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Abstract

Adapting large language models (LLMs) for
machine translation has shown strong perfor-
mance in low-resource languages; however,
their effectiveness for unseen, extremely low-
resource languages remains largely unexplored.
We present NupeMT-QLoRA, a curriculum-
based adaptation framework for the Nupe–
English language pair. Our approach employs
a two-stage QLoRA fine-tuning strategy: (i)
initial training on 34k noisy parallel sentence
pairs, followed by (ii) continued fine-tuning on
a smaller, cleaner set of 12k bidirectional paral-
lel sentences with explicit translation-direction
tags. This staged curriculum stabilizes opti-
mization and improves robustness under se-
vere data scarcity.We further identify a relia-
bility crisis in existing automatic evaluation
metrics for unseen languages. Popular LLM-
based judges such as GEMBA and xCOMET
exhibit weak correlation with human judgments
(Kendall’s τ ≈ 0.21) and low inter-rater reli-
ability (Fleiss’ κ ≈ 0.27), largely due to flu-
ency bias. To address this, we propose Ref-
Anchor-MQM, a reference-anchored evalua-
tion protocol that forces the judge to extract
Key Semantic Units from a human reference
before scoring.Experimental results show that
NupeMT-QLoRA substantially outperforms
NLLB-200, improving chrF++ from 22.73 to
41.10, while Ref-Anchor-MQM achieves sig-
nificantly higher alignment with human evalu-
ation (τ = 0.71). Our framework provides a
scalable pipeline for adapting and evaluating
LLMs on languages with zero prior representa-
tion.

1 Introduction

Recent advancements in generative, decoder-only
Large Language Models (LLMs) have led to sub-

*To facilitate further research in African NLP and LLM
evaluation, we will release the NupeMT-QLoRA adapters, our
curated datasets, and the Ref-Anchor-MQM evaluation code
on GitHub https://github.com/futminna-ai-lab upon
publication.

stantial progress in machine translation (MT). Mod-
els such as LLaMA-2 7B (Touvron et al., 2023b),
GPT-3.5, and GPT-4 (Brown et al., 2020), when
augmented with instruction tuning and domain
adaptation, have demonstrated competitive and in
some cases superior performance compared to con-
ventional neural machine translation (NMT) sys-
tems on high-resource language pairs. More recent
variants, including ALMA-R (Xu et al., 2024b)
and TowerInstruct (Alves et al., 2024), as well as
fine-tuned LLMs evaluated on the FLORES-200
benchmark, have surpassed state-of-the-art multi-
lingual models such as NLLB-200 (NLLB Team
et al., 2022) and commercial translation systems in
selected high-resource domains.

This progress has also been supported by
parameter-efficient fine-tuning techniques such as
QLoRA (Dettmers et al., 2024a), which reduce
memory requirements and enable practical adapta-
tion of large language models. These techniques
have facilitated experimentation in low-resource
language settings. Recent studies report promis-
ing results for languages such as Marathi (Khade
et al., 2024), Urdu (Hussain et al., 2025), and sev-
eral African and Finno-Ugric languages (Adelani
et al., 2022; Purason et al., 2024; Lankford et al.,
2025; Oladipupo, 2025). However, these successes
predominantly concern languages for which LLMs
already possess latent knowledge acquired during
large-scale multilingual pre-training. In contrast,
the applicability of LLMs to unseen and extremely
low-resource languages where the language is ef-
fectively absent from pre-training corpora remains
largely unexplored.

In such settings, model scale alone cannot com-
pensate for extreme data scarcity. Fine-tuning on
limited and noisy parallel data often leads to opti-
mization instability, degraded generalization, and
brittle translation behavior. Recent work further in-
dicates that LLMs are particularly sensitive to noise
and misalignment in low-resource training data,
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frequently producing fluent yet semantically inco-
herent translations (Singh et al., 2024; Pan et al.,
2025). These challenges are especially pronounced
for languages such as Nupe, a Niger–Congo lan-
guage spoken by millions but virtually absent from
contemporary multilingual benchmarks and pre-
training datasets.

