus. Although dimensionality reduction techniques can reduce vector
dimensionality to a reasonable size, there is an accuracy trade-off. However, more
recent approaches such as the Skip-gram and CBOW model of Word2Vec [Mikolov
et al. 2013a] produce fixed-sized dimensional vectors.

Continuing with the notion of sliding a "window", these models learn distributed
representations of words from a large corpus of text (6B Google News corpus).
Learning occurs while simultaneously being trained through a shallow neural net-
work to predict either, the current word within a context window, or, the context
words that surround it. The pre-trained embeddings produced from Word2vec can
be applied successfully in downstream tasks or as part of an NLP pipeline [Sinoara
et al. 2019; Nguyen et al. 2019; Tien et al. 2019].

A number of other pre-trained word embedding algorithms have been proposed.
GloVe uses a word co-occurrence matrix to incorporate global and local information
when producing word embeddings. FastText [Bojanowski et al. 2016] attempts to
accommodate morphological languages and represent rare words better by incorpo-
rating character n-grams into the skip-gram model. Word vectors are represented by
the sum of their character n-gram vectors.

Table 3.1 shows a comparison of word embedding algorithms: Word2vec, GloVe,
and FastText. Performance is comparable between the three algorithms and is de-
pendent on the dataset used and the problem domain. For instance, Li et al. [2018]
shows GloVe outperforming both Word2vec and FastText when classifying crisis
tweets with an SVM classification model. While Dharma and Soewito [2022] and
Iqbal et al. [2021] show FastText being the most performant for text classification and
sentence similarity respectively.

Model SVM Classification CNN Classification Sentence similarity
Dataset 2CTweets UCI KDD Archive SemSD

[Li et al. 2018] [Dharma and Soewito 2022] [Iqbal et al. 2021]

Word2vec 89.0 92.5 76.3
GloVe 90.4 95.8 70.9
FastText 84.0 97.2 77.3

TABLE 3.1: Average Accuracy from literature for 2CTweets Dataset
and UCI KDD Archive. Pearson correlation r × 100 between model
cosine similarity and scores by human judges are shown for SemSD.

One issue persistent among word embedding algorithms is the inability to model
polysemy and homonymy. The final word representation for a polysemic word such
as "bank" will essentially have an averaged embedding of its constituent senses (in
proportion to their frequency of occurrence in the corpus). For example, the repre-
sentation of "bank" may be a weighted average of a financial bank and geographical
bank, where the weight relates to the frequency of the word sense in the corpus.
Research to incorporate Word Sense Disambiguation (WSD) into the word embed-
ding pipeline has been explored [Du et al. 2019; Ansell et al. 2021; Pilevar et al. 2017],
some are categorised under Deep Neural Network-based and Hybrid Methods in
Section 3.6 and 3.7 respectively.
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3.6 Deep Neural Network-based Methods

DNN-based methods have become more viable as computational power becomes
cheaper and more accessible to attain for the average person. Two primary ways
that DNNs may be used for semantic textual similarity are i) using pre-trained word
embeddings as an input, and ii) using embeddings produced by the DNN architec-
ture itself.

Typical architectures used for approach i) are Convolutional Neural Networks
(CNNs), RNNs, and LSTMs. Tien et al. [2019] propose a DNN method to capture lin-
guistic properties from several different pre-trained word embeddings (Word2vec,
FastText, GloVe) and encode them into a novel embedding used to compare the sim-
ilarity between sentences. In their model, CNNs are used to learn multi-aspects
from different word embeddings using the max-pooling scheme. Since word order
information is not maintained with CNNs, LSTMs are required to retain this infor-
mation. Their M-MaxLSTM-CNN model achieves strong performance due to the
multi-level similarity approach taken. The similarity is compared on a word-word,
word-sentence, and sentence-sentence level. An appealing factor of M-MaxLSTM-
CNN is that no hand-crafted features are required.

The primary approach for ii) is through Language Modelling. Given a large
corpus of text, Language Modelling deals with the task of predicting the next to-
ken given the previously seen context. Peters et al. [2018] produce deep contextual
word representations through forward and backward Language Modelling (predict-
ing the previous token given the future context). They use LSTMs to capture context-
dependent aspects of word meaning and CNNs to produce the initial character em-
bedding input. Through a concatenation and weighted sum process of the hidden
states and initial embeddings, a contextualised embedding is produced. Each pro-
duced embedding contains contextual information since it is a function of the en-
tire input sentence. These embeddings have been termed ELMo embeddings which
model syntax, semantics and polysemy.

The ELMo embeddings are computed using biLMs (bidirectional Language Mod-
els) with character convolutions. A biLM combines both a forward and backward
Language Model. A backward Language Model processes the sequence in reverse,
predicting the previous tokens given the future context. More formally, given a se-
quence of N tokens, (t1, t2, . . . , tN), the probability of token tk given its future context
is attained with ∏N

k=1 p(tk|tk+1, tk+2, . . . , tN). The forward Language Model com-
putes the probability of a token tk given its history (t1, . . . , tk−1) in a similar manner.

It is argued that a biLM formed through a combination of two unidirectional
language models is sub-optimal [Devlin et al. 2019]. Preference has therefore been
given to architectures, such as the Transformer, which can consider and incorporate
context in both directions using the Attention mechanism. An additional benefit
is the longer sequence modelling and parallelisation capabilities - which are major
deficiencies of the LSTM architecture [Vaswani et al. 2017].

Instead of LSTMs, the GPT model by Radford et al. [2018] uses a Transformer
Decoder architecture for Language Understanding and Modelling. Representations
produced are also contextual due to the attention mechanism within the Transformer.
GPT is unidirectional since it uses a decoder block which solely uses previous tokens
to predict the next token.

In contrast to GPT, BERT uses the Transformer Encoder architecture and pre-
trains deep representations from text in a bidirectional manner. Results outperform
GPT and therefore highlight the importance of bi-directionality for Language Mod-
elling [Devlin et al. 2019].
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The success of Transformers has encouraged many others to exploit them in their
models. Universal Sentence Encoder (USE) [Cer et al. 2018] is specifically designed
to generate sentence embeddings to be used across NLP tasks. The encoders em-
ployed by USE are Deep Averaging Networks (DANs) [Iyyer et al. 2015] and Trans-
former Encoders. While DAN is computationally efficient, the Transformer Encoder
has stronger performance in comparison. Fixed-length sentence embeddings are
generated from context-aware word representations through an element-wise sum
and scaling. Being intended for universal sentence embedding, encoders are trained
with conversational and free text data from web sources such as Wikipedia, forums,
question-answer sites, news pages, etc. The model is also encouraged to be general-
purpose by using multi-task learning. These properties make USE ideal for the task
of semantic similarity.

Since BERT had produced state-of-the-art (SOTA) results in several NLP tasks,
much research has been focused on improving the model performance or efficiency.
Potential improvements can be achieved through modifying hyperparameters, mask-
ing strategy, learning objectives, vocabulary, or enhancement of the transformer ar-
chitecture [Liu et al. 2019; Zaheer et al. 2020]. Techniques to improve BERT in task-
specific areas such as question answering, document classification, sentiment anal-
ysis, word sense disambiguation (WSD), and sentence similarity are also being re-
searched [Du et al. 2019; Sun et al. 2019a; Adhikari et al. 2019].

A novel method by Ansell et al. [2021], termed PolyLM, models word senses in-
stead of individual words. Modelling word senses has been shown to be beneficial
in WSD or Word Sense Induction (WSI) tasks. PolyLM is an unsupervised Language
Model and outperforms BERT-Large in most WSI tasks, despite it using a fraction
of the parameters. However, because the approach is unsupervised, the number
of word senses per word must be explicitly stated. The word sense embedding
space can therefore contain frivolous sense embeddings. Using a lexical resource
that contains a list of different senses could be used to minimise the number of these
frivolous embeddings.

