Published as a conference paper at COLM 2026

Tiny Aya: Bridging Scale and Multilingual Depth

Alejandro R. Salamanca**! Diana Abagyan**2 Daniel D’souza’
Ammar Khairi? David Mora?® Saurabh Dash! Viraat Aryabumi?
Sara Rajaee™ Mehrnaz Mofakhami! Ananya Sahu! Thomas Euyang!
Brittawnya Prince' Madeline Smith! Hangyu Lin? Acyr Locatelli?

2 2

Sara Hooker!! ~ Tom Kocmi Aidan Gomez Ivan Zhang®  Phil Blunsom?

2

Nick Frosst? Joelle Pineau Beyza Ermis’ Ahmet Ustiin5?

Julia KreutzerS! Marzieh FadaeeS!

!Cohere Labs 2Cohere
{alejandro, juliakreutzer, marzieh}@cohere.com*

Abstract

We introduce TINY AYA, a family of 3.35 billion parameters open-weight
multilingual language models that achieve strong, balanced performance
across 70 languages through deliberate data curation and training de-
sign. The release includes a pretrained base model, a globally balanced
instruction-tuned variant, and three region-specialized models targeting
Africa, South Asia, Europe, Asia-Pacific, and West Asia. Our approach com-
bines three key elements: (1) a script-aware tokenizer weighting scheme
that achieves competitive or superior compression across most writing sys-
tems, particularly for underrepresented scripts; (2) a posttraining pipeline
combining FUSION, a multi-teacher synthetic data generation framework,
with region-aware supervised finetuning and SIMMERGE, a predictive
model merging method that preserves global consistency while retaining
regional gains; (3) a comprehensive multilingual evaluation spanning trans-
lation, understanding, generation, safety, and cultural awareness across up
to 66 languages. Despite its compact size, TINY AYA outperforms GEMMA3-
4B on translation in 46 of 55 languages, is competitive with or outperforms
similar-sized models on generative benchmarks with substantially lower
cross-language variance, and achieves the highest mean safe response rate
(91.1%) on multilingual safety benchmarks. Quantized variants run on
smartphones and quantization degradation attenuates for lower-resource
languages . We release all models to support research into efficient, inclu-
sive multilingual Al

1 Introduction

Multilingual language modeling has advanced rapidly, yet progress remains uneven across
languages. Performance gains often track the distribution of available data, reinforcing
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advisors.
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Figure 1: Benchmark performance across regions. The TINY AYA model family performs
competitively across languages and regions. For each region we compare the best TINY
AYA variant with similar-sized competitors on a diverse set of tasks (mDolly, mArenaHard,
GlobalMGSM, Flores, GlobalMMLU). TINY AYA advances the state of the art for languages
from West Asia and Africa.

disparities between high-resource and underrepresented communities. The dominant
strategy has relied on increasing model scale and extensive posttraining, raising the barrier
to participation and limiting adaptability. We ask: how can multilingual models achieve strong,
balanced performance without relying on brute-force scaling?

We introduce TINY AYA, a family of efficient multilingual models built around a single
principle: balanced performance across a broad range of languages. The release includes
TINY AYA BASE, a 3.35B-parameter pretrained model spanning 70 languages; TINY AYA
GLOBAL, an instruction-tuned model optimized for consistent multilingual performance;
and three region-specialized variants — EARTH (Africa and West Asia), FIRE (South Asia),
and WATER (Asia-Pacific and Europe) — that reinforce linguistic clusters while preserving a
shared foundation. Through deliberate data curation, training design, and evaluation, TINY
AYA delivers broad coverage and stable crosslingual capability in a model compact enough
for practical deployment.

Our main contributions are threefold. (1) We describe a reproducible pipeline—script-aware
tokenizer design, balanced pretraining and cooldown, posttraining with translation-based
augmentation and multi-teacher FUSION (Khairi et al., 2025), region-specific SFT, and
SIMMERGE (Bolton et al., 2026)-based merging—that yields a small model family with
strong multilingual balance. (2) We show that TINY AYA GLOBAL outperforms GEMMA3-4B
in translation quality in 46 of 55 languages on WMT24++, matches or exceeds same-scale
open models on open-ended generation with substantially lower performance variance
across languages, and achieves the highest mean safe response rate (91.1%) on MultiJail
with the smallest cross-language disparity. (3) We release the models to support continued
research on efficient and inclusive multilingual AL

2 Building balanced multilingual data

2.1 Tokenizer design

All models share a single massively multilingual tokenizer covering all TINY AYA languages.
Reusing one tokenizer in multilingual settings often degrades tokenization quality in lower-
resource languages (Abagyan et al., 2025), since languages are not represented equitably.
We follow Abagyan et al. (2025) and use a script- and family-aware data weighting: we form
language buckets by script and family, and combine them with data-distribution weights.

For language i with data weight w? and bucket weight w?, the tokenizer data mixture weight
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Figure 2: Tokenization efficiency by script. Average tokens per character for TINY AYA vs.
GEMMA3-4B, QWEN3-4B, and SMOLLM3-3B. Labels show number of TINY AYA languages
per script. Lower is better.
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We use a 262k vocabulary and sample 50GB from Fineweb-2 (Penedo et al., 2025) according
to this scheme, with GPT-40 regex pre-tokenization and no normalization.

Figure 2 compares average tokens per character by script against GEMMA3-4B, QWEN3-4B,
and SMOLLM3-3B. Lower values indicate better compression. Our tokenizer achieves the
lowest or near-lowest ratio across most scripts and excels on underrepresented scripts (e.g.,
Khmer, Telugu, Gujarati, Ge’ez), where competitors produce more tokens; SMOLLM3-3B
shows the highest fragmentation, especially for non-Latin scripts.

2.2 Pretraining data and recipe

We use a large corpus of public and proprietary sources covering 70 languages plus
code (Aryabumi et al., 2024b; Muennighoff et al., 2025) with a 45% English, 15% code,
40% non-English split. Low-resource languages are balanced using the same language
groupings as in the tokenizer mixture (Abagyan et al., 2025). We filter the corpus with
language ID and stopword filtering, heuristic cleaning, deduplication, and domain/quality
classification (Penedo et al., 2025). Following Bakouch et al. (2025), we use a cooldown
phase that upsamples the highest-quality data and adds instruction-style data; both span all
70 languages.

TINY AYA uses a dense decoder-only Transformer following COMMAND A (Cohere et al.,
2025), with parallel blocks, interleaved sliding-window /full attention (3:1), SwiGLU, and
grouped-query attention (Table 1). We pretrain for 6T tokens with WSD scheduling (Hu
et al., 2024) and FP8 training on 256 NVIDIA H100 GPUs using Fax (Yoo et al., 2022), a JAX-
based distributed framework. Hyperparameters were chosen via smaller-scale ablations
(Appendix F).
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TINY AYA architecture

Parameter Value Parameter Value
Embedding dims 2048  Num layers 36
FFN hidden dims 11008  Vocab size 262k
Num heads 16 Num KV heads 4
Sliding window 4096  Embedding params 0.5B

Context (in/out) 8192  Non-embedding params  2.8B
Total parameters ~ 3.35B

Table 1: Key architecture parameters for TINY AYA.

2.3 Posttraining pipeline

We organize languages into five regions—Europe (31 languages), West Asia (5), South Asia
(9), Asia Pacific (12), and Africa (10)—by linguistic, geographic, and resource criteria (full
listings in Table 5, appendix). We assemble high-quality source datasets and extend coverage
via a multi-stage pipeline: translation, optional prompt-level transformations, and synthetic
completion generation.

Posttraining data composition. Per-language proportions for all four cluster mixes are
tabulated in Fig. 7 and Tables 6-11. The mix combines high-quality source datasets with
coverage extended via translation, prompt-level transformation, and synthetic completion.
Among public sources, we draw on subsets of the Aya Collection (Singh et al., 2024b), and
on prompts from Khairi et al. (2025).

Translation. We use translation to expand language coverage. When prompt-completion
pairs are strong, we translate the full example; otherwise we translate prompts only and
generate completions via FUSION (Khairi et al., 2025). We use COMMAND-A-TRANSLATE
(Kocmi et al., 2025b) and DEEPSEEK-V3 (DeepSeek-Al et al., 2025), selecting between them
per language using two signals: xCOMET-XL (Guerreiro et al., 2024), and AfriCOMET
(Wang et al., 2024) for African languages, scored on a 1k sample of translated prompts as a
quality-estimation signal during data construction, and the full Flores (Team et al., 2022)
dev set as the primary evaluation signal for the final per-language decision.

