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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 specic order where the sequence is
signi cant. Examples include (1) sentences, where word usage and order must adhere to the
rules of grammar, (2) news reporting on events happening at di erent times, and (3) texts
related to nancial stock prices, reporting on the nancial market dynamics. Analyzing
this data helps us understand patterns, make predictions, and enhance decision-making for
various tasks.

We rst 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, speci cally 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 uency-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 rst 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 di erent 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 ne-
tuning.

Finally, we de ne 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 di erent 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.






Xi

Povzetek

Doktorska disertacija raziskuje uporabo metod strojnega u£enja za analiziranje tekstovnih
podatkov v zaporedju. Ti podatki so urejeni v doloEenem zaporedju, kjer ima vrstni red
pomembno vlogo. Primeri vkljuEujejo (1) stavke, kjer sta raba in vrstni red besed dolofena
s slovni£nimi pravili, (2) poro£anje novic o dogodkih, ki so se zgodili ob razliEnih £asih, in
(3) dokumente, ki poro£ajo o tef£ajih delnic na nanfnem trgu. Analiza teh podatkov nam
pomaga pri razumevanju vzorcev, napovedovanju in odlo£anju pri razliEnih nalogah.

Najprej se osredoto£imo na merjenje podobnosti besedil, kjer upo2tevamo njihovo struk-
turo. Predlagamo dve metodi, Language Model Earth Mover's Distance (LM-EMD) in
Order-Preserving Wasserstein Score (OPWScore), ki upo2tevata kontekstualni pomen be-
sed in njihov polo®aj 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 uspe2nosti modelov generiranja besedil, kot so
strojni prevajalniki. Obe metodi uporabita jezikovne modele za ustvarjanje kontekstual-
nih vio®itev besed. Te vloCitve se nato uporabijo za merjenje podobnosti besedil z uporabo
teorije optimalnega transporta, zlasti Wassersteinove razdalje. Metoda OPWScore pri
tem tudi omeji izrafun na besede, ki so na podobnih polo®ajih, s £imer poudarja vliogo
umestitve besed. Metode smo ovrednotili in primerjali z drugimi modeli in metrikami, Ki
upo?tevajo strukturo besedil. Rezultati ka®ejo, da upo2tevanje njihove strukture prispeva
k uspe?nosti, ki temelji na teko£nosti besedila, hkrati pa vpliva ha uspe2nost, povezano z
ustreznostjo besedila.

Nato raziskujemo uporabo modelov nevronskih mre® za gru£enje novic v realnem £asu,
upo?tevajo£ njihov £as objave. Najprej predstavimo postopek za ustvarjanje novih podat-
kovnih mnoCic za gruEenje novic. Ta avtomatizira zbiranje in gruf£enje novic, zaradi £esar
je olaj2ano delo roEnemu oznafevalcu. Postopek uporabimo za ustvarjanje nove £ezjeziEne
mnov®ice novic, ki poro£ajo o olimpijskih igrah v Tokiu 2021. Mnao°ica je sestavljena iz £lan-
kov, napisanih v razliEnih jezikih in ozna£enih glede na poro£anje dogodkov. Razvili smo
tudi nov algoritem za realno-£asovno gru£enje novic, imenovan Wasserstein-based news
Article Clustering (WAC), ki temelji na rabi metrik. Algoritem analizira kontekstualne in
£asovne podobnosti med gruE£ami novic z uporabo Wassersteinove razdalje in se nato odlo£i,
katere naj zdru®i. Algoritem je ovrednoten na dveh podatkovnih mnao®icah in primerjan z
drugimi algoritmi za gruf£enje novic. Rezultati ka®ejo, da algoritem WAC daje primerljive
rezultate kot najboljzi nadzorovani algoritmi, brez potrebe po predhodnem prilagajanju.

Nazadnje de niramo fuzijo veEmodalnih in heterogenih virov podatkov. Posvetimo
se napovedovanju borznih dinamik z uporabo tekstovnih in numeri£nih tokov podatkov.
Razvili smo 2tiri metode za vkljuEevanje tekstovnih informacij, ki jih uporabimo v mo-
delih za napovedovanja dinamik zneska ob zaprtju in dnevnih volatilnosti trga. Testi-
rali smo tudi rabo razliEnih tekstovnih predstavitev. Poskusi so pokazali, da vkljufitev
ve£-dimenzionalnih reprezentacij besedil lahko izbolj?2a napovedi, ko so vhodni podatki
primerno obdelani in je uporabljena prava strategija vkljuEevanja besedila.






Xiii

Contents

List of Figures XVii
List of Tables XiX
List of Algorithms XXi
Abbreviations XXili
Symbols XXV
1 Introduction 1
1.1 Motivation . . . . . . .. e 1
1.2 Goals, Hypotheses and Approaches . . . ... ... ............... 2
1.3 Scientic Contributions . . . . . ... .. ... . 4
1.4 Organization of the Thesis . . . ... ... ... .. ... . . . . ... . ... 5
2 Related Work 7
2.1 State-of-the-Art on Measuring Textual Similarity . . . . . .. ... ... ... 7
2.1.1 TextrepresentationS. . . . . . . . . . . i 7
2.1.2 Text similarity and information retrieval . . . ... .. ........ 11
2.1.3 Text similarity as an NLG evaluation metric . . . . ... ... .. .. 13
2.2 State-of-the-Art for Text Stream Clustering . . . . . ... ... . ... .... 15
2.2.1 Text stream clustering evaluation datasets . . . . ... ... ..... 15
2.2.2 Online text stream clustering algorithms . . . . .. .. .. ... ... 15
2.3 State-of-the-Art for Multi-Modal Stream Forecasting . . ... ... .. ... 17
2.3.1 Streaming multi-modal data fusion . . . . . ... ... ......... 17
2.3.2 Data stream forecasting algorithms . . . . . . ... .. .. ... .... 19
2.4 Critical Summary of Related Work . . . . .. ... .. ............. 20
3 Optimal Transport for Comparing Sequential Data 21
3.1 Optimal Transport Overview . . . . . . . . . . . e i e 21
3.1.1 Probabilistic view of optimal transport . . . . ... .......... 23
3.2 Order-Preserving Optimal Transport . . . .. . ... .. ... .. ....... 23
4 Semantic Text Similarity Using Sentence Structure 25
4.1 Measuring Cross-Lingual Sentence Similarity with EMD . . . .. ... ... 25
4.1.1 Measuring document relevancy using optimal transport . . . . . .. 26
4.1.2 The LM-EMD model architecture . .. ... .............. 27
4.1.3 Implementationdetails . . ... ... ..... .. ... ... . .... 30
4.1.4 Experimental setting . ... ... ... ... . . ... .. . . . ... 31
4,15 Experimentresults . ... ... ... ... .. ... e 35

