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Abstract 

Automatic text simplification is a natural language processing task for making a text more 

readable and accessible to a broader audience while preserving most of its informational 

content. Today, text simplification is viewed as a monolingual machine translation task 

and is mostly done by training neural network language models. There exist many 

methods for building simplification models, but not a lot of works deal with less-

represented languages such as Russian or Finnish. The goal of this doctoral project was to 

fill this gap by creating new data sources for these languages and training simplification 

models. 

Simplification models typically require a lot of parallel data to train on. A substantial part 

of this work deals with creating parallel datasets from raw text data. During my studies, I 

have assembled parallel datasets for Russian and Finnish. In these datasets, each piece of 

text in “standard” language has a corresponding simplified version. All datasets have 

sentence-aligned versions, since this is the default method of alignment for automatic text 

simplification. The Russian datasets include mostly literary texts such as classical Russian 

literature and fairy tales, as well as an encyclopedic subcorpus. The Finnish datasets are 

based on news articles. In all cases, simplification was originally performed by 

professionals. These parallel datasets are available online and can be used for training 

simplification models or for studying text simplification strategies that experts use, as 

well as the linguistic features of simplified texts. 

Since automatic text simplification is considered similar to a machine translation task, it 

is solved with similar methods. At present, it is mostly approached by fine-tuning large 

language models. Most of the architectures used for simplification are encoder-decoder or 

decoder-only neural networks with attention. Over the course of this thesis project, I 

trained sequence-to-sequence models from scratch, as well as fine-tuning larger models 

such as the multilingual BART, T5, and the Finnish GPT. I also experimented with 

multiple modeling strategies, including multi-task learning, controllable simplification, 

and instruction fine-tuning. These techniques can, for example, aid in transferring 

knowledge from data-rich to low-resource tasks or tailoring the model's output to fit the 

needs of a specific audience. 

The models' outputs have been evaluated automatically with language-agnostic metrics 

for simplification quality evaluation, such as the SARI score. In some cases, the scores 

could not yet be compared to any other works: for example, in the case of Finnish 

simplification, to the best of our knowledge, there were no other works to compare our 

results to at the time of our experiments. In other cases, the models showed performance 

comparable to the best results previously achieved on similar data and tasks. In addition 

to automatic evaluation, some outputs have been evaluated empirically, and their 

linguistic features, such as the level of sentence compression, the proportion of additions 

and deletions, etc. were examined. 
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Назавтра лекцию свою он начал с достоинства слога. [...] Простой слог был 

способ писать так, как говорят. Некоторые его ложно называли низким 

только потому, что он не был высок. Но выражения, слова, мысли в сем слоге 

вовсе не низки, они обыкновенные, но благородные. 

Ю.Н. Тынянов, “Пушкин” 

 

 

The next day, he began his lecture with the topic of the dignity of style. [...] 

Simple style is a way of writing as one speaks. Some falsely consider it “low” only 

because it is not elevated. But the expressions, the words, and the thoughts in this 

style are not low at all; they are ordinary, yet noble. 

Yury Tynyanov, “Pushkin” 
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1 Introduction 

1.1 Motivation 

This thesis focuses on tools and resources for automatic text simplification (ATS), 

particularly simplification for languages with few or no specially designed resources 

for simplification. In this work, I will describe all the steps in creating a data-driven 

simplification system, from assembling a parallel dataset to creating a 

simplification model and assessing its quality. I focus on languages less represented 

in this field, namely Russian and Finnish. 

Text simplification (TS), defined narrowly, is the process of reducing the 

linguistic complexity of a text, while still retaining its original information content 

and meaning (Siddharthan, 2014). Automatic text simplification is a task of natural 

language processing (NLP). The “simple language” in the context of this work can 

be thought of as a linguistic variety that falls on the spectrum of easy-to-understand 

varieties such as Easy and Plain Language. These and other comprehensibility-

enhanced language varieties are all part of accessible communication (Maaß, 

2020). 

Nowadays, accessible communication is given a high priority in many countries 

(Maaß, 2020). For example, some European governmental organizations provide 

accessible versions of their text materials and websites - such as Finnish websites 

in Easy Finnish. The target audience of these comprehensibility-enhanced 

materials can be vast and include anyone who does not possess the literary skills of 

an educated adult native speaker or simply does not have expertise in a particular 

field (for example, law or medicine). A large number of consumers of these media 

is also made up of people from marginalized groups, such as migrants or people 

living with a disability. 

The field of automatic text simplification dates back to the middle of the 1990s 

(see, for instance, Chandrasekar and Bangalore, 1997, and Chandrasekar et al., 

1996). Early work on this topic aimed mainly at grammar and style simplification 

in English. In the beginning, text simplification systems were mostly rule-based. 

Today, text simplification is most often viewed as a monolingual translation 

problem (Siddharthan, 2014). Modern text simplification tools are created using 

neural machine translation (NMT) and text generation techniques. Using deep 

neural networks has proven to allow for the creation of simple (as in correlating 
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with the human judgment of simplicity) and fluent modifications that preserve the 

meaning of the original sentence (Zhang and Lapata, 2017). 

Modern deep neural networks that solve monolingual sequence-to-sequence 

translation and text generation tasks are trained and/or fine-tuned on large 

amounts of data and learn a desired task or set of tasks in context from the given 

training data. For simplification, it means that, in most cases, a model learns this 

task by training on parallel datasets where each “regular” text has a corresponding 

simplified version. The more good-quality data is available, the better the quality of 

the simplification will be. More extensive data sources also open up possibilities for 

more tasks: for example, simplifying a text to a certain complexity level, doing 

explanatory simplification where complex concepts are augmented with short 

definitions, etc. Even the introduction of large conversational AI models such as 

ChatGPT has not eliminated the need for training data but rather increased it. 

The vast majority of new simplification techniques and datasets are created for 

and/or tested on English data in the first place (see, for example, Alva-Manchego et 

al., 2020, for a TS benchmark dataset, or Maddela et al., 2023, for a state-of-the-art 

simplification evaluation metric). In recent years, the situation has started to 

change, and a lot of new non-English parallel datasets have appeared (Ryan et al., 

2023). However, many languages still do not have their own simplification datasets. 

This has led to the field of ATS advancing in two different branches. On the one 

hand, the number of solutions for the efficient creation of monolingual parallel 

corpora (i.e., corpora that consist of pairs or longer sets of texts with equivalent 

meaning), such as automatic sentence aligners, is increasing (see, for example, 

Thompson and Koehn, 2019, or Štajner et al., 2018). On the other hand, researchers 

are looking for means of enhancing the simplification models’ performance. This 

includes, among other research tasks, finding ways to transfer knowledge between 

languages and tasks - for example, multi-task learning, where a model would learn 

several tasks simultaneously (summarization and simplification, for instance) and 

use the knowledge of the more-represented tasks to aid in solving the less-

represented ones, like using machine translation models and frameworks for text 

simplification (see Cooper and Shardlow, 2020 as an example). 

As previously mentioned, there exist different levels of enhanced 

comprehensibility, and the target audience of accessible communication can be very 

broad. It does not seem possible to create a separate model for each group of users 

and for each complexity level. Instead, a model can be trained in a way that allows 

for controlling certain linguistic properties of the output. These can be simple things 

such as length or more complicated properties such as modality or complexity level. 

Controlled simplification is another rapidly developing sub-field of TS. 

Despite the growing body of research on TS, it is still a challenging task in natural 

language processing. For example, automatic evaluation of simplification systems 

output remains an open research question, since current best practices do not take 
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grammaticality or cohesion into account, and the emerging data-driven approaches 

are not language-agnostic. In my own research, I focused on building datasets and 

simplification models for less-represented languages in TS. Over the course of my 

project, I also studied various strategies that can help enhance the simplification 

performance, such as multi-task learning, data augmentation, and controlled 

simplification. My goals were to find ways of performing efficient simplification in 

limited data settings, provide open-access datasets for researchers on text 

simplification, accessible communication, and other fields, and study the linguistic 

properties of simplified language. 

1.2 Research Objectives and Thesis Structure 

Since this thesis project is focused on non-English text simplification, the two main 

research objectives of this study were to: 

1. Create new simplification-specific data sources for languages that lacked 

such datasets, namely Russian and Finnish. Make these resources 

accessible at least for academic use. 

2. Develop methods to perform automatic text simplification for these 

languages. Train simplification models of various kinds and assess their 

output quality. 

The initial hypothesis of this study was that, much as there are ways to perform 

multilingual machine translation in low-resource settings, it is also possible to 

develop simplification systems for languages with limited resources, specifically 

Russian and Finnish, by creating new parallel datasets and exploring training 

strategies adapted to low-resource settings. 

The main research questions explored in this thesis are: 

1. What does it mean to simplify a text? What linguistic properties 

characterize a simple text, and how can simplicity be evaluated? [RQ1] 

2. What are the most effective strategies for creating parallel datasets for 

text simplification from various data sources and domains? [RQ2] 

3. Can simplification models be trained to achieve optimal performance 

when dealing with limited data in morphologically rich languages? [RQ3] 

The next chapter in this thesis, Chapter 2, deals with the terminology issues of 

this study and examines the linguistic properties of simple and simplified texts. It 

incorporates Papers III and VI, which explore the writing strategies in simple texts 

and the links between text simplification as a task of natural language processing 

and accessible communication studies, respectively. Chapter 2 also includes a 

comparative study of several Easy and Plain Language guidelines, which has not 

been incorporated into the published papers of this thesis. Generally, this chapter 

defines simplicity and simplification within the context of this work. 
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Chapter 3 describes the process of creating various data sources for automatic 

text simplification and studying the linguistic properties of simplified texts. Perhaps 

the most important practical contributions of this thesis are the two parallel 

simplification datasets for Russian and Finnish created and released over the 

course of working on this project. Chapter 3 incorporates Papers II and IV, which 

describe the development of the parallel Russian-Simple Russian dataset 

(RuAdapt) and a supplementary parallel word list based on the RuAdapt texts. This 

chapter also refers to Papers VII and VIII, which outline the creation of the parallel 

Finnish-Easy Finnish dataset. 

Chapter 4 describes the experiments on training text simplification models on 

various data and evaluating the models’ output. This chapter, as well as Chapter 3, 

includes content from Papers II and VIII, but this time to describe training and fine-

tuning simplification models on the newly developed datasets discussed in Chapter 

3. It also includes specific training techniques such as transfer learning with the 

intention of using it for low-resource simplification (Paper I) and experiments with 

controlled simplification where the output can be tailored for a specific audience 

(Paper V). 

Finally, Chapter 5 concludes this thesis, revisiting the research questions, 

summarizing the contributions of the present study, and giving a perspective on 

possible future work. 
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2 Background 

2.1 Easy and Plain Language, Simple and Simplified 
Language 

In this chapter, I will discuss the terminology necessary for understanding the 

content of this thesis. This chapter addresses the first research question (RQ1) by 

describing what it means to simplify a text and what the expected outcome of the 

simplification process can be. Moreover, in this chapter I discuss the linguistic 

properties of simple language and the writing strategies used by authors of simple 

texts, especially in relation to Easy/Plain Language guidelines. Some of the writing 

strategies that exist in simple and simplified texts were studied in Paper III using 

Russian textbooks for young speakers in various language environments. In 

addition, I will refer to Paper VII to discuss how the linguistic properties of Easy 

Finnish news articles correspond to the Selkomittari – a set of criteria for assessing 

Easy Finnish texts. This chapter also touches upon the interaction between 

language technology and accessible communication research, as per Paper VI. 

This thesis exists between two fields that rarely intersect: accessible 

communication (AC) studies and monolingual machine translation. I will first talk 

about accessible communication since it provides the framework of definitions for 

all things related to comprehensibility enhancement in language. Defining 

terminology in the context of this work presents a complex challenge for many 

reasons. First of all, giving precise definitions to abstract terms such as 

“accessibility", “understandability", and “simplicity/complexity” has proven to be a 

rather nuanced undertaking. Secondly, the terminology for different degrees of 

simplicity and accessibility, such as Easy/Plain Language, varies across different 

languages. It should be noted that I am limiting myself strictly to describing the 

terminology in the scientific community and not the connotations that these terms 

might have in everyday use; i.e. I will not address the acceptability of these terms 

among the general public. 

One of the definitions of the word “accessible” given by the Merriam-Webster 

dictionary1 reads as “easily used or accessed by people with disabilities: adapted for 

use by people with disabilities.” However, accessible communication is not only for 

people with disabilities. According to Perego (2020), accessibility is a universally 

 
1 https://www.merriam-webster.com/dictionary/accessibility  

https://www.merriam-webster.com/dictionary/accessibility
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inclusive concept that is based on the idea of availability and is not necessarily 

linked to persons with disabilities but applied to all while hingeing on the general 

ability to use products or services. Hence, the expression “accessible 

communication” refers to any form of simple or simplified communication that 

prevents communicative exclusion (ibid.).  

It has been established in the AC research community that there is a spectrum 

of enhanced comprehensibility or reduced complexity in communication. In 

general, the term “Easy Language” denotes the most understandable variety of 

language, and “Plain Language” is something between Easy Language and standard 

language (see, for example, Maaß, 2020). In German, Leichte Sprache (“Easy 

Language”) is conceived as a firmly rule-based variety with clear outlines, whereas 

Einfache Sprache (“Plain/Simple Language”) is seen as a continuum ranging from 

somewhat enriched forms of Easy Language to forms somewhat below average 

standard German or languages for special purposes (like legal or medical 

communication) (Maaß, 2020). In Russian, there is a similar distinction between 

the terms “простой язык” (Plain Language) and “ясный язык” (Easy Language). 

In Finnish, Easy Language is “selkokieli,” Easy Finnish is “selkosuomi” and Plain 

Language is “selkeä kieli” or “selkeä yleiskieli” (Leskelä, 2021); however, 

“selkokieli” and “selkosuomi” appear to be used in almost all cases when describing 

comprehensibility-enhanced Finnish. Sometimes, the terms Easy-to-read or Easy-

to-understand are also used as equivalent terms for Easy and Plain Languages (for 

instance, Maaß (2020) states that “Easy-to-read” is the most frequently used 

English equivalent of Easy Language). However, “Easy-to-read” refers to a quality 

of written texts that makes it easy to extract the content (Maaß, 2020), “Easy-to-

understand” can go beyond written forms of communication. 

Still, when we see a text “in the wild”, be it an adapted text for children or second 

language learners, a simplified newspaper article, or just a short and readable text, 

it is not easy to say definitively whether or not this text was written in Easy, Plain, 

or some other variety of comprehensibility-enhanced Language. It can be 

established that the text is written in Easy Language if it adheres to certain criteria 

(since Easy Language tends to be the most regulated form of accessible 

communication); however, the criteria are different for each language. For example, 

to the best of our knowledge, it has never been established that any text adapted for 

second language learning on the elementary level (CEFR2 A1) can or may be used 

as an example of Easy or at least Plain Language, although, intuitively, it may. In 

this work, I will also use terms such as “adapted” or “simplified”. Both of them will 

 

2 Common European Framework of Reference for Languages is a detailed model for describing and 

scaling language use and the different kinds of knowledge and skills required (Council of Europe et 

al., 2001). It is a widely used framework for assessing and comparing language skills across 

different languages and educational systems. 
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refer to texts that have undergone specific changes, made either by a human expert 

or a language model, that were aimed at making the texts easier to understand. 

It should be noted that the terms “simplified text” or “simple text” used in this 

work do not mean the same thing as, for example, Simple English in Simple English 

Wikipedia. SimpleWiki articles are created using a set of criteria for making them 

easier to understand3, which includes suggestions on writing in Basic English4, 

which makes them, in a way, examples of a regulated language variety. The term 

“simple” in this work is also not used as a synonym for “Plain [Language]". 

Sometimes the terms “plain” and “simple” are used interchangeably, particularly 

when referring to languages where the word for “Plain” as opposed to “Easy 

[Language]” also means “simple” (like “einfach” in German or “простой” in 

Russian). I use the terms “simple” and “simplified” in a broader sense, often in 

opposition to non-simplified, original texts. For example, if a neural network 

translates a CEFR C2 text into a CEFR C1 text, we will refer to the input text as 

original and to the output text as simple or simplified, even though it may still not 

be very easy to understand. For the purposes of this research, any text, be it adapted 

for a certain group of language users (children, second language learners, people 

with learning disabilities, etc.), translated into Plain or Easy Language, or in any 

other way modified to be easier to understand, can be called simplified. At the same 

time, any text that is written or created with the intention of making it easy to 

understand can be called simple. However, it should be noted that a simple text is 

always created following certain rules, of which the creator is aware either 

consciously (e.g., a second language teacher creates an exercise for her students 

based on what lexis and grammar they already know), (semi)-intuitively (e.g., a 

writer composes an article in her native language using common vocabulary to 

appeal to a broader audience), or from the data it has been based or trained on if 

the creator is a language model. To sum up, all simplified texts should be simple (or 

at least simpler than the texts they have been derived from), but not all simple texts 

have an “original” version from which they have been derived by simplification. 

 

2.2 Text Simplification and Accessibility 

In Paper VI, I describe some ways in which accessible communication research 

crosses paths with language technology.  

As mentioned before, automatic text simplification has been researched since 

the 1990s. In 1996, Chandrasekar et al. published their work on syntactic sentence 

simplification (Chandrasekar et al., 1996). They aimed to simplify the input for 

 
3 https://simple.wikipedia.org/wiki/Wikipedia:How_to_write_Simple_English_pages 

4 https://simple.wikipedia.org/wiki/BASIC_English  

https://simple.wikipedia.org/wiki/Wikipedia:How_to_write_Simple_English_pages
https://simple.wikipedia.org/wiki/BASIC_English
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natural language applications that existed at the time. Earlier TS systems were rule-

based and often used formal grammars to represent sentences and rewriting 

operations (Chandrasekar and Bangalore, 1997; Dras, 1999). 

Earlier in the development of the field, lexical (Paetzold and Specia, 2017) and 

syntactic (see Brouwers et al., 2014; Scarton et al., 2017) simplification were often 

treated as separate tasks. However, with the rise of data-driven approaches in NLP, 

hybrid techniques that involved lexical and syntactic simplification, as well as 

discourse-level simplification, such as content reduction, became more common. 

For example, the best results for ATS on the Amazon Mechanical Turk benchmark 

(Xu et al., 2016) have been achieved by models such as GPT-3 (Brown et al., 2020) 

and mBART (Liu et al., 2020)5. These large language model architectures learn in 

context, which means that they learn desired behaviors, such as simplification, by 

training on a large number of example pairs of regular and simplified sentences. 

That means that, theoretically, any simplification strategy that occurs in the dataset 

can be learned by the model. 

TS applications can have a very broad target audience, and many of its target 

groups can be found among people who could benefit from using Easy and Plain 

Language materials. These target groups include deaf and hard-of-hearing people 

(Alonzo et al., 2020), people with cognitive impairments (Espinosa-Zaragoza et al., 

2023), readers with low literacy (Aluísio and Gasperin, 2010), children (De Belder 

and Moens, 2010), and foreign language learners (Degraeuwe and Saggion, 2022). 

In other words, these are the people whose literacy skills are below those of an 

educated adult native speaker not living with a disability. However, an “average” 

person can also benefit from simplified texts when she is dealing with expert 

language. For example, TS applications also exist for medical (Devaraj et al., 2021) 

and legal (Garimella et al., 2022; Pereira et al., 2024) texts. 

It should be noted that text is not the only mode of communication where 

language technology can aid understanding. For example, speech-to-text and text-

to-speech technologies (see Matamala, 2016; Bouillon et al., 2021) can also bridge 

communicative gaps, especially for visually impaired users. Right now, speech-to-

sign and sign-to-text technologies are also experiencing a boost (see, for example, 

Shterionov et al., 2023). Moreover, there are text-to-pictogram applications that aid 

communication in cases where text or speech either cannot be used or needs 

significant augmentation (see Vandeghinste et al., 2017; Vaschalde et al., 2018). 

Overall, it is evident that various NLP technologies can help facilitate accessible 

communication in different domains. However, it is also clear that simplification 

has not yet achieved the popularity of multilingual machine translation among 

average users. There is no simplification app as widely used as, for example, Google 

 
5 https://paperswithcode.com/sota/text-simplification-on-turkcorpus. At the time of writing of this 

thesis, the best model is GPT-3-175B (Vadlamannati and Şahin, 2023), and the second best is MUSS 

(Martin et al., 2022). 

https://paperswithcode.com/sota/text-simplification-on-turkcorpus
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Translate is for translation, and no popular browser extension that would simplify 

a website’s content in one click. The closest alternative to a go-to simplification app 

for the general public nowadays has to be large multi-purpose language models 

such as ChatGPT or Bing Chat. ChatGPT shows good simplification results on the 

general domain (Li et al., 2023) and promising, although not perfect, results for 

some specific genres such as radiology reports (Jeblick et al., 2023; Lyu et al., 

2023). However, it is unclear which languages besides English can be correctly 

simplified by ChatGPT. For example, studies have shown that ChatGPT performs 

worse on Portuguese domain-specific simplification than on German simplification 

for the same domain (Herget and Alegre, 2023), that domain being environment 

and climate change. It is also unclear whether it is able, for instance, to alternate 

consistently between different complexity levels or translate into Easy Language 

following language-specific instructions. Nevertheless, the introduction of large 

multi-task models has revolutionized the simplification field in that it has given the 

average user the opportunity to obtain good (or at least decent) quality 

simplifications quickly in a convenient interface. It is likely to have a great impact 

on both fields of accessible communication and text simplification, although it is 

yet unclear how exactly those fields will be influenced. 