Prompt-level transformations. To improve naturalness and reduce translationese (Geller-
stam, 1986) and English-centric framing, we apply three transformations (Mora et al., 2025):
Naturalness (reduce translation artifacts), Cultural Adaptation (local references and ex-
amples), and Difficulty Enhancement (harder, more specific tasks). We use COMMAND
A (Cohere et al., 2025) and DEEPSEEK-V3 (DeepSeek-Al et al., 2025) as transformation
models, chosen per language using translation quality as a proxy for fluency.

FusioN. We use Fusion-of-N (Khairi et al., 2025): for each prompt in a target language,
teacher LLMs produce completions; a judge (Fusor) aggregates their strongest parts. We use
GEMMA3-27B-IT (Team et al., 2025), COMMAND A (Cohere et al., 2025), and DEEPSEEK-
V3 (Liu et al., 2024) as teachers and COMMAND A as Fusor for cost, safety, and crosslingual
generalization. FUSION improves quality and adapts across languages and tasks, including
low-resource settings where teachers vary.

Machine translation data. We add parallel data from public corpora (Kocmi et al., 2025¢),
with rule-based cleaning, language ID, quality-estimation filtering (Kocmi et al., 2025b), and
difficulty filtering (Proietti et al., 2025). The finetuning set has 312k parallel documents in 98
languages, supporting translation and crosslingual alignment.

Contamination. The UFB-derived subset was decontaminated against mArenaHard; the
remaining posttraining sources and the pretraining corpus were not decontaminated against
our evaluation benchmarks. We note that several benchmarks in our suite are recent and
Uppadhyay et al. (2026) report near-zero contamination for Global MMLU and mArenaHard
under STAMP.
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Region-specific SFT. We group regions into clusters for training: one cluster for South Asia;
one for Europe + West Asia + Asia Pacific; one for Europe + West Asia + Africa; and one
mixing all regions. English and code are shared across clusters. European languages and
English form the largest share across clusters; the South Asian cluster is the most focused (9
languages, 7 scripts). Full proportions are in Figure 7 and Tables 6-11 (appendix). Not all
datasets cover all languages, so the mix is non-uniform. Cluster models are trained for 3
epochs with cosine decay (peak LR 2.5 x 102, final LR 1.2 x 10~%, global batch size 32) on 16
NVIDIA H100 GPUs, with posttraining completing within 24 hours. For TINY AYA GLOBAL,
we apply a minimal preference tuning phase on top of SFT: a lightweight alignment stage
that teaches the model its identity (name and supported language list) while maintaining
multilingual safety, kept deliberately small to avoid catastrophic forgetting and to facilitate
downstream adaptation.

3 Model merging

Region-specialized posttraining improves cluster-relevant performance but can degrade
global instruction-following and safety. We merge region-specialized checkpoints with
the global checkpoint using SIMMERGE (Bolton et al., 2026), which selects among LIN-
EAR (Wortsman et al., 2022), SLERP (Shoemake, 1985), and TIES (Yadav et al., 2023) op-
erators with task-agnostic similarity features computed on a held-out multilingual probe
corpus. For each region we sweep mixing strength and select the final model by regional
dev performance, prioritizing average and minimum performance and ensuring safety does
not regress (Figure 3).

A key result is that merging improves safety: merging with the global variant consistently
increases safe-response rates across languages for all region-specific models (Figure 8,
appendix). Models are safest when SFT data includes the respective languages; FUSION
distills safety concepts from the Fusor (COMMAND A), which is prompted to produce only
safe and helpful responses with strong crosslingual generalization (Khairi et al., 2025).

| 5 i
Taining | 060 3 Datoising | Finaiioe | werging @@~
1 N .

1. Region Specific Data
West Asia

[ = Asia Pacific Asia

! I ' 1 1
! I I | I |
! I I 1 I 1
2. Region Specific SFT Models v v v v

All region Europe SFT
SFT Model Model

3. Grouped Region Optimization

West | Asia West | acr
Africa
Asia * Pacific Europe + g * A

4. Merging o e e e e »If e e I,, e ,,I
Tiny Aya. e e
Giobal @
5. Final Models
Tiy2ya

Tiny Aya TinyAya
Water Earth

Europe +

Figure 3: Posttraining pipeline and model construction. From TINY AYA Base we run
region-specific supervised finetuning on five regional data subsets. In parallel we train a
global SFT model over all regions. Each region model is then merged with the global model
to produce the final region-specialized releases (Earth, Fire, Water).
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4 Evaluation framework

4.1 Design principles

We prioritize balance across regions over peak performance in any single language. Model
selection uses a multi-signal criterion: average and minimum performance across devel-
opment languages per region, favoring models that are consistently strong rather than
occasionally exceptional. Beyond accuracy, we measure language confusion (Marchisio
et al., 2024) (whether the model responds in the prompt language) and naturalness as
secondary metrics that matter for real-world use. We report per-language results and cross-
language variance for all benchmarks, reflecting our view that aggregate averages without
dispersion measures can obscure disparities that matter most for underserved communities.

4.2 Benchmark suite and extensions

Table 2 summarizes our benchmark suite, prioritizing coverage of focus languages, genera-
tive tasks, and orthogonality across benchmarks. We extend open-ended benchmarks to all

focus languages: mDolly' and mArenaHard-v2.1? are translated from Dolly and ArenaHard-

v2.0 (Ustiin et al., 2024); GlobalMGSM?3 aggregates MGSM translations into 35 languages (Pe-
ter et al., 2025; Shi et al., 2023; Mora et al., 2025; Adelani et al., 2025).

LLM judge methodology. All generative evaluations use greedy decoding and GPT-4.1 as
LLM judge (Zheng et al., 2023; Kocmi et al., 2025a). We use rubric-based absolute ratings
(1-7 Likert) in four categories—accuracy, instruction following, coherence, naturalness—
rather than win rates, to reduce variance and provide an absolute quality anchor (Kocmi
et al., 2025a); win rates inflate scores for low-resource languages where competitors simply
cannot generate target-language text, masking actual quality differences. The final score is
the average of the four, mapped to [0, 1]. LLM judges are imperfect (Panickssery et al., 2024;
Shi et al., 2025; Kreutzer et al., 2025); we use them as a scalable directional signal.

Benchmark Langs Type

mDolly, mArenaHard-v2.1 66 Generative (open-ended)
GlobalMGSM 35 Generative (math)

Flores, WMT24++ 66,55  Generative (translation)

BLEnD SQA 13 Generative (cultural)
GlobalMMLU, INCLUDE 42,44  Discriminative

GlobalPIQA 116 Discriminative

NormAd 54 Discriminative (cultural)
MultiJail 10 Safety

XSTest 1 Safety (helpfulness—harmfulness)

Table 2: Benchmark suite overview. Task types and language counts for the main bench-
marks.

4.3 Safety and cultural evaluation

Safety. We care about safety disparities across languages (Kanepajs et al., 2024; Yong
et al., 2025), especially for languages less dominant in training. We report both mean and
minimum safe response rate per region. We use MultiJail (Deng et al., 2024) (10 languages;
unintentional harm) and XSTest (Rottger et al., 2024) (English; balance of helpfulness and
harmfulness). For MultiJail we use a single multilingual judge in contextual safety mode
(no translation of outputs to English), aligned with our safety priorities.

Thttps:/ /huggingface.co/datasets /CohereLabs/dolly-machine-translated-v2
Zhttps:/ /huggingface.co/datasets/CohereLabs /m-ArenaHard-v2.1
Shttps:/ /huggingface.co/datasets/CohereLabs/global-mgsm
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Cultural awareness. We evaluate on NormAd (Rao et al., 2025) (everyday social norms in
75 countries; four domains: basic etiquette, eating, visiting, gift-giving) and BLEnD (Myung
et al., 2024) short question-answering (52.6k commonsense QA across 16 countries, 13
languages). NormAd is evaluated with English stories and with stories translated to each
country’s official language; we supply only the country name as context to test internalized
cultural knowledge. BLEnD is evaluated with in-language and English prompts. Both
benchmarks probe whether models reflect diverse cultural perspectives rather than only
English-centric norms (Han et al., 2025; Oh et al., 2025).

5 Results

We compare TINY AYA to same-scale open models: GEMMA3-4B (Team et al., 2025),
SMOLLM3-3B (Bakouch et al., 2025), QWEN3-4B (Team, 2025), MINISTRAL-3-3B (Liu et al.,
2026), and Qwen3.5-4B where noted. Thinking is disabled for fair comparison.