Sentence-BERT (SBERT) [Reimers et al. 2019] updates BERT weights such that
the sentence embeddings are more semantically meaningful. The updated weights
are attained by using siamese networks and triplet networks [Schroff et al. 2015] to
fine-tune BERT. SBERT is computationally more efficient because it relies on cosine
similarity instead of complex regression functions as most state-of-the-art methods
learn.

The performance of BERT has been shown to improve when the model size in-
creases. The improvement is evident when inspecting the performance of other large
Transformer-based models such as T5-11B by Raffel et al. [2020b] which contains
11 billion parameters and outperforms its smaller variants, including BERT-Large
which contains 340 million parameters. Authors of T5-11B further confirm that per-
formance can be improved if larger models are built.

More recent work by Brown et al. [2020] shows evidence of larger models per-
forming better with their model GPT-3. Containing a massive 175 billion parame-
ters, GPT-3 shows strong performance on many NLP tasks. In some cases, under
one-shot and few-shot settings, GPT-3 matches the performance of SOTA fine-tuned
systems. Despite the improved performance, the authors point out that feeding
enormous text corpora to the model is not the ultimate answer because there is a
limit to the word/sentence prediction pre-training objective, which we may be run-
ning into soon. Hence, improving performance in this regard is not future-proof.

Additionally, it becomes computationally expensive and time-consuming to train



Chapter 3. Related Work 22

the model on such massive corpora. While large corporations can utilise high-
performance computing to achieve more reasonable training times, not everyone
has that level of computational power available. Cloud computing does address
these needs but can come at a substantial price [Al-Roomi et al. 2013; Aldossary
et al. 2019]. Furthermore, it is becoming imperative to keep our models "green" to
reduce environmental impact. Therefore, techniques which maximise performance
while maintaining model size or training complexity are advantageous to the re-
search community and industry professionals.

The research team at Google realised this need for compact models for environ-
ments with restricted computational resources. They produced smaller, more com-
pact BERT models which are most effective in the context of knowledge distillation
[Turc et al. 2019]. However, performance degradation is noticeable as the model size
becomes smaller.

The ranking framework proposed by Guo et al. [2020] called DeText is BERT-
based and aims to be an effective and efficient ranking solution. It employs representation-
based methods that allow for document embedding pre-computing, expediting the
similarity computation process. Since the framework is intended for industry use
cases, such optimisations are necessary. Their version of BERT, termed LiBERT,
achieves better performance than BERT. A huge contributing factor to the improved
performance is that LiBERT is pre-trained on domain-specific data instead of general
domain data like BERT. They also mention that combining deep learning features
with hand-crafted traditional features can help achieve improved performance.

Table 3.2 gives an overview and comparison of some of the DNN models men-
tioned in this section. Details of the architecture and training data are also provided.

The experiments conducted by Petroni et al. [2019] showed that factual rela-
tional knowledge does exist in the weights of a pre-trained BERT without any fine-
tuning. However, language models cannot handle knowledge-intensive tasks such
as common-sense reasoning or tasks which require domain-specific knowledge. Re-
search to inject knowledge into these models has emerged [Nguyen et al. 2019; Lu
et al. 2020; Yu et al. 2022; Liu et al. 2020]. Injecting knowledge is most commonly
done with the aid of a knowledge base. Existing knowledge bases contain either
human-defined information or automatically extracted facts from Web text. These
techniques are discussed in Section 3.7.

3.7 Hybrid Methods

Each type of method described in the previous sections has intrinsic advantages
and disadvantages. For example, knowledge-based methods typically rely on hand-
crafted features. Also, their success is dependent on the quality of the knowledge
base used. Manual intervention is required for any further updates or improve-
ments. While on the other side, DNN or corpus-based methods are typically au-
tonomous once the algorithm has been developed. However, large computational
resources are required to create successful and more powerful models. There is
also the issue of poor interpretability from DNN methods - which knowledge-based
methods do not necessarily face [Dong et al. 2017]. To exploit the advantages and
overcome the disadvantages, techniques which combine multiple types of methods
have been proposed.

Sinoara et al. [2019] combine knowledge-base and corpus-based methods to con-
struct embedded representations of documents for text classification tasks such as
e-mail classification, spam filtering, article organisation, etc. For their knowledge
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DNN Model performance comparison on STS-B dataset

Tien et al. [2019]
Architecture: 1600 Convolutional filters, LSTM of dimension 1600, Fully con-
nected layer of dimension 250
Data: Five pre-trained word embeddings of dimension 300. 1. Word2vec -
trained on Google News dataset (100 billion tokens). 2. FastText - trained
on Wikipedia. 3. GloVe - trained on Common Crawl (840 billion tokens).
4. SL999 - trained on paraphrase dataset PPDB. Tuned on SimLex-999 dataset
[Hill et al. 2015]. 5. Beroni - 400-dimensional embedding trained on 2.8 billion
tokens constructed from ukWac, English Wikipedia and the British National
Corpus.
Model Pearson correlation r × 100
M-MaxLSTM-CNN 82.5

Reimers et al. [2019]
Architecture: Fine-tunes BERT in a siamese/triplet network architecture
Data: Pre-trained on Wikipedia (via BERT), SNLI [Bowman et al. 2015] and
Multi-Genre NLI [Williams et al. 2018] dataset
Model Pearson correlation r × 100
SBERTBASE 84.7
SBERTLARGE 84.5

Radford et al. [2018]
Architecture: Unidirectional 12-layer decoder Transformer, 768 dimension,
12 attention heads
Data: Pre-trained on BooksCorpus dataset
Model Pearson correlation r × 100
GPT 82.0

Cer et al. [2018]
Architecture: TRANSFORMER - uses Transformer encoder. DAN - uses Deep
Averaging Network. Outputs 512-dimensional vector as sentence embedding
Data: Wikipedia, web news, web question and answer pages, discussion fo-
rums. Supervised training on SNLI corpus [Bowman et al. 2015]
Model Pearson correlation r × 100
USEDAN 71.9
USETRANSFORMER 78.2

Devlin et al. [2019]
Architecture: Multi-layer bidirectional Transformer encoder. BASE - 12 lay-
ers, 768 hidden size, 12 attention heads, 110M parameters. LARGE - 24 layers
1024 hidden size, 16 attention heads, 340M parameters
Data: Pre-trained on BooksCorpus [Zhu et al. 2015] and English Wikipedia
(2,500M words)
Model Pearson correlation r × 100
BERTBASE 85.8
BERTLARGE 86.5

TABLE 3.2: Pearson test scores ×100 reported for STS-B dataset across
various DNN models in literature.
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Table 3.2 - Continued from previous page

Raffel et al. [2020b]
Architecture: Multi-layer encoder-decoder Transformer. Large - 24 layers,
1024 hidden size, 16 attention heads, 770M parameters. 11B - 24 layers, 1024
hidden size, 128 attention heads, 11B parameters.
Data: Pre-trained on The Colossal Clean Crawled Corpus scraped from Com-
mon Crawl
Model Pearson correlation r × 100
T5-Large 89.9
T5-11B 93.1

source, they consider BabelNet - a large-scale multilingual encyclopedic dictionary
containing a network of synsets and relations among them. The utilisation of Ba-
belNet allows their approach to disambiguate word senses, thereby creating more
accurate vector representations of documents. NASARI vector representations and
Word2vec embeddings are the primary embedding models used for word senses and
words respectively. Synsets in BabelNet are represented by NASARI vectors, which
leverage knowledge from Wikipedia and pre-trained Word2vec embeddings. Docu-
ment vectors are represented as the average of the synset vectors contained within
the document. When a synset vector does not exist, the Word2vec embedding for the
word is used instead. An advantage of their approach is that neighbouring word
senses are more meaningful and have greater interpretability, however, Word2vec
did perform better in certain settings (based on Lee’s dataset [Lee et al. 2005]). Im-
proved interpretability is possible since NASARI vectors correspond to synsets in
BabelNet and this knowledge can be easily inspected.