2.3 Linguistic Properties of Simple Language 

As stated in Chapter 1, nowadays, accessible communication is treated as a high 

priority in many countries (Maaß, 2020). Many media get translated into Easy or 

Plain Language: examples from the Nordic countries include Easy Finnish news Yle 

Uutiset selkosuomeksi6 and the Finnish Social Insurance Institution Kela’s website 

in Easy Language7, the Easy Swedish news 8 Sidor8, and books in Easy Swedish 

adapted and published by the private publisher LL-förlaget9 (the latter also 

publishes books that were not adapted from “regular” Swedish but originally 

written in Easy Swedish). Therefore, many languages now have guidelines for Easy 

or Plain Language translation. In order to better understand the linguistic 

properties of simplified texts, I will present an analysis of some of these guidelines 

and identify common features in them. The guidelines that I examine in this work 

are not state-mandated but rather have been created by professionals in the field to 

offer guidance on text adaptation. 

Naturally, the guidelines are prescriptive rather than descriptive, as they state 

what an author should do or what a text should look like instead of what a text in 

Easy or Plain Language usually looks like. Most guidelines do not explain why a 

 
6 https://yle.fi/selkouutiset  
7 https://www.kela.fi/web/selkokieli/selkokieli  
8 https://8sidor.se/  
9 https://ll-forlaget.se/  

https://yle.fi/selkouutiset
https://www.kela.fi/web/selkokieli/selkokieli
https://8sidor.se/
https://ll-forlaget.se/


 

10 

 

certain rule is implemented, i.e., why a certain change will simplify the text. 

However, many of the rules are self-explanatory, such as the rules of shortness, 

familiarity, and commonness of words. Other rules seem to have been derived from 

experience. Given also the fact that simple languages are highly regulated language 

varieties, it is safe to assume that the Easy/Plain Language guidelines cover most 

linguistic features that are actually present in simple texts. 

Some studies have focused on empirical evaluation of the recommendations 

typically provided in Easy/Plain Language guides. For example, (González-Sordé 

and Matamala, 2023), compiled a literature review of multiple guides and empirical 

studies. They found studies that evaluated (1) visual support, (2) linguistic 

simplification, (3) word frequency, (4) literacy mediation, (5) connectives, (6) 

coreferences, and (7) number of sentences, text length, and word length (ibid.). 

They also stated that some of this research was inconclusive, and the state of 

empirical research on Easy Language guideline recommendations is incipient. 

For Finnish, there exists a set of criteria for assessing Easy Finnish texts called 

the Easy Finnish Indicator or Selkomittari10. At the time of writing, the second 

release is the most up-to-date version. The Indicator was created by the Finnish 

Centre for Easy Language. It should be noted that the authors of Selkomittari deem 

it not suitable to use as a guideline for writing in Easy Finnish. However, it does list 

the linguistic criteria that a text should meet in order to be considered written in 

Easy Finnish. 

Selkomittari 2.0 has a total of 96 criteria for easiness, which are classifiedas 

follows: Text as a whole (27 criteria), Words (16 criteria), Language structures (24 

criteria), and Layout and illustrations (29 criteria). Since this thesis is focused on 

text per se and not on media products in simple language, the latter group of criteria 

is not relevant to the current discussion. 

In Russia, Easy and Plain Language does not yet have an official status, and there 

are no state-produced media in simplified language. Some manuals for social 

workers include recommendations on communicating with people with intellectual 

disabilities that resemble Easy Language guidelines (Nechaeva et al., 2020). A 

comprehensive guideline on Easy Russian with a focus on people with disabilities 

has been produced in Belarus (Khitriuk et al., 2018). It covers preferred vocabulary 

and sentence structures, as well as typographic rules, document layout, and 

infographics. 

Although this thesis deals mainly with Russian and Finnish simplification, I 

decided to compare the guides available in these languages to the most often used 

and/or extensive guides for other European languages. 

The first guide that I chose for comparison was “Information for all: European 

standards for making information easy to read and understand” (Inclusion Europe, 

 
10 https://selkokeskus.fi/in-english/easy-finnish/the-easy-finnish-indicator-2-0/  

https://selkokeskus.fi/in-english/easy-finnish/the-easy-finnish-indicator-2-0/
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2010). It was developed by Inclusion Europe11 and has been translated into multiple 

languages. I have used the English version; however, there is little language-specific 

information in the guide. Many Easy Language researchers and translators refer to 

these guidelines, with some even stating that they are or used to be the only 

available guide of this kind for their primary language. 

The other European-wide multilingual guide that I used was “How to write 

clearly” by the European Commission (European Commission, 2015). This guide 

has been translated into more languages than Information for all. Unlike the 

previous guide, it is oriented more towards Plain Language rather than Easy 

Language suitable for people with disabilities. 

In addition to the language-agnostic guides, I also picked three language-specific 

ones. I looked for more extensive guides and chose “Communiquer pour tous” for 

French (Ruel et al., 2018), “In duidelijk Nederlands” for Dutch (Taaltelefoon, 2012), 

and “Die Regeln für Leichte Sprache” for German (Netzwerk Leichte Sprache, 

2022). 

It should be noted that not all of these guidelines fall into the same place on the 

spectrum of Easy to Plain to “standard” language. For example, the European 

Commission’s guide is aimed more towards the general audience and writing in 

plain language, whereas the Inclusion Europe guide, having been made with the 

needs of people with disabilities in mind, leans more towards Easy Language. The 

Russian, Finnish, and German guides are also made for Easy Language. The French 

guide is all-purpose, with some advice marked as being “for people with 

disabilities”: these instructions are for a higher degree of simplification than the 

rest. The Dutch guide is geared towards the public domain and everyday 

communication, making it more of a Plain Language guide. 

Usually, the guides are separated into sections for different text levels: words, 

sentences, text as a whole, etc. In my comparison, I have identified the following 

main sections: Words and phrases, Numbers, Formatting, Sentences, Structure, 

and Tone. The majority of the rules listed in the tables below, except for the most 

general ones (such as “Short words”), were taken directly from the guides; 

sometimes, the wording has been slightly changed or shortened. In rare cases, a 

rule could have been attributed to a different section than in the original guide: for 

instance, what was in the “Words” section could have been moved to “Tone". 

In all tables below, “IE” stands for “Information for All” (Inclusion Europe, 

2010), and “EC” stands for “European Commission” (European Commission, 2015). 

 
11 https://www.inclusion.eu/  

https://www.inclusion.eu/
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2.3.1 Words and phrases 

Table 2.1. Rules for words and phrases. 

Rule IE EC Fr Nl Ru Fi De 

Words and phrases        

General 

Short words   +  + + + 

Easy-to-understand, well-known + + +  + + + 

Less formal words    +    

Less difficult words +   + +   

Grammar 

Morphemes 

The text contains no words that have several 

different elements, such as derivative affixes, 

inflectional suffixes, and clitics 

     +  

Verbs 

Where possible, use the present tense rather 

than the past tense 

+  +   +  

Conjugate the verb in the same tense 

throughout the document 

  +     

Moods used are mostly the indicative (I 

listen, we speak), and the second person 

imperative (listen, speak) 

     +  

The conditional is only used if it can’t be 

replaced by an indicative without the clearly 

changing the meaning 

  +   +  

Use imperative when giving instructions    +    

Prefer active verbs to passive ones + + + + + + + 

Use the positive form, not the negative + + +  + + + 

Avoid using participial and adverbial phrases     +   

Avoid the subjunctive       + 

Nouns 

Be careful with nominalizations  + + +  + + 

Nouns should not have complex modifiers 

such as participle structures 

     +  
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Rule IE EC Fr Nl Ru Fi De 

Words and phrases        

The text uses the basic forms of nouns if it is 

possible and natural in the context 

     +  

The text mainly contains the easiest forms of 

noun inflections 

     +  

Avoid the genitive       + 

Always write the male form first       + 

Anaphora avoidance and unambiguity 

Avoid ambiguity  + +  + +  

Use the same word to describe the same 

thing throughout your document 

+ + + + + + + 

Be careful when using pronouns such as “I,” 

“his,” “it,” which are used instead of naming 

the person or thing itself 

+   + + +  

Word choice 

Avoid little-known color names   +     

Do not use difficult ideas such as metaphors +  + + + + + 

Avoid clichéd words and expressions   + +  +  

Avoid useless or superfluous words that add 

nothing to the meaning 

  +     

Avoid words like doesn’t, wasn’t, couldn’t. 

Write the words out in full instead 

+       

Avoid repetitions  +      

Avoid using abbreviations. If you have to use 

initials, explain them 

 + + + + + + 

Be concrete, not abstract  + + +  +  

Use precise words   + +   + 

Only use technical terms with colleagues or 

professionals 

 + + +  + + 

Name the agent in a sentence  +    +  

Loanwords 

Avoid anglicisms in French  + +     

Beware of false friends between languages  + +     
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Rule IE EC Fr Nl Ru Fi De 

Words and phrases        

Do not use loanwords if there is a well-known 

equivalent in your primary language 

  + + + + + 

Dealing with difficult words 

Difficult words need to be explained +  + + + + + 

Use examples to explain things +     +  

Long compound words are partially repeated 

after their first mention 

 +    +  

If there are a lot of difficult words, make a 

dictionary (list) of useful words. Place it at 

the end of the text 

    +  + 

 

As can be seen from Table 2.1, most guides seem to agree on the general 

principles, meaning that the words should be short, easy-to-understand, and well-

known to the reader. In terms of grammar, all guides agree that active verb forms 

are preferable to passive forms, and most agree that writers should prefer positive 

forms to negative ones. Most guides also warn against nominalizations. 

Anaphora avoidance and unambiguity have received their own category because 

all guides warn against using synonyms, and most advise not to use anaphora. 

There are also rules against ambiguity in general, which include word and phrase 

levels: for example, one of the checkpoints in the Easy Finnish Indicator states, 

“Instructions meant for the reader are expressed clearly and unambiguously”. 

In terms of word choice, most guides advise against metaphors, which are 

considered a difficult structure (similar to, for example, humor in Table 2.6). 

Concreteness and precision are also considered important. It is also strongly 

recommended to avoid or at least spell out abbreviations. 

Most guides advise against using loanwords, with not one but two guides 

specifically warning against using anglicisms in French. It is also permissible to use 

loanwords if there is no equivalent in the primary language. Like the rule from the 

previous category, which suggests that terminology can be used only if the audience 

is familiar with it (“Only use technical terms with colleagues or professionals”), the 

general principle of familiarity overrides specific rules if necessary. 

When dealing with difficult words, almost all guides recommend providing 

explanations. Some advise using examples to explain things; others even 

recommend making a glossary at the end of a text. Meanwhile, some guides permit 

only partially repeating long compound words after the first mention. In both cases, 

it is about names: for example, the Finnish guide permits referring to the Ministry 

of Agriculture and Forestry as “Ministry” after the first mention (Ruel et al., 2018), 
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and the EC guide suggests that after naming the Committee on the Procurement of 

Language Style Guides with its full name, it can be referred to as just “committee” 

in the next sentence (European Commission, 2015). So, here the principle of brevity 

is allowed to override the principle of unambiguity. 

2.3.2 Numbers and formatting 

Table 2.2. Rules for numbers. 

Rule IE EC Fr Nl Ru Fi De 

Numbers        

Prefer the numerical form of numbers +  +   + + 

Write the dates in full +  +  +  + 

Give the equivalences of the metric system in 

(imperial) measurements 

  +     

Avoid fractions   +     

Use orders of magnitude or general words such 

as many, most, half, few, etc., instead of citing 

percentages, numbers, and statistics 

  +  +  + 

Place the event in time with simple 

benchmarks known to the recipient public 

  +  +   

Avoid the use of Roman numerals +  + + +  + 

Write down the measure of length and weight 

in full 

    +   

Use spaces or hyphens when writing phone 

numbers 

    +  + 

Be careful with numbers like “7th” meeting. It 

might be hard for some people to understand. 

You could write something like “The meeting 

we have had 6 times before” 

+       

 

Most guides have a few rules on how to format numeric information, such as 

numbers, dates, measurements, or phone numbers. Most guides seem to agree that 

the Roman numerals should be avoided, with some recommending using only plain 

Arabic numbers (for example, the Dutch guide advises avoiding Roman numerals, 

letters, and combinations of numbers and letters when numbering lists). The 

majority of guides also recommend writing dates in full and preferring the 

numerical form of numbers. In the guides that lean more towards Easy Language, 

there is also advice on using orders of magnitude instead of precise numbers and 
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time benchmarks instead of precise dates (in the French guide, these rules are 

marked as being aimed at people with disabilities). 

Table 2.3. Formatting rules. 

Rule IE EC Fr Nl Ru Fi De 

Formatting        

Never use footnotes +  +  +   

Avoid all special characters where possible, 

like   &, <, § or # 

+  +    + 

Use simple punctuation   +  +   

Avoid the use of parentheses, asterisks, 

hyphens in the text, ellipsis, slashes 

  +     

Do not write entire words in capitals +       

Use the correct bullet point for a list or 

summary 

   +    

Place explanations directly in the text or in 

boxes, rather than in hyphens or parentheses 

  +     

Contrast “good” and “bad” solutions using 

drawings that help to better integrate the 

information, by caricaturing and using the 

colors of the traffic lights, red/orange/green, 

which convey meaning 

  +     

Highlight the important elements.   +  +  + 

Do not use different techniques to highlight 

important information in the same text. Stick 

to only one technique 

    +   

Highlight negatives in bold       + 

Avoid hyphenation at the end of a line +  +  +   

Separate long words with a hyphen       + 

 

The guides that I use actually have a lot more information on formatting and text 

layout than mentioned in Table 2.3, but as I am focusing mostly on the text, I 

consider only a few formatting rules. Most guides advise against making stumbling 

blocks for the reader’s eye, such as special characters or hyphenation at the end of 

the line. Separating long words with a hyphen is German-specific advice, although 

some works suggest using a mediopoint (Bredel and Maaß, 2017): such 

segmentation has been proven to be beneficial for readers (Deilen, 2022). Even 
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though some guides suggest making a glossary of difficult words at the end of the 

text (see Table 2.1), multiple guides are against footnotes, probably also due to the 

fact that the reader’s eye will stumble on it and the reader’s attention will be 

distracted. Highlighting the important elements is also popular advice in the Easy 

Language-oriented guides. 

2.3.3 Sentences 

Table 2.4. Rules for sentences. 

Rule IE EC Fr Nl Ru Fi De 

Sentences        

Length and appearance 

Always keep your sentences short + + +  + + + 

Always start a new sentence on a new line +  +  +   

Where possible, 1 sentence should fit on 1 line +  +  +   

Separate long sentences into shorter ones     +  + 

Prefer sentences of 7 to 12 words or 30 to 60 

characters 

  +     

Organization of information 

Do not bury important information in the 

middle of the sentence 

 +  +    

In sentences, the main clause and the 

subordinate clause are in a logical order in 

terms of how the text progresses 

     +  

Do not clutter your document with redundant 

expressions like ‘as is well known,’ ‘it is 

generally accepted that,’ ‘in my personal 

opinion,’ ‘and so on and so forth,’ ‘both from 

the point of view of A and from the point of 

view of B,’ etc. 

 +      

Try to give your sentences strong endings — 

that is the part that readers will remember 

 +      

Interrupt the sentence structure with 

additional information as little as possible 

(object must be closer to the verb) 

   +  +  

The text should contain no structures in 

which a subordinate clause is in the middle of 

     +  



 

18 

 

Rule IE EC Fr Nl Ru Fi De 

Sentences        

the main clause, as opposed to the beginning 

or end 

The predicate is located at the beginning of 

the clause 

     +  

Do not overstress sentential brackets 

(Satzklammer) 

   +    

Do not use prepositional chains    +    

Prefer simple grammatical structures: 

subject, verb, complement 

  +   +  

Formulate simple sentences   +   + + 

Use only one subject if possible     +   

Formulate your sentences in such a way that 

one sentence conveys one thought 

    + + + 

In sentences, the clauses are bound together 

by conjunctions, (because, but, as) so that the 

relationship between the two items is clear 

     +  

Avoid questions in the text.       + 

Grammar and syntax 

Avoid complements before the verb   +     

The text should not contain many language 

structures rated difficult 

     +  

The text contains no non-finite clauses 

phrases or other non-finite structures 

     +  

Nouns should not have multiple modifiers in 

one clause 

     +  

The text contains mainly clauses that are 

structured on the basis of a finite verb 

     +  

Sentences should not contain complex 

negative relationships 

     +  

Avoid subordinate clauses       + 

The use of tenses and time expressions in the 

text is consistent 

     +  
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Unsurprisingly, most guides agree that sentences in simple texts should be 

short. Easy Language-oriented guides also suggest starting each sentence on a new 

line and keeping them one line long. 

There seems to be no rule on organizing the information within a sentence that 

would be common to most languages. The experts seem to agree that sentences 

should be simple and one sentence should convey one thought. Some guides also 

seem to agree that important information should not be hidden in the middle of the 

sentence and/or that the relaying of important information should not be 

interrupted. The Finnish guide also highlights the need for logical presentation of 

information within a sentence: putting the clauses in a logical order and binding 

them together with conjunctions. 

In the Grammar and Syntax category, Finnish-specific rules prevail, which is 

understandable given the complexity of Finnish grammar. 

2.3.4 Text structure 

Table 2.5. Rules for structuring the text. 

Rule IE EC Fr Nl Ru Fi De 

Structure        

Document structure 

Highlight the plan clearly   +     

Structure the text with headings and 

subheadings 

  +   + + 

Use headings that are clear and easy to 

understand 

+ + + + + +  

Try not to use too many layers of subtitles or 

bullet points 

+  + + +   

Summary  + + +    

Conclusion  + + +    

Table of contents  + +   +  

It can be very useful to formulate the 

subheadings in question form 

  + +   + 

Add a title or introductory sentence to a list 

or summary 

  + +    

Keep the number of elements in a list or 

summary limited 

   +  +  
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Rule IE EC Fr Nl Ru Fi De 

Structure        

Standardize the presentation and wording of 

titles as much as possible 

  +     

The content matches the heading      +  

Avoid references       + 

Organization of information 

Always put your information in an order that 

is easy to understand and follow 

+  +   +  

Group all information about the same topic 

together 

+  + +   + 

It is OK to repeat important information +   +    

It is OK to explain difficult words more than 

once 

+       

Organize the text into different logical parts   +     

Repeat the most important information at 

the end 

  +     

Separate main issues from side issues    +    

Immediately or after a short step-up, make it 

clear what your intention is 

  + +  +  

Place important information first, then 

secondary and specialized information, and 

finally, conditions and exceptions 

  +     

Link words, sentences, and paragraphs using 

transitions and relationship markers such as: 

first, then, because, in conclusion, etc. 

  +   +  

When a situation precedes an action, respect 

the order of appearance 

  +     

There are no gaps in the content of the text. 

At every point of the text, the reader receives 

sufficient information to understand the text 

     +  

The text is not too concise; neither is too 

much information packed into one clause 

     +  

The text does not refer to what was said 

earlier in a way that assumes that the reader 

     +  
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Rule IE EC Fr Nl Ru Fi De 

Structure        

will remember or find an earlier part in the 

text (see picture on page 3) 

Make sure the important information is easy 

to find. 

+  + +  +  

Avoid distracting elements, for example, 

several dates or numbers in the same 

paragraph. 

  +     

Add context to new information and concepts   +     

Avoid long definitions   +     

Choice of information 

Always make sure you give people all the 

information they need 

+       

Only give the important information + + + +  +  

Imagine what questions they might ask and 

make sure the document answers them. 

 + + +    

Present information adapted to the target 

audience, according to its knowledge of the 

subject, its logic, its culture and its experience 

  +   +  

Mention accessible documents, sites, or 

videos to complement the information 

  +     

Paragraphs 

Start a new paragraph when you start a new 

element in your text 

   +    

Formulate the main idea of a paragraph in a 

clear topic sentence 

  + +    

Start each new paragraph on a new line.    +    

Keep an eye on the length of the paragraphs   + +    

Limit the number of messages: present only 

one idea per sentence and one main idea per 

paragraph 

  +     

Text quality 

The text contains no factual errors      +  

The text follows the spelling rules of standard 

language 

     +  
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Rule IE EC Fr Nl Ru Fi De 

Structure        

The text follows the typical characteristics of 

the type it represents 

     +  

 

In terms of document structure, most guides mention the need for clear and 

easy-to-understand headings and subheadings. There are also specific rules on 

nested structures such as bullet points, subheadings, and lists, with multiple guides 

(French and Dutch) agreeing on the maximum of 3 levels. According to “In duidelijk 

Nederlands,” the maximum number of elements in a list or summary should be 

limited to 7. Interestingly, formulating subheadings in question form is considered 

preferable even in the German guide, which also advises against questions in the 

text (see Table 2.4). 

The most popular advice on organizing the information within a document 

appears to be making the important information easy to find and grouping together 

information on the same topic. The importance of ordering information in a way 

that is easy to follow and making logical links in the text is highlighted again, just 

like on the sentence level, but this time by more guides. Some guides also mention 

making the text’s intention clear immediately. 

