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Abstract

Despite growing interest in supervised fine-tuning (SFT) datasets, nearly all existing resources are English-
only or English-dominated, leaving Italian without a comparable resource. To bridge this gap, we introduce
Dromedario 3, a large-scale Italian instruction-following dataset of approximately 630K translated instruction-
response pairs derived from the Tülu 3 SFT mixture. Rather than translating the entire mixture, we first apply a
multi-stage filtering pipeline. Specifically, we combine source-dataset filtering with automatic task and domain
classification based on the Super-NaturalInstructions taxonomy to exclude language-bound tasks, while
existing non-English instances are retained untranslated to preserve multilingual diversity. The selected instances
are translated using TranslateGemma-27B and post-processed to remove faulty outputs. Manual validation
confirms the reliability of both the automatic classification (accuracy above 87% for task labels and 95% for domain
labels) and the machine translations (correctness above 95%). We further conduct a mixing study evaluating five
SFT recipes with varying Italian-to-English compositions on parallel Italian and English benchmarks using two
models, Llama 3.1 8B and Minerva 7B. The model with stronger Italian pretraining benefits substantially from
Italian SFT data in generative settings, while recipes combining both languages offer the most robust trade-off
between gains in Italian and preservation of English capabilities.
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1. Introduction

Instruction tuning has become a standard step in the development of capable Large Language Models
(LLMs), enabling them to follow diverse user requests across tasks and domains [1, 2]. The release
of openly licensed instruction-following datasets (collections of prompt–response pairs designed to
teach models to follow user instructions), such as UltraChat and Tülu 3 [3, 4], has made this process
accessible to the research community and enabled reproducible fine-tuning experiments on strong base
models. However, the vast majority of such datasets are English-only, leaving non-English languages
severely underserved in the instruction-tuning landscape.

This imbalance has practical consequences: models fine-tuned exclusively on English instruction
data tend to perform worse on non-English tasks even when built on multilingual base models [5, 6],
with larger gaps on tasks requiring cultural or linguistic specificity [7, 8, 9]. At the same time, collecting
high-quality instruction data directly in other languages is difficult and expensive: human annotation
at the scale required by modern SFT datasets demands substantial resources that are rarely available
outside large industrial labs.

Italian exemplifies this gap: it is a major European language with a large speaker population and has
attracted growing interest from the NLP research community, as evidenced by the increasing number of
dedicated models [10, 11, 12, 13, 14] and evaluation benchmarks [15, 16]. Yet, the resources available for
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instruction tuning in Italian remain limited in scale and task diversity, and often lack methodological
transparency.

Filling this gap requires more than translating existing resources. A naïve translation of an English
instruction dataset risks preserving linguistically ill-posed tasks (such as English wordplay or morpho-
logical exercises), which would propagate translation artifacts into model training [5, 17]. Moreover,
using current LLMs for translation can be challenging, as they can fail in a characteristic way when
applied to instruction-following data: instead of translating the task, they attempt to solve it, producing
responses instead of faithful target-language renderings of the source prompt. Addressing these failure
modes requires explicit pipeline design, as off-the-shelf MT capabilities alone are insufficient.

In this paper we introduce Dromedario 3, a large-scale Italian instruction-following dataset derived
from Tülu 3 via a principled multi-stage filtering and translation pipeline. Instead of translating the
entire mixture indiscriminately, we first apply a series of filtering steps to identify the subset of data
that can be reliably translated into Italian while preserving its original intent. This process filters the
instances based on their source dataset, their task type, domain labels, and language to determine which
items should be translated and which should be retained in their original form. We then translate the
selected instances into Italian and apply additional quality-control procedures to ensure the consistency
and integrity of the resulting dataset. The result is a translated dataset of approximately 630K instruction-
response pairs covering a broad range of tasks and domains, suitable for supervised fine-tuning of
Italian and multilingual models.1

To provide practical guidance for practitioners on integrating Italian data into SFT pipelines, we also
conduct an empirical study examining how different mixtures of Italian and English SFT data affect
model performance. Specifically, we evaluate multiple language mixing ratios on ITA-Bench [15], an
Italian-English benchmark suite, using two models: Llama 3.1 8B [18], an open-weight, English-first
model, and Minerva 7B [10], an open-data Italian–English bilingual model.

Our contributions are as follows:

1. A scalable methodology for cross-lingual SFT dataset adaptation, including explicit handling
of language-bound task types and domains to preserve task validity under translation.

2. Dromedario 3, the largest publicly documented multi-source Italian SFT dataset to date, com-
prising ∼630K instruction-response pairs derived from Tülu 3 and annotated with task-type and
domain labels.

3. An empirical data-mixing study quantifying the effect of Italian SFT data on both Italian- and
English-language task performance across two models and multiple data recipes.

2. Related Work

2.1. Instruction Tuning and Multilingual Adaptation

The landscape of supervised fine-tuning datasets has expanded rapidly since the introduction of
InstructGPT [1] and Self-Instruct [2], which established the paradigm of aligning language models to
follow natural language instructions. Early datasets such as FLAN [19] relied on reformatting existing
NLP benchmarks into instruction format; subsequent work moved toward more diverse, open-ended
conversational data. UltraChat [3] introduced large collections of synthetically generated multi-turn
dialogues, while WizardLM [20] proposed a method for automatically generating instructions of
increasing complexity. OpenOrca [21] and OpenHermes [22] extended this line with distillation-based
approaches using GPT-4 outputs as a supervision signal. More recently, Tülu 3 [4] provided a systematic,
openly licensed collection combining multiple data sources with principled mixing, serving as the
basis for Dromedario 3. Despite this abundance, virtually all large-scale SFT datasets are English-
only or heavily English-dominated, limiting their direct applicability to non-English language model
development.

1We release the code and dataset at https://github.com/sapienzanlp/Dromedario_3.

https://github.com/sapienzanlp/Dromedario_3


To address this limitation, several efforts have sought to close the multilingual gap in instruction-
tuning data. The Aya model and dataset [6, 17] represent the most comprehensive attempt to date,
covering over 100 languages through a combination of human annotation and large-scale machine
translation via NLLB [23]. Their ablation studies offer directly relevant findings for translation-based
approaches: upweighting translated instruction data significantly improves performance on open-ended
generative tasks, while template-based data tends to be more beneficial for discriminative benchmarks.

Shaham et al. [5] offer a more nuanced picture of how much multilingual data is actually needed:
even a small amount, as few as 40 examples, or roughly 1% of the tuning set, can unlock substantial
cross-lingual capabilities, including generalization to languages not present in the SFT data at all.
Their findings suggest that instruction following may be a language-agnostic skill, with multilingual
exposure acting as a trigger rather than a proportional contributor. Zhu et al. [24] show that cross-
lingual alignment tuning via translation can extend English instruction-following capabilities to other
languages, though they note the importance of filtering linguistically incompatible content.

Dromedario 3 builds on this line of work while addressing two limitations of prior translation-based
approaches. Rather than translating an SFT dataset uniformly, we introduce an explicit multi-stage
filtering pipeline to identify which instruction categories can be transferred across languages without
altering their intent. We further complement the dataset release with controlled mixing experiments
that quantify the effect of Italian SFT data on both Italian and English performance.

