Enriching Structured and Unstructured Knowledge for
Low-Resource Languages by Cross Lingual Fact Extraction and
Text Generation

Thesis submitted in partial fulfillment
of the requirements for the degree of

Master of Science
m
Computer Science and Engineering
by Research

by

Bhavyajeet Singh
2018111022

bhavyajeet.singh@research.iiit.ac.in

International Institute of Information Technology

Hyderabad - 500 032, INDIA
June 2023



Copyright © Bhavyajeet Singh, 2023
All Rights Reserved



International Institute of Information Technology
Hyderabad, India

CERTIFICATE

It is certified that the work contained in this thesis, titled “Enriching Structured and
Unstructured Knowledge for Low-Resource Languages by Cross Lingual Fact Ex-
traction and Text Generation” by Bhavyajeet Singh, has been carried out under my

supervision and is not submitted elsewhere for a degree.

Date Advisor: Prof. Vasudeva Varma

Date Co-advisor: Dr. Manish Gupta



To Daddy Ji



Acknowledgments

The last few years have been an incredible and unforgettable part of my life and I am grateful
to everyone who has contributed to it. This thesis, just like everything else that I have done at
IIIT has been a collaborative effort with various individuals helping me in their own ways and

even a thousand pages would not be sufficient to express my gratitude to all of you.

I would like to express my immense gratitude to my advisor Prof. Vasudeva Varma who
has always been a great inspiration to me. Vasu sir always believed in me, provided me the
support and guidance necessary to conduct this research and has influenced me in ways that go
way beyond the lab. I have always admired you for your professionalism and perfection. You
have always motivated me to be better in a truly holistic way and I can not thank you enough
for that. I have learnt a lot from you and I am certain that those lessons would stick with me
forever. And of course, I am extremely grateful to you for providing me the opportunity of

working with the amazing peers at iREL.

I would also like to thank my co-advisor Dr. Manish Gupta for his continuous guidance and
mentoring throughout the course of my research. Manish sir’s immense meticulousness, brilliant
intellect and dedication towards the field has always inspired me and I aspire to someday be
able to incorporate some of those qualities myself too. Sir, I have learnt a lot of things from you,
both academic and non-academic and I can not thank you enough for your patience, guidance

and contribution. I could not have imagined looking up to a better set of advisors.

I would also like to thank all the amazing people at iREL. You all have been an important
part of my life at IIIT. Firstly I would like to thank Himanshu, who has been a great mentor
and one of the many reasons why I decided to join the lab. Himanshu has been an amazing
friend and a constant source of support and 'wisdom’. You owe me a lot of treats. I would also
like to thank Tushar, who was my first mentor at IRE and has mentored me in my research
journey throughout. I feel extremely fortunate that I had the chance of working with you and
extremely grateful for all the good things that came with it. I would also like to thank the
entire XAlign team, Shivprasad Sir and Anubhav, you guys were great friends and amazing
team mates. Thank you Aditya for being an extremely helpful and hardworking team mate,
someone that I could always count on. Thank you Sagar for all the help, you are an amazing
person and talking to you always brought a smile on my face. Thank you Pavan for giving

me company through the various all-nighters at the lab. Thank you manav for your ada and



vi

for being a ’resourceful’ junior. I would also like to thank my other peers at the lab, Ankita,
Dhaval, Shivansh, Tathagata, Tanmay, Rahul, Gokul, Harshit and all others. All our times
together and outings have been fun.

I would like like to thank a lot of people beyond the lab who have shaped my life at IIIT.
I would like to thank my entire wing group (NSMJ) for the constant love and companionship
that I received from them. I would like to thank Jai, I was very fortunate to have an amazing
room mate like you out of pure luck. Periwal, Ahish and Yoog you were my set of first friends
at IIIT and I am glad I found you guys without wasting any time, could not have asked for
anything else. Kirsur and Vikrant, it was great travelling around with you guys and 1 will
always remember everything about that trip. Rogro, I will always cherish our Apex memories.
Thank you Mahajan for always being a source of fun and happiness. Thank you Tado, you
hosted this bunch of stinking, tired and extremely hungry guys at your place and I will always
be grateful for that. Thank you Jaidev for being a great friend, and an amazing person . Kalp,
Arpan, and Kashyap you guys were a constant source of support throughout our common Dulla
struggles. Thank you all for always being there. Thank you Jivitesh for being a great friend, for
always sharing, listening and motivating, can not thank enough for all our long conversations.
All of you were amazing friends, peers, team mates and wing mates throughout my duration
here at IIIT

I would also like to thank some of my great seniors who made everything a little bit easier.
Prazwal sir, you have been an amazing person and I have always valued your company, thank
you for being the fun, protective and helpful senior that you are. Thank you Akhil and Akshay
for always providing a place to crash whenever I was tired of college. Thank you Nonidh for
all the fun memories, I still have the broken specs frame and I look forward to watching more
India-Pak matches with you. Thank you Ayush, Manoj and Mehtab for all the fun that we had.

Finally, I would like to thank the people outside IIIT for all their support. Thank you Vrinda
for always being there, for always listening, and for being a constant source of strength and
happiness. Thank you Mom and Dad for your unconditional support and love, I could not have
done any of it without you and I can never thank you enough for all that you have done. Thank
you for raising me the way you did and constantly showering your love on me. Thank you Dadi
for all the home food that kept me going at IIIT, and Thank you to everyone in my family who
always wished the best for me and supported me in every way possible.

Last but not least, I would like to thank all the people I could not name here for want of
space but who were just as important to this journey.

Here’s to hoping for a bright and happy future.



Abstract

Natural language generation has gained tremendous popularity in recent times primarily due
to the advent of large pretrained language models trained on vast amount of data. However,
most of this progress has only been limited to few high resource languages like English. Almost
all low resource(LR) languages still suffer from the lack of sufficient training data and hence
the lack of usable generative models. Furthermore, multiple business scenarios also require
an automated generation of descriptive human-readable long text from structured input data,
where the source is typically a high-resource language and the target is a low or medium resource
language.

In this work, we present systems and approaches which can be utilised to ultimately enrich
the structured and unstructured content available for low resource languages in the encyclopedic
domain. In order to do so, we introduce cross lingual techniques which efficiently utilise the
abundant structured data available in high resource languages. We also introduce systems to
further enrich this structured data using the information present in the form of natural language

text in low resource languages.

Firstly we propose novel problem of cross lingual fact to text alignment in order to construct
the X ALIGN dataset for the purpose of cross lingual fact to text generation and fact extraction.
We explore several methods to automatically align English facts from Wikidata to sentences
from native language Wikipedia. We experiment with approaches accounting for syntactic
and semantic matches between the fact and the sentence and propose a two stage pipeline for
automated alignment and evaluate it on a manually annotated high quality test set. We also
experiment with distant supervision and transfer learning based techniques in order to achieve
quality alignment. We use the best approach to create the XAlign dataset which consists of

more than half a million aligned (sentence, facts) pairs across 12 Indian languages.

Following the construction of the dataset we propose the problem of Cross Lingual Fact
Extraction (CLFE). Recent approaches concentrate on automatically enriching large knowledge
graphs like Wikidata and DBPedia from text. However a lot of information present in the form
of natural text in low resource languages is often missed out. Furthermore, considering the
potential use case of utilising structured data for generating content in various LR languages,
the CLFE task aims at extracting factual information in the form of English triples from LR

Indian Language text. Despite its massive potential, progress made on this task is lagging

vii
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when compared to Monolingual Information Extraction. We propose strong baselines and an
end-to-end generative approach for the CLFE task which achieves an overall F1 score of 77.46.

We then introduce and explore the problem of cross lingual fact to text generation (XF2T).
We extensively explore multiple approaches for the task and analyse different components of
the pipeline. Starting from the choice of pretrained transformer model used, we explore the
impact of different continued pretraining strategies. We also show that building cross lingual
systems results in better performance than translation based approaches or multiple bi-lingual
modes, thus validating the necessity of the proposed problem. We introduce novel techniques
like fact-aware embeddings to further improve the generation quality. We demonstrate that
these methods produce coherent and precise sentences.

Our experiments with the XF2T task lead to the observation that these generative models
suffer from hallucination and due to the training setup, are only limited to generating a single
sentence at a time. In order to mitigate these limitations, we extend the XF2T task to the
problem of Cross-Lingual Fact to Long Text Generation (XFLT'). The task involves generating
descriptive and human readable long text in a target language from structured input data (such
as fact triples) in a source language. XFLT is challenging because of (a) hallucinatory nature
of the state-of-the-art NLG models, (b) lack of good quality training data, and (c) lack of a
suitable cross-lingual NLG metric. Unfortunately previous work focuses on different related
problem settings like monolingual graph to text and has made no specific efforts to handle
hallucinations. Hence, we propose a novel solution to the XFLT task which addresses these
challenges by training multilingual Transformer-based encoder-decoder models with coverage
prompts and grounded decoding. Further, it improves on the XFLT quality by defining task-
specific reward functions and training on them using reinforcement learning. On a dataset
with over 64,000 paragraphs across 12 different languages, we compare this novel solution with
several strong baselines using a new metric, cross-lingual PARENT.

Overall, we work on multiple related tasks aimed at automating the generation of encyclope-
dic articles and consolidating the factual information available in the form of natural language

text from multiple LR languages to enrich structured knowledge bases.
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Chapter 1

Introduction

In this thesis, we primarily look at exploring ways of enriching the available structured and
unstructured information over Wikidata and Wikipedia respectively. This chapter presents an
introduction to the task at hand by first discussing the motivation behind it, followed by an
overview of the subtasks. The chapter concludes by outlining the key contributions made in

this thesis and providing an overview of the content flow across the subsequent chapters.

1.1 Motivation

In today’s rapidly evolving technological landscape, the field of natural language generation
has gained significant attention and importance. The ability to generate automated natural
language text and extract factual information from it has become crucial for numerous applica-
tions in diverse domains. However, there are several key challenges and motivations driving the
need for further exploration and advancements in this field. This section aims to highlight the
underlying motivations that propel this thesis and shed light on the significance of addressing

these challenges.

1.1.1 Information and resource divide among languages

The web exhibits a significant disparity in the availability of resources across different lan-
guages. This resource divide poses challenges in various domains, including education, tech-
nology, and access to information. This divide is also apparent in the realm of online knowl-
edge repositories, with Wikipedia serving as a prominent example. Wikipedia is one of the
largest online repositories of knowledge. While Wikipedia provides a wealth of information
in widely spoken languages such as English, major gaps exist in the coverage of less widely
spoken languages. This information divide results in limited access to knowledge and cultural
representation for speakers of low-resource languages. It hinders their ability to contribute, ac-

cess accurate information, and participate fully in the digital world. Bridging the information
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Figure 1.1: Comparison of Number of Wikipedia articles and text size between English and 5
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Indian languages (from the September 2022 Wikipedia dump.)

divide across languages is essential to ensure equal access to knowledge and promote linguistic
diversity in the online landscape. Figure 1.1 highlights the gap in the size of English Wikipedia

and that of a few Indian languages.

1.1.2 Relying on structured factual data

Structured factual data serves as a reliable foundation for generating contextually appropri-
ate and informative text in applications like automated content creation and summarization.
By incorporating structured data, text output can be tailored to specific domains, enriched
with relevant facts, and aligned with underlying information. This ensures the production of
high-quality, reliable, and informative text that meets diverse user expectations. Additionally,
structured data enables cross-lingual text generation, facilitating effective communication and
information dissemination in multiple languages.

Furthermore, knowledge graphs serve as valuable resources for fact-checking and verification.
During the generation of encyclopedic articles, the structured data can be leveraged to validate
the accuracy of the generated text. By comparing the information against trusted sources
within the knowledge graph, we can ensure that the articles align with established facts, thus
minimizing the risk of hallucinations or the propagation of misinformation.

By using knowledge graphs and structured data in the generation of encyclopedic articles, we
can address the challenges posed by large language models’ potential for hallucination and inac-
curacies. Leveraging structured information promotes reliability, fact-checking, coherence, and
comprehensiveness, offering a robust framework for generating authoritative and trustworthy

encyclopedic content.



For these reasons we make efforts to enrich the availability of structured data over Wikidata
for entities which have their information present in multiple low resource languages and utilise

the information present in the form of structured data to generate natural language articles.

1.1.3 The need for cross lingual automated generation

The first sub sections highlights the need for generating articles in native Indian languages
and the second sub section provides the motivation for using structured data as a possible
source of information for doing so. In this subsection, we explain the reasons for relying on
cross lingual generation.

The two possible alternatives to a cross lingual generation could be to either use translations
of articles from high resource languages or use monolingual data to text approaches. Using
translation from high resource languages results in a dependency on the availability of content
in those high resource languages. This way, generating articles for entities which may be notable
for the readers of a particular low resource language but not notable universally would be
extremely difficult. Furthermore, translations is likely to add loss of information and erroneous

generations.

Number of Wikidata labels vs Language

86,721,545

English
Bengali 9,939,122
Malayalam 2,712,522

Hindi || 688,729
Telugu 587,332
Tamil 564,227
Marathi 544,215
Kannada 524,807
Punjabi 500,160
Gujarati | 497,804
Odia | 482,806
Assamese 461,372

Language

0 25,000,000 50,000,000 75,000,000

# of labels

Figure 1.2: Comparison of Number of Wikidata labels between English and 11 Indian languages

The other alternative of multiple monolingual data to text systems could become a good
choice, however the availability of this structured data in the low resource languages is in itself

a problem. Figure 1.2 shows the discrepancy in the amount of labels available over Wikidata



in English vs that in Indian languages. Thus we choose to utilise these English labels in order

to cross lingually generate articles for the multiple Indian languages.

1.2 Problem Description

This section describes the various components of the problem and provides a brief overview

for the same.

1.2.1 Cross-lingual fact extraction

Large-scale knowledge graphs, such as the widely recognized Wikidata, have emerged as
comprehensive repositories striving to encapsulate global knowledge encompassing an extensive
array of entities. Recent endeavors have been dedicated to the augmentation of these knowledge
graphs through automated techniques that leverage textual sources. Nevertheless, it is worth
highlighting that a substantial wealth of valuable information, present in the form of text from
low resource languages, often remains overlooked and underutilized. To overcome this limita-
tion, the field of cross-lingual information extraction endeavors to extract factual information,
specifically in the form of English triples, from textual sources composed in low resource In-
dian languages. However, despite the promising potential of this cross-lingual extraction task,
progress in this domain lags behind its monolingual counterpart, which predominantly caters
to a few high resource languages. Consequently, the overarching objective of cross-lingual fact
extraction extends beyond individual languages, aiming to systematically extract and consol-
idate factual information, harnessed from natural language text across multiple low resource

languages, into a unified language-agnostic knowledge graph.

1.2.2 Cross-lingual fact-to-text generation

29
December
1808

Date of birth

Andrew
Johnson

Position held

Date of death
Andrew Johnson (December 29,

|:> 1808 - July 31, 1875) was the
president of the United States,

serving from 1865 to 1869

15 April
1865
Start time

President of
the United
States

end time

Figure 1.3: An example of the Fact to text task



The task of fact-to-text (F2T) generation [64] is centered around transforming structured
data into natural language. F2T generation systems are indispensable in numerous downstream
applications within Natural Language Processing (NLP), including automated dialogue systems
[78], domain-specific chatbots [54], open domain question answering[83], and the creation of
sports reports [33, 10], among others. Figure 1.3 provides an example of the fact to text task.
However, most of such data to text systems are only available for English and not for low-
resource (LR) languages. The problem of cross-lingual F2T generation (XF2T) deals with the
setting where the factual input is in one language and the output is in a different language. In
our case, the input is a set of English facts and output is a sentence capturing the fact-semantics
in the specified LR language. Note that a fact is a triple composed of subject, relation and

object. These triples can further have more sub-property information, called qualifiers.

In addition to the traditional cross-lingual data-to-text (XF2T) task, we embark on the
ambitious endeavor of generating longer text pieces, encompassing entire articles, in a single
automated process. This extended task tackles the challenge of generating multiple sentences
that are coherent and follow a natural language text order, leveraging all available factual
information about a given entity in the English language. By automating the complete pipeline
of article generation, this problem necessitates additional steps, including organizing the input
facts and devising a content plan. It is noteworthy that even state-of-the-art large language
models exhibit limitations when it comes to handling longer outputs, as their performance
tends to deteriorate with increasing length of the generated text. Therefore, addressing these
challenges in the context of generating comprehensive and lengthy articles via cross lingual fact

to long text generation (XFLT) requires innovative approaches and novel techniques.

1.2.3 Aligning structured data and natural language text across languages

The task of cross lingual fact to text generation, and the task of cross lingual fact extraction
both depend on the availability of a structured dataset which is well-aligned with semantically
equivalent textual data. Generating a high-quality fact-to-text (F2T) dataset of sufficient scale
through manual creation is a daunting task that requires human supervision. To address this
challenge, various automatic alignment approaches have been proposed. These approaches
involve techniques such as aligning Wikipedia sentences with Infoboxes [42], utilizing distant
supervision [22], and identifying lexical overlap between textual and structural entities [32], [26].
However, it is worth noting that the majority of existing F2T datasets are currently available
only in English. For low resource (LR) languages, the number of structured Wikidata entries
for person entities is significantly limited compared to English, resulting in a scarcity of data.
Moreover, LR languages tend to have a smaller average number of facts per entity compared
to English. As a result, the development of monolingual F2T datasets for LR languages faces

challenges due to data sparsity. Thus, we propose transfer learning and distant supervision



based methods for cross-lingual alignment in order to create a high quality cross lingual dataset

which can be used for cross lingual fact extraction and fact-to-text generation.

1.3 Challenges

Cross-lingual data-to-text generation poses several challenges that need to be overcome to
ensure effective and accurate results. One of the primary challenges is the scarcity of parallel
data, especially for low-resource languages. Building large-scale, high-quality datasets that
align factual information with corresponding text in different languages is a laborious and
time-consuming task. Another challenge lies in the structural and linguistic variations across
languages. Each language has its own syntax, grammar rules, and semantic nuances, making
it difficult to directly transfer information from one language to another. Additionally, the
lack of comprehensive resources and tools for cross-lingual processing further complicates the
generation process.

These complications are further amplified when we delve into the domain of encyclopedic text
generation. Wikipedia is an encyclopedia and has specific guidelines and writing styles which
are not the same as any other text generation. These nuances have to be carefully considered
while creating any automated tool for the platform. Wikipedia articles have a greater need to
be factually correct and grounded, as compared to any other generation and this is one of the

major problems in existing large language models.

1.4 Contributions

The primary contributions of this thesis are as follows :

1. We propose cross-lingual approaches of text generation and information extraction as a
possible solution to the scarcity of resources in low-resource languages. Our focus lies in
tackling the alignment of low resource language text and structured data specifically in

the context of encyclopedic text thus leading to the creation of the X ALIGN dataset.

2. We highlight the importance of generation grounded on structured data and the need for
accumulating the information present in natural language text from multiple languages
in the form of unified structured knowledge graphs. For this purpose, we propose the task

of cross lingual fact extraction and explore novel approaches for the same.

3. We explore the task of generating sentences in low resource languages using structured
data thus introducing the task of cross lingual fact to text generation (XF2T) and propos-

ing novel approaches and strong baselines for the same.



4. We further extend the task of generating sentences to generating longer pieces of text
with specific focus on reducing hallucination by utilising reinforcement learning based
techniques. In order to accomplish this task, we also create the XLALIGN dataset and
the develop reliable metrics tailored to the cross lingual fact to long text (XFLT) task
using partially aligned data.

These will be elaborated further in subsequent details. In addition to our main contributions,
we provide an account of the experiments conducted that did not yield successful results. We
believe that sharing these negative experiments can also provide valuable insights into the

modeling approaches used in this particular domain.

1.5 Thesis Organisation

The thesis is structured into seven chapters, and a brief overview of each chapter is provided

as follows:

1. Chapter 1 (Introduction) presents the motivation behind the work done as a part of the
thesis and discusses the sub tasks explored. In this chapter, we introduce the problem

statement and provide a brief summary of the major contributions of the thesis.

2. Chapter 2 (Related work) presents a survey of the prior literature related to the tasks

explored in this thesis.

3. Chapter 3 focuses primarily on the creation of the XALIGN dataset by exploring tech-
niques to align natural language text from various low resource languages with structured

factual data.

4. Chapter 4 introduces the task of cross lingual fact extraction in order to consolidate

factual knowledge present across various languages in the form of knowledge graphs

5. Chapter 5 explores the task of cross lingually generating sentences using structured data
(XF2T). It defines the methods tried for the task and also explaines the baselines used to

compare their performace.

