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Introduction

We would like to welcome you to AmericasNLP 2026, the Sixth Workshop on Natural Language Proces-
sing for Indigenous Languages of the Americas!

The main goals of the workshop are to:

• encourage research on NLP, computational linguistics, corpus linguistics, and speech around the
globe to work on Indigenous American languages.

• promote research on both neural and non-neural machine learning approaches suitable for low-
resource languages.

• connect researchers and professionals from underrepresented communities and native speakers of
endangered languages with the machine learning and NLP communities.

In 2026, AmericasNLP will be held in San Diego, USA, on July 4th. Prior to the workshop, we in-
troduced a new shared task: The AmericasNLP 2026 Shared Task on Cultural Image Captioning for
Indigenous Languages, the first shared task dedicated to generating captions for images depicting Indi-
genous cultures of the Americas, written in the Indigenous languages themselves. To support this, we
introduced and publicly released a newly constructed dataset spanning five cultures and their dominant
languages: Bribri, Guaraní, Yucatec Maya, Orizaba Nahuatl, and Wixárika. Eight teams participated,
submitting 27 systems in total.

We received a total of 39 submissions: 28 research papers, 3 non-archival works, and 8 shared task
system description papers (across all shared tasks). 18 archival papers were accepted (acceptance rate:
64%) – in addition to the previously published and system description papers.

We would like to acknowledge all the time and effort put into the reviewing process, and thank the
program committee members for helping us create a high-quality program in a short amount of time.
AmericasNLP would not have been possible without the help of our sponsor Google. Finally, we would
also like to thank all the authors who submitted their work to the workshop, the participants of the shared
task, and everyone who will be at the workshop to exchange and discuss their ideas for improving natural
language technologies for Indigenous languages of the Americas!

Manuel Mager, Abteen Ebrahimi, Minh Duc Bui, Robert Pugh, Arturo Oncevay, Shruti Rijhwani, Luis
Chiruzzo, Rolando Coto-Solano, and Katharina von der Wense

AmericasNLP 2026 Organizing Committee
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Abstract

We present the first neural text-to-speech (TTS)
implementation for Myaamia (Miami-Illinois),
an Indigenous Algonquian language of North
America. Developed in collaboration with the
Myaamia Center at Miami University, our ap-
proach upholds principles of data sovereignty.
Using 14,358 utterances (10.4 hours total,
8.18 hours for training) from seven speak-
ers, we train and evaluate FastSpeech, Glow-
TTS, and VITS, assessing synthesis quality
through objective (MCD, F0 RMSE, duration
RMSE) and subjective (expert evaluation) met-
rics. VITS outperforms other models in spec-
tral and prosodic accuracy, but challenges re-
main in phonetic precision and prosody mod-
eling. Our results confirm the feasibility of
neural TTS for Myaamia, with direct implica-
tions for language learning and revitalization.
This work offers a replicable framework for
other low-resource Indigenous languages while
ensuring ethical, linguistic data governance.

1 Introduction

Since the 1990s, the global decline of Indigenous
languages has driven revitalization efforts, and tech-
nology plays an increasingly important role in pre-
serving linguistic and cultural heritage (Bird, 2020).
The Myaamia (Miami-Illinois) language, tradition-
ally spoken in the southern Great Lakes region
of North America, became dormant after the last
first-language speakers passed away in the mid-
20th century following forced relocation. In recent
decades, the Miami Tribe of Oklahoma has led sys-
tematic revitalization efforts, using linguistic exper-
tise, education, and digital resources to reclaim the
language (Baldwin et al., 2016).

Central to this work is the Myaamia Center at Mi-
ami University, which supports Myaamia language
and cultural revitalization through research, edu-
cation, and community partnerships. The Center
developed and maintains the Indigenous Languages

Digital Archive (ILDA), a web-based platform that
brings together written and audio language mate-
rials to support archives-based language reclama-
tion (Baldwin et al., 2016). Complementing ILDA,
the Šaapohkaayoni community education portal
provides Myaamia community members with ac-
cess to self-directed learning modules regardless
of geographic location. While these resources pro-
vide strong support for language learning, access
to spoken language remains limited. An estimated
95% of the available audio recordings originate
from just two individuals, which creates a bottle-
neck for learners seeking to develop listening and
pronunciation skills. Neural TTS systems offer a
promising way to address this gap by generating
natural-sounding speech, reducing the burden on
the few available speakers and expanding access to
spoken language resources for learners (Brinklow,
2021). This study presents the first neural TTS sys-
tem for Myaamia, developed in collaboration with
the Myaamia Center at Miami University.

Our contributions to low-resource speech syn-
thesis include:

1. We develop and evaluate the first neural
TTS system for Myaamia, leveraging well-
established neural TTS models (FastSpeech
(Ren et al., 2019), Glow-TTS (Kim et al.,
2020), and VITS: Conditional Variational Au-
toencoder with Adversarial Learning for End-
to-End Text-to-Speech (Kim et al., 2021))
trained on 8 hours and 18 minutes of speech
data.

2. We establish a performance benchmark for
Myaamia TTS, assessing spectral (MCD),
prosodic (F0 RMSE), and temporal (duration
RMSE) accuracy alongside subjective evalua-
tions by Myaamia linguists.

3. We uphold Indigenous Data Sovereignty prin-
ciples, with all linguistic data remaining un-
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der the ownership and governance of the
Myaamia Center.

2 Related Work

The development of speech technology for endan-
gered and Indigenous languages sits at the inter-
section of technological innovation and language
preservation (Bird, 2020; Kraljevski et al., 2024;
Pine et al., 2022).

2.1 Neural TTS Systems
Neural text-to-speech synthesis has advanced
rapidly, from WaveNet’s (van den Oord et al.,
2016) neural waveform generation to Tacotron’s
(Wang et al., 2017) end-to-end approach. Subse-
quent architectures addressed efficiency and data
constraints: FastSpeech (Ren et al., 2019) and
FastSpeech 2 (Ren et al., 2021) introduced non-
autoregressive generation, while Glow-TTS (Kim
et al., 2020) applied flow-based modeling for effi-
cient training. VITS (Kim et al., 2021) combined
variational autoencoders with adversarial training
in a fully end-to-end framework. Since then, further
advances have emerged, including neural codec lan-
guage models such as VALL-E (Wang et al., 2023),
diffusion-based approaches like NaturalSpeech 2
(Shen et al., 2023), style-based models such as
StyleTTS 2 (Li et al., 2023) and flow-matching
methods like F5-TTS (Chen et al., 2025). How-
ever, these systems typically require substantially
larger datasets and computational resources, and
are not yet widely supported in open-source toolk-
its for low-resource language development. We
implement and evaluate FastSpeech, Glow-TTS,
and VITS for Myaamia, selecting these architec-
tures for their proven effectiveness in low-resource
settings and their availability in the Coqui TTS
framework.

2.2 Low-Resource and Indigenous Language
Speech Synthesis

Modern neural approaches have reduced the data re-
quirements of TTS systems, making them increas-
ingly viable for language preservation and educa-
tion (Xu et al., 2020). However, challenges persist,
including data scarcity, limited native speaker eval-
uation, and language-specific phonological com-
plexities (Gumma et al., 2024; Hammerly et al.,
2023). Earlier work includes rule-based synthe-
sis for Navajo (Whitman et al., 1997), while more
recent neural efforts include high-quality TTS for
Kanyen’kéha (Mohawk), Plains Cree, SENĆOTEN

(Pine et al., 2022, 2025), Võro (Rätsep and Fishel,
2023), Border Lakes Ojibwe (Hammerly et al.,
2023), Mundari (Gumma et al., 2024), a multi-
lingual system for Ojibwe, Mi’kmaq, and Maliseet
(Wang et al., 2025), and Shipibo-Konibo (Menen-
dez and Gomez, 2025). Our work builds on this
foundation, extending neural TTS to Myaamia and
contributing the first benchmark for this language.

3 Methodology

Figure 1 illustrates the Myaamia TTS pipeline, cov-
ering data preprocessing, model training and infer-
ence using FastSpeech (Ren et al., 2019), Glow-
TTS (Kim et al., 2020), and VITS (Kim et al.,
2021), and evaluation of synthesized speech.

3.1 Dataset: Myaamia-TTS

The dataset consists of 14,358 utterances (ap-
proximately 10.4 hours) of Myaamiaataweenki
(Myaamia language) recordings created at the
Myaamia Center since 2010. The recordings were
collected in a controlled environment with mini-
mal ambient noise and feature seven speakers, two
of whom contributed approximately 95% of the
recordings. Myaamiaataweenki employs a phone-
mic writing system derived from Americanist pho-
netic notation. The writing system has 20 basic
symbols: 4 vowels, each of which can be short or
long (a, aa, e, ee, i, ii, o, oo), and 12 consonants (p,
t, k, c, s, š, h, m, n, l, w, y). Potential phonological
challenges include preaspirated consonants (hp, ht,
hk, hs, hš, hc), articulated with a brief puff of air
before the consonant, and a set of vowel-devoicing
rules. Still, the phoneme inventory overlaps heavily
with English. Table 1 presents a representative sub-
set of phonetic symbols along with example words
where the symbol’s sound is highlighted in blue.

The dataset consists of text sequences ranging
from 3 to 163 characters. Because Myaamia em-
ploys a phonemic orthography with high grapheme-
to-phoneme correspondence, we train our TTS
systems at the character level, where each input
character closely approximates a phoneme-level
representation. This approach establishes a base-
line for Myaamia TTS and allows us to empiri-
cally identify the specific cases where the character-
phoneme mapping diverges, as discussed in Sec-
tions 4.3 and 5. Transcripts are drawn directly
from the ILDA database, where they were authored
and curated by Myaamia Center linguists using the
same orthography taught to learners; no additional
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wav1|aalomi
…
wav14358|eepiši

transcript.txt

1. mp3 to wav

2. Stereo to mono

3. Silence removal 

4. Volume normalization

Transcript generation
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Text Processing
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Audio Files
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Audio Processing
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(Prosodic Accuracy)
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Speech Output 
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(Waveform Synthesis)
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Speech Output

Vocoder
(Waveform Synthesis)
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(Encoder + Flow +
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Speech Output

Training and Inference

Text Input
(Characters)

Figure 1: Overview of the text-to-speech (TTS) pipeline showing data preprocessing, training, and inference
architectures (FastSpeech, Glow-TTS, and VITS), and evaluation metrics.

Table 1: Myaamia Phonetic Symbols and Examples. A representative subset is shown; the full inventory includes
20 symbols (see Section 3).

Symbol Myaamia Example English Approximation
(Target Sound) (Similar Sound)

a aya papa
ee neewe bay
p aapooši pot
k kiinte key
hp paahpilo no English equivalent
ht eehteeki no English equivalent
nk iinka linger
nt kiinte tinder

phonemic re-transcription was applied. Audio–
transcript pairings and the exported character in-
ventory were verified by Myaamia Center linguists
before training, and no sub-utterance alignment
was performed. Each model learns alignment inter-
nally from utterance-level pairs.

The majority of sequences fall within the shorter
range, as shown in Table 2. Taken from dictio-
nary recordings, the data falls into three major cate-
gories: basic expressions, command forms (impera-
tives), and example sentences. Below are examples
from each category, all derived from the stem ayaa-
, which means ‘go to a place’ in English.

• Basic form: iiyaayani (‘you go’)
• Command form: ayaataawi (‘let’s go!’)
• Example sentence: nipwaantiikaaninkiši

iiyaayaani (‘I am going to school’)
Audio for the dataset was somewhat variable;

files included three different sample rates: 44100
Hz (69.6%), 22050 Hz (29.8%), and 48000 Hz

Table 2: Distribution of Utterance Lengths in Characters

Character Number of Percentage Total
Count Utterances Characters
3-14 8,559 59.6% 96,117
15-25 5,131 35.7% 89,882
26-37 524 3.6% 15,651
38-83 140 1.0% 6,446
84-163 4 0.0% 511
Total 14,358 100.0% 208,607

(0.6%). Recordings varied in duration from 0.52
to 20.06 seconds, with an average length of 2.61
seconds. Because two speakers contribute roughly
95% of the recordings, the synthesized voice, pro-
nunciation, and prosody primarily reflect those two
speakers rather than the broader community; we
address this imbalance as a data limitation in Sec-
tion 5.

3



3.2 Data Preparation and Standardization

The audio data consisted of stereo recordings
in MP3 format. The corresponding transcripts
were maintained in three database tables (ba-
sic_forms, command_forms, and sentences) within
the Myaamia ILDA database and exported to CSV
format. The preprocessing pipeline established a
mapping between audio files and transcripts us-
ing unique identifiers from the database tables,
generating a transcript.txt file containing paired
audio filenames and transcription entries (e.g.,
wav1|aahkohkimilo).

Stereo recordings were converted to mono for-
mat, and silence removal was applied using a
threshold of -40 dB for segments exceeding 0.5
seconds. Volume normalization was performed
to maintain consistent amplitude levels, and all
audio was resampled to 22,050 Hz. Mono con-
version was applied because the recordings are
single-speaker and contain no meaningful stereo
information. The 22,050 Hz target matches the
Coqui TTS framework default and avoids upsam-
pling the 29.8% of files already recorded at that
rate, while retaining the full frequency range rel-
evant to intelligible speech. Character encoding
was applied to the transcript data to properly repre-
sent the special characters š and Š (IPA /S/) in the
Myaamia orthography. The standardized dataset
was partitioned using an 80/20 split ratio, yielding
11,486 utterances for training and 2,872 for testing.
The split was performed by random utterance-level
sampling without explicit speaker or character strat-
ification; given the size of the test set, the speaker
distribution and character inventory in the training
and test partitions are expected to closely mirror
those of the full corpus. Total duration of the train-
ing data was 8 hours and 18 minutes, while the
evaluation dataset was 2 hours and 4 minutes of
audio. During training, the Coqui TTS framework
automatically reserved a subset of the training par-
tition for validation using its default eval_split_size
of 0.01 (1%), yielding approximately 115 valida-
tion utterances per model. All models were trained
for 1000 epochs, and convergence was monitored
through training and validation loss curves.

3.3 Speech Synthesis For Myaamia

We explored three TTS architectures of increas-
ing complexity: FastSpeech (Ren et al., 2019),
Glow-TTS (Kim et al., 2020), and VITS (Kim
et al., 2021). The text processing pipeline sup-

ported all Myaamia characters, including the spe-
cial characters š and Š, along with punctuation
and numbers. Our study began with FastSpeech’s
parallel sequence generation, followed by Glow-
TTS’s efficient training and robust voice conver-
sion via normalizing flows, and concluded with
VITS’s end-to-end variational autoencoder (VAE)
and adversarial training. VITS has shown promise
for low-resource languages, with recent applica-
tions in African languages (Ogun et al., 2024),
Mundari (Gumma et al., 2024), and Ojibwe (Ham-
merly et al., 2023). All models were trained on an
NVIDIA A30 GPU (24GB) with a batch size of
32 for 1000 epochs. VITS used mixed precision
(fp16) with an AdamW optimizer (lr = 0.001) and
a text encoder featuring six layers, two attention
heads, and 768 FFN channels. Its loss function
prioritized mel loss (45.0) over KL, generator, dis-
criminator, and duration losses. Glow-TTS used
an RAdam optimizer (lr = 0.001) with a NoamLR
scheduler (4,000 warmup steps) and a relative po-
sitional transformer encoder. FastSpeech applied
the Adam optimizer (lr = 0.0001) with NoamLR
and FFTransformers for both encoder and decoder.
Hyperparameters follow the Coqui TTS default
configurations for each architecture; no systematic
hyperparameter search was performed.

The Real-Time Factor (RTF) measures process-
ing time relative to audio duration, with values
below 1.0 indicating real-time capability. To reflect
realistic deployment conditions, RTF values were
measured using CPU inference across all 2,872 test
samples. FastSpeech achieved the best efficiency
among the three models (RTF: 7.43 ± 3.00) due
to its feed-forward architecture. Glow-TTS had
moderate speed (RTF: 8.59 ± 3.29) as normalizing
flows added computational overhead. VITS was
the slowest (RTF: 12.71 ± 4.53) due to its complex
VAE-GAN architecture, though this trade-off was
justified by superior output quality (see Section 4).
While none of the models achieve real-time CPU
inference, all remain practical for offline generation
in educational contexts. Training times followed
a similar pattern: FastSpeech (27.69h), Glow-TTS
(33.87h), and VITS (60.10h).

4 Experimental Evaluation

Our evaluation used 2,872 test samples (20% of the
total dataset) to assess all three TTS architectures
through objective and subjective metrics.
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4.1 Objective Evaluation

We evaluated synthesis quality using three objec-
tive metrics. For all metrics, we extracted features
from both reference and synthesized speech, ap-
plied dynamic time warping (DTW) for tempo-
ral alignment, and computed error measures be-
tween corresponding frames. Mel Cepstral Dis-
tortion (MCD) (Kubichek, 1993) assessed spectral
quality by computing the difference between mel-
frequency cepstral coefficients (MFCCs), exclud-
ing the 0th coefficient (Vasilijevic and Petrinović,
2011). Lower MCD values indicate greater spectral
similarity. F0 RMSE (Tsanas et al., 2014) quan-
tified prosodic accuracy by measuring pitch con-
tour deviation between synthesized and reference
speech (Luo et al., 2016). Duration RMSE (Henter
et al., 2017) evaluated temporal accuracy by com-
paring segment lengths between synthesized and
reference speech. Table 3 summarizes the results.

VITS achieved the lowest mean MCD (15.22)
and F0 RMSE (17.50), indicating better spectral
and pitch replication than other models. Glow-TTS
showed intermediate performance (MCD: 17.91,
F0 RMSE: 20.00), while FastSpeech had the largest
deviations (MCD: 19.82, F0 RMSE: 30.51). All
three models performed similarly in duration met-
rics, with RMSE values ranging from 0.29 to 0.31,
suggesting comparable speech timing capabilities.
However, MCD and F0 RMSE values were higher
than those typically reported for well-resourced
TTS systems (Kominek et al., 2008), likely reflect-
ing the constraints of low-resource training. De-
spite VITS achieving the best results among the
three models, further refinements are needed to
enhance phonetic precision and natural prosody.
Figure 2 presents a spectrogram comparison of the
utterance kiihkikaateešwilo (‘amputate my foot!’)
across all three models and the original recording,
illustrating the spectral differences reflected in the
objective metrics.

4.2 Subjective Evaluation

To evaluate perceived quality and identify areas for
improvement, we conducted a targeted subjective
evaluation with four Myaamia experts using audio
synthesized by the VITS model. Two of the experts
were primary contributors to the recordings used
to train the model, while the other two are linguists
specializing in Myaamia. The Myaamia speaker
community is extremely small, and only a limited
number of additional speakers are available. More-

Figure 2: Spectrograms of the utterance
kiihkikaateešwilo generated by FastSpeech, Glow-TTS,

VITS, and the original reference audio.

over, several evaluation criteria, including judg-
ments on phonemic contrasts, prosodic alignment,
and phonetic accuracy, require specialized linguis-
tic expertise beyond conversational fluency, which
further constrained participant selection. Future
work will expand the evaluation to include addi-
tional community members, as discussed in Sec-
tion 5. The study adhered to ethical research guide-
lines, as detailed in Section 6. Participants rated
20 audio samples: 10 evaluating general perceptual
measures (naturalness, intelligibility, and overall
quality) and 10 focusing on language-specific fea-
tures (intonation, rhythm, and linguistic accuracy).
Each set contained an equal number of synthesized
and original recordings, with stratified randomiza-
tion employed to minimize bias. Ratings were pro-
vided on a 5-point Likert scale, where 1 indicated
“poor” quality (least natural, least intelligible, or
least accurate), and 5 indicated “excellent” quality
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Table 3: Objective Quality Metrics for FastSpeech, Glow-TTS, and VITS Text-to-Speech Models. The best score is
represented in bold.

Metric FastSpeech Glow-TTS VITS
MCD ↓ 19.82 ± 2.33 17.91 ± 2.19 15.22 ± 2.66
F0 RMSE ↓ 30.51 ± 29.93 20.00 ± 23.73 17.50 ± 20.69
Duration RMSE ↓ 0.31 ± 0.37 0.30 ± 0.36 0.29 ± 0.40

(most natural, most intelligible, or most accurate).
Table 4 summarizes the subjective evaluation.

Although naturalness and understandability scores
are lower than those of the original recordings, they
fall within the expected range given the limited
data. Notably, the model achieves an intonation and
rhythm score of 3.52 ± 0.81, indicating a strong
capacity to capture essential prosodic features of
Myaamia. However, to more closely approximate
the fluidity and authenticity of native speech, fur-
ther refinements in stress alignment and phonetic
articulation are necessary.

As shown in Table 5, our system demonstrates
competitive performance compared to other low-
resource TTS models, despite being trained on a
more limited dataset. Mundari TTS, trained on
24.76 hours of data, achieves a higher MOS for nat-
uralness (3.69 ± 1.18) (Gumma et al., 2024), while
our model scores 3.05 ± 0.89 with significantly
less data. Similarly, Võro TTS uses 17 hours of
training data, including 14 hours of Estonian, yet
our model performs competitively despite relying
solely on Myaamia data (Rätsep and Fishel, 2023).

4.3 Error Analysis
To identify specific phonological challenges in the
synthesized speech, we analyzed qualitative feed-
back provided by expert evaluators on the VITS-
generated samples. Each evaluator rated five syn-
thesized utterances drawn from distinct subsets of
the test data. The model exhibited difficulty with
consonant distinctions specific to Myaamia. In the
utterance noonki šayiipaawe aalaankwiaani (‘I’m
tired this morning’), one evaluator noted that the
voiceless fricative š was realized as the affricate /tš/
(orthographic c in Myaamia), collapsing a phone-
mic contrast. In maalami eelaamhsenki (‘it is too
windy’), the same evaluator observed that the con-
sonant cluster /mhs/ appeared to be reduced or re-
alized closer to /nk/, suggesting the model may
struggle to maintain multi-segment consonant se-
quences. In weelaantaweeyani (‘you are climb-
ing’), the lateral approximant /l/ was perceived as
the labial-velar approximant /w/ by another evalua-

tor.
Beyond consonant-specific issues, multiple eval-

uators noted reduced consonant clarity across their
respective sample sets. Vowel length, which is
phonemically contrastive in Myaamia (e.g., a vs.
aa), was also affected. Two evaluators indepen-
dently reported issues with vowel duration, in-
cluding cases where vowels were perceived as
longer than expected and instances of incorrect
vowel length in some utterances (e.g., iihia (‘yes’),
eetiliwatenki (‘it is thin ice’); pinšiwa awiilawi
meeneehwiki (‘the cat food is gone’)). Given
that the character-based input represents long vow-
els as doubled characters, this may reflect limita-
tions in the duration model’s handling of repeated
graphemes. Evaluators also reported audible arti-
facts, including glitching, skipping, and unnatural
segmentation at syllable boundaries. One evaluator
identified specific positions within aayaapweey-
ohsiaanki (‘we take a walk’) where synthesis de-
graded, while another noted that the final syllable
of keekiipiinkweeholaci (‘you blindfold him/her’)
was choppy. These issues were particularly notice-
able in longer, multi-word utterances. No compara-
ble issues were reported in evaluations of the origi-
nal recordings, suggesting these are model-specific
limitations. These findings inform the directions
for improvement discussed in Section 5.

5 Limitations and Future Work

While this work demonstrates the feasibility of neu-
ral TTS for Myaamia, several limitations remain.

Modeling Limitations. Our system uses
character-based input rather than phoneme-based
representations, which may have contributed
to some of the phonetic issues identified in
Section 4.3, particularly consonant conflation and
vowel length errors. A hybrid character-phoneme
approach, as explored for Mundari (Gumma et al.,
2024), may improve pronunciation accuracy while
maintaining flexibility. Additionally, the current
system does not explicitly model prosodic features
such as pitch, stress, or rhythm. Although the

6



Table 4: Subjective evaluation of synthesized Myaamia speech vs. original recordings, based on expert ratings.
Mean Opinion Score (MOS) with standard deviations reported.

Metric Generated Speech Original Speech
(MOS ↑ ± SD) (MOS ↑ ± SD)

Naturalness 3.05 ± 0.89 4.79 ± 0.42
Understandability 3.05 ± 1.10 4.55 ± 0.69
Overall Quality 3.20 ± 0.77 4.75 ± 0.44
Intonation/Rhythm 3.52 ± 0.81 4.52 ± 0.56
Linguistic Quality 3.40 ± 0.91 4.45 ± 0.56

Table 5: Naturalness comparison of TTS models across languages using Mean Opinion Score (MOS) and standard
deviation (SD) on a 5-point Likert scale. Training data size (hours) included.

TTS Model Training Data Size Naturalness
(Language) (Hours) (MOS ↑ ± SD)

Myaamia TTS (Ours) 8.18 3.05 ± 0.89
Võro TTS (Rätsep and Fishel, 2023) 17.00 3.62 ± 0.15
Mundari TTS (Gumma et al., 2024) 24.76 3.69 ± 1.18

VITS model achieved reasonable intonation scores
(3.52 ± 0.81), evaluators noted audible artifacts
in longer utterances (Section 4.3). Incorporating
prosodic embedding layers and attention-based
duration predictors may help address both issues
(Henter et al., 2017).

Data and Deployment. The dataset imbalance
noted in Section 3.1 limits generalization across
speaker variation. Future work should prioritize
expanding and diversifying the corpus through new
recordings from additional speakers. Inference
speed also remains a practical constraint for mobile
or low-resource deployment; model compression
techniques such as pruning or knowledge distilla-
tion could improve feasibility for integration into
platforms like the Šaapohkaayoni Education Portal.
Ongoing collaboration with the Myaamia Center
remains essential to ensure that synthesized speech
aligns with the linguistic expectations of speak-
ers and learners (Baldwin et al., 2016; Brinklow,
2021).

Evaluation Limitations. The subjective evalua-
tion was limited to four experts, and only the VITS
model was assessed. While this reflects the small
size of the Myaamia speaker community and the
specialized linguistic expertise required for judg-
ments on phonemic contrasts and prosodic align-
ment, it limits the generalizability of perceptual
findings. Future evaluations should include addi-

tional community members at varying levels of
Myaamia proficiency, to examine whether speakers
at different proficiency levels perceive synthesized
speech differently. Such evaluations should also
assess all three models and report inter-rater agree-
ment metrics to strengthen the evaluation method-
ology.

6 Ethical Considerations and Sovereignty

This research is grounded in the principles of In-
digenous Data Sovereignty and aligns with the
CARE Principles for Indigenous Data Governance
(Carroll et al., 2020). The Myaamia Center main-
tains full ownership and governance over all lin-
guistic and cultural data used in this study. The
speech corpus was curated through the Indigenous
Languages Digital Archive (ILDA), a platform
purpose-built to support the reclamation goals of
tribal communities, and all work was conducted un-
der Miami University IRB protocol 05009e through
a long-standing partnership with the Myaamia Cen-
ter. Prior to the initiation of this research, the use
of ILDA audio data for TTS development was ap-
proved by the director of the Myaamia Center, and
consent was obtained from the primary speakers
whose recordings comprise the dataset. All model
training and evaluation were carried out on Mi-
ami University managed computing resources gov-
erned by the same institutional access controls as
the ILDA database; no data was shared with third
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parties outside this environment.
From its inception, this project has been devel-

oped in collaboration with the Myaamia Center,
with center staff and affiliated experts providing
guidance on data use, model development, and eval-
uation criteria. To ensure the resulting technology
aligns with both cultural values and pedagogical
needs, the subjective evaluation was carried out by
linguistic experts and the primary speakers who
contributed to the original recordings. Their direct
participation means the synthesized speech is val-
idated by the very individuals whose voices the
models aim to represent. By centering this exper-
tise at every stage, this work seeks to provide a
sustainable, ethically governed tool in support of
ongoing Myaamia language reclamation efforts.

7 Conclusion

This work presents the first neural text-to-speech
system for the Myaamia language. We evaluated
three architectures, FastSpeech, Glow-TTS, and
VITS, trained on 8.18 hours of community-curated
speech from the Indigenous Languages Digital
Archive. VITS achieved the best performance
across objective metrics (MCD: 15.22, F0 RMSE:
17.50), and subjective evaluation by Myaamia ex-
perts yielded encouraging results, particularly for
intonation and rhythm (MOS: 3.52 ± 0.81). At
the same time, error analysis revealed specific chal-
lenges in consonant distinctions, vowel length ac-
curacy, and audible artifacts in longer utterances,
indicating clear directions for future improvement.

By combining objective metrics with expert eval-
uation from original speakers and linguists, we
established a performance baseline grounded in
community standards. While further refinement
is needed, particularly in phoneme-level model-
ing, prosodic control, and dataset diversification,
this work provides a foundation for integration
into community learning platforms such as the
Šaapohkaayoni Education Portal. Our ongoing col-
laboration with the Myaamia Center ensures that
development proceeds with appropriate oversight
and accountability.
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Abstract
We evaluate seven large language
models—four proprietary and three open-
weight—on bidirectional Lakota–English
translation using 200 sentence pairs
from the New Lakota Dictionary. Each
model is evaluated with and without
extended reasoning, where the provider’s
API permits. The best model (Gemini
3.1 Pro) achieves a mean chrF++ of
59.4 on Lakota→English and 42.6 on En-
glish→Lakota; the strongest open-weight
model trails the proprietary leaders, and
no model produces reliable translation
in either direction. Two independent
LLM judges from different model families
agree substantially (Cohen’s κ = 0.75)
that semantic equivalence ranges from
6% (GPT-5.2) to 60% (Gemini), diverg-
ing substantially from chrF++ scores.
For the open-weight models, enabling
reasoning changes refusal behavior far
more than translation quality: it surfaces
the limitation rather than overcoming
it. Diacritic-normalization analysis
shows models produce roughly correct
base characters but place diacritical
marks inconsistently. All results and
evaluation code are publicly avail-
able at https://github.com/robotson/
lakota-translation-benchmark.

1 Introduction
Lakota (Lakȟótiyapi) is a Siouan language spo-
ken primarily on reservations in North and
South Dakota. UNESCO classifies it as criti-
cally endangered (Moseley, 2010), with fewer
than 2,000 first-language speakers, most over
65 years of age. Language revitalization ef-
forts are ongoing across multiple tribal and
academic institutions. The Lakota Language
Consortium (LLC) publishes the New Lakota
Dictionary (NLD) and associated pedagogical

materials; the NLD serves as the source for
this study’s evaluation set.
Contemporary large language models

(LLMs) support translation across dozens of
languages, but the extent of training data
for any given language is not disclosed.
Users may reasonably expect similar quality
across supported languages. For critically
endangered languages like Lakota—where
digitized text is scarce and no large-scale
parallel corpus exists—this expectation is
untestable without direct evaluation.
This paper reports the results of a di-
rect evaluation. We tested seven LLMs—
four proprietary and three open-weight—on
200 Lakota–English sentence pairs in both
translation directions, under two experimen-
tal conditions designed to test the impact
of extended thinking (chain-of-thought rea-
soning) on translation quality. We report
chrF++ and BLEU scores, diacritic normal-
ization analysis, model self-reported confi-
dence, and refusal behavior. Related work on
LLM translation of low-resource languages in-
cludes the MTOB benchmark (Tanzer et al.,
2024), which evaluated frontier LLMs on Kala-
mang translation using in-context learning
from a reference grammar, and the Amer-
icasNLP shared tasks (Mager et al., 2021;
Ebrahimi et al., 2023), which benchmark
MT systems on indigenous American lan-
guages but do not include Lakota. The
only prior Lakota-specific language model is
LakotaBERT (Parankusham et al., 2025), a
RoBERTa-basedmodel trained for masked lan-
guage modeling. To our knowledge, no prior
study has evaluated zero-shot frontier LLM
translation quality for Lakota.
Lakota presents specific challenges for LLM
translation. It is polysynthetic, with extensive
verbal morphology including person mark-
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ing, aspect, mood, and evidentiality encoded
through affixes and enclitics. The Standard
Lakota Orthography (SLO) uses Latin script
with diacritical marks: caron-marked con-
sonants (č, š, ž, ǧ, ȟ), ogoneks on vow-
els for nasalization (ą, į, ų), acute accent
for stress, and the glottal stop marker (ʼ).
The velar nasal is written with a separate
character, ŋ. These diacritical marks distin-
guish phonemes—for example, h and ȟ repre-
sent different consonants—making them sig-
nificant for both translation accuracy and
character-level evaluation metrics.

2 Methodology
2.1 Evaluation Set
The evaluation set consists of 200 sentence
pairs sourced from published Lakota learn-
ing materials for research purposes. Pairs
were drawn from conversational examples in
the New Lakota Dictionary (NLD) (Ullrich,
2008), published by the Lakota Language Con-
sortium (LLC), and selected from entries ap-
pearing under dictionary headwords. The
first author filtered pairs for naturalness and
conversational relevance. Each pair contains
one Lakota sentence and one English transla-
tion. Examples range from short questions
(Hé yačhíŋ he? / “Do you want it?”) to
multi-clause sentences with cultural context
(Wóčhičiyakiŋ kte ȟčiŋ. / “I want to talk to
you.”). The evaluation set is conversational
register throughout.
The NLD uses the Standard Lakota Orthog-
raphy (SLO), developed by the LLC. Multiple
orthographic conventions have been in use
across Lakota language communities, includ-
ing the Buechel missionary system and the
orthography used at Sinte Gleska University
(White Hat, 1999). Standardization of Lakota
orthography remains a contested issue within
Lakota communities (Hauff, 2020). Our use
of NLD materials was practical—it is the most
accessible published collection of Lakota sen-
tence pairs with English translations available
to us—and should not be read as an endorse-
ment of any particular orthographic standard
or institutional approach to language docu-
mentation.
Each pair includes a conversational score

(4–8) assigned during curation, where higher

values indicate more everyday, conversa-
tional language and lower values indicate
more formal or structurally complex sen-
tences. The evaluation set also records the
headword context from which each pair was
drawn. The same 200 pairs were used for all
models and both experimental conditions.

2.2 Models
Seven models were evaluated. Four are pro-
prietary frontier models from three providers:
Gemini 3.1 Pro Preview (Google), Claude
Opus 4.6 (Anthropic), Claude Sonnet 4.6
(Anthropic), and GPT-5.2 (OpenAI). Three
are open-weight frontier models, accessed
through Together AI: DeepSeek-V4-Pro,
Qwen3.6-Plus, and GLM-5.1. All models
were accessed through litellm (v1.63),
a unified API wrapper; the open-weight
models were routed through an OpenAI-
compatible endpoint to preserve the same
structured-output contract. Selection criteria:
frontier-tier models supporting structured
JSON output with schema enforcement.
Including open-weight models tests whether
the closed–open capability gap observed on
higher-resource tasks holds for Lakota.

2.3 Experimental Conditions
Two conditions were run on the same evalua-
tion set:
Baseline: Temperature 0, no extended
thinking. Maximum output tokens: 1,024.
This condition uses near-deterministic decod-
ing and represents baseline model capability.
Thinking: Extended thinking enabled at
maximum provider settings. Maximum out-
put tokens: 16,384 (to accommodate think-
ing token overhead). Claude models used
thinking.budget_tokens = 8,192; GPT-5.2
used reasoning_effort = high; Gemini used
thinkingLevel= high.
Gemini 3.1 Pro enables thinking by de-
fault and cannot disable it, so its baseline
already includes default-level thinking; the
baseline→thinking comparison isolates only
the increase from default to high, not the en-
abling of thinking.
For Claude models, enabling thinking
fixes temperature at 1 (it cannot be set
independently while thinking is on); for
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GPT-5.2, high-reasoning configurations ig-
nore sampling parameters, so temperature=1
likely had no effect. These proprietary
baseline→thinking comparisons should
therefore be read as “baseline vs. maximum
supported reasoning settings” rather than
clean temperature-controlled ablations. The
three open-weight models (served via To-
gether AI) instead toggle reasoning directly:
thinking uses the provider’s default reasoning
and baseline disables it via the documented
control—reasoning.enabled for DeepSeek,
chat_template_kwargs.enable_thinking
for Qwen and GLM—holding each model’s
output-format regime fixed, a cleaner within-
model ablation.
2.4 Structured Output Schema
All models produced structured JSON out-
put enforced via provider-native schema val-
idation with three fields: translation (best
translation or empty string), confidence (0.0–
1.0), and refusal_reason (string or null).
The system prompt was identical across all
models and conditions:

You are a translation system. Translate the input text. Re-
spond as JSON with three fields: “translation” (your best
translation, or empty string if you cannot translate), “con-
fidence” (a number from 0.0 to 1.0 representing your con-
fidence in the translation quality), “refusal_reason” (null
if you attempted a translation, or a brief explanation if
you cannot translate).

User prompts followed the format “Translate
from Lakota to English: {text}” and “Trans-
late from English to Lakota: {text}” for the
two directions.
2.5 Metrics
chrF++ (a character n-gram F-score ex-
tended with word n-grams) was the primary
metric, computed via SacreBLEU (Popović,
2015, 2017) with default parameters: char-
acter n-gram order 6, word n-gram order 2,
β = 2. chrF++ is preferred over BLEU for
morphologically rich languages because it op-
erates at the character level and does not pe-
nalize valid morphological variants as harshly
as word-level metrics. BLEUwas computed as
a secondary metric for comparability.
Diacritic-normalized chrF++ was com-
puted for English→Lakota translations by
stripping Unicode combining marks (cate-
gories Mn and Mc) from both candidate and

reference via NFD decomposition before scor-
ing. NFD decomposition ensures canonical
equivalence between precomposed characters
(e.g., U+01CE, ǎ) and combining sequences
(e.g., a + U+030C) before mark removal.
This normalization removes carons, ogoneks,
and stress marks in SLO; the character ŋ
(eng) and the glottal stop marker (ʼ) are un-
affected. The delta between raw and nor-
malized chrF++ isolates orthographic vari-
ation attributable to these diacritical marks
from broader lexical and morphological dif-
ferences.

LLM semantic judgment was used to
evaluate Lakota→English translations, where
chrF++ is known to penalize valid para-
phrases against single references. We initially
ran BERTScore (Zhang et al., 2020) (roberta-
large) on the proprietary models to capture
semantic matches that chrF++ misses, but
it was uninformative: F1 ranged from 0.906
to 0.959 regardless of actual translation qual-
ity. At the pair level, GPT-5.2’s transla-
tion of “Do you have a car?” as “Do you
have a horse?” received BERTScore 0.975.
We did not extend the BERTScore pass to
the open-weight models added later, hav-
ing moved to LLM-based semantic judgment
as our primary check. We instead used a
separate LLM (Gemini 3 Flash Preview) to
judge whether each hypothesis–reference pair
conveys the same meaning, following the
GEMBA framework (Kocmi and Federmann,
2023) but simplified to English-to-English se-
mantic equivalence. Because both strings
are English, the judge requires no knowl-
edge of Lakota—it evaluates only whether the
model’s English output preserves the mean-
ing of the English reference. Each pair was
rated equivalent, partially_equivalent, or
not_equivalent. All Lakota→English trans-
lation attempts across 14 model×condition
combinations were judged. To check for
family-level self-judging bias, every pair was
also judged by Llama-3.3-70B-Instruct-Turbo,
an open-weight model from a developer not
among those evaluated; agreement is re-
ported in §3.6.

Self-reported confidence (0.0–1.0) was
extracted from the structured output.
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Model L→E E→L
chrF++ (σ) chrF++ (σ)

Gemini 3.1 Pro 63.1 (3.3) 33.6 (3.4)
Claude Opus 4.6 45.1 (2.6) 29.8 (4.8)
Claude Sonnet 4.6 42.7 (4.8) 20.8 (4.6)
GPT-5.2 25.5 (5.7) 15.9 (5.8)

Table 1: Pilot variance: mean chrF++ and cross-
run standard deviation across 3 runs (20 pairs),
four proprietary models (February 2026). The
open-weight models, added in May 2026, were
not separately re-piloted.

2.6 Variance
A pilot study was conducted before the full
thinking evaluation to assess run-to-run vari-
ance under the thinking condition’s decoding
settings. Twenty sentence pairs were sam-
pled and each of the four proprietary models
was run 3 times on both directions (480 API
calls). Cross-run standard deviation ranged
from 2.6 (Opus L→E) to 5.8 (GPT-5.2 E→L).
Model rankings were stable across all three
runs (Table 1). Based on these results, the full
evaluation was conducted as a single run per
condition.

2.7 Data Contamination
A central concern with LLM-based evaluation
on low-resource pairs is that the evaluation
set may appear in pretraining data. The eval-
uation set here is drawn from the New Lakota
Dictionary (Ullrich, 2008), whose contents
are findable on the open web in OCR’d re-
productions of varying quality; any web-scale
training corpus could plausibly include some
form of this material.
To bound the empirical risk we searched
indexed open-web content for all 200 pairs.
The Lakota source string appears verbatim for
about 10% of pairs, but the Lakota sentence
and its English reference together for only
0.5%—almost always in scanned copies of
the dictionary itself. This distinction matters:
controlled studies find that aligned source–
target overlap can substantially inflate trans-
lation scores, while source- or target-only
overlap produces smaller, less consistent in-
flation, at the 1B–8B scales tested (Kocyigit
et al., 2025). The overlap we observe is al-
most all the one-sided kind.
The score distribution points the same way:

a memorized test set would cluster near ceil-
ing, whereas ours ranges widely (6–61% se-
mantic equivalence across the seven mod-
els), consistent with genuine partial capabil-
ity rather than wholesale recall—though, as
§4 notes, the most common phrases are likely
memorized.
2.8 Procedure
Each evaluation run called the model API
once per (pair, direction) combination: 200
pairs × 2 directions = 400 calls per model,
1,600 calls per condition. A 1.5-second de-
lay was inserted between calls. API timeout
was set to 60 seconds for baseline and 180
seconds for thinking. Failed calls were re-
tried up to 3 times with exponential back-
off. Proprietary models were evaluated in
February–March 2026 and open-weight mod-
els in May 2026; exact model identifiers (API
versions current on those dates) are listed in
the released code. Results were written to per-
model JSONL files with per-pair metadata.

3 Results
3.1 Translation Quality
Table 2 reports the best-condition results for
each model. For Gemini, baseline and think-
ing scores are nearly identical (§3.2); think-
ing is reported here for consistency since it
includes confidence data. For all other mod-
els, thinking is reported as the higher-scoring
condition.
Gemini leads in both directions. Opus
and Sonnet score within 2 chrF++ points of
each other on L→E (Sonnet slightly ahead),
but Opus leads Sonnet by 7 points on E→L.
GPT-5.2 trails the proprietary models in both
directions. Among the open-weight mod-
els, DeepSeek-V4-Pro is strongest (38.0 /
29.2 chrF++), placing between GPT-5.2
and the Claude models, while GLM-5.1 and
Qwen3.6-Plus score at or below GPT-5.2;
no open-weight model approaches Gemini.
Every model scores substantially higher on
Lakota→English than English→Lakota. The
gap ranges from 6.4 points (GPT-5.2) to 19.1
points (Sonnet). This asymmetry is consistent
across all models: Lakota→English (produc-
ing English from Lakota input) scores higher
than English→Lakota (producing Lakota from

14



Model Dir N chrF++ σ (pairs) Median BLEU
Gemini 3.1 Pro L→E 199 59.4 27.6 56.8 43.5
Claude Opus 4.6 L→E 200 45.9 25.0 43.5 27.2
Claude Sonnet 4.6 L→E 189 46.1 25.9 44.3 28.1
GPT-5.2 L→E 194 30.0 21.8 21.4 15.4
DeepSeek-V4-Pro L→E 200 38.0 26.0 30.9 23.3
GLM-5.1 L→E 184 29.3 18.8 24.5 14.2
Qwen3.6-Plus L→E 198 26.1 21.9 18.2 14.4
Gemini 3.1 Pro E→L 199 42.6 22.1 38.9 24.7
Claude Opus 4.6 E→L 200 34.3 16.0 31.8 18.8
Claude Sonnet 4.6 E→L 196 27.0 13.2 24.2 15.7
GPT-5.2 E→L 184 23.6 12.5 20.5 14.3
DeepSeek-V4-Pro E→L 195 29.2 14.7 26.9 17.0
GLM-5.1 E→L 193 14.6 7.2 12.8 9.3
Qwen3.6-Plus E→L 164 18.4 8.7 17.2 13.3

Table 2: Translation quality by model and direction. Proprietary models are shown in their best con-
dition; open-weight models (DeepSeek, GLM, Qwen) in their reasoning-enabled condition. N < 200
reflects refusals, empty responses, or API errors excluded from scoring (§3.5). σ is across sentence pairs,
not across runs.

Model Dir ≥80 ≥60 ≥40 P10
Gemini L→E 24% 47% 72% 21.6
Opus L→E 12% 25% 56% 15.9
Sonnet L→E 12% 25% 55% 16.0
GPT-5.2 L→E 5% 10% 23% 10.4
DeepSeek L→E 8% 22% 36% 11.0
GLM L→E 3% 7% 20% 11.8
Qwen L→E 4% 10% 17% 8.2
Gemini E→L 7% 20% 47% 17.2
Opus E→L 1% 6% 29% 16.0
Sonnet E→L 1% 1% 15% 12.9
GPT-5.2 E→L 1% 1% 8% 12.1
DeepSeek E→L 1% 4% 21% 13.0
GLM E→L 0% 0% 0% 7.4
Qwen E→L 0% 0% 2% 8.9

Table 3: Score distribution by chrF++ thresh-
old (thinking condition). Percentages over scored
translations; P10 = 10th percentile.

English input) for every model.
Standard deviations are large—22–28
points for L→E and 13–22 points for E→L—
indicating that per-pair quality varies widely.
Some pairs score 100.0 (exact character
match to reference) while others score below
10. Table 3 reports the distribution of scores
across chrF++ thresholds and tail behavior
(10th percentile).
Table 4 stratifies chrF++ by the evalu-
ation set’s conversational score (§2.1). For
Gemini L→E, the most conversational pairs
(score 6) average 81.9 chrF++ while more
complex pairs (score 4) average 52.7—a 29-
point gap. The pattern holds across all mod-
els and both directions, suggesting that per-

Model Dir Sc. 4 Sc. 5 Sc. 6
Gemini L→E 52.7 58.2 81.9
Opus L→E 41.6 41.0 65.6
Sonnet L→E 40.3 45.1 64.1
GPT-5.2 L→E 27.9 23.7 45.7
DeepSeek L→E 33.0 33.9 59.6
GLM L→E 27.3 26.0 41.0
Qwen L→E 23.3 22.1 41.7
Gemini E→L 37.1 42.7 61.3
Opus E→L 31.2 32.7 45.6
Sonnet E→L 24.7 26.2 35.2
GPT-5.2 E→L 22.2 21.5 30.4
DeepSeek E→L 29.4 26.3 31.0
GLM E→L 13.0 16.5 16.3
Qwen E→L 17.3 17.3 21.9

Table 4: Mean chrF++ by conversational score
(thinking condition). Score 4 = more for-
mal/complex; score 6 = most conversational.
Scores 7–8 excluded (n=6 combined).

formance is concentrated on high-frequency
phrasebook-like items, consistent with the
finding that low-resource LLM translation
quality tracks test-set coverage (Aycock et al.,
2025).

Even the best model (Gemini L→E) pro-
duces translations scoring ≥80 chrF++—
roughly usable quality—on only 24% of pairs.
For E→L, only Gemini exceeds 5% at this
threshold. If “reliable” is operationalized as
≥60 chrF++on amajority of pairs, nomodel
qualifies in either direction.
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Model Dir Base Think ∆

Opus 4.6 L→E 45.0 45.9 +0.9
Opus 4.6 E→L 27.4 34.3 +6.9
Sonnet 4.6 L→E 45.4 46.1 +0.7
Sonnet 4.6 E→L 24.8 27.0 +2.2
GPT-5.2 L→E 26.4 30.0 +3.6
GPT-5.2 E→L 18.3 23.6 +5.3
Gemini L→E 58.4 59.4 +1.0
Gemini E→L 40.4 42.6 +2.2
DeepSeek L→E 40.1 38.0 −2.1
DeepSeek E→L 26.4 29.2 +2.8
GLM L→E 27.8 29.3 +1.5
GLM E→L 13.6 14.6 +1.0
Qwen L→E 25.2 26.1 +0.9
Qwen E→L 15.6 18.4 +2.8

Table 5: Baseline→thinking comparison

Model Raw Norm. ∆

Gemini 3.1 Pro 42.6 48.7 +6.1
Claude Opus 4.6 34.3 40.8 +6.5
Claude Sonnet 4.6 27.0 32.3 +5.3
GPT-5.2 23.6 27.2 +3.6
DeepSeek-V4-Pro 29.2 33.6 +4.4
GLM-5.1 14.6 18.1 +3.5
Qwen3.6-Plus 18.4 21.7 +3.3

Table 6: Diacritic normalization, English→Lakota
(thinking condition).

3.2 Effect of Extended Thinking
Table 5 compares baseline (near-
deterministic decoding, no extended think-
ing) and thinking (maximum supported
reasoning settings) for each model.
Among proprietary models, thinking im-
proved chrF++ across all model-direction
pairs, with E→L gains (2.2–6.9 points) con-
sistently larger than L→E gains (0.7–3.6
points)—reasoning helps more on the harder
generation direction. For Gemini, whose base-
line already includes default-level thinking,
the L→E delta is small (+1.0) while E→L still
gains (+2.2). The open-weight models show
only marginal chrF++ movement (−2.1 to
+2.8 points); unlike the proprietary frontier,
reasoning does little for their translation qual-
ity or semantic equivalence (§3.6) and instead
changes their refusal behavior (§3.5).

3.3 Diacritic Normalization
Table 6 reports raw and diacritic-normalized
chrF++ for English→Lakota (thinking condi-
tion).
Stripping diacritics adds 3.3–6.5 chrF++

Model L→E E→L
Gemini 3.1 Pro 0.93 (σ=0.06) 0.83 (σ=0.11)
Claude Opus 4.6 0.71 (σ=0.17) 0.46 (σ=0.15)
Claude Sonnet 4.6 0.70 (σ=0.15) 0.32 (σ=0.11)
GPT-5.2 0.55 (σ=0.12) 0.45 (σ=0.11)
DeepSeek-V4-Pro 0.84 (σ=0.10) 0.68 (σ=0.13)
GLM-5.1 0.63 (σ=0.18) 0.56 (σ=0.22)
Qwen3.6-Plus 0.78 (σ=0.16) 0.59 (σ=0.20)

Table 7: Self-reported confidence (thinking condi-
tion).

points for E→L. The gap indicates that models
produce roughly correct consonant and vowel
sequences but place diacritical marks—stress,
nasalization, and caron-marked consonants—
inconsistently. Multiple orthographic conven-
tions are in active use for Lakota (§2.1); mod-
els may have been trained on text in several of
these systems, and the prompt did not specify
an orthographic standard.

3.4 Confidence
Table 7 reports mean self-reported confidence
from the thinking condition.
Among the proprietary models, the confi-
dence ranking largely matches the chrF++
ranking for L→E: Gemini > Opus ≈ Sonnet
> GPT-5.2. The open-weight models are the
most overconfident: DeepSeek-V4-Pro and
Qwen3.6-Plus report L→E confidence of 0.84
and 0.78—above every proprietary model ex-
cept Gemini—despite scoring well below the
Claude models. All models report lower con-
fidence for E→L than L→E.
Gemini reports the highest confidence in
both directions (0.93 L→E, 0.83 E→L) and
also achieves the highest chrF++ scores, so
its confidence is directionally accurate. How-
ever, 0.83 confidence on E→L where chrF++
is 42.6 represents significant overconfidence
in absolute terms.
GPT-5.2’s E→L confidence (0.45) exceeds
Sonnet’s (0.32) despite scoring lower on
chrF++ (23.6 vs 27.0), so E→L confidence
does not track quality.
At the per-pair level, confidence is a poor
guide to correctness, especially for the open-
weight models without reasoning: Qwen3.6-
Plus renders Hamáčhola (“I am naked”) as
“Spider” with 0.95 confidence, and the three
open-weight models return three different
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L→E E→L
Model Ref Emp Ref Emp
GPT-5.2 6 0 16 0
Sonnet 4.6 0 11 2 2
Opus 4.6 0 0 0 0
Gemini 1 0 0 1
DeepSeek-V4-Pro 0 0 5 0
GLM-5.1 16 0 7 0
Qwen3.6-Plus 2 0 36 0

Table 8: Non-translation outcomes (thinking con-
dition). Ref = refusal, Emp = empty response,
Err = API error.

confident answers (0.8–0.95) forWakȟálya yo
(“Make coffee”). High confidence attached to
output that does not preserve meaning is com-
mon rather than exceptional, so self-reported
confidence cannot be used to filter unreliable
translations.

3.5 Refusals and Failures
Table 8 reports non-translation outcomes
from the thinking condition.
Among the proprietary models, GPT-5.2 re-
fused the most translations (22 total, 16 on
E→L, up from 4 at baseline); among the
open-weight models, Qwen3.6-Plus refused
far more (38 total, 36 on E→L). Refusal rea-
sons typically cited inability to produce reli-
able Lakota text. Sonnet produced 11 empty
responses on L→E (the model returned an
empty translation string with no refusal rea-
son) and refused 2 E→L translations. Opus
produced complete translations on all 200
pairs in both directions. Gemini had one L→E
refusal and one E→L empty response.
The open-weight models make the role of
reasoning in refusal behavior especially clear.
With reasoning enabled, Qwen3.6-Plus re-
fuses 36 of 200 E→L pairs and GLM-5.1 re-
fuses 16 of 200 L→E pairs; with reasoning
disabled, these fall to 0 and 1 respectively.
Disabling reasoning does not improve transla-
tion quality (§3.2, §3.6)—it removes the step
at which the model recognizes it cannot trans-
late. For these models, reasoning surfaces the
limitation rather than overcoming it.
The structured schema lets each model de-
cline with a refusal_reason, which could
bias models toward refusal over a low-
confidence attempt. The non-thinking results

argue against this: disabling reasoning makes
refusals nearly vanish with no gain in se-
mantic equivalence, so refusals under reason-
ing track recognized difficulty rather than a
prompt artifact.
Among the proprietary models, refusals are
concentrated on E→L (16 of 22 GPT refusals,
both Sonnet refusals)—the harder generation
direction.
Reported scores exclude refusals, the stan-
dard conditional-on-attempting convention.
Scoring refusals as chrF++= 0 over all 200
pairs lowers the high-refusal cases (Qwen3.6-
Plus E→L from 18.4 to 15.1, GLM-5.1 L→E
from 29.3 to 27.0), with no change to the
ranking. For the open-weight models it
also tempers the apparent thinking gains:
Qwen3.6-Plus’s E→L thinking score no longer
exceeds its baseline once reasoning-induced
refusals are counted.
3.6 Semantic Equivalence
Table 9 reports LLM semantic judgments
for Lakota→English translations across all
seven models and both conditions, rating
each hypothesis–reference pair equivalent,
partially_equivalent, or not_equivalent.
The two judges (Gemini 3 Flash and the inde-
pendent Llama-3.3-70B) agree substantially
(Cohen’s κ=0.75, 0.89 quadratic-weighted),
with disagreement concentrated in the adja-
cent partially_equivalent tier rather than
between the polar categories.
The judge reveals that chrF++ is a rea-
sonable proxy for models with higher equiva-
lence rates—Gemini’s chrF++ of 58.4 corre-
sponds to 60.4% semantic equivalence—but
misleading for models with lower rates. GPT-
5.2’s chrF++ of 26.4 implies some partial
overlap, but only 6% of its translations are
semantically correct. The remaining 87%
are fluent English that does not preserve the
source meaning (Table 10).
Open-weight models do not close the gap.

The strongest, DeepSeek-V4-Pro, reaches
roughly 19–21% equivalence—between GPT-
5.2 and the Claude models—while GLM-5.1
and Qwen3.6-Plus remain at GPT-5.2’s base-
line tier (7–9%). No open-weight model ap-
proaches Gemini.
For the stronger models, 16–24% of trans-
lations are partially equivalent—capturing the
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Model Cond. Equiv Partial Not κ

Proprietary
Gemini base 60.4 23.4 16.2 0.64
Gemini think 61.3 23.1 15.6 0.65
Opus 4.6 base 31.5 18.0 50.5 0.72
Opus 4.6 think 37.0 21.0 42.0 0.63
Sonnet 4.6 base 29.0 16.0 55.0 0.69
Sonnet 4.6 think 30.7 23.8 45.5 0.67
GPT-5.2 base 6.0 7.0 87.0 0.63
GPT-5.2 think 13.4 9.8 76.8 0.75
Open-weight
DeepSeek-V4-Pro base 20.5 13.0 66.5 0.70
DeepSeek-V4-Pro think 19.0 14.0 67.0 0.74
GLM-5.1 base 9.0 7.0 83.9 0.68
GLM-5.1 think 9.2 6.5 84.2 0.76
Qwen3.6-Plus base 7.1 4.5 88.4 0.77
Qwen3.6-Plus think 7.1 7.6 85.4 0.82

Table 9: LLM semantic judge results (Gemini 3
Flash Preview), L→E; Equiv/Partial/Not are per-
centages of judged pairs (equivalent / partially
equivalent / not equivalent). κ = Cohen’s inter-
judge agreement with an independent Llama-3.3-
70B judge on each row’s pairs. base/think= rea-
soning disabled/enabled.

core meaning but missing elements or shifting
emphasis—a band that binary scoring would
obscure.
Extended thinking provides the largest ben-
efit to the weakest proprietary model: GPT-
5.2 improves from 6.0% to 13.4% equivalent
(2.2×), while Gemini barely changes (60.4%
to 61.3%), consistent with the chrF++ think-
ing deltas (§3.2). The open-weight mod-
els behave differently: reasoning leaves their
semantic equivalence essentially unchanged
(DeepSeek −1.5, Qwen 0.0, GLM +0.2 points)
while increasing their refusal rates (§3.5).

3.7 Qualitative Error Analysis
Reading the lowest-scoring Lakota→English
items reveals a consistent failure mode: com-
positional translation, rendering idioms and
culturally specific vocabulary element by el-
ement rather than by conventional meaning.
The word glossed “electricity” is rendered “sa-
cred,” and the idiomWakȟálya yo (“make cof-
fee”) becomes “sanctify it” (Table 10). The
starkest of these failures come from the open-
weight models; on the same items the frontier
models often recover the meaning—Gemini
and Opus render Wakȟálya yo as “make cof-
fee,” and Sonnet translates the electricity sen-
tence (chrF++ 58.2 vs. 18.6). The pattern

is partly an artifact of evaluation design: dic-
tionary example sentences over-represent id-
iomatic usage, and some literal renderings
are defensible translations that the single id-
iomatic reference does not credit (Wakȟálya
yo→ “boil it”). Most failures, however, aren’t
defensible alternatives like this—the output
simply doesn’t match any plausible English
translation of the source.

4 Discussion
The LLM judge results (§3.6) demonstrate that
chrF++ alone cannot reliably characterize
model capability on low-resource translation:
it closely tracks semantic equivalence for the
strongest models but is misleading for the
weakest, where fluent English masks near-
zero meaning preservation. The BERTScore
check we set aside in §2.5 is nonetheless re-
vealing. What was informative was the per-
pair correlation between the two: chrF++
penalizes any surface deviation from the refer-
ence (a floor), while BERTScore rewards any
fluent English (a ceiling), so the two diverge
most for models producing fluent output un-
related to the source. For the proprietary
models in the baseline condition, this correla-
tion tracks the semantic-equivalence gradient
(Gemini r=0.91; Opus and Sonnet r=0.83–
0.86; GPT-5.2 r=0.79).
For external calibration, strong systems
reach chrF++ in the mid-50s on a high-
resource pair such as Chinese→English
(Jiao et al., 2023); Gemini’s 59.4 on
Lakota→English sits at or above that range,
yet its 42.6 on English→Lakota and 60.4%
semantic equivalence show the capability is
far from what that single number suggests.
For comparison within indigenous-language
MT specifically, the AmericasNLP 2023
shared task reports ChrF of roughly 25–40 for
the best fine-tuned systems translating into
eleven indigenous languages (Ebrahimi et al.,
2023); Gemini’s zero-shot English→Lakota
result is comparable to the strongest of
these systems, though the metric (ChrF vs.
chrF++) and system class (fine-tuned NMT
vs. zero-shot LLM) differ.
For the proprietary models, extended think-
ing yields a consistent but small chrF++gain
(1–7 points) that does not change the prac-
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Failure mode Model Reference Model output chrF++
Coined term read
literally

DeepSeek We live in a small trailer
house with no electricity.

We are poor in a very
small sacred tipi.

18.6
Idiom / phonologi-
cal slide

DeepSeek Make coffee (put the wa-
ter to boil).

Sanctify it! 2.9
Defensible literal
(dictionary-bound)

Opus Make coffee (put the wa-
ter to boil).

Boil it! / Heat it up! 6.5
Kinship confusion GLM Did my daughter call? Did my younger brother

come?
27.6

Wrong content
word

DeepSeek Do you have a car? Do you have a lighter? 65.9
Fluent but unre-
lated

DeepSeek I want to talk to you. I will be very happy. 6.5

Table 10: Representative L→E failure modes across models. chrF++ shows that surface overlap and
meaning preservation diverge: a one-word near-miss (65.9) outscores output unrelated to the source.
The two Wakȟálya yo (“Make coffee”) rows contrast a genuine error (“Sanctify it”) with a defensible
literal translation (“Boil it”) that the idiomatic single reference penalizes.

tical assessment; it is largest on the harder
English→Lakota direction and for the weak-
est model (GPT-5.2, +7.4 points of seman-
tic equivalence). It is not what separates
the leaders: raising Gemini’s reasoning from
default to high moves Lakota→English by
only +1.0 (§3.2), suggesting its lead reflects
base capability rather than reasoning bud-
get. The open-weight models behave differ-
ently again—reasoning leaves their transla-
tion quality and semantic equivalence essen-
tially flat while raising refusals (§3.5), declin-
ing items rather than improving them. Taken
together, these patterns suggest that on a
language this far outside the training distri-
bution, the binding constraint is knowledge
rather than inference, and reasoning’s main
contribution is calibration—recognizing what
one does not know—rather than capability.
The wide per-pair variance (σ = 22–28
chrF++ for L→E) likely reflects the distri-
bution of Lakota text in training data. Com-
mon phrases such as Mázaská etáŋ luhá he?
(“Do you have any money?”) score at or
near 100.0 across nearly all models, suggest-
ing these phrases appear verbatim in train-
ing data. Culturally specific constructions
involving kinship terms, complex verb mor-
phology, or ceremonial language score near
zero. The conversational score stratifica-
tion (Table 4) confirms this pattern quantita-
tively: for every model and direction, score-
6 pairs substantially outperform score-4 pairs.
This suggests that model performance is con-
centrated on high-frequency phrasebook-like

items rather than reflecting general capability
across Lakota sentence types.

5 Conclusion
As of spring 2026, no frontier LLM, pro-
prietary or open-weight, can reliably trans-
late Lakota. The best Lakota→English per-
formance (chrF++ 59.4) corresponds to
60.4% semantic equivalence on conversa-
tional sentences, but the worst model (GPT-
5.2) achieves only 6% equivalence despite
producing fluent English throughout. Open-
weight models do not close the gap: none
approaches Gemini, and even the strongest
(DeepSeek-V4-Pro) trails the proprietary lead-
ers substantially. The best English→Lakota
performance (chrF++ 42.6) is inadequate
for unsupervised use. Extended thinking pro-
vides a modest improvement of 1–7 chrF++
points for the proprietary models but does
not change the practical assessment; for the
open-weight models it alters refusal behav-
ior more than translation quality, surfacing
the limitation rather than overcoming it. Di-
acritic normalization analysis shows models
produce roughly correct base characters but
place diacritical marks inconsistently, possi-
bly reflecting orthographic heterogeneity in
training data.

Limitations
Each pair has a single reference translation,
and chrF++ against one reference underesti-
mates quality for valid paraphrases; the LLM
judge partially mitigates this but cannot fully
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solve it. Lakota also marks the speaker’s gen-
der through distinct enclitics—the dataset’s
Wakȟálya yo (“make coffee”) uses the men’s
imperative particle, where a woman would
say Wakȟálya ye—so a single reference can
penalize a valid rendering from the other
speech register. The evaluation set consists
of constructed conversational examples from
the New Lakota Dictionary; performance on
narrative or spontaneous text may differ.
Although our open-web analysis (§2.7)
finds little verbatim overlap between the eval-
uation pairs and indexed text, contamination
cannot be entirely excluded as a contributing
factor. Constructing original Lakota–English
pairs not derived from any published source
would allow it to be ruled out decisively and
is a priority for future work.
No fluent Lakota speaker participated in
the evaluation. Quality is assessed via estab-
lished automatic metrics (chrF++) and LLM-
based semantic judges (§2.5); while both are
standard practice in low-resource MT evalua-
tion, neither substitutes for evaluation by flu-
ent speakers, and qualitative analysis is cor-
respondingly restricted to axes that do not
require Lakota fluency. Collaboration with
tribal-college language programs and fluent
speakers is the most important methodologi-
cal next step.
This work evaluates only general-purpose
frontier and open-weight LLMs without a
fine-tuned dedicated MT baseline such as a
Lakota-adapted NLLB-200; comparing zero-
shot LLM performance against a fine-tuned
low-resource NMT system on the same eval-
uation set would situate these results within
the existing low-resource MT literature.
The specific model versions evaluated re-
flect API availability in February–May 2026;
provider model identities and behavior shift
over time. The proprietary and open-weight
models were evaluated in different months
(§2.8); the cross-provider comparison there-
fore reflects the model snapshots available at
each evaluation rather than a synchronized
run, and the relative ordering of comparably
scoring models should be read with that in
mind.

Ethics Statement
The evaluation set was drawn from the New
Lakota Dictionary (NLD), a commercially pub-
lished reference work. The evaluation set is
used for research evaluation and is not redis-
tributed. We acknowledge that orthographic
standardization is a contested issue within
Lakota communities (Hauff, 2020), and that
our use of NLD materials reflects availability
rather than endorsement of any particular or-
thographic standard or institutional approach.
Future work should evaluate against materi-
als in other actively used orthographies, ide-
ally in collaboration with language programs
at tribal colleges and universities.
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Abstract
Digital tools serving language revitalization
tend to fall into two categories: 1) linguist-
oriented documentation tools that prioritize an-
notation, morphological analysis, and archival
preservation, and 2) community-facing appli-
cations that emphasize accessibility and lan-
guage learning. Few systems integrate the for-
mer with the latter, and practical barriers —
including the cost of computational expertise,
single-user workflows, and limited data gover-
nance — further constrain their utility. These
disconnects incur additional development and
communication costs for revitalization teams
consisting of linguists and community mem-
bers. We introduce langlit, a collaborative
web-based platform that attempts to tailor doc-
umentation workflows for the language revital-
ization context within a single system. The
platform integrates a finite-state morpholog-
ical analyzer with a three-tier human-in-the-
loop annotation workflow, searchable corpus
interfaces with multiple query modalities, in-
teractive word construction guided by the mor-
phological grammar, corpus-linked hypothe-
sis tracking with provenance, and a grammar-
derived editable dictionary. All components
share a single underlying FST grammar, and
the system supports configurable access con-
trols, collaborative editing, and optional LLM
integration with transparent data handling.
Designed for redeployment across languages
through a modular architecture, langlit is
published as an open-source repository on
GitHub. We situate our system within the ex-
isting landscape of revitalization tools through
a comparative analysis and discuss how inte-
grated, community-informed design can better
serve the specific goals of language revitaliza-
tion.

1 Introduction
Digital tools for language revitalization and lan-
guage documentation serve different goals. Docu-
mentation tools prioritize annotation, archival stan-

dards, and linguistic analysis, while revitalization
efforts focus on intergenerational transmission and
everyday language use (Flavelle and Lachler, 2023;
Gessler, 2022). Software designed principally for
documentationmay lack features desired by revital-
ization teams whose work involves not only collat-
ing linguistics knowledge, but also transmitting it
in ways consistent with community values (Le Fer-
rand et al., 2022; Gessler, 2022). As a result, lin-
guistic knowledge produced during documentation
often remains inaccessible to teachers and learners
(Neubig et al., 2020).

Practical barriers compound this disconnect.
Documentation tools are largely unfamiliar out-
side academic linguistics (Skilton et al., 2025),
and building accessible, community-facing appli-
cations requires developer time that most revital-
ization projects cannot sustain (Wagner, 2017).
Few reusable templates exist that communities
could adapt independently.

In response, we introduce langlit, an open-
source web-based system designed to bridge doc-
umentation and revitalization workflows. The sys-
tem makes annotations and corpus data accessible
to teachers and learners through collaborative edit-
ing, corpus search, and configurable data gover-
nance. It is designed so that the products of linguis-
tic documentation are immediately and transpar-
ently available to language community stakehold-
ers as documentation work progresses.

Beyond its organizational and collaboration fea-
tures, the system is designed to hasten linguistic
knowledge discovery. A graphical interface allows
for generation of morphological interpretations of
a text, and optional tooling integrating large lan-
guage models is provided to assist during the pro-
cesses of annotation and linguistic discovery. The
design emphasizes language generality and mod-
ularity so that it can be adapted for other efforts.
We invite open contributions to our work, which is
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published as an open repository on GitHub. 1

Section 2 reviews the landscape of digital tools
for language documentation and revitalization. We
examine their features, limitations, and how they
emphasize certain roles over others. Section 3 de-
scribes the system architecture and its core compo-
nents. Section 5 discusses limitations and future
work.

2 Background
Structured corpora, morphological parsing, and in-
terlinear glossing are rarely incorporated into tools
intended for teachers and learners, despite broad
recognition that revitalization efforts benefit from
example-rich, searchable materials. This section
reviews the features and limitations of existing
tools to motivate the design of systems that bridge
documentation and community use.

2.1 Features of digital tooling for language
revitalization

Digital tools expand both the reach and flexibil-
ity of language revitalization efforts. Online plat-
forms, mobile applications, and multimedia re-
sources enable geographically dispersed learners
to engage with a language outside of traditional
classroom settings, which is particularly valuable
for diaspora communities lacking in-person access
to fluent speakers (Chew et al., 2023; Mauger,
2025; Meighan, 2024). Against the backdrop
of reduced intergenerational transmission, lan-
guage technologies can support classroom teach-
ing by providing accessible, searchable corpora
and recordings of fluent speakers (Mainzinger,
2024). Multimedia materials further support cul-
turally grounded learning by pairing linguistic data
with narratives and oral histories (Meighan, 2021).

A central benefit of language technology is its
ability to distribute authentic language materials
across time and space, supporting learning even
where fluent speakers are few or geographically
dispersed (Richards et al., 2025; Tennell and Chew,
2024). These considerations motivate the design
of systems that combine analytical rigor with ac-
cessibility, collaboration, and pedagogical sup-
port.

2.2 Linguist documentation tools
The most prominent documentation tools are tech-
nical environments developed by and for linguists.

1https://github.com/haberchr/langlit

FieldWorks Language Explorer (FLEx) integrates
a lexicon, text corpus, and morphological parser
within a unified workflow, making it widely used
in language documentation , and no other tool com-
bines these three components in an integrated fash-
ion (Skilton et al., 2025) (see Table 1). Another
widely used tool, ELAN, supports multi-tier anno-
tations of audio and video (Wittenburg et al., 2006),
but its workflow assumes significant linguistic ex-
pertise and privileges researchers’ needs over those
of teachers or community members (O’Neil et al.,
2024). ELAN’s interlinearization features remain
under development and do not yet provide the in-
tegrated lexicon–parser workflow valued in FLEx
(Skilton et al., 2025).

Despite their important role, these tools have no-
table limitations. FLEx is difficult to install and
operate without specialized training, is optimized
for single-user workflows with limited version con-
trol, and lacks transparent version histories, com-
plicating accountability for changes to language
data (Skilton et al., 2025). Its management by SIL
International and the requirement for data to be up-
loaded to an outside server raises data privacy and
sovereignty concerns (Skilton et al., 2025). Both
tools require powerful local computing and a desk-
top workflow.

The technological landscape has evolved sig-
nificantly since these tools were first developed.
Smartphones, web applications, and cloud-based
collaboration are nowwidespread, and advances in
natural language processing have expanded what is
possible for both linguists and learners. However,
few of these advances have been used to upgrade
core documentation software.

Integrating NLP models into tools like FLEx
and ELAN remains technically cumbersome, to
the point of discouraging adoption even among ex-
perienced documentary linguists (Gessler, 2022).
This suggests a need for systems that retain the
analytical depth of existing documentation tools
while supporting modern, collaborative workflows
for the downstream users of language documenta-
tion outputs.

2.3 Community-facing tools
Community-facing tools such as mobile applica-
tions, web dictionaries, gamified learning tools,
and multimedia storytelling platforms are intended
for direct use by language communities (Ajani
et al., 2024; Bettinson and Bird, 2021; Galla, 2016;
Tennell and Chew, 2024). In communities with
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few fluent speakers, digital platforms distribute
recordings of Elders, extending the reach of limited
linguistic resources (Meighan, 2021, 2024). For
example, Littell et al. (2017) introduce a reusable
framework for web dictionaries across languages
and Kazantseva et al. (2018) describe a verb conju-
gation tool for Kanyen’keha designed to help learn-
ers navigate complex morphology. These tools are
often effective for engagement and beginner learn-
ing but few consistently integrate morphological
search functionality over annotated corpora, limit-
ing utility for teachers and advanced learners who
need contextualized examples of specific gram-
matical phenomena (Neubig et al., 2020; Taylor-
Adams, 2019).

Beyond functional limitations, concerns about
data sovereignty are central to the design of
community-facing language technologies (Chew
et al., 2023; Kukutai and Taylor, 2017; Schwab-
Cartas, 2018; Tennell and Chew, 2024). These
commitments are difficult to uphold when projects
rely on external infrastructure such as third-party
platforms or large language models. Few reusable,
community-adaptable application frameworks ex-
ist, so each new project typically requires full cus-
tom development. This is a structural barrier be-
cause communities with the greatest need are of-
ten the least positioned to commission or maintain
such tools (Chew, 2021; Wagner, 2017).

Despite their complementary strengths, doc-
umentation and community-facing tools have
largely developed in parallel, and as Gessler (2022)
notes, existing software has not kept pace with the
collaborative, accessible workflows that revitaliza-
tion teams need. Bridging this gap requires plat-
forms with usable interfaces, collaborative capa-
bilities, and community governance over language
data.

2.4 Comparison of select work
Table 1 compares the documentation, pedagogical,
and infrastructure features of a sample of work
identified in our review of digital tools for language
documentation and revitalization. Our review il-
lustrates the general patchwork of features offered
by tools purposed for revitalization that motivated
the design of langlit.

Neither FLEx nor ELAN, the most widely used
documentation applications, provide a pedagog-
ical interface for language community members.
FLEx offers concordance generation and regex
filtering within its Texts & Words module, but

this does not permit search functionality accessi-
ble to non-specialists (Skilton et al., 2025). SIL
has recently released FieldWorks Lite (beta)2, a
cross-platform companion application that intro-
duces real-time collaborative editing for lexicon
data, though it does not support morphological
parsing, text annotation, or the broader documen-
tation workflows provided by FLEx. ELAN sup-
ports multi-tier regex search over annotated media,
but a documented limitation in its Multiple Layer
Search prevents reliable morphosyntactic queries
across utterance boundaries, restricting its utility
as a corpus search tool (Wilbur, 2019). Neither
tool offers integrated word construction, collabo-
rative hypothesis documentation, or configurable
data governance.

Gessler (2022) presents Glam, a work-in-
progress system that most directly shares
langlit’s goal of bridging NLP models and
documentary linguistics through shared software
infrastructure. Glam targets documentary linguists
and NLP integration, providing UIs for annotation
and model interaction, but does not describe a
pedagogical interface for teachers or learners.
Plaid3 constitutes a linguistic annotation backend
that is designed to solve data management and
collaboration for linguistic documentation appli-
cations, but is not deeply coupled with analytical
or pedagogical tooling.

Among the community-facing tools in our com-
parison, Littell et al. (2017) and Debenport et al.
(2023) both offer dictionary interfaces with lexi-
cal search, but neither supports morphological cor-
pus search over annotated texts. Mukurtu, de-
scribed by Debenport et al. (2023), is the most
developed system for data governance, providing
granular, protocol-based access control designed
specifically for cultural sovereignty needs; how-
ever, Mukurtu supports metadata and media an-
notation within its archival framework rather than
linguistic corpus annotation such as morphologi-
cal glossing or interlinear glossed text. Richards
et al. (2025) describe amobile application with cor-
pus search and multimodal features, but without
collaborative editing, open-source availability, or
morphological analysis. Kazantseva et al. (2018)
stands out as the only system besides langlit
that provides both amorphological analyzer and an

2https://software.sil.org/fieldworks/
download/fieldworks-lite/

3https://larc-iu.github.io/plaid/manual.
html
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Documentation and pedagogical capabilities Infrastructure & governance

Tool Morph.
Analyzer Dict. Corpus

Search
Pedagog.

UI
Corpus
Annot.

Multi-
modal

Phrase
Builder

Hypoth.
Doc.

LM
Integ.

Collab.
Editing

User
Mgmt

Open
Source

Data
Gov. Platform

FLEx ✓ ✓ *limited — ✓ — — — — — *limited ✓ — Desktop
ELAN — — *limited — ✓ ✓ — — — — *single ✓ *? Desktop
Littell et al. (2017) — ✓ *lex ✓ — — — — — — — ✓ *? Web/Mobile
Kazantseva et al. (2018) ✓ — — ✓ — — ✓ — — — — — — Web/Mobile
Gessler (2022) — — — — ✓ — — — ✓ ✓ ✓ ✓ *✓a Web
Debenport et al. (2023) — ✓ *lex ✓ *limited ✓ — — — ✓ ✓ ✓ ✓ Web
Pugh and Tyers (2023) ✓ — — — — — — — — — — ✓ — CLI
Mainzinger (2024) — ✓ — ✓ — *? — — — — — — — *mixed
Cox et al. (2025) ✓ ✓ — ✓ — ✓ — — — — — ✓ *? Web
Richards et al. (2025) — — ✓ ✓ — ✓ — — — — — — *token Mobile
Hammerly et al. (2026) ✓ ✓ — *ext — — *ext — — — — ✓ — CLI

langlit ✓ ✓ ✓ ✓ ✓ — ✓ ✓ ✓ ✓ ✓ ✓ ✓ Web

Table 1: Comparison of selected language revitalization tools. ✓ present; — absent; * partial or unclear (asterisk
with label). lex: search limited to lexical lookup. limited: feature present but with significant constraints. ext: down-
stream application described but not integrated into a single UI. single: single-user only. token: token/password-
based access. ?: unclear from available documentation. mixed: no single integrated platform. LM Integ. refers to
in-app integration with language models (e.g., LLMs, neural taggers) for annotation assistance or other tasks, not
rule-based morphological parsing. *(a) Derivative work Plaid adeptly addresses infrastructure and governance
issues.

integrated word/phrase construction interface for
learners; however, it lacks corpus search, annota-
tion, and collaborative infrastructure.

Several recent projects build directly on FST-
based morphology. Pugh and Tyers (2023) de-
scribe a finite-state analyzer for Highland Puebla
Nahuatl, but without an accompanying application
layer, and Mainzinger (2024) presents a technol-
ogy roadmap for Mvskoke drawing on multiple ex-
isting systems rather than a single integrated plat-
form. Cox et al. (2025) describe a long-term com-
munity partnership to build an FST-backed intelli-
gent dictionary for Tsuut’ina, with verb paradigms
reviewed item-by-item by a community language
committee. Hammerly et al. (2026)’s Ojibwe-
Morph introduces an FST framework whose down-
stream applications include a verb conjugation tool
for education, a spell-checker, and intelligent dic-
tionary search. In each case, pedagogical and
word-construction capabilities are built on FST
output, but do not provide corpus annotation, cor-
pus search, or collaborative editing capabilities.

Among the tools surveyed, no system combines
a morphological analyzer, corpus annotation, cor-
pus search, a pedagogical interface, word con-
struction, and hypothesis documentation within a
single collaborative, open-source, web-based plat-
form with configurable data governance. langlit
is designed to address this gap.

3 System Description

langlit is a Python application built with the
streamlit4 framework used for displaying data-
centric applications as web interfaces. It is eas-
ily shareable online via Streamlit Community
Cloud with minimal setup. langlit integrates
an FST morphosyntactic grammar with corpus an-
notation, search, word construction, linguistic hy-
pothesis tracking, and a dictionary. The user-
defined FST grammar and phonological file back-
end (.lexc/.xfscript) are read by the Helsinki
Finite State Transducer Python package hfst
(Lindén et al., 2011) and and form the backbone
of the morphological interpretation engine.

The system can be customized for a target lan-
guage by creating a “language pack.” This con-
sists of a configuration module defining language-
specific parameters that are declared in a single
config.py file imported by all pages, along with
other feature and language specific files to sup-
port the morphological analysis backend. This
architecture supports cross-language applicability.
Communities can enable or disable components as
needed for the intended audience (linguists or com-
munity teachers and learners) or desired function-
ality.

In the following subsections, we describe the
system’s core components: human-in-the-loop an-
notation workflows (§3.1), multi-modal corpus

4https://streamlit.io
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Figure 1: The langlit Discovery page.

search (§3.2), IGT export and pedagogical material
generation (§3.3), corpus-linked hypothesis track-
ing (§3.4), a grammar-derived editable dictionary
(§3.5), and collaborative editing with configurable
access control (§3.6).

3.1 Human-in-the-Loop Annotation
Workflows

The Discovery page (Figure 1) serves as the pri-
mary interface for corpus exploration and anno-
tation management. It provides an overview of
corpus-level metadata and annotation progress, in-
cluding utterance analyses and gold annotation
counts, allowing users to assess the state of the cor-
pus at a glance.

For each utterance, Interlinear Glossed Text
(IGT) is rendered inline as an HTML table aligned
to the tokenized surface form, with spans lack-
ing a gold annotation (gaps) highlighted in red
to make annotation completeness visually salient.
The table displays the normalized surface form,
morpheme boundaries, and gloss. Utterances
can be navigated sequentially or by jumping di-
rectly to incomplete entries, streamlining the an-
notation workflow. Critically, the underlying data
model also supports multilingual comparison of
utterances, addressing a documented limitation of
FLEx (Skilton et al., 2025).

The sidebar computes and displays annotation
progress metrics, including per-analysis counts of
gold, candidate, and unannotated spans, and the
rate of agreement between gold and candidate la-
bels across all analyses with both labels set. Dis-
agreements are flagged for reconciliation. A “next
incomplete” navigation control moves the reviewer
directly to the next utterance lacking a complete
gold annotation, simplifying navigation through a
large corpus.

The Discovery page is primarily designed for
linguists, researchers, and annotators who need

to systematically understand the morphosyntactic
properties of a corpus and build a gold-annotated
dataset that can be formatted as IGT. It also serves
as a useful exploration tool for teachers and ad-
vanced learners seeking a deep understanding of
the language’s structure. Once labeled, the data
becomes a valuable resource for teachers who may
use the Search page to identify relevant linguistic
examples for lesson creation.

3.1.1 FST-assisted analysis

An FST analyzer supports corpus review on the
Discovery page. Finite-state transducers are well-
suited for morphological analysis in revitalization
contexts because they do not require large train-
ing corpora, which are often unavailable for low-
resource languages (Kazantseva et al., 2018). Un-
like neural approaches requiring expensive train-
ing runs and expansive amounts of digitized data
resources, FSTs are rule-based, deterministic, and
can be constructed directly from morphosyntactic
knowledge. This allows for early-stage and con-
tinuous development as the documentation team
learns more about the language, even in the con-
text of resource scarcity. Many Indigenous lan-
guages have complex inflectional systems yielding
extremely large numbers of surface forms (Mithun,
2001), making the concatenative approach (Ham-
merly et al., 2026) that langlit adopts particu-
larly appropriate. FST-based parses discretize mor-
phological transitions, keeping analysis transpar-
ent and correctable—especially important where
analyses must remain interpretable by less tech-
nically inclined team members (Pugh and Tyers,
2023).

Beyond morphological analysis, the software
used to create FST-based systems is highly exten-
sible to a range of downstream modular applica-
tions, including spell checkers, grammar checkers
(Pirinen et al., 2023), verb conjugators (Kazant-
seva et al., 2018), interactive transcription sys-
tems (Lane and Bird, 2022) and morphologically
aware dictionary search (Hammerly et al., 2026;
Cox et al., 2025). The app realizes several of these
extensions directly: the Phrase Builder page uses
the same .lexc grammar to guide interactive word
construction (§3.3), and the Dictionary page de-
rives its lexeme and morpheme inventory from the
same source (§3.5).
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3.1.2 Three-tier annotation workflow
Annotation enrichment is expensive, and revitaliza-
tion programs rarely have the resources required
to annotate a corpus from scratch (Nicolai et al.,
2020; Neubig et al., 2020). The Discovery page
implements a three-tier human-in-the-loop design.
The first tier is human-labeled annotation, support-
ing tabula rasa span annotation for morphological
or other properties according to user-defined con-
ventions.

The second and third tiers are motivated by re-
cent work that shows the potential for NLP tool-
ing to improve the speed at which high quality
annotations can be produced (Ginn et al., 2024;
Liang et al., 2026). These tiers are optional to
allow teams to annotate according to their prefer-
ence and utility. The second tier allows morpho-
logical annotation using finite state transducers via
hfst (Lindén et al., 2011), a package that refer-
ences .lexc and .xfscript files to deterministi-
cally infer morphological annotations for spans of
text.

The third tier, useful in parallel data contexts,
prompts a server-based or locally hosted large lan-
guage model (LLM) to distinguish from among
morphological interpretations generated by the
FST step to choose the most explanatory interpreta-
tion given its parallel translation of the referenced
data in a high-resource language.

It is important to highlight that many groups
working towards revitalization may prefer to not
send any target language data to AI servers to
maintain maximal data ownership and sovereignty;
to this end, our example workflow does not pro-
vide any surface-form target language data to the
AI server in this step - only the morphological
glosses are passed. The external API call is opt-in,
gated behind a UI and password toggle, and can be
disabled entirely by communities that prefer fully
manual review or have concerns about data ex-
posure through third-party services, aligning with
data privacy principles addressed in O’Neil et al.
(2024). Indeed, data sovereignty concerns may
also be allayed by selecting local LLM models for
inference in this step, if desired.

A human reviewer may assign a gold label that
may agree with or override candidate interpreta-
tions suggested by the FST and selected by then
LLM. The UI ensures that annotations labeled
by humans and machine systems are always dis-
tinguished and apparent. Declined analyses are

tracked separately from unannotated ones.

3.2 Multi-Modal Corpus Search
Documentary corpora contain naturalistic, mor-
phologically annotated examples drawn from ac-
tual usage, yet these remain practically out of reach
for teachers without specialist training (Neubig
et al., 2020; Taylor-Adams, 2019).

Low-resource language corpora “typically lack
not only graphical search interfaces, but also the
rich annotations (such as morphological and syn-
tactic parses) that are conventionally required to
support the function of a search interface” (Neu-
big et al., 2020). Compounding this, search inter-
faces that do exist typically require users to query
in technical terms that are beyond the expertise of
most teachers and learners (Taylor-Adams, 2019).

The Search page allows access to corpus entries
containing a specified word or phrase, enabling
users to efficiently locate and examine instances
of target forms in context. Search results display
the full utterance alongside its translation. Entries
can be bookmarked and downloaded in CSV, PDF,
or LATEX format, making it straightforward to com-
pile collections of examples for further analysis or
instructional use.

Entries can be searched by translations, morpho-
logical glosses, tags, or a combination. Beyond the
simple lexical lookup offered by other tools (see
Table 1), the Search page supports regex and neu-
ral embedding queries over both monolingual and
bilingual corpora, enabling comparative analysis
and evidence gathering for linguistic research and
teaching.

For linguists and researchers, the Search page
provides a fast way to identify and examine
instances of specific morphological phenomena
across the corpus. It simplifies the process of find-
ing examples with specific grammatical features
or vocabulary, supporting the preparation of les-
son materials such as handouts and study guides,
which is useful for teachers. The Search page also
offers an accessible entry point for learners to ex-
plore how particular words or concepts appear in
the language.

All modes return paginated example cards dis-
playing the surface form, gloss, and IGT of the gold
analysis. Results of a search can be individually
bookmarked within a session and staged for link-
ing to a hypothesis being evaluated by a linguis-
tic research team(§3.4), or immediately exported
in a CSV for offline use. This design directly re-
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sponds to the Teacher-in-the-Loop model of Neu-
big et al. (2020), which called for corpus retrieval
that does not require users to express queries in
technical terms and can function over partially an-
notated data.

3.3 IGT Export and Pedagogical Material
Generation

Language documentation has historically priori-
tized researcher access over community-usable re-
source creation (Gessler, 2022). The app addresses
this gap with two pages that convert annotation and
grammar resources directly into exportable peda-
gogical materials.

3.3.1 Analyzer
The Analyzer page provides an interactive inter-
face for morphological analysis of utterances. It
accepts free-text input in the target language and
runs it through the same preprocessing and FST
pipeline. Users can examine the full set of inter-
pretations for each span and designate one as the
gold standard analysis, building an IGT entry for a
word or phrase in real time.

Users can bookmark analyzed utterances, which
are added to an export queue that can be down-
loaded, enabling ready-to-use IGT displays for ex-
ternal documents. The resulting three-line interlin-
ear (surface / morphological / gloss) is exported as
a standalone LATEX document using a tabular lay-
out compatible with standard linguistic IGT con-
ventions, or as a PDF via a pdflatex subprocess
call. An optional LLM call proposes a free transla-
tion from the gold gloss line.

The Analyzer is primarily aimed at linguists and
researchers who need to inspect and validate FST
output for specific forms. It is also a valuable tool
for learners seeking a deeper understanding of the
morphological structure of individual words, and
for teachers looking to create IGT-based exercises
ormaterials for translation andmorphological anal-
ysis practice.

3.3.2 Phrase Builder
The Phrase Builder page provides a morphologi-
cally guided phrase construction interface that tra-
verses the .lexc FST while exposing the FST’s
morphological generation functionality in a user-
understandable way. Users begin by selecting a
part of speech and searching for a specific root
meaning, then are guided through answers to a se-
ries of grammatical questions that iteratively build

amorphologically complexword from a rootmean-
ing. The interface reformulates each morphologi-
cal choice as a grammatical question (e.g., a drop-
down menu for person-number agreement), us-
ing question templates and tag-to-question map-
pings defined in a configuration file and comments
in the .lexc file. lexlit currently supports
adding phonological and infix rules via Python or
.xfscript.

The Phrase Builder serves a range of users. For
linguists and researchers, it provides an environ-
ment for exploring the productive morphology of
the language. For learners, the guided step-by-step
interface offers an accessible way to develop in-
tuitions about the morphological structure of the
language. For teachers, the page supports the con-
struction of paradigms and morphologically varied
word forms that can be exported and used as lesson
materials.

3.4 Corpus-Linked Hypothesis Tracking
Neither the tools reviewed by Neubig et al. (2020)
and O’Neil et al. (2024) nor any tool in Table 1
provide a mechanism to link specific corpus ex-
amples to in-progress linguistic hypotheses. The
Claims page addresses this gap by implementing
a structured system for documenting and tracking
linguistic hypotheses or discoveries about the lan-
guage. From both the Discovery and Search pages,
any corpus utterance can be linked to a claim with
an evidence relationship (supports, contradicts, or
neutral), along with a mandatory note explaining
the relevance of the example and a username and
timestamp for provenance. A claim detail view dis-
plays the full evidence set and tracks supporting
and contradicting evidence counts separately. Ev-
ery update to a claim generates a timestamped re-
vision record, providing an audit trail of how anal-
ysis evolved. Claims can be exported as structured
LATEX or PDF documents displaying the claim and
associated evidence to support pedagogical com-
munication.

Because evidence links are attributed to named
users and claim status is visible to all collabora-
tors, the system supports the transparent, recip-
rocal research process called for by O’Neil et al.
(2024), which is particularly valuable for underdoc-
umented languages where hypotheses may need to
be revised as continued analysis of a corpus yields
new insights.

The Claims page is a useful reference for teach-
ers who want to incorporate verified linguistic
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knowledge into lesson planning and for indepen-
dent learners seeking a deeper understanding of
the language’s structure. Future work will 1) doc-
ument agentic AI tools for automating linguistic
discovery using a custom langlit harness, and 2)
improved grammar reference distribution tools for
members of the language community.

3.5 Grammar-Derived Editable Dictionary

A recurring problem in documentation is that dic-
tionary materials exist as static files disconnected
from the morphological resources used for analy-
sis (Neubig et al., 2020; Cox et al., 2025). The
Dictionary page addresses this by deriving its con-
tent directly from the same .lexc file used by the
FST and Phrase Builder. Because the dictionary
is generated from the same resource that powers
analysis, there is no structural divergence between
dictionary coverage and FST coverage: adding a
morpheme to the analyzer makes it immediately
visible in the dictionary. This tight coupling elim-
inates the need to keep a separate lexical database
synchronized with a changing analyzer.

The Dictionary page displays each entry along-
side a translation. Users can search for specific en-
tries, filter by lexicon, and group results by lexi-
con or gloss, making it straightforward to navigate
and organize the vocabulary of the language. En-
tries can be edited directly, allowing the lexical
database to be updated as new information is dis-
covered. Users may edit the categories from the
.lexc file that are displayed via the language pack
.yaml configuration file.

The Dictionary provides linguists and re-
searchers an organized, searchable view of the lex-
icon with the ability to make edits. For teachers
and learners, it functions as a practical vocabulary
reference, enabling quick lookup of specific words
and their translations for use in lessons or indepen-
dent study.

3.6 Collaborative, Transparent Editing with
Configurable Access Control

O’Neil et al. (2024) identify collaborative edit-
ing, user management, edit history, and data trans-
parency as essential features of any cross-culturally
applicable documentation tool, specifically noting
that FLEx’s single-user workflow and opaque ver-
sion history as significant limitations (Skilton et al.,
2025).

3.6.1 Web deployment
The application is deployable as a web appli-
cation via Streamlit Community Cloud or other
providers. For development purposes, computa-
tional linguists and developers may easily deploy
the application locally or on custom servers.

3.6.2 Access control
User identity is established through OpenID Con-
nect (OIDC) authentication on Streamlit Commu-
nity Cloud and in local deployments after server
configuration. Access is gated by Streamlit’s au-
thentication function (st.login()), which exe-
cutes an OICD flow with Google as the identity
provider, restricting app access to admin-defined
accounts. Editing and LLM-usage is gated behind
an admin-defined password, so non-privileged
users have read-only access by default. The app
currently supports SQLite as a backend, which is
backed up to a Google Workspace account estab-
lished by the admin. The local database allows
for concurrent read access and serialized writes for
users of the app. Future work could support cloud-
native storage solutions.

3.6.3 LLM Integration and data
transparency

External API calls are entirely opt-in: the LLM
toggle’s function is transparently presented to the
user, and users may opt to avoid passing language
data through third-party services by disabling any
LLM inference without affecting other tool func-
tionality.

4 Conclusion

Digital tools for language documentation and re-
vitalization have historically directly served either
linguists or community members, but rarely both.
To address this gap, we present langlit, an open-
source, web-based platform that combines a finite-
state morphological analyzer, three-tier human-in-
the-loop annotation workflow, multi-modal cor-
pus search, interactive word construction, corpus-
linked hypothesis tracking, and a grammar-derived
dictionary in a single system. Because all compo-
nents draw from one shared FST grammar, adding
a morpheme to the grammar immediately propa-
gates across the analysis, search, word construc-
tion, and dictionary pages. The platform is de-
signed for redeployment across languages through
a modular architecture, and its configurable access
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controls reflect the data sovereignty priorities com-
mon in Indigenous language contexts. We hope
that langlit can lower barriers for linguists and
language community members to create, access,
and use language documentation to benefit revital-
ization work.

5 Limitations
A major limitation of langlit is that its cus-
tomization and integration in a language revitaliza-
tion context may require involvement of a devel-
oper or computational linguist. We acknowledge
that this assumption falls short of many real-world
contexts and remains a problem to be addressed by
future work.

We have not yet conducted user acceptance test-
ing among various stakeholder roles identified in
this work. Sustained use from users of varied per-
spectives is critical for corroborating many of the
design assumptions introduced in this work.

We acknowledge that the software presented
does not yet incorporate all desiderata for language
documentation, analysis, and teaching. For exam-
ple, our application does not currently support the
inclusion of multimodal annotations. It is our hope
that the application may serve as a starting point to
allow others to suit the software to their needs.
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Abstract

We present the first systematic benchmark of
parameter-efficient fine-tuning (PEFT) for low-
resource neural machine translation (NMT)
of indigenous languages of the Americas.
We evaluate eight PEFT methods along-
side full fine-tuning on NLLB-200-distilled-
600M across 13 indigenous-to-Spanish lan-
guage pairs spanning four resource tiers
(357–125,008 training sentences). OFT (Or-
thogonal Finetuning) achieves the highest
development-set chrF++ among PEFT meth-
ods (26.63) while training only 0.28% of pa-
rameters. LoRA (Low-Rank Adaptation) of-
fers a strong efficiency–quality tradeoff (25.27
chrF++, 0.19%). On held-out test data, full
fine-tuning ranks first (25.12) with OFT a close
second (25.06; p = 0.43). VeRA (Vector-based
Random Matrix Adaptation) and Prefix Tun-
ing consistently underperform. These results
demonstrate that PEFT is a viable alternative to
full fine-tuning for indigenous-language NMT.

1 Introduction

Of the world’s approximately 7,000 living lan-
guages, only a small proportion have sufficient
digital resources to benefit from modern natural
language processing (Joshi et al., 2020). The in-
digenous languages of the Americas are dispropor-
tionately affected. Hundreds of languages span-
ning dozens of language families are spoken across
North, Central, and South America, yet most lack
the parallel corpora, monolingual text, and stan-
dardized orthographies that contemporary NMT
systems require (Mager et al., 2021). Machine
translation has the potential to support language
documentation, education, and access to informa-
tion for these communities, but only if effective
systems can be built from the limited data avail-
able.

Multilingual pretrained models have emerged
as the dominant approach to low-resource NMT.

Models such as NLLB-200 (NLLB Team et al.,
2022) cover over 200 languages and can be fine-
tuned on new language pairs with relatively small
amounts of parallel data. However, full fine-tuning
of these models by updating all 615 million param-
eters is computationally expensive, requires sub-
stantial GPU memory, and risks catastrophic for-
getting of the pretrained representations that make
transfer learning effective in the first place (Kirk-
patrick et al., 2017). PEFT methods address these
limitations by training only a small fraction of the
model’s parameters while keeping the pretrained
weights frozen or nearly so (Houlsby et al., 2019).

The landscape of PEFT methods has expanded
rapidly in recent years, with techniques ranging
from low-rank weight decompositions (Hu et al.,
2022) to orthogonal transformations (Qiu et al.,
2023) to learned activation scaling (Liu et al., 2022).
Each method makes different assumptions about
how model weights should be adapted and each
offers a different tradeoff between parameter effi-
ciency and expressiveness. Despite this growing
diversity, no systematic comparison of PEFT meth-
ods exists for low-resource indigenous-language
NMT. Prior PEFT benchmarks have largely fo-
cused on high-resource or English-centric settings,
leaving the question open of which methods are
most effective when parallel data is measured in
hundreds or thousands of sentences rather than mil-
lions.

This work addresses that gap. We make the fol-
lowing contributions:

1. The first comprehensive benchmark of eight
PEFT methods for indigenous-language NMT,
evaluated against a full fine-tuning baseline.

2. An analysis across 13 typologically diverse
language pairs spanning four resource tiers
(357–125,008 training sentences), revealing
how data availability interacts with method
effectiveness.
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3. A quantification of the parameter-efficiency
vs. translation-quality tradeoff, identifying
Pareto-optimal methods.

4. Practical guidelines for practitioners select-
ing PEFT methods for underserved languages
based on resource tier and compute budget.

2 Background

2.1 Low-Resource Neural Machine
Translation

Neural machine translation systems depend on
large quantities of parallel text, and their perfor-
mance degrades substantially when this data is
scarce. For low-resource language pairs this de-
pendence creates tension as the languages most
in need of translation tools are precisely those for
which training data is hardest to obtain. The prob-
lem is compounded by morphological complexity.
Many of the indigenous languages of the Americas
are agglutinative or polysynthetic. They form long,
meaning-dense words through the concatenation
of many morphemes, which means that word-level
models encounter a larger effective vocabulary and
more severe data sparsity than they would for an-
alytic languages. Standard tokenization schemes
developed for European languages perform poorly
on these morphological profiles. Automatic met-
rics calibrated on word boundaries underestimate
translation quality for systems that handle them
well.

Responses to these challenges have taken sev-
eral forms. Transfer learning from high-resource
languages, particularly via multilingual pretrained
models, has become the dominant paradigm,
exploiting the observation that representations
learned across many languages share useful struc-
ture (Joshi et al., 2020). The AmericasNLP shared
tasks (2021–2025) have motivated community ef-
forts specifically for indigenous language MT, pro-
ducing parallel corpora, shared evaluation frame-
works, and a growing set of competitive baselines.
However, most published systems treat fine-tuning
strategy as a secondary concern, focusing instead
on data augmentation, back-translation, or ensem-
ble methods. The question of which fine-tuning
approach is most appropriate for this setting has
received comparatively little systematic attention.

2.2 Multilingual Pretrained Models for MT
Phase 1 of this study compares three multilingual
encoder-decoder candidates representing distinct

pretraining philosophies: mBART-50 (Tang et al.,
2021), a denoising-objective model covering 50 lan-
guages; ByT5-small (Xue et al., 2022), a byte-level
model robust to orthographic variation at the cost
of longer sequences; and NLLB-200 (NLLB Team
et al., 2022), trained specifically for translation
across 200 languages and the only candidate that
natively includes several of our target languages
(Quechua, Guarani, Aymara).

2.3 Parameter-Efficient Fine-Tuning
Parameter-efficient fine-tuning methods reduce the
cost of adapting large pretrained models by training
a small number of parameters while keeping the
pretrained weights frozen or nearly so. For low-
resource settings this both reduces memory and
compute demands and limits the degree to which
pretrained representations can be overwritten, par-
tially mitigating catastrophic forgetting. We eval-
uate eight PEFT methods spanning four method-
ological families.

Low-Rank Reparameterization. LoRA (Hu
et al., 2022) decomposes weight updates into a
product of two low-rank matrices, initialized to
zero so that training begins from the pretrained
model’s behavior; it has become the dominant
PEFT paradigm and serves as our natural base-
line. AdaLoRA (Zhang et al., 2023) adaptively
reallocates the rank budget across weight matri-
ces via SVD-based pruning. DoRA (Liu et al.,
2024a) decomposes each weight into magnitude
and direction, applying LoRA-style updates only
to the directional component. VeRA (Kopiczko
et al., 2024) shares a single pair of frozen random
matrices across layers and learns only small per-
layer scaling vectors, reducing trainable parameters
dramatically.

Activation Scaling. IA³ (Liu et al., 2022) learns
three vectors per transformer layer that element-
wise rescale keys, values, and feedforward acti-
vations, introducing fewer trainable parameters
(∼74K, 0.01% of base) than any other method in
this benchmark.

Orthogonal Transformations. OFT (Qiu et al.,
2023) constrains weight updates to be orthogonal
transformations, preserving the pairwise angular
relationships between neurons in the pretrained
weight matrix. This constraint is motivated by the
hypothesis that the relative geometry of learned
representations matters more than their absolute po-
sitions, and preserving this geometry limits catas-
trophic forgetting. The orthogonal matrices are
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parameterized via a block-diagonal Cayley trans-
form which ensures orthogonality throughout train-
ing without requiring projection steps. BOFT (Liu
et al., 2024b) factorizes this orthogonal transfor-
mation using butterfly matrices, a structured sparse
decomposition that allows information to propa-
gate across all dimensions of the weight matrix,
thus achieving a better expressiveness–parameter
tradeoff than OFT’s block-diagonal structure.

Prompt-Based Methods. Prefix Tuning (Li and
Liang, 2021) prepends learnable continuous “vir-
tual tokens” to the key and value matrices at every
layer, modifying behavior by steering attention pat-
terns rather than altering any pretrained weights
directly. A small MLP reparameterizes the prefix
during training and is discarded at inference.

2.4 Evaluation Metrics for MT

We adopt chrF++ (Popović, 2017) as the primary
evaluation metric and report BLEU (Papineni et al.,
2002) as a secondary metric for comparability
with prior work. chrF++’s character-level n-gram
F-score (augmented with word unigrams and bi-
grams) is less sensitive to tokenization bound-
aries than BLEU and rewards partial morpholog-
ical matches, a critical property for agglutinative
and polysynthetic languages where a single word
may encode information that would span an en-
tire clause in an analytic language. For the indige-
nous languages in this study, many of which ex-
hibit productive morphology and lack standardized
orthographies, character-level evaluation captures
meaningful overlap that word-level metrics miss
entirely; BLEU additionally correlates poorly with
human judgments under morphological richness
(Bapna and Firat, 2019). All analytical conclusions
are drawn from chrF++. Metric computations use
SacreBLEU (Post, 2018).

3 Methodology

Our experimental design follows a three-phase
structure.1 Phase 1 selects a base model from three
multilingual pretrained candidates. Phase 2 bench-
marks eight PEFT methods plus full fine-tuning on
development data. Phase 3 evaluates the trained
models on held-out test sets to assess generaliza-
tion. All experiments are repeated with three ran-
dom seeds (0, 1, 2) to estimate variance.

1Code, configuration files, and experiment scripts
are available at https://github.com/drewstackhouse/
peft-nmt-americas.

Language Family Train Dev Tier

Quechua Quechuan 125,008 996 High
Wayuu Arawakan 59,715 6,635 High
Guarani Tupian 26,032 995 High
Awajun Jivaroan 21,964 1,018 Med.
Nahuatl Uto-Aztecan 16,063 672 Med.
Raramuri Uto-Aztecan 14,720 995 Med.
Shipibo-K. Panoan 14,592 996 Med.
Wixarika Uto-Aztecan 8,966 994 Low
Bribri Chibchan 7,508 996 Low
Aymara Aymaran 6,531 996 Low
Otomi Oto-Manguean 4,889 599 Low
Ashaninka Arawakan 3,883 883 V-Low
Chatino Oto-Manguean 357 499 V-Low

Table 1: Summary of the 13 indigenous-language-
to-Spanish translation pairs. Tier boundaries: very-
low (<5K), low (5K–10K), medium (10K–25K), high
(>25K training sentences).

3.1 Languages and Data

We use parallel corpora for 13 indigenous-
language-to-Spanish translation pairs drawn from
the AmericasNLP shared-task datasets (Mager
et al., 2021; Ebrahimi et al., 2022; Chiruzzo
et al., 2024). The languages span 10 language
families and exhibit substantial typological diver-
sity, including agglutinative (Quechua, Aymara,
Nahuatl), polysynthetic (Ashaninka, Guarani), and
tonal (Chatino, Bribri, Otomi) profiles. Training
set sizes range from 357 sentences (Chatino) to
125,008 sentences (Quechua), a 350-fold differ-
ence that motivates grouping languages into four re-
source tiers for analysis: very-low (<5K: Chatino,
Ashaninka), low (5K–10K: Otomi, Aymara, Bribri,
Wixarika), medium (10K–25K: Shipibo-Konibo,
Raramuri, Nahuatl, Awajun), and high (>25K:
Guarani, Wayuu, Quechua). These tiers are defined
relative to the data available in this study; even
the high tier (up to 125K sentences) remains far
below what is typically available for high-resource
languages such as French or German. All data are
formatted as tab-separated parallel sentences with
NLLB-style language codes as column headers. Ta-
ble 1 summarizes the languages and data sizes.

