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Abstract

Large Language Models (LLMs) have demonstrated strong capabilities in multilingual machine translation.
However, they underperform for low-resource languages, indicating the need for more explicit instructional
guidance. In this work, we introduce Fragment-Shot Prompting, a novel few-shot prompting method that
aims to retrieve examples for every word occurring in the sentence to be translated, illustrating their use
and meaning in context. We evaluate our method on translation between ltalian, Ladin (Val Badia) and
Ladin (Gherdéina) and compare its performance with zero-shot prompting, random few-shot prompting,
as well as established lexical and semantic retrieval strategies. We conduct these experiments using
state-of-the-art LLMs, including GPT-3.5, GPT-40, o1-mini, LIaMA-3.3, and DeepSeek-R1. Our results
demonstrate that LLMs can extract substantial value from limited data when translating from a low- to the
high-resource language. However, this does not apply to translations into the low-resource languages,
where the prompting method plays a much more important role. In particular, our method consistently
delivers the best results and enables significant gains. Even though translation performance into Ladin
remains limited with the available resources, our results highlight the importance of syntactic coverage for
improving translation accuracy and variant-specific adaptation in low-resource scenarios.

Keywords: Less-Resourced/Endangered Languages, Natural
Generation

Machine Translation, Language

1. Introduction pairs are not enough to train a neural ma-
chine translation model to an acceptable qual-
ity (Pei et al., 2025; Gu et al., 2018). LLMs,
on the other hand, can (through carefully de-
signed prompts) rapidly be adapted to new
tasks, thanks to their in-context learning (ICL)
capabilities (Rubin et al., 2022; Cahyawijaya
et al., 2024; Dong et al., 2024). Therefore,
they offer the potential to make more efficient

use of the available data.

In recent years, Large Language Models
(LLMs) have made significant advancements
in machine translation (MT), delivering state-
of-the-art performance for high-resource lan-
guages (Zhang et al., 2023). However, effec-
tive language modeling by LLMs can only be
enabled with sufficient (training) data. For low-
resource languages, the lack of such data

makes this data-intensive process impracti- This work aims to evaluate the effectiveness

cal. In particular, LLMs have limited aware-
ness of (different variants of) smaller lan-
guages and struggle to produce coherent out-
put (Court and Elsner, 2024; Ondrejova and
Suppa, 2024). This is also evidenced by the
poor translations they produce into these lan-
guages (Robinson et al., 2023; Hendy et al.,
2023; Bawden and Yvon, 2023). In low-
resource scenarios, the fine-tuning of pre-
trained multilingual machine translation mod-
els with the available training data has proven
to be an effective approach (Scalvini et al.,
2025). However, fewer than 13,000 sentence

of different few-shot prompting methods for
machine translation between ltalian and two
variants of Ladin, a low-resource language,
on different LLMs. Rather than fine-tuning
LLMs (Yong et al., 2023; Zhu et al., 2024;
Stap et al., 2024; Toraman, 2024; Vieira et al.,
2024), our approach aims to stimulate the gen-
eralization capabilities of LLMs through ICL
using a single prompt. In particular, we in-
vestigate what can be achieved with a small
retrieval corpus of approximately 18,000 paral-
lel sentences and compare the results with a
neural MT system trained on the same data.
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Our key contributions:

« We introduce Fragment-Shot prompting
(FS), a novel few-shot prompting method
that aims to retrieve examples for all indi-
vidual words that occur in the input sen-
tence.

» We measure the performance of state-of-
the-art LLMs (GPT-3.5, GPT-40, o1-mini,
Llama-3.3, and DeepSeek-R1) on transla-
tion between two variants of Ladin and
Italian using FS and compare it with estab-
lished prompting paradigms.

* We investigate the role of syntactic
features in low-resource translation by
analysing the syntactic coverage, i.e. the
proportion of the words in the source/tar-
get sentence that are exemplified in the
examples included in the prompt.

These contributions aim to explore the poten-
tial of LLMs in low-resource settings, to better
understand the importance of the retrieved ex-
amples as well as other factors that can enable
more accurate translations.

2. Related Work

The use of LLMs for MT has emerged as an
active research area at the latest since the
release of ChatGPT (Zhang et al., 2023). Re-
searchers have increasingly explored LLMs as
an alternative to traditional neural MT (NMT),
showing that in some cases human annotators
preferred ChatGPT over NMT systems (Man-
akhimova et al., 2023). However, the way
LLMs are prompted plays a critical role and
affects translation quality (Zhang et al., 2023;
Agrawal et al., 2023; Vilar et al., 2023). More-
over, there is experimental evidence show-
ing that GPT-models underperform on low-
resource and African languages (Robinson
et al., 2023). This has motivated research
into strategies to improve this. In the following,
we discuss related work in this area.

