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Abstract

This paper presents a study on readability-controlled Sentence Simplification for Italian, addressing the scarcity of
annotated resources for low-resource languages. We introduce IMPaCTS (ltalian Multilevel Parallel Corpus for Text
Simplification), the first fully automatically created corpus of 1,444,160 original-simple sentence pairs automatically
annotated with readability levels and linguistic features. It was generated using an Italian LLM prompted in zero-shot
to produce multiple simplifications per input sentence. Increasing portions of the resource are used to fine-tune
mono- and multilingual open-weight LLMs, conditioning them to generate simplifications at a target readability level.
Results from automatic and human evaluations show that fine-tuning on IMPaCTS improves performance both in
terms of task completion and adherence to the targeted readability levels compared to few-shot baselines.
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1. Introduction

Text Simplification (TS) and Sentence Simplifica-
tion (SS) aim to rewrite documents or sentences to
make them easier to read and understand, typically
for a specific target audience, such as language
learners, children, or readers with cognitive difficul-
ties. Among the many research directions in TS, a
particularly relevant line concerns Controlled Text
Simplification (CTS), which focuses on generating
text that matches a specified target difficulty level
(Scarton and Specia, 2018). In this paradigm, TS
models are conditioned during training by feeding
parameter tokens as additional inputs, alongside
the source input, typically the sentence. Control
can be applied at a high level, for example by spec-
ifying a target reading grade (Agrawal and Carpuat,
2023; Barayan et al., 2025), or at a more detailed
level, by indicating the types of simplification oper-
ations to perform (Martin et al., 2020).

Despite these recent advances, progress in CTS
remains constrained by the scarcity of large parallel
corpora also annotated with reading grade levels
or simplification parameters, which limits the accu-
racy of fully supervised training approaches, partic-
ularly for languages other than English. Thus, re-
cently, pre-trained Large Language Models (LLMs)
have been explored for zero-shot (Farajidizaji et al.,
2024) and few-shot CTS without task-specific train-
ing (Barayan et al., 2025; Scalercio et al., 2025),
alongside evaluation initiatives aimed at bench-
marking LLMs’ ability to generate simplified texts
(Ryan et al., 2023; Kew et al., 2023).

Building on these premises, this work explores
the potential of using i) an Italian LLM in a zero-shot
setting to automatically generate a parallel resource

containing, for each input sentence, multiple simpli-
fications along a gradient of readability levels, and
ii) the resulting resource to fine-tune six mono- and
multilingual open-weight LLMs of different sizes for
readability-controlled sentence simplification on in-
creasing amounts of the resource to enhance the
models’ ability to generate simplifications at target
readability levels across different domains. Our
main contributions are:

» we introduce IMPaCTS (ltalian Multilevel Par-
allel Corpus for Text Simplification), the first
Italian fully automatically created corpus of
1,444,160 original-simple sentence pairs, in-
cluding multiple simplifications for the same in-
put sentence with increasing levels of complex-
ity, automatically annotated with readability
levels, and linguistic features, covering two
domains: Wikipedia and administrative texts;

» we demonstrate to what extent increasing por-
tions of IMPaCTS, used to fine-tune open-
weight LLMs, while conditioning them to gen-
erate simplifications at specified readability lev-
els, improves their performance over few-shot
in-context learning;

+ we provide evidence of alignment between hu-
man perception and readability-controlled sen-
tence generation.

2. Related Works

In recent years, performance on automatic simpli-
fication has advanced considerably with the intro-
duction of CTS. However, several key challenges
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remain open. The first concerns the limited avail-
ability of parallel resources explicitly annotated for
reading grade levels or simplification types, a limi-
tation that is especially critical for low-resource lan-
guages. Existing datasets, such as Newsela (Xu
et al., 2015) and the CEFR-based Sentence Profile
corpus (Arase et al., 2022), based on the Common
European Framework of Reference for Languages,
represent notable exceptions, yet are restricted to
English. In response to this limitation, research in
other languages has explored the automatic cre-
ation of parallel resources, often drawing inspiration
from paraphrase generation and machine trans-
lation. For instance, MUSS (Martin et al., 2022)
introduced a controllable sequence-to-sequence
model trained on English, Spanish, and French
by conditioning on simplification-specific control to-
kens; for German, transformer-based models have
been trained on corpora obtained by automatically
aligning pre-existing resources, and conditioned on
target CEFR levels (Spring et al., 2021). However,
to the best of our knowledge, none of the existing
studies systematically investigates the amount of
training data required to fine-tune LLMs for achiev-
ing reliable CTS performance compared to baseline
models. In our opinion, this represents a crucial
area of investigation, particularly for low-resource
languages, since understanding how data size af-
fects fine-tuning outcomes is key to optimizing both
computational effort and resource creation.

Another central issue concerns the definition
of the control variable that conditions the gener-
ation process (Agrawal and Carpuat, 2023). Most
studies have conditioned models on grade levels
(Scarton and Specia, 2018; Nishihara et al., 2019;
Yanamoto et al., 2022; Kew and Ebling, 2022), while
others have employed CEFR levels (Barayan et al.,
2025) or focused on grammatical (Martin et al.,
2020) and lexical operations (Agrawal et al., 2021;
Zetsu et al., 2022; Sheang et al., 2022). Fewer
works have explored the use of readability scores
as control variables (Farajidizaji et al., 2024).