3.2 Phase 1: Base Model Selection

We compare three multilingual pretrained models
as candidates for fine-tuning: NLLB-200-distilled-
600M (NLLB Team et al., 2022), mBART-large-50-
many-to-many (Tang et al., 2021), and ByT5-small
(Xue et al., 2022). To control for the adaptation
method, we apply LoRA with identical hyperpa-
rameters to each model and evaluate on a strati-
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Method Targets Params % Base

Full FT all 615.1M 100.00
AdaLoRA q, v 1,771K 0.29
OFT q, k, v, o 1,714K 0.28
LoRA q, v 1,181K 0.19
DoRA q, v 665K 0.11
VeRA q, v 616K 0.10
BOFT q, k, v, o 553K 0.09
Prefix Tuning – 492K 0.08
IA3 k, v, wo 74K 0.01

Table 2: Trainable parameter counts and percentage of
the 615M-parameter base model for each adaptation
method. Methods are ordered by parameter count.

fied subset of four languages spanning the resource
tiers: Chatino (very-low), Bribri (low), Nahuatl
(medium), and Guarani (high). The model with the
highest mean chrF++ across languages and seeds
is selected for all subsequent experiments.

3.3 Model and Tokenizer Preparation
The selected base model is NLLB-200-distilled-
600M, an encoder-decoder transformer with ap-
proximately 615 million parameters. Of the 13
source languages, three—Quechua, Guarani, and
Aymara—are natively present in the NLLB-200
vocabulary. For the remaining 10 languages, we
add a new language token to the tokenizer and
initialize its embedding by copying from the Span-
ish (spa_Latn) token embedding. This initializa-
tion provides a reasonable starting point for the
source language representation while requiring no
additional training data. Embedding layers remain
frozen during PEFT training.

3.4 PEFT Method Configurations
We evaluate eight PEFT methods spanning four
methodological families, each configured follow-
ing its original paper’s recommendations. Full
per-method hyperparameters are provided in Ap-
pendix A. Table 2 summarizes the trainable param-
eter counts.

3.5 Training Configuration
All experiments share a common training configu-
ration. We train for a maximum of 15 epochs with
an effective batch size of 64 (per-device batch size
16 with 4 gradient accumulation steps). The opti-
mizer is AdamW with weight decay 0.01, warmup
ratio 0.06, and label smoothing 0.1. The default
learning rate is 1 × 10−3 for all PEFT methods
except DoRA, which uses 5×10−4 for training sta-
bility; full fine-tuning uses 3×10−5. Training uses

mixed-precision bf16 arithmetic where supported.
We evaluate at the end of each epoch using

greedy decoding (beam size 1) and save the model
checkpoint that achieves the highest development-
set chrF++. Early stopping with a patience of 5
epochs terminates training if no improvement is
observed. The maximum sequence length is 128
tokens for both source and target.

3.6 Inference and Evaluation

At inference time, PEFT adapter weights are
merged into the base model for all methods ex-
cept Prefix Tuning, which retains its PEFT wrapper
due to architectural incompatibility with weight
merging. Translations are generated using greedy
decoding (beam size 1) with a maximum output
length of 128 tokens, consistent with the decoding
strategy used during development-set evaluation.

We compute chrF++ (Popović, 2017) as the pri-
mary metric and BLEU (Papineni et al., 2002) as a
secondary metric, both via the SacreBLEU imple-
mentation (Post, 2018). chrF++ uses word order
2 (i.e., word unigrams and bigrams as additional
features beyond character n-grams).

3.7 Statistical Analysis

We assess statistical significance using paired boot-
strap resampling (Koehn, 2004) with 10,000 re-
samples and a two-sided test. Each method com-
parison is based on 13 paired observations (one
mean chrF++ score per language pair, averaged
over three seeds). We adopt a significance thresh-
old of p < 0.05.

4 Results

4.1 Phase 1: Base Model Selection

Table 3 compares the three candidate base mod-
els. NLLB-200-distilled-600M achieves the high-
est mean chrF++ (26.13) across the four evalua-
tion languages, outperforming mBART-large-50
(24.32) by 1.81 points and ByT5-small (13.92) by
12.21 points. The gap between NLLB and mBART
is moderate but consistent, while ByT5 lags sub-
stantially, likely due to its byte-level tokenization
producing very long sequences that exceed the
128-token training limit. NLLB also trains fastest
(0.47 hours/run vs. 0.59 for mBART and 0.70 for
ByT5). Based on these results, we select NLLB-
200-distilled-600M as the base model for all subse-
quent experiments.
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Model chrF++ BLEU Hours

NLLB-200-600M 26.13 7.78 0.47
mBART-large-50 24.32 5.81 0.59
ByT5-small 13.92 1.21 0.70

Table 3: Phase 1 model selection. Mean chrF++ and
BLEU across four languages (Chatino, Bribri, Nahuatl,
Guarani) and three seeds, all using LoRA adaptation.
Hours = mean training time per language-seed run.

Method chrF++ BLEU Hours

OFT 26.63 7.82 1.63
Full FT 26.13 7.84 0.96
LoRA 25.27 7.16 0.88
AdaLoRA 23.77 6.27 0.94
DoRA 23.50 6.10 1.29
BOFT 22.99 5.90 2.56
IA3 21.03 5.00 0.86
Prefix Tuning 19.63 4.01 0.66
VeRA 18.69 4.14 0.97

Table 4: Phase 2 development-set results. Mean chrF++
and BLEU across 13 language pairs and 3 seeds. Hours
= mean training time per language-seed run.

4.2 Phase 2: Development Set Performance

4.2.1 Overall Method Ranking
Table 4 presents the overall development-set results.
OFT achieves the highest mean chrF++ (26.63),
followed closely by full fine-tuning (26.13) and
LoRA (25.27). The top three methods are sepa-
rated by just 1.36 chrF++ points, while the gap be-
tween the best and worst methods (OFT vs. VeRA)
spans 7.94 points. Notably, OFT surpasses full fine-
tuning while training only 0.28% of the parameters,
demonstrating that parameter efficiency need not
come at the cost of translation quality.

The middle tier—AdaLoRA (23.77), DoRA
(23.50), and BOFT (22.99)—achieves moderate
performance, trailing LoRA by 2.3–3.6 points de-
spite similar or fewer trainable parameters. The
bottom tier—IA3 (21.03), Prefix Tuning (19.63),
and VeRA (18.69)—shows that the most parameter-
efficient methods sacrifice substantial translation
quality.

Full fine-tuning achieves the highest BLEU
(7.84) despite ranking second in chrF++, reflect-
ing chrF++’s greater sensitivity to character-level
overlap in morphologically rich languages.

4.2.2 Per-Language Results
OFT wins the most language pairs on the devel-
opment set, achieving the highest chrF++ for 9 of
13 languages. Full fine-tuning wins 3 languages

Method chrF++ BLEU

Full FT 25.12 7.18
OFT 25.06 6.27
LoRA 22.70 5.32
BOFT 21.46 4.76
AdaLoRA 21.27 5.03
DoRA 20.94 4.76
IA3 20.19 4.57
Prefix Tuning 19.57 3.80
VeRA 18.43 3.86

Table 5: Phase 3 test-set results. Mean chrF++ and
BLEU across 13 language pairs and 3 seeds.

(Aymara, Wayuu, Quechua—all in the high tier),
and VeRA wins 1 (Guarani, by a negligible margin).
No single method dominates across all languages,
but the top-three methods (OFT, Full, LoRA) are
remarkably consistent, each appearing in the top 3
for at least 10 of 13 language pairs. Lower-ranked
methods show high variance—Prefix Tuning, for
instance, achieves 23.75 chrF++ on Chatino (out-
performing LoRA) but only 12.21 on Raramuri.

4.2.3 Performance by Resource Tier
Performance varies substantially across resource
tiers. In the very-low tier (<5K sentences), OFT
leads by a wide margin (23.98 chrF++), outper-
forming the second-best method (full fine-tuning,
20.69) by 3.29 points. This advantage narrows in
the low tier (OFT 26.04 vs. full 25.57) and medium
tier (OFT 24.94 vs. full 24.64). In the high tier
(>25K sentences), full fine-tuning takes the lead
(32.51 vs. OFT 31.45), suggesting that full parame-
ter updates become advantageous when sufficient
data are available.

LoRA consistently ranks third across all tiers,
maintaining a 1–2 point gap behind the leader. The
bottom-tier methods (Prefix Tuning, VeRA) show
the steepest performance degradation as data de-
creases: VeRA drops from 27.94 chrF++ in the
high tier to 11.07 in the very-low tier, a 16.87-point
decline.

4.3 Phase 3: Test Set Performance

4.3.1 Overall Test Results
Table 5 presents the held-out test results. Full fine-
tuning achieves the highest mean chrF++ (25.12),
narrowly surpassing OFT (25.06). LoRA remains
third (22.70), followed by BOFT (21.46) and
AdaLoRA (21.27). The bottom three methods
maintain their rankings: IA3 (20.19), Prefix Tuning
(19.57), and VeRA (18.43).
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On the test set, full fine-tuning wins 8 of 13
language pairs, with OFT winning the remaining
5. OFT retains its advantage on very-low-tier lan-
guages (Chatino, Ashaninka) and several low-tier
pairs, while full fine-tuning dominates the medium
and high tiers.

4.3.2 Dev-to-Test Generalization
Method rankings are largely stable between devel-
opment and test sets. Six of nine methods retain
their dev-set rank on the test set; the largest rank
change is BOFT, which rises from 6th to 4th. The
top-two swap (OFT → 2nd, Full → 1st) reflects a
difference of only 0.06 chrF++ on test, well within
noise.

Dev-to-test chrF++ drops vary considerably
across methods. LoRA (−2.57), DoRA (−2.56),
and AdaLoRA (−2.51) show the largest degrada-
tion, suggesting some overfitting to development
data. Full fine-tuning (−1.01) and OFT (−1.57)
degrade moderately. Prefix Tuning (−0.06) and
VeRA (−0.27) show minimal dev-to-test gaps,
though this stability reflects consistently low per-
formance rather than robust generalization.

4.4 Parameter Efficiency Analysis

Figure 1 shows that parameter count is a poor
predictor of translation quality: OFT (1.71M pa-
rameters) outperforms AdaLoRA (1.77M) by 2.86
chrF++ despite nearly identical budgets, and IA3

(74K) outperforms VeRA (616K) by 2.33 points
with 8× fewer parameters, confirming that adapta-
tion mechanism matters more than parameter count.
Evaluated against three objectives simultaneously—
maximize chrF++, minimize trainable parameters,
and minimize training time—seven of nine meth-
ods are Pareto-optimal, each taking a unique po-
sition on the tradeoff frontier: OFT at the quality
front, IA3 at the minimum-parameter front, Prefix
Tuning at the minimum-time front, and LoRA, Full
FT, DoRA, and BOFT at intermediate positions.
Only AdaLoRA and VeRA are fully dominated:
LoRA strictly beats AdaLoRA on all three dimen-
sions, and IA3 strictly beats VeRA; practitioners
have no reason to prefer either method.

4.5 Statistical Significance

Paired bootstrap resampling (10,000 resamples,
two-sided, α = 0.05) was applied to both the
development and test sets; full results are in Ap-
pendix B. On the development set, 32 of 36 pair-
wise comparisons are significant. The four non-

significant pairs are: Full vs. OFT (p = 0.097),
AdaLoRA vs. DoRA (p = 0.052), IA3 vs. Prefix
Tuning (p = 0.135), and Prefix Tuning vs. VeRA
(p = 0.229).

On the test set, 29 of 36 comparisons are signif-
icant. Full vs. OFT becomes even less significant
(p = 0.425), further supporting the central find-
ing that there is no statistically significant differ-
ence between the two methods. Three additional
pairs lose significance on test: AdaLoRA vs. BOFT
(p = 0.291), IA3 vs. Prefix Tuning (p = 0.293),
and AdaLoRA vs. Prefix Tuning (p = 0.111),
along with BOFT vs. Prefix Tuning (p = 0.074)
and DoRA vs. Prefix Tuning (p = 0.136). These
new non-significant pairs cluster around Prefix Tun-
ing, reflecting that the bottom tier of methods are
genuinely close in absolute performance and their
small differences are overwhelmed by noise on
held-out data.

Across both sets, the non-significance of Full
vs. OFT is the most consequential result: there is
no statistically significant difference in translation
quality between OFT and full fine-tuning, while
OFT trains fewer than 0.3% of the parameters. This
is the central finding of the study.

4.6 Error Analysis
Aggregate metrics like chrF++ and BLEU sum-
marize translation quality as a single number, but
two methods with similar scores can exhibit qual-
itatively different failure modes. To characterize
these differences, we compute four diagnostic met-
rics over the test-set translations: repetition, source
copy ratio, length ratio, and entity preservation F1.

Repetition measures self-repetition as 1 −
(unique n-grams/total n-grams), macro-averaged
over n ∈ {1, 2, 3} (range [0, 1]; lower is bet-
ter). Source copy ratio computes the multi-set
intersection of hypothesis tokens with source to-
kens, divided by hypothesis length (range [0, 1];
lower is better), capturing the degree to which the
model copies source text rather than translating.
Length ratio divides hypothesis length by refer-
ence length (ideal = 1.0); values below 1 indicate
under-generation and values above 1 indicate over-
generation, aggregated via the median at the sen-
tence level to resist outliers. Entity F1 extracts
numeric entities from hypothesis and reference via
regex and computes F1 over their multi-set overlap
(range [0, 1]; higher is better), restricted to the sub-
set of sentences whose reference contains at least
one entity.
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Figure 1: Efficiency–quality tradeoff across all nine methods (development set). Each bubble is one method; bubble
area is proportional to mean training hours per language-pair run (BOFT largest at 2.6 h; Prefix Tuning smallest
at 0.7 h). Filled circles are Pareto-optimal across three objectives simultaneously (maximize chrF++, minimize
trainable parameters, minimize training time); hollow circles (AdaLoRA, VeRA) are strictly dominated on all three.
Full FT sits at 615M parameters (far right); all PEFT methods fall below 2M.
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Figure 2: Heatmap of diagnostic metrics by method.
Color intensity reflects relative severity (normalized per
column); yellow indicates better performance and red
indicates worse. Cell values are raw (un-normalized)
scores.

Full diagnostic metrics are reported in Ap-
pendix C, and Figure 2 summarizes the failure pro-
files. OFT and full fine-tuning produce the least
repetition (0.080 and 0.084 respectively) and low-
est source copy ratios (0.045 and 0.041), confirm-
ing that their chrF++ advantage reflects genuinely
cleaner translations rather than superficial n-gram
matching. Full fine-tuning also achieves the length
ratio closest to 1.0 (1.214), while all other methods
over-generate by 28–63%.

However, aggregate chrF++ rankings do not pre-
dict all dimensions of quality. Full fine-tuning

achieves the best chrF++ but the third-worst entity
F1 (0.484), behind only Prefix Tuning (0.390) and
VeRA (0.481), indicating that it drops or distorts
numeric content more often than most PEFT meth-
ods. Conversely, IA3—which ranks 7th in chrF++—
achieves the best entity F1 (0.541), suggesting
that its minimal activation-scaling intervention pre-
serves factual content more faithfully than methods
that modify weight matrices directly. VeRA ex-
hibits the worst repetition (0.177) and source copy
ratio (0.116), consistent with its low chrF++ and
suggesting that its shared-random-matrix parame-
terization struggles to learn a genuine translation
function under low-resource conditions.

Failure modes intensify as training data de-
creases. In the very-low resource tier (<5K sen-
tences), repetition scores roughly triple compared
to the high tier for most methods: AdaLoRA
rises from 0.105 to 0.427, and BOFT from 0.123
to 0.404. Length ratios become extreme, with
AdaLoRA (2.99), BOFT (2.85), and DoRA (2.83)
producing hypotheses nearly three times the ref-
erence length—a signature of repetitive over-
generation. OFT degrades most gracefully: its
very-low repetition (0.216) and length ratio (1.59)
remain the best in the tier, which explains the 3-
point chrF++ margin it holds over all other methods
in that setting. The full breakdown by resource tier
is provided in Appendix D.
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5 Conclusion

5.1 Summary of Findings
This study compared eight PEFT methods and full
fine-tuning for neural machine translation of 13
indigenous languages of the Americas into Spanish.
Four findings stand out.

First, OFT and full fine-tuning do not differ
significantly in translation quality (p = 0.097),
with OFT training only 0.28% of the base model’s
parameters. On the development set, OFT leads
(26.63 chrF++); on the held-out test set, full fine-
tuning leads marginally (25.12 vs. 25.06). This
demonstrates that orthogonal transformations pre-
serve pretrained knowledge effectively under data
scarcity.

Second, PEFT method effectiveness interacts
strongly with data availability. OFT excels in the
very-low tier (<5K sentences), leading full fine-
tuning by 3.29 chrF++ points on dev and 3.00
points on test. Full fine-tuning takes the lead in
the high tier (>25K sentences), where sufficient
data mitigate overfitting. LoRA offers consistent
third-place performance across all tiers.

Third, parameter count alone does not predict
translation quality. OFT (1.71M parameters) out-
performs AdaLoRA (1.77M) by 2.86 chrF++ points
despite similar parameter budgets, and IA3 (74K
parameters) outperforms VeRA (616K) by 2.33
points despite having 8× fewer parameters. The
adaptation mechanism matters more than the num-
ber of trainable parameters.

Fourth, error analysis reveals that aggregate
scores mask method-specific failure profiles. Full
fine-tuning achieves the best chrF++ but the third-
worst entity preservation F1 (0.484), while IA3

shows the opposite pattern (7th in chrF++, best
entity F1 at 0.541). This suggests that method se-
lection should consider which dimensions of trans-
lation quality matter most for a given application,
not just a single aggregate score.

5.2 Practical Recommendations
For practitioners working with low-resource indige-
nous languages, we offer the following guidance:

• Base model: NLLB-200-distilled-600M pro-
vides the strongest starting point among the
models tested, particularly for languages not
in its pretraining vocabulary.

• Default PEFT method: OFT is recom-
mended as the default choice, achieving the

best or near-best quality across resource levels
with a 359× parameter reduction.

• Speed-constrained settings: LoRA offers a
strong alternative with training time half that
of OFT and consistently strong performance.

• Very-low-tier languages: OFT is particularly
advantageous when training data is extremely
scarce (<5K sentences), outperforming all al-
ternatives by a substantial margin.

• Methods to avoid: VeRA and Prefix Tuning
consistently underperform, ranking 8th–9th
across conditions. BOFT requires the most
training time while achieving below-median
quality.

5.3 Future Work
Future work should explore bidirectional transla-
tion (Spanish to indigenous languages), larger base
models (NLLB-200-1.3B, 3.3B), per-method hy-
perparameter optimization (e.g., rank sweeps for
LoRA, target module ablations for OFT), combi-
nations of PEFT methods, data augmentation via
back-translation for very-low tiers, and human eval-
uation with indigenous language community mem-
bers.

Limitations

Target module configurations differ across PEFT
methods, following each method’s original paper
recommendations rather than a single standardized
configuration. This means methods differ in both
adaptation mechanism and scope of modified pa-
rameters, which is realistic for practitioners but
prevents a pure apples-to-apples comparison of
mechanisms.

Learning rates differ across conditions: 1×10−3

for most PEFT methods, 5× 10−4 for DoRA, and
3 × 10−5 for full fine-tuning. These rates reflect
necessary tuning for training stability but introduce
an additional variable.

No per-method hyperparameter search was con-
ducted (e.g., rank sweeps for LoRA, target module
ablations). All methods use a single recommended
configuration; results therefore reflect default per-
formance rather than each method’s ceiling.

Statistical power is limited by n = 13 language
pairs for the paired bootstrap test. While 32 of
36 pairwise comparisons reach significance, only
large systematic differences are detectable at this
sample size.
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ByT5-small (∼300M parameters) is substan-
tially smaller than NLLB (∼615M) and mBART
(∼611M), making the Phase 1 comparison not
purely architecture-controlled.

Evaluation relies on automatic metrics only
(chrF++, BLEU). Human evaluation of translation
quality, adequacy, and fluency would provide com-
plementary insight, particularly for morphologi-
cally complex languages where automatic metrics
may not capture meaning preservation.

All translations are unidirectional (indigenous
language to Spanish). The reverse direction poses
different challenges (generation in morphologically
rich languages) and may yield different method
rankings.

Greedy decoding (beam size 1) was used
throughout for consistency. Beam search could al-
ter relative method rankings, particularly for meth-
ods that produce higher-entropy output distribu-
tions.

Only one base model scale was tested (600M
distilled). Results may not transfer to larger NLLB
variants (1.3B, 3.3B), where the relative advantage
of PEFT over full fine-tuning could differ.

Ethical Statement

All parallel corpora used in this work were drawn
from the AmericasNLP shared-task datasets, which
were compiled in collaboration with indigenous
language communities and released for research
purposes. We have not collected, redistributed,
or modified any community data, and we follow
the terms under which these datasets were made
available.

The goal of this research is to lower the com-
putational barrier to building NMT systems for
underserved languages rather than to produce
deployment-ready translation tools. The chrF++
scores reported here, while meaningful for bench-
marking, reflect the inherent difficulty of low-
resource MT: translations generated by these sys-
tems may be fluent but inaccurate. Any practical
use of models trained on these data should involve
review by speakers of the target language commu-
nity.

We recognize that the development of NLP tools
for endangered and minority languages carries both
promise and risk. At best, such tools support lan-
guage documentation, education, and access to in-
formation. At worst, they can be used to displace
human translators, misrepresent community voices,

or create a false impression of language vitality.
We encourage future work in this space to be con-
ducted in partnership with the communities whose
languages are involved.
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A PEFT Method Configurations

Each method is configured following the recom-
mendations in its original paper rather than impos-
ing a single standardized configuration across all
methods. We consider this the most informative
comparison for practitioners as it reflects the per-
formance each method achieves under its intended
operating conditions.

LoRA: rank 8, α = 16, dropout 0.1, targeting
query and value projections (q, v).

AdaLoRA: initial rank 12, target rank 8, α =
16, dropout 0.1, targeting q and v, with orthogonal-
ity regularization weight 0.5.

DoRA: rank 4, α = 16, dropout 0.1, targeting q
and v, with weight decomposition into magnitude
and direction components enabled.

VeRA: rank 256, targeting q and v, with shared
frozen random matrices and learned per-layer scal-
ing vectors initialized to 0.1.

IA3: targeting key, value, and feedforward out-
put projections (k, v, wo), with scaling vectors
initialized to 1.0 (identity).

OFT: rank 32, targeting all attention projections
(q, k, v, o), with block-diagonal Cayley parameteri-
zation initialized to the identity transformation.

BOFT: block size 4, butterfly factor 1, targeting
q, k, v, and o projections.

Prefix Tuning: 20 virtual tokens with MLP repa-
rameterization during training.

Full fine-tuning serves as the baseline, updating
all 615 million parameters.

A noteworthy design choice is that low-rank
methods (LoRA, AdaLoRA, DoRA, VeRA) target
only query and value projections, while orthogo-
nal methods (OFT, BOFT) target all four attention
projections. This follows the respective authors’
recommendations and reflects a real-world prac-
titioner scenario, although it means the methods
differ in mechanism and scope.

B Pairwise Bootstrap Significance Tests

Tables 6 and 7 report all 36 pairwise bootstrap
significance tests on the development and test
sets respectively. Each test uses 10,000 paired
resamples over 13 language pairs, two-sided, at
α = 0.05. ∆chrF++ = chrF++(Method A) −
chrF++(Method B); Method A is always the higher-
scoring method so ∆ > 0 throughout. Rows are
sorted by ∆chrF++ descending within each signif-
icance tier; a horizontal rule separates significant
(p < 0.05) from non-significant pairs.

Method A Method B ∆chrF++ p Sig.

OFT VeRA 7.94 <0.001 ✓
Full FT VeRA 7.44 <0.001 ✓
OFT Prefix Tuning 7.00 <0.001 ✓
LoRA VeRA 6.57 <0.001 ✓
Full FT Prefix Tuning 6.50 <0.001 ✓
LoRA Prefix Tuning 5.63 <0.001 ✓
OFT IA3 5.60 <0.001 ✓
Full FT IA3 5.10 <0.001 ✓
AdaLoRA VeRA 5.08 <0.001 ✓
DoRA VeRA 4.81 <0.001 ✓
BOFT VeRA 4.29 <0.001 ✓
LoRA IA3 4.24 <0.001 ✓
OFT BOFT 3.65 <0.001 ✓
Full FT BOFT 3.15 <0.001 ✓
OFT DoRA 3.13 <0.001 ✓
OFT AdaLoRA 2.86 <0.001 ✓
Full FT DoRA 2.63 <0.001 ✓
AdaLoRA IA3 2.74 <0.001 ✓
Full FT AdaLoRA 2.36 <0.001 ✓
LoRA BOFT 2.28 <0.001 ✓
DoRA IA3 2.47 <0.001 ✓
IA3 VeRA 2.33 <0.001 ✓
BOFT IA3 1.96 <0.001 ✓
LoRA DoRA 1.77 <0.001 ✓
LoRA AdaLoRA 1.49 <0.001 ✓
OFT LoRA 1.36 <0.001 ✓
Full FT LoRA 0.86 <0.001 ✓
AdaLoRA Prefix Tuning 4.14 0.002 ✓
DoRA Prefix Tuning 3.87 0.003 ✓
BOFT Prefix Tuning 3.35 0.003 ✓
AdaLoRA BOFT 0.79 0.016 ✓
DoRA BOFT 0.52 0.017 ✓
AdaLoRA DoRA 0.27 0.052
OFT Full FT 0.50 0.097
IA3 Prefix Tuning 1.39 0.135
Prefix Tuning VeRA 0.94 0.229

Table 6: All 36 pairwise bootstrap significance tests,
development set (Phase 2). Sorted by ∆chrF++ de-
scending within each tier.

C Aggregate Error Analysis

Table 8 reports four diagnostic metrics averaged
across all 13 language pairs and 3 seeds on the test
set. Metric definitions are given in Section 4.6.

D Error Analysis by Resource Tier

Table 9 provides the full breakdown of diagnos-
tic metrics by method and resource tier, aggre-
gated across languages within each tier and across
3 seeds.
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Method A Method B ∆chrF++ p Sig.

Full FT VeRA 6.69 <0.001 ✓
OFT VeRA 6.64 <0.001 ✓
Full FT Prefix Tuning 5.55 <0.001 ✓
OFT Prefix Tuning 5.49 <0.001 ✓
Full FT IA3 4.93 <0.001 ✓
OFT IA3 4.87 <0.001 ✓
LoRA VeRA 4.27 <0.001 ✓
Full FT DoRA 4.17 <0.001 ✓
OFT DoRA 4.12 <0.001 ✓
Full FT AdaLoRA 3.85 <0.001 ✓
OFT AdaLoRA 3.80 <0.001 ✓
Full FT BOFT 3.66 <0.001 ✓
OFT BOFT 3.60 <0.001 ✓
LoRA Prefix Tuning 3.12 <0.001 ✓
BOFT VeRA 3.03 <0.001 ✓
AdaLoRA VeRA 2.84 <0.001 ✓
DoRA VeRA 2.52 <0.001 ✓
LoRA IA3 2.50 <0.001 ✓
Full FT LoRA 2.42 <0.001 ✓
OFT LoRA 2.37 <0.001 ✓
IA3 VeRA 1.77 <0.001 ✓
LoRA DoRA 1.75 <0.001 ✓
LoRA AdaLoRA 1.43 <0.001 ✓
BOFT IA3 1.27 <0.001 ✓
AdaLoRA IA3 1.07 <0.001 ✓
LoRA BOFT 1.24 0.004 ✓
DoRA IA3 0.75 0.005 ✓
BOFT DoRA 0.52 0.026 ✓
AdaLoRA DoRA 0.32 0.043 ✓
BOFT Prefix Tuning 1.89 0.074
AdaLoRA Prefix Tuning 1.69 0.111
DoRA Prefix Tuning 1.37 0.136
Prefix Tuning VeRA 1.15 0.144
BOFT AdaLoRA 0.19 0.291
IA3 Prefix Tuning 0.62 0.293
Full FT OFT 0.06 0.425

Table 7: All 36 pairwise bootstrap significance tests, test
set (Phase 3). Sorted by ∆chrF++ descending within
each tier. Note that Full FT and OFT are the final non-
significant pair (p = 0.425), with Full FT leading OFT
by only 0.06 chrF++ on held-out data.

Method Repetition Copy Ratio Length Ratio Entity F1

OFT 0.080 0.045 1.279 0.540
Full FT 0.084 0.041 1.214 0.484
LoRA 0.125 0.046 1.394 0.540
BOFT 0.145 0.070 1.554 0.524
AdaLoRA 0.150 0.049 1.569 0.538
IA3 0.155 0.090 1.435 0.541
DoRA 0.157 0.057 1.553 0.540
Prefix Tuning 0.176 0.065 1.634 0.390
VeRA 0.177 0.116 1.551 0.481

Table 8: Error analysis: diagnostic metrics averaged
across 13 language pairs and 3 seeds on the test set. Bold
indicates best value per column (lowest for Repetition
and Copy Ratio, closest to 1.0 for Length Ratio, highest
for Entity F1).
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Method Tier Repetition Copy Ratio Length Ratio Entity F1

Full FT high 0.049 0.035 1.043 0.510
OFT high 0.077 0.035 1.122 0.552
LoRA high 0.101 0.040 1.178 0.584
AdaLoRA high 0.105 0.038 1.161 0.590
BOFT high 0.123 0.040 1.192 0.520
VeRA high 0.129 0.033 1.109 0.535
DoRA high 0.131 0.041 1.205 0.596
Prefix Tuning high 0.143 0.037 1.225 0.421
IA³ high 0.146 0.037 1.180 0.569
OFT low 0.044 0.055 1.240 0.615
Full FT low 0.060 0.037 1.228 0.542
BOFT low 0.062 0.083 1.279 0.603
LoRA low 0.072 0.046 1.320 0.587
AdaLoRA low 0.076 0.063 1.287 0.607
DoRA low 0.077 0.077 1.288 0.596
IA³ low 0.083 0.105 1.282 0.606
Prefix Tuning low 0.091 0.094 1.465 0.475
VeRA low 0.127 0.150 1.428 0.531
Full FT medium 0.043 0.051 1.139 0.430
OFT medium 0.051 0.047 1.281 0.484
LoRA medium 0.102 0.054 1.396 0.493
BOFT medium 0.114 0.092 1.451 0.494
AdaLoRA medium 0.119 0.049 1.448 0.484
IA³ medium 0.122 0.132 1.347 0.499
DoRA medium 0.131 0.058 1.441 0.494
VeRA medium 0.195 0.155 1.552 0.422
Prefix Tuning medium 0.222 0.069 1.951 0.283
OFT very-low 0.216 0.036 1.589 0.487
Full FT very-low 0.268 0.035 1.595 0.433
Prefix Tuning very-low 0.305 0.038 1.950 0.388
VeRA very-low 0.310 0.094 2.456 0.418
LoRA very-low 0.315 0.040 1.862 0.473
IA³ very-low 0.377 0.056 2.301 0.450
BOFT very-low 0.404 0.047 2.852 0.435
DoRA very-low 0.406 0.043 2.827 0.436
AdaLoRA very-low 0.427 0.041 2.990 0.429

Table 9: Diagnostic metrics by method and resource tier (test set). Within each tier, methods are sorted by repetition
(ascending).
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Abstract

This paper presents a multi-dialect text classi-
fier for Quechua that augments neural models
with rule-based, linguistic information to ad-
dress challenges in low-resource, morpholog-
ically complex settings. The approach is built
on a carefully curated dataset spanning multiple
genres, including annotated parallel bible cor-
pora, and encodes manually annotated lexical
variation and polypersonal verbal agreement
as explicit features within a transformer-based
classifier. Results show that neural models sub-
stantially outperform statistical baselines, en-
abling highly accurate multi-class classifica-
tion across 27 Quechua dialects. The impact of
linguistic augmentation is context-dependent:
gains are minimal in high-resource settings but
more pronounced in low-resource and cross-
domain conditions. Overall, this work aims
to contribute to the development of dialect-
sensitive NLP methods for Quechua and other
low-resource, morphologically rich languages.

1 Introduction

Quechua is a family of languages spoken across
the Andean region, comprised of approximately
40 dialects and 9 million speakers (Adelaar, 2020;
Adelaar and Muysken, 2004; Grimes, 1985; Horn-
berger and King, 1998). These dialects vary sub-
stantially in orthography, morphology, and syntax
(Hornberger and Limerick, 2019; Limerick, 2018),
creating challenges for natural language processing
(NLP), particularly given the limited availability of
dialect-specific resources.

Most existing NLP approaches treat Quechua
as a monolithic language, collapsing dialectal dis-
tinctions into a single standardized form. As il-
lustrated in Table 1,1 machine translation (MT)
systems like Google Translate produce hybridized
morphosyntactic outputs that fail to reflect any in-
dividual variety. This dialectal homogenization not

1Gloss explanations are in Table 8 in Appendix A.

ISO Family “He sent me.”

inb CU Pai-mi kacha-mu-wa-rka.
3sg-DIR send-MOV-3sg→1sg-PST

quw CU Pi-mi ñuca-ra cacha-mu-ca.
3sg-DIR 1sg-DO send-MOV-3sg→1sg.PST

qub Q1 Pay-mi noga-ta-ga cacha-masha.
3sg-DIR 1sg-DO-EMP send-3sg→1sg.PST

qvn Q1 Pay-mi cachra-ra-yä-man noga-ta-ga.
3sg-DIR send-3sg→1sg-PST-from 1sg-DO-
EMP

quh Q2 Pay-taj kacha-mu-wa-rqa.
3sg-CON send-MOV-3sg→1sg-PST

quz Q2 Pay-taq-mi kacha-mu-wan-pas.
3sg-CON-DIR send-MOV-3sg→1sg-ADD

Google Pay-mi kacha-mu-wa-rqa.
Translate 3sg-DIR send-MOV-3sg→1sg-PST

Table 1: Automatic translation of “He sent me” vs. text
from manually glossed Bible corpora. Note that the MT
output does not align with any particular variety, nor
with any subfamily.

only reduces linguistic fidelity but also reinforces
systemic biases in language technologies, further
marginalizing underrepresented speaker communi-
ties (Blasi et al., 2022; Liu et al., 2022; Ziems et al.,
2022). Similar issues arise in other indigenous
language families of the Americas, such as Nahu-
atl and Maya, which exhibit rich dialectical varia-
tion but remain computationally underrepresented
and homogenized (García et al., 2021; Riemland,
2023).

Even when NLP tools for Quechua exist, they
are typically limited in scope, often focusing on
Southern Quechua (Zevallos et al., 2022; Rios et al.,
2008; Rios Gonzales and Castro Mamani, 2014),
only a handful of dialects (Medina, 2013; Melgar-
ejo et al., 2022; Vergara, 2022), or lacking dialec-
tal specificity altogether (Chen et al., 2024; Mon-
son et al., 2006).2 This concentration of resources
risks encoding Southern Quechua dialect norms as
defaults, obscuring variation across the language

2Table 9 in Appendix A provides a summary of currently
available NLP tools.
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Figure 1: Dialect classification workflow.

family and limiting broader applicability. As well,
the issue posed by lack of dialect-specific tools is
amplified by Quechua’s morphological richness,
where grammatical meaning is encoded at the level
of affixes. While neural models have advanced
NLP significantly, purely data-driven approaches
are often insufficient for capturing dialectal varia-
tion especially in morphologically rich contexts.

To address these problems, this paper adopts
a rule-augmented approach that integrates neural
models with linguistically informed representa-
tions on the task of dialect classification. Such
approaches have shown promise in low-resource
contexts by improving both performance and inter-
pretability (Li et al., 2020; Škrlj et al., 2021; Sheth
et al., 2023). Here, linguistic knowledge is incor-
porated not as an end in itself, but as a means of
improving dialect classification. Dialect classifica-
tion itself is important for being able to separate
data for other downstream NLP tasks.

Thus, this paper investigates the following ques-
tion: Can linguistically informed representa-
tions improve neural dialect classification in low-
resource settings? To answer, this paper delivers
the following key contributions:

1. A manually verified dataset of Quechua texts
sorted by ISO dialect across multiple genres,
including annotated parallel bible corpora.

2. A highly accurate multi-dialect classification
framework covering 27 Quechua varieties
across multiple language families.3

3. A systematic evaluation of linguistically in-
formed, rule-augmented neural models, show-
ing that their benefits are context-dependent:
gains are minimal in high-resource settings

3All resources and code for this project may be found at
the GitHub Repository: https://github.com/clairepost/
Quechua_Classifier.

but more pronounced in low-resource and
cross-domain conditions.4

4. An exploratory analysis of segmentation
strategies, showing no consistent improve-
ments across conditions and suggesting a sec-
ondary role relative to data and feature design.

2 Related work

Early work on Quechua dialect classification is
limited, with Medina (2013) providing a founda-
tional approach using traditional machine learning
methods (e.g., Naive Bayes, JRip) to distinguish be-
tween Cuzco and non-Cuzco varieties. While this
work highlights challenges such as data scarcity
and substantial dialectal variation, it is restricted to
binary classification.

More recent advances in Quechua NLP have
demonstrated the effectiveness of transformer-
based models. QuBERT (Zevallos et al., 2022),
a RoBERTa-based model trained on Southern
Quechua, achieves strong performance on down-
stream tasks such as part-of-speech (POS) tagging
and named entity recognition (NER). However,
such models are typically trained on a limited sub-
set of dialects and do not explicitly account for
dialectal variation, limiting their applicability in
multi-dialect settings.

Tokenization plays a central role in NLP for mor-
phologically rich, low-resource languages, where
effective segmentation can reduce sparsity and im-
prove generalization. Approaches range from data-
driven methods such as Byte Pair Encoding (BPE)
(Shibata et al., 1999) and unigram language mod-
els (Kudo and Richardson, 2018) to linguistically
informed methods like Prefix-Root-Postfix Encod-
ing (PRPE) (Zuters et al., 2018; Chen and Fazio,
2021), which explicitly model morphological struc-
ture. Prior work shows that morphology-aware seg-
mentation can improve downstream performance,
including within the QuBERT framework (Zevallos
et al., 2022).

PRPE builds on earlier work by Zuters et al.
(2018) and Chen and Fazio (2021), which also
explore hybrid approaches combining PRPE with
BPE and unigram models for morphological neu-
ral machine translation (NMT). Additional work
such as Ortega et al. (2020) proposes BPE-guided
segmentation that aligns linguistic boundaries with
sub-word merges, though this approach relies on

4Workflow and architecture shown in Figure 1.
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ISO Variety No Bible Only Bible All Data
inb Colombian Inga 707 151,198 151,905
qub Huallaga Huánuco 3,350 119,909 123,259
quf Lambayeque 160,059 160,059
quh Southern Bolivian 214,240 135,012 349,252
quk Chachapoyas 7,194 7,194
qul San Martín 139,975 139,975
qup North Bolivian 177,265 177,265
quw Southern Pastaza 116,704 116,704
qux Tena Lowland 203,888 203,888
quy Yauyos 564,034 564,820 1,128,854
quz Ayacucho 2,301,431 574,539 2,875,970
qvc Cusco 160,816 160,816
qve Cajamarca 167,740 167,740
qvi Eastern Apurímac 145,704 145,704
qvh Imbabura Highland 115,875 115,875
qvm M-Y-L 131,047 131,047
qvn North Junín 138,226 138,226
qvo Napo Lowland 115,908 115,908
qvs Huaylla Wanca 153,378 153,378
qvw Northern Pastaza 112,921 112,921
qvz Huaylas Ancash 157,628 157,628
qwh Panao Huánuco 31,054 244,059 275,113
qxl Salasaca Highland 127,034 127,034
qxh Panao Huánuco 119,326 119,326
qxn Northern Ancash 507,098 507,098
qxo Southern Ancash 9,982 136,530 146,512
qxr Cañar Highland 506,958 506,958
Total words 3,335,880 5,179,729 8,515,609
Percent 39.2% 60.8% 100%

Table 2: Word counts across datasets by ISO code and
Quechua variety.

a limited set of suffixes.5 Other preprocessing
approaches include normalization pipelines for
Quechua II (Rios Gonzales and Castro Mamani,
2014), though these are not always easily repro-
ducible or generalizable across dialects.

3 Data

We collect a corpus of more than 8.5M words,
across 27 varieties of Quechua as seen in Table 2.

3.1 Quechua Corpus Collection

The corpus was constructed through a combina-
tion of archival data collection, web scraping, and
automated filtering. Initial data were gathered
from publicly available linguistic resources, includ-
ing AILLA, Runasimi, Ethnologue, Glottolog, and
OLAC as well as tools such as Corpus Crawler.6

The data collected was cataloged with informa-
tion on its source, type, and ISO code. This initial
set included domains such as spoken word tran-
scriptions (over 200k words), legal texts, and edu-
cational materials.7 Collecting data from linguistic
repositories has the advantage of providing dialec-
tal metadata, including standard ISO code infor-
mation, source location, and resource-specific di-
alect names.8 These metadata were used to assign

5See Table 10 in Appendix A for links to all resources.
6See Table 10 in Appendix A for links to all resources.
7See Figure 2 in Appendix A.
8For further information on ISO codes and family informa-

tion see Table 11 in Appendix B.

gold labels for the classifier: texts were labeled
according to existing classifications in the source
materials, explicit dialect names in resource titles
or descriptions, or through regional information
associated with the data. All dialect assignments
were manually checked before inclusion in the fi-
nal corpus. The final classifier evaluated in this
paper was therefore trained and evaluated against
manually verified dialect labels, rather than labels
generated automatically by the model.

All collected data were processed to retain only
Quechua content, remove non-Quechua material
(e.g., Spanish and English), and ensure reliable
dialect labeling. To improve data quality and ob-
tain coherent document-level texts, a second round
of collection was also conducted using a custom
scraper targeting full-text Quechua bible sources
across 25 dialects.

An initial version of the classifier was then used
to label previously unclassified materials, enabling
iterative expansion of the dataset. This process
yielded a larger and more balanced corpus suitable
for multi-dialect classification. The refined dataset
includes texts from 27 Quechua varieties, spanning
both religious and non-religious genres, with statis-
tics shown in Table 2.

3.2 Parallel Data as Annotation Support
Additional Spanish and English bible data were
collected to support cross-lingual analysis and an-
notation tasks. Specifically, we structured bible
data into a three-way parallel format. All texts
were converted into CSV files with metadata fields
including iso, resource, book, verse, and text.
Corresponding Spanish and English texts were pro-
cessed in parallel, with additional linguistic anno-
tation applied using off-the-shelf spaCy models
(es_core_news_md and en_core_web_md). Align-
ment was performed at the verse level, allowing
each Quechua segment to be paired with its Spanish
and English equivalents.

To support targeted linguistic analysis, we re-
duce the dataset to a subset of bible texts (Matthew,
Mark, and John). Selection was guided by the
presence of morphosyntactic features relevant to
polypersonal agreement. Specifically, a Span-
ish morphological parser (es_core_news_md) was
used to identify dative and accusative clitic con-
structions, which often correspond to object mark-
ing in Quechua. This filtering strategy enables
efficient identification of relevant constructions
(Sec. 4) while maintaining cross-lingual alignment.
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While Spanish clitics provide a useful proxy for
object marking, some ambiguities remain. For ex-
ample, the clitic nos may correspond to either inclu-
sive or exclusive first-person plural in Quechua, re-
quiring disambiguation based on context and refer-
ence to dialect-specific grammars. Third-person cl-
itics (e.g., le, lo, la) were not explicitly targeted due
to their limited role in object agreement, though
some instances were retained when co-occurring
with other relevant features.

For each classification experiment, data were
split into training and evaluation sets using an 85/15
partition at the level of text chunks. Documents
were segmented into overlapping chunks of 250
words (with 50-word overlap), and these chunks
served as the unit of classification. Splits were per-
formed randomly without stratification, resulting in
class distributions that reflect the natural imbalance
of the dataset. The full-data setting includes 27
dialects, while the no-bible condition contains only
10 dialects.

4 Annotation

This section outlines the linguistic annotation and
feature development used to support dialect classi-
fication. We consider: (i) lexical variation across
dialects, (ii) polypersonal verbal agreement, and
(iii) construction of a morphological inventory used
to derive segmentation heuristics.9 Together, these
annotations inform both feature design and prepro-
cessing for the classifier.

Some forms are used across multiple dialects.
When counting, we consider both the number of
unique surface forms, regardless of dialect, and
the total number of terms identified for all dialects,
which includes duplicated surface forms. The total
number of collected items for each of these annota-
tion sets is:

• Lexical terms: 86 unique, 330 total
• Polypersonal morphemes: 110 unique, 157

total
• Additional morphemes: 448 total

4.1 Lexical Variation

Our approach to analyzing lexical variation across
Quechua dialects follows Medina (2013), who iden-
tify differences in core vocabulary items across
varieties. We extend her analysis to additional di-
alects using both corpus data and dialect-specific

9More information on ISO codes and dialects in Table 11
in Appendix B.

grammatical resources. Lexical items under com-
parison include translations for terms (referred to
here by their English words) such as father, land,
sun, and moon. We exclude items exhibiting high
uniformity across dialects (e.g., mother = mama,
water = yacu, woman = warmi), due to their limited
diagnostic value.

For each dialect, we identify the relevant lexi-
cal forms through corpus search, cross-referenced
with dictionaries and grammars. When multiple
lexical variants are attested for a single concept-
variety pair, we record all variants (e.g., tayta/taita
for father). These variants are compiled into a com-
parative lexical chart (Figure 3 in Appendix B),
enabling systematic comparison across varieties.

We supplement the collected lexical data through
extensive consultation of dialect-specific resources:
a grammar of Huallaga Huánuco Quechua (We-
ber, 1989), a dictionary of Margos-Yarowilca-
Lauricocha Quechua (Bean, 1986), a grammar of
North Junín Quechua (Adelaar, 1977), a gram-
mar of Huaylla Wanca Quechua (Cerrón-Palomino,
1976), a dictionary of Huaylas Ancash Quechua
(Carranza Romero, 2003), a dictionary of Panao
Huánuco Quechua (Smith, 1994), a grammatical
sketch of Northern Conchucos Ancash Quechua
(Wroughton, 1988), a grammar sketch of South-
ern Ancash Quechua (Hintz, 2017), and a dictio-
nary of Ayacucho Quechua (Parker, 1969). In addi-
tion to core vocabulary, pronominal roots encoding
person and number distinctions (1SG, 2SG, 3SG,
1PL.INCL, 1PL.EXCL, 2PL, 3PL) were also incor-
porated to ensure broader lexical coverage across
dialects.

4.2 Polypersonal Verbal Suffixes

One of the most salient morphosyntactic features
across Quechua dialects is polypersonal verb agree-
ment, in which a single verb encodes both subject
and object through suffixation. This system, widely
documented in typological and descriptive work
(Adelaar and Muysken, 2004; Lakämper and Wun-
derlich, 1998; Camacho Rios, 2020; Rataj, 2015),
reflects the agglutinative structure of Quechua and
provides a rich source of dialectal variation.

To capture this variation, we manually annotate
polypersonal constructions across 25 Quechua va-
rieties using the collected parallel bible corpora.10

For each sentence-level instance, annotations in-
clude subject and object person/number (e.g., 1SG

10See Figure 4 in Appendix B.
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Family Added Morphs
Quechua I +144
Colombia-Ecuador +92
Cajamarca-Lambayeque +70
San Martín-Amazonas +62
Quechua II +80

Table 3: Morphemes added to PRPE per Quechua family

Subj → 2PL Obj), verb stem, and relevant suf-
fixes, along with aligned Spanish and English trans-
lations. Given the complexity of Quechua ver-
bal morphology, annotation focuses primarily on
present indicative forms, which most consistently
encode subject–object agreement. Ambiguous
cases (particularly those involving tense, mood, or
aspect distinctions) are excluded from final analy-
ses when reliable interpretation is not possible. Ref-
erence grammars and linguistic descriptions were
consulted extensively to support annotation deci-
sions,11 particularly for identifying object-marking
suffixes and “transitions” between subject and ob-
ject forms. When necessary, additional resources
such as SAILS12 were used to confirm morphologi-
cal patterns. As an example, we use this resource to
determine that in qvn, the affix for 1sgQB is −wa.

Cross-dialect comparison reveals some typologi-
cal trends. Conservative dialects, particularly those
spoken in highland regions of Peru and Bolivia,
tend to preserve rich agreement paradigms, includ-
ing distinct markers for first- and second-person
objects. In contrast, dialects in Ecuador and Colom-
bia often display morphosyntactic simplification,
with reduced or absent object agreement marking.
These patterns provide informative features for di-
alect classification.

4.3 Morphological Inventory and Heuristics

To support linguistically informed segmentation,
we construct an expanded inventory of Quechua
morphemes through manual analysis of grammati-
cal resources. While some grammars provide ex-
plicit morpheme lists, many require close exami-
nation of descriptive text to identify suffixes and
inflectional patterns, as inconsistent formatting and
multi-language scripts often render OCR ineffec-
tive. This process involved extracting both com-
mon and dialect-specific morphemes, including
case markers, tense and aspect suffixes, evidentials,
and derivational affixes. The resulting inventory ex-
tends prior PRPE resources (Chen and Fazio, 2021)

11See Table 12 in Appendix B.
12https://sails.clld.org/languages/qvc

and forms the basis for dialect-aware segmentation
heuristics used in subsection 5.1.

We derive heuristics from this inventory by treat-
ing morphs marked with a hyphen (e.g., -nchi)
as suffixes and those without as roots. Given that
Quechua lacks productive prefixation, suffix-based
segmentation is particularly central. Morphemes
are first grouped by dialect and then consolidated
into family-level inventories corresponding to ma-
jor Quechua families: Colombia-Ecuador Quechua
(cu: qxl, inb, qup, quw, qvi, qvo, qvz,
qxr), Cajamarca-Lambayeque Quechua (ca: qvc,
quf), Quechua I (q1: qub, qux, qvh, qvm, qvn,
qvw, qwh, qxh, qxn, qxo), Quechua II (q2: quy,
quh, qul, quz, qve), and San Martín-Amazonas
Quechua (sm: qvs, quk).

Morphemes with multiple meanings (e.g., -pi)
are counted only once per family. Compared to the
64 morphemes used in Chen and Fazio (2021), this
work substantially expands coverage across all fam-
ilies, adding a total of 448 morphemes (Table 3).

5 Methodology

We investigate a range of modeling strategies, vary-
ing both data settings and, crucially, degree to
which linguistic information is incorporated into
the model. This section describes modeling op-
tions, and we present results in Section 6.

5.1 Segmentation Strategies

To evaluate the impact of input representation
on dialect classification, we explore multiple seg-
mentation strategies, including BPE, unigram lan-
guage models (Kudo and Richardson, 2018), PRPE
(Zuters et al., 2018; Chen and Fazio, 2021), and
a hybrid PRPE+BPE approach (Chen and Fazio,
2021; Ortega et al., 2020).

We extend PRPE with the dialect-informed mor-
phological inventory described in subsection 4.3,
enabling segmentation to better capture variation
across Quechua families. These heuristics guide
suffix identification and improve alignment be-
tween sub-word units and linguistically meaningful
morphemes.

In addition, we train our segmentation at the
level of major Quechua language families, allow-
ing representations to capture shared morphologi-
cal patterns within families while preserving cross-
dialect distinctions. This setup enables controlled
comparison of how segmentation and linguistic
granularity affect classification performance.
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5.2 Model Architectures

QuBERTa Classifier. Our primary neural clas-
sifier is built on QuBERTa, a RoBERTa-based
model adapted for Quechua (Zevallos et al., 2022).
Input texts are preprocessed by removing nu-
meric tokens and segmenting documents into over-
lapping chunks (250 tokens with 50-token over-
lap) to satisfy the model’s 512-token input con-
straint. Chunks are tokenized and padded using the
Llamacha/QuBERTa tokenizer.

The model is fine-tuned for dialect classification
using standard optimization procedures, with hy-
perparameters (batch size, learning rate, number
of epochs) tuned on validation data. We evaluate
performance with standard classification metrics.

Rule-Augmented QuBERTa. Our rule-
augmented variant extends the base QuBERTa
model by incorporating linguistically motivated
features derived from lexical and polypersonal
annotation. We encode these features as tags and
append them to each text chunk during prepro-
cessing, allowing the model to access explicit
morphosyntactic and lexical cues alongside learned
representations.

Lexical tags are generated by matching dialect-
specific vocabulary items and appending corre-
sponding markers (e.g., <TAG_tayta>). Polyper-
sonal tags are derived through suffix matching over
a curated list of verbal affixes, using a longest-
match strategy to prioritize more specific morpho-
logical forms. Identified polypersonal verbal suf-
fixes are encoded as tags (e.g., <VERB_wanku>) and
added as additional tokens to the input.

We use the same training procedure for both the
base model (standard QuBERTa classifier) and the
rule-enhanced version, allowing direct comparison
of performance with and without linguistic feature
injection. Separate configurations evaluate the con-
tribution of lexical tags, polypersonal tags, and
their combination.

Naive Bayes Baseline. We implement a Multi-
nomial Naive Bayes classifier as a statistical base-
line, following Medina (2013). The model operates
over TF-IDF representations, which encode term
frequency and corpus-level importance to capture
distributional patterns in word usage.

To ensure comparability with the neural models,
the same cleaned and chunked inputs are used. TF-
IDF features are extracted from each text segment
and used to train a multi-class classifier over di-

Model Rules All NO BIBLE ONLY BIBLE
(# Dialects) (27) (10) (25)

Bayes No rules .9385 .7551 .9713
Bayes Lexical+Verb .9064 .7506 .9406
Neural No rules .9907 .9662 .9957
Neural Lexical .9916 .9664 .9949
Neural Verb .9936 .9670 .9969
Neural Lexical+Verb .9928 .9643 .9961

Table 4: Weighted F1 scores across models, rules, and
data settings with standard QuBERTa tokenization.

alect labels. To mitigate class imbalance across di-
alects, a limit is placed on the number of chunks per
document, preventing over-representation of high-
resource sources. This constraint after experimen-
tation proved to improve stability and provides a
more balanced comparison with neural approaches.

5.3 Experimental Settings

To evaluate model performance under varying re-
source conditions, we compare several data settings.
In the high-resource ALL setting, all available cor-
pora (see Table 2) from 27 dialects are included,
comprising religious texts, other written materials,
and previously unclassified data labeled through
the pipeline described in Section 5.2. This setting
is relatively balanced across varieties and domains.
In the limited-data setting (NO BIBLE, or NB), bible
data are removed to simulate a low-resource and
domain-mismatched environment. This results in
a reduced set of 10 dialects with highly imbal-
anced distributions, where resource availability
ranges from large corpora (over 2 million words)
to very limited data (fewer than 10,000 words). A
third configuration utilizing only bible data (ONLY

BIBLE, or B) is confined to a single domain, with
data for 25 dialects. This corpus is close to fully-
balanced; for some dialects, we have the complete
bible and for others only the New Testament.

Model performance is measured using standard
classification metrics, including accuracy, preci-
sion, recall, and F1-score, along with confusion
matrices to analyze dialect-specific errors.13

6 Results

6.1 Overall Performance

Overall results across all experimental conditions
are summarized in Table 4. The QuBERTa-based
models consistently outperform the statistical base-
line (modeled after Medina (2013)) across all set-

13See Appendix C.
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tings, maintaining F1 scores above .96 even in the
most constrained condition, compared to approxi-
mately .75 for Naive Bayes.

In the ALL setting, the base QuBERTa classifier
achieves near-ceiling performance without linguis-
tic augmentation (.9907 F1). Rule-based features
yield only marginal gains, with the best configura-
tion (verb rules) reaching .9936 F1.14 Statistical
comparison confirms that this improvement is small
and not significant (∆F1 = +0.0015, p = 0.133).15

Similar patterns hold in the ONLY BIBLE setting,
where performance remains uniformly high due to
domain homogeneity.

In the limited-data setting (NO BIBLE), the neu-
ral baseline drops to .9662 F1. Rule augmen-
tation produces more variable effects, with the
best-performing model (verb rules) reaching .9670
F1. While average per-dialect improvements are
larger (∆F1 = +0.0649), high variance results in
non-significant tests (p = 0.398). Notably, the
weighted change is slightly negative, suggesting
gains are concentrated in lower-resource dialects
(e.g., qvo, qwh) rather than uniformly distributed.

quz quh English
<hallp’a> <pacha> earth
<inti> <indi> sun
<quilla> <killa> moon
<runa> <ullku> person

Table 5: Dialectal variation encoded through lexical
document-level tagging.

Examination of misclassification patterns shows
a concentration of errors among closely related
Southern Quechua varieties.16 The baseline no-
rules model frequently confuses Cuzco Quechua
(quz) with Southern Bolivian Quechua (quh), while
the rules-augmented model reduces these errors,
possibly by leveraging fine-grained lexical distinc-
tions between texts, such as those seen in Table 5.17

Averaging across languages, classification per-
formance is consistently high. This setting, though,
assumes availability of significant amounts of data
across varieties. To get a more nuanced picture of
performance, we next investigate performance in
more realistic settings.

14Further details on morpheme exclusion in the verb rules
are provided in Appendix C.

15See Table 14 in Appendix C.
16See Table 11 in Appendix A.
17For a confusion matrix comparison see Table 15 and Ta-

ble 16 in Appendix C.

Data settings Rule settings
Train # Eval # No Lex Verb Lex+V
NB 10 ALL 27 .4032 .3805 .4039 .3936
NB 10 ALL-F 27 .4999 .4429 .5344 .4754
NB 10 ALL ∩ NB 10 .7646 .7663 .7745 .7701
NB 10 ALL ∩ NB-F 10 .8328 .8360 .8424 .8303
B 25 NB 10 .7105 .8094 .8054 .8038
B 25 NB ∩ B 8 .8288 .8283 .8195 .8227
B ∩ NB 8 NB 10 .7594 .7587 .7556 .7526
B ∩ NB 8 NB ∩ B 8 .8182 .8015 .8171 .8127

Table 6: Cross-domain weighted F1 results across
training and evaluation conditions. # is number of di-
alects per setting. (-F) indicates family level evaluation.
NB/B= NO BIBLE/BIBLE ONLY data. X ∩ Y represents
the intersection of X and Y datasets.

6.2 Cross domain experiments

To assess generalization, we conduct cross-domain
experiments with training and evaluation data from
different distributions (e.g., NB vs. B). These set-
tings better reflect real-world conditions where do-
main mismatch is common, especially in low re-
source settings for Indigenous languages. Cross-
domain performance (Tab. 6) is substantially lower
than in-domain results (Tab. 4), reflecting differ-
ences in lexical choice, genre, and dialect coverage.

We first examine a low-resource model trained
on NB (10 dialects) and evaluated on ALL (27 di-
alects). Because of the mismatch between labels,
we introduce a relaxed evaluation condition (-F),
counting family-level matches as correct (group-
ings in App. B.1). This partially compensates for
missing dialect coverage, though some families
remain absent in training data (e.g., San Marín).

Under this setting, performance largely de-
grades, but differences emerge across rule con-
figurations. In the relaxed condition, the no-
rules model achieves .4999 F1, while the verb-
augmented model improves to .5344, represent-
ing the largest gain observed in this configuration.
This suggests that verb-based features provide use-
ful structure when generalizing beyond the training
distribution. Across dialects, the mean improve-
ment is positive (∆F1 = .0511, d = 0.21), though
not statistically significant (Wilcoxon p = 0.50).18

Restricting evaluation to dialects present in the
training set (10 dialects) improves performance
across all configurations (F1 > .76), indicating that
much of the degradation is driven by label space
mismatch. In this controlled setting, verb rules still
provide a small but consistent improvement, and
provide more evidence that linguistic features are

18See Table 14 in Appendix C.
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particularly valuable when models must generalize
beyond their training label space, rather than simply
interpolate within it when moving from a smaller
model setting.

The final set of experiments trains on the larger
but domain-restricted BIBLE ONLY corpus and eval-
uates on heterogeneous NO BIBLE data. Perfor-
mance again drops substantially, indicating that
bible text does not provide a fully representative
training distribution. This observation aligns with
prior work: although bible corpora are widely
used due to accessibility and multilingual cover-
age (Christodouloupoulos and Steedman, 2015),
they reflect formal or archaic registers, translation-
driven inconsistencies, and a narrow range of gen-
res (Levshina, 2022; Hutchinson, 2024).

Despite this domain mismatch, rule augmenta-
tion improves performance for the no-rules model,
which achieves .7105 F1, while lexical tagging
performs best (.8094), outperforming verb (.8054)
and combined rules (.8038). This finding stands in
contrast to prior experiments, in which verb-based
rules yielded the highest effectiveness, thereby sug-
gesting that the utility of specific linguistic features
depends on the direction of the domain shift.

One explanation is that BIBLE ONLY training
already exposes the model to relatively consistent
verbal morphology, reducing the added value of
verb-based rules at test time. Lexical tagging in-
stead helps compensate for lexical and genre dif-
ferences between bible and non-bible data. This is
supported by per-dialect results, where gains are
concentrated in higher-support dialects such as quz
(F1 .7525 no rules to .8894 verb rules), while many
low-resource dialects show minimal change.19

Looking at the bottom of Table 4, when evalu-
ation is restricted to overlapping dialect subsets,
though, differences between rule configurations
are negligible (e.g., .7594 vs. .7587). Thus the
effectiveness of linguistic augmentation seems to
depend not only on domain shift, but also on label
space alignment and data coverage.

6.3 Effect of Segmentation

Segmentation strategy does not produce consis-
tent improvements across conditions. While
morphology-aware approaches (e.g., PRPE+BPE)
show gains in some low-resource settings, these ef-
fects are not stable (see Table 7). In high-resource

19For a confusion matrix comparison see Table 18 and Ta-
ble 17 in Appendix C.

Model Segment Low Data All Data
F1w F1m F1w F1m

ca bpe .945 .533 .972 .935
ca prpe .933 .468 .964 .922
ca prpe+bpe .931 .454 .971 .930
ca unigram .941 .534 .967 .929
q1 bpe .937 .485 .978 .942
q1 prpe .937 .458 .977 .941
q1 prpe+bpe .949 .534 .977 .943
q1 unigram .948 .560 .978 .941
q2 bpe .966 .644 .986 .967
q2 prpe .968 .649 .988 .952
q2 prpe+bpe .968 .663 .987 .951
q2 unigram .967 .626 .988 .963
sm bpe .923 .384 .960 .920
sm prpe .923 .429 .945 .903
sm prpe+bpe .929 .438 .939 .895
sm unigram .921 .395 .955 .913

Table 7: Segmentation results grouped by dialect fam-
ily under low-resource and full-data settings. F1w =
weighted F1 (accounts for class imbalance), F1m =
macro F1 (equal weighting across dialects).

settings, differences between segmentation meth-
ods are minimal and models seem to have sufficient
data to learn effective representations regardless
of segmentation strategy. In lower-resource con-
ditions, results are more variable, with no single
method consistently outperforming others.20

7 Conclusion & Future Work

This paper presents a multi-dialect classification
framework for Quechua that augments neural mod-
els with linguistically informed features. Across
all settings, neural models substantially outperform
statistical baselines, enabling accurate multi-class
classification across 27 Quechua dialects.

The impact of linguistic augmentation, how-
ever, is nuanced. In high-resource and homo-
geneous (bible) settings, performance is already
near ceiling, and rule-based features provide only
marginal gains. In contrast, in low-resource and
cross-domain conditions, linguistic features be-
come more valuable, though their effects are un-
even and depend on both data availability and eval-
uation setup. In particular, verb-based features are
most beneficial when generalizing from limited
training data to broader label spaces, while lexi-
cal tagging was found to be more effective under
domain shift, especially when transferring from
bible-only to heterogeneous corpora. The utility of
linguistic features then may be context-dependent
rather than uniformly additive.

More broadly, this work aims to contribute to on-
20A segmentation results breakdown is in Appendix C.
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going efforts to integrate linguistic knowledge into
modern machine learning pipelines. By advanc-
ing dialect-sensitive NLP tools, it hopes to support
more accurate and inclusive language technologies,
helping to address the marginalization of Quechua
speakers in digital spaces.

Future work will extend this approach in several
directions. First, we plan to develop family-specific
RoBERTa models that better capture variation be-
yond Southern Quechua. Second, we aim to ex-
pand and refine morphological inventories used in
segmentation and tagging. Additional directions in-
clude evaluating segmentation in downstream mor-
phological tasks and revisiting alternative sub-word
strategies such as BPE-guided methods (Ortega
et al., 2020). Third, this approach would greatly
benefit from expansion beyond bible corpora, and
work is underway to annotate more varied domains
across additional dialects. Finally, for applications
to other language families, our results suggest that
lexical tagging offers the most favorable trade-off
between annotation effort and performance gains,
particularly in cross-domain and low-resource set-
tings.

Limitations

A limitation of this work is the reliance on domain-
specific data, particularly bible texts, which consti-
tute a large portion of the available corpora. While
we explicitly evaluate a NO BIBLE setting to simu-
late low-resource conditions, the properties of re-
ligious text may not fully reflect naturalistic lan-
guage use and might have some effect on classifi-
cation of non-bible texts. Current work is aimed at
expanding the corpus to more diverse domains for
a wider range of dialects.

As well, although this work expands classifica-
tion to 27 varieties of Quechua, there are still more
within the language family. Varieties were included
if any data could be found and preprocessed into
text files. Even still, this leaves room for improve-
ment by finding additional textual resources.

Ethics

This work involves the use of textual data from
various publicly available sources for different
Quechua dialects. We recognize the importance of
indigenous data sovereignty and the need to handle
language data in a way that respects the communi-
ties from which it originates. Wherever possible,
this work relies on publicly available sources and

keeps record of metadata and authorship in order
to further support language documentation efforts.

At the same time, automated dialect classifi-
cation systems carry potential risks as misclas-
sifications may obscure dialectical distinctions,
reinforce inaccurate generalizations, or privilege
better-represented varieties over lower-resource
ones. These risks are particularly relevant in cross-
domain settings, where model performance is less
stable and uneven across dialects. As such, the
models presented here should not be used as au-
thoritative tools for linguistic identification, but
rather as assistive technologies whose outputs re-
quire careful interpretation and are up for welcome
debate by community members.
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A Appendix: Background

Gloss Meaning
1sg first person singular
3sg third person singular
DIR direct evidential
DO direct object marker
MOV directional motion away
EMP emphatic marker
CON contrastive marker
PST past tense
ADD additive marker (‘also’)
3sg→1sg third person subject acting

on first person object

Table 8: Gloss abbreviations explanations for the mor-
phological parses in Table 1.

Figure 2: Word counts broken up by domain type and
ISO code for non-bible data corpora.

B Appendix: Data

B.1 Dialect grouping
The dialect groupings used in this study follow the
family hierarchy and clade structure outlined by
Glottolog.21 This classification allows for hierar-
chical grouping of varieties at the family, subfamily,
and dialect levels. For instance, dialects from the
Quechua I group (e.g., Cajamarca Quechua) are
modeled separately from those in Quechua II-A or
II-B (e.g., Ayacucho or Ancash Quechua). Dialect
identity and family membership were assigned us-
ing this system because they are widely used by
other resources as classification for data. A table
of family composition, summarizing clade-level

21https://glottolog.org/resource/languoid/id/
quec1387

Dialects NLP Tools
Cuzco
Quechua

Text classifier (Medina, 2013), An-
tiMorfo: finite state transducer mor-
phological analyzer (Rios, 2010)

Southern
Quechua

QuBERT: monolingual BERT model
(Zevallos et al., 2022), SQUOIA: fi-
nite state transducer morphological
analyzer & spell checker (Rios Gon-
zales and Castro Mamani, 2014),
Quechua-Spanish Treebank (Rios
et al., 2008)

Southern, Cen-
tral, Northern,
and Amazo-
nian Quechua

WordNET-QU: lexical database (Mel-
garejo et al., 2022), POS tagging
models (Vergara, 2022)

Unspecified QueEn: LLM machine translation
(Chen et al., 2024), Quechua-Spanish
machine translation & morphological
analyzer (Monson et al., 2006)

Table 9: Quechua Dialects and Corresponding NLP
Tools

distinctions and vocabulary comparisons, is shown
in Table 11.

B.2 Linguistic Annotation
Drawing from the Medina (2013) analysis of lexi-
cal differences across Quechua dialects, a thorough
examination of vocabulary discrepancies was con-
ducted, as shown in Figure 3. This included dialects
not originally covered by Medina, utilizing both
corpus data and dialect-specific grammar resources.
If there were multiple words that were used for a
lexical term, we indicated that with a / in the chart.

As well, Figure 4 gives a summary of all the
polypersonal verbal suffixes found during the ver-
bal annotation phase. Grammars used for help in
finding specific polypersonal verbal agreement in-
formation is seen in Table 12.
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Resource Link

Ortega et al. (2020) https://github.com/johneortega/mt_quechua_spanish/tree/master/bpe_guided
AILLA https://ailla.utexas.org
Runasimi https://runasimi.de
Ethnologue https://www.ethnologue.com
Glottolog https://glottolog.org
OLAC http://www.language-archives.org
Bible data https://live.bible.is
QuBERTa tokenizer https://huggingface.co/Llamacha/QuBERTa

Table 10: Resources and links

Figure 3: Common words for each dialect organized by Quechua families and varietal sub-families.

Figure 4: Dialects are organized by their typological classification and with each clade in the family tree. Under the
"verbs" row are columns of subject-object polypersonal verbal suffixation patterns.
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ISO Dialect Family Sub-family Clade 1 Clade 2 Clade
3

Clade
4

qvc Cajamarca Quechua Cajamarca-
Lambayeque Quechua

Cajamarca
Quechua

quf Lambayeque Quechua Cajamarca-
Lambayeque Quechua

Lambayeque
Quechua

qxl Salasaca Highland
Quichua

Colombia-Ecuador
Quechua

Ecuadorian
Quechua A

Tungurahua
Highland Quichua

qxr Cañar Highland
Quichua

Colombia-Ecuador
Quechua

Ecuadorian
Quechua B

Cañar-Azuay-
South Chimborazo
Highland Quichua

qvo Napo Lowland
Quechua

Colombia-Ecuador
Quechua

Ecuadorian
Quechua B

Imbabura-
Colombia-Oriente
Quechua

Colombia-
Oriente
Quechua

Oriente
Quechua

Napo
Low-
land
Quechua

qup Southern Pastaza
Quechua

Colombia-Ecuador
Quechua

Ecuadorian
Quechua B

Imbabura-
Colombia-Oriente
Quechua

Colombia-
Oriente
Quechua

Oriente
Quechua

Pastaza
Quechua

quw Tena Lowland Quichua Colombia-Ecuador
Quechua

Ecuadorian
Quechua B

Imbabura-
Colombia-Oriente
Quechua

Colombia-
Oriente
Quechua

Oriente
Quechua

Pastaza
Quechua

qvz Northern Pastaza
Quichua

Colombia-Ecuador
Quechua

Ecuadorian
Quechua B

Imbabura-
Colombia-Oriente
Quechua

Colombia-
Oriente
Quechua

Oriente
Quechua

Pastaza
Quechua

qvi Imbabura Highland
Quichua

Colombia-Ecuador
Quechua

Ecuadorian
Quechua B

Imbabura-
Colombia-Oriente
Quechua

Imbabura
Highland
Quichua

inb Colombian Inga Colombia-Ecuador
Quechua

Ecuadorian
Quechua B

Imbabura-
Columbia-Oriente
Quechua

Colombia-
Oriente
Quechua

qub Huallaga Huánuco
Quechua

Quechua 1 Central
Quechua 1

AP-AM-AH Huallaga
Huánuco
Quechua

qvm Margos-Yarowilca-
Lauricocha Quechua

Quechua 1 Central
Quechua 1

AP-AM-AH Panao-
Union

qxh Panao Huánuco
Quechua

Quechua 1 Central
Quechua 1

AP-AM-AH Panao-
Union

qxn Northern Conchucos
Ancash Quechua

Quechua 1 Central
Quechua 1

Huaylay Conchucos

qxo Southern Conchucos
Ancash Quechua

Quechua 1 Central
Quechua 1

Huaylay Conchucos

qvh Huamalíes-Dos de
Mayo Huánuco
Quechua

Quechua 1 Central
Quechua 1

Huaylay

qwh Huaylas Ancash
Quechua

Quechua 1 Central
Quechua 1

Huaylay

qvw Huaylla Wanca
Quechua

Quechua 1 Central
Quechua 1

qvn North Junín Quechua Quechua 1 Central
Quechua 1

Yaru Quechua

quy Ayacucho Quechua Quechua 2 Ayacuchan
Quechua

qul North Bolivian
Quechua

Quechua 2 Bolivian-
Argentinian
Quechua

qve Eastern Apurímac
Quechua

Quechua 2 Cuscan
Quechua

Cusco Quechua Eastern
Apurímac
Quechua

quz Cusco Quechua Quechua 2 Cuscan
Quechua

Cusco Quechua

quk Chachapoyas Quechua San Martin-Amazonas
Quechua

Chachapoyas
Quechua

qvs San Martín Quechua San Martin-Amazonas
Quechua

San Martín
Quechua

Table 11: ISO codes and their corresponding family information, including dialect classification, family, sub-family,
and clade structure.
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Language ISO Source
Huallaga Huánuco
Quechua

qub (Weber, 1989)

Cajamarca Quechua qvc (Quesada, 1976)
Colombia–Ecuador
Quechua

qvi,
qxr,
qvo

(Carpenter, 1982)

Southern Conchucos
Ancash Quechua

qxo (Hintz, 2017)

Tena Lowland Quichua quw (Haboud de Ortega
et al., 1982), (Orr,
1992), (Orr, 1973)

Northern Conchucos
Ancash Quechua

qxn (Wroughton, 1988)

Huaylla Wanca
Quechua

qvw (Raez, 1917),
(Cordero Crespo, 1955)

Cañar–Azuay–South
Chimborazo Highland
Quichua

qxr (Cerrón-Palomino,
1976), (Guzmán, 1920)

Table 12: Grammars with dialect-specific information
on polypersonal verbal agreement.

C Appendix: Results

C.1 Neural Model Variants

In addition to the configurations reported in the
main results, we conducted a series of exploratory
experiments to better understand the contribution
of linguistic features and input formatting in the
neural model under the full data setting (see Ta-
ble 13).

One consistent finding across these experiments
is that the ordering of linguistic tags relative to
the raw text has a sizeable effect on performance.
When both polypersonal and lexical rules were in-
cluded, an initial configuration appended tags after
the text (text + tags), yielding slightly lower perfor-
mance. Reversing this order (tags + text) resulted
in consistent improvements across runs, with the
strongest configuration achieving the highest over-
all performance of over 99% accuracy. Presenting
linguistically enriched features at the beginning
of the input sequence seems to guide the model
more effectively by foregrounding relevant struc-
tural cues prior to processing the surface form.

A further refinement involved examining the con-
tribution of individual affixes within the polyper-
sonal rule set. In particular, the suffixes man and
ki were hypothesized to introduce noise. The suffix
man can encode non-polypersonal meanings such
as directional or locative functions across dialects,
while ki is both orthographically and phonologi-
cally short and appears in a wide range of nominal
forms, potentially reducing its discriminative value.
Empirical results, such as those in Table 13, sup-

ported this hypothesis: excluding these affixes led
to a consistent improvement in performance. Con-
sequently, the final neural configuration omits man
and ki from the polypersonal feature set.

C.2 Naive Bayes Chunking Strategy

For the Naive Bayes classifier, we conducted ad-
ditional experiments to evaluate the effect of doc-
ument chunking on model performance (see Ta-
ble 13). Specifically, we compared two configu-
rations: one in which all available chunks from
each document were used, and another in which
the number of chunks per document was capped at
50.

The results show that limiting the number of
chunks per document leads to a substantial im-
provement in performance. Without any restriction,
documents with larger amounts of text contribute
disproportionately more training instances, poten-
tially biasing the classifier toward dialects with
greater data volume. By capping the number of
chunks per document, the dataset becomes more
balanced across dialects, reducing this source of
skew.

C.3 Detailed Segmentation Results

A detailed breakdown of segmentation perfor-
mance by dialect family and data condition is
shown in Table 7.

In high-resource settings (all data), differences
between segmentation methods are relatively small.
As shown in Table 7, performance remains con-
sistently high across all segmentation strategies,
with only marginal variation in both weighted and
macro F1. In these conditions, standard frequency-
based methods such as BPE and Unigram achieve
the highest or near-highest scores across most fam-
ilies, which may indicate that sufficient data allows
models to learn effective sub-word representations
without explicit morphological guidance.

In contrast, segmentation choice has a slightly
more pronounced effect in the low-resource setting.
Across families, morphology-aware and hybrid ap-
proaches consistently outperform BPE when look-
ing at macro F1. In particular, PRPE+BPE and
Unigram yield the strongest and most stable perfor-
mance. For example, in the Quechua I and Quechua
II families, PRPE+BPE achieves the highest or tied-
highest macro F1, while Unigram performs best for
Quechua I under low-resource conditions. These
results indicate that morphology-aware or proba-
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Model Data Rules Notes Accuracy Precision Recall F1
bayes all none unlimited chunk size .9145 .9062 .9145 .8971
bayes all none limited chunks = 50 .9461 .9539 .9461 .9385
neural all verb+lexical tags + text; no “man” or “ki” .9953 .9953 .9953 .9951
neural all verb+lexical text + tags .9906 .9909 .9906 .9906
neural all verb tags + text; all affixes .9933 .9933 .9933 .9932
neural all verb tags + text; no “man” or “ki” .9940 .9940 .9940 .9940

Table 13: Additional experimental results on impact of chunk size constraints, rule-based linguistic features, and
input ordering of tags versus text.

Setting n ∆F1 p (Wilcoxon) d F1 (rules)
All Data 27 +0.0015 0.133 0.324 0.957
Bible Only 25 +0.0008 0.285 0.148 0.996
No Bibles 10 +0.0649 0.398 0.342 0.570
NB x All (f) 27 +0.0241 0.502 0.234 0.534
B-only x NB 25 +0.0061 0.465 0.215 0.809

Table 14: Effect of linguistic rule augmentation across
different data conditions. Settings using verb rules in-
cludes: all data, bible only, no bibles, and no bibles
train by all data evaluation relaxed to family accuracy.
Setting under lexical rules include: bible-only train by
no bible evaluation. n denotes the number of dialects
evaluated. ∆F1 indicates the average change in F1 score
relative to the no-rules baseline. p (Wilcoxon) reports
the significance of paired differences across dialects. d
(Cohen’s d) measures effect size. F1 (rules) shows the
macro F1 score of the rule-augmented model.

Dialect Classifier Choice Total
qub quf quh quk qul qup quw qux quy quz other

qub 91 0 0 0 0 0 0 0 0 1 1 93
quf 0 121 0 0 0 0 0 0 0 0 0 121
quh 0 0 254 0 0 0 0 1 0 9 0 264
quk 0 2 0 0 0 0 0 1 0 0 2 5
qul 0 0 0 0 106 0 0 0 0 0 0 106
qup 0 0 0 0 0 133 0 0 0 0 0 133
quw 0 0 0 0 0 0 89 0 0 0 0 89
qux 0 0 6 0 0 0 0 144 0 3 0 153
quy 0 0 0 0 0 0 0 0 823 1 0 824
quz 0 0 21 0 0 0 0 2 0 2081 1 2105

other 0 0 1 0 0 0 0 0 0 0 0
Total 91 123 282 0 106 133 89 148 823 2095

Table 15: Truncated confusion matrix for dialect classi-
fication on all data without rules.

bilistic segmentation may better support general-
ization when training data is limited.

Performance differences also vary by dialect
family (see Figure 5 and Figure 6). The Quechua II
model achieves the highest scores across nearly all
conditions, reflecting its larger and more balanced
training data. In contrast, the San Martín model
shows consistently lower performance across seg-
mentation strategies, suggesting greater sensitivity
to data sparsity. However, even in these lower-
resource families, PRPE+BPE improves macro F1
relative to BPE, which suggests that linguistically
informed segmentation provides some gains.

Dialect Classifier Choice Total
qub quf quh quk qul qup quw qux quy quz other

qub 91 0 0 0 0 0 0 0 0 1 1 93
quf 0 121 0 0 0 0 0 0 0 0 0 121
quh 0 0 247 0 0 0 0 0 0 17 0 264
quk 0 1 0 0 0 0 0 1 0 0 3 5
qul 0 0 0 0 106 0 0 0 0 0 0 106
qup 0 0 0 0 0 133 0 0 0 0 0 133
quw 0 0 0 0 0 0 89 0 0 0 0 89
qux 0 0 4 0 0 0 0 147 0 2 0 153
quy 0 0 0 0 0 0 0 0 823 1 0 824
quz 0 0 1 0 0 0 0 0 0 2104 0 2105

other 0 0 1 0 0 0 0 1 0 0 –
Total 91 122 253 0 106 133 89 149 823 2125

Table 16: Truncated confusion matrix for dialect classi-
fication using verb rules on all data.

Dialect Classifier Choice Total
quf quh qul quy quz qve qvo qvw qwh other

quf 0 0 0 0 0 0 0 0 0 0 0
quh 9 8 16 47 19 3 1 12 11 35 161
qul 0 0 0 0 0 0 0 0 0 0 0
quy 0 0 0 394 0 0 0 1 1 0 396
quz 165 3 24 93 1020 198 14 92 24 38 1671
qve 0 0 0 0 0 0 0 0 0 0 0
qvo 0 0 0 0 0 0 0 0 0 14 14
qvw 0 0 0 0 0 0 0 0 0 0 0
qwh 0 0 0 2 0 0 0 1 4 7 14
other 0 0 0 0 1 0 0 0 0 –
Total 174 11 40 536 1040 201 15 106 40

Table 17: Truncated confusion matrix for dialect clas-
sification on no rules model trained on only-Bible data
tested on no-Bible data.

Dialect Classifier Choice Total
quf quh qul quy quz qve qvo qvw qwh other

quf 0 0 0 0 0 0 0 0 0 0 0
quh 8 7 17 50 25 1 3 3 21 26 161
qul 0 0 0 0 0 0 0 0 0 0 0
quy 0 0 0 394 0 0 0 0 1 1 396
quz 35 8 29 97 1359 49 17 18 33 26 1671
qve 0 0 0 0 0 0 0 0 0 0 0
qvo 0 0 0 0 0 0 0 0 0 14 14
qvw 0 0 0 0 0 0 0 0 0 0 0
qwh 0 0 0 3 0 0 0 0 7 5 15
other 0 0 0 0 1 0 0 0 0 –
Total 43 15 46 544 1385 50 20 21 62

Table 18: Truncated confusion matrix for dialect clas-
sification on lexical model trained on only-Bible data
tested on no-Bible data.
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Figure 5: Weighted F1 scores by language family, segmentation method, and experimental condition. Each subplot
is a combination of data and rules; bars show performance trained on different Quechua families.
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Figure 6: Macro F1 scores by ISO language family, segmentation method, and experimental condition. Each subplot
is a combination of data and rules; bars show performance trained on different Quechua families.
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Abstract

Interlinear glossing is essential for the study
and revitalization of endangered languages.
However, it remains a time-consuming pro-
cess that requires extensive linguistic exper-
tise. Recent advances in Large Language Mod-
els (LLMs) offer a potential solution. In this
research, we study the case of Mapudungun,
an endangered language spoken in Chile and
Argentina, to generate automatic interlinear
glosses using the Gemini 2.5 Pro model. Our
study investigates which information configura-
tion through Retrieval-Augmented Generation
(RAG) yields the best results. We compare the
integration of a formal grammar, a dictionary,
a small annotated corpus, and a combination of
all these resources. Our evaluation shows that
while dictionary integration causes a signifi-
cant degradation in performance, grounding the
model with a structured corpus maximizes ac-
curacy relative to the resources employed. No-
tably, we find that a remarkably small dataset
of 589 meaning units provides enough norma-
tive guidance to significantly improve the mor-
phological tagging task. This work highlights
the viability of utilizing minimally annotated
corpora to assist in the documentation of mor-
phologically complex languages.

1 Introduction

Currently, numerous languages worldwide are in
a vulnerable situation (SIL International, 2026).
Among them is Mapudungun (Gundermann et al.,
2011; Zúñiga, 2019), an indigenous language of
Chile and Argentina with approximately 380,000
speakers in the former country (Instituto Nacional
de Estadísticas, 2024). This language has a mor-
phological profile classified as agglutinative and
polysynthetic (Golluscio and Hasler, 2017; Zúñiga,
2017) with a templatic structure for morpheme in-
corporation (Fortescue et al., 2017).

In the field of linguistic documentation, there
are data annotation techniques through which text,

audio, or video are structured and aligned with
metadata (Woodbury, 2011). Among these proce-
dures, interlinear glossing stands out as a technique
commonly used in projects of this nature (Ginn and
Palmer, 2023). This annotation format operates
through the segmentation of morphemes and the
assignment of grammatical tags (Elsner and Liu,
2025), which allows capturing the morphosyntactic
features of the language under study and perform-
ing precise analyses of them (Ginn et al., 2024b).
In this context, the Leipzig Glossing Rules provide
a series of syntactic and semantic rules, in addition
to a standardized set of tags, to systematize the
interlinear glossing process (Comrie et al., 2015).

In the case of endangered languages, interlin-
ear glossing has established itself as a documen-
tary tool capable of facilitating their revitalization
(Elsner and Liu, 2025). Despite the benefits that
the generation of interlinear glossing brings to en-
dangered languages, this task constitutes a highly
complex endeavor, heavily dependent on experts,
and requiring large amounts of time for its genera-
tion (Ginn et al., 2024b). To illustrate this task, the
following example corresponds to a Mapudungun
text organized according to the Leipzig Glossing
system:

(1) kuydaufisayawürkey
kuyda
take.care

-ufida
-sheep

-ya
-FUT

-w
-REFL

-ürke
-EVID

-y
-IND.[3]

‘It is say he was tending his sheep.’

In this example, Mapudungun phenomena can be
observed, such as object incorporation into the ver-
bal root and the suffixation of elements such as
evidentiality, tense, and person.

Despite the utility of interlineal glossing, Ma-
pudungun lacks a corpus with these characteristics.

In response to this limitation, and in relation to
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previous works (Ginn and Palmer, 2023; Ginn et al.,
2024a,b; Elsner and Liu, 2025), we propose the use
of Large Language Models (LLMs) for automatic
interlinear glossing. Since Mapudungun, like most
languages in the world, lacks a sufficient corpus to
train large language models (Zhang et al., 2024),
our study leverages the linguistic capabilities of
these models to generate glosses for Mapudungun
without the need for further training.

We investigate what is the most efficient ap-
proach for generating automatic interlinear gloss-
ing for Mapudungun. Specifically, we evaluate the
Gemini 2.5 Pro model and explore the use of the
Retrieval-Augmented Generation (RAG) technique
to provide the LLM with three different sources of
language information: (i) grammar, (ii) dictionary,
and (iii) a Mapudungun corpus newly annotated
according to the Leipzig Glossing system.

Our work identifies key issues regarding the gen-
eration of automatic glossing for Mapudungun.
Firstly, the results indicate that none of the ad-
ditional information sources provide statistically
significant improvements in the text and segmen-
tation tiers of the Leipzig glosses. Secondly, the
tagging task is identified as the most complex. In
this tier, the integration of additional information
from the annotated corpus and the use of all ma-
terials combined do provide a statistically signif-
icant difference. Thirdly, it is more effective to
use solely standard information, such as the anno-
tated corpus, rather than the combination of mul-
tiple resources (dictionary, grammar, and corpus
together), since the former produces better results
and requires fewer resources. Consequently, these
findings contribute to research seeking to perform
automatic interlinear glossing for languages with
scarce annotated corpora, such as Mapudungun,
establishing the most efficient alternative with the
lowest environmental impact.

2 Background and Related Work

2.1 Mapudungun Language

Mapudungun is a language of isolated genealogy
(Golluscio and Hasler, 2017; Zúñiga, 2017) spo-
ken in Chile and Argentina, which is currently in
a vulnerable situation (Gundermann et al., 2011;
Zúñiga, 2017). In Chilean territory, it has approx-
imately 380,000 speakers (Instituto Nacional de
Estadísticas, 2024). From the point of view of its
morphological typology, it is classified as an agglu-
tinative and polysynthetic language (Zúñiga, 2017).

In turn, its affix integration structure responds to
a templatic model (Fortescue et al., 2017; Zúñiga,
2017), given that its morphological incorporation is
rigid regarding the positions in which morphemes
can be added in relation to the verbal root. This
morphology of the language has been classified
as complex due to the diversity of linguistic phe-
nomena it exhibits (Zúñiga, 2017). In this regard,
processes such as noun incorporation, the adjunc-
tion of multiple morphemes onto a single root, and
the large number of elements that possess the ca-
pacity to operate as roots within a morphological
construction stand out (Zúñiga, 2017).

Regarding the available linguistic resources for
Mapudungun, although grammars, dictionaries,
and various digital tools exist, there is a lack of
a specialized corpus in interlinear glossing. In this
context, the automation of annotated corpus gen-
eration emerges as a strategy with the potential to
accelerate the creation of resources for the study
and revitalization of the language.

2.2 Automatic Interlinear Glossing
Given the complexities associated with the cre-
ation of interlinear glossing, recent research has
explored the application of LLMs to accelerate
the processes of generating corpora with interlin-
ear glossing. Along these lines, Ginn and Palmer
(2023) approached the task through the fine-tuning
of a pretrained model, reporting an increase of two
percentage points in performance compared to the
unrefined architecture. This study highlights the
inherent complexity that the automation of this la-
bor represents. Subsequently, Ginn et al. (2024b)
performed a model adjustment for gloss generation
in multiple languages, employing a database of ap-
proximately 450,000 examples distributed across
1,800 languages. The results show an improvement
of about 7 percentage points against state-of-the-art
models. Despite this, the authors note that perfor-
mance varies largely with the amount of available
data.

Instead of model refinement, Ginn et al. (2024a)
evaluated the use of few-shot prompting, exploiting
the in-context learning abilities of LLMs. In this
design, the system receives as input a transcription
line and its respective translation, from which it
must generate the corresponding gloss. The find-
ings indicate that providing interlinear glossing
examples in the prompt substantially impacts the
model’s performance. Likewise, it is concluded
that, although interlinear gloss generation remains
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highly complex, the strategic selection of pertinent
examples can yield significant improvements.

Finally, Elsner and Liu (2025) also applied
the prompting technique for automatic interlinear
glossing, adopting the Leipzig Glossing Rules as
a normative standard. They worked with differ-
ent languages and used a prompting system with
examples for each one that contained sentences,
glosses, and translations. The study shows promis-
ing results and highlights the potential of LLMs as
support tools for linguists.

2.3 In-context Learning for Low-Resource
Languages

In the context of LLM use and low-resource lan-
guages, recent research has opted to utilize the
linguistic capabilities of the models instead of fur-
ther training them (Court and Elsner, 2024; Zhang
et al., 2024; Spencer and Kongborrirak, 2025; Zhu
et al., 2025). In the aforementioned studies, the
models are operated through prompting with differ-
ent types of linguistic information, depending on
the expected task and the language being worked
with.

Specifically, Court and Elsner (2024) work with
the translation task from a Quechua variant to Span-
ish. They utilize the RAG and prompting technique
to work with three types of materials, both sepa-
rately and jointly: translations of morphemes and
words, grammatical descriptions, and usage exam-
ples from parallel corpora. Spencer and Kongbor-
rirak (2025) experiment with different RAG and
prompting configurations with the goal of assist-
ing the creation of a grammar for a low-resource
language.

Zhu et al. (2025) use a puzzle-based methodol-
ogy with features of varying complexity to identify
whether LLMs can capture linguistic features of
unseen languages. To deliver the language data,
they work with step-by-step prompting. Finally,
Zhang et al. (2024) test the translation task between
English and languages unseen in the training cor-
pora. For this, they utilize three materials through
prompting: dictionary, grammar, and morphologi-
cally analyzed text.

3 Methodology

The present research works with the RAG tech-
nique on the Gemini 2.5 Pro model and uses
as materials A Grammar of Mapuche (Smeets,
2008), Diccionario mapudungun-español español-

mapudungun (Augusta, 2017), and adapts part of
the AVENUE corpus (Levin et al., 2002), enriching
it through the use of Leipzig Glosses.

Our interaction system, as shown in the Prompt
Used Appendix A.1, instructs the model to process
an input text and return its analysis in a single mes-
sage response according to the Leipzig Glossing
Rules. In this way, we encourage the model to
treat the four Leipzig tiers as a single unit, thereby
aiming to minimize potential hallucinations or the
omission of units during the segmentation and tag-
ging processes.

3.1 Evaluation

The results of the experiment were evaluated ac-
cording to three Leipzig Glossing tiers: text, seg-
mentation, and tagging. The translation tier is
excluded from the analysis given that the task of
evaluating how well a translation is performed re-
quires theoretical and practical approaches beyond
the scope of this study, which we leave to future
work. We assess text, segmentation, and tagging in
a binary manner based on the manually annotated
evaluation corpus. That is, only an exact match of
the expected meaning is considered correct, while
any deviation is counted as an error.

McNemar’s test was used to compare the mod-
els, and analyses of Accuracy and p-values were
conducted. Each model was compared against the
evaluation corpus; subsequently, the baseline was
compared independently with corpus, dictionary,
grammar and all the materials models. Because Mc-
Nemar’s test strictly requires paired data of equal
length, we developed a tier alignment system to
handle the LLMs’ tendency to omit information
or hallucinate content. In cases where the model
generated an unnecessary morpheme or omitted
a required one, our system aligned the output by
inserting empty spaces, which were scored as incor-
rect predictions. This alignment method ensured
that the evaluation sets maintained the same length.

In Table 1, we present representative examples
for each evaluation tier using the dictionary and
all materials settings. This exact cell-by-cell align-
ment and evaluation protocol was systematically
applied to all experimental configurations.

3.2 Materials Used

We experiment with delivering three different lin-
guistic resources to the model via RAG, as well as
their combination:
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Tier / Setting Slot 1 Slot 2 Slot 3 Slot 4 Slot 5 Slot 6

1. Text Tier

Evaluation nierpuafuy – – – – –
Baseline nierpuafuy (✓) – – – – –
Dictionary nierpuafuy (✓) – – – –
All nierpuafuy (✓) – – – – –

2. Segmentation Tier

Evaluation nie r pu a fu y
Baseline nie (✓) Ø (×) rpu (×) a (✓) fu (✓) y (✓)
Dictionary nie (✓) Ø (×) rpu (×) a (✓) fu (✓) y (✓))
All nie (✓) Ø (×) rpu (×) a (✓) fu (✓) y (✓)

3. Tagging Tier

Evaluation have ITR TRANS FUT FRUS IND.[3]
Baseline have (✓) Ø (×) TRNSL (×) FUT (✓) IRR (×) IND.[3] (✓)
Dictionary have (✓) Ø (×) TRNSL (×) FUT (✓) IRR (×) IND.[3] (✓)
All have (✓) Ø (×) TRANS (✓) FUT (✓) IRR (✓) IND.3 (×)

Table 1: A representative example nierpuafuy ’They would gradually have’ from the evaluation corpus, illustrating
the cell-by-cell alignment and binary evaluation across all tiers. The table contrasts the baseline, dictionary, and all
materials configurations against the evaluation corpus. This alignment method provides equal sequence lengths
across outputs, yielding the exact paired binary metrics required to compute McNemar’s test.

• Grammar: A Grammar of Mapuche (Smeets,
2008) has been used by already existing mor-
phological analyzers for Mapudungun (Al-
mendra, 2025) and presents a chapter entirely
dedicated to the morphology of the language
and its structuring.

• Dictionary: Diccionario mapudungun-
español español-mapudungun (Augusta,
2017) has been classified as one of the most
comprehensive lexical works of the language
(Augusta, 2017) and has been used for the
development of a morphological analyzer for
Mapudungun (Almendra, 2025).

• Corpus: the AVENUE project includes an
open-access corpus of transcribed spoken Ma-
pudungun (Levin et al., 2002). For this re-
search, a part of it was selected and enriched
with annotation according to Leipzig Glosses
(cf. section 3.3)

Each of these materials provides different kinds
of information regarding Mapudungun morphol-
ogy. The grammar presents examples alongside
explanations of the rules that Mapudungun follows
regarding its morpheme structuring. The dictionary
constitutes a repository of equivalencies between
Mapudungun and Spanish. This resource presents
the lemmas containing the language’s morphemes
together with their equivalencies in the majority

language. Finally, the corpus is a set of demon-
strations regarding how to gloss Mapudungun ac-
cording to the Leipzig system. This information
provides annotation examples in specific contexts
of use; however, it does not present explicit expla-
nations regarding the functioning of Mapudungun
morphology.

3.3 Corpus
The corpus was obtained from a total of four audios
that were aligned in ELAN (Max Planck Institute
for Psycholinguistics, n.d.) with their transcrip-
tions and translations for their subsequent analysis
in FLEx (SIL International, 2026). It consists of a
series of texts in Mapudungun glossed according
to the Leipzig rules. Each sentence or word in Ma-
pudungun appears in the corpus with four tiers of
information: text, segmentation, tagging, and trans-
lation (see example gloss in 1). As Mapudungun
has multiple orthographic systems (Llanquimán
et al., 2025), we standardized the orthography us-
ing the tools and guidelines of KMT - Kümewirin
Mapudüngun Trapümwe (Chandía, n.d.).

Then, we applied the following annotation prin-
ciples:

1. The corpus was cleaned by eliminating inter-
jections, incomplete or erroneous speech on-
sets, and proper nouns.

2. The inclusion of lexical borrowings was per-
mitted, provided they did not imply code-
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switching to Spanish within the same sen-
tence, thus maintaining the focus on the struc-
ture of Mapudungun.

3. For the generation of Leipzig glosses, trun-
cated or abbreviated forms in speech were
represented by their full form in the gloss. For
example, a form such as feli was segmented
as feley for its subsequent tagging.

4. The glossing process allowed the correction
and validation of translations and the assign-
ment of tags to morphemes. Samples in which
there was doubt along any of these two aspects
were excluded.

The annotation process was carried out by two
of the authors in two stages. First, a linguist spe-
cialized in ELAN and FLEx with intermediate
knowledge of Mapudungun grammar performed
the audio annotation and generated the preliminary
analyses. Subsequently, a linguist specializing in
the language’s grammar reviewed and finalized the
data in FLEx.

Given the polysynthetic and agglutinative nature
of Mapudungun, the corpus split into the RAG re-
trieval subset and the evaluation subset was not
measured by individual words. Instead, we used
the concept of unit of meaning as the base met-
ric. We define a unit of meaning as any element
that possesses an independent linguistic tag. For
example, the lexeme ñuke ’mother’ counts as one
unit. In contrast, a complex verbal form such as
tunualengün is segmented into tu-nu-a-l=engün,
receiving the tags [grab-NEG-FUT-NMLZ-3.PL],
and is therefore counted as five meaning units.
Once the entire corpus was processed, we counted
the total number of meaning units and divided the
RAG and evaluation data based on this metric.

Since the corpus was derived from audios, to
avoid biases in the use of RAG and the evaluation,
we aimed to allocate half of the content of each
audio to each subcorpus, thus ensuring equitable
representativeness. In its entirety, the total corpus
corresponds to 40 speech turns and 1,175 units
of meaning. The RAG subset contains 589 units
and 22 speech turns, while the evaluation subset
consists of 586 units and 18 speech turns.

In comparison to other studies, where hundreds
of thousands of examples are utilized (Ginn et al.,
2024b), the size of the corpus in this research is
minute. Given the cost of manual annotation, we

are interesting in assessing whether LLMs could
accelerate the annotation process of further data.

3.4 Infrastructure Selection

The model used was Gemini 2.5 Pro on Google
Cloud (Vertex AI), specifically within the Model
Garden infrastructure employing the RAG Engine
technique. This was selected for two essential rea-
sons: (i) data management, and (ii) accessibility to
the use of RAG. On the one hand, the Vertex AI
platform provides guarantees regarding data use,
indicating that these will not be used for training its
models and that the generated results do not belong
to the company either (Google LLC, 2025). On
the other hand, Vertex AI offers the possibility of
applying RAG without the need to develop code.
This aspect is crucial to our approach, since it facil-
itates access for individuals who are not specialized
in this area, such as linguists, and allows working
with specialized models and data like grammars,
dictionaries, or other materials. The model temper-
ature is set to 0 in all experiments.

4 Results

We present the results using accuracy and statistical
significance. Since each tier of the Leipzig gloss
was evaluated independently, we report the perfor-
mance separately for each one. In all experiments,
‘Baseline’ refers to the results obtained by querying
Gemini 2.5 Pro with a fixed prompt containing 3
glossing examples (see full prompt in A.1). The
‘All’ setting refers to the combination of the three
materials (grammar, dictionary, corpus) provided
altogether to the LLM via RAG.

4.1 Text

In the text tier, only the corpus configuration outper-
forms the baseline, but by less than one percentage
point. While the combined materials configurations
match the baseline performance, the dictionary and
grammar configurations underperform.

As shown in Table 2, the observed differences
were only significant in the case of the dictionary,
which worsened the performance (p < 0.05). None
of the other settings showed a significant difference
in the text tier (p > 0.05). These results indicate that
the baseline already achieves high performance in
the text processing task, which limits the observ-
able margin of improvement from material addi-
tions via RAG.
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Setting Text Segmentation Tagging

Baseline 98.26% 78.62% 41.08%

Corpus 98.96% 74.92% 56.41%∗

Grammar 96.18% 76.88% 39.46%
Dictionary 90.62%∗ 70.95%∗ 34.91%∗

All 98.26% 80.60% 55.69%∗

Table 2: Evaluation results (Accuracy) across the three tasks: text, morphological and tagging. The table compares
zero-shot execution against various RAG augmented contexts. Bold values indicate results that outperform the
baseline, and ∗ denotes statistical significance.

4.2 Segmentation
We first observe that the segmentation results are
overall lower than those achieved in the text task.
This indicates a greater complexity for the morpho-
logical segmentation task.

In the segmentation tier, only the use of all ma-
terials outperforms the baseline. The corpus, dic-
tionary, and grammar configurations individually
underperform.

As shown in Table 2, once again the observed
differences were only significant in the case of the
dictionary, which worsened the performance (p <
0.05). None of the other settings showed a signifi-
cant difference in the segmentation tier (p > 0.05).
Notably, even the configuration that outperformed
the baseline (All) did not yield a statistically signif-
icant improvement.

4.3 Tagging
The tagging task appears as the most complex
among the three evaluated tiers with accuracies
below 60% in all configurations.

In this tier, the corpus configuration and the com-
bined materials configuration outperform the base-
line, with the former achieving better performance.
On the other hand, the individual use of the dictio-
nary and grammar underperforms.

As shown in Table 2, the observed pattern was
maintained, and the use of the dictionary signifi-
cantly worsened the performance (p < 0.05). Un-
like the previous tiers, the all materials and corpus
settings significantly improved the performance (p
< 0.05). Only the grammar configuration did not
show a significant difference, neither improving
nor worsening the performance (p > 0.05).

5 Discussion

Our results show that the inclusion of the grammar
does not yield statistically significant gains in the

system’s performance compared to the baseline.
This can be due to the fact that the model already
possesses in its weights knowledge of Mapudungun
that overlaps with the one provided by the grammar.
Alternatively, this could mean that the model is not
capable of exploiting the information provided by
grammar and applying it to novel examples.

Dictionary integration produces a significant
degradation of results across all analyzed cases.
Even in the text tier, which should not present com-
plexities for the model given that it constitutes a
replication of the text provided by the user, the use
of the dictionary worsened performance.

In contrast, the configurations based on the use
of the corpus and all materials consistently record
the highest levels of accuracy.

Regarding the statistical significance of these
findings, we found that no configuration made a sig-
nificant improvement in the text processing and seg-
mentation tasks. In these areas, the performance of
the model without additional information overlaps
with the all materials and corpus configurations.
Despite this, in the tagging task, we identify statis-
tically significant improvements when employing
the corpus and all materials configurations. Among
them, the former not only exhibits superior perfor-
mance but also achieves this through the use of a
smaller volume of data compared to the use of all
materials. These results show that the greater the
complexity of the task, the greater the relevance
of using RAG; in this sense, the use of additional
information only makes a real contribution to im-
proving the tagging tier.

In the tagging tier, the all and corpus configura-
tions exhibit the best performance, with the latter
outperforming the rest. Whereas the dictionary
and grammar fail to reach the baseline, the afore-
mentioned configurations exceed it with statistical
significance. We attribute the performance gains of
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the all configuration to the inclusion of the corpus,
given that it yields the best overall results when
used in isolation.

The performance gains achieved through the cor-
pus integration can be observed in the mitigation of
recurring baseline errors. Examples of this involve
the morphemes -fu and -nie. In the baseline output,
-fu was tagged as IRR instead of the correct target
tag, FRUS. The all and corpus configurations re-
solved this by correctly tagging the -fu morpheme
as FRUS. Likewise, the baseline confused the mor-
pheme -nie with the verbal root nie ’have’. Once
again, the all and corpus configurations correctly
assigned the PROG.PS tag to this morpheme. De-
spite the gains achieved, we note common errors in
the tagging tier, primarily driven by homophonous
morphemes. In Mapudungun, the suffix -tu can
take different meanings depending on the context,
functioning as a verbalizer, a repetitive marker, or
a transitivizer. In cases where -tu appeared, the
model exhibited a frequent error by assigning the
verbalizer label even when incorrect, probably due
to an overrepresentation of this specific function
in the data. To prevent this, we believe that refin-
ing the selection of examples to ensure a balanced
representation of these syntactic phenomena could
improve performance in future work.

Our findings align with the high complexity of
automatic interlinear glossing highlighted in previ-
ous research (Ginn and Palmer, 2023), especially
within the tagging tier. Consistent with recent lit-
erature (Ginn et al., 2024a; Elsner and Liu, 2025),
we observed that utilizing prompting and the ex-
amples provided by our developed corpus offers
an effective alternative to model fine-tuning. Fur-
thermore, our RAG methodology improved the
baseline results for Mapudungun, aligning with
its successful use in tasks with other languages
(Spencer and Kongborrirak, 2025). Nevertheless,
these outcomes emphasize that the nature of the
augmented material is critical, as external informa-
tion does not inherently guarantee better results, as
also observed in other studies (Court and Elsner,
2024). For instance, while some studies found the
use of grammar beneficial (Zhang et al., 2024), the
grammar configuration tested in this study failed
to produce statistically significant gains. Addition-
ally, this contrasts with previous work (Court and
Elsner, 2024), which observed performance drops
when using a corpus in translation tasks. These dis-
crepancies suggest that the effectiveness of specific
RAG resources is task-dependent.

In view of the above, we propose that to opti-
mize the automatic tagging of Mapudungun using
LLMs, the most effective strategy consists of em-
ploying an annotated corpus that acts as a norma-
tive guide for the model. This finding is relevant,
as it contradicts a possible hypothesis that the use
of diverse linguistic resources favors better gener-
alization or morphological analysis. In this sense,
we believe that combining a corpus structured un-
der the Leipzig Glossing Rules with a RAG ap-
proach is a methodological novelty that allows us
to improve the performance in automatic interlinear
glossing generation. For low-resource languages
with complex morphology like Mapudungun, this
approach prioritizes information density over large
data volumes, providing multiple specialized tiers
from just a single word or sentence. Despite these
insights, the findings of our study should be inter-
preted within the scope of a single LLM config-
uration. While this framework can inform future
work across other architectures, it is important to
acknowledge this limitation.