To semantify input text, Pilevar et al. [2017] integrates sense-level knowledge into
a CNN text classifier by disambiguating input text using information from a Word-
Net semantic network. The aim of integrating the semantic information is to dis-
ambiguate text prior to being fed into a system. They highlight that simple disam-
biguation of the input can bring about a performance gain for longer texts. Since
their disambiguation algorithm relies on constructing a graph from the input text,
short texts do not provide sufficient connections to function effectively, thereby pro-
ducing lower performance.

Knowledge-based methods for semantic similarity rely on the information in
the underlying knowledge sources such as ontologies/ lexical databases to disam-
biguate synonyms and word senses. Nguyen et al. [2019] was able to achieve perfor-
mance that slightly underperformed BERT. They exploit the similarity of word con-
texts built by word embeddings and semantic relatedness between concepts based
on external knowledge sources such as WordNet and Wiktionary to more accurately
assess the similarity between two short texts. Their approach is however supervised
and requires feature engineering. They suggest an area for further exploration is
combining unsupervised models with external knowledge sources.

Lu et al. [2020] combine the capability of BERT with Vocabulary Graph Convolu-
tional Network (VGCN). VGCN convolves directly on a vocabulary graph to induce
embeddings based on node properties and their neighbourhoods. Their experiments
show that a combination of the local information from BERT and global information
from VGCN outperforms BERT and VCGN alone. More formally, given an input
sentence, relevant parts of the vocabulary graph are selected and transformed into
an embedding. BERT is then fed both the input sentence embedding and graph
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embedding. These two embeddings interact with each other via the self-attention
mechanism in BERT. The resultant model, VGCN-BERT, produces better results on
the majority of evaluation datasets compared to a model (Vanilla-VGCN-BERT [Lu
et al. 2020]) which does not allow interactions between the embeddings.

The vocabulary graph by Lu et al. [2020] is constructed using normalised point-
wise mutual information (NPMI) and word co-occurrences with documents. When
building the vocabulary graph, an NPMI threshold of 0.2 is set to filter out non-
meaningful words. The authors believe utilising knowledge from other lexical re-
sources such as WordNet, or combinations of such, should be explored as it contains
useful connections that NPMI cannot cover. Although VGCN-BERT does outper-
form BERT, since the combined embeddings are obtained in separate ways, their
vector-space is inconsistent [Sun et al. 2017; Liu et al. 2020].

Yu et al. [2022] proposed a contextualised language model, CoCoLM, enhanced
by complex common-sense knowledge from the ASER knowledge graph. ASER
is a large-scale eventuality knowledge graph including states, actions, events, and
their relations. Their approach aims to incorporate discourse knowledge into the
pre-trained language models. Instead of whole-word masking, CoCoLM employs
Whole Eventuality Masking.

Given an input sentence "I feel sleepy because I drink a cup of coffee", BERT
would typically be tasked to predict a single masked word such as "coffee". When
using Whole Eventuality Masking, we instead mask the entire eventuality "I drink a
cup of coffee". Experiments on common-sense and reasoning tasks show the effec-
tiveness of CoCoLM compared to BERT. One notable obstacle introduced by mask-
ing longer spans of text is that it limits the context that the Masked Language Model
can learn.

Another attempt at achieving common-sense or domain knowledge is shown in
K-BERT [Liu et al. 2020] where they utilise existing knowledge graphs (CN-DBpedia,
HowNet, MedicalKG) to inject knowledge into sentences, making the sentence knowledge-
rich. The injection is done through a lookup mechanism which matches the entity e
from the input sentence to its corresponding entity in the knowledge graph. For an
entity e, the first n triplets of knowledge are injected.

K-BERT achieved performance improvements over BERT in some open-domain
NLP tasks. The improvements were more significant in domain-specific tasks, due to
the utilisation of MedicalKG, which contains domain-specific knowledge. Moreover,
the K-BERT model attempts to overcome challenges such as Heterogeneous Embed-
ding Space (HES) [Lu et al. 2020] and Knowledge Noise (KN) [Yu et al. 2022]. While
K-BERT outperforms BERT on particular Chinese NLP tasks, it is unknown how
well the performance would translate to other tasks while utilising English knowl-
edge graphs.

3.8 Conclusion

This chapter outlined various types of methods for the task of semantic similar-
ity. The types of methods outlined range from simple string-based methods theo-
rised in the 1960s [Weiner 1973; Levenshtein 1965; Jaro 1989] to modern DNN-based
methods whose practical relevance is becoming more prevalent with each significant
breakthrough [Vaswani et al. 2017; Devlin et al. 2019; Brown et al. 2020].

From inspecting Table 3.2 it is evident that Transformer-based models have per-
formance advantages over other architectures such as LSTM, CNN, and DANs. The
prevalence of high-performance computing and the ability for language models to
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be pre-trained makes Transformers viable for a wide range of NLP applications. Ad-
ditionally, we see the larger models perform better than their smaller variants. De-
spite the general trend to achieve improved performance in this manner, there will
always be a need for smaller, more efficient models [Guo et al. 2020; Turc et al. 2019;
Yang et al. 2017]. This is especially true when these models are used practically or
are required to be cognisant of environmental impacts. For this reason, the focus of
this research is to attain performance improvements while also prioritising model
efficiency.

The promising hybrid approach by Liu et al. [2020] will be replicated in the En-
glish domain and improved on. The main improvements include modifying the
KQuery mechanism to consider sentence context when matching entities from the
knowledge graph, instead of using the first n entities as done by Liu et al. [2020].
Lastly, the injection of knowledge is studied closely. In particular, an objective of
this research is to understand the effects of knowledge incorporation, as well as the
type of knowledge and context under which it is most beneficial. The remaining
chapters will outline details of the English knowledge graph, the proposed method,
the experimental setting, results, and discussion thereof.
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Chapter 4

Wikidata Knowledge Graph

4.1 Introduction

The work by Liu et al. [2020] employed three Chinese Knowledge Graphs (CN-
DBpedia, HowNet, MedicalKG) to serve as their knowledge source. These are stored
in a triple format, i.e. (subject, predicate, object) or (word, contain, sememes). Of
the prominent Knowledge Graphs that exist in the English domain, integration of
YAGO, ConceptNet, Microsoft Concept Graph (MCG), and Wikidata was attempted.
The Knowledge Graph that worked well for the purposes of this study was Wiki-
data.

4.2 Data Structure

Being a sister project to Wikipedia, the information in Wikidata has primarily been
crowd-sourced as Wikipedia has been. However, instead of free-flowing informa-
tion, Wikidata conforms to RDF and is therefore handled in a structured format. At
a high level, Wikidata contains information and statements about data items [wik
2016b]. An item represents things in human knowledge such as objects, concepts,
or topics. For example, a data item can range from prominent figures such as "Elon
Musk" to simple words such as "bank". Statements are typically properties such as
gender, name, instance of, etc. Each distinct data item and property is assigned a
unique identifier (e.g. Q42, P21). An example data item "Douglas Adams" is shown
in Figure 4.1.

4.3 Motivation

An advantage of Wikidata over the previously mentioned Knowledge Graphs is
that data items are inherently unambiguous [wik 2016b]. Consider the polysemic
term "race". Wikidata contains distinct items Q3254959 and Q22938576 whose labels
match "race" (among other items). These data items are shown in Figure 4.2. Ideally,
one would assume that a sentence about a swimming race would be more similar
to the Q22938576 item since it is a subclass of a sporting event. In the following
chapters, we will explore how to exploit this fact for knowledge injection.

