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Abstract

A large body of research has examined the
linguistic abilities of language models (LMs)
across various languages. However, conclu-
sive evidence regarding their semantic compe-
tence and world knowledge remains limited,
especially for low-resource languages. In this
study, we explore the semantic competence of
Italian BabyLMs, focusing on their sensitiv-
ity to semantic violations. To this end, we
adapt a minimal pair benchmark targeting se-
mantic violations to evaluate the semantic abil-
ities of BAMBI, a family of small-scale mod-
els trained on progressively larger and more
complex datasets. We further compare their
performance, assessed through accuracy, mean
log-likelihood offset, and expected calibration
error, with that of three larger Italian LMs. Our
findings shed light on this aspect of semantic
competence in small-scale models and how this
is affected by data scale and training strategies.

1 Introduction

This work extends research on language models’
(LMs) sensitivity to semantic violations. We adapt
an existing minimal pair benchmark targeting pro-
totypical, unlikely, and impossible events (Kauf
et al., 2023) to evaluate Italian Large LMs and
small-scale BabyLMs trained on datasets of pro-
gressively increasing size and complexity.
Minimal pair benchmarks are widely used in lin-
guistic evaluation and have recently been adopted
for zero-shot LM assessment (Marvin and Linzen,
2018; Warstadt et al., 2020; Liu et al., 2024; Basar
et al., 2025; Barbini et al., 2025; Jumelet et al.,
2025). These datasets typically test syntactic com-
petence through sentence pairs differing by a sin-
gle element, offering a simple yet effective way
to probe specific phenomena. Overall, LMs tend
to assign higher probabilities to grammatical than
to ungrammatical sentences across many construc-
tions, suggesting that syntactic knowledge is ac-
quired relatively robustly in early pretraining (Liu

et al., 2021; Zhang et al., 2021). Even small mod-
els trained on limited data can reliably distinguish
grammatical from ungrammatical sentences (Hueb-
ner et al., 2021). However, although performance
generally improves with training, accuracy is not al-
ways monotonic and may vary with item frequency
and lexical category (Wei et al., 2021; Chaves and
Richter, 2021).

Similar patterns emerge for semantic and
world/commonsense knowledge. LMs perform
well on certain world-knowledge tasks (e.g.,
Levesque et al. 2012; Gordon et al. 2012; Zellers
et al. 2018) and assign higher probabilities to
verbs in typical semantic contexts (Cho et al.,
2021; Kauf et al., 2023), yet results remain mixed.
World/commonsense knowledge in contemporary
LLMs is often brittle and highly sensitive to task
formulation (Kauf et al., 2023, p. 4) (see also Et-
tinger 2020; Ribeiro et al. 2020; Ravichander et al.
2020; Elazar et al. 2021; Pedinotti et al. 2021).
Moreover, semantic and commonsense knowledge
appear subject to frequency effects, or more pre-
cisely, to reporting bias in pretraining corpora.
Web-scraped data for adult audiences tend to under-
represent implicit commonsense knowledge while
over-reporting rare or noteworthy events. Romero
and Razniewski (2022) suggest that this bias can be
mitigated by training on simplified child-directed
corpora, which provide more explicit representa-
tions of everyday situations. The present study
extends this line of research to Italian-trained lan-
guage models along three main directions:

1. Evaluating Italian LMs on semantic violations,
to tap into their semantic knowledge;

2. Adopting a comparative and developmental
perspective, by assessing both Large LMs (2B,
3B, and 7B parameters) and BabyLM-style
models trained on ecologically realistic cor-
pora that simulate the linguistic input avail-
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able across language acquisition stages (from
roughly six to over twenty years of exposure);

3. Examining how a model semantic sensitiv-
ity evolves during training, by analyzing how
the mean log-likelihood assigned to sentences
varies as a function of noun frequency and
syntactic structure (active vs. passive voice).

Together, these objectives aim to clarify how model
scale, training data, and linguistic structure inter-
act in shaping event knowledge in Italian LMs,
building on recent work on LM development and
acquisition. Further, as research on BabyLMs
shows that reduced-scale models acquire syntac-
tic competence relatively early but often struggle
with semantic phenomena under a 100-million-
word training budget (Warstadt et al., 2023; Hu
et al., 2024), a benchmark of semantic minimal
pairs directly probes this issue: i) Does seman-
tic event knowledge require substantially more
exposure than syntactic knowledge, or do mod-
els begin to structure an appropriate semantic
space for events and their prototypical partici-
pants from the earliest stages of pretraining? ii)
how does this ability compare to that of Large
LMs? While larger architectures and more diverse
data clearly advantage Large LMs, findings on re-
porting bias may conversely favor BabyL.M-style
models. Child-directed corpora are expected to en-
code commonsense information often absent from
web-crawled data, potentially offering an advan-
tage in modeling everyday semantic knowledge.