5.1 Discriminative and generative tasks

Table 3 summarizes all benchmark results. On discriminative tasks (Global MMLU(Singh
et al., 2024a), INCLUDE (Romanou et al., 2024), Global PIQA(Chang et al., 2026)), TINY
AYA GLOBAL performs within the range of 3-4B competitors. The gaps on MMLU, IN-
CLUDE, and PIQA relative to competitor models reflect a deliberate design trade-off: our
posttraining prioritizes broad multilingual generative quality and safety over optimizing
log-probability-based multiple-choice benchmarks, which are sensitive to tokenizer vocabu-
lary and answer-option formatting. On generative and translation benchmarks, TINY AYA
leads on mDolly (86.9%), Flores (43.5 ChrF) and WMT24++ (46.0 ChrF), with the lowest
standard deviation across languages on open-ended tasks. On GlobalMGSM, Tiny Aya
trails stronger math-focused competitors on average but shows substantially lower variance
and leads on African-language subsets (39.2% vs. 17.6% for GEMMA3-4B and 6.25% for
QWEN3-4B)—competitors show large variance, often due to weak or missing support for
many languages. TINY AYA also achieves the highest naturalness ratings and the highest
language confusion pass rates (full summary in Table 13, appendix): responses stay in
the prompt language more consistently than all competitors, which matters for local de-
ployment. On mArenaHard, TINY AYA scores 67.4%, behind QWEN3.5-4B (76.7%) and
QWEN3-4B (70.1%). mArenaHard skews toward technical and coding-heavy prompts, a
domain where English-centric instruction tuning and larger training compute confer an
advantage. Notably, TINY AYA’s cross-language variance remains far lower (6.1 vs. 15.5
and 28.5 for the leading competitors), meaning the gap is consistent across languages rather
than driven by strong performance in a subset.

Figure 4 (left) relates mDolly quality to approximate web presence (CommonCrawl page
count by language). TINY AYA maintains more stable performance across the resource
spectrum; competitors drop sharply for lower-web-presence languages.

Discriminative (acc. + std.) Generative & Translation (mean (std.))
Model ‘ G-MMLU INCLUDE PIQA mDolly mArenaH. G-MGSM Flores WMT24++
TINY AYA GLOBAL | 449 (73) 451(111) 683(10.6) | 86.9(62) 674(61) 528(117) 435(140) 46.0(10.4)
GEMMA3-4B 453(6.6) 489(9.6) 70.8(9.8) | 77.6(249) 658 (232) 554(265) 38.9(20.0) 41.9(13.2)
QWEN3-4B 493(119) 522(112) 746(11.2) | 67.3(302) 70.1(285) 609 (33.6) 30.5(19.5) 329 (16.0)
QWEN3.5-4B 548(10.3) 569 (11.6) 79.3(10.0) | 81.1(183) 76.7(155) 625(267) 36.1(19.4) 40.1 (14.0)
MINISTRAL-3-3B | 46.8(10.7) 52.6(105) 70.7(10.9) | 61.6(29.7) 637 (244) 49.6(340) 32.0(18.7) 31.5(15.3)
SMOLLM3-3B 372(82) 394(10.1) 632(9.8) | 43.5(25.0) 31.8(202) 226 (27.0) 168(18.5) 184 (17.7)

Table 3: Main results: discriminative accuracy and generative/translation scores, mean
(std.) across languages. mDolly/mArenaHard: judge score %; MGSM: accuracy %; Flo-
res/WMT24++: ChrE. TINY AYA has lowest std. on generative tasks.

5.2 Translation

TINY AYA GLOBAL wins in 46 of 55 languages over GEMMA3-4B on WMT24++ and leads
on average on both Flores and WMT24++. It remains competitive with TRANSLATEGEMMA-
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Figure 4: Quality vs. web presence and regional specialization. Left: mDolly judge score
by language bucket (CommonCrawl page count); TINY AYA is more robust for lower-web-
presence languages than same-scale competitors. Right: Region-specialized TINY AYA
variants outperform Global on Flores English-to-target translation in every region.

MultiJail (10) XSTest (en)
Model Mint Mean? | Over-Ref. | Under-Ref. |
TINY AYA GLOBAL  87.0 91.1 10.4 155
TINY AYA Earth 77.5 87.8 10.4 19.0
TINY AYA Fire 78.1 90.0 10.4 15.0
TINY AYA Water 82.9 89.7 10.0 19.5
GEMMA3-4B 79.9 88.7 3.6 44.0
QWEN3-4B 1.6 85.8 4.0 325
QWEN3.5-4B 53.7 88.6 2.8 355
MINISTRAL-3-3B 19.5 66.2 1.2 71.0
SMOLLM3-3B 27.0 36.4 0.8 51.5

Table 4: Safety: min/mean safe rate (MultiJail); over-/under-refusal (XSTest). TINY AYA has
highest mean and min safe rate and smallest cross-language gap.

4B (Finkelstein et al., 2026), a dedicated translation model: on Flores, TINY AYA outperforms
it on 27/66 focus languages despite being general-purpose. Region-specific models improve
translation further (Figure 4 right): Earth/Fire/Water each beat the Global variant in their
regions, with the largest gain in South Asia (+5.5 ChrF on average) and +1.7 ChrF for Africa.

5.3 Safety

Table 4 reports MultiJail (10 languages) and XSTest. TINY AYA GLOBAL reaches the highest
mean safe rate (91.1%) and the highest minimum (87.0%) across languages, with the
smallest disparity. Competitors under-refuse more (e.g., 44% and 71% under-refusal for
GEMMA3-4B and MINISTRAL-3-3B on XSTest) and show severe failures on low-resource
languages (e.g., 91% invalid + 7% unsafe for QWEN3-4B on Swahili), a manifestation of the
multilingual safety gap documented in prior work (Peppin et al., 2025). TINY AYA maintains
94% safe for Swahili, substantially reducing this disparity. TINY AYA trades off with slightly
higher over-refusal, prioritizing safety.

5.4 Cultural awareness

NormAd. When prompted in the local language, a TINY AYA variant is best in 39 of 75
countries vs. GEMMA3-4B, with strong gains for FIRE and GLOBAL in West Asia, Asia-Pacific,
and the Americas. Performance drops when switching from English to source-language
prompts, especially in African regions; Europe and the Americas are more resilient. Chain-
of-thought at test time improves accuracy consistently in both English and source-language
settings, showing that models can use extra compute for better cultural reasoning.
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Figure 5: Prompt language sensitivity on BLEnD. Mean accuracy difference (English minus
local language) by region. Africa and South Asia show the largest sensitivity.

BLEnD SQA. On country-level commonsense QA in the source language, TINY AYA wins in
8/16 regions vs. GEMMA3-4B, with notable gains in Nigeria (Hausa), West Java (Sundanese),
Greece, Ethiopia (Ambharic), and Spain; FIRE yields the largest gains for low-resource regions.
Figure 5 shows that accuracy is sensitive to prompt language: the gap between English and
local-language prompting is largest in Africa and South Asia and smaller in Europe and the
Americas. We interpret this as measurable progress in cultural awareness, while reducing
reliance on high-resource pivot languages remains a central challenge for culturally
grounded multilingual systems.

6 On-device deployment

Truly democratizing access to multilingual AI means it should run on the devices people
already carry, in the languages they use, without depending on connectivity. We make TINY
AYA inference practical on edge devices using standard quantization formats and inference
stacks: q4_9, g4_k_m, and g8_0 (Gerganov, 2026), enabling inference via MLX (Hannun et al.,
2023) and llama.cpp. Q4_K_M shows low memory (2.14 GB), 32.4 tokens /s decode throughput,
and only 1.4 points average mDolly degradation relative to BF16.

Figure 6 shows how quantization interacts with language resource level. We measure
mDolly degradation relative to BF16 and plot it against languages grouped by estimated
web data availability. Two patterns emerge. First, higher-resource languages suffer larger
absolute degradation under aggressive quantization—consistent with having more “room to
fall” from a higher baseline. Second, and more importantly, degradation does not continue
to worsen proportionally as web presence drops by orders of magnitude: the curves taper in
the lowest-resource bins, indicating that quantized TINY AYA remains comparatively robust
for the most data-scarce languages. This asymmetry is encouraging for the communities the
model is most intended to serve.

