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Abstract

We present an end-to-end open-weight pipeline
for LLM-Assisted Rule-Based Machine Trans-
lation (LLM-RBMT) into extremely low-
resource languages, with no proprietary-API
dependency at any stage and no per-language
linguistic effort beyond registering a language
with the framework. On Owens Valley Paiute
(OVP), a critically endangered Indigenous lan-
guage of California, we synthesize training
data entirely from the OVP language spec-
ification, fine-tune two Qwen2.5-3B LoRA
adapters (one for each LLM-driven stage of
the translation system), and serve both locally.
The fine-tuned forward adapter matches or ex-
ceeds gpt-4o-mini on the 150-sentence for-
ward evaluation of Coleman et al. (2026b)
(COMETc 0.472 vs. 0.448, same evaluator),
and a separately fine-tuned backward adapter
approaches it on a 40-item hand-validated back-
ward reference set, both running locally. The
full recipe runs on a single consumer GPU.

1 Introduction

The LLM-Assisted Rule-Based Machine Trans-
lation (LLM-RBMT) paradigm (Coleman et al.,
2024, 2026b) combines expert-designed sentence-
building tools with large language models (LLMs)
to translate English into languages with no publicly
available parallel corpora. It has so far relied on
closed-weight models (primarily OpenAI’s GPT
series) to perform the semantic decomposition of
English input into structured representations the
rule-based tools can consume. This dependency is
a friction for the very communities the approach
is designed to serve. Endangered-language revital-
ization work is often carried out under institutional
and ethical arrangements that restrict where lin-
guistic data can be stored or processed, including
principles such as CARE (Carroll et al., 2020) and
OCAP. Beyond data sovereignty, external API de-
pendence also imposes recurring cost, introduces

unpredictable availability, and limits the commu-
nity’s ability to customize, adapt, or audit the sys-
tem over time.

Open-weight models, increasingly capable small
LLMs released with their weights, offer a path to
sidestep all of these issues. What is unclear is
how much worse LLM-RBMT approaches perform
when the closed-weight model is swapped out for
an open-weight, locally-runnable one. In this paper
we address this question for Owens Valley Paiute
(OVP; ISO 639-3: mnr), a critically endangered
Indigenous language of the Owens Valley region
of California with fewer than 10 fluent speakers.
In Resource Abundance Notation (Coleman et al.,
2026a), which summarizes a language’s resource
profile as order-of-magnitude counts of speakers,
monolingual sentences, and parallel sentences per
partner language, OVP is 1/3/en-3 and is among
the most resource-scarce profiles for which ma-
chine translation has been attempted.

The central idea behind LLM-RBMT is that it
never lets the LLM freely generate target-language
text (Figure 1). The Yaduha framework realizes
each target language as a language package: a
typed schema of the structures the language can
express, together with a closed English-labeled vo-
cabulary of stems, and a deterministic renderer that
maps a populated schema instance to a well-formed
surface sentence by applying the language’s mor-
phology. Translation proceeds in two LLM-driven
steps. A forward translator takes English input
and, under constrained decoding that guarantees a
schema-valid output, produces a list of Sentence
instances that the renderer converts to OVP. A back-
ward translator, also LLM-driven, reads each
Sentence instance and produces a natural-English
gloss, used both for evaluation and to show the user
what the system understood. The model handles
meaning while the grammar handles form. Output
is grammatical by construction, because only the
renderer ever writes OVP.
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Figure 1: The LLM-RBMT pipeline. The forward and backward translators are LLM-driven; the renderer is
deterministic. Either LLM slot can be filled with a proprietary API model or an open-weight model. The structured
[Sentence, ...] list is both the rule-based renderer’s input (producing the user-visible OVP surface) and the
backward translator’s input (producing the natural-English gloss used for evaluation and for user transparency).

For OVP, the schema comprises two Pydan-
tic Sentence subclasses, SubjectVerbSentence
and SubjectVerbObjectSentence, whose fields
cover subject and object (plain noun, agentive-
nominalized verb, or pronoun), verb (transitive or
intransitive, with tense/aspect), proximity (proxi-
mal/distal), and number (singular/dual/plural). A
curated vocabulary of 40 nouns and 37 verbs sup-
plies the target-language lexicon. When an input
lemma falls outside this vocabulary, the renderer
emits a role-tagged placeholder (e.g. [laptop]) so
that the output signals its own uncertainty.

A worked example. Consider the input “They
danced.” The forward translator emits a single
schema-valid SubjectVerbSentence:

SubjectVerbSentence(
subject=Pronoun(3.pl),
verb=IntransitiveVerb("dance", past))

The renderer consumes this structure and produces
the OVP surface form “Uhuw̃a nüga-ku,” com-
bining the third-plural pronoun uhuw̃a with the
verb stem nüga and the past-tense suffix -ku. The
backward translator, reading only the structured
form (not the surface form, which is unintelligible
to a general-purpose English LLM), produces the
natural-English rendering “They danced,”.