Concerning the ltalian language, which is the
main focus of our study, the first work on CTS was
conducted by Miliani et al. (2022), who adopted ma-
chine translation approaches to build new parallel
resources for fine-tuning mT5 (Xue et al., 2021),
conditioned on the same control tokens as Sheang
et al. (2022), corresponding to grammatical and lex-
ical properties involved in sentence simplification.
Machine translation methods were also employed
by Palmero Aprosio et al. (2019) to augment ex-
isting datasets for training and testing a neural TS
model, although without conditioning. In addition,
for benchmarking purposes, Nozza and Attanasio
(2023) and Russodivito et al. (2024) evaluated the
ability of both open and proprietary LLMs to gen-
erate simplified sentences in a zero-shot setting,

without explicit control mechanisms.

3. The ltalian Multilevel Parallel
Resource for Text Simplification

IMPaCTS was created through an automatic gen-
eration process consisting of two steps, building
on the previous work on LLM-based generation
of multi-level simplifications described by Papucci
et al. (2025). In the first step, we selected the
model that most reliably generates a single sim-
plification per input in a zero-shot setting. We
evaluated three models fine-tuned on ltalian, dif-
fering in architecture and number of parameters:
ANITA' (Polignano et al., 2024), LLaMAntino-22
(Basile et al., 2023), and ltalia®. Each model was
prompted using its system prompt and a shared
task-specific prompt to simplify the text while pre-
serving the original meaning*. They were tested
on a set of 1,212 original-simplified sentence pairs
extracted from the test-sets of existing Italian cor-
pora spanning across multiple textual genres and
domains. The set includes: 51 pairs from the
Wikipedia portion of SIMPITIKI (Tonelli et al., 2016),
994 pairs from PaCCSS—IT (Brunato et al., 2016),
101 pairs from the Terence corpus, 17 pairs from
the Teacher corpus (Brunato et al., 2015), and
49 pairs from ADMIN-it (Miliani et al., 2022). Re-
sults were evaluated based on automatic metrics
typically used in for TS: BLEU (Papineni et al.,
2002), SARI (Xu et al., 2016), BERTScore (Zhang
et al., 2020), and SentenceTransformer Similarity
(Reimers and Gurevych, 2019, 2020). A further
important aspect of text simplification is the differ-
ence in readability between original and simplified
sentences, which we measured using READ-IT
(Dell’Orletta et al., 2011), a tool for automatic read-
ability assessment of Italian documents and sen-
tences that relies on lexical and (morpho-)syntactic
parameters of text. Results are reported in Table
1. As it can be seen, LLaMAnNtino-2 is the best-
performing model according to all evaluation
metrics and was therefore selected for the second
step of our approach. Specifically, sentences gen-
erated by LLaMAntino-2 obtained higher scores
on all metrics, indicating that they are simpler than
the original sentences. READ-IT scores, which
range from 0 (most readable) to 1 (least readable),
show the opposite trend: lower READ-IT values for
LLaMAntino-2 generated sentences correspond to
less linguistically complex sentences.

The second step of our methodology consisted
of prompting LLaMAntino-2 to generate multiple

Tswap-uniba/LLaMAntino-3-ANITA-8B-Inst-DPO-
ITA

2swap-uniba/LLaMAntino-2-7b-hf-dolly-ITA

%iGeniusAl/ltalia-9B-Instruct-v0.1

“The full prompt is reported in Appendix A.
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Model SARI1T Bleut BertScoret SentenceTransformert READ-IT |
ANITA 39.35 0.07 0.80 0.62 54.1 4+ 31.63
LLaMAntino-2  40.99 0.18 0.81 0.64 53.11 + 33.01
ltalia 39.35 0.12 0.79 0.57 58.43 + 30.16

Table 1: Automatic evaluation scores for the zero-shot tested models.

simplifications of varying linguistic complexity for
each original sentence, using the same prompt as
in the previous step. We employed the Divergent
Beam Search decoding technique (Vijayakumar
et al., 2016) and, through manual inspection of
outputs under different settings, found that using
20 beams divided into 10 groups with a diversity
penalty of A = 0.7 provided the best balance be-
tween diversity of simplifications and text fluency.
To ensure linguistic diversity in IMPaCTS, we used
two corpora representative of different varieties
of Italian as input: a collection of sentences from
Wikipedia pages, and the PaWaC — Public Adminis-
tration Web as Corpus (PaWaC (Passaro and Lenci,
2019)), which contains a wide range of administra-
tive texts. We randomly extracted ~100,000 sen-
tences from Wikipedia, and ~40,000 from PaWaC
as input for generating multiple simplifications. At
the end of the process, we obtained 10 simplifica-
tions for each original sentence that was automati-
cally revised by removing duplicate simplifications
and cases where the original and simplified sen-
tences were identical. Consequently, not all input
sentences have 10 simplifications; the number of
simplifications per sentence ranges from 2 to 10,
with an average of 9.6. The final IMPaCTS cor-
pus contains 1,058,960 original-simplified sen-
tence pairs for Wikipedia and 385,200 pairs for
PaWaC?®. Table 2 reports an example extracted
from IMPaCTS. All pairs were enriched with read-
ability scores computed using READ-IT and a set of
144 linguistic features modeling multiple linguistic
phenomena as described in Section 3.1. As a gen-
eral remark, we observed, as expected, that some
original sentences were split’. However, the aver-
age number of splits remains low (1.31 in Wikipedia
and 1.47 in PaWaC), suggesting that most simplifi-
cations were achieved without splitting, but rather
through lexical or (morpho-)syntactic transforma-
tions.

