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Abstract

This paper explores the impact of ecologically and cognitively plausible data on the training of language models. It builds on
prior work [1, 2] integrating child-directed speech, curriculum learning and instruction tuning to train Italian BabyLMs. To
evaluate our BabyLMs, we compare their performance (trained on fewer than 100M words using various techniques) with that
of native Italian Large Language Models using the Invalsi-ITA [3] benchmark, designed to evaluate Italian students on text
comprehension and linguistic abilities. The goal is to assess whether cognitively motivated training approaches (Curriculum
Learning based on Child-Directed speech and child-friendly data), which are crucial for meaningful comparison between
human learners and computational systems [4], yield greater efficiency than standard methods.
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1. Introduction

Even though Language Models (LMs) have taken research
in linguistics and cognitive science by storm, their mean-
ingful application in these fields still faces significant
challenges. In order for LMs to be useful and informa-
tive for understanding language and cognition, several
plausibility criteria must be met [5, 6, 7]. Among them,
the most important are the amount of input received
during training and the number of trainable parameters.
A growing body of empirical evidence shows that be-
yond a certain model size and amount of training data,
the probability distributions generated by LMs diverge
from human-like patterns and become poor predictors
of psycholinguistic measures, such as eye-tracking data
[8, 9]. In contrast, smaller models trained on a limited
amount of data appear to align more closely with human
reading strategies. This observation is consistent with
findings from the BabyLM Challenge, which demonstrate
that models trained on child-directed speech and capped
at 100 million words can achieve strong syntactic com-
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petence [10, 11]. In addition to model size and training
data volume, other plausibility criteria should be con-
sidered. These include the quality of the input (such as
child-directed speech) and the manner in which it is pre-
sented, for instance through Curriculum Learning (CL).
Moreover, the standard language modeling objective dif-
fers substantially from the discursive and interactive ex-
changes children engage in with adults and peers [4]. In
short, approximating child language learning conditions
requires attention to multiple dimensions.

This study aims at investigating the impact of such di-
mensions on LMs’ development of linguistic skills. Specif-
ically, we examine the effectiveness of training Italian
BabyLMs using child-directed speech, curriculum learn-
ing, and instruction tuning—techniques inspired by hu-
man language acquisition to the purpose of assessing
whether these cognitively grounded methods lead to im-
proved performance compared to conventional training
approaches, particularly when working with limited data.
To this end, we evaluate our BabyLMs against native Ital-
ian Large Language Models using the Invalsi-ITA bench-
mark, which is focused on text comprehension and lin-
guistic knowledge.

The paper is structured as follows: first, an overview
of related works is provided in Section 2. Section 3 is
dedicated to the description of the models’ evaluation.
The models are presented in Section 3.1, whilst in Sec-
tions 3.2 and 3.3 the Invalsi-ITA benchmark, used for the
evaluation, and the procedure followed to assess the mod-
els’ abilities are described. The results of the evaluation
are detailed in Section 3.4 and discussed in Section 3.5.
Finally, some conclusions are drawn in Section 4.
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2. Related Works

Two lines of research are particularly relevant to our
goals, as they represent two sides of the same coin: the
first focuses on the quality and quantity of training data
necessary for BabyLMs to develop linguistic abilities; the
second concerns the evaluation of BabyLMs through the
creation or adaptation of benchmarks originally designed
to assess the linguistic competence of human speakers.

Regarding the first aspect, several studies have ex-
plored training models on datasets that are compara-
ble—both in size and in linguistic nature—to the input typ-
ically received by children during early development (e.g.,
[12, 13, 14]). These works show that while a large vol-
ume of data is essential for achieving strong performance
on standard Natural Language Understanding tasks, a
significantly smaller amount is sufficient for acquiring
core syntactic knowledge. In addition to data quantity
and quality, the importance of curriculum learning strate-
gies and model architecture optimization has also been
highlighted [10].

