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Abstract

This thesis investigates machine learning methods for analyzing sequential textual data.
Sequential textual data refers to text collected in a specific order where the sequence is
significant. Examples include (1) sentences, where word usage and order must adhere to the
rules of grammar, (2) news reporting on events happening at different times, and (3) texts
related to financial stock prices, reporting on the financial market dynamics. Analyzing
this data helps us understand patterns, make predictions, and enhance decision-making for
various tasks.

We first focus on sentence similarity using sentence structure, where we propose two
methods, Language Model Earth Mover’s Distance (LM-EMD) and Order-Preserving Wa-
sserstein Score (OPWScore), that consider the word’s contextual meaning and position in
the sentence. The LM-EMD model was developed for cross-lingual information retrieval
and measures the relevance of a document to a given query. The OPWScore metric eval-
uates text generation approaches, such as machine translation models. Both methods use
language models to create the word’s contextual embedding, which was then utilized to
measure the texts’ similarity using optimal transport, specifically the Wasserstein distance.
OPWScore also restricts its distance calculation to words in similar positions, emphasizing
the role of word placement. The methods are evaluated and compared with other models
and metrics that consider sentence structure. The results show that sentence structure con-
tributes to fluency-based performance while preserving the adequacy-related performance
of the models.

Next, we explore the use of neural network models for online news clustering, con-
sidering the news’ publication time. We first introduce a methodology for creating novel
news clustering data sets. It automates the news collection and clustering process, thus
reducing the time and resources required for evaluators to annotate the data sets manu-
ally. The methodology is used to create a cross-lingual news collection covering the 2021
Tokyo Olympics. The collection consists of articles written in different languages and la-
beled based on their reporting events. We then develop a new online clustering algorithm
called Wasserstein-based news Article Clustering (WAC). This two-stage, distance-based
algorithm uses Wasserstein distance to analyze the contextual and temporal similarities
between clusters and decide when to merge them. The algorithm is tested on two data sets
and compared with other online news clustering algorithms, showing that WAC performs
comparably to the best-performing supervised algorithms without requiring any prior fine-
tuning.

Finally, we define multi-modal data fusion of heterogeneous data sources. We focus on
predicting stock market dynamics by combining text and data streams. We develop four
methods for including text information in time series forecasting, which are then used to
predict the stock close and daily volatility dynamics. We also test using different textual
representations. The experiments show that including multi-dimensional text representa-
tion can improve predictions when the input data is appropriately processed and the right
text inclusion strategy is used.
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Povzetek

Doktorska disertacija raziskuje uporabo metod strojnega ucenja za analiziranje tekstovnih
podatkov v zaporedju. Ti podatki so urejeni v dolo¢enem zaporedju, kjer ima vrstni red
pomembno vlogo. Primeri vklju¢ujejo (1) stavke, kjer sta raba in vrstni red besed dolo¢ena
s slovni¢nimi pravili, (2) poro¢anje novic o dogodkih, ki so se zgodili ob razli¢nih ¢asih, in
(3) dokumente, ki poro¢ajo o tecajih delnic na finanénem trgu. Analiza teh podatkov nam
pomaga pri razumevanju vzorcev, napovedovanju in odloanju pri razliénih nalogah.

Najprej se osredoto¢imo na merjenje podobnosti besedil, kjer upostevamo njihovo struk-
turo. Predlagamo dve metodi, Language Model Earth Mover’s Distance (LM-EMD) in
Order-Preserving Wasserstein Score (OPWScore), ki upostevata kontekstualni pomen be-
sed in njihov polozaj v besedilu. Model LM-EMD je namenjen medjezikovnemu iskanju
informacij in meri ustreznost dokumenta glede na dano poizvedbeno besedilo. Metrika
OPWScore pa je namenjena ocenjevanju uspeSnosti modelov generiranja besedil, kot so
strojni prevajalniki. Obe metodi uporabita jezikovne modele za ustvarjanje kontekstual-
nih vlozitev besed. Te vlozitve se nato uporabijo za merjenje podobnosti besedil z uporabo
teorije optimalnega transporta, zlasti Wassersteinove razdalje. Metoda OPWScore pri
tem tudi omeji izracun na besede, ki so na podobnih polozajih, s ¢imer poudarja vlogo
umestitve besed. Metode smo ovrednotili in primerjali z drugimi modeli in metrikami, ki
upostevajo strukturo besedil. Rezultati kazejo, da upostevanje njihove strukture prispeva
k uspesnosti, ki temelji na tekocnosti besedila, hkrati pa vpliva na uspesnost, povezano z
ustreznostjo besedila.

Nato raziskujemo uporabo modelov nevronskih mrez za grucenje novic v realnem casu,
upostevajo¢ njihov ¢as objave. Najprej predstavimo postopek za ustvarjanje novih podat-
kovnih mnozic za grucenje novic. Ta avtomatizira zbiranje in gruc¢enje novic, zaradi ¢esar
je olajSano delo ro¢nemu oznacevalcu. Postopek uporabimo za ustvarjanje nove ¢ezjezicne
mnozice novic, ki poro¢ajo o olimpijskih igrah v Tokiu 2021. Mnozica je sestavljena iz ¢lan-
kov, napisanih v razli¢nih jezikih in oznacenih glede na porocanje dogodkov. Razvili smo
tudi nov algoritem za realno-¢asovno grucenje novic, imenovan Wasserstein-based news
Article Clustering (WAC), ki temelji na rabi metrik. Algoritem analizira kontekstualne in
casovne podobnosti med gruc¢ami novic z uporabo Wassersteinove razdalje in se nato odlo¢i,
katere naj zdruzi. Algoritem je ovrednoten na dveh podatkovnih mnozicah in primerjan z
drugimi algoritmi za grucenje novic. Rezultati kazejo, da algoritem WAC daje primerljive
rezultate kot najbolj8i nadzorovani algoritmi, brez potrebe po predhodnem prilagajanju.

Nazadnje definiramo fuzijo ve¢modalnih in heterogenih virov podatkov. Posvetimo
se napovedovanju borznih dinamik z uporabo tekstovnih in numeri¢nih tokov podatkov.
Razvili smo Stiri metode za vklju¢evanje tekstovnih informacij, ki jih uporabimo v mo-
delih za napovedovanja dinamik zneska ob zaprtju in dnevnih volatilnosti trga. Testi-
rali smo tudi rabo razli¢nih tekstovnih predstavitev. Poskusi so pokazali, da vkljucitev
ve¢-dimenzionalnih reprezentacij besedil lahko izboljsa napovedi, ko so vhodni podatki
primerno obdelani in je uporabljena prava strategija vklju¢evanja besedila.
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Chapter 1

Introduction

It’s the job that’s never started that
takes longest to finish.

J.R.R. Tolkien

1.1 Motivation

Textual data is a resource that consists of information expressed in natural language. It
can vary in structure and be in different languages, where grammar delegates the order
in which the words must appear in the sentence. Because of this, text can also viewed as
sequential data. Due to its diverse content, textual data has been used to develop models
and tools for text-related tasks such as information extraction, clustering, understanding,
and generation. Recent research has led to the creation of large language models that
can solve various tasks with high precision and minimal effort. However, while these
models are effective at analyzing individual resources, they may not be suitable for solving
tasks requiring simultaneous analysis of large data sets or data where sequential order is
important.

Sequential data refers to data collected in a specific order or sequence, where the order
of observations carries important information. Each data point is linked to a timestamp or
particular position in the sequence, indicating its occurrence time or order relative to other
data points. While we commonly associate sequential data with time series data, where
each data point has a corresponding timestamp, they can manifest in various formats and
contexts, including (1) natural languages, where word usage and order must adhere to
the rules of grammar, (2) news publishing, where articles may reference multiple events
occurring at different timestamps, and (3) finances, where stock prices are tracked and
analyzed over time.

Analyzing sequential data allows us to identify patterns in data, make predictions,
and make informed decisions based on the order of observations. These capabilities are
important across different fields and applications, as such analysis can help us to iden-
tify dependencies within the sequence, discern underlying patterns, and make predictions,
among others. These discoveries can be leveraged to improve solutions for various tasks,
including the following case studies explored in this dissertation: (1) text generation and
translation, where the output text has to be factually accurate and grammatically sound,
(2) event detection in news articles, grouping articles that describe the same event, and
(3) stock market prediction, determining future market dynamics.

Although the case studies come from different domains, the tasks require methods
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with shared functionalities. They need to handle sequences and account for the internal
structure of the data, which can be done by combining models, such as Transformers
and Long Short-Term Memory (LSTM), with distances suitable for comparing sequential
data. Furthermore, the methods must handle various difficulties presented by the data
sequences. For instance, to combine or compare two data sequences, one must first align
them, which is not trivial when the sequences are of different lengths and modalities or are
not aligned by time. Textual data is also conventionally represented by a single vector of
values; with this representation, the word sequence in the text is lost. Preferably, a text
should be described as a collection of ordered word vector representations, which are then
used in the analysis. Solving these difficulties would enable a more advanced sequential
data analysis, leading to more valuable insights.

1.2 Goals, Hypotheses and Approaches

This dissertation aims to develop machine learning methods for analyzing textual data
that also consider the sequence of the data. The developed methods consider two types
of sequences: (1) the inner-data sequence, such as word order in the text, and (2) the
temporal sequence of the data points. Both sequence types are important for analyzing
textual data: The inner-data sequence relates to grammar, while the temporal sequence
is crucial for comparing text from real-time streams, such as news and sensor data. The
main goals of the thesis are the following:

Goal 1 Method for semantic text similarity considering word order. Devel-
opment of methods for measuring sentence similarity that include the word
sequence information into consideration.

The goal is to refine how we measure semantic similarity between sentences by considering
the meaning of individual words and their sequence. Most traditional similarity measures
do not consider sentence structure, which can lead to overlooking and emphasizing words
that are not necessarily relevant to the given task. Developing such methods could improve
the performance of machine understanding and interpretation of texts, which is important
for applications like text generation and machine translation.

Goal 2 Method for news stream clustering. Development of a novel news cluster-
ing approach that uses different similarity methods.

In this goal, we try to develop innovative methods for news stream clustering, focusing on
how news articles are grouped based on their content. This could be useful for processing
and managing large-scale news data and thus allow better information retrieval, easier
navigation through news topics, and potentially help identify facts and compare how news
publishers report on the same event.

Goal 3 Method for combining text and data streams. Development of methods
for combining text and data streams to improve data stream predictions.

To achieve this goal, we aim to develop various methods that merge text streams, such
as news, with data streams to improve forecasting models’ predictive capabilities. This
interdisciplinary approach could benefit domains such as financial stock forecasting, as
text data could provide rich information complementary to that provided or found in data
streams.

Goal 4 Evaluation. Evaluation of the proposed methods on various data sets.
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Finally, this goal tests the developed methods across various data sets to ensure their
effectiveness and robustness. Evaluation is important to confirm that new methods and
approaches perform well in different scenarios and find areas where the methods can be
improved.

In addition to the goals, we form three main hypotheses that will be experimentally tested
in this thesis:

Hypothesis 1 Text similarity measures that include word sequences provide more con-
textually aware scores.

The hypothesis challenges traditional text similarity measures, which usually ignore sen-
tence structures and might miss crucial semantic details. It proposes a direction for more
contextually aware text analysis by considering sentence structure. This could enhance
tasks that depend on a deep understanding of text content, such as text generation, ma-
chine translation, and summarization, where word order significantly affects meaning.

Hypothesis 2  Using similarity metrics that include structure in news stream clustering
algorithms improves the quality and homogeneity of the generated news
clusters.

This hypothesis highlights the importance of using advanced, structure-inclusive similar-
ity metrics in news clustering algorithms. It challenges traditional clustering approaches
that compare aggregated representations and suggests that using the entire structure and
information of news improves the quality and homogeneity of the created clusters. Bet-
ter clustering can enhance automated monitoring systems that depend on precise news
aggregation to track and analyze global events.

Hypothesis 3 Including relevant textual information in numeric data streams improves
the performance of data stream predictions.

The hypothesis highlights the integration of text and data streams to enhance the predictive
capabilities of models dealing with data streams. This is particularly important in areas
where real-time data is critical, such as finance trading. Text data can offer information
often missing in data streams, potentially leading to more accurate forecasts and helping
decision-makers respond more effectively to emerging trends and situations.

To achieve the goals outlined above and to test the validity of the hypotheses, we follow
the methodology as described below:

Analysis of the current state-of-the-art in the field. We collected the scientific
resources published in the last years that are relevant to our research topic. If we do
not find sufficient resources, we extend the time interval in which it must be published.
Afterwards, we read through the collection and wrote down the methodologies, parameters,
data sets, and evaluation process used in the corresponding resource. These findings were
then used in the subsequent steps of the methodology.

Acquisition of relevant data sources and preparation of a new data set for evalu-
ating approaches. Given the information retrieved from the related work, we identify and
retrieve the relevant data sources on which we would evaluate the proposed approaches. If
the existing data sets do not meet the sufficient requirements for our evaluation, we design
and create our own data set; such was the case for creating the novel temporal cross-lingual
news article clustering data set.
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Extensive analysis on aligning two data sequences to compare and combine
data. We use the related work to analyze the approaches for aligning textual and temporal
sequence data. Because of the lack of resources for analyzing textual data, we investigated
approaches for comparing sequences of other data modalities, such as video and audio.
For temporal sequences, we analyzed the temporal sequence data alignment approaches,
mainly in the domain of time series. This analysis formed the basis on which we have
designed and developed the novel approaches.

Implementation and evaluation of the proposed approaches. We developed novel
methods and evaluated their performance on the acquired data sets. The evaluation ap-
proach is selected accordingly to reflect the model capabilities we wish to analyze correctly.
We compare our method with the state-of-the-art methods and perform a comparative
study. The evaluation and comparison results are displayed in tables and figures, high-
lighting the best performances.

Critical judgement of the method’s performance, including the trade-off be-
tween the time complexity of the proposed approaches and overall performance.
The evaluation results of the novel method are critically analyzed to determine the bene-
fits and drawbacks of the methods. These are analyzed and presented in the discussions.
Furthermore, we analyze the tradeoff between the inference time requirement and the over-
all performance. We suggest where and when to use the proposed methods based on the
analysis.

1.3 Scientific Contributions

In this section, we describe the scientific contributions derived from the scientific research
done within this thesis.

SC-1  Nowel unsupervised methods for measuring semantic text similarity focusing on
the meaning and order of individual words.

The novel method combines the semantic representations of words returned by Transformer-
based language models with a modified optimal transport measure, which preserves the
word sequence when calculating semantic text similarity. It is compared to other text gen-
eration and translation evaluation methods. Our method is more sensitive to fluency-based
modifications than other unsupervised baseline methods while preserving adequacy-based
performance. This relates to Hypothesis 1.

SC-2 A new temporal data set consisting of labelled multi-lingual news articles intended
for evaluating news stream clustering approaches.

The new data set comprises news articles written in ten different languages on different
topics. Each article contains its title, body text, URL, time of publication, language, news
publisher, and cluster ID. Articles with the same cluster ID are presumed to describe the
same event. The data set can be used to evaluate news stream clustering approaches
related to Hypothesis 2.

SC-3 A novel news stream clustering approach that uses the Transformer-based language
models and an unconventional method for measuring text similarity.

The novel clustering algorithm combines the semantic text representations from the lan-
guage models with the Optimal Transport-based text similarity metrics to group news ar-
ticles into multilingual clusters. It is compared to other online news clustering algorithms.
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Our clustering algorithm performs similarly to the classifier-based clustering algorithms.
This scientific contribution relates to Hypothesis 2.

SC-4  An extension of the formal definition of data fusion of heterogeneous streaming
data sources, which includes text data, and a method for using texts for data
stream predictions.

The extension combines one-dimensional and multi-dimensional features in data fusion. It
generalizes the aggregate function, where an aggregate can be a predefined function or a
function learned using machine learning approaches. The extension is then used to define
models that learn abstract text representations to support the data stream forecasting
in the financial domain. The addition of the text stream has been shown to improve
the performance of the baseline forecasting model. The scientific contribution relates to
Hypothesis 3.

SC-5  Fwaluation of the proposed methods on various data sources and real-world sce-
narios.

Each method was evaluated and compared against state-of-the-art baselines, giving us
insight into the developed methods’ performance, advantages and disadvantages. These
are discussed at the end of the method’s corresponding chapter. This relates to all three
Hypotheses.

1.4 Organization of the Thesis

The remainder of the thesis is structured as follows. First, the thesis presents the related
work on non-sequential and sequential textual data analysis in Chapter 2, which covers
measuring textual similarity, text stream clustering algorithms, and multi-modal stream
forecasting. The chapter concludes with a critical summary of the related work.

It then describes optimal transport and how it is used for comparing sequential data
in Chapter 3. It first provides an optimal transport overview in Section 3.1, covering its
theoretical background. Next, Section 3.2 presents its extension, called order-preserving
optimal transport, which can be used for measuring the similarity of sequential data.

The exploration and development of the novel text similarity methods are presented
in Chapter 4. It first explores optimal transport for measuring cross-lingual semantic text
similarity in Section 4.1. This inspired the exploration of the use of Optimal Transport for
tasks where the sequence structure is important, such as text generation and translation
tasks. This resulted in developing the method presented in Section 4.2. The chapter
concludes by discussing the proposed similarity metrics in Section 4.3.

Next, the topic of online text clustering with neural networks is described in Chapter 5.
The chapter first introduces an approach to creating multilingual news clustering data sets
in Section 5.1, which was used to create a data set comprising articles reporting on the
2021 Tokyo Olympics. Next, a novel online news article clustering algorithm that uses
Optimal Transport-based similarity measures to group articles is presented and evaluated
in Section 5.2. The chapter concludes with a discussion of the proposed approaches in
Section 5.3.

Chapter 6 focuses on streaming multi-modal fusion approaches. The chapter first
presents a formal definition of data fusion in the Internet of Things domain in Section 6.1.
Next, Section 6.2 presents an extension of the data fusion definition to include multi-
dimensional features, such as text embeddings returned by language models. The exten-
sion is then applied and evaluated on stock price forecasting data sets. The findings in this
chapter are then discussed in Section 6.3.
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We conclude the thesis with Chapter 7, which presents the scientific contributions in
Section 7.1, discusses whether the set goals are achieved and the hypotheses are confirmed
in Section 7.2, and introduces further research work in Section 7.3.



Chapter 2

Related Work

Every so often, you have to unlearn
what you thought you already knew,
and replace it by something more
subtle.

Terry Pratchett

This thesis builds upon prior research on the topics of non-sequential and sequential textual
data analysis. While the non-sequential aspect disregards word or document order, it offers
methods that can be expanded for sequential analysis of text. For example, while a method
for comparing two news articles does not need to consider word order, it can still serve
as a component for determining if the articles describe the same event, considering the
publication datetime.

This section reviews the state-of-the-art methods and models across three domains.
Section 2.1 explores methods for measuring textual similarity, emphasizing text repre-
sentation, similarity in information retrieval, and evaluation metrics for natural language
generation. Next, Section 2.2 examines algorithms for clustering text streams and available
data sets for evaluating such algorithms. Lastly, Section 2.3 reviews methods for streaming
data and text fusion and time series forecasting models.

2.1 State-of-the-Art on Measuring Textual Similarity

This section provides an overview of state-of-the-art methods used to measure textual
similarity. Section 2.1.1 presents various methods for converting raw text into machine-
readable objects, which are building blocks for natural language processing tasks. The
methods for measuring text similarity in the context of (cross-lingual) information retrieval
are presented in Section 2.1.2, while methods used to measure text similarity in the context
of natural language generation are presented in Section 2.1.3.

2.1.1 Text representations

Before a text undergoes machine-learning processing, it must first be transformed into a
mathematical object that computers can easily manipulate. In most cases, the objective is
to extract valuable information from the text, which can be applied to a variety of tasks,
including measuring text similarity.

Text representation is crucial in converting unstructured text into vector representa-
tions. These vectors can convey statistical information about the words’ occurrences, lexi-
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cal information (connected to nouns, pronouns, adjectives, etc.), or semantic information,
capturing the meaning of (sub)words.

Over the years, many techniques have been developed, ranging from simple word count-
ing to sophisticated neural networks, such as Large Language Models (LLMs). This section
covers early and current approaches and models for generating text vector representations.

Early approaches

Early techniques relied on vector representations based on word statistics. One such ap-
proach was the Bag-of-Words (BOW) method, where a text document was represented
as a collection of words, disregarding the order and structure of the text. Each word
was treated as an individual feature, indicating binary values if the word was present or
absent from the document. Alternatively, the feature could encode a combination of its
term frequency TF and inverse document frequency IDF [1], [2]. The BOW could also be
extended to include sequences of n words, known as n-grams. This extension allowed for
the formulation of features naturally formed from multiple words (such as “New York” and
“Golden Gate Bridge”), thus addressing more complex natural language processing tasks.

Early text representation techniques faced challenges. The “curse of dimensionality”
emerged due to the large vocabulary size required to encode a diverse set of words, leading
to vectors with more dimensions than samples in the data set. This increased vector
sparsity, computational complexity, overfitting during model training, and higher data
storage and memory demands. Moreover, synonym words were treated as distinct features
in the BOW model, complicating the comparison of text documents with similar content
but different wording.

To address these challenges, text documents were typically pre-processed before creat-
ing vector representations. Operations like lemmatization (reducing words to their base or
dictionary form), stemming (reducing words to their root form by removing the prefixes
and suffixes), and stopword removal (eliminating commonly used, but often irrelevant,
words) were employed. While pre-processing mitigates the “curse of dimensionality,” it
does not fully resolve the synonym issue. Researchers sought a solution, which eventually
materialized through word embedding models.

Word embeddings

The concept of modern word embeddings was introduced by developing the word2vec
model [3]. This neural network model offers vector representations of words in a high-
dimension space, capturing both semantic and syntactic relationships between words. Es-
sentially, words with similar meaning and contextual usage tend to have similar vector
representations.

Word2vec is comprised of two model variants: the Continuous Bag of Words (CBOW)
and Skip-Gram. The CBOW variant predicts the target word based on its surrounding
context words, while the Skip-Gram variant predicts the context words given the input
target word. Both variants utilize a shallow neural network with a single hidden layer,
where the hidden layer weights serve as the word embeddings. Figure 2.1 illustrates the
architecture of both model variants.

Similar vector representations to word2vec are generated using GloVe [4], which em-
ploys matrix factorization techniques. The model utilizes a word co-occurrence matrix to
construct a low-dimensional representation for each word, capturing both local context and
global co-occurrence statistics.

However, a drawback of both word2vec and GloVe is their inability to handle out-of-
vocabulary (OOV) words, i.e. words not present in the training corpus. Extensions like
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Figure 2.1: The word2vec model architectures. Both model variants require a context
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Values V and N determine the input, hidden, and output vector size.

FastText [5] have been proposed to address this limitation. FastText treats words as a bag
of character n-grams (subword units) and predicts the probability distribution of subword
units, instead of whole words, during training. This approach allows FastText to handle
unseen and OOV words better by finding similarities based on shared subwords.

While these word embedding models are effective in a monolingual setting, they do
not support the comparison of cross-lingual texts. To address this issue, various methods
align word embeddings trained on different languages into a common semantic space [6]—
[10]. This generally involves identifying anchor terms, i.e. words with similar meanings
in different languages, and aligning them in the language embedding spaces using linear
transformation. The anchor terms are identified either beforehand or based on the term
statistics. Figure 2.2 illustrates the idea of aligning embedding spaces.

Linear transformation
using the matrix W

English embedding space

Italian embedding space

Aligned embedding space

Figure 2.2: The illustration of aligning embedding spaces based on selected anchor points,
adapted from previous work [8].
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There are different ways one can create document vector representations using word
embeddings. One way is by aggregating the embeddings of the words that appear in
the document [11]. Another way is by using doc2vec [12], an extension of the word2vec,
which produces a fixed-length vector representation of each document in a corpus. Both
approaches produce vector representations that can be used for different document-related
natural language processing tasks.

All word embedding approaches share a limitation: the vector representations remain
static regardless of the context in which a word appears. For example, the vector repre-
sentation of the word “mark” will be the same whether it means “grade”, “target”, “sign”
or something else. Language models addressed this limitation, which is discussed in the
following section.

Language models

Language models (LMs) are probabilistic models that assign probabilities to word se-
quences. This functionality allows LMs to predict the most likely word to follow in a given
context, making them versatile for tasks such as text classification, text generation, and
text similarity.

Historically, LMs were built using word co-occurrence statistics and recurrent neural
networks [13]. However, recurrent neural networks face challenges in capturing long-range
dependencies between words. This limitation was addressed by the Transformer model [14]
depicted in Figure 2.3. Its key component is the attention mechanism, which enables
the model to consider the entire input sequence when identifying the dependencies and
relationships between the words.
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Figure 2.3: The Transformer model architecture, following the encoder-decoder structure,
as presented in the original paper [14].
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The Transformer’s initial results inspired further exploration, leading to encoder-only
and decoder-only models.

Encoder-only models were shown to perform well on text understanding tasks, such
as question answering, named entity recognition, and semantic textual similarity. They
encode the input text into a sequence of hidden representations and use these representa-
tions through a classification layer to solve the task at hand. Examples of encoder-only
models are BERT [15], XLNet [16], and RoBERTa [17|. Since these models can have an
increased number of parameters, methods for reducing the model size while retaining the
model’s performance have been developed [18], [19]. While most of the research focuses
on monolingual tasks, there is increasing interest in the model’s capabilities of process-
ing multi-lingual and cross-lingual texts. As a result, cross-lingual encoder-only models,
such as mBERT [20], XLM [21], and XLM-RoBERTa [22], were developed and applied for
solving text understanding tasks involving texts in different languages.

Decoder-only models are used for text generation tasks, such as machine translation,
text summarization, and recently also question answering. They first encode the input text
into a sequence of hidden representations, which are then utilized to produce a sequence of
output tokens, over which a probability distribution is calculated to determine the possible
next words. Examples of such models are GPT [23]|, GPT-2 [24], and GPT-3 [25].

Moreover, extensive investigations were conducted into the capabilities of encoder-
decoder models. Encoder-decoder models, such as BART [26] and T5 [27|, were shown to
be particularly good at tasks that require both understanding and generating text, such
as machine translation, text summarization, and question answering.

Recently, language models have been significantly scaling in both parameter size and
training data, resulting in the so-called Large Language Models (LLMs). One such model
is Galactica [28], an LLM trained on scientific papers. Another study [29]| utilized re-
inforcement learning through human feedback (RLHF) [30], [31] to fine-tune the GPT-3
model, resulting in enhanced text generation capabilities. This approach played a crucial
role in the development of ChatGPT!, a conversation agent released in November 2022.
Since then, various general LLMs were developed, including Llama [32|, Llama-2 [33], Fal-
con [34], Mistral [35], PaLM2 [36], and Gemini [36]. Additionally, specialized models have
been introduced for finance [37], [38], coding [39], and medicine [40]-[43], among other.

Despite demonstrating strong performance across various tasks, experiments have been
conducted to assess the intrinsic capabilities of these models [44]-[49]. Due to the resource-
intensive nature of LLMs, researchers are exploring new approaches to enhance the model
performance. This includes monitoring the model training process [50], modifying the
model architecture [51]-[53], and refining the training procedures of LLMs [54]. More
information can be found in a comprehensive survey on recent open-source LLMs [55].

2.1.2 Text similarity and information retrieval

The objective of an efficient Information Retrieval (IR) method is to retrieve documents
relevant to the user’s query. Text similarity methods play a pivotal role in information
retrieval by determining which documents are most similar or relevant to the user’s query.
This section explores various approaches to measuring semantic text similarity in the con-
text of information retrieval.

Distance metrics

One of the most common approaches to measuring the similarity between texts is using
distance metrics. To employ these metrics, one must first create vector representations,

"https://chat.openai.com/
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typically using one of the approaches outlined in Section 2.1.1. The generated vector rep-
resentations exist in a continuous vector space. Afterward, a metric is applied to measure
the distance between the two vectors, where texts with closer vector representations are
considered more similar.

Distances, such as Fuclidean and cosine distances, are commonly utilized where texts
have single-vector representations. Fuclidean distance measures the length of the line
segment between two vectors Z, ¢ € R™ in an Euclidean space, calculated as follows:

n
e(Z,7) = } Y(zi-vi)?, @, GeR"™ (2.1)
=1

In comparison, the cosine distance measures the similarity between two non-zero vectors
by computing the cosine of the angle between them. Because of this, the cosine distance
depends only on the angle and not on their magnitude. The distance is computed as
follows:

_@.9)
[Z[207]2"
where cos represents the cosine similarity. It is important to note that cosine distance is
not a true distance metric as it does not exhibit the triangle inequality property?.

It can be shown that the Euclidean and cosine distances are equivalent when the vectors
Z,y € R™ are unit vectors, i.e., |Z|2 = |g||2 = 1. Therefore, when the vector representations
are unit vectors, either of the distances can be used to measure the textual similarity,
yielding equivalent results.

deos(Z,9) =1 —cos(,y), cos(Z,y) = (2.2)

Alternatively, a text can be represented as a set of vector representations, where the vec-
tors correspond to individual words or tokens. While this representation is more complex, it
allows more intricate text similarity measurements. One such approach involves using opti-
mal transport [56], specifically Wasserstein distance, which measures the distance between
two probability distributions. Although Wasserstein distance has been widely adopted in
image processing and retrieval [57]-[59], it also finds applications in natural language pro-
cessing, including model distillation [60] and automatic short answer grading [61]. In text
similarity, Wasserstein distance can be utilized to measure the similarity of two sentences
based on their associated word embeddings [62]. One method for calculating Wasserstein
distance involves using the Sinkhorn-Knopp algorithm [63]. Section 3 gives an overview of
optimal transport.

Query expansion

Query expansion is a technique which extends the query by adding values to improve doc-
ument retrieval. The added values are usually similar or related to those in the query and
can be assigned from knowledge bases [64], [65], ontologies [66], or by using word embed-
dings [67]. An extensive survey of query expansion techniques can be found in [68]. In
addition to developing an effective model for finding relevant documents, research on other
aspects, such as fairness of the retrieved documents [69], and the experiment reproducibility
on neural information retrieval models [70], has been explored in the last years.

Cross-lingual information retrieval

To retrieve documents that are in various languages, one must bridge the lexical gap
between them. Because of this gap, traditional information retrieval models need to be

2A metric d:R™ x R® — R adheres to the triangle inequality if, for any three points Z,7,Z € R", the
following holds: d(&,Z) < d(Z,y) + d(¥, Z).
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accompanied by methods that can transfer the documents and queries into the same or
similar semantic space. The most commonly used are machine translation systems and
word embeddings.

Machine Translation systems (MT) are used to translate either the query or docu-
ments [71]. They require huge amounts of parallel data to train the models where such
resources are scarce for many language pairs. If needed, it is possible to employ MT ser-
vices from different providers, such as Google Translate?, DeepL?, and Translate.com?®, but
can be expensive when the data set is huge.

Word embeddings are used to generate query and document vector representations
in the same semantic space. While most of them are trained on single language data
sets, unsupervised approaches for aligning embeddings in a common vector space were
explored (6], [8]-[10], [72]-[74]. The aligned word embeddings are then used to either
(1) translate the query into the target languages and use traditional IR methods to find
relevant documents, or (2) create a vector representation of both the query and document
and calculate the cosine distance of the two vectors [75].

Language models for cross-lingual information retrieval

Language models are used to generate query and document vector representations. The
majority of research is on modifying BERT [15] for monolingual information retrieval [76]—
[82].

Let [CLS] be the sentence class token, representing the start of the text sequence,
and [SEP] be the separator token, used to signal the end of the text sequence. Then,
the models measure the document’s relevance by concatenating the query and document
text, i.e., constructing the input in the form of [CLS] query [SEP] document [SEP],
sending it through the model, and using the representation of the [CLS] token to predict
the document’s relevance. This approach enables the sharing of the query and document
contexts with each other but is also expensive to compute since it has to be done for
every query and document. For cross-lingual information retrieval, multilingual language
models [20]-[22] have also been used to map texts in different languages in a common
semantic space. For instance, multilingual BERT was used to generate inputs of the
classification layer for predicting if a document is relevant to the query [83].

An alternative approach called SBERT [84] constructs the query and document repre-
sentations separately by pooling or aggregating the language model’s output. One can then
create the document representations ahead of time and generate only the query vectors at
run-time. The approach has been further extended by mapping the generated monolingual
text embeddings of different language texts into a common semantic space via knowledge
distillation [85] and thus making the embeddings multilingual. The extension was demon-
strated for more than 50 languages from various language families and was shown to be
efficient in cross-lingual information retrieval.

2.1.3 Text similarity as an NLG evaluation metric

The aim of a natural language generation (NLG) evaluation metric is to automatically
assess the performance of text generation models used for text translation [86], [87], sum-
marization [88]-[93|, data-to-text generation [94], [95] and question answering [96], among
others. This is done by measuring the similarity between the model’s output and the gold
reference prepared by human annotators. Furthermore, the metric-provided scores require

*https://translate.google.com/
*https://www.deepl.com/en/translator
Shttps://www.translate.com/
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to be correlated to the scores given by human evaluators. To this end, various metrics were
developed, most of which can be grouped into either using sequence matching or contextual
embeddings.

Sequence matching metrics

The n-gram matching metrics measure the performance of the text generation model by
matching sequences of n-consecutive words (called n-grams) between the generated output
and its corresponding gold reference. The metrics differ based on how the matching is
performed, which includes counting the number of n-grams between the two sentences [97],
measuring the lengths of common sub-sequences [98|, comparing the positions of 1-grams,
their stemmed forms and semantic meaning [99], and by measuring the cosine distance
between the n-gram-generated sentence representations [100].

One of the drawbacks of most of these metrics is that they do not consider the semantic
meaning of the words, thus two sentences that use synonyms will have a lower score. This
problem is being addressed by the metrics using contextual embeddings.

Embedding-based metrics

The embedding-based metrics use semantic word representations to measure the similarity
between the generation model’s output and its reference. Semantic representations enable
assigning high similarity to words that have the same or similar meaning. Because of this,
the embedding-based metrics can effectively assess the adequacy of the generated texts.

One of the more straightforward approaches to evaluate the generation model is BLE-
URT [101], a regression model where the input concatenates the model’s output and its
reference, and the output is the predicted score. More complex approaches acknowledge
that the language model’s layers provide different abstractions of the input text and use
them to assess the quality of the generated text. One such metric is MoverScore [102], which
utilizes optimal transport to generate the score based on the pairwise cosine similarities
between the generated text and its reference. Another metric, also viewed as a stricter
version of MoverScore, is BERTScore [103| which measures the pairwise cosine similarity
between the tokens of the generated text and its reference, which are then used to compute
the quality of the generated text. During the metric’s ablation analysis, it was found
that the metric’s performance depends on the selection of both the language model and
the specific hidden layer used to generate the semantic representations. COMET [104]
measures the similarity by considering not only the generated text and its reference but
also the input of the generation model. The metric generates a single embedding for each
token by learning how to combine the representations of all language model’s hidden layers,
which is then used to assess the quality of the generated text. BARTScore [105] leverages
the text generation capacities of the BART language model [26] to measure the quality
of the text generation model’s output. It enables different generation task evaluation by
prefixing or postfixing to the source input text. However, the evaluation was performed
only on English texts.

