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Abstract

We use Finnish and Northern Sdmi as a case
study to investigate how suitable multilingual
LLMs are for low-resource machine transla-
tion and how much performance can be im-
proved using supervised finetuning with vary-
ing amounts of parallel data. Our experiments
on zero-shot translation reveal that mainstream
multilingual LLMs from a variety of model
families are unsuitable for translation between
our chosen languages as-is, regardless of the
generation hyperparameters. On the other hand,
our experiments on supervised finetuning re-
veal that even relatively small amounts of par-
allel data can be very useful for improving per-
formance in both translation directions.

1 Introduction

This paper focuses on benchmarking the usabil-
ity of multilingual large language models (LLMs)
for machine translation (MT) between less-studied
languages. We evaluate MT between two Uralic
languages, Finnish (fin) and Northern Sami (sme).

Finnish is primarily spoken in Finland, whereas
Northern Sdmi is spoken by the Indigenous Sami
people primarily located in Finland, Sweden, and
Norway. Despite their relatedness and similar lin-
guistic characteristics such as agglutinative mor-
phology, Finnish and Northern Sdmi are vastly dif-
ferent in terms of number of speakers and language
technology support.

Finnish is often regarded as a “medium-
resourced” language given its speaker base of ap-
proximately 6 million and relatively large amount
of available digital resources. In contrast, Northern
Sami remains extremely low-resourced with only
approximately 25,000 speakers and far fewer dig-
ital resources. The lack of resources in Northern
Sémi is due to many factors, including its status
as a minority language whose speakers often also
speak another majority language which is used in
online communication.

This paper provides a case study of how well
modern multilingual LLMs support extremely low-
resourced languages like Northern Sdmi and how
easily they can be adapted via supervised finetuning
to perform better at MT. While we only focus on
one language pair, our hope is that the findings of
this paper can be generalized to further languages.

This paper makes the following contributions.
First, we assess how modern multilingual LLMs
perform as zero-shot translators between Finnish
and Northern Sami. Second, we demonstrate
how MADLAD-400, a recent multilingual encoder-
decoder model, can be adapted using only small
amounts of parallel data to perform well at Finnish-
Northern Sami MT. Our results show that, de-
spite low zero-shot scores, MADLAD-400 can be
adapted to rival the performance of recent bilingual
models for Finnish-to-Northern Sdmi MT and to
reach a new state-of-the-art in the Northern Sami-
to-Finnish direction. Finally, we also discuss the
utility of various data augmentation schemes such
as mixing translation directions during finetuning
as well as the use of synthetic data. All code
is available at https://www.github.com/joma/
how-multilingual-is-multilingual.

2 Related Work

Developing language technology applications for
Sami languages has a long history and ranges from
rule-based language documentation with FSTs (e.g.
Rueter and Hamildinen, 2020) to more modern
NLP tasks like text classification (Alnajjar et al.,
2024) and non-text applications like automated
speech recognition (e.g. Getman et al., 2024; Hio-
vain and Suni, 2025; Gamboni, 2025).

Recently there has also been an interest in MT
for Northern Sdmi, starting with Aulamo et al.
(2021) who developed RNN and Transformer-
based translation models for Finnish and North-
ern Sdmi and whose work was later expanded by
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Corpus Sentences
Full data sets (Aulamo et al., 2021)

Parallel data 25,106
Bidirectional parallel data 50,212
Parallel data + synthetic data 487,862
Test and validation sets

UiT test set 2,000
YLE test set 151

Table 1: Finetuning and evaluation data set sizes (num-
ber of sentences) across our experiments.

Silevid and Lignos (2024). In addition to bilingual
models, there has also been interest in massively
multilingual MT models for Northern Sdmi (e.g.
Tars et al., 2022a,b; Yankovskaya et al., 2023).

With the advent of LLMs, there has also been
interest in developing multilingual models that sup-
port Northern Sdmi. A survey of this landscape is
provided by Paul et al. (2024). The MADLAD-400
dataset and associated T5-style models introduced
by Kudugunta et al. (2023) were among the first
openly-available LLMs to do so. A related trend is
developing geography-specific models that support
Northern Sdmi in addition to majority languages
of a given country, such as NorMistral (Samuel
et al., 2025) which supports variants of Norwegian
in addition to Northern Sami, but not Finnish.