On the evaluation front, several benchmarks have been
developed over the years (e.g., [15, 16, 17]). While these
benchmarks are effective tools for comparing models
against each other, they are not well-suited for comparing
models to human language abilities, especially those of
children. Although some studies have directly addressed
this gap (e.g., [18]), they have not yet produced large-
scale, standardized benchmarks for this purpose.

For the Italian language, to the best of our knowledge,
only two benchmarks currently enable both model-to-
model and model-to-human comparisons. The first is
BaBIEs [1], a benchmark derived from the adaptation of
four standardized tests originally designed to assess the
semantic and syntactic competence of Italian-speaking
children. The second is Invalsi-ITA [3, 19], described in
Section 3.2, which aims to evaluate text comprehension
and linguistic abilities in Italian students from primary
through high school.

In this study, we employ the Invalsi-ITA benchmark
to evaluate various Bambi models, a series of Italian
BabyLMs which differ from one another in terms of i.)
the amount of training data, ii.) the type of training
data and learning strategies adopted, and iii.) instruction
tuning (cf. Section 3.1). This benchmark is particularly
well-suited to our analysis, as it allows us to observe
improvements or declines across school grades and to
isolate which of the above three variables may be influ-
encing such trends in performance.

3. Evaluating Text Comprehension
and Grammatical Knowledge
with Invalsi-ITA

3.1. Models

The Bambi model is based on a lightweight GPT-2-style
decoder architecture, with approximately 136 million pa-
rameters (Table 1). It is trained on a dataset composed of
transcripts of child-directed speech and multimedia
content designed for children [2]. So far, the dataset
is organized into three tiers of increasing linguistic com-
plexity, corresponding to the age ranges 0-6, 6-12, and
12-18. An additional tier is currently in progress. For the
Bambi baseline model, all three tiers are used in a fully
shuffled format. In contrast, the Bambi_CL (Curriculum
Learning) model is trained on the tiers sequentially, pro-
gressing from the simplest to the most complex. Based
on both the base and CL models, Instruction Tuning
(IT) variants are implemented (Table 2). The IT training
dataset comprises the following resources:

« teelinsan/camoscio_cleaned : a translated
version [20] of the Stanford Alpaca dataset
[21], which consists of LM-generated instruction-
response pairs based on a seed set of human-
written prompts [22]. The dataset contains ap-
proximately 50,000 items.

« massimilianowosz/gsm8k-it : a translated
version of GSM8K [23], a dataset of 8.500 grade
school-level math word problems.

e Mattimax/DATA-AI_Conversation_ ITA : a
dataset of Italian-language conversations, com-
prising 10,000 items [24].

For comparison purposes, the same architecture was
trained on a traditional dataset of equivalent size, using
a random subset of mC4 [25], a corpus derived from
the public Common Crawl web scrape and used to train
standard LMs.

It is important to note that BabyLMs typically operate
with limited input and output context windows, both
to maintain model compactness and to respect cognitive
plausibility constraints. In particular, the training data for
the first and second developmental tiers avoid excessively
long sequences. However, to enable evaluation on the
Invalsi-ITA benchmark, the models were trained with a
context window of 6,144 tokens, the minimum required to
avoid truncating benchmark items. Crucially, our dataset
remains untouched. The BabyLMs are compared against
five other models (Tables 1 and 2). Minerva-3B is the
model trained on the least amount of data, despite not be-
ing the smallest in size. It is followed by Minerva-7B and
Minerva 7B-it, which rank second in terms of data vol-
ume [26]. Next is Velvet-2B, trained on approximately 3



Architecture

Vocabulary Size

Layers x Heads

Hidden Size

Trainable Parameters

Bambi 30,000 12x12 768 135,856,128
Minerva-3B 32,768 32x32 2,560 2,894,236,160
Minerva-7B 51,200 32x32 4,096 7,399,018,496
Velvet-2B 126,976 28x32 2,048 2,223,097,856
Cerbero-7B 32,000 32x32 4,096 7,241,732,096
Table 1

Hyperparameters of the models used in the experiment.