4.4 Data Retrieval

While Wikidata dumps are made freely available, due to the amount of information
the Knowledge Graph contains, an uncompressed dump is well over 100 GB [wik
2022]. To ensure computational feasibility, the size is reduced to 50 GB by limiting
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FIGURE 4.1: Wikidata information on English writer Douglas Adams
[wik 2016a]

(A) Data item Q3254959 referring to the race classification system

(B) Data item Q22938576 referring to the competitive sporting event

FIGURE 4.2: Two instances of data item "race" Q3254959 and
Q22938576
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the domain. For data items that belong to the domain, the Wikidata Query Service1

is utilised to query data items that match the specified domain requirements. The
SPARQL query used to limit the domain is shown in Appendix A. Thereafter, API
requests with the attached item identifiers are used to attain the corresponding in-
formation and statements 2.

4.4.1 Data Processing

The aforementioned domain is restricted to humans, businesses/organisations, sports,
cities/countries. Only important and common information from data items is re-
tained. These are item identifiers, labels, descriptions, aliases, and properties: in-
stance of and subclass of. This restricted information attempts to maximise the de-
gree to which the data items are described while minimising storage usage. Non-
English information is also filtered out. After data processing Knowledge Graph
size is now 500 MB.

4.4.2 Data Storage

Although the Knowledge Graph can be stored in triple format, to reduce storage
usage and query time, a relational database PostgreSQL was used instead.

1https://query.wikidata.org/
2https://www.wikidata.org/w/api.php?action=wbgetentities&ids=Q42
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Chapter 5

Methodology

This chapter will outline the contributions made in this study. Firstly, an overview of
the architecture is presented. Thereafter, details of the Wikidata Knowledge Graph
integration, two architectural changes in the Knowledge Layer, and two optimisa-
tions are explained.

5.1 Architecture Overview

Figure 5.1 shows the architecture with the new contextualised injection mechanism.
Input sentences first go through a NER component. Details of the extracted named
entities are then queried from the Knowledge Graph and fed into a knowledge in-
jection component to produce a sentence tree. Visible matrix and token embeddings
are constructed from the sentence tree. These serve as the primary input to the Mask
Transformer Encoder, which is described in Chapter 2.

5.2 English Knowledge Graph

To test the application of K-BERT in the English domain, Wikidata is used as the
Knowledge Graph in this work. Since Wikidata contains almost one hundred mil-
lion data items, utilising the entire Knowledge Graph is computationally infeasible.
Therefore, we focus exclusively on data items belonging to particular domains (as
described in Chapter 4).

Despite reducing the size of the Knowledge Graph significantly, it is still mag-
nitudes larger than the Knowledge Graphs utilised by Liu et al. [2020]. Therefore,
it cannot reasonably fit into memory. Storing the Knowledge Graph data into a
database such as PostgreSQL facilitates successful integration with the model, al-
beit, in a non-optimal manner.

To overcome this non-optimal approach, the size of the Knowledge Graph is
further reduced by caching the parts of it that are relevant to the dataset at hand.
This caching process is shown in the Knowledge Layer component illustrated in Fig-
ure 5.1, where entities from input sentences are queried from the Knowledge Graph
and the results are stored in the cache. Since querying is a deterministic process,
caching can be done as a preprocessing step prior to training. The cache provides a
significant speedup over querying from a database since it can be stored in memory.

5.3 Term-based Sentence Tree

Since Chinese is logographic, K-BERT was initially designed to work on a character-
level. Model inputs such as the sentence tree and visible matrix must therefore be
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FIGURE 5.1: K-BERT architecture

adapted to accommodate the alphabetic English language on a word-level. How-
ever, a further extension to the multi-word-level or term-level is also necessary as
there are cases where entities may span across two or more words in a sentence (e.g.
name of a person or place). Knowledge injection is therefore done per group of
tokens, instead of a single token.

More formally, given an input sentence s = [w0, w1, . . . , wn] comprised of tokens
wi in vocabulary V, enclose contiguous related tokens wo to wq together in a group
{}. Groups are not required to consist of multiple tokens. We can therefore have a
singular group wj, where wj has no other contiguously related tokens. Knowledge
is injected per group of related tokens to produce a sentence tree t:

t =
[
{w0}, {w1}, . . . ,

{wo, . . . , wq}
[
(rop0, wop0), . . . , (ropk, wopk)

]
, . . . ,

{wn}
]

, (5.1)

where w ∈ V is the set of entities in the Knowledge Graph K, r ∈ V is the set
of relations/properties in the Knowledge Graph, and k represents the number of
triples inserted. Related tokens are enclosed by braces and their knowledge, if any,
is inserted directly afterwards.

Construction of the visible matrix and positional encoding can be done similarly
as before, however, an additional "unrolling" step is required to associate positions
per token. As a last step, the visible matrix ensures token groups and their knowl-
edge all "see" each other by appointing a value of 1 in their cell. This optimisation
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alleviates duplicating the same knowledge for each token in the group, thereby min-
imising sequence lengths provided to the model.

5.4 Contextualised Knowledge Injection

This section highlights the approach taken to inject knowledge into sentences. For
an input sentence s, perform named entity recognition to extract entities such as
names of people, places, sports teams, etc. This NER is accomplished with a small
pre-trained model from spaCy1 based on a transition-based parser [Lample et al.
2016; Honnibal 2013] and an "embed, encode, attend, predict" framework [Honnibal
2016]. Thereafter, the extracted entities are queried from the Knowledge Graph to
retrieve a list of triples. This processing is done by KQuery:

E = KQuery(s, K) , (5.2)

where collection of triples is E = [(wi, ri0, wi0), . . . , (wi, rik, wik)]. The function, KInject,
then injects E into the correct position and generates the sentence tree t as:

t = KInject(s, E) . (5.3)

However, before injection occurs, additional processing to find the most relevant
triples is done. Hence, instead of injecting the first n entities as done by Liu et al.
[2020], a pre-trained Transformer model is used to determine which retrieved enti-
ties from E are most relevant to the current sentence s. This injection is done by con-
catenating each entity and its related properties into a single text sequence seqi. The
pre-trained Transformer model T then generates contextualised embeddings embi
for each sequence seqi using:

embi = T(seqi) . (5.4)

Contextualised embedding embs is generated for sentence s in the same man-
ner. The similarity between embeddings is computed using cosine similarity metric
∥·, ·∥cos. The entity corresponding to the most similar embedding is selected to be
injected using:

max_pos = arg max
i∈I

(∥embi, embs∥cos) , (5.5)

where I is the set of distinct entities.
To limit the amount of noise injected, a threshold parameter is introduced such

that information is only injected if ∥embi, embs∥cos > threshold.

5.5 Corrections & Optimisations

5.5.1 Sequence Truncation

Truncation has been modified to be fairer when K-BERT is fed in sentence pairs.
Given a max_length, the number of tokens in sentences S1 and S2 is each limited
to size max_length/2. Any unoccupied positions are assigned as leftover and given
to the remaining sentence that requires it. This differs from the initial truncation
method of K-BERT, where the sequence is limited to the first max_length tokens.
Figure 5.2 illustrates the difference between the two truncation methods.

1https://spacy.io/
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The modified truncation method reduces biases that may arise when S2 is pri-
marily being truncated, while S1 is not. For example, consider S1="A person is
picking a Komodo dragon and putting it in a box." and S2="A person is placing a
baby Komodo dragon into a container.". Intuitively, for the task of sentence similar-
ity, aggressive truncation of S2 will cause degraded performance since information
lost is unequal between sentences, i.e. "container" is truncated in S2 while "box"
remains in S1. The new truncation method attempts to address this issue.

(A) Previous truncation method

(B) Truncating sentences equally

FIGURE 5.2: Comparison of truncation methods where max_length =
16. The words highlighted in red are truncated, while the green words

are kept.

