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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; Zudniga, 2019), an indigenous language of
Chile and Argentina with approximately 380,000
speakers in the former country (Instituto Nacional
de Estadisticas, 2024). This language has a mor-
phological profile classified as agglutinative and
polysynthetic (Golluscio and Hasler, 2017; Zdiiiga,
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) kuydaufisayawiirkey
kuyda -ufida -ya -w -iirke
take.care -sheep -FUT -REFL -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; Zaiiga, 2017) spo-
ken in Chile and Argentina, which is currently in
a vulnerable situation (Gundermann et al., 2011;
Zuiiga, 2017). In Chilean territory, it has approx-
imately 380,000 speakers (Instituto Nacional de
Estadisticas, 2024). From the point of view of its
morphological typology, it is classified as an agglu-
tinative and polysynthetic language (Zuniga, 2017).
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In turn, its affix integration structure responds to
a templatic model (Fortescue et al., 2017; Zuiniga,
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 (Zdiiiga, 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 (Zdfiga, 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



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-espaiiol espariol-
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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 LLLMs’ 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:



Tier / Setting Slot 1 Slot 2 Slot 3 Slot 4 Slot 5 Slot 6
1. Text Tier
Evaluation nierpuafuy - - - - -
Baseline nierpuafuy (v') - - - - -
Dictionary nierpuafuy (v') - - - -
All nierpuafuy (v') - - - - -
2. Segmentation Tier
Evaluation nie r pu a fu y
Baseline nie (V') D (x) rpu (X) a(v) fu (v) y (V)
Dictionary nie (v') D (x) rpu (X) a(v) fu (v) y (V)
All nie (V') D (x) rpu (X) a(v) fu (v) y (V)
3. Tagging Tier
Evaluation have ITR TRANS FUT FRUS IND.[3]
Baseline have (V') @ (x) TRNSL(x) FUT(v) IRR(x) IND.[3](V)
Dictionary have (v') @ (x) TRNSL(x) FUT(v) IRR(x) IND.[3](V)
All have (V') @ (x) TRANS(v) FUT(v) IRR(v) IND.3(x)

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.

e 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-
espariol  espariol-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
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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 (Llanquimén
et al., 2025), we standardized the orthography us-
ing the tools and guidelines of KMT - Kiimewirin
Mapudiingun Trapiimwe (Chandia, 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-



switching to Spanish within the same sen-
tence, thus maintaining the focus on the struc-
ture of Mapudungun.

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.

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 7iuke *'mother’ counts as one
unit. In contrast, a complex verbal form such as
tunualengiin is segmented into fu-nu-a-l=engiin,
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
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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 Al), 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 Al
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 Al 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.



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
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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



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 -fu can
take different meanings depending on the context,
functioning as a verbalizer, a repetitive marker, or
a transitivizer. In cases where -fu 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.

70

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,



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
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globally.
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A Appendix
A.1 Prompt used

“Eres un lingiiista experto en el andlisis mor-
folégico del mapudungun, una lengua genealégica-
mente aislada hablada en Chile y Argentina. Debes
aplicar el formato de las Glosas de Leipzig para
entregar tus andlisis morfoldgicos 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: tafii chaw miiley tafii rukamew

Tu respuesta al usuario:

taili chaw miiley tiifi rukamew

ta= fii chaw miile-y tiifey ruka-mew

DET= 1SG.POSS padre estar-IND.[3] ese casa-
PPOS

“Mi padre estd en esa casa”

Si el input es un elemento que no presenta morfe-
mas (por ejemplo, un sustantivo sin afijos), no real-
ices segmentacion morfoldgica 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 segmentacién y andlisis del
input entregado por el usuario, pero solo entrega tu
respuesta, es decir, el andlisis. Cifie tus respuestas
a los ejemplos entregados. Las equivalencias entre
el mapudungun y las etiquetas y traduccion debe
ser en espafiol, no en inglés u otra lengua.

Cuando el usuario te entregue un texto en ma-
pudungun responde solo con la estructura analizada
segtn los lineamientos de las Glosas de Leipzig.
No afadas informacién adicional, solo entrega tu
andlisis.”
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