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Abstract

This paper describes ongoing efforts to build an
n-gram text classifier for several major French-
lexifier creoles. Our model is based on a sim-
ple text processing pipeline, limited training
data, and a deliberately lightweight architec-
ture. Despite this, it achieves substantially
stronger performance than existing baselines on
our target languages. These results suggest that
long-established machine learning approaches
remain effective for new language identifica-
tion needs.

1 Introduction

Language identification (LID) is a classic text pro-
cessing task that involves automatically determin-
ing the language used in a written string. Com-
pared to machine translation or speech synthesis,
categorizing a text into a limited set of candidate
languages is relatively straightforward. However,
the reliability of LID systems can be critical to
the proper execution of these more sophisticated
downstream tasks. For example, automatic transla-
tion tools fail when the language of a source text
is incorrectly identified. Meanwhile, multilingual
and code-switching text-to-speech (TTS) systems
require modeling how text maps to speech in each
language, and correctly applying these models to
the relevant segments. In linguistically diverse re-
gions, LID can streamline the task of categorizing
and preprocessing multilingual texts on websites
and social media. Existing LID tools achieve excel-
lent performance on the 100 or so best-resourced
languages, but support is limited for the marginal
majority without large text corpora.

Among these languages, creoles are broadly un-
derserved by language classifiers when considered
as a category.! As comparatively recent products

'Whether creoles represent a coherent typological class
or a loose sociohistoric construct grouping disparate colonial

varieties is a matter of debate. See McWhorter (2018) and
Mufwene (2015) for two contrasting visions of creoleness.

of the early modern spice and slave trades, cre-
oles lack the long written traditions of their mostly
European lexifiers, and have historically been over-
looked as nonstandard varieties of them rather than
as distinct languages in and of themselves. Like
many other low-resource languages, they often
lack an official administrative status,” while their
speakers mainly reside in historically agricultural
economies with delayed access to digital resources.

In spite of these challenges, or perhaps because
of them, creoles present a genuinely interesting use
case for LID tools. Many creoles today coexist
with their lexifiers in a complex state of diglos-
sia, with intermediate syntactic constructions some-
times blurring the line between creole and lexifier
grammars.®> Formal and informal spelling conven-
tions can also complicate matters. Some creoles,
like West African Pidgin English, spell words as
they are written in their language of origin. Oth-
ers have adopted orthographies distinct enough to
obscure otherwise straightforward etymologies, as
in the English-based Tok Pisin, or ‘Talk Pidgin’.
Some have no codified orthography whatsoever,
leading to multiple competing standards in prac-
tice.*

The preference for creoles in informal contexts
complicates matters further. While French’s di-
graphs and silent letters easily distinguish it from
the phonemic spellings of its creole offshoots, this
distinctiveness evaporates among the abbreviated
stylizations of informal writing. A simple qu’est-ce
que tu fais ‘what are you doing’ can be rendered
as a superficially far more creole-like kesk tu fai in

*Haitian Creole and Papua New Guinea’s Tok Pisin being
two major exceptions.

3See the concept of creole continuum popularized by Bick-
erton (1973).

*In some cases, competing norms can reflect both linguistic
and identitarian concerns. See the tension between a pragmatic
English-style orthography and a distinctly ‘nativized’ phone-
mic system proposed for Naijd, or Nigerian Pidgin (Ofulue,
2017; Ekundayo and Enwerem, 2021).
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the very informal contexts where a creole is most
likely to be used.

In this paper, we present early steps towards ad-
dressing these issues with Gwo-K, a lightweight
n-gram classifier for differentiating French-lexifier
creoles. This model was produced as part of the
2026 WMT Shared Task on Creole Machine Trans-
lation. Indirect comparison with the current state-
of-the-art suggests that our model outperforms ex-
isting LID tools for creoles, demonstrating the ef-
fectiveness of long-established machine learning
approaches when applied to task-specific datasets
supported by targeted augmentation strategies.

2 Model design

As specified in the Shared Task challenge, our lan-
guage classifier was designed to categorize texts
into twelve distinct language categories, nine of
which are French-lexifier creoles spoken in the
Caribbean and the Indian Ocean. The remain-
ing categories are reserved for English and French
texts, and a catch-all ‘Other’ category for any other
language.

2.1 Data selection

As training data, we primarily used the train sub-
set of the Kreyol-MT dataset, which includes text-
translation pairs in numerous creoles and several
European lexifiers (Robinson et al., 2024). We ex-
tracted all texts in the Creole-English and Creole-
French subsets of the corpus. All creole language
tags not included in our list of target languages
were mapped to oth (other), while examples of
English and French were sourced from the trans-
lated texts. Any duplicate creole texts were ex-
cluded without exception. Texts underwent min-
imal preprocessing: case distinctions were elimi-
nated, and common punctuation marks were dis-
carded. The same set of treatments were applied to
the validation set. While exploring the training
data, we noticed that a large portion of Haitian texts
were composed of product numbers, HTML tags,
and other linguistically uninformative strings. To
eliminate such texts, we discarded all entries where
common HTML tags were present, or where nu-
merals, punctuation marks, and upper-case letters
comprised more than 30% of characters.

