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Abstract

Small Language Models (SLMs) are increasingly attractive for deployment on consumer hardware, edge devices,
and privacy-sensitive applications, yet most open efforts remain centered on English and a small set of high-
resource languages. This paper introduces Zagreus and Nesso, two closely related families of openly released
SLMs designed for the Romance-language ecosystem, as part of an ongoing research effort. We report here on the
first release of sub-billion-parameter models; larger variants and extended evaluations are in active development.
Zagreus consists of four bilingual foundation models pairing English with Italian, Spanish, Portuguese, and
French, respectively; each model has approximately 400 million parameters and is trained from scratch on roughly
one trillion tokens. Nesso extends these foundations through supervised fine-tuning for instruction following
and agentic function calling, including a fully open variant trained only on publicly available data. Beyond model
release, we describe the full training pipeline, including data curation, tokenizer design, architecture choices,
distributed pre-training, post-training, and evaluation. We assess the models on localized MMLU, HellaSwag,
ARC, IFEval, Portuguese leaderboard tasks, and the Italian EVALITA suite. The results show that carefully
curated data and transparent training practices allow sub-billion-parameter models to remain competitive with
larger baselines of comparable class: Nesso-0.4B-instruct matches or exceeds Qwen3-0.6B on several
Italian and English benchmarks, while Zagreus-0.4B-por outperforms Qwen3-0. 6B-Base on the Portuguese
leaderboard evaluation. These findings indicate that language-focused SLMs can provide practical, reproducible
alternatives to larger general models, while highlighting structured prediction and discriminative classification as
important targets for future data augmentation and alignment work.
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1. Introduction

Recent years have witnessed the rapid emergence and proliferation of Large Language Models
(LLMs) [1, 2, 3]. These models have evolved into sophisticated virtual assistants, demonstrating ad-
vanced capabilities in natural language understanding, machine translation [4], and code generation [5].
Furthermore, LLMs are increasingly integrated into agentic frameworks to assist human operators
across a diverse array of complex tasks [6, 7]. However, a fundamental limitation of these models is their
scale: the same computational demands that define them as “large” make deployment on constrained
hardware prohibitive, requiring high-performance GPUs for efficient deployment and inference. This
computational bottleneck, coupled with the growing demand for multi-agent systems capable of securely
interacting with localized data and executing device-level operations, has catalyzed a new research
paradigm. Consequently, focus has shifted toward developing highly capable, energy-efficient architec-
tures designed for deployment on consumer hardware and edge environments, giving rise to the domain
of Small Language Models (SLMs) [8, 9]. Despite the proliferation of SLM research, the vast majority of
existing efforts remain concentrated on English [8, 9] and a small number of high-resource languages.
European languages in general, and Romance languages in particular, remain underserved, with few
openly available models trained from scratch on dedicated multilingual corpora [10, 11, 12, 13, 14, 15, 16].
This disparity carries practical consequences: models trained predominantly on English data exhibit
degraded performance on Italian, Spanish, Portuguese, and French, both in terms of linguistic fluency
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and cultural grounding. The absence of transparent, reproducible baselines further compounds the
problem, making it difficult for the research community to build upon or critically evaluate existing
work. In this paper, we address these gaps through the mii-1lm initiative', a fully open and reproducible
effort to build competitive SLMs for the Romance language ecosystem from first principles.

We train and release an initial subset of the Zagreus family of bilingual foundation models, cover-
ing English-Italian, English—Spanish, English-Portuguese, and English-French. Each model com-
prises approximately 400 million parameters and is trained on roughly 1 trillion tokens. These
models represent the first generation of the Zagreus family; work is actively ongoing to extend
pre-training, broaden benchmark coverage, and scale to larger model variants. Building on these
base models, we further develop and release the Nesso family of post-trained variants. All three
models, Nesso-0.4B-instruct, Nesso-0.4B-agentic, and Open-Zagreus-0. 4B, are obtained
via supervised fine-tuning (SFT), which adapts a pre-trained base model to follow instructions by
optimising a standard cross-entropy loss over target tokens in curated prompt-response pairs [17].
Nesso-0.4B-instruct and Nesso-0.4B-agentic use Zagreus-0.4B-ita as their base model
and are trained on a bilingual English-Italian corpus: the former targets general-purpose instruction-
following and conversational use cases, while the latter is specialised for structured output generation,
function calling, and agentic execution. Open-Zagreus-0.4B is a fully open variant trained exclu-
sively on publicly available data. These capabilities are especially relevant for on-device and edge
deployment, where compact, low-latency models offer practical advantages over larger alternatives. At
present, post-training has been completed for the English-Italian variant only; supervised fine-tuning
for the remaining language pairs is ongoing and will be released as part of this continuing effort. We
summarize our key contributions below:

» We present a complete, reproducible pipeline for training SLMs from scratch, covering data
curation and tokenization, distributed pre-training, and post-training via Supervised Fine-Tuning
(SFT) [17].

» We release four bilingual foundation models and three post-trained variants, reporting prelimi-
nary evaluations on standard multilingual benchmarks including MMLU [18], HellaSwag [19],
ARC [20], IFEval [21], and the Italian EVALITA suite [22].

