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Abstract

We present the second annual Shared Task for
Creole Language Machine Translation, the only
published shared task specializing in machine
translation (MT) methods for Creole languages
and their communities, presented at the Con-
ference of Machine Translation (WMT) 2026.
We accepted system submissions for two tasks:
MT and language identification (LID). We re-
ceived submissions from eight teams: 13 MT
systems from six teams across 88 language di-
rections; and four LID systems from two teams,
identifying 11 languages each. Our analysis of
MT systems indicates fine-tuning with newly
curated datasets and/or synthetic data as an ef-
fective strategy for producing state-of-the-art
MT. For the LID task, we found that smaller,
resource-efficient systems achieved state-of-
the-art scores on some languages, especially
when paired with data augmentation.

1 Introduction and Background

Creole languages have been historically under-
served by existing technologies; hence developing
better Creole language technologies has been an
active area of research for some years. For individ-
ual languages, researchers have explored innova-
tions for grammatical parsing (Wang et al., 2017;
Caron et al., 2019; Mompelat et al., 2022), senti-
ment classification (Oyewusi et al., 2020; Muham-
mad et al., 2022, 2023), named entity recognition
(Adelani et al., 2021), natural language inference
(Armstrong et al., 2022), and speech recognition
(N. Havard et al., 2025; Le Ferrand and Henri,
2026; Andrade et al., 2026). For machine trans-
lation specifically, past works have focused on
Haitian (Frederking et al., 1997; Callison-Burch
et al., 2011), Jamaican Patois (Robinson et al.,
2022, 2023), Nigerian Pidgin / West African Pid-
gin (Ogueji and Ahia, 2019; Adelani et al., 2022),
Mauritian Creole (Dabre and Sukhoo, 2022; Suddul
et al., 2026; Boodeea et al., 2025), Sranan Tongo

(Zwennicker and Stap, 2022), Singlish (Liu et al.,
2022), Cape Verdean Creole (Medina, 2025; Med-
ina et al., 2025), Guinea-Bissau Creole (Rowe et al.,
2025b), Guyanese Creolese (Clarke et al., 2024),
and Chavacano (Vicente et al., 2026)

Improved translation for Creole languages has
led to advances in medical translation (Mompelat
et al., 2026; Mompelat, 2025a), natural disaster mit-
igation (Robinson, 2025b), and other humanitarian
aid (Lewis, 2010).

Other works have focused broadly on devel-
oping technology for many Creole languages to-
gether. Lent et al. (2022b) discussed survey find-
ings on the needs for Creole language technologies.
Lent et al. (2022a); Fekete et al. (2025) explored
knowledge transfer between Creole and related lan-
guages. Lent et al. (2024) developed the first multi-
lingual MT model specifically for Creole languages.
Robinson et al. (2024) released the first public MT
dataset for a large number of Creole languages and
built state-of-the-art (SOTA) models for Caribbean
and African Creole languages.

These efforts were steps forward for Creole lan-
guage processing. However their broad scope pre-
cluded the possibility of focusing on specific lan-
guages for specific communities. This inspired the
organization of the First Shared Task for Creole
Language Translation at WMT 2025 (Robinson
et al., 2025). This task was framed as an open
challenge, to invite Creole language community
members and enthusiasts to engage in the develop-
ment of technologies for their own languages.

The 2025 shared task (Robinson et al., 2025)
received submissions from five teams, including
four submitting MT systems (Ayasi, 2025; Mom-
pelat, 2025b; Rowe et al., 2025a; Rajcoomar, 2025)
and two submitting new MT datasets (Robinson,
2025a; Rajcoomar, 2025). Rajcoomar (2025) im-
proved upon SOTA MT in some domains for Mau-
ritian Creole by fine-tuning a large language model
(LLM) and using newly curated data. Robinson
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(2025a) likewise improved SOTA in some domains
for MT of French Guianese Creole and Belizean
Kriol, also by using new datasets. Rowe et al.
(2025a) most convincingly improved over SOTA,
for seven lusophone Creole languages, also by in-
corporating new data, but they unfortunately could
not release the data.

2 Task Overview

We organized the shared task into four subtasks:

¢ Subtask 1A: Models for MT of Creole lan-
guages

e Subtask 1B: Models for LID of Creole lan-
guages

* Subtask 2A: Creole MT data
* Subtask 2B: Creole speech data

We only received submissions for subtasks 1A
and 1B, so we focus on those in this report.

2.1 MT modeling subtask

For Subtask 1A we solicited systems to translate
between any number of Creole languages and En-
glish or French. We also permitted any culturally
relevant source or target languages with approval
from us (such as Spanish for Haitian, which we
approved for one of the participating teams).

The purpose of this subtask was to produce
SOTA Creole MT models. Hence, participants
were permitted to use any data or pretrained
models, except for those expressly prohibited.
The prohibited models were the public Hugging
Face models kreyol-mt, kreyol-mt-scratch,
and CreoleM2M, excluded because of training con-
tamination with the eval sets we used. The prohib-
ited data were the public eval sets we used, namely
the test split of the public Hugging Face kreyol-mt
dataset.

We provided the following resources for partici-
pants:

¢ Two baseline models

— The kreyol-mt-pubtrain model avail-
able on HuggingFace

— A newly trained baseline model based on
gemma-4-E2B (Team, 2026)

* An official train set: the train and dev splits of
the public Kreyo1-MT dataset'

1https://huggingface.co/datasets/jhu—clsp/
kreyol-mt

2.1.1 New MT baseline model

We trained a new baseline MT model for this year’s
shared task. We had two reasons for this: (1)
because we had to prohibit use of the original
Kreyol-MT flagship model on HuggingFace and
(2) in order to incorporate the data submissions
from last year’s shared task (Robinson et al., 2025;
Rajcoomar, 2025; Robinson, 2025a).

We trained a baseline model,
gemma4-creole-mt (Gupta, 2026), by fine-
tuning gemma-4-E2B via LoRA (Hu et al.,
2022) on 50k total segments sampled from the
Kreyol-MT dataset (Robinson et al., 2024), and
datasets submitted to last year’s iteration of the
shared task (Robinson et al., 2025; Rajcoomar,
2025; Robinson, 2025a). We trained on a node
consisting of eight L40S Nvidia GPUs, comprising
86 language pairs spanning 50 Creole and related
languages. We used ALMA-style prompts (Xu
et al., 2024) with full language names, for example:

Translate this from Ndyuka into English:
{source sentence}

### Translation:

{target sentence}

We used a completion-only loss, where prompt
tokens were masked out and the loss was com-
puted only on the translation. We utilized tem-
perature sampling following NLLB (NLLB Team
et al., 2022) with T' = 5, in order to balance high-
resource pairs (e.g. hat--eng, 833k sentences)
against lower-resourced pairs (e.g. fng--eng, 33
sentences). We used the following hyperparame-
ters for LoRA: rank 64, oo = 128, while targeting
all linear layers. In Table 6, we report the metrics
on a development set.

2.2 LID subtask

For the LID subtask, we initially proposed to con-
sider LID for English-, French, Portuguese-, and
Spanish-lexifier Creoles and Pidgins, in considera-
tion of recent scholarship addressing these groups
(Adebara et al., 2022; Vicente and Cheng, 2024;
Dent et al., 2025). This was later narrowed down
to French-lexifier Creoles in response to partici-
pant interest. More specifically, participants were
asked to produce models capable of distinguish-
ing between 9 Creole languages (Guadeloupean,
French Guianese, Haitian, Martinican, Louisiana,
Mauritian, Reunionese, Saint Lucian, and Seychel-
lois), French, English, and an oth category for
other languages. Among these, certain languages
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have been particularly challenging for LID systems,
due to either linguistic proximity (Guadeloupean,
Martinican, Saint Lucian), limited amounts of con-
temporary data (Louisiana, French Guianese), or
both.

Similarly, we initially proposed exploring the in-
clusion of various kinds of context metadata along-
side the texts (Dent et al., 2026). However, due to
several constraints, we were unable to include such
metadata in this version of the shared task. Nev-
ertheless, we did strive to include test data from a
wide variety of sources. These include scholastic
materials, online newspapers, and a corpus of pre-
viously anonymized French SMS messages (Panck-
hurst et al., 2020). The latter source allowed us to
consider the effects of nonstandard transcription of
the lexifier, which has been underexplored thus far.

For our baseline model, we chose GlotLID (Kar-
garan et al., 2023) because it is considered SOTA
for coverage of long-tail languages (Suarez et al.,
2026). This model covers languages in the test set,
with two exceptions: it does not include Louisiana
Creole or Martinican Creole.