2.2. Instruction Tuning Efforts for Italian

Compared to the English landscape above, Italian instruction data is scarce and rarely released as
a documented resource in its own right. We survey here the most widely used resources rather
than an exhaustive inventory. The openly published datasets are for the most part single-corpus
translations, from the Alpaca-derived Camoscio [25] and Stambecco [26] to larger community efforts
such as OpenItalianData,2 and each inherits the task profile of the English corpus it derives from.
Multilingual collections provide Italian data that is native rather than translated: OpenAssistant Conver-
sations [27], in its OASST-1 and OASST-2 releases, and the Aya Dataset [17] are both human-authored,
yet each contributes only a small Italian portion confined to open-ended dialogue. EuroBlocks [28],
whose English portion absorbs Tülu 3 wholesale, draws its Italian content from unrelated sources and
reports domain and language composition separately, so it cannot be established from the release which
Italian instances cover code, mathematics, or verifiable constraints.

The remainder exists only as the training mixture of a released model. Minerva [10] assembles roughly
206K Italian instances from ten sources, the largest being Bactrian-X [29], an in-house Magpie [30]
translation, and a safety set derived from ALERT [31], while the subsequent continual-pretraining
study [11] shifts its Italian budget upstream and pairs English Tülu 3 with a ∼30K Italian supplement of
native, translated, and synthetic data. DanteLLM [12] mixes translated academic corpora (Italian SQuAD,
Europarl) with Camoscio, while ANITA [32] tunes on a∼100K English set merging WizardLM [20], Dolly
v2 [33], and Alpaca [34] variants and adapts to Italian on filtered mC4 web text,3 so no Italian instruction-
response pair enters instruction tuning at all. Maestrale [35] reports scaling to 1.7M conversations
and Velvet [36] over 2M SFT examples, neither with a documented composition, and EngGPT2 [14]
describes a multi-stage pipeline over Italian and English reasoning modes without releasing the mixture.
In most cases, the SFT data is documented in part or not at all, and sometimes is not even released.

Across these efforts, filtering, where present, operates on instance-level quality rather than on
whether an instruction type transfers across languages at all, and no Italian resource pairs its content
with a matched English counterpart at the instance level at a large scale. Dromedario 3 addresses this
gap by providing a large-scale, principled alternative grounded in an explicit taxonomy of transferable
instruction types. We further expand this discussion in Appendix A, in which we situate Dromedario
3 among existing Italian and multilingual instruction resources along the axes of scale, composition,
and intended use.
2https://huggingface.co/datasets/DeepMount00/OpenItalianData
3https://huggingface.co/datasets/gsarti/clean_mc4_it

https://huggingface.co/datasets/DeepMount00/OpenItalianData
https://huggingface.co/datasets/gsarti/clean_mc4_it
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Figure 1: Dromedario 3 classification, filtering and translation pipeline.

Task

Mathematics  51.6%
Text to Code  15.9%
Question Answering  10.1%
Explanation  5.0%
Textual Entailment  2.6%
Text Completion  2.3%
Story Composition  1.9%
Program Execution  1.5%
Ethics Classification  1.2%
Sentiment Analysis  1.1%
OTHER  6.7%

Domain

Mathematics  40.1%
Code  17.7%
Computer Science  3.5%
Statistics  3.0%
Commonsense  2.8%
Economics  2.1%
Physics  1.6%
Security: National Security  1.6%
Logic  1.3%
Law  1.3%
OTHER  25.0%

Figure 2: Distribution of task types and domains in Dromedario 3. The pie charts show the top 10 most
frequent task types (left) and domains (right) in the final dataset after the filtering and translation pipeline; all
remaining categories are grouped under Other.

3. Dromedario 3: Dataset Construction

In this Section, we describe the construction of Dromedario 3 from the Tülu 3 SFT mixture (Figure 1).
Tülu 3 is a collection of heterogeneous SFT source datasets, spanning different tasks, domains, and
data-collection procedures. We first present our Tülu 3 data classification and filtering procedure,
which identifies the instances suitable for translation (Section 3.1), and then describe the pipeline used
to translate the selected instances into Italian (Section 3.2). Table 1 provides an overview of the filtering
stages, reporting the number of removed instances at each step and the final size of Dromedario 3,
resulting in 627,817 out of 963,103 items. Figure 2 shows the final distribution of tasks and domains in
Dromedario 3 after filtering.

3.1. Data Classification and Filtering

Source-dataset Filtering Given its heterogeneous composition, we do not assume that Tülu 3 can
be translated indiscriminately. Rather, we first inspect the mixture at the source-dataset level and
identify datasets that are not appropriate targets for direct translation. We provide representative
prompt examples for each of these decisions in Table 4 (Appendix B). This step is motivated by the
observation that certain sources are inherently multilingual (e.g., to preserve cross-lingual variation) or
strictly dependent on the English language for their underlying task utility. Depending on their role,
we either remove these sources from the training dataset or exclude them from the translation pipeline:

• tulu_hard_coded (24K items): this dataset contains identity-related prompts designed to instill
a specific model persona. Since persona-based examples are not relevant to our experimental
goals, we remove the full dataset from our training set.

• sciriff (10K items): this dataset focuses on scientific paper comprehension tasks, which are
largely tied to English-language conventions. Given that Italian scientific production is limited in
volume and stylistically distinct, translated instances would risk being ill-posed. We therefore
retain the entire dataset in its original form.



• aya (100K items): this dataset contains instruction-response pairs spanning 65 languages. We
retain it in its original multilingual form, preserving its cross-lingual diversity by design. English-
language Aya instances are also included to maintain task variation.

• wildchat (100K items): this dataset focuses on real conversations between users and chatbots,
collected from public conversation-sharing platforms. Because its multilingual and highly diverse
user-generated content makes systematic translation potentially unreliable, we retain the dataset
in its original form, preserving its conversational diversity.

• tablegpt (5K items): this dataset covers a broad range of table-related tasks (e.g., table under-
standing, table manipulation). We retain the full original dataset to preserve its proper formatting.

In total, this step removes all 24K persona-based instances of tulu_hard_coded from the training
set and excludes 215K instances from the translation pipeline.

Taxonomy-based Classification After source-dataset filtering, we classify the remaining Tülu 3
instances along two distinct dimensions: task type and domain. This is motivated by the observation
that not all instruction-following instances are equally suited for translation. For example, tasks and
domains relying on English-specific linguistic properties can become misleading or ill-posed when
translated into another language. We report the full list of task types and domains in Table 6.

In particular, we follow the Super-NaturalInstructions (SNI) taxonomy [37], one of the most
comprehensive categorizations of instruction-following data, spanning over 1,600 labels grouped into
76 task types and 78 domains. The SNI classification was constructed through a large-scale community
effort, collecting tasks from diverse NLP benchmarks and datasets, each accompanied by natural
language instructions, positive and negative examples, and metadata including task type and domain
labels. Task types capture the nature of the required output (e.g., Classification, Generation, Translation),
while domain labels reflect the subject or genre of the input text (e.g., Medicine, Law, History).

