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Text simplification (TS) is a Natural Language Processing (NLP)
task that reduces linguistic complexity while preserving meaning
and supports accessibility for different reader groups (e.g.,
children, second-language learners, and readers with cognitive
or reading difficulties). TS studies are diverse in languages,
datasets, and methods. Therefore, a consolidated overview is
needed to summarize trends and guide future research. This
study conducts a Systematic Literature Review (SLR) of TS
research published from 2015 to 31 July 2025 to map trends in
languages, target audiences, datasets/corpora, techniques,
models/algorithms, and frameworks. Relevant literature was
searched wusing IEEE Xplore, ScienceDirect (Elsevier),
SpringerLink, and Google Scholar, applied predefined inclusion-
exclusion criteria, and screened studies using a PRISMA-style
process. The final set includes 75 primary studies. The results
show that English dominates TS research, commonly used
resources include Wikipedia-family datasets and Newsela, and
modeling trends shift from rule-based and classical machine
learning toward transformer-based architectures (e.g., BERT and
Seq2Seq) and large language models (LLMs). This review offers:
(1) a structured overview of TS research dimensions, (2) an
evidence-based summary of key resources and modeling trends,
and (3) recommendations for future research, particularly for
low-resource languages and audience-specific evaluation.
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1. INTRODUCTION

Text Simplification (TS) is an important subfield of Natural Language Processing (NLP) that
aims to reduce linguistic complexity to improve readability and comprehension while preserving the
original meaning [1],[2], TS is beneficial for diverse audiences, including second-language learners and
non-native speakers[3], readers with lower literacy levels [4], dyslexic children [5], individuals with
aphasia and autistic readers [6],[7]. Despite appearing straightforward, TS involves linguistic and
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computational challenges such as preserving semantic adequacy, ensuring grammaticality, and adapting
outputs to user-specific needs.

As illustrated in Figure 1, TS-related publications remained substantial from 2015 to 31 July
2025, covering general text simplification as well as its two core sub-tasks (lexical and syntactic
simplification). This trend indicates sustained research attention over the last decade; however, the
distribution across sub-streams suggests that progress is not uniform, motivating a structured mapping
of languages, methods, datasets, and target audiences through a systematic review. These observations
are consistent with previous bibliometric analyses that highlight uneven research distribution and the
dominance of certain languages and research topics within lexical simplification studies [8]
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Figure 1. Yearly distribution of TS-related articles (2015-2025) across Text Simplification, Lexical Simplification, and Syntactic
Simplification

Existing TS studies can be grouped into three major streams. First, language-coverage and low-
resource TS research explores TS beyond English by developing or adapting methods for languages such
as Urdu, Italian, Indonesian, and Malay, often facing limitations in corpus availability and evaluation
resources [9],[10],[11],[12]. Second, methodological approaches range from rule-based simplification
and word sense disambiguation to embedding-based machine learning and neural models. Recent
studies increasingly adopt transformer architectures (e.g, BERT and Seq2Seq variants), and more
recently, large language models (LLMs), reflecting a shift toward stronger contextual modeling and
generation capabilities [13],[14]. Third, audience-oriented TS emphasizes accessibility for specific user
groups (e.g. children, L2 learners, and readers with disabilities), yet such studies frequently differ in
evaluation protocols, readability criteria, and reporting completeness, making cross-study comparison
difficult.

Although TS publications remain consistently high, current research still shows several gaps:
(1) imbalanced language coverage with limited attention to non-English and low-resource languages;
(2) dependency on a small number of datasets/corpora (e.g., Wikipedia-family datasets and Newsela),
which may not represent diverse domains and audiences; and (3) inconsistent reporting of search scope,
resources, and experimental settings across studies, which reduces reproducibility and systematic
comparison.

Therefore, this paper presents a Systematic Literature Review (SLR) of TS research published
from 2015 to 31 July 2025. The contributions of this SLR are: (i) mapping TS studies by language
coverage and target audience; (ii) summarizing dominant datasets/corpora and techniques used in TS;
(iii) analyzing trends in models/algorithms, including the shift toward transformers and LLMs; and (iv)
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identifying research gaps and proposing actionable recommendations for future TS research,
particularly for low-resource languages and audience-specific applications.

