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This paper serves as a survey of the contemporary Natural Language Processing (NLP)
landscape with regard to its potential to perform or assist in literary adaptation - the modifica-
tion of literature in order to meet the needs and preferences of specific reader audiences, such as
children, foreign language learners and people with learning disabilities. Firstly, we present the
need for and nature of literary adaptation. Then, we provide overviews of the current contexts in
relation to existing NLP tasks that are of direct relevance to literary adaptation: simplification,
summarisation, style transfer, and creative text generation. Throughout the survey, we focus on
large language models (LLMs) as the current state of the art, as well as on existing methods of
evaluation of automatically generated text and, where possible, on multilingual applications.
We wrap up with a discussion of future directions for literary adaptation as the intersection
of the discussed tasks. In our view, contemporary NLP has the potential to engage in this
highly novel task, given an established multidimensional evaluation framework and ongoing
engagement on the side of professionals in fields such as education and creative writing.
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1. Introduction

To date, Natural Language Processing (NLP) has not consistently engaged in the generation
of adapted literary text that aims to meet the needs of specific readerships (such as children
of a defined age, language learners of a defined level, or people with learning disabilities).
Whilst related tasks such as text simplification and endeavours like easy-read (Freyer,
Kempt, and Kloser 2024) come close in terms of definition and purpose and do not intrin-
sically exclude application to literature, the current focus remains on information texts.
Therefore, no unified framework and practices are established regarding the distinguishing
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features of literature, such as large textual length, narrative voice, style, and figurative
language.
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Figure 1
Automatic literary adaptation at the crossroads of relevant NLP tasks.

In this survey-style paper, we lay out the current landscapes in relation to NLP (more
specifically, “natural language generation”, or “NLG”) tasks that are of direct relevance to
the concept of automatic literary adaptation: simplification, summarisation, style transfer,
and creative generation. See Fig. 1 for an overview of these tasks’ significance to the topic at
hand. We performed a bibliometric analysis in order to summarise and visualise a timeline
of the interest in the mentioned tasks through the proxy of the related articles in the
platform Semantic Scholar!. We utilised Semantic Scholar’s official API to determine the
number of title matches per year (1950 to 2026) of search terms elaborated to represent
each task®. We also limited the results by the domain “Computer Studies”. As Fig. 2 shows,
interest (and, coincidentally, advancement) in all four tasks has been growing through the
years. Summarisation is represented by the highest number of articles overall as well as
by significant growth since the early 2000s i.e. the time when statistical models became
largely used. The other three tasks, for which the aspect of semantics has a stronger role,
are associated with peaks in the late 2010s and early 2020s, when LLMs were introduced.

1 https://www.semanticscholar.org/
2 simplification: SIMPLIFICATION OR sIMPLIFY OR SIMPLIFYING
summarisation: SUMMARIZATION OR SUMMARISATION OR SUMMARIZING OR SUMMARISING
style transfer: STYLE TRANSFER OR STYLE ADAPTATION
creative generation: CREATIVE WRITING OR CREATIVE GENERATION OR STORY GENERATION OR STORY WRITING
OR NARRATIVE GENERATION OR NARRATIVE WRITING OR POETRY GENERATION OR POETRY WRITING
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Figure 2
Interest in the four investigated NLP tasks, represented by the number of associated
articles per year in SEMANTIC SCHOLAR.

In particular, simplification and creative generation demonstrate very similar patterns. A
recent phenomenon, style transfer emerged around this same time and as of today has
surpassed both simplification and creative generation in terms of article presence.

We will commence the analysis by presenting the need for automatic literary adaptation
and introducing its traditional, human-led counterpart. Then, in sections 4-7, we will focus
on each of the four mentioned related tasks (simplification, summarisation, style transfer,
and creative generation). Each of these sections will comprise: 1) a definition of the task, 2)
a general timeline of its development (typically moving from rule-based methods through
statistical and neural methods to reach LLMs as the current state of the art), 3) associated
evaluation methods and 4) takeaways in view of automatic literary adaptation. Our focal
points will include evaluation practices, multilingualism and the use of LLMs. We will end
with a discussion that sums up the practices, strengths and limitations of the analysed NLP
subfields and sets general guidelines concerning the steps that should be taken in order for
automatic literary adaptation to be defined as a task in its own right. Throughout the study,
we will use the term “literary adaptation” rather than “literary simplification” in order to
underline the complex and multifaceted nature of altering text to address a large variety of
readerships.

2. Motivation

The reading of literature has been shown to aid the development of key psychological and
social abilities ranging from critical thinking and imagination to emotional understanding
and empathy (Nussbaum 2010; Oatley 2011; Mar et al. 2006). With their experimental study
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conducted with over 33,000 participants, Mar et al. (2021) found that narrative text is better
understood and memorised than essay-like text. However, there is also evidence that when
a reader does not sufficiently understand a literary text, the benefits are at best reduced and,
at worst, there may be harmful consequences for the reader, such as a decrease in confidence
and motivation (Krashen 1982; Nation 2001; Day and Bamford 1998). In contrast, the match-
ing of text to one’s current abilities has been shown to result in better learning outcomes
(FitzGerald et al. 2018). The achieved higher reader interest reduces “mind wandering”,
leading to higher engagement and even understanding across ages, languages, and text types
(Bonifacci et al. 2023). Accordingly, the past few decades have seen significant production of
specially conceived literary works, which in turn more or less narrowly address the needs
of defined audiences. These works are often adaptations of already existing and popular
(ak.a. “canonical”) texts. Specific book series and editions have been developed that are
for children, learners of foreign languages, and people with learning disabilities. The most
established ones follow clear frameworks that separate their audience in a fine-grained
manner in accordance with their needs, such by specific ages (e.g. Oxford Reading Tree,
Penguin Young Readers) or specific proficiency levels (e.g. Oxford Bookworms for English,
Lectures CLE en frangais facile for French).

Still, the availability of adapted literature is limited by a series of factors, including the
predominance of English and other popular languages at the expense of most others, con-
cerns of physical availability and affordability, the multiplicity of differentiated audiences
and even the implied workload required from professionals in order to compose the texts.
Given the current technological context, it is therefore natural to envision the assistance of
automated tools, whose extent remains to be determined based on technological potential
and ethical norms. For the purpose of gently addressing both of these concerns, in the
current paper we firstly raise the question of adaptation of already existing literary texts
rather than the composition of new ones.

3. Background: Literary Adaptation

Hutcheon (2006) points out that the word “adaptation” denotes both a result or artefact and
the process of its creation. Ewers (2009, p. 179) goes on to say that the practice signals “any
modification of a work as it moves across boundaries of media or genres”. Occasionally,
more than one such movement is accomplished at a time; for instance, in its versions for
children, the novel Gulliver’s Travels typically shifts from satire to adventure story. Other
elements that may change in the process of adaptation include points of view, ontologies
and philosophies (Hutcheon 2006). Artistic adaptation has a long history that predates
modernity; for instance, in Victorian times, stories, poems, operas, paintings and other
media would often allude to one another.

Specifically addressing literary adaptation, Lefebvre (2021, p. 54) defines it as “texte
rémanent d’un texte littéraire source, socialement reconnu dont il a pour fonction de tenir
lieu” (“a text deriving from a socially recognised source literary text, whose function is
to stand in its place™). The extent of the undergone changes may vary significantly in size

3 Translations are the first author’s.
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and nature. Niéres-Chevrel (2009, p. 190) ironically notes that children’s literature “se donne
toute liberté de ramener a vingt pages un roman qui en faisait deux cents, de maintenir ou de
taire le nom de I’auteur de 'ceuvre originale pour n’en garder que le seul titre” (“allows itself
all freedom to bring down a two-hundred-page novel to twenty pages, to retain the name of
the original author or to omit it, keeping only the title”). Occasionally, it may be the original
author that adapts their own text, such as in the case of Lewis Carroll’s Alices’ Adventures in
Wonderland and its two later versions, including one markedly meant for children (entitled
The Nursery Alice). One may notice that it is often recurring canonical literary works (e.g.
Pinocchio, Don Quixote, Les Miserables) that are subject to adaptations into films, children’s
stories and other media and genres. Ellis (1982, p. 190) points out that such works have been
so recycled through formal adaptation and other allusions that the audience is now familiar
with “a generally circulated cultural memory” rather than the original texts. Considerations
in addition to (but often related to) canonical status that may influence the choice of literary
works to undergo adaptation include financial planning and the demands of educational
systems.