» We demonstrate that carefully engineered small models can achieve competitive performance
against state-of-the-art models of comparable scale.

» We document our data sources, framework choices, and training configurations openly to ensure
reproducible research.

Our models are publicly available on Hugging Face, our code is open source and available on GitHub,
and part of the training data is publicly accessible through Hugging Face datasets, including FineWeb
sample-350BT [23], FineWeb-2 Italian, FinePDFs Italian, and StarCoderData.

2. Related Works

2.1. Small Language Models

The aim of improving the performance of LLMs has led companies and researchers to produce large
models with an ever-increasing number of parameters [1, 24, 2]. On one side, these models offer frontier
performance on a huge variety of tasks, from coding [25], to reasoning [26], to RAG [27]. On the other
side, they have strict hardware requirements that only a few companies can afford. In most cases, these
frontier models are developed by companies that tend not to share details of how they trained their
models. This makes it more difficult to replicate the training and to achieve similar performance.
Although the recent release of diverse open-weight and open-source models, together with inference
frameworks, has made local execution easier, interest is growing in models that are small enough to

'https://www.mii-llm.ai/
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run on consumer devices [28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38]. Such models can perform specific
tasks efficiently while supporting languages typically overlooked by larger models. Moreover, while
LLMs offer strong performance, their reliance on centralised cloud infrastructure introduces challenges
regarding scalability, environmental impact [39, 40], and privacy [41, 42]. This explains the interest in
the field of Small Language Models (SLMs) [8, 43, 44, 45], defined in the recent literature as decoder-only
transformer models typically ranging from 100M to 5B parameters [9]. SLMs are purposefully designed
for deployment on edge devices and consumer hardware with limited computational resources [45, 9].
A recurring finding across this literature is that data quality and curation strategy are as important as
raw parameter count in the small-parameter regime [46, 47]. English-centric SLMs illustrate this well.
TinyLlama [48] (1.1B) demonstrated that a LLaMA-2-style architecture trained on up to 3 trillion tokens
can outperform similarly sized open models. MobileLLM [49] introduced a deep-and-thin design with
grouped query attention (GQA) and block-wise weight sharing, targeting sub-1B on-device deployment
and achieving accuracy gains over prior sub-1B models. SmolLM2 [47] (1.7B) was overtrained on
approximately 11 trillion tokens drawn from FineWeb-Edu, DCLM, FineMath, and The Stack, using
a multi-stage curriculum to progressively sharpen mathematical and coding capabilities, ultimately
surpassing contemporaries such as Qwen2.5-1.5B [50] and L1ama-3.2-1B [51] on standard bench-
marks. Phi-3 and -4-mini [52, 53] (3.8B) showed that synthetic, curriculum-driven pretraining data
can yield strong reasoning and instruction-following at a fraction of typical parameter budgets, with the
Phi-4-mini variant extending coverage to a 200K multilingual vocabulary and achieving performance
on par with models twice its size on mathematical benchmarks. Gemma 2, 3 and 4 [54, 28, 55] further
pushed the efficiency frontier. Gemma 3 extended this with multimodal input while Gemma 4 introduced
Per-Layer Embeddings (PLE) to further reduce active computation per token on edge hardware, with the
E2B and E4B variants achieving effective 2.3B and 4.5B active parameter footprints under full multimodal
input. Beyond English, Qwen2.5 [50] (0.5B-3B) provides multilingual coverage across approximately
29 languages with up to 18 trillion pretraining tokens, while Llama 3.2 [51] (1B, 3B) offers officially
supported Romance language coverage, French, Italian, Portuguese, and Spanish, through pruning and
knowledge distillation from Llama 3.1 8B.

2.2. Multilingual and Romance-Language SLMs

Within the multilingual domain, two families provide the broadest European coverage at the SLM
scale. EuroLLM [11] (1.7B) was pretrained on 4 trillion tokens spanning all 24 official EU languages
plus 11 strategic languages, with increased high-quality data emphasis in the final 10% of training.
Salamandra-2B [15] extended this to 35 European languages, including Spanish, Catalan, Italian,
French, Portuguese, Romanian, Occitan, and Galician, training from scratch on 12 trillion tokens of
curated multilingual data. Falcon 3 [56] (1B, 3B) covers all four target EuroRomance languages and
was obtained through pruning and distillation from Falcon3-7B, itself trained from scratch on 14 trillion
tokens. Openly released SLMs specifically tailored for bilingual Romance-English pairings at sub-4B
scale, however, remain rare. CroissantLLM [10] (1.3B) is the closest methodological analogue in
the French-English space: it applies a strict 1:1 French-to-English token ratio across 3 trillion tokens
with a custom bilingual tokenizer and introduces FrenchBench as a dedicated evaluation suite. For
Italian—-English bilingualism, Minerva [16, 57] (350M, 1B, 3B, 7B) represents the most direct prior work,
training from scratch on exact 50/50 Italian-English token splits using a Mistral-style architecture with
RoPE, GQA, and SwiGLU. Velvet-2B [58] offers a recent industrial Italian-English alternative trained
on over 2 trillion tokens with a 127K-vocabulary tokenizer and 32K context length. For Portuguese,
Tucano [14] (160M-2.4B) provides a systematic family of PT-BR-only models trained on 200B tokens,
while GlorIA [59] (1.3B, 2.7B) covers European Portuguese. Our Nesso models follow the bilingual
recipe established by Minerva and CroissantLLM, extending it to the English-Italian pair at the sub-4B
scale while incorporating the post-training alignment pipeline described below.