In terms of the choice of information, again, the most important rule seems to 

be only giving information that is important to the target audience. The experts 

advise thinking about the questions that the readers might ask and adapting the 

information to them. 

There are a few rules concerning paragraphs specifically. Not all guidelines have 

them, but the ones that do suggest monitoring the length of the paragraphs (4-5 

lines in the French guide, 6-7 sentences in the Dutch guide) and formulating the 

main idea in the beginning of the paragraph, just as the text’s intention should be 

formulated immediately. 

Finally, the Easy Finnish Indication has a set of rules specifically on the 

correctness of the text. These rules do seem important, and it is unclear why other 

sources do not mention them; perhaps it seemed too obvious to mention. 

2.3.5 Tone of the text 

Table 2.6. Rules on the tone of the text. 

Rule IE EC Fr Nl Ru Fi De 

Tone        

Pronouns 
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Rule IE EC Fr Nl Ru Fi De 

Tone        

Use the pronoun Sie       + 

Address the listener, conversation partner, or 

reader directly with the personal pronoun “u” or 

“je” 

   +    

Use of humor and figurative language 

Avoid sophisticated and opaque forms of 

imagery and puns 

  + +    

Be careful with ironic and other humorous 

elements in bad or unpleasant news 

   +    

Be careful with expressive elements from the 

informal atmosphere 

   +    

Addressing the reader 

Address the listener, conversation partner, or 

reader directly 

+   + + + + 

Do not present instructions for the reader in the 

passive voice 

     +  

The text linguistically distinguishes between 

what is mandatory for the reader and what is 

possible or recommended 

     +  

Things are described on a general level, or the 

text addresses the reader indirectly when 

addressing them directly seems unnatural <...> 

     +  

Use empathetic language that promotes 

closeness 

  +     

Choose a positive or neutral tone   +     

Choose a courteous and respectful tone   +     

Avoid the authoritarian, threatening, 

moralizing, or accusatory tone 

  +     

Avoid the use of the third person   +     

The tone of the text is appropriate for the 

situation 

     +  

The text does not underestimate the reader      +  
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Rule IE EC Fr Nl Ru Fi De 

Tone        

The reader is not presented as passive or as 

needing help too often; the reader is also an 

active party 

     + + 

 

Not all guides have specific rules about the tone of the simple texts. There is 

language-specific advice on pronoun usage for Dutch and German. Strangely, there 

are no such rules for Russian, which also has polite and informal forms of “you”; 

however, the examples in the Russian guide address the readers with “вы”, which 

is simultaneously the polite “you” and the plural “you.” This corresponds with the 

Russian tradition of formal and semi-formal written communication. 

Similar to the rules on metaphor usage in Table 2.1, the experts advise against 

complex forms of expressive language, especially humor (irony, puns, etc.). 

In terms of addressing the reader, most experts agree that the reader should be 

addressed directly and presented as an active party, with some guides specifically 

warning against the use of the third person. 

2.4 General Principles of Simple Language 

In the previous section, I touched upon basic principles of Simple Language, such 

as the principle of familiarity. Here, I will describe the general principles that 

encompass all or most of the guides examined. These principles are rather abstract, 

and a lot of the examined rules combine some of them. 

 

Commonness and familiarity: some rules point to the fact that the words 

and phrases should be familiar to the reader and/or frequently used in the language. 

Uncommon words should only be used if they are well-known to the reader (see the 

“Word choice” section in Table 2.1). As stated under the aforementioned Table, this 

principle can override specific rules: for example, the use of loanwords is not 

advised but permissible if the word is already common in the language. 

 

Brevity: words, sentences, and paragraphs are to be kept short. So should bullet 

points, lists, and texts in general. This principle can and should be overridden in 

favor of providing explanations. 

 

Explanations: in most guides, there are rules that pertain to this principle 

explicitly: see, for instance, the section “Dealing with difficult words” in Table 2.1. 

This principle also covers spelling out abbreviations and writing dates and other 

measurements in full. It can override the principle of brevity, but can also be 
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overridden by it: for example, one of the rules in the aforementioned section 

permits using shorter entity names if the full name has just been spelled out. 

 

Logic and consistency: there are multiple rules requiring consistency in word 

choice (including a very popular rule from Table 2.1 on using the same word for the 

same thing throughout the document), grammar (conjugating the verbs in the same 

tense), and document layout (in Table 2.3: stick to only one style of highlighting 

important information). 

The principle of logic governs many of the structural rules (see Table 2.5). Most 

of these rules, such as organizing the text into different logical parts, linking parts 

of the text with transitions and relationship markers, and making sure the content 

matches the heading, can be viewed simply as general principles of any well-written 

informative text. 

 

Unambiguity and precision: again, the majority of guides recommend 

avoiding ambiguity. Some advise against using polysemic words, while others 

recommend avoiding ambiguity across multiple phrases. Multiple guides also 

emphasize that ambiguity should be avoided specifically when giving instructions 

to the readers: for example, they recommend using imperative forms for 

instructions. The words and expressions also must be concrete and precise: for 

example, abstract lexis and metaphors are to be avoided. 

 

Focusing on and respecting the reader: the Easy and Plain Language 

guides often address the appropriate tone for addressing the readers. The rules 

emphasize the importance of including the readers in the conversation: addressing 

them directly, using empathetic language, and presenting them as active parties. 

The authors of simple texts are also encouraged to choose the information with the 

readers’ needs in mind. 

Some rules explicitly remind the authors to respect the readers and choose a 

tone that is appropriate for the situation. Perhaps the rules on text quality (see Table 

2.5) can also be attributed to this principle. 

 

Simplicity and clarity: finally, most of the rules from the guides can be 

attributed to general rules of simplicity and clarity. Some rules merely state that the 

words and sentence structures should be simple and easy to understand, perhaps 

suggesting that the experts rely on their knowledge or lived experience. There is 

certainly a set of language features, such as active voice, present tense, and positive 

forms, that are universally considered simple. There is also a set of features, such 

as the conditional, loanwords that have not been firmly established in the language, 

and prepositional chains, that are universally considered difficult, and therefore 

should be avoided. Some rules of simplicity can be considered typographical: for 



 

26 

 

example, most of the rules in Table 2.3, or the rules about putting each sentence on 

its own line and making sure one sentence fits one line (see Table 2.4). 

Many structural rules combine the principles of logic and clarity. The majority 

of such rules, for example giving the text a clear structure (summary, table of 

contents, conclusion, and the like), can be applied to any informative text. One 

could argue that some rules of sentence building, namely the rules of order (not 

burying the important information in the middle of the sentence, interrupting the 

sentence structure as little as possible, choosing simple grammatical structures, 

avoiding sentential brackets, etc.), also pertain to this general principle. 

No rules completely override the principle of simplicity. When a difficult 

element must be introduced, there should either be a workaround - for example, 

providing a dictionary of difficult words - or the difficulty should be considered 

normal by the audience (such as specialized jargon in texts for professionals). At 

the same time, this principle must work in harmony with the rest. For example, a 

text written using only words from BASIC English (Ogden, 1940) may not actually 

be simple if some concepts are explained in a way that is uncommon for the readers’ 

primary language (thus violating the principle of commonness and familiarity) due 

to the lack of vocabulary.  

 

It seems that if the text follows all these general principles thoroughly, it can be 

considered written in Plain Language or, at the very least, an easy-to-understand 

text for experts. It is the degree of simplicity that determines where the text will be 

on the scale from Easy to Plain Language. 

Finally, producing a text in Easy or Plain Language is a creative process. While 

the combinations of these general principles should aid the author in creating a 

simple text, the author can decide to violate some of these principles based on his 

or her expertise and creative vision. However, studying these principles and the 

specific rules is important for understanding what exactly makes a text simple and 

why. 

2.5 Writing Strategies in Simple Texts 

The previous sections covered the linguistic properties of Simple Language 

according to Easy/Plain Language guidelines. In this section, I will touch upon the 

strategies used by authors of simple texts “in real life.” To do that, I will relay the 

findings of Paper III, which dealt with the linguistic features of texts from Russian 

textbooks for young speakers in various language environments. 

In this paper, my co-authors and I examined several texts from textbooks aimed 

at native, non-native, and bilingual young (aged 7-11 years) speakers of Russian. 

The difference between the latter two groups can be understood as follows: bilingual 

speakers exist in an unbalanced bilingual environment with Russian being their 
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weaker language, and non-native speakers study Russian as a foreign language 

outside the Russian language environment. The main goal of the study was to find 

whether there are any specific simplification strategies in educational texts for 

children with different language backgrounds and levels of Russian language 

proficiency. 

We used the TIRTEC12 corpus as the dataset for this study (Laposhina, 

Veselovskaya, and Krivenko, 2019). The dataset statistics can be seen in Table 2.7. 

In the table, “R-native” denotes texts for native Russian speakers, “R-bilingual” - 

texts for bilingual speakers, and “R-foreign” - texts for foreign speakers. 

Table 2.7. [Table 2 from Paper III] Dataset statistics. 

 R-foreign R-bilingual R-native 

Collection size 

Number of texts 1100 1100 1100 

Number of tokens 39955 58964 31670 

Vocabulary size 

(number of unique 

tokens) 

8846 12760 10919 

Text source 

Simple fragment of 

authentic text 

170 205 727 

Fragment of 

authentic text 

adapted by textbook 

authors 

61 41 30 

Texts written 

specifically for this 

textbook 

869 854 343 

Basic text characteristics 

Mean sentence 

length (words) 

5.84 7.3 7.56 

Mean word length 4.67 4.86 5.14 

Average number of 

punctuations per 

sentence 

0.73 0.81 1.02 

 

 
12 https://digitalpushkin.tilda.ws/tirtec  

https://digitalpushkin.tilda.ws/tirtec
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As can be seen, there are both inherently simple and simplified (adapted) 

Russian texts in the collection. It can also be seen that, although the R-native texts 

have the fewest tokens, they are the most diverse in vocabulary: the ratio of unique 

words to all words is the highest in this category. This indicates that the authors of 

the non-native textbooks could have been limiting the usage of rare and “difficult” 

words. 

In order to study the linguistic properties of our texts, we extracted a total of 95 

quantitative features from our data. There were length-based features (such as 

average sentence and word length), readability scores, lexical features (mostly 

coverage by various vocabulary lists, such as the lexical minima for different CEFR 

grade levels of Russian), and morphosyntactic features (percentage of nouns, words 

in the genitive case, etc.). Our independent variable was the text’s class: R-native, 

R-bilingual, or R-foreign. We looked at the correlations between different features 

and fit multiple logistic regression models in an attempt to see which features would 

influence the chosen class the most. 

As can be seen in Table 2.8, we did not find any strong correlations. However, 

we did see some distinctions: for example, although R-bilingual texts have a lot of 

unique words (i.e. absolute number of non-repeating lemmas in one text), these 

words seem to be frequently used in Russian. It can also be argued that negative 

correlation with type-token ratio and lexical density indicates that texts of this class 

do not in fact have a lot of lexical variety, and the absolute numbers of unique words 

in these texts are higher simply because the texts tend to be longer. Texts aimed at 

learners of Russian as a foreign language have more vocabulary from the 

established lexical minima. They also seem to avoid verbs in past tense, which 

corresponds to some of the Simple Language guidelines. On the contrary, texts for 

native speakers have the fewest “certified easy” words. They do, however, perform 

very well on some readability scores. They also tend to have higher type-token 

ratios, which indicates higher variety in the vocabulary. 

Table 2.8. [Table 3 from Paper III] Kendall’s tau correlations. 

Domain Most significant features Kendall’s tau 

R-foreign Relative numbers of verbs in past tense -0.28 

Percentage of A1 vocabulary 0.28 

Percentage of A2 vocabulary 0.26 

Coleman’s readability formula -0.25 

Percentage of B1 vocabulary 0.25 

Relative numbers of verbs in perfective 

aspect 

-0.24 

R-bilingual Number of unique words 0.19 
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Domain Most significant features Kendall’s tau 

Number of words 0.19 

Text coverage by 5 000 most frequent 

Russian words list 

0.18 

Relative amount of nouns -0.13 

Lexical density -0.12 

TTR -0.12 

R-native Percentage of A1 vocabulary -0.39 

Percentage of B2 vocabulary -0.39 

Percentage of B1 vocabulary -0.38 

TTR 0.33 

Coleman’s readability formula 0.26 

ARI readability formula 0.25 

 

We employed multi-class and binary (in one-vs-the-rest fashion) logistic 

regression models in order to further study the influence of the linguistic features 

on the text’s class. In the one-vs-the-rest setting, R-native texts proved to be the 

most distinguishable from the others (F1-score of 0.78), while R-bilingual texts 

were the hardest to classify (F1-score of 0.68). 

The error analysis of the three binary classifiers showed that, for all types of 

errors, the median value of the percentage of words from lexical minima turned out 

to be closer to the median value not of its correct category, but of the one 

determined by the model. For instance, R-native texts that were marked R-bilingual 

by the model tended to contain more vocabulary from the CEFR-graded lexical 

minima than average R-native texts. In R-native texts marked as R-foreign, these 

numbers were even higher. This can indicate that lexical differences were one of the 

factors that confused the model. Readability proved to be among such factors as 

well. Some grammatical features, such as relative numbers of adjectives, nouns, 

verbs, and adverbs among all words, also influenced the wrong decisions of the 

model. For example, in R-native texts, the relative number of adjectives is quite high 

on average. However, in R-native texts that were wrongly identified as R-bilingual 

this number is lower, and in R-native texts marked as R-foreign there were almost 

no adjectives at all. Finally, it is worth noting that the model made more errors on 

texts from certain textbooks, which may indicate that these texts did not correspond 

to the proclaimed target audience. This is especially true for the most diffuse 

category, R-bilingual. 
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From this study, it can be seen that, on the one hand, some of the rules found in 

the Simple Language guides are clearly used by authors of “real” simple texts and 

simplified adaptations. Because this study focused on quantitative features, it is 

unclear whether the structural principles such as providing explanations, logic and 

consistency, and unambiguity were always adopted. However, it can be seen that 

texts that are supposed to be relatively simpler adhere to the principles of brevity, 

commonness/familiarity, and general simplicity. For example, a text from a 

Russian as a foreign language textbook is generally supposed to be simpler than an 

educational text for native speakers, and our study has shown that R-foreign texts 

do in fact have shorter words and sentences (see Table 2.7), vocabulary that is 

supposed to be familiar to the reader from the established lexical minima, and fewer 

“difficult” words such as verbs in the past tense and adjectives. On the other hand, 

the rules that the authors of these texts apply are clearly domain-specific: for 

instance, the authors of educational texts for non-native audiences seem to be more 

concerned with the vocabulary adhering to the established lexical minima than are 

the authors of texts for native speakers. 

In Paper VII, my co-author and I compared Easy Finnish news articles to their 

corresponding standard Finnish versions. My co-author, who studied how the 

linguistic properties of Easy Finnish news articles correspond to the Selkomittari 

guide, found out that the principles of brevity and simplicity are implemented in 

many of the texts. This includes more general rules such as “clauses and sentences 

are mainly short” and “sentence structures are simple,” as well as more specific ones 

such as “the text contains no words that have several different elements, such as 

derivative affixes, inflectional suffixes, and clitics” (these rules are also discussed in 

more detail in the end of Chapter 3). It should be noted that the editing team of the 

Yle Easy Finnish News uses their own (privately developed) guidelines and also 

artistic freedom in making Easy Finnish content rather than external guides such 

as Selkomittari (P. Seppä, personal conversation, March 2023). 

To conclude, it is evident that the linguistic properties of Simple Language 

described in the Easy/Plain Language guides are actually present in simple and 

simplified texts across domains and languages. Given that there are still no popular 

and widely used Simple Russian guidelines, and Selkomittari is a guide for 

evaluation rather than for writing, it can be presumed that the authors of the simple 

texts do not follow strict rules but instead seem to have some kind of linguistic 

intuition that guides them in simplification. (Although sometimes they do follow 

specific instructions, such as the authors of R-foreign textbooks using established 

lexical minima). In other words, although the general principle of simplicity is hard 

to define in precise terms, many of the same simplification strategies described in 

various Easy/Plain Language guides are still followed by different authors across 

domains and languages. However, at the same time, the authors of simple texts that 
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seemingly belong to the same genre (such as educational texts for young learners) 

may use different writing strategies depending on the audience. 

2.6 Simplification Guidelines and Automatic 
Simplification 

The next chapters of this thesis will deal with automatic text simplification. In 

Section 2.2 I mentioned that language technologies help facilitate accessible 

communication in multiple ways. However, does this mean that the rules of Easy 

and Plain Language govern automatic text simplification? 

The answer to this question would be different for every model, because it 

depends on the data that the model was trained and fine-tuned on. The model can 

only learn the behaviors that are present in the data. Therefore, its simplification 

abilities will depend on the degree of simplification in the training corpus. 

Most of the time, parallel corpora for TS are constructed from available data 

such as simplified news, Simple Wikis, or adapted books. It is assumed that the 

authors of these texts followed some kind of simplification rules, but these rules are 

rarely explicitly laid out. It is remarkably rare for a training corpus to be constructed 

from scratch just for the purpose of training simplification models. Most of the time, 

only the validation/test sets are made by humans, such as the RSSE validation 

dataset in Sakhovskiy et al. (2021). An exception would be the Amazon Mechanical 

Turk corpus, where 2350 sentences have been simplified by 8 different Turk 

workers, thus creating a big enough dataset to be used not only for testing and 

validation, but also for fine-tuning. However, it would be very difficult to find a 

parallel dataset suitable for simplification in which the sentences were simplified 

according to Easy/Plain Language guidelines. For instance, in the two 

aforementioned datasets, the crowd-source platform workers were instructed to 

simplify texts, but were not given any elaborate rules for simplification besides 

meaning preservation and, in the Turk’s case, content preservation and not splitting 

sentences. It is safe to assume that most of the simplifications in these corpora were 

not directly influenced by any established Easy/Plain Language guides. 

It should be noted that strictly following a simplification guide similar to those 

covered in this chapter would be difficult both in a rule-based simplification system 

and in a data-driven one. A rule-based approach will not work for complex 

discourse-level rules such as the rules of tone in Table 2.6. A data-driven system 

would require a large variety of texts simplified by professionals who are familiar 

with the task of text adaptation and can follow the guidelines carefully. Ideally, all 

editors should agree on the meaning of the more abstract rules, such as “describing 

things on a general level,” before starting the adaptation work. That is why, even 

when simplification datasets are created by hand, the simplification rules that the 

editors receive are generally non-specific. 
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In conclusion, we can assume that the simplification models will adopt the 

general principle of simplicity. It may be possible to infer some simplification 

principles that the model has adopted, such as using more common vocabulary or 

splitting long sentences, but in general, a data-driven model will probably not follow 

any particular simplification rule consistently. However, a good model will 

demonstrate some degree of simplification measurable by automated evaluation 

metrics and visible to human assessors. And, since at present following specific 

simplification rules is virtually impossible in modeling, adhering to the general 

principle of simplicity and clarity is the necessary and sufficient condition for 

today’s simplification models. This approach also allows us to account for domain-

specific simplification. Because simplification rules can vary a lot depending on the 

audience, it is unfeasible to create a dataset for every simplification domain. 

However, it is possible to make a simplification model on the basis of the existing 

texts for this audience and expect it to learn the strategies that the writers in this 

domain generally adopt. Finally, because, as discussed above, the Easy/Plain 

Language guides also seem to be derived “from practice” (i.e. from the existing 

simple and simplified texts that were received well by their readers), it can be 

assumed that a native speaker just following her implicit idea of what simplicity 

means in a text will produce a text that follows at least some of the guidelines; 

therefore, a model trained on texts simplified by native speakers, especially by 

professionals (journalists or book editors), will learn to mimic that implicit 

knowledge. 
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3 Data 

3.1 Data sources for text simplification 

This chapter will cover the development of two parallel data sources for text 

simplification: RuAdapt, the Parallel Russian-Simple Russian dataset (Paper II), 

including the RuAdapt Word Lists (Paper IV), and the Parallel Corpora of Finnish 

and Easy-to-read Finnish (Papers VII and VIII). In this chapter I will outline the 

process of fulfilling the first research objective of creating new simplification-

specific data sources for languages that lack such datasets and making these 

resources accessible at least for academic use. I will also detail the various strategies 

used to create the aforementioned dataset in order to cover the second research 

question of this thesis (RQ2). 

Text simplification datasets are typically monolingual parallel datasets in which 

each “regular” segment, be it a text, a paragraph, or a sentence, has a simpler 

equivalent that conveys roughly the same information. These datasets structurally 

resemble machine translation datasets. 

Until recently, most text simplification datasets were made for English. For 

example, one of the first datasets made specifically for automatic sentence 

simplification was constructed on the basis of Simple English Wikipedia and 

English Wikipedia (Coster and Kauchak, 2011). A notable exception was the 

Newsela dataset, available in English and Spanish (Xu et al., 2015). Unfortunately, 

although the Newsela data is high in quality, the dataset is only available on request, 

which has made it difficult for the research community to use it. 