3 Task Submissions

We received submissions from eight teams. We
overview the submissions from six teams partici-
pating in subtask 1A in §3.1, and submissions from
the two teams participating in subtask 1B in §3.2

3.1 MT systems

We received submissions from six teams for the
MT systems task. All participants’ submissions
together covered 45 language pairs and 89 trans-
lation directions. Most teams submitted results
on fewer than three language pairs with a specific
focus: Haitian for CHV, UQAM and PIK; Pacific
anglophone Creoles for UniMelb; and Réunion Cre-
ole for KYX. The remaining team, GMU, submit-
ted systems for 80 different translation directions
(translation into and out of 40 Creole languages).
Teams mostly focused on language pairs involv-
ing English, with only five submissions translating
from or to French or Spanish. Submissions were
however spread across language pairs, and only
six directions had submissions from more than one
team. Haitian was by far the most represented Cre-
ole language: it was present in four submissions.
The participating teams explored a variety of
different modeling approaches. The KYX team
(Oztop, 2026) used QLoRA adaptation and focused

much of their paper on the pitfalls of MT evaluation
for Creole languages. UniMelb (Merx et al., 2026)
fine-tuned NLLB (NLLB Team et al., 2022) with
a post-training schedule including back-translated
and LLM-synthesized data. GMU (Meng and Anas-
tasopoulos, 2026) built novel datasets by applying
optical character recognition (OCR) to an existing
database and compared fine-tuning and few-shot
model adaptation. CHV (Jourdain et al., 2026) em-
ployed few-shot prompting only, with lexical and
grammatical knowledge extracted and included in
prompts. UQAM (Le et al., 2026) developed a
dataset of 17k new, culturally relevant bitext pairs,
and employed code-switching data augmentation.

We describe in more detail the submitted MT
systems in the following section.

3.1.1 KYX

The KYBELIX (KYX) team submitted a system
for Réunion Creole to English Translation (rcf —
eng) and focused on common pitfalls that may arise
when evaluating extremely resource-impoverished
languages. In particular, they focused on two phe-
nomena that can significantly impact results. First,
they demonstrated how small train and develop-
ment data overlap with inexact matches, which
can significantly impact results on very small test
sets. (The rcf-eng public test set is only 34 sen-
tences long.) Second, they argued that character-
based metrics can reward systems for mimicking
spelling conventions, as opposed to actual trans-
lations when no standard orthographies exist for
a language. To mitigate this, they contributed
an evaluation method that is contamination- and
orthography-aware. By doing so, they demon-
strated that their QLoRA-based system does not
have as large chrF++ (Popovi¢, 2017) gains as ini-
tially appeared. Their conclusions are not specific
merely to Réunion Creole, but are used to demon-
strate broader phenomena.
KYX only submitted a primary system.

3.1.2 UniMelb

To tackle machine translation for low-resource Pa-
cific Creole languages, namely, Tok Pisin, Bislama,
and Solomon Pijin, the team from the University of
Melbourn (UniMelb) developed a joint translation
models for six directions using NLLB-3.3B. They
developed two models: one for out-of-Creole MT
and another for into-Creole MT. Their core method
begins with joint pre-training on a large corpus
dominated by religious text, followed by continued
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fine-tuning on a domain-balanced mix incorporat-
ing back-translated news, spoken transcripts, and
synthetic colloquial data distilled from Gemini 3.5
Flash. Key data preparation techniques include
LLM-guided loanword respelling and normaliza-
tion for Solomonese Pijin (pis), and LLM-based
parallel alignment filtering to enhance training.

The resulting models outperform open multilin-
gual baselines by over 3 chrF++ points across all di-
rections on human-original test sets, closely match-
ing or beating Gemini 3.5 Flash on broad-domain
Bouquet and spoken transcript benchmarks. Joint
multilingual training notably benefits the lowest-
resource Creoles without degrading Tok Pisin per-
formance, while domain additions transfer well
across related languages. Furthermore, the study
demonstrates that synthetic distillation provides
rapid early quality gains that plateau after a few
thousand sentence pairs, highlighting an efficient
strategy for low-resource domain expansion.

The UniMelb team only submitted a primary
system for each translation direction.

3.1.3 GMU

The George Mason University (GMU) team con-
sidered 80 translation directions overall, namely
English <+ 40 Creole languages. They cleaned
the provided training data by removing pairs with
sentences comprising fewer than 50% alphabetic
characters, pairs with either sentence containing
fewer than three words or more than 60 words,
pairs with source-to-target or target-to-source char-
acter length ratio exceeding 2.2, Levenshtein ratio
exceeding 0.8, and pairs with either side identi-
fied as the wrong language by the NLLB language
identification model (NLLB Team et al., 2022).
They extracted additional novel bitext data us-
ing OCR and a vision language modeling (VLM).
Specifically, they applied OCR-capable VLM
Qwen3.5-27B-FP8 (Qwen Team, 2026a) to the
DReAM corpus (Virk et al., 2020) to produce addi-
tional data for the 28 lowest-resourced languages.
For MT modeling, they experimented with
parameter-efficient finetuning of the 4B-parameter
Gemma 3 model’s pretrained checkpoint (Team
et al., 2025) and the NLLB 1.3B-parameter model
(NLLB Team et al., 2022), along with few-shot
prompting of Qwen3.6-27B (Qwen Team, 2026b),
using 4-bit quantization on a single 40 GB GPU.
For model finetuning, since Haitian had substan-
tially more training data compared to the other Cre-
ole languages, they trained a separate model for

Haitian and a unified model for the remaining Cre-
ole languages using temperature sampling.

They observed that incorporating additional par-
allel data often improved translation performance.
They also observed that, depending on the amount
of data in a language, few-shot prompting could be
better or worse compared to finetuning.

The team’s contrastivel system was the 4B-
paramater Gemma 3 model fine-tuned the cleaned
provided train data. Their primary system was the
same, but with the novel data incorporated. Their
contrastive2 employed the novel training data,
but in a 512-shot in-context prompting paradigm
with Qwen3.6-27B.

314 CHV

The CHYV team considered four translation direc-
tions for Haitian (hat): English <+ Haitian and
French <> Haitian. Noting that existing training-
based methods are limited by data scarcity, they
postulated that fine-tuning on synthetic data may
not be enough to widen domain coverage or vocab-
ulary for low-resource languages. Instead, they pro-
posed to switch compute allocation from training
to test time, and relied on LLM agents’ emergent
translation capability: an agent can be provided
additional knowledge about the translation task dur-
ing inference. The authors addressed three main
questions: (1) how external resources should be
retrieved to improve translations, (2) what types
of models they can improve, (3) and whether this
inference-time compute provides enough benefit to
justify its cost.

For this purpose, they augmented the open-
weight 8B-parameter Qwen3-8B model with a
knowledge injection mechanism. Three different
knowledge retrieval tools were evaluated: (1) a
lexicon tool that extracts glosses from a translation
dictionary, (2) a memory for few-shot learning, that
contains both translation examples and monolin-
gual sentences extracted from the Kreyd1-MT train-
ing dataset, and (3) a grammar rules selection tool.
This required tuning new hyper-parameters: i.e.
the number of examples to retrieve or the similarity
threshold above which an example is deemed rele-
vant. All variants could then be combined with two
injection methods: the forced push, which inserts
all possible extracted information in the translation
prompt, and the agentic, which lets the agent reason
about the task and query each tool when needed,
following the ReAct framework (Yao et al., 2023).
All systems were then evaluated on the FLORES+
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devtest split (He et al., 2024), and result signifi-
cance was validated with a paired bootstrap. The
best performing knowledge injection mechanism
was then used for submission.

The forced push approach systematically scored
better than all evaluated agentic methods, which
tended to fall into tool-calling loops, used 6x more
tokens, and yet were often unable to correctly ex-
ploit the injected knowledge for Creole language
generation. Increases in scores was instead mostly
provided by simple, computationally cheaper tools:
for eng — hat for example, increasing the num-
ber of glosses in the prompt increased the chrF++
score by +3.83, adding parallel and monolingual
data examples by +1.14, and translating French sen-
tences into English before translating into Haitian
increased +4.56. Activating reasoning on the base
model with forced push was useful for hat —
fra, on which it counters the base model’s ten-
dency to copy Haitian words into French, and re-
mained less costly (1.7 tokens) than agentic ap-
proaches. Hence the three final submitted systems
all used forced push: a primary submission with
reasoning activated, a constrativel submission
using forced push without reasoning, and the base
Qwen3-8B model as a contrastive2 submission.

The team compared their proposed methods with
the primary baseline gemma4-creole-mt we pro-
vided, along with the base Qwen3-8B model they
adapted in their submissions. They found over-
all that knowledge injection improved the scores
over the base models for all directions, by up to
14.2 chrF++ points for eng — hat. Knowledge
injection appeared to help most for into-Creole
translation, where it partially corrected for the lack
of Creole fluency exhibited by language models.
However, the method still scored below both our
secondary baseline, the Kreyol-MT model trained
on public data (Robinson et al., 2024), and the fron-
tier LLM GPT-4.1-mini.