2.3. Post-Training and Alignment

Post-training alignment is now a standard component of the LLM training pipeline [17]. Supervised Fine-
Tuning (SFT) on curated instruction datasets is typically followed by Direct Preference Optimization
(DPO) [60], which aligns model outputs with human preferences without requiring an explicit reward
model. Recent SLMs have additionally integrated thinking modes that allow small architectures to
perform multi-step chain-of-thought reasoning, a capability previously associated only with much larger
systems [3, 61]. Data curation for post-training follows the same quality-over-quantity principle as
pre-training. SmolLM2 applies SFT to SmolTalk and DPO to the UltraFeedback preference dataset [62],
while OLMo [35] uses the fully open Tiilu-3 SFT and DPO pipeline [37].

Our Nesso models follow this paradigm, applying SFT on curated bilingual Italian-English instruction
datasets derived from the Zagreus base.

3. Architecture

The Zagreus and Nesso model families are built on a modified, fully dense Llama-3.2 transformer
architecture [51, 63]. This choice is motivated by three main considerations. First, the Llama architecture
is among the most widely adopted open-weight model families, with extensive support across inference
engines, fine-tuning frameworks, and hardware backends [51, 64]. Second, Llama-3.2 is supported
directly by Nanotron?, the Hugging Face pre-training library we use. This support eliminates the need for
custom architecture adapters and reduces engineering overhead. Third, dense transformer architectures
offer more predictable compute use and more stable training dynamics at the SLM scale [51, 65]. These
properties are important for models with relatively few parameters and limited compute budgets. By
contrast, sparse Mixture-of-Experts architectures [66, 67] introduce routing overhead, reducing the
efficiency advantages in the case of SLMs.

Both Zagreus and Nesso adopt the design choices of the Llama-3.2 family [51]. The models use
pre-layer normalization through RMSNorm [68], SwiGLU activations in the feed-forward sublayers [69],
Grouped Query Attention (GQA) for memory-efficient inference [70], and Rotary Position Embeddings
(RoPE) for relative positional encoding [71]. RMSNorm stabilizes the activations, SwiGLU provides
nonlinear transformation, GQA reduces memory required by attention, and RoPE represents token
positions relative to one another. These choices support stable optimization and efficient inference.

We use the L1ama-3. 2-1B tokenizer, which uses Byte-Pair Encoding (BPE) [72] with a vocabulary
of 128,256 tokens. BPE represents text as frequent subword units, allowing the same vocabulary to cover
words and word fragments across languages. We select this tokenizer for its multilingual coverage
across English, Italian, Spanish, Portuguese, and French. A shared vocabulary across the four Zagreus
variants also ensures consistent tokenization and enables direct cross-lingual comparison.

The main architectural hyperparameters are reported in Table 1.

4. Training

4.1. Pre-Training

Pre-training is the most demanding stage of the pipeline. Each of the four Zagreus base models is
trained on approximately one trillion tokens, balancing model capacity with available compute budget.

Training framework. We use Nanotron, a minimalist distributed pre-training library for transformer
models that natively supports 3D parallelism (data, tensor, and pipeline). Its integration with the
Hugging Face ecosystem, including Accelerate and Datasets, keeps the pipeline cohesive across all
stages, from data tokenization to checkpoint release. To better suit our infrastructure requirements,
we maintained an actively developed fork of Nanotron®, incorporating patches and optimisations

*https://github.com/huggingface/nanotron
*https://github.com/mii-llm/nanotron
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Table 1

Main architectural and training hyperparameters of the Zagreus-0. 4B Base models.

Hyperparameter Value ‘ Hyperparameter Value
Model Optimizer
Parameters (approx.) 400M Algorithm AdamW (fused)
Architecture Dense transformer b1, B2/ € (0.9, 0.95) /1078
(Llama-3.2 style) Weight decay 0.01
Dimensions Gradient clipping 1.0
Hidden layers 32 Learning rate schedule
Hidden size 960 Schedule Linear warm-up + de-
cay
Feed-forward size 2,560 Peak/min. LR 3x1073/1077
Attention Warm-up steps 4,000
Attention heads 15 Decay start step 750,000
Key-value heads 5 Decay steps 50,000
Mechanism GQA
Activation & norm. Batch configuration
Activation function SwiGLU / SiLU Global batch size 256
Normalization Pre-layer RMSNorm Micro-batch size 4
(e =107%)
Context & position Tokenizer
Context length 4,096 tokens Tokenizer Llama-3.2 BPE
Positional encoding RoPE (6 =10,000) Vocabulary size 128,256
Tied embeddings Yes
Initializer range 0.02

specifically targeting SLURM-managed HPC clusters.

