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Abstract

With the rising interest in Large Language Models, deep architectures capable of solving a wide range of Natural Language
Generation tasks, an increasing number of open weights architectures have been developed and released online. In contrast
with older architectures, which were aimed at solving specific linguistic assignments, Large Language Models have shown
outstanding capabilities in solving several tasks at once, raising the question of whether they can truly comprehend natural
language. Nevertheless, evaluating this kind of capability is far from easy. One of the proposed solutions so far is using
benchmarks that combine various types of tasks. This approach is based on the premise that achieving good performance in
each of these individual tasks can imply having developed a model capable of understanding language. However, while this
assumption is not incorrect, it is evident that it is not sufficient, and the evaluation of Large Language Models still remains an
open challenge. In this paper, we conduct a study aimed at highlighting the potential and limitations of current datasets and
how a new evaluation setting applied to language-adapted Large Language Models may provide more insight than traditional

approaches.
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1. Introduction

Large Language Models (LLMs) are models based on
the Transformer architecture capable of solving a wide
variety of Natural Language Generation (NLG) tasks, even
those not encountered during training, due to their ex-
tensive training and large number of parameters. Thanks
to their remarkable skills, interest in LLMs is now at its
climax, resulting in a proliferation of open-weight mod-
els (e.g. LLAMA, MISTRAL, and many others). Among the
several challenges related to the development of LLMs,
one of the most critical is their evaluation [1]. One ap-
proach to tackle this issue has been to build benchmarks
that collect different datasets, with the aim of obtaining
a more comprehensive evaluation of the model’s overall
capabilities. Currently, there is a leaderboard' [2] which
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keeps track of the capabilities of openly available LLMs.
Specifically, the models are tested on six tasks that span
different abilities a language model should have, e.g. rea-
soning or text completion. Regarding their reasoning abil-
ities, the models are tested by solving closed-ended tasks.
Specifically, multiple-choice question answering tasks are
provided, where a question is given with a list of possible
alternatives associated with an identifier (a letter, a num-
ber, and so on). Intuitively, since the model has also been
pre-trained on closed-ended question-answering data, it
should be able to generalize and understand the correct
choice out of the available ones. Furthermore, rather than
generating the output directly, the probabilities learned
by the model are studied, using log-likelihood to assess
which option is more likely to be correct. For the En-
glish language, this evaluation methodology has been
a standard approach to assess the capabilities of LLMs.
However, when adapting a model to a new language, due
to the low amount of non-English data that has been used
to pre-train such models, this methodology may not be
as sound. The model only has to generate the correct
option identifier, therefore this is not really testing the
ability of the model of generating high-quality text in
another language. The goal of this work is to understand
whether a new evaluation setting applied to language-
adapted LLMs may give more insight than the traditional
approach. Therefore, our contributions are the following:

+ We test two evaluation settings for language-
adapted LLMs changing the structure of closed-
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ended question answering tasks;

« We evaluate the performance of state-of-the-art
models on these settings;

« We study the sensitivity that the models have for
the input prompt.

2. Related Works

Language Model evaluation has been a research focus
ever since the first Decoder-only models, which were
designed for natural language generation.

One of the most remarkable skills regarding LLMs
reasoning has been in-context learning. In particular, few-
shot learning has been increasingly used. The idea is that
providing examples of input-output in the model prompt
should affect positively the generation process [3].

There are multiple leaderboards which evaluate open
LLMs on non-English languages, e.g. Open PL LLM
Leaderboard [4] for Polish or Open KO LLM Leaderboard
[5] for Korean. These leaderboards are often based on the
Im evaluation harness framework [6], which has been a
milestone in the evaluation of LLMs. LLM evaluation can
also depend on the topic at hand. There are some works
which focus on mathematical reasoning [7] as well as
factuality [8].

These evaluation settings often rely on closed-ended
tasks, specifically multiple-choice question answering.
The idea is to calculate the log-likelihood of the next
token to generate for the option identifiers. However, this
may not be the best setting to evaluate LLMs. Wang et al.
[9] studied this on Instruction-tuned LLMs by training
a classifier to predict which possible option to associate
with the generated answer. This was done to glance over
additional text generated by the model (e.g. the generated
text could be "The answer is B." as opposed to the simple
"B." token). They found that the log-likelihood and the
generated text decisions were often not matching.

Regarding Italian evaluation, some works have ap-
proached this challenge. Bacciu et al. [10] released an-
other version of the Open Italian LLM Leaderboard, con-
sidering a different variety of tasks. Mercorio et al. [11]
released a benchmark based on questions that can be
found in the INVALSI test, an Italian educational test,
to further test the knowledge and reasoning abilities of
these models on a dataset that is natively in Italian rather
than obtained through machine translation. The latter is
one of the main problems when evaluating these mod-
els, due to the lack of resources w.r.t. English language,
datasets that are used at the state-of-the-art are trans-
lated using machine translation models. Still, all this
effort made to evaluate Italian-adapted LLMs mainly re-
lies on closed-ended tasks.

3. Experiments

We study pre-trained and language-adapted models to
test their capabilities in the resolution of Italian language
tasks. Specifically, we want to modify the typical for-
matting that is used in multiple choice question answer-
ing to study if the models are capable of correctly fol-
lowing and generating Italian text. Usually, the format
shown in Listing 1 is used, where <QUESTION> is the
question the model has to answer, <IDENTIFIER_i> and
<OPTION_i> are the option identifier, which is usually
a letter or a number, and the text of the possible answer
to the previously provided question respectively. <COR-
RECT_IDENTIFIER> is the identifier of the option that
is the correct answer to the question.