Lastly, the CHV team conducted preliminary
tests applying their prompting method with various
LLM engines from five different families, obtaining
chrF++ point estimates on a single inference run on
a 200-sentence subset of FLORES+. They found
that gains were consistently stronger for weaker
models, and diminished as base model performance
improved until they were negligible for frontier
models. Hyper-parameters for knowledge injection
were only tuned for the weaker Qwen3-8B model;
yet analyzing score distributions showed that im-
provements were driven by correcting the worst

translations. This might explain why strong frontier
models did not benefit from knowledge injection.
The authors concluded that injected knowledge can
improve vocabulary or coverage for weaker base
models, but that it might not improve fluency be-
yond a certain point, where training-based methods
may still be needed.

3.1.5 UQAM

The submission from Université de Québec a Mon-
tréal for Haiti (UQAM) team addresses the chal-
lenge of creating a culturally aware MT system
for translation from Haitian to English or French.
They attempted to accomplish this through a com-
bination of novel cultural dataset curation, code-
switching data augmentation, and multilingual
model adaptation. The work is distinct for its em-
phasis on cultural representation, incorporating lin-
guistic material that reflects Haitian cultural knowl-
edge, oral traditions, and idiomatic language.

The primary contribution of the paper is the con-
struction of a parallel corpus of culturally-relevant
Haitian material, including poems, proverbs, and
culturally-grounded expressions from the Atlas Lin-
guistique d’Haiti (Fattier, 1998). Approximately
55 hours of spoken Haitian were transformed into
a parallel translation dataset, through a pipeline
involving audio segmentation, automatic transcrip-
tion, machine translation, filtering, and human vali-
dation. This produced more than 17,000 additional
sentence pairs, which were used to augment the
Kreyol-MT resources. This represents a substan-
tial effort to leverage underutilized oral language
resources and expand cultural diversity of available
Haitian MT data.

To improve robustness to multilingual use, the
authors introduce a code-switching augmentation
strategy based on the use of LLMs. Using a token-
level replacement approach, an LLM was prompted
to replace between one and three Haitian tokens
with their English or French equivalents while pre-
serving sentence fluency and semantic coherence.
These synthetic code-switching data were concate-
nated with the original training corpus, augment-
ing the total dataset available for training. The
team proposed that, in addition to augmenting data,
this approach increase the model’s robustness to
bilingual input, through exposure to multilingual
training data.

The models employed were: a baseline Trans-
former system trained from scratch (El); an
adapted version of the NLLB-200 multilingual
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model fine-tuned on the combination of Kreyd1-MT
and code-switching data (E2), and a version of
the NLLB-200 fine-tuned with Kreyo1-MT, code-
switching and culturally-relevant data (E3). This
provides an informative comparison between a con-
ventional NMT system and a pre-trained multilin-
gual model, assessing the contribution of cultural
data across the different modeling paradigms.

Beyond standard translation quality measures,
the team evaluated cultural preservation using the
CSI-Match metric (Yao et al., 2024). The team’s
evaluation choice aligns well with the objectives
of their paper: to assess whether cultural and id-
iomatic meaning is maintained during translation.

On their internal tests, the team achieved im-
provements over their internal baseline in both
translation directions. For Haitian to English, E2
delivered substantial gains across all major metrics,
increasing BLEU from 43.6 to 53.6 and chrF++
from 65.0 to 72.7. The most striking improvement
was observed in cultural translation quality, with
the CSI-Match score rising from 50.0 to 77.0, in-
dicating a much stronger ability to preserve cul-
turally grounded meanings and idiomatic content.
E3 had similar performance, with only a slight de-
crease across evaluation metrics. For Haitian to
French, both submitted systems also consistently
outperformed the baseline. (See Le et al. (2026).)
Cultural awareness gains were more modest than
in the English direction, but remained positive.

Both adapted models (E2 and E3) showed the
value of incorporating culturally enriched data and
code-switching data augmentation. The team des-
ignated their E2 system as primary and two hyper-
parameter configurations of E3 as contrastivel
and contrastive? for their submission. Across
most metrics in internal tests, E3 performed simi-
larly to, but slightly below, E2, indicating that the
additional experimental modifications did not trans-
late into measurable improvements. Given that the
unadapted NLLB-200 model was not tested, it is
difficult to say if the majority of the performance
comes from using the multilingual model or from
including new data.

The proposed approach delivered strong gains,
but the authors pointed out significant limitations.
The code-switching data may not capture the natu-
ral sociolinguistic behavior of bilingual speakers,
and the use of automatic translation in processing
recordings may introduce residual biases. The team
also lamented limited digital resources, insufficient
representation of dialectal variation, and a lack of

community-driven data development.

3.1.6 PIK

Unfortunately the PIK team did not submit a sys-
tem report, so we cannot report on their methods
or approach.

3.2 LID systems

We overview submissions from the two teams par-
ticipating in the LID systems subtask. The HT team
(Ayasi, 2026) focused on organizing language la-
bels into groups and running a hierarchy-based LID
system that classified the language group as well as
the language itself. The RP team (Strickland, 2026)
focused on curating new data in addition to the data
provided in order to mitigate class imbalances for
French Guianese Creole and Réunion Creole.

3.2.1 HT

The Hytton Technologies (HT) team presents a so-
lution based on a multiclass linear support vector
machine (SVM) that uses term-frequency inverse-
document-frequency (TF-IDF) weighted character
n-grams representations as features. This is pre-
sented as a noise-robust solution, and thus appro-
priate for Creole LID. These representations are
learned once and shared across models.

Furthermore, HT explores several hierarchical
classification strategies. First, they define an ex-
pert grouping in which the individual language
labels provided by the organizers are directly as-
signed distinct categories. Namely, they recog-
nize a Lesser Antillean group (mart, gcf, and
acf), Haitian as its own group, a third group con-
taining all other French-based Creoles under con-
sideration (lou, gcr, rcf, mfe, and crs), and a
fourth grouping consisting of the non-Creole labels
(eng, fra, oth).? Second they introduce three dis-
tinct data-driven methods of inferring hiearcharchy:
confusion-based grouping, grouping on the ba-
sis of representation similarity, and a combined
method defined by averaging the other two matri-
ces. (The team used the representation method
for their contrastivel submission, the confusion
method for their contrastive?2, and the combined
method for their primary.)

Across all grouping strategies, two frameworks
were explored for incorporating group labels into
the final classification: hard hierarchy, in which
the inferred group acts as a gate to a specialized
classifier, and soft hierarchy, in which group-level

These are labeled Groups 1, 3, 2, and 4 respectively.
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posterior probabilities act as weights for across-the-
board classification. The soft hierarchy was used
for all submitted systems.

HT provided a detailed error analysis which em-
phasizes three points. Training data is described as
the main bottleneck, as gcr and rcf, with 53 and
184 examples respectively in provided data, exhibit
the highest error rates. Recall and error rate are
shown to vary significantly with training data size
(Spearman p = 0.685, p = 0.014) and (Spearman p
=-0.685, p = 0.014), respectively, while macro-F1
does not (p =0.427, p =0.167).

The team shows that confusions are heavily con-
centrated between the English, Haitian, and oth
classes, with mutual confusion between these cate-
gories accounting for more than half of all errors.
However, bidirectional confusion between Martini-
can and Guadeloupean Creoles also accounts for
6.9% of the global error rate, and is nearly even
in each direction. Remaining errors are attributed
to structural factors such as named entities, lexical
borrowings, noise, and short texts.

3.2.2 RP

The Rock Pidgins (RP) team combined an n-gram-
based classifier with a linear SVM to build LID sys-
tems. They classified texts into twelve categories,
which included francophone Creole languages spo-
ken in the Caribbean and the Indian Ocean, English
and French, and an oth classification for additional
languages.

Their two LID systems differed by their train-
ing corpora. Gwo-K_1 was trained on the train
subset of Kreyol-MT (Robinson et al., 2024). To
mitigate under-representation, Gwo-K_2 was aug-
mented with 1000 geography-related Wikipedia
sentences for French Guianese Creole and 2163
sentences from Cellier (1985) and McLellan (2024)
for Réunion Creole. In both systems, features were
obtained by extracting strings of three to five char-
acters to capture subwords and orthographic con-
ventions across the different languages. These were
weighted by their TF-IDF score to create sentence-
level features that were fed into a linear SVM with
balanced class weighting.

Overall, Gwo-K_1 achieved an accuracy of 97.0%
on internal tests, and Gwo-K_2 achieved 97.2%.
This improved over the GlotLID baseline, which
achieved only 74.9%, likely because it does not
cover Martinician and Louisiana Creoles. RP found
that lower F1 scores were attained for languages
with less training data, though this was not a consis-

tent trend. Louisiana Creole had significantly fewer
training data than Guadeloupean and Martinician
Creoles, but was classified more accurately. The
team hypothesized that this was because Louisiana
Creole evolved separately from the Creoles spoken
in the Caribbean and Indian Ocean, making it more
distinguishable. This indicates that more distinct
languages might be more data-efficient.

