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Modelling Children’s Language: Vikidia-based Resources to Support
Italian Text Simplification

Andrea Tirico1∗, Marco Braga1, Emiliana Murgia2 and Gabriella Pasi1

Abstract— With the rapid advancement of Large Language
Models, their role in educational contexts has gained increasing
attention due to the text generation capabilities and their
emerging value as tools for supporting students and teachers.
One relevant application is the task of Text Simplification (TS),
which aims to reduce text complexity to enhance readability and
accessibility for users with limited linguistic abilities, such as
children. Many approaches to Text Simplification focus on the
English language with children as target user group, while they
are limited for the Italian language. In this paper, to fill this gap,
we introduce new resources designed for children aged 8 to 11,
which will support the definition of the TS approach. We build
our dataset by collecting texts from both the Italian Wikipedia
and Vikidia, which is an online encyclopedia written for a young
audience. Subsequently, we fine-tune a pre-trained language
model on our proposed resource to generate simplified versions
of Wikipedia pages that align with Vikidia’s linguistic style. The
simplification process is further guided by a vocabulary built
from Vikidia. This post-processing step enables the replacement
of potentially complex terms in the output text with synonyms in
the vocabulary that are accessible to children. The effectiveness
of the system was evaluated through a qualitative human
evaluation conducted by elementary school teachers, showing
general positive assessments, alongside some divergent views
and suggestions for refinement before the introduction of the
educational context. We release code, prompts and the pro-
posed dataset at https://github.com/marostiri/italian-children-
text-simplification.

Index Terms— Italian Text Simplification, Text Accessibility,
Large Language Models, Human Evaluation

I. INTRODUCTION

Large Language Models (LLMs) [1] have significantly
transformed the educational field, particularly due to their
abilities in generating fluent text to support both teachers
and students [2]. These models have been deployed in a
variety of educational tasks, including chatbots to facilitate
learning activities [3], [4] and automated question grading
[5]. Among these, Text Simplification (TS) is an educational
task that involves modifying lexical and syntactic structures
to enhance students’ comprehension and accessibility to the
text [6], [7]. Recent works on English text simplification
have increasingly relied on LLMs, also targeting primary
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school students [8], [9]. By contrast, for the Italian language,
only few resources [10], [11] and approaches [11], [12],
[13] have been proposed for this target group. Terence [10]
is an Italian parallel dataset designed for children’s text
simplification. However, the limited size of Terence makes it
difficult to perform fine-tuning on pre-trained LLMs. More-
over, the Italian version of the Newsela corpus [14] provides
a larger amount of data via automatic translation of manually
simplified English news articles for different age groups, at
the cost of introducing noise and potential translation errors.
Concerning TS approaches, a recent work [13] proposes
a model to perform text simplification for children with
language disorders through lexical and syntactic control.
However, this approach or relying on ChatGPT [15], [16]
does not guarantee a lexicon suitable for children, thereby
potentially reducing the comprehension of the text. To fill this
gap, we propose a two-stage pipeline that splits simplification
into distinct processing stages. First, we construct a parallel
dataset, named VITIC-D, by extracting content from both
the Italian Wikipedia and Vikidia, an online encyclopedia
for young audiences. The first stage relies on a pre-trained
language model, which is fine-tuned on the curated dataset
to generate simplified Italian texts suitable for children aged
8 to 11. In the second stage, we apply lexical simplification
to replace potentially complex terms in generated simplified
texts by leveraging VITIC-V, a vocabulary built from Vikidia
and enriched with other curated resources, such as Terence
and ItAoA [17]. The second stage aims to replace complex
terms with words that are easily understandable to children.
The system identifies terms not in VITIC-V and replaces
them with candidate synonyms generated by an instruction-
tuned LLM. The selection of the most appropriate synonym
is performed through a ranking mechanism that regards con-
textual coherence and its occurrence in children’s vocabulary.
To evaluate the effectiveness of the proposed approach, we
begin by assessing the first stage to identify the best TS
model to employ. Subsequently, we assess our TS pipeline
through a human evaluation with primary school teachers,
who evaluate the system outputs by filling out structured
questionnaires and qualitative feedback. Our simplification
approach receives a generally positive evaluation, and teach-
ers explain their opinions about the system, highlighting
its pedagogical potential, while also revealing points of
disagreement and aspects requiring refinement prior to any
classroom deployment. The remainder of the paper is orga-
nized as follows. In Section II, we review related works about
text simplification, with a focus on approaches tailored to
Italian children. We then provide a systematic methodology