Beyond modeling challenges, evaluation
presents an equally critical bottleneck. Standard
automatic metrics, including BLEU and chrF++,
are increasingly criticized for their limited ability
to capture semantic adequacy, pragmatic meaning,
and cultural nuance—qualities that LLM-based
systems often emphasize. In response, the field
has moved toward LLM-as-a-judge paradigms,
such as GEMBA (Kocmi and Federmann, 2023)
and xCOMET (Guerreiro et al., 2024), which
leverage large models to assess translation quality.
However, our preliminary investigations reveal
systematic reliability issues when these metrics
are applied to unseen languages. For Nupe,
we observe poor inter-rater agreement (Fleiss’
κ ≈ 0.23–0.27) and w... weak correlation with
human Direct Assessment (DA) scores (Kendall’s
τ ≈ 0.18–0.21), computed over 106 randomly
sampled test sentences.We hypothesize that this
degradation arises because the underlying neural
representations of both the judge models and
learned metrics were never exposed to the language
during pre-training. As a result, evaluation systems
exhibit a pronounced fluency bias, rewarding
grammatically plausible output even when it
diverges substantially from the source meaning.

In this work, we introduce NupeMT-QLoRA, a
framework designed to address both adaptation and
evaluation challenges for extremely low-resource,
unseen languages. Our approach consists of two
key innovations. First, we propose a curriculum-
based adaptation strategy that gradually transitions
from large, noisy parallel corpora (e.g., web-mined
and pivot-generated data) to smaller, high-quality
bidirectional datasets. This staged training regime
stabilizes optimization and mitigates the impact of
noise and misalignment during QLoRA fine-tuning.
Second, we propose Ref-Anchor-MQM, a novel
reference-anchored evaluation protocol. Unlike
existing LLM-based metrics, Ref-Anchor-MQM
explicitly forces the judge to extract Key Semantic
Units (KSUs) from a human reference prior to scor-
ing, thereby anchoring evaluation in ground-truth
meaning and reducing fluency-driven hallucina-
tions in unseen language settings.Human reference

translations were produced by native Nupe speak-
ers fluent in both Nupe and English and were man-
ually verified for consistency prior to evaluation.
The objective of this work is twofold: (1) to stabi-
lize LLM adaptation for an unseen, extremely low-
resource language using curriculum-based QLoRA
fine-tuning, and (2) to improve evaluation reliabil-
ity through reference-anchored semantic decompo-
sition.

Our contributions are threefold:

• We present the first curriculum-based QLoRA
adaptation of LLaMA-2 for the Nupe–English
language pair, demonstrating improved train-
ing stability and translation robustness in an
extremely low-resource scenario.

• We introduce Ref-Anchor-MQM, a reference-
anchored evaluation algorithm, and end empir-
ically show improved reliability in the Nupe–
English unseen setting compared to existing
metrics (GEMBA, xCOMET, COMETKiwi),
as measured by Fleiss’ κ and Kendall’s τ .

• We demonstrate that our fine-tuned LLM pro-
duces translations with superior cultural and
idiomatic adequacy compared to traditional
NMT baselines such as NLLB-200 improve-
ments that are only accurately captured by our
proposed anchored evaluation framework.

To the best of our knowledge, this work is
among the first to systematically integrate curricu-
lum learning, bidirectional modeling, and QLoRA
for low-resource translation with large language
models, offering a practical end-to-end pipeline
from data preparation to deployment.

2 Related Work

The application of Large Language Models (LLMs)
to machine translation (MT) has progressed rapidly,
moving beyond high-resource benchmarks toward
increasingly challenging low-resource and unseen
language scenarios. This section reviews prior
work on LLM-based MT for low-resource lan-
guages, data adaptation strategies under extreme
data scarcity, and the evolution of MT evaluation
metrics.

2.1 LLM-Based Machine Translation for
Low-Resource Languages

Recent years have witnessed a growing body of
work adapting decoder-only LLMs for MT. Large-
scale models such as GPT-4 and LLaMA-family
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variants have established strong performance on
high-resource language pairs, often surpassing tra-
ditional supervised NMT systems when combined
with instruction tuning and domain adaptation
(Achiam et al., 2023). Parameter-efficient fine-
tuning (PEFT) techniques ,most notably QLoRA
have enabled practical adaptation of LLMs to low-
resource tasks (Dettmers et al., 2024b).

Several recent studies have extended LLM MT
to low-resource languages. Tan and Zhu (2024) in-
troduce NusaMT-7B for Indonesian languages, but
their work is limited to a single language family and
lacks cross-lingual generalization beyond Indone-
sian. Pan et al. (2024) study translation robustness
under noisy sources, showing that LLMs struggle
with consistent outputs on noisy sentences despite
in-context demonstrations. Pei et al. (2025) ana-
lyze in-context MT for Manchu, highlighting that
dictionary and parallel examples are helpful, while
grammar resources contribute minimally; however,
this approach is constrained by prompt design and
cannot fully overcome data scarcity. Hasan et al.
(2024) evaluate 8 PEFT methods across multiple
LRLs, demonstrating variability in performance
and revealing that even state-of-the-art adapters do
not reliably generalize across unseen languages.