For each instance, we use GPT-oss-120b [38] as our classifier; given the user prompt and the label
set for the relevant dimension (task type or domain), the model assigns the most appropriate label to
the instance. We treat classifications as invalid when the model output i) is not parsable, ii) contains
hallucinated labels, or iii) does not assign a label. Upon manual inspection, we found that the latter
case mainly affects safety-related instances, as for these items the model refuses to provide a response.
Overall, invalid classifications account for 19,835 instances, corresponding to an error rate of 2%: we
therefore discard these instances from the downstream label-based analyses. We provide further details
and classification prompts in Appendix C.

Task & Domain Filtering Based on this classification, we perform a filtering step using the task and
domain labels assigned to each sample, asking two expert linguists to annotate the translatability of
these labels.4 A task or domain is classified as translation-safe if its intent and validity are preserved
under translation; conversely, we mark a task or domain as non-translatable when its formulation is
inherently language-specific or would become trivial or misleading when translated into Italian. Five
main rationales guide the exclusion of task and domain labels from the translation pipeline:

1. Language-form dependence: tasks that are inherently untranslatable, as they target linguistic
phenomena tied to the surface form of the source language;

2. Translation-sensitive labels or meanings: tasks whose labels, meanings, or target phenomena may
be lost, distorted, or artificially introduced through translation;

3. Structure or format sensitivity: tasks that make heavy use of special tokens, formatting artifacts,
structured inputs, or non-translatable elements;

4. Methodological invalidity: tasks for which translation would make the evaluation circular or
collapse the task definition;

5. Low-value or high-risk translation: tasks for which translation is unnecessary, unreliable, or of
limited cross-lingual value.

4The annotators have access to a sample for each task and domain label.



Pipeline Step Removed Untranslated Data Instances

Tülu 3 963,103

Pre-processing filtering
Source-dataset Filtering −24,000 −215,000 724,103
Unlabelled/Misclassified Instances −19,835 704,268
Task & Domain Filtering −45,557 658,711
Multilingual Filtering −7,298 651,413
Context-length Filtering −12,679 638,734

Post-processing filtering
Turn-count Mismatch Filtering −4,217 634,517
Translated Text too Short Filtering −3,841 630,676
Translated Text too Long Filtering −1,576 629,100
Repetition Filtering −1,283 627,817

Dromedario 3 −24,000 −311,286 627,817

Table 1

Number of instances removed from the training set (Removed) and filtered from the translation pipeline
(Untranslated) after each processing step, along with the remaining number of data instances (Data Instances).
The final row reports the total number of removed and filtered instances and the resulting size of Dromedario 3.

Tables 6 and 7 in Appendix D summarize the resulting division between translatable and non-
translatable labels for both tasks and domains, and provide further explanations for exclusion. Overall,
we mark 40 out of 76 task types and 2 out of 78 domains as non-translatable, for a total of 45,557 (∼5%)
items.

Multilingual Filtering We exclude non-English instances from the translation pipeline while re-
taining them in the final mixture, leveraging FastText’s pretrained language identification model
lid.176.ftz [39]. Since these instances already provide multilingual diversity, translating them into
Italian would erase their original role of adding multilingual diversity. This step excludes 7,298 items
(∼0.75% of the original mixture).

3.2. Translation Pipeline

Translator Selection To obtain the most faithful and fluent translations, we first conduct a prelimi-
nary investigation to select the best translator among three open-weight models from different families
and scales: TowerPlus-72B [40], TranslateGemma-27B [41] and GPT-oss-120b [38]. We select the first
two because they are specifically fine-tuned (TowerPlus) or pretrained (TranslateGemma) for machine
translation; we additionally include GPT-oss-120b as a larger general-purpose LLM baseline.

We employ sampling stratified by source dataset to obtain a subset of 1,000 instances, translate
each instance with all three candidate models, and evaluate the resulting outputs using xCOMET-
XL [42], a reference-free translation quality-estimation metric. For each instance, we score the three
candidate translations independently and select as the preferred output the translation receiving the
highest xCOMET-XL score. We then count how often each model is preferred across the entire sample.
TranslateGemma-27B achieves the highest preference rate, at ∼39%, compared with ∼32% for GPT-
oss-120b and ∼29% for TowerPlus-72B.

To complement this quantitative evaluation, two of the authors manually inspect a sample of trans-
lations generated by the three models. We find that TranslateGemma-27B tends to produce the most
faithful and fluent translations among the three, despite being the smallest model, which we tentatively
attribute to its translation-specific training and to the strong multilingual foundation of the Gemma 3
family. We also observe a failure mode that is particularly problematic for instruction-following data:
rather than translating the source instance, the model occasionally attempts to solve the underlying
task, producing an Italian response to the original English prompt instead of a faithful target-language



rendering. TranslateGemma-27B is not immune to this behavior, but we observe it comparatively less
often than its competitors.

These results, along with TranslateGemma-27B’s smaller size and lower inference cost, lead us to
select it as the translation model for our pipeline.5

Context-Length Filtering After selecting the translator, we exclude from the translation pipeline
all samples whose tokenized length exceeds 2,048 tokens, corresponding to the input context window
of TranslateGemma-27B. This step excludes 12,679 instances and ensures that all remaining instances
can effectively be translated without truncation.

Translation Approach We translate each instance in a single call by feeding the translator with all
conversation turns, including both user prompts and assistant responses. This approach makes the
translation tractable, as the model does not lose any important context during translation. However,
this raises two challenges. First, we need a way to reconstruct individual turns from the model’s output,
since the translator receives the full conversation as a single input. Second, as noted above, when
translating instruction-following data, models tend to solve tasks rather than translate them. We cannot
address either challenge through prompt engineering, as the model only accepts a source and target
language code in the user prompt, and does not support a system prompt.

To address both points simultaneously, we format each conversation as an explicit dialogue between

two users. We prepend distinct prefixes to each turn, "User1 asks:" for user prompts and "User2
replies:" for assistant responses, serving two purposes: they act as reconstruction anchors for
recovering individual turns, and they frame the input as a dialogue to be translated rather than a task to
be executed. To further steer the model toward translation, we also prime the output by prefilling the
generation with the Italian translation of the opening prefix (e.g., "L’utente1 chiede:"). The original
turns are then recovered by splitting the output along these predefined separators, accounting for
possible translation variants (e.g., "L’utente2 risponde:", "L’utente2 replica:"). Appendix E
reports the full list of separator patterns and the translation prompt in Table 9 and Table 8, respectively.

Post-Processing Steps The formatting pipeline described above enables the translation of the
instruction-following dataset by substantially reducing task-execution errors. After reconstructing the
conversation turns, we apply a set of structural and length-based filters to exclude faulty translations.

First, we discard instances whose reconstructed turn count does not match the original dialogue
structure, as this indicates either that the model solved the task or that parsing failed. Second, we
remove translations with large length discrepancies relative to the source, retaining only instances whose
target-to-source word-count ratio falls between 0.6 and 1.5 (found after iterative manual inspection).
Very short outputs typically indicate omissions, incomplete translations, or task execution instead of
translation, while overly long outputs often result from repetition or uncontrolled generation.

Finally, we exclude empty translations and generations exhibiting degenerate repetition loops with
simple overlap-matching checks. In total, this step excludes 10,917 instances.