Model Data size Epochs Curriculum Learning  Instruction Tuning
Bambi 86M words 16 no no
Bambi_it 86M words 16 no yes
Bambi_CL 86M words  [13,18,10] 3 steps no
Bambi_CL_it 86M words  [13,18,10] 3 steps yes
Bambi_mc4 86M words 20 no no
Bambi_mc4 it 86M words 20 no yes
Minerva-3B 660B tokens 1 no no
Minerva-7B 2.48T tokens 1 no no
Minerva-7B-it ~ 2.48T tokens 1 no yes
Velvet-2B 3T tokens 1 no yes
Cerbero-7B UNK 1 no yes
Table 2

Training details of the BAMBI familiy models and the baseline models.

trillion tokens ', and finally Cerbero-7B, for which the
amount of training data has not been disclosed by the
developers [27]. These models were chosen because their
training corpora are predominantly in Italian.

3.2. Invalsi-ITA

Invalsi-ITA [3] is a benchmark derived from the adap-
tation of an established battery of assessments aimed at
gauging educational proficiency throughout Italy.

The INVALSI (Istituto nazionale per la valutazione del
sistema educativo di istruzione e di formazione ‘National
Institute for the Evaluation of the Education and Training
System’) tests have been administered to Italian students
since the 2005/2006 school year. These tests are designed
to monitor the students’ competence of Italian language
and Mathematics throughout their educational path. In-
creasingly complex tests are administered during primary
school (grades 2 and 5), middle school (grades 6 and 8)
and high school (grades 10 and 13).

!https://huggingface.co/Almawave/Velvet-2B

Invalsi-ITA focuses on the Italian language. It orig-
inally included 1,264 questions, classified by [3] into:
i.) multiple choice; ii.) binary (e.g., TRUE/FALSE); iii.)
open-ended; iv.) other. The authors of the benchmark
excluded categories (iii.) and (iv.) retaining only multiple
choice (87.47%) and binary (14.33%) questions, for a total
of 1,117 questions. The benchmark assesses two main
kinds of competence: text comprehension and linguis-
tic knowledge. Text comprehension items (930/1,117,
83.26% of the total) require students to read a text and an-
swer related questions (e.g., Le prime tre righe del racconto
parlano della vita di Polipetto nel suo ambiente. Quale
frase spiega in poche parole come viveva Polipetto? “The
first three lines of the story talk about Polipetto’s life
in his environment. Which sentence briefly explains
how Polipetto lived?’), while language items (187/1,117,
16.74% of the total) assess knowledge of specific gram-
matical rules (e.g., Indica in quale frase la parola “pietra”
€ usata in senso figurato, cioé non indica la pietra vera e
propria. ‘Indicate in which sentence the word “stone” is
used figuratively, that is, it does not refer to an actual
stone.).


https://huggingface.co/Almawave/Velvet-2B

Question Macro-Area Grade2 Grade5 Grade6 Grade8 Grade10 Grade 13
Comprehension 149 275 58 245 190 13
Semantics 1 8 0 14 8 7
Syntax 0 27 7 35 18 7
Morphology 0 9 2 6 1 0
Phonology 0 3 0 1 0 0
Pragmatics/Textuality 0 0 0 1 0 0
Punctuation/Spelling 1 5 0 1 6
Total 151 327 67 311 228 33

Table 3
Internal structure of the Invalsi-ITA benchmark.

Table 3 summarizes the macro-areas covered by the
questions in each grade (for more details, see [3, 19]).?
Evaluating language models brings to the fore important
questions about data contamination. The Bambi model
was trained on a dataset specifically built and curated by
the authors, ensuring it is free from contamination. For
other models, verification is more challenging. Minerva
models stand out for their transparency in this regard,
and it appears safe to assume they were not exposed to
the benchmark data. Cerbero-7B was released prior to
the benchmark (2023 vs. 2024), so contamination also
seems unlikely. Velvet-2B is more recent and its training
dataset has not been made publicly available, making it
difficult to assess potential overlap.