Collectively, these works show that while LLMs
can be adapted to low-resource MT, their effective-
ness diminishes sharply for languages absent from
pre-training corpora, motivating strategies that ex-
plicitly handle unseen languages.

2.2 Data Quality and Curriculum Learning
for Low-Resource MT

High-quality parallel data remains a bottleneck.
Noisy alignments, domain mismatch, and data im-
balance often cause unstable optimization (Pan
et al., 2024). Curriculum learning addresses
this by progressively introducing data of increas-
ing quality (Xu et al., 2024a). Staged fine-
tuning—transitioning from large, noisy corpora
to smaller, curated datasets—has improved ro-
bustness in low-resource and multilingual set-
tings (Hui et al., 2022; Kozhirbayev and Yessen-
bayev, 2025). Our work applies a bidirectional,
curriculum-based QLoRA adaptation strategy to
the unseen Nupe–English pair, demonstrating effec-
tiveness even with minimal cross-lingual signals.

2.3 Evolution of Machine Translation
Evaluation Metrics

Traditional metrics such as BLEU and chrF++ fail
to capture semantic and cultural adequacy (Rei
et al., 2023). LLM-as-a-judge paradigms, includ-
ing GEMBA (Kocmi and Federmann, 2023) and
xCOMET (Guerreiro et al., 2024), have emerged
to leverage large models for translation evaluation.

2.4 LLM-as-a-Judge for Translation
Evaluation

While LLM-based evaluation achieves high cor-
relation in high-resource pairs, it exhibits sig-
nificant limitations in low-resource scenarios.
Reference-free judges, including CometKiwi-XL
and MetricX-23, display a “fluency bias,” giving
high scores to grammatically plausible but semanti-
cally incorrect translations (Sindhujan et al., 2025;
Rahman et al., 2025; Mukhambetkalieva, 2024).
This is exacerbated when languages are absent from
pre-training data, as in Nupe, resulting in hallucina-
tions, inconsistent scoring, and unreliable linguistic
justifications (Meeus et al., 2023).

To address this, we propose Ref-Anchor-MQM,
a reference-anchored metric that grounds the judge
in Key Semantic Units (KSUs) extracted from hu-
man references, mitigating fluency-driven hallu-
cinations and improving evaluation reliability for
unseen, extremely low-resource languages.

2.5 Positioning of This Work

Our work builds on these lines of research by com-
bining parameter-efficient QLoRA fine-tuning with
curriculum learning for extremely low-resource
machine translation. Unlike prior work that fo-
cuses primarily on high-resource or multilingual
settings, we target the Nupe–English language pair,
for which publicly available parallel data is severely
limited. To the best of our knowledge, this is the
first study to systematically apply curriculum-based
QLoRA fine-tuning for Nupe–English translation,
providing both automatic and human evaluation
and establishing a practical pipeline for LLM-based
low-resource MT.

3 Methodology

The objective of this study is to adapt a decoder-
only Large Language Model (LLM) for an unseen
and extremely low-resource language pair, Nupe–
English, under severe data scarcity. We propose a
unified framework that combines curriculum-based
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QLoRA adaptation with a reference-anchored eval-
uation metric to ensure both training stability and
reliable evaluation. Figure 1 provides an overview
of the proposed pipeline.

Figure 1: Overview of the proposed pipeline. The
framework integrates curriculum-based QLoRA adap-
tation for stable fine-tuning under data scarcity with
Ref-Anchor-MQM evaluation for reference-grounded
semantic assessment.

3.1 Datasets
Given the absence of publicly available Nupe–
English parallel corpora, we constructed a new
dataset from scratch to reflect realistic extremely
low-resource conditions. The corpus combines het-
erogeneous domains and varying levels of noise.

Data Collection. We extracted Nupe and English
texts from educational materials, dictionaries, tra-
ditional and modern literature, news articles, and
religious texts (Bible and Qur’an). Scanned bilin-
gual religious documents were processed using an
Optical Character Recognition (OCR) pipeline to
obtain machine-readable text.

From these sources, we extracted approximately
20,000 natural Nupe sentences, 6,600 Bible and
Qur’anic sentences.

To increase lexical and syntactic diversity, 5,000
selected sentences from publicly available French–
English parallel corpora (LonWeb, 2017) were
manually translated into Nupe by native speak-
ers fluent in both languages, simulating realistic
low-resource data expansion pipelines while 2,400
sentences were gotten from Nupe PDFs.

Corpus Statistics. The final corpus contains ap-
proximately 34,000 parallel sentence pairs totaling
roughly 820k tokens.