While the mentioned embedding-based metrics have been shown to have a high correla-
tion with human judgement scores, they are all word-order agnostic, i.e. the word order in
the sentences is not considered when computing the final score. However, the word order
is important as it determines if a sentence is grammatically correct and well-structured,
thus it is connected with the sentence’s fluency and should be considered as part of the
evaluation process [106].
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2.2 State-of-the-Art for Text Stream Clustering

This section explores the current state-of-the-art data sets and methods utilized for text
stream clustering. Section 2.2.1 offers an overview of the existing data sets used for train-
ing and evaluating text stream clustering approaches. Additionally, Section 2.2.2 presents
the various algorithms designed for clustering text streams in both monolingual and mul-
tilingual environments.

2.2.1 Text stream clustering evaluation data sets

Manually annotated data sets are crucial in developing new text stream clustering al-
gorithms and evaluating their performances. These data sets must capture the diverse
volumes, varieties and velocities at which text streams can occur. Most publicly available
data sets for text stream clustering predominantly comprise news articles. This section
describes some of the most commonly used data sets for evaluating text stream clustering
algorithms.

The TREC Microblog Track [107], [108] is a research initiative focusing on information
retrieval and the analysis of microblog data. TREC data sets typically include tweets and
associated metadata collections that vary across different years and editions of the TREC
Microblog Track.

The AG News data set is a collection of over 1 million news articles gathered from
over 2,000 news sources in more than 1 year of activity. The data set is available for
research purposes, which includes text stream clustering [109]. The 20 Newsgroups data
set [110] consists of 20,000 newsgroup documents, partitioned nearly evenly across 20 dif-
ferent newsgroups. This collection has become popular for text classification and clustering
experiments. The Routers-21578 data set [111] comprises 10,369 Routers news articles with
predefined categories, making it suitable for evaluating clustering algorithms. The TDT2
Multilanguage Text Corpus [112] includes news data collected daily from nine sources in
two languages, English and Mandarin Chinese, for six months. It provides both manually-
created reference text and automatically generated text for all broadcast and Mandarin
data.

Event Registry [113] collects news articles from around 75,000 news sources and clus-
ters them into multilingual event clusters. The event clusters and news articles are then
available through their API service. A subset of this data set was then taken and pre-
pared for training and evaluating news stream clustering algorithms [114]. This data set
is now used as one of the main data sets for evaluating online news clustering algorithms.
Alternatively, GDELT [115] contains over 200 million geolocated events based on news
reports from various international news sources. Although it does not explicitly group
news articles into event clusters, it provides a detailed record of each event, including date,
location, involving actors, event type, and relevant tone information. A comparison be-
tween GDELT and the Event Registry was conducted [116], concluding that both data sets
contain valuable information and are not interchangeable.

2.2.2 Online text stream clustering algorithms

Text stream clustering aims to group similar or related text data from a streaming con-
text. Unlike traditional clustering, where the entire data set is accessible from the start,
text stream clustering deals with continuous, dynamic, and potentially infinite text data
streams. Various approaches can be employed for clustering text streams, depending on
their variety and language setting. This section outlines the algorithms for clustering text
streams depending on their structure.
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Short text stream clustering

Social media provides a valuable environment for detecting real-world events. However,
the text data published there is typically short and prone to the concept drift problem,
where discussion topics quickly change and become outdated. In general, short text stream
clustering can follow either the one-pass scheme, where texts are processed only once as
they come one by one, or a batch scheme, where data arrives in batches and texts within
the batch can be processed multiple times. This section presents the methods for clustering
data from short text streams.

A recent survey on short text stream clustering provides a comprehensive overview [117].
For completeness, we provide a brief overview of the different approaches for short-text
stream clustering. These algorithms typically fall into one of the following groups: The
first group consists of Dirichlet process-based methods. These methods use a variation of
the Dirichlet Process, a non-parametric stochastic process. They calculate the probabil-
ity of generating a new cluster for an incoming text instance or assigning it to one of
the existing clusters in their models. This can be achieved by leveraging co-occurrence
of words [118] or single-word probability, where the process handles each word individu-
ally [119]-[121]. The second group consists of similarity-based incremental methods. These
methods create text clusters based on various approaches for measuring similarities [122],
including outlier detection and reassignment of outliers to clusters [123], as well as using
a density clustering method to discover events with noise [124]|. The last group consists of
word relation network-based methods, which handle data streams in batches and construct
a word relation network using the word frequency and word co-occurrence values [125],
[126].

News stream clustering

A news stream comprising articles reporting on world events can have diverse structures,
discuss single or multiple events, and be written in various languages. The goal of news
stream clustering is to group articles that report on similar events. This section provides
an overview of both monolingual and cross-lingual news clustering algorithms.

Monolingual clustering. When all of the articles in a stream share the same language,
language-specific features can be used to assess how to group the texts. For instance,
Event Registry [113] performs monolingual clustering using an online clustering algorithm
based on [127], [128]. The algorithm uses various representations to capture the cluster
characteristics, including vector representations of the article’s title and body, as well as
detected named entities, which include entities formed from Wikipedia concepts [129],
[130]. In a related work [131], information extraction techniques, such as named entity
recognition and part-of-speech tagging, along with temporal and content information, are
used to construct the vector representation of the article. In both cases, cosine similarity
is used to determine whether an article should be added to an event cluster.

Alternatively, newsLens [132] creates a graph of news articles connected based on their
common keywords and uses a community detection algorithm to identify news events. The
article’s keywords are retrieved using TFIDF, where a pre-defined threshold is applied to
retain significant keywords.

News articles often mention multiple events. In such cases, Transformer-based language
models can be utilized for event sentence co-reference identification, which links parts
of articles to multiple events [133]. It involves identifying if two sentences refer to the
same event using a classification model utilizing BERT-based language models [15], [18].
Afterwards, it re-scores the sentence pairs considering the relation to other sentences and
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their scores. Finally, the obtained scores of the sentence pairs are used to construct the
event clusters.

Cross-lingual clustering. Clustering streams of text data in different languages is typi-
cally achieved through one of two approaches:

Two-step clustering. The two-step clustering approach initially forms monolingual article
clusters by clustering articles within each language separately. Afterwards, these mono-
lingual clusters are grouped into multilingual ones. Event Registry [113] utilizes trained
Support Vector Machine (SVM) models [134], [135] for this purpose. Key features include
cross-lingual cluster similarity, calculated using a statistical approach called Generaliza-
tion of Canonical Correlation Analysis [136], as well as the time difference between clusters,
time variability within clusters, and the similarity of the most frequently annotated entities
in both clusters, represented using language-independent identifiers.

The emergence of models producing multilingual contextual embeddings has led re-
searchers to explore their use in creating multilingual event clusters. In a study by Mi-
randa et al. [114], monolingual article clusters are first created using language-specific fea-
tures. Afterwards, multilingual word embeddings [7] are utilized to generate cross-lingual
article representations, which are then employed to measure the similarity between mono-
lingual clusters. Similarly, another related study [137] suggests extending the NewsLens
algorithm [132] by incorporating the use of multilingual DistilBERT [19], [85] to merge
monolingual into multilingual event clusters.

Single-pass clustering. The second, less common approach involves utilizing multilingual
embeddings from the beginning and conducting cross-lingual event clustering in a single
pass. In one such study [138], multilingual language models were employed to generate
content representations of articles. Afterwards, a set of SVM-based ranking models was
trained to determine whether an article should be assigned to a multilingual cluster based
on its content and temporal representations.

2.3 State-of-the-Art for Multi-Modal Stream Forecasting

This section addresses state-of-the-art methods for integrating multi-modal data streams
in the context of data stream forecasting. Section 2.3.1 presents an overview of approaches
aimed at aligning multi-modal data streams, while Section 2.3.2 provides descriptions of
algorithms employed in data stream forecasting.

2.3.1 Streaming multi-modal data fusion

The aim of streaming multi-modal fusion is to align multiple data streams temporally.
Since data streams may produce values at varying frequencies, the initial step involves
aligning them. This alignment can be achieved by incorporating domain knowledge into
the models or employing domain-agnostic methodologies. This section outlines the various
types of data streams and provides an overview of the general approaches used for their
fusion.

Sensor data fusion

Sensor fusion helps improve certain functionalities and model accuracy in various domains,
i.e. in positioning and navigation [139]-[141], in activity recognition [142|, [143], in system
monitoring and fault diagnosis [144]|-[149], in transport [150] and others.



18 Chapter 2. Related Work

Most of the mentioned sensor fusion methodologies expect all the data to be coher-
ent, available immediately and arriving in the correct order. In many localized systems,
this is the case, while in others, such as the IoT scenario, data availability contributes
to most of the problems. Rare contributions discuss handling delayed or out-of-sequence
measurements [151]. Many of the systems also incorporate significant domain knowledge
(model-driven approaches) into the data fusion model (mainly into the Kalman filter’s tran-
sition matrix) [152], by which the models lose their generalization potential. Frameworks
that have the potential to be applied in various use cases need to be domain knowledge
agnostic (purely data-driven), at least with the modelling algorithm [153]. In this sense,
any machine learning algorithm acts as a data fusion model since it combines multiple
indicators into a single prediction. The idea has been developed further by heterogeneous
feature fusion machines [139] that consider mapping multidimensional feature vectors into
1-dimensional output by using classic kernel functions, such as linear, polynomial and Gaus-
sian with different regression methods. With these approaches, the challenge of generating
correct and expressive feature vectors to support accurate modelling remains unsolved.

In large data sets, where stream mining is the chosen approach, data pre-processing
and reduction are becoming the critical methodology for knowledge discovery [154], [155].
The authors identify the essential role of such systems for efficient machine learning mod-
els. Crucial identified pre-processing functionalities include concept drift detection and
adaptation, missing data imputation, noise treatment, data reduction and efficient and ac-
curate stream discretization algorithms. Automated data analysis is of no use if data
pre-processing requires manual intervention [156]. The authors present adaptive pre-
processing, which benefits the accuracy of the final prediction of real sensory data.

Text data fusion

Fusing text data with other modalities proves beneficial in addressing challenges across
diverse domains. For example, in social security and stability, the identification of gambling
websites involves independently and jointly processing image and text information on the
website [157]. However, the integration of text and time series is predominately explored
within the financial domain. In this context, text data, typically sourced from news articles,
is analyzed, and specific information is extracted to enhance solutions for time series tasks.
Researchers leverage text to detect latent causal structures and establish connections with
time series events, explaining their occurrences [158|.

Latent Dirichlet Allocation (LDA) [159] is a popular method used to extract topics
from news articles, which are then utilized as features to improve the predictions of the
financial time series [160], [161]. Additionally, to improve the forecasting of company stock
volatility, company names were extracted from news events and processed by measuring
the event-centric company similarities, which were added as a feature in the forecasting
model [162]. Sentiment analysis is also employed to identify the sentiment of entities in
the text, serving as features in predicting price movements [163|-[165].

An open-source library known as News signals [166] facilitates the conversion of textual
data into time series signals. The library supports multi-document summarization, enables
sampling of news data from entities, and facilitates the connection of entities with time
series. While primarily designed for time series forecasting using textual data, the library
is versatile and can be applied to various tasks related to data streams, including stream
analysis, prediction, and causality.
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2.3.2 Data stream forecasting algorithms

The data stream forecasting task is important in identifying potential future changes. It
is essential to deploy algorithms and models capable of accurately detecting dependencies
and relations within and between data streams to accomplish this. This section intro-
duces various data stream forecasting models, encompassing incremental learning models,
Transformer-based models, and graph neural networks.

Incremental learning models

Stonebraker et al. [167] have identified eight requirements of a stream processing engine
(SPE) already in 2005. Among them are a requirement to handle stream imperfections
(i.e. delayed or missing data), a requirement to integrate stored and streaming data, and
requirements to keep the data moving, process the data, and respond instantaneously.
Stream processing engines often base their modelling capabilities on incremental learn-
ing methodologies [168], [169]. The most popular method for incremental learning is still
the Very Fast Decision Tree (VFDT) [170], which has been improved numerous times
over the years. An interesting alternative, which can learn faster (achieve better accu-
racy sooner) and converge to batched decision tree form, is Extremely Fast Decision Tree
(EFDT) [171]. Vertical Hoeffding Trees (VHT) [172] are the first distributed streaming
algorithms for decision trees and offer significantly improved computation speed accord-
ing to VFDT and EFDT. A lot of efforts are dedicated to incremental learning also in
the deep learning domain [173]. With network architectures that include long short-term
memory (LSTM) [174] modules, the problems of heterogeneous data fusion might be at
least partially solved within the learning method.

Transformer-based forecasting models

Transformer-based models have gained significant traction in addressing time series tasks
in recent years [175]. Specifically designed for forecasting, models such as Informer [176],
Autoformer [177], and MQTransformer [178] specialize in both univariate and multivariate
time series forecasting. However, their performance may lag behind simple linear models
in certain time series scenarios [179]. This discrepancy is attributed to the use of the
Transformer architecture, which, in natural language processing (NLP), typically employs
a single token to represent (part of) a word containing rich contextual information. In
contrast, for time series, a token comprises one or more values at a given timestamp, lacking
the general contextual information inherent to time series data. Models like PatchTST [180]
and iTransformer [181] have been developed to address this limitation. These models
patch multiple timestamp values to create a token representation, leading to improved
performance in forecasting tasks. Additionally, Transformer models have been extended to
handle multi-modal inputs, specifically combining text and time series data for the data
stream forecasting task [182].

In zero-shot time series forecasting, the foundation model TimeGPT [183] has been in-
troduced. Trained on diverse data sets, TimeGPT can produce predictions across various
domains, representing a significant stride in the time series domain analogous to efforts
in NLP. Moreover, Large Language Models (LLMs) originally used for NLP have demon-
strated surprising proficiency in zero-shot extrapolation of time series [184]. This suggests
that LLMs trained on text exhibit some capacity to forecast time series values, although
the full extent of this capability remains to be explored. Anticipating further exploration
and development in this area is a reasonable expectation.
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Graph neural network forecasting models

Graph neural networks (GNNs) have recently demonstrated high capability in handling
relational dependencies, positioning them as excellent candidate models for time series
forecasting. Omne contribution in this regard [185] proposes a general GNN framework
tailored specifically for multivariate time series. This framework automatically extracts
relations among variables, captures spatial and temporal dependencies within the time
series, and employs graph learning approaches to learn and provide accurate forecasts
jointly. Beyond forecasting, GNNs have exhibited impressive performance in various other
time series tasks, including classification, imputation and anomaly detection [186].

2.4 Critical Summary of Related Work

This section provides a critical summary of the related work covered, highlighting both
positive and negative aspects and suggesting potential improvements that serve as the
foundation for the research presented in this thesis.

In text representation, Transformer-based language models have demonstrated efficacy
in generating contextual embeddings at both token and sentence levels. Leveraging their
performance, our experiments incorporate various Transformer-based models, namely for
employing encoder-only models to generate semantic vector representations of the text.
These representations are a fundamental component in the novel approaches outlined in
the thesis.

Text similarity methods predominantly fall into two categories: distance-based, com-
monly utilizing cosine distance, or models specifically trained to measure similarity based
on text-related embeddings. Our work explores the less common Wasserstein distance, fo-
cusing on (1) measuring similarity between texts in different languages, (2) incorporating
word order in measuring text similarity, and (3) assessing similarities between groups of
documents.

Publicly accessible datasets for evaluating text stream clustering algorithms are limited.
Moreover, these datasets are often classified into a small number of clusters with coarse
topics. Although we have identified a suitable data set for evaluating news stream clustering
algorithms derived from news articles obtained through the Event Registry API [114], it
is notable that this data set encompasses a small number of daily events. This limitation
hinders its reflection of real-world scenarios. Therefore, in this thesis, we constructed a
new multilingual news stream data set with article distributions more closely aligned with
those encountered in the real world.

Furthermore, reported news stream clustering algorithms commonly rely on classifiers
to determine if two articles report the same event. In contrast, our approach involves
developing a news stream clustering algorithm that groups articles based on the similarity
of their content embeddings utilizing unconventional similarity methods and integrating
information extracted using already-available extraction models.

While sensor data fusion has been extensively researched, the fusion of text data and
streams with time series remains relatively unexplored. The predominant approach involves
extracting discrete information from text as a feature in time series tasks. Our research
explores how we can effectively leverage most text information and incorporate it as a
component in time series forecasting.
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Chapter 3

Optimal Transport for Comparing
Sequential Data

Sequential data, including textual data, can be compared using various approaches and
measures. One such measure is the Earth Mover’s Distance (EMD), a special case of the
Wasserstein distance derived from the optimal transport theory. We use this distance in
the dissertation to compare sequential data to the problems described in the subsequent
chapters. This section presents the optimal transport theory and the associated measures.
Section 3.1 provides an overview of the optimal transport theory. Furthermore, Section 3.2
introduces order-preserving optimal transport, an extension that tries to preserve the se-
quence of data points.

3.1 Optimal Transport Overview

Optimal transport (OT) is a powerful approach to comparing probability distributions [56],
[187]. Suppose we have two Polish spaces’ X and Y. We then define the probability measure
as a real-valued function that satisfies the measure properties and assigns a numerical value
between 0 and 1 to events or sets within a probability space. Given the probability measures
aon X and S on Y, we define the coupling of (c, ) as a probability measure 7w € X xY such
that (pry),m=aand (pry),m = 8, where (pry), and (pry ), are push-forward operators
that project the input probability measure 7w onto the probability measure defined on the
spaces X and Y, respectively. The optimal transport problem asks for the coupling that
solves the minimization problem

L.(a,B):= inf ];(Xyc(x,y)dﬁ(x,y), (3.1)

mell(a,B)

where II(a, 8) = {m € X x Y:(pry),m = a, (pry),m = B} is the set of all admissible
couplings, and ¢: X xY — Ryg U {oo} is a cost function that is at least semi-continuous,
i.e., the function is discontinuous at a finite number of points. Note that when X,Y are
discrete spaces, every cost function ¢, as defined above, is continuous.

When the probability measures are defined on the same space, the optimal transport
problem induces a notion of a distance, or similarity, on the space of probability measures.
Suppose X is a Polish space, and «, 8 are probability measures on X. Given the ground
metric d: X x X — Ry and the cost function c(z,y) = d(x,y)?, the p- Wasserstein distance
is defined as

Wp(ar, B) i= Lap(cr, B)'7. (3.2)

LA Polish space is a separable, completely metrizable topological space.
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It can be shown that W, truly defines a metric on the space P(X) of all probability
measures on X [56]. In addition, optimal coupling 7 that solves W),(«, 5) gives us insight
into how to redistribute the mass between o and 3, which is helpful for understanding the
practical meaning of the solution. Thus, the p-Wasserstein distance is a powerful tool for
measuring distances between probability measures.

From the Kantorovich duality [188] it follows that the optimal transport problem admits
a dual problem which is more tractable in terms of computational complexity. Specifically,
in the case of discrete measures, the dual problem can be solved with linear programming.
Let us state one possible version of the Kantorovich duality.

Let (X, a) and (Y, 3) be probability spaces, and ¢: X xY - RygU{oo} be a continuous
cost function, such that

c(z,y) 2 p(x) +¥(y), V(z,y) e X xY, (3.3)

for some continuous functions ¢: X - R and ¢:Y — R. Let us define the set of all pairs of
functions (¢, ) satisfying Equation (3.3) as

AXXY(C) = {(¢7¢):C(x>y) 2 ¢(l‘) +¢(y)’ V(x,y) € X x Y} .

Then, the Kantorovich duality is shown as

L) = s ([ - [ d@da@). (3.4

(¢9)eAxxy ()

Thus, the solution of the dual problem induces a solution to the original optimal transport
problem.

In practice, solving the optimal transport problem is often computationally intensive.
To simplify it, we often use entropic regularization, which adds an entropy-based penalty,
such as Kullback-Leibler divergence, to the original OT objective function. This approach
makes the problem more computationally efficient and numerically stable but provides an
approximate solution to the original problem. In the discrete and discretized continuous
case, the regularized OT can be solved using the Sinkhorn-Knopp algorithm [189], which is
an iterative procedure that alternates between scaling rows and columns of the transport
plan matrix, as described in Algorithm 3.1.

Algorithm 3.1: The Sinkhorn-Knopp algorithm: SinkhornKnopp

Function: Wasserstein
Input : The distribution of the two inputs a € R™, b € R™; the cost matrix

D e R™™; the regularization factor v € Ryq; the number of iterations NV
Output: The Wasserstein distance

_D
Ke<e v;
u(® « ones(dim =n); // Vector of size n filled with ones
v(® < ones(dim =m); // Vector of size m filled with ones
for i < 1 to N do
U « g0 Kv(’_l); // Element-wise division
v« po KTu; // Element-wise division

end
P « diag(uM))K diag(v(M));
return trace(DT P);
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3.1.1 Probabilistic view of optimal transport

The optimal transport problem can be defined using probabilistic terms. Given two prob-
ability spaces (X, ) and (Y, (), we define a coupling of (a, ) as a construction of two
random variables (A, B) such that law(A) = « and law(B) = (3, where for an arbitrary
random variable X we can think of law(X) as the probability distribution of X. Note that
a coupling of («,3) always exists [56]. The probabilistic equivalent to Equation (3.1) is
solving
Le(e, B) (A,B)llﬁi(a,g)E(C(A’B))’

where IL,(a, ) = {(A, B):law(A) = a, law(B) = #} is the set of all admissible couplings
defined in probabilistic terms, and ¢: X x Y — R is the cost function [56]. Similarly, the
p-Wasserstein distance has an equivalent probabilistic formulation written as

W, (e, B) = E(c(4, BY?)'". (3.5)

inf
(A,B)ell, (o, 8)

This definition of p-Wasserstein distance defines a metric on the space P(X) of probability
measures on X, which is shown in [56]). In order to use p-Wasserstein distance for measur-
ing relevancy between random variables, we must first introduce the Prokhorov distance.
One possible definition is

dy(a,B) =inf{e > 0: inf Pld(A,B)>¢]<ey.
o -intfesor it BA(AB)> <]

Distance d,(a, 3) is precisely the minimum distance “in probability” between random vari-
ables distributed according to probability measures o and g [190]. For all p > 1, the
Wasserstein and Prokhorov distances may be related by

(dy)? < W, < (1 +diam (X)) d,, (3.6)

where diam(X') = sup {d(z,y):x,y € X} [191]. This relation gives the means for interpret-
ing the relevancy of two random variables: Suppose we are given a metric space X, such
that the diameter diam(X) is sufficiently small, and the space P(X) of probability mea-
sures on X. Let «a, 8 be probability measures on X, and A, B be random variables such
that law(A) = @ and law(B) = 8. Then a smaller p-Wasserstein distance between o and
implies that the probability that B is lying in the complement of the e-ball centered at A,
B(A,¢€) = {C:d(A,C) < e}, is sufficiently small. Thus, we can conclude that there must be
some relation between the random variables A and B.

3.2 Order-Preserving Optimal Transport

The original OT formulation has been shown to be useful for measuring sentence simi-
larity both for evaluating text generation models [102| and in information retrieval [192].
However, it is invariant to the sequence in which the data points are. In this section, we
describe the order-preserving optimal transport [193] and how it can be used for measuring
sequential data points.

For simplicity, we will work in the space of discrete probability measures. Let us define
a set of sample points S := {x1,z2,...,x, | z; € X}, where X is a Polish space (e.g the space
of of n-dimensional vectors R™). We can then associate a discrete probability measure to
the set of points S as follows:

=) a;jdy,,

M=

Il
—_

)
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where a; >0, Y1, a; =1 and §,, are the Dirac delta functions defined as

17 xri=1Y,
0z, (y) :{ 0 iz (3.7)

where z;,y € X are sample points. Value a; represents the weight corresponding to sample
point x; in discrete probability measure «. For example, weights a; = % correspond to
sample points being uniformly distributed.

Since the above set S is finite we may consider an order < on it. Let us denote this set
as (S,<) = [x1, 2, ...,x,]. We will name this pair (S, <) as the sequence of “sample” points
in X and number n as the length of the sequence. Given two sequences S = [1, X2, ..., Ty |
and S = [Y1,Y2, ..., Ym ], We can assign to them the probability measures

a=Yads, B=Y b, (3.8)
j=1

i=1

We now take a specific order relation <sey,, on S, which we call the temporal order on sample
points. We describe it in the following way: Let index ¢ of sample point z; represent the
temporal position of its sample point. We assign to it value —;, which we name the relative

I1S]?
temporal position, such that
< if and only if ! < J
xi_temp:cj 1 anda only 1 ~— s —-.
151718

Let P be the matrix solution of the original discrete OT problem with respect to
measures « and [ defined in Equation (3.8). If we wanted the optimal coupling to also
preserve the temporal positions of the sample points, matrix P should have some (local)
homogeneity. We can measure the (local) homogeneity of P using the inverse difference
moment defined as

I(P) =Z;;m, (3.9)

where P; ; are the values of matrix P, and n and m are the lengths of sequences S and SI,
respectively. Value I(P) should be as large as possible to capture the temporal positions
of sampled points in matrix P.

Since we want to preserve the temporal order in sequences, the ideal distribution of
values in P would have large values along the diagonal and gradually decreasing values
outside the diagonal; having larger values on the diagonal corresponds to the matching of
sample points at similar temporal positions. We thus set the following matrix G as the
prior distribution of the values of P:

@) 1 -Ug) 11, 5) ’% - #’ (3.10)
ii=0iji= ——e€ 202 1, = — .
W fan P A

n2 m2

Choosing the Kullback-Leibler divergence of P with respect to G, denoted as K L(P||G),
as the entropy measure, we can state the (approximate) order-preserving optimal transport
problem as

Lo, B):= min  ((P,D) - MI(P)+\KL(P||G)). (3.11)

Pell(a,8)

The solution to the above problem, therefore, is the optimal approach of matching the two
discrete probability measures « and § while preserving their temporal order. More details
can be found in the paper that introduces sequence-preserving optimal transport [193].
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Chapter 4

Semantic Text Similarity Using
Sentence Structure

This chapter focuses on developing semantic text similarity methods, which deal with the
meaning of individual words as captured by their context and their word order within the
text. Section 4.1 presents a novel approach to measuring multilingual textual similarity
in information retrieval based on token similarity and returns interpretable results. Next,
Section 4.2 presents a novel metric for measuring the semantic text similarity, which con-
siders both the word’s meaning and the inner-word sequence within the sentence. Finally,
Section 4.3 discusses the experiment results and the advantages and disadvantages of the
research presented in this chapter.

Section 4.1 is based on the published work [192]|, while Section 4.2 expands on the
findings from [194]. This chapter introduces two scientific contributions: [SC-1| novel
unsupervised methods for measuring semantic text similarity focusing on the meaning and
order of individual words, and [SC-5] evaluation of the proposed methods on various data
sources and real-world scenarios.

4.1 Measuring Cross-Lingual Sentence Similarity with EMD

Due to global connectivity, we are communicating and collaborating with people from all
around the globe. Because of that, we are required to prepare documents and resources in
the language the target audience will be able to understand. For example, resources may
be prepared in a specific language or a more widely spoken language, depending on the
audience. Thus, the topic is presented in different languages. This especially applies to
education and law. In education, a topic is described, adapted, translated, and published
in various languages, which can be seen in the massive amounts of available courses and
textbooks. In law, legislation and treaties are translated into the languages of countries the
documents are relevant to, making them accessible to their lawyers and decision-makers.
Because of the huge amount of multilingual documents, one requires an effective search
solution.

Modern cross-lingual document retrieval models provide limited explanations about
the document’s relevancy to the query. With the introduction of transformer-based mul-
tilingual language models, cross-lingual information retrieval (CLIR) has become more
interesting in research communities. More specifically, cross-lingual document retrieval
focuses on finding documents relevant to the query, where the document and query can
be in different languages. Because of the language difference, the models must resolve
to more advanced approaches than simple keyword matching to measure the document’s
relevance. These usually involve extracting textual features and representations that are
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language agnostic. The features are then used to output a single value, which signals how
relevant a document is to a query. However, this value does not explain why the document
is relevant.

Understanding why a document is relevant is helpful for both the development of doc-
ument retrieval models and their usage. When developing the model, one would normally
test its performance. For example, when the model does not return appropriate results,
knowing why a document is assigned the given relevancy value is useful for understanding
why the model does not work, thus speeding the development process. Once the model
is ready, it can be made available for its users. Sometimes, the users do not necessarily
know how to structure the query to find documents they are interested in. Seeing why a
document is relevant gives insights into how to change the query to get the appropriate
results. Thus reducing the time they spend searching.

This work aims to develop a cross-lingual document retrieval model that can calculate
a document’s relevance to the query with high precision and provide insight into why a
document is relevant.

The main research objectives are to (1) evaluate the model’s performance on data sets
consisting of queries and documents in different languages (language pair data sets), where
the languages have various degrees of similarity, (2) assess the degree of document score
interpretability the model provides, and (3) analyze the impact the objective loss function
used during training has on the performance of cross-lingual document retrieval models.

We propose a learning-to-rank model named Language Model Earth Mover’s Distance
(LM-EMD), which uses multilingual BERT to generate token vector representations and
Earth Mover’s Distance (EMD) to measure the document’s relevancy to the query and
provide an interpretable view into why a document is relevant.

The model is evaluated on five language pairs, three high-resource and two low-resource,
using the Precision at 1 (P@1) and Mean Average Precision (MAP) metrics. The results
show that the proposed model performs similarly to the selected comparing models on
high-resource languages, but its performance decreases on low-resource languages. We
also analyze how the selection of the objective loss function used during training affects
the performance of the document retrieval models. We compare two commonly used loss
functions, cross-entropy and pairwise ranking, and find that training the models using
pairwise ranking yields better performance.

The remainder of the section is structured as follows. Section 4.1.1 describes the theo-
retical approach to measuring document relevancy using optimal transport. The proposed
model is presented in Section 4.1.2, followed by its implementation details in Section 4.1.3.
The setting in which the model is evaluated is described in Section 4.1.4. Finally, we
present the experiment results in Section 4.1.5.

4.1.1 Measuring document relevancy using optimal transport

This section presents the theory used to measure the document’s relevance to the query.
It is calculated using optimal transport presented in Section 3.

First, we define the document and query as a collection of subword segments referred
to as tokens. We then construct a fully connected graph G = (V| E), where the vertices
V= {ti}gl are the tokens in the document and query, and the edges E = {(t;,1;, w”)}fvjivl
are weighted with the distance between the edge’s endpoints w; ; = d(t;,t;). When the
tokens are represented by vectors, the distance between them can be measured with the
cosine distance defined in Equation (2.2). Because of its definition, the cosine distance is

bound between 0 and 2. Hence, the diameter of graph G has the following upper bound:

dlam(G) = Sup{dcos(ﬁtia{}tj )} <2,
]
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where ¥y, and ¥; are the vector representations of token ¢; and ¢;, respectively.

Let query ¢ and document d be subgraphs of G, where their corresponding tokens g; € g
and d; € d are vertices that form a fully connected subgraph. Then, both the query and
document can each be represented with a probability measure on G defined as

n m
,U/qzzwqiéq“ dezwdj5dj7
i=1

j=1

where dy,,04; are the Dirac delta functions as defined in Equation (3.7), Wy, , Wy, are the
weights associated with the tokens ¢;,d;, and n,m are the number of tokens in ¢, d, respec-
tively. Since the diameter diam(G) is small enough, and we can always find a coupling
(Q,D) of (ug,vq), we may use the criterion given by Equation (3.6). Thus, if the p-
Wasserstein distance W) (114, v4) is (sufficiently) small, probability P (D € B(Q,¢€)) is high;
meaning random variable D, associated with document d, has a high probability of lying
in the e-ball centered at the random variable (), associated with query gq. Hence, we can
conclude that a small Wy(q,74) value implies that document d is relevant to query g.
In addition, because pg and v4 are discrete measures, we can calculate the p-Wasserstein
distance by using the optimal transport’s dual problem formulation, which can be solved
with linear programming.

4.1.2 The LM-EMD model architecture

Using the theory presented in Section 4.1.1, we propose a learning-to-rank model that
generates interpretable document relevance scores. It consists of two components: (1) a
multilingual language model used to extract the query and document token representations
and (2) the EMD to calculate the document relevance scores. The EMD solution can also
be used to interpret why the document is relevant. The model’s architecture and data flow
is depicted in Figure 4.1. The implementation details are presented in Section 4.1.3.

uniformed weights creation L QT token

distribution

query text (QT)

(] [ ] language QT token
[ - - . model vectors

pairwise
token vector token Earth Mover’s >
representations distance Distance (EMD)
language DT token 4 relevance

(— o e— b Ly score

document text (DT)
DT token

uniformed weights creation f alitlEuiiern

Figure 4.1: The LM-EMD model architecture. The first step consists of retrieving token
representations used in the second step to calculate the Earth Mover’s Distance between
the query and the document.

Query and document representation

Language models generate contextual embeddings, i.e. representations that change based
on the token’s context. The language model first splits the input text into subword seg-
ments (tokens) using the model’s associated tokenizer. This subword segmentation algo-
rithm converts the input text into character n-grams. Afterward, the model generates a
vector representation (an embedding) for each token based on the token’s context. These
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embeddings capture the token’s semantic meaning. Therefore, tokens with similar or re-
lated meanings are found in similar contexts, hence their corresponding embeddings are
closer in the embedding space. This can be extended to other languages by using multilin-
gual language models, such as multilingual BERT [20], XLM [21], and XLM-RoBERTa [22].

Let ¢ and d be the query and document, respectively. Using a language model, we
extract the query’s and document’s tokens and their embeddings. Because the model has
a length limit for its input, we split longer documents into parts such that each part has
at most the maximum length the model can process, and afterwards, we concatenate the
model’s outputs.

The tokens and their embeddings are then grouped to create the query and document
representation sets Ty, Ty consisting of (token, embedding) pairs used for measuring the
document’s relevance score:

Tq = {(Q’L‘7T}qi)}?:l7 Td = {(dj7ﬁdj)};n:17

where n, m are the number of extracted tokens, g;,d; are the tokens extracted from query ¢
and document d, and ¥, Uq; are the contextual embeddings of their corresponding tokens,
respectively. Although the query and document can share the same tokens, their associated
embeddings can differ since they reflect the token’s meaning.

Measuring the relevance score

The 1-Wasserstein distance, also known as EMD, is used to measure the distance between
two probability measures. We define the document relevance score as the EMD between
the query and the document, such that a smaller EMD implies greater relevance. Let
D e R™™ be the matrix of distances between the query and document tokens. Similar to
previous work [62], we use token embeddings and calculate their cosine distances:

By By,
(i Vay) (4.1)

Dij = deos(¢iydj) =1 - ———=——— 2 0.
b = deosl@i:dg) = 1= e

Let 114 and v4 be the query’s and document’s respective token distributions:

n n
Hq = Z;w‘Zi(SQN Z;wqi =1,

i= i=

m m (4.2)
vi= Y, wq;0q;, Y wa =1,

=1 =1

where d;,, dq; are the Dirac delta functions as defined in Equation (3.7), and the weights
wg,, wq,; represent the mass of their corresponding tokens g;, d;, respectively. Both sets of
weights must be determined consistently, as they define the measure used to calculate the
EMD.