Geography had a marked influence on classi-
fication errors: languages tended to be confused
with others spoken in the same region. Interest-
ingly, Creole languages tended not to be confused
with their high-resource lexifiers, likely due larger
amounts of training data for the latter.

4 Evaluation Results

Here we overview our evaluation results for both
MT and LID systems subtasks.

4.1 MT evaluation

We use the randomly shuffled versions of the
public Kreyol-MT test sets as our primary eval-
uation sets. Since some teams submitted mod-
els for language pairs that are not supported by
kreyol-mt-pubtrain, and in order to increase the
diversity of the evaluation references, we also em-
ployed secondary evaluation sets. We used newly
split private test sets of Kreyol-MT that were not
seen in training by either baseline model, as well
as additional test sets from the CreoleVal and MIT-
Haiti datasets (Lent et al., 2024), and the APiCS
database (Michaelis et al., 2013).

In the following, we refer to the former eval-
uation set as Eval Set I, and the latter as Eval
Set 2. We compute the chrF++ (Popovié, 2017)
and BLEU (Papineni et al., 2002) scores using the
default parameters of the sacrebleu library on
each submission, as well as on the outputs of our
two baseline models: kreyol-mt-pubtrain and
gemmad-creole-mt, the new baseline model intro-
duced in Section 2.1.1.

For each group of evaluation sets, we report be-
low the scores of all language pairs for which we
received more than one submission. Complete
tables with results of all teams across all trans-
lation directions can be found in Appendix B.
Overall, five directions were not supported by the
kreyol-mt-pubtrain baseline model: Bislama <>
English, Pijin <> English and Haitian — Spanish.
For these pairs, we only used one baseline model.
Evaluation results on Eval Set I for translation
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directions with a Creole source language are in
Table 1, and those with a Creole target language
in Table 2. Evaluation results obtained on Eval
Set 2 are reported in Table 3 for translation with
a Creole source language, and in Table 4 for a
Creole target language. Scores are reported along
with the precise source for each Eval Set 2, where
"KMT" refers to the newly split private test sets of
Kreyol-MT.

We first note that across submissions, scores are
consistently higher on the Eval Set I than on Eval
Set 2, with important average differences ranging
from approximately -15 chrF++ for UniMelb to -27
for PIK. This is also true of kreyol-mt-pubtrain,
which has a gap of approximately -20 chrF++
points. Eval Set 2 is dominated by the private
test sets of the Kreyol-MT dataset, which for each
language pair often comes from few, specialized
sources from a single domain. The notable excep-
tion is the gemma4-creole-mt baseline, whose per-
formance stays roughly equal (+0.84) on both sets,
although this masks substantial direction-specific
variation.

Relative rankings between submissions also dif-
fer on evaluation sets. UniMelb and UQAM, which
both designed more specialized systems focusing
on a single Creole language or language group,
outperform the two baselines on three out of four
considered directions and evaluation sets. UniMelb
achieves the best performance across all available
evaluation sets for eng— tpi, and UQAM for
hat— fra. CHV scores below the two baselines
on all direction pairs and evaluation sets, despite
being specific to Haitian Creole. For the large-
coverage GMU submission, performance relative
to the baselines depend more strongly on the evalu-
ation set: it is highly competitive and outperforms
both baselines on Eval Set 1 for 52 directions out of
80, but only on three of 36 directions on Eval Set 2,
where gemma4-creole-mt achieves higher scores
on most shared directions. Despite this, GMU
still provides the best-performing system across all
available evaluation sets for eng— gul and eng—
icr. The PIK team focused on three Haitian Creole
— XX directions, and exhibits substantial variation
in performance across target languages. On the
two directions available in Eval Set 1, its system
outperforms the gemma4-creole-mt baseline but
not kreyol-mt-pubtrain. Results on Eval Set
2 are more mixed: PIK achieves the best perfor-
mance among all submissions on hat— eng, but
the lowest on hat— fra, while on hat— spa it

only slightly outperforms kreyol-mt-pubtrain.
Finally, the KYX submission considers a sin-
gle direction rcf — eng, which only appears in
Eval Set 1. 1t increases the chrF++ score over
gemma4-creole-mt by +7.2 points, but falls short
of kreyol-mt-pubtrain by -3.3 points.

Direction  Team Model chrF++ BLEU
baseline  kreyol-mt-pubtrain 75.9 64.5
PIK primary 68.9 50.4
UQAM  contrastive2 68.3 50.9
GMU contrastivel 67.2 49.8
UQAM  primary 66.2 47.6
hat=eng  ;OAM  contrastivel 660 478
baseline  gemma4-creole-mt 55.8 37.0
CHV contrastivel 53.9 31.6
CHV primary 53.7 29.2
CHV contrastive2 51.3 29.0
UQAM  contrastivel 64.7 44.2
UQAM  primary 63.8 42.8
baseline  kreyol-mt-pubtrain 59.9 41.4
PIK primary 59.8 33.7
hat—fra baseline  gemma4-creole-mt 50.9 27.5
CHV primary 50.2 22.0
CHV contrastivel 46.8 20.3
CHV contrastive2 46.4 20.0
GMU contrastive2 52.5 433
baseline  kreyol-mt-pubtrain 47.7 40.9
ref—seng KYX primary 44.4 36.1
GMU contrastivel 42.8 29.7
GMU primary 40.8 28.8
baseline  gemma4-creole-mt 40.5 30.9
baseline  kreyol-mt-pubtrain 70.1 58.8
UniMelb  primary 66.0 48.8
tpi—eng GMU primary 41.1 18.7
baseline  gemma4-creole-mt 323 13.7
GMU contrastivel 29.2 12.4

Table 1: Results for Creole — XX on the Kreyol-MT -
Eval Set 1, Language pairs with submissions from more
than one team.

Direction  Team Model chrF++ BLEU
baseline  kreyol-mt-pubtrain 69.8 56.9
GMU contrastivel 59.9 37.9
eng—shat baseline  gemma4-creole-mt 46.2 25.4
CHV primary 43.3 18.4
CHV contrastivel 43.0 19.1
CHV contrastive2 31.1 10.6
UniMelb  primary 65.8 46.1
baseline  kreyol-mt-pubtrain 62.8 47.2
eng—tpi GMU primary 43.1 159
GMU contrastivel 39.8 11.3
baseline  gemma4-creole-mt 38.5 14.0

Table 2: Results for XX — Creole on the Kreyol-MT -
Eval Set 1 Language pairs with submissions from more
than one team.

4.2 LID evaluation

For evaluation of the LID task, we construct a pri-
vate dataset containing examples across nine fran-
cophone Creole languages (St. Lucian Patios - acf,
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Seychellois Creole - crs, Guadeloupean Creole -
gcf, French Guianese Creole - gcr, Haitian - hat,
Louisiana Creole - 1ou, Martinician Creole - mart,
Mauritian Creole - mfe, and Réunion Creole - rcf);
two high-resource related languages (English - eng
and French - fra); and an oth category for all other
languages. The sources for our dataset include blog
posts, news articles, and government communica-
tions.

We compute accuracy statistics using the
scikit-learn library and baseline scores using
GlotLID. Table 5 contains F1 scores for the two
teams that submitted results for LID, and the con-
fusion matrices in Figures 1 and 2 indicate which
pairs of languages were misclassified as each other
across the different systems.

Direction  Eval set Team Model chrF++ BLEU
KMT PIK primary 50.7 27.6
KMT UQAM  primary 45.0 22.0
KMT UQAM  contrastive2 439 20.2
KMT UQAM  contrastivel 425 18.9
hat—eng KMT baseline  kreyol-mt-pubtrain 41.0 18.1
KMT GMU contrastivel 395 15.7
KMT baseline  gemma4-creole-mt 39.1 204
KMT CHV contrastivel 35.6 11.8
KMT CHV primary 35.6 11.1
KMT CHV contrastive2 34.0 10.9
KMT UQAM  primary 424 18.8
KMT UQAM  contrastivel 39.9 16.4
KMT baseline  gemma4-creole-mt 34.0 15.1
hat—sfra KMT baseline  kreyol-mt-pubtrain 33.7 9.2
KMT CHV primary 31.1 54
KMT CHV contrastivel 28.7 5.0
KMT CHV contrastive2 282 4.1
KMT PIK primary 23.1 5.6
CreoleVal UniMelb primary 71.5 58.1
CreoleVal baseline  kreyol-mt-pubtrain 353 12.1
CreoleVal baseline  gemma4-creole-mt 33.7 15.5
tpi—reng KMT UniMelb primary 46.3 275
KMT baseline  kreyol-mt-pubtrain 30.5 10.2
KMT GMU primary 30.5 10.0
KMT baseline  gemma4-creole-mt 29.6 12.9
KMT GMU contrastivel 23.8 6.4
Table 3: Results for Creole — XX - Eval Set 2, Lan-

guage pairs with submissions from more than one team.
KMT refers to the private test sets of the Kreydl-MT

dataset.