4.2 Including Sentence Structure into Similarity Measure . . ... ........ 39



Xiv Contents
4.2.1 The OPWScore metric architecture . .. ... ... .......... 40
4.2.2 Implementationdetails . . ... ... ... ... .. ... ... . .... 42
4.2.3 Experimentalsetting . ... ... ... ... . . . .. .. . . . . ..., 43
4.2.4 Experimentresults . ... ... ... ... .. .. e 47
4.3 DISCUSSION . . . . . . . 51
4.3.1 Discussionon LM-EMD results . . ... ... ... .. ... . ... .. 51
4.3.2 Discussion on OPWScoreresults . . . ... ... ... ... ...... 53
5 Online Text Clustering with Neural Networks 55
5.1 Multilingual News Clustering Data Set Creation Process . . ... ... ... 55
5.1.1 Newsretrieval . ... ... ... . ... 57
5.1.2 News annotation . . . . . .. . ... . ... ... 59
5.1.3 The 2021 Tokyo Olympics dataset . . . .. ... ... ......... 61
5.1.4 Data set compariSon . . . . . . . . . .. 64
5.2 Online Multilingual News Clustering Using Wasserstein Distance . . . . .. 68
5.2.1 Algorithm description. . . . . . ... ... ... . . . ... 69
5.2.2 Implementationdetails . . ... ........... ... . ....... 77
5.2.3 Experimentsetting . . ... ... . ... ... ... 78
5.2.4 Experimentresults . .. .. ... ... .. ... 80
5.3 DISCUSSION . . . . . . . e 83
5.3.1 Discussion on news clustering data sets comparison . . . . .. .. .. 83
5.3.2 Discussion on online news article clustering . . . .. ... ....... 84
6 Streaming Multi-Modal Data Fusion 87
6.1 De ning Streaming Data Fusion for the Internet of Things . . . . ... ... 87
6.1.1 Problemdenition. .. ..... ... ... . . ... . . . . . ... ... 88
6.1.2 Typesofdatasources . ... ... .. .. ... ... 89
6.1.3 Datastreams . . . . . . .. . . ... 90
6.1.4 Data stream functions . .. ... ... .. ... . ... . ... ... .. 91
6.1.5 Forecastdatastream . ... ....... ... . . ... ... ..., 93
6.1.6 Feature vector . ... ... ... ... ... ... 94
6.2 Including Text into Time Series Forecasting Models . . ... ... ...... 94
6.2.1 Extension of the formal de nition of data fusion . . . . ... ... .. 95
6.2.2 Stock market forecasting using news features . . . . ... ..... .. 97
6.2.3 Implementationdetails . . ... ......... ... ... . . ..... 98
6.2.4 Experimentsettings . . .. ... ... .. . . ... ... e 99
6.2.5 Experimentresults . ... ... ... ... . .. ... .. . . . ..., 103
6.3 DIiSCUSSION . . . . . . e 105
6.3.1 Discussion on multi-modal data fusion . . . . ... ... ........ 105
6.3.2 Discussion on including text into time series forecasting models. . . 106
7 Conclusions 109
7.1 Contributions to Science . ... .. ... ... e 109
7.1.1 Semantic text similarity using sentence structure . .. ........ 109
7.1.2 Online text clustering with neural networks . . . . ... ... ... .. 110
7.1.3 Streaming multi-modal data fusion . . . . .. .............. 111
7.2 DISCUSSION . . . . . 112
7.3 Further Work . . . . . . . 113
References 115



Contents

Bibliography

Biography

XV

133

135






XVil

List of Figures

Figure 2.1:
Figure 2.2:
Figure 2.3:

Figure 4.1:
Figure 4.2:
Figure 4.3:
Figure 4.4:
Figure 4.5:
Figure 4.6:

Figure 5.1:
Figure 5.2:
Figure 5.3:
Figure 5.4:
Figure 5.5:
Figure 5.6:
Figure 5.7:
Figure 5.8:

Figure 6.1:
Figure 6.2:
Figure 6.3:
Figure 6.4:
Figure 6.5:

The word2vec model architectures . . . . ... ... ... ......... 9
The embedding space alignment illustration . . .. ............ 9
The Transformer model architecture . . . . ... ... ... ........ 10
The LM-EMD model architecture . . ... .. ... .. .......... 27
The LM-EMD documentranking steps . . . .. ... .. ......... 29
The LM-EMD model output score interpretation . . . ... ....... 30
The LM-EMD score interpretability example . . . . . ... ........ 37
The OPWScore metric architecture . . . ... ... ... ......... 40
The di erent approaches evaluating text generation methods . . . . . . 45
The schematic overview of the 0OG2021 development. . . ... ... .. 57
The OG2021 article distribution by date . . ... ............. 62
The OG2021 cluster distribution by size . .. .. ... .. .. ...... 63
The OG2021 cluster distribution by language . . ... ... ....... 63

The OG2021 language co-occurrence inclusters . . ... ......... 64

The CDET cluster distribution by language . . . ... .......... 66
The 0G2021 vs CDET language co-occurrence comparison . . . . . . . 67
The WAC algorithm diagram . . . . . . ... ... ... .......... 69
Data availability of di erent types of data sources . ... ........ 90
The depiction of the baseline LSTM model and its extensions . . . . . 98
The stock price and news availability time series . . . ... ....... 102
The models' performance ranks for forecasting stock close dynamics. . 103

The models' performance ranks for forecasting daily volatility dynamics 104






XiX

List of Tables

Table 4.1:
Table 4.2:
Table 4.3:
Table 4.4:
Table 4.5:
Table 4.6:

Table 4.7:

Table 4.8:

Table 4.9:

Table 4.10:
Table 4.11:
Table 4.12:
Table 4.13:
Table 4.14:

Table 4.15;

Table 4.16:

Table 4.17:;

Table 5.1:
Table 5.2:
Table 5.3:
Table 5.4:
Table 5.5:
Table 5.6:
Table 5.7:
Table 5.8:
Table 5.9:
Table 5.10:
Table 5.11:
Table 5.12:

Table 6.1:
Table 6.2:

The Large-Scale CLIR data set statistics . . . ............... 32
The CLIRMatrix data set statistics . . . . ... ... ............ 33
The LM-EMD experiment results on Large-Scale CLIR dataset . ... 35
The LM-EMD experiment results on CLIRMatrix dataset . . . ... .. 36
The relevance scores of German documents to a given English query . . 36
The performance comparison of the LM-EMD model trained with di er-

ent hyper-parameters and loss functions . . . .. ... ........... 38
The comparison of BERT-{CLS, MAX, MEAN} performances using dif-

ferent loss functions . . . . .. . ... 39
The WMT18 and WMT20 language pair set statistics. . . . . ... ... 44
The scores of the uency statistic tests on the WMT18 data set. . . . . 47
Metric performances on the WMT18 to-English translations . . . . . . . 48
Metric performances on the WMT18 from-English translations . . . . . 49
Metric performances on the WMT20 to-English translations . . . . . . . 49
Metric performances on the WMT20 from-English translations . . . . . 50
Analysis of using IDF and uniform weight distribution on the WMT18
to-English translations . . . . ... ... ... ... .. ... .. ...... 50
Analysis of using uniform and IDF weight distribution on the WMT18
from-English translations . . . . . ... ... ... .. ... . ... ..... 50
Analysis of using di erent hyper-parameter values on the WMT18 to-
English translations . . . . .. .. ... ... ... 51
Analysis of using di erent hyper-parameter values on the WMT18 from-
English translations . . . ... .. ... ... .. ... . 51
The news retrieval criteria conditions. . . . .. ... ... ......... 57
The OG2021 data set statistics of the retrieved articles . . . . ... ... 59
The OG2021 data set statistics after automatic news clustering . . . . . 60
The OG2021 data set statistics after manual evaluation and annotation 61
The OG2021 data set statistics . . . .. ... . ... ... ........ 62
The CDET data set statistics . . .. ... ...... ... ......... 65
The 0G2021 vs CDET data set comparison statistics . . . ... ... .. 66
The performance results on the CDET dataset .. ............ 80
The performance results on the OG2021 dataset. . . .. ......... 81
The parameter analysis on the CDET dataset . ... ........... 82
The parameter analysis on the OG2021 dataset . ... .......... 82
The cluster merging assessment analysis on the CDET data set . . . . . 83
The performance of predicting the stock close dynamics . ... ... .. 104