Prompt Engineering for MT with LLMs
The zero-shot approach (Robinson et al.,
2023) is the simplest way to prompt a LLM for
translation, relying solely on the model’s inher-
ent language understanding (without providing

task-specific examples). Various strategies
that enrich the prompt with supplementary in-
formation have been shown to improve transla-
tion quality. These include providing randomly
selected translation pairs in the prompt (Zhang
et al., 2023) incorporating dictionary entries,
word definitions, or grammar rules (Elsner
and Needle, 2023; Court and Elsner, 2024;
Guo et al., 2024; Merx et al., 2024; Zhang
et al., 2024; Marmonier et al., 2025), translat-
ing individual words and retrieving related sen-
tences (Shu et al., 2024; Zhang et al., 2024), or
including translations of semantically related
sentences in the prompt (Merx et al., 2024;
Zebaze et al., 2025b; Tang et al., 2024; Kumar
et al., 2023).

Recent work on Manchu (Pei et al., 2025)
shows that, high-quality dictionaries and prop-
erly retrieved parallel examples are the most
influential factors for translation quality. In our
preliminary experiments, we observed that pro-
viding dictionary entries for individual words to
the models do not seem to be very useful for
Ladin, which is partly due to the high ambigu-
ity of this language (many words can function
as both adjectives and nouns). We therefore
did not make use of dictionaries in our main
experiments.

Example Sentence Retrieval Strategies
While previous work has selected examples
based on sentence-level similarity using met-
rics like BLEU (Agrawal et al., 2023), BM25
(Robertson et al., 1995) or semantic embed-
dings (Merx et al., 2024; Zebaze et al., 2025b),
our FS approach aims to maximise the syn-
tactic coverage with the selected examples.
This strategy is particularly valuable in set-
tings where reliable embedding models are
not available. The importance of lexical over-
lap was previously emphasized by Agrawal
et al. (2023); we measure the coverage more
directly by counting the number of complete
source words for which examples can be re-
trieved and reinforce this finding with the corre-
lation results observed between this fragment
coverage and BLEU scores in the FS setting.
Our approach combines syntactical over-
lap with context-aware retrieval, a combina-
tion identified by Tang et al. (2024) and Kumar
et al. (2023) as particularly effective. Tang
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et al. (2024) propose selecting full sentences
by combining BM25 (Robertson et al., 1995)
for lexical similarity with syntactic similarity at
the example level to enhance translation per-
formance. In contrast, our method promotes
high syntactic overlap by increasing the frag-
ment size, which enables the retrieval of sen-
tences with greater syntactic relevance. It was
inspired by DecoMT (Puduppully et al., 2023),
a decomposed prompting approach that signifi-
cantly outperforms standard few-shot methods,
especially for translation between related low-
resource languages. Unlike this multi-stage
approach, which segments the text and trans-
lates each part with added context, our method
is a single-prompt approach.

A similar multi-stage idea was introduced
in Zebaze et al. (2025a), where the authors
presented a method that first decomposes
a sentence into simpler phrases, translates
those phrases (with ICL examples) and then
use these translations as ICL examples for the
full sentence translation. In contrast, our work
focuses on retrieval strategies for ICL exam-
ples, prioritizing high syntactic overlap, which
we show to be particularly beneficial in our
low-resource setting.

Machine Translation for Ladin To date,
only a few studies have explicitly focused on
Ladin in the context of machine translation with
LLMs. Frontull and Moser (2024) explored the
impact of synthetic data generated by differ-
ent models, including GPT-3.5, on the perfor-
mance of downstream NMT systems. Similarly,
Valer et al. (2024) introduced a bidirectional
MT system for Fassa Ladin, highlighting the
benefits of multilingual training and knowledge
transfer from related languages like Friulian
and compared the results to the ones pro-
duced by GPT-40. Recent work (Frontull et al.,
2025) introduced the FLORES+ benchmark for
two Ladin variants, Val Badia and Gherdéina,
and compared the performance of a fine-tuned
NLLB model with few-shot prompting using
BM25 retrieval. The present work can be seen
as a natural extension of these experiments,
further exploring the capabilities of LLMs in
this low-resource setting, leveraging the same
datasets while introducing a novel strategy to
improve example selection.

3. Prompting Techniques and
Syntactic Coverage

This section details the prompting methods
applied in our experiments and provides a pre-
cise definition of the concept we refer to as
syntactic coverage.

3.1. Prompting Techniques

Our experiments include zero-shot prompting
and four few-shot prompting techniques, each
of which is detailed in this section.

