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Abstract
Recent progress in Large Language Models (LLMs) has led to impressive capabilities in Natural Language Generation (NLG).
However, standard evaluation benchmarks often focus on surface-level performance and are predominantly English-centric,
limiting insights into models’ deeper linguistic competences, especially in other languages. In this paper, we introduce
OuLiBench, a novel benchmark inspired by the literary movement OuLiPo, designed to evaluate LLMs’ ability to generate
Italian text under explicit linguistic constraints, ranging from morpho-syntactic requirements to creative and structural
challenges. Our goal is to assess the extent to which LLMs can understand and manipulate language when guided by specific,
sometimes artificial constraints. We evaluate a range of state-of-the-art models in both zero- and few-shot settings, comparing
performance across constraint types and difficulty levels. Our results highlight significant variability across models and
tasks, shedding light on the limits of controllable text generation and offering a new lens for probing LLMs’ generative and
linguistic competence beyond traditional benchmarks.
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1. Introduction and Background
The recent and rapid advancements in Large Language
Models (LLMs) development has profoundly reshaped
the landscape of Natural Language Processing (NLP) [1,
2, 3, 4]. These models exhibit remarkable proficiency
across a wide range of tasks, particularly excelling in
the generation of coherent and contextually appropriate
text. They demonstrate a sophisticated grasp of complex
linguistic structures with high accuracy. Such capabilities
have been extensively evaluated through a variety of
benchmarks, many of which are aggregated on platforms
like the Open LLM Leaderboard [5] to facilitate cross-
model comparisons.

However, despite the value of these benchmarks as
reference frameworks, a significant gap remains in the
comprehensive assessment of LLMs’ intrinsic linguistic
competencies, independently of specific task formula-
tions and with a cross-cutting perspective [6, 7]. Stan-
dard evaluation metrics often emphasize surface-level
features (e.g., n-gram overlap using BLEU or ROUGE),
which may fail to capture deep semantic understanding
or robust syntactic flexibility.
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Another critical issue, often underestimated in current
evaluation methodologies, is the overwhelming predom-
inance of benchmarks developed and validated primarily
for the English language [8]. This bias significantly limits
the accurate assessment of multilingual systems or mod-
els tailored for other languages, such as Italian. Moreover,
it impedes the identification and study of culturally spe-
cific linguistic phenomena, which are inherently tied to
the socio-cultural characteristics of individual linguistic
communities.

Concurrently, Controllable Text Generation (CTG) is
emerging as a pivotal research area within the LLM do-
main [9, 10, 11, 12, 13]. CTG focuses on developing and
analyzing techniques that guide text generation to con-
form to explicit constraints, such as style (e.g., formal vs.
informal), emotional tone, desired length, structural com-
plexity (e.g., number of subordinate clauses), and prede-
fined semantic content. By leveraging strategies such as
prompt conditioning, targeted fine-tuning on annotated
datasets, and the implementation of dedicated control
mechanisms, CTG research aims to produce generative
systems capable of generating outputs that precisely sat-
isfy specified criteria. Intrinsically, this field not only
provides methodologies for evaluations better aligned
with practical and real-world communicative needs but
also emphasizes the models’ ability to manipulate lan-
guage in response to explicit conditions.

This focus on controlled generation naturally raises the
question of how far such control can be extended, partic-
ularly when constraints become highly specific or even
deliberately artificial, designed not merely to produce
functional output but to probe the very limits of linguis-
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tic manipulation and computational creativity. In this
regard, there exists a compelling parallel with the princi-
ples of the literary group OuLiPo (Ouvroir de Littérature
Potentielle), which has long explored the generative po-
tential of formal constraints. By imposing stringent rules
on literary creation, OuLiPo demonstrates how limita-
tions can paradoxically unlock new expressive forms
and reveal deeper structural properties of language. We
hypothesize that such intricate, often playful linguistic
challenges, when adapted as evaluation tasks, can yield
valuable insights into the degree of fine-grained control
an LLM can exert and its implicit understanding of lin-
guistic structure, moving beyond mere fluency to assess
true generative competence.

Building on these insights, in this paper we introduce
OuLiBench, a novel benchmark, and present an extensive
evaluation of LLMs’ ability to generate Italian text under
targeted linguistic constraints, ranging from morpho-
syntactic to stylistic-formal phenomena.