When an input contains words that fall outside
the curated vocabulary, the structured form carries
the original English lemma in the corresponding
field. For the input “Tom caught a fish,” the for-
ward translator produces:

SubjectVerbObjectSentence(
subject=Noun("Tom"),
verb=TransitiveVerb("catch", past),
object=Noun("fish"))

whose subject head and verb lemma are out-of-
vocabulary (OOV) while the object head fish is
in-vocabulary. The renderer emits “[Tom]-ii pagwi-
noka u-[catch]-ku,” preserving the inline place-
holders while expressing the remaining grammati-

cal content (subject suffix -ii, object suffix -noka,
object-pronoun prefix u-, and past-tense suffix -ku).

Evaluation. The backward translator plays two
roles that are sometimes conflated. It is the primary
evaluation instrument, so translation quality is mea-
sured by comparing its output to the source English;
it is also the user-facing transparency layer, so that
when the forward translator cannot express an in-
put exactly, the structured representation and its
back-translation let the system say, in effect, “I
cannot say that in OVP, but here is a set of simple
sentences that approximates it.” Because the struc-
tured form may still carry OOV English lemmas
in its content-word fields, a back-translation can
look correct simply because those lemmas were
passed through verbatim rather than because the
system encoded them grammatically. We therefore
distinguish two evaluation arms. In the backwards
arm, the backward translator sees the full structured
output, OOV lemmas included. In the comparator
arm, OOV content-word lemmas are first masked
to role-tagged sentinels ([NOUN], [VERB]) before
the backward translator reads the structure. The
“Tom caught a fish” example with gpt-4o-mini at
both LLM positions makes the contrast visible:

Tom caught a fish.
Target (gpt-4o-mini, forward and backward)

[Tom]-ii pagwi-noka u-[catch]-ku.
Backwards
Tom caught that fish. 0.94
Comparator
The [NOUN] [VERB]ed the fish. 0.37

The numbers are COMET scores that essentially
measure the semantic similarity between the input
and backward/comparator translations (§4.1). The
backwards arm scores near-perfectly because Tom
and catch pass through verbatim; the comparator
arm drops sharply because those lemmas are
masked, leaving only the in-vocabulary fish to be
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lexicalized in OVP. The gap between arms mea-
sures the extent to which backwards quality is car-
ried by lexical passthrough.

1.1 Contributions

1. An automated procedure for generating a super-
vised fine-tuning dataset from a Yaduha1 lan-
guage specification, requiring no additional lin-
guistic effort from the language-package author.
The procedure produces training pairs for both
pipeline positions in a single pass, and can itself
be driven end-to-end by open-weight models.

2. A fully open-weight LLM-RBMT system for
OVP in which both the forward translator and
the backward translator are LoRA-fine-tuned
Qwen2.5-3B-Instruct adapters trained on data
produced by this procedure. The forward
adapter matches or exceeds gpt-4o-mini on
a 150-sentence OVP forward evaluation set, and
the backward adapter approaches it on a 40-item
hand-validated backward reference set, while
both run locally on a single consumer GPU. The
training pipeline (dataset generation and fine-
tuning) depends on no proprietary model.

3. The first systematic evaluation of LLM-RBMT
with open-weight models substituted for propri-
etary ones at both the forward and backward
translator. Through progressive ablations we
separate two senses in which such a pipeline
can be “fully open”: that it runs with no propri-
etary API at translation time (open deployment),
and that the data used to train its models was
itself produced with no proprietary model (open
training provenance).

2 Related Work

Low-resource and no-resource MT. Machine
translation for low-resource languages is a ma-
ture research area, comprehensively surveyed by
Ranathunga et al. (2023). Mainstream neural ap-
proaches scale impressively across typologically
diverse languages (NLLB Team et al., 2022), but
their building blocks (transfer learning from related
languages, iterated back-translation, and massively
multilingual pre-training) all presuppose at least
some naturalistic text in the target language. For
critically endangered languages with neither par-
allel corpora nor substantial monolingual corpora,
these techniques do not directly apply. Traditional

1https://github.com/kubishi/yaduha

rule-based MT frameworks such as Apertium take
the opposite approach, relying entirely on hand-
written lexicons and transfer grammars. This scales
well when community-linguist effort is available
but poorly when it is not.

LLM-Assisted Rule-Based MT. Coleman et al.
(2024) introduced LLM-RBMT as a hybrid alterna-
tive to both extremes: a community-curated gram-
mar specification (modeled as Pydantic Sentence
classes in the Yaduha framework) supplies the
structural scaffold, and LLMs perform the seman-
tic decomposition that turns natural-language input
into structured targets. Coleman et al. (2026b) ex-
tended the paradigm with a richer grammar and
compared five translator architectures (Pipeline,
Builder, Instructions, RAG, Fine-tuned) on OVP,
finding that the Pipeline variant most consistently
produces grammatical output. Both prior OVP
translation systems (Coleman et al., 2024, 2026b)
relied on gpt-4o and gpt-4o-mini at every LLM-
driven position of the pipeline. Our contribution
is to close the proprietary-dependency loop: both
LLM positions (forward and backward translators)
and the dataset generator that produces their train-
ing data can all be served by open-weight models,
without measurable quality loss on the evaluation
protocol of the previous work.