The canonical texts that are subject to literary adaptation often carry cultural signifi-
cance for their target audience e.g. young children that share the text’s underlying culture or
language learners that may be interested in discovering not only the target language but its
associated culture. The status of cultural heritage may cause adverse reactions to the process
of adaptation and equate it to a loss in authenticity. An example of the phenomenon occurred
in relation to author Russi Chanev’s adaptation of the famous nineteenth-century Bulgarian
novel Under the Yoke, which highly altered the original archaic language of the work in order
to increase its comprehensibility for children of Bulgarian origins who live outside of the
country (Vazov 2024; Intrigi.bg 2024). Addressing potential issues of the type, Hutcheon
(2006, p. 70) claims that “[t]here always is a trade-off in adaptation”. Thiel (2013) qualifies
said trade-off in the following way: whilst an adaptation might decrease an original text’s
historical value, it offers contemplation on the relationship between the past and the present
in relation to literature and beyond. Postmodern and poststructuralist views of adaptation
include a shift away from its secondary status and towards its importance as an independent
artefact (Miller 2013).

We will now discuss several key audiences that tend to be addressed in the process
of literary adaptation. Children constitute the most largest one. Adapted texts for children
typically have higher availability compared to those for other audiences, notably when it
comes to low-resourced languages. The practice of adaptation for children has a century-
long history. Miiller (2013) cites Joachim Heinrich Campe’s Robinson the Younger of 1780 (an
adaptation of Robinson Crusoe) as the first formal literary adaptation for a young audience.
Other early adaptions include Thomas Bowdler’s Family Shakespeare (1807), a children-
friendly version of Shakespeare’s plays. The need for adaptations for children has histori-
cally stemmed from a general focus on education as well as on the idea that children need to
be protected from explicit or traumatic material. In the current landscape, the link between
literature and education is sometimes rethought, and there is a vast variety of books to
choose from in accordance with a child’s specific interests (Shavit 1999). In addition to being
adapted, children’s classics often reach their audience as translations, thereby introducing
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another layer of “adaptation” (one to a different language and culture). Also, an older source
text may be seen as simultaneously adapted to another time period i.e. modernised.

There are existing attempts to methodologically define and even quantify the practice
of literary adaptation for children. Van Lierop-Debrauwer (2000) categorise the adjustable
aspects of a literary work as content, style, structure and design. Providing a microscopic
view on ideational grammatical metaphors (the abstract in nature expression as a noun
of a notion that would typically require a verb or adjective) in literary adaptation for a
younger audience, Liu (2021) defines the following five strategies: addition, maintenance,
revision, unpacking and demetaphorisation. In a curious study that compares texts written
in English and Dutch for children, teenagers and adults by the same authors (referred to as
“crosswriters”), Haverals, Geybels, and Joosen (2022) apply stylometric features, clustering
and PCA analysis to ultimately conclude that literature for children shares more similari-
ties than works for different audiences by the same author. This conclusion suggests that
audience-driven variation is a measurable and systematic phenomenon.

In the past few decades, practices such as comprehensive input and extensive read-
ing have been dominant in foreign language education (Krashen 1982). They are directly
related to observations such as the easier acquisition of vocabulary items when presented
within natural context (Godwin-Jones 2018; Restrepo Ramos 2015). Literary series, known
as “graded readers”, have emerged in an attempt to maximise the learning process. Used
in the context of both independent and in-class learning, these materials have proved to
help reaffirm vocabulary knowledge as well as increase student motivation and sense of
community (Wan-a rom 2008; Hill 2013; Dickinson 2017). Graded readers often consist in
adaptations of famous literary texts, typically related to the target language’s culture. Their
difficulty is classified in terms of proficiency levels, such as per the Common European
Framework of Reference for Languages (CEFR). The expected number of “headwords” i.e.
already acquired vocabulary knowledge, may also be indicated. The literary text may be
accompanied by glossaries, exercises, and cultural information. Today, graded reader series
in English, such as Oxford Bookworms, Penguin Readers, and Cambridge English Readers
are an established phenomenon. Albeit to a much lesser extent and proportionately to their
general popularity/resourcedness, other languages also benefit from such materials; for
instance, Lectures CLE en francais facile (French), Leichtzulesen (German), Sistema Kalinka
(Russian), Mandarin Companion (Chinese), and Taishukan (Japanese).

Specific learning disabilities and other medical conditions also influence a person’s
understanding of written text (and literary text in particular) in different ways, which
are more or less narrowly related to the condition at hand. Autistic people tend to have
difficulty in processing figurative language (Happé 1993; Kalandadze et al. 2018) that may
be improved given relevant intervention such as the inclusion of images or explicit ex-
planations (Melogno, Pinto, and Orsolini 2017; Rutherford et al. 2020; Mashal and Kasirer
2012). Dyslexia is also often associated with reduced understanding of abstract language as
well as long words and complex syntax (Snowling, Hulme, and Nation 2000; Cersosimo,
Domaneschi, and Cancer 2025). While not intrinsically related to language acquisition and
understanding, ADHD similarly impedes the processing of long segments and complex
syntax, and patients benefit from the inclusion of explicit signalling, such as headings and
keywords (Martinussen et al. 2005). In turn, aphasia has been associated with difficulties
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in relation to infrequent words and ambiguous syntactic structures (Caplan 2012; Dickey
and Thompson 2009). While to our knowledge, there are no established literary editions or
series that target specific disabilities, it is worth mentioning examples such as the UK-based
publisher Every Cherry, which defines its audience via the wider term “special needs” as
well as Spanish publisher Almadraba’s collection Kalafate, which implements practices of
easy-read, thereby addressing conditions such as dyslexia and ADHD.

4. Related NLP Tasks: Simplification
4.1 Definition

The purpose of automatic simplification is to provide a simpler version of a text that retains
efficiently its original information. The output should also be coherent and grammatical.
The new text may be addressed at a reader audience or used as a pre-processing step
in the context of additional NLP tasks. A common division is that between lexical and
syntactic simplification. Utilised techniques may include syntactic operations (e.g. sentence
splitting), lexical operations (substitution of infrequent or technical words), content re-
duction (through summarisation and paraphrases) and clarification (added explanations or
definitions) (Stajner and Saggion 2013). Recent large-scale initiatives aiming at text simplifi-
cation (such as the US Government’s Plain Language Action and Information Network? and
Inclusion Europe’s Easy-to-Read Guidelines®) have placed a focus and a sense of urgency
on the need for efficient automation of the process.

4.2 Timeline

Rule-based text simplification typically includes the application of manually-established
syntax rules and the replacement of vocabulary items based on pre-established lists of
synonyms. Devlin and Tait composed parse trees of sentences, based on which rules of
splitting, rearrangement and deletion were applied. Devlin (1999) and Devlin and Unthank
(2006) specifically developed rules targeted at the increase of text understandability by
aphasia patients.

