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Abstract

This paper presents an evaluation framework for probing
large language models’  linguistic knowledge of Indige-
nous languages of the Americas using zero- and few-shot
prompting. The framework consists of three tasks: (1)
language identification, (2) cloze completion of Spanish
sentences supported by Indigenous-language translations,
and (3) grammatical feature classification. We evaluate
models from five major families (GPT, Gemini, DeepSeek,
Qwen, and LLaMA) on 13 Indigenous languages, including
Bribri, Guarani, and Nahuatl. The results show substantial
variation across both languages and model families. While
a small number of model-language combinations demon-
strate consistently stronger performance across tasks, many
others perform near chance, highlighting persistent gaps in

current models’  abilities with Indigenous languages.

1 Introduction

Indigenous languages present structural properties that
challenge current language models. Many are morpholog-
ically rich, with features such as polysynthesis, complex
agreement, or noun incorporation. Some lack standardized
orthographies, complicating tokenization and evaluation.
Their typological profiles differ substantially from high-
resource languages, and they are often underrepresented in
pretraining data or evaluation settings [1, 2]. These fac-
tors make Indigenous languages a valuable test case for
evaluating model generalization.

Multilingual NLP benchmarks such as XTREME [3] and
XGLUE [4] concentrate primarily on high- and medium-
resource languages with substantial digital presence. More
inclusive initiatives like FLORES [5] and the Americas-
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Language Identification: Cloze Translation Improvement:

What language is this sentence? What is the missing word in this sentence?
Base nisqamanta warmakuna uywayqa
mana chaniyugllam

A) Chatino

B) Quechua

C) Spanish

D) Wayuu B

Cuenta con 20 ___por dia .

A) calorias

B) libros

C) voluntarios

D) délares D

What is the missing word in this Spanish
translation of the Guarani sentence?

OF 20 tapicha omba'apo reinteva ko'éko'ére.
Cuenta con 20 ___por dia .

Grammatical Feature Identification:

What is the verbal tense of this Nahuat!
sentence?

A) calorias
amo oualayah inuan B) libros
i C) voluntarios
A) Simple past 0 c
B) Simple present D) délares
©) Simple future A Translation acc - Monolingual acc = Improvement

Figure 1 Overview of the tasks included in this benchmark

NLP shared tasks [2] have introduced datasets for machine
translation involving Indigenous languages, enabling eval-
uation in specific translation contexts. Still, there remains
a gap in benchmarks that assess general language under-
standing.

To investigate how much Indigenous language knowl-
edge large language models may encode, we introduce a
probing-based benchmark designed for zero-shot evalua-
tion. The benchmark consists of three tasks that target
different aspects of linguistic understanding. In the lan-
guage identification task, the model must select the correct
language given a word or sentence. In the cloze com-
pletion with glosses task, the model is prompted with a
Spanish sentence containing a blank and a corresponding
translation or gloss in an Indigenous language and is asked
to predict the missing word. In the grammatical feature
identification task, the model is shown a sentence in an
Indigenous language and is asked to identify a specific
morphosyntactic feature, such as person, number, or tense.
Together, these tasks provide a targeted way to examine
whether models exhibit consistent, interpretable behavior

when interacting with underrepresented languages.
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2 Related Work

Probing LLMs’ linguistic knowledge A common
approach to probing linguistic knowledge in LLMs is
minimal-pair benchmarks such as BLiMP [6]. Recent
extensions include CLiMP for Chinese [7], JBliMP for
Japanese [8], RuBLiMP for Russian [9], and MultiB-
LIMP [10], which covers 101 languages. These controlled
formats isolate grammatical contrasts and are useful for
evaluating structural generalization.

Cloze and multiple-choice formats are also used to
probe model knowledge. LAMA [11], X-FACTR [12],
and Multilingual LAMA [13] evaluate factual recall with
cloze prompts. LM-PUB-QUIZ [14] converts these into
multiple-choice form. WDLMPro [15] applies this format
to lexical and semantic knowledge. Our grammatical fea-
ture task similarly uses natural sentences and structured
outputs to evaluate models’ ability to infer morphosyn-
tactic properties.