5.5.2 Memory Usage

Dimension of the visible matrix is max_length×max_length. Implying that memory
usage grows exponentially as sequence length increases, i.e. O(n2). Such growth can
become infeasible for large datasets containing upward of 100,000 samples such as
ag_news_subset [Zhang et al. 2015]. Since the visible matrix is symmetrical, memory
usage is optimised by intermediately storing non-duplicate entries from the visible
matrix into a vector of size N(N + 1)/2. When the matrix is required to be fed into
K-BERT, the vector is converted back into a symmetrical matrix - done per batch.
Although this does require additional computation, the trade-off is worthwhile -
especially if memory capacity is a bottleneck.

Lastly, since the visible matrix strictly contains binary values ("visible", "invisi-
ble"), a final memory optimisation explicitly restricts values to one byte each. With
the described optimisations, the visible matrix memory consumption is reduced
by a factor of four at minimum. Space complexity can therefore be represented by
O(n2/r), where 4 ≤ r < 8.
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Chapter 6

Experiments

Evaluation datasets used in this work focus on the task of semantic similarity. In the
general domain, the Semantic Textual Similarity Benchmark (STS-B) dataset is used
[Cer et al. 2017]. STS-B contains pairs of sentences which are manually annotated
by human judges according to how similar each sentence pair is. An average score
between 0 to 5 is assigned for each pair, where larger scores imply higher similarity.
Examples are illustrated in Table 6.1.

Sentence 1 Sentence 2 Score

A young girl is sitting on Santa’s lap. A little girl is sitting on Santa’s lap 4.8
A women sitting at a table drinking with a
basketball picture in the background.

A woman in a sari drinks something while
sitting at a table.

2.6

Norway marks anniversary of massacre Norway Marks Anniversary of Breivik’s Mas-
sacre

3.8

A man is cutting a potato. A woman is cutting a tomato. 1.3

TABLE 6.1: Examples from STS-B dataset

An equivalent domain-specific dataset to STS-B is scarce in the NLP field. This
scarcity is due to the reliance on experts in each respective domain to manually an-
notate text, which can be an expensive and time-consuming process. Hence, we
consider a text classification task to evaluate domain-specific performance. The
ag_news_subset dataset [Zhang et al. 2015] requires classifying paragraphs accord-
ing to a topic (World, Sci/Tech, Sports, Business). This task is a good assessment of
model performance as it requires domain-specific knowledge in the aforementioned
fields to correctly classify each paragraph. Table 6.2 illustrates a few examples from
ag_news_subset.

Title Description Label

Wood’s Suspension Up-
held (Reuters)

Reuters - Major League Baseball \Monday announced a
decision on the appeal filed by Chicago Cubs \pitcher
Kerry Wood regarding a suspension stemming from an
\incident earlier this season.

1 (Sports)

Bush reform may have blue
states seeing red

President Bush #39;s quot;revenue-neutral quot; tax re-
form needs losers to balance its winners, and people
claiming the federal deduction for state and local taxes
may be in administration planners #39; sights, news re-
ports say.

2 (Business)

’Halt science decline in
schools’

Britain will run out of leading scientists unless science
education is improved, says Professor Colin Pillinger.

3 (Sci/Tech)

TABLE 6.2: Examples from ag_news_subset dataset
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6.1 Baselines

K-BERT modified for the English language will first be compared against BERT. This
comparison will highlight the influence of knowledge incorporation into the fine-
tuning process. Models which are more suitable for sentence similarity will also be
compared. These are SBERT [Reimers et al. 2019] and USE [Cer et al. 2018]. Since
they have been specifically designed for the task of sentence similarity and sentence
embedding, it is important to consider their performance as well. Details of the exact
pre-trained models used during experiments can be found in Appendix A.

6.2 Fine-tuning

All models and baselines are fine-tuned for each task. The hyperparameters used for
fine-tuning can be found in Table 6.4. Final evaluation on the test set is done there-
after. Although all models are based on the Transformer architecture, additional
architectural changes are built upon that for each model. Consequentially, minor
differences exist in the classification models used during the fine-tuning process. In
general, however, models are used to produce embeddings which are then fed into
a classification layer for the final prediction.

The fine-tuning process for K-BERT is the same as for BERT. Further explanations
regarding the fine-tuning process of BERT will therefore apply to K-BERT as well.

BERT has been designed to work for various downstream classification and re-
gression tasks on both single and pair-input problems. During training, the [CLS]
token is used as the aggregate embedding to base classification/regression on. BERT
is therefore influenced to encode pertinent information in this token representation.
The pooled [CLS] representation is then passed into a classification head for the final
output.

SBERT works similarly to BERT. However, instead of using the [CLS] token rep-
resentation, SBERT uses a mean pooling across all input tokens. In contrast, USE
is intended for simply generating meaningful sentence embeddings. Pairs of sen-
tences are not accommodated. However, a siamese network of two USE models can
be used to produce embeddings for pairs of sentences. An amalgamated representa-
tion of these sentence embeddings can be used in place of the pooled representation
produced by BERT. The minor architectural differences required for fine-tuning are
explained in Section 6.2.1 and Section 6.2.2.

6.2.1 STS-B

Fine-tuning for STS-B is treated as a regression problem by normalising similarity
scores between 0 and 1. SBERT produces this score by computing the cosine simi-
larity between sentence embeddings u and v. The architecture of the USE classifier
has been designed to complement SBERT. The only change is the replacement of the
cosine similarity block with a classification block that accepts a concatenated u and
v to produce the final prediction. These regression architectures are illustrated in
Figure 6.1.
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(A) SBERT (B) USE

FIGURE 6.1: SBERT [Reimers et al. 2019] and USE regression architec-
tures

6.2.2 Ag_news_subset

USE and SBERT architectures are modified slightly to accommodate classification.
A softmax classifier is applied at the final layer to retrieve final predictions. Ad-
ditionally, embeddings u and v are now concatenated with |u − v| to represent the
aggregate embedding. These changes are shown in Figure 6.2.

(A) SBERT (B) USE

FIGURE 6.2: SBERT [Reimers et al. 2019] and USE classification archi-
tectures

6.3 Experiment Outline

During experimentation, hyperparameters and additional configurations were kept
consistent across models and runs wherever possible. Hyperparameters were tuned
based on the validation set performance. Specific seeds were used for all runs to en-
sure result reproducibility. Fine-tuning was done for ten epochs. The best-performing
model on the validation set was saved and used to evaluate the test set. Batch sizes
16 and 32 were used for STS-B and ag_news_subset respectively. Being cognisant of
the catastrophic forgetting problem [McCloskey and Cohen 1989; Sun et al. 2019b],
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only modest learning rates were considered as hyperparameters (2e-5 to 5e-5). Best
performing learning rates and thresholds, based on the validation set, were (4e-5,
0.5) and (5e-5, 0.6) for STS-B and ag_news_subset respectively.

While best-performing hyperparameters and configurations are preferred, bal-
ancing computational requirements and performance was carefully considered dur-
ing the experimentation phase. It was, therefore, necessary to limit sequence length
to 128 for ag_news_subset and 256 for STS-B. Additionally, the pre-trained BERTBASE
was used instead of the better performing, yet computationally demanding, BERTLARGE.

Adam optimiser with weight decay and scheduler parameters remained un-
changed from the work by Liu et al. [2020] and Devlin et al. [2019]. That is Adam
with L2 weight decay of 0.01, β1 = 0.9, β2 = 0.999, and linear decay of learning rate.

STS-B has predefined train, validation, and test splits. This work uses these
exact splits but shuffles the training set before every run. The same is true for
ag_news_subset. However, since it does not have a predefined validation set, the
last 8% of the training set served as the validation set throughout all experiments.

The number of samples per split is shown in Table 6.3.