2 Semantic Knowledge and Semantic
Violations

Semantic knowledge is central to human language.
Understanding any linguistic message requires in-
tegrating the meanings of morphemes and words
within broader linguistic (e.g., phrases, sentences)
and extra-linguistic contexts. During comprehen-
sion, listeners and readers map incoming signals
onto stored mental concepts and combine them
to reconstruct intended meaning. This knowledge
includes word meanings, syntactic constructions,
and the probabilistic constraints governing how ele-
ments combine into larger units. Crucially, compre-
henders continuously generate expectations about
upcoming material based on semantic knowledge
(Boland et al., 1990, 1995; Ferretti et al., 2001;
McRae et al., 1998, 2005). For example, in John is
drinking _, the object of drink is expected to be a

consumable liquid, reflecting the verb’s selectional
preferences. Likewise, in _ is drinking soda, the
subject is expected to be an animate, likely human,
entity due to the semantic interaction between drink
and soda. When such expectations are violated
(e.g., #John is drinking a rock or #A rock is drink-
ing soda), comprehenders must reanalyze the input.
These violations yield measurable behavioral and
neurophysiological effects. Behaviorally, readers
show longer reading times or atypical eye move-
ments (Coco et al., 2020). Neurophysiologically,
semantic expectancy violations elicit the N400 ERP
component, a negative deflection peaking around
400 ms, widely regarded as a marker of semantic
integration difficulty (Kutas and Hillyard, 1980;
Jouen et al., 2019; Coco et al., 2020; Kutas and Fe-
dermeier, 2011). Because such violations provide a
privileged window into meaning construction, they
are widely used to study semantic processing. They
have informed debates on the relationship between
semantic and syntactic processing, the temporal
dynamics and cortical localization of integration,
and semantic comprehension in clinical popula-
tions (e.g., aphasia, autism spectrum disorder; Fe-
dorenko et al. 2020; Ivanova et al. 2021; see Kutas
and Federmeier 2011).

Building on Kauf et al. (2023), whose dataset we
adapt to Italian (cf. Section 3.1), we use semantic
violations to test whether pretrained LLMs encode
human-like generalized world knowledge about
events (Kauf et al., 2023, p. 5). An event is defined
as the action denoted by a verb together with its
participants (e.g., for drink, a drinking event involv-
ing an Agent and a Patient). Following Kauf et al.
(2023), we probe models’ implicit event knowledge
using two violation types: (a) strong violations,
which breach verb selectional restrictions and yield
impossible events (e.g., #The table tidied the recep-
tionist); and (b) weak violations, which produce
implausible but possible events given world knowl-
edge (e.g., ?The child drove the car).

The detection of strong (a) and weak (b) viola-
tions relies on different, albeit intertwined, aspects
of linguistic knowledge. On the one hand, the de-
tection of strong violations depends primarily on
“purely” semantic knowledge (e.g., selectional re-
strictions). On the other hand, the detection of weak
violations relies more heavily on world knowledge.
For this reason, in the present study we further in-
vestigate whether sensitivity varies across violation
types (strong vs. weak).
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3 Measuring LMs’ sensitivity to semantic
violations

3.1 Materials

Our dataset is the Italian adaptation of two datasets
used by Kauf et al. (2023), in turn derived from
cognitive and neurolinguistic studies by Fedorenko
et al. (2020) and Ivanova et al. (2021). The datasets
consist of minimal sentence pairs designed to as-
sess semantic knowledge by manipulating plausi-
bility. The Italian adaptation preserved the original
structure and involved only linguistic translation,
carried out semi-automatically. Sentences from
both datasets were translated using ChatGPT (Ope-
nAl, 2023) and then manually checked and revised
by the authors. Specifically, one author reviewed
each sentence to ensure that it was grammatical,
meaningful, and semantically consistent with the
corresponding English item. Overall, the automatic
translation produced grammatical and meaningful
sentences, while the main manual corrections in-
volved replacing inappropriate lexical items. For
the second dataset, passive counterparts of active
transitive sentences were manually created, and
verb tense was shifted to the past to ensure con-
sistency with the first dataset. Example items are
shown in Table 1.