The weights can reflect different aspects of their tokens. For instance, they can be
the TF-IDF scores of the tokens within a given data set. However, because TF-IDF
scores depend on the data set the model is applied to, they cannot be measured for out-
of-vocabulary tokens, i.e., tokens not present in the training set. In addition, under-
represented tokens, which are rare in the training set, might get a TF-IDF score that
wrongly reflects the token’s importance due to its lack of presence in the data set.

To facilitate handling both out-of-vocabulary and under-represented tokens, we set

the weights to be uniformly distributed, i.e. wy, = %, i=1,...,n and wg; = wll, j =
1,...,m. The uniform distribution will give equal importance to their respective query

and document tokens, including to those that are out-of-vocabulary and under-represented,
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which allows the algorithm to take into consideration all of the provided tokens. Note that
the algorithm permits non-uniform weight distribution as long as the weight constraints
stated in Equation (4.2) are met.

Using distance matrix D and token distributions pg,v4, we calculate the EMD be-
tween the query and document by finding the matrix P € R} that solves the following
optimization problem:

minimize EMD(q, d) Z Z D; ;,
:1 =1

MS

subject to ) P;j <wg,, Vie{l,...,n},

<.
1l
—_

(4.3)
Pij<wg;, Vje{l,...,m},

m

m n
ZPZ}J' =1 :min{;wqi, dej}.
1=

j=1

M= 1M

.
Il

=
.

Note that Equation (4.3) is the optimal transport problem formulation in the discrete case
for the cost matrix C' € R™"™ with the entries C; ; = D;; given by Equation (4.1). The
solution P is called the transportation matriz and gives the optimal way of transporting
the mass from the distribution associated with the query to the distribution associated
with the document. Because the distributions correspond to tokens, the transportation
matrix can be viewed as the best way of moving the mass between the query tokens and
the document tokens w.r.t. token distance matrix D.

After calculating all the document relevance scores, the model assigns the document
ranks; documents with lower EMD scores are assigned a higher rank. The model then
sorts the documents based on their rank and outputs the final order. Figure 4.2 shows the
overall document ranking steps.

query =

document document
scores ranks
document, - - score;, = - rank,
LM-EMD
document, - —> score, -> [l gE - rank,
: : : SCORES
document, = —) score, - - rank,

Figure 4.2: The LM-EMD document ranking steps. The document’s rank is assigned based
on the EMD score given by the LM-EMD model.

Interpreting document relevance

In addition to calculating the document’s relevance score, the distance matrix and trans-
portation matrix provide insight into why such a score was assigned to the document.
The solution of the optimal transport problem given by Equation (4.3) can be inter-
preted by looking at the transportation matrix P entries. Because of the problem’s con-
straints, matrix P is non-zero and has at least one positive entry. The entries of P show
how the mass between the query and document tokens was transported. For instance, the
entry P; j shows the amount of mass that is moved between query token g; and document
token d;; the smaller the entry’s value, the smaller the mass moved between the tokens.
In order to reach the minimum of the optimal transport problem, the matrix P must have
larger values at entries associated with the tokens that are closer in the embedding space
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(entry P; ; must be large when distance D; ; is small). Otherwise, it would transport mass
between tokens that are further apart and hence have a higher transport cost. Thus, the
matrix could not be the solution to the optimization problem. Furthermore, the larger the
number of query tokens and document tokens close in the embedding space, the smaller
the EMD score - making the document more relevant to the query.

To view which document tokens have the largest significance on the relevance score, we
must only read the values of the transportation matrix. Figure 4.3 shows an illustrative ex-
ample of interpreting the token importance using the similarity matrix and transportation
matrix. The similarity matrix contains various degrees of similarity between the tokens.
The majority are distant, but there are a few that are close, e.g., the token pair (g4, ds)
exhibits strong similarity. This is then reflected in the transportation matrix which indi-
cates a strong match between the pair, hence token ds is significant for the document’s
relevance. Similarly, we find that (¢3,ds) also have a strong match. While the (q1,dr)
and (g2,ds) pairs have a medium match, the remainder only have a weak match. Hence,
we conclude that the document is relevant because its tokens d4, ds, d7 and dg have a
significant similarity to the query tokens.

distance matrix transportation matrix
1.0 1.0
medium medium
. similarity Qq qrommmmmmmmmgmmmmmmeeeenmeeoe oo . match

H 9 1 2

: 3 9 : g
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weak : PSR P weak H 2
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Figure 4.3: Interpreting the LM-EMD model output of a single document for a given query
using the distance (left) and transportation (right) matrix. The colors in the matrices
represent the intensity of the token distance (left) and their match (right), respectively.

4.1.3 Implementation details

In this section, we present how the LM-EMD model is developed. It is implemented using
PyTorch [195], and its source code is available on GitHub [196].

Language model

The approach uses multilingual BERT, specifically the bert-base-multilingual-cased
model!, available via the HuggingFace’s transformer library [197]. The language model
consists of 110M parameters and was pre-trained on the top 104 languages, with the largest
Wikipedia using the masked language modeling objective. The multilingual BERT uses
the WordPiece tokenizer [198], which adds special word boundary symbols such that the
original word sequence can be retrieved from the wordpieces sequence without ambiguity.

Similarity measure

The Earth Mover’s Distance is calculated using the Sinkhorn-Knopp algorithm [189],
an iterative algorithm for solving regularized EMD. The algorithm requires two hyper-

"https://huggingface.co/bert-base-multilingual-cased
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parameters: (1) the number of iterations nit, and (2) regularization factor . The regular-
ization factor is used to regulate the size of the regularization term and, thus, the precision
of the final EMD optimization solution. Smaller factors provide more precise solutions but
also introduce a higher risk of under- or over-flowing gradient values.

To provide the Sinkhorn-Knopp algorithm with enough iterations to converge to a
solution, we set nit = 500. To analyze the impact of the regularization factor on the
model’s performance, we train three models using v = {0.1,1,10}, respectively. These
values are frequently used with the algorithm in other related works [189].

Model fine-tuning

The LM-EMD model parameters are updated using the AdamW optimizer [199] with the
initial learning rate = 1079, epsilon = 1079, and weight decay = 0.01. These hyper-
parameters were selected using grid search and monitoring the loss values of the first 1000
examples from the EN — DE training data set.

The model fine-tuning is performed on the selected language pair training sets for 1
epoch. We employ gradient accumulation and update the model after every 16th mini-
batch, which consists of the query and its 40 relevant and irrelevant documents. We use
one of the two loss functions: (1) cross-entropy, and (2) pairwise ranking loss function,
defined as

L(q,d+,d_) =max{0,5(q,d”) - S(q,d")},

where S is the scoring function (i.e. the EMD), ¢ is the query, and d*,d” are the rele-
vant and irrelevant documents, respectively. The model’s fine-tuning and evaluation were
performed on a Tesla V100 PCle 32 GB graphic card.

4.1.4 Experimental setting

We now present the experiment’s setting. We introduce the data sets and how they are
prepared for the experiments. Next, we describe the implementation details. Finally, we
present the comparing methods used in the evaluation.

Data set

While the monolingual document retrieval task has a variety of open data sets that can
be used for reproducible experiments, e.g. Reuters Corpora [200]|, MS MARCO [201], and
TREC [202] among others, open cross-lingual data sets are all derived from Wikipedia.
These include:

e WikiCLIR [203]. A large-scale data set consisting of German queries and English
Wikipedia articles as documents.

e Large-Scale CLIR Dataset [204]. A data set derived from Wikipedia is comprised of
over 2.8 million English queries and relevant documents from 25 selected languages.

e CLIRMatrix [205]. A massive collection of bilingual and multilingual data sets. They
collected 49M unique queries and 34B (query, document, label) triplets.

e WikiMatrix [206]. The data set contains 135M parallel sentences from 1.6k different
language pairs in 85 languages.

We employ the Large-Scale CLIR and the CLIRMatrix data sets to evaluate our model.
One could argue that the data sets are unsuitable for evaluating multilingual language
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models since most are trained using Wikipedia. Nevertheless, we chose them to achieve
reproducible results and ensure a healthy data set size.
Each row in the data set contains the following values:

e Query. The English query is used for finding relevant documents.
e Document. The text of the document in the foreign language.

o Relevance. The relevance score between the query and the document.

While the training set is structured such that for each query, there are 4 irrelevant
documents and 1 relevant document, the test set contains 39 irrelevant and 1 relevant
document per query.

Data preparation

Large-Scale CLIR Dataset. We focus on the following language pairs: English (EN) —
German (DE), French (FR), Tagalog (TL), Japanese (JA), and Swahili (SW), respectively.
The languages were selected to evaluate the models on the same language family (EN,
DE), different language families (FR, TL, SW, JA), low-resource languages (TL, SW), and
a language that uses non-Latin script (JA).

In these data sets, the query is the first sentence of the English Wikipedia article
with the article’s title removed. Each document is limited to the first 200 words of the
associated Wikipedia article. For each data set, we retrieve all queries, documents, and
relevance scores and remove any trailing blank spaces. We scale the relevancy score values
to 1 (relevant) and O (irrelevant). Table 4.1 shows the statistics of the selected language
pairs within the Large-Scale CLIR data set.

Table 4.1: The Large-Scale CLIR data set statistics. The ratio represents the number of
relevant and irrelevant documents per query. While the German, French, and Japanese
language pairs are larger, the Tagalog and Swahili language pairs contain significantly fewer
queries and documents, which is associated with their respective Wikipedia size.

Training set Test set

Language pair  # queries # docs ratio  # queries # docs ratio

EN - DE 323,167 1,615,835 1/4 42,021 1,680,840 1/39
EN - FR 379,811 1,899,055 1/4 54,196 2,167,840 1/39
EN - JA 148,526 742,630 1/4 21,149 845,960  1/39
EN - TL 16,631 83,155 1/4 2,359 94,360 1/39
EN - SW 7,929 39,645 1/4 1,160 46,400  1/39

CLIRMatriz. With this data set, we focus on the language pairs English (EN) » German
(DE), French (FR), Slovene (SL), Croatian (HR), Serbian (SR), and Czech (CS), respec-
tively. The languages were selected to evaluate the models on the same language family
(EN, DE) and different language families containing mostly Slavic languages (FR, SL, HR,
SR, CS), where one of them uses non-Latin script (SR).

In these data sets, the query text is generally a title of English Wikipedia articles,
while the documents are the first 200 words of the associated Wikipedia article. We
retrieve the queries, documents, and relevance scores and remove trailing blank spaces.
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The possible relevance scores vary between 0 (irrelevant) and 6 (highly relevant). When
creating the train and test set, we retrieve the most relevant document and a number of
irrelevant documents to match the relevant /irrelevant ratio of the Large-Scale CLIR data
set. Finally, we scale the relevancy score values to 1 (relevant) and 0 (irrelevant). Table 4.2
shows the statistics of the selected language pairs within CLIRMatrix.

Table 4.2: The CLIRMatrix Dataset statistics. The ratio represents the number of relevant
and irrelevant documents per query. Due to the CLIRMatrix creation design, the language
pairs have similar numbers of present queries and documents.

Training set Test set

Language pair  # queries # docs ratio # queries # docs ratio

EN - DE 10,000 50,000 1/4 1,000 40,000 1/39
EN - FR 10,000 50,000 1/4 1,000 40,000 1/39

EN — SL 9,999 49,995 1/4 1,000 40,000 1/39
EN - HR 10,000 50,000 1/4 999 39,960 1/39
EN - SR 9,994 49970 1/4 1,000 40,000 1/39
EN - CS 9,998 49,990 1/4 999 39,960 1/39

Evaluation metrics

Following previous work [204]|, we use the PQ1 (precision at 1) and MAP (mean average
precision) metrics to measure the performance of the models.

The P@1 measure. This statistic measures if a relevant document is found at rank 1. It
is a special case of the P@Qk (precision at k), which corresponds to the number of relevant
documents among the retrieved ones:

|{retrieved documents} n {relevant documents}|

Pa@k =

€ [0,1].

|{retrieved documents}|

The MAP score. This is the mean of the average precision scores for each query g € Q.
The average precision score is defined as

1 n
AveP(q) = = > P@k - rel@k,
k=1

where R is the total number of relevant documents, n is the number of retrieved documents,
and rel@k signifies if the document at rank k is relevant or not:

1, the document at rank k is relevant,
0, the document at rank k is irrelevant.

rel@Qk = {

The mean average precision is then given by equation:

Yge@ AveP(q)
@l

Models with higher MAP scores assign higher ranks to relevant documents.

MAP = €[0,1].
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Comparing models

In this section, we present the comparing models used to compare with the proposed LM-
EMD. The models are selected to have an attribute similar to the proposed model, which
is the possibility of using document representations generated ahead of time. Models that
require both the query and document texts at inference time for constructing the input in
the form of [CLS] query [SEP] document [SEP], such as those presented in some of the
related work [80]-[82], cause massive computational overhead on larger data sets and are
thus not considered in the evaluation.

NRM. The Neural Ranking Model [204] uses word embeddings and convolutional layers
to generate the query and document vector representations. It was evaluated separately
on the Large-Scale CLIR Dataset’s high-resource and low-resource language pairs. Since
the model is already evaluated on the language pairs we use in the experiment, we only
report their best performances from the paper.

WE. These models use aligned word embeddings [9] to create the document vector repre-
sentation. Following previous work [75], [207], each query and document is represented as
a weighted sum of its corresponding word embeddings:

Vg = Z wtjtv
tely
where Ty is the set of the unique terms in document d, and w; and Z; are the weight and
word embedding associated with term ¢, respectively. The similarity of two vectors is then
measured with the cosine distance, where the smaller distance signifies greater similarity.
We compare three different weighted sums where the weight w; equals to:

(i) TF: The term frequency of term ¢ in document d: TF(t,d) = f; 4, where f; 4 is the
number of times term ¢ occurs in document d.

(ii) IDF: The inverse document frequency of term t within training set D: IDF(¢,D) =
D]
108 Tgenaeay

(iii) TFIDF: The product of the term frequency and inverse document frequency of term
t in document d and training set D: TFIDF(¢,d, D) = TF(t,d) - IDF(t, D).

The queries are represented by the TF-weighted sum vectors. The embeddings used by
the models are open source [208|.

WE-EMD. The model uses the same aligned word embeddings as the WE models and
EMD to calculate the similarity between the query and documents [62]. The EMD is
solved using the Entropic regularized optimal transport [63] available in the POT Python
library [209].

BERT. The models are similar to SBERT [84], where the query and document represen-
tation vectors are generated separately using the same multilingual BERT. The inputs are
formatted to [CLS] input [SEP]. We compare three different vector representations:

(i) CLS: The vector associated to the special [CLS] token.
(i) MAX: The positional maximum values across the output token vectors.

(iii) MEAN: The mean of the output token vectors.
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The document relevance is measured using the cosine distance, where the smaller distance
signifies greater similarity. The models are fine-tuned using the same hyper-parameters
described in Section 4.1.3. In addition, we train the models using both cross-entropy and
pairwise ranking loss to analyze their impact on the models’ performance.

PSOSL. This end-to-end robust framework combines the pre-trained Polyglot [210] em-
beddings with the smooth cosine similarity measure and the smooth ordinal search loss
objective function [211]. The model was evaluated on the Large-Scale CLIR Dataset,
specifically on two high-resource languages (French and Italian) and two low-resource lan-
guages (Swahili and Tagalog). Although the model’s authors added 40 additional irrelevant
documents for each query, changing the amount of data used in the experiments, we report
their best performances from the paper.

4.1.5 Experiment results

Performance on Large-Scale CLIR data set. Table 4.3 shows the experiment results of the
best-performing models on the language pair data sets. Because aligned word embeddings
were unavailable for the JA and SW languages, we omitted the corresponding WE model
performances from the results. In addition, because the original paper did not evaluate
the PSOSL model for the DE and JA languages, and due to our limited resources for
performing the experiments, their associated performances are not included. The reported
LM-EMD is trained with pairwise ranking loss and regularization factor v =0.1.

Table 4.3: The LM-EMD experiment results on Large-Scale CLIR data set (PQ@Q1 and
MAP scores reported). The bold and underlined values represent the best and second-best
performances on the given language pair, respectively.

pal MAP

Model "EN-DE EN-FR EN-TL EN-JA EN-SW EN-DE EN-FR EN-TL EN-JA EN-SW.
NRM 0.710 0760 0570  0.730  0.600 ~ 0.820  0.850  0.690  0.840  0.730
PSOSL - 0438  0.596 - 0.600 - 0.841  0.772 - 0.776
WE-TF 0.737 0718 0.590 - - 0.836  0.823  0.704 - -
WE-IDF 0744  0.718  0.594 - - 0.840  0.822  0.712 - -
WE-TFIDF 0.764  0.754  0.597 - - 0854  0.846  0.710 - -
WE-EMD 0.867  0.828  0.606 - - 0919 0895  0.723 - -

BERT-CLS 0.978 0.978 0.851  0.955 0.913 0.987 0.987 0.912 0.973 0.947
BERT-MAX 0.941 0.948 0.798 0.912 0.824 0.964 0.969 0.874 0.946 0.886
BERT-MEAN | 0.967 0.958 0.786 0.941 0.835 0.980 0.976 0.874 0.965 0.897

LM-EMD 0.977 0.974 0.801 0.955 0.890 0.986 0.985 0.874 0.973 0.932

The BERT-CLS model performs best across all data sets, followed by the proposed
LM-EMD, which is on par with the high-resource languages. A significant decrease in the
performance of all models is seen in the low-resource languages, especially on EN » TL. This
is accredited to the limited resources the low-resource languages have for training. Overall,
LM-EMD outperforms BERT-MAX and BERT-MEAN, both using all token embeddings
to measure the document’s relevance.

Performance on CLIRMatriz. Given the results of the Large-Scale CLIR data set, we
focus on the best-performing BERT-based models and LM-EMD when comparing the
performance using the CLIRMatrix data set. The results are presented in Table 4.4, where
we report the LM-EMD model trained using the pairwise ranking loss and a regularization
factor of v =0.1.
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Table 4.4: The LM-EMD experiment results on the CLIRMatrix data set (P@Q1 and MAP
scores reported). The bold and underlined values represent the best and second-best
performances on the given language pair, respectively.

Model EN-DE EN-FR EN-SL EN-HR EN-SR EN-CS EN-DE EN-FR EN-SL EN-HR EN-SR EN-CS

BERT-CLS 0.876 0.887 0.720 0.714 0.747 0.787 0.918 0.920 0.812 0.794 0.829 0.852
BERT-MAX 0.849 0.847 0.674 0.661 0.694 0.719 0.896 0.889 0.772 0.751 0.788 0.800
BERT-MEAN | 0.886 0.891 0.756  0.737  0.767 0.783 0.923 0.922 0.832 0.815 0.840 0.855

LM-EMD 0.885 0.890 0.698 0.698 0.713 0.776 0.924  0.923 0.796 0.790 0.803 0.845

The results indicate that BERT-MEAN performs the best across almost all data sets.
The performance of all models is lower in all Slavic languages compared to the EN » DE
and FR language pairs. Additionally, the overall performance of the models is lower on the
CLIRMatrix data set compared to the Large-Scale CLIR data set. This may be related
to the query length, as CLIRMatrix queries are shorter Wikipedia article titles, unlike
the longer queries in the Large-Scale CLIR data set comprised of the first sentence of the
queries Wikipedia article.

While the BERT-CLS, BERT-MAX, and BERT-MEAN models return a single value
representing the document’s relevance, the LM-EMD outputs values that can be used to
identify why a document is relevant. This makes the LM-EMD model superior in the sense
of informativeness; in addition to measuring relevance, it can also determine the tokens
that make the document relevant. The following section describes how the LM-EMD model
identifies these tokens.

Interpretability

This section describes how the LM-EMD model scores can be interpreted. We show that the
document’s relevance is associated with the number and intensity of the matches between
the query’s and document’s tokens. In addition, the relevance can be described graphically.

We prepared the query “Who was the first president of the United States?” and five
documents in German: one contains the answer (George Washington), one is similar but
incorrect (Abraham Lincoln), and three irrelevant documents with various degrees of sim-
ilarity. Using the LM-EMD model we calculate all document relevance scores with respect
to the query. The scores are shown in Table 4.5.

Table 4.5: The relevance score of the German documents for the query “Who was the first
president of the United States?” A smaller score means a greater relevance.

Question: Who was the first president of the United States?

Document Score
George Washington war von 1789 bis 1797 der erste Prisident der Vereinigten Staaten von Amerika. 0.6332
Abraham Lincoln amtierte von 1861 bis 1865 als 16. Président der Vereinigten Staaten von Amerika. 0.6773
Christoph Kolumbus wurde der erste Vizekonig der las Indias genannten Gebiete. 0.7392

Augusta Ada King-Noel, Countess of Lovelace, allgemein als Ada Lovelace bekannt war eine britische Mathematikerin. 0.7871
Marie Sktodowska Curie war eine Physikerin und Chemikerin polnischer Herkunft, die in Frankreich lebte und wirkte.  0.7926

The model correctly detected that George Washington was the most relevant document,
followed by Abraham Lincoln. To identify which tokens contributed the most to their
respective score, we follow the interpretation described in Section 4.1.2 and generate the
graphs of the distance matrix and transportation matrix values for each document (similar
to Figure 4.3). The graphs are shown in Figure 4.4.
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[SEP]
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[SEP]
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Figure 4.4: The distance (left) and transportation (right) matrix of the first three docu-
ments (George Washington, Abraham Lincoln, and Christopher Columbus) from the ex-
ample. The [PAD] tokens are ignored when calculating the EMD score.

The George Washington graphs (first row) show that almost all query tokens strongly
match those in the document. Most are literal translations (e.g. “president”, “Président”),
but some are matched due to their semantic relatedness, such as the query word “Who”
and document words “George Washington”.

The Abraham Lincoln graphs (second row) show that only half of the query tokens have
a strong match. This is due to the smaller number of close tokens in the distance matrix.
Because of this, the document got a worse relevance score than the George Washington
sentence.

In comparison, the third set of graphs belongs to the Christopher Columbus docu-
ment, which is irrelevant. The graphs show the model finds a strong match only for the
literal translation of “first” and some conjunction words, such as “was”, “the”, and “of”.
Surprisingly, it also finds a weak match between the words “president” and “Vizekonig”
(en. viceroy), which are positions of power, and between “United States” and “Kolum-
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busw2

. This shows the model can detect the slightest relations between the cross-lingual
tokens. Nevertheless, the document has a small number of matches and thus has a smaller
relevance score.

As seen in the example, the document’s relevance is associated with the number of
strong matches between the query’s and document’s tokens; the greater the number and
the stronger the match between the tokens, the greater the relevance. Because of this,
the LM-EMD model generates interpretable relevance scores supported by the graphic

visualizations, as shown in this section.

Parameter analysis

We compare multiple LM-EMD models using different regularization factor values used by
the Sinkhorn-Knopp algorithm. To assess the impact of the loss function on the model’s
performance, we trained models using the cross-entropy (CE) and pairwise ranking (PR)
loss, respectively. The comparison was performed on the Large-Scale CLIR data set with
the results shown in Table 4.6.

Table 4.6: The performance comparison of the LM-EMD model trained with different
regularization factor () values, and using the pairwise ranking (PR) or cross-entropy
(CE) loss function during training. The bold value highlights the biggest difference in
performance (A) on the language pair.

Param Loss EN-DE EN-FR EN-TL EN-JA EN-SW EN-DE EN-FR EN-TL EN-JA EN-SW

v=01 PR = 0977 0.974 0.801 0.955 0.890 0.986 0.985 0.874 0.973 0.932
CE | 0.876 0.843 0.674 0.846 0.631 0.927 0.909 0.793 0.908 0.754

A 0.101 0.131 0.127 0.109 0.259 0.059 0.076 0.081 0.065 0.178

v=1 PR | 0.970 0.968 0.809 0.910 0.859 0.982 0.981 0.883 0.946 0.913
CE | 0.876 0.846 0.669 0.846 0.617 0.927 0.910 0.790 0.907 0.747

A 0.094 0.122 0.140 0.064 0.242 0.055 0.071 0.093 0.039 0.177

v=10 PR | 0.965 0.961 0.805 0.899 0.835 0.979 0.978 0.881 0.941 0.899
CE | 0.878 0.846 0.671 0.848 0.628 0.928 0.911 0.792 0.909 0.753

A 0.087 0.115 0.134 0.051 0.207 0.051 0.067 0.089 0.032 0.146

The models using PR outperform the models trained with CE, showing that PR
matches better with the document retrieval evaluation metrics. The performance of all
models trained with PR decreases with increasing regularization factor, except for the EN
» TL language pair. The biggest change is seen in the JA and SW languages. While
the decrease in JA can be because of the difference between the scripts used to represent
the languages, the behavior of the SW can be accredited to its polysynthetic language,
e.g. having morphologically complex words with a large number of affixes which EN does
not have. In comparison, when trained with CE, the model’s performance first decreases
and then increases on low-resource languages. At the same time, the performance of the
high-resource ones is best when using the largest regularization factor.

A similar analysis, comparing the cross-entropy (CE) and pairwise ranking loss (PR), was
done on BERT-based models, which gave similar results. Due to our limited resources for
performing the experiments, we only report the results on EN » DE, FR, and TL language
pairs. The analysis results are shown in Table 4.7.

2A quick search shows that there are multiple cities in the United States that are named Columbus,
after Christopher Columbus.
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Table 4.7: The comparison of BERT-{CLS, MAX, MEAN} performances using the pairwise
ranking (PR) loss and cross-entropy (CE) functions during training, with the difference in
performance (A).

Model Loss EN-DE EN-FR EN-TL EN-DE EN-FR EN-TL

BERT-CLS PR @ 0.978 0.978 0.851 0.987 0.987 0.912
~CE | 0.893 0.855 0.729 0.937 0.916 0.838
A 0.085 0.123 0.122 0.050 0.071 0.074

BERT-MAX PR | 0.941 0.948 0.798 0.964 0.969 0.874
- CE | 0.861 0.824 0.676 0.918 0.898 0.802
A 0.080 0.124 0.122 0.046 0.071 0.072

BERT-MEAN PR | 0.967 0.958 0.786 0.980 0.976 0.874
CE | 0.861 0.824 0.676 0.918 0.898 0.802

A 0.106 0.134 0.110 0.062 0.078 0.072

As presented in this section, optimal transport, in combination with language models,
can be used to measure document relevancy. Relevancy is assessed by how close the
document words are to the query words in the embedding space. However, the Earth
Mover’s Distance overlooks sentence structure when measuring the proximity of two texts.
The following section will address this issue by incorporating sentence structure into our
similarity measure.

4.2 Including Sentence Structure into Similarity Measure

Text generation models are becoming more present in our everyday lives. These models,
capable of facilitating tasks such as text translation, summarization, transcription genera-
tion, and question answering, are employed to optimize and automate our work processes.
However, the effectiveness of these models depends on their ability to produce informative,
structurally, and grammatically accurate text. Thus, evaluating these models before using
them is essential to ensure their usefulness.

Using automatic evaluation metrics has proven to be a valuable tool in developing
and evaluating text-generation models. In the past, the performance of such models was
measured through manual scoring by human evaluators, which was a time-consuming and
costly process. To mitigate these limitations, automatic evaluation metrics were developed
to assess the generated text’s quality accurately while reducing the time and cost associated
with manual scoring. Since then, several such metrics have been proposed, each with its
own technique for evaluating the quality of the generated text. These metrics have allowed
for a more efficient and cost-effective evaluation of text generation models.

Metrics for assessing the performance of text generation models often overlook different
evaluation criteria. Typically, the metrics are optimized to assign a single overall quality
score, which is often associated with the adequacy of the generated text - if it accurately
represents all of the required information. However, the fluency of the generated text is an-
other important criterion that should be considered; fluency refers to the natural-sounding
and grammatical correctness of the text, as well as its coherence and well-structuredness.
To ensure a comprehensive evaluation of text generation models, it is necessary to consider
both the adequacy and fluency of the generated text.

The main aim of this work is to develop a metric for measuring the performance of text
generation models which considers both the adequacy and fluency of the generated text.
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The main research objectives are to (1) evaluate the metric’s adequacy-based perfor-
mance on different language pair data sets consisting of the generated and reference texts
and (2) determine the sensitivity of the metric to fluency-related modifications in sentences.

We propose a text generation metric named Order-Preserving Wasserstein Score (OP-
WScore), which uses language models to generate the token’s semantic representations and
a word order-preserving optimal transport to include both adequacy and fluency of the gen-
erated text when assessing its quality. The metric is evaluated on two human-annotated
translation data sets consisting of twenty language pairs drawn from six distinct languages
belonging to various language groups and using different writing scripts. The evaluation is
performed using Pearson’s r and Kendall’s 7 correlation coefficients. The results show that
the proposed metric performs slightly worse than the best-performing comparing metrics
but is most sensitive to the word order permutations among the embedding-based metrics.

We also analyzed how sensitive the metric is to modifications affecting sentence fluency.
A statistical measure was developed to quantify the average change in the metrics’ score for
various modifications. The results show that the proposed OPWScore exhibits the highest
sensitivity to fluency-related modifications among all embedding-based metrics.

The remaining sections are structured as follows. We first describe the metric archi-
tecture in Section 4.2.1 and present its implementation details in Section 4.2.2. We then
present the experimental setting in which we evaluate the metric in Section 4.2.3. Finally,
we describe the experiment results in Section 4.2.4.

4.2.1 The OPWScore metric architecture

This section proposes a text generation metric named Order-Preserving Wasserstein Score,
abbreviated as OPWScore, that considers both the adequacy and fluency of the sentence.
It is a modification of the LM-EMD model presented in Section 4.1, where EMD is replaced
with the word order-preserving OT used to calculate the final score. The optimal transport
theory used to create this metric is presented in Section 3, while its extension on how it
considers the word order is found in Section 3.2. The metric’s architecture is depicted in
Figure 4.5. The implementation details are presented in Section 4.2.2.
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Figure 4.5: The OPWScore metric architecture. The architecture includes generating token
vector representations, which are then used to solve the word order-preserving OT problem
and calculate the similarity score between the generated text and its gold reference.

Token vector representations

We use language models to extract the current contextual semantic meaning of the text.
This is done by splitting the text into subword segments (tokens) using the tokenizer
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associated with the model, a subword segmentation algorithm that converts the text into
character n-grams. The model then generates the vector representations (embeddings) for
each token based on its context, capturing its semantic meaning. As a result, tokens with
similar semantic meanings are closer in the embedding space.

Let g and r be the generated text and its associated gold reference, respectively. Using a
language model, we extract their corresponding tokens and embeddings. Since the language
model has a limit to its input length, we split longer texts into multiple subtexts so that
each subtext can be processed. The subtext tokens and embeddings are then concatenated
together for further processing.

When a word is split into multiple tokens, we treat each as a separate sentence compo-
nent; an approach also used in other embedding-based evaluation metrics [102], [103]. This
will be alleviated when calculating order-preserving Wasserstein distance, which maintains
the global order of tokens. This means tokens are matched with those of similar indices,
thereby somewhat restricting the matching of token affixes with non-affixes (see Figure 4.6).

The tokens and their embeddings are then joined and ordered to create the sequence
sets Sy and S, of the generated text g and the gold reference r. The sequence sets consist
of (token, embedding) pairs used for measuring the quality of the generated text:

n m

Sg = [(ghﬁgi)]i:lv ST = [(Tj7ﬁrj):|j:1a

where n,m are the number of extracted tokens, g;,r; are the tokens extracted from the
generated text g and reference r, and 9, U,; are the contextual embeddings of their corre-
sponding tokens, respectively. Although the generated text and gold reference can share the
same tokens, their associated embeddings can differ since they reflect the token’s context
and semantic meaning.

Measuring the quality of the generated text

The order-preserving Wasserstein distance (OPW) measures the distance between two
sequences and their assigned probability measures. We define the quality of the generated
text as the OPW value between the text and its associated reference. A smaller OPW
implies the generated text is better in terms of its grammar and contextual meaning of
words. Let D € R™™ be the matrix of distances between the query and document tokens.
Similar as in Section 4.1.2, matrix D contains the cosine distances between the token
embeddings:

Di,j = dcos(gi, Y’j) =1- M > 0. (4.4)

|5g; l2]17r; 2

Let p14 and v, be the token distributions of the generated text and gold reference:

n n

Hg = Z;wgidgw Z;wgi =1,
i= i=

m m (4.5)

Vp = Zw,«jérj, Zwrj =1,
j=1 j=1

where dg,, d,; are the Dirac delta functions as defined in Equation (3.7), and the weights
wy,, wy; Tepresent the mass of their corresponding tokens g;, r;, respectively.

Depending on how they are formulated, the weights can reflect different aspects of their
tokens. One option is to set the weights to be uniformly distributed, i.e. wy, = %, 1=1,...,n
and wy; = %, j=1,...,m. The uniform distribution will give equal importance to their
respective tokens. Another option is to set the weights to reflect the token’s presence in a
data set. In such cases, the TF-IDF would be an appropriate option; the TF-IDF represent
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the importance of a token within a data set. It combines the token frequency (TF) [212]
within a text and its inverse document frequency (IDF) [213], which measures how unique
a token is within the whole data set. However, the TF-IDF values depend on the data
set to which it is applied, and they cannot be measured for out-of-vocabulary tokens, i.e.,
tokens not present in the used data set. In addition, when assigning weight distributions to
short texts, such as single sentences, it can be assumed that the token’s frequency within
a sentence will be around one, thus the TF value can be omitted and only the IDF of the
token is used as the weight. Note that the algorithm permits other weight distributions as
long as the weight constraints stated in Equation (4.5) are met.

Using distance matrix D and token distributions yi4, v, we calculate the OPW between
the generated text and gold reference by finding the matrix solution P € RIj™ of the
following optimization problem:

minimize OPW(g, r 2 Z (P,]D i~ —J) )
i=1j=1 L +1

subject to Z 5j S Wg,, Yie{l, ... ,n},
7=1
- (4.6)
Z jSwe, Vie{l,...,m},

M= I
NE

7 1 i=1

n m
Pi,j =1= min{ngi, Z wm} 5
1j j=1
where A1 € Ryq is the regularization parameter that determines the importance of local
homogeneity of the solution P. Note that Equation (4.6) is the order-preserving optimal
transport problem formulation in the discrete case for cost matrix C € R™™ with entries
C;,j = D; ;j given by Equation (4.4). In addition, when calculating the approximate solution
of the above problem with the Sinkhorn-Knopp algorithm, we include the Kullback-Leibler
divergence for prior distribution G defined in Equation (3.10). The solution is then used
to measure the quality of generated text g based on its reference r.

4.2.2 Implementation details

In this section, we describe the details of the OPWScore development. The metric is
implemented using PyTorch [195], and its source code is available on GitHub [214].

Language model

Depending on the target language, the metric uses one of the two pre-trained language
models: fine-tuned RoBERTa and multilingual BERT. Both language models are available
via the HuggingFace’s transformer library [197].

If the target language is English, the metric uses the fine-tuned RoBERTa model [17]
fine-tuned on the Multi-Genre Natural Language Inference corpus [215], more precisely
the roberta-large-mnli model®. In addition, related work [103] shows using different
layer outputs yields different performance scores. Based on their analysis, we decided to
use the embeddings returned by the 19th layer as they give the best performance for the
BERTScore metric. This also enables us to perform a more aligned comparison with the
compared metrics.