3 Datasets and Models

Datasets All of our experiments rely on the train-
ing and evaluation data originally introduced by
Aulamo et al. (2021) and also used by Silevé and
Lignos (2024). All corpus sizes can be seen in
Table 1. For evaluation, we use the general do-
main UiT test set of 2,000 sentence pairs as well
as the smaller YLE test set of 151 sentences which
is restricted to the news domain. Our finetuning
experiments use the UiT training set which con-
tains 25,106 parallel sentences. Our “bidirectional
parallel data” set consists of the UiT training set
repeated twice, once with Finnish as the source
language and another time with Northern Sami
as the source language. Finally, our “parallel +
synthetic data” includes 487,862 sentence pairs,
consisting of the original 25,106 parallel sentences
from the UiT train set as well as 462,756 pseudo-
parallel sentences with human-generated Northern
Séami text and synthetic Finnish text generated us-
ing a rule-based MT system. It corresponds to the
RBMT-all-bt training set of Aulamo et al. (2021).

Models Our experiments use models from five
multilingual language model families: MADLAD-
400 (Kudugunta et al., 2023), Gemma 3 by Google
(Team et al., 2025), Aya 101 (Ustiin et al., 2024)
and Aya Expanse (Dang et al., 2024) by Cohere,
and Ministral 3 by MistralAL'

Out of the five model families, Gemma 3, Aya
Expanse, and Ministral 3 are causal, decoder-only
language models whereas MADLAD-400 and Aya
101 use an encoder-decoder architecture. The mod-
els we use range in size from relatively small to
medium to large. MADLAD-400 and Aya 101
are the smallest model families, containing only
3B/10B parameters for MADLAD-400 and 13B for
Aya 101. Ministral 3 also belongs to the medium-
sized category with 14B parameters. Gemma 3 and
Aya Expanse are the largest models we use with
27B and 32B parameters, respectively. In terms of
language support, only MADLAD-400 explicitly
supports both Finnish and Northern Sdmi whereas
Aya 101 provides support for Finnish only. The
language support of Gemma 3 is unknown but the
technical report claims support for 140 languages
(Team et al., 2025). Ministral 3 and Aya Expanse
are multilingual LLMs but do not explicitly support
either Finnish or Northern Sami.

Experimental setup We experiment with
both zero-shot translation as well as post-
training using supervised finetuning. We run
all zero-shot translation evaluations using the
Im-evaluation-harness library by EleutherAl
(Gao et al., 2024). For the post-training ex-
periments with MADLAD-400, we rely on
HuggingFace Transformers (Wolf et al., 2019)
for both training and inference. For the Gemma
3 finetuning experiments we use the Unsloth
framework (Han et al., 2023). For evaluation,
we use BLEU (Papineni et al., 2002) and chrF2
(Popovic, 2015) computed using the sacrebleu
library (Post, 2018).

For zero-shot translation, uncertainty around ob-
served BLEU and chrF2 scores is quantified us-
ing the bootstrapping mechanism implemented in
Ilm-evaluation-harness and given as the stan-
dard deviation in our tables. In experiments that
do not use Im-evaluation-harness, we compute
the bootstrap standard deviation using a custom
script based on sufficient statistics obtained from
sacrebleu.

"https://huggingface.co/mistralai/Ministral-3-14B-
Instruct-2512
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UiT (general) YLE (news)

Direction Model BLEU chrF BLEU chrF
MADLAD-400-3B-MT 52040.26 26.59+0.47 5394105 26.6311.33
MADLAD-400-10B-MT 9.041036 38.77+0.39 5.87+0.90 30.48+1.64

. . L. Gemma 3 27B O-OOiO.OO 0.98i0‘01 0~00i0400 0.63i0‘03
Finnish = Sdmi 01 138 2131010 17392010  0.88%0s3 15.804070
Aya Expanse 32B 09210.00 14.5910.21 0.7140.21  15.83+0.63