3.3. Method

The items are presented to the models in a zero-shot
setting. Each item consists of a text (when present), a
question that includes the list of multiple-choice options,
and the answer, often represented only by the letter cor-
responding to the correct choice. Prompts and expected
outputs are formatted using the following template (orig-
inally in Italian; a translation is provided here for clarity).

Prompt:

Read the text and answer the question:
{text}
{question}

Completions:

« Larisposta corretta ¢ A: {answer_a}
« Larisposta corretta ¢ B: {answer_b}

“Due to the limited number of items within each linguistic macro-
area, we opted to group all linguistic items together for the analysis.
As a result, only comprehension and language items are discussed
in Section 3.4.

« Larisposta corretta ¢ C: {answer_c}
« Larisposta corretta € D: {answer_d}

A likelihood-based method was used to select the
model’s responses. Each model was presented with the
prompt and the set of possible completions. The selected
answer corresponds to the prompt-completion pair with
the highest likelihood.

3.4. Results

Figure 1 shows the accuracy obtained by all models in
each grade, considering both the text comprehension and
the linguistic items. The accuracy values for each model
in each grade are reported in Table 4 (Appendix 4).

A similar accuracy pattern emerges across grades 2
to 10 (Figure 1,). Cerbero-7B consistently achieves the
highest accuracy, although its performance gradually
declines over the grades. Minerva-7B and Minerva-7B-
it follow with slightly lower scores, showing peaks in
grades 2 and 6, a pattern also observed in Velvet-2B. In
contrast, Minerva-3B aligns more closely with the Bambi
models, which display the lowest accuracy throughout
these grades.

A different pattern emerges in grade 13: Bambi,
Bambi_it, and Bambi_mc4_it achieve the highest ac-
curacy, alongside Velvet-2B. Slightly lower scores are
obtained by the Minerva models, with Minerva-7B-it
still leading this group. Notably, Cerbero-7B’s perfor-
mance drops significantly in this final grade. Focusing
on the Bambi family, the strongest performances are
overall exhibited by Bambi, Bambi_it, Bambi_CL_it, and
Bambi_mc4 _it.

Let us now turn to the accuracy the models achieved in
the text comprehension items, displayed in Figure 2. The
accuracy values are reported in Table 5 (Appendix A). The
figure shows that the accuracy values and patterns ob-
served for the comprehension items largely reflect those
found in the overall analysis. Cerbero-7B consistently



Grade

Model

bambi
bambi_it
bambi_CL
bambi_CL_it
bambi_mc4
bambi_mc4_it
minerva-3B
minerva-7B
minerva-7B-it
velvet-2B
cerbero-7TB

Figure 1: Accuracy reached by each model, for each grade, considering both the comprehension and the linguistic items. Error

bars represent 95% confidence intervals.

achieves the highest accuracy across grades 2 to 10 (with
all values above 0.50, though gradually declining), while
a marked drop is observed in grade 13. Across grades
2 to 10, the Minerva models attain the second-highest
accuracy, with Minerva-7B-it performing best within the
family, closely followed by Minerva-7B. As in the overall
analysis, the Bambi models perform poorly from grades
2 to 10 but improve significantly in grade 13: Bambi,
Bambi_it, and Bambi_mc4_it all exceed 0.50 accuracy in
this grade. The same pattern is observed for Velvet-2B.
A different trend is observed when considering only
the accuracy achieved with respect to language items, dis-
played in Figure 3. The accuracy values are reported in Ta-
ble 6 (Appendix A). Cerbero-7B, Velvet-2B, and Minerva-
3B perform overall worse with respect to items specifi-
cally targeting grammatical knowledge than they do in
text comprehension items. Minerva-7B and Minerva-7B-
it, on the contrary, achieve similar accuracies in both
tasks, and perform better in this task in grades 2 and 6.
As for Bambi models, they differ from each other regard-
ing the accuracy they achieve. In grade 2, only Bambi,
Bambi_mc4, and Bambi_mc4_it achieve the highest ac-
curacy (0.50) of all grades, whereas the others do not
provide any correct answer in this grade. In grade 5 the
same three Bambi models perform slightly better than
Minerva-3B and Velvet-2B. In grade 6 Bambi_CL and

Bambi_CL_it reach a peak in accuracy exceeding 0.50,
followed by Bambi_mc4_it. Overall, grades 2 and 6 ap-
pear to be easier for some models, but challenging for
others. Grade 13 is challenging for all models, as none of
them provide a correct response.