However, the last decade saw a spike in the development of non-English 

simplification datasets, including both European languages such as French (Gala et 

al., 2020), German (Stodden et al., 2023), Spanish (Moreno-Sandoval et al., 2024), 

and Italian (Tonelli et al., 2016), and non-European languages, such as Japanese 

(Maruyama and Yamamoto, 2018; Katsuta and Yamamoto, 2018) and Arabic 

(Khallaf et al., 2022). Currently, there is also a multi-lingual text simplification 

benchmark available, made of open-access simplification data for many languages 

(Ryan et al., 2023). 

There are other data sources besides parallel simplification corpora that can be 

used for studying simplification strategies or developing a simplification system. 

For example, simplification-like data can be mined from other monolingual parallel 

data, such as paraphrase or summarization datasets (these strategies were used for 
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data augmentation and knowledge transfer in Papers I and V). For some languages, 

there also exist word lists, such as synonym lists, that can be used for lexical 

simplification or for simplification evaluation. For example, for Russian, there exist 

so-called lexical minima: lists of words that are supposed to be known to a student 

at a certain level (CEFR grade) of Russian language acquisition. These lists are used, 

for example, as preparatory materials for the official Russian as a second language 

examination called TORFL (Test of Russian as a Foreign Language; rus. ТРКИ, 

государственное тестирование по русскому языку как иностранному языку) 

(see Андрюшина et al., 2019 as an example). 

3.2 Parallel Russian-Simple Russian Datasets 

3.2.1 The RuAdapt dataset 

In Paper II we describe the process of creating a text simplification dataset for 

Russian which was given the name RuAdapt. Almost at the same time as RuAdapt’s 

release, another parallel Russian-Simple Russian dataset was published to serve as 

a data source for a shared task on Russian text simplification (Sakhovskiy et al., 

2021). 

At the time of its creation, RuAdapt consisted of works of classical Russian 

literature and their simplified versions. The latter were simplified by professional 

editors and published by the Zlatoust publishing house13, which has kindly granted 

us permission to use these works. Most of the original works were published long 

ago, which meant that the copyright restrictions have been lifted. There were, 

however, some works that did not make it to the open-access version of the dataset 

due to the original versions still being under copyright. 

The Zlatoust books came into our possession in the same format as they were 

printed, meaning that we were given electronic books in PDF format with the same 

layout and graphics as the published versions. Therefore, the preprocessing of these 

books included converting PDFs to XML files with Apache Tika14, cleaning the texts 

of noise, and converting them to plain text files. Cleaning included removing 

unnecessary line breaks, stress marks, and other noisy symbols with the help of a 

dedicated Python script. The original texts were downloaded from the web, cleaned 

in the same way, and stored in plain text files for further analysis and subsequent 

alignment. 

It should be noted that the distribution of books from the Zlatoust book 

collection by CEFR grade level is uneven. Most of the texts are for level B1; however, 

for a large part of the collection, the CEFR level is very vaguely specified: 

 
13 http://zlat.spb.ru/  
14 https://tika.apache.org/  

http://zlat.spb.ru/
https://tika.apache.org/
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particularly, there are a few collections of novels for which the level is said to be 

between B1 and C1, as can be seen in Figure 3.1. 

 

Figure 3.1. Books in the RuAdapt dataset, including the ones that could not be added to the 
published version of the dataset. 

Some statistics from the original RuAdapt datasets can be found in Table 3.1. 

“TTR” stands for type-token ratio, which shows the degree of lexical variation. 

“FKGL” is the Flesch-Kinkaid grade level, a measure for calculating readability. We 

used the formula with constants adapted for Russian texts15. 

Table 3.1. [Table 1 from Paper II] Characteristics of adapted and original texts. Sent = sentence, 
par = paragraph. * - weighted average. 

Metric Original Adapted 

Words 885167 268409 

Unique words 89318 32762 

Sentences 69737 29003 

Par length / text* 250.45 180.29 

Punctuation / sent* 2.4 1.66 

Sentences / par* 3.15 3.19 

Average TTR 0.42 0.43 

 
15 https://github.com/infoculture/plainrussian  

https://github.com/infoculture/plainrussian
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Metric Original Adapted 

Words / par* 39.06 28.7 

Word length / text* 5.08 4.89 

Average FKGL 6.04 4.49 

 

We also calculated the number of words in the texts that are supposed to be 

known to the reader at a certain level of language acquisition. This was done by 

comparing the vocabulary (unique lemmatized words) of the adapted and original 

books to lexical minima for learners of RaaFL (Russian as a Foreign Language). We 

considered named entities such as names and locations to be included in the 

readers’ vocabulary, since the characters’ names and locations in books are usually 

repeated numerous times. The results of the comparison can be seen in Table 3.2. 

Table 3.2. [Table 2 from Paper II] Mean amount of known vocabulary (percentage of words in the 
lexical minimum). 

Level Original Adapted 

A1 57.48 62.97 

A2 65.62 71.81 

B1 74.3 80.69 

B2 81.82 87.24 

C1 89.67 92.97 

 

The first release of RuAdapt, described in Paper II, contained only a paragraph-

aligned version of the dataset. The intention was to experiment with longer 

sequences, so simplifications would go beyond the sentence level. It was also a way 

to take into account sentence-level editing operations such as splitting, 

combination, and mixing sentences. 

We used two aligners, Bleualign (Sennrich and Volk, 2010) and CATS-Align 

(Štajner et al., 2018). In Bleualign, the alignment is performed based on the 

modified BLEU score between source sentences translated into the target language 

and the original target language sentences. CATS-Align offers multiple options for 

alignment methods, but our choices were the language-agnostic character trigram 

similarity strategy that uses the log TF-IDF weighting and compares vectors with 

the cosine similarity, paragraph alignment level, and closest similarity alignment 

strategy. The aligners’ performance was compared on a small manually aligned test 

set which consisted of 302 texts from textbooks for children-native Russian 

speakers (this data was never released due to copyright). Both aligners performed 

well, but CATS-Align showed better performance, with a 0.98 F1-score. 
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Currently, there are three subcorpora in RuAdapt. One is the adapted literature 

subcorpus described in Paper II. The second (“encyclopedic”) one is comprised of 

entries from the Multimedia Linguistic and Cultural Dictionary created by 

researchers at Pushkin State Russian Language Institute16. The dictionary entries 

describe various elements of Russian culture as well as linguistic, geographical and 

other phenomena (Ростова, 2018). The third part consists of adapted Russian 

fairytales created by the Moscow State University Institute of Russian Language 

and Culture’s linguocultural educational project17. All subcorpora have a 

paragraph-aligned and a sentence-aligned version made automatically with CATS-

Align. Each pair of paragraphs and sentences has a cosine similarity score ranging 

from 0 to 1, where 1 means that the texts in the pair are identical. For downstream 

tasks such as text simplification, it is recommended to set a cosine similarity 

threshold, since pairs with low similarity may contain texts with different meanings. 

The current dataset statistics can be found in Tables 3.3 and 3.4, and the dataset 

itself is accessible at https://github.com/Digital-Pushkin-Lab/RuAdapt. 

Table 3.3. RuAdapt dataset statistics: paragraph-aligned version. 

Subcorpus Texts Original 

tokens 

Adapted 

tokens 

Paragraphs 

Adapted literature 93 620563 287358 7614 

Encyclopedic texts 355 207252 144378 3517 

Fairytales 9 7093 4652 134 

 

Table 3.4. RuAdapt dataset statistics: sentence-aligned version. 

Subcorpus Texts Original 

tokens 

Adapted 

tokens 

Paragraphs 

Adapted literature 93 376432 285190 24232 

Encyclopedic texts 355 161954 144250 10271 

Fairytales 9 5775 4642 416 

 

 

16 https://ls.pushkininstitute.ru/  

17 https://www.skazki.irlc.msu.ru/  

https://github.com/Digital-Pushkin-Lab/RuAdapt
https://ls.pushkininstitute.ru/
https://www.skazki.irlc.msu.ru/
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3.2.2 RuAdapt Word Lists 

The current version of RuAdapt has been used in studying lexical simplification 

strategies in adapted texts and compiling a list of monolingual word alignments of 

complex Russian words and their simpler equivalents. These findings are described 

in detail in Paper IV. 

Lexical simplification has attracted considerable attention in the past few years 

as a key task in facilitating reading comprehension for different target readerships 

(Saggion et al., 2022). Like other simplification subtasks, at present, it is dominated 

by English data: for example, in the recent TSAR-2022 shared task on multilingual 

lexical simplification for English, Portuguese, and Spanish, English lexical 

simplification quantitative results were noticeably better than those obtained for 

Spanish and Brazilian Portuguese (ibid.). However, new data for other languages 

continues to emerge, including datasets for lexical complexity evaluation, since 

correct evaluation of word complexity can be an important step in many lexical 

simplification pipelines (Абрамов and Иванов, 2022). An example of such a 

dataset for Russian is the Russian Synodal Bible-based dataset for lexical 

complexity evaluation, created specifically for predicting word-level complexity in 

Russian texts (ibid.). 

In order to produce word alignments, we used the entire RuAdapt dataset to 

extract 15,156 sentence pairs with a cosine similarity score lower than 0.99 but 

higher than 0.31. These thresholds were chosen empirically to omit both identical 

pairs and pairs of sentences with different meanings. 

Two different word aligners were used for the word alignment task: eflomal 

(Östling and Tiedemann, 2016) and awesome-align (Dou and Neubig, 2021). The 

former is based on a Bayesian model with Markov Chain Monte Carlo (MCMC) 

inference. It is a statistics-based approach that requires additional data to be 

trained on for tackling new tasks, so we used a set of Russian paraphrases for pre-

training, taken from Opusparcus (Creutz, 2018) and ParaPhraser.ru (Gudkov et al., 

2020). Awesome-align is a BERT-based aligner, which can also be fine-tuned, but 

this was not required, so we used it as is. 

In Table 3.5, it can be seen that most of the alignments, as expected, were pairs 

of identical words. There were only 8403 unique pairs that both aligners identified. 

It should be noted that the texts had not been lemmatized before alignment, 

because some linguistic phenomena that we wanted to study, such as the use of 

archaic grammar forms, could have been lost during lemmatization. 

Table 3.5. [Table 1 from Paper IV] Alignment statistics. 

Statistic eflomal awesome-align 

All single word pairs 188706 193778 
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Statistic eflomal awesome-align 

Pairs consisting of different 

words, cleaned from noise 

19687 22767 

Unique pairs 14807 15989 

Unique pairs in common 8403 

 

Altogether we obtained 22393 word pairs (considering that 8403 pairs were 

identical between the two aligners). In order to further clean the pairs from noise 

and remove non-synonymic pairs, we employed human editors. 

A total of 18 editors worked on the RuAdapt word lists. All of the editors were 

students and/or specialists in teaching Russian as a foreign language from the 

Pushkin State Russian Language Institute. Editors were asked to give each word 

pair a score of 0, 1, or 2. A score of 2 is supposed to indicate that a pair can be 

included in the word alignment list; score of 0 indicates the opposite. Score 1 is 

given in cases of uncertainty that may be included in the list or preserved for future 

studies. It is important to note that we were aiming to evaluate the “usefulness” of 

the pair for the word list, not its alignment quality. When a pair is “useful,” it means 

that it can provide some information on how the vocabulary changes during the 

simplification process. 

Each word pair was evaluated by at least two editors. At the end of the editing 

process, a third editor re-evaluated the pairs that received a 2 from at least one 

editor. This evaluation resulted in the final list of 1409 word pairs. It appeared that 

9.11% of awesome-align alignments and 8.08% of eflomal alignments received a 

score of 2. Since the scores do not reflect the alignment quality directly, they do not 

illustrate the aligners’ efficiency, but instead give an idea of how many single-word 

alignments will end up being synonymous or semantically similar in some other 

way. 

The list has 1,134 unique “complex” lemmas and 811 unique “simple” lemmas. 

We further inspected the pairs to find out if the “complex” words were actually more 

difficult and less frequently used than the “simple” words. To do so, we examined 

the CEFR grade levels of the words in pairs using the established lexical minima for 

Russian as a foreign language and their IPM values (instances per million words) 

using the frequency dictionary of modern Russian language (Ляшевская and 

Шаров, 2009). In the majority of cases, the “simpler” words in pairs were more 

frequent in the Russian language. As for the CEFR grade level, in 513 cases the 

“complex” word’s CEFR level was higher, and in 545 cases the “complex” word was 

not present in the lexical minima while the “simple” word was. We noticed that most 

of the cases where the “simpler” word was not “simpler” (had the same CEFR level 

as the “complex” word) can be explained by the authors choosing a word whose 

derivative appears in the lexical minima for lower CEFR levels, so the reader is more 
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likely to guess its meaning. For example, the word сердиться [to be grumpy] is 

replaced by злиться [to be angry]; both verbs are B2 level, but the cognate adjective 

злой [angry ADJ] appears at the earlier A2 level. In cases where the simple word 

appears at a higher CEFR level than the complex word, the word choice might have 

been prompted by the desire to use an “international” synonym (e.g., расстояние 

[spacing, distance] -> дистанция [distance]). These cases are specific to the 

adapted texts for learners of Russian as a foreign language.  

We have also observed the following domain-specific simplification strategies 

based on the word list: replacing an archaic grammatical form of a word with a 

modern one (e.g., простою [simple ADJ+GEN, archaic] -> простой [simple 

ADJ+GEN]) and replacing an obsolete word with a modern synonym (e.g., 

особливый [special, archaic] -> отдельный [special]). However, most of the list 

presents more universal types of lexical simplification, such as replacing a word 

with a more neutral and frequent analogue (e.g., умолять [to beg] -> просить [to 

please]), use of hypernyms (e.g., соловьи [nightingales] -> птицы [birds]), or the 

removal of subjective evaluation suffixes (e.g., деревенька [village+diminutive 

suffix] -> деревня [village]).  

This research has proven that not a lot of text simplification actually happens 

just on the word level. In the future, it may be beneficial to explore phrase-level 

simplifications separately as well. The resulting list consists of 1409 word pairs and 

is available on GitHub: https://github.com/Digital-Pushkin-

Lab/RuAdapt_Word_Lists. The list can be used for further studies of simplification 

strategies used in text adaptation for learners of Russian as a foreign language, or 

in refining simplification systems, since it represents the “expected” word 

replacements. 

3.3 Parallel Corpora of Finnish and Easy-to-read Finnish 

Easy Language media in the Nordic countries have a long history, with the first 

documented signs of explicit usage of Easy Language in Sweden dating back to the 

1960s (Lindholm and Vanhatalo, 2021). In Finland, the first books and magazines 

in Easy Finnish were published in the early 1980s (Leskelä, 2021). Right now, Easy 

Language is well-established in Finland in practice, and the general attitude 

towards it is mainly positive (ibid.). However, until recently, there existed no 

parallel Finnish-Easy Finnish corpora. Hence my colleague and I created several 

parallel Finnish-Easy Finnish datasets on the basis of the Yle news corpora. We 

wanted to provide a resource for studying the simplification strategies used by 

simple language content providers as well as a database for future automatic 

Finnish text simplification studies. 

https://github.com/Digital-Pushkin-Lab/RuAdapt_Word_Lists
https://github.com/Digital-Pushkin-Lab/RuAdapt_Word_Lists
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3.3.1 Source data: the Yle news corpora 

Yle is a Finnish state-owned national public broadcasting company. It provides 

content in multiple languages besides Finnish, including Easy Finnish. Yle Uutiset 

selkosuomeksi [Yle News in Easy Finnish] provides short (about 5 minute long) 

daily radio and TV broadcasts. The radio broadcasts are also published on Yle’s 

website in text form. Typically, the editors of the Easy Finnish segment pick and 

translate the topics of the day that they deem most interesting and/or important for 

their target audience (P. Seppä, personal communication, March 3, 2023). Most 

“regular” news articles, if selected for Easy Finnish news, are translated and come 

on air within 24 hours; however, in rare cases, an older piece of news or an article 

from the Swedish Yle may be translated (ibid.). 

All articles from the Standard Finnish Yle’s official website, starting from 2011, 

have been preserved in the Language Bank of Finland (Kielipankki). Kielipankki 

also provides archives of Swedish and Easy Finnish Yle news. Most of the content 

that can be found on the actual web pages, including details like image ids and 

descriptions, thematic tags, and other meta information, is preserved in the 

archives. This has made the Yle archives on Kielipankki an obvious choice as a data 

source for a Finnish-Easy Finnish parallel corpus. 

The following datasets were used as data sources for Papers VII and VIII: 

• Yle Finnish News Archive, 2011-2018 (Yleisradio, 2017) 

• Yle News Archive Easy-to-read Finnish, 2011-2018 (Yleisradio, 2019) 

• Yle Finnish News Archive, 2019-2020 (Yleisradio, 2021a) 

• Yle News Archive Easy-to-read Finnish, 2019-2020 (Yleisradio, 2021b) 

It should be noted that the Easy Finnish news articles prior to September 2014 

have no clear identifiers in the archives, i.e., for the earlier articles, there is no way 

to establish that they definitely came out on Yle Uutiset selkosuomeksi. Therefore, 

the parallel corpora span the period from September 2014 to December 2020. 

There is also no definitive way to link the Standard and Easy Finnish articles. 

The “regular” sources of the Easy Finnish news are never specified explicitly. In 

order to create parallel data, we used methods of distributional semantics described 

in the next section. For sentence alignment, statistics-based and neural network-

based approaches were used. 

Because the source datasets’ contents were retrieved from Yle’s internal archives 

and deposited into Kielipankki with the help of Yle, the quality of the source data is 

very high. Therefore, little to no data cleaning was needed in making the parallel 

corpora. 
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3.3.2 Alignment 

The Parallel Corpora of Finnish and Easy-to-Read Finnish are available in 

document-aligned and sentence-aligned formats. The document-aligned version is 

divided into two datasets (Dmitrieva et al., 2022, and Dmitrieva and Yleisradio, 

2024a), because the work on this project originally started with the archives from 

2019-2020. The first dataset (Dmitrieva et al., 2022) has been manually annotated 

by a human expert, and these annotations have aided in creating the other parallel 

datasets. The sentence-aligned version for articles from 2014-2020 is available as a 

single archive (Dmitrieva and Yleisradio, 2024b). 

3.3.2.1 Articles 

Aligning the Easy Finnish articles with their Standard Finnish sources proved to be 

a challenging task. As mentioned above, there are no clear links between the 

articles, so we had to search for a match for any piece of Easy Finnish news among 

all Standard Finnish articles that came out before the Yle Uutiset Selkosuomeksi 

that day. To narrow the search down, only articles with matching subject tags were 

considered as potential pairs. 

We used methods of vector semantics to find pairs of articles with the same 

subjects. Altogether, four different models were used: 

1. LASER18 (we used the laserembeddings library19), 

2. LaBSE (Feng et al., 2022; we used the version from sentence-

transformers20), 

3. MPNet (Song et al., 2020; we used the version from sentence-

transformers21), 

4. DistilUSE (multilingual knowledge distilled version of multilingual 

Universal Sentence Encoder (Yang et al., 2020)), also from sentence-

transformers22. 

For the first parallel dataset, the Parallel corpus of Finnish and Easy-to-read 

Finnish from the Yle news articles 2019-2020, we only used a simple matching 

method that involved getting the document vectors using the DistilUSE 

embeddings and finding pairs of documents with the highest cosine similarity. A 

document vector was derived by taking the average from the first 15 sentence 

vectors in the document. The 15 sentence limitation was enforced due to the lack of 

 
18 https://github.com/facebookresearch/LASER 
19 https://github.com/yannvgn/laserembeddings 
20 https://huggingface.co/sentence-transformers/LaBSE  
21 https://huggingface.co/sentence-transformers/paraphrase-mpnet-base-v2  
22 https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased-v2  

https://github.com/facebookresearch/LASER
https://huggingface.co/sentence-transformers/LaBSE
https://huggingface.co/sentence-transformers/paraphrase-mpnet-base-v2
https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased-v2
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computing resources that we were experiencing at that time. This limitation was 

lifted in later experiments. 

We had to establish a cosine similarity threshold to extract the meaningful pairs. 

As seen in Figure 3.2, most pairs have cosine similarity scores between 0.6 and 0.7, 

with a little less than 500 pairs having a score of 0.5. In order to assess whether the 

scores actually represented semantic similarity and, if so, decide on what the 

threshold should be, we performed human evaluation on articles with scores from 

0.6 to 1. 

 

Figure 3.2. [Figure 1 from Paper VII] Distribution of cosine similarity scores across article pairs. 
X-axis is the approximated cosine similarity, y-axis is the number of pairs. 

An expert was asked to evaluate each pair and give it one of three scores: 

“positive” – if the two articles are definitely about the same topic, “negative” – if the 

articles definitely talk about different topics, or “neutral” – if it cannot be 

definitively said whether or not the articles talk about the same topic. The expert 

also gave comments on most of the negative cases. As demonstrated on Figure 3.3, 

there are 1257 “positive", 470 “negative", and 192 “neutral” article pairs in the 

dataset. Therefore, 65.5% of the data is “positive", 24.5% is “negative", and 10% is 

“neutral". It should be noted that we first performed automatic alignment, and only 

after that did the expert evaluate the aligned text pairs. 
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Figure 3.3.  [Figure 2 from Paper VII] Percentages of labels given by the expert. X-axis is the 
approximated cosine similarity, y-axis is the percentage. 

The most common reasons for giving a pair of articles a “negative” or “neutral” 

score were as such: 

• The Easy Finnish article was about a completely different topic. 