Zero-Shot (zS) The zero-shot prompting
method (Robinson et al., 2023; Hendy et al.,
2023; Bawden and Yvon, 2023; Gao et al.,
2024) relies solely on the model’s pre-existing
knowledge. The prompt directly instructs the
model to translate sentence into the target,
without providing explicit translation examples
or lexical guidance. This baseline approach
tests the model’s inherent understanding of
Ladin syntax and vocabulary.

Random Few-Shot (RS) The random few-
shot technique (Agrawal et al., 2023; Robinson
et al., 2023; Bawden and Yvon, 2023) repre-
sents the most basic form of few-shot prompt-
ing, in which randomly selected source—target
translation examples are included in the
prompt, followed by the sentence to translate.
Although these examples are not necessarily
contextually related, they can help a model to
infer translation patterns and linguistic struc-
tures. In our experiments, we provided 16
such examples.

Semantic Retrieval (SR) In the SR-method,
source—target translation pairs are selected
based on their semantic similarity to the input
sentence. To identify these examples, we em-
ployed the multilingual sentence embedding
model by Duquenne et al. (2023), which sup-
ports over 200 languages. Although the model
does not officially support Ladin, it is reason-
able to expect that the embeddings (and thus
the retrieved examples) remain useful, given
that Ladin shares linguistic features with sev-
eral of the supported languages (e.g. Italian).
In our experiments, we provided 30 examples
in SR few-shot prompting.
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Translate from English to Ladin (Val Badia):

ENG: This is the largest one.
LLD: Chésc é le plu gran.

ENG: The largest wave was massive.
LLD: La onda plii grana é daspavént grana.

Examples with ‘the largest”

Input: Find thelargest fragments

unmatched unmatched

for which

ENG: Examples can be found in the appendix
LLD: Ejémpli é da ciafé tlinjunta.
ENG: Several examples can be found online.
LLD: Tréc ejémpli p6 gni ciafa online.
T
Examples with “examples can be found”

‘ 0
examples can be found | Covs =80% |

l Examples with “for which”

ENG: She has a reason for which she is late
LLD: Ara & na rajun ciodi che ara é tardia.

ENG: This is a problem for which we need a solution.
LLD: Chésc é n problem olache i adorun na soluziun.

Reference: Chir i framénc pll gragn, por chi che ara va da ciafé ejémpli.

(Covg = 46% |
A

Figure 1: Fragment-Shot Prompting

Lexical Retrieval (BM) The BM-method in-
cludes translation pairs selected using the
BM25 algorithm (Robertson et al., 1995). This
retrieval method ranks examples based on
lexical-level overlap with the input sentence,
specifically prioritizing informative key terms.
In our experiments, we provided 30 examples
in BM few-shot prompting.

Fragment-Shot (FS) In contrast to the pre-
vious methods, which are already well estab-
lished, Fragment-Shot is a novel technique
developed in this work. This method em-
ploys a hierarchical sliding window search
over contiguous word sequences, which we
call fragments, to retrieve examples that en-
sure high syntactic coverage, prioritizing long-
phrase matches and progressively falling back
to smaller ones. This way, the examples illus-
trate both the use of the fragments and their
plausible translations in (different) contexts.
We illustrate the concept in Figure 1. In our
implementation, we start with a window size of
seven'. If examples are found, we randomly
select up to six sentence pairs and include
them in the prompt. If no matches are found,
the window size is progressively reduced until

"Due to the short length of sentences in our
corpora with less than 5 words on average, we
could not retrieve any examples for window sizes
larger than six; however, in principle, the initial
window size could be set arbitrarily high.

VB—IT GH—IT IT—VB IT—GH VB—GH GH—VB

1 79.64 8133 8168 8214 80.54 8213
2 1575 13.12 1594 1536 1550 12.13
3 393 475 220 241 332 495
4 0.53 0.69 0.17 0.09 0.55 0.76
5 0.11 0.03 - - 0.04 -
6 0.04 0.07 - - 0.04 0.04
>6 - - - - - -

Table 1: Distribution of fragment window sizes
retrieved for FS across language pairs.

we arrive at one-word units. Also, the frag-
ments are chosen to avoid overlap, ideally en-
suring a complete but non-redundant coverage
of the sentence. To allow reproducibility and
further experimentation, we released a Python
package? that implements this method.

Table 1 provides an overview of the frag-
ment window sizes obtained for the different
language pairs and reports the proportion of
windows of size 1-6 (no fragments larger than
size 6). Most retrieved fragments consist of sin-
gle words, accounting for approximately 80%
of all fragments.