The first dataset includes 1,648 sentences
grouped into 824 items (i.e., minimal pairs of sen-
tences). Each item consists of i) a sentence de-
scribing a transitive event and ii) a semantically
anomalous version of the same sentence obtained
by swapping the NP-subject and NP-object. Of
the 824 items, 412 are active sentences, and the
remaining 412 are their passive-voice counterparts
(cf. Table 1). In addition, 522 out of 824 items form
near-synonymous pairs differing only in word fre-
quency: half of these items contain high-frequency
words and the other half contain low-frequency
(near-)synonyms. For instance, the low-frequency
synomymous version of La maestra ha comprato
il computer ‘The teacher bought the laptop’ is
L’insegnante ha acquistato il portatile ‘The instruc-
tor purchased the computer’.!

Finally, the items are grouped into three con-

'As for the low-frequency version, the pair also con-
tains the active impossible sentence Il portatile ha acquis-
tato 'insegnante ‘The computer purchased the instructor’.
The passive minimal pair is included as well: possible sen-
tence Il portatile ¢ stato acquistato dall’insegnante ‘The com-
puter was purchased by the instructor’; impossible sentence:
L’insegnante ¢ stata acquistata dal portatile ‘The instructor
was purchased by the computer’

ditions according to the animateness of the NP-
object: a) Animate-Inanimate (Al) items (n = 272,
160 with a synonymous version), in which the NP-
object is inanimate. In these items, the role-reversal
manipulation results in an impossible sentence that
violates the verb’s selectional restrictions on ani-
mateness (strong semantic violation); b) Animate-
Animate (AA) items (n = 270, 176 with a syn-
onymous version), in which both NPs are animate.
Here, the role-reversal manipulation yields an im-
plausible sentence whose anomaly is grounded in
world knowledge rather than strict semantic con-
straints (weak semantic violation); ¢) Animate-
Animate Reversible (AA-rev) items (n = 282, 186
with a synonymous version), which serve as the
control condition. In this case, both NPs are ani-
mate and the sentences are reversible, resulting in
two equally plausible sentences.

The second dataset now includes 62 items
(minimal pairs), all falling under the AA con-
dition introduced above in b). Of these, 22
items now have a passive-voice corresponding ver-
sion, manually built by the authors (ITEM QR: //
bagnino/la nonna ha salvato la nonna/il bagnino
“The lifeguard/grandmother saved the grand-
mother/lifeguard’ + passive versions: La nonna/il
bagnino e stata/o salvata/o dal/la bagnino/nonna
“The grandmother/lifeguard was saved by the life-
guard/grandmother’). The remaining pairs contain
intransitive verbs, not allowing a passive version
(ITEM QL: 1l capo/lavoratore ha urlato contro
al lavoratore/capo ‘The boss/worker yelled at the
worker/boss’). No frequency-based synonymous
versions are included in this dataset.

The Italian dataset includes 272 items for the
Al condition (80-80 being high/low frequency syn-
onyms, 112 without synonyms); 332 items for the
AA condition (88-88 being high/low frequency syn-
onyms, 156 without synonyms), and 282 items for
the AA-rev condition (92-92 being high/low fre-
quency synonyms, 282 without synonyms).

To ensure the efficacy of the adaptation process,
all authors reviewed and checked the adapted sen-
tences, which were subsequently validated by a
sample of 232 Italian-speaking participants. Specif-
ically, for each sentence pair (cf. Table 1), partici-
pants were asked to rate the plausibility of the event
described by each sentence on a seven-point scale.
For example, for the pair La maestra ha comprato
il computer / Il computer ha comprato la maes-
tra ‘The teacher bought the laptop / The laptop
bought the teacher’, participants answered the fol-
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Condition Judgment  Voice Sentence
. . La maestra ha comprato il computer
Possible Active “The teacher bought the laptop’
Impossible  Active 11 computer ha comprato la maestra
Animate-Inanimate “The laptop bought the teacher’
Possible Passive Il computer ¢ stato comprato dalla maestra
a h “The laptop was bought by the teacher’
Impossible  Passive La maestra & stata comprata dal computer
“The teacher was bought by the laptop’
. . Il paramedico ha rianimato il giovane
Plausible Active ‘pThe paramedic revived the }%outh’
Implausible  Active 11 giovane ha rianimato il paramedico
Animate-Animate ’ “The youth revived the paramedic’
Plausible Passive 11 giovane ¢ stato rianimato dal paramedico
“The youth was revived by the paramedic’
Implausible Passive Il paramedico ¢ stato rianimato dal giovane
“The paramedic was revived by the youth’
. . 11 prete ha abbracciato il fedele
Reversible  Active “The preacher hugged the churchgoer’
Animate-Animate Reversible  Active 11 fedele ha abbracciato il prete
Reversible “The churchgoer hugged the preacher’
Reversible  Passive 11 fedele ¢ stato abbracciato dal prete
‘The churchgoer was hugged by the preacher’
. . 11 prete ¢ stato abbracciato dal fedele
Reversible  Passive