The performance of predicting the daily volatility dynamics . . ... .. 105






XXi

List of Algorithms

Algorithm 3.1:

Algorithm 5.1:
Algorithm 5.2:
Algorithm 5.3:
Algorithm 5.4:
Algorithm 5.5:
Algorithm 5.6:
Algorithm 5.7:
Algorithm 5.8:
Algorithm 5.9:

The Sinkhorn-Knopp algorithm: SinkhornKnopp . . . . . ... ... 22
The article-cluster temporal score: ACTemporalScore . . . .. ... 71
The article-cluster content score: ACContentScore. . . .. ... .. 72
The article-cluster entity score: ACEntityScore . . .. ... ... .. 72
The article clustering algorithm. . . . . ... ... ... ........ 73
The article clustering cleanup. . . . ... .. ... ... ...... 73
The cluster-cluster temporal score:CMTemporalScore. . . . .. .. 74
The cluster-cluster content score: CMContentScore. . . . . ... .. 76
The cluster merging algorithm. . . . . ... ... ... ......... 76

The cluster merging cleanup. . . . . . ... ... .. ... ....... 77






Abbreviations

API
BOW
CLIR
CNN
EMA
EMD
IDF
IPS
IR
ISDI
loT
JSI
JSON
LLM
LM

MA
MT
NLG
NLP
NN
ooV
OPW
oT
RNN
RelLU
SA
SE
TF
URL

WMA ...

. Application Programming Interface
. Bag-of-Words
. Cross-lingual Information Retrieval
. Convolutional Neural Network
. Exponential Moving Average
. Earth Mover's Distance (also 1-Wasserstein Distance
. Inverse Document Frequency
. International Postgraduate School
. Information Retrieval
. 10T Streaming Data Integration
. Internet-of-Things
.. JoPef Stefan Institute
.. JavaScript Object Notation
... Large Language Model
... Language Model
LSTM ...

Long Short-Term Memory

. Moving Average

. Machine Translation

. Natural Language Generation

... Natural Language Processing

.. Neural Network

. Out-of-Vocabulary

. Order-Preserving Wasserstein

. Optimal Transport

. Recurrent Neural Network

. Recti ed Linear Unit

. Sentiment Analysis
.. Sentence Embedding

. Term Frequency

. Uniform Resource Locator

Weighted Moving Average

XXii






Symbols

R
Rn
Rn m
R2,"™
YY2
re
X
et
op
1)
X

n
Ox;aggr
On

Ox;mapper e

x;sampler ***
n

. set of real numbers
. space ofn-dimensional real vectors
.. space ofn m-dimensional real matrices
. space of non-negativen m-dimensional real matrices
. “2-norm, also known as Euclidean norm
. scalar product
. Dirac delta function concentrated at point x
. exponential function
. data stream
. data stream window
. aggregated data stream

resampled data stream
mapped data stream

XXV






Chapter 1

Introduction

It's the job that's never started that
takes longest to nish.

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 di erent 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 e ort. However, while these
models are e ective 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 speci ¢ 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 di erent timestamps, and (3) nances, 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 di erent elds 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 di erent 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 di culties presented by the data
sequences. For instance, to combine or compare two data sequences, one must rst align
them, which is not trivial when the sequences are of di erent 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 di culties 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 re ne 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 di erent 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 bene t domains such as nancial 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
e ectiveness and robustness. Evaluation is important to con rm that new methods and
approaches perform well in di erent scenarios and nd 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 signi cantly a ects 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 nance trading. Text data can o er information
often missing in data streams, potentially leading to more accurate forecasts and helping
decision-makers respond more e ectively 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 eld. We collected the scientic
resources published in the last years that are relevant to our research topic. If we do
not nd su cient 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 ndings 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 su cient 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 re ect 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 gures, high-
lighting the best performances.

Critical judgement of the method's performance, including the trade-o 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-
ts and drawbacks of the methods. These are analyzed and presented in the discussions.
Furthermore, we analyze the tradeo 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 Scienti ¢ Contributions

In this section, we describe the scienti ¢ contributions derived from the scienti c research
done within this thesis.

SC-1  Novel 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 modi ed 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 uency-based
modi cations 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 di erent languages on di erent
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 classi er-based clustering algorithms.
This scienti ¢ contribution relates to Hypothesis 2.

SC-4  An extension of the formal de nition 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 prede ned function or a
function learned using machine learning approaches. The extension is then used to de ne
models that learn abstract text representations to support the data stream forecasting
in the nancial domain. The addition of the text stream has been shown to improve
the performance of the baseline forecasting model. The scienti ¢ contribution relates to
Hypothesis 3.

SC-5 Evaluation 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 rst 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 rst 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 rst 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 rst
presents a formal de nition of data fusion in the Internet of Things domain in Section 6.1.
Next, Section 6.2 presents an extension of the data fusion de nition 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 ndings in this
chapter are then discussed in Section 6.3.
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We conclude the thesis with Chapter 7, which presents the scienti ¢ contributions in
Section 7.1, discusses whether the set goals are achieved and the hypotheses are con rmed
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 0 ers

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 rst 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 af words, known asn-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, over tting 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 di erent 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 pre xes
and su xes), 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 o ers 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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(a) The CBOW model architecture. The hid- (b) The Skip-Gram model architecture. The
den state is the average of the\NTqi vectors, hidden state is equal to the X Tw; vector.
where ¢; are the words found in the context The output vector is compared with all one-
window. The output vector is compared with  hot encoding vectors of the context words
the one-hot encoding vector of the target word  ¢3;;Cpi;:::; Cyi -

Wi .

Figure 2.1: The word2vec model architectures. Both model variants require a context

ValuesV 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 nding similarities based on shared subwords.

While these word embedding models are e ective 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 di erent languages into a common semantic space [6]
[10]. This generally involves identifying anchor terms, i.e. words with similar meanings
in di erent languages, and aligning them in the language embedding spaces using linear
transformation. The anchor terms are identi ed either beforehand or based on the term
statistics. Figure 2.2 illustrates the idea of aligning embedding spaces.

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 di erent 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 xed-length vector representation of each document in a corpus. Both
approaches produce vector representations that can be used for di erent 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 classi cation, 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.

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 modelswere 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 classi cation 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 di erent languages.

Decoder-only modelsare used for text generation tasks, such as machine translation,
text summarization, and recently also question answering. They rst 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 signi cantly 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 scienti c papers. Another study [29] utilized re-
inforcement learning through human feedback (RLHF) [30], [31] to ne-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 nance [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 re ning 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 e cient 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 rst 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 Euclidean and cosine distances, are commonly utilized where texts
have single-vector representations. Euclidean distance measures the length of the line
segment between two vectorsy| J}W>R" in an Euclidean space, calculated as follows:

de” N Q"X Yi*Z K W>R": (2.1)
In comparison, the cosine distancemeasures 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: o

Nye
where cosrepresents 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
KN W>R" are unit vectors, i.e., YA, Y, 1. Therefore, when the vector representations
are unit vectors, either of the distances can be used to measure the textual similarity,
yielding equivalent results.