6. Chapter 6 extends the generation towards longer text with specific focus on generating
grounded text and tackling the problems of hallucination arising due to partially aligned
data.

7. Chapter 7 serves as the concluding chapter of the thesis, offering a summary of the covered
work and exploring potential avenues for future expansion and development based on the

findings.



In addition, Appendix A provides a succinct summary of further research undertaken during
the course of this thesis. This supplementary section highlights the effectiveness of pretrained

transformer models, which hold a significant position in this thesis, in diverse tasks.



Chapter 2

Related work

The related works chapter delves into the existing literature and research in the field of
natural language generation, with a specific focus on the interplay of structured data and
text generation in various contexts. This chapter provides a comprehensive review of studies,
methodologies, and techniques that have contributed to aligning sentences with their corre-
sponding facts, extracting factual information from text, and automatically generating natural
language sentences. By examining the advancements made in these areas, we aim to build
upon the existing knowledge and identify gaps that our thesis aims to address. Through this
exploration of related works, we gain valuable insights into the state-of-the-art approaches and

identify potential avenues for further research and innovation.

2.1 Fact to text datasets

Training F2T or Information Extraction models requires aligned data with adequate content
overlap. In recent times, significant efforts have been dedicated to the creation of automated
datasets that convert structured data into text in diverse domains. Some previous studies like
WebNLG [27] collected aligned data by crowd-sourcing while others have performed automatic
alignment by heuristics like TF-IDF. The WebNLG dataset encompasses 15 distinct categories.
They implemented a content selection module to extract fact triples of varying relevance, coher-
ence, and relation from DBpedia. In each category, a graph was constructed by utilizing 500
seed entities and exploring edges up to 5 hops away from them. The graph was then used to
train bi-gram models, incorporating different triple relations. Ultimately, the process of content
selection was formulated as a linear programming problem, aiming to choose a sub-tree within
the category graph for a given entity, maximizing the bi-gram probability while accommodat-
ing varying fact sizes. After the content selection for a given entity is done, the author uses
crowd-source annotators to verbalise fact triples into a sentence.

Considerable endeavors have been dedicated to the development of automated datasets, like

Lebret et al. [42] developed the WikiBio dataset, which aligns opening sentences with infoboxes



found in English Wikipedia articles about individuals. This approach has been extended to
generate datasets in different domains [59] and languages [53] by aligning Wikipedia text with
infoboxes. Some previous works have also proposed aligning knowledge graph triples from
Wikidata with opening sentences in Wikipedia [26] in order to generate domain independent
datasets. They achieve this alignment by performing a match over the named entities in a
sentence and those in the corresponding Wikidata triples. However these approaches can only
work when the source triplets and the text to be aligned are in the same language. Addition-
ally, a dataset has been introduced that incorporates sub-property information in the form of
quadruples, expanding beyond the use of Wikidata triples alone [49]. To facilitate alignment
between structured data and natural text across various domains, a sequential pipeline strat-
egy involving data collection, data filtering, entity linking, and alignment has been proposed
[22, 32]. Some of these dataset creation pipelines also incorporate manual annotation in order
to create the test set or in some cases, the entire dataset. Table 2.1 shows basic statistics of
popular F2T datasets. The XAlign dataset created as a part of this work is the only cross

lingual fact to text dataset with 12 languages and more than half a million samples.

Dataset Languages ‘ A/M ‘ 11| F/I |P| |T| X-Lingual
WikiBio en A 728K 19.70 1740 26.1 No
E2E en M 50K 5.43 945 20.1 No
WebNLG 2017 | en M 25K 2.95 373 22.7 No
fr-de Bio fr, de A | 170K, 50K | 8.60, 12.6 | 1331, 1267 | 29.5, 26.4 No
TREX en A 6.4M 1.77 642 79.8 No
WebNLG 2020 | en, ru M 40K, 17K 2.68, 2.55 372, 226 23.7 Yes
KELM en A 8M 2.02 663 21.2 No
WITA en A 55K 3.00 640 18.8 No
WikiTableT en A 1.56M 51.90 3K 115.9 No
GenWiki en A 1.3M 1.95 290 21.5 No
XALIGN en + 7 LR A 0.45M 2.02 367 19.8 Yes
XALIGNV2 en + 11 LR A 0.55M 1.98 374 19.7 Yes

Table 2.1: Statistics of popular Fact-to-Text datasets: WikiBio [42], E2E [54], WebNLG
2017 [27], WebNLG 2020 [24], fr-de Bio [53], KELM [2], WITA [26], WikiTableT [11], Gen-
Wiki [32], TREX [22], XAlign [1], and XAlignV2 (ours). Alignment method could be A (auto-
matic) or M (manual). |I|=number of instances. F/I=number of facts per instance. |P|=number

of unique relations. |T|=average number of tokens per instance.
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2.2 Cross lingual fact extraction

Considerable progress has been made in addressing the challenge of extracting structured in-
formation from unstructured text. T-REx [22], for example, employs entity linking, co-reference
resolution, and string matching techniques to establish connections between facts found in DB-
Pedia [43] abstracts and Wikidata [76] triples. On the other hand, REFCOG [36] operates in
a cross-lingual context and surpasses the performance of pipeline-based approaches. However,
it should be noted that these approaches have their limitations as they primarily focus on fact

linking and require a predefined set of facts as input.

To address this challenge, OpenlE [3] utilizes the linguistic structure to facilitate informa-
tion extraction in open domains. In contrast to previous open domain information extraction
systems such as Ollie [50], which rely on a large set of patterns to extract facts comprehensively,
OpenlE employs a smaller set of patterns that are specifically designed for canonically struc-
tured sentences. This approach proves effective in extracting relevant information. However,
it should be noted that the facts generated by these open domain information extractors often
exhibit excessively long and overly specific relations, rendering them unsuitable for constructing

knowledge graphs.

Certain applications like [87] [72] address the challenge of information extraction by em-
ploying neural models that simultaneously extract entities and their relationships from input
text, without relying on preexisting repositories of facts. These approaches have demonstrated
the ability to extract open information from text, as evidenced by their performance on the
WebNLG dataset. However, it is important to note that these models are typically designed
for monolingual settings and are thus restricted to extracting knowledge from text in a single
language. Furthermore, many existing relation extraction models heavily rely on exact entity
matches in the source text, which poses difficulties when adapting them for the cross-lingual

fact extraction task.

Cross-lingual fact extraction, which involves extracting facts from source text written in
different languages, has not received the same level of attention as monolingual fact extraction.
While previous work, such as the study conducted by Zhang et al [84], focused on this task
within a single language, the reported highest F1 score reached only 33.67. Furthermore, fact
extraction from low resource languages, particularly Indic Languages, has not been explored
extensively. To address these gaps in information extraction, our work aims to bridge the divide
by proposing systems specifically designed for cross-lingual subject-centric fact extraction in low

resource Indic Languages.
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2.3 Fact to text generation

Recently there has been a lot of work on cross-lingual NLG tasks like machine translation [13,
48], question generation [14], news title generation [47], and summarization [88] thanks to
models like XNLG [14], mBART [48], mT5 [82], etc. Initial F2T methods were template-based
and were therefore proposed on domain-specific data like medical [7], cooking [15], person [21],
etc. They align entities in RDF triples with entities mentioned in sentences, extract templates
from the aligned sentences, and use templates to generate sentences given facts for new entities.
Template-based methods are brittle and do not generalize well.

In recent times, Seq-2-seq neural methods [42, 51] have also become popular for F2T.
These include vanilla LSTMs [75], LSTM encoder-decoder model with copy mechanism [70],
LSTMs with hierarchical attentive encoder [53], pretrained Transformer based models [65] like
BART [44] and T5 [61]. Vougiouklis et al. [75] proposed a method which uses feedforward neural
networks to encode RDF triples and concatenate them as the input of the LSTM decoder. Vari-
ations of LSTM encoder-decoder model with copy mechanism [70] or with hierarchical attentive
encoder [53] have also been proposed. Pretrained Transformer based models like BART [44]
and T5 [61] have been applied for mono-lingual English Fact-to-Text [65]. Richer encoding of
the input triples has also been investigated using a combination of graph convolutional net-
works and Transformers [86], triple hierarchical attention networks [12], or Transformers with
special fact-aware input embeddings [12]. Some recent work also explores specific F2T settings
like plan generation when the order of occurrence of facts in text is available [86]. Like our
work, some studies [11, 58, 80] also perform fact to long text generation. However, all of these
methods focus on English F2T only.

Another line of work which is of great interest to us, specifically focuses on reducing halluci-
nations in natural language generation. A recent publication [26] works on the specific setting
of partially aligned F2T when the text covers more facts than those mentioned in the input.
They incorporate special techniques to deal with partially aligned data and reduce hallucination
during generation. This is closely related to our work since our training data is also partially
aligned and not all the information present in a sentence may be present in the aligned input
facts. Tian et al. [74] also propose confident decoding in order to achieve more faithful fact to
text generation. They postulate that hallucination can stem from an encoder-decoder model
generating content phrases without attending to the source. As a remedy, they propose the
inclusion of a confidence score to ensure that the model focuses on the source when necessary.
Furthermore, they introduce a variational Bayes training framework, enabling the model to
learn the score from the provided data. Lai et al. [41] explore rewarding pretrained models
with custom reward functions in order to achieve improved formality style transfer, similarly
reward based approaches can be explored to generate more grounded text as well.

Our work is most related to fact verbalization tasks [52, 28] where the focus is to use facts
to generate short text. Gardent et al. [28] proposed the WebNLG dataset which contains data
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for English and Russian where each instance has 2.6 facts per instance and 23.7 words in the
output text on average. Ferreira et al. [25] further enriched the corpus to include German as
well. Moussallem et al. [52] verbalize RDF data to German, Russian, and English using the
enriched WebNLG data, and experiment with an encoder-decoder architecture.

As against these, we also propose Cross lingual Fact to Long Tect (XFLT) where the focus
is on long text generation in a cross-lingual manner. Further, from a knowledge graph (KG)
and text linking perspective, our work is related to tasks like entity linking (link mention in a
sentence to a KG entity) [8] and fact linking (linking sentence to a set of facts) [37]. As against
this, XFLT is the problem of generating a paragraph given a set of facts.

2.4 Text generation metrics and evaluation

Sai et al. [67] provide a survey of evaluation metrics used for NLG systems. The most
common metrics for tasks like F2T come from the class of reference dependent metrics. Metrics
like BLEU [55], METEOR [6] and chrF++ [57] depend entirely on the reference text and
evaluate the generations based on their overlap with the provided reference. The BLUE metric
is a precision-oriented measurement that calculates the degree of overlap between the reference
and the hypothesis based on n-grams. Specifically, it quantifies the ratio of n-grams that are
shared between the two texts to the overall count of n-grams present in the hypothesis. Another
source dependent metric METEOR  [6] highlights that the problems with exact word match and
aims to mitigate it by also using a match with potential synonyms, however extending this to
all languages is not possible since the wordnets for low resource languages may not be available.
Chrf is a metric that operates at the character level. It calculates precision and recall based
on the character n-grams for different n values (up to 6). These precision and recall scores are
then combined using arithmetic averaging to obtain the overall precision and recall respectively.
Additionally, chrF++ extends the analysis to include word unigrams and bigrams in addition
to character n-grams.

Another set of metrics for generation utilise embeddings from transformer based models in
order to compute similarity with the reference text. This mitigates the problems of exact word
match and rewards semantic similarities between the reference text and the predicted output.
BERTScore [85] is one such metric which omputes cosine similarity of each hypothesis token
with each token in the reference sentence using contextualized embeddings. We also utilise a

modification of this using the LABSE [23] embeddings for evaluation some of our models.

2.4.1 Source-Dependent Text Generation Metrics

Evaluation metrics for text generation like BLEU and ROUGE rely on the reference text.

This is problematic when the reference and the source do not align entirely. Datasets for fact
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to text tasks are partially aligned, i.e., the reference text may have extra information not
specifically mentioned in the input text. Hence, a source-dependent metric is suitable for fact
to text tasks. Dhingra et al. [20] proposed PARENT as an NLG source-dependent metric that
aligns n-grams from the reference and generated texts to the input text before computing their
precision and recall. They show that PARENT correlates with human judgments better than
other text generation metrics like BLEU, ROUGE, METEOR, CIDEr and CIDErD. However,
PARENT works for monolingual tasks only since it relies on string matching. XFLT involves
cross-lingual modeling and hence needs an adaptation of the PARENT metric for cross-lingual
scenario. Hence, we propose XPARENT, which is a modified version of PARENT adapted for

cross-lingual settings.
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Chapter 3

Constructing the X Align dataset

3.1 Overview

This chapter provides a detailed description of the construction pipeline for the XAlign

dataset. As highlighted in section 1.1, we construct a cross lingual dataset for the task of fact

to text generation and information extraction. We start by first constructing a dataset for 8

languages and then extend in to 4 more languages. Thus, we collect the English triples from

Wikidata and natural language sentences in 12 language from their corresponding Wikipedia.

We align individual sentences to the triples which express the same factual information as the

sentence. This chapter, describe in detail the pipeline for data collection, pre-processing and

alignment followed by an analysis of the constructed dataset.

<Elon_Musk, nationality, South_Africa>
<Elon_Musk, nationality, Canada>
<Elon_Musk, nationality, USA>

<Elon_Musk, occupation, engineer>
<Elon_Musk, occupation, entrepreneur>
<Elon_Musk, occupation, inventor>
<Elon_Musk, occupation, investor>

<Elon_Musk, date_of_birth, 28_June_1971>

English Facts

<English> Elon Musk (born 28 June 1971) is a South African-Canadian-
American veteran businessman, investor, engineer, and inventor.

hindi> Ta TR (S 28 1971;@31‘&{01%-@@1%-@&&%
<hindi> Pl ( ST 197 i }

<bengali> amm(mzsm1 71 Wﬁ;wwﬁmﬂmﬂm ]
NI 2T e, [ | TP 433 TBRS |

<guijarati> Adls 425 (l w3 28 el 1971) ) &[&181 Ml@&l -5\ [Sst-
WARSA Ulte GHULAU[, ASICISIR, HAR W AU

<tamil> erGeuIT6dT D6V E (LAMLILY 28 2O 60T 1971) R
Qgeirer UL f&&-sarqWw-0wnflEs engs Qs TSl LU,
wseSLLmerry, G\urrgSlu.ln'sm'j LM MILD &6voTHILI LG LILITETT Oy 6uITH.

<punjabi> ﬂﬁ?s)m'or (m 28 1971) e Tyt nigdiel-dasis-
wHe nigg | fertatig, w3 4wt J1

Figure 3.1: Examples of aligned English facts and LR natural language sentences

Figre 3.1 Provides an example of sentences from different languages aligned to a set of English

facts.
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Lang. WikiData entries Facts Average facts per | Wikipedia articles
entity

hi 26.0K 271.0K 10.43 229K

mr 16.5K 174.0K 10.56 159K

te 12.4K 142.2K 11.49 7.8K

ta 26.0K 280.4K 10.77 25.6K

en 1.3M 30.2M 22.8 627.9K

gu 3.5K 37.8K 10.88 1.9K

bn 36.2K 501.9K 13.87 29.0K

kn 7.5K 83.6K 11.1 4.5K

Table 3.1: Statistics of Wikidata and Wikipedia for the person entities across 8 languages

3.2 Data collection and pre-processing

3.2.1 Processing Wikidata facts

We obtain the facts corresponding to the chosen entities from the December 2020 Wikidata
dump. For each entities we obtain all the facts where the entity appears as either the subject or
the object. This also results in the presence of redundant facts due to the existence of backward
relations. For example for the entity ’Amitabh Bachchan’ the facts < Amitabh Bachchan, Son,
Abhishek Bachchan > and <Abhishek Bachchan, Father, Amitabh Bachan> represent the same
information. To tackle this redundancy, we use the WikiData API ! to filter out such backward
relations if the corresponding forward relation is already present in the list of the facts.

Furthermore, we filter out relations which do not provide information that can be verbalised
into natural language sentences. These include relations like unique resource ids such as Wik-
ibaseltem, Time etc and social media URLs. We also specifically filter out relations based
on our manual analysis if it is observed that they bring redundancy. For example we filter
out relations like "native language', "writing language", "language known" etc if the relation
"language written, spoken or signed" is also present and has the same object. This is done
because these relations lead to the same verbalisation. Similarly if ’country of citizenship’ and
‘country of sport’ had the same object for an entity, only ’country of citizenship’ was retained.
A few other specific redundancies related to the relation ’occupation’ are also removed. The
relation 'gender’ is also removed for the purpose of alignment since that particular relation is
never explicitly verbalised but expressed in certain languages through linguistic variations of
pronouns and verbs.

In cases where there is supplementary supporting information linked to a given fact triple,
we preserve it as a fact qualifier. As a result, we have successfully extracted approximately 1

million facts for approximately 120 thousand entities across all languages in our dataset.

"https://query.wikidata.org/
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3.2.2 Processing Wikipedia Sentences

For all entities belonging to the person’s domain, we extract the local language Wikipedia of
12 different languages in order to obtain sentences belonging to a given entity which can later
be aligned with the extracted English facts from Wikidata. We use the May 2021 Wikipedia
XML dump to obtain the local language Wikipedia articles for our entities of interest. We
use the Wikiextractor tool [4], in order to extract clean text from the Wikipedia article. This
tool automatically removes figures, tables, references and URLs from the XML version of the
Wikipedia article.

Once we have the clean text, the next task is to tokenise the text into individual sentences.
In order to do so, we use the sentence tokenizers from the IndicNLP library [40]. However to
further process the sentences, we apply extra heuristics to account for special punctuation and
sentence delimiters used in Indian languages. After tokenisation, the next step is to filter out
sentences which may not contain any factual information or may adversely affect the quality
of training data. To begin with, we remove any sentence with less than 5 or more than 100
words. For some of the low resource languages, it is common for the article to contain sentences
of words from some other language. Such sentences are filtered out by applying a threshold
over the results obtained from the Polyglot language detector?. If the confidence score for the
detected language for any sentence is less than 95%, then the particular sentence is removed.

We also aim to remove sentences which do not contain any potential factual information.
To filter out sentences that lack factual information, we employ part-of-speech (POS) tagging
and retain only those sentences that contain at least one noun or verb. For POS tagging,
we utilize different tools such as Stanza[60] for English, Hindi, Malayalam, Telugu, Tamil,
Marathi, and Punjabi; LDC Bengali POS Tagger[5] for Bengali; and Patel et al’s tool[56] for
Gujarati. For the rest of the languages, no off the shelf POS tagging tools were available. To
ensure a comprehensive compilation of entities in these languages, we construct a backup list
by tracking Wikipedia articles that either cite or are cited by other pages. This combined list
serves as a robust inventory of entities in the target language. Furthermore, we incorporate
the native language labels of these entities from WikiData. The sentences can also represent
factual information without containing any noun by using pronouns. To account for sentences
containing pronouns, which may be overlooked by the previous list, we manually generate a set
of pronouns for the target language. If there is an overlap between the entity pronoun list and
the words present in a provided phrase, we retain the corresponding sentences.

Additionally, we also retain the section information associated with each sentence and the
relative position of the sentence in the original article, extracted from the respective Wikipedia
URL. This information would also be useful in the later sections of this thesis. All the sentences

are finally processed using a script normaliser? since the scripts for Indian languages might have

https:/ /polyglot.readthedocs.io/en/latest /Detection.html
3https://indic-nlp-library.readthedocs.io/en/latest /indicnlp.normalize.html
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discrepancies which may affect the performance of the model trained on such data. All sentences
are then translated to English using the IndicTrans translator [63] which was trained on the
Samanantar[63] data. The translations may be useful for the annotator during the annotation

process and might be used in some of the approaches tried.

3.3 Manual annotation for test set

In order to construct a high quality test set, we get the sentences manually annotated from
the native speakers of each of the languages. For this purpose, we construct an annotation tool
for the manual annotators, in order to make the annotation process simpler.

The annotators were chosen from the list of annotators compiled by the National Translation
Mission 4. All annotators were required to have education equivalent to graduation and fluency
in their native language and English. Each annotator was first given a set of 100 questions
as a test and the annotators who perform above the expected threshold are chosen for further

annotations.