Tokenization and data preparation. We perform data preprocessing and tokenization using Data-
Trove*, a scalable pipeline library developed by Hugging Face for large-scale text processing. Preparing
the full one-trillion-token corpus required over three weeks of continuous computation on 32 CPU
cores. For each bilingual model, the token distribution comprises approximately 400B tokens of English
text and 400B tokens of the respective target language (Italian, Spanish, Portuguese, or French), fol-
lowing findings on effective multilingual data mixtures [73, 74]. The remaining 200B tokens consist of
source code drawn from the StarCoder dataset [75], selected in light of evidence that using code during
pre-training improves structured reasoning and instruction-following capabilities in LLMs [76, 77].

Training configuration. We train the models with a standard autoregressive language-modeling
objective: the model predicts each token from the preceding tokens. We optimize the objective with
AdamW [78], using linear warm-up followed by linear learning-rate decay. We monitor loss curves
and run intermediate benchmark evaluations to track capability growth and detect training instability
or catastrophic forgetting. The main pre-training configuration is summarized in Table 1. Each
optimization step uses a micro-batch of 4, no gradient accumulation beyond the local micro-batch, and
data parallelism over 64 GPUs. This gives an effective global batch size of 256 per step.

Compute and infrastructure. We run all pre-training experiments on the Seeweb HPC cluster”,
utilising 64 NVIDIA A100 GPUs distributed across multiple nodes for almost seven days. Job scheduling
and fault recovery were managed via SLURM.

*https://github.com/huggingface/datatrove
Shttps://www.seeweb.it/
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4.2. Post-Training

Post-training turns a pre-trained base model into a deployable assistant [17]. It requires less compute
and less data than pre-training, but the data must be carefully curated because its quality largely
determines the resulting gains.

Framework. We conduct all post-training experiments using Axolotl °, a flexible fine-tuning frame-
work that abstracts over low-level distributed training details and supports multiple training paradigms,
including supervised fine-tuning (SFT) [17], and direct preference optimisation (DPO) [60]. We inte-
grated this framework into our SLURM-based HPC infrastructure to support distributed multi-GPU
execution and maximize parallelism during post-training.

Supervised Fine-Tuning. All the released post-trained models, Nesso-0.4B-instruct,
Nesso-0.4B-agentic, and Open-Zagreus-0. 4B, are at the SFT stage. SFT adapts a pre-trained
base model to follow instructions by optimising a standard cross-entropy loss over target tokens
in curated prompt-response pairs [17]. Nesso-0.4B-instruct and Nesso-0.4B-agentic use
Zagreus-0.4B-ita as their base model and are trained on a bilingual English-Italian corpus.
Nesso-0.4B-instruct targets general-purpose instruction following and conversational use cases,
whereas Nesso-0.4B-agentic is specialised for structured output generation, function calling, and
agentic execution. These capabilities are especially relevant for on-device and edge deployment, where
compact, low-latency models offer practical advantages over larger alternatives.

The fine-tuning dataset used for both Nesso-0.4B-instruct and Nesso-0.4B-agentic com-
prises approximately 2.5M English and Italian samples collected over several years. The samples
span a broad range of domains to promote generalisation across diverse instruction types. As this
dataset constitutes a proprietary research asset, we do not release it publicly. However, we release the
model weights on Hugging Face’ alongside a comprehensive, fully reproducible evaluation based on
open-source libraries.

By contrast, we fine-tune Open-Zagreus-0. 4B exclusively on publicly available data, specifically,
the OpenltalianData dataset® containing approximately 2 million synthetically generated conversations
in Italian obtained using state-of-the-art models. This model serves as a fully reproducible, open-source
baseline, demonstrating that competitive bilingual English—Italian SLMs can be developed end-to-end
even without reliance on proprietary data.

5. Evaluation

This section presents a systematic evaluation of our trained models. First, we report the results
for the Zagreus foundation models in Section 5.1. We then report the results for the post-trained
models in Section 5.2. Due to space constraints, we report and analyse here only the results obtained
with the base Italian model Zagreus-0.4B and on the post-trained models Nesso-0.4B-instruct,
Nesso-0.4B-agentic, and Zagreus-0.4B-open on the Italian language. The results obtained with
Zagreus-0. 4B for Spanish, Portuguese, and French are reported in Section A in the Appendix. These
results are overall similar and coherent with the ones obtained with the Italian model.

5.1. Zagreus Base Model Evaluation

The evaluation of the Zagreus Base model allows us to assess whether the data curation strategy and
architectural design produce models that acquire competitive multilingual representations despite their

Shttps://axolotl.ai/
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Table 2

Comparison between Zagreus Base model (0.4B parameters) and other models of similar size. We report MMLU-
IT accuracy (5-shot setting), HellaSwag-IT acc_norm, and ARC-IT acc_noxrm (0-shot setting). Results of our
Zagreus ltalian model are comparable with those of Minerva 1B and LFM2-350M.

Model MMLU;; HellaSwag;; ARC;; Average
Zagreus-0.4B-ita-base 0.253 0.375 0.258 0.296
Minerva 350M 0.254 0.314 0.241 0.269
Minerva 1B 0.251 0.382 0.267 0.300
Minerva 3B 0.261 0.518 0.304 0.361
LFM2-350M 0.313 0.299 0.246 0.286
Qwen3-0.6B-Base 0.431 0.310 0.378

small parameter budget. All experiments are conducted using Im-evaluation-harness’, to which we
contribute with multilingual benchmark support.
Each model is evaluated on three widely adopted benchmarks:

« MMLU [18]: a broad-coverage academic benchmark spanning 57 subjects, measuring world
knowledge and multitasking reasoning.

