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Abstract

We present our submissions to the machine
translation track of the WMT26 Creole Lan-
guage Translation Shared Task (Robinson et al.,
2026). Our systems cover all English-Creole
language pairs supported by the KREYÒL-MT
dataset (Robinson et al., 2024), comprising 80
translation directions. We mainly explore the
use of large language models (LLMs). In partic-
ular, we fine-tune LLMs and, given the limited
amount of parallel data available for many lan-
guage pairs, also evaluate few-shot prompting
as an alternative to supervised fine-tuning. We
also explore data cleaning, temperature-based
multilingual data sampling, and extracting ad-
ditional parallel data from archival grammar
books. Our experiments show that LLM-based
systems outperform NLLB-based systems in
most cases. For the lowest-resource language
pairs, few-shot prompting proves substantially
more effective than supervised fine-tuning.1

1 Introduction

Recent advances in machine translation (MT) have
been driven by large language models (LLMs)
trained on massive multilingual corpora (Xu et al.,
2024; Alves et al., 2024; Xu et al., 2025; Zheng
et al., 2025; Finkelstein et al., 2026). These mod-
els have demonstrated superior performance over
traditional encoder-decoder MT models such as
NLLB (NLLB Team et al., 2022).

The Creole-MT shared task provides the publicly
available KREYÒL-MT dataset (Robinson et al.,
2024), which supports many-to-many translation
across 40 Creole languages. In this work, we focus
on English↔Creole language translation. Among
the 40 Creole languages, only Haitian (hat) has
substantial training data, with more than 600K
parallel sentence pairs, whereas most of the re-

1We release the additional parallel sentences at https:
//github.com/mct10/CreoleMT-2026 to ensure the repro-
ducibility of our work.

maining languages contain fewer than 1,000 par-
allel sentence pairs. This extreme data imbalance
presents two key challenges: (1) effectively lever-
aging LLMs for extremely low-resource languages;
and (2) acquiring additional parallel data.

To address the first challenge, we investigate
both supervised fine-tuning and few-shot prompt-
ing with LLMs. Our experiments show that few-
shot prompting substantially outperforms super-
vised fine-tuning for the lowest-resource language
pairs. To address the second challenge, we use a
vision language model (VLM) to extract incidental
parallel data from archival grammar books (Virk
et al., 2020). Although the extracted bitext is noisy,
incorporating it into training often improves trans-
lation quality.

2 Data

We mainly rely on the parallel data between En-
glish and 40 Creole languages from the official
KREYÒL-MT dataset (Robinson et al., 2024). As
shown in Figure 1, the dataset is extremely imbal-
anced. hat contains more than 600k sentence pairs,
whereas most languages contain fewer than 1,000.
We first apply sentence cleaning and filtering to the
training data (Section 2.1). We then augment the
training data with additional parallel sentences ex-
tracted from archival grammar books (Section 2.2).

2.1 Data Cleaning and Filtering
We first preprocess sentences by removing paren-
theses and text inside them, as such content is often
noisy and rarely contributes to the sentence mean-
ing (e.g., "[...]").

Motivated by Koehn et al. (2018, 2019), we fur-
ther filter out noisy sentence pairs that satisfy any
of the following conditions:

1. Fewer than 50% of the characters are alphabetic;

2. Either sentence contains fewer than 3 words or
more than 60 words;

https://github.com/mct10/CreoleMT-2026
https://github.com/mct10/CreoleMT-2026
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Figure 1: Number of sentence pairs of the raw training data, the cleaned training data, and the additional data we
extracted from Virk et al. (2020). The y-axis is in log-scale.

3. The source-to-target or target-to-source charac-
ter length ratio exceeds 2.2;

4. The Levenshtein ratio exceeds 0.8;

5. Either side is identified as the wrong language
by the language identification model released
with NLLB (NLLB Team et al., 2022). Specifi-
cally, the English sentence must be identified as
English, while the Creole sentence must not be
identified as English.

2.2 Additional Bitext from Archival Data
Because most languages contain fewer than 1,000
parallel sentence pairs, we extract additional bitext
to help with model training. We use the DReaM
corpus (Virk et al., 2020) as our source, as it con-
tains linguistic resources, including grammar books
and dictionaries, for more than 4,000 languages.

Since the documents are available only in PDF
format, we first perform optical character recogni-
tion (OCR) using dots.ocr (Li et al., 2025), which
provides strong multilingual OCR performance.

Next, we use the VLM
Qwen/Qwen3.5-27B-FP82 (Qwen Team, 2026a) to
extract incidental bitext from each page indepen-
dently. Our key observation is that parallel text
often exhibits distinctive visual layouts, such as
interlinear glosses or adjacent bilingual columns,
making it well suited for VLM-based extraction.