4. Dataset Manual Validation

We manually validate both the automatic classification and the translated instances. Two expert linguists
fluent in both Italian and English are each given a stratified sample of 300 instances (100 instances in
common) and are asked to independently annotate task and domain label, and machine translation of
each item. This results in 500 unique annotated items; annotation guidelines are provided in Appendix F.

5We used https://huggingface.co/Infomaniak-AI/vllm-translategemma-27b-it, a vLLM-compatible port of the model.

https://huggingface.co/Infomaniak-AI/vllm-translategemma-27b-it


4.1. Classification Validation

The annotators judge GPT-oss-120b’s labels as correct in the large majority of cases, with domain labels
(∼95%) more reliable than task labels (∼87%). Inter-annotator agreement (IAA) is substantial for both
dimensions, with Cohen’s 𝜅 values of 0.80 for task-type labels and 0.75 for domain labels.

A qualitative inspection shows that the misclassifications are systematic rather than arbitrary, since
the classifier tends to assign a broader task label where a more specific one applies. The two task labels
most frequently corrected by annotators are i) Answerability Classification (i.e., whether a question can
be answered at all), often misclassified as Question Answering or Data to Text, and ii) Ethics Classification
(i.e., whether to refuse or reason about harmful content), often misclassified as Dialogue Generation or
Text Completion. A smaller cluster involves Mathematics and Text to Code instances absorbed into generic
categories. Domain errors are markedly rarer, typically over-specific security labels or mismatched
genres.

4.2. Translation Validation

Annotators additionally judge the correctness of each translation produced by TranslateGemma-27B
and assign an error type when the translations do not follow the guidelines in Appendix F. Translations
are deemed correct in ∼95% of cases, with high IAA (Cohen’s 𝜅 of 0.85), confirming that the Italian
instances generally preserve the meaning and task requirements of the English sources.

The failures cluster into a few recurring patterns (i.e., incorrect translation, incomplete translation,
task execution, or other), which we describe below within these categories.

The most frequent kind of incorrect translation is the over-translation of content that must stay in the
source language for the task to remain valid. This error affects code- and structure-oriented sources,
where SQL column names or Python identifiers are translated into Italian and the resulting code no
longer runs. When the translated content carries no functional role, such as a placeholder string value,
localizing it into Italian does not affect the task and can be considered correct behavior. A subtler case
arises when translation alters the instruction itself, for instance a prompt that required an English
output but, once translated, demands an Italian one, or semantic calques flagged by the annotators (e.g.,
recommended translated as raccomandata instead of consigliata).

Less frequent are incomplete translations, truncated mid-sequence (most visible in multi-step Math-
ematics chains), and partial translations, in which only part of the instance is rendered into Italian
while the rest is left in English. These error types are consistent with the phenomena addressed by
the structural and length-based filters described in Section 3.2. Their limited presence in the manually
inspected sample suggests that the filtering step reduces but does not eliminate the main failure modes
of LLM-based translation. Table 10 in Appendix F reports representative examples for each error type.

5. Experimental Setup

SFT Recipes To evaluate the quality of Dromedario 3, we design five SFT recipes to systematically
compare it with the Tülu 3 dataset. Our goal is to assess whether incorporating silver-quality Italian
SFT data improves model performance on Italian benchmarks and to what extent different mixing ratios
affect downstream results. We use the following configurations:

1. Control (939,103 items): we fine-tune models on the Tülu 3 dataset after removing the 24K
persona-based instances. We use this recipe as a baseline and compare our results against it.

2. Sub-50 (939,103 items): we replace 50% of the Tülu 3 training instances that are translation-safe
with samples from Dromedario 3. Substitution is performed uniformly across all translated data
sources to preserve the original distribution.

3. Sub-100 (939,103 items): we replace 100% of the Tülu 3 instances that have a corresponding
counterpart in Dromedario 3, effectively substituting the overlapping portion of the dataset. We
leave non-overlapping Tülu 3 data unchanged.



4. Add-50 (1,253,012 items): we augment the filtered Tülu 3 dataset by adding 50% of the
Dromedario 3 dataset. Addition is performed uniformly across all translated data sources
to preserve the original distribution.

5. Add-100 (1,566,920 items): we fine-tune on the union of the filtered Tülu 3 and complete
Dromedario 3 datasets, representing the upper-bound setting for multilingual instruction tuning
in our experimental design.

Models We apply our fine-tuning strategies to two foundational language models. We use the base
Llama-3.1-8B [18], a strong multilingual open-weight model trained on 15 trillion tokens, of which 8%
is non-English. While it is not specialized in Italian, we employ this model as a baseline, since Lambert
et al. [4] used it to optimize the Tülu 3 mix. To assess how additional Italian instruction data interacts
with a model largely pretrained on Italian data, we fine-tune the base Minerva-7B [10], the only
open-data model pretrained on 2.5 trillion tokens balanced across Italian and English.

Training Configuration We use the LLaMA-Factory framework [43] to fine-tune both models
on all recipes. Training is performed on 4 HPC nodes each equipped with 4 A100 GPUs with 64GB
of VRAM; we achieve multi-node, multi-GPU communication using the DeepSpeed library [44]. To
ensure comparability with prior work, we adopt the same training configuration described in Lambert
et al. [4]: we slightly increase the total effective batch size to optimize computation. We report the full
parameter list in Table 11 in Appendix G.

Evaluation Benchmarks To evaluate the fine-tuned models, we use ITA-Bench [15], a comprehen-
sive benchmark suite for Italian LLM evaluation. ITA-Bench provides Italian translations of several
widely adopted English benchmarks, which allows controlled multilingual comparisons.

We first consider six multiple-choice benchmarks evaluated using a perplexity-based scoring approach.
For each candidate answer, we compute its conditional probability given the input prompt and select
the option with the highest likelihood. The model’s final score on a benchmark is the proportion
of correctly predicted answers. Specifically, we employ the following multiple-choice benchmarks:
HellaSwag (HS) [45], which measures commonsense reasoning and sentence completion; PIQA [46],
which assesses physical commonsense reasoning; SciQ [47], which evaluates scientific knowledge; ARC-
Easy and ARC-Challenge [48], which contain grade-school science questions of varying difficulty;
and MMLU [49], which probes knowledge and reasoning across several domains.

We also evaluate models on the Italian translations of two open-ended generation benchmarks avail-
able through ITA-Bench: IFEval [50], which measures instruction-following abilities, and MATH [51],
a benchmark composed of competition-level mathematics problems. We adopt the hard version of
the problems, which are classified as “Level 5” in the benchmark. For these tasks, we adopt the eval-
uation procedures implemented in ITA-Bench, which rely on benchmark-specific answer extraction
and pattern-matching strategies to automatically score generated responses. Specifically, for IFEval,
we report instance-level strict accuracy [50], defined as the proportion of verifiable instructions
that are correctly followed. For MATH, we report accuracy, measuring the fraction of problems for
which the model correctly produces the final numerical answer. We follow Moroni et al. [15] for
the evaluation metrics and number of shots. We report results separately for perplexity-based and
open-ended evaluations, as these settings capture different aspects of model behavior and may exhibit
substantially different performance trends [52]. This distinction is particularly relevant here, since the
composition of the instruction-tuning mixture has been found to affect generative and discriminative
benchmarks differently [6], a divergence also observed for Italian [53].