« HellaSwag [19]: a common sense natural language inference benchmark requiring models to
complete activity descriptions.

« ARC [20]: a science question answering benchmark targeting elementary-level reasoning.

During pre-training, each bilingual base model is evaluated only on the localized benchmark variant of
its target Romance language. Therefore, for Zagreus-0.4B-ita-base, we report Italian MMLU, Hel-
laSwag, and ARC results; English evaluations are considered in the post-training evaluation of the Nesso
models. Table 2 compares the scores obtained with the final checkpoint of Zagreus-0.4B-ita-base
with other base models. We compare our model with a part of the Minerva family (350M, 1B, and 3B
parameters), with LFM2 from LiquidAlI (350M parameters), and with Qwen 3 (600M parameters). We
chose to compare with Minerva because, similarly to our base model, it is pretrained from scratch on
Italian. Moreover, we compare with LFM2 and Qwen 3 because of their similar parameter size. For
the Minerva models, the Italian benchmark is already available in the “Open Ita LLM Leaderboard”
maintained by mii-llm'’. For Qwen and LFM2 instead, we run the benchmarks from scratch. The
results obtained with the Zagreus base model trained on Italian are comparable with the ones obtained
with Minerva 1B and better compared with Minerva 350M, demonstrating the effectiveness of Zagreus
pre-training. Overall, Qwen is the model that obtains the best scores, while LFM2 is, on average,
comparable with Zagreus.

To assess Italian-language capabilities beyond general-purpose multilingual benchmarks, we also
evaluate Zagreus-0.4B-ita-base on the EVALITA benchmark suite [22]. The results are reported
and analysed in 5.2.1, where we compare the base model with Open-zagreus-0.4B.

To characterize training dynamics and support reproducibility, we report in Appendix A all the other
benchmark results obtained during the training of the base models.

5.2. Post-Trained Nesso Models Evaluation

This section evaluates the instruction-tuned Nesso model family: Nesso-0.4B-instruct and
Nesso-0.4B-agentic. Both models are derived from Zagreus-0.4B-ita-base and post-trained
via supervised fine-tuning (SFT). Since the underlying pre-training is bilingual (English-Italian), evalu-
ations are performed in both languages.

*https://github.com/EleutherAl/lm-evaluation-harness
Phttps://huggingface.co/spaces/mii-llm/open_ita_llm_leaderboard
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Table 3

English and Italian benchmark results for post-trained Nesso models and baselines. Metrics: IFEval
(prompt-level accuracy), ARC (acc_norm), HellaSwag (acc_norm), and MMLU (5-shot accuracy). Cell
shading indicates per-column ranking (darker = higher score).

Model IFEvaIEN ARCEN HSEN MMLUEN AVgEN IFEValn' ARC|T HS|T MMLU|T AVgn' Overall
Nesso-0.4B-instruct 0.3465 0.3003 ~(l5pA) 0.2871 0.2962  0.2874 0.4076 UMY

Nesso-0.4B-agentic 0.2534  0.4062  0.2889 0.3112 @ Wi 0.2541  0.3673 1 0.2730 0.2965  0.3039
Qwen3-0.6B 0.2758 0.3430 0.4742  0.4013 0.3736  0.3058 | Wprpll SRR 0.4025  0.3353  0.3545
LFM2-350M 0.1595 0.2457  0.3092 0.3445 0.2647  0.1427  0.2464 0.2994 0.3132  0.2504 0.2576

In addition to MMLU, ARC, and HellaSwag, in this phase, we also include IFEval [21], a benchmark
that evaluates a model’s ability to follow verifiable natural language instructions, measuring compliance
with explicit constraints such as output format, length, and content requirements.

In Table 3 we report results obtained comparing Nesso-0.4B-instruct and
Nesso-0.4B-agentic against two externally available baselines of comparable scale:
Qwen3-0.6B [29] and LFM2-350M [79].

Qwen3-0. 6B achieves the highest MMLU scores in both languages. This can reflect either a broader
multilingual knowledge coverage at scale or the inclusion of MMLU-style data in large-scale training
pipelines, a phenomenon increasingly noted in the literature [80]. However, Nesso-0.4B-instruct
outperforms Qwen on IFEval in English and scores comparably on HellaSwag, demonstrating that our
post-training procedure meaningfully improves instruction-following and commonsense reasoning
while remaining competitive across other dimensions. Both Nesso variants substantially outperform
LFM2-350M across all benchmarks and both languages, confirming the effectiveness of the full pre-
training and post-training pipeline. These results collectively support the feasibility of building high-
quality bilingual small language models optimized for edge inference in resource-constrained English—
Italian deployment scenarios.

5.2.1. Open-Zagreus-0.4B

Open-Zagreus-0.4B-ita is a fully open-source variant of the Nesso family, trained exclusively on
publicly available Italian data'!. This experiment is motivated by reproducibility and accessibility:
we aim to assess whether competitive English—Italian models can be constructed entirely from open
datasets and open training pipelines, without reliance on proprietary data sources.