for building the resources and the TS pipeline in Section III.
In Section IV we introduce our research question and the
experimental setup. According to the experiment results, we
answer the research question in Section V and conclude the
work in Section VI.

II. RELATED WORKS

Text simplification involves rephrasing a text into a simpler
version by modifying its syntax and lexicon [6]. To this
purpose, language models have become the main paradigm
[18], and recent evidence shows that LLMs can perform
this task effectively [8], [19]. Text simplification should not
be considered only a way to reduce cognitive load; rather,
it aims to lower linguistic processing demands, thereby
helping readers manage conceptual complexity [20], [21]
by supporting active engagement and deeper comprehension
of the text. This position finds theoretical grounding within
the Zone of Proximal Development (ZPD) [22], the range
in which learners are able to perform with the support
of an expert. Text simplification enables learners to oper-
ate within their ZPD, operating through the reduction of
lexical and syntactic complexity while preserving semantic
and informational integrity. The scaffolding function of text
simplification assumes particular significance for heteroge-
neous learner populations characterized by different literacy
profiles, which include: second language learners, individuals
with dyslexia, and children. Nevertheless, text simplification
entails the potential reduction of exposure to diverse lexical
items, thereby limiting opportunities for vocabulary acqui-
sition. Nevertheless, this trade-off is pedagogically justified
when the learner’s primary objective is content comprehen-
sion rather than explicit linguistic development [23], [24].
For the English language, a wide range of resources and
methodologies have been developed for text simplification
tailored to children [8], [9], [14]. By contrast, for the
Italian language, research on text simplification for young
readers is limited. Terence [10] is a parallel dataset built for
children, comprising sentences extracted from fable books
alongside their simplified versions, produced by linguists
and psycholinguists. However, the limited size of Terence
poses a challenge when fine-tuning large language mod-
els. Moreover, the Newsela corpus [14], a collection of
manually rewritten English news articles for different age
groups, has been automatically translated into the Italian
language [11]. In this work, the authors have extracted
sentence pairs from Newsela articles and translate them by
exploiting a machine translation tool. Although this resource
provides a larger number of instances than Terence, the
automatic translation introduces information loss for a subset
of sentences, characterized by lower linguistic complexity.
To provide a resource that exceeds Terence in size while
avoiding the noise introduced by automatic translation, we
propose a new TS dataset for children, built from the general
descriptions in Italian Wikipedia and Vikidia. Recent works
rely on Italian Vikidia to build corpora [25] and parallel
datasets aligned at the document [26] or sentence level
[27]. However, document and sentence alignment may be

noisy, since Italian Wikipedia and Vikidia articles often differ
in length, structure, and textual content, making one-to-
one alignment difficult to guarantee. Therefore, we focus
on aligning general description paragraphs to establish a
parallelism between the corresponding content in Italian
Wikipedia and Vikidia. Regarding text simplification sys-
tems for the Italian language, its application tailored to
children remains largely unexplored [12], [13]. Among them,
ERNESTA [12] is a rule-based system that applies psycholin-
guistically motivated syntactic transformations for children
aged 7-11 and includes anaphora handling. This recent work
[13] proposes an encoder–decoder architecture to perform
text simplification for children with language disorders using
explicit control over lexical and syntactic complexity. This
model is fine-tuned on the augmented corpus built from mul-
tiple Italian text simplification datasets and further expanded
via back-translation from English language. However, these
approaches do not guarantee a fully accessible lexicon for
target readers, which may limit the comprehension of the
text. To address this issue, the lexical simplification task
involves identifying words not suitable and replace them with
simpler synonyms, while preserving the original meaning of
sentences [28], [29], [30], [31]. To generate simplified text
that emphasizes a child-appropriate vocabulary, we propose
a two-stage pipeline. First, our fine-tuned model performs
child-oriented text simplification. Second, the lexical sim-
plification module selects appropriate synonyms, guided by
a child-appropriate vocabulary automatically extracted from
Vikidia and other resources.