2. METHOD

2.1 Review Method and Stages

This study applies a Systematic Literature Review (SLR) with three stages: planning, conducting,
and reporting[15]. In the planning stage, the review objectives and research questions (RQ1-RQ6) were
defined, the databases were selected, and the search strategy and inclusion/exclusion criteria were
prepared. In the conducting stage, the searches using predefined keywords were performed, the records
were merged, duplicates were removed, studies were screened at the title, abstract, and full-text levels,
study quality was assessed using a checklist, and key information was extracted using a standardized
form. Finally, the findings were summarized and presented in the selection steps using a PRISMA flow
diagram (Figure 2).
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Figure 2. Paper selection process (PRISMA flow diagram)
2.2 Research Questions

Research questions play an important role in scientific research. Details of the research
questions to be addressed in this literature review are presented in Table 1.

Table 1. Research Question

No Question Main Motivation
RQ1 What languages are most researched in TS? Identify the language that is most used in TS.
RQ2 What is the Target Audience in TS? Identification of the target audience used in TS
RQ3 What is a Dataset/Corpus used in TS? Identification of the Corpus used in TS.
RQ4 What are the Techniques, Approaches, and Linguistic Features Identify the Techniques, Approaches, and Linguistic
used in TS? Features used in TS.
RQ5 What is the Model/Algorithm used in TS Research? Identify the Model/Algorithm used in TS.
RQ6 What is the tool, system, or framework used in TS Research? Identify the tool, system, or framework used in TS.
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2.3 Data Sources, Time Span, and Article Types

Four digital libraries were searched: ScienceDirect (Elsevier), IEEE Xplore, SpringerLink, and
Google Scholar, and additional records from registers. The search covered studies published from 2015
to 31 July 2025. Peer-reviewed journal articles and conference papers with accessible full text that focus
on text simplification, lexical simplification, or syntactic simplification were included. Non-research and
non-peer-reviewed document types, including book chapters, theses/dissertations, preprints, technical
reports/white papers, presentations/slides, posters, tutorials, web pages, and patents, were excluded.

24 Search Strategy and Search Strings

Keyword-based searches tailored to each database were used. The core search string was (“text
simplification” OR “lexical simplification” OR “syntactic simplification”). All retrieved records were
exported, merged, and deduplicated prior to screening.

2.5 Inclusion and Exclusion Criteria

Inclusion criteria (IC):

IC1. Published from 2015 to 31 July 2025

IC2. Peer-reviewed journal or conference paper with accessible full text.

IC3. Focuses on text simplification / lexical simplification / syntactic simplification.

IC4. Provides extractable information relevant to at least one RQ (language, audience, corpus, technique,

model, or framework).

Exclusion criteria (EC):

EC1. Not about TS (e.g.,, readability prediction without simplification objective).

EC2. Non-peer-reviewed or incomplete (abstract-only) items

EC3. Non-article document types (e.g., book chapters, theses/dissertations, preprints, technical reports,
posters/slides).

EC4. Duplicate publications of the same study (retain the most complete version).

EC5. Papers without sufficient methodological details for extraction.

2.6 Quality Assessment

Each eligible study was assessed using a quality checklist: QA1. Clear TS objective and scope;
QA2. Dataset/corpus and language described; QA3. Method/model explained; QA4. Evaluation/analysis
reported; QA5. Transparent reporting. Only studies meeting the minimum quality threshold were
included.

2.7 Data Extraction and Synthesis

For each included study, publication year, language(s), target audience, dataset/corpus,
technique/approach, model/algorithm, framework/method, evaluation metrics, and main contributions
were extracted. The results were synthesized using descriptive statistics and thematic grouping to
answer RQ1-RQé6.

3. RESULT AND DISCUSSION

This section answers RQ1-RQ6 and summarizes the main contributions of this SLR. Specifically,
an evidence-based mapping of (i) language coverage and target audiences, (ii) datasets/corpora usage,
(iii) techniques and models, and (iv) dominant frameworks was provided. Based on these findings,
research gaps and practical recommendations for future TS systems, particularly for low-resource
languages and audience-specific TS evaluation, were provided.