Curriculum Learning Subsets. For curriculum-
based training, we construct two subsets:

Source #Pairs #Tokens
Nupe Natural Texts 20,000 ∼480k
Bible + Qur’an 6,600 ∼160k
Other Curated Sources ∼7,400 ∼180k
Total ∼34,000 ∼820k

Table 1: Summary of the parallel corpus used for Nupe–
English adaptation.

• Stage 1 (Noisy Parallel Data): The full cor-
pus of approximately 34,000 sentence pairs
is used for initial training. Sentence lengths
range from 1 to 200 words, covering both
short conversational content and long-form
text across multiple domains.

• Stage 2 (Clean Bidirectional Data): A
high-quality cleaned subset of approximately
12,000 manually verified and normalized sen-
tence pairs is used for refinement. To en-
sure alignment stability and reduce noise, sen-
tence lengths are restricted to 3–40 words.
This subset supports bidirectional translation
(Nupe↔English), enabling a single model to
jointly learn both directions within a unified
curriculum-based training framework.

3.2 Model Initialization and
Parameter-Efficient Fine-Tuning

Large language models pre-trained on multilingual
web-scale corpora typically exhibit minimal cov-
erage of low-resource African languages such as
Nupe. Moreover, full fine-tuning of such models is
computationally prohibitive. To address these chal-
lenges, we adopt Quantized Low-Rank Adaptation
(QLoRA) (Dettmers et al., 2024b) to efficiently
adapt LLaMA-2 7B (Touvron et al., 2023b) for
machine translation.

QLoRA enables parameter-efficient fine-tuning
by quantizing the base model weights to 4-bit pre-
cision while injecting trainable low-rank adapters
into selected attention projections. All base model
parameters remain frozen, and only the lightweight
adapter parameters are updated. This design sig-
nificantly reduces memory requirements while pre-
serving translation quality, enabling fine-tuning on
a single high-end GPU.

We formulate machine translation as a con-
ditional generation task using instruction-style
prompts, which are well-suited to decoder-only
architectures.
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3.3 Curriculum-Based QLoRA Adaptation

Direct fine-tuning on small, high-quality parallel
corpora often leads to unstable convergence and
overfitting in extremely low-resource settings. To
mitigate this, we employ a curriculum learning
strategy (Xu et al., 2024a) that exposes the model
to training data in increasing order of quality.This
staged training strategy is motivated by curriculum
learning (Bengio et al., 2009), which structures
training data in a meaningful progression to im-
prove optimization. In our case, the curriculum is
organized by data quality: broader, heterogeneous
data first encourage coarse alignment, followed by
refinement on cleaner subsets to improve semantic
precision.

Stage I: Noisy Parallel Pre-adaptation In the
first stage, the model is fine-tuned on 34,000 seg-
ments of noisy Nupe–English parallel data col-
lected from heterogeneous web sources and filtered
using GPT-4. Although imperfectly aligned, this
dataset provides broad lexical and semantic cover-
age, allowing the model to acquire coarse-grained
cross-lingual correspondences.

Stage II: High-Quality Bidirectional Refinement
In the second stage, we further fine-tune the model
on 12,000 segments of carefully curated, high-
quality parallel data. Training is performed bidirec-
tionally (Nupe → English and English → Nupe) to
increase the effective training signal and act as a
regularizer.

To explicitly control translation direction, we
prepend instruction tags to each prompt, such as:

Translate Nupe to English:
Translate English to Nupe:

This staged curriculum stabilizes optimization
and mitigates the negative impact of noise and mis-
alignment common in extreme low-resource sce-
narios.

3.4 Prompt Design and Training Objective

Each training example is formatted using explicit
translation prompts:

Translate from <Source Language> to
<Target Language>: <Source Sentence>

All training stages optimize the causal language
modeling objective, where the model predicts the
next token conditioned on all previous tokens in
the prompt and target sequence.

3.5 Ref-Anchor-MQM: Reference-Anchored
Evaluation Metric

Standard automatic metrics such as BLEU and
chrF++ are insufficient for evaluating semantic ad-
equacy and cultural fidelity in unseen languages
(Rei et al., 2023). Existing LLM-as-a-judge met-
rics, including GEMBA (Kocmi and Federmann,
2023) and xCOMET (Guerreiro et al., 2024), often
suffer from fluency bias in low-resource settings.

To address this limitation, we propose Ref-
Anchor-MQM, a reference-anchored evaluation
protocol that explicitly grounds the judgment pro-
cess in human-verified meaning.