Dataset Train Validation Test

STS-B 5,749 1,500 1,379
ag_news_subset 110,400 9,600 7,600

TABLE 6.3: Evaluation Datasets

Parameter
Models

USE SBERT BERT K-BERT

Learning rate 2e-5, 3e-5, 4e-5, 5e-5
Batch size 8, 16, 32
Epochs 10

Max Sequence length – 128, 256 128, 256 128, 256
Pooling – Mean First First
Dropout – 0.1 0.1 0.1
Optimiser Adam AdamW AdamW AdamW
Weight decay – 0.01 0.01 0.01
Warmup – 0.1 0.1 0.1

TABLE 6.4: Hyperparameters used for fine-tuning each model. Final
values used for STS-B and ag_news_subset are highlighted in blue

and orange respectively.

6.3.1 Experiments

Exploring the benefits and drawbacks of knowledge incorporation into BERT is one
of the core purposes of this work. For this reason, an extended comparison between
the two models has been done. Results are averaged over ten runs to limit biases
and highlight statistical significance. Each of these runs uses consecutive seeds (8 to
17) to ensure the reproducibility of the results.

We aim to attain insight into i) what type of knowledge is most beneficial and ii)
when knowledge incorporation harms performance.

The following types of experiments are performed to gain such insight:
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1. Knowledge Ablation: As described in Chapter 4, the type of knowledge in-
jected can be categorised into aliases, categorical, and descriptive information.
To identify what type of information is most beneficial, I exclude each type
from being injected into K-BERT and rerun experiments.

2. Knowledge-Gating: Since K-BERT requires sequences to be truncated passed
a maximum sequence length, injecting additional information can lead to im-
portant information from the original sentence being truncated. To see the ex-
tent to which this is true, I perform Knowledge-Gating. That is, to only inject
information into sentences when sequence lengths are below the maximum
sequence length - thereby avoiding truncation.

3. Manual Knowledge Injection: To identify deficiencies in the automated similarity-
based approach presented in KInject for relevant knowledge fusion, a manual
selection of knowledge is instead performed. The manual approach is ex-
pected to contain minimum noise since humans are capable of matching rele-
vant knowledge to sentence context to a much higher degree. Manual Knowl-
edge Injection is done for all dataset splits as described in detail below.

Manual Knowledge Injection

More specifically, the systematic approach for performing Manual Knowledge In-
jection requires manual matching of extracted entities E to the context of sentence
s. When sentence s lacks context, description information is typically selected to be
injected. In situations where descriptive information would introduce noise or be in-
appropriate, I default to categorical or alias information. While most of this process
is subjective, the primary objective of only injecting beneficial information, for the
problem at hand, is maintained throughout. For example, the occurrence of an en-
tity "Manchester United" in ag_news_subset will likely be associated with external
knowledge "football club" - if the terms do not already exist in the original sentence
s.

6.4 Research Limitations

Best-performing models often require expensive hardware and longer training or
fine-tuning phases. As mentioned briefly in Section 6.3, the selection of model size
and hyperparameters was limited by the availability of computational resources and
time constraints. The lower sequence length limitation imposed for the ag_news_subset
dataset may have affected the performance to a certain degree.

Despite Semantic Similarity being the task of focus in this research, no appropri-
ate domain-specific dataset exists to measure such performance. A domain-specific
classification dataset was used as consolation. Justification for this decision is men-
tioned at the beginning of Chapter 6.
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Chapter 7

Results

7.1 Baseline Comparison

Table 7.1 shows mean results taken over ten runs for USE, SBERT, BERT, & K-BERT
on STS-B and ag_news_subset datasets. Spearman and Pearson correlation coef-
ficients are reported for the STS-B dataset. Classification accuracy is reported for
ag_news_subset. The baseline results here closely resemble published results and
benchmarks [Reimers et al. 2019].

Using all knowledge categories, K-BERT outperforms baselines USE and SBERT.
However, the average performance is lower than BERT on the STS-B dataset. When
injecting knowledge manually, indicated by K-BERTMANUAL, K-BERT performs ≈
0.7% better than the best baseline (BERT) on knowledge-driven tasks such as the
ag_news_subset classification problem. While the performance of K-BERT com-
pared to baseline models USE & SBERT is superior, the reduction in performance
compared to the base BERT on STS-B suggests the injected knowledge has intro-
duced noise. An extended comparison between BERT and K-BERT, along with other
knowledge ablations, is provided in the following sections.

Model
STS-B AG NEWS SUBSET

Spearman Pearson Accuracy

USE [Cer et al. 2018] – 81.40 / 78.20 –
SBERT [Reimers et al. 2019] – – / 84.67 –
BERT [Devlin et al. 2019] – – / 85.80 –

USE 82.59 / 78.02 82.89 / 79.45 92.89 / 92.70
SBERT 87.56 / 85.15 87.41 / 84.18 94.24 / 94.28
BERT 89.67 / 85.73 90.00 / 86.77 94.55 / 94.60

K-BERT 89.58 / 85.66 89.94 / 86.70 94.55 / 94.65
K-BERTMANUAL 89.63 / 85.65 89.97 / 86.68 95.16 / 95.24

TABLE 7.1: Mean validation / test scores on best performing model
recorded over ten runs with sequential seeds on evaluation datasets.
K-BERTMANUAL refers to injecting knowledge manually in K-BERT

7.2 Comparison between BERT and K-BERT

Table 7.2 shows the Knowledge Ablation results on the STS-B dataset. Total Mean
Squared Error (MSE) loss, Spearman correlation, and Pearson correlation is reported.
The correlations are between the predicted and actual scores. Combinations of knowl-
edge categories from set {ALIAS, CAT, DESC} were removed from K-BERT, and the
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results are presented here. Abbreviated knowledge categories consecutively corre-
spond to {aliases, categorical information, descriptive information}. Additionally, a
model with minimal noise, K-BERTMANUAL, indicates that knowledge selection is
done manually by humans instead of the similarity-based approach of K-BERT.

For ag_news_subset, classification accuracies are reported for BERT and all K-
BERT ablation variations in Table 7.3. Compared to STS-B, sequence length limi-
tations is a more stringent factor for ag_news_subset due to its much longer para-
graphs of text. This factor has been further exacerbated by the 128 sequence length
limitation imposed by the experiment configuration. Knowledge-Gating experi-
ments have been performed to investigate the effect of retaining maximal informa-
tion from the original sentences. The results of the Knowledge-Gating experiments
are shown in column Knowledge-Gating=on.

Model MSE Loss Spearman Pearson

BERT 1.662 / 2.014 ±0.054 89.67 / 85.73 ±0.4930 90.00 / 86.77 ±0.3660
K-BERT 1.675 / 2.028 ±0.063 89.58 / 85.66 ±0.5633 89.94 / 86.70 ±0.4301

After Removing
ALIAS 1.655 / 2.025 ±0.055 89.65 / 85.71 ±0.4659 90.00 / 86.70 ±0.3795
CAT 1.655 / 2.018 ±0.059 89.63 / 85.64 ±0.5364 89.98 / 86.71 ±0.4167
DESC 1.667 / 2.019 ±0.056 89.60 / 85.76 ±0.4885 89.95 / 86.77 ±0.4123
CAT + DESC 1.667 / 2.009 ±0.068 89.54 / 85.80 ±0.5740 89.89 / 86.79 ±0.4621
ALIAS + DESC 1.664 / 2.018 ±0.059 89.59 / 85.80 ±0.4352 89.96 / 86.80 ±0.3504
ALIAS + CAT 1.653 / 2.009 ±0.058 89.59 / 85.77 ±0.5017 89.95 / 86.78 ±0.3920

K-BERTMANUAL 1.657 / 2.024 ±0.059 89.63 / 85.65 ±0.5714 89.97 / 86.68 ±0.4294

TABLE 7.2: Knowledge Ablation results on STS-B dataset for mean
(µ-validation / µ-test ±σ) scores taken across ten runs.