3.1.

A distinctive feature of IMPaCTS is that it is automat-
ically annotated with readability levels and linguistic

Readability and Linguistic Profile

5The full resource and a dataset exploration note-
book are available on the following repository: https:
//github.com/michelepapucci/impacts

Note that in these cases readability and linguistic pro-
filing were computed as the average across the resulting
simplified sentences.

features, whose distributions are discussed in the
following paragraphs.

Levels of Readability. To define the levels, we
ordered both the inputs and the corresponding all
generated simplifications according to their READ-
IT scores. Importantly, this ranking was performed
independently within each set of simplifications de-
rived from the same input sentence, rather than
globally across the corpus. From these ordered
sets, we then selected five representative simpli-
fications: the most simplified (s_17) and the least
simplified (s_5), together with three additional sim-
plifications randomly chosen and positioned ac-
cording to increasing readability (e.g. s 2 has a
lower READ-IT score than s_3). To analyze the
resulting distributions, we adopted Kernel Density
Estimation (KDE), a probability distribution estimate
obtained by smoothing the READ-IT data points to
create a continuous probability curve. Results are
reported in Figure 1, separately for the Wikipedia
and PaWacC sections of IMPaCTS. In both cases,
original sentences show a higher frequency of data
points with higher READ-IT scores, while the sim-
plified sentences are generally concentrated
towards the lower end of the readability spec-
trum. Since the selection of s_7 and s_5 was per-
formed independently for each original sentence,
this pattern provides empirical evidence that s_1
sentences are consistently easier to read across IM-
PaCTS. Moreover, the results suggest the presence
of a readability gradient across generated simpli-
fications: sentences in the s_5 set (least simpli-
fied) tend to have higher READ-IT scores, whereas
those in the s_1 set (most simplified) are more con-
centrated at the lower end of the spectrum. Interest-
ingly, variations of this general trend emerge across
the two IMPaCTS sections. As expected, PaWaC
original sentences are more concentrated at the
higher end of the readability spectrum, reflecting
the well-known linguistic complexity of administra-
tive language (Cortelazzo, 2021). Consequently,
many of the PaWaC simplifications, while still fol-
lowing the overall gradient of decreasing complex-
ity, exhibit higher READ-IT scores than Wikipedia
simplifications, suggesting that they remain less
accessible on average.

Variation of Linguistic Profile. It was computed
accounting for the variation of a set of 144 features
covering multiple aspects of the linguistic profile of
a sentence from raw-text properties such as sen-
tence length, to the distribution of Parts of Speech,
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Original

Wikipedia

READ-IT

Gli effetti sulla salute del particolato atmosferico sono opportunamente distinti in
effetti a breve termine (acuti) ed a lungo termine (cronici) (The effects on health
of atmospheric particulate matter are appropriately distinguished into short-term
(acute) and long-term (chronic) effects.).

.66

Simplifications

Gli effetti sulla salute del particolato atmosferico sono distinti in effetti a breve termine
(acuti) ed a lungo termine (cronici). (The effects on health of atmospheric particulate
matter are distinguished into short-term (acute) and long-term (chronic) effects.)

.60

La polvere atmosferica ha effetti a breve termine (acuti) e a lungo termine (cronici)
sulla nostra salute. (The atmospheric dust has short-term (acute) and long-term
(chronic) effects on our health.)

.34

Linquinamento atmosferico ha effetti acuti e cronici sulla salute. (The atmospheric

.07

pollution has acute and chronic effects on health.)

Table 2: Example from the Wikipedia section of IMPaCTS showing three simplifications of the same
original sentence, along with their corresponding READ-IT scores.
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Figure 1: Kernel Density Estimate for READ-IT scores in Wikipedia and PaWaC sections of IMPaCTS.

and to features modeling both local and global syn-
tactic structures, such as syntactic tree depth, syn-
tactic relation length, subordination, the ordering of
verb nucleus elements (subject and object)’. They
were extracted using Profiling-UD (Brunato et al.,
2020), a web-based tool designed to linguistically
profile multilingual texts using the Universal Depen-
dencies (UD) formalism (De Marneffe et al., 2021).
To quantify overall variation, we applied Multivari-
ate Analysis of Variance (MANOVA), which tests
whether the mean vectors of multiple dependent
variables differ significantly between groups. Re-
sults are reported in Figure 2 in terms of Pillai’s
Trace, one of MANOVA'’s statistics particularly ro-
bust when assumptions such as homogeneity of
covariance matrices may be violated®. As it can be
noted, Pillai’s Trace values increase with the dis-
tance between compared groups, indicating larger
multivariate differences: the highest values are
observed between original sentences and the
most simplified ones (s_7), while the lowest oc-
cur between original and least simplified sentences
(s_5), with intermediate values distributed across
the other simplification levels. This seem to con-

"The full set of features is detailed in Appendix B.
8All comparisons yield statistically significant differ-
ences (p < 107%).

firm the presence of a gradient of linguistic vari-
ation across simplifications. Despite this general
trend, differences emerge across the two IMPaCTS
sections: variation is higher for PaWaC, suggest-
ing that administrative sentences undergo more
substantial transformations during simplification
than Wikipedia sentences. Nevertheless, as dis-
cussed above, PaWaC sentences remain linguis-
tically more complex on average in terms of read-
ability scores.