3.2. Syntactic Coverage

We define syntactic coverage as the propor-
tion of words in a sentence that appear in at
least one of the retrieved examples. More for-
mally, let I be the input sentence in the source

2https://pypi.org/project/fragmentshot/
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language and R the reference translation in
the target language. We use w(X) to define
the set of words {z1,x2,...,z,} in a sentence
X. Let E; denote the set of retrieved few-shot
examples for I, each example (Si,Tx) € E;
being a pair of a source-language sentence
Sk with the corresponding translation 7}, in the
target language. The set of words in I covered
in some example in E; is defined as:

WE(I) = {$Z S w([) | H(Sk,Tk) € Er:
x; € w(Sk) }

We treat words in w(I) N w(R) as non-
translational units. Since non-translational
units do not require translation, they are
counted as covered and contribute to the over-
all coverage score. Thus, we define the syn-
tactic coverage of the input sentence as:
(We()] + lw(I) ﬂw(R)!>
lw([)]|

This can be defined analogously for the refer-
ence translation R. Note that we use these
metrics strictly for evaluation; they do not influ-
ence the selection process (after all, reference
translations are not available at inference time).
This analysis is intended solely to quantify the
coverage of relevant content and lexical forms
covered by the selected examples. In Figure 1
we provide the values for Cov; and Covy for
the example illustrated.

Cov; = min (1,

4. Experimental Setup

In our experiments, we focus on assessing
how different LLMs perform when translating
between ltalian and the written standards of
Val Badia and Gherdéina (two of the five main
regional variants of Ladin). Due to the very
limited amount of machine-readable data avail-
able for Ladin and the fact that these variants
are not distinguishable in ISO 639-32 it is likely
that LLMs have minimal exposure to Ladin and
are unaware of its distinct varieties.

Retrieval Corpora As retrieval corpora, we
have included the following datasets: 18,140
sentences for Val Badia—Italian*, 19,971 sen-
tences for Gherdéina—Italian® and 14,953 sen-

Shttps://is0639-3.sil.org
*https://doi.org/10.57967/hf/1878
Shttps://doi.org/10.57967/hf/6726

tences for Val Badia—Gherdé&ina®. All of these
datasets are publicly available under the CC
BY-NC-SA 4.0 license. These sentences, origi-
nally created as language reference material,
are relatively short and simple. In particular,
the average sentence lengths observed in our
corpora are: (i) Val Badia (VB): 22.83 charac-
ters, 4.90 words; (i7) Gherdéina (GH): 22.69
characters, 4.91 words; (i7i) Italian (IT): 25.69
characters, 4.36 words.

Test Data For evaluation, we used 175 sen-
tences from the FLORES+ dev split (Frontull
et al., 2025). To give an intuition on the simi-
larity between the two variants and ltalian and
on the difficulty of the translation task, we com-
puted the BLEU score obtained by leaving the
text untranslated, which resulted in a score of
12.9 for Val Badia—Gherdéina, 5.0 for ltalian—
Val Badia and 4.3 for ltalian—Gherdéina.

Large Language Models We selected
the following five state-of-the-art LLMs:
(¢) GPT-3.5, a general-purpose language
model from OpenAl's GPT-3 series with 175B
parameters, released in 2022 (Brown et al.,
2020); (i7) GPT-40, a model by OpenAl, in-
troduced in 2023, with 200B parameters and
enhanced reasoning capabilities (Hurst et al.,
2024); (iit) o1-mini, a model by OpenAl op-
timised for reasoning with 50B parameters,
launched in September 2024 (Jaech et al.,
2024); (iv) Llama-3.3, a text-only model by
Meta Al, released in December 2024, featur-
ing 70B parameters (Touvron et al., 2023);
and (v) DeepSeek-R1, is a reasoning-focused
model with 658B parameters by DeepSeek
Al, introduced in January 2025 (DeepSeek-Al
et al., 2025). The models were prompted us-
ing the API services: OpenAl API” for GPT-3.5,
GPT-40, and ol-mini, DeepSeek API® for
DeepSeek-R1, and Together Inference API® for
Llama-3.3. The hyperparameters (e.g., tem-
perature) were kept at the default values of the
respective API services.

Bhttps://doi.org/10.57967/hf/6727
"https://platform.openai.com
8https://www.deepseek.ai/api
Shttps://www.together.ai
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tinference [S] ‘ s RS SR BM FS
GPT-3.5 0.82 0.91 0.66 0.75 0.77
GPT-40 1.43 1.54 1.19 1.56 1.53
ol-mini 6.34 8.20 5.73 6.00 7.78
Llama-3.3 1.44 1.61 1.01 1.26 1.33
DeepSeek-R1 | 18.73 1566 15.30 11.88 9.82
tcorpus [mS] - 0.05 725k 200 324
tprompt [MS] 0.12 15 1037 6 310
avg. #shots 0 16 30 30 33
avg. #chars 247 1882 3316 2913 3903

Table 2: Runtime and prompt statistics.