III. METHODOLOGY

This section outlines the proposed approach, encompass-
ing the construction of novel resources based on Vikidia. We
also provide the description of the two-step pipeline, which
is summarized in Fig. 1.

A. The VITIC Resources

To mitigate the issues related to the Terence and Italian
Newsela datasets, we build a new dataset, VITIC-D, which
includes aligned general descriptions from Italian Wikipedia
and Vikidia from 2012 to 2024.

First, we remove HTML tags from the text and eliminate
pages where either Vikidia or Wikipedia lack a general
description. Afterwards, we align the texts using their URLs
and titles, obtaining approximately 8,000 instances for the
dataset. Furthermore, we build VITIC-V, a vocabulary based
on all words in the Vikidia pages, further enriched through
Terence and ItAoA [17]. The latter is a dataset originated
from a Web-based survey in which adult participants reported
subjective estimates of the age at which they acquired each
word. Initially we filter the text from Vikidia and Terence,
by removing Italian stopwords, special symbols and words
containing non-Italian characters. The resulting set of term
entries is extended with words from the ItAoA dataset whose
mean age of acquisition is 11 years or younger, in order to
align with the target age group for 8-11 years old. After



Fig. 1. Simplification pipeline with two stages. Stage-1 performs Text Simplification. Stage-2 enables the replacement of complex terms.

deduplication, this process yields a vocabulary of 59,973
distinct word types.

B. Text Simplification

Stage-1 is finalized to address the text simplification task
for children aged 8–11 years. To this purpose, we fine-
tune an encoder-decoder pre-trained model on VITIC-D by
applying LoRA [32], which is a Parameter-Efficient Fine-
Tuning (PEFT) method. PEFT methods [33], [34] allow to
train a small set of parameters while adapting the model to
a downstream [35], outperforming full fine-tuning in low-
resource settings. The aim of the model is to generate the
simplified version of a given input text. In Fig. 1, Stage-
2 tackles the challenge of generating terms suitable for
children aged 8 to 11, through the lexical simplification
module applied to the output of the previous step. Initially we
apply a Part-of-Speech (POS) tagger to identify syntactic role
of the words contained in the input paragraph, classifying
them as nouns, adjectives, adverbs or verbs. Subsequently,
we employ a Named Entity Recognition (NER) algorithm
to identify and remove proper names, names of locations
and organizations, which appear in the reference text. This
process ensures that the named entities are excluded from
the candidate synonym generation step, as no substitutions
are needed for these terms. After this preparation phase, for
each word identified as a noun, adjective, adverb, or verb,
we check its correspondence within VITIC-V, to assess its
suitability to children. Inspired by a recent work [29], we rely
on an instruction-tuned LLM to generate candidate synonyms
if a term is not in the children vocabulary. During the
synonyms generation phase, we rely on a structured prompt
that explicitly specifies the contextual sentence, the terms not
suitable for children, and their grammatical category, which
is their syntactic role, such as adverb, verb, adjective and
noun. To ensure the suitability of the generated synonyms,
we verify whether each candidate occurs in VITIC-V and we
assign a binary score, 1 f ound , set to 1 when the item is in the
lexical resource and to 0 otherwise. Coherence is ensured by
replacing synonyms in the original sentence. Accordingly,
we quantify the semantic similarity between the original and
modified text using a metric based on a multilingual encoder
model, referring to this measure as scoresimilarity. Next, to
choose the best synonym, we rank the candidates by applying

the following formula:

score = K ∗1 f ound +(1−K)∗ scoresimilarity (1)