Lang. GlotLID RP HT HT HT
primary contrastivel contrastive2

acf 0.749  0.744 0.772 0.781 0.788
crs 0938  0.881  0.855 0.850 0.839
gef 0.807 0598  0.604 0.603 0.607
ger 0864 0.721  0.035 0.058 0.067
hat 0924  0.726  0.731 0.721 0.736
lou 0.000  0.634 0.472 0.496 0.420
mart  0.000 0491 0.359 0.368 0.367
mfe 0.911 0.939  0.869 0.874 0.838
rcf 0.774  0.824  0.530 0.552 0.328
eng 0985 0.771  0.899 0.882 0.877
fra 0.688  0.872  0.802 0.778 0.783
oth 0.507  0.606  0.717 0.708 0.711
all 0.679  0.734  0.639 0.637 0.614

Table 5: Language identification results F1 scores for
the languages we evaluate. The submitted systems out-
performed the baseline GlotLID model on acf, fra,
lou, mart, mfe, othand rcf.

Confusion Matrix: GlotLID (baseline)

Direction  Eval set Team Model chrF++ BLEU
KMT baseline  kreyol-mt-pubtrain 374 15.6
KMT GMU contrastivel 34.6 11.7
eng—shat KMT baseline  gemmad-creole-mt 33.0 13.1
KMT CHV primary 30.2 7.8
KMT CHV contrastivel 30.1 8.3
KMT CHV contrastive2 219 4.5
CreoleVal UniMelb primary 70.4 53.8
CreoleVal baseline  gemma4-creole-mt 42.8 17.0
CreoleVal baseline  kreyol-mt-pubtrain 425 16.6
eng—>tpi KMT UniMelb  primary 55.0 344
KMT baseline  gemma4-creole-mt 39.1 15.8
KMT baseline  kreyol-mt-pubtrain 37.1 12.2
KMT GMU primary 37.0 135
KMT GMU contrastivel 35.1 9.7

Table 4: Results for XX — Creole - Eval Set 2, Lan-
guage pairs with submissions from more than one team.
KMT refers to the private test sets of the Kreydl-MT
dataset.
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On the test set, the GlotLID baseline and RP sys-

tem were the most performant for five languages
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5 Conclusions

We consider the MT systems subtask a tremen-
dous success. Some of the systems submitted
(particularly from GMU, UniMelb and UQAM)
advanced SOTA for multiple language directions
(dozens of directions in the case of GMU). We
found that teams that (1) built and used new
datasets and/or (2) employed data augmenta-
tion performed best. (The GMU, UniMelb, and
UQAM teams had this in common.) Comparatively,
the CHV team’s approach using in-context learn-
ing instead of actual parameter tuning was, while
creative and interesting, not as successful as other
approaches. This indicates that fine-tuning with ad-
ditional data to those provided by task organizers
is a winning strategy. This result was corroborated
by last year’s shared task (Robinson et al., 2025).

RP and HT both achieved SOTA performance
compared to the G1otLID baseline on the LID task
for St. Lucian Creole, Mauritian Creole, Réunion
Creole and French (Louisiana and Martinician Cre-
oles were not covered by GlotLID). The RP team
achieved a macro-F1 score of 0.7340, which was
the strongest across all the submitted models and
the GlotLID baseline.

Both teams employed a linear SVM, and TF-
IDF weighted character level n-grams as features
for their models. Data augmentation significantly
boosted performance compared to the HT submis-
sions for Réunion Creole (+2163 examples) and
French Guianese (+1k examples), which were the
least represented languages in the training set, with
189 examples and 346 examples respectively.

This illustrates that training data availability is
one of the largest bottlenecks for effective language
classification, and highlights the importance of col-
laborations between data stewards, the linguistic
community, and researchers for the advancement
of Creole NLP.

Overall, the submitted systems achieved win-
ning scores on various languages that were evalu-
ated, and achieved competitive aggregate macro-
F1 scores when compared to GlotLID, which is a
larger system trained on significantly more data.
Both the RP and HT authors show that lightweight,
resource-efficient models can be highly effective
for LID, and that Creole researchers should con-
tinue to focus on ways to increase data-availability
and on developing new data-efficient methods.
SMS messages and similar highly informal forms
of writing stand out as a particularly important cat-

egory for future LID evaluation.

We look forward to further progress brought
through future iterations of this shared task. Please
contact us if you are interested in getting involved.

Limitations

A major limitation of this year’s shared task was
that we only trained the new baseline model on a
50k-sentence subset of our total data. Hence it was
likely not as strong as it could have been. We plan
to mitigate this for future shared tasks.

We also lament that no team submitted any data
to the shared task this year. (I.e. Subtasks 2A and
2B were left untouched; see §2.) In the future we
will try to facilitate teams submitting data so that
the process is clear, especially considering that mul-
tiple participants in the systems subtasks actually
developed new datasets that they simply did not
submit this year.
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A Baseline Model Development Details

See Table 6 for scores of gemma4-creole-mt on
our internal dev sets.
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Metric Base Gemma-4 + LoRA adapter A

Macro BLEU 7.19 18.48 +11.29
Macro chrF 20.90 36.94 +16.04
Corpus BLEU 5.57 18.48 +12.91
Corpus chrF 21.82 38.48 +16.66

Table 6: gemma-4-E2B baseline model’s performance
metrics.

