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Abstract

The rapid advancement of Large Language Models (LLMs) has highlighted the need for robust tools to evaluate
them correctly. A major challenge in developing models that serve non-English speakers lies in the predominance
of benchmarks that are either in English or machine translated from it. Evaluating the performance of multilingual
or language-specific models requires native-language resources. In this paper, we present EVALITA-LLM a
benchmark entirely composed of datasets in native Italian and adjusted to assess LLMs capabilities. The benchmark
consists of 10 tasks that cover key aspects of NLP. We also provide prompts for all tasks that are designed to
follow specific criteria. In order to avoid prompt sensibility, the evaluation of the models considers different
methodologies to combine the scores obtained on different prompts.
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1. Introduction

The creation and improvement of Large Language Models (LLMs) have greatly impacted the field of
Natural Language Processing (NLP). The evaluation process for these models relies on having common
benchmarks that can be applied to the different LLMs in order to compare them [1]. As of now, the
benchmarks that are currently used concern different problems: general language understanding [2],
mathematics [3] and more. A key feature of these datasets is that they are mostly in the English
language, making them unfit to evaluate LLMs’ abilities in less popular languages.

Recently, there have been different proposals to create LLMs for multiple languages [4] or for a single
specific language (excluding English) [5]. This lead to the creation of a variety of models that also cover
Italian, with more to come in the future.

To rigorously evaluate these models, we need benchmarks that are suited to both the Italian language
and the generative nature of these models. Proposed benchmarks for the Italian language are the result
of the application of Machine Translation (MT) to existing English datasets [6]. This approach presents
different issues like poor quality of translations and the Anglo-American cultural contexts of the starting
data. We also want to acknowledge the CALAMITA (Challenge the Abilities of LAnguage Models in
ITAlian) initiative [7] which aims at creating a native Italian benchmark through the collaboration of
the Italian research community.

Given these circumstances, we present Evalita-LLM, an Italian benchmark designed to evaluate
generative models. The evaluation suite is composed of ten different tasks all in native Italian. The
datasets we gathered were all already existing corpora that mostly come from the EVALITA, a recurring
event to evaluate systems on Italian data, with a few exceptions. All tasks come with a set of prompts that
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Figure 1: Evalita-LLM incremental validation methodology.

have been created by applying a specific methodology that we describe in Section 2.2. The benchmark
has been entirely implemented in LM Evaluation Harness [8] and it is publicly available'. In addition,
a leaderboard of recent LLMs with their performance on the Evalita-LLM benchmark is available on
Hugging Face’. We hope this resource can become a reliable evaluation tool for Italian models.

2. Methodology

2.1. Task Selection

The entire EVALITA-LLM benchmarks consists of ten already existing native Italian datasets. Most of
the corpora (eight) were part of an EVALITA challenge, with the remaining two being tasks that we
evaluated as relevant enough to include in the benchmark. We include both generative and multiple-
choice tasks. For the former, the model is prompted in a open generation setting, meaning that the
output is a string of text that possibly needs post processing. The latter interrogates the model in a
multiple-choice setting constraining the model to choose from a limited set of answers.

Given the large number of tasks that have been proposed in EVALITA throughout the years, we
applied an incremental process (see Figure 1) to select the tasks to be included in the benchmark. The
methodology works as follows:

« First, the candidate dataset (preferably available on the ELG catalog®), is converted into the format
required by LM-Eval-Harness (JSON lines) and then it is uploaded to HuggingFace®.

+ Then, a task is defined on LM-Eval-Harness, including a pre-processing script, prompts creation,
selection of examples for few-shot prompting, definition of the evaluation metrics and possible
post-processing operations.

« Finally, the task was tested on a set of different LLMs. During this step we gathered data about
the performance of the LLMs and their time of execution. The statistics were used to decide if a
dataset or prompt was adequate to be included in the benchmark or not.

As for multiple-choice, at the end of the process, we selected six tasks: Word in Context (WIC),
Textual Entailment (TE), Sentiment Analysis (SA), Hate Speech (HS), Frequently asked Questions (QA),
and Admission Tests (AT). On the other side, we selected four generative tasks: Lexical Substitution
(LS), Named Entity Recognition (NER), Relation Extraction (REL), and Summarization (SUM). Table
1 summarizes the main characteristics of the ten tasks, including the core linguistic competence that
each task is supposed to assess, the domain of the task, whether it is multiple-choice or generative, and
the metric used to calculate the score of the models.