Low-resource language benchmarks Americas-
NLI [16] enables the evaluation of semantic inference in
10 Indigenous languages through translations of the XNLI
corpus. MasakhaNER [17] and MasakhaPOS [18] bench-
marks named entity recognition and part-of-speech tagging
for African languages and explore cross-lingual transfer
using multilingual and region-specific models. XTREME-
UP [19] introduces a broad benchmark spanning 88 under-
represented languages across multiple user-facing tasks,
enabling large-scale evaluation under low-resource con-

straints.
3 Methodology

Linguistic Corpora We use development data from
the AmericasNLP 2025 Shared Task [20], covering 13 ty-
pologically diverse Indigenous languages of Latin Amer-
ica. Speaker populations range from 5,000 (Chatino) to
over 7 million (Quechua), with most languages spoken in
Peru or Mexico. Five have Wikipedias: Aymara, Guarani,
Nahuatl, Quechua, and Wayuu.

Pre-trained Language Models We evaluate ten
large language models spanning a range of architectures
These include GPT-4.1 [21], Gemini 2.0
Flash [22], and DeepSeek-V3-0324 [23], all of which
we access through the API. We also test open-weight
instruction-tuned models: LLaMA-3.1-8B, LLaMA-3.2-

and sizes.
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3B [24], and Qwen-3B, 7B, and 14B [25]. For API-based
models, we use a temperature of 0 to ensure deterministic
outputs. For open-weight models, we turn off sampling.
All prompts used in evaluation are included in Appendix A.

Language ldentification We evaluate model accu-
racy on identifying the language of sentences, using 459
sentences per language across 13 Indigenous languages
and Spanish. To ensure enough signal for identification,
all sentences are at least five tokens long.

We test four prompting conditions, ranging in difficulty:

1. Multiple Choice Easy: Prompted to choose between
four options (target + three high-resource distractors,
such as English or French).

2. Multiple Choice Hard: Distractors are other Indige-
nous languages.

3. Multiple Choice Full: Prompted to choose between
all 14 languages.

4. Open: No choices provided; model must output the

language name.

Our main experiments are conducted under zero-shot
prompting. For the full setting, we also test n-shot prompt-
ing, where n sentences from each of the 14 languages are
included as examples.

Cloze Translation Completion To test whether
LLMs can understand Indigenous languages, we design a
cloze task based on aligned Spanish—Indigenous sentence
pairs from the AmericasNLP 2025 Shared Task.

We mask one content word in each Spanish sentence,
excluding proper nouns and punctuation. To avoid trivial
items, we filter out examples where gpt-4o0-mini correctly
fills the blank. We then use the same model to gener-
ate plausible distractors, creating 4-option multiple-choice
questions.

Each item includes a Spanish cloze sentence, four can-
didate completions, and the Indigenous translation of the
Spanish. We test two settings: Monolingual, where
only the Spanish cloze sentence is shown, and Bilingual,
where both the Spanish cloze and Indigenous translation
are shown.

‘We measure accuracy by comparing results between the
two settings. The option order is fixed between settings to
avoid position bias. Accuracy gains in the bilingual condi-
tion suggest some understanding of the Indigenous input.

The final dataset contains 5,529 problems spanning 13 lan-
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guages. Most languages contribute over 400 examples.
Grammatical Feature Classification To evaluate
whether models can identify grammatical features from
Indigenous sentences, we construct a classification task
covering Bribri and Nahuatl. Each question consists of
an Indigenous sentence, a target grammatical feature (e.g.,
person, tense, mood), the correct answer, and all possible
alternative answers for that feature. Not all features are
equally represented, and not all appear in every language.
Data is adapted from the AmericasNLP 2025 Shared Task

2.