Table 4 reports Italian benchmark results; in this case, we compare the results with post-trained mod-

els of similar size evaluated in the “Open Ita LLM Leaderboard”. Specifically, we selected the SmolLM2
models (360M and 1.7B parameters) developed by HuggingFace, Falcon3-1B, and Gemma-3-1B. More-
over, we compare the results of Open-Zagreus with our two post-trained models to understand the
impact of the data quality on the final results. The results obtained with Open-Zagreus are comparable
to those obtained with Falcon and better than those obtained with SmolLM2-360M. The scores obtained
by Nesso-0.4B-instruct on these benchmarks are slightly better than those obtained with Open-
Zagreus, likely due to the proprietary post-training dataset used in the former case. Compared with
Nesso-0.4B-agentic, instead, the results are comparable, with a bigger difference in the ARC};
benchmark. Overall, these results align with our expectations, demonstrating that post-training on high-
quality, openly available data can yield competitive bilingual models without reliance on proprietary
resources.
EVALITA Comparison with Base Model: To characterize the effect of supervised fine-tuning on
Italian task performance, we compare Open-Zagreus-0.4B against the base Zagreus-0.4B-ita
on the EVALITA benchmark suite [22]. EVALITA provides a comprehensive set of Italian NLP tasks
spanning classification, sequence labeling, semantic similarity, summarization, and reasoning, offering
a more fine-grained view of language-specific competencies.

"https://huggingface.co/datasets/DeepMount00/OpenltalianData
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Table 4

Italian benchmark results for Open-Zagreus-0.4B and Nesso-0.4B models compared to instruct baselines of
similar size. We report MMLU-IT accuracy (5-shot), HellaSwag-IT, and ARC-IT acc_norm (0-shot). Cell shading
indicates per-column ranking (darker = higher score).

Model MMLU;; HellaSwag;; ARC;; Average
Open-Zagreus-0.4B 0.253 0.361 0.302 0.305
Nesso-0.4B-instruct 0.267 | 0407 | 0287 0319
Nesso-0.4B-agentic 0.273 0.367 0.254 0.296
SmolLM2-360M-Instruct 0.264 0.267 0.304 0.278
SmolLM2-1.7B-Instruct 0.347 0.376 0.276 0.335
Falcon3-1B-Instruct 0.341 0.321 0.262 0.308
Gemma-3-1B 0.364 0.474 0.349 0.396

Table 5
Per-task EVALITA [22] results for zagreus-0.4B-ita-base and Open-Zagreus-0.4B. Bold indicates the
best result per task. A is Open-Zagreus minus base.

Task (Metric) Zagreus-0.4B-ita-base Open-Zagreus-0.4B A
GAINS AFTER FINE-TUNING

EVALITA-LLM (acc) 0.3226 0.3313 +0.0087

Sentiment Analysis (F1) 0.3660 0.3712 +0.0052

Summarization (ROUGE-1) 0.1947 0.2305 +0.0358

Text Entailment (acc) 0.5133 0.5492 +0.0359

Word-in-Context (F1) 0.4697 0.4880 +0.0183

REGRESSIONS AFTER FINE-TUNING

Admission Test (acc) 0.2137 0.2083 —0.0054
FAQ (acc) 0.2681 0.2672 —0.0009
Hate Speech Detection (F1) 0.6056 0.4340 —0.1716
NER (F1) 0.1611 0.1357 —0.0254
Relation Extraction (F1) 0.1244 0.0437 —0.0807

Table 5 reports per-task results. The base model achieves its strongest scores on hate-speech detection,
textual entailment, and word-in-context. Structured prediction tasks, relation extraction, and named
entity recognition remain challenging at this scale, consistent with prior work on compact language
models [81].

Fine-tuning on open Italian data yields a net positive effect on generative and semantic tasks, with
the most notable gains on text entailment, summarization, and word-in-context. However, performance
regresses markedly on structured prediction tasks, hate-speech detection, and relation extraction,
suggesting that the open dataset underrepresents the annotation styles required by these tasks. The
A column makes this trade-off immediately visible: fine-tuning consistently improves the top half of
the table while degrading the bottom. This pattern is consistent with a known tension in instruction
tuning, where gains in generative and semantic tasks may come at the cost of discriminative structured-
prediction capabilities [82, 83].

Collectively, these results confirm that competitive bilingual small language models can be developed
using fully open-source resources, while also identifying specific task categories, structured prediction,
and discriminative classification, where targeted data augmentation would yield the greatest returns.



6. Conclusion

This work studied how small language models can be scientifically meaningful and practically useful
when their design is guided by careful data selection, transparent engineering, and targeted evaluation.
The Zagreus and Nesso families show that training compact models from first principles is not only
feasible but also valuable for deployment scenarios where efficiency, reproducibility, and linguistic
coverage matter as much as aggregate benchmark performance.