To reduce computational cost, we apply this
pipeline only to the 28 lowest-resource languages.
As shown in Figure 1, the extracted bitext substan-
tially increases the amount of training data for these
languages.

We acknowledge that the extracted bitext is noisy.
Some sentence pairs may use non-standard or-

2https://huggingface.co/Qwen/Qwen3.5-27B-FP8

Translate this from SRC_LANG to TGT_LANG:
SRC_LANG: SRC_SENTENCE
TGT_LANG: TGT_SENTENCE

Figure 2: Instruction template used for supervised fine-
tuning. We only compute loss for TGT_SENTENCE.

thographies, while others may suffer from OCR
or VLM errors. Nevertheless, we consider this
level of noise acceptable, as large-scale sentence
mining methods such as global mining (Schwenk
et al., 2021; NLLB Team et al., 2022) also produce
imperfect alignments.

We removed sentence pairs for which either side
has a Levenshtein similarity ratio greater than 0.9
with a sentence in the dev sets. However, since the
test sets are released during the evaluation period,
after the systems have been developed, we have
not applied the same filtering to remove potential
duplicates with the test sets.

3 Experiments

We investigate two approaches based on large lan-
guage models (LLMs): supervised fine-tuning and
few-shot prompting. We also fine-tune a NLLB
model (NLLB Team et al., 2022) as baseline.

3.1 Model Fine-tuning

Since hat contains substantially more training data
than other languages, we train one model exclu-
sively for hat and a separate multilingual model
for the remaining languages.

For multilingual training, we employ
temperature-based sampling to upsample

https://huggingface.co/Qwen/Qwen3.5-27B-FP8
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System: You are a professional translator. Do not say you
do not speak the language. Do not say you do not have
enough information. You must provide a translation. Do
not include explanations, comments, or extra text. The
entire response must be a single line containing only the
translation. When provided with example translations, use
them as reference to help ensure correct translation.

User: Translate the following sentence from SRC_LANG to
TGT_LANG: SRC_SENTENCE
Below are some example translations that might be useful:
SRC_LANG_1: SRC_SENTENCE_1
TGT_LANG_1: TGT_SENTENCE_1
SRC_LANG_2: SRC_SENTENCE_2
TGT_LANG_2: TGT_SENTENCE_2
. . .
Now, please provide the translation.
SRC_LANG: SRC_SENTENCE
TGT_LANG:

Figure 3: Instruction template used for few-shot prompt-
ing.

low-resource languages:

pi =
|Di|1/T∑
j |Dj |1/T

where Di denotes the number of training sentence
pairs for language i, T is the temperature, and pi
is the probability of sampling a sentence pair from
language i at each training step. We mainly con-
sider T = 5, following the setting used by the
baseline model.3

We fine-tune the pre-trained Gemma-3 model,
gemma-3-4b-pt (Gemma Team et al., 2025) (here-
after gemma-3), using LoRA adapters (Hu et al.,
2022), due to its strong multilingual capabilities.
The prompt template is shown in Figure 2. We
compute the training loss only over the target trans-
lation.

As a baseline, we also fine-tune
nllb-200-distilled-1.3B (NLLB Team
et al., 2022) (hereafter nllb) using LoRA adapters.
For Creole languages not supported by NLLB, we
introduce new language code tokens.

We choose relatively small models (4B for
Gemma-3 and 1.3B for NLLB) mainly due to com-
putational constraints and small training sets.

3.2 Few-shot Prompting
Even after augmenting the training data with inci-
dental bitext, a few thousand sentence pairs are of-
ten insufficient for effective fine-tuning. We there-
fore investigate few-shot prompting as an alterna-

3https://huggingface.co/pranavgupta/
gemma4-creole-mt-2026-baseline-adapter

tive. We use Qwen/Qwen3.6-27B4 (Qwen Team,
2026b) as the backbone model. We choose a much
bigger model than those used for fine-tuning be-
cause few-shot prompting requires much less com-
putation than fine-tuning. To enable inference on a
single 40GB GPU, we apply 4-bit quantization.

The prompt template is in Figure 3. For each
input sentence, we retrieve similar examples from
the training set of the corresponding language us-
ing the chrF2++ score (Popović, 2017). The 512
highest-scored sentence pairs are then included as
in-context examples. If the training set contains
fewer than 512 sentence pairs, we use all available
pairs.

3.3 Evaluation Metrics

We evaluate our systems on the KREYÒL-MT dev
set. We leave the dev set untouched and do not
apply any cleaning or filtering strategies.