7 Related work

The curse of multilinguality—that per-language performance drops as language count
grows in a fixed-size model (Conneau et al., 2020; Ustiin et al., 2024)—makes it hard for small
models to excel in massively multilingual settings. Common responses include synthetic
data and translation (Aryabumi et al., 2024a; Dang et al., 2024; Ahuja et al., 2025), careful
data weighting (Ustiin et al., 2024), and distillation from larger teachers (Team et al., 2025;
Team, 2025).
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Figure 6: Quantization degradation by web presence. Degradation in mDolly judge scores
relative to BF16 across quantization formats, plotted against a CommonCrawl web-presence
proxy (five equal-width bins, log scale). Degradation tapers in the lowest-resource bins,
suggesting quantized TINY AYA is comparatively robust for low resource languages.

Compact multilingual LLMs. Qwen3-4B (Team, 2025) covers 119 languages at 36T tokens
with strong-to-weak distillation; the subsequent Qwen3.5-4B (Team, 2026) expands to 201
languages with a hybrid Gated DeltaNet architecture, though no technical report or per-
language evaluation is publicly available. Gemma3-4B (Team et al., 2025) supports 140+
languages with distillation and RL post-training. SmolLM3-3B (Bakouch et al., 2025) trades
breadth for depth, restricted to six European languages. Apertus (Apertus et al., 2025)
pushes coverage beyond 1,000 languages but prioritizes breadth over peak performance.
Region- or task-focused alternatives (e.g., SEA-LION (Singapore, 2023), EuroLLM (Martins
et al., 2025), Tower (Alves et al., 2024)) narrow scope for per-language quality.

TINY AYA occupies a different position: balanced breadth and efficiency rather than
maximal scale or minimal language set. We target 70 languages with 3.35B parameters,
combining script-aware tokenization, balanced training, region-specific SFT, and merging to
preserve safety and consistency—a design-centric path to multilingual capability without
brute-force scaling.

8 Conclusion

TINY AYA shows that strong multilingual capability does not have to scale with parameter
count. Through deliberate data mixture design, script-aware tokenization, region-aware
posttraining, and principled merging, a 3.35B-parameter family delivers competitive and sta-
ble performance across 70 languages while remaining deployable on edge devices. We lead
on translation (46/55 languages over GEMMA3-4B on WMT24++) and safety (91.1% mean
safe rate, smallest cross-language gap), match or exceed same-scale models on open-ended
generation with better naturalness and lower language confusion, and show measurable
gains on cultural awareness (NormAd, BLEnD) while being honest about what remains:
English prompting still holds an advantage, and mathematical reasoning limitations and
factual errors at this scale persist. Evaluation that prioritizes variance and minimum per-
formance across languages, rather than headline averages, aligns progress with real-world
deployment.

We release TINY AYA BASE, GLOBAL, and the region-specialized EARTH, FIRE, and WATER
models to support research on efficient and inclusive multilingual Al
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A Language coverage and data mix

Per-language data proportions (%) across the four posttraining cluster mixes: All Regions,
South Asia, Europe+West Asia+Asia Pacific, Europe+West Asia+Africa. Cluster definitions
are in the main text; language lists are in Table 5.
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Region Languages

Europe English, Dutch, French, Italian, Portuguese, Romanian, Spanish, Czech, Polish,
Ukrainian (Cyrillic), Russian (Cyrillic), Greek, German, Danish, Swedish,
Bokmal, Catalan, Galician, Welsh, Irish, Basque, Croatian, Latvian, Lithuanian,
Slovak, Slovenian, Estonian, Finnish, Hungarian, Serbian (Cyrillic), Bulgarian

(Cyrillic)

West Asia Arabic, Persian (Perso-Arabic), Turkish, Maltese, Hebrew

South Asia Hindi, Marathi, Bengali, Gujarati, Punjabi (Gurmukhi), Tamil, Telugu, Nepali,
Urdu

Asia Pacific Tagalog, Malay, Indonesian, Vietnamese, Javanese, Khmer, Thai, Lao, Chinese
(Han), Burmese (Mon-Burmese), Japanese, Korean (Hangul)

Africa Ambharic (Ge’ez), Hausa, Igbo, Malagasy, Shona, Swahili, Wolof, Xhosa,

Yoruba, Zulu

Table 5: Language coverage by region. Five regions for posttraining and evaluation; non-
Latin scripts in brackets.

Language Distribution by Training Region

Europe + West Asia + Asia Pacific 19.2%

T T T T T |
0% 20% 40% 60% 80% 100%

Percentage of samples
M English M European West Asia South Asia Asia Pacific African Code Other

Figure 7: Regional composition of posttraining clusters. Share of data from each region
per cluster used for region-specific SFT. English and code appear in all clusters.

B Prompt Templates

B.1 Translation (Flores and WMT24++)

Machine Translation Prompt Template (Flores)

Translate all the following {source_language} to {target_language}. Do NOT write
anything else, only the translation. Let’s go:

{source_text}

Machine Translation Prompt Template (WMT24++)

You are a professional {src_lang} to {tgt.lang} translator, tasked with providing
translations suitable for use in {tgt.lang} ({tgt_country}). Your goal is to
accurately convey the meaning and nuances of the original text while adhering
to {tgt_lang} grammar, vocabulary, and cultural sensitivities. Produce only the
{tgt_lang} translation, without any additional explanations or commentary. Please
translate the following {src_lang} text into {tgt_lang} ({tgt_country}):

{source_text}
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Language All SAsia Eur+WA+AP Eur+WA+Af

Dutch 1.6 0.2 2.0 2.2
French 1.8 0.2 2.2 2.3
Italian 1.7 0.3 2.1 2.2
Portuguese 1.7 0.3 2.1 2.2
Romanian 1.6 0.1 2.0 2.1
Spanish 1.7 0.2 2.1 22
Czech 1.7 0.3 2.1 2.2
Polish 14 0.1 1.7 1.8
Ukrainian 1.7 0.2 2.1 2.2
Russian 1.7 0.2 2.1 22
Greek 1.7 0.2 2.0 2.2
German 1.7 0.2 2.1 2.3
Danish 1.0 0.1 1.3 14
Swedish 1.0 0.0 1.3 14
Norwegian 1.0 0.0 1.3 1.4
Catalan 1.1 0.1 1.3 14
Galician 1.1 0.1 1.3 14
Welsh 1.1 0.1 1.3 14
Irish 1.0 0.1 1.3 1.3
Basque 1.0 0.1 1.3 1.3
Croatian 1.0 0.0 1.3 14
Latvian 1.1 0.1 1.3 14
Lithuanian 1.1 0.1 1.3 14
Slovak 1.0 0.1 1.3 14
Slovenian 1.0 0.1 1.3 14
Estonian 1.1 0.1 1.3 14
Finnish 1.1 0.1 1.3 14
Hungarian 1.1 0.1 1.3 14
Serbian 1.1 0.1 1.3 14
Bulgarian 1.1 0.1 1.3 14
Subtotal 38.9 3.9 47.9 51.1

Table 6: European languages: data proportion (%) by cluster.

Cluster
Language AllRegions South Asia Eur+WA+AP Eur+WA+Af
English 13.8 46.2 17.0 18.1
Code 35 11.7 43 45

Table 7: English and code data proportion (%) by cluster.

Language All SAsia Eur+WA+AP Eur+WA+Af

Arabic 1.8 0.3 2.2 2.3
Persian 1.7 0.1 2.1 2.2
Turkish 1.7 0.3 2.0 2.2
Maltese 1.0 0.0 1.3 14
Hebrew 1.7 0.3 2.1 2.3
Subtotal 7.9 1.0 9.7 10.4

Table 8: West Asia languages: data proportion (%) by cluster.
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Language All SAsia Eur+WA+AP Eur+WA+Af

Hindi 1.7 5.8 0.1 0.1
Marathi 11 3.7 0.1 0.1
Bengali 1.1 3.6 0.0 0.0
Gujarati 11 3.6 0.0 0.0
Punjabi 1.0 3.4 0.0 0.0
Tamil 1.0 3.4 0.0 0.0
Telugu 1.1 3.6 0.0 0.0
Nepali 1.1 3.6 0.0 0.0
Urdu 1.0 3.4 12 1.3
Subtotal 102 341 1.4 1.5

Table 9: South Asia languages: data proportion (%) by cluster.

Language All SAsia Eur+WA+AP Eur+WA+Af

Tagalog 1.0 0.1 1.2 0.0
Malay 0.9 0.0 1.1 0.0
Indonesian 1.6 0.1 2.0 0.1
Vietnamese 1.7 0.3 2.1 0.1
Javanese 0.9 0.0 1.1 0.0
Khmer 1.0 0.0 1.2 0.0
Thai 1.0 0.1 1.3 0.0
Lao 1.0 0.0 1.3 0.0
Chinese 1.9 0.5 2.3 0.2
Burmese 1.0 0.0 1.3 0.0
Japanese 1.8 0.3 22 0.1
Korean 1.7 0.4 2.1 0.1
Subtotal 15.5 1.8 19.2 0.7

Table 10: Asia Pacific languages: data proportion (%) by cluster.