• The Easy Finnish article covered a similar topic but did not match exactly 

the original article for various reasons (e.g., time, location, different 

focus). 

• The Easy Finnish article could not be mapped to one original article but 

compiled information from several original articles. 

This small labeled dataset was later used in the creation of the Parallel corpus of 

Finnish and Easy-to-read Finnish from the Yle news articles 2014-2018. This time, 

more sophisticated strategies along with the simple vector matching approach were 

used for aligning the articles. Namely, we used a technique proposed in Thompson 

and Koehn (2020). 

Firstly, we employed the script23 provided in the Vecalign GitHub repository to 

obtain document embeddings for candidate generation. This method can be used 

 

23 

https://github.com/thompsonb/vecalign/blob/master/standalone_document_embedding_demo.

py 

https://github.com/thompsonb/vecalign/blob/master/standalone_document_embedding_demo.py
https://github.com/thompsonb/vecalign/blob/master/standalone_document_embedding_demo.py
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with different sentence embeddings, so we tried it with all four types of embeddings 

mentioned above. We set the K nearest neighbors to 5 and kept all other parameters 

default (such as J = 16 and γ = 20). We also experimented with dimensionality 

reduction for all embeddings to see how different the results can be. Following the 

original paper (Thompson and Koehn, 2020), we set the new dimensionality to 128. 

For sentence-transformers, we used the dimensionality reduction technique 

proposed within the library24. For LASER, we used the PCA (principle component 

analysis) module from scikit-learn (Pedregosa et al., 2011). 

Secondly, we utilized a simplified version of the candidate re-scoring method 

from Thompson and Koehn (2020) to re-score the output of the models that 

performed best during candidate generation. We only did this for the documents 

aligned with the Vecalign method and, following the original paper, used Vecalign 

with LASER sentence embeddings. We modified the original re-scoring formula as 

follows: 

𝑆(𝐸, 𝐹) =
1

𝑙𝑒𝑛(𝐸)
∑ 𝑠𝑖𝑚(𝑒, 𝑓) 
𝑒,𝑓∈𝑎(𝐸,𝐹)     

 

Here, E and F are the Easy and Standard Finnish documents respectively, a(E,F) 

is the alignment between these documents, and sim is the cosine similarity between 

sentences. Unlike in the original paper, we did not divide by the total number of 

alignments, because the mismatch in sizes of source and target documents is so 

great that it does not make sense to penalize for unaligned sentences. Instead, we 

divided by the number of sentences in the Easy Finnish document, because that 

would be the maximum possible number of alignments. We also did not take into 

account the probability that both documents were in the correct language because 

our task was monolingual. 

It should be noted that we treated document and sentence alignments as 

exclusive. So, if document 1 aligned with document 2, no other document could 

align with documents 1 or 2. In all document alignment methods for documents 

from 2014 to 2018, we employed a simple strategy to find the best match for each 

document after obtaining the K best candidates through other methods. For all Easy 

Finnish documents, we found a maximum of five possible Standard Finnish 

matches, obtaining a matrix of distances or similarities. Then, we found the 

maximum (for similarities) or minimum (for distances, which is what the Vecalign 

method returns) value in the matrix. We locked that document pair, eliminated it 

from the matrix, and looked for the next highest or lowest value. 

We used the manually-assessed document-aligned dataset with the articles from 

2019 to 2020 to evaluate the quality of automatic document alignment for the years 

2014-2020. During alignment evaluation, we only compared the document pairs 

 
24 https://github.com/UKPLab/sentence-transformers/blob/master/examples/training/ 

distillation/dimensionality_reduction.py  

https://github.com/UKPLab/sentence-transformers/blob/master/examples/training/%20distillation/dimensionality_reduction.py
https://github.com/UKPLab/sentence-transformers/blob/master/examples/training/%20distillation/dimensionality_reduction.py
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that were present in both the predicted sample and the annotated dataset, so the 

support was different in every case. When counting the “strict” scores, we 

considered “neutral” documents to be positive, and when counting “lax” (relaxed) 

scores, we considered the “neutral” documents to be negative. 

We experimented with different thresholds for cosine similarity and distance 

scores. In our case, the distance was the cosine distance computed within the scikit-

learn’s nearest neighbors algorithm and defined as 1.0 minus the cosine similarity. 

For both metrics, there were 9 possible thresholds from 0.1 to 0.9. We reached the 

conclusion that in the majority of cases, good F1 scores could be obtained with the 

highest (for distance) or lowest (for similarity) possible thresholds, which also let 

us obtain the highest number of pairs, i.e., have the best possible recall while still 

having high precision. Table 3.6 contains the evaluation results for the document 

alignment algorithm from Thompson and Koehn (2020) [the second approach], 

and Table 3.7 contains the results of document comparison with just cosine 

similarity between averaged sentence vectors [the first approach]. 

Reading guide for Tables 3.6 and 3.7: 

• Emb (embeddings): which embedding model was used in the particular 

experiment. “-128” denotes truncated embeddings; 

• Dist (Table 3.6): the cosine distance threshold between the document vectors 

(1 - cosine similarity). Pairs with cosine distance below this threshold are 

considered good matches; 

• Cos. sim. (Table 3.7): the cosine similarity threshold between document 

vectors. Each document vector is an average of all sentence vectors. Pairs 

with cosine similarity above this threshold are considered good matches; 

• Strict scores (precision, recall, F1-score): “positive” and “neutral” pairs in the 

reference dataset are considered “true”; 

• Lax scores (precision, recall, F1-score): only the “positive” pairs are “true”; 

• “Sup-1”: support-1, the number of pairs deemed “positive” (true pairs) under 

the current threshold; 

• “Sup-2”: support-2, the number of document pairs in the predicted sample 

that match the document pairs in the reference dataset. 

Table 3.6. [Table 1 from Paper VIII] Document alignment with Vecalign document embeddings 
(Thompson and Koehn, 2020). 

  Strict Lax   

Emb Dist p r f1 p r f1 sup-

1 

sup-

2 

Truncated embeddings 

LaBSE-

128 

0.9 0.723 1 0.84 0.82 1 0.901 1439 1439 
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  Strict Lax   

Emb Dist p r f1 p r f1 sup-

1 

sup-

2 

MPNet-

128 

0.9 0.718 1 0.836 0.814 1 0.898 1453 1453 

DistilUSE-

128 

0.9 0.712 1 0.832 0.808 1 0.894 1473 1473 

LASER-

128 

0.9 0.73 0.993 0.841 0.823 0.99 0.9 1319 1329 

Full-size embeddings 

LaBSE 0.9 0.728 1 0.842 0.824 1 0.903 1424 1424 

MPNet 0.9 0.717 1 0.835 0.814 1 0.897 1473 1473 

DistilUSE 0.9 0.711 1 0.831 0.807 1 0.893 1504 1504 

LASER 0.9 0.729 1 0.843 0.826 1 0.905 1188 1188 

After candidate rescoring 

LaBSE 

rescored 

n/a 0.701 1 0.824 0.80 1 0.89 743 743 

LASER 

rescored 

n/a 0.706 1 0.828 0.803 1 0.891 595 595 

 

Table 3.7. [Table 2 from Paper VIII] Document alignment by comparing averaged sentence 
embeddings. 

  Strict Lax   

Emb Dist p r f1 p r f1 sup-

1 

sup-

2 

LaBSE-

128 

0.68 0.717 1 0.835 0.812 1 0.896 1613 1613 

MPNet-

128 

0.55 0.701 1 0.825 0.797 1 0.887 1628 1628 

DistilUSE

-128 

0.47 0.689 1 0.816 0.783 1 0.878 1710 1710 

LASER-

128 

0.8 0.719 1 0.836 0.81 1 0.895 1574 1575 
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LaBSE and LASER embeddings gave the best results in all cases. That is why we 

decided only to try the candidate re-scoring method (Thompson and Koehn, 2020) 

on the results obtained with these embedding models. However, in our case, 

candidate re-scoring proved not to be particularly helpful. Not only did precision 

decrease, but we also got comparatively low support scores, which means that the 

set of document pairs that this algorithm retrieved matched the document pairs in 

the “true” data set rather vaguely. It can be seen that the candidate generation 

algorithm from Vecalign alone worked best in our case. Using full-size embeddings 

as opposed to truncated embeddings gave only a slight improvement to the 

performance (same as in the original paper (Thompson and Koehn, 2020)), which 

means that truncated embeddings can be used in a more data-dense setting.  

 After evaluating different document alignment methods on the reference 

dataset (Dmitrieva et al., 2022), we used the Vecalign candidate generation method 

with full-size LASER embeddings to create the parallel document-aligned Finnish-

Easy Finnish dataset for years, 2014-2018 (Dmitrieva and Yleisradio, 2024a). 

3.3.2.2 Sentences 

After obtaining document-aligned data from the years, 2014-2020, the next logical 

step was to make sentence-level alignments. This format is more common for 

training text simplification models. However, in the case of our dataset, sentence 

alignment proved to be a challenging task. 

For sentence alignment, we wanted the aligners to adhere to as many of the 

following criteria as possible: 

• One-to-one, one-to-many, many-to-one, many-to-many sentence 

alignments are all possible. 

• Crossing alignments/crossing links are allowed. Between document 1 

with sentences A, B, C (here and in all examples below sentences are given 

in the exact order) and document 2 with sentences a, b, c, d, we can have 

alignments such as BC -> a and A -> d. 

• Sentences within an alignment are consecutive. Between document 1 with 

sentences A, B, C and document 2 with sentences a, b, c, d, we cannot have 

alignments such as AC -> bd. We also cannot have alignments such as A -

> ba; only A -> ab is possible. 

• Alignments are exclusive. Between document 1 with sentences A, B, C and 

document 2 with sentences a, b, c, d, we cannot have both alignments A -

> a and B -> a; only one of them can be chosen. 

• If the method uses embeddings, it should be possible to change the 

embedding model. 

We were unable to find a method that would satisfy all the criteria, so we opted 

for those that came the closest. 
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The first method that we used was Vecalign for sentence alignment (Thompson 

and Koehn, 2019). It is based on the similarity of sentence embeddings and a 

dynamic programming approximation, which is fast even for long documents. 

Vecalign is language-agnostic because it can work with any embedding model. It 

does not provide crossing alignments but satisfies all other requirements. 

Our second aligner was Bertalign (Liu and Zhu, 2022), which works in two 

steps. The first step finds the optimal paths for 1-to-1 alignments based on the top-

k most semantically similar target sentences for each source sentence using the 

bidirectional encoder representations from transformer-based cross-lingual word 

embeddings. The second step relies on search paths found in the previous step to 

recover all valid alignments with more than one sentence on each side of the 

bilingual text (ibid.). Bertalign outperforms Vecalign on English-Chinese bilingual 

alignment (Liu and Zhu, 2022) and also on German-Easy German monolingual 

alignment (Stodden et al., 2023). This method also does not provide crossing 

alignments but satisfies all other requirements. 

Both Vecalign and Bertalign let the user set the maximum number of consecutive 

sentences that can be aligned at once (maximum overlap size). We set this number 

to 3 in all experiments. We chose this threshold because in the manually aligned 

golden test set for sentence alignment evaluation that we assembled, this was the 

maximum number of consecutive sentences appearing in one alignment, and 3:n 

and n:3 alignments were seen very rarely, so we did not see a reason to go over that 

limit. So, for example, between document 1 with sentences A, B, C and document 2 

with sentences a, b, c, d, we could only align A to a, ab, or abc, but not to abcd. 

We employed two baselines. The first was MASSAlign (Paetzold et al. 2017), 

which does not utilize embeddings at all. It uses a vicinity-driven approach in which 

it first creates a similarity matrix between the paragraphs/sentences of aligned 

documents/paragraphs, using a standard bag-of-words TF-IDF model, then finds a 

starting point to begin the search for an alignment path (ibid.). MASSAlign does not 

allow crossing alignments and sometimes returns non-exclusive alignments, but it 

has shown competitive results on the monolingual alignment task (Stodden et al., 

2023; Spring et al., 2023). We used it with default values as in the example script25, 

since we had discovered empirically that it is possible to obtain sensible alignments 

with these values. As a stop-words list, we used the stop-words list for Finnish from 

NLTK. 

The other baseline that we used was a simple algorithm similar to the one 

described earlier in Subsection 3.3.2 for choosing the best documents out of K best. 

We embedded all sentences and concatenations of consecutive sentences (of length 

1 <= len <= 3) and obtained a cosine similarity matrix. Then, we looked for the 

greatest value in this matrix, locked that alignment, eliminated all the sentences 

that went into that alignment (for instance, if we aligned sentences AB from 

 
25 https://ghpaetzold.github.io/massalign_docs/examples.html  

https://ghpaetzold.github.io/massalign_docs/examples.html
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document 1 to sentence b from document 2, we also eliminated rows A, B, ABC, BC, 

ab, abc, bc, bcd), and looked for the next highest value. This method satisfied all our 

criteria. 

For evaluation, we used the script provided in the Vecalign GitHub repository26 

to score our alignments. In order to obtain a gold test set, we manually aligned 50 

randomly chosen “positive” document pairs from the Parallel Corpus of Finnish and 

Easy-to-read Finnish 2019-2020 (Dmitrieva et al., 2022). There were 1638 singular 

sentences in Standard Finnish documents and 291 sentences in Easy Finnish 

documents. Between these documents, there were 223 non-zero alignments in the 

golden test set, of which 160 were one-to-one, 47 were one-to-many or many-to-

one, and 16 were many-to-many ("many” was never higher than 3). The results can 

be seen in Table 3.8: 

Table 3.8. [Table 3 from Paper VIII] Sentence alignment by different methods. Please refer to the 
reading guide in Subection 3.3.2 for column name explanations. 

 Strict Lax 

Embeddings p r f1 p r f1 

Vecalign 

LaBSE 0.786 0.305 0.439 0.847 0.7 0.766 

MPNet 0.788 0.3 0.435 0.852 0.704 0.771 

DistilUSE 0.789 0.314 0.449 0.841 0.65 0.733 

LASER 0.801 0.426 0.556 0.839 0.668 0.744 

Bertalign 

LaBSE 0.745 0.179 0.289 0.813 0.596 0.688 

MPNet 0.77 0.269 0.399 0.822 0.601 0.694 

DistilUSE 0.738 0.166 0.271 0.802 0.561 0.66 

LASER 0.694 0.081 0.145 0.749 0.408 0.528 

Cos. sim. matrix 

LaBSE 0.34 0.368 0.353 0.585 0.726 0.648 

MPNet 0.304 0.305 0.304 0.607 0.691 0.646 

DistilUSE 0.301 0.336 0.318 0.514 0.632 0.567 

LASER 0.311 0.269 0.288 0.601 0.614 0.608 

MASSAlign 

 
26 https://github.com/thompsonb/vecalign/blob/master/score.py  

https://github.com/thompsonb/vecalign/blob/master/score.py
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 Strict Lax 

Embeddings p r f1 p r f1 

n\a 0.57 0.238 0.335 0.774 0.318 0.451 

 

It can be seen that Vecalign with LASER embeddings outperforms all other 

methods. Bertalign seems to work significantly worse on our data than, for example, 

on German monolingual data (Stodden et al., 2023). We have come to the 

conclusion that the performance of different alignment methods depends greatly 

on the nature of the data since even different monolingual corpora on the same 

language align differently: compare, for example, the results in Spring et al. (2023) 

and Stodden et al. (2023), which both deal with German-Easy German alignment. 

However, in Spring et al. (2023), Vecalign also demonstrated good performance. 

Unfortunately, we were unable to obtain good results with MASSAlign or Bertalign 

like Stodden et al. (2023) did. However, it should be noted that while annotating 

the golden test set, we concluded that a large part of our data may be difficult to 

align even for humans. The greater the length difference between the Easy Finnish 

and Standard Finnish documents was, the harder it was to find true matches 

between the sentences. 

Vecalign provides a score for all non-zero alignments, which reflects the cost of 

the alignment. The cost is calculated by the scoring function, which takes into 

account the cosine distance between two embeddings of blocks of one or more 

sentences from the source and target documents, scales it by the number of 

sentences in the blocks, and normalizes it based on the cosine distance between the 

blocks that are being considered for alignment at the moment and randomly 

sampled sentences from the entire documents. The smaller the number is, the 

better the alignment. Zero scores are given to zero alignments, i.e., when the 

sentence is not aligned to any other sentence. We evaluated score thresholds from 

0.1 to 0.9 on the golden test set and then empirically. To us, it appears that 

alignments with the score <= 0.65 can be confidently chosen for further use. 

3.3.3 Dataset statistics 

The statistics of the Parallel Corpora of Finnish and Easy-to-read Finnish can be 

seen in Table 3.9. We only considered “positive” document and sentence pairs with 

the Vecalign score <= 0.65. If the score limit is lifted, the total number of non-zero 

pairs in the entire dataset would be 56088. 
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Table 3.9. [Table 4 from Paper VIII, some notations modified] Dataset statistics. 

 2019-20 2014-18 Total 

Documents 

Pairs 1257 7004 8261 

Words (Standard 

Finnish) 

471565 1700469 2172034 

Words (Easy-to-

read Finnish) 

69179 402274 471453 

Sentences 

Pairs 2994 8950 11944 

Words (Standard 

Finnish) 

41056 116684 157740 

Words (Easy-to-

read Finnish) 

26699 80926 107625 

 

An example of a dataset entry can be seen in Table 3.10. This excerpt is taken 

from the Parallel Corpus of Finnish and Easy-to-read Finnish from the Yle News 

Archive 2019-2020. 

Table 3.10. [Table 1 from Paper VII] An example of a dataset entry (Dmitrieva et al., 2022). The 
“index in selko” column includes the index of the entire entry in the Kielipankki dataset 
and the paragraph number after the underscore. Copyright: Yleisradio Oy, Finnish 
Broadcasting Company (Yle). 

index in 

selko 

index in 

regular 

selko 

text 

regular 

text 

cos_sim status comments 

3-

10973979

_0 

3-

10972641 

Raakaöljy

n hinta on 

noussut 

tänään 

melkein 

10 

prosenttia

. 

Hinnanno

usun syy 

ovat 

Saudi-

Arabiaan 

lauantain

Öljyn 

hinta 

nousi 

enemmän 

kuin 

Iranin 

vallankum

ouksen tai 

Kuwaitin 

sodan 

alettua. 

Öljyn 

hinta lähti 

odotetusti 

jyrkkään 

0.84402 Positive Small 

difference in 

selkonews: 

last 

sentence 
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a tehdyt 

iskut... 

nousuun 

markkinoi

den 

avauduttu

a 

maananta

iaamuna... 

 

3.4 How Simple are the Simple Parts in the Parallel 
Datasets? 

In Chapter 2, Section 2.5 I have already mentioned that the linguistic properties of 

Simple Language described in the Easy/Plain Language guides are actually present 

in simple and simplified texts across domains and languages. However, it is not 

always clear to what degree a text has been simplified. 

With RuAdapt being comprised of texts adapted for learners of Russian as a 

second language, it can be presumed that the authors adhered to the established 

criteria such as lexical minima during adaptation. Some of the chosen lexical 

simplification strategies (discussed in Paper IV and earlier in this chapter) also 

point at the adaptations being aimed primarily at the international audience 

interested in learning Russian. Whether or not these texts are suitable for other 

audiences that can benefit from Easy Language (such as children, people of old age, 

people with learning disabilities) is an open question, and the answer will probably 

vary for each individual text. Nevertheless, one advantage of the RuAdapt dataset 

is that the texts are marked by CEFR grade levels, however broad these markings 

may be. This gives the prospective reader a perception of their chance to succeed in 

understanding the text, and is also useful for automatic text simplification. For 

example, it can be beneficial if one wants to train a model capable of simplifying 

texts for different CEFR grade levels. 

The audience of the Yle Uutiset selkosuomeksi is much broader. According to 

the interviews conducted by Kulkki-Nieminen (2010), the three main target groups 

for news in Easy Finnish are immigrants, older adults, and people with intellectual 

disabilities. When Yle Uutiset selkosuomeksi started broadcasting, however, it was 

primarily aimed at heritage Finnish speakers who had learned Finnish at home but 

were no longer in the Finnish language environment (P. Seppä, personal 

communication, March 3, 2023). With a target audience as broad as that, it is 

difficult to produce content that is equally easy for all audience members to 

understand. The Easy Finnish news is undoubtedly easier to understand than the 

“regular” Yle broadcasts, but this “easiness” is hard to measure. In Paper VII we 
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established that most of the Easy Finnish Yle articles adhered to the following Easy 

Finnish criteria from Selkomittari 2.0: 

• The text contains mainly general vocabulary evaluated as familiar to 

thereaders. 

• The text does not contain many long words. 

• The text contains no figures of speech that require creative reasoning to 

understand (to chip away at something, brain drain, etc.). 

• The text contains high, precise numerical figures only if this is justified 

by its topic. If necessary, figures are approximated. 

• Figures, numbers, units of measure, and relationships between numbers 

are presented visually. 

• The text contains no abbreviations or acronyms, except for established 

ones that are better recognized as abbreviations than if written out in full 

(PDF, DVD). 

• The text does not contain many language structures rated difficult. 

• Clauses and sentences are mainly short. 

• The text contains no words that have several different elements, such as 

derivative affixes, inflectional suffixes, and clitics. 

• Sentence structures are simple. For the most part, they only have one 

subordinate clause. 