RQ1. The most researched language for TS
Most research on text simplification has been conducted in English, with a significantly higher
number of publications than in other languages, at 34 studies. Furthermore, several other languages
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have also been the focus of research, although in much smaller numbers. Languages in the middle group
include French (5 studies), German (6 studies), Indonesian (7 studies), Italian (8 studies), and Japanese
(9 studies). Meanwhile, Malay appears in 10 studies, followed by Portuguese (11 studies), Russian (12
studies), and Spanish (13 studies). Other languages, such as Swedish, Urdu, Lithuanian, Hindi, Greek, and
Turkish, are each only included in 14 to 19 studies. Arabic, Chinese, and Danish rank lowest with only 1
to 3 studies each. This finding indicates an imbalance in research focus on text simplification, with
English receiving significant attention, while research on other languages, particularly non-European
languages, remains very limited. This indicates the need for efforts to expand text simplification research
into various languages so that its benefits are more evenly distributed globally.
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Figure 3. Language in use TS

RQ2. Target audiences used for TS

In the context of research on Text Simplification, based on the analysis of the main studies,
seven categories of target audiences are identified, which are General, Non-Native, Dyslexic,
Children, Disability, Medical, and Second Language (L2).
Text simplification was targeted at the General/Lay Readers/Researchers group at 39%.
Furthermore, Children were the second most targeted group at 15%. Non-native Speakers/L2
Learners came in third with 13%, followed by People with Disabilities/Cognitive Impairments at
10%. Furthermore, the Medical/Biomedical/Patient group received attention at 8%, Low
Literacy/Reading Difficulties at 6%, Students/Teachers at 5%, and the least targeted were other
groups at 4%. This data shows that while the primary focus of text simplification remains on
general readers and researchers, there is a significant trend to extend its benefits to vulnerable
groups such as children, second language learners, and individuals with cognitive disabilities and
reading difficulties.
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Figure 4. Target audience used for TS

RQ3. Dataset/Corpus used for TS

Figure 5 shows that Wikipedia (including WikiLarge, WikiSmall, etc.) was the most frequently
used dataset source in text simplification research, with 14 instances. This was followed by Newsela,
with seven instances used as a corpus. Furthermore, Wikinews/News/News Article was used in four
studies, while Parallel Corpus was used three times. Other datasets, such as BenchLS, were used in two
studies. Several other corpora, such as LexMTurk5, NNSEval, MWLS1, Cambridge Corpus, ParaPhraser
Plus/Opusparcus, Arabic Corpus, French Corpus, German pathology report, TurkCorpus, and SIMPITIKI
Corpus, were only used once in the analyzed studies. Several language-specific corpora, such as
SIMPLEX-PB, Chinese Corpus, Malay Corpus, Japanese Corpus, and MultiLS/HanLS, were also used two
to three times each. These results demonstrate that text simplification research still relies heavily on big
data sources like Wikipedia and Newsela. Meanwhile, the use of datasets from various languages and
domains is still very limited, indicating the need for corpus diversification for research development in
this area.
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Newsela (Newsela-es, korpus...
Wikinews / News / News Article...
Paralel Corpus (Parallel...

BenchLS
LexMTurk5
NNSeval
MWLS1
Cambridge Corpus
ParaPhraser Plus / Opusparcus...
SIMPLEX-PB / Sim-plext
Chinese Corpus
Malay Corpus
Japanese Corpus (Japanes.
Arabic Corpus (EW-SEW,...
French Corpus / Korpus...
German pathology report
TurkCorpus
SIMPITIKI Corpus
MultiLS / HanLS

Figure 5. Dataset/Corpusused for TS

For completeness, Table 2 summarizes the included primary studies with respect to target
audiences and datasets/corpora.

Table 2. The list of primary studies in the field of text simplification targets and the dataset/corpus