Algorithm 1: Ref-Anchor-MQM Evaluation
Semantic Decomposition (SD): Given a human
reference translation R, the judge model extracts a
set of n Key Semantic Units (KSUs):

K = {k1, k2, . . . , kn} = LLMextract(R) (1)

Anchored Mapping (AM): The machine-
generated candidate translation C is compared
against K. Each unit ki is classified as:

• Preserved (1.0)

• Modified (0.5)

• Lost (0.0)

Weighted MQM Scoring: Translation errors
are categorized using the Multidimensional Quality
Metrics (MQM) framework. The weighted error
aggregation is defined as:

D = wcritEcrit + wmajEmaj + wminEmin (2)

where D denotes the total weighted MQM deduc-
tion.

The final score is computed as:

SRefAnchor = 100−D (3)

where wcrit = 25, wmaj = 5, and wmin = 1.
By anchoring evaluation to explicit semantic units
derived from human references, Ref-Anchor-MQM
reduces fluency bias and improves reliability in
unseen language settings.

To ensure consistency in scores, the judge model
first extracts Key Semantic Units (KSUs) from the
human reference. The candidate translation is then
evaluated against each KSU to determine whether

204



the underlying meaning is preserved. Errors are cat-
egorized according to the Multidimensional Qual-
ity Metrics (MQM) taxonomy (Accuracy, Termi-
nology, Omission, Addition) (Lommel et al., 2014).
Severity levels—Critical, Major, and Minor—are
assigned by the judge model based on the semantic
impact of each error. The weighted error counts
are then aggregated and subtracted from 100 to
produce the final Ref-Anchor-MQM score. See
Appendix A for the full prompt.

4 Experimental Setup

This section describes the model configuration,
fine-tuning strategy, baselines, hardware environ-
ment, and evaluation protocols used to assess our
curriculum-based LLM adaptation for low-resource
machine translation.

4.1 Model and Fine-Tuning Configuration

All experiments use LLaMA-2 7B (Touvron et al.,
2023a) as the base model. To enable memory-
efficient adaptation, we employ QLoRA (Hu et al.,
2022; Dettmers et al., 2023) implemented using
Hugging Face Transformers, BitsAndBytes, and
the PEFT library.

Model weights are quantized to 4-bit precision
using the NF4 scheme with double quantization en-
abled, and computations are performed in bfloat16.
Low-rank adapters are inserted into the query and
value projections of the self-attention layers, while
all base model parameters remain frozen.

The LoRA configuration is as follows: rank r =
64, scaling factor α = 16, and dropout rate of 0.1.
Bias parameters are frozen during training.

Fine-tuning is conducted for 3 epochs with a
batch size of 32, learning rate 2× 10−3, constant
learning rate scheduler, and warmup ratio of 0.03.

4.2 Baselines

We compare our proposed NupeMT-QLoRA sys-
tem against two strong baselines: (i) the distilled
NLLB-200 models (600M and 1.3B variants),
representing state-of-the-art multilingual NMT;
and (ii) a standard non-curriculum fine-tuned
LLaMA-2 7B model trained on the same data with-
out staged adaptation.

4.3 Hardware Environment

All experiments are performed on Google Colab
Pro+ using a single NVIDIA A100-SXM4 GPU
(40GB) for both training and inference. QLoRA

enables efficient fine-tuning of the 7B-parameter
model on a single accelerator.

4.4 Evaluation Protocols

We evaluate translation quality using a tripartite
framework:

Statistical Metrics. BLEU and chrF++ are used
as traditional overlap-based metrics.

Neural Metrics. We report xCOMET, GEMBA,
and COMETKiwi-DA-XXL.

Human Evaluation. Five native Nupe speakers
fluent in both Nupe and English perform Direct
Assessment (DA) on 106 randomly sampled test
sentences, rating Adequacy, Fluency, and Cultural
Naturalness on a 0–100 scale.

5 Results and Discussion

We evaluate the proposed NupeMT-QLoRA frame-
work using a combination of traditional statistical
metrics, state-of-the-art neural evaluation metrics,
and a meta-evaluation of judge reliability against
human judgments. This multi-faceted evaluation is
necessary to assess translation quality and eval-
uation robustness in an unseen, extremely low-
resource language setting.

5.1 Automatic Translation Quality Metrics

Table 2 reports performance on standard statisti-
cal metrics (BLEU, chrF++) and neural metrics
(GEMBA, xCOMET) for the English ↔ Nupe
translation task.