‘ Lang ‘ K l |A] ‘ || ‘ avg/min/max |T| ‘ avg/min/max |F| ‘

hi 0.81 4 842 11.1/5/24 2.1/1/5
mr 0.61 4 736 12.7/6/40 2.1/1/8
te 0.56 2 734 9.7/5/30 2.2/1/6
ta 0.76 2 656 9.5/5/24 1.9/1/8
en 0.74 4 470 17.5/8/61 27177
gu 0.50 3 530 12.7/6/31 2.1/1/6
bn 0.64 2 792 8.7/5124 1.6/1/5
kn 0.54 4 642 10.4/6/45 2.2/117

Table 3.2: Annotation statistics of test data for XAlign. |A|=#Annotators, |I|=#instances,

|T|=word count, |F|=fact count, =avg Kappa score

Once the annotations were complete, only the sentences where complete information of the
sentence was presented in the facts were retained as a part of the test set. Partially covered
sentences, or those with no factual match are discarded. Table 3.2 provides the annotation

statistics.

Now we describe the details of the annotation tool and the instructions provided to the

annotators in order to construct the test set.

*https://www.ntm.org.in/
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3.3.1 Annotation tool

Factify

KHome / Assamese - Fact-to-Text / Session 6

_ (); Assamese Sentence: LS DO AR ATEATFE (G TN

Q2 200 OIHITONT (98 20,15 (P STIT9 51*“’1‘{35@ & i
’ QIS
Q3 .
Translated English Sentence: He won the bronze medal in the 200 meter race
4 at the Asian Athletics Championships in Pune in 23.811 seconds.
Q.
Q.5 Sentence's main subject: Dutee Chand
Q6 For the above Assamese sentence, choose English facts that entails the
sentence. Translated English sentence is provided to aid the annotator.
Qr Please don't rely completely on transtion, it might not be accurate all the
Qs time.
Q9 ; ; . ) ;
A U Dutee Chand | participant in | 2017 Asian Athletics Championships
Q. 10
Q11 U Dutee Chand | participant in | 2018 Asian Games
’ O award received | silver medal
Q. 12
Qi U Dutee Chand | sport | athletics
Q14 U Dutee Chand | occupation | athletics competitor

Figure 3.2: A screenshot of the annotation tool depicting a sample to be annotated with the

native language sentence, translated sentence and the facts associated with the entity .

An annotation tool was created using the React framework® to aid the process of annotation.
The tool presents the users with sentences about an entity from the native language Wikipedia,
its English translation and the facts associated with that entity. The user was asked to mark for
each of the facts whether the information present in the fact was represented in the sentence or
not. The annotators were also asked an additional question after marking the facts that whether
the chosen facts represent the complete information in the sentence or not, in other words,
whether the sentence is completely or partially covered by the chosen facts. The annotators

could view the annotation instructions and track their progress on the website.

3.3.2 Instructions

A detailed set of guidelines were compiled for the annotators to assist them in the process
of annotation. These included general instructions and examples of specific cases which might

be confusing for the annotators. Some of the provided instructions were as follows :

e Do not mark the fact as entailed if the fact contradicts the information present in the
sentence. For example if the sentence talks about the date of birth, and there is a fact
mentioning the date of birth of the person, do not mark the fact if the dates mentioned

in the fact and the sentence do not match

Shttps:/ /react.dev/
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e Do not mark a fact if any amount of world knowledge is needed to infer the information
present in the fact from the sentence. For example if the sentence mentions the place of
birth as Ahmedabad, one should not mark a fact mentioning the place of birth as Gujrat

even though it is correct.
o If there are two facts presenting the same information, choose the more appropriate one

e There were also specific instructions provided regarding how to deal with abbreviations

or facts related to certain specific relations.

All these instructions were provided in much more detail with examples and an explanation

video which were also linked in the annotation tool.

3.4 Aligning facts and sentences

F2T Alignment Train Test
Pretrained .
Wikipedia Candidate re 'r'fnne Set of English
P . multilingual
(articles) Generation model Facts
v v v
Candidate Finetune XF2T N XF2T
Wikidata Selection r Generator Generator
(facts) ¥
XAlign LR Language
Dataset sentence

Figure 3.3: XALIGN F2T Alignment System Architecture

This section describes the detailed process of automatically aligning the Wikidata facts with
the Wikipedia sentences corresponding to a given entity. The proposed pipeline for this uses
a two phase architecture. Here the first phase is to build a maximum recall system where all
those facts which can possibly be linked to a given sentence are filtered out from the set of all
facts. We call this stage Candidate Generation. The primary objective of this phase is to make
sure that no aligned fact is left out, while it is okay to still let in some of the facts which may
not be aligned as these can be filtered out in the next stage. The second stage called Candidate
selection is responsible for selecting precisely the generations which are aligned to the given
sentence. Figure 3.3 depicts the alignment pipeline and how the dataset can be utilised for the

purpose of Fact to Text generation.
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3.4.1 Candidate generation

The candidate generation step is a maximum recall step designed to filter out the facts which
have no possibility of being aligned to the sentence from the set of all facts related to an entity.
In order to filter out the facts, we develop a system to rank all the facts in the order of likeliness
to be aligned with the sentence. Once all facts are ranked, we choose the top k (here k=10)
facts for each sentence. The score for ranking is calculated on the basis of the syntactic and
semantic similarity of the fact with the given sentence.

Given a fact f; and the sentence s; in target language [, to establish a syntactic match, we
employ TFIDF by either translating the fact into the language of the sentence or translating
the sentence into English. For translating the sentence to English the translations described in
Section 3.2.2 are used. In order to translate the facts, if the Wikidata entity label is present in
the desired language, we use that, otherwise we use the translation obtained from the IndicTrans
module[62].

For assessing semantic alignment, we calculate the cosine similarity between the representa-
tions of the fact and the sentence using MuRIL[35]. Alternatively, we compute the similarity
between their translations. While exploring different models like mBERT[19], XLM-R[16], and
LaBSE[23], we discovered that MuRIL outperformed the rest when evaluating a small dataset
of 500 examples specifically annotated for Stage-1 quality assessment. For each (fact, sentence)
pair, we obtain a similarity score, denoted as sim(fi, sj), ranging from 0 to 1.

Thus the final similarity score is a sum of the following four components:

o« TFIDF — cos(translate(fil),s;) : cosine similarity between the TF-IDF vectors of the
fact translated to the target language of the sentence and the sentence, contributing to

syntactic match

o TFIDF — cos(fi,translate(sj, English)) : cosine similarity between the TFIDF vectors

of the sentence translated to English and the fact e, contributing to syntactic match

o MuRIL — cos(f;,s;) : cosine similarity of the MuRIL embeddings of English facts and

the native language sentence, contributing to semantic match

o MuRIL — cos(translate(fi,l), translate(sj, English)) : cosine similarity of the MuRIL
embeddings of the fact translated to target language and the sentence translated to En-

glish, contributing to the semantic match

To filter out sentences which do not possibly align with any of the given facts, we set a
threshold 7, where any sentence for which the similarity score with the best matched fact is
lower than 7 is excluded. After manual inspection, we set 7 to 0.65. From the remaining

sentences, we retain a maximum of top-K facts, sorted based on their scores.
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3.4.2 Candidate selection

The candidate selection stage takes as input the output of the candidate generation pipeline
i.e. each sentence with its top k facts. In order to filter and retain only the strongly the strongly
aligned sentence we propose the second stage of our aligner. This aligner treats the alignment
procedure as a classification problem by looking at each fact separately and classifying if it is
entailed in the given sentence. For this purpose we propose two different approaches. They are

described in the following sections.

3.4.2.1 Transfer learning from NLI

The natural language inference task [9] is the task where given a premise sentence and a
hypothesis sentence, the task is to predict whether the hypothesis entails, contradicts or is
neutral to the given premise. The NLI task is very similar to the task of aligning facts with
sentences. Each fact can be considered analogous to the hypothesis and the sentence to be
analogous to the premise. For every sentence fact pair, we aim to predict if the sentence entails
the fact, contradicts the fact or is neutral to the fact.

Multiple multi-lingual language models have been made publicly avaibale after finetuning on
the popular Cross-Lingual Natural Language Inference(Xtreme-XNLI)[17] dataset. We conduct
experiments using several multi-lingual NLI models, namely XLM-R, mT5, and MuRIL. We
leverage their Xtreme-XNLI finetuned checkpoints obtained from Huggingface and evaluate
their performance on the alignment problem between facts and sentences. During inference,
we provide the input "sentenceSEPfact" to these models. If the model predicts entailment, we
consider the pair of (fact, sentence) to be aligned; otherwise, they are considered not aligned.
Consequently, we select a subset of facts from the output of the candidate generation module
for each sentence.For evaluating each model, the selected fact list is then compared against the

golden fact list, which is human-annotated specifically for the given sentence.

3.4.3 Distant supervision based approaches

Distant supervision refers to the process of generating training data by making use of an
already existing database. The idea is to convert the data from this existing database into a for-
mat which mimics the task at hand. For this purpose we use the Knowledge Enhanced Language
Modelling (KELM) [49] dataset. KELM is a distantly supervised dataset with automatically
aligned (Wikipedia sentence, Wikidata facts) for English language. For a Wikipedia page cor-
responding to Wikidata entity e, a sentence s is aligned with a Wikidata fact f = e,r,e if s
contains subject e and object e.

In order to modify this dataset for our use-case, we model our alignment task as a binary
classification task where given a (English fact, low resource language sentence) pair, we train

a binary classifier to predict if the sentence entails the information present in the given fact or
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not. The input to the binary classifier is a string "sentence<SEP>subject|predicate|object and
the output is one of the two classes. The classifier architecture utilises one of the pretrained
transformer models in order to obtain the embeddings for the input string which is then passed

through a neural classifier head.

A positive instance is generated for each sentence in the dataset for every fact that is aligned
with that sentence. For instance, if sentence ”s” has two aligned facts ”f1” and ”f2”, we
create two positive instances accordingly. In addition to the positive instances, we also create
corresponding negative instances as follows. Since it is desirable for the negative instances to be
hard negatives and not trivial ones where the facts are already too different from the sentence,
we devise a pipeline to carefully choose the negative instances. We sort all the other sentences
on the same Wikipedia page as "s" based on their semantic similarity in a descending order.
This semantic similarity is calculated based on the cosine similarity of the Distil-Bert-Base[68]
embeddings of the Wikipedia sentences as the sentences are only in English. Since finding
the top k similar sentences can be very compute intensive, we used FAISS ¢ maximum inner
product search (MIPS) package to find sentence similar to the given sentence. From the top 10

9

sentences, we randomly select a sentence ”s ” while excluding the top two sentences to avoid

potential similarities and accidentally labelling an actual positive sample as negative. The fact

Y

extracted from sentence ”s ” is combined with the original sentence "s" to form the negative
instance. The dataset is then divided into a 90:10 ratio for training and validation purposes.
Overall, the dataset consists of 1,177,636 instances for training (54% positive, 46% negative)

and 130,849 instances for validation (54% positive, 46% negative).

The following sections describes the results obtained by each of the methods described above.

3.4.4 Results

Table 3.3 Shows the F'1 scores for various candidate selection approaches, compared against
some strong baselines. In addition to our proposed models based on transfer learning and
distant supervision, we also compare our results with the alignment baselines (KELM-style and
WITA-style). For the TF-IDF-based aligner, we utilize the candidates generated during the
initial stage of the process. As for the KELM and WITA-style aligners, we strictly follow the
ranking algorithm outlined in their respective papers without employing the stage-1 aligner. All
experiments are conducted on a machine equipped with four 10GB RTX 2080 GPUs. During
the fine-tuning process, we train the models for five epochs while incorporating an L2-norm
weight decay of 0.001 and a dropout rate of 0.1. The learning rates are set at le-5, 2e-5, and
le-3 for XLM-RoBERTa, MuRIL, and mT5, respectively. The batch sizes are configured as
32, 32, and 16 for XLM-RoBERTa, MuRIL, and mT5, respectively. Notably, our observations

®https://github.com/facebookresearch /faiss
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|hi|mr|te|ta|en|gu|bn|kn||Avg.|

Baselines
KELM-style [2] 0.493 | 0.426 | 0.368 | 0.451 0.41 0.372 | 0.436 | 0.338 0.411
WITA-style [26] 0.507 | 0.574 | 0.517 | 0.459 | 0.602 | 0.500 | 0.535 | 0.530 0.528

Stage-1 + TF-IDF | 0.750 | 0.685 | 0.693 | 0.718 | 0.737 | 0.701 | 0.787 | 0.647 0.715

Distant supervision based methods

MuRIL 0.763 | 0.684 0.74 0.755 | 0.705 | 0.785 | 0.624 | 0.677 0.717
XLM-Roberta 0.781 0.69 0.765 | 0.739 | 0.765 | 0.785 | 0.669 | 0.724 0.740
mT5 0.79 0.714 | 0.776 | 0.786 | 0.766 0.8 0.698 | 0.705 0.754

Transfer learning based methods

MuRIL 0.716 | 0.717 | 0.765 | 0.751 | 0.734 | 0.787 | 0.795 | 0.718 0.748
XLM-Roberta 0.772 | 0.767 | 0.78 0.812 0.79 | 0.805 | 0.831 | 0.727 0.786
mT5 0.902 | 0.831 | 0.841 | 0.886 | 0.845 | 0.851 | 0.751 | 0.785 0.837

Table 3.3: Stage-2 (Fact, Sentence) Candidate Selection F1 Scores across different methods

reveal that mT5 with transfer learning showcases the most optimal performance among the

evaluated models.

3.5 Dataset Analysis
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Figure 3.4: Fact Count Distribution across Figure 3.5: Fact Count Distribution across
languages data subsets

In this section we present an analysis of the contsructed dataset along various axes. The
dataset comprises of text from 12 different languages in total aligned to English facts. These
languages include (in alphabetic order) : Assamese(as), Bengali (bn), English(en), Gujarati (gu),
Hindi (hi), Kannada (kn), Malayalam, (ml) Marathi (mr), Odia (Or), Punjabi(pa), Tamil (ta),

Telugu(te). The total dataset contains more than 0.55 million automatically aligned sentence
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hi occupation, date of birth, position held, cast member, country of citizenship, award received,

place of birth, date of death, educated at, languages spoken written or signed

mr | occupation, date of birth, position held, date of death, country of citizenship, place of birth,

member of sports team, member of political party, cast member, award received

te occupation, date of birth, position held, cast member, date of death, place of birth, award

received, member of political party, country of citizenship, educated at

ta occupation, position held, date of birth, cast member, country of citizenship, educated at,

place of birth, date of death, award received, member of political party

en occupation, date of birth, position held, country of citizenship, educated at, date of death,

award received, place of birth, member of sports team, member of political party

gu | occupation, date of birth, cast member, position held, award received, date of death, lan-

guages spoken written or signed, place of birth, author, country of citizenship

bn | occupation, date of birth, country of citizenship, cast member, member of sports team, date

of death, educated at, place of birth, position held, award received

kn | occupation, cast member, date of birth, award received, position held, date of death, per-

former, place of birth, author, educated at

pa | occupation, date of birth, place of birth, date of death, cast member, country of citizenship,

educated at, award received, languages spoken, written or signed, position held

as occupation, date of birth, cast member, position held, date of death, place of birth, country

of citizenship, educated at, award received, member of political party

or occupation, date of birth, position held, cast member, member of political party, place of

birth, date of death, award received, languages spoken, written or signed, educated at

ml | occupation, cast member, position held, date of birth, educated at, award received, date of

death, place of birth, author, employer

Table 3.4: Top-10 frequent fact relations across languages.

fact pairs. In total there are more than 300 unique predicates from the set of English facts
making a model trained on this data to easily generalise on the task of text generation for the
given domain.

On average, each sentence in the dataset contains slightly more than 2 aligned facts. Figure
3.4 represents the distribution of aligned facts per sentence across languages. As it can be seen,
Assamese has the highest proportion of sentences which have only one have aligned whereas
English has the lowest. Among all languages English also has the highest number of sentences
with more than 5 facts. Figure 3.5 shows the distribution of fact count across the dataset
partitions. As it can be seen, the proportion is very similar with the test set having the least

fraction of sentences with just one aligned fact. This could possibly be because the test set
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contains very high quality manually annotated samples where all the information in the sentence
is necessarily covered by the aligned facts (complete alignments).

Table 3.4 provides the top 10 fact relations across the 12 chosen languages. As it can be
seen, occupation and date of birth are the two most common relations in the entire dataset

followed by other relations like position held, cast member etc.

3.6 Summary and Conclusion

In conclusion, the chapter highlights the pressing need for automated generation of descrip-
tive text in low resource (LR) languages from English fact triples, particularly in critical sce-
narios such as Wikipedia text generation based on English Infoboxes. Previous research efforts
have primarily focused on English fact-to-text (F2T) generation, leaving a significant gap in
cross-lingual alignment and generation for LR languages.

Addressing this gap, our work proposes two unsupervised methods for cross-lingual align-
ment, aiming to bridge the language barrier between English structured facts and LR sentences.
We also emphasised on gathering data, followed by meticulous data pre-processing to guaran-
tee the inclusion of high-quality samples. Furthermore, a thorough analysis of the data was
conducted, focusing on key parameters for deeper insights. Our investigations revealed that
the most optimal performance was achieved by employing mt5 with transfer learning, fine-
tuned specifically for the Natural Language Inference (NLI) task. Based on this discovery, we
proceeded to utilize this model to curate our final dataset.

We contribute the XALIGN dataset, comprising a substantial corpus of XF2T pairs across
eight languages, including 5402 pairs that have been manually annotated. This dataset, holds
immense significance within the field of text generation and information extraction in Natural
Language Processing (NLP) and stands as a noteworthy contribution. This chapter sets the
stage for further exploration and refinement of cross-lingual F2T systems, laying the groundwork
for more effective and efficient text generation and information extraction in diverse linguistic
contexts. The work explained in the upcoming chapters utilises the constructed dataset for
multiple tasks like Cross lingual fact extraction CLFE, cross lingual fact to text generation

XF2T and cross lingual fact to long text generation XFLT

26



Chapter 4

Cross Lingual Fact Extraction

4.1 Overview

The rise of knowledge graphs as extensive and structured sources of information has sparked
significant research interest in automating their construction and enrichment [29], [89]. With
a vast collection of more than 99 million entities, Wikidata [76] stands as one of the largest
publicly accessible knowledge graphs. Its expansive nature has facilitated its utilization across
various applications, including text generation [38] and question answering [71], [46], among
others.

A knowledge graph comprises interconnected facts, wherein each fact is typically represented
as a triplet encompassing two entities and a semantic relation that connects them. This infor-
mation is encoded as a triple < h,r,t > where h, r and ¢ represent the subject entity, the
relation and the tail entity, respectively.

This chapter addresses the challenge of extracting factual information from low resource
languages and proposes the task of multi-lingual and cross-lingual fact to text extraction (CLFE)
for seven Low Resource (LR) Indian Languages and English. The aim of CLFE is to extract
English triples, representing factual information, from text written in Indian languages. To the
best of our knowledge, this is the first endeavor to perform multilingual and cross-lingual fact
extraction specifically from LR Indian Languages.

Through this chapter, we highlight the following contributions :

o This chapter proposes the problem of cross-lingual and multi- lingual fact extraction for

LR Indian languages.

e The chapter describes an end-to-end generative approach for extracting subject centric
factual information from LR Indian language text, which shows significant improvements

over classification based pipelines.

e We train multiple multi-lingual CLFE models which lead to an overall F1 score of 77.46
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Multilingual Head Extracted
Texts Entity Facts

< nationality, South_Africa>
< nationality, Canda>
< nationality, USA>

Elon Reeve Musk (born 28 < date_of_birth, 28_June_1971>
June 1971) is a South Elon Musk |< occupation, engineer>
African-Canadian-America < ocuupation, entrepreneur>

n veteran businessman, < occupation, inventor>

investor, engineer, and < occupation, investor>

inventor.

< nationality, South_Africa>
< nationality, Canda>
< nationality, USA>

Tot 7% (W 28 37 < date_of_birth, 28_June_1971>
971 WE@UT Elon Musk | _ occupation, engineer>
asﬁzé < ocuupation, entrepreneur>
fmTer ey, ﬁ'&%, < occupation, inventor>
SOR, 3R anfasars g < occupation, investor>

< nationality, South_Africa>
< nationality, Canda>

QT AT (S 28 TS < nationality, USA>

1971) iR Elon Musk < date_of_birth, 28_June_1971>
Pl-FIITGTH- < occupation, engineer>

ST ST T, < ocuupation, entrepreneur>

RfSCtsIeIat, AEEET Qde < occupation, inventor>

SuS| < occupation, investor>

< nationality, South_Africa>
< nationality, Canda>
< nationality, USA>

Dt 25 (v 28 o < date_of _birth, 28_June_1971>

Elon Musk - -
1971) 2? fré'e' . < occupation, engineer>
2ilzsi-SeilbanllomRse < ocuupation, entrepreneur>
ulte Ggadofa, Asieisi2, < occupation, inventor>
YOI ViRMES B, < occupation, investor>

Figure 4.1: Example Inputs and outputs of CLFE task. Text from any language along with
entity of interest(head entity) is provided as input to extract English Facts(relation and tail

entity pairs). The same sentence may or may not be present in all languages.