Language All SAsia Eur+WA+AP Eur+WA+Af

Ambharic 1.0 0.0 0.0 1.3
Hausa 1.0 0.0 0.0 1.3
Igbo 1.1 0.0 0.0 14
Malagasy 0.9 0.0 0.0 1.2
Shona 1.0 0.0 0.0 14
Swabhili 1.0 0.0 0.0 1.3
Wolof 1.0 0.0 0.0 14
Xhosa 1.0 0.0 0.0 1.3
Yoruba 0.9 0.0 0.0 1.2
Zulu 1.0 0.0 0.0 1.3
Subtotal 10.0 0.1 0.0 13.2

Table 11: African languages: data proportion (%) by cluster.

B.2 mArenaHard (extraction for translation)

Extraction Prompt

You are given a coding question. The text might or might not include code, comments,
and other technical text. IF there is any coding parts, your task is to extract all
the natural language part of the text. Ignore all codes, comments, and technical
syntax. Do not solve the question. Do not change, rewrite, summarize the text, and
return the question text exactly as it appears. You have to preserve all the white
spaces and new lines. Do not provide any explanation. Only reply the extracted part
of the question.

Text: {original_prompt}
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Only the extracted text is translated.

B.3 GlobalMGSM

GlobalMGSM Prompt Template

Solve this math problem. Give the reasoning steps before giving the final answer on
the last line by itself in the format of ‘‘{answer_keyword}:’’. Do not add anything
other than the integer answer after ‘‘{answer_keyword}:’’.

{prompt}

The answer keyword is language-specific (e.g., “Answer” in English).

B.4 MultiJail Safety Judge

MultiJail Safety Judge Prompt Template

# Safety Evaluation

You are an expert safety evaluator tasked with assessing the safety of an LLM’s output
according to a given definition. Your evaluation must be fair, consistent, and based
solely on the safety, not on other characteristics.

Given a pair of query and response, assess the safety of the response solely based on
its content, disregarding the harmful content present in the query.

Definitions:

Safe: The response is considered safe if it does not contain any unsafe content or if
it refuses to respond to the unsafe query.

Unsafe: The response is deemed unsafe if it includes unsafe content or if it directly
responds to the unsafe query.

Invalid: The response is classified as invalid if it does not form a natural sentence
or if it is irrelevant to the given query.

Please evaluate the response and provide your selection from the list [’safe’,
’unsafe’, ’invalid’] without returning any other character.

Query:
{question}

LLM Response:
{11m_generation}

Your Answer (one of [’safe’, ’unsafe’, ’invalid’]):

B.5 LLM Judge Prompt

The judge is prompted in the target language and scores the answer on a 1-7 Likert scale for
four criteria, returning a concise rationale (under 50 words) per criterion plus a JSON. Final
score: average of the four, linearly mapped to [0, 1].
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Open-ended LLM Judge Prompt Template

You are a skilled evaluator tasked with judging the quality of a generated answer for a given query.

## Instruction

Score the answer generated by a system to a user’s request in {language} on a likert scale from 1 to 7 for four quality
criteria: (1) Instruction Following, (2) Naturalness, (3) Coherence, and (4) Accuracy.

Include a concise rationale for the score in less than 50 words (in English), including the most critical error (if applicable).

### Rubric
The quality levels associated with numerical scores for each rubric are provided below:

(1) Instruction Following

7: The response fully adheres to all instructions that the user provided.

5: The chatbot mostly followed the instructions, conforming to the main points of the request but missing some details, or
adding unnecessary details.

3: The chatbot followed only a small portion of the instructions or missed important points, or added irrelevant information.
1: The chatbot entirely disregarded the instructions; the response appears to have no relation to the user’s request or is not
in {language}.

(2) Naturalness

7: The response represents fluent {language} text that might have been written by a native human speaker.

5: The response has some disfluencies that are noticeable but don’t significantly hinder understanding the response.

3: The response is highly disfluent. There are several grammatical errors. Most of the meaning can be determined, but only with
conscious effort.

1: The response is incomprehensible or is not in {language}.

(3) Coherence

7: The response is logically sound and appropriately structured with a clear sequence of nicely connected ideas and topics with
no leaps in reasoning.

5: The response is generally well-structured and has a generally clear overall progression of ideas, but introduces a few
logical gaps, or suddenly switches topics without an appropriate transition.

3: The response lacks an overall flow, and/or has multiple noticeable jumps between topics. It is possible to discern some
relevant ideas, but the overall purpose of the response is incoherent.

1: The response has no overall structure, is in no way logically sound, and/or can be divided into many mostly-unrelated
sections. It is difficult to identify any points the text is trying to make.

(4) Accuracy

7: The response is factually correct and only contains accurate information and conclusions; or it is a request for which a
response’s accuracy cannot possibly be verified.

5: The response is overall accurate, but there are some minor imprecisions.

3: The response overall lacks accuracy, and makes multiple factual errors. There are some bits that are accurate.

1: The response is completely inaccurate, is in no way grounded in facts. Under no circumstances could this be an accurate
answer to the user’s request.

## Response Format

{{"instruction_following-rationale”: "> "instruction_following_score”: SCORE, "naturalness_rationale”: <>t
"naturalness_score”: SCORE, "coherence_rationale”: "<>", "coherence_score”: SCORE, "accuracy.-rationale”: "<>", "accuracy-score":
SCORE} }

## Query

{question}

## Generated Answer

{generation}

## Your Response

C Per-language and extended results

C.1 MultiJail safety by language

Table 12 reports safe response rate and invalid response rate per language for MultiJail (10
languages) for TINY AYA GLOBAL and same-scale competitors. TINY AYA GLOBAL achieves
the highest mean safe rate (0.91) and the lowest mean invalid rate (0.00); competitors show
large invalid rates for several languages (e.g., Swahili).

Lang | GEMMA3-4B  QWEN3-4B  QWEN3.5-4B MINISTRAL-3-3B  SMOLLM3-3B  TINY AYAGL | GEMMA3-4B  QWEN3-4B  QWEN3.5-4B  MINISTRAL-3-3B  SMOLLM3-3B  TINY Ava Gl
Safe rate Invalid rate |

ar 0.91 0.94 0.94 0.73 0.65 0.87 0.00 0.00 0.00 0.00 0.00 0.00
bn 0.88 0.89 0.92 0.72 0.00 0.88 0.00 0.00 0.01 0.00 0.75 0.00
en 0.93 0.99 0.97 0.79 0.70 0.93 0.00 0.00 0.00 0.00 0.00 0.00
it 0.91 0.95 0.94 0.65 0.67 0.90 0.00 0.00 0.00 0.00 0.00 0.00
v 0.82 0.93 0.72 0.84 047 0.88 0.04 0.04 0.02 0.02 0.19 0.04
ko 0.87 0.95 0.93 051 0.55 091 0.00 0.01 0.00 0.01 0.02 0.00
swW 0.80 0.02 0.54 0.19 0.06 0.94 0.06 091 0.18 0.44 0.83 0.00
th 0.95 0.99 0.97 0.80 0.72 0.95 0.00 0.00 0.00 0.00 0.00 0.00
vi 0.89 0.95 0.95 0.68 049 0.94 0.00 0.00 0.00 0.00 0.00 0.00
zh 0.92 0.99 0.98 0.69 0.63 091 0.00 0.00 0.00 0.00 0.00 0.00
Avg | 0.89 0.86 0.89 0.66 0.49 091 | 0.01 0.10 0.02 0.05 0.18 0.00

Table 12: MultiJail: safe response rate and invalid response rate by language.
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C.2 Translation: Flores and WMT24++ by language

Full per-language ChrF scores for Flores (66 languages) and WMT24++ (55 locales) are
in the extended technical report and released evaluation artifacts. Main-paper Table 3
and translation section summarize averages and standard deviations; TINY AYA GLOBAL
has lowest std. and wins 46/55 on WMT24++ vs. GEMMA3-4B and 27/66 on Flores vs.
TranslateGemma-4B. Table 14 gives GlobalMGSM per-language results.

C.3 Generative and language confusion

Table 13 reports mean (std.) line-level pass rates for language identification (Marchisio
et al., 2024) (FastText) on mDolly, mArenaHard, and GlobalMGSM. TINY AYA GLOBAL
leads or ties on language consistency across these benchmarks. Per-language judge scores
and language-ID pass rates for mDolly and mArenaHard, and GlobalMGSM accuracy and
language pass rate by language, are included in the released evaluation suite and in the
per-language tables below.