B Full MT Results

The remaining tables in the paper show the full
evaluation results for all MT systems. See Tables
7, 8,9, and 10.
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Direction Team  Model chrF++ BLEU Direction Team Model chrF++ BLEU
baseline kreyol-mt-pubtrain  62.8 46.1 GMU primary 674 529
acf—reng GMU  primary 575 393 jam—seng GMU contrastivel 64.7 530
GMU  contrastivel 569 382 baseline  kreyol-mt-pubtrain 534 349
baseline gemma4d-creole-mt 348 16.7 baseline gemma4-creole-mt 52.0 323
GMU  contrastive2 41.5 352 GMU contrastivel 849 773
GMU  primary 351 236 kea—seng GMU primary 80.2 69.8
aoa—eng GMU  contrastivel 284 232 baseline kreyol-mt-pubtrain 80.1 71.6
baseline gemma4d-creole-mt 20.3 16.9 baseline gemma4-creole-mt 55.6 329
baseline kreyol-mt-pubtrain 16.7 15.2
GMU  contrastive2 46.8 193 GMU contrastivel 46.5 314
GMU  primary 429 246 kri—>eng GMU primary 452  26.8
bah—eng baseline kreyol-mt-pubtrain 358 29.1 baseline gemma4-creole-mt 38.5 21.0
GMU  contrastivel 353 28.6 baseline kreyol-mt-pubtrain 27.6 9.4
baseline gemma4-creole-mt 332 21.6
GMU  contrastive2 64.0 50.5 GMU primary 344  16.0
GMU  primary 51.0 3438 ktu—seng GMU contrastivel 232 114
brc—eng baseline kreyol-mt-pubtrain 25.1  10.7 baseline gemma4-creole-mt 20.8 4.9
GMU  contrastivel 21.7 7.7 baseline kreyol-mt-pubtrain 10.3 0.8
baseline gemma4-creole-mt 18.9 6.7
GMU  primary 470 274 baseline  kreyol-mt-pubtrain  51.4  32.7
bzj—seng GMU  contrastivel 42.8 23.3 lou—seng GMU coptrastivel 486 284
baseline kreyol-mt-pubtrain 409 21.5 GMU primary 48.0 28.9
baseline gemma4-creole-mt 338 174 baseline gemma4-creole-mt 39.6 19.2
GMU  primary 64.6 493 baseline kreyol-mt-pubtrain 90.7 784
GMU  contrastive2 63.9 484 GMU primary 82.6 70.7
bzk—eng baseline kreyol-mt-pubtrain  56.9 40.3 martl1259—eng GMU contrastivel 80.3 689
GMU  contrastivel 56.6 38.8 GMU contrastive2 79.0 65.7
baseline gemma4-creole-mt 55.0 373 baseline gemma4-creole-mt 72.6 568
GMU  primary 392 243 baseline  kreyol-mt-pubtrain 463 25.0
GMU  contrastive2 348 220 o GMU contrastivel 448 229
cri—eng baseline kreyol-mt-pubtrain  32.1 19.7 mie—reng GMU primary 444 224
GMU  contrastivel 26.6 14.6 baseline gemma4-creole-mt 34.1 13.1
baseline gemma4d-creole-mt 20.8 8.8
GMU  contrastivel 58.5 34.1 GMU contrastive2 423 27.1
crs—eng baseline kreyol-mt-pubtrain  57.6 33.8 GMU primary 311 159
GMU  primary 57.5 338 mue—>eng GMU contrastivel 18.2 3.7
baseline gemma4-creole-mt 46.2 21.0 baseline gemma4-creole-mt 13.7 1.3
baseline kreyol-mt-pubtrain 8.6 0.5
GMU  contrastive2 61.7 48.6 baseline kreyol-mt-pubtrain 79.5 70.1
GMU  primary 54.0 41.6 GMU primary 572 377
der—eng GMU  contrastivel 355 245  Pap—eng GMU contrastivel 541 357
baseline gemma4d-creole-mt 34.0 203 baseline gemma4-creole-mt 53.1 35.0
baseline kreyol-mt-pubtrain 21.2 122
baseline kreyol-mt-pubtrain 574 378 pap—fra baseline kreyol-mt-pubtrain 574 29.6
djk—>eng GMU  primary 36.5 142 baseline ~ gemma4-creole-mt 373 159
GMU  contrastivel 36.0 149
baseline gemma4d-creole-mt 27.0 10.8
GMU  contrastive2 369 214 GMU contrastivel 67.2 472
GMU  primary 36.6 202 baseline  kreyol-mt-pubtrain 654 45.0
fab—eng GMU  contrastivel 242 106 ~ pem—eng GMU primary 654 439
baseline gemma4-creole-mt 15.8 2.6 baseline gemma4-creole-mt 57.1 354
baseline kreyol-mt-pubtrain 12.9 0.8
GMU  contrastivel 40.6  30.9 baseline kreyol-mt-pubtrain 63.2 49.7
GMU  primary 36.8 257 GMU contrastive2 62.1 453
fng—eng GMU  contrastive2 340 16.8 pov—-eng GMU contrastivel 56.5 393
baseline gemma4-creole-mt 14.2 53 GMU primary 56.0 38.7
baseline kreyol-mt-pubtrain 10.2 2.7 baseline gemma4-creole-mt 348 21.8
GMU  primary 59.4 457 GMU primary 689 527
foe—sen baseline kreyol-mt-pubtrain 404 26.7 GMU contrastive2 63.8 50.2
P € GMU contrastivel 38.5 234  pre—seng GMU contrastivel 477 342
baseline gemma4-creole-mt 345 20.6 baseline gemma4-creole-mt 22.5 4.0
baseline kreyol-mt-pubtrain 15.9 2.0
GMU  contrastivel 68.8 53.8 GMU contrastive2 52.5 433
baseline kreyol-mt-pubtrain 67.5 52.8 baseline kreyol-mt-pubtrain 47.7 409
gef—eng GMU  contrastive2 66.9 509 ref—sen KYX primary 444 36.1
GMU  primary 66.6 514 g GMU contrastivel 42.8 29.7
baseline gemmad-creole-mt 542 363 GMU primary 40.8 28.8
baseline gemma4-creole-mt 40.5 309
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Direction Team  Model chrF++ BLEU Direction Team Model chrF++ BLEU
GMU  contrastive2 50.5 299 baseline kreyol-mt-pubtrain 414 259
GMU  primary 49.1  30.8 sag—sen GMU contrastivel 304 141
ger—seng GMU  contrastivel 490 31.1 g—eng GMU primary 293 119
baseline gemma4-creole-mt 41.3  20.8 baseline gemma4-creole-mt 23.7 6.3
baseline kreyol-mt-pubtrain 393 19.8
GMU  primary 574 370 GMU primary 29.5 188
GMU  contrastive2 559 330 baseline kreyol-mt-pubtrain 28.7 19.0
gpe—eng GMU  contrastivel 45.1  21.7 srm—reng GMU contrastivel 23.1 6.2
baseline gemma4-creole-mt 448 215 baseline gemma4-creole-mt 154 2.5
baseline kreyol-mt-pubtrain 24.8 6.2
GMU  primary 62.4 440 GMU primary 482 293
gul—seng GMU  contrastivel 56.0 32.7 srn—reng baseline kreyol-mt-pubtrain 448 274
baseline gemma4d-creole-mt 41.3 21.6 GMU contrastivel 40.5 20.8
baseline kreyol-mt-pubtrain 34.8 134 baseline gemma4-creole-mt 279 11.7
GMU  contrastive2 484 315 GMU contrastive2 679 56.2
GMU  primary 46.1 282 baseline  kreyol-mt-pubtrain 603 464
gyn—eng baseline kreyol-mt-pubtrain  44.1 28.1 svc—-eng GMU primary 579 421
GMU  contrastivel 40.0 232 GMU contrastivel 51.9 236
baseline gemma4-creole-mt 30.5 15.6 baseline gemma4-creole-mt 42.0 25.7
baseline kreyol-mt-pubtrain 75.9 645 baseline kreyol-mt-pubtrain 70.1 58.8
PIK primary 68.9 504 UNIMELB primary 66.0 48.8
UQAM contrastive2 68.3 509 tpi—eng GMU primary 41.1  18.7
GMU  contrastivel 67.2 49.8 baseline gemma4-creole-mt 323 13.7
hat—eng UQAM primary 66.2 47.6 GMU contrastivel 292 124
UQAM contrastivel 66.0 47.8
baseline gemma4d-creole-mt 55.8 37.0
CHV contrastivel 539 31.6
CHV  primary 53.7 292
CHV  contrastive2 51.3  29.0
UQAM contrastivel 647 442 GMU contrastive2 82.2 66.9
UQAM primary 63.8 42.8 baseline kreyol-mt-pubtrain 78.0 613
baseline kreyol-mt-pubtrain 599 414 trf—eng baseline gemma4-creole-mt 772 60.3
hat—sfra PIK primary 59.8 337 GMU coptrastivel 763 58.9
baseline gemma4-creole-mt 509 275 GMU primary 76.1 58.1
CHV  primary 502 220
CHV  contrastivel 46.8 20.3
CHV  contrastive2 46.4 20.0
GMU  primary 73.1 589 GMU primary 67.0 563
jer—veng baseline kreyol-mt-pubtrain 67.7 53.5 GMU contrastive2 60.3 44.0
GMU  contrastivel 62.2 458 wes—-eng GMU contrastivel 594 46.0
baseline gemma4d-creole-mt 440 29.6 baseline gemma4-creole-mt 39.8 24.1
baseline kreyol-mt-pubtrain 25.5 72
Table 7: Evaluation on Eval Set I - Creole — XX.
Direction Team  Model chrF++ BLEU Direction Team Model chrF++ BLEU
baseline kreyol-mt-pubtrain 64.7 46.1 GMU contrastivel 534 27.6
eng—acf GMU cqntrastivel 58.7 399 eng—rkea GMU primary 51.8 26.6
GMU  primary 583 389 baseline  kreyol-mt-pubtrain  51.0 26.2
baseline gemma4-creole-mt 8.5 0.1 baseline gemma4-creole-mt 382 125
GMU  contrastive2 45.0 33.0 baseline gemma4-creole-mt 38.0 16.9
GMU  primary 30.6 18.8 . GMU primary 37.6 239
eng—aoa GMU  contrastivel 272 184 eng—kri GMU contrastivel 347 178
baseline gemmad-creole-mt 204 182 baseline  kreyol-mt-pubtrain 10.0 2.3
baseline kreyol-mt-pubtrain 13.1 158
baseline kreyol-mt-pubtrain 293 13.1 GMU primary 40.7 164
GMU  contrastivel 26.8 8.6 GMU contrastivel 33.0 122
eng—sbah GMU  primary 265 115 ng—kiu baseline  gemma4-creole-mt 269 19
baseline gemma4-creole-mt 22.8 10.3 baseline kreyol-mt-pubtrain 8.4 1.5
GMU  contrastive2 18.8 8.0
GMU  contrastive2 56.5 344 baseline kreyol-mt-pubtrain 49.8 28.2
GMU  primary 49.0 219 eng—lou GMU contrastivel 46.0 225
eng—brc baseline kreyol-mt-pubtrain  21.5 9.4 GMU primary 446 224
GMU  contrastivel 19.5 5.0 baseline gemma4-creole-mt 324 116
baseline gemma4d-creole-mt 16.6 4.1
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Direction Team  Model chrF++ BLEU Direction Team Model chrF++ BLEU
baseline kreyol-mt-pubtrain  34.6 14.6 baseline  kreyol-mt-pubtrain  73.1 53.6
eng—bzj GMU coptrastivel 30.0 8.9 GMU contrast@vez 61.9 424
GMU  primary 29.4 5.1 eng—martl1259 GMU contrastivel 59.6 36.6
baseline gemma4-creole-mt 21.5 2.0 GMU primary 56.8 275
baseline gemma4-creole-mt 522 30.2
GMU  contrastive2 534 338 baseline kreyol-mt-pubtrain 49.6 28.7
GMU  contrastivel 459 246 GMU contrastivel 440 19.2
eng—bzk baseline kreyol-mt-pubtrain 453 262  eng—rmfe GMU primary 437 195
GMU  primary 450 241 baseline  gemma4-creole-mt 29.3 7.2