It should be noted that in some cases, the Easy Finnish articles were not 

particularly easy to understand. For example, we have encountered complicated 

vocabulary (such as the word amurinleopardikissapariskunta [the pair of Amur 

leopards]), complex sentence structures (in one case, a long sentence with four 

subordinate clauses) and colloquialisms without any additional comments on their 

meaning. There were also Easy Finnish articles that merely summarized the original 

ones with no sentence-level simplification. Obviously, not everything needs to be 

simplified, and sometimes the authors of Easy Finnish texts will use complex words 

or constructions if they consider it necessary based on their expertise. Nevertheless, 

it is evident that the “easiness” level might vary from one article to another. In the 

absence of automated tools for measuring text complexity, it is hard to say where 

the Easy Finnish Yle articles fall on any kind of complexity scale, such as the 

aforementioned CEFR grade levels. 

In conclusion, the corpora described in this chapter can be used for “general” 

text simplification, where the task is just to make the text more readable to the 

general audience. RuAdapt in particular can also be used to simplify texts for 

learners of Russian as a second language. However, establishing where exactly the 

“simple” parts of these corpora lie on the Easy to Standard Language spectrum is a 

question for future research. 
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4 Automatic Text Simplification 

4.1 Model architectures 

 

This chapter will cover different approaches to creating automatic text 

simplification systems and ways to achieve optimal performance in simplification, 

particularly for Russian and Finnish, so as to meet the second research objective 

and answer the final research question of this thesis (RQ3). I will detail the 

exploration of automatic text simplification on the datasets described in Chapter 3, 

as in Papers II and VIII. I will also describe the experiments with various methods 

for performing automatic text simplification with limited resources, such as 

transfer learning (Paper I) and controlled simplification (Paper V). Finally, this 

chapter will touch on the evaluation of simplified texts (RQ1) in Section 4.2, which 

outlines various methods for automatic evaluation of simplification systems’ 

output. 

Most of the work on this project was carried out from the beginning of 2020 to 

the end of 2023. During these years, deep neural networks were already widely used 

for most natural language processing applications. Also, large language models 

(LLMs) such as ChatGPT became available to the general public. Still, most of the 

methods described in this chapter utilize relatively small models by today’s 

standards, because the size of state-of-the-art models is growing constantly. 

As previously discussed, text simplification is most often viewed as a 

monolingual translation task. Therefore, the same approaches that are used for 

multilingual machine translation can also be employed for automatic text 

simplification. Over the course of this thesis project, we mostly experimented with 

sequence-to-sequence neural networks, i.e. those that have an encoder and a 

decoder part. These networks are designed to transform one sequence into another 

(hence the name) and are widely used for machine translation tasks. An example of 

such a model can be seen in Figure 4.1. This model is comprised of two recurrent 

neural networks (RNNs): the main feature of these networks is their ability to 

“memorize” the information from the entire sequence by utilizing a hidden state. In 

the figure, it can be seen that the encoder network memorizes a sequence in 

Russian, and that memory is passed on to the decoder network, which translates 

this information into English. 
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Figure 4.1. A sequence-to-sequence model with an encoder an a decoder part. (Voita, 2020) 

In the first two papers, we mostly employed long-short term memory networks, 

or LSTMs (Hochreiter and Schmidhuber, 1997): a type of seq2seq-architecture that 

allows the model to “keep in mind” longer sequences while retaining only useful 

information and forgetting the rest. After that, we moved to transformer 

architectures, such as mBART and T5, which at the time were showing state-of-the-

art results in tasks like summarization and simplification. In Paper VIII, we also 

employed Finnish GPT XL: a decoder-only model that was specifically developed 

for text generation tasks. 

Transformer neural networks are also capable of “memorizing” an entire 

sequence, but in a more efficient and flexible way. Instead of the information being 

passed from the first token to the last, like in Figure 4.1, each token in a transformer 

“attends” to the current, previous, and next tokens and retains the information that 

is most relevant to the current token (this mechanism is called “attention” and is 

described in Vaswani et al. (2017). Transformers do not need recurrence to capture 

dependencies but can rely entirely on the attention mechanism. 

For the experiments in Paper I, we used the Pointer-Generator model with 

coverage penalty proposed in Gehrmann et al. (2018)27. One of the main reasons for 

choosing this architecture is that, due to its data efficiency, this technique can be 

easily adjusted to a new domain (ibid.), which in our case is the simplification task. 

Since this architecture has already been used on the CNN/DailyMail dataset, we are 

using similar model parameters to those previously used for this dataset. 

The model in Paper I was built using the OpenNMT toolkit (Klein et al., 2017). 

It uses a one-layer LSTM with 512 hidden states and an embedding size of 128. The 

encoder is a bidirectional LSTM with 512 hidden states (256 in both directions). The 

 

27 The “Models” section in the published version of Paper I contains an error that may lead readers 

to assume that we also used a content selection model in addition to the Pointer-Generator model, 

as had the authors of the cited work. It should be noted that we did not perform content selection 

as described in Gehrmann et al. (2018). 
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model uses copy attention (Vinyals et al., 2015) to copy words from the source. The 

copy loss is divided by the length of the sequence in tokens, which was proven by 

(Gehrmann et al., 2018) to generate longer sequences during inference. This model 

uses Adagrad optimizer, no dropout, and gradient clipping with a maximum norm 

of 2. At the inference stage, beam search with a beam size of 10 is used, because it 

has been found out that bottom-up attention requires a larger beam (Gehrmann et 

al., 2018). Multiple penalties are applied during inference: length penalty is used to 

encourage longer sequences, coverage penalty is used to avoid repetitions, and 

repeating trigrams are blocked. 

In Paper II, we chose the architecture based on Nisioi et al. (2017), which has 

proven to perform well on the English simplification task. The implementation of 

this architecture is openly available online28 and has some modifications that have 

further improved its performance (Cooper and Shardlow, 2020). Following this 

implementation, we used OpenNMT-py to build our models. As in the original 

paper, we used an architecture with 2 LSTM layers with hidden states of 500 and 

500 hidden units. The dropout probability was set to 0.3. SGD was used as an 

optimizer, and global attention and input feeding were employed. We also 

employed the default learning rate of 1.0 with a decay of 0.7. The vocabulary size 

was set to 50000, which also happened to suit our needs, since the vocabularies of 

the original paragraphs exceed this number only slightly and the adapted 

vocabularies are even smaller. 

As the project progressed, we moved to larger models. Unlike the neural 

networks described before, these models are usually not trained from scratch every 

time. Instead, on the first stage, these models are pre-trained on various tasks in 

order to gain language skills (often in multiple languages) and world knowledge. 

There are many such pre-trained models available online, many of them made by 

corporations such as Google, Microsoft, Meta, and the like. The users can download 

these models and fine-tune them to a particular task without repeating the 

expensive pre-training process, which requires a lot of data. In Paper V, we used 

versions of two transformer architectures, BART (Lewis et al., 2020) and T5 (Raffel 

et al., 2020). 

The first model that we used was mBART cc25 (Y. Liu et al., 2020), a model with 

12 encoder and decoder layers trained on a monolingual corpus of 25 languages29. 

mBART was pretrained on the task of denoising full texts in multiple languages, 

which has allowed it to be directly fine-tuned for machine translation (ibid.). The 

preprocessing, training, and inference process in Paper V was identical to that of 

 
28 https://github.com/senisioi/NeuralTextSimplification  
29 https://github.com/facebookresearch/fairseq/blob/main/examples/mbart/README.md  

https://github.com/senisioi/NeuralTextSimplification
https://github.com/facebookresearch/fairseq/blob/main/examples/mbart/README.md
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the RuSimpleSentEval competition baseline30. We used the weights provided in the 

fairseq library31. 

The second model was a version of Google’s multilingual T5 (Xue et al., 2021) 

with only Russian and some English embeddings left32. The original T5 model was 

pretrained on multiple transformation tasks, each converted into a text-to-text 

format (Raffel et al., 2020). The fine-tuning process of our model was similar to the 

one used by Дале (2021) for fine-tuning a T5 model for multiple tasks, including 

paraphrasing Russian texts (Дале, 2021). 

The same mBART model was also used in Paper VIII. In addition to that, we also 

used the Finnish GPT-3: a Generative Pretrained Transformer with 1.5B parameters 

for Finnish (Luukkonen et al., 2023). We used the XL version33 and fine-tuned it 

according to the authors’ instructions34. It should be noted that GPT models are not 

sequence-to-sequence, but decoder-only architectures. Therefore, the task of 

translation is reformulated as a text generation task that follows a textual prompt. 

Nevertheless, with large enough model size and enough training data, these 

architectures have proven to be effective in simplification problems as well 

(Vadlamannati and Şahin, 2023). 

One can employ different approaches to automatic text simplification. For 

example, if the available data is scarce, transfer learning could be used, in which a 

model would learn multiple tasks with an expectation that the knowledge would be 

transferred between the tasks. In Paper I, we explored the possibilities of combining 

the summarization and simplification tasks, expecting the model to use its 

summarization skills to aid the simplification process. In order to have more control 

over the model’s output, various methods of controlled simplification can be 

utilized. For instance, in Paper V, I explored the possibilities of tailoring BART’s 

output to match certain CEFR grade levels. Finally, larger models can learn 

instructions instead of just operating in a sequence-to-sequence setting. Instruction 

tuning can also give the user more control over the output. This method has not 

been fully explored during the work on this project, but we have touched upon it in 

Paper VIII. 

Modern neural network models can produce high-quality simplifications, but 

even the largest models are prone to errors. The best way to assess the quality of a 

model is through human evaluation. However, such evaluation can be an expensive 

and lengthy process, sometimes worth a separate research paper. During the work 

on this thesis, we never evaluated the simplification models’ output extensively with 

the help of human assessors, although we have always inspected the output 

 
30 https://github.com/dialogue-evaluation/RuSimpleSentEval  
31 https://github.com/facebookresearch/fairseq/blob/main/examples/mbart/README.md  
32 https://huggingface.co/cointegrated/rut5-base  
33 https://huggingface.co/TurkuNLP/gpt3-finnish-xl  
34 https://github.com/spyysalo/instruction-finetune  

https://github.com/dialogue-evaluation/RuSimpleSentEval
https://github.com/facebookresearch/fairseq/blob/main/examples/mbart/README.md
https://huggingface.co/cointegrated/rut5-base
https://huggingface.co/TurkuNLP/gpt3-finnish-xl
https://github.com/spyysalo/instruction-finetune


 

59 

 

ourselves, albeit without performing any systematic qualitative assessment. 

Instead, due to time and resource constraints, we relied on language-agnostic 

automatic evaluation metrics designed for simplification evaluation, which are 

described in Section 4.2. 

4.2 Metrics 

At present, the most commonly used score for automatic simplification evaluation 

is SARI: a method for comparing system output against references and against the 

input sentence. It explicitly measures the goodness of words that are added, deleted, 

and kept by the systems (Xu et al., 2016). For each example, SARI takes into account 

the source text, the system’s output, and at least one reference (target) sentence. It 

can also operate with multiple reference sentences. SARI takes into account the 

addition, deletion, and keeping operations happening between the texts. In the 

original implementation, the authors calculated the precision and recall for 

addition and keeping operations, and precision for deleting (because overdeleting 

hurts readability much more significantly than not deleting - ibid.). The score is 

calculated as follows (Xu et al., 2016): 

 𝑆𝐴𝑅𝐼 =
1

3
𝐹del +  

1

3
𝐹del +

1

3
𝑃del  

In general, SARI rewards operations that occur in output and in at least one of the 

references. 

Before SARI became widely used, the BLEU score (Papineni et al., 2002) was 

often used for assessing simplification quality. BLEU is a method for automatic 

evaluation of machine translation that works by comparing system’s outputs to a 

reference set of good quality human-made machine translations by calculating the 

proportion of n-gram matches between the outputs and references. However, BLEU 

has been recognized as being unfit for evaluating simplification (Elior et al., 2018), 

mostly because it does not account for sentence splitting properly, which is why we 

have only used it in some of the early papers in this thesis, mainly so that the scores 

could be compared to earlier works in simplification. 

Another family of metrics that are sometimes used for simplification evaluation 

is readability scores. There are many formulas for automatic readability 

assessment, but perhaps the most popular score in the simplification community is 

the Flesch-Kincaid Grade Level, or FKGL (Kincaid et al., 1975). It is a simple score 

that takes into account the number of words per sentence and the number of 

syllables per word. The coefficients make the resulting score adhere to a certain 

level of education (a school grade or above) that is essential for understanding the 

text. It has been criticized for being too easy to manipulate (Tanprasert and 

Kauchak, 2021); however, it is still sometimes used in combination with other 

scores. 
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It should be noted that the exact scores that the system will get can differ 

depending on the framework that is used for evaluation. In all of the papers covered 

in this research, SARI and BLEU scores were calculated with the help of the EASSE 

library (Alva-Manchego et al., 2019). It can also be used for calculating FKGL; 

however, the constants in the FKGL formula need to be adjusted depending on the 

language, and the EASSE version is optimized for English, so we used a different 

implementation for Russian35. In some papers, additional scores were also 

employed. 

It is worth mentioning that, in all of the experiments discussed below, we were 

interested in exploring a particular method rather than choosing the best 

hyperparameters for the models. Therefore, the evaluation focused on proving that 

the method was a viable option for implementing text simplification systems rather 

than finding the optimal configuration for the task. In particular, we wanted to test 

models that were trained from scratch, could be controlled in various ways, and 

systems that benefited from transfer learning and pre-trained models. 

4.3 Methods and Results 

4.3.1 Training a Neural Network From Scratch 

Paper II provides an example of creating a simple automatic text simplification 

model from scratch. The primary goal of training that neural network was to test 

the newly created Russian-Simple Russian dataset to see if it was sufficient to create 

simplification models. 

 

Data: the RuAdapt dataset is described in detail in the previous chapter (Section 

3.2.1). At the time of working on Paper II, there existed only the adapted literature 

subcorpus of RuAdapt, which had two versions aligned with different aligners. The 

adapted literature subcorpus of RuAdapt that is currently available online is a little 

smaller than the one used in Paper II, since some novels could not be made public 

due to copyright reasons. Using Bleualign on our data resulted in 7452 aligned 

paragraphs, and with CATS-Align we obtained 9352. The test and development set 

sizes for the dataset aligned with Bleualign were both 1000 paragraphs, and for the 

data aligned with CATS they were 1500 paragraphs. Besides, a small test set of 302 

manually aligned paragraphs from original and adapted texts for young native 

Russian speakers was used to test the model. 

 

 
35 https://github.com/infoculture/plainrussian  

https://github.com/infoculture/plainrussian
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Preprocessing: the data was sufficiently cleaned before training. No further 

preprocessing techniques were applied, since our main goal was to see how good 

the quality of data was “as is.” 

 

Experiments: we used a simple LSTM network described in Section 4.1. This 

model was trained only on the RuAdapt data from scratch. Two models with the 

same architecture were trained separately on the same data and aligned with 

different aligners. The models were tested on the respective test sets, and also on 

the small manually aligned test set. 

 

Evaluation and results: the results of our experiments are presented in 

Tables 4.1 and 4.2. At the time of writing this paper, there were no state-of-the-art 

Russian automatic text simplification systems yet, so we did not have anything to 

compare these scores to. However, the results we obtained demonstrate the success 

of the system even with today’s standards, where a SARI score of around 40 is 

considered a reasonable outcome for Russian text simplification (see, for example, 

Sakhovskiy et al. (2021), and also the competition’s GitHub: 

https://github.com/dialogue-evaluation/RuSimpleSentEval). 

Table 4.1. [Table 5 from Paper II] Simplification evaluation – larger automatically aligned test sets. 

Aligner BLEU SARI FKGL 

Bleualign 21.68 42.97 2.82 

CATS 14.69 40.94 2.82 

 

As can be seen in Table 4.1, models trained on the data aligned with Bleualign 

tend to have higher BLEU scores. However, the SARI scores for both datasets are 

close, and the outputs are equally readable according to FKGL. 

As for the performance on completely unseen out-of-domain data, both models’ 

performance declined. The best results for each system on the small test set are 

presented in Table 4.2. It can be seen that, although the BLEU scores halve 

compared to the bigger test set, the SARI and FKGL scores do not show such a rapid 

decline. In fact, the change in readability is very small in comparison to Table 4.1. 

Table 4.2. [Table 6 from Paper II] Simplification evaluation – small manually aligned test set. 

Aligner BLEU SARI FKGL 

Bleualign 10.86 35.53 3.33 

CATS 7.51  33.84 2.72 

 

https://github.com/dialogue-evaluation/RuSimpleSentEval
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Some examples of simplifications made by the best model can be found in Table 

4.3. It can be seen that some simplifications, especially for the shorter sentences, 

happen to be identical to the target sentences. However, in some cases, the model 

simplifies the source text more than the original target sentence: for instance, in 

one of the examples in Table 4.3, the word надобно is substituted for a more 

frequently used synonym нужно, even though the substitution does not happen in 

the target sentence. 

Table 4.3. Examples of simplification. English translations done by me with the help of Google 
Translate. 

Source — Чего тебе надобно, Алексеевна? 

— строго спросила Домна 

Замородновна.  

— What do you need, Alexeevna? 

— Domna Zamorodnovna asked 

sternly. 

Target — Чего тебе надобно, Алексеевна? 

— строго спросила Домна 

Замородновна.  

— What do you need, Alexeevna? 

— Domna Zamorodnovna asked 

sternly. 

Output — Чего тебе нужно, — строго 

спросила Домна Замородновна. 

— What do you need, — Domna 

Zamorodnovna asked sternly. 

Source — И что же? — закричал я в 

нетерпении услышать конец. 

— So what? — I yelled, impatient 

to hear the end [of the story]. 

Target — И что же? — закричал я. — So what? — I yelled. 

Output — И что же? — закричал я. — So what? — I yelled. 

 

4.3.2 Model Fine-tuning 

In the later works, such as Paper V and VIII, we moved from smaller neural 

networks that can be trained from scratch to bigger networks that are usually fine-

tuned on top of pre-trained models. Paper VIII in particular is an example of using 

models of different types to solve a sequence-to-sequence task. The main objective 

of these experiments was close to that of Subsection 4.3.1: we compared the 

performance of models without any specific optimization of the training procedures 

on a new dataset to see if the dataset was sufficient for training for the simplification 

task. 

 

Data: we used the sentence-aligned version of the Parallel Corpus of Finnish and 

Easy-to-read Finnish for the experiments. The dataset is described in Section 3.3. 

 

Preprocessing: the texts from the Yle archives contain very little noise as they 

were taken directly from the Yle database, which contains articles published on the 
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yle.fi website. Therefore, after aligning the sentences, no further cleaning was 

needed. No other specific preprocessing was needed for the planned experiments. 

 

Experiments: the models used in this study were the mBART and Finnish GPT 

models described above in Section 4.1. We used the fairseq library (Ott et al., 2019) 

to fine-tune mBART, and the Huggingface Transformers library (Wolf et al., 2020) 

to fine-tune Finnish GPT. Because we used different architectures, the training 

approaches were also slightly different. For mBART, we utilized the standard 

schema for sequence-to-sequence training: supplying the source sentences to be 

used for encoding and the target sentences to be used for decoding. For Finnish 

GPT, we used an approach called instruction fine-tuning (Ouyang et al., 2022), in 

which a model is given an instruction, an input, and an expected output during 

training. The expectation is that the model will learn to generate an output in a 

specific way after being given an instruction, which is the same across all the 

training data, and some input. We used a simple instruction “Mukauta 

selkosuomeksi” [translate to Easy Finnish]. 

 

Evaluation and results: for evaluation, we again used the SARI score from the 

EASSE library. The evaluation results can be seen in Table 4.4. “Highest SARI” 

denotes the highest SARI score observed across all the training epochs; 

coincidentally, both models achieved their highest score on the 10th epoch, and the 

score declined afterwards. 

Table 4.4. [Table 5 from Paper VIII] Model evaluation results for sentence simplification. 

 Highest SARI Epoch 

mBART 37.612 10 

Finnish GPT 44.63 10 

 

We also provide quality estimation features available in EASSE: the 

compression ratio of the simplification with respect to its source sentence, the 

Levenshtein similarity between source and simplification (calculated as 

Levenshtein ratio in characters), the average number of sentence splits performed 

by the system, the proportion of exact matches (i.e., original sentences left 

untouched), the average proportion of added words and deleted words (Alva-

Manchego et al., 2019). We did not report the lexical complexity score because, to 

the best of our knowledge, it is not language-agnostic in the current EASSE 

implementation. For comparison, we provided the quality estimation values 

between the source and target documents. The values can be seen in Table 4.5. 
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Table 4.5. [Table 6 from Paper VIII] Quality estimation reports from EASSE. “Compression” stands 
for compression ratio, “Levenshtein” stands for Levenshtein similarity, and “Additions” 
and “Deletions” stand for additions and deletions ratio. 

Feature mBART FinnGPT Target 

Compression 0.71 0.68 0.743 

Sentence splits 0.828 0.831 0.875 

Levenshtein 0.782 0.61 0.559 

Exact copies 0.181 0.036 0.02 

Additions 0.057 0.297 0.403 

Deletions 0.339 0.559 0.618 

 

On average, both mBART and Finnish GPT compressed the target sentences less 

than the actual test target sentences were compressed relative to the test source 

sentences. However, both systems came close to the correct amount of sentence 

splitting. The higher Levenshtein similarity, the number of exact copies, and the 

smaller number of additions and deletions lead us to believe that mBART is a more 

conservative model, which can explain its lower SARI scores. 