5. Results

To evaluate the different prompting techniques,
we focused on several aspects. We mea-
sured the “costs” associated with each method,
the time needed to initialise the retrieval cor-
pus (teorpus), iNCluding prompt creation time
(tprompt) @nd the median model inference time
(tinference)- We also calculated the average
prompt sizes in characters (#chars) and the
average number of shots (#shots) included.
Table 2 reports these statistics.

We evaluated translation quality using BLEU.
Table 3 reports mean BLEU (Post, 2018)
scores (computed with sacrebleu'?) and stan-
dard deviations for the selected LLMs and
the different prompting methods across trans-
lations between Val Badia, Gherdéina, and
Italian. To determine whether differences be-
tween prompting strategies are statistically
meaningful, we performed pairwise signifi-
cance tests with sacrebleu, using FS as the
baseline. The underlined values for FS denote
statistically significant differences (p < 0.05).
To further examine the influence of the differ-
ent methods on example selection, we calcu-
lated the average syntactic coverage Cov; and
Covp and report their means and standard de-
viations in Table 3. As shown in the table, the
examples selected by FS consistently achieve
the highest coverage values.

Moreover, for translations into Italian, we
conducted a qualitative evaluation using an
LLM as judge (Kocmi and Federmann, 2023),
in order to obtain deeper insights into the er-
rors produced. We analyzed all 8,750 trans-
lations from both Ladin variants into ltalian
(for each model and prompting method) using

Ohttps://github.com/mjpost/sacrebleu

Rubric-MQM (Kim, 2025)."" This analysis re-
vealed that mistranslations are the dominant
error category, accounting for approximately
70% of the errors identified. As this category
is the main target of improvement through few-
shot prompting, we focus our analysis on mis-
translations rather than on other error types
such as stylistic, grammatical, or omissions
errors. Figure 2 presents these results.

We also manually reviewed a subset of the
Ladin translations and found that performing
a similar qualitative error analysis would have
been difficult. The outputs exhibited a high
error density (consistent with the low BLEU
scores) and were characterized by a lack of
orthographic coherence, with the models fail-
ing to maintain a consistent spelling standard.
Instead, we measured the proportion of words
passing spelicheck.'?> These results are re-
ported in Table 4. To contextualize: roughly
80% of the words in the Ladin reference trans-
lations pass spellcheck verification.

6. Discussion

Our results reveal several findings that can be
summarized as follows:

1. syntactic coverage appears to be a crucial
factor for low-resource translation: FS con-
sistently outperforms the other methods
across all models in both BLEU and lexical
accuracy of the generated translations;

2. few-shot prompting yields only partial
gains for Ladin to Italian translation. How-
ever, in this direction, LLMs outperform
the NMT approach, positioning them as
a prominent model for bootstrapping low-
resource datasets;

3. despite the gains achieved via FS prompt-
ing, the fine-tuned NMT model remain su-
perior for translation into Ladin, achieving
similar/higher BLEU scores and better or-
thographic accuracy.

In the following, we draw conclusions from
these findings.

""We used the default configuration provided in
the repository, with gpt-4.1-mini-2025-04-14 as
model and a temperature of 0.7