For each of the two IMPaCTS sections, Table
3 reports the values of a small subset of these
features, which are commonly associated with lin-
guistic complexity in text simplification studies (Sag-
gion, 2017)°. As expected, feature values gener-
ally decrease from the original to the most sim-
plified sentences (Simp_1). For most features,
PaWaC original sentences show higher values
than Wikipedia ones, and their variations towards
Simp_1 are higher, suggesting that simplification
was more incisive in the administrative domain,
even though the simplified sentences still re-
main more complex than the Wikipedia simpli-
fied sentences. Specifically, sentence length pro-
gressively shortens across simplifications; syntac-

°All comparisons are statistically significant according
to the Wilcoxon signed-rank test (with p < 0.05).
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Figure 2: Pillai’s Trace of MANOVA on original and simplified sentences in Wikipedia and PaWacC.

Feature Original Simp_5 Simp_4 Simp_3 Simp_2 Simp_1
Sentence length 31.98/48.14 | 27.71/36.10 | 26.31/34.12 | 23.64/30.55 | 20.32/25.92 | 16.82/21.39
Depth of the synt. tree | 5.44/7.48 5.01/6.32 4.83/6.11 4.51/5.72 4.11/5.21 3.67/4.66
Sub. clauses 42.64/53.36 | 39.28/46.32 | 35.82/43.35 | 31.21/38.76 | 25.32/32.19 | 19.26/26.11
Post-verbal subjects 11.66/17.65 | 7.99/12.02 8.10/12.14 7.24/11.58 6.20/9.65 4.82/7.57

Table 3: Subset of linguistic features involved in simplification (values for Wikipedia/PaWaC).

tic trees (Depth of the synt. tree) become shallower,
reducing structural complexity (Frazier, 1985); sub-
ordinate clauses (Sub. clauses) become less fre-
quent; and explicit subjects occur less frequently in
non-canonical post-verbal positions, moving toward
the canonical SVO order preferred in simplification,
as this facilitates comprehension in free word-order
languages (Haspelmath, 2006).

Overall, these results show that the generation
strategy we devised produces simplifications that
undergo systematic lexical and syntactic transfor-
mations, progressively reducing linguistic complex-
ity with respect to the original sentences. This sug-
gests that the resulting IMPaCTS corpus captures
meaningful linguistic variation across readability
levels, making it a suitable resource for fine-tuning
models for Readability-Controlled Sentence Simpli-
fication.

4. Controlled Sentence Simplification

4.1.

Models. We tested two families of open-weight
models, Minerva (Orlando et al., 2024) and Qwen-
3 (Bai et al., 2023), each in three different sizes, for
a total of six models. Each model was fine-tuned
starting from the base model, i.e. the model that
only went through the pre-training. Table 4 reports
the model sizes in terms of parameter count (in
billions) and the amount of tokens used for pre-
training (in trillions). We selected Minerva because
it is trained from scratch on ltalian, while Qwen-3
was chosen as the latest version of the Qwen fam-
ily, which has shown remarkable performance in

Experimental Settings

Sentence Simplification among open-weight multi-
lingual models (Scalercio et al., 2025). As shown
in the table, while the two families are roughly com-
parable in terms of parameters, they differ substan-
tially in terms of pre-training resources.
Baselines. To directly quantify the performance
gains achieved through fine-tuning on the IMPaCTS
resource, we included a set of reference models
evaluated without any fine-tuning, in a few-shot in-
context learning scenario: Minerva 7B and Qwen
4B in their instructed versions, and LLaMAntino-
2, which was the model used to generate the
IMPaCTS dataset. All reference models were
prompted to generate simplified sentences at spe-
cific READ-IT scores, using three examples ran-
domly extracted from IMPaCTS10.

Fine-tuning. All models were fine-tuned with in-
creasing amounts of IMPaCTS sentences, condi-
tioning them to generate new sentences at a speci-
fied readability level expressed as a READ-IT score.
To this end, we introduced a control token < | read-
ability_value|> at the beginning of each orig-
inal complex sentence, so that the models were
instructed to simplify the sentence according to the
requested readability level. We opted for this single-
token format, rather than separating the natural-
language control from the numerical value, follow-
ing Li and Shardlow (2024), who demonstrated
that this is the best-performing format for sentence
simplification. The models were conditioned for
20 readability levels (0, 5, 10, ..., 100), correspond-
ing to READ-IT scores from 0 to 1 in bins of 0.05.

°The full prompt used for the baseline models is re-
ported in Appendix C.
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Model #Parameters #Tokens
1B 0.2T
Minerva 3B 0.66T
7B 2.48T
1.7B 36T
Qwen 3 4B 36T
8B 36T
Llamantino2 | 7B 2T

Table 4: Models used for fine-tuning.

For each level, we added a dedicated control to-
ken (e.g. <|readability_0]|>, <|readabil-
ity_5|>) to the tokenizer and resized both the
embedding layer and the language-modeling head.
Since these new tokens had no pretrained represen-
tations, we kept the embedding and unembedding
layers unfrozen during the fine-tuning with LoRA
(Hu et al., 2022), allowing the models to learn em-
beddings for the new control tokens. Each model
was fine-tuned on progressively larger subsets of
IMPaCTS: 500, 1k, 2,5k, 5k, 10k, and 25k original
sentences. For each split of originals, we consid-
ered all their associated simplifications across the
20 readability levels'!.