*https://huggingface.co/roberta-large-mnli
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When the target language is non-English, the metric uses multilingual BERT [20], more
specifically bert-base-multilingual-cased model*. The language model was pre-trained
on the top 104 languages with the largest Wikipedia using the masked language modelling
objective. With similar reasoning as before, we use the embeddings returned by the 9th
layer of the model since it was reported it performs best for the task we are exploring in
this paper [103].

Weight distribution

To calculate the token weights for a particular target language, we use the gold references
from the WMT17 metric evaluation data set [216] to calculate the token’s inverse document
frequency (IDF). Since all text in the data sets is in the form of single sentences, we omit
calculating the token frequency (TF) as we assume it will be close to one. We split
the sentences into tokens using the corresponding language model’s tokenization method
(depending on the target language) and calculate the IDF value. At evaluation time, we
use the token’s corresponding IDF to construct the sentence’s distribution. If the token
was previously unseen, i.e. was not present in the WMT17 data set, we set its IDF
to a small value (i.e. 107°) to ensure a stable calculation of the OPW. To analyze the
impact of the weight distribution on the metric’s performance, we evaluate two metrics
using the uniform and the IDF weight distributions, respectively, and report our results in
Section 4.2.4, Hyper-parameter analysis.

Quality measure

The OPW is calculated using the Sinkhorn-Knopp algorithm [63], an iterative algorithm
for solving regularized OT. Depending on the model, the algorithm requires the following
two hyper-parameters: (1) the number of iterations nit, and (2) the two regularization
parameters A; and A2 from Equation (3.11). The regularization factors are used to regulate
the size of the regularization term and, thus, the precision of the final OPW value. While A\;
corresponds to the inverse difference moment as defined in Equation (3.9), A2 corresponds
to the Kullback-Leibler divergence used in Equation (3.11).

To provide the Sinkhorn-Knopp algorithm with enough iterations to converge to a
solution, we set nit = 100. To analyze the impact of the regularization factors on the
metric’s performance, we evaluate nine metrics using A; € {1,0.1,0.01} and A2 € {0.1,1,10}
and report our findings in Section 4.2.4, Hyper-parameter analysis.

4.2.3 Experimental setting

This section introduces the data sets used and how the data is prepared for the experiments.
Next, we present the evaluation metrics, followed by the descriptions of the baseline metrics.
Finally, we describe the implementation details of the proposed metric.

Data set

To evaluate text generation metrics on different languages, one has a selection of auto-
matic translation data sets to choose from [216]-[220]. To evaluate our metric, we use the
WMT18 [218] and WMT20 [219] metric evaluation data sets, both containing generated
outputs of translation systems across several language pairs, gold standard references, and
human judgment scores.

‘https://huggingface.co/bert-base-multilingual-cased
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The source sentences and reference translations are taken from a news corpus with
a various number of sentences for each translation direction; the translations are from
English (EN) to Czech (CS), German (DE), Finnish (FI), Russian (RU), Turkish (TR),
and Chinese (ZH), and from the same set of languages to English. The languages come
from five different language families and use four distinct language scripts.

The human judgment scores are direct assessments between the gold reference and the
generated text. The scores are collected by human evaluators with various expertise. While
the data set contains two types of human scores, we only use the segment-level scores, i.e.,
values between 0 and 100 assigned to the generated text based on its ability to express the
meaning of its corresponding gold reference adequately. Because of this, the human scores
are biased towards assessing the adequacy of the generated texts rather than their fluency.
We chose the data sets because they are popular for evaluating text generation metrics
and enable us to achieve reproducible results.

Data preparation

For each available language pair, we prepare the set of rows containing (1) the source
sentence in the source language, (2) the single gold reference in the target language, (3)
the translation generated from the source sentence, and (4) the segment-level score
that the human evaluators assigned to the translation. We do not perform any text pre-
processing on any of the sentences. Table 4.8 shows the statistics of the prepared WMT18
and WMT20 language pair subsets. For instance, in WMT18, we have 7,629 examples
translated from English to Czech and 8,732 from Czech to English.

Table 4.8: The WMT18 and WMT20 language pair set statistics. For each language pair,
the left number is the number of from-English translation examples, and the right is the
number of to-English translation examples. The language pairs FI <+ EN and TR < EN
are not available in the WMT20 data set.

Data set CS < EN DE < EN FI < EN RU < EN TR < EN ZH < EN

WMTI8 7,629 /8,732 10,208 / 28,404 8,097 / 14,965 16,748 / 13,157 3,132 / 12,851 22,128 / 25,352
WMT20 14,543 / 7,510 9,693 / 8,529 /- 11,188 / 9,664 - /- 14,975 / 27,329

Evaluation measures

Following previous works [97]-[100], [102], [103], we use Pearson’s r and Kendall’s 7 to
measure the metric’s performance.

Pearson correlation coefficient. The sample Pearson’s r measures the linear correlation
between two sample sets X and Y. It is defined as the ratio between the covariance of the
two samples and the product of their standard deviations.

where cov(X,Y) is the covariance estimate between X and Y, and ox, oy are standard
deviation estimates of sample sets X and Y, respectively. The rxy value is between -1
and 1, indicating the capacity in which the sample sets X and Y are linearly correlated.

Kendall rank correlation coefficient. The Kendall’s 7 is a measure of rank correlation based
on the similarity of the orderings of the data points between two variables X and Y. It
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is often used as a test statistic in a statistical hypothesis test to determine whether two
variables may be regarded as statistically dependent. The coefficient is defined as

B Concordant — Discordant

- . € [_17 1]7
Concordant + Discordant

where Concordant is the number of times a metric assigns a higher score to the “better”
generated text and Discordant is the number of times a metric assigns a higher score to
the “worse” generated text or the scores assigned to both texts are the same. The 7 value
ranges between -1 and 1, where -1 indicates perfect disagreement between the two rankings,
0 suggests that the variables are independent and non-constant, and 1 indicates there is
perfect agreement between the two rankings.

Baseline metrics

This section presents the baseline metrics used to compare with the proposed OPWScore
metric. The metrics were selected to enable quality assessment on cross-lingual data sets
without additional training or fine-tuning. Metrics that support only mono-lingual text
comparison [101], [105] are thus not considered in the evaluation. The final selection
includes both n-gram matching approaches and embedding-based metrics. Figure 4.6 shows
the differences between the selected approaches.
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Figure 4.6: The different approaches evaluating text generation methods.

BLEU. This metric is one of the first to be developed for automatically evaluating machine
translation models [97]. It measures the quality of the candidate sentence by comparing
them to their reference sentences. The comparison is made by measuring the modified
n-gram precision, an advanced method of counting the number of n subsequent words
(called n-grams) that appear in both the candidate and each reference sentence. It returns
a score between zero and one, where higher scores mean more sentence overlap. As stated
in its associated paper, a translation using the same words (1-grams) as in the references
tends to satisfy adequacy, while the longer n-gram matches account for fluency. In the
experiments, we measure the BLEU score for n € {1,2,3,4} and denote them as BLEU-1,
BLEU-2, BLEU-3, and BLEU-4, respectively.

ROUGE-L. The ROUGE package contains various metrics for evaluating the quality of
generated texts by using n-grams, word sequences, and word pairs between the candidate
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and reference sentences [98]. The metric used in the experiment is ROUGE-L which mea-
sures the longest common sub-sequence in the candidate and reference sentences. The
ROUGE-L score is between zero and one, where higher values mean better matching be-
tween the sentences.

METEOR. This metric is based on a generalized concept of unigram matching between
the candidate and reference translations [99]. The matching is performed on the surface
form (exact matching of unigrams), the stemmed forms (matching words that have the
same word stem), and the word’s meaning (matching words if they are synonyms of each
other). It then uses a combination of precision and recall of the unigram matching and a
measure involving the longest n-grams common to the reference and candidate sentences
to calculate the METEOR, score. The score is between zero and one, where the higher
values mean a better matching between the sentences.

BERTScore. This embedding-based metric uses contextual embeddings to represent the
tokens in the reference and candidate sentence and perform token matching based on the
token’s pairwise cosine similarities [103]. The contextual embeddings are taken from the
language model’s layer, which provides the best abstraction of the token, as stated in the
metric’s corresponding paper. The final score is an F1 measure computed from the preci-
sion and recall of matches between the tokens in the candidate and reference sentence. The
metric also uses the IDF scores of tokens as weights, denoting their importance in the sen-
tences. In the experiments, we use the publicly available implementation of BERTScore’.
Note that we use the metric’s default settings and do not perform any fine-tuning.

MoverScore. This metric combines contextual embeddings of the tokens in the reference
and candidate sentences with optimal transport to measure the quality of the generated
text [102]. The optimal transport is measured using Euclidean distance on the embedding
representations of the token m-grams. The n-gram representations are a weighted sum
of the token’s embeddings, where the weights are the IDF scores of their corresponding
token in the corpus. The model can use the output representation of any layer within the
chosen language model. In our experiments, the MoverScore metric is represented by the
LM-EMD model, which is a MoverScore variation where it uses token unigrams (1-grams)
and cosine distance instead of FEuclidean distance to measure the distances between the
token’s embeddings (see Section 4.1.2).

COMET. This supervised metric uses a cross-lingual language model to create contextual
embeddings for the source, candidate and reference tokens, which are then used to calculate
the quality of the candidate text [104]. The quality calculation is done by training a
regression model, combining and concatenating the embeddings and sending them through
a feed-forward layer, which outputs the final score. Since the language model provides a
contextual embedding for each layer, the metric was trained to combine the outputs of all
layers to generate the optimal token embedding for the task. In the experiments, we use
the publicly available implementation of COMET®. Note that COMET’s default settings
are fine-tuned for the WMT20 data set, thus it is expected to have a higher performance
score.

"https://github.com/Tiiiger/bert_score
Shttps://unbabel.github.io/COMET/html/index.html
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4.2.4 Experiment results

This section shows the experiment’s results. We report the analysis results of the metric’s
sensitivity to fluency-based modifications, followed by the adequacy-based performance
analysis on the two data sets and the metric’s hyper-parameter analysis.

Sensitivity to fluency-based modifications

Human judgement scores of the modified sentences would be required to evaluate the met-
ric’s sensitivity to fluency-based modifications. Since access to such data sets is unavailable,
we resolved to measure the change in metric scores when a fluency-based modification is
performed on a sentence. In this analysis, we focus on the sensitivity of metrics to change
in word order. We define a statistic for measuring the word order sensitivity of a metric
as follows:

k
WOS(M|S) = S S IM(siy80) - 8, 8 = % ZIM(pj(SZ'),SZ-), (4.7)
J]=

|S| S,L'ES

where M is the metric, S = {s;}£_; is the set of sentences, p;(s;) is the sentence generated
by modifying the word order of the sentence s; using the modification function p;, and
¢ and k are the number of sentences in the set and the number of distinct modification
functions, respectively. The WOS statistic is a positive number that shows the average
difference of metric scores when given a perfect sentence s; and a sentence created by
modifying the word order in the perfect sentence p;(s;). Thus, the statistic measures how
sensitive a metric is to word order, where higher values signify higher sensitivity.

We used the gold references taken from the WMT18 data set to evaluate the metrics.
The used modification functions p; shuffle the words in the sentences, following the di-
rections from previous work [106]. We calculate each language pair’s average word order
sensitivity and report the results in Table 4.9. Note that we compare only unsupervised
metrics; thus, we omit COMET from this analysis as it is a supervised regression metric.

Table 4.9: The scores of the fluency statistic tests on the WMT18 data set (WOS reported).
The bold and underlined values represent the embedding-based metrics that are the most
and second-most sensitive to word order permutations on a given language pair. The
reported OPWScore uses IDF weights and regularization factors A; = 0.1 and A9 = 0.1.

Metric CS-EN DE-EN FI-EN RU-EN TR-EN ZH-EN EN-CS EN-DE EN-FI EN-RU EN-TR EN-ZH

BLEU-1 0.046 0.045 0.048 0.060 0.054 0.056 0.022 0.050 0.048 0.041 0.009 0.756
E BLEU-2 0.927 0.931 0.930 0.934 0.925 0.093 0.920 0.927 0.914 0.924 0.900 0.168
‘é BLEU-3 0.991 0.993 0.993 0.994 0.988 0.993 0.989 0.990 0.987 0.991 0.972 0.157
¢ BLEUA 0.996 0.998 0.998 0.998 0.994 0.996 0.996 0.994 0.995 0.995 0.977 0.096

METEOR 0.536 0.538 0.534 0.540 0.541 0.536 0.535 0.549 0.542 0.557 0.532 0.458
ROUGE-L 0.624 0.635 0.626 0.642 0.628 0.653 0.568 0.613 0.552 0.032 0.545 0.023

BERTScore  0.144 0.147 0.143 0.148 0.144 0.149 0.230 0.273 0.201 0.242 0.355 0.019
MoverScore  0.260 0.262 0.257 0.263 0.257 0.261 0.224 0.264 0.196 0.235 0.203 0.027
OPWScore  0.306 0.310 0.303 0.312 0.304 0.315 0.359 0.373 0.343  0.367 0.345 0.063

embed-based

Among the embedding-based metrics, OPWScore shows the highest sensitivity to word
order across all language pairs, except for EN » TR, followed by MoverScore. Both metrics
use optimal transport as part of their calculations. BERTScore is the least sensitive among
the embedding-based metrics. Note that BERTScore and MoverScore calculate the scores
in a way that is invariant to word order. However, the reported WOS results for these
two metrics show some sensitivity. We accredit this to the used language models, which
include the token’s positional encodings when generating the token embeddings. Thus, the
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final token representation might also include information about the token’s position in the
sentence.

The n-gram matching metrics are more sensitive to word order because they match ex-
act sequences of words, i.e., the same words in the same sequence. In contrast, embedding-
based metrics match words based on their contextual embeddings, making them less sensi-
tive to word order. However, these metrics are more effective than n-gram matching ones
in measuring text adequacy, as discussed in the following section.

Adequacy-based performance analysis

The adequacy-based performance experiments measure the correlation between the metrics’
and human judgment scores between the generated translations and the gold references.
The intention is to measure how well the generated translation captures the actual message
of the source text. Based on the analysis results in Section 4.2.4, the reported OPWScore
uses the IDF weights and the regularization factors A\; = 0.1 and A9 = 0.1.

WMT18 data set. The experiment results performed on the WMT18 language pairs are
found in Table 4.10 and Table 4.11. The results show that COMET outperforms all other
metrics in terms of performance. Among the unsupervised metrics, BERTScore is the
best-performing one, followed by MoverScore, which is on par with most language pairs.
OPWScore has a lower performance compared to the leading unsupervised embedding-
based metrics, with an average decrease of 0.042 Pearson’s r and 0.024 Kendall’s 7 points
on to-English data sets and an average decrease of 0.07 Pearson’s r and 0.048 Kendall’s 7
points on from-English data sets. However, OPWScore performs better than all of the
n-gram matching metrics used in the evaluation.

Table 4.10: Metric performances on the WMT18 to-English translations (Pearson’s r and
Kendall’s 7 reported). The bold and underlined values represent the best and second-best
performances among unsupervised metrics on a given language pair, respectively.

Pearson’s r Kendall’s 7
Metric "CS-EN DE-EN FI-EN RU-EN TR-EN ZH-EN Avg CS-EN DE-EN FI-EN RU-EN TR-EN ZH-EN Avg
SUPERVISED
COMET 0.550 0.632 0.526 0.499 0.516 0.464  0.531  0.380 0.452 0.353 0.338 0.374 0.314  0.369
UNSUPERVISED
BLEU-1 0.208 0.368 0.220 0.235 0.271 0.250 0.259 0.149 0.258 0.152 0.167 0.196 0.169 0.182
BLEU-2 0.240 0.390 0.225 0.246 0.261 0.255 0.270 0.162 0.274 0.155 0.174 0.194 0.178 0.190
BLEU-3 0.233 0.385 0.197 0.230 0.236 0.230  0.252  0.157 0.261 0.140 0.163 0.173 0.166  0.177
BLEU-4 0.216 0.335 0.172 0.210 0.213 0.204 0.225 0.147 0.248 0.132 0.152 0.158 0.156 0.166

METEOR 0.271 0.405 0.241 0.263 0.285 0.273  0.290  0.186 0.284 0.165 0.184 0.210 0.187  0.203
ROUGE-L 0.279 0.424 0.251 0.268 0.305 0286  0.302  0.192 0.297 0.172 0.191 0.227 0.198  0.213

BERTScore  0.408 0.550 0.369 0.384 0.403 0.366 0.413 0.285 0.388 0.252  0.270 0.296 0.252 0.291
MoverScore  0.399 0.543 0.375 0.372 0.409 0.362 0.410 0.274 0.380 0.251 0.259 0.300 0.249 0.286
OPWScore 0.382 0.517 0.332 0.340 0.346 0.307  0.371 0.266 0.368 0.226 0.245 0.270 0.225 0.267

sed

embed-bas

WMT20 data set. Table 4.12 and Table 4.13 show the experimental results performed on
the WMT20 data sets. Similar to before, COMET is, on average, the best-performing
metric across all language pairs. When comparing the results of the English data sets,
all three unsupervised embedding-based metrics have similar performances concerning
Kendall’s 7 coefficient. When comparing the results on non-English data sets, BERTScore
performs best, followed by MoverScore. OPWScore has a lower performance compared to
BERTScore, with an average decrease of 0.065 Pearson’s r points and 0.028 Kendall’s 7
points, but performs better than all n-gram matching metrics across all data sets.



4.2. Including Sentence Structure into Similarity Measure 49

Table 4.11: Metric performances on the WMT18 from-English translations (Pearson’s r
and Kendall’s 7 reported). The bold and underlined values represent the best and second-
best performances among unsupervised metrics on a given language pair, respectively.

Pearson’s 1 Kendall’s 7

Metric EN-CS EN-DE EN-+FI EN-RU EN-TR EN-ZH Avg EN-CS EN-DE EN-FI EN-RU EN-+TR EN-ZH Avg

SUPERVISED
COMET 0.730 0.749 0.691 0.578 0.677 0.525  0.658  0.554 0.560 0.524 0.426 0.506 0.357  0.488

UNSUPERVISED

BLEU-1 0.408 0.435 0.339 0.340 0.339 0.023  0.314  0.278 0.299 0.277 0.236 0.238 0.007  0.214
:ﬂ BLEU-2 0.387 0.446 0.314 0.348 0.331 0.009  0.306  0.256 0.311 0.210 0.238 0.230 0.005  0.208
¢ BLEU-3 0.350 0.413 0.283 0.323 0.303 0.005  0.280  0.228 0.291 0.198 0.222 0.210 0.002  0.192
¢ BLEUA 0.309 0.376 0.240 0.292 0.257 0.000  0.246  0.207 0.272 0.178 0.207 0.187 0.004  0.176

iﬂ METEOR 0.398 0.456 0.327 0.368 0.359 0.026  0.322  0.265 0.318 0.218 0.253 0.250 0.019 0.221
ROUGE-L 0.422 0.456 0.341 0.044 0.403 0.037  0.284  0.288 0.317 0.227 0.028 0.287 0.014 0.194

BERTScore  0.501 0.567  0.405 0.420 0.535 0.394 0.470 0.348 0.394 0.271 0.290 0.384  0.275 0.327
MoverScore ~ 0.500 0.550 0.409 0.417 0.440 0.369  0.448  0.345 0.384 0.272 0.287 0.316 0.258  0.310
OPWScore 0.451 0.491 0.339 0.361 0.415 0.342 0400  0.307 0.349 0.222 0.251 0.297 0.248  0.279

embed-based

Table 4.12: Metric performances on the WMT20 to-English translations (Pearson’s r and
Kendall’s 7 reported). The bold and underlined values represent the best and second-best
performances among unsupervised metrics on a given language pair, respectively.

Pearson’s r Kendall’'s 7
Metric "CS-EN DE-EN RU-EN ZH-EN Avg CS-EN DE-EN RU-EN ZH-EN Avg
SUPERVISED
COMET 0.183 0.637 0.267 0.278 0.341 0.122 0.274 0.164 0.192 0.188
UNSUPERVISED
’ BLEU-1 0.113 0.528 0.163 0.186 0.248 0.062 0.213 0.112 0.131 0.130
:" BLEU-2 0.133 0.452 0.156 0.198 0.235 0.081 0.213 0.113 0.144 0.138
% BLEU-3 0.123 0.370 0.136 0.183 0.203 0.074 0.205 0.099 0.138 0.129
N BLEU-4 0.109 0.304 0.121 0.166 0.175 0.065 0.193 0.088 0.129 0.119

METEOR 0.160 0.549 0.168 0.218  0.274  0.104 0.249 0.112 0.157  0.156
ROUGE-L 0.155 0.566 0.175 0.225  0.280  0.099 0.252 0.119 0.162  0.158

BERTScore  0.196 0.605 0.246 0.264  0.328  0.130 0.261 0.159 0.185 0.184
MoverScore  0.187 0.628 0.244 0.267 0.332 0.124 0.262 0.158 0.185 0.182
OPWScore 0.184 0.567 0.223 0.236  0.303 0.132 0.262 0.158 0.178  0.183

embed-based

While BERTScore and MoverScore demonstrate improved performance, they have lim-
ited capacity to consider the sentence’s word order when calculating their scores, which
can affect their perceived performance. In contrast, OPWScore addresses this issue by
combining the semantic meaning of tokens through their vector representations and en-
forcing matching between tokens in corresponding positions via order-preserving optimal
transport.

Hyper-parameter analysis

Weight distribution analysis. A comparison was performed between OPWScore using a
uniform weight distribution and a distribution based on the IDFs of tokens calculated from
the WMT17 data sets to evaluate the impact of different weight distributions on the met-
ric’s performance. Table 4.14 and Table 4.15 show the OPWScore performance comparison
when using either the uniform or IDF weights. The remaining hyper-parameters were fixed
using the regularization factors Ay =1 and Ay = 0.1. The evaluation was performed on the
WMT18 data sets.

The analysis shows that the metric performs better when using IDF weights across all
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Table 4.13: Metric performances on the WMT20 from-English translations (Pearson’s r
and Kendall’s 7 reported). The bold and underlined values represent the best and second-
best performances among unsupervised metrics on a given language pair, respectively.

METEOR 0.352 0.260 0.172 0.006  0.198  0.224 0.136 0.122 0.011  0.123
ROUGE-L 0.349 0.272 0.031 0.032  0.171  0.213 0.145 0.033 0.013  0.101

BERTScore  0.431 0.366 0.238 0.362 0.349 0.263 0.189 0.173 0.223 0.212
MoverScore ~ 0.411 0.358 0.232 0.348 0.337  0.251 0.184 0.168 0.216 0.205
OPWScore 0.355 0.311 0.207 0.268 0.285 0.226 0.175 0.154 0.179 0.184

Pearson’s r Kendall’s 7
Metric "EN-CS EN-DE EN-RU EN-ZH Avg EN-CS EN-DE EN-RU EN-ZH Avg
SUPERVISED
COMET 0.614 0.496 0.390 0.274 0.444 0.384 0.263 0.282 0.247 0.294
UNSUPERVISED
BLEU-1 0.340 0.240 0.168 0.015 0.191 0.215 0.121 0.123 0.019 0.120
E" BLEU-2 0.341 0.226 0.169 0.003 0.185 0.219 0.126 0.120 0.014 0.120
; BLEU-3 0.303 0.205 0.157 0.001 0.167 0.196 0.119 0.107 0.014 0.109
¢ BLEUA 0.270 0.182 0.145 0.002 0.150 0.178 0.109 0.094 0.010 0.098

embed-based

Table 4.14: Analysis of using IDF and uniform weight distribution on the WMT18 to-
English translations (Pearson’s  and Kendall’s 7 reported). The bold values represent the
best-performing performances on a given language pair.

Pearson’s 1 Kendall’s 7

weight CS-EN DE-EN FI-EN RU-EN TR-+EN ZH-EN Avg CS-EN DE-EN FI-EN RU-EN TR-EN ZH-EN Avg

IDF 0.373 0.508 0.321 0.330 0.335 0.298 0.361 0.259 0.363 0.220 0.239 0.262 0.219 0.260
uniform  0.307 0.418 0.243 0.262 0.270 0.229 0.288  0.217 0.292 0.169 0.193 0.219 0.174 0.211
A 0.066 0.090 0.078 0.068 0.065 0.069 0.073  0.042 0.071 0.051 0.046 0.043 0.045 0.050

Table 4.15: Analysis of using uniform and IDF weight distribution on the WMT18 from-
English translations (Pearson’s r and Kendall’s 7 reported). The bold values represent the
best-performing performances on a given language pair.

Pearson’s r Kendall’s 7

weight EN-CS EN-DE EN-FI EN-RU EN-TR EN-ZH Avg EN-CS EN-DE EN-FI EN-RU EN-TR EN-ZH Avg

IDF 0.440 0.478 0.331 0.354 0.411 0.339 0.392 0.299 0.341 0.216  0.246 0.294 0.246 0.274
uniform ~ 0.377 0.393 0.244 0.305 0.311 0.255 0.314  0.255 0.278 0.193 0.214 0.225 0.195 0.227
A 0.063 0.085 0.087 0.049 0.100 0.084  0.078  0.044 0.063 0.023 0.032 0.069 0.051 0.047

language pairs; tokens that appear less frequently in the applied data set have a higher
IDF value and thus can be somewhat used to measure the token’s importance in the data
set. Furthermore, stopwords, i.e., words found in almost all sentences, have a smaller
IDF value and, therefore, have lower importance when analyzing the text’s meaning. This
can then be used to indicate which tokens contribute to the increased adequacy of the
generated text. Although the analysis was performed on fixed regularization factors, the
difference between the results across all language pairs is substantial to conclude that using
IDF weights is superior to using a uniform distribution to measure the adequacy of the
generated text.

Regularization factor analysis. We analyze the impact regularization factors have on the
metric’s performance. This is done by running nine evaluations with different regularization
factor values. The results performed on the WMT18 data sets are found in Table 4.16 and
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Table 4.17. The metrics perform best when both regularization factors A\; and Ay are
smaller. When fixing Ao to a particular value, the metric’s performance is not significantly
different when changing the Ay value. The biggest difference in performance happens when
fixing A2 = 0.1 and decreasing A1 from 1 to 0.1. However, the greatest performance decrease
occurs when the value of Ay increases. We also experimented using smaller values of both
A1 and A, but the calculation of the OPW became unstable.

Table 4.16: Analysis of using different hyper-parameter values on the WMT18 to-English
translations (Pearson’s r and Kendall’s 7 reported). The bold and underlined values rep-
resent the best and second-best performances on a given language pair, respectively.

Params Pearson’s r Kendall’s 7

A X2 CS+EN DE-EN FI-EN RU-EN TR-+EN ZH-EN Avg CS+EN DE-EN FI-EN RU-EN TR-+EN ZH-EN Avg

101 0373 0.508 0.321 0.330 0.335 0.298  0.361  0.259 0.363 0.220 0.239 0.262 0.219  0.260
1 1 0.327 0.449 0.275 0.284 0.293 0245  0.312  0.230 0.317 0.188 0.208 0.232 0.185  0.227
1 10 0.315 0.432 0.265 0.272 0.283 0.233  0.300  0.221 0.303 0.181 0.199 0.255 0.177  0.218

0.1 01 0.382 0.517 0.332 0.340 0.346 0.307  0.371  0.266 0.368 0.226 0.245 0.270 0.225  0.267
0.1 1 0.329 0.450 0.276 0.285 0.293 0.245  0.313  0.231 0.318 0.188 0.208 0.233 0.185  0.227
0.1 10  0.315 0.432 0.266 0.272 0.282 0.233  0.300  0.221 0.303 0.181 0.199 0.225 0.177  0.218

0.01 0.1 0.383 0.518 0.333  0.341 0.347 0.308 0.372 0.266 0.369 0.227  0.246 0.270 0.226  0.267
001 1 0.329 0.451 0.276 0.285 0.293 0272 0.318  0.230 0.318 0.189 0.208 0.233 0.185  0.227
0.01 10 0.315 0.432 0.266 0.272 0.283 0.233  0.300  0.221 0.303 0.181 0.199 0.225 0.177  0.218

Table 4.17: Analysis of using different hyper-parameter values on the WMT18 from-English
translations (Pearson’s r and Kendall’s 7 reported). The bold and underlined values rep-
resent the best and second-best performances on a given language pair, respectively.

Params Pearson’s r Kendall’s 7

A A2 EN-CS EN-DE EN-FI EN-RU EN-TR EN-ZH Avg EN-CS EN-DE EN-FI EN-RU EN-TR EN-ZH Avg

1 01 0440 0.478 0.331 0.354 0.411 0.339  0.392  0.299 0.341 0.216 0.246 0.294 0.246  0.274
1 1 0.396 0.420 0.273 0.318 0.346 0.279  0.339  0.268 0.298 0.178 0.222 0.246 0.209  0.237
1 10 0.386 0.405 0.262 0.310 0.333 0.268  0.327  0.261 0.287 0.172 0.217 0.238 0.202  0.230

0.1 01 0451 0.491 0.339 0.361 0.415 0.342 0400 0.307 0.349 0.222 0.251 0.297 0.248  0.279
0.1 1 0.397 0.422 0.273 0.319 0.347 0.280  0.340  0.268 0.299 0.179 0.223 0.247 0.210  0.238
0.1 10  0.386 0.405 0.262 0.310 0.333 0.268  0.327  0.261 0.287 0.172 0.217 0.238 0.202  0.230

0.01 0.1 0.452 0.492 0.340 0.362 0.416 0.342 0.401 0.308 0.349  0.223  0.252 0.297 0.248 0.280
0.01 1 0.397 0.422 0.273 0.319 0.347 0.280  0.340  0.268 0.299 0.179 0.223 0.247 0.210 0.238
0.01 10  0.386 0.405 0.262 0.310 0.333 0.268 0.327  0.261 0.287 0.172 0.217 0.238 0.202 0.230

4.3 Discussion

In this chapter, we highlight the advantages of employing sentence structure to access
cross-lingual similarity in the information retrieval context and evaluate the content and
grammar appropriateness of generated text. The LM-EMD model, applied to cross-lingual
information retrieval, effectively retrieves pertinent information while offering insights into
the reasons behind the relevance of the retrieved documents. Furthermore, the OPWScore
metric is sensitive to word permutations, capturing nuances in grammar while maintaining
the ability to measure content appropriateness. It is crucial to note that these models
depend on the chosen text representation approach. The following discussion focuses on
the findings concerning the LM-EMD and the OPWScore methods.

4.3.1 Discussion on LM-EMD results

In this section, we discuss the results of the LM-EMD experiment. We highlight the model’s
strengths, weaknesses, and theoretical and practical implications.
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Model performance

When evaluating the Large-Scale CLIR data set, the proposed LM-EMD model shows
comparable performance with the best-performing comparing model, BERT-CLS, on the
high-resource languages, with an average of 0.968 P@Q1 and 0.981 MAP score. However,
LM-EMD performance is significantly lower than that of BERT-CLS on low-resource lan-
guages, with an average of 0.846 P@1 and 0.903 MAP compared to the average of 0.882
P@1 and 0.930 MAP achieved by BERT-CLS.

When comparing LM-EMD to the BERT-MAX and BERT-MEAN, using all of the
token embeddings to measure the document’s relevance to the given query, the LM-EMD
performs similar or better than the other two models across all language pairs. This shows
that EMD is a superior measure as it considers all of the token distances when assigning the
relevance score. This is also reflected when comparing WE-based methods where WE-EMD
has the best performance scores.

In contrast, experiments on the CLIRMatrix data set show that the LM-EMD model
performs generally worse than the BERT-CLS and BERT-MEAN models on Slavic lan-
guages. With an average of 0.721 PQ1 and 0.809 MAP score, it performs, on average,
about 0.040 PQ@Q1 and 0.030 MAP worse than the best-performing BERT-MEAN model.
This shows that the LM-EMD model struggles when comparing English and Slavic lan-
guages. This issue may stem from the differences between the languages, which make it
challenging for the language model to contextualize and compare texts in the embedding
space.

Furthermore, when comparing the performance of models on both the Large-Scale
CLIR and the CLIRmatrix EN — DE and FR language pairs, we find that the models
generally perform worse on the CLIRmatrix dataset, which features shorter queries. This
suggests that all approaches perform better with longer texts of similar lengths. This
is understandable, as shorter query texts, which can have multiple meanings in different
contexts, make retrieving relevant documents more challenging for the information retrieval
model.

Model interpretability

Unlike the cosine distance, EMD can generate interpretable relevance scores. The EMD
solution outputs the transportation matrix, indicating which query-document token pairs
are semantically similar and thus improve the relevance score. The similarity it detects
ranges from distant connections to synonyms and literal translations. However, EMD is
more computationally expensive than cosine distance as it needs to run the Sinkhorn-Knopp
algorithm to get the final score. It is also prone to introducing a higher risk of under- or
over-flowing the gradient values when the regularization factor is too small. Because of
this, the LM-EMD might be more appropriate to use “per request”, e.g. when the user
requests an explanation of why a document is relevant to their query.

Analysis of loss function selection

The analysis of the loss function’s impact on the model’s performance shows that models
trained with pairwise ranking outperform those with cross-entropy. The pairwise ranking
is more appropriate for document retrieval models because it assesses if the order of the
retrieved documents is correct, unlike cross-entropy, which measures if the model can
identify the document as relevant. While the Large-Scale CLIR Dataset has only one
relevant document per query, other data sets might have multiple relevant documents,
making pairwise ranking the more appropriate function.
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4.3.2 Discussion on OPWScore results

In this section, we discuss the OPWScore experimental results. We touch upon the metric’s
advantages and disadvantages over the baseline metrics and their theoretical and practical
implications.

Sensitivity to fluency-based modifications

The analysis shows OPWScore is the most sensitive to word order modifications compared
to all other unsupervised embedding-based metrics. However, the results do not show how
word order would affect the metric’s correlation with the human judgement scores. For
this, each modified sentence would have to be scored by human evaluators concerning the
sentence’s fluency, as suggested in a related work [106]. While this might be resolved in
the future, most existing data sets do not contain such scores. To this end, statistics,
such as word order sensitivity defined with Equation (4.7), could help understand the
metric’s capacity to include different aspects of the generated text. While the metrics do
not necessarily return values on the same scale’, the statistics can still provide some insight
into how well does the metric handle different modifications of sentences.

Adequacy-based performance analysis

Analyzing the experimental results shows that the performance of the proposed OPWScore
metric is lower than that of BERTScore, the best performing unsupervised embedding-
based metric, for an average of 0.07 Pearson’s r and 0.048 Kendall’s 7 points. However,
the metric has comparable Kendall’s 7 scores to other embedding-based metrics on most
WMT20 language pairs. In addition, the OPWScore’s average Kendall’s 7 score is higher
on from-English language pairs, showing that the metric is more appropriate for assessing
the quality of non-English generated texts.