'https://github.com/EleutherAl/lm-evaluation-harness
*https://huggingface.co/spaces/evalitahf/evalita_llm_leaderboard
*https://live.european-language-grid.eu/catalogue/
*https://huggingface.co/
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# ‘ Task ‘ Core Competence Domain | LLM Eval Metric

1 | Word in context Word disambiguation | news multiple-choice | Fy

2 | Textual entailment | Semantic inference news multiple-choice | Accuracy

3 | Sentiment analysis | Text classification social multiple-choice | Fj-macro

4 | Hate speech Text classification social multiple-choice | Fj-macro

5 | FAQ Question answering P.A. multiple-choice | Accuracy

6 | Admission tests Question answering scientific | multiple-choice | Accuracy

7 | Lexical substitution | Word disambiguation | news generate-until | F}

8 | Entity recognition Information extraction | mixed generate-until F

9 | Relation extraction | Information extraction | scientific | generate-until F

10 | Summarization Text generation wiki generate-until Rouge
Table 1

Tasks in the Evalita-LLM benchmark.

2.2. Prompting Criteria

As generative LLMs can be sensitive to different prompting strategies [9], we established a set of general
rules to design the prompts for the tasks, including that they are in Italian, they do not specify the role
of the model, they are minimal and mention the type of input given to the model (e.g., a tweet). Given
the above general rules, for each of the multiple-choice tasks we defined six different prompts. As an

example, Table 2 shows the prompts for the Sentiment Analysis task.

Pattern Prompt Options
p1 | Question What is the sentiment expressed in the | [Positive,
following tweet:{{text}}’? Negative,
Neutral,
Mixed]
p2 | Task description You have to carry out a sentiment analysis | [Positive,
+ Question task. What is the sentiment expressed in | Negative,
the following tweet:{{text}}’? Neutral,
Mixed]
p3 | Question + Answer What is the sentiment expressed in the | [A, B, C, D]
following tweet:{{text}}’? A: Positive \n B:
Negative \n C: Neutral \n D: Mixed \n An-
swer:
p4 | Task description You have to carry out a sentiment analysis | [A, B, C, D]
+ Question + Answer | task. What is the sentiment expressed in
the following tweet:{{text}}'? A: Positive \n
B: Negative \n C: Neutral \n D: Mixed \n
Answer:
p5 | Affirmative The following tweet: ‘{{text}}’ expresses a | [Positive,
sentiment that is Negative,
Neutral,
Mixed]
p6 | Task description You have to carry out a sentiment anal- | [Positive,
+ Affirmative ysis task. The following tweet: ‘{{text}}’ | Negative,
expresses a sentiment that is Neutral,
Mixed]

Table 2

Prompts for the Sentiment Analysis task.



Meanwhile, we provided only two prompts for each generative tasks, selected among four patterns,
reported in Table 3. This difference is due to the considerably longer times in interrogating LLMs in a
generation setting.

Pattern Prompt
p7 | Request Summarize the following newspaper article: ‘source’ \n Sum-
mary:

p8 | Task description | You have to carry out an automatic synthesis task. Summarize
+ Request the following newspaper article: ‘source’ \n Riassunto:

p9 | Request Extract all entities of type PER (person), LOC (place) e ORG
+ Output format | (organization) from the following text. Report each entity with
the following format: Entity$Type, separating each pair with .
If there are no entities present, answer with ‘&«&NOENT&&’. \n
Text: ‘{{text}}’ \n Entities:

p10 | Task description | You have to carry out a named entity recognition task. Extract all
+ Request entities of type PER (person), LOC (place) e ORG (organization)
+ Output format | from the following text. Report each entity with the following
format: Entity$Type, separating each pair with . If there are no
entities present, answer with ‘&«&NOENT&&’. \n Text: {{text}}’
\n Entities:

Table 3
Generative prompts used for the SUM task (p7 and p8) and the NER task (p9 and p10).

3. Evaluation Metrics

In this Section we provide a brief description of the evaluation metrics used to score generative models
in the Evalita-LLM benchmark. As the models are tested on multiple prompts, we employed different
strategies of evaluation for each tasks:

« Minimum performance, which for a specific task assigns to the model the score of the prompt
with the worst reported score.

« Maximum performance, which for a specific task assigns to the model the score of the prompt
with the best reported score.

« Average performance, which for a specific task assigns to the model the score of the average
calculated across all prompts.