Automatic evaluation metrics. We trained mod-
els separately on each IMPaCTS section using the
incremental bins, obtaining six versions of each
model per section. Training was performed for
three epochs, and evaluation was carried out on
a test set of 100 original sentences, correspond-
ing to 972 pairs in the Wikipedia section and 971
pairs in the PaWaC section. As evaluation met-
rics we used BLEU (Papineni et al., 2002) and
SARI (Xu et al., 2016) for surface-level properties
of writing style, and BertScore (Zhang et al., 2020)
computed, following Li and Shardlow (2024), be-
tween the IMPaCTS reference simplification and
the model-generated sentence, to assess whether
the semantic content of the target sentence was pre-
served. In addition, to assess compliance with the
readability constraint, we computed the Root Mean
Squared Error (RMSE) between target and gener-
ated READ-IT scores, and the Spearman correla-
tion coefficient between the two scores, measuring
how well models capture increasing or decreasing
readability trends across controls.

4.2. Does Fine-Tuning Improve
Controlled Simplification?

Results are reported in Figure 3 and illustrate the
impact of fine-tuning across models, domains, and
evaluation metrics. For both tested domains, Qwen

"This corresponds to a total of 4,884, 9,766, 24,423,
48,888, 97,806, and 244,363 fine-tuning pairs in the
Wikipedia section and of 4,831, 9,433, 23,714, 47,327,
95,006, and 237,953 in the PaWaC section.

models consistently outperform both Minerva
and reference models on surface-level metrics
(BLEU and SARI), achieving strong performance
even with only 500 fine-tuning instances'? and
remaining stable as the training size increases.
In contrast, Minerva models require to be fine-
tuned on a larger amount of data to outper-
form all the reference models and to reach per-
formance comparable to the Qwen models, show-
ing gradual gains across incremental fine-tuning
instances. Note that, among the few-shot mod-
els, LLaMAntino-2 consistently outperforms the
others, representing, as expected, a particularly
challenging baseline, as it is the same model used
to generate IMPaCTS and may therefore produce
sentences highly similar to those included in the
fine-tuning data. However, all results have to be
considered in light of the data reported in Table
5, which shows that Minerva models frequently
fail to generate any output, particularly when con-
strained on PaWaC, which may contribute to their
unstable performance. Notably, Minerva 1B out-
performs the other Minerva models on Wikipedia,
whereas on PaWaC it turns out to be the worst-
performing Minerva model and declines in perfor-
mance after 10k training sentences. Overall, BLEU
and SARI scores tend to be higher for the adminis-
trative domain, possibly because PaWaC originals
undergo stronger structural transformations than
Wikipedia sentences (see Section 3.1), enabling
models trained on PaWaC pairs to generalize better.
Similar patterns are observed for semantic similar-
ity (BertScore). Across both domains, all Qwen
models achieve higher scores than Minerva and
the reference models, even when fine-tuned on
only 500 instances, and remain stable across train-
ing. However, the improvement over the few-shot
reference models is smaller than that observed for
BLEU and SARI, suggesting that fine-tuning mainly
enhances surface-level simplification. This trend is
particularly evident for the Minerva models, which
struggle to outperform the reference models on
PaWaC, especially 1B, whose performance consis-
tently remains below the few-shot models.

4.3. Can Fine-Tuned Models Follow
Readability Controls?

According to Figure 4, the Qwen models are the
most effective at following the target READ-IT
levels across both domains, showing the lowest
RMSE and high correlation scores. On Wikipedia,
they generate sentences with an average devia-
tion of about 0.22 READ-IT points from the tar-
get, surpassing all few-shot reference models after

2Note that for all experiments training set size refers
to the number of original sentences, each paired with
simplifications at all 20 READ-IT levels.
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Figure 3: Effect of increasing fine-tuning set size on Controlled Sentence Simplification performance
(BLUE, SARI and BertScore) in the Wikipedia and PaWacC test sets.

Training set size
500 [ 1000 [ 2500 [ 5000 | 10000 [ 25000

Wikipedia
1B 44.49 86.30 29.45 12.77 17.20 38.72
3B 14.01 2.99 0.31 0.72 0.21 0.00
7B | 84.96 | 39.55 | 31.10 8.14 4.53 8.75
PaWaC
1B 11.11 37.45 21.91 9.88 5.86 1.03
3B | 49.69 | 33.95 | 71.30 | 61.73 | 29.42 1.95
7B | 95.68 | 9558 | 71.30 | 53.91 31.48 2.78

Table 5: Percentage of empty responses of the
Minerva models.

2,5k fine-tuning instances, with Qwen 8B achieving
lower error after just 1k instances. Then, RMSE
scores remain stable as fine-tuning size increases.
On PaWaC, a larger fine-tuning set is required,
with all Qwen models needing 10k instances to
reach comparable error rates and stabilize. Min-
erva models, in contrast, struggle more to fol-
low the readability control. On Wikipedia, their
RMSE scores remain above the non-fine-tuned Min-
erva 7B and Qwen 4B models, with Minerva 1B per-
forming best among them despite frequent genera-
tion failures (Table 5). On PaWaC, performance is

slightly lower, yet consistently above reference mod-
els. Similar to Qwen, Minerva models require about
10k instances to achieve a nearly stable RMSE. Our
best performing model, Qwen 3 7B - 25k, achieves
an RMSE of just 0.2, meaning that the average er-
ror is only about & 4 control tokens w.r.t. the asked
value. Correlation results reflect these trends. On
Wikipedia, Minerva models outperform few-shot
references after 2,5k instances, while on PaWaC
they struggle to surpass the LLaMAntino-instruct
model, with correlation scores fluctuating around
LLaMAntino’s line. This suggests that the adminis-
trative domain is more challenging for maintaining
control over readability.