<QUESTION>:
<IDENTIFIER_1> <OPTION_1>
<IDENTIFIER_2> <OPTION_2>

<IDENTIFIER_N> <OPTION_N>

<CORRECT_IDENTIFIER>

Listing 1: closed-ended format

We aim to modify the task so that the model has to
generate the text of the correct option instead of the
identifier. To do so, we consider two main evaluation
settings:

+ Open-ended (OE): we remove the available op-
tions and only supply the question in the prompt;

+ Closed-ended no identifiers (CE-NI): we for-
mat the options without an identifier, the model
has to write the corresponding text of the correct
option.

In particular, for the CE-NI setting, we apply the format
shown in Listing 2, where <CORRECT_OPTION> is the
text of the option that represents the correct answer to
the question.

<QUESTION> :
<OPTION_1>
<OPTION_2>

<OPTION_N>

<CORRECT_OPTION>

Listing 2: closed-ended no identifiers format



<CORRECT_IDENTIFIER> and <COR-
RECT_OPTION> are the outputs that we expect
the evaluated model should generate.

We provide complete examples of the prompt formats in
Appendix A.

Generally models are also evaluated by calculating the
log-likelihood rather than generating text directly. The
chosen option is then selected based on the highest value.
We choose to perform a generative task instead, to check
whether the models are capable of generating the answer
string only without additional text and to also check if
they generate something outside of the provided options.
To evaluate this case, we use the BLEU, ROUGE-L and
BERTSCORE F1 metrics, which are reference metrics used
to evaluate the correspondence of a generated sentence
with a base one. BLEU and ROUGE-L focus on matching
n-grams, while BERTSCORE leverages pre-trained BERT
models to assess the semantic similarity between words
of the two texts. Furthermore, we consider four different
possible prompt formats:

« Plain (P): there is no formatting, the text of the
task is provided as it is in the prompt, only a
"Risposta:" string is added at the end;

« Plain few-shot (P-F): same as P, but multiple
examples of input-output are provided;

« Instruct (I): the chat template of the model is
applied to the text of the task;

« Instruct few-shot (I-F): same as I, but multiple
examples of input-output are provided.

Furthermore, for the few-shot formats, we consider
two distinct numbers of examples to provide in the
prompt: one-shot and five-shots. The intuition is that
a language-adapted LLM should significantly improve
performance even when provided with a single example.

We consider these prompt formats because most of
the evaluation settings for Italian LLMs are done without
applying the chat template. We argue that this choice
may not be the best one when considering Instruct models
that have been trained using a specific prompt format to
continue a conversation. They should be evaluated using
the same prompt format since it is also the one that will
be used in case of deployment.

To set up the experimental protocol, we use the Im-
evaluation-harness library [6], which provides an imme-
diate and intuitive command line to automatically evalu-
ate LLMs on previously defined as well as custom tasks.
Specifically, we define custom tasks within the library
following the previously defined evaluation settings. To
do so, we consider the following datasets:

+ ARC-CHALLENGE [12]: consists of multiple-
choice science exam questions, the Challenge
set consists of complex questions that were not
correctly answered by both a retrieval and co-
occurrence method;

« MMLU [13]: consists of multiple-choice ques-
tions from 57 different topics (e.g. mathematics,
computer science, and so on), requiring problem-
solving abilities and knowledge to answer cor-
rectly;

+ EXAMS [14]: consists of multiple-choice ques-
tions from high school exams. The dataset con-
tains different subsets curated for different lan-
guages and optionally contains additional para-
graphs regarding the question (extracted from
Wikipedia);

« WWBM [15]: consists of multiple-choice ques-
tions spanning a wide range of topics. The ques-
tions come from the Italian version of the “Who
Wants to Be a Millionaire?” board game where
contestants answer progressively difficult ques-
tions. The question-answer instances are split
into different categories depending on the diffi-
culty of the question itself.

For the Italian version of these datasets, both EXAMS
and WWBM are provided with splits in the Italian lan-
guage natively. For ARC and MMLU, instead, we use
the Italian version provided in the library for the okapi
task released by Lai et al. [16], who performed automatic
translation of the original datasets using GPT-3.5 Turbo
for several languages. For all of these datasets, we de-
fine two custom tasks which apply the OE and CE-NI
evaluation settings automatically. The examples used in
the few-shot settings are taken from the validation splits
of the datasets. For EXAMS, we use the train split as a
test split (since it is not provided), while for WWBM, we
remove the first five instances from the original dataset
and use them as a validation split.