The value score is computed as a linear combination that
considers both the synonym’s contextual coherence and its
presence in the children’s vocabulary. The synonym with
the highest score is selected to replace the inappropriate
term. Then, if needed, we apply the morphological adjusting
algorithm, which, based on the synonym’s inflectional prop-
erties, changes both the gender and the number of dependent
elements, such as articles, partitives, prepositions, adjectives
and pronouns. This procedure is repeated until all terms that
are not in VITIC-V have been processed.

IV. EXPERIMENTAL SETUP

In this Section, we address the following research question
(RQ): Are the simplifications generated by our TS pipeline
judged appropriate by teachers, and could this system be
integrated into educational practice? To address the effec-
tiveness of the proposed pipeline, we first rely on evaluation
metrics applied to Stage-1 outputs to select the best per-
forming model for the subsequent stage. Then, we involve
elementary school teachers to assess the system’s outputs by
also gathering their opinions on its potential classroom use.

To set up the pipeline, we employ BART-IT [36] for the
Stage-1 and Phi-3-mini [37] for the Stage-2. BART-IT
is an Italian encoder–decoder model based on BART [38],
which is pre-trained on large-scale Italian corpora. Addition-
ally, BART and its variants are commonly adopted in TS
approaches, further supporting the appropriateness of this
architecture for this task [39], [40]. For the second stage,
we employ Phi-3-mini, a multilingual instruction-tuned
model, which achieves strong generation quality thanks to
training on carefully curated web and synthetic data [37]. To
perform the TS for Stage-1, BART-IT is fine-tuned on the
VITIC-D, which we split into training, validation, and test
sets with proportions of 64%, 16%, and 20%, respectively,
following standard practice. During the pre-processing of
Stage-2, we perform POS tagging relying on the SpaCy’s
large Italian model, and apply an Italian encoder model
for the NER task. We assess the performance of Stage-
1 by relying on the evaluation metrics BLEU [41], SARI
[42], Italian Flesch score [43] and BERTScore [44]. BLEU



and SARI are both n-grams-based metrics for evaluating
the quality of text generation. The BLEU metric is based
on the comparison of n-gram overlap in tokens from the
prediction and one or more reference texts. While, the
SARI metric compares the generated simplification with
both the original text and one or more reference, assessing
how appropriately the model adds, deletes, and retains n-
grams. The Italian Flesch score is designed to evaluate the
readability of Italian texts, based on the average number of
syllables per word and the average words per sentence [45].
We additionally compute the difference between the Italian
Flesch scores of the generated and original texts, using as an
indicator of readability improvement. Semantic similarity is
measured relying on BERTScore, an LLM-based metric. In
our experiments, we compute the F1 value of the BERTScore
using XLM-RoBERTa-base [46], a multilingual encoder
that provides coverage for the Italian language. This metric is
also employed to yield the value of scoresimilarity. We further
investigate how different hyperparameter settings affect the
model performance for Stage-1. Specifically, we focus on
the number of training epochs and, at inference time, on the
beam size used during text generation, since beam search
is a key component of sequence modelling and decoding
[47]. We train our models with a learning rate of 2×10−5, a
batch size of 32, and a weight decay of 0.01. Following the
original LoRA parameters [32], we use al pha= 16, rank = 8
and dropout = 0.05.

V. RESULTS AND DISCUSSION

In this Section, we show the results of our text simplifi-
cation analysis and we illustrate, through the teachers-based
evaluations, the potential of LLM-based simplification and
its possible implementation in educational contexts.