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], speci cally 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 nds 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.

deos ¢ 1 cosSH: cosSK W (2.2)

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 technigues can be found in [68]. In
addition to developing an e ective model for nding 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® R" R adheres to the triangle inequality if, for any three points N &> R", the
following holds: d" & 5 Bd & o\ 5.
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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 di erent providers, such as Google Translatg, DeepL“, and Translate.con?, 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 nd
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 thgCLS] 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 di erent languages in a common
semantic space. For instance, multilingual BERT was used to generate inputs of the
classi cation 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 di erent 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
e cient 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

Shttps://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 afi-consecutive words (callech-grams) between the generated output
and its corresponding gold reference. The metrics di er based on how the matching is
performed, which includes counting the number oh-grams between the two sentences [97],
measuring the lengths of common sub-sequences [98], comparing the positiond-@frams,
their stemmed forms and semantic meaning [99], and by measuring the cosine distance
between then-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 metricsise 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 e ectively 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 di erent 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 specic 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 di erent generation task evaluation by
pre xing or post xing 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 nal 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 uency 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 o ers 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 di erent 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 classi cation and clustering
experiments. The Routers-21578 data set [111] comprises 10,369 Routers news articles with
prede ned 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 in nite 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 di erent approaches for short-text
stream clustering. These algorithms typically fall into one of the following groups: The
rst group consists of Dirichlet process-based methodsThese methods use a variation of
the Dirichlet Process, a hon-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 afimilarity-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 methodsvhich 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-speci ¢ 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-de ned threshold is applied to
retain signi cant keywords.

News articles often mention multiple events. In such cases, Transformer-based language
models can be utilized for event sentence co-reference identi cation, which links parts
of articles to multiple events [133]. It involves identifying if two sentences refer to the
same event using a classi cation 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 di erent 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 di erence between clusters,
time variability within clusters, and the similarity of the most frequently annotated entities

in both clusters, represented using language-independent identi ers.

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 rst created using language-speci ¢ 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 DistiiBERT [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.
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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 loT 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 signi cant domain knowledge
(model-driven approaches) into the data fusion model (mainly into the Kalman Iter'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 di erent 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 e cient machine learning mod-
els. Crucial identi ed pre-processing functionalities include concept drift detection and
adaptation, missing data imputation, noise treatment, data reduction and e cient 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 bene ts the accuracy of the nal prediction of real sensory data.

Text data fusion

Fusing text data with other modalities proves bene cial in addressing challenges across
diverse domains. For example, in social security and stability, the identi cation 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 nancial domain. In this context, text data, typically sourced from news articles,

is analyzed, and speci ¢ 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
nancial 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 identi ed 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 Hoe ding Trees (VHT) [172] are the rst distributed streaming
algorithms for decision trees and o er signi cantly improved computation speed accord-
ing to VFDT and EFDT. A lot of e orts 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 signi cant traction in addressing time series tasks
in recent years [175]. Speci cally 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, speci cally 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 signi cant stride in the time series domain analogous to e orts
in NLP. Moreover, Large Language Models (LLMs) originally used for NLP have demon-
strated surprising pro ciency 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. One contribution in this regard [185] proposes a general GNN framework
tailored speci cally 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 classi cation, 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 e cacy
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 speci cally 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 di erent 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 classi ed into a small number of clusters with coarse
topics. Although we have identi ed 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 re ection 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 classi ers
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 e ectively 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 spadeX and Y. We then de ne the probability measure
as a real-valued function that satis es the measure properties and assigns a numerical value
between 0 and 1 to events or sets within a probability space. Given the probability measures

onX and onY, we de ne the coupling of” ; e« as a probability measure >X Y such
that “pry e, and pry ey , Wwhere"pry ¢, and prye, are push-forward operators
that project the input probability measure  onto the probability measure de ned on the
spacesX and Y, respectively. The optimal transport problem asks for the coupling that
solves the minimization problem

Ly oo inf Sx Yc“x;y-d "X ye; (3.2)

>

where 7 ; e >X Y Tprye, ; Pry*s * is the set of all admissible
couplings, andc X Y Rxm872 « is a cost function that is at least semi-continuous,
i.e., the function is discontinuous at a nite number of points. Note that when X;Y are
discrete spaces, every cost function, as de ned above, is continuous.

When the probability measures are de ned on the same space, the optimal transport
problem induces a notion of a distance, or similarity, on the space of probability measures.
SupposeX is a Polish space, and; are probability measures onX . Given the ground
metric d X X  Rg and the cost functioncx;ys d"x;yeP, the p-Wasserstein distance
is de ned as

Wp™; o Lg™; o™ (3.2)

LA Polish space is a separable, completely metrizable topological space.
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It can be shown that W, truly de nes a metric on the space P"X+ of all probability
measures onX [56]. In addition, optimal coupling that solvesW,," ; + gives us insight
into how to redistribute the mass between and , 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. Speci cally,
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; eand”Y; e« be probability spaces,andc X Y Rx8~2 « be a continuous
cost function, such that

CX;ye C “xe  Tye; I7Xye>X Y, (3.3)

for some continuous functions X Rand Y R. Letus de ne the set of all pairs of
functions " ; e satisfying Equation (3.3) as

Ax y'co T e Xy C “xXe  Tye; 1 TXye>X Yo
Then, the Kantorovich duality is shown as

Ly e sup <g “yed "y» g “xed "Xee: (3.4)
" e>Ayx yee Y X
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 e cient 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 >R" M; the regularization factor >Rg; the number of iterations N
Output: The Wasserstein distance

b

K e ;
u® ones(dim n); /I Vector of size n filled with ones
v®  ones(dim m); /I Vector of size m filled with ones
fori 1to N do
ul* anr kv /I Element-wise division
vie bAKTU /I Element-wise division
end

P diag(uN")K diag(vN*):
return trace( DTP);
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3.1.1 Probabilistic view of optimal transport

The optimal transport problem can be de ned using probabilistic terms. Given two prob-
ability spaces”X; <« and "Y; e, we de ne a coupling of”; e as a construction of two
random variables"A; B« such that law”Ae and law B e , Where for an arbitrary
random variable X we can think of law” X« as the probability distribution of X . Note that
a coupling of ”; < always exists [56]. The probabilistic equivalent to Equation (3.1) is
solving

[IPSO inf E°CA;Bee;

"ABe> pT ;e

where ,"; ¢ T A;Belaw"Ae ; law"Be  « is the set of all admissible couplings
de ned in probabilistic terms, and ¢ X Y R is the cost function [56]. Similarly, the
p-Wasserstein distance has an equivalent probabilistic formulation written as

Wo™; «  inf E%A; B P/ (3.5)
A;B > p ; .