Some examples of simplifications produced by the models can be found in Table 

4.6. It can be seen that mBART makes fewer changes to the original sentence, 

sometimes leaving the smaller sentences unchanged. However, it should be noted 

that sometimes the target sentence also does not change the source much, so this is 

not necessarily an undesirable behavior. Finnish GPT seems to produce shorter and 

easier sentences but does not really change word order, which would be beneficial 

in the third example. The shortening can probably be explained by the fact that a 

lot of manual simplifications in our dataset also shorten the original sentences 

greatly. Sometimes, none of the models get to the simplification degree that the 

target sentence shows: for instance, in the 1st example, although the models 

performed some simplification, such as using a number to spell percentages and 

changing some words, it is still not as simple as the target. However, the outputs 

are coherent and provide at least some degree of simplification. 

The fine-tuned Finnish GPT can be found in the following repository: 

https://huggingface.co/Helsinki-NLP/simple-finnish-gpt3-xl. The fine-tuned 

mBART model can be accessed here: https://huggingface.co/Helsinki-NLP/fin-

simple-mBART, or through the following PID: http://urn.fi/urn:nbn:fi:lb-

2024011801.  

https://huggingface.co/Helsinki-NLP/simple-finnish-gpt3-xl
https://huggingface.co/Helsinki-NLP/fin-simple-mBART
https://huggingface.co/Helsinki-NLP/fin-simple-mBART
http://urn.fi/urn:nbn:fi:lb-2024011801
http://urn.fi/urn:nbn:fi:lb-2024011801
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Table 4.6. [Table 7 from Paper VIII] Example simplifications. Finnish texts are from news articles 
(copyright: Yleisradio), and English texts are translations of the sentences above. 

Source Target mBART Finnish GPT 

Text 1 

Suomen 

Apteekkariliiton 

mukaan tilastot 

osoittavat, että 

mielialalääkkeiden 

euromääräinen 

myynti on kasvanut 

Suomessa noin 

yhdeksän prosenttia 

viime vuodesta. 

Mielialalääkkeiden 

myynti on kasvanut 

Suomessa tänä 

vuonna. 

Suomen 

Apteekkariliitto 

kertoo, että 

mielialalääkkeiden 

myynti on kasvanut 

Suomessa noin 9 

prosenttia viime 

vuodesta. 

Suomen 

Apteekkariliitto 

sanoo, että 

mielialalääkkeiden 

myynti on kasvanut 

apteekeissa noin 9 

prosenttia viime 

vuodesta. 

Translation 

According to the 

Finnish Association 

of Pharmacists, 

statistics show that 

the sales of mood 

drugs in euros in 

Finland have 

increased by around 

nine percent since 

last year. 

Sales of mood 

medications have 

increased in Finland 

this year. 

The Finnish 

Association of 

Pharmacists says 

that sales of mood 

medications have 

grown in Finland by 

about 9 percent 

since last year. 

The Finnish 

Association of 

Pharmacists says 

that sales of mood 

medications have 

increased in 

pharmacies by 

about 9 percent 

since last year. 

Text 2 

Onnettomuus 

tapahtui vähän 

ennen puolta päivää 

paikallista aikaa 

Coraton ja Andrian 

välisellä 

rataosuudella Etelä-

Italiassa. 

Onnettomuus sattui 

lähellä Andrian 

kaupunkia. 

Coraton ja Andrian 

välisellä 

rataosuudella Etelä-

Italiassa on 

tapahtunut 

onnettomuus. 

Onnettomuus 

tapahtui vähän 

ennen puolta 

päivää. 

Translation 

The accident 

happened shortly 

before noon at the 

local time on the 

line between Corato 

The accident 

happened near the 

city of Andria. 

An accident has 

occurred on the 

track section 

between Corato and 

Andria in southern 

Italy. 

The accident 

happened shortly 

before noon. 
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Source Target mBART Finnish GPT 

and Andria in 

southern Italy. 

Text 3 

Sankarikoiria 

Suomessa on 

nimetty jo vuosia. 

Suomessa on valittu 

sankarikoiria jo 

monta vuotta. 

Sankarikoiria 

Suomessa on 

nimetty jo vuosia. 

Sankarikoiria on 

Suomessa. 

Translation 

Hero dogs in 

Finland have been 

named for years. 

Hero dogs have 

been chosen in 

Finland for many 

years. 

Hero dogs in 

Finland have been 

named for years. 

There are heroic 

dogs in Finland. 

 

4.3.3 Multi-Task Learning 

In Paper I we explored the possibilities of transfer learning for low-resource text 

simplification by jointly learning to summarize and simplify texts. At the time of 

writing this paper, we had already established that this thesis project would be 

focused on simplification for languages without large simplification datasets, and 

that we wanted to start with Russian. In 2020, there were no parallel datasets for 

Russian text simplification available online, whether with open or restricted access, 

so we made the decision to test our multi-task learning approach on English data, 

with the hopes of later experimenting with Russian texts. 

Since simplification and summarization are very similar tasks, they are 

sometimes combined in the development of systems for text complexity reduction. 

(Saggion, 2017) lists multiple examples of such systems. In one of them, sentence 

simplification was used as a part of a multi-document extractive summarization 

algorithm. Sentences were simplified before clustering and selecting relevant 

sentences from each cluster (ibid.). In another system (Lal and Ruger, 2002), lexical 

simplification is used during summary generation to replace difficult words. 

The decision to combine the summarization and simplification tasks was made 

in part because we believed that, in most languages, summarization datasets are 

easier to build than simplification datasets: for example, by aligning Wikipedia 

article summaries (short paragraphs that preface the main body of text in an article) 

with the text of the article. Simplification-specific datasets, on the other hand, are 

difficult to build, since a lot of languages such as Russian do not have “simple” 

versions of regular media sources. For example, while the “regular” Wikipedia exists 

in many languages, Simple Wikis are quite rare. Besides, both simplification and 

abstractive summarization require a good understanding of text semantics, so we 
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assumed that finding a proper way to preserve the meaning of texts could benefit 

both tasks. 

As mentioned above, we used the OpenNMT-py toolkit (Klein et al., 2017) to 

preprocess our data, as well as to train and test the models. 

 

Data: for the purposes of this research, we used two different datasets: the 

Simple Wikipedia dataset (Kauchak, 2013) for simplification and the 

CNN/DailyMail dataset (Nallapati et al., 2016) for summarization. We used data 

aligned at the document level instead of a sentence-to-sentence alignment 

approach, which at that time was (and still is) commonly used in simplification. 

First, document-level alignment is common for text summarization datasets as it 

allows models to learn to omit entire sentences and parts of the text. Second, for 

languages without large simplification datasets, it would be easier and less time-

consuming to create a simplification dataset aligned at the document level. 

CNN/DailyMail has around 300 thousand documents (231 mln. tokens), and 

SimpleWiki has 60 thousand (94 mln. tokens). 

 

Preprocessing: we employed multiple methods to preprocess the texts. First 

of all, punctuation was detached from words, as it was required for the type of 

models that we trained. Secondly, for some of the models, we applied an additional 

sentence tokenization method. It had been shown that the summarization models 

can perform better on the CNN/DailyMail dataset if sentence boundary tagging is 

applied to the target text beforehand like this: ‹t› w1 w2 w3 . ‹/t› (Gehrmann et al., 

2018). We also used two types of word tokenization: singular words as tokens and 

subword units obtained from SentencePiece36. The latter allowed us to take 

advantage of a smaller vocabulary. 

We followed the approach of See et al. (2017) for automatic summarization on 

CNN/DailyMail and truncated the source texts to 400 tokens and the target texts to 

100 tokens. Although such truncation might seem brutal, See et al. (2017) proved 

that, at least for the CNN/DailyMail dataset, it can improve the performance of the 

summarization model. We also used a dynamic dictionary and shared vocabulary 

to ensure that source and target sentences were aligned and used the same 

dictionary, which is needed for copy attention – an implementation of pointer-

generator networks that considers copying words from the source sequences 

(Gehrmann et al., 2018; Wang et al., 2016). 

 

Experiments: we tested the following setups to determine the best approach: 

• Experiments on a singular dataset. In order to evaluate the 

performance of the models trained on the two datasets correctly, the 

models were also trained on each dataset separately. Moreover, separate 

 
36 https://github.com/google/sentencepiece  

https://github.com/google/sentencepiece
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models were trained on versions of the datasets with and without 

sentence boundary tagging. In addition, we also experimented with 

applying different SentencePiece tokenization and comparing the 

performance of models trained on data preprocessed with SentencePiece 

to that of models trained on regular data. 

• Experiments with fine-tuning. We first trained a model on the 

summarization dataset and then fine-tuned it on the smaller 

simplification dataset. For this experiment, we also employed different 

versions of the dataset, with and without sentence boundary tagging. 

• Experiments on the joined dataset. Some models were trained on 

both datasets simultaneously. All source texts were augmented with task-

specific tags: “<2sum>” at the start of a sentence meant that the text was 

to be summarized, and “<2simp>” meant that the text was to be 

simplified. We tried multiple approaches to compensate for the mismatch 

in the sizes of the datasets. In one experiment, the model was trained on 

a joined dataset with the volume of each original dataset preserved. In 

another experiment, the summarization data was undersampled and the 

simplification data was oversampled (with some texts being repeated) so 

that the amount of source simplification data was 117,550 texts and the 

summarization data was 287,227 texts. In the third experiment, the 

model mentioned in the first experiment was additionally fine-tuned on 

simplification data that it had already seen. 

 

Evaluation and results: we used the BLEU, SARI, and FKGL (Flesch-Kincaid 

Grade Level) scores for evaluating simplification and readability, and also a pure 

Python implementation of the ROUGE score37, which is a commonly used score for 

summarization evaluation. 

Experiments on single datasets showed that the best simplification scores were 

obtained with the simplest preprocessing strategies, without SentencePiece or 

sentence boundary tagging. However, using BPE tokenization seems to give better 

results in summarization for models trained on a single dataset. Sentence boundary 

tagging, although it improved summarization performance on the CNN/DailyMail 

dataset, did not seem to be effective on other data. 

Training the model on one dataset and then fine-tuning it on another proved to 

be less effective than using the datasets jointly with task-specific tags. As for joined 

training, the oversampling and undersampling approaches proved to be less 

effective than just combining the datasets as is without further fine-tuning. The 

models trained on the joined dataset could perform different tasks with the same 

 

37 https://github.com/pltrdy/rouge  

https://github.com/pltrdy/rouge
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effectiveness as models trained for one task and tested on the corresponding data. 

The different tokenization approaches tested did not seem to have a significant 

effect on the performance of these models. 

Finally, we compared the performance of the models trained on the joined 

dataset on regular test sets and on test sets with reversed tags (where <2sum> 

becomes <2simp> and vice versa) in order to see if the models understood the 

semantics of task-specific tags. Evaluation scores decreased somewhat but the 

difference was less than expected. The length of the output texts, however, 

increased slightly on average, which was reflected in increased readability scores. A 

look at a small number of randomly selected output texts confirmed that, on 

average, the simplified articles were longer than summaries, even though all target 

texts were truncated to the same length during preprocessing. Examining the 

output also confirmed that the same source text with different tags were processed 

differently by the model. This can be illustrated with the example below (taken from 

the Simple Wiki dataset): 

 

Original text: sofia wistam -lrb- born 15 may 1966 in liding, stockholm 
county, sweden -rrb- is a swedish television host on tv4 and tv3 and radio 
talkshow host. she has also worked as a stylist for stars such as carola, 
jerry williams and tommy nilsson. in, 2008 she was also a judge on the 
talent show sweden’s got talent, during this year she also hosted her own 
radio show on rix fm. during, 2009 sofia will host the competition show 
on swedish television. 

Target text: sofia wistam -lrb- may 15 1966 -rrb- is a swedish television 
host and radio talk-show host. 

Output with <2simp> tag: sofia wistam -lrb- born 15 may 1966 in 
liding, stockholm county, sweden -rrb- is a swedish television host on tv4 
and tv3 and radio talk-show host. she has also worked as a stylist for stars 
such as carola, jerry williams and tommy nilsson. 

Output with <2sum> tag: sofia wistam is a swedish television host on 
tv4 and tv3 and radio talk-show host. she has also worked as a stylist for 
stars such as carola, jerry williams and tommy nilsson. 

 

The outputs with different tags are not the same even when the source text is 

quite short. However, it is hard to pinpoint the exact differences that each tag 

triggers, not only because the evaluation of such phenomena is generally difficult, 

but also because the tasks of summarization and simplification are less 

distinguishable in nature than, for example, the tasks of translating a text into two 

different languages. 

After creating a dataset specifically for Russian simplification, we discovered 

that the multi-task approach might not be needed for performance improvement. 
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However, we used some of the techniques, such as data augmentation, with datasets 

for similar tasks and employing control tokens in Paper V. 

4.3.4 Controlled Simplification 

The task-specific tags method described in the previous section can also be viewed 

as a method of controlling the output. In Paper V, we investigated the possibilities 

of controlling the output of simplification models further, this time focusing on 

tailoring the output to different linguistic properties. 

There are multiple ways to control the output of text simplification tools. For 

example, editing operations can be controlled directly. Dong et al. (2019) presented 

a simplification model that could learn explicit editing operations such as additions, 

deletions, and keeping. Alva-Manchego et al. (2017) proposed a sequence labeling 

model to predict which simplification operations should be performed as a first step 

for a complete simplification pipeline. The model was built on a corpus with 

automatically labeled simplification operations, and the approach has proven to 

produce more straightforward texts than end-to-end models. More recently, 

Cripwell et al. (2023) have described a way to perform controlled simplification on 

the document level by first generating a document-level plan that stipulates a 

sequence of sentence-level simplification operations (copy, rephrase, split, or 

delete) for the input document, then using this plan to guide the iterative generation 

of the simplified document across sentences. 

Other research shows that, apart from controlling editing operations, it is also 

possible to control specific dimensions of the output texts. Martin et al. (2020) 

identify four attributes related to the text simplification process: the amount of 

compression, paraphrasing, lexical and syntactic complexity – and use control 

tokens that are put in front of the source sentences to modify these attributes in 

output texts. This approach was later used in Martin et al. (2022) and in Anastasyev 

(2021). The latter was the winning solution for the RuSimpleSentEval (Sakhovskiy 

et al., 2021) shared task on Russian text simplification. This methodology was used 

in Paper V as well. Other studies have shown that control tokens can be used for all 

kinds of linguistic attributes, including politeness and monotonicity (the closeness 

of the word order in the target sentence to the word order in the source sentence) 

(Schioppa et al., 2021), and even psycholinguistic features such as prevalence, 

which refers to the number of people who know the word (Qiao et al., 2022). Some 

studies also demonstrate the successful use of control tokens to generate texts for a 

given school grade level (Scarton and Specia, 2018; Nishihara et al., 2019). 

 

Data: four different data sources were used in Paper V. I developed on the ideas 

from Paper I and included some datasets for tasks that are similar to simplification, 

such as paraphrasing, in order to augment the simplification data: 
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• ParaPhraser Plus: a large automatically developed corpus for Russian 

paraphrase generation (Gudkov et al., 2020). Contains news headlines 

crawled from publicly available websites; 

• Opusparcus: a paraphrase corpus for six European languages comprising 

subtitles from movies and TV shows (Creutz, 2018). Only the Russian 

part of the corpus was used; 

• RuAdapt: a parallel Russian-Simple Russian dataset which consists of 

texts adapted for learners of Russian as a foreign language (see Paper II 

and the previous chapter). As mentioned before, sentence pairs in 

RuAdapt were aligned automatically and have cosine similarity scores 

provided by the aligner. Only sentences with cosine similarity above 0.31 

but below 0.98 were used; 

• The RuSimpleSentEval38 datasets: development and public test set 

(Sakhovskiy et al., 2021). The original training set was unavailable at the 

time of writing the paper. The public test set of 3398 sentence pairs was 

only used separately from the rest of the data.  

All data used was aligned on the sentence level, although in some cases there 

could be one-to-many, many-to-one, and many-to-many alignments. In total, there 

were 455,327 sentence pairs in the training set, 50,592 in the development set, and 

10,325 pairs in the test set, not including the RuSimpleSentEval public test. The 

resulting dataset was then preprocessed in a way that would ensure that the source 

sentences were more complicated than the target ones. 

 

Preprocessing: only sentences with five tokens or more were used in this 

study, because accurately estimating CEFR grade level for very short sentences is 

impossible. Furthermore, to avoid incoherent, ungrammatical outputs and 

hallucinations (content that is inconsistent with the real world or user input – X. 

Liu, 2024), the larger parts of the dataset, Paraphraser Plus and Opusparcus, were 

cleaned of sentence pairs in which named entities did not match. The Natasha 

toolkit39 was used to exclude sentence pairs where the target sentence had named 

entities that were absent in the source. 

The source texts were augmented with the following control tokens as per Martin 

et al. (2022) and Martin et al. (2020): 

• NbChars: the ratio between the lengths of source and target sentences 

in characters; represents the amount of compression. Same as in Martin 

et al. (2020); 

• LevSim: the Levenshtein ratio between source and target sentences; 

represents the amount of paraphrasing. Same as in Martin et al. (2020); 

 
38 https://github.com/dialogue-evaluation/RuSimpleSentEval  
39 https://github.com/natasha/natasha  

https://github.com/dialogue-evaluation/RuSimpleSentEval
https://github.com/natasha/natasha
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• DepTreeDepth: the ratio between the syntactic tree depths of target 

and source sentences; represents the syntactic complexity. Similar to 

Martin et al. (2020). The dependency parsing was performed with the 

deeppavlov40 ru_syntagrus_joint_parsing model; 

• CEFRgrade: the CEFR grade level of the target sentence; represents 

multiple simplification-related attributes. It is the only token not 

represented by a ratio because it is easier to control the output’s grade 

level directly rather than control how simplified the output will be 

compared to the source. The grade levels were calculated using code from 

the Textometr’s (Laposhina et al., 2018) API. Textometr’s grade levels go 

from elementary A1 up to what can be described as C2+ (too complicated 

even for a native speaker) and can be transformed to a 0.0 to 10.0 scale. 

Only sentence pairs in which the source’s grade level was higher than or 

equal to the target’s (which means that some pairs had to be reversed) 

and the target’s CEFR level was not higher than C2 were kept in the 

dataset. 

Here is what a source sentence with control tokens could look like before 

encoding and preprocessing (this sentence is from the ParaPhraser.ru corpus): 

 

<CEFRgrade_0><LevSim_0.4><NbChars_1.15> Погода на завтра: 
преимущественно без осадков.  

Weather for tomorrow: mostly without precipitation. 

Previous research had shown that the NbChars and LevSim tokens worked well 

for both English and Russian; therefore, they were chosen for the initial 

experiments, including experiments with choosing the model architecture. To the 

best of our knowledge, the DepTreeDepth token had never been tried on Russian 

but had shown a slight performance increase for English (Martin et al., 2020), so it 

was included in later experiments. The reasons for choosing CEFR grade level as 

one of the tokens were twofold. The first goal was to find a way to simplify texts for 

a particular grade level. Secondly, since the WordRank token used in Martin et al. 

(2020) did not work well for Russian (Anastasyev, 2021), it was necessary to find 

something else to represent the change in lexical (and other) complexity between 

sentences. Moreover, studies such as Scarton and Specia (2018) had shown that 

annotating the source sentences with information about the target grade level can 

positively affect the model’s simplification performance. All tokens except 

CEFRgrade levels had 40 unique values from 0.05 to 2. The tokens were appended 

to the beginning of the sentence. Then the sentence was encoded with 

SentencePiece, preprocessed with fairseq, and fed to the model. Therefore, no 

 
40 https://github.com/deeppavlov/DeepPavlov  

https://github.com/deeppavlov/DeepPavlov
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special embeddings just for the control tokens were added to the pretrained model, 

and the vectorization of control tokens happened as is. This approach was used in 

Martin et al. (2022). It would have been interesting to experiment with appending 

new embeddings to the pretrained models to represent control tokens. For instance, 

in Schioppa et al. (2021), the authors introduced attribute control during fine-

tuning by affecting a smaller subset of the original model parameters. However, at 

the time of writing Paper V, most frameworks did not have such functionality. 

 

Experiments: as mentioned above, we used mBART and T5 for experiments 

with controlled simplification. The models were evaluated on two test sets: the 

general test set and the public test set from RuSimpleSentEval (RSSE). 

The models’ performance was evaluated with the SARI score from the EASSE 

library. Before evaluation, sanity tests were conducted on the RSSE public test set: 

if the source file was used as the output file, the SARI score was 14.7, and if the 

target is used was output, the score was 100. During RuSimpleSentEval, the best 

system had a SARI score of 40.23 on the public test set. 

The following experiments were conducted: 

• Training without any control tokens. This was the starting point of 

the experiments, which was necessary for determining if the control 

tokens actually aid in the training process. 