“The preacher was hugged by the churchgoer’

Table 1: Example minimal pairs of sentences from our dataset, shown for each condition. Each sentence pair is

labeled for the corresponding judgment.

lowing two questions: (1) How plausible is it that
the teacher bought the computer? (1 = Impossible,
7 = Absolutely plausible); and (2) How plausible
is it that the computer bought the teacher? (1 = Im-
possible, 7 = Absolutely plausible). Data were col-
lected using an online survey administered through
LimeSurve (LimeSurvey GmbH, 2026) and partic-
ipants were recruited via Prolific (2026). Possi-
ble sentences received a mean plausibility rating
of 6.73, whereas impossible sentences received a
mean rating of 1.59 (A =5.13). Plausible sentences
received a mean rating of 6.64, whereas implausi-
ble sentences received a mean rating of 3.34 (A =
3.29). Finally, reversible sentences received mean
ratings of 6.19 and 5.71, respectively (A = 0.48).
These results are consistent with those obtained
for the English datasets (Fedorenko et al., 2020;
Ivanova et al., 2021), thereby confirming the effi-
cacy of our adaptation.

3.2 Models

The BAMBI model adopts a lightweight GPT-
2-style decoder architecture, comprising approx-
imately 130 million parameters (Table 2). It is
progressively trained on a corpus consisting of tran-
scripts of Child-Directed speech and multimedia
content designed for children (Suozzi et al., 2025;
Capone et al., 2025). The dataset is organized into
four tiers of increasing linguistic complexity, corre-
sponding to the age ranges 0-6, 6-12, 12-18, and 18-

24. For comparison, in addition to the BAMBI_CL
(Curriculum Learning) models, two additional vari-
ants were trained. BAMBI_mc4 is trained on
a random subset of the mC4 dataset (Xue et al.,
2021), a large corpus derived from the public Com-
mon Crawl web scrape and commonly used for
standard language model pretraining. This model
shares the same architecture as BAMBI but does
not employ CL. BAMBI 0-18_noCL is trained
on the first three subsets of the BAMBI dataset
(covering ages 0—18) in fully shuffled order, thus
removing the curriculum structure while retaining
exposure to child-directed data. The BabyLMs
are evaluated against three Italian-oriented Large
LMs (Tables 2 and 3): Minerva_3B, trained on
a relatively small corpus (Orlando et al., 2024);
Velvet_2B, trained on roughly 3 trillion tokens’
and Cerbero_7B, whose training data size remains
undisclosed (Galatolo and Cimino, 2023).

Architecture Vo.cab. LxH Hi(}den Trainable
Size Size Params
BAMBI 30,000 12x12 768 135,856,128
Velvet_2B 126,976  28x32 2,048 2,223,097,856
Minerva_3B 32,768 32x32 2,560 2,894,236,160
Cerbero_7B 32,000 32x32 4,096 7,241,732,096

Table 2: Models hyperparameters.

Zhttps://huggingface.co/Almawave/Velvet-2B
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Model Data size Epochs CL
BAMBI 0-6_CL 26M words 16 1 step
BAMBIO-12_CL 57M words 16 2 steps
BAMBI 0-18_CL 86M words  [13,18,10] 3 steps
BAMBIO-18_noCL  86M words  [13,18,10] no
BAMBI_mc4 86M words 20 no
BAMBI 0-24_CL 117M words  [13,18,10,7] 4 steps
Velvet_2B 3T tokens 1 no
Minerva_3B 660B tokens 1 no
Cerbero_7B UNK 1 no

Table 3: Training details of the BAMBI family models
and the baseline models.