The launch of Simple Wikipedia in 2003 became a turning point in statistical text
simplification, as it provided numerous ready examples of paired original and simplified
text. Using aligned sentences from the original and simple Wikipedia, Coster and Kauchak
(2011a) defined the simplification task as an English-to-English translation task. The trans-
lation method was to also be applied to additional languages and dialects, such as German,
Chinese, Swedish and Basque (Klaper, Ebling, and Volk 2013; Chen et al. 2012; Stymne
et al. 2013; Aranzabe, Ilarraza, and Gonzalez-Dios 2012). Biran, Brody, and Elhadad (2011)’s
unsupervised model learned simplification rules from a comparable corpus. In contrast,
Glavas and Stajner (2015) used word embeddings and cosine similarity in the task of lexical

4 https://www.plainlanguage.gov
5 https://www.inclusion-europe.eu/easy-to- read/
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simplification in addition to WordNet lists, frequency and a classifier model that seeks
words with highest simplicity. Coming first at the relevant SemEval 2016 Complex Word
Identification task, Paetzold and Specia (2016) combined different lexicon-based, threshold-
based and machine learning approaches. Stajner and Saggion (2013)’s work on automatic
text simplification was focused on the Spanish language and addressed discrete reader
audiences, such as people with Down’s syndrome and autism spectrum disorders. They used
a corpus of professionally adapted articles on different topics and applied the operations of
sentence deletion and splitting.

The introduction of neural NLP offered new state-of-the-art simplification techniques.
Nisioi et al. (2017)’s sequence-to-sequence simplification model achieved higher grammat-
icality and meaning preservation as well as a higher degree of simplification compared
to earlier methods. Zhang and Lapata (2017)’s reinforcement-learning-based DRESS (Deep
REinforcement Sentence Simplification) model was trained to encourage output that pre-
serves the meaning of original input while maintaining simplicity and fluency. Cripwell,
Legrand, and Gardent (2023) proposed a high-performing transformer model that is based
on document-level simplification (in contrast to the common sentence-level). The model
marked sentences to be copied, rephrased, split or deleted based on both context and internal
structure.

The LLM era has been marked with a variety of projects linked to text simplification.
Kew et al. (2023) proposed Benchmarking Large Language Models on Sentence Simplifi-
cation (BLESS), a comparison of 44 LLMs ranging from 60 million to 176 billion param-
eters in relation to the task. They used a few-shot setting and applied both qualitative
and automatic analysis (including SARL BERTScore and LENS). Closed-weight models, in
particular Davinci-003 and GPT-3.5-Turbo, performed particularly well, and instruction-
tuning was shown to improve models’ performance. Feng et al. (2023) concluded that GPT3.5
and ChatGPT perform the task as well as humans in English, Portuguese and Spanish.
Evaluation was based on SARI and FKGL® (and the latter’s Spanish counterpart, FRES); in
addition, 100 sentences were human-evaluated. Yang (2024) compared fine-tuning and few-
shot prompting of GPT models on the simplification of medical-related sentences using a
professional dataset and human evaluation of correctness and quality, reaching the con-
clusion that the two methods were comparable in performance. Ormaechea and Tsourakis
(2024) fine-tuned FLANTS5-based language models for the simplification of French text,
using the WiViCo dataset (which contains over 40k pairs of complex and simpler sentences)
and evaluated them using human evaluation, BLEU and SARI scores. The BEA 2024 shared
task approached multilingual lexical simplification as covering a variety of textual genres
and target audiences (Shardlow et al. 2024). The highest-performing models used a variety of
techniques ranging from handcrafted rules to LLM models such as GPT, proving the former’s
ongoing relevance.

Recent advancements in automatic text simplification have also led to finer-grained

reader audience distinctions, such as simplification to a particular CEFR level. Farajidizaji,
Raina, and Gales (2024) tested the ability of the popular models ChatGPT and Llama-2

6 Flesch-Kincaid Grade Level, a readability measure, see (DuBay 2004)
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to bring text of any source level to any target level in terms of Flesch Reading Ease’.
Indeed, Spearman correlation proved that the models succeeded in adjusting the readability
of documents. However, the issuing levels did not map unambiguously to Flesch values;
instead, they were dependent on the source texts’ readability. Similarly, Benedetto and
Buttery (2025) noted that a selection of LLMs, including Llama-3 and GPT, perform CEFR-
targeted simplification efficiently yet imperfectly, typically oversimplifying texts. Jamet,
Shrestha, and Vlachos (2024) approached French-language simplification based on CEFR
levels, focusing on current models’ ability to reduce a source sentence by a single level at
a time. They used labelled sentences in a few-shot setting and classified the derived text’s
level using the CamemBERT model. GPT-4 achieved best results as compared to Mistral and
Davinci models.

4.3 Evaluation

Alva-Manchego et al. (2020) sum up that the following main criteria are considered at evalu-
ation of automatic textual simplification models: output fluency, meaning preservation and
simplicity in comparison to the input (unsimplified) text. Many authors opt for automatic
scores conceived for the task at hand or for related NLG tasks.

Translation Edit Rate-plus (TERp) provides the number of edits required in order to
transform the source text into the simplified output (Snover et al. 2009). Designed specif-
ically for sentence simplification, SARI (Xu et al. 2016) measures accuracy and recall in
relation to words that have been added, deleted or retained, making use of several refer-
ence simplified sentences. Originally used for machine translation, the term-overlap metric
BLEU measures n-gram overlap between the reference and evaluated texts, while penalising
output deemed too short (Papineni et al. 2002). Adjustements of BLEU introduced in view
of the task of simplification include FKBLEU (Xu et al. 2016), which compares the output to
both a reference and the input. BLEU has been noted to perform better in terms of meaning
preservation, whilst SARI is a better estimate for simplicity; however, both metrics show
overall low correlation with human judgement (Xu et al. 2016; Al-Thanyyan and Azmi
2021). Also used primarily in machine translation tasks, METEOR improves on BLEU by
calculating matches to the reference based on unigrams’ surface forms, stemmed forms and
meanings, while also taking into consideration the order of matched elements (Banerjee and
Lavie 2005). Another metric derived from BLEU is NIST, which assigns different weights to
n-grams based on their informativeness (Doddington 2002). Originally used for machine
translation and widely applied to text simplification, COMET, state of the art on the WMT
2019 Metrics shared task, has an XLM-RoBERTa encoder and makes use of the source text
and a multilingual embedding space (Rei et al. 2020). ROUGE (Lin 2004) is another relevant
n-gram-based metric, which was conceived for the task of summarisation (see Section 5.3
for more detail). It has, however, been noted to correlate poorly to human judgement at the
task of simplification (Scialom et al. 2021a). Demonstrating better correlation with human
judgement, SAMSA may be seen as an improvement on SARI that provides a better overview

7 See DuBay (2004)
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of text simplification results by addressing semantic structure (Sulem, Abend, and Rappoport
2018). It is a reference-less metric that focuses on predicate-argument relations while con-
sidering “scenes” rather than sentences. BERTScore changes the evaluation landscape by
making use of a BERT model to calculate semantic rather than n-gram-based similarity
between an automatic output and a reference text (Zhang et al. 2020). It is applied to a
variety of NLG tasks, including simplification.

QuestEval, formulated for summarisation tasks, was later updated so as to be relevant
to simplification evaluation (Scialom et al. 2021b). The metric evaluates the factual con-
sistency of an output based on the associated source document. For the purpose, a list of
questions is generated based on the former, and answers are then retrieved from both texts,
whilst their similarity is calculated. In its simplification-friendly version, the similarity is
calculated using BERTScore instead of the original F1-score, thereby accounting for the use
of synonyms and reformulations. Finally, LENS is a metric specifically crafted for simplifi-
cation that uses a pre-trained model, based on human judgements pertaining to meaning
preservation, simplicity and fluency (Maddela et al. 2022). The EASSE framework (Alva-
Manchego et al. 2019) standardises the evaluation of text simplification through commonly
used automatic metrics, offering a unified toolkit. In turn, Stodden (2024) propose EASSE-
multi, a related framework that extends to non-English languages, and exemplify its use for
German simplification.

