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Abstract

The Prometeia Financial Benchmark (PFB) is the EVALITA 2026 shared task on finance questions across 3
languages: Italian, English, and Turkish, and 3 difficulty levels: easy, medium, and hard. The challenge is
organized in two subtasks, one on Italian data and one on all three languages. For each subtask, we have received
2 submissions. Our main takeaways are that no significant performance differences stand out across languages
and difficulty levels, and that PFB appears to be a challenging benchmark for models smaller than 3B, whereas
20B models already reach an overall accuracy of 90%.
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1. Introduction

Language Models (LMs) are increasingly adopted as general-purpose components for knowledge-
intensive workflows, and finance is a natural target for their use [1, 2]. Finance-related language and
reasoning, however, impose stricter requirements than many general-purpose benchmarks capture:
terminology is specialized, concepts are tightly interdependent, and answers that appear plausible at the
surface level may still be incorrect. Recent evidence highlights reliability limitations in finance-specific
settings, including hallucination-related issues [3], motivating domain-targeted evaluation protocols.

This paper presents the Prometeia Financial Benchmark (PFB) shared task, organized as a track within
EVALITA26 [4], to benchmark LMs on finance-domain multiple-choice question answering (MCQA).
The task is based on a curated dataset of 1,500 questions released in aligned English, Italian, and
Turkish versions, and is structured into an Italian-only and a multilingual subtrack. We describe the
task definition, dataset construction, and evaluation protocol, and provide an overview of participant
submissions and results.
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2. Motivation

Finance is a high-stakes domain in which language technology is expected to support decision-making,
compliance-driven workflows, and knowledge access over complex documentation. Although modern
LMs perform well on broad benchmarks, their fluency can mask brittle understanding and overconfident
errors [5]. In finance, such failures are especially problematic: incorrect statements may propagate into
reports, internal procedures, or user-facing advisory contexts, increasing operational and financial risk
[3, 6]. A dedicated benchmark is therefore needed to quantify reliability on domain content rather than
generic linguistic ability.

Many finance tasks require distinguishing between closely related concepts, interpreting definitions
precisely, and selecting the only option that is fully consistent with the question context. MCQA
provides a controlled evaluation setting: the decision space is explicit, distractors can be designed to
be plausible within the domain, and scoring is unambiguous. This helps separate genuine domain
comprehension from persuasive surface generation.

Multilinguality is an additional practical driver. Financial institutions operate across markets, and key
materials are often consumed in local languages, not only in English. Yet most available benchmarks
remain predominantly English-centric, making it difficult to disentangle domain effects from language
effects. Multilingual, aligned resources enable controlled cross-lingual comparisons and support analyses
of robustness, transfer, and language-specific terminology handling [7, 8, 9, 10].

Finally, the shared-task format provides a transparent and reproducible comparison framework. It
complements prior work on financial LLM evaluation and benchmarking [11, 12, 13] by fixing data,
protocol, and metrics, while encouraging diverse modelling approaches and facilitating systematic error
analysis.

3. Definition of the task

The shared task assesses a model’s ability to understand and reason over finance-domain content in
a controlled MCQA setting. Given a question and five candidate answers, systems must return the
option that best answers the question. The task is open with respect to modelling choices: participants
were free to submit systems based on different paradigms (e.g., encoder-only or decoder-only LMs,
instruction-tuned LLMs, prompted systems) and to rely on either open or proprietary models, including
both “small” and “large” language models.

For each test instance, participants submit a single answer choice in {A,B,C,D,E}. Systems may
optionally provide short textual justifications. These explanations are not used for ranking, but they
may support qualitative analyses (e.g., recurring failure modes, reasoning patterns, and domain-specific
errors).

The shared task is organized into two subtracks. The first is an Italian-only track, which constitutes
the primary focus within EVALITA. The second is a multilingual track covering Italian, English, and
Turkish, designed to enable controlled comparisons across aligned instances. Participants may submit
to one or both subtracks.

For this task, participating teams were required to submit their primary run along with information
about the model architecture, inference strategy, and related implementation specifics. Additionally,
each team was allowed to submit up to four secondary runs.

3.1. Dataset

The task is based on the Prometeia Financial Benchmark (PFB) [14], a curated collection of 1,500 finance-
domain items released in three aligned languages (English, Italian, and Turkish). Questions were derived
from heterogeneous finance-related sources (e.g., reports, papers, and regulatory texts) and curated
with expert review to ensure domain relevance, internal consistency, and clarity.