This de nition of p-Wasserstein distance de nes a metric on the spade”X « of probability

measures orX , which is shown in [56]). In order to usep-Wasserstein distance for measur-

ing relevancy between random variables, we must rst introduce theProkhorov distance

One possible de nition is

d,”; + infcee AO inf PdA;B-A B j:
"ABe> pt ;e

Distanced,” ; < is precisely the minimum distance in probability between random vari-

ables distributed according to probability measures and [190]. For all p C 1, the

Wasserstein and Prokhorov distances may be related by

“dpe? BW, B 1 diam"X + dp; (3.6)

wherediam™X ¢ sup™d x;ye x;y >X e [191]. This relation gives the means for interpret-
ing the relevancy of two random variables: Suppose we are given a metric spa¥e such
that the diameter diam™X ¢ is su ciently small, and the space P~ X ¢ of probability mea-
sures onX. Let ; be probability measures onX, and A;B be random variables such
that law™Ae and law B . Then a smaller p-Wasserstein distance between and
implies that the probability that B is lying in the complement of the -ball centered atA,
B°A; ¢« "C d°A;Ce @-, is su ciently small. Thus, we can conclude that there must be
some relation between the random variable#\ 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 de ne
a set of sample pointsS  "x1;X2; X X >X ¢, where X is a Polish space (e.g the space
of of n-dimensional vectorsR"). We can then associate a discrete probability measure to
the set of points S as follows:

n
QaiXi;
i1
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wherea; CO, P ;& 1land ,, are the Dirac delta functions de ned as

1 xi vy,

0; XiXy; (3:7)

xi Y

whereXx;;y >X are sample points. Valuea; represents the weight corresponding to sample
point x; in discrete probability measure . For example, weightsa % correspond to
sample points being uniformly distributed.

Since the above sef is nite we may consider an orderB on it. Let us denote this set
as"S;Be  x1;Xp;:Xn . We will name this pair “S; B+ as the sequence of sample points
in X and number n as the length of the sequence. Given two sequenc8s Xi;X»;::!;Xn
and S© Y1;¥Y2; 5 Ym , We can assign to them the probability measures

Qaxi Qb y: (3.8)
i1 i1

We now take a speci c order relationBemp 0n'S, which we call the temporal order on sample
points. We describe it in the following way: Let indexi of sample pointx; represent the
temporal position of its sample point. We assign to it value— which we name the relative
temporal position, such that

J

Xi Bemp X;j if and only if — SS SS

Let P be the matrix solution of the original discrete OT problem with respect to
measures and de ned in Equation (3.8). If we wanted the optimal coupling to also
preserve the temporal positions of the sample points, matri¥’ should have some (local)
homogeneity. We can measure the (local) homogeneity d? using the inverse di erence
moment de ned as

~ n m Pi.
I"Pe QQ

(3.9)
i 1j 1%ﬁ Z2 l

where P are the values of matrixP, and n and m are the lengths of sequenceS and s%
respectively. Valuel 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 matrixG as the
prior distribution of the values of P:

R | I7ij ~ . % —J S
oi.- i (0] , ] ® .
G o e z272; I [ L (3.10)
il il 2 1 1

nZ mZ

Choosing the Kullback-Leibler divergence ofP with respect to G, denoted asKL "P SS,
as the entropy measure, we can state the (approximate) order-preserving optimal transport
problem as

Lgod~: . _min %P;De  1l"Pe KL PSS 2 (3.11)
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
ndings from [194]. This chapter introduces two scienti ¢ 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 speci ¢ language or a more widely spoken language, depending on the
audience. Thus, the topic is presented in di erent 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 e ective 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 speci cally, cross-lingual document retrieval
focuses on nding documents relevant to the query, where the document and query can
be in dierent languages. Because of the language di erence, 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 nd 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 di erent 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.anguage 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 ve language pairs, three high-resource and two low-resource,
using the Precision atl (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 a ects
the performance of the document retrieval models. We compare two commonly used loss
functions, cross-entropy and pairwise ranking, and nd 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 de ne the document and query as a collection of subword segments referred
to as tokens. We then construct a fully connected graphG "V, Ee, where the vertices
V. “tie]'; are the tokens in the document and query, and the edgeB ™ ti;tj;wij = ™)
are weighted with the distance between the edge's endpointa;; d'tj;tje. When the
tokens are represented by vectors, the distance between them can be measured with the
cosine distance de ned in Equation (2.2). Because of its de nition, the cosine distance is

bound between 0 and 2. Hence, the diameter of grap& has the following upper bound:

diam™Ge  sup deos W, ; ¥, »» B2;
N
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where, and &, are the vector representations of tokert; and t;, respectively.

Let query g and documentd be subgraphs ofG, where their corresponding tokensy >q
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 o8 de ned as

n m
g QWqg g d Q W o
i1 i1

where ¢; ¢ are the Dirac delta functions as de ned in Equation (3.7), wg ;wg, are the
weights associated with the tokengy; d; , and n; m are the number of tokens ing; d, respec-
tively. Since the diameter diam”Ge is small enough, and we can always nd a coupling
"Q;De of © 4; 4°, we may use the criterion given by Equation (3.6). Thus, if thep-
Wasserstein distanceW,” 4; ¢* is (su ciently) small, probability P"D >B"Q; e is high;
meaning random variableD, associated with documentd, has a high probability of lying
in the -ball centered at the random variableQ, associated with queryq. Hence, we can
conclude that a smallW," ¢; ¢* value implies that document d is relevant to query g.
In addition, because 4 and 4 are discrete measures, we can calculate theWasserstein
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 ow

is depicted in Figure 4.1. The implementation details are presented in Section 4.1.3.

Figure 4.1: The LM-EMD model architecture. The rst 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 rst 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 g 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 setsTq; Tq consisting of (token, embedding) pairs used for measuring the
document's relevance score:

™ e - ™ N e -
Tq q,1>q1i-zi . Ty d; o -zj .
wheren; m are the number of extracted tokensg; d; are the tokens extracted from queryq
and documentd, and ﬁh ;ﬂjj are the contextual embeddings of their corresponding tokens,
respectively. Although the query and document can share the same tokens, their associated
embeddings can di er since they re ect 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 de ne the document relevance score as the EMD between
the query and the document, such that a smaller EMD implies greater relevance. Let
D >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:

i, ;0 e
Dij dcos G;djs 1 & Co (4.2)
Y, Y2 Y8, Yo
Let qand ¢ be the query's and document's respective token distributions:
n n
q Q Wg g Q Wyq 1;
i1 i1
m m (4.2)
d QWg d; Qwg I
i1 i1

where ¢, ¢ are the Dirac delta functions as de ned in Equation (3.7), and the weights
Wg ; Wg, represent the mass of their corresponding tokeng; d;, respectively. Both sets of
weights must be determined consistently, as they de ne the measure used to calculate the
EMD.

The weights can re ect di erent 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 re ects 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. wyg = i 1;::::n and Wy % i

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 g, 4, we calculate the EMD be-
tween the query and document by nding the matrix P >R3,™ that solves the following
optimization problem:

n m
minimize EMD"q;d Q Q Pij Dij;
i1j 1
m
subjectto Q Pij Bwg; | i>"1;:::;ne;

1 (4.3)

n m n m

QQP; 1 mind8Q wg;Q wyY:

i1j 1 i1 i1

Note that Equation (4.3) is the optimal transport problem formulation in the discrete case
for the cost matrix C >R" ™ with the entries Ci;  Dj; given by Equation (4.1). The
solution P is called the transportation matrix 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 matrixD.

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 nal order. Figure 4.2 shows the
overall document ranking steps.