Fine-tuning open-weight LLMs for MT. Fine-
tuning small open-weight LLMs for specific low-
resource translation tasks has been explored with
varying success (Lankford et al., 2023; Cruz and
Cheng, 2019), and the gains depend heavily on the
availability of high-quality parallel data, which is
exactly what critically endangered languages do
not have. Our approach differs in that the fine-
tuning data is not elicited from speakers: it is syn-
thesized from the Yaduha language specification
itself, using the backward translator to render struc-
tured targets to canonical English and a paraphrase
menu to expand surface variation. The synthetic
instruction-data literature (Wang et al., 2023) uses
a similar bootstrapping motivation at a very differ-
ent scale and for a different task. We specialize the
idea to schema-constrained translation. At infer-
ence time we constrain the forward adapter’s output
to the Pydantic schema with grammar-constrained
decoding (Willard and Louf, 2023).

Evaluation methodology. Our evaluation
methodology builds directly on Coleman et al.
(2024, 2026b), which propose a dual-arm
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back-translation protocol and a baseline contex-
tualization scheme using unrelated-pair score
distributions to establish null-hypothesis references.
We adopt both and extend the evaluation with
a hand-validated backward-direction reference
set (Table 2) that lets the backward translator be
scored directly rather than only through its effect
on forward back-translation.

3 A Fully Open-Weight System

Our system consists of two LoRA-fine-tuned
Qwen2.5-3B-Instruct adapters, one at each
pipeline position, trained on data synthesized en-
tirely from the language’s existing Yaduha spec-
ification. §3.1 describes the dataset-generation
procedure, §3.2 the training setup, and §3.3 an
end-to-end variant in which the model driving data
generation is itself open-weight.

3.1 Dataset generation

Our procedure has six stages. Each stage uses only
primitives exposed by the Yaduha framework, so it
is language-agnostic up to the schema.

1. Structure sampling. We enumerate structured
targets by sampling from the Sentence schema
along four axes: single- vs. multi-clause (1–3
clauses per record), SV vs. SVO, plain vs. nom-
inalized subject/object, and in-vocab vs. delib-
erate out-of-vocabulary content. Multi-clause
sampling is important: many English inputs re-
quire multiple structured sentences to express,
and models trained only on single sentences fail
when asked to emit multiple.

2. Paraphrase generation. For each structured
target, the backward translator produces an En-
glish rendering. We then query an LLM for
several paraphrases of this rendering, drawn
from eight transforms: passivize, add_adverbial,
add_relative_clause, add_irrelevant_detail, co-
ordinate_and_drop, substitute_rare_vocab, id-
iomize, change_register. The paraphrases ex-
pose the translator to a range of inputs that map
to the same structured target, approximating the
English-side variation it will encounter at de-
ployment. Table 1 shows sample outputs.

3. OOV substitution. We curate a list of English
OOV lemmas (e.g., chihuahua, mansion, chef )
and pair each with its nearest in-vocabulary hy-
pernym (dog, house, cook). Positive pairs teach
the forward translator to substitute the hyper-

nym when the English input uses a rare but
mappable word. Negative pairs (e.g., laptop,
program) teach it to preserve the OOV lemma
so the renderer emits a placeholder.

4. Proper-noun coreference. Proper names are
always OOV and are preserved as placeholders
([Susan], [Tom]). We generate both single-
mention structures and two-clause structures
with explicit coreference, so that the structured
target uses coreferent third-person pronouns on
subsequent mentions.

5. Backward training pairs. For each structured
target, we emit one clean and one masked back-
ward training pair, so that a separate backward
adapter can be trained to render the structured
form faithfully, including preserving role-tagged
placeholders verbatim. The same structured tar-
gets used for the forward adapter thus also sup-
ply the backward adapter’s training data, in a
single data generation pass.

6. Assembly. We deduplicate on the normalized
English input and produce stratified 90/10 train/-
val splits that preserve the joint distribution of
sentence type, pipeline stage, and transform.

3.2 Fine-tuning

We apply LoRA (Hu et al., 2022) to
Qwen2.5-3B-Instruct (Qwen Team, 2024),
training one adapter per direction on data
synthesized by the procedure above from 750
sampled structured targets and approximately
4,500 resulting pairs, with gpt-4o-mini driving
the English-generation stages. Training runs in
under an hour on a single consumer GPU. The
forward adapter receives English inputs and
produces structured Sentences. The backward
adapter receives structured Sentences and produces
natural English. At inference time we decode
the forward adapter with constrained generation
(Willard and Louf, 2023) against the Pydantic
schema to guarantee schema-valid output. Full
LoRA and optimizer hyperparameters are listed in
Appendix A.

3.3 End-to-end open-weight data generation

The procedure above still relies on gpt-4o-mini
to render canonical English, generate paraphrases,
and produce sentences for the OOV-substitution
and proper-noun stages. A fully open-weight
recipe requires that these calls too be served locally.
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Transform English surface

Canonical: “The mules are chasing.”
add_adverbial The mules are chasing quickly.
idiomize The mules are in hot pursuit.
substitute_rare_vocab The mules are pursuing.