Hyper-parameter analysis

The results show that the OPWScore performs best when using IDF weights and smaller
regularization factors Ay and Ao. IDF weight distribution enables the metric to assign
higher importance to tokens that are not present in more sentences within the data set.
However, when a token is novel, i.e. unseen during the IDF calculation process, the IDF
cannot correctly reflect the token’s importance, which is necessary when assessing the ad-
equacy of the generated text. This issue is not unique to OPWScore as other metrics,
such as BERTScore and MoverScore, use IDF values to calculate their score. Research
in alternative weight distributions reflecting the token’s importance could improve all
embedding-based text-generation metrics. Nonetheless, the IDF weights have improved
the OPWScore’s performance.

The regularization factors regulate the extent to which the metric considers the fluency
aspects of the generated text. As described in Section 4.2.1, the regularization factors
correspond to (1) the inverse difference moment, which tries to preserve the temporal
position of the words associated with A1, and (2) the Kullback-Leibler divergence between
the solution of the order-preserving optimal transport problem and a prior distribution,
corresponding to Ay. Both factors enforce the preservation of word order. However, they
might be too strict since the message or information can be written in different ways under
the constraints of the language. Potential research directions would be finding better prior
distributions and other ways of considering the fluency of the generated text.

"The BLEU, METEOR, ROUGE-L, and BERTScore metrics return values between zero and one, while
MoverScore and OPWScore return values greater than zero.
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Chapter 5

Online Text Clustering with Neural
Networks

This chapter focuses on research associated with online text clustering algorithms that
use neural network models. Section 5.1 introduces a methodology for creating novel news
clustering data sets. With it, we created a data set comprising of news reporting the 2021
Tokyo Olympics, intended for evaluating online news clustering algorithms. Section 5.2
proposes a novel two-stage online cross-lingual news clustering algorithm that uses uncon-
ventional distance metrics to cluster articles. Finally, Section 5.3 discusses the experiment
results and the advantages and disadvantages of the work presented in this chapter.

The data set introduced in Section 5.1 is publicly available [221], [222] and presented
in a scientific paper currently under review [223|, while Section 5.2 is based on work that is
also under review [224]. This chapter introduces three scientific contributions: [SC-2| a new
temporal data set consisting of labeled multilingual news articles intended for evaluating
news stream clustering approaches, [SC-3] a novel news stream clustering approach that
uses Transformer-based language models and an unconventional method for measuring
text similarity and [SC-5] evaluation of the proposed methods on various data sources and
real-world scenarios.

5.1 Multilingual News Clustering Data Set Creation Process

Through news articles, we can learn about global events. Different publishers report the
same event from various perspectives, highlighting what they find essential for their au-
dience. Depending on the publisher’s country, articles may be in different languages and
may reflect the writer’s biases. Thus, news articles are key for identifying world events,
their coverage, and their global significance. To analyze these aspects, we need effective
methods to group multilingual news articles based on their events, which typically involve
similar entities (who/what was involved), time (when it happened), and place (where it
happened).

There is a scarcity of data sets available for evaluating online multilingual news cluster-
ing algorithms. Most existing news datasets support research in classifying news articles
into topics or domains. Some datasets [109], [110], [225], [226] contain articles annotated
with a few labels, usually corresponding to the news domain (e.g. Sports, Business, Tech,
World). Other datasets [112], [227]-[229], have annotated articles suitable for topic detec-
tion. Some recent datasets [230], [231] have multiple label groups corresponding to specific
news aspects, such as political bias, reliability, and transparency. While they help classify
news into topics or domains, these datasets are not necessarily suitable for identifying news
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events, as the labels are often too broad and invariant to the temporal and geographical
information of the article.

Furthermore, most datasets contain primarily English articles, making them unsuitable
for multilingual tasks. Those that are multilingual are typically designed for other news-
related tasks, such as discrimination [232] and alignment [233] between languages, language
simplification [234], and news summarization [235]. Some multilingual news datasets [236],
[237] are developed to analyze world events and cultural narratives, among others. In ad-
dition to datasets, news monitoring systems such as Event Registry [113] and the GDELT
Project [115] track news reported from various international sources and perform data
analysis. Both systems provide detailed event records, including date, location, and in-
volving actors. While the GDELT Project provides event information, it does not include
the articles used to detect the event. In contrast, the Event Registry provides news arti-
cles and event information, but the event clusters are typically monolingual. Our research
identified only one multilingual news dataset with articles annotated based on the events
they cover. This dataset was prepared by Miranda et al. [114] for evaluating news stream
clustering algorithms. However, it contains a low number of events in the wide time range,
so it may not be suitable for developing approaches focused on high-frequency events, i.e.,
events that happen close in temporal proximity and possibly in similar locations.

The manual creation of novel multilingual news clustering data sets is resource-intensive
work. First, the articles must be collected from various sources and languages. Then, the
articles must be analyzed and grouped depending on their content and publishing time.
In addition, the annotator must speak various languages to understand the content of
multilingual news articles. This requires expert linguists and translators to perform manual
annotations, which is slow and time-consuming, especially when the data set requires many
articles. Automating this process would speed up the data set creation and help the
annotators with their work.

Recent advances in natural language processing have paved the way for automated
methods that significantly reduce the efforts for manual data set creation. These methods
use pre-trained language models to extract, categorize, and cluster multilingual news arti-
cles. In addition, automatic machine translation services enable employing annotators who
are non-speakers of the selected languages. As a result, these solutions can accelerate the
creation of relevant data sets by creating the initial clusters, which the annotators inspect
and perform the necessary modifications. The final data set can be used to develop online
news clustering algorithms further.

This section aims to develop a methodology for creating novel multilingual news clus-
tering data sets by automatizing the news article collection and clustering process. This
allows the annotators to focus on inspecting, joining, splitting, and removing articles from
the created clusters.

The main research objectives are to (1) create a novel multilingual news clustering
data set containing articles in languages that belong to different language families and are
written in different scripts and (2) analyze and compare the data set with the existing
multilingual news stream clustering data sets.

We focus on creating a multilingual data set of articles reporting the 2021 Tokyo
Olympics, denoted as OG2021. The Olympics, spanning 18 days, presented a dense array
of sub-events happening simultaneously, including articles with temporal, geographical,
and contextual similarities that may challenge separation. The created data set contains
10,940 articles in nine different languages, labeled into 1,350 clusters. About 28% of clus-
ters contain articles written in two or more languages. The articles are written in multiple
languages and annotated based on the events they report; articles on the same event have
the same annotation. Figure 5.1 illustrates the schematic overview of the novel OG2021
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dataset preparation, including news article retrieval, annotation, and technical evaluation.
The code used to create the data set is available on Github [238].
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Figure 5.1: The schematic overview of the OG2021 development.

The remaining sections are structured as follows. We first describe the news article
acquisition process in Section 5.1.1. Next, we present the data set creation process in Sec-
tion 5.1.2, including automatic news cluster creation, manual inspection, and annotation.
Various statistics and characteristics of the newly created OG2021 data set are presented
in Section 5.1.3. Finally, we compare it with the existing data sets in Section 5.1.4.

5.1.1 News retrieval

This section describes the acquisition of the initial set of news articles focusing on the
2021 Tokyo Olympics. It includes the definition of the criteria and the retrieval process of
relevant articles. It also presents the statistics of the data set obtained.

Criteria definition

To retrieve the appropriate articles, we first defined the criteria that the articles must
follow. The requirements consist of three conditions: (1) the languages in which the article
must be written, (2) the publication time, which must be within a predefined time range,
and (3) the contextual concepts the article must include. Table 5.1 shows the overview of
the defined conditions. Below is a detailed description of each criterion.

Table 5.1: The news retrieval criteria conditions.

No. CONDITION TYPE CONDITION VALUES
1  Languages English, Portuguese, Spanish, French, Russian, German, Slovenian, Arabic, Chinese
2 Publication time range July 1, 2021 - August 14, 2021
3  Contextual concepts Olympic Games, Japan and at least one of basketball, sports climbing,

swimming, judo, rowing, skateboarding, or table tennis
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Languages. We aim to include articles in languages from diverse language families and
scripts to represent a wide range of linguistic features. We chose English, Portuguese,
Spanish, French, Russian, German, Slovenian, Arabic, and Chinese. The selected languages
cover different language families (Germanic, Italic, Slavic, Semitic, and Sinitic) and are
written in different scripts (Latin, Cyrillic, Arabic, and Chinese). We believe the languages
provide sufficient diversity regarding language similarity and media coverage.

Publication time range. To capture relevant articles, we limited our selection to those
published between July 1, 2021, and August 14, 2021. This time range includes articles
from three weeks before the start of the 2021 Tokyo Olympics (July 23, 2021) to one week
after its conclusion (August 8, 2021). This allowed us to gather articles covering the events
leading up to the opening and post-event coverage.

Contextual concepts. The articles’ contextual concepts must be related to the 2021 Tokyo
Olympics. Because of this, we decided the articles must first be related to the general
concepts 0lympic Games and Japan, which will limit the scope of retrieved articles. To
further narrow the focus, we concentrate on seven different sports: basketball, sports
climbing, swimming, judo, rowing, skateboarding, and table tennis. The sports were
chosen for their diversity in competition organization and duration and their historic pres-
ence in previous Olympic Games. Notably, sports climbing and skateboarding debuted
in the 2021 Olympic Games.

News collection

We can now retrieve the relevant news articles with the defined article criteria. To do
this, we use Event Registry [113], the system that collects news articles from thousands of
publishers, clusters them into news events, and enriches news articles and event clusters
by extracting the named entities mentioned. It also links the article’s textual components
to corresponding Wikipedia pages through a process called wikification [129], [130]. Due
to the structure of Wikipedia, where different-language Wikipedia pages corresponding to
the same concept are linked, the wikification process identifies the Wikipedia pages in both
the article’s language and in English, if available.

The Event Registry system has a dedicated API (https://www.newsapi.ai/), which
enables the retrieval of news articles and event cluster metadata. The retrieval can be done
through multiple endpoints, which accept various parameters, including the language of
the article, the publication date range, and the Wikipedia concepts the articles must relate
to. Although the system provides clustered news articles, we used the API to collect only
the news articles, as the clusters created by the system do not have the structure we are
targeting.

Using the defined criteria, we developed code to retrieve the relevant articles auto-
matically via the Event Registry API. We split the time range into days, then retrieved
the articles published on a given day that were written in one of the selected languages
and contained both the 01lympic Games and Japan Wikipedia concepts, as well as at least
one of the sports concepts listed in the criteria definition. The API allows using English
Wikipedia concepts to retrieve articles in other languages, eliminating the need for prior
translation.

Data set cleanup and preparation

The process retrieved 36,227 articles that matched the defined retrieval criteria. Each
article contains various attributes, including the article’s unique ID, its title and body, the
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publication datetime, its language, its published URL address and the source publisher.
We retrieved only the specifically mentioned attributes for each article, which are then
used in the automatic clustering and manual annotation steps. We split the articles into
seven data sets, each corresponding to one of the sports concepts. Table 5.2 shows the
retrieved data set statistics.

Table 5.2: The data set statistics of the retrieved articles. Each language shows the number
of retrieved articles, the percentage of the total data set, and the distribution of articles
across the sports concepts. The least news articles were retrieved for SPORT CLIMBING.

OVERALL

LANGUAGE (PER CENT OF TOTAL) BASKETBALL ~ SPORT CLIMBING SWIMMING  JUDO  ROWING SKATEBOARDING TABLE TENNIS
All 36,227 10,180 1,121 1,417 10,190 5,012 6,526 1,781
English 13,415 (37%) 3,980 883 176 2,474 2,236 3,331 335
Portuguese 6,742 (18%) 1,020 0 527 2,159 399 2,164 473
Spanish 6,261 (17%) 2,281 0 557 1,697 1,046 680 0
French 3,288 (9%) 1,054 4 118 1,574 249 0 289
Russian 2,677 (7%) 753 21 11 988 342 335 227
German 2,151 (6%) 551 125 10 655 447 0 363
Slovene 732 (3%) 390 87 0 135 18 10 92
Arabic 902 (3%) 140 0 15 4383 258 6 0
Chinese 50 (0%) 11 1 1 20 17 0 0

5.1.2 News annotation

This section describes the steps used to annotate the news articles into clusters. The steps
include automatic clustering of news articles and manual annotation and evaluation of
clusters.

Automatic news clustering

We apply an online multilingual news clustering algorithm [239] to automatically clus-
ter each dataset corresponding to one of the sport’s concepts. This single-pass clustering
algorithm processes the collected datasets by representing each article using its content
embedding, the set of extracted named entities, and its publication datetime. The content
embedding is created using the SBERT [84], [240] language model, trained to generate con-
textual embeddings appropriate for pairwise sentence similarity, while the named entities
were extracted using the WikiNEuRal [241] multilingual named entity extraction model.

The representations for event clusters are created as aggregates of content embeddings,
entity sets, and publication datetime values of articles within the clusters. The algorithm
measures the content similarity, ratio of overlapping entities, and temporal proximity be-
tween the article and all clusters, checking if all three values are above the set thresholds
defined at the beginning of the clustering process. The article is placed into the best event
cluster that meets these criteria. If no such cluster exists, a new one is created containing
the current article. The algorithm’s hyper-parameters (thresholds) were chosen to optimize
precision while maintaining a reasonable recall score. This intentional selection results in
more clusters containing only the most similar articles, potentially reducing the inclusion
of articles that should not be clustered together.

Post-automatic clustering data set statistics. The automatic news clustering algorithm
created 16,049 unique clusters across the seven sports concepts. These clusters consist
of news articles exhibiting similarity in content embeddings, shared named entities, and
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temporal proximity as determined by their publication datetime. Table 5.3 shows the data
set statistics after the automatic news clustering process.

Table 5.3: The data set statistics after the automatic news clustering process. For each
language, it reports the number of articles (ART) and the number of clusters (CLS) gen-
erated. A cluster can contain articles from multiple languages, thus the sum of all clusters
across the languages can be greater than the overall number of clusters.

OVERALL BASKETBALL SPORT CLIMBING SWIMMING Jupo RowiNG SKATEBOARDING ~ TABLE TENNIS
Language ~ ART  CLS  ART  CLS ART  CLS ART CLS ART CLS ART CLS ART  CLS  ART CLS
All 36,227 16,049 10,180 4,103 1,121 566 1,417 772 10,190 3,575 5,012 2,209 6,526 2,346 1,781 848
English 13415 6270 3,980 1,935 883 452 176 124 2474 1,148 2,236 1,067 3,331 1,385 335 159
Portuguese 6,742 2,794 1,020 540 0 0 527 296 2,159 755 399 202 2,164 809 473 192
Spanish 6,261 3,043 2,281 1,099 0 0 557 320 1,697 780 1,046 525 680 319 0 0
French 3,288 1,719 1,054 528 4 4 118 84 1,574 721 249 160 0 0 289 222
Russian 2,677 1,264 753 358 21 20 11 10 988 410 342 154 335 179 227 133
German 2,151 1,039 551 250 125 88 10 5 655 289 447 217 0 0 363 190
Slovene 732 366 390 189 87 40 0 0 135 71 18 11 10 8 92 47
Arabic 902 513 140 91 0 0 15 10 483 256 258 153 6 3 0 0
Chinese 50 41 11 11 1 1 1 1 20 16 17 12 0 0 0 0

Manual evaluation and annotation

Following the automatic news clustering process, the data sets underwent a manual eval-
uation and annotation. Each data set related to a sports concept was assessed using the
following procedure, followed by their merger and final annotation.

Cluster representation. We have created a table for each cluster displaying its assigned
articles and their values. Each table row contains the current cluster ID, the unique article
ID, the article publication datetime, the article language, and the title and body. The
article’s URL and source were omitted from the table. Articles annotated in previous data
sets were excluded from the current data set under consideration. Using this representation,
the annotator has an overview of all the articles assigned to the cluster. Furthermore, to
compare multiple clusters, the annotator can focus only on pairs of clusters and decide
what action to take (more in manual evaluation process).

Manual annotation criteria. The annotation criteria is designed to categorize articles
based on their responses to fundamental journalistic questions: who, what, where, when,
and how. The first four questions yield objective answers, while the response to how can
involve subjectivity. Because of this, alignment with the how question is considered an
optional criterion. The annotators are tasks to group articles based on the responses to
these questions. In addition, articles reflecting the same event from different perspectives
(e.g. two articles describing the finals of a sport event, where one focuses on the gold and
the other on the silver medalists) should be in the same event cluster, although they might
not have the same responses to the above questions.

e Articles should predominantly focus on a singular event, situation, or key informa-
tion.

e Articles must avoid resembling “click-bait,” meaning they should not include phrases
like “watch now” or “click here to see more.” If they do, the article should be excluded
from consideration.

e Articles should not primarily focus on presenting a schedule of events occurring on
a specific day. If they do, the article should be excluded from consideration.
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The intentionally ambiguous criterion aims to create diverse clusters of articles in var-
ious languages. Additionally, the criterion allows validation of an article based solely on
its title, provided that the title is informative enough to provide the correct annotation.

Manual evaluation process. Given the evaluation criteria, the annotators reviewed the
clusters and annotated the articles. If an annotator encountered a text that was not
comprehensible, they were permitted to utilize machine translation services such as Google
Translate (https://translate.google.com/). Annotators could remove specific articles
from the dataset, relocate articles between clusters, merge, divide, and eliminate entire
clusters. Each action taken was recorded and contributed to creating the final dataset.
Afterward, the annotated datasets were merged and underwent a final evaluation, focusing
on joining clusters reporting on the same event in different datasets and removing any
inappropriate articles that might have been overlooked during the initial annotation pass.

Post-manual annotation data set statistics. Table 5.4 shows the data set statistics following
the manual evaluation and annotation. The data shows a 70% reduction in the number of
articles due to removing irrelevant news articles and event clusters corresponding to the
schedules and “click-bait” like content; the number of articles was reduced by around 26k
articles. This shows how much content of that nature is generated in a short time span.
Furthermore, the number of clusters was also significantly reduced due to the removal and
merging of event clusters. The final dataset was then formatted and prepared for analysis
and publication.

Table 5.4: The data set statistics after the manual evaluation and annotation. For each
language, it reports the number of articles (ART) and the number of clusters (CLS) gener-
ated. A cluster can contain articles from multiple languages, thus the sum of the number
of clusters across the languages can be greater than the overall number of clusters.

OVERALL BASKETBALL SPORT CLIMBING SWIMMING Jubo RowiNG SKATEBOARDING TABLE TENNIS
Language ~ ART  CLS ART CLS ART  CLS ART CLS ART CLS ART CLS ART  CLS ART CLS
All 10,940 1,350 2,898 368 101 21 275 52 3,868 487 1217 197 2203 219 378 50
English 4,009 729 963 189 63 15 31 7 1006 234 670 138 1,048 159 138 15

Portuguese 2,410 368 293 83 0 0 25 981 150 108 21 822 88 100 16
Spanish 2,049 381 774 148 0 0 129 27 634 138 249 40 263 40 0

French 845 170 279 67 0 0 9 5 498 81 36 14 0 0 23 9
Russian 553 152 168 60 0 0 0 0 247 60 54 16 65 15 19 8
German 516 100 164 30 11 5 0 0 202 40 66 16 0 0 73 12
Slovene 331 102 216 73 27 5 0 0 56 13 3 1 4 3 25 9
Arabic 218 71 39 18 0 0 0 0 150 45 28 10 1 1 0

Chinese 9 5 2 2 0 0 0 0 4 2 3 2 0 0 0 0

5.1.3 The 2021 Tokyo Olympics data set

This section overviews the statistics for the final 2021 Tokyo Olympics data set, abbreviated
as OG2021. It includes details and statistics about the annotated articles and clusters as
well as language statistics demonstrating the data set’s multilingual aspects.

Article statistics

Table 5.5 shows the statistics for the final data set, indicating a total of 10,940 articles
organized into 1,350 clusters. The table also shows the average number of words in the
article’s title and body, the average cluster size, and their standard deviation for each
language in the data set separately.
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Table 5.5: The OG2021 data set statistics. It shows the number of articles, the average
number of words in the title and body, the number of clusters, and the average cluster size.
For Chinese, we report the average number of characters in the title and body.

Language Seript Langt}age Number of articles Average ru-unber of Average number of Number Avelfage
family (per cent of total)  words in title (std) words in body (std) of clusters cluster size (std)
All - - 10,940 - - 1,350 8 (20)
English Latin ~ Germanic 4,009 (37%) 11 (3) 1,231 (1,147) 729 5 (11)
Portuguese  Latin Ttalic 2,410 (22%) 13 (3) 527 (374) 368 7 (12)
Spanish Latin Italic 2,049 (19%) 13 (4) 562 (427) 381 5 (9)
French Latin Italic 845 (8%) 13 (4) 565 (464) 170 5 (8)
Russian Cyrillic Slavic 553 (5%) 10 (3) 301 (358) 152 4 (6)
German Latin ~ Germanic 516 (4%) 9 (3) 833 (1,011) 100 5 (6)
Slovenian Latin Slavic 331 (3%) 9 (3) 450 (370) 102 3(3)
Arabic Arabic  Semitic 218 (2%) 10 (3) 405 (269) 71 3(3)
Chinese* Chinese  Sinitic 9 (0%) 28 (7) 3,402 (1,550) 5 2 (1)

Article distribution over time. Figure 5.2 illustrates the distribution of articles over time.
The articles were published between July 1, 2021 and August 14, 2021. The peak con-
centration of articles occurs between July 22, 2021, and August 8, 2021, corresponding
to the opening and closing ceremonies of the Olympics. Furthermore, it also shows the
distribution of articles for each language separately.
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Figure 5.2: The OG2021 article distribution by date. Most articles were published between
the Olympic Games’ opening and closing ceremonies. The language-specific graphs are
grouped in three rows representing the high, medium, and low present languages.
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Cluster statistics

Cluster distribution based on their size. The data set comprises 1,350 distinct clusters,
each containing approximately eight articles on average. Figure 5.3 shows the distribution
of clusters based on their size, i.e., the number of assigned articles. Overall, around 95%
of clusters contain 25 articles or fewer. Most clusters contain only two articles each, while
the largest cluster includes 499 of them. This largest cluster pertains to the 2021 Tokyo
Olympics opening ceremony and features coverage in multiple languages.

Cluster Distribution by Size
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Figure 5.3: The OG2021 article distribution by size. About 95% of clusters contain 25 or
fewer articles. The largest cluster contains almost 500 articles.

Cluster distribution per language. Figure 5.4 presents the distribution of clusters by lan-
guages. Most clusters contain articles written in just one language, with the most mono-
lingual clusters corresponding to English, followed by Portuguese and Spanish. However,
approximately 28% of the clusters consist of articles written in two or more languages.
The most linguistically diverse cluster includes articles in nine languages, containing all
the languages of the data set.

Cluster Distribution per Languages

number of languages in cluster

number of clusters (log scale)

English Portuguese Spanish French Russian German Slovenian Arabic Chinese
monolingual cluster distribution per language

Figure 5.4: The OG2021 cluster distribution by language in log scale. The upper chart
shows how many clusters contain a set number of languages; almost 28% of the clusters
contain two or more languages. The bottom chart shows the distribution of monolingual
clusters across languages.
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Language co-occurrence in clusters. To highlight the multilingual nature of the data set,
we computed the language co-occurrence across all clusters, as depicted in Figure 5.5. The
diagonal of the co-occurrence matrix shows the percentage of clusters that include each
language. The analysis reveals that any two languages appear together in at least one clus-
ter, which represents 0.1% of all clusters. English, Portuguese, and Spanish language pairs
co-occur in approximately 10% of the clusters. Other language pairs show co-occurrence
rates between 1-6%. The only exception is Chinese, which has a minimal presence in the
data set and appears in only nine articles.

Language Co-occurrence Matrix

English 0.2%
Portuguese 0.2%
Spanish 0.3%
French 0.2%
Russian 0.2%
German 0.2%
Slovenian 0.1%
Arabic 0.8% 0.7% 0.1%
Chinese{ 0.2% 0.2% 03% 02% 0.2% 02% 0.1% 0.1% 0.4%

Figure 5.5: The OG2021 language co-occurrence in clusters. All language pairs co-occur
in at least 0.1% of clusters.

The statistics demonstrate that the data set is diverse, covering a broad spectrum of
languages and article clusters, particularly focused on the 2021 Tokyo Olympics period.
The clusters vary in size, with most containing a modest number of articles. The mul-
tilingual analysis further highlights the data set’s extensive language diversity, with each
language appearing in at least 0.1% of all clusters.

5.1.4 Data set comparison

This section compares the OG2021 data set to the multilingual news article data set by
Miranda et al. [114], referred to as CDET. Originally sourced from the Event Registry,
this data set was developed to assess a cross-lingual news similarity and event tracking
method [136]. It contains three primary languages, English, Spanish, and German, and
six less-presented languages: Chinese, Slovenian, Croatian, French, Russian, and Italian.
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Each article in the data set is characterized by its title and body, the language it is written
in, the publication datetime, and its cluster label. The data set statistics are detailed in
Table 5.6. It is frequently used to evaluate multilingual news clustering algorithms, making
it a suitable benchmark for comparison.

Table 5.6: The CDET data set statistics. The statistics show the number of articles, the
average number of words in the title and body, the number of clusters, and the average
cluster size. For Chinese, we report the average number of characters in the title and body.

Language Number of articles Average m.lmber of Average number of Number of clusters Avelfage
(per cent of total)  words in title (std) words in body (std) cluster size (std)
TRAIN SET
All 20,813 - - 1,109 -
English 12,233 (59%) 9 (3) 436 (380) 593 21 (32)
Spanish 4,527 (22%) 11 (4) 355 (242) 416 11 (9)
German 4,043 (19%) 7(3) 284 (220) 377 11 (7)
Chinese* 10 (0%) 20 (9) 446 (200) 1 10 (0)
TEST SET
All 13,874 - - 394 -
English 8,726 (63%) 9 (3) 537 (518) 222 39 (89)
Spanish 2,177 (16%) 11 (3) 401 (358) 149 15 (21)
German 2,101 (15%) 8 (3) 450 (496) 118 18 (45)
Chinese* 440 (3%) 19 (6) 1,445 (1,111) 9 49 (74)
Slovenian 37 (0%) 8 (3) 364 (232) 3 12 (3)
Croatian 13 (0%) 10 (4) 294 (301) 2 6 (0)
French 61 (0%) 10 (3) 338 (208) 2 30 (20)
Russian 231 (2%) 10 (5) 288 (294) 1 231 (0)
Italian 88 (0%) 9 (5) 506 (313) 2 44 (39)

Size and language comparison

We first compare the OG2021 and CDET data sets based on their size and article dis-
tribution per language. Table 5.7 shows the relevant statistics of the data sets side by
side. First, the comparison shows that the CDET contains three times as many articles
as OG2021. English articles are predominant in both data sets, comprising 60% of CDET
and 37% of OG2021. Besides English, the CDET data set has a substantial number of
Spanish and German articles, whereas OG2021 contains a significant amount of Spanish
and Portuguese articles. The less-represented languages in OG2021 contain a higher per-
centage of articles, ranging from 0-6%, compared to those in the CDET data set, which
range from 0-2%. Additionally, the CDET data set features larger average cluster sizes
than those in OG2021; a cluster in the CDET has an average of 23 articles, whereas a
cluster in OG2021 averages eight articles.

Cluster language comparison

Cluster distribution per language comparison. In this section, we analyze the cluster lan-
guage distributions of the OG2021 and CDET data sets. Figure 5.6 shows the distribution
of clusters by language within the CDET data set. It indicates that the vast majority
of clusters consist of articles written in a single language, with a significant number of
clusters also containing articles in two languages. Compared to OG2021, as shown in Fig-
ure 5.4, the CDET data set features fewer clusters with two or more languages (26%) than
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Table 5.7: The OG2021 vs CDET data set comparison statistics. The statistics show the
number of articles and clusters found in each data set. While OG2021 has less articles,
they are more distributed across different languages than those in the CDET data set.

0G2021 CDET

Language # articles # clusters # articles # clusters
All 10,940 1,350 34,687 1,503
English 4,009 (37%) 729 20,959 (60%) 815
Spanish 2,046 (19%) 381 6,704 (19%) 565
German 516 (4%) 100 6,144 (18%) 495
Chinese 9 (0%) 5 450 (2%) 10
Slovenian 331 (3%) 102 37 (0%) 3
Croatian - - 13 (0%) 2
French 845 (8%) 170 61 (0%) 2
Russian 553 (5%) 152 231 (1%) 1
Italian - - 88 (0%) 2
Portuguese 2,410 (22%) 368 - -
Arabic 218 (2%) 71 - -

0G2021 (28%). Additionally, OG2021 includes a higher number of clusters containing
between three and nine languages and has clusters that include as many as eight and nine
languages, which are not present in the CDET data set.

CDET Cluster Distribution per Languages
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Figure 5.6: The CDET cluster distribution by language. About 26% of the clusters contain
two or more languages.

Language co-occurrence comparison. To evaluate the multilingual nature of the data sets,
we computed the language co-occurrence across the CDET clusters and compared it to
that of OG2021, as depicted in Figure 5.7. The OG2021 data set exhibits a higher rate of
language co-occurrence across its clusters than CDET. In the CDET data set, only English,
Spanish, and German articles have high co-occurrence, which reflects its article language
distribution. Additionally, some language pairs in CDET do not co-occur at all, whereas,
in OG2021, every language pair appears in at least one cluster.

The comparison of the two data sets shows that while they have some attributes in
common, such as the present languages and the average number of words in the title and
body, they vary in their article language distribution and the language co-occurrence in
clusters. However, both data sets are valuable and helpful for evaluating multilingual news
clustering algorithms.
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0G2021 Language Co-occurrence Matrix

English 0.2%
Portuguese 0.2%

Spanish 0.3%

French 0.2%

Russian 0.2%
German 0.8% 0.8% 0.2%
Slovenian b 0.7% 0.1%

Arabic 0.8% 0.7% 0.1%

Chinese { 0.2% 0.2% 0.3% 0.2% 0.2% 0.2% 0.1% 0.1% 0.4%
Croatian

Italian

@‘goéo@é)z (»)Qo&é\ Q‘Q'Q& & (,e‘@f(,,\o@@\ v‘p\c &‘\e& oo?’&o \@\\7,«\
<

(a) The OG2021 language co-occurrence matrix.

CDET Language Co-occurrence Matrix

English . . 0.1% 0.1% . 0.1% 0.1% 0.0% 0.1%
Portuguese

Spanish . . 0.1% 0.1% . 0.1% 0.0% 0.0% 0.1%

French { 0.1% 0.1% 0.1% 0.1% 0.1% 0.1% 0.0% 0.0% 0.1%

Russian { 0.1% 0.1% 0.1% 0.1% 0.1% 0.1% 0.0% 0.0% 0.1%
German . . 0.1% 0.1% - 0.1% 0.0% 0.0% 0.1%
Slovenian { 0.1% 0.1% 0.1% 0.1% 0.1% 0.2% 0.0% 0.0% 0.1%

Arabic

Chinese { 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.6% 0.0% 0.0%
Croatian { 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.0%

Italian { 0.1% 0.1% 0.1% 0.1% 0.1% 0.1% 0.0% 0.0% 0.1%

@&é\o&@e& c,@éé\ Q‘eeé\ @"é@o 006&0(,\04@(@0 @3‘" d‘&e& Oo?;;@‘\ @&0
]

(b) The CDET language co-occurrence matrix.

Figure 5.7: The 0G2021 vs CDET language co-occurrence comparison. Missing values
denote the absence of the language in the data set.
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5.2 Online Multilingual News Clustering Using Wasserstein
Distance

Online news sources generate hundreds of thousands of articles daily, covering significant
events worldwide. These events span diverse domains, such as politics, sports, culture,
and industry, and are presented in various languages. Furthermore, articles may provide
different perspectives on the same event, influenced by political, social, or demographic
biases. Collecting and grouping articles that report on the same event enables us to fully
analyze it, aiding our understanding of its global importance and implications for the world.

Online news clustering poses a significant challenge due to the global dynamic nature
and vast volume of news. News is published at a high frequency, which is why the articles
usually need to be handled individually as they appear in the news stream. The system
must then decide whether to include an article in a specific event cluster. The multilin-
gual nature of articles adds complexity, requiring syntax-independent features to cluster
the articles effectively. Furthermore, articles may report on events occurring at various
timestamps in the past. While these events may be semantically similar, such as a volcano
eruption in the same location, they happened at different times. Because of this, online
news clustering systems must leverage both text and time-related features to appropriately
group articles.

Online news clustering algorithms aggregate article information to determine how to
group articles into distinct clusters. Most algorithms define a cluster as a collection of
articles with similar characteristics aggregated within this definition. However, the process
of determining if two clusters should be merged relies on a comparison of their aggregated
values. This approach, while useful, does not provide a comprehensive understanding of
the clusters, as a single article can significantly alter the representations of both clusters.
Considering all of the article’s information and representations, without aggregates, would
improve the decision when to merge two clusters.

This section aims to develop an online multilingual news clustering algorithm that
uses semantic technologies and unconventional similarity methods to compare news across
different languages and incorporates a temporal component to assess the temporal relevance
of assigning an article to a specific event cluster.

The main research objectives are to (1) develop the algorithm and evaluate its perfor-
mance on a news clustering evaluation data set of various languages and (2) assess how
unconventional similarity methods contribute to its performance.

We propose an online multilingual news clustering algorithm that operates in two
stages. The first stage creates article clusters. In contrast, the second stage merges the
generated article clusters into event clusters based on their Wasserstein distance and tem-
poral similarity. The algorithm aims to limit the amount of information aggregation done
during clustering, thereby incorporating as much available information about the articles
as possible. The algorithm is evaluated on the CDET and OG2021 data sets, described in
Chapter 5.1. The evaluation metrics used include the standard F1 score and the BCubed
F1 score. The results show that the proposed algorithm performs on par with the com-
pared algorithms that utilize classification models. Additionally, the analysis shows that
the proposed cluster merging approach, leveraging Wasserstein distance, significantly en-
hances the quality of the generated clusters compared to not merging the clusters. It can
thus serve as an alternative to classification models for cluster merging decisions.

The remaining sections are structured as follows. We first describe the online news clus-
tering algorithm in Section 5.2.1 and its implementation details in Section 5.2.2. Next, we
present the experiment setting in Section 5.2.3, describing the data set, evaluation metrics,
and comparing algorithms. Finally, the experiment results are reported in Section 5.2.4.
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5.2.1 Algorithm description

We propose a two-stage online multilingual news clustering algorithm, called Wasserstein-
based news Article Clustering (WAC), illustrated in Figure 5.8. In the first stage, the
algorithm focuses on clustering news articles. Each pre-existing cluster is ranked based
on its content and temporal similarity to the current article. Based on the cluster’s rank
score, the article is assigned either to the highest-ranking cluster or a newly created one. In
the second stage, the algorithm merges the article clusters to form the final event clusters.
Each previously seen event cluster is first ranked based on different metrics for measuring
the content and temporal similarity to the current article cluster. Again, given the rank
score, we merge the article cluster into either the highest-ranking event cluster or a newly
created one.
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Figure 5.8: The WAC algorithm diagram. The time-ordered articles are first clustered
into article clusters based on the clustering similarity ranking, resulting in the clusters
depicted in the first stage. Next, the article clusters are clustered into event clusters based
on the Wasserstein distance and temporal similarity, resulting in event clusters shown in
the second stage.