Many of the mentioned automatic metrics used in text simplification are dependent
on the presence of high-quality datasets of associated simple and complex sentences.
Popular datasets of the type include Wikipedia-Simple Wikipedia for English (Coster and
Kauchak 2011b), Newsela for English and Spanish (Xu, Callison-Burch, and Napoles 2015),
PorSimples for Brazilian Portuguese (Aluisio and Gasperin 2010), Alector for French (Gala
et al. 2020) and 20 Minuten for German (Rios et al. 2021). OneStopEnglish is a corpus for
readability assessment and automatic text simplification that consists of 189 original texts,
each accompanied with three graded simplifications for learners of English as a second
language(Vajjala and Luci¢ 2018). It is worth mentioning that datasets focused on literary
simplification, although limited in number and size, have also been produced. Washburne
and Vogel (1926) published the Winnetka Graded Book List, which includes 700 children’s
books, manually annotated for reading difficulty. MULTISIM is a multilingual simplification
benchmark that includes 1.7 million pairs of complex and simplified sentences over 12
languages(Ryan, Naous, and Xu 2023). It covers eight domains, including literature (novels).
Brunato et al. (2015) offer a corpus of 32 short Italian novels for children and their manually
simplified versions for “poor comprehenders”. They go on to annotate it for a selection of
simplification procedures®. Dmitrieva and Tiedemann (2021) compile a simplification dataset
of 19 books for Russian-language learners at different CEFR levels; then, they go on to train
an LSTM-based classification model and evaluate it using the EASSE framework.

Constituting a differing approach, evaluation through measures of readability is often
evoked in relation to automatic simplification. The term “readability”, in use since the 1950s,
denotes measures and formulas that are meant to estimate a text’s level of difficulty, typically

8 split, merge, reordering, insert, delete and transformation
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so as to link it to a particular reader audience, such as a school grade level (DuBay 2004).
Early readability formulas focus on length-based measures such as word and sentence
length (e.g. Flesch Reading Ease) and/or on lexical mapping (e.g. Dale-Chall). Originally
conceived with the English language in mind, readability formulas based on superficial text
characteristics have been shown to correlate across languages (van Oosten, Tanghe, and
Hoste 2010). Also, adaptations of some readability formulas for other languages have been
elaborated, such as Flesch-Douma (an adaptation of Flesch Reading Ease for Dutch) (Douma
1960) and Spaulding’s Spanish readability formula (an adaptation of Dale-Chall) (Spaulding
1956). The main advantage of readability-based features and formulas is that they make
up an universal convention that is not dependent on a limited reference corpus. They can
therefore be applied independently in evaluating the difficulty of both an original text and
a simplified text derived from it. However, the method is also associated with significant
limitations, such as the inability to account for errors and to address textual semantics. Less
“shallow” atomic textual features not typically present in readability formulas have also been
noted to have high relevance to textual simplification, such as the use of complex sentences,
passive and conditional constructions, and figurative expressions (Stajner and Saggion 2013;
Evans, Orésan, and Dornescu 2014).

Human-based evaluation has also been widely applied in automatic simplification tasks,
with a common focus on fluency, grammaticality, simplicity, and meaning preservation. Al-
Thanyyan and Azmi (2021) use a Likert scale (1 to 5 or 1 to 3) to estimate the mentioned
features. Maddela et al. (2022) introduce the human evaluation framework RANK & RATE,
in which candidate simplifications are rated through an interactive interface.

4.4 Takeaways

Automatic text simplification is possibly the discussed task with highest relevance to au-
tomatic literary adaptation, and many of its developments and conclusions are readily
applicable to the latter. Initially, the task tended to involve no clear definition of “simple”
and “complex” text, and the focus was on the difference in simplicity between source
and target text rather than a more universally applicable distinction. Gradually, narrow
reader audiences such as people with different disabilities and foreign language learners
at different levels came to be more frequently addressed in simplification research. Recent
advancements, such as document-level granularity and application to various languages,
although still developing, are cause for optimism. They go hand-in-hand with general NLP
trends, such as language models’ increasing semantic knowledge and proficiency in low-
resource languages.

The evaluation of simplified text via readability-based and other predefined character-
istics has the advantage of alleviating the need for a large number of reference datasets
associated with different textual genres, audiences or languages. Established automatic
measures, while imperfect individually, have the potential of covering different textual
aspects (e.g. SARI has proven to be a good proxy for lexical simplicity) and to therefore work
efficiently when used collectively. Finally, human evaluation has been used consistently with
text simplification, including in the era of LLMs and is likely to continue being a necessity.
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Future advances, including in literary adaptation, can benefit from a systematisation of
efficient human evaluation frameworks.

5. Related NLP Tasks: Summarisation
5.1 Definition

As Fig. 2 demonstrates, interest in automatic summarisation has been both early and
widespread. The need for reduction in textual size goes hand in hand with the increase in
quantity of online data and people’s related difficulty in consuming it in terms of time and
effort. Summarisation is often an element of simplification, although the two tasks can also
exist independently of one another (as shown, the simplification of a text may sometimes
require its increase in textual length, such as through the addition of explanations). Although
the decrease in size involved in summarisation may vary significantly based on the associ-
ated documents and tasks at hand, a general guideline is that reduction by at least half is to
be aimed at (Radev, Hovy, and McKeown 2002). The most widely accepted categorisation is
that between the extractive and abstractive approaches to summarisation. In the case of the
former, the parts of a text that are of highest importance are taken verbatim to constitute
its summarised version. In contrast, the latter approach implies reformulation of the text.
Earlier practices of automatic summarisation typically followed the extractive approach and
involved preprocessing the source text and ranking its tokens (usually, sentences) in order of
importance, such as through TF-IDF-based methods. In turn, as abstractive summarisation
involves novel text generation, it became widespread during the pre-neural and neural
periods. Still, this is not to say that the need for extractive summarisation disappeared,
nor that abstractive summarisation was not attempted earlier on. A distinction also exists
between generic and query-based summarisation. Generic summarisation seeks to provide
a general overview of a text’s content, whilst a query-based one focuses on information that
is relevant to a specific search query at hand. In addition, summarisation may be of one or
multiple documents. Like simplification, summarisation may also be used as an intermediary
step in other NLP tasks, such as information retrieval and question answering.

5.2 Timeline

Luhn (1958)’s work on automatic generation of articles’ abstracts has been cited as the
first application of automatic text summarisation. He made use of word frequency and
distribution in order to rank the significance of both words and sentences. Hu and Liu (2004)
provided summaries of the totality of customer reviews of a given product based on the
mentioned features of the product as well as a review’s overall positivity or negativity.
Ko and Seo (2008) combined pairs of consecutive sentences prior to ranking them for
significance so as to account for context. Addressing a literary audience, Kazantseva and
Szpakowicz (2010) extracted summaries of short stories with the purpose of aiding readers
in deciding whether to read the full text. Heuristics were used to select descriptive content
that pertains to a story’s setting and main entities but does not reveal the plot. Genest and
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Lapalme (2012) combined rule-based methods of information extraction with NLG in the
production of summaries.

During the pre-neural NLP period, extractive summarisation methods still dominated
the field. Ouyang et al. (2011) used Support Vector Regression (SVR) to estimate the impor-
tance of sentences in the context of query-focused multi-document summarisation. Wang
and Ma (2013) represented texts as matrices and inferred underlying topics via dimen-
sionality reduction, achieving high ROUGE-score results. In turn, Shetty and Kallimani
(2017) applied matrix decomposition and k-means clustering of sentences in order to ex-
tract diverse and redundancy-free summaries. Kobayashi, Noguchi, and Yatsuka (2015) used
word embeddings to represent documents and candidate summaries and ranked different
extractive summaries based on distances between embeddings.