As an additional open-ended benchmark, we use the Italian subset of MultiLoKo [8], a multilingual
knowledge QA dataset comprising 250 question-answer pairs per language. We focus on the questions
sourced natively in Italian, which target locally relevant knowledge: we also use the available human-
authored English translation to enable a fully parallel comparison. MultiLoKo is scored with exact
match against a list of reference answers. Model performance is evaluated using substring exact match,



Model Recipe

Multi-choice Open-ended

HS
0 shot

PIQA
0 shot

SCIQ
0 shot

ARC-C
5 shots

ARC-E
5 shots

MMLU
5 shots

IFEval
0 shot

MultiLoKo
0 shot

MATH
4 shots

Italian

Llama 3.1

Control 59.7 69.0 84.9 46.2 62.5 58.3 65.3 16.4 7.6

Sub-50 58.8 68.8 83.6 46.6 61.8 59.0 64.9 14.0 4.7
Sub-100 59.6 69.8 84.3 46.6 62.3 59.2 64.2 12.8 5.6
Add-50 59.2 68.9 85.4 46.6 62.9 58.9 65.3 13.6 5.9
Add-100 58.2 70.2 85.5 45.8 56.4 59.1 65.7 12.8 5.8

Minerva

Control 63.1 68.4 87.1 37.7 64.5 40.0 35.4 26.8 1.8
Sub-50 63.2 68.8 88.5 41.0 68.8 39.6 43.5 26.8 2.1
Sub-100 62.9 69.1 89.6 41.5 68.2 39.8 43.5 26.8 2.5

Add-50 63.0 68.8 88.7 42.6 68.4 40.6 44.0 23.6 2.1
Add-100 62.8 69.2 89.1 41.6 68.5 40.1 46.5 24.0 1.7

English

Llama 3.1

Control 75.6 80.9 87.4 50.0 68.0 65.8 75.2 9.2 6.2

Sub-50 75.4 81.1 88.0 55.0 76.7 65.1 76.3 11.2 6.1
Sub-100 75.3 81.2 91.5 54.9 78.9 65.1 75.2 8.4 4.9
Add-50 75.7 81.4 91.1 53.2 75.0 65.2 77.1 10.0 6.1
Add-100 74.9 81.6 85.5 52.3 71.0 65.2 75.3 11.6 5.0

Minerva

Control 72.0 74.6 94.3 44.7 71.4 42.9 51.0 16.4 2.2
Sub-50 71.9 74.7 94.4 46.0 74.0 42.8 53.4 15.6 2.9

Sub-100 72.1 75.5 95.0 47.7 73.7 42.2 47.5 19.2 1.4
Add-50 71.7 75.4 94.0 46.1 74.3 42.7 49.3 16.0 2.5
Add-100 71.8 75.7 93.6 46.0 74.3 42.9 53.8 17.2 2.5

Table 2

Evaluation results on Italian (top) and English (bottom) benchmarks across model families and SFT
recipes. Bold values indicate the best score within each model family, benchmark, and language.

where a prediction is considered correct if the gold answer appears anywhere within the generated
output, relaxing the verbatim matching adopted in MultiLoKo to avoid penalizing correct answers
embedded in longer responses [54, 55].

6. Results

We report absolute scores in Table 2 for Italian and English, and relative changes with respect to Control
in Figure 3. The two models respond differently to the recipes; we analyze these differences below6.

6.1. Results on Italian Benchmarks

On Italian multiple-choice benchmarks (Figure 3, top row), Minerva improves once Italian data enters
the mixture: ARC-C, ARC-E and SCIQ rise by 4.9, 4.3 and 2.5 points over Control (always different
recipes), while HellaSwag and MMLU stay within 0.6 points under every recipe. The best substitution
and the best addition recipe never differ by more than 1.1 points. Llama stays within 1.5 points of
Control everywhere except ARC-E under Add-100.

The two models diverge on the open-ended benchmarks. Minerva improves on IFEval under every
recipe (+8.1 to +11.1 points), with the addition recipes ahead by up to 3.0. By contrast, Llama stays
within 1.1 points of its Control score, which is already substantially higher than Minerva’s (65.3 vs.
35.4). MultiLoKo moves the other way: Minerva holds at 26.8 under both substitution recipes and

6We report but do not analyze MATH scores, as their small values inflate the relative difference.
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Figure 3: Performance differences of the four SFT recipes relative to the Control baseline (set to 0). We report
results on Italian and English benchmarks in the top and bottom row, respectively. The vertical line separates
perplexity-based evaluation (PPL) and open-ended generation (GEN).

drops to 23.6 and 24.0 under the addition ones, while Llama loses 2.4 to 3.6 points under every recipe,
substitution included.

6.2. Results on English Benchmarks

On English multiple-choice benchmarks (Figure 3, bottom row), Minerva improves on ARC-C and
ARC-E by 3.0 and 2.9 points over Control, while HellaSwag, PIQA, SCIQ and MMLU stay within 1.1
points. Llama gains more, as ARC-E rises by 10.9 points (68.0 → 78.9 under Sub-100), ARC-C by 5.0
and SCIQ by 4.1, while HellaSwag, PIQA and MMLU stay within 0.7 points. The substitution recipes
drive most of Llama’s gains, and Add-100 is the weakest of the four, ending 7.9 points below Sub-100 on
ARC-E and 6.0 below on SCIQ.

On the open-ended benchmarks, Minerva’s IFEval gains 2.4 and 2.8 points under Sub-50 and Add-100
but loses 3.5 under Sub-100, and its MultiLoKo varies between −0.8 and +2.8. Llama stays within 1.9
points of Control on IFEval and between −0.8 and +2.4 on MultiLoKo.

6.3. Discussion

Whether to introduce Italian instruction data depends on the pretraining distribution of the target model.
Minerva generally benefits from the introduction of Italian data, most visibly on IFEval, the benchmark
our mixtures target most directly, where it gains 8.1 to 11.1 points. Llama remains moderately stable
(except for the −6.1 points on ARC-E under Add-100), suggesting that its English instruction tuning
already transfers to Italian, leaving little headroom for Italian data to fill.

The recipes also change the standing of the two models on Italian. Under matched recipes, Minerva’s
lead over Llama on ARC-E widens from 2.0 points under Control to at least 5.5 and on SCIQ from 2.2
to at least 3.3, while Llama’s 8.5-point lead on ARC-C narrows to at most 5.6.

Both models also improve on English multiple-choice benchmarks, and the substitution recipes
produce Llama’s largest English gains despite reducing the amount of English data in the mixture. This



is complementary to Üstün et al. [6], who find translated instruction data most beneficial for generative
tasks: we observe that effect in Italian, on IFEval, while the transfer back to English appears on the
discriminative benchmarks instead.

For Minerva, the amount of Italian data and the way it is introduced matter little: the best 50%
and 100% recipes stay within 1.1 points of each other on every Italian multiple-choice benchmark.
This is consistent with reports that a small fraction of multilingual data suffices to elicit cross-lingual
instruction following [5], and it means the additional translation and training cost of the 100% recipes
buys little. The two modes separate only on the open-ended benchmarks, and in opposite directions,
with addition ahead by 3.0 points on IFEval and substitution ahead by 2.8 on MultiLoKo, so the choice
depends on which capability (roughly, instruction following or factual knowledge) is targeted.