3.3 Methods and analyses

The primary goal of our analysis was to evaluate
whether each model’s probability distribution con-
forms to semantic constraints. More specifically,
we investigated how models’ sensitivity to seman-
tic violations varies as a function of training and
violation type.

To determine which sentence in each mini-
mal pair was preferred by each model, we used
mean log-likelihood (MLL), following Marvin and
Linzen (2018).

To evaluate the models, we employed three met-
rics providing complementary insights into model
performance. First, we used accuracy, a standard
metric for evaluating LMs, which measures how
often a model’s preference distribution respects
semantic constraints. In other words, accuracy cap-
tures how often a model correctly assigns a higher
probability to the possible/plausible sentence than
to the impossible/implausible one. Data concerning
accuracy were analyzed using a generalized linear
mixed-effects model fitted by maximum likelihood
via Laplace approximation. Condition, Model and
Voice (active/passive sentence) are fixed effects,
while Item is a random effect. We also computed
the expected marginal means, in order to perform
the pairwise comparisons (with Tukey correction).?

To further investigate model sensitivity, we com-
puted the absolute MLL offset between the two
sentences in each minimal pair, thereby providing
a measure of the strength of the model’s prefer-
ence. This method is conceptually similar to the
activation offset proposed by Zhou et al. (2025),
but applied to log-likelihood differences. Specifi-
cally, for each sentence pair, the relevant measure
corresponds to the difference between the MLL as-

3Frequency was initially included in the model but re-
moved later, as preliminary analyses showed it did not con-
tribute significantly to explaining variance.

signed to the preferred sentence and that assigned
to the dispreferred one.

This metric is particularly informative in the con-
text of strong and weak violations. For strong vio-
lations, a larger distance between possible and im-
possible sentences is expected, whereas a smaller
distance is expected between plausible and implau-
sible sentences in weak violations (with no dis-
tance expected for reversible sentences).* Employ-
ing this metric therefore allows us to determine
whether models, beyond simply preferring the cor-
rect sentence in both conditions, exhibit qualitative
sensitivity to different types of violations.

A linear mixed-effects model was then fitted to
predict these sensitivity scores from model type and
item-level linguistic features, which were treated
as fixed effects, while including a random inter-
cept for sentence pairs. Estimated marginal means
were also computed in order to perform pairwise
comparisons with Tukey correction. For this analy-
sis, we included only the offsets corresponding to
correct model predictions, ensuring that the sensi-
tivity measure reflected reliable model choices and
facilitating model fitting.

As a third metric, we employed the Expected
Calibration Error (ECE: Guo et al. 2017; Boseak
2025; Pavlovic 2025) for each model, to further as-
sess calibration quality and examine how model be-
havior varied with model size and training duration.
ECE measures how closely a model’s predicted
probabilities align with its observed performance.
A well-calibrated model should be correct approx-
imately as often as it is confident. Accordingly,
ECE is computed as a weighted average of the ab-
solute difference between average confidence and
observed accuracy (Pavlovic, 2025).

Finally, we analyzed the relationship between
ECE and accuracy across strong and weak viola-
tions in order to better understand how confidence
and correctness interacted in different semantic con-
texts and models.

All analyses were conducted in R (R Core Team
2024, Version 4.3.3) using the packages lme4
(Bates et al., 2015) and emmeans (Lenth and Pi-
askowski, 2025).

3.4 Results

In the following sections, we present the results of
the models concerning accuracy, MLL offsets, and
ECE.

“Notably, this pattern is consistent with human judgments
(cf. the A values reported in Section 3.1).
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3.4.1 Accuracy

The accuracy achieved by the models is shown in
Figure 1. Overall, all models perform above chance
level, as they achieve an accuracy above 0.50 in AA
and Al conditions. AA-rev condition is excluded
from this analysis, as both sentences composing
each minimal pair are correct.

Starting with the AA condition (plausi-
ble—implausible), Minerva_3B achieves the highest
accuracy, despite being the least extensively trained
among the large language models, followed closely
by Cerbero_7B. Turning to the BAMBI models,
they generally achieve slightly lower accuracies
than the larger models, with the exception of the
youngest model, BAMBI 0-6_CL, which shows the
lowest accuracy overall. Surprisingly, Velvet_2B
achieves a slightly above-chance accuracy despite
its size. The same general pattern is observed in
the Al condition (possible—impossible pairs), al-
though all models achieve higher accuracy in this
condition than in the AA condition.