Canonical: “This fish is cooking us.”
passivize We are being cooked by this fish.
add_relative_clause This fish, which is quite large, is cooking us.
substitute_rare_vocab This fish is preparing a meal for us.

Canonical: “I write.”
change_register I am writing.
add_irrelevant_detail I am in the process of writing.

Table 1: Sample paraphrases produced by the datagen pipeline’s paraphrase stage. Each structured target yields one
canonical English rendering (via the backward translator), which is then paraphrased through the 8-transform menu.
All paraphrases of a given canonical share the same structured target, so the forward translator learns to map diverse
English surfaces onto one structure.

§4.4 reports the fully-open variant in which every
English-generation stage is served by qwen2.5:7b
and both adapters are retrained on the resulting
dataset; the result matches the closed-datagen vari-
ant on COMETc (Table 5).

4 Evaluation

Three axes of openness can vary independently in
an LLM-RBMT pipeline: the forward transla-
tor at deployment, the backward translator at
deployment, and the datagen provenance used to
produce the fine-tuning corpus. We vary these one
at a time. Sections 4.2–4.3 evaluate the two de-
ployment positions with datagen provenance fixed
at gpt-4o-mini; §4.4 then migrates datagen and
deployment components to open-weight models
progressively.

4.1 Methodology

Backward-direction protocol. We evaluate the
backward translator directly before using it as a
measurement instrument for the forward direction.
We construct a 40-item hand-validated reference.
Structured OVP sentences are programmatically
sampled from the OVP vocabulary and grammar
rules, stratified across simple SV, simple SVO,
OOV noun, OOV verb, nominalized, and masked
variants. To reduce annotation effort, we seed each
English rendering with gpt-4o-mini, which per-
forms the same structured-JSON-to-English task
used at evaluation time. The authors then manu-
ally reviewed all 40 items and corrected the four
rows where the seed was inaccurate2. Each back-

2These final gold references accurately reflect human judg-
ment. Because the input is a simple fully-specified structured

ward model then renders the same 40 structured
inputs, which we score against the gold using chrF
(Popović, 2015) and reference-based COMET.

Forward-direction protocol. With the back-
ward stage well-characterized (§4.2; gpt-4o-mini
reaches 0.930 COMET against the hand-validated
gold, and prior work found it back-translates
OVP at ∼98% accuracy at low cost (Coleman
et al., 2024)), we hold it fixed at gpt-4o-mini
and vary the forward translator. Given an En-
glish source s, the forward translator produces
[Sentence, ...]. The backward translator then
renders this structured output back to English.
We compute COMET (Rei et al., 2022) (check-
point Unbabel/wmt22-comet-da) between s and
the back-translation under two treatments, as intro-
duced in §1:

• backwards (COMETb): the backward translator
sees the full structured output, including OOV
English lemmas retained in head or lemma fields.

• comparator (COMETc): content-word lemmas
are first masked to role-tagged sentinels ([NOUN],
[VERB]) before the backward translator reads the
structure, removing any contribution from lexical
passthrough.

A successful translation scores high on both arms.
We use COMET as the primary metric following
Coleman et al. (2026b).

Data. The forward evaluation uses the 150-
sentence set of Coleman et al. (2026b), which

sentence, the English rendering is largely determined and there
is little room for stylistic variation that could systematically
favor one backward model over another.
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Backward model chrF COMET

llama3.2:1b 0.500 0.763
llama3.2:3b 0.753 0.854
qwen2.5:3b (base) 0.791 0.869
qwen2.5:7b 0.810 0.873
llama3.1:8b 0.839 0.893
gpt-4o-mini 0.932 0.930

ft-qwen2.5:3b (ours) 0.877 0.896

Table 2: Backward-direction scores on the 40-item gold.
Our fine-tuned backward adapter surpasses every off-
the-shelf open-weight baseline on chrF and approaches
gpt-4o-mini on both metrics. Bootstrap 95% CIs
(1000 resamples, n = 40) span approximately ±0.07
on chrF and ±0.04 on COMET.

spans six sentence types (subject-verb, subject-
verb-object, two-verb, two-clause, complex, and
nominalization). The backward evaluation uses
the 40-item hand-validated gold described above.
Baseline open-weight models are llama3.2:1b,
llama3.2:3b, qwen2.5:3b, qwen2.5:7b, and
llama3.1:8b (Qwen Team, 2024; Llama Team, AI
@ Meta, 2024), served locally with 4-bit quantiza-
tion via Ollama (Ollama Project, 2025). Both eval-
uation sets are held out from the synthetic train/val
data used to fine-tune the adapters, so there is no
data leakage. All reported scores come from a
single training run per configuration.

4.2 Backward-direction results

Table 2 reports scores on the 40-item hand-
validated gold. gpt-4o-mini leads the off-the-
shelf open-weight baselines, and the smallest
model (llama3.2:1b) often substitutes fluent-but-
wrong content. Applying our fine-tuning proce-
dure to the backward direction reaches 0.877 chrF
and 0.896 COMET against the gold, surpassing
every off-the-shelf open-weight baseline on chrF
and closing roughly 61% of the chrF gap between
its Qwen2.5-3B base and gpt-4o-mini. It stays
a few points behind on surface fluency, but §4.4
shows that swapping it in as the backward trans-
lator has no measurable effect on the pipeline’s
forward quality.