Due to its simplicity and efficiency, extractive summarisation did not become obsolete
even with the rise of neural NLP. Cheng and Lapata (2016) approached the task using a hi-
erarchical encoder that models document structure combined with an attention mechanism
that determines tokens’ importance for a given document. The model was trained on a large
dataset and did not imply textual preprocessing. Abdel-Salam and Rafea (2022) evaluated
BERT models on the task of extractive summarisation and proposed the fine-tuned easily
trainable “SqueezeBERTSum” model.

Attention-based sequence-to-sequence models proved to be particularly fitting for
the task of automatic summarisation, particulary in relation to long documents. Chopra,
Auli, and Rush (2016) trained a RNN model with an attention-based encoder to aid the
decoder’s focus at the generation of abstractive summaries. Chen et al. (2019) proposed RC-
Transformer (RCT), a model that works efficiently with long-term dependencies and outputs
better-ordered text. The model was extended with an additional RNN-based encoder and a
convolution module that filters text with local importance.

The LLM era brought about a variety of summarisation-related work and an exploration
of methods such as prompt engineering, fine-tuning and knowledge distillation (Zhang et al.
2026). The primary focus remained on informativeness and the reduction of large amounts
of data for practical purposes. Xiao and Chen (2023) proposed an LLM-based method of
evolutionary fine-tuning of news articles, focusing on informativeness. Human evaluation
ranked LLM output as better than one produced by humans and fine-tuned neural models,
specifically emphasising its qualities of fluency and coherence. Zhang et al. (2024) compared
performance at the task between humans and ten discrete LLM models, concluding that
the former’s summaries are more abstractive in nature. Pu, Gao, and Wan (2023) boldly
claimed in their article’s very title that (human-based) “summarization is (almost) dead”,
basing themselves on the results of five summarisation tasks, including crosslingual sum-
marisation. In contrast, Wang et al. (2023a) had significant criticism regarding current LLMs’
crosslingual summarisation abilities. More specifically, they noted that GPT-4 demonstrates
competitive performance based on ROUGE and BERTScore (but still performs worse com-
pared to a fine-tuned BART model), whilst Vicuna-13B outright lacks zero-shot abilities for
the task. They pointed out that the use of chain-of-thought, such as instructions to first
translate and then summarise a document, helps improve models’ performance.

The potential of current models to summarise long text is particularly relevant in
view of literary adaptation. Wu et al. (2024) incrementally extracted and concatenated key
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sentences from a long document, stopping the process when the derived summary resulted
in the highest ROUGE score. Chang et al. (2023) divided a long document of over 100k
tokens into chunks, and the chunks were then merged hierarchically and incrementally,
while textual coherence was used to evaluate the resulting summaries. The highest scoring
models were GPT-4 and Claude 2, and hierarchical merging achieved better results.

5.3 Evaluation

The main qualities brought forward in relation to automatically summarised text include its
information coverage, information significance (general or user-/task-defined), coherence
and lack of redundancy (Huang et al. 2010). Human-based evaluation has focused on these
criteria, typically as organised in ranking scales (El-Kassas et al. 2021). Many of the auto-
matic metrics used for the task, including term-overlap based ROUGE, BLEU and METEOR
and semantic-similarity-based BERTScore, were already mentioned in relation to automatic
simplification (see Section 4.3).

The ROUGE (Recall-Oriented Understudy for Gisting Evaluation) metric was conceived
for the task of summarisation (Lin 2004). In its framework, an automatic summary is
compared to one or more references in terms of overlapping units. Variations of ROUGE
include ROUGE-N, which is based on n-gram units; ROUGE-L, which denotes the longest
common subsequence; and ROUGE-S, which offers skip-bigram statistics, thus allowing
for gaps between tokens. The ROUGE metric focuses on recall, whilst BLEU (typically
used in the evaluation of machine translation), focuses on precision. Metrics that have
been introduced in order to improve on ROUGE’s performance include Basic Elements,
where sentences are broken down into small meaning units, against which summaries are
compared (Hovy et al. 2006) and BEWT-E (extended Basic Elements), which also accounts
for textual transformations, such as paraphrases and syntactic variations (Tratz and Hovy
2008). In turn, DEPEVAL makes use of dependency parsing and compares summaries based
on syntactic structures (Owczarzak 2009).

Metrics such as BERTScore, which take into account textual semantics, are often seen
as a better evaluation alternative of summarisation output, especially in cases of abstractive
summarisation. Yet, BERTScore has been noted not to offer significant benefits when com-
pared to ROUGE (Scialom et al. 2021a). BLEURT is another similarity score based on BERT,
which models human judgement. It can be used in cases of limited reference data; however,
it requires training on existing human ratings (Sellam, Das, and Parikh 2020). BARTScore is
a comprehensive framework that makes use of a pre-trained BART sequence-to-sequence
model (Yuan, Neubig, and Liu 2021). Its main idea is that higher-quality summaries re-
ceive better scores based on how likely they are to be generated from, or to generate, a
reference text. The score has been noted to correlate well with fluency and accuracy. The
Pyramid method is a human-centric evaluation framework that weighs Summary Content
Units (units that represent key information) across multiple reference summaries (Nenkova,
Passonneau, and McKeown 2007).

Scialom et al. (2021a) proposed QuestEval, a question-answer-based method that does
not require reference summaries or ratings at evaluating whether a summary contains all
relevant information from an associated source document. QuestEval correlates highly with
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human judgement in terms of consistency, coherence, fluency, and relevance. Recently,
LLMs have also been made use of as evaluators of automatic summaries. Jain et al. (2023)
explored ChatGPT’s ability to replicate evaluation methods such as Pyramid and pairwise
comparison, achieving high results. Chang et al. (2023)’s BOOOOKSCORE uses GPT-4
prompts to identify problems within automatic output, including causal omissions, salience,
and duplication.

Large reference datasets used in the evaluation of automatic summarisation include Gi-
gaword (Napoles, Gormley, and Van Durme 2012) and DUC (National Institute of Standards
and Technology 2004)°, LCSTS (Hu, Chen, and Zhu 2015)° and Wikilingua (Ladhak et al.
2020)™.

5.4 Takeaways

Literary adaptation typically involves an element of summarisation i.e. a significant reduc-
tion in size. However, a key distinguishing feature in literary adaptation is that unlike in
the case of most examples of automatic summarisation, the focus therein lies in the reading
experience itself rather than the efficient presentation and consumption of information. As
a result, additional questions arise that do not tend to be addressed within the generation
and evaluation of automatic summaries, such as those of general aesthetics, narrative voice,
and anaphora resolution.

Abstractive summarisation is the method that holds greater relevance in relation to
the literary domain and, as with simplification, recent advancements, such as increasing
efficient work with long context and a focus on semantics, speak of possible “readiness” for
NLP to engage in the task. Current evaluation methods for automatic summarisation that
may be applicable to literary adaptation include those that involve a multitude of features
and rely on a common semantic space, thereby being largely language-independent.