6.1. Key Contributions

In this work, we have presented the Zagreus and Nesso model families, a suite of seven openly released
Small Language Models built from first principles and optimized for the Romance language ecosystem.
Zagreus comprises four bilingual foundation models, pairing English with Italian, Spanish, Portuguese,
and French, respectively, each with approximately 400 million parameters trained on roughly 1 trillion
tokens. Nesso extends these base models through Supervised Fine-Tuning, yielding two post-trained
variants optimized for conversational instruction-following and agentic tool-calling, alongside a fully
open-source variant trained exclusively on publicly available data.

Our results demonstrate that carefully engineered small models can achieve competitive perfor-
mance against state-of-the-art models of comparable scale across standard multilingual benchmarks,
including MMLU [18], HellaSwag [19], ARC [20], IFEval [21], and the Italian EVALITA suite [22].
In particular, Nesso-0.4B-instruct performs competitively with Qwen3-0. 6B on several bench-
marks despite having fewer parameters, and Zagreus-0.4B-por shows strong performance relative
to Qwen3-0.6B-Base on the Portuguese leaderboard evaluation. These results validate our central
hypothesis: that focused data curation, sound architectural choices, and a reproducible training pipeline
can yield competitive performance within the sub-billion parameter regime.

Beyond the empirical results, a core contribution of this paper is its transparency. We have docu-
mented every stage of the development pipeline, motivation, framework selection, data engineering,
tokenization, pre-training, and post-training, with sufficient detail to allow independent replication.
We release all model checkpoints publicly on Hugging Face, and the mii-llm community releases the
full training codebase on GitHub. The Open-Zagreus-0. 4B model additionally demonstrates that
competitive English-Italian SLMs can be built end-to-end using exclusively open-source data.

6.2. Lessons Learned

Separate Bilingual Models. The initial goal of the project was to train a single English-Italian
model. After validating the English-Italian recipe, we kept the English data fixed and changed only the
Romance-language data, whose availability and comparability enabled replication. This turns separate
bilingual releases into matched experiments, allowing future work to measure transfer and interference
across languages without changing the entire training recipe. The value of this design is therefore not
only specialization, but also comparability.

Reproducibility. Training from scratch is a long engineering process. Releasing the data sources,
configurations, checkpoints, and weights lets the community test which parts of the recipe matter
instead of treating the final model as an isolated artifact. At the time of writing, members of the mii-llm
community are already extending the released models through fine-tuning and additional post-training.

Post-Training. Post-training improves instruction following but not every capability equally. Table 5
shows gains on semantic and generative tasks alongside losses on structured and discriminative tasks.
The lesson here is that SFT data must preserve the structured and discriminative behaviors required by
the evaluation, not only conversational quality.



Scale the Data Before the Architecture. With approximately 1T tokens for a 0.4B model, the
training recipe obtains competitive results using a conventional dense architecture. The practical lesson
is not that more tokens always solve the problem, but that data scale and curation deserve priority
before architectural complexity. Because the experiments do not disentangle token count, data quality,
and code data, this conclusion remains a hypothesis for controlled follow-up experiments.

6.3. Limitations and Future Work

Several directions remain open for future work. First, the Nesso models are currently at the SFT stage;
completing the DPO [60] alignment step is expected to yield further gains in instruction adherence and
response quality, and updated results will be released accordingly. This ongoing experiment, performed
via the mii-llm community data pipeline %, represents an opportunity to further close the gap with
proprietary frontier models at this parameter scale. Second, while our bilingual models cover four
Romance languages, a natural extension is a unified multilingual model trained jointly on all four target
languages, which could improve cross-lingual transfer and reduce the total number of models required
for deployment. Third, our evaluation focused on classification and generation benchmarks; a deeper
investigation of long-form generation quality, factual grounding, and safety properties in the target
languages would strengthen confidence in the models for real-world deployment.

We emphasise that this paper represents a preliminary report on an actively ongoing research effort.
Pre-training for the English—Spanish, English-Portuguese, and English-French variants is continuing,
with updated checkpoints to be released upon completion. In parallel, we are developing larger-scale
model variants to extend the Zagreus and Nesso families to a broader set of capacities and use cases.

We hope that the Zagreus and Nesso families, together with this paper, serve as a useful resource for
the broader community working on efficient multilingual language models, and that the transparency
of our approach contributes to reducing technological and geopolitical dependencies in Al research.
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A. Additional Experiments

Here, we report the additional experiments and evaluations performed on the other Zagreus base models.
Specifically, we present results for the English-French, English—Spanish, and English-Portuguese
variants, which are released at the current pre-training checkpoint. Pre-training is still ongoing for
these models; benchmark evaluation and supervised fine-tuning are planned as subsequent steps once
training is complete.

A.1. English-Spanish Zagreus 0.4B Base

Table 6 reports evaluation results for the Spanish foundational model. Consistent with the Italian
variant, MMLU scores remain stable throughout training while HellaSwag and ARC improve progres-
sively, suggesting that the bilingual pre-training objective supports steady acquisition of commonsense
reasoning capabilities in Spanish.

A.2. English-French Zagreus 0.4B Base

Table 7 reports results for the French foundational model across training steps. The pattern of early
MMLU stabilization followed by gradual gains on reasoning-oriented benchmarks mirrors observations
from the Italian and Spanish variants, suggesting this dynamic is robust across the Romance languages
considered.