The results are consistent with the view that alignment primarily teaches format adherence rather
than content [56] and with reports that some mixtures degrade factual performance relative to the
base model [57]. The ARC and SCIQ gains fit the same reading: each model’s largest gains fall in the
language it was predominantly pretrained on, suggesting better access to what it already knows.

A final observation concerns the dataset rather than the recipes. Under Sub-100, which replaces
roughly two thirds of the Tülu 3 mixture with translated data, 29 of the 32 model, language and
benchmark combinations we analyze stay within one point of Control or improve; the exceptions are
IFEval and MultiLoKo in Italian for Llama (−1.1 and −3.6) and IFEval in English for Minerva (−3.5).
Replacing the majority of an instruction mixture with translated data therefore carries no measurable
cost in most settings, including in the source language. This concerns downstream utility rather than
translation fidelity, and our design does not isolate which sources or taxonomy categories are worth
translating, since the recipes vary the amount of translated data and not its composition.

7. Conclusions

We introduce Dromedario 3, a large-scale Italian instruction-following dataset derived from Tülu 3.
We construct it through a multi-stage pipeline combining source-dataset filtering, task classification
based on the Super-NaturalInstructions taxonomy, multilingual filtering, and post-processing to
identify instances that can be reliably adapted to Italian. The resulting dataset comprises approximately
630K translated instruction-response pairs, the largest documented multi-source Italian SFT dataset
released to date. Manual validation confirms the reliability of the automatic classification (∼87% for
task labels and ∼95% for domains). Annotators deem ∼95% of the generated translations correct. The
remaining errors follow systematic and interpretable patterns, suggesting that the pipeline effectively
filters out problematic instances while preserving the majority of the data.

Our mixing experiments show that the value of translated SFT data depends on the base model.
Minerva, pretrained on a balanced Italian-English distribution, gains up to 11.1 points on Italian
instruction following, while Llama 3.1 improves at most by 1.2 points on any Italian benchmark.

At a fixed mixture size, substituting translated data for English appears to be a more economical and
generally safer choice: in our experiments, it yields the largest English gains for Llama while preserving
Minerva’s factual recall. By contrast, the main observed advantage of the addition recipes concerns
Minerva’s Italian instruction-following performance.

We release Dromedario 3 to support reproducible Italian LLM development and to facilitate future
research on multilingual SFT dataset construction.
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A. Comparison with Existing Italian Instruction Resources

In this Section, we compare Dromedario 3 against the resources used to train other Italian-specialized
models.

We note that most Italian instruction data was released as a by-product of a model rather than as a
documented dataset, and that composition is often reported only in part or not at all. Table 3 summarizes
the landscape.

Community-Driven Efforts A first group is published directly as datasets by the Italian open-source
community. These include Italian translations of UltraFeedback in both SFT and preference form, Usenet
conversation archives, and synthetically generated dialogue such as capybara-claude-15k-ita,
produced by translating seed prompts and generating turns with proprietary models. The largest
is OpenItalianData, an Apache-2.0 collection of roughly 1.9M Italian conversations derived from
OpenOrca. These resources are openly licensed, but each inherits the task profile of the single English
corpus it derives from, and the largest of them is undocumented.

Multilingual Corpora with an Italian Slice A second group contains Italian as one language among
many. OpenAssistant Conversations [27] is among the most reused sources for Italian instruction tuning,
across both its OASST-1 and OASST-2 releases. Unlike the other resources in this group, its conversation
trees are written by contributors directly in each language rather than machine-translated, so the Italian
portion carries no translation artifacts. It is, however, small and restricted to open-ended assistant
dialogue, with no coverage of verifiable constraints, mathematics, or code, and its multi-turn trees
require flattening into single conversations before use. Bactrian-X [29] provides 67K instances per
language for 52 languages, with instructions machine-translated from Alpaca and Dolly and responses
generated by GPT-3.5-turbo. The Aya Dataset [17] is human-authored but contributes fewer than a
thousand Italian instances, while the Aya Collection reaches 4.5M, composed mainly of 19 machine-
translated English datasets, eleven of which are question answering. Inspecting the Italian split, we
observe that NLLB frequently corrupts formatted input such as enumerated answers, a failure mode
we do not observe with TranslateGemma. EuroBlocks [28] is the broadest of these in domain terms,
spanning general, coding, mathematical, and STEM instructions across all official EU languages with
reward-model and LLM-judge filtering. Its English portion absorbs Tülu 3 wholesale, but Italian content
is drawn from unrelated sources and accounts for roughly 8% of the multilingual portion, itself 20% of
the 10.6M examples. Domain and language composition are reported separately, so it is not possible
to establish from the release which Italian instances, if any, cover code, mathematics, or verifiable
constraints.

Resources Released alongside Models A third and largest group exists as the training data of
a released model. Some of these datasets are public, others only described, and several not disclosed
at all. The earliest are single-corpus translations of the same 52K Alpaca instructions: Camoscio [25]
translates the original Stanford Alpaca with GPT-3.5-turbo, Stambecco [26] translates the Alpaca-
Cleaned and GPT-4-LLM variants, and Fauno [58] translates the Baize sources, using GPT-3.5 for Alpaca
and StackOverflow and Google Translate for the remainder. Two of the three already recognize that
some content resists translation: Stambecco skips segments detected as code, and Fauno selects a
stronger engine for the sources known to contain it. Both interventions target a single content type
identified in advance, rather than characterizing which instruction categories transfer across languages.

The Italian portion of the Minerva v1.0 instruction-tuning mixture is the best documented case,
assembling roughly 206K instances from ten sources, the largest being Bactrian-X, an in-house Magpie
translation, and an ALERT-derived safety set. The subsequent continual-pretraining study [11] takes the
opposite balance, shifting its Italian budget from the instruction stage into continual pretraining: the SFT
mixture pairs English Tülu 3 with a ∼30K Italian supplement of native, translated, and synthetic data,
and is applied unchanged to every pretraining variant explored there. Maestrale reports scaling from



Resource name Year IT size Chat Code Math IF Open

Community-driven efforts
capybara-claude-15k-ita 2024 15K ✓ – – – ✓
ultrafeedback-ita 2024 130K ✓ ∘ ∘ – ✓
OpenItalianData 2026 1.9M† ✓ – ∘ – ✓

Multilingual, Italian slice
Bactrian-X (it) 2023 67K ✓ – – – ✓
OASST-2 (it) 2024 <1K ✓ ∘ – – ✓
Aya Dataset (it) 2024 <1K ✓ – – – ✓
Aya Collection (it) 2024 4.5M ✓ – – – ✓
EuroBlocks (it) 2026 170K† ✓ ? ? ? ✓

Resources released alongside models
Alpaca translations (Camoscio/Stambecco) 2023 52K ✓ – – – ✓
Fauno 2023 100K† ✓ ∘ – – ✓
Minerva v1.0 2024 206K ✓ – – – ✓
Maestrale 2024 1.7M‡ ✓ ? ? ? –
ANITA 2024 100K✠ ? ? ? ? ✓
Minerva v1.5 2025 30K ✓ – – – ✓
Velvet 2025 2M‡ ? ? ? ? –

Dromedario 3 2026 630K ✓ ✓ ✓ ✓ ✓

Table 3

Italian instruction resources by scale, task coverage, and availability. ✓ present, ∘ partial, – absent, ? undisclosed.
Sizes marked † are approximate or inferred; those marked ‡ are reported by the authors but with undocumented
composition. ANITA✠ reports no Italian instruction-response pairs, using filtered web text for its adaptation
stage instead. For the task coverage, we chose to display four of the most popular broad categories of tasks.

approximately 270K to 1.7M conversations across releases without documenting the composition of the
latter. On the industrial side, Velvet reports over 2M SFT examples and over 50K safety instructions,
none of which are released.