Finally, let us take a look at the accuracy achieved by
the models in the two kinds of questions that compose the
Invalsi-ITA benchmark, i.e., multiple choice and binary (a
summary of the accuracy values achieved for binary and
multiple choice questions is reported in Table 7, given
in Appendix A). The accuracies achieved for the binary
questions are displayed in Figure 4.

For binary questions, accuracy generally hovers
around or slightly above the expected chance level (0.5).
Most models tend to perform better at the lower (grade
2) and upper (grade 13) ends of the evaluation spectrum,
with a noticeable dip in performance across intermedi-
ate grades (5-10). Among the best-performing models,
Bambi_CL_it and Cerbero-7B achieve the highest accu-
racy at grade 2 (0.70 and 0.65, respectively). Minerva-
7B-it and Cerbero-7B show relatively stable performance
across grade levels, with only minor fluctuations. No-
tably, Bambi_CL_it performs comparably to larger mod-
els.

Multiple choice questions (Figure 5) appear to be more
challenging for all models. Given the four-alternative
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Figure 2: Accuracy reached by each model, for each grade, considering the text comprehension along with 95% confidence
intervals (shown as error bars).
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Figure 3: Accuracy reached by each model, for each grade, considering the language items along with 95% confidence intervals
(shown as error bars).
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Figure 4: Accuracy achieved by all models in all grades with respect to binary questions along with 95% confidence intervals
(shown as error bars). The dashed line represents the expected performance under random chance.
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Figure 5: Accuracy achieved by all models in all grades with respect to multiple choice questions, along with 95% confidence
intervals (shown as error bars). The dashed line represents the expected performance under random chance.



format, chance accuracy is approximately 0.25, and most
models perform only marginally above this baseline. Still,
some models demonstrate steady improvement across
grade levels, particularly Velvet-2B and Cerbero-7B. The
latter stands out as the most consistent and accurate per-
former in this task, achieving scores in the range 0.53 to
0.56 across several grades and peaking at 0.625 in grade
13. Bambi models, on the contrary, seem to find this
kind of questions more challenging, particularly con-
sidering grades 2 to 10. However, Bambi, Bambi_CL_it,
and Bambi_mc4 exceed the above-chance level in var-
ious grades. In particular, the performance of Bambi,
Bambi_it, and Bambi_mc4 peaks at grade 13, reaching an
accuracy around 0.40.

3.5. Discussion

The Invalsi-ITA benchmark appears to be challenging
for all the models under investigation, as none of them
exceed an accuracy value of 0.60. It should be kept in
mind, however, that Invalsi tests are also challenging for
Italian students [3]. °.

The larger models, i.e., Cerbero-7B, Minerva-7B and
Minerva-7B-it, perform overall better in this benchmark,
especially when they are instruction-tuned. The reason
may lie in the nature of Invalsi-ITA. This benchmark con-
sists indeed of text comprehension items and language
items, which specifically address normative grammatical
rules, instead of the models’ linguistic competence tout-
court. Naturally, models which are exposed to a larger
amount of training data and, even more importantly, to a
large amount of written data, may be facilitated in these
kinds of tasks, either because they have been exposed to
the actual texts used in the benchmark, or because they
are more used to this kind of linguistic input.

Nonetheless, Bambi models exhibit a great improve-
ment in grade 13 with respect to the text comprehension
items, and some of them perform comparably to larger
models with respect to language items (e.g, in grades
2 and 6). These results suggest that compact models,
despite lacking comprehensive world knowledge, can
develop robust grammatical knowledge at early stages
of training. Furthermore, considering binary questions,
most of them, particularly Bambi_CL_it, Bambi_mc4 and
Bambi_mc4_it, perform comparably to larger models in
specific grades despite their compact size and training
constraints, suggesting the potential benefits of a combi-
nation of oral and written training data.