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 & show
how the mass between the query and document tokens was transported. For instance, the
entry Pij shows the amount of mass that is moved between query tokesp 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 Pj; must be large when distanceDj; 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 signi cance 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 ¢4; dse
exhibits strong similarity. This is then re ected in the transportation matrix which indi-
cates a strong match between the pair, hence tokeds is signi cant for the document's
relevance. Similarly, we nd that “gs;dse also have a strong match. While the™qi; d;e
and “p; dg* pairs have a medium match, the remainder only have a weak match. Hence,
we conclude that the document is relevant because its tokendy, ds, d; and dg have a
signi cant similarity to the query tokens.

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, speci cally the bert-base-multilingual-cased
modell, 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 iterationsnit , and (2) regularization factor . The regular-
ization factor is used to regulate the size of the regularization term and, thus, the precision
of the nal EMD optimization solution. Smaller factors provide more precise solutions but
also introduce a higher risk of under- or over- owing gradient values.

To provide the Sinkhorn-Knopp algorithm with enough iterations to converge to a
solution, we setnit 500 To analyze the impact of the regularization factor on the
model's performance, we train three models using  ~0:1;1;10-, respectively. These
values are frequently used with the algorithm in other related works [189].

Model ne-tuning

The LM-EMD model parameters are updated using the AdamW optimizer [199] with the
initial learning rate = 10 ®, epsilon = 10 ®, and weight decay = 0:01 These hyper-
parameters were selected using grid search and monitoring the loss values of the rst 1000
examples from the EN  DE training data set.

The model ne-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,
de ned as

L%;d ;d Z max~0;S°q:de S°q:d e :

where S is the scoring function (i.e. the EMD), q is the query, andd ;d are the rele-
vant and irrelevant documents, respectively. The model's ne-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:

~

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

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.

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

WikiMatrix [206]. The data set contains 135M parallel sentences from 1.6k di erent
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:

" Query. The English query is used for nding relevant documents.
~ Document. The text of the document in the foreign language.

" 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 Swabhili (SW), respectively.
The languages were selected to evaluate the models on the same language family (EN,
DE), di erent 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 rst sentence of the English Wikipedia article
with the article's title removed. Each document is limited to the rst 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 Swabhili language pairs contain signi cantly 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

CLIRMatrix . 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 di erent 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 rst 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 O (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 49,970 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 P@1 (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@k (precision at k), which corresponds to the number of relevant
documents among the retrieved ones:

Stetrieved document2 9 “relevant documentsS>
Stetrieved documenta3S

P@k

0;1:

The MAP score. This is the mean of the average precision scores for each quegy> Q.
The average precision score is de ned as

n
AveP qe %Q P@k rel@k
k 1

whereR is the total number of relevant documents,n is the number of retrieved documents,
and rel@k signi es if the document at rank k is relevant or not:

rel@k Oe1; the document at rank k is relevant
0; the document at rank k is irrelevant:
The mean average precision is then given by equation:

AveP qe
P('PQ—q > 01 1:
RS

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

MAP
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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:
X Q wiki;
t>Ty
where Ty is the set of the unique terms in documentd, and w; and & are the weight and
word embedding associated with ternt, respectively. The similarity of two vectors is then

measured with the cosine distance, where the smaller distance signi es greater similarity.
We compare three di erent weighted sums where the weightv; equals to:

(i) TF: The term frequency of term t in documentd: TF"t;de fq, wherefq is the
number of times termt occurs in documentd.

(i) IDF: The inverse document frequencyof term t within training set D: IDF"t;D
®S
109 555 savs
(i) TFIDF: The product of the term frequency and inverse document frequencef term
t in document d and training set D: TFIDF "t;d;Des TF"t;de IDF"t;De.

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 di erent vector representations:

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

(i) MEAN: The mean of the output token vectors.



4.1. Measuring Cross-Lingual Sentence Similarity with EMD 35

The document relevance is measured using the cosine distance, where the smaller distance
signi es greater similarity. The models are ne-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,
speci cally 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 setTable 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 0:1.

Table 4.3: The LM-EMD experiment results on Large-Scale CLIR data set (P@1 and
MAP scores reported). The bold and underlined values represent the best and second-best
performances on the given language pair, respectively.

P@1 MAP

Model "EN)DE ENJFR ENJTL EN JJA EN)SW ENJIDE ENJFR ENJ)TL EN JJA EN)SW
NRM 0:710 0:760 0:570 0:730 0:600 0:820 0:850 0:690 0:840 0:730
PSOSL - 0:438 0:596 - 0:600 - 0:841 0:772 - 0:776
WE-TF 0:737 0:718 0:590 - - 0:836 0:823 0:704 -

WE-IDF 0:744 0:718 0:594 - - 0:840 0:822 0:712 -

WE-TFIDF 0:764 0:754 0:597 - - 0:854 0:846 0:710 -

WE-EMD 0:867 0:828 0:606 - - 0:919 0:895 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 signi cant decrease in the
performance of all models is seen in the low-resource languages, especially orjENL. 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 CLIRMatrix. 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 0:1.
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Table 4.4: The LM-EMD experiment results on the CLIRMatrix data set (P@1 and MAP
scores reported). The bold and underlined values represent the best and second-best
performances on the given language pair, respectively.

Model ENJDE ENJFR ENJSL ENJHR ENJISR EN)CS ENJIDE EN)FR ENJISL ENJHR ENJSR ENJ)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 0922 0.832 0.815 0.840  0.855

LM-EMD 0:885 0:890 0:698  0:698 0713  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 ENDE
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 rst sentence of the
qgueries 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
identi es 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 rst president of the United States? and ve

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 rst
president of the United States? A smaller score means a greater relevance.

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

Document Score

George Washington war von 1789 bis 1797 der erste Président der Vereinigten Staaten von Amerika. 0.6332
Abraham Lincoln amtierte von 1861 bis 1865 als 16. Prasident der Vereinigten Staaten von Amerika. 0.6773
Christoph Kolumbus wurde der erste Vizekdnig 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 Sk®odowska 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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Figure 4.4: The distance (left) and transportation (right) matrix of the rst 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 ( rst row) show that almost all query tokens strongly
match those in the document. Most are literal translations (e.g. president, Prasident),
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 nds a strong match only for the
literal translation of rst and some conjunction words, such as was, the, and of.
Surprisingly, it also nds a weak match between the words president and Vizekdnig
(en. viceroy), which are positions of power, and between United States and Kolum-
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bus 2. 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 di erent 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 di erent

regularization factor ( ) values, and using the pairwise ranking (PR) or cross-entropy
(CE) loss function during training. The bold value highlights the biggest di erence in

performance ( ) on the language pair.

Param Loss ENJ)DE ENJ)FR ENJTL EN JJA ENJISW ENJIDE ENJFR ENJTL EN )JJA EN )SW

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
7 0.101 0.131 0:127  0.109 0.259 0.059 0.076 0:081  0.065 0.178

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
7 0:094 0:122 0.140 0:064 0:242 0:055 0:071 0.093 0:039 0:177

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
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 di erence 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 a xes which EN does
not have. In comparison, when trained with CE, the model's performance rst 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 di erence in
performance ( ).

Model Loss EN)DE ENJFR ENJTL EN JDE ENJIFR ENJTL

BERT-CLS PR 0978 0978 0851 0987 0987 0912
CE 0893 0855 0729 0:937 0916 0:838
- 0085 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 @ 0861 0:824  0:676 0:918 0:898 0:802
’ 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
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 e ectiveness 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 e cient and cost-e ective evaluation of text generation models.