Language Author Target audience Dataset/Corpus
Spanish [16] General /Researcher IrekiaLF_es Corpus
[17] Disability Wikipedia
[18] Children Wikipedia
[19] General/Researcher -
[20] Disability -
[21] General/Researcher Simplext and Newsela-es
English [22] Children BenchLS
[23] General/Researcher -
[24] Children Wikipedia)
[25] General/Researcher Semantic Corpus
[14] General/Researcher LexMTurk5, BenchLS, NNSeval
[26] General /Researcher Wikinews News
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Language Author Target audience Dataset/Corpus
[27] General/Researcher Digital source
[28] General/Researcher Wikipedia
[29] General /Researcher MWLS1
[30] General /Researcher -
[31] General/Researcher WikiSmall And WikiLarge
[32] General /Researcher Wikipedia
[33] General/Researcher Cambridge Corpus
[34] General /Researcher Newsela Corpus/GUG
[35] General/Researcher Newsela Corpus
[36] General /Researcher Space, Amazon
[37] Teacher Teaching Artefact
[38] General/Researcher Wikipedia, Wikidoc
[39] Non-native speakers, OneStopQA
Children
[40] General Patients SimpleDC, Med-EASi
[41] Deaf, Hard-of-Hearing Article
[42] Non-native speakers, -
Children
[43] lay readers INFOLOSSQA
[44] Medical, General various corpora
[45] Children, Non-native WikiLarge, ASSET
speakers
[46] Orthopedic patients Orthoaedic Patient Education Materials
[21] General/Researcher Wiki-Large and Newsela.
Russian [47] Children Wikilarge/ Corpus of Russian
paraphrases
[48] General Wikilarge/Corpus of Russian
paraphrases
[49] Non-Native ParaPhraser Plus/Opusparcus/RuAdapt/
RuSimpleSentEval
Portuguese [50] Children SIMPLEX-PB
[51] Low literacy MultiLS
[24] Children Wikipedia
China [52] Children Chines Corpus
[53] Children Chines Corpus
[54] Students, Foreign speakers, HanLS
Individuals with cognitive
impairments
Malay [3] Non-Native Malay Corpus
[55] Non-Native Malay Corpus
Indonesia [11] Children Wikipedia
Japan [56] Children Wikipedia, News articles
[57] General/Researcher Japanese Corpus
[58] Non-Native Jades: News Article
[59] General /Researcher Japanese Corpus
[60] General/Researcher Paralel Corpus
[61] General /Researcher Web Corpus 2010 (NWC 2010)
Italian [10] General /Researcher Newsela Corpus
[62] Readers with reading Multi-LS
difficulties, second language
(L2) learners, and individuals
with low literacy.
[21] General/Researcher SIMPITIKI Corpus, Newsela-es
Arabic [63] General/Researcher Arabic Corpus
[64] General/Researcher Arabic EW-SEW, Arabic WikiLarge
[65] Dyslexia Corpus for dyslexic
France [66] Medical New article
[1] General/Researcher TurkCorpus
[67] People with language ImageCLEF 2024
disorders due to a genetic
disease or aphasia
[68] Dyslexia Parallel Corpus
[69] Medical/Patient French Radiology Corpus
German [70] General /Researcher Web
[71] General /Researcher Newsela Corpus
[72] Disability Wikipedia
[73] Medical and Patient German Pathology Report
Urdu [74] General/Researcher News, Magazine, Book
Hindi [46] General/Researcher Wikipedia
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Language Author Target audience Dataset/Corpus
Danish [74] General /Researcher Wikipedia

Swedish [75] General /Researcher Corpora Pseudo-Parallel

Lithuania [76] People with cognitive Parallel Corpus1,2

disabilities, Non-native
speakers, and children

[77] General/Researcher -
Spanish [78] Biomedical SympTEMIST dataset
Turkish [79] General/Researcher news, books/magazines, and Wikipedia
Greece [39] General Wikipedia

RQ4. Techniques, Approaches, and Linguistic Features used for TS

Based on the techniques, approaches, and linguistic features identified in the reviewed studies,
word embedding methods (including GloVe, fastText, and related models) are the most frequently used
element in text simplification research, appearing six times, which indicates their dominant role in
representing semantic similarity. Rule-based reasoning follows with five occurrences, showing that
handcrafted linguistic rules remain relevant, while hybrid approaches that combine rule-based and
machine learning methods are used four times. Lexical complexity prediction, back-translation, and
word sense disambiguation (WSD) are each employed three times, mainly to support complex word
identification and substitution. In contrast, morphology or morphosyntax, personalized approaches,
graph-based approaches, and word frequency or character frequency features appear less frequently,
with two occurrences each. Other elements, including natural language inference, end-to-end
prompting, critique-refine strategies, candidate generation, retrieval-based interpretation
augmentation, knowledge distillation, part-of-speech tagging, sememe-based approaches, synonym-
based approaches, and word length, are each observed only once, suggesting that although a wide range
of methods has been explored, text simplification research still predominantly focuses on embedding

based, rule-based, and hybrid approaches, while newer strategies remain relatively underexplored.