Regarding the models, we experiment using the fol-
lowing:

. Italia-9B-Instruct-v0.1%: trained from scratch
with a focus on the Italian language (90% of data
in Italian and the rest in English) with instruction-
tuning for conversational purposes;

+ LLaMAntino-2-chat-13b-hf-UltraChat-ITA
[17]: instruction-tuning of LLaMAntino-2-chat-
13b-hf-ITA (an Italian-adapted LLM) using a
translated version of the UltraChat dataset;

« LLaMAntino-3-ANITA-8B-Inst-DPO-ITA
[18]: fine-tuning, DPO and adaptation using a
mixture of Italian and English datasets starting
from the LLaMA-3-8B-Instruct model;

- maestrale-chat-v0.4-alpha-sft’: instruction-
tuning for 2 epochs on a conversational dataset
consisting of 1.7M instances, starting from an
Italian-adapted version of Mistral-7b;

Zhttps://huggingface.co/iGeniusAl/Italia- 9B-Instruct-v0.1
Shttps://huggingface.co/mii-llm/maestrale-chat-v0.4-alpha-sft
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Model Format ARC_IT MMLU_IT EXAMS WBMM
BLEU ROUGE-L Bert-Score | BLEU ROUGE-L Bert-Score | BLEU ROUGE-L  Bert-Score | BLEU ROUGE-L  Bert-Score
P 0.00 0.05 0.69 0.00 0.30 196 0.00 0.38 213 076 2770 7017
P-F1 | 217 1343 68.88 1.35 8.72 54.52 128 1325 66.87 258 3347 77.29
talia-9B-Instructvo1 P-F5 | 350  17.95 73.30 217 1294 70.27 218 1560 72.29 754 3856 8318
| 0.52 7.17 64.30 0.75 691 6313 0.50 6.57 6311 0.24 7.65 6336
-F1 | 057 6.99 64.33 0.70 7.08 63.35 0.50 6.59 63.25 022 693 6263
I-F5 | 070 8.00 65.35 0.84 7.95 64.45 0.56 7.04 6352 030 1016 64.77
P .01 1135 66.12 128 1034 6110 084 1043 64.86 057 2059 6917
P-F1 | 199 1547 71.38 0.99 8.87 62.97 142 1439 69.41 335 3364 8118
) P-F5 | 340 1871 73.97 260 1451 71.32 2.29 16.78 73.47 993 3582 8321
LLaMAntino-2-chat-13b-hf-UltraChat-ITA | 0.80 7.50 64.34 0.87 6.94 63.27 0.50 6.25 62.87 0.24 8.51 64.03
F1 | 095 9.70 65.93 1.02 8.03 63.96 0.71 8.59 64.53 036 1143 6613
I-F5 | 161 1415 70.09 0.87 6.94 66.40 106 1257 68.70 22 273 70.10
P 088 1018 .71 095 1008 65.39 066 1045 65.01 023 1525 67.05
P-F1 | 191 14.99 70.49 0.81 8.42 62.37 148 1642 70.67 184 3475 8127
) P-F5 | 141 15.24 69.40 075 1059 65.00 140 17.74 72.63 204 3532 8236
LLaMAntino-3-ANITA-8B-Inst-DPO-ITA | 0.74 810 65.34 0.78 8.05 64.44 0.37 613 62.75 0.20 8.38 63.05
FF1 | 114 a4 68.83 0.72 9.21 63.29 0.77 14.69 68.03 036 1143 76.91
-F5 | 184 1474 71.50 110 1187 68.81 088 1510 71.28 132 33.09 8110
P 126 1135 5.29 150 1047 57.25 703 1223 60.84 076 2770 7017
P-F1 | 343 19.45 73.16 149 1214 65.56 286 2253 73.00 675 4626 84.60
maestrale-chat-v0.4-alpha-sf P-F5 | 533 2129 7459 | 340  17.99 7253 | 448 2345 7577 | 2066  50.50 87.08
| 0.88 838 64,61 0.99 8.15 63.65 0.77 11.05 65.53 047 1998 69.34
F1 | 143 1177 68.04 134 9.73 65.38 112 1493 68.31 170 39.04 80.08
F5 | 234 1627 71.37 191 15.11 69.33 247 2083 7412 286 4505 84.10
P 0.74 718 6189 0.75 7.32 61.02 057 573 60.63 0.21 .63 63.49
Meta-Llama-3-88 P-F1 | 335 1857 73.58 131 10.21 63.81 299 2110 72.85 9.06  40.66 83.82
P-F5 | 559  21.53 7485 | 323 17.39 7242 316 2132 7470 | 1634 4518 85.85
P 092 1010 65.38 704 10.03 64.90 071 9.03 64.55 02 1292 65.58
P-F1 | 256 17.29 72.06 RS 8.85 62.76 183 18.00 70.81 399 3727 8228
Meta-Llama-3-8B-Instruct P-F5 | 450  19.70 73.98 326 1667 72.42 357 211 74.86 940 3928 84.04
| 0.50 6.07 64.00 0.72 6.19 63.24 0.41 515 62.25 0.21 6.69 62.07
F1 | 081 9.62 65.87 1.07 9.64 65.42 076 1096 65.29 064 2333 71.47
IF5 | 246 17.44 72.09 235 15.41 71.01 088 1510 73.84 596 39.86 83.87
P 0.39 276 59.43 0.42 265 58.24 025 209 58.78 0.10 322 58.07
Minerva-3B-base-v1.0 P-F1 | 076 9.75 67.01 0.58 5.90 60.49 0.38 557 60.98 222 27.03 78.51
P-F5 | 261 14.08 71.22 157 8.92 64.40 201 13.65 7064 | 1065 3350 8232
P 0.72 210 66.25 04 1069 6511 0.65 931 65.32 0.65 931 67.70
P-F1 | 364 1647 72.60 19 1131 66.58 275 17.09 71.21 612 3315 81.85
sefiro-Th-dpo-1TA P-F5 | 286  17.44 74.66 291 15.25 72.26 314 1921 7444 | 1059 3531 8331
| 0.65 6.96 63.50 0.85 691 62.85 0.55 6.23 6247 022 6.96 63.20
F1 | 103 9.57 66.31 0.76 6.20 62.23 0.80 8.66 64.65 0.30 8.32 64.41
IF5 | 191 14.50 70.63 191 15.11 66.09 152 1536 70.47 0.81 24.60 73.30
P 0.80 917 6441 7.00 934 6413 067 332 63.68 020 1177 64.80
P-F1 | 254 17.65 7212 112 9.05 62.93 1.81 18.15 70.87 453 3743 8258
P-F5 | 460  19.68 74.09 326 1689 72.24 331 2085 74.61 954 3935 84.03
LLaMA3-BILINGUAL (Ours) | 0.54 6.16 64.05 0.73 6.35 63.20 0.34 518 6217 0.21 6.62 6195
F1 | 090 10.63 66.72 1.19 10.48 65.88 091 12,63 66.24 077 2720 73.93
IF5 | 333 18.00 72.76 2.90 15.80 71.69 264 1873 73.84 723 3975 8397
P 0.87 675 64.07 097 910 64.59 0.64 778 63.23 019 1051 64.02
P-F1 | 247 1774 72.03 114 913 63.00 173 1794 70.77 467 3767 8269
P-F5 | 261 16.64 7410 311 16.97 72.21 322 2104 74.65 891 39.34 84.05
LLaMA3-ITA-ONLY (Ours) | 0.58 6.05 6412 0.73 6.35 63.24 035 5.21 6217 021 6.90 62.14
FF1 | 102 10.94 67.03 126 1079 66.33 096 1295 66.52 077 2720 74.25
F5 | 313 18.35 72.89 298 15.87 71.76 272 1845 73.86 723 3975 84.11