The full list of categories and dataset sizes is
outlined in Table 1. Note that Guianese Creole
(gcf) and Reunion Creole (rcf) were especially
underrepresented in the Kreyol-MT dataset. To

overcome this shortcoming, we augmented our
training set with external texts manually gathered
online. Reunion Creole was supplemented with
2163 sentences provided by Cellier (1985) and
McLellan (2024), while the Guyanese data was
reinforced with 1000 sentences from geography-
focused Wikipedia entries. The majority of the sup-
plemental texts were far longer and more formal
than the brief and syntactically simple examples
used in the Kreyol-MT dataset.

As a self-imposed limitation, we restricted our
supplemental data to sources explicitly published
under a permissive license. Potentially useful texts
published by religious and cultural organizations
were excluded because of unclear reuse conditions.
However, we did secure access to an additional
2823 examples of prose and poetry by collaborat-
ing with the Reunion Creole advocacy organization
Lofis.> These were included in the augmented train-
ing set.

Code Language Samples
Train Test
acf Saint Lucian 3757 222
crs Seychellois 1963 104
gcf  Guadeloupean 4400 204
ger French Guianese 346 (+1k) 78
hat Haitian 814k 1544
lou Louisianan 1532 92
mart Martinican 4346 281
mfe Mauritian 26.1k 619
rcf Reunionese 189 (+5k) 34
eng  English 576k 3800
fra French 319k 1970
oth Other 38.4k 2592

Table 1: Language categories and dataset sizes. Figures
in parentheses represent text samples gathered from
external sources.

2.2 Model training and variants

After preprocessing our train and test sets, we
trained a classifier based on character-level TF-
IDF representations combined with a linear sup-
port vector machine (SVM). Our system extracts
character sequences of length three to five from
each text, allowing it to capture orthographic pat-
terns, grammatical monosyllables, and frequent
subword structures unique to each language class.
The resulting feature vectors are weighted using

>https://lofislalangkreollarenyon.re/kisa-ni-le/
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term frequency-inverse document frequency (TF-
IDF) and passed to a LinearSVC classifier with
balanced class weighting to mitigate the effects of
uneven training data distribution.

For this paper, we evaluated two model variants
on our test set. Gwo-K_1 was trained using only
the texts available in the Kreyol-MT corpus, while
Gwo-K_2 included the additional data gathered for
the data-poor Reunion and Guyanese creoles.

3 Results and analysis

3.1 Global performance

Both Gwo-K_1 and the data-augmented Gwo-K_2
models achieve accuracy around 97%, though
this figure is skewed by the overrepresentation of
Haitian, English, French, and Other classes. Aver-
age and language-specific precision, recall, and F1
scores for both models are presented in Table 2.

Table 2: Classification performance comparison be-
tween Gwo-K_1 and Gwo-K_2. Bold values indicate bet-
ter performance between models; * indicates a notable
absolute difference (>0.03).

Gwo-K_1 Gwo-K_2
Class P R FI1 P R F1
acf 093 091 092] 094 091 0.92
crs 097 096 097 | 097 094 0.96
gcf 0.80 092 0.86|0.83* 092 0.87
ger 095 047 0.63| 094 0.58*% 0.71%
hat 094 099 097|095 099 097
lou 098 0.89 093 | 098 0.88 0.93
mart 093 0.82 087|094 0.84 0.89
mfe 097 098 097| 097 098 0.98
rcf 0.92* 0.35 0.51] 0.82 0.79* 0.81*
eng 097 0.99 098] 097 099 098
fra 099 099 099 099 099 0.99
oth 099 096 098] 099 096 0.98
Accuracy 0.9699 0.9720
Macro Avg. 095 0.85 0.88| 094 0.89* 0.91*

Weighted Avg. | 0.97 097 097| 097 097 0.97

Gwo-K_1 performs poorly on both French
Guianese Creole (gcr) and Reunion Creole (rcf),
with recall scores below 0.5 and F1 scores in the
low 50s and 60s. This likely reflects the shortage
of training data mentioned earlier. Languages with
lower amounts of training data are broadly associ-
ated with lower F1 scores, though the relationship
is not fully predictive. For example, Louisiana Cre-
ole (lou) is identified far more effectively than its
Guadeloupean (gcf) and Martinican (mart) coun-
terparts despite having less than one third as much
training data. This is somewhat unsurprising given
the language’s geographic and historic isolation
from the Caribbean creoles, and suggests that more

linguistically distinct classes require fewer exam-
ples to build effective LID tools.