We report spBLEU5 with the flores200 tok-
enizer (NLLB Team et al., 2022) and chrF2++6

scores, computed by SacreBLEU (Post, 2018).

4 Results and Analysis

We report the results of fine-tuning
nllb-200-distilled-1.3B and gemma-3-4b-pt
in Section 4.1. Results for few-shot experiments
are presented in Section 4.2.

4.1 Model Fine-tuning

Results for the eng-hat system and the multilin-
gual systems are presented in Table 1 and Table 2.
Given the large number of language directions, we
report the average performance of the multilingual
systems.

For both nllb and gemma-3, we progressively
introduce modifications to improve performance.
The baseline models are fine-tuned on the raw
KREYÒL-MT dataset.

Applying data cleaning yields significant gains
for eng→hat with gemma-3. In contrast, it de-
grades the performance of the multilingual sys-
tems. We hypothesize that data cleaning reduces
the training data to a level that is insufficient for
these low-resource language pairs.

Temperature-based data sampling does not im-
prove the performance of multilingual nllb. In

4https://huggingface.co/Qwen/Qwen3.6-27B
5nrefs:1 + case:mixed + eff:no + tok:flores200 +

smooth:exp + version:2.6.0
6nrefs:1 + case:mixed + eff:yes + nc:6 + nw:2 + space:no

+ version:2.6.0

https://huggingface.co/pranavgupta/gemma4-creole-mt-2026-baseline-adapter
https://huggingface.co/pranavgupta/gemma4-creole-mt-2026-baseline-adapter
https://huggingface.co/Qwen/Qwen3.6-27B
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Method hat Multilingual w/o hat
spBLEU chrF2++ spBLEU chrF2++

nllb-out-of-box 38.67 55.73 – –

nllb-ft 45.91 63.31 16.07 32.24
+Data clean 45.09 63.21 13.32 28.93

+T = 5 – – 14.08 28.12
+Extra data – – 16.77 33.41

gemma-3-ft 48.06 65.90 19.85 38.16
+Data clean 52.13 67.18 17.97 35.78

+T = 5 – – 23.54 41.60
+Extra data – – 24.45 43.11

Table 1: Dev set performance from English into Creole languages. nllb-ft and gemma-3-ft denote fine-tuned
versions of nllb-200-distilled-1.3B and gemma-3-4b-pt, respectively. Bold indicates the best result, and
underlining indicates the second-best result.

Method hat Multilingual w/o hat
spBLEU chrF2++ spBLEU chrF2++

nllb-out-of-box 41.72 59.49 – –

nllb-ft 55.72 71.77 30.72 47.58
+Data clean 56.04 71.90 29.24 46.42

+T = 5 – – 26.68 42.52
+Extra data – – 36.41 53.49

gemma-3-ft 57.89 73.03 33.29 49.69
+Data clean 58.37 72.91 32.79 49.11

+T = 5 – – 32.92 49.02
+Extra data – – 35.83 52.64

Table 2: Dev set performance from Creole languages into English. nllb-ft and gemma-3-ft denote fine-tuned
versions of nllb-200-distilled-1.3B and gemma-3-4b-pt, respectively. Bold indicates the best result, and
underlining indicates the second-best result.

contrast, it substantially improves multilingual
gemma-3 for translation into Creole languages, in-
creasing the average BLEU score from 17.97 to
23.54.

Finally, incorporating additional training data
consistently improves both base models. For trans-
lation into Creole languages, the additional data
improves multilingual nllb by more than 2 BLEU
and multilingual gemma-3 by nearly 1 BLEU. For
translation into English, the gains are even larger.
There is nearly 10 BLEU improvement for multi-
lingual nllb and almost 3 BLEU improvement for
multilingual gemma-3. These results suggest that
incorporating additional training data is beneficial,
even when the data may contain some noise.

4.2 Few-shot Prompting

Due to time and computational constraints, we con-
duct few-shot experiments on only 20 languages
(40 translation directions). The results are pre-
sented in Table 3.

We are interested in comparing few-shot prompt-
ing and fine-tuning for LLMs under these extremely

low-resource settings. We use our best multilingual
fine-tuned gemma-3-4b-pt model as the baseline,
incorporating all methods described in the previous
section. For few-shot prompting, we evaluate two
settings: with and without the additional training
data.

Among the 40 translation directions, the fine-
tuned model achieves the best performance on only
7 directions, 5 of which are translation into English.
This result suggests that, under such limited-data
conditions, few-shot prompting is generally more
effective than fine-tuning, especially for into-low-
resource-language translation.