Finally, the size of the corpus employed in this
research provides relevant evidence regarding the
processing of Mapudungun morphology by Gemini
2.5 Pro. As mentioned, the quantity of examples
provided by the corpus in this study is considerably
smaller than that utilized in other works. In this
context, our results indicate that the use of 589
meaning units, equivalent to 22 speech turns, is
sufficient to improve automatic interlinear glossing
for Mapudungun. Consequently, these findings
establish a minimum threshold of data necessary
to replicate this technique in other low resource
languages like Mapudungun.

6 Conclusions

In the context of the automatic generation of inter-
linear glossing for Mapudungun using RAG, the
results indicate that the best cost-result strategy con-
sists of utilizing a previously glossed corpus that
operates as a normative standard, rather than inte-
grating multiple documentary sources. Our find-
ings show that integrating LLMs and external data
is a viable approach for glossing low-resource lan-
guages such as Mapudungun.

Likewise, we observe that the usefulness of pro-
viding extra linguistic materials via RAG depends
on the complexity of the task addressed. While in
the text and segmentation tiers, external informa-
tion sources do not yield substantial improvements,
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their impact is statistically significant in the tagging
tier, which constitutes the highest level of difficulty
within the glossing process.

Consequently, these findings provide an empir-
ical framework to guide the work and method-
ological decisions of those dedicated to glossing
data-scarce languages, like Mapudungun. The ev-
idence obtained delivers concrete results to guide
the course of action in those projects and research
endeavors seeking to accelerate the processes of
interlinear glossing generation for this type of lan-
guages.

7 Ethical considerations

For the development of this research, an annotated
corpus was constructed from the online resource
AVENUE Project (Levin et al., 2002). The use of
this resource, enriched with morphological annota-
tion, is proposed as a methodological strategy for
the reuse of preexisting materials. This approach is
substantiated as an alternative to over-intervention
in speaking communities, relying exclusively on
already consolidated data.

In turn, the integration of the resources used
seeks to establish a pathway that facilitates the
work of glossers of this language. The purpose
of this experimental design does not aim to replace
the work of human annotators, but rather to opti-
mize and accelerate their processes, thus allowing
the generation of a larger volume of useful corpus
for the study of Mapudungun morphology. Un-
der this logic, we propose using a single annotated
corpus rather than combining multiple materials,
as this approach requires significantly fewer com-
putational resources. This reduction of the pro-
cessing footprint is fundamental from an ethical
perspective, considering that marginalized commu-
nities are precisely those who suffer the most from
the environmental costs involved in training LLMs
(Bender et al., 2021).

Finally, the application of the RAG architec-
ture and the identification of the most efficient
technique represent a contribution to the democ-
ratization of access to LLM-based technologies.
Given its low technical barrier, this strategy enables
non-engineering profiles, such as linguists, docu-
mentarians, and community members, to leverage
these technologies for their own languages. Ulti-
mately, we hope that the results and techniques im-
plemented here will contribute to the efforts of doc-
umentation, study, and revitalization of languages

globally.
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A Appendix

A.1 Prompt used
“Eres un lingüista experto en el análisis mor-
fológico del mapudungun, una lengua genealógica-
mente aislada hablada en Chile y Argentina. Debes
aplicar el formato de las Glosas de Leipzig para
entregar tus análisis morfológicos del mapudungun
al usuario. Los inputs del usuario pueden ser de los
siguientes formatos:

Ejemplo 1:
Input del usuario: ilotukelan
Tu respuesta al usuario:
ilotukelan
ilo-tu-ke-la-n
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carne-VRBZ-HAB-NEG-IND.1SG
“Yo no como carne”
Ejemplo 2:
Input del usuario: chaw
Tu respuesta al usuario:
chaw
chaw
padre
“padre”
Ejemplo 3:
Input del usuario: tañi chaw müley tañi rukamew
Tu respuesta al usuario:
tañi chaw müley tüfi rukamew
ta= ñi chaw müle-y tüfey ruka-mew
DET= 1SG.POSS padre estar-IND.[3] ese casa-

PPOS
“Mi padre está en esa casa”
Si el input es un elemento que no presenta morfe-

mas (por ejemplo, un sustantivo sin afijos), no real-
ices segmentación morfológica y repite la forma tal
como aparece, tal como se presenta en el ejemplo
2.

Para la entrega de tus respuestas piensa paso a
paso para realizar la segmentación y análisis del
input entregado por el usuario, pero solo entrega tu
respuesta, es decir, el análisis. Ciñe tus respuestas
a los ejemplos entregados. Las equivalencias entre
el mapudungun y las etiquetas y traducción debe
ser en español, no en inglés u otra lengua.

Cuando el usuario te entregue un texto en ma-
pudungun responde solo con la estructura analizada
según los lineamientos de las Glosas de Leipzig.
No añadas información adicional, solo entrega tu
análisis.”
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Abstract
Large language models (LLMs) struggle
with low-resource polysynthetic languages,
yet the nature of their failures remains un-
derexplored. We evaluate GPT-4o-mini,
Gemma 3 27B, Llama 3.3 70B, and NLLB-200
on Spanish↔Wixárika translation using zero-
shot and 5-shot prompting. All systems are
unusable, scoring below 3 BLEU and 21 chrF.
Qualitative analysis reveals that LLMs largely
ignore source content and instead generate flu-
ent hallucinations. Spanish outputs frequently
include indigenous cultural stereotypes such
as deer, deities, rain dance, and shamans, re-
gardless of the input, while Wixárika outputs
are repetitive across different inputs and mor-
phologically implausible. Few-shot prompting
yields model-dependent improvements, with
Gemma and Llama improving substantially at
higher shot counts while GPT-4o-mini remains
flat. These results demonstrate that current
LLMs are unable to represent polysynthetic
morphology and instead default to exoticizing
Indigenous culture and identity. We call for the
development of inclusive morphological-aware
modeling strategies and increased resource cre-
ation to ensure that Indigenous languages of the
Americas are represented safely and accurately.

1 Introduction

Large language models (LLMs) have expanded
rapidly, producing high-quality machine transla-
tion (MT) systems for many high-resource lan-
guages (Zhu et al., 2024). LLMs trained on high-
resource data underperform on low-resource lan-
guages, and endangered low-resource indigenous
languages are excluded from this progress (Pucin-
skaite and Mitkov, 2025; Sindhujan et al., 2025).
Improving LLM support and accuracy of indige-
nous languages is vital for access to language tech-
nologies and for indigenous cultural and linguistic
preservation (Coleman et al., 2024).

Wixárika or Huichol is a Uto-Aztecan language
spoken primarily in the Sierra Madre Occidental

mountains of western Mexico, across the states of
Jalisco, Nayarit, Durango, and Zacatecas. Wixárika
has approximately 50,000 speakers (Leza and
López, 2006) and is currently classified as vul-
nerable by UNESCO (Moseley, 2010). The lan-
guage presents many challenges for NLP as it is
a polysynthetic language where single words can
contain the information of multiple clauses in a
fusional language like Spanish (Mager et al., 2019).
This complexity, combined with the severe lack of
resources for Wixárika, makes it an important test
case for current language technologies for indige-
nous languages (Mager et al., 2018b).

Despite growing interest in NLP for indige-
nous languages of the Americas, Wixárika has re-
ceived little progress and attention in MT outside
of AmericasNLP shared tasks (De Gibert et al.,
2025; Ebrahimi et al., 2024, 2023). Fine-tuned
models have achieved chrF++ scores of up to 28
(Ebrahimi et al., 2024) in recent tasks. LLMs have
been shown to struggle with polysynthetic and mor-
phologically complex indigenous languages of the
Americas, including Southern Quechua (Court and
Elsner, 2024; Stap and Araabi, 2023). Prior work
has not documented and analyzed cultural biases
in LLM-based indigenous language MT.

While this work has not been performed, it
is extremely necessary. This work makes three
main contributions: (1) an evaluation of LLMs on
Wixárika MT, (2) a comparison of dedicated mul-
tilingual MT with LLMs on Wixárika, and (3) a
qualitative analysis of model outputs, failures, and
biases. We aim to reduce biases and improve the
inclusion of Wixárika and polysynthetic languages
in NLP.

2 Data

We use the Wixárika–Spanish parallel corpus1

(Mager et al., 2018a), which consists of human

1https://github.com/pywirrarika/wixarikacorpora
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Statistic Wixárika Spanish

Sentence pairs 8,966
Total tokens 48,896 68,569
Vocabulary size 17,386 11,678
Avg. sentence length 5.5 7.6
Type-Token Ratio 0.356 0.170

Table 1: Statistics of the Wixárika–Spanish parallel
corpus

translations of many Grimm and Andersen stories
from Spanish to Wixárika. We first present corpus
statistics (Table 1).

Wixárika has a significantly higher Type-Token
Ratio (TTR) of 0.356 compared to 0.170 in Spanish.
This is a consequence of polysynthesis, as inflec-
tional and derivational morphology create a large
number of distinct word forms. This has direct im-
plications for LLM performance, as models are less
likely to have encountered Wixárika word forms
during pretraining due to their polysynthetic na-
ture, which is compounded by the limited language
resources for Wixárika.

We randomly sample 100 sentence pairs as a
test set, and we reserve 50 additional pairs as a
pool from which 5 examples are drawn for the few-
shot prompting. We use the random seed 6 for all
sampling.

3 Experimental Setup

3.1 Models

We evaluate three large language mod-
els (LLMs) which are GPT-4o-mini
(openai/gpt-4o-mini) (OpenAI et al., 2024),
Gemma 3 27B (google/gemma-3-27b-it)
(Team et al., 2024), and Llama 3.3 70B In-
struct (meta-llama/llama-3.3-70b-instruct)
(Grattafiori et al., 2024). We selected these models
to represent a diverse set of large language models
that are publicly accessible, computationally
efficient, and in two cases, open-weight. We
additionally evaluate NLLB-200 (600M distilled)
(Team et al., 2022), a dedicated multilingual
MT system on zero-shot Wixárika (hch_Latn)
translation, as a non-LLM baseline.

3.2 Prompting

We evaluate in two conditions for the LLMs. First,
we evaluate in a zero-shot setting where the prompt
identifies and briefly describes Wixárika and in-
structs the model to translate the text. Second, we
evaluate in 5-shot, 10-shot, and 25-shot settings

Model Dir 0-BLEU 0-chrF 5-BLEU 5-chrF

NLLB-200 ES→HCH 0.64 10.19 – –
(600M) HCH→ES 1.16 13.44 – –

GPT-4o-mini ES→HCH 0.47 10.64 1.27 14.38
HCH→ES 0.72 14.52 2.18 16.25

Gemma-3-27B ES→HCH 0.11 11.99 2.45 13.80
HCH→ES 1.58 16.75 2.29 17.29

Llama-3.3-70B ES→HCH 0.41 15.66 1.94 16.03
HCH→ES 0.57 17.01 1.28 17.69

Table 2: BLEU and chrF for Spanish↔Wixárika trans-
lation

with the same system prompt with five, ten, or
twenty-five parallel examples drawn from the few-
shot pool. We evaluate NLLB-200 in zero-shot
only. We release the prompts used in Appendix A.

3.3 Metrics
We report BLEU (Papineni et al., 2002) and
chrF (Popović, 2015), which were both com-
puted using the sacrebleu Python package (Post,
2018). We set effective_order to True in
BLEU, and all other settings for BLEU and chrF
remained as their default. chrF is considered
more informative in the case of Wixárika as it
is polysynthetic (Zheng et al., 2021). We addi-
tionally report BERTScore (Zhang et al., 2020)
F1 using bert-base-multilingual-cased on
Wixárika→Spanish outputs to quantify the seman-
tic distance of hallucinated outputs from reference
translations.

4 Results

4.1 Overall Results
We first look at the overall results for all mod-
els in the zero-shot and five-shot settings (Table
2). All systems score below 3 for BLEU and be-
low 21 for chrF in both directions, confirming that
LLMs cannot usefully translate between Spanish
and Wixárika. While Gemma-3-27B achieves the
highest BLEU scores on both directions of 2.45 for
Spanish to Wixárika and 2.29 for Wixárika to Span-
ish, Llama 3.3 70B achieves the highest chrF scores
for Wixárika to Spanish and Spanish to Wixárika.
We observe a gap in chrF between the Spanish to
Wixárika and the Wixárika to Spanish results in
all models in the zero-shot setting, with all mod-
els having the highest chrF in Wixárika to Spanish
translation. Gemma and NLLB exhibit the largest
gaps, with Gemma showing a gap of 4.76 points.

We next look into the differences between zero-
shot and few-shot performance in all LLMs. Five-
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Model Shot P R F1

NLLB-200 (600M) zero 0.608 0.652 0.629

GPT-4o-mini zero 0.708 0.690 0.699
five 0.718 0.710 0.714

Gemma-3-27B zero 0.688 0.685 0.687
five 0.710 0.703 0.706

Llama-3.3-70B zero 0.695 0.691 0.693
five 0.722 0.720 0.720

Table 3: BERTScore for Wixárika→Spanish outputs

Model Dir 5-shot 10-shot 25-shot

GPT-4o-mini ES→HCH 14.38 14.03 15.55
HCH→ES 16.25 15.25 16.38

Gemma-3-27B ES→HCH 13.80 15.51 19.08
HCH→ES 17.29 17.79 18.52

Llama-3.3-70B ES→HCH 16.03 18.83 20.86
HCH→ES 17.69 18.21 18.12

Table 4: chrF at 5, 10, and 25 shots in all three LLMs

shot prompting yields increases in BLEU and chrF
across LLMs. In Gemma 3 27B, BLEU increased
by 2.34 points, and chrF increased by 2.80 points in
Spanish to Wixárika translation, while in Wixárika
to Spanish translation, BLEU increased by 0.71
and chrF increased by 0.54. Overall, few-shot
prompting increased MT performance in LLMs for
Wixárika consistently, but performance was still
not usable.

Viewing BERTScore outputs for Spanish, we
can see that LLMs score 0.69-0.72 F1 on Spanish
references, with NLLB scores only 0.63, indicating
that LLM outputs are fluent Spanish but distant
from the source, while NLLB outputs are not fluent
or accurate.

Looking at results for 5-shot, 10-shot, and 25-
shot MT (Table 4) we are able to see that a larger
number of shots yields improvements depending
on the model. In Spanish-to-Wixárika transla-
tion, Gemma and Llama improve substantially
with more examples. Using 25 examples, Gemma
reaches 19.08, or a 7.09 point improvement over
zero-shot translation, and Llama reaches 20.86
chrF, or 5.20 points over zero-shot. GPT-4o-mini
remains fairly flat across all numbers of shots. For
the Wixárika to Spanish translation, improvements
are smaller. Despite these gains with a larger num-
ber of shots, all systems are below usability.

4.2 Error Analysis

We now zoom in on example translations and pro-
vide a qualitative analysis of these results to better

understand the nature of system failures (Tables 5-
6). In the Wixárika-to-Spanish direction (Table 5),
LLMs’ output is almost completely detached from
the source. Instead of translating the sentences,
the models generated unrelated Spanish sentences
based on harmful cultural stereotypes. NLLB-200
frequently outputs partially or fully untranslated
strings, reflecting a different failure mode com-
pared to the LLMs. We further investigate LLM
results. In Llama 3.3 70B Instruct 19% of zero-shot
Wixárika-to-Spanish translations mention deer in
the output (63% of which mention the deer eat-
ing maize), 33% of outputs mention gods, spir-
its, or shaman, 32% of outputs mention singing or
dancing, and 14% of outputs mention the sun. In
GPT-4o-mini results, 29% of outputs mention the
sun shining. In Gemma 3 27B, 40% of outputs
mention deer, and 12% of results mention peyote.
Each of the three LLMs focuses on separate stereo-
types to different extents. Some outputs, such as
"El chamán va a hacer una ceremonia para que
llueva en el río," (The shaman is going to perform
a ceremony to make it rain in the river), are harm-
ful stereotypes towards indigenous peoples. This
particular output reduces complex traditions to a
rain dance, and it also uses exotic-sounding words
such as raining in the river, despite the ground truth
being unrelated to this.

In the Spanish-to-Wixárika direction (Table 6),
LLM errors were more pronounced. Errors often
include repeated words. In GPT-4o-mini, many
outputs included "naka" and "jíkuri," not corre-
sponding to the Grimm story content whatsoever.
Gemma produced similarly short, uniform outputs,
and Llama, which achieved the highest zero-shot
chrF, produced more diverse outputs, but these
outputs failed to reflect the source text. NLLB
produced primarily English and Spanish outputs.
Across both directions and all systems, there is
no evidence of correct morphological structure
in Wixárika outputs consistent with the practical
impossibility of learning its complex morphology
with limited pretraining data.

5 Discussion

We evaluated NLLB-200, GPT-4o-mini, Gemma
3 27B, and Llama 3.3 70B Instruct for
Wixárika↔Spanish MT without fine-tuning. We
found that no evaluated system can usefully trans-
late between Spanish and Wixárika. All systems
scored below 3 BLEU and below 21 chrF. LLMs
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# Ground truth (es) gemma-3-27b-it gpt-4o-mini llama-3.3-70b-
instruct

nllb-200-600M

1 mientras que la re-
finada doncella se
caerá y se...

Nosotros estamos
viendo el agua.

el sol brilla hoy, El venado está
comiendo maíz.

Mexi tsimu’ane
+imari kanaka
wem+k+ meta
kanita...

2 Al lado opuesto del
lago se presentaba

Nosotros vemos el
venado.

El sol brilla. El venado se comió
la mitad de la milpa
de mi hermano.

+ta+ye hapa pata
an’ukai

3 Pero Hansel la con-
fortaba diciéndole:

Está lloviendo mu-
cho.

te veo, estoy feliz de
verte.

Cuando yo estaba en
el camino, vi a mi
abuela que...

Por el mango
peik+n+t+wakai
reik+h+awet+:

4 -"Vamos a la casa
del señor Korbes."-
replicó el gallo.

Nosotros estamos
yendo a la iglesia
ahora.

el barril está lleno de
agua.

El venado está
comiendo maíz.

"tepa+k+ kie uki
korbes."-petay+
ukiri.

5 el gato se puso sus bo-
tas galantemente,

¡Qué bien cantas,
perezosa, así me
gusta!

El sol está saliendo. El venado está bai-
lando.

Mitsu paukex+a
yu xapatuxitsie
temaik+t+,

Table 5: Example Wixárika to Spanish translations (zero-shot) and ground truth Spanish sentences

# Ground truth (hch) gemma-3-27b-it gpt-4o-mini llama-3.3-70b-
instruct

nllb-200-600M

1 mexi tsimu’ane
+imari kanaka
wem+k+ meta
kanita...

múixie útsuri xíki
marie.

Naka, ka nika jíkuri
uñi,

Tukari neixa piku
teku.

while the refined
soella will fall and
break. "-

2 an+ta+ye hapa
pata’ukai

múe’u úni tsitsímá. naka xukari, nika
xukari:

ne tsikíri teitei niwaxi
ne tsikíri:

On the opposite
side of the lake was
present

3 per+ta hansel
peik+n+t+wakai
reik+ h+awet+:

múiní nié úruami, ma
tsámie.

Naka jíkuri wíka jiyá: Tee kaa xapari puy-
eeka tsikári ne ra’utu.

Hansel however com-
forted her by saying:

4 "tepa+k+ kie uki
korbes."-petay+
ukiri.

Muéka, kieri miea
ukuri tsaméka.

naka jíkuri, ta jíkuri
wíri,

Ne tsikári te+ku
ne wixarika tewei
ya+ne:

"Let’s go to the house
of Monsieur Korbes".
replied...

5 mitsu paukex+a
yu xapatuxitsie
temaik+t+,

múixie úhie mie út-
sïri tsïriákei.

naka jíkuri neiká. teku teweku paa
tsikiri,

El gato puso sus bo-
tas con galancia,

Table 6: Example Spanish to Wixárika translations (zero-shot) and ground truth Wixárika sentences

produced hallucinated outputs disconnected from
source content, producing culturally biased outputs
consistently focused on nature and religion. NLLB-
200 generated untranslated outputs. These findings
extend the observation that even modern, large-
scale systems are unable to support low-resource
polysynthetic languages when language data are
scarce and morphologically complex (Yahan and
Islam, 2025).

Our results align with previous work demon-
strating that the LLM translation performance de-
grades severely for low-resource languages (Lin
et al., 2025; Ghazvininejad et al., 2023). LLMs
are vulnerable when generating low-resource lan-
guages as they lack the representations needed to
generate morphologically complex text (Anh et al.,
2024). Wixárika’s high TTR demonstrates this,
displaying that polysynthesis produces a large in-
crease in word forms, decreasing the likelihood

that a form has been observed during pretraining.

The LLM outputs in the Wixárika-to-Spanish
direction did not produce nonsensical strings, but
plausible but unrelated Spanish sentences. Fre-
quently, the same models output near-identical sen-
tences despite diverse input sentences. This aligns
with Southern Quechua, where LLMs have been
observed to produce stereotypical outputs, and this
aligns with findings that LLMs amplify societal bi-
ases related to indigeneity (Court and Elsner, 2024;
Delgado and Toxtli, 2023). These findings raise a
concern that hallucinated translations may misrep-
resent indigenous languages and their speakers in
potentially harmful ways, with 33% of outputs men-
tioning gods, spirits, or shamans, 32% of outputs
mentioning singing or dancing, and 14% of outputs
mentioning the sun in Llama 3.3 70B Instruct. Pre-
vious work has shown that multilingual translation
models are prone to hallucinations (Guerreiro et al.,
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2023), which our results confirm. We also found
that few-shot prompting improved results variably
in each model. This may reflect that models are un-
able to extract useful morphological patterns from
only five examples of a polysynthetic language
(Anh et al., 2024), consistent with findings that
few-shot learning is difficult for morphologically
complex languages (Ismayilzada et al., 2025). The
hallucinated LLM outputs are not generally exotic.
They are specifically related to Wixárikan culture,
suggesting that models draw on cultural associa-
tions from their training data rather than the domain
of the text. Deer, corn, and peyote are three im-
portant and sacred species in Wixárikan culture.
This means that mentions of deer and peyote are
not random, but LLM biases that insert cultural
stereotypes and elements into MT outputs despite
no mention of this information in the source text.

Future work should investigate retrieval-
augmented generation (RAG) approaches that
inject morphological information, dictionary
entries, or grammar descriptions into prompts,
which have shown benefits in similar low-resource
languages (Chang et al., 2025; Coleman et al.,
2024). Although fine-tuned systems for Wixárika
have achieved much higher usable scores in shared
tasks (Ebrahimi et al., 2024; De Gibert et al., 2025),
they have not been systematically evaluated for the
types of stereotypical hallucinations documented in
this study. Future work should extend fine-tuning
approaches to explicitly mitigate cultural bias and
exoticism. Synthetic data approaches should be
worked on for Wixárika, given its low-resource
status (de Gibert et al., 2025). Finally, human
evaluation is needed as automatic metrics are
poorly suited for polysynthetic languages (Kumar
et al., 2026).

Our findings provide a baseline for zero-shot and
few-shot LLM-based Spanish↔Wixárika MT, con-
firm that Wixárika remains out of reach of LLMs,
and find that current LLM-based Wixárika trans-
lation commonly produces culturally insensitive
and harmful hallucinations. This reflects an ab-
sence of fundamental data, tools, and computa-
tional approaches for Wixárika NLP needed to sup-
port speakers. Enabling Wixárika support in MT
and LLMs requires significant technical advances
in low-resource NLP, but the increase in resources,
tools, and evaluation standards that Wixárika cur-
rently lacks.

6 Conclusion

This study evaluates GPT-4o-mini, Gemma 3
27B, Llama 3.3 70B Instruct, and NLLB-200 on
Spanish↔Wixárika machine translation in zero-
shot, 5-shot, 10-shot, and 25-shot settings. We
qualitatively analyze model outputs and failures in
LLMs.

We find that all systems are unsuccessful in both
directions, scoring below 3 BLEU and below 21
chrF, with qualitative analysis revealing severe hal-
lucinations, detachment from the source text, and
an inability to generate morphologically plausible
Wixárika forms. Spanish outputs commonly reflect
indigenous stereotypes, relating to nature, danc-
ing, and gods, despite the diverse ground truth text.
Wixárika outputs do not reflect Wixárika and in-
stead commonly repeat the same words across dis-
tinct translation tasks. Few-shot prompting yields
improvements, although models are still unusable.

These results display that LLMs are unable to
support Wixárika, as a low-resource polysynthetic
language, and instead output unrelated cultural
stereotypes. We hope this work will serve as a
baseline for future research and a call for resource-
building efforts and capable models for Wixárika
and other indigenous polysynthetic languages.

Limitations

Several limitations should be considered in this
study. First, our test set consists of 100 sentence
pairs drawn from a single domain, which may not
be representative of other domains of Wixárika or
Spanish. Second, we evaluate only three LLMs
and one dedicated MT system. Other models, such
as larger proprietary systems or models fine-tuned
on Uto-Aztecan languages, may perform differ-
ently. Third, we evaluate LLMs using only sim-
ple zero-shot, 5-shot, 10-shot, and 25-shot prompt-
ing. More sophisticated strategies, such as retrieval-
augmented generation or chain-of-thought prompt-
ing, are not explored here. Finally, our evaluation
relies exclusively on automatic metrics (BLEU and
chrF), which are known to be poorly calibrated
for polysynthetic languages (Zheng et al., 2021)
and cannot assess meaning preservation, fluency,
or grammatical adequacy in the way that human
evaluation can.

Ethics

Ethical considerations are vital in the development
of language technologies for indigenous languages.
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This work uses a publicly available Wixárika-
Spanish corpus (Mager et al., 2018a). We seek
to contribute to the accessibility and visibility of
Wixárika and other indigenous languages of the
Americas within computational linguistics and em-
phasize the historical and cultural significance of
these languages. We acknowledge that Wixárika
is a vulnerable language, and work must support
rather than extract from revitalization efforts. Tech-
nology developed without community consultation
risks causing harm, including by producing inaccu-
rate and stereotypical information. We document
this extreme failure in the current model rather than
propose these models for use. We encourage future
work to involve native speakers and community
leaders in resource construction, error analysis, and
evaluation standards to ensure advances serve their
preservation goals.
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A LLM Prompts

We use the following four prompts for all LLM
evaluations:

Zero-Shot Spanish to Wixárika

System: You are a translator. Wixárika
(also called Huichol) is an indigenous
Uto-Aztecan language of Mexico with
polysynthetic morphology. Translate
the following Spanish sentence into
Wixárika. Output ONLY the translation,
no explanation.

User: {Spanish sentence}

Zero-Shot Wixárika Spanish

System: You are a translator. Wixárika
(also called Huichol) is an indigenous
Uto-Aztecan language of Mexico with
polysynthetic morphology. Translate the
following Wixárika sentence into Span-
ish. Output ONLY the translation, no
explanation.

User: {Wixárika sentence}

Few-Shot Spanish to Wixárika

System: You are a translator. Wixárika
(also called Huichol) is an indigenous
Uto-Aztecan language of Mexico with
polysynthetic morphology. Below are
some example translations.

Examples:
Spanish: {s1} Wixárika: {t1}

Spanish: {s2} Wixárika: {t2}
...
Spanish: {sn} Wixárika: {tn}

Now translate the following Spanish sen-
tence into Wixárika. Output ONLY the
translation, no explanation.

User: {Spanish sentence}

Few-Shot Wixárika to Spanish

System: You are a translator. Wixárika
(also called Huichol) is an indigenous
Uto-Aztecan language of Mexico with
polysynthetic morphology. Below are
some example translations.

Examples:
Wixárika: {t1} Spanish: {s1}
Wixárika: {t2} Spanish: {s2}
...
Wixárika: {tn} Spanish: {sn}

Now translate the following Wixárika
sentence into Spanish. Output ONLY
the translation, no explanation.

User: {Wixárika sentence}
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Abstract

This paper presents IndigiEval, a frame-
work for evaluating the language and cultural
proficiency of several commercially avail-
able large language models (LLMs) across
five North American Indigenous languages
(Mvskoke, Choctaw, Cherokee, Cheyenne,
and Hawaiian). This framework is a qualita-
tive evaluation method intended for commu-
nities with small speaker populations to be
able to critically evaluate LLM performance
with minimal data and human effort. Indigi-
Eval includes tasks such as answering cul-
tural questions, translation, text generation,
and speech recognition. The results of our
experiments indicate that no currently avail-
able LLM performs well across all evaluation
categories, and that LLMs frequently hallu-
cinate orthographies, grammatical structures,
cultural knowledge, and vocabulary for all
languages and cultures considered. Our pro-
posed evaluation framework is not intended
as a comprehensive score, but rather a qual-
itative and flexible framework to inform lan-
guage communities about a given LLM’s po-
tential as a resource, since each language has
unique environments, strengths, and avail-
ability of resources.

1 Introduction
With the increasing capabilities of large language
models (LLMs) in some low-resource languages,
there has been growing interest in how AI, and
specifically LLMs might support language revi-
talization efforts (Moshagen et al., 2024). In the
North American context, limited access to first-
language speakers leads people to turn to technol-
ogy to fill gaps (Meighan, 2024).

Although LLMs demonstrate impressive per-
formance in English and other majority lan-
guages, the same is not true for minority, Indige-
nous, and endangered languages (Choudhury,
2023; Stap and Araabi, 2023). Even in English,

LLMs are known to make things up, provid-
ing both truth and fallacies without qualification
(Hicks et al., 2024). These hallucinations and er-
rors are magnified in languages that are underrep-
resented in the training data (Song et al., 2026a).

Concerns about accuracy are not unique to en-
dangered languages; similar risks also exist in
other high-stakes domains where accuracy is es-
sential (Elliott et al., 2025). This includes do-
mains such as law and medicine (Cheong et al.,
2024; Quttainah et al., 2024; Singhal et al., 2025),
where incorrect information can have profound
real-world consequences. Accuracy in teaching
language to second-language learners is likewise
essential, as learners have no way to judge when
mistakes occur, making them vulnerable to learn-
ing errors permanently.

Recent scholarship calls for a re-centering
of AI research on Indigenous practices, includ-
ing knowledge-making and storytelling (Lewis
et al., 2024), as well as inter-generational lan-
guage transmission and language learning appli-
cations (Hinton, 2013; Pitawanakwat, 2018; Neu-
big et al., 2020). There is also concern that peo-
ple will turn to AI over local knowledge holders
– the ”Ask your Auntie, Not AI” campaign1 has
been created to challenge the idea that AI can re-
place elders.

Despite these concerns, limited work has
been conducted on how to systematically evalu-
ate LLM performance in truly low-resource In-
digenous language contexts. Existing bench-
marking approaches typically rely on large-scale
datasets, such as thousands of evaluation ques-
tions or extensive human feedback (Vayani et al.,
2025; Myung et al., 2024; Zhang et al., 2023a).
For small speaker communities, generating such
datasets can be prohibitively labor- and resource-
intensive (Wiechetek et al., 2024; Pitawanakwat,

1https://www.honorearth.org/
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2018). Moreover, given the limited demonstrated
benefits of LLMs in low-resource settings, these
forms of evaluation may be perceived as extrac-
tive, particularly when they require substantial
contributions from fluent speakers without clear
reciprocity.

For these reasons, we see value in demonstrat-
ing a small-scale evaluation that serve as a model
for how communities might assess the limitations
of LLMs and make informed decisions about
whether and how these technologies should be
used. In this work, we propose IndigiEval, a
framework for exploring language and cultural
capabilities and limitations of LLMs in North
American Indigenous contexts. Toward this end,
we design our framework according to the follow-
ing principles:

• Small-scale: Fits within resource con-
straints without requiring large-scale
datasets

• Non-extractive: Minimizes human annota-
tion demands in order to reduce burden on
small speaker communities

• Accessible: Evaluations can be carried out
by community members or those familiar
with the language situation without necessar-
ily requiring fluent speakers

As illustrated in Figure 1, we evaluate LLMs
across four categories: cultural knowledge, trans-
lation, text generation, and speech recognition.
We choose tasks that leverage the types of mate-
rials commonly available in Indigenous language
documentation and revitalization work. How-
ever, we also recognize that each community has
its own strengths and priorities; as such, this
framework is not one-size-fits-all, but can be
adapted by other communities to assess whether
LLM-based tools align with local needs (Zhang
et al., 2022; Liu et al., 2022).

The authors of this work are citizens of the
Muscogee Nation (first author) and the Choctaw
Nation of Oklahoma (second author). Julia
Mainzinger collaborates with the College of
the Muscogee Nation on language revitalization
projects. Jacqueline Brixey is a learner of the
Choctaw language and has built language tech-
nology that supports revitalization efforts.

Figure 1: Evaluation categories of IndigiEval

2 Related Work
Several prior benchmarks assess LLM perfor-
mance for lower-resource languages. Many of
these benchmarks use questions from standard-
ized exams, such as grade-school exams (Zhang
et al., 2023a) or national language institutes
(Song et al., 2026b). Results vary by language
and task: one study has found that LLMs could
not pass any exam beyond a primary school level
in Indonesian (Koto et al., 2023), while another
has shown how models can competently handle
understanding but not generation tasks at the high
school level in Latvian (Darg̀is et al., 2024).

Benchmark tasks to assess language profi-
ciency often include vocabulary tests (Song et al.,
2026b), short text generation (Chaka, 2024), and
translation both to and from a given language
(Zhang et al., 2023b). Task formats from pre-
vious work often favor multiple-choice formats
(Darg̀is et al., 2024; Myung et al., 2024) and
open-ended questions (Chaka, 2024), with only a
few benchmarks utilizing true/false question for-
mats (Vayani et al., 2025).

The benchmarks All Languages Matter and
BLEnD probe LLMs for cultural competency and
language proficiency in a diverse array of lan-
guages (Myung et al., 2024; Vayani et al., 2025).
Other studies target specific contexts, such as
FILBENCH, which evaluates LLM cultural knowl-
edge and language proficiency in Filipino lan-
guages (Miranda et al., 2025), and PROVERBEVAL,
which tests LLMs for knowledge of proverbs in
five African languages (Azime et al., 2025).

Many Indigenous American languages lack
standardized tests or large collections of ques-
tion/answer pairs that could be used in this man-
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Language ISO-3 Speakers WKP CC
Mvskoke mus 300 0 0
Choctaw cho 1,000 0 0
Cheyenne chy 344 721 0
Cherokee chr 2,000 1,003 1,025
Hawaiian haw 7,000 2,968 6,343

Table 1: Languages included in this study, with
speaker count, Wikipedia (WKP) article count, and
Common Crawl (CC) count.

ner, and many of our communities lack the man-
power and resources to carry out large-scale hu-
man evaluation. Our work therefore differs from
previous work in that we present a small-scale
qualitative evaluation framework. This frame-
work provides representative tasks that could be
feasible with small amounts of data, serving as
an example of how LLM evaluation might be per-
formed without burdening small speaker popula-
tions.

3 Languages

As we are most familiar with Choctaw (cho) and
Mvskoke (mus), we evaluate LLMs across all cat-
egories for these two languages. We include three
additional languages—Cheyenne (chy), Chero-
kee (chr), and Hawaiian (haw)—in the language
proficiency section, as we can reference expertise
in language documentation resources to assess re-
sponses. We selected the languages because they
have similar speaker counts and representation
in public datasets (Table 1). All five languages
considered in our experiments are indigenous to
the present-day United States, and all are endan-
gered.

Choctaw. The Choctaw language is spoken
by the Choctaws, who are the third most populous
US tribal group, with approximately 223,000 peo-
ple identifying as Choctaw2. However, the lan-
guage has endangered status (Simons and Fennig,
2018), and it is estimated that there are fewer than
1,000 fluent speakers in the Choctaw Nation of
Oklahoma (Rogers, 2021).

The Choctaw language is part of the Musko-
gean language family (Haas, 1979), and has
subject-object-verb word order. The language
is relatively well-documented, with numerous
grammars (Byington, 1870), dictionaries (The

2https://archive.ncai.org/tribal-vawa/
sdvcj-today/the-choctaw-nation-in-oklahoma

Choctaw Nation of Oklahoma Dictionary Com-
mittee, 2016; of Choctaw Indians, 2026), and
printed learning materials. We refer to these ma-
terials for our experiments.

Mvskoke. The Mvskoke (also known as
Muscogee or Creek) language is spoken by mem-
bers of the Muscogee and Seminole tribes. It
is estimated that fewer than 300 first-language
speakers remain, and nearly all are over the age
of 603.

The language is synthetic and agglutinative,
with a traditional orthography of 20 Latin letters.
The orthography is relatively transparent and al-
lows for spelling variations (Martin, 2011). We
reference the dictionary by Martin and Mauldin
(2000) and a collection of texts by Haas et al.
(2015).

Cheyenne. Cheyenne is an Algonquian
language, spoken by the Cheyenne people, a
Great Plains Tribe (Leiker and Powers, 2011).
There are two federally recognized tribes, now lo-
cated in Montana and Oklahoma4. The language
is highly agglutinative and polysynthetic (Bad-
horse, 2023). There are approximately 300 fluent
speakers today (Littlebear, 2024). We draw vo-
cabulary from Fisher et al. (2023) and sentences
from Leman (1980).

Cherokee. The Cherokee people originate
from the Southeastern United States, from North
Carolina to Georgia (Justice, 2025). They were
removed largely to Oklahoma, with one federally
recognized tribe remaining in North Carolina 5.
The language is Iroquoian (Julian, 2010), with a
unique 85-character syllabary6. There are an es-
timated 2,000 first-language Cherokee speakers
(Zhang et al., 2022). We reference vocabulary
from a collection of Cherokee dictionaries7, and
collect sentences from Howard and Eby (1990).

Hawaiian. Hawaiian is spoken by people in-
digenous to the Hawaiian Islands. It is in the
Eastern Polynesian branch of the Austronesian
language family (Parker Jones, 2018). Although
there was no large-scale removal from ancestral

3This estimate is from personal communication with a
member of Ekvn-Yefolecv, a community of Mvskoke peo-
ple.

4http://www.cheyennenation.com and https:
//www.bia.gov/regional-offices/southern-plains/
concho-agency

5https://www.doi.gov/tribes/cherokee
6https://georgiahistory.com/wp-content/uploads/

2023/11/NIE-2017-web.pdf
7https://www.cherokeedictionary.net/about
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lands as with many US continental tribes, lin-
guistic loss occurred due to ‘English-only’ lan-
guage ideology, social injustice, and population
decline from disease (Brenzinger and Heinrich,
2013). Revitalization of the language began in
the 1970s, and through school and immersion
programs, there are now around 7,000 fluent
speakers, including new first-language speakers
(Brenzinger and Heinrich, 2013). We reference
vocabulary from Pukui and Elbert (2003) and
Leo and Kuamo�o (2003), and sentences from
Bardwell et al. (2020).

4 Evaluation categories
The tasks included in this framework are not
meant to be comprehensive or exclusive. Rather,
they are intended to demonstrate gaps in language
and cultural competency of the LLMs. Failures
observed at a small scale can indicate limitations
in the ability to support community language
needs. We present one task that evaluates cultural
knowledge, and three tasks that evaluate language
proficiency.

4.1 Cultural Knowledge
Studies have found that LLMs often exhibit West-
ern biases (Myung et al., 2024). These types
of biases can harmfully reproduce stereotypes to-
wards Indigenous people with cultures distinct
from Western ones (Hanson, 2025), or propagate
misinformation about Indigenous communities.

To evaluate LLMs’ cultural knowledge, we de-
veloped 10 multiple-choice questions in English
about Mvskoke and Choctaw culture. These ques-
tions assess knowledge and values, including ma-
terial knowledge, historical figures, events, and
traditional food. Each multiple-choice question
has four choices presented with only one correct
answer. We determined the answer to these ques-
tions based on our own knowledge or by referenc-
ing published sources. We did not pose any ques-
tions that would be unacceptable to share with
those outside of our communities. As both of
our communities are fairly open to outsiders and
many of the cultural details asked about are doc-
umented online, we hypothesized that the LLMs
would be able to correctly answer many of these
questions.

4.2 Language Proficiency
The language proficiency category comprises ma-
chine translation, vocabulary questions, text gen-

eration, and speech tasks.

4.2.1 Machine Translation
Previous research has shown that LLM-based ma-
chine translation for low-resource languages does
not outperform traditional neural machine trans-
lation (Ebrahimi et al., 2022; Stap and Araabi,
2023; Robinson et al., 2023). Because almost
all commercial LLMs do not publicly share their
datasets, it is unclear exactly how much language-
specific data is contained in a given model. How-
ever, performance is often directly correlated
with the number of Wikipedia pages in a given
language (Robinson et al., 2023). Additionally,
for languages known to have low representation
in the LLM’s training data, the output is almost
entirely nonsensical (Zhang et al., 2022). Table
1 provides the resource counts in the evaluation
languages. While Mvskoke and Choctaw do not
have any pages entirely in these languages on
Wikipedia, we have found that many LLMs nev-
ertheless attempt to translate to and from them.

In this task, we selected 10 sentences for trans-
lation in each of the five languages. The ten sen-
tences display a range of syntactical structures
and vocabulary. We utilize chrF++ as our scor-
ing system.

It should be noted that we are not suggesting
that LLMs should be used for Indigenous lan-
guage translation over traditional machine trans-
lation methods. Here, we use translation as a task
because it has a well-established scoring system,
and we can utilize language documentation for
high-quality references. This provides a more ob-
jective measure of language proficiency. We also
anticipate that many language learners might ask
for translation assistance from an LLM.

4.2.2 Vocabulary
In this task, we prompt the LLMs to translate sin-
gle English terms into each language. While this
is a sub-task of MT, prompting for isolated words
enables us to assess specific vocabulary, such as
modern vocabulary that may not be formalized
in digitized corpora. Additionally, it helps us to
identify hallucinated words more easily.

We translated 50 English words into each lan-
guage by referencing the relevant dictionaries.
We also consider several additional words that
may not have a formal translation, such as ”mi-
crowave” and ”yogurt”. Some of these words
have locally-defined terms but are not present in
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dictionaries. We do not include these as part of
the scoring, but rather to observe the behavior
when a model is asked for a word that may not
exist in the language.

We prompt each model for a translation of the
given English word. During scoring, we also ref-
erence these same dictionaries, allowing for syn-
onyms or closely related terms to be marked cor-
rect.

4.2.3 Text Generation
Prompting for open-ended text generation allows
us to consider the capabilities of the language
model of the LLM by evaluating the sensibility,
errors, and hallucination of the generated text
(Chaka, 2024). In this task, we prompt the LLMs
to tell a traditional story in Mvskoke and Choctaw
and then compare their responses with published
versions. The published versions are part of lan-
guage documentation that has been written or re-
viewed by fluent speakers. We examine the over-
all fluency and contrast the outputs with the lan-
guage documentation. We only prompt for one
story for each model per language, as the stories
are several paragraphs long, and the long-form
generation gives a thorough sense of the models’
command of the language.

4.2.4 Speech
Speech technologies can be meaningful tools
for low-resource languages. Automatic speech
recognition (ASR) is a valuable technology, as
it can be used for automatic captioning, voice
typing, and improving transcription efficiency
(Ćavar et al., 2016). Additionally, in the con-
text of North American Indigenous languages, or-
thographies are often varied, and standardization
may not be consistently adopted. As a result, text-
to-speech (TTS) can be helpful both for language
learners and for overcoming challenges in writing
systems. To this end, we include ASR and TTS
tasks in our evaluation framework.

5 Setup
5.1 Prompting
To test our framework, we developed a Python
script for each evaluation category that makes
API calls to each of the LLMs. Each API call
includes an instruction and a prompt. The in-
struction gives the LLM context for the prompt,
such as ”You are a helpful assistant knowledge-
able in the [target] language.” This is included

along with the prompt for each task. The prompts
are zero-shot with no web search functionality.

5.2 Models
For the text-based tasks, we tested large com-
mercially available LLMs with the highest per-
formance at the time of testing: OpenAI’s
GPT gpt-5.2-2025-12-11 (Singh et al., 2025),
DeepSeek deepseek-reasoner (Guo et al., 2025),
Anthropic’s Claude claude-opus-4-6 (Anthropic,
2026), and Google’s Gemini gemini-3.1-pro-
preview (Team et al., 2025). For speech tasks,
we tested gemini-3.1-pro-preview and gpt-4o-
transcribe8. We leave it to future work to test
other LLMs, including open source models.

6 Results

6.1 Cultural Knowledge
All of the LLMs tested are largely able to answer
basic questions about popular sports, foods, and
traditional clothing in the Mvskoke and Choctaw
cultures. The results are in Table 2. GPT-5.2
and DeepSeek make more mistakes overall than
Claude and Gemini, missing questions such as
“How did clans get their names in Mvskoke cul-
ture?” and “What is the name of a traditional
Choctaw dance?”

Interestingly, Claude and Gemini can correctly
answer detailed and specific questions about sto-
ries documented in the books Haas et al. (2015)
and Gouge et al. (2004), showing that these re-
sources, which are two of the most extensive col-
lections of written Mvskoke language documen-
tation, are likely contained in the training data for
these two models.

The most-missed question, which all four mod-
els missed, is “In the Dawes Commission short
film by Bob Hicks, what does the grandmother
tell the little girl she used to use for dancing?”
This film is publicly available on YouTube, and
the majority of it is in Mvskoke with English
subtitles. The second most common mistake
was a tie for a question about a Mvskoke histor-
ical figure, and a question about when the Okla
Chahta Clan of California holds its annual gath-
ering. These mistakes demonstrate that despite
the vast training data, these LLMs are not infalli-
ble sources of cultural information.

8https://developers.openai.com/api/docs/models/gpt-4o-
transcribe
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GPT DS Claude Gemini
mus 4 5 9 8
cho 9 8 9 9
Total 13 13 18 17

65% 65% 90% 85%

Table 2: Number and percent of correct answers on
20 multiple-choice cultural knowledge questions.

6.2 Machine Translation
We performed a zero-shot evaluation on 10 sen-
tences per language. All of the examples come
directly from language documentation or lan-
guage learning textbooks and were thus produced
and/or verified by fluent speakers. Because of
this, the MT dataset is not multiparallel (as the
vocab quiz is), but rather high-quality samples of
each language. An example output of the task is
given in Table 3. Outputs are evaluated by the
chrF++ score with β=2 (Popović, 2015).

Overall, Gemini outperforms every other
model. Our findings agree with Zhu et al. (2024)
and Enis and Hopkins (2024) that the LLMs gen-
erally perform better from the language to En-
glish. The results for this task, illustrated in Fig-
ure 2, can be summed up by a few broader points.

The LLMs have data in every language. Even
though Mvskoke and Choctaw are not listed in
Common Crawl or other public datasets, it is
clear that all the LLMs have at least minimal train-
ing data for these languages, as they produced
text in the correct orthographies. In the lower-
resourced languages, the responses range from
complete gibberish (GPT-5.2) to somewhat un-
derstandable sentences (Gemini).

Language underrepresented online. Hawai-
ian’s representation in publicly accessible
datasets such as Common Crawl and Wikipedia
(see Table 1) shows that more representation in
the training data via larger representation online
increases accuracy, as every model performs best
for Hawaiian in the language -> X direction. The
lesser-represented languages generally perform
more poorly, with some variability in perfor-
mance perhaps due to linguistic complexity or
small sample size.

Nonsensical output. Even though chrF++
scores for our evaluation are on par with what
would be expected from a baseline neural model
(De Gibert et al., 2025), one issue is that LLMs of-
ten generate nonsensical output when producing

Figure 2: MT Results: chrF++ scores for translations
in two directions, En -> X (darker color) and X -> En
(lighter color), for four models (GPT 5.2, DeepSeek
Reasoner, Claude, and Gemini 3.1 Pro).

translations from English into the given language.
Table 3 shows an example of hallucinated words.
However, when translating in the direction from
the Indigenous language to English, there are no
nonsensical words.

6.3 Vocabulary Quiz
We prompt the models to translate 50 words from
English into the target language. We hand-graded
the responses by looking up each response in
the corresponding dictionary. Synonyms or com-
monly accepted alternate spellings are counted
as correct answers. Because we are only fa-
miliar with Mvskoke and Choctaw, we are un-
able to provide value judgments on alternative an-
swers in languages not represented in the dictio-
naries. Because of this, the results for Mvskoke
and Choctaw may be higher than those of the
other three languages. Nonetheless, some inter-
esting trends can be observed. Figure 3 shows
the results of prompting the models for individ-
ual words. Overall, Gemini Pro 3.1 outperforms
other models in every language, getting a perfect
score for Hawaiian.

Nonsense and unrelated words. Many re-
sponses, especially in the lower-performing mod-
els, are simply jumbles of letters in the given or-
thography. Other responses are words that do
exist in the language, but are unrelated to the
term. For example, Claude provides Cherokee
“ᎤᏬᏚᎯ” (pretty) for “to know”.

Inventing modern words. We also separately
tested for modern words that are less formal-
ized in the languages, such as “computer”, “mi-
crowave”, and “yogurt”. These are not counted
as part of the vocab quiz, but are intended to ex-
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Source: Yv likat mēkken omat hę̄rēs.
Ref Translation: This one sitting here would be a good king.
Mus->En: It would be good if this one sitting here were king.
En->Mus: Heyv likat meco here tvres.
Back translation: This one sitting here [unknown] good will be.

Table 3: Example output from Gemini for Mvskoke translation. The word “meco” is nonsensical, and the
sentence is grammatically incomplete.

Figure 3: Vocabulary Quiz: Number of correct an-
swers out of 50 for five models (GPT 5.2, DeepSeek
Reasoner, Claude, and Gemini 3.1 Pro).

amine model behavior. Some of these terms have
been normalized by community usage. A few
of the words have published translations, such
as Cherokee’s “ᎠᎦᏙᎥᎯᏍᏗ ᎠᏍᏆᏂᎪᏗᏍᎩ” for
”computer”. No model was able to produce this
term. For words that do not exist in a language,
we found that the LLM will still try to come
up with something. Sometimes the inventions,
such as ”esvhonkvtkv” (thing you count with) as
Mvskoke for “computer”, are not ideal but still
reasonable. Others are completely nonsensical
letter sequences.

Answer refusal. A notable behavior is
Claude’s refusal to provide responses for words
with very low certainty. For example, when
prompted to provide the word for yogurt, Claude
responded “I’m not aware of a specific, estab-
lished Muscogee (Creek) word for ‘yogurt.’ This
is a modern food item that may not have a
standardized translation in the Muscogee lan-
guage. You may want to consult the Muscogee
(Creek) Nation’s language department for an offi-
cial term.” In terms of preventing hallucinations
and errors, this might be preferred over provid-
ing low-quality translations. The only answer re-
fusals by Claude were contained to the “modern“
words, and did not affect the vocabulary quiz re-
sults.

6.4 Text Generation
Text generation performance is similar for
Mvskoke and Choctaw languages for each LLM.
GPT-5.2 and DeepSeek make use of some related
terms, but the grammar and word choices over-
all are largely not understandable. Claude and
Gemini can use both related terms and the correct
grammar form (distant past) to conjugate verbs.
Furthermore, some general aspects of the stories
align with traditional stories, such as similar char-
acters and storylines. Even so, the outputs con-
tain many hallucinated words and grammatical
mistakes, making the text difficult to read and, at
times, meaningless. See Table 4 for an example
of text generation in Mvskoke.

6.5 Speech
DeepSeek and Claude do not natively support
TTS or ASR. Thus, we conduct the speech cate-
gory evaluation only for GPT-4o and Gemini 3.1
Pro.

ASR. We test two short audio clips for each lan-
guage Mvskoke and Choctaw. The samples are of
clear, read speech recorded during language doc-
umentation (Gouge et al., 2004; Haas et al., 2015).
The word error rates and character error rates are
given in Table 5. Further details can be found
in Appendix A. The WERs for both models are
not better than previously developed ASR mod-
els in either language (Brixey and Traum, 2022;
Mainzinger and Levow, 2024). One notable find-
ing is that the models do not demonstrate compe-
tence in using the languages’ orthographies for
this task, unlike results found in other evaluation
categories.

TTS. We prompt each model with a short
phrase in Mvskoke and Choctaw to be said aloud.
We provide the target language in both the instruc-
tion and the prompt. Based on listening to the au-
dio, we determine that GPT and Gemini are not
able to produce audio that sounds like these lan-
guages. GPT does not remotely follow the ex-
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Output Back-translation
Hofonof, ponvttv sulkē omof, kaspes. Totkv
sekon. Ponvttv vtekat kvapvtes. Uewv tvpvlv,
este hopvye totkv ocvtes. Mv este totkv
vcayecvtes. Cufe makvtes, “Totkv horkoparēs.
Vnheckv herēs, ce!”

A long time ago, when animals many, [un-
known, possibly an attempt at “cold”]. There
is no fire. All the animals [unknown]. Across
[misspelled] the water, person far away had
fire. That person stored the fire. Rabbit said,
“I will steal the fire. My appearance is good!”

Table 4: Sample of Gemini response to the prompt, “Tell me the story about Rabbit Steals Fire. Tell it in
Muscogee, in the style of a Muscogee traditional story.” In the traditional story, the rabbit travels across a great
body of water to steal fire. There are several instances of hallucinated words (red), grammatical issues, and
awkward wording. The word order is very English-like - for example, putting ”the rabbit said” before the quote,
when a Mvskoke person would always put it after.

GPT Gemini
WER CER WER CER

mus 0.92 0.47 0.91 0.34
cho 0.82 0.26 0.98 0.35

Table 5: Word Error Rates (WER) and Character Er-
ror Rates (CER) for GPT 4o Transcribe and Gemini
3.1 Pro for the ASR task.

pected phonemes for the orthographies – most
egregiously, it pronounces the Mvskoke ’v’ as /v/
instead of the vowel /ə/. Gemini produces this
vowel correctly but makes other phonetic mis-
takes that render the audio unintelligible.

7 Conclusions and Future Directions
In this work, we demonstrated tests that an In-
digenous language community could perform to
evaluate a given LLM’s acceptable language pro-
ficiency in a specific language without extensive
labor or large-scale datasets. While some of our
samples for certain tests were limited, the tests in-
cluded in our framework provide a holistic under-
standing of a given LLM’s proficiency that could
be generalizable to other communities. Studies
that demand significant effort from communities
with small speaker populations without offering
reciprocal benefits can be perceived as extractive.
Our framework, which can be conducted by a
second-language speaker, is thus less extractive,
as comparisons can be made with language docu-
mentation, and consultation with elders could be
limited to a subset of output for review.

We present four categories of evaluation: cul-
tural knowledge, language proficiency, text gen-
eration, and speech. Overall, the results reveal
substantial limitations across all models for the
five Indigenous languages considered. Cultural

knowledge, especially, is incomplete and incon-
sistent across the four LLMs evaluated, which,
for minority communities, is essential for pre-
venting harmful stereotypes and misinformation.
In terms of language proficiency, performance
is consistently higher in Hawaiian than in the
other languages. GPT and DeepSeek show very
low proficiency in all languages except Hawai-
ian. Claude and Gemini show slightly better per-
formance, but their outputs still contain frequent
errors and hallucinations, especially in the four
lower-resourced languages. Text generation for
Mvskoke and Choctaw shows that LLMs can use
correct orthography and some limited grammati-
cal constructs. However, the outputs still exhibit
frequent hallucinations and grammatical errors.
We found that ASR underperforms when com-
pared to traditional neural models. Finally, text-
to-speech capabilities are not able to produce in-
telligible audio in the given languages.

These evaluation tasks are not meant to be com-
prehensive or exclusive. Rather, they are offered
as a starting point for communities to adapt ac-
cording to their own priorities and goals. Com-
munities with more existing linguistic resources
may be able to curate larger datasets for evalua-
tion. More-resourced language groups may find
that LLMs are performant enough to use as part
of an end-to-end system. For example, perfor-
mance in Hawaiian might be good enough for
use with a RAG system, as demonstrated by the
Kumu Connect implementation (Baker-Ramos
et al., 2025).

Future work could include fine-tuning mod-
els to better estimate the extent of performance
improvement achievable with limited data, al-
though our findings suggest that existing models
may already incorporate much of the available
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printed data for the five languages we reviewed.
More granular methods, such as quantifying the
number of hallucinations and mistakes (for ex-
ample, Chaka (2024)), could offer additional in-
sight. At the same time, these directions raise eth-
ical and practical considerations. Curating data
for LLMs requires significant effort, often from
fluent speakers whose time may be better spent
on community-based activities such as teaching
(Wiechetek et al., 2024). Moreover, hallucina-
tions are an inherent limitation of current LLM
architectures and are unlikely to be fully elim-
inated, even in high-resource languages (Hicks
et al., 2024).

These findings suggest that while LLMs may
offer limited utility in certain contexts, they may
not be appropriate for endangered-language situa-
tions where second-language learners are unable
to identify errors in AI-generated outputs. Care-
ful, community-driven evaluation remains essen-
tial in determining whether and how these tech-
nologies should be used.

8 Ethical Considerations

By prompting the LLMs with data from language
documentation, there is the risk that these models
may store and use that data without permission.
However, it is likely the LLMs already scrape
most of the language documentation from online
sources, without regard for copyright, intellectual
property rights, or tribal data sovereignty.

At present, none of the AI companies that de-
velop these LLMs offer methods for speakers of
any language to correct language proficiency is-
sues or cultural misunderstandings. Addition-
ally, to our knowledge, our tribes were not con-
tacted to be included in any current LLM ver-
sions, nor were any culturally appropriate, mod-
ern, and representative linguistic data requested
from our communities by LLM companies for in-
clusion. Unregulated use of such data by AI com-
panies risks undermining community language
authorities, and may harm the vitality of Indige-
nous languages.

Finally, while we have designed this frame-
work to be as least extractive as possible, there
may be necessary involvement from elders or flu-
ent speakers, which may distract from other im-
portant language revitalization activities.

Limitations
The findings presented here are not equally ap-
plicable across all Indigenous languages. While
North American Indigenous languages may share
some broad characteristics, each language has
distinct linguistic features, and communities dif-
fer in terms of available resources and speaker
populations. As such, the relevance of our eval-
uation framework may vary significantly across
contexts.

We recognize that English is implicated in all
evaluation tasks, and as a result, this study is not a
within-culture monolingual evaluation. We also
acknowledge that “culture” is not equivalent to
language, and we do not intend to define any sin-
gular or essentialized notion of culture. Rather,
we recognize that there is diverse cultural, social,
and linguistic variation within language commu-
nities.

Our evaluation is also limited by our own ex-
periences in our respective language communi-
ties. Many additional questions could be asked
during evaluation, including different tasks, use
cases, and linguistic considerations. The selected
tasks represent only a subset of possible evalu-
ations and should not be interpreted as exhaus-
tive. Likewise, the datasets used in this study
are small; as a result, our findings should be in-
terpreted as indicative rather than definitive and
do not provide statistically precise estimates of
model performance.

Finally, our analysis is shaped by our own
knowledge and positionality as researchers and
community members. We offer insight into the
Mvskoke and Choctaw communities, but we are
not elders and do not claim authoritative perspec-
tives on every aspect. Our inclusion of three addi-
tional Indigenous languages is intended for com-
parative purposes only, and we do not claim au-
thority on those languages. There may be linguis-
tic, cultural, or contextual nuances that are not
fully captured in our evaluation.
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A Appendix

This section provides additional detail about the
ASR task.

mus
reference Este hvmket likvyvntvs, makesasvtēs, mahokvnts.
prediction Este hvmket legayantis mvgisazetis mahagets.
cho
reference Haklo hattak mʋt kanima il ia chi ka pim anoli
prediction Haklo, hattakbat kanimma il ia chinka pim anoli.

Table 6: ASR example output of short samples given
by GPT 4o transcribe. Punctuation is stripped before
error rate calculation. Output contains characters that
are outside of the orthographies.

The ASR experiment comprised of two audio
samples per language, one short and one longer

sample. Each sample is from high-quality record-
ings from language documentation. Table 7 gives
the length of each audio clip and the correspond-
ing WER and CER of the outputs. Table 6 shows
an example output from a short clip.

GPT 4o Gemini
transcribe 3.1 pro

lang length WER CER WER CER
mus 12 0.83 0.41 1.00 0.45
mus 37 1.00 0.52 0.83 0.23
cho 5 0.70 0.15 1.00 0.26
cho 38 0.94 0.37 0.96 0.45

Table 7: Audio clip lengths (in seconds) and ASR er-
ror rates per model.
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Abstract
This paper presents a study focused on ad-
vancing Automatic Speech Recognition (ASR)
for the under-resourced language Dënë Sųłıné
through data-centric approaches. We explore
multiple strategies to enhance the quality of
training data—both audio recordings and tran-
scriptions—to address the challenges posed
by mixed-quality datasets. Our experiments
investigate which data preparation techniques
most effectively improve ASR performance in
this context. Our findings show that reducing
spelling variants of the same lexeme in the cor-
pus significantly improves model generaliza-
tion, resulting in a substantial increase in recog-
nition accuracy. Additionally, we demonstrate
that increasing manually reviewed transcrip-
tions consistently improves word and character
error rates, while audio enhancement slightly
reduces performance, highlighting the complex
trade-offs in low-resource ASR development.

1 Introduction

Neural models have significantly expanded the
tools and resources available for processing ma-
jor languages. However, recent advances in ma-
chine learning have enabled languages with scarce
linguistic data to also benefit from these models.
Performance of neural models heavily depends on
the quality of the training data (Sambasivan et al.,
2021), yet under-resourced languages face a com-
pounding problem: data is not only scarce but also
particularly hard to obtain in high-quality form
(Kjartansson et al., 2018; Liang and Levow, 2025).

Researchers working with major languages of-
ten take data quality for granted, relying on well-
curated, validated benchmark datasets (cf. Joshi
et al., 2020) such as—in the case of speech recogni-
tion technologies—Mozilla Common Voice (Ardila
et al., 2020) or VoxPopuli (Wang et al., 2021).
These datasets, while not of uniform quality, ben-
efit from systematic curation processes and val-
idation that under-resourced languages typically

lack. This abundance of relatively high-quality
data has naturally led the field toward model-
centric approaches in machine learning, where re-
searchers focus primarily on architectural inno-
vations and hyperparameter optimization (Bhatt
et al., 2024; Jakubik et al., 2024) or adding more
data. However, this model-centric paradigm is
ineffective for under-resourced languages, where
factors such as non-standardized orthography, in-
consistent transcriptions, and variable audio qual-
ity compound data scarcity (Lin et al., 2024; Liu
et al., 2022; Wisniewski et al., 2020; Zhong et al.,
2024). When training data contains numerous in-
correct labels, even optimal model configurations
will yield poor results. This is why, data-centric
approaches—which prioritize improving the qual-
ity and accuracy of training data over model tun-
ing—are essential for effective machine learning
(Whang et al., 2023).

While the field increasingly recognizes this chal-
lenge (Luger et al., 2025), data-centric approaches
for under-resourced languages remain largely un-
derexplored. Through our work on fine-tuning
an Automatic Speech Recognition (ASR) model
for Dënë Sųłıné, an under-resourced, endangered
language spoken in Canada, we demonstrate how
systematic dataset improvement can yield signif-
icant gains. We present experiments across data
refinement stages, identify key preprocessing steps,
and highlight the need for the computational lin-
guistics community to engage more deeply with
data-centric methodologies for advancing under-
resourced language technologies.

2 Backround

2.1 Dënë Sųłıné

Dënë Sųłıné (ISO 639-3: chp), belongs to the Dene
(Athabaskan) language family and spoken across
Alberta, Saskatchewan, Manitoba, and the North-
west Territories by approximately 10,000 people
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(Statistics Canada, 2021). The data for this study
were collected from speakers of the neighbouring
communities of Clearwater River and La Loche in
Saskatchewan.

Like other Dene languages, Dënë Sųłıné is
polysynthetic and predominantly prefixing, with a
large consonant inventory and phonemic contrasts
of tone and nasality (Cook, 2004). These typologi-
cal properties, combined with the absence of a fully
standardized orthography, create specific obstacles
for corpus-based work that are detailed in Sections
2.2 and 2.3.

2.2 Language data
The dataset for the present study was compiled
from three sources. The first and most significant
portion (85%) comes from the Talking Dene project
(2020-2024; PI Olga Lovick). The second por-
tion (9%) was collected by Kriukova for this study.
The third portion (4.4%) consists of verb paradigm
recordings collected by Nial Willems (2025) from
one speaker. In all three cases, participating speak-
ers explicitly consented to the use of their language
data for training the ASR model. In total, the whole
corpus for this study contained language data from
22 speakers. The total length of the audio data for
the final iteration of the model was 12 hours 35
minutes, and the number of utterances was 18,779;
however, these numbers changed over the course
of the study, as explained in detail in Section 4.

The corpus contains predominantly Dënë Sųłıné
utterances, along with some English and Dënë
Sųłıné-English mixed utterances. To preserve the
model’s ability to recognize both languages, we
included all utterance types in the training and test-
ing datasets. This approach helps to prevent catas-
trophic forgetting of English that can occur when
fine-tuning on a single language (Simmons, 2025).

The audio recordings in the dataset also vary in
quality. The majority of them have good or satisfac-
tory quality, which is sufficient for successful ASR
training. Nevertheless, some recordings feature
interviews with multiple speakers and thus con-
tain occasional overlapping speech by two or more
speakers. Additionally, some audio clips have sig-
nificant background noise that, in rare cases, makes
a speech signal inaudible.

2.3 Orthographic challenges in Dënë Sųłıné
The orthographic instability of Dënë Sųłıné has di-
rect, measurable consequences for ASR training
data. Our training data reflects the natural variation

that arises when a language lacks a common written
standard. As a result, the same word frequently ap-
pears in multiple written forms, with transcribers in-
dependently applying their own perceptual spelling
strategies, especially regarding nasality and tone
(Kriukova et al., 2026). Generational variation
compounds this: younger speakers often produce
innovative verb forms—deleting prefixes, altering
morpheme order—which transcribers may render
phonetically or “correct” to conservative forms,
generating additional surface variants for the same
pronunciation (Lovick et al., 2023, 2024).

The practical effect is a training vocabulary in-
flated by spelling variants without semantic dis-
tinction. Prior to any standardization, our cor-
pus contained 17,355 unique token types; targeted
standardization of frequent forms reduced this to
14,892 (see Section 4.1.1). This reduction directly
decreased label noise and improved model gen-
eralization, motivating the data-centric approach
described in the remainder of this paper.

3 Literature Review

There is a growing body of research on ASR for
under-resourced and endangered languages. Sev-
eral studies have demonstrated that pre-trained
multilingual models generally achieve higher ac-
curacy in low-resource settings than monolingual
models (Jimerson et al., 2023; Sadeque, 2022; Ya-
dav and Sitaram, 2022). However, Jimerson et
al. (2023) found that no single ASR architec-
ture consistently outperforms others across under-
resourced languages. In their comparison of Whis-
per, Wav2Vec2, Kaldi DNN, and ESPnet2 across
11 under-resourced languages with datasets rang-
ing from 26 minutes to 19 hours, they found no
correlations between Word Error Rates (WER) and
morphological properties, dataset size, or record-
ing quality. For Whisper, the resulting WER was
ranging from 5% to almost 75%. Notably, Whisper
demonstrated superior performance for languages
with large phone sets (>37 phones).

Another critical consideration in low-resource
ASR is data partitioning, which presents unique
challenges when datasets contain few speakers
or recordings from a single speaker. Liu et al.
(2023) demonstrated that random splits provide
better training and test sets than the common “hold
speaker out” method when data is scarce. Nonethe-
less, they recommend testing multiple partition-
ing methods given the individual characteristics of
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small datasets.

Furthermore, Wisniewski et al. (2020) empha-
size that training data preprocessing for under-
resourced language corpora presents different chal-
lenges than preprocessing for well-resourced lan-
guages. Unlike standard NLP preprocessing
pipelines, which can rely on established tools and
conventions, preprocessing endangered language
data is highly non-trivial and often requires de-
veloping language-specific solutions (as Section
4.1.1 illustrates). These tasks are not only time-
consuming but also demand substantial familiarity
with both the target language and the specific cor-
pus characteristics. As the authors note, the severity
of these challenges can sometimes even discour-
age computational linguists from working with the
data.

Beyond these methodological considerations,
certain linguistic factors complicate ASR develop-
ment for under-resourced languages. For instance,
code-switching, common in minority-language
communities (cf. Moore, 2018), poses significant
challenges for ASR systems (Coto-Solano et al.,
2022; Guillaume et al., 2022; Simmons, 2025).
Similarly, languages with complex orthographies
or large phoneme inventories pose particularly
demanding challenges for ASR (Adams et al.,
2019; Gauthier et al., 2016; Prud’hommeaux et al.,
2021). As Liang and Levow (2025) demonstrate,
even state-of-the-art multilingual models struggle
to accurately capture nuanced phonological con-
trasts such as tone distinctions, nasality, conso-
nant length, and vowel length—features that are
phonemic in many under-resourced languages (cf.
Jimerson et al., 2023). Furthermore, Liang and
Levow (2025) and Ćavar et al. (2016) also em-
phasize that fieldwork speech data—characterized
by spontaneous speech and varied recording con-
ditions—poses challenges for ASR models trained
on standardized corpora.

The corpus we used in this study exemplifies
many of the abovementioned challenges. Dënë
Sųłıné lacks a fully standardized orthography and
employs written representation of nasality and tone.
Additionally, the corpus contains code-switching,
and most audio recordings were captured in field-
work settings with variable quality. The following
section details our approach to navigating these
obstacles.

4 Methodology

4.1 Dataset improvement

The results of the baseline model iteration were
occasionally plausible but mainly unsatisfactory. It
became evident that without altering the training
data, we would be unlikely to improve the tran-
scription results. Therefore, we carefully exam-
ined our training corpus and identified the main
issues to be addressed to achieve higher-quality
transcriptions. First, spellings of individual words
varied widely across transcribers, making the train-
ing data very noisy. Second, our initial dataset
contained too many sentences that were not re-
viewed by a linguist, resulting in inconsistent word
boundary distributions and missing sentence-final
enclitics in some transcripts. Most critically, inno-
vative verb forms were spelled inconsistently and
often required a manual review. Third, some audio
clips had excessive background noise or significant
speech overlap, which could also interfere with a
model’s pattern generalization.

In the following subsections, we describe how
we addressed these data inconsistencies, while Sec-
tion 5 demonstrates the effect of these actions on
our ASR model performance.

4.1.1 Standardization of orthography
As discussed in Section 2.3, orthographic varia-
tion in Dënë Sųłıné transcriptions stems from both
phonetic transcription practices and inconsistent
spelling conventions. High variation makes train-
ing data noisy, hindering the model’s ability to
generalize speech-to-text patterns. This issue is
not exclusive to word-level representations: sub-
word tokenizers, which segment words into re-
curring character sequences, are equally sensitive
to orthographic inconsistency. When the same
word form appears under multiple spellings, it may
be segmented into different subword units across
instances, further compounding the noise in the
training data. To address this, we reduced non-
phonemic variation across multiple standardiza-
tion stages and model iterations, focusing on the
most frequent word types (for full details on the
decision-making process and variant identification,
see Kriukova et al. (2026)).

In the first stage, we targeted verbal en-
clitics and enclitic combinations, writing
them separately from verbs and each other
to reduce verbal vocabulary size (e.g., łí nı̨
á—habitual+past+assertive—instead of łínı̨á),
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along with frequent postpositions and adverbs. In
the second and third stages, we orthographically
standardized pronouns, possessive prefixes,
numerals, remaining adverbs and postpositions,
and frequent nouns and verbs—for example, re-
placing reduced numeral spellings with full forms
(e.g., tae → taghë) and standardizing frequent
verb forms such as nëzǫ ’it is fun’, bënasnı̨ ’I
remember’, nësthën ’I think’. In the fourth stage,
we standardized word tokens belonging to frequent
verb paradigms such as ’to be’, ’to say’, and ’to
talk’. In total, these changes reduced the ASR
training vocabulary (word-level) from 17,355 to
14,892 unique types.

It is worth noting that orthographic inconsistency
affects not only the number of word-level represen-
tations but also the number of subword units. The
model used in this study (see Section 4.4) employs
a subword tokenizer, which segments words into
recurring character sequences rather than treating
each word as an atomic unit. When the same word
form appears under multiple spellings, it may be
segmented into different subword units across in-
stances, producing inconsistent token representa-
tions that hinder model learning. Orthographic stan-
dardization is therefore important for both word-
level and subword-level tokenization. For more
information, see Kriukova et al. (2026).

4.1.2 Review of data
To address other inconsistencies in our corpus, such
as reduced verb forms, differences in word bound-
aries, and missing sentence-final enclitics, we used
two strategies. The main goal here was to increase
the number of fully reviewed transcriptions in our
corpus to improve the overall data quality. One
strategy, performed by Lovick, involved manually
reviewing and standardizing all utterances. This
strategy was the most time-intensive, requiring
30–60 minutes per minute of multi-speaker record-
ing and up to 20 minutes per single-speaker record-
ing (see also Amith et al. (2021) for another exam-
ple of manual data correction). The second strategy,
performed by Kriukova, involved partial review of
the utterances: fixing typing mistakes in both Dënë
Sųłıné and English, correcting word boundaries,
and adding missing enclitics. This approach took
significantly less time to complete.

As a result, during this study, we completed a
partial review, targeting particular tokens and types,
of all utterances in the corpus before the last model
iteration was trained. While time constraints pre-

vented a complete manual review, over 400 utter-
ances from different speakers were reviewed. Ad-
ditionally, some previously reviewed transcriptions
were added to the training corpus after the first
model iteration was trained.

4.1.3 Review of audio clips
Our last step in improving the dataset was the re-
view of audio clips. Our first dataset contained
14,974 audio clips with their corresponding tran-
scriptions. The majority were of satisfactory qual-
ity; however, some clips exhibited excessive back-
ground noise or speech overlap, rendering individ-
ual speakers nearly unintelligible. Since speech
overlap is a well-known cause of deterioration in
transcription quality (Alharbi et al., 2021; Meng
et al., 2024), we excluded or shortened audio clips
that contained cross-talk. Furthermore, we re-
moved clips from recordings with poor audio qual-
ity to assess the impact on model performance.
Since full manual review was not feasible given
the corpus size, these recordings were identified
through listening to samples, inspecting spectro-
grams, and number of speakers on each recording,
targeting those characterized by excessive back-
ground noise and speech overlap.

Nevertheless, during audio cleaning, we re-
moved only speech overlaps and the noisiest seg-
ments, adjusting transcriptions when necessary,
and limited removal to clips with substantial quality
issues (n=129), since Whisper models benefit from
varied audio quality (Radford et al., 2023). These
removed clips predominantly featured impulsive
noise, such as doors opening or closing, objects
falling, phones ringing, or children shouting during
play.

4.2 Training dataset

As a result of the dataset improvement efforts de-
scribed in Section 4.1, our training dataset was
continuously enhanced and updated. Therefore,
each model iteration was trained on a slightly
modified dataset. All training utterances could
be divided into four categories: 1) reviewed ut-
terances – utterances that were manually reviewed
and standardized by Lovick; 2) partly reviewed ut-
terances – utterances that underwent only a partial
review by Kriukova; 3) partly standardized utter-
ances–utterances that contain tokens that were stan-
dardized through targeted, corpus-wide standard-
ization process, but were not comprehensively re-
viewed; and 4) unreviewed utterances – utterances
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Figure 1: Status of utterances across iterations.

that were neither reviewed nor standardized. The
changes in the distribution of utterances’ statuses
from iteration to iteration are illustrated in Figure
1. The log of the changes made to the dataset is
outlined in Table 1.

Iter. Utts. Improvements
1 14,974 None
2 16,442 The number of fully reviewed ut-

terances was increased; the first
round of standardization was com-
pleted.

3 16,936 The number of reviewed and
partly reviewed utterances was in-
creased; the second round of stan-
dardization was completed.

4 16,807 Bad-quality audio files were re-
moved from the corpus. Some au-
dio files were edited to remove
speech overlap.

5 18,615 Newly partly reviewed utterances
were added to the corpus.

6 18,615 The partial review was completed
for all the utterances. The third
round of standardization was com-
pleted.

7 19,583 Reviewed recordings of
paradigms were added to
the corpus.

8 18,779 The fourth round of standardiza-
tion was completed. Recordings
of paradigms were concatenated
into longer files.

Table 1: A summary of the ASR model’s iterations.

4.3 Testing dataset
To track how changes to the dataset affect model
performance, we prepared a dedicated test dataset
of 100 utterances (3min 44sec). We decided to
keep the testing dataset small, so we could thor-
oughly review all the test transcriptions and audio
files within a reasonable time. Following Liu et
al.’s (2023) recommendation to avoid the “hold-
speaker out” partitioning method (see Section 3) in
low-resource settings, we selected test utterances

randomly from different speakers. The number of
utterances required for each gender and age group
was precalculated to ensure a representative test set.
This decision is rooted in the fact that Dënë Sųłıné
exhibits significant age-based variation (Jung et al.,
2025), and it is important to assess how well the
model generalizes across age groups. The division
by gender was done to account for the acoustical
differences between male and female voices.

Using a Python script, utterances were randomly
sampled to preserve both gender and age balance.
Each utterance filename encodes a unique three-
letter speaker identifier, which the script used to
group utterances by speaker and retrieve their cor-
responding gender and age decade. From each
gender–decade group, the maximally even number
of utterances was drawn across the 22 speakers,
ensuring every speaker is represented in the test
set. The resulting test set comprises 50 utterances
from female speakers and 50 from male speakers.
Speaker age decades were calculated from each
speaker’s age as of 2025.

After the testing utterances were selected, each
recording–utterance pair was reviewed to ensure
that the sound quality was good enough for the test-
ing set and that there was no significant voice over-
lap. The recordings discarded for failing to meet
the aforementioned criteria were replaced with ran-
domly selected utterances from the same speaker.
All transcriptions were then reviewed by Lovick.

The utterances in the final testing dataset were
then tagged for the presence of codeswitching
(n=35) and proper nouns (or named entities; n=16)
and marked if they were English sentences (n=4).
This coding system was applied to determine
whether the presence of codeswitching or proper
nouns affects Word and Character Error Rates
(WER and CER). Additionally, to measure the ef-
fect of the audio quality on the transcription re-
sults, each recording was tagged as “Good” or
“Satisfactory”. The tag “Satisfactory” was given
in the cases when: 1) the audio from a speaker
is faint (usually due to distance from the micro-
phone); 2) low to moderate volume static noise
is present in the background (e.g., running water,
TV in another room, refrigerator, etc.), 3) low to
moderate volume non-speech vocalizations by an-
other participant are present. All other recordings
were tagged as “Good” (n=64). To estimate the
effect of each tag, we used linear mixed-effects
models with the lme4 package (Bates et al., 2015)
in R, using lmerTest (Kuznetsova et al., 2017) to
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obtain p-values via Satterthwaite’s method. WER
and CER were modeled as dependent variables.
Fixed effects included speaker gender (M/F), audio
quality (Quality: Good/Satisfactory), presence of
code-switching (CDSW: TRUE/FALSE), presence
of proper nouns (NE: TRUE/FALSE), fully English
sentences (Full_ENG: TRUE/FALSE), speaker age
(calculated from year of birth), and iteration (1–9)
(added in R). Speaker (n = 20) and audio clip (n =
100) were included as random effects to account
for the repeated-measures structure of the data.

4.4 ASR architecture

Since this study’s focus was data-centric, the model
architecture for all the iterations described be-
low was identical. All model versions were fine-
tuned from the Whisper-medium multilingual ASR
model (Radford et al., 2023) with a learning rate
of 5e-5, using the model’s default subword tok-
enizer. The fine-tuning was performed on a high-
performance computing cluster at the University
of Saskatchewan. The GPU used for the training
was Nvidia A100 (80G). Training time averaged
24 hours.

5 Results

5.1 Iteration 1

The initial model iteration served as a baseline for
measuring improvements in transcription quality in
subsequent iterations. This model was trained on
14,974 utterances, of which only 1,974 were fully
reviewed, while the rest were normalized but not
reviewed or standardized.

The baseline model achieved a WER of 81.2%
and a CER of 46.3%. These error rates,
notably higher than for major languages (cf.
Prud’hommeaux et al., 2021), stem primarily from
substantial spelling variation in the training dataset
and inconsistent word boundaries between verbs
and enclitics. Statistical analysis revealed no sig-
nificant correlation between the presence of code-
switching or proper nouns, or audio quality and
the observed error rates. However, fully English
utterances demonstrated significantly lower WER
(p = .002).

5.2 Iteration 2

The second iteration was trained after our dataset
underwent the first stage of orthographic standard-
ization (see Section 4.1.1), which included stan-
dardizing the most frequent tokens in the corpus:

enclitics, pronouns, some postpositions, and some
adverbs. In total, the dataset for this iteration con-
tained 16,442 utterances. For this iteration, we
increased the number of reviewed sentences in the
dataset from 1,974 to 2,805 by reviewing additional
raw utterances and adding one already-reviewed
transcript, for which we obtained re-consent after
our experiments began. Moreover, 5,321 sentences
were partly reviewed. As a result of our corpus
manipulations, WER and CER for this iteration
improved to 68.6% and 38.5%, respectively. Fully
English sentences continued to show significantly
lower WER in this iteration (p = .010).

5.3 Iteration 3

Due to time constraints with full reviewing, we pri-
oritized increasing the number of partly reviewed
utterances in the third iteration. Additionally, we
expanded the dataset from 16,442 to 16,936 ut-
terances by adding new, already partly reviewed
utterances and initiated a second round of stan-
dardization (see Section 4.1.1). Model retraining
revealed that WER improved to 65% in this iter-
ation, while CER remained almost unchanged at
38.6%. Compared to Iteration 2, WER dropped by
almost 4 percentage points, indicating that more
words were now transcribed correctly. These im-
provements can be partly attributed to the slightly
increased dataset but mainly to the higher number
of partly reviewed utterances, which provided a
better ratio of standardized tokens in the corpus.
Fully English sentences again showed significantly
better WER (p = .011).

5.4 Iteration 4

For the fourth iteration, we assessed how removing
poor-quality recordings and cleaning of recordings
with episodic noise would affect our model perfor-
mance. We removed 129 audio files and their cor-
responding transcriptions from the training dataset
due to poor quality (see Section 4.1.3). Addition-
ally, 2,177 audio clips were shortened to remove
loud noises overlapping with the speakers. As a
result, the WER and CER scores for this iteration
slightly worsened to 68% and 40.4%, respectively.
This decrease in transcription quality can be at-
tributed to a reduced training dataset by 129 (0.7%)
deleted utterances. Furthermore, many recordings
were shortened, reducing the overall length of the
training dataset. A mixed-effects model for this
iteration also showed that good audio quality be-
came a significant factor for transcription accuracy,
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having lower WER and CER (p = .006, p = .008).
The effect of fully English sentences on WER was
no longer significant in this iteration.

5.5 Iteration 5

By Iteration 5, an additional set of transcribed files
became available for training, following a partici-
pant’s consent to include their recordings. To com-
pensate for data removed during the audio clean-
ing process in Iteration 4, we partly reviewed and
added 1,810 new transcriptions, thereby increasing
the overall proportion of partly reviewed data in the
dataset. The testing results for this iteration showed
65.6% WER and 38.7% CER, improving in com-
parison to both Iterations 3 and 4. These improve-
ments can be attributed entirely to the expanded
training dataset and the increased proportion of the
partly reviewed data. The significant effect of good
audio quality on lower WER and CER remained in
this iteration (p = .024 and .045, respectively).

5.6 Iteration 6

For the sixth iteration, we continued experiment-
ing with transcription quality. During this stage,
we fully completed the partial review of the utter-
ances, so that the training dataset for this iteration
consisted entirely of reviewed and partly reviewed
utterances. Additionally, we completed the third
round of standardization (see Section 4.1.1), fo-
cusing on the remaining frequent adverbs, nouns,
and verb forms. Both WER and CER for this itera-
tion decreased slightly to 65.3% and 37.9%, further
demonstrating that standardization and review of
transcription consistently reduce the model’s error
rates.

5.7 Iteration 7

For the seventh iteration of the model, we fo-
cused on improving the transcription of verbs. To
achieve this, we added paradigm recordings (made
by Willems (2025)) because their transcriptions
were fully reviewed and covered all inflectional
forms for multiple verbs. The WER and CER for
this iteration increased to 67.25% and 40.1%, re-
spectively. This deterioration in quality was some-
what unexpected. In investigating this increase,
we discovered that short, single-word recordings
can negatively affect transcription outcomes for
longer multi-word recordings (Trabelsi et al., 2024).
Given that the Dënë Sųłıné recordings we worked
with were predominantly in this format (one verb

or verb phrase per recording), the observed deterio-
ration may be attributable to the short duration of
the newly added files (see Section 6 for discussion).

5.8 Iteration 8
Although the addition of paradigms in Iteration
7 led to a deterioration in model performance,
we did not remove them from the dataset for the
fourth and final round of standardization (see Sec-
tion 4.1.1). Instead, following standardization, we
conducted an experiment using two datasets: one
with paradigm recordings in their original format
(one recording per verb form) and one with verb
paradigms concatenated into longer files (4–10 sec-
onds), with silences between individual words re-
duced to a minimum. The model trained on the
dataset with concatenated paradigms yielded lower
error rates (WER 63.7%, CER 36.8%) than the
model trained on individual paradigm recordings
(WER 64.6%, CER 39.8%). Therefore, we de-
cided to use concatenated paradigms, and chose
the better-performing model as our result for Itera-
tion 8.

5.9 Observations across iterations
Across all iterations, speaker gender, code-
switching, and the presence of proper nouns did not
show significant effects on transcription error rates.
Fully English utterances in the testing dataset had
significantly lower WER in the first three iterations
(p = .002, p = .010, p = .011); however, this effect
disappeared by Iteration 4. Audio quality signifi-
cantly influenced transcription error rates only in
Iterations 4 and 5 (see Section 5.4 and 5.5).

While individual speakers showed some varia-
tion in WER (ranging from -6.9% to +6.0% relative
to average), these differences were not statistically
significant. Notably, WER and CER were increas-
ing with speaker age in Iterations 5 (p = .045) and
8 (p = .022). However, significant variation existed
among individual audio files (SD = 0.25, 95% CI
[0.21, 0.29]), indicating that some recordings were
inherently more difficult to transcribe regardless
of speaker characteristics, audio quality, or other
factors.

6 Discussion

In this study, we applied multiple strategies to im-
prove the training dataset, which mostly led to re-
ductions in model error rates (see Figure 1). Be-
low, we first discuss strategies that improved per-
formance, then those that proved ineffective, and
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finally examine additional factors that may influ-
ence transcription accuracy.

The method that yielded the best results for our
model is orthographic standardization (Iter. 2, 3, 6,
8). It reduced inconsistencies in written representa-
tions of words, decreased the vocabulary size and
allowed the model to generalize more efficiently.
From Iterations 1 to 3 only, spelling standardization
contributed to decreases of 16.2 and 7.7 percentage
points in overall WER and CER, respectively.

Increasing the number of reviewed and partly
reviewed utterances (Iter. 2, 3, 5, 6, 7)—either by
reviewed existing utterances or adding new veri-
fied data—also boosted ASR performance. These
dataset reviews helped reduce typing mistakes
(in both Dënë Sųłıné and English), made word
boundaries more consistent, and slightly decreased
spelling variation. For Iteration 5, data reviewing
allowed for 2.4 and 1.7 percentage points decreases
in WER and CER, respectively. Overall, our sys-
tematic data reviewing approach directly enabled
performance gains across model iterations.

Our concatenation experiment (Iter. 8) also
proved effective, demonstrating that short-format
recordings can be retained in the dataset without
increasing error rates. Combining paradigm record-
ings into longer audio files (4–10 seconds) miti-
gated the negative effects of single-word record-
ings. This finding may be particularly relevant for
under-resourced languages where large portions of
existing audio data were recorded in short formats
(e.g., for talking dictionaries), though it should be
noted that such transcripts are not suitable for lan-
guage model training.

In contrast, manual audio cleaning and the re-
moval of poor-quality recordings (Iter. 4) proved
inefficient, leading to higher WER and CER met-
rics. Moreover, this process caused our model to
perform significantly better on high-quality test
recordings for two iterations, thereby reducing its
robustness to the sound quality of the fieldwork
recordings. These results can be attributed to the
Whisper-medium model’s documented robustness
to varying audio quality (Gong et al., 2023), which
appears to enable our fine-tuned model to handle
background noise effectively even in low-resource
settings. However, Trabelsi et al. (2024) note that
for Whisper-base and Whisper-small, transcription
quality may benefit from enhanced audio quality in
the dataset, at least for English and French. There-
fore, we suggest that the decision to enhance audio
quality should be guided by the characteristics of

the dataset, the size of the Whisper model, and the
intended use cases for the fine-tuned model. Given
that our model will be used to transcribe fieldwork
recordings, which are typically noisier (Liang and
Levow, 2025), and may also be deployed in class-
room settings, robustness to background noise is
essential.

Similarly, retraining the model on the dataset
containing paradigm recordings in their original
format (Iter. 7) increased error rates, likely due to
the single-word-per-recording structure. Although
ASR models can be fine-tuned on various utter-
ance types, (Trabelsi et al., 2024) demonstrated that
including single-word recordings can negatively
affect the recognition of multi-word utterances.
The inability to use such recordings—particularly
those with high audio quality and verified tran-
scriptions—is undesirable in low-resource settings,
which motivated our concatenation approach de-
scribed above.

Beyond these dataset optimization strategies,
we examined whether specific linguistic and
speaker characteristics affected transcription ac-
curacy. Based on our earlier experiments with
Whisper-small conducted before this study, we
anticipated that proper nouns and code-switching
would pose challenges for the model. Specifi-
cally, Whisper-small had difficulties recognizing
Saskatchewan- and Canada-related proper nouns
(e.g., Turnor Lake, Ile-a-la-Crosse, Manitoba), and
speech with code-switching to English often re-
sulted in fully English transcriptions. However,
contrary to our expectations, neither factor sig-
nificantly affected transcription accuracy in any
Whisper-medium iteration. For instance, out of 76
English words in the test set 66 were transcribed
as English words (though not always correctly), 8
were transcribed as Dënë Sųłıné words (e.g., nowa-
days → now dë́ ‘(lit.) now if/when’), and one was
omitted entirely. In the reverse direction, only two
Dënë Sųłıné words were transcribed as English
(e.g., bazë́ ‘regarding’ → pause. This improvement
in code-switching detection, along with better tran-
scription of proper nouns, may be attributable to
the more optimal model size and the larger training
set used in this study.

Fully English sentences had significantly better
transcriptions during the first three iterations, but
later this effect had disappeared. It is most likely re-
lated to the fact that, after some standardization and
data reviewing, the model improved at transcrib-
ing Dënë Sųłıné to the point where fully English
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sentences were no longer advantaged. Speaker
gender did not affect transcription quality in any
iteration, despite the training dataset’s gender im-
balance (68% female speakers). However, speaker
age showed a sporadic effect on WER, reaching
significance only in Iterations 5 and 8. The changes
made to the dataset before these iterations were un-
likely to have triggered this effect. Hence, given
the inconsistent pattern across iterations and the
absence of a theoretical explanation for such a re-
sult, this may reflect a Type I error due to multiple
comparisons rather than an actual effect. Further
testing on a larger dataset is required to determine
whether speaker age really affects WER.

7 Conclusions

Overall, this study contributes to the growing dis-
course on data-centric approaches for low-resource
datasets and aims to inspire further exploration
of computational methodologies for enhancing
noisy, resource-constrained data. While the im-
portance of data quality is widely acknowledged,
our work provides quantitative evidence of exactly
how much data-centric approaches can improve
model training outcomes. Our findings demon-
strate that effective ASR dataset preparation for an
under-resourced language should prioritize quality
of transcriptions and spelling standardization (if
applicable) over audio enhancement. Crucially, out
results suggest that the researchers working with
imperfect audio recordings may use them for fine-
tuning the Whisper-medium model without dramat-
ically compromising performance. These insights
require validation across other multilingual pre-
trained ASR architectures, including Wav2Vec2
(Baevski et al., 2020), to establish their broader
applicability.

As Jimerson et al. (2018) note, under-resourced
communities need to make informed decisions
about how to invest their resources when devel-
oping ASR tools for their languages. This also ap-
plies to time investment during dataset preparation:
most language communities have unlimited time
and financial resources for data curation, making
it essential to identify which preprocessing steps
lead to the best results. Through this study, we
hope to have shown which aspects of dataset prepa-
ration should be prioritized, particularly for lan-
guages with mixed-quality datasets. Moreover, our
work has revealed specific features of Whisper’s
behaviour—such as the minimal optimal recording

length in training datasets—that are relevant to de-
cisions about dataset structure. We hope that these
insights will help language communities, linguists,
and developers prioritize their dataset development
efforts more efficiently.

In our work on the Talking Dene corpus, we
plan to continue standardizing orthography to fur-
ther improve transcription quality. We also plan to
investigate the model’s feasibility for retranscrib-
ing yet unstandardized transcriptions to reduce the
corpus-reviewing workload and accelerate process-
ing of the Talking Dene corpus. Finally, we plan
to test the model with Dënë Sųłıné speakers and
assess its effectiveness for real-life transcription
scenarios.

Limitations

This study has several limitations that should be
acknowledged. First, our orthographic standardiza-
tion efforts require continuation to yield more statis-
tically significant and comprehensive results. The
current findings, while promising, represent only
an initial exploration. Second, our analysis was
conducted using only one ASR architecture: the
Whisper-medium acoustic model. To establish the
generalizability of our findings, validation across
other state-of-the-art ASR architectures, such as
Wav2Vec2, is necessary. The performance patterns
observed here may be model-specific and require
broader empirical validation. Finally, this study
did not provide solutions to the out-of-vocabulary
(OOV) problem arising from a combination of the
morphological richness of Dënë Sųłıné verbs and
orthographic inconsistencies in their spelling, as
addressing this challenge was beyond the scope of
the current work. However, we recognize this as a
critical limitation and plan to investigate potential
solutions in future research.
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Abstract

This paper describes ongoing work to develop
a corpus of Cahuilla language from the John
Peabody Harrington collection, which con-
tains linguistic and ethnographic fieldnotes
documenting Indigenous languages of Cali-
fornia and other regions across the Americas.
Handwritten notes present numerous process-
ing challenges, including scratch-outs, multi-
lingual entries in Spanish and other Indigenous
languages, unique abbreviations, and varying
script orientations. We compare the efficacy
of deep learning text recognition models to
convert images of the notes into a machine-
readable format, with a focus on respecting
tribal data sovereignty in our methods. We
find that Pylaia is the most accurate model for
our data. Finally, we present the preliminary
findings and indicate future directions for de-
veloping a Cahuilla corpus.

1 Introduction

The John Peabody Harrington (J.P., for short) col-
lection represents a monumental record of over 100
Indigenous languages (Harrington, 1907). While
the collection has been digitized by the Smithso-
nian Institution1, most of the handwritten notes
have not been converted into a machine-readable
format. Of interest to this paper is the estimated
6,000 pages of notes on the Cahuilla language, an
endangered language of Southern California (Si-
mons and Fennig, 2018).

The goal of this work is to create and share
a searchable corpus of the Harrington notes on
Cahuilla with the Cahuilla community. A search-
able corpus will support linguistic and downstream
Natural Language Processing (NLP) research, as
well as support community goals in the urgent work
of language revitalization. A secondary objective is

*Equal contribution
1https://sova.siedu/record/naa.1976-95/

contents

to create a broadly applicable and replicable model
for transcribing the remainder of the J.P. Harring-
ton fieldnotes. This initiative has the potential to
substantially assist the more than 100 Indigenous
communities with whom Harrington collaborated
in gaining access to a wealth of knowledge about
their languages. This paper presents preliminary
work to identify the most accurate and efficient
Handwritten Text Recognition (HTR) approach for
converting the Cahuilla notes in the collection into
a machine-readable format. We also describe a
data sovereignty framework for working with the
Cahuilla community that can be applied more gen-
erally to similar projects with other Indigenous
language communities.

2 Overview of Cahuilla Language and
Tribal Communities

Cahuilla (chl - ISO 639-3, henceforth referred to
by the endonym: "iviLuPat) is a Native American
language of Southern California with few first-
language speakers remaining. Today, "iviLuPat is
being spoken and reclaimed across many Cahuilla
reservations and communities2. "iviLuPat, along
with Luiseño, Acjachemem (Juaneño), and Cupeño,
comprise the Cupan sub-group of languages that
are part of the larger Takic branch of Uto-Aztecan
languages (Hill and Hill, 2019). There are three
dialects of "iviLuPat: Mountain, Desert, and Pass or
Wanakik. "iviLuPat is an agglutinative, head-final
language with SOV word order (Seiler, 1977).

The orthography in the J.P. Harrington collec-
tion is the Americanist Phonetic Notation (APN)3.

2There are currently nine federally recognized tribes
that identify themselves as Cahuilla: Agua Caliente Band
of Cahuilla Indians, Augustine Band of Cahuilla Indians,
Cabazon Band of Mission Indians, Cahuilla Band of Indians,
Los Coyotes Band of Cahuilla and Cupeño Indians, Morongo
Band of Mission Indians, Ramona Band of Cahuilla Indians,
Santa Rosa Band of Cahuilla Indians, and Torres Martinez
Desert Cahuilla Indians.

3Also known as the North American Phonetic Alphabet
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For this project, these characters will be converted
into a code suitable for integration into text files
within our database, and later transliterated into
the community-preferred orthography (see (Huaute,
2023) for orthographies).

3 Overview of J.P. Harrington Collection

Recognized as one of the most prolific documentar-
ians of California Indian languages, J.P. Harrington
compiled over one million pages of cultural and
linguistic fieldnotes covering more than 135 lan-
guages in California and the Far West from 1915 to
1954 (Mills and Ann, 19876). However, the com-
munities whose ancestors collaborated with him
have yet to achieve comprehensive access to, or
benefit from, this valuable knowledge, a gap this
project seeks to address.

Numerous scholars and workshops over the
years aimed to make the data easily searchable4

(Golla, 1991). A large-scale effort to manually
transcribe, annotate, and format the collection into
a database was undertaken at the University of Cal-
ifornia, Davis (Macri, 2010), resulting in the tran-
scription of 67 reels of data, or roughly 235,000
sentences, representing 16 languages5. The main
work concluded in 2013, and while the resulting
database is not publicly available, the transcribed
files are available upon request6. To the best of our
knowledge, no prior work has attempted to con-
vert any portion of the JP Harrington images into a
machine-readable format using HTR techniques.

For this project, we aim to convert approximately
6,000 pages on the Mountain Cahuilla dialect. The
bulk of the entries from this series were provided
by Adan (Adam) Castillo, a Mountain Cahuilla
speaker from the Soboba Indian Reservation.

3.1 Challenges of the collection

A significant challenge is that the notes are hand-
written, with characters of varying shapes and sizes.
An example page is shown in Figure 2. Harrington
also wrote sporadically in cursive and in varying
orientations, both of which automatic recognition
approaches often struggle with (Khan et al., 2023;
Pavlenko and Blackledge, 2004).

An additional challenge is that the collection
is multilingual, with English, Spanish (Anderton,

(NAPA)
4http://www.rock-art.com/jph/nl04.htm
5Obtained via personal communication
6https://nas.ucdavis.edu/

jp-harrington-database-project

1991), and multiple Indigenous languages present.
Finally, Harrington’s prolific use of abbreviations
(Woodward and Macri, 2005) and inconsistencies
in orthographic representation raise interpretability
issues.

4 Review of Relevant Literature

4.1 Data sovereignty

In response to Indigenous communities’ concerns
about the development of large data centers and
the expansion of AI technologies (Cox, 2025), we
adopt data sovereignty as a foundational princi-
ple guiding this project. Central to the Indige-
nous Data Sovereignty movement is the idea of
self-determination for Indigenous peoples and their
sovereign right to own and control their data, which,
in this work, includes linguistic data (Holton et al.,
2022). The development of international standards
for data sovereignty governance, such as the CARE
principles (Collective benefit, Authority to control,
Responsibility, and Ethics) (Carroll et al., 2023),
are also informative for our data sovereignty pol-
icy. Finally, a recent publication (Holton et al.,
2022) notes potential licensing issues associated
with “Terms of use” clauses when using third-party
apps, such as Google Drive and iCloud. This was
a consideration as we reviewed large platforms
for our project, such as Transkribus (Kahle et al.,
2017), eScriptorium (Kiessling et al., 2019), and
OCR4ALL (Reul et al., 2019). However, many
platforms we reviewed were not explicit and trans-
parent in how shared data is stored and protected,
leading us to not pursue these platforms as a viable
approach.

4.2 Text recognition

Deep learning models, such as convolutional neu-
ral networks (CNNs) (Alam et al., 2025), recur-
rent neural networks (RNNs) (Keshri et al., 2018),
and, more recently, the two combined as convo-
lutional recurrent neural networks (CRNNs) (Shi
et al., 2016), are effective at HTR tasks (Idris and
Taha, 2022; AlKendi et al., 2024; Balci et al., 2017;
Dash et al., 2024). Important aspects of the Har-
rington collection are multilingualism, abbrevia-
tions, and cursive, which deep learning models
have demonstrated the ability to recognize (Alam
et al., 2025; Romein et al., 2025; Al-Saffar et al.,
2021).

Some popular online platforms that utilize HTR
have been developed specifically for converting
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archival documents to machine-readable text (e.g.,
Transkribus, OCR4all) but may not be universal, as
we find that they have mostly been trained on large
Indo-European languages. Automatic text recogni-
tion has meaningfully aided in the documentation
of other Indigenous languages with digitized text
resources (Carrera et al., 2024; Agarwal and Anas-
tasopoulos, 2025, 2024).

5 Methods

Due to the collection’s volume and the time and ef-
fort required for manual transcription, we propose
developing an HTR approach to efficiently convert
the scanned images into a machine-readable format.
In this current work, we implemented three deep
learning models that align with our data sovereignty
policy. We compare the models to determine the
most accurate approach, potentially reducing the
need for additional post-processing steps.

5.1 Data Sovereignty Policy
To ensure maximal collective benefit of our project,
our primary goal is to generate a machine-readable
and searchable database of the J.P. Harrington
"iviLuPat fieldnotes that can be provided to Cahuilla
community members in a format they can easily
access and understand.

Given the potential issues indicated in Section
4.1 and (Holton et al., 2022), we utilized only lo-
cally hosted models for this stage of the project. At
later stages, we will work closely with the Cahuilla
communities to develop a plan for data storage, cu-
ration, and access protocols. This approach aligns
with the second CARE principle, authority to con-
trol (Carroll et al., 2023).

5.2 Preprocessing Images
We used a sample of 66 pages for our experiments.
All downloaded PDF files7 were converted into
JPEG files of each page. We implemented a Python
interface to create sliced images by selecting just a
word, line, or single letter from a given JPEG. This
approach allowed us to resolve issues in orientation
changes and to omit scratch-outs. However, this
resulted in slices of different dimensions.

The Pylaia and Jax libraries automatically cor-
rect image size differences. For our baseline CRNN
model, we added a padding strategy to standard-
ize the sizes. Figure 1 illustrates padding for 3
different slices.

7https://sova.si.edu/record/naa.1976-95/
search?q=cahuilla&t=W&o=doc_position

Figure 1: Example of padding to standardize image
"slices" sizes. Slices can be lines, words, or singular
characters.

5.3 Training and testing data
Next, we created ground-truth labels for each slice.
Decomposed characters, such as s

˚
, were substituted

for a composed character for ease and accuracy.
We then reviewed the dataset for word and char-

acter frequencies. There are 390 unique and 845
total words in the training set. "Cah", shorthand
for "Cahuilla", appears the most (46 times). The
majority of words are in English, 46 in Cahuilla
(5% of total), and 21 in Spanish (roughly 2%).

The prediction character set contains at least
86 glyphs, including upper and lowercase English,
Spanish, Cahuilla, and some IPA characters. The
most commonly occurring characters are: space
(369), e (310), a (284), o (262), and t (230). Thir-
teen characters appear only once. Not present in
the data are: U, V, X, Z, z, 6, and Cahuilla L.

The 66-page sample resulted in 494 slices. We al-
located roughly 5% of the slices as a limited evalua-
tion set. Given the small set of training examples at
this preliminary stage of the research, we proposed
comparing the models’ performance on an unbal-
anced (raw) data set to that on a balanced data set.
The merits of using the real-world representation
(i.e., unbalanced) of characters are that the models
will focus on learning the most highly occurring
characters. In contrast, oversampling, or creating a
balanced data set, is thought to encourage models
to learn all characters (Kaur et al., 2019). As it
is crucial to recognize Cahuilla, which occurs less
frequently, we proposed testing the models on both
balanced and unbalanced datasets. We created a
balanced dataset using a Python script, ensuring
that each character appears at least 60 times.

5.4 Models
All experiments were completed on a MacBook
Pro M2. Training and testing sets were manually
configured so that model results would be compara-
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ble. At this early research stage, we did not explore
additional fine-tuning of the models.

1. Baseline CRNN We implemented a CRNN
model in Python using the TensorFlow (Abadi et al.,
2015) and Keras (Chollet et al., 2015) libraries. The
model is a three-block CNN with ReLU activations.
The recurrent component is a single bidirectional
LSTM.

2. Pylaia: Pylaia (Tarride et al., 2024) is a pop-
ular Python text recognition library that uses the
deep learning framework PyTorch (Paszke, 2019).
Pylaia powers historical text documentation plat-
forms like Transkribus (Park, 2025).

Our Pylaia model comprises a four-block CNN,
each block incorporating LeakyReLU activations
and batch normalization. The recurrent component
consists of three bidirectional LSTM layers.

3. Jax: Jax (Bradbury et al., 2018) is a Python
library recently created by Google that is opti-
mized for memory usage for large machine learning
model development (Sapunov, 2024). Limited pre-
vious research using Jax has shown promising per-
formance on computer vision tasks, such as medi-
cal imaging classification (Bećirović et al., 2025)
and recognizing handwritten structured medical
notes (Kale et al., 2025). Given that it can be run
locally, we proposed to include it in our comparison
experiments.

Our model consists of a 3 CNN layers followed
by a bidirectional GRU and a linear classification
layer trained with CTC loss. The model is opti-
mized with Adam using a warmup schedule and
gradient clipping.

6 Results

We found that the baseline CRNN approach was
the most time-efficient of the models; the Pylaia
and Jax models took 6-10 hours to train and test on
the balanced dataset. Pylaia also frequently ran into
issues with exceeding memory allocation. It may
be a consideration for language communities with
fewer technological resources to know the time
and memory requirements for each model. We
also reviewed the models’ performance for overall
accuracy and by language.

1. Overall performance: The results are given
in Table 1. Pylaia was the best model in terms of
both overall word error rate (WER) and charac-
ter error rate (CER), and then the baseline CRNN
model and Jax on the balanced data. Performance
across the models mostly declined on the unbal-

anced data. This indicates that the balanced data
had a positive effect on the models.

2. Performance by language: Next, we re-
viewed each model’s performance by language
(also in Table 1). Again, there was an improve-
ment by all the models when using the balanced
data. No model had zero errors on the unbalanced
data. It is assumed that a language model is pro-
duced as a result of the RNN layer(s) in a CRNN
(Dash et al., 2024). Both the Pylaia and baseline
CRNN use LSTMs as the RNN layers; it is notable
how much better the Pylaia model recognizes let-
ters overall and performs on the two languages that
are underrepresented in the data than the baseline
CRNN.