The remaining chapter is organised as follows : Section 4.2 describes the usage of the dataset
in context of the CLFE task. Section 4.3 describes the methods applied for the task of cross
lingual fact extraction. The following sections discuss the results achieved ans provides a

conclusive summary to the chapter.

4.2 Dataset

Originally designed for cross-lingual data-to-text generation, due to its richly cross-lingual
and multilingual nature, the XAlign dataset consists of 0.45 million pairs across eight languages,
and proves to be a valuable resource for our task. Of these 0.45 million pairs, 5,402 pairs having
undergone manual annotation, and have served as our golden test set. The sentences in the
XAlign dataset are extracted from Wikipedia articles written in Indian languages, pertaining

to entities classified under the human category.
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However, the repurposing of the XAlign dataset for CFLE introduced a multitude of chal-
lenges. If we were to treat each relation as a distinct class in classification-based approaches,
we observe a high level of class imbalance. Among approximately 367 unique relations (classes),
the most frequent class alone accounts for 27 % of the data, while the top 20 classes contribute
to 90 % of the dataset. On average, each sentence in the dataset is associated with 2.02 aligned

facts.
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quent relations in the dataset

Moreover, the dataset presents the challenge of partial alignment. While the sentences in the
test set possess complete coverage in terms of aligned facts, the aligned facts do not encompass
the entire information present in the sentences from the training set. This characteristic of the
dataset can potentially penalize the model during training even for generating accurate facts,
which subsequently impacts the recall scores during testing. The distribution of the top 30 most
frequent relations in the dataset is visualized in Figure 4.2. Additionally, Figure 4.3 illustrates
the distribution of languages in the dataset. It is evident from the figures that the dataset

exhibits a high degree of imbalance, both in terms of relations and languages.

4.3 Methodology

We put forward two distinct approaches for the CLFE task: a classification-based approach
that initially extracts the tails and subsequently predicts the relation, and a generative approach

that concurrently performs both tasks in a single step.
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4.3.1 Tail Extraction and Relation Classification(TERC)

The TERC pipeline (Figure 4.4) encompasses a two-step process. In the initial step, we ex-
tract the tails of facts from the source language text. To achieve this, we employ the IndicTrans

[62] translation model to convert the input text into English.

_______________________ Date Extractor’
] )

: A Textinany | (T Clate into Noun Chunk
i | Head Entity Language | — English
: 1

Extractor
Inputs 7

'
. f————+—> Relation 1 for Entity 1 '
Multiclass | 1 5 Relation2forEntity 2 '
3 0 s

Classifier I :
> Relation n for Entity n

Entity
extractor

Figure 4.4: Pipeline Architecture for CLFE

Additionally, we identify any date expressions within the text and normalize them to a
standardized format. To prevent dates from being considered as entities, we replace them with
a placeholder token in the original text. As tail entities are limited to nouns or proper nouns,
we utilize the noun chunk extractor from the spaCy library [31] to extract all noun chunks. The

process of selecting tail entities from the set of noun chunks involves the following steps:

¢ Removal of entities that match the head: Entities that have a high lexical overlap with
the head entity are excluded from consideration. This step ensures that only distinct tail
entities are retained in this stage of the pipeline.

o Filtering out pronouns: Noun chunks with pronoun roots are discarded to eliminate pro-
nouns from the selection. Tails in the dataset are never represented as pronouns, so any
noun phrases containing pronoun heads are pruned.

¢ Selection of continuous spans with ADJ and PROPN PoS tags: Continuous spans of tokens
with adjective (ADJ) and proper noun (PROPN) parts of speech (PoS) tags are chosen as
individual entities. Since tails can consist of multiple words and may include adjectives
within their span, PoS tags are used to identify maximal spans for each recognized proper
noun.

e Selection of the root of the noun chunk: If the PoS tag of the noun chunk’s root is NOUN,
it is selected as a separate entity. This step ensures that the primary noun in the noun

chunk is considered as an individual entity in addition to any other detected entities.

The subsequent step in the pipeline involves predicting a relation for each extracted tail entity.
To accomplish this, we employ a pretrained MuRIL model [35] to generate a joint representation
that incorporates the head entity, tail entity, as well as the source language input text, which

is then provided as input to a classifier, which predicts the relation between the head and tail
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entities. During training, given a sentence and a <head, tail> pair, the classifier learns to
predict the relation by considering the ground truth tails as input. We employ weights based
on the inverse logarithm of the class distribution in the loss function, to systematically
address the class imbalance issue. This weighting approach outperforms both the standard
inverse class distribution and unweighted loss methods. When evaluating the performance of
the pipeline architecture, the tails extracted from the translated input text are aligned with
the ground truth tails. This alignment entails assigning one ground truth tail entity to each
extracted entity without duplication. We disregard some extracted entities that do not have any
overlap with the ground truth. Additionally, certain ground truth entities may not be assigned
to any of the extracted entities, resulting in a lower recall. The assignment process relies on a
similarity score and a threshold. The similarity score between two entities is computed as the
sum of cosine similarities of GloVe vectors and the intersection over union of terms. Using a
threshold of 0.7, we achieve a precision of 0.54 and a recall of 0.77. For these aligned tails, we

make predictions, while also calculating the evaluation metrics based on this alignment.

4.3.2 End to End Generative extraction

Prior research in the field of monolingual fact extraction has demonstrated that a model
that jointly performs tail extraction and relation prediction tends to outperform a disjoint
approach [45]. Unlike the pipeline approach mentioned earlier, this joint approach benefits
from a two-way interaction between tail extraction and relation prediction, leading to improved
performance as these tasks are not independent of each other. In line with this, we propose an
end-to-end approach to the fact extraction problem that can simultaneously extract tails and

their corresponding relations with the head entity.

_________________________

_______________

Text in any

Relation 1 - Entity 1,
Pre-process

mT5 Autoregressive R
Inputs

generator Model

Head Entity Language

Relation 2 - Entity 2,...

[
! Relation 3 - Entity 3
1

_________________________

Figure 4.5: End to end architecture for CLFE

Framing this problem as a text-to-text task, we utilize the mT5 [81] auto-regressive sequence-
to-sequence model to generate relations and tails given the head entity and input text as inputs,
training this model using cross-entropy loss. We employ a generative approach, enabling a more
flexible and unrestricted information extraction process, where the set of relations and tails is
not constrained.

We conduct experiments with three variations of this pipeline, with the facts linearized and

represented as the target text by concatenating the head and tail entities with special tokens.
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For a given sentence S, hence, if the corresponding i facts are [h, 1, t1], [h, 72, t2]....[h, 7;, t;], the
target text would be < R>7r <T >t1 < R>ro<T >to.... < R>r; <T >t;.

The first variation of our experiments involves fine-tuning the pretrained mt5 model for
the fact extraction task across all languages. In the second experiment, we employ script
unification by transliterating the input text of all languages (except English) into the Devanagari
script. This approach leverages the high vocabulary overlap among multiple Indian languages
to facilitate model training. In the third variation, we train separate bi-lingual fact extraction
models for each language.

For the Two-Phase approach, we train the relation prediction block of the model. The
classifier is based on the MURIL encoder model from Google, which consists of 12 encoding
layers with an output dimension of 768. During training, the 12th layer of MURIL and the
layers in the feed forward network are unfrozen. Using the Adam optimizer with an initial
learning rate of le-4, step scheduling with a step size of 2 and a gamma value of 0.3, we train
batches of 16 facts to optimize the Cross Entropy Loss. As mentioned earlier, we use inverse
log frequency of classes as weights for the cross entropy loss to effectively combat the class
imbalance issue. The training process for relation prediction takes approximately 5 hours on
one GPU card.

For the Generative approach, we utilize the pretrained mT5 model and finetune it for 5
epochs in all experiments. The learning rate is set to 0.001 with a weight decay of 0.01. To
mitigate overfitting, a dropout rate of 0.1 is applied during training. We use the Adafactor

optimizer to optimize the Cross Entropy Loss during generation.

4.4 Results

Table 4.1 presents the summarized results of the different fact extraction approaches dis-
cussed earlier.

The findings indicate that the open-ended approach achieves the highest F1 score, offering
greater flexibility in terms of possible entities and relations. Another notable observation is that
training separate bilingual models performs better than using a combined model for English and
Bengali, which are the two most prevalent languages in the dataset, accounting for 54.44 % of
the training data. This suggests that multilingual training proves advantageous due to shared
learning across Indian languages. Additionally, script unification, specifically transliterating
input scripts to Devanagari, benefits the Dravidian languages (te, ta, kn) in the dataset.

Since the current evaluation criteria require an exact word match between the predicted and
ground truth tails to determine correctness, it should be duly acknowledged that the model’s
actual performance might be better than the reported numbers. However, this approach fails
to account for cases where the predicted and ground truth tails are synonymous. For instance,

if the model predicts ’writer’ as the occupation while the ground truth label is ’author’, both
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te bn ta gu mr en hi kn All languages

F1 F1 F1 F1 F1 F1 F1 F1 P R F1
Classification with GT Tails 69.19 67.50 89.44 85.74 51.38 72.87 87.10 79.74 79.04 77.93 75.37
TERC 43.66 41.96 52.19 40.30 44.59 50.80 50.46 42.57 40.45 53.71 46.15
E2E Cross-lingual Generative Model 71.82 75.56 82.82 72.36 77.79 76.28 86.62 68.04 74.09 81.15 77.46
E2E generation w script unification 72.51 75.38 85.21 72.04 77.19 7456 83.44 70.46 78.49 76.15 77.29
Bilingual Models 70.94 78.01 83.71 67.84 7191 76.64 86.49 63.19 79.79 71.63 75.49

Table 4.1: Precision, recall and F1 scores of various methods applied on all languages in the
Test set. Note that "Classification with GT Tails" uses tails from ground truth as input for the

Relation Prediction model and hence does not represent a complete pipeline

terms convey the same meaning but would not be considered a match under the strict evaluation

scheme.

4.5 Summary and Conclusion

This chapter focuses on the extraction of factual information from low resource languages
and presents the task of multi-lingual and cross-lingual fact to text extraction (CLFE) for seven
Low Resource (LR) Indian Languages along with English. Notably, this research has been the
first attempt to perform multilingual and cross-lingual fact extraction specifically from LR
Indian Languages. By undertaking this research, the coverage of existing knowledge graphs is
significantly expanded by leveraging the factual knowledge present in Indic texts. The study
reveals that while script-unification benefits certain languages, a single multilingual end-to-end

generative pipeline yields superior performance with an overall F1 score of 77.46. This work

lays the groundwork for future research in knowledge extraction from LR Indic language text.

Subsequent chapters build upon the tools and findings presented here to advance research in

fact-to-text generation.
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Chapter 5

Approaches for Cross Lingual Fact to Text Generation

5.1 Overview

Fact-to-text generation systems have predominantly focused on English development primar-
ily because of the abundance of suitable datasets. Conversely, due to the scarcity of datasets
for low-resource languages, these systems have been exclusively developed for English. This
chapter focuses on the problem of crosslingual fact-to-text (XF2T) generation, which involves
automatically generating descriptive human-readable text from structured input data in multi-
ple languages. The XF2T generation task tackled in this chapter takes a set of English facts
as input and aims to generate a sentence that accurately captures the semantic meaning of
the facts in the specified target language. By exploring different models, training setups, and
strategies, the chapter aims to build a robust XF2T system that can bridge the gap between
English-centric fact-to-text generation and the need for crosslingual capabilities. In Fig. 5.1,
an illustration is presented, demonstrating an instance where a collection of English Wikidata

facts is employed to generate a sentence across different languages.

<English> Elon Musk (born 28 June 1971) is a South African-Canadian-
American veteran businessman, investor, engineer, and inventor.

<hindi> TTT T ( W28%1971¥W3F&MWW1€W
nai W

HTHRS T
<Elon_Musk, nationality, South_Africa> <bengali> G5 X% (G 28 G 1971 Wﬁ‘ﬁs'-“f WEFR-PINTG -
<Elon_Musk, nationality, Canada> WTNRF A s, R[S | TIEAT 3 BBIRE |
<Elon_Musk, nationality, USA> <gujarati> 2ol 135 (e 28 el 1971) 2 (B 1[F513A Ssl-
<Elon_Musk, date_of_birth, 28_June_1971> 1, |y ot AR sel Ulte Gé&bm[a AslRLs1, o2 1A NS B,
<Elon_Musk, occupation, engineer>
<Elon_Musk, occupation, entrepreneur> <tamil> eTGeuITedT 1061V (LNMLIL] 28 gD 6T 1971) (B
<Elon_Musk, occupation, inventor> QgerarmlNf&&-searqw-3QnKl&Es engs O5mslevG LT,
<Elon_Musk, occupation, investor> wseSL e, G\urrr_rjlqurml'j LM MILD & 6voT(H LI LG LILITETIT 2y, 6UITIy.

English Facts
<pun,ab.>ﬂﬂ'5nﬂmm 28 5 1971) fx ot wigdialt-
el WMEgd FrauTdl, faena, fortatg, W3 Bt 3|

Figure 5.1: Example showing generation of natural language sentences from English facts
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This chapter delves into the XF2T problem itself using the extended version of the XAlign
dataset, XALIGNV2 as described in Chapter 3. We explore the different Transformer-based
multi-lingual encoder-decoder models such as the vanilla Transformer, IndicBART, and mT5.
The chapter investigates various training setups and strategies for improving XF2T genera-
tion, including multi-lingual data-to-text pre-training, fact-aware embeddings, fact ordering

and structure-aware input encoding.

Experimental results are presented, comparing the performance of different models and
strategies across the twelve languages covered in the XALIGNV2 dataset. The chapter re-
veals that the mT5 model with fact-aware embeddings and structure-aware input encoding
achieves the best results on average. Evaluation metrics such as BLEU, METEOR, LABSE

score and chrF++ are used to assess the quality of the generated crosslingual text.

5.2 XF2T Approaches

This section provides a detailed account of the approaches tried for the task of cross lingual
fact to text generation. We experiment with multiple components involved in the process
of generation, like the encoding of the input, the pretrained transformers used, variations of

extended pretraining and more. We describe them in detail in the following subsections.

5.2.1 Encoding of Input for the transformer models

In order to feed our input of set of facts into the transformer model, we need to come up

with an encoding strategy for the input which can convert the set of facts into a logical string

Every input instance comprises several facts F' = f1, fo,..., fn) and a section title (t). A
fact (f;) consists of subject (s;), relation (r;), object (0;), and (m) qualifiers (Q = q1,q2, ..., ¢m)-
Qualifiers offer supplementary details pertaining to the fact. Each of these qualifiers (¢;) can

be associated with the fact through a fact-level property known as qualifier relation (gr;).

The encoding of each fact f; involves representing it as a string, while the complete input
entails the concatenation of these strings from all facts within the set F. The string representa-
tion for a fact f; is denoted by "(S)si(R)ri(O)0i(R)qrii(O)qi (R)qri2(0)giz - . . (R)qrim(O)gim”,
where (S), (R), and (O) corresponds to special tokens which are added specifically to the vocab-
ulary of the encoder. Ultimately, the comprehensive input, encompassing n facts, is acquired
through the following process: "generate [l|: f1 fo ... fn (T) [t]" where "[l]" represents one of
the 12 available languages, (T') signifies the token used as a delimiter for section titles, and ¢

represents the specific title of the section.
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5.2.2 Standard Transformer-Based Baselines

As our first set of experiments, we explore multiple pretrained standard transformer based
baselines in order to evaluate and compare their respective performance. In the XF2T genera-
tion process, we employed popular multi-lingual text generation models, namely mT5-small and
IndicBART [18], and finetuned them on the Train+Validation portion of the X ALIGN dataset.
We trained a single model in cross lingual fashion using data from multiple languages without
the requirement of translation,

As it can be observed from Table 5.1, mT5 performs the best overall. Hence for all the

following experiments we use the mT5-small model as our base model.

5.2.3 Monolingual, Bilingual, Multilingual and Translation-based models

In order to analyse the practicality of our cross lingual training setup, we conduct experi-
ments using various training setups to explore their effectiveness. Firstly, we focused on con-
structing bilingual models in which the input was always in English, while the output could vary
among the 12 languages under consideration. Thus this training setup requires 12 individual
bi-lingual models to be constructed. This approach is based on the observation that bilingual
models tend to exhibit improved accuracy for certain language pairs in cross-lingual scenarios.

It is important to note that our particular case maintains English as the consistent input
language, necessitating the training of separate bilingual models for each target language.

The requirement to manage multiple models, one for each language, which can be quite
cumbersome in practice, is a drawback of this approach, nonetheless.

Additionally, we also trained two translation-based models to explore alternative strategies.
In the “translate-output” setting, we developed a single English-only model that processes
English facts as input and generates text in English as output. During the testing phase, the
generated English output is then translated to the desired language using the IndicTrans [63]
translation tool.

Conversely, in the “translate-input” setting, we opted to translate the English facts into the
respective target language and utilized the translated version as input for training a single multi-
lingual model across all languages. When performing the translation process, if any mapped
strings for entities were available in Wikidata, we directly employed them. However, both of
these approaches introduce a limitation: the need for translation during the testing phase.

Our default setting remains training a single cross lingual model for all the 12 languages
without any translations on either of the sides. This arrangement benefits from shared knowl-
edge and vocabulary across different languages. Furthermore, training data from different high
resource languages helps improve the generation for low resource languages which lack sufficient
training data. This approach also mitigates the propagation of loss added due to the translation

module.
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5.2.4 Continued Pre-training

Pretraining has become a widely used approach to achieve highly effective models, even
when working with limited labeled data. Furthermore, the application of domain-specific and
task-specific pretraining has demonstrated additional performance improvements [30]. In our
study, we explore four distinct pretraining strategies that are implemented on top of an already
pretrained encoder-decoder model, prior to fine-tuning it on the xalignv2 dataset.

The first strategy is multi-lingual pretraining [77], which involves leveraging a larger,
albei‘t noisy, corpus of data obtained from Wikipedia for the English F2T (Fact-to-Text) task.
This dataset consists of 542,192 data pairs spread across 15 categories and is constructed by
combining English Wikipedia [77] data with Wikidata triples. To generate the multi-lingual pre-
training data, we translate English sentences extracted from the Wikipedia-based dataset into
our low-resource (LR) languages. As a result, the multi-lingual pretraining data encompasses
approximately ~6.5M data pairs. For the translation process, we utilize IndicTrans.

The second strategy focuses on translation-based pretraining, recognizing that transla-
tion serves as a fundamental task in facilitating effective cross-lingual NLP. In this approach,
we pretrain the mT5 model on translation data specific to English-to-other-language pairs, with
~0.25M instances available per language.

The third strategy combines the two aforementioned methods in a two-stage pretraining ap-
proach. Initially, we conduct translation-based pretraining during the first stage. Subsequently,
in the second stage, we proceed with multi-lingual pretraining. We call this Multi stage
pretraining

Lastly, the fourth strategy involves multi-task pretraining, encompassing training for both
translation and XF2T (cross-lingual Fact-to-Text) tasks simultaneously. Differing from the two-
stage method where pretraining is performed separately for translation and XF2T tasks, the
multi-task pretraining approach leverages a joint multi-task learning setup to simultaneously
address both tasks.

5.2.5 Fact-aware Embeddings

The mT5 model receives input comprising both token embeddings and position embeddings.
In the case of XF2T (Cross-lingual Fact-to-Text) generation, the input consists of a collection
of facts, wherein each fact comprises distinct semantic units that fulfill different roles, namely
subject, relation, and object. To enhance the mT5 model’s understanding of these facts, we
augment the standard input by incorporating specific role embeddings, known as fact-aware
role embeddings.

To be more specific, we introduce four role IDs: ROL1 for subjects, ROL2 for relations and
qualifier relations, ROL3 for objects and qualifier tokens, and ROLO for all other tokens that do

not fall into the aforementioned categories (see Fig. 5.2). These role embeddings are randomly
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Figure 5.2: English facts being passed as input to mT5’s encoder with token, position and
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Embedding

(fact-aware) role embeddings.

initialized and learned during the training process. By explicitly indicating the role played by
each token within the input facts, we anticipate that the model will gain a deeper understanding
of the underlying semantics, thereby facilitating improved XF2T generation.