• Training with the NbChars and LevSim tokens. These tokens had 

already shown good performance on English and Russian data, so they 

were a good starting point to check whether the experiment has been set 

up correctly and whether these results could be replicated on our data. At 

this stage, we performed multiple experiments with the values of the 

control tokens. First, we set the values to 1.0: the hyphothesis was that if 

the models “understood” the meaning of the control token values, the 

source sentences would be left unchanged. To further investigate how the 

control tokens affected the model, we measured the actual values of the 

character length ratio and the Levenshtein similarity ratio between the 

model’s output and the source sentences. Intuitively, suppose a model 

was asked to simplify sentences with NbChars set to 0.95. In that case, 

the average character length ratio between the system output and source 

sentences should be close to 0.95. These experiments also helped us to 

choose between the two model architectures that we initially employed. 

• Training separate models with only “new” tags (never before used 

on Russian data): DepTreeDepth and CEFRgrade. Experiments with the 

latter token also involved determining the optimal number of possible 

values, since CEFR grade levels had not been used as control tokens prior 

to Paper V, and testing the influence of different control token values on 
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the output: for example, whether or not the outputs really belonged to the 

CEFR grade level that was set by the user during inference. 

• Combining multiple control tokens in one model. 

 

Evaluation and results: when trained without any control tokens, mBART 

had a much higher score on the general test set, but on the RSSE 

(RuSimpleSentEval) public test set, the scores were much lower, with T5 

performing slightly better. However, adding two control tokens, NbChars and 

LevSim, improved the performance of mBART significantly on both test sets. T5, 

however, did not show a considerable performance gain. Moreover, when both 

tokens were set to 1.0, only mBART showed a SARI score similar to the SARI that 

can be obtained if the source sentences are passed as output. It should be noted, 

however, that, despite high SARI scores, the output of mBART contained some 

wrong (in relation to the source), incoherent, and/or ungrammatical sentences. 

Anastasyev (2021) also reports that the models with highly rated performance still 

hallucinated in some cases, although the type of hallucination was not specified. 

When we compared actual values of the character length ratio and the 

Levenshtein similarity ratio between the model’s output and the source sentences, 

we found that models seemed to learn the meaning of the tokens with further 

training, even though it did not necessarily mean SARI score improvement. 

Evidently, the mBART architecture was better at understanding the meaning of 

both control tokens, which is why it was chosen for further experiments. It should 

also be noted that the training process for mBART with fairseq was faster than 

training T5 with transformers, which influenced our choice of model. 

Training an mBART model with the same configuration as before on texts with 

just the DepTreeDepth token resulted in a considerable decrease in performance. 

After 5 initial epochs and an additional 7 epochs after early stopping, the best SARI 

score on the general test set was 28.77 on epoch 7. Despite generally standard loss 

scores (not much different from previous experiments with and without control 

tokens), the models hallucinated frequently. The hallucinations made calculating 

the actual syntactic tree depth of the outputs impossible because there were too 

many word repetitions to create adequate syntactic trees. In conclusion, the tree 

depth ratio may not be an adequate metric to control syntactic complexity in 

Russian sentences. It should be noted that, as reported in Martin et al. (2020), the 

identical DepTreeDepth token also did not seem to control its attribute as well as 

the NbChars and LevSim tokens did in English texts, although it had the desired 

effect on the output. 

In order to train mBART to understand CEFR grade levels, we first conducted 

multiple experiments to determine how many unique values should be allocated to 

this token. The starting range was from 0.7 to 8.5 with a step of 0.1 (how the values 

come from Textometr). After a decrease in performance compared to models with 
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no tokens (the highest SARI score obtained on the general test set was 35.84 on 

epoch 8/12), the number of unique values was lowered to 8, from 1 to 8. After that, 

the SARI scores increased up to around 41 (epoch 4/7), but the model still 

hallucinated quite a lot. Consequently, the number of unique values was reduced to 

6, corresponding to levels A1 (0) to C2 (5). This decreased the SARI scores slightly 

(highest SARI 38.97, epoch 8/10); however, the outputs became more coherent.  

In order to test the influence of different token values on the output, during the 

inference, the token was set to lower grade levels, from A1 (0) to B2 (3). The testing 

has shown that the SARI score decreases when the CEFR grade level goes up. As 

expected, the lowest CEFR grade gave the highest SARI score (46.5 with CEFR 

grade set to 0, 38 with CEFRgrade set to 3, 39 when set to the target’s actual CEFR 

grade level). When studying this token’s influence further, it became clear that, even 

though setting the token to a particular grade level leads to more sentences of that 

level in the output, the model still produces a lot of B1 and B2 (2 and 3) level 

sentences. The reason is likely because there are many sentences with these grade 

levels in the training data.  

Despite the model being able to learn the NbChars and LevSim control tokens 

together and the CEFRgrade separately, combining them in one model did not 

increase performance. On the contrary, there was no noticeable SARI increase 

across 18 epochs, and many outputs were incoherent, with a lot of word repetitions. 

The reason for such behavior is unclear, since in previous studies (see, for example, 

Martin et al. (2022), and Schioppa et al. (2021), different control tokens were 

successfully combined.  

In conclusion, the experiments have shown that the DepTreeDepth token does 

not perform as well on Russian data as it did on English, according to previous 

research. Therefore, some tokens are “harder” for the models to learn than others. 

Nevertheless, the CEFRgrade token can influence the model’s output in a desirable 

way, but according to the results of the experiments, combining it with other tokens 

worsens the model’s performance. Moreover, the probability of getting outputs with 

the desired CEFR grade level will be influenced by the dataset composition: the 

model will gravitate towards producing sentences on the level that it saw the most 

in the target sentences. Finally, we have confirmed that the other two tokens, 

NbChars and LevSim, work well on Russian data. Some examples of simplifications 

performed by the models can be found in Tables 4.7 and 4.8. The best models’ 

checkpoints and other supplementary materials can be found on GitHub: 

https://github.com/annadmitrieva/controlled_simplification_ru. 

https://github.com/annadmitrieva/controlled_simplification_ru
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Table 4.7. [Table 6 from Paper V] Examples of simplifications with arbitrary CEFR grade levels. 
Original dataset: ParaPhraser.ru. English translations done by me with the help of 
Google Translate. 

Partition Text/translation Actual 

grade 

level 

Source Семья Березовского не дает согласия на закрытие 

уголовных дел против него 

3 

Berezovsky's family does not consent to the closure of 

criminal cases against him 

Target Родственники Березовского не будут давать согласие на 

прекращение уголовных дел в отношении него 

3 

Berezovsky's relatives will not consent to the termination of 

criminal cases against [in relation to] him 

CEFRgrade0 Семья Березовского не хочет закрывать дела 0 

Berezovsky's family does not want to close the cases 

CEFRgrade1 Семья Березовского не хочет закрывать дела против него 1 

Berezovsky's family does not want to close cases against him 

CEFRgrade2 Семья Березовского не дает согласия на закрытие 

уголовных дел 

2 

Berezovsky's family does not consent to the closure of 

criminal cases 

CEFRgrade3 Семья Березовского не согласна на закрытие уголовных 

дел против него 

3 

Berezovsky's family does not agree to the closure of criminal 

cases against him 

 

Table 4.8. [Table 7 from Paper V] Examples of simplifications with arbitrary NbChars and LevSim 
parameters. Original dataset: RuSimpleSentEval public test. English translations done 
by me with the help of Google Translate. 

Partition Text/translation 

Source Андропов,военный атташе и водитель уцелели и пешком добрались 

до посольства. 

Andropov, the military attache and the driver survived and reached the 

embassy on foot. 
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Partition Text/translation 

Target Андропов вместе с военным атташе и водителем уцелели, но 

пешком два часа по ночному городу пробирались в посольство. 

Andropov, along with the military attache and the driver, survived, but 

they made their way to the embassy on foot for two hours through the 

night city. 

NbChars1.0, 

LevSim1.0 

Андропов,военный атташе и водитель уцелели и пешком добрались 

до посольства. 

Andropov, the military attache and the driver survived and reached the 

embassy on foot. 

NbChars0.95, 

LevSim0.4 

До посольства добрались Андропов, атташе и водитель. 

Andropov, the attache and the driver reached the embassy. 

 

4.4 Discussion 

In this chapter, I described some methods and models for text simplification in low-

resource settings. As the work on this project progressed, the models gradually 

became larger. At present, researchers in all fields of NLP are actively exploring the 

use of LLMs to solve various tasks, including simplification with fine-tuning or 

prompt engineering. Models such as mBART or Finnish GPT XL can now be 

considered “smaller”, and today’s “bigger” models can have tens of billions of 

parameters. For instance, Finnish GPT XL has 1.5B parameters, which translates 

into about 6 GB of disk space, and Finnish GPT 13B would occupy about 55 GB. 

While training these models requires a lot of resources (for example, it cannot be 

done on most personal computers), most of the time the model performance 

improves significantly when the number of parameters increases. “Smaller” models 

are still used for simpler tasks, or in cases when computational resources are scarce 

or a more environmentally friendly solution is needed. 

The size of the model and the availability of computational resources also affects 

the context size that the model can process effectively. During this project, we 

mostly operated on the sentence level when fine-tuning, and on the paragraph or 

text level when training small models from scratch. In our case, this was enough for 

tasks such as testing models’ performance on a new dataset or testing a new 

modeling technique. However, a “real world” end-to-end text simplification 

application would most likely operate on the document level since simplification 

requires a lot of contextual knowledge for summarizing or rearranging fragments 

of texts. 
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The problem of data scarcity for text simplification still persists today: even 

though new datasets are constantly appearing, we are still very far from being able 

to make a good simplification model for every language (even if endangered 

languages are not taken into account). At present, techniques like data 

augmentation and multi-task learning are still being utilized in low-resource 

settings. However, such techniques can present a risk of contaminating the data 

with pairs where the “simple” text is actually not simpler or even less simple than 

the original text. In Paper V we mitigated this problem by using Textometr to 

automatically determine the CEFR grade level of both texts in a pair. We then 

reversed the pairs where the target text had a higher grade level than the source, 

and then eliminated the pairs where the target text’s grade level was above C2. This 

solution, however, is language-specific and also task-specific, since Textometr and 

the CEFR grade level system itself were made primarily for use in second language 

teaching. 

Most models that are trained or fine-tuned for simplification will probably be 

audience-specific, since simplification strategies for different audiences can vary 

greatly. This is why being able to control the output of a simplification model is a 

desirable feature. Our experiments have shown that even “smaller” models can be 

trained to distinguish between certain degrees of simplification and perform the 

task accordingly. However, testing this technique on texts from different domains 

would require data that is not currently available for a lot of languages. For larger 

models, the method that we used would most likely be substituted by instruction 

fine-tuning or just prompt engineering. 
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5 Conclusions and Future Work 

In this thesis project, I explored the task of automatic text simplification, focusing 

on the Russian and Finnish languages. In both cases, the work on simplification 

tools for the language began with making suitable datasets from scratch and 

concluded with developing multiple simplification models, thereby achieving the 

two main research objectives of this study. In addition, I studied the linguistic 

characteristics of simple language, as well as the relationship between the fields of 

language technology and accessible communication. 

The practical contributions of this work include: 

1. Creating multiple parallel datasets suitable for training text 

simplification models and studying the linguistic properties of simplified 

texts (Paper II, Paper IV, Paper VII, Paper VIII); 

2. Exploring ways of performing automatic text simplification in low-

resource settings (Paper I); 

3. Exploring ways of controlling the output of simplification models (Paper 

V); 

4. Training and fine-tuning simplification models of various kinds and 

performing model evaluation with automatized metrics (Paper I, Paper 

II, Paper V, Paper VIII). 

The theoretical contributions of this work are as follows: 

1. Defining the general principles of simple language and determining the 

degree of simplification in the “simple” parts of the parallel datasets 

created over the course of this project; 

2. Studying the linguistic properties of simplified texts and simplification 

strategies (Paper III); 

3. Describing the interaction between language technology and accessible 

communication (Paper VI). 

This work focused on simplified texts and the process of simplification rather 

than Easy and Plain Language as a broader topic. In this study, a text was 

considered simplified or a model was considered able to simplify if the 

simplification could be measured in any way. Various automatically calculated 

metrics and visual examination of select examples served as proxies for determining 

that a text had become easier to understand. Although this approach is common in 

the academic community, it is obviously not ideal for measuring something as 

complex as simplicity for multiple reasons. 
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The first research question (RQ1) of this thesis was about defining and 

evaluating simplicity and simplification. Since this thesis is primarily concerned 

with automatic text simplification, this question was of particular interest in the 

context of developing ATS systems. In order to tackle RQ1, I compared seven 

Easy/Plain language guides for different European languages (and some language-

agnostic) and outlined the general principles of simple language. I also described 

some of the strategies used by authors of simple texts and presented quantitative 

analysis of the simplified texts’ linguistic features. Finally, I listed the automatic 

evaluation metrics suitable and most often used for evaluating simplification 

systems, and evaluated my own simplification models using them, along with 

presenting examples of the models’ outputs. 

First of all, easiness is not easily defined. Like most concepts in linguistics, 

easiness or simplicity in language does not have an unambiguous, universally 

accepted definition. It is also hard to describe empirically. As explained in Chapter 

2, there are many criteria that define simple language, many of them language-

specific. Also, the prospective audience plays an important role in establishing if a 

text is easy enough to understand. Therefore, a human simplicity evaluation would 

also most likely be incomplete and/or subjective. So, a “perfect” evaluation schema 

for text simplicity will likely never exist. 

Secondly, while there can be no perfect evaluation tool, the evaluation can 

certainly be improved with the involvement of human experts or data-driven 

methods that can mimic a human’s judgment of simplicity well. Unfortunately, 

human evaluation is expensive and time-consuming (especially considering the 

time needed to define and test the evaluation criteria), and data-driven tools are not 

truly language-agnostic. That is why, at present, most researchers use relatively 

simple language-agnostic metrics, especially when it is important to be able to 

compare results – for example, in model evaluation. In the future, however, it is 

possible that model evaluation might move to data-driven methods, at least for 

languages with enough resources. 

Nevertheless, automatic metrics can be used to describe or evaluate at least some 

properties of simple texts. For example, in Paper V we used Textometr to estimate 

the CEFR grade levels of the training texts, and the model trained on this data 

actually learned to distinguish between several degrees of simplification. Textometr 

is not a fully data-driven tool in the sense that it is algorithm-based rather than 

machine learning-based, but it is language-specific. It makes use of many Russian 

word lists, such as frequency lists and lexical minima, many of which were also used 

to study the properties of texts simplified for different audiences in Paper III. The 

writing strategies that were identified automatically matched the intuitions that we 

had (such as texts for speakers of Russian as a second language having the most 

words from lexical minima or texts for native speakers having the most adjectives), 

and they also matched some of the criteria found in Simple Language guidelines. 
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This, and the successful modeling experiments, proves that simplicity can be 

identified and reproduced automatically. Obviously, some properties are easier to 

identify and reproduce than others, but modern language models are getting close 

to understanding even the more difficult concepts such as logic and consistency 

every day. 

The second research question explored in this thesis (RQ2) dealt with the 

most effective strategies for creating text simplification datasets from various data 

sources and domains. To explore RQ2, we built parallel simplification datasets for 

Russian and Finnish languages from scratch, experimenting with various alignment 

strategies. 

Chapter 3 contains detailed descriptions of how both the Russian and the 

Finnish parallel datasets were created. Because for both languages there are few (for 

Russian) or no (for Finnish) other parallel simple language - “regular” language 

datasets, it is not possible to make a thorough comparison between our datasets and 

other data sources. However, the experiments described in Chapter 4 have proven 

that the datasets are sufficient for training and/or fine-tuning simplification 

models. It should be noted that we have always used data created by professional 

authors: journalists, classical writers, or specialists in teaching Russian as a second 

language, so all the texts that our datasets are based on are of high quality. This 

factor can significantly influence the quality of the resulting datasets and 

simplification models. 

For both datasets, we tested at least two different alignment methods. Since the 

automatic alignment techniques evolve constantly, the methods that we applied for 

the Finnish-Easy Finnish datasets were different from the libraries that we used for 

RuAdapt. Nevertheless, while working on the Finnish-Easy Finnish dataset, we 

came to the conclusion that the best solution for automatic alignment should be 

determined on case-by-case basis: for instance, while comparing the results that we 

obtained in Paper VIII to the results that other researchers had achieved with the 

same aligners on different languages, we found out that their best aligners were not 

the best in our case. It would be ideal if we could also publish the entire original and 

simplified texts that we used to create our datasets: it would be a good source for 

document-level simplification, and would give other researchers an opportunity to 

re-align the texts with other instruments if they want. Unfortunately, publishing a 

document-aligned version was only possible for the Finnish-Easy Finnish dataset. 

The last research question (RQ3) was concerned with whether 

simplification models can be successfully trained on limited data in 

morphologically rich languages. To answer it, several simplification models were 

built on various corpora (including those described in Chapter 3). We have 

experimented with different model architectures and also different methods for 

performing automatic text simplification with limited data. 
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Because at the time of working on this thesis project there existed very few or no 

specialized simplification models for our chosen languages, it was hard to compare 

our outputs to something else. Nevertheless, we provided the SARI scores and 

examples of simplification to demonstrate our models’ performance. The metrics 

and the examples indicated that optimal simplification performance can, in fact, be 

achieved under the conditions of our experiments. Not only training neural 

networks from scratch, but also utilizing pre-trained language models such as 

mBART and fine-tuning them on the created datasets, proved effective for 

simplifying both Russian and Finnish. The morphological richness of these 

languages, however, might have been the reason for some of the models’ 

hallucinations and/or ungrammatical outputs. It should be noted, again, that we 

never aimed to select the optimal model parameters for the tasks at hand, but rather 

to prove that a certain setup worked (for example, that a new dataset could be 

successfully used for training simplification models). Moreover, with the 

introduction of efficient fine-tuning techniques for larger models, the problem of 

suboptimal outputs for sequence-to-sequence tasks even with little available data 

seems to be more mitigable. 

We have also proven that transfer learning strategies can work under low-

resource conditions by experimenting with English data in Paper I. In that paper, 

we achieved the best results when jointly training on both the data-rich task 

(summarization) and the data-poor task (simplification). The experiments in Paper 

V demonstrate that data augmentation with data from similar domains (such as 

selecting paraphrases where one of the texts is simpler than the other to augment 

simplification data) can aid in training for more complex tasks, such as controllable 

simplification. This paper also supports the claim that joint learning can be 

beneficial, but only for some sets of tasks: training simultaneously for controlling 

both the amount of compression and the amount of paraphrasing was successful, 

while adding the task of controlling the CEFR level to this set resulted in decreasing 

performance. 

At the moment, it is hard to outline concrete directions for future work in the 

field of automatic text simplification. Natural language processing is a rapidly 

evolving field, which means that new data sources, methods, and models are 

constantly being developed. While working on this thesis project, we always tried 

to compare multiple approaches to find the best solution at the moment. 

On the one hand, it feels exciting to imagine that simplification tools will soon 

be as accessible and as widely used as machine translation tools. It can already be 

seen that with increased model size comes increased simplification quality (see 

Vadlamannati and Şahin, 2023) for a comparison of LLMs of different sizes’ 

simplification performance); therefore, the users of large language model 

applications have the opportunity to obtain good quality simplifications of their 

desired texts, provided that the text fits the model’s context window. Therefore, it 
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is reasonable to assume that in the future researchers will train larger models for 

simplification in order to overcome shortcomings such as incoherent and 

ungrammatical outputs. With the increasing availability of larger models, the 

simplification algorithms evolve, too: for example, today one can use prompt 

engineering and in-context learning instead of fine-tuning to perform controlled 

simplification. 

On the other hand, certain problems come with this rapid development, namely 

the environmental impact of running large language models and the cost of 

maintaining such services, which makes providing completely free and unlimited 

NLP applications almost impossible. Therefore, we can suppose that researchers 

will continue to experiment with using smaller models for simplification. For 

example, it has been shown that a controllable lexical simplification system based 

on the T5 architecture can outperform a system based on text-davinci-002, a model 

with 176B parameters, on several evaluation metrics (Kim and Saggion, 2023; 

metrics described in Saggion et al. (2022)). 

The growing body of research on simplification models will facilitate the need 

for more sophisticated automatic evaluation. For example, this thesis project’s 

limitation of only using automated evaluation metrics could have been partially 

mitigated by utilizing a learnable metric such as LENS (Maddela et al., 2023) or 

REFeREE (Huang and Kochmar, 2024) – measures that employ models trained on 

annotated data to mimic human judgments of simplicity. Because of their data-

driven nature, these metrics correlate better with human judgments than non-

learnable metrics such as SARI. These approaches, however, are not language 

agnostic and are not available for languages such as Russian or Finnish. Hopefully, 

the number of learnable simplification evaluation metrics for different languages 

will increase in the near future. 

Despite the rapid growth, it seems like there is still not enough data for even the 

biggest models to cover all the different domains and aspects of accessible 

communication. While working on this project, I attempted to bridge this gap by 

making simplification datasets for languages that, at that moment, did not have 

such resources. It has been demonstrated that these data can be used for 

successfully training simplification models of various kinds, and these datasets are 

now openly available for non-commercial use. The future of automatic 

simplification hopefully lies in making everything that we as researchers invent and 

produce as accessible as possible in every sense: more open-access materials, more 

languages and audiences covered, more domains explored beyond text. My personal 

future work plans include maintenance of the concluded projects (such as the 

parallel datasets that were created over the course of working on this thesis) and 

continuing the work on simplification models, increasing their quality while 

keeping the use of resources moderate. 
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