Ministral 3 14B 0~39:t0.06 1 ].47:&0.16 0.13i0,03 13.82:&0.63
MADLAD-400-3B-MT 18.854058 50.7841050 153214145 39.28411.50
MADLAD-400-10B-MT  24.24_1059 56.401051 18.041155 42.44., 73

. - Gemma 3 27B 0.00-+0.00 0.73+0.01 0.00-+0.00 0.5340.02
Sdmi = Finnish — »0.'101 138 2732000 24881020 2404073 22484075
Aya Expanse 32B 0.4510.04 16.8410.16 0.17+0.05 12.5440.50

Ministral 3 14B 0.62i0A10 11‘77i0A18 0.19i0A05 12.66i0A62

Table 2: Results of zero-shot MT experiments between Finnish and Northern Sdmi using greedy decoding. Uncer-
tainty intervals represent 1 standard deviation computed using bootstrap resampling.

4 Results

4.1 Zero-shot Translation

As our first experiment, we investigate the zero-
shot translation capability in both translation di-
rections. We focus on two settings: first, gener-
ation using greedy decoding (the default setting
in Im-evaluation-harness) as well as sampling-
based generation. For sampling, we use a tempera-
ture of 7' = 1 for all models except MADLAD-400
for which we use 7' = 0.1.

The results using greedy decoding and sampling
can be seen in Tables 2 and 3, respectively. Regard-
less of the decoding algorithm, MADLAD variants
perform best out of all the models considered. In
the greedy decoding condition, MADLAD-10B
achieves BLEU scores of 9.04 (UiT) / 5.87 (YLE)
on Finnish-to-Northern Sami and 24.24 (UiT) /
18.04 (YLE) on Northern Sami-to-Finnish.

Sampling-based decoding yields similar results,
and MADLAD-10B achieves BLEU scores of 9.17
(UiT) / 7.13 (YLE) on Finnish-to-Northern Sami
and 24.10 (UiT) / 18.04 (YLE) on Northern Sami-
to-Finnish. The 3B model lags behind the larger
10B model by 2-6 BLEU points in most conditions.
The exception to this is the YLE test set on Finnish-
to-Northern Sdmi where the gap between the two
models is less than 1 BLEU point.

The other models generally perform significantly
worse than either of the MADLAD variants. Aya
101 places third when using greedy decoding and
scores around 2-3 BLEU on all test sets and in all
translation directions. Aya Expanse and Ministral
achieve very low translation scores across all tasks,
which makes sense given their lack of support for
either Finnish or Northern Sami.

Gemma 3 is a notable exception, performing
significantly better using sampling compared to
greedy decoding. With greedy decoding, it scores
between 0 and 1 in terms of BLEU in both transla-
tion directions. However, when sampling is used,
the BLEU scores are within two standard devi-
ations of MADLAD-3B on Finnish-to-Northern
Sami for both UiT and YLE test sets and for the
YLE test set on Northern Sdmi-to-Finnish. This
led us to experiment with the generation tempera-
ture of Gemma 3 in order to interpolate between
greedy decoding and temperature-based sampling;
the results can be seen in Appendix A.

4.2 Post-training for MADLAD-400

As MADLAD-400 variants were the best perform-
ing models across our zero-shot translation experi-
ments, we next focused on post-training the 3B and
10B variants with supervised finetuning (SFT).

Motivated by the past experiments of Aulamo
et al. (2021) and Silevi and Lignos (2024), our cen-
tral research question was how much data would
be needed to achieve good performance. This led
us to experiment with three types of SFT data sets,
as explained in Section 3. All SFT experiments
were trained for 3 epochs, with the exception of the
“synthetic” condition which we trained for 1 epoch
due to computational constraints. For decoding, we
used beam search with a beam width of 4.