The generalized linear mixed-effects model (cf.
Section 3.3) reveals a significant interaction be-
tween Condition and Model: almost all models
achieve significantly higher accuracy in the Al con-
dition (p < 0.001). The only models for which
the difference in accuracy is not significant are
BAMBI 0-12_CL (Al vs AA, p=0.9102); BAMBI
0-24_CL (Al vs AA, p=1); BAMBI mc4 (Al vs
AA, p = 1); Velvet_2B (Al vs AA, p = 0.496).
In addition, pairwise comparisons show that Min-
erva_3B is the only model that consistently out-
performs the BAMBI family: it is more accurate
than any BAMBI variant in both AA and Al con-
ditions and shows the largest benefit from viola-
tion strength (AA—AI log-odds gap ~ —1.96, p <
0.001). Cerbero_7B only performs significantly
better than the youngest BAMBI model (0-6_CL)
in both conditions (p = 0.0029 and p < 0.001, re-
spectively), while comparisons with older BAMBI
variants yield non-significant differences (p > 0.1).
By contrast, Velvet_2B is statistically indistinguish-
able from BAMBI in AA condition, and signif-
icantly worse than older BAMBI variants in Al
condition. Finally, all models except Velvet are
more accurate in Al than in AA condition, indi-
cating sensitivity to semantic violation strength.’
Finally, Voice (active versus passive sentences) has
an overall significant negative effect on accuracy

The tables reporting the pairwise comparisons, both for

overall accuracy and for accuracy by condition, will be in-
cluded in the Appendix upon acceptance of the paper.
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(8= -0.376; SE = 0.061; z = -6.160; p < 0.001):
all models tend to perform worse in minimal pairs
with passive sentences.

3.4.2 MLL offset

Table 4 reports the exact mean (£ SD) values of
MLL offsets across the three conditions (Al, AA
and AA-rev), while the distribution of MLL offsets
across the three conditions (Al, AA and AA-rev) is
given in Appendix A (Figure 3).

Model Al AA AA-rev

BAMBI 0-6_Cl1 0.68 (+ 0.57) 0.56 (+0.48) 0.53 (£ 0.48)
BAMBI 0-12_CL 0.63 (£ 0.53) 0.40 (£ 0.36) 0.42 (£ 0.37)
BAMBI 0-18_CL 0.58 (£ 0.43) 0.30 (£ 0.25) 0.29 (£ 0.24)
BAMBI 0-18_noCL  0.61 (+0.47) 0.36 (+0.28) 0.32 (+ 0.30)
BAMBI 0-24_CL 0.56 (£ 0.43) 0.32(+£0.28) 0.30 (£ 0.27)
BAMBI mc4 0.57 (£ 0.45) 0.37 (£ 0.33) 0.33 (£ 0.26)
Cerbero_7B 0.50 (£ 0.39) 0.33(+£0.27) 0.28 (£ 0.25)
Minerva_3B 0.63 (£ 0.38) 0.33(+£0.27) 0.20 (£ 0.16)
Velvet_2B 2.92(£220) 2.50(+1.79) 2.36 (£ 2.03)

Table 4: Mean (& Standard Deviation) of the LLM
offsets across all conditions for all Models

Model sensitivity towards different kinds of se-
mantic violations (i.e., strong-Al versus weak-AA
versus no violation-AA-rev) was assessed through
absolute MLL offsets computed on correct items
(that is, items in which models selected the correct
sentence) and all reversible items. This provides a
measure of the strength of the model’s preference
for the selected sentence within a minimal pair
(higher values indicate stronger confidence). Table
4 shows that across models offsets were generally
higher in Al condition (possible—impossible) and
progressively lower in AA (plausible—implausible)
and AA-rev condition. This reveals that models
express greater sensitivity when detecting strong
semantic violations than weak ones, for which they
need to distinguish plausible from implausible sen-
tences. Within the BAMBI family, absolute offsets
tend to decrease as training coverage increases for
all conditions (cf. Table 4), indicating that exten-
sively trained models make less extreme predic-
tions. However, the sensitivity gap between Al
and AA conditions remains relatively constant (==
0.20-0.30), suggesting that expanded exposure and
curriculum progression do not reduce the semantic
asymmetry observed in the measure. Among the
larger LMs, Minerva_3B and Cerbero_7B show
sensitivity magnitudes similar to the latest BAMBI
variants but display a clearer increase under Al
conditions, particularly for Minerva_3B, consistent
with its higher accuracy on those items. In stark
contrast, Velvet_2B exhibits extremely high offsets
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Figure 1: Distribution of accuracy across models and conditions.