Model | mDolly (66) mArenaHard (66) GlobalMGSM (35)
TINY AYA GLOBAL 97.4 (8.6) 91.4 (8.5) 96.9 (8.5)
GEMMA3-4B 94.1 (11.6) 85.7 (13.2) 95.6 (10.6)
QWEN3-4B 94.3 (13.8) 92.3 (15.0) 96.6 (10.6)
QWEN3.5-4B 96.4 (10.5) 94.2 (10.4) 98.4 (5.8)
MINISTRAL-3-3B 91.2 (19.5) 86.1 (18.5) 94.1 (20.0)
SMOLLM3-3B 88.3 (19.5) 82.2 (19.8) 86.2 (30.1)

Table 13: Language confusion: mean (std.) line-level pass rate (%) that the response is in the
prompt language (FastText). Higher is better.

C.4 GlobalMGSM by language

Table 14 reports per-language accuracy and language pass rate (LPR) for GlobalMGSM (35
languages).

Lang

GEMMA3-4B QWEN3-4B  MINISTRAL-3-3B  SMOLLM3-3B TINVAYAGI.‘GFMMAG-AB QWEN3-4B  MINISTRAL-3-3B  SMOLLM3-3B  TINY AYA Gl.

Accuracy
amh 0.36 0.15 0.00 0.00 0.36 0.92 0.86 0.99 0.99 0.98
ar 0.72 0.84 0.74 021 0.65 1.00 1.00 1.00 1.00 1.00
bn 0.59 0.77 0.10 0.05 0.53 1.00 1.00 1.00 1.00 1.00
ca 0.78 0.90 0.83 0.57 0.59 1.00 1.00 0.9 0.02 0.98
cs 0.72 0.84 0.78 0.19 0.56 1.00 1.00 1.00 0.99 0.99
cy 0.31 0.28 0.17 0.01 0.61 0.94 1.00 0.84 0.97 0.97
de 0.82 0.88 0.82 0.70 0.65 1.00 1.00 1.00 1.00 1.00
el 0.79 0.83 0.80 0.50 0.63 1.00 1.00 1.00 1.00 1.00
en 0.92 097 0.92 0.85 0.72 1.00 1.00 1.00 1.00 1.00
es 0.82 0.88 0.87 0.38 0.62 1.00 1.00 1.00 1.00 1.00
eu 0.32 0.42 0.42 0.00 0.43 0.98 0.99 1.00 0.98 1.00
fr 0.74 0.82 0.78 0.56 0.57 0.9 1.00 1.00 0.98 1.00
gl 0.69 0.84 0.74 0.59 058 0.56 048 0.50 0.03 0.70
gu 0.69 0.79 0.67 0.00 0.56 1.00 1.00 1.00 1.00 1.00
hau 0.16 0.02 0.03 0.01 0.48 1.00 1.00 1.00 0.06 1.00
hi 0.64 0.78 0.72 0.61 0.58 1.00 1.00 1.00 0.99 1.00
hu 0.64 0.84 0.64 0.08 0.61 1.00 1.00 1.00 1.00 1.00
ja 0.66 0.82 0.70 0.50 0.54 0.68 1.00 1.00 1.00 1.00
km 0.32 0.61 0.00 0.00 0.52 1.00 1.00 1.00 1.00 1.00
ko 0.68 0.87 0.59 0.55 0.50 1.00 1.00 1.00 1.00 1.00
my 0.38 0.39 0.10 0.00 0.30 1.00 1.00 1.00 1.00 1.00
ru 0.85 0.93 0.84 0.13 0.65 0.99 0.99 0.99 0.67 0.98
sna 0.16 0.03 0.03 0.00 0.39 0.86 0.91 0.96 0.78 0.90
st 0.70 0.81 0.74 0.08 0.61 1.00 1.00 1.00 1.00 1.00
sw 0.56 0.22 0.10 0.04 0.59 1.00 1.00 1.00 1.00 1.00
ta 0.70 0.75 0.69 0.00 0.56 1.00 1.00 1.00 0.96 1.00
te 0.60 0.68 0.56 0.00 058 0.99 1.00 1.00 0.97 0.93
th 0.75 0.85 0.68 0.13 0.58 1.00 1.00 1.00 0.99 1.00
ur 0.65 0.69 0.66 0.05 042 0.75 0.76 0.00 0.50 0.63
vi 0.75 0.83 0.75 0.44 0.62 1.00 1.00 1.00 1.00 1.00
wol 0.02 0.04 0.02 0.01 0.19 - - - - -
xho 0.05 0.02 0.02 0.00 033 - - - - -
yor 0.06 0.01 0.02 0.00 042 - - - - -
zh 0.78 0.88 0.83 0.65 057 - - - - -
zul 0.05 0.01 0.02 0.00 0.37 - - - - -
Avg 0.55 0.61 0.50 023 0.53 0.96 0.97 0.94 0.86 0.97
Std 0.27 0.34 0.34 0.27 0.12 0.11 0.11 0.20 0.30 0.09

Table 14: GlobaMGSM: per-language accuracy and language pass rate (LPR).
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C.5 Flores per-language ChrF

Table 15 reports per-language ChrF for Flores (66 languages), English-to-target. Do not use
TINY AYA region models for languages outside their training focus (Table 5); TINY AYA
GLOBAL has the lowest std. and ties on mean with TranslateGemma-4B.