Each instance is identified by a language-invariant custom_id, enabling one-to-one alignment across
the three languages. Provenance is captured by a category label indicating the source family. Items



Table 1
Core fields in the PFB dataset release

Field Description
custom_id Unique identifier, shared across languages for alignment.
question Question stem.

choiceA-choiceE Five candidate answers.
correct_answer Gold option in {A,B,C,D,E}.
difficulty_level Categorical difficulty in {easy, medium, hard}.

follow a standard MCQA schema with the stem (question), answer options (choiceA—-choiceE), and
the gold label correct_answer in {A,B,C,D,E}. In addition, the dataset provides a categorical indicator,
difficulty_level (easy, medium, hard).

Table 2

Distribution of correct choices across labels in PFB dataset
Label A B C D E
Number 402 438 424 237 0
Percentage 26.8 29.1 283 158 0

Table 3

Distribution of difficulty in PFB dataset

Difficulty Easy Medium Hard

Number 248 1155 98
Percentage 16.6 76.9 6.5

Dataset construction followed a two-stage process: a large pool of candidate questions was first
produced from the selected sources: financial texts (financial books, and regulatory texts), academic
papers and financial reports (Table 4). Then iteratively filtered and refined through expert review.
Quality control relied on structured assessment signals recorded at the item level—including soundness,
ambiguity, factuality, and relevance—complemented by free-text notes. These signals guided revisions of
stems and distractors, removal of problematic items, and documentation of corner cases. The dataset was
originally constructed with four answer options (A-D), each containing exactly one correct response.
Later, a fifth option (E), labeled as “None of the above” (and its counterparts in Italian and Turkish
datasets) was appended to all questions. This option was intentionally designed to be incorrect in
every case and serves as a controlled distractor. Its inclusion enabled the evaluation of the models’
susceptibility to uncertainty and their tendency to select generalized options.

Table 4

Distribution of question categories in PFB dataset
Category Financial Texts Financial Papers Financial Reports
Number 327 339 335
Percentage 32.6 33.9 33.5

The benchmark is distributed in three languages with instance-level alignment. The Italian and
Turkish versions were generated via automatic translation (DeepL Enterprise) and subsequently man-
ually post-edited to correct domain terminology, preserve the semantics of both stems and answer
options, and avoid language-specific artifacts that could inadvertently cue the correct answer. For the



shared-task workflow, PFB is released with a public development split and a held-out test split used for
final evaluation; all splits preserve the custom_id alignment across languages. The dataset has two
splits: 500 questions have been published for examples and 1001 questions have been used for testing.
The splits are the same across all three languages.

In Table 2, we show the distribution of the correct choices, in Table 3 the distribution of difficulty
levels and in Table 4 the distribution of question categories.

3.2. Evaluation Measures

Systems are evaluated using accuracy, i.e., the fraction of instances for which the selected option
matches the gold label to be chosen among the available options. Given a test set D = {(z;, %)} Y,
where y; € {A, B,C, D, E'} is the correct option and y; is the system prediction, the primary score is:

1o
Ace(D) = 5> 1[5 =il M
=1

In addition to overall accuracy on the full test set, we also report accuracy on predefined difficulty-based
subsets derived from the item difficulty labels (e.g., easy vs. hard), to support diagnostic comparisons
across systems.

4. Results

4.1. Baselines

As baselines, we use a similarity-based approach based on an encoder model and two small-sized LLMs:

« Similarity (0.5B): we select the answer as the one most similar to the question. The similarity
score is computed using a Sentence-BERT model [15]: distiluse-base-multilingual-cased-v1.!

« Qwen (1.7B) [16]: we use Qwen3-1.7B’ (instruction tuned).

« Llama (3B) [17]: we use Llama-3.2-3B-Instruct.’

For the LLMs, our prompt contains the question, the list of possible answer, and their labels in the
following format:

Question: [question]
A: [choiceA]

B: [choiceB]

C: [choiceC]

D: [choiceD]

E: [choiceE]
Answer:

All the baselines have been pre-trained, to some extent, in the three languages considered in this
task: Italian, English, Turkish.

4.2. Systems Overview

We received two submissions. The UNITOR system by Borazio et al. [18] proposes an agentic architec-
ture without any fine-tuning or domain adaptation that follows a three-stage orchestration pipeline.
The first stage is semantic routing, used to distinguish between three different reasoning strategies:

'https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased-v1
*https://huggingface.co/Qwen/Qwen3-1.7B
*https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct



quantitative analysis, Boolean fact-checking, and knowledge-based research reasoning. Following
routing, a specialized reasoning phase instantiates multiple parallel inference threads aimed at exploring
parallel reasoning paths. Finally, an aggregation stage uses majority voting to select the most stable
answer under sampling, following [19]. An iterative refinement step may fire if the consensus is weak.
During refinement, the reasoning modules are re-invoked with a constrained version of the original
prompt, in which low-support options are explicitly masked. The authors evaluate this architecture
on three open-weight models: LLaMA 3.1 (8B) as a lightweight baseline, GPT-OSS-20B (21B) as the
primary reference model, and DeepSeek v3.1 (671B) as a large upper bound. The top performer in the
validation set used for the official submission is DeepSeek 3.1 for English, and GPT-OSS-20B for Italian
and Turkish, achieving about 0.88 average accuracy across all languages.