The results of this experiment can be seen in
Table 4. Without finetuning, both MADLAD vari-
ants do relatively poorly. The 3B variant achieves
BLEU scores of 6.22 (UiT) / 5.39 (YLE) on the
Finnish-to-Northern Sami direction, and the 10B
variant achieves BLEU scores of 10.75 (UiT) /9.59
(YLE). In the Northern Sdmi-to-Finnish direction,
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UiT (general) YLE (news)

Direction Model BLEU chrF BLEU chrF
MADLAD-400-3B-MT 5161028 26.4410.40 4.854+0.90 26424134
MADLAD-400-10B-MT 9171034 38.6710.36 7134120 31.0941 .28

. . L. Gemma 3 27B 4-49i0.25 30~42i0425 3~37i0478 26.98i0‘s3
Finnish = Sdmi 01 138 1884020 17.000015 093045  16.57+0.66
Aya Expanse 32B 0.3210.03 10433014  0.1440.05 9.1240.40

Ministral 3 14B 0.38i0,05 11.47;‘:0.15 0.12i0,03 13.67;&0_70
MADLAD-400-3B-MT 19.164057 51204051 15224162 39.1541.71
MADLAD-400-10B-MT  24.101064 56.331056 18.041150 42.3311 89

L. L. Gemma 3 27B 99641042 42.7110.42 6.0241.17 31914133
Sdmi = Finnish — »0.'101 138 2405010 25461021 184106 22155070
Aya Expanse 32B 0.4610.04 15.8210.15 0.18+0.05 11.4540.57

Ministral 3 14B 0.62+0.10 11.47+0.19 0.27+0.07 12.7940.59

Table 3: Results of zero-shot MT experiments between Finnish and Northern Sdmi using sampling-based decoding.

Uncertainty intervals represent 1 standard deviation computed using bootstrap resampling.

UiT (general) YLE (news)
Model Direction Finetune type BLEU chrF BLEU chrF
None 6.2210.20 29.88+0.47 5.3910.03 28.9917.43
. . L. Parallel 23.22i0,51 58.01i0,39 12-44:t1.28 40.59i1,35
Finnish = Sami  p; yirectional 24195055 58.69:0.41 13471150 41954 o
MADLAD-400-3B-MT Parallel + synthetic 6.20+0.30 29.70+0.45 5331096 28.97+1.34
None 21.00i0_57 54‘72i0,45 16.00i1,53 41.13i1,43
L, . . . Parallel 36.15;‘:0,(34 66.53i0,47 19.37i1,72 45.76i1,49
Sdmi = Finnish g 437 ctional 35641065 66251047 20.69:177 45.8941 45
Parallel + synthetic 21.07i0,54 54-58:t0.46 16.04i1,54 4l~15:t1.46
None 10.7540.38 42.45410.39 9594111 34.5041 43
L. .. Parallel 28.28 4054 62.0640.44 14.88+126 45421195
Finnish = Sami g girectional 29371058 63.021040 15324131 45294130
MADLAD-400-10B-MT Parallel + synthetic  22.444054 574541040 12354172 41.5541.75
None 25.68i0,63 59-31i0.48 17-64j:1.98 43-32j:1.77
L. . . Parallel 42.00i072 70.79i()‘4s 23»08i1A67 50'54&1‘52
Sdmi = Finnish  p; 431 ctional 41971001 70755047 23681182 SL1041 s
Parallel + synthetic 19.0340.53 56.0310.44 11.7941.15 40.6941 .32

Table 4: Results for the MADLAD-3B and 10B supervised finetuning experiments. Uncertainty intervals represent
1 standard deviation computed using bootstrap resampling.

both models perform better, with the 3B variant
scoring 21.00 (UiT) / 16.00 (YLE) BLEU, and the
10B achieving BLEU scores of 25.68 (UiT) / 17.64
(YLE). The better performance when translating
into Finnish is attributable to the larger amount of
Finnish training data used in the pretraining.

Even small amounts of finetuning data seem to
yield meaningful improvements. When translat-
ing into Northern Sdmi, MADLAD-3B achieves
BLEU scores of 23.22 (UiT) / 12.44 BLEU (YLE),
an improvement of over 100% over the no fine-
tuning setting. The 10B model benefits as well,
scoring 28.28 (UiT) / 14.88 (YLE) BLEU when
translating into Northern Sdmi and 42.00 BLEU
(UiT) and 23.08 BLEU (YLE) when translating
into Finnish, all near 50% improvement. The “bidi-

rectional” SFT data is also somewhat helpful but to
a lesser extent; while it does yield small improve-
ments of approximately 0.5-1 BLEU at times, it is
practically tied with the regular finetuning setting.
Most promisingly, the Northern Sdmi-to-Finnish re-
sults represent a state-of-the-art improvement over
those achieved by Silevd and Lignos (2024) (42.00
vs. 28.21 BLEU on UiT, 23.68 vs. 11.03 BLEU on
YLE). We also note that while the standard devia-
tions of the YLE results are quite large at roughly
1.5 points, our improvements are far larger in mag-
nitude, indicating their significance.