By prompting language models to generate sentences
that adhere to specific linguistic constraints (e.g., "Gen-
erate a sentence with exactly five words" or "Generate a
sentence without the letter ’e’") and, where applicable,
evaluating their ability to reflect on these constraints or
on properties of the generated text, we aim to address the
following research questions: i) To what extent can LLMs
produce text that satisfies explicit linguistic constraints
defined in OuLiBench, including quantitative, structural,
and creative constraints? ii) What differences emerge
among various LLMs in their ability to meet complex lin-
guistic constraints, and which types of constraints pose
the greatest challenges? iii) How does the nature of the
constraint (e.g., syntactic vs. creative) affect the quality
and coherence of the generated text?

Contributions. Our main contributions are:

• We propose a framework, based on the OuliBench
benchmark, for evaluating the linguistic abilities
of state-of-the-art Italian LLMs when generating
text.

• We conduct extensive evaluations across different
open- and closed-source models and linguistic
constraints.

• We evaluated models’ abilities across several con-
figurations, testing their performance in zero- and
few-shot settings.

2. Our Approach
We systematically evaluate the ability of several LLMs
to generate Italian sentences under a range of explicitly
defined linguistic constraints. These constraints are for-
malized as a set of properties 𝑃 = 𝑝1, 𝑝2, ..., 𝑝𝑛, where
each property 𝑝𝑖 corresponds to a specific quantitative,

morpho-syntactic or creative linguistic phenomenon.
The goal is to assess to what extent models can control
these properties during text generation, and how robustly
they generalize across different types of constraints.

For each property 𝑝𝑖, we define a corresponding set of
possible target values 𝑉𝑝 = 𝑣𝑝1, 𝑣𝑝2, ..., 𝑣𝑝𝑛. We prompt
the models to generate a fixed number of sentences con-
ditioned on each value 𝑣𝑝𝑖 using a consistent prompt
format. For example, for the property “number of words”
a representative prompt would be:

Genera 50 frasi composte esattamente da 5
parole ciascuna, escludi dal conto la pun-
teggiatura e gli spazi. [transl. Generate 50
sentences consisting of exactly 5 words each,
excluding punctuation and spaces from the
count.]

Considering the difficulty that LLMs show in meet-
ing strict numerical specifications, such as generating
sentences with an exact length in terms of words or char-
acters, we intentionally structured the evaluation around
increasing values of each property. This approach allows
us to examine whether the models are sensitive to the rel-
ative ordering and magnitude of constraints, even when
exact conformity is difficult to achieve. The underlying
hypothesis is that although a model may not reliably pro-
duce a sentence with exactly 5 words, it may still exhibit
a monotonic tendency, generating progressively longer
sentences as the required number increases.

For syntactic constraints, such as those related to the
syntactic order of the elements (e.g. SVO, SOV, VSO), the
analysis focused on the model’s ability to adapt the syn-
tactic structure of the sentence to predetermined patterns.
Here, the aim is to assess the structural flexibility of the
model and its ability to model the output according to
specific grammatical configurations. Finally, concerning
OuLiPo-inspired linguistic constraints, such as lipograms
(texts that deliberately omit a particular letter) and tauto-
grams (texts in which all words start with the same letter),
the evaluation was structured around specific letters of
the alphabet, testing the model’s ability to inhibit or con-
centrate the use of certain letters within the generated
sentences. This allows us to examine the controllabil-
ity of the models in more creative and stylistic contexts,
where the constraints are not numerical but qualitative
and symbolic.

The linguistic constraints span both formal properties
(e.g. sentence length in words or characters, permuta-
tions of sentence elements in the context of linguistic
typology) and creative phenomena (e.g., lipograms, tauto-
grams, acrostics), enabling a comprehensive evaluation of
controllability across structural and stylistic dimensions.
In all cases, the evaluation assesses whether the gener-
ated sentence not only satisfies the target constraint but



also maintains syntactic correctness, semantic coherence,
and linguistic appropriateness in Italian.

3. OuLiBench
To address the need for more granular evaluation tools
for the Italian language, we developed OuLiBench. This
novel benchmark is specifically designed to thoroughly
analyze the capability of LLMs to generate text while
adhering to a diverse and progressively complex set of
explicit linguistic constraints, thereby moving beyond
assessments based on mere surface-level fluency.