12These spellcheckers are also available as Li-
breOffice extensions (Frontull et al., 2025).
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Syntactic Coverage GPT-3.5 GPT-40 ol-mini Llama-3.3  DeepSeek-R1
Covr Covg BLEU BLEU BLEU BLEU BLEU
Zs | 0.18+0.11 0.19 £ 0.11 19.35 +2.09 2290 + 2.11 18.36 =2.31 20.31 £2.10 22.47 +£2.04
8 v RS | 0.41£0.11 0.35+0.12 | 20.75 +2.07 22.83 +2.11 18.29 £ 2.09 20.44 +2.27 22.80 + 2.05
§ T SR | 0.56+0.11 0.46 +0.11 2481 +£2.04 2936 +224 23.70+2.10 26.46+1.95 28.76+2.13
a 2 BM | 0.73+0.10 0.49+0.12 | 26.68 +2.03 29.47 +2.25 23.87+2.16 27.20+2.04 28.91+ 1.93
’E FS | 0.84 £0.08 0.56 +0.12 | 25.20 +2.06 29.22 +2.32 25.05+2.05 27.89+221 27.98+ 1.96
(®)]
= Zs | 0.18+0.11  0.19 +0.11 1852 +2.04 23.03+2.09 1726+199 21.02+2.12 23.02+ 1.96
{3 = RS | 0.424+0.11 0.35+0.11 19.35+1.98 2215+232 18.63+2.04 20.59+2.11 2245+ 2.00
g T SR | 058 +0.10 044+0.12 | 2028+ 1.96 23.12+210 18.70+2.08 21.24+1.97 22294+ 1.75
- & BM | 0.74+0.12 0454+0.13 | 2095+ 1.69 23.51 +2.16 19.96+2.10 22.33+1.98 22.30+ 1.83
FS | 0.86 =0.07 0.54+0.12 | 18.49 +1.77 21.31 +2.11 20.35 +£2.05 21.68+1.99 20.57 +2.00
ZS | 0.19+0.11 0.18 & 0.11 491 +1.23 5.70 +1.40 4.67 +1.22 6.46 + 1.29 6.31 £1.24
5 © RS 0.36 + 0.11 0.40 + 0.11 5.01 £1.18 5.70 +£1.45 5.22 +1.30 7.94 +1.47 6.91 + 1.38
3 T SR | 0494+0.13 053+0.13 941 +125 10.89 +1.37 953 +1.30 13.94+1.54 1449 +1.62
a Z BM | 0.67+0.13 0.54+0.13 964 +127 1449+155 1199+130 1550+1.77 16.06 + 1.66
; Fs | 0.77 £0.10 0.61+0.12 | 11.63+1.39 1691 +146 1423 +135 17.36+1.48 18.32 + 1.49
o
5_3 ZS | 0.19+£0.11 0.18 £ 0.11 6.73 +1.18 553 +1.20 6.69 + 1.15 9.50 +1.35 8.77 +1.30
= 5 RS 0.36 £0.12 0.43 +0.10 6.65 + 1.15 7.56 + 1.26 6.39 +1.13 9.50 + 1.28 9.07 +1.23
© T SR | 048+0.13 0.54+0.12 7.44 +1.23 9.98 + 1.37 828 +1.28 1212+1.65 1252+ 1.40
< K BM | 066+0.12 054+0.12 822+ 119 11.62 £+ 1.41 934 +1.26 13.20 +1.51 14.07 + 1.46
FS | 0.76 =£0.10 0.60 = 0.11 1019 +1.42 1310+ 1.47 11.62 + 143 14.23 +1.46 14.62 £+ 1.40
ZS | 0.40 +-0.14 0.40+0.13 | 10.52 + 1.41 11.15 + 1.61 894 +125 1501 +£1.69 13.11 £1.52
8 3 RS | 0.562+0.12 054+0.12 | 10.39 +1.34 1221 +1.49 12.07+1.64 16.61+1.83 1528 + 1.64
5 T SR | 063+0.12 0.63+0.11 1214 +150 16.67 £1.92 1491 +1.60 2022+ 1.89 19.27 +1.92
% 2 BM | 0.77+0.10 066+0.12 | 1595+ 149 2272+1.97 18.92+ 175 24.35+1.89 24.81+1.78
*é— FS | 0.86 +0.08 0.71 £ 0.11 17.90 +1.94 23.94+2.18 21.70+1.87 26.46 +2.17 26.43 + 2.21
g ZS | 0.40+0.13 0.40+0.14 | 10.73 1583 1117 +1.37 810+1.20 1246 +153 10.19+1.34
i @ RS 055+0.11 052+012 | 1125+ 150 1236+ 1.45 10.83+1.42 13.14+153 13.75+1.60
% T SR | 0.66+0.10 0.60=+0.12 | 12.60 £ 1.61 1640 +1.80 1346+ 156 17.39+1.79 17.31 +£2.21
- % BM | 079+010 064+0.13 | 16.00+1.68 19.58+2.00 16.90+1.78 21.22+1.98 22.49+2.08
FS | 0.88 £0.07 0.71 £0.12 | 1719+ 2.04 21.92+2.08 19.52+1.90 22.81+1.52 24.44 + 2.41

Table 3: BLEU mean scores and confidence intervals for the selected LLMs across various Ladin
and ltalian translation pairs using different prompting methods as reported by sacrebleu.

Syntactic Coverage Is a Key Objective for
Low-Resource Translation The LLMs do
not appear to have prior knowledge of Ladin
or awareness of its variants, as demonstrated
by their (rather poor) performance in zS. For
translation into Ladin, the choice of prompting
method plays a particularly important role and
can have a strong impact on the results.

Our method consistently achieves the high-
est BLEU scores, while also yielding the high-
est syntactic coverage values (both Cov; and
Covpg). Moreover, it always leads to the high-
est proportion of words in the generated Ladin
translations passing spellcheck verification.
We also observe a significant correlation be-
tween coverage values and BLEU score for
translation between Val Badia and Gherdéina.
The importance of syntactic overlap is further
emphasized by the fact that BM consistently
performs better than SR in these translation
directions. Thus, selecting few-shot exam-
ples with syntactic coverage as objective, as in

FS, appears justified and effective in this sce-
nario. This contrasts with previous results re-
ported in Zebaze et al. (2025b), where seman-
tic retrieval using SONAR embeddings outper-
formed BM25 retrieval for Swahili and Wolof.
A direct comparison is not possible here, as
the experimental setup differs and we did not
use the same embedding model. Neverthe-
less, this difference would be worthwhile to
investigate in more detail.