The AMSN system by Mohammadabad and Nazarmohsenifakori [20] is the result of analysis of three
different approaches: fine-tuning transformer-based models for question-answering, LLM prompting,
and a hybrid approach. The first approach leverages mDeBERTa-v3. The second one is used to evaluate
GPT-40 and GPT-5 with several prompting strategies. The hybrid approach uses a specialized trained
model to detect and correct GPT-40’s mistakes. The top performer in the validation set used for the
official submission is GPT-5, which achieves nearly 0.90 average accuracy across all languages.

4.3. Experimental Results

Table 5
Results on the two subtasks

Subtask 1 Subtask 2

AMSN [20] 0.91 0.90
UNITOR [18] 0.88 0.88
Llama [17] 0.37 0.37
Qwen [16] 0.33 0.29
Similarity [15] 0.21 0.20

Table 6

Breakdown of the results according to languages and difficulty of the instances (all, hard, medium, and easy)

Language IT EN TR ALL
Difficulty A H M E A H M E A H M E A H M E
AMSN [20] 091 0.92 0.92 0386 0.89 088 090 084 0.88 0.88 0.89 088 090 0.89 090 0.6
UNITOR [18] 0.88 084 088 0.89 0.89 091 0.90 0.88 083 0838 08 089 088 088 0.89 0.89
Llama [17] 037 041 036 038 043 048 042 046 031 033 031 029 037 041 036 038
Qwen [16] 033 032 032 036 026 025 026 029 029 034 030 025 029 030 029 0.30
Similarity [15] 0.21 018 0.20 0.19 0.21 020 021 021 018 017 019 0.6 020 0.18 0.20 0.19

Table 7

Breakdown of the results according to languages and category: Financial Texts (T), Financial Papers (P), Financial
Reports (R)

Language IT EN TR ALL
Difficulty T P R T P R T P R T P R

AMSN [20] 0.89 0.93 092 0.88 092 0.87 088 090 086 0.88 0.92 0.89
UNITOR[18] 088 0.86 090 0.88 0.88 092 087 086 091 0.88 087 0.91
Llama [17] 0.40 043 0.27 045 048 037 032 035 025 039 042 0.29
Qwen [16] 0.33 036 029 024 034 0.22 031 037 019 029 036 0.23
Similarity [15] 0.20 0.19 0.23 0.20 0.22 0.22 017 022 0.5 0.9 021 0.20




AMOSN is the best-performing model on both subtasks, with an accuracy of 0.91 and 0.90, as shown in
Table 5. UNITOR performs slightly worse, with a score of 0.88 in both tasks. The baselines do not reach
a satisfactory accuracy, with the best one, Llama, obtaining a score of 0.37. The Similarity approach
yields the worst result, with an accuracy of about 0.20, similar to random choice.

Table 6 shows detailed results. The performance of the participant systems is comparable across
languages, and slightly different across difficulty levels. For instance, on Italian data, almost coun-
terintuitively, AMSN performs better on hard questions (0.92) than on easy questions (0.86), whereas
UNITOR performs better on the easy questions (0.89) than on the hard ones (0.84). On Turkish data,
they both obtain a similar accuracy score across difficulty levels. Similar patterns are also observed in
the baselines.

Analyzing the distribution of the answers across the 5 labels, we observe that models from participants
do not exhibit any specific bias towards any label and the distribution of their answers follows the
distribution of the gold standard.

Table 7 shows results across language and categories. The performance is comparable across systems,
however we observe a slight tendency of questions from financial texts (T) to be harder for participants’
systems and baselines.

In general, the difference between the results of the participants is small across all subtasks, lan-
guages and categories. The size of the underlying models is likely to have a significant impact on the
performance, given the gap between approaches that use models above 20B and the baselines, based
on models with 3B parameters or less. A remarkable result is that 20B models are competitive against
much larger models.

5. Conclusions

The Prometeia Financial Benchmark (PFB) shared task was designed to benchmark language models on
finance-domain multiple-choice question answering (MCQA) on three languages. We received two full
submissions from teams who explored enconder- and decoder-based systems of varying complexity,
reaching an accuracy of about 90%. A comparison with the performance obtained by our baselines
highlights that PFB is challenging for models smaller than 3B, and that 20B models may be adequate for
the task. As future work, we want to investigate more thoroughly the relationship between the models’
efficiency and their accuracy. Moreover, we would like to explore the possible benefit of exploiting
the difficulty label, which is a feature that the participants did not have, but may be used in ensemble
approaches.
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