In the following sections, we provide details on how the algorithm works. We describe
how articles are represented and explain the components used and the procedure of both
article clustering and cluster merging.

Article representation

Every news article a is presumed to have a title and body, accompanied by its publication
datetime and the language in which it is written. We first format the title and body by
replacing multiple whitespaces with a single space. Using this information, we proceed to
generate the article embeddings and extract named entities found in the article.

Article embeddings. Each article is assigned two embeddings representing the title and
body, respectively. We do this to retain the information in both the title and body, as the
body can contain more information, possibly unrelated to the title. With this, we also want
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to find articles that contain similar information in both the title and the body. Using a
multilingual language model trained for generating vectors for cross-lingual clustering tasks,
we create the corresponding embeddings by separately inputting the article’s title and body
into the language model, resulting in the vectors that capture the semantic meaning of its
input. We denote the title and body embeddings as vf*e dy, respectively.

bo
o€ and v,

Article named entities. We extract the relevant entities associated with every article. Using
a multilingual named entity recognition model, we identify the named entities mentioned
in the article’s title or body and join them in a standard set. The entities extracted are
in the same language as the article. This enables an additional way of comparing articles
within the same language. Afterward, we eliminate duplicates and retain the remaining
unique entities for future use. We denote the set of unique entities in the article as e,.

Final article representation. Given the above definitions, we represent each article a as
a set of the following attributes: the article title embedding 9%%¢, the article body em-
bedding T}ZOdy, the article named entities e, the article publication time t,, and the ar-
ticle language a.lang. For the remainder of the chapter, we use the following notation

_ [rtitle =body
a = {07 0,""Y  eq, tq,a.lang}.

Article clustering phase

The goal of article clustering is to group articles such that the articles in the group depict
the same story. Our approach builds upon previous work [239]. To ensure clarity and
completeness, we describe the original methodology and the adjustments made.

Cluster representations. Each cluster is characterized by representations derived from
its articles. The following describes these representations and how they are created.

Cluster centroid embeddings. The centroid vectors represent the central theme of the cluster
articles. It is primarily used to assess if an incoming article is similar enough to the articles
in the cluster. The centroid is calculated as the average attribute-specific embedding of all
articles within that cluster:

3

attr
a; Y

—attr _ -
V. = ()

1
ni

where n is the number of articles in the cluster, and ﬁgft” represents the article’s attribute

embedding, attr € {title,body}.

Cluster named entities. Each cluster has a set of named entities and is used to assess if
the incoming article mentions the event’s entities. The set is a union of named entities
extracted from the articles within the cluster:

n
€c = U €a;)
=1

where e, represents each article’s named entities.

Cluster temporal aggregates. The cluster’s temporal attributes are used to assess if the
incoming article was published at a time when it could still report about the cluster-
represented event. These are represented as a tuple of the minimum, average and maximum
article datetime value, depicted as

te = (tglin’ tgvg, tglax) 7
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where 288" is defined as the aggregate of the publication datetime value of the articles
contained in the cluster c, i.e. 128" = aggr ({tq, }~;) where t,, is the publication datetime
of article a; € ¢ and aggr € {min, avg, max} is the aggregate function.

Final cluster representation. Given the above definitions, we define each cluster ¢ as a
set of the following attributes: the cluster title centroid embedding 172”16, the cluster body
centroid embedding ﬁgOdy, the cluster named entities e., and the cluster temporal aggregates

t.. For the remainder of the chapter, we use the following notation ¢ = {74, @?dy, €cyte}

The similarity score methods. The article clustering is performed using three main
methods for measuring the temporal, content, and entity similarity between the article
and cluster, respectively. What follows are the implementation details of each of these
methods.

Temporal score. The temporal score between two datetime values is measured using Equa-
tion 5.1. It takes two datetime values t; and to and the scaling factor o denoting the
rate at which the temporal score diminishes towards zero if the respective datetime values
are not close. First, it measures the absolute distance between the two datetime values,

: 2
At = |t1 — to|. Afterwards, it uses At to calculate the exponent z = —% (%) . The final
temporal score is computed as the exponential value e*. The equation returns higher values

when datetime values t; and to are closer in proximity.

7;(It1—t2I)2
TemporalScore(ty,ta,0) =€ 2\ @

(5.1)

The article-cluster temporal score. The temporal score between article ¢ and cluster c is
calculated using Algorithm 5.1. The score shows how temporally aligned the article is to
the articles in the cluster. The algorithm calculates the average temporal score between
the article’s publication datetime value t, and each of the cluster’s temporal attributes in
t. using the Equation 5.1 and the predetermined scaling factor o. Higher values indicate
better temporal matching between article a and cluster c.

Algorithm 5.1: The article-cluster temporal score: ACTemporalScore

Input : The article a; the cluster ¢; the scaling factor o
Output: The article-cluster temporal score

tscores « list() // empty list
for aggr € {min, avg, max} do
score < TemporalScore (t,, te?7", o) // see Equation 5.1

tscores.append (score)
end
return avg/(tscores)

The article-cluster content score. The article-cluster content score depicts the content
alignment between article a and cluster c. It is calculated by determining the pairwise
cosine similarity between the title (5£4¢, 5t¢) and body (32°%,52°%) embeddings of the
article and cluster. Additionally, the cosine similarity between the title and body embed-
dings is measured to determine how similar the article’s title is to the cluster’s aggregated
body. Similar is done for the cluster’s aggregated title and the article’s body. The final
score is the average of all computed similarity scores. Higher values indicate better content

matching between article a and cluster ¢. The method is depicted in Algorithm 5.2.
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Algorithm 5.2: The article-cluster content score: ACContentScore
Input : The article a; the cluster ¢
Output: The article-cluster content score

cscores < list() // empty list
for attry € {title,body} do
for attry € {title,body} do
score < CosineSimilarity (v2Hr patr2)
cscores.append (score)

// see Equation 2.2

end
end
return avg(cscores)

The article-cluster entity score. This score measures the named entities’ overlap between
article a and cluster c. If either of the entity sets e, or e. are empty, then the score is set
to zero. Otherwise, we calculate the ratio between the intersection of the entity sets and
each entity set, respectively, showing how many entities in the article set are also present
in the cluster set and vice-versa. We return the average of the calculated ratios as the
final score, where higher values indicate better entity overlap. The method is depicted in
Algorithm 5.3.

Algorithm 5.3: The article-cluster entity score: ACEntityScore

Input : The article a; the cluster ¢
Output: The article-cluster entity score

if e, is empty or e. is empty then
return 0
end
escores <« list(w, leance|
leal lec]

return avg(escores)

Article clustering algorithm. The online article clustering is described in Algorithm 5.4.
The inputs are the current article a, the given active cluster set C, and the hyper-
parameters which include the rank threshold 75y 2™ ", the named entity threshold 7507S™",
and the temporal scaling factor ocpysrer. 1he algorithm returns the updated cluster set
C, with the article a assigned to an existing or a newly created cluster.

The algorithm first prepares the relevant cluster set denoted as Cyg.. If performing
monolingual article clustering, the appropriate cluster set is comprised of clusters ¢; € C,
which contain only articles in the same language as the current article a, i.e. a.lang = ¢;.lang,
where ¢;.lang depicts the language of the articles in the cluster. Otherwise, we set the
relevant set containing all active clusters, Cry, = C. If the set of relevant clusters is empty,
a new cluster containing the current article a is created and added to the cluster set C.
Otherwise, for each relevant cluster, we calculate their rank by multiplying their temporal
score (see Algorithm 5.1) and content score (see Algorithm 5.2). Afterwards, we sort the
clusters based on their rank in descending order and consider only those with the rank
above the threshold 7yin ™. We then iterate through the clusters ¢; € Cgg, and search
for the first one which has the entity score above the set entity threshold 750 5™, Once
we find it, we assign the article a to the cluster and update the active set C. If no such
cluster exists, we create a new cluster containing the target article and add it to the active

set C.
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Algorithm 5.4: The article clustering algorithm.

Input : The article a; the set of active clusters C = {ci}le; the rank 7705 F and

RANK
named entity 75VSTER thresholds; the temporal scaling factor ooLusrs
ENTS Y CLUS R

Output: The updated set of clusters C'

Crer, < C // copy the active clusters

if |Crpw| = 0 then

create a new cluster containing the article cx,1 < a

update the active set C < cp41

return C // proceed with article clustering cleanup

end

foreach ¢; € Ciy, do

ci.rank < ACTemporalScore(a, ¢;, Ocrusrer) // see Algorithm 5.1
x ACContentScore(a, ¢;) // see Algorithm 5.2

end
Crp < sort(Cryy, ¢ .rank, descending)
foreach c; € Cyy, where c¢;.rank > 79/05™" do
escore « ACEntityScore(a, ¢;) // see Algorithm 5.3
if escore > 75UTSTPR then
assign the article to the cluster ¢; < a
update the active set C' < ¢;
return C // proceed with article clustering cleanup

end

end

create a new cluster containing the article cx41 < a

update the active set C' < cp4q

return C // proceed with article clustering cleanup

Article clustering cleanup. After assigning article a to a cluster, active set C' is sent
through a cleanup process described in Algorithm 5.5. The cleanup aims to remove clusters
significantly older than the processed article a, thereby reducing the number of clusters the
article clustering algorithm must handle. For each cluster ¢; € C, the algorithm calculates
the temporal score given article a and temporal scaling factor ocLysrer. If the score is
below or equal to a set threshold 7o 5"

active cluster set. After evaluating and removing all clusters as necessary, the clustering
algorithm proceeds by processing the following news article.

, the associated cluster is removed from the

Algorithm 5.5: The article clustering cleanup.

Input : The current article a; the set of active clusters C = {ci}f:l; the temporal
threshold 70575 "; the temporal scaling factor ocpusrer

Output: The updated active clusters set C

foreach ¢; € C' do

tscore < ACTemporalScore(a, ¢;, OcrLusrer) // see Algorithm 5.1
if tscore < 75T then
remove the cluster ¢; from the active cluster set C
end
end

return C
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Cluster merging phase

The article clustering algorithm may produce multiple clusters that depict the same event.
To address this problem, we developed the cluster merging component to group article
clusters representing the same story. The main component, the Wasserstein distance in-
troduced in Appendix 3, measures the similarity between two clusters given their corre-
sponding articles. In this section, we describe the methods for measuring temporal and
content similarity between clusters, followed by describing the cluster merging algorithm.

The similarity score methods. The cluster merging is performed using two main
methods, one for measuring the temporal similarity and another for measuring the content
similarity. What follows is the description of both methods.

The cluster-cluster temporal similarity score. The temporal similarity score between clus-
ters ¢; and cj, described in Algorithm 5.6, shows the temporal alignment of the two clusters.
We first calculate the individual temporal scores between each of the temporal aggregates
of cluster ¢; and ¢; given the temporal scaling factor o, i.e. TemporalScore (t¢/?"", 7", o)
where aggri,aggrs € {min, avg, max}, and structure them into a matrix 7'. Taking inspira-
tion from BERTScore [103|, we then calculate the temporal F1 score, where the precision
and recall are defined as the average maximum values of the corresponding rows and
columns in matrix 7T, respectively. The F1 score is returned as the final temporal score

between the two clusters.

Algorithm 5.6: The cluster-cluster temporal score: CMTemporalScore

Input : The clusters ¢; and c;; the scaling factor o
Output: The cluster-cluster temporal score

aggrs < list(min, avg, max)
n < len(aggrs)
T < matrix(n, n) // matrix with all zeros
for k <~ 1 tondo
for £ < 1 to ndo

Tj,¢ < TemporalScore (tziggrs[k], tzjg,grsm, o) // see Equation 5.1
end
end
P = avg(max(T, dim=1)) // average maximum value by rows
R = avg(max (T, dim=2)) // average maximum value by columns
_ 5PR
F1=25%
return F1

The cluster-cluster content similarity score. The content similarity score between two
clusters ¢; and c¢; is measured using the Wasserstein distance between the probability
distributions of the cluster’s corresponding articles (see Algorithm 5.7). Let ¢; = {ai}}_,
and ¢; = {ajs};’; be two clusters containing their distinct articles. Let D e R™™ be
the matrix of distances between articles of both clusters. The distance used is the cosine
distance between the article’s embeddings:
SA BA
]. <Ua-kvva ‘g)
Dy = d(ak, aje) = — > 1 - ———5—),
’ v G 7 P e P
where A = {title,body} is the set of article’s content attributes. We use multilingual
language models to generate the articles’ content embeddings, enabling us to compare
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articles in different languages. However, the embeddings of texts in different languages are
generally further apart. To compensate for this, we update matrix D such that the values
corresponding to article pairs that are in different languages are reduced by a factor of
n € (0,1) and thus closer in the embedding space:

Dy, = kD e, aix.lang # aje.lang,
k.t Dy, ¢, otherwise.

Through experimentation, we found that ~ = 0.99 gives the best performance. Let p., and
Ve, be the article distributions of the two clusters:

n n
Hej = Z Way, Oay, Z Way, =1,
k=1

k=1
m m
VC]‘ = ;waﬂéaﬂ? zzlwa]‘[ = ]-7

where dq,, , 0q;, are the Dirac delta functions as defined with Equation (3.7). Weights wy,,
and Wq,, TEpresent the mass of their respective articles a;;, and aj,. Although we can assign
weights to signify different aspects of the articles, we treat all articles equally important in
the cluster. Therefore, we set the weights to be uniformly distributed, meaning w,,, = %,
k=1,...,n and wg,, = %, £=1,...,m. Using distance matrix D and article distributions
He;s Ve;, we calculate the Wasserstein distance between the two clusters by solving the opti-
mization problem depicted in Equation (4.3). The solution also returns the transportation

matrix P € R™™, which is used to calculate the final distance:

|M3

Py ¢Dyp.

dw (circi) = ),
k=1¢=1

Afterwards, we use the distance value to calculate the final value using the following equa-
tion: ,
CMContentScore(c;,¢;) = e~dw (i)™ ¢ (0,1].

The final value signifies the content similarity score between the two clusters, where higher
values indicate better content matching. The details on the Wasserstein distance hyper-
parameters are in Section 5.2.2.

The cluster merging algorithm. Algorithm 5.8 outlines the cluster merging process.
It begins with the current article cluster ¢, the set of active event clusters C' = {ci}le,
and the hyper-parameter set containing the relevancy rank score threshold 7}0R, and
the temporal scaling factor oygreg. It then outputs the updated set of event clusters C,
where the current article cluster c is either merged with an existing one or added to the
set independently.

First, we check if the cluster set C' is empty. If so, cluster ¢ is added to the active
cluster set C'. Otherwise, we create the cluster set Crg; € C' containing the event clusters
most similar to ¢ based on their temporal (see Algorithm 5.6) and centroid embedding
similarity (an extension of Algorithm 5.2). Set Cgg, is designed to reduce the number
of event clusters compared to the article cluster ¢, thereby decreasing the time required
to execute the algorithm. Afterwards, the algorithm finds the cluster cppgr € CryL that
is most similar to ¢ based on the product of its temporal and content scores, described
above. If the product is greater than the rank score threshold 7}55" | the articles of cluster

c are assigned to cluster cgpsr and the active event cluster set C gets updated. Otherwise,
cluster ¢ is added to the event cluster set C.



76

Chapter 5. Online Text Clustering with Neural Networks

Algorithm 5.7: The cluster-cluster content score: CMContentScore

Input : The clusters ¢; and c¢;; the Wasserstein-related parameters v and nit
Output: The cluster-cluster content score

attrs < list (title, body)

n, m < len(g;.articles), len(c;.articles)

D < matrix(n, m) // matrix with all zeros
for k<1 tondo

for / < 1 to m do

ik, aje < c;.articles[k], c;.articles[ /]

foreach attr ¢ attrs do

Dy < Dy + CosineDistance (v vfﬁﬁr)

// see Equation 2.2

ik’
end
D < ﬁ x (k if a;;.lang # aj¢.lang else 1)
end
end
dist(c;), dist(c;) « list(, size = n), list (L, size = m)
W « SinkhornKnopp (D, dist(c;), dist(c;), v, nit) // see Algorithm 3.1

return exp(-W?)

Algorithm 5.8: The cluster merging algorithm.

Input : The current article cluster c; the set of active event clusters C = {¢;}¥ ;
the rank threshold 7}ERF; temporal scaling factor oygrer; the
Wasserstein-related parameters v and nit

Output: The updated set of active event clusters C

if there are no clusters in C' then
add the cluster ¢ to the active cluster set C
return C // proceed with cluster merging cleanup
end
Create the subset Cgrg., € C containing clusters that are most similar to ¢ in terms
of temporal and centroid similarity
foreach ¢; € Ciy,, do
ci.rank < CMTemporalScore(c, ¢;, Oygrcr) // see Algorithm 5.6
x CMContentScore(c, ¢;) // see Algorithm 5.7

end
cgrst < highest ranking cluster in Cygy
if cppsr.rank > 7YECF then
assign the articles to the event cluster ¢; « c.articles
update the active cluster set C' < ¢;
return C // proceed with cluster merging cleanup
end
add the cluster ¢ to the active cluster set C

return C // proceed with cluster merging cleanup

The cluster merging cleanup. After processing the current cluster ¢, the active event
cluster set C' is sent through a cleanup process described in Algorithm 5.9. For each cluster
¢; € C, we calculate the temporal score given the article cluster ¢ and temporal scaling factor

ouerce- 1f the score is below or equal to a set threshold 7o, the associated cluster is

MERGE
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removed from the active event cluster set, thus reducing the number of clusters that are
considered in Algorithm 5.8. Afterwards, the cluster merging continues with the following
article cluster.

Algorithm 5.9: The cluster merging cleanup.

Input : The current cluster c; the set of active clusters C' = {ci}le; the temporal
threshold 7YER%": the temporal scaling factor oygrer
Output: The updated set of active event clusters C

foreach ¢; € C do

tscore < CMTemporalScore(c, ¢;, Oyprar) // see Algorithm 5.6
if tscore < TYPRYF then
‘ remove the cluster ¢; from the active cluster set C'
end
end
return C

Like related work, the WAC algorithm can merge clusters but not split them. Splitting
might be beneficial when the algorithm detects that a cluster contains multiple distinct
stories and should be split into multiple groups. However, splitting was not considered in
this research and is left as a potential future research direction.

5.2.2 Implementation details

This section presents the details and decisions made during the algorithm development. It
contains information on the multilingual language model used for generating the articles’
content embeddings, the named entity recognition model used to extract named entities
from the articles, the hyper-parameters used when calculating the Wasserstein distance,
and the value sets used for finding the optimal hyper-parameters. The code is implemented
using PyTorch [195].

Language model

The article embeddings are created using a pre-trained SBERT [240] based on the XLM-
RoBERTa model [22], specifically the paraphrase-merging-mpnet-base-v2 model!. The
language model consists of 278M parameters and was pre-trained on parallel data from

50+ languages. The model uses the SentencePiece tokenizer, with a vocabulary size of
250k tokens.

Named entity recognition model

The article’s named entities are extracted using the multilingual NER model, named
span-marker-mbert-base-multinerd?, created using SpanMarker [242] model and trained
on the MultiNERD [243] data set. The model supports 10 languages: English, German,
Spanish, French, Italian, Dutch, Polish, Portuguese, Russian, and Chinese, covering our
evaluation’s main languages. The label set the selected NER model detects includes people,
organizations, locations, animals, events, temporal values, and more.

1h‘ctps ://huggingface.co/sentence-transformers/paraphrase-merging-mpnet-base-v2
*https://huggingface.co/tomaarsen/span-marker-mbert-base-multinerd
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https://huggingface.co/tomaarsen/span-marker-mbert-base-multinerd
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Wasserstein distance parameters

We compute the Wasserstein distance using the Sinkhorn-Knopp algorithm [63]. This al-
gorithm requires two hyper-parameters: (1) regularization factor -, and (2) the number
of iterations nit. The regularization factor controls the precision of the final Wasserstein
distance. Smaller factors yield more precise solutions but also increase the risk of encoun-
tering under- or over-flowing gradient values. Following prior research [192|, we conducted
experiments with regularization factor values selected from {0.01,0.1,1}, ultimately set-
tling on «v = 0.1 as it consistently produced stable results. Furthermore, we experimented
with different values for nit taken from the set {5,10,20,50,100} and found that the
Sinkhorn-Knopp algorithm already converges when nit = 10, which is the value used in our
experiments.

Hyper-parameter selection

The final hyper-parameters for article clustering and cluster merging were determined
through a grid search conducted on the training data set. The parameters considered for
article clustering included whether to perform monolingual or multilingual article clus-
tering, the rank threshold (7{vye™") with values in the set {0.4,0.5,0.6,0.7}, the named
entity threshold (75uis™ ") taken from {0,0.2,0.4,0.6}, the temporal threshold (755" ")
taken from {0.1,0.2,0.3,0.4}, and the time scale value in days (ocLusrer) With values in
the set {1,2,3,4,5}. For the cluster merging parameters, we explored the rank threshold
(Tahese®) with values taken from {0.6,0.7,0.8,0.9}, the temporal threshold (rhw ") taken
from {0.1,0.2,0.3,0.4}, the time scaling in days (oygrer) Where the values were from the

set {1,2,3}. The optimal parameters are then used in the evaluation.

5.2.3 Experiment setting

We will now outline the experimental setup, describing the datasets and how they are
prepared for the experiments. Next, we will detail the evaluation metrics. Finally, we will
introduce the algorithms being compared.

Data sets

We utilized the data sets discussed in Section 5.1 to evaluate the algorithm’s performance.
This includes the CDET data set, prepared by Miranda et al. [114], and the newly created
0G2021 data set. The statistical details of the CDET data set can be found in Section 5.1.4,
while the statistics for the OG2021 are presented in Section 5.1.3.

CDET. In this experiment, we utilized the training portion of the data set to determine the
algorithm’s hyper-parameters, focusing on article clustering and cluster merging thresholds.
After determining these hyper-parameters, we applied the algorithm to the test data set.

0G2021. To assess the algorithm’s performance on this data set, we conducted a grid
search across the hyper-parameters and reported the best-performing results on the 2021
Tokyo Olympics data set.

Evaluation metrics

Similar to related work [114], [137], [138], we report the standard F1 score and the BCubed
F1 score [244], as well as their associated precision and recall scores.
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Standard F1 score. Let tp be the number of correctly clustered-together article pairs, fp the
number of incorrectly clustered-together article pairs, and fn the number of incorrectly not-

. . .. _ip _ _tp
clustered-together article pairs. Then we report precision as P = ot recall as R = ot
The F1 score is calculated as the harmonic mean of the precision and recall: F} = 2%.

While precision describes how homogenous the clusters are, recall tells us the ratio of
article pairs that are correctly clustered together in the set of all article pairs that should
be clustered together.

BCubed F1 score. The BCubed F1 score, an extension of the F'1 score, evaluates the quality
of generated clusters using the given article labels. For an article, BCubed precision is
calculated as the proportion of articles in its cluster that share the same label, including
itself. The overall BCubed precision is the average of these individual precisions across
all articles in the data set. Similarly, BCubed recall for an article is calculated as the
proportion of articles with the same label in the entire data set that appears in its cluster.
Again, the overall BCubed recall is the average of these individual recall scores. Finally,
the BCubed F1 score is computed as the harmonic mean of BCubed precision and BCubed
recall. BCubed metrics generally favor solutions that make mistakes in clusters already
containing many mistakes and make errors in larger clusters rather than smaller ones.

Comparing algorithms

This section introduces the algorithms used to compare with the proposed approach. The
selected algorithms are multilingual news clustering algorithms, a category with limited
options. Since the algorithms were already applied to the data set used in this experiment,
we report the performance metrics found in their original papers.

Tau-search. This algorithm conducts multilingual news stream clustering in two steps [114].
Initially, it generates monolingual event clusters using language-specific features, including
TF-IDF subvectors of words, word lemmas, and named entities extracted from the articles.
These clusters are then merged into multilingual clusters using cross-lingual word embed-
dings. Their best-performing multilingual model evaluates distances by comparing every
language only to English, and cross-lingual clustering decisions are based solely on these
calculated distances.

NewsLens*. This algorithm builds upon the existing newsLens system [132]| by processing
articles in batches, identifying monolingual local topics to link articles across time and
languages [137]|. Modifications include a replaying strategy to link monolingual local topics
into events and fine-tuning an SBERT language model for creating multilingual clusters.

MNCPS. This algorithm aims to minimize reliance on language-specific features [138]. It
obtains article representations using an SBERT language model, computes the best-ranked
cluster, decides if the article is accepted into the best-ranked cluster, enters it accordingly,
and merges clusters related to the same event. The algorithm uses Rank-SVM models [245]
to rank clusters based on the article’s publication datetime and content embeddings and
determine which clusters to merge.

MSC. Similar to the proposed WAC algorithm, this one uses named entity recognition
models for extracting relevant information and multilingual language models to create a
multilingual content representation [246]. The articles are then compared in a multilingual
vector space by measuring the entity, content and temporal similarity between the article
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and each event. The article is assigned to the event if all similarities exceed the predefined
thresholds. We report the metrics as stated in the original paper.

5.2.4 Experiment results

This section presents the experiment results. We first provide an overview of the al-
gorithm’s performance, followed by an analysis of the algorithm’s hyper-parameters and
components. Throughout the analysis, we compared three different variants of the original
WAC implementation, where the differences are only in the article clustering algorithm:

e WACyonoO+NER: conducting monolingual article clustering and utilizing entity sim-
ilarity score,

e WAC\ono: conducting monolingual article clustering without utilizing entity sim-
ilarity score, and

o WACyuLTI: conducting multilingual article clustering without utilizing entity sim-
ilarity score.

All three variants use the same cluster merging approach.

Clustering performance analysis

Depending on the data set used, we chose different hyper-parameter values for the WAC
algorithm. Additionally, we report the performance of the comparison algorithms, which
enabled us to retrieve or compute the results for each dataset.

CDET. The experiment results performed on the CDET data set can be found in Table 5.8.
We exclusively present the best performance scores among all variations, which correspond
to the WACyupTr variant with the following article clustering hyper-parameters: per-
forming multilingual article clustering, the rank threshold 7.y 5™ = 0.5, no named entity
score used, i.e. ToULETPR = 0, the time threshold 705" = 0.3, and time scale ocLusrer
= 3 days. For the cluster merging algorithm, the hyper-parameters are as follows: rank
threshold 7\ %¢" = 0.7, time threshold 7y " = 0.3, and time scale oygrar = 3 days. These
parameters were selected based on the CDET training data set analysis.

Table 5.8: The performance results on the CDET data set (Standard and BCubed metrics
reported). The bold and underlined values represent the best and second-best perfor-
mances, respectively.

Standard BCubed

Algorithm F1 score Precision Recall F1 score Precision Recall Clusters

CLASSIFICATION-BASED

Tau-search 84.00 83.00 85.00 - - - -
NewsLens* 86.49 85.11 87.92 82.06 80.25 83.97 606

MNCPS 97.21 97.01 97.42 90.10 89.70 90.51 812
DISTANCE-BASED
MSC 72.20 79.70 66.00 - - - _

WACMuLTt | 92.20 98.55 86.62  86.67 92.94 81.20 1066
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The results indicate that the proposed WAC approach demonstrates comparable per-
formance to the classification-based algorithms concerning F1 score and precision and out-
performs the algorithm MSC. However, the recall scores in standard and BCubed metrics
are smaller than those of most compared algorithms, suggesting that our algorithm could
improve grouping articles describing the same event. Additionally, the WAC approach ex-
hibits the highest standard and BCubed precision, indicating that the generated clusters
predominantly consist of relevant news articles.

0G2021. The results of the experiments conducted on the 2021 Tokyo Olympics data set
can be found in Table 5.9. We compare all three WAC variations and report the results
that achieved the best performance. The hyper-parameter values were selected based on
the hyper-parameter analysis conducted on the entire data set. Additionally, we present
the performance scores when all articles are grouped into a single cluster, denoted as
Clusters,-1, and when each article is assigned to its cluster, denoted as Clusters,-10,940-

Table 5.9: The performance results on the OG2021 data set (Standard and BCubed met-
rics reported). The bold and underlined values represent the best and second-best perfor-
mances, respectively.

Standard BCubed
Algorithm F1 P R F1 P R Clusters

EDGE CASES

Clusters,-1 1.01  00.51 100.00 1.03  00.52 100.00 1
Clusters;,-10,940 00.00 00.00 00.00 21.97 100.00 12.34 10,940

DISTANCE-BASED

MSC 15.62 3777 9.85 | 51.05 7778 37.99 3,901
WACMONO 33.80 60.79 23.50 58.15 65.35 52.37 1,731
WACMONOsNER  32.23 6130 21.86 58.10 65.74 52.04 1,721
WACMULTI 34.03 62.55 23.37 58.73 66.48 52.60 1,720

The results show that the WAC variants have similar performances and generate a
similar number of event clusters. Additionally, the entity similarity score utilized in
WACMONO+NER does not appear to improve the algorithm’s performance. All three WAC
variations outperform the MSC algorithm, suggesting that more advanced methods are
needed for assessing the similarity between articles and event clusters.

Hyper-parameter analysis

To evaluate the impact of different hyper-parameters on the performance of the WAC
algorithm, we conducted a grid search across the hyper-parameter values. We reported
the best performances on the CDET data set in Table 5.10 and the OG2021 data set in
Table 5.11. We provide the article clustering hyper-parameters for each WAC variant,
specifically if conducting monolingual article clustering, the rank threshold, the entity
score threshold, and the time scale. We also include the cluster merging hyper-parameters,
specifically the rank threshold and the time scale. The performance results were measured
using the standard and BCubed F1 scores, precision, recall, and the number of clusters
generated.

CDET. The results show that the WACyyT1 variant performs best. Adding the entity
similarity score method to the algorithm generally reduces both the standard and BCubed
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F1 and recall scores. This can signify that entity matching can be too strict of a condition
when grouping articles. In addition, increasing the article clustering parameter’s rank score
threshold generally decreases the algorithms’ standard and BCubed F1 scores by more than
4%.

Table 5.10: The WAC parameter analysis results on the CDET data set (Standard and
BCubed metrics reported). The bold and underlined values represent the best and second-
best performances, respectively.

Article Clustering Cluster Merging Standard BCubed
Variant name Monolingual ~ rank th. ents th. time th. time scl. rank th. time th. timescl. F1score Precision Recall F1score Precision Recall  Clusters
WACwyoNo TRUE 0.5 - 0.3 3 days 0.7 0.3 3 days | 87.00 9845 7795 8542 93.04 7895 1066
TRUE 0.6 - 0.3 3 days 0.7 0.3 3 days = 69.50 98.71 53.63  81.08 94.14 71.20 1108
WACMONO+NER TRUE 0.5 0.2 0.3 3 days 0.7 0.3 3 days = 85.02 98.52 74.77  84.78 93.51 77.54 1089
TRUE 0.6 0.2 0.3 3 days 0.7 0.3 3 days = 67.23 98.12 51.14  79.72 93.80  69.32 1109
WACMuLTI FALSE 0.5 - 0.3 3 days 0.7 0.3 3 days | 92.20 98.55 86.62 86.67 9294 81.20 1074
FALSE 0.6 - 0.3 3 days 0.7 0.3 3 days 74.43 98.81 59.70 ~ 81.98 94.00 72.68 1112

0G2021. Similar observations can be drawn from the OG2021 data set results. Increasing
the rank score threshold for the article clustering generally diminishes the algorithm’s per-
formance. Additionally, incorporating the entity similarity score method does not enhance
the algorithm’s performance; instead, it appears to have a detrimental effect. Moreover,
the best performance is achieved by the WACyyrT1 variants.

Table 5.11: The WAC parameter analysis results on the OG2021 data set (Standard and
BCubed metrics reported). The bold and underlined values represent the best and second-
best performances, respectively.

Article Clustering Cluster Merging Standard BCubed
Variant name Monolingual  rank th. ents th. time th. time scl. rank th. time th. time scl. F1 score Precision Recall F1 score  Precision Recall Clusters
WACMoONO TRUE 0.7 - 03  1lday 09 03 1day 2658 | 78.73 1599 | 59.09 ['83:29" 4579 2,953
TRUE 0.7 - 03  3days 09 03 1day 2639 7625 1596 5860  82.65 4539 2,933
TRUE 0.7 - 03  1day 085 03 1day 3389 6079 2350 5815 6535 5236 1,731
TRUE 0.7 - 03  3days 085 03  1day 3210 5672 2238 57.85 6536  51.88 1,746
TRUE 0.8 - 03  1lday 09 03  1day 2492 = 7853 1481 5807 = 83.10 4462 2,946
TRUE 0.8 - 03  3days 09 03  1day 2499 = 7852 1486 5813  83.08 4471 2,947
TRUE 0.8 - 03  lday 085 03  lday 3301 6173 2253 5809 6548 5219 1,717
TRUE 0.8 - 0.3  3days 085 03  1day 33.09 6195 2257 5808 6557 5212 1,720
WACMONO:NER ~ TRUE 0.7 0.8 03  1day 09 03  1day 2487 | 7802 1479 | 5818 8288 4479 2,950
TRUE 0.7 08 03  3days 09 03  lday 2419 = 77.32 1434 5821 8320 4477 2,954
TRUE 0.7 0.8 03  1day 085 03  1day 3212 6087 2181 5800 6578 5187 1721
TRUE 0.7 0.8 03  3days 085 03 1day 3110 61.69 2079 5815  66.65 51.57 1,731
TRUE 0.8 0.8 03  1lday 09 03  1day 2460 = 7817 1460 57.97 = 83.06 4452 2,942
TRUE 0.8 0.8 03  3days 09 03  1day 2480 7797 1476  58.08  83.09  44.65 2,942
TRUE 0.8 0.8 03  1day 085 03  lday 3226 6131 2189 5798 6546 5203 1,718
TRUE 0.8 0.8 0.3  3days 085 03  1day 3223 6130 2186 5810 6574 5204 1,721
WACMuULTI FALSE 0.7 - 03  1lday 09 03  1day 2810 | 77.09  17.19 | 59.36 8207 4621 2,952
FALSE 0.7 - 03  3days 09 03  lday 2847 7714 1745 59.37 8286 4626 2,930
FALSE 0.7 - 03  1day 085 03 1day 3339 5756 23.51 5806 6486 5255 1,735
FALSE 0.7 - 03  3days 085 03  1day 34.03 6255 2337 5873 6648 52.60 1,748
FALSE 0.8 - 03  1day 09 03  1day 2492 = 7853 1481 5807 = 83.10 4462 2,946
FALSE 0.8 - 03  3days 09 03  1day 2499 = 7852 1486 5813  83.08 4471 2,947
FALSE 0.8 - 03  1day 085 03  lday 3301 6173 2253 5809 6548 5219 1,717
FALSE 0.8 - 0.3  3days 085 03  1day 3309 6195 2257 5808 6557 5212 1,720

Cluster merging assessment analysis. To evaluate the cluster merging process’s impact on
the algorithm’s performance, we compare the WAC algorithm variants to those where the
cluster merging phase was not performed. We focus solely on WACyypr1 variant, as it
already generates multilingual clusters during the article clustering phase. The analysis
results are presented in Table 5.12.