Gwo-K_2, which was trained on expanded
Guianese and Reunion Creole datasets, far outper-
formed Gwo-K_1 on those languages. These respec-
tively exhibit 11- and 44-point improvements in
recall, and 8- and 30-point improvements in F1
measure. The difference in gains is roughly propor-
tionate to the amount of supplemental data included
in each language’s training set. Despite marked im-
provements over Gwo-K_1, performance on these
languages lags behind the other classes. It is es-
pecially interesting that gains made on Reunion
Creole were partially offset by a lower overall pre-
cision. We attribute this performance gap to the
fact that we chose not to expand the evaluation sets
for these languages. It is therefore likely that dif-
ferences in genre between the training and test sets
contributed to higher error rates. This is especially
true for Reunion Creole, whose supplemental data
contained an orthographic standard not used in the
Kreyol-MT corpus. Still, the high overall improve-
ment does suggest that the additional data is largely
generalizable beyond its original sources.

Overall, the augmented model enjoys a 3-point
macro average improvement thanks to the supe-
rior performance on these two creoles, with signifi-
cantly higher recall and slightly lower precision.

3.2 Error analysis

To better understand sources of errors, we produced
confusion matrices for each model.

Normalized Confusion Matrix

0.8

0.6

True label

0.4

0.2

0.0

Predicted label

Figure 1: Confusion matrix for the Gwo-K_1 classifier
on the test set. Values are normalized by true class.

The matrix produced from Gwo_K-1 in Figure 1
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shows that French Guianese Creole (gcr) is almost
exclusively confused with Guadeloupean, Martini-
can, and Haitian creoles, all of which are spoken
in the Caribbean. Meanwhile, Reunion Creole is
most likely to be confused with Mauritian Creole
(mfe), also spoken in the Indian Ocean. To some
extent, geographic and linguistic proximity appears
to reflect the types of errors this model produces.

Normalized Confusion Matrix

0.8

0.6

True label

0.4

mfe

0.2

0.0

Predicted label

Figure 2: Confusion matrix for the Gwo-K_2 classifier
on the test set. Values are normalized by true class.

The confusion matrix produced from the
Gwo-K_2 model in Figure 2 reveals similar trends.
Even with the marked improvements made from
our data augmentation strategy, errors continue to
cluster around the same groups of languages. In-
terestingly, the French-based creoles are almost
never confused with their French lexifier, suggest-
ing that the creoles pattern much closer to each
other than they do to French. Nor are creoles often
confused with ‘Other’ languages. Despite occasion-
ally high error rates between creoles, both systems
are exceptionally good at differentiating French-
based creoles from other categories of language.
This could make our system especially useful in
contexts where the geographic origins of texts are
already known. In such cases, creole classification
tasks could be simplified into a matter of differenti-
ating between a generic ‘French creole’ label and a
limited set of other likely candidates.

3.3 Comparison with existing baselines

While our models yield excellent results for most
creoles and promising results for the rest, it is im-
portant to compare our scores to existing baselines.
However, this is difficult when it comes to creole

languages. FastText, a popular language classifier,
only offers coverage to Haitian Creole (Joulin et al.,
2017).

However, GlotLID offers coverage of all lan-
guages discussed in this paper, with the exception
of Martinican Creole which it does not distinguish
from Guadeloupean (Kargaran et al., 2023). This
model was tested by Shared Task organizers on a
separate evaluation set similar in content and struc-
ture to our own. This model yielded a macro F1
score of 0.68, a weighted F1 score of 0.74, and
an overall accuracy of 74.87%. While our scores
far outperform those of GlotLID, we must also ac-
knowledge that their results are artificially deflated
by the lack of a dedicated mart label.

4 Perspectives and conclusion

The model presented in this paper is a work in
progress, and is likely to undergo substantial revi-
sions in the coming months. The primary contribu-
tions of this work are to highlight the usefulness of
basic n-gram language classification strategies in
data-rich scenarios, and simple data-augmentation
approaches for more marginal languages.

Our most significant gains were made from in-
cluding additional data provided by a language ad-
vocacy organization. While exploring other po-
tential sources of data, we identified many texts
which we believe could further improve the per-
formance of our system, but these were excluded
due to ethical and legal concerns. Going forward,
we believe that the most substantial improvements
will be made not from architectural modifications
or preprocessing strategies, but from our ability to
forge similar partnerships with organizations and
rights holders willing to contribute their data to
open-source language tools.

This and future iterations of our tool will be
available on a public GitHub repository® where
external partners will be recognized for their data
contributions. In the longer-term, we would also
like to test our tool against major large language
models, both with one-shot prompting and super-
vised finetuning using our dataset. Regardless, we
believe that the simple approach provided in this
paper will be more than sufficient for most practi-
cal applications. It will carry the additional benefit
of low training time, fast inference, and minimal
package dependencies and hardware requirements.

®https://github.com/emmettstr/gwo-k_kreyol_classifier
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