4 Results

4.1 Language identification

Zero-shot The easy setting acted as a sanity check,
asking models to choose between the target Indigenous
language and unrelated high-resource languages. All mod-
els performed well (94%—-100%), confirming that the task
and data were clear enough to distinguish Indigenous from
unrelated languages.

In contrast, performance dropped sharply in the open
setting. Figure 2 shows per-language accuracy under this
condition. Larger models performed more consistently,
but even the smallest models correctly identified Quechua
and Nahuatl, suggesting that these languages are relatively
well represented in the pretraining data. Spanish was in-
cluded as a high resource language, with Llama-3.1-8B
performing the worst at 98%.

The most reliably identified Indigenous languages
(Quechua, Guarani, Aymara, Nahuatl, and Wayuu) are the
six in our evaluation set that have their own Wikipedia
editions. The Indigenous Wikipedias range in size from
24,000 articles (Quechua) to just 681 articles (Wayuu).

Figure 3 shows GPT-4.1°
multiple-choice setting. Confusions are notably asymmet-

s confusion matrix in the full

ric: Rardmuri was rarely predicted and was often confused
with Bribri; Bribri sentences were frequently mislabeled as
Otomi. This suggests that some languages disproportion-
ately dominate model priors, producing directional confu-
sion rather than mutual ambiguity.

Few-shots To evaluate the impact of few-shot prompt-
ing, we varied the number of examples per language from
1 to 4. Most models benefited from 1-shot prompting, but

additional examples yielded diminishing returns. Smaller
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Figure 2 Indigenous Language Identification Accuracy on
Open setting. Sorted by average performance.
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Figure 3 Confusion Matrix (%) for GPT-4.1 in Zero-shot set-
ting. Vertical axis represents reference languages while horizon-
tal axis represents the predictions.

models showed little improvement from additional shots.
We also examined the few-shot effects per language.
Some languages showed substantial gains. For example,
Bribri accuracy increased from 8.8% to 72%, and Otomi
from 43.4% to 71.1%. Shipibo-Konibo and Wixarika also

showed steady improvement with more examples.

4.2 Cloze translation completions

The cloze task tests whether models can use Indige-
nous translations to resolve ambiguous Spanish sentences.
Each example includes a masked word and several plausi-
ble completions, filtered to exclude trivial cases.

All models improve when given the translation, but gains
are modest in smaller models and largest in Gemini-2.0,
GPT-4.1, and DeepSeek. As shown in Table I, these
three models show statistically significant improvements

for Guarani, Quechua, and Nahuatl, with Gemini outper-
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Few-Shot Performance for All Models
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Number of Shots
Llama-3.1-8B-Instruct
Qwen2.5-7B-Instruct
Qwen2.5-3B-Instruct

— gpt-4.1
deepseek-chat

—— gemini-2.0-flash

—— Qwen2.5-14B-Instruct

Figure 4 Few-shot accuracy comparison of various large lan-
guage models across 0-3 shot settings.

Table 1 Accuracy improvement (AAcc) for each language on
the cloze task when given the aligned Indigenous sentence. Sig-
nificance levels from McNemar’s test: *** p < 0.001, **
p <0.01, * p <0.05.

Language Gemini-2.0 GPT-4.1 DeepSeek
Ashdninka 1 4 3
Aymara 3]k 90k 3
Awajin 1245 10k 1 1 ks
Bribri 4 Tk 6*
Chatino 3 8 -1
Guarani 4%k 40 D3k
Nahuatl 3Qsksck 6% PEEES
Otom{ 10%* 7% 1
Quechua 45%4% RYEET 3k
Rardmuri -1 0 3
Shipibo-Konibo L1k 8+ ] ]k
Wayuunaiki Ok 0 0
Wixarika 7% 5 6*

forming the rest. For most other languages, improvements
were smaller and often not significant. None of the models
showed evidence of understanding Ashdninka, Chatino, or

Raramuri.
4.3 Grammatical Feature ldentification

The grammatical feature identification task probes a
model’ s ability to extract morphosyntactic information
from a sentence, such as tense, mood, or person. This
setting differs from the previous two by requiring a deeper
level of linguistic knowledge.