5. Human Evaluation

We randomly sampled 150 sentence pairs gener-
ated by the Qwen3-8B model fine-tuned on 25k
IMPaCTS instances from the Wikipedia section, as
it was the best-performing model. The sample in-
cluded i) 25 pairs composed of 1 original sentence
and 1 randomly selected simplification, and ii) 125
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Figure 4: RMSE and Spearman correlation between the READ-IT scores of target and output simplified
sentences on the Wikipedia and PaWacC test sets, across increasing fine-tuning sizes.

pairs of 2 simplifications, differing by at least 0.25
READ-IT points, generated from the same original
sentence. The 150 pairs were randomly divided
into 5 questionnaires of 30 pairs each, adminis-
tered to 5 distinct annotators recruited via Prolific,
all native speakers of Italian, for a total of 25 an-
notators'3. For each pair, annotators answered 4
binary questions assessing: 1) which sentence was
simpler (“Is sentence 1 simpler than sentence 27”),
2) whether the two sentences conveyed the same
meaning (“Do the two sentences express the same
meaning?”), and 3—4) the grammatical correctness
of each sentence (“Is sentence 1 grammatically
correct? ” / “Is sentence 2 grammatically correct?”).
The collected annotations were analysed from mul-
tiple perspectives.

Inter-annotator agreement. It was computed as
Krippendorff’s o across all annotators for each of
the four questions. The highest agreement was
observed for Question 1 (« = 0.50), which can be
considered moderate given the intrinsic subjectiv-
ity of the task. A similar agreement was found for
Question 2 (« = 0.46), suggesting that the gen-
erated sentences generally maintain their original
content. In contrast, a lower agreement was ob-
served for the grammaticality judgments (o = 0.32).
A manual inspection suggests that this may be due
to surface-level issues, such as sentences begin-
ning with conjunctions or lowercase letters, or lack-
ing proper punctuation, which may have confused

8Annotators were compensated £7.50/h, with an esti-
mated completion time of 20 min.; the observed average
completion time was 17 minutes and 50 sec.

some annotators.

Alignment between human and READ-IT scores.
To assess whether automatic readability values
align with human perception of simplicity, we com-
pared the majority vote of annotators’ responses
to Question 1 with the ranking derived from the
READ-IT scores of each pair. Specifically, we con-
sidered a match when the READ-IT value of the
first sentence was lower than that of the second
and the majority vote was “yes”, i.e. when the first
sentence is perceived as simpler than the second.
The comparison yielded an F1-score and accuracy
of 0.74 and a Cohen’s « of 0.48, thus suggesting
that READ-IT scores are consistent with human
judgments of simplicity and may be considered as
a reliable way to control LLMs in generating sen-
tences at targeted readability levels.

Sensitivity to readability differences. Notably,
we observed that some sentence pairs were more
divisive among annotators regarding Question 1.
To investigate this, for each pair, we computed the
Spearman’s correlation score between the percent-
age of “yes” answers (indicating that annotators
judged the first sentence simpler) with the differ-
ence between the two sentences in each pair, both
in target and effective READ-IT scores. Our intu-
ition for a positive correlation is that a higher per-
centage of positive answers, reflecting stronger an-
notator agreement, should correspond to a larger
readability difference between the two sentences.
The results support this intuition, with positive cor-
relations in both cases: p = 0.46 (p = 0.02) for con-
trolled READ-IT differences and p = 0.48 (p = 0.01)
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for effective READ-IT differences. This suggests
that annotators tended to agree more when the gap
in either controlled or effective readability between
two sentences was larger. Conversely, when sen-
tences were closer in readability, human perception
of simplicity became less consistent.

6. Conclusion

We introduced IMPaCTS (ltalian Multilevel Par-
allel Corpus for Text Simplification), the first
fully automatically created Italian corpus of orig-
inal-simplified sentence pairs. The resource is
unique in that it provides multiple simplified versions
for each original sentence, and is automatically en-
riched with sentence-level readability scores and
linguistic features. We demonstrated that IMPaCTS
can be effectively used to fine-tune multiple LLMs
of different sizes for readability-controlled sentence
simplification. Results show that fine-tuning signif-
icantly improves performance over instructed ver-
sions of the models in few-shot. This is achieved
even with a limited amount of data, especially for
larger models, providing insights into how training
data size affects performance optimization, which
is particularly helpful for low-resource languages.
We further showed that our fine-tuned models suc-
cessfully followed the target readability levels and
that human judgments of simplicity align with the au-
tomatic READ-IT scores used for control. This con-
firms the reliability of our methodology for guiding
LLMs toward readability-controlled simplification
strategies tailored to diverse reader populations.
We also found that humans do not perceive small
readability gaps, suggesting that in the future, we
should condition LLMs using less granular readabil-
ity controls. Among the many future directions of
research, we plan to expand the typology of control,
experimenting with specific linguistic features we
found to be related to linguistic complexity.