4.3 Forward-direction results

Table 3 reports forward-direction scores for the five
open-weight baselines, gpt-4o-mini, and our fine-
tuned forward adapter. The fine-tuned adapter elim-
inates parse failures and leads on COMETc, outper-
forming its base model (qwen2.5:3b) by +0.057
and gpt-4o-mini by +0.024.

Forward model Err COMETb COMETc

llama3.2:1b 9 0.787 0.326
qwen2.5:3b (base) 15 0.771 0.415
llama3.2:3b 5 0.861 0.404
qwen2.5:7b 3 0.834 0.425
llama3.1:8b 9 0.821 0.386
gpt-4o-mini 0 0.865 0.448

ft-qwen2.5:3b (ours) 0 0.786 0.472

Table 3: Forward-direction results with gpt-4o-mini as
the fixed backward evaluator. Err: number of parse fail-
ures out of 150 (the forward model failed to produce a
schema-valid output on that sentence). Parse failures are
excluded from all metrics rather than penalized, and no
retries are attempted; the fine-tuned adapter’s zero parse
failures therefore matter both for pipeline reliability and
for the interpretability of its aggregate scores. Off-the-
shelf open-weight baselines run at 4-bit quantization via
Ollama; the fine-tuned adapter runs at bf16. Bootstrap
95% CIs (1000 resamples, n = 150) span approxi-
mately ±0.035 on COMETc; the fine-tuned adapter’s
lead of +0.024 over gpt-4o-mini is consistent across
resamples. Our fine-tuned adapter leads on COMETc

and is the only open-weight forward translator with zero
parse failures; §4.4 shows a fully-open-datagen variant
of the same recipe reaches the same COMETc.

Table 4 gives the per-type breakdown. Our fine-
tuned adapter wins or nearly ties gpt-4o-mini
on all six sentence types: within ±0.005 on sim-
ple subject-verb and nominalization, and ahead
by +0.017 to +0.065 on the other four. Exam-
ple 2 illustrates where these gains come from.
On “The teacher spoke and the student lis-
tened”, gpt-4o-mini treats all four content words
as OOV, whereas our fine-tuned adapter recog-
nizes that OVP has in-vocabulary verbs for speak
(yadoha) and listen (naka) and uses them, leav-
ing only teacher and student as placeholders. The
comparator arm, which masks the OOV heads,
falls sharply for gpt-4o-mini (0.286) while ours
holds (0.451): the gap between backwards and
comparator shrinks from 0.667 to 0.433, quanti-
fying how much less our adapter leans on lexical
passthrough.

4.4 Ablations: migration to open-weight

Sections 4.3 and 4.2 fixed two of the three axes
at gpt-4o-mini and varied the third. We now
progressively migrate the remaining axes to open-
weight models, holding the forward translator fixed
at our fine-tuned Qwen2.5-3B adapter throughout
and varying (a) the backward translator used at
deployment and (b) the datagen provenance used
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Model SV SVO TV TC CX NOM

qwen2.5:3b (base) 0.629 0.384 0.466 0.329 0.332 0.389
gpt-4o-mini 0.705 0.349 0.526 0.362 0.327 0.418
ft-qwen2.5:3b (ours) 0.702 0.394 0.591 0.379 0.349 0.416

Table 4: Per-sentence-type COMETc breakdown. SV/SVO: simple single-clause; TV: two-verb; TC: two-clause;
CX: complex; NOM: nominalization. Our fine-tuned forward translator wins or nearly ties gpt-4o-mini.

The teacher spoke and the student listened.
Target (ft-qwen2.5:3b (forward) / gpt-4o-mini (backward))

[teacher]-ii yadoha-ku. [student]-ii naka-ku.
Backwards
The teacher talked. The student heard. 0.884
Comparator
The [NOUN] talked. The [NOUN] heard. 0.451

The teacher spoke and the student listened.
Target (gpt-4o-mini (forward) / gpt-4o-mini (backward))

[teacher]-uu [speak]-ku. [student]-uu [listen]-ku.
Backwards
The teacher spoke. The student listened. 0.953
Comparator
The [NOUN] [VERB]ed. The [NOUN] [VERB]ed. 0.286

Figure 2: Two forward translations of the same input. gpt-4o-mini (bottom) passes every content word through as
OOV, while our fine-tuned adapter (top) substitutes in-vocabulary OVP verbs yadoha (“speak”) and naka (“listen”).

to produce the adapter’s training data. All rows
use the same 150-sentence forward evaluation set.
Table 5 collects the full progression.