Metrics for assessing the performance of text generation models often overlook di erent
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 uency of the generated text is an-
other important criterion that should be considered; uency 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 uency 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 uency of the generated text.
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The main research objectives are to (1) evaluate the metric's adequacy-based perfor-
mance on di erent language pair data sets consisting of the generated and reference texts
and (2) determine the sensitivity of the metric to uency-related modi cations in sentences.

We propose a text generation metric namedDrder-Preserving Wasserstein ScorgOP-
WScore), which uses language models to generate the token's semantic representations and
a word order-preserving optimal transport to include both adequacy and uency 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 di erent writing scripts. The evaluation is
performed using Pearson's and Kendall's correlation coe cients. 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 modi cations a ecting sentence uency.
A statistical measure was developed to quantify the average change in the metrics' score for
various modi cations. The results show that the proposed OPWScore exhibits the highest
sensitivity to uency-related modi cations among all embedding-based metrics.

The remaining sections are structured as follows. We rst 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 uency of the sentence.
It is a modi cation of the LM-EMD model presented in Section 4.1, where EMD is replaced
with the word order-preserving OT used to calculate the nal 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.

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



4.2. Including Sentence Structure into Similarity Measure 41

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 andr 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 a xes with non-a xes (see Figure 4.6).

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

Sg Cgi®e S Cr®e
where n;m are the number of extracted tokens,g;;rj are the tokens extracted from the
generated textg and referencer, and ﬁbi ;1>71Ij 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 di er since they re ect 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 de ne 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: o
W e
Y, Yz“ﬂ,- Y2
Let 4 and ; be the token distributions of the generated text and gold reference:

Dij deos@irjs 1 co: (4.4)
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where ¢, [, are the Dirac delta functions as de ned in Equation (3.7), and the weights

Wg ; Wr; represent the mass of their corresponding tokeng;rj, respectively.

Depending on how they are formulated, the weights can re ect di erent aspects of their
tokens. One option is to set the weights to be uniformly distributed, i.e.wyg, % i L::5n
and wy, % i 1;:::;m. The uniform distribution will give equal importance to their
respective tokens. Another option is to set the weights to re ect 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 g; r, we calculate the OPW between
the generated text and gold reference by nding the matrix solution P > Rg,™ of the
following optimization problem:

n m? P b
minimize OPW"g;re Q Q ,PijDij 1———5— ;
i1j 1 %8 JHZ2 1°
m
subjectto Q Pij Bwg; | i>"1:::;ne;
) (4.6)
Q Pij Bwyj;1j >"Lrme;
i1
n m ] ¢ n m £
QQPi;j 1 m|n,':Qng;Qwrj§;
i1j 1 ai 1 i1y

where ; >R is the regularization parameter that determines the importance of local
homogeneity of the solutionP. Note that Equation (4.6) is the order-preserving optimal

transport problem formulation in the discrete case for cost matrixC >R" ™ with entries

Cij Dijj 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 de ned in Equation (3.10). The solution is then used
to measure the quality of generated textg based on its reference.

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: ne-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 ne-tuned ROBERTa model [17]
ne-tuned on the Multi-Genre Natural Language Inference corpus [215], more precisely
the roberta-large-mnli modePf. In addition, related work [103] shows using di erent
layer outputs yields di erent 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.

3https://huggingface.co/roberta-large-mnli
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When the target language is non-English, the metric uses multilingual BERT [20], more
speci cally 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. 10 °) 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 iterationsnit, and (2) the two regularization
parameters 1 and » from Equation (3.11). The regularization factors are used to regulate
the size of the regularization term and, thus, the precision of the nal OPW value. While ;
corresponds to the inverse di erence moment as de ned in Equation (3.9), » 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 setnit 100 To analyze the impact of the regularization factors on the
metric's performance, we evaluate nine metrics using; >~ 1;0:1;0:01s and , >70:1;1; 10
and report our ndings 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 di erent 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 ve di erent 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 uency.
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) th&ource
sentence in the source language, (2) the singtgold reference in the target language, (3)
the translation generated from the source sentence, and (4) theegment-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 Fl EN RU EN TR EN ZH EN
WMT18 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 Pearsorfsand Kendall's to
measure the metric's performance.

Pearson correlation coe cient. The sample Pearson'ss measures the linear correlation
between two sample setX and Y. Itis de ned as the ratio between the covariance of the
two samples and the product of their standard deviations.

cov X;Y e
>

rx:y 11

X Y
where cov X;Y ¢ is the covariance estimate betweerX and Y, and x, v are standard
deviation estimates of sample setX and Y, respectively. Thery.y value is between -1
and 1, indicating the capacity in which the sample setsX and Y are linearly correlated.

Kendall rank correlation coe cient. The Kendall's is a measure of rank correlation based
on the similarity of the orderings of the data points between two variablesX 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 coe cient is de ned as

Concordant Discordant

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. Thevalue
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.

11

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 ne-tuning. Metrics that support only mono-lingual text
comparison [101], [105] are thus not considered in the evaluation. The nal selection
includes bothn-gram matching approaches and embedding-based metrics. Figure 4.6 shows
the di erences between the selected approaches.

(a) The n-gram matching ap- (b) These metrics match to- (c) These metrics match to-
proaches try to match se- kens based on their embed- kens based on their embed-
quences of words between dings but do not consider ding but are restricted to to-
texts. word order. kens with similar positions.
OPWScore falls in this group.

Figure 4.6: The di erent approaches evaluating text generation methods.

BLEU . This metric is one of the rst 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 theodi ed
n-gram precision, an advanced method of counting the number oin 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 longem-gram matches account for uency. In the
experiments, we measure the BLEU score fon >71;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 usingn-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 longestn-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 nal 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 ne-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 tokenn-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 unigramsl{grams)
and cosine distance instead of Euclidean 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 nal 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 ne-tuned for the WMT20 data set, thus it is expected to have a higher performance
score.

Shttps://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 uency-based modi cations, followed by the adequacy-based performance
analysis on the two data sets and the metric's hyper-parameter analysis.

Sensitivity to uency-based modi cations

Human judgement scores of the modi ed sentences would be required to evaluate the met-
ric's sensitivity to uency-based modi cations. Since access to such data sets is unavailable,
we resolved to measure the change in metric scores when a uency-based modi cation is
performed on a sentence. In this analysis, we focus on the sensitivity of metrics to change
in word order. We de ne a statistic for measuring the word order sensitivity of a metric
as follows:

k
WOS"M S iQ ™ si;sie &T & %Q M %g; "si*;Si Z (4.7)

S%i >S j 1

where M is the metric, S ”si-{ 1 Is the set of sentencesp; "s;* is the sentence generated
by modifying the word order of the sentences; using the modi cation function p;, and

" and k are the number of sentences in the set and the number of distinct modi cation
functions, respectively. The WOS statistic is a positive number that shows the average
di erence of metric scores when given a perfect sentencg and a sentence created by
modifying the word order in the perfect sentencep; “sj+. 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 modi cation functions p; shu e 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 uency 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; 0:1and , 0:1.