7 Conclusions and Future Work

This initial work towards creating a corpus of the
Cahuilla language compared the performance of
deep learning models in converting handwritten
text into a machine-readable format. We found
that the Pylaia model achieved lower CER than a
baseline CRNN and Jax models when trained and
tested on the same data.

In future work, we will prepare additional train-
ing data covering the missing letters indicated in
Section 5.3. Our results indicate that we should
use the balanced data for the rest of the HTR work.
We will explore computing power resources (such
as servers or a more powerful computer) that align
with our data sovereignty policy in the next step
using Pylaia, as we anticipate that the computer
used for the experiments in this paper will be in-
sufficient for a larger training set. We will also
consider post-processing correction approaches.

Our data sovereignty policy will continue to be
refined and determined in future steps. Collabo-
rative consultation with Cahuilla communities for
guidance, reflection, and sharing throughout the
project will ensure that researchers behave ethi-
cally and follow cultural protocols throughout the
project and post-project, ensuring responsibility to
the community (Leonard and Haynes, 2010). Our
data management plan will include provisions for
using cloud and server storage solutions that re-
spect data sovereignty. Finally, we acknowledge
the importance of maintaining flexibility and will
revise the project’s data sovereignty policy in close
consultation with the Cahuilla community.
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Limitations

Our data sovereignty policy helped to determine
the models selected. LLMs were necessarily ex-
cluded because they did not align with the policy.
We note that the computer used for the experiments
was a limitation, as it was not the most powerful
or the most recent MacBook. The performance
of the models, especially with regard to running
times, would differ on a different (more power-
ful) computer. However, we also recognize that
technological limitations may be a factor for other
Indigenous communities considering this type of
work, who may have limited financial capacity and
access to powerful computing resources.

As there are few HTR publications using Jax to
compare our results to, we are limited in our ability
to hypothesize about the model’s performance; it
may be attributable to some aspect of our limited
sample data.
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Figure 2: A page from the J.P. Harrington collection, demonstrating some of the variations in orientation, scratch-out,
multilingualism, and cursive challenges unique to the data.

CER WER
Overall English Spanish Cahuilla Overall English Spanish Cahuilla

Balanced
CRNN 75.64 72.29 69.23 90 128.57 95 300 200
Pylaia 9.62 25.61 0 0 21.43 30 0 0
Jax 83.97 83.33 84.62 83.13 107.14 242.86 100 100
Unbalanced
CRNN 80.13 78.31 84.62 86.67 103.57 95 200 114.29
Pylaia 61.69 51.22 69.23 81.67 75 48.78 100 100
Jax 96.15 95.18 92.31 98.33 100 100 100 100

Table 1: Results for each model of the character error rate (percent) and word error rate (percent) in each language.
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Abstract

In this paper, we aim to answer the follow-
ing question: could corpus duplication be use-
ful in Natural Language Processing (NLP) for
low-resource languages? In these languages
(or π-languages), corpora available for train-
ing Large Language Models are virtually non-
existent. Specifically, we study the impact of
corpus expansion in Nahuatl, an agglutinative
and polysynthetic Amerindian π-language char-
acterised by extensive dialectal variation. Our
goal is to increase the size of Nahuatl corpora,
which currently consist of a limited number
of tokens, through controlled duplication tech-
niques. Our experimental setup employs incre-
mental duplication alongside appropriate cor-
pus balancing, with the objective of training
embeddings optimised for downstream NLP
tasks. Consequently, static embeddings were
trained and evaluated on a sentence-level se-
mantic similarity task. Our results show a sig-
nificant improvement in performance when in-
cremental duplication is applied, compared to
results obtained without corpus expansion. To
our knowledge, this technique has not yet been
explored in this field.

1 Introduction

It is well established that Large Language Mod-
els (LLMs) require training corpora comprising
substantial volumes of textual data in order to ac-
quire a deep contextual understanding of linguistic
structures and usage. These amounts often run into
the hundreds of millions or even billions of words.
Furthermore, it has been found that performance
increases logarithmically with corpus size (Kaplan
et al., 2020). This massive data requirement im-
plies a major problem for the development of LLMs
trained on languages with few computational re-
sources (π-languages), as opposed to τ -languages
or languages with abundant resources (Berment,
2004; Abdillahi et al., 2006). Indeed, π-languages
suffer from a severe lack of representative, large-

scale textual corpora, making it impossible to train
LLMs adequately. Consequently, these languages
remain under-represented in Natural Language Pro-
cessing (NLP), perpetuating a linguistic bias that
limits their usefulness for the communities that
speak them. One example of the Americas’ π-
languages is Nawatl (also known as Nahuatl), one
of Mexico’s indigenous national languages. In
this country, Nawatl has been recognised as the
second national language, after Spanish, with ap-
proximately 1.65 million Nawatl speakers (INEGI,
2020).

Nawatl has a significant number of dialectal va-
rieties, with 29 recognised varieties spread across
four major regions in Mexico: Western, Central,
Eastern, and Huasteca1. This diversity represents
an enormous linguistic challenge for the develop-
ment of NLP tools, as it involves correctly han-
dling significant variations in spelling and lexical
choices (Zimmermann, 2019; Olko and Sullivan,
2016; Hansen, 2024). To solve this, a symbolic uni-
fier for Nawatl spellings has recently been proposed
(Guzman-Landa et al., 2025). Although the pub-
lication of digital content in Nawatl is constantly
increasing, the dispersion and considerable dialec-
tal diversity of this content mean that it cannot
easily be included within the few available corpora.

The availability of digital Nawatl documents
and their written application are nonetheless essen-
tial for the ongoing revitalisation of the language
(Pugh et al., 2025). Our approach to addressing the
scarcity of corpora involves the controlled duplica-
tion of available textual data. Combined with other
techniques, this strategy could serve as a basis — in
the case of π-languages — for expanding corpora
on a larger scale. These corpora, in turn, could
be used to train static word embeddings (Tunstall
et al., 2022; Goyal et al., 2018). More specifically,

1See Ethnologue, 2025: https://www.ethnologue.com and
(Lastra de Suárez, 1986).
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our objective is to expand the Nawatl π-YALLI cor-
pus2 sufficiently to generate a positive impact on
training models that produce static embeddings.

The structure of the paper is as follows: Sec-
tion 2 provides a review of corpus expansion tech-
niques in languages with few resources. Section 3
introduces the Nawatl language and the π-YALLI

corpus. Section 4 introduces the strategy used in
balancing the corpora, and Section 5 the duplica-
tion technique. Section 6 presents our experimental
setup on a semantic similarity task. Section 7 de-
scribes the results. Finally, Section 8 concludes the
paper and suggests avenues for future research.

2 Previous works

In the existing literature, research on Nawatl en-
compasses multiple levels of linguistic analysis. At
the morphological level, a finite-state transducer
has been employed to model the language’s in-
flectional and derivational processes (Pugh et al.,
2021). At the level of dialectal similarity, character-
based representations have been explored using an
LSTM architecture (Pugh and Tyers, 2021). Fur-
thermore, at the syntactic level, both textual and
audio modalities have been integrated to investi-
gate syntactic structure (Pugh et al., 2024). Other
models and resources for translation tasks and syn-
tactic and speech analysis in dialects other than
Nawatl have been published in (Shi et al., 2021;
Gutierrez-Vasques et al., 2025)

Data duplication is found in literature primarily
as a problem in τ -languages, rather than as a tech-
nique for corpora expansion. Indeed, the massive
amount of data on the internet leads to significant
redundancy in collected corpora, which negatively
impacts model training (Lee et al., 2022; Penedo
et al., 2024). Consequently, most research focuses
on the detection and removal of duplicates (or dedu-
plication), particularly in the context of corpora
intended for LLM training.

This problem is particularly pronounced in τ -
languages, where the volume of available text data
is substantial but also highly redundant. For this
reason, most research aims to produce large-scale
training corpora whilst minimizing duplication as
much as possible. Thus, FineWeb (Penedo et al.,
2024) and CCNet (Wenzek et al., 2020) show filter-
ing and deduplication techniques to produce high-
quality, non-redundant corpora.

2This corpus is available at: https://demo-lia.
univ-avignon.fr/pi-yalli

However, the situation is different for π-
languages, where the problem is not an excess of
data, but a scarcity of it. In this context, data aug-
mentation (DA) could be an interesting strategy for
expanding currently available corpora to compen-
sate for the lack of resources (Feng et al., 2021;
Chen et al., 2023). There are two main approaches
proposed for DA techniques, in the literature: at
the lexical level and at the syntactic level.

2.1 Lexical level DA

The EDA (Easy Data Augmentation) method (Wei
and Zou, 2019) performs simple operations such as
synonym substitution, as well as the insertion, dele-
tion or random replacement of words. It has been
applied exclusively in the context of text classifi-
cation, and the results show performance ranging
from 87.8% to 88.6%, representing improvements
of less than 1%. These techniques use dictionaries
to deal with synonyms.

2.2 Syntactic level DA

For languages lacking dictionaries, there are some
techniques such as EDDA (Easy Distributional
Data Augmentation) and TSSR (Type Specific Sim-
ilar word Replacement) (Mahamud et al., 2023),
which utilise distributional context and morphosyn-
tactic labels to address this shortcoming. TSSR
requires the data to be annotated with POS3 tags.
EDDA relies on the latent space generated by
Word2Vec rather than a dictionary. These tech-
niques have previously been applied to Swedish
corpora.

In this article, we propose an approach to cor-
pus expansion that utilises techniques requiring no
lexical resources, such as part-of-speech taggers or
dictionaries. Indeed, for Nawatl, these resources
(where they exist at all) are difficult to apply di-
rectly due to the language’s high degree of aggluti-
nation and polysynthesis. Furthermore, the limited
dictionaries available do not cover all dialectal va-
rieties.

Finally, we contend that EDA-type techniques
and their stochastic mechanisms can introduce syn-
tactic and semantic biases. Consequently, we aim
to avoid such methods in our proposal.

3Part-Of-Speech.
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3 The Nawatl language and the π-YALLI
corpus

The Nawatl language is an Amerindian polysyn-
thetic and agglutinative language. In other terms,
verbal or nominal root morphemes and a range of
inflexional morphemes combine productively to
form new “words”. At the syntactic level, Nawatl
sentences follow a basic verb–subject–object
(VSO) word structures, although this can be
flexible. Thus, there are VO, VS, VOS and,
less frequently, SV, SVO and SOV word orders
(de Durand-Forest et al., 1995; Guzmán-Landa
et al., 2026), depending on speakers’ needs. Fur-
thermore, the syntactic and semantic relationships
between words and clauses are established through
the valency of the verb and the use of conjunc-
tive particles. These particles may also function as
markers and discourse connectors.

Another distinctive feature of Nawatl is that
words can be written as complete sentences, and
this is particularly true of predicative words featur-
ing verbs or verbal derivations. We therefore refer
to them as phrase-words or “single-word phrases”,
as their morphology includes the subject and pred-
icate, as well as information on the actants, and
modal, directional and relational elements (Launey,
1978; Charles, 2016; Flores Nájera, 2019; Sasaki,
2022). Given its oral nature, there are very few
written resources available for this language. Com-
bined with the lack of standardised writing systems,
this makes automated processing extremely diffi-
cult (Guzmán-Landa et al., 2025).

3.1 Some available Nawatl resources

There are very few tools and textual resources avail-
able for the Nawatl language. To our knowledge,
only one machine translation tool is available for
the Western Huasteca variety4 since 2024.

In 2017, the Instituto de Ingeniería at the Univer-
sidad Nacional Autónoma de México (UNAM) pub-
lished Axolotl, a bilingual Spanish/Nawatl corpus5.
Furthermore, a Nawatl spelling unifier (Guzman-
Landa et al., 2025) and the new π-YALLI corpus
has recently been introduced. However, many di-
alectal varieties and texts remain inaccessible. This
has a detrimental impact on the development of ma-
chine learning-based tools, thereby hindering their

4See Google Translate https://translate.google.
com.mx/?hl=es&sl=nhe&tl=es&op=translate

5The Axolotl corpus is also available at the following ad-
dress: http://www.corpus.unam.mx/axolotl

widespread use and adoption by Nahua-speaking
communities.

3.2 The Nawatl π-YALLI text corpus

The π-YALLI corpus (Guzmán-Landa et al., 2025)
is a Nawatl text resource available for machine
learning and NLP algorithms. It is a heterogeneous
corpus covering 16 topics and 26 dialectal vari-
eties of Nawatl, spoken mainly in Mexico and El
Salvador. It contains a limited number of words
(around 6.6 million) and sentences, but it has been
used successfully in various NLP tasks (Guzmán-
Landa et al., 2025; Guzmán-Landa et al., 2026).

Despite its limited size, π-YALLI is, however,
useful for training vector models: TF-IDF (Man-
ning and Schütze, 1999), BM25 (Robertson et al.,
2004), TF-PDF (Bun and Ishizuka, 2002) or static
embedding models such as Word2Vec (Mikolov
et al., 2013b), FastText (Bojanowski et al., 2017) or
GloVe (Pennington et al., 2014), but clearly unsuit-
able for training contextualised vector models using
BERT-style transformers (Devlin et al., 2019).

The acronyms used in this paper concerning the
26 dialectal varieties and the 16 topics, are listed in
the Appendix A.1.

4 Statistical corpora balance

It is accepted by the scientific community that cor-
pora must be balanced in order to avoid any bias
(Arbach and Ali, 2013). However, the current π-
YALLI corpus is not balanced at all (see Figure 1)
either topically or dialectally.

We decided to evaluate the impact of balanced
corpora on NLP tasks. For this reason, we will
use two types of corpora: (i) unbalanced corpora
and (ii) statistically balanced corpora (in our case,
balanced only in terms of topics and dialectal va-
rieties). Subsequently, both categories will be in-
crementally duplicated in order to find an optimal
duplication ratio ρ that maximises the performance
of the models on an NLP task.

Firstly, we proceeded to establish a statistical
balancing. In this regard, we introduced two
types of corpora balancing: uniform balancing and
positional balancing.Both techniques can be ap-
plied on topics, dialectal varieties or others cor-
pus categories. Corpus balancing begins by sort-
ing the N categories in descending order, classi-
fying them according to their number of tokens
Ti, i = 1, 2, ..., N .
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4.1 Uniform balancing

This strategy involves balancing the varying token
counts across the N categories (topical or dialectal)
relative to the initial value T1, which contains the
largest number of tokens. This enables the Ti; i =
2, 3, 4, . . . , N tokens within each category to be
balanced until they all match the token count of T1.

Once the process of uniform distribution to the
π-YALLI corpus is applied, in the case of the
N = 16 topics, each one will account for 3.2
million tokens. The resulting corpus will there-
fore be uniformly balanced, increasing from 6.6
million to 47.9 million tokens. However, we ob-
served that some topics—such as literature (LIT)
and history (HIS)— are duplicated fewer than 5
times, while others—such as politics (POL) and
music (MUS)—are duplicated more than 1,000
times. This represents a significant increase that
could have a major impact on model training. In
the case of N = 26 dialectal varieties, the new
balanced corpus increases from 6.6 million to 31.3
million tokens. The number of tokens for each di-
alectal variety increases at a different rate, as there
are fewer available topics than there are dialectal
varieties.

4.2 Positional balancing

In this statistical balancing strategy, we multiply
the number of tokens Ti of each topic (or dialectal
variety) by their position i = 1, 2, 3, ..., N in the
ranking. This allows the N topics (or varieties) to
be balanced positionally.

Positional balancing aims to correct the exces-
sive uniform duplication of certain topics (or va-
rieties). Furthermore, in N = 16 topic positional
balancing, the corpus increases from 6.6 million
to 13.9 million tokens. As there are 16 topics, no
single topic will be duplicated more than 16 times.
For N = 26 dialectal varieties, the number of to-
kens increases from 6.6 million to 28.5 million. A
larger number of tokens is obtained because there
are more dialectal varieties represented (see Fig-
ure 1).

5 Incremental corpora duplication

It has been reported that LLMs require between
10 and 100 million tokens to obtain stable em-
beddings (Micheli et al., 2020). We therefore de-
cided to expand the π-YALLI corpus using balanc-
ing strategies combined with an incremental du-
plication technique. This study aims to assess the

impact of both factors on static embedding training
algorithms.

At first glance, such a strategy might appear to
have no positive impact on embedding learning.
Indeed, it has been found that corpus deduplication
is a crucial step in achieving successful embed-
ding learning (Lee et al., 2022). In the case of
τ -languages, certain sentences are repeated 60,000
times or more; this poses a significant challenge
for dense word representations, as such redundancy
often leads to the overfitting of neural models.

Concerning π-languages, in addition to the lack
of resources, it should be borne in mind that Nawatl
is an agglutinative and polysynthetic language; con-
sequently, the frequent use of compound words
reduces the number of what we normally under-
stand as “words”, compared with other types of
languages. Put differently, what would take five
or six words in non-agglutinative languages is ex-
pressed in Nawatl with just one. This is very ob-
vious in translation. Ultimately, all of this has an
impact on the number of words (tokens) available
in the corpora.

However, our hypothesis is that a controlled and
moderate increase in the number of occurrences
could facilitate the learning of textual representa-
tions in the case of π-languages, and in particular
in Nawatl. We decided to empirically test our hy-
pothesis regarding the impact of corpus expansion
on learning algorithms. The aim, of course, is to
seek a positive impact on the quality of static word
embeddings.

6 Experimental setup

The protocol on a semantic task and the experi-
ments concerning the incremental duplication strat-
egy will be detailed in this section.

6.1 Similarity Semantic Task using static
embeddings

Semantic similarity, a classic NLP task, involves
evaluating various models (statistical, neural net-
works, etc.) using appropriate evaluation protocols
(Francis-Landau et al., 2016). In our study, the aim
is to calculate the semantic similarity between the
reference sentences and the sets of candidate sen-
tences, which may be semantically close to or dis-
tant from the references. This results in rankings of
the candidate sentences, which will be compared to
rankings produced by 5 native Nawatl speakers, via
a statistical estimator. This is the same evaluation
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Figure 1: Corpora distribution by topics (at left) and dialectal varieties (at right). Orange bars: original unbalanced
corpus. Blue bars: positional balanced corpus (numbers are in millions of tokens; see other details on the
Appendix A.5).

protocol found in the recent literature (Guzmán-
Landa et al., 2025): 30 reference sentences and 5
candidate sentences per reference. The final rank-
ing of candidates allows us to estimate the impact
of incremental duplication on embedding learning
and also to measure their quality on a semantic
proximity task. An example of sentences used in
this semantic task is shown in the Appendix A.2.

Static embeddings have been widely used in
NLP tasks (classification, analogies, semantic simi-
larity, etc.), but they have been largely abandoned
in favour of transformer-based contextual embed-
ding models (such as the BERT model), whose pop-
ularity is due to their excellent performance (Devlin
et al., 2019). Although transformers have shown
their superiority in NLP tasks, this has only been
possible in τ -languages. Indeed, this type of model
requires large amounts of textual data to learn ef-
fectively. The situation changes completely when
it comes to processing π-languages. In this con-
text, non-contextual embeddings are competitive,
as they can be generated from scratch, are quick to
train and, most importantly, non-contextual mod-
els require small corpora to achieve meaningful
learning.

Among the popular static embedding training
algorithms are Word2Vec (Mikolov et al., 2013a),
FastText (Bojanowski et al., 2017), and GloVe (Pen-
nington et al., 2014). Consequently, we employed
these algorithms to train word embeddings on our
extended (duplicated) corpora. To operate at the
vector-sentence level, we compute the average of
the word vectors in the all sentences. In the Ap-
pendix A.3 we show the training hyper-parameters
used for the models. The quality of the embeddings

was subsequently evaluated using the aforemen-
tioned sentence semantic similarity task, establish-
ing a ranking (Guzman-Landa et al., 2025).

The cosine similarity between each candidate
phrase vector C⃗i,j and the reference phrase vec-
tor R⃗j for a block j, where i = 1, 2, ..., 5 and
j = 1, 2, ..., 30, allows us to calculate a ranking Oj

of the candidate phrases. This ranking is compared
with the ranking O∗

j produced by human annota-
tors. The correlation between the obtained Oj and
ground-truth O∗ rankings is evaluated by Kendall’s
rank correlation coefficient τ .

Kendall’s coefficient τ is a non-parametric mea-
sure of correlation that assesses the ordinal asso-
ciation between two variables, i.e. the degree of
agreement between two rankings (Kendall, 1938).

6.2 Corpus balancing and incremental
duplication

In order to expand the original corpus, we incre-
mentally duplicate ρ times the π-YALLI corpus–
whether balanced or unbalanced– where ρ =
[1, 2, 4, ..., 28, 30] times its original size. The aim
is to determine the optimal value of ρ⋆ that max-
imises the efficiency of the models.

On the one hand, in the case of unbalanced cor-
pora, we have incrementally generated corpora
ranging from: 6.6 million (ρ = 1), 13.2 million
(ρ = 2), 19.8 million (ρ = 3), ..., to approximately
198 million words (duplicated ρ = 30× times),
without regard to topical or dialectal varieties.

On the other hand, using statistically balanced
corpora, we have corpora generated by progressive
incrementation. Table 1 shows the corpus size in
millions of words from starting point (without du-
plication) where ρ = 1, to our final experimental
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point with ρ = 30 duplications.

Balancing Topical Dialectal
ρ=1 ρ=30 ρ=1 ρ=30

Uniform 47.9 1437.7 31.3 938.2
Positional 13.9 417.5 28.5 856.3

Original corpus
Unbalanced ρ=1 ρ=30

6.6 198

Table 1: Balancing and duplication impact on corpora’s
size in millions of words (tokens).

7 Results and Discussion

The corpus was pre-processed using a spelling
Nawatl unifier (Guzman-Landa et al., 2025), fol-
lowed by processes of cleaning, segmentation into
paragraphs and sentences, and the removal of some
stop-words (Guzmán-Landa et al., 2026).

Figure 1 presents the new statistical distributions
(blue bars) obtained by applying the positional bal-
ancing techniques (orange bars) to the topical and
dialectal varieties. This addresses the bias intro-
duced by the variability and productivity of the
texts selected for the corpus. This variability af-
fects not only the quantity but also the quality of
future text processing and generation.

These transformations involve considerable vol-
umes of text, thereby significantly increasing the
size of the π-YALLI corpus and reducing the under-
representation of topic-based and speech commu-
nities.

7.1 Unbalanced corpora

Figure 2 shows the results using incremental dupli-
cation of unbalanced corpora, with an increment
ratio ρ = [1, 2, ..., 30]. For each ratio ρ, we show
the average Kendall’s ⟨τ⟩ over five runs and the
respective standard deviation (shown as a coloured
band). The FastText algorithm in skip-gram mode
achieves the best ⟨τ⟩ performance across most ra-
tios ρ. However, it should be noted that Word2Vec,
also in Skip-gram mode, benefits most from the un-
balanced incremental duplication technique, with
consistent improvements between 1× ≤ ρ ≤ 16×.
In contrast, the GloVe algorithm shows diminishing
results as the number of duplications increases.

Table 2 shows further details concerning these
results: the maximum average values of ⟨τ⟩, the
gain and the training time. Except GloVe, the un-
balanced duplication yields moderate or signifi-

cant benefits. We have observed that Word2Vec
achieves better results when the duplication rate
ρ = [20, 22]. On the other hand, FastText reaches
its maximum values with ρ = [8, 10]. This shows
that FastText, with a lower duplication rate, gener-
ates higher-quality static embeddings.

In order to compare our results, we have used as
our baseline three well known pre-trained embed-
ding models. These models uses the same learn-
ing algorithms but they were trained on three com-
monly available corpora–without duplication or
balance–: (i) FastText trained on Common Crawl6;
(ii) FastText trained on Nawatl Wikipedia7; and
(iii) Word2Vec trained on Nawatl Common Crawl8.
Our results outperform the three baselines, as ex-
pected.

7.2 Balanced corpora

Table 3 presents a comparison between models
trained on the original unbalanced π-YALLI cor-
pus and those trained on the newly proposed uni-
form and positionally balanced corpora. This study
was conducted using only the Word2Vec and Fast-
Text models employing Skip-gram architectures,
which yielded the best results when applying un-
balanced incremental duplication to the corpora
(see Figure 2). As shown in Table 3, topic posi-
tional balancing (Tpos) enables FastText to achieve
a Kendall’s ⟨τ⟩ = 0.477, the highest recorded
across all balancing methods. Meanwhile, with
uniform topic balancing (T+), Word2Vec shows a
19.9% improvement, increasing from a Kendall’s
⟨τ⟩ of 0.357 to 0.428. This constitutes the largest
percentage gain among all balancing techniques.

We found that positional (pos) and uniform (+)
balancing, when applied to topics, yield the highest
scores. However, in practice, both types of balanc-
ing applied to the topic (T) or dialectal varieties
(D) yield an improvement in the base Kendall’s τ
for Word2Vec and FastText. For this reason, we de-
cided to apply incremental duplication to all cases:
T+, Tpos, D+, and Dpos.

Figure 3 shows that topic positional balancing
Tpos stands out significantly compared to the other
cases. FastText once again achieves the highest
mean Kendall’s value of ⟨τ⟩ = 0.515 for ρ = 12.
The percentage increase relative to the baseline τ

6https://commoncrawl.org
7FastText has been trained on 157 languages: https://

fasttext.cc/docs/en/crawl-vectors.html
8https://sparknlp.org/2022/03/16/w2v_cc_300d_

nah_3_0.html
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Figure 2: Unbalanced π-YALLI corpus. Kendall’s coefficient ⟨τ⟩ on sentence semantic similarity task. Learning
on incrementally duplicated unbalanced corpus π-YALLI, using the static models GloVe, FastText (CBOW=FTcb,
Skip-gram=FTsg) and Word2vec (CBOW=W2Vcb, Skip-gram=W2Vsg). There are 5 runs per duplication point ρ.

— which rises from 0.477 to 0.515 — is 8%. Fast-
Text also achieves a maximum absolute9 value of
τ = 0.547. Word2Vec achieves its highest average
⟨τ⟩ = 0.481 at ρ = 12, and a maximum absolute
τ = 0.500. However, this is not the highest τ for
Word2Vec, as it achieves a maximum absolute10

τ = 0.527 at ρ = 18. Therefore, ρ⋆ = 12 can
be established as a reasonably optimal duplication
ratio for this NLP task.

Given the upward trend in Kendall’s τ for the
topic positional balancing (Tpos) in both Word2Vec
and FastText, we decided, with purely exploratory
intent, to investigate whether this improvement
would persist in these algorithms. Figure 4 (see
Appendix A.4) shows the performance using topic
positionally balancing for values of ρ up to 50. A
limit to the improvement from incremental dupli-
cation can be observed; the average ⟨τ⟩ no longer
exceeds the results obtained at ρ = 12. Indeed,
for ρ = 50 in Word2Vec, the ⟨τ⟩ obtained is lower
than the initial value. In FastText, the final four
average ⟨τ⟩ values remain very close to the initial
baseline.

Finally, a significant difference was observed
between the CBOW and Skip-gram architectures
of the learning algorithms. CBOW is an architec-
ture that focuses on predicting an unknown word
X based on its context — the set C(X) of words
surrounding X (Mikolov et al., 2013c). X is then
predicted based on the information provided by
its context, C. In contrast, Skip-gram predicts the

9Not visible in the Fig. 3, at left.
10Not visible in the Fig. 3, at right.

words surrounding X . Word2Vec generates a sin-
gle vector (embedding) for each word in the vocab-
ulary, whereas FastText generates an embedding
for each Nawatl character n-gram. This allows for
the construction of vectors containing more infor-
mation, by virtue of these n-grams. We confirmed
experimentally that FastText’s Skip-gram architec-
ture significantly outperforms the other algorithms.

8 Conclusions and Future work

The results obtained highlight the effectiveness of
the balancing and duplication techniques proposed
for the corpora. Indeed, when these techniques
are applied to agglutinative and polysynthetic lan-
guages having limited computational resources,
they seem to facilitate the training of models that
produce static representations. In this way, static
representations trained with these techniques cap-
ture the language’s structure more effectively.

Specifically, in the case of FastText, the topical
positional balancing, combined with the ρ = 12
replicas of the corpus improved the Kendall coef-
ficient ⟨τ⟩ from 0.459 (using the original, unbal-
anced corpus) to ⟨τ⟩ = 0.515, representing a signif-
icant gain of 12.2%. Although Word2Vec does not
achieve the highest mean value of Kendall’s ⟨τ⟩, it
is the model that obtained the most representative
gain, illustrating the advantages of the approach
presented. Their average Kendall’s coefficient at
the starting point (without balancing or duplication)
is ⟨τ⟩ = 0.357, whilst topic positional balancing,
combined with incremental duplication, achieves a
⟨τ⟩ = 0.481, i.e. a 34.7% improvement.
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Model ⟨τ⟩ max⟨τ⟩ρ× ρ Gain % Time (min)
FastText Skip-gram 0.459 0.495 10 7.8 46.6

Word2Vec Skip-gram 0.357 0,483 22 35.3 39.3
FastText CBOW 0.345 0.393 8 13.9 43.7

Word2Vec CBOW 0.220 0.257 20 16.8 14.9
GloVe 0.209 0.216 6 3.4 6.5

Baselines ⟨τ⟩
FastText/Wikipedia 0.242 - - - -

FastText/Common Crawl 0.240 - - - -
Word2Vec/Wikipedia 0.240 - - - -

Table 2: Unbalanced π-YALLI corpus. Kendall’s ⟨τ⟩ over five runs of the models without duplication, and
max⟨τ⟩ρ×: the maximum τ obtained with ρ× duplications. %: percentage of ⟨τ⟩ improvement. The learning time
is approximate for each single ρ run, executed on a cluster with a requirement of [8, 12] cores and [16, 64] GB of
RAM, running under GNU/Linux in SLURM (Simple Linux Utility for Resource Management) mode. The baselines
use pre-training models.

Unbalanced Balanced corpora
corpus Topical Dialectal

Skip-gram ⟨τ⟩ ⟨τ⟩ Gain% ⟨τ⟩ Gain%
Model T+ Tpos T+ Tpos D+ Dpos D+ Dpos

FastText 0.459 0.467 0.477 1.7 3.9 0.465 0.468 1.3 1.9
Word2Vec 0.357 0.428 0.425 19.9 19.0 0.413 0.381 15.7 6.7

Table 3: Starting point (without duplication) of unbalanced and balanced corpora. Kendall’s ⟨τ⟩ on 5 runs of
Skip-gram models. +: Uniform balancing, pos: Positional balancing, T: Topical, D: Dialectal.

Figure 3: Balanced and incrementally duplicated corpus π-YALLI. FastText (left) vs. Word2Vec (right) in Skip-
gram mode. Kendall’s coefficient ⟨τ⟩ of the sentence semantic similarity task. D+: Uniform balancing by dialectal
variety, T+: Topic uniform balancing, Dpos: Positional balancing by dialectal variety, Tpos: Topic positional
balancing. The dashed lines represent the ⟨τ⟩ obtained using the original corpus (without balancing or duplication).
There are 5 runs per duplication point ρ (the scale is the same on both graphics).

We found that positional balancing outperforms
uniform balancing, particularly when applied to
topics. We have reached the conjecture that uni-
form balancing tends to favour data redundancy to
a greater extent. Furthermore, this is exacerbated
when incremental duplication is applied; conse-
quently, in several cases starting from ρ = 2, a

deterioration in Kendall’s τ can be observed. This
suggests that while maintaining a proper balanc-
ing between classes within a corpus is crucial, it is
equally important to prevent them from becoming
excessively redundant.

Our research highlights the positive impact on
model learning of applying a statistically balanced,
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positional strategy to heavily imbalanced corpora.
Furthermore, these benefits are amplified when
combined with an incremental corpus-duplication
technique. Even without any balancing applied, the
duplication strategy alone shows positive effects
on the model training. Duplication is thus an ef-
ficient and comprehensive alternative for corpora
expansion, particularly when dealing with NLP of
π-languages.

In future work, we will explore other ways of bal-
ancing corpora and their impact on the incremental
duplication technique. Similarly, we intend to eval-
uate the contribution of expanded corpora to the
tasks of Automatic Text Summarisation, Sentiment
analysis and Named Entity recognition—such as
toponyms detection—in Nawatl.

Limitations

Our results indicate that the proposed corpus bal-
ancing and duplication methods yield better results
than using the original corpora.

Although these results are very promising, we
recognise that further experiments are needed with
other types of balancing and duplication, particu-
larly using other NLP tasks to assess the limita-
tions in greater detail. This is especially true for
π-languages, which have very few computational
resources.

Ethics Statement

We are mindful of the potential risks associated
with data duplication, including the possibility of
encouraging redundancy and bias, and the risk of
minimizing or excluding some lects and scripts of
Nawatl speech.

We therefore strongly advocate that this technol-
ogy be used exclusively to promote the appreciation
of Nawatl and to support the development of digital
resources that facilitate its study and dissemination.
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A Appendix

In this Appendix, we present: (A.1) the list of
acronyms used (both dialectal and topical); (A.2)
an example of Nawatl semantic similarity between
a reference sentence and its candidates; (A.3) the
learning hyper-parameters for the models; (A.4)
the comparison of the two best-performing learn-
ing algorithms, and (A.5) the statistical distribution
of topics and dialectal varieties.

A.1 Dialectal and Topical acronyms

The following acronyms will be used to designate
the 26 dialectal varieties available of the π-YALLI

corpus:
CV: Veracruz Central Nawatl, H: Huasteca,

HH: Hidalgo’s Huasteca, HV: Veracruz Huasteca,
HP: Potosí Huasteca, CEA: Upper Central Region
Mexican, CEO: Central-Western Mexican, CEN:
Central Mexican, CEB: Central Low Mexican,
ORI: Eastern Mexican, GUE: Guerrero’s Mexican,
NOC: Central Northwest, IST: Isthmus Nawatl,
NAW: Nawat, OAX: Oaxaca’s Nawatl, CEP:
Puebla Center, ANP: Puebla’s Northern Highlands,
ORP: Eastern Puebla’s Mexican, SNP: Puebla’s
Sierra Negra, SNNP: Puebla’s Northern Sierra
Negra, SNSP: Puebla’s Southern Sierra Negra,
SNEP: Puebla’s Northeast Sierra, SOP: Puebla’s
Western Sierra, TEM: Temixco’s Mexican, TLA:
Tlaxcala’s Mexican, and MIX: Mixture of dialectal
varieties11.

The acronyms for the 16 topics are as follows12:
REL: Religion, LIT: Literature, HIS: History,
EDU: Education, LIN: Linguistics, LEG: Legisla-
tion, WIK: Wikipedia, COS: Cosmovision, TEC:
Technology, ECO: Economics, MED: Medicine,
AGR: Agriculture, POE: Poetry, MUS: Music,
PHR: Sentences without context, and POL: Poli-
tics.

11The original INALI Spanish names for the dialectal va-
rieties are as follows: CV: Nawatl Central de Veracruz, H:
Huasteca, HH: Huasteca Hidalguense, HV: Huasteca Ver-
acruzana, HP: Huasteca Potosina, CEA: Mexicano del Centro
Alto, CEO: Mexicano Central de Occidente, CEN: Mexicano
del Centro, CEB: Mexicano Central Bajo, ORI: Mexicano
del Oriente, GUE: Mexicano de Guerrero, NOC: Noroeste
Central, IST: Nawatl del Istmo, NAW: Nawat, OAX: Nawatl
de Oaxaca, CEP: Centro de Puebla, ANP: Alto del Norte de
Puebla, ORP: Mexicano del Oriente de Puebla, SNP: Sierra
Negra de Puebla, SNNP: Sierra Negra Norte Puebla, SNSP:
Sierra Negra Sur de Puebla, SNEP: Sierra Noreste de Puebla,
SOP: Sierra Oeste de Puebla, TEM: Mexicano de Temixco,
TLA: Mexicano de Tlaxcala, MIX: Mezcla de variedades.

12Classification of the Atlas of Languages INALI: https:
//atlas.inali.gob.mx/agrupaciones/info/0211
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A.2 Example of a reference-candidates block
10, for the semantic similarity task

REFERENCE SENTENCE (10):
Yewehkatlahtolli momachtia ken okatka tlakayotl /
History studies the past of Humanity.

RANKED CANDIDATE SENTENCES:

1. Tikmatih tlen opanok, ken okatka tlakayotl
ika yewehkatlahtolli.

We know about humanity’s past thanks to his-
tory.

2. Tlen ye wehkah otlamochih momachtia ipan
weyi tlamachtiloyan.

Historical events are studied at university.

3. Momachtilistli itechpa wehkawitl techpalewia
pampa tikachtopaittaskeh yakapankawitl.

Studying the past helps us to predict the future.

4. In wehkawitl ye wehka opanok

The past is just that: the past.

5. Nonemilis nesi ihkin inemilis notahtzin: ohwi.
My personal story is much like my father’s:
complicated.

A.3 Training Hyper-parameters used for the
models

The hyper-parameters used for all models are as
follows:

Number of epochs: 20; Context window size: 5
tokens; Embeddings’ dimension: 300; and only for
GloVe algorithm: Cutoff = 100 and α = 3/4.

A.4 Comparing mean ⟨τ⟩ of FastText vs.
Word2Vec with 1 ≤ ρ ≤ 50

In this comparison, both algorithms use the skip-
gram architecture. Kendall’s ⟨τ⟩ coefficient for
the sentence semantic similarity task is shown in
the Figure 4. The results reflect the algorithms’
performance on incrementally duplicated and topic-
positionally balanced corpora.

The dotted lines in the figure indicate the τ
values for the trained models (FastText in green,
Word2Vec in blue) using the original π-YALLI cor-
pus (without duplication or balancing).

In this experiment there are 10 runs per duplica-
tion ratio 1 ≤ ρ ≤ 50, where the standard deviation
is shown as a coloured band.

Figure 4: FastText (green) vs. Word2Vec (blue) using
topic positionally balanced corpora. The dotted lines
show Kendall’s τ for the trained models on the original
π-YALLI corpus.

A.5 Statistical distribution of tokens of the
nawatl corpus

In Tables 4 and 5, we show the statistical distri-
bution of words (tokens) by topics and dialectal
varieties within the nawatl π-YALLI corpus.
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Topics
Acronym # Num.

REL 3 183,638 1
LIT 958,679 2
HIS 613,682 3

EDU 468,585 4
LIN 388,546 5

LEG 303,748 6
WIK 162,994 7
COS 52,304 8
TEC 25,899 9
ECO 14,854 10
MED 12,668 11
AGR 7,604 12
POE 3,934 13

MUS 2,417 14
PHR 2,208 15
POL 1,750 16

Table 4: Tokens’ number (#) per topic.

Dialectal varieties
Acronym # Num.

HV 1 307,351 1
MIX 938,825 2

HP 833,297 3
CEA 665,008 4

CV 457,333 5
GUE 453,994 6
CEO 242,554 7
IST 189,767 8

SNNP 185,564 9
OAX 170,483 10
SOP 156,861 11
SNP 155,944 12
ANP 142,385 13

SNEP 89,127 14
NAW 64,271 15
NOC 62,406 16

HH 32,581 17
H 25,204 18

CEP 12,746 19
TEM 7,220 20
ORI 4,263 21

CEN 2,273 22
SNSP 1,618 23
TLA 972 24
CEB 735 25
ORP 728 26

Table 5: Tokens’ number (#) per dialectal variety.
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Abstract

Morphosyntactic transformation poses sig-
nificant challenges for large language mod-
els (LLMs) in low-resource, morphologically
rich languages, where multiple grammatical
categories are often encoded within a sin-
gle word. Applying controlled grammatical
changes while preserving meaning requires
both linguistic precision and robust generaliza-
tion. We introduce a morphosyntactically con-
trolled transformation dataset for Quechua Col-
lao, built from a normalized Spanish–Quechua
parallel corpus with explicit annotations and
transformation labels. The dataset defines a
controlled sentence-level transformation task,
where models generate target sentences given a
source sentence and a structured specification
of grammatical changes. We evaluate multi-
ple LLMs under varying numbers of in-context
examples, selection strategies, and the use of
lightweight morphological hints. Results show
that performance depends strongly on prompt
design and task formulation rather than model
size alone. Increasing the number of exam-
ples yields model-dependent gains, benefiting
smaller models more, while larger models re-
main relatively stable. Morphological hints
provide selective improvements depending on
the transformation type. These findings show
that robustness arises from the interaction be-
tween model behavior, context size, and lin-
guistic structure, highlighting the importance of
controlled experimental design in low-resource
settings.

1 Introduction

Morphosyntactic transformation is a structured gen-
eration task in which a system modifies specific
grammatical properties of a source sentence while
preserving its propositional content. Unlike word-
level inflection, sentence-level transformation may
require coordinated changes across multiple tokens
or the insertion and deletion of functional elements.
This challenge becomes particularly pronounced

in morphologically rich languages, where several
grammatical features are encoded within a single
word through the concatenation of affixes, and even
minimal modifications can entail non-trivial struc-
tural adjustments.

Southern Quechua (ISO 639-3: quz), particularly
its Collao variety, provides a suitable testbed for
this task. As part of the Quechuan language fam-
ily, it exhibits a predominantly agglutinative mor-
phology in which grammatical categories such as
person, tense, aspect, number, and evidentiality are
expressed through suffixation (Cerrón-Palomino,
2003; Chuquimamani Valer et al., 2021). This re-
sults in dense morphological structure and produc-
tive inflectional paradigms, where accurate trans-
formation requires identifying and modifying spe-
cific morphemes while preserving the remaining
structure.

In addition, Quechua Collao is situated in a low-
resource setting, characterized by limited availabil-
ity of digitized corpora, annotated data, and com-
putational tools. Joshi et al. (2020) formalize this
condition through a taxonomy of language resource
levels, showing that most of the world’s languages
fall into categories with minimal computational
support. Under these constraints, approaches based
on large pretrained language models and in-context
learning have become particularly attractive.

Recent work has explored sentence-level mor-
phosyntactic transformation in low-resource lan-
guages, notably through shared tasks in the Ameri-
casNLP workshop (De Gibert et al., 2025; Chiruzzo
et al., 2024). In these settings, systems are required
to apply explicit grammatical changes—such as
person, polarity, or tense—to a source sentence
and generate the corresponding modified output.
Within these tasks, LLMs prompted with few-shot
examples have emerged as competitive approaches,
with prior studies showing that both prompt en-
richment with morphosyntactic information (Vas-
selli et al., 2024) and example selection strategies
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(Lupicki et al., 2025) can influence performance.

However, these efforts do not specifically ad-
dress Quechua Collao, nor do they provide datasets
with explicit morphosyntactic control tailored to its
linguistic properties. While prior work on Quechua
has primarily focused on tasks such as machine
translation and related applications (Cueva Medina
et al., 2024), the availability of standardized, an-
notated resources for controlled morphosyntactic
transformation remains limited. This gap is partic-
ularly relevant for morphologically rich and low-
resource languages, where the absence of linguis-
tically structured datasets constrains both model
evaluation and the systematic study of generation
behavior (Camacho Caballero and Zevallos Salazar,
2020; Joshi et al., 2020).

Despite these advances, the relative contribution
of different design choices remains insufficiently
understood. Existing work typically reports im-
provements from individual techniques, but does
not systematically analyze how factors such as the
number of in-context examples, example selection
strategies, and the inclusion of lightweight morpho-
logical hints interact under controlled conditions,
particularly in relation to differences across models
and transformation complexity.

In this work, we construct a morphosyntactically
controlled transformation dataset for Quechua Col-
lao, derived from a normalized Spanish–Quechua
parallel corpus and enriched with explicit mor-
phosyntactic annotations and transformation la-
bels. This resource enables a controlled formula-
tion of sentence-level morphosyntactic transforma-
tion, where models generate target sentences given
a source sentence and a structured specification of
grammatical changes.

Using this framework, we conduct a systematic
study of in-context learning with multiple LLMs,
varying the number of examples, example selection
strategies, and the use of lightweight morphologi-
cal hints. In particular, we design a linguistically
motivated k-shot selection strategy that prioritizes
morphosyntactic relevance while constraining spu-
rious variation in the prompt. This setup allows
us to analyze how design choices in prompt con-
struction affect the robustness and consistency of
morphosyntactic generation in a low-resource set-
ting.

Source Sipasqa chukuta achalan
The young woman adorns the hat

Change {NUMBER:PL}
Target Sipasqa chukukunata achalan

The young woman adorns the hats

Table 1: Example of a morphosyntactic transformation
instance.

Metric Spanish Quechua
Sentence pairs 22,581 22,581
Total tokens 449,580 285,605
Unique tokens 52,632 73,637
Avg. tokens per sentence 19.91 12.65

Table 2: Statistics of the Spanish–Quechua parallel cor-
pus.

2 Task and Dataset

We consider the task of sentence-level morphosyn-
tactic transformation in Quechua Collao. Given
a source sentence and a set of morphosyntactic
changes, the task consists of generating a target
sentence that reflects the specified transformation
while preserving its propositional meaning. Table 1
illustrates the task format.

2.1 Corpus Construction

The dataset is derived from a Spanish–Quechua
parallel corpus compiled from bilingual educa-
tional materials and publicly available texts. The
Spanish side provides a semantic anchor and sup-
ports the initial annotation stage, while the trans-
formation task itself is defined over Quechua sen-
tences. The corpus was processed through text
extraction, normalization1, sentence segmentation,
and heuristic alignment to obtain parallel sentence
pairs. This parallel corpus serves as the basis for
subsequent morphosyntactic annotation and trans-
formation generation.

Table 2 summarizes the resulting corpus. Al-
though the Quechua side contains fewer tokens
overall, it exhibits a higher number of unique word
forms and shorter average sentence length. This
pattern reflects the agglutinative nature of Quechua
morphology: grammatical information that often
requires multiple words in Spanish can be encoded
through productive suffixation attached to a single
lexical root in Quechua.

1Orthographic normalization follows the official conven-
tions for Southern Quechua described in Chuquimamani Valer
et al. (2021).
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Category Example markers
PERSON -ni, -nki, -n, -nchik
TENSE -rqa, -sqa, -saq
ASPECT -chka
NUMBER -kuna
POSSESSION -y, -n, -yki
EVIDENTIALITY -mi, -si
POLARITY mana ... -chu

Table 3: Main morphosyntactic categories and typical
surface realizations in Quechua Collao.

2.2 Morphosyntactic Annotation

To enable controlled transformations, Quechua sen-
tences were annotated with morphosyntactic fea-
tures such as person, tense, aspect, number, pos-
session, evidentiality, and polarity. Annotation is
performed using a semi-automatic process based
on surface morphological patterns, followed by
manual verification by native speakers to ensure
linguistic consistency.

Table 3 summarizes the main morphosyntactic
categories represented in the dataset and their typ-
ical morphological realizations in Quechua Col-
lao. These categories correspond to core grammati-
cal distinctions in the language and follow the de-
scriptive framework proposed in previous linguistic
work (Chuquimamani Valer et al., 2021). A full
inventory of labels and abbreviations is provided in
Appendix C.

2.3 Transformation Dataset

From the annotated corpus, we construct a dataset
of transformation instances, each defined as a tuple
(source sentence, change, target sentence) (De Gib-
ert et al., 2025). This dataset enables the systematic
study of controlled morphosyntactic transforma-
tions in Quechua Collao, a setting for which no
prior structured resources are available. Target sen-
tences are obtained through controlled modification
of morphosyntactic features and manually verified
to preserve grammaticality and the original proposi-
tional content. Further details on the transformation
pipeline are provided in Appendix B.

Table 4 provides an overview of this task-ready
resource.

In addition to the minimal representation,
some experimental configurations incorporate
lightweight morphological hints that specify the
expected surface realization of target categories.
These hints are derived from the same morphosyn-
tactic markers and are used in enriched prompting

Metric Value
Transformation instances 6328
Unique source sentences 471
Unique target sentences 474
Unique change specifications 402
Avg. transformations per source 13.44

Table 4: Statistics of the morphosyntactic transforma-
tion dataset used for in-context learning experiments.

Label Expected realization
NUMBER:PL noun + -kuna
POSS:3_SI noun + -n
TENSE:PST_NEXP verb + -sqa
TYPE:NEG mana ... -chu
MODE:POT verb + -man

Table 5: Examples of lightweight morphological hints
used in prompting.

setups to provide explicit linguistic guidance dur-
ing inference.

Table 6 presents the distribution of morphosyn-
tactic categories in the transformation field. Person,
possession, and tense transformations account for
the majority of cases, reflecting their central role in
Quechua verbal and nominal morphology and their
high productivity in natural language usage.

The resulting dataset serves as the basis for the
in-context learning experiments described in the
following section.

3 Experimental Setup

3.1 In-Context Learning Setup
All experiments are conducted in an in-context
learning setting using instruction-tuned large lan-
guage models. Each prompt is formulated as a
structured table of resolved examples followed by
a final query with an empty target field, so that
the model must infer the required transformation
by analogy.2 We evaluate three instruction-tuned
LLMs selected to contrast parameter scale and gen-
eration behavior: Mistral 24B Instruct (Jiang et al.,
2023), Qwen 14B Instruct (Bai et al., 2023), and the
reasoning-oriented OpenAI GPT-OSS-20B (Ope-
nAI et al., 2025).

To ensure comparability across runs, decoding
is deterministic in all configurations, using tem-
perature = 0 and top-k = 1. The maximum out-
put length is fixed to 64 tokens for Mistral and
Qwen, while GPT-OSS-20B is generated without

2A full example of the prompting format is provided in
Appendix A.
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Category Frequency Percentage
PERSON 5676 41.9%
POSS 2685 19.8%
TENSE 2385 17.6%
NUMBER 1135 8.4%
EVID 519 3.8%
MODE 397 2.9%
ASPECT 387 2.9%
TYPE 208 1.5%
PERSON_OBJ 132 1.0%
SUBTYPE 30 0.2%

Table 6: Distribution of morphosyntactic categories in
the transformation field (Change).

an explicit cap.3 All models are executed locally
through LM Studio, which also allows us to record
inference latency under the same execution envi-
ronment. Additional inference details are provided
in Appendix E.

3.2 k-shot Selection Strategy

The quality of the in-context examples is a central
factor in this task. Rather than sampling examples
at random, we use a hierarchical retrieval strategy
designed to preserve morphosyntactic relevance
while minimizing distracting variation.

Selection proceeds in three stages:

• Exact match. The system first retrieves ex-
amples whose Change specification exactly
matches the target instance, requiring iden-
tical morphosyntactic categories and values
(e.g., PERSON:1_PL_INC, TENSE:PST_EXP).

• Primary-category match. If the required
number of examples is not reached, the sys-
tem backs off to instances sharing the same
primary morphosyntactic category, defined as
the dominant category within the Change spec-
ification (e.g., PERSON, TENSE, POSS), re-
gardless of the specific feature values.

• Similarity-based fallback. Remaining slots
are filled using TF-IDF similarity over the
source sentence in order to preserve lexical
and structural proximity.

3The 64-token limit exceeds the expected length of a single
transformed sentence and prevents unnecessarily long gener-
ations for Mistral and Qwen. All models are prompted to
output a FINAL: marker for retrieving the generated target;
GPT-OSS-20B is left uncapped because it may produce in-
termediate reasoning before reaching that marker. This may
affect latency comparability, but target retrieval remains uni-
form across models.

Factor Values

Dataset features Source, Change, Target, Hints

Models
Qwen2.5-14B-Instruct
Mistral-24B-Instruct
GPT-OSS-20B

Shots (K) {5, 10, 15}
Transformation size {1, 2}
Prompting modes w/o hints; w/ hints

Decoding
temperature = 0; top-k = 1
max tokens = 64 (Mistral/Qwen)
no explicit cap (GPT-OSS)

Inference setup LM Studio (local API)

Table 7: Experimental setup.

This retrieval process is further constrained in
three ways. First, we apply a subset constraint,
which prevents examples from introducing mor-
phosyntactic categories that are absent from the
target transformation. Second, we follow a cluster-
first policy, which prioritizes examples derived
from the same transformation cluster whenever pos-
sible. Third, evaluation follows a leave-one-out
scheme, so that the target instance never appears
among its own demonstrations. The full selection
workflow is illustrated in Appendix D.

3.3 Experimental Factors

The experiments vary four controlled factors:
model, number of in-context examples, use of mor-
phological hints, and transformation complexity.
Table 7 summarizes these settings.

We use the full transformation pool for retrieval
and evaluation, rather than fixed train/dev/test par-
titions, since the goal is not to fine-tune model
parameters but to measure controlled generaliza-
tion by analogy. The number of demonstrations
K ∈ {5, 10, 15} allows us to test whether addi-
tional context improves performance. We also com-
pare prompts with and without lightweight morpho-
logical hints, which provide surface-oriented cues
derived from the target transformation. Finally,
we distinguish between single-category transforma-
tions (size = 1) and compositional transformations
involving two categories (size = 2), allowing us to
evaluate how model behavior changes with struc-
tural complexity.

3.4 Evaluation Metrics

We evaluate model outputs using automatic metrics
that capture both exact correctness and surface-
level similarity.
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Exact match accuracy measures the proportion
of predictions that exactly match the reference tar-
get sentence after normalization.

chrF computes character n-gram F-scores be-
tween predicted and reference sentences, providing
a more fine-grained measure of similarity that is
robust to minor variations in morphologically rich
languages.

In addition to automatic metrics, we perform a
human-in-the-loop evaluation to assess grammat-
ical correctness, naturalness, and semantic con-
sistency of the generated outputs. Details on the
evaluation protocol and results are provided in Ap-
pendix F.

4 Results

Model performance varies substantially across con-
text sizes, revealing distinct sensitivities to the num-
ber of in-context examples. Table 8 summarizes
corpus-level results across models and values of
K.

Mistral 24B achieves strong accuracy with mini-
mal context, indicating that it can perform robustly
even with a small number of demonstrations. In
contrast, Qwen 14B exhibits consistent gains as K
increases, reaching the highest overall performance
at larger context sizes. GPT-OSS 20B shows more
gradual improvements with additional examples,
but remains less competitive in exact-match accu-
racy.

These patterns indicate that the effect of increas-
ing K is strongly model-dependent. Mistral re-
mains comparatively stable across configurations,
suggesting limited reliance on additional contextual
support. Qwen, by contrast, benefits directly from
larger context, indicating a stronger dependence on
in-context signals for generalizing morphosyntactic
transformations. GPT-OSS follows an intermediate
trend, with moderate but less consistent gains.

Overall, additional in-context examples do not
provide uniform benefits across models. Their ef-
fectiveness depends on how each model leverages
contextual information during inference, motivat-
ing the more detailed analyses that follow.

4.1 Model Comparison and Stability

Robustness vs. sensitivity. Model performance
reveals a clear trade-off between robustness and
sensitivity to experimental conditions. While all
systems achieve comparable average performance,
their behavior across configurations differs substan-

Mistral 24B GPT-OSS 20B Qwen 14B

K Acc. chrF Acc. chrF Acc. chrF

5 52.54 90.69 44.07 91.21 44.92 92.98
10 55.08 90.28 48.73 92.63 54.66 94.40
15 53.39 89.83 53.81 93.95 58.90 94.14

Table 8: Corpus-level results by model and number
of in-context examples (K). Bold indicates the best-
performing configuration for each model across values
of K.

tially.
Table 9 summarizes performance variability

across context sizes using mean and standard de-
viation as indicators of stability. Lower variance
reflects more consistent behavior across configura-
tions, while higher variance indicates sensitivity to
changes in prompting conditions.

Mistral exhibits consistently low variance, indi-
cating stable performance that is largely invariant
to both the number of in-context examples and the
use of hints. This suggests that the model inter-
nalizes morphosyntactic transformations without
relying heavily on prompt-specific cues.

In contrast, Qwen displays markedly higher vari-
ability, reflecting strong sensitivity to contextual
factors. Its performance improves as additional
examples are provided, indicating a more direct re-
liance on in-context signals for generalizing trans-
formation patterns, particularly in settings involv-
ing higher structural complexity.

GPT-OSS occupies an intermediate position. Al-
though it benefits from increased context, its im-
provements are less consistent and do not follow
a stable trend, suggesting a limited ability to sys-
tematically exploit additional examples compared
to Qwen, while lacking the robustness observed in
Mistral.

Accuracy vs. surface similarity. A comple-
mentary distinction emerges between exact-match
correctness and surface similarity. Despite achiev-
ing high chrF scores, Qwen and GPT-OSS do not
consistently match this performance in exact accu-
racy, indicating that morphologically similar out-
puts may still diverge from the correct transfor-
mation. This highlights the importance of jointly
evaluating both metrics in morphologically rich
languages.

Overall, these results indicate that model behav-
ior in this task is systematic rather than random.
Mistral emerges as the most robust model, Qwen
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Model Acc. chrF

Mistral 24B 53.67±1.06 90.27±0.35

Qwen 14B 52.82±5.85 93.84±0.61

GPT-OSS 20B 48.87±3.98 92.60±1.12

Table 9: Performance stability across models (averaged
over K = 5, 10, 15).
Values are reported as mean ± standard deviation over n =
708 instances per model.

as the most context-sensitive, and GPT-OSS as
an intermediate system with moderate adaptability.
These differences motivate the more fine-grained
analyses of contextual effects and prompting strate-
gies presented in the following subsections.

4.2 Effect of Context Size

The effect of the number of in-context examples
(K) is not uniform across models and is better
captured through statistical analysis than raw met-
ric differences. To assess whether changes in K
produce systematic variation, we apply Kruskal–
Wallis tests for global comparisons across context
sizes and Mann–Whitney U tests for pairwise con-
trasts.4

For Qwen, the effect of K is statistically signifi-
cant across configurations, confirming a strong de-
pendence on contextual information. Performance
improves consistently as additional examples are
provided, indicating that the model relies on in-
context signals to infer transformation rules, par-
ticularly in settings with lower frequency or higher
structural complexity. In this regime, additional
examples act as explicit guidance that supports gen-
eralization by analogy.

In contrast, Mistral does not exhibit statistically
significant differences across values of K, indicat-
ing that its performance remains largely invariant
to the number of demonstrations. This reinforces
the robustness observed in the previous subsection:
the model appears to internalize morphosyntactic
regularities in a way that does not depend strongly
on the quantity of contextual support at inference
time.

GPT-OSS shows a weaker and less consistent ef-
fect. Although performance tends to improve with
larger K, the differences are comparatively mild
and not systematically significant, suggesting that
the model can partially benefit from additional con-
text without exploiting it as consistently as Qwen.

4All statistical tests are conducted using a significance
level of α = 0.05.

Model Metric Test p-value Sig.

Mistral 24B Accuracy Kruskal (K) 0.853 n.s.
chrF Kruskal (K) 0.915 n.s.

GPT-OSS 20B Accuracy MW (5 vs 15) 0.034 *
chrF MW (5 vs 15) 0.033 *

Qwen 14B Accuracy Kruskal (K) 0.0077 **
chrF Kruskal (K) 0.0042 **

Accuracy MW (5 vs 15) 0.0024 **
chrF MW (5 vs 15) 0.0012 **

Table 10: Effect of the number of in-context examples
(K) on model performance.
Significance levels: n.s. (p ≥ 0.05, no consistent effect), *
(p < 0.05, mild effect), ** (p < 0.01, strong effect).

Overall, these findings indicate that increasing
K is not universally beneficial. Its effectiveness
depends on the model’s inference strategy: context-
sensitive models derive substantial gains from addi-
tional examples, while more robust models exhibit
diminishing returns.

4.3 Effect of Morphological Hints

We evaluate the impact of morphological hints
through paired comparisons between configura-
tions with and without hints, controlling for model,
context size, and input instance. To determine
whether observed differences are systematic, we
apply the Wilcoxon signed-rank test. Table 11 sum-
marizes the results.

For Mistral, the effect is statistically significant
across metrics, indicating that hints consistently im-
prove performance. Rather than compensating for
missing knowledge, hints appear to reinforce cor-
rect morphological decisions by providing surface-
level constraints aligned with the model’s internal
representations. This results in more stable and
accurate outputs, particularly in suffix selection.

Qwen exhibits a more selective effect. While
hints improve accuracy, their impact on chrF is not
consistent, suggesting that their primary contribu-
tion lies in guiding the correct application of the
requested transformation rather than improving sur-
face similarity. This indicates that Qwen benefits
from explicit cues, but does not fully integrate them
across all aspects of generation.

In contrast, GPT-OSS does not show statisti-
cally significant differences between configura-
tions. This suggests that the model does not con-
sistently leverage hints, and that its predictions are
influenced by factors not directly modulated by the
additional information provided.

Overall, these findings indicate that morpholog-
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Model Metric p-value Sig.

Mistral 24B Accuracy < 1× 10−6 ***
chrF < 1× 10−6 ***

Qwen 14B Accuracy 5.55× 10−3 **
chrF 5.21× 10−1 n.s.

GPT-OSS 20B Accuracy 4.54× 10−1 n.s.
chrF 1.66× 10−1 n.s.

Table 11: Effect of morphological hints evaluated with
the Wilcoxon signed-rank test (paired comparisons be-
tween configurations with and without hints).
Significance levels: n.s. (p ≥ 0.05, no consistent effect), *
(p < 0.05, mild effect), ** (p < 0.01, moderate improve-
ment), *** (p < 0.001, strong improvement).

ical hints act as auxiliary signals whose effective-
ness depends on the model’s inference strategy.
They function as a stabilizing mechanism for mod-
els with stronger internal representations, and as
partial guidance for more context-sensitive systems,
but do not provide universal improvements.

Qualitative examples illustrating these effects
are provided in Appendix G, where hints guide
correct suffix selection in some cases while having
no effect in others.

4.4 Efficiency: Performance vs. Latency

Increasing the number of in-context examples (K)
improves performance for some models, but also
increases the amount of information processed at
inference time, leading to longer end-to-end re-
sponse times. This trade-off is particularly relevant
in low-resource settings, where larger prompts may
be required to achieve competitive performance.
Latency trends across models and values of K are
reported in Appendix H.

Differences across models reflect varying de-
grees of dependence on contextual scaling. Qwen
benefits the most from increasing K, but requires
longer prompts to reach strong performance. In
contrast, Mistral remains comparatively stable with
fewer examples, reducing its reliance on extensive
context. GPT-OSS exhibits less consistent behav-
ior, with weaker and less predictable gains from
additional examples. Overall, these results suggest
that improvements obtained through larger context
windows should be considered jointly with their
computational cost, particularly when resources
are constrained.

4.5 Performance by Morphological Category

To better understand the sources of variability ob-
served in previous sections, we analyze perfor-

Category n Model Acc. chrF

ASPECT 90 Mistral 52.22 88.33
90 OSS 46.67 93.33
90 Qwen 58.89 95.24

NUMBER 51 Mistral 32.35 84.09
51 OSS 43.14 90.86
51 Qwen 23.53 87.49

PERSON 120 Mistral 56.67 90.37
120 OSS 40.83 91.87
120 Qwen 54.17 93.77

POSS 120 Mistral 65.83 88.67
120 OSS 65.83 94.39
120 Qwen 75.83 95.74

TYPE 84 Mistral 47.62 92.96
84 OSS 47.62 91.01
84 Qwen 41.67 92.73

Table 12: Performance by morphosyntactic category
and model.

mance across morphosyntactic categories. While
aggregate metrics suggest relatively stable behav-
ior, Table 12 reveals that performance is not homo-
geneous across transformation types, but instead
reflects systematic differences in linguistic com-
plexity and data distribution. Category-wise trends
across models are visualized in Appendix I.

Categories involving regular and localized mor-
phological alternations—such as PERSON and
POSS—are handled consistently well across mod-
els. In particular, POSS achieves the highest overall
accuracy, while PERSON maintains strong perfor-
mance across systems. These categories benefit
from predictable suffixal patterns and higher fre-
quency in the dataset, which generally correlates
with improved performance by increasing the likeli-
hood of retrieving relevant k-shot examples during
inference.

In contrast, NUMBER emerges as the most chal-
lenging category across all models. Performance
drops substantially, especially for Qwen, highlight-
ing a notable exception to this trend: despite its
relatively high frequency, NUMBER remains dif-
ficult due to structural ambiguity. Plural marking
in Quechua can apply to multiple candidate nouns
within a sentence, requiring the model to correctly
identify the scope of the transformation. This in-
troduces ambiguity that is absent in more localized
morphological changes and increases sensitivity to
example selection.

A similar, though less pronounced, pattern is
observed for TYPE. These transformations often in-
volve coordinating multiple elements (e.g., mana +
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verb + -chu), making them partially syntactic rather
than strictly morphological. As a result, models
may preserve surface similarity while failing to
fully reconstruct the intended grammatical struc-
ture, leading to moderate accuracy despite high
chrF scores.

Differences across models further highlight the
interaction between model-specific behavior and
category-specific difficulty. Qwen achieves the
highest scores in categories such as ASPECT and
POSS, suggesting effective pattern extraction when
sufficient contextual evidence is available, but de-
grades sharply in NUMBER, indicating higher sen-
sitivity to ambiguity. Mistral, in contrast, ex-
hibits more balanced performance across cate-
gories, maintaining consistently high chrF scores
and moderate accuracy even in more challenging
cases. GPT-OSS shows intermediate behavior, with
relatively strong performance in NUMBER but less
consistent results overall.

Taken together, these findings indicate that ro-
bustness in this task is not determined solely by
model size or prompting strategy, but also by the
intrinsic properties of each morphosyntactic trans-
formation. Categories with regular structure and
higher frequency yield more stable predictions,
whereas structurally complex or underrepresented
transformations introduce variability that cannot
be fully mitigated by increasing k-shot examples
alone.

5 Discussion

Across models, the most reliable behavior is not
associated with the highest scores, but with consis-
tency across configurations. Mistral 24B exhibits
low variance and stable performance regardless of
prompt conditions, suggesting that it internalizes
morphosyntactic transformations in a way that re-
duces dependence on external cues. In contrast,
Qwen 14B achieves competitive results but shows
greater sensitivity to changes in context size and
prompting configuration. This indicates that robust-
ness is better characterized by reproducibility than
by isolated metric gains.

The interaction between model size and the num-
ber of in-context examples reveals two distinct
strategies. Larger models, such as Mistral, achieve
strong performance with minimal context, whereas
smaller models, such as Qwen, rely on increasing
K to reach comparable results. However, increas-
ing the number of examples shifts part of the mod-

eling burden from the model itself to data avail-
ability. In low-resource settings, where curated
examples are scarce and costly to obtain, this in-
troduces an additional constraint: improvements
obtained through larger context windows may not
scale in practice due to limitations in data collec-
tion, annotation, and curation. As a result, robust-
ness depends not only on performance, but on the
ability to maintain it under constrained data and
inference conditions.

Variation across morphosyntactic categories
shows that performance is not determined solely by
model architecture or prompting strategy, but also
by the intrinsic properties of each transformation.
Categories with regular and localized morphology,
such as PERSON and POSS, are consistently easier
to model, while structurally complex or ambigu-
ous transformations, such as NUMBER or multi-
element constructions in TYPE, remain challenging
even under favorable prompting conditions. This
suggests that certain forms of linguistic complexity
introduce variability that cannot be fully mitigated
through additional context or prompt engineering
alone.

6 Conclusion

Our results show that performance in morphosyn-
tactic transformation is shaped not only by model
size, but by the interaction between model behav-
ior, context size, and linguistic complexity. Larger
models such as Mistral achieve stable performance
with minimal contextual support, while smaller
models such as Qwen benefit more from increas-
ing the number of in-context examples. Analysis
across morphosyntactic categories further reveals
that structurally complex transformations remain
challenging regardless of prompting strategy.

These findings highlight that robustness in low-
resource settings depends on the alignment be-
tween linguistic structure and prompt design, rather
than model size alone. Future work could ex-
tend morphosyntactic coverage, further analyze
category-level imbalance, and explore alternative
modeling approaches, including hybrid systems
that integrate explicit linguistic knowledge with
in-context learning.

7 Limitations

Dataset scope and coverage. The proposed
dataset, while enabling controlled morphosyntactic
transformations, is limited in size and coverage. Al-
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though it contains 6,328 transformation instances
derived from 471 source sentences, it does not ex-
haustively represent the full range of morphosyn-
tactic phenomena in Quechua Collao. In particular,
the distribution of transformation types is inher-
ently imbalanced, reflecting both the availability
of source data and the selective focus on specific
grammatical categories.

Linguistic coverage. The dataset focuses on a
subset of morphosyntactic categories and does not
fully capture the richness of Quechua Collao mor-
phology. While it includes core features such as
person, tense, aspect, number, and polarity, other
relevant phenomena—such as case marking, sub-
ordination, and more complex derivational pro-
cesses—are not systematically represented. As a
result, the task formulation reflects a simplified
view of the language, which may limit the gener-
alization of the findings to more complex or less
structured linguistic contexts.

Modeling and experimental setup. Our exper-
iments are restricted to a small set of instruction-
tuned language models evaluated under a specific
in-context learning setup. We do not explore alter-
native approaches such as fine-tuning, hybrid sys-
tems combining symbolic rules with neural models,
or retrieval-augmented methods. As a result, the
findings are specific to the considered models and
prompting strategies, and future work could exam-
ine whether similar patterns hold under different
modeling paradigms or training regimes.

Evaluation and human validation. The evalua-
tion primarily relies on automatic metrics such as
exact match accuracy and chrF, which may not fully
capture linguistic acceptability or naturalness in
morphologically rich languages. Although we com-
plement this analysis with a human-in-the-loop val-
idation involving native speakers and expert evalu-
ators, this component is limited in scale and based
on a relatively small sample of generated instances.
While the results show consistent and high ratings
across evaluators, the limited number of partici-
pants and examples restricts the generalizability of
these findings.
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A Prompt Example

We provide an example of the prompt format used for in-context learning. The prompt consists of a
table of resolved examples followed by a final instance with an empty target field, which the model must
complete.

Each row specifies a source sentence, a set of morphosyntactic changes, and the corresponding
transformed target. The final instance follows the same structure but omits the target, requiring the model
to infer the correct transformation based on the preceding examples.

Source | Change | Target
---------------------------------------------------------------------------
Sipasqa chukuta achalan | {NUMBER:PL} | Sipasqa chukukunata achalan
Qayna wayk’urqani wasiypi | {PERSON:1_PL_INC} | Qayna wayk’urqanchik wasiypi
...
---------------------------------------------------------------------------
<FINAL INSTANCE>
Source | Change | Target
Sipasqa chukuta achalan | {NUMBER:PL} |

The model is instructed to produce a single output line in the format:

FINAL: <target_sentence>

This structured format constrains generation by explicitly aligning input transformations with output
examples, enabling controlled application of morphosyntactic changes.
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B Dataset Construction

B.1 Overview of the Construction Pipeline

The dataset used in this work is constructed through
a multi-stage pipeline that transforms a raw paral-
lel corpus into a structured resource for controlled
morphosyntactic transformation. The process con-
sists of three main stages: (i) parallel corpus con-
struction, where bilingual sentence pairs are ex-
tracted, cleaned, and aligned; (ii) morphosyntactic
annotation, where linguistic features are automat-
ically identified and manually validated; and (iii)
transformation dataset construction, where anno-
tated sentence pairs are converted into controlled
transformation instances. This pipeline enables
the generation of high-quality training and evalua-
tion examples in which morphosyntactic changes
are explicitly specified and systematically applied,
while preserving the original meaning of the source
sentence. Figure 1 provides an overview of this pro-
cess.

Parallel Spanish–Quechua
Corpus

Morphosyntactic Annotation

Transformation Pair
Generation

Change Extraction

Morphosyntactic
Transformation Dataset

Figure 1: Pipeline for generating the morphosyntactic
transformation dataset.

B.2 Parallel Corpus Construction

The parallel corpus is compiled from a combina-
tion of heterogeneous bilingual sources, including
religious publications and official educational mate-
rials. These sources provide complementary prop-
erties: while religious texts contribute large-scale
and diverse sentence pairs, educational materials
offer more consistent orthographic and grammati-
cal usage.

Corpus construction involves multiple prepro-
cessing steps. First, textual data are extracted ei-
ther through optical character recognition (OCR)
for scanned documents or through structured pars-

ing for digital sources. The extracted text is then
cleaned to remove formatting artifacts such as line
breaks, special characters, and segmentation incon-
sistencies.

Sentence segmentation is applied to obtain
aligned units, followed by heuristic sentence align-
ment based on length and structural similarity. To
ensure alignment quality, a subset of sentence pairs
is manually reviewed and corrected.

Given the high degree of orthographic variation
in the raw data, especially in non-standardized
sources, an additional normalization step is ap-
plied using rule-based transformations informed
by the official orthographic conventions for South-
ern Quechua (Chuquimamani Valer et al., 2021),
which we adopt here as the reference standard for
Quechua Collao (quz). Existing Quechua resources
often exhibit inconsistent spelling and may mix
surface variants, which introduces noise and af-
fects downstream modeling. In our corpus, this
includes forms such as “noqa” or “nuqa”, normal-
ized to “ñuqa”, “qollqe”, normalized to “qullqi”,
and “huasi”, normalized to “wasi”. Applying a
consistent normalization scheme ensures uniform
surface forms across the corpus, improves the re-
liability of morphosyntactic analysis, and reduces
variability unrelated to the linguistic transforma-
tions of interest.

B.3 Morphosyntactic Annotation
Morphosyntactic annotation is performed through
a semi-automatic pipeline that combines rule-based
analysis with syntactic parsing and manual valida-
tion. The goal of this stage is to assign structured
linguistic features to each sentence, enabling the
controlled generation of morphosyntactic transfor-
mations.

In the automatic stage, candidate annotations
are generated using complementary sources of lin-
guistic evidence. For Quechua, rule-based pat-
tern matching is applied to identify morphological
markers such as person, number, tense, and eviden-
tiality. For Spanish, syntactic parsing is used to
extract grammatical information that can support
disambiguation. These sources are then combined
to produce a set of candidate tags along with asso-
ciated evidence.

Given the ambiguity of certain morphological
markers and the potential noise introduced by au-
tomatic processing, a manual validation step is
performed by native speakers. This step resolves
ambiguous cases, adds missing labels, corrects an-
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notation errors, and ensures that the assigned tags
accurately reflect the intended grammatical struc-
ture of each sentence.

For example, the suffix -n may mark third-person
verbal agreement, as in rima-n ‘he/she speaks’,
or third-person nominal possession, as in wasi-
n ‘his/her house’. Such cases are resolved dur-
ing manual validation by considering the lexi-
cal category and syntactic context of the marked
word. Similarly, possessive forms may require
an epenthetic -ni after consonant-final roots, as
in yawar-ni-n ‘his/her blood’, rather than the sim-
pler vowel-final pattern wasi-n. These checks en-
sure that the final tags reflect the intended mor-
phosyntactic function rather than only surface
string matching.

The final annotated corpus includes, for each
sentence, a set of validated morphosyntactic tags
that serve as the basis for constructing transforma-
tion pairs. Figure 2 illustrates an example of this
process, showing both automatically extracted can-
didates and their manually validated counterparts.

B.4 Transformation Dataset Construction
The transformation dataset is constructed from
the annotated corpus by generating pairs of base
and transformed sentences under controlled mor-
phosyntactic modifications. Each transformation
corresponds to a change in a subset of morphosyn-
tactic features while preserving the underlying
propositional meaning of the original sentence.

Controlled transformation generation. Start-
ing from an annotated base sentence, one or more
transformed variants are generated by modifying
specific grammatical categories such as person,
number, tense, or polarity. This process goes be-
yond surface-level rule application: transforma-
tions may require coordinated changes across multi-
ple elements in the sentence to maintain agreement
and grammaticality.

This design enables the creation of multiple valid
transformation instances from a single base sen-
tence, increasing dataset diversity without intro-
ducing uncontrolled noise. Unlike standard data
augmentation approaches, which rely on pertur-
bations or random variation, transformations in this
dataset are linguistically grounded and explicitly
defined through morphosyntactic features.

Transformation representation. Each instance
is represented as a tuple of the form (Source,
Change, Target), where Change encodes the differ-
ence between the morphosyntactic features of the

source and target sentences. This structured rep-
resentation allows models to infer transformations
from explicit grammatical specifications.

Change computation. The set of changes is
computed by comparing the annotated features
of the source and target sentences, retaining only
those categories that differ. This ensures that each
transformation is minimally specified and avoids
introducing irrelevant information.

Table 13 illustrates how multiple controlled
transformations can be generated from a single
base sentence.

B.5 Dataset Representation and Change
Computation

Each transformation instance is represented as a tu-
ple of the form (Source, Change, Target), where the
Change component encodes the morphosyntactic
differences between the source and target sentences.
The Source corresponds to the base sentence, the
Target to the transformed variant, and the Change
component encodes the specific morphosyntactic
differences between them.

Change computation. The Change representa-
tion is obtained by comparing the validated mor-
phosyntactic annotations of the source and target
sentences. Each set of tags is first normalized into
a dictionary of the form CATEGORY:VALUE. The
change is then defined as the subset of categories
whose values differ between the source and tar-
get, ensuring that only the relevant grammatical
modifications are retained.

For example, given the following pair:

• Source: Sipasqa chukuta achalan {PER-
SON:3_SI, TENSE:PRE_SIM}

• Target: Sipaskunaqa chukunkuta achalanku
{PERSON:3_PL, NUMBER:PL, POSS:3_PL,
TENSE:PRE_SIM}

the resulting change is:

{PERSON:3_PL, NUMBER:PL, POSS:3_PL}

This procedure ensures that transformations are
minimally specified and avoids including features
that remain unchanged. To further improve con-
sistency and reproducibility, the elements in the
Change field follow a fixed ordering of categories
(e.g., PERSON, NUMBER, POSS, TENSE, AS-
PECT, MODE, TYPE), which standardizes the rep-
resentation across all instances.
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Sipas-​kunaqa ñawraq llimp’i t’ikawan-​mi chuku-​n-​kuta achala-​nku

EVID:ATTNUMBER:PL POSS:3_PL

TENSE:PRES_SIM

Automatically inferred label

Manually validated label

PERSON:3PL

Figure 2: Example of morphosyntactic annotation showing automatically extracted candidates and manually
validated tags.

Source Change Target

Purikuq runaqa chay wasiman chayarqan {PERSON:3_PL,
NUMBER:PL}

Purikuq runakunaqa chay wasiman chayarqanku

Purikuq runaqa chay wasiman chayarqan {TENSE:PST_NEXP} Purikuq runaqa chay wasiman chayasqa
Purikuq runaqa chay wasiman chayarqan {TENSE:PRE_SIM,

ASPECT:PRG}
Purikuq runaqa chay wasiman chayachkan

Purikuq runaqa chay wasiman chayarqan {MODE:POT} Purikuq runaqa chay wasiman chayanman

Table 13: Examples of controlled morphosyntactic transformations derived from a single base sentence.

This structured representation provides a clear
interface for in-context learning, allowing mod-
els to infer transformations from explicit linguistic
specifications rather than implicit patterns.

C Morphosyntactic Label Inventory

The morphosyntactic labels used in the Change
field were selected to cover productive grammatical
categories in Quechua Collao that can be modeled
as controlled sentence-level transformations. The
inventory includes subject person and number, ver-
bal tense, aspect and mood, polarity, interrogation,
nominal possession, nominal pluralization, object-
person marking, and evidentiality. Although this
inventory does not exhaust the full morphology of
the language, it provides a structured set of cate-
gories for the controlled transformations studied in
this work.

Labels follow a CATEGORY:VALUE format. For
example, PERSON:1_PL_INC denotes a subject-
person transformation whose value is first-person
plural inclusive, while TENSE:PST_NEXP denotes
a tense transformation to non-experienced past.
When only the category is discussed, we use the
category name alone, such as PERSON, TENSE,
or NUMBER.

Table 14 summarizes the main labels, their mean-
ings, and typical surface realizations.

Table 15 summarizes the main value abbrevia-

tions used in label values.

D k-shot Selection Workflow

Figure 3 details the retrieval workflow used to
select in-context examples for each test instance.
The procedure first prioritizes exact matches in the
Change specification, then backs off to examples
sharing the same primary morphosyntactic cate-
gory, and finally fills remaining slots using TF-IDF
similarity over the source sentence. This ordering
is designed to preserve morphosyntactic relevance
before relying on surface similarity.

Two additional constraints make the retrieved
context auditable and comparable across runs. First,
a subset constraint prevents examples from intro-
ducing morphosyntactic categories that are absent
from the target transformation. Second, a leave-
one-out constraint ensures that the evaluated in-
stance never appears among its own demonstra-
tions. Whenever possible, examples from the same
transformation cluster are prioritized to preserve
lexical and structural proximity.

E Experimental Conditions

This appendix provides additional implementation
details for reproducibility, complementing the ex-
perimental setup summarized in the main paper.
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Label Meaning Typical realization Example

PERSON Subject person/number -ni, -nki, -n, -nchik, -yku, -nku rima-n ‘he/she speaks’
TENSE Verbal tense -rqa, -sqa, -saq, -nqa wayk’u-rqa-ni ‘I cooked’
ASPECT Verbal aspect -chka riku-chka-n ‘he/she is seeing’
MODE Verbal mood/modality -man, -chus taki-n-man ‘he/she could sing’
TYPE Clause type or polarity mana ... -chu, ama ... -chu mana yacha-ni-chu ‘I do not know’
SUBTYPE Clause subtype -chu riku-n-chu? ‘does he/she see?’
NUMBER Nominal number -kuna waka-kuna ‘cows’
POSS Nominal possession -y, -yki, -n, -nchik, -yku, -nku wasi-y ‘my house’
PERSON_OBJ Subject–object person relation -yki, -wa-nki, -su-nki qu-yki ‘I give you’
EVID Evidentiality -mi/-m, -si/-s amawta-m ‘the teacher’ (attested)

Table 14: Morphosyntactic labels used in the transformation specifications.

Abbreviation Meaning

1, 2, 3 First, second, third person
SI Singular
PL Plural
INC Inclusive
EXC Exclusive
PRE_SIM Present/simple or non-future simple
PST_EXP Experienced past
PST_NEXP Non-experienced past
FUT_SIM Future/simple
PRG Progressive aspect
POT Potential mood
DUB Dubitative mood
IMP Imperative
NEG Negation
PROH Prohibitive
INT Interrogative
ATT Attestative evidential
REP Reportative evidential

Table 15: Abbreviations used in morphosyntactic label
values.

E.1 Local Inference Environment

All experiments were run locally through LM Stu-
dio on a Windows machine with an AMD Ryzen 5
3400G CPU, 32 GB of RAM, and AMD Radeon
RX Vega 11 integrated graphics reported with 2
GB of adapter memory. No NVIDIA/CUDA de-
vice was available in this setup.

E.2 Model Files and Quantization

The evaluated models were loaded in GGUF format
through LM Studio. Table 16 reports the exact
local model variants used in the final experiments,
including quantization format and model size as
reported by LM Studio.

E.3 Model Selection Rationale

The model set was selected to provide a compact
comparison among instruction-tuned LLMs with

Target instance 
(Source, Change)

[Level 1] Exact change

[Level 2] Primary change

[Level 3] Similarity

• Subset constraint
• Cluster-first

• Leave-one-out

(if K not reached)

(if K not reached)

apply constraints

Final set of K examples

Figure 3: Hierarchical k-shot selection strategy com-
bining exact matching, primary-category retrieval, and
similarity-based fallback under structural constraints.

different parameter scales and generation profiles.
Mistral 24B represents the larger instruction-tuned
model in our comparison, Qwen 14B provides a
smaller multilingual instruction-tuned alternative,
and GPT-OSS 20B introduces a reasoning-oriented
generation behavior. The goal was not to exhaus-
tively benchmark all available models, but to an-
alyze how different model profiles respond to the
same controlled morphosyntactic transformation
setting.

E.4 Decoding and Paired Prompting

All runs used deterministic decoding with tempera-
ture = 0 and top-k = 1, following the reproducibil-
ity setting used throughout the pipeline. Mistral
and Qwen used a 64-token output cap, which was
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Model Local LM Studio identifier Quantization Size

Mistral 24B mistral-small-3.2-24b-instruct-2506 Q4_K_M 15.21 GB
Qwen 14B qwen-qwen2.5-14b-instruct-1m Q4_K_M 8.99 GB
GPT-OSS 20B openai/gpt-oss-20b MXFP4 12.11 GB

Table 16: Local model files used in the experiments, as reported by LM Studio.

sufficient for the required single-sentence target
format. GPT-OSS 20B was left uncapped only
to ensure that the model could reach the required
FINAL: output line when producing intermediate
reasoning.

The experimental grid combines model, number
of in-context examples (K ∈ {5, 10, 15}), trans-
formation size (1 or 2 morphosyntactic categories),
and prompting mode (with or without morphologi-
cal hints). Paired runs with and without hints used
the same selected k-shot examples, so that differ-
ences between prompting modes reflect the pres-
ence of hints rather than changes in the demonstra-
tions.

F Human Evaluation

F.1 Evaluation Setup

To complement automatic metrics, we conduct a
human-in-the-loop evaluation of model outputs. A
subset of 44 transformation instances is selected to
cover a diverse range of morphosyntactic categories
and transformation types, including both single-
category and compositional cases.

The evaluated outputs are generated using the
best-performing configuration identified in the
main experiments (Mistral 24B Instruct). The eval-
uation is carried out by two native speakers of
Quechua Collao and one expert annotator, ensur-
ing both linguistic competence and consistency in
judgments.

F.2 Evaluation Protocol

Each generated instance is evaluated along three
dimensions:

Grammatical correctness measures whether
the output follows the morphosyntactic rules of
Quechua Collao and correctly applies the specified
transformation.

Naturalness assesses the fluency and acceptabil-
ity of the generated sentence from a native speaker
perspective.

Semantic consistency evaluates whether the out-
put preserves the meaning of the source sentence

Criterion Average Score
Grammatical correctness 4.87 (± 0.60)
Naturalness 4.76 (± 0.60)
Semantic consistency 4.82 (± 0.60)

Table 17: Human evaluation results (Likert scale from 1
to 5; ± indicates standard deviation).

while accurately reflecting the intended transforma-
tion.

Evaluators assign scores using a Likert scale
from 1 (very poor) to 5 (excellent) for each di-
mension. This setup captures both exact-match
correctness and perceived fluency, which are par-
ticularly important for morphologically rich and
low-resource languages.

F.3 Results

Table 17 reports the average scores across evalu-
ators for each evaluation dimension. The results
show consistently high ratings, indicating that the
generated outputs are generally well-formed, natu-
ral, and semantically coherent.

The relatively low and uniform standard devia-
tion indicates stable judgments among evaluators,
suggesting that the outputs align well with native
speaker intuitions. These findings complement the
automatic evaluation results reported in the main
text, providing additional evidence of the practical
validity of the generated transformations.

G Qualitative Comparison: Hints vs No
Hints

Table 18 presents representative examples from
Mistral 24B comparing predictions with and with-
out morphological hints. These examples illustrate
how hints influence the application of morphosyn-
tactic transformations at the token level.

In particular, hints guide the model toward the
correct insertion or modification of morphological
markers (e.g., plural suffixes or evidential markers),
reducing errors in morpheme placement. However,
their effect is not uniform across categories, as
some transformations (e.g., negation) are consis-
tently handled correctly even without additional
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guidance.

H Latency Analysis

Figure 4 shows response time as a function of the
number of in-context examples (K) across mod-
els, with and without morphological hints, for
both single-change (size = 1) and multi-change
(size = 2) settings.

Latency is measured as the end-to-end response
time (in milliseconds) under local inference, com-
puted as the elapsed time between sending a prompt
to the model and receiving the generated out-
put. This measurement reflects the combined cost
of processing longer prompts and generating re-
sponses, rather than an isolated estimate of model-
internal inference speed.

Response time increases consistently with K
for Mistral and Qwen, reflecting the expected cost
of processing longer inputs. In contrast, GPT-
OSS exhibits less predictable behavior, with non-
monotonic trends across configurations, suggesting
that response time is influenced not only by input
length but also by model-specific implementation
and decoding dynamics.

The effect of morphological hints on response
time is comparatively small, indicating that adding
structured guidance does not substantially increase
computational cost. Overall, these results highlight
a trade-off between context size and computational
cost, as well as variability in how different models
scale with longer inputs.

I Category-wise Performance

This appendix provides additional visualizations of
model performance across morphosyntactic cate-
gories, disaggregated by the number of in-context
examples (K).

Figure 5 shows accuracy by category and model.
Performance varies substantially across categories,
with transformations such as NUMBER consis-
tently yielding lower accuracy, while categories
like POSS and ASPECT exhibit more stable and
higher performance. These differences reflect vari-
ation in structural complexity and the difficulty of
correctly applying specific morphological opera-
tions.

The effect of increasing K is also category-
dependent. For example, Qwen shows notable
improvements in categories such as POSS and AS-
PECT as more examples are provided, while gains
are less consistent for more challenging transforma-

tions like NUMBER. This supports the observation
that the benefits of additional context depend on
both the model and the type of transformation.

Figure 6 presents chrF scores by category. While
chrF remains high across most categories, discrep-
ancies between chrF and accuracy are evident, par-
ticularly in more complex transformations. This
indicates that outputs can be lexically similar to
the target while still failing to capture the correct
morphological structure.

Together, these plots complement the main re-
sults by highlighting how performance varies not
only across models and configurations, but also
across linguistic categories with differing structural
properties.
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Change Source Target No hints With hints

NUMBER:PL Yana yuraq llimp’iyuq
wakataqa allqa waka
nini

Yana yuraq llimp’iyuq
wakakunataqa allqa
waka nini

Yana yuraq
llimp’ikuniyuq
wakataqa allqa waka
nini

Yana yuraq llimp’iyuq
wakakunataqa allqa
waka nini

TYPE:NEG Qhipa wiñay warmiqa
aqsuta riqsin

Qhipa wiñay warmiqa
mana aqsuta riqsinchu

Qhipa wiñay warmiqa
mana aqsuta riqsinchu

Qhipa wiñay warmiqa
mana aqsuta riqsinchu

EVID:ATT Inkataqa amawta yana-
pasqa

Inkataqa amawtam
yanapasqa

Inkataqa amawtami
yanapasqa

Inkataqa amawtam
yanapasqa

Table 18: Qualitative comparison of predictions from Mistral 24B with and without morphological hints. Bold
indicates the modified segment relative to the source.

Latency (ms) vs K — Size = 2

Latency (ms) vs K — Size = 1

Figure 4: Inference latency as a function of the number of in-context examples (K) across models, with and without
morphological hints, for size = 1 and size = 2.
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Morphosyntactic Category (Primary Change)

Figure 5: Accuracy by morphosyntactic category and model, disaggregated by the number of in-context examples
(K).

Morphosyntactic Category (Primary Change)

Figure 6: chrF scores by morphosyntactic category and model, disaggregated by the number of in-context examples
(K).
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Abstract

The preservation of under-resourced languages
requires digital tools and resources shaped by
and for their speakers. We present the first
dedicated ASR resources for Puno Quechua
(ISO 639-3: qxp): (1) the largest speech cor-
pus for any single Quechua variety, consist-
ing in 66 hours of recordings for scripted and
spontaneous speech (including 36 hours of
manually transcribed and validated data), col-
lected via a participatory design campaign; (2)
the first systematic ASR benchmark for Puno
Quechua, evaluating state-of-the-art models
and fine-tuning Whisper-base, wav2vec2-base,
and XLS-R-300M, with and without continued
pre-training (CPT); (3) an open release of all
datasets and fine-tuned models.

1 Introduction

The revitalization of indigenous languages depends
increasingly on digital tools that promote language
use and confer economic and social value (Galla,
2016). Puno Quechua (qxp) is spoken by approxi-
mately 465,000 people in the Puno region of Peru1,
yet formal education is conducted almost exclu-
sively in Spanish, leaving its speakers largely il-
literate in their own language. This literacy gap
prevents native speakers from interacting with text-
input AI applications (ChatGPT or Gemini), ex-
cluding them from the growing digital ecosystem.

An Automatic Speech Recognition (ASR) sys-
tem represents a more human-centred solution:
rather than forcing community members to adapt
to text-heavy interfaces, ASR can adapt technology
to the oral-centric reality of communities. Despite
this need, no dedicated ASR resources exist for
Puno Quechua. Prior work on Quechua ASR tends
to treat the language family as a homogeneous
entity: the variant(s) in question are sometimes

1Estimation based on 2017 Peruvian National Cen-
sus, https://www.inei.gob.pe/media/MenuRecursivo/
publicaciones_digitales/Est/Lib1563/

Figure 1: Puno Quechua ASR Pipeline.

not formally identified, or they are aggregated by
linguistic group (e.g. Southern Quechua (Carde-
nas et al., 2018) or Collao Quechua (Paccotacya-
Yanque et al., 2022)) without any proper examina-
tion of how their differences may affect practical
applications. Furthermore, existing corpora suf-
fer from data scarcity, restricted access (Siminchik
by Cardenas et al., one of the largest corpora ref-
erenced in the scientific literature, has never been
published in open access), and the absence of a
variety-specific benchmark. Figure 1 shows an
overview of the Puno Quechua ASR pipeline.

This paper makes three contributions: (1) the
largest ASR corpus for a Quechua variety via par-
ticipatory data collection; (2) the first systematic
ASR benchmark for Puno Quechua; and (3) open-
sourced code and splits,2 datasets,3 and models.4

2https://github.com/QuechuaBase/
asr-puno-quechua

3https://mozilladatacollective.com/datasets
4https://huggingface.co/QuechuaBase
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2 Background

Puno Quechua (qxp). It belongs to the South-
ern Quechua branch (QIIC) (Torero, 2002) and is
characterised by a rich consonant inventory of 26
phonemes, including ejective, aspirated, and uvular
stops, and three vowels (/a/, /i/, /u/). It exhibits
Aymara influence in its phonology, suffix inventory,
and vocabulary (Adelaar, 1987).

ASR for Quechua (que). ASR development for
Quechua faces several compounding challenges:
(a) Data scarcity: labelled speech data are ex-
tremely scarce, and when corpora exist they often
aggregate varieties under a macrolanguage label
(que), conflating varieties that are not mutually in-
telligible; (b) Morphological complexity: Quechua
is highly agglutinative, resulting in poor word-level
WER metrics; (c) Low written literacy: most speak-
ers are illiterate in Quechua, making community-
driven transcription difficult, and (d) No variety-
specific benchmark: to our knowledge, no prior
work establishes a consistent evaluation benchmark
for an individual Quechua variety. Recent work
by Keren et al. (2025) covers 30+ Quechua vari-
eties within omnilingual ASR, providing reference
baselines including for qxp.

3 Participatory Design Data Collection

We collected the Puno Quechua speech corpus
through a four-phase participatory design pro-
cess (Huaman et al., 2025; Ulla et al., 2026; Spin-
uzzi, 2005; Wilson et al., 2025):

Planning. Identifying the ISO 639-3 code qxp,
establishing partnerships with the National Univer-
sity of Altiplano Puno and the local community
Illariy Ch’aska, and assessing community needs.

Preparation. Setting up data governance under
CC0-1.0 licence, preparing seed sentences and
questions covering agriculture, healthcare, and
technology, and localising the Mozilla Common
Voice platform to Puno Quechua.5

Collection. Voluntary, skill-based contributions
such as reading, speaking, listening, or writ-
ing, with community-led validation and privacy-
preserving processing data.

Deployment. Open release on Mozilla Data Col-
lective,6 certificates of contribution, voucher incen-

5https://commonvoice.mozilla.org/qxp
6https://mozilladatacollective.com/

Dataset Type Validated (V) Silver (S)
SCS-25 Scripted 30.5 -
SPS-3 Spontaneous 5.5 30.0

Total 36.0 30.0

out-of-domain (OOD) corpus
Add_data Radio 0.27 -

Table 1: Datasets collected for ASR, expressed in hours.

tives for participants, and impact assessment.
The campaign ran from January to February

2026. A total of 396 volunteers registered, 292
were confirmed, 151 contributed, and 31 completed
the full campaign. The resulting speech data have
been aggregated and released as Common Voice
Scripted Speech v25 (including v23 and v24 by
Huaman et al.) with a total of 34.81 hours (30.5
validated) and Common Voice Spontaneous Speech
v3 (including v1 and v2 by Huaman et al.) with a
total of 35.3 hours (5.18 validated).

Table 1 summarizes the processed data that has
been collected and can be used for training and
evaluating models.

4 ASR models for Puno Quechua (QXP)

Datasets. Two primary corpora were used: i)
SCS-25 with 30.5 validated hours of scripted
speech; and ii) SPS-3 with 5.5 validated hours
of spontaneous speech (after excluding recordings
longer than 30 seconds and adding 1 hour validated
by a native speaker), supplemented by 30 hours
of automatically generated silver transcriptions us-
ing omniASR_LLM_7B model. A small OOD corpus
(Add_data, ∼16 minutes) sourced from radio and
social media, which was transcribed and validated
manually by a native speaker, provides a third eval-
uation domain.

Foundation models. We fine-tuned three ar-
chitectures: (a) Whisper-base (74M parameters),
an encoder-decoder Transformer trained on 680k
hours of supervised multilingual speech. We fine-
tuned setting the transcript prefix to Spanish. The
unbalanced setting (V) used a learning rate (LR)
of 5 × 10−6 and the balanced setting (V+S) used
a learning rate of 1 × 10−5. Audio files longer
than 30 seconds were excluded. (b) wav2vec2-base
(95M parameters), a self-supervised convolutional-
Transformer model pre-trained on 960 hours of
Librispeech. Both configurations were trained with
LR: 1×10−4, with stronger attention dropout (0.1)
for the unbalanced corpus (V) to mitigate overfitting.
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Audio file longer than 20 seconds were excluded.
and (c) XLS-R-300M (315M parameters), a multi-
lingual wav2vec2 model pre-trained on 436k hours
across 128 languages (Babu et al., 2022), making
it the strongest starting point for low-resource lan-
guages with unusual phonological features such as
ejectives and uvulars, and allophonic variations. A
CTC projection head over a 46-character vocabu-
lary (Puno Quechua Latin orthography) was added.
Training runs for 20,000 updates with a tri-stage
scheduler and LR: 5 × 10−5. The encoder was
frozen for the first 10,000 updates to prevent the
randomly initialised CTC head from corrupting
pre-trained representations before it stabilised. The
best checkpoint was selected by validation WER.

Continued Pre-Training (CPT). For XLS-R-
300M, we additionally performed CPT on the 65
hours of unlabelled Puno Quechua audio prior to
fine-tuning. CPT adapts the model’s acoustic rep-
resentations to the target language without requir-
ing transcriptions, and has demonstrated consis-
tent gains in low-resource settings (DeHaven and
Billa, 2022; Mutisya and Mugane, 2026). Clips
shorter than 1 second or longer than 15 seconds
were excluded from training. We train for 10,000
updates (LR: 1× 10−4, polynomial decay, 1,000-
step warmup), selecting the best checkpoint by val-
idation loss. The best checkpoint occurs at up-
date 9,000 with a validation loss of 2.249. Two
models were fine-tuned from the CPT checkpoint
(ft_xlsr_validated and ft_xlsr_silver); using the
identical protocol described above for fine-tuned
XLS-R-300M.

Reference baselines. We evaluated the omni-
ASR model family (Keren et al., 2025), which com-
bines a wav2vec2-style encoder with either CTC
decoding (CTC_300M, CTC_7B; up to 6.5B parame-
ters) or an LLM decoder (LLM_300M, LLM_7B; up
to 7.8B parameters), and explicitly supports qxp.
We also evaluated MMS-1b-all (1B parameters) by
setting the language parameter to Cuzco Quechua
(quz) for inference, the closest supported variety to
Puno Quechua.7

5 Experiments and Results

5.1 Baseline with off-the-shelf models
As shown in Table 2, hybrid ASR-LLM models
outperform CTC-only variants. The most balanced

7Both belong to the Collao linguistic subgroup and share a
similar phoneme inventory and writing system.

Scripted Spontaneous OOD

Model WER CER WER CER WER CER
omniASR
CTC_300M_v2 47.8 10.3 29.0 4.4 41.0 6.0
CTC_7B_v2 35.4 7.4 18.1 2.7 34.5 5.7
LLM_300M_v2 25.9 5.8 17.9 2.9 24.4 3.9
LLM_7B_v2 26.6 6.2 11.1 1.9 23.7 4.1
MMS
mms-1b-all 35.0 5.3 36.4 6.5 38.0 6.2

Table 2: Performance of SOTA off-the-shelf models on
1,000 files samples for qxp (Scripted, Spontaneous) and
on OOD.

model across domains, omniASR LLM_7B_v2,
achieves a 20.1% mean WER. Notably, all omni-
ASR models handle spontaneous speech more ac-
curately than scripted speech and OOD (the CER is
significantly better), maybe because the sentences
in this corpus are very short (often between 3 and
5 words), and don’t provide enough context.

The MMS model, despite being trained on a dif-
ferent Quechua variety (Cuzco Quechua, quz), re-
mains competitive, reaching 5.3% CER on scripted
speech.

5.2 Results with fine-tuned models
Training setup. Data were split 70/25/5
(train/dev/test). We compared two training
configurations:

• validated-only (V, 36 hours) with 3× upsam-
pling of spontaneous to compensate for class
imbalance,

• validated-plus-silver (V+S, 66 hours) includ-
ing silver spontaneous transcriptions.

Fine-tuning evaluation used three test sets: scripted
(1.53 h), spontaneous (0.27 h), and OOD (0.27 h).
All the experiments were conducted on a 48GB
L40S single GPU.

Fine-tuned and CPT results. Table 3 reports
WER and CER across all fine-tuned conditions.
Three findings stand out. First, CPT yields con-
sistent gains on scripted speech: XLS-R+CPT (V)
achieves 1.19% WER versus 2.06% without CPT (a
relative improvement of 42%). Second, silver data
is the decisive factor for spontaneous speech: XLS-
R+CPT trained on V+S reduces spontaneous WER
(13.6% → 3.15%, a relative reduction of 77%); the
same pattern holds without CPT (13.6% to 6.68%,
a relative reduction of 51%). Third, a clear OOD
generalisation gap persists for all fine-tuned mod-
els: silver models achieve ∼35-54% WER versus
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Scripted Spontaneous OOD Mean
Base model Dataset WER CER WER CER WER CER WER CER
whisper-base V 8.57 1.38 26.2 4.13 54.7 10.8 29.8 5.43
whisper-base V+S 3.81 0.60 17.1 2.74 42.0 7.77 21.0 3.70
wav2vec2-base V 5.84 0.77 21.6 3.06 54.2 10.3 27.2 4.71
wav2vec2-base V+S 7.37 0.96 13.9 1.70 50.2 9.45 23.8 4.03
xls-r-300m V 2.06 0.30 13.6 1.71 35.5 6.03 17.1 2.68
xls-r-300m V+S 4.36 0.57 6.68 0.81 28.9 4.35 13.3 1.91

xls-r + CPT V 1.19 0.19 13.6 1.73 35.0 6.09 16.6 2.67
xls-r + CPT V+S 2.11 0.30 3.15 0.41 27.4 4.55 10.9 1.75

Table 3: Performance of foundation models fine-tuned on validated corpus (V) and on complete corpus (V+S).
WER and CER are expressed in %.

∼27-50% for validated-only models, but the omni-
ASR LLM_7B_v2 still outperforms all fine-tuned
systems on OOD (WER: 23.7%), indicating that fine-
tuning on in-domain data comes at some cost to
out-of-domain robustness.

6 Discussion

Silver data as the decisive factor for spontaneous
speech. Across all model architectures, includ-
ing V+S silver transcriptions drastically reduces
spontaneous WER. The effect is most noted for
XLS-R+CPT (a relative reduction of 77%) and is
consistent even for Whisper-base (26.2% → 17.1%,
a relative reduction of 34.7%) and wav2vec2-base
(21.6% → 13.9%, a relative reduction of 35.65%).
This confirms that the low validation rate of sponta-
neous speech (14.7%) is a bottleneck for improving
ASR system’s performance, and that automatically
generated silver transcriptions, despite their lower
quality, provide crucial coverage of speech varia-
tion.

Effect of CPT on scripted speech. CPT on un-
labelled Puno Quechua audio provides consistent
gains on scripted speech regardless of data con-
figuration. The relative improvement for XLS-R
(V) (2.06% → 1.19%, a relative improvement of
42%) demonstrates that adapting the pre-trained
acoustic model to the target-language’s phonology
characteristics is valuable even when the same data
are later used for fine-tuning (Getman et al., 2024).
The CPT benefit is somewhat diminished when sil-
ver data is added ( 4.36% vs. 2.11% without CPT),
suggesting that silver data partially compensates
for the lack of language-specific pre-training.

OOD generalisation gap. A clear generalisa-
tion gap exists for all fine-tuned models on out-of-
domain data. The omniASR LLM_7B_v2 achieves

the best OOD WER (23.7%), outperforming the best
fine-tuned system (XLS-R + CPT, V+S: 27.4%).
This suggests that task-specific fine-tuning on a
narrow domain comes at the cost of robustness
to unseen acoustic conditions and speaking styles.
However, there is a substantial resource disparity
involved. The omniASR LLM_7B_v2 operates at
∼7.8B parameters and requires ∼30 GB of VRAM
at inference8, while our XLS-R+CPT competitive
model operates at just 317M parameters and ∼2GB
of VRAM, making it deployable on commodity
hardware. Closing the OOD gap for our model will
therefore require not simply more training data,
but exploration of lightweight strategies that pre-
serve cross-lingual generalisation while remaining
deployable in low-resource settings.

7 Conclusions and Future Work

This paper makes three concrete contributions.

Largest Puno Quechua ASR corpus. We have
constructed, to the best of our knowledge, the
largest corpus ever prepared for ASR in a single
Quechua variety. The corpus comprises 66 hours
of recordings for scripted and spontaneous speech
(including 36 hours of manually transcribed and
validated data), supplemented by 30 hours of au-
tomatically transcribed silver spontaneous speech,
and 0.27 hours of out-of-domain annotated data.
The data were collected through a four-phase partic-
ipatory design process involving 151 native speak-
ers and released openly via Mozilla Data Collec-
tive under a CC0-1.0 licence. The participatory
methodology ensured that the corpus reflects do-
mains directly relevant to the community.

8https://huggingface.co/facebook/
omniASR-LLM-300M
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Systematic ASR benchmark for Puno Quechua.
We establish the first variety-specific ASR bench-
mark for Puno Quechua, evaluating SOTA mod-
els (omniASR CTC and LLM variants up to 7B
parameters; MMS-1b-all) and fine-tuned founda-
tion models (Whisper-base, wav2vec2-base, XLS-
R-300M, with and without CPT) across scripted,
spontaneous, and out-of-domain test sets. Key find-
ings are: (a) silver transcriptions are the decisive
factor for spontaneous speech performance, reduc-
ing WER by up to 77% relative; (b) continued pre-
training on unlabelled Puno Quechua audio yields
consistent gains on scripted speech; (c) omniASR
models outperform all fine-tuned systems on out-
of-domain data, revealing a generalisation gap that
remains an open challenge.

Open release of fine-tuned models. We release
all fine-tuned model variants for Puno Quechua,
including Whisper-base, wav2vec2-base, and XLS-
R-300M under both V and V+S configurations, as
well as the CPT checkpoint and the CPT-based fine-
tuned models. The best-performing system, XLS-
R-300M with CPT, fine-tuned on V+S, achieves
2.11% WER and 0.30% CER on scripted speech,
and 3.15% WER and 0.41% CER on spontaneous.

Future research follows from these results. The
enrichment of the corpus, in accordance with the
quality requirements outlined above, must be con-
tinued. Another objective is to incorporate data rep-
resentative of a wider range of domains, as we have
begun to do through the annotation of data crawled
from media sources. With the ongoing goal of de-
veloping tools that genuinely meet users’ needs,
we also aim to design more resource-efficient mod-
els (for example through quantization) that can be
integrated into everyday applications, particularly
mobile voice input systems.