Row 1 is the closed-weight reference. Row
2 swaps the forward translator to our fine-tuned
adapter: COMETc rises from 0.448 to 0.472 at
zero parse failures, matching §4.3. Row 3 ad-
ditionally swaps the backward translator to our
fine-tuned backward adapter, moving aggregate
COMETc by +0.001 (0.472 → 0.473) with per-
type deltas within ±0.015; the two backward
models produce near-identical outputs, and where
they differ the fine-tuned backward is if anything
more faithful (e.g., rendering proximity=distal as
“that” rather than “the”). This null result sup-
ports Claim 1: the deployment pipeline runs with
no proprietary-API call and no measurable loss
relative to a gpt-4o-mini evaluator. Row 4 re-
trains the forward adapter on data whose every
English-authoring stage is served by qwen2.5:7b
rather than gpt-4o-mini; scored by the fixed
gpt-4o-mini backward instrument, it reaches
COMETc 0.471, indistinguishable from the closed-

provenance version. Row 5 then swaps in the
fine-tuned backward adapter as well, so that no
component touches a proprietary API. Because the
evaluator is now also local, we report the 0.489 as
self-evaluated quality rather than a claim against
the closed-weight baseline.

5 Discussion

Under our proposed approach, the entire workflow
for a new language (synthesizing training data,
fine-tuning the forward and backward adapters,
evaluating them, and deploying the result) runs
without a proprietary API and without additional
per-language linguistic labor, on consumer-GPU
hardware. This is unlike prior LLM-RBMT work
(Coleman et al., 2024, 2026b), which required
closed-weight models at multiple pipeline posi-
tions. For communities working under CARE
(Carroll et al., 2020) or OCAP principles, this
makes data-sovereign language technology reach-
able without sacrificing translation quality. Con-
cretely, the full recipe for OVP runs in approxi-
mately 2 GPU-hours on a single consumer card
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# Datagen provenance Forward deploy Backward deploy Err COMETb COMETc

1 n/a (closed ref.) gpt-4o-mini gpt-4o-mini 0 0.865 0.448
2 gpt-4o-mini ft-qwen2.5:3b gpt-4o-mini 0 0.786 0.472
3 gpt-4o-mini ft-qwen2.5:3b ft-qwen2.5:3b 0 0.785 0.473
4 qwen2.5:7b ft-qwen2.5:3b gpt-4o-mini 0 0.760 0.471
5 qwen2.5:7b ft-qwen2.5:3b ft-qwen2.5:3b 0 0.778 0.489

Table 5: Progressive ablation across the three pipeline axes; the forward translator is our fine-tuned Qwen2.5-3B
adapter throughout. Row 1 is the closed-weight reference; rows 2–3 deploy our open adapters with closed-weight
datagen; rows 4–5 use fully-open (qwen2.5:7b) datagen, with row 5 (bold) open at every axis. All rows use the
same 150-sentence forward set.

(RTX 5000 Ada): 2–3 hours of qwen2.5:7b in-
ference for dataset generation and ∼1 GPU-hour
total for the two LoRA fine-tunes. The optional
closed-weight datagen variant adds ∼$0.40 of
gpt-4o-mini API spend.

The backward translator’s role as a user-facing
transparency layer, not only an evaluation instru-
ment, is worth naming as a design principle. Rather
than emit a fluent-but-wrong guess, the pipeline sur-
faces its own uncertainty: when the grammar can-
not express a content word, the OVP surface shows
a role-tagged placeholder and the back-translation
reports it. This matters for endangered-language
deployment because the community pool of speak-
ers who could catch fluent-but-wrong output is
small. The boundary between what the grammar
covers and what it does not is legible from the
pipeline’s own output rather than hidden inside a
black-box translation. The same property lets the
fine-tuned backward adapter serve as a seed for fu-
ture backward-direction gold-set expansion, since
a proprietary model is no longer required to draft
candidates for human review.

The residual gap concentrated in the nominal-
ization type of Table 4 is illustrative: for The
sleeper woke up suddenly, gpt-4o-mini correctly
produces a NominalSubject with sleep as the nom-
inalized verb (Üwi-dü-uu, “the one who sleeps,
distal”), while our fine-tuned forward translator
chooses the simpler SubjectNoun construction with
a placeholder [sleep] head, losing the agentive-
nominalization information (the comparator arm
scores 0.267 vs. 0.430). This is the clearest target
for a next round of dataset iteration.

Two failure modes recur in the fully-open sys-
tem’s outputs, both visible as the weakest per-type
scores. First, coordinated subjects are sometimes
reread as subject–object relations: “Anna and Elsa
share a bond” collapses to a single SVO sentence
[Anna]-uu [Elsa]-noka u-[share]-dü, whose

back-translation “Anna shares Elsa” is fluent but
wrong (the comparator arm catches it, 0.271). Sec-
ond, proper nouns are inconsistently preserved
across coordinated clauses: “Harry wrote and Ron
read” yields two clauses with generic third-person
pronouns (Uhu mui-ku. Uhu nia-dü.). Both are
clean targets for a next round of dataset augmenta-
tion.