In addition to syntactic coverage, the size of
retrieved fragments is also an important factor,
as longer fragments generally capture more
context and, therefore, should lead to better re-
sults. Our distribution of fragment sizes, shown
in Table 1, indicates that the majority of re-
trieved fragments are single-word units, which
reflects a limitation of what the current cor-
pus allows us to retrieve. Experimenting with
corpora that yield more multi-word fragments
could provide deeper insights into how frag-
ment granularity influences the performance.
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Figure 2: Number of mistranslations in the two low- to high-resource translation directions,
evaluated across all 175 translations for each model and method. The horizontal line in the bars
indicates the total number of mistranslations with severity > 4.

ltalian—Val Badia Italian—Gherdéina

Val Badia— Gherdéina Gherdéina—Val Badia

@ o ©® @® ©6 ‘ o © ©® ® 6 ‘ o o ©®© @ 6 ‘ @ o ©® @® 6
ZS 41 43 38 44 44 | 40 37 39 52 50 |44 45 44 55 53 | 44 48 44 50 48
RS 44 44 42 49 47 | 40 44 40 54 50 | 44 48 46 57 53 | 46 51 49 53 54
SR 47 54 49 57 62 |46 53 48 59 62 | 48 56 53 62 61|52 58 55 60 61
BM 53 58 54 60 63 |52 58 53 62 64 | 55 64 60 68 67 |58 65 61 66 68
FS 56 64 62 66 68 | 56 64 62 66 68 61 70 68 72 72|65 71 69 73 73

Table 4: Percentage (%) of words in the generated translations in the Ladin target variant passing
spellcheck verification for each model across methods and language pairs: @ GPT-3.5, @ GPT-4o,

@ o1-mini, @ Llama-3.3, ® DeepSeek-R1.

Few-Shot Prompting with Partial Gains
from Ladin to ltalian For the Ladin — ltal-
ian translation direction, neither the tested
prompting strategies nor a higher coverage
of retrieved information resulted in significant
improvements in BLEU. To contextualize these
scores, we also computed the BLEU score for
English to Italian translation using GPT-40, ob-
taining approximately 30 BLEU with ZS. This
represents an approximate upper bound for
the BLEU scores achievable in Ladin — Italian
translation.

For translations to Italian, syntactic cover-
age seems less important. Correlation val-
ues between Cov; and BLEU are low, even
when syntactic coverage is high. In the cases
where FS achieves statistically significant BLEU
improvements (o1-mini), these gains are not
confirmed by qualitative analysis. Rather than
substantial differences between the (more so-
phisticated) prompting methods, the largest
variations arise from the choice of LLM, with
GPT-40, Llama-3.3 and DeepSeek-R1 outper-
forming GPT-3.5 and o1-mini, as can be seen
in both BLEU scores and number of mistrans-
lations. This suggests that in this direction, the

LLMs rely more on their inherent understand-
ing of the target language.

Interestingly, in several cases, RS produced
more mistranslations than zS which suggests
that (random) examples confused the models.
This observation is consistent with Robinson
et al. (2023); Alves et al. (2023); DeepSeek-Al
et al. (2025); Reynolds and McDonell (2021),
who reported that providing additional infor-
mation can in some cases even degrade per-
formance (when the examples are of low util-
ity). Nevertheless, more careful or targeted
example selection as in BM and SR consistently
improves performance compared to RS, high-
lighting the importance of example selection.

For the Val Badia-to-Italian direction, FS, SR
and BM yield substantial gains, bringing per-
formance close to the 30 BLEU observed for
English to Italian translation. However, in the
qualitative analysis, this improvement is less
pronounced and is clearly observable only for
Llama-3.3. The absolute frequency of errors
remains high across all models, suggesting
that the outputs would still require significant
human post-editing Even tough the syntac-
tic coverage values and spellcheck statistics
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BLEU Spell Ap gy ASpeII
VB — IT 21.73 —7.74
GH — IT 17.80 —-5.71
IT — vB 18.06 76 —0.26 +8
IT - GH 14.48 73 —-0.14 +5
VB — GH 29.63 76 +3.17 +4
GH — vB 31.15 79 +6.71 +6

Table 5: Performance of the fine-tuned NMT
model (BLEU and spelling accuracy in %) as
reported in Frontull et al. (2025) in comparison
with the best performing LLM and prompting
method combination.

are similar across the two variants, there ap-
pears to be limited room for improvement for
Gherdéina—ltalian. Further investigation is
needed to understand the underlying reasons
for this discrepancy.