Positioning Dromedario 3 differs from all of the above along three axes. First, provenance: it is
derived from a single documented English mixture with per-instance source attribution, which makes
it the only Italian instruction resource with a matched English counterpart of this kind. This property
is what makes the mixing study of Section 5 possible, since it allows English and Italian conditions to
differ in language while holding composition fixed. Second, composition: precise instruction following,
mathematics, code, and safety are absent from every prior Italian resource or present only as an
undocumented fraction of a closed mixture, whereas Dromedario 3 inherits the full domain coverage
of its source and characterizes each domain by transferability. Third, intended use: prior resources are
released as adjuncts to a single model, without ablations over how much target-language data is needed.
Dromedario 3 is released as a standalone resource together with a controlled study of English-Italian
mixing ratios, and is intended to be a practical guide for researchers interested in Italian.

B. Translatability of Source Datasets

This Appendix provides supplementary details on the source-dataset filtering step described in Sec-
tion 3.1. Table 4 lists the five datasets that were either excluded from the translation pipeline or retained
in their original form, together with the rationale for each decision and a representative prompt example.



C. Taxonomy-Based Classification Prompts

As described in Section 3.1, we use GPT-oss-120b to assign each instance to a task type and a domain from
the Super-NaturalInstructions taxonomy. Table 5 reports the prompts used for the two classification
dimensions. The placeholders task_categories and domain_categories are replaced with the
corresponding label sets, while user_message denotes the user request from the original Tülu 3
instance being classified.

D. Translatability of Tasks and Domains

This Appendix provides supplementary details on the Task & Domain Filtering step described in
Section 3.1. Table 6 reports the task and domain categories marked as translation-safe or non-translatable.
This categorization is used to determine which instances are retained in the translation pipeline. Table 7
further details the classification of non-translatable task types and the rationale for their exclusion.

Dataset Handling Example Prompt

tulu_hard_coded Removed from training: persona
prompts not relevant to our goals

Are you better than ChatGPT?

sciriff Retained as-is: scientific terminology
and output schemas are fragile

You will be shown an abstract from a
biomedical research paper. Given this ab-
stract, extract all unique entities of type
AnatomicalEntity and return the out-
put as a JSON object . . .

aya Retained as-is: multilingual diversity is
part of the dataset design

¿Los lirios son seguros para los gatos?

wildchat Retained as-is: user-generated variation
would be normalized by translation

Make these machine-translated subtitles
more human-like and rhymed with AABB
scheme . . .

tablegpt Retained as-is: table structure, SQL, and
JSON formatting must be preserved

Instruction: Given the input table and
question, devise an SQL query. You may
include table as the table name for clar-
ity. Return the final result as JSON in the
format {"SQL": "<SQL code>"} . . .

Table 4

Source datasets excluded from the translation pipeline or retained in their original form. The table reports the
handling decision and a representative prompt example for each dataset.

E. Translation Prompt and Separator Patterns

As described in Section 3.2, we translate each selected instance by formatting the original conversation
as an explicit dialogue and passing it to TranslateGemma-27B in a single call. Table 8 reports the
translation input template, including the custom instruction used to prefer the informal second-person
singular in Italian. Table 9 reports the separator patterns used to reconstruct the translated conversation
turns during post-processing.



Task classification system prompt

You are a text classifier. Given a user request, your task is to analyze it and
assign it to one of {n_task_categories} predefined task categories.
Please, carefully determine the single most appropriate category based on the user
request. Output only the name of the correct category.

Task classification user prompt

This is the list of Task Categories:
{task_categories}

This is the User Request: {user_message}.

Based on the user request, carefully determine the single most appropriate
task category from the list above. Note: you do not need to answer the user
request! Your true purpose is to classify the request into the appropriate task
category and output only the name of that category.

Domain classification system prompt

You are a text classifier. Given a user request, your task is to analyze it and
assign it to one of {n_domain_categories} predefined knowledge domains.
Please, carefully determine the single most appropriate knowledge domain based on
the user request. Output only the name of the correct knowledge domain.

Domain classification user prompt

This is the list of Knowledge Domains:
{domain_categories}

This is the User Request: {user_message}.

Based on the user request, carefully determine the single most appropriate
knowledge domain from the list above. Note: you do not need to answer the
user request! Your true purpose is to classify the request into the appropriate
knowledge domain and output only the name of that domain.

Table 5

Prompts used for taxonomy-based task and domain classification. Candidate labels are drawn from the
Super-NaturalInstructions taxonomy.

F. Manual Validation

F.1. Manual Validation Guidelines

This Section describes the annotation guidelines used in the manual validation study presented in
Section 4. Two expert linguists fluent in both Italian and English independently annotate a stratified
sample of 300 instances each, with 100 double-annotated instances used to compute IAA. The sample
is drawn while preserving coverage across predicted task and domain categories. Each instance is
annotated along two dimensions: classification accuracy and translation correctness.

Classification Annotation. For each instance, annotators judge the accuracy of the task type and
domain labels automatically assigned by GPT-oss-120b using the SNI taxonomy. This yields two binary
fields: is_task_correct and is_domain_correct. A label is marked as correct if it represents the
most appropriate category for the given user prompt; annotators are provided with the full SNI label
set as reference.



Type Translation-safe Non-Translatable

Tasks Answer Verification, Answerability
Classification, Cause Effect Classification,
Code to Text, Coherence Classification,
Commonsense Classification, Data to Text,
Dialogue Act Recognition, Dialogue
Generation, Ethics Classification, Explanation,
Fact Verification, Information Extraction,
Keyword Tagging, Mathematics, Misc.,
Negotiation Strategy Detection, Program
Execution, Question Answering, Question
Generation, Question Understanding, Section
Classification, Sentence Composition,
Sentence Compression, Sentence Ordering,
Sentiment Analysis, Spam Classification,
Stereotype Detection, Story Composition,
Summarization, Text Categorization, Text
Completion, Text to Code, Textual Entailment,
Title Generation, Wrong Candidate Generation

Coreference Resolution, Dialogue State
Tracking, Discourse Connective Identification,
Discourse Relation Classification, Entity
Generation, Entity Relation Classification, Fill
in The Blank, Gender Classification, Grammar
Error Correction, Grammar Error Detection,
Intent Identification, Irony Detection,
Language Identification, Linguistic Probing,
Named Entity Recognition, Number
Conversion, Overlap Extraction, POS Tagging,
Paper Review, Paraphrasing, Poem Generation,
Preposition Prediction, Punctuation Error
Detection, Question Decomposition, Question
Rewriting, Sentence Expansion, Sentence
Perturbation, Speaker Identification, Speaker
Relation Classification, Spelling Error
Detection, Stance Detection, Style Transfer,
Text Matching, Text Quality Evaluation, Text
Simplification, Toxic Language Detection,
Translation, Word Analogy, Word Relation
Classification, Word Semantics