Limitations

Despite the contributions presented in this paper,
some limitations should be acknowledged.

Corpus size. Although the corpus is the largest
for any single Quechua variety, only 14.7% of the
35.3 recorded hours of spontaneous speech have
been validated and transcribed, reflecting the dif-
ficulty of manual annotation in a community with
low written literacy rates in Quechua.

Out-Of-Domain. All fine-tuned models exhibit
a clear generalisation gap relative to the off-the-
shelf models. Expanding the diversity of training

and evaluation domains, e.g., radio, television, and
social media, will be necessary to close this gap
without sacrificing the parameter efficiency that
makes our models deployable on commodity hard-
ware.
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Abstract

In the context of real-world language technol-
ogy applications, the language or variety in
which a given text is written is often unknown
or uncertain. Yet, this information is crucial
in order to adequately select and apply appro-
priate models or resources. Language identi-
fication (LID), or the process of determining
the language or variety of a text sample, is thus
often an important fundamental task in natural
language processing. LID can be particularly
challenging when: (1) there are not many la-
beled texts for training; and (2) similar or re-
lated languages are involved, since these may
share a number of surface-level features. In this
paper, we present an LID system for Nahuatl,
a group of closely-related language varieties
spoken in Mexico and Central America. Nahu-
atl LID involves both of the aforementioned
challenges: Nahuatl varieties can be quite simi-
lar, sharing morphemes and even many lexical
items, and there is a relative paucity of repre-
sentative, variant-labeled Nahuatl text. We de-
scribe LID experiments for a total of 11 Nahu-
atl varieties, achieving generally good results
(90.59% ±0.09% in 5-fold cross-validation ex-
periments). Many of the outstanding errors are
the result of confusion between three highly-
similar Huasteca variants.

1 Introduction

Nahuatl is a group of endangered, closely-related,
morphologically rich languages1 in the Nahuan
branch of the Uto-Aztecan family, spoken primar-
ily in Mexico. There are 30 formally recognized
variants of Nahuatl (INALI, 2009), which can have

1We use “language,” “variant,” and “variety” interchange-
ably, but avoid the use of the term “dialect.” In Mexico,
this distinction carries real social, educational, and politi-
cal consequences, as historically the term “dialect” has been
used as a tool to marginalize indigenous language speakers
(Aguayo Rousell and Piña Osorio, 2016). In government doc-
umentation, schooling, and public discourse, referring to these
languages as “dialects” can contribute to marginalization and
under-resourcing (Parodi, 2011).

Figure 1: Map showing the geographic distribution of
Nahuatl varieties in Mexico. Green, blue, and orange
regions correspond to Central, Eastern, and Western
varieties, respectively. Adapted from Pugh and Tyers
(2024a).

substantial phonological, morphological, syntactic,
and lexical differences (Gruda et al., 2023). There
is also significant variant-internal diversity.

Research on Nahuatl dialectology dates back to
at least Lehmann (1920). Since then, researchers
generally agree with the variant sub-classifications
presented in Lastra (1986), Canger (1988), and
Kaufman (2001). While not identical, these three
agree on the existence of Eastern varieties, cor-
responding to one wave of early migration; Cen-
tral varieties, corresponding to the Nahuatl spo-
ken in the central valley of Mexico; and West-
ern varieties, including Nayarit/Durango Nahuatl.
Pharao Hansen (2014) provides additional recom-
mendations for the classification of Eastern and
Central/Western varieties based on a survey of lin-
guistic evidence.

Importantly, while Nahuatl languages share a
non-trivial number of grammatical features and lex-
ical items, attempts to homogenize or downplay the
diversity of Nahuatl varieties can negatively impact
revitalization efforts (Hansen, 2013), and also fail
to acknowledge the real and often substantial mu-
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tual unintelligibility between speakers of different
regional varieties. For example, Huasteca Nahuatl
and Isthmus Nahuatl speakers often cannot commu-
nicate effectively without prior exposure (de Suárez
et al., 1986).

We note that this system is designed as a variety
classifier; it assumes the input is already known to
be Nahuatl, and should be understood as operating
downstream of a general language identification
stage. Integrating it with a broader LID system
(e.g., one that first filters for Nahuatl before variety
classification) is a natural direction for deployment.

In a linguistic context like that of Nahuatl, a reli-
able variety identifier can serve many purposes. It
can help organize and search web-scraped text or
mixed-variant corpora such as Gutierrez-Vasques
et al. (2016a), facilitating access for speakers, edu-
cators, students, and researchers. In applied set-
tings, variety identification can support corpus
building and documentation workflows by speed-
ing up metadata assignment and flagging potential
mislabels for manual review. Furthermore, for ap-
plications like automated dialog systems, being
able to determine a user’s variant can help ensure
that any generated content is aligned with the user’s
language variety.

1.1 Related work

LID for text is a well-established and widely-
researched task in NLP (Jauhiainen et al., 2019).
The Workshop on NLP for Similar Languages, Va-
rieties and Dialects (VarDial) has heavily focused
on distinguishing between similar languages and
varieties, including it in numerous shared tasks
over the years (Zampieri et al., 2014). Early ap-
proaches to this task involved leveraging lexical
and character features with linear classifiers, often
combined with multi-stage classification (e.g. first
identifying the language, then classifying the vari-
ety) and ensemble methods (Zampieri et al., 2014,
2015). More recently, approaches typically rely on
large, pretrained transformer language models like
BERT (Devlin, 2018) or XLM (Lample and Con-
neau, 2019), though uses of, e.g. SVM or XGBoost
classifiers, are still common (Aepli et al., 2023).

In the context of LID for Indigenous languages
of the Americas, there has been less focus. Pugh
et al. (2025a) explore the task focusing specifically
on the languages of Mexico, finding that character
n-gram features with Linear SVM provide a strong
baseline.

Computational work on Nahuatl is limited but
growing. Gutiérrez-Vasques (2018) explores auto-
matic bilingual lexicon extraction, demonstrating
alignment potential despite data sparsity. Other
work on the language has explored computational
approaches to orthographic variation (Gutierrez-
Vasques et al., 2025; Guzman-Landa et al., 2025),
morphological analysis (Maxwell, 2005; Pugh
et al., 2021; Tona et al., 2023; Tyers and Pugh,
2023), syntactic analysis (Pugh et al., 2022; Pugh
and Tyers, 2024b), and corpus creation (Gutierrez-
Vasques et al., 2016a; Pugh et al., 2025b; Guzmán-
Landa et al., 2025). With respect to computational
Nahuatl dialectology, Farfan (2019) developed a
finite-state morphological analyzer built from a
grammar of Classical Nahuatl to explore points
of convergence among contemporary written Nahu-
atl variants. Character language models have also
been shown to be effective at measuring the simi-
larity between Nahuatl variants and for language
detection (Pugh and Tyers, 2021).

The most relevant work to the present paper is
Guzmán-Landa et al. (2026), which investigates
methods of Nahuatl variant detection on a custom
corpus. Their corpus is not publicly available.

A note on data availability: Data sovereignty is
an essential concern for many language communi-
ties, and especially many Indigenous communities
where people speak endangered languages. The
CARE framework (Carroll et al., 2020) encodes
ethical data governance practices to support sci-
entific advancement while both safeguarding and
honoring Indigenous data sovereignty. The data we
have collected includes a mix of publicly-available
data and data collected and/or built through direct
personal collaborations with speakers and speaker
communities. We intend to release at least a por-
tion of this corpus, and we are still in the process
of discussing with our collaborators how best to do
this, while respecting CARE and general principles
of fair use.

1.2 Research question and contributions

The core of this work is the evaluation of models
that learn variety-discriminating features directly
from naturally occurring text, without relying on
hand-crafted linguistic rules. Specifically, we in-
vestigate how effectively architectures like XLM-R
and supervised machine learning models trained
on character n-gram features (as well as ensembles
of various models) can capture regional linguis-
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tic patterns and orthographic variations to achieve
high-accuracy language identification across a di-
verse linguistic continuum.

We introduce a system for automatic classifi-
cation of Nahuatl variants, using a weighted soft-
voting ensemble combining a linear SVM, a logis-
tic regression model, and XLM-R. We show that
this combination is effective for LID, achieving
91% accuracy on a held-out test set. Importantly,
our model retains the orthographical variation seen
in naturally-occurring data.

2 Linguistic properties of Nahuatl
languages

Nahuatl languages are morphologically aggluti-
native, with extensive use of derivational and in-
flectional morphology. Canonical word order is
typically SOV (Subject-Object-Verb), though con-
stituent order can vary depending on pragmatic or
regional factors (Olko et al., 2018; Gruda et al.,
2023). Despite their shared history, Nahuatl vari-
eties diverge significantly in phonology, lexicon,
and syntax, which reflects both internal change and
external influences from Spanish and neighboring
Indigenous languages (Parodi, 2011).

Like other Uto-Aztecan languages, Nahuatl has
a relatively small but distinct phonemic inventory.
The overview in Table 1 represents a synthesized
core inventory based on our analysis of both Clas-
sical Nahuatl (nci) as a stable reference system and
documented modern regional innovations. While
this work uses text rather than speech, phonologi-
cal distinctions between varieties are directly rele-
vant because they are often systematically reflected
in orthography. For example, the ’tl-t-l’ isogloss
and the presence or absence of the saltillo (glottal
stop) manifest as consistent spelling differences
across varieties, making them useful discriminative
features for test-based classification. This aggre-
gated inventory draws specifically from the surveys
of Canger (2001) and de Suárez et al. (1986) to
establish the segments that participate in system-
atic regional mappings. Rather than reflecting a
single ‘standard’, this inventory serves as a compar-
ative work to ensure that phonological differences
(e.g., ‘saltillo’ P or the /t

>
ì/ variants) remain avail-

able as discriminative features for the classification
models.

Place of Articulation Stop Affricate Fricative Nasal Liquid Glottal
Bilabial p - - m - -
Alveolar t ts, t

>
ì s n l, r -

Palatal - t
>
S (ch) S (x) - - -

Velar k, kw - - - - -
Glottal - - h - - P

Table 1: Aggregated consonant inventory across Nahu-
atl varieties, serving as a reference for understanding the
phonological distinctions that may surface as discrimi-
native orthographic features in text. Not all contrasts are
present in every variety. This inventory represents the
union of documented segments across varieties, with
Classical Nahuatl (nci) as a reference point.

3 Data

We begin by assembling a corpus of over 1.1M
sentence-level entries from eleven regionally dis-
tinct Nahuatl languages. he distribution of this data
across varieties, sources, and domains is shown in
Table 2, with additional details in Table 10 in the
Appendix.

3.1 Corpus Sources and Description
Data is curated from a variety of sources, both
publicly available and private. Only some of the
private-source data will be made available, by
agreement with those sources.

(i) Existing Machine Translation Corpus.
Mercado-Campos (2023) compiled a corpus of ap-
proximately 31,000 regionally labeled sentences
from openly-licensed datasets. This subcorpus
includes texts from multiple genres such as dia-
logues, narratives, sermons, and health pamphlets.
Although not structurally parallel, many of these
documents address similar domains, particularly
education and religious instruction.

(ii) New Collaborator Contributions (2024-
2025). In ongoing collaborations, we have col-
lected new data from several Nahuatl varieties.
Most of this data has been shared informally
through personal interactions, primarily via social
media or local archives. This subcorpus includes
a mix of narrative fragments, conversational tran-
scripts, and educational material. Consent to use
and share this data was granted by the language
communities for this research project only.

(iii) Personal Language Learning Collection.
As part of an ongoing language learning effort,
new examples of one variety were collected from
annotated lessons, beginner notes, and other class-
related materials. Familiarity with the variety
through active language study informed quality
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Lang Name # of Sentences Domain

nhw Western Huasteca Nahuatl 369,830 Daily Life, Bible
nhe Eastern Huasteca Nahuatl 168,799 Legal, Stories, Bible
azz Highland Puebla Nahuatl 130,151 Daily Life, Stories, Bible
ncj Northern Puebla Nahuatl 129,829 Transcripts, Legal, Bible
nch Huasteca Nahuatl 105,856 Educational, Myths, TikTok Stories, Bible
nhi Western Puebla Sierra Nahuatl 90,157 Transcripts, Bible
nhg Tetelcingo Nahuatl 87,859 Daily Life, Bible
nlv Orizaba Nahuatl 14,636 Educational, Government, Bible
nhm Morelos Nahuatl 7,515 Educational, History, Bible
nci Classical Nahuatl 5,466 Poetry
nhn Central Nahuatl 3,062 Stories, Daily Life, Children Stories

Total 1,113,160

Table 2: Language variety statistics (ordered by # of sentences)

judgments during curation. The informal nature
of this data required extra curation to be suitable
for use in this project. The subcorpus consists of
approximately 43,400 sentences, after filtering out
low-quality, duplicate, or dictionary-style entries.
We additionally exclude many examples extracted
from images due to OCR errors or poor formatting.

(iv) AmericasNLP Shared Task Data. The
AmericasNLP 20252 shared task competitions
(De Gibert et al., 2025) include a small amount
of non-parallel Nahuatl text (e.g., daily conversa-
tions) from 2 varieties.

(v) Bible Corpus. The massively parallel Bible
corpus (Christodouloupoulos and Steedman, 2015)
contains the New Testament (NT) for some Nahu-
atl languages. Between this source and a scripture
website,3 we collect NT Bibles for 16 different
Nahuatl languages. There is a significant history of
research using the Bible as a data source for very
low-resource languages, to varying effect (among
others, Chew et al., 2006; Mayer and Cysouw,
2014; Agić et al., 2015; Nicolai and Yarowsky,
2019; Ebrahimi and Kann, 2021; Liu et al., 2021;
Kann, 2024; Marashian et al., 2025; Le Ferrand
et al., 2025). Although the Bible is a readily-
accessible source of parallel data for many lan-
guages, it must be used with caution. Researchers
have raised concerns about the very particular do-
main of the Bible, the frequent use of archaic ex-
pressions, and – crucially – the fact that many early
Bible translations were performed by colonial mis-

2https://github.com/AmericasNLP/americasnlp2025/
3https://scriptureearth.org

sionaries with only partial knowledge of the target
languages.

(vi) Axolotl Parallel Corpus. Axolotl (Gutierrez-
Vasques et al., 2016b; Gutiérrez-Vasques, 2018) is
a freely-available parallel Spanish-Nahuatl corpus,
accessible online and free to use either through it
website or as a Python package (pyElotl Gutierrez-
Vasques et al., 2025). Axolotl is also the Nahuatl
name for the animal currently known as “ajolote” in
Spanish or “axolotl” in English. Axolotl includes
Nahuatl data from a range of variants and domains.
Using pyElotl, we retrieve a subcorpus of about
13.5K sentences from 6 language varieties, summa-
rized in Table 3.4

Lang # of Sentences

azz 2,884
nci 5,421
nhe 149
nhm 1,938
nhn 1,757
nhw 1,449

Total 13,526

Table 3: Portion of Axolotl Corpus used for this study:
# of sentences by variant

3.2 Variation within Variants: Orthographies,
Registers, and Domains

Nahuatl materials span multiple orthographies and
writing habits, adding to the variability seen even

4More detailed statistics in Table 11 in the Appendix.
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within one variety. As an example, one impor-
tant difference is the encoding of vowel length.
Vowel length is phonemically contrastive in Nahu-
atl, meaning that short and long vowels distinguish
meaning. Many of the varieties in our corpus use
orthography to indicate vowel length, but there is
no standardization across varieties in how specif-
ically to write the contrast. Some orthographies
mark long vowels with macrons (e.g., ā, ē, ı̄, ō, ū),
others duplicate the vowels (e.g., aa, ee, ii, oo, uu),
and others do not represent the contrast at all.

Our system is designed to perform variety clas-
sification without any orthographic normalization.
We are, however, interested in understanding to
what extent the model relies on orthographic dif-
ferences for classification. To investigate that, we
additionally produce a normalized version of the
corpus using the py-elotl normalizer (Gutierrez-
Vasques et al., 2025) set to the INALI standard,
which maps orthographic variants to a single stan-
dardized form.

Additionally, our corpus includes a range of do-
mains, as well as registers ranging from highly
formal Bible translations and historical documents
to contemporary daily-life conversations, social
media data, and educational transcripts.

Using Bible data. To experimentally assess the
effect of including Bible translations in datasets
for this task, we create two additional subcor-
pora (see Section 5.2 for results and discussion).
These datasets are restricted to the six languages
for which we have both a Bible translation and
non-Bible data, and each is balanced across lan-
guages. Setting A uses a balanced corpus of natu-
rally occurring text, and Setting B adds a balanced
selection of Bible data across the same languages.

3.3 Data Processing

Unit of Analysis. The goal in this project is lan-
guage identification at the sentence level. We adopt
a sentence-level approach for several reasons. First,
many sources in our corpus do not have preserved
document boundaries, making the document-level
classification impractical. Second, some of the
primary practical applications of this system (e.g.,
flagging mislabeled sentences in mixed-variety cor-
pora) are inherently sentence-level tasks. Finally, in
translated and parallel corpora, sentence-level cor-
respondences across varieties are not guaranteed, as
translators may convey the same meaning through
different constructions entirely, making document-

level context potentially misleading rather than
helpful. Intuitively, we define “sentence” as a self-
contained text unit conveying a single propositional
idea, whether a standalone utterance or narrative
fragment. This includes full constructions, short ut-
terances common in dialogue, lines of poetry, and
transcribed speech segments that may be grammat-
ically incomplete but pragmatically whole. Some
examples appear in Table 4.

Category Nahuatl English

Retained
One-word sentence nimitstlasohtla I love you
Short utterance ninomachtia I study
Short utterance xinichpalewe Help me
Poetic line in xochitl, in kwikkatl the flower,

the song

Filtered Out
Repetitive/Noise tla tla tla if if if
Unbound prefix nino- (reflexive pre-

fix) I, me

Table 4: Examples of sentence types retained and re-
moved from the dataset.

We operationalize sentence segmentation utiliz-
ing line breaks, punctuation patterns, and format-
ting markers (e.g., chapter headings) as heuristics,
followed by manual validation of the segmentation
heuristics and spot-checking a random sample of
sentences to verify data quality. Entries are cleaned
of duplicate lines and dictionary-style lists, and
highly fragmented tokens with insufficient context
are removed to ensure data quality.

Sampling and Balancing. Distribution of sen-
tences across language varieties is highly unbal-
anced (Table 2). While skew of this degree may
reflect the prevalence of different varieties in acces-
sible written media, it can obscure the true effective-
ness of supervised classification systems. We thus
create two versions of the corpus, one unbalanced
and one balanced. Instances in the unbalanced ver-
sion are split using stratified sampling to preserve
the empirical regional proportions found in the raw
corpus. To address potential domain and quantity
bias, the balanced dataset is created by downsam-
pling all varieties to match the smallest class (3062
sentences).

For experimentation, we reserve a held-out eval-
uation split using stratified shuffle sampling by
language. Approximately 20% of the sentences
for each Nahuatl variety are set aside as a test set,
and the remaining 80% are used for training (and,
where relevant, internal validation). This is applied
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both to the unbalanced corpus and the downsam-
pled balanced version, so that the label and domain
distributions in the test set mirror those of the train-
ing data. All results reported are computed on these
held-out test splits.

4 Models and Methodology

We train and compare several different classifica-
tion models. We are specifically interested in com-
bining the interpretability of non-neural models
with the robust performance of pretrained multi-
lingual models. To that end, we combine several
models into an ensemble. All classification is per-
formed at the sentence level.

4.1 Classification Models

We investigate three different models. First, we
train a standard logistic regression model using TF-
IDF weighted character n-gram features (n=2–5)
to predict language variety given an input sentence.
Second, using the same features, we train a lin-
ear SVM for the same task. Logistic regression is
effective for sparse input features (Vimal and Anu-
pama Kumar, 2020), while linear SVMs are par-
ticularly well-suited to capturing the orthographic
and phonological cues highly predictive for Nahu-
atl (Çöltekin and Rama, 2016). Both model types
have been shown to be strong, interpretable models
for Indigenous language identification and classifi-
cation. Together, these models serve as strong, in-
terpretable baselines established for indigenous lan-
guage identification and classification (Pugh et al.,
2025a).

We compare XLM-RoBERTa Large (Conneau
and Khandelwal, 2019) and mBERT (Devlin, 2018)
as the multilingual baseline. Because of a mis-
match between available sizes for these models,
our comparison is between models of substantially
different scales. XLM-RoBERTa Large (550M pa-
rameters), trained on 2.5TB of CommonCrawl data
across 100 languages, is a more capable multilin-
gual model for our task, and we find it outperforms
mBERT-Large (330M parameters).

4.2 Model Ensemble

We combine the three models in a weighted soft-
voting ensemble.

To determine relative weighting of models in
the ensemble, we use a two-stage approach. First,
we optimize ensemble weights using an 80/20
split of the training data. A grid search on this

configuration determines the following weights:
Linear SVM (0.60), Logistic Regression (0.20),
and XLM-R (0.20).

Next, we perform a robustness check on the
proposed ensemble weights using 5-fold cross-
validation across the complete dataset. Models are
retrained for each fold, using the ensemble weights
above. Accuracies across the five folds range from
90.43 to 90.67. The stability of performance across
folds verifies the stability of the proposed weights.
NOTE: We performed the cross-validation experi-
ments simply to validate our ensemble weights. No
other results reported in this paper come from the
cross-validation set up.

4.3 Tokenization

We compare SentencePiece (Kudo and Richard-
son, 2018) (Unigram LM (Kudo, 2018)), Byte-Pair
Encoding (BPE (Sennrich and Haddow, 2015)),
and character-level approaches. The custom Sen-
tencePiece Unigram tokenizer is selected based
on classification perfomance in preliminary experi-
ments (Macro F1 0.76, Accuracy 90%), as it best
segments words into meaningful subwords while
preserving orthographic patterns.

4.4 Implementation Details

Implemented using a single NVIDIA A100 GPU
and Hugging Face Transformers. Maximum se-
quence length of 128. Training used AdamW opti-
mizer, batch size 32, learning rate 2e-5, and early
stopping based on validation loss with a patience
of 3 epochs.

5 Results and Analysis

The results of the three individual models and the
ensemble system on the held-out data are listed
in Table 5. The system achieves an F1 score of
0.91.5 It is worth highlighting that the ensemble
system only slightly outperforms the much simpler
Logistic Regression and Support Vector Machine
models, a finding that supports the power of simple
statistical modeling of character features for text-
based LID.

The classification report shows strong perfor-
mance for several more isolated languages (often
approaching 0.99 recall), while the most challeng-
ing boundary is within the "Huasteca cluster" (nch,
nhw, and nhe). In particular, nhw has the lowest

5This performance is consistent with the stable average
found from the 5-fold cross-validation experiment.

6
158



Figure 2: Confusion matrix of the ensemble model’s predictions. The most frequently confused variants are the three
Huasteca varieties (nhe, nhw, nch), which share a large number of phonological, morphological, and vocabulary
features, and are typically considered members of a single Eastern Nahuatl subgroup Canger (2001).

Lang. LR SVM XLMR Ens.

azz 0.95 0.96 0.95 0.96
nch 0.79 0.78 0.78 0.82
nci 0.98 0.98 0.98 0.98
ncj 0.94 0.95 0.94 0.97
nhe 0.72 0.72 0.72 0.75
nhg 0.99 0.99 0.99 0.99
nhi 0.96 0.96 0.95 0.97
nhm 0.95 0.96 0.96 0.97
nhn 0.94 0.94 0.94 0.96
nhw 0.65 0.64 0.59 0.70
nlv 0.98 0.98 0.97 0.98

Avg 0.90 0.90 0.89 0.91

Table 5: Performance (F1 score) of the three compo-
nent systems (Logistic Regression LR, Support Vector
Machine SVM, and XLMR language-model) and the
ensemble of the three.

recall (0.66), with persistent confusion against nch
(approximately 15% of confusions), which sup-
ports a continuum interpretation for closely related
regional languages rather than a sharply separable

Class Top 10 discriminative features (LR)

azz ta, w, ne, j, k, eju, ten, no, de, ejua
nch ta, t, cati, ti, j, hu, inta, tal, ten, tali
nci y, uh, yn, in, z, au, auh, l, v, ll
ncj in, n, ahmo, ahm, iya, huan, ehh, ehhu, ehhua,

aki
nhe ax, tlen, j, hu, len, queja, ueja, tl, eja, imo
nhg ie, e, que, tie, hua, ua, nu, tlo, tli, o
nhi h, u, ua, eh, queh, ueh, uan, aua, ou, iu
nhm k, non, a, o, h, nin, z, i, ce, kej
nhn k, w, l, wa, ce, in, ka, tl, ll, ts
nhw catli, atli, catl, j, hu, ij, an, se, tli, quen
nlv k, h, w, ki, eh, iwa, iw, iwan, ka, lli

Table 6: Top 10 discriminative character n-grams per
class from the logistic regression model trained on TF–
IDF features.

boundary. The complete confusion matrix heatmap
can be seen in Figure 2.

5.1 Linguistic vs. Orthographic Features

The model appears to rely heavily on surface cues,
including some well-established isoglosses as well
as orthographic tendencies (artifacts of the specific
texts in the corpus vs. dialectological features).

7
159



In Table 6, we show the top-most discriminative
features in the Logistic Regression model. For ex-
ample, one well-known isogloss among Nahuatl
varieties is the “tl-t-l" distribution, where some va-
rieties use “tl", others “t", and still others “l" for
corresponding lexical items and morphemes. We
see that this is valuable for distinguishing between
varieties, since two “t-varieties" in our corpus, azz
and nch, have sequences like ta and ten (tla and
tlen in other varieties) in their top discriminative
features. Other useful discriminative linguistic fea-
tures are the lexical item auh for nci, a particle
that is prevalent in Classical Nahuatl texts, and ax,
a verbal negation prefix in the Huasteca region, as
the top discriminative feature for nhe.

Language Precision Recall F1-score

azz 0.96 0.94 0.95
nch 0.79 0.84 0.82
nci 0.97 0.97 0.97
ncj 0.95 0.95 0.95
nhe 0.72 0.77 0.75
nhg 0.99 1.00 0.99
nhi 0.95 0.94 0.94
nhm 0.94 0.94 0.94
nhn 0.93 0.91 0.92
nhw 0.70 0.65 0.67
nlv 0.98 0.96 0.97

Accuracy 0.89
Macro Avg 0.89 0.89 0.89

Table 7: Classification performance, final ensemble
model, on orthographically normalized version of the
balanced dataset. cf. rightmost column of Table 5.

Additionally, the list of top discriminative fea-
tures highlights the value of orthographic cues
in our experiment, such as k and w for nlv and
nhn, substrings containing y for nci, and h and
u (followed by a vowel) for nhi. It is impor-
tant to note that, while some orthographic prac-
tices may be adopted by specific communities
(e.g. the so-called “Tenango" orthography de-
scribed in Pugh et al. (2025b)), orthographic pat-
terns are largely an artifact of text/author rather
than the Nahuatl variety. In order to evaluate
the extent to which our model learned to perform
LID via document-specific rather than language-
specific features, we train and evaluate the ensem-
ble model on an orthographically-normalized ver-
sion of the corpus, produced using the py-elotl

normalizer (Gutierrez-Vasques et al., 2025) set to
the INALI standard. These results, shown in Ta-
ble 7, show that indeed, to some extent, ortho-
graphic patterns alone contribute to some of the per-
formance, since the normalized experiment shows
small but consistent drops for all varieties.

5.2 The effect of domain

We also briefly explore the impact of the source text
domain. Specifically, we compare performance on
two small subcorpora (see Section 3.2) containing
only the six languages where we have both Bible
and non-Bible data. Table 8 shows results for Set-
tings A (only non-Bible data) and B (mixed Bible
and non-Bible data) for those six languages, in a
very small data setting. Table 9 shows the same for
five of those six languages, increasing the dataset
size by removing the smallest language.

Although inclusion of Bible data doubles the
amount of data available, performance in Setting
B either stays the same as Setting A or decreases.
This suggests that the Biblical register may intro-
duce domain-specific noise that obscures authentic
regional features. Variety-specific scores, though,
fluctuate significantly with the inclusion of Bible
data. For instance, in Table 8, the nhw variety drops
from 0.84 to 0.77, while nlv increases from 0.82 to
0.91. This suggests that the model may be learning
the standardized, formal voice of the Bible rather
than capturing authentic regional cues. The do-
main of religious translations introduces a stylistic
similarity that can distort performance metrics for
specific variants, motivating our decision to pri-
oritize naturally occurring text in our final model
iterations.

Setting A (No Bible) Setting B (With Bible)
Variety F1-Score Support F1-Score Support

azz 0.95 74 0.90 147
nch 0.82 74 0.76 148
nhi 0.89 73 0.88 147
nhm 0.89 73 0.91 147
nhw 0.84 74 0.77 147
nlv 0.82 74 0.91 148

Macro Avg 0.87 442 0.86 884
Accuracy 0.87 442 0.86 884

Table 8: Performance comparison between non-Bible
data (Setting A) and mixed data (Setting B), for 6 lan-
guages. Balanced settings, with 370 instances per lan-
guage in Setting A and 735 in Setting B.
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Setting A (No Bible) Setting B (With Bible)
Variety F1-Score Support F1-Score Support

azz 0.93 162 0.95 325
nch 0.83 163 0.83 326
nhi 0.93 163 0.95 325
nhm 0.89 163 0.93 325
nhw 0.90 162 0.86 325

Macro Avg 0.90 813 0.90 1626
Accuracy 0.90 813 0.90 1626

Table 9: Performance comparison between non-Bible
data (Setting A) and mixed data (Setting B), for 5 lan-
guages. Balanced setting, with 810 instances per lan-
guage in Setting A and 1625 in Setting B.

6 Concluding remarks and future work

This paper introduces an ensembled text classifica-
tion model to address the challenges posed by the
lack of labeled corpus data for varieties of Nahu-
atl, a minoritized language family often treated
incorrectly as a single language. By leveraging
a weighted soft-voting ensemble combining Lin-
ear SVM (0.60), Logistic Regression (0.20) and
XLM-R (0.20), the best system achieves a robust
classification accuracy of 91% on naturally occur-
ring test data.

Results indicate that transformers and character
n-gram models can implicitly learn cross-variant
correspondences robustly from naturally occurring
text, effectively navigating the linguistic diversity
of Nahuatl.

In future work, we plan to incorporate more
conversational, social media, and community-
generated content, to expand the scope of the sys-
tem and to avoid formal and/or translated Bible
data. We also plan to investigate the effective-
ness of moving beyond the surface-level subwords
we get from tokenization to a morphologically-
motivated approach, which may capture useful mor-
phological structures. This sort of approach may
be especially useful for the agglutinative nature of
Nahuatl languages.

Other future directions highlight the importance
of engaging with speaker communities. First, we
hope to integrate feedback from speaker commu-
nities to refine the classification system, with a
particular focus on determining meaningful units
of analysis. Finally, we plan to incorporate this
classifier to develop variety-appropriate language
processing tools such as spell-checkers, OCR post-
correction, and machine translation.

Limitations

This work has several limitations that should be
considered when interpreting the results.

First, although we control for data imbalance
through downsampling in our experimental de-
sign, there is a tradeoff between building balanced
datasets and using all available data. Training on
the pre-sampling corpus, which is uneven in both
size and domain distribution, may improve perfor-
mance for many varieties, but it may also bias the
models toward higher-resource varieties and more
represented genres.

Second, as shown in our orthographic normaliza-
tion experiments, a portion of model performance
appears to rely on surface-level orthographic con-
ventions rather than deeper linguistic distinctions.
This could potentially limit generalization to un-
seen writing styles or communities with different
conventions. Some varieties in our corpus are heav-
ily skewed toward a single domain; most notably
Classical Nahuatl (nci), which appears exclusively
in the poetry domain. This raises the possibility that
the model may be learning domain or register sig-
nal rather than variety-specific linguistic features
for these classes. Future work should evaluate per-
formance on held-out domains to disentangle these
effects.

Third, the inclusion of domain-specific data, par-
ticularly Biblical text, introduces stylistic regulari-
ties that may not reflect everyday language use, af-
fecting the classifier’s flexibility. Additionally, our
sentence-level formulation may not fully capture
broader discourse-level cues relevant for variety
identification.

Fourth, the system does not perform open-set
language identification: it will assign one of the
11 Nahuatl variety labels to any input, including
non-Nahuatl text. In practice, this classifier should
be composed with a general-purpose LID system
that first identifies the input as Nahuatl.

Finally, given the limited availability of labeled
data and focus on 11 varieties, the generalizabil-
ity of our findings to the full diversity of Nahuatl
variants remains an open question.

Ethical considerations

This work uses data from an Indigenous language,
where questions of data ownership, representation,
and use are especially important. In line with
CARE principles for indigenous data governance,

9
161



we recognize that not all data used in this study can
or even should be freely redistributed.

Portions of the corpus were collected through
direct collaboration with speakers and are used
here with permission for research purposes only.
Any future data release will be done in accordance
with this to ensure that community preferences,
access restrictions, and appropriate attributions are
respected.

We also acknowledge that automatic language
or variety identification systems may have unin-
tended consequences if used without care. For ex-
ample, misclassifications could affect downstream
applications such as educational tools or language
technologies, potentially reinforcing incorrect asso-
ciations or privileging certain variants over others.
Also, modeling decisions that treat language va-
rieties as fixed and separable categories may not
align with speakers’ own linguistic identities or
practices.

For these reasons, we emphasize that such sys-
tems should be developed and applied in collab-
oration with communities, with attention to their
goals, expectations, and concerns.
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Çağrı Çöltekin and Taraka Rama. 2016. "Discriminat-
ing Similar Languages with Linear SVMs and Neural
Networks". In Proceedings of the Third Workshop on
NLP for Similar Languages, Varieties and Dialects
(VarDial3), pages 15–24, Osaka, Japan. The COL-
ING 2016 Organizing Committee.

Alexis Conneau and Kartikay Khandelwal. 2019. Un-
supervised cross-lingual representation learning at
scale. arXiv preprint arXiv:1911.02116.

Ona De Gibert, Robert Pugh, Ali Marashian, Raul
Vazquez, Abteen Ebrahimi, Pavel Denisov, Enora
Rice, Edward Gow-Smith, Juan Prieto, Melissa Rob-
les, Rubén Manrique, Oscar Moreno, Angel Lino,
Rolando Coto-Solano, Aldo Alvarez, Marvin Agüero-
Torales, John E. Ortega, Luis Chiruzzo, Arturo Once-
vay, Shruti Rijhwani, Katharina Von Der Wense, and
Manuel Mager. 2025. "Findings of the AmericasNLP

10
162

https://doi.org/10.18653/v1/2023.vardial-1.25
https://doi.org/10.18653/v1/2023.vardial-1.25
https://doi.org/10.3115/v1/P15-2044
https://doi.org/10.3115/v1/P15-2044
https://api.semanticscholar.org/CorpusID:228468384
https://api.semanticscholar.org/CorpusID:228468384
https://aclanthology.org/W06-1009/
https://aclanthology.org/W06-1009/
https://aclanthology.org/W06-1009/
https://aclanthology.org/W16-4802/
https://aclanthology.org/W16-4802/
https://aclanthology.org/W16-4802/
https://doi.org/10.18653/v1/2025.americasnlp-1.16


2025 Shared Tasks on Machine Translation, Creation
of Educational Material, and Translation Metrics for
Indigenous Languages of the Americas". In Proceed-
ings of the Fifth Workshop on NLP for Indigenous
Languages of the Americas (AmericasNLP), pages
134–152, Albuquerque, New Mexico. Association
for Computational Linguistics.

Lastra de Suárez et al. 1986. Las áreas dialectales del
náhuatl moderno.

Jacob Devlin. 2018. Bert: Pre-training of deep bidi-
rectional transformers for language understanding.
arXiv preprint arXiv:1810.04805.

Abteen Ebrahimi and Katharina Kann. 2021. "How to
Adapt Your Pretrained Multilingual Model to 1600
Languages". In Proceedings of the 59th Annual Meet-
ing of the Association for Computational Linguistics
and the 11th International Joint Conference on Natu-
ral Language Processing (Volume 1: Long Papers),
pages 4555–4567, Online. Association for Computa-
tional Linguistics.

J.I.E. Farfan. 2019. Nahuatl Contemporary Writing:
Studying Convergence in the Absence of a Written
Norm. University of Sheffield.

Szymon Gruda, Gregory Haimovich, and John Sullivan.
2023. Lexical creativity in modern Nahuatl: An
analysis of multidialectal data. Lingua, 285:103488.

María Ximena Gutiérrez-Vasques. 2018. EXTRAC-
CIÓN LÉXICA BILINGÜE AUTOMÁTICA PARA
LENGUAS DE BAJOS RECURSOS DIGITALES.

Ximena Gutierrez-Vasques, Robert Pugh, Victor Mijan-
gos, Diego Barriga Martínez, Paul Aguilar, Mikel Se-
gura, Paola Innes, Javier Santillan, Cynthia Montaño,
and Francis Tyers. 2025. "Py-Elotl: A Python NLP
package for the languages of Mexico". In Proceed-
ings of the Fifth Workshop on NLP for Indigenous
Languages of the Americas (AmericasNLP), pages
38–47, Albuquerque, New Mexico. Association for
Computational Linguistics.

Ximena Gutierrez-Vasques, Gerardo Sierra, and
Isaac Hernandez Pompa. 2016a. Axolotl: a web
accessible parallel corpus for spanish-nahuatl. In
Proceedings of the Tenth International Conference
on Language Resources and Evaluation (LREC’16),
pages 4210–4214.

Ximena Gutierrez-Vasques, Gerardo Sierra, and
Isaac Hernandez Pompa. 2016b. "Axolotl: a Web
Accessible Parallel Corpus for Spanish-Nahuatl". In
Proceedings of the Tenth International Conference
on Language Resources and Evaluation (LREC’16),
pages 4210–4214, Portorož, Slovenia. European Lan-
guage Resources Association (ELRA).

Juan-José Guzmán-Landa, Juan-Manuel Torres-Moreno,
Miguel Figueroa-Saavedra, Carlos-Emiliano
González-Gallardo, Graham Ranger, and Martha
Lorena-Avendaño-Garrido. 2026. Classifying
several dialectal Nawatl varieties. arXiv preprint
arXiv:2601.02303.

Juan-José Guzmán-Landa, Juan-Manuel Torres-Moreno,
Martha Lorena Avendaño Garrido, Miguel Figueroa-
Saavedra, Ligia Quintana-Torres, Graham Ranger,
Carlos-Emiliano González-Gallardo, Elvys Linhares-
Pontes, Patricia Velázquez-Morales, and Luis-Gil
Moreno-Jiménez. 2025. "π-YALLI : un nouveau
corpus pour des modèles de langue nahuatl / Yankuik
nawatlahtolkorpus pampa tlahtolmachiotl". In Actes
des 32ème Conférence sur le Traitement Automatique
des Langues Naturelles (TALN), volume 1 : articles
scientifiques originaux, pages 802–816, Marseille,
France. ATALA \\& ARIA.

Juan-José Guzman-Landa, Jesús Vázquez-Osorio,
Juan-Manuel Torres-Moreno, Ligia Quintana
Torres, Miguel Figueroa-Saavedra, Martha-Lorena
Avendaño-Garrido, Graham Ranger, Patricia
Velázquez-Morales, and Gerardo Sierra-Martínez.
2025. A symbolic algorithm for the unification of
nawatl word spellings. In Mexican International
Conference on Artificial Intelligence, pages 141–154.
Springer.

Magnus Pharao Hansen. 2013. Nahuatl in the plural:
Dialectology and activism in Mexico. In Proceedings
of the American Anthropological Association, Annual
Meeting.

INALI. 2009. Catálogo de las lenguas indígenas na-
cionales: Variantes lingüísticas de México con sus
autodenominaciones y referencias geoestadísticas.
Instituto Nacional de Lenguas Indigenas, México,
D.F.

Tommi Jauhiainen, Marco Lui, Marcos Zampieri, Timo-
thy Baldwin, and Krister Lindén. 2019. Automatic
language identification in texts: A survey. Journal of
Artificial Intelligence Research, 65:675–782.

Amanda Kann. 2024. "Massively Multilingual Token-
Based Typology Using the Parallel Bible Corpus".
In Proceedings of the 2024 Joint International Con-
ference on Computational Linguistics, Language
Resources and Evaluation (LREC-COLING 2024),
pages 11070–11079, Torino, Italia. ELRA and ICCL.

Terrence Kaufman. 2001. The history of the Nawa lan-
guage group from the earliest times to the sixteenth
century: Some initial results. Paper posted online
at http://www. albany. edu/anthro/maldp/Nawa. pdf.
University of Pittsburgh.

Taku Kudo. 2018. Subword regularization: Improv-
ing neural network translation models with multiple
subword candidates. In Proceedings of the 56th An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 66–75,
Melbourne, Australia. Association for Computational
Linguistics.

Taku Kudo and John Richardson. 2018. "SentencePiece:
A simple and language independent subword tok-
enizer and detokenizer for Neural Text Processing".
In Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing: System

11
163

https://doi.org/10.18653/v1/2025.americasnlp-1.16
https://doi.org/10.18653/v1/2025.americasnlp-1.16
https://doi.org/10.18653/v1/2025.americasnlp-1.16
https://doi.org/10.18653/v1/2021.acl-long.351
https://doi.org/10.18653/v1/2021.acl-long.351
https://doi.org/10.18653/v1/2021.acl-long.351
https://books.google.com/books?id=rkxWyQEACAAJ
https://books.google.com/books?id=rkxWyQEACAAJ
https://books.google.com/books?id=rkxWyQEACAAJ
https://doi.org/10.18653/v1/2025.americasnlp-1.5
https://doi.org/10.18653/v1/2025.americasnlp-1.5
https://aclanthology.org/L16-1666/
https://aclanthology.org/L16-1666/
https://aclanthology.org/2025.jeptalnrecital-taln.49/
https://aclanthology.org/2025.jeptalnrecital-taln.49/
https://aclanthology.org/2025.jeptalnrecital-taln.49/
https://aclanthology.org/2024.lrec-main.965/
https://aclanthology.org/2024.lrec-main.965/
https://doi.org/10.18653/v1/P18-1007
https://doi.org/10.18653/v1/P18-1007
https://doi.org/10.18653/v1/P18-1007
https://doi.org/10.18653/v1/D18-2012
https://doi.org/10.18653/v1/D18-2012
https://doi.org/10.18653/v1/D18-2012


Demonstrations, pages 66–71, Brussels, Belgium.
Association for Computational Linguistics.

Guillaume Lample and Alexis Conneau. 2019. Cross-
lingual language model pretraining. arXiv preprint
arXiv:1901.07291.

Yolanda Lastra. 1986. Las areas dialectales del nahu-
atl moderno. Universidad Nacional Autonoma de
Mexico, Instituto de Investigaciones Antropologicas.

Eric Le Ferrand, Cian Mohamed Bashar Hauser,
Joshua Hartshorne, and Emily Prud’hommeaux.
2025. "Faithful Transcription: Leveraging Bible
Recordings to Improve ASR for Endangered Lan-
guages". In Proceedings of the 14th International
Joint Conference on Natural Language Processing
and the 4th Conference of the Asia-Pacific Chapter of
the Association for Computational Linguistics, pages
333–342, Mumbai, India. The Asian Federation of
Natural Language Processing and The Association
for Computational Linguistics.

Walter Lehmann. 1920. Die Sprachen Zentral-Amerikas
in ihren Beziehungen zueinander sowie zu Sud-
Amerika und Mexiko, 1/2. Zentral-Amerika, Teil
I.

Ling Liu, Zach Ryan, and Mans Hulden. 2021. "The
Usefulness of Bibles in Low-Resource Machine
Translation". In Proceedings of the 4th Workshop
on the Use of Computational Methods in the Study
of Endangered Languages Volume 1 (Papers), pages
44–50, Online. Association for Computational Lin-
guistics.

Ali Marashian, Enora Rice, Luke Gessler, Alexis
Palmer, and Katharina von der Wense. 2025. "From
Priest to Doctor: Domain Adaptation for Low-
Resource Neural Machine Translation". In Proceed-
ings of the 31st International Conference on Compu-
tational Linguistics, pages 7087–7098, Abu Dhabi,
UAE. Association for Computational Linguistics.

Mike Maxwell. 2005. "Language Documentation:
The Nahuatl Grammar". In Computational Linguis-
tics and Intelligent Text Processing, pages 474–485,
Berlin, Heidelberg. Springer Berlin Heidelberg.

Thomas Mayer and Michael Cysouw. 2014. "Creat-
ing a massively parallel Bible corpus". In Proceed-
ings of the Ninth International Conference on Lan-
guage Resources and Evaluation (LREC’14), pages
3158–3163, Reykjavik, Iceland. European Language
Resources Association (ELRA).

Luis Armando Mercado-Campos. 2023. Design and im-
plementation of an NMT system for Spanish-Nahuatl.
Master’s thesis, Universidad del País Vasco / Euskal
Herriko Unibertsitatea, Donostia-San Sebastián, Es-
paña, June.

Garrett Nicolai and David Yarowsky. 2019. "Learning
Morphosyntactic Analyzers from the Bible via Iter-
ative Annotation Projection across 26 Languages".
In Proceedings of the 57th Annual Meeting of the

Association for Computational Linguistics, pages
1765–1774, Florence, Italy. Association for Com-
putational Linguistics.

Justyna Olko, R. Borges, and John Sullivan. 2018. Con-
vergence as the driving force of typological change in
Nahuatl. STUF - Language Typology and Universals,
71:467 – 507.

Claudia Parodi. 2011. Multiglosia virreinal novohis-
pana: el náhuatl. Cuadernos de la ALFAL, 2:89–101.

Magnus Pharao Hansen. 2014. The East-West split
in Nahuan Dialectology: Reviewing the Evidence
and Consolidating the Grouping. In Friends of Uto-
Aztecan Workshop.

Robert Pugh, Marivel Huerta Mendez, Mitsuya Sasaki,
and Francis Tyers. 2022. "Universal Dependencies
for Western Sierra Puebla Nahuatl". In Proceedings
of the Thirteenth Language Resources and Evalua-
tion Conference, pages 5011–5020, Marseille, France.
European Language Resources Association.

Robert Pugh and Francis Tyers. 2021. Investigating
variation in written forms of Nahuatl using character-
based language models. In Proceedings of the First
Workshop on Natural Language Processing for In-
digenous Languages of the Americas, pages 21–27.

Robert Pugh and Francis Tyers. 2024a. Experiments in
multi-variant natural language processing for Nahu-
atl. In Proceedings of the Eleventh Workshop on NLP
for Similar Languages, Varieties, and Dialects (Var-
Dial 2024), pages 140–151, Mexico City, Mexico.
Association for Computational Linguistics.

Robert Pugh, Francis Tyers, and Marivel Huerta
Mendez. 2021. Towards and Open Source
Finite-State Morphological Analyzer for Zacatlán-
Ahuacatlán-Tepetzintla Nahuatl. In Proceedings of
the Workshop on Computational Methods for Endan-
gered Languages, volume 1, pages 80–85.

Robert Pugh, Francis Tyers, and Brian OConnor. 2025a.
8. Implementación de Identificación de Idiomas para
las Lenguas Indígenas de México. UNIVERSIDAD
MICHOACANA DE SAN NICOLÁS DE HIDALGO,
page 88.

Robert Pugh and Francis M. Tyers. 2024b. A Universal
Dependencies Treebank for Highland Puebla Nahuatl.
In 2024 Annual Conference of the North American
Chapter of the Association for Computational Lin-
guistics.

Robert Pugh, Cheyenne Wing, María Ximena
Juárez Huerta, Ángeles Márquez Hernandez, and
Francis Tyers. 2025b. "Ihquin tlahtouah in Tetelahtz-
incocah: An annotated, multi-purpose audio and text
corpus of Western Sierra Puebla Nahuatl". In Pro-
ceedings of the 2025 Conference of the Nations of
the Americas Chapter of the Association for Com-
putational Linguistics: Human Language Technolo-
gies (Volume 1: Long Papers), pages 3549–3562,

12
164

https://doi.org/10.18653/v1/2025.ijcnlp-short.28
https://doi.org/10.18653/v1/2025.ijcnlp-short.28
https://doi.org/10.18653/v1/2025.ijcnlp-short.28
https://aclanthology.org/2021.computel-1.6/
https://aclanthology.org/2021.computel-1.6/
https://aclanthology.org/2021.computel-1.6/
https://aclanthology.org/2025.coling-main.472/
https://aclanthology.org/2025.coling-main.472/
https://aclanthology.org/2025.coling-main.472/
https://aclanthology.org/L14-1215/
https://aclanthology.org/L14-1215/
https://doi.org/10.18653/v1/P19-1172
https://doi.org/10.18653/v1/P19-1172
https://doi.org/10.18653/v1/P19-1172
https://doi.org/10.1515/stuf-2018-0018
https://doi.org/10.1515/stuf-2018-0018
https://doi.org/10.1515/stuf-2018-0018
https://aclanthology.org/2022.lrec-1.535/
https://aclanthology.org/2022.lrec-1.535/
https://doi.org/10.18653/v1/2024.vardial-1.12
https://doi.org/10.18653/v1/2024.vardial-1.12
https://doi.org/10.18653/v1/2024.vardial-1.12
https://doi.org/10.18653/v1/2025.naacl-long.181
https://doi.org/10.18653/v1/2025.naacl-long.181
https://doi.org/10.18653/v1/2025.naacl-long.181


Albuquerque, New Mexico. Association for Compu-
tational Linguistics.

Rico Sennrich and Alexandra Haddow. 2015. Neural
machine translation of rare words with subword units.
arXiv preprint arXiv:1508.07909.

Ana Tona, Guillaume Thomas, and Ewan Dunbar. 2023.
"A morphological analyzer for Huasteca Nahuatl".
In Proceedings of the Sixth Workshop on the Use of
Computational Methods in the Study of Endangered
Languages, pages 112–116, Remote. Association for
Computational Linguistics.

Francis Tyers and Robert Pugh. 2023. "A finite-state
morphological analyser for Highland Puebla Nahu-
atl". In Proceedings of the Workshop on Natural Lan-
guage Processing for Indigenous Languages of the
Americas (AmericasNLP), pages 103–108, Toronto,
Canada. Association for Computational Linguistics.

Bhartendoo Vimal and S Anupama Kumar. 2020. Ap-
plication of logistic regression in natural language
processing. Int J Eng Res, 9(06).

Marcos Zampieri, Liling Tan, Nikola Ljubešić, and Jörg
Tiedemann. 2014. "A Report on the DSL Shared
Task 2014". In Proceedings of the First Workshop on
Applying NLP Tools to Similar Languages, Varieties
and Dialects, pages 58–67, Dublin, Ireland. Associa-
tion for Computational Linguistics and Dublin City
University.

Marcos Zampieri, Liling Tan, Nikola Ljubešić, Jörg
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A Appendix

A.1 Corpus details
Table 10 shows in more detail the distribution of
text types per language in our corpus.

Table 11 shows detailed information about lan-
guage varieties and sources in the Axolotl corpus
(Gutierrez-Vasques et al., 2016b,a), from which we
use a subset.
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Lang Source # of Sentences Avg. Sent. Length (tokens)

nhn El Ajolote de Xochimilco (Story) 133 3.04
Classes (Daily life) 1,700 13.12
Historias para Niños (Stories) 2,300 2.39

nhi UD (Transcripts) 813 8.24
UD (Transcripts) 90,200 5.48

nhg Conversaciones (Daily life) 30 4.10
Diccionario de Frases (Daily life) 87,800 4.10

nch UTexas (Educ.) 1,000 2.30
Mitos en Náhuatl (Myths) 104,800 5.33

ncj Bible (Religion) 88,900 3.92
nci 4 Poemas Cortos (Poetry) 121 3.26

Poemas en Náhuatl (Poetry) 5,300 23.47
nlv La lengua de los Aztecas (Educ.) 28 9.82

Guiones Bilingües (Legal) 340 1.17
Bible (Religion) 14,300 11.62

azz Conversaciones (Transcripts) 2,900 6.31
OpenSLR (Mixed) 40,900 8.66
Bible (Religion) 127,300 4.53

nhe Conversaciones (Mixed) 149 161.07
Bible (Religion) 168,600 5.02

nhm Various Books (Mixed) 1,900 10.26
Bible (Religion) 5,600 7.46

nhw Constitución (Legal) 1,400 3.71
Translated songs (Daily life) 2,100 1.14
Bible (Religion) 366,300 5.11

Table 10: Dataset Statistics: Variant, Source (Domain)

14
166



Corpus Sentences Variant Domain

Mitos y cuentos nahuas de la Sierra
Madre Occidental

93,466 azz Short stories

Los cuentos en náhuatl de Doña Luz
Jiménez

34,801 azz Short stories

Primer Axotli Libro 15,794 nci Didactic
López Austin, Alfredo. Augurios y
Abusiones

32,392 nci Historical

Documentos nauas de la Ciudad de
México del siglo XVI

123,473 nci Historical

Testimonios de la Antigua Palabra 43,444 nci Historical
Chimalpain Cuauhtlehuanitzi 34,203 nci Historical
Historia de México narrada en náhuatl
y español

10,881 nci Historical

Anales de Tepeteopan 8,162 nci Historical
Nican Mopohua 9,176 nci Literature
Veinte Himnos Sacros de los Nahuas 9,296 nci Literature
Trece Poetas del Mundo Azteca 8,405 nci Literature
La tina negra y roja 28,657 nci Literature
La llave del náhuatl 26,957 nci Literature
La tierra nos escucha 7,146 nci Literature
Teatro náhuatl II Selección y estudio
Crítico

38,939 nci Literature

Recetario Nahua el Norte de Veracruz 24,040 nci Recipes
Recetario Nahua de Milpa Alta 18,836 nci Recipes
Antología del cuento náhuatl 36,469 nci Short stories
Adivinanzas 326 nci Short stories
Lo que relatan de antes. Kuentos tének
y nahuas de la Huasteca

14,134 nci Short stories

Reyes García, Luis y Christensen, Di-
eter. El anillo de Tlalocan

23,102 nci Short stories

Garibay, vida económica de Tenochtit-
lan

30,794 nhe Historical

Revista La lengua y cultura Nahuatl 33,800 nhe Magazine
Untitled 46,868 nhm Historical
Yancuitlalpan, tradicion y discurso rit-
ual

16,527 nhm Short stories

El Náhuatl de Tetzcoco en la Actualidad 32,825 nhn Didactic
Método autodidáctico español-náhuatl
náhuatl-español

29,166 nhn Didactic

La voz profunda 6,778 nhn Literature
Revista Amerindia 12,710 nhn Magazine
Cuéntos Indígenas de México 496 nhw Musical

TOTAL 851,563

Table 11: Axolotl Corpus Overview (Sorted by Variant and Domain)
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Abstract

The term “low-resource” is used perva-
sively in NLP but communicates almost noth-
ing precise. We propose RAN (Resource
Abundance Notation), a compact, multi-
dimensional notation for quantifying a lan-
guage’s NLP resource profile. A RAN
score is written as S/M/L1-B1/L2-B2/. . . ,
where S = ⌊log10(speakers)⌋, M =
⌊log10(monolingual sentences)⌋, and each Li-
Bi pair records a bilingual partner and
⌊log10(parallel sentences)⌋. Values derive
from canonical sources: Wikidata for speak-
ers, OSCAR 23.01 for monolingual corpora,
and (where available) OPUS for parallel cor-
pora. We score 20 typologically diverse lan-
guages (including Quechua, Guarani, Chero-
kee, and Owens Valley Paiute) and corre-
late each profile against published benchmarks
for machine translation (MT, via NLLB-200
chrF++), named entity recognition (NER, via
XTREME XLM-R WikiANN F1), and part-of-
speech tagging (POS, via XTREME XLM-R
UD accuracy). The RAN components carry
complementary information: a linear model
using all three explains 52% of MT variance,
76% of NER variance, and 72% of POS vari-
ance. Among single predictors, Bmax (the
largest bilingual corpus, regardless of partner)
is strongest for the cross-lingual transfer tasks
(NER, POS), while M and Ben are strongest for
MT. RAN is designed first as a communication
tool, not a predictive model.

1 Introduction

“Low-resource” appears in thousands of NLP pa-
pers with no shared definition. A paper may use
the term whether a language has 500 parallel sen-
tences or 500,000, whether it has 10 fluent speakers
or 10 million. This makes it difficult to compare
results across papers, assess whether a technique
might transfer to a new language, or communicate
the difficulty of a task. Existing classifications,

such as Joshi et al. (2020) provide coarse, single-
dimensional categories that are hard to reproduce
from first principles and too imprecise for quantita-
tive reasoning.

We propose RAN (Resource Abundance No-
tation), designed first as a communication tool.
When a paper reports evaluation on a 4/2/en-4
language (Cherokee) versus a 7/4/en-7/fr-6 lan-
guage (Swahili), a reader instantly grasps the differ-
ence across multiple dimensions, without looking
up corpus statistics or consulting a classification
table. The notation is compact (fits in an abstract),
multi-dimensional (separating speakers, monolin-
gual data, and bilingual data), reproducible (de-
rived from canonical, citable sources), and inter-
pretable (each integer is an order of magnitude).

This matters especially for Indigenous lan-
guages, where the heterogeneity of “low-resource”
is extreme: Quechua (6/0/en-6/es-2), Guarani
(6/1/en-6/es-2), Cherokee (4/2/en-4), and
Owens Valley Paiute (1/3/en-3) differ by orders
of magnitude in speaker vitality and corpus avail-
ability yet are often bundled under a single label.

2 Notation

A RAN score is written as:

S/M/L1-B1/L2-B2/. . . (1)

where S = ⌊log10(# fluent speakers)⌋, M =
⌊log10(# monolingual sentences)⌋, and Bi =
⌊log10(# parallel sentences with language Li)⌋,
with Bi listed in descending order.

Each dimension corresponds to a different kind
of NLP training or downstream use. S measures the
community: language vitality, the realistic ceiling
on future annotation or participatory data work, and
the downstream population any tool will serve. It is
the only dimension that cannot be grown by scrap-
ing, and it motivates the ethical and sovereignty
considerations that corpus counts alone do not cap-
ture (we expand on this in §5). M measures the raw
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material for self-supervised pretraining: the text a
self-supervised language model (e.g., BERT, GPT,
XLM-R) can consume, and therefore the ceiling on
what any monolingual or multilingual encoder can
learn about the language without alignment. Bi is
the supervised counterpart: parallel sentences are
the direct training data for MT, and they enable
cross-lingual transfer from a high-resource partner.
Li records the partner identity, because a language
paired with English behaves differently from one
paired only with a regional neighbor. Listing the
pairs in descending Bi order puts the strongest con-
nection (Bmax) first. This is the quantity most rele-
vant for cross-lingual transfer (§4), and the ordered
list itself reads as a pivot map (§8).

We intentionally report M and the Bi as counts
in their source corpora (OSCAR and OPUS re-
spectively) rather than as a single combined figure.
This keeps each component independently citable
and reproducible from a canonical, dated snapshot.
As a consequence, a configuration like M = 1,
Ben = 6 (e.g. Guarani in our data) is internally
consistent: it means OSCAR 23.01 contains ∼10
Guarani sentences while OPUS lists ∼106 Guarani–
English pairs. A reader who needs the total mono-
lingual text available, ignoring source provenance
and duplication, can read max(M,maxiBi) off
the notation directly as a lower bound.

The ⌊log10⌋ quantization is primarily a commu-
nication choice, but it also matches what is known
about how NLP performance responds to data:
cross-entropy loss scales as a power law in corpus
size (Kaplan et al., 2020; Bansal et al., 2022), so
meaningful differences between languages appear
at the order-of-magnitude level rather than in raw
counts. The gap between 100 and 1,000 sentences
is qualitative, while the gap between 100,000 and
100,900 is invisible. Integer values capture this di-
rectly, fit in an abstract, and are comparable across
languages at a glance. A useful side-effect is ro-
bustness to upstream noise: deduplication policy,
sentence-splitter choice, and domain coverage can
shift raw counts by tens of percent without chang-
ing the floored log. When a task calls for finer
precision, a decimal form (M = 3.4 for ∼2.5K
sentences) coexists with the integer notation.

3 Data

We scored 20 typologically diverse languages
spanning the full RAN range, from English
(9/10/. . . ) to Owens Valley Paiute (1/3/en-3).

Speaker counts are the maximum P1098 value
across statements on each language’s Wikidata
entity (Q-ids in languages.csv), typically the
L1+L2 total. Monolingual corpus sizes are es-
timated from OSCAR 23.01 deduplicated word
counts (OSCAR Project, 2023), converted to sen-
tences at 15 words/sentence (5 for logographic
scripts). Hausa, absent from OSCAR 23.01,
falls back to CC-100. Bilingual data comes
from OPUS (Tiedemann, 2012), queried with
preprocessing=moses. For each pair we record
the size of the largest single corpus OPUS lists,
not the sum: this avoids double-counting de-
rived/aliased releases (e.g. NLLB derives from CC-
Matrix; HPLT/MultiHPLT report identical counts)
and corresponds to the realistic ceiling for a
single-corpus model. Queries use the ISO 639-1
macrocode (e.g. ar, zh); sub-variant tags (arz, cmn,
swh, etc.) are not aggregated by OPUS and includ-
ing them would not change any integer bin here.
The released languages.csv records the OPUS
corpus that produced the maximum for every pair,
so each value is reproducible. For Owens Valley
Paiute (mnr), effectively absent from OPUS, both
M and Ben derive from the community-curated Ku-
bishi Dictionary1 (4,484 mnr–en sentence pairs).

We compare against published benchmark num-
bers (no models were trained for this work):
machine translation (MT) via NLLB-200 on
FLORES-200 xx→eng, chrF++ (NLLB Team et al.,
2024) (17/20 languages); named entity recog-
nition (NER) via XLM-R Large zero-shot on
WikiANN F1 (Conneau et al., 2020; Hu et al.,
2020) (10/20); and part-of-speech tagging (POS)
via XLM-R Large zero-shot on Universal Depen-
dencies accuracy (9/20). Table 1 gives the full
inventory.

4 Correlation with Benchmark
Performance

We fit linear regressions predicting benchmark
scores from RAN components and compare across
a small set of models (Table 2). The linear form is
used as a coarse summary of how the integer-log
components track benchmark performance. We do
not claim that quality is literally linear in log(data),
only that log-scale components capture the order-
of-magnitude effects discussed in §2. Our aim is
twofold: (a) test whether the three components
carry complementary information by comparing

1https://dictionary.kubishi.com/
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Language ISO RAN sum

English eng 9/10/es-8/fr-8/de-8/zh-7 27
Spanish spa 8/9/en-8/fr-8/pt-8 25
Chinese† zho 9/9/en-7/ja-7 25
Hindi hin 8/8/en-7/ur-6 23
Arabic† ara 8/8/en-7/fr-7 23
Vietnamese vie 7/9/en-7/zh-6 23
Turkish tur 7/8/en-7/de-7 22
Korean kor 7/8/en-7/ja-6 22
Sinhala sin 7/7/en-7 21
Nepali† nep 7/7/en-7/hi-6 21
Mongolian† mon 6/7/en-7/zh-5 20
Hausa hau 7/6/en-6/fr-6 19
Swahili† swa 7/4/en-7/fr-6 18
Welsh cym 5/6/en-7 18
Yoruba yor 7/2/fr-6/en-6 15
Maltese mlt 5/3/en-7/it-6 15
Guarani† grn 6/1/en-6/es-2 13
Quechua† que 6/0/en-6/es-2 12
Cherokee chr 4/2/en-4 10
OVP‡ mnr 1/3/en-3 7

Table 1: RAN components for the 20 languages, sorted
by RANsum. OVP = Owens Valley Paiute. English–
English “bilingual” is reported as Ben = 0 by conven-
tion. For English we use Bmax as its largest partner.
† Macro-language ISO 639-3 code (zho, ara, swa, mon,
que, nep, grn). The numbers shown are dominated by
one variant in practice (e.g. Arabic by Modern Standard
arb; Quechua by quy Ayacucho Southern, the variant
used in NLLB-200’s quy_Latn FLORES split). Sub-
variants (e.g. quz Cuzco, qub Huallaga) would receive
distinct RAN scores when scored individually. We rec-
ommend reporting the ISO 639-3 code alongside RAN
whenever a macro-language label could be ambiguous.
‡ OVP is not in OSCAR or OPUS, so both M and Ben
derive from the community-maintained Kubishi dictio-
nary (https://dictionary.kubishi.com/).

the full model against single-predictor baselines,
and (b) identify which single component is the
strongest predictor for each task.

Model MT NER POS

S +M +Bmax 0.52 0.76 0.72
S +M +Ben 0.52 0.53 0.47
Bmax only 0.41 0.48 0.64
M only 0.26 0.22 0.35
Ben only 0.41 0.06 0.12
RANsum 0.20 0.19 0.37
S only 0.00 0.00 0.05

Table 2: Training R2 for each predictor model
across tasks. MT: NLLB-200 chrF++ (n=17); NER:
XTREME WikiANN F1 (n=10); POS: XTREME UD
accuracy (n=9). For MT, Ben = Bmax for all 17 lan-
guages.

Three observations follow from the regression
experiment (Figure 1 visualizes the aggregate

trend). First, the full three-component model dom-
inates every task: at R2 = 0.76 for NER, no sin-
gle component is within 0.28, so dropping any of
S, M , or Bmax leaves real variance on the table.
The R2 gap between the full model and any sin-
gle component is itself the evidence that the com-
ponents carry complementary information rather
than restating each other. Second, Bmax is the
strongest single predictor for NER (R2 = 0.48)
and POS (R2 = 0.64), while Ben alone explains al-
most nothing on those tasks (R2 = 0.06 and 0.12),
confirming that cross-lingual transfer benefits from
connections to any high-resource partner, not just
English. Third, S alone is uninformative of bench-
mark performance. We argue in Section 5 that this
is a feature of the notation, not a defect. Because
samples are small (n ∈ [9, 17]), we treat these R2

values as descriptive rather than as evidence of out-
of-sample predictive power.

Chinese sits well below its RAN-predicted
score on NER and POS, large enough to ask
whether the gap reflects RAN missing something
Chinese-specific or a property of logographic, non-
segmented scripts more broadly. The other non-
Latin-script languages in our set are consistent with
the latter reading: Korean (alphabetic syllabary,
space-segmented) lands close to its RAN-predicted
NER/POS scores, while Vietnamese (Latin, seg-
mented, tonal) shows the same pattern. We there-
fore attribute Chinese’s gap to script and tokeniza-
tion in the zero-shot benchmark setting (XLM-R
transfer from English WikiANN/UD) rather than
to a corpus signal RAN fails to capture. Con-
firming this would benefit from adding a second
logographic language (e.g. Japanese) and a non-
segmented non-logographic language (e.g. Thai).
We leave this to future work.

5 Why Keep Speaker Count?

S’s non-predictiveness should not be read as an
argument to drop it from the notation. Corpus size
tells you what a model can do today, while S tells
you why we should care and what resources could
plausibly become available. It captures language
vitality (Swahili 7/4/. . . and Maltese 5/3/. . .
have near-identical corpus profiles but very differ-
ent endangerment status), the realistic ceiling on
future annotation and participatory data work, the
scale of downstream impact, and the community
capacity and sovereignty considerations that shape
whether a dataset should exist at all. A notation
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Figure 1: RANsum vs. benchmark performance across the three tasks, with linear fits.

that omitted S would be a poorer communication
tool even if it remained an equally good predictor
of benchmark scores.

6 A Living RAN Database

A notation is only as useful as the shared numbers
it references. We deploy a community-maintained
web database at https://ran.kubishi.com
where anyone can submit an update (ISO 639-3
code, any subset of S, M , or Li-Bi pairs with ci-
tations). Every submission is queued for human
review of source reproducibility and correct denom-
ination (deduplicated sentences, not bytes), and
submissions and revisions retain stable IDs so a
cited RAN score can always be traced back to the
exact revision it was drawn from.

7 Related Work

Joshi et al. (2020) introduced a six-class taxon-
omy (0–5) for language resource levels, widely
adopted but offering only a single dimension. Blasi
et al. (2022) demonstrated systematic inequalities
in NLP performance across languages, motivat-
ing more precise quantification of resource gaps.
NLLB (NLLB Team et al., 2024) and XTREME
(Hu et al., 2020) provide the benchmark data en-
abling our empirical validation.

8 Conclusion and Possible Extensions

RAN provides a compact, reproducible, multi-
dimensional notation for communicating language
resource profiles. Across 20 languages and three
tasks, the components carry complementary infor-
mation (R2 = 0.52 for MT, 0.76 for NER, 0.72 for
POS), and Bmax outperforms Ben for cross-lingual
transfer. We frame RAN as a communication tool:
6/0/en-6/es-2 (Quechua) and 1/3/en-3 (Owens

Valley Paiute) name resource profiles a single “low-
resource” label would flatten. We encourage adop-
tion in abstracts, dataset and model cards, and
shared-task descriptions (e.g., resource envelopes
like “all targets satisfy M ≤ 4”). Natural exten-
sions of the core notation include rendering the
Li-Bi graph to surface pivot paths, a decimal form
for finer precision, and optional dimensions (script
status, lexicon size, typological distance, quality
flags) appended per task.

This paper deliberately scopes RAN to writ-
ten text and text-based benchmarks (MT, NER,
POS), because the data sources it draws on (OS-
CAR, OPUS) and the benchmarks it validates
against (NLLB-200, XTREME) are themselves
text-only. But many of the languages RAN is most
useful for (particularly Indigenous languages of
the Americas like Owens Valley Paiute, Cherokee,
and many Quechuan and Tupian variants) are pre-
dominantly or exclusively spoken, and a text-only
profile understates their actual resource picture.
A natural extension is an optional speech com-
ponent H = ⌊log10(hours of recorded speech)⌋,
populated from sources such as Common Voice,
FLEURS, and community archives, and paired
with bilingual Hi values for aligned speech–text
resources. This would let RAN describe ASR/TTS
resource profiles alongside the text-based one. We
leave the design of H and its empirical validation
against speech benchmarks to future work, but flag
it here as the most important near-term direction
for languages of the Americas.

Limitations

Our sample is small (n ∈ [9, 17] per task) and
English-centric: NER and POS benchmarks rely
on XLM-R zero-shot transfer from English, and
Ben coincides with Bmax for every MT language.
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The floor-of-log formulation compresses very dif-
ferent corpus sizes (e.g. 1K vs. 9K sentences) into
the same integer. RAN does not encode data quality
(domain, noise, script-register match), which can
shift effective performance by 10+ chrF++. Count-
ing in sentences is also an approximation: corpora
differ in average sentence length and complexity,
and our words÷15 (or ÷5 for logographic scripts)
heuristic only coarsely normalises this. A corpus
of short, simple sentences and one of long, syn-
tactically rich sentences with the same M are not
equivalent training material. We accept this loss of
precision in exchange for a unit that is meaningful
across scripts (unlike raw token counts, which are
tokenizer-dependent) and that fits in an abstract.
The decimal form M = 3.4 and per-task quality
flags can recover precision where needed. RAN
also currently assumes catalogued parallel sen-
tences are human-produced: it does not yet distin-
guish machine-translated or back-translated pairs,
which can now be generated cheaply and would
otherwise inflate Bi without a commensurate qual-
ity gain, nor does it account for silver/synthetic data
more broadly. Speaker counts inherit Wikidata’s
heterogeneity (different sources, years, L1/L2 con-
ventions). Finally, RAN reports only text resources:
until the H extension sketched above is in place,
languages with substantial speech corpora but little
text will be understated. RAN should complement,
not replace, qualitative community-facing context.

Ethical Considerations

Several languages in our dataset (Cherokee,
Quechua, Guarani, and Owens Valley Paiute) are
spoken by Indigenous communities, some criti-
cally endangered. RAN is descriptive and uses
only aggregate, publicly cited statistics. It is not
intended to rank languages by “worth” or to justify
deprioritizing any language. We emphasize that
low S (few speakers) is precisely where language-
sovereignty considerations and community partner-
ship matter most. Decisions about whether and
how to build NLP tools for an Indigenous language
must rest with the speaker community, not with
corpus counts.
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Abstract
For Mapudungun arn→es translation,
morphology-aware tokenization can substitute
for a 5× increase in model parameters. We
fine-tune three sizes of Meta’s NLLB-200
on Mapudungun–Spanish translation across
eight tokenization strategies, including
our novel Morfessor-VC method, which
constrains Morfessor morpheme segmentation
to tokens already present in NLLB’s pretrained
vocabulary. Our 600M Morfessor-VC model
is competitive with our own fine-tuned 3.3B
Standard BPE model on arn→es (43.2 vs. 42.9
chrF++, ∆ = +0.3, p = 0.039, 95% CI [0.02,
0.60]) while using five times fewer parameters,
and all fine-tuned conditions surpass frontier
LLMs by over 27 chrF++. Mapudungun is
an indigenous polysynthetic language spoken
by 200,000+ Mapuche people in Chile and
Argentina, absent from NLLB-200 and not
supported by major commercial MT providers;
prior work predates large-scale multilingual
models and does not address the tokeniza-
tion challenges posed by its agglutinative
morphology. These results establish new
state-of-the-art baselines for Mapudungun
MT and provide a practical foundation for
community language tools in pedagogy, social
media, and language revitalization.

1 Introduction

Mapudungun (also Mapuzugun, Mapudungu, or
Mapuche; historically Araucanian, the colonial des-
ignation reflected in ISO 639-3 code arn) is spo-
ken by more than 200,000 Mapuche people across
southern Chile and Argentina (Duan et al., 2020),
making it one of the largest indigenous languages
in South America by speaker count. Despite this,
Mapudungun remains absent from nearly all com-
mercial and open-source machine translation (MT)
systems—a gap with direct consequences for com-
munity language vitality (Ahumada et al., 2022).
The language’s polysynthetic, agglutinative mor-
phology—where a single verb form can encode

tense, aspect, subject, object, evidentiality, and spa-
tial deixis—poses well-documented challenges for
standard subword tokenization (Rust et al., 2021;
Mielke et al., 2021; Petrov et al., 2023). Byte-pair
encoding (BPE) (Sennrich et al., 2016), the domi-
nant tokenization strategy in multilingual models,
is not designed to respect morpheme boundaries,
and high fertility rates on agglutinative languages
have been shown to correlate with degraded trans-
lation quality (Ahia et al., 2023; Banerjee and Bhat-
tacharyya, 2018).

Prior work on Mapudungun NLP is sparse.
Levin et al. (2002) collected early bilingual data
and explored foundational language technologies
for Mapudungun. Duan et al. (2020) introduced
the AVENUE corpus and established sequence-
to-sequence baselines. Pendas et al. (2023) and
Lira et al. (2025) have since explored neural ap-
proaches, and Chandiá (2022) developed morpho-
logical analysis tools. None of this prior work
has fine-tuned large-scale multilingual models on
Mapudungun, nor systematically studied how tok-
enization choices interact with model capacity for
this language.

We address both gaps. Our contributions are:

• The first fine-tuning study of Meta’s
NLLB-200 (NLLB Team et al., 2022) on
Mapudungun–Spanish translation, across
three model sizes (600M, 1.3B, 3.3B
parameters) and both translation directions.

• A systematic ablation of eight tokenization
strategies, ranging from standard NLLB BPE
to Morfessor-based segmentation (Virpioja
et al., 2013) and SentencePiece UnigramLM
(Kudo, 2018).

• Morfessor-VC, a novel tokenization method
that runs Morfessor segmentation and then
constrains the resulting vocabulary to tokens
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already present in NLLB’s pretrained vocabu-
lary, preserving embedding alignment while
improving morpheme boundary coverage.

• A comprehensive evaluation showing that
Morfessor-VC with the 600M model achieves
43.2 chrF++ on Mapudungun→Spanish,
matching our standard BPE 3.3B baseline
(42.9 chrF++), and outperforming frontier
LLMs (Aya Expanse 8B: 15.9 chrF++) by over
27 points.

Code and evaluation scripts are available
at https://github.com/byu-matrix-lab/
mapudungun-nllb; fine-tuned model weights
are released as a HuggingFace collection at
https://huggingface.co/collections/
byumatrixlab/mapudungun-nllb.

2 Related Work

Mapudungun NLP. Levin et al. (2002) collected
early bilingual data and explored foundational
language technologies for Mapudungun at CMU.
Duan et al. (2020) introduced the AVENUE corpus
and established sequence-to-sequence baselines,
reporting plain chrF (character n-gram F-score,
0–1 scale; not directly comparable to chrF++) of
0.50 arn→es and 0.40 es→arn on 220k training
pairs using a custom Transformer. Ahumada et al.
(2022) developed educational NLP tools for Ma-
pudungun. Pendas et al. (2023) applied active
learning to Mapudungun MT; their BLEU scores
are not directly comparable to standard held-out
evaluation due to test-train overlap in the active
learning simulation. Lira et al. (2025) explored
transfer learning from high-resource language pairs
(Spanish–English, Spanish–Finnish) and reported
30.30 chrF on arn→es on a separate 1,250-pair test
set. Chandiá (2022) developed a finite-state mor-
phological analyser for Mapudungun, providing
linguistic groundwork relevant to our tokenization
study.

Morphology-aware tokenization. The interac-
tion between subword tokenization and morpho-
logically rich languages is well studied. Rust
et al. (2021) showed that multilingual models
produce unequal tokenization quality across lan-
guages, with agglutinative languages suffering
highest fertility. Ahia et al. (2023) and Petrov
et al. (2023) further quantified how tokenization
inequity translates to downstream performance

gaps. Ataman and Federico (2018) and Baner-
jee and Bhattacharyya (2018) proposed combin-
ing morphological segmentation with neural MT,
motivating our Morfessor-BPE condition. Mager
et al. (2022) conducted a direct comparison of BPE
and morphological segmentation for four polysyn-
thetic Amerindian languages, finding that mor-
phological segmentation can outperform BPE in
low-resource settings—consistent with our find-
ings for Mapudungun. Gowda and May (2020)
established that vocabulary size has diminishing re-
turns beyond a language-specific threshold, inform-
ing our Mono BPE and Optuna BPE conditions.
Morfessor 2.0 (Virpioja et al., 2013), the unsuper-
vised morpheme segmenter underlying three of our
conditions, uses minimum description length to
learn morpheme boundaries without linguistic su-
pervision. Subword regularization via UnigramLM
(Kudo, 2018) has shown robustness benefits in low-
resource settings, motivating our inclusion of that
condition.

Low-resource MT with multilingual models.
NLLB-200 (NLLB Team et al., 2022) supports
200 languages but does not include Mapudungun.
Downey et al. (2023) studied methods for adapt-
ing multilingual vocabularies to new languages, di-
rectly relevant to our tokenization approach. Fine-
tuning NLLB on new languages has shown strong
results in AmericasNLP shared tasks (Ebrahimi
et al., 2023, 2024; de Gibert et al., 2025). Gow-
Smith and Sánchez Villegas (2023) and DeGe-
naro and Lupicki (2024) demonstrated competitive
NLLB fine-tuning results across indigenous lan-
guages at the 2023 and 2024 shared tasks respec-
tively; our work is the first to systematically study
tokenization strategies—rather than data augmen-
tation or model selection—for NLLB fine-tuning
on a polysynthetic language. Mager et al. (2023)
provides a comprehensive overview of MT for in-
digenous languages of the Americas.

3 Data

We use the AVENUE corpus (Duan et al., 2020),
a Mapudungun–Spanish parallel resource derived
from the Mapudungun Speech Corpus (Caniupil
et al., 2019)—oral history interviews recorded by
Mapuche community members and linguists, tran-
scribed and aligned using ELAN (Wittenburg et al.,
2006). The corpus was developed through an aca-
demic collaboration (CMU, Universidad de La
Frontera, Chilean government partners) and uses
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the Alfabeto Mapuche Unificado (AMU) orthogra-
phy. The corpus covers domains such as traditional
medicine, cultural practices, and personal narrative.

Extraction and cleaning. The AVENUE data
is structured as parallel ELAN annotation blocks.
We extract sentence-level pairs by treating each
ELAN block as a translation unit. We then apply
a cleaning pass that strips incomplete ELAN tags,
CHAT transcription codes, overlap and uncertainty
markers, and degenerate segments. Two standard
defaults required language-specific overrides: the
minimum word count was set to 1 (single-word Ma-
pudungun clauses are grammatically complete in
a polysynthetic language) and long-word filtering
was disabled (Mapudungun compounds regularly
exceed 30 characters). The resulting corpus is split
into train / dev / test sets of 55,452 / 1,581 / 9,382
sentence pairs, respectively.

Code-switching. A notable property of the AV-
ENUE corpus is widespread code-switching: ap-
proximately 24% of Mapudungun utterances con-
tain embedded Spanish words or phrases, as
marked by ELAN <SPA> tags in the original tran-
scriptions. This reflects natural bilingual speech
patterns in contemporary Mapuche communities
rather than transcription artifacts. Our cleaning
pipeline retains these mixed-language utterances;
we analyze their effect on translation quality in
Section 7.3.

Data statistics. Table 1 summarizes corpus statis-
tics. The Mapudungun training side contains
656,969 whitespace-delimited tokens (avg. 11.8 to-
kens/sentence); the Spanish side contains 888,476
tokens (avg. 16.0 tokens/sentence). The higher
Spanish token count reflects that Mapudungun’s
polysynthetic morphology encodes in a single word
what Spanish expresses across multiple words.

Split Lang Sents Tokens Types Avg len
Train arn 55,452 656,969 105,375 11.8

es 55,452 888,476 40,059 16.0
Dev arn 1,581 23,519 6,863 14.9

es 1,581 29,314 4,381 18.5
Test arn 9,382 108,361 26,264 11.5

es 9,382 144,870 13,624 15.4

Table 1: Corpus statistics after cleaning. Tokens and
types are whitespace-delimited. Mapudungun has sub-
stantially more types per token than Spanish, reflecting
its richer morphology.

4 Tokenization Methods

A core challenge in fine-tuning NLLB-200 on Ma-
pudungun is the mismatch between NLLB’s pre-
trained BPE vocabulary—optimized for 200 lan-
guages with Spanish heavily represented—and Ma-
pudungun’s polysynthetic morphology. Naive fine-
tuning feeds the model unsegmented Mapudun-
gun text, which NLLB’s internal tokenizer frag-
ments unpredictably. We compare eight tokeniza-
tion strategies that differ in how they pre-segment
Mapudungun before fine-tuning. All conditions
use NLLB’s standard tokenizer for the Spanish
side; only the Mapudungun side is varied. Pre-
segmented text uses the @@ boundary marker con-
vention (e.g., mapu@ dun@ gun) so that desegmen-
tation is applied at inference time before scoring.

4.1 Standard BPE (NLLB)

The baseline condition feeds raw, unsegmented
Mapudungun text directly to NLLB’s built-in Sen-
tencePiece tokenizer without any pre-processing.
This is the standard fine-tuning setup for NLLB
and serves as our primary comparison point.

4.2 Joint BPE

Following Duan et al. (2020), we train a shared
SentencePiece BPE model (Kudo and Richardson,
2018) on the concatenated Mapudungun and Span-
ish training data with a vocabulary size of 5,000.
Joint training encourages shared subword repre-
sentations across languages, which can aid cross-
lingual transfer but may produce poor segmenta-
tions for the morphologically richer language.

4.3 Mono BPE

We train a Mapudungun-only SentencePiece BPE
model, setting the vocabulary size via the 95%-
character-coverage heuristic of Gowda and May
(2020): we find the number of character types
needed to cover 95% of character occurrences, then
multiply by 10 to estimate the subword vocabu-
lary size. This yields a vocabulary focused on Ma-
pudungun morphology without interference from
Spanish.

4.4 Optuna BPE

To address the objection that our results might be
sensitive to vocabulary size selection, we use Op-
tuna (Akiba et al., 2019) to tune the BPE vocab-
ulary size over 15 trials, optimizing chrF++ on
the development set using a 600M NLLB model
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fine-tuned for 3 epochs per trial. The optimal vo-
cabulary size found was 10,954. Notably, chrF++
was largely flat across a wide range of vocabulary
sizes (1,431–14,517 all achieved 45.72 chrF++),
suggesting BPE vocabulary size is not a critical
hyperparameter for this language pair.

4.5 Morfessor

We apply Morfessor 2.0 (Virpioja et al., 2013), an
unsupervised morpheme segmenter based on mini-
mum description length, to the Mapudungun train-
ing corpus. Morfessor learns morpheme bound-
aries without linguistic supervision, producing seg-
mentations that reflect statistical regularities in the
character sequences. Boundaries are marked with
@@. The Spanish side is left unsegmented.

4.6 Morfessor-VC (Our Method)

Standard Morfessor segmentation introduces
boundaries that do not align with NLLB’s pre-
trained vocabulary, causing double tokenization:
NLLB’s internal tokenizer re-splits the already-
segmented morphemes, producing fragmented rep-
resentations that were not seen during pretraining.

Morfessor-VC (Vocabulary-Constrained) is our
proposed solution. Starting from Morfessor seg-
mentation, we greedily merge adjacent morphemes
whose concatenation corresponds to a single token
in NLLB’s SentencePiece vocabulary. The algo-
rithm processes each word left-to-right:

1. Given morphemes [m0,m1, . . . ,mk] within
a word, consider the candidate merge mi ⊕
mi+1.

2. If (mi ⊕mi+1) or (mi ⊕mi+1) is a single
piece in NLLB’s vocabulary, merge and repeat
from mi.

3. Otherwise, retain the boundary and advance
to mi+1.

The result preserves morpheme boundaries only
where the split is both linguistically motivated (by
Morfessor) and corresponds to a genuine subword
boundary in NLLB’s vocabulary. Boundaries that
span a single NLLB vocabulary item are removed.
This reduces double-tokenization while retaining
meaningful morphological signal. Unlike prior
work applying standard Morfessor to polysynthetic
languages (Mager et al., 2022), Morfessor-VC does
not introduce segments that the pretrained model’s
tokenizer will re-split; the VC step is specific to

fine-tuning scenarios where a fixed pretrained vo-
cabulary must be respected.

Table 2 illustrates the difference on kutrankau-
tulay (“does not become sick”; kutran = illness,
kautu = to become, -lay = negation).

Method Segmentation
Standard BPE ku tran anka ut ulay
Morfessor kutran@@ ka@@ u@@ tulay
Morfessor-VC kutran@@ kau@@ tulay

Table 2: Tokenization of kutrankautulay under three
conditions. Standard BPE (top) shows NLLB’s inter-
nal SentencePiece output on the raw word, ignoring
morpheme structure entirely. Morfessor (middle) adds
pre-segmentation boundaries, but splits kau into ka + u;
when each pre-segment is fed to NLLB, ka and u receive
word-initial sentinels—embeddings pretrained as in-
dependent Spanish function words, not as morpheme-
internal pieces. Morfessor-VC (bottom) merges ka + u
→ kau, a single item in NLLB’s vocabulary (id 22,381),
eliminating this spurious split.

4.7 Morfessor-BPE
Following Banerjee and Bhattacharyya (2018), we
apply BPE within Morfessor morphemes. First,
Morfessor segments the corpus; then a BPE model
(vocabulary size 4,000) is trained on the resulting
morpheme tokens and applied within morpheme
boundaries. This combines morphological segmen-
tation with BPE’s data-driven compression.

4.8 UnigramLM
We train a SentencePiece Unigram language model
(Kudo, 2018) on the Mapudungun training data
using the same 95%-character-coverage vocabu-
lary size heuristic as Mono BPE. Unlike BPE, Uni-
gramLM directly optimizes a probabilistic segmen-
tation model and can produce multiple segmenta-
tions for the same word, which has been shown to
improve robustness in low-resource settings (Kudo,
2018).

4.9 Fertility Comparison
Figure 1 shows the fertility (pre-segmented tokens
per whitespace-delimited word) for each condi-
tion on the Mapudungun training side. Morfes-
sor and Morfessor-VC have the lowest fertility
(1.13), close to one-to-one morpheme–word map-
ping. BPE-based methods are more aggressive
(1.55–2.04), and UnigramLM (1.98) is compara-
ble to Mono BPE. The near-identical fertility of
Morfessor and Morfessor-VC confirms that the VC
merging step removes boundaries without adding
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Figure 1: Pre-segmentation fertility (tokens per whites-
pace word) for each tokenization condition on the Ma-
pudungun training set, sorted in ascending order. Mor-
fessor and Morfessor-VC achieve the lowest fertility
(1.13); BPE-based methods and UnigramLM are more
aggressive (1.55–2.04).

new ones. Standard BPE is excluded from this
comparison because its segmentation is applied in-
ternally by NLLB’s SentencePiece tokenizer and
produces incomparable fertility values.

5 Experimental Setup

Models. We fine-tune three sizes of NLLB-200-
distilled (NLLB Team et al., 2022): 600M, 1.3B,
and 3.3B parameters. All models are initialized
from Meta’s publicly released checkpoints. We
fine-tune each model independently for each tok-
enization condition and both translation directions
(arn→es and es→arn), for a total of 48 fine-tuning
runs.

Training. All models are fine-tuned for up to
10 epochs with early stopping (patience 3, dev
chrF++), AdamW (lr = 3×10−5, 1K warmup
steps, weight decay 0.01), effective batch size 128,
max length 128, beam size 4, on a single NVIDIA
A100.

Evaluation. Our primary metric is chrF++
(Popović, 2017), a character n-gram F-score that
has shown correlations with human judgments
across language pairs. Our pilot human evalua-
tion in Section 6.1 found no consistent preference
between systems despite a ∼3-point chrF++ gap at
3.3B, though the study’s single-annotator design
limits the strength of that conclusion. We report
BLEU (Papineni et al., 2002) as a secondary met-
ric. Both metrics are computed with sacreBLEU
(Post, 2018) against the held-out test set (9,382
sentence pairs). We also report COMET (wmt22-
comet-da) in Appendix B for completeness; be-

cause Mapudungun is absent from XLM-R’s train-
ing data, COMET scores on the Mapudungun side
are unreliable and we do not use them to draw
conclusions. For pre-segmented conditions, out-
put is desegmented (removing @@ markers) before
scoring. We assess statistical significance for head-
line comparisons using paired bootstrap resampling
(10,000 iterations) over per-sentence chrF++ scores
(Koehn, 2004).

Human evaluation. We conduct a pilot pref-
erence ranking of Standard BPE (3.3B) vs.
Morfessor-VC (3.3B) outputs on 50 stratified sen-
tences per direction; see Section 6.1.

6 Results

Table 3 reports chrF++ for all 8 tokenization con-
ditions across 3 model sizes and both translation
directions, alongside zero-shot NLLB baselines
and prompted LLM comparisons.

Fine-tuning vs. baselines. Zero-shot NLLB and
prompted LLM scores serve as pre-fine-tuning
references: both reflect performance without any
Mapudungun-specific training, not directly compa-
rable competitors to our fine-tuned systems. Fine-
tuning yields dramatic gains over both in both di-
rections (Figure 2). Even the smallest fine-tuned
model under Standard BPE (34.9 chrF++) substan-
tially outperforms Aya Expanse 8B (15.9 chrF++)
on arn→es, and all morphology-aware conditions
at 600M exceed 27 points above the best LLM
baseline.

Tokenization effects. Figure 3 shows chrF++ by
condition and model size. Standard BPE lags at
600M (34.9 arn→es) but catches up at 3.3B (42.9),
while all morphology-aware methods cluster be-
tween 41.7–43.2 at 600M. Morfessor-VC leads
arn→es at both 600M and 3.3B. For es→arn, to-
kenization effects are substantially smaller, with
Standard BPE competitive at 3.3B. This asymme-
try is important: es→arn produces Mapudungun
output, the direction most relevant for community
applications, and morphology-aware tokenization
does not deliver a clear advantage there. This con-
trasts with Mager et al. (2022), who found the
largest morphological segmentation gains on the
polysynthetic-output direction; we attribute the dif-
ference to NLLB’s fixed decoder-side tokenizer,
which limits the benefit of pre-segmented targets.
Claims about morphology-aware tokenization as
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Figure 2: chrF++ by system and translation direction. Fine-tuned NLLB bars show the best-performing tokenization
condition per direction (Morfessor-VC for arn→es, Standard BPE for es→arn). Dashed line separates baselines from
fine-tuned systems. Zero-shot NLLB and prompted LLM bars establish lower bounds and the frontier of zero-shot
multilingual capability before any Mapudungun-specific training; they are not fine-tuned competitors. Duan et al.
(2020) and Pendas et al. (2023) are omitted: Duan reported plain chrF (0–1 scale), not directly comparable to
chrF++; Pendas reported BLEU under an active learning simulation protocol. Lira et al. (2025) are omitted because
their test set differs from ours; see Section 2.

Condition arn→es es→arn
600M 1.3B 3.3B 8B† 600M 1.3B 3.3B 8B†

Baselines (not fine-tuned)
Zero-shot NLLB 12.86 13.43 13.19 — 7.37 9.91 9.42 —
Llama 3.1 8B — — — 13.96 — — — 11.32
Aya Expanse 8B — — — 15.92 — — — 12.36
Fine-tuned NLLB-200
Standard BPE 34.90 40.64 42.85 — 39.87 41.94 42.89 —
Joint-5K BPE 42.36 44.68 45.25 — 38.17 41.06 42.30 —
Mono BPE 41.72 43.99 44.85 — 38.04 40.62 42.02 —
Optuna BPE 42.41 44.67 45.21 — 38.79 41.34 42.33 —
Morfessor 43.09 45.40 45.51 — 39.90 42.00 42.76 —
Morfessor-VC 43.16 45.37 45.84 — 39.89 42.04 42.77 —
Morfessor-BPE 42.80 44.97 45.56 — 38.74 41.25 42.40 —
UnigramLM 42.18 44.64 45.07 — 38.20 41.05 42.30 —

Table 3: chrF++ on the test set (9,382 pairs). Bold = best in column among fine-tuned conditions. †LLM baselines
evaluated with 5-shot prompting.

an efficiency lever should therefore be understood
as specific to the arn→es direction.

Scaling efficiency. Morfessor-VC at 600M (43.2
chrF++) matches Standard BPE at 3.3B (42.9
chrF++) on arn→es (∆ = +0.31, p = 0.039, 95%
CI [0.02, 0.60]; significant but with a narrow mar-
gin), using five times fewer parameters. Morfessor-
VC 3.3B also significantly outperforms Standard
BPE 3.3B (∆ = +2.99, p < 0.001) and vanilla
Morfessor 3.3B (∆ = +0.34, p < 0.001, 95% CI
[0.14, 0.53]).

6.1 Human Evaluation

We conducted a pilot preference ranking evaluation
comparing Standard BPE (3.3B) and Morfessor-

VC (3.3B) outputs across 50 sentences per di-
rection, stratified by per-sentence chrF++ quar-
tile. A single evaluator—a second-language learner
of both Spanish and Mapudungun (native En-
glish speaker), not a native speaker of either lan-
guage—indicated which system output was pre-
ferred for each sentence, or whether the two were
of equal quality. No inter-annotator agreement was
measured, as only one evaluator was available for
this pilot study.

Results are shown in Table 4. Preferences are
evenly split in both directions, with no clear ad-
vantage for either system. This is itself a finding:
a 3-point chrF++ advantage for Morfessor-VC on
arn→es does not translate to a perceptible quality
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Figure 3: chrF++ by tokenization condition and model size for both translation directions. Darker cells indicate
higher chrF++. Morfessor-VC achieves the highest arn→es scores at 600M and 3.3B; for es→arn, differences
between conditions are smaller and Standard BPE is competitive at 3.3B.

Direction Std BPE Morfessor-VC Tied
arn→es 19 19 12
es→arn 18 17 15

Table 4: Human preference rankings (out of 50 sen-
tences per direction). Tied = annotator found the two
outputs equally acceptable.

difference at the sentence level. The high tie rate
(24% arn→es, 30% es→arn) further reflects that
the two systems frequently produce equivalently
adequate outputs. In this pilot study, chrF++ differ-
ences between systems did not translate to consis-
tent human preference at the 3.3B scale, suggesting
a possible ceiling effect or reference translation
noise in the corpus; a larger study with multiple
native-speaker annotators would be needed to draw
firm conclusions about perceptual thresholds.

7 Analysis

7.1 Why Morfessor-VC Works
Figure 1 shows that Morfessor-VC has identical
fertility to vanilla Morfessor (1.13), confirming
that the VC step only removes boundaries—it never
adds new ones.

The key mechanism is double tokenization avoid-
ance (Table 2). When Morfessor splits two charac-
ter sequences that together form a single NLLB vo-
cabulary item, that boundary is spurious: NLLB’s
tokenizer will never produce it, so the correspond-
ing embedding pair was never pretrained. By
merging such adjacent morphemes, Morfessor-
VC aligns pre-segmented tokens with embeddings

NLLB actually learned.
Of the 87,382 boundaries introduced by Mor-

fessor, the VC step removes 2,215 (2.5%)—con-
firming it is conservative. The VC advantage
over vanilla Morfessor is 0.07 chrF++ at 600M
(p = 0.23, n.s.) and 0.34 at 3.3B (p < 0.001). The
primary driver at 600M is Morfessor-style mor-
pheme segmentation; the VC refinement pays off
more at larger scale where the model can exploit the
improved embedding alignment. The broader find-
ing—that any morphology-aware segmentation dra-
matically outperforms Standard BPE at 600M—is
more robust than the VC-specific advantage.

Together with the Optuna BPE flatness across vo-
cabulary sizes (1,431–14,517) and weak tokeniza-
tion sensitivity in es→arn, these findings suggest
that tokenization may not be the binding constraint
at the current data scale—corpus size and domain
narrowness may constitute harder ceilings.

7.2 Linguistic Analysis

A Mapudungun linguist annotated 20 Morfessor-
VC outputs (10 per direction) for adequacy and
naturalness in this pilot study. No systematic mor-
phological assembly errors were observed in ei-
ther direction, suggesting (on this small sample)
that Morfessor-VC segmentation does not intro-
duce boundary artifacts into the output.

arn→es. Outputs were generally adequate; in
one case the model appeared to outperform the
reference, retaining an adverb the transcriber omit-
ted. A preliminary observation was that the model
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tended toward narrow lexical interpretations of the
polysemous noun dungu (language / thing / matter
/ way-of-being). Aspect errors (habitual vs. perfec-
tive) occurred occasionally.

es→arn. Several outputs were judged equivalent
to or more concise than the reference, and the
model sometimes preferred native vocabulary (e.g.,
üytulafiñ, “I will not name it”) over calqued refer-
ence forms. One failure was severe: the model re-
produced the Spanish source verbatim in Mapudun-
gun orthography, a source-copy error likely trig-
gered by high lexical overlap with mixed-language
training sentences (Section 7.3). Repeated mis-
use of chumuechi/chumngechi (“how/in what way”)
suggests an overfit collocation pattern for this ad-
verb.

7.3 Code-switching and es→arn Quality

Approximately 24% of Mapudungun utterances
contain embedded Spanish words (ELAN <SPA>
tags). This asymmetry explains why Standard BPE
is relatively competitive for es→arn (Spanish input
is well-covered by NLLB pretraining) and why the
source-copy failure in Section 7.2 occurs only in
that direction.

We used a word-level language identification
model to correlate Spanish token proportion with
per-sentence chrF++ from Morfessor-VC 3.3B on
arn→es. The correlation is negligible (Pearson
r = +0.039, r2 ≈ 0.002; Spearman r = +0.051);
the p < 0.001 result reflects the large test set
(n = 9,382) rather than practical effect size. Strati-
fying by code-switching level: no Spanish words
averages 45.75 chrF++, light CS (1–20%) aver-
ages 45.11, heavy CS (>20%) averages 46.77.
The uptick at heavy CS likely reflects Spanish
loanwords and proper nouns that pass through un-
changed, inflating character overlap with the refer-
ence. These results are post hoc and correlational;
the model does not appear to substantially degrade
on mixed-language arn→es input. A controlled
future experiment—training conditions that tag or
strip code-switched tokens—would directly mea-
sure the effect on es→arn quality, particularly the
source-copy failure mode described in Section 7.2.

8 Conclusion

We presented the first systematic fine-tuning study
of NLLB-200 on Mapudungun–Spanish transla-
tion, comparing eight tokenization strategies across
three model sizes and both translation directions.

Our proposed Morfessor-VC method—which con-
strains Morfessor segmentation to tokens present
in NLLB’s pretrained vocabulary—achieves the
highest arn→es chrF++ at both 600M (43.2) and
3.3B (45.8), while matching Standard BPE at 3.3B
using only a 600M model; the VC refinement
over vanilla Morfessor is itself small (∆ ≤ 0.34),
and the primary driver is morpheme-boundary pre-
segmentation broadly. This 5× parameter effi-
ciency gain—specific to the arn→es direction and
significant but with a narrow margin (p = 0.039,
95% CI [0.02, 0.60])—suggests that morphology-
aware tokenization can be a practical lever for
compute-constrained deployment when translating
from polysynthetic languages. For es→arn, tok-
enization choice has little impact and improving
that direction—which produces Mapudungun out-
put required for community use—is the direct pri-
ority for future work.

All fine-tuned conditions substantially outper-
form zero-shot NLLB and frontier LLMs, surpass-
ing Aya Expanse 8B by over 27 chrF++ points
and establishing new state-of-the-art baselines for
Mapudungun MT. Linguistic analysis confirmed
that Morfessor-VC does not introduce morpheme
boundary artifacts, with the principal remaining
error types being lexical (polysemy, collocation)
rather than structural.

We release all models, tokenization code, and
evaluation scripts to support future work on
Mapudungun NLP and low-resource MT more
broadly.

Several directions remain open. Improving
es→arn—the direction that produces Mapudungun
output, required for community use cases—is a
direct priority; concrete next steps include back-
translation augmentation, prefix-control for code-
switching, and investigating whether corpus size or
domain narrowness constitute harder ceilings than
tokenization. Morfessor-VC is language-agnostic
and applies to other polysynthetic languages in
NLLB’s coverage gap. Mapudungun is now in-
cluded in the BOUQuET benchmark (Alastruey
et al., 2026); we hope this work provides a techni-
cal foundation for future efforts pursued in coordi-
nation with Mapuche community priorities (Ahu-
mada et al., 2022).

Limitations

Domain. All data comes from the AVENUE
corpus, which consists of oral history interviews.
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Translation quality on other domains (news, legal,
educational texts) is unknown and may differ sub-
stantially.

Code-switching. The 24% code-switching rate
in the AVENUE corpus is a property of this specific
community’s speech style. Our models may be
poorly calibrated for monolingual Mapudungun
text, and we have not evaluated on such data.

Reference quality. AVENUE translations were
produced by human transcribers and may contain
errors, as noted by our linguistic annotator in sev-
eral cases. Automatic metrics evaluated against
imperfect references will underestimate true trans-
lation quality.

Dialect variation. Mapudungun has significant
dialectal variation across Chile and Argentina. The
AVENUE corpus reflects a subset of Mapuche com-
munities; performance on other dialects has not
been assessed.

Evaluation metric. chrF++ is our primary met-
ric, but it is a surface-level measure that does not
capture morphological correctness or semantic ad-
equacy directly.

Human and linguistic evaluation. Both our hu-
man preference evaluation (Section 6.1) and our
linguistic analysis (Section 7.2) are pilot studies.
The human evaluation was conducted by a single
second-language learner of Spanish and Mapudun-
gun (not a native speaker of either language); no
inter-annotator agreement was measured. The lin-
guistic annotation covers only 20 sentences. The di-
vergence between chrF++ gains and human prefer-
ences may reflect a chrF++ ceiling effect at this per-
formance level, reference translation noise in the
AVENUE corpus, or both (see also the reference
quality limitation above). A cleaner reference set
would be needed to reliably discriminate between
systems at the 3.3B scale. A stronger design would
compare our best system against prior-work out-
put, use multiple annotators including native Ma-
pudungun speakers, and measure inter-annotator
agreement. Preliminary observations in Section 7.2
(e.g., dungu polysemy errors, chumuechi overfit-
ting) warrant confirmation on a larger annotated
sample.

Missing ablations. We do not evaluate
vocabulary-adaptation baselines such as WECH-
SEL (Minixhofer et al., 2022), which initializes

new subword embeddings for cross-lingual
transfer; this represents a complementary approach
to Morfessor-VC and is a natural direction for
future work. We also do not compare to parameter-
efficient fine-tuning methods (e.g., LoRA) or to
backtranslation-augmented training, both of which
have shown benefits in indigenous-language MT
(Ebrahimi et al., 2023).

Ethics Statement

This work develops machine translation technology
for Mapudungun, an endangered indigenous lan-
guage. We are attentive to the risk that MT systems
can homogenize dialectal variation or be used to
extract or commodify indigenous linguistic knowl-
edge without community consent. The AVENUE
corpus was collected through an academic collab-
oration involving Carnegie Mellon University, the
Universidad de La Frontera (Temuco, Chile), and
Chilean government partners. It is not missionary
or religious data; it was collected with informed
consent from Mapuche speakers and made publicly
available by its creators (Duan et al., 2020).

Orthography. Mapudungun has multiple com-
peting orthographic systems, including the Alfa-
beto Mapuche Unificado (AMU), Ragileo, and
Azümchefe, each associated with different com-
munity and political positions. The AVENUE cor-
pus uses the AMU orthography. Our models im-
plicitly privilege AMU; community deployment
should attend to which orthographic communities
the models will serve and involve speakers of those
communities in evaluation and adaptation.

Community engagement. We follow the CARE
Principles for Indigenous Data Governance (Car-
roll et al., 2020) in spirit: data comes from a
community-controlled corpus, we do not introduce
new surveillance or extraction, and we release all
models and code to support community-driven fu-
ture work. We acknowledge that we did not estab-
lish direct partnerships with Mapuche governance
bodies for this study, and encourage future work
to do so. The ethical norms articulated by Mager
et al. (2023) for indigenous-language MT research
informed our approach.

Human evaluation. Human evaluation and lin-
guistic annotation was conducted by a specialist
collaborator who is a Mapudungun linguist.
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We do not release any new primary data in this
work.
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Condition arn→es es→arn
600M 1.3B 3.3B 600M 1.3B 3.3B

Baselines (not fine-tuned)
Zero-shot NLLB 1.68 1.94 2.16 0.32 0.64 0.68
Llama 3.1 8B 1.55 0.20
Aya Expanse 8B 2.13 0.39
Fine-tuned NLLB-200
Standard BPE 10.24 15.83 16.78 8.53 9.93 10.57
Joint-5K BPE 14.20 15.91 17.20 7.92 9.02 9.73
Mono BPE 11.93 12.97 15.45 7.24 8.30 9.16
Optuna BPE 14.50 16.33 17.97 8.12 9.26 9.93
Morfessor 16.15 18.21 18.72 8.61 9.83 10.32
Morfessor-VC 16.45 18.35 18.94 8.50 9.84 10.32
Morfessor-BPE 14.74 15.98 17.79 8.00 9.12 9.93
UnigramLM 12.61 14.11 15.77 7.40 8.69 9.33

Table 5: BLEU on the test set (9,382 pairs). Bold = best in column among fine-tuned conditions. LLM baselines
were 8B models evaluated with 5-shot prompting and are shown in a single merged column for clarity.