6. Related NLP Tasks: Style Transfer
6.1 Definition

The term “style transfer” or “style adaptation” may be used in relation to different modalities,
such as image, audio and textual data. For the purpose of this survey, we will be addressing
solely textual style transfer i.e. an NLP task that consists in altering the style of a text
whilst preserving its semantic content. The definition of textual style is largely open to
interpretation, and the task may so much as be taken as an umbrella term that includes
the aforementioned tasks of simplification and summarisation. Tikhonov and Yamshchikov
(2018) note that style needs to be “orthogonal” in relation to semantics in the sense that any
semantic quality of a text can be expressed in any defined style. While admitting subjectivity,

9 news summaries in English
10 blog articles in Chinese
11 a multilingual knowledge base
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Xu (2017) refers to the following seven key styles: “simple and short”, “instructional and
robotic”, “historical and evolving”, “colloquial and internet”, “gendered and personalised”,
“pervasive and framing” and “polite and abusive”. The most commonly approached di-
chotomies within traditional style transfer tasks are those between formal and informal
text and positive and negative sentiment. Additional focus may fall on authorial voice,
register and audience adaptation. Applications of style transfer include the generation of
personalised texts and consistent dialogue systems. Style transfer may also be used within
other NLP tasks, such as data augmentation. In their extensive survey on the topic of textual
style transfer, Jin et al. (2022) note that the rising interest in style within NLP is of high

significance, as it implies unprecedented user-centredness.

6.2 Timeline

As noticeable in Fig.2, the practice and interest in style transfer were very scarce during
the pre-neural period. The limited number of rule-based studies typically involved the
application of hand-crafted grammars and templates. Reddy and Knight (2016) experimented
with the alternation of authorial gender through lexical substitution for the purpose of
concealing identity in social media communication. Working with the Japanese language,
Mizukami et al. (2015, p. 129) defined style transfer as a statistical machine translation task
that seeks to “express the individuality of the writer or speaker”.

The emergence of neural NLP opened new potential in relation to the examined task. In-
spired by recent advances in style transfer within computer vision, Zhang, Zhao, and LeCun
(2015) used ConvNets (temporal convolution networks) to deconstruct English and Chinese
text at different granularities ranging from character-level to abstract textual features.
Addressing sentiment transfer, Li et al. (2018) were among the first to seek to disentangle
stylistic from content-related textual attributes in an unsupervised way. They then deleted
and added from the original text phrases determined to be distinctive to positive or negative
sentiment. Aiming to increase the politeness of chatbot replies, Mukherjee, Hudecek, and
Dusek (2023) addressed the unavailability of training data by generating synthetic data via
the intermediary of a politeness transfer model.

An example of the widespread application of adversarial networks in style transfer is
the work of Zhao et al. (2018). They made use of an adversarially regularized autoencoder
(ARAE) that jointly trains a rich discrete-space encoder (e.g. an RNN) and a continuous space
generator function, constraining the resulting distributions to be similar. In turn, Fu et al.
(2018) defined style as a set of measurable categorial and continuous parameters and used
adversarial networks to learn separate content and style representations. They evaluated
output based on transfer strength (the extent to which the target style is reflected) and
content preservation (the extent to which the original content is retained).

Key training data assembled and/or utilised efficiently within the task of style transfer
includes Jhamtani et al. (2017)’s parallel corpus of Shakespearean versus modern language,
used to train a “translator” between the two language styles. They used a bidirectional LSTM
as an encoder and a mixed RNN and pointer network module that enables copy action as a
decoder. Simultaneously undertaking the tasks of automatic translation and style transfer,
Garcia et al. (2021) defined both sentiment and language as textual attributes that may be
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modified jointly. Surya et al. (2019) also tackled several NLP tasks at applying style-transfer
techniques for the purpose of content reduction and lexical simplification. They used an
adversarial setup and several auxiliary losses. Addressing this landscape of numerous and
varying neural style transfer methods and projects, Tikhonov and Yamshchikov (2018)
published an opinion paper that served as a quest for formalisation and standardisation
of the task in terms of definition, approaches and evaluation.

Naturally, LLMs brought an array of new approaches to the practice of textual style
adaptation. Reif et al. (2022, p. 837) focused on models’ zero-shot abilities at a sentence
rewriting task, achieving good results in relation to sentiment transfer as well as “transfor-
mations such as ‘make this melodramatic’ or ‘insert a metaphor. ” In particular, ACL’s 2024
edition was centred around controllable generation and introduced a variety of works that
tackle the examined task. Liu et al. (2024) addressed the issues of errors within output and
lack of user control in their prompt-based approach for specific-region editing. LLMs were
instructed to modify limited portions of text within a defined editing region. Region selec-
tion was based on prompt engineering as well as frequency-based strategies. Employing
LLMs and chain-of-thought prompting, Han et al. (2024) generated synthetic parallel data
for the task of style transfer, on which they then trained a model that performs style-content
disentanglement, introducing two losses in order to focus on attribute-related features
while constraining a text’s semantic space. In their recent work, Huynh and McNamara
(2025) interestingly evoked the term “textual personalisation” rather than “style transfer”,
thus offering an emphasis on the reader’s characteristics. They prompted several LLMs to
adapt ten scientific texts in accordance with several reader profiles that were defined in
terms of age, educational background, reading skills, interests and learning goals. Prompts
were augmented using chain-of-thought, personification and RAG techniques. The authors
noted that evaluation of the achieved modifications was a rather challenging task. Through
automatic metrics, Llama was concluded to produce the most complex and academic-like
texts, Gemini - the most diverse ones in terms of both vocabulary and syntax, whilst Claude
- the least cohesive ones.

6.3 Evaluation

Evaluation of style transfer output is challenging due to the markedly non-quantitative
nature of “style”. Jin et al. (2022) suggest that, despite the current technologically advanced
landscape, the task necessitates both human-based and automatic evaluation.

The following qualities are typically evoked in relation to style transfer evaluation:
fluency, transfer strength, and content preservation (Fu et al. 2018). The last measure
has typically been evaluated with established n-gram-based and semantic-based similarity
metrics, such as BLEU, ROUGE, METEOR, and BERTScore. However, there is a general
lack of associated reference datasets for the task. Popular parallel style-transfer datasets
include GYAFC (Grammarly Yahoo Answers Formality Corpus) for formality transfer (Rao
and Tetreault 2018), the Yelp Reviews dataset for sentiment transfer (Shen et al. 2017), the
Shakespeare dataset of modern versus Shakespearean style (Xu et al. 2012), and CDS (Corpus
of Diverse Styles), which involves a plurality of defined styles (e.g. poetry, Biblical text)
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(Krishna, Wieting, and Iyyer 2020). XFORMAL, a formality-based dataset, includes text in
several languages, including Portuguese, French, and Italian (Briakou et al. 2021).

Reference-free frameworks that focus on various textual features (such as readability-
based ones) have also been applied to style transfer evaluation, an example being Coh-
Metrix (McNamara et al. 2014). Perplexity based on large language models has also been
utilised as a measure of fluency (Jin et al. 2022).

6.4 Takeaways

Unlike the previously discussed tasks of simplification and summarisation, style transfer
implies change of a more subjective and qualitative nature, thus providing a strong link
with literary adaptation. In addition, the newly-found focus on the reader as well as many of
the textual features evoked as representative of style are directly related to the adaptation of
literary texts in view of different audience needs and preferences: reader profiles, authorship,
modernisation, and even sentiment polarity (e.g. a more “positive” text may be directed at a
younger audience). Extending Garcia et al. (2021)’s reasoning, we could unify a large number
of both text-centred and reader-centred textual variables, including even language, under a
common term tentatively referred to as “style”.

As demonstrated throughout the current section, isolated evaluation metrics and lim-
ited in size and breadth datasets cannot easily capture the nature of style transfer as a mul-
tifaceted framework. Prompt engineering of state-of-the-art LLMs constitutes a promising
direction; however, the technique is associated with low explainability and replicability as
well as a lack of clarity in terms of the definition of style. A larger yet carefully categorised
selection of independent evaluation metrics would likely be of benefit to the evaluation of
literary adaptation as a crossroads of textual styles. Ideally, human evaluation including
comprehensive studies of reader experience, would also be included.