Figure 6. Techniques, Approaches, and Linguistic Features that are often used for TS

RQ5. Model /Algorithm used for TS

Based on the distribution of models shown in Figure 7, large language models (LLMs) emerge
as the most dominant category, being used in six studies, which indicates a strong recent trend toward
generative and prompt-based approaches in text simplification research. BERT-based models (including
BERT, BERT-WWM, and BETO) and Seq2Seq architectures are each employed in five studies,
highlighting their continued importance for contextual representation learning and encoder-decoder-
based simplification. Transformer-based models and GPT-family models (GPT-2, GPT-4, GPT-40, and
ChatGPT) appear in three studies each, demonstrating a gradual transition from traditional transformer
architectures toward more advanced pretrained and instruction-following models. Classical neural
approaches, such as BiLSTM/LSTM, are also used in three studies, while conventional machine learning
methods, including Support Vector Machine (SVM) and tree-based models (Decision Tree, Random
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Forest, Naive Bayes, and Boosted Trees), appear with equal frequency, mainly for tasks such as complex
word identification. In contrast, models such as BART, mBART/mT5/T5, RoBERTa, Feed-Forward
Neural Networks (FFNN), and Helsinki-NLP/opus-mt-ROMANCE-en are used relatively infrequently,
typically only once or twice, suggesting that although diverse modeling strategies exist, recent research
increasingly prioritizes large-scale pretrained and generative models for text simplification.

Model LLM / LLMs 6
Helsinki-NLP/opus-mt-ROMANCE-en ]
GPT-2 / GPT-4 / GPT-40 / ChatGPT |nmmmmmmmmmmmmmmm 3
mMBART/ mT5 /TS5 | )
BART / BART-base |ummmmmmmmmmmmmmmmm D
RoBERTa |mmmmmmmm 1
BERT / BERT-WWM / BETO 5
Transformer-based models 3
Seq2Seq (Sequence-to-Sequence, Encoder-Decoder) 5
BiLSTM / LSTM 3
Feed-Forward Neural Network (FFNN) s 1
Decision Tree / Random Forest / Naive Bayes /... snmmmmmmumimimimmmmimmm 3
Support Vector Machine (SVM) w3
0 1 2 3 4 5 6 7

Figure 7. Model/ Algorithm used for TS

Details of the primary studies in the field of text simplification methods or approaches are presented in
Table 3.

Table 3. The list of primary studies in the field of text simplification methods or approaches.

Language Author Method/Approach/Model/System /Framework

Spanish [16] Combination of rule-based and Machine learning approaches

[17] Word embedding, Length, Frequency, Support Vector Machine
(SVM)

[18] Word Sense Disambiguation /Bert BETO
[20] SVM/Word2Vec
[21] Seq2seq

English [22] Personalized
[24] Word Sense Disambiguation/BERT-WWM
[14] Word Embedding/ BERT
[26] Frequency word / LSTM/BERT
[27] Rule-based Approaches
[28] Word Embeddings /Transformer Embedding perceptron, SVM,

Random Forest
[80] Seq2Seq
[32] LSTM
[33] Graph-based
[34] BERT
[35] Graph-based
[36] TTSG
[37] Eng-Editor
[38] Transformer-based Sequence-to-Sequence Model, Feed-
Forward Neural Network (FFNN)

[39] Supervised Model, Unsupervised model, Black-box model
[40] LLM
[41] Automatic text simplification
[42] LLMs
[43] End-to-end prompting, Natural Language Inference
[44] Language Models (LMs): BERT, RoBERTa.
[45] BART-base (fine-tuning)
[46] LLM
[21] Seq2seq

Russian [48] Mbart
[49] mBART, T5

Portuguese [24] Word Sense Disambiguation
[50] Back-Translation
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Language Author Method/Approach/Model/System /Framework
[51] LLM
China [53] Word2vec
[52] Synonym-based approach, Word embedding-based
approach, BERT-based approach, Sememe-based approach,
and a Hybrid approach
[54] Retrieval-based Interpretation Augmentation, Knowledge
Distillation
Malay [3] Boosted Tree, Random Forest Naive Bayes, Decision
Tree/supervised and unsupervised machine learning
algorithms
[55] Boosted Tree, Random Forest Naive Bayes, Decision Tree
(Word Stemming)/ Hybrid approach
Indonesia [11] Word embeddings-based and rule-based reasoning method
Japan [56] Transformer dan BART
[57] Transformer and Encoder decoder
[58] N-gram embedding with unsupervised learning
Italian [10] Seq2Seq
[21] Seq2Seq
Arabic [63] Morphology
[64] Hybrid approach
France [80] Rule-Based Reasoning
[66] Rule-Based Reasoning
[1] Rule-Based Reasoning
[67] GPT-2, Helsinki-NLP/opus-mt-ROMANCE-en
[68] MorphoSyntax
German [70] Back-Translation
[71] Back-Translation
Urdu [9] Word vector / Word2vec
Turkish [79] BiLSTM
Lituana [76] LLM
[77] LLM