6 Conclusion

We have presented a fully open-weight LLM-
RBMT system for OVP in which the forward and
backward translators are both LoRA-fine-tuned
Qwen2.5-3B-Instruct adapters trained on data syn-
thesized from the language’s existing Yaduha spec-
ification. The forward adapter matches or exceeds
gpt-4o-mini on a 150-sentence forward set and
the backward adapter approaches it on a hand-
validated backward set, while both run locally on a
single consumer GPU. We separated two senses of
openness (local deployment and proprietary-free
training provenance) and showed that the dataset
generator itself can run on open-weight models at
every English-generation stage without measurable
quality loss, giving an end-to-end recipe in which
no component depends on a proprietary model.

The pipeline is language-agnostic by design:
both models interact exclusively with structured
JSON whose field names and lemmas are English,
and neither ever sees the target-language surface
form. The only language-specific component is
the Yaduha language package, so any Yaduha-
registered language can use the same datagen and
fine-tuning recipe with no model-level changes;
adding a new grammatical construction to an exist-
ing language is likewise a grammar-spec change,
with no changes to the training pipeline, evalu-
ation protocol, or model architecture. Natural
next steps include porting the datagen to a sec-
ond Yaduha-compatible language to validate the
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by-construction generalization claim empirically,
scaling the training set beyond the ∼4,500 pairs
used here, and augmenting the datagen with the
explicit conjoined-subject and proper-noun-across-
clause structures identified in §5 as the fully-open
system’s dominant failure modes.

7 Limitations

Single target language. Our empirical demon-
stration is on OVP only. The procedure is de-
signed to port to any Yaduha-compatible language
(a single per-Sentence method is the only language-
specific primitive it requires), but this is supported
by construction rather than empirical validation
across multiple languages. Concurrent work ap-
plies the same Yaduha schema-constrained frame-
work to five other Indigenous languages of the
Americas (Bribri, Guaraní, Yucatec Maya, Oriz-
aba Nahuatl, and Wixárika) for a cultural image-
captioning shared task (Cuadros et al., 2026), plac-
ing first on human evaluation in two of them. This
is evidence that the underlying schema-driven ap-
proach generalizes across typologically diverse lan-
guages, though that system pairs a vision–language
model with structured decoding rather than the
open-weight fine-tuning recipe evaluated here.

Inference-stack asymmetry. Open-weight base-
lines in Table 3 are served via Ollama with 4-bit
quantization, while our fine-tuned forward trans-
lator is served in bf16 full precision during the
primary evaluation. As a sanity check we also de-
ployed the fine-tuned forward through the same
Ollama pipeline as the baselines and observed a
∼ 0.03 COMETc drop, consistent with quantiza-
tion effects. It still outperforms the base model
served through the same stack.

No human evaluation. COMET and chrF are
proxies for translation quality and faithfulness. Au-
tomatic metrics for structured-output translation in
low-resource settings are an active area of research.
Our characterization would be strengthened by a
complementary speaker judgment study, which we
did not conduct for this paper. We note that in the
OVP setting, and in the extremely-low-resource
setting more generally, human evaluation carries
logistical constraints that are not always visible
from a mainstream-MT vantage point. The eval-
uator pool is at most a handful of fluent speakers,
so achieving meaningful inter-annotator agreement
requires nontrivial evaluator training, which itself

competes for the same speakers’ time. This does
not diminish the value of a speaker study, but it
does mean such a study is a research project in its
own right rather than a routine addition.

Scale of training and evaluation data. Our fine-
tuning dataset is ∼ 4,500 pairs synthesized from
750 sampled structures, and the evaluation sets are
150 sentences (forward) and 40 sentences (back-
ward). These are small scales relative to stan-
dard supervised-MT benchmarks, reflecting the
extremely low-resource setting.

8 Ethical Considerations

This work concerns machine translation into
Owens Valley Paiute, a critically endangered In-
digenous language. Tools that produce text in such
a language intersect with the interests and rights
of the speaker community in ways that differ from
mainstream MT.

Data provenance. All target-language vocabu-
lary and grammar rules used in this paper come
from the publicly released Yaduha-OVP package,
which was built in collaboration with community
sources cited in Coleman et al. (2024, 2026b). We
introduce no new OVP linguistic data in this paper.
The 150-sentence English forward evaluation set
is likewise taken unchanged from Coleman et al.
(2026b), and consists of short sentences for stress-
testing the translation pipeline.

Deployment and community control. A central
design aim of the work is to eliminate dependen-
cies on proprietary APIs, so that communities who
wish to deploy the translator under their own data-
governance policies can do so. As an ethical po-
sition, we believe that whether and how to deploy
a translator for a given language should be a com-
munity decision. We present a technical method
to eliminate dependencies on proprietary APIs but
do not advocate for unilateral deployment of our
system for any community other than through their
own direction.

Quality misrepresentation. An automatic trans-
lator that produces fluent but inaccurate output
can cause disproportionate harm in a language-
revitalization setting, where outputs may be re-used
in teaching materials or community communica-
tions and where the pool of speakers able to catch
errors is small. Our pipeline is designed to make
its own uncertainty visible: when the target vo-
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cabulary does not cover an input word, the system
produces a placeholder token rather than a fluent
substitute, and the structured intermediate represen-
tation is available to any reviewer who wishes to
audit what the system attempted to say.