Model
Knowledge-Gating

Off On

BERT 94.55 / 94.60 ±0.1947
K-BERT 94.55 / 94.65 ±0.2805 94.58 / 94.69 ±0.1269

After Removing
ALIAS 94.60 / 94.60 ±0.2272 94.52 / 94.67 ±0.1138
CAT 94.53 / 94.61 ±0.1144 94.53 / 94.67 ±0.1474
DESC 94.54 / 94.63 ±0.1409 94.62 / 94.63 ±0.2274
CAT + DESC 94.61 / 94.59 ±0.2071 94.55 / 94.60 ±0.2070
ALIAS + DESC 94.53 / 94.59 ±0.1378 94.61 / 94.67 ±0.0989
ALIAS + CAT 94.57 / 94.63 ±0.1585 94.53 / 94.54 ±0.1113

K-BERTMANUAL 95.16 / 95.24 ±0.1361 95.15 / 95.23 ±0.1824

TABLE 7.3: Knowledge Ablation and Knowledge-Gating results on
ag_news_subset dataset. Mean (µ-validation / µ-test ±σ) accuracies

taken across ten runs are reported.
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Chapter 8

Analysis

To identify the significance of the results, one-tail Student t-tests are conducted be-
tween test results from BERT and K-BERT. Results were recorded after repeating
the same experiment ten times using different seeds. These are the same results
used to produce the averages reported in Chapter 7. Independent sample t-tests are
performed between results from BERT and various K-BERT knowledge ablations.
This section begins with an analysis of the results of the STS-B dataset. Analysis of
ag_news_subset results is done thereafter.

8.1 STS-B Analysis

Inspecting the K-BERT model results in Table 7.2, we see an overall reduction in
performance after injecting knowledge. Implying that the knowledge is introducing
noise. It is expected that reducing this noise will improve performance. The Knowl-
edge Ablation and Manual Knowledge Injection experiments described in Chapter 6
will achieve this.

After performing Knowledge Ablation, overall performance improves to a marginal
degree compared to the standard K-BERT model. Descriptive information tends to
be the most beneficial type of knowledge to inject, with categorical information also
providing some benefit. These insights can be identified by inspecting the changes
in metrics when descriptive and categorical information is removed from the model.
The ALIAS + CAT variant produced the lowest MSE loss, while on average, ALIAS
+ DESC had the highest correlation coefficients.

However, overall results for this dataset indicate that noise exists in all knowl-
edge types. Moreover, a manual injection of knowledge could not improve per-
formance at all. Similar to other research [Zhang et al. 2021] which injects knowl-
edge into pre-trained language models for the GLUE benchmark dataset [Wang et al.
2018], it can be concluded that the inclusion of knowledge for this problem is not
beneficial. This conclusion is further substantiated by insignificant t-test results in
Table 8.1.

8.1.1 STS-B Sentence Pair Ablation Study

The STS-B dataset contains pairs of text which may be similar. Naturally, it is possi-
ble for both sentences to contain the same words and therefore have the same infor-
mation injected into them - possibly biasing sentences to have a higher similarity by
the nature of the method. An ablation study was performed to investigate if such a
bias does exist. Two additional experiments were conducted. The first exclusively
injects information for sentence S1. And the second exclusively injects information
for sentence S2. The results of the said experiment were compared to K-BERT, which
has knowledge injected into both sentences (S1 + S2). As shown in Table 8.2, which
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Model
Metric

MSE Loss Spearman Pearson
t-statistic p-value t-statistic p-value t-statistic p-value

K-BERT -0.5016 0.6890 0.2545 0.5990 0.3596 0.6383

After Removing
ALIAS -0.4561 0.6731 0.0761 0.5299 0.3750 0.6440
CAT -0.1535 0.5602 0.3348 0.6292 0.3008 0.6165
DESC -0.2065 0.5806 -0.1569 0.4385 0.0185 0.5073
CAT + DESC 0.1547 0.4394 -0.2858 0.3891 -0.1043 0.4590
ALIAS + DESC -0.1526 0.5598 -0.3317 0.3720 -0.1759 0.4312
ALIAS + CAT 0.1915 0.4251 -0.1911 0.4253 -0.0772 0.4697

K-BERTMANUAL -0.3911 0.6498 0.3009 0.6165 0.4562 0.6732

TABLE 8.1: Student t-test results between metrics of BERT & K-BERT
Models evaluated on STS-B test dataset

contains the average test results of the best-performing model across ten runs, no sig-
nificant bias exists. Additional evidence can be seen in Figure 8.1, where the mean
MSE loss of K-BERT is generally higher across the ten runs instead of lower - which
would have indicated a bias.

Metric S1 + S2 S1 S2

MSE Loss 2.028 2.008 2.008
Spearman 85.66 85.83 85.78
Pearson 86.70 86.82 86.78

TABLE 8.2: Comparison of test results when exclusively injecting
knowledge for sequences S1, S2 and both S1 + S2.

8.2 AG News Subset Analysis

In contrast to STS-B, the ag_news_subset dataset appears to benefit more from the
inclusion of knowledge. K-BERT has an improved average test accuracy compared
to BERT, as shown in Table 7.3. Removing noise through Knowledge Ablation does
not benefit the test performance compared to K-BERT. However, these test accura-
cies are generally improved when Knowledge-Gating=on, that is, when truncation
is avoided. As we have seen with STS-B, all knowledge types introduce noise. De-
scriptive and categorical information still appears to be the most beneficial for this
classification problem, with aliases providing a more significant benefit than in STS-
B.

Although the reported average accuracies indicate gradual performance improve-
ments, the t-test results in Table 8.3 conclude that the difference is statistically in-
significant. Further noise removal through K-BERTMANUAL, however, produces the
best results compared to every K-BERT variation as well as the original BERT model.
When Knowledge-Gating=on, performance is negatively affected to a very marginal
degree. This highlights that, in the absence of noise, additional knowledge provides
contextual information that can be more beneficial for this problem than the already
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FIGURE 8.1: Mean MSE test loss with standard deviation error bars
on best performing model per run. Mean is taken across ten trails.

existing information in the original sentences. Since the extracted entities for this
problem such as Intel, Microsoft, Apple, Toyota, Yankees occur relatively frequently
within the dataset, the associated additional knowledge enforces computed embed-
dings to be aggregated into more well-defined clusters. With a t-statistic=-8.0708
and p-value < 0.0001, K-BERTMANUAL has shown a statistically significant benefit
with the inclusion of knowledge.

Model
Knowledge-Gating

Off On
t-statistic p-value t-statistic p-value

K-BERT -0.3866 0.3518 -1.1488 0.1328

After Removing
ALIAS 0.0100 0.5039 -0.9179 0.1854
CAT -0.0531 0.4791 -0.8354 0.2072
DESC -0.3869 0.3517 -0.2806 0.3911
CAT + DESC 0.1372 0.5538 0.0739 0.5290
ALIAS + DESC 0.1635 0.5640 -0.9617 0.1745
ALIAS + CAT -0.3465 0.3665 0.8429 0.7948

K-BERTMANUAL -8.0708 < 0.0001 -7.0396 < 0.0001

TABLE 8.3: Student t-test results between test accuracies of BERT &
K-BERT Models evaluated on ag_news_subset dataset
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8.3 Discussion

In conclusion, the incorporation of knowledge from the Wikidata Knowledge Graph
into the fine-tuning stages of the Language Modelling process does possess poten-
tial benefits. When inspecting Table 7.3, K-BERT with Knowledge-Gating=on pro-
duces better results and has more significant t-test scores than its corresponding
Knowledge-Gating=off ablations (including but not limited to ALIAS, CAT, ALIAS
+ DESC). This improvement indicates that the knowledge within those categories
does benefit the model. It is therefore highly probable that filtering out more noise
will lead to more significant results.