Furthermore, we conducted additional experiments involving (1) separate role embeddings
for qualifier relations and qualifiers, as well as (2) the inclusion of fact ID embeddings. In the
latter case, if the input contains K facts, each fact is assigned a unique fact ID, and all tokens
corresponding to a specific fact receive the same fact ID embedding. However, the results
obtained from these experiments did not yield any significant improvements, and therefore, we

have chosen not to include them in our reported findings.

5.3 Results

In this section we compare the results from the multiple experiments described so far.

5.3.1 Metrics

We evaluate our scores based on one or more of these 4 metrics : BLEU [55], METEOR [6],
chrF++[57], and LaBSE Score. While BLEU, METEOR and chrF++ are standard metrics
and consider only the syntactic similarity of the generated content with respect to the reference,
we define LaBSE score to measure the semantic similarity as well.

LaBSE score works on the similar concept as BERT score [85]. We simply take the cosine

similarity of the LaBSE[23] embeddings of the generated and reference sentences.

5.3.2 Standard Transformer-Based Baselines

As seen in Table 5.1, mT5 outperforms other pretrained models. Both pretrained models
drastically outperform the vanilla transformer on all languages. As it can be seen, IndicBART
[18] performs much better than the mt5[81] model over Bengali across all metrics, however

performs significantly worse on English, possible due to the differences in their pretraining.
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Vanilla Transformer IndicBART mT5
BLEU | METEOR | chrF++ | LaBSE || BLEU | METEOR | chrF++ | LaBSE || BLEU | METEOR | chrF++ | LaBSE
hi 3504 | 6346 60.85 | 86.04 |[40.44 | 66.41 66.27 | 88.51 || 44.65| 68.58 68.49 | 90.28
mr || 18.28 | 50.66 49.87 | 77.73 || 28.08 | 55.35 57.73 | 82.79 || 26.47 | 56.85 59.17 | 85.25
te 6.95 36.17 41.70 | 77.44 || 15.67 | 41.52 50.40 | 80.46 || 1446 | 43.45 52.58 | 83.47
ta 14.67 | 44.64 53.03 | 80.63 || 19.37 | 45.78 56.63 | 83.07 || 18.37 | 46.15 57.42 | 84.53
en 37.12 | 65.32 59.69 | 80.05 || 10.47 | 42.35 34.35 | 66.38 || 46.94 | 70.60 65.20 | 8491
gu 15.66 | 47.70 46.29 | 79.46 || 19.16 | 47.92 49.30 | 78.64 (| 22.69 | 50.31 51.36 | 84.36
bn || 48.55 74.18 75.68 | 87.97 || 55.90 | 79.29 80.51 | 91.44 || 40.38 | 61.71 68.71 | 84.17
kn 4.78 28.96 37.60 | 71.90 | 10.30 | 33.55 46.65 | 77.13 || 10.66 | 32.58 46.92 | 80.45
ml 16.29 | 50.84 47.26 | 80.13 || 27.41 56.27 56.80 | 86.08 [ 26.22 | 56.71 57.01 | 86.53
pa 17.76 | 50.27 4473 | 77.82 || 22.32 | 53.20 50.74 | 81.34 |/ 26.96 | 54.82 52.33 | 84.11
or 3994 | 61.09 62.79 | 81.33 || 22.16 | 53.76 58.30 | 77.56 || 47.17 | 67.82 71.20 | 86.05
as 8.08 29.27 31.24 | 60.18 || 14.07 | 34.25 38.87 | 63.58 || 12.61 32.93 36.91 | 65.84
|Avg|| 21.93 | 50.21 | 50.89 | 78.39 || 23.78 | 50.80 | 53.88 | 79.75 [[ 28.l3| 53.54 | 57.27 | 83.33 |

Table 5.1: Comparison of different pretrained transformer models

5.3.3 Monolingual, Bilingual, Multilingual and Translation-based models

Bi-lingual (12 models) Translate-Output (1 model) Translate-Input (1 model) Multi-lingual (1 model)

BLEU|METEOR |chrF++|LaBSE|[BLEU|METEOR |chrF++|LaBSE|[BLEU[METEOR |chrF++|LaBSE||BLEU[METEOR [chrF++|LaBSE
hi |[41.07| 66.15 | 65.57 | 88.40 [[24.88| 55.91 | 54.48 [ 83.85 [[41.98| 66.14 | 66.47 | 89.32 ||44.65| 68.58 | 68.49 | 90.28
mr || 16.74| 49.36 | 48.40 | 78.00 [[20.62| 46.87 |52.23 [ 82.59 [[24.90| 54.56 |57.25|83.14 |[|26.47| 56.85 | 59.17 | 85.25
te || 12.23| 37.85 |44.94 [78.93 [[14.13| 38.69 |50.36 [ 82.78 [[13.11| 40.83 |[49.64 | 81.19 || 14.46| 43.45 | 52.58 | 83.47
ta || 18.37| 46.57 | 57.10 [ 83.50 || 8.36 | 30.41 |46.35[74.76 |[[19.23| 45.68 |57.54 | 84.73 || 1837 46.15 | 57.42|84.53
en [[45.79] 6990 |[63.79 [ 84.64 [|50.81| 70.47 |65.43 8573 |[45.12 69.88 | 64.11 [ 83.55[[46.94| 70.60 | 65.20 | 84.91
gu [[12.49] 3873 [37.01 [72.69 [[18.23] 4225 |46.27 [ 79.97 [[20.84| 48.71 |[49.30 [ 82.10 |[[22.69| 50.31 | 51.36 | 84.36
bn [[53.61| 7542 | 78.12 | 89.87 [[20.57| 46.58 |56.60 [ 78.62 [[40.56| 67.75 |71.36 | 86.65 |[[40.38] 61.71 | 68.71 | 84.17
kn || 871 | 31.02 |41.16 |75.62 || 7.93 | 27.58 |44.47 [78.97 || 7.75 | 30.82 |41.44 7596 |[|10.66| 32.58 | 46.92 | 80.45
ml [|24.28| 5537 |[55.49 [ 8535/ 18.60| 47.39 |51.47 | 82.86 ||26.16| 56.49 | 57.22|87.36 |[26.22| 56.71 | 57.01 | 86.53
pa [|21.92| 51.10 |[47.82|80.64 [|26.24| 53.18 |51.57 [83.19 ||24.42| 51.64 |49.28 [ 80.95 [|26.96| 54.82 | 52.33 | 84.11
or ||45.53] 6291 |65.30|82.09 [ 937 | 29.40 | 37.80 | 75.41 |[[43.43| 64.12 | 6520 [ 83.67 ||47.17| 67.82 | 71.20 | 86.05
as (| 976 | 26.48 |[29.80 [56.93 || 7.15 | 25.25 |32.19 | 62.38 ||10.89| 30.27 |35.00 | 64.05 ||12.61| 32.93 | 36.91 | 65.84
Avg(|25.88 | 5091 |[52.88 [79.70 [|18.91| 42.83 |49.10 | 79.30 ||26.53 | 52.24 | 5532 | 81.90 ||28.13| 53.54 | 57.27 | 83.33

Table 5.2: Comparison of different training setup

As it can be seen in Table 5.2, a single multilingual model performs better than translation

based approaches, or even utilising 12 different bilingual models due to transfer of knowledge

across languages.

5.3.4 Continued Pre-training strategies and fact aware embeddings

As it can be seen in Table 5.3, multilingual pretraining performs the best among all pre-

training strategies. On BLEU score however, fact aware embeddings outperform the training

strategies.

Table 5.4 further shows the detailed language wise comparison of multi-lingual

pretrained mT5 and mT5 with fact-aware embedding models with the vanilla mt5 baseline
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\ No. \ Method H BLEU \ METEOR \ chrP+ \

1 Multi-lingual mT5 (No pretraining, no fact-aware 28.13 53.54 57.27
embeddings)

2 Multi-stage Pretraining 27.70 51.87 55.32

3 Multi-task Pretraining 28.45 51.87 55.20

4 Translation-only Pretraining 27.53 50.67 53.71

5 Multi-lingual Pretraining 28.71 53.83 57.58

6 Fact-aware embeddings 29.27 53.64 57.30

Table 5.3: XF2T scores on XAlignV2 test set using different pretraining strategies and fact-

aware embeddings for the mT5 model

Vanilla mT5 Multi-lingual Pretraining Fact-aware embeddings
BLEU | METEOR | chrF++ || BLEU | METEOR | chrF++ || BLEU | METEOR | chrF++
hi 44.65 68.58 68.49 || 43.32 68.19 68.21 || 42.72 67.49 68.03
mr || 26.47 56.85 59.17 || 27.64 56.34 57.74 || 29.06 55.40 57.97
te 14.46 43.45 52.58 || 15.94 42.71 52.40 || 16.21 42.14 51.25
ta 18.37 46.15 57.42 || 16.68 42.32 54.88 || 19.07 43.65 56.01
en 46.94 70.60 65.20 || 46.61 70.45 65.33 || 48.29 70.75 65.42
gu 22.69 50.31 51.36 || 21.39 47.98 50.14 || 23.27 50.00 50.64
bn 40.38 61.71 68.71 || 50.89 75.62 77.43 || 49.48 73.03 76.19
kn 10.66 32.58 46.92 || 11.61 33.00 47.18 || 11.57 33.44 46.66
ml 26.22 56.71 57.01 || 27.38 56.63 57.35 || 29.04 57.15 57.60
pa 26.96 54.82 52.33 || 26.04 54.17 52.50 || 28.65 55.19 53.38
or 47.17 67.82 71.20 || 44.97 66.49 70.64 || 41.75 63.77 67.96
as 12.61 32.93 36.91 || 12.00 32.04 37.15 || 12.16 31.61 36.44
Avg || 28.13 53.54 57.27 || 28.71 53.83 57.58 || 29.27 53.64 57.30

Table 5.4: XF2T scores on XALIGNV2 test set using vanilla mT5, multi-lingual pretrained

mT5 and mT5 with fact-aware embedding models

5.4 Conclusion and summary

In summary, this chapter provided a detailed analysis of various experiments tried for the
task of cross lingual fact to text generation. We conclude that fact aware embeddings result
in the best performing model with significant gains over the proposed baselines. While the
work explored in this chapter resulted in fluent systems for generating natural language text,
we must note that they have few limitations. The primary error in the xf2t systems is the
presence of extraneous information in generation or in other words, hallucination. Furthermore,
the approaches mentioned in this section can only generate a single sentence at a time, thus
still needing manual intervention in order to generate the complete article. Upcoming chapters

will focus on addressing these limitations.
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Lang. | Input Reference Text Generated Text

hi generate Hindi <S> Asha Nautiyal <R> member | 378 FMfeTTA ( T 4 I, | 3Mem AT ( &7 Y I,
of political party <O> Bharatiya Janata Party | 99¢% ) U@ YR IoITae | 93€% ) U6 YR JoHifas
<R> date of birth <O> 25 June 1969 <R> occu- | § G yndg srar af & & | | ailv 9rechia srar aidl 6 gewg
pation <O> politician <R> country of citizenship L
<0O> India <T> introduction

en generate English <S> Kedarnath Singh <R> date | Kedarnath Singh ( 7 July | Kedarnath Singh (7 July
of death <O> 19 March 2018 <R> date of birth | 1934 - 19 March 2018 )| 1934 - 19 March 2018 )
<O> 07 July 1934 <R> occupation <O> poet | was an Indian poet who |was a Hindi poet from
<R> languages spoken, written or signed <O> | wrote in Hindi. Uttar Pradesh, India.
Hindi <R> country of citizenship <O> India
<T> introduction

mr generate Marathi <S> Théodore de Banville <R > | 28GR & sfeger ( a/d 9%, | effex g sHfcget (914 9%, 8. 9.
date of death <O> 13 March 1891 <R>> date of |§ ®. 9¢33 - 7 93, §, @ | 9¢33 - 74 93, T 9. 9¢R1
birth <O> 14 March 1823 <R> occupation <O> | 9¢%9 ) & % Hifafde . )aﬁﬁé@mé’m
writer <R> country of citizenship <O> France
<T> introduction

te generate Telugu <S> Sushmita Sen <R> date of [ & 1975 Sowd 19 & [ Duiyes 20 1975 SHoatd 195
birth <O> 19 November 1975 <R> place of birth | rsorerid’ sryonod. TS 2D0008.
<0O> Hyderabad <T> introduction

ta generate Tamil <S> Kirti Kumari <R> member | &jgdl @orfl ( 13 o&dg | &8 gorfl ( 13 gesg
of political party <O> Bharatiya Janata Party | 1967 - 28 =yp&gg 2017|1967 - 28  o&s5
<R> date of birth <O> 13 August 1967 <R> ) IJITI',I'{&.U_I RENST s fluder | 2017 ) @I]' @;IBQILI
date of death <O> 28 August 2017 <R> occupa- @B Sirflwéeurs) Sipflweeurdluyb, umgSu
tion <O> politician <R> country of citizenship | gyaumj. mensm s _fuller penemer
<0O> India <T> introduction slLwemn 2 mUubenmb

QUITT.

kn generate Kannada <S> Barry C. Barish <R> |30@ mpa‘ 03011 900 [ 3002 OF ©doh &Y BI0°
award received <O> Henry Draper Medal <R> | g &) ZBEo' IoEIH IRTIF0 IBEFTO.
point in time <O> 2017 <T> awards and honors el < 2

QBRI

bn generate Bengali <S> Jim Pothecary <R> mem- | 7fsd onfEst fF@t wew | aisd wifys et wem
ber of sports team <O> South Africa national STeH e e fefw | STed T e fefq |
cricket team <R> occupation <O> cricketer
<T> introduction

gu generate Gujarati <S> Krishnalal Shridharani|geeiaid #leRiell (a5 [so@iaid aziel ( as
<R> date of birth <O> 16 September 1911 <R> | 223042 919 - 23 isit] ALZIGR 16499 — /3 Rgslt:]
?j“te ggieathti%i 23 J“13;_19520<>R>1 occupa | aeso ) ridl eilotl 5@ | aeso ) Al s,
ion oe occupation aywri
<R> langﬁages spoken, \Eritten or sigpneg <(g)> vidl clizaiSHR edll. AZRASIR Al olIZASIR Ectl.
Gujarati <T> introduction

pa generate Punjabi <S> Orhan Pamuk <R>award | G396 Y™HE ( #&H 7 g6 |§99% UHa ( ¥ 7 &
received <O> Nobel Prize in Literature <R> 1952 )ﬁaga;ﬂ'ma 1952 )fga'ga;ﬂ'ma
point in time <O> 2006 <R> date of birth <O> | £ 3 5 006 55 7iyz =51 | £H £ 2006 59 T3 =0
07 June 1952 <R> occupation <O> novelist <R> 9% fogy TS 3. '?SE'S: T
languages spoken, written or signed <O> Turkish YIHETT
<T> introduction ol fapar .

ml generate Malayalam <S> Naomi Scott <R> date 1993 ea® 6 m[1993 eo@ 6 m
of birth <O> 06 May 1993 <R> place of birth | goggendleel  eiensailensm | goggendlearl  elsnsadlaioenm
<0O> London <R> country of citizenship <O> eopog gl oyl @opog &ail.ajol

United Kingdom <T> introduction

or

generate Odia <S> Ajay Swain <R> award re-
ceived <O> Odisha Sahitya Akademi Award <R>
point in time <O> 2012 <T> introduction

6d 9009 ¢JLIER BHel
QAIEGY IRIERA YRR RIS
RQ2em |

9009 ¢JLIeq 69 GRYl
AERY IRIELF YRIIQ MK
@Qziem |

as

generate Assamese <S> Harishankar Parsai <R>
date of death <O> 10 August 1995 <R> date of
birth <O> 22 August 1922 <R> occupation <O>
writer <R> country of citizenship <O> British
India <R> country of citizenship <O> Dominion
of India <R> occupation <O> author <T> in-
troduction

sfeFIeFs AT (33 HAGIE,
5538 - S0 TSE, 555¢ )

=1 R MEeE asEE
£ AT SF TeSIFE |

SEISFT AT (3% ATE,
S53% - S0 IEAL, 5550 )
T BITS &TIF |

Table 5.5: Examples of generation
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Chapter 6

Exploring Techniques for Generating Cross Lingual Factually

Grounded Long Text

6.1 Overview

In the previous chapters we have explained the creation of the XAlign dataset along with
its use for the task of fact extraction and fact to text generation. However, the fact to text
generation procedure described so far suffers from the limitation of being able to generate only
a single sentence at one time. Because of this limitation, significant manual efforts are needed
when aiming to generate complete articles. The fact to text generation system demands that all
facts about an entity to be clustered together into logical groups such that each group represents
a sentence. Since the XF2T systems are trained to generate shorter pieces of text, multiple
problems like hallucination, repetition of information etc arise when attempting to use these

models with a lot of input facts.

In order to mitigate these limitations and automate the process of complete article genera-
tion, we introduce the task of Fact to long text generation. This task involves taking as input,
all facts about a particular entity and the output is a paragraph in another target language
which is expected to capture all the semantic information in English facts without hallucination.
The solution is also expected to group related semantic information from facts into coherent
sentences which appear in an appropriate order with smooth transitions. This chapter discusses
in detail, the process of clustering the facts into logical groups and then performing text gener-
ation on top of them. Since our analysis from the previous chapters resulted in the realisation
that one of the significant problems with the XF2T systems is hallucination, we make special
efforts during our generation techniques in order to tackle hallucination and generate more
faithful and grounded sentences. Figure 6.1 provides an example of the task discussed in this

chapter.

Cross-lingual fact to long text (XFLT) systems could be useful across several business do-

mains like healthcare, sports, travel, education, and reporting. In healthcare, English medical
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Figure 6.1: XFLT example: Generating English, Hindi and Telugu paragraphs to capture

semantics from English facts

records can be used to generate patient summaries in regional languages. Drug information
leaflets can be curated in different languages from English ingredients and effects. Summary
of health insurance policies can be generated in different languages from English terms and
conditions. English facts and warnings can be used to create public health alerts and advisories
in different languages. Similarly, in sports, English statistics about events and players can be
used to compose match reports, sports news, athlete biographies, and sports history essays in
different languages. In tourism and travel, XFLT tools could help generate travel guides, ho-
tel reviews, travel itinerary summary, travel blogs, travel advisories, travel-related news across

languages given English facts.

Only 10% of the sentences in the dataset have complete coverage with respect to their
corresponding facts. Leveraging, such a dataset for cross-lingual fact to long text (XFLT)
brings its own challenges. Lastly, while there exist source-dependent metrics like BLEURT [69]
and PARENT [20], they are defined only for monolingual scenarios where input and output are
in the same language. How do we define a similar source-dependent metric for our cross-lingual
setting? Since we are dealing with a dataset where the reference text might be diverging from
the input facts (, we also introduce a new evaluation metric - XPARENT, specifically designed

for handling diverging references in the domain of XF2T.

Overall, through this chapter we highlight the following contributions.

o We propose a novel problem: Cross-lingual fact to long text generation (XFLT).
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o We propose a modular approach which uses coverage prompts and grounded decoding to

reduce hallucination and deep reinforcement learning to improve quality.

¢ Our best model achieves a BLEU of 23 and cross-lingual PARENT score of 56. We make

our code and data publicly available!.

The remainder of the chapter is organized as follows. We discuss the details of the dataset
and its reaction in Section 6.2. We discuss details of the two modules of our proposed system
in Section 6.3. We discuss experiments and results in Section 6.4. Finally we conclude with a

brief summary in Section 6.5.

6.2 Dataset

We derive our dataset, XLALIGN, from the existing dataset, XAlignV2 [66] (which is a
revised version of XAlign [1]). The details of the construction of these datasets can be found
in Chapter 3. Example pairs corresponding to the same entity from XALIGNV2 are combined
to obtain example (English facts, target language paragraph) pairs for our dataset, XL ALIGN.
The combination is done by a union of the English facts of corresponding X ALIGNV 2 examples,
and a concatenation of sentences as per their order in the original Wikipedia article to create
multi-sentence descriptions. In total, the XLALIGN dataset contains 125,106 paragraphs across
12 different languages. This is summarized in Table 6.1 which shows average number of facts,
sentences, words per instance and instance counts in the train, validation, test splits. Compared
to existing cross-lingual fact to short text datasets which contain one sentence per example,
XLALIGN contains 2.9 sentences and 47.7 words on average.