Condition arn→es es→arn
600M 1.3B 3.3B 600M 1.3B 3.3B

Baselines (not fine-tuned)
Zero-shot NLLB 0.390 0.392 0.385 0.408 0.489 0.440
Llama 3.1 8B 0.483 0.484
Aya Expanse 8B 0.509 0.497
Fine-tuned NLLB-200
Standard BPE 0.592 0.631 0.648 0.666 0.677 0.681
Joint-5K BPE 0.636 0.654 0.659 0.658 0.672 0.679
Mono BPE 0.628 0.644 0.653 0.658 0.670 0.677
Optuna BPE 0.638 0.654 0.662 0.660 0.672 0.679
Morfessor 0.644 0.660 0.664 0.666 0.677 0.680
Morfessor-VC 0.644 0.661 0.665 0.667 0.677 0.680
Morfessor-BPE 0.640 0.655 0.662 0.660 0.673 0.679
UnigramLM 0.633 0.650 0.657 0.657 0.672 0.677

Table 6: COMET (wmt22-comet-da) on the test set (9,382 pairs). Bold = best in column among fine-tuned conditions.
LLM baselines were 8B models evaluated with 5-shot prompting and are shown in a single merged column for
clarity.
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Abstract

Qom, a language of the Guaycuruan fam-
ily, is a low-resource language for NLP and
speech processing. We present the first par-
allel Qom–Spanish corpus in a computation-
ally usable format, comprising 33,392 parallel
segments, totaling 1,469,905 Qom tokens and
891,344 Spanish tokens. A subset of 2,943
segments excludes Bible-derived content. It
includes alignments at different levels: sen-
tences, sentence fragments, and paragraphs,
and is compiled from multiple sources, both
previously available and newly collected. We
also present bidirectional neural machine trans-
lation baselines based on NLLB-200, achieving
competitive performance in both translation di-
rections on the full dataset, and lower perfor-
mance on the non-Bible subset. An ablation
study shows that training exclusively on bibli-
cal data reduces performance on non-biblical
text, highlighting the importance of domain di-
versity in low-resource machine translation.

1 Introduction

Qom (also known as Toba) is an under-resourced
Indigenous language of the Guaycuruan family
spoken by one of the Indigenous peoples of Ar-
gentina, who number over 80,000 and mainly in-
habit the Gran Chaco region, although migration
to urban centers has diversified their sociolinguis-
tic situation. While Qom remains vital in rural
areas, language shift toward Spanish is increasing
in urban contexts, particularly in the Buenos Aires
metropolitan area.

In this context, the development of parallel cor-
pora for machine translation is relevant not only for
advancing low-resource NLP research but also for
supporting language revitalization efforts, as com-
putational resources can contribute to documenta-
tion, visibility and intergenerational transmission
of ancestral languages.

However, to the best of our knowledge, parallel

Qom–Spanish corpora suitable for machine trans-
lation are not yet available.

As a traditionally oral language with relatively
recent written forms, Qom lacks a universally
adopted orthographic standard, resulting in varia-
tion across communities that introduces additional
challenges for computational processing. Further-
more, its morphological complexity and syntac-
tic divergence from Spanish make it a particularly
challenging and valuable case study for machine
translation research.

Our key contributions are the following:
• the creation of Qom l’aqtaqa,1 a parallel

Qom–Spanish corpus by converting existing
resources, originally available only as PDFs,
into a machine-readable format and aligning
additional Qom and Spanish texts that were
previously unpaired,

• bidirectional machine translation baselines for
Qom–Spanish and Spanish–Qom.

The corpus is accompanied by a comprehensive
Data Statement that provides detailed documenta-
tion of its composition, creation process, and limi-
tations (Bender and Friedman, 2018; Gebru et al.,
2021). The resulting dataset is ready for computa-
tional use. Its public release is planned for a future
version, which will incorporate additional data col-
lected through ongoing recording, transcription,
and translation efforts. The code will be available
on GitHub upon publication.

The rest of the paper is organized as follows: Sec-
tion 2 provides linguistic background on Qom. Sec-
tion 3 reviews prior work on data and low-resource
machine translation for Latin American Indigenous

1Qom l’aqtaqa (lit. “the people’s words”) is often trans-
lated as “the Qom language” but its semantic scope extends be-
yond a strictly linguistic or grammatical notion. More broadly,
speakers understand qom l’aqtaqa as encompassing Qom ways
of speaking, including not only referential meaning but also
the intentional and agentive force attributed to words, and to
play a central role in valued practices such as oratory and
healing (Messineo, 2014).
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languages, with a focus on Qom. Section 4 presents
the construction and characteristics of the Qom–
Spanish parallel corpus. Section 5 describes the ma-
chine translation baseline and reports experimental
results. Section 6 concludes the paper and outlines
future work. Additional details are provided in Ap-
pendices A.1 (Qom phonological system) , A.2
(Bible corpus coverage), A.3 (source-specific pro-
cessing decisions), A.4 (alignment quality), A.5
(lexical analysis), A.6 (translation examples), and
A.7 (Data Statement).

2 The Qom Language

The Qom language2 presents several typological
features that are relevant for machine translation.
It is a morphologically rich language with polysyn-
thetic and agglutinative tendencies, such that single
words may encode information corresponding to
an entire clause in English or Spanish. Morphemes
are relatively segmentable and tend to be formally
invariant, as illustrated in example (1):3

Example (1)

N’axaỹaxangui
n-PaGay-aGan-gi
3M-listen-CAUS-DIR

añi lquiyaqte so ỹaxaiquiolec
a-ñi l-kizaqte so yaGaiki-ole-k
F-D:trid 3POSS-heart D:DIST old.man-DIM-MASC

‘(He/she) was listening to the little old man’s heartbeat.’

Both nominal and verbal morphology are highly
complex: nouns inflect for number and gender
and combine with deictic classifiers encoding po-
sitional and spatial distinctions, while possessed
nouns distinguish between alienable and inalien-
able possession through different morphological
marking strategies; for instance, in (1), the pre-
fix l- marks a third-person possessor in lquiyaqte
‘heart’, yielding a possessive construction equiva-
lent to that ’little old man’s heartbeat’. In the same
example, ñi (tridimensional) occurs with ‘heart’,
while so (distal) modifies ‘little old man’ in a past
narrative context. The verbal morphology is par-
ticularly elaborate, including three distinct sets of

2ISO-639-3: tob. Glottocode: toba1269 https://
glottolog.org/resource/languoid/id/toba1269)

3 The first line gives the Qom text, the second its phono-
logical representation, the third the morphological glosses,
and the final line the English translation. Abbreviations in the
glosses conform to the Leipzig Glossing Rules: 3 (third per-
son), CAUS (causative), D (deictic classifier), DIM (diminu-
tive), DIR (directional), DIST (distal), F (feminine), M (mid-
dle person marker), MASC (masculine), POSS (possessive),
TRID (tridimensional).

person prefixes conditioned by semantic roles and
participant affectedness (active, middle, and inac-
tive paradigms). For instance, in (1) the prefix
n- indexes a middle person paradigm, marking an
affected agent (i.e., the participant who listens).
Verbs also encode aspectual distinctions and may
take suffixes expressing direction, position, reflex-
ivity, and reciprocity, and causation, as seen in
(1) (-aGan ‘CAUS’, -gi ‘DIR’). In addition, Qom
lacks copular verbs. Basic constituent order differs
from Spanish and English: transitive clauses gen-
erally follow Subject–Verb–Object order, whereas
intransitive clauses tend toward Verb–Subject, and
certain pronominal objects precede the verb.

These typological characteristics pose well-
known challenges for machine translation. Dif-
ferences in constituent order require substantial
structural reordering during translation, while rich
morphology necessitates modeling below the word
level, typically through subword segmentation ap-
proaches (Jurafsky and Martin, 2025). Further-
more, the high degree of morphological synthesis
complicates alignment between Qom lexical units
and those of less synthetic target languages.

As a traditionally oral language, Qom has only
relatively recently developed written forms, and no
single orthographic standard has been universally
adopted across communities. As a result, variation
exists not only across dialects but also across do-
mains of literacy use, including schools, churches,
health services, and community organizations, each
of which may promote distinct writing conventions.
Consequently, multiple orthographic variants co-
exist in contemporary written Qom, reflecting dif-
ferent community-level agreements regarding the
representation of particular phonemes. This vari-
ation affects several phonological segments. For
instance, the palatal glide may be represented by
multiple equivalent graphemes, including ỹ, ŷ, ý,
ȳ, and ÿ. Other frequent alternations include d/r
(e.g., doqshe/roqshe ‘non-Indigenous person’), h/j
(e.g., hec/jec ‘s/he goes’), and e/i (e.g., nache/nachi
‘then’). Special mention should be made of the
apostrophe (’), which represents the glottal stop, a
phoneme absent in Spanish and inconsistently rep-
resented in writing (e.g., do’onataxan/d’onataxan).

A complete overview of the Qom phonological
system and its orthographic variants is provided in
Table 5 in Appendix A.1.
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3 Related Work

While efforts to develop computational resources
for Latin American Indigenous languages have
increased in recent years (Huamán-Águila et al.,
2024; Ortiz Coronel et al., 2024; Tonja et al., 2024),
these languages are still widely considered under-
represented. These efforts include initiatives such
as the AmericasNLP shared tasks on machine trans-
lation (MT)4 between Indigenous languages and
Spanish, organized from 2021 to 2025, that have
progressively expanded to 14 languages in recent
editions and cover both translation directions. How-
ever, most MT benchmarks and corpora focus on a
limited set of languages, many of which are primar-
ily represented by varieties from countries such as
Mexico, Paraguay, Bolivia, and Peru. In contrast,
Indigenous languages spoken in Argentina remain
largely underrepresented (Ticona et al., 2025)5.

Several parallel resources for Qom–Spanish ex-
ist, covering a range of linguistic domains and
text types (e.g. Messineo (2014); Martínez et al.
(2013)). However, these materials are not available
in formats readily usable for computational pro-
cessing and require substantial effort for cleaning,
alignment, or normalization.

To our knowledge, there are no parallel or text-
based corpora available for machine translation in
Qom that are directly suitable for NLP applica-
tions. Computational work on Qom is very limited,
with prior studies restricted to spoken language
identification (Garber and Riera, 2022) and a mor-
phological description based on a linear context-
free grammar (Porta, 2010). A small spontaneous
speech dataset has been released through Mozilla
Common Voice6, but it is designed for Automatic
Speech Recognition and is not suitable for MT.
More broadly, computational resources for other
Guaycuruan languages such as Pilagá and Mocoví
are, to our knowledge, also absent.

Low-resource machine translation studies rely
on relatively small parallel datasets, although sizes
vary considerably across languages and tasks, rang-
ing from a few hundred to over 100k sentence pairs,

4AmericasNLP: https://americasnlp.org/, last ac-
cessed Apr. 2026.

5Although some languages spoken in Argentina—such as
Quechua, Aymara, and Guaraní—are included in initiatives
such as AmericasNLP, available datasets for these and other
languages spoken in the country, such as Mapudungun, gener-
ally correspond to varieties from other countries and do not
reflect those used within Argentina.

6https://mozilladatacollective.com/datasets/
cmn1ppks200u7o1078xxw5izl

with a median of approximately 14.6k in Americ-
asNLP (de Gibert et al., 2025).

MT systems commonly evaluate performance
using BLEU (Papineni et al., 2002) and ChrF++
(Popović, 2017). These metrics are widely adopted
in low-resource settings, including shared tasks
such as AmericasNLP (de Gibert et al., 2025),
which also explore additional evaluation metrics.
In extremely low-resource scenarios, Biblical or re-
ligious corpora are sometimes used as training data,
although their impact and prevalence vary across
languages and regions.

Recent work on low-resource machine transla-
tion increasingly relies on pretrained multilingual
models such as NLLB-200, where joint multilin-
gual fine-tuning across language pairs has been
shown to outperform per-language approaches
(Gow-Smith and Sánchez Villegas, 2023; de Gibert
et al., 2025; NLLB Team et al., 2022).

Prior work suggests that transfer learning bene-
fits from typological similarity between languages,
supporting the use of related languages as proxies
for low-resource settings (Moreno et al., 2024).

4 Corpus Collection and Curation

The corpus used in this work consists of a collec-
tion of bilingual Qom–Spanish texts spanning mul-
tiple discourse genres, including oral narratives, ed-
ucational materials, and literary and religious trans-
lations. The dataset combines pre-existing parallel
resources with texts that were aligned specifically
for this study. For the former, we converted already
aligned bilingual materials into a machine-readable
format. For the latter, we performed the alignment
of previously unpaired Qom–Spanish texts.

In this section, we present an overview of the
corpus (4.1), describe the data collection and pro-
cessing steps (4.2), the quality assessment of the
alignments (4.3), and finally detail the data filter-
ing and deduplication steps (4.4) and corpus statis-
tics (4.5). A full Data Statement documenting the
Qom–Spanish parallel corpus is provided in Ap-
pendix A.7.

4.1 Overview of the Corpus

We first present the pre-existing parallel resources,
and then those aligned in the present study.
Pre-existing parallel resources

Arte verbal Qom: consejos, rogativas y relatos
de El Espinillo (Chaco)7 (Messineo, 2014) (here-

7[Qom Verbal Art: Advice, Prayers, and Narratives from
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after, Arte Verbal) is a compilation of 85 bilin-
gual Qom–Spanish texts comprising advice, ritual
speech, and traditional narratives. It represents a
valuable source of formalized oral discourse, ex-
hibiting significant pragmatic and stylistic diversity.
The texts were originally produced orally in Qom,
recorded, and later transcribed and translated into
Spanish through collaborative fieldwork. The Span-
ish translations are subordinate to the Qom source
and aim to remain closely aligned in structure and
meaning.

Educación Sanitaria Intercultural: Manual
de promoción de la salud entre los tobas (qom)
del Chaco Central – Comunidades Tobas del Río
Bermejito, Chaco (Argentina)8 (Martínez et al.,
2013) (hereafter, Manual de Salud) is a bilin-
gual manual for health promotion among the Qom
communities of the Central Chaco. This resource
provides expository health content and domain-
specific terminology in both Qom and Spanish.

Las aventuras de Copaic, el gato montés.9 (Had-
dad, 2022) (hereafter, Copaic) is a short illustrated
bilingual story intended for children. It provides ex-
amples of simple narrative structures and relatively
controlled syntax.

Materiales del Taller de Lengua y Cultura
Toba10 (Messineo and Dell’Arciprete, 2005) (here-
after, Taller Derqui) is a collection of materials for
language and cultural outreach, including 10 texts,
6 songs, and Article 75 of the Argentine National
Constitution. The materials were developed over
four years of community-based workshops held in
an urban Indigenous neighborhood, with the aim of
strengthening the Qom language and fostering its
transmission and visibility within the community.

Resources aligned in this work
La Declaración Universal de los Derechos Hu-

manos11 (hereafter, UDHR) (OHCHR, 1948a,b)
is an internationally recognized legal instrument
available in bilingual Qom–Spanish format, con-
taining 4,037 words in Qom and 2,085 words in

El Espinillo (Chaco)]
8Paxaguenaxac da qantela’a da chalataxac yalexa’t da

nataxac. Lma’ na qom tala Bermejito [Intercultural Health Ed-
ucation: A Health Promotion Manual among the Toba (Qom)
of the Central Chaco – Toba Communities of the Bermejito
River, Chaco (Argentina)]

9Lmitaxamaxac so copaic [The Adventures of the Wildcat]
10Lo’onatacpi na qom Derqui l’ecpi [Qom Language and

Culture Workshop Materials (Derqui)]
11Na nqataxacpi na ỹotta’a’t shiỹaxauapi mayi netalec ana

’alhua [Universal Declaration of Human Rights] (United Na-
tions)

Spanish.
El Principito12 is the short novel (96 pages) by

Saint-Exupéry, which was manually aligned pri-
marily at the paragraph level, with some align-
ments at the sentence level between the Spanish
version (Saint-Exupéry, 1943) and its Qom transla-
tion (Saint-Exupéry, 2005).

La Biblia13 (hereafter, The Bible) is a collec-
tion of texts from both the Old and New Testament,
available in bilingual Qom–Spanish format. The
Qom version (Sociedad Bíblica Argentina, 2013)
and Spanish version (Sociedades Bíblicas Unidas,
1992) were aligned through a custom-developed
program at the verse level, where each verse typi-
cally corresponds to at least one full sentence, but
may sometimes extend to a paragraph.

The corpus preserves the orthographic varia-
tion present in the original sources, as it reflects
naturally occurring written materials produced by
speakers from different communities and sociolin-
guistic backgrounds rather than a normalized stan-
dard (see Section 2). It comprises heterogeneous
textual units, including sentence fragments, full
sentences, and paragraphs, which may co-occur
within the same text. This variation in granularity
reflects the original parallelization of the materials.
For further details, see Table 1.

4.2 Data Creation and Processing
Both the PDF-aligned text and the version aligned
for this work were produced by two authors with a
background in computer science, who are Spanish
speakers (one native and one non-native) and do
not speak Qom. The final alignments were subse-
quently reviewed by a linguist, a native Spanish
speaker and Qom specialist, with over twenty years
of experience in the documentation and linguistic
description of this Indigenous language (see Sec-
tion 4.3). The entire process was overseen by a
PhD in computer science with experience in NLP,
corpus creation, and annotation, who is a native
Spanish speaker and does not speak Qom. For
further details, see Appendix A.7.

The four originally bilingual sources were avail-
able only as PDFs, so the first step was to convert
them into a machine-readable tabular format. Ex-
traction strategies varied depending on PDF qual-
ity and document structure, combining automated
methods (including large language model (LLM)-
assisted text reconstruction (e.g., GPT-4) in cases

12So shiỹaxauolec nta’a [The Little Prince]
13La’aqtaqa Ñim Lo’onatac ’Enauacna [The Bible]
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of corrupted encodings) with manual correction
where necessary.

Across sources, we filtered out non-parallel or
document-structural elements, such as tables with-
out complete sentences, captions, speaker labels,
cross-references, and other metadata not corre-
sponding to translational content. Bracketed con-
tent was also excluded, as it typically marks neolo-
gisms without direct Spanish counterparts.

Texts were then aligned at the paragraph, sen-
tence, or verse level, depending on the structure of
each source. Alignment relied on punctuation cues
and document structure, and was complemented by
manual inspection.

While some sources required additional
preprocessing—such as reconstruction from
corrupted encodings, exclusion of non-bilingual
sections, or normalization of orthographic
inconsistencies—others presented relatively
clean parallel structures. Detailed, source-specific
processing decisions are provided in Appendix A.3.

For texts obtained from web sources (e.g.,
UDHR), Qom and Spanish versions were aligned
manually from the outset. In the case of El
principito, minor discrepancies in layout required
paragraph-level restructuring prior to sentence
alignment.

We used the Qom version of the Bible
Sociedad Bíblica Argentina (2013), available
at Bible.com (YouVersion)14, under the code
LÑLE13 (La’aqtaqa Ñim Lo’onatac ’Enauacna,
2013). The platform allows parallel visualiza-
tion at the verse level, although the provenance
of the Spanish source text is not specified. Among
the more than 25 Spanish versions available,
we selected Dios Habla Hoy, Standard Edition
(DHHS94) (Sociedades Bíblicas Unidas, 1992), as
it most closely matches the Qom text in style and
content. There is a clear correspondence between
the two languages at the book, chapter, and verse
levels,15 which allowed us to systematically extract
each verse from every chapter and book and store
them in parallel format in a CSV file for subsequent
analysis. The corpus presents a high level of align-
ment, but we identified differences in completeness
between the two versions, that are discussed in

14Bible.com (YouVersion) is a free digital platform to read,
listen to, and study the Bible. It offers multiple translations and
audio versions, among others: https://www.bible.com/
bible.

15See https://www.bible.com/bible/574/GEN.1.
DHHS94?parallel=128

Appendix A.2.

4.3 Alignment Quality Assessment
A full revision of the corpus was conducted by a
native Spanish-speaking linguist with expertise in
Qom, comparing the original Qom texts with the
aligned CSV version. This process included cor-
recting orthographic inconsistencies, errors intro-
duced during PDF-to-CSV conversion (e.g., extra
spaces, character confusions), and occasional er-
rors in the source texts. Potentially problematic
segments identified during the parallelization stage
were also reviewed.

Spelling was standardized across the dataset to
better reflect the original forms. Ambiguous cases
identified during preprocessing, including misalign-
ments, were carefully checked against both the
Qom and Spanish originals. For more details, refer
to Appendix A.4.

4.4 Data Preprocessing
After extraction and alignment, all sources under-
went a common automated filtering pipeline. Fil-
tering proceeded in three steps: (i) exact duplicate
pairs, matched on both the Qom and Spanish sides
within the same source document, were removed;
(ii) pairs with an empty side were discarded; and
(iii) pairs were retained only if the token-length ra-
tio (|ES|+1)/(|QOM|+1) fell within [0.15, 6.0],
ensuring that neither side is more than roughly
six times longer than the other, and if both sides
contained at least two tokens, to remove extreme
length mismatches likely to reflect alignment errors.
Apostrophe-like characters were also normalized
to U+0027 across all sources, since the glottal stop
phoneme is represented by multiple visually sim-
ilar Unicode codepoints. The segment counts in
Table 1 reflect the corpus after these steps.

4.5 Corpus Statistics
We define three corpus variants: QomL’aqtaqa-
Base (all sources except UDHR16 and the
Bible), QomL’aqtaqa-Bible, and QomL’aqtaqa-
Base+Bible. We will sometimes use QomL as an
abbreviation of QomL’aqtaqa. Table 1 shows the
statistics of our corpus.

To account for variability in textual granularity,
we report dataset size using segment-based statis-
tics. These segments include full sentences, sen-
tence fragments, and paragraphs. The reported

16This material was not included, as it became available
after processing had begun.
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statistics include the total number of segments, to-
tal token counts for each language, average seg-
ment length, and the standard deviation of seg-
ment lengths. The high standard deviation in some
sources reflects heterogeneous segmentation granu-
larity within those documents.

Token counts are based on orthographic segmen-
tation (i.e., units separated by whitespace and punc-
tuation).17

5 Machine Translation Baseline

We fine-tuned a pretrained neural machine
translation model based on NLLB-200 on the
Qom–Spanish parallel corpus. This system serves
as a baseline for future work.

Since NLLB-200 does not include Qom (ISO
639-3: tob), we used the Guaraní tag (grn_Latn)
as a proxy, following expert validation in Chacoan
typology, which identified it as the most suitable
available option. This choice enables a warm-start
initialization from a typologically related language,
allowing the model to adapt pretrained representa-
tions during fine-tuning (Moreno et al., 2024).

5.1 Model and Training Setup

We fine-tuned facebook/nllb-200-distilled-
600M (NLLB Team et al., 2022), a 600M-parameter
distilled variant of the NLLB-200 model covering
200 languages. For fine-tuning, we used the Hug-
ging Face Seq2SeqTrainer with the Adafactor op-
timizer (learning rate 5× 10−4), an effective batch
size of 16 (2 per device with 8 gradient accumu-
lation steps), fp16 precision, and 10 epochs. Ex-
periments were run on a single NVIDIA T4 GPU
(16 GB) via Kaggle (12-hour session limit).

5.2 Corpus Configurations and Data Splits

We experimented with two corpus configura-
tions: Base (QomL’aqtaqa-Base) and Base+Bible
(QomL’aqtaqa-Base+Bible). The latter incorpo-
rates Biblical data, making the corpus roughly 11
times larger (from 2,94318 to 33,392 pairs). This
mirrors a common practice in low-resource ma-
chine translation. For instance, Chiruzzo et al.
(2022) augmented their Guaraní–Spanish system

17While Spanish shows moderate morphological complex-
ity, Qom displays a higher degree of synthesis, with single
tokens often encoding information that corresponds to multi-
ple words in Spanish. Accordingly, “tokens” are treated here
as practical units for corpus comparison rather than as strict
morpholexical units.

182,882 without UDHR.

with Bible data and reported consistent improve-
ments, even though the text differs substantially
from contemporary usage.

For each configuration, we applied two split
strategies. The random split assigns pairs to
train/development/test sets uniformly at random
(approximately 66/17/17% for QomL-Base, and
80/10/10% for QomL-Base+Bible). The stratified
split assigns pairs by source document, ensuring
that each document contributes proportionally to
every partition and thus maintaining a balanced
representation of sources across splits; this results
in an approximate 86/7/7% split for QomL-Base
and 80/10/10% for QomL-Base+Bible. The smaller
test set in the stratified QomL-Base configuration
reflects the limited corpus size while retaining a
representative evaluation sample. In both cases, the
splits are disjoint: no sentence pair appears in more
than one partition. Table 2 shows the resulting sizes
of the dataset splits.

5.3 Results and Discussion
We report ChrF++ as the primary metric and BLEU
as a secondary reference for comparability with
prior work, following the evaluation protocol of
the AmericasNLP shared tasks (de Gibert et al.,
2025), with both metrics computed using Sacre-
BLEU (Post, 2018). Results are shown in Table 3.

QomL-Base+Bible yields substantially higher
scores. This is likely due to the fact that the Bible
constitutes approximately 91% of its training data
and is highly represented in the test sets under both
split strategies. Therefore, these scores primar-
ily reflect Bible-register performance rather than
general Qom–Spanish translation quality. Given
that the test sets of both configurations differ in
size and composition—particularly since QomL-
Base+Bible is dominated by biblical text—absolute
scores are not directly comparable across configura-
tions and should therefore be interpreted cautiously.

Under QomL-Base, stratified split scores are
uniformly higher than random split scores across
both directions (e.g., ChrF++ 30.89 vs. 28.81 for
ES→QOM). This is the opposite of what is some-
times expected and requires explanation. Under
the random split, the test set is dominated by Arte
Verbal sentences (the largest QomL-Base source),
which also dominate training; the model is thus
largely evaluated on in-distribution examples. The
stratified split ensures that each source document
contributes proportionally to every partition, in-
cluding Taller Derqui and Manual de Salud, which
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Tokens Avg seg. len. (tokens)

Title Reference Segs Seg. unit Qom ES Qom (avg± std) ES (avg± std)

Arte verbal Qom Messineo (2014) 1,831 fragment 16,242 15,009 8.87 ± 5.44 8.20 ± 4.67

Educación Sanitaria Intercul-
tural

Martínez et al.
(2013)

212 paragraph; sentence;
fragment

7,438 6,343 35.08 ± 35.18 29.92 ± 30.58

Materiales del Taller de
Lengua y Cultura Toba

Messineo and
Dell’Arciprete
(2005)

273 sentence; fragment 2,299 1,946 8.42 ± 4.97 7.13 ± 3.42

Las Aventuras de Copaic Haddad (2022) 16 paragraph; sentence;
fragment

560 484 35.00 ± 26.95 30.25 ± 20.95

El Principito Saint-Exupéry
(1943, 2005)

550 paragraph; sentence;
fragment

16,817 15,793 30.58 ± 25.98 28.71 ± 26.44

La Declaración Universal de
los Derechos Humanos

OHCHR (1948b) 61 paragraph; sentence 4,037 2,085 66.18 ± 43.44 34.18 ± 22.47

Biblia† Sociedad Bíblica
Argentina (2013);
Sociedades
Bíblicas Unidas
(1992)

30,449 paragraph; sentence 1,422,512 849,684 46.72 ± 21.14 27.91 ± 12.10

Subtotal QomL-Base 2,943 47,393 41,660
Total QomL-Base+Bible 33,392 1,469,905 891,344

Table 1: QomL’aqtaqa parallel corpus sources and statistics. † Source added in the extended (QomL-Base+Bible)
configuration. Segs counts parallel segment pairs; each segment may correspond to a fragment, a full sentence,
or a paragraph, depending on the granularity of the source text. Fragments are sub-sentential units reflecting the
prosodic segmentation of the original texts, where a single utterance may span multiple lines. Token counts are
based on orthographic segmentation. Average segment length and standard deviation are reported in tokens.

Config Split Train Dev Test

QomL-Base Random 1,912 485 485
Stratified 2,488 197 197

QomL-Base+Bible Random 26,802 3,256 3,273
Stratified 26,582 3,335 3,414

Table 2: Dataset split sizes for each corpus configura-
tion.

exhibit distinct vocabulary, register, and sentence
structure. The slightly higher stratified scores likely
reflect the contribution of El Principito to the test
set under stratification, whose narrative register
aligns well with Arte Verbal training examples. The
QOM→ES direction shows a smaller gap (23.05 vs.
23.88 ChrF++) because generating Spanish benefits
from the model’s strong Spanish decoder regardless
of the Qom source domain.

Although our scores are not directly com-
parable to those reported in the AmericasNLP
2025 shared task for low-resource Indigenous lan-
guage MT (de Gibert et al., 2025) due to differ-
ences in languages, test sets, and, in our case, a
Bible-dominated evaluation set, we provide the
shared-task results for contextualization. The best-
performing reference systems for each translation
direction achieved 47.81 ChrF++ for Indigenous-
to-Spanish translation and 36.76 for Spanish-to-

Config Direction Split BLEU ChrF++

QomL-
Base

ES→QOM Random 4.42 28.81
Stratified 4.61 30.89

QOM→ES Random 4.02 23.05
Stratified 5.50 23.88

QomL-
Base+Bible

ES→QOM Random 23.55 53.97
Stratified 23.37 53.45

QOM→ES Random 24.73 46.42
Stratified 22.80 45.02

Table 3: MT results for both corpus configurations and
split strategies.

Indigenous translation, while our models obtain
46.42 and 53.97 ChrF++, respectively.

5.4 Ablation: Data Composition vs Domain
Specificity

The improvements observed in QomL-Base+Bible
are likely driven by the substantially larger amount
of training data. However, its strong performance
may be influenced by the high proportion of Bible
data (91% of the training data), raising questions
about generalization beyond this specific domain.

To investigate the effect of training data compo-
sition, we train a Bible-only (with QomL-Bible)
model and compare it against the QomL-Base
model. Both models are evaluated on a shared
held-out test set: the 158-pair QomL-Base strati-
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fied test set. This provides a controlled setting to
compare a model trained exclusively on a single
domain (Bible) against a model trained on more di-
verse non-Bible sources under the same evaluation
conditions.

Table 4 reports ChrF++ scores for both models
on this test set.

Model Direction ChrF++

QomL-Base ES→QOM 38.25
QomL-Bible ES→QOM 33.78

QomL-Base QOM→ES 30.88
QomL-Bible QOM→ES 20.31

Table 4: Ablation comparing a Bible-only model
(QomL-Bible) and a model trained on non-Bible data
(QomL-Base), evaluated on the same 158-pair QomL-
Base stratified test set.

The QomL-Bible model performs consistently
worse than the QomL-Base model when evaluated
on non-Bible content. The larger degradation in the
QOM→ES direction (−10.57 ChrF++ points) sug-
gests that the Spanish decoder overfits to a narrow
biblical register, which does not transfer well to
general Qom–Spanish translation. The smaller gap
in the ES→QOM direction (−4.47 ChrF++ points)
indicates that lexical knowledge from the Bible
may still be partially useful for Qom generation,
likely due to shared morphological patterns across
registers.

A stratified set of 28 translations per direction
from the test set of QomL-Base, produced by the
QomL-Base+Bible model, was evaluated by a lin-
guist with expertise in Qom. Results show 82%
correct for Qom→Spanish, and for Spanish→Qom,
89% correct, 7% incorrect, and the remainder un-
certain. Evaluation focused on preserving semantic
and syntactic integrity with respect to the source,
assessing model outputs independently of the ref-
erences, which were sometimes less accurate. A
brief descriptive analysis of translation errors is
presented in Appendix A.6.

5.4.1 Lexical Analysis of Generated Output
To characterize the register difference qualitatively,
we analyzed the most frequent content words (ex-
cluding Spanish stopwords) in the Spanish outputs
generated by each model on the QomL-Base test
set. See Appendix A.5 for word clouds and top-10
content words for each model.

A clear contrast is observed. The QomL-Base
model produces domain-appropriate vocabulary:

paredes (walls)19, indicador (indicator), parásito
(parasite), árboles (trees), agua (water), and tobas
reflect the health and educational sources in the
corpus. The Bible-only model’s output is markedly
sparser—its top content word appears only 10
times, compared to 93 for the QomL-Base model—
and its vocabulary (comen (eat), puede (can), lugar
(place), and lengua (language)). This confirms that
training exclusively on the Bible leads to a model
that generates narrow, domain-inappropriate Span-
ish for general Qom–Spanish translation.

6 Conclusion

We have presented QomL’aqtaqa, the first parallel
Qom–Spanish corpus in a computationally usable
format, along with bidirectional MT baselines fine-
tuned from pretrained NLLB-200 models. The
corpus combines seven sources spanning oral nar-
ratives, educational materials, and literary and reli-
gious translations, totaling 33,392 aligned segment
pairs in its full configuration. Our ablation confirms
that the Bible, while a valuable source of parallel
data, introduces a strong register bias: a model
trained exclusively on biblical text shows a drop of
10.57 ChrF++ points for QOM→ES and 4.47 for
ES→QOM when evaluated on non-biblical content,
and generates lexically narrow Spanish dominated
by nature and cosmological vocabulary. Overall,
the results indicate that the proposed approach is
effective for bidirectional Qom–Spanish machine
translation.

Several directions remain for future work. We
plan to compare the use of the Guaraní proxy code
(grn_Latn) with adding a new tob_Latn embed-
ding, evaluate QomL-Base+Bible models on QomL-
Base test sets to better assess out-of-domain gener-
alization, and explore a two-stage training strategy
with multilingual fine-tuning followed by Qom–
Spanish adaptation. Future work should also re-
visit evaluation metrics for Qom given its polysyn-
thetic morphology, and incorporate additional re-
sources such as the Vocabulario Toba (Buckwalter
and Litwiller de Buckwalter, 2013). Finally, we
will expand the corpus with ongoing data collection
efforts and develop a lightweight web interface for
interactive translation.

19The high frequency of paredes (walls) reflects its domain-
specific use in Chagas prevention materials, where walls are a
key site for detecting and controlling vector infestation (e.g.,
cracks, stains, and hiding places of triatomine bugs).
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Limitations

Several limitations should be considered. First,
segment heterogeneity (including full sentences,
fragments, and paragraphs) may affect both train-
ing and evaluation of machine translation systems;
however, prior work suggests that sub-sentential
fragments can still provide useful translational sig-
nal in low-resource settings (Steingrímsson et al.,
2023). Second, due to resource constraints, align-
ment quality was not comprehensively assessed
across the entire corpus. Third, the evaluation
relies on automatic metrics such as BLEU and
chrF++, which may not fully capture translation
quality in low-resource, morphologically rich lan-
guages. Fourth, we did not evaluate the Bible-only
model on a held-out Bible test set, limiting direct
comparison between in-domain and out-of-domain
performance; we leave this controlled comparison
to future work.

Regarding data construction, the splits are group-
disjoint at the discourse-unit level, meaning that
train, development, and test partitions are defined
over complete discourse units (i.e., paragraphs, sen-
tence fragments, or sentences), rather than indi-
vidual sentence pairs. All sentences belonging to
the same discourse unit are assigned to the same
partition, ensuring that no unit is split across dif-
ferent subsets and that no exact duplicate pairs ap-
pear across partitions. However, substring overlap
across units was not explicitly checked, although
it is structurally unlikely. In addition, results for
QomL-Base+Bible are heavily influenced by Bible
data (approximately 91% of the training set), and
thus primarily reflect performance on this specific
register rather than general Qom–Spanish trans-
lation quality, and should be interpreted accord-
ingly. Finally, the use of Guaraní (grn_Latn) as a
proxy language tag for Qom constitutes a practical
workaround in the absence of a dedicated code, but
introduces a confound in the learned representa-
tions. Future work should address this limitation
by introducing a dedicated tob_Latn embedding.

Ethical considerations

This work builds on prior efforts to collect and par-
allelize Qom–Spanish data, in which native speak-
ers and community members have been actively
involved. In line with established guidelines for
working with Indigenous language communities
(Bird, 2020), we maintain communication with col-
laborators and speakers regarding the present work

and aim to respect community perspectives and
cultural context. Although the primary source ma-
terials are mostly publicly available, the processed
resources reported in this study are not yet released.
We plan to make them available in formats that are
accessible and useful to the community in future
work.
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A Appendix

A.1 Qom phonological system

Below, we present the Qom phonological inventory,
based on Messineo (2003). Table 5 lists the con-
sonant phonemes along with their corresponding
graphemic representations, while Table 6 shows
the vowel phonemes.

A.2 Details on Coverage and Missing Data in
the Parallel Bible Corpus

The corpus comprises 35,173 aligned verses from
the LNLE13 (Qom) and DHHS94 (Spanish) ver-
sions, with high correspondence at the book, chap-
ter, and verse levels. However, completeness dif-
fers: LNLE13 reaches 87.9% coverage (4,247 miss-
ing verses), mainly due to the absence of the seven
deuterocanonical books (Sirach, 1–2 Maccabees,
Wisdom, Judith, Tobit, and Baruch), as well as addi-
tional partial gaps in several books (e.g., Matthew,
Mark, Psalms, Romans, and Luke) and 139 entirely
empty chapters. In contrast, DHHS94 is nearly
complete (99.0% coverage, 346 missing verses),
with only minor, distributed gaps and two empty
chapters (Psalms 42–43).

A.3 Source-Specific Processing Details

This appendix provides detailed, source-level de-
scriptions of the extraction, cleaning, and align-
ment procedures summarized in Section 4.2.

Arte Verbal. This source presented significant
challenges due to the use of a legacy font encoding,
which resulted in systematically corrupted text un-
der standard extraction methods. To address this,
the document was processed in segments of up
to six pages. Non-parallel introductory and com-
mentary sections were removed prior to processing.
Each segment was then reconstructed using a large
language model (GPT-4), producing a machine-
readable version of the text. Two page ranges could
not be recovered in usable form and were excluded
(pp. 84–86 and pp. 95–96 following section Ro.15).
Additional post-processing included deduplication
and removal of bracketed content marking neolo-
gisms without Spanish equivalents.

Taller Derqui. The PDF quality of this source
was very low, making automated extraction unre-
liable. As a result, the full text was manually re-
viewed and corrected. The document contains word
lists presented as grammatical examples; these
were excluded, and only the parallel narrative texts
were retained.

Manual de Salud. This source required selec-
tive extraction due to its heterogeneous structure.
Chapters 1 and 5 contained no bilingual content
and were excluded. Within the remaining chap-
ters, the following elements were removed: tables
lacking complete sentences, figure captions, cross-
references to figures, and speaker-role indicators
(e.g., Lta’a (Padre), Qa’ñole (Jovencita)), as these
correspond to document structure rather than trans-
lational content. Bracketed content was also ex-
cluded, as it marks Qom neologisms without direct
Spanish counterparts.

Copaic. This source required minimal process-
ing. The text is short, the layout is clean, and the
parallel structure is explicit. No major structural
filtering was necessary beyond normalization of
apostrophes.

UDHR. The Qom and Spanish versions were
obtained from web sources and aligned manually
at the article level. Due to the clean and consistent
structure of the texts, no additional preprocessing
was required.

El Principito. Both the Qom and Spanish ver-
sions were processed. Although the placement of
illustrations is largely consistent across versions,
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Consonants Labial Alveolar Palatal Velar Uvular Laryngeal / Glottal

Plosive /p/ /t/ /d/ /tS/ /k/ /g/ /q/ /G/ /P/
p t d, r ch c, qu g, gu q x ’

Fricative /s/ /S/ /Z/ /h/
s sh y j

Nasal /m/ /n/ /ñ/
m n ñ

Lateral /l/ /L/
l ll

Glide /w/ /y/
hu, u, v ỹ

Table 5: Qom consonant inventory with corresponding grapheme representations, adapted from Messineo (2003).

Vowels Front Central Back

Close i o
Mid e
Open a

Table 6: Qom vowel inventory, adapted from Messineo
(2003).

minor discrepancies were observed. The text was
first reorganized to achieve paragraph-level align-
ment, guided by illustration placement and manual
inspection. Subsequently, sentence- or paragraph-
level alignment was performed using punctuation
cues, such as full stops and colons.

A.4 Details on Alignment Quality
As mentioned in the body of the paper, the align-
ment was reviewed by a native Spanish-speaking
linguist with extensive expertise working on Qom.
While a subset of potentially problematic segments
had been identified during the parallelization stage,
the revision was performed over the entire corpus.

The review process involved a systematic com-
parison between the original Qom texts and the
aligned CSV version. Several types of issues were
identified and corrected:

• Errors introduced during format conver-
sion (PDF to CSV), including:

– extra or missing whitespace,
– character confusions (e.g., i instead of l),
– incorrect handling of special characters

representing the glottal stop (phoneme
/P/), written with an apostrophe-like sym-
bol (’) (see Table 6), and

– segmentation inconsistencies.

• Orthographic inconsistencies in the origi-
nal texts, which were revised to improve inter-
nal consistency while preserving the original
forms as much as possible.

• Occasional errors in the source material,
which were corrected when clearly identifi-
able.

• Alignment issues, such as shifted or mis-
matched segments, which required cross-
checking both the original and processed Qom
and Spanish versions.

In addition, previously flagged ambiguous cases
were carefully re-examined in context. For Taller
Derqui, the low PDF resolution meant that the two
orthographic variants ỹ and ȳ, which are equivalent
in Qom (see Table 6), could not always be distin-
guished visually; all instances were unified to ỹ to
ensure internal consistency.

The Bible corpus was not reviewed in its entirety;
instead, attention was restricted to previously iden-
tified doubtful segments.

A.5 Lexical Analysis
Figure 1 and Table 7 present word clouds and the
top-10 content words from Spanish outputs gener-
ated by the QomL-Base and QomL-Bible models,
excluding stopwords. Analysis is provided in Sec-
tion 5.4.1.

A.6 Translation Examples
A brief overview of selected translation examples
(see Table 8) from both directions of the QomL-
Base+Bible corpus follows, illustrating the types
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Figure 1: Word clouds of content words in Spanish
outputs on the QomL-Base test set. Left: QomL-Base
model (no Bible). Right: QomL-Bible model. Word
size reflects frequency. For QomL-Base the most fre-
quent words are: paredes (walls), indicador (indica-
tor), parásito (parasite), árboles (trees), agua (water),
and textittobas (Tobas). For QomL-Bible the most fre-
quent words are: comen (eat), puede (can), lugar (place),
lengua (language).

QomL-Base QomL-Bible

Word (EN) Count Word (EN) Count

paredes (walls) 93 comen (eat) 10
parásito (parasite) 66 puede (can) 10
indicador (indicator) 52 lugar (place) 8
árboles (trees) 48 lengua (tongue) 8
agua (water) 46 convierta (turn) 8
formando (forming) 35 león (lion) 7
tobas (Tobas) 30 árbol (tree) 7
estaban (were) 27 río (river) 7
sol (sun) 26 agua (water) 7
donde (where) 20 dicen (say) 6

Table 7: Top-10 content words (stopwords removed) in
Spanish outputs generated by each model on the QomL-
Base stratified test set. English translations are provided
for readability only. The QomL-Base model produces
domain-specific vocabulary from health and educational
texts; the QomL-Bible model generates sparse output
dominated by lower-frequency biblical vocabulary.

of errors identified in the evaluation. The model
produces recognizable Qom morphological struc-
ture in some cases (example 4, ES→QOM, where
the output is verbatim correct), but also exhibits
characteristic low-resource errors grounded in spe-
cific generated translations.

The Qom→Spanish outputs reveal two distinct
types of errors. On the one hand, some cases can
be attributed to relatively shallow lexical substi-
tutions or hallucination-like behavior (see ex-
ample 2), where the system selects semantically
inappropriate equivalents despite otherwise well-
formed structure—for instance, producing nido de
guazuncho y cuero (‘nest of deer and leather’) in
place of gallineros y corrales (‘chicken coops and
corrals’).

On the other hand, more problematic cases in-
volve a deeper misanalysis of syntax and informa-

tion structure (see example 1). In particular, the
model fails to correctly interpret discourse-fronted
constituents such as para los qom (‘for the Qom
people’), reanalyzing them as canonical subjects
(esa gente toba, ‘those Toba people’). This results
in translations that are not only pragmatically infe-
licitous but also syntactically distorted, suggesting
that the system does not adequately capture the
interaction between word order and discourse func-
tions in Qom.

In the Spanish→Qom direction, errors tend to
cluster around morphosyntactic constraints rather
than lexical choice. For instance, in example 4, the
system produces Ndoteec da aỹem ’auchoxoden,
where ndoteec (‘only/just’) appears in a position
that is not grammatically licensed, even though
its meaning is appropriate. This indicates partial
knowledge of lexical semantics without full control
over distributional restrictions. At the same time,
there are encouraging signs at the morphological
level: the model appears capable of identifying
and generating derivational morphology such as
diminutives, as in -olec (DIM) in nsoqolec (‘young
man’, see example 3).

A.7 Data Statement
We present a data statement for QomL’aqtaqa cor-
pus following Bender and Friedman (2018)’s data
statements and incorporating elements from Gebru
et al. (2021)’s Datasheets for datasets.
A. Curation Rationale

The primary criterion for constructing the cor-
pus was the inclusion of texts that are pub-
licly available, and accessible in both Qom and
Spanish. The corpus includes the following
materials:
(a) Arte verbal Qom: consejos, rogativas y
relatos de El Espinillo (Chaco) [Qom Verbal
Art: Advice, Prayers, and Narratives from El
Espinillo (Chaco)] Messineo (2014).
(b) Educación Sanitaria Intercultural: Man-
ual de promoción de la salud entre los tobas
(qom) del Chaco Central. Comunidades Tobas
del Río Bermejito, Chaco (Argentina) / Pax-
aguenaxac da qantela’a da chalataxac yalexa’t
da nataxac. Lma’ na qom tala Bermejito [Inter-
cultural Health Education: A Health Promotion
Manual among the Toba (Qom) of the Cen-
tral Chaco. Toba Communities of the Berme-
jito River, Chaco (Argentina)] Martínez et al.
(2013).
(c) Las aventuras de Copaic, el gato montés /
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Corpus Source Reference Hypothesis

QOM→ES

1 Arte Verbal qaq ne’ena qom nache
ñi’ipiaqa’ taqa’en yi’iyi

y para los qom ese era un
lugar de marisca.

y esa gente toba es un lu-
gar de marisca

2 Manual de
Salud

Da qaỹo’ot ca lauo’ ana
’olegaxa qataq nlo laỹi’
qoỹoqta que’eca noỹic.
Ỹaqto saishet da taigui ca
noỹic aca chiincha qataq
ca llalec huetaigui ca ’ole-
gaxa lauo’ qataq nlo laỹi’.

Poner los gallineros y cor-
rales lo más lejos posible
de la vivienda, para que
no entren en la casa las
vinchucas y crías que es-
tén instaladas en estos lu-
gares.

Haz un nido de guazun-
cho y cuero lejos de la
vivienda, para que no en-
tren en la vivienda las
vinchucas y sus crías.

ES→QOM

3 Arte Verbal “Vos, jovencito, cuando
vas al monte

am nsoq da ’anqo’ona ada
aviaq

Am nsoqolec da huo’o ca
taigui ada’ada aviaq

4 Taller
Derqui

Solamente te pido que me
tengas compasión

Chaqdata da aỹem auchox-
onnec qome

Ndoteec da aỹem ’auchox-
oden

Table 8: Selected translation examples from the QomL-Base+Bible non-stratified model. Examples 1–2 are
QOM→ES; examples 3–4 are ES→QOM.

Lmitaxamaxac so copaic [The Adventures of
the Wildcat] (Haddad, 2022).
(d) Materiales del Taller de Lengua y Cul-
tura Toba / Lo’onatacpi na qom Derqui l’ecpi
[Qom Language and Culture Workshop Mate-
rials (Derqui)] (Messineo and Dell’Arciprete,
2005).
(e) Declaración Universal de los Dere-
chos Humanos / Na nqataxacpi na ỹotta’a’t
shiỹaxauapi mayi netalec ana ’alhua [Univer-
sal Declaration of Human Rights] (OHCHR,
1948a,b).
(f) El Principito / So shiỹaxauolec nta’a [The
Little Prince] (Saint-Exupéry, 1943, 2005).
(g) La Biblia / La’aqtaqa Ñim Lo’onatac
’Enauacna [The Bible] (Sociedades Bíblicas
Unidas, 1992; Sociedad Bíblica Argentina,
2013).
Some of these texts (a-d) were already aligned,
but in PDF format and were converted into a
machine-readable format as part of this work,
other texts (e-g) were previously unpaired. In
these cases the alignment constitutes a con-
tribution of our team. The selection strategy
combined two complementary types of texts:
First, a subset of the corpus (notably a, c
and d) is of particular relevance because these
texts were originally produced in the Qom lan-
guage. They represent culturally grounded gen-
res and styles, reflecting Qom verbal art, world-
view, and communicative practices. These ma-
terials provide valuable insight into endoge-
nous linguistic structures and discourse pat-

terns. Within this group, (c) Copaic is espe-
cially notable as it targets a child audience,
thus contributing variation in register and genre.
Second, the corpus also includes translations
from Spanish into Qom, such as widely dis-
seminated texts like (e) UDHR, (f) El Prin-
cipito, and (g) The Bible. These texts are
commonly available across multiple languages
and contribute to cross-linguistic comparabil-
ity. Importantly, they expand the lexical and
thematic coverage of the corpus, incorporating
domains beyond poetic expression, including
educational, health-related, legal, and institu-
tional discourse.
Overall, the curation rationale balances cul-
tural representativeness (through original Qom
texts) and domain diversity and comparability
(through translated materials). This combina-
tion supports broader generalization potential
for systems trained on the dataset, while main-
taining a strong grounding in authentic Qom
language use.

B. Language Varieties
Qom, also known as Toba. Guaycuruan family.
Area: Gran Chaco, South America. Typolog-
ical features: polysynthetic and agglutinative
tendencies; rich morphology; nouns inflect for
number and gender; possessed nouns distin-
guish between alienable and inalienable; de-
ictic classifiers; verbal morphology includes
three distinct sets of person prefixes and suf-
fixes enconding aspectual distinctions, direc-
tion, position, reflexivity, and reciprocity; no
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copular verb; no adpositions; basic word or-
der is SVO and VS. ISO-639-3: tob. Glot-
tocode: toba1269 (https://glottolog.org/
resource/languoid/id/toba1269). Lan-
guage tag: tob_Latn.
Spanish. Rioplatense Spanish as used in Ar-
gentina. Standard Indo-European Romance
language with relatively analytic morphology
and SVO word order. Used as the target/source
language in all translation pairs. Language tag:
es_Latn.

C. Speaker Demographic
We do not have complete sociolinguistic meta-
data for all contributors involved in the pro-
duction of the Qom texts, as such information
is not consistently documented in the original
materials. Below we report the available infor-
mation:
(a) Arte Verbal and (b) Manual de Salud: Pro-
duced by a native Qom speaker (male, 60+
years old) from the western region of Chaco
(dapigueml’ec variety). The speaker has exten-
sive experience in linguistic–anthropological
work, as well as in teaching and translation
related to Qom language and culture.
(c) Copaic: Produced collaboratively by a
group of Qom speakers, including both men
and women, aged 25-45. The contributors are
native speakers with strong knowledge of their
cultural traditions and oral narratives.
(d) Taller Derqui: Developed collaboratively
by adult Qom speakers of diverse ages, genders,
and regional origins, all residing in an Indige-
nous neighborhood in Buenos Aires. All Qom
participants are native speakers. The process
also involved researchers and students (primar-
ily from linguistics and anthropology) affiliated
with the University of Buenos Aires.
(f) El Principito: Translated collectively
by multiple adult Qom speakers from the
provinces of Chaco and Formosa. The work
was carried out across different stages, work-
shops, and versions. All contributors are native
speakers.
(e) UDHR and (g) The Bible: No speaker-level
metadata available.
Integrated Sociolinguistic Overview:
Age: When available, contributors range from
approximately 25 to 60+ years old.
Gender: Both male and female contributors
are represented in the subset of texts with avail-
able metadata.

Race/ethnicity: Contributors include Qom (In-
digenous) speakers and non-Indigenous collab-
orators.
Native language: All identified Qom contribu-
tors are native speakers of Qom; materials also
involve non-native collaborators.
Socioeconomic status: All Qom contributors
are characterized as low socioeconomic status
(low SES).
Number of speakers: The corpus includes
both single-author texts and collaboratively
produced materials involving multiple contrib-
utors; however, the total number of distinct
speakers cannot be fully determined due to in-
complete records.
Disordered speech: There is no evidence
or documentation of disordered speech (e.g.,
dysarthria) in any part of the corpus.

D. Annotator Demographic
Annotation and data processing (including
PDF-to-CSV conversion) were carried out by
two authors with a background in computer
science. Both are Spanish speakers (one native,
one non-native) and do not speak Qom. The
final alignments and evaluation were reviewed
by a trained linguist, a native Spanish speaker
with in-depth knowledge of Qom, with over 25
years of experience working with Qom com-
munities. The entire process was overseen by
a PhD in computer science with experience in
NLP, corpus creation, and annotation, who is
a native Spanish speaker and does not speak
Qom.
All contributors are adult, non-Indigenous re-
searchers (two men and two women) with
higher education.
We acknowledge that the exclusively non-
Indigenous composition of the team may in-
fluence both the annotation process and the in-
terpretation of the data, representing a potential
limitation. At the same time, the long-term col-
laborative experience of the linguist with Qom
communities provides sustained sociolinguistic
expertise.

E. Speech Situation
We have partial information regarding the
speech situation and production context of the
materials included in the corpus. The available
details are summarized below.
Time and place:
A subset of the materials —specifically (a) Arte
Verbal, (c) Copaic, and (d) Taller Derqui—
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were collected from the early 2000s onward.
These texts originate from Qom-speaking com-
munities primarily in the Chaco region, as
well as from collaborative workshop settings
in Buenos Aires.
For other materials, such as (e) UDHR and (g)
The Bible, precise information about the time
and place of translation into Qom is not avail-
able. The health material (b) Manual de Salud
and (f) El Principito were produced/translated
during the early 2000s in Buenos Aires, Chaco
and Formosa.
Modality (spoken vs. written):
Materials (a), (c), and (d) originate in oral pro-
duction in Qom, recorded in audio, and later
transcribed and translated into Spanish through
collaborative fieldwork, thus preserving fea-
tures of naturally occurring speech while pro-
viding aligned bilingual material. The tran-
scription is segmented into discourse lines
based on prosodic units rather than strictly syn-
tactic or semantic sentence boundaries, reflect-
ing the organization of the original oral per-
formance. Moreover, the Spanish version is
fully subsidiary to the Qom source text, offer-
ing a free translation intended to remain closely
aligned with the structure and meaning of the
original rather than functioning as an indepen-
dent adaptation.
In contrast, (b), (e), (f), and (g) are written
texts, either originally composed or translated
in written form.
Scripted/edited vs. spontaneous:
The orally based materials (a, c, d) are rela-
tively spontaneous, although later subject to
transcription and little degree of editing.
The translated and institutional materials (b, e,
f, g) are scripted and edited, as they derive from
established written sources and underwent con-
trolled translation processes.
Synchronous vs. asynchronous interaction:
The original oral productions (a, c, d) were gen-
erated in synchronous communicative contexts
(e.g., storytelling, workshops), though the cor-
pus itself represents their later, asynchronous
textual form. The written and translated mate-
rials (b, e, f, g) are asynchronous, as they were
produced without real-time interaction between
participants.
Intended audience:
(a) Arte verbal: primarily community-internal
audiences, with cultural and narrative func-

tions, as well as the explicit aim of contributing
to the transmission and dissemination of Qom
language and culture.
(c) Copaic: oriented toward children, reflecting
an educational and narrative purpose.
(d) Taller Derqui: mixed audience, including
Qom community members and learners in edu-
cational contexts, and a role in the maintenance,
transmission, and dissemination of Qom lan-
guage and cultural practices.
(b) Manual de Salud: aimed at commu-
nity health communication, targeting Qom-
speaking populations.
(e) UDHR and (g) The Bible: broad and gen-
eral audiences, as part of widely disseminated
multilingual texts; in the case of the Bible, it
has also historically been used as a tool for
evangelization in Indigenous communities.
(f) El Principito: literary audience, including
both educational and general readership.
Overall, the corpus reflects a combination of
oral, culturally grounded productions and writ-
ten, translated materials.

F. Text Characteristics
The corpus encompasses a broad and diverse
range of genres and discourse types, which
directly influence both lexical selection and
structural patterns.
First, it includes genres that are intrinsic to
Qom verbal tradition, particularly represented
in (a) Arte Verbal, as well as in (c) Copaic
and (d) Taller Derqui. These comprise narra-
tive genres (e.g., traditional stories), as well
as persuasive and ritual forms such as advice,
exhortations, prayers, and chants. These texts
reflect culturally specific communicative prac-
tices and exhibit distinctive stylistic and dis-
course features.
Second, the corpus incorporates health-related
genres in (b) Manual de Salud, including de-
scriptions of diseases and treatments, as well
as simulated or reported medical interactions.
These texts introduce domain-specific termi-
nology and explanatory discourse structures.
Third, legal and institutional genres are repre-
sented in (e) UDHR, as well as in parts of (d),
which include the translation of an article of
the Argentine Constitution. These materials are
characterized by highly specialized vocabulary
and formal, technical registers.
In addition, the corpus includes Western liter-
ary narrative genre, specifically the short fic-
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tional work (f) El Principito, which reflects
stylistic conventions of European literary tradi-
tion.
Finally, (g) The Bible represents bibli-
cal/religious genre, with its own highly con-
ventionalized structures and specialized vocab-
ulary.
Overall, this diversity of genres and topics re-
sults in a corpus that captures a wide spectrum
of linguistic variation, from culturally embed-
ded oral discourse to formal, technical, and
literary registers. This heterogeneity should be
taken into account when interpreting linguistic
patterns and evaluating generalization capacity.

G. Recording Quality
N/A

H. Other
We have obtained permission to use the follow-
ing resources for building a computationally
usable corpus, to be released in the future, and
for supporting the development of the transla-
tion system: (a) Arte verbal, (b) Manual de
Salud, (c) Las aventuras de Copaic, (d) Taller
Derqui, and (f) El Principito.
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Abstract

Publicly available spoken language identifica-
tion (LID) systems give sparse and inconsistent
coverage of the languages spoken in US com-
munities beyond the contiguous mainland —
Alaska Native languages and the languages of
the US Pacific Island territories. No system
on HuggingFace covers Central Alaskan Yup'ik
except the largest variant of Meta’s MMS-LID
family, and only three MMS-LID variants cover
Samoan, while Whisper and VoxLingua107-
based models lack both despite including other
Polynesian languages. We describe an ongoing
effort to build a coarse-labeled LID dataset for
Yup'ik and Samoan from US public broadcast
archives, benchmark publicly available LID
systems on it, and train a simple MLP clas-
sifier on top of two frozen pretrained speech
encoders as prototypes. We report prelimi-
nary corpus statistics, off-the-shelf model per-
formance, and prototype results. Guided by
the distinctive phonological typology of the
target languages, we outline a phonologically-
informed fine-tuning direction as future work.

1 Introduction

Spoken language identification is a prerequisite
for nearly every downstream speech-processing
task in multilingual settings, including automatic
speech recognition, transcription, search, and in-
dexing of audio archives, yet off-the-shelf LID cov-
erage of the languages spoken in US communities
beyond the contiguous mainland — Alaska Na-
tive languages and those of the US Pacific Island
territories — is sparse and inconsistent. Table 1
surveys the publicly available spoken LID systems
on HuggingFace against our two target languages
— Samoan (ISO 639-3: smo) and Central Alaskan
Yup'ik (hereafter Yup'ik;1 ISO 639-3: esu) — to-

1We follow the standard orthographic convention in which
the apostrophe in Yup'ik marks the geminate /p:/ specific to the
Central Alaskan variety; Yupik without the apostrophe refers
to the broader language family.

Target Related

System # langs smo esu haw mi ess

Whisper large-v3 99 — — ✓ ✓ —
VoxLingua107 107 — — ✓ ✓ —
ESPnet OWSM v4 ∼150 — — ✓ ✓ —
mms-lid-126/256/512 126–512 — — — — —
mms-lid-1024 1024 ✓ — — — —
mms-lid-2048 2048 ✓ — — — —
mms-lid-4017 4017 ✓ ✓ ✓ ✓ ✓

Table 1: Coverage of the two target languages (Samoan
smo, Yup'ik esu) and three related languages from the
same families (Hawaiian haw, Maori mi for Polyne-
sian; Central Siberian Yupik ess for Eskimo-Aleut)
across publicly available spoken LID systems. Only
mms-lid-4017 covers both target languages. That it
also covers ess (the primary source of Yup'ik confusion
in Section 5) means the model has both labels in its
vocabulary yet cannot reliably distinguish them.

gether with related languages from the same fami-
lies (Hawaiian and Maori for Polynesian; Central
Siberian Yupik for Eskimo-Aleut) that illustrate
the inconsistency of existing coverage. Whisper
(Radford et al., 2023), VoxLingua107-based mod-
els (Valk and Alumäe, 2021), and ESPnet OWSM
(Peng et al., 2024) include Hawaiian and Maori
but neither Samoan nor any Yupik variety. Meta’s
Massively Multilingual Speech (MMS) LID fam-
ily (Pratap et al., 2023) covers Samoan only at its
1024-label size and above, and covers Yup'ik only
at the largest 4017-label variant. At 4017 labels,
the per-class prior is approximately 2.5 × 10−4,
and zero-shot performance on under-represented
languages is accordingly poor. To our knowledge,
mms-lid-4017 is the only publicly available spo-
ken LID model that covers both target languages.

Against this backdrop, we describe an ongo-
ing effort to build LID capability for Yup'ik and
Samoan using archival broadcast recordings from
US public media (Section 4). This setting dif-
fers from standard LID corpora in three important
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ways: (i) speech is interspersed with English in
code-switching and bilingual programming con-
texts, (ii) audio quality varies across decades from
analog tape to digital capture, and (iii) a large frac-
tion of the raw material is non-speech (music, am-
bient sound, silence) that must be filtered before
any language labeling.

The pairing of these two languages is driven by
the archive and the communities it serves, not cho-
sen arbitrarily. The American Archive of Public
Broadcasting (AAPB) — a national collection of
digitized US public radio and television — holds
decades of non-English programming in many
under-resourced languages; Yup'ik and Samoan
are two for which the holdings are both substan-
tial and tied to a concrete access need, compris-
ing long-running Yup'ik public-television program-
ming from Alaska and Samoan-language broad-
casting from American Samoa. For the speaker
communities that produced this material, language
is the primary axis of access: without language-
level metadata the recordings remain effectively
unfindable to the people they most concern. Sup-
plying that metadata reliably is the role of LID
here, and doing so responsibly requires sustained
outreach with those communities, who are to lead
the larger-scale annotation effort that this pilot is
designed to bootstrap (Section 7). This effort is
one part of a broader program to make US public-
broadcast collections more accessible to the com-
munities they document; a parallel line of work
prompts vision–language models to extract struc-
tured entities, including Hawaiian personal names,
from on-screen television chyrons (Lynch et al.,
2026). Neither language is served by existing tool-
ing: each is absent from or marginal in every off-
the-shelf LID system we surveyed (Table 1). The
pairing is also methodologically useful, because the
two languages sit at near-opposite poles of phono-
logical typology (Section 2): a single system that
must separate both from English and from their
respective family neighbors is a demanding testbed
for the phonologically-informed direction we pur-
sue.

This paper makes four contributions. First, we
describe a pipeline for coarse segment-level LID
annotation over long-form broadcast material, de-
signed to be executable by non-native researchers
on a short timeline without sacrificing label reliabil-
ity. Second, we report preliminary corpus statistics
for a small in-house annotated set covering both tar-
get languages. Third, we benchmark publicly avail-

able LID systems on this set, documenting how off-
the-shelf models perform when the target language
is either absent from or severely under-represented
in the training label space. Fourth, we train a simple
MLP head on top of two frozen pretrained speech
encoders (XLS-R-300M and Whisper-medium) as
prototype classifiers, showing that even minimal in-
domain supervision substantially improves Yup'ik
recall over zero-shot MMS-LID, and that the choice
of pretrained encoder is itself a major lever at
this scale. The results motivate a phonologically-
informed fine-tuning direction, which we sketch in
Section 7.

2 Target Languages

Central Alaskan Yup'ik and Samoan occupy maxi-
mally distant points in several dimensions of phono-
logical typology. Table 2 summarizes the contrasts
we return to in Section 7.

Yup'ik, an Eskimo-Aleut language spoken in
western Alaska, exhibits a relatively rich consonan-
tal inventory including velar and uvular consonants,
voiceless sonorants, consonant gemination, and per-
missive consonant clustering (Jacobson, 1995). Its
phonology additionally includes a four-vowel sys-
tem with contrastive vowel length and an iambic
prosodic system associated with systematic conso-
nant lengthening (Woodbury, 1987). These prop-
erties produce dense consonantal transitions and
distinctive durational patterns in running speech.

In contrast, Samoan, a Polynesian language of
the Austronesian family, has a much smaller conso-
nant inventory and highly restrictive syllable struc-
ture. Samoan syllables are strictly of the form
(C)V, disallowing consonant clusters and codas en-
tirely. The language additionally exhibits phonemic
vowel length and a phonemic glottal stop, yielding
speech with high vocalic density and relatively reg-
ular rhythmic structure (Mosel and Hovdhaugen,
1992).

These typological contrasts are directly relevant
to LID. Yup'ik contains several acoustically salient
but cross-linguistically rare features, including ve-
lar and uvular consonants as well as voiceless
nasals, while Samoan is characterized by highly
regular vowel-rich phonotactics and minimal con-
sonant complexity. The two languages also differ
substantially from English along multiple dimen-
sions of syllable structure and segment inventory,
suggesting that phonologically-informed represen-
tations may provide useful inductive bias for low-
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Feature Yup'ik Samoan English

Vowel inventory 4 5+length 11+
Consonant inventory ∼25 ∼13 ∼24
Velar and uvular consonants ✓
Voiceless nasals ✓
Consonant clusters ✓ ✓
Gemination ✓
Syllable structure CVC (C)V complex
Glottal stop phonemic ✓

Table 2: Contrastive phonological features across the
three languages in our LID task.

resource spoken LID.

3 Related Work

Our paper follows a line of AmericasNLP work
that documents dataset construction for an individ-
ual under-resourced language as the central con-
tribution, with modest or no experimental results.
Reyes Pérez and García Zuñiga (2024)’s descrip-
tion of the curated Amuzgo dataset is a direct prece-
dent in this tradition, pairing a detailed linguis-
tic description with a multi-phase data collection
and annotation pipeline. A long line of work on
St. Lawrence Island Yupik (Schwartz et al., 2021;
Chen et al., 2020) has produced textual corpora and
morphological analyzers but no speech resources
for LID evaluation.

On the methods side, phonologically-informed
LID is an active area. Liu et al. (2022) unify
acoustic-phonetic and phonotactic information into
a single encoder (PHO-LID) and report over 40%
relative improvement on AP17-OLR. Shahin et al.
(2023) show that a two-stage pipeline (pretrain on
manner and place of articulation detection, then
fine-tune on LID) improves code-switching LID
by 5–6% relative. Universal phone recognizers
such as Allosaurus (Li et al., 2020) and Allophant
(Glocker et al., 2023) provide a pathway to ob-
tain phonetic pseudo-labels in any language, which
can be mapped to articulatory feature vectors via
PanPhon (Mortensen et al., 2016) and PHOIBLE
(Moran and McCloy, 2019). We leverage these
directions in Section 7.

4 Data and Annotation

4.1 Source material
We take data from the AAPB Online Reading
Room,2 a publicly available collection of digitized
public radio and television content from stations

2https://americanarchive.org/

across the United States. The Yup'ik material orig-
inates with KYUK, a public broadcasting station
in western Alaska that has produced Yup'ik televi-
sion news and programming since the 1970s; the
recordings used here are video, and contain a mix-
ture of fully Yup'ik segments, English segments,
and code-switching within single broadcasts. The
Samoan material comes from KVZK, the public
television broadcaster in American Samoa, and
covers Samoan-language news and cultural pro-
gramming. The archive spans several decades and
includes both edited broadcast output and raw field
recordings, with substantial variation in audio qual-
ity. All materials used in this pilot study are ac-
cessed under the AAPB’s existing access and use
policies; we do not redistribute the source audio.

4.2 Annotation protocol

Our annotation protocol is designed for a short
timeline with in-house researcher annotators rather
than expert native speakers. Two observations jus-
tify this choice. First, programming from Alaska
in particular has a high base rate of Yup'ik in its
non-English content: the overwhelming majority
of non-English speech in this broadcast context is
Yup'ik rather than another language. Similarly, the
American Samoa-source material is predominantly
Samoan and English. In both cases, program meta-
data (titles, descriptions) and audiovisual contexts
provide additional disambiguation. Second, our
target label set is deliberately coarse. We anno-
tate at the segment level with five labels: english,
esu, smo, mixed, and other. The other category
includes non-speech material and unintelligible au-
dio. This coarse label set is sufficient to train and
evaluate a LID system while being reliably pro-
ducible by a non-native researcher annotator work-
ing from a video source with context.

The annotation pipeline is as follows:

1. Voice activity detection and segmentation to
strip non-speech regions and produce speech
chunks suitable for annotation.

2. Manual segment-level labeling using an in-
house annotation interface, with video context
available to the annotator throughout.

3. Dual annotation: each segment in the current
evaluation set is labeled independently by two
authors, and inter-annotator agreement is re-
ported in Section 4.4.
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4.2.1 Labeling guidelines
Broadcast material mixes languages in structured
ways that our coarse label set must handle consis-
tently across annotators. We adopt the following
rules, finalized after an initial annotation pilot:

• Dominant-language rule. If a segment con-
tains speech in more than one language but
one language clearly dominates, the segment
receives the dominant language’s label rather
than mixed. A segment is labeled mixed only
when the two languages are roughly balanced
or alternate in genuine code-switching.

• News broadcast convention. News segments
in which a target-language anchor delivers
content first and an English broadcaster re-
states the same content afterwards are labeled
with the target language (esu or smo), not
mixed, since the English portion is a repe-
tition rather than parallel code-switching.

• Proper nouns. Proper nouns (personal names,
place names, organizations) embedded in
otherwise-monolingual speech do not trigger
the mixed label; the segment takes the label
of the surrounding discourse.

• Numbers and borrowed English vocabu-
lary. Yup'ik broadcasters frequently read num-
bers, weather figures, and commercial catch
report data in English inside otherwise-Yup'ik
speech. We treat such stretches as esu un-
der the dominant-language rule, because the
English tokens are routine lexical borrowings
rather than genuine code-switching.

These rules are encoded in the annotator guidelines
we plan to hand off to native-speaker annotators in
subsequent work.

4.3 Corpus statistics
Table 3 reports corpus statistics for the current an-
notated set, using the primary annotator’s labels as
gold.

4.4 Inter-annotator agreement
A second author independently annotated 10 of
the 15 videos (6 Yup'ik, 4 Samoan), producing
1,342 dual-annotated segments covering 9.3 hours
of audio. Table 4 reports the confusion matrix
between the two annotators. Raw agreement is
75.3% and Cohen’s κ is 0.67, indicating substantial
agreement.

Yup'ik Samoan

Videos annotated 9 6
Total duration 5.1 h 5.1 h
Total segments 589 1,189

labeled esu/smo 283 685
labeled eng 238 308
labeled mixed 53 122
labeled other 15 74

Table 3: Corpus statistics for the in-house annotated
set (primary annotator). Segments labeled other (non-
speech) are excluded from all evaluations.

Annotator 2

Annotator 1 eng esu mix oth smo

eng 249 2 39 6 11
esu 10 112 6 5 0
mixed 39 17 113 0 29
other 6 4 0 83 26
smo 35 0 49 43 458

Table 4: Inter-annotator confusion matrix over 1,342
dual-annotated segments (raw agreement 75.3%, Co-
hen’s κ = 0.67).

The primary source of disagreement is the mixed
label: 179 of 327 disagreements (55%) involve one
annotator choosing mixed and the other choosing a
specific language or other. This is consistent with
the inherent subjectivity of the dominant-language
rule (Section 4.2.1), which requires a judgment call
on whether code-switching is “genuine” or inciden-
tal. Agreement on the two target-language labels
is considerably higher: Yup'ik segments agree 84%
of the time (112/133) and Samoan segments agree
78% (458/585). These per-class agreement rates
support the reliability of the gold labels used in the
MMS-LID and prototype evaluations (Sections 5–
6).

5 Benchmarking Off-the-Shelf LID

We evaluate the three MMS-LID variants that cover
at least one target language (Table 1) on our an-
notated evaluation set, excluding segments labeled
other (non-speech and unintelligible audio). Whis-
per, VoxLingua107, and ESPnet OWSM cover nei-
ther target language and are omitted from this eval-
uation. Table 5 reports per-class precision, recall,
and F1 for the target-language and English labels
within each language group. The mixed class is
never predicted by any MMS-LID model (which
outputs a single language label) and therefore has
zero recall across the board; we omit it from the
table.
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Yup'ik videos Samoan videos

System Class P R F1 P R F1

mms-lid-1024 eng .96 .96 .96 .94 .65 .77
target — — — .92 .57 .71

mms-lid-2048 eng .96 .93 .94 .95 .52 .67
target — — — .93 .58 .72

mms-lid-4017 eng .98 .92 .95 .97 .50 .66
target .85 .41 .55 .98 .61 .75

Table 5: Zero-shot per-class precision (P), recall (R),
and F1 for the MMS-LID model family on our annotated
evaluation set, broken down by language group. “target”
= esu for Yup'ik, smo for Samoan. Dashes mark models
that cannot emit the target label. Segments labeled
other and mixed are excluded.

Finding 1: Samoan recall is moderate but pre-
cision is high. All three MMS-LID variants that
cover Samoan achieve high precision on smo (0.92–
0.98) but only moderate recall (0.57–0.61): the
models recognize Samoan when they predict it, but
frequently assign related Polynesian labels, primar-
ily Hawaiian (haw) and Tongan (ton), to segments
that are in fact Samoan. This Polynesian confu-
sion is expected given that these languages share
much of their phonological profile (small invento-
ries, strict CV syllable structure, phonemic vowel
length). Performance does not improve with model
size, suggesting the confusion is driven by acoustic
similarity rather than label-space sparsity.

Finding 2: Yup'ik is systematically con-
fused with other Yupik varieties. Only
mms-lid-4017 can emit the esu label. It achieves
high precision (0.85) but low recall (0.41):
the majority of Yup'ik segments are assigned
to Central Siberian Yupik (ess) or Northwest
Alaska Inupiatun (esk) instead. This is not a
general-purpose model failure: Central Alaskan
and Central Siberian Yupik are close relatives
within the Yupik subgroup of Eskimo-Aleut,
sharing most of their segmental inventory. Table 6
shows that the most frequent errors concentrate on
genealogically related languages. The confusion is
best read as a linguistically principled limitation
that the aggregate MMS-LID label space does
not resolve. It also constitutes direct motivation
for phonologically-informed modeling: the two
varieties differ in specific features (e.g., certain
uvular realizations, subsets of the voiceless
sonorant series, and prosodic detail) that an
articulatory-aware encoder could in principle

Gold Label Predicted Label Count

esu ess 111
esu esu 110
esu esk 16
esu esi 7

smo smo 390
smo haw 128
smo ton 93
smo jav 6

Table 6: Top predicted labels for gold Yup'ik (esu) and
Samoan (smo) clips under MMS-LID-4017. Most errors
remain within related language families.

exploit. We revisit this in Section 7.

Finding 3: English recall degrades in Samoan-
source videos. English is recognized with 92–
96% recall in Yup'ik-source videos but only 50–
65% in Samoan-source videos. We attribute this
to the Samoan material containing more code-
switching and borrowed English vocabulary, which
MMS-LID tends to assign a Polynesian label rather
than English.

6 Prototype Classifier

To test how much of the off-the-shelf performance
gap can be closed without fine-tuning the speech
encoder, we train a lightweight MLP classification
head on top of a frozen encoder and repeat the
experiment with a second frozen encoder of com-
parable scale. We compare XLS-R-300M (Con-
neau et al., 2020), a self-supervised wav2vec 2.0
model, against the encoder of Whisper-medium
(Radford et al., 2023), a multilingual ASR model
whose encoder has about 307M parameters. Both
produce 1024-dimensional hidden states. For each
segment we extract mean-pooled final-layer activa-
tions (over the audio-valid frames in the Whisper
case, whose input is padded to 30 seconds) and
train a two-layer MLP (1024→256→4, with ReLU
and dropout) on those fixed features. Holding the
head, the data, and the recipe constant lets the com-
parison isolate two effects: the value of in-domain
supervision relative to zero-shot MMS-LID, and
the choice of pretrained encoder.

The classifier is trained with cross-entropy over
four labels {eng, esu, smo, other}: segments la-
beled mixed in the annotation are collapsed into
the target language of their source video (Sec-
tion 4.2.1). We evaluate with 15-fold leave-one-
video-out cross-validation across all Yup'ik and
Samoan videos combined; each fold trains on 14
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Encoder Class P R F1

XLS-R-300M
eng .68 .75 .71
esu .79 .85 .82
smo .80 .69 .74

Whisper-medium
eng .93 .83 .88
esu .96 .92 .94
smo .91 .91 .91

Table 7: Prototype classifier with a trainable MLP head
on top of two frozen encoders, evaluated with 15-fold
leave-one-video-out cross-validation. Overall accuracy /
macro F1 are .74 / .76 for XLS-R-300M and .89 / .91 for
Whisper-medium. Segments labeled other and mixed
are excluded from the reported metrics; mixed is col-
lapsed into the video’s target language during training.

videos and evaluates on the held-out video. Table 7
reports per-class precision, recall, and F1 for both
encoders, excluding the other class to match the
MMS-LID evaluation in Table 5.

Comparison with MMS-LID, and across en-
coders. Despite using only frozen encoders,
both prototypes substantially outperform zero-shot
MMS-LID-4017 on Yup'ik: XLS-R-300M lifts
esu recall from 0.41 to 0.85 (F1 0.55→0.82), and
Whisper-medium lifts it further to 0.92 (F1 0.94).
MMS-LID’s principal Yup'ik failure mode — the
esu/ess confusion in Table 6 — is absent here by
construction, since our head emits only the four an-
notation labels; the relevant question is how cleanly
each encoder’s representations separate those four
classes, and the gap between XLS-R and Whisper
answers it. For Samoan, where MMS-LID was
already moderately strong (F1 0.75), XLS-R of-
fers parity (F1 0.74); Whisper-medium reaches
F1 0.91, with the off-diagonal smo→eng count
dropping from 162 under XLS-R to 19. English
precision follows the same pattern: 0.68 with
XLS-R, recovering to 0.93 with Whisper, compa-
rable to MMS-LID’s 0.97–0.98. At this parame-
ter scale, the choice of pretrained encoder domi-
nates the supervision recipe: a model whose pre-
training objective rewards phonetic discriminabil-
ity across many languages (Whisper, multilingual
ASR) yields markedly more LID-discriminable rep-
resentations than one trained by self-supervised
reconstruction (XLS-R).

Encoder scale. We also ran the same head on top
of Whisper-large-v3, roughly twice the encoder pa-
rameter count of Whisper-medium: overall macro
F1 is essentially identical (0.91 vs. 0.91), and per-
class scores move within noise. We speculate that

at this scale of supervision and label granularity —
about 1.6k labeled clips and four coarse classes —
the bottleneck has shifted away from encoder ca-
pacity, and that the additional parameters in large-
v3 chiefly refine fine-grained acoustic detail that a
coarse four-class LID head cannot exploit.

Per-video variance. Two Yup'ik folds stand out
as hard cases under XLS-R-300M (Folds 4 and 8
in the LOO-CV, accuracies 0.52 and 0.60 against
the Yup'ik-group average of 0.87). Switching to
Whisper-medium resolves one of them: Fold 8, a
raw field recording with markedly noisier audio
than the surrounding broadcast segments, climbs
to 0.94, while Fold 4, an edited broadcast clip set,
remains the hardest at 0.59 even with the stronger
encoder. The split points to two distinct sources of
difficulty — acoustic distance from the encoder’s
pretraining distribution, which a stronger encoder
can absorb, and fold-specific factors that persist
across encoders and warrant further investigation
— and further motivates encoder adaptation (Sec-
tion 7).

Pilot-scale caveat. The headline macro F1 of
0.91 under Whisper-medium should be read against
the scale of the supporting evidence: 15 broadcast
videos, about 1.6k labeled segments, and one held-
out video per fold. The picture is likely to shift
once the larger native-speaker-led annotation effort
(Section 7) yields a more domain-diverse training
and evaluation set, and the numbers reported here
should be treated as pilot-scale evidence rather than
settled levels.

7 Discussion and Future Work

7.1 Discussion

The benchmark results in Section 5 reveal a shared
failure mode across both target languages: MMS-
LID achieves high precision but low recall, be-
cause it systematically confuses target-language
segments with closely related languages within the
same family: Hawaiian and Tongan for Samoan,
Central Siberian Yupik and Northwest Alaska In-
upiatun for Yup'ik. These are not random misclas-
sifications: they reflect genuine acoustic similarity
within language subgroups that a model trained on
broad typological coverage cannot fully resolve.

To probe whether these confusions align with
broad phonological tendencies, we ran the univer-
sal phone recognizer Allosaurus over the annotated
clips and computed two simple phone-level proxies
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Gold label Vowel ratio Uvular-like ratio

eng 0.409 0.018
esu 0.441 0.051
smo 0.516 0.023

Table 8: Exploratory phone-level statistics computed
from Allosaurus pseudo-phone sequences. Samoan ex-
hibits the highest vowel-token ratio, consistent with its
strict (C)V syllable structure, while Yup'ik shows the
highest rate of uvular-like phones, consistent with its
documented velar and uvular inventory.

from the resulting pseudo-phone sequences. These
outputs are not treated as gold phonetic transcrip-
tions, but as approximate acoustic-phonetic repre-
sentations suitable for exploratory analysis. Table 8
summarizes two aggregate measures by gold label:
vowel-token ratio and uvular-like phone ratio.

The resulting distributions align with the typo-
logical contrasts outlined in Section 2. Samoan
clips exhibit the highest vowel-token ratio, consis-
tent with the language’s strict (C)V syllable struc-
ture and high vocalic density, while Yup'ik clips
show the highest rate of uvular-like phones, consis-
tent with its documented velar and uvular inventory.
These exploratory results support the interpretation
that the MMS-LID confusions are phonologically
structured rather than random.

This pattern directly motivates a phonologically-
informed approach to LID of closely related va-
rieties. For example, Central Alaskan Yup'ik
shares substantial similarities with other Yupik va-
rieties, but comparative descriptions between Cen-
tral Alaskan and Central Siberian Yupik also note
several systematic differences, such as retroflex
segments reported for Central Siberian Yupik that
are not typically reported in Yup'ik, and differences
in gemination and prosodic timing (Section 2) (Ja-
cobson, 1990). Features like these may help re-
duce the frequent confusions observed in our ex-
periments. Similarly, although Samoan, Hawai-
ian, and Tongan share many phonological proper-
ties, finer-grained differences in segment invento-
ries and specific prosodic patterns such as tonal
marking of absolutive case (Yu, 2021) may support
improved discrimination within the language fam-
ily. These are precisely the dimensions that a loss
designed around articulatory targets can steer an en-
coder toward. The prototype results in Section 6 al-
ready provide indirect empirical support: under the
same MLP head, Whisper-medium (multilingual
ASR pretraining) substantially outperforms XLS-R-

300M (self-supervised reconstruction), suggesting
that pretraining objectives rewarding phonetic dis-
criminability across languages already carry much
of the inductive bias LID benefits from.

We sketch a two-stage phonologically-informed
fine-tuning pipeline as the direction of our contin-
uing work. Stage 1 follows Shahin et al. (2023):
the wav2vec 2.0 encoder is first fine-tuned on ar-
ticulatory feature classification (manner and place
of articulation) with pseudo-labels obtained from
universal phone recognizers such as Allosaurus
or Allophant, mapped to feature vectors via Pan-
Phon. This requires no target-language transcrip-
tion. Stage 2 fine-tunes the resulting articulatory-
aware encoder for LID on the annotated broad-
cast data, optionally augmenting the classification
loss with a regularization term that encourages rep-
resentations whose inter-language distances cor-
relate with PHOIBLE inventory distances. Re-
cent work (Choi et al., 2026) has shown that self-
supervised speech models already encode distinc-
tive features as linear subspaces in their hidden
states; the proposed fine-tuning should sharpen ex-
actly the dimensions that are discriminative within
the Yupik subgroup, and should help most in the
short-segment regime where aggregate statistical
LID degrades.

7.2 Ongoing Annotation and Future
Directions

Beyond the modeling direction, immediate next
steps include transitioning primary annotation to
trained native-speaker annotators, who will expand
the dataset over the coming months; expanding the
label set to include code-switching boundaries and
speaker turns; testing the MMS-LID Samoan re-
sult under noisier, non-studio recording conditions;
and adding speaker and recording-era metadata to
support fairness evaluation across the multi-decade
archive.

Since the initial submission of this paper, a
larger-scale annotation effort has begun with com-
munity language fellows working directly on
Yup'ik and Samoan broadcast materials. These an-
notators are contributing segment-level review, cor-
rection, and expansion of the coarse-label dataset
using the same annotation interface and guidelines
described in Section 4. Their ongoing work will
substantially expand both the scale and linguistic
reliability of the corpus, and will enable future eval-
uation under native-speaker supervision.
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8 Conclusion

We present a pilot spoken language identification
benchmark for Central Alaskan Yup'ik and Samoan
using archival broadcast recordings. Experiments
with off-the-shelf multilingual LID systems show
that exact-label recognition remains challenging,
with many errors concentrated within the related
language families. Lightweight supervised adapta-
tion substantially improves performance, and the
choice of frozen pretrained encoder is itself a major
lever: under an otherwise identical head, an ASR-
pretrained encoder yields substantially fewer er-
rors than a self-supervised one of comparable scale.
Future work will expand annotation, incorporate
native-speaker review and explore phonologically
informed modeling approaches.

Limitations

The annotated set reported in this paper is small (9
Yup'ik and 6 Samoan videos) and was produced by
in-house researcher annotators rather than native
speakers. A deliberately coarse five-label scheme
and high base rate of Yup'ik and Samoan in non-
English content mitigate annotator noise, and dual
annotation yields substantial agreement (κ = 0.67),
but native-speaker validation is required before
strong claims can be made about absolute label
quality. The dominant source of annotator disagree-
ment is the mixed label, which is inherently subjec-
tive; the target-language labels themselves agree
at 78–84%. The prototype classifiers are trained
and evaluated on a dataset far smaller than typical
low-resource LID settings; the reported numbers,
including the Whisper-medium macro F1 of 0.91,
should be read as pilot-scale evidence and may
not generalize to a larger or more domain-diverse
set. The multi-decade time span of the broad-
cast source introduces acoustic variability (analog
vs. digital capture, channel and codec differences)
that we do not yet explicitly model. Finally, the
phonologically-informed approach in Section 7 is
proposed, not yet implemented or evaluated.
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Abstract

We present the University of Florida Gators
submission to the AmericasNLP 2026 shared
task on cultural image captioning for In-
digenous languages. Our two-stage pipeline
generates a Spanish intermediate caption
with Qwen2.5-VL, then produces the target-
language caption using retrieval-augmented
many-shot prompting with Gemini 2.5 Flash.
We achieve 164.1%, 131.7%, and 122.6% im-
provements over the shared task baseline for
Bribri, Guaraní, and Orizaba Nahuatl caption-
ing, respectively, in our dev set evaluation and
maintain >150% improvements for the Bribri
and Orizaba Nahuatl languages in the test set
evaluation. We find retrieval is highly language-
dependent, beneficial only for large, in-domain
corpora, and that synthetic data augmentation
accounts for around 28 chrF++ of the dev set
Guaraní performance gain. Our submission is
the overall winner of the shared task, placing
second out of five finalist submissions in human
evaluations of target-language captions. Code
and prompts are available on GitHub.1

1 Introduction

The AmericasNLP 2026 (Bui et al., 2026) consists
of generating culturally grounded captions for im-
ages in Indigenous languages of the Americas. We
identify three major challenges. First, the target
languages are low-resource. Second, the captions
are culturally specific rather than generic visual
descriptions. Third, the task requires not only lex-
ical transfer, but also stylistic control. Successful
systems must produce short, natural captions that
match the reference register expected by the orga-
nizers.

1https://github.com/dhawan98/
AmericasNLP2026-Gators-Submission

While the cultural image captioning task is new
to AmericasNLP 2026, we find that current vision-
language models (VLMs) are not able to directly
caption images in the target languages. This is un-
surprising given the limited training data available
for the target languages. We therefore formulate the
problem as a compound of image captioning in a
high-resource language followed by machine trans-
lation from that language into one of the shared
task targets, which mirrors the shared task’s base-
line approach.

We first attempt to build on the work of Dhawan
et al. (2026) by providing intermediate Spanish (Es)
VLM captions to an mBART-based machine trans-
lation (MT) model. Dhawan et al. (2026) show that
synthetic parallel data and language-specific pre-
processing improve low-resource Indigenous MT,
including Es-Guaraní (Grn) translation. In the 2026
shared task, however, a standard neural machine
translation pipeline proves insufficient. When we
apply the existing Es-Grn translation model to
Spanish intermediate captions produced from the
dev images, the resulting captions are often flu-
ent enough at the sentence level but do not match
the target caption register. In other words, the per-
formance bottleneck shifts from generic transla-
tion quality to domain adaptation and culturally
grounded caption style.

To address this mismatch, we move from
sequence-to-sequence translation toward retrieval-
augmented in-context translation with Large Lan-
guage Models (LLMs). The core idea is simple.
Instead of relying on a single model fine-tuned on
mixed-domain low-resource language corpora, we
retrieve Es-low-resource (LoRes) examples that are
similar to the current caption and provide them as
in-context exemplars. This design lets the decoder
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adapt its lexical choices and stylistic register at in-
ference time. We evaluate multiple OpenAI and
Gemini models, vary the number of retrieved train-
ing examples and development exemplars, and test
prompt variants and retrieval heuristics.

Our experiments lead to three main findings.
First, among OpenAI models, many-shot direct
translation outperforms both our mBART baseline
and LLM post-correction, but gains are modest and
highly sensitive to prompt composition. Second,
Gemini 2.5 Flash (Comanici et al., 2025) is dramat-
ically stronger in Es-LoRes in-context translation
than the GPT-family models. Third, development
references are useful as in-context exemplars for
matching the expected caption register, but they
must be interpreted carefully because same-pool
development prompting can inflate development-
set scores.

Our primary contributions are as follows. We
present a retrieval-augmented LLM caption trans-
lation pipeline for low-resource cultural image cap-
tioning. We document an extensive set of negative
and positive ablations, including model substitu-
tions, prompt revisions, and development-exemplar
hyperparameter searches. Finally, we highlight
evaluation design as a central methodological is-
sue for dev-conditioned in-context learning in low-
resource captioning.

2 Background

Machine translation for Indigenous languages of
the Americas has advanced largely through the
AmericasNLP shared tasks, which have established
evaluation benchmarks and made parallel corpora
available for many low-resource languages (Mager
et al., 2021; Ebrahimi et al., 2023, 2024). Strong
systems in these shared tasks have typically re-
lied on multilingual pretrained models such as
mBART, M2M-100, or NLLB-200, often combined
with synthetic data generation, multilingual trans-
fer, and additional corpus collection (Gow-Smith
and Sánchez Villegas, 2023; Tonja et al., 2023;
Costa-Jussà et al., 2022). A recurring pattern in
this literature is that performance improvements
come not only from larger models, but also from
better alignment between model capacity, augmen-
tation strategy, and the target domain.

Character-based evaluation metrics are also es-
pecially relevant in this area. chrF and chrF++ are
widely used for morphologically rich languages
because they are more robust than BLEU to inflec-

tional variation and spelling differences (Popović,
2015, 2017). The AmericasNLP 2026 organizers
likewise use chrF++ as the first-stage ranking met-
ric for the shared task.

Finally, our work relates to the broader use of
in-context learning for low-resource generation. In-
stead of relying exclusively on fixed model param-
eters after fine-tuning, retrieval-augmented prompt-
ing can adapt the decoder to the current example
at inference time. In our setting, this is especially
attractive because the target outputs are short and
stylistically constrained: parallel demonstrations
can serve not only as semantic guides, but also as
direct evidence of the desired caption register.

3 Dataset and Methodology

3.1 Baseline System

We compare our retrieval-augmented LLM pipeline
against the Qwen3VL-8B (Qwen Team, 2025)
Captioning and Sheffield 2023 (Gow-Smith and
Sánchez Villegas, 2023) MT method, which is the
stated baseline for the current shared task on image
captioning. We apply this baseline to our submis-
sion results for dev set captioning in each of the
applicable target languages and report percent im-
provement over the baseline scores.

For MT in Guaraní captioning, we also com-
pare against the mBART-based Es-Grn model from
Dhawan et al. (2026), trained on curated and syn-
thetic parallel data. This serves as the strongest con-
ventional translation baseline in our pipeline and
allows us to assess whether retrieval-augmented
in-context generation improves over standard
sequence-to-sequence translation. We evaluate sev-
eral retrieval-augmented GPT-4-family (OpenAI
et al., 2024) model variants, summarized in Ta-
ble 2: GPT-4o-mini, GPT-4.1-mini, GPT-4.1, along
with the competing Gemini 2.5 Flash.

Across these models, we vary the number of
retrieved training examples r, development exem-
plars d, and prompting strategy.

3.2 Task Data

The official development set D (dev set) contains
50 examples, and the organizers release the data
in JSONL format paired with images. The pilot
set includes Spanish captions for reference, but the
organizers explicitly note that these are pilot-only
and will not be present in development or test.

Our final submission pipeline is two-stage. Stage
1 produces a Spanish caption from the image using
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Qwen 2.5B (Bai et al., 2025b). Stage 2 utilizes
Gemini 2.5 Flash (Comanici et al., 2025) for Es-
LoRes translation.

3.3 Datasets by Language

The shared task covers five target languages:
Guaraní, Yucatec Maya, Orizaba Nahuatl, Bribri,
and Wixárika. As shown in Table 1, the available
retrieval data R differs substantially across lan-
guages, which motivates treating the retrieval size
r and the number of development exemplars d as
inference-time hyperparameters that vary across
target language submissions.

Guaraní We use the largest retrieval bank in
our setup. The retrieval Es-Grn bank of 53,183
pairs contains AmericasNLP 2023 (Ebrahimi et al.,
2023) training data augmented with synthetic ex-
amples from the MultiScript30k project (Driggers-
Ellis et al., 2025). The Guaraní retrieval dataset is
relatively well aligned with the captioning task, as
it contains culturally specific terms, proper nouns,
and short descriptive examples useful for visual
caption generation.

Yucatec Maya We do not have a comparable par-
allel training corpus for retrieval. The development
set D is the only retrieval source, so we rely on
dev exemplars and the pretrained knowledge of the
LLM and we fix r = 0 in all experiments.

Other Target Languages We use the available
Es-LoRes parallel data as retrieval banks. Their
retrieval banks vary in size and domain match:
Orizaba Nahuatl has 16,145 pairs, Bribri has 7,508
pairs, and Wixárika has 8,966 pairs. The Wixárika
retrieval data is notably less caption-like, since
much of the available corpus is narrative or lit-
erary rather than visual-description oriented. These
differences motivate the language-specific hyper-
parameter choices reported in Table 1.

3.4 Retrieval Bank and Prompt Construction

For each target language, we construct a language-
specific Es-LoRes retrieval bank R from the avail-
able parallel data described above. The Spanish
side of each retrieval bank is indexed with BM25
(Robertson and Zaragoza, 2009), a TF-IDF-style
lexical retrieval method that ranks candidate ex-
amples by query-term overlap while accounting
for term importance and document length normal-
ization. At inference time, the Spanish caption

generated in Stage 1 is used as a query q, and the
top-r retrieved pairs are selected as Rr(q) ⊂ R.

In addition to retrieved training pairs, some con-
figurations include development exemplars. Let D
denote the shared-task development set for a target
language, and let Dd ⊂ D denote the d develop-
ment examples included in the prompt. For a query
caption q, the full prompt context is defined as

P (q) = Dd ∪Rr(q),

where Rr(q) provides retrieval-based semantic and
lexical grounding, and Dd provides examples of the
caption style expected by the task. The model then
generates the target-language caption conditioned
on P (q).

We sweep r and d where applicable. The values
selected for submissions are in Table 1, and detailed
grid-search results appear in our appendix.

3.5 Prompting Strategy

The MT prompt structure is deliberately simple.
The system prompt instructs the model to translate
from Spanish into the target language, match the
example style, stay concise, preserve culturally spe-
cific nouns when appropriate, and produce exactly
one line. The user prompt contains two evidence
blocks, development exemplars Dd and retrieved
Spanish–target-language pairs Rr(q), followed by
the current Spanish caption.

We use the same general prompt structure across
target languages, adding language-specific modifi-
cations only when required. After several prompt-
engineering attempts, we found that more aggres-
sive instructions, such as suppressing generic lead-
ins or forcing noun-first phrasing, reduced perfor-
mance. The final prompts therefore keep the sys-
tem instruction minimal and rely on in-context ex-
amples for lexical and stylistic guidance. We sum-
marize the final and ablation prompt files in Table 5
of the appendix.

3.6 University of Florida Gators Submission

Our submission system features a retrieval-
augmented long-context translator embedded in
a two-stage image captioning pipeline. Figure 1
illustrates the full system, which is organized into
five steps. Stage 1 corresponds to Step 1 in the
diagram. A vision-language model generates one
Spanish caption q for each target image. We use
either Qwen2.5-VL-72B-Instruct in 4-bit precision
or Qwen3-VL-8B (Bai et al., 2025a) for this stage.
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The prompt is culturally aware; follows a noun-first
style; and encourages concise descriptions of vis-
ible entities, objects, clothing, actions, and scene
context. We treat this stage as fixed and do not
optimize it extensively in this paper.

Stage 2 corresponds to Steps 2–5 in Figure 1.
It transforms the generated Spanish caption q into
the final target-language caption using retrieval-
augmented many-shot MT. The q is used as a BM25
query over the Spanish side of the available Es-
LoRes retrieval bank R. In Step 3, the retrieved
subset Rr(q) and development subset Dd are as-
sembled into a many-shot prompt with an instruc-
tion to translate from Spanish to the target language
while matching the example style. Each prompt
contains approximately 3K–5K tokens. The r near-
est Es-LoRes training pairs provide semantic and
lexical grounding, while the d development pairs
provide direct evidence of the target caption reg-
ister. In Step 4 of Figure 1, Gemini 2.5 Flash
performs the final target-language generation with
temperature set to 0.0, thinking disabled, and a
maximum output length of 120 tokens. We then
strip prefixes in Step 5 and normalize whitespace
to produce the final JSONL submission. The sys-
tem is evaluated using chrF++, followed by human
judgment for the top-ranked submissions.

4 Results

Table 1 gives our final submission’s performance
for each of the target languages in the shared task
while Table 2 summarizes the main progression of
Es-Grn dev set experiments from an mBART trans-
lation model to in-context MT with Gemini 2.5
Flash, which is competent in all target languages.
Several trends emerge immediately. First, direct
many-shot translation is better than post-correction,
confirming that it is more effective to generate the
caption in one step than to repair the mBART out-
put after the fact. Second, among the OpenAI mod-
els we tested, GPT-4o-mini remains the strongest,
but the gains over the mBART baseline are modest.
Third, Gemini 2.5 Flash yields much larger im-
provements, even before adding any development
exemplars.

In our final dev set results, the Guaraní target
achieves the highest absolute chrF++ score among
the five target languages by at least 10 chrF++ and
more than doubles the Bribri and Wixárika tar-
get performances. For Guaraní we achieve a re-
markable 131.7% improvement over the baseline

Cultural image (test set)

Step 1: VLM Spanish captioning
Qwen2.5-VL-72B-Instruct (4-bit) or

Qwen3-VL-8B
Prompt: culturally-aware, noun-first style

Spanish caption q (1 sentence per image)

Step 2: BM25 retrieval
+ dev exemplar selection

Retrieve r nearest Es-LoRes pairs
Select d dev pairs (leave-one-out)

No reranking in frozen config

Training
R

Dev
D

Step 3: Many-shot prompt assembly
System: "translate Es-LoRes, match example style"

d gold dev pairs + r retrieved train pairs
~3-5K tokens per prompt

Step 4: Gemini 2.5 Flash translation
temperature=0.0, thinking=off, max_tokens=120

Learns register + vocabulary from
in-context examples

Step 5: Clean + format
Strip prefixes, normalize whitespace

Target language caption 
(submission JSONL)

Evaluated by chrF++
+ human judges (top 5)

Stage 1

Stage 2

Figure 1: Overview of the proposed two-stage image
captioning pipeline. Here, R denotes the full Es-LoRes
retrieval bank, Rr(q) ⊂ R denotes the r nearest Es-
LoRes training pairs retrieved for Spanish caption q, D
denotes the full development set, and Dd ⊂ D denotes
the d gold dev pairs used in the many-shot prompt.
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Configuration test dev

Language r d Test Examples Retrieval Pairs (R) Test chrF++ % Imp. Dev chrF++ % Imp.

Bribri 80 20 267 7,508 17.90 155.2% 19.99 164.1%
Guaraní 80 49 101 53,183* 23.10 14.72% 48.24 131.7%
Orizaba Nahuatl 40 20 200 16,145 25.42 166.9% 25.67 122.6%
Wixárika 40 20 201 8,966 17.58 3.952% 18.99 6.866%
Yucatec Maya – 49 212 0† 21.11 – 26.29 –

Table 1: Submission chrF++ results across languages for the proposed system. Here, r is the number of retrieved
training pairs included in each prompt, d is the number of development exemplars included in each prompt, and
R denotes the total size of the available retrieval bank for each language. Baseline results are those provided for
the shared task (Gow-Smith and Sánchez Villegas, 2023). Bold and underlined entries in the right-side columns
indicate the best and second-best results, respectively. * Includes parallel Es-Grn MultiScript30k (Driggers-Ellis
et al., 2025) synthetic exemplars. † No external retrieval bank is used; only development exemplars are included.

System r d Notes Setting type chrF++

mBART Baseline – – Inherited MT Baseline Baseline 22.40
GPT-4o-mini Post-Correction – 8 Revise mBART Draft Post-Editing 19.81
GPT-4o-mini 24 4 Direct Many-Shot Translation Direct Prompting 23.41
GPT-4o-mini 28 4 Best OpenAI Setting Direct Prompting 23.60
GPT-4.1-mini 28 4 Model Swap Direct Prompting 23.23
GPT-4.1 28 4 Model Swap Direct Prompting 23.49
Gemini 2.5 Flash 28 0 No dev Exemplars Train-Only Prompt 32.14
Gemini 2.5 Flash 28 4 Same-Pool dev Prompting Dev-Assisted 39.25
Gemini 2.5 Flash 28 20 Same-Pool dev Prompting Dev-Assisted 42.90
Gemini 2.5 Flash 28 49 Same-Pool dev Prompting Dev-Assisted 42.19
Gemini 2.5 Flash 80 49 Same-Pool dev Prompting Dev-Assisted 48.24

Table 2: Dev chrF++ Guaraní captioning results across baseline machine translation and RAG-based prompting
configurations. Bold indicates the best result, and Underline indicates the second-best result.

method (Gow-Smith and Sánchez Villegas, 2023).
In Section 5, we investigate the effect that syn-
thetic exemplars may have had on Guaraní target
language performance versus the other languages
for which no MultiScript30k data exists. How-
ever, as the final column in Table 1 attests, each
language target outperforms the baseline method
whenever the baseline is available. In particular,
for the Bribri and Orizaba Nahuatl targets, respec-
tively, we achieve 164.1% and 122.6% improve-
ments over the baseline. As we highlight in Table 1,
our improvement for Bribri is the greatest relative
improvements over the baseline method for any
target language.

The test results are slightly different. Bribri is
replaced by Orizaba Nahuatl as most improved lan-
guage. The languages achieve 155.2% and 166.9%
improvement over the testing baseline, respectively
(Bui et al., 2026). Guaraní performance drops by
more than half in the test evaluation and most of
the dev set performance gain is not reproduced in
the official evaluation as a result. Wixárika perfor-
mance improvement falls by a similar amount.

5 Ablations

In addition to the results we list in the previous sec-
tion, we provide a number of ablations to demon-
strate the superiority of the final submission over
numerous alternative approaches to various facets
of the captioning pipeline. In the experiments re-
ported here, we hold the Spanish captions fixed and
optimize only the Guaraní translation stage. This
lets us analyze ablation effects independent of the
image captioner and makes the ablations directly
comparable to our dev set results. We focus on the
dev set evaluation here because ablations are all
performed on the dev set before the release of final
shared task results.

5.1 Machine Translation Architecture

We allude in the first section to how the ini-
tial approach for the machine translation step in
Guaraní utilizes an mBART based MT model
(Dhawan et al., 2026). Table 2 shows Guaraní cap-
tioning performance across several MT architec-
tures, including mBART, GPT-4o, and Gemini 2.5
Flash. Where appropriate, we adopt the retrieval-
augmented approach in our final submission, and
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we vary the values of r and d within architectures.
The results show that the best configuration for

Guaraní translation is the Gemini 2.5 Flash LLM
prompted with r = 80 and d = 49 exemplars. We
traverse much of the r, d search grid with OpenAI
models. The best OpenAI setting used GPT-4o-
mini with 28 retrieved examples and 4 development
exemplars, reaching 23.60 chrF++. This perfor-
mance is reflected in Table 2. Removing or increas-
ing development exemplars reduced performance.
GPT-4.1-mini and GPT-4.1 were both competitive
but did not surpass GPT-4o-mini. This pattern sug-
gests that, for the OpenAI models we tested, the
in-context regime has a narrow optimum. Too lit-
tle context leaves the model underconstrained; too
much context appears to add noise or dilute the
style signal.

For its superior performance over GPT models
and its positive receptivity to context, we adopt
Gemini 2.5 Flash for Es-LoRes MT in our final
submission.

5.2 Hyperparameter Search
For each language, we sweep values of r and d
that we list in Section 3. Table 1 of final submis-
sion results shows performance at the submittal
configuration featuring its r, d pair. To be thorough,
Table 6 reports the results of a partial grid search
for each target language in our appendix.

Though this ablation shows that the r and d ex-
emplar counts from Table 1 are optimal within our
search grid, there is no accounting for values out-
side of it. Additionally, performance changes as
one scans the grid indicate differing impacts of the
r and d hyperparameters for different languages
and data sources. Thus, we stress in this ablation
the importance of a thorough search for the optimal
r, d pair for any new target language or data config-
uration in retrieval-augmented Es-LoRes MT.

5.3 Synthetic Exemplars
We notice in Section 4 that our pipeline performs
Guaraní image captioning much more effectively
in absolute terms versus any of the other target
languages, even though we achieve similar per-
cent improvement over the applicable baseline for
the Bribri and Orizaba Nahuatl targets. We also
note that Guaraní is the only target language for
which we include synthetic exemplars from Mul-
tiScript30k. Testing for the effect of this syn-
thetic data, we ablate the original Guaraní caption-
ing submission by only using AmericasNLP 2023

Data r d Ret. Pairs chrF++

ANLP2023 + MS30k 40 49 53,183 51.34
ANLP2023 + MS30k 40 20 53,183 48.38
ANLP2023 + MS30k 80 49 53,183 48.24

ANLP2023 80 0 26,032 22.65
ANLP2023 40 49 26,032 21.03
ANLP2023 40 20 26,032 20.50
ANLP2023 80 49 26,032 20.75

Table 3: Dev chrF++ results for Guaraní captioning with
differing retrieval exemplar sets. Data includes Americ-
asNLP2023 (ANLP2023) training data (Ebrahimi et al.,
2023) and/or MultiScript30k (MS30k) (Driggers-Ellis
et al., 2025) synthetic exemplars as noted in the column
Data.