RQ6. Tools/systems/frameworks that are often used for TS

Based on the distribution of tools, systems, and frameworks commonly used for Text Simplification (TS)
as shown in Figure 8, the reviewed studies employ four main types with equal frequency. Eng-Editor,
automatic text simplification (end-to-end) systems, Plainifier, and JDM Network each represent 25% of
the total usage, indicating that no single tool or system dominates TS research. This equal distribution
reflects the diversity of implementation strategies in TS, ranging from editor-assisted tools and fully
automated end-to-end systems to lexicon-driven tools and network-based simplification systems. The
results suggest that TS research does not rely on a single standardized tool or framework, but rather
explores multiple system-level solutions depending on research objectives, language resources, and

application scenarios.

Eng-Editor
B automatic text simplification
(end-to-end)

M Plainifier

H]DM Network

Figure 8. Tools/Systems/Frameworks that are often used for TS

3.1 Discussion
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Main contributions of this SLR are as follows: (1) a structured mapping of TS research from
2015 to 31 July 2025 across languages, target audiences, datasets/corpora, techniques,
models/algorithms, and tools/frameworks were provided; (2) the dominant resources and modeling
trends using evidence from the included primary studies were summarized; and (3) the research gaps
and translate them into actionable recommendations, particularly for low-resource languages and
audience-specific evaluation were identified.

Overall, the results indicate three major trends that also clarify current challenges in TS
research. First, TS research remains language-imbalanced, with English dominating and many non-
English languages receiving limited attention. This indicates a practical need for new datasets,
benchmarks, and evaluation resources in low-resource settings. Second, studies rely heavily on a
small number of datasets/corpora (e.g., Wikipedia-family datasets and Newsela), which may limit
domain diversity and audience representativeness. This motivates the development of domain- and
audience-specific corpora beyond general-domain resources. Third, approaches increasingly shift
toward transformer-based models and LLMs, showing strong interest in context-aware generation;
however, audience-specific requirements (e.g., dyslexia, children, L2 learners) are still not
consistently addressed through tailored evaluation protocols and readability constraints.

Based on these findings, the future solutions in four directions were recommended: (1)
develop and release language- and audience-specific corpora (education, medical, accessibility)
with clear annotation guidelines; (2) adopt transparent reporting of data sources, selection criteria,
and evaluation protocols to improve reproducibility; (3) explore hybrid and controllable
simplification that combines linguistic constraints (e.g., morphology and syntactic rules) with
neural generation; and (4) strengthen evaluation by combining automatic metrics (e.g., SARI, BLEU)
with human-centered readability assessment aligned with the target audience.

4. CONCLUSION

This paper presented a Systematic Literature Review (SLR) of text simplification research
published from 2015 to 31 July 2025. Based on 75 primary studies, TS research across languages was
mapped, target audiences, datasets/corpora, techniques, models/algorithms, and frameworks. The
results show that TS research is highly concentrated in English and depends heavily on a small number
of widely used corpora, while low-resource languages remain underrepresented. Importantly, the
methodological trend has shifted from traditional rule-based and classical machine-learning approaches
toward transformer-based models and, more recently, large language models (LLMs), reflecting the
growing focus on context-aware neural generation.

Future research should focus on three priorities: (1) creating and sharing simplification
datasets for underrepresented languages (e.g., Arabic, Urdu, Indonesian, Malay, Danish) and for specific
domains such as education and healthcare; (2) developing clearer TS guidelines and evaluation
protocols for different audiences, including children, dyslexic readers, L2 learners, and users with
cognitive impairments; and (3) building controllable simplification systems that combine linguistic rules
(morphology and syntax) with neural generation to produce outputs that are accurate, easier to read,
and practical for real-world use.
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