baseline gemma4-creole-mt 12.7 6.1
GMU  contrastive2 512 30.7 GMU contrastive2 32.0 10.3
GMU  contrastivel 351 159 GMU primary 214 6.0
eng—cri baseline kreyol-mt-pubtrain  33.0 16.0 eng—-mue GMU contrastivel 16.4 4.3
GMU  primary 28.9 8.6 baseline  gemma4-creole-mt 88 0.6
baseline gemma4d-creole-mt 18.6 5.0 baseline kreyol-mt-pubtrain 7.0 0.4
baseline kreyol-mt-pubtrain 56.2  29.6 baseline kreyol-mt-pubtrain 69.2 539
eng—rcrs GMU primary. 55.0 279 eng—spap GMU primary. 49.8 259
GMU  contrastivel 547 270 GMU contrastivel 49.7 250
baseline gemmad-creole-mt 366 11.2 baseline  gemma4-creole-mt 437 224
GMU  contrastive2 453 33.8 GMU contrastivel 61.4 358
GMU  primary 357 194 eng—spem baseline  kreyol-mt-pubtrain  61.0 36.0
eng—dcr baseline gemmad-creole-mt 32.1 253 §—P GMU primary 59.9 338
GMU  contrastivel 289 189 baseline gemma4-creole-mt 44.8 203
baseline kreyol-mt-pubtrain 10.3 8.7
baseline kreyol-mt-pubtrain 74.6  68.2 baseline kreyol-mt-pubtrain 524  36.7
eng—djk GMU primary. 358 169 GMU cqntrastiveZ 51.1 317
GMU  contrastivel 354 153 eng—pov GMU primary 48.8 292
baseline gemma4-creole-mt 12.9 0.3 GMU contrastivel 46.0 254
baseline gemma4-creole-mt 25.3 7.6
GMU  contrastive2 334 18.8 GMU contrastive2 51.1 276
GMU  primary 27.8 109 GMU primary 50.8 313
eng—fab GMU contrastivel 204 6.5 eng—pre GMU contrastivel 327 115
baseline gemma4d-creole-mt 11.1 0.7 baseline gemma4-creole-mt 25.3 6.8
baseline kreyol-mt-pubtrain 8.8 0.7 baseline kreyol-mt-pubtrain 10.7 1.8
GMU  contrastive2 55.1 348 baseline kreyol-mt-pubtrain 395 310
GMU  primary 51.6 321 GMU contrastive2 38.6  23.1
eng—fng GMU  contrastivel 41.8 224 eng—rcf GMU contrastivel 321 170
baseline gemma4-creole-mt 26.7 9.7 GMU primary 31.0 137
baseline kreyol-mt-pubtrain 9.4 4.6 baseline gemma4-creole-mt 28.0 19.1
GMU  primary 37.0 179 baseline  kreyol-mt-pubtrain 363 13.2
eng—fpe baseline kreyol-mt-pubtrain  30.8 20.1 eng—+sag GMU primary 349 104
GMU  contrastivel 27.8 11.3 GMU contrastivel 32.4 8.4
baseline gemma4d-creole-mt 11.7 9.3 baseline gemma4-creole-mt 29.1 4.8
baseline kreyol-mt-pubtrain 73.7 60.6 baseline kreyol-mt-pubtrain 24.1 133
GMU  contrastive2 704  56.0 GMU contrastivel 19.7 5.0
eng—gef GMU  contrastivel 702 557 eMgTsSIm baseline  gemma4-creole-mt 179 27
GMU  primary 67.8 528 GMU primary 17.5 1.6
baseline gemma4-creole-mt 50.6 29.0
GMU  contrastive2 489 223 GMU primary 374  20.1
GMU  primary 364 155 eng—>srn baseline  kreyol-mt-pubtrain  35.6 14.0
eng—gcer GMU  contrastivel 354 19.6 baseline ~ gemma4-creole-mt 322 133
baseline gemma4-creole-mt 28.8 11.5 GMU contrastivel 31.7 129
baseline kreyol-mt-pubtrain 259 9.6
GMU  primary 40.1 219 GMU contrastive?2 56.5 375
GMU  contrastivel 346 14.8 baseline kreyol-mt-pubtrain 54.6 36.8
eng—gpe GMU contrastive2 28.4 137 eng—sve GMU contrastivel 50.6 293
baseline gemma4-creole-mt 25.0 8.0 GMU primary 48.7 269
baseline kreyol-mt-pubtrain 7.6 1.9 baseline gemma4-creole-mt 389 18.0
GMU  contrastivel 39.7 110 UNIMELB primary 65.8 46.1
eng—>gul GMU  primary 312 118 baseline  kreyol-mt-pubtrain  62.8 47.2
baseline gemma4-creole-mt 26.6 7.0 eng—tpi GMU primary 43.1 159
baseline kreyol-mt-pubtrain 22.3 6.6 GMU contrastivel 39.8 11.3
baseline gemma4-creole-mt 385 14.0
GMU  contrastive2 52.2 308 baseline kreyol-mt-pubtrain 89.0 825
GMU  primary 48.5 248 baseline  gemma4-creole-mt 67.6 439
eng—gyn baseline kreyol-mt-pubtrain  38.0 16.0 eng—trf GMU contrastive2 63.0 34.0
GMU  contrastivel 36.2 134 GMU primary 582 303
baseline gemma4d-creole-mt 27.9 6.0 GMU contrastivel 56.7 284
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Direction Team  Model chrF++ BLEU Direction Team Model chrF++ BLEU
baseline kreyol-mt-pubtrain  69.8 56.9 GMU contrastive2 495 262
GMU  contrastivel 599 379 GMU primary 458 236
ens—shat baseline gemma4-creole-mt 46.2 254 eng—-wes baseline gemma4-creole-mt 33.1 163
g CHV  primary 433 184 GMU contrastivel 32.8 109
CHV  contrastivel 43.0 19.1 baseline kreyol-mt-pubtrain 12.7 1.4
CHV  contrastive2 31.1  10.6
GMU  primary 702 57.1 baseline  kreyol-mt-pubtrain  64.0 51.0
eng—sicr baseline kreyol-mt-pubtrain 572 41.5 baseline gemma4-creole-mt 434 222
g GMU  contrastivel 57.1 38.8 fra—hat CHV contrastivel 404 152
baseline gemma4-creole-mt 11.3 5.7 CHV primary 399 140
CHV contrastive2 33.0 9.6
GMU  contrastivel 62.5 447 fra—spa baseline kreyol-mt-pubtrain 464 302
eng—siam GMU  primary 58.7 364 pap baseline  gemma4-creole-mt 342 153
877JAM 4, seline kreyol-mt-pubtrain  43.1 24.5
baseline gemma4-creole-mt 24.4 9.7
Table 8: Evaluation on Eval Set 1 - XX — Creole.
Direction Eval set Team Model chrF++ BLEU Direction Evalset Team Model chrF++ BLEU
KMT baseline gemma4-creole-mt 35.0 20.1 KMT baseline gemmad-creole-mt 354 18.6
acf—reng KMT baseline kr'eyol—mt—pubtrain 34.1 9.9 kri—reng KMT GMU primary' 32,5 102
KMT GMU primary 32.5 7.9 KMT GMU contrastivel 27.7 72
KMT GMU contrastivel 322 9.6 KMT baseline kreyol-mt-pubtrain 21.6 34
APiCS UNIMELB primary 43.6 220 KMT baseline  gemmad-creole-mt 362 212
bis—reng APICS baseline ge_mma4-creole-mt 23.6 6.6 ktu—seng KMT GMU primary_ 21.7 3.6
CreoleVal UNIMELB primary 634 47.1 KMT GMU contrastivel 159 0.9
CreoleVal baseline gemma4-creole-mt 26.2 9.2 KMT baseline kreyol-mt-pubtrain 12.4 0.1
KMT baseline gemma4-creole-mt 409 25.0 KMT baseline gemmad-creole-mt 420 238
bzj—>eng KMT GMU primary. 362 115 mfe—seng KMT GMU primary' 41.6 19.1
KMT GMU contrastivel 30.8 8.6 KMT GMU contrastivel 414 194
KMT baseline kreyol-mt-pubtrain 27.2 5.5 KMT baseline kreyol-mt-pubtrain 41.0 182
KMT baseline kreyol-mt-pubtrain 42.8 21.0 KMT baseline kreyol-mt-pubtrain 50.3 28.6
crs—seng KMT GMU- contrastivel 40.2  19.0 pap—seng KMT baseline ggmma4-creole-mt 469 282
KMT baseline ~ gemmad-creole-mt 40.1 223 KMT GMU primary 46.5 248
KMT GMU primary 394 178 KMT GMU contrastivel 456 244
KMT baseline kreyol-mt-pubtrain 315 132 pap—fra KMT baseline gemmad-creole-mt 414 248
djk—reng KMT baseline gemma4-creole-mt 30.2 155 KMT baseline kreyol-mt-pubtrain 373 129
KMT GMU primary 28.7 9.8
KMT GMU contrastivel 26.0 8.2
KMT baseline gemma4-creole-mt 50.1 369 KMT baseline gemmad-creole-mt 36.1 205
KMT GMU contrastive2 37.1  16.6 KMT GMU contrastivel 324 115
ger—eng KMT baseline  kreyol-mt-pubtrain  30.1 9.3 pem—reng gyt GMU primary 319 10.6
KMT GMU primary 27.5 8.0 KMT baseline kreyol-mt-pubtrain 304 9.4
KMT GMU contrastivel 27.5 9.3
KMT baseline ~ gemma4-creole-mt 39.7 231 pis—eng CreoleVal UNIMELB primary 67.0 525
gul—seng KMT GMU primary 324 7.2 CreoleVal baseline gemma4-creole-mt 287 114
KMT GMU contrastivel 32.1 7.8
KMT baseline kreyol-mt-pubtrain 21.1 24
KMT PIK primary 50.7  27.6 KMT baseline ~ gemmad-creole-mt 28.7 129
KMT UQAM primary 450 220 sag—sen KMT baseline  kreyol-mt-pubtrain  25.0 7.0
KMT  UQAM  contrastive2 439 202 88 KMT  GMU primary 24 55
KMT UQAM contrastivel 42.5 189 KMT GMU contrastivel 21.2 4.8
hat—>eng KMT baseline kreyol-mt-pubtrain 41.0 18.1
KMT GMU contrastivel 39.5 157
KMT baseline gemma4-creole-mt 39.1 204
KMT CHV contrastivel 356 118
KMT CHV primary 356 11.1
KMT CHV contrastive2 340 109
KMT UQAM primary 424 188 KMT baseline gemma4-creole-mt 293 14.1
KMT UQAM contrastivel 399 164 KMT GMU primary 25.5 4.4
KMT baseline gemma4-creole-mt 340 15.1 SIM—€ng K MT baseline kreyol-mt-pubtrain 22.4 4.3
hat—fra KMT baseline kreyol-mt-pubtrain 33.7 9.2 KMT GMU contrastivel 18.6 24
KMT CHV primary 31.1 5.4
KMT CHV contrastivel 28.7 5.0
KMT CHV contrastive2 28.2 4.1
KMT PIK primary 23.1 5.6
MIT-Haiti baseline ~ gemma4-creole-mt 377 137 KMT baseline gemma4-creole-mt 369 192
hat—spa MIT-Haiti PIK primary 14.2 3.7 KMT GMU primary 326 108
MIT-Haiti baseline  kreyol-mt-pubtrain  12.1 0.7  S™7®M8 KMT  paseline  kreyol-mt-pubtrain  29.8 9.7
KMT GMU contrastivel 27.6 8.2
KMT baseline  gemma4-creole-mt 38.0 23.0 CreoleVal UNIMELB primary 71.5  58.1
ier—reng KMT GMU primary 353 9.4 CreoleVal baseline kreyol-mt-pubtrain 353 121
KMT GMU contrastivel 33.8 10.2 CreoleVal baseline gemma4-creole-mt 33.7 155
KMT baseline kreyol-mt-pubtrain 31.2 7.3 {pi—sen KMT UNIMELB primary 463 275
P 2 KMT  baseline  kreyol-mt-pubtrain  30.5 102
KMT GMU primary 305  10.0
KMT baseline gemma4-creole-mt 296 129
KMT GMU contrastivel 23.8 6.4
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Direction Evalset Team Model chrF++ BLEU Direction Evalset Team Model chrF++ BLEU
KMT baseline gemma4-creole-mt 39.6 245
iam—sen. KMT GMU primary 32.3 8.3
J 8 KMT  GMU contrastivel 3.1 9.1
KMT baseline kreyol-mt-pubtrain 29.2 6.9