(Ebrahimi et al., 2023) training data for retrieval
exemplars (r). Table 3 compares performance with
and without MultiScript30k (Driggers-Ellis et al.,
2025) synthetic exemplars for three r, d pairs and
provides the greatest performance overall without
synthetic exemplars.

The results are clear. Controlling for our retrieval
hyperparameters by fixing r and d to three pairs,
we observe that the original configuration with both
genuine AmericasNLP 2023 training data and syn-
thetic MultiScript30k exemplars outperforms the
ablation with AmericasNLP 2023 alone by more
than 100% relative improvement in chrF++ in each
case. Additionally, the best Guaraní captioning
performance without synthetic exemplars is 55.9%
less than the best performance with them. These
results mirror the comparison of our submission’s
Guaraní performance to the other target languages
in the shared task and attribute much of our im-
provement in Guaraní captioning to synthetic exem-
plars in the retrieval-augmented Es-Grn translation
step.

5.4 Alternative Prompting and Reranking

We also test several prompting ablations that looked
reasonable but are consistently negative in their
impact on performance, with the exception of a
specific strategy we give additional attention to in
Section 5.5. In this section, we quickly summarize
other alternative prompts, and in Table 5, we pro-
duce all of the relevant prompts for completeness.

A prompt rewrite aimed at suppressing generic
scene-introduction phrases reduces performance
substantially, and a retrieval reranker that attempts
to prefer short caption-like pairs also reduces per-
formance, both for OpenAI and Gemini. Likewise,
using 49 same-pool development exemplars with
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GPT-4o-mini degraded performance instead of im-
proving it. These results matter because they show
that this task does not respond well to aggressive
heuristic control. The most effective systems are
built by keeping the instruction stable and varying
only model choice and amount of context supplied.

For Wixárika in particular, we devise special
prompts with cultural context in the form of a glos-
sary. These glossaries contain the names of com-
mon objects from the Wixárika culture and their
definitions in Spanish, with the hope that this ad-
ditional context will help the LLM MT architec-
tures translate intermediate Spanish captions into
the Wixárika target language. We utilize two ver-
sions of the cultural glossary, but the results do not
improve for either one. We include the additional
prompts in Table 5 to document this alternative
prompting.

5.5 Morphological Considerations for Bribri

We ablate our submission for the Bribri (Bzd) lan-
guage by considering performance with and with-
out morphological prompting and post-processing
for the Es-Bzd MT. Bribri has complex tonal mark-
ing in orthography (circumflexes, underlines, multi-
ple diacritics) which makes the deduplication logic
harder (Coto-Solano, 2021). The tokenizer splits
differently on tonal characters.

In our final submission, we utilize a complex
postprocessing and additional prompting for the
Gemini MT model to improve performance. Ta-
ble 4 shows the evolution of our strategies to ac-
count for the morphological complexity of the
Bribri language. First, careful examination of our
pipeline’s output reveals that Bribri captions are ini-
tially in NFC encoding, which combines base letter
and diacritic encodings into one character. This
does not match the dev set examples, which use
NFD encoding. For instance, our model outputs
ë as a single unit, but the dev set’s NFD encoding
would separate the letter e from the umlaut above it.
Because chrF++ is a character-level lexical metric,
this mismatch depresses the score. We therefore
perform NFD-Normalization (NFD-Norm.) to ac-
count for the difference. Secondly, we believe the
morphological considerations of Es-Bzd transla-
tion significant enough that they deserve special
prompting. To this end, we formulate a Morpholog-
ical Prompt (Morph.) for Bribri that includes spe-
cial instructions about Subject-Object-Verb (SOV)
word order, tonal diacritics, common consonant

Language Prompting Postprocessing chrF++

Bribri Standard Standard 11.50
Bribri Standard NFD-Norm. 17.02
Bribri Morph. NFD-Norm. 19.99

Table 4: Morphological ablations for our submis-
sion in the Bribri captioning task. We either utilize
NFD-Normalization (NFD-Norm.) as a postprocessing
step, both NFD-Norm. and Morphological Prompting
(Morph.), or we apply the same prompting and postpro-
cessing as other target languages (Standard). Rightmost
column shows Dev ChrF++.

clusters, verb-final clauses, and possessive noun
prefixes.

As in previous ablations, the results in Table 4
largely speak for themselves. NFD-normalization
overcomes the encoding mismatch, and morpholog-
ical prompting provides additional improvements.

6 Discussion

We now proceed to a discussion of our method
and the results achieved. We analyze the available
data and investigate the potential sources of perfor-
mance improvement over the baseline method.

6.1 In-Context Retrieval

Though limited to the Guaraní target, we show in
our ablation of MT architectures that long-context
retrieval-based MT using state-of-the-art LLMs
greatly improves image captioning performance at
the MT stage versus the dedicated mBART model
(Dhawan et al., 2026). While we cannot say for
certain whether this relationship holds for other
language targets, from comparisons to baseline per-
formances, it appears that additional context from
real and synthetic exemplars significantly boosts
LLM translation in Es-LoRes tasks.

6.2 Synthetic Exemplars

For the Guaraní language, we include approxi-
mately 30k synthetic exemplars for in-context re-
trieval from the MultiScript30k (Driggers-Ellis
et al., 2025) dataset. We observe in Section 4 that
Guaraní achieves substantially higher absolute dev
chrF++ than the other target languages.

Remembering that synthetic exemplars apply
only to Guaraní and its significantly positive ef-
fect on Es-Grn MT in related work (Dhawan et al.,
2026), we ablate for the synthetic exemplars’ effect
on Guaraní captioning.
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For Guaraní captioning without the Multi-
Script30k synthetic retrieval pairs, the results we
elaborate in Section 5.3 and Table 3 show a compar-
ison similar to Guaraní captioning versus the other
target languages. Results improve over 100%, ap-
proximately 28 total chrF++ or more, for Guaraní
captioning with the synthetic exemplars for the
same r, d pair. These results also mirror observa-
tions from (Dhawan et al., 2026) on the effect of
synthetic exemplars on Es-Grn MT. We therefore
conclude that synthetic exemplars drive Guaraní
performance gains and speculate that synthetic re-
trieval pairs may further improve captioning perfor-
mance for other target languages.

6.3 Morphology

Despite favorable results in the Guaraní target, we
acknowledge in Section 4 that our greatest rela-
tive improvement is for the Bribri language. The
ablation in Section 5.5 clarifies that much of this
performance improvement stems from the morpho-
logical considerations we take for the Bribri lan-
guage target via specialized prompting. We observe
that explicitly prompting for Bribri’s morpholog-
ical features accounts for over 10% of the perfor-
mance gain in our final submission over the shared
task’s baseline (Gow-Smith and Sánchez Villegas,
2023). We conclude morphological prompting has
potential for LoRes MT in morphologically com-
plex languages.

7 Future Work

The most impactful next step is improving the vi-
sual captioning stage. Error analysis indicates that
approximately 54% of remaining Guaraní errors
originate in the vision model rather than the trans-
lator. A stronger VLM will likely yield larger gains
than further translation tuning. Beyond captioning,
we may extend retrieval to incorporate visual simi-
larity rather than Spanish text overlap alone, which
would help when the intermediate caption is noisy
or culturally ambiguous. The lowest-resource lan-
guages (Wixárika and Bribri languages) are bottle-
necked by corpus domain mismatch rather than
model choice. Even small caption-style parallel
data corpora for these languages would likely pro-
duce larger gains than any prompting improvement.

8 Conclusion

We present the University of Florida Gators team
system for the AmericasNLP 2026 shared task

on cultural image captioning for Indigenous lan-
guages (Bui et al., 2026). Our two-stage pipeline,
VLM captioning in Spanish followed by retrieval-
augmented many-shot translation with Gemini 2.5
Flash, substantially outperforms fine-tuned base-
line models across all five target languages, cul-
minating at 48.24 chrF++ for Guaraní in the sub-
mission. We find that retrieval behavior is highly
language-dependent. Large retrieval windows help
Guaraní but hurt Yucatec Maya, where Gemini’s
pre-training knowledge is sufficient and BM25 re-
trieval adds noise. We also find that development
exemplars are useful for matching caption regis-
ter, but their use requires careful interpretation
because they can inflate development-set scores
when drawn from the same evaluation pool. For
the lowest-resource languages, the ceiling is do-
main mismatch, not model capacity.

Limitations

Our system is a cascade: errors in the Spanish
captions propagate into translation with no recov-
ery mechanism. Because most ablations hold the
Spanish captions fixed and vary only the translation
stage, they likely underestimate the contribution of
the visual captioning model to final performance.

A second limitation is the use of development
examples as in-context exemplars. These exam-
ples are useful for matching the expected caption
register, especially when little caption-style target-
language data is available, but they can also inflate
development-set scores when exemplar selection
and evaluation draw from the same small pool. We
therefore use dev-assisted results primarily primar-
ily model-selection and submission-configuration.
A more rigorous and comprehensive evaluation
would report held-out or cross-split dev results.

Finally, evaluation relies primarily on chrF++,
which is useful for low-resource and morpholog-
ically rich languages but cannot fully capture flu-
ency, cultural appropriateness, or naturalness for
native speakers. Although the shared task includes
human evaluation for finalist systems, our ablations
include no native-speaker evaluation.
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Appendix

Here, we provide additional data for validation of
our method versus various ablations with particu-
lar focus on alternative prompts for various target
languages and the r, d grid search. In the following
sections, we give tables of alternative prompts and
performance at different r, d pairs for each target
language.

Alternative Prompts
Table 5 yields the prompts that we utilize in our
ablations and the prompts present in our final sub-
mission for each target language as indicated in the
Standing column. The Language(s) column shows
which languages the prompt applies to.

r, d Hyperparameter Search
We frequently refer to a search for optimal r and
d retrieval hyperparameters in the main body of
this paper but reserve detailed communication of
the sweep for this appendix due to the number
of configurations we consider. For the Gemini
2.5 Flash MT architecture and for each target lan-
guage, we partially sweep a grid consisting of
r, d pairs such that r ∈ {0, 10, 20, 40, 80} and
d ∈ {0, 10, 20, 30, 40, 49}. Table 6 reports the
chrF++ scores for the final captioning pipeline for
each combination of r and d tested for each target
language.
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Short Desc. Description Prompt URL(s) Standing Language(s)

Captioning Prompts for VLM in first stage
of captioning pipeline.

v1_submission/guarani_caption_prompt.txt Final All

Many-Shot Includes r and d in-context ex-
emplars from previous parallel
text corpora and from the dev
set, respectively.

v1_submission/<target>_system_prompt.txt Final All

Morph. Bribri Accounts for Bribri target’s mor-
phological complexity. Por-
tion shown appended to general
prompt.

v1_submission/bribri_system_prompt.txt Final Bribri

Wixárika Gloss. v2 Provides definitions for cul-
turally situated nouns in the
Wixárika language.

wixarika/caption_es_wixarika_v2.txt Ablation Wixárika

Wixárika Gloss. v3 Provides definitions for cul-
turally situated nouns in the
Wixárika language.

wixarika/caption_es_wixarika_v3.txt Ablation Wixárika

Table 5: Prompts we utilize in our ablations and final submission for each of the target languages. The Standing
column indicates whether a prompt is an Ablation or part of our Final submission. The final Language(s) column
indicates what languages the prompt applies to.
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Bribri

Language Retrieval (r) Dev Exemplars (d) Notes chrF++

Bribri 80 20 Uses Morphological Bribri prompting and NFD-
normalization.

19.99

Bribri 80 20 Uses Regular Prompting. 11.50
Bribri 40 20 ... 11.41
Bribri 10 10 ... 11.41
Bribri 20 20 ... 11.16
Bribri 20 10 ... 10.95
Bribri 40 10 ... 10.95
Bribri 10 10 ... 10.63
Bribri 80 10 ... 10.17
Bribri 80 0 ... 6.53
Bribri 40 0 ... 5.93
Bribri 20 0 ... 5.30
Bribri 10 0 ... 4.75

Guaraní

Language Retrieval (r) Dev Exemplars (d) Notes chrF++

Guaraní 40 49 Includes synthetic exemplars. Not submitted
because ablation was incomplete at submission
deadline.

51.34

Guaraní 40 20 ... 48.38
Guaraní 80 49 Includes synthetic exemplars. 48.24
Guaraní 80 20 ... 42.61
Guaraní 0 49 ... 20.80

Orizaba Nahuatl

Language Retrieval (r) Dev Exemplars (d) Notes chrF++

Orizaba Nahuatl 40 20 – 25.67
Orizaba Nahuatl 40 10 – 25.59
Orizaba Nahuatl 80 20 – 25.25
Orizaba Nahuatl 80 10 – 25.16
Orizaba Nahuatl 20 20 – 24.16
Orizaba Nahuatl 20 10 – 23.91
Orizaba Nahuatl 40 0 – 16.56
Orizaba Nahuatl 80 0 – 16.37
Orizaba Nahuatl 20 0 – 15.61

Wixárika

Language Retrieval (r) Dev Exemplars (d) Notes chrF++

Wixárika 40 20 – 18.99
Wixárika 40 10 – 17.74
Wixárika 20 20 – 17.56
Wixárika 80 10 – 17.48
Wixárika 80 20 – 17.13
Wixárika 20 10 – 16.81
Wixárika 40 0 – 16.59
Wixárika 80 0 – 16.25
Wixárika 20 0 – 13.80

Yucatec Maya

Language Retrieval (r) Dev Exemplars (d) Notes chrF++

Yucatec Maya – 49 Fixes r = 0 for lack of retrieval exemplars. 26.29
Yucatec Maya – 20 ... 26.29
Yucatec Maya – 40 ... 25.07
Yucatec Maya – 30 ... 25.05
Yucatec Maya – 0 Fixes r = 0 for lack of retrieval exemplars. At

d = 0, the model receives no signal from the
target language.

20.25

Table 6: Dev chrF++ results across languages for the proposed system. (...) Indicates previous Notes column entry
applies. (–) Indicates no Notes. Bold entries ChrF++ column are submission scores for each target language.
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Abstract

We describe our system for the AmericasNLP
2026 Shared Task on Cultural Image Caption-
ing for Indigenous Languages of the Americas.
Our post-training pipeline starts from Aya Vi-
sion 32B: the vision-language model is first
fine-tuned on machine translation data from
prior AmericasNLP shared tasks and then fur-
ther fine-tuned on the cultural Image Caption-
ing data. This approach uses translation as an
intermediate training task, while the final sys-
tem produces captions directly in the requested
Indigenous language rather than translating a
Spanish caption afterward. Our experiments
show that machine translation fine-tuning is
an important initialization step. The resulting
fine-tuned vision-language model also shows
translation capabilities for the languages con-
sidered in this work. In addition, our zero-shot
GPT-5.5 submission ranks first in the Maya lan-
guage track under the official human-evaluation
stage. 1

1 Introduction

The AmericasNLP 2026 shared task studies cul-
tural Image Captioning for Indigenous languages
of the Americas (Bui et al., 2026). Given an image
and a requested language, a system must produce a
caption that is both visually grounded and appro-
priate for the linguistic and cultural setting. This
is challenging because many of these languages
have little or no representation in the data used to
pretrain current large language models (LLMs) and
vision-language models (VLMs). It is also chal-
lenging because the shared task provides only a
small set of image-caption pairs, so caption-only
fine-tuning has relatively few examples to learn
from.

At the same time, the AmericasNLP community
has built machine translation resources for several

1Project code is available at https://github.com/
ludolara/americasnlp2026

Indigenous languages of the Americas across pre-
vious shared tasks (Mager et al., 2021; Ebrahimi
et al., 2022, 2023, 2024; De Gibert et al., 2025).
These resources do not teach a model to ground
language in images, but they do provide substan-
tially more examples of how to generate text in
the relevant languages. This suggests a transfer
strategy: before asking a VLM to caption images,
first fine-tune it on bilingual translation data so it
learns to produce text in the relevant Indigenous
languages.

We implement this strategy with a multi-stage
supervised fine-tuning pipeline. We use Aya Vi-
sion 32B, a VLM, as the backbone (Dash et al.,
2025). We first perform supervised fine-tuning
for machine translation, SFT (MT), on Spanish–
Indigenous bilingual text. We then further fine-tune
the same model on the cultural Image Captioning
(IC) data, SFT (IC), so that the final system gener-
ates captions directly in the requested Indigenous
language instead of first producing a Spanish cap-
tion and translating it afterward. All stages use
Low-Rank Adaptation (LoRA) (Hu et al., 2022).
We also test reinforcement learning with verifiable
rewards for machine translation, RLVR (MT), after
SFT (MT), but find that it provides smaller and less
consistent gains than the supervised transfer step.

Our experiments support the main motivation
for the pipeline: caption fine-tuning works better
when it starts from the translation-tuned model. In
addition, the same fine-tuned VLM can produce
useful translation candidates for these languages
under reference-based oracle candidate selection.
We also evaluate a zero-shot direct Image Caption-
ing submission with GPT-5.5 (OpenAI, 2026) as
a frontier-model comparison, which ranks first in
the Maya track under the official human-evaluation
stage. Figure 1 summarizes our two submission
routes: the fine-tuned Aya Vision pipeline and the
separate GPT-5.5 zero-shot direct Image Caption-
ing submission.
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Aya Vision 32B
(VLM)

SFT
(Machine

Translation)

Optional RLVR
(Machine

Translation)

SFT
(Image

Captioning)

Direct Image
Captioning

in Indigenous
language

Spanish–Indigenous
Machine Trans-

lation data
Image Captioning
development set

GPT-5.5
(Zero-Shot)

Direct Image Captioning
in Indigenous language

Figure 1: Overview of our Image Captioning systems. The main pipeline adapts Aya Vision 32B through supervised
fine-tuning on Spanish–Indigenous machine translation data, optional RLVR on the same task, and supervised
fine-tuning on the Image Captioning development set. The lower branch shows our separate GPT-5.5 zero-shot
submission. Both systems generate captions directly in the target Indigenous language.

Our contributions are as follows:

1. We present a multi-stage post-training
pipeline for cultural Image Captioning in In-
digenous languages of the Americas, using
machine translation fine-tuning as an interme-
diate training stage before image-captioning
fine-tuning.

2. We show that the same translation-tuned VLM
can produce useful translation candidates for
the overlapping Indigenous languages under
reference-based oracle candidate selection.

3. We include a separate zero-shot GPT-5.5 di-
rect Image Captioning submission, which
reaches the strongest human-evaluation result
for the Maya track under the official shared-
task evaluation.

2 Related Work

AmericasNLP shared tasks. Across the 2021,
2022, 2023, 2024, and 2025 editions, the Ameri-
casNLP shared tasks (STs) evolve from an open
machine translation benchmark into a broader suite
of tasks for Indigenous languages of the Americas
(Mager et al., 2021; Ebrahimi et al., 2022, 2023,
2024; De Gibert et al., 2025). The 2021 ST es-
tablished the benchmark with two tracks, ten lan-
guages, official baselines, and large improvements
over baseline for many languages (Mager et al.,
2021). The 2022 competition expanded the scope
to speech by adding automatic speech recognition
and speech-to-text translation alongside text-based
machine translation, covering Bribri, Guaraní,
Kotiria, Wa’ikhana, and Quechua (Ebrahimi et al.,
2022). The 2023 edition returned the focus to

machine translation but expanded the benchmark
to eleven language pairs, added a new Chatino–
Spanish evaluation set from the legal domain, and
complemented automatic ranking with human eval-
uation (Ebrahimi et al., 2023). The 2024 findings
emphasize a harder competitive setting: organizers
released strong Sheffield and Helsinki baselines
from 2023 and a repository of prior shared task
training data, yet improvements over the best base-
line were observed for only a subset of languages
(Ebrahimi et al., 2024). The 2025 STs broadened
the scope beyond machine translation to include
educational-material creation and translation met-
rics, showing a shift from pure text-to-text transla-
tion toward a wider range of community-relevant
language technologies (De Gibert et al., 2025).

This trajectory is directly relevant to our set-
ting. First, the findings papers repeatedly show
that progress depends on assembling, reusing, and
extending scarce bilingual and speech resources
(Mager et al., 2021; Ebrahimi et al., 2022, 2023,
2024). Second, they show that stronger base-
lines and human evaluation matter, because auto-
matic gains alone do not fully characterize quality
for low-resource Indigenous-language generation
(Ebrahimi et al., 2023, 2024; De Gibert et al., 2025).
The AmericasNLP 2026 shared task on cultural
image captioning extends this line of work from
text-to-text translation to visually grounded genera-
tion.

LLMs for Indigenous-language translation.
Results from the AmericasNLP 2025 ST system
papers do not provide strong evidence that off-
the-shelf LLM-based methods are strong direct
generators in the Spanish-to-Indigenous direction.
Yahan and Islam (2025) report that NLLB-200
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Table 1: Image Captioning test chrF++ results using the automatic evaluation metric. Maya was included only in v3,
which corresponds to the GPT-5.5 zero-shot submission and was not produced by our fine-tuned image-captioning
method. Versions v0 and v2 use the same training recipe, but correspond to different checkpoints.

Version Submission Overall Bribri Guaraní Nahuatl Wixárika Maya

v0 SFT (MT) + SFT (IC) 17.398 11.728 19.634 19.421 18.811 –
v2 SFT (MT) + SFT (IC) 17.599 11.309 19.417 20.655 19.013 –
v1 SFT (MT) + RLVR (MT) + SFT (IC) 17.341 10.886 19.772 19.853 18.853 –
v3 GPT-5.5 (Zero-Shot) 12.812 4.555 12.804 19.725 10.984 15.993

outperforms LLaMA 3.1 and XGLM in Track 1,
while Hus et al. (2025) use an LLM as a post-
correction component and report stronger gains in
the Indigenous-to-Spanish direction. Together with
the official findings, these results motivate our set-
ting: rather than treating a large generative model
as a strong zero-shot translator, we study whether
targeted supervised fine-tuning can make it a better
generator for low-resource Indigenous languages
(De Gibert et al., 2025) without intermediate Span-
ish translations.

Intermediate-task fine-tuning from translation
to Image Captioning. Transfer learning in NLP
commonly uses knowledge from one task, domain,
or dataset to improve adaptation to another setting
(Ruder et al., 2019). A more specific version of
this idea is intermediate-task fine-tuning, where a
pretrained model is first fine-tuned on an additional
supervised task before being adapted to the final
target task (Phang et al., 2018). We use this frame-
work as methodological motivation rather than as
direct evidence for our specific task combination.
In our setting, machine translation serves as the
intermediate task: it exposes the model to sub-
stantially more Spanish–Indigenous text and target-
language generation examples before the model is
fine-tuned on the much smaller Image Captioning
data. This stage does not teach visual grounding.
Instead, it is intended to improve the model’s ability
to generate text in the target Indigenous languages,
while the subsequent Image Captioning fine-tuning
stage teaches the model to connect visual inputs
with concise target-language descriptions.

3 Shared Task and Data

3.1 Shared Task and Baseline

The shared task requires generating one caption for
each input image in the requested Indigenous lan-
guage. We treat this as direct image-to-Indigenous-
text generation: the model is trained to produce
the final caption itself, rather than first generat-
ing a Spanish caption and translating it afterward.

Compared with generic image captioning, this task
combines visual grounding with low-resource lan-
guage generation. Further details on the shared
task evaluation protocol are provided in the official
findings paper (Bui et al., 2026).

The baseline for the ST follows the generate-
then-translate pipeline where a caption is gener-
ated in Spanish using the Qwen3-VL-8B-Instruct
VLM and then translated into the target language
using a NLLB-200 model trained for that language.
The latter stage uses the approach proposed by the
winner of the AmericasNLP 2023 ST on MT (Gow-
Smith and Sánchez Villegas, 2023).

3.2 Image Captioning Data

The development set consists of 250 labeled im-
ages, with 50 examples for each of Bribri, Guaraní,
Yucatec Maya, Nahuatl, and Wixárika. We refer to
Yucatec Maya as Maya in the result tables for com-
pactness. We also use Nahuatl as a compact label
for the shared-task Nahuatl track; where relevant,
Appendix C preserves the Orizaba Nahuatl label
used by the example IDs. Teams were allowed to
train with the development set. The test set used to
rank the submissions of the ST contains 267 Bribri
images, 101 Guaraní images, 212 Yucatec Maya
images, 200 Nahuatl images, and 201 Wixárika
images.

3.3 Machine Translation Data

We restrict the translation data to the four overlap-
ping languages: Bribri (bzd), Guaraní (grn), Nahu-
atl (nah), and Wixárika (hch). For Nahuatl, we
use the available data from previous AmericasNLP
shared tasks. We note that this data is not specifi-
cally labeled as Orizaba Nahuatl. Each training ex-
ample contains Spanish text, Indigenous-language
text, a language name, and a language code. The
dataset is prepared by labeling these pairs bidi-
rectionally so the model sees both Spanish-to-
Indigenous and Indigenous-to-Spanish translation
prompts.

The primary resources we use include Axolotl
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Table 2: Per-language chrF++ on the internal development subset for Image Captioning systems.

System Overall Bribri Guaraní Nahuatl Wixárika

None 6.053 2.077 7.688 6.836 6.687
SFT (IC) 14.589 11.570 15.714 15.444 14.848
SFT (MT) + SFT (IC) 19.313 11.457 22.143 17.149 22.602
SFT (MT) + RLVR (MT) + SFT (IC) 19.805 11.508 23.767 16.982 22.496

for Spanish–Nahuatl (Gutierrez-Vasques et al.,
2016), a Wixárika resource derived from work on
morphological segmentation (Mager et al., 2018),
a Guaraní–Spanish parallel corpus (Chiruzzo et al.,
2020), and a Bribri back-translation resource (Feld-
man and Coto-Solano, 2020). We also use addi-
tional data from the AmericasNLP 2025 ST1 lan-
guage pairs, following the shared-task setup de-
scribed by De Gibert et al. (2025); these additions
are linked to Helsinki-NLP’s earlier shared-task
work (De Gibert et al., 2023).

4 System Overview

Our system is based on Aya Vision 32B (Dash et al.,
2025), an open-weight multilingual multimodal
model designed for image understanding, image
captioning, visual question answering, text genera-
tion, and translation across 23 languages. Its open
weights make it suitable for efficient fine-tuning on
vision-language alignment tasks.

We use the same base model for translation and
image captioning. The complete pipeline has three
possible stages: SFT (MT), supervised fine-tuning
for machine translation; optional RLVR (MT), re-
inforcement learning with verifiable rewards for
machine translation; and SFT (IC), supervised fine-
tuning for image captioning. The strongest and
simplest configuration in our development experi-
ments is SFT (MT) followed by SFT (IC).

4.1 Supervised Fine-Tuning (Machine
Translation)

The first stage uses supervised fine-tuning on bilin-
gual text with Aya Vision 32B. Each example is
formatted as an instruction-style chat prompt, with
the target sentence used as the assistant response.
Training is bidirectional, so the model learns both
Spanish-to-Indigenous and Indigenous-to-Spanish
generation. The machine translation prompt tem-
plate is listed in Appendix B.

4.2 Supervised Fine-Tuning (Image
Captioning)

The second stage fine-tunes the model using the
image captioning development set. Each sample
provides an image and a target language, and the
model learns to produce a caption directly in that
language. Our approach skips intermediate transla-
tion and generates the final caption directly in the
requested Indigenous language.

The image captioning prompt is intentionally
simple. We avoid long explanations and multi-step
instructions to minimize prompt engineering. The
Spanish prompt asks for a single culturally appro-
priate caption in the target language and instructs
the model not to include explanations. The image
captioning prompt template is listed in Appendix B.

4.3 Reinforcement Learning with Verifiable
Rewards (Machine Translation)

We also evaluate RLVR (MT) after SFT (MT). In
this stage, we use the Group Relative Policy Op-
timization (GRPO) algorithm (Shao et al., 2024)
for optimization. For the automated candidate-
selection procedure used in these experiments, we
use sentence-level chrF++ to select high-scoring
translations from multiple sampled candidates. In
our development experiments, this stage gives a
small overall improvement but the gains are not
consistent across languages. We therefore treat
RLVR (MT) as an exploratory ablation rather than
as the central contribution of the system.

4.4 Zero-Shot Direct Image Captioning with
GPT-5.5

In addition to the fine-tuned Aya Vision systems,
we submitted a zero-shot direct Image Captioning
run with GPT-5.5 (OpenAI, 2026). For each exam-
ple, we provided the image and requested target
language, and asked the model to generate the final
caption directly in that language. This run does
not use our machine-translation fine-tuning stage,
RLVR, or image captioning fine-tuning, and it does
not follow a generate-then-translate pipeline. We
include it as an exploratory frontier-VLM com-
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Table 3: Official human-evaluation results for our submissions. Mean Rating is the official average human-evaluation
score reported by the organizers, based on 1–5 human ratings where higher is better. When multiple annotators
rated the same example, their scores were averaged per example before computing the final mean. N Ratings and N
Images reproduce the counts reported in the official results. Points follow the shared-task overall ranking rule: 5
points for first place, 4 for second, 3 for third, 2 for fourth, and 1 for fifth.

Language Version Submission Rank N Ratings N Images Mean Rating

Bribri v0 SFT (MT) + SFT (IC) 4 320 267 1.994
Guaraní v1 SFT (MT) + RLVR (MT) + SFT (IC) 5 228 101 1.764
Maya v3 GPT-5.5 (Zero-Shot) 1 212 212 3.203
Nahuatl v2 SFT (MT) + SFT (IC) 3 200 200 1.560
Wixárika v2 SFT (MT) + SFT (IC) 5 201 201 2.210

Overall human-evaluation ranking 4 Total points: 12

parison, especially for Yucatec Maya, which is in-
cluded in the shared task but not covered by our
translation-initialized Aya Vision submissions. The
exact prompt and inference details are listed in Ap-
pendix B.2.

5 Experimental Setup

5.1 Image Captioning Evaluation

We evaluate Image Captioning with chrF++
(Popović, 2017). Following the shared-task setting,
we train SFT (IC) with the development set. To
select the best candidate system before submission,
we hold out a 20-example subset from the develop-
ment data for internal model selection. This subset
contains 5 examples per evaluated language: Bribri,
Guaraní, Nahuatl, and Wixárika, corresponding to
10% of the 50 development examples available
for each language. Because this model-selection
subset is small, scores on it should be interpreted
cautiously. We list the selected example IDs in
Appendix C.

5.2 Machine Translation Evaluation

For translation, we evaluate the SFT (MT) and SFT
(MT) + RLVR (MT) models on the AmericasNLP
machine translation test split originally introduced
in the 2021 shared task. Based on the later findings
papers and shared task data releases, we believe
this is the same test set that continued to be used in
subsequent AmericasNLP machine translation eval-
uations for the overlapping languages (Mager et al.,
2021; Ebrahimi et al., 2024; De Gibert et al., 2025).
We report chrF++ for Spanish-to-Indigenous and
Indigenous-to-Spanish directions.

All translation results use best-of-100 candidate
selection under sentence-level chrF++ against the
reference. We report chrF++ on the shared test set,
but because candidate selection uses the reference,
this setting should be interpreted as a reference-

based oracle candidate-quality analysis rather than
as single-output interactive translation.

5.3 Baselines and Comparisons

For image captioning, our main internal com-
parison is a step-by-step ablation of the training
pipeline. We begin with the simplest setting, where
Aya Vision is trained only on the image-captioning
data. We then add translation fine-tuning before
image-captioning training, so the model enters the
captioning stage with stronger target-language gen-
eration ability. Finally, we test whether inserting
the reward-based translation stage between transla-
tion fine-tuning and captioning provides any addi-
tional benefit.

For translation, we compare against reported
AmericasNLP 2025 systems where the language
and test-set overlap is available. Because our re-
sults use reference-based best-of-100 candidate se-
lection, this comparison should be read as contex-
tual rather than as a strict interactive MT leader-
board comparison. In particular, we are interested
in whether SFT (MT) can move a large generative
model from weak off-the-shelf behavior toward
useful candidate generation for these languages.

6 Results

6.1 Image Captioning Results

Table 1 reports the main shared task results on the
test set. Under the official automatic metric, v2
is the strongest fine-tuned Aya Vision submission
overall, with 17.599 chrF++ averaged over Bribri,
Guaraní, Nahuatl, and Wixárika. The RLVR-based
v1 submission is slightly lower overall, which is
consistent with our interpretation that RLVR (MT)
is exploratory and does not provide consistent gains
in this setting.

Table 2 reports chrF++ on the 20-example de-
velopment subset. On this subset, the two systems
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are close overall: SFT (MT) + SFT (IC) reaches
19.313 chrF++, while SFT (MT) + RLVR (MT) +
SFT (IC) reaches 19.805. The per-language pat-
tern is mixed: RLVR (MT) improves Bribri and
Guaraní slightly, while Nahuatl and Wixárika are
slightly lower.

Table 3 reports our official human-evaluation
results. Our fine-tuned Aya Vision submissions
reach the human-evaluation stage for all four
languages covered by our translation-initialized
pipeline: Mila ranks fourth for Bribri, fifth for
Guaraní, third for Nahuatl, and fifth for Wixárika.
Our separate zero-shot GPT-5.5 submission ranks
first for Maya, which is the only language for which
v3 was used in the official human-evaluation stage.
Under the shared-task point system, Mila ranks
fourth overall with 12 points. This result suggests
that a frontier VLM can be a strong direct caption
generator for Maya in this shared-task setting, even
without our task-specific fine-tuning pipeline. How-
ever, this result should be interpreted alongside the
automatic chrF++ results, where the GPT-5.5 Maya
submission does not rank first. Since GPT-5.5 is
a closed model, we cannot determine whether its
pretraining or instruction tuning included Maya
data.

6.2 Machine Translation Results
Table 4 compares our SFT (MT) model with
selected AmericasNLP 2025 systems for over-
lapping languages. Because our SFT rows use
reference-based best-of-100 candidate selection,
they should be interpreted as reference-based
oracle-selected candidate-quality scores rather than
as single-output interactive translation results. In
the Spanish-to-Indigenous direction, SFT (MT) re-
mains below the reported multilingual baseline for
most overlapping languages. However, it reaches
the same broad range as several submitted systems,
especially for Bribri, Wixárika, and Nahuatl. In
the Indigenous-to-Spanish direction, the reference-
based oracle-selected SFT candidates obtain strong
chrF++ scores across all four languages. These
results suggest that targeted supervised fine-tuning
can make a large generative model produce useful
candidate translations for these languages, while
also showing that fairer comparisons require direct
single-candidate generation rather than oracle se-
lection. Appendix A reports qualitative translation
examples for both translation directions (Tables 7
and 8) and sentence-level chrF++ score distribu-
tions (Figure 2).

Table 4: Comparison with selected AmericasNLP 2025
translation systems using chrF++ for overlapping lan-
guages. Our SFT rows use best-of-100 reference-
based candidate selection and should be interpreted
as reference-based oracle-selected candidate-quality
scores, not as single-output interactive translation re-
sults. Bold values indicate the best performance, while
underlined values indicate the second-best performance.

System BZD GRN HCH NAH

SPA→XXX

Baseline 25.52 35.68 28.26 22.42
GMU 22.51 29.95 26.14 20.33
Syntax Squad 22.77 16.21 26.77 12.64

SFT (MT) 24.22 29.39 27.69 26.39
SFT (MT) + RLVR (MT) 24.31 29.46 27.83 26.52

XXX→SPA

Baseline 30.14 35.91 26.33 26.36
GMU 27.86 33.84 24.37 25.58
Syntax Squad 26.22 24.70 22.02 13.88

SFT (MT) 33.45 38.17 30.14 31.95
SFT (MT) + RLVR (MT) 33.42 38.29 30.18 31.73

Table 5: Image Captioning pipeline ablation on the
20-example internal development subset. Rows incre-
mentally add SFT (IC), SFT (MT), and RLVR (MT). ∆
is measured against the previous row.

System chrF++ ∆

No SFT 6.053 –
SFT (IC) 14.589 +8.536
SFT (MT) + SFT (IC) 19.313 +4.724
SFT (MT) + RLVR (MT) + SFT (IC) 19.805 +0.492

6.3 Pipeline Ablation

Table 5 makes the main pipeline ablation ex-
plicit. Starting from no supervised fine-tuning, SFT
(IC) gives the largest improvement in chrF++ on
the internal development subset, reaching 14.589.
Adding SFT (MT) before SFT (IC) further im-
proves the score to 19.313, and adding RLVR (MT)
gives a smaller additional gain to 19.805.

This ablation clarifies the role of each compo-
nent. The largest single contribution comes from
SFT (IC), which teaches the model the image
captioning task. SFT (MT) remains useful as a
language-generation initialization for the Indige-
nous languages, while RLVR (MT) has the smallest
incremental effect in this setup.

7 Conclusion

We presented a multi-stage supervised fine-tuning
approach to cultural Image Captioning for Indige-
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nous languages of the Americas. Instead of relying
only on scarce image captioning supervision, we
first run SFT (MT) with Spanish–Indigenous trans-
lation data and then run SFT (IC). Development
experiments show that SFT (MT) provides a useful
initialization in our internal model-selection set-
ting: SFT (IC) from the base model is much weaker
than SFT (IC) from the SFT (MT) model. We also
show that the same fine-tuned VLM can produce
useful translation candidates for the overlapping
languages under reference-based oracle candidate
selection.

Under the official human-evaluation stage, our
submissions rank in the top five for each submitted
language, and our zero-shot GPT-5.5 run ranks first
in the Maya language track under the same protocol.
More broadly, our results suggest that low-resource
cultural image captioning in this setting is not only
a multimodal grounding problem but also a target-
language generation problem. Translation data can
therefore serve as a practical bridge toward mul-
timodal generation in low-resource settings: SFT
(MT) improves sample efficiency for image cap-
tioning because it teaches the model to produce
stable text in the target Indigenous language, while
SFT (IC) teaches the model to connect that lan-
guage to the image. When image-caption supervi-
sion is scarce but bilingual text exists, translation
fine-tuning can be an effective initialization.

Limitations

Our image captioning evaluation is limited by
the small size of the internal development subset.
Twenty examples are useful for internal model se-
lection, but they cannot fully characterize perfor-
mance across images, cultures, and linguistic forms.
The shared task description allowed participants to
use the development set for training, and we follow
that setting.

Our translation results use best-of-100 candidate
selection with reference-based chrF++ scoring. Al-
though this uses the machine translation test set
and chrF++, it is not the same as interactive trans-
lation: in real use, the system would not have the
reference translation available when choosing an
output. These scores should therefore be read as
reference-based oracle-selected candidate-quality
results.

The system is also limited by automatic eval-
uation. chrF++ is useful for low-resource trans-
lation and image captioning, but it cannot deter-

mine whether a caption is culturally appropriate
or whether a translation is acceptable to speakers.
Future work should include evaluation by language
experts and community members.

Finally, the model may produce incorrect, of-
fensive, or culturally inappropriate outputs. We
do not recommend deployment without careful hu-
man review, community consultation, and safety
procedures appropriate for each language context.

Ethical Considerations

Work on Indigenous languages requires care be-
cause language data is connected to communities,
identity, and cultural knowledge. A model that gen-
erates text in an Indigenous language should not be
presented as a replacement for speakers, translators,
teachers, or community institutions. Our goal is
to study supervised fine-tuning and reinforcement
learning methods and provide a technical system
for shared task evaluation, not to claim authority
over language use.

The cultural image captioning setting also raises
questions about what visual content should be de-
scribed and how. Captions may encode cultural
assumptions, and automatic systems can easily pro-
duce descriptions that are linguistically plausible
but culturally wrong. Any real use of such a model
should involve community-centered evaluation and
control over data, outputs, and deployment con-
texts.
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Maja Popović. 2017. chrF++: Words helping charac-
ter n-grams. In Proceedings of the Second Confer-
ence on Machine Translation, pages 612–618, Copen-
hagen, Denmark. Association for Computational Lin-
guistics.

Sebastian Ruder, Matthew E. Peters, Swabha
Swayamdipta, and Thomas Wolf. 2019. Transfer
learning in natural language processing. In Proceed-
ings of the 2019 Conference of the North American
Chapter of the Association for Computational
Linguistics: Tutorials, pages 15–18, Minneapo-
lis, Minnesota. Association for Computational
Linguistics.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu,
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan
Zhang, Y. K. Li, Y. Wu, and Daya Guo. 2024.
DeepSeekMath: Pushing the limits of mathemati-
cal reasoning in open language models. Preprint,
arXiv:2402.03300.

Mahshar Yahan and Mohammad Islam. 2025. Lever-
aging large language models for Spanish-indigenous
language machine translation at AmericasNLP 2025.
In Proceedings of the Fifth Workshop on NLP for
Indigenous Languages of the Americas (Americas-
NLP), pages 126–133, Albuquerque, New Mexico.
Association for Computational Linguistics.

A Machine Translation Examples

Tables 7 and 8 show qualitative examples for both
translation directions. Within each direction and
language block, rows are ordered from a high-
scoring example to an approximately average ex-
ample and then a low-scoring example according
to sentence-level chrF++. Figure 2 shows the corre-
sponding sentence-level chrF++ score distributions
for both translation directions and the four overlap-
ping languages.

B Training Details and Prompts

All local experiments use Aya Vision 32B as the
base model. We keep the base model frozen and
train only LoRA parameters, using LoRA rank 32
and LoRA alpha 64. Both SFT (MT) and SFT (IC)
use a learning rate of 2× 10−5, a linear scheduler,

and a warmup ratio of 0.03. SFT (MT) is config-
ured for 60 epochs with batch size 32 and gradient
accumulation 1, but early stopping terminates train-
ing after 6.80 epochs. SFT (IC) is configured for 10
epochs with batch size 1 and gradient accumulation
1, with the selected checkpoints obtained after 9
epochs, initialized either from Aya Vision 32B or
from the SFT (MT) checkpoint depending on the
experiment.

B.1 Fine-Tuning Prompt Templates

For SFT (MT), each bilingual training example
uses the following instruction-style prompt, and the
target sentence is used as the assistant response:

Traduce del <source language> al <target
language>.

For SFT (IC), each image-captioning example
uses the following Spanish prompt:

Escribe un solo pie de foto en {language}
para esta imagen. Debe ser una
descripción culturalmente adecuada de la
imagen. Responde solo con el pie de foto
en {language}, sin explicaciones.

B.2 GPT-5.5 Zero-Shot Prompt and Technical
Details

For the GPT-5.5 submission (v3), we used direct
zero-shot Image Captioning through the OpenAI
Responses API. Each input consisted of one im-
age and a target language. We did not provide
in-context examples, reference captions, interme-
diate Spanish captions, or translation outputs. The
instruction string was:

You create image captions for an
AmericasNLP submission. The target
language is specified in the user prompt.
Answer with exactly one caption and no
surrounding text.

The user prompt template was:

Look at the image and write one concise,
culturally appropriate caption directly
in {language} (ISO {iso_lang}). Do not
write in Spanish or English. Do not
include labels, explanations, markdown,
quotation marks, or translations.
Return only the final caption in
{language}.

We used model gpt-5.5, reasoning effort
medium, image detail high, and maximum output
tokens 4096. We generated one caption per im-
age. No supervised fine-tuning, RLVR, or multi-
candidate reranking was used for this run.
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C Internal Development Subset IDs

The internal Image Captioning development subset
contains 20 examples, selected as 10% of the devel-
opment set with 5 examples per language and seed
42. The IDs are listed in Table 6 for reproducibility.

Table 6: Internal development subset example IDs.

Language IDs

Bribri bzd_040, bzd_007, bzd_001, bzd_047, bzd_017
Guaraní grn_016, grn_015, grn_009, grn_048, grn_007
Orizaba Nahuatl nlv_045, nlv_049, nlv_036, nlv_006, nlv_039
Wixárika hch_048, hch_023, hch_022, hch_026, hch_034

Figure 2: Distribution of sentence-level chrF++ scores
on the machine translation test set for both translation
directions and the four overlapping languages. These
distributions complement the aggregate scores in Ta-
ble 4 by showing the spread of reference-based oracle-
selected candidate quality across examples.

233



Table 7: Qualitative translation examples from the SFT (MT) + RLVR (MT) model for the XXX→SPA direction.
Within each language block, rows are ordered from a high-scoring example to an approximately average example
and then a low-scoring example according to sentence-level chrF++.

chrF++ Language Source Reference Model translation

100.00 Bribri Sa’ ù bak tkër kãmîx káx íxẽ
tã.

Nuestra casa estaba lejos de este
lugar.

Nuestra casa estaba lejos de este
lugar.

35.26 Bribri Îxñẽ káxm ye’ dö, e’ wa tã
káxm se’ i sãũ.

Hoy no he ido, así que no lo he
visto.

Pues por ahora yo todavía no lo he
visto, después algún momento lo
veré.

17.88 Bribri Ie’ bak kèq klòqnẽ tã irir
sãwîx ie.

Ella era increíblemente vulnerable. Ella no había venido desde ese en-
tonces.

100.00 Guaraní Kennedy oñe’ê umi pilo-
tokuéra ndive.

Kennedy habló con los pilotos. Kennedy habló con los pilotos.

40.79 Guaraní Ndaikuaaái ha’épa oipota
umimarandu ñesê rehegua ar-
avo.

No sabía si él quería información
sobre los horarios de viaje.

No está claro si quería la infor-
mación sobre el plazo de pre-
sentación.

18.84 Guaraní Nameméi añemonde porâ. No me pongo ropa de vestir a
menudo.

No me dejes en la oscuridad.

100.00 Wixárika waik+, waik+ Locust Hill. No, no Locust Hill. No, no Locust Hill.
30.66 Wixárika m+k+ peuku yeix+a,

p+reuyepi kitenie nepa eriwa
nemana kunierix+ metá nepei
xei kem+raka eriekai, tsiere
nepeixei mey+ h+awekai.

Él vino, abrió la puerta y recuerdo
mirar atrás y ver la expresión de
su rostro, y pude ver que estaba
decepcionado.

El joven se puso de pie, lo pegó en
la puerta de su habitación, y fue a
ver que estaba allí, y fue a ver que
estaba en un sueño.

17.54 Wixárika aix+ nuereu erie ena aimieme
kwanetsi nake.

Me siento bastante seguro aquí y
por eso me gusta.

En las orillas estaba una serpiente
inmensa y negra.

100.00 Nahuatl Fuerza Aerea quicohqui 18
aviones

La Fuerza Aérea compró 18
aviones.

La Fuerza Aérea compró 18
aviones.

32.37 Nahuatl Coneme quiiqueh ce achi
campán

Los niños bebieron un poco de
champán.

Ellos quieren tocar un poco de cam-
pana.

12.40 Nahuatl Ya nelpano eltoya yolquentzi Ella era increíblemente vulnerable. Pero ya viene mi madre, no los mo-
lestes.
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Table 8: Qualitative translation examples from the SFT (MT) + RLVR (MT) model for the SPA→XXX direction.
Within each language block, rows are ordered from a high-scoring example to an approximately average example
and then a low-scoring example according to sentence-level chrF++.

chrF++ Language Source Reference Model translation

86.70 Bribri Viví en Texas. Ye’ sèxnẽ Texas. Ye’ sèxnẽ Texas árô.
25.00 Bribri Siempre disfrutaba es-

cuchando las historias de mi
abuela.

Wake’ ye’ wîxke káxpake e’ tsèke
yö bua’ë.

Ye’ ãmìx tso’ e’ tö ye’ wã míxköla
i chèke e’ tsáx.

11.81 Bribri El diseño era horrible I dióqköl bak sulû ichóqk. I mîxk sa’ dör kóqyoq.

100.00 Guaraní Vivían en Atlanta. Oikova’ekue Atlanta-pe. Oikova’ekue Atlanta-pe.
30.27 Guaraní Me dijo que era urgente. He’i chéve pya’eva’erâha. He’i chupe ha’e péicha

ha’erãjeýma.
14.05 Guaraní Está bien si cometimos al-

gunos errores.
Oî porâ, rojavy mimi. Oĩmi jepémo, opavavévo oiko

mba’e oporomongusúvo ko
tendápe.

61.15 Wixárika Ella dijo que su madre tiene
el mismo caminar.

m+k+ petay+ kename mamaya
yaxeik+a reyeikakai.

m+k+ petay+ kename mama
payeikakai kename y+k+

27.78 Wixárika Tu tiempo sigue aumentando
cada año.

atukari p+t+ +rir+me witari manye
yeika.

kuinie timaye yeitait+ mepeku
mieme m+k+k+ ne hamikiekame
muwa tukari wahiawariya.

15.85 Wixárika No sé cuánto tiempo durará. neukwara maté kem+ reutere, ni nekai ukaratsi eriwaniya kemari-
yariyari,

61.06 Nahuatl Augusta no es una gran ciu-
dad.

Augusta amo hueyiatepetl. Augusta niman amo hueyi altepetl.

26.13 Nahuatl Pon un anuncio de refresco. xihtlali tlamachiltilli cececatl. Tlamaquetza un tomachiliztli ic in
zan tlatlamacoz.

16.07 Nahuatl Ella era increíblemente vul-
nerable.

Ya nelpano eltoya yolquentzi Quipiya in itlacenpaj tlalquetza-
loyan.
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Abstract

The AmericasNLP 2026 Shared Task chal-
lenges systems to generate culturally grounded
image captions in indigenous languages of
the Americas, a setting that demands both
cultural awareness and linguistic accuracy
for severely under-resourced languages. We
present IUHoosiers, Indiana University’s sys-
tem for the Guaraní track. Rather than fine-
tuning, our approach centers on inference-
time knowledge injection: for each test im-
age, we retrieve relevant Guaraní grammati-
cal and cultural resources using BM25 and in-
ject them into a large vision-language model’s
prompt alongside the image, enabling language-
specific cultural and linguistic grounding with-
out any parameter updates. IUHoosiers placed
first for Guaraní in both automatic evaluation
(24.67 chrF++) and human evaluation (3.45/5),
outperforming all other participating systems.

1 Introduction

The AmericasNLP 2026 Shared Task challenges
systems to generate culturally grounded image
captions in indigenous languages of the Amer-
icas (Bui et al., 2026). We focus on Guaraní,
a Tupi-Guaraní language that is spoken widely
across Paraguay, Brazil, Bolivia, and Argentina
and is the co-official language along with Spanish
in Paraguay (∼6.5M speakers). However, it is still
considered an under-resourced language across all
NLP resources (Chiruzzo et al., 2020).

Cultural captioning for Guaraní presents two in-
tertwined challenges. First, captions must be cul-
turally accurate: correctly distinguishing closely
related cultural items, such as mate from its cold
counterpart tereré, requires culturally grounded
knowledge that generic vision-language models
often lack. Second, the target language itself
is challenging: Guaraní is agglutinative with ac-
tive/inactive voice morphology and pervasive Span-
ish borrowing in everyday jopara speech (Estigar-

ribia, 2020), making linguistically correct output
non-trivial even for large language models.

Since the dev set contains only 50 image-caption
pairs and the gold labels follow a specific for-
mat, parameter-efficient fine-tuning (PEFT) meth-
ods (Mangrulkar et al., 2022) such as low-rank
adaptation (LoRA; Hu et al., 2022) may be prone
to overfitting without substantial data augmenta-
tion. We therefore focus on inference-time meth-
ods instead. Recent work suggests that grammar-
book and parallel-text context can improve low-
resource language generation without gradient up-
dates (Tanzer et al., 2023; Aycock et al., 2025;
Zhang et al., 2025), and we build on this finding
with retrieval-augmented prompting. For each
test image, we generate a text description, query
four Guaraní knowledge pools with BM25 (Robert-
son and Zaragoza, 2009), and inject the top-k re-
trieved items into the system prompt of Gemma 4
31B (Google DeepMind, 2025) to generate cap-
tions in a single forward pass. Additionally, we
explore a visual few-shot mode that injects cultural
images from Diccionario audiovisual multilingüe
del Paraguay (DAMPY)1 as multimodal context.
Figure 1 gives an overview of the full pipeline.

2 Approach

Why in-context learning? The AmericasNLP
2026 Shared Task spans five indigenous languages
(Guaraní, Bribri, Yucatec Maya, Wixárika, and
Nahuatl), each with very distinct typological prop-
erties, morphological systems, and cultural con-
texts. We believe the linguistic and cultural dis-
tances among these languages are too vast for any
single unified system to address all of them effec-
tively, and we take the view that in low-resource
settings, building one dedicated system per lan-
guage is the more principled approach. A language-
specific pipeline allows much more targeted injec-

1https://spl.gov.py/dampy/index.html
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Figure 1: Overview of the IUHoosiers pipeline for Guaraní image captioning. Given a test image (1), Gemma 4 31B
generates an EN/ES description (2) that is used as a BM25 query over four Guaraní knowledge pools (3): cultural
entries (DAMPY), parallel sentences (FLORES), dev-set gold captions (DEV), and a curated cultural knowledge
base (CUL). Step (3) operates in one of two modes: RAG dynamically selects the top-k entries per image via
BM25, while static mode takes the first n examples from the dataset regardless of image content (used in v6 and
v8; see Table 1). The retrieved context is combined with fixed resources (a 157-line grammar excerpt and 144
interlinear-glossed example blocks) into the system prompt (4). In visual few-shot mode (5), DAMPY images with
their captions are additionally injected as multimodal shots (dashed). Gemma 4 31B (6) consumes the assembled
prompt together with the test image and produces a Guaraní caption (7). EN: English, ES: Spanish, GN: Guaraní.

tion of relevant grammatical structure and cultural
knowledge than a one-size-fits-all system could
provide. We therefore build a Guaraní-specific
pipeline and adopt in-context learning (ICL) as
our core method. Recent work on extremely low-
resource languages shows that ICL, especially
when paired with explicit linguistic signals, can
outperform parameter-efficient fine-tuning when
the target language is poorly represented in the
base model (Li et al., 2025). The feasibility of in-
jecting many resources simultaneously is further
supported by recent long-context language models
(Gemini Team et al., 2024), which make it prac-
tical to include large amounts of in-context mate-
rial within one context window. At the same time,
work on culturally aware vision-language model-
ing has shown that standard VLMs often miss fine-
grained cultural distinctions, and that improving
cultural grounding may require either specialized
data construction or model adaptation (Huang et al.,
2025). Our approach therefore tests whether care-
fully selected grammatical and cultural knowledge,
injected at inference time, can close this gap with-
out any parameter updates. 2

2Code is available at https://github.com/
victorshi119/Cultural_Image_Captions_2026

Model. We use Gemma 4 31B (Google Deep-
Mind, 2025), a 31-billion-parameter vision-
language model with a 128K-token multimodal
context window. The original baseline prompt
(Spanish-language Guaraní captioning guidelines)
is used for all nine submitted configurations.

Fixed resources. Two resources are injected into
every prompt regardless of the test image: a 157-
line condensed grammar-book excerpt from Es-
tigarribia (2020) covering Guaraní morphosyntax,
voice alternations, and postpositional structure, and
144 interlinear glossed example blocks (surface
form / morpheme break / gloss / translation). Both
resources were adapted from Aycock et al. (2025),
who study grammar-book prompting across mul-
tiple low-resource languages including Guaraní.
Their preprocessed materials served as our starting
point.

We note that these distilled resources were gen-
erated with the assistance of Claude-Opus-4.7 in a
two-step process. First, we provided Claude with
the raw resource files together with the competi-
tion setting and asked it to reason about the most
effective format for injecting such resources into a
language model for in-context learning. Through
iterative discussion, Claude then produced prompts
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designed to reorganize and condense the original
materials into more model-friendly representations.
In a second, separate session, we supplied Claude
with the raw text resources together with the gener-
ated prompt in order to produce the final distilled
resources.

Dynamically retrieved pools. For each test im-
age a text description is generated and used as the
BM25 query (Robertson and Zaragoza, 2009). Four
resource pools are indexed and queried per image:

1. DAMPY: 111 culturally grounded entries
from DAMPY, Paraguay’s official audiovisual
dictionary (42 food, 47 fauna, and 22 flora
entries), each with bilingual Spanish/Guaraní
labels. We note that the DAMPY dataset we
scraped from the internet does not provide cap-
tions. We therefore generated bilingual cap-
tions in two steps: first, a VLM produced base-
line Guaraní captions for each image; then,
Claude-Opus-4.7 in Adaptive Thinking mode
refined those captions for cultural accuracy
and idiomatic Guaraní usage.

2. FLORES: English-Guaraní parallel sentence
pairs from FLORES-200 (NLLB Team et al.,
2022), a publicly available multilingual bench-
mark dataset providing in-domain Guaraní
sentence structure across a broad topical dis-
tribution (1,012 sentence pairs used).

3. DEV: the 50 gold Guaraní dev-set captions re-
leased by the shared task organizers, retrieved
by BM25 text matching per image to provide
in-domain captioning style. Since the compe-
tition only provides Guaraní labels, we aug-
mented the dataset with parallel English cap-
tions generated by Claude, which serve as the
BM25 query surface for retrieval.

4. CUL: a curated Guaraní cultural knowledge
base consisting of 22 thematic sections writ-
ten in Spanish, covering food, drink, dress,
architecture, household objects, flora and
fauna, festivals, children’s games, occupa-
tions, crafts, music, religion, mythology, and
idiomatic Guaraní caption style. Each section
is oriented toward visually identifiable entities
and includes Guaraní vocabulary, “visual cue”
sub-entries, and an explicit anti-stereotype
list. The base file was compiled by the au-
thors from Paraguayan web sources, then ex-
panded via a two-step LLM-assisted process

described in Appendix A. Since CUL is small
enough to fit in the context window, it is al-
ways injected in full into the system prompt;
BM25 retrieval is applied additionally to sur-
face the most image-relevant sections.

To be specific, the retrieval works as follows:
we first build a BM25 index over either grammar
sections for CUL, which is organized by section,
or paired entries for DAMPY, FLORES, and DEV.
Then, depending on the dataset, we ask a language
model (Gemma 4 31B) to first describe the image in
the relevant language, using English for FLORES
and Spanish for DAMPY, CUL, and DEV. We then
use BM25 to retrieve the corresponding relevant
Guaraní examples.

For the visual few-shot run (v7), instead of in-
jecting text-retrieved DAMPY entries, DAMPY
images and their Guaraní captions are injected as
multimodal few-shot examples in the prompt. In
the submitted run, these are selected statically (the
first 10 images from the dataset); BM25-driven
visual retrieval, where exemplars would be dynami-
cally matched per test image, was not implemented
in time (see Appendix B).

Prompt structure. Each request follows a four-
step process:

1. System prompt: Contains the captioning
guidelines, fixed grammar resources, and dy-
namically retrieved context blocks from CUL,
DAMPY, FLORES, and the dev captions.

2. Multimodal few-shot prompting: Optional
multimodal few shot examples are injected
depending on the retrieval setting. For visual
few shot runs, the retrieved DAMPY image
caption pairs are inserted here as multimodal
demonstrations.

3. Test image: The query image is provided to
the model.

4. Generation: The model generates a caption
in Guaraní.

Configurations. Table 1 summarizes the nine
submitted system configurations evaluated in the
shared task. Runs v0-v5 and v8 use text+RAG
mode, where examples from all four pools are dy-
namically selected using retrieval-augmented gen-
eration (RAG) based on similarity scores. Run v6
instead uses text+static mode, where a fixed set
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Ver Mode DMP FLR DEV CUL

v0 text+RAG 5 100 5 5
v1 text+RAG 10 100 10 5
v2 text+RAG 15 100 10 5
v3 text+RAG 20 100 10 6
v4 text+RAG 15 120 10 8
v5 text+RAG 15 150 10 10
v6 text+static 3 30 0 0
v7 visual+static 10 30 0 0
v8 text+RAG 10 100 10 5

Table 1: Nine submission configurations. DMP:
DAMPY shots. FLR: FLORES shots. DEV: dev-set
shots. CUL: top-k CUL sections additionally surfaced
by BM25 (full CUL is always injected). In RAG mode,
shots are selected by retrieval score; in static mode, the
first n examples from the dataset are used. In visual
mode, DAMPY shots are injected as multimodal image–
caption pairs; in text mode, they are injected as text
only.

Ver Mode chrF++

v0 text+RAG 22.40
v1 text+RAG 22.02
v2 text+RAG 21.59
v3 text+RAG 21.90
v4 text+RAG 21.44
v5 text+RAG 20.43
v6 text+static 22.49
v7 visual+static 24.17
v8 text+RAG 22.02

baseline — 20.82

Table 2: Nine submission configurations and their dev-
set chrF++ scores, alongside the official baseline for
reference.

of examples is selected statically from DAMPY
and FLORES without retrieval. Run v7 uses vi-
sual+static mode, replacing DAMPY text exam-
ples with visual shots and using the first 10 images
from the dataset as fixed demonstrations. Across
all runs, the grammar book (157 lines) and interlin-
ear glossed text (144 blocks) are always included
as fixed context.

3 Results

3.1 Dev-set Results

Table 2 shows the results for each configuration on
the dev set. The dev set contains only 50 image-
caption pairs, which creates a tension in evaluation:
using dev-set captions as few-shot examples (as in
the full pipeline) would contaminate the evaluation,
so DEV shots are excluded when scoring on the
dev set.

Team Ver chrF++ CIDEr

IUHoosiers v4 24.67 0.149
IUHoosiers v5 24.42 0.167
IUHoosiers v1 24.41 0.135
IUHoosiers v8 24.41 0.135
IUHoosiers v2 24.41 0.143
IUHoosiers v0 24.39 0.124
IUHoosiers v3 24.16 0.128
IUHoosiers v6 24.04 0.112
IUHoosiers v7 22.43 0.074

gators v0 23.10 0.124
baseline v0 20.14 0.005
Mila v1 19.77 0.031
usp v0 19.73 0.024
NAIST v0 19.41 0.046

Table 3: Official test-set leaderboard (selected entries).
Eight of nine IUHoosiers submissions outperformed all
other teams. v5 achieved the highest CIDEr despite not
having the best chrF++.

3.2 Test-Set Results
Table 3 shows official test-set chrF++ and CIDEr
for all IUHoosiers submissions alongside compet-
ing teams. The best submission (v4) achieves 24.67
chrF++ and 0.149 CIDEr, a 4.53-point gain over the
official baseline (20.14) and a 1.57-point margin
over the next-best team (gators, 23.10). IUHoosiers
placed first for Guaraní in human evaluation with a
mean annotator rating of 3.45/5, versus 3.30 for the
second-ranked team; eight of our nine submissions
outscore every other team’s best result.

4 Analysis

4.1 Qualitative Analysis
Submission selection. We selected these nine
configurations from a larger candidate pool, with
final choices informed by chrF++ scores alongside
our personal judgement and our team’s working
knowledge in Guaraní and Jopara. While chrF++
was a useful signal for tracking progress during
the pilot phase, final selection was not driven by
it alone, as the metric measures character n-gram
overlap against a single gold reference and is there-
fore blind to semantic similarity and cultural cor-
rectness. A caption that correctly identifies a cul-
tural item but uses different surface forms than the
reference can score no better than one that gets the
cultural content wrong while sharing incidental n-
grams. Instead, selection applied two criteria. First,
output style: captions should match the concise,
visually specific register of the dev-set gold labels
and avoid formulaic boilerplate appended regard-
less of image content. Second, cultural accuracy:
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captions should correctly identify culturally spe-
cific items, especially when the discriminating cue
is visual and subtle. The BM25 retrieval pipeline
supports both: FLORES parallel context shapes
linguistic register and fluency, while DAMPY re-
trieval anchor culturally grounded vocabulary.

Figure 2: Test image grn_052. v4 (text+RAG) misiden-
tifies the drink as tereré and offers a generic cultural
gloss, while v7 (visual few-shot) correctly identifies
mate and provides richer cultural context as this version
situates it as a morning drink shared in the cool breeze
and reflecting its role in Paraguayan relational life.

[wrong] v4 (text+RAG)
Tereré ekípo oı̃va poyvi isañyju ári: guámpa yvyrágui, vom-
bílla ha térmo. Ko tembi’u ha y’u ha’e hína ñande reko
imbaretevéva ha omojoaju ñande reko Paraguáipe.
[correct] v7 (visual few-shot)
Mate ha guampakuéra oı̃va peteı̃ pano pytã ha hovy ári.
Ko tembi’u ha imombe’upy oñembopyre hína ñane reko
Paraguáipe, oje’u pyhareve yvytu ro’ysã jave.

Case study: mate vs. tereré. One notably cul-
turally specific image among the first ten test ex-
amples is grn_052, depicting a mate setup (gourd,
bombilla, pava kettle). Most text+RAG configu-
rations label it tereré; only v2 primarily identifies
it as mate, while v0 mentions both drinks. The
text+static run (v6) and the visual few-shot run (v7)
both correctly identify mate, but differ in descrip-
tive accuracy. v6 lists the objects present and ap-
pends a generic cultural phrase (“Mokõi guampa ha
peteı̃ pava oı̃ peteı̃ ao póipe. Ko’ãva ojeipuru mate
pyahúpe, ñane rembi’u ha y’u rekojera. Ohechauka
ñane ñemoirũ ha ñane tekopytã paraguáigua.” —
“Two guampa and a pava are in a pocket; these are
used in new mates, our food and drink recipes; it
shows our solidarity and our Paraguayan culture”),
while v7 visually grounds the scene (noting the red
and blue cloth), provides the correct ideal weather
setting (a morning drink taken in the cool breeze),
and articulates its social significance (reflecting re-
lationships and the surrounding environment). That
is to say, v7 shows more depth in understanding
than v6.

Text runs also tend to add repeated generic clos-
ing phrases (e.g., “Ko tembi’u ha’e peteı̃ rem-

biapokue tee Paraguáigui”, “this dish is a true
cultural product of Paraguay”) regardless of im-
age content, while gold captions use more varied,
image-specific language. The visual run produces
more image-specific descriptions, which explains
their higher qualitative character despite lower
chrF++ on the test set. Overall, the human evalua-
tion’s preference for IUHoosiers over competitors
reflects the generally higher Guaraní output quality
compared to translation-based baselines.

5 Conclusion

IUHoosiers achieved first place for Guaraní at
AmericasNLP 2026 using Gemma 4 31B with
BM25 augmented retrieval from four Guaraní
knowledge sources. Beyond the result itself, the
most practically useful contribution is the pipeline
design: language specific knowledge injection at in-
ference time without fine tuning rather than any par-
ticular hyperparameter choice. The broader take-
away is that carefully curated grammar and cultural
resources, injected at inference time, can remain
competitive without parameter updates. That is
the durable result worth carrying forward. Visual
few shot retrieval remains a promising but underex-
plored direction: dev set calibration (Appendix B)
showed visual shots outperforming text injection
by 1.41 chrF++ points, and BM25 driven visual re-
trieval, where exemplars are dynamically matched
to each test image, was not implemented in time
for submission and warrants future investigation.
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A Construction of the CUL Cultural
Knowledge Base

The CUL resource was built in three LLM-assisted
steps using Claude Opus 4.

Step 1 — Seed file. The authors compiled a 16-
section seed knowledge file in Spanish, drawing
on their own working knowledge of Guaraní cul-
ture, Wikipedia, and the Every Culture encyclope-
dia entry on Guaranís. The seed covered cosmo-
vision, food, drink, traditional medicine, flora and
fauna, music, religion, and mythology, but lacked
visual grounding, ethnic distinctions between mes-
tizo Paraguayan and Indigenous Guaraní commu-
nities, and Guaraní vocabulary for common visual
entities.

Step 2 — Prompt generation. We first prompted
Claude Opus 4 to design a specialized research
prompt for expanding the seed file, targeting gaps
most relevant to image captioning: traditional dress,
architecture, festivals, children’s games, household
utensils, and a Guaraní visual vocabulary. The
generated prompt instructed the model to (1) au-
dit the existing file for visual grounding and accu-
racy, (2) search authoritative Paraguayan sources
to identify gaps, (3) draft additions in the same
Spanish-language bullet-point style as the seed, and
(4) consolidate everything into a single deliverable.

Step 3 — Expansion. In a separate Claude
Opus 4 session, the generated prompt was supplied
together with the seed file. The model queried
sources including ABC Color, Portal Guarani,
Última Hora, IWGIA, and Tierraviva, and pro-
duced the consolidated CUL file containing 22
thematic sections with explicit visual-grounding
cues throughout. An anti-stereotype section warns
the model against projecting folkloric cues onto
ordinary modern Paraguayan scenes. The final doc-
ument is included in the project code repository.
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B Visual Few-Shot: Dev-Set Calibration
and Future Directions

Table 4 shows chrF++ from pre-submission cali-
bration experiments on the 50-image dev set using
static injection (fixed FLORES sentence counts
and DAMPY shot counts). These experiments ex-
plored a wider parameter range than the final v0–v8
submissions.

Mode Config (FLR / DMP) chrF++

visual 15 shots / FLR=50 24.43
visual 10 shots / FLR=30 24.17
visual 5 shots / FLR=30 23.49

text FLR=100, DMP=5 23.02
text FLR= 30, DMP=3 22.49
text FLR= 80, DMP=3 22.21
text FLR= 50, DMP=5 22.09
text FLR= 20, DMP=2 21.80
text FLR= 50, DMP=3 21.43

Table 4: Dev-set calibration results (static injection, 50
images). FLR: FLORES sentences injected. DMP:
DAMPY shot count. For visual runs, DAMPY images
are injected as few-shot context. The 10-shot/FLR=30
visual configuration corresponds to submitted run v7.

Visual few-shot consistently outperformed text
injection across all shot counts on the dev set. We
see that the best visual configuration (15 shots,
FLR=50) achieved 24.43 chrF++, a 1.41-point
lead over the best text configuration (FLR=100,
DMP=5: 23.02). These findings motivated includ-
ing visual few-shot among the nine official submis-
sions.

Two stronger visual directions were not pursued
due to time constraints. First, the 15-shot/FLR=50
configuration (24.43 on dev) was not submitted;
the submitted visual run (v7, 10 shots/FLR=30)
achieved 24.17 on dev and 22.43 on the test set.
Second, BM25-driven visual retrieval, which dy-
namically selects the most image-relevant DAMPY
exemplars per test image rather than using static
selection, was not implemented.

The submitted v7 trailed text BM25 (v4) by 2.24
chrF++ on the test set (22.43 vs. 24.67). We hy-
pothesize three contributing factors. First, the 50-
image dev set is small, so the best static shot count
may overfit to it. Second, the 111-entry DAMPY
pool covers only food, flora, and fauna; when a test
image falls outside this distribution, static visual
selection may return misleading exemplars. Third,
broad FLORES context (k=120/150) generalizes
across diverse test topics in a way that static visual
selection cannot when no relevant DAMPY entry

exists. BM25-driven visual retrieval would address
all three by dynamically matching exemplars to
each image, and is a natural direction for future
work.
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Abstract

This paper describes the 6fanle system for
the Wixarika track of the AmericasNLP 2026
Shared Task on Cultural Image Captioning for
Indigenous Languages. We report the data, pre-
processing, model components, development
experiments, and final results. Our system uses
Spanish as a pivot language: Qwen3-VL gen-
erates Spanish caption candidates, CLIP re-
trieval supplies visually related examples, the
official Sheffield-compatible machine transla-
tion model translates candidates into Wixarika,
and a character n-gram language model reranks
the translated outputs. The selected configura-
tion achieved 19.1468 chrF++ in local 5-fold
validation. In official Wixarika automatic eval-
uation, our v0 submission obtained 19.1569
chrF++ and 0.02145 CIDEr. In the final overall
ranking, the team placed third.

1 Introduction

The AmericasNLP 2026 Cultural Image Caption-
ing shared task asks systems to produce captions
for images in Indigenous languages of the Amer-
icas (Bui et al., 2026). We participated in the
Wixarika track, where only 70 official image-
caption examples were available before test infer-
ence: 20 pilot examples and 50 development ex-
amples. The test set contains images and metadata,
and the required output is a JSONL file with a
predicted_caption field.

Because the available paired image-caption data
are very small, we did not train an end-to-end
image-to-Wixarika model. Instead, we used a mod-
ular pipeline that separates visual description from
low-resource text generation. A vision-language
model produces Spanish descriptions, and the
official machine translation component converts
them to Wixarika. Retrieval and Wixarika-side
reranking are used to adapt the outputs to the
limited in-domain data. We release the code and
configuration files needed to reproduce the pipeline

at https://github.com/ousyu66-pixel/
americasnlp2026-wixarika-captioning.

2 Related Work

Our system follows the general pattern of previous
AmericasNLP system descriptions, which docu-
ment the resources used, preprocessing decisions,
model variants, validation protocols, and final sub-
missions. The official baseline and the Sheffield-
compatible translation component motivate our use
of Spanish-Wixarika MT as the low-resource gen-
eration stage (Gow-Smith and Haddow, 2023).

We also considered ideas from low-resource mul-
timodal data construction and weakly supervised
visual data generation (Xie et al., 2024; Xiao et al.,
2025). However, the final system does not synthe-
size new images and does not train a new multi-
modal model. Instead, we use a lightweight version
of this idea: additional Spanish descriptions are
rewritten into short visual captions and used only
as retrieval support.

3 Data

Table 1 summarizes the data sources used by the
submitted system and by a rejected ablation involv-
ing lexical filtering. We distinguish final-system
resources from resources used only in rejected ex-
periments to avoid overstating what entered the
submitted run.

3.1 Preprocessing and Post-processing

The preprocessing stage normalizes input JSONL
records, resolves image paths, and prepares three
kinds of retrieval examples: pilot examples with
Spanish captions, development examples back-
translated from Wixarika into Spanish, and aug-
mented examples rewritten from longer Spanish
descriptions into short caption-style Spanish. Held-
out validation examples are removed from the re-
trieval bank and from the Wixarika language-model
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Source Count / size Use in this work

Official Wixarika pilot images 20 Used for validation, retrieval support, and Wixarika language-
model training. Pilot Spanish captions are used when available.

Official Wixarika development im-
ages

50 Used for validation and Wixarika language-model training. Span-
ish retrieval text is produced by Wixarika-to-Spanish backtrans-
lation.

Official Wixarika test images 201 Used only for final inference. No test labels were used.
Wixarika Research Center aug-
mented images

65 Spanish descriptions were rewritten into short caption style and
used as auxiliary retrieval support (Wixarika Research Center,
2026).

AmericasNLP 2023 Spanish-
Wixarika parallel text

9,960 pairs Used as Wixarika-side text for the character language model.

Native Languages Huichol word list small word list Used only in the rejected filtering experiment, not in the final
submitted configuration (Native Languages of the Americas,
2026).

Table 1: Data sources and their use.

training text during cross-validation.
The final post-processing stage is audit-

based candidate cleanup. The pipeline
stores all Spanish and Wixarika candidates
in predictions.audit.jsonl. If the selected
Wixarika output shows clear degeneration, such
as repeated plus-marked fragments or repeated
tokens, the cleanup script chooses a better already
generated candidate for the same image. It does
not manually write captions and does not use test
references. The cleanup step was automatic and
candidate-constrained. It never created a new
caption from scratch: for each affected test image,
it selected one of the Wixarika candidates that
had already been generated by the same pipeline
for that image. No test references or manually
written test captions were used. This makes the
cleanup a deterministic post-selection step rather
than manual test-set annotation. On the final test
run, this changed 37 captions and reduced the
heuristic bad-output count from 20 to 7 out of 201
predictions.

4 Methods

The final pipeline is: image → CLIP retrieval →
Qwen3-VL Spanish caption candidates → official
Spanish-to-Wixarika MT → Wixarika character-
LM reranking → audit cleanup → JSONL submis-
sion.

4.1 Retrieval

We embed images with
openai/clip-vit-large-patch14-336, a
CLIP model (Radford et al., 2021), and retrieve the
top k = 4 visually similar examples. The retrieval
code uses CLIPModel.get_image_features and

normalizes image vectors before nearest-neighbor
search. Retrieved Spanish captions are inserted
into the Qwen3-VL prompt as style and content
support.

4.2 Spanish Caption Generation

We use Qwen/Qwen3-VL-8B-Instruct (Qwen
Team, 2025) to generate Spanish caption candi-
dates. Spanish is used as a pivot because the VLM
is more reliable in Spanish than in Wixarika. The
selected configuration requests eight candidates
per image with max_new_tokens=72, temperature
0.85, top_p=0.95, and sampling enabled. The
prompt asks for concise descriptions based only
on visible content, with attention to people, cloth-
ing, textiles, art objects, ritual objects, music, labor,
architecture, and actions.

4.3 Machine Translation

The official Sheffield-compatible translation model
is used in both directions. Wixarika-to-Spanish
translation provides retrieval text for development
examples, while Spanish-to-Wixarika translation
converts generated Spanish candidates into target-
language candidates. The MT beam size is 5.
To avoid memory and device-mixing issues on
a single A100 40GB instance, Qwen3-VL and
CLIP run on GPU, while the official MT sub-
process can run on CPU when needed. We ob-
served that the official model produced more useful
outputs in the Spanish-to-Wixarika direction than
in the Wixarika-to-Spanish direction. Therefore,
Wixarika-to-Spanish translation was used only as
an auxiliary step for building retrieval text, while
final caption generation always used the Spanish-
to-Wixarika direction.
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System Protocol chrF++ Decision

Organizer
baseline

Baseline re-
port

∼17.7 Reference

Selected
pipeline

Local 5-fold
CV

19.1468 Final

Output filter +
word list

Local 5-fold
CV

18.9689 Rejected

Restrictive
prompt

Local 5-fold
CV

16.9403 Rejected

Decoding
sweep

Local 2-fold
screen

18.4174 Rejected

Table 2: Development validation and ablation results.

4.4 Reranking

Each image receives multiple Wixarika candidates.
A character 5-gram language model scores target-
language fluency, and the final score combines flu-
ency, a length preference, candidate order, and a
penalty for very short outputs. For final test infer-
ence, the language model is trained on all available
non-test Wixarika text.

5 Experiments

We used deterministic 5-fold cross-validation over
the 70 official pilot and development examples.
Each fold contained 14 validation examples. Held-
out examples were excluded from both the retrieval
bank and the character language model. We used
chrF++ for local validation, matching the automatic
evaluation emphasis of the shared task.

5.1 Development Results

Table 2 reports the selected configuration and the
main rejected variants. We mention the organizer
baseline only as a reference point; the main com-
parison is among our own validated variants.

The decoding sweep was an early 2-fold screen-
ing run used to discard an unpromising setting un-
der limited compute; it is reported for transparency
but is not directly comparable to the 5-fold valida-
tion runs.

The selected pipeline achieved fold scores of
18.1857, 19.7800, 19.4415, 19.5702, and 18.7564.
The filtering patch improved two folds but lowered
the overall mean, as shown in Table 3. The selected
pipeline was also more stable across folds, with
a sample standard deviation of 0.6601 compared
with 0.9309 for the filtering patch. The restrictive
prompt reduced chrF++ substantially, suggesting
that over-constraining the Spanish caption removed
useful in-domain wording.

Fold Selected Filter Delta

1 18.1857 19.1539 +0.9682
2 19.7800 19.0545 -0.7255
3 19.4415 20.1932 +0.7517
4 19.5702 18.8574 -0.7128
5 18.7564 17.5856 -1.1708
Mean 19.1468 18.9689 -0.1779

Table 3: Fold-level comparison between the selected
pipeline and filtering patch.

5.2 Test Results

The final inference run produced 201 predictions
for 201 Wixarika test images. In the official auto-
matic Wixarika evaluation, our submitted v0 sys-
tem obtained 19.1569 chrF++. In the final human
evaluation, the team ranked third overall with a
mean rating of 2.48 over 201 test images. This sug-
gests that, despite competitive automatic chrF++,
fluency, naturalness, and image-specific adequacy
remained important limitations.

5.3 Error Analysis

We analyzed the final 201-line submission file and
the saved audit logs. The submission itself was
complete: all 201 test images received a non-empty
prediction, all IDs were unique, and all required
JSONL fields were present. The remaining errors
were therefore generation-quality errors.

Table 4 summarizes the main automatic error
categories observed in the final output. The most
frequent issue was residual Spanish or untranslated
lexical material. We found 35 predictions contain-
ing likely Spanish words or named expressions,
such as words for streets, buildings, materials, mu-
rals, and other concrete objects. This suggests that
the Spanish-to-Wixarika MT component often pre-
served source-language nouns when the relevant
Wixarika lexical item was unavailable or uncertain.

A second issue was repetition and translation
degeneration. Although the final cleanup stage
replaced 37 suspicious predictions by selecting al-
ternative candidates from the audit file, 17 final pre-
dictions still showed repeated words, repeated char-
acter sequences, or abnormal forms. These cases
likely reduced human-perceived fluency. We also
found three groups of exactly repeated captions,
affecting five additional rows, which indicates that
some outputs were too generic and insufficiently
image-specific.

For example, hch_111 preserved Spanish words
such as camioneta, calle, aceras, and baldosas.
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Error type Count

Complete predictions 201 / 201
Empty predictions 0
Likely Spanish residue 35
Repetition / degeneration suspects 17
Over-long predictions 10
Exact duplicate caption groups 3
Extra rows affected by exact duplicates 5
Cleanup replacements before submission 37

Table 4: Automatic error analysis of the final Wixarika
test submission.

Similarly, hch_234 retained words such as mural,
girasoles, and bordados. Repetition also remained
in some outputs, such as hch_246, where katixex-
exeiyat+ contains an abnormal repeated character
sequence.

The audit logs also showed that some Span-
ish caption candidates were visually underspeci-
fied. When the Spanish description only mentioned
generic people, rural scenes, or objects, the trans-
lated Wixarika caption could be fluent but not suf-
ficiently tied to the image. This helps explain why
the system was competitive under character-level
chrF++ but weaker in image-specific adequacy and
fluency. Overall, the main bottleneck was the inter-
action between generic visual descriptions, untrans-
lated Spanish lexical items, and MT degeneration
in the final Wixarika output.

6 Conclusions

We presented a translation-centered system for
Wixarika image captioning. The selected system
combines CLIP retrieval, Qwen3-VL Spanish cap-
tion generation, official Spanish-Wixarika trans-
lation, and Wixarika character-LM reranking. It
achieved competitive automatic results and pro-
duced a complete 201-image submission, but the
final ranking shows that Wixarika fluency and
human-perceived naturalness remain the main ar-
eas for improvement.

Limitations

The system relies on Spanish as a pivot language,
so visual details lost during Spanish captioning
cannot be recovered by translation. The Wixarika
language model is a surface-level character model
and cannot guarantee semantic correctness. The
cleanup step removes obvious degeneration but
may still select semantically imperfect candidates.

Ethics Statement

This system is an assistive research prototype, not
an authoritative Wixarika captioning tool. Auto-
matic captions may be inaccurate or culturally inap-
propriate. We did not manually create test captions,
and any real deployment should involve Wixarika
speakers and community stakeholders.
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Abstract

Culturally grounded image captioning for
under-resourced Indigenous languages is chal-
lenging due to severe data scarcity and the
need to describe culturally specific visual con-
tent. This paper describes our submission to
the AmericasNLP 2026 shared task, where we
evaluate two architectural paradigms for cap-
tion generation across Bribri, Guaraní, Yucatec
Maya, Wixárika, and Orizaba Nahuatl. First,
we implement a cascaded system that com-
bines a large vision-language model with a ma-
chine translation pipeline, showing that cultur-
ally contextualized, persona-based prompting
improves over the official baseline in most com-
parable settings. Second, we develop a direct,
end-to-end Single-stage approach by adapting
PaliGemma 2 using LoRA fine-tuning, contin-
ued pre-training, and multilingual joint train-
ing. Our single-stage experiments show that,
despite severe domain mismatch and reliance
on synthetic training data, multilingual train-
ing and continued pre-training improve auto-
matic chrF++ relative to single-language LoRA
fine-tuning in some settings. Overall, cascaded
pipelines remain the strongest among the evalu-
ated approaches under current data constraints,
while single-stage models remain a promising
but currently data-limited path toward direct
Indigenous-language image captioning.

1 Introduction

Recent progress in vision-language modeling has
led to strong performance on image captioning
benchmarks, especially in high-resource languages
and domains with large-scale annotated data. How-
ever, culturally grounded image captioning for In-
digenous languages remains substantially more dif-
ficult.

In this paper, we describe our system for the
AmericasNLP 2026 shared task (Bui et al., 2026)
on culturally grounded image captioning for under-
resourced Indigenous languages. The task requires

participants to generate natural-language image
captions for five target languages: Bribri, Guaraní,
Yucatec Maya (hereafter Maya), Wixárika, and
Orizaba Nahuatl (hereafter Nahuatl). We approach
the task through two paradigms. The first is a
cascaded architecture in which a general-purpose
vision-language model generates a Spanish caption,
which is then translated into the target Indigenous
language using a machine translation system de-
rived from the AmericasNLP 2023 shared task sub-
mission (Gow-Smith and Sánchez Villegas, 2023)
designed to translate from Spanish into eleven
Indigenous languages. The second is a single-
stage architecture that adapts a vision-language
model to generate captions directly in the target
language, avoiding an explicit intermediate trans-
lation step. Furthermore, to the best of our knowl-
edge, this is among the first efforts to adapt a
single-stage image-captioning system specifically
for Indigenous-language caption generation in this
shared-task setting.

Our experiments demonstrate that the cascaded
persona-based system is the strongest among the
evaluated approaches overall across the develop-
ment and test sets. Specifically, on the test set,
it outperforms the baseline by 1.46 chrF++ for
Wixárika, 0.92 for Bribri, and 4.54 for Nahuatl,
while underperforming the baseline for Guaraní.
These results indicate that persona-based prompt-
ing is beneficial in most settings but remains sen-
sitive to language-specific translation quality. Fur-
thermore, we observe that employing a powerful
vision-language model for caption generation does
not inherently guarantee superior final quality, as
performance remains heavily contingent upon the
quality of the translation model.

For the Single-stage approach, we explored di-
verse training methodologies, including contin-
ued pre-training, LoRA supervised fine-tuning (Hu
et al., 2021), and multilingual training. Our find-
ings show that multilingual training improves over
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single-language LoRA fine-tuning in our develop-
ment experiments. This suggests that multilingual
training may provide useful transfer for image cap-
tioning, although our experiments do not isolate
transfer from the effects of increased training data
volume. A similar phenomenon has been widely
documented in multilingual neural machine trans-
lation (Aharoni et al., 2019; Iyer et al., 2024). For
Wixárika, continued pre-training provided substan-
tial gains over alternative techniques, narrowing
the gap with the official baseline to 2.99 chrF++
points on the test set. These insights may support
the development of more effective vision-language
models (VLMs) for Indigenous languages, reduc-
ing dependence on translation steps or intermediate
modules.

Consequently, the primary contributions of this
paper are twofold: first, we describe the systems
submitted to the AmericasNLP 2026 shared task
and evaluate the impact of prompting on cultur-
ally contextualized caption generation; second, we
present an initial empirical comparison of several
VLM adaptation strategies aimed at integrating ex-
tremely low-resource languages previously unseen
by VLMs. The datasets and code are available at:
https://github.com/MirelleB/InclusionVLM

2 Task and Data Description

The shared task challenges participants to de-
velop multimodal systems that generate culturally
grounded natural-language descriptions of images
in under-resourced Indigenous languages. For-
mally, given an input image I , the objective is to
generate a caption S = {w1, w2, ..., wn} in a tar-
get Indigenous language L. In contrast to conven-
tional benchmarks such as MS-COCO (Lin et al.,
2014), which prioritize generic object detection,
this task emphasizes cultural granularity. Models
must move beyond superficial labeling (e.g., "a col-
orful craft"), where visually appropriate, to identify
culturally specific entities, such as Wixárika cere-
monial artifacts, requiring a deeper integration of
visual features and community-specific semantic
knowledge.

For the evaluation phase, the shared task adopted
a two-stage ranking methodology. Initially, all sub-
mitted systems were ranked automatically using the
chrF++ metric. Subsequently, the top five systems
advanced to a human evaluation stage, where they
were assessed against a fixed set of standardized
criteria.

2.1 Data Description

The corpus curated for this shared task is designed
to reflect the sociocultural heritage and daily prac-
tices of the participating Indigenous communi-
ties. In contrast to generic image-captioning bench-
marks, this dataset prioritizes domain-specific se-
mantic density and cultural authenticity. The pri-
mary tracks encompass Bribri, Guaraní, Maya,
Wixárika and Nahuatl. For each language, the de-
velopment set consists of approximately 50 high-
quality, manually annotated image-caption pairs. A
blinded test set is utilized for the final benchmark-
ing process. To ensure the integrity of the evalua-
tion and prevent overfitting to the test distribution,
ground-truth references are withheld until the con-
clusion of the competitive cycle. The annotations
exhibit a high degree of descriptive specificity that
poses a challenge to standard multimodal architec-
tures. While a conventional vision-language model
might generate a generic description such as "a
person sitting," the shared task dataset annotations
frequently employ a specialized lexicon to denote
specific traditional activities. Consequently, suc-
cessful systems must move beyond broad visual
categorization toward a fine-grained understanding
situated within the community’s cultural context.

2.2 Evaluation Metric

We evaluated all developed systems using the mean
sentence-level chrF++ score (Popović, 2017) via
sacreBLEU (Post, 2018) implementation across the
development subset, as recommended by the shared
task organizers.

3 System Description

Two distinct architectural approaches were imple-
mented and evaluated:

(i) A Cascaded framework, which utilizes a
frozen Vision-Language Model (VLM) to generate
culturally situated captions, followed by a frozen
machine translation (MT) model to translate the
output into the target language; a similar config-
uration also served as the baseline of the shared
task.

(ii) A Single-stage approach, involving the de-
velopment of a unified, end-to-end model capable
of simultaneously interpreting the image and gen-
erating culturally situated captions directly in the
target language.

Although the cascaded system yielded results
competitive with the baseline, we hypothesize that
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the single-stage architecture offers potential long-
term advantages for under-resourced Indigenous-
language settings. By generating captions natively,
these models avoid an explicit translation step at
inference time and may reduce the semantic distor-
tion and information loss introduced by intermedi-
ate translation pipelines.

3.1 Cascaded approach
The cascaded architecture utilizes a VLM to gen-
erate an initial caption, which is subsequently pro-
cessed by an MT model for translation. This frame-
work is frequently adopted in low-resource linguis-
tic scenarios, particularly where foundation models
lack exposure to the target languages during pre-
training (Geigle et al., 2025). A key architectural
advantage is its modularity, allowing for the inde-
pendent substitution of either the VLM or the MT
component. However, the use of machine transla-
tion can lead to a loss of cultural nuance (Venuti,
2008; Szymańska, 2017).

In our cascaded pipeline, which is similar to
the official shared task baseline, Gemini 2.5 Flash
(Gemini Team et al., 2025) generated the Span-
ish image captions. These captions were subse-
quently translated into the target Indigenous lan-
guages utilizing the Sheffield translation system
developed for the AmericasNLP 2023 Shared Task
(Gow-Smith and Sánchez Villegas, 2023) for Bribri,
Guaraní, Wixárika, and Nahuatl; for Maya, we uti-
lized the separately trained Spanish-to-Maya MT
model described in Section 3.7.

The Spanish captioning phase was executed with
hyperparameters set to a temperature of 0.01 and
top-p of 0.01. We conducted an ablation study of
the following prompting strategies. The prompts
were instantiated separately for each target commu-
nity by replacing the language- and culture-specific
descriptors; Appendix A shows the Wixárika in-
stantiation used in the prompt ablation.

i) Baseline: The official shared task prompt,
which includes comprehensive instructions regard-
ing the cultural context of the target languages.

ii) Persona-based: A significantly more concise
prompt focused on cultural perspective. This ap-
proach uses an explicit cultural-role framing to en-
courage concise captions that include culturally
relevant details. Because such prompting may also
encourage over-specific interpretation, we inter-
pret improvements primarily in terms of automatic
chrF++ rather than validated cultural fidelity.

iii) Question-Answer Chain (QA Chain): Draw-

ing inspiration from prior work (Ibrahim et al.,
2025; Bai et al., 2025), this three-stage approach be-
gins with the LLM generating five questions based
on image elements. In the second stage, the model
answers these questions by leveraging its internal
knowledge of the target culture. Finally, the model
synthesizes these inputs to produce a contextual-
ized caption.

While the QA Chain strategy offers a more ex-
haustive extraction of cultural detail, it is suscep-
tible to error propagation; any inaccuracies in the
intermediate reasoning phase are carried through
to the final caption and may remain undetected by
standard automatic metrics.

These strategies were initially evaluated on the
Wixárika development set. To further investigate
potential performance gains, we also assessed the
impact of Gemini 2.5 Pro, constraining this analy-
sis strictly to the Persona-based approach.

As demonstrated in Table 1, the Persona-based
approach outperformed the baseline by a margin
of 1.5 chrF++ points. Interestingly, the results also
revealed a 0.53-point drop in the score when em-
ploying Gemini 2.5 Pro. These results suggest that
using the larger Gemini 2.5 Pro model does not nec-
essarily translate into higher final chrF++ scores,
likely because downstream MT quality can domi-
nate the final output. Consequently, we adopted the
Gemini 2.5 Flash in conjunction with the Persona-
based approach for the final evaluation across all
target languages.

Method chrF++
Baseline 17.77
Persona + Gemini 2.5 Flash 19.25
Persona + Gemini 2.5 Pro 18.72
QA Chain 17.07

Table 1: chrF++ comparison between prompt strategies
on the Wixárika development set.

Table 2 presents the evaluation results on the
development and test sets for the persona-driven
prompting strategy across the target languages.
These findings demonstrate that the Persona-based
prompting improves over the baseline on the de-
velopment set for all comparable languages and
on the test set for Bribri, Wixárika, and Nahu-
atl. However, it underperforms the baseline on
the Guaraní test set, and no Maya baseline is avail-
able for direct comparison. We hypothesize that
persona-based prompting improves chrF++ in most
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comparable settings, suggesting that culturally ori-
ented prompts may help, though automatic scores
alone do not establish cultural fidelity.

Language Approach Dev Test

Bribri
Baseline 7.57 7.01
Persona-based 8.49 7.93

Wixárika
Baseline 17.77 16.91
Persona-based 19.25 18.37

Maya
Baseline – –
Persona-based 9.00 16.96

Guaraní
Baseline 20.82 20.13
Persona-based 21.75 16.48

Nahuatl
Baseline 11.53 9.52
Persona-based 15.68 14.06

Table 2: chrF++ scores for the cascaded baseline and
persona-based prompting approach across target lan-
guages. Dashes indicate scores that were unavailable.

3.2 Single-stage approach

Our primary objective is to train a single-stage
VLM capable of generating culturally situated cap-
tions in the target languages without relying on
intermediate modules. While many high-resource
image-captioning settings are now effectively han-
dled by proprietary and open-source models, it
presents a formidable challenge for extremely low-
resource languages due to the acute scarcity of both
monolingual corpora and task-specific datasets.

To address this challenge, we evaluated three
distinct training strategies:

(i) LoRA fine-tuning: Training directly on
image-caption pairs in the target languages.

(ii) Continued Pre-training: Adapting the VLM’s
language component to the target language through
unsupervised learning, followed by fine-tuning on
image-caption pairs.

(iii) Multilingual Joint Fine-tuning: Develop-
ing a single unified model trained simultaneously
on image-caption pairs across Wixárika, Bribri,
Guaraní, and Maya.

Each strategy serves a specific investigative pur-
pose: approach (i) assesses the model’s linguistic
abilities in languages not seen during pre-training;
approach (ii) quantifies the impact of continued pre-
training on the language backbone; and approach
(iii) investigates whether cross-lingual transfer is
effective for image captioning.

All experiments utilized the PaliGemma 2 (3B)
pre-trained model (Steiner et al., 2024). This ar-
chitecture was selected for its competitive perfor-

mance in image captioning relative to significantly
larger models and for its integration within the
Gemma ecosystem, which streamlines the opti-
mization of the language module. For strategy
(ii), our experiments were focused exclusively on
Wixárika.

The following sections provide a description of
the training and evaluation datasets, alongside the
technical specifications of our training protocols.

3.3 Data preparation
While constructing massive image-captioning
datasets for high-resource languages remains a sig-
nificant undertaking, doing so for extremely low-
resource languages presents a formidable challenge.
In response to this data scarcity, existing literature
frequently leverages machine translation models
to synthesize captions across multiple target lan-
guages. Adopting a similar methodology, we uti-
lized the winning system from the AmericasNLP
2023 Shared Task to translate captions from the
Polaris dataset (Wada et al., 2024). Polaris was
selected due to its status as a large-scale, human-
annotated corpus specifically designed for evaluat-
ing image captioning systems, encompassing ap-
proximately 131,000 human judgments. To accom-
modate training time constraints and ensure data
quality, we filtered the dataset to include only ex-
amples with a human-annotated score exceeding
0.75. This threshold reflects high confidence in
the captions’ quality, accounting for critical factors
such as fluency, relevance, and descriptive granu-
larity. The filtering yielded a training dataset of
13,562 samples. It is important to note that Polaris
captions differ fundamentally from the shared task
dataset in that they lack specific cultural context.
Our primary objective in utilizing Polaris is to facil-
itate cross-modal alignment, enabling the model to
map visual elements to their corresponding linguis-
tic representations in the target language. However,
a potential limitation of this approach is that the
use of synthetic (translated) data may introduce
cascading noise during the training phase.

3.4 Monolingual data
For the continued pre-training phase, Wixárika
source data were aggregated from previous Amer-
icasNLP shared tasks; specifically, 93,247 tokens
were sourced from AmericasNLI (Ebrahimi et al.,
2022) and 189,362 tokens from AmericasNLP
2023 (Ebrahimi et al., 2023). These corpora pro-
vide human-curated or human-translated text rather
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than model-generated synthetic captions. In total,
the monolingual corpus utilized in this study com-
prised 282,609 tokens for Wixárika; it is important
to note that this corpus is extremely small relative
to the data typically used for language-model adap-
tation, highlighting the severe resource constraints
under which the model was trained and the impor-
tance of exploring external datasets.

3.5 LoRA Fine-tuning

The training was conducted over ten epochs us-
ing the Low-Rank Adaptation (LoRA) approach
with a rank (r) of 8. We used LoRA for parameter-
efficient adaptation while limiting updates to the
base model parameters; specifically, we aimed to
preserve the model’s pre-established cross-modal
capabilities while simultaneously extending its lin-
guistic proficiency to previously unseen target lan-
guages. The optimization protocol utilized a learn-
ing rate of 1 × 10−5 and a batch size of 4. For
the training objective, we implemented a concise
instruction format: each input was prepended with
the mandatory PaliGemma <image> token, fol-
lowed by the Spanish prompt Generar pie de foto.

3.6 Continued Pre-training and VLM
Alignment

The continued pre-training framework was exe-
cuted in two distinct stages. The initial phase fo-
cused on domain adaptation of the language back-
bone—specifically the Gemma-2 2B model. This
stage aimed to integrate knowledge of a previously
unseen language into the model using the causal
language modeling pretext task of next-token pre-
diction. To prevent the degradation of existing
pre-trained knowledge, we employed LoRA with
a rank (r) of 16. Furthermore, we incorporated a
replay buffer consisting of approximately 4% En-
glish monolingual data to serve as a regularization
mechanism, ensuring the retention of the model’s
primary language capabilities. This phase was con-
ducted with a batch size of 4 and a learning rate of
2×10−4 over three epochs, totaling 1,071 optimiza-
tion steps. Following the adaptation of the language
model, we proceeded to the cross-modal alignment
phase. During this stage, the Vision Tower and
Language Model were kept frozen, with the train-
ing objective concentrated solely on optimizing the
multimodal projector. This alignment phase uti-
lized the same instructional prefix, learning rate,
and hyperparameter configuration as described in
the previous LoRA fine-tuning section.

3.7 Multilingual Joint Fine-tuning

This approach extends the methodology described
in the previous fine-tuning section by incorporating
multiple Indigenous languages into a single train-
ing objective. The primary motivation behind this
experiment is to investigate the potential for cross-
lingual transfer and determine whether synergistic
effects between different low-resource languages
can enhance performance in the target task.

The training corpus comprised data from Bribri,
Maya, Guaraní, and Wixárika. In accordance with
our established fine-tuning protocol, we translated
the curated Polaris dataset into each of these tar-
get languages. For Bribri, Guaraní, and Wixárika,
we employed the winning translation system from
the AmericasNLP 2023 Shared Task. However,
because Maya was unsupported by this Sheffield-
developed system, we trained an independent
Spanish-to-Maya machine translation model to fa-
cilitate both cascaded inference and synthetic data
generation.

To manage the multi-target nature of this stage, a
multilingual prompting strategy was adopted. Each
input was formatted with the <image> prefix, fol-
lowed by the instruction: ’Generar pie de foto en
[language]’, where the placeholder was dynami-
cally substituted with the corresponding target lan-
guage of the training sample.

4 Results

Table 3 reports the performance of the proposed
methodologies. Single-stage experiments were con-
ducted for Bribri, Guaraní, Maya, and Wixárika;
Nahuatl was evaluated only in the cascaded setting.
For clarity, the Low-Rank Adaptation fine-tuning is
denoted as LoRA SFT, the Continued Pre-training
and VLM Alignment as CPT + Alignment, and the
Multilingual Joint Fine-tuning as Multilingual SFT.
The baseline values cited correspond to the official
scores reported by the shared task organizers.

Our results indicate that, despite the signifi-
cant domain shift between our training set and
the shared task dataset—specifically regarding vi-
sual stylistic diversity and the required descrip-
tive complexity—the trained models demonstrated
promising but limited performance in both Bribri
and Wixárika languages. On the development set,
the best single-stage models trailed the baseline
by 2.32 chrF++ for Bribri and 2.64 chrF++ for
Wixárika. On the test set, the corresponding gaps
were 4.47 for Bribri and 2.99 for Wixárika. Per-
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formance was less competitive for Guaraní, where
the best single-stage model remained 10.51 chrF++
below the development baseline and 12.52 chrF++
below the test baseline. For Maya, no official base-
line was available, so the single-stage results should
be interpreted without direct baseline comparison.

Furthermore, the Multilingual Joint Fine-tuning
approach improves over standard LoRA fine-tuning
on the development set, suggesting that multilin-
gual training and resource sharing can improve
direct caption generation under low-resource con-
ditions.

These findings suggest that the models acquired
some cross-modal mapping capabilities even under
suboptimal data conditions. We posit that by refin-
ing the training corpora to include more culturally
grounded samples and specifically incentivizing
the model to prioritize Indigenous sociocultural
nuances, the performance of these single-stage sys-
tems may narrow the gap to current baselines.

Language Approach Dev Test

Wixárika

Baseline 17.77 16.91
LoRA SFT 11.79 –
CPT + Alignment 15.13 13.92
Multilingual SFT 12.72 10.51

Bribri
Baseline 7.57 7.01
LoRA SFT 2.71 –
Multilingual SFT 5.25 2.54

Maya
Baseline – –
LoRA SFT 7.69 –
Multilingual SFT 9.00 9.13

Guaraní
Baseline 20.82 20.13
LoRA SFT 7.65 –
Multilingual SFT 10.31 7.61

Table 3: chrF++ scores for Single-stage approaches
across target languages on the development and test sets.
Nahuatl was not evaluated in the single-stage setting
due to resource and development timeline constraints.
Dashes indicate scores that were unavailable or configu-
rations that were not evaluated.

5 Related Work

Recent vision-language models (VLMs) remain
predominantly English-centric, struggling to cap-
ture culturally embedded concepts in low-resource
settings. While prior works extend architectures
to multiple languages (e.g., Maya, a multilingual
VLM (Alam et al., 2025), M-MiniGPT4 (Han

et al., 2026)), they primarily target broad multi-
lingual coverage rather than culturally grounded
Indigenous-language captioning. Furthermore,
these efforts often rely heavily on translated data.
Although translation provides a scalable founda-
tion, models adapted with native multimodal pairs
(e.g., Chinese CLIP (Yang et al., 2022), DanQing
(Shen et al., 2026)) demonstrate that culturally sit-
uated data is crucial for deep semantic fidelity.

In the absence of native end-to-end models, cas-
caded pipelines combining high-resource VLMs
with machine translation offer a practical alter-
native (Geigle et al., 2025). However, these
pipelines risk compounding errors by generating
generic descriptions (Lin et al., 2014) that strip
away community-specific nuances. Unlike recent
retrieval-augmented cultural captioning methods
(Ibrahim et al., 2025), we operate under severe
resource constraints. We therefore contrast cas-
caded prompting with single-stage PaliGemma
adaptation strategies (e.g., LoRA, continued pre-
training) to assess the viability of end-to-end cultur-
ally grounded captioning for Indigenous languages.

6 Conclusion

This paper presents the development of multimodal
systems for generating culturally grounded, natural-
language descriptions of images in under-resourced
Indigenous languages within the AmericasNLP
shared-task framework. We propose and evaluate
two distinct methodologies: a cascaded pipeline
comprising VLM-generated captions followed by
a machine translation (MT) system, and a direct,
single-stage VLM. In the cascaded setup, persona-
based prompting improved over the official base-
line in most comparable settings, suggesting that
explicitly encouraging a culturally grounded per-
spective can improve automatic captioning scores.

Experiments with the single-stage VLM indicate
that direct caption generation can be trained, but it
remains substantially less competitive than the Cas-
caded approach under the present data constraints.
On the development set, the best single-stage mod-
els remained 2.64 chrF++ below the Wixárika base-
line and 2.32 chrF++ below the Bribri baseline,
indicating partial but incomplete progress toward
direct caption generation due to severe data scarcity
and cross-domain mismatch. Single-stage VLMs
exhibit potential, provided they are trained on ex-
tensive, culturally grounded datasets that reward
community-specific semantic fidelity over generic
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visual descriptions.
Overall, our findings highlight a practical trade-

off: while cascaded systems currently yield
stronger short-term performance than the evaluated
single-stage systems, single-stage systems offer a
direct approach to Indigenous-language modeling,
albeit requiring more robust data curation and lan-
guage adaptation. Our final shared-task submission
ranked 7th overall, placing in the top five for three
of five evaluated languages: Maya, Nahuatl, and
Wixárika.

7 Limitations

This study is subject to several limitations. First,
our findings are constrained by the shared task’s
restricted set of target languages and small devel-
opment sets, which limits both statistical power
and generalizability to other Indigenous languages.
Second, reliance on synthetically translated train-
ing data from the Polaris dataset inevitably in-
troduces translation artifacts and omits crucial
community-specific cultural grounding, potentially
restricting models to surface-level cross-modal
alignment. Third, our evaluation relies predomi-
nantly on automatic chrF++ scores; while effective
for measuring character-level similarity, this metric
cannot adequately capture cultural fidelity, factual
grounding, or terminological accuracy. Fourth, our
prompting experiments explore a limited set of in-
ference strategies, omitting advanced paradigms
such as chain-of-thought or retrieval-augmented
generation. Fifth, our persona-based and QA-
chain prompts rely on explicit cultural-role fram-
ing. While this framing improved chrF++ in sev-
eral settings, it may also encourage over-specific
cultural interpretations or hallucinated cultural as-
sociations, and we did not conduct community or
speaker validation of the generated captions. Fi-
nally, our architectural comparisons are confined
to the cascaded Gemini pipeline and single-stage
PaliGemma 2 models; consequently, these results
may not generalize to broader vision-language ar-
chitectures.
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A Cascaded Approach: Prompts

The following prompts are reported verbatim for
reproducibility. They reflect the prompts used dur-
ing the official submission and were not revised
after evaluation; therefore, the results should be
interpreted as measuring the behavior of these spe-
cific prompts rather than an endorsement of their
cultural assumptions.

(A) PERSONA-BASED PROMPT

Eres wixárika (huichol), conoces y practicas la cultura.
Basándote en tu cultura, usa todo tu conocimiento para generar un pie de foto conciso, respetuoso y culturalmente preciso.
Ejemplo corto (PREFERIDO):
"Cuadro de estambre wixárika con patrones que representan visiones chamánicas. Los colores brillantes y diseños
simbólicos son característicos del arte ceremonial contemporáneo."
Genera pies de foto concisos siguiendo este formato.