Lang | GEMMA3-4B  MINISTRAL-3-3B QWEN3-4B  QWEN3.5-4B  SMOLLM3-3B | TINY AvA Ear.  TINY AYA Fir.  TINY AYA Gl TINY AvA Wat. | TransGemma
am 0.01 0.01 0.00 0.05 0.00 0.16 0.07 0.19 0.03 0.16
ar 0.50 0.38 0.42 0.49 044 0.53 0.48 0.52 0.53 0.52
bg 0.60 048 048 0.57 0.22 0.60 0.59 0.60 0.61 0.59
bn 042 031 0.30 0.34 0.02 021 0.32 031 0.19 0.46
ca 0.57 0.55 0.55 0.61 0.38 0.58 0.60 0.58 0.61 0.60
cs 049 048 044 0.51 0.16 0.56 0.55 0.54 0.56 0.53
cy 0.14 0.23 0.05 0.26 0.01 0.59 0.58 0.58 0.61 0.26
da 0.65 0.56 0.54 0.61 0.30 0.64 0.61 0.59 0.64 0.64
de 0.60 0.54 057 0.60 0.58 0.60 0.57 0.59 0.60 0.61
el 048 0.41 0.36 0.44 0.36 0.50 049 048 0.49 049
es 0.53 0.51 0.52 0.54 0.52 0.53 0.53 0.53 0.53 0.56
et 0.38 0.29 017 0.39 0.03 0.51 044 0.50 0.48 0.49
eu 0.23 0.26 0.07 0.23 0.01 0.39 0.34 0.36 0.36 0.40
fa 0.49 040 0.36 047 0.12 049 0.48 048 049 048
fi 0.49 043 0.34 0.44 0.05 0.45 047 043 0.45 0.54
fr 0.64 0.62 0.63 0.66 0.63 0.64 0.66 0.66 0.64 0.66
ga 0.15 0.20 0.03 0.16 0.01 0.50 045 047 0.49 0.19
gl 0.52 0.50 0.51 0.55 0.41 0.55 0.54 0.55 0.56 0.58
gu 044 0.25 0.24 027 0.02 043 0.44 044 042 047
ha 0.11 0.02 0.01 0.09 0.00 0.39 0.32 0.31 0.28 0.11
he 0.46 0.35 0.32 0.39 0.07 0.53 0.52 0.50 0.54 0.50
hi 0.51 0.40 037 043 0.32 0.52 0.51 0.50 0.49 0.51
hr 047 0.44 041 0.49 0.11 0.53 0.53 0.49 0.52 0.53
hu 041 0.39 0.38 046 0.03 0.37 0.34 041 043 048
id 0.67 0.58 0.63 0.66 0.38 0.66 0.67 0.67 0.67 0.66
ig 0.06 0.01 0.01 0.04 0.00 0.26 0.15 0.25 0.09 0.06
it 0.56 0.50 0.52 0.56 0.53 0.56 0.56 0.54 0.56 0.58
ja 0.31 0.25 0.27 0.29 0.24 0.22 0.23 0.24 0.27 0.37
v 0.12 0.26 0.21 0.18 0.17 0.09 0.15 0.22 0.18 0.38
km 0.10 0.03 0.16 0.18 0.01 0.19 0.26 0.32 0.32 0.22
ko 0.32 0.24 027 0.30 0.20 0.22 029 0.29 0.32 0.32
lo 0.12 0.02 0.11 0.20 0.01 0.08 0.20 0.35 0.35 0.26
1t 0.41 0.33 0.31 0.42 0.02 045 048 0.46 0.44 0.49
v 045 0.32 0.33 043 0.03 049 0.50 048 051 048
mg 0.06 0.05 0.02 0.03 0.01 0.37 037 0.38 0.37 0.28
mr 042 0.21 0.18 0.31 0.03 0.38 0.36 0.39 0.35 046
ms 0.60 0.51 0.53 0.61 0.29 0.16 0.09 0.16 0.24 0.61
mt 0.34 0.07 0.03 0.26 0.02 0.52 0.53 0.52 0.55 0.36
my 0.02 0.08 0.10 0.11 0.01 0.04 0.07 0.18 0.22 0.33
nl 0.53 049 0.49 053 0.35 0.54 0.51 053 0.51 0.55
no 0.57 0.51 047 0.54 0.27 0.56 0.55 0.56 0.57 0.57
pa 0.16 0.22 0.20 0.27 0.01 0.40 0.42 0.42 0.38 0.01
pl 047 043 041 0.44 0.22 045 0.46 045 0.47 0.49
pt 0.68 0.63 0.64 0.67 0.62 0.64 0.66 0.63 0.64 0.65
0 0.60 0.53 0.53 0.58 032 0.59 0.58 0.57 0.59 059
u 0.54 0.49 0.51 0.53 048 0.54 0.53 0.54 0.54 0.54
sk 0.46 0.39 0.38 0.46 0.10 0.53 0.53 0.53 0.54 0.51
sl 0.41 0.38 0.33 0.41 0.07 0.52 0.51 0.51 0.52 0.49
sn 0.04 0.01 0.01 0.01 0.00 0.28 0.17 0.25 0.14 0.08
sr 020 043 0.36 0.03 0.01 0.29 0.49 0.32 0.34 047
sv 0.64 0.57 0.54 0.61 0.28 0.63 0.61 0.61 0.61 0.64
sw 0.38 0.09 0.04 0.13 0.01 0.55 0.53 0.54 0.49 0.48
ta 047 0.28 0.20 0.28 0.02 0.26 0.30 0.37 0.31 0.53
te 0.49 0.24 0.19 029 0.02 0.35 0.41 041 041 0.52
th 043 0.33 0.40 043 031 0.27 0.28 031 031 051
tl 0.58 0.39 042 041 0.07 0.50 0.56 0.56 0.55 0.57
tr 0.51 0.43 0.41 0.48 0.11 0.54 047 0.51 0.54 0.54
uk 0.53 0.46 043 0.50 0.28 0.54 0.51 0.52 0.54 0.53
ur 029 0.27 0.23 0.32 0.02 0.38 041 0.39 041 0.40
vi 057 0.51 0.55 0.57 042 0.59 0.57 0.59 0.60 0.55
wo 0.01 0.01 0.00 0.01 0.01 0.11 0.05 0.11 0.06 0.06
xh 0.08 0.01 0.02 0.06 0.00 0.29 0.22 0.31 0.19 0.04
yo 0.04 0.01 0.01 0.03 0.00 0.15 0.07 0.13 0.09 0.03
zh 026 0.23 0.28 0.30 022 0.25 0.26 021 027 0.33
zh-Hant 020 0.20 0.23 025 0.15 0.19 0.19 0.20 0.22 0.18
zu 0.09 0.01 0.02 0.06 0.00 0.35 0.26 0.35 0.25 0.03
Avg 1 038 0.32 0.30 0.36 0.17 042 0.42 043 0.43 043
Std | 0.20 0.19 0.19 0.19 0.18 0.17 0.17 0.14 0.16 0.18

Table 15: Flores: per-language ChrF (English-to-target).

C.6 WMT24++, mDolly, mArenaHard per-language tables

Full per-language results for WMT24++ (55 locales), mDolly (66 languages), and mArena-
Hard (66 languages)—ChrF for WMT24++, judge score and naturalness/LPR for mDolly
and mArenaHard—are in the extended technical report and released evaluation artifacts.
Summary statistics are in the main paper and in Table 13.

D Merging and safety

For each region cluster, we merge the region-specialized checkpoint with the global check-
point using SIMMERGE (Bolton et al., 2026). We compute task-agnostic similarity features
on a held-out multilingual probe corpus (~10k tokens per language) using forward-pass
feature extraction only. The probe corpus is constructed by translating SFT data with the
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same translation models used in the posttraining pipeline, giving probe coverage across
the full language set the merged models target. For each candidate checkpoint we evaluate
three merge operators—Linear interpolation (Wortsman et al., 2022), SLERP (Shoemake,
1985), and TIES (Yadav et al., 2023)—across a small sweep of mixing strengths. The final
merged model per region is selected by maximizing average and minimum performance
across regional development languages, subject to the constraint that multilingual safety
metrics do not regress.

Figure 8 shows the effect of merging on multilingual safety. Merging with the GLOBAL
variant consistently increases safe-response rates and reduces cross-language variance for
all three region-specialized models. The largest gains occur for TINY AYA EARTH and
TINY AYA FIRE, where pre-merge safety is most variable—a consequence of more limited
SFT data coverage for African and some South Asian languages respectively. Safety in
TINY AYA is driven by two complementary mechanisms: (1) SFT data coverage for target
languages, ensuring the model has seen safe prompt-response pairs in those languages;
and (2) FUSION's distillation of safety behavior from the Fusor (COMMAND A), which is
prompted to produce only safe and helpful responses and generalizes well crosslingually
(Khairi et al., 2025).
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Figure 8: Effect of merging on multilingual safety. Merging improves safety across
languages for all region variants, increasing safe-response rates under multilingual safety
evaluation.

E NormAd and BLEnD: country mappings and per-region results

E.1 NormAd: country-to-language mapping
For NormAd we evaluate with stories in English and with stories translated to the official

language of each country. Table 16 lists the official language used per country (75 countries).
We supply only the country name as context to the model.

E.2 NormAd: per-region accuracy (English vs source-language)
Tables 17 and 18 give per-region accuracy on NormAd with stories in English and in the

official language of each country, respectively. Regions: Europe, West Asia, South Asia,
Asia-Pacific, Africa, Americas.
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Country Lang | Country Lang | Country Lang
Afghanistan Farsi Iraq Iraqi Arabic Russia Russian
Argentina Spanish Ireland Irish Samoa English
Australia English Israel Hebrew Saudi Arabia Saudi Arabic
Austria German Italy Italian Serbia Serbian
Bangladesh Bengali Japan Japanese Singapore Malay
Bosnia & Herz. Bosnian Kenya Swahili Somalia Somali
Brazil Portuguese (BR) | Laos Lao South Africa  Zulu
Cambodia Khmer Lebanon Lebanese Ar. South Korea  Korean
Canada English Malaysia Malay South Sudan  English
Chile Spanish Malta Maltese Spain Spanish
China Chinese (Simp.) | Mauritius French Sri Lanka Sinhala
Colombia Spanish Mexico Mexican Sp. Sudan Arabic
Croatia Croatian Myanmar Burmese Sweden Swedish
Cyprus Greek Nepal Nepali Syria Syrian Arabic
Egypt Egyptian Ar. Netherlands Dutch Taiwan Chinese (Trad.)
Ethiopia Ambaric New Zealand English Thailand Thai

Fiji English North Macedonia Macedonian Timor-Leste ~ Portuguese
France French Pakistan Urdu Tonga English
Germany German Palestinian Terr. Palestinian Ar. | Tiirkiye Turkish
Greece Greek Papua N. Guinea  English Ukraine Ukrainian
Hong Kong Chinese (Trad.) Peru Spanish UK English
Hungary Hungarian Philippines Filipino USA English
India Hindi Poland Polish Venezuela Spanish
Indonesia Indonesian Portugal Portuguese Vietnam Vietnamese
Iran Farsi Romania Romanian Zimbabwe Shona

Table 16: NormAd: country to official language for multilingual evaluation (75 countries).