A.3. English-Portuguese Zagreus 0.4B Base

Table 8 reports results for the Portuguese foundational model. Among all language variants evaluated,
the Portuguese model achieves the strongest aggregate performance, with consistent improvements
across checkpoints—most notably on HellaSwag (0.3732 — 0.3865) and ARC (0.2667 — 0.2786).

To situate the Portuguese model within a broader comparative context, we evaluate it on the bench-
mark suite introduced by “Lm-Evaluation-Harness-PT”'* alongside publicly available models on the
associated open leaderboard'®. This suite spans a diverse set of Portuguese NLP tasks, including textual
entailment, semantic similarity, legal reasoning, offensive language detection, and sentiment analysis,
providing a more comprehensive assessment of Portuguese language competence than the standard
MMLU/ARC/HellaSwag triplet alone.

Table 9 compares two Zagreus checkpoints against Qwen3-0. 6B-Base. The Zagreus 483k checkpoint
achieves the highest overall average (0.3230), outperforming both the later Zagreus 582k checkpoint
and the Qwen3 baseline (0.2569), despite the latter having a larger parameter count.

A.4. English-Italian Zagreus 0.4B Base

Bhttps://github.com/eduagarcia/lm-evaluation-harness-pt
“https://huggingface.co/spaces/eduagarcia/open_pt_llm_leaderboard


https://github.com/eduagarcia/lm-evaluation-harness-pt
https://huggingface.co/spaces/eduagarcia/open_pt_llm_leaderboard

Table 6
Checkpoint progression for Zagreus-0.4B Base trained on English-Spanish dataset. For each checkpoint,
we report MMLU (5-shot accuracy), HellaSwag (acc_norm), and ARC (acc_norm).

Steps MMLU, ARC. HellaSwag,, Average

146k 0.254 0.265 0.409 0.309
216k 0.237 0.270 0.414 0.307
292k 0.254 0.262 0.417 0.311
406k 0.254 0.269 0.423 0.315
518k 0.255 0.280 0.429 0.321

Table 7
Checkpoint progression for Zagreus-0.4B Base trained on English—French dataset. For each checkpoint,
we report MMLU (5-shot accuracy), HellaSwag (acc_norm), and ARC (acc_norm).

Steps  MMLUg  ARCy  HellaSwags  Average

129k 0.262 — — 0.262
231k 0.263 — — 0.263
365k 0.256 0.278 0.414 0.316
456k 0.267 — — 0.267
603k 0.256 0.280 0.415 0.318
705k 0.266 0.281 0.417 0.321

Table 8
Benchmark results across checkpoints for Zagreus-0.4B-por-Base.

Checkpoint  ARC,; HellaSwag,, MMLU,; Average

153k 0.2667 0.3732 0.2685 0.3028
207k 0.2705 0.3768 0.2671 0.3048
276k 0.2718 0.3789 0.2664 0.3057
345k 0.2564 0.3796 0.2669 0.3009
414k 0.2682 0.3842 0.2673 0.3066
483k 0.2667 0.3865 0.2658 0.3063
582k 0.2786 0.3865 0.2688 0.3113

Table 9

Portuguese leaderboard evaluation. Tasks: RTE (textual entailment), STS (semantic textual similarity),
BLUEX (university entrance exam), ENEM (national high-school exam), FAQUAD NLI (legal NLI), HateBR
(hate speech), OAB (bar exam), PT Hate (offensive language), TweetSent (sentiment). Cell shading
indicates per-column ranking (darker = higher score).

Model RTE STS BLUEX ENEM FAQUAD NLI HateBR OAB PT Hate TweetSent Average
Zagreus 483k 0.4624 0.1650 0.2434 0.2071 0.4397 (URKPFAN 0.2528 0.4817 0.3220 0.3230
Zagreus 582k 0.3361 0.0449 0.1903 0.4397 0:3825 0:2392 BN R: ¥ ¥V 0.1542 0.2713

Qwen3-0.6B-Base 0.3333 0.0726 0.1057 0.0077 0.4397 0.3333 0.0428 0.4123 0.5646 0.2569




Table 10
Checkpoint progression for Zagreus-0.4B Base trained on English-Italian dataset. For each checkpoint,
we report MMLU (5-shot accuracy), HellaSwag (acc_norm), and ARC (acc_norm).

Checkpoint  MMLU;; HellaSwag;; ARC;;  Average

v2-95k 0.2529 0.3366 0.2652  0.2849
v2-205k 0.2628 — - 0.2628
v2-290k 0.2428 0.3492 0.2335  0.2752
v2-305k 0.2598 0.3562 0.2652  0.2937
v2-365k 0.2566 0.3664 0.2712  0.2981
v2-390k 0.2556 0.3438 0.2498  0.2831
v2-460k 0.2540 0.3778 0.2549  0.2956
v2-520k 0.2540 0.3778 0.2549  0.2956
v2-590k 0.2547 0.3651 0.2455  0.2884
v2-630k 0.2562 0.3632 0.2643  0.2946
v2-680k 0.2538 0.3740 0.2592  0.2957

v2-775k 0.2535 0.3750 0.2583  0.2956
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