7. Related NLP Tasks: Creative Generation
7.1 Definition

Creativity is typically associated with human intelligence and with notions such as novelty,
personality, uniqueness, emotion and aesthetics. In her work on Artificial Intelligence and
creativity, Boden (1998) differentiates between psychological and historical creativity, where
the former is limited to a single person and the latter extends to humanity as a whole.
She also defines combinational, exploratory, and transformational creativity, which move
incrementally from reuse to actual novelty. Although the notion of creative generation (and
any creativity for that matter) might strike as an antithesis of technology, NLP methods have
been applied at different steps of the process, and current generative models are capable
of producing full texts of different genres and sizes, such as short stories and poems, that
largely mimic human creative writing.
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7.2 Timeline

In 1950, the Turing Test, whose purpose was to evaluate machines by proxy of their resem-
blance to humans in linguistic interaction, sparked interest in the potential of technological
tools to perform creative tasks, such as storytelling (Turing 1950). The “rule-based” NLP
period saw the introduction of simple creative tasks, such as the production of pun-like jokes
by JAPE (Joke Analysis and Production Engine) (Binsted 1996). The underlying mechanism
included schemas that define the structure of jokes, templates of realisation, lexical resources
and estimation of phonological similarity.

Real breakthrough came with Transformer models and sequence-to-sequence text gen-
eration in the late 2010s. A state-of-the-art convolutional model of story writing was pro-
posed by Fan, Lewis, and Dauphin (2018). It made use of a hierarchical framework: firstly,
a single sentence (referred to as “prompt”) that describes a story was generated, based on
which further generation was conditioned, guaranteeing consistency and staying on-topic.
A dataset of human-made stories and related prompts was used in training the model. A year
later, a GPT-2 model outperformed Fan, Lewis, and Dauphin (2018)’s model in the following
aspects: order of events, lexical variety and reliance on the provided prompt. Both models
were noted to exhibit the shortcoming of excessive repetitiveness. Also in 2019, Trausan-
Matu claimed that despite recent advances, stories generated by language models still lacked
in empathy and human-like creativity. In his survey of NLG and creative generation that
covers the years 2016 to 2021, Alsharhan (2022) identified 16 high-quality papers, 75% of
which evaluated positively the impact of current technology on creative writing. Shanahan
and Clarke (2023) used prompting strategies and temperature fine-tuning of GPT-4 in a task
of story writing and evaluated the output qualitatively, reaching the conclusion that LLMs
can competitively engage in creative writing, while one should keep in mind their currently
high dependence on user prompts. Gomez-Rodriguez and Williams (2023) compared the
creative generation abilities of several LLMs to each other as well as to a human benchmark
for the same task, applying human evaluation to the derived stories, also coming to mixed
conclusions. Despite performing very highly, commercial LLMs were judged not to match
human writers in terms of originality. Specifically, humour was concluded to be an emerging
ability of LLMs.

The implication of LLMs in creative writing gave rise to questions of ethical and philo-
sophical nature. Referring to Boden’s notions of value, novelty and surprise, Franceschelli
and Musolesi (2024) claimed that the creativity of LLMs is, by definition and insurmountably,
limited in both nature and scope. What about the fair use of LLMs? Should one apply
limitations to their ability to impersonate an author’s style? Can an LLM own authorship?
Do the authors of texts that the model was trained on share in its authorship? Currently,
there are publishers and literary contest organisers that ask authors to fill in declarations
about potential use of Al in their work, although no global frameworks on the topic have
been established (Coeckelbergh 2020).

The use of contemporary Al tools in discrete modular tasks related to creative writing
(such as character development and plot outlining) is typically seen as an ethically safe
practice and as an example of effective human-machine cooperation. Kreminski and Martens
(2022) offer an overview of LLMs’ potential to support creative writers in cases of “writer’s
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block”. The tool Story Centaur makes use of LLMs’ few-shot abilities at discrete writing
tasks, such as the generation of a sentence based on the previous one and a “magic word”
provided by the user (Swanson et al. 2021).

Additional NLP tasks that imply an element of creative generation have been considered
challenging in terms of implementation and evaluation. Toral and Way (2018, p. 263) referred
to the translation of literary texts as “the greatest challenge for [pre-LLM] M[achine]
T[ranslation]”. At a 2023 shared task on discourse-level literary translation organised by
Tencent Al Lab and China Literature Ltd, LLMs were the clear winner based on both human
and automatic evaluation (Wang et al. 2023b).

7.3 Evaluation

Fan, Lewis, and Dauphin (2018)’s sequence-to-sequence model made use of measures of
perplexity on the test set as well as of prompt ranking accuracy in its evaluation of specific
aspects of creative writing, such as “staying on topic”. Given the task of creative writing
translation, Wang et al. (2023b) opted for document-level SacreBLEU* (d-BLEU). The lim-
itations of quantitative evaluation of automatic creative output become more prominent
with the technology’s advancement and a movement away from lower-level concerns such
as those of grammaticality, fluency, and cohesion. Boden (1998) notes that evaluation of
high-level creativity is largely impossible, as the implied method would, by definition, need
to be external to previously established frameworks in order to be applicable to true novelty.
The following are examples of human-evaluation-based measures that have been associated
with automatic creative generation: characterisation, imagery, humour, and use of idioms.
Their quantification and systematisation, however, remains challenging.

7.4 Takeaways

The current quality of automatic tools, notably LLMs, in relation to creative writing, give
reasons to be optimistic about NLP’s readiness for literary adaptation. However, whilst
language proficiency and fluency are unlikely to come as a significant concern, the situation
might be different in relation to the knowledge and application of diverse artistic traditions
as associated with different cultures.

Key limitations to automatic creative generation, such as ethical concerns related to
authorship and the lack of objectivity at evaluation, apply to a lesser extent to the prac-
tice of literary adaptation due to the presence of an original text that the output may be
compared against. At the same time, additional questions may emerge that require careful
contemplation and possibly regulations. For instance: should there be a limit of the extent
to which the original text may be reused? Does the original author’s copyright come into
play?

Due to the presence of an original text, comparison-based evaluation measures such
as BLEU score may be relevant to literary adaptation, while likely insufficient on their

12 a standardised implementation of BLEU
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own. Elements of creative writing that have been applied in human evaluation of machine-
produced text, such as humour, imagery, and idioms, are also to be incorporated. It is worth
noting that as semantics is steadily making its way into NLP tools and methods, textual
features that were once seen as strictly qualitative, such as the presence of metaphors in
text, are currently identifiable and measurable by neural models (Wachowiak, Gromann,
and Xu 2022).

8. Discussion
8.1 General Trends

The perceived lagging behind of literary adaptation within NLP in comparison to other
tasks may be understandable given its less practical nature and lower sense of urgency
compared to, for instance, work such as Segura-Bedmar and Martinez (2017)’s simplification
of drug package texts. However, in terms of technological readiness, automated literary
adaptation can be accommodated as of today. Common NLP trends of relevance include
the strong linguistic, including multilingual, performance of LLMs, a growing focus on
style and qualitative textual characteristics, and reader-centredness. One may also notice
that as technology advances, user groups tend to be more narrowly defined, an example
being readers with different language proficiency levels. Also, associations of two or more
discrete tasks (such as translation and style transfer) become more common, and literary
adaptation in itself is, as discussed, a meeting point of several practices that are prone to
automation, such as simplification, summarisation, style change and literary production.
Finally, although the current success of creative text generation is ambiguous, literary
adaptation largely mitigates its limitations by being based on a source text.

In terms of the exact generation methods that literary adaptation is most likely to
benefit from, LLMs are the first candidate given the current context in NLG, and their
performance may be efficiently complemented with established techniques such as prompt
engineering and RAG. Additional quantitative and qualitative development within NLP in
the near future is likely to continue paving the way for literary adaptation; in particular, in
relation to its concerns with textual length, coherence, plot, and figurative language.