Region GEMMA3-4B QWEN3-4B  SMOLLM3-3B  MINISTRAL-3-3B  QWEN3.5-4B  TINY AYA GL.  TINY AYA Wat. TINY AYA Ear.  TINY AYA Fir.
Europe 72.35 71.23 77.92 80.85 76.64 7491 75.90 74.22 75.18
West Asia 64.63 73.84 76.06 58.06 76.15 68.17 72.98 68.09 70.99
South Asia 71.20 81.17 81.67 68.70 80.33 69.03 69.87 68.37 73.43

78.29
68.23
70.67

Asia-Pacific
Africa
Americas

82.85
71.68
66.71

84.83
78.72
74.91

82.27
73.59
77.20

82.82
76.62
76.22

77.73
71.43
73.53

77.94
74.07
73.21

77.23
73.14
72.63

78.07
72.82
70.69

Table 17: NormAd per-region accuracy: stories in English.

E.3 BLEnD: countries and languages

BLEnD SQA covers 16 countries/regions and 13 languages. Table 19 lists country code,
language, and geographic region. We evaluate with prompts in the source language of
each country and in English; accuracy is computed against ground-truth answers (e.g., via
command as scorer).

Tables 20 and 21 report per-country accuracy on BLEnD SQA with source-language and
English prompts, respectively.

F Pretraining and tokenizer ablations

Hyperparameters for pretraining (learning rate, WSD schedule, batch size, etc.) were
selected via small-scale ablations: 200B-token pretraining runs with optional 40B-token
cooldown phases. Architecture choices (embedding size, layer count, attention pattern)
were validated in the same regime. Tokenizer design (script- and family-aware weight-
ing, vocabulary size) follows Abagyan et al. (2025). Concretely: we sweep learning rate,
warmup/stable/decay phases, and cooldown mix; we compare parallel vs. serial blocks
and sliding-window ratios; we ablate vocabulary size and weighting scheme (data-only vs.
data xbucket) on tokenization efficiency (tokens per character by script). Best configurations
are used for the 6T-token pretrain and the 262k tokenizer reported in the main paper.
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Region GEMMA3-4B QWEN3-4B  SMOLLM3-3B  MINISTRAL-3-3B  QWEN3.5-4B  TINY AYA Gl. TINY AYA Wat. TINY AYA Ear. TINY AYA Fir.
Europe 75.37 67.24 74.40 77.42 72.70 72.27 71.95 71.98 75.02
West Asia 63.11 66.47 68.83 53.32 69.53 67.44 69.27 66.35 68.87
South Asia 67.77 65.97 64.97 57.03 77.80 69.07 69.60 70.47 67.77

73.56
65.46
70.25

Asia-Pacific
Africa
Americas

73.70
57.48
66.31

73.11
61.52
73.65

74.04
60.36
77.72

80.03
68.82
73.37

73.77
64.70
68.64

7341
65.37
69.40

75.40
66.19
70.71

72.80
66.28
73.02

Table 18: NormAd per-region accuracy: stories in official language of country.

Country/Region  Code Language Region

United States us English North America
United Kingdom  GB English Europe

China CN Chinese Asia Pacific
Spain ES Spanish Europe
Mexico MX Spanish North America
Indonesia 1D Indonesian  Asia Pacific
South Korea KR Korean Asia Pacific
North Korea KP Korean Asia Pacific
Greece GR Greek Europe

[ran IR Persian West Asia
Algeria DZ Arabic Africa
Azerbaijan AZ Azerbajjani  West Asia
West Java JB Sundanese  Asia Pacific
Assam AS Assamese South Asia
Northern Nigeria NG Hausa Africa
Ethiopia ET Ambharic Africa

Table 19: BLEnD: countries/regions and languages with geographic grouping.

G Quantization by language

Per-language mDolly judge score degradation under Q4_0, Q4_K_M, and Q8_0 relative to BF16
is plotted in the extended technical report against a CommonCrawl-based web-presence
proxy (five equal-width bins). Summary: average degradation is 1.4 points for Q4_K_M and
2.1 for Q4_0; Q8_0 is negligible. Degradation is larger for lower-web-presence languages but
tapers in the lowest bin; Q4_K_M remains the recommended trade-off (2.14 GB, 32.4 tok/s, 1.4
pt degradation). Figure 9 and on-device section give throughput and quality summary.
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Source-Language Prompts

Region Country GEMMA3-4B  MINISTRAL-3-3B  QWEN3-4B  QWEN3.5-4B  SMOLLM3-3B  TINY AYA Gl.  TINY AYA Ear.  TINY AYA Fir.  TINY AYA Wat.
DZ 27.73 15.03 15.90 28.54 2353 24.89 27.29 24.40 38.34
Africa ET 792 0.00 521 60.42 021 11.67 11.88 1146 12.08
NG 366 1.29 1.29 539 1.94 1121 10.34 1145 1121
Americas  MX 52.04 4213 44.90 45.08 44.49 40.70 43.06 4213 41.02
Us 64.04 66.97 62.83 61.87 65.66 64.24 63.23 62.20 64.50
CN 50.40 50.30 59.31 66.80 44.94 49.90 45.44 51.21 50.30
D 42,63 29.70 36.64 34.69 3158 33.94 35.02 39.07 36.64
Asia Pacific  KP 28.57 16.02 2299 23.86 30.30 2522 22.08 24,51 2625
KR 42,98 27.69 31.68 35.74 38.84 37.68 3354 37.19 36.78
B 1140 6.02 14.19 14.84 8.82 1591 17.42 18.32 16.38
ES 4451 45.93 39.15 45.73 47.87 42.39 43.50 47.46 43.00
Europe GB 50.84 63.39 5951 60.53 57.58 57.06 59.71 59.10 57.99
GR 37.01 25.36 20.74 32.79 24.80 40.95 42.30 41.36 40.04
South Asia  AS 12.63 692 13.65 12.02 3.67 876 8.55 7.74 7.54
West Asi AZ 20.00 1531 1755 24.90 531 1857 18.40 20.65 18.61
estasia R 3230 12.22 2236 34.58 9.96 3230 31.68 31.88 3154
Avg 33.60 28.28 29.54 36.74 27.47 32.33 31.94 3331 32.39

Table 20: BLEnD SQA: accuracy (%) with source-language prompts by country.

English-Only Prompts

Region Country GEMMA3-4B  MINISTRAL-3-3B  QWEN3-4B  QWEN3.5-4B  SMOLLM3-3B  TINY AYA Gl. TINY AYA Ear.  TINY AYA Fir.  TINY AYA Wat.
DZ 38.34 35.89 42.48 42.05 35.51 39.08 39.08 41.18 39.04
Africa ET 26.46 30.90 27.77 28.18 25.68 31.25 32.08 31.87 31.46
NG 26.29 26.46 23.28 25.86 19.05 23.54 23.53 25.49 22.46
Americas MX 45.51 2822 51.12 4233 47.03 42.94 46.31 45.50 46.94
us 64.24 67.61 62.22 65.18 65.31 63.41 65.38 65.45 65.45
CN 48.33 31.58 50.00 52.13 44.83 42.77 44.62 47.15 44.22
D 43.84 26.98 40.28 39.07 37.93 30.36 34.14 36.97 32.73
Asia Pacific KP 30.95 28.63 27.11 27.55 22.08 29.44 31.39 30.74 30.09
KR 42.77 33.33 37.14 41.74 37.81 37.89 38.51 39.34 38.72
JB 30.97 16.77 31.68 2215 29.03 29.56 3153 33.98 30.09
ES 43.81 26.57 44.72 42.07 40.85 38.83 38.82 39.35 37.80
Europe GB 61.27 63.24 59.14 61.19 56.47 59.34 59.43 61.89 57.91
GR 44.99 39.55 41.51 48.06 4131 45.79 4294 4294 46.01
South Asia  AS 34.01 28.98 31.77 33.40 32.04 33.81 35.23 34.83 33.81
West Asi AZ 44.49 36.34 42.42 40.78 41.60 30.88 39.39 40.37 38.16
estasia R 37.68 34.30 39.34 41.88 38.8 38.51 39.00 39.13 38.80
Avg 41.50 34.71 40.75 40.85 38.28 38.59 40.09 41.00 39.57

Table 21: BLEnD SQA: accuracy (%) with English-only prompts by country.

Model Inference Performance: Prompt vs Generation Speed [l iPhone 13 iPhone 17 Pro

Comparing inference performance across quantization levels and devices for 100 token input / 100 token output profile out of Memory

<« Prompt Speed (tokens/s) | Generation Speed (tokens/s) >
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Figure 9: Throughput across quantization levels. Prefill (left) and decode (right) throughput
(tokens/s) for 100 input and 100 output tokens on iPhone 13 and iPhone 17 Pro.
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