Table 1

Results for the OE setting. For the few-shots formats, the number of given shots is also provided next to the format name. The

best result for each dataset and for each metric is in bold

+ Meta-Llama-3-8B* and Meta-Llama-3-8B-
Instruct’: latest version of the LLaMA family
of models released by META (base and instruct
version respectively);

+ Minerva-3B-base-v1.0°: trained from scratch to
be a proficient bilingual base model (English and
Italian);

« zefiro-7b-dpo-ITA’: based on zephyr by Tun-
stall et al. [19], DPO training done on top of zefiro-
7b-sft-ITA.

Furthermore, to test whether bilingual training helps
the model solve these tasks, we instruction-tuned two

*https://huggingface.co/meta-1lama/Meta-Llama-3-8B
Shttps://huggingface.co/meta-1llama/Meta-Llama- 3-8B-Instruct
®https://huggingface.co/sapienzanlp/Minerva-3B-base-v1.0
https://huggingface.co/mii-community/zefiro- 7b-dpo-ITA

new models. We start from the META-LLAMA-3-8B-
INsTRUCT checkpoint and fine-tune the model on 40, 000
instances from 3 different datasets: databricks-dolly-15k,
OpenOrca and UltraChat. The datasets are automatically
translated to Italian using ChatGPT 3.5. We consider two
different settings, one where 20, 000 instances are kept
for each language (Italian and English), and one where
40, 000 instances are kept for the Italian language only.
For instruction tuning, we used LoRA with r equal to 16
and alpha equal to 16, targeting all linear layers of the
model. Other hyperparameters are effective batch size
equal to 128, learning rate equal to 2e — 5, weight decay
equal to 0.01 and warmup steps equal to 5. In both cases,
the instances to be used during the training are chosen
at random.