To address our RQ, we first analyze the impact of different
hyperparameter settings to identify the configuration that
yields the best-performing model for our pipeline. Table I
shows the results of our evaluation on the validation set
with different hyper-parameter configurations for Stage-1.
We note that the optimal configuration is obtained with
the BART-IT model trained for 60 epochs and using 4
beams, which outperforms all other configurations on Ital-
ian Flesch, BLEU and SARI by at least 2.48, 0.04 and
1.06 points, respectively. Overall, Table I indicates that
increasing the number of training epochs tends to improve
text simplification performance, as reflected by the higher
values of the Italian Flesch and SARI scores. In particular, a
higher Italian Flesch value indicates that the model generates

TABLE I
RESULTS ON THE VALIDATION SET WITH DIFFERENT CONFIGURATIONS

BY TRAINING BART-IT.

Epochs Beams Italian Flesch BLEU SARI BERTScore
10 4 55.771.22 0.11 46.06 0.89
10 8 54.00-0.55 0.10 45.14 0.89
60 4 59.685.13 0.23 52.81 0.91
60 8 57.202.65 0.19 51.75 0.91

shorter sentences and fewer syllables per word, while a high
SARI score reflects more effective simplification operations,
rewarding outputs that appropriately add, delete, and retain
terms. However, we can also notice that increasing the search
space by using a larger beam size does not lead to better
performance. The evaluation of optimal configuration on the
test set yields a BLEU score of 0.24, a SARI score of 53.91,
and a BERTScore of 0.91 and an Italian Flesch score of 58.40
with a difference of 4.3 points between simplified and origi-
nal texts. Overall, these outcomes confirm the consistency of
the results compared to the validation set. Following these
findings, we integrate the best-performing model in Stage-
2 using K = 0.3 in Equation (1), giving more importance to
the scoresimilariry than to the binary score 1 f ound . To evaluate
our TS pipeline, we perform a human assessment with
elementary school teachers, who work with 9- to 10-year-old
students, to provide a rigorous evaluation. We restrict our
focus to this age group, which corresponds approximately
to the fourth grade of Italian primary school, representing
a relatively homogeneous developmental window in which
foundational decoding skills are typically consolidated [48].
Moreover, the reading development follows a relatively stable
trajectory across grades 1–5, as indicated by longitudinal
evidence [49] and consultation with a teacher. To gather
teachers’ opinions, we employ structured questionnaires and
qualitative feedback. However, despite our recruitment ef-
forts, participation remains limited due to nine teachers,
reflecting a low uptake of the test. Demographic data from
the participating teachers reveal that eight out of nine identify
themselves as female, half are from Northern Italy, two-
thirds are over 50 years old and half have over a decade
of experience teaching in elementary schools. To assess
teachers’ opinions, we ask them to compile a questionnaire
based on a 4-point Likert scale [50], a widely used method
for detecting attitudes [51]. Notably, this scale does not
include a neutral option, requiring participants to express
a polarized judgment, ranging from complete disagreement
(1) to full agreement (4). As input for our simplification
pipeline, we select four texts from upper secondary school
books, characterized by textual complexity beyond the usual
linguistic abilities of 9-10 year old students. The charac-
teristics of texts are presented in Table II. The selected
texts cover history, geography, science, and civic education,
ensuring relevant topics for primary school education. We
choose a limited number of paragraphs to prevent participant
fatigue and maintain the authenticity of the responses. The
questions for the assessment address different aspects of

TABLE II
LENGTH OF THE FOUR TEXTS FOR TEACHER EVALUATION

Subject Number of words Italian Flesch
History 54 26.19
Geography 74 29.46
Science 29 36.56
Civic Education 51 57.26