Table 9: Evaluation on Eval Set 2, Creole — XX.
Direction Eval set Team Model chrF++ BLEU Direction Evalset Team Model chrF++ BLEU
Eﬁ$ gﬁg primary' : %gg 2; EM% I(J}z;s/[e[ljine ggmma4—creole—mt ;(6)(5) 2;3
contrastive . . primary . .

eng—acf pyr baseline  kreyol-mt-pubtrain 248 5.8 8K gy GMU contrastivel 146 0.1

KMT baseline gemmad-creole-mt 12.7 0.3 KMT baseline kreyol-mt-pubtrain 119 0.0

APiICS  UNIMELB primary 55.0 24.6 KMT baseline kreyol-mt-pubtrain  30.3 10.5

eng—s bis APICS baseline gemma4-creole-mt 11.3 2.1 eng—smfe KMT baseline gemma4-creole-mt 28.9 10.0

8 CreoleVal UNIMELB primary 468 239 8 KMT  GMU primary 282 98

CreoleVal baseline gemmad-creole-mt 12.0 0.1 KMT GMU contrastivel 28.1 8.6

KMT baseline gemmad-creole-mt 362 16.6 KMT baseline kreyol-mt-pubtrain 484 263

g ST QU 8 gy BT QUm0

KMT baseline kreyol-mt-pubtrain 13.1 0.9 KMT baseline gemmad-creole-mt 39.1 18.1

KMT baseline gemma4-creole-mt 412 214 KMT baseline gemma4d-creole-mt 343 151

eng—rers KMT baseline kreyol-mt-pubtrain 394 17.1 eng—spem KMT GMU contrastivel 26.5 6.8

KMT GMU contrastivel 36.1 132 KMT GMU primary 26.2 6.3

KMT GMU primary 356 13.6 KMT baseline kreyol-mt-pubtrain 25.0 5.8

KMT baseline kreyol-mt-pubtrain 304 158 eng—spis CreoleVal UNIMELB primary 49.0 22.6

eng_sdik KMT  GMU primary 301 105 8PS CreoleVal baseline — gemmad-creole-mt 113 0.1
g7AX kMT  GMU contrastivel 300 9.7
KMT baseline gemmad-creole-mt 13.9 1.9

KMT baseline gemmad-creole-mt 484  36.8 KMT baseline gemmad-creole-mt 36.0 15.0

KMT GMU contrastive2 22.7 6.0 eng—ssa KMT baseline kreyol-mt-pubtrain 274 6.4

eng—ger KMT GMU primary 20.1 3.6 8 8 KMT GMU primary 26.6 6.5

KMT baseline kreyol-mt-pubtrain 19.3 2.2 KMT GMU contrastivel 24.2 4.6
KMT GMU contrastivel 18.9 2.9

KMT GMU contrastivel 20.0 2.4 KMT baseline gemma4-creole-mt 31.6 127

eng—soul KMT baseline gemma4-creole-mt 17.6 1.8 eng—ssrm KMT baseline kreyol-mt-pubtrain 14.2 1.6

g8 kMT  GMU primary 161 1.1 g KMT  GMU contrastivel 138 18

KMT baseline kreyol-mt-pubtrain 12.0 0.1 KMT GMU primary 12.1 1.7

KMT baseline kreyol-_mt-pubtrain 374 15.6 KMT baselz:ne gemma4-creole-mt_ 36.2 159

KMT GMU contrastivel 346 11.7 eng—ssrn KMT baseline kreyol—'mt—pubtraln 21.8 5.0

eng—shat KMT baseline gemmad-creole-mt 33.0 13.1 KMT GMU contrastivel 21.6 5.2

g KMT CHV primary 30.2 7.8 KMT GMU primary 20.9 5.0
KMT CHV contrastivel 30.1 8.3
KMT CHV contrastive2 21.9 4.5

KMT GMU primary 20.4 2.9 CreoleVal UNIMELB primary 704 538

eng—sicr KMT GMU contrastivel 19.1 24 CreoleVal baseline gemma4-creole-mt 428 17.0

g KMT baseline kreyol-mt-pubtrain 17.2 1.5 CreoleVal baseline kreyol-mt-pubtrain 425 16.6

KMT baseline gemma4-creole-mt 11.0 0.2 eng—stpi §M¥ E;Iill\i/ﬁLB gg{;l[lnz;ril_cre()le_mt gg(l) ?451;1

KMT baseline kreyol-mt-pubtrain 37.1 122

KMT GMU primary 37.0 135

KMT GMU contrastivel 35.1 9.7

KMT baseline gemmad-creole-mt 36.1 184 KMT baseline gemmad-creole-mt 31.3  10.1

eng—s jam KMT GMU primary 21.6 4.5 KMT baseline kreyol-mt-pubtrain 31.1  10.0

&) KMT GMU contrastivel 19.9 3.9 fra—hat KMT CHV contrastivel 24.8 4.3

KMT baseline kreyol-mt-pubtrain 17.1 2.4 KMT CHV primary 24.7 4.1

KMT CHV contrastive2 19.4 1.8

KMT baseline gemma4-creole-mt 346 174 fra— pa KMT baseline gemma4-creole-mt 352 140

eng—skri KMT GMU contrastivel 14.6 2.2 Pap gpT baseline kreyol-mt-pubtrain 348 124
8 KMT  GMU primary 129 2.1
KMT baseline kreyol-mt-pubtrain 114 1.4

Table 10: Evaluation on Eval Set 2, XX — Creole.
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