Turning to curriculum learning and instruction tun-
ing, a closer examination of the different Bambi models
indicates that each strategy contributes modest gains,

3Unfortunately, the benchmark does not provide student-level data.
However, the paper describing the original resource [3] includes
a bar plot illustrating the performance gap, which highlights the
challenges faced by Italian students.

particularly in early grades. However, models that com-
bine both strategies, such as Bambi_CL_it, show more
consistent improvements, especially compared to IT-only
variants. This is particularly evident in the case of the lan-
guage items. The pattern implies that CL may enhance
a model’s capacity for subsequent learning, making IT
more effective. This finding aligns with insights from
human developmental learning, where structured pro-
gression lays the groundwork for improved adaptability
and generalization over time *.

These results give rise to some puzzling observations
that merit closer examination. For instance, when com-
paring the Bambi models with their mc4-trained coun-
terparts, substantial differences appear only in grades 2
(although this grade includes only two items) and 6 of the
language items. This prompts the question of whether
using ecologically plausible data is as crucial as often as-
sumed, or if standard training corpora, such as mc4, can
produce comparable results. In fact, the Bambi_mc4 mod-
els perform comparably to other Bambi models in many
settings, indicating that the choice of data alone does not
yeld substantial difference. However, they do not clearly
outperform the Bambi models either: they achieve their
best relative result in grade 5 of the language items, but
in all other grades and tasks they perform worse or at
best match the level of at least one of the Bambi variants.
This pattern suggests that while web training data can ap-
proximate the results of carefully curated child-directed
speech to some extent, it does not consistently provide
an advantage, highlighting the need for a deeper analysis
of the interactions between data quality, structure, and
curriculum learning.

Another notable result is the unexpected jump in per-
formance for the Bambi_CL models in grade 6 with re-
spect to the language items. One possible explanation
lies in the CL learning strategy: although the total num-
ber of tokens processed by these models over multiple
epochs approaches the lifetime exposure of an 18-year-
old adolescent, the absolute size of the Bambi dataset
more closely reflects the typical linguistic input of a child
aged six to eight. This alignment may account for the
relatively strong results in grade 6, which corresponds
to the final portion of the training curriculum. How-
ever, this interpretation does not readily explain another
surprising outcome: in the text comprehension task for
grade 13, the Bambi and Bambi_mc4 models outperform
not only Bambi_CL and Bambi_CL_it, but also larger
models like Minerva and Cerbero-7B. This could be an
artifact of the limited number of items in this grade, but
it highlights an area where further investigation is war-
ranted to understand how data composition, curriculum

*We acknowledge the importance of cross-linguistic validation. To
this end, we have submitted a related study to the third BabyLM
Challenge [28], which is currently under review. Preliminary results
on English show a similar trend.



pacing, and task type interact in shaping model behavior.

Taken together, these findings highlight several key
insights. First, larger model size alone does not guarantee
superior performance: smaller models can be competitive
in specific cases, particularly in structurally simpler tasks.
Second, apparently, training strategies such as CL and IT
yeld effective improvements only under specific evalu-
ation conditions. Finally, the performance gap between
BabyLM and LLM remains substantial, particularly in
tasks requiring semantic depth understanding or world
knowledge. Closing this gap without compromising cog-
nitive and linguistic plausibility remains a key challenge.
Future work will need to explore new training strategies.
and evaluation frameworks to address it.

4. Conclusion

In this work, we presented an evaluation of six Bambi
model variants alongside five larger models, using the
Invalsi-ITA benchmark, which assesses text comprehen-
sion and linguistic abilities.