For all experiments, we use the greedy-decoding gen-
eration strategy with a maximum number of tokens to
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Model Format ARC_IT MMLU_IT EXAMS WBMM
BLEU ROUGE-L Bert-Score | BLEU ROUGE-L Bert-Score | BLEU ROUGE-L  Bert-Score | BLEU ROUGE-L  Bert-Score
P 0.00 0.00 0.06 0.00 059 122 0.0 0.38 0.38 1532 73.40 85.48
P-F1 | 5348  55.09 8700 | 3680  49.17 8418 | 5549  55.00 8674 | 4560  55.00 8255
talia-9B-Instructvo1 P-F5 | 5634 5889 8852 | 4440 5241 8588 | 6155  57.38 8833 | 5375 5073 90.66
| 576 2191 7147 900 2768 72.64 432 1844 68.91 080 2014 69.70
F1 | 661 26.10 7302 | 1285 3466 76.37 902 3113 74.74 073 1922 69.88
I-F5 | 2048 4283 8179 | 1792 4090 8014 | 2841 4758 8399 | 1318 4874 8745
P 3012 5094 8174 | 2816 39.69 6934 | 4063 5514 5294 | 1043 5807 83.02
P-F1 | 5505 6192 8697 | 31.61 4991 8215 | 5525 6198 8513 | 6384 6891 90.84
. ) P-F5 | 6189  63.37 8076 | 4752 56.01 8679 | 6537 6154 89.61 6536 70.35 93.05
LLaMAntino-2-chat-13b-hf-UltraChat-ITA | 1248 2834 72.03 986 2021 68.39 787 2246 69.09 124 2245 69.34
IF1 | 2660 4717 8057 | 17.02 3228 7405 | 1693 3710 74.83 745 69.00 75.40
I-F5 | 4581 57.95 8678 | 3061 4857 8292 | 4204 5142 8278 | 3648 65388 91.00
P 1215 3728 7472 | 1469 3791 7505 | 1221 3812 75.46 730 3935 76.48
P-F1 | 1447 47.84 7949 | 1584 3697 7260 | 1855 5138 83.07 642 69.34 90.84
) P-F5 | 2285  61.81 8517 | 1585  47.98 7934 | 1764 5684 84.49 737 6890 91.11
LLaMAntino-3-ANITA-8B-Inst-DPO-ITA | 2620 5098 7786 | 2328 4278 7557 | 2046 4353 74.63 171 3053 68.74
F1 | 2074 5560 8426 | 1574 4051 7590 | 1707 49.49 81.87 389 6397 88.20
IF5 | 3317 6494 8834 | 2653 55.00 8409 | 2973 6060 87.10 708 7196 91.75
P 245 6992 8844 | 3809 5954 8457 | 4617 6857 8720 | 1532 7340 85.48
P-F1 | 7953 79.04 9404 | 3492 5574 8336 | 6281 7117 8753 | 69.73 7849 94.88
maestrale-chat-v0.4-alpha-sf P-F5 | 8120  80.55 9459 | 6202  68.65 90.72 | 7263 7142 9249 | 7321 7976 95.18
| 1611 3410 73.41 1234 2407 69.21 7.91 28.05 70.58 252 3278 73.04
F1 | 6641 7491 9245 | 4717 6246 87.87 | 6885  69.79 9152 | 5012 7570 9413
I-F5 | 7844 7793 9385 | 5944 6717 9014 | 7150  70.67 214 | 7127 7123 94.60
P 338 2059 68.40 391 2043 67.95 835 19.02 67.60 077 1262 64.06
Meta-Llama-3-88 P-F1 | 7020 7206 9215 | 2607 4825 80.63 | 67.09 66,66 9067 | 7029 7323 93.71
P-F5 | 7343 74.69 9295 | 5677 6459 8937 | 6727 6761 o111 | 7373 71m 94.71
P 2710 5771 8567 | 2083 48.00 8140 | 3470 6052 36.87 260 5493 85.40
P-F1 | 6996  74.04 9217 | 2295 4162 7598 | 57.83 6596 8558 | 6554 7466 94.09
Meta-Llama-3-8B-Instruct P-F5 | 7509 7586 9320 | 5934 6651 8989 | 69.40 7103 9202 | 6427 7497 94.05
| 2730 46.34 87.41 17.68 2985 7009 | 1468 3541 71.00 297 3610 68.84
F1 | 3936 68.02 8852 | 3299 5159 8093 | 2955  57.44 83.34 405 6124 86.41
I-F5 | 7667 77.67 9380 | 6179 6793 9033 | 7009  72.80 9250 | 3183 784 94.61
P 526 1456 64.85 619 1535 64.39 718 1754 6657 067 393 6202
Minerva-3B-base-v1.0 P-F1 | 2475  38.08 8124 | 1542 3138 7628 | 3585 4249 8313 | 2674 3871 85.39
P-F5 | 2742 3587 8043 | 3094  40.03 8148 | 6727 6761 8340 | 3545 4120 86.05
P 1793 45.89 8126 | 1532 3677 7720 | 2647 5189 35.01 362 5489 37.08
P-F1 | 6263  67.49 8074 | 4624 5533 8650 | 57.02 6154 8534 | 5691 6559 9197
sefiro-Th-dpo-1TA P-F5 | 6999  70.81 9191 | 5402 61.06 8843 | 6622 6398 9051 | 60.84 6844 9263
| 495 1547 66.80 5.47 14.85 65.80 604 1651 66.77 140 4383 65.65
I-F1 | 4700 6258 86.61 1834 37.69 7545 | 4906 5985 83.95 512 5155 8452
I-F5 | 6173 6853 8021 | 5944 6717 8633 | 5584 6423 87.26 570 5893 87.96
P 441 4385 7953 | 1400 3801 7692 | 2049 5295 83.29 740 4383 3001
P-F1 | 6927  73.89 9213 | 2231 4091 7549 | 5796 6605 8538 | 6720 7425 94.00
P-F5 | 7331 75.04 9308 | 5953 66,61 8995 | 6932 7060 9193 | 6509 7498 94.07
LLaMA3-BILINGUAL (Ours) | 2777 48.26 7639 | 1902 3217 7085 | 1590  37.02 7155 274 3559 68.78
F1 | 4094 69.83 8047 | 3458 5421 8218 | 37.44 6263 86.22 678 6831 90.47
I-F5 | 7635  77.70 9380 | 6168  68.25 9048 | 71.01 7255 9240 | 3800 7890 94.83
P 1260 3893 7742 | 1308 3594 7597 | 1748 4955 31.90 122 3987 78.14
P-F1 | 6811 7395 9228 | 2234 4098 7553 | 5879 67.01 85.64 | 67.05 7422 93.98
P-F5 | 7305 7514 9307 | 5940  66.68 8996 | 69.87 7098 9202 | 67.14 7568 94.26
LLaMA3-ITA-ONLY (Ours) | 2677 48.26 76.15 1797 3046 7025 1582 3676 71.42 2.72 35.58 68.78
I-F1 | 4548 71.08 8080 | 37.10 5543 8288 | 4347 6479 87.24 745 6899 90.73
F5 | 7654 7774 9388 | 6149  68.09 9039 | 7105 7236 9237 | 4392 78388 9493