7. Limitations

While our work provides insightful results on the re-
liability of the proposed fully automatic process for
constructing a resource for controlled sentence sim-
plification, some limitations must be acknowledged.
We leave them as directions for future work.

First, we deliberately limited our evaluation to an
extrinsic assessment of IMPaCTS. Specifically, we
did not perform a dedicated human evaluation of
the automatic process used to build the resource.
This choice was motivated by our focus on assess-
ing the models fine-tuned on IMPaCTS, which al-
ready provides an extrinsic measure of its quality,
as well as by the human evaluation conducted on
the sentences generated by the best-performing

fine-tuned LLM, offering further evidence of the re-
source’s overall reliability. In future work, we plan to
complement these findings with an intrinsic evalua-
tion of IMPaCTS, recruiting human raters to assess
the quality of the simplifications more directly.

Second, the fine-tuning experiments were limited
to a small set of model families and sizes. While
the results clearly show that both larger and smaller
LLMs benefit from fine-tuning, an inspection of the
outputs revealed that smaller models (i.e., Minerva)
occasionally fail to generate sentences. As dis-
cussed in the paper, understanding the causes of
these failures is crucial for developing methods
better suited to smaller models, a key step for real-
world scenarios, particularly in low-resource lan-
guages and tasks.

Finally, our experiments were limited to two do-
mains (Wikipedia and administrative texts) and
a single control variable (readability). As dis-
cussed in the conclusions of the paper, extend-
ing the approach to additional domains and condi-
tioning LLMs on linguistic features reflecting (mor-
pho)syntactic complexity would further validate the
reliability of IMPaCTS for controlled sentence sim-
plification.
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A. Prompt Template for Sentence
Simplification

Each model was prompted using its default system
prompt, as specified in the corresponding Hugging
Face model documentation. In addition, we pro-
vided a task-specific instruction prompt to guide the
model in performing the Sentence Simplification
task. The following prompt template was used:

### Istruzione: Semplifica la seguente frase
mantenendo il piu possibile intatto il significato. (In-
struction: Simplify the following sentence while pre-
serving the original meaning as much as possible.)

### Input: original_sentence

### Output:

B. Linguistic Features Used for
Sentence Profiling

The following table presents the full list of lin-
guistic features extracted with Profiling-UD and
used to characterize the linguistic profile of sen-
tences in IMPaCTS. For the list of UD POS

refer to https://universaldependencies.

org/u/pos/index.html, of syntactic relations
to0 https://universaldependencies.org/
u/dep/index.html, and of verbal morpholog-

ical tags https://universaldependencies.

org/u/feat/index.html.

C. Prompt Used for Baseline Models

The baseline models were prompted using an
instruction-based prompt combined with a set of
in-context examples. Each prompt contains the in-
struction asking the model to simplify a sentence
while preserving its meaning and to produce an
output matching the requested READ-IT score and
3 example pairs composed of an input sentence
and a target READ-IT score.

The following template was used':

Di seguito & riportata un’istruzione che descrive
un’attivita, accompagnata da un input che aggiunge
ulteriore informazione. Scrivi una risposta che com-
pleti adeguatamente la richiesta. (Below is an in-
struction that describes a task, paired with an input
that provides additional information. Write a re-
sponse that appropriately completes the request.)

### Istruzione: Semplifica la seguente frase
mantenendo il piu possibile intatto il significato. Ti
verra fornito un valore di Leggibilita da 0 a 100
che dovra essere rispettato dalla tua frase, usa
gli esempi nel contesto per capire come variare la
risposta in base a questo valore. Rispondi sola-
mente con la frase semplificata. (Instruction: Sim-

“The original prompt and sample sentences are in
Italian; English translations are provided in parentheses.

Raw Text Properties

Average sentence length in tokens

Average word length in characters

Lexical Variety

New Basic Italian Vocabulary (NBIV) for words
and lemmas

Fundamental/High usage/High availability words
of NBIV for words and lemmas

Classes of frequency

Morphosyntactic information

Distribution of UD Parts of Speech

Lexical density

Dependency Syntactic Relations

Distribution of UD dependency relations

Global and Local Parsed Tree Structures
Average depth of the whole syntactic trees
Average and maximum dependency link lengths
Total number of prepositional chains and average
length and average length

Distribution of prepositional chains by depth
Average clause length

Order of elements

Relative order of subjects and objects with re-
spect to the verb

Inflectional morphology

Inflectional morphology (tense, mood, verb form,
person, number) of lexical verbs and auxiliaries
Verbal Predicate Structure

Distribution of verbal roots

Distribution of verbal heads per sentence
Average verb arity and distribution of verbs by
arity

Use of Subordination

Distribution of principal and subordinate clauses
Average length of subordination chains and dis-
tribution of chains by depth

Relative order of subordinate clauses with respect
to the principal proposition

Table 6: Linguistic features used for linguistic pro-
filing.

plify the following sentence while preserving the
original meaning as much as possible. You will be
given a readability value ranging from 0 to 100 that
your output sentence should match. Use the exam-
ples provided in the context to understand how to
adjust the simplification according to the requested
readability value. Respond only with the simplified
sentence.)

### Input:

Leggibilita - 20: INVIARE la presente delibera, il
progetto in narrativa e la bozza di convenzione al
Comune di Chiesina Uzzanese. (Readability - 20:
SEND the present resolution, the project described
in the narrative, and the draft agreement to the
Municipality of Chiesina Uzzanese.)