This evaluation revealed that larger models are facili-
tated in the text comprehension task, because either they
have already encountered the texts used in the bench-
mark or they are more used to this kind of linguistic in-
put. Nonetheless, smaller but more cognitively plausible
models appear to be facilitated in the learning and gener-
alization processes, as highlighted by their improvement
in higher grades considering both text comprehension
and language items.
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A. Appendix A: Accuracy Values for Invalsi-ITA

Model Grade2 Grade5 Grade6 Grade8 Grade10 Grade13
Bambi 0.28 0.25 0.27 0.23 0.27 0.51
Bambi_it 0.24 0.25 0.21 0.24 0.28 0.51
Bambi_CL 0.27 0.23 0.21 0.22 0.28 0.39
Bambi_CL_it 0.34 0.24 0.27 0.23 0.31 0.45
Bambi_mc4 0.30 0.23 0.25 0.24 0.28 0.48
Bambi_mc4_it 0.28 0.22 0.25 0.23 0.28 0.51
Minerva-3B 0.28 0.22 0.21 0.24 0.29 0.42
Minerva-7B 0.38 0.34 0.44 0.30 0.36 0.45
Minerva-7B-it 0.44 0.40 0.47 0.37 0.40 0.48
Velvet-2B 0.37 0.31 0.44 0.35 0.35 0.51
Cerbero-7B 0.57 0.53 0.53 0.49 0.49 0.39
Table 4
Accuracy achieved by each model in each grade, Invalsi-ITA (text comprehension and language items).
Model Grade2 Grade5 Grade6 Grade8 Grade10 Grade13
Bambi 0.24 0.25 0.26 0.24 0.27 0.51
Bambi_it 0.25 0.26 0.19 0.25 0.30 0.51
Bambi_CL 0.27 0.24 0.16 0.22 0.28 0.39
Bambi_CL_it 0.34 0.25 0.23 0.22 0.32 0.45
Bambi_mc4 0.29 0.23 0.26 0.24 0.27 0.48
Bambi_mc4_it 0.27 0.23 0.23 0.22 0.26 0.51
Minerva-3B 0.28 0.22 0.21 0.21 0.29 0.42
Minerva-7B 0.37 0.34 0.44 0.30 0.37 0.45
Minerva-7B-it 0.43 0.41 0.46 0.37 0.43 0.48
Velvet-2B 0.37 0.33 0.44 0.35 0.37 0.51
Cerbero-7B 0.57 0.57 0.54 0.53 0.53 0.39
Table 5

Accuracy achieved by each model in each grade with respect to the text comprehension items.



Model Grade2 Grade5 Grade6 Grade8 Gradel10 Grade 13
Bambi 0.50 0.23 0.33 0.16 0.26 0.00
Bambi_it 0.00 0.17 0.33 0.21 0.18 0.00
Bambi_CL 0.00 0.19 0.55 0.21 0.28 0.00
Bambi_CL_it 0.00 0.19 0.55 0.26 0.28 0.00
Bambi_mc4 0.50 0.25 0.33 0.24 0.31 0.00
Bambi_mc4 _it 0.50 0.23 0.44 0.24 0.36 0.00
Minerva-3B 0.00 0.19 0.22 0.35 0.43 0.00
Minerva-7B 1.00 0.36 0.44 0.27 0.33 0.00
Minerva-7B-it 0.50 0.33 0.55 0.38 0.26 0.00
Velvet-2B 0.00 0.21 0.44 0.36 0.23 0.00
Cerbero-7B 0.50 0.35 0.44 0.38 0.31 0.00
Table 6

Accuracy achieved by each model in each grade with respect to the language items.

Model Binary questions  Multiple choice questions
Bambi 0.49 0.25
Bambi_it 0.48 0.25
Bambi_CL 0.5 0.2
Bambi_CL_it 0.53 0.23
Bambi_mc4 0.5 0.26
Bambi_mc4_it 0.51 0.23
Minerva-3B 0.52 0.23
Minerva-7B 0.48 0.31
Minerva-7B-it 0.54 0.38
Velvet-2B 0.51 0.39
Cerbero-7B 0.52 0.52

Table 7

Summary of the accuracy reached by all models for binary and multiple choice questions.
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