3.1. Conceptual Framework and Task
Taxonomy

The conceptual foundation of OuLiBench integrates prin-
ciples from Controllable Text Generation (CTG) [10],
which focuses on guided generation according to pre-
defined attributes, with the creative, constraint-based
methodologies of the OuLiPo (Ouvroir de Littérature
Potentielle) literary group. Founded in 1960 by writer
Raymond Queneau and mathematician François Le Lion-
nais, OuLiPo emerged as a revolutionary literary move-
ment that sought to explore the potential of literature
through the systematic application of formal constraints.
In their Premier Manifeste (First Manifesto) [14] of 1961,
Le Lionnais articulated the group’s foundational philos-
ophy Littérature potentielle, defining littérature poten-
tielle as "the search for new structures and patterns that
can be used" to create literary works. The group used
the restrictions of literary forms to spark creativity, de-
veloping techniques such as lipograms (texts excluding
specific letters), tautograms, anagrams and palindromes.
This approach demonstrated that systematic limitations
could paradoxically expand rather than restrict creative
possibilities, generating what the group termed "poten-
tial literature". OuLiBench adapts these philosophies into
a suite of computationally evaluable tasks, entirely for-
mulated and contextualized for the Italian language.

OuliBench is organized according to a taxonomy that
reflects different levels and types of linguistic control:

1. Quantitative Constraints: This category as-
sesses the precision of dimensional control over
the textual output. Tasks require models to gener-
ate sentences adhering to an exact word count
or an exact character count (net of punctuation
and spaces). These constraints challenge models
to balance numerical restrictions with semantic
coherence and grammatical correctness.

2. Syntactic Constraints: These tasks evaluate the
models’ competence in manipulating fundamen-
tal Italian grammatical structures. They include
verbal diathesis control (requiring generation

in active, passive, or reflexive/medium voice) and
constituent order permutations (Subject-Verb-
Object), testing flexibility in generating canonical
and non-canonical sentence structures.

3. Stylistic-Formal (OuLiPo-inspired) Con-
straints: Representing the most elaborate
challenges, this category implements OuLiPian
contraintes. It includes tasks such as the Li-
pogram (omission of specific letters), Inverse
Lipogram (mandatory inclusion of specific
letters), Tautogram (all words starting with
the same letter), Anagram (at both word and
phrasal levels), Palindrome (symmetrical text),
and Acrostic (initial letters of words forming
a target word). These tasks demand advanced
linguistic planning and sophisticated sub-lexical
and structural manipulation.

For each task, specific prompts were formulated in
Italian. Table 1 provides a comprehensive overview of
the tasks included in OuLiBench, as well as the prompts
used for generating the sentences.

4. Experimental Setting
We evaluate a pool of Italian LLMs by testing their
ability to follow the linguistic constraints defined in
OuliBench. We conduct our experiments in both zero-
shot and few-shot settings. In the zero-shot condition,
the model receives only the instruction formulated in
natural language. In the few-shot configuration, the
prompt is augmented with five, ten, and fifteen exemplar
sentences corresponding to the same constraint. This
setup is intended to investigate whether LLMs improve
in constraint-following behaviour when exposed to in-
context demonstrations. In the following, we describe the
set of tested models and the evaluation strategy adopted
to assess the extent to which generated outputs satisfy
the defined constraints.

4.1. Models
The landscape of Italian large language models (LLMs)
is evolving rapidly, with notable differences in develop-
ment strategies. Some models have been pre-trained
from scratch with intrinsic emphasis on the Italian lan-
guage, while others have been fine-tuned for Italian
starting from well-established architectures. For this
study, we selected models with comparable parame-
ter scales: Minerva-7B-instruct-v1.0 (SapienzaNLP) [15],
Italia-9B-Instruct-v0.1 (iGeniusAI) [16], Velvet-14B (Al-
mawave) [17], Maestrale-chat-v0.4-beta (mii-llm) [18],
and LLaMAntino-3-ANITA-8B-Inst-DPO-ITA (SWAP-
UNIBA) [19]. The first group includes three models
pre-trained from scratch. Minerva-7B-instruct-v1.0 is



Category Task Name Constraint Description Example Target Sentence (Italian)

Quantitative Length by Words Generate Italian sentences with an exact word count. "Il gatto dorme sul divano." (5 words)
Length by Characters Generate Italian sentences with an exact character count

(no punct/space).
"Mangio la pizza" (13 chars)

Syntactic Diathesis Control Generate Italian sentences in specified voice (active, passive,
reflexive).

"La lettera è scritta da Marco." (passiva)

Word Order Permutations Generate Italian sentences using specific SVO permutations
(SOV, VSO, etc.).

"Mangia la mela Luca" (VOS)

Stylistic-Formal Lipogram Generate Italian text excluding a specific letter. "Oggi vado in montagna" (without ’e’)
(OuLiPo-inspired) Inverse Lipogram Generate Italian sentences where a specific letter appears

min. once for each words.
"Questo esercizio contiene molte esse." ( ’e’)

Tautogram Generate Italian text where all words start with the same
letter.