Table 2
Results for the CE-NI setting.
The best result for each dataset and for each metric is in bold

generate equal to 64. This limit was set for computational
requirements and the value was chosen after studying
the datasets to assess the number of tokens required for
each answer. There was no combination of tokenizer and
dataset which had a 95% percentile greater than 50 for
token count, therefore we can safely set the previously
defined boundary. We also set torch.bfloat16 and use
flash-attention-2 [20] to speed up the generation process.
Inference was always done with batch size set to 1 to
maximize the quality of the generated text.
Furthermore, we consider changing the number of
few-shots that are given in the prompt. Our assump-
tion is that the models may learn to follow the patterns
given in the examples, and therefore the Italian language
generation may become more likely thanks to the addi-
tional information conveyed in the prompt. We aim to
mitigate this potential bias by decreasing the number of

For the few-shots formats, the number of given shots is also provided next to the format name.

shots. Thus, the number of shots for all settings using a
few-shot strategy was set to either 1 or 5.

We report the results of the OE setting in Table 1 and
of the CE-NI setting in Table 2 and comment them in the
following section.

3.1. Hardware and Software
Configuration

Our experimental setup consisted of a multi-node cluster
provided by Fastweb SpA and equipped with Nvidia H100
GPUs for distributed training and evaluation. We used
a suite of open-source libraries, including Transformers
from Hugging Face [21], which provides seamless inte-
gration with PyTorch [22] and DeepSpeed [23], as well



as Unsloth® and TRL [24]. This software stack has been
instrumental in efficiently handling large data sets and
complex models.

This configuration allowed for parallelization of com-
putations, significantly reducing training and evaluation
time. DeepSpeed optimized memory usage and commu-
nication between nodes, allowing us to effortlessly scale
evaluation processes across multiple model architectures.

The hardware-software combination ensured efficient,
cost-effective, and reproducible experiments, which are
critical for comparing multiple models and training new
ones efficiently.

3.2. Findings and Additional Tests

Analyzing the results, it is clear that the OE strategy did
not yield very satisfactory results for BLEU and ROUGE-
L. We associate this with the difficulty of generating a re-
sponse matching exactly the ground truth when the text
that can be generated is not constrained in any way. To
further support this point, we can see that the BERTSCORE
of some experiments yields good results, hinting that the
semantics of the content that has been generated is simi-
lar to that of the ground truth.

Regarding the CE-NI strategy, the obtained results are
much better for all metrics. Therefore providing the op-
tions in the input prompt greatly helped the model in lim-
iting its generation to follow the provided options. Sur-
prisingly, with respect to the Italian leaderboard where
fine-tuned versions of the LLaMA 3 family were shown to
have much better results, here the results are in line with
the base models (or even worse in some cases). Further-
more, one of the best-performing models is maestrale-
chat-v0.4-alpha-sft, which consistently outperforms the
LLaMA 3 models in most cases.

For both settings the obtained results show that pro-
viding input-output examples in the prompt greatly en-
hances the results for all settings.

For both settings, primarily Instruct models were used.
Upon analyzing the generated results, we observed in-
stances where the model provided the correct result but
appended an additional substring (e.g., the model began
explaining the reasoning behind its response). To assess
if this might have affected the result, we performed an
additional test where we checked if the ground truth
string was a substring of the generated output (after re-
moving punctuation and trailing whitespaces as well as
lowercasing the two strings). We report the complete
results in Appendix C. Overall, some models show an
improvement in performance, but the results still do not
beat maestrale-chat-v0.4-alpha-sft.

We provide some generation examples in Appendix B.

8https://github.com/unslothai/unsloth

4. Conclusions and Future Works

We have carried out a study on the effectiveness of eval-
uation of Italian-adapted LLMs on closed-ended tasks,
multiple-choice question answering tasks specifically.
We have experimented with two settings: an open-ended
one and a closed-ended one without option identifiers.
The results show better performance for the latter. Fur-
thermore, they also show that, with respect to the Open
Italian LLM Leaderboard, there are significant differences
regarding model performance. We can conclude that
the evaluation of Italian-adapted models should follow
a more rigorous procedure which does not mainly rely
on closed-ended tasks. We release the code that was used
on GitHub’. In the future, we plan to further work on
the topic and attempt to define best practices for the
evaluation of these models.
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Appendix

A. Prompt Formats

All showcased examples in this section are obtained from META-LLAMA-3-8B-INSTRUCT model.

Anna tiene un cubetto di ghiaccio. Perché si scioglie il cubetto di ghiaccio nella sua mano? Opzioni:
Il calore si sposta dalla sua mano al cubetto di ghiaccio.

Il freddo si sposta dalla sua mano al cubetto di ghiaccio.

Il calore si sposta dal cubetto di ghiaccio alla sua mano.

Il freddo si sposta dal cubetto di ghiaccio alla sua mano.

Risposta:

Example 1: Prompt in the P-F format for the OE setting

Le more selvatiche si riproducono asessualmente sprigionando nuove radici quando i loro steli toccano il terreno. Si
riproducono anche sessualmente attraverso i loro fiori. Qual & il vantaggio della pianta di more di potersi riprodurre
sessualmente e asessualmente? Opzioni:

Consente alle piante di crescere piu in alto.