The use of synthetic data seems less helpful.
When translating into Northern Sdmi, the 10B
model seems to benefit from it on both the UiT
and YLE translation tasks (22.44 vs. 10.75 BLEU
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for UiT, 12.35 vs. 9.59 BLEU for YLE), while the
performance of the 3B model remains essentially
unchanged (6.20 vs. 6.22 BLEU for UiT, 5.33 vs.
5.39 BLEU for YLE). In the Northern Sdmi-to-
Finnish direction, the 10B model’s performance
degrades substantially when using synthetic data
(19.03 vs. 25.68 BLEU for UiT, 11.79 vs. 17.64
BLEU for YLE), while the 3B model remains sta-
ble (21.07 vs. 21.00 BLEU for UiT, 16.04 vs. 16.00
BLEU for YLE). This differs from Sélevi and Lig-
nos (2024), who observe that synthetic target-side
data seem to aid in generating backtranslation data
which ultimately yields better downstream perfor-
mance. This suggests that previous findings regard-
ing synthetic data on bilingual Transformer models
trained from scratch may not extend to finetuning
multilingual models, particularly larger ones.

4.3 Post-training for Gemma 3

Despite its poor performance in our zero-shot ex-
periments, the performance improvement Gemma
3 showed with sampling-based decoding (c.f. Ta-
bles 2 and 3) motivated us to investigate how ef-
fectively further support for the Finnish—Northern
S4mi language pair could be added to the model.
To experiment with this, we opted for supervised
finetuning similar to the earlier MADLAD-400 ex-
periments. We used the 4B and 12B versions of
the instruction-tuned Gemma 3 variant® and fine-
tuned it using the 25,106 parallel sentences. We
evaluated finetuning at 3 and 10 epochs.

The results of this experiment can be seen in
Table 9 in the Appendix. To mimic the earlier
experiments, we evaluated each finetuned model
using both greedy and sampling-based decoding.
Counterintuitively, greedy decoding consistently
outperformed sampling which contrasts with our
zero-shot findings where sampling was necessary
for the model to produce reasonable output. The
12B model trained for 10 epochs achieved the best
results, scoring 12.49 (UiT) /5.93 (YLE) BLEU on
Finnish-to-Northern Sami and 14.66 (UiT) / 6.12
(YLE) BLEU on Northern Sdmi-to-Finnish. While
these scores represent a substantial improvement
over the near-zero baseline, they still fall short of
the finetuned MADLAD models. Training for 10
epochs yielded modest gains over 3 epochs, with
improvements of approximately 1 BLEU point on
the UiT test set in both translation directions. Per-
formance changes on the out-of-distribution YLE

2https ://huggingface.co/google/gemma-3-4b-it
and https://huggingface.co/google/gemma-3-12b-it

test set were more modest and essentially within
the margin of error.

4.4 TranslateGemma

After this paper was submitted for review, Google
released the TranslateGemma family of models
(Google Translate Research Team et al., 2026).
These models are specifically designed for trans-
lation tasks and were exposed to both Finnish and
Northern Sdmi during training. For completeness,
we performed a post-hoc experiment to evaluate
the performance of these models using the 4B, 12B
and 27B variants of the model family.

The results of our zero-shot evaluation are shown
in Table 6 in the Appendix. All models regard-
less of size and translation direction perform quite
poorly, achieving only single-digit BLEU scores
regardless of data set. The 27B variant of Trans-
lateGemma achieved the best performance among
these models, scoring 4.47 (UiT) / 4.34 (YLE)
BLEU on Finnish-to-Northern Sdmi and 8.61 (UiT)
/5.55 (YLE) BLEU on Northern Sdmi-to-Finnish.