Environmental cost. Full reproduction of the
experiments reported here requires approximately
two GPU-hours on a single consumer-grade ac-
celerator and ∼ $0.40 in OpenAI API calls. We
consider this modest compared with both the scale
of mainstream MT work and the potential benefit to
the communities the method is designed to serve.

Software artifacts and licenses. All third-party
software artifacts used in this work are publicly
available under their respective open-source li-
censes: Qwen2.5-3B-Instruct (Qwen Team, 2024),
the Llama 3.x baselines (Llama Team, AI @ Meta,
2024), COMET (Rei et al., 2022), sacrebleu (Post,
2018), and Ollama (Ollama Project, 2025). The
Yaduha framework is released by its authors un-
der an academic open license permitting non-
commercial research and educational use with at-
tribution. Our use of all artifacts is consistent with
these licenses’ intended research use.

Release. We distinguish framework code from
language-specific artifacts. The framework code,
the fine-tuning scripts, and the datagen scripts will
be released publicly under the Yaduha academic
non-commercial license, so that practitioners work-
ing on other Yaduha-compatible languages can
train their own adapters using the same recipe.
The trained OVP forward and backward adapters
and the OVP synthetic training datasets will be
released in coordination with our partners at the
Nüümü Yadoha Language Program, consistent with
the community-governance principles described
above.

Use of AI assistants. LLMs are a core compo-
nent of the system itself and are fully documented
in §3–§4. In addition, the authors used AI coding
and writing assistants for coding and copy-editing.
The authors accept full responsibility for all scien-
tific claims, experiments, and analyses.
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A Training and Evaluation Details

LoRA adapters. We attach LoRA adapters
to all linear projections of the transformer
blocks of Qwen2.5-3B-Instruct (q_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
down_proj; lm_head excluded). Adapter configu-
ration: rank r=16, α=32, dropout 0.05, no bias
terms, CAUSAL_LM task type.

Model size comparability. Public unofficial es-
timates place gpt-4o-mini in the single-billion-
parameter range, so our Qwen2.5-3B-Instruct
base is in a comparable range (possibly a bit
smaller).

Optimizer. We train with TRL’s SFTTrainer:
learning rate 2×10−4, cosine schedule, warmup
ratio 0.1, one epoch, per-device train batch size 1
with gradient-accumulation 8 (effective batch size
8), bf16 precision, gradient checkpointing, maxi-
mum sequence length 2304, completion-only loss
(loss masked to assistant tokens only), no sequence
packing, and fixed seed 42. We did not perform
a hyperparameter search. The values above are
TRL/PEFT defaults adjusted only for memory.

Evaluation. COMET scores use the
Unbabel/wmt22-comet-da checkpoint (Rei
et al., 2022). chrF is computed with the default
sacrebleu (Post, 2018) settings. All reported
numbers are from a single training run per
configuration.

Inference-time settings. All forward and back-
ward models are run with greedy decoding
(do_sample=False, temperature=0) and a max-
imum of 512 new tokens per call. No retries are
attempted on parse failure; the failing item is ex-
cluded from all reported metrics rather than penal-
ized. Ollama-served open-weight baselines use the
same settings via the Ollama HTTP API. Propri-
etary gpt-4o-mini calls use temperature=0 and
the OpenAI structured-outputs mode described be-
low.

Grammar-constrained decoding. All forward
models produce output that is constrained to
the Pydantic sentence schema at the token level.
Off-the-shelf Ollama and OpenAI models use
their native structured-output APIs (Ollama’s
format field with a JSON schema for open
models; OpenAI’s structured-outputs mode for
gpt-4o-mini (OpenAI, 2024)). The fine-tuned
forward adapter uses lm-format-enforcer’s
prefix_allowed_tokens_fn passed to Hugging-
Face generate(). In all three cases the decoder
can only emit tokens compatible with the schema
at each step, so parse failures reduce to cases where
the model exceeds the token budget or emits a
schema-legal but content-empty structure.

COMETc validation. Because COMET was not
designed for structured-output translation with
placeholder sentinels, we ran a controlled exper-
iment to check that COMET responds to content
substitutions the way COMETc needs it to. We
started from 20 simple English SVO sentences (for
example “The dog is eating the apple.”) and substi-
tuted 1, 2, or 3 content words under three schemes:
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(a) role-tagged placeholders ([NOUN], [VERB]), (b)
hypernym substitution (dog to animal, eating to
consuming), and (c) random content-word substitu-
tion. COMET decreases monotonically with sub-
stitution depth under all three schemes: from a
baseline of 0.973, role-tagged substitution drops
to 0.563/0.384/0.275 for depths 1/2/3, hyper-
nym substitution drops to 0.855/0.774/0.608, and
random substitution drops to 0.661/0.466/0.375.
Role-tagged gives the steepest drop because it re-
moves all content information, hypernym scores
are highest because semantic category is preserved,
and random substitution falls in between. The
same monotonic pattern holds across our 1,517
pipeline results stratified by OOV count (COMETc

0.780 → 0.436 → 0.340 → 0.297 → 0.274 for
OOV counts 0 through 4+), which confirms that
COMETc behaves as expected on the real evalua-
tion distribution.
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