8.2 Evaluation Framework

One of the main challenges of automatic literary adaptation is the need to elaborate a
relevant evaluation framework. See Appendix A for a table presenting the automatic metrics
mentioned within the current survey, along with their broad types, applications and char-
acteristics/benefits. These metrics may be roughly categorised into surface-based, semantic,
learned, and reference-free. Surface-level metrics such as BLEU and readability scores are
still widely used due to their simplicity combined with the ability to capture key textual
characteristics. Although they typically come with significant limitations (such as BLEU’s
inability to account for paraphrased text), these can be alleviated when multiple metrics are
used jointly in carefully selected combinations.
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The combination of a number of different automatic metrics can help construct a
reusable and adjustable evaluation framework for automatically generated text, in particular
in relation to the task of literary adaptation. Additional metrics that we propose to be
included in the framework by merit of their relevance to literary adaptation as well as
additional tasks addressed in this survey include: Biber (1988)’s comprehensive selection
of textual features (including, but not limited to, morphology- and syntax-related ones),
literature-specific features, such as figurative language, humour and surprise, as currently
measurable by neural tools (e.g. Wachowiak, Gromann, and Xu 2022; Fan et al. 2020) and
different aggregators for applicable features, such as average, minimal and maximal values,
which have also proved relevant in the description of a text’s linguistic qualities (Wilkens
et al. 2022).

Many of the mentioned automatic metrics require reference texts. However, reliance
on multiple limited datasets in relation to different audience types and languages would
be highly inefficient. Instead, we propose the composition of a large literary corpus and the
establishment of gold standard values for the various utilised metrics in relation to it. Ideally,
the corpus should contain a large number of paired original and professionally adapted
versions of the same text, possibly along with additional original texts that account for
lower-resource settings, thereby helping include a variety of genres, languages and literary
traditions. Based on estimation of feature relevance with respect to different audience types
and languages, as well as on correlation analyses that can help efficiently reduce the number
of utilised features, different evaluation formulas may be defined for different adaptation
scenarios. Finally, the gathered insight about feature relevance may be used not only in the
context of evaluation but also in automatic editing of output text or as a protocol integrated
into LLM prompts.

8.3 Human Involvement

Currently, despite being costly in terms of time, effort and money, human-based evaluation
is the preferred standard in all discussed NLP tasks. The need for substantial human partici-
pation is reinforced by concerns of an ethical and philosophical nature in relation to the role
of professionals, such as when it comes to creative output and to pedagogical applications.

It is best practice for automated metrics to be validated through their correlation with
human evaluation, as demonstrated by Vajjala and Lucic (2019). In the specific case of
literary adaptation, a selected reader audience may be asked both to answer comprehen-
sion questions, a practice shown to directly measure meaning preservation (Agrawal and
Carpuat 2024), and to subjectively evaluate their reading experience and appreciation of the
text.

Also, the task of literary adaptation task can realistically be seen as partially rather
than fully automatable. Involvement in the process of professionals in fields such as foreign
language teaching would be crucial and extend from prompt composition and use to manual
editing of automatically produced text.
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9. Conclusion

Whilst the independent generation of high-quality creative text by NLP tools is not a current
reality, concepts relevant to literature, such as humour, constitute emergent abilities of
contemporary models. Given the advanced landscapes in relation to the relevant tasks
of automatic text simplification and summarisation as well as style transfer and creative
generation, it is not far-fetched to envision the beginning of systematic automated literary
adaptation. This survey lays out methods and challenges that the task is likely to be met
with and that are to be kept in mind in view of a process of preparation as well as the initial
implementation steps of the emerging task.

The immediate steps that we recommend be taken in view of the proposed task include
the compilation of a dedicated literary adaptation corpus of a substantial size and the
definition of reference-free formulas (similar to readability ones) to be used in the evaluation
of adapted literary texts. The corpus should consist of pairs of original and adapted literary
texts as annotated according to fine-grained audience categories (e.g. age ranges for children
and proficiency levels for foreign language learners). Importantly, a variety of languages
should be represented within the corpus. A statistical analysis should then be applied to
the corpus, based on a variety of quantitative metrics as laid out in Section 8.2. The most
relevant (yet not strongly correlated) metrics should be determined by audience and by
language, and corresponding formulas should be formulated for future use. The described
framework would pave the way for standardised adaptation effort that extends to a variety
of audiences and accounts for a diversity of literary traditions.

10. Limitations

Relevance to literary adaptation is not reserved to the four NLP tasks that we chose to focus
on. For instance, machine translation would be heavily implied in cases of different source
and target languages. Another task, paraphrase, is also relevant in its transformation of
textual formulation whilst meaning is preserved. However, due to the paraphrase’s under-
specified nature, we have opted for the inclusion of tasks that are associated with concrete
communicative objectives that are typically shared with those of literary adaptation: reduc-
tion in size (in summarisation), reduction in complexity (in simplification) and change in
style to appeal aesthetically to an alternative e.g. more modern audience (style transfer).

Also, we should note that the current survey draws conclusions about the potential of
a yet undeveloped NLP task, namely that of literary adaptation, based on related tasks. The
nature of the intersection of the described tasks may be hypothesised but is bound to lack
certainty. It is therefore important that the proposed guidelines for literary adaptation be
factually experimented with. Finally, the mentioned guidelines are of a technical and scien-
tific rather than ethical nature. The ethical aspects and associated potential limitations of
automatic literary adaptation, which include for instance questions of access and authorship,
have only slightly been touched upon and go beyond the scope of this study.
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Appendix

A. Evaluation Metrics

Metric Type Application Benefits/Characteristics
BLEU n-gram overlap summarisation, widely used; good for precision;
simplification, simple to compute; multiple
style transfer, variants
creative generation
SacreBLEU n-gram overlap summarisation, reproducible; standardised;
simplification,
creative generation
ROUGE n-gram overlap summarisation, good for recall; widely used;
simplification, multiple variants
style transfer
NIST weighted n-gram simplification accounts for informativeness;
overlap improves over BLEU
TERp edit distance simplification interpretable; reference-based
METEOR n-gram + semantic ~ summarisation, accounts for synonyms;
matching simplification, considers word order; better
style transfer correlation than BLEU
SARI operation-based simplification task-specific; captures simplicity;
(add/delete/keep) interpretable
SAMSA semantic structure  simplification reference-free; captures
semantics; focuses on
predicate-argument relations
BERTScore semantic similarity =~ summarisation, captures semantics; robust to
(embedding-based)  simplification, paraphrasing; widely used

style transfer
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Metric Type Application Benefits/Characteristics
COMET learned metric simplification models human judgement;
multilingual; uses source and
reference
BLEURT learned metric summarisation models human judgement;
(BERT-based) robust with limited references
BARTScore LLM-based summarisation correlates with fluency;
(seq2seq scoring) generation-based evaluation
QuestEval QA-based summarisation, evaluates factual consistency;
simplification reference-free; correlates with
human judgement
LENS learned metric simplification correlates with fluency, meaning,
simplicity; high correlation with
humans
FKBLEU hybrid (BLEU + simplification combines similarity and
readability) simplicity; uses source and
reference
Flesch Reading  readability simplification, simple to compute;
Ease style transfer reference-free
Flesch-Kincaid  readability simplification, interpretable; grade-level
Grade Level style transfer estimate; widely used
(FKGL)
Perplexity language style transfer, correlates with fluency;
model-based creative generation  reference-free
Table 1

Automatic evaluation metrics mentioned within the survey as relevant to the NLP tasks of
simplification, summarisation, style transfer and creative generation. Individual
shortcomings are not focused on, as the purpose is to provide an overview of different
methods’ strengths that allow for their effective use when applied in combinations rather
than independently.
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