Few-Shot Prompting Falls Short of Neural
MT in Low-Resource Translation As also
reflected in the spell-checking statistics, the
LLMs struggle with basic orthographic correct-
ness of ladin texts and none of the evaluated
methods yet reaches an acceptable level of
quality for Italian to Ladin translation.

The performance of a fine-tuned NMT model
trained and evaluated on the same datasets,
as reported in Frontull et al. (2025), along-
side the differences (A) relative to the best-
performing LLM and prompting combination
is given in Table 5. The results show that the
NMT model underperforms compared to the
best LLM-based approach for translation into
Italian from both VB and GH, highlighting the
potential of LLMs for back-translation (Sen-
nrich et al., 2016) in low-resource languages,
where they can provide high-quality initial
translations (Ondrejova and Suppa, 2024; Pei
et al., 2025).

Conversely, for translations between into
Ladin and between the variants, the NMT
model performs comparably or even sur-
passes the LLM FS prompting in both BLEU
and spelling accuracy. This shows that while
the FS method allows for significant improve-
ments, specialized NMT models remain supe-
rior for this task, aligning with previous find-
ings (Robinson et al., 2023; Aycock et al.,
2024; Scalvini et al., 2025).

7. Conclusion

In this work, we investigated the role of ex-
ample selection strategies for few-shot ma-
chine translation of low-resource languages
using LLMs. Our results demonstrate that
syntactic coverage can be a key factor for ef-
fective in-context learning for translation into
low-resource languages. However, fine-tuned
NMT models remain the most effective ap-
proach, achieving comparable or higher BLEU
scores and superior orthographic accuracy.
When translating from the low-resource lan-
guage to the high-resource language studied,
LLMs are able to leverage the limited corpora
more effectively than traditional NMT models,
highlighting their potential as a tool for boot-
strapping low-resource datasets.

Future Work Our results show that the in-
context learning capabilities of LLMs can allow
to improve translation quality for low-resource
languages, but the mechanisms underlying
this effectiveness still need to be understood
in more detail (Chitale et al., 2024; Alves et al.,
2023). It is still not entirely clear which specific
characteristics of ICL examples drive perfor-
mance in different translation directions. For
instance, integrating semantic similarity met-
rics or contextual diversity could help explain
why certain examples yield stronger correla-
tions with BLEU than others, especially in low
to high scenarios. Additionally, combining syn-
tactic coverage with other example selection
criteria, as for example done in Kumar et al.
(2023), might yield even more effective few-
shot prompting strategies.

Moving beyond single-query prompting, ap-
proaches that actively guide the reasoning pro-
cess through mechanisms such as query lan-
guages like LMQL (Beurer-Kellner et al., 2023)
could offer a way to make more effective use
of the available data and to trigger specific rea-
soning. These insights also point toward the
emerging paradigm of agentic machine trans-
lation (Briakou et al., 2024; Wu et al., 2025).
Our findings suggest that understanding the
role of syntactic coverage could provide valu-
able guidance for designing such agentic sys-
tems in low-resource MT scenarios. These are
promising directions to explore in future work.

8832



8. Acknowledgements

This work was carried out as part of the re-
search project Intelligent Writing Assistant for
Ladin at the University of Innsbruck, in collabo-
ration with the Ladin Cultural Institute “Micura
de RU”. We thank the reviewers for their com-
ments which have greatly helped to improve
the clarity and quality of our presentation.
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ness in low-resource languages that are per-
ceived as more trustworthy in certain con-
texts. Speakers of smaller languages have
so far hardly been affected by phishing or
similar attacks in their native language. With
technological advances, these methods could
be abused to exploit precisely this "greater
trust" that these languages retain in the dig-
ital world. Researchers should consider this
potential risk when developing technologies
for low-resource languages. Even when data
and models are published, risk mitigation mea-
sures can be taken, such as carefully docu-
menting the intended use, providing usage
guidelines, and developing tools with built-in
safeguards to prevent misuse.

Limitations

We only conducted experiments on the trans-
lation between Ladin and Italian. As ltalian
belongs to the same language family as Ladin
and shares structural and lexical similarities,
our methods may have benefited from these
similarities. For more distant languages, trans-
lation may be more challenging and further
evaluation is needed to assess the generaliz-
ability of our findings.

Not all prompts included an instruction on
in which format the result should be returned,
and even when they did, the automatic read-
out of the translations was not always possible.
Moreover, the models occasionally generated
additional content or information that went be-
yond the translations to be generated. Since
the amount of generated translations was man-
ageable, we parsed them manually. However,
we recommend considering this for the effi-
cient scaling of the experiments.
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