The comparison results show that the algorithm’s performance drops drastically when
cluster merging is not executed. It also generates more clusters, reflected in the lower recall
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scores. This indicates that the articles describing the same story are distributed across
multiple clusters. Therefore, the results show that the cluster merging step is essential for
generating good-quality article clusters in our algorithm.

Table 5.12: The cluster merging assessment analysis on the CDET data set (Standard
and BCubed metrics reported). The bold and underlined values represent the best and
second-best performances, respectively.

Article Clustering Cluster Merging Standard BCubed
Variant name Monolingual  rank th. ents th. time th. time scl. rank th. time th. timescl. F1 score Precision Recall F1score Precision Recall Clusters
WAChuLTI FALSE 0.5 - 03 3days 0.7 03  3days | 92.20 0855  86.62 86.67 | 9204 81.20 1074
WACMULTI/NO MERGE ~ FALSE 05 - 03  3days - - - 56.04 9871 @ 3912 7L14 9698  56.17 2339
WACMuULTL FALSE 0.6 - 03 3days 0.7 03  3days | 7443 | 0881 50.70 | 81.98 10400 7268 1112
WACMULTINO MERGE  FALSE 0.6 - 03  3days - - - 2428 | 99.40 1383 4710 | 99.04 3159 4675

5.3 Discussion

In this chapter, we highlight the importance of using neural network-based approaches to
support text stream clustering approaches and data sets. The novel 2021 Tokyo Olympics
data set comprises news articles in various languages, detailing the events during the 2021
Tokyo Olympics, where articles that report on the same event share a common label.
The data set was compared to an existing one, showing the commonalities and differences
between them. Afterwards, the two data sets were used to evaluate WAC, a novel un-
supervised news stream clustering algorithm. The experiment results show that WAC is
comparable, if not superior, to the selected comparison algorithms. The following dis-
cussion will delve into the findings concerning both the created data set and the WAC
algorithm.

5.3.1 Discussion on news clustering data sets comparison

In this section, we discuss the data set creation process and the novel 2021 Tokyo Olympics
data set, including their advantages and disadvantages and theoretical and practical im-
plications.

Creation process analysis

The creation of the 2021 Tokyo Olympics data set depended on several key components.
Firstly, the article retrieval process involved determining the time range, languages, and
concepts relevant to the desired articles. While the time range was specifically set to cover
the selected event duration, the languages and concepts could be expanded to include more
sports disciplines and media coverage in various languages.

Next, the selection of the automatic news stream clustering determined the initial
quality of the article clusters. An alternative approach could involve clustering news articles
for each language separately and then joining the clusters automatically or during the
manual evaluation and annotation phase. This approach would result in articles having
two labels, one corresponding to the clusters in the monolingual setting and the other
for the multilingual setting. However, merging multiple clusters may lead to unintuitive
matching, where multiple monolingual clusters of the same language are mapped into a
single multilingual cluster, raising questions about why the monolingual clusters are not
joined also in the monolingual setting.

Finally, articles were manually merged into clusters based on the predefined criteria.
To create a cleaner data set, the criteria suggested the removal of articles resembling
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“click-bait” and containing schedules about different events. However, this type of news is
commonly encountered in real-world scenarios. Removing such articles from the data set
skews the distribution and makes it less representative of the actual distribution of articles
in the wild. Therefore, labelling such articles with a special tag could help the data set
retain its initial distributions while providing information about the nature of the articles.

Multi-label news clustering

Identifying the correct event cluster for a particular news article may pose challenges due
to the possibility of an article describing multiple events simultaneously. In such cases,
it could be beneficial to create a multi-label news stream clustering data set, allowing
news articles to be associated with multiple event clusters. This approach enables a more
granular evaluation of news stream clustering algorithms. However, it is important to note
that generating such a data set would require additional time and resources.

To address this challenge, the development of novel data set creation methods could
prove helpful. These methods could help streamline the process, reduce the resource re-
quirements, and contribute to the creation of more diverse data sets for text stream clus-
tering.

5.3.2 Discussion on online news article clustering

In this section, we discuss the WAC algorithm’s advantages and disadvantages. We explore
its strengths and weaknesses compared to the selected algorithms, considering theoretical
and practical implications.

Algorithm performance

On the CDET data set, the proposed WAC algorithm performs comparably to the classifi-
cation-based clustering algorithms, achieving an approximate 92% Standard F1 score and
87% BCubed F1 score. While it boasts the best precision in both standard and BCubed
metrics, it exhibits the lowest recall among the compared algorithms. This is reflected in a
higher number of clusters, generating 1,066 clusters instead of the 394 clusters in the test
data set.

On the 2021 Tokyo Olympics data set, the WACyur1 algorithm variation performs
the best with a 34% Standard F1 score and 58% BCubed F1 score. However, the differences
in performance across all variations are negligible. In addition, the WAC’s performance
drops by approximately 53% in the Standard F1 score and 27% in the BCubed F1 score
when compared to its performance on the CDET data set. This suggests that the 2021
Tokyo Olympics data set is more challenging for appropriate multilingual article clustering,
making it a valuable benchmark data set for future text stream clustering algorithms.

The performance of the algorithm on the CDET data set suggests that it is not nec-
essary to employ classification models for measuring cross-lingual similarity between sets
of articles. This can be attributed to the effectiveness of the multilingual vector rep-
resentations generated by the SBERT language models, proven to be valuable in tasks
involving cross-lingual and multilingual semantic text similarity. Additionally, the Wasser-
stein distance enables the comparison of clusters containing a non-equal number of articles.
Therefore, combining these two elements might serve as a substitute for the classification
models traditionally used in measuring cross-lingual similarity between article clusters.
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Hyper-parameter analysis

The results indicate that the WAC algorithm performs best when performing multilingual
article clustering in Algorithm 5.4, again suggesting that the generated content vector
representations are appropriate for cross-lingual text comparison. Additionally, increasing
the article clustering rank threshold decreases the algorithm’s performance on the CDET
data set. This suggests that higher rank thresholds may be too stringent, leading to
inadequate article clustering.

The use of the entity score function defined in Algorithm 5.3 does not contribute to the
algorithm’s performance improvement. This observation may be attributed to the SBERT
language model used, as it already encodes information about the entities found in the
text into the content embeddings. Additionally, named entities can take various forms,
making direct comparisons more challenging. Incorporating named entity disambiguation
methods could potentially address this issue by determining which entities are the same.

Cluster merging assessment analysis. The cluster merging assessment analysis shows that
the proposed cluster merging greatly improves the WAC algorithm’s performance. Perfor-
mance increases by up to 50% standard F1 score and 34% BCubed F1 score, depending on
the article clustering algorithm’s rank threshold selection. Furthermore, the cluster merg-
ing algorithm shows that the Wasserstein distance is a viable metric for assessing which
article clusters to merge.

However, computing the Wasserstein distance gets more expensive as the number of
clusters and their size increase. Because of this, the Wasserstein distance is more appropri-
ate for scenarios where the news cluster size is usually smaller. To alleviate this issue, one
can limit the number of articles used to compute the distance by utilizing just a sample
of articles from the cluster. This would reduce the computational resources required to
compare and determine if two clusters should be merged. We leave these experiments for
future work.
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Chapter 6

Streaming Multi-Modal Data Fusion

This chapter focuses on our research on streaming multi-modal data fusion approaches.
Section 6.1 introduces the formal definition of streaming data fusion in the Internet of
Things domain. Section 6.2 proposes extending the formal definition presented in the pre-
vious section by incorporating multi-modal data sources, including text data, and showcas-
ing its practical implementation on stock market predictions. Finally, Section 6.3 discusses
the experiment results and the advantages and disadvantages of the work presented in this
chapter.

Section 6.1 is based on the published paper [247], while Section 6.2 is research work
that is not published yet. This chapter introduces two scientific contributions: [SC-4] an
extension of the formal definition of data fusion of heterogeneous streaming data sources,
which includes text data, and a method for using texts for data stream predictions, and
[SC-5] evaluation of the proposed methods on various data sources and real-world scenarios.

6.1 Defining Streaming Data Fusion for the Internet of Things

The scientific community has been discussing the rising amount of data originating from
the Internet of Things (IoT) for more than a decade. The IoT reached the mass market in
early 2014, and its ubiquitous influence and challenges are still permeating the scientific
literature. The field of Big Data processing has improved drastically, and a plethora of
solutions for various IoT problems have reached their production stage [248].

The volume of the data keeps rising, and as the technology penetrates new markets,
the industry and academia are being faced with new challenges. The need for efficient and
accurate analysis of these data is still an issue [249]. Stream processing [168] has been
established as a potential answer to the analysis of Big Data, and incremental learning has
been rediscovered to answer some of the challenges (like concept drift [250] or learning effi-
ciency [251]). While the field of incremental learning has matured through the last decade
and various algorithms have been described, tested and implemented in various software
libraries, the applications of methodologies from a laboratory to the real world have been
scarce. Throughout our work in various applications within the environmental domain,
water management, traffic, energy efficiency and smart-grid modelling, we have identified
the following shortcomings: (1) the most comprehensive software library [252] for stream
mining methods is an academic project and, therefore, requires an additional effort when
migrating to the production, (2) modern stream mining frameworks (like Apache Spark,
Flink and others) do not implement state-of-the-art incremental learning methodologies
or online data fusion strategies; it is also extremely difficult to find an operational imple-
mentation of an advanced incremental learning regression, and (3) most of the scientific
work on incremental learning has taken place inside the lab, emulating unreal (ideal) con-
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ditions that are rarely encountered in the real world; this remark mostly applies to the
data preparation step (including data fusion and generation of machine-learning-ready rich
data streams).

The lack of online data pre-processing techniques also reduces the possibility of using
hybrid approaches, where data pre-processing is done online, and prediction models are
implemented using traditional machine learning (ML) approaches. McKinsey has estab-
lished that up to 40% of the data value emerging from the IoT is hidden within the synergy
effects of different systems [253]. Except for the ISDI framework [254|, which solves time
alignment issues of data integration, a generic methodology for generating feature vectors
for machine learning approaches in the IoT scenario does not exist yet.

The main research objective in this section is to formally define data fusion of heteroge-
neous streaming data sources for the IoT domain, which can be used to describe different
streaming data fusion frameworks.

We propose a formal definition of streaming data fusion, which includes the time com-
ponent when describing the sequence of observations in a data stream. This definition
includes functions for aggregating data stream observations, sampling values at consistent
time intervals, and merging multiple data streams. Additionally, it defines forecast values
that the forecasting model needs to predict and the feature vector, which contains data
crucial for modelling a specific system. This definition is used to describe a streaming data
fusion framework [247]|. Since this section of the thesis is dedicated to the definition of
streaming data fusion, we do not include the framework’s description but direct the reader
to the cited paper for further details.

The remainder of the section is structured as follows. First, we define the problem in
Section 6.1.1 and discuss the different types of data sources in Section 6.1.2. We then de-
scribe the components of streaming data fusion: we define the data streams in Section 6.1.3
and the data stream functions in Section 6.1.4. Next, we outline the forecast data stream
in Section 6.1.5 and conclude with the definition of the feature vector in Section 6.1.6.

6.1.1 Problem definition

One of the exploitation scenarios for the vast loT data is to take advantage of its predictive
potential through machine learning methods. For example, based on historical data from a
smart grid, we can build a model capable of predicting energy consumption profiles for the
next day. This will help to plan the energy distribution better and thus provide cheaper
energy for the end user. To create the best possible predictions, we need to be able to work
not only with the current power consumption values but also with historical data, different
stream aggregates and derivatives and, what is even more important, we need to be able
to expand the data streams with relevant contextual information, such as weather data,
human behavior data and weather forecasts. Moreover, an online algorithm for creating
rich feature vectors for machine learning methodologies is needed to provide new feature
vectors as soon as possible and to support incremental learning scenarios.

The two dominant reasons why this kind of data fusion task is not trivial are the
heterogeneity of the IoT data and its time incoherence.

According to [255], heterogeneity is an intrinsic property of Big Data. Many def-
initions of heterogeneous data can be found in the literature, and there is no common
agreement on the definition among various authors. Among the properties that illustrate
the issue are: multi-modality of the data (even considering a mixture of continuous and
categorical features and structured and unstructured data) and the technical aspects (i.e.
the format of the data), rate of independence, concept drift and dynamics of change, and
privacy. In this work, we consider data coming from different sources and focus on het-
erogeneity based on the discrepancies in the time component [256], [257], which is, in
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our opinion, the most important in the IoT data streams. It is manifested through the
following properties: (1) sampling frequency, (2) time delay, and (3) data availabil-
ity. Sampling frequency differs from sensor to sensor. Some sensors implement constant
sampling frequency. Different sensors within a setup could implement constant but dif-
ferent sampling frequencies. Many sensors implement approximately constant sampling
frequency. The readings happen approximately in the prescribed interval, but the reading
might be slightly early or late due to different effects. Some sensors might use arbitrary
sampling frequencies (i.e. they might only report an event). Time delay is introduced with
transmission latencies, legacy systems and privacy/access issues. Measurements might be
late from a few milliseconds up to one day (i.e. when data is transmitted from a legacy
system via an FTP connection). Delay is closely related to data availability.

A data stream is a sequence of values with a corresponding timestamp (in IoT, a
timestamp denotes the time when the measurement was taken). We define a coherent
time series as a sequence where each subsequent measurement in a series has been taken
later. The most obvious data source which breaks time coherence is the weather forecast
data stream. The forecasting models update their predictions regularly, usually every hour.
With every update, older forecasts are updated with more accurate values based on recent
data.

Based on the issues arising from heterogeneity of the data, we define a harmonic
set of data streams. A harmonic set of data streams consists of a set of data streams,
where each stream has a matching sampling frequency (and phase), at least one matching
timestamp, and all the data needed to generate a feature vector successfully.

The following sections present different types of data sources, their main characteris-
tics, and a thorough mathematical formulation of the basic concepts and approaches of
streaming data fusion.

6.1.2 Types of data sources

Modelling in IoT scenarios is based on three different types of data sources:

Sensor data. Sensor data most often originates from IoT devices but can also be obtained
by crawling a particular web resource. The data is usually obtained close to real-time.
However, different lags can be introduced for various reasons. The data fusion system
should be able to handle these time-related inconsistencies and build correct feature vectors
based on the most recent available data.

Weather forecasts. Weather forecasts are available for the future (usually, we need
them until our prediction horizon). The forecasts represent an incoherent data stream (as
the values update with time), which must be handled appropriately in the stream fusion
System.

Static data. This is the data that, by definition, does not change in time. Values are
known for the indefinite future. The data includes attributes like day of the week, day in
the year, hour of the day, holiday, day before the holiday, working hours, etc. For simplicity
reasons, we handle static data as a stream.

Availability of the three different types of data differs as depicted in Figure 6.1. Depending
on the delivery mechanisms, sensor data arrives at the stream processing components
with different lags. Figure 6.1 also introduces the available data horizon, which is the
latest timestamp for which all sensor data streams are available. It represents the latest
timestamp for which feature vector generation can be triggered. Feature vectors are built
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to calculate predictions at the prediction horizon. Static and weather forecast data are,
therefore, usually considered for that timestamp within feature vectors.

current timestamp

sensor 1

sensor 2

sensor 3
weather forecast
static data

prediction horizon

available data horizon

Figure 6.1: Data availability of different types of data sources. Sensor data is delivered in
(almost) real-time. However, some legacy systems might introduce longer lags. Weather
forecasts are available for a particular time in the future, while static data (i.e. date/time
features and human behavior data) are usually always available.

6.1.3 Data streams

In most literature, a data stream is represented by a sequence of values x1,xo,...,%,
where x; € R is an observation for all i € {1,2,...,n}. We recognize that this notation has
a drawback: it does not contain any information about when a particular value has been
provided. Time is an important factor in deciding when to start a specific process on the
data stream. To that end, we present a new definition of a data stream that includes time.

A data stream QO is an ordered set of value-time observation pairs provided by a sensor
or some other source of data and is described as

02 = {(21,t0), (w2 D), .. (0, )],

where tgk) is the time of observation x; and tg) < téj ) for all i < j. A data stream
window O}’ is a subset which contains observations between the i-th and j-th entries of
a data stream O} and is described as

03 = {(@1t9). (e 1), ... (218,
In addition, we will write Q3" = Q.

Remark 6.1. A data stream can also be defined as an ordered set of vector-time observa-
tion pairs, e.g. by replacing the values with vectors in the definition above. By doing so,
we would allow an observation to contain multiple values and generalize the data stream.
For the sake of simplicity, we will use the value-time data stream definition in the rest of
the document and will reference this remark when required.

Static data stream

Data streams are dynamic in nature; they are created by retrieving signals from sensors
which are then transformed and added to the stream. In some cases, we know what data
will come at a particular timestamp. One such case is the day-of-the-week data stream
where for a given timestamp, we know which day of the week it corresponds to. This type
of data streams is defined as static data streams S}, and is described as

St = {(wi,t), ..., (wn, )}
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Returning to the day-of-the-week static data stream, it contains values w; € [1,2,...,7]
where the number corresponds to a particular day of the week associated with its timestamp
(1 corresponding to Monday, 2 to Tuesday, etc.). Another example is the weekend static
data stream, which contains information on whether a timestamp is in a weekend interval.
Its values are w; = 1 if the timestamp tgf) is inside a weekend interval and w; = 0 otherwise.
Similarly, a holiday static data stream is a static data stream which contains information
if a timestamp falls in a holiday. Notice that some data streams depend on the context

(e.g. culture, country).

6.1.4 Data stream functions

When processing data streams, we might want to manipulate them, sample them and
merge multiple data streams to form the final data stream used for time series tasks. To
do this, we use different data stream functions, as described in this section.

Data stream aggregate

When we process data streams, we might want to group observations to form a new value
that summarizes them. To do this, we require a data stream aggregate function that
combines the data stream observations and returns the summarized (aggregated) value.
A data stream aggregate can also be applied on a data stream window 0. Generally, a
data stream aggregate function is defined as

aggr(0;) = X,

where X is the aggregated value of the provided observations. The most common data
stream aggregate functions are (a comprehensive list is available in [258], [259]):

e Count. Counts the number of observations in a data stream: X =n,
e Maximum. Returns the maximum value in a data stream: X = max{z1,...,z,},
e Minimum. Returns the minimum value in a data stream: X = min{xz1,...,z,},

e Sum. Sums up all values in a data stream: X =Y1"; z;.

A more complex example of a data stream aggregate is the moving average (MA).
This aggregate is used to smooth out short-term fluctuations and highlight longer-term
trends. It calculates the average of the observations within a data stream window Q3 and
is defined as ,

. 1 J
MA(QY) = —— > .
When the data stream window shifts, the new MA can be calculated by using the previous
MA value: N
_ (] -1+ 1) . MA(@?B’]) — Xt Tj41
- j—i+1

MA(©;+1,j+l)

A variation of the moving average is the weighted moving average (WMA). Let the
observations z; have an associated weight wy. Then the weighted moving average of the
observations within the data stream window Q%’ is defined as

. 1 J R
WMA(047) = —— , WD - :
( x ) ) kzz‘;wkmk kz::lwk



92 Chapter 6. Streaming Multi-Modal Data Fusion

where W9 is the sum of all weights wy, associated to the observations in the data stream
window. The WMA can be updated similarly to the MA as the data stream window shifts.

The second more complex aggregate function is the exponential moving average
(EMA). It is similar to MA only in that it incorporates a decaying factor, giving the more
recent observations greater importance. This aggregate inputs the data stream O and is
calculated with the following recursive function:

ny | Tn, for n =1,
EMA(0;) = { a(n) -z, + (1-a(n)) -EMA(O), forn#1,
where a(n) = Atjgn), At(n) = £™ — 0" represents the rate of the decay and T is the user

defined split time constant.

Once we decide on the aggregate functions to use in processing, we can create an aggre-

gated data stream. An aggregated data stream O ,,,, is a data stream containing the

sequence of aggregated values of OF by using the aggregate function “aggr”.

@Z,aggr = {(aggr(()i), tg(ﬂl))’ e (aggr(([));cl)7 tg(ﬂn))}‘

We will now look at two aggregated data stream examples:

Moving average data stream. This aggregated data stream is created by using the MA
aggregate and is described as

@Z,MA = {(MA(@i’kH)’ t;kwfl)), el (MA(@Z_k’n)a tgn))},
where k < n is the user-defined data stream window size.

Exponential moving average data stream. This aggregated data stream is created
by using the EMA aggregate and is described as

0% gMa = {(EMA(@}C),ISS)), - (EMA(@;)’t;"))}'

More complex stream aggregates can require interpolation over the time series and cal-
culation of values, such as the number of extremes in a particular data stream window, the
highest n-th derivative in the data stream window, the duration of the largest maximum,
etc. Such derivatives are, for example, useful for modelling crop types in earth observation
scenarios.

Data stream resampler

One of the properties of data streams is that observations might not come at a constant
rate. This can cause problems when multiple data streams need to be synchronized. To
handle this issue, we define a sampling function, which takes a data stream O and a
timestamp 7" as an input and returns a sample value. The function can be described as

sampler(0},T) = X,

where X is the sampled value generated from the input parameters. The sample value
can be generated using different functions:

e Last value. This function returns the last observation that appeared before the
provided time T: x;, where tg(f) <Tforalli<kand T < t§,£) for k < 7.
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e First value. This function returns the first observation that appears after the
provided time T": xj, where tg(f) <T foralli<kand T < t;]) for k < j.

e Linear interpolation. This function returns the sample value by using a linear
interpolation between observations around the provided time T, e.g.

o n o Tk~ Tho1 (k)
lin(Q2,T) = —t(k) — D (T—tm ) + Tk,

where tgk_l) <T< tg(gk).
Once we decide on the sampling function f and a constant time period T', we can create
a data stream of sampled data. This type of data stream is defined as a resampled data
stream containing the sampled values of a provided data stream O and is described as
1
Fampter = (XL ), (X TEM)),

x,sampler

where X; = Sampler(();L,T;;)) is the sampled value returned by the sampling function

performed at time T)((i ) In addition, the difference of consecutive time values is equal to
the constant time period T, i.e.
_ p(i+1) (1)
T=Ty ~-Ty,
forallie{l,...,m—1}.

Data stream merger

Sometimes, we must merge two or multiple data streams into a single one. We define a
merger function that can do just that. Suppose we have two data streams Q) and O}’
where ¢ = tg) for all i < min{n,m}. A merger function takes Oy and Oj' as an input
and returns the merged data stream, i.e.

merger(@Z?@Zb) = {(xla ylat(l))v SRR (xka ykat(k))}a

where k = min{n,m} and ¢t(*) = ¢ = tz(f) forallie{1,...,k}. If we adopt the view provided
in remark 6.1, the output of the merger function is a data stream. Indeed, if we write the
values x; and y; as entries of a vector, then the output will follow the generalized definition
of a data stream.

6.1.5 Forecast data stream

Forecast data streams provide forecasted values for the future. The difference between the
time of the forecast and the time of the forecast generation is called a prediction horizon.
A simple forecasting model provides forecasts for a constant prediction horizon and can be
described simply by Oy, where p; is the forecasted value and tj(gl) refers to a timestamp in the
future. More complex forecasting streams (i.e. weather forecasts) provide predictions for
multiple time horizons simultaneously. For example, new weather forecasts are generated
every hour for the next 48-hour interval. This implies that a forecast for a particular hour
in a day gets updated 48 times during this process. A new data stream window (O);,’j is
generated at forecast generation. Thus, the forecast data stream is defined as

F7 = {(OLF, 1D, (02F1 ¢y . (ophmt My, (6.1)

where k is the number of time horizons and @;’k”*l is the data stream window generated
at time tg). In the case of k = 1, the forecast data stream contains a simple forecasting
model, generating only one prediction of a constant prediction horizon.
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6.1.6 Feature vector

In machine learning, a feature vector is a vector that contains data important for the
description and modelling of a particular system. Together with a label of a specific data
instance, it is used to train a machine learning model. If the label is unknown, the vector
can be used to derive predictions (or other results) from a trained model. An element in
the vector is called a feature (in some literature, it is referred to as an attribute). A feature
vector which includes contextually rich information derived from a set of data streams will
allow a machine learning model to achieve the best possible results in modelling particular
phenomena. Such a vector ¢g should be the final result of a streaming data fusion
framework.

A feature vector ¢p,) is a representation of a set of observation, static data and forecast
data streams O, Sy and F7, where z € {z1,...,2i}, y € {y1,...,y;} and z € {21,..., 2}

z9
We will focus on feature vectors of the following form:

paey;

72
Grall = ) ,

lriq)

where ¢ is the size of the feature vector and each feature F(") is defined with:

resampled) stream aggregate extracted from I

r;”’, a (resampled) measurement extracted from O,
yl.(j ). a (resampled) forecast extracted from Fy,
F) _ zi(] )., a (resampled) forecast extracted from S7,
X i(j ), a (resampled) stream aggregate extracted from O},
a ( )
)

A @ )7 a (resampled) stream aggregate extracted from SZ

where 7 € {1,...,q} is the index corresponding to the feature and the index j € {1,...,n}
refers to current or historical values of the measurements or the aggregates. Additionally,

each feature vector reflects the state of the observed system at resampled timestamp TQS”).

The proposed definition of streaming data fusion primarily addresses sources related to the
IoT domain, such as sensors, weather forecasts, and static data, which mainly comprise
numerical and categorical data values. However, to adapt this definition for additional
types of data streams, such as text, we need to expand the definition to include these data
types and process them appropriately. Furthermore, some of the data may be in formats
that are not optimal for machine learning models to process. In the next section, we will
expand the formal definition of data fusion to include text in time series forecasting models,
addressing these challenges.

6.2 Including Text into Time Series Forecasting Models

Time series forecasting models often use text data as one-dimensional features. By trans-
forming text data into single features, we can handle it like another time series and merge
it with other time series through data fusion. This method is frequently used in finan-
cial forecasting, where social media posts and news articles are processed to determine
sentiment scores or other factors like the frequency of company mentions in the news.
However, simplifying text into a one-dimensional feature may result in the loss of valuable
information.
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Transformer-based language models can create rich, multi-dimensional vector represen-
tations of text. These vectors have been successfully used in various NLP tasks, including
text classification, information retrieval, and retrieval-augmented generation (RAG). How-
ever, these representations might not directly align with time series forecasting models,
often treating each input value as a separate feature. In a text embedding vector, the
values must be considered together since an individual value does not typically represent
specific information about the text. Integrating these multi-dimensional vectors from lan-
guage models into time series forecasting could enhance the model’s performance.

This section focuses on developing and analyzing methods to integrate rich, multi-
dimensional textual representations into time series forecasting models by combining data
fusion techniques and neural network components.

The main research objectives are to (1) extend the formal definition of data fusion of
heterogeneous streaming data sources by including multi-modal data sources, (2) develop
different approaches for integrating text streams into time series forecasting models, and
(3) evaluate the impact of these methods on the algorithm’s performance.

We propose four extensions to the Long Short-Term Memory (LSTM) model that in-
clude components for combining text features and time series. These components include
a simple Feed-Forward network, a Convolutional Neural Network (CNN) and an Attention
mechanism. The extensions are evaluated on fourteen stock time series from companies
in the S&P100, combined with news event information retrieved from Event Registry. We
used the coefficient of determination (R?) to evaluate the forecast accuracy for both the
stock close and daily volatility dynamics. The results show that the LSTM extensions
can effectively use text features to enhance stock close forecasting performance. How-
ever, only the extensions incorporating the Attention mechanism significantly improve the
performance of predicting the daily volatility.

The remainder of the section is structured as follows. First, we expand the formal
definition of data fusion to include heterogeneous streaming data sources in Section 6.2.1.
Next, we describe the various LSTM extensions in Section 6.2.2, followed by their imple-
mentation details in Section 6.2.3. The experimental setting is detailed in Section 6.2.4.
Finally, we present the experiment results in Section 6.2.5.

6.2.1 Extension of the formal definition of data fusion

This section presents an extension to the formal definition of data fusion defined in Sec-
tion 6.1.1. The extension focuses on including heterogeneous streaming data sources, where
a particular feature is represented as a multi-dimensional vector, as in the case of text em-
beddings.

General data stream

The initial data fusion definition focuses on data stream Q7 = {(xi,tg(f))}?zl, where x; are
one-dimensional observations or aggregates, or multi-dimensional vectors where each value
of the vector corresponds to a single feature. A feature can often be represented by a
multi-dimensional vector. For example, text can be represented by a multi-dimensional
vector called an embedding. To clarify these cases, the rest of the section will use the

following notation
Oy = {(771,t5,1)), (772,7552)), e (ﬁn’tgn))}’

where 9, is a multi-dimensional vector representation of a feature v retrieved at time
and £ <9 for all i < j.

£
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Data stream mapper

While the previous definitions, such as data stream aggregate and data stream merger,
work with data stream windows, the data stream mapper maps individual observations
from one feature space to another. Generally, the mapper is represented as a function

mapper(?) =w, mapper : RF - RY,

where ¢ € R¥ is a multi-dimensional observation in one feature space mapped into a different
feature space representation @ € Rf. The mapper function can be predefined or learned
using machine learning methods. We can create a mapped data stream once we decide on
the mapper function. A mapped data stream Oj ), e 1S a data stream containing the
sequence of values from O] that were mapped using the function “mapper”.

@vaapper = {(mapper(@l), tl(Jl)), ey (mapper(i}n), tl(,”))}.

Ezxamples of machine learning-based mapper functions. Let us assume we have a text
stream

Ot = (o5t 60), (1t t2). ... (it t2)),

where txty is the text retrieved at time tgft) . Then, examples of machine learning-based

mapper functions include sentiment score extraction and sentence embedding generation.

The sentiment analysis mapper (SA) is a function that maps the text txty into a one-
dimensional feature representing the sentiment score of the text si € [-1,1]. The sentiment
score is extracted by sending the text through a pre-trained sentiment extraction model.
The mapped data stream using the SA mapper is defined as

Ofsa = {(SA(txt1), 1)), -, (SA(txtn), 1) }.

The sentence embedding mapper (SE) is a function that maps the text txty into
a multi-dimensional contextual embedding €, € R¥. The embedding is created using a
pre-trained language model specialized for creating contextual vector representations from
texts. The mapped data stream using the SE mapper is then defined as

O = { (SE(txt1), 1)), - (SE(txta), 1) }.

Multi-modal data fusion and forecasting

We can now align multi-modal data streams using the defined data stream functions. Given
the several data streams, we can (1) transform the observations of the data stream into an
appropriate vector representation using the data stream mapper, (2) use aggregate function
to summarize the observations, (3) synchronize and temporally align the data streams
using a sampling function, and (4) use a merger function to merge multiple data streams
with temporally-aligned observations.

The aligned observations can then be used to create a feature vector, which can, together
with a label, be used to train a machine learning model or to derive a prediction. However,
some observations, such as text embedding, are multi-dimensional vectors which must be
considered as a whole, as individual vector values do not necessarily mean anything. In such
cases, we might need to prepare multiple feature vectors containing specific and disjoint
observations. When this happens, the forecasting model must be designed to accept the
feature vectors as inputs and join them internally. By doing so, we can combine data
streams of various data types and use them to predict values in the forecast data stream.
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6.2.2 Stock market forecasting using news features

We evaluate the extended multi-modal data fusion and forecasting definition by using
combined stock data streams and news streams to predict stock market dynamics. This
is done by exploring multiple approaches for incorporating text features to enhance the
model’s forecasting capabilities. Our baseline is the Long Short-Term Memory (LSTM)
model [174] that only uses stock data streams. We propose multiple extensions to include
text features. Figure 6.2 shows the high-level overview of the models’” architectures. This
section describes the architectures of the models used to predict the stock market dynamics.

Baseline LSTM. This model is used as a baseline to assess the impact of incorporating
news streams on forecasting performance. It inputs stock data and processes it through
a single LSTM layer. The LSTM outputs are then concatenated with the original stock
data, ensuring that the final layer responsible for predicting the actual time series forecast
values includes both the outputs from the LSTM and the original data. Additionally,
through experimentation, we found that concatenating these values improves the model’s
performance compared to using only LSTM outputs.

The remaining models are extensions; we will only describe the differences between these
extensions and the baseline LSTM model.

LSTMinpuT. In this model extension, the news stream is merged with the data stream
before passing through the LSTM layer. Because no other adaption was made to the
news stream features, each value in a potential multi-dimensional vector is considered an
individual feature.

LSTMgnwN- This model employs a mapper in the form of a Feed-Forward layer to convert
the news stream feature values into multi-dimensional vectors of size text_output_size.
These vectors are then merged with the data stream input and fed into the LSTM layer.
The Feed-Forward layer’s purpose is to generate abstract vector representations of the news
stream features, aiming to enhance the forecasting capabilities of the model. However, due
to the layer’s linearity, it is limited to finding relationships within the news features when
creating these abstract vector representations.

LSTMcnN- Similar to LSTMpny, this model starts with a mapper in the form of a
convolutional neural network (CNN) to process the news features. The CNN is shal-
low, comprising 1D convolution (ConvlD) layers with rectified linear unit (ReLU) acti-
vation functions. It takes news features as input and outputs vector representations of
size text_output_size. These vectors are then concatenated with the data stream inputs
before being processed through the LSTM layer. The CNN aims to efficiently capture the
essential features from the news data using the convolution kernels.

LSTM artN. This model incorporates an Attention mechanism to identify which outputs
from the data stream LSTM should be emphasized based on features from the news stream.
The output from the Attention layer is concatenated with the input values from the data
stream before being processed through a linear layer. This linear layer then produces the
forecasted data stream. Using the Attention mechanism, the model can identify which
data stream LSTM representations are more important for a given inference based on the
features from the news stream, which may include information about daily market events.
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Figure 6.2: The depiction of the baseline LSTM model and its extensions. The parallel
lines in the circle symbol represent the vector concatenation operation.

6.2.3 Implementation details

In this section, we present the details of how we developed the forecasting models. They
are implemented using PyTorch [195] and Pytorch Lightning!. The source code is available

"https://lightning.ai/docs/pytorch/stable/


https://lightning.ai/docs/pytorch/stable/

6.2. Including Text into Time Series Forecasting Models 99

on GitHub [260].

The architecture parameters

All models feature a single LSTM layer. We tested two values of LSTM’s hidden_size,
specifically 32 and 64, where hidden_size = 32 provided a better performance on the
validation set. The selected hidden_size value also determined the output sizes of the in-
termediary Feed-Forward and CNN layers in the LSTMpnyN, LSTMconn, and LSTM sy
models. The LSTMa1rTN model utilized a single Attention block to compute the attention
outputs. We experimented with various text_output_size values, specifically 1, 2, 4, 8,
16, and 32. We found that text_output_size = 1 provided the best results and was used
across all models.

Model fine-tuning

We updated the model parameters using the Adam optimizer [261] with an initial weight
decay of 0.001. The learning rate was determined using Pytorch Lightning’s learning rate
finder [262], which processes a few batches at different learning rates to find the smallest
training loss. For each model, we used the learning rate that the finder identified as the
best initial value.

The models were trained using the Mean Absolute Error (MAE) loss function. We
included an early stopping criterion: every five epochs, we evaluated the model’s perfor-
mance on the validation set and tracked their loss. If the validation set loss did not improve
after ten checks, we stopped the training. We also set an upper limit of 200 epochs for
training the models. The models were trained and evaluated on an Nvidia RTX GeForce
3070 8 GB graphics card.