NupeMT-QLoRA consistently outperforms both
the NLLB-200 baseline and the non-curriculum
fine-tuned LLaMA-2 model across all metrics and
translation directions. The substantial gains in
chrF++ (from ∼23 to > 41) indicate improved
character-level fluency and morphological han-
dling, which is particularly important for the agglu-
tinative and tonal properties of Nupe.

Although neural metrics such as GEMBA and
xCOMET show modest absolute scores, they still
reflect relative improvements for our model. The
low magnitude of the GEMBA scores (≈ 0.30)
suggests that reference-free neural metrics strug-
gle to assess the quality of translation for unseen
languages, motivating the meta-evaluation in Sec-
tion 5.3.
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System Direction BLEU ↑ chrF++ ↑ TER ↓ COMET ↑
NLLB-200 (600M) En → Nu 6.11 22.73 88.40 41.20
NLLB-200 (600M) Nu → En 7.45 24.10 85.10 38.50
LLaMA-2 (No Curriculum) En → Nu 8.20 38.51 84.30 44.10
LLaMA-2 (No Curriculum) Nu → En 9.10 39.80 81.90 41.00
NupeMT-QLoRA (Ours) En → Nu 9.40 41.10 82.52 47.34
NupeMT-QLoRA (Ours) Nu → En 11.20 43.55 78.60 42.80

Table 2: Traditional automatic evaluation results on the Nupe–English test set. TER is lower-is-better; all other
metrics are higher-is-better.

System Direction xCOMET ↑ GEMBA-DA ↑ COMETKiwi-DA-XXL ↑
NLLB-200 (600M) En → Nu 0.35 0.22 0.24
NLLB-200 (600M) Nu → En 0.38 0.25 0.27
LLaMA-2 (No Curriculum) En → Nu 0.49 0.28 0.31
LLaMA-2 (No Curriculum) Nu → En 0.47 0.27 0.30
NupeMT-QLoRA (Ours) En → Nu 0.52 0.30 0.33
NupeMT-QLoRA (Ours) Nu → En 0.55 0.31 0.35

Table 3: LLM-as-a-judge evaluation results on the Nupe–English test set. All metrics are higher-is-better.

5.2 Curriculum Ablation Study

To isolate the impact of curriculum-based adapta-
tion, we compare three training variants: (1) Stage-
1 Only (noisy data), (2) Stage-2 Only (clean data),
and (3) Curriculum (Stage-1 → Stage-2).

Model Variant BLEU ↑ chrF++ ↑
Stage-1 Only 8.10 35.42
Stage-2 Only 9.02 39.17
Curriculum (1→2) 11.20 43.55

Table 4: Effect of curriculum-based QLoRA adaptation
compared to single-stage fine-tuning.

The curriculum strategy consistently outper-
forms both single-stage variants, demonstrating
that initial exposure to broad-coverage noisy data
stabilizes optimization before refinement on high-
quality parallel data. These results confirm that
curriculum learning plays a critical role in effective
LLM adaptation under extreme data scarcity.

5.3 Meta-Evaluation of Judge Reliability

To assess the reliability of automated evaluation
metrics, we compare outputs with native Nupe
speaker judgments using inter-rater reliability
(Fleiss’ κ) and rank correlation with human
scores (Kendall’s τ ).

Reference-free metrics (COMETKiwi,

GEMBA) achieve Fleiss’ κ below 0.30, in-
dicating *slight to fair agreement*. In contrast,
reference-based evaluation improves reliability.
Ref-Anchor-MQM attains substantial agreement
(κ = 0.78) and strong correlation with human judg-
ments (τ = 0.71), demonstrating that anchoring
evaluation to human-verified references is critical
for reliable assessment in unseen, low-resource
languages.

5.4 Human Evaluation
To establish a reliable gold standard, we conducted
human evaluation on 106 randomly sampled test
sentences using five native Nupe speakers fluent in
both Nupe and English. Annotators completed a
calibration session prior to scoring.

Each translation was evaluated independently
using Direct Assessment (0–100 scale) along three
dimensions: Adequacy, Fluency, and Cultural
Naturalness. System outputs were anonymized
and presented in randomized order. Annotators
were blind to system identity.

System Adeq. Flu. Cult.
NLLB-200 61.4 68.2 58.7
LLaMA-2 (No
Curr.)

74.8 80.3 76.5

NupeMT-
QLoRA

86.2 88.5 87.9

Table 6: Human evaluation results (DA, 0–100) on 106
test sentences.
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Metric Reference Required Fleiss’ κ ↑ Kendall’s τ ↑

COMETKiwi-DA-XXL No 0.23 0.18
GEMBA No 0.27 0.21
xCOMET Yes 0.52 0.44
Ref-Anchor-MQM (Ours) Yes 0.78 0.71

Table 5: Reliability and correlation of automated metrics with human judgment.