Each example in the overall dataset has two properties.

e Degree of Sentence-level Coherence: Since all the sentences for an entity in XALIGNV2
may not be present contiguously in the source article, there is a variance in the coher-
ence levels of the corresponding paragraph in XL ALIGN created by concatenation of such
potentially non-contiguous sentences. Since no classifier for predicting coherence exists
for Indian languages, with an aim to measure coherence levels of the corresponding para-
graph in XLALIGN, a coherence classifier (transfer-learned from pretrained MuRIL) was
trained using the next sentence prediction task. Sentence pairs were extracted from fea-
tured Wikipedia articles, with contiguous sentence pairs chosen as positive samples and
randomly permuted sentence pairs as negative samples. This classifier leads to a F1 of 0.71.
Fig. 6.2 shows the variation of coherence across samples in XLALIGN. Note that several
examples in the dataset have one sentence paragraphs which have a default sentence-level

coherence of 1.

"https://tinyurl.com/CrossLingual-FLT
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Language Instance Counts Avg Avg Avg
Train Val Test #Facts | #Sents | #Words

Assamese (as) 799 159 111 7.0 4.3 66.9
Bengali (bn) 14,858 | 2,968 1,984 7.5 3.8 59.0
English (en) 32,176 6,427 4,292 5.3 2.4 41.2
Gujarati (gu) 901 179 121 6.0 3.3 55.6
Hindi (hi) 9,266 1,850 1,239 5.2 2.6 51.9
Kannada (kn) 2,026 404 273 6.6 3.7 51.1
Malayalam (ml) 8,363 1,671 1,117 6.0 3.2 40.4
Marathi (mr) 5,394 1,077 722 4.5 2.0 31.6
Odia (or) 1,742 348 237 6.9 4.1 63.0
Punjabi (pa) 5454 | 1,085 731 6.5 3.1 84.1
Tamil (ta) 10,026 | 2,004 1,340 4.8 2.8 37.1
Telugu (te) 2,820 563 379 6.2 3.7 46.3
All ‘ 93,825 ‘ 18,735 ‘ 12,546 ‘ 5.8 ‘ 2.9 ‘ 47.7 ‘

Table 6.1: Dataset statistics for the XL ALIGN dataset.

e Degree of alignment: XALIGNV2 contains examples with varying level of alignment be-
tween English facts and labeled target language sentences. This means that some seman-
tics in the sentence is not captured by the corresponding facts. In order to quantify this
partial alignment, we use scores from the coverage classifier described in Section 6.3.2.1
and illustrated in Fig. 6.2. This classifier was trained on binary labels obtained for 4376

examples. The classifier leads to a micro-averaged F1 of 0.9.

We split the dataset into train:validation:test in the ratio 75:15:10 as follows. To create a
high-quality test and validation sets, the examples in XLALIGN were partitioned such that in
the test and validation set, the ground truth target language paragraph is coherent and contains
least amount of extra information which is not covered by corresponding English facts. The
train, validation and test split for each of the languages was also stratified based on the number
of sentences per entity in the ground truth so that each of the splits contains equal proportion

of paragraphs of different lengths.

Fig. 6.3 and 6.4 show the distribution of number of facts and sentences respectively across
various languages in the XLALIGN dataset. Note that the dataset contains sizeable number of
instances across various languages. Also, while creating the dataset we ensured that the number
of sentences per example is limited to a maximum of 10 which leads to ~1.6% examples with
20+ facts.
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6.3 The Proposed Cross Lingual Fact to Long Text Generation

System
Our dataset D containing N instances can be represented as D = {Fi,Ti,li}iJ\il where
each instance D; contains a set of |F;| English facts F; = { fj}ﬁl1 and an ordered list of
aligned |T;| target sentences T; = [tk]gjl in the desired language l;. A fact f; is a tuple
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Figure 6.5: Proposed pipeline for cross-lingual fact to long text generation. Training involves

finetuning (A) Fact Organizer Model and (B) Long Text Generation Model.

composed of subject s;, relation r;, object o; and m qualifiers @ = q1,q2, . . ., ¢n. Each qualifier
provides more information about the fact. Each of the qualifiers {g; };n:l can be linked to the
fact using a fact-level property which we call as qualifier relation ¢r;. For example, consider
the sentence: “Narendra Modi was the Chief Minister of Gujarat from 7 October 2001 to 22
May 2014, preceded by Keshubhai Patel and succeeded by Anandiben Patel” This can be
represented by a fact where subject is “Narendra Modi”, relation is “position held”, object
is “Chief Minister of Gujarat” and there are 4 qualifiers each with their qualifier relations as
follows: (1) ¢1=%“7 October 2001”, gri="“start time”, (2) g2="22 May 2014”, gro="end time”,
(3) gz="“Keshubhai Patel”, grs="“replaces”, and (4) g4="“Anandiben Patel”, gry="“replaced by”.
Further, the alignment between every target sentence ?; and set of English facts f; is also
provided as part of the dataset. We represent the aligned set of facts for target sentence t; by
A(tr).

Given the dataset D, with partially aligned cross-lingual facts and sentences, our approach
consists of two main modules: fact organizer and long text generator. Fact organizer clus-
ters facts into logical groups and also predicts a sequence order over these groups. The long
text generator is a multilingual Transformer-based encoder-decoder model with the following
training recipe. The coverage prompts and grounded decoding tricks help us address the hal-
lucination problem to a significant extent. Further, we obtain better quality output with deep
reinforcement learning (RL) using task-specific reward functions which motivate the model to
generate outputs which are (a) syntactically aligned to ground truth output and (b) seman-
tically aligned to input English facts. Fig. 6.5 shows the broad architecture of our proposed

pipeline. We discuss details of these modules in this section.

6.3.1 Fact Organizer Training

For every instance D; € D, fact organizer clusters its facts { f]}Li‘l into an ordered list of
logical groups G; = g1, g2, - - -, g|i,;|- Facts that align with a target sentence {y, i.e., A(ty) should

belong to the same logical group. Thus, ideally, there should be a logical group corresponding
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to each target sentence, i.e., |G;| = |T;|. Each logical group can consist of different number of
facts. Also, each fact can belong to multiple logical groups.

We use an English Transformer-based encoder-decoder pretrained model for modeling the
fact organizer. Each fact f; is encoded as a string and the overall input consists of a con-
catenation of such strings across all facts in F;. The string representation for a fact f; is
“(9)s;(R)1;(0)0;(R)qr;; (O)gj, (R)qrjy (O)qjs, - - . (R)qr;,.(0)g;,,” where (S), (R), (O) are spe-
cial tokens. The overall input with F; facts is obtained as follows: “cluster: fi fa ... fig ™
The overall output with G; logical groups is obtained as follows: “g1(BR)g2(BR) ... (BR)g|q,”
where each group ¢ is a concatenation of constituent facts. Overall, the model is trained using
the standard categorical cross-entropy loss Lro.

The grouping of facts and the order in which these groups appear in the text is used as input

for the long text generation.

6.3.2 Long Text Generator Training

The long text generator is a multilingual Transformer-based encoder-decoder model with
the following training recipe. It uses coverage prompts to address the partially aligned nature
of the training data. Further, it uses RL based training with reward functions to encourage

grounded generations.

6.3.2.1 Coverage prompts to Reduce Hallucination

Ideally, in every instance of the dataset D, each target sentence t; should contain the same
semantic information as in its aligned set of facts A(tx). But practically, the set of aligned facts
A(t) may not cover the entire semantics of the target sentence t. We refer to this problem as
partially aligned nature of the labeled data. If we train on such partially aligned data, the long
text generator is encouraged to generate extraneous information beyond the semantics present
in the input facts, leading to hallucination.

To address this problem, we first train a coverage classifier that estimates the degree to
which the set of aligned facts A(tx) cover the semantics of the target sentence ti. To train this
classifier, we obtain coverage annotations for a part D, of the dataset D. Each target sentence
t;. for every instance in D.,, is labeled with one of the two classes: complete coverage or partial
coverage. The coverage classifier is a multilingual Transformer-based encoder with a classifier
head which takes ¢;, and a string representation of A(t) separated by a [SEP] token. Based on
a threshold applied on confidence score with which the classifier predicts a fact-reference pair
as completely aligned, we determine a coverage class (one of low, medium or high) for each
of our training samples such that there are equal number of training instances for each of the

classes per language.
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While training the long text generator, we also incorporate the predicted coverage class as
part of the input. Each training instance for long text generator model consists of a sentence ¢
across all samples from D. At train time, we use the ground truth set of English facts aligned
with t; as input rather than using logical groups obtained from fact organizer. Overall, the
input format for the long text generator is “generate Il; c;;:” followed by a linearized string of
facts in A(t), where [; is the target language of the sentence t; and c;; is the coverage class
predicted using the coverage classifier. The long text generator is trained using the standard
categorical cross-entropy loss Lrg. At inference time, we expect to generate sentences with

high coverage and hence, we pass ¢ always as “High” at inference time.

6.3.2.2 Reinforcement Learning for Improved Generation Quality

Further, we obtain better quality output with deep reinforcement learning using task-specific

reward functions which motivate the model to generate outputs which are (a) syntactically
aligned to ground truth output and (b) semantically aligned to input English facts.
Source Entailment Reward (Rgg): Given an instance with input as A(¢x) and reference
text 1, source entailment reward measures the semantic similarity between the generated text
and source English facts A(tx). The English fact tokens are not directly comparable with
generated target language tokens. To bridge this gap, we introduce the notion of entailment
probability, which is based on the probabilities that the presence of ngrams in the generated
text is “correct” given the associated English facts. Estimating this probability is in itself a
challenging language understanding task. Let y; be the generated sentence text. Let y; denote
the list of all ngrams of y; of order n. Let b denote one of such ngrams. Further, consider every
token w in an ngram b. First, we compute entailment probability of token w being entailed by
the source as the maximum of its probabilities of being entailed by each lexical item (subject,
relation, object, or qualifier) v of a fact in the source.

Pw < Alty)) :UEITIAE(?;)P(’LU = v) (6.1)

where P(w <= w) is estimated by using similarity scores from MuRIL embeddings of the
token w and lexical item v. Using this, we compute the entailment probability of ngram b being
entailed as the geometric average of entailment probabilities of each of the constituent tokens

as follows.

1/Jo]
P(b < A(ty)) = (H Plw < A(tk))> (6.2)

web
where |b| is the order of the ngram b. Lastly, entailment score of generated sentence y; for
ngrams of order n with respect to the aligned ground truth facts is obtained by taking mean of

entailment probabilities of each of the constituent ngrams as follows.

Zbeyg(P(n = Alty)))
vk |

ES™(yr, A(ty)) = (6.3)
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where |y;| denotes the number of ngrams in y}'. Lastly, entailment score ES(yj, A(ty)) of
generated sentence y, with respect to the aligned ground truth facts is obtained by taking
geometric mean of ES™(yg, A(tx)) across all orders. The final source entailment reward is
given by Rsp = Asg X ES(yi, A(ty)) where Agg is a tunable hyperparameter controlling the

importance of this reward in the overall objective to be optimized.

Target Similarity Reward (Rrg): This measures the syntactic similarity between the gen-
erated text y, and reference text ;. We measure this similarity using the BLEU metric. Thus,
Rrs = Aps x BLEU (yg, t) where Apg is a tunable hyperparameter controlling the importance

of this reward in the overall objective to be optimized.

The rewards are used for policy learning. We employ the policy gradient algorithm [79] to
maximize the expected reward (source entailment and/or target similarity) of the generated
sequence yi, whose gradient with respect to the parameters ¢ of the neural network model is

estimated by sampling as follows.

AsJ(9) = E[R.Aylog(P(yele; 0))] (6.4)

where R is the Rgp reward and/or the Rpg reward, y;, is sampled from the distribution of model
outputs at each decoding time step, x (which includes A(ty), language ID [; and the coverage
prompt) is the input to the model, and ¢ are the parameters of the long text generation model.
The overall objectives for ¢ are the loss of the base model Lpg and the policy gradient of the

different rewards.

6.3.3 Grounded Decoding during Inference

To reduce hallucination, at inference time, we use a decoding strategy that reduces the
generation of text that is unsupported by the source, similar to [73]. This is based on the
intuition that every word generated by the model should be entailed by the source facts, as
long as the word captures some semantics from the source facts. Wrongly associating a content
phrase (e.g. France) to the language model, simply because it seems more fluent (e.g. Paris
France is fluent), might be a major cause of hallucination; since the facts may be discussing
about the city of Paris in Texas, USA.

We encode this intuition in the decoding process as follows. At time ¢, while decoding
the text yr, we choose the top k tokens w based on their language modeling probabilities
P(w|yg[1:4—1], 7; ¢). For each of these tokens w, we compute entailment probabilities P(w <=
A(ty)) using Eq. 6.1. Then, we perform beam search using a combination of these two proba-
bilities as follows: P(w|ygi:4—1],7;¢) X P(w <= A(t)) e instead of just using the original

language modeling probabilities.
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6.3.4 Overall XFLT Inference

To summarize, the overall inference pipeline of our proposed system for XFLT works as
follows. Given a set of English facts F; for the i-th test instance, our fact organizer model
outputs ordered fact clusters G; = g1, 92, ..., 9|q,|- Each fact cluster {gk}lkcill is then processed
individually by our long text generator module along with grounded decoding to generate
the output sentence y;. Finally, these sentences are concatenated to generate the prediction
paragraph Y; = concat(y1, Y2, - - .,yx). Hyper-parameter details of various methods are in the

Appendix.

6.4 Experiments and Results

6.4.1 Metrics

We use two standard natural language generation metrics: BLEU [55] and chrF++ [57].
But these metrics rely on the reference text. This is problematic because in XFLT, the reference
and the source do not align entirely, i.e., the reference text may have extra information not
specifically mentioned in the input text. Hence, a source-dependent metric is suitable for
XFLT. Further, since the task involves cross-lingual modeling, we propose XPARENT, which
is a modified version of PARENT adapted for cross-lingual settings.

Given generated text y, target reference text ¢ and corresponding source facts A(t), we
define XPARENT(y, t, A(t)) as the F1 score (or harmonic mean) of entailed precision (EP) and
entailed recall (ER) which in turn are defined as follows.

Entailed precision (EP) is computed as geometric average of entailed precision EP™ for
ngrams of order n=1 to n=4. EP" is further calculated as follows. Let 4™ and ¢ denote the
list of all ngrams of order n of iy and t respectively. Let b denote one of such ngrams in y". We
consider the ngram b to be correct either if it occurs in the reference ¢, or if it has a high probabil-
ity of being entailed by the source facts A(t). Let P(b € t™) = min(#(b, y™), #(b,t™))/#(b, y™)
where #(b, o) indicates number of times b occurs in o. Entailed precision EP" for ngrams of

order n is given by:

_ ey ([Pt + PO )P = At))] x #(b,y")]
ZbEy" #(b7 yn)

In words, an ngram receives a reward of 1 if it appears in the reference, with probability

EP"

(6.5)

P(b € t"), and otherwise it receives a reward of P(b <= A(t)) which is computed using
Eq. 6.2. Both numerator and denominator are weighted by the count of the ngram in y”.
P(b € t") rewards an ngram for appearing as many times as it appears in the reference, not

more.

2Specifically, we use the implementation provided at https://github.com/mjpost/sacrebleu
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Entailed recall (ER) is computed against both the reference (FR(t)), to ensure proper sen-
tence structure in the generated text, and the input facts (ER(A(t))), to ensure that texts
which mention more information from the facts get higher scores. These are combined using a

geometric average as follows.
ER = ER(t)*?ER(A(t))'*» (6.6)

The parameter Ar trades-off how much the generated text should match the reference, versus
how much it should cover information from the facts.
Entailed recall ER(t) with respect to reference ¢ is computed as geometric average of ER"(t)

for ngrams of order n=1 to n=4. We compute ER"(t) as follows.

2 pern n(# (b, y"), #(b, ")) P(b <= A(t))]
D pern [#(0,17)P(b <= A())]

Entailed recall ER(A(t)) with respect to source facts A(t) is computed at a word level as follows.

ZwGA(t) [I[P(w — y) > T] X #(wvA(t))]
> weaq) #(w, A(t))

where 7 is a threshold tuned by manual inspection, w is a unique word in the concatenated

ER(t) =

(6.7)

ER(A(t) =

(6.8)

string representation of facts in A(t), I[c] is the indicator function which takes a value of 1 if

the condition ¢ is true, else 0, and P(w <= y) is computed using Eq. 6.1.

6.4.2 Fact Organizer Quality Evaluation

For our fact organizer, we use mT5-small. It provides a micro-F1 score of 0.595 and an
MSE of 1.28 on average for prediction of the number of logical groups. For comparison, we
also trained a MuRIL-base multi-class classifier to predict number of logical groups on XLAlign
train set using categorical cross-entropy loss. This method provides much lower micro-F1 score
of 0.245 and an MSE of 4.67 . Further, Fig. 6.6 shows the heatmap comparing actual versus
predicted number of logical groups using the proposed fact organizer (left) and MuRIL-base
classifier (right). From the heatmap as well as the micro-F1 and MSE values it is clear that a
MuRIL-base classifier is poor at predicting the number of clusters.

Further, we wished to evaluate the quality of the discovered clusters using our fact organizer.
We compute the quality as follows. First, given the discovered clusters and ground truth clusters,
we compute 1:1 correspondence between them by modeling this as a linear sum assignment
problem® and solve it using the Hungarian Method [39]. If number of discovered clusters is
different from the number of ground truth clusters, the extra clusters on either side remain

unassigned. Post the assignment, one can measure accuracy based on number of data points

Shttps://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.linear_sum_assignment.

html
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Figure 6.6: Heatmap comparing actual versus predicted number of logical groups using the

proposed fact organizer(left) and MuRIL-base classifier(right).

accurately clustered compared to ground truth. For our fact organizer, the average accuracy
across test instances with >2 sentences turns out to be 81.49% which implies that our fact
organizer is extremely effective at clustering facts into the expected logical groups.

Lastly, our fact organizer is also responsible for ordering the logical groups. To measure
the quality of this ordering of logical groups, we can compare with the ground truth ordering
of sentences. We perform this comparison using Kendall rank correlation coefficient (7) [34]
which is in the range [0,1] — higher the better. We find that the average Kendall-7 across test
instances with >2 sentences turns out to be 0.696. This implies that our fact organizer not just

discovers the right clusters but also sequences them in the expected order effectively.

6.4.3 Long Text Generator Quality Evaluation

For the long text generation, we use pretrained mT5-small as the base model architecture.
Baselines: Our work is closest to Cross-Lingual Fact to Short Text (XFST) methods. Hence,
we compare our proposed method with two baseline approaches both of which also use the same
base model architecture: Single-Sentence XFST and Multi-Sentence XFST. Multi-Sentence
XFST is finetuned on XLAlign dataset where the input consists of a large number of English
facts and the model is trained to generate multiple native language sentences. For training
Single-sentence XFST model, we first split each instance in XL Align train set such that each in-
stance in the split dataset contains one native language sentence paired with the correspondence
set of English facts. Single-Sentence XFST is then finetuned on this split dataset.

Ablations: Our full proposed method (Fact Organizer+CP+RL+GD) consists of several

components: mT5 for clustering, coverage prompts, RL for improved generation quality and
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Single-Sentence XFST Fact Organizer+CP+RL+GD

Lang All Test Instances Test Instances with >2 sentences All Test Instances Test Instances with >2 sentences

BLEU | chrF++ | XPARENT | BLEU | chrF++ | XPARENT | BLEU | chrF++4 | XPARENT | BLEU | chrF++ | XPARENT
as 5.092 34.406 26.786 5.035 34.062 26.613 8.119 43.359 40.311 7.232 43.538 41.362
bn 16.456 51.106 43.501 16.230 50.815 42.506 25.216 58.769 62.993 22.645 58.710 62.495
en 22.211 50.862 56.545 19.578 49.263 54.245 30.647 53.916 68.670 25.703 52.771 67.574
gu 6.621 32.977 29.204 6.109 32.454 28.235 13.598 40.644 43.824 10.578 39.945 45.501
hi 14.544 44.457 43.320 16.504 44.631 41.274 25.951 48.260 58.999 20.972 47.214 58.461
kn 4.280 31.220 21.893 4.200 30.769 21.428 7.551 36.216 39.051 6.426 36.141 40.650
ml 6.550 37.892 24.741 6.724 37.479 24.342 10.507 41.386 37.125 9.113 41.284 39.084
mr 22.529 41.051 40.656 12.057 33.124 32.993 29.859 51.130 56.449 18.502 45.948 51.947
or 17.632 52.457 42.941 18.114 52.218 42.990 26.598 60.014 50.528 26.848 60.352 52.334
pa 10.939 35.286 37.206 10.062 34.522 35.458 15.837 39.778 52.493 12.220 39.276 50.600
ta 6.637 42.681 22.951 5.850 41.774 21.592 11.912 44.941 36.687 9.124 45.140 37.933
te 3.863 29.620 24.246 4.118 29.391 23.887 8.488 39.591 38.409 7.112 39.465 40.101

[ an [ 15515

45.410 ‘ 42.202

14.059 ‘ 44.171 ‘ 40.301

23.010‘ 50.142 ‘ 56.555 ‘ 19.036‘ 49.318

56.132 ‘

Table 6.2: Language-wise Performance Comparison of the baseline XFST method and our

proposed method.

