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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.

Acknowledgments
Thank you to our elders and knowledge holders.
We acknowledge those who have gone before us,
who have carried and passed down our languages,
and those who continue to sustain them. Thank
you to Steven Bird for advising, and to Tad Hos-
ford and Ian Iglesias for reviewing Mvskoke out-
put. Finally, we thank the anonymous reviewers

90



for their helpful feedback.

References
Anthropic. 2026. Claude opus 4.6.

Israel Abebe Azime, Atnafu Lambebo Tonja,
Tadesse Destaw Belay, Yonas Chanie, Bontu Fufa
Balcha, Negasi Haile Abadi, Henok Biadglign
Ademtew, Mulubrhan Abebe Nerea, Debela De-
salegn Yadeta, Derartu Dagne Geremew, As-
sefa Atsbiha Tesfu, Philipp Slusallek, Thamar
Solorio, and Dietrich Klakow. 2025. ProverbE-
val: Exploring LLM evaluation challenges for
low-resource language understanding. In Findings
of the Association for Computational Linguistics:
NAACL 2025, pages 6250–6266. Association for
Computational Linguistics.

Rosalia Badhorse. 2023. Tsetsėhestȧhese and
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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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