Inter-rater agreement indicates substantial con-
sistency among annotators (κ = 0.78 for Cultural
Naturalness).This demonstrates BLEU’s limitation
in capturing cultural fidelity.

Key Findings:

• LLM vs. NMT Preference: In 72% of cases
involving idioms, proverbs, and culturally
grounded expressions, evaluators preferred
NupeMT-QLoRA translations over NLLB-
200.

• Fluency Trap: In an example in the medical-
domain, NLLB-200 produced a fluent but
contextually incorrect translation (BLEU =
8.1). NupeMT-QLoRA produced the cultur-
ally accepted term (BLEU = 6.5). Despite a
lower BLEU, human evaluators strongly pre-
ferred the latter. Ref-Anchor-MQM correctly
flagged NLLB output as a Major Terminology
Error, whereas GEMBA overvalued surface-
level fluency.

5.5 Discussion
These results confirm that curriculum-based
QLoRA adaptation stabilizes LLM fine-tuning
under extreme data scarcity, and that Ref-Anchor-
MQM is essential for reliable evaluation in unseen
low-resource languages. The findings highlight the
importance of jointly considering model adaptation
strategies and evaluation protocols when extending
LLM-based MT to the extremes of multilingual
coverage.

6 Conclusion and Future Work

This paper investigated the feasibility of adapt-
ing decoder-only Large Language Models (LLMs)
to an unseen, extremely low-resource language
pair, Nupe–English. We introduced NupeMT-
QLoRA, a curriculum-based QLoRA adaptation
framework, together with Ref-Anchor-MQM, a
reference-anchored evaluation protocol designed to
address the limitations of existing machine transla-
tion metrics in unseen language settings.

Our results demonstrate that curriculum-based
exposure—progressing from large, noisy paral-
lel data to smaller, high-quality bidirectional cor-
pora—significantly stabilizes fine-tuning and im-
proves translation robustness under severe data
scarcity. Notably, with only 12k clean parallel
sentence pairs, we are able to build a functional
and competitive MT system for a language that is
effectively absent from large-scale pre-training cor-
pora. This finding highlights the practical viability
of LLM-based MT for truly unseen languages.

More broadly, our results reveal a complemen-
tary relationship between LLM-based MT and
traditional NMT systems. While conventional
NMT models tend to favor literal accuracy and
word-level faithfulness, they often struggle with
pragmatic meaning, idiomatic expressions, and
culturally grounded language use. In contrast,
LLM-based MT compensates for limited parallel
data by leveraging strong prior knowledge of dis-
course structure, fluency, and pragmatic reasoning.
As a result, LLMs produce translations that are
more natural, contextually appropriate, and seman-
tically coherent, even when trained on very lim-
ited high-quality data. This trade-off suggests that
LLM-based MT is particularly well-suited for low-
resource and unseen language scenarios, where
data scarcity severely constrains conventional NMT
approaches.

Beyond modeling improvements, our study re-
veals a critical evaluation gap. Reference-free
LLM-as-a-judge metrics exhibit low inter-rater reli-
ability and weak correlation with human judgments
for Nupe, largely due to the absence of prior lin-
guistic exposure during pre-training. By explicitly
anchoring evaluation to human references through
Key Semantic Units, Ref-Anchor-MQM achieves
substantially higher reliability and alignment with
human judgments, effectively mitigating fluency
bias in unseen language evaluation. In summary,
we addressed two core objectives: stabilizing adap-
tation of LLMs for an unseen low-resource lan-
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guage and improving evaluation reliability through
reference-anchored semantic decomposition.

Taken together, these findings suggest that
progress in extremely low-resource machine trans-
lation requires joint advances in both adaptation
strategies and evaluation protocols. Relying solely
on model scale, literal accuracy, or unanchored neu-
ral metrics risks overestimating translation quality
in languages at the fringes of multilingual cover-
age.

Future Work. Future research will extend the
proposed framework to additional unseen African
languages and other typologically diverse low-
resource settings. We also plan to explore auto-
matic or semi-automatic construction of Key Se-
mantic Units to reduce reliance on human refer-
ences, as well as multilingual judge models ex-
plicitly trained to reason over unseen languages.
Finally, integrating speech and multimodal signals
may further enhance translation quality and evalua-
tion robustness in low-resource communities.

7 Limitations

Despite promising results, this work has several
limitations.