### Output: La presente delibera, il progetto in
narrativa e la bozza di convenzione sono inviate
al Comune di Chiesina Uzzanese. (The present
resolution, the project described in the narrative,
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and the draft agreement are sent to the Municipality
of Chiesina Uzzanese.)

#i## Istruzione: Semplifica la seguente frase
mantenendo il piu possibile intatto il significato. Ti
verra fornito un valore di Leggibilita da 0 a 100
che dovra essere rispettato dalla tua frase, usa
gli esempi nel contesto per capire come variare la
risposta in base a questo valore. Rispondi sola-
mente con la frase semplificata. (Instruction: Sim-
plify the following sentence while preserving the
original meaning as much as possible. You will be
given a readability value ranging from 0 to 100 that
your output sentence should match. Use the exam-
ples provided in the context to understand how to
adjust the simplification according to the requested
readability value. Respond only with the simplified
sentence.)

### Input:

Leggibilita - 30: Gino Biondi Deliberazione n.
159 del 18 dicembre 2008 “Interventi di riqualifi-
cazione lungo il fiume Pescia di Pescia in Comune
di Chiesina Uzzanese” - Approvazione progetto es-
ecutivo la deputazione amministrativa premesso
che il Comune di Chiesina Uzzanese d’intesa con
il Consorzio di Bonifica del Padule di Fucecchio in-
tende valorizzare un’area nel proprio Comune adi-
acente al Fiume Pescia di Pescia con alcuni inter-
venti di riqualificazione ambientale, partecipando
con fondi propri a parte dei lavori; (Readability -
30: Gino Biondi Resolution n. 159 of 18 December
2008 “Redevelopment interventions along the Pes-
cia di Pescia River in the Municipality of Chiesina
Uzzanese” — Approval of the executive project. The
Administrative Deputation, whereas the Municipal-
ity of Chiesina Uzzanese, in agreement with the
Padule di Fucecchio Land Reclamation Consor-
tium, intends to enhance an area of its municipality
adjacent to the Pescia di Pescia River through sev-
eral environmental redevelopment interventions,
participating with its own funds in part of the works;)

### Output: Il comitato ha approvato un progetto
esecutivo per eseguire interventi di riqualifica am-
bientale lungo il flume Pescia a Pescia, in comune
di Chiesina Uzzanese. |l comune di Chiesina Uz-
zanese, insieme al Consorzio di Bonifica del Padule
di Fucecchio, intende migliorare un’area nel proprio
comune vicino al fiume Pescia con alcuni interventi
di riqualifica ambientale, utilizzando i propri fondi
per contribuire ai lavori. (The committee approved
an executive project to carry out environmental re-
development interventions along the Pescia River
in Pescia, in the Municipality of Chiesina Uzzanese.
The Municipality of Chiesina Uzzanese, together
with the Padule di Fucecchio Land Reclamation
Consortium, intends to improve an area of its mu-
nicipality near the Pescia River through several
environmental redevelopment interventions, using
its own funds to contribute to the works.)

#it# Istruzione: Semplifica la seguente frase
mantenendo il piu possibile intatto il significato. Ti
verra fornito un valore di Leggibilita da 0 a 100
che dovra essere rispettato dalla tua frase, usa
gli esempi nel contesto per capire come variare la
risposta in base a questo valore. Rispondi sola-
mente con la frase semplificata. (Instruction: Sim-
plify the following sentence while preserving the
original meaning as much as possible. You will be
given a readability value ranging from 0 to 100 that
your output sentence should match. Use the exam-
ples provided in the context to understand how to
adjust the simplification according to the requested
readability value. Respond only with the simplified
sentence.)

### Input:

Leggibilita - 10: VISTO il parere di legittimita
rilasciato in data 18 dicembre 2008 dal Direttore
Generale Dott. Franco Fambrini; (Readability -10:
HAVING SEEN the opinion of legality issued on 18
December 2008 by the Director General Dr. Franco
Fambrini;)

### Output: Rilasciato il 18 dicembre 2008,
il parere di legittimita del direttore generale Dr.
Franco Fambrini. (Issued on 18 December 2008,
the opinion of legality of the Director General Dr.
Franco Fambrini.)

#it# Istruzione: Semplifica la seguente frase
mantenendo il piu possibile intatto il significato. Ti
verra fornito un valore di Leggibilita da 0 a 100
che dovra essere rispettato dalla tua frase, usa
gli esempi nel contesto per capire come variare la
risposta in base a questo valore. Rispondi sola-
mente con la frase semplificata. (Instruction: Sim-
plify the following sentence while preserving the
original meaning as much as possible. You will be
given a readability value ranging from 0 to 100 that
your output sentence should match. Use the exam-
ples provided in the context to understand how to
adjust the simplification according to the requested
readability value. Respond only with the simplified
sentence.)

### Input:

Leggibilita - 35: La societa Strade Scavi Nord
Srl, con sede legale in Piazza Brembana (BG), Via
Orenghi n. 31, ha predisposto lo studio preliminare
ambientale relativo al progetto: (Readability - 35:
The company Strade Scavi Nord Srl, with its regis-
tered office in Piazza Brembana (BG), Via Orenghi
n. 31, has prepared the preliminary environmental
study relating to the project:)

### Output:

During inference, the last input block was re-
placed with the sentence to be simplified and the
requested readability value.
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