Results from the Knowledge-Gating experiments highlight that existing informa-
tion within the input sentence is important. Another interpretation of the improved
results when Knowledge-Gating=on is that, since knowledge injection is done more
sparingly, noise is reduced and performance improves. In terms of what type of
knowledge is most beneficial - categorical and descriptive information tend to pro-
duce better results across both datasets.

The results reported in Chapter 7 corroborate the findings of other researchers
[Zhang et al. 2019, 2021]. Two conclusions can be drawn. The first conclusion is
that the benefits of knowledge injection are task-dependent. An open-domain se-
mantic similarity task does not benefit much from knowledge injection as the nature
of the problem is not knowledge-driven. Instead, STS-B requires an improved lin-
guistic understanding of the current text. The ag_news_subset dataset does benefit
from knowledge injection as it contains examples which require additional domain-
specific context. Secondly, knowledge injection may introduce noise which can neg-
atively affect performance. The aforementioned conclusions are both expected and
substantiated by the results of this research.

Applying the model practically would first require an appropriate knowledge-
driven task and corresponding source of knowledge. For example, Medical Q/A
[Zeng et al. 2020] with medical knowledge source [Santos et al. 2020]. Since the Wiki-
data knowledge graph in this research was integrated in a loosely coupled manner,
it can be easily replaced with any knowledge source stored in triple format. The
success of the application would depend on the quality of the information in the
knowledge source and the performance of the KQuery mechanism.

Although the cosine similarity-based contextual knowledge injection mechanism
did not have success in the experiments conducted, it can be argued that it per-
formed as expected due to its simplicity. Possible techniques to improve the mecha-
nism in future work include:

1. Implementing a filtering step for disambiguating or removing noise.

2. Improve the embedding quality of the knowledge graph entity by either:

• Utilising additional features or entity attributes.
• Replacing cosine-similarity with a machine learning model.

The work done in this research shows evidence that K-BERT can be successfully
adapted to multiple languages. Results from experiments highlight the significance
and shortcomings of knowledge injection in the Language Modelling process. As
a contribution to the growing evidence of knowledge being beneficial, the results
here also indicate certain types of knowledge are more appropriate than others. De-
spite advocating for noise removal techniques, achieving such, especially in an au-
tonomous manner, is non-trivial. The decision to use knowledge-driven approaches
should therefore be dependent on the required effort versus the potential gain.
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One benefit of knowledge-driven approaches is the greater interpretability it pro-
vides. Similar to work which can provide explicit sources to substantiate reasoning
[Guu et al. 2020], K-BERT is capable of making the injected knowledge discernible.
Multi-modal representation learning learns a unified representation of a text-image
input [Chen et al. 2021]. K-BERT has the potential to also be multi-modal since the
Wikidata Knowledge Graph entities can be associated with an image.
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Chapter 9

Conclusion

This study investigated the incorporation of knowledge into the fine-tuning stages
of Language Models for the task of semantic similarity. Since language is so versa-
tile, it is difficult to define rule-based methods to measure the semantic differences
between texts. Techniques that consider information content, using external infor-
mation from knowledge sources, and neural-based corpus methods have attempted
to resolve the issue with some success. More complex Transformer-based architec-
tures have produced state-of-the-art results for a range of NLP tasks. However, the
Language Models that utilise these architectures are general-purpose and often have
high computational requirements. The K-BERT model by Liu et al. [2020] attempts to
address these issues by incorporating information from a Knowledge Graph into the
fine-tuning stage of BERT. Their approach injects domain knowledge into sentences
for additional global context, thereby improving model performance while retaining
model size.

This work extends K-BERT by adapting it for the English language and testing
its effectiveness for semantic similarity tasks. The main contributions of this study
are:

• K-BERT successfully integrated with Wikidata Knowledge Graph.

• An adaptation of the sentence tree and visible matrix to work on a term-level
instead of a character-level. Memory optimisations for visible matrix, permit-
ting larger datasets to be used.

• Modification of KQuery to inject contextually relevant information. This is based
on the similarity between contextualised embeddings of the original sentence
and concepts from Knowledge Graph, where contextualised embeddings are
computed using a pre-trained transformer model.

• Evidence on when knowledge injection may be beneficial, and what type of
knowledge is suitable.

During experiments, we analyse the effect of knowledge incorporation and com-
pare performance to the original BERT model. Knowledge ablation studies con-
ducted indicate that additional knowledge is beneficial, but can also introduce noise.
Avoidance of truncating information from the original sentences offered more sig-
nificant performance improvements. The preferred approach for this problem is
a modest injection of information when space permits. Given these insights, it is
recommended that knowledge injection be done sparingly, and with reliable, high-
quality information.

Performance of K-BERT tends to become inconsistent with more noise, we no-
tice this by inspecting the high p-values of Student t-tests for both ag_news_subset
and STS-B. The Manual Knowledge Injection experiments conducted showed that
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when this noise is minimised, K-BERT’s performance on knowledge-driven tasks
improves. Approaches to reduce noise such as Selective Injection and Spectral Reg-
ularization by Zhang et al. [2021] has also produced similar improvements. How-
ever, current automated approaches provide marginal benefits, which can often be
seen as unrewarding given the non-trivial nature of the problem. Nevertheless, this
work shows that external knowledge can be beneficial, especially when the context
is limited. While not ideal for semantic similarity, other downstream tasks which
benefit from additional domain information such as question answering could ex-
ploit K-BERT to greater fidelity.

Despite prioritising K-BERT’s modification to accommodate the English language,
the changes made to the sentence tree and visible matrix also accommodate other
alphabetic languages. Adapting K-BERT for other writing systems remains to be
explored.

Possible improvements of the contextualised method in KQuery could involve us-
ing a machine learning model or classifier to learn to decide on the entity to inject.
Having an objective which identifies entities that complements the original sentence,
instead of simply being very similar, should limit biases and offer performance im-
provements.

In this work, the technique for knowledge injection is similarity-based. Alter-
native approaches which prioritise disambiguation may perform better. This could
involve an additional step of first identifying if ambiguity exists within the text, and
if so, only thereafter incorporate contextually relevant information for disambigua-
tion. This intuition proved to be successful for Pilevar et al. [2017] and may also
apply to K-BERT.

Since the similarity-based contextualised approach proposed here was intended
to work on general text, possible sources of information can easily be extended
to more free-flowing text. Or, conversely, more focused feature-based approaches
could use additional Knowledge Graph properties/relationships - which was left
unexplored here. Since Wikidata is a multilingual knowledge source, applying K-
BERT to other languages is also possible, given the appropriate pre-trained Lan-
guage Model.
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Appendix A

SELECT
?item ?itemLabel ?label

WHERE
{

{ ?item wdt:P31*/wdt:P279* wd:Q349 . } # sport
UNION
{ ?item wdt:P31*/wdt:P279* wd:Q12973014 .} # sports team
UNION
{ ?item wdt:P31*/wdt:P279* wd:Q5 .} # human
UNION
{ ?item wdt:P31*/wdt:P279* wd:Q515 .} # city
UNION
{ ?item wdt:P31*/wdt:P279* wd:Q6256 .} # country
UNION
{ ?item wdt:P31*/wdt:P279* wd:Q891723 .} # public company
UNION
{ ?item wdt:P31*/wdt:P279* wd:Q4830453 .} # business
UNION
{ ?item wdt:P31*/wdt:P279* wd:Q25351891 .} # business
UNION # services
{ ?item wdt:P31*/wdt:P279* wd:Q806750 .} # banking
UNION # services
{ ?item wdt:P31*/wdt:P279* wd:Q43229 .} # organization

}

LISTING A.1: SPARQL query

Architecture Pre-trained model name/path

BERT & K-BERT bert-base-uncased
SBERT bert-base-nli-mean-tokens
USE https://tfhub.dev/google/universal-sentence-encoder-large/5
Similarity Transformer nli-distilroberta-base-v2

TABLE A.1: Pre-trained models used
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