All Test Instances Test Instances with >2 sentences

BLEU | chrF++ | XPARENT | BLEU | chrF++ | XPARENT
Single-Sentence XFST [1, 52] 15.515 45.410 42.202 14.059 44.171 40.301
Multi-Sentence XFST 18.660 37.621 50.338 15.873 37.067 50.327
Fact Organizer+Single-Sentence XFST 20.395 44.136 52.679 18.227 43.366 52.628
Fact Organizer+CP 22.060 48.821 55.271 18.442 48.119 55.074
Fact Organizer+CP+RL 22.663 49.532 55.328 18.760 48.717 54.966
Fact Organizer+CP+RL+GD 23.010 50.142 56.555 19.036 49.318 56.132

Table 6.3: Performance Comparison of various methods for XFLT task.

grounded decoding. To evaluate the importance of each component, we evaluate multiple abla-

tions as follows:

e Fact Organizer+Single-Sentence XFST: Coverage prompts, RL for improved generation

quality and grounded decoding are removed.

e Fact Organizer+CP: RL for improved generation quality and grounded decoding are re-

moved.
e Fact Organizer+CP+RL: Grounded decoding is removed.

Main Results: Table 6.3 shows performance comparison between the baselines, our proposed
method and its ablations, on the XLAlign test set. We show BLEU, chrF++ and XPARENT

for two settings: all test instances, and test instances with > 2 sentences. While “all test
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Punjabi English Hindi Marathi Telugu

F R C | F R C | F R C | F R C | F R C
Ours 53 | 65 | 64 | 42 | 33 | 31 | 46 | 45 | 52 | 42 | 55 | 59 | 21 | 54 | 68
Multi-Sentence XFST | 31 | 19 | 15 | 26 | 15 | 19 | 35 | 35 | 35 | 29 | 30 | 31 | 53 | 19 8
Both equal 16 | 16 | 22 | 32 | 52 | 50 | 19 | 21 | 13 | 29 | 15 | 10 | 26 | 27 | 24

Table 6.4: Human Evaluation: Percent times each method was preferred when compared to

Multi-Sentence XFST baseline. F=Fidelity, R=recall, C=coherence.

instances” contain ~33% instances with one sentence only (and is therefore similar to XFST

setting), the “test instances with > 2 sentences” is truly an XFLT setting.

We make the following observations from Table 6.3. (1) Results for the “test instances with >
2 sentences” setting are typically lower compared to “all test instances” setting as expected. (2)
Multi-sentence XFST is better than single-sentence XFST on BLEU and XPARENT. chrF++
is better for single-sentence XFST since its generations are relatively shorter and precise. (3)
Fact Organizer helps improve the results for single-sentence XFST by a large margin. (4)
Finetuning mTH long text generator with coverage prompts leads to gains across all metrics.
(5) RL based reward functions make the long text generator training more effective leading to
gains across all metrics except XPARENT in the “test instances with > 2 sentences” setting.
We found that this minor decrease was because of a large decrease in entailed recall against the
reference (ER(t)) for Tamil. We see consistent improvements across all metrics when using RL
across all other languages. We also tried ablations using the two reward functions one by one,
and found that both are needed for best results. (6) Finally, grounded decoding leads to the
most accurate model. (7) All improvements for our full method (Fact Organizer+CP+RL+GD)
are statistically significant compared to all baselines and ablations as measured using repeated
measures ANOVA test with p-value < 0.05.

Language-wise Detailed Results for the Best Method: We show detailed language-wise
results for the baseline XFST method and our proposed method (Fact Organizer+CP+RL+GD)
on the XLAlign test set in Table 6.2. We observe that (1) Results with our proposed method
(Fact Organizer+CP+RL+GD) are drastically better compared to the XFST method clearly
showing that XFLT entails unique challenges different from XFST. (2) In the “All Test In-
stances” setting, BLEU improves relatively by 48.3%. On the other hand, in the “Test Instances
with >2 sentences” setting, XPARENT sees the maximum relative improvement of 39.3%. (3)
The biggest relative performance improvements are seen in Telugu, Gujarati and Kannada
across metrics. Even in languages where XFST performed well, Fact Organizer+CP+RL+GD

improves the metrics improves by >~1.5x.
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6.4.4 Qualitative Results

Human evaluation results: For five languages, we take 100 random test samples, we compare
Multi-Sentence XFST baseline and our best proposed method. Table 6.4 shows the preference
percentages based on fidelity, recall and coherence. Fidelity captures lack of hallucination.
Recall captures how much of the semantics from facts were encoded in the generated output.
Coherence (or fluency) assimilates how well the sentences are connected and how smooth is
the flow of concepts in the output. We observe that in most cases, outputs from our proposed
system are preferred over the best baseline.

Error Analysis: We manually examine 50 examples with low scores using our best method,
to analyse the source of possible errors. We found that the most common source was the model
repeating a set of words multiple times in a loop. Other sources included missing out facts from
the input in the representation and generating extraneous information. Diverging references
also lead to lower BLEU and chrF++ scores. Finally, we observed that the model has learned
fact association patterns strongly. For example, even if the input facts do not have death cause
but just have date of death, the model hallucinates the death cause. Since the model does
not have any knowledge about the position of the sentence in the paragraph, in some cases, it
generates pronouns in the first sentence and referent nouns in later sentences. This could be

solved by passing in relative positional information as part of the model input in the future.

6.4.5 Experiment Setting

To enable better learning from training instances belonging to multiple languages, we perform
script unification by transliterating instances from related languages to a representative script.
By analyzing vocabulary overlap, we chose three scripts: Roman for English, Malayalam script
for Dravidian languages (te, ta, ml, kn), and Devanagiri for the remaining languages.

All experiments were performed on a machine with 4 NVIDIA V100s. Unless otherwise
mentioned the hyper-parameters were chosen either based on validation set or tuned based on
manual inspection.

For training all of our generative models, we use AdamW optimizer with learning rate of
le-3 for non-RL methods and 2e-5 for RL methods. These models were trained for a maximum
of 30 for non-RL methods, and further 5 epochs for RL methods starting from best checkpoint.
Best checkpoint was chosen based on validation loss.

For RL methods, Agg and Arg are set to 1. For XPARENT, Ag is set to 0.5. For grounded

decoding, we set Agr to 0.5.

6.4.6 Examples of Generations using our Best Method

Tables 6.5 6.6 6.7 show the examples of the text generated by our best performing methof

for all languages.
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Lang. | Source

Reference

Generated

1933 <R> date_of_death <T> 02 april 2014

novelist <R> occupation <T> writer

en generate english high :<H> unnikrishnan puthoor <R> date_of_birth <T> 15 july
<R> languages_spoken,_written_or_signed <T>malayalam <R> occupation <T>

<R>award_received <T> kerala sahitya akademi award
<R> date_of_death <T> 02 april 2014 <R> place_of_death <T> chavakkad

Unnikrishnan Puthur ( 15 July 1933 - 2 April 2014 )
was a Malayalam-language novelist and short
story writer . He was awarded Kerala Sahitya
Akademi Award for the novel " Balikkallu " in 1968
. He died on 2 April 2014 at a private hospital in
Chavakkad.

Unnikrishnan Puthoor ( 15 July 1933 - 2 April 2014 )
was an Indian novelist and short story writer in
Malayalam .

He was awarded the Kerala Sahitya Akademi Award for
his contribution to literature .

Unnikrishnan Puthoor died on 2 April 2014 in
Chavakkad.

1921 <R> date_of_death <T> 23 may 2014

<T> cricketer

<QT> 1951 <QR> end_time <QT> 1955
<R> occupation <T> cricketer

hi generate hindi high : <H> madhav mantri <R> date_of_birth <T> 01 september
<R>member_of_sports_team <T> india national cricket team <R> occupation

<R> date_of_birth <T> 01 september 1921 <R> place_of_birth <T> nashik
<R>member_of_sports_team <T> india national cricket team <QR> start_time

AT AT AT (1 Rdat 1921 - 23 7S 2014 ) TH I
SR e fRemsT 2 |

AT HUL T 5o 1 FATFR 1921 Y FERTSE &
AfRFAFITAT|

TE HIRE ke & & fT e298 A 1Ry TH WA |
23 FE 2014 Y el T ERT IS & IeThT Vsl g1 91T |

occupation <T> cricketer

cricketer
<R> country_of_citizenship <T> australia

occupation <T> cricketer

<R>member_of_sports_team <T> australia national cricket team
<QR> start_time <QT> 1971 <QR> end_time <QT> 1971 <R> occupation <T>

<R>member_of_sports_team <T> australia national cricket team <R>

| SCEFTAT {30 Wed orres STy foerey
ffr 1 s»as T fiFg TR S
ACHAR T AT fFFE ATzt
FEA |

<R> cause_of_death <T> myocardial infarction <R> date_of_death <T> 23 may v |
2014
as generate assamese high : <H> ushadevi bhosle <R> date_of_birth <T>30 T. G EH (ST (R0 A5 TR CSIBTT (T 00 W H58% ) IR
march 1949 <R> occupation <T> mathematician <R> educated_at <T> tata ROy Afvees , Rrwin o Sias | RO Afows| (o8 6T (NS sra=en
institute of fundamental research BRI (STRLETE O (I S8 ST 1 WO A 7S SR |
B 90 WES ; TIIOF (BITFTS | 5535 5A
QT BTG (e TN ASHS (TS
HORHIGS RH SE FIRRE | 9595 5T
3T 5548 AL (SIS BI61 Cfeis
BSEURICRCRISE R MRS DI R (4]
TR BT |
bn generate bengali high : <H> ken eastwood <R> country_of_citizenship <T> (FEY T THOC (3 I x0 AGH @FEY THOG (3 T Yo AGIT , SO )
australia <R> date_of_birth <T> 23 november 1935 sdoq ) TG TSN ST TN | R R SRR A& AeEAT
<R>member_of_sports_team <T> australia national cricket team <R> TLRRTE EF ACIAT AT [FEoH | Aeefes FEom |

S9SN kY TN S ACIEAR T
I @0 AT PEERA |
ICERT {FEs wEE e o n fer fofr |

Table 6.5: Some examples of generation

Assamese and Bengali

using the best performing model in English, Hindi,

Lang. | Source Reference Generated

gu generate gujarati high : <H> shaktisinh gohil <R> WERe eAadslen NBA As elzdld w5Re1 B Fu WBARe SUBA ARelell A Aroll A5
country_of_citizenship <T> india <R> occupation <T> Sl elRdoll AwAMEoll AUE oA ua ekl A A0l B wlude NEctodl ¥oH ¥ AR
politician St Adl B . A Clatrell A%A cuoidletl Uat yeldl A | 1esoett A% clbotst wid 2l edl .Aud
<R> date_of_birth <T> 04 april 1960 <R> place_of birth | EG8loll cuducetl Yaudl ua uMet el AU uAEat PR YRAREHE AM . ol uec Ancl
<T> limbda Al yasl B . AGAREA o ¥ ARA 1500l Ax ol .Qul ardla 2 S ustell dead
<R>educated_at <T> bhavnagar university<R> ek @eatott dAlist W, deicllot ;F[éi e AwAHL
member_of_political_party <T> indian national congress | 42l &l . AGARE eudedrR YRR 2uaewa
<R> occupation <T> politician QAN A @stotil wtcsell Uecl 1 AR

YRR sAEHl @Sk Aacdl B .

kn generate kannada high : <H> sooraj pancholi <R> BP0 To0BAS (WIS € FB0WT* OFE0 ) OB BP0 BOERLD (WIS OFE0 ) 2,2,
country_of_citizenship <T> india <R> date_of_birth <T> | 233N¥E) TodRABRME 299030 WO S . 930> 250030 WOTBF) S .30 DI
1990 <R> occupation <T> actor <R> father <T> aditya Batasi0;0E3T° e3FR° 233 " otBE ' ( 9003 ) BE), BoEReD 3, JoA DT TLLY .
pancholi <R> mother <T> zarina hoogb<R> TODORE B HORTPT) . F0EACD) NEEO0 T FaS0WT* € RROE Bowetd 900% 3, , WIS
cast_member <T> hero <R> occupation <T> actor <R> BOT) TS 30T 002D HI), WO 2302 308 TDROT 9DTONT, TOWOBE T
work_period_start <T> 2015<R> cast_member <T> hero | OSB3R 2IATTY . 2008 BE), 95305 Bete0;0835° LSF® | VREITY -
<R> occupation <T> actor <R> work_period_start <T> 233 ' &8t ' BIBA), Fah, SEIRT TOTOTE T sRRED . | 63,535 €3 T ' BITE), BT 0D
2015<R> cast_member <T> time to dance I0WTIET IOV IO BB, €930 SEIRATT €35530° IXEacielN

83> o, 239 .

ml generate malayalam high : <H> michael de sanctis <R> | €02@ dhe@MOa/86d MEeWleal @) Allwwgrymden M &eOmalle6 mewloal 6,
canonization_status <T> saint <R> date_of_birth <T>29 | 00QEO@ B MBS GIMY (9myall ?oemrb 29,1591 - aff)(of1@d afleyevmoet eeadnwd wl em@lmmy (29
september 1591 <R> date_of_death <T> 10 april 1625 10,1625) . n@(nﬁmi 10- Mmoem auf (/ogram‘y’oo (oﬂragmo(/b @R 6MatQo6nid 1591 - 10 ng}Lnﬂmi 1625).
<R> religion <T> catholic church <R> 611860 M® . 1591 0MaTQoenid 29 - ) Maa i@y loal 1591 ©MVa Qoo 29 - M Myeatwmlod
country_of_citizenship <T> spain <R> date_of_birth <T> | édQeeinmlwialanay seasom 8 moagimlden sm’]_%g .

29 september 1591<R> canonization_status <T> saint 2000 . o /111S 00U b lomo Y GUdcsio AT 1@ 10 - 0¥ 6B af)m
<R> feast_day <T> april 10<R> occupation <T> priest<R> aufncmadﬂ@(so Na@).2)3 . 1625 afaf1@d 10 - 0V alzadl (Ivﬂ&mlyg
date_of_death <T> 10 april 1625 mg@m’lm)sm:)o @ 6oadss ] Gema]a)y. 1862-@ | .0SAM @BEGaO0
ST BN 233 o 00nss Iglom 04196022010 § $0MI®S] ervAIMo
allwrLMOW] MIaS&:Me 0 2IW DY . @RI C).a)3.
1625 af)(n{T@8 10 - ¥ @REGaNo GRI®G 2)2 .
mr | generate marathi high : <H> vandana shiva <R> e R (99 4 TRRRWR ; SeAgT , IS, quel R (oG AR R, IBIE
country_of_citizenship <T> india <R> date_of_birth <T> | HRd ) a1 WRdW dw¥ , FRFA 9 s IWES , URd ) TN Th YRAG UgiaRomaret
05 november 1952 <R> occupation <T> L% ¥ . RR3 AW T WEC ARGAEs WHRM | oftr gmiiie Srieal omed |
environmentalist <R> occupation <T> philosopher <R> | 30T 080 A AT Rie Widdl RESRM FHIHG PRUAM | A/l FFF 4_AigeR RUR Isht gRigd
place_of_birth <T>dehradun <R> date_of_birth<T>05 | 3% . da_frar gfen o 4 Agar ]’ s Seg_( FWES JU grm . )
november 1952 <R> place_of_birth <T> dehradun<k> | ITRIRIS ) A gg’ AR @ Hleen dee e | 9 dere femdiergd Al uedt dured et
educated_at <T> panjab university<R> award_received | I RI&UTHIST . %3 WYl W I A3RAGS. ITPR
<T> right livelihood award <QR> point_in_time <QT> R0%0 Rreft widar qREpRM TRfquarg
1993 <R> award_received <T> sydney peace prize <QR> Eic
point_in_time <QT> 2010 <R> winner <T> sydney peace
prize <QR> point_in_time <QT> 2010

Table 6.6: Some examples of generation using the best performing model in Gujarati, Kannada,

Malayalam and Marathi
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Lang.

Source

Reference

Generated

or

generate odia high : <H> braja kishore mohanty <R> date_of_birth <T> 15 april
1931 <R> date_of_death <T> 15 june 2018 <R> occupation <T> politician <R>
member_of_political_party <T> janata party <R> occupation <T> politician<R>
member_of_political_party <T> janata party <R> occupation <T> politician<R>
position_held <T> member of the seventh odisha legislative assembly <QR>
elected_in <QT> 1977 odisha legislative assembly election <QR>
electoral_district <QT> rourkela vidhan sabha constituency <QR> start_time
<QT> 26 june 1977<R> date_of_death <T> 15 june 2018

QB G2l (998 €9 AR .89 ) G66l GG
QBRIER | 62 BF4I AEF1E6R 996! AR
adiaell Q196a QIdi ageeR | e C o AARIER
calagel 6341 Qe gl Gdieasa 62 Geael
Qe a0l FdIee ARIQ Rorl B8l QIR ARIg
@95 caIReR | GBS 64l AINRIEER RGI
Ra Qdadl QIeeR QIY GaeR |

9% @6dIQ A21@ ( 08 UsgM RCAR - 08 GQ
9080 ) F68 B2 ARFCH em 199 §<;a|@ aeIg
6391 ANFITER 960G AR adaal alesa QIdg
QR 195 @eela A2E 6P4I AIR1ER 899!
Q90 @deEl QIG6R QI ageER 1099 AdaIeR
621089 6361 Qe A FAGAER 6 6AIRERRI
QuIe a8l G198 ASRIR 99 68l Qe ARG
Q4166 6a1REeM 1908T Ad2l g R 8VIRHER ITR
aasnie ageml |

generate punjabi high : <H> jimmy shergill <R> date_of_birth <T> 03 december
1970 <R> languages_spoken,_written_or_signed <T> hindi <R>
name_in_native_language <T> jimmy shergill <R> occupation <T> film actor
<R>name_in_native_language <T> jimmy shergill <R> place_of_birth <T>
gorakhpur<R> educated_at <T> punjabi university<R> educated_at <T> punjabi
university

fhft ASfTS (Ao 3 THET 1970 ), FGH *8
fewH farar 3 7 fdet w3 vt fem g v
FIer I | it ATRTS T Ao e Umrst fitd
ufged &8 fagr iguya | @ feGadhr filz e
€73 yRH et Ofenr | 2 & UeH UEfSd S
& w3 faggH Irad |, Unrst gaiesfiet,
W@Ms@éu@@ﬁl@ﬁ#
wrEt Jg . Ao O f91dt URe dig . € RIS
FEA - 11, 991, Jrre geieaied 3 udt
Eicill

frft Aefdfs (Ao 3 ©HEa 1970 ) g orast
wererg 3 7 (e femt g i a9 I It Rafdis
T FeH Urre 2 digvys g Ifewr 167 Urrst
FEIeIiE 3 dg . 7o S GRS U gateativer

399

generate tamil high : <H> vishnu manchu <R> date_of_birth <T> 23 november
1981 <R> languages_spoken,_written_or_signed <T> telugu <R> occupation
<T> actor <R> date_of_birth <T> 23 november 1981 <R> place_of_birth <T>
chennai<R> occupation <T> actor<R> occupation <T> actor <R> sibling <T>
manoj manchu <R> sibling <T> lakshmi manchu<R> occupation <T> actor

0E5a afleigam () (LAmLiys 23
BeUbLIF 1981) @@ QOSHUBIGS Qomyl
HenyLLL BIO&T , SWmfliumery
LHOLD @WSSBT Speuy . Geury
LNFLU6WILDMeDT BL9&T GLOME 60T

UM efedr L& 6ot SBOUTT . QeUTS
Quwilev efleq som 16T
SeorluLSH bS8, Fnbs
[519.85 (15 8> 85 60T d]aﬁ]m(gulj aflms
QUMOMEUT . @6uJ 23 HeUbUIF 198194L0
2600T(H QFetTemenT , HLADBTL .60
WmbsTT . @eur muue\)u_lmrrsm Jult Ry
GLom& 6T LITL|6Sl 60T Log60T < eury -
QOUBSH G LDEHS LDGETTE 61T R
@METWFCHTHIBHLD LOMMILD LDEhSF
L&A 6T6dTD (6 eSS FCHTSH LD
2 60oT(h) @\ EUTHEBLD HLY-GHTSH6T Dh6UTT .

afleig.qm Ehar (LmULS 23 Beulbur 1981)

RO OSVBG HOTULIL FI9SH]T SbeUTT
619.631 L0EhH& 1981 BeULDLIY 23 S{ebTm)

Qe aTanaruiey UIDbSTY -elleiqam Es

Qg eirarliEE WS HenFLLIL BIG&T peuTTT

Qe BYsT GeTT m@s}sﬁ]s@r

FCHMSYT 26Uy 661 emI L0EHa

QB eTerl | HS WIS HeOTLILL BI9GT QbeUTH .

generate telugu high : <H> mai masri <R> date_of_birth <T> 02 april 1959 <R>
occupation <T> film director <R> date_of_birth <T> 02 april 1959<R> father
<T> munib al-masri<R> educated_at <T> san francisco state university

D DR (3330 ADS 2,1959 )
FOTBE VE) S HEHES) OV
Dl SBIHTED . T DD 1959 , DS
28 TS cﬁ‘ 210008 . DS S0
208 B ST Ko Bo&éa‘@ 9]
2o § B[oBS OES . D oﬁou\)
1981 38 (7)), RS oﬁwaéageﬁ
0& HEBNT©ONOE .