TABLE III
AVERAGE RESULTS OF THE HUMAN EVALUATION ON THE LIKERT SCALE

History Geography Science Civic Education
Orig. Comp. 2.11 2.66 2.66 2.66
Simp. Comp. 2.88 3.11 2.11 2.77
Consistency 2.88 2.88 1.66 2.77
Voc. Coher. 2.66 3.11 2.44 2.77
Information 2.33 2.55 1.66 2.33

text simplification including comprehensibility of both the
original (Orig. Comp.) and the simplified (Simp. Comp.)
texts, content consistency of the simplification process (Con-
sistency), coherent simplified vocabulary for children (Voc.
Coher.) and the extent to which key information is preserved
(Information). As shown in Table III, teachers generally
express agreement regarding the quality of the simplified
outputs, except for science-related content, as the removal
of information leads to changes in the original meaning.
Additionally, we gather opinions on the potential useful-
ness of an application for text simplification in classroom
settings. The average score is 3.00, suggesting agreement
about the usefulness of a TS system to support students’
comprehension in class. However, the general score about
simplification quality is 2.44, suggesting that the generated
output is moderately appreciated. To enrich the answer to
RQ, we assess opinions on both the overall effectiveness of
our TS pipeline and potential resistance to its adoption. The
responses are analysed using an interpretive approach [52],
which is commonly used for interview analysis [53]. This
approach consists of multiple stages: (i) manual identification
of recurrent topics in collected feedback; (ii) for both ques-
tions, we count the number of answers in which each iden-
tified topic is present. Table IV shows a generally positive
perception of the proposed approach. However, a possible
limitation identified is information loss, as the model omits
parts of the text during the simplification process. Although
the lexicon appears enough adequate, teachers highlight
concerns related to syntax, suggesting further refinement.

TABLE IV
TOPICS EXTRACTED FROM TEACHERS’ RESPONSES TO OPEN-ENDED

QUESTIONS. INTEGER VALUES INDICATE THE TOTAL NUMBER OF

RESPONSES CONTAINING EACH TOPIC.

Topic Question 1 Question 2
Bad syntax simplification 2 0
Positive general perception 5 0
Good if improved simplification 2 5
Enough good synonyms 2 0
Information loss simplification 4 0
Partially approved simplification 1 0
Positive idea for foreign students 1 2
App and teachers 1 2
Negative perception 1 0
Only teacher without system 1 0
Artificial Intelligence literacy 0 2
Simplification for back-office 0 1
Media education 0 1

As an additional topic, teachers emphasize the importance
of Artificial Intelligence (AI) literacy, underscoring the need
for education on AI-based tools. These findings show that,
while the adoption of an AI-powered simplification tool in
schools is not yet fully embraced, teachers express interest,
especially if improvements are introduced. Finally, most
teachers express that our tool could be highly beneficial,
provided that they receive proper training on its application.
Different opinions are about a possible support for non-
native Italian speaking students, reinforcing its potential as
an educational aid.

VI. CONCLUSIONS AND FUTURE WORK

This work focuses on building a text simplification system
for Italian children aged 8-11. We propose a new dataset,
VITIC-D, aligning general descriptions from Wikipedia and
Vikidia. Additionally, we implement a child-specific vocabu-
lary from Vikidia, named VITIC-V. The model is fine-tuned
on VITIC-D using LoRA and Stage-2 identifies terms not
in VITIC-V and replaces them with candidate synonyms
generated by Phi-3-mini. Finally, we evaluate the pipeline
through a small-scale teacher-based assessment employing
questionnaires, revealing issues with syntax simplification
and information loss. Despite these shortcomings, teachers
recognize the potential value of the TS system in children’s
education, suggesting that, with improvements, it could pro-
vide valuable educational support. As future work, we plan to
apply Llama-3 [54] to perform a step-by-step simplification,
supported by our new proposed vocabulary, which can be
fine-grained by children-based interaction and assessment.

LIMITATIONS

Our study does not include a direct comparison with other
state-of-the-art approaches, as we aim to assess whether the
system, built upon these new resources, is perceived as useful
by teachers. Second, although the questionnaire received a
low response rate, the collected feedback remains valuable
for identifying weaknesses and guiding future improvements.
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