Produce fiori che attraggono gli insetti.

Produce more che hanno un sapore migliore.

Permette alle piante di more di adattarsi a nuove condizioni.

Risposta: Permette alle piante di more di adattarsi a nuove condizioni.

Anna tiene un cubetto di ghiaccio. Perché si scioglie il cubetto di ghiaccio nella sua mano? Opzioni:
Il calore si sposta dalla sua mano al cubetto di ghiaccio.

Il freddo si sposta dalla sua mano al cubetto di ghiaccio.

Il calore si sposta dal cubetto di ghiaccio alla sua mano.

Il freddo si sposta dal cubetto di ghiaccio alla sua mano.

Risposta:

Example 2: Prompt in the P-F 1 format for the OE setting

<|start_header_id|>user<|end_header_id|>

Anna tiene un cubetto di ghiaccio. Perché si scioglie il cubetto di ghiaccio nella sua mano? Opzioni:

Il calore si sposta dalla sua mano al cubetto di ghiaccio.

Il freddo si sposta dalla sua mano al cubetto di ghiaccio.

Il calore si sposta dal cubetto di ghiaccio alla sua mano.

Il freddo si sposta dal cubetto di ghiaccio alla sua mano.<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Example 3: Prompt in the I-F format using LLaMA 3 chat template




<|begin_of_text|><|start_header_id|>user<|end_header_id|>

Le more selvatiche si riproducono asessualmente sprigionando nuove radici quando i loro steli toccano il terreno. Si
riproducono anche sessualmente attraverso i loro fiori. Qual & il vantaggio della pianta di more di potersi riprodurre
sessualmente e asessualmente? Opzioni:

Consente alle piante di crescere piu in alto.

Produce fiori che attraggono gli insetti.

Produce more che hanno un sapore migliore.

Permette alle piante di more di adattarsi a nuove condizioni.<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Permette alle piante di more di adattarsi a nuove condizioni.<|eot_id|><|start_header_id|>user<|end_header_id|>

Anna tiene un cubetto di ghiaccio. Perché si scioglie il cubetto di ghiaccio nella sua mano? Opzioni:

Il calore si sposta dalla sua mano al cubetto di ghiaccio.

Il freddo si sposta dalla sua mano al cubetto di ghiaccio.

Il calore si sposta dal cubetto di ghiaccio alla sua mano.

Il freddo si sposta dal cubetto di ghiaccio alla sua mano.<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Example 4: Prompt in the I-F 1 format using LLaMA 3 chat template

B. Zero-shot Response Examples

All showcased examples in this section are obtained from META-LLAMA-3-8B-INSTRUCT model.

Una sorgente sonora di frequenza f 0, si muove con velocita costante lungo una circonferenza. Nel centro della circonferenza si
trova il ricevitore del suono. Quale asserzione € esatta per la frequenza f registrata dal ricevitore? Risposta:

Ground truth: f =0
Generated Answer: La frequenza f registrata dal ricevitore é costante e uguale a f 0

Example 5: Generated answer with additional text for the OE setting

Il periodo di rotazione di un satellite artificiale intorno ad un pianeta é T . La distanza tra il satellite ed il centro del pianetaér.
A che distanza dal centro del pianeta ruota un altro satellite se il suo periodo di rotazione & T / 8? Opzioni:

8r

r/8

4r

r/4

Risposta:

Ground truth: r/4
Generated Answer: r/8 Spiegazione: Se il periodo di rotazione del satellite & T/ 8, allora la sua distanza dal centro del pianeta
ér/ 8. Infatti, se il satellite ruota in 8T, allora la sua distanza dal centro del pianeta e