Domains Accounting, Animals, Anthropology,
Architecture, Art, Astronomy, Biology, Books,
Business Ethics, Captions, Chemistry, Code,
Commonsense, Computer Science, Conference,
Countries, Debatepedia, Dialogue,
Econometrics, Economics, Electrical
Engineering, Fiction, Food, Formal Fallacy,
Game, Geography, Global Facts, Government
and Politics, Healthcare, History, Human Race,
Human Sexuality, International Law,
Jurisprudence, Justice, Knowledge Base, Law,
Literature, Logic, Management, Marketing,
Mathematics, Medical Genetics, Medicine,
Miscellaneous, Moral Scenarios, Movies,
Music, Narrative, Natural Science, News,
Nutrition, Personal Narratives, Philosophy,
Physics, Pop Culture, Prehistory, Professions,
Psychology, Public Places, Public Relations,
Reviews, Scientific Research Papers, Security:
Environmental Security, Security: National
Security, Social Media, Sociology, Sports,
Statistics, Stereotypes, Story, TED Talks, US
Foreign Policy, Web, Wikipedia, World
Religions

English Exams, Linguistics

Table 6

Breakdown of translation-safe and non-translatable task types and domains.

Translation Annotation. For each instance, annotators assess the quality of the Italian translation
produced by TranslateGemma-27B. The binary field is_translation_correct records the overall
verdict. Importantly, annotators are instructed to apply a non-perfectionistic standard: a translation
is considered correct if it reads naturally in Italian and preserves the intent and task structure of the
original English instance, even if it is not a verbatim or maximally faithful rendering. Minor stylistic
variation, paraphrasing, or slight rephrasing is therefore not penalized, provided the translated instance



Category Excluded task types Rationale

Language-form
dependent tasks

Discourse Connective
Identification, Grammar Error
Correction, Grammar Error
Detection, Linguistic Probing,
Overlap Extraction, POS Tagging,
Poem Generation, Preposition
Prediction, Punctuation Error
Detection, Spelling Error Detection,
Word Analogy

These tasks depend on surface-level
properties of the source language, such as
morphology, spelling, punctuation, word
order, lexical form, or language-specific
discourse markers. Translating them
would alter or remove the phenomena the
task is intended to test.

Label-unstable or
meaning-sensitive
tasks

Coreference Resolution, Gender
Classification, Irony Detection,
Number Conversion, Paraphrasing,
Question Rewriting, Stance
Detection, Text Quality Evaluation,
Word Relation Classification, Word
Semantics

These tasks rely on fine-grained semantic,
pragmatic, cultural, or annotation-specific
distinctions that may not be preserved
under translation. As a result, labels or
expected outputs may become ambiguous,
invalid, or no longer aligned with the
translated input.

Structure- or format-
sensitive tasks

Dialogue State Tracking, Discourse
Relation Classification, Entity
Relation Classification, Fill in The
Blank, Intent Identification,
Question Decomposition, Sentence
Perturbation, Style Transfer, Text
Matching, Text Simplification

These tasks involve placeholders, special
tokens, span alignments, structured
formats, or controlled transformations.
Machine translation may alter, drop, or
reorder these elements, making
reconstruction and evaluation unreliable.

Methodologically in-
valid after translation

Language Identification, Toxic
Language Detection, Translation

For these tasks, translation either makes
the task circular, trivial, or unreliable.

Low-value or high-
risk translation cases

Entity Generation, Named Entity
Recognition, Paper Review,
Sentence Expansion, Speaker
Identification, Speaker Relation
Classification

For these tasks, translation is either
unnecessary, weakly informative, or likely
to compromise annotation quality.
Speaker cues, entity spans, long contexts,
and review-style judgments can be
distorted by translation or are more
meaningful in the original language.

Table 7

Classification of non-translatable task types, grouped by the main rationale for their exclusion from the
machine translation pipeline.

remains semantically equivalent and well-formed as an instruction.
When a translation is judged incorrect, annotators additionally assign an error type using the

translation_error_type field. Four categories are defined: (1) incorrect translation, covering cases
where the output is substantially wrong in meaning or content; (2) incomplete translation, covering
cases where the output is truncated or where part of the instance is left in the source language; (3) task
execution, covering cases where the model produces a response to the prompt instead of a translation of
it; and (4) other, used for recurring or novel failure patterns not captured by the preceding categories.

F.2. Translation Error Examples

Table 10 reports representative translation errors identified during the manual validation described in
Section 4, grouped by the error type assigned by the annotators.



TranslateGemma input template

«<custom»> Use the informal second person singular instead of the formal or plural
form.
«<source»>en«<target»>it-IT«<text»>
User1 asks:
{user_message}

User2 replies:
{assistant_message}

Generation prefill

L’utente1 chiede:

Table 8

Translation input template used for TranslateGemma-27B. user_message and assistant_message
are replaced with the user and assistant turns from the original Tülu 3 instance. The generation prefill
is used to steer the model toward translation rather than task execution.

Turn type Accepted separator patterns

User turn

L’utente1 chiede:
L’utente1 domanda:
L’utente1 dice:
L’utente1 scrive:

Assistant turn

L’utente2 risponde:
L’utente2 replica:
L’utente2 dice:
L’utente2 scrive:
User2 replies:

Table 9

Separator patterns used to split translated outputs and reconstruct the original conversation structure. Patterns
are matched case-insensitively and allow minor spacing and apostrophe variants.

Error Type Source (English) Generated Translation (Italian)

Incorrect
Translation

. . . the most frequently recommended literary
work . . .

. . . l’opera letteraria più frequentemente
raccomandata . . .

Incorrect
Translation

. . . evaluate the sentiment and emotional
tone . . .

. . . valutare il sentimento and emotional tone

. . .

Incomplete
Translation

. . . Step 5: Determine the coordinates for
each text block. . . . Step 6: Summarize the
solution. . . .

. . . Passaggio 5: determina le coordinate per
ciascun blocco di testo. . . . [TRUNCATION]

Table 10

Representative translation errors identified during manual validation, grouped by the error type assigned by the
annotators. The examples show a semantic calque (recommended → raccomandata instead of consigliata), an
instance only partially translated into Italian, and a truncated output.

G. Training Details

We report the configuration for all training runs described in Section 5 in Table 11. We adopt the same
hyperparameters as Lambert et al. [4], except for effective batch size, which we set to 192 instead of 128
to better optimize computation and communication on our machines.



Hyperparameter Value

Epochs 2
Effective batch size 192

Mini batch size 6
Gradient accumulation steps 2
Number of nodes 4
Number of GPUs per node 4

Sequence length 4096
Learning rate 5.0e-6
Learning rate scheduler linear
Warmup ratio 0.03

Table 11

Hyperparameters used in all our training runs. We follow those of Lambert et al. [4] except for the mini batch
size, which we raise from 4 to 6 to optimize computation on our infrastructure.
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