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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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A Full BLEU Results

Table 5 reports BLEU (sacreBLEU, 13a tokenizer)
for all fine-tuned conditions across three model
sizes and both translation directions.

B Full COMET Results

Table 6 reports COMET scores (wmt22-comet-da)
for all fine-tuned conditions across three model
sizes and both translation directions. Note: the
wmt22-comet-da model has not been validated
on Mapudungun, which is absent from its train-
ing languages (based on XLM-R pretraining data).
COMET scores for the Mapudungun side should
be interpreted cautiously; we report them for com-
pleteness alongside the primary chrF++ results in
the main text.
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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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