As shown in Table 2, model performance varies widely
by language. Accuracy on Nahuatl is markedly higher
than on Bribri across all models, with Gemini-2.0-flash

achieving 66%. In contrast, all models struggled on Bribri,
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Table 2 Accuracy (%) for each model on grammatical feature
identification.

Model Bribri Nahuatl
GPT-4.1 27 55
DeepSeek-Chat 29 60
Gemini-2.0-flash 25 66
Qwen2.5-14B-Instruct 27 31
Llama-3.1-8B-Instruct 27 31
Qwen2.5-7B-Instruct 19 25
Qwen2.5-3B-Instruct 24 28
Random 22 27

with scores barely above chance.

This contrast aligns with trends observed in the previous
tasks. Bribri was rarely correctly identified in Task 1 and
showed only modest gains in Task 2, suggesting that models
have limited usable knowledge of the language. For the
larger models, Nahuatl was consistently well-identified and
contributed to improved cloze performance, indicating that

LLMs have some degree of familiarity with the language.

5 Conclusion

We introduced a benchmark to evaluate Indigenous lan-
guage knowledge in large language models through three
tasks: language identification, cloze completion with bilin-
gual context, and grammatical feature classification. These
tasks target different levels of linguistic competence, from
surface recognition to morphosyntactic understanding.

Our results show that strong performance is concentrated
in a small subset of languages, and only the most capable
models demonstrate reliable improvements across tasks.
While successful language identification can be a neces-
sary condition for deeper understanding, it is not sufficient
on its own. Even among the highest-performing models,
meaningful gains are limited to languages with relatively
greater digital presence, such as Nahuatl.

This benchmark provides a starting point for measuring
and diagnosing model behavior in low-resource and typo-
logically diverse settings. Future work will expand cover-
age to additional languages and tasks to further explore the

limits of current models.
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A Prompts

Below are the prompts used for each of the tasks. The

italics represent the parts that change for each instance."

1. Language ldentification (hard) 2

You are a language identification model. You are given a
sentence and you must identify the language it is written

in. You will be given a number of choices, respond with

the number of the correct choice.
What language is this sentence written in? Only give the
number of the correct choice.
A ni machiyé mapu ke suwiniba je’  nd jipi rokéo.
1. Aymara
2. Wixarika
3. Rardmuri
4. Guarani
The correct choice is:

2. Language ldentification (open)
You are a language identification model. You are given a
sentence and you must identify the language it is written
in. Respond with the language name.
What language is this sentence written in? (language name
only)
A ni machiyé mapu ke suwiniba je’ nd jipi rokéo.
Language:

3. Cloze-task (monolingual)

Selecciona la mejor opcién para completar esta oracién:

Solo una semand.

1. paso

1) Inference for open-weight models was run on a single RTX A6000
GPU, totaling approximately 75 GPU hours across all tasks. API-
based models were accessed via public endpoints, with total usage
costing around $50.

2) Easy uses the same prompt but with incorrect options: English,
German, and French. Full includes the complete list of languages as
options
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2. fue
3. dura

4. tiene
Solo responde con el nimero de la opcién correcta.
4. Cloze-task (bilingual)

Oracién en Aymara:
M simanakiw
Selecciona la mejor opcién para completar esta traduccion:

Solo una semand.

1. pasé
2. fue
3. dura

4. tiene
Solo responde con el nimero de la opcién correcta.
5. Grammatical Feature ldentification

You are a language expert who can identify grammatical
features of a sentence in Bribri. You will be given a sen-
tence, a category of grammatical feature (e.g., tense, mood,
aspect), and a list of options. You must select the option

that best matches the grammatical feature of the sentence.
Piis kapoulur

What is the tense of this sentence?

1. continuous imperfect

2. past perfect

3. continuous perfect

4. potential future

Only respond with the number of the correct option.
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