D 008 (23388081959 DS 2 ) 2.8
©ONOES zb@éﬁ)? S0 , Srdawed .
Jmoé 1959 , QDS 2& a:)gowcéo IR
SR S0l S @S - D D DR S
I R A0S0 IS’ (PersTHAS
3370 BI0& .

Table 6.7: Some examples of generation using the best performing model in Oriya, Punjabi,

Tamil and Telugu

6.5 Conclusions

In this work we explored the XFLT problem for generation of multi-sentence paragraphs.
We created a novel dataset, XLALIGN, using the existing XALIGNV2 dataset, with a high
quality test partition. We explore different methods such as explicit clustering of facts, coverage
prompting, grounded decoding and reinforcement learning each of which improve the quality of
generation and address the problem of hallucination. These approaches can be used to directly
generate Wikipedia like long text from structured data. We also define XPARENT score for
evaluation of cross-lingual data-to-text problem which is of particular relevance for partially

aligned ground truth text.
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Chapter 7

Conclusion and Future work

In this study we propose methods for the purpose of enriching structured and unstructured
content over the Wikipedia ecosystem. We aim to automate the pipeline of article generation
over Wikipedia for low resource Indian languages using structure knowledge graphs from Wiki-
data as input. We also contribute methods of consolidating the factual information present
in the Wikipedia articles from these low resource Indian languages and using that to enrich
Wikidata.

We begin by drawing attention to the scarcity of available resources in low-resource languages
and put forth the idea of employing cross-lingual methodologies for text generation and fact
extraction in order to tackle this scarcity. For this purpose we introduced the problem of
cross lingual fact to text alignment, cross lingual fact extraction and cross lingual fact to text
generation. The XF2T problem further advances into the task of generating cross lingual long
text which aims to generate the complete article from all facts about an entity.

Chapter 1 covered an exploratory analysis of the availability of resources across the lan-
guages explored in this thesis and provided a brief motivation for the work done. It also
introduced the various sub tasks tackled in the thesis and a brief descriptions of the major
challenges involved which make these problems worth exploring.

Chapter 2 covered the previous work done in related problems and the identify the gaps
in literature which are filled by the current work. In this chapter we observed that while data-
to-text generation and fact extraction are standard and well explored problems, there are not
been enough work in the space of cross lingual fact to text generation and fact extraction. We
also look at the widely popular metircs used to evaluate text generation tasks and provide a
brief overview of their functioning and possible limitations.

The thesis also contributed by proposing parallel dataset for the tasks of cross lingual fact
to text generation and extraction. Chapter 3 describes in detail the process of creating
the XALIGN dataset which is used in subsequent chapters. The dataset contained aligned
(sentence,facts) pairs for 12 languages constituting English and 11 other Indian languages. The

sentences were obtained from the native language Wikipedia whereas the English facts came
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from the Wikidata triples. We proposed a two stage pipeline for aligning the sentence to English
facts, by first passing them through a maximum recall candidate generation stage followed
by a final candidate selection phase. We also highlight the data cleaning, preprocessing and
the setup for the manual annotations. We infer from the works of this chapter that cross
lingual fact to text alignment is not a trivial task, however approaches utilising multilingual
pretrained transformers in combination with transfer learning and distant supervision strategies

can perform well.

Following the construction of the dataset, in Chapter 4 we introduce the task of cross
lingual fact extraction and propose strong baselines for the same. We observe a single end-to-

end generative approach towards extraction performs better than a two-phase pipeline.

Chapter 5 provides a detailed account of multiple experiments for the task of cross lingual
fact to text generation. We construct strong baselines by modifying the existing data-to-text
systems for our task. We evaluate the performances of different components of the generative
system like the choice of pretrained transformer model, the training setup or possible continued
pretraining strategies. We observe that using multilingual pretrained transformers provide
significant gains over vanilla transformers, further using a multilingual pretraining by translating
existing related, but noisy datasets into our desired target languages. We also propose fact-

aware embeddings which outperform the explored baselines.

Finally, we address the limitations of single sentence generation and the major problem of
unfaithful generation, and explore the task of fact to long text generation with specific focus
on reducing hallucination in the generated content in Chapter 6 of this thesis. We efficiently
modify the XAlign dataset in order to construct an appropriate dataset for the new task with
high quality test partition. We observe that special techniques for organising the input facts are
needed in order to incorporate a greater number of input facts and the existing systems trained
to only generate a single sentence perform poorly when given the task of generating longer
pieces of text. Thus we propose a fact organiser and utilise methods like coverage prompts and
reinforcement learning in order to generate more faithful and improved content. Furthermore,
we also address the lack of a reliable metric which can handle the diverging references and thus

devise a source-dependent cross lingual metric for the XF2T task.

Overall, this thesis presented architecture and system

7.1 Future work

1. The XALIGN dataset focused on the Persons’ domain and contains encyclopedic style text.
Since the entire alignment process is general and does not take domain specific measures,
one could possibly extent the entire study to multiple other domains or languages and

analyse the performance and scalability. Similarly, we can also exploit possible domain
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specific features to improve the performance for the respective tasks in the current domain

as well.

2. For the task of cross lingual fact to long text generation, we focus on reducing hallucination
and grouping the facts in a logical order. However not enough has been explored regarding
evaluating and improving the coherence of the generated sentences during the generation
step. This involves ensuring proper use of pronouns across sentences and handling rep-
etition of information. Currently these directions are bottlenecked by the availability of
co-reference resolution and entity linking systems for the low resource Indian languages

but can be explored in future.

3. The task of cross lingual fact extraction proposed here currently focuses on extracting
facts centric to an entity, this can be expanded further by developing a more general
CLFE system. This would also require creating new datasets for the same since currently

none exist.

4. The task of cross lingual fact to text generation or cross lingual information extraction can
be expanded into multiple modalities beyond text or facts. An example of this could be
a text generation system which also incorporates images, graphs and tables etc alongside
the facts. This could definitely take the process of automating the article generation one

step further,

5. While the current models explained in this thesis can generate fluent text output, there is
still some scope in improving the quality of generations. One of the common problems is
the model getting stuck in a loop or repeating information. Such problems can be tackled

to further improve the generations.

6. Regarding the experimental framework, our approaches primarily revolve around end-to-
end neural network-based methods. However, it is worth noting that there are alternative
problem settings that incorporate a combination of neural and rule-based approaches,
which offer avenues for further exploration. Considering the challenges posed by neural
models in ensuring factual accuracy, the aforementioned concept presents an intriguing
pathway to explore. In this context, leveraging rule-based methods could prove advanta-
geous, particularly in the data selection stages, as they tend to offer greater interpretabil-
ity. One example could be exploring the problem of domain specific template generation
where instead of automating the articles, domain specific templates are generated which

can then be filled by rule based systems.

Overall, this thesis has made significant contributions to enrich the encyclopedic content via
cross lingual approaches. However, there is still some scope to modify or extend the components

described here to further enhance the quality and quantity of the generated content.
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Appendiz A

Effectiveness of Pretrained Transformer Architectures

In the appendix, we explore multiple problems in the domain of natural language processing
which extensively make use of pretrained transformers. These tasks were done during the course
of this thesis as a part of various shared tasks. The tasks differ greatly in terms of the domain,
data used and the problems dealt.

We will be discussing our works in brief on four different problems:

1. Multilingual Tweet intimacy analysis
2. Identifying Human Values behind Arguments
3. Analysing disagreements between annotators

4. Citation Context Classification for scientific documents

A prevalent theme among the four problems addressed in this chapter is the utilization of
pretrained transformer architectures. Throughout this chapter, we showcase the effectiveness
of employing these architectures to achieve favorable outcomes in tackling various problems.
These findings have guided us in making specific design choices for the architectures discussed

in the preceding sections of this thesis.

A.0.1 Multilingual Tweet intimacy analysis

Intimacy in language refers to the degree of emotional closeness or familiarity between in-
dividuals, which is often reflected in the choice of words, tone, and context of communication.
The problem statement involved scoring the amount of intimacy in tweets from 10 different
languages in the form of a number between 1 to 5. Out of these 10 languages, minimal train-
ing data was provided for 6 languages, whereas zero-shot performance was evaluated for the
other 4. We utilise domain-specific features and domain-adapted pre-trained models in order
to improve the understanding of intimacy in tweets. We further utilise a translation-based data

augmentation pipeline which proves effective in significantly improving the scores for unseen
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languages. We also explore multiple ablations applied to our pipeline in order to better under-
stand the contribution of the various components used. Our system achieved third rank for
unseen languages with a Pearsons r score of 0.485 and tenth rank overall with a Pearsons r
score of 0.592.

Figure A.1 shows the pipeline of the proposed architecture. As it can be seen, we augment the
data using translations and pass it through a preprocessing stage. Here we extract the emojis
and get their textual descriptions and vector embeddings. We use a pretrained transformer to

get teh embeddings from the text. Finally, the embeddings of text and emojis are concatenated

and passed through a neural network with a regression layer.

Translation for

unseen

Emoiji List

emoji to|

text N

emoji2vec . mean
emoji vectors

languages v
em-oj;- Concatenate —> Linear
Cloamed Tot TwWHIN-BERT Toxt l
concatenate s Re?;i:flon
Final scores
Figure A.1: The pipeline for the proposed architecture
Ablation pretrained model filtering | emojis translation others
submitted | distill- mbert TwHIN- xIm-T | no no emoji- | no trans | no trans

system bert bert cleaning | emoji 2-text | trans  test no emoji
English 0.706 | 0.602 0.636 0.688 0.706 0.704 | 0.723 0.706 | 0.704 0.702 0.715
Spanish 0.725 | 0.604 0.622 0.727 0.711 0.720 | 0.705 0.709 | 0.694 0.680 0.678
Portuguese 0.648 | 0.514 0.545 0.606 0.676 0.671 | 0.674 0.668 | 0.645 0.652 0.645
Italian 0.727 | 0.590 0.558 0.710  0.698 0.694 | 0.690 0.692 | 0.694 0.709 0.695
French 0.628 | 0.559 0.580 0.631 0.675 0.681 | 0.674 0.674 | 0.681 0.680 0.692
Chinese 0.698 | 0.666 0.664 0.721 0.714 0.717 | 0.720  0.729 | 0.720 0.677 0.708
Hindi 0.203 | 0.176 0.174 0.189  0.217 0.160 | 0.184 0.184 | 0.200 0.235 0.206
Dutch 0.591 | 0.488 0.487 0.567 0.630 0.608 | 0.611 0.603 | 0.602 0.604 0.592
Korean 0.307 | 0.277 0.269 0.404 0.358 0.306 | 0.372 0359 | 0.322 0.319 0.374
Arabic 0.644 | 0.395 0.365 0.637  0.605 0.572 | 0.647 0.623 | 0.653 0.604 0.628
Seen Lang 0.684 | 0.591 0.612 0.687 0.704 0.707 | 0.699 0.702 | 0.694 0.684 0.693
Unseen Lang 0.485 | 0.410 0.384 0.516 0.477 0471 | 0484 0477 | 0434 0.367 0.420
Overall 0.592 | 0.512 0.510 0.605 0.602 0.601 | 0.601 0.600 | 0.573 0.535 0.570

Table A.1: The table shows the results for all the experiments and the ablation studies. The
first column highlights our submitted system. All the other columns highlight different ablation

experiments where one of the components of our pipeline is modified or removed

This work shows how carefully designed data augmentation techniques can help in better

cross lingual transfer of learning and improved scores over unseen languages. The work also
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highlights the importance of using efficient encoding strategies to include domain specific fea-
tures like emojis for an improved understanding of the text. The results also show that, though
efficient, the transformer based deep learning models are prone to variance, and just utilising
the right set of hyperparameters can result in significant gains. Finally, we also see that domain-
adapted pre-trained transformers can capture nuances of in-domain text, and when used with

simple deep learning and machine learning models, could give competitive results.

A.0.2 Identifying Human Values behind Arguments

The task aimed at identifying the human values involved in a given premise, stance and
conclusion triple. Humans often come to different conclusions given the same premise. This
variation can be attributed to their values. Identifying the values behind the arguments is
helpful in understanding the argument itself. Downstream tasks like supporting or opposing
argument generation can benefit from value identification. In this task, we aim to identify
20 value categories in a given premise, stance and conclusion pair. We use DeBERTa, a pre-
trained language model, that has shown remarkable success in various NLP tasks, including
classification. The proposed method tokenizes the premise, stance and conclusion text using
the pretrained tokenizer, and then concatenates them and feeds it into the LM, generates
a representation of the combined text, and maps it to a set of values using a fully connected
Neural Network. The model is trained on a Multi-margin loss function and evaluated on metrics
such as accuracy, precision, recall, and F1 score. Figure A.2 depicts the hierarchy of the values.

and Figure A.3 depicts the pipeline of the transformer

= z
= 2 Z
E =} é E E %] 2 :E
2 E 3 = . & 2FEELEEE
§ § 2 g 2 5 8 8 8 E E § £
';',;::%Eog% & & z & g 8 £ £ £ 2
EESEST: ErfEEEiiiiil
g = S e = on B2 o o = > QO O 9 @
Test set / Approach Al & 2 T <« & & E & ®» EO O @8 b P P P
DeBERTa 26 .62 .11 .12 .16 .07 .07 .07 .04 .00 .01 .72 .62 .55 .46 .00 .17 .54 .56 .31 .04
DeBERTa+Extra Classes .43 .43 .56 .25 .39 .59 .25 .37 .20 .70 .60 .41 .49 .15 .08 .52 .21 .63 .70 .14 .48
DeBERTa+All Levels 24 23 41 .00 .00 47 .16 .13 .00 .57 .41 .17 .39 .00 .00 .50 .25 .53 .00 .21 0.33
Hierarchichal 25 .31 .41 .00 .00 .44 .19 .20 .06 .54 .49 .18 .36 .00 .05 .40 .26 .56 .06 .22 .33

Table A.2: F1 scores for classification across the different classes

We propose a method that uses a pre-trained language model, DeBERTa, to tokenize and
concatenate the text before feeding it into a fully connected neural network. We also show that
leveraging the hierarchy in values improves the performance by 0.14 F1 score compared to only

using level 2 values.
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higher level to lower level feed classifiers to exploit the Hierarchy in

Values

We found that identifying the hierarchy in the values improves performance, and adding 5
high-level values to the existing 20 values significantly improved the models accuracy compared
to just using 20. Hierarchical methods did not perform as expected due to missing high level
values. The proposed approach has the potential to be an effective NLP model for identifying

values in arguments.

A.0.3 Analysing disagreements between annotators

Natural language expressions, such as sentences and phrases, can often have multiple possible
interpretations depending on the context in which they are used. This ambiguity arises due
to languages inherent complexity and flexibility, which can lead to different interpretations
of the same expression by different individuals. Additionally, subjective tasks can lead to
disagreements between annotators with different perspectives or interpretations of the same text.
The current Learning With Disagreements (Le-Wi-Di) task focuses entirely on such subjective
tasks, where training with aggregated labels makes much less sense. In this task, we worked
with three (textual) datasets with different characteristics in terms of languages (English and
Arabic), tasks (misogyny, hate speech, offensiveness detection) and annotations methodology

(experts, specific demographic groups, AMT-crowd).
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Testing strategy HS-Brexit ArMIS MD-Agreement
val test val test val test
CE F1 CE Fl CE F1 CE F1 CE Fl1 CE Fl1
Majority baseline 271 089 562 0.8 |823 060 891 057 | 774 065 738 0.67
Hard loss 047 08 075 084 | 455 057 401 058 |750 051 992 042
Soft loss 065 088 107 086 |38 058 470 056 |642 057 873 0.50

Better mixers with
multi-head attention 058 0.8 058 084 | - - - - 340 059 370 0.58

Table A.3: Results for cross entropy and micro F1 across the three datasets

We leverage this additional information in order to get more accurate estimates of each
annotators annotation. All the datasets provide a multiplicity of labels for each instance. The
focus is on developing methods able to capture agreements/disagreements rather than focusing
on developing the best model. Since a "truth" cannot be assumed, "soft" evaluation is the
primary form of evaluating performances, i.e. an evaluation that considers how well the models
probabilities reflect the level of agreement among annotators.

Table A.3 summarizes the results from our experiments. Our architectural improvements,
which included designing better mixers, gave better cross entropy and micro F1 results for both
HS-Brexit and MD-Agreement datasets. Our results highlight the benefits of using soft loss
over hard loss for such controversial cases. We also find that using better ways to combine
multiple channels of information can lead to the best results by potentially helping us model
the annotators and predict their choices. However, the deep learning models of today are
primarily encouraged to focus on hard evaluation scores like F1 and disregard the noise in the
data, which leads to excellent results in constrained lab environments but fail in real-world
scenarios. Finding more ways to incorporate the subjectivity of real-world data and peoples

opinions could help make these models more robust and generalizable

A.0.4 Citation Context Classification

The shared task focused on classifying citation context in research publications based on their
influence and purpose and contained two different sub tasks. Subtask A aims at identifying
the purpose of the citation. Subtask A involves a multiclass classification of citations into one
of six classes: Background, Uses, Compare and Contrast, Motivation, Extension, and Future.
Subtask B aims at identifying the importance of the citation. It is a binary classification of
citations into one of two classes: Incidental and Influential. Our proposed system performed
the best on the leaderboard and was awarded the best paper award.

We build a classifier using a transformer model for obtaining the embeddings followed by
a classifier head. We experiment with various transformer models and observe that a domain
adapted transformer model (SciBERT) performed the best. We also experiment with different

classifier heads and observe that a neural classifier performs better than other alternatives.
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Subtask A Subtask B

Model Macro F1 Model Macro F1
BERT-uncased + Linear 0.4350 + 0.00439 | BERT-uncased + Linear 0.6611 + 0.0065
RoBERTa + Linear 0.4258 + 0.0264 | RoBERTa + Linear 0.6636 + 0.0038
SciBERT-cased + Linear 0.4232 + 0.0157 SciBERT-cased + Linear 0.6720 + 0.0041

SciBERT-uncased + Linear 0.4333 + 0.0094 | SciBERT-uncased + Linear 0.6778 + 0.0098
SciBERT-uncased + Bi-LSTM  0.4246 + 0.01267 | SciBERT-uncased + Bi-LSTM  0.6741 + 0.0101
Random Forest 0.2742 Random Forest 0.6559

Title + Citation Context 0.4232 + 0.01486 | Title + Citation Context 0.6781 + 0.0077

Table A.4: Results of subtask A and subtask B

Finally, in order to tackle the extreme class imbalance for the multi class classification task, we
use weighted loss functions which result in significantly better performance over the macro-F1
metric. Table A.4 provides the results for the approaches tried. This work shows how domain
adapted embeddings can capture nuances of scientific documents, and simple deep learning and
machine learning models could give competitive results. Despite a small dataset, good results

could be achieved.

A.1 Conclusion

In conclusion, though unrelated, these tasks helped us better understand the intricacies
involved with using large pretrained transformer models in various contexts and shaped some

of the choices made in our proposed systems across different chapters of this thesis.
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