across all conditions (= 2.50-3.00), several times
greater than any other model. The linear mixed-
effects model indicates that the most influential
factor is Model, rather than Condition. Indeed,
the pairwise comparisons reveal that smaller mod-
els (e.g., BAMBI 0-6_CL and BAMBI 0-12_CL)
significantly differ from larger ones (especially Vel-
vet_2B, but also Cerbero_7B and Minerva_3B) un-
der all conditions (p <0.001). On the contrary, Con-
dition and Model interact when comparing smaller
models. For instance, BAMBI 0-6_CL significantly
differ from BAMBI 0-18_CL only when compar-
ing the offsets of different conditions, while they
do not differ when considering the same condition.

The data on Large LMs’ (Velvet 2B, Min-
erva_3B, Cerbero_7B) sensitivity to semantic vio-
lations suggests uncalibrated confidence unaligned
with accuracy, an instance of systematic over-
confidence or under-confidence rather than genuine
precision. ECE, the measure presented in the fol-
lowing section, aims to further explore this aspect.

3.4.3 Expected Calibration Error

Calibration was evaluated by calculating the Ex-
pected Calibration Error (ECE) over Al and AA
items (cf. Section 3.3). As Table 5) shows, all
BAMBI models showed low ECE values, indicat-
ing generally well calibrated confidence, with the
best calibration displayed by BAMBI 0-12_CL.
Larger models such as BAMBI 0-18_CL and 0-
18_noCL exhibited slightly higher values, suggest-
ing that increased training coverage did not sys-

Model ECE Accuracy Confidence
BAMBI 0-6_CL 0.053 0.584 0.638
BAMBI0-12_CL 0.026 0.641 0.616
BAMBI 0-18_CL 0.084 0.685 0.602
BAMBI0-18_noCL 0.084 0.694 0.610
BAMBI 0-24_CL 0.054 0.656 0.602
BAMBI mc4 0.055 0.664 0.609
Velvet_2B 0.309 0.545 0.854
Minerva_3B 0.219 0.829 0.611
Cerbero_7B 0.155 0.752 0.597

Table 5: ECE, accuracy and confidence of the BAMBI
family models and the baseline models.

tematically improve calibration. Overall, BAMBI
models maintained balanced confidence and accu-
racy, with no clear trend toward over- or under-
confidence as training scale increased. The web-
trained BAMBI_mc4 performed comparably to the
curriculum variants. In contrast, Minerva_3B and
Cerbero_7B, despite higher accuracies, displayed
higher ECEs, reflecting reduced calibration preci-
sion. Velvet_2B showed the poorest calibration,
combining low accuracy with very high confidence,
an instance of strong overconfidence misaligned
with performance.

Figure 2 plots models’ accuracy against ECE
across the two semantic conditions. A general pos-
itive slope emerges: models with higher accuracy
also tend to exhibit higher ECE, indicating reduced
calibration. The shift from plausible—implausible
(AA) to possible—impossible (Al) items consis-
tently moves models toward higher accuracy but

372



O
0.30 @velvet 2B o
0.25 A
@)

0.20

o Mi 3B @san
inerVa”’ 5
* 0.15 1 O,
.Bambi 0-6_Cl -~
0.10 7 Qerberojb
zBambi 0-18-NoCl
imbﬁlB_Cl
0.05 1 Bambltyed O —= .
“Bambi 0-12_CL Q plau§|ble.—|mpIaUlS|bIe
@Bambi 0-24 Cl © possible-impossible
0.5 0.6 0.7 0.8 0.9
Accuracy

Figure 2: Accuracy and calibration of models across conditions.