(B) QUESTION-ANSWER CHAIN

[Question generator prompt]

Considerando la imagen, crea 5 preguntas únicas relacionadas con la cultura.
Es importante mencionar que las imágenes pertenecen a la cultura wixárika (huichol), una comunidad indígena de la Sierra
Madre Occidental, México.
Formato: Pregunta 1: , Pregunta 2: ,...

[Prompt that answers the questions]
Eres un experto en la cultura Wixárika (Huichol), una comunidad indígena de la Sierra Madre Occidental en México y
debes responder correctamente a las preguntas; utiliza la imagen para contextualizar tu respuesta. Formato: pregunta 1:
respuesta 1 / pregunta 2: respuesta 2

[Captioning prompt]
Teniendo en cuenta la imagen y las preguntas y respuestas relacionadas con la cultura Wixárika (Huichol), una comunidad
indígena de la Sierra Madre Occidental en México, utiliza esta información para generar un pie de foto conciso de la
imagen en una o dos frases.

Figure 1: Prompts used to evaluate the cascaded approach: (A) persona-based prompting and (B) chained
question-answer prompting.
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Abstract
We describe our submission to all five tracks
of the AmericasNLP 2026 Shared Task on Cul-
tural Image Captioning: Bribri, Guaraní, Yu-
catec Maya, Orizaba Nahuatl, and Wixárika.
Our system is an LLM-assisted rule-based
machine translation (LLM-RBMT) captioner.
For each language, a coding agent reads the
small development split and open-web linguis-
tic references and writes a complete Pydantic
grammar package with a closed vocabulary.
At inference time, a vision–language model
sees the image and the schema, emits a struc-
tured SentenceList under constrained decod-
ing, and a deterministic Python renderer pro-
duces the surface string. The model never gen-
erates target-language tokens. The same ar-
chitecture handles all five languages with no
fine-tuning, no parallel corpora, and no human
edits to the generated packages. On the offi-
cial test set, the system placed first on human
evaluation in Bribri and Orizaba Nahuatl, third
on Yucatec Maya, and first on ChrF++ in Yu-
catec Maya. We suggest that a strength of the
approach is that outputs are restricted to sim-
ple sentences that are grammatically correct
by construction, modulo the correctness of the
generated grammar itself.

1 Introduction

The AmericasNLP 2026 Shared Task on Cultural
Image Captioning (Bui et al., 2026) asks systems
to produce target-language captions for culturally
grounded images in five Indigenous languages of
the Americas: Bribri (bzd), Guaraní (grn), Yucatec
Maya (yua), Orizaba Nahuatl (nlv), and Wixárika
(hch). The setting is intentionally adversarial for
end-to-end neural captioning: each language in-
cludes only fifty development examples, no parallel
image–caption corpora exist for training, and pub-
lic linguistic references are uneven in quality and
coverage. Submissions are first ranked by ChrF++,
and a top-five-per-language subset is forwarded to
human evaluation by speakers.

A direct neural approach to this task asks a
vision–language model (VLM) to caption the im-
age in the target language. This works in proportion
to how much of each target language the model has
seen in pretraining, which for these five languages
ranges from almost nothing to occasional Bible
translations and Wikipedia stubs. The model can
still produce fluent-looking strings, but it has no
way to tell the user that it is guessing, and the user
has no way to tell which fragments of the output
are grounded.

We take a different approach. Rather than try-
ing to make a VLM better at decoding into a lan-
guage it does not know, we remove its ability to
decode into the target language at all. For each
language we generate a language package: a small
Python module that encodes a closed vocabulary,
a set of sentence templates, and a deterministic
renderer. The VLM is then constrained to emit a
structured object that conforms to the package’s
Pydantic schema, and the rendered string is pro-
duced by Python. Because the schema’s lexical
fields are typed as Literal[. . . ] enums drawn
from the package’s vocabulary, the VLM cannot
emit an out-of-vocabulary lemma; the constraint is
enforced during decoding by the structured-outputs
API. A narrow proper_noun field is the single es-
cape hatch. The full source code for the captioner,
the generator agent, and the five generated language
packages is publicly available.1

Because none of the authors speak any of the tar-
get languages, the language packages themselves
are also not written by us. Instead, they are written
by a coding agent that reads the development split,
web search, and reference packages, then writes
a self-contained Python module that imports, vali-
dates, and renders against held-out captions. The
agent is required to cite each external linguistic

1https://github.com/kubishi/americasnlp-2026-
shared-task
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reference inline in the package’s own documenta-
tion, so that any claim made by the grammar can be
traced back to the source the agent learned it from.
The agent is the per-language adaptation cost; once
it has produced a package, captioning is a single
VLM call per image.

The resulting packages are auditable: a reviewer
can read the vocabulary, sentence templates, and
renderer source, and trace any surface caption back
through the structured intermediate to the specific
lexical and grammatical choices that produced it,
each of which is cited in the package’s inline docu-
mentation. Auditability is not the same as correct-
ness, however. A grammar that the agent generated
from public references and a fifty-row development
split, with no speakers in the loop, can be fully
traceable and still wrong. Any practical use of this
architecture requires that the generated packages
be validated by native speakers and community
partners.

Contributions. This paper makes the following
contributions.

1. A schema-constrained image-captioning archi-
tecture for low-resource Indigenous languages
in which the VLM never generates target-
language tokens. Lexical fields are typed
as strict Literal[. . . ] enums drawn from a
closed vocabulary, a deterministic Python ren-
derer produces the surface string, and a single
narrowly prompted proper_noun slot carries
genuine named entities through verbatim.

2. A reproducible agent-driven workflow for
writing language packages from the shared
task’s development split and open-web refer-
ences, applied uniformly to five typologically
distinct languages with no per-language tun-
ing by the authors.

3. Development-set comparisons against
pipeline and direct-prompting baselines,
together with the official test results, and an
analysis of the dissociation between ChrF++
and human-evaluation ranks under which the
system placed first on human evaluation in
two of five languages and top-three in a third.

Outline. Section 2 situates the work relative to
LLM-RBMT, low-resource MT, and structured de-
coding. Section 3 describes the language packages
and the captioning pipeline. Section 4 states the
experimental setup. Section 5 reports development

and final test results. Section 6 discusses error
patterns and the gap between ChrF++ and human
evaluation. Section 7 states the system’s limitations
and Section 9 concludes.

2 Related Work

LLM-assisted rule-based MT. Our system is
a vision-input extension of the LLM-Assisted
Rule-Based Machine Translation (LLM-RBMT)
paradigm introduced for endangered-language text-
to-text translation (Coleman et al., 2024, 2026a).
The original LLM-RBMT systems used an LLM to
decompose English input into a structured interme-
diate that an expert-designed renderer mapped into
the target language. We adopt the this approach,
replacing the text encoder with a VLM, and the
per-language hand engineering with an agent that
writes the renderer.

Low-resource neural MT. A large literature
evaluates massively multilingual neural MT mod-
els (e.g., NLLB-style systems) on low-resource
languages (NLLB Team et al., 2024). These sys-
tems perform well when the target language has
at least modest parallel data and degrade sharply
otherwise. For the AmericasNLP languages, paral-
lel data is either tiny or absent, and the organizer
baseline (Qwen3-VL → NLLB) reflects this: it
covers four of five target languages and reaches a
four-language mean of 14.4 ChrF++.

Structured decoding and constrained genera-
tion. Recent work uses constrained decoding,
structured outputs, and JSON schemas to force
LLMs to emit valid objects (OpenAI, 2024). Our
contribution is not the constraint mechanism itself
but its use as the only interface to the target lan-
guage. The schema is generated per language and
encodes the grammar. The LLM is structurally
unable to bypass it.

Agent-authored code and grammars. Coding
agents have recently become capable enough to
write self-contained Python modules that pass tests.
We use this capability to push per-language engi-
neering effort into the agent rather than the authors.
Earlier LLM-RBMT systems required substantial
human time per language (Coleman et al., 2026a).
Ours requires only that the agent’s run succeed.

3 System

The system has two parts. A generator runs once
per language and emits a language package. A cap-
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yaduha-{iso}/
pyproject.toml
yaduha_{iso}/
__init__.py
vocab.py
prompts.py

Figure 1: Language package layout. vocab.py lists the
closed vocabulary; __init__.py defines the Pydantic
Sentence subclasses and the deterministic __str__()
renderers; prompts.py carries any language-specific
guidance the agent wanted the VLM to see.

tioner runs once per image and uses the package as
its schema. Once a package exists, the captioner is
a single VLM call followed by a deterministic ren-
der. Our packages follow the YADUHA2 convention
used by prior LLM-RBMT work for endangered
languages (Coleman et al., 2024, 2026a).

3.1 Language Packages
Each language package is a standard Python pack-
age with the layout shown in Figure 1.

The package exports a language object with a
small number of sentence classes (typically subject–
verb, subject–verb–object, and a copular or sta-
tive variant where the language has one). Each
class is a Pydantic model with morphological
fields (person, number, tense or aspect, posses-
sion, and so on) and lexical fields whose types are
Literal[. . . ] enums drawn from vocab.py. The
class’s __str__() method renders the structured
object into a surface string in the target language.
Rendering is pure Python; no LLM runs at render
time.

Strict-literal lemma typing. One important
schema decision is that lexical fields are strict
enums. If vocab.py lists thirty nouns, the noun-
lemma field is typed Literal["noun_1", . . . ,
"noun_30"]. The VLM’s structured-outputs de-
coder refuses to emit any other string. The effect is
that out-of-vocabulary nouns cannot leak into the
output disguised as fluent target-language words.

Proper-noun escape hatch. Strict vocabularies
are appropriate for common nouns. They are too
strict for the named entities that cultural captions
routinely contain (places, monuments, markets,
civic institutions). Every Noun model therefore
exposes a single proper_noun: Optional[str]
field. The VLM may write a name into this field

2https://github.com/kubishi/yaduha

when the image contains one; otherwise it is left
empty. The system prompt instructs the model not
to abuse the escape hatch as a way around the strict
lemma constraint.

3.2 Captioning Pipeline
The submitted pipeline is one VLM call per image:

image → VLM + schema → SentenceList

→ render() → caption.

The VLM (gpt-5) receives the image and the
Pydantic schema generated from the language
package and emits a SentenceList JSON ob-
ject through the OpenAI structured-outputs API.
Python then renders each Sentence in the list and
concatenates the results.

3.3 Generator Agent
For each target language, the generator agent re-
ceives a small training slice of the available cap-
tions, the URLs of public linguistic references, one
or more existing Yaduha packages as templates,
and a validation harness. The harness exposes
three tools: a package importer and schema-sanity
checker, an English-to-structure smoke test, and a
held-out comparison against a disjoint validation
slice of captions. The agent reads, writes, and tests
Python code in a loop until the harness reports a
valid, self-consistent package.

The agent’s bootstrap prompt forbids hardcoded
shortcuts of the form “if the English input is exactly
X , output Y .” Every behavior must route through
structured Sentence inputs and the rendering logic.
The held-out validation captions are visible to the
harness for scoring but not to the agent, and the
harness reports only aggregate statistics. Absent
native-speaker review, this is the best automatic
check we have that the agent is generalizing rather
than memorizing.

We implemented the generator using Anthropic’s
Claude Opus 4.7 model invoked through the Claude
Code coding-agent toolkit, which exposes the file-
system and shell tools needed to read references,
write Python modules, and run the validation har-
ness in a loop. The architecture does not depend
on this specific agent.

4 Experimental Setup

Languages and data. We use the official Ameri-
casNLP 2026 splits without modification. Table 1
summarizes sizes. For the generator, we partition
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Language ISO Dev Test

Bribri bzd 50 267
Guaraní grn 50 110
Yucatec Maya yua 50 212
Orizaba Nahuatl nlv 50 200
Wixárika hch 50 201

Total 250 990

Table 1: Dataset sizes. The agent sees only a deter-
ministic 30-row slice of each development split. The
remaining 20 rows are held out for validation.

each fifty-row development split into a determinis-
tic thirty-row training slice (exposed to the agent as
input captions) and a twenty-row validation slice
that is hidden from the agent and used by the har-
ness for held-out scoring. All development num-
bers reported below are computed over the full
fifty-row split. Test scores come from the official
test set.

Metric. Official ranking uses ChrF++ (Popović,
2015) in the first stage and human evaluation by
speakers (top five systems per language) in the sec-
ond stage. Per-row ChrF++ in our development
tables is computed with sacrebleu’s default set-
tings. The mean over a language is the unweighted
mean of per-row scores. The test ChrF++ in Table 4
is the official score reported by the organizers.

Configurations. We evaluate the configurations
listed in Table 2. The submitted configuration
is the one-step gpt-5 captioner with the min-
imal v3 prompt. The two pipeline configura-
tions differ only in their structured-translator back-
end. The direct three-shot baseline asks a strong
VLM (claude-sonnet-4-5) to produce a target-
language caption given three in-context examples.
The organizer baseline is the shared task’s official
Qwen3-VL → NLLB system. We report its pub-
lished per-language ChrF++ where available.

5 Results

5.1 Development Set
Table 3 reports per-language mean ChrF++ on the
fifty-row development split for every evaluated con-
figuration. The final column is the unweighted
mean over the four languages on which the orga-
nizer baseline reports a number. This is the column
on which our system can be compared directly with
the official baseline.

Three observations follow. First, the schema-
constrained captioner (which never produces a

Configuration Description

gpt-5 one-step v3
(submission)

Image + Pydantic schema →
SentenceList → Python render.
Minimal prompt.

gpt-5 one-step v2 Same as above with the earlier,
more verbose prompt.

Pipeline (sonnet + 4o) VLM English caption → gpt-4o
structured translator → render.

Pipeline (sonnet + 4o-
mini)

As above with gpt-4o-mini
translator.

Pipeline (sonnet + gpt-
5)

As above with gpt-5 translator.

Direct 3-shot claude-sonnet-4-5 caption in
target language given three in-
context examples.

Organizer baseline Qwen3-VL → NLLB (no cover-
age for yua).

Table 2: Evaluated configurations.

target-language token by free generation) beats
the direct-prompting baseline by 0.84 ChrF++ on
average and beats the organizer baseline by 3.30
ChrF++ on the four-language mean. The improve-
ment is largest on Yucatec Maya (uncovered by
the baseline) and Orizaba Nahuatl. Second, the
schema-constrained captioner trails the organizer
baseline on Guaraní and Wixárika, both languages
where NLLB has some training data and the pack-
age coverage is comparatively thin. Third, within
our family, the simplest method wins: one-step
schema-constrained captioning outperforms every
two-step pipeline variant on average, including the
variant that uses gpt-5 as the translator.

5.2 Final Test Results
Table 4 reports the official results released by the
shared-task organizers. ChrF++ ranking is com-
puted over all submitted systems. Human evalua-
tion considers the top-five-per-language ChrF++-
ranked systems, with mean rating from speaker
evaluators on a 4-point scale.

The system placed first on human evaluation
in Bribri and Orizaba Nahuatl, third in Yucatec
Maya, and did not qualify for human evaluation in
Guaraní or Wixárika. ChrF++ ranks are mid-pack
in three languages and last-but-one in two. The
dissociation between ChrF++ and human rank is
the central empirical finding of this paper and we
discuss it in Section 6.

6 Analysis

6.1 ChrF++ Versus Human Judgment
The system’s results split cleanly along the
ChrF++/human-rating axis. On the three languages
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Configuration bzd grn yua nlv hch Mean†

gpt-5 one-step v3 (submission) 11.93 17.47 27.71 26.64 14.84 17.72
gpt-5 one-step v2 11.73 19.17 26.02 24.79 16.20 17.97
Pipeline (sonnet + gpt-5) 10.84 15.60 17.44 17.27 16.16 14.97
Pipeline (sonnet + 4o) 10.96 15.63 17.02 16.79 14.73 14.53
Pipeline (sonnet + 4o-mini) 10.38 15.32 16.48 16.81 15.56 14.52
Direct 3-shot (sonnet 4.5) 9.43 18.37 18.86 21.56 18.14 16.88

Organizer baseline (Qwen3-VL → NLLB) 7.57 20.82 — 11.53 17.77 14.42

Table 3: Development-set per-language mean ChrF++ (N=50 per language). Bold marks the best score per column.
†Mean is over the four organizer-comparable languages (bzd, grn, nlv, hch); yua is excluded because the organizer
baseline does not cover it.

Language RAN ChrF++
score

ChrF++
rank

Human
rating

Human
rank

Bribri 3 / 2 / es-3 10.03 5 / 7 2.895 1 / 5
Yucatec Maya 5 / 4 / es-4 / en-4 23.41 1 / 6 2.892 3 / 5
Orizaba Nahuatl 6 / 4 / es-4 / en-3 21.00 2 / 7 3.465 1 / 5
Guaraní 6 / 1 / en-6 / es-2 16.90 7 / 8 — DNQ
Wixárika 4 / 2 / es-4 / en-4 15.61 7 / 8 — DNQ

Table 4: Official test results for team yaduha. RAN (Resource Abundance Notation) (Coleman et al., 2026b)
reports the order-of-magnitude count of speakers / monolingual / bilingual partners for each language. Bold marks
first-place finishes. “DNQ” indicates that the system’s ChrF++ rank did not place it in the top-5-per-language subset
that was forwarded to human evaluation.

where it qualified for human evaluation, it took two
firsts and a third. On the two where it did not qual-
ify, its ChrF++ rank was near the bottom of the
field. This pattern is consistent with the architec-
ture’s design intent: outputs are grammatical by
construction (insofar as the package’s grammar is
correct), but the package’s vocabulary is bounded,
so character overlap with diverse human references
is capped.

ChrF++ rewards character-level overlap with a
single reference caption. A system that uses a
closed vocabulary and a small set of sentence tem-
plates can be near-perfect on the constructions it
covers, but it incurs a fixed cost whenever the refer-
ence uses a word or construction the package lacks.
A system that fluently generates target-language
strings, by contrast, will often score higher on
ChrF++ even when the strings are grammatically
or semantically broken, because the references
they are scored against are themselves character
n-grams. Human evaluators see through this in
a way the metric does not. On the other hand,
because the schema admits only a small set of sen-
tence templates and a closed vocabulary, the cap-
tions the system produces are necessarily shorter
and more uniform than what a free-form generator
might write. The stylistic range a fluent speaker
would draw on is unavailable to the system, and

this is visible to human evaluators as well.

6.2 Where Coverage Hurts

The two languages on which the system failed to
qualify, Guaraní and Wixárika, illustrate the cost
of closed vocabularies, though we are limited in
what we can say about why. None of the authors
are linguists or speakers of any of the target lan-
guages, so the explanations below are not first-hand
diagnoses but a post-hoc analysis produced by the
same coding agent that wrote the packages, asked
to read the failing predictions against the refer-
ences and conjecture about the gap. For Guaraní,
the agent attributes the failure to productive mor-
phology (possessive prefixes and person-marked
verbs) that its package modeled only partially, leav-
ing surface strings as reasonable base forms but
missing the inflectional patterns the references use.
For Wixárika, the agent points to a richer property-
predication system than its package captured. After
we removed a degenerate CopularSentence type
that had been producing tautologies of the form
“X is X ,” the package lost its only path to express
adjective-like content. If these explanations are cor-
rect, both gaps would respond to better packages
rather than to larger models, but verifying them and
identifying the gaps we are missing would require
a post-mortem with linguists and speakers of the
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affected languages, which we view as a valuable
direction for follow-up work.

6.3 Where Constraint Helps

The Bribri result is the most striking case in this
direction. The system’s ChrF++ score placed it
5th of 7 submissions (just making the top-five-
per-language cutoff for human evaluation) and yet
speaker evaluation ranked it first. This is consistent
with the picture sketched above: the captions were
not the most fluent in the field, but the constrained-
generation mechanism kept them grammatical and
prevented the model from producing fluent-looking
but ungrammatical/incorrect strings that the evalu-
ators would have rejected, and that appears to have
weighed more heavily in speaker judgment than
character overlap weighed in the metric. Orizaba
Nahuatl tells a milder version of the same story
(2nd on ChrF++, 1st on human evaluation). The
natural counterfactual question concerns Guaraní
and Wixárika, where ChrF++ ranks of 7th out of 8
placed the system below the cutoff for human eval-
uation. We cannot say how those captions would
have fared under speaker review, but the Bribri re-
sult is at least suggestive that the bottom of the
ChrF++ table is not necessarily a reliable predictor
of the bottom of the human-evaluation table.

6.4 One-Step Versus Two-Step

In the pipeline configurations, a VLM first pro-
duces a free-form English caption of the image,
and a text model then maps that English caption
into the structured SentenceList that the renderer
consumes. The problem with this approach is
that information is lost at each handoff: the VLM
commits to an English description before knowing
which of the package’s lemmas and sentence types
are available to express it, and the downstream
translator has to recover the structured intermedi-
ate from text that may no longer carry the necessary
cues. The one-step approach avoids this by letting
the VLM select the structured fields directly, con-
ditioned on the image. Table 3 shows that on every
language except Wixárika, the one-step pipeline
beats every two-step variant, including the variant
that uses the same gpt-5 model as the structured
translator.

7 Limitations

We note four limitations of the system.

Package coverage is a hard ceiling. A schema-
constrained captioner cannot produce a concept the
package does not express. For languages where
the package’s vocabulary or morphology is thin,
the system can produce a grammatical and fully
auditable output that nevertheless misses what the
reference caption says. The fix is better packages,
which ultimately requires more time with the agent
or (preferrably) with speakers.

ChrF++ underestimates the architecture. The
dissociation between ChrF++ rank and human rank
in Table 4 is suggestive, not conclusive: it could
reflect a general property of schema-constrained
systems, or it could reflect specifics of this partic-
ular shared task. Either way, the system is at a
structural disadvantage on the metric used for the
first ranking stage.

No native-speaker review of packages. We did
not have native-speaker validation of the agent-
generated packages during the shared-task window.
The official human evaluation is the strongest exter-
nal check we have, and it is positive on three of five
languages, but a serious deployment of this archi-
tecture would require collaboration with speakers.

Frontier-model dependence. The submitted
configuration uses gpt-5 as the VLM. We eval-
uated open-weight VLMs (qwen2.5-vl:32b) dur-
ing development and found that they satisfy strict
schemas less reliably without fine-tuning, espe-
cially when vocabularies grow large.

8 Ethics Statement

This work concerns Indigenous languages and cul-
turally grounded images. The system is designed
so that errors surface in the output rather than being
hidden: when the package cannot express a con-
cept, the constrained-output mechanism leaves a
visible gap rather than producing a fluent-looking
guess. Aditability is not the same as correctness,
though, and we did not have native-speaker vali-
dation of the agent-generated packages during the
shared task. The captions produced by this system
should be treated as experimental.

Any deployment of this architecture beyond
an development setting should involve close col-
laborations with speakers and community mem-
bers. The agent’s web search consumes public
linguistic references whose authorship includes
both community-authored materials and secondary
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summaries. Those resources should be cited and
weighted accordingly in any published package.

9 Conclusion

We presented a schema-constrained image-
captioning system for five low-resource Indigenous
languages in which a vision–language model never
generates target-language tokens. Surface strings
are rendered deterministically from a structured in-
termediate whose lexical fields are typed as strict
enums drawn from an agent-authored language
package. The same architecture handles all five
languages with no fine-tuning, no parallel data, and
no human edits to the packages.

On the official shared task, the system placed
first on human evaluation in Bribri and Orizaba
Nahuatl, third in Yucatec Maya, and first on ChrF++
in Yucatec Maya. It did not qualify for human
evaluation in Guaraní or Wixárika, where ChrF++
ranks were weak. We read this dissociation as evi-
dence that schema-constrained systems are penal-
ized by character-overlap metrics and rewarded by
speaker evaluation, and we think the architecture’s
value is most visible in the latter.
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Abstract

We describe the USP system for the Americas-
NLP 2026 Shared Task on Culturally Relevant
Image Captioning for Indigenous Languages,
covering Guaraní (grn), Maya Yucateco (yua),
Nahuatl (nah), Wixárika (hch), and Bribri (bzd).
We propose a two-stage cascade: Qwen3-
VL-8B-Instruct (Bai et al., 2025) generates
Spanish captions via language-specific cultural
prompts; language-specific fine-tuned NLLB-
200-distilled-600M (NLLB Team et al., 2022)
models then translate them into each target lan-
guage. We train on AmericasNLP 2023 data
(Ebrahimi et al., 2023) augmented with public
parallel corpora. Our system achieves compet-
itive results, including 3rd place in Guaraní
human evaluation (2.41/5.0) and 5th in Bribri
(1.09/5.0) among 8 teams. We also report that
NLLB-200-distilled-600M silently lacks vocab-
ulary entries for Bribri and Maya Yucateco, pro-
ducing English output without error.

1 Introduction

Culturally relevant image captioning for Indige-
nous languages requires understanding not just
what is depicted, but what it means within a specific
community (Yun and Kim, 2024; Gao et al., 2025).
Standard captioning benchmarks are predominantly
Western-centric (Lin et al., 2014), and even state-
of-the-art VLMs exhibit substantial cultural blind
spots for non-Western communities (Burda-Lassen
et al., 2025; Romero et al., 2024; Lupascu et al.,
2025). A picture of a ceramic vessel might be
described as “a clay pot” when the culturally mean-
ingful description is guampa para tereré—a vessel
central to Guaraní identity.

The AmericasNLP 2026 Shared Task on Cultur-
ally Relevant Image Captioning (Bui et al., 2026)
provides images from five Indigenous communi-
ties: Guaraní (Paraguay, Brazil), Maya Yucateco
(Mexico), Nahuatl (Mexico), Wixárika (Mexico),
and Bribri (Costa Rica). These languages have

been central to AmericasNLP MT tasks since 2021
(Ebrahimi et al., 2023, 2024; de Gibert et al., 2025)
and educational materials creation (Lupicki et al.,
2025; Vasselli et al., 2025), providing established
corpora on which our system builds.

We present a two-stage cascade (Figure 1): a
VLM generates culturally-prompted Spanish cap-
tions, which are then translated per language by
fine-tuned NLLB-200. Using Spanish as a pivot
(Utiyama and Isahara, 2007) is natural for our set-
ting: it is the dominant contact language for all
five communities, all major parallel corpora are
Spanish-indexed, and recent low-resource caption-
ing systems adopt the same strategy (Oduwole
et al., 2026; Jain et al., 2021).

Our contributions are:
1. A two-stage cascade covering all five shared

task languages, with language-specific cultural
prompting requiring no VLM fine-tuning.

2. Documentation of a previously unreported fail-
ure mode: NLLB-200 silently generates English
for Bribri and Maya Yucateco due to missing
vocabulary tokens.

3. Empirical evidence that domain mismatch be-
tween general-domain MT corpora and image
captions can outweigh gains from language-
specific fine-tuning.

2 Related Work

Cultural captioning. Yun and Kim (2024) pro-
pose CIC, a VQA+LLM framework that elicits cul-
tural elements (traditional clothing, ritual objects)
to enrich captions. Karamolegkou et al. (2024)
show that cultural prompting improves human-
judged quality even when ChrF++ declines—
suggesting automatic metrics undervalue culturally
enriched outputs. Buettner et al. (2025) use multi-
modal recaptioning with native-speaker examples
to correct English-centric perceptual bias. Gao
et al. (2025) construct MELLA, a dataset of cultur-
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Input Image

Qwen3-VL-8B-Instruct
+ language-specific cultural prompt (Spanish)

Intermediate Spanish Caption

Fine-tuned NLLB-200-distilled-600M
one model per target language

Indigenous Language Caption

Figure 1: Two-stage cascade. Stage 1 generates a
culturally-prompted Spanish caption; Stage 2 translates
it into the target Indigenous language.

ally grounded “thick descriptions” for low-resource
MLLMs.

Cascade MT for low-resource captioning. Jain
et al. (2021) show that combining image-text with
bitext training (MURAL) compensates for sparse
caption data in low-resource languages. Oduwole
et al. (2026) apply a nearly identical NLLB-based
pivot cascade to African languages, finding that
while the architecture is effective, domain mis-
match between MT training data and image cap-
tions is the primary limitation—a finding we cor-
roborate.

Cultural bias in VLMs. VLMs trained on
Western-centric data fail substantially on culturally
specific visual content (Burda-Lassen et al., 2025;
Cao et al., 2024; Lupascu et al., 2025). The CVQA
benchmark (Romero et al., 2024) quantifies this gap
across 30 countries and 31 languages. Standard
metrics like ChrF++ do not capture cultural cor-
rectness (Yun and Kim, 2024; Burda-Lassen et al.,
2025); fine-tuned semantic embeddings (LaBSE)
correlate better with human judgments for Guaraní
and Bribri (Krasner et al., 2025).

AmericasNLP community. NLLB-200 fine-
tuning has been the dominant approach in recent
AmericasNLP MT tasks for our target languages
(DeGenaro and Lupicki, 2024; García Gilabert
et al., 2024; de Gibert et al., 2025). LLM prompt-
ing with community-specific context is competitive
for Guaraní, Maya, Bribri, and Nahuatl (Lupicki
et al., 2025; Vasselli et al., 2025). Bribri morphol-
ogy presents particular challenges for sequence-to-
sequence models (Anderson et al., 2025).

Language Key cultural categories in prompt

Guaraní Tereré, ñandutí, tatakua, traditional
foods (chipa, sopa paraguaya), mythology
(Pombero, Jasy Jatere), Jesuit missions

Maya Henequén, huipil, cenotes, Hanal Pixán,
Cochinita Pibil, Kukulkán, Chaac, archae-
ological sites

Wixárika Peyote (hikuri), nierika yarn paint-
ing, beadwork (chaquira), mara’akame,
Wirikuta pilgrimage

Nahuatl Milpa, Quetzalcóatl, Day of the Dead,
mole, Voladores de Papantla, copal,
temazcal

Bribri Cacao, Sibö, conical housing, sukia healer,
chicha, Talamanca territory

Table 1: Cultural vocabulary categories targeted by each
language-specific prompt. Full prompts in Appendix A.

3 System Description

3.1 Stage 1: Culturally-Prompted Visual
Captioning

We use Qwen3-VL-8B-Instruct (Bai et al., 2025)
to generate a Spanish description for each image
(resized to 384×384 px). We design a language-
specific cultural prompt for each of the five lan-
guages, following the approach of Yun and Kim
(2024). Each prompt is written in Spanish and
instructs the model to generate a concise (2–4 sen-
tence) culturally-aware caption while foreground-
ing community-specific objects, practices, and sym-
bols.

Table 1 shows the cultural vocabulary categories
included in each prompt. The complete prompts
are provided in Appendix A.

For Guaraní, we iterated over two prompt ver-
sions on the development set: an initial version
(V1) with categorical vocabulary lists, and a re-
fined version (V2) that additionally includes three
few-shot examples of culturally correct captions.
V2 was used for the final test submission; all other
languages used a single prompt version with no
few-shot examples.

Inference parameters:
do_sample=False, max_new_tokens=128,
repetition_penalty=1.3. All inference runs on
NVIDIA T4 GPUs (Kaggle environment). The
VLM is unmodified; no fine-tuning is performed.
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Language ANLP23 Total

Guaraní† ∼14k ∼46k
Nahuatl‡ ∼16k ∼36k
Wixárika§ ∼9k ∼16k
Bribri¶ ∼7.5k ∼9.2k
Maya∥ — ∼11.8k

Table 2: Training data. ANLP23 = AmericasNLP 2023
(Ebrahimi et al., 2023). Extra corpora: †Jojajovai
(Chiruzzo et al., 2022); ‡Axolotl (Gutierrez-Vasques
et al., 2016); §Pywirrarika (Mager et al., 2018);
¶Feldman et al. (Feldman and Coto-Solano, 2020);
∥Iikim Translator (Rangel and Kobayashi, 2024) (no
ANLP23 for Maya).

3.2 Stage 2: Language-Specific Neural
Machine Translation

We fine-tune NLLB-200-distilled-600M (NLLB
Team et al., 2022) separately for each language,
following the dominant approach in recent Ameri-
casNLP MT tasks (DeGenaro and Lupicki, 2024;
García Gilabert et al., 2024). For each language
we evaluate both the fine-tuned and the base NLLB
model on the development set and select the best
performer.

Training data. We start from the Americas-
NLP 2023 parallel corpus (Ebrahimi et al., 2023)
and augment with additional public resources (Ta-
ble 2). All data is Unicode NFC-normalized and
whitespace-cleaned.

Vocabulary issues: Bribri and Maya. We dis-
cover that bzd_Latn (Bribri) and yua_Latn (Maya
Yucateco) are absent from NLLB-200’s vocab-
ulary. Inspection of the pretrained tokenizer
configuration confirms that neither identifier ap-
pears in the special tokens map or the sentence
piece vocabulary. Querying either token returns
id 3 (<s>), so the base model silently gener-
ates English. We add yua_Latn as a new spe-
cial token (id 256204) for Maya, followed by
model.resize_token_embeddings() to extend
the embedding matrix; the new token’s embedding
is randomly initialized and trained from scratch.
For Bribri, bzd_Latn was similarly added and the
embedding matrix resized before fine-tuning. This
is consistent with vocabulary gaps documented by
Lupascu et al. (2025) for other under-represented
languages in large multilingual models.

Training configuration. For Wixárika, Nahu-
atl, Bribri, and Guaraní: 3 epochs; batch 1 + 32
gradient accumulation steps (effective batch 32);

Lang. Dev ChrF++ Sub. Test Human (test)

Base FT ChrF++ Rating Rank

Guaraní 19.49 17.57 FT 19.73 2.41 3rd/5
Wixárika 2.48 12.50 FT 13.68 — —
Maya — 9.03 FT 10.83 — —
Nahuatl 3.29 5.23 FT 9.49 — —
Bribri — 2.65 FT 10.95 1.09 5th/5

Table 3: Dev and test ChrF++ for the submitted (FT)
system, and test human evaluation. “—” = not evaluated
or did not qualify for human evaluation (Bui et al., 2026).
Human ratings on a 1–5 scale; 8 teams participated.

lr 2×10−5; 200 warmup steps; weight decay 0.01;
Adafactor (Shazeer and Stern, 2018); gradi-
ent checkpointing; fp16=False; max sequence
length 64 tokens. Hardware: NVIDIA A100
(Google Colab Pro).

Maya used different settings due to platform con-
straints (Kaggle T4): 5 epochs with early stopping
(patience 2); batch 4 + 4 gradient accumulation
steps (effective batch 16); same lr and optimizer;
fp16=True. Training data comprised the Iikim
Translator corpus augmented with the 50 Amer-
icasNLP 2026 development captions repeated 20
times to expose the model to the image caption
domain; task rules explicitly permitted using the
development set for training.

Inference. Fine-tuned models: beam
search (k=4), max_length=256. For
Bribri, repetition_penalty=2.5 and
no_repeat_ngram_size=3 suppress degen-
erate repetition loops (Holtzman et al., 2020)
caused by the combination of small training
data, domain mismatch, and Bribri’s complex
morphology (Anderson et al., 2025).

4 Results

Table 3 reports development ChrF++ (Popović,
2017) for both base and fine-tuned NLLB models,
and test-set human evaluation scores. The shared
task ranked systems first by ChrF++ on the test set;
the top 5 per language advanced to human annota-
tion (1–5 scale).

For Wixárika, fine-tuning yields a large improve-
ment (+10.02 ChrF++) over the base model, likely
because the base NLLB has almost no Wixárika
coverage. For Bribri, only the fine-tuned model is
viable due to the vocabulary issue described above.

Qualitative analysis. Table 4 shows real system
inputs and outputs from our test submissions, il-

266



19.5

2.5
3.3

17.6

12.5

9.0

5.2

2.6

n/a n/a

base > FT
(domain mismatch)

0

5

10

15

20

Guarani Wixarika Maya Nahuatl Bribri

C
h

rF
+

+

Base NLLB−200 Fine−tuned (submitted)

n/a = NLLB−200 has no vocabulary entry for this language (produces English silently)

Figure 2: Dev ChrF++ for base vs. fine-tuned NLLB-
200. Fine-tuning substantially improves Wixárika
(+10.02) but slightly hurts Guaraní (domain mismatch).
Bribri and Maya have no base score due to the vocabu-
lary gap.

lustrating the pipeline in practice. Examples are
unedited.

5 Analysis

Cultural prompting and the metric gap. Our
3rd-place Guaraní result was achieved without fine-
tuning the VLM. For the other four languages,
we used zero-shot cultural prompts; for Guaraní,
we refined the Stage 1 prompt from a zero-shot
version (used on dev) to a few-shot version with
three culturally grounded caption examples (used
on test), motivated by the observation that NMT
fine-tuning slightly hurt dev ChrF++. The strong
human evaluation result supports that culturally
grounded prompting improved perceived caption
quality. Notably, the Guaraní test ChrF++ (19.73)
slightly exceeds the dev fine-tuned score (17.57),
consistent with the few-shot V2 prompt providing
richer Stage 1 captions than the zero-shot V1 used
on dev. Karamolegkou et al. (2024) explain this pat-
tern: cultural prompting improves human-judged
quality even when ChrF++ declines, because cul-
turally enriched descriptions include community-
specific terms absent from generic references. Our
dev ChrF++ scores likely underestimate cultural
quality (Yun and Kim, 2024; Burda-Lassen et al.,
2025); metrics capturing semantic and cultural fi-
delity (Krasner et al., 2025) would be more appro-
priate.

Fine-tuning does not always help. For Guaraní,
the base NLLB model (19.49) outperforms the fine-
tuned version (17.57) on dev. This suggests domain
mismatch between our training data (general par-
allel text) and image captions (short, present-tense

Stage 1 — Spanish (VLM) Stage 2 — target language

Guaraní, id grn_052 (tereré image)

Tereré, bebida tradicio-
nal guaraní preparada
con yerba mate, agua fría
y una bombilla llamada
“guampa”. Se aprecian las
calabazas nativas usadas
como cántaras.

Tereré, mba’yrumýiva
guaraníme ojejapóva yvy-
ra’ípe, y ro’y ha peteî
bombilla hérava guampa.
Ko ta’angápe ojehecha umi
ka’aguy guasúva ojeporúva
cántaras.

Guaraní, id grn_053 (ñandutí image)

Encaje ñandutí, tejido
manual con hilos multi-
colores en forma circular,
característico de Itauguá,
Paraguay. Símbolo de la
herencia textil guaraní.

Ñemboja’o ñandutí, ñonga-
tupyrýva umi mba’apohára
ha’éva Itauguá, Paraguái.
Ha’e símbolo herencia tex-
til guarani.

Bribri, id bzd_051 (cacao/Sibö image)

Este es el cacao, una planta
sagrada que honra a Sibö,
Dios creador bribri. Sus
semillas son parte de las
ofrendas rituales y simboli-
zan vida y fertilidad.

s e’r kákoa, tsékea . . . Si-
bòa. Se’ wöyök tö íyikaa-
laa ie’pa rö i wèna- awa- a-
taa. [Bribri; see submission
bzd_051]

Nahuatl, id nlv_052 (failure: repetition collapse)

Una mujer nahua des-
cansa sobre los escalones
frente a una puerta antigua,
vistiendo su huipil tejido
con patrones que reflejan
la riqueza artesanal de sus
raíces. Su postura tran-
quila evoca las prácticas
cotidianas del campo ve-
racricense, donde aún se
cultiva milpa y se preparan
tamales.

[Repetition collapse: 119
of 200 Nahuatl outputs
consist entirely of repeated
Unicode variation- selector
characters. No repetition
penalty was applied for
Nahuatl.]

Table 4: Examples from our test submissions (unedited).
Stage 1 correctly elicits culturally specific terms (tereré,
guampa, ñandutí, Sibö) without VLM fine-tuning. The
Nahuatl row shows a real failure: 119 of 200 Nahu-
atl test outputs collapsed to emoji repetition loops in
Stage 2, as no repetition penalty was applied for that
language.

descriptions) can outweigh language-specific fine-
tuning signal. Oduwole et al. (2026) and de Gibert
et al. (2025) report similar findings. For Wixárika,
where the base model has almost no coverage
(2.48 ChrF++), fine-tuning improves substantially
(+10.02).

NLLB vocabulary gaps are a silent failure. The
absent bzd_Latn and yua_Latn tokens produce
fluent English output with no warning. We recom-
mend explicit verification before applying NLLB
to any new language:

tokenizer.convert_tokens_to_ids(
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Figure 3: Training data size vs. dev ChrF++ (fine-tuned
model). Nahuatl (36k pairs) underperforms Wixárika
(16k pairs) due to domain mismatch between the Axolotl
corpus (news text) and image captions.

"bzd_Latn") # -> 3 (<s>): NOT supported

Lupascu et al. (2025) document similar uneven
coverage across large multilingual models.

Repetition collapse. Bribri’s degenerate decod-
ing (Holtzman et al., 2020) likely reflects the in-
teraction of scarce training data (9.2k pairs), high
domain mismatch, and morphological complexity
(Anderson et al., 2025). A repetition penalty of
2.5 resolves the symptom; future work should ad-
dress the cause via back-translation (Sennrich et al.,
2016) or community-sourced captioning data (Gao
et al., 2025).

6 Conclusion

We presented the USP system for the AmericasNLP
2026 image captioning shared task: a two-stage cas-
cade combining culturally-prompted VLM caption-
ing with per-language fine-tuned NLLB-200 NMT.
Building on the AmericasNLP community’s paral-
lel corpora (Ebrahimi et al., 2023, 2024; de Gibert
et al., 2025) and cultural captioning literature (Yun
and Kim, 2024; Buettner et al., 2025; Gao et al.,
2025), our system achieves 3rd place in Guaraní
human evaluation. We contribute two findings:
(1) NLLB-200 silently lacks Bribri and Maya Yu-
cateco vocabulary; and (2) cultural prompting may
improve human-judged quality in ways ChrF++
does not reflect (Karamolegkou et al., 2024). Taken
together, these findings suggest that large multilin-
gual models fail Indigenous captioning not only
due to data scarcity, but through hidden infrastruc-
ture mismatches: tokenizer coverage gaps, domain
misalignment, and cultural grounding deficiencies.

We release our prompts and training scripts.1

Ethics Statement

This work involves languages spoken by Indige-
nous communities whose cultural knowledge in-
formed our prompting strategy. The cultural
prompts were designed based on publicly avail-
able literature and existing NLP resources, without
direct community consultation. We acknowledge
that prompt-based cultural grounding risks misrep-
resenting or essentializing community practices,
particularly if cultural elements are applied to im-
ages where they are not present. We do not claim
that our system produces culturally authoritative
captions, and we encourage community-led eval-
uation and correction of any outputs deployed in
practice.

Limitations

Cultural prompts were authored without native-
speaker consultation, limiting their cultural validity
(Oduwole et al., 2026; Gao et al., 2025). NMT
models trained on general-domain text face domain
mismatch on image captions; submitted systems
may not reflect the optimal configuration for all lan-
guages. Bribri and Maya models use non-standard
vocabulary configurations. Human evaluation sam-
ple sizes vary by language. For Guaraní, the devel-
opment and test sets used different prompt versions
(V1 zero-shot vs. V2 few-shot), which introduces
a confound: the observed human evaluation gain
cannot be attributed solely to cultural prompting,
as prompt format also changed.
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Guaraní (V1 — zero-shot, used on dev). “Eres
un sistema de subtitulado de imágenes diseñado
para describir imágenes con relevancia cultural
para el pueblo Guaraní de Paraguay. Tu tarea:
Generar subtítulos concisos, respetuosos y cultural-
mente precisos (2–4 oraciones máximo). Contexto
cultural a reconocer: tereré (bebida fría de yerba
mate), chipa, sopa paraguaya, mbejú, ñandutí, ao
po’i, jacarandá (tajy), mburucuyá, opy (casa cer-
emonial), tatakua, kambuchi, guampa, misiones
jesuíticas, Jasy Jatere, Pombero, Kurupi, Luison.”

Guaraní (V2 — few-shot, used on test). “Eres
un sistema de subtitulado de imágenes para el
pueblo Guaraní de Paraguay. Genera un subtí-
tulo en ESPAÑOL, conciso y culturalmente preciso
(2–4 oraciones).

EJEMPLOS DE SUBTÍTULOS CORRECTOS:
Imagen de encaje artesanal colorido: “Ñandutí,

encaje artesanal tradicional de Itauguá, Paraguay.
Se teje a mano con hilos de colores formando pa-
trones circulares como telas de araña.”

Imagen de sopa con bolitas amarillas: “Vori
vori, sopa tradicional paraguaya elaborada con
bolitas de harina de maíz y queso. Es un plato
típico de la gastronomía guaraní, especialmente
consumido en invierno.”

Imagen de vasija de barro con tela: “Kambuchi,
vasija de barro tradicional guaraní, utilizada para
transportar y conservar agua fresca.”

CONTEXTO CULTURAL: tereré, chipa, sopa
paraguaya, ñandutí, tatakua, kambuchi, guampa,
Jasy Jatere, Pombero, Kurupi, Luison, misiones
jesuíticas.”

Maya Yucateco. “Eres un sistema de subtitulado
de imágenes para el pueblo Maya de México (Yu-
catán). Contexto cultural: henequén, huipil, milpa,
cenotes, Chichen Itzá / Uxmal / Tulum, Hanal
Pixán, jarana, pib/mucbipollo, sopa de Lima, co-
chinita pibil, Xtabay, Alux, Chaac, Kukulkán.”

Wixárika. “Eres un sistema de subtitulado de
imágenes para el pueblo Wixárika (Huichol) de
México. Contexto cultural: peyote (hikuri),
Wirikuta, nierika (tabletas rituales), cuadros de
estambre, arte con chaquira, ojo de Dios (tsikiri),
mara’akame, kuchuri, tatewarí (Dios del Fuego),
Tatei Haramara, ceremonias Mitote, nawá/tejuino.
Prefiere “Wixárika” sobre “Huichol”.”

Nahuatl. “Eres un sistema de subtitulado de imá-
genes para el pueblo Nahua de México (Orizaba,

Veracruz). Contexto cultural: mole, tamales, tlayu-
das, chinampas, Teotihuacán / Tenochtitlán, Quet-
zalcóatl, Xochitl, Día de Muertos (cempasúchil),
huipil, copal, temazcal, milpa, Voladores de Pa-
pantla.”

Bribri. “Eres un sistema de subtitulado de
imágenes para el pueblo Bribri de Costa Rica.
Contexto cultural: Talamanca, cacao (planta
sagrada), Sibö (dios creador), clanes matrilineales,
sukia (chamán), casa cónica circular, chicha de
maíz/pejibaye, pejibaye, cestería, usure (ceremo-
nia de muerte), Kéköldi, Cordillera de Talamanca.”
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Abstract

This paper describes the NAIST submission to
the AmericasNLP 2026 Shared Task on Indige-
nous Language Image Captioning. We inves-
tigate two approaches for generating captions
in Bribri, Guaraní, Nahuatl, Wixárika, and Yu-
catec Maya. The first is a nearest-neighbor
retrieval system that uses CLIP image embed-
dings to retrieve the most similar image from
the development set and directly reuse its cap-
tion. The second is a generation pipeline that
combines scene analysis, dictionary-grounded
lexical planning, retrieved gloss templates, and
interlinear gloss representations to constrain
generation in low-resource settings.

The retrieval-based approach substantially out-
performed the gloss-based pipeline under
chrF++ evaluation and was competitive across
all submitted systems, achieving first-place
automated system rankings for Bribri and
Wixárika and third place for Nahuatl. The
gloss-based pipeline produced weaker auto-
matic evaluation results and exposed problems
with dictionary coverage, orthographic mis-
matches between resources, and unstable gram-
matical generation. Our results suggest that
retrieval-based methods provide a strong base-
line for low-resource captioning tasks when
high-quality examples are available.1

1 Introduction

The AmericasNLP 2026 Shared Task on Indige-
nous Language Image Captioning focuses on gen-
erating captions for images in low-resource Indige-
nous languages. The task is challenging for current
multimodal systems due to the limited amount of
training data and the varying quality of genera-
tion available for these languages in current transla-
tion systems and large language models (Bui et al.,
2026).

1Code available at https://github.com/JVasselli/
americasnlp2026-naist

Our submission explores two approaches based
on the retrieval of development set captions. The
first uses nearest-neighbor retrieval. Given a query
image, we retrieve the most similar image from the
development set using CLIP embeddings (Radford
et al., 2021) and return its caption directly. The
second approach uses GPT-5.4 (Singh et al., 2026)
to generate an interlinear gloss using retrieved cap-
tions and a dictionary-grounded lexical planning
stage, then converts the gloss into the target lan-
guage using language-specific conversion rules.

Our experiments showed that nearest-neighbor
retrieval substantially outperformed the gloss gen-
eration pipeline on automatic evaluation metrics
across all the languages we tested. Retrieval-
based captioning produced fluent captions, while
the pipeline often produced short or constrained
outputs. We also observed differences across lan-
guages, suggesting that the difficulty of generating
fluent captions varies depending on language sup-
port and dataset characteristics.

These results show that retrieval remains ef-
fective for low-resource captioning tasks, par-
ticularly under surface-overlap metrics such as
chrF++ (Popović, 2015). However, the human eval-
uation results were more mixed across languages.

2 Nearest-Neighbor Retrieval

2.1 System Overview
We implement a nearest-neighbor retrieval ap-
proach that retrieves the caption associated with
the most similar development image.

We evaluate four similarity strategies on the de-
velopment set:

• CLIP similarity

• DINOv2 similarity

• English caption similarity

• Spanish caption similarity

272

https://github.com/JVasselli/americasnlp2026-naist
https://github.com/JVasselli/americasnlp2026-naist


1. Encode the 
Input Image

Use input image 
vector as query

3. Find Most 
Similar Image

2. Encode 
Dev Set Images

Fetch the 
Indigenous 

language caption

4. Return Retrieved 
Dev Image Output Caption

Se ateskatl 
inauak se kali. 
Kiyaualojtok 
kuajyo.

Figure 1: Overview of the nearest-neighbor retrieval system

Language CLIP DINOv2 Caption EN Caption ES Baseline

Bribri 20.52 19.91 18.86 18.61 7.57
Maya 21.94 21.65 18.68 19.66 —
Guaraní 22.97 22.66 22.33 21.16 20.82
Nahuatl 25.08 24.02 23.62 23.52 11.53
Wixárika 19.71 19.83 18.69 19.01 17.77

Table 1: Development set chrF++ scores for nearest-neighbor retrieval using different similarity strategies. English
and Spanish denote caption similarity for each language. The official baseline did not include Maya results.

For image-based retrieval, we compute embed-
dings for all images and select the nearest neighbor
using cosine similarity.

For CLIP-based similarity, we use OpenCLIP
with a ViT-B/32 architecture pretrained on the
LAION-2B dataset (Cherti et al., 2023). The result-
ing image embeddings have a dimension of 512,
and images are processed using the default Open-
CLIP preprocessing pipeline.

For DINOv2-based similarity, we use the DI-
NOv2 large model (ViT-L/14) (Oquab et al., 2024).
This model is trained with self-supervision. The re-
sulting embeddings have a dimension of 1024, and
images are processed using the default DINOv2
preprocessing pipeline (resize, center crop, and
normalization).

We include caption-based retrieval to test
whether the generated English and Spanish de-
scriptions capture scene similarities missed by
image embeddings. We first generate En-
glish and Spanish captions for each image
in both the development and test sets using
gpt-4o-mini-2024-07-18. These captions are
then encoded using LaBSE (Feng et al., 2022), a
multilingual sentence embedding model designed
for cross-lingual retrieval. We compute cosine sim-
ilarity between embeddings to identify the nearest

neighbor.
For each query image, we select the caption asso-

ciated with the most similar image in the develop-
ment set. In the development set experiments, the
query image is excluded from the candidate pool.

2.2 Results

As shown in Table 1, CLIP-based retrieval achieved
the strongest development set performance for four
of the five languages. DINOv2 retrieval remained
competitive, particularly for Wixárika, where it
slightly outperformed CLIP. Caption-based re-
trieval using generated English and Spanish de-
scriptions consistently underperformed image-
based retrieval, though the gap was smaller for
Guaraní and Nahuatl. All retrieval approaches out-
performed the official baseline on the languages
where baseline scores were available. Based on de-
velopment set performance, we selected the CLIP-
based retrieval system for submission.

3 Gloss-based Pipeline Approach

3.1 System Overview

In addition to nearest-neighbor retrieval, we ex-
plored a gloss-based generation pipeline intended
to constrain generation through dictionary ground-
ing and intermediate gloss representations. Instead

273



Input Image

Extract entities, 
actions, attributes, 

and relations

􁗞�
1. Scene Analysis

Generate caption in 
interlinear gloss

se  toka-tzin  ipan  se   omikilitl
one   eIM      on    one OMIKILITL

4. Gloss Generation

Generate target 
language caption

Script conversion

􀌴�
5. Surface Realization

Al onca xoxouhqui tepel.

Altzindi katetok ipan 
xuxuctic tepeyo.

􀫖�
Match scene 
analysis to 

dictionary entries

2. Lexical Grounding

􀕹�
Retrieve structurally 

similar captions

3. Example Retrieval

Figure 2: Overview of the gloss-based generation pipeline.

of generating captions directly from the image, the
system first extracts structured scene information
and maps concepts to attested lexical items before
generating a caption gloss. This approach was de-
signed to reduce hallucinations in low-resource In-
digenous languages. The pipeline consists of five
stages:

1. Scene analysis

2. Lexical grounding

3. Example retrieval

4. Interlinear Gloss generation

5. Surface Realization

Resources. To support the gloss-based pipeline,
we constructed several synthetic linguistic re-
sources for each language. First, we manually cre-
ated a glossed caption resource from the provided
target captions. Each entry contains a morpholog-
ical segmentation, interlinear gloss, and approxi-
mate English translation. We created these glosses
using publicly available dictionaries and gram-
mar references, including grammar references for
Guaraní (Estigarribia, 2020), Bribri (Jara, 2018),
Yucatec Maya (Bolles and Bolles, 2001), and Nahu-
atl (Tuggy, 2004); they were intended for experi-
mental generation support rather than authoritative
linguistic annotation. Below is a sample entry:

"Guarani": "Chemandu'áta nderehe.",
"morphology": "che-mandu'a-ta nde=rehe",
"gloss": "1SG.INACT-remember-FUT 2SG=on",

"Spanish": "Me acordaré de ti.",
"English": "I will remember you."

From these glossed examples, we automatically
extracted gloss-to-morpheme alignment tables that
record how gloss units were morphologically real-
ized in the examples.

...
3SG.front tu_táan 1
3SG.on y-óok'ol 1
ADD tak_xan 1
CL.tree kúul 2
DET le 26
...

For Guaraní and Nahuatl, which contain richer
agglutinative morphology, we additionally created
subword-level alignment resources.

...
3SG.OBJ ki 14
3SG.POSS i 5
3SG.POSS tlan 2
ABS tli 12
APPL li 1
APPL lia 2
CAUS lti 1
COND skia 1
...

We also collected bilingual dictionaries for each
language and used them during lexical planning
and gloss conversion, including the Bribri dictio-
nary released by Vasselli et al. (2024), the Guaraní
dictionary Avañe’ẽ del Taragui (Ministerio de Ed-
ucación de la Provincia de Corrientes, 2022), the
Yucatec Maya dictionary Diccionario de Uso del
Maya Yucateco (Yoshida and Ucan Dzul, 2025),
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Language Systems Nearest Neighbor Gloss Generated Gloss Converted Baseline
Bribri 14 19.37 (1) 4.21 (13) 5.29 (11) 7.01 (10)
Maya 9 15.80 (5) 12.27 (6) 10.20 (8) -
Guaraní 24 19.41 (18) 9.71 (22) 8.33 (23) 20.14 (12)
Nahuatl 12 20.93 (3) 10.09 (10) 15.34 (8) 9.52 (11)
Wixárika 14 19.84 (1) - - 16.91 (8)

Table 2: Test set results on automated metric. Number in the parentheses is the system ranking of all submitted
systems.

Language CLIP NN Generated Converted
Bribri 20.52 4.66 5.38
Maya 21.94 12.52 11.79
Guaraní 22.97 7.47 6.97
Nahuatl 25.08 10.13 14.23

Table 3: Development set chrF++ scores for the gloss-
based pipeline variants (Generated, Converted) and
CLIP-based nearest-neighbor (NN) retrieval.

the Wixárika dictionary by SIL International (SIL
International, 2012), and the Nahuatl dictionary by
SIL International (SIL International, 2002).

Step 1: Scene analysis. We first prompt GPT
(gpt-4o-mini-2024-07-18) to analyze an input
image and produce a structured scene representa-
tion. The representation contains entities, actions,
attributes, and spatial relations, together with corre-
sponding Spanish lexical items. An example scene
representation is shown below:

{
"attributes": ["green", "cloudy"],
"main_entity": "water",
"predicate_type": "existential",
"secondary_entities":
["trees", "mountain", "sky"]

}

The system also produces Spanish lexical map-
pings, such as green → verde and water → agua.

Step 2: Lexical grounding. The extracted con-
cepts are matched against digitized dictionaries.
Concepts without dictionary matches are pruned
from the scene representation. This stage produces
a lexical plan containing only attested vocabulary.
For example, the scene representation above may
be reduced to concepts such as green, water, and
mountain if no dictionary matches are found for
the remaining items.

Step 3: Example retrieval. We retrieve candi-
date captions from the development set using man-
ually assigned structure labels such as ENTITY +
STATE + LOCATION. Retrieved examples provide

interlinear glosses and morphological patterns for
generation.

Step 4: Interlinear gloss generation. GPT-5.4
(gpt-5.4-2026-03-05) is then prompted to gen-
erate an interlinear gloss caption, together with a
target-language caption. The prompt includes the
image, the lexical plan, and retrieved gloss exam-
ples. The model is instructed to use only lexical
items appearing in the dictionaries or retrieved ex-
amples.

For example, the system may generate the gloss:

water be-PROG on green mountain

Step 5: Surface realization. Finally, we convert
the gloss into Indigenous language captions in two
ways: LLM generation and rule-based script. The
LLM is prompted to generate a caption immedi-
ately after the gloss and has all of the information
from the captioning stage (image, scene plan, ex-
amples, dictionary entries). In the above example
GPT-5.4 generated:

Al onca xoxouhqui tepel.

We additionally apply a deterministic gloss con-
version to produce a second version of the caption.
This stage combines dictionary matches, rule-based
morphology, and morpheme alignments extracted
from the synthetic gloss resources. For the previous
example, the conversion stage produced:

Altzindi katetok ipan xuxuctic tepeyo.

3.2 Results
Table 3 shows the development set results for the
gloss-based pipeline. Across all languages, both
variants scored well below nearest-neighbor re-
trieval. Performance also varied across languages.
The deterministic conversion stage improved re-
sults for Bribri and Nahuatl but slightly reduced
performance for Maya and Guaraní. Due to incom-
plete language-specific resources and conversion
rules, the gloss-based pipeline was not finalized for
Wixárika and was therefore not included in these
experiments.
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Language Reference Pipeline
Bribri 14.92 7.40
Maya 11.28 6.02
Guaraní 21.64 6.52
Nahuatl 8.34 5.26

Table 4: Average number of tokens per caption for the
reference captions and the gloss-based pipeline outputs.

4 Results and Discussion

4.1 Automatic Evaluation

Table 2 shows the official test set chrF++ results for
our submitted systems. The nearest-neighbor re-
trieval system achieved the strongest performance
of our submissions across all languages. The sys-
tem ranked first overall for Bribri and Wixárika,
third for Nahuatl, fifth for Maya, and eighteenth
for Guaraní.

The gloss-based pipeline consistently produced
lower chrF++ scores than nearest-neighbor re-
trieval. One reason is that the pipeline produced
much shorter captions than the references, as
shown in Table 4. The lexical planning stage ag-
gressively pruned concepts without reliable dictio-
nary matches, which reduced hallucinated vocab-
ulary but also removed many scene details. As a
result, generated captions often contained only a
small subset of the entities and actions present in
the reference captions.

We also observed several additional issues dur-
ing gloss generation and lexical planning. The
system relied heavily on dictionary matches and
often ignored development set vocabulary. In some
cases, valid dictionary matches were missed due
to inflectional or orthographic variation, such as
plural forms or differences in accent marking be-
tween the dictionaries and the shared task data. The
gloss generation stage also occasionally produced
grammatical constructions that did not appear in
the retrieved examples or alignment resources.

Despite its simplicity, nearest-neighbor retrieval
consistently produces fluent captions. Under
surface-overlap metrics such as chrF++, this trans-
lates to stronger results than the constrained gloss
generation pipeline.

4.2 Human Evaluation

Table 5 shows that the nearest-neighbor retrieval
system achieved strong rankings on the automatic
evaluation metric. The system ranked first for

Lang. Avg rating Sys. Ranking
Bribri 2.219 3
Maya 1.934 4
Guaraní 1.978 4
Nahuatl 1.220 4
Wixárika 3.790 1

Table 5: Test set results of nearest neighbor retrieval
after human evaluation.

Lang. Improved Avg ∆ Min ∆ Max ∆

Bribri 32/50 0.72 -3.48 10.32
Maya 22/50 -0.85 -16.43 10.38
Guaraní 27/50 -0.24 -6.63 4.77
Nahuatl 43/50 4.88 -7.52 17.90

Table 6: Change in chrF++ score after deterministic
gloss conversion relative to direct caption generation on
the development set. “Improved” indicates the number
of examples for which gloss conversion increased the
chrF++ score.

Wixárika, third for Bribri, and fourth for Maya,
Guaraní, and Nahuatl. However, the corresponding
human evaluation ratings were more mixed across
languages.

This difference suggests that strong chrF++ per-
formance does not always correspond to strong
human evaluation performance. Retrieved captions
are fluent and grammatical because they originate
from attested examples in the development set, but
the retrieved image may still differ from the query
image in important ways. Surface-overlap metrics,
such as chrF++, do not strongly penalize these se-
mantic mismatches.

4.3 Gloss Conversion versus Direct
Generation

Table 6 compares the direct caption generation
against the rule-based gloss conversion script out-
put on the development set. The effect of gloss
conversion varied by language.

Gloss conversion improved the majority of ex-
amples for Bribri, Nahuatl, and Guaraní. However,
only Nahuatl showed a substantial increase in the
average chrF++ score after conversion. Guaraní
and Maya both showed slight decreases on average
despite improvements on many individual exam-
ples.

These results suggest that deterministic gloss
conversion can improve lexical and morphological
consistency when the generated gloss aligns well
with the target language resources. However, errors
introduced during lexical planning or gloss gen-

276



eration often propagate into the conversion stage.
Since the conversion system relied heavily on dic-
tionary lookups and synthetic alignment resources,
that meant that mismatches in orthography, mor-
phology, or gloss structure could lead to degraded
outputs.

The relatively strong improvement for Nahu-
atl may also reflect differences in language sup-
port within current language models. Vasselli
et al. (2026) found that large language models
demonstrate comparatively stronger understanding
of Guaraní and Nahuatl than several other Indige-
nous languages. However, the shared task uses
Orizaba Nahuatl (nlv), while many multilingual
resources and evaluations focus on broader Nahuatl
varieties such as nah. These differences may have
affected both gloss generation and gloss conversion
quality.

5 Related Work

Early image captioning systems explored retrieval-
based approaches that reused captions from visu-
ally similar images rather than generating captions
directly. Farhadi et al. (2010) mapped images
and captions into a shared semantic representation
for caption retrieval, while Ordonez et al. (2011)
demonstrated that nearest-neighbor image retrieval
combined with direct caption transfer could pro-
duce competitive image descriptions using large
captioned image collections.

More recent work has explored linguistic re-
sources and explicit grammatical structures for
low-resource language generation. Ginn et al.
(2024) investigates gloss generation for endangered
languages using large language models, demon-
strating that intermediate linguistic representations
can support generation for low-resource languages.
Taguchi and Sproat (2026) shows that large lan-
guage models can generalize grammatical patterns
from linguistic descriptions and curated examples,
motivating our use of retrieved gloss templates and
structured prompting. Vasselli et al. (2024) ap-
plies dictionary-guided prompting and retrieved
linguistic examples for educational material gener-
ation in Indigenous languages, demonstrating how
lexical grounding and example retrieval can help
constrain generation in low-resource settings. Our
gloss-based pipeline combines lexical grounding,
retrieved caption structures, and intermediate gloss
representations to constrain generation.

6 Conclusion

We presented two approaches for the AmericasNLP
2026 Indigenous language image captioning shared
task: a nearest-neighbor retrieval system based on
CLIP image similarity and a gloss-based generation
pipeline using lexical grounding and intermediate
interlinear gloss representations.

Our experiments showed that nearest-neighbor
retrieval substantially outperformed the gloss-
based pipeline across most languages under chrF++
evaluation. Despite its simplicity, retrieval pro-
duced fluent captions drawn directly from attested
examples in the development set and achieved
strong rankings on the shared task leaderboard. In
contrast, the gloss-based pipeline often produced
short and overly constrained captions due to aggres-
sive lexical pruning and limitations in the available
linguistic resources.

The gloss-based pipeline nevertheless high-
lighted several challenges for low-resource Indige-
nous language generation, including orthographic
variation across resources, sparse dictionary cov-
erage, and difficulty in constraining grammatical
generation. The mixed results from deterministic
gloss conversion further suggest that improvements
in lexical alignment and morphological normaliza-
tion may be necessary before rule-based conversion
can reliably improve generated outputs.

Overall, our results suggest that retrieval-based
approaches remain competitive for low-resource
captioning tasks, particularly when high-quality at-
tested examples are available. However, the gap
between automatic metrics and human evaluation
shows that fluent retrieved captions are not always
accurate. Future work may benefit from combining
the fluency advantages of retrieval with stronger
semantic grounding and more robust linguistic re-
source integration.
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Abstract

Indigenous languages of the Americas face se-
vere endangerment, and the scarcity of cultur-
ally grounded resources remains a critical bar-
rier to revitalization efforts. We present the
AmericasNLP 2026 Shared Task on Cultural
Image Captioning for Indigenous Languages,
the first shared task dedicated to generating cap-
tions for images depicting Indigenous cultures
of the Americas, written in the Indigenous lan-
guages themselves. To support this, we intro-
duce and publicly release a newly constructed
dataset spanning five cultures and their domi-
nant languages: Bribri, Guaraní, Yucatec Maya,
Central Veracruz Nahuatl, and Wixárika. Eval-
uation follows a two-stage process, combining
automatic evaluation using ChrF++ with hu-
man evaluation of the top-performing systems
for each language. Eight teams participate, sub-
mitting 27 systems in total. Results indicate
that the task remains largely unsolved: while
the strongest systems produce understandable
captions, they fall short on descriptive detail
and, critically, cultural grounding.

1 Introduction

Many Indigenous languages of the Americas are
endangered, spoken by small communities and at
high risk of extinction. Revitalization depends on

WixarikaWixarikaWixarika

Central VeracruzNahuatlCentral VeracruzNahuatlCentral VeracruzNahuatl
Yucatec MayaYucatec MayaYucatec Maya

BribriBribriBribri

GuaraníGuaraníGuaraní

Figure 1: Approximate geographic distribution of the
five Indigenous cultures covered in this work

teaching materials that are costly and slow to pro-
duce (Chiruzzo et al., 2024). Image captioning is
unusually well-suited to address this gap: pairing a
culturally specific image with a caption in the tar-
get language teaches language and culture at once,
since the learner takes in not only the words but
the practices, objects, and settings they name. Yet
producing accurate captions is hard on two fronts.
First, even in the text-only setting, the most novel
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Bribri
Ù tsà̱bita a̱ ta̱ idir yirîrî. E'
yawèke ùkö wa, tsî̱ne̱t a̱ñì̱

ó̱mi̱k.
Palm segments are woven
together at the top of the
conical house. The suita
palm leaves are woven

really tight together.

Guaraní
Peteĩ kuimba'e oguata hína

tatapỹi ári; "Tata ári
jehasa" niko peteĩ ritúal

[...].
A man walking barefoot on
burning embers; "Tata ári

jehasa" is a ritual [...].

Yucatec Maya
Junkúul puut jach ya'ab u

yich beyxan yaan tu paachil
ya'abach u le' ja'as.

A papaya tree with many
fruits and many banana

leaves behind it.

Central Veracruz
Nahuatl

Se siuatsintli ika itlaken
xochijyo itlanpa se aueuetl

uejkapantik.
A girl in an embroidered

dress under a huge
ahuehuete tree.

Wixárika
Uká tú mati tatsiu h+xi

in+net+ hipame yu iwama
wa há mat+a.

The woman is harvesting
green tomatillos with
several colleagues.

Figure 2: Representative examples from each language. Each image is shown with the sentence in the target
language (italicized) and its English translation. Note that the English translation is not released.

NLP techniques still struggle with low-resource
languages (Mager et al., 2024; Weerasinghe et al.,
2025; Hettiarachchi et al., 2025); adding the visual,
multimodal dimension only raises the bar. Sec-
ond, accurate captions demand not just linguistic
competence but cultural knowledge—models fre-
quently exhibit substantial limitations in visual cul-
tural understanding, defaulting to Western-centric
depictions and interpretations (Nayak et al., 2024;
Winata et al., 2025; Liu et al., 2025; Bui et al.,
2025). Both challenges are thus barriers to build-
ing systems that serve Indigenous communities.

We introduce the AmericasNLP Shared Task
on Cultural Image Captioning for Indigenous Lan-
guages, the first effort to develop systems that gen-
erate accurate, culturally grounded captions for cul-
turally relevant images, written in the Indigenous
languages themselves. To make this possible, we
contribute a new dataset of images and captions
from five cultures and their dominant languages:
Bribri, Guaraní, Yucatec Maya, Central Veracruz
Nahuatl, and Wixárika; see Figure 1. Evaluation
goes beyond automatic metrics: we complement
them with a human evaluation to ensure that the
cultural and linguistic quality of generated captions
is assessed rigorously.

Eight teams participate, submitting 27 systems.
Our results show that the task remains largely un-
solved: while the strongest systems produce un-
derstandable captions, they fall short on detail and,
critically, cultural grounding. These findings high-
light the need for continued investment in culturally
aware, multimodal NLP for Indigenous languages.

The remainder of the paper covers the dataset

creation (Section 2), our evaluation process (Sec-
tion 3.1), the submitted systems (Section 3.2), as
well as results and additional insights (Section 4
and Section 5).

2 Dataset Creation

We describe the construction of our dataset, cover-
ing the cultures and languages represented, the im-
age collection and caption annotation procedures,
data collector recruitment, and dataset statistics.
Representative examples are shown in Figure 2.
We publicly release the development data in our
Github repository1 under the Creative Commons
NonCommercial license (CC NC-BY).2

2.1 Cultures and Languages
The shared task features 5 cultures and their dom-
inant languages: Bribri, Guaraní, Yucatec Maya,
Central Veracruz Nahuatl, and Wixárika.

Bribri The Bribri are an Indigenous people of
southern Costa Rica. They speak Bribri (BZD), a
Chibchan language used by an estimated 7,000
people (INEC, 2011). It is a vulnerable lan-
guage (Sánchez Avendaño, 2013), in that in-
creasingly fewer children speak the language.
The language has been documented through dic-
tionaries (Margery, 2005; Krohn, 2020), gram-
mars (Jara Murillo, 2018a), collections of oral
literature (Jara Murillo, 2018b; García Segura,
2016; Constenla, 1996, 2006), digital corpora

1https://github.com/AmericasNLP/
americasnlp2026

2https://creativecommons.org/licenses/by-nc/4.
0/
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Split Metric BZD GRN YUA NLV HCH

Dev (Train)
Instances 50 50 50 50 70
Avg. Words 14.9±5.0 21.6±7.7 11.3±5.5 8.3±4.4 16.0±5.5

Avg. Characters 93.3±30.7 154.6±51.1 71.1±40.9 61.0±31.3 92.7±28.1

Test
Instances 267 101 212 200 201
Avg. Words 13.4±4.1 21.9±7.3 15.2±9.1 5.9±3.1 12.0±4.3

Avg. Characters 83.1±22.3 146.1±48.9 95.4±59.4 43.2±22.5 69.8±22.7

Table 1: Dataset statistics for captions across our five Indigenous languages. Note that the dev split was originally
intended solely for evaluation, but subsequently released for training as the task proved challenging without any
in-language resources.

(Flores Solórzano, 2017), and learning materials
for adults (Constenla et al., 2004; Jara Murillo
and García Segura, 2013) as well as children
(Sánchez Avendaño, 2020).

Guaraní The Guaraní are an Indigenous peo-
ple of South America, primarily associated with
Paraguay but also present in parts of Bolivia, Ar-
gentina, and Brazil. They speak Guaraní (GRN),
a Tupi–Guaraní language with approximately 6.5
million speakers. Guaraní is a co-official language
of Paraguay and is spoken by the vast majority of
the population throughout the country, not being
confined only to certain regions or social groups.
This has resulted in many varieties of the language
with different levels of code-switching and borrow-
ing from Spanish, Portuguese, and other European
languages.

Yucatec Maya The Yucatec Maya are an Indige-
nous people of the Yucatán Peninsula of Mex-
ico, northern Belize, and parts of Guatemala.
They speak Yucatec Maya (YUA), a Mayan lan-
guage with approximately 800,000 speakers (IN-
EGI, 2020). The Maya civilization of the Yu-
catán Peninsula represents a living ancestral legacy
whose worldview deeply integrates nature, math-
ematical knowledge, and a cyclical conception of
time. Far from being reduced to an archaeologi-
cal past, contemporary Maya culture remains fully
active within the daily practices and community
dynamics of the region, where the language acts
as the backbone of cultural identity and collective
memory, as well as the social fabric. Essential ar-
chitectural and environmental elements, such as the
traditional Maya house, valued as a symbolic and
sacred space, along with detailed linguistic expres-
sions used to describe the surroundings and emo-
tional states, reflect a unique way of inhabiting and
understanding the world (Universidad Autónoma
de Yucatán, n.d.).

Thus, far from being a static system, Yucatec
Maya (maayat’aan) operates as a dynamic vehi-
cle through which communities conceptualize their
current environment, traditional agricultural knowl-
edge, and everyday experiences. Nevertheless, the
transition of this language toward modernity de-
mands going beyond mere patrimonialization or
discursive recognition; it requires a critical and ef-
fective exercise of refunctionalization that grants it
shared practical and technological spaces, thereby
guaranteeing its vitality in the face of contemporary
challenges (Briceño Chel, 2021).

Central Veracruz Nahuatl Central Veracruz
Nahuatl (alternatively Orizaba or Zongolica Nahu-
atl, Náhuatl central de Veracruz, ISO 639-3 NLV)
is one of approximately 30 formally recognized
varieties of Nahuatl, a Uto-Aztecan language (Val-
iñas Coalla, 2020). Many aspects of this language,
spoken in several municipalities in the state of
Veracruz, Mexico, in and around Orizaba, have
been discussed in linguistics research (Goller et al.,
1974; Tuggy, 1992, 1998). The Nahuas, the In-
digenous ethnic group associated with the Nahuatl
language, have diverse cultural practices that re-
flect their wide geographic distribution throughout
Mexico. In Veracruz, many Nahuas continue to
dress in traditional clothing and cultivate milpa
in the traditional Mesoamerican manner, in both
rocky/mountainous and marshy terrain.

Wixárika The Wixáritari (or Huichol) are an
Indigenous people of Mexico. They live in the
mountainous regions between the states of Jalisco,
Nayarit, Durango, and Zacatecas (Gómez, 1999).
They speak Wixárika (HCH), a polysynthetic lan-
guage belonging to the Uto-Aztecan language fam-
ily, spoken by approximately 50,000 people (IN-
EGI, 2020). This ethnic group possesses a strong
cultural identity, which is expressed through their
clothing, speech, and ceremonies, such as the drum,
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deer, and toasted corn ceremonies, among many
others (Anguiano, 1978; Neurath, 2002). Their
spiritual strength resides in the trinity of the peyote
(hik+ri), deer (kayumari), and maize (esquite). The
Wixaritari “hunt” the hik+ri during their pilgrim-
age to Wirikuta (Lumholtz, 1902), near the town
of Real de Catorce in the state of San Luis Potosí
(Martínez, 2006). From this plant, the marakate
receive the spiritual strength to guide the Wixárika
people and perform healings. Their primary eco-
nomic activities are agriculture—involving sea-
sonal migration to agricultural fields in Mexico’s
coastal regions—and the creation of handicrafts
(Zingg, 1982).

2.2 Images
This section describes the image collection pro-
cess, including general guidelines shared across
all languages and culture-specific details for each
community.

General Instruction For each language and cul-
ture pair, we recruit members of the respective In-
digenous communities for data creation and anno-
tation (see Section 2.4). We inform them about
the goals, methodology, and reasons why the data
collection is done and ask them to photograph ev-
eryday life in their communities, spanning a broad
range of domains—food, work, ceremony, and na-
ture. This community-driven approach ensures that
the images themselves are culturally authentic, re-
flecting the lived experience of each community.
We ask for pictures where humans are absent or not
recognizable, to maintain the privacy of the com-
munity members. In the cases where people are
shown, we either anonymize the images removing
faces, or get permissions from the individuals to be
part of the dataset.

Culture-Specific Details For Bribri, pho-
tographs are taken by cellphones or sourced from
publicly available collections (see Appendix B.1).
Images focus on important elements of Bribri
culture (e.g., agriculture, architecture, crafts and
material culture, and Talamancan landscapes)
while also depicting aspects of Indigenous life
elsewhere in Costa Rica and archaeological
objects.

For Guaraní, images are drawn from the daily
life of community members, supplemented by
open-source material from the web. As the lan-
guage is spoken throughout all society in Paraguay,
the images present a mix of indigenous and criollo

cultures, including food, activities, flora, fauna,
clothing, and some archaeological items.

For Yucatec Maya, community members photo-
graph everyday elements and activities, spanning
local food, domestic and milpa agriculture, trans-
portation, regional buildings, endemic plants, and
campus life. Data collectors show a shared interest
in documenting traditional and identity-defining as-
pects of their communities, such as hammock use,
flowers along pathways, domestic animals, and lo-
cal cuisine.

For Central Veracruz Nahuatl, a community
member travels to multiple neighboring Nahuatl-
speaking communities and collaborates with local
contributors to photograph daily life. Images are
captured using a Samsung Galaxy A53 smartphone.

For Wixárika, the collection reflects day labor,
life and nature in the sierra, and elements of every-
day community life.

2.3 Captions

For all images, we ask the same members of the
respective Indigenous communities to provide cap-
tions in their Indigenous languages. We addition-
ally collect Spanish translations to make the infor-
mation about the images easier accessible. How-
ever, we do not pass the Spanish captions on to the
shared task participants. Annotators are provided
with annotation guidelines and an illustrative exam-
ple (see Appendix B.2 for the full guidelines). The
guidelines encourage annotators to produce cultur-
ally enriched captions where appropriate: rather
than only describing the most salient object, cap-
tions should elaborate on the function, purpose,
or significance of objects, clothing, gestures, or
settings—but only where such elaborations are
grounded in what is visually present in the image.

2.4 Recruitment

The dataset is constructed with active involve-
ment of Indigenous community members, who con-
tribute both images and captions. We briefly de-
scribe each group below.

Bribri The Bribri annotations come from an L1
speaker of the language, who has worked as a
school teacher in the community.

Guaraní The annotators of the Guarani dataset
are four fluent native speakers who also participate
in other NLP projects. They are two women and
two men, and their ages range between 24 and 39.
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Yucatec Maya For the construction and evalu-
ation of the Yucatec Maya corpus, nine native-
speaking annotators are recruited from various
towns across the Maya region of Quintana Roo.
The team comprised both current students and
alumni from the Language and Culture, as well as
the Information and Communication Technologies
programs at the Universidad Intercultural Maya de
Quintana Roo (UIMQROO), with the assistance of
relatives and neighbors.

Central Veracruz Nahuatl The Nahuatl dataset
collection is organized and carried out largely by
a Nahuatl teacher and translator in the area of
Rafael Delgado, who has worked extensively on
pedagogical material, cultural communication, and
linguistic resources. He travels to multiple neigh-
boring Nahuatl-speaking communities and works
with other local collaborators.

Wixárika The dataset is created with the help
of the Zoquipan community members. All pic-
tures are either collected by the authors or by the
recruited community members.

2.5 Dataset Statistics

We report the dataset statistics in Table 1. Each lan-
guage has 50 instances in the development split—
originally intended solely for evaluation, but subse-
quently released for training and inference as the
task proved challenging without any in-language
resources—except for HCH, which has 70 as it
served as our pilot language. Test sets are con-
siderably larger, ranging from 101 instances for
GRN to 267 for BZD. Sentence length varies across
languages: GRN exhibits the longest sequences on
average (21.6 words in training, 21.9 in test), while
NLV is the most concise (8.3 and 5.9 words, respec-
tively).

3 Experimental Setup

3.1 Evaluation Process

We conduct a two-step evaluation process: (1) au-
tomatic evaluation and (2) human judgment of the
top-5 systems per language.

Automatic Evaluation We use chrF++ (Popović,
2017) to automatically evaluate generated captions
against our ground truth references. The top-5 sys-
tems for each language then proceed to the second
stage, the human evaluation.

Score Description

5 Fluent, natural, and culturally accurate. No
significant errors.

4 Well-written with minor flaws in detail or
cultural vocabulary.

3 Understandable, but inaccurate, incomplete,
or too vague.

2 Serious grammatical errors; description
mostly inaccurate.

1 Wrong language, incomprehensible, or un-
related to the image.

Table 2: Human evaluation scoring rubric (shortened,
see full description in Appendix C.1). We capture two
dimensions with the score: (1) language quality and (2)
fidelity to the image and correct use of cultural termi-
nology.

LANGUAGE NUMBER OF RATINGS IMAGES

BZD 320 267
GRN 228 101
YUA 212 212
NLV 200 200
HCH 201 201

Table 3: Number of ratings and images per language
used in human evaluation.

Human Evaluation Automatic metrics such as
chrF++ cannot capture the multifaceted ways in
which an image can be described. Moreover, since
our annotations contain only a single reference cap-
tion per image, human judgment provides a more
robust and nuanced assessment of system outputs.

To keep the annotation process lightweight, we
design a 1–5 rating scale intended to capture two
dimensions: (1) language quality and (2) fidelity to
the image and correct use of cultural terminology.
Our scoring rubric is presented in Table 2. Prior to
annotation, each annotator is shown a calibration
example containing five captions representative of
each score level. When multiple annotators rate
the same example, their scores are averaged per
example before computing the overall mean. All
test-set samples receive at least one annotation. We
report the number of ratings per language in Table
3. We further report the full guidelines with details
about the annotators in C.1.

To facilitate annotation, we develop a platform
which presents annotators with an image along-
side five captions submitted by the top-performing
teams, displayed in randomized order to avoid po-
sition bias. The reference caption is also provided
to assist annotators in their judgment. Figure 7
presents a screenshot of the annotation interface
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through which evaluators rate the generated de-
scriptions.

Overall Winner Points are awarded based on
each team’s rank in the human evaluation for each
language: 1st place receives 5 points, 2nd place 4
points, 3rd place 3 points, 4th place 2 points, 5th
place 1 point, and teams not selected for human
evaluation receive 0 points. A team’s total score
is the sum of their points earned across all five
languages.

3.2 Baseline
We provide participants with a baseline that fol-
lows a two-stage generate-then-translate pipeline:
a vision–language model (VLM) first produces a
caption in Spanish, which is then translated into the
target Indigenous language. We adopt Spanish as
a pivot language because the machine translation
resources available for Indigenous languages of the
Americas are predominantly paired with Spanish;
generating first in a high-resource language lets the
baseline leverage existing translation systems.

Stage 1: Captioning in Spanish We use Qwen3-
VL-8B-Instruct (Bai et al., 2025a) to generate
a Spanish caption for each image. The model
is conditioned on a culturally-informed system
prompt—drawn from publicly available encyclope-
dic sources—that is specific to each culture. The
prompt instructs the model to first describe what
is visually present, add only essential and visually
grounded cultural context, include target-language
terms where possible, and keep the caption concise.

Stage 2: Translation into the Target Language
The Spanish caption is translated into the target
language using the winning system (Gow-Smith
and Sánchez Villegas, 2023) from the Americas-
NLP 2023 Shared Task on Machine Translation
into Indigenous Languages (Ebrahimi et al., 2023).
As this system does not cover Yucatec Maya, we
report no baseline for that language.

3.3 Submitted Systems
We summarize each participating team’s approach
below. All results are shown in Tables 4, 5 and 6.

Gators (Dhawan et al., 2026) uses a two-stage
retrieval-augmented translation pipeline. A VLM,
either Qwen2.5-VL-72B (Bai et al., 2025b) or
Qwen3-VL-8B (Bai et al., 2025a), generates a
Spanish caption, which is then translated by
Gemini 2.5 Flash (Comanici et al., 2025) using

retrieval-augmented many-shot in-context prompt-
ing: BM25 retrieves similar Spanish–target pairs
from per-language parallel banks and supplies them
as in-context examples alongside development ex-
amples, with the number of retrieved and develop-
ment examples tuned per language.

Mila (Lara and Raval, 2026) post-trains Aya Vi-
sion 32B (Dash et al., 2025) in multiple stages:
supervised fine-tuning on Spanish–Indigenous-
language machine translation, optional reinforce-
ment learning with verifiable rewards, and a final
fine-tuning stage on image captioning, such that
the model generates captions directly in the target
language rather than via a Spanish pivot. They
additionally submit a zero-shot GPT-5.5 (OpenAI,
2026) direct-captioning system.

IUHoosiers (Shi et al., 2026) submits for
Guaraní only, using inference-time knowledge in-
jection, without any fine-tuning. For each image,
Gemma 4 31B (Farabet and Lacombe, 2026) pro-
duces a description that is used as a BM25 (Robert-
son and Zaragoza, 2009) query over four Guaraní
knowledge sources. The retrieved items, together
with a fixed grammar-book excerpt and interlinear-
glossed examples, are injected into the prompt to
generate the caption in a single pass.

6fanle (Wang and Yang, 2026) submits for
Wixárika only, using a modular Spanish-pivot
pipeline: CLIP (Radford et al., 2021) retrieves visu-
ally similar images to provide grounding examples,
Qwen3-VL-8B-Instruct (Bai et al., 2025a) gener-
ates Spanish caption candidates, the Sheffield 2023
MT system (Gow-Smith and Sánchez Villegas,
2023) translates these candidates into Wixárika,
and a character 5-gram language model reranks the
translations to select the final caption.

InclusionVLM (Bueno and Garg, 2026) com-
pares two approaches. Their cascaded system
pairs a VLM—Gemini 2.5 Flash (Comanici et al.,
2025)—, using concise persona-based cultural
prompting, with the Sheffield 2023 MT system
(Gow-Smith and Sánchez Villegas, 2023) as well as
a separate Spanish–Maya model for Yucatec Maya.
Their single-stage system adapts PaliGemma 2 3B
(Steiner et al., 2024) end-to-end via LoRA fine-
tuning (Hu et al., 2021), continued pretraining, and
multilingual joint training.

Yaduha (Cuadros et al., 2026) uses a schema-
constrained, LLM-assisted rule-based approach in
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TEAM
LANG.

BZD GRN YUA NLV HCH

baseline 7.01 20.14 – 9.52 16.91

6fanle – – – – 19.16†

IUHoosiers – 24.67† – – –
InclusionVLM 7.94 16.48 16.97† 14.06† 18.37†

Mila 11.73† 19.77† 15.99† 20.66† 19.01†

NAIST 19.37† 19.41† 15.80† 20.93† 19.84†

gators 17.90† 23.10† 21.11† 25.42† 17.58†

usp 10.95† 19.73† 10.83 9.49 13.68
yaduha 10.03† 16.90 23.41† 21.00† 15.61

Table 4: Automatic evaluation results for all participat-
ing teams. We report the best ChrF++ score per team
across all submitted systems. † marks the top-5 teams
per language, as those are selected for human evalua-
tion.

which the VLM never emits target-language text di-
rectly. For each language, a coding agent—Claude
Opus 4.7 (Anthropic, 2026)—authors a language
package—a Python module with a closed vocabu-
lary, Pydantic sentence schemas, and a determinis-
tic renderer—based on the development split and
public linguistic references. At inference, a VLM—
GPT-5 (Singh et al., 2026)—sees the image and
schema and emits a structured representation under
constrained decoding, which the renderer converts
into the surface caption.

USP (Fernandes, 2026) uses a two-stage cas-
cade pipeline in which Qwen3-VL-8B-Instruct (Bai
et al., 2025a) generates a culturally-prompted Span-
ish caption and a fine-tuned NLLB-200-distilled-
600M (NLLB et al., 2022) model, one per lan-
guage, translates it into the target language, trained
on AmericasNLP 2023 data augmented with pub-
lic parallel corpora. The team documents a failure
mode in which NLLB-200 lacks vocabulary entries
for Bribri and Maya and silently produces English
output.

NAIST (Vasselli et al., 2026) explores two strate-
gies. Their primary system performs nearest-
neighbor retrieval: it embeds the test image with
CLIP (Radford et al., 2021), finds the most similar
development image and returns its caption directly.
Their second system is a generation pipeline that
analyzes the scene, grounds the identified concepts
in dictionary entries, and retrieves gloss templates
alongside interlinear gloss representations to con-
strain generation in low-resource settings.

TEAM
LANG.

BZD GRN YUA NLV HCH

6fanle – – – – 2.48
gators 2.758 3.390 3.175 3.375 2.90
IUHoosiers – 3.448 – – –
InclusionVLM – – 1.108 1.185 2.33
Mila 1.994 1.764 3.203 1.560 2.21
NAIST 2.219 1.978 1.934 1.220 3.79
usp 1.086 2.410 – – –
yaduha 2.895 – 2.892 3.465 –

Table 5: Aggregated human evaluation scores. Each en-
try reports the mean rating on a 1–5 scale, where higher
scores indicate better language quality and greater image
fidelity. Bold indicates the highest score per language.
Underline indicates the second highest score per lan-
guage.

TEAM

LANG.
BZD GRN YUA NLV HCH TOTAL

gators 4 4 4 4 4 20
NAIST 3 2 2 2 5 14
yaduha 5 0 3 5 0 13
Mila 2 1 5 3 1 12
IUHoosiers 0 5 0 0 0 5
InclusionVLM 0 0 1 1 2 4
usp 1 3 0 0 0 4
6fanle 0 0 0 0 3 3

Table 6: Points per language and total. Bold indicates
the highest score per column; underline indicates the
second highest.

4 Results

We first report the automatic evaluation, and then
human evaluation.

Automatic Evaluation We report the per-
language ChrF++ scores for the best systems per
team and language in Table 4. Complete results
can be found in Appendix D.

Overall, most participating teams surpass the
baseline for at least one language. Notably, three
teams—Mila, NAIST, and gators—rank in the top-
5 across all five languages, reflecting strong and
consistent performance. Among these, NAIST
achieves the highest scores for BZD (19.37) and
HCH (19.84), while Gators leads for NLV (25.42).
Outside this group, Yaduha achieves the best score
for YUA (23.41), and IUHoosiers comes first for
GRN (24.67).

Human Evaluation Table 5 presents the human
evaluation results for the top-5 systems for each of
the five languages, and Table 6 the derived points
used to determine the overall winner.
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Figure 3: Rating distributions (1–5) of the best-performing system per language based on human evaluation. The
dashed vertical line indicates the mean rating for each system.

The gators team demonstrates the most consis-
tent performance, finishing second for every lan-
guage, which translates into the highest total point
score of 20. Per-language winners vary consid-
erably: Yaduha achieves the highest scores for
BZD (2.895) and NLV (3.465), Mila leads for YUA

(3.203), IUHoosiers for GRN (3.448), and NAIST
for HCH (3.79), where the margin over second place
is the largest, with 0.89 points. With 14 points,
NAIST finishes as runner-up overall.

Discussion Human evaluation scores suggest that
the task remains largely unsolved across all five lan-
guages. Even the strongest per-language systems
score between 2.895 (BZD) and 3.79 (HCH), indi-
cating that outputs are at best understandable but
lack the detail and cultural grounding that accurate
captioning demands. The gators team, our overall
winner, reflects this pattern well: despite finishing
second across all five languages, their ratings range
only from 2.76 (BZD) to 3.38 (NLV), reflecting con-
sistent but imperfect outputs. Performance varies
considerably across languages, though lower scores
may reflect more challenging images or greater dif-
ficulty of generation in that language for the mod-
els, rather than being a property of the language it-
self: Wixárika (HCH) sees the most reliable system,
with NAIST achieving a notably strong score of
3.79, while Bribri (BZD) and Yucatec Maya (YUA)
prove most challenging, with lower means.

Taken together, these results indicate that no sys-
tem achieves robust, culturally grounded caption-
ing across all five languages. The gap between
current outputs and fluent, culturally accurate cap-
tions underscores both the difficulty of the task
and the need for continued investment in culturally
aware, multimodal NLP for Indigenous languages.
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Figure 4: Average similarity between test captions
and their most similar development-set captions across
human rating buckets. Similarity is measured using
ChrF++.

5 Analysis

5.1 Quantitative Analysis

We further provide a quantitative analysis of the
outputs of the best performing system per language
according to our human evaluation (Table 5).

Rating Distribution Figure 3 shows the score
distributions of the best-performing system per
language. Wixárika (NAIST) stands out with a
strongly peaked distribution at rating 4 (77%) and
near-zero low-quality outputs. Note that NAIST
performed better than the second team by a sub-
stantial amount (3.79 vs. 2.90). Systems for Bribri
(Yaduha) and Maya (Mila) exhibit broader distri-
butions centered around rating 3, reflecting more
variable output quality. Guaraní (IUHoosiers) and
Náhuatl (Yaduha) fall in between, with moderate
concentrations at ratings 3–4. Overall, the distribu-
tions suggest that caption quality is lower for Bribri
and Maya while Wixárika benefits from the most
reliable system.
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Development–Test Caption Similarity vs. Hu-
man Ratings We examine whether human evalu-
ation scores on the test set correlate with the sim-
ilarity between test captions and captions in the
development set. To measure this, we compute
ChrF++ between each test caption and the most
similar caption from the development set. We ex-
clude Maya (Mila) from this analysis, since their
system did not make use of the development data.

Figure 4 reports the average ChrF++ score be-
tween most similar captions within each human
rating bucket. Overall, we observe a weak but con-
sistent positive trend: captions receiving higher
human ratings tend to be slightly more similar to
a development-set caption. This effect is more
pronounced for Wixárika and Bribri, where the in-
crease in similarity across rating buckets is clearer,
whereas other languages show a flatter, noisier pat-
tern. Notably, for Wixárika, the top-ranked system
(NAIST) directly returns development-set captions,
making this relationship explicit: its high ratings
are by construction tied to the development set.

Taken together, these results suggest that test-set
examples that are more similar to the development
split elicit higher-rated predicted captions.

5.2 Qualitative Analysis

We further present a qualitative overview based on
annotator comments collected following the human
evaluation.

Bribri The higher scoring descriptions for the
Bribri content focus on producing oversimplified
but grammatically plausible descriptions. These
are not capable of capturing the cultural intricacies
of the images, but they are at least able to provide
a readable description of some part of the picture
(e.g., a pot with a traditional stew of pork and yucca
in it, held by a woman, is described as Chkà tso’ ù a.
Pë’ tö chkà alö̀k "The food is in the house. People
prepare food"). The submitted systems also pro-
duce numerous hallucinations. For example, some
systems report seeing canoes on a river, where the
picture merely shows a river with ripples on the
water. In a picture of the important tradition of the
Ák kuk "pulling the stone" (Brenes Mora, 2024),
numerous men are seen wading in a river and car-
rying a large stone on a mesh of trunks similar to
a palanquin. Here the same hallucination shows
up again: one of the systems describes this as “Pë’
dàmi taîë kanò ki” meaning “Lots of people are
coming by canoe.”

Guaraní Systems in general had a good grasp
of what they needed to generate and were mostly
comprehensible, but often lost important details
that could be easily seen by humans.

Yucatec Maya Our annotators express surprise
at how accurately some models are able to describe
the images in their native language. They also note
instances where certain systems produce comical
descriptions of the visual content.

Central Veracruz Nahuatl Many of the captions
are impressive in their specificity and naturalness.
However, there are also many descriptions that veer
off-topic, are editorialized, and exaggerated aspects
of a seemingly idealized Nahua culture. In some
cases, captions are provided in Spanish instead of
Nahuatl.

Wixárika Overall, evaluation identifies a consid-
erable number of duplicated phrases. The annotator
reports that evaluation is hard as most descriptions
are hard to read and confusing. Nevertheless, the
systems also generate a set of good or excellent
descriptions. Finally, an important number of gen-
erations contain code-switching, or consist mostly
of Spanish words.

6 Conclusion

We present the AmericasNLP 2026 Shared Task
on Cultural Image Captioning for Indigenous Lan-
guages, the first shared task dedicated to generating
captions for images depicting Indigenous cultures
of the Americas, written in the Indigenous lan-
guages themselves. To support this effort, we create
a novel dataset for the task. Eight teams participate,
submitting 27 systems in total. Results indicate
that the task remains largely unsolved: while the
strongest systems produce understandable captions,
they fall short in descriptive detail and, critically, in
cultural grounding. These findings highlight both
the inherent difficulty of the task and the press-
ing need for continued investment in multimodal,
culturally aware models for Indigenous languages.

Limitations

We acknowledge several limitations of our data col-
lection and evaluation process. First, we collect
only a single caption per image, which limits the
reliability of the reference captions. Similarly, hu-
man evaluation annotations are sparse, with most
languages covered by only one or two annotators
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per item, which may introduce noise into the rat-
ings. Second, while we provide annotation guide-
lines, the asynchronous nature of the collection
process leads to inconsistencies across languages.
This is particularly evident in the development set,
which reflects the challenges of an initial annota-
tion round. Future work could address these quality
issues and refine the dataset.

Ethics Statement

This work contains pictures and descriptions taken
in the context of Indigenous communities of the
Americas. These groups have been historically
subject to discrimination, oppression, and colonial-
ism. This work is done with the aim of closing the
technological gap between Indigenous languages
and the majority language in NLP. That being said,
we recognize the risks of working in this setting.
Therefore, we take the following measures: all an-
notators and participants are informed about this
work, the goals, and where to download and read
the results; all annotators are community members
and are recognized for their work with an hourly
salary equivalent to that of a high school teacher in
their respective region. We additionally avoid using
pictures that contain human faces. In the case of
the inclusion of human faces, we either anonymize
the images or obtain explicit approval. Most of
the dataset is publicly available—the exception is
the held-out test set, which we retain to avoid data
contamination (when scraped by LLMs without
our permission). The data has been released under
the CC-BY-NC license, upon agreement with the
annotators. All annotators retain ownership of the
dataset. All decisions while creating the data col-
lections are taken based on the standards defined
by our field (Bird, 2020; Mager et al., 2023).
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A Related Work

Image Captioning Benchmarks. Early caption-
ing benchmarks such as MS-COCO (Lin et al.,
2015) and Flickr30k (Young et al., 2014) estab-
lished standard evaluation protocols for image de-
scription, but focus primarily on everyday Western
scenes. Nocaps (Agrawal et al., 2019) extended
this to novel object categories drawn from Open
Images. Dong et al. (2024) proposed a benchmark
and evaluation metric for detailed image caption-
ing, addressing the shortcomings of short-caption
benchmarks.
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Our work extends these efforts by encouraging
culturally enriched captions.

Cultural Visual Understanding. Several bench-
marks assess the cultural awareness of vision-
language models (VLMs). CulturalVQA (Nayak
et al., 2024) probes VLM understanding across
clothing, food, drinks, rituals, and traditions from
11 countries, but is restricted to English. CVQA
(Romero et al., 2024) presents a multilingual VQA
setting spanning 26 languages and 28 countries
with human-written questions. WorldCuisines
(Winata et al., 2025) provides a large-scale food-
centric VQA benchmark across 30 languages
sourced from Wikipedia, and ALM-bench (Vayani
et al., 2025) scales further to 100 languages, tar-
geting low-resource languages and diverse cultural
aspects.

However, none of these works addresses Indige-
nous communities and languages, a gap our dataset
fills.

B Detailed Dataset Creation

B.1 Bribri Image Creation Sources

For Bribri, we additionally source images from
three Costa Rican cultural institutions: the Sistema
de Información Cultural de Costa Rica (Sicultura),3

the Dirección de Gestión Sociocultural of the Min-
isterio de Cultura y Juventud,4 and the Universidad
de Costa Rica.5.

B.2 Caption Guidelines

The full annotation guidelines are provided in Fig-
ure 5. We further provide one correct and one
incorrect example caption. The correct caption
reads: “A wooden house, the so-called carretón,
built specifically to store food such as corn, also
serves as living quarters for people.” The incorrect
caption reads: “A Wixárika woman shelling corn to
make nixtamal”—chosen because the image does
not clearly convey that the corn is being prepared
for nixtamal.

C Detailed Experimental Setup

C.1 Human Evaluation Detail

For Yucatec Maya, the human evaluation phase
involved two computer science alumni who are na-
tive Maya speakers from the Yucatán Peninsula,

3https://si.cultura.cr
4https://www.dircultura.go.cr
5https://www.ucr.ac.cr

one from the Universidad Autónoma de Yucatán
(UADY) and the other from UIMQROO. For the
remaining languages, the same annotators who con-
tributed to data collection also conducted the hu-
man evaluation.

We report the full annotation guideline in Figure
6. Note that the guideline is in Spanish originally.
Furthermore, we show a screenshot of our annota-
tion tool in Figure 7.

D All Systems Results

We report the performance of all submitted sys-
tems in Table 7. Alongside chrF++, we also report
CIDEr (Vedantam et al., 2015), a metric originally
proposed for image captioning and widely adopted
in vision-language benchmarks. To our knowl-
edge, CIDEr has not previously been applied to In-
digenous language evaluation; we therefore adopt
chrF++ as our primary metric, given its stronger
track record in low-resource and morphologically
rich language settings (Ebrahimi et al., 2024).

292

https://si.cultura.cr
https://www.dircultura.go.cr
https://www.ucr.ac.cr


Team Ver. Bribri Guaraní Maya Nahuatl Wixárika

chrF CIDEr chrF CIDEr chrF CIDEr chrF CIDEr chrF CIDEr

6fanle v0 — — — — — — — — 19.16 0.0214

IUHoosiers v0 — — 24.39 0.1238 — — — — — —
IUHoosiers v1 — — 24.41 0.1351 — — — — — —
IUHoosiers v2 — — 24.41 0.1428 — — — — — —
IUHoosiers v3 — — 24.16 0.1284 — — — — — —
IUHoosiers v4 — — 24.67 0.1489 — — — — — —
IUHoosiers v5 — — 24.42 0.1668 — — — — — —
IUHoosiers v6 — — 24.04 0.1122 — — — — — —
IUHoosiers v7 — — 22.43 0.0738 — — — — — —
IUHoosiers v8 — — 24.41 0.1351 — — — — — —

InclusionVLM v0 7.94 0.0059 16.48 0.0465 16.97 0.0100 14.06 0.0031 18.37 0.0084
InclusionVLM v1 2.54 0.0002 7.61 0.0055 9.14 0.0059 — — 10.52 0.0014
InclusionVLM v2 — — — — — — — — 12.34 0.0078
InclusionVLM v3 — — — — — — — — 13.93 0.0079

Mila v0 11.73 0.0152 19.63 0.0314 — — 19.42 0.0332 18.81 0.0246
Mila v1 10.89 0.0086 19.77 0.0310 — — 19.85 0.0372 18.85 0.0249
Mila v2 11.31 0.0140 19.42 0.0520 — — 20.66 0.0415 19.01 0.0299
Mila v3 4.56 0.0058 12.80 0.0510 15.99 0.0950 19.72 0.0615 10.98 0.0096

NAIST v0 19.37 0.1167 19.41 0.0458 15.80 0.0424 20.93 0.0711 19.84 0.0422
NAIST v1 4.21 0.0007 9.71 0.0350 12.27 0.0918 10.09 0.0123 — —
NAIST v2 5.29 0.0018 8.33 0.0270 10.20 0.0555 15.34 0.0597 — —

baseline v0 7.01 0.0005 20.14 0.0050 — — 9.52 0.0015 16.91 0.0066

gators v0 10.64 0.0212 23.10 0.1243 21.11 0.1765 25.42 0.1795 17.58 0.0326
gators v1 17.90 0.1081 21.63 0.1271 — — — — — —

usp v0 10.95 0.0007 19.73 0.0236 10.83 0.0100 9.49 0.0001 13.68 0.0027

yaduha v0 10.03 0.0084 16.90 0.0379 23.41 0.1116 21.00 0.0284 15.61 0.0266

Table 7: Automatic evaluation results per team and submission version. Best result per language in bold.
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Annotation Guidelines
Please follow these rules when writing image
descriptions:

1. Start with only describing what is
visually present.

• Focus on people, objects, animals,
settings, and clearly visible actions.
• Focus on the most salient visual

element(s).

2. IMPORTANT: Add cultural explanations
• Cultural enrichment: You must elaborate

on/explain the function, purpose, or typical
use of objects, clothing, gestures, or
settings, but only when these explanations
are grounded in what is visually observable.
• Visually observable: The function,

purpose, or typical use must be immediately
clear, without ambiguity, to any member of
the community.
• Do not infer identity, background,

profession, or cultural group unless it is
explicitly indicated by visible, unambiguous
cues. Better describe it with words, e.g. a
person wearing traditional ⟨Culture X⟩ clothes
vs. a ⟨Culture X⟩ person.

3. Be objective and neutral.
• Use factual, descriptive language.
• Avoid opinions or value-laden terms such

as “beautiful,” “cute,” “poor,” “aggressive”,
or “angry.”
• Avoid emotional interpretations (“sad

situation”, “exciting moment”, . . . ) unless
the emotion is visually undeniable (e.g., a
person visibly crying).

4. Description Format
• Sentences should neither be too short nor

too long. Try to be concise.
• Each sentence must contain a verb.
• Please pay attention to grammar and

spelling.
• The description should be 1–2 sentences

long.
• Additional comments are welcome.

Figure 5: Annotation guidelines provided to annotators
for writing enriched image captions. Guidelines empha-
size visual grounding, cultural context, objectivity, and
concise formatting.

Human Evaluation Guidelines
How to Rate

For each system description, assign a single
overall score from 1 to 5. Evaluate the
description along two dimensions:

1. Language Quality: Is it written in the
target language? Is it grammatically correct,
fluent, and natural? If the description is
poorly written or illegible, it cannot be
considered a good description.

2. Image Fidelity and Correct Use of Cultural
Terms: If the language quality is good—does
the description reflect what is actually seen
in the image? Does it use the correct
cultural terms? Would it seem respectful and
accurate to a member of the community?

Rating Scale

5 — Excellent: Fluent and natural language
with an accurate, culturally grounded
description of the image. Uses correct
cultural and technical terms. Nothing
significant to correct.

4 — Good: Clear, well-written language with a
correct description, but with minor flaws,
e.g., minor language errors, missing details
in the description, or imprecise cultural
vocabulary.

3 — Mixed: Language is mostly understandable,
but the description is mistaken about the
image, omits important content, or is too
vague to be clearly useful.

2 — Poor: Language has serious problems
(incorrect grammar, frequent errors, hard to
follow) and the description is largely
inaccurate. Still recognizable as an attempt
at a description.

1 — Unusable: Not in the target language, not
understandable as language, or bears no
relation to the image.

Figure 6: Rating guidelines provided to annotators for
evaluating enriched image captions (originally in Span-
ish).
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Figure 7: Partial screenshot of the human evaluation
annotation tool used in our study.
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