These scores are lower than those achieved by
zero-shot Gemma 3 in both translation directions,
as well as both the finetuned Gemma 3 and MAD-
LAD models. This suggests that the translation-
specific pretraining of TranslateGemma does not
generalize well to low-resourced language pairs,
even if the model was exposed to those languages
at training time. As TranslateGemma was released
after the submission of this article, we were unable
to explore finetuning it and leave it for future work.

5 Conclusion

We have shown how even small amounts of par-
allel data can be leveraged to achieve significant
performance improvements on machine translation
between Finnish and Northern Sdmi. Given that
Northern Sdmi, like many other less-resourced lan-
guages, lacks good decoder-only language model
support, this finding is important as SFT post-
training can be employed with encoder-decoder
models as well. As we only experiment with one
language pair, a central open question is to what ex-
tent our findings generalize to other language pairs.
This paper represents a small, focused contribution
that we hope others with more computational re-
sources can expand on. Future work should include
exploring whether models like TranslateGemma
provide a good candidate for further post-training.
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Limitations

The main limitation of our paper is that we only
experiment with a single language pair. As such,
there is the risk that readers may generalize par-
ticular results to other languages/domains without
caution.

Ethical Considerations

Our experiments involve Northern Sdmi, an Indige-
nous minority language, and as such can be prone
to issues of, for example, unethical or otherwise
non-participatory data collection (Wiechetek et al.,
2024). We believe the broader impact of our work
will be improved access of Northern Sdmi speakers
to large language models and the various benefits
such technologies offer. As non-speakers of North-
ern Sami, we are unable to ascertain to what extent
this is feasible using the current models and data.
We work with machine translation technology,
which may have unethical applications and poten-
tial negative impact, particularly towards minori-
tized communities. However, given that we are
working with existing models and data sets, we
do not believe that the present work significantly
exacerbates the risks of such negative impacts.
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A Additional Tables

A.1 Gemma 3 Temperature Sweep

Table 5 shows the results of varying the generation
temperature for Gemma 3.

A.2 Zero-shot evaluation of TranslateGemma
Table 6 shows the zero-shot performance of the
TranslateGemma family of models.

A.3 MADLAD-400 Finetuning

Table 7 shows the supervised finetuning results for
MADLAD-400-3B-MT. Table 8 shows the super-
vised finetuning results for MADLAD-400-10B-
MT.

A4 Gemma 3 Finetuning

Table 9 shows the results of our SFT experiments
with the Gemma 3 model family.
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UiT (general) YLE (news)
Direction Temperature BLEU chrF BLEU chrF

1.0 4-47i0.25 30-43i0.26 2.8410.73 26.33i0‘33
0.8 34840.21 29.0340.22 2.77+067 26.59+0.88
0.6 4.08+0.24 29.6710.24 2924076 26.69+0.77
0.4 4494025 30204026 3.75+0.77 27.27+0.78
0.2 4~30i0.26 30.31i0,24 3.51i0,77 26-73i0488
0.1 4344025 30294024 3.141076 26.31+0.87

1.0 10.1340.41 42841040 5714112 31714134
0.6 9.82;}:0‘40 42.62:&:039 6.45;};118 32.23:|:1A20
0.8 9471040 42341037 4.881094 31.4811.99
0.4 10.06+0.39 42591039 6311113 31.79+1.25
0.2 9931040 42.671040 6.051107 32.141103
0.1 10.231040 42841040 5.641093 32.10+1.25

Finnish = Sami

Sami = Finnish

Table 5: Temperature sweep results for Gemma 3 in both the Finnish-to-Northern Sdmi and Northern Sdmi-to-
Finnish directions. Uncertainty intervals represent 1 standard deviation computed using bootstrap resampling.

UiT (general) YLE (news)
Direction Model BLEU chrF BLEU chrF

TranslateGemma 4B 2-09i0.22 17.80i0_19 1-38i0.48 18.28i0,80
Finnish = Sdmi  TranslateGemma 12B  2.50+0.18  25.3010.21 2.05+0.56 24.17+0.83
TranslateGemma 27B 4-47i0.25 31.81i0_25 4-34i0.82 28-44i0.84

TranslateGemma 4B 3.66040.26 26.66+0.21 1.90+0.55 22.3340.75
Sami = Finnish  TranslateGemma 12B  6.641032 373441031 54841081 29.00+1.00
TranslateGemma 27B  8.61.033 41.5410.33 5.5510.89 30.8811.04

Table 6: Zero-shot performance of instruction-tuned TranslateGemma models on UiT and YLE test sets. Uncertainty
intervals represent 1 standard deviation computed using bootstrap resampling.