slightly poorer calibration, suggesting greater over-
confidence when the violation is easier to detect.
The BAMBI models form a compact, low-ECE
cluster with consistent condition effects, whereas
Minerva-3B and Cerbero-7B extend the trend up-
ward in accuracy and ECE. Velvet_2B, by con-
trast, combines the lowest accuracy with the highest
ECE, standing out as a clear case of miscalibration.
The joint inspection of accuracy, mean confidence,
and ECE (Table 5) further clarifies model calibra-
tion patterns. The BAMBI models display a near-
aligned accuracy—confidence ratio, with average
confidences differing from empirical accuracies by
less than 0.05-0.08, consistent with their low ECE
values. This indicates balanced calibration across
curriculum stages and training regimes. In contrast,
Minerva_3B and Cerbero_7B, despite achieving
the highest accuracies, show systematic underconfi-
dence, with mean confidences well below observed
accuracies, reflected in their higher ECEs. Vel-
vet_2B represents the opposite extreme: its mean
confidence vastly exceeds its accuracy, yielding the
highest ECE and evidencing strong overconfidence
and poor calibration. Overall, these results confirm
that the BAMBI family maintains a stable, well
calibrated accuracy-confidence ratio, while larger
LMs tend toward miscalibration, underconfident in
the case of Minerva and Cerbero, and overconfident
in Velvet.

4 Discussions

The main aim of this study was to assess the se-
mantic knowledge of Italian BabyLLMs, focusing on
their sensitivity to strong and weak semantic viola-
tions. To this end, we not only employed accuracy
as a metric; rather, we examined general model
behavior regarding semantic violations, quantified
through MLL offset and ECE, as a function of train-
ing (i.e., data quality and quantity, and model size).

Overall, BAMBI and larger models can detect
semantic violations, achieving above-chance ac-
curacy in both Al and AA conditions. They also
display varying confidence depending on the viola-
tion type (strong vs. weak), mirroring human-like
responses reported in prior psycho- and neurolin-
guistic studies (e.g., Fedorenko et al. 2020; Ivanova
et al. 2021, cf. also Section 3.1). Smaller models,
such as BAMBI 0-6_CL or 0-12_CL, exhibit the
same quantitative and qualitative patterns despite
lower overall accuracy.

Focusing on BAMBI variants, accuracy high-
lights the impact of training data quality: BAMBI
mc4 performs slightly worse than BAMBI
0-18_CL, consistent with the effect of reporting
bias in models trained exclusively on written cor-
pora (cf. Section 1). Differences related to cur-
riculum learning (CL) are negligible. Moreover,
improvement rates vary by semantic condition: in
“older” BAMBI models, the gap between AA and
Al accuracy widens progressively.

For MLL offset, BabyLMs generally show a
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decrease with training. Mc4 and noCL variants
have slightly broader offset distributions than their
CL counterparts (cf. Figure 3, Appendix A). CL
training and data quality do not significantly affect
calibration, which scales straightforwardly with ac-
curacy. Consequently, models exhibit higher ECE
on possible-impossible items, where they achieve
highest accuracy, except BAMBI 0—6_CL, which
shows higher ECE on the more challenging AA
(plausible—implausible) items, reflecting less cali-
brated predictions. This suggests that sensitivity to
weak semantic violations may require more train-
ing than available to this model.

Finally, our results underscore the utility of
sentence minimal pairs, a state-of-the-art method
for assessing both Large LMs and BabyL.Ms (a.o.
Warstadt et al. 2020 and subsequent versions).
However, while models typically achieve maxi-
mum accuracy on syntactic tasks, our findings indi-
cate that minimal-pair tasks are more challenging
when probing semantic competence.

5 Conclusion

This study examined the event semantic knowl-
edge of Italian BabyLLMs by testing their reactions
to semantic violations through an Italian minimal-
pair benchmark. Analyses of accuracy, MLL off-
sets, and calibration reveal that even the smallest
BabyL.Ms show sensitivity to strong semantic vio-
lations, indicating that core event-level knowledge
and knowledge of selectional restrictions appear in
the very first stages of pretraining. In contrast, the
ability to discriminate plausible from implausible
sentences - a subtler, world knowledge—driven skill
- requires a larger word budget, becoming calibrated
only beyond the 0-6M word exposure. Calibration
results further show that model confidence grows in
line with accuracy, with all BabyLLMs maintaining
balanced behavior across training stages. Finally,
the slightly superior performance of models trained
on child-directed data, compared to those exposed
to web-scraped text (and same amount of words),
provides a first indication of reporting bias: input
that explicitly encodes everyday experiences seems
to foster more stable and contextually grounded
semantic representations.

As for future research, the dataset used in this
study is part of a larger benchmark designed to
assess different aspects of linguistic knowledge in
Italian (Baby)LMs, with a particular focus on the
syntax—semantics interface (e.g., prototypicality of

arguments, argument structure alternations, and
syntactically optional arguments, among others).
This benchmark is currently being validated with
Italian-speaking adults.
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Figure 3: Distribution of MLL offsets across models
and conditions.
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