6.2.4 Experiment settings
This section details the experimental setting, including descriptions of the datasets and
their preparation, as well as explanations of the evaluation metrics used.

Data sets

This section describes the data set used in the experiment. The dataset includes a data
stream of stock market data and a news stream containing information about news events
associated with companies related to the stocks.

Stock market data stream. The data streams were retrieved using Yahoo Finance?, a
popular source for financial data offering detailed insights into stock market trends and
prices. We used it to collect economic data for companies in the S&P100, which comprises
100 leading U.S. stocks with exchange-listed options. For each company, we gathered data
from January 1, 2020, to December 31, 2023, which includes the following daily stock
market information:

e Open. The price at which the stock started trading on that day.
e Low. The lowest stock price within the day.
e High. The highest stock price within the day.

e (lose. The price at which the stock exchange closed for that day.

2https://finance.yahoo.com/
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o Volume. The total number of shares traded on that day.

Note that the previous day’s closing price may not equal the current day’s opening price
due to after-hours and pre-market trading activities (i.e., trading that occurs when the
U.S. stock exchange is closed) and trading activities in other countries.

News event stream. We retrieve the company’s news events using Event Registry [113], a
system which collects, clusters and enriches news articles published globally. In our exper-
iments, we utilized these news events (clusters of articles reporting on similar topics) as
indicators of significant occurrences related to the company. Each news event is character-
ized by various attributes, including the event’s title, a summary, the number of articles
covering the event, and the Wikipedia concepts linked to the event. Additionally, each
concept is defined by its unique identifier (corresponding to its Wikipedia URL), a label,
and a score that indicates its relevance to the event’s title and summary.

For each company in the S&P100, we retrieved their news events published between
January 1, 2020, and December 31, 2023, using the company’s name as the search pa-
rameter (treated as the concept). We limit our retrieval to news events consisting only of
English articles. We used the Event Registry API to retrieve the relevant news events.

Data preparation

Stock market data stream. Each one of the 100 retrieved stock market data streams is pro-
cessed independently. Following previous work [160], [162], [263], we focus on forecasting
future close values and daily volatility dynamics.

By forecasting the future close dynamics, we focus on the movement of the stock’s
close value. To do this, we calculate the five-day moving average (MA) of the close values,
which are then used as the data stream input. To create the forecast data stream, we shift
the calculated moving average statistics for one day; the objective of the forecasting model
is then to predict the five-day moving average of the close values calculated one day in the
future.

®§Sclose H ©Id€sclosevMA - C@SS

We define the daily volatility as the difference between the high and low stock price
within the day; the greater the difference, the higher the daily volatility is and thus more
activity happening on the market. To measure the stock volatility dynamics, we com-
pute the five-day moving average (MA) of the daily difference data stream. As the target
forecast data stream, we shift the calculated values for one day; thus, the objective is to
predict the next day’s daily volatility statistics.

@gsvolatility = @gsvolamity,MA = V©§S
News event stream. We process news event data for each S&P100-related company sepa-
rately. We first filter the news event data sets to retain only the events that either mention
the associated company’s name or have the company’s associated Wikipedia concept of a
score greater than 80. This gives us only the news events that are truly associated with
the selected company.

Next, we use data stream mappers to convert the raw text from the news stream into
vector representations. We utilize both the sentiment analysis mapper and the sentence
embedding mapper to do that.

By using the sentiment analysis mapper (SA), we extract the sentiment score from the
news event’s title. We use a distilled version of the RoBERTa [17], [19] model that was
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fine-tuned on the financial phrase bank data set®.
Ops = Orgsa = A

Using the sentence embedding mapper (SE), we transform the news event’s text,
concatenated text and summary into a multi-dimensional feature that contains the con-
textual information of the event. We use a Sentence-BERT [84] model, specifically, the
paraphrase-multilingual-mpnet-base-v2 model?, which converts text into a vector space
and can be used for tasks related to semantic comparison.

m m m
(O)ns = ©ns,SE = IE(O)ns

Once we create the vector representation for each news event, we aggregate the mapped
data streams by using the weighted moving average (WMA) aggregate function to
calculate the daily weighted average. We first retrieve all of the news events @ﬁg,mapper
that reported on an event happening on a particular day. We then calculate the weighted
moving average, where weight w; represents the number of articles covering the event ns;.
We calculate the aggregate for both mapped data streams:

m k m k
AOyg = AOng wva,  EOpg = EOpg wmas

where £ is the number of unique days between January 1, 2020, and December 31, 2023.

Data stream merging. Once the stock market data stream and news event stream are
processed, we use the data stream merger function to merge the data streams. We
prepare four combinations, two for forecasting the future close dynamics (C(O)Iés and two for
stock volatility dynamics V@ﬁs, by merging the corresponding stock market data stream
with the sentiment score A(O)ES’WM A and sentence embedding E(O)ES,WM A hews event stream
aggregates, respectively. This allows us to test how the addition of news sentiment score
and sentence embeddings affects the chosen stock market data forecasting performance.

merger(COf, AOK, ),  merger(VOS, AOK, waa) (6.2)
merger((C(D)gs, ]E@fis,WM A),s merger(V@ﬁs, E@ﬁS’WM A) (6.3)

These data streams are then used to create the training examples. Each example consists
of a sequence of 20 consecutive observations from the merged data stream and a label that
is the stock market data stream observation from the next day. We split the data sets into
train/validation/test using the 70/10/20 split. In the experiments, we denote the results
gathered using the data streams from Equation (6.2) as sentiment, and the data streams
from Equation (6.3) as embedding.

Data set statistics. During post-processing, we measured some of the statistics of the
created final data streams. Measuring the news event coverage by day, we found that only
fourteen stocks have news events published in over 50% days within the retrieved time
window. To assess the performance of models that also use news streams, we focus only
on those fourteen stocks to ensure sufficient enough data: Apple (AAPL), AMD (AMD),
Amazon (AMZN), Alphabet (GOOG and GOOGL), Intel (INTC), McDonald’s (MCD),
Microsoft (MSFT), Netflix (NFLX), Nike (NKE), Nvidia (NVDA), Pfizer (PFE), Tesla
(TSLA), and Walmart (WMT). These companies span across different domains, including
information technology, communication services, consumer discretionary, consumer staples
and healthcare. Figure 6.3 shows each company’s close time series and news availability
over the retrieved time window.

*https://huggingface.co/mrm8488/distilroberta-finetuned-financial-news-sentiment-analysis
4ht'cps ://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-base-v2
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Stock Price Time Series
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Figure 6.3: The stock price and news availability time series. It shows 14 stock time series separations into the train, evaluation and test data
sets and their news availability per day.
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Evaluation metrics

Since the stocks’ close values are in different scales in the experiments, we use the coefficient
of determination to measure the models’ forecasting performance.

Coefficient of determination. The R? metric is a statistical measure that gives information
about the proportion of variance in the dependent variables explained by the independent
variables. Let Y = {y;}7, and Y = {§;}7, be the sets of target and predicted values,
respectively. Let i = % i1 yi be the mean of the target values. Then, the proportion of

variance of sets Y and Y can be calculated with

- RSS n . n _
RZ(Y,Y) :1_T_SS7 RSS:Z(yZ_yZ)27 TSS:Z(yZ_y)27 (64)
i=1 i=1

where RSS is the sum of squares of differences between the target and predicted values
and T'SS is the total sum of squares. The R? score ranges typically between 0 and 1, where
higher values correspond to better forecasts. When the score is negative, it indicates the
forecast model yields values that are, on average, less accurate than simply using the ¥y as
the model predictor, making the model inappropriate for forecasting.

6.2.5 Experiment results

This section provides an overview of the models’ forecasting performance for the stock
close and daily volatility dynamics.

Stock close dynamics forecasting

In this section, we present the model’s performance in forecasting the closing dynamics of
stocks. Figure 6.4 shows the overall ranking of the models’ performance, and Table 6.1
details their performance on individual stocks.

MODEL RANK (STOCK CLOSE DYNAMICS) better ,
9 8 7 6 5 4 3 2 1

performs better than LSTM
LSTM (baseline LSTM¢yy (embedding)

)
LSTMg\ (embedding) LSTM,\pur (EMbedding)
LSTM,\pur (sENtiment) LSTMg,y (sentiment)
)
)

LSTM¢yy (sentiment LSTM,rry (s€ntiment)
LSTM,;1y (embedding

Figure 6.4: The models’ performance ranks for forecasting stock close dynamics (based on
R? score). All model extensions, on average, perform better than the baseline LSTM.

The results show that using the news stream as input enhances forecasting; on average,
all eight model variants outperform the baseline LSTM in terms of their R? score. The
highest-ranked model, LSTMcnn, which uses sentence embeddings, outperforms other
models on three stocks. Both LSTM a1rTn model variants outperform others in four stocks,
marking the best performance among the models. However, for two stocks (AAPL and
WMT), none of the model extensions showed a statistically significant improvement over
the baseline LSTM. Despite this, models that used sentence embeddings achieved the
highest performance more often than those that used sentiment scores.

The stocks for which the models failed to improve performance significantly include
AAPL, AMD, GOOG, GOOGL, TSLA, and WMT. After analyzing their corresponding
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train and test sets, we found that they all have a higher average closing value in the test
set than in the train set. While this might not directly explain the lack of performance
improvement, it serves as a potential indicator of how the models might perform under
such conditions.

Table 6.1: The models’ performance of predicting the stock close dynamics (R? score
reported). Reporting the absolute positive or negative difference denoted with the up (1)
and down (|) arrow, respectively. Using symbols e and o, we highlight whether the mean
absolute errors between the baseline LSTM and the comparing model are statistically
significant (e) or not (o) according to paired t-test at the significance level of p = 0.05.

LSTM LSTMinpuT LSTMpgnN LSTMcnn LSTMarTN
Stock - sentiment embedding sentiment embedding sentiment embedding sentiment embedding
AAPL 0.9848 1 0.0015 0 | 0.0006 o | 0.0510 ¢ 1 0.0018 o | 0.0482 e | 0.0012 0 | 0.0087 e | 0.0696 e
AMD 0.9873 | 0.0103 e | 0.0002 0 | 0.0003 0 | 0.0760 e« | 0.0083 e 10.00020 1 0.0060 e 1 0.0034 e
AMZN 0.9807 1 0.0128 ¢ 1 0.0066 e« 1 0.0137 e 10.0127 e 1 0.0136 ¢ 10.0134e 10.0148 e 1 0.0132 e
GOOG 0.9848 | 0.0005 o 1 0.0032 0 | 0.0034 0 | 0.0010 o 1 0.0038 e 1 0.00080 | 0.0012 0o 1 0.0079 e
GOOGL 0.9840 1 0.0051 e | 0.00170 10.0049e | 0.0178 e | 0.00250 10.0054e | 0.0367 e 1 0.0079
INTC 0.9888 1 0.0037 e 10.0018 o 1 0.0017 0o 10.0036 ¢ 1 0.0020 0 1 0.0029 0 1 0.0038 ¢ 1 0.0032 e
MCD 0.9377 1 0.0533 ¢ 10.0549 e 10.0549 e 10.0530 e 10.0548 e 1 0.0510 e | 0.3352 e | 0.0189 o

MSFT 0.8401 10.1443 e 1 0.1538 ¢ 10.1501 ¢ 10.1538 e 10.1070 e 1 0.1538 ¢ 1 0.1468 ¢ 1 0.1510
NFLX 09717 10.0129e 10.0135e 10.0186 ¢ 1 0.0099 ¢ 10.0137 e 10.0167e 10.0232 e 10.0240
NKE 0.9790 1 0.0107 e 1 0.0094 e 10.0109 ¢ 10.0107e 10.0077 e 10.0096e 10.0173 e 10.0081 e
NVDA 0.8813 1 0.1026 ¢ | 1.4030 e 10.1126 ¢ 1 0.1124e¢ 1 0.0809e 1 0.1129e 1 0.1124 ¢ 1 0.0591 e

PFE 0.9934 1 0.0019 e 10.0020 e 10.0014 0 10.0004 0 10.0024e 10.00130 10.0021e | 0.0111 e
TSLA 0.9860 1 0.0007 o 1 0.0028 o 1 0.0040 ¢ 1 0.0018 o 1 0.0033 0 1 0.0024 o 1 0.0001 o 1 0.0085 e
WMT 0.9822 | 0.0221 ¢ 1 0.0009 o | 0.0335e | 0.0349 e | 0.00350 | 0.0077 e | 0.0517Te | 0.1813 e

Daily volatility dynamics forecasting

This section presents the models’ performance in forecasting the daily volatility dynamics.
Figure 6.5 displays the overall ranking of the models’ performance, while Table 6.2 details
their performance on individual stocks.

MODEL RANK (DAILY VOLATILITY DYNAMICS) better .
9 8 7 6 5 4 3 2 1

performs better
. than LSTM .
LSTMg,, (embedding) L LSTM,y (sentiment)
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Figure 6.5: The models’ performance ranks for forecasting daily volatility dynamics (based
on R? score). On average, the LSTM TN models significantly outperform all other mod-
els.

The results show that only four model variants outperform the baseline LSTM. Out
of these four, both of the LSTMa1rTNn models showcase the highest performance, where
the variant using sentiment scores shows the most significant performance improvement
of all the models. Unlike the market close dynamics, model extensions using sentiment
scores outperform those using sentence embeddings. This suggests that sentiment scores
of news events are more suitable for forecasting daily volatility than sentence embeddings.
Generally, almost none of the performance changes are statistically significant. Moreover,
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the overall performance scores of the models are lower than those for forecasting stock close
dynamics, indicating that predicting daily volatility dynamics is a more challenging task.

Table 6.2: The models’ performance of predicting the daily volatility dynamics (R? score
reported). Reporting the absolute positive or negative difference denoted with the up (1)
and down (]) arrow, respectively. Using symbols e and o, we highlight whether the mean
absolute errors between the baseline LSTM and the comparing model are statistically
significant (e) or not (o) according to paired t-test at the significance level of p = 0.05.

LSTM LSTMinpuT LSTMpNN LSTMcnn LSTMarTN

Stock - sentiment embedding sentiment embedding sentiment embedding sentiment embedding
AAPL 0.7287 1 0.0101 o 1 0.0142 0 | 0.0022 0 | 0.0158 o 1 0.0095 o 1 0.0205 o 71 0.0231 o 1 0.0038 o
AMD 0.7777 | 0.0026 o | 0.0116 o | 0.0023 0 | O llll )3 0 10.0000 o | 0.0054 o 1 0.0275 o 1 0.0224 o
AMZN 0.6776 1 0.0043 0 | 0.00820 | 0.01220 | 0. o | 0.00090 | 0.01440 10.0273 0 | 0.0095 o
GOOG 0.6323 1 0.0097 o | 0.0212 0 | 0.0119 0 | 0. l"J o 10.00840 | 0.01520 10.0056 0 1 0.0228 o
GOOGL 0.6352 1 0.0069 o | 0.0147 0 | 0.01050 | 0.0378 o 10.0099 o | 0.0144 o 1 0.0108 o 1 0.0099 o
INTC 0.7843 | 0.0103 o 1 0.0001 o | 0.0034 o | 0.0032 o | 0.0173 o 10.00050 | 0.0027 o | 0.0037 o
MCD 0.6966 1 0.0406 o | 0.0065 o 1 0.0228 0 1 0. 0130 o | 0.0030 o 1 0.0100 o 1 0.0567 o 1 0.0286 o
MSFT 0.7589 1 0.0107 o 1 0.0198 0 1 0.0100 0 |0 o 10.00850 | 0.0071 o 10.0150 o 1 0.0268 o
NFLX 0.7255 1 0.0047 o | 0.0106 o 71 0.0002 0 % 0 0039 o | 0.00020o 10. 0097 o 10.0224 o 1 0.0835 e
NKE 0.7086 | 0.0582 0 | 0.03910 | 0.0848e | O o | 0.01190o | 0.0099 o 1 0.0287 o | 0.0056 o
NVDA 0.8369 1 0.0287 o 1 0.0270 ¢ 1 0.0278 o 1?1 0.0183 o 10.02290 1 0.03]3 o 10.0372 0 1 0.0287 o
PFE 0.8082 | 0.0075 0 | 0.0218 o | 0.0100 o | 0.0022 o | 0.0009 o 1 0.0044 o | 0.0247 o | 0.0259 o
TSLA 0.8232 | 0.0007 o ] 0.0080 o | 0.0049 o 1 0.0001 o | 0.0010 o | 0.0037 o 1 0.0185 o | 0.0024

WMT 0.7773 1 0.0089 0 | 0.0201 o | 0.0187 o | 0.0683 o 1 0.0027 o 1 0.01200 | 0.0163 o 1 0.0147 o

6.3 Discussion

In this chapter, we explore the significance of streaming data fusion that supports multi-
modal data sources. First, we provide the formal definition of streaming data fusion,
focusing on heterogeneous data sources comprised mainly of numerical and categorical
values. The definition includes what a data stream is and what functions can be used to
aggregate, sample, and merge the data stream observations. Additionally, we introduce
the forecast data stream and the feature vector. Next, we extend the formal definition
to support multi-modal data sources, with a focus on integrating text streams for data
stream forecasting. We then illustrate the practicality of this extension for predicting
stock market dynamics, focusing on close predictions and daily volatility. We propose four
methods of incorporating text stream observations, which are in the form of news events,
into the forecasting models and compare them to the baseline LSTM model. We show the
proposed approaches can significantly improve performance over the baseline model. The
following discussion will focus on the findings concerning both the data fusion definition
and the integration of text streams to support data stream forecasting.

6.3.1 Discussion on multi-modal data fusion
In this section, we discuss the multi-modal data fusion definition, including advantages
and disadvantages, and theoretical and practical implications.

Improvements to the data fusion definition

While the definition was successfully used for modelling pipelines and forecasting in various
domains, it could be improved in several ways. First, the data stream definition lacks
functions like complex feature selections and advanced data stream resampler functions
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(a comprehensive list of aggregate functions is available in [258], [259]). Furthermore,
we presented two data stream mappers for text streams. Extending the definition to
include other data stream mappers for text, including different data sources, such as video
and audio streams, as well as discrete data points containing information relevant to the
forecasting problem, would broaden the areas where the definition can be used to describe
the data stream manipulation and preparation.

External model dependency of data stream mapper

The data stream mapper enables the transformation and mapping of observations within
a data stream from one feature space to another. We demonstrate this with text streams,
where text can be mapped into the sentiment score space using the sentiment analysis
mapper, or into the sentence embedding space using the sentence embedding mapper.
In both cases, the mapper simply describes how we transform the data stream values.
However, in practice, a dedicated model is required to perform this operation. Since there
are many approaches and models that extract sentiment scores and generate sentence
embeddings, the data stream mapper, in practice, must always include the reference to
the actual model used for the transformation. This is crucial for making experiments
reproducible for other researchers.

6.3.2 Discussion on including text into time series forecasting models

This section focuses on including text in time series forecasting models. We discuss the
models’ performance and the proposed text inclusion methods, focusing on their advantages
and disadvantages.

Models’ performance

The proposed stock market forecasting models were evaluated on their ability to predict
stock close prices and daily volatility dynamics. While all LSTM extensions outperformed
the baseline in predicting future stock close prices, only half were more effective in fore-
casting daily volatility. The results show that considering both stock market dynamics the
LSTMarTNn model, which uses sentiment scores, performed best, with an average rank
of about 4.5 for stock close and 2.5 for daily volatility dynamics. This makes it a strong
benchmark for future models. Additionally, this model uses the Attention mechanism to
focus on particular values in the stock data stream that are more significant, according to
the sentiment score of news events.

The model with the lowest overall performance is LSTMpnn which uses sentence em-
beddings. This indicates that the linear Feed-Forward layer is not suitable for processing
multi-dimensional vectors because it only transforms the embeddings linearly. The exper-
imental results suggest that more complex operations, such as the use of a CNN or an
Attention mechanism, are necessary to effectively handle these types of data.

Text stream inclusion methods

In our experiments, we incorporated the text stream using relatively simple components,
such as a linear Feed-Forward layer, a shallow CNN, and a single Attention layer. These
components demonstrated the ability to process and extract valuable information from the
text stream. However, more advanced approaches could potentially enhance the forecasting
models even further, as they could potentially uncover valuable connections between the
data and text streams, which could improve the model’s forecasting performance. Addi-
tionally, we focused on scenarios where the text stream consists of continuous text streams,
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such as news events. Including discrete text information, such as periodic reports, could
also improve the forecasting performance. Although these discrete data points can be rep-
resented as data streams, their relevance may diminish over time due to ongoing changes.
Because of that, integrating a decaying component to simulate the decreasing importance
of these data points over time might be beneficial. Although the experiments used news
events, the proposed approaches can be generalized to any temporally ordered texts. Fur-
thermore, it can be applied also to other domains, including medicine-related forecasting,
traffic prediction, and predictive maintenance.
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Chapter 7

Conclusions

I am glad you are here with me. Here
at the end of all things.

J.R.R. Tolkien

In this thesis, we investigate the use of machine learning to analyze sequential textual data.
We have explored various methods incorporating sentence structure and/or the temporal
aspects of text documents for sequence-related tasks. This chapter provides an overview
of our research findings. We first highlight the scientific contributions in Section 7.1. We
then discuss our research experiments, focusing on verifying the hypotheses defined at the
beginning of this document in Section 7.2. Finally, based on our findings, we propose
potential future research directions in Section 7.3.

7.1 Contributions to Science

In our research, we developed several methods that consider the sequential nature of text
data. This section outlines the scientific contributions of this thesis. We begin by discussing
how we include sentence structure in measuring semantic text similarity in Section 7.1.1.
Next, we explore online text clustering using neural networks in Section 7.1.2. Lastly, we
examine streaming multi-modal data fusion in Section 7.1.3.

7.1.1 Semantic text similarity using sentence structure

We develop two novel unsupervised methods for measuring semantic text similarity, LM-
EMD and OPWScore, which focus on the meaning and order of individual words [SC-1]
and are evaluated for tasks of information retrieval and machine translation [SC-5].

In Section 4.1, we propose the LM-EMD, a model used for cross-lingual information
retrieval to measure the document’s relevancy using all of the contextual information of
words in both the query and document texts. The model-generated output also provides
insight into why the document is relevant. The LM-EMD model is compared to other
word embedding and multilingual language model approaches on two information retrieval
data sets with different query structures — The Large-Scale CLIR data set contains queries
that are whole sentences, while the CLIRMatrix data set has short queries. The experi-
ments show that the LM-EMD model performs similarly to the best-performing model on
high-resource languages on the Large-Scale CLIR data set but has difficulties with Slavic
languages, as shown on the CLIRMatrix data set. Furthermore, the experiments also show
that information retrieval models have difficulties retrieving texts for shorter queries. We



110 Chapter 7. Conclusions

explain how to interpret the LM-EMD model’s output and show its capabilities in an
example with an English query and German documents. An analysis of the impact an
objective loss function has on training and fine-tuning cross-lingual information retrieval
models shows a significant increase in performance when using the pairwise ranking instead
of the cross-entropy loss function. The code for the experiments is publicly available on
Github [196].

Section 4.2 proposes a novel OPWScore metric for measuring text generation model
performance. It assigns a score by considering the generated text’s adequacy and flu-
ency based on its associated gold reference. We compare OPWScore with various n-gram
matching and embedding-based metrics on two machine translation data sets, WMT18 and
WMT20. We perform two experiments: the adequacy experiments assess how well the met-
rics match the human-judgement scores. Here, we show that the OPWScore performance is
lower than that of the leading unsupervised embedding-based metric but outperforms the
n-gram matching approaches. The second experiment focuses on fluency, measuring how
sensitive the metrics are to a sentence’s word permutation. We develop a novel statistic for
measuring the metric’s sensitivity to fluency-related sentence modifications. With it, we
show that OPWScore has the highest sensitivity to word order permutations among the
unsupervised embedding-based metrics. Thus, the metric shows it is possible to combine
both adequacy and fluency when assessing the quality of the generated text. The code for
the experiments is publicly available on Github [214].

7.1.2 Online text clustering with neural networks

We propose a method for creating multilingual news data sets, which we used to develop
0G2021, a multilingual news dataset focused on the 2021 Tokyo Olympics [SC-2|. Ad-
ditionally, we developed a new online news clustering algorithm, WAC, which employs
optimal transport for measuring the news articles’ contextual and temporal similarity [SC-
3]. The WAC algorithm was tested on two news clustering data sets, including OG2021
[SC-5].

In Section 5.1, we introduce a method for creating novel multilingual news clustering
data sets that automate the collection and clustering of news articles. The process in-
cludes these steps: (1) data acquisition, which gathers news articles from multiple sources
using Event Registry, a system for acquiring and aggregating news; (2) data cleanup and
preparation, preparing the news articles for the next step; (3) automatic news clustering,
using a multilingual news clustering algorithm optimized for precision while maintaining a
reasonable recall score, resulting in clusters of similar news articles; and (4) manual eval-
uation and annotation, where human annotators review the generated clusters and make
necessary changes to ensure the homogeneity of the news clusters. Using this method, we
created the OG2021 data set, which contains about 11k multilingual news articles reporting
on the 2021 Tokyo Olympics. These articles are in nine different languages from five lan-
guage groups. They are grouped into 1,350 distinct clusters, where 28% of clusters contain
articles in two or more languages. We compare the OG2021 with another data set, CDET,
from Miranda et al. [114]. Although the two data sets share some common attributes, they
differ in the distribution of languages and the co-occurrence of languages within clusters.
Nonetheless, both data sets are useful for evaluating multilingual news clustering algo-
rithms. The code for creating the data set is publicly available on Github [238], while the
data set is available on a public data repository [221], [222].

In Section 5.2, we propose WAC, an online multilingual news clustering algorithm that
uses different distance metrics for article clustering. The algorithm works in two stages:
The first stage creates article clusters by measuring how similar the articles are to the clus-
ters based on their temporal and contextual similarity. The second stage merges these clus-
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ters using optimal transport, which assesses the similarity between the clusters’ contextual
and temporal distributions. We tested three different strategies for clustering articles in the
first stage: monolingual clustering with named entity similarity scores (WACNONO+NER)s
monolingual clustering without named entity similarity scores (WACnonNo0), and multilin-
gual clustering without entity similarity scores (WACyurT1). We evaluated WAC against
unsupervised and classification-based algorithms on the CDET and OG2021 data sets.
The CDET data set results show that WACyurT1 performs comparably to classification-
based algorithms and better than distance-based ones. On the OG2021 data set, all three
clustering strategies yielded similar success, with WACyyp1 outperforming the others.
However, the overall performance on OG2021 was lower than on CDET due to differences in
data distribution. An ablation study indicated that WAC achieves the best results without
using entity similarity and by performing multilingual clustering in the first phase. Fur-
thermore, the cluster merging phase is a crucial component of WAC, as it substantially
enhances the quality of the constructed event clusters. The code for the experiments is
publicly available on Github [264].

7.1.3 Streaming multi-modal data fusion

We propose a formal definition of data fusion, initially focusing on data sources related to
the IoT domain. This definition was expanded to incorporate heterogeneous data stream
sources, including text data. This extended definition then applied to predict stock market
dynamics by combining news streams with stock market data, proposing four extensions to
the LSTM model [SC-4]. The stock market dynamics models were evaluated and compared
across various data sets related to these issues [SC-5].

Section 6.1 defines streaming data fusion of heterogeneous data sources within the Inter-
net of Things domain. We introduce a new definition of a data stream, which includes time,
and several data stream functions, including the aggregate, resampler, and merger, used to
summarize, synchronize and merge data streams. Furthermore, we define a forecast data
stream and how feature vectors are constructed using the (resampled) observations and
aggregates. The definition was used to describe a streaming data fusion framework [247].
Since we focus on the definition of streaming data fusion, we do not include a detailed
description of this framework; instead, we direct the reader to the cited paper for further
details.

Section 6.2 expands the formal definition of data fusion to include multi-modal data
sources, including text data. We define a data stream as observations that can be one-
dimensional or multi-dimensional vectors. Then, a new data stream function called map-
per, which maps individual observations from one feature space to another, is introduced.
This function is particularly useful for converting data streams, such as news events, into
formats compatible with machine learning models. Furthermore, two mapper functions
were introduced: one that extracts sentiment scores and another that obtains sentence
embeddings from text. Following mapping, the data stream can be processed using stan-
dard aggregate, resampler, and merger functions. Applying this extended framework to
stock market forecasting, four methods to integrate text data with time series forecasting
models are proposed: straightforward inclusion of text features and utilizing Feed-Forward,
CNN, and Attention layers to process and integrate these with data stream inputs. We
collected stock market data and related news from the Event Registry for our predictions
of future stock close prices and daily volatility dynamics. Our experiments demonstrate
that incorporating text features enhances model performance, with the LSTM 1N model
showing the best overall performance on both problems. Additionally, the experiments
found that forecasting daily volatility dynamics poses a greater challenge than predicting
stock close dynamics, as reflected by lower R? scores in the models.
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7.2 Discussion

This section evaluates whether the objectives of this thesis were met and supports our
hypotheses with evidence. The first goal was to develop methods for measuring sentence
similarity that incorporate word sequence information. We introduced two methods, LM-
EMD and OPWScore, which utilize optimal transport to calculate the distance between
word distributions in sentences. Specifically, OPWScore adds a regularization element to
the standard optimal transport method, limiting mappings to similarly indexed words,
thereby factoring in the word sequence. By doing so, we believe we have achieved the
set goal. Experimentally, we demonstrate that our methods yield interpretable results.
The experiments with OPWScore reveal that incorporating word sequence into text sim-
ilarity assessments does make the method more sensitive to changes in fluency. However,
although it does not surpass the top-performing embedding-based method, it still outper-
forms traditional n-gram matching algorithms. Although enforcing word sequence mapping
does not enhance performance significantly, it introduces an additional layer of analysis
absent in other text similarity measures. Due to these findings, we cannot conclusively
confirm or reject Hypothesis 1, which suggests that text similarity measures that include
word sequences generate more contextually aware scores. While the inclusion of word se-
quence does improve the measures from the fluency perspective, it does not consistently
perform better in experiments focused on adequacy. Thus, the hypothesis stands par-
tially supported, recognizing the benefits in one aspect of text similarity assessment while
acknowledging room for improvement in others.

The second goal was to develop a novel news clustering approach that uses uncon-
ventional similarity methods. We achieve this goal with the WAC algorithm, which uses
optimal transport to measure clusters’ contextual and temporal similarity. Including these
unconventional similarity measures enables WAC to outperform the unsupervised cluster-
ing algorithms and is comparable to the best classifier-based algorithms. Furthermore, we
evaluate WAC on two data sets, showing that it performs comparably or even better than
other algorithms. This confirms Hypothesis 2, stating that using structure including sim-
ilarity metrics in news stream clustering algorithms improves the quality and homogeneity
of the generated news clusters.

The third goal was to develop methods for combining text and data streams to im-
prove data stream predictions. We defined multi-modal data fusion of heterogeneous data
sources, including mapping, aggregating, sampling and merging different data streams.
Using this definition, we developed four methods for including text streams into time se-
ries forecasting models, specifically for predicting stock market dynamics. The results show
that careful preparation of the data streams and components for including text streams can
improve the forecasting model’s performance, thus achieving our goal. Furthermore, we
partially confirm Hypothesis 3, which includes relevant textual information in numeric
data streams, improves the performance of data stream predictions. Our experiments
utilized news events as external inputs to inform stock market dynamics. We also imple-
mented specific components to include the textual information in the LSTM models. The
positive outcomes from these experiments support the hypothesis, though further testing
across additional forecasting models would provide a more exhaustive evaluation of the
hypothesis’s validity.

Finally, all of the proposed approaches have been evaluated on data sets appropriate
for the given problem we were trying to solve, thus achieving the fourth goal, which is
evaluating the proposed methods on various data sets.
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7.3 Further Work

This section organizes further work into three parts, each related to one of the main
chapters of this thesis.

Semantic text similarity using sentence structure. Regarding the experiments of
the LM-EMD and OPWscore methods, there are some possible research directions. First,
making the models smaller by using model distillation and pruning would potentially speed
up the calculation of the relevance scores. Moreover, integrating different text features,
such as part-of-speech tags and syntactic embedding [265], into optimal transport calcu-
lation could potentially improve the model’s performance, as it would include information
about the sentence structure into consideration.

Several strategies could be explored to improve outcomes when using optimal trans-
port for measuring sentence similarity. Calculating the p-Wasserstein distance for p > 2 and
experimenting with different prior distributions in the order-preserving optimal transport
problem are promising options to refine the similarity measures. Moreover, leveraging out-
puts from different layers of various language models could enrich the assessment metrics,
as these layers capture different aspects of linguistic information [103].

Furthermore, recent developments in large language models (LLMs) also offer exciting
research opportunities. These models exhibit impressive generative capabilities, which are
a product of how the models generate word /token representations. Exploring the potential
of utilizing these representations in measuring text similarity could be a promising avenue
for future research. Additionally, the LLMs can open up possibilities for unconventional
approaches to measuring text similarity that have not yet been exposed.

Online text clustering with neural networks. The method we proposed for creating
news clustering data sets offers a versatile approach to generating novel data collections
that can be used to train and evaluate clustering algorithms. The method can be extended
beyond news articles and adapted for temporally ordered text streams, such as social media
posts, blog entries, or academic articles. It can be utilized to create novel data collections
that can then be used for training and evaluating various clustering algorithms. By allowing
for the generation of temporal text collections that include multiple labels, this approach
broadens the scope of applications for different algorithms.

Considering the results of the WAC clustering algorithm, some possible research di-
rections exist. First, the algorithm can be enhanced by implementing a loose variation
of cluster merging, where only a sample of articles from each cluster would be consid-
ered when assessing when to merge the clusters. Furthermore, while the hyper-parameters
were manually set in our experiments, using methods to learn the optimal solutions could
potentially improve the quality of the clusters.

Similar to the previous subsection, using LLMs could potentially improve both the data
set creation process and the news clustering algorithm. They could be used to extract the
relevant entities from the text and form them into the format that would be optimal for the
task at hand; in the case of news articles, they could be fine-tuned to extract the answers
to the journalist questions WHO, WHAT, WHERE, WHEN, which would then be used as the
input information to the clustering algorithm. Furthermore, the LLMs could summarize
the news clusters and thus provide us with valuable information regarding world events.

Streaming multi-modal data fusion. The proposed definition of multi-modal data
fusion was showcased on data and text streams. A possible direction for research is to
include other data modalities, including video streams, which include visual information
that can help forecast traffic in real-time. Furthermore, the development of functions
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for mapping, aggregating, sampling and merging multi-modal data streams would provide
additional support in combining different sources of information for time series forecasting.

To evaluate the performance of incorporating text in time series forecasting models
versus the baseline model, we compared the baseline LSTM with its extensions. Although
this proved effective as a proof-of-concept, other models could also be considered. These
range from traditional models such as ridge regression, k-nearest neighbors, decision trees,
gradient boosting regression, and random forests to more recent neural network approaches
like the transformer-based forecasting model. The latter is particularly interesting in the
research community, which continues investigating the best ways to utilize the Attention
mechanism for time series forecasting.
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