Example 6: Generated answer with additional text for the CE-NI setting

C. Substring Matching Results



Model Format | ARC_IT MMLU_IT EXAMS WBMM
P 0.00 0.26 0.20 45.47
P-F 1 3.94 4.50 5.84 35.96
. P-F 5 5.73 5.00 5.84 36.78
Italia-9B-Instruct-v0.1 | 4.96 =73 <53 4107
I-F 1 4.53 5.86 7.72 41.38
I-F 5 496 5.59 6.73 36.78
P 6.07 5.91 7.13 32.69
P-F 1 5.39 5.76 5.84 32.89
. P-F 5 5.82 5.88 7.03 32.12
LLaMAntino-2-chat-13b-hf-UltraChat-ITA | = 48 = 08 < 62 3301
I-F 1 5.90 6.28 7.23 34.48
I-F 5 6.33 6.41 7.62 32.12
P 7.44 7.55 10.0 36.62
P-F 1 7.10 6.58 8.42 34.02
. P-F5 7.36 7.32 8.91 31.36
LLaMAnNtino-3-ANITA-8B-Inst-DPO-ITA | 496 5 89 282 36.49
I-F 1 6.50 6.91 8.32 35.60
I-F 5 6.07 6.66 6.63 30.90
P 7.02 7.49 10.69 45.47
P-F 1 8.30 8.39 11.68 47.16
P-F5 8.13 8.53 11.58 45.01
maestrale-chat-v0.4-alpha-sft | = 90 756 10.69 46.65
I-F 1 7.19 8.00 10.59 46.29
I-F 5 8.04 8.60 9.60 44.55
P 5.48 6.95 9.11 37.85
Meta-Llama-3-8B P-F 1 6.67 7.14 9.70 39.03
P-F5 5.73 7.35 9.70 40.0
P 7.96 7.65 10.0 38.26
P-F1 6.67 7.44 7.92 36.78
P-F5 6.76 7.54 10.0 35.35
Meta-Llama-3-8B-Instruct | 3.85 = 3 743 3816
I-F 1 6.16 6.07 9.80 40.56
I-F 5 7.36 7.41 8.81 36.88
P 2.57 3.48 4.46 30.49
Minerva-3B-base-v1.0 P-F 1 2.31 3.86 5.05 28.59
P-F5 3.34 2.74 4.36 30.54
P 5.39 6.20 2.18 29.67
P-F1 4.71 5.69 7.03 31.00
. P-F 5 496 6.56 8.42 31.56
zefiro-7b-dpo-ITA l 3.84 5.97 6.24 32.33
I-F 1 5.82 498 6.83 28.54
I-F 5 5.56 6.54 7.43 29.97
P 7.96 7.76 10.79 38.57
P-F1 6.84 7.54 8.12 36.68
P-F 5 6.33 7.60 9.31 35.19
LLaMA3-BILINGUAL (Ours) | 385 5.47 782 38.47
I-F 1 5.99 6.68 9.51 39.59
I-F 5 7.36 7.50 8.22 36.57
P 7.36 7.92 10.69 39.03
P-F1 7.02 7.57 8.02 36.78
P-F 5 6.67 7.63 9.60 36.11
LLaMAS-ITA-ONLY (Ours) l 3.94 5.48 7.82 38.21
I-F 1 6.59 6.66 10.0 39.23
I-F 5 7.36 7.59 7.62 36.47

Table
Sub-string matching results for the OE setting. For the few-shots formats, the number of given shots is also provided next to
the format name. The best result for each dataset is in bold



Model Format | ARC_IT MMLU_IT EXAMS WBMM
P 0.00 0.38 0.30 73.56
P-F 1 39.86 33.19 37.53 52.43
. P-F5 44.74 36.03 40.10 56.62
Italia-9B-Instruct-v0.1 l 29.77 29.59 26.73 55.91
I-F 1 26.78 31.08 29.01 55.86
I-F 5 32.59 31.42 32.77 56.62
P 43.54 30.08 40.89 58.16
P-F 1 49.10 38.17 44.65 66.19
: P-F5 50.90 40.23 45.45 67.32
LLaMAnRtino-2-chat-13b-hf-UltraChat-ITA | 4166 26.99 3475 60 56
I-F 1 44.23 33.16 38.12 57.95
I-F 5 48.08 39.50 36.83 62.92
P 55.86 43.84 52.48 70.44
P-F 1 60.57 45.34 48.32 72.38
. P-F5 62.45 46.82 51.49 69.82
LLaMAntino-3-ANITA-8B-Inst-DPO-ITA | 61.85 44.93 54.46 2591
I-F 1 62.19 43.75 49.51 74.06
I-F 5 61.42 45.11 52.87 75.14
p 69.38 50.18 58.71 73.56
P-F 1 71.43 54.52 58.22 76.88
P-F5 73.31 55.85 58.02 78.21
maestrale-chat-v0.4-alpha-sft | 46.88 29.83 40.30 60.36
I-F 1 69.63 52.22 56.54 74.58
I-F 5 70.15 54.30 56.73 75.40
P 57.57 46.30 56.54 75.09
Meta-Llama-3-8B P-F 1 63.13 46.88 51.58 71.20
P-F5 66.47 50.49 53.37 75.96
p 59.54 44.26 53.07 68.85
P-F1 66.30 50.13 51.18 72.79
P-F5 68.69 52.42 57.43 72.79
Meta-Llama-3-8B-Instruct l 57.83 36.04 48.61 74.89
I-F 1 69.29 48.14 54.46 75.40
I-F 5 70.83 54.17 60.10 77.75
p 47.48 43.71 59.90 73.86
Minerva-3B-base-v1.0 P-F 1 25.66 28.51 23.86 33.25
P-F5 20.10 23.09 22.87 34.94
P 48.76 39.18 4158 60.67
P-F 1 55.00 40.37 46.04 62.56
. P-F5 60.31 45.34 48.42 64.86
zefiro-7b-dpo-ITA 1 31.48 31.50 40.40 72.69
I-F 1 50.98 46.11 45.15 66.55
I-F 5 58.26 47.16 50.20 64.55
p 59.71 4450 54.16 69.92
P-F 1 66.04 49.70 50.89 72.53
P-F5 67.58 52.29 56.54 72.84
LLaMA3-BILINGUAL (Ours) l 60.65 38.61 50.20 75.35
I-F 1 69.63 50.00 56.14 75.04
I-F 5 70.49 54.51 60.10 77.90
p 60.57 4516 54.26 70.49
P-F 1 66.21 49.79 51.98 72.43
P-F5 67.67 52.38 57.23 73.71
LLaMA3-ITA-ONLY (Ours) [ 59.88 37.08 50.40 75.40
I-F 1 69.21 50.19 56.63 74.94
I-F 5 70.40 54.28 59.41 77.65

Table
Sub-string matching results for the CE-NI setting. For the few-shots formats, the number of given shots is also provided next
to the format name. The best result for each dataset is in bold
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