« Combined Performance Score (C' P.S), which unites the maximum and average performance metrics.
To define C'PS, we first introduce a model saturation score:

Saty (M, T,IT) =1 — (MaxPy — AvgPyr) (1)

Satr(IT, T,M) =1— (MaxPr — AvgPr) (2)
This score measures how closely the model’s best performance aligns with its average performance.
A high saturation score indicates that the model’s performance does not drop significantly for non-
optimal instructions. Then, the CPS is calculated as the product of the model’s best performance
(M az P) and its saturation (Sat):

CPS]\/[(M,T,IT):SCLtM-Ma$PM (3)

Here, equation 4 represents the version of equation 3 for prompt combination:

CPS](IT,T,M):Sat['MCL.’L'P[ (4)



4. The Evalita-LLM Benchmark

To develop the Evalita-LLM benchmark, we conduct several experiments using few currently available
LLMs. We selected six LLMs as “dev” with similar characteristics: they are open source and available
on Hugging Face, all of them are in range 7B-9B, they are instructed versions to ensure reasonable
interpretation of prompt instructions, and they have been pre-trained on some Italian data. Since
the goal of the experiments is to test and refine our methodological approach (i.e., task and prompt
selection) rather than to rank the models by their performance, in the remainder of the paper, we keep
the LLMs anonymized and refer to them using placeholders (i.e., LLM-1 to LLM-6).

| LLM-1|LLM-2 | LLM-3 | LLM-4 | LLM-5 | LLM-6 || MinP | MaxP | AvgP | CPS

p1 55.00 | 68.25 | 45.25 | 64.50 | 75.50 | 64.00 || 45.25| 75.50 | 62.08 | 65.37
p2 55.00 | 56.50 | 55.00 | 59.00 | 78.75 | 69.25 || 55.00 | 78.75 | 62.25 | 65.76
p3 70.25 | 64.75 | 55.00 | 49.25 | 73.25 | 60.50 || 49.25 | 73.25 | 62.17 | 65.13
p4 65.00 | 63.50 | 55.00 | 61.25 | 74.75 | 61.75 || 55.00 | 74.75 | 63.54 | 66.37
p5 55.75 | 54.25 | 55.00 | 60.50 | 57.50 | 49.00 || 49.00 | 60.50 | 55.33 | 57.37
p6 55.00 | 59.00 | 55.75 | 57.75 | 60.75 | 45.50 || 45.50 | 60.75 | 55.63 | 57.64

MaxP | 70.25 | 68.25 | 55.75 | 64.50 | 78.75 | 69.25
AvgP | 59.33 | 61.04 | 53.50 | 58.71 | 70.08 | 58.33
CPS | 6258 | 6333 | 54.50 | 60.76 | 71.93 | 61.69

Table 4
Results during the development phase: zero-shot F; on the Textual Entailment (TE) task.

As an example of multiple-choice task, Table 4 presents the results of the development phase for the
Textual Entailment (TE) task. To validate the task, we consider the performance of six dev LLMs. As for
baselines for the task, we consider the random guess (50.00). All of the six dev LLMs outperform the two
baselines (Average performance over the six prompts ranges from 53.50 to 70.08), with the Maximum
performance (MaxP) as 78.75 for LLM-5. These results confirm that the task is well understood by the
LLMs used for dev, while still being challenging for them. On the prompt side (top-right in Table 4), we
notice that accuracy scores range from a minimum of 45,25 for prompt p1 to a maximum of 78.75 for
prompt p2 among the six models, while prompt p4 has both the highest average (63.54) and the highest
CPS (66.37). In addition, there is high variability of scores within the same LLM: for instance, LLM-1
scores 55.00 with pIand p2, and 70.25 with p3. Finally, the MaxP on single LLMs is achieved by five
different prompts, out of the six we employed, showing that different models have different reactions to
our prompts.

5. Conclusions

In this paper, we presented EVALITA-LLM, a new benchmark specifically designed for generative
models and entirely consisting of Italian data. We created this resource starting from previous EVALITA
tasks and applying changes in order to make them suited to evaluate generative models. In the end, we
selected a total of ten tasks that have been fully implemented and ready to use on LM-Eval-Harness.
The selected datasets try to cover the fundamental tasks of NLP and are differentiated in multiple-choice
and generative tasks. In order to create a robust benchmark, we provide multiple prompts for each task
in order to avoid having an evaluation that is prompt-sensitive. We also provided a range of evaluation
metrics that try to mitigate the impact of prompt sensibility. The dataset as well as task definitions are
all available online. In addition, a leaderboard for the benchmark is public’, including, at the time of
writing, more than 40 models tested on the benchmark.

*https://huggingface.co/spaces/evalitahf/evalita_llm_leaderboard
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