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

Metric CS)EN DEJYEN FI)EN RUJIEN TRIEN ZHJIEN ENJYCS ENJIDE ENJIFI ENJRU ENITR ENJZH
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
- 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
§ 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
t BLEU-4 0:996 0:998 0:998 0:998 0:994 0:996 0:996 0:994 0:995 0:995 0:977 0:096

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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nal 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 e ective tham-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 ;1 0:1and , 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'and 0.024 Kendall's points

on to-English data sets and an average decrease of 0.07 Pearsanand 0.048 Kendall's
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 and
Kendall's reported). The bold and underlined values represent the best and second-best
performances among unsupervised metrics on a given language pair, respectively.

Pearson'sr Kendall's

Metric 'CS)EN DEJEN FIJEN RUJEN TRIEN ZHJIEN Ag CS)EN DEJEN FIJEN RUJEN TRIEN ZHIEN Ag

Supewised

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 0:268  0:152  0:167 0:196 0:169 0:182
. BLEU-2 0:240 0:390 0:225  0:246 0:261 0:2565 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
g 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 0:286 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 0366 0.413 0.285 0.388 0.252  0.270 0:296 0.252 0.291
MoverScore  0:399 0543 0.375 0:372 0.409 0362 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

embed-based

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 coe cient. 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 Pearsom'spoints and 0.028 Kendall's
points, but performs better than all n-gram matching metrics across all data sets.
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Table 4.11: Metric performances on the WMT18 from-English translations (Pearson's
and Kendall's reported). The bold and underlined values represent the best and second-
best performances among unsupervised metrics on a given language pair, respectively.

Pearson'sr Kendall's

Metric EN )CS ENJ)DE ENJFl ENJRU ENJTR EN)ZH Ag EN)CS ENJDE ENJFl ENJRU EN)TR ENJZH Ag

Supenised

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
» BLEU-2 0:387 0:446  0:314  0:348 0:331 0:009 0:306 0:256 0:311 0210 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
: BLEU-4 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

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 0221
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 0470 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  0:400 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 and
Kendall's reported). The bold and underlined values represent the best and second-best
performances among unsupervised metrics on a given language pair, respectively.

Pearson'sr Kendall's

Metric 'CS)EN DEJ)EN RUJEN ZH)EN Ag CS)EN DEJEN RUJIEN ZHIEN Ag

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
¢ BLEU-A4 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 0124 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 aect 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 di erent 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 xed
using the regularization factors 1 land , 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
and Kendall's reported). The bold and underlined values represent the best and second-
best performances among unsupervised metrics on a given language pair, respectively.

Pearson'sr Kendall's

Metric EN )CS EN)DE ENJRU ENJIZH Ag EN)CS ENIDE ENJIRU ENJIZH Ag

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
. 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
¢ BLEU-4 0:270 0:182 0:145 0:002 0:150 0:178 0:109 0:094 0:010 0:098

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

embed-based

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

Pearson'sr Kendall's
weight ~CSJEN DEJEN FIJEN RUJEN TRIEN ZHJIEN Ag CSIEN DEJIEN FIJEN RUJIEN TRIEN ZHIEN Ag
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 0211
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'sr and Kendall's reported). The bold values represent the
best-performing performances on a given language pair.

Pearson'sr Kendall's
weight ~EN)CS ENJDE ENJFI ENJRU EN)TR ENJZH Ag ENJCS ENJDE EN)F ENJRU ENJTR ENJZH Ag
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
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 xed regularization factors, the
di erence 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 di erent 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 1 and , are

smaller. When xing > to a particular value, the metric's performance is not signi cantly

di erent when changing the 1 value. The biggest di erence in performance happens when
xing 2 0:1and decreasing ; from 1to 0:1. However, the greatest performance decrease

occurs when the value of , increases. We also experimented using smaller values of both
1 and », but the calculation of the OPW became unstable.

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

Params Pearson'sr Kendall's

> CS)EN DEJEN FIJEN RUJEN TRIEN ZHJIEN Ag CSHEN DEIEN FI)JEN RUIEN TR IEN ZHIEN Avg

1

1 01 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 0:245 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 0.1 0:382 0517  0:332 0:340 0:346 0:307 0:371 0.266 0:368 0:226 0:245 0.270 0:225 0.267
01 1 0329 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 0518 0.333 0.341 0.347 0.308 0.372 0.266 0.369  0.227  0.246 0.270 0.226  0.267

0.01 1 0:329 0:451  0:276 0:285 0:293 0:272 0:318 0:230 0:318 0:189 0:208 0:233 0:185  0:227
0.01 10 0315 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 di erent hyper-parameter values on the WMT18 from-English
translations (Pearson'sr and Kendall's reported). The bold and underlined values rep-
resent the best and second-best performances on a given language pair, respectively.

Params Pearson'sr Kendall's

, ENJCS ENJDE ENJFI ENJRU ENJTR ENJZH Ag ENICS ENJDE ENJIFI ENJIRU ENJITR ENJIZH Ag

1
1 01 0440 0:478  0:331 0:354 0:411 0339 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 0:400 0:307 0.349 0:222 0:251 0.297 0.248  0:279
01 1 0397 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 0397 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, e ectively retrieves pertinent information while o ering 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 ndings 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@1 and 0.981 MAP score. However,
LM-EMD performance is signi cantly 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 re ected 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 P@1 and 0.809 MAP score, it performs, on average,
about 0.040 P@1 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 di erences 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 nd 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 di erent
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 nal score. It is also prone to introducing a higher risk of under- or
over- owing 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 uency-based modi cations

The analysis shows OPWScore is the most sensitive to word order modi cations compared
to all other unsupervised embedding-based metrics. However, the results do not show how
word order would a ect the metric's correlation with the human judgement scores. For
this, each modi ed sentence would have to be scored by human evaluators concerning the
sentence's uency, 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 de ned with Equation (4.7), could help understand the
metric's capacity to include di erent aspects of the generated text. While the metrics do
not necessarily return values on the same scdlgthe statistics can still provide some insight
into how well does the metric handle di erent modi cations 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 Pearsontsand 0.048 Kendall's points. However,
the metric has comparable Kendall's scores to other embedding-based metrics on most
WMT20 language pairs. In addition, the OPWScore's average Kendall's 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 1 and . 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 re ect 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 re ecting 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 uency
aspects of the generated text. As described in Section 4.2.1, the regularization factors
correspond to (1) the inverse di erence moment, which tries to preserve the temporal
position of the words associated with 1, and (2) the Kullback-Leibler divergence between
the solution of the order-preserving optimal transport problem and a prior distribution,
corresponding to .. Both factors enforce the preservation of word order. However, they
might be too strict since the message or information can be written in di erent ways under
the constraints of the language. Potential research directions would be nding better prior
distributions and other ways of considering the uency 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 scienti ¢ paper currently under review [223], while Section 5.2 is based on work that is
also under review [224]. This chapter introduces three scienti ¢ 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. Di erent publishers report the
same event from various perspectives, highlighting what they nd essential for their au-
dience. Depending on the publisher's country, articles may be in di erent languages and
may re ect the writer's biases. Thus, news articles are key for identifying world events,
their coverage, and their global signi cance. To analyze these aspects, we need e ective
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 speci ¢
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
simpli cation [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
identi ed 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,
S0 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 signi cantly reduce the e orts 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 modi cations. The nal 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 di erent language families and are
written in di erent 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 0G2021. 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 di erent 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 0G2021
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