Consistent with our observations from the fine-
tuning experiments, incorporating the additional
training data generally improves few-shot perfor-
mance. Few-shot prompting with the additional
data achieves the best results on 22 translation di-
rections, compared with 11 directions for few-shot
prompting without the additional data.
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Model aoa bah brc bzk cri
eng→ →eng eng→ →eng eng→ →eng eng→ →eng eng→ →eng

Best gemma-3-ft 15.02 20.20 18.32 20.47 6.26 18.45 26.60 46.11 21.37 28.57
Few-shot w/o extra data 23.37 16.26 16.43 21.38 12.57 10.58 34.01 50.85 27.92 22.28
Few-shot w/ extra data 27.75 20.28 11.38 20.81 15.08 20.37 35.24 53.57 31.57 23.99

Zero-shot 0.28 1.97 3.06 20.70 0.46 2.91 0.94 35.32 2.12 3.10

Model dcr fab fng gcr gpe
eng→ →eng eng→ →eng eng→ →eng eng→ →eng eng→ →eng

Best gemma-3-ft 5.05 33.23 2.84 12.63 19.82 12.48 18.49 24.88 15.49 28.03
Few-shot w/o extra data 19.53 27.67 5.22 10.37 29.62 21.38 22.06 34.75 28.59 29.59
Few-shot w/ extra data 19.42 38.40 6.92 16.28 24.57 21.02 26.86 33.78 10.86 30.94

Zero-shot 0.77 18.68 0.56 0.76 0.71 7.51 2.33 26.81 0.98 14.27

Model gul gyn icr jam kri
eng→ →eng eng→ →eng eng→ →eng eng→ →eng eng→ →eng

Best gemma-3-ft 8.09 30.64 27.70 32.47 55.19 62.85 35.28 46.67 18.80 33.18
Few-shot w/o extra data 22.00 39.32 25.42 33.88 53.21 57.14 52.47 78.03 28.85 41.91
Few-shot w/ extra data 22.15 45.30 29.54 34.20 55.75 58.32 43.25 79.21 23.02 38.12

Zero-shot 15.87 34.01 1.46 19.51 0.85 19.02 6.60 70.20 8.64 21.21

Model pov pre rcf svc tpi
eng→ →eng eng→ →eng eng→ →eng eng→ →eng eng→ →eng

Best gemma-3-ft 39.58 51.07 36.92 52.91 18.58 26.81 42.21 45.77 26.72 53.93
Few-shot w/o extra data 40.62 39.61 35.11 30.14 26.58 32.88 46.26 44.96 26.57 34.46
Few-shot w/ extra data 35.14 51.28 41.31 40.80 24.31 36.30 49.61 44.38 24.38 34.22

Zero-shot 7.86 23.63 1.19 4.46 3.53 24.29 10.15 30.26 9.14 28.22

Model # Wins
eng→ →eng

Best gemma-3-ft 2 5
Few-shot w/o extra data 7 4
Few-shot w/ extra data 11 11

Table 3: Dev set spBLEU scores of the best fine-tuned model and few-shot experiments for 20 selected languages.
Few-shot and zero-shot experiments are performed using Qwen3.6-27B.

4.3 Submissions

Our primary submission is the best performing
gemma-3-4b-pt model, fine-tuned with data clean-
ing, temperature-based sampling, and additional
training data. Since no additional data were ex-
tracted for eng↔hat, this language pair is ex-
cluded. The primary system covers 78 translation
directions.

Our contrastive 1 system is the gemma-3-4b-pt
model fine-tuned on the cleaned data with
temperature-based sampling. For eng↔hat,
where data sampling is unnecessary, we use the
gemma-3-4b-pt model fine-tuned on the cleaned
eng↔hat data. These two systems cover all 80
translation directions.

Our contrastive 2 system uses the 512-shot
prompting setup with additional training data and
the Qwen3.6-27B backbone model. This system
covers 20 selected languages (40 translation direc-

tions).

5 Conclusion

In this paper, we describe GMU systems for the
WMT 2026 CreoleMT shared task. We explore
both fine-tuning and few-shot prompting for low-
resource translation. Our experiments show that
incorporating additional parallel data automatically
extracted from archival resources often improves
translation performance, even when the data con-
tains noise. Moreover, few-shot prompting gen-
erally outperforms fine-tuning when only a very
limited amount of parallel data is available, espe-
cially for translation into low-resource languages.

Limitations

We did not perform a thorough audit of the paral-
lel sentences automatically extracted from archival
resources. As a result, the extracted data likely suf-



2452

fers from issues such as orthography inconsisten-
cies and language mismatch. More careful clean-
ing and normalization could further improve the
quality of the extracted corpus and, consequently,
downstream translation performance.

While we removed sentence pairs that overlap
with sentences in the dev sets from the extracted
additional data, some overlap with the test data may
still remain.
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