UiT (general) YLE (news)

Direction Finetune type BLEU chrF BLEU chrF
None 6221029 29.8810.47 5394093 289947143

. . L. Parallel 23.22i0,51 58.01io_39 12~44i1.28 40.59i1_35
Finnish = Sami g girectional 24195055 58.691041 13471120 41954 55
Parallel + synthetic 6.20+0.30  29.70+0.45 5.334+0.96 28971134

None 21.00:[:057 54.72:[:()‘45 16.00;{:153 41,13;{:143

L. L. Parallel 36151064 66.531 047 193711720 45764149
Sdmi = Finnish g 4iroctional 35641065 66251047 20.69117r 458911 s

Parallel + synthetic =~ 21.074+0.54 54.58+0.46 16.0411.54 41.1541.46

Table 7: Supervised finetuning results for MADLAD-400-3B-MT. Uncertainty intervals represent 1 standard
deviation computed using bootstrap resampling.

UiT (general) YLE (news)

Direction Finetune type BLEU chrF BLEU chrF
None 10.75+0.38 42.4510.39 9594111 34.5047.43

. . L. Parallel 28.28io,54 62.06i0.44 14.88i1,26 45-42i1.25
Finnish = Sdmi g, girectional 29371058 63.021042 15321131 45294130
Parallel + synthetic 2244 10.54 57.450.40 12.3541.72 41.5541.75

None 25.68io_63 59.31i04s 17.64i1A98 43.32i1A77

L. .. Parallel 42.00:‘:0,72 70-79j:0.48 23-08j:1.67 50.54i1,52
Sdmi = Finnish  p; 4 ctional 41971001 70755047 2368118 51101 s

Parallel + synthetic 19.03:&0,53 56.03;&0,44 11-79:t1.15 40.6911,32

Table 8: Supervised finetuning results for MADLAD-400-10B-MT. Uncertainty intervals represent 1 standard
deviation computed using bootstrap resampling.
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UiT (general) YLE (news)

Direction Model Epochs Decoding BLEU chrF BLEU chrF
4B 3 Greedy 11-25i0428 51~31i0439 4~49i0.60 34~22i1.23

. . L, . 4B 3 Sample 6.88i0,22 42.53;‘:()‘37 2.74:{:0_37 29.60:{:()‘92
Finnish = Sami 10 Greedy — 11341025 51331050 5301058  35.9941 20
4B 10 Sample 7.76i0,23 44~31j:0.38 3.58:{:0_45 30.84:{:0_94

12B 3 Greedy 11-31j:0.28 51-52j:0.39 4.94:|:0,59 36.39i1,22

. . L, . 12B 3 Sample 7.02i0A22 43.36i0,37 3.18i0.52 30-59i1.05
Finnish = Sdmi 155 Greedy — 12494030 53171041 5931065 36964119
12B 10 Sample 8.58i024 46.34i0A37 4.02i0,57 32-03i1.16

4B 3 Greedy ]2.]7i0,30 53.46i0,42 5-51:{:0.66 35.02;{:1,21

L. s 4B 3 Sample 7.80+0.23 46.1040.37 34641058 29.5241.02
Sdmi = Finnish  4p 10 Greedy  13.02:030 54841041 5001054 35371115
4B 10 Sample 8994025 48324041 3431051 30.58+1.05

12B 3 Greedy 13931031 55904040 6.031062 37424119

L. . . 12B 3 Sample 9.56i0_27 49-31i0442 3~59i0,48 32.46i1,14
Sdmi = Finnish 55 7 Greedy — 14.661033 56511045 6125062 37741121
12B 10 Sample 10.86i0_29 50.89i0‘43 4.18i0,51 32~79i0.99

Table 9: Results for the Gemma 3 supervised finetuning experiments. Uncertainty intervals represent 1 standard
deviation computed using bootstrap resampling.
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