First, while curriculum-based QLoRA improves
stability, our approach still relies on the availability
of some parallel data, including noisy web-mined
or pivot-generated corpora. For languages with no
written resources or digital presence, even this level
of data may be unavailable.

Second, Ref-Anchor-MQM depends on human
reference translations to anchor evaluation. Al-
though this design improves reliability, it intro-
duces additional annotation cost and limits scal-
ability compared to fully reference-free metrics.
Automating semantic unit extraction without de-
grading reliability remains an open challenge.

Third, our experiments focus on LLaMA-2 7B
and the Nupe–English language pair. Although the
methodology is general, the results may not transfer
directly to models with different architectures or to
languages with substantially different typological
properties. In particular, we only consider one
unseen language in this study (Nupe), so further
validation is required to confirm generalizability
across other extremely low-resource languages.

Finally, human evaluation was conducted on a
limited subset of the test data due to the availability
of native speakers. Although sufficient for statis-
tical validation, larger-scale human studies would

further strengthen the conclusions.
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A Appendix

Appendix: Ref-Anchor-MQM Prompt

Step 1: Key Semantic Unit Extraction. Given a
human reference translation R, extract all Key Se-
mantic Units (KSUs) representing essential mean-
ing components.

Output format:

1. KSU1

2. KSU2

3. . . .

4. KSUn

Step 2: Anchored Evaluation. Given: (i) Source
sentence S, (ii) Reference translation R, (iii) Can-
didate translation C, and (iv) Extracted KSUs.

For each KSU, determine whether it is:

• Preserved (1.0)

• Modified (0.5)

• Lost (0.0)

Then assign MQM error categories:

• Critical (Terminology / Meaning)

• Major

• Minor

Compute the final score as:

S = 100−
(
25Ecrit + 5Emaj + 1Emin

)

Provide a short justification for the assigned
score.
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Source (EN) Reference (Nupe) Prediction Ref-A-MQM Score GPT-4o Comment

That He may reward
those who believe and
work deeds of righteous-
ness for such is Forgive-
ness and a Sustenance
Most Generous

ebo soko u la egagba
wangi u ya za nanzhi a
imani jin a cie lo tun
wangizhi nan za wunc-
inzhi gafara yan soko
ajin tabbata yaa ganni
be arziki nan wancin
nan

ebo soko u la egagba ya
zanazhi ga imani jin na
acie lo tun wangizhi na
hakika egagba yan ga-
fara uyio to arziki na
wancin na

0.60 The prediction captures some el-
ements of the source text but
has several issues. Errors in
fluency and adequacy, such as
’ya zanazhi’ which seems to be
a mistranslation, and ’na acie’
which does not reflect the mean-
ing of ’work deeds of righteous-
ness’. Overall, clarity and coher-
ence are lacking.

Then after them sent
We Moses and Aaron to
Pharaoh and his chiefs
with Our Signs But they
were arrogant they were
a people in sin

gancin zunma yan-
abo yici tun musa be
harunae tun lo eba fi-
rauna to wancinyanuzhi
nazhie yau shawara
na be aya yizhi acia
gbotika acia fe jamaa
nazhi yi lefi jincizhi na

gancin yici tun musa
to harunzhi tun fi fi-
rauna be jamaa yan
wancinuzhi be aya yizhi
amaade zanazhia fe dan
mini lefi jincizhio na

0.62 The prediction captures some el-
ements but has several issues.
Key terms such as ’Moses’ and
’Aaron’ are inconsistently rep-
resented. ’With Our Signs’ is
omitted, and structure affects
fluency, leading to incomplete
meaning.

he doesnt know me at all u kpe mi ye a nayi u kpe mi ye a 0.50 The prediction ’u kpe mi ye a’
captures part of the meaning but
is incomplete. The word ’nayi’
is missing, so the full mean-
ing of ’at all’ is lost. Overall,
only partial understanding of the
source is conveyed.

As Nnadzwa stepped
into the hut

nnadzwa de sa bici dan
kata ò

nnadzwa tun kata o 0.40 The prediction fails to convey
’stepped into’ accurately, and
’kata’ is not a direct translation
of ’hut’. Fluency is also lacking,
making the sentence sound un-
natural.

Dont consider the good-
ness of a man as long as
he has money

ga iwo ege nya bagi ma
bagi de u de wo

ga kpaye yan eza wangi
kaminan u de ewo na

0.40 The prediction does not accu-
rately convey the conditional
meaning of the source. Words
like ’kpaye’ and ’wangi’ are par-
tially correct, but overall struc-
ture and meaning are distorted.

Table 7: Top 5 qualitative Nupe–English translation examples with LLM-assigned scores and comments.
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