"Maria mangia mele morbide" (’m’)

Word Anagram Generate a valid Italian anagram for a given Italian word. "Noce" → "Ceno"
Phrasal Anagram Reorder sentence letters into a new meaningful Italian sen-

tence.
"Amo Roma" → "Moro ama"

Palindrome Generate Italian text reading the same forwards and back-
wards.

"Aceto nell’enoteca"

Acrostic Generate Italian text where initial word letters form a target
word.

"Viva V.E.R.D.I."

Table 1
OuLiBench Task Summary (Evaluated on Italian).

a 7-billion-parameter Transformer pre-trained on 2.5 tril-
lion tokens, balancing Italian, English, and code, and
later refined through supervised fine-tuning (SFT) and
direct preference optimization (DPO). Italia-9B-Instruct-
v0.1 is a 9-billion-parameter Transformer trained from
scratch on trillions of tokens, with a strong focus on Ital-
ian and domain-specific content. Velvet-14B is a dense
14-billion-parameter Transformer trained from scratch
on the Leonardo HPC system using 4 trillion multilingual
tokens, approximately 23% of which are in Italian, achiev-
ing competitive scores on Italian-language benchmarks.
These models integrate Italian language knowledge from
the earliest stages of training. The second group is based
on existing architectures. LLaMAntino-3-ANITA-8B-Inst-
DPO-ITA is derived from Meta-LLaMA-3-8B-Instruct and
specializes in Italian through super-fine-tuning (QLoRA
SFT) on mixed datasets and DPO optimization. Maestrale-
chat-v0.4-beta, based on Mistral-7B, underwent contin-
ued pre-training on an Italian corpus and "Occiglot," fol-
lowed by conversational SFT and DPO alignment aimed
at improving factuality and mathematical reasoning. Al-
though these models build upon pre-trained foundations,
they have invested significantly in adapting and optimiz-
ing for the specific characteristics of the Italian language.
To achieve a comprehensive and diversified evaluation of
LLM capabilities across the tasks proposed by the bench-
mark, it was essential to extend the comparison to include
larger proprietary models that currently represent the
state of the art in the field. This strategic choice enabled
assessment of the selected Italian open-source models
in relation to the highest standards achieved by global
research and development. Specifically, the comparison
included Claude Sonnet 4 [20], DeepSeek [21], Gemini
2.5 Flash, and GPT-4o mini [2].

4.2. Prompting Optimization
The effectiveness of text generation using advanced Lan-
guage Models is critically dependent on the calibration
and formulation of prompts. Our research has systemati-
cally analyzed the interaction between prompt structure
and output quality for each model, defining optimized
strategies to maximize compliance with experimental
requirements. Generally, precision in criteria definition
was found to be critical: for text length control, making
explicit the exclusion of non-linguistic elements (such as
punctuation and spaces) significantly improved the pre-
cision of some models (Maestrale and Anita). Similarly,
for the handling of verbal diathesis in particular mid-
dle (or reflexive) diathesis, explicit formulations reduced
interpretive ambiguities, increasing the adherence of out-
puts. In the context of OuLiPo constraints, whenever
possible we avoided specific terminology in the prompt
(Lipograms, Inverse Lipograms, Tautograms, and Palin-
dromes), describing the task directly and using quotation
marks to highlight restricted letters.

A crucial aspect of our methodology was the imple-
mentation of few-shot learning, exploring its configura-
tions with 0, 5, 10 and 15 examples. The tasks that em-
ployed few-shot were: quantitative constraints, diathesis,
Lipograms, Palindromes. The examples were collected
from the Italian Universal Dependency dataset, a corpus
consisting of 34,383 sentences derived from the main
Italian treebanks included in the Universal Dependen-
cies project, including ISDT[22] VIT[23], PARTUT[24],
PoSTWITTA[25] and TWITTIRO [26].

During few-shot experimentation, it emerged that the
Minerva and Velvet models tended to slavishly repro-
duce the examples provided in the prompt, generating
outputs identical or nearly identical to the initial exam-
ples, regardless of the variation required by the task. This



behavior compromised the evaluability of the outputs, as
it did not allow verification of the model’s ability to gen-
eralize or adapt to the specific constraint. Consequently,
these models were excluded from the tables related to
few-shot configurations.

4.3. Evaluation Strategy
The assessment of model performance within OuLiBench
employs an integrated approach, combining quantitative
metrics for formal adherence with qualitative analyses
for more nuanced aspects of generation.

The primary quantitative metrics are:

• Success Rate (SR): Calculated as the percent-
age of generated outputs that perfectly satisfy
the linguistic constraint imposed by the specific
task. This metric provides a direct measure of the
model’s precision.

• Spearman’s Rank Correlation Coefficient (𝜌):
Used to determine the models’ sensitivity to incre-
mental or decremental variations in constraints
(e.g., whether models produce longer sentences
when requested to increase word count), even
when exact adherence is not achieved. This met-
ric was only computed for the evaluation of the
quantitative constraints.

To apply these metrics, particularly for SR on con-
straints involving specific lexical or syntactic features,
model outputs were pre-processed and analyzed, partly
with the support of linguistic analysis tools. In partic-
ular, we employed ProfilingUD [27], a tool that allows
the extraction of more than 130 properties representa-
tive of the linguistic structure underlying a sentence and
derived from raw, morpho-syntactic and syntactic levels
of annotation based on the UD formalism. ProfilingUD
was specifically applied to the sentences generated by
the tested models to extract linguistic features used to
evaluate model performance (e.g. sentence length, in
terms of tokens or characters, diathesis control, etc.).

The qualitative analysis was carried out manually on
the responses that had passed the automatic evaluation,
meaning those that met the formal constraints required
by the task. The aim was to examine more closely the
linguistic quality of the sentences produced, considering
three main aspects: grammatical correctness, semantic
coherence, and linguistic appropriateness. These criteria
were not applied according to a strict hierarchy, although
semantic coherence often played a central role, as it is
crucial for the comprehensibility and meaning of the sen-
tence. In the presence of particularly strong constraints,
such as in the case of tautograms or anagrams, the evalu-
ation was conducted with greater flexibility. The rigidity
of the structure required by these constraints can com-
promise the naturalness of the sentences, making it nec-

essary to allow some tolerance in assessing the other
qualitative aspects.

5. Results
The results obtained from the application of the
OuLiBench benchmark highlight substantial differences
among the tested models, both in terms of absolute capa-
bilities and sensitivity to various types of linguistic con-
straints. The analysis was conducted considering both
quantitative metrics (Success Rate and Spearman’s cor-
relation) and qualitative evaluations of semantic coher-
ence and grammatical correctness.

5.1. Overall Performance
Table 2 reports the results obtained by the Italian open-
source models, which highlight a significant variability
in models’ linguistic control capabilities. LLaMAntino-
3-ANITA-8B-Inst-DPO-ITA (Anita) stands out as the
best-performing Italian model, achieving an aver-
age SR of 53% in the zero-shot setting, clearly out-
performing the others. Velvet-14B reaches an average
of 29%, while Maestrale-chat-v0.4-beta and Minerva-7B-
instruct-v1.0 show more limited performance, with 19%
and 12% respectively.

To better contextualize these results, Table 3 reports
the performance of larger proprietary models, which can
be considered as an upper bound relative to the Italian
ones. Within this group, Gemini 2.5 Flash achieves
the highest performance with an overall average of 70%,
followed by GPT-4o mini (66%) and DeepSeek R1 (65%).
Claude Sonnet 4, while competitive across several tasks,
records an overall average of 61.5%.

5.2. Analysis by Constraint Categories
5.2.1. Quantitative Constraints

Length control tasks proved to be the most challeng-
ing for all tested models. In word-count control, Gem-
ini performed best (34%), followed by DeepSeek (30%)
and GPT-4o mini (17%), while Claude obtained the worst
performance (9%). Among open-source models, Anita
achieved 27% in zero-shot, significantly outperforming
Maestrale (9%), Velvet (5%), and Minerva (3%). Spearman
correlations were consistently high for proprietary mod-
els (94%–100%), thus indicating strong ordinal sensitivity
despite difficulties in precise control.

Character-count control was even more demanding:
Gemini led (14%), trailed by GPT-4o mini (13%), DeepSeek
(05%) while Claude struggled severely (0.03%). Anita
remained competitive (15%) among open-source models,



Task
Anita Maestrale Minerva Velvet

Task Avg
0 5 10 15 0 5 10 15 0 5 10 15 0 5 10 15

Word Length .27/.90 .25/.95 .24/.95 .13/.93 .09/.88 .06/.64 .04/.68 .02/.89 .03/## - - - .05/.66 - - - .11
Char. Length .15/## .13/.46 .02/.31 .13/.60 .006/.71 .03/.92 .03/.88 .03/.96 0/-.64 - - - .01/.60 - - - .04
Diathesis .99 .89 .93 .90 .59 1 .90 1 .72 - - - .67 - - - .74
Permutations .16 - - - .12 - - - .08 - - - .16 - - - .13
Lipograms .59 .56 .62 .64 .32 .37 .35 .34 .28 - - - .47 - - - .41
Inverse Lipogr. .55 - . .26 - - - .04 - - - .23 - - - .41
Word Anagrams .92 - - - .18 - - - 0 - - - .10 - - - .30
Sent. Anagrams .88 - - - 0 - - - 0 - - - .90 - - - .44
Tautograms .73 - - - .55 - - - .007 - - - .08 - - - .34
Palindromes .54 .12 .40 .20 .006 .04 .02 0 0 - - - 0 - - - .13
Acrostics .10 - - - .02 - - - 0 - - - 0 - - - .03

Model Avg .53 .39 .26 .40 .19 .21 .32 .35 .12 - - - .29 - - - -

Table 2
Performance of the models on OuliBench in both zero- and few-shot configurations according to Success Rate (SR) and
Spearman correlation coefficient (𝑟ℎ𝑜) (only for quantitative constraints). The best and worst scores for each property and
each metric are highlighted in bold and italic, respectively. Non-statistically significant correlation scores are reported with ##.
Tasks for which the models were unable to generate meaningful outputs are marked with -. The task avg. are measured on
0-shot values.

Task Claude Deep Seek Gemini GPT Task Avg

Word Length .09/.94 .30/1 .34/1 .17/.99 .22/.98
Char. Length .003/1 .05/.96 .14/1 .13/.82 .08/.69
Diathesis .89 1 .99 .97 .96
Permutations .86 1 .95 .99 .95
Lipograms .77 .79 .73 .89 .79
Inverse Lipogr. .55 .93 .89 .67 .76
Word Anagrams .54 .76 .58 1 .72
Sent. Anagrams .56 .30 .94 .50 .57
Tautograms .99 .91 .94 .98 .95
Palindromes .74 .18 .20 .26 .35
Acrostics .78 .98 1 .74 .87

Model Avg .62 .65 .70 .66

Table 3
Performance of the closed-source models on OuliBench both
in zero- and few-shot configurations (SR/𝜌). Best and worst
results for each property and metric are in bold and italic,
respectively. ## indicates non-significant correlations.

whereas Velvet (1%) and Maestrale (0.06%) showed major
limitations. Minerva failed entirely (0).

5.2.2. Syntactic Constraints

Diathesis control revealed in general a clear advan-
tage for proprietary models: DeepSeek and Anita
achieved near-perfect scores (100% and 99%, respec-
tively), followed by GPT-4o mini (97%) and Gemini (99%).
Claude trailed slightly (89%), while Italian open-source
models—Minerva (72%), Velvet (67%), and Maestrale
(59%)—struggled more.

Constituent order permutations highlighted a stark di-
vide: GPT-4o mini excelled (99%), with DeepSeek (100%),
Gemini (95%), and Claude (86%) close behind. Open-
source models performed uniformly worse: Anita and
Velvet (both 16%), Maestrale (12%), and Minerva (8%),
suggesting architectural limitations in complex syntactic
manipulation.

5.2.3. Stylistic-Formal Constraints

This category showed the widest performance gaps. For
lipograms, GPT-4o mini achieved the best results (89%),
ahead of DeepSeek (79%), Claude (77%), and Gemini (73%).
Anita remained competitive (59%), while other open-
source models obtained significantly lower scores: Velvet
(47%), Maestrale (32%), and Minerva (28%).

Tautograms revealed polarizing results: Claude led
(0.99), followed by GPT-4o mini (98%), Gemini (94%),
and DeepSeek (91%). Among open-source models, Anita
(0.73) vastly outperformed Maestrale (55%), with Velvet
(8%) and Minerva (0.07%) failing critically.

Word anagrams exhibited extreme variability: GPT-
4o mini scored perfectly (1.0), while Anita surprised
with 92%, surpassing DeepSeek (76%), Gemini (58%), and
Claude (54%). Other open-source models failed com-
pletely: Maestrale (18%), Velvet (10%), and Minerva (0).

Palindromes were universally the hardest task. Claude
led (74%), with GPT-4o mini (26%), Gemini (20%), and
DeepSeek (18%) far behind. Anita achieved 54% in zero-
shot, while all other open-source models scored zero.

5.3. Effects of Few-Shot Learning
The few-shot learning analysis reveals non-uniform pat-
terns across models and tasks. Anita shows a general
degradation of performance with an increase in examples
(from 53% in zero-shot to 26-40% in few-shot configura-
tions), particularly evident in quantitative tasks where
word control decreases from 27% to 13% with 15 examples,
and voice control degrades from 99% to 90%. This trend
suggests possible contextual overfitting phenomena.

Maestrale, on the other hand, exhibits a pattern of
gradual improvement (from 19% in zero-shot to 35% with
15 examples), with clear benefits in quantitative tasks:
character control improves from 0.006 to 0.03, and voice



Table 4
Example outputs for selected tasks across four Italian LLMs.

Model Lipogram (no ’e’) Permutation (VSO) Tautogram (letter ’m’)

Anita “Un topo salta sopra un muro alto.”
Eng. "A mouse jumps over a high wall."
Correct lipogram

“Suona Giulia il pianoforte.”
Eng. "Giulia plays the piano."
Correct

“Molti mangiano molta minestra.”
Eng. "Many people eat a lot of soup."
Correct

Maestrale “I gatti miagolano sonnacchiosi”
Eng. "Cats meow sleepily"
Correct lipogram

“Mangia Luca una mela rossa”
Eng. "Luca eats a red apple"
Correct permutation

“Mosse machiavelliane macchiano
magnanimi mandarini.”
Eng " Machiavellian moves tarnish
magnanimous mandarins."
Respects the constraint but the
sentence sounds contrived

Velvet “Il bosco era fitto e misterioso.”
Eng. "The forest was dense and myste-
rious."
Violates the constraint with the letter
’e’

“Luca studia matematica.”
Eng. "Luca studies math.
Does not respect the constraint

“Meraviglioso momento musicale re-
galato dall’artista magistrale della ser-
ata.”
Eng. "A wonderful musical moment
provided by the masterful artist of the
evening."
Does not respect the constraint in the
whole sentence

Minerva “Io non voglio andare al mare oggi.”
Eng. "I don’t want to go to the beach
today."
Violates the constraint with the letter
’e’

“Mangio un panino al salame per
pranzo.”
Eng. "I eat a salami sandwich for
lunch."
The subject is implied, so the sen-
tence does not respect the correct or-
der

“Marito mio, mia moglie.”
Eng. "My husband, my wife."
Constraint satisfied, slightly artificial

control reaches perfection (1.0) with 5 and 15 examples.
A slight improvement from 0.32 to 0.37 with 5 examples
is also observed in lipograms, indicating more robust
in-context learning capabilities.

It is noteworthy that Minerva and Velvet systemat-
ically tend to reproduce the few-shot examples almost
verbatim, particularly in quantitative tasks and lipograms.
This behavior made their outputs effectively unassessable
in few-shot settings. A plausible explanation is that the
high complexity of the tasks, combined with the explicit
presence of in-context examples, may lead these mod-
els to default to copying strategies rather than genuine
generalization. This tendency ultimately compromises
output quality and originality, suggesting limitations in
their ability to adapt constraints creatively beyond pro-
vided exemplars.

6. Discussion
The OuLiBench results provide valuable insights into the
linguistic competence of Large Language Models (LLMs),
particularly in their ability to generate text under various
formal constraints. One of the most striking findings is
the performance gap between tasks involving quantita-
tive constraints and those requiring more structural or
stylistic control. This disparity suggests that while LLMs

exhibit a robust implicit grasp of linguistic structure, they
struggle with fine-grained numerical control, a limita-
tion likely rooted in the statistical nature of transformer
architectures.

Comparing open-source and closed-source models, the
latter generally outperform the former, particularly in
tasks involving stylistic-formal constraints. However,
this advantage is not consistent across all task types. No-
tably, even closed-source models, despite their overall
superiority, struggle with specific tasks such as palin-
dromes, which require strict character-level control. Sim-
ilarly, tasks involving quantitative constraints pose sig-
nificant challenges for both model categories, as they
demand precise control over features like length or rep-
etition, capabilities that are difficult to enforce within
transformer-based architectures relying on statistical pat-
terns rather than explicit rule-based mechanisms. These
limitations further corroborate the value of OuLiBench
as a benchmark for evaluating LLMs’ ability to generate
text while adhering to complex and diverse constraints.
Finally, models from both categories perform well on syn-
tactic constraints, suggesting that such structural aspects
are relatively well captured by current architectures.

Focusing instead on smaller open-source models, we
noticed that their linguistic production frequently suf-
fered, primarily in stylistic-formal tasks, from an inability
to generate truly well-structured sentences in Italian, of-



ten producing ungrammatical or semantically incoherent
outputs. This degradation of linguistic quality under com-
plex constraints highlights the trade-off between adher-
ence to the constraint and maintenance of basic linguistic
competence. A particularly notable pattern emerged in
the palindrome tasks: smaller models frequently aban-
doned Italian and began generating sentences in English.
This involuntary code-switching suggests a tendency
to revert to the predominant language in the training
data when the task deviates from standard generation
patterns.

From a more qualitative point of view, the generated
outputs of the models reveal systematic behavioral pat-
terns, particularly evident in smaller models but also ob-
servable in larger ones. A recurring phenomenon is the
tendency for thematic and lexical repetition with superfi-
cial word order variations across most tasks, suggesting
limitations in creative diversification under constraints.

In the specific case of anagrammatic tasks, Anita and
Velvet showed a simplified resolution strategy, limiting
themselves to swapping word order within phrases rather
than performing true letter-level permutations (as shown
in the examples below). This behavior indicates a super-
ficial understanding of the anagrammatic constraint and
the adoption of simplified heuristics.

Examples from Anita:

Original: “Tre gatti in casa fanno rumore
strepito”
Anagram: “Strepito in casa fanno gatti tre
rumore”
English: “Three cats in the house make
noise and uproar” → “Uproar in the house
make cats three noise”

Original: “Tre per cento in banca stanno”
Anagram: “Stanno in banca trecento per”
English: “Three percent are in the bank”
→ “Are in the bank threehundred per-
cent”

Examples from Velvet:

Original: “Il sole splende.”
Anagram: “Splende il sole.”
English: “The sun shines.” → “Shines the
sun.”

Original: “La luna brilla.”
Anagram: “Brilla la luna.”
English: “The moon shines.” → “Shines
the moon.”

Original: “Il gatto mangia.”
Anagram: “Mangia il gatto.”
English: “The cat eats.” → “Eats the cat.”

In summary, these results highlight the difficulty of
models in reflecting and producing according to
meta-linguistic principles, a fundamental feature of
human linguistic creativity, thus highlighting the lim-
itations of multi-objective planning mechanisms
with respect to controllability and performance in
complex linguistic tasks.

7. Conclusion and Future Works
In this study, we presented OuLiBench, a novel bench-
mark designed to rigorously assess the linguistic capa-
bilities of Large Language Models (LLMs) through the
generation of Italian texts governed by explicit formal
constraints. Drawing inspiration from the Oulipo lit-
erary tradition, our benchmark diverges from conven-
tional evaluation methodologies that typically emphasize
task performance on downstream applications. Instead,
OuLiBench centers its evaluation on the model’s profi-
ciency in adhering to a diverse array of linguistic con-
straints, encompassing structural, quantitative, syntactic,
and stylistic dimensions. This shift of focus allows for a
more nuanced understanding of a model’s fine-grained
control over language generation processes. Our empiri-
cal evaluation involved both open-source and commercial
LLMs tested in zero-shot and few-shot scenarios. The
results revealed substantial variability in their ability to
meet the prescribed constraints. Quantitative constraints,
such as specific letter counts or palindromic structures,
posed significant difficulties across the board, underscor-
ing persistent limitations in current architectures for han-
dling sub-lexical control. Conversely, syntactic and stylis-
tic constraints were more successfully navigated by larger
models, suggesting that model scale and complexity con-
tribute positively to managing higher-level linguistic fea-
tures. Notably, Italian-focused LLMs, including Anita,
demonstrated competitive performance, highlighting the
benefits of dedicated linguistic resources and targeted
training on specific languages, which can partially offset
the advantages conferred by sheer model size. These find-
ings emphasize the persistent challenges in controllable
text generation, especially under intersecting and mu-
tually interacting constraints and demand simultaneous
fulfillment without compromising linguistic naturalness
and coherence. The results indicate a pressing need for
innovative generation frameworks capable of embedding
meta-linguistic reasoning and constraint-aware planning
mechanisms throughout the text production pipeline.
Looking forward, OuLiBench lays the groundwork for
several promising directions in computational linguis-
tics and AI research. Extending the benchmark to other
languages would facilitate cross-linguistic investigations
into the controllability of multilingual LLMs, while the
integration of multimodal or pragmatic constraints could



broaden the scope of evaluation beyond purely textual
parameters. Additionally, developing refined qualitative
and creativity-focused metrics will be critical to advanc-
ing our understanding of deep linguistic competence,
ultimately guiding the design of next-generation models
with enhanced flexibility, expressiveness, and adherence
to formal language structures. Ultimately, OuLiBench
not only enriches the evaluation toolkit for Italian NLP
but also serves as a conceptual bridge between compu-
tational linguistics and literary formalism